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Robustness Assessment of Oncology Dose-Finding Trials Using
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Simple Summary: In this article, the authors introduce a new metric called the modified Fragility
Index (mFI) to assess the accuracy of determining the maximum tolerated dose (MTD) in early
oncology clinical trials. The mFI measures how sensitive the MTD decision is to the inclusion of
a few more participants in the trial. The authors analyzed three published cancer trials and found that
two trials were robust to adding more participants, indicating that the MTD estimate remained stable.
However, in the other trial, the MTD estimate was more fragile and could have changed with just
one or two more participants. The mFI metric helps researchers make more reliable decisions about
the appropriate MTD. By considering the potential impact of additional participants, researchers
can improve accuracy and confidence in dose determination, leading to better treatment outcomes
for patients.

Abstract: Objectives: The sample sizes of phase I trials are typically small; some designs may lead
to inaccurate estimation of the maximum tolerated dose (MTD). The objective of this study was
to propose a metric assessing whether the MTD decision is sensitive to enrolling a few additional
subjects in a phase I dose-finding trial. Methods: Numerous model-based and model-assisted designs
have been proposed to improve the efficiency and accuracy of finding the MTD. The Fragility Index
(FI) is a widely used metric quantifying the statistical robustness of randomized controlled trials by
estimating the number of events needed to change a statistically significant result to non-significant
(or vice versa). We propose a modified Fragility Index (mFI), defined as the minimum number of
additional participants required to potentially change the estimated MTD, to supplement existing
designs identifying fragile phase I trial results. Findings: Three oncology trials were used to illustrate
how to evaluate the fragility of phase I trials using mFI. The results showed that two of the trials
were not sensitive to additional subjects” participation while the third trial was quite fragile to one or
two additional subjects. Conclusions: The mFI can be a useful metric assessing the fragility of phase I
trials and facilitating robust identification of MTD.

Keywords: oncology trial; fragility Index; maximum tolerated dose; trial design; dose finding;
sensitivity analysis; early stopping

Cancers 2024, 16, 3504. https:/ /doi.org/10.3390/cancers16203504 1 https://www.mdpi.com/journal/cancers
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1. Introduction

The concept of fragility index (FI) dates back to the 1990s [1,2] as an additional robust-
ness appraisal of “statistical significance” for assessing a difference between
two proportions. The Fl is defined as the minimum number of participants in a randomized
clinical trial that is required to change a statistically significant result to non-significant
(or vice versa). Walsh et al. used FI to assess the robustness of statistical significance of
399 randomized trials with binary outcomes in 2014 [3], and found that in 53% of trials, the
FI was less than the number of patients lost to follow-up, suggesting that the trials were
frequently fragile. The FI complements the hypothesis testing (e.g., p-value) and helps to
identify less robust (or fragile) trial results. Methods for calculating the FI have been further
developed for randomized clinical trials with continuous and survival outcomes [4,5],
meta-analyses, and network meta-analyses [6-8]. The FI has been increasingly applied to
many medical fields, including oncology, surgery, obstetrics, and gynecology, during the
past decade [9-12].

In phase I oncology clinical trials, one of the primary goals is to identify the maxi-
mum tolerated dose (MTD), which will be used to guide the recommended dose for later
phases. However, there may be concerns about the robustness of the chosen MTD, usually
determined based on the data from a small number of participants. Researchers and drug
developers are often interested in whether the MTD would change if a few additional
patients were added to the dose-finding process. If the MTD decision would not be altered
in either direction (i.e., downgrading or upgrading) after adding multiple new subjects,
we would have more confidence in the dose level chosen as the MTD. Conversely, if the
chosen MTD level would be changed right away after including one additional subject, it
would raise substantial concerns about whether the selected MTD was reliable. Thus, we
propose a modified Fragility Index (mFI), defined as the minimum number of additional
participants that is required to potentially change the estimated MTD, to assess robustness
and identify fragile phase I trial results.

We begin with an overview on early phase trials and various dose-finding designs
in Section 2. Then we cover the definition of mFI and explain how to estimate mFI in
Section 3. Three real oncology trials are used to illustrate how to utilize mFI as a convenient
and valuable tool for assessing the robustness and validity of the MTD determination in
Section 4. Lastly, we examine the relationship between mFI and early stopping, and discuss
the limitations of mFI and potential future research topics.

2. Materials and Methods
2.1. Dose Finding Designs

A phase I trial is often the first time a new drug is applied in human beings. One of
the primary goals is to examine the highest possible dose level subject to the dose-limiting
toxicity (DLT) constraints and identify the MTD for later phases. Assuming monotonicity,
the target DLT probability is often set at a value between 20% and 40%.

The traditional approaches to selecting the MTD include the “3+3” design [13] and
various up-and-down designs [14]. The “3 +3” design is the most used for phase I dose
escalation. The implementation is easy and does not require a computer program. The
sample size required is often smaller than for the model-based designs. However, it is
generally inferior in identifying the MTD [15].

Many novel model-based and model-assisted designs have been proposed to improve
the efficiency and accuracy of phase I trials to find the MTD. Model-based approaches
include the continual reassessment method (CRM) [16], escalation with overdose controls
(EWOC) [17], the Bayesian logistic regression model (BLRM), and the time-to-event CRM
(TITE-CRM) [18]. Model-assisted designs [19] include the modified toxicity probability
interval (mTPI) [15,20], keyboard design [21], and Bayesian optimal interval (BOIN) [22].
Researchers have compared the differences and summarized relative pros and cons for
some designs [23]. Appendix A presents an overview of commonly used designs in
more detail.
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2.2. Fragility Index

The FI was developed by Walsh et al. [3] for two-arm randomized controlled trials
with binary outcomes that report the numbers of events and non-events ina 2 x 2 frequency
table. The aim was to examine whether the statistically significant result of a two-arm trial
would be altered with a small change in the number of events. Walsh et al. [3] proposed
calculating the FI by changing the event status of a subject in a group with fewer events,
re-computing the p-value based on the Fisher exact test, and repeating this process until
a non-significant p-value was reached.

For oncology dose-finding studies, because regulators are often interested in whether
the MTD would change if a few additional patients were added to the dose-finding process,
we propose a modified Fragility Index (mFI), defined as the minimum number of additional
participants required to potentially change the estimated MTD, to assess the robustness
and identify fragile trial results. The MTD can be altered in either direction: downgrading to
a lower dose level or upgrading to a higher dose level. The aim is to investigate if the MTD
decision is sensitive to enrolling a few additional subjects in a phase I dose-finding trial.

Suppose that after a dose-finding trial, we collect the following data: d = (d 1,dp,...d ])
representing the dosage, n = (11, 1y, ...n;) the total number of subjects assigned to each
dose level, and y = (y1,12,...y;) the observed DLT for each dose level. If t more subjects
are included for further investigation, the possible number of DLTs could be any value in the
list {0, 1, 2, ..., t}. We could iterate through the list to see whether the originally chosen
MTD in the trial would be overturned. As long as one value in the list {0, 1, 2, ..., t}
changes the MTD decision, the mFI is set to be t and we stop the process. If none of
the values in the list {0, 1, 2, ..., t} changes the MTD decision, we include one more
subject and repeat the same process for the t + 1 subjects. If any DLT value in the list
{0, 1,2, ..., t+1} changes the MTD decision, we stop the process and conclude that
mFI = t + 1. To be consistent, it is recommended to use the same dose-finding design as
employed in the original trial. However, other dose-finding designs and models can be
implemented as supplementary assessments. Figure 1 illustrates the process of obtaining
the mFI for a dose-finding trial. The procedure is summarized as follows:

1. Collect data from a completed dose-finding trial, d = (dq,dy,...dj), n = (n1,ny,...15),
vy = (V1,y2,...yj). At the dose level of the MTD (dyp), the number of subjects is
nyrp and the number of DLTs is yy7p.

2. Start with ¢t = 1, i.e., add one additional subject at MTD so that the total number
of subjects at the MTD is nyrp + 1. Let the DLT outcome at the MTD for this new
subject be either 0 or 1, hence the total number of DLTs is either yyrp or ymrp + 1.
Use the same statistical method as used in the original study for both numbers of
DLTs to see whether the resulting new MTD is different from the original MTD. If it is
different, set mFI = 1; otherwise, go to the next step.

3. Lett = t+ 1. The number of subjects at the MTD is nprp + t and let the number
of DLTs at the MTD take any value between 0 and t: yyirp, ymrp +1,. .., ymrDp + £
Use the same statistical method as used in the original study for all DLT outcomes to
assess whether the resulting MTD is different. If it is different, set mFI = f; otherwise,
go to the next step.

4. Repeat step 3 unless MTD has been changed and mFI has been set to a value, or if it
reaches a prespecified large value.

5. Once the mFI value is determined, we can calculate the probability of observing the
number of DLTs or a more extreme case that would change the MTD decision based
on the estimated toxicity probability at the original MTD level, to assess its likelihood.
For example, if ¢ patients are added at the original MTD level and if m or fewer DLTs
are observed among those new patients, it will change the MTD; the probability of
this happening is:

i . n +t _
Pr(X<m)=) Pr(X=i)=) ( MTTZ >PMTDm(1 — pumrp)"™MTP "
i=0 i=0
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where X ~ Bin(pyrp, nmrp +1t) and pyrp can be estimated using the observed
DLT rate at the MTD level.

Collection data from a completed dose-finding trial:
d = (dy.d;, ...dp), n = (ng,n,, ...0g),

¥ = Y2 ¥

l

Add t = 1 new subject so that the number of subjects at the MTD is
nyrp + 1 and let the DLT at the MTD take 0 and 1 respectively: yyrp or
Yurp + 1. Use the same algorithm for MTD

resulting MTD is different l resulting MTD is the same
v

k.

Set FI=1 | Gotothenextstepwitht =t +1:

n* =nyrp+t,y =yyrp +x,x€{0,1,..,t}

|

resulting MTD is different l l resulting MTD is different

Repeat with t=t+1

l

Set FI=t | |

Flowchart of Calculating Fragility Index in Dose-Finding

Figure 1. Flowchart of Calculating the modified Fragility Index in a Dose-Finding Trial.

We have developed a publicly available R package to provide a convenient way to
implement the mFI calculation.

3. Results: Three Case Studies
3.1. Phase I Dose-Escalation Trial of AUY922

A first-in-human phase I trial was conducted in patients with advanced solid tumors
to determine the MTD of AUY922 inhibitor [24]. An adaptive Bayesian logistic regression
model (BLRM) with overdose control was used to assess the relation between dose and
DLT probability. The dose started at 2 mg/m? and upgraded to 4, 8, and 16 mg/m? with no
DLTs. At the next higher dose level of 22 mg/m?, one DLT was observed among 11 patients.
No DLT was seen at 28 mg/m?, so the dose was upgraded to 40 mg/m?, at which two of
the first seven patients experienced DLTs. The BLRM design supported continued dosing
at 40 mg/m? on the basis of the assessment that the probability of a true DLT probability
above 33% was less than 0.25. Therefore, nine additional patients were then dosed and
no DLT was observed among these patients. The dose was further extended to 54 and
70 mg/ m?2, where 2 out of 18 at 54 mg/ m? and 3 out of 24 at 70 mg/ m? had DLT. The
final recommended phase IT dose (RP2D) was declared at 70 mg/m?. Table 1 displays the
dose-finding data of the dose levels, total numbers of subjects treated, numbers of DLTs,
and DLT rates for all dose levels.

Table 1. Summary of the Data in the Phase I AUY922 Dose-Escalation Trial.

Dose Level Index

1 2 3 4 5 6 7 8 9
Dose level (mg/m?) 2 4 8 16 22 28 40 54 70
Total # subjects treated 3 3 4 6 11 8 16 18 24
# DLT 0 0 0 0 1 0 2 2 3

DLT rate (%) 0 0 0 0 9.1 0 12.5 11.1 12.5
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The mFI was found to be 10, based on both the BLRM and BOIN designs: the MTD
did not change until 10 extra subjects were added to the trial at the MTD level of 70 mg/m?
and all those 10 subjects experienced DLT. If we tried fewer subjects, the MTD would not be
changed no matter how many subjects experienced DLT. This large mFI value suggests that
the result for MTD in this trial was quite robust. One can estimate the probability of having
a possible number of DLTs, based on the estimated toxicity probability at the MTD dose
level, if 10 more subjects were to be recruited onto the trial. Using a binomial distribution,
the chance of having 10 DLTs out of 10 additional subjects is very low, 0.1259 < 108, so it
is very unlikely that the MTD result would be altered.

The mFI value was the same with the keyboard design, because both BOIN and
keyboard are model-assisted designs and use the same isotonic algorithm to compute the
MTD. Other dose-finding designs, such as mTP]I, gave the same mFI value of 10, whereas
the mFI value was 12 when using the CRM algorithm and the mFI value was 8 when using
the EWOC algorithm (Table 2).

Table 2. The mFI Results of Robustness Assessment for All Three Trials.

Dose-Finding Designs

Trials CRM EWOC BLRM mTPI Keyboard BOIN
1. AUY922 Dose Escalation 12 8 10 10 10 10
2. Pan-AKT Inhibitor MK-2206 10 5 9 18 1 11
3. SPRINT Trial 2 2 2 1 1 1

3.2. Phase I Trial of Pan-AKT Inhibitor MK-2206

This was a dose-escalation study of continuous oral treatment with the pan-AKT
inhibitor MK-2206 in patients with advanced tumors [25]. The drug was administered
every other day in 28-day cycles to investigate the safety and MTD. In total, 33 patients
were dosed at 30, 60, 75, or 90 mg. The dose finding used a two-stage design. In Stage
1, dose escalation proceeded through dose levels of 30 mg (three subjects), 60 mg (three
subjects), and 90 mg (seven subjects). There were 4 out of 7 patients who experienced DLTs
at 90 mg. In Stage 2, a new dose of 75 mg was introduced for three patients, whereupon all
three developed DLTs. An additional three patients were then enrolled at the lower dose
level of 60 mg to check the safety parameters of this dose, and no DLTs were found. Stage
2 included 14 more patients in the expansion phase and observed one DLT. The MTD was
established at 60 mg with the mTPI design. The dose-finding data for dose levels, total
numbers of subjects treated, numbers of DLTs, and DLT rates are displayed in Table 3.

Table 3. Summary of the Data in the Phase I Pan-AKT Inhibitor MK-2206 Trial.

Dose Level Index

1 2 3 4

Dose level (mg) 30 60 75 90
Total # subjects treated 3 20 3 7
# DLT 0 1 3 4

DLT rate (%) 0 5.0 100 57.1

As shown in Table 3, the 100% observed DLT rate at the dose level of 75 mg makes it
impossible to upgrade from 60 mg to 75 mg. When additional subjects are enrolled, the
only possible outcome of changing the MTD is to downgrade. The mFI is 18 according
to the mTPI design algorithm. The high mFI value is caused by the 100% DLT rate at the
next dose level. The MTD level does not change until 18 extra subjects are added in the
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trial at the MTD level of 60 mg/m? and all those subjects experience at least one DLT, the
probability of which is extremely low. This suggests that the result for MTD is robust.

As summarized in Table 2, if the keyboard or BOIN design is employed, the mFI is 11,
which is still large. Other dose-finding designs give similar mFI values around 10: mFI is
10 with CRM and mFI is 9 with BLRM. However, the mFI is only 5 when using the EWOC
algorithm, which may be due to EWOC’s over-conservative safety control rule.

3.3. The SPRINT Phase I Trial

SPRINT was an open-label, single arm, multi-center trial of the MEK 1 inhibitor,
selumetinib, in children [26]. The phase I portion of the SPRINT trial evaluated three doses
of selumetinib, 20 mg/m?, 25 mg/m?, and 30 mg/m? in pediatric patients, to identify
a suitable dose to be used for the next phase based on all available safety, tolerability,
pharmacokinetic, and efficacy data. The objective response rate was similar across 20 to
30 mg/m? doses: 66.7% (8/12) at 20 mg/m?, 83.3% (5/6) at 25 mg/m?, 50.0% (3/6) at
30 mg/ m? respectively. The best rate was observed at 25 mg/m?. The tolerability was
similar between 20 and 25 mg/m? doses based on the DLT rates: 2 DLTs out of 12 subjects at
20mg/ m?2,1DLT outof 6 subjects at 25 mg/ m?2, and 2 DLTs out of 6 subjects at 30 mg/ m?2, as
shown in Table 4. The dose of 25 mg/m? was identified as the MTD and the recommended
dose for phase II. We used only the tolerability data listed in Table 4 to assess the robustness
of the MTD result.

Table 4. Summary of the Data in the Phase I SPRINT Trial.

Dose Level Index

1 2 3

Dose level (mg/m?) 20 25 30
Total # subjects treated 12 6 6
# DLT 2 1 2

DLT rate (%) 16.7 16.7 33

The mFI was found to be 1 with the BOIN algorithm. When one patient was added
with no DLT for this new patient, it led to an upgrade to a higher dose level; and the
probability of this happening is 0.833, using the observed DLT rate of 16.7%. On the other
hand, we investigated downgrading: first, if only one patient is added and that patient
develops DLT, the MTD remains the same; then, if two patients are tested additionally
and both two patients develop DLIT, it results in downgrading to a lower dose level. The
probability of these two patients experiencing DLT is 0.028. The mFI would be the 1, since
this is the smallest number of subjects needed to alter the MTD. The small mFI indicates
the trial’s MTD conclusion is not robust if we consider only tolerability data. Other dose-
finding designs, such as CRM, EWOC, BLRM, and mTP], give similar mFI values of either
1 or 2 (Table 2).

3.4. mFI Results Summary

The mFI results are summarized in Table 2 for all three trials using various dose-
finding designs, CRM, EWOC, BLRM, mTP], keyboard, and BOIN. To be consistent with
the original dose-finding process, it is recommended to use the same dose-finding design
as employed in the trial for calculating mFI. Other dose-finding models can be imple-
mented as supplementary assessments. There are some variations in the mFI results, as
demonstrated by the three trials, but there should be a general pattern or signal in terms of
robustness assessment.

The results showed that the first two trials were not sensitive to additional participants,
while the third trial is quite fragile to one or two additional subjects being added.
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4. Discussion and Conclusions

We propose a modified Fragility Index (mFI) to assess the robustness of the MTD
determination in early-phase dose-finding trials. The extension of FI in dose-finding trials
allows researchers and drug developers to assess whether any additional patients and how
many patients should be recruited to achieve a robust MTD decision. Three oncology trials
were used to show how to calculate the mFI and assess trial robustness.

In practice, different trials may employ different designs. To be consistent, it is recom-
mended to use the same dose-finding design as employed in the trial for the estimation
of mFI. However, other dose-finding designs and models can be implemented as supple-
mentary assessments. Because phase I trials commonly involve a small number of subjects,
an mFI value greater than 3 or 5 may intuitively be considered as an indication of robust
MTD decision. However, to establish a useful guideline, one would need to systematically
evaluate all existing phase I oncology trials and empirically estimate the distribution of
mFI. Furthermore, the mFI evaluation may depend on the design used to estimate the
MTD. The relative performance of different designs on robust assessment using mFI awaits
further research.

Phase I trials can implement rules to stop early if the clinical objectives have been
achieved with good confidence. Various stopping rules have been suggested in the lit-
erature. O’Quigley et al. [16] proposed a stopping rule based on a confidence interval
for CRM and other model-based methods, and Shen and O’Quigley gave a theoretical
justification [27]. However, there are some limitations to this approach: (1) the precision
level may often require more patients than would be available in an early dose-finding
trial and hence, the trial would not halt early in practice; (2) it is questionable whether
obtaining a pre-fixed level of precision for the probability of toxicity at the MTD should be
a major goal of a trial [28]. On the other hand, O’Quigley and Reiner (1998) [29] estimated
the probability that a current recommended dose level will turn out to be the final MTD
and the likelihood that all remaining patients will be treated at the current dose level.
The trial would be terminated early if the MTD could be predicted with high probability.
To implement this stopping rule, one can keep track of the number of times each dose
is considered and stop when the dose for an upcoming patient is the same as the dose
that was recommended for the previous k (a pre-decided integer) patients in a row. This
approach often works out well in practice [28].

Implementing early stopping during a dose-finding trial may first seem quite different
from assessing the robustness of a trial using FI, because one is used during a dose-finding
trial and the other is considered afterwards. However, they are very much related, because
mFI can also be applied in real time during a trial. If a trial has already included a certain
number of patients, then what would happen if a few more patients were to be included?
Would adding more patients change the current recommended dose? Or would the current
recommended dose stay the same, and what probability is associated with that? Therefore,
we may want to compare these two approaches via simulations and in practice. As we try
to achieve Project Optimus, selecting an optimal biological dose is no longer based just on
toxicity, but also other factors, such as efficacy and pharmacokinetic results. Our proposed
mFI index can be extended naturally to consider other determining factors beyond safety
by incorporating those factors in the decision rule, as shown in the third example.

A related fragility measure is the Robustness Index (RI) proposed by Heston in
2023 [30], which examines how different sample sizes affect statistical significance. When
a hypothesis test yields a non-significant result, the original sample size is multiplied
by a series of numbers until a significant result is achieved. Conversely, when a test is
significant, the original sample size is divided by a series of numbers until the result is no
longer significant. The multiplicand or divisor is the RI. However, it is uncertain how the
RI can be utilized in a dose-finding trial to determine when the MTD result will change.

The strength of this study is that, to the best of our knowledge, there are scant, if
any, existing methods dedicated specifically to evaluating the robustness of results from
dose-finding studies. By extending the concept of the FI, this work offers an intuitive way to
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quantify how the significance of the dose-finding conclusion could change after including
additional potential samples. Nevertheless, this study has some limitations. Although
our proposed mFI shares the same spirit as the original FI developed by Walsh et al., as
both aim at altering the result’s significance, they differ in terms of how they achieve the
significance change. Specifically, the original FI was intended for general hypothesis testing
in relation to treatment effects with binary outcomes in clinical trials, and it modifies the
status of binary outcomes (event or no event), with the size of samples in each group
remaining fixed. In contrast, in our proposed mFlI, like several other extensions of FI for
continuous outcomes and survival outcomes [31], the sample sizes in treatment groups or
the study are modified. As such, one may argue that the mFI is not a type of FI measure,
and we may consider this as an FI-like measure. In addition, our proposed mFI does not
account for the likelihood of DLT outcomes among the assumed additional samples for
the mFI calculation. It is possible that the DLT outcomes of some samples may not be
clinically practical. Baer et al. proposed generalizing the fragility index to a family of
fragility indices called incidence fragility indices, permitting only outcome modifications
that are sufficiently likely and providing an exact algorithm to calculate the incidence
fragility indices [32]. Such a consideration may also be needed when interpreting the
mFI results.
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Appendix A. Overview of Commonly Used Dose Finding Designs

Here, we provide a brief overview of commonly used trial designs. Suppose there
are in total J dose levels, d = (dy,dy,...d}), in a phase I dose-finding trial. For dose
j(G=1,2,...,]), the number of patients with a DLT (y;) in a cohort of size n; is assumed to
be binomially distributed y; ~ Bin(pj, n;) with the DLT probabilities (p;).

A.1. The Continual Reassessment Method (CRM)

In the CRM design, a parametric model for the dose-toxicity curve is assumed as
pj = anp(M, where p; is the true DLT probability at dose level j, a is an unknown parameter,
and a; is the initial guess of the DLT probability at dose level j with the constraint of
0 <a <a < ...<a <1 The CRM updates the dose-toxicity curve with the
accumulating DLT data across all dose levels and assigns new patients to the optimal dose
level, which is defined as the one with the estimated DLT probability being the closest to
the target DLT probability, ¢. In addition, a safety stopping rule is implemented so that
the process is stopped if the DLT probability at the lowest dose (p7) is greater than the
target above a pre-specified threshold (for example, 0.95), i.e., Pr(p; > ¢|D) > 0.95, where
D denotes the trial data.
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A.2. The Escalation with Overdose Control (EWOC)

As a modification of the CRM, the EWOC employs a two-parameter logistic regression
model for extra flexibility in modeling the dose-toxicity curve as logit(p;) = Bo + p1d ir
where (B, B1) are the unknown intercept and slope parameters, and d; is the dosage of

dose level j. Thus, the DLT probability of the first dose d; is p; = %, and the

MTIDis A = ﬁ [log(¢) —log(1 — ¢)—PBo]. The EWOC treats the first group of patients at
the lowest dose and updates the dose—toxicity curve with the accumulating DLT data. The
next group of patients are assigned to the optimal dose, which is defined as the one whose
mean estimate of the DLT probability is the closest to the target DLT probability ¢. The
same safety stopping rule is used, i.e., Pr(p; > ¢|D) > 0.95.

A.3. The Bayesian Logistic Regression Model (BLRM)

This is a two-parameter logistic model, logit(p;) = log(a) + ,Blog(%), where (a, B)
are the two unknown parameters and d* is the reference dose. Following the paper by
Neuenschwander et al. [33], a flat bivariate normal distribution is often used as the prior
for (log(a),log(pB)). The BLRM requires a predefined probability interval (J1,0,) as the
range of acceptable DLT probabilities. For example, (J1,62) = (¢ — 0.05, ¢ + 0.05). The
BLRM imposes an overdose control rule, as follows: a dose is considered overdosing if
the observed data indicate that the DLT probability at a dose level greater than the upper
bound is higher than 0.25, i.e., Pr(p; > 6,|D) > 0.25. The same safety stopping rule as the
previous two designs is often used in the BLRM.

A.4. The Modified Toxicity Probability Interval (mTPI) Design

The mTPI design uses a beta-binomial model at each dose level: y; |n i, pj ~ Bin(n;j, pj)
and p; ~ Beta(1,1). Thus, the posterior distribution of the DLT probability at dose j is a beta
distribution, i.e., pj|nj,y; ~ Beta(y; +1,n; —y; +1). Given a target toxicity probability ¢,
the mTPI design prespecifies three intervals with two parameters §; = ¢ — ¢1,0p = ¢ + €3,
that is, the underdosing interval (0,67), the acceptable dosing interval [d1,d;], and the
overdosing interval (Jp,1), where 0 < é; < ¢ < 6, < 1. Then, the mTPI design defines
a quantity named unit probability mass (UPM), given the posterior distribution of p; for
each of the three intervals as follows:

UPM; = Pr(p]- < (51|le,yj)/51,

UPM, = PT’(51 < pj < 52’1’1]',y]')/(52 — 51),
UPMs = Pr(p; > &a|nj,y;) /(1= 6,).

That is, the UPM is the posterior probability that p; lies in the corresponding interval
divided by the length of that interval. The mTPI design determines dose escalation/de-
escalation based only on the observed data at the current dose level j as follows:

1.  IfUPM; = max{UPM;,UPM,, UPMs;}, escalate dose to level j + 1;
2. IfUPM; = max{UPMj,UPM,, UPMs}, stay at the current dose level j;
3. IfUPMj = max{UPM;, UPM,, UPM3}, de-escalate dose to level j — 1.

Because the three UPMs can be calculated for all outcomes of 7; and y;, dose escalation
and de-escalation rules can be determined before the onset of the trial. To avoid treating
excessive numbers of participants at extremely toxic dose levels, the mTPI design imple-
ments a dose-exclusion rule as follows: if Pr(p; > (p‘n]', yj) > 0.95, dose level j and higher
doses are excluded in the trial. If the lowest dose is excluded, the trial is stopped for safety.

A.5. The Keyboard Design

Yan et al. [21] proposed the keyboard design to improve the performance of the
mTPI design, noting that the latter has a high risk of overdosing patients due to the
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use of the UPM to guide dose escalation. The keyboard design starts by specifying
a proper probability interval I* = (J1,6,) (referred to as the target key) and then forms
a series of equal-width keys on both sides of the target key. We denote the resulting in-
tervals/keys as Iy, - - -, Ix. To make the decision for dose transition, given the observed
data (n;, y;) at the current dose level j, the keyboard design defines the “strongest key” as
Inax = argmax{Pr(p; € It);k =1,---, K}, which can be easily obtained using the beta-
binomial model as with the mTPI. Statistically, the strongest key represents the interval
in which the true toxicity probability is most likely to be located. This intuitive interpre-
tation of the strongest key naturally leads to the following keyboard dose escalation and
de-escalation rule:

1. If the strongest key is on the left side of the target key, escalate to the level j + 1;
2. If the strongest key is the target key, stay at the current level j;
3. If the strongest key is on the right side of the target key, de-escalate to level j — 1.

The same dose-exclusion rule as in the mTPI design is also implemented in the
keyboard design.

A.6. The Bayesian Optimal Interval (BOIN) Design

Compared with the mTPI and keyboard designs, which require calculating the poste-
rior distribution of the DLT probabilities, the BOIN design is more straightforward and
transparent. Let p; = % denote the observed DLT probability at the current dose level j,
and A, A; denote the predetermined dose escalation and de-escalation boundaries. The
BOIN design determines the next dose level as follows:
1. If Pi < Ae, escalate to the level j 4 1;
2. If pj = A, de-escalate to the level j — 1;
3. Otherwise, stay at the current level ;.

The BOIN design also implements the same dose-exclusion rule as the mTPI and

keyboard designs. Due to its straightforward implementation and excellent performance,
the BOIN design received a fit-for-purpose designation from FDA as a tool for dose-finding

in oncology [34].
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Simple Summary

Melanoma is a dangerous type of skin cancer that can grow quickly and spread to other
parts of the body, making early detection and diagnosis essential for saving lives. However,
it can be difficult to tell the difference between melanoma and harmless skin spots, even
for experts. This study explores how advanced computer technologies called convolutional
neural networks (CNNs) can help detect melanoma more accurately. These systems analyze
skin images and identify patterns that indicate whether a spot is likely to be cancerous.
We compared four different types of CNN to find the best balance between accuracy and
efficiency. Our findings show that some models are not only highly accurate but also fast
and lightweight, making them suitable for use in clinics or even on mobile devices. This
research highlights the potential of artificial intelligence to assist doctors and improve early
melanoma detection, ultimately saving more lives.

Abstract

Background/Objectives: Melanoma, an aggressive form of skin cancer, accounts for a
significant proportion of skin-cancer-related deaths worldwide. Early and accurate dif-
ferentiation between melanoma and benign melanocytic nevi is critical for improving
survival rates but remains challenging because of diagnostic variability. Convolutional
neural networks (CNNs) have shown promise in automating melanoma detection with
accuracy comparable to expert dermatologists. This study evaluates and compares the
performance of four CNN architectures—DenseNet121, ResNet50V2, NASNetMobile, and
MobileNetV2—for the binary classification of dermoscopic images. Methods: A dataset
of 8825 dermoscopic images from DermNet was standardized and divided into training
(80%), validation (10%), and testing (10%) subsets. Image augmentation techniques were
applied to enhance model generalizability. The CNN architectures were pre-trained on
ImageNet and customized for binary classification. Models were trained using the Adam
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optimizer and evaluated based on accuracy, area under the receiver operating charac-
teristic curve (AUC-ROC), inference time, and model size. The statistical significance of
the differences was assessed using McNemar’s test. Results: DenseNet121 achieved the
highest accuracy (92.30%) and an AUC of 0.951, while ResNet50V2 recorded the highest
AUC (0.957). MobileNetV2 combined efficiency with competitive performance, achieving a
92.19% accuracy, the smallest model size (9.89 MB), and the fastest inference time (23.46
ms). NASNetMobile, despite its compact size, had a slower inference time (108.67 ms),
and slightly lower accuracy (90.94%). Performance differences among the models were
statistically significant (p < 0.0001). Conclusions: DenseNet121 demonstrated a supe-
rior diagnostic performance, while MobileNetV2 provided the most efficient solution for
deployment in resource-constrained settings. The CNNs show substantial potential for
improving melanoma detection in clinical and mobile applications.

Keywords: melanoma detection; convolutional neural networks; artificial intelligence;
skin cancer diagnosis; dermoscopic images; deep learning models; medical imaging; early
cancer detection

1. Introduction

Melanoma, a malignant neoplasm originating from melanocytes, the pigment-
producing cells in the epidermis, is an aggressive and life-threatening form of skin can-
cer. Characterized by its propensity for rapid proliferation and metastatic dissemination,
melanoma accounts for the majority of skin-cancer-related mortalities worldwide, despite
representing a small fraction of skin cancer diagnoses. The pathogenesis of melanoma
involves a complex interplay of genetic mutations, such as alterations in the BRAF, NRAS,
and CDKN2A genes, and environmental factors like ultraviolet radiation exposure. Clini-
cally, melanoma may mimic benign melanocytic lesions, including nevi, rendering early
detection a significant diagnostic challenge. Delayed or inaccurate diagnoses are associated
with poorer prognoses, as the disease rapidly progresses from localized cutaneous lesions
to regional lymph node involvement and distant organ metastasis. Consequently, precise
differentiation between malignant melanoma and benign melanocytic nevi is critical for
timely therapeutic intervention, which can drastically improve survival rates and reduce
morbidity [1].

The traditional diagnostic landscape, including visual inspection and dermoscopy,
relies heavily on dermatological expertise, leading to considerable inter-observer variabil-
ity. The advent of artificial intelligence (Al) and deep learning (DL) in medical imaging,
however, has heralded a paradigm shift in melanoma diagnosis, enabling automated,
reproducible, and highly accurate evaluations. Recent advancements in convolutional
neural networks (CNNs) have positioned these architectures at the forefront of melanoma
detection research. CNNs excel in analyzing complex patterns and subtle visual features,
making them particularly effective for medical imaging tasks, including the classification
of skin lesions. Studies underscore the capability of CNNs to achieve diagnostic accu-
racies comparable to, or even surpassing, those of experienced dermatologists. These
models leverage large datasets of dermoscopic images to differentiate melanoma from
benign conditions such as melanocytic nevi and other skin abnormalities with remarkable
precision [2,3].

Systematic reviews, such as those by Wu et al. (2022) and Magalhaes et al. (2024),
highlight the growing body of evidence supporting the use of deep learning in skin can-
cer detection. These studies have identified key factors influencing model performance,
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including dataset quality, image resolution, and annotation accuracy [4,5]. Additionally,
Gautam et al. (2024) demonstrated the potential of CNNs to generalize across diverse le-
sion types, such as vascular lesions and keratoses, while maintaining robust performance in
melanoma detection [6]. One of the significant challenges in melanoma detection is the sub-
tlety of visual differences between malignant and benign lesions, which can often confound
traditional diagnostic approaches. Deep learning models, particularly CNNs, have proven
adept at capturing these nuanced distinctions. For instance, Winkler et al. (2023) discuss
the effectiveness of integrating patient metadata with image features to enhance model
predictions. This multimodal approach has been shown to improve diagnostic accuracy,
particularly in cases with atypical clinical presentations [7].

Furthermore, the use of transfer learning and pre-trained models, as explored by
Naeem et al. (2020) and Dildar et al. (2021), has significantly reduced the computational
and data requirements for training CNNs in melanoma detection. These techniques allow
for the adaptation of existing high-performance models to specific dermatological tasks,
accelerating the deployment of Al solutions in clinical settings [8,9]. Systematic reviews,
such as the study by Kassem et al. (2021), provide critical insight into the relative strengths
and limitations of various deep learning architectures [10]. These works emphasize the
importance of balancing sensitivity and specificity, as over-diagnosis of benign lesions can
lead to unnecessary biopsies and patient anxiety.

Despite these advancements, challenges remain. Issues such as dataset bias, class
imbalance, and the interpretability of deep learning models have been highlighted by
multiple authors, including Efimenko et al. (2020) and Popescu et al. (2022) [11,12].
Addressing these limitations is vital to ensuring the reliable adoption of CNN-based
systems in clinical practice. This paper aims to contribute to the growing field of Al-driven
dermatology by presenting a novel CNN framework for the differentiation of malignant
melanoma from benign melanocytic nevi. By synthesizing insights from the existing
literature and leveraging cutting-edge deep learning methodologies, this study seeks to
advance the accuracy and accessibility of melanoma detection, ultimately improving patient
outcomes and reducing healthcare disparities.

2. Materials and Methods
2.1. Dataset Preparation

The dataset for this study was obtained from the DermNet repository, a publicly
available resource widely used in dermatology research [13]. It contains high-quality
images categorized into the following two distinct classes: benign and malignant skin
lesions. The dataset comprised 8825 images in total, ensuring a robust foundation for deep
learning model training and evaluation [14]. Prior to the analysis, extensive preprocessing
was performed to standardize the dataset [15]. Each image underwent careful curation to
ensure uniformity in dimensions, format, and quality. All images were resized to a fixed
resolution of 224 x 224 pixels, which represents a standard input size for convolutional
neural networks (CNNs) and provides a balance between computational efficiency and
detail preservation [16].

The organizing of the dataset for the machine learning applications was accomplished
using the split-folders library [17]. This tool facilitated the division of the data into the
following three essential subsets: training, validation, and testing. A stratified splitting
approach was implemented, maintaining an 80-10-10 ratio [18], resulting in 7060 training
images, 882 validation images, and 883 testing images. This distribution ensured an even
representation of benign and malignant classes across all subsets, preventing any potential
class imbalance that could bias model training [19]. The training subset served as the
primary data for model fitting, while the validation subset provided crucial feedback
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during hyperparameter tuning. The testing subset was strictly reserved for the final
evaluation, remaining completely isolated from the training process to ensure unbiased
assessment of model performance [20].

2.2. Image Augmentation

The implementation of image augmentation techniques played a crucial role in en-
hancing the generalization capability of the CNN models and mitigating the risk of overfit-
ting [21]. This process was executed dynamically during the training phase using Tensor-
Flow’s ImageDataGenerator (Google LLC, Mountain View, CA, USA, Version: TensorFlow
2.x) module [22]. The augmentation pipeline began with basic preprocessing, including the
rescaling of pixel values to the range [0, 1] for input data normalization [23]. Geometric
transformations were then applied, incorporating a rotation range of 30 degrees to account
for varying image orientations. Width and height shifts of up to 20% were introduced to
simulate different image framing scenarios, while shearing transformations of 20% helped
capture varying perspectives [24].

The augmentation process also included zoom variations of 20% to account for dif-
ferent image scales, along with both horizontal and vertical flips to enhance rotational
invariance [25]. The fill mode was set to ‘nearest’ to handle transformed pixel spaces effec-
tively. Additionally, brightness adjustments within a range of [0.8, 1.2] were implemented
to simulate varying lighting conditions [26]. These augmentation techniques were exclu-
sively applied to the training dataset, while the validation and testing datasets underwent
only basic normalization to maintain evaluation integrity.

2.3. Model Architecture

The study implemented a comprehensive comparison of four state-of-the-art CNN
architectures, each bringing unique characteristics to the task of skin lesion classification.
The DenseNet121 architecture, pre-trained on ImageNet, employs a dense connectivity
pattern that promotes feature reuse through direct connections between layers [27,28]. This
network, with a model size of 27.86 MB, provides an efficient balance between computa-
tional requirements and model complexity. The ResNet50V2, also pre-trained on ImageNet,
implements a residual learning framework that facilitates improved gradient flow through-
out the network [29]. Despite its larger size of 91.93 MB, this architecture has demonstrated
exceptional performance in various computer vision tasks [30].

The NASNetMobile architecture, developed through Neural Architecture Search, was
specifically optimized for mobile devices [31]. With a model size of 17.34 MB, it represents
a compromise between efficiency and performance. The MobileNetV2 architecture [20]
stands out for its lightweight design, employing depth-wise separable convolutions and
incorporating inverted residuals and linear bottlenecks. At just 9.89 MB, it offers the most
compact solution while maintaining competitive performance [32].

Each of these architectures underwent modification with a custom top layer configu-
ration designed specifically for the binary classification task at hand. This configuration
began with a global average pooling layer to reduce spatial dimensions, followed by a
batch normalization layer to stabilize training. A dense layer with 512 units and ReLU
activation was then implemented, followed by a dropout layer with a rate of 0.5 to prevent
overfitting. This was succeeded by another dense layer of 256 units with ReLU activation
and a dropout rate of 0.3. The architecture culminated in an output layer with a single unit
and sigmoid activation, appropriate for binary classification.

2.4. Training Configuration and Optimization

The training process was standardized across all models to ensure fair comparison and
reproducible results. The optimization strategy centered on the Adam optimizer (Integrated
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within TensorFlow by Google LLC, Mountain View, CA, USA, Version: TensorFlow 2.x),
selected for its ability to adapt learning rates dynamically and handle sparse gradients
effectively. The initial learning rate was set to 1 x 1074, and it was carefully chosen to
balance the training speed with the convergence stability. Training proceeded in batches
of 32 images, a size that optimized memory utilization while maintaining stable gradient
updates. The maximum number of training epochs was set to 50, though early stopping
mechanisms were implemented to prevent overtraining.

The loss function employed was binary cross-entropy, which is particularly well-suited
for binary classification tasks and provides appropriate gradients for model optimization.
To monitor and improve training efficiency, several callback mechanisms were implemented.
Early stopping monitored validation loss with a patience of 10 epochs, automatically ter-
minating training when no improvement was observed and restoring the best weights to
prevent overfitting. A learning rate reduction scheme was employed that monitored vali-
dation loss and reduced the learning rate by a factor of 0.2 when improvement plateaued,
with a patience of 5 epochs and a minimum learning rate threshold of 1le-6. Additionally,
model checkpointing saved the best-performing model states based on validation accuracy,
ensuring that optimal model parameters were preserved.

2.5. Model Performance Monitoring and Evaluation

Throughout the training process, comprehensive performance monitoring was imple-
mented to track each model’s progress and effectiveness. The primary metrics monitored
included accuracy, loss, and area under the receiver operating characteristic curve (AUC-
ROC). These metrics were calculated for both the training and validation sets during
each epoch, providing immediate feedback on model learning and generalization. The
validation metrics served as critical indicators for the learning rate reduction and early
stopping mechanisms.

For final model evaluation, a rigorous testing protocol was established using the held-
out test dataset. This evaluation included not only accuracy and AUC-ROC measurements
but also practical performance metrics such as inference time and model size. Inference
time was measured across multiple batches to obtain reliable average values, with standard
deviations calculated to assess performance stability. Additionally, McNemar’s statistical
test was employed to determine the significance of performance differences between model
pairs, providing a statistical foundation for model comparison.

2.6. Implementation Environment and Technical Infrastructure

The implementation was carried out in a cloud-based environment utilizing Google
Colab’s GPU runtime (Google LLC, Mountain View, CA, USA), which provided access to
NVIDIA’s GPU acceleration. This infrastructure choice enabled efficient model training and
evaluation while ensuring the reproducibility of the results. The software framework was
built on TensorFlow 2.x, leveraging its high-level Keras API for model construction and
training. Python 3.10 served as the primary programming language (Python Programming
Language Organization: Python Software Foundation, Beaverton, OR, USA), chosen for its
robust ecosystem of scientific computing libraries.

The implementation relied on several key supporting libraries, each serving specific
functions in the pipeline. NumPy facilitated efficient numerical computations and array
manipulations, particularly in data preprocessing and batch handling. Matplotlib was
employed for visualization tasks, generating training curves, ROC curves, and perfor-
mance comparison plots. Scikit-learn provided essential functionality for metrics calcula-
tion and statistical analysis, while the split-folders library managed dataset organization
and splitting.
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2.7. Data Management and Storage

To ensure efficient data handling and model persistence, a structured approach to
data management was implemented. All preprocessed images were stored in a directory
structure that reflected the training, validation, and test splits, facilitating efficient data
loading during training. Model checkpoints were saved in the Keras format, preserving
both architecture and weights, enabling easy model reloading for further training or
deployment. Training logs, including all performance metrics and learning curves, were
systematically recorded and stored for subsequent analysis and visualization.

The entire implementation was designed with reproducibility in mind, incorporating
fixed random seeds for all stochastic processes. Detailed documentation of the experimental
setup, including all hyperparameters and configuration settings, was maintained through-
out the study. This comprehensive approach to methodology documentation ensures that
the experiments can be reliably reproduced and built upon in future research.

3. Results
3.1. Model Performance Overview

A comparative analysis of the four deep learning architectures yielded comprehen-
sive insight into their relative strengths and performance characteristics. The investiga-
tion encompassed DenseNet121, ResNet50V2, NASNetMobile, and MobileNetV2, each
demonstrating distinct performance profiles across multiple evaluation metrics [33]. The
evaluation metrics included classification accuracy, area under the curve (AUC), inference
time, and model size efficiency, following established evaluation protocols [34].

3.2. Receiver Operating Characteristic Analysis

The receiver operating characteristic (ROC) curve analysis, as depicted in Figure 1,
revealed notable differences in the discriminative capabilities of the four models [35].
ResNet50V2 achieved the highest AUC score of 0.957, demonstrating a superior ability
to distinguish between benign and malignant lesions across various classification thresh-
olds [36]. DenseNet121 followed closely with an AUC of 0.951, while MobileNetV2 and
NASNetMobile achieved AUC scores of 0.943 and 0.935, respectively. The ROC curves
demonstrate particularly strong performances in the critical low false-positive rate region,
with all models showing rapid ascent in true positive rates while maintaining low false
positive rates [37].

ROC Curves C¢

08

02

—— DenseNet121 (AUC = 0.951)
—— ResNet50V2 (AUC = 0.957)
—— NASNetMobile (AUC = 0.935)
—— MobileNetv2 (AUC = 0.943)

00

04 06 08 10
False Positive Rate

Figure 1. ROC curve analysis of the four CNN architectures (ResNet50V2, DenseNet121, Mo-
bileNetV2, and NASNetMobile) for melanoma detection, illustrating their discriminative capabilities
in differentiating malignant melanoma from benign nevi. ResNet50V2 achieved the highest AUC
score (0.957), followed by DenseNet121 (0.951), MobileNetV2 (0.943), and NASNetMobile (0.935). The
curves highlight performance differences, particularly in the critical low false-positive rate region,
where ResNet50V2 and DenseNet121 excelled.

17



Cancers 2025, 17, 28

A detailed examination of the ROC curves reveals that the models” performance differ-
ences were most pronounced in the false-positive rate range of 0.1 to 0.3, where ResNet50V2
and DenseNet121 demonstrated marginally better discrimination capabilities. This charac-
teristic is particularly relevant in clinical applications, where minimizing false positives
while maintaining high sensitivity is crucial. The convergence of the curves at higher false
positive rates suggests comparable performance in high-sensitivity operating points.

3.3. Computational Efficiency and Resource Requirements

The performance comparison visualization presented in Figure 2 illustrates the stark
contrasts in model sizes and inference times among the four architectures [38]. ResNet50V2,
while achieving the highest AUC, required substantially more storage space at 91.93 MB,
significantly larger than its counterparts [39]. In contrast, MobileNetV2 demonstrated
remarkable efficiency with a model size of just 9.89 MB while maintaining competitive
classification performance [40]. These findings align with previous studies on model
efficiency in medical imaging applications [41].

Model Performance Comparison

BN DenseNetl21
W ResNet50V2
100 mmm NASNetMobile
mmm MobileNetv2

| =
3 60
5

| .

201

Size (MB) Inference Time (ms)
Metrics

Figure 2. Comparison of Model Sizes and Inference Times for CNN Architectures. Comparative
visualization of model sizes (in megabytes) and inference times (in milliseconds per image) for the
four CNN architectures. MobileNetV2 demonstrated the smallest model size (9.89 MB) and fastest in-
ference time (23.46 ms), showcasing its efficiency for resource-constrained environments. ResNet50V2
achieved strong performance but required more storage space (91.93 MB). NASNetMobile, despite its
compact size (17.34 MB), exhibited the longest inference time (108.67 ms).

Inference time analysis revealed equally important distinctions in computational
efficiency. MobileNetV2 exhibited the fastest inference time at 23.46 ms per image, closely
followed by ResNet50V2 at 26.55 ms. DenseNet121 required moderate computation time at
57.89 m, while NASNetMobile showed the longest inference time at 108.67 ms. These timing
differences have significant implications for real-world deployment scenarios, particularly
in resource-constrained environments.

3.4. Statistical Significance and Performance Metrics

McNemar'’s statistical test revealed significant differences in performance among all
model pairs (p < 0.0001), confirming that the observed performance variations were not
attributable to chance [42]. The strongest statistical differences were observed between
NASNetMobile and DenseNet121 (test statistic: 10,076.50), followed by NASNetMobile
and MobileNetV2 (test statistic: 5950.10). These results support previous findings on
architectural performance differences in medical image classification tasks [43].
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3.5. Classification Performance Analysis

In terms of raw classification metrics, DenseNet121 achieved the highest accuracy at
92.30%, followed closely by MobileNetV2 at 92.19% and ResNet50V2 at 91.85%. NASNet-
Mobile, while showing good overall performance, achieved a slightly lower accuracy of
90.94%. These accuracy figures were complemented by strong precision and recall metrics
across all models, with DenseNet121 showing the most balanced performance across all
evaluation criteria.

The precision-recall trade-off analysis revealed that all models maintained high pre-
cision while achieving good recall rates, with DenseNet121 showing particularly strong
performance in balancing these competing metrics. This balance is crucial for clinical
applications where both false positives and false negatives carry significant consequences.

3.6. Model Stability and Convergence

Model stability and convergence analysis of the training processes demonstrated stable
convergence across all architectures, with each model showing consistent improvement in
both training and validation metrics throughout the training period. The early stopping
mechanisms proved effective in preventing overfitting, with optimal model parameters
being successfully captured through the checkpoint system.

4. Discussion
4.1. CNN in Dermatological Diagnostics

The demonstrated capabilities of convolutional neural networks (CNNs) in melanoma
detection highlight their transformative potential in dermatological diagnostics. CNNs ex-
cel in recognizing complex patterns in dermoscopic images, often surpassing traditional di-
agnostic methods. This performance stems from their hierarchical learning structure, where
lower layers detect fundamental features such as edges and textures, while deeper layers
capture intricate patterns, including asymmetry and irregular pigmentation—hallmarks
of malignant melanoma. Studies such as those by Ali et al. (2021) emphasize that CNNs
can achieve diagnostic accuracies exceeding 90% when trained on high-quality datasets,
challenging even the diagnostic expertise of seasoned dermatologists [44]. Furthermore,
advanced augmentation techniques, including zooming, rotation, and flipping, enhance
model robustness by exposing it to a broader array of real-world imaging scenarios. This
capability is particularly valuable in settings where diagnostic inconsistencies often arise
because of inter-observer variability. Multimodal integration, as proposed by Hohn et al.
(2021), further extends the utility of CNNs by incorporating clinical metadata alongside im-
age features, enabling nuanced diagnostic interpretations that are indispensable in complex
or ambiguous cases [45].

4.2. Model Performance

The comparative analysis of the four deep learning architectures provides valuable
insights into their potential roles in clinical dermatology applications [46]. DenseNet121’s
superior overall performance, achieving 92.30% accuracy and an AUC of 0.951, demon-
strates the effectiveness of its dense connectivity pattern in capturing intricate features
of skin lesions [47]. These findings support previous research on the application of deep
learning in dermatological diagnosis [48].

ResNet50V2’s achievement of the highest AUC (0.957) indicates its exceptional discrim-
inative ability, particularly in the critical low false-positive rate region. This characteristic
is especially valuable in screening applications, where minimizing false alarms while main-
taining high sensitivity is paramount. However, the model’s substantial size (91.93 MB)
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presents deployment challenges in resource-constrained environments, necessitating care-
ful consideration of the trade-off between performance and computational requirements.

The remarkable efficiency of MobileNetV2, combining the smallest model size
(9.89 MB) with the fastest inference time (23.46 ms) while maintaining competitive ac-
curacy (92.19%), represents a significant advancement in portable diagnostic tools. This
architecture’s performance characteristics make it particularly suitable for mobile appli-
cations and point-of-care devices, where real-time processing and limited computational
resources are common constraints.

4.3. Computational Efficiency and Resource Utilization

The significant variations in model sizes and inference times among the architectures
highlight important considerations for practical deployment [32]. NASNetMobile’s un-
expectedly long inference time (108.67 ms) despite its relatively compact size (17.34 MB)
suggests that architectural complexity does not always translate to better performance [49].
This observation aligns with recent studies on the efficiency-accuracy trade-off in deep
learning models [50].

The statistical significance of performance differences among all model pairs, as
demonstrated by McNemar’s test, confirms that each architecture brings distinct advan-
tages to the task. The strongest statistical differences observed between NASNetMobile and
DenseNet121 (test statistic: 10,076.50) suggest fundamental differences in their approach
to feature extraction and classification, while the more moderate differences between
ResNet50V2 and MobileNetV2 (test statistic: 132.67) indicate closer alignment in their
learning strategies.

4.4. Limitations

The variation in inference times, particularly NASNetMobile’s slower processing
speed, suggests opportunities for architecture optimization. Future research could inves-
tigate hybrid architectures that combine the efficiency of MobileNetV2 with the feature
extraction capabilities of DenseNet121 or ResNet50V2. Additionally, the application of
quantization and pruning techniques could further optimize model sizes without signifi-
cantly compromising performance.

Despite the strong performance across all models, several technical limitations
warrant consideration. The current implementation relies on static image input sizes
(224 x 224 pixels), which may not be optimal for capturing all relevant diagnostic features
in skin lesions of varying sizes [51-53]. Higher-resolution images could preserve critical
diagnostic details, particularly for distinguishing subtle features in atypical (or dysplastic)
nevi and other challenging cases.

Another limitation lies in the scope of lesion differentiation. While this study focuses
on distinguishing benign melanocytic nevi from melanomas, it does not address the more
complex challenge of differentiating atypical nevi or non-nevus pigmented neoplasms
(e.g., dermatofibromas, lentigines, and seborrheic keratoses) from melanomas. Expanding
the dataset to include these lesion types and incorporating a multi-class classification
framework will be essential for real-world clinical applicability.

The variation in inference times, particularly NASNetMobile’s slower processing
speed, underscores the need for further optimization. Investigating hybrid architectures
that combine the efficiency of MobileNetV2 with the robust feature extraction capabilities
of DenseNet121 or ResNet50V2 could provide a balanced solution. Moreover, quantization
and pruning techniques could optimize model sizes and computational efficiency without
significantly compromising performance.
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Finally, our algorithm does not currently integrate pretest probability into its diag-
nostic framework. Pretest probability, influenced by factors such as personal and family
history of melanoma or prior occurrences, plays a crucial role in clinical decision making.
Incorporating patient metadata, such as age, past medical history, family history, clinical
history, and lesion location, could improve model performance by addressing the variability
in pretest probabilities associated with individual cases.

4.5. Clinical Integration and Practical Considerations

The successful deployment of these models in clinical settings requires careful consid-
eration of several factors beyond raw performance metrics [54]. The choice of architecture
should be guided by the specific requirements of the deployment environment, available
computational resources, and the criticality of real-time response [55]. These considerations
align with established guidelines for implementing Al in clinical practice [56].

The high AUC scores across all models suggest their potential value as screening tools,
particularly in primary care settings where early detection of suspicious lesions is crucial.
However, the implementation of these systems should emphasize their role as assistive
tools rather than replacements for clinical expertise. The integration of model uncertainty
quantification and explainability mechanisms could enhance their utility in clinical decision
support.

4.6. Alternative Approaches

Zhang et al. (2023) demonstrated that ViTs, leveraging self-attention mechanisms,
outperform traditional CNNs in multi-class classification tasks by capturing global contex-
tual relationships across entire images [57]. Similarly, EfficientNet’s compound scaling, as
showcased by Tan and Le (2019), allows for increased accuracy while maintaining compu-
tational efficiency. Ensemble approaches also provide significant promise for enhancing
diagnostic reliability [58]. For instance, Ghosh et al. (2024) demonstrated that a majority
voting ensemble of diverse deep learning models effectively reduces the variance and bias,
achieving a balanced sensitivity and specificity. Such methods are particularly crucial in
minimizing false negatives, which are a critical metric in melanoma detection because of
the severe implications of missed diagnoses [59]. Furthermore, the growing interest in
hybrid architectures, which integrate traditional handcrafted features with deep learning
outputs, underscores the adaptability of CNN systems. Hybrid models can incorporate
domain-specific features like lesion texture and color histograms alongside CNN-derived
embeddings, resulting in improved accuracy, reaching up to 99% [60].

4.7. Future Directions

Several promising avenues for future research emerge from this work. The investiga-
tion of ensemble methods combining multiple architectures could leverage the strengths of
each model while mitigating their individual limitations. For instance, integrating the ro-
bustness of DenseNet121 with the efficiency of MobileNetV2 may enhance both diagnostic
performance and deployment feasibility. Ensembles can also improve the generalizability
of diagnostic algorithms to diverse lesion types and clinical environments [61-63].

The exploration of few-shot learning techniques offers another promising direction,
particularly for addressing rare skin conditions underrepresented in existing datasets. Few-
shot learning could enable models to adapt quickly to new classes with minimal labeled
data, thereby broadening the scope of automated skin lesion classification and improving
diagnostic inclusivity.

Image resolution remains a critical consideration for enhancing diagnostic accuracy.
The current study utilized images resized to 224 x 224 pixels to optimize computational
efficiency, but this resolution may fail to capture finer details essential for differentiating
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challenging cases, such as atypical nevi or other pigmented lesions. Future research
should explore the use of higher-resolution images, such as 1000 x 1000 pixels, which
are more reflective of real-world clinical imaging practices. Combining high-resolution
inputs with adaptive preprocessing pipelines can optimize image quality and maintain
computational feasibility.

Integrating contextual information and patient metadata—such as age, lesion location,
clinical history, and family history of melanoma—can significantly enhance diagnostic
accuracy. These factors, combined with image-based analysis, would provide more person-
alized and context-aware predictions, particularly for high-risk individuals with a strong
pretest probability of melanoma.

Advanced visualization techniques can also play a pivotal role in improving model
interpretability. Developing heatmaps or saliency maps to highlight regions of interest
within an image can provide clinicians with valuable insight into the rationale behind
model predictions. Such transparency will foster trust in Al-driven diagnostics and support
clinical decision making.

Finally, future research should focus on expanding datasets to include a broader range
of lesion types, such as atypical nevi and non-nevus pigmented neoplasms (e.g., dermatofi-
bromas, lentigines, and seborrheic keratoses). Including these lesion types would enable
the development of more comprehensive multi-class classification frameworks, addressing
key gaps in current diagnostic capabilities. By adopting these strategies, advancements in
deep learning for melanoma detection can better align with the complexities of real-world
clinical practice and provide more robust tools for clinicians.

5. Conclusions

This study highlights the transformative potential of convolutional neural networks
(CNN’s) in melanoma detection, demonstrating their ability to achieve high diagnostic accu-
racy and efficiency in differentiating malignant melanoma from benign nevi. DenseNet121
emerged as the top-performing architecture, achieving the highest accuracy (92.30%) and
an AUC of 0.951, making it suitable for applications requiring precise classification. Mean-
while, MobileNetV2 demonstrated the best balance between accuracy (92.19%) and compu-
tational efficiency, with the smallest model size (9.89 MB) and fastest inference time (23.46
ms), offering an ideal solution for resource-constrained environments or mobile diagnostics.
These findings underscore the versatility of CNNs in meeting the diverse demands of
clinical and point-of-care applications, where both accuracy and efficiency are critical.

Despite these advancements, challenges remain, including the need to address dataset
biases, model interpretability, and class imbalances. Future research should explore hybrid
and ensemble models to combine the strengths of multiple architectures while leveraging
alternative approaches like vision transformers and adaptive preprocessing pipelines to
further enhance diagnostic accuracy. The successful integration of Al-driven systems
into clinical workflows will require robust validation, clinician-focused training, and
mechanisms for explaining model predictions. By addressing these challenges, CNNs
can be effectively deployed to complement dermatological expertise, improving early
melanoma detection and, ultimately, enhancing patient outcomes.
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Simple Summary

Cancers often tend to occur at a higher rate in rural and remote communities due to
various reasons. Identifying these cancer hotspots will assist in adequate resourcing of
such hotspots. This study was conducted to identify head and neck cancer hotspots in
Queensland (QLD), Australia, based on the historical data collected by the cancer register
and employing a specialized Bayesian mapping approach. The findings of this study
suggested that many rural and remote regions in QLD experience significantly higher head
and neck cancer incidence rates and death rates when compared to the QLD state average
rates and their surrounding regions. Additionally, a generalized increasing trend of head
and neck cancers was noted across the studied period (1982-2018). Although the precise
reasons for this increasing trend over time are unclear, a range of factors, such as distance
from the tertiary hospitals, lack of awareness of risk factors, behavioral and lifestyle factors,
and delayed diagnosis, may be considered to contribute. Our study successfully utilized a
robust method to identify head and neck cancer hotspots and will aid in supporting the
community and healthcare providers in the region with additional resources to prevent
and manage cancer.

Abstract

Background: The Bayesian mapping approach has not been used to identify head and neck
cancer hotspots in Australia previously. This study aims to identify rural communities
at risk of head and neck cancer (HNC) for targeted prevention programs. Methods:
This study included data from 23,853 cases recorded in the Queensland Cancer Register
between 1982 and 2018. Outcomes for mapping included incidence, overall mortality, 3-year
mortality, and 5-year mortality. Local government areas (LGAs) with a general population
aged 15 years and above (according to 2016 census data from the Australian Bureau of
Statistics) were utilized for mapping. Results: Of the 59 LGAs with higher-than-average
risk, 22 predominantly rural and remote LGAs showed statistically significant higher risks
of head and neck cancer occurrence. Estimated median standardized mortality ratios (SMRs)
ranged from 0.57 to 3.44 and were higher than the state average in 38 LGAs. Four LGAs
had the highest mortality—the Shires of Quilpie, Yarrabah, Murweh, and Hinchinbrook.
Conclusions: Whilst reasons for some LGAs exhibiting higher HNC are unknown, Bayesian
mapping highlights these rural and remote regions as worthy of further investigation. In
conclusion, the Bayesian disease mapping approach is effective in identifying high-risk
communities for HNC. Findings from this study will aid in designing targeted screening
and interventions for the prevention and management of head and neck cancer in regional
and remote communities through support services such as a cancer navigator.

Cancers 2025, 17, 819 https://doi.org/10.3390/ cancers17050819
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1. Introduction

Cancers in the head and neck (HNC) region are known to originate from the mucosal
lining of the oral cavity, oropharynx, hypopharynx, larynx, nasopharynx, and sinonasal
tract [1]. HNCs are the seventh most common type of cancer in the world, with 660,000 new
cases accounting for 5% of total global cancer cases [2,3].

In Australia, 95% of head and neck cancers are squamous cell carcinomas (SCCs)
involving the mucosa of the oral cavity, pharynx, and larynx and account for 2-3% of all
cancers annually [4,5]. The highest rates of HNC are reported among people living in the
Northern Territory with a significant proportion of communities being Aboriginal people
and living in rural and remote areas of the state [6]. HNC is known to be a lethal form of
cancer as over 50% of diagnosed cases are often diagnosed in the advanced stages of the
disease [7]. It is more common in males than females in Australia, and oropharyngeal cancer
accounts for nearly 3% of all cancer types [7,8]. Generally, the survival rates are higher due
to advancements in treatment approaches and better access in urban areas, but there is a
significant reduction in the survival rates of the rural population due to limited access to
tertiary care in rural and remote regions [7,9,10]. Additionally, head and neck cancer 10-year
observed survival rate for Indigenous Australians (26.5%) is significantly lower than that
for non-Indigenous Australians (47.4%), which is a concerning finding [11]. Particularly,
Indigenous people living in regional areas are more likely to be diagnosed at an advanced
stage of cancer and less likely to receive optimal treatment due to a lack of awareness about
the severity of the disease and limited access to healthcare facilities [10,12,13]. This puts the
already disadvantaged population at high risk, warranting further screening, education,
and awareness programs to facilitate early detection and treatment, thereby improving the
overall quality of life.

Bayesian disease mapping is a specialized epidemiological approach used to identify
and quantify variations and patterns of diseases among small population areas in a country
or state [14,15]. Compared to traditional methods of estimating incidence and mortality ra-
tios in small areas that can provide a value of zero or be susceptible to misinterpretations in
areas with small populations, the Bayesian model can provide reliable incidence/mortality
estimates by combining observed data (likelihood function) and predicted uncertainty as a
measure of one’s belief for the estimates before the data are analyzed (prior distribution).
This approach has been an effective aid in identifying communities at higher risk of HNC,
so that resources and targeted public health screening and healthcare interventions can be
optimally planned [14]. Our research team used the Bayesian mapping approach on oral
and oropharyngeal carcinomas in Australia recently [16]. However, this approach has not
been used to identify HNC hotspots in any of Australia’s states with a dataset containing
36 years of cancer data. Hence, this retrospective study was conducted to map and identify
HNC hotspots in Queensland, Australia, using the Bayesian mapping approach.

2. Material and Methods
2.1. Data Collection

Data held by the Queensland Cancer Register (QCR) was accessed for the period 1982-
2018 after relevant approvals from the Human Research Ethics Committee at James Cook
University (#18609) and Queensland Health under the Public Health Act 2005. All the
data were managed within the Australian Code for the Responsible Conduct of Research.
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2.2. Data Analysis

Descriptive statistics were performed and presented as tables and text. Head and neck
cancer was broadly classified based on its location into cancers involving the external lip,
oral cavity, oropharynx, nasopharynx, hypopharynx, larynx, nasal cavity, paranasal sinuses,
and salivary glands. This was conducted according to the International Classification of
Diseases (ICD-10) codes C00-C14, C30.0, C31, and C32. Outcomes for mapping included
the incidence, overall mortality, 3-year mortality, and 5-year mortality of head and neck
cancers in Queensland, Australia. Queensland suburbs and localities (SSC) were the
spatial units in the original cohort dataset extracted. These SSCs were used to generate
higher areal data at the level of the local government areas (LGAs, n = 78) from the 2016
Australian census.

To calculate the expected incidence and mortality of head and neck cancer, this study
used the LGA population of individuals aged above 15 years based on the 2016 census
data recorded by the Australian Bureau of Statistics [1]. The binary adjacency matrix
for determining neighborhood dependence and common land boundaries was created
using GeoDa (v1.20) with the rook definition. One LGA (Mornington Shire) did not have
neighbors during adjacency matrix creation since it comprises islands with no common
land boundary. In line with previous adjustments performed for islands in Australia by
Duncan et al. [17], the closest neighbor, i.e., Burke Shire, was manually assigned by the
team before spatial analysis.

The spatial modeling approach, parameter selection, hyperprior selection, and sensi-
tivity analysis were inspired by our previous analysis of oral cancer data in Hong Kong
and Queensland [14,16,18]. In detail, the fully Bayesian method was used to estimate the
adjusted incidence and mortality of head and neck cancer, which was implemented using
the Gibbs sampling type of Markov Chain Monte Carlo (MCMC) algorithm to sample
parameter estimates. Also, a single Markov chain was run for incidence and mortality
models. The Besag, York, and Mollie (BYM) method was used to model the incidence
and mortality of head and neck cancer. The overall risk effect was assigned vague nor-
mal distributions with a mean of 0 and a variance of 10°, and conditional autoregressive
(CAR) priors were specified to model spatial effects. Noninformative gamma-distributed
hyperpriors were also specified in the CAR priors and unstructured effects of the BYM
model. The rationale for selecting the BYM method was according to our previous spatial
analysis for oral cancer [18], where the model had a lower deviance information criterion
and Watanabe—-Akaike information criterion compared to the Leroux model.

Overall, 500,000 iterations were conducted with a thinning interval of 20 to ensure
independent estimates were sampled. For the incidence and mortality models, the chain
had a burn-in of 300,000 iterations to ensure that all nodes converged. The 200,000 iterations
that followed were then taken, leading to a sample size of 10,000 estimates. The convergence
of the Markov chain was assessed by visualizing the trace, density, and autocorrelation
plots and using Geweke’s convergence diagnostics.

Median estimates of smoothed incidence and mortality risks were used to draw
choropleth maps using the open-source geometry data and shapefiles obtained from the
Queensland Government Open Data Portal [19]. LGA boundaries information was also
provided by the Queensland Government Department of State Development, Infrastructure,
Local Government, and Planning (https://www.statedevelopment.qld.gov.au/__data/
assets/pdf_file/0019 /42454 /local-government-area-boundaries.pdf, accessed on 20 July
2024). Spatial clustering or variation was assessed using the global and local indicator
of spatial autocorrelation (LISA)/local Moran’s I test, as its sensitivity for quantifying
autocorrelation in cancer incidence/mortality estimates have been shown in previous
studies [14,16,18,20]. The probability values of these tests were then estimated using Monte
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Carlo randomization with 99,999 permutations. When defining spatial clusters or outliers,
the lower limit of the 95% credible interval of the smoothed median relative risks was used
to determine areas with statistically significant high or low risk for oral cancer incidence
and mortality. Statistical and spatial analyses as well as cartography were performed in
SPSS v27, R statistical software, WinBUGS, and GeoDa v1.20.

3. Results
3.1. Patient Cohort

In total, 23,917 patients with head and neck cancers were diagnosed and treated
between 1982 and 2018 in Queensland, Australia. Of these, sixty-four patients were
excluded from further analysis due to the following reasons: patients aged below 15 years
(n = 5), patients with branchial cleft tumors (n = 2), and patients with tumors involving
unspecified head and neck sites (n = 57). Consequently, 23,853 patients with HNC were
included in the spatial analysis. The age of included patients ranged from 15 to 105 years
with a median age (IQR) of 62 (53-71) years. Most patients were between 40 and 64 years
old (50.6%), and more males than females (77.5% vs. 22.5%) were noted in the cohort
(Table 1). Regarding the site of occurrence, most participants presented with lip cancer
(27.3%), oral cavity cancer (25.8%), oropharyngeal cancer (21.5%), and laryngeal cancer
(16.9%). As of 1 May 2022, only 40.8% of the patients were alive, and patients’ survival
times ranged from <1 month to 483 months with a median survival time (IQR) of 81
(27-162) months. Furthermore, 8338 patients (35%) died within five years, while 6714
(28.2%) patients died within three years of their diagnosis. Longitudinal trends of head
and neck cancer incidence and mortality rates from 1982 to 2018 are shown in Figures 1
and 2. Head and neck cancer incidence was the highest in 2008, with 29.3 new cases per
100,000, while head and neck cancer mortality was the highest in 2004 (17.3 per 100,000)
and 2014 (17.2 per 100,000).

Table 1. Patient cohort characteristics.

Variable Category N (%)
<40 years 1349 (5.7)
Age 40-64 years 12,077 (50.6)
>65 years 10,427 (43.7)
Female 5362 (22.5)
Gender Male 18,491 (77.5)
Lip 6512 (27.3)
Oral cavity 6166 (25.8)
Oropharynx 5118 (21.5)
. Nasopharynx 334 (1.4)
Tumor site HypoI}))har}}ll?lx 1261 (5.3)
Larynx 4024 (16.9)
Nasal cavity and paranasal sinuses 374 (1.6)
Salivary glands 64 (0.3)
Well differentiated 4878 (20.5)
Moderately differentiated 10,985 (46.1)
Tumor grade Poorly differentiated 4305 (18.0)
Undifferentiated 84 (0.4)
Unknown 3601 (15.1)
Alive 9721 (40.8)
Status Dead 14,132 (59.2)
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Figure 1. Longitudinal trend of head and neck cancer incidence in Queensland from 1982 to 2018.
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Figure 2. Longitudinal trend of head and neck cancer mortality in Queensland from 1982 to 2018.

3.2. Incidence Risk Mapping

HNC incidence mapping included 23,853 patients residing in Queensland. The median
smoothed standardized incidence ratio (SIR) estimated relative to the population differences
in the LGAs ranged from 0.48 in Palm Island Aboriginal Shire to 2.74 in Quilpie Shire
(Figure 3A). In comparison to the Queensland average median SIR (1.00), 59 LGAs had a
higher risk; however, considering the lower limit of the 95% credible interval (CI), 22 LGAs
had significantly higher risks of head and neck cancer occurrence (supplementary data).
Twelve LGAs had higher incidence risks exceeding 100% of the Queensland average, while
30 LGAs had incidence risks that were between 1% and 100% higher than the state average.
Only Murweh Shire had median smoothed SIR estimates and a 95% CI that was consistently
higher than 100% of the Queensland average (2.61 [2.03-3.28]).
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Figure 3. Bayesian smoothed median SIR maps for (A) head and neck cancer incidence relative risks
in all 78 Queensland LGAs, (B) head and neck cancer incidence relative risks among females in all
78 Queensland LGAs, and (C) head and neck cancer incidence relative risks among males in all
78 Queensland LGAs.

On stratifying head and neck cancer by gender, the median smoothed SIRs for females
and males ranged from 0.73 to 1.87 and from 0.54 to 2.80, respectively (Figure 3B,C). For
females, 11 LGAs had a significant incidence risk, all of which had median smoothed SIRs
between 1% and 100% higher than the average risk (1.16-1.87). The highest incidence risks
were observed in Mount Isa City (1.87 [1.38-2.49]). For males, 42 LGAs had significantly
higher excess incidence risks than the state average, with a risk distribution similar to that
of the total head and neck cancer patients (supplementary data). Twenty-six LGAs had
median smoothed SIRs that were between 1% and 100% higher than the state average,
while 16 LGAs had a median SIR > 100% of the state average. Likewise, only Murweh Shire
had a median smoothed SIR and a 95% CI that was consistently above 100% of the state
average (2.69 [2.05-3.49]).

3.3. Incidence Risk Mapping by Different Anatomical Sites

Different patterns in the incidence risk distributions among various LGAs were ob-
served based on the anatomical sites affected by cancer (Figure 4A-F). For lip cancers,
median smoothed SIRs ranged from 0.34 to 3.41. Twenty-seven LGAs had a significantly
higher incidence risk of lip cancer compared to the Queensland average. Of these LGAs,
13 had excess relative risks between 1% and 100% higher than the state average (1.27-1.77),
while 14 had relative incidence risks exceeding 100% of the state average (2.12-3.41). Only
Murweh Shire (3.41 [2.33-4.89]) and Maranoa Regional Council (2.88 [2.22-3.71]) had in-
cidence risks that were constantly higher than 100% of the state average according to the
lower limit of the 95% credible interval.

Regarding laryngeal cancers, the median smoothed SIR ranged between 0.65 and 2.23
(Figure 4B). Likewise, 33 LGAs had a significantly higher incidence risk for this cancer
relative to their total populations and the Queensland average. Only 4 of 33 LGAs had
median smoothed SIRs that were above 100% of the state average (2.02-2.23). These LGAs
in ascending order of incidence risk distribution were Burdekin Shire, Hinchinbrook Shire,
Torres Shire, and Yarrabah Aboriginal Shire. Likewise, 29 LGAs had higher incidence risks
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ranging between 1% and 100% (1.21-1.95). No LGA had consistent incidence risk estimates
exceeding 100% of the state average.
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Figure 4. Bayesian smoothed median SIR maps for (A) lip cancer incidence risks in 78 Queensland
LGAs, (B) laryngeal cancer incidence risks in 78 Queensland LGAs, (C) nasopharyngeal cancer
incidence risks in 78 Queensland LGAs, (D) hypopharyngeal cancer incidence risks in 78 Queensland
LGAs, (E) incidence risks for nasal cavity and paranasal sinus malignancies in 78 Queensland LGAs,
and (F) salivary gland cancer incidence risks in 78 Queensland LGAs.

The distribution of median smoothed estimates for nasopharyngeal cancer incidence
in Queensland is shown in Figure 4C. Incidence estimates for this cancer type ranged from
0.62 to 2.50. Only three LGAs (Mareeba Shire, Hinchinbrook Shire, Douglas Shire) had a
significantly higher risk of nasopharyngeal cancer incidence above the state average. The
median smoothed SIR of these LGAs was from 1.84 to 2.02, and none of them consistently
had higher excess relative risks above 100% of the state average (supplementary data).

Incidence risks for hypopharyngeal cancers (Figure 4D) were found to be between
0.69 and 2.04. Nineteen LGAs had significantly higher median smoothed SIR estimates for
this cancer type. Seventeen out of 19 LGAs had median incidence estimates between 1%
and 100% higher than the state average risk (1.41-1.93), while two LGAs (Hinchinbrook
Shire and Northern Peninsula Area Regional Council) had median incidence estimates
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above 100% higher than the state average risk (2.00-2.04). None of the significant LGAs had
credible intervals with the same risk distribution as the median incidence risk estimates.

The median smoothed SIR for nasal cavity and paranasal sinus cancers, as well as sali-
vary gland cancers, was from 0.87 to 1.28 and 0.75 to 1.28, respectively (Figure 4E,F). None
of the LGAs had significant incidence risks of these malignancies that were consistently
higher than the Queensland average. Thus, these malignancies have low or equivocal risks
in the different LGAs of Queensland.

3.4. Autocorrelation Analysis for Head and Neck Cancer Incidence

Global Moran’s I (GMI) scatter plots for the incidence risk estimates are shown in
Figure 5A-H. The overall incidence risk displayed a significant positive spatial autocorre-
lation of 0.285 (p < 0.001), which was also observed among males (GMI statistic = 0.353;
p < 0.001). The different cancer types also displayed significant spatial clustering with a
GMI statistic that ranged from 0.624 for nasal cavity and paranasal sinus cancers to 0.889
for hypopharyngeal cancers (p < 0.001).
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Figure 5. Scatter plots for global Moran’s I estimation for (A) median smoothed SIRs of head and
neck cancer in 78 Queensland LGAs, (B) median smoothed SIRs of head and neck cancer among
males in 78 Queensland LGAs, (C) median smoothed SIRs of lip cancer in 78 Queensland LGAs,
(D) median smoothed SIRs of laryngeal cancer in 78 Queensland LGAs, (E) median smoothed SIRs of
nasopharyngeal cancer in 78 Queensland LGAs, (F) median smoothed SIRs of hypopharyngeal cancer
in 78 Queensland LGAs, (G) median smoothed SIRs of nasal cavity and paranasal sinus cancers in
78 Queensland LGAs, and (H) median smoothed SIRs of salivary gland cancer in 78 Queensland
LGAs. Dotted lines in the scatter plots represent the x and y axes of the cartesian plane.

Further analysis to identify spatial clusters and outliers found that higher head and
neck cancer incidence risks were clustered around Longreach and Tablelands Regional
Councils as well as Mareeba Shire (Figure 6A). In addition to the aforementioned LGAs,
Western Downs and Cairns Regional Councils also formed high-risk spatial clusters with
their neighbors for head and neck incidence among males (Figure 6B).
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Figure 6. Local index of spatial autocorrelation (LISA) maps for (A) significant median smoothed
SIRs of head and neck cancer in 78 Queensland LGAs, (B) significant median SIRs of head and
neck cancer among males in 78 Queensland LGAs, (C) significant median smoothed SIRs of lip
cancer in 78 Queensland LGAs, (D) significant median smoothed SIRs of laryngeal cancer in 78
Queensland LGAs, (E) significant median smoothed SIRs of nasopharyngeal cancer in 78 LGAs,
and (F) significant median smoothed SIRs of hypopharyngeal cancer in 78 Queensland LGAs. The
terminology “high-high” denotes areas of high incidence located adjacent to another high-incidence
area. Similarly, “low-high” denotes areas of high incidence located adjacent to an area with low
incidence, and so on.

Fourteen LGAs that formed significant high-risk clusters for lip cancer were identified
along with some of their neighbors (Figure 6C). These included Blackall Tambo, Central
Highlands, Goondiwindi, Longreach, Maranoa, Toowoomba, and Western Downs Regional
Councils, as well as Barcaldine, Banana, Balonne, Murweh, Paroo, Quilpie, and Bulloo
Shires. Likewise, 12 significant high-risk LGA clusters were identified for laryngeal cancers,
which included Etheridge Shire, Flinders Shire, Mareeba Shire, McKinlay Shire, Richmond
Shire, Winton Shire, Carpentaria Shire, Cloncurry Shire, Croydon Shire, Cairns Regional
Council, Charters Towers Regional Council, and Tablelands Regional Council, as well as
some of their neighbors (Figure 6D).

Mareeba Shire was the only LGA that formed high-risk clusters with some of its
neighbors regarding nasopharyngeal cancer incidence (Figure 6E). For hypopharyngeal
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cancer, five high-high spatial clusters were found which included Mareeba, Douglas,
Cloncurry, and Carpentaria Shires, as well as Tablelands Regional Council (Figure 6F).
Low-low spatial clusters were only identified for the incidence risks of nasal cavity and
paranasal sinus malignancies as well as salivary gland cancers.

3.5. Mortality Risk Mapping

Choropleth maps based on the median smoothed standardized mortality ratio (SMR)
of head and neck cancer in Queensland are shown in Figure 7A-C. The median smoothed
SMR for head and neck cancer overall mortality was from 0.57 to 3.44. Thirty-eight LGAs
had significantly higher-than-state-average (SMR = 1.00) mortality risks. Furthermore,
21/38 LGAs had higher median smoothed SMRs, which were between 1% and 100% over
the state average (1.09-1.91), while 17 LGAs had mortality estimates that were above
100% of the state average (2.03-3.44). Of these LGAs with the highest mortality estimates,
Quilpie Shire (3.44 [2.07-5.58]), Yarrabah Aboriginal Shire (3.17 [2.05-4.67]), Murweh Shire
(3.08 [2.28-4.07]), and Hinchinbrook Shire (2.54 [2.06-3.09]) consistently displayed credible
intervals that were also >100% of the state average.

RR_MORT_HN
<1.01 (16)
[1.01, 1.50) (30)

[ [1.50, 2.00] (15)

[ (2.01, 2.50] (6)

I > 250 (11)

RR_SMOR_HN
<1.01(12)
[1.01, 1.50) (24)

[ [1.50, 2.00] (17)

B (2.01,2:50] (7)

I >250(18)

Figure 7. Bayesian smoothed median SMR maps for (A) head and neck cancer overall mortality risks
in all 78 Queensland LGAs, (B) head and neck cancer five-year mortality risks in all 78 Queensland
LGAs, and (C) head and neck cancer three-year mortality risks in all 78 Queensland LGAs.

Regarding the five-year mortality of head and neck cancer in Queensland (Figure 7B),
median smoothed SMRs ranged from 0.59 to 5.09 with 41 LGAs having significant mortality
risks. Also, 23 of 41 LGAs had median smoothed SMRs that were > 100% higher than
the state average (2.12-5.09; supplementary data). Considering the 95% Cls, the highest
mortality risks five years after cancer diagnosis were observed in Yarrabah Aboriginal Shire
(5.09 [3.23-7.58]), Cook Shire (3.39 [2.37-4.74]), Murweh Shire (3.07 [2.10-4.31]), Mount Isa
City (2.77 [2.25-3.38]), and Hinchinbrook Shire (2.69 [2.08-3.44]).

Further stratification based on mortality three years after diagnosis produced median
smoothed SMRs that ranged from 0.60 to 5.64. Of the 78 LGAs, 40 had a significantly
higher risk of mortality from head and neck cancers 3 years following diagnosis. Also,
23 of the 40 LGAs with significant mortality risks had a risk level that was above 100%
of the Queensland average (2.23-5.64). The highest 3-year mortality risks considering
the credible intervals and population distribution were observed in seven LGAs. These
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included Yarrabah Aboriginal Shire (5.64 [3.50-8.63]), Cook Shire (3.44 [2.37-4.90]), Winton
Shire (3.40 [2.00-5.76]), Carpentaria Shire (3.21 [2.00-5.08]), Murweh Shire (3.10 [2.07-4.52]),
Mount Isa City (2.93 [2.33-3.62]), and Hinchinbrook Shire (2.69 [2.02-3.53]).

3.6. Autocorrelation Analysis for Head and Neck Cancer Mortality

The three mortality measures (i.e., overall mortality, 5-year mortality, and 3-year
mortality) each showed a significant positive spatial autocorrelation with GMI statistics
that ranged from 0.360 to 0.442 (p < 0.001; Figure 8A-C).
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Figure 8. Scatter plots for global Moran’s I estimation for (A) median smoothed overall SMRs of head
and neck cancer in 78 Queensland LGAs, (B) median smoothed five-year SMRs of head and neck
cancer in 78 Queensland LGAs, and (C) median smoothed three-year SMRs of head and neck cancer
in 78 Queensland LGAs. Dotted lines in scatter plots represent the x and y axes of the cartesian plane.

Further, local index of spatial autocorrelation (LISA) maps for each of the mortality
estimates are presented in Figure 9A-C. Three LGAs (Longreach, Western Downs, and Clon-
curry Shire) and their neighbors formed high-risk clusters for overall head and neck cancer
mortality. For five-year mortality, LISA analysis identified four significant high-risk LGA
clusters around Cairns, Longreach, Carpentaria Shire, and Cloncurry Shire (Figure 9B). Fur-
thermore, in addition to these four LGAs, three more LGAs, i.e., Mareeba Shire, Tablelands
Regional Council, and Charters Towers Regional Council, formed significant high-risk
mortality clusters with their neighbors regarding the three-year mortality of head and neck
cancer (Figure 9C).
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Figure 9. Local index of spatial autocorrelation (LISA) maps for (A) significant median overall SMRs
of head and neck cancer in all 78 Queensland LGAs, (B) significant median five-year SMRs of head
and neck cancer in all 78 Queensland LGAs, and (C) significant median smoothed three-year SMRs
of head and neck cancer in all 78 Queensland LGAs.

4. Discussion

Cancer is a serious and increasing health issue worldwide, including some forms
of HNC expected to increase by up to 70% in case numbers and by 84% in mortality
among men by 2050 [21]. In Australia, the state-level cancer registries collate data around
individual states and territories, but detailed analyses of this data are minimal. In our
current study, which is Australia’s largest on HNC, a detailed analysis of the Queensland
Cancer Register data from 1982 to 2018 identified 23,853 adult HNC patients and were
mapped for incidence and mortality using the Bayesian approach.
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The Bayesian statistical approach is a reliable and established methodology used to
map disease incidence and mortality risk within well-defined geographic regions employ-
ing LGAs or suburbs as units [14,16]. This retrospective study was the first in Australia to
map the head and neck cancer hotspots in Queensland state, Australia, using the Bayesian
disease mapping approach. Our study showed that at least 22 LGAs had a significantly
higher risk of HNC occurrence, with 12 LGAs having incidence risks above 100% of the
Queensland average. Most of the LGAs affected are rural or remote communities.

Demographic factors such as gender are known to influence HNC incidence. Previ-
ously, the Northern Territory has reported that approximately five times higher in males
compared to females [22]. In our study, HNC incidence was strongly influenced by gender,
with median smoothed SIRs for females and males ranging from 0.73 to 1.87 and from
0.54 to 2.80, respectively (Figure 3B,C). A recent retrospective study using the Queensland
Oncology Repository (QOR), managed by Cancer Alliance Queensland, focused on data
from 2013 to 2015 and reported that 77.7% of HNC patients were men, with 45% being over
65 years of age [23]. These findings align with our study, which found that 77.5% were
men, and 43.7% were over 65 years of age. Additionally, marital status has been reported
to have a protective effect against metastatic HNC, with married people being less likely
to present with metastasis and more likely to receive treatment leading to better survival
rates [24]. Similar trends of better outcomes for married people were identified in other
studies on cancer in general, and specifically on oral cancer [25-27].

Head and neck cancers have previously been reported to have a significant association
with treatment-related morbidity and mortality [9]. Our recent study on cancer dataset, fo-
cusing on oral cancers (a major subset of HNC), showed that mortality rates have increased
in recent years, which can be attributed to factors such as delayed diagnosis and reduced
access to services in regional areas of Australia [7]. Additional factors contributing to poorer
outcomes after HNC treatment include tumor characteristics and the type and intensity
of radiotherapy received, as well as a history of heavy alcohol consumption and limited
access due to residence in rural and remote areas [9,23,28,29]. Furthermore, rural residents
were reported to travel for treatment and to seek readmission at a different facility from the
one that provided the initial treatment [23]. This may be due to the need for frequent travel
from rural and remote areas resulting in economic, emotional, and relationship strains [9].
Rurality was also linked to non-treatment for diagnosed HNC in this study, with metropoli-
tan people (9.1%) being less likely to go untreated compared to their rural counterparts
(13.7%). This may partly explain the lower overall 2-year survival rates noted in rural
cases compared to metropolitan cases (88.7% vs. 75.4%) [23]. Another study involving the
Victorian cancer registry explored the role of area-level socio-economic disadvantage on
29 different types of cancers and concluded that 21 types had lower survival rates in more
disadvantaged areas [30]. In the case of HNC, inequalities persisted and worsened over
the entire period studied (2001-2015), in contrast to many other types of cancers, which
showed narrowing disparities [30].

Early detection, prompt referral, and optimal treatment of HNC patients are critical for
the commencement of appropriate therapy. In the Australian context, general practitioners
(GPs) are invariably the first point of contact for the population and play a pivotal role in
fulfilling various functions throughout the cancer care continuum, including facilitating
screening and diagnosis, referrals, overseeing the coordination of care delivery, managing
the adverse effects of cancer treatment, ensuring survivorship support, and providing
palliative care [30-32]. In a recent study exploring the geographic variations in referral
practices for patients with suspected HNC in two primary healthcare networks in New
South Wales, it was reported that the availability of services was a major factor influencing
referral decisions among regional GPs, in contrast to patient symptoms being the key
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factor for metro GPs [32]. Additionally, less than half of the GPs felt that specialists could
examine suspected HNC cases within 2 weeks of referral in regional areas, compared to
70% in metro areas [32]. Similar barriers may be expected in regional QLD, which could, in
part, explain higher mortality rates in regional areas as reported in our study.

Holistic management of HNC patients typically involves a multidisciplinary team
(MDT) of health professionals delivering clinical care focused on therapeutic and support-
ive interventions [33]. MDTs are known to significantly improve patient adherence and
compliance with therapies by preventing or reducing side effects, thereby contributing to
better clinical outcomes [34]. However, access to MDTs for rural and regional communities
is often challenging and limited due to ongoing health workforce recruitment and retention
issues in most countries, including Australia [35-38]. In this context, the role of cancer or
health navigators, particularly in disadvantaged communities, can be a vital link between
cancer patients and medical providers in rural and remote communities [39-42]. In some
countries, this role is well established and often performed by a nurse, while in others,
non-medical professionals provide support to cancer patients [43-45]. In Australia, a critical
need for cancer navigators embedded within Aboriginal communities (often residing in
rural and remote locations) has been highlighted in multiple studies [46-48]. With the new
Australian Cancer Nursing and Navigation Program announced recently, expanding the
scope of culturally safe programs is warranted [49]. Particularly, the inclusion of activities
around improving cancer awareness within these communities and the implementation of
navigator-led preventive programs within the Aboriginal communities can contribute to
reducing health inequities.

This is the first study in Australia using the Bayesian approach to identify head and
neck cancer hotspots. The dataset utilized in this study was obtained from the QCR, a
comprehensive register maintained by Cancer Alliance Queensland. This is the largest
population-based cancer registry in Australia and is a unique resource that receives manda-
tory notifications from all public and private hospitals, nursing homes, and pathology
laboratories. Hence, the analyzed data represent the most comprehensive dataset that
provides an accurate record of cancer in Queensland since its inception in 1982. In contrast,
the interactive Australian Cancer Atlas (v2.0) is accessible online and covers a subset of
the data across all cancers reported in Australia, including data from 2010 to 2019 for head
and neck cancers’ survival rates and diagnosis (https://atlas.cancer.org.au/, accessed on
15 February 2025). However, there are some limitations noted within this retrospective
study. The dataset is limited to Queensland state and covers the period from 1 January
1982 to 31 December 2018, making it challenging to generalize trends noted in QLD for the
rest of Australia’s states and territories. Also, the diagnosis of HNC was based purely on
cases with recorded histological evidence of the type and location of cancer. Additionally,
the dataset did not record lifestyle behaviors such as smoking and alcohol consumption
history among patients diagnosed with any type of cancer. The lack of this data may
limit the conclusions drawn in this study since lifestyle factors have a significant effect
on the incidence of multiple head and neck cancers across the region studied. Hence,
future studies will need to involve a more comprehensive dataset with potential linkage to
different datasets held by multiple custodians, such as the Australian Institute of Health
and Welfare, state-level cancer registers, and hospital admissions data.

5. Conclusions

This paper confirms the effectiveness of identifying at-risk populations for head and
neck cancer within Queensland using the Bayesian disease mapping approach. Further-
more, this modeling has also been able to identify the short-term and overall mortality
rates of head and neck cancer within QLD so that targeted prevention programs and
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interventional strategies can be designed and delivered at the community level identi-
fied as at-risk or hotspots, predominately in rural and remote regions. The utilization
of cancer navigators to deliver holistic cancer care can be expanded to improve cancer
awareness in high-risk regions, thereby enhancing the quality of care and access to services
in regional communities.
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Simple Summary

Confidence interval estimation of discrimination improvement measures, including the
area under the receiver operating characteristic curve, the net reclassification index, and
the integrated discrimination improvement, is an area of ongoing research. The most com-
mon confidence interval estimation methods employ normal theory. Literature suggests
that degeneration of the normal assumption under the null hypothesis exists, and normal
theory confidence intervals estimated may be invalid. Bootstrapped confidence intervals
do not rely on normal theory assumptions. We examine the performance of discrimina-
tion improvement measures in both the logistic and survival regression context through
simulation. Normal theory intervals are only appropriate with a strong effect size of the
added parameter, and the percentile bootstrap interval exhibits reasonable coverage while
maintaining the shortest width in nearly all simulated scenarios, making this interval the
most reliable choice. The intent is that these recommendations improve the accuracy in the
estimation and the overall assessment of discrimination improvement.

Abstract

Background/Objectives: Proper confidence interval estimation of the area under the re-
ceiver operating characteristic curve (AUC), the net reclassification index (NRI), and the
integrated discrimination improvement (IDI) is an area of ongoing research. The most
common confidence interval estimation methods employ asymptotic theory. However,
developments demonstrate that degeneration of the normal distribution assumption under
the null hypothesis exists for measures such as the change in AUC (AAUC) and IDI, and
confidence intervals estimated under the normal distribution assumption may be invalid.
We aim to study the performance of confidence intervals derived assuming asymptotic
theory and those derived with non-parametric bootstrapping methods. Methods: We
examine the performance of AAUC, NRI, and IDI in both the logistic and survival regres-
sion context. We explore empirical distributions and compare coverage probabilities of
asymptotic confidence intervals with those produced from bootstrapping methods through
simulation. Results: The primary finding in both the logistic framework and the survival
analysis framework is that the percentile Cls performed well regarding coverage, without
compromise to their width; this finding was robust in most scenarios. Conclusions: Our
results suggest that the asymptotic intervals are only appropriate when a strong effect
size of the added parameter exists, and that the percentile bootstrap interval exhibits
at least a reasonable coverage while maintaining the shortest width in nearly all simu-
lated scenarios, making this interval the most reliable choice. The intent is that these
recommendations improve the accuracy in the estimation and the overall assessment of
discrimination improvement.
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1. Introduction

In the pursuit of eradicating cancer, a key area of research is cancer prevention and
control. Both observational and treatment trials may assess collected patient risk factors
for their associations with cancer survival outcomes, such as objective tumor response,
progression-free survival, and overall survival. Cancer risk prediction models can be
developed and utilized by health care providers to assess a patient’s risk of developing
cancer given specific patient characteristics. An example of a model used for breast cancer
risk assessment is the National Cancer Institute’s Breast Cancer Risk Assessment Tool
(BCRAT), which was originally developed by Mitchell Gail and known as the Gail Model [1].

It is important that established risk prediction models are accurate, reliable, and robust
for their application in the population at-risk for cancer development or recurrence. The
common practice is to develop the risk prediction model on a discovery data set, followed
by assessing the model performance through internal or external validation, or some
combination [2,3]. The BCRAT model and its performance were later assessed with external
validation in a range of diverse populations [4-7]. Common statistical modeling techniques
for model development and validation include logistic regression for binary outcomes and
Cox proportional hazards (PH) regression for time-to-event outcomes [8].

Risk prediction model validation first requires establishing clinical and statistical
significance of the marker of interest [9]. Additionally, model calibration and discrim-
ination should be assessed: calibration quantifies how close the predictions are to the
observed outcomes while discrimination quantifies the model’s ability to correctly distin-
guish between events and nonevents [8]. A common area of ongoing research is taking
previously developed and validated models and updating them with the addition of new
markers to improve both model calibration and discrimination. This paper focuses on the
improvement in discrimination by adding a new marker to a standard risk model.

1.1. AAUC for Evaluating Discrimination Improvement

There are multiple measures for assessing discrimination improvement. The most
common metric used in logistic regression is the difference in area under the receiver oper-
ating characteristic curve (AUC), where AAUC = AUC(expanded model) — AUC(standard
model) [10]. The overall C is an extension of the AUC for survival analysis, and AC can be
calculated as C(expanded model) — C(standard model) [11]. For comparing nested models,
a strong added marker should theoretically increase the AUC or the overall C. Pepe et al.
demonstrated that if the model is correct under normality, then the significance of the new
marker is equivalent to significant improvement in AUC [9]. However, the magnitude
of AAUC often fails to recognize some promising new markers, the paradox being that a
statistically significant marker will fail to produce a large increase in AUC, especially if the
standard model’s baseline AUC is large [12]. This phenomenon motivated a search for new
methods for assessing a predictor’s incremental value [13,14].

1.2. NRI, NRI > 0, and IDI: Definitions and Controversaries

Pencina et al. proposed new measures for assessing discrimination in logistic regres-
sion including a risk-category-based measure known as the net reclassification index (NRI),
the continuous NRI (NRI > 0), and the integrated discrimination improvement (IDI) [12,15].
Extensions of these measures were later derived for survival analysis [16]. The NRI at-
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tempts to quantify whether a new variable provides clinically relevant improvement in risk
prediction, assuming that a valuable marker will tend to increase predicted risks for events
and decrease predicted risks for nonevents [12]. Calculation is based on the categorization
of model-based predicted probabilities from models being compared into ordinal categories
of absolute risk by event status, which are cross-tabulated in a reclassification table. NRI
typically assumes either two or three risk categories, but it can also assume many. In the
case that risk categories are not clinically assignable, the definition was extended so that
model-based predicted probabilities from the standard prediction model and the updated
prediction model can be compared directly with NRI > 0 [15]. Finally, IDI accounts for
the size of movements up and down in risk categories, jointly quantifying the overall
improvement in sensitivity and specificity over all possible cutoffs on the (0, 1) interval [12].

NRI and NRI > 0 have been subject to criticism. Pepe argued that NRI as a single
summary measure is less clinically relevant than the event NRI (eNRI) and nonevent
NRI (neNRI) as separate components, and Kerr et al. demonstrate scenarios where the
sum of eNRI and neNRI mask detriment by the new model within either the events or
nonevents [17,18]. NRI's interpretation is commonly mistaken as a proportion, and Pepe
argues it is better to interpret eNRI and neNRI separately, since eNRI is the net proportion
of events assigned a higher risk and neNRI is the net proportion of nonevents assigned
a lower risk [17]. Kerr et al. show that NRI > 0 can be dramatically large in magnitude,
even for models with an uninformative added marker, thus alluding that null new markers
are predictive and falsely leading investigators to incorrectly assign them roles in risk
prediction [18]. Hilden and Gerds argue that the estimation of NRI > 0 and IDI may not be
valid with poorly calibrated risk models and that model re-calibration may not correct all
issues [19,20]. Leening et al. counter-argue that mean calibration of risk prediction models
is automatically achieved by any maximum likelihood estimation (MLE) based algorithm
and therefore Hilden and Gerds’ example is not applicable [21]. They also reiterate the
importance of ensuring properly calibrated models before evaluating the inherent value
of an added marker [21]. Additionally, McKeague and Qian show that the empirical
distribution of NRI > 0 can be bimodal in nature [22]. With the amount of conflicting
literature, investigators should take great care in the estimation and interpretation of NRI,
NRI > 0, and ID], as these measures can be estimated in conjunction with other measures
of discrimination improvement such as AAUC [17,21].

1.3. Challenges in Estimation of Discrimination Improvement Measures

Proper confidence interval (CI) estimation of these metrics is important to consider.
The most common confidence interval estimation methods employ asymptotic theory.
However, developments demonstrate that degeneration of the normal distribution as-
sumption under the null hypothesis exists for discrimination improvement metrics, and
confidence intervals estimated under the normal distribution assumption may be invalid.
Demler et al. demonstrated misuse of the DeLong test comparing AUCs for two nested
models, observing that the empirical distribution of AAUC was highly right-skewed with
the median near zero, suggesting that the distribution of the AAUC estimator under the
null is dramatically different from the normal distribution assumed by the DeLong test [23].
Additionally, Kerr et al. demonstrated via simulation that the standard error formula of
IDI underestimates the standard error, and that the normal theory test testing the null
hypothesis of IDI = 0 is not valid due to violation of the normal assumption [24]. We
hypothesize that this phenomenon also exists for NRI and NRI > 0. The asymptotic CI
formulas rely heavily on the assumption that the distribution of these measures is always
normal in nature, which may not be the case, especially for weak added factors. They
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also rely on proper estimation of standard errors; the developed formulas for the standard
errors of NRI and IDI may not be correctly estimating the true variance.

Alternative methods for CI estimation employ bootstrapping techniques and do not
assume normality under the null. However, with the potential for large data, deriving
CIs from bootstrapping can be computationally intensive, so we must ensure that what
we gain from bootstrap Cls is worth the extra time and computer power. In this paper,
we examine the performance of AAUC, NRI, NRI > 0, and IDI in the binary outcome
framework and their extensions in survival analysis. We explore empirical distributions
and compare the coverage probabilities for Cls derived from various methods. We consider
two event rates, several effect sizes, two sample size options, and two types of censoring
for survival analysis. Finally, we make recommendations for CI methods to utilize based
on their performance.

2. Methods
2.1. General Framework: Logistic Regression

We let Y be a binary outcome, where Y =1 for an event of interest and Y = 0 for a
nonevent. We define a column vector X of p + g predictor variables conditional on Y that
follows a multivariate normal distribution for nonevents X 1Y = 0~N(p, £) and for events
X1Y =1~N(uy, X). While we assume equal variance for events and non-events, we clarify
that this is not a necessary assumption. We assume that Y and X are available for all N
patients. We also assume that the p + g predictor variables of X are uncorrelated. We use X
to predict Y; a projection based on the full set of p + g predictors compared with a projection
based on a reduced set of predictors, p, where the reduced model is nested within the full
model. In logistic regression, the respective models produce linear coefficient estimates
a’ = (ai,..., ap+q), based on the full model, and b’ = (by,..., bp), based on the reduced
model, with risk scores functions of a’Xp+q and b’X;,. We assume here that higher values
of risk scores correspond to a higher probability of the event of interest. We wish to test
whether the last g coefficients are equal to 0 and to then determine whether the full model
discriminates as well as or better between the two subgroups of Y as compared to the
reduced model.

2.2. General Framework: Time-to-Event Regression

Logistic regression modeling can be employed in scenarios with full follow-up. While
collecting complete follow-up on all participants is ideal, situations without complete
follow-up time are more realistic. Survival analysis methods, such as Kaplan-Meier
and Cox proportional hazards regressions, have become some of the most used tools
in risk prediction modeling [3,8,25]. We assume there is a time-to-event variable T for
all individuals, such that T; represents either when an event has occurred or the time
of censoring, where censoring can occur as either loss to follow-up or at the end of the
study. All individuals also have an event indicator Y, where Y = 1 for those with the event
observed or Y = 0 for those censored. We also have collected data on p + g fixed covariates
at baseline in the vector X, made up of x1, ..., Xp+q- We assume that the censoring is
non-informative, meaning that the censoring mechanism is unrelated to the outcome of
interest or the covariates, and we also assume right-censoring for the event times. Thus,
if the proportionality of hazards assumption is true, we can use the Cox proportional
hazards (PH) regression model [26]. The fitted risk model can then be used to estimate
the predicted probability of survival within the specified time frame (0, t). Measuring
discrimination improvement in survival analysis is complicated by the fact that the event of
interest involves a time-to-event component, and the model thus makes predictions about
these survival times.
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2.3. Measures of Discrimination Improvement
2.3.1. AUC and Overall C

The area under the receiver operating characteristic (ROC) curve (AUC) is defined as
the probability that the risk of event for a randomly selected nonevent is less than the risk
of event for a randomly selected event. Given a risk score threshold ¢, sensitivity (or true
positive fraction, TPF) is the probability that an event is classified correctly as an event:

Sensitivity = TPF = P(risk score >t | Y =1)
Specificity is defined as the probability of correctly classifying a nonevent:
Specificity = P(risk score <t | Y = 0)

Each risk score is compared to t for classification of the subject with that risk score to a
predicted group, i.e., predicted event vs. predicted nonevent. Subtracting specificity from 1
yields the false positive fraction (FPF):

1 — Specificity = FPF = P(risk score > t) | Y =0)

Depending on the choice of threshold ¢, some events and nonevents will be correctly
classified while the remainder will be misclassified. Varying t yields different pairs of values
of TPF and FPF. Plotting these pairs (FPF, TPF) for all possible choices of t results in the
ROC curve. The AUC is the area under the curve, which ranges from 0.5 (no discriminatory
ability) to 1.0 (perfect discrimination).

There is no explicit formula for the AUC, so typically it is estimated by the
Mann-Whitney statistic [10]. This is a non-parametric, unbiased estimator, referred to
as npAUC and known as the C-statistic [25]., e.g., for the full model discussed with risk
scores a’Xp+q, the formula is

1
C = npAUC = o inGYo ijeyl I[a’xi, a/xj],

where Y; and Y are the sets of subjects with and without events, respectively, n; and ng
are the sizes of the sets, and I is given as follows:

1, if a'x; < a'x;
! _ . !/ . |
I[d'x;, a/xj}— 05, if a'x; = a'x;
0, otherwise

DeLong et al. developed an approximate test for testing if two AUCs from differ-
ent models on the same group of subjects are equal and produced a CI for AAUC. The
approximate standard error used in both calculations is

SE(AAUC) = [(1,-1)S(1, —1)]"/?

where § is the estimated variance-covariance matrix of (npAUCyp.q, npAUC,) [10]. We use
the C-statistic as the AUC estimator in this study. To assess improvement in discrimination,
we estimate the difference in area under of the receiver operating characteristic curve (AUC)
for two models: AAUC = AUC(new or updated model) — AUC(standard model) [10].

We now extend the AUC to the survival analysis context. Using the survival regression
method described, we denote the predicted survival time for everyone at baseline, T1, Ty,
..., Tn. We have two categories of subjects at a given time point T < Tg,,: those who
developed the event during the study (Y = 1) and those who were censored (Y = 0).
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We denote these actual survival times by Uy, Uy, ..., U,. Harrell states that predicted
probabilities of survival until any fixed time point (which we denote V1, V5, ..., V) can be
used in place of the corresponding Ty, Ty, ..., Ty if those estimates remain in one-to-one
correspondence [25]. M. Pencina et al. show that this point holds true in the most common
models in survival analysis, specifically accelerated failure time models and proportional
hazards models [11].

Now we consider all pairs of subjects, (7, j), such that i < j, to ensure no repetitions.
Thus, for a given pair, we have a concordant pair if U; < Uj and V; < Vj or U; > Uj and
Vi >Vj, and we have a discordant pair if U; < Uj and V; > V; or U; > Uj and V; < V;. Since
not all pairs will be concordant or discordant due to ties, we can only use the usable pairs
of subjects in which at least one had an event in the construction of the C index, resulting
in either event vs. event or event vs. nonevent comparisons. The overall C is defined as the
proportion of all usable concordant pairs:

Tlc
TTe + Uy

where
m. = P(U; < Ujand V; < V;or U; > Uj and V; > V;)
ZP(Ui < U]-andV,- < V]) +P(Ul- > U]-andVi > V])
nd:P(Ul-<LI]-andVi>VjorUi> U]-(del-<V)
:P(Ui < U]-andVi > V]) +P(Ui > LI]-andVi < V])
M. Pencina et al. [11] demonstrate that since 7 and j are interchangeable in the defini-

tions of 71 and 714, and since the V’s have a continuous distribution (assuming at least one
predictor is continuous), the overall C index reduces to

- P(Ul- < U] and V; < V])
n P(Ui<Uj)

= P(V; < V;/U; < U).

A natural estimate for the overall C is

L1
C=§(i2 Cij

,j)€O

where O is the set of all usable pairs of subjects (7, j), Q is the total number of usable
pairs, and ; takes on the value of 1 for concordant pairs and 0 otherwise [27]. To assess
improvement in discrimination, we estimate the difference in overall Cs for two models:
AC = C(expanded model) — C(standard model).

2.3.2. NRI, NRI > 0, and NRI(t)

Pencina et al. introduced the net reclassification improvement (NRI) to quantify
whether a new variable provides clinically relevant improvement in risk prediction, assum-
ing a valuable new marker will tend to increase predicted risks for events and decrease
predicted risks for nonevents [12]. Calculation is based on the categorization of model-
based predicted probabilities from the standard risk prediction model and the updated
prediction model into clinically meaningful ordinal categories of absolute risk, which are
cross-tabulated in a reclassification table. The table tabulates events and nonevents sepa-
rately. Observations are categorized into the table cells based on assigned risk categories
by the standard (old) risk model and the updated (new) risk model. Upward movement is
defined as moving into a higher category based on the updated model, while downward
movement is defined as moving into a lower category. For those where Y = 1, upward
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movement is preferable while downward movement is problematic. For those where Y =0,
the opposite preferences hold. Thus, the NRI is defined as:

NRI=[P(uplY =1) — P(down|Y =1)] + [P(down|Y =0) — P(up Y =0)].

The quantity in the first bracket is referred to as the event NRI (eNRI), or the net
proportion of events assigned a higher risk category. The quantity in the second bracket
is referred to as the nonevent NRI (neNRI), or the net proportion of non-events assigned
a lower risk category. Each component contains a penalty for any wrong movement
in categories. The probabilities can be estimated using sample data obtained from the
reclassification table:

# events moving up
# events

p(up|Y =1)= Pup,y=1=

# events moving down

P(down Y =1) = Paown,y=1= # events

# nonevents moving up
# nonevents

P(up|Y = 0) = pup,y—o=

# nonevents moving down
# nonevents

p(dOWH|Y = O) = ﬁdown,Y:O:

Thus, NRI can be estimated as
NRI =eNRI+neNRI

where

—

eNRI = (Iaup,Yzl - ﬁdown,Yzl )

neNRI = (f’down,Y:O - ﬁup,YIO

The asymptotic standard errors for eNRI and neNRI can be estimated as

” R ~ N )
SE (m) _ \/pu]ﬂ,Y—l + Pdown,y=1 _ (Pup,yz1 - pdown,Y:l)
ni n

— T pT\ _ ﬁdown,Y:O + ﬁup,Y:O . (ﬁdown,Y:O - ﬁup,Y:O)z
SE(neNRI) =
no no

and

SE(NRT) = |/SE(NR1)” + SE (iwNR1)

where 17 is the number of events and 1, is the number of nonevents [12].

NRI with categories typically assumes either two or three risk categories but can
assume up to k risk categories. The choice for risk category cutoffs is of much debate.
Pencina et al. recommended that clinically useful category cutoffs should be used, but the
choice of category cutoff may not be easy to make [12]. Pencina et al. later recommended
that under circumstances that the choice in category cutoff is not obvious, investigators
should consider using the event rate as the category cutoff, which yields an NRI measure
with relationships with metrics in decision analytics and possesses meaningful interpreta-
tions [28].

In the scenario where clinically meaningful categories are not assigned, Pencina
et al. extended the definition of NRI so that model-based predicted probabilities from the
standard prediction model and the updated prediction model can be compared directly [15].
Instead of tabulating upward and downward movement in categories, increases and
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decreases in predicted probabilities are tabulated instead. This method of calculating NRI
is often referred to as continuous NRI (NRI > 0), which can be defined as follows:

NRI > 0 = [P(prew > Pold | Y =1) — P(Prew < Pola | Y = 1)]

— [P(Prew > Pold 'Y = 0) — P(Pnew < Pola | Y =0)],

where prew are the predicted probabilities from the new updated risk prediction model
and p,q are the predicted probabilities from the standard risk prediction model. Similar
calculations as those shown above in the definition for NRI with categories can be used
for estimating the components of NRI > 0; instead of counting the number of upward and
downward movements, the number of observations that satisfy the above risk comparisons
are assessed, for both events and nonevents.

The asymptotic standard errors can be estimated as

A N N A 2
o . . P ) _ . . =P . _
SE (ENRI N 0) _ \/przsk1>rlsk0,Y 1 T Priskl<risk0,Y=1 _ (przskl>rzskO,Y 1 — Prisk1<risk0,Y 1)
ny nm

~ A N A~ 2
. . . _o0+ P , _ , . —0— D . _
SE (HENRI > 0) _ \/przsk1<rlskO,Y 0 Prisk1>risk0,Y =0 - (prlskl<rzsk0,Y 0 Prisk1>risk0,Y 0)
no no

SE(NFI'? 0) - \/SE(eNE'B 0)2 n SE(neAﬁl\> 0)2

where each p represents the empirical proportions of individuals satisfying their respective
criteria and the subscripts risk1 and risk0 represent the predicted probability of event in the
updated model and the standard model, respectively [15].

NRI was later extended to survival analysis. Chambless et al. express event NRI
(NRIy-1) and nonevent NRI (NRIy_g) as:

NRIy_1 = P(Zup‘Y = 1) = P(Zjouwn|Y =1)

NRIy—o = P(Zdown|Y = O) - P(Z”P|Y = 0)

where overall NRI is estimated as the weighted average of the two quantities:
NRI, = w-NRIy_1 + (1 — ZU)~NRIYZO,

with w between 0 and 1 [16]. A reminder that Z = X', and Zy, represents upward
movement in risk category or increased risk by the new model while Z,,, represents
downward movement in risk category or decreased risk by the new model. The authors
point out that using this notation, the NRI considered by Pencina et al. was 2-NRly 5, and
that the choice of w can be used to reflect relative costs and benefits of improvement in risk
prediction [12,16].

Chambless et al. made some modifications to NRI for use in survival analysis, condi-
tioning on time being less than some f [16]:

NRIY:l(t) - P(Zup|Y(t) = 1) - P(Zdown|Y(t) = 1)/

NRIy_o(t) = P(Zgown|Y(£) =0) — P(Zup|Y(t) =0),

NRI(t)w = ZU'NRIY=1 (t) + (1 - ZU)-NRIyzo(t).
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A count estimator for NRI(t) uses the following proportions for event NRI(t) and

nonevent NRI(t):
— B ZI(ZMP,Y(t) = 1) - ZI(Zdown/Y(t) = 1)
NRIy=1(t) count = YI(Y(E) =1) ’
RRyo(t) L1 (Zaowon, Y (1) = 0) = L 1(Zup, Y(1) = 0).

count — ZI(Y(t) — 0)
We obtain the components of NRI(t) by applying Bayes’ theorem:

_ P(Y(t) - 1|Z“ )'P(Z“ ) P(Y(t) = 1‘Z own) P (Zaown)
N0 = ( = R e (= Ve )

o (B ) 200 )

Assuming w = 0.5 and p = P(Y = 1), we obtain

NRI = 2-NRIy5(t) = (P(Y(t) = 1|Zul’) — p)'P(Z”Pg.(_l (_P;i(t) = 1|Zgouwn) — p)‘P(Zﬂlown).

Kaplan-Meier estimates are used to estimate P(Y () = 1|Zyp), P(Y(t) = 1|Zgoeon),
and p = P(Y(t) = 1) to account for censoring, thus giving us our estimate for NRI,(t) [16].
This expression can be used for both NRI with categories (with upward and downward
movement in categories of predicted risks) or for continuous NRI (where predicted risks
between new and old models are compared directly), which corresponds nicely to the
original derivation of NRI [12,15].

2.3.3. IDI and IDI(t)

Pencina et al. also introduced the integrated discrimination improvement (IDI),
which does not require categories, and instead accounts for the size of movements up
and down [12]. Using the differences between integrals of sensitivities (IS) and integrals
of “one minus specificities” (IP) for models with and without the new variable (i.e., new
model vs. standard model), the IDI quantifies jointly the overall improvement in sensitivity
and specificity over all possible cutoffs on the (0,1) interval. The IDI is defined as

IDI = (ISnew — ISgiq) — (IPnew — IPo14),

where ISy is the integrated sensitivity over all possible cutoffs for the new model (stan-
dard plus a new added variable) and IPpey is the integrated “one minus specificity” over all
possible cutoffs for the new model. IS4 and 1P are the same quantities for the standard
model. Thus, the IDI is the difference between improvement in average sensitivity and any
potential increase in average “one minus specificity”.

It has been shown that to estimate IDI using sample data we can use the follow-
ing equation:

—

IDI = (pnew,events 7pold,events) - (pnew,nonevents 7pold,n0nevents) 4

where
Zz in events P 1

pevents # events
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is the mean of the model-based predicted probabilities of the event for those who develop

the event and R
Z] in nonevents Pj

pnonevents: # nonevents

is the mean of the model-based predicted probabilities of the event for those who do not
have the event. These quantities are estimated for both the standard (old) model and the
added variable (new) model.

The standard error can be estimated as

SE(ﬁ) - \/(ﬁevents>2 + (S/Enonevents>2

where ﬁevmts is the standard error of paired differences in new and old model-based

predicted probabilities among those with the event and ﬁnonewnts is the corresponding
standard error among those without the event [12].

In the extension of IDI for survival analysis, IS(t) is the average sensitivity at time t
and IP(t) is the average (1-specificity) at time t. Chambless et al. show that

Var[S(t|Z)]
5(#)-[1=5(t)]

where S(t|Z) is the survival function, S(t) = E[S(t| Z)], and S(t)[1-5(t)] is the variance of
the binomial variable ‘event have time t" [16]. This ratio is interpreted as the proportion of

IS(t) — IP(t) = R*(t) =

variance explained by the model and the authors also show that R2(t) is bounded on the
interval [0, 1]. This quantity can be estimated from the fitted survival function, such that

—

. _ Var[5(t|Z)]
O st s

where §(t) is obtained through Kaplan-Meier estimates. By rearranging the definition of
IDI presented by M. Pencina et al. such that

IDI = (ISpew — IPhew) — (ISqiq — IPo1a),
we can see the following holds:
IDI() = R*(Onew — R* (Dot

or the difference in the proportion of variance explained by the new and old models [12,16].
We can estimate IDI(t) by taking the difference between the estimators for R%(t)new
and R? (t)ola-

2.4. Confidence Interval Estimation

Various methods for confidence interval (CI) estimation exist. The most common
estimation methods are intervals derived under normal theory assumptions, or asymptotic
ClIs [29]. We assume there is a one-sample situation with sample data obtained by random
sampling from an unknown distribution F, where F — x = (X1, X2, ..., Xn). Suppose we
have a parameter of interest  such that 6 = t(F). Let § = t(F) be the plug-in estimate of 6
and let e be a reasonable estimate of the standard error for §. In most circumstances, as
the sample size 7 increases and grows large, the distribution of § converges to the normal
distribution: ~

6—0
Z=——~N(0,1)
se

52



Cancers 2025, 17, 1259

Let z(®) indicate the 100& quantile and z(!~*) indicate the 100(1 — «) quantile of a
N(0,1) distribution. The asymptotic CI with coverage probability equal to 1 — 2« (where «
is equal to the significance level) for a parameter 6 is given by:

~

6—z01-9 .5 6+20-9 .5

SE represents the standard error and z is the critical value from the standard normal
distribution [29].

Alternative methods for estimating CIs that do not employ asymptotic theory are Cls
estimated with bootstrap techniques. The bootstrap is a data-based simulation method
used for statistical inference [29]. The bootstrap distribution of a parameter estimator can
be used to calculate a variety of 100(1 — «)% Cls without having to make normal theory
assumptions [29]. We explore several types of CIs based on the bootstrap distribution:
bootstrap-t, percentile, and bias-corrected percentile (BC), as well as hybrid and bias-
corrected and accelerated percentile (BCa) in limited scenarios [29-31].

3. Simulation Study Results

For simulations utilizing logistic regression, we defined a vector X of five predictor
variables conditional on Y following a multivariate normal distribution such that for
nonevents X 1Y = 0~N(py, £) and for events X 1Y = 1~N(yy, ), yo = (0.0, 0.0, 0.0, 0.0, 0.0)
and py = (0.7, 0.0, 0.2, 0.5, 0.8) respectfully. Thus, both x; and x5 are strong predictors of
the risk of Y, x, is a null predictor, x3 is a weak predictor, and x4 is a moderate predictor.
We assumed that x; is the standard predictor and the four other predictor variables to
be new candidate markers. Without loss of generality, we assumed that X is the identity
matrix with order 5 x 5, which ensures independence among the predictors conditional
on event status. We considered event rates of 10% and 50%. We assumed no missing
data among N observations and that all N observations were independent. We employed
logistic regression to estimate model-based predicted probabilities of the event Y using a
function of linear combinations of the predictors described above. We defined the standard
model as predicting the risk of event Y from x; only, resulting in a baseline AUC close
to 0.7. We further defined four updated models, each predicting the risk of event Y from
x1 plus an additional predictor. For each model, we estimated predicted probabilities of
event Y for each observation to estimate the measures of prediction increment quantifying
the improvement of the new risk prediction models: AAUC, NRI, NRI > 0, and IDI. We
considered NRI versions with two and three categories. For 2-category NRI (2catNRI), we
chose the event rate as the category cutoff. For 3-category NRI (3catNRI), we used the
categories [0.00, 0.05), [0.05, 0.20), and [0.20+) for 10% event rate and [0.00, 0.40), [0.40, 0.60),
and [0.60+) for 50% event rate [28].

For the survival analysis, we considered two incidence rates, 10% and 50% (with 90%
and 50% expected survival, respectively), over a 10-year follow-up period. We used two
different censoring distributions: (1) Type I censoring (time-terminated) and (2) Type II
(random censoring; failure-terminated) [8]. We simulated random censoring with the uni-
form distribution. Failure time assumed a Weibull distribution with shape parameter = 2.
The scale parameter varied depending on the target incidence rate and effect size for each
model. We defined a vector of five continuous, uncorrelated predictor variables following a
multivariate normal distribution, with effect sizes of strong to null. For predictor variables
X1, X2, X3, X4, and x5, hazard ratio (HR) values were 2.0, 1.0, 1.2, 1.5, and 2.0, respectively.
We assumed x; to be the established standard predictor, while the four remaining predic-
tors were the candidate variables for model inclusion consideration. We considered the
following four comparisons of the standard model (HR = 2.0): (1) standard (HR = 2.0) + null
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(HR =1.0), (2) standard (HR = 2.0) + weak (HR = 1.2), (3) standard (HR = 2.0) + moderate
(HR = 1.5), (4) standard (HR = 2.0) + strong (HR = 2.0). We assumed that the event status,
failure time (or censoring time), and predictor variables were available for all N observa-
tions, as well as independence among observations. After assessing validity of the PH
assumption, we employed Cox PH regression to estimate model-based predicted probabili-
ties based on the models described above; for each comparison, we estimated the predicted
probability according to the standard model and the predicted probability according to
the added variable model. Using these pairs of predicted probabilities, we estimated five
measures of prediction increment quantifying the improvement of the new risk prediction
models: AC, 2catNRI, 3catNRI, NRI > 0, and IDI. We applied the same categories for
2catNRI and 3catNRI that were used in the logistic regression simulations [28].

For both logistic regression and survival analysis, we used n = 100,000 (with
1000 iterations) to construct empirical distributions and samples sizes of n = 2000 and
n = 300 to construct bootstrapped 95% Cls with 2000 replications. We repeated the sam-
pling 1000 times to assess coverage probabilities. Since derivations for standard error
estimates were not previously provided in the survival analysis extensions, we omitted
estimation of Cls assuming asymptotic theory in the survival analysis framework. Data sim-
ulation and analyses were completed using SAS software, version 9.4 (Copyright 2002-2012
SAS Institute Inc., Cary, NC, USA). We performed bootstrap analysis with the SAS macro
jackboot.sas at http:/ /support.sas.com/kb /24982 .html (accessed on 15 October 2016).

Figures 14 illustrate the empirical distributions of AAUC, IDI, AC, and IDI(t) for
three of the added-variable regression models. The empirical distributions of 3catNRI,
2catNRI, and NRI > 0 are in Supplemental Figures S1-S11. Each figure illustrates the
empirical distribution as the added marker moves closer to the null. The added marker
with moderate effect size is omitted, as there is very little change in the shape of distribution
until the null added marker. The empirical distributions under the null hypothesis are right-
skewed. The histograms for IDI under the logistic framework demonstrate that the standard
error appears to be underestimated. To assess where the issues with degeneration began,
we also looked at empirical distributions for added markers with effect sizes of 0.1 and 0.05.
We observed no change in the shape of the empirical distributions as compared with those
for the weak effect size.

Tables 1 and 2 summarize coverage probabilities for considered scenarios in logistic
regression. Defining acceptable coverage as 94-96%, acceptable coverage occurs for 26%
of asymptotic intervals, 36% for BC intervals, 23% for percentile intervals, and 18% for
bootstrap-t intervals. Asymptotic, BC, and bootstrap-t interval methods exhibit low cov-
erage (percentage low: 66%, 57%, and 68%, respectively) whereas the percentile method
provides excess coverage (73% high). Likewise, none of the prediction increment measures
had at least 50% of scenarios with acceptable coverage: AAUC with 47%, 3catNRI and
2catNRI each with 9%, NRI > 0 with 44%, and IDI with 34%. Considering combinations of
CI type and prediction measures, the BC method has the best performance for NRI > 0 (69%
with acceptable coverage), percentile-based for IDI and AAUC (63% and 56%, respectively),
and BC for IDI and AAUC (56% and 50%, respectively). Coverage was generally too low
when adding a null marker, except for percentile Cls, and all CI types for AAUC, for which
it was high. When adding a moderate or strong marker, most CI methods have appropriate
coverage for AAUC. There is consistently low coverage by the asymptotic Cls for IDI and
3catNRI, exemplifying the potential underestimation of their standard errors. We also note
that the bootstrap-t intervals perform consistently poorly for all versions of NRI, except
for 3catNRI with the strongest added marker in the largest sample size. Finally, while the
percentile intervals appear to exhibit >95% coverage in nearly all scenarios, we do note
that this method does not seem to perform well for IDI with a null added marker in the
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50% event rate situation; the bootstrap-t interval seems to be the better choice. We also
considered hybrid bootstrap intervals and BCa intervals in limited scenarios, and the results
are summarized in Supplemental Table S1. We did not observe adequate improvements in
coverage with either interval type.

Tables 3 and 4 summarize coverage probabilities of four bootstrapped CI types assum-
ing Type I censoring. Acceptable coverage occurs for 31% of BC intervals, 30% of percentile
intervals, 24% of bootstrap-t intervals, and 13% of hybrid intervals. BC, bootstrap-t, and
hybrid intervals tend to exhibit low coverage (60%, 63%, and 78% of intervals, respectively)
while 68% of percentile intervals tend to have excess coverage. AC and IDI have the best
chance of acceptable coverage (41%) while both categorical NRIs have the lowest percent-
ages (8% for 3catNRI and 5% for 2catNRI). The BC method has the best performance for
NRI > 0 (38% with acceptable coverage) and the percentile method and BC method are
best for IDI and AC (57% and 50%, respectively, for both measures). In general, coverage is
better as the adjusted HR of the added marker increases, with instances of excess or too
low of coverage in the weak and null added marker scenarios. Similar results are observed
assuming random censoring (Supplemental Tables S2 and S3). The hybrid intervals exhibit
some unexpected behavior. The coverage of the hybrid intervals decreases as the adjusted
HR of the added marker decreases, with a large increase in coverage under the null. The
hybrid interval method adjusts for both bias and skewness, and this interval type has
been shown to suffer from low coverage in unexpected situations [29]. In simulation,
the expected coverage probability is not achieved under the alternative, and the method
appears to over-correct for bias and skewness under the null. For Type I censoring, BC
intervals, percentile intervals, and bootstrap-t intervals perform well for AC, NRI > 0, and
IDI in scenarios with a moderate or strong added marker. For the 50% incidence rate, the
hybrid interval also works well for these measures, but there is decreased coverage for
the smaller sample size. Overall, issues with acceptable coverage exist for both 3catNRI
and 2catNRI. For the null added marker, there are instances of acceptable coverage—most
notably hybrid intervals for 3catNRI (assuming large sample size), BC intervals for NRI
> 0 (assuming large sample size), and bootstrap-t for IDI (assuming small sample size).
For random censoring, there are more noticeable issues with coverage. The BC intervals,
percentile intervals, and bootstrap-t intervals still perform well in the moderate to strong
added marker scenarios, but there are gaps in good performance. The hybrid interval
appears to be a good option for categorical NRI in the null added marker case. Finally, the
percentile interval had >95% coverage in most scenarios.

Due to the results of the empirical distributions and CI coverage probability analysis,
we evaluated bias. Some of the bootstrap methods correct for bias, while others may
amplify bias in situations where bias exists and is not properly accounted for. For example,
the percentile method performs well for unbiased statistics, but may not perform well
when bias is present or for asymmetric sampling distributions. In contrast, the BC method
corrects for median bias, not mean bias. Bias of a point estimator f for a parameter 6 is the
difference between the expected value of 0 and 6; that is [32]:

Bias(;@ = Egé —0
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Figure 1. Empirical distribution of AAUC. Visual representation of the empirical distribution as the
added marker effect moves closer to the null.
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Figure 2. Empirical distribution of IDI. Visual representation of the empirical distribution as the
added marker effect moves closer to the null.
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Figure 3. Empirical distribution of AC assuming Type I censoring. Visual representation of the
empirical distribution as the added marker effect moves closer to the null.
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Figure 4. Empirical distribution of IDI assuming Type I censoring. Visual representation of the
empirical distribution as the added marker effect moves closer to the null.
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Table 1. Coverage probabilities for 95% confidence intervals with 10% event rate in logistic framework.

n = 2000
Strong New Marker (puy-; = 0.8) Moderate New Marker (uy-1 = 0.5)
AAUC 3catNRI  2catNRI NRI >0 IDI AAUC 3catNRI  2catNRI NRI >0 IDI
Asymptotic 93.7 84.4 93.4 94.4 76.1 94.3 81.2 95.1 94.5 75.2
Bias Corrected 94.6 94.5 91.0 94.6 95.5 94.8 92.8 924 94.7 94.2
Percentile 94.7 97.0 97.5 95.5 95.4 94.7 97.4 99.1 96.2 94.0
Bootstrap-t 95.1 94.4 89.3 93.7 95.5 95.3 90.7 89.8 94.1 96.1
Weak New Marker (ty-1 = 0.2) Null New Marker (py-1 = 0.0)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 90.6 86.4 93.5 95.4 71.0 100.0 94.6 94.1 95.8 94.0
Bias Corrected 93.3 88.0 87.6 93.8 92.7 98.4 90.5 89.7 96.0 95.5
Percentile 95.5 99.5 99.4 97.7 94.8 98.9 100.0 100.0 98.4 95.9
Bootstrap-t 87.4 84.8 83.6 88.7 87.9 98.6 88.1 86.0 90.0 98.4
n =300
Strong New Marker (ny-1 = 0.8) Moderate New Marker (uy-1 = 0.5)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 92.6 80.9 93.3 94.2 76.4 88.7 78.6 92.2 93.5 71.8
Bias Corrected 94.3 91.2 91.8 95.3 95.4 92.3 87.1 87.0 92.3 92.9
Percentile 94.4 97.6 99.2 97.2 94.9 95.9 99.1 99.7 98.4 94.8
Bootstrap-t 96.0 88.8 87.5 93.6 97.3 86.4 82.8 83.0 87.3 90.5
Weak New Marker (ty-; = 0.2) Null New Marker (py-1 = 0.0)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 88.4 79.1 91.8 96.4 75.3 99.5 89.9 93.2 93.9 96.8
Bias Corrected 91.0 83.1 85.5 89.7 85.6 98.4 88.0 87.4 94.6 94.5
Percentile 97.1 99.9 100.0 97.7 97.3 98.8 100.0 100.0 98.4 95.2
Bootstrap-t 86.1 85.0 82.8 82.2 73.3 96.9 89.7 86.7 89.0 97.8
3catNRI categories: [0.00, 0.05), [0.05, 0.20), and [0.20+).
2catNRI categories: [0.00, 0.10) and [0.10+).
Table 2. Coverage probabilities for 95% confidence intervals with 50% event rate in logistic framework.
n = 2000
Strong New Marker (py-1 = 0.8) Moderate New Marker (uy-1 = 0.5)
AAUC 3catNRI  2catNRI NRI >0 IDI AAUC 3catNRI  2catNRI NRI >0 IDI
Asymptotic 95.5 89.7 93.8 95.7 70.4 94.5 90.4 93.9 93.6 69.9
Bias Corrected 95.5 94.2 94.2 96.3 96.0 94.2 93.6 93.0 94.4 94.4
Percentile 95.5 96.3 96.9 96.4 96.1 93.9 97.1 96.8 95.7 94.3
Bootstrap-t 95.5 93.4 93.4 94.5 96.6 94.6 91.7 91.2 94.5 95.2
Weak New Marker (pty-; = 0.2) Null New Marker (ty-1 = 0.0)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 95.2 92.0 95.3 94.5 70.1 99.9 95.5 92.9 93.8 91.8
Bias Corrected 96.0 91.8 914 94.1 96.1 97.6 90.5 91.2 95.8 79.4
Percentile 95.4 99.6 99.3 96.1 95.8 97.8 100.0 100.0 98.0 78.4
Bootstrap-t 95.4 88.8 88.4 94.0 96.2 97.8 88.3 89.1 90.6 96.9
n =300
Strong New Marker (pny-1 = 0.8) Moderate New Marker (uy-1 = 0.5)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 94.4 89.8 96.1 93.8 71.7 93.1 89.8 95.0 94.3 714
Bias Corrected 94.9 93.5 94.0 94.0 94.3 94.9 90.6 91.5 94.9 94.5
Percentile 95.0 98.4 98.7 95.9 93.8 95.2 98.2 99.1 96.5 94.8
Bootstrap-t 95.9 91.0 90.7 93.7 96.1 95.6 88.6 88.0 94.4 96.4
Weak New Marker (pty-1 = 0.2) Null New Marker (py-1 = 0.0)
AAUC 3catNRI 2catNRI NRI >0 IDI AAUC 3catNRI 2catNRI NRI >0 IDI
Asymptotic 86.6 90.0 93.3 96.3 68.4 99.9 94.8 92.2 94.1 93.6
Bias Corrected 89.9 86.8 89.8 90.8 87.0 98.2 90.2 92.1 94.3 76.9
Percentile 98.8 100.0 100.0 99.1 98.1 98.4 100.0 100.0 97.3 72.1
Bootstrap-t 78.7 82.1 85.0 84.4 77.3 98.6 86.9 89.0 89.0 97.9

3catNRI categories: [0.00, 0.40), [0.40, 0.60), and [0.60+).

2catNRI categories: [0.00, 0.50) and [0.50+).
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Table 3. Coverage probabilities for 95% confidence intervals with 10% incidence rate and type I

censoring in survival framework.

n = 2000
Strong New Marker (Adjusted HR = 2.0) Moderate New Marker (Adjusted HR = 1.5)
AC 3catNRI  2catNRI ~ NRI>0 IDI AC 3catNRI  2catNRI ~ NRI>0 IDI
Bias Corrected 95.1 94.3 93.1 93.9 95.7 95.6 92.1 90.5 95.1 94.8
Percentile 95.2 96.9 98.4 95.5 95.8 95.3 97.5 98.4 96.5 94.8
Bootstrap-t 95.5 93.2 92.4 93.5 96.2 96.2 90.8 90.2 94.1 96.2
Hybrid 93.6 91.8 92.5 93.3 92.8 89.9 89.6 90.5 93.7 89.1
Weak New Marker (Adjusted HR =1.2) Null New Marker (Adjusted HR = 1.0)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI ~ 2catNRI ~ NRI>0 IDI
Bias Corrected 93.2 86.0 89.2 925 93.2 98.3 89.1 90.1 95.0 91.2
Percentile 96.9 99.6 99.9 97.6 95.2 98.8 100.0 100.0 98.2 92.0
Bootstrap-t 91.7 85.2 86.9 91.7 95.0 97.9 84.9 85.1 91.9 98.7
Hybrid 75.7 86.8 90.0 91.1 76.6 100.0 94.2 90.9 90.7 100.0
n =300
Strong New Marker (Adjusted HR = 2.0) Moderate New Marker (Adjusted HR = 1.5)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI  2catNRI ~ NRI>0 IDI
Bias Corrected 94.3 90.4 91.0 92.6 94.3 87.9 85.4 90.0 91.7 91.6
Percentile 94.2 97.8 99.2 97.1 94.5 95.6 99.7 99.8 98.9 96.7
Bootstrap-t 95.3 90.9 89.1 93.1 95.2 87.3 80.5 85.5 90.0 92.1
Hybrid 83.6 84.7 88.2 90.4 81.3 77.8 81.5 88.9 88.3 73.1
Weak New Marker (Adjusted HR = 1.2) Null New Marker (Adjusted HR = 1.0)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI ~ 2catNRI ~ NRI>0 IDI
Bias Corrected 92.6 82.5 89.1 89.2 84.5 98.5 85.7 84.3 93.4 84.8
Percentile 98.3 100.0 100.0 98.1 97.5 99.0 99.8 100.0 97.7 83.2
Bootstrap-t 82.1 73.3 79.0 87.3 822 96.9 78.1 779 90.8 95.2
Hybrid 92.4 91.0 87.9 86.5 66.3 99.7 93.3 84.1 89.6 99.7

3catNRI categories: [0.00, 0.05), [0.05, 0.20), and [0.20+).
2catNRI categories: [0.00, 0.10) and [0.10+).

Table 4. Coverage probabilities for 95% confidence intervals with 50% incidence rate and type I

censoring in survival framework.

n = 2000
Strong New Marker (Adjusted HR = 2.0) Moderate New Marker (Adjusted HR = 1.5)
AC 3catNRI  2catNRI ~ NRI>0 IDI AC 3catNRI  2catNRI ~ NRI>0 IDI
Bias Corrected 95.6 94.1 95.2 94.5 94.5 95.0 93.4 929 94.5 95.7
Percentile 95.9 96.0 97.0 94.9 94.6 94.6 96.9 97.3 96.5 95.3
Bootstrap-t 95.7 93.4 95.3 94.2 94.7 94.9 93.0 92.6 94.8 95.4
Hybrid 95.9 93.8 95.0 94.3 94.2 94.0 93.2 92.7 94.9 95.0
Weak New Marker (Adjusted HR =1.2) Null New Marker (Adjusted HR = 1.0)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI ~ 2catNRI ~ NRI>0 IDI
Bias Corrected 94.8 91.8 92.7 93.1 94.3 99.3 92.8 86.1 96.2 97.1
Percentile 94.8 98.2 99.1 94.9 94.4 99.4 100.0 100.0 98.5 97.9
Bootstrap-t 95.7 91.7 90.5 93.4 95.3 97.9 85.8 794 91.9 98.6
Hybrid 90.9 90.5 92.1 93.2 90.1 100.0 95.4 87.0 91.9 100.0
n =300
Strong New Marker (Adjusted HR = 2.0) Moderate New Marker (Adjusted HR = 1.5)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI  2catNRI NRI >0 IDI
Bias Corrected 95.2 92.7 92.8 94.9 95.0 95.4 925 93.4 93.9 94.8
Percentile 94.8 97.6 99.1 96.0 95.4 95.3 98.8 99.4 95.7 94.9
Bootstrap-t 95.1 92.9 91.6 94.5 95.2 95.8 92.5 91.9 93.9 96.3
Hybrid 93.3 92.0 91.8 94.1 92.6 88.3 91.3 92.3 93.6 88.5
Weak New Marker (Adjusted HR =1.2) Null New Marker (Adjusted HR = 1.0)
AC 3catNRI ~ 2catNRI ~ NRI>0 IDI AC 3catNRI ~ 2catNRI ~ NRI>0 IDI
Bias Corrected 90.4 87.0 914 92.8 90.4 99.4 88.7 76.2 95.0 96.9
Percentile 98.0 99.8 99.9 98.9 96.8 99.5 100.0 100.0 98.6 97.6
Bootstrap-t 86.8 85.3 86.2 91.7 90.3 97.9 77.0 67.7 91.5 98.2
Hybrid 80.2 89.6 89.3 91.4 73.1 99.9 93.6 74.2 91.2 100.0

3catNRI categories: [0.00, 0.40), [0.40, 0.60), and [0.60+).
2catNRI categories: [0.00, 0.50) and [0.50+).
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Thus, positive bias exists when the sample estimate is larger than the population esti-
mate and negative bias exists when the opposite holds. Supplementary Figures 512-523
show boxplots of bias estimates for all simulated scenarios under both the logistic and sur-
vival frameworks. The reference line represents zero bias. In general, the bias distributions
are skewed to the right. In the logistic framework, variability in bias increases as the effect
size increases for all five measures, with NRI > 0 having the largest variability overall. We
also see positive bias with larger magnitudes for all measures in the smaller sample size
scenarios. In the survival framework, we observe mean bias of zero for the strongest added
markers, with positive bias as the adjusted hazard ratio of the added marker decreases
towards the null.

Regarding the CI coverage probabilities, the percentile Cls exhibit coverage of more
than 95%, while the other methods yield a coverage too low in more than half of scenarios.
Potential issues arise for both coverage extremes. Coverage probabilities below 95% indicate
that CIs are too narrow and that Type-I error may be inflated. Coverage probabilities
substantially above 95% indicate conservative inference and may be wider than expected.
We explored the relationship between the observed coverage probabilities and the widths
of the CIs. We constructed boxplots demonstrating the distributions of CI widths. The data
for the sample size of 300 are presented in Supplemental Figures S24-S38. Overall, the
excess coverage of percentile CIs has not been achieved at the expense of their width. Their
width is very similar to the width of the bootstrap BC intervals, yet with better coverage.
The asymptotic Cls have the lowest width, but this is also reflected in their low coverage
probabilities, further evidence of the potential underestimation of the standard error for
some metrics. The bootstrap-t intervals not only demonstrate the most variability in interval
width, but they also have consistently poor coverage except with strong added markers in
large sample sizes. Additionally, we see an increasing trend in the width of the CIs as the
effect size of the added marker increases, with this trend appearing to be most apparent for
AAUC and IDI. This trend is not present for NRI > 0. It appears that, in general, while the
percentile intervals frequently had more than 95% coverage, the widths were shorter when
compared with the other CIs we examined. If investigators are looking for a “one size
fits all” interval method, the percentile bootstrap interval may be an appropriate choice,
as this interval performed the strongest in simulation without exhibiting excess width
as compared with the other CI methods. This recommendation requires bootstrapping
computations, which can easily be performed in SAS or R. The percentile interval method
takes some of the least amount of extra time as compared with the other bootstrap methods.
We also observed that the BC method works well for AAUC, 3catNRI, jsNRI, NRI > 0, and
IDI in situations with a strong added marker and some scenarios with a moderate added
marker, depending on event rate and sample size. For CI and standard error estimation
from bootstrapping, we recommend that a sufficient number of bootstrap resamples is used;
we used B = 2000 for 95% Cls. The number of bootstrap resamples required increases as
the desired confidence level increases, which also increases computation time if an interval
with more that 95% confidence is desired. However, if the investigator has limited time and
wishes to use the asymptotic CI formulas, these formulas would best be used in cases with
at least moderate added effect size and with using bootstrap-estimated standard errors,
most importantly for IDI and NRI as the asymptotic standard error formulas for these
metrics produce Cls with low coverage.

4. Conclusions

Discrimination improvement is an important metric to estimate when developing
prediction models for assessing cancer risk and establishing new risk factors in oncology
research. We summarized several measures used for estimating discrimination improve-
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ment: AAUC, NRI, NRI > 0, and IDI. We also discussed motivations for their development,
definitions, and potential issues with their estimation and use. The motivation for this study
was to improve the estimation of these measures, which was studied through simulations
targeting confidence interval estimation. The simulation studies performed demonstrate
that the assumed normal empirical distributions of these measures break down under the
null hypothesis with varying levels of degeneration. This is problematic in estimation of
confidence intervals assuming normal theory, which all of these measures assume. Ad-
ditionally, the asymptotic standard errors for NRI and IDI under the logistic framework
appear to be consistently underestimated, decreasing the coverage probability for the
asymptotic confidence intervals in nearly all studied scenarios. The primary finding in
both the logistic framework and the survival analysis framework is that the percentile
CIs performed well regarding coverage, without compromise to their width; this finding
was robust in most scenarios. For the simplest recommendation, we suggest the use of
the percentile bootstrap interval with enough bootstrap resamples B, with increased B for
larger confidence levels of (1 — x)%. The percentile interval method takes the least amount
of extra computing time as compared with the other bootstrap methods, and it can be
easily estimated with use of SAS, R, or other statistical computing software. However, if
investigators wish to apply other bootstrap CI methods, there are other options depending
on the desired performance metric, marker strength, incidence rate, and sample size.

There are limitations to this work that should be addressed in future research. While
we currently recommend the percentile Cls as the method to use over intervals assuming
normal therapy, we acknowledge that further methodological refinements should be con-
sidered to possibly enhance the performance of the bootstrapped methods, including a
more comprehensive study of bias. We also plan to study the Jackknife technique, acknowl-
edging that it may perform better for small data samples. Additionally, one strength of this
work is that we assessed a wide range of possible scenarios to study CI performance in
extreme cases. However, we acknowledge that additional simulations should be considered
in future work. These should include additional sample size options, other incidence rates,
risk models with more predictor variables included, correlated predictors, other censoring
distributions, and models accounting for competing risks. We also acknowledge that these
recommendations should be tested and validated in real data; at the time writing, we have
applied for the use of specific clinical trial data to address this.

Supplementary Materials: Supporting information can be downloaded at: https://www.mdpi.com/
article/10.3390/ cancers17081259/s1.
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Simple Summary

Rectal cancer relapse after curative surgery usually results in poorer survival and quality of
life, so early identification of patients at high risk of relapse from rectal tumors is crucial. It
is essential to offer risk-based recommendations that address the unique needs of survivors
and caregivers while reducing the impact of provider shortages and managing costs for
healthcare systems, survivors, and families. This large retrospective study aims to develop
a machine learning algorithm using data from the RALAR study for profiling the risk
and the onset of rectal cancer relapse after curative resection. Specifically, we proposed a
machine learning algorithm that could assist clinicians in predicting patient prognosis by
minimizing late relapse diagnosis, consequent delayed treatment, and the inefficient use of
economic resources.

Abstract

Background: Almost 30% of patients with rectal cancer (RC) who submit to comprehensive
treatment experience relapse. Surveillance plays a leading role in early detection. The land-
mark approach provides a more flexible and dynamic framework for survival prediction.
Objective: This large retrospective study aims to develop a machine learning algorithm
to profile the patient prognosis, especially the risk and the onset of RC relapse after cu-
rative resection. Methods: A cohort of 2450 RC patients were analyzed using landmark
analysis. Model A applied a classical cause-specific Cox approach with a landmarking
approach, while Model B implemented a landmarking-based RSF (random survival forest)
competing risk algorithm. The two models were compared in terms of predictive and
interpretative ability. A bootstrapped validation strategy was employed to validate the
model’s performance and prevent overfitting. The best-performing hyperparameters were
selected systematically, ensuring the model’s robustness within the landmark approach.
The study assessed these factors’ importance and interactions using RSF and compared
the predictive accuracy to that of the classical Cox model. Results: Model B outperformed
Model A (mean C-index 0.95 vs. 0.78), capturing complex interactions and providing
dynamic, individualized relapse predictions. Clinical factors influencing survival outcomes
were identified across time with the landmark approach allowing for more accurate and
timely predictions. Conclusions: The landmark approach offers an improvement over
traditional methods in survival analysis. By accommodating time-dependent variables and
the evolving nature of patient data, this approach provides a precise tool for profiling RC
survival, thereby supporting more informed and dynamic clinical decision-making.

Keywords: rectal cancer; machine learning algorithm; relapse; metastasis; recurrence;
landmark analysis; competing events
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1. Introduction

Rectal cancer (RC) ranks eighth globally, with 729,833 new cases and 343,817 deaths in
2022 [1]. In Italy, in 2024, it is estimated that about 48,706 residents will have experienced
colorectal cancer (CRC), with 24,200 cancer-related deaths in 2022 [2]. One-third of new
CRC cases are rectal cancer cases.

Patient survival is mainly determined by stage at diagnosis; for stage I, the 5-year
survival rate is superior to 90%, decreasing to 70-85% in stage 1I, 25-80% in stage III, and
less than 10% in stage IV [3].

However, almost 30% of patients with locally advanced RC submitted to comprehen-
sive treatment experience relapse (local recurrence and/or distant metastasis) within the
first 5 years, with most of them diagnosed before the end of the third year [4]. Due to the
high risk of relapse, surveillance plays a crucial role in the early detection and prompt
management of RC recurrence.

No consensus has been reached on which type of exams and timing of the testing
must be used during surveillance after RC treatment [5].

Typically, postoperative follow-up involves a clinical examination, routine blood tests
with tumor markers, and imaging studies. Most global guidelines recommend visiting
patients every 3 months for 2 years, every 6 months for 3-5 years, and then once a year [6-8].

Many studies, both randomized controlled trials (RCTs) and observational studies,
investigated different types of surveillance to identify the best schedule regarding survival,
recurrence detection rate, and the percentage of curative surgery in case of relapse. Three
types of surveillance have been proposed and analyzed, including intensive, less intensive,
and no follow-up, but no consensus has been found [9].

Furthermore, survival rates are typically static and calculated from the surgery date,
without considering the importance of the time elapsed since surgery [10,11]. In this last
decade, several authors demonstrated that the risk of death or relapse is related to time
after surgery [12,13]. Therefore, the mere evaluation of oncological outcomes at baseline
is not enough for long survival in terms of predicting prognosis, resulting in frequent
surveillance monitoring and an increased psychological burden on patients. Conditional
survival (CS) was recently introduced to provide a personalized prognosis based on the
probability of surviving a certain number of years after diagnosis or treatment based on
the time the patient has already survived.

However, most survival models fail to account for the time-varying effects of patient
disease and procedure-related factors on survival and recurrence risk during follow-up.
Landmark analysis addresses this by generating multiple datasets, each capturing the
patient population at a specific time. These landmark datasets are then combined into a
single “super dataset,” which can be analyzed using multivariable regression [14-16].

In this last decade, machine learning (ML) has gained a leading role in the medical
field for profiling prognosis in cancer disease. These models can handle complex data
interaction and multicollinearity issues by examining structured data derived from images
and genetic and electrophysiological records [17]. Several studies reported that the ML
technique was successfully employed to predict cancer relapse in different types of tumors,
such as colorectal, breast, and gastric [18-20].

Landmarking provides a more realistic and clinically meaningful interpretation of
survival outcomes, particularly in oncology, where the influence of prognostic factors may
evolve with disease progression and treatment response. However, no efforts are reported
in the literature to combine the dynamic landmarking approach with the improved profiling
abilities of ML algorithms.

Moreover, the presence of competing risks, such as death from other causes, poses a
significant challenge when estimating the probability of relapse and cancer-specific mortal-

66



Cancers 2025, 17, 1294

ity in RC patients. Traditional survival models like Cox regression often struggle to properly
account for these competing events, potentially leading to biased risk estimates [21]. In
this context, random forest (RF) algorithms for survival analysis, mainly random survival
forests (RSF), have emerged as a suitable analysis due to their ability to flexibly handle non-
linear relationships, high-dimensional data, and time-dependent variables, all the while
accurately incorporating competing risk frameworks. Estimating cumulative incidence
functions (CIFs) within a competing risk setting, RF methods provide a more dynamic risk
prediction approach, enforcing clinical decision-making for personalized follow-up strate-
gies. Despite these advantages, their application with dynamic landmarking approaches
remains scarce [22].

Hence, this large retrospective study aims to develop a landmarking-based RFS com-
peting risk algorithm using data from the RALAR study [23] to profile patient survival and
the risk and onset of rectal cancer relapse after curative resection.

2. Materials and Methods

The characteristics of this study are reported concisely, as the details have been exten-
sively described in the previous RALAR study [23].

2.1. Patient Selection and Dataset

The RALAR database was adopted, and the data were retrospectively collected, includ-
ing data for patients who submitted to RC resection between January 2000 and December
2016 in 19 Italian colorectal referral centers. All information has been anonymized to
prevent patients from being identifiable. Central Ethics Committee approval was obtained
by the AOU San Luigi Gonzaga Human Research institutional review board (approval date
23 October 2018, protocol number 15525).

Patients with hereditary malignancies, recurrent rectal cancer, malignant secondary
disease dated back less than 5 years, microscopic and macroscopic residual tumors after
surgery (R1 and R2), and missing data on life status were not included. After exclusion,
2450 patients were eligible for the study (Figure 1).

All patients were submitted to rectal resection and PME or TME, depending on
tumor location, by open or minimally invasive (laparoscopic and robotic) approaches
according to the surgeon’s preference. Based on the clinical tumor stage, patients underwent
neoadjuvant therapy or upfront surgery following updated guidelines.

Adjuvant chemotherapy was administered for selected patients according to patho-
logical tumor stage and patient condition. A multidisciplinary team evaluated every
decision.

2.2. Statistical Analysis

This study employed a landmarking approach for survival analysis alongside tra-
ditional and machine learning-based models. Two methods have been considered for
comparison.

(1)  Model A: the classical landmark analysis based on the cause-specific Cox model.
(2) Model B: the proposed application of landmarking-based RFS competing risk algorithm.

The primary study outcome is cancer relapse. The proposed Model B treats the relapse
as the primary outcome occurring with competing cancer death and death for other causes
events.

The goal was to dynamically assess cumulative incidence probabilities over time,
accounting for changes in risk factors and patient conditions at predefined time points.
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Figure 1. Visual diagram of the detailed process for clinical design and data collection.

2.2.1. Data Preparation and Preprocessing

The dataset underwent preprocessing to ensure accuracy and consistency. Given the
study’s focus on long-term survival, time-to-event variables were computed from the date
of surgery to either the occurrence of an event or the last available follow-up.

In landmark analyses, separate datasets are created for each specific time point, in-
cluding only patients who remain at risk. These datasets are then combined into a single
dataset by stacking them together. Landmark time points were selected for one year from
the time of surgery up to 15 years.

2.2.2. Data Description

Data have been synthesized as median and interquartile ranges for quantitative vari-
ables and absolute and relative frequencies for categorical values. The univariable cause-
specific Cox hazard ratio and p values have been reported to describe the effect of patients’
characteristics on the hazard of cancer death, death for other causes, and relapse.
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2.2.3. Landmarking Approach for Time-Varying Risk Estimation

The assumption that hazard ratios remain constant over time is a limitation of tra-
ditional survival models. To address this, a landmarking framework was implemented
allowing survival estimates to be dynamically updated at multiple time points rather than
relying on a single baseline prediction.

In this study, landmark analyses were conducted at one, three, five, and ten years after
surgery. This allowed for the assessment of how risk factors influenced survival at different
follow-up intervals.

Variables were selected according to clinical judgment. These included age, sex,
comorbidities (Charlson score), Body mass index (BMI), American Society of Anesthesi-
ologists (ASA) classification, perioperative treatments (neoadjuvant/adjuvant), smoking
status, surgical approach (laparoscopic, open, robotic), inferior mesenteric artery (IMA)
ligation level (high tie, low tie), anastomotic dehiscence, combined multivisceral resections
(MVR), operative time, blood transfusion, tumor location (high, middle, low), distance
from the anal verge, pathological T stage, pathological N stage, pathological TNM stage
and tumor grade.

2.2.4. Model A: Survival Analysis Using Landmark Cause-Specific Cox Models

Multivariable Cox proportional hazards models were employed to examine the effects
of the variables of interest and their interactions with landmark time on cancer mortality,
other causes of mortality, and relapse.

Since patients could appear multiple times in the dataset at different landmark time
points, a robust [24] sandwich variance estimator was used to account for within-patient
correlation due to repeated measures.

2.2.5. Model B Machine Learning-Based Competing Risk Survival Analysis: Landmarking
with Random Survival Forests

While Cox models assume proportional hazards and linear relationships, these as-
sumptions do not always hold in complex clinical datasets. A landmarking approach was
also applied to RSFs to capture non-linear effects and interactions. This machine learning
method builds multiple decision trees to estimate survival probabilities without requiring
restrictive assumptions about hazard functions.

The schematic diagram (Figure S1, Supplement) illustrates the overall workflow of
the machine learning model implemented in this study, combining an RSF algorithm with
a landmarking framework to perform dynamic survival prediction in the presence of
competing risks.

v/ Input Layer—Clinical Data and Landmark Time Points: The model starts with
structured clinical data, including baseline and time-varying covariates such as tumor
staging, surgical approach, perioperative complications, and comorbidities. For each
predefined landmark time point, a subset of patients still at risk is selected to form a
“landmark dataset.”

v/ Landmark Dataset Construction: Separate datasets are generated for each landmark
time, capturing the patient profile up to that specific time. These are then stacked
together into a “super dataset” while preserving the longitudinal structure of the data.
Competing events—cancer-specific death, death from other causes, and relapse—are
all considered.

v/ RSF Model Training: A random survival forest model is trained using the combined
landmark datasets. The RSF, an ensemble of decision trees, learns from the data
without assuming proportional hazards or linear relationships. The model captures
complex, non-linear associations and interactions among predictors. Before model
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fitting, hyperparameter tuning was performed to determine the optimal mtry (number
of randomly drawn candidate variables) and node size tuning parameters for a
random forest, using out-of-sample error as the evaluation metric. Hyperparameter
tuning for RSF was conducted using a grid search strategy. The number of candidate
variables considered at each split (mtry) and the minimum node size were tuned by
evaluating combinations across predefined ranges: mtry (5 to 15) and node size (5 to
50). The number of trees was fixed at 100 to ensure computational consistency. Model
performance for each parameter configuration was assessed using out-of-bag (OOB)
error estimates, which serve as internal out-of-sample error measures in ensemble
tree models. For each tree, approximately one-third of the samples not included
in the bootstrap sample were used to compute the prediction error. The optimal
parameter set was defined as the one that minimized the average out-of-bag (OOB)
error, measured as the OOB concordance error, across all trees.

Given the longitudinal nature of the landmarking approach, where the same patient
may contribute data at multiple time points, cluster-based resampling was employed
during bootstrapping. This ensured that repeated measures for a single patient were
sampled as a unit, preserving intra-subject correlation and avoiding data leakage
between training and validation sets.

v/ Model Outputs—Cumulative Incidence Functions (CIFs): For each patient, the RSF
produces predicted cumulative incidence functions for each competing event. These
CIFs quantify the probability of experiencing relapse or death at future time points,
conditional on survival until the landmark. The RSF framework handled competing
risks directly by estimating CIF for each event type (cancer-specific death, other-cause
death, and relapse), following the methodology proposed by Ishwaran et al. [22]. This
non-parametric ensemble method does not rely on Fine-Gray regression but computes
CIFs by aggregating over multiple decision trees. Right-censoring was addressed
using inverse probability of censoring weighting (IPCW) during tree construction,
ensuring unbiased estimation of survival probabilities. Ties in survival times were
resolved using standard RSF splitting rules based on ranked survival times.

The feature importance analysis has also been calculated using the minimal depth
metric. Minimal depth quantifies the average distance from the root node at which a
variable first splits the data across all trees in the forest. Variables that split closer to the root
(i.e., with lower minimal depth) are considered more important, as they contribute earlier
and more frequently to the prediction process. This method provides a relative ranking
of predictors without relying on assumptions of linearity or proportional hazards. While
minimal depth captures the algorithmic influence of each variable, it does not reflect effect
size or direction and is therefore best interpreted in conjunction with clinical relevance.

Given the presence of multiple competing risks, traditional Kaplan-Meier survival
curves were insufficient for accurately estimating event probabilities. Instead, a competing
risks framework for RSF was implemented using cumulative incidence functions (CIFs),
stratified at each landmark time point. This approach accounted for the fact that a patient
who dies from other causes is no longer at risk for cancer-related mortality or relapse.

2.2.6. Validation and Model Performance Assessment

Models A and B were validated through fivefold cross-validation. The performance
of each model was assessed using Harrell’s concordance index for the Cox models and
the RSF models. One hundred bootstrap-based confidence intervals were computed to
quantify uncertainty and evaluate the stability of predictions.
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2.2.7. Patient Profiling

To visualize the dynamic behavior of cumulative risks predicted by the RSF model (as
shown in Section 3.4, two illustrative patient profiles—referred to as “better” and “worse”
risk groups—were constructed based on combinations of clinical variables identified as
most influential in the model (i.e., those with the lowest minimal depth). These profiles
were not derived through data-driven stratification but were manually defined to reflect
clinically relevant contrasts in relapse risk.

The better profile represented a low-risk patient characterized by median age (65 years),
male sex, medianBMI, minimal comorbidity burden (Charlson score: 0), ASA I-II status,
absence of perioperative treatment, non-smoker status, elective laparoscopic approach, high
tie ligation of the IMA, no anastomotic dehiscence, no transfusion, no conversion to open
surgery, no combined resections, median operative time, mid-to-high tumor localization,
early pathologic staging (pT0, pNO, pMO0), TNM stage < II, and a median distance from the
anal verge.

Conversely, the worse profile simulated a high-risk patient with the same age and sex
for comparability. Still, it included high-risk features: maximum BMI, higher comorbidity
burden (Charlson score: median), ASA III-1V, urgent surgical setting, open approach,
low tie ligation, presence of anastomotic dehiscence, perioperative treatment, smoking,
transfusion and conversion during surgery, combined resections, prolonged operative time,
low tumor location, advanced pathologic staging (pT4, pN2, pM1), TNM stage > III, and
minimal distance from the anal verge.

Cumulative incidence functions (CIFs) for relapse, cancer-related death, and other-
cause death were estimated using the trained RSF model at each landmark time point (1, 3,
and 5 years). Predictions were generated for the illustrative better and worse patient profiles
by applying the model to each profile and computing event-specific CIFs, accounting for
right-censoring and competing risks via ensemble averaging and inverse probability of
censoring weighting (IPCW).

3. Results
3.1. Descriptive Statistics

A total of 2405 patients who underwent curative RC resection were included in the
analysis. The population’s median age was 66.6 years (IQR: 58.2-74.0), with 61.7% being
male. The median BMI was 25.3 kg/ m? (IQR: 22.7-27.6), and most patients had a Charlson
comorbidity score of 2. Regarding operative risk, 74.4% of patients were classified as
ASA I-II, while 25.6% were ASA III-IV. Most procedures were performed laparoscopically
(56.5%), with open (35.7%) and robotic (7.8%) approaches used less frequently. Combined
MVR were required in 19.7% of cases, and 11.8% experienced anastomotic dehiscence.

Tumor location was predominantly mid- (46.9%) and high-rectal (29.1%), with ad-
vanced pathological features present in a substantial proportion of the cohort, including
35.9% with TNM stage >IlI, 34.6% undergoing combined resections, and 7.8% with peri-
toneal metastases.

The median follow-up period was 6 years (IQR: 3-8 years). During this time, 187 cancer-
related deaths, 474 deaths from other causes, and 202 relapses were observed (Table 1).

Cancer-related mortality was higher in older patients and those with greater comor-
bidity burdens, such as elevated Charlson and ASA scores. Open surgical approaches
and combined MVR were also linked to an increased risk of death from cancer. As ex-
pected, advanced disease features (higher TNM stage, positive lymph nodes, and peritoneal
metastases) were strongly associated with cancer-specific mortality (Table 1).
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Older age and a higher Charlson score were significantly associated with increased
mortality from other causes. Additional risk factors included higher ASA scores, the
occurrence of anastomotic dehiscence, perioperative blood transfusions, and combined
MVR. Advanced pathological features, including lymph node involvement and peritoneal
metastasis, also contributed to higher mortality from other causes (Table 1).

Relapse was more frequent in patients with higher BMI, those who received perioper-
ative treatments, and those who experienced anastomotic dehiscence. Combined MVR was
also associated with a higher relapse rate. As with cancer mortality, advanced pathological
staging (positive peritoneal metastases, lymph node involvement, and higher TNM stage)
were major predictors of recurrence (Table 1).

3.2. Model A

Landmarking Cox’s proportional hazards model was applied to evaluate the influence
of clinical variables on relapse risk at 1, 3, and 5 years post-surgery, capturing the dynamic
nature of prognostic factors over time. The Harrell C index is 0.78 [95% bootstrap CI = 0.75-
0.79] for the classical Model A.

The analysis identified combined MVR as consistently associated with an increased
risk of relapse across all time points. Similarly, anastomotic dehiscence showed a relevant
association with higher relapse risk, particularly in the early postoperative period, although
its effect appeared to decrease over time (Table 2). A high tie ligation of the IMA was found
to be protective against relapse, with a progressively stronger effect observed at later
follow-up times. Distant metastases (pM1) were associated with a higher risk of relapse,
significantly closer to the time of surgery, with attenuation of the effect over time.

Regarding pathological staging, lower pT stages (pT0O-pT2) were associated with a
reduced risk of relapse compared to pT3, with the protective effect being most pronounced
in the years after surgery. The distance from the anal verge showed a time-dependent
impact with a possible increase in relapse risk over time.

The open surgical approach was associated with a higher risk of relapse compared to
laparoscopy, and this effect remained stable throughout the follow-up.

Other factors, such as age, BMI, Charlson score, gender, ASA classification, periopera-
tive treatments, smoking status, conversion to open surgery, and localization of the tumor,
did not show notable associations with relapse risk over time in this multivariable setting.

Overall, the landmarking analysis confirmed that relapse risk is dynamic and evolves
with time since surgery, with certain risk factors having more pronounced effects at specific
follow-up intervals.

3.3. Model B

Model B’s Harrell C-index performance is notably higher than Model A’s (C in-
dex = 0.95; 95% CI = 0.82-0.96). The variable importance of clinical predictors across
the three competing events (cancer-related mortality, other-cause mortality, and relapse)
was evaluated using minimal depth from the random forest models. Variables with lower
minimal depth appear closer to the root of the decision trees and are considered more
influential for the outcome (Figure 2).

The most important variables for cancer-specific mortality were distant metastases
(pM), pathological lymph node involvement (pN), landmarking time, and age. These
variables had the lowest minimal depths, highlighting their significant contribution to the
model’s ability to predict cancer-related death. Pathological features such as TNM stage,
distance from the anal verge, and BMI also showed relevance. Conversely, variables like
gender, anastomotic leakage, and the level of IMA ligation were less influential in this
model (Figure 2).
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Table 2. Landmark Cox model relapse specific hazard ratios (HRs) and 95% confidence intervals

(CIs) for various clinical factors at 1, 3, and 5 years. The Harrell C index is 0.78 [95% bootstrap

CI=0.75-0.79].
Variables 1 Year HR (95% CI) 3 Years HR (95% CI) 5 Years HR (95% CI) Global Effect Interaction with Time
Age 1.12 (0.89-1.41) 0.96 (0.76-1.22) 0.83 (0.64-1.09) 0.08 <0.001
BMI 1.15 (0.96-1.37) 1.15 (0.96-1.38) 1.15 (0.94-1.40) 0.06 0.99
Charlson Comorbidity Score 1.05 (0.91-1.23) 0.99 (0.83-1.17) 0.92 (0.74-1.14) 0.28 0.06
Operative Time 1.10 (0.88-1.37) 1.05 (0.81-1.35) 1.00 (0.74-1.35) 0.74 0.31
Transfusion 1.60 (0.97-2.64) 1.33 (0.73-2.41) 1.11 (0.51-2.43) 0.06 0.2
Conversion 0.78 (0.42-1.42) 0.92 (0.50-1.71) 1.09 (0.53-2.23) 0.42 0.16
AV Distance 1.68 (0.90-3.14) 1.33 (0.68-2.58) 1.05 (0.49-2.26) 0.07 0.04
Landmarking Time 0.40 (0.25-0.63) 0.02
Gender—F:M 0.84 (0.60-1.18) 0.85 (0.60-1.22) 0.86 (0.57-1.31) 0.32 0.85
ASA—II-IV:I-IT 0.97 (0.66-1.43) 0.91 (0.59-1.40) 0.85 (0.50-1.43) 0.93 0.42
Perioperative Treatments—No:Yes 0.77 (0.49-1.20) 0.78 (0.47-1.31) 0.80 (0.42-1.53) 0.47 0.84
Smoking—Yes:No 1.07 (0.74-1.55) 0.99 (0.66-1.49) 0.91 (0.56-1.49) 0.81 0.28
Surgical Approach—Open: 0.59 (0.41-0.85) 0.58 (0.40-0.85) 0.57 (0.37-0.89) 0.03 0.48
Laparoscopic
Surgical Approach—Robotic: 0.91 (0.48-1.75) 1.07 (0.52-2.19) 1.25 (0.52-3.00) 091 0.4
Laparoscopic
Lower Mesenteric Artery 0.85 (0.50-1.47) 0.47 (0.24-0.91) 0.26 (0.11-0.61) <0.001 <0.001
Ligation—Low:High
Anastomotic Dehiscence—Yes:No 1.53 (1.01-2.31) 1.56 (0.99-2.48) 1.60 (0.91-2.81) 0.02 0.13
Combined Multivisceral 1.22 (0.80-1.86) 1.53 (1.00-2.35) 1.93 (1.20-3.09) 0.01 <0.001
Resections—Yes:No
Localization—High:Middle 0.59 (0.33-1.04) 0.68 (0.37-1.25) 0.78 (0.39-1.60) 0.07 0.34
Localization—Low:Middle 1.33 (0.70-2.52) 1.15 (0.58-2.27) 0.99 (0.44-2.20) 0.1 0.26
(y)pT—0:3 0.35 (0.16-0.77) 0.50 (0.23-1.08) 0.71 (0.31-1.66) <0.001 0.002
(y)pT—1:3 0.41 (0.22-0.77) 0.54 (0.28-1.02) 0.71 (0.35-1.41) 0.001 0.02
(y)pT—2:3 0.55 (0.35-0.86) 0.58 (0.37-0.93) 0.62 (0.37-1.06) 0.01 0.28
(y)pT—4:3 1.41 (0.82-2.42) 1.24 (0.67-2.29) 1.09 (0.51-2.36) 0.12 0.37
(y)pM—1:0 4.42 (2.60-7.53) 3.00 (1.52-5.92) 2.03 (0.81-5.10) <0.001 0.02
(y)pN—1:0 1.40 (0.65-3.02) 1.46 (0.68-3.13) 1.53 (0.68-3.47) 0.28 0.99
(y)pPN—2:0 2.53(1.13-5.68) 2.85 (1.24-6.55) 3.22(1.24-8.32) 0.03 0.53
(y)pTNM Stage—>1II:<II 0.77 (0.35-1.68) 0.61 (0.28-1.31) 0.48 (0.21-1.09) 0.54 0.15

CI: 95% confidence intervals; BMI: body mass index; ASA: American Society of Anesthesiologists; min: minutes;
AV: anal verge; F: female; M: male; (y)pT, pathological T stage according to the 8th edition of the TNM classification
after neoadjuvant treatment (Y) when administered; (y)pN, pathological N stage according to the 8th edition of
the TNM classification after neoadjuvant treatment (Y) when administered; pM, pathological M stage according
to the 8th edition of the TNM classification; (y)pTNM, pathological TNM stage according to the 8th edition of the

TNM classification after neoadjuvant treatment (Y) when administered; HR: hazard ratios. Model B.

In the model for mortality from other causes, age was the dominant predictor, followed

by Charlson comorbidity score and operative time, reflecting the relevance of general health

status and surgical complexity for non-cancer-related death. Variables related to tumor
characteristics (e.g., pT, pN, pM) and perioperative factors (e.g., anastomotic leakage, blood
transfusion) contributed less, indicating that patient frailty outweighed tumor burden in

predicting other-cause mortality (Figure 2).
Landmarking time, age, and distant metastases (pM) were the most influential vari-

ables for relapse prediction. Tumor burden indicators such as pathological tumor stage
(pT) and pathological node stage (pN) also played important roles. Notably, combined
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MVR, surgical approach, and perioperative complications such as anastomotic leakage had
a more modest contribution in this setting (Figure 2).
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Figure 2. Landmark random forest. Minimal depth of clinical variables in decision tree analysis. This
figure illustrates the minimal depth at which various clinical variables are used in a decision tree
model, which reflects their relative importance in predicting the outcome. Each bar represents the
minimal depth where a specific variable first splits the data, with a lower value indicating a higher
importance in the model’s initial decision-making process. Variables are ranked from top to bottom,
starting with those impacting the model as soon as possible (i.e., at the shallowest depth).

3.4. Patient Profiling

Figure 3 shows the cumulative incidence functions (CIFs) predicted by the RSF model
for cancer-specific mortality, other-cause mortality, and relapse at landmark times of 1, 3,
and 5 years. At all time points, predicted cumulative incidence was higher in the worse
profile compared to the better profile for each of the three outcomes.
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Figure 3. Random forest landmark cumulative incidence curves for cancer mortality predictions,
mortality for other causes, and relapse. This figure presents the cumulative incidence of cancer
mortality predicted by random forest models for landmarking times of 1, 3, and 5 years. Each panel
displays curves for two groups classified as “better” (blue) and “worse” (red) based on their risk
profiles. The curves illustrate the probability of cancer mortality over time, with annotations showing
the probability at specific years, highlighting the differences in outcomes between the groups at
these times. The numeric values on the curves represent the cumulative probabilities of mortality,
providing insights into the effectiveness of the predictive model over extended periods.
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For cancer-specific mortality, the cumulative incidence increased progressively with time
and was consistently higher in the worse profile. The difference in predicted risk between the
profiles was evident at each landmark and became more pronounced at later time points.

For other-cause mortality, predicted risk also increased over time in both profiles,
with a greater rise observed in the worse profile. The curves showed more gradual slopes
compared to cancer-specific mortality, with less pronounced differences between profiles.

For a relapse, the predicted cumulative incidence rose rapidly at earlier time points
and plateaued more gradually at later landmarks. The worse profile exhibited higher
predicted relapse probabilities than the better profile across all landmarks.

3.5. Models Comparison

The two modeling approaches demonstrated apparent differences in performance and
capabilities. Model A, a traditional cause-specific Cox proportional hazards model with
landmarking, achieved a Harrell C-index of 0.78 (95% CI: 0.75-0.79), reflecting moderate dis-
criminative ability. In contrast, Model B, based on a random survival forest (RSF) algorithm
within the same landmarking framework, achieved superior predictive performance, with
a Harrell C-index of 0.95 (95% CI: 0.82-0.96). While Model A offers high interpretability
through hazard ratios, it assumes proportional hazards and linear relationships, which
may limit its flexibility in capturing complex interactions. Model B, being non-parametric,
efficiently handled non-linear effects and variable interactions without restrictive assump-
tions. In the Cox model, no formal interaction terms were introduced, as the focus was on
estimating time-dependent effects within the landmarking framework. In contrast, the RSF
model implicitly captures non-linear effects and complex interactions through recursive
partitioning, without requiring pre-specification of interaction terms. While no formal
statistical testing of interactions was conducted.

Additionally, Model B explicitly modeled competing risks using cumulative incidence
functions, enhancing its applicability in the presence of cancer-related and other-cause
mortality. Model B outperformed Model A regarding discrimination, adaptability, and
ability to incorporate dynamic, time-varying risk profiles (Table 3).

Table 3. Summary comparison of the two predictive models (Model A: Cause-Specific Cox with
Landmarking; Model B: Random Survival Forest with Landmarking) used for dynamic relapse
and survival prediction in rectal cancer patients. The table outlines key methodological features,
assumptions, performance metrics, and interpretability considerations to highlight the strengths and
limitations of each approach.

Feature Model A (Cause-Specific Cox + Landmarking) Model B (Random Survival Forest + Landmarking)
Model Type Traditional Cox proportional hazards model Machine learning random survival forest
Time-dependency Handling Handled via landmarking at fixed time points Handled via landmarking at fixed time points
Assumptions Proportional hazards, linearity Non-parametric, no proportional hazards assumption
Outcome Type Relapse, with cancer apd ot'her—cause death as Relapse, with cancer apd ot.her—cause death as
competing risks competing risks
Validation Method fivefold cross-validation, bootstrap CI fivefold cross-validation, bootstrap CI
Performance Metric Harrell Concordance Index Harrell Concordance Index
Harrell C-Index 0.78 [95% CI: 0.75-0.79] 0.95 [95% CI: 0.82-0.96]
Interpretability High (hazard ratios) Moderate (feature importance via minimal depth)

Ability to Capture Non-linear

Effects Limited High

Handled indirectly through a cause-specific

Explicitly modeled with cumulative incidence functions
approach

Competing Risks Framework

A sensitivity analysis using an artificial neural network (ANN) model was performed, demonstrating lower
performance compared to the RF algorithm, with a C-index of 0.7 (0.69-0.72); other details are reported in the
Supplementary Materials.
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4. Discussion

The relative survival of patients with RC has improved considerably over the years,
especially in more advanced tumor stages. The 5-year survival rate increased for all RC stages
combined from 51% to 65% [25]. In the present study, the 5-year overall survival (OS) is 63%,
which aligns with literature data. The early detection of relapse at a treatable stage is the main
objective of follow-up after curative surgery for RC. Thus, early diagnosis of recurrent RC
can increase patient eligibility for many effective treatments, reduce morbidity, and improve
overall survival.

Risk assessment of relapse is crucial for early decision-making; several disease-,
operative-, and postoperative-related issues should be considered, including the type
of approach, combined MVR, level of IMA ligation, locally advanced tumor, lymph-node
metastases, distant metastases, and anastomotic leakage.

The open approach resulted in a risk factor for cancer relapse as compared with
laparoscopic surgery. Although a very recent RCT from China [26], investigating the non-
inferiority of laparoscopic surgery versus the open approach, reported an increased 3-year
locoregional recurrence in the open arm compared with the laparoscopic arm (3.7% vs.
2.3%; p = 0.22), our results did not align with most of the literature evidence. Specifically,
several systematic reviews and meta-analyses [27,28] have shown similar short- and long-
term oncological outcomes between the laparoscopic and open approaches. We can justify
our findings by suggesting that open surgery was likely administered to more challenging
cases, such as those involving locally advanced cancers, tumors invading nearby organs,
metastatic disease, and intraoperative adverse events, all of which are widely recognized
risk factors for cancer relapse [27].

We were unable to find a study investigating the oncological outcomes of locally
advanced RC underwent MVR. However, MVR is usually performed for rectal tumors
invading nearby organs (T4b) that are widely recognized as an independent factor for local
recurrence [28], corroborating our results.

In the present study, the low tie ligation of IMA is a risk factor for cancer relapse
as compared with high ligation. The ligation of the IMA is one of the most relevant
procedures during anterior resection for RC to ensure adequate lymphadenectomy and
colon mobilization. Compelling evidence suggests that lymph node dissection is mandatory
to reduce the risk of local recurrence [29-31]. Some authors argue that low ligation of the
IMA does not yield sufficient lymph nodes for oncological safety [32]. In contrast, others
contend that routine high tie dissection is unnecessary due to the relatively uncommon
occurrence of lymph node metastases at the root of the IMA [33,34]. To date, no consensus
has been reached regarding the optimal level of IMA ligation in terms of postoperative
complications, quality of life, and oncological outcomes. Our finding adds to the ongoing
debate surrounding inferior mesenteric artery ligation.

To our knowledge, a more advanced cancer stage is strictly related to a worse prognosis.
Thirty percent of patients with RC stages I-1II develop tumor relapse, while up to 65% of
patients with stage IV RC experience recurrent disease after curative treatment [27,35].

Finally, a recent meta-analysis, which included 34,487 patients who underwent cu-
rative anterior resection for RC, concluded that anastomotic leakage is associated with
increased local recurrence and reduced long-term survival [36]. In alignment with the
literature data, the present study identified anastomotic leakage after surgery as a leading
risk factor for cancer relapse.

To our knowledge, this is the first study to propose an ML algorithm for predicting
the risk of relapse, which changes over time after surgery. This is consistent with the new
concept of conditional survival. Zheng et al. [12] conducted a retrospective study on 785 pa-
tients treated for RC to create CS nomograms that predicted the conditional probability of
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survival after rectal resection. The author demonstrated that the likelihood of achieving
5-year recurrence-free survival increased from 75.6% immediately after surgery to 93.9% in
patients who had already survived for 3 years without recurrence. CS provides a more tailored
prognosis over time and helps to calibrate postoperative surveillance strategies. Besides, the
CS analysis has already been adopted as a predictor for the risk of relapse in other types of
cancer, such as breast [37], hemopoietic [38], liver [39], and esophageal [40].

To date, several professional societies have proposed imaging-based surveillance
guidelines for RC. These guidelines are consistent in recommendations for surveillance
every 3—-6 months for the first 2-3 years after surgery, then every 6 months for a total of
5 years with clinical examination, imaging, and colonoscopy (after 1 year) [6-8]. Despite
these differences in the frequency and type of surveillance, there is consensus that overly
intensive follow-up does not necessarily yield additional benefits. Additional radiation
exposure from surveillance tests could pose risks of developing other types of tumors [41].
Furthermore, it’s essential to consider the phenomenon of “scanxiety,” a term widely
adopted to describe the psychosocial effects of routine surveillance imaging on cancer
survivors, which can provoke anxiety and distress in many of them [42].

The findings of this study underscore the value of landmarking as a methodological
framework for survival prediction. Landmarking enhances prognostic accuracy and facil-
itates personalized clinical decision-making by enabling the reassessment of risk factors
at multiple time points. Patients do not have a fixed survival probability at the time of
surgery; their risk changes as they progress through different stages of follow-up.

Landmarking is particularly useful in oncology, where patients in the early stages
have significantly different survival trajectories from those who remain event-free for
several years. By updating risk estimates dynamically, clinicians can provide more precise
prognostic information and tailor follow-up strategies accordingly. This approach has
broader applicability beyond colorectal cancer, extending to other chronic diseases where
time-dependent risk assessment is critical.

The integration of landmarking with machine learning-based RSF models provides a
flexible and robust framework for survival prediction. By dynamically updating relapses
over time and incorporating complex, non-linear interactions among clinical variables, this
approach supports more personalized follow-up strategies, enabling the identification of
high-risk patients who may benefit from intensified monitoring, while sparing low-risk
individuals from unnecessary interventions. Nonetheless, the traditional Cox model remains
clinically relevant in scenarios where transparency and interpretability are paramount. For
example, when informing guideline development, when communicating prognosis with
patients, or in settings with limited computational resources or smaller datasets, the Cox
model provides precise hazard ratio estimates that are familiar to clinicians and easier to apply
in routine decision-making. In our analysis, the superior performance of the model compared
to the widely used ANN model highlights RSF’s effectiveness in capturing certain variable
relationships within clinical data—relationships that the ANN does not handle as efficiently
in this specific context. ANNs are powerful models; they often require larger datasets with
complex big data [43,44].

The clinical relevance of our approach lies in its potential to tailor personalized
postoperative surveillance. For instance, patients identified as high-risk at a given time
point can be prioritized for more intensive imaging and monitoring. In contrast, low-risk
patients may be safely followed with less frequent testing, thereby improving resource
utilization and patient experience. Beyond improving prognostic accuracy, this model
could support more cost-effective follow-up strategies. Current surveillance protocols
often apply uniform schedules regardless of individual relapse risk, which can result in
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unnecessary imaging, laboratory tests, and outpatient visits for low-risk patients while
potentially under-monitoring those at higher risk.

By identifying patients with persistently low relapse probabilities, such as those with
favorable profiles, follow-up intensity can be safely reduced, thereby lowering healthcare costs
and minimizing patient burden from frequent testing and hospital visits. Conversely, intensified
surveillance might facilitate earlier detection of recurrence and more timely interventions for
high-risk patients, potentially improving outcomes without proportionally increasing costs.

In the context of existing literature, follow-up schemes have been reported to vary
widely in cost, ranging from $910 to $26,717 over 5 years, depending on the intensity [9]. A
tailored strategy based on our model could optimize resource allocation by concentrating on
healthcare efforts where they are most needed. Future prospective studies could simulate
the economic impact of risk-adapted surveillance protocols by comparing the cumulative
costs and outcomes of standard vs. model-driven follow-up approaches.

This study has many limitations due to its retrospective design and relatively long
accrual period. Several issues had important missing data, with a consequently limited
number of factors analyzed. Furthermore, many changes concerning perioperative and
operative treatment characterized this long accrual interval.

While the RSF model offers the advantage of capturing complex interactions and non-
linear effects, its internal measures of variable importance, such as minimal depth, should be
interpreted with caution. These rankings are unitless and algorithm-driven, reflecting how
early and frequently a variable is used to split nodes across decision trees. Still, they do not
provide quantitative estimates of effect size or direct measures of clinical risk. Therefore, the
most influential variables for predicting relapse and mortality must be understood in the context
of existing clinical evidence and pathophysiology. For example, the prominence of pM and pN
status in the model aligns with their well-established prognostic roles in rectal cancer. Ultimately,
variable importance metrics are helpful in exploring model behavior, but clinical applicability
relies on integrating these results with domain knowledge and individual patient profiles.

Moreover, internal validation through bootstrapping confirms the robustness of the
model; external validation with independent datasets should also be important to evaluate
its generalizability across diverse ICU settings and patient populations. The modeling
framework presented in this study has the potential to support risk-adapted post-operative
surveillance in rectal cancer. By integrating time-dependent clinical information and
competing risks, the RSF model enables dynamic and individualized prediction of relapse
and mortality. This can inform more precise follow-up strategies, such as intensifying
imaging schedules for high-risk patients or safely de-escalating surveillance in low-risk
cases, ultimately improving clinical decision-making and resource allocation.

To facilitate clinical integration, future work will focus on external validation of
the model in independent cohorts from other institutions or population-based registries.
Additionally, efforts will be made to translate the model into a user-friendly platform,
allowing clinicians to input patient characteristics and receive real-time risk predictions.

5. Conclusions

In this era of precision medicine, more tailored surveillance for patients undergoing
curative surgery for rectal cancer is needed to obtain early diagnosis of relapses, reduce
the cost of ineffective tests, minimize radiation exposure risks, and alleviate negative
psychosocial effects. In this study, we analyzed and compared the importance of risk
factors for rectal cancer relapse using a machine-learning algorithm. The clinical relevance
of our approach lies in its potential to tailor personalized postoperative surveillance.
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Simple Summary

Early detection of glottic cancer remains a challenge due to changes in vocal fold
biomechanics. This study assessed the Stiffness Asymmetry Index (SAI), derived from
high-speed videoendoscopy (HSV), as a quantitative marker of vocal fold stiffness for
differentiating benign and malignant glottic lesions. Analysis of 102 participants re-
vealed that SAI (AUC = 0.91, 95% CI: 0.839-0.962) and weighted amplitude asymmetry
(AUC = 0.92, 95% CI: 0.85-0.974) effectively distinguished between normal and patholog-
ical vocal folds. Machine learning models further improved classification, with an SVM
classifier achieving an AUC of 0.93 for organic lesion detection and 0.83 for malignancy
differentiation. These findings highlight SAI as a promising non-invasive parameter for
early glottic cancer detection, with machine learning enhancing diagnostic accuracy.

Abstract

Objectives: This study evaluates the potential of high-speed videoendoscopy (HSV) in differen-
tiating between benign and malignant glottic lesions, offering a non-invasive diagnostic tool
for clinicians. Moreover, a new parameter derived from high-speed videoendoscopy (HSV)
had been proposed and implemented in the analysis for an objective assessment of the vocal
fold stiffness. Methods: High-speed videoendoscopy (HSV) was conducted on 102 partici-
pants, including 21 normophonic individuals, 39 patients with benign vocal fold lesions, and
42 with glottic cancer. Laryngotopographic parameter describing the stiffness of vocal fold
(SAI) and kymographic parameters describing amplitude, symmetry, and glottal dynamics
were quantified. Statistical differences between groups were assessed using receiver operating
characteristic (ROC) analysis and lesion classification was performed using a machine learning
model. Results: Univariate receiver operating characteristic (ROC) analysis revealed that SAI
(AUC =091, 95% CI: 0.839-0.962) and weighted amplitude asymmetry (AUC = 0.92, 95% CI:
0.85-0.974) were highly effective in distinguishing between normophonic and organic lesions (p
< 0.01). Further multivariate analysis using machine learning models demonstrated improved
accuracy, with the SVM classifier achieving an AUC of 0.93 for detecting organic lesions and
0.83 for distinguishing benign from malignant lesions. Conclusions: The study demonstrates
the potential value of parameter describing the pliability of infiltrated vocal fold (SAI) as a
non-invasive tool to support histopathological evaluation in laryngeal lesions, with machine
learning models enhancing diagnostic performance.

Keywords: glottic cancer; vocal fold stiffness; high-speed videoendoscopy; laryngotopogra-
phy; Stiffness Asymmetry Index; machine learning; receiver operating characteristic; benign
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lesions; malignant lesions; kymography; amplitude asymmetry; phase difference of vocal
fold oscillations

1. Introduction

Dysphonia is usually the first symptom of different disorders of the voice organ in-
cluding organic lesions as well as functional or inflammatory disorders. The differentiation
between possible causes of dysphonia is necessary for adequate treatment modalities.
While in benign lesions the main goal is to obtain good quality of voice, the treatment of
the malignant lesions is being planned mainly to obtain clear margins. Laryngeal cancer
(LC) is one of the most common malignancies in the head and neck region and about 95%
is laryngeal squamous cell carcinoma (LSCC) [1]. In the glottis, it usually appears on the
mucosal surface of the free margin in the anterior 1/3 of the vocal fold. Early diagnosis of
the LSCC is a key point to a complete cure. According to the 5-year survival rate which
ranges from 78% in early-stage patients to 34% in advanced cases with metastatic involve-
ment [2]. The histopathological examination remains a gold standard for the diagnosis
of organic lesions. However, an effort is made to obtain a highly objective method for
the examination before invasive procedures, which could support the diagnosis. Clinical
evaluation of the larynx is the first step in the process. An essential point is the white
light endoscopy (WLE) which guides treatment planning. However, WLE could be in-
sensitive for early, superficial lesions. Therefore, many studies recommend combining
WLE with narrow band imaging (NBI) which asses the vascular patterns [3,4]. European
Laryngological Society published a descriptive guideline for vascular changes in lesions
of the vocal folds. They pointed out the important value of NBI assessment in the vocal
fold lesions. However, authors also stated that NBI examination results must remain as
part of other findings e.g., mucosal vibration, vocal fold stiffness [5]. Objective assess-
ment of the vocal fold stiffness had different approaches in time. Firstly it was assessed
invasively and, therefore could not be implemented clinically as it caused scaring and
required general anesthesia [6]. Then the non-invasive methods were developed based
e.g., on the relationship between fundamental frequency (F0) and subglottic pressure (Ps)
which allows the clinical use of this parameter [7,8]. According to the endoscopy in larynx,
the mucosal wave is commonly assessed and its absence is partly a result of vocal fold
stiffness. Commonly laryngovideostroboscopy (LVS) is used for the functional assessment
of vocal fold oscillations. This method gives the illusory image of the vocal fold vibrations
using the synchronization of strobe light with FO. However, it fails in aperiodic voices
or patients who had problems with prolonged phonation, so mostly cases with severe
dysphonia. High-speed videoendoscopy (HSV) overcomes some of those problems. This
method allows us to obtain the real oscillations of the vocal fold, recording at more than
2000 fps. There are many methods for the objective assessment of HSV among others the
laryngotophography (LTG). LTG is a method for the assessment of spatial characteristics.
Fourier transformation is used to detect changing in the time brightness of pixels across
HSV images [9,10]. In 2022 we proposed implementation of the LTG maps to calculate Stiff-
ness Asymmetry Index (SAI) to provide a quantitative comparison of vibrations between
affected and non-affected vocal folds [11].

The goal of the study is to propose the non-invasive approach for differentiation
of benign and malignant glottic lesions using a newly proposed parameter describing
the vocal fold stiffness (SAI) based on the laryngotopography (LTG) derived from the
high-speed videoendoscopy (HSV). Moreover, to implement the new parameter (SAI) in
the objective assessment of vocal fold oscillations to support the standard kymographic

86



Cancers 2025, 17, 1376

parameters describing the vocal fold symmetry, amplitude and phase difference with use
of machine learning methods.

2. Materials and Methods
2.1. Study Group

Laryngeal HSV recordings (1 = 102) of subjects hospitalized between March 2020
and March 2024 at the Department of Otolaryngology, Head and Neck Oncology, Medical
University of Lodz, Poland was taken. The inclusion criteria for the study required that the
vocal folds in the recordings were clearly visible during high-speed videoendoscopy (HSV)
imaging. Cases where the epiglottis obstructed the anterior commissure, or the arytenoid
cartilages obstructed the posterior vocal folds were excluded. The study cohort consisted
of 21 normophonic individuals (healthy controls), 39 patients diagnosed with benign vocal
fold lesions (such as polyps and cysts), and 42 patients with early malignant lesions (all
diagnosed with T1 squamous cell carcinoma of the vocal fold).

According to sex and age in the group of 42 patients with malignant lesions there were
34 males, 8 females, aged from 44 to 91 years, with mean age of 68 years. In the group of
39 patients with benign lesions there were 17 males and 22 females aged from 23 to 77 years,
with mean age of 50 years. Normophonic group of 21 patients consists of 7 males and
14 females aged from 22 to 68 years, with a mean age of 43 years.

The final diagnosis of all lesions was confirmed by histopathological examination of
tissue specimens obtained from hypertrophic lesions. Patients with bilateral vocal fold
lesions or advanced cancer affecting other structures (laryngeal ventricle, vestibular fold,
contralateral vocal fold) were excluded from the study.

2.2. Equipment and Instrumentation

HSV recordings were carried out using a rigid, oval-shaped endoscope (Xion ¢$10.0,
Berlin, Germany) with light input in Storz standard matched to a 4.8 mm fiber optic light
cable. The HSV images of the larynx were registered with an Advanced Larynx Imager
System (ALIS) manufactured by Diagnova Technologies (Wroclaw, Poland), equipped
with an innovative endoscope laser light source (ALIS Lum-MF1) and laryngeal high-
speed camera (ALIS Cam HS-1) with a CMOS image sensor with a color filter array (the
classic Bayer filter) and a global shutter. Images were recorded 3200 frames per second at
416 x 416 pixels.

2.3. Endoscopic Procedure

The high-speed videoendoscopy (HSV) procedure was conducted under controlled
conditions, with patients seated in a comfortable position and instructed to maintain stable

iy
1

phonation of the vowel “i” for the duration of the recording at a comfortable level of pitch
and volume. The vocal fold movements were captured over a period of a few seconds
during sustained phonation. The recordings were carefully reviewed to ensure that no
other anatomical structures interfered with the laryngeal views (e.g., epiglottis or arytenoid

cartilages obstructing the vocal folds).

2.4. Laryngotopographic (LTG) Analysis

Stiffness Asymmetry Index (SAI) was calculated using the laryngotopography (LTG)
method. The Fourier Transform was applied on so-called brightness functions defined
for every individual pixel within the glottal area. This function is simply a time-series of
image pixel brightness values that periodically change due to the vocal folds motion, either
obscuring or exposing the glottis lumen. Since the frame rate of the HSV camera used
in the study (3200 fps) is much higher than the expected fundamental frequencies range
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of vocal folds oscillations, the reconstructed brightness functions can be reliably used for
signal harmonic analysis. Specifically, Fourier analysis is used to decompose the brightness
fluctuations of each pixel over time into frequency components. This enables us to:

2.4.1. Identify Fundamental Frequency (FO) and Harmonic Components

By analyzing pixel intensity variations, we can determine the dominant vibratory
frequencies of the vocal folds, distinguishing between normal and pathological oscillations.

2.4.2. Map Spatial Vibratory Patterns

Fourier Transformation is applied across the entire glottic region, creating laryngoto-
pographic maps, which visually represent areas of high and low vibratory activity. These
maps are crucial for detecting non-vibratory regions, amplitude asymmetry, and stiffness
changes associated with malignancy.

2.4.3. Quantify Oscillatory Behavior in a Standardized Manner

FT-based spectral analysis allows for objective comparison of different glottic regions,
reducing observer bias and providing numeric parameters that can be used in machine
learning classification.

This method enabled the objective evaluation of the mucosal wave, amplitude asym-
metry, and phase difference, with the goal of identifying significant differences between
normal and pathological vocal fold movements. The SAI was calculated based on the
LTG maps, allowing a quantitative comparison of the vibratory patterns of the affected
vocal fold with the non-affected one. Detailed methodology is presented in another publi-
cation [12]. In comparison to the published version of the algorithm, for the purpose of
the current study we have introduced one major improvement with respect to the lateral
separation of the vocal folds. Previously, the user simply indicated the top and the bottom
poles of the glottal gap. These two locations determined the symmetry axis of the glottis
(see Figure 1a). In the pilot study, this approach ensured accurate division between left and
right side. However, there are cases, where the lesion on one side obscures the vocal tissue
on the other side, thus disturbing the estimation of the motion dynamics of the unaffected
part. Therefore, we modified the procedure of SAI calculation through a more precise
delineation of the boundary between the two sides, adapted to the local shape of glottal
lesions (Figure 1b).

(b)
Figure 1. Different approaches for the partitioning of the glottis into left and right side: (a) using

straight symmetry axis and (b) locally adapted boundary to avoid assigning right vocal lesion to the
left side.

For the analysis we used short recordings of 625 ms therefore the movement of the
endoscope tip is negligible. However, perspective distortion, although a well-recognized
issue in endoscopic imaging, remains challenging to fully eliminate. Moreover, studies
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proved that there is an influence of angle tilt of the endoscope on the parameter values
especially those describing the asymmetry [13]. A fundamental approach to mitigating this
distortion in laryngoscopy involves ensuring optimal orientation of the endoscope tip, such
that the optical axis of the camera is maintained perpendicular to the surface of the vocal
folds. Additional strategies include the use of advanced image post-processing techniques
to correct distortion effects, as well as the implementation of 3D imaging, which provides
depth information and enables more accurate reconstruction of anatomical structures.
These techniques are however still in the research and development phase.

Therefore, in this study, video sequences were meticulously acquired with careful
attention to optimal endoscope positioning, ensuring reliable quantification of vocal fold
dynamics. Furthermore, it is important to highlight that the SAI parameter exhibits inherent
robustness to distortions arising from moderately deviated viewing angles. This parameter
is calculated as the ratio of the relative vibrating areas of the left and right vocal folds
calculated separately. When distortion is minimal, any apparent enlargement on one
side effects both the vibrating and total fold areas proportionally, thereby preserving the
accuracy of the SAI calculation.

2.5. Kymographic Analysis

The obtained recordings were analyzed with the aid of the Diagnova Technologies
software DiagnoScope Specialist ver. 1.3 (Poland) dedicated for ALIS with additional
modules. This software provides tools for both short- and long-term kymographic analysis
and parameterization. While HSV is the primary imaging modality, our analysis is based
on high-speed kymography, which is derived from HSV recordings. For the analysis the
software automatically selected a part of the recording 625 ms length. Manual stabilization
and centering of the image for each frame was not required, because, in such a short
recording time (625 ms), the movement of the endoscope tip is negligible. After this the
examiner marked five points on a single representative frame and based on this the vocal
folds edges were identified semi-automatically along the whole length of the glottis. In case
of any discrepancy the software allows to verify and adjust the automated detection by
the examiner. We used the kymography which is a post-processing technique that extracts
temporal vibratory information from HSV recordings, enabling quantitative assessment of
vocal fold oscillations. In the final step, the software calculated a set of specific parameters
to quantify vocal fold dynamics, including amplitude, asymmetry, and phase differences.
Those parameters are presented in the Table 1. Their significance were mentioned in the
ELS/UEP guidelines as important in the voice assessment [14]. A detailed description
of the apparatus and software used is provided in another publication [15]. Detailed
explanation with mathematical formulas please see the Supplementary S1.

Table 1. Kymographic parameters included in the study and their descriptions. %FL—percent of a
vocal fold length.

Parameter Description Parameter Description

Index of maximum Open Quotient 1/3 anterior part

! AmpMaxind (7FL) glottal gap amplitude 20 OQAvg_3/3 (%) of the glottis

Index of maximum
2 AmpRMaxInd (%FL) right vocal fold edge 21 AmplAsymAvg (%) Average amplitude asymmetry
movement amplitude

Index of maximum
3 AmpLMaxInd (%FL) left vocal fold edge 22 AmplAsymAvg_1/3 (%)
movement amplitude

Average amplitude asymmetry
1/3 posterior part of the glottis
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Table 1. Cont.

Parameter Description Parameter Description
o Index of net glottal o Average amplitude asymmetry
4 AmpCenter (%FL) gap amplitude 23 AmplAsymAvg 2/3 (%) 1/3 middle part of the glottis
Index of net right Average amplitude asymmetry
5 AmpRCenter (%FL) vocal fold edge 24 AmplAsymAvg_3/3 (%) 1/3 anterior part of the glottis
movement amplitude
Index of net left vocal
6 AmpLCenter (%FL) fold edge movement 25 AmplAsymWeighted (%) Weighted amplitude asymmetry
amplitude
o Average glottal gap o
7 AmpAvg (%FL) amplitude 26 PhaseAsymAvg (%) Average phase asymmetry
Glottal gap
o amplitude 1/3 o Average phase asymmetry 1/3
8 AmpAvg_1/3 (%FL) posterior part of the 27 PhaseAsymAvg_1/3 (%) posterior part of the glottis
glottis
Glottal gap
o amplitude 1/3 o Average phase asymmetry 1/3
? AmpAvg 2/3 (%FL) middle part of the 3 PhaseAsymAvg 2/3 (%) middle part of the glottis
glottis
Glottal gap
o amplitude 1/3 o Average phase asymmetry 1/3
10 AmpAvg_3/3 (%FL) anterior part of the » PhaseAsymAvg_3/3 (%) anterior part of the glottis
glottis
o Average left vocal . o Weighted Average phase
11 AmpLAvg (%FL) fold amplitude 30 PhaseAsymWeighted (%) asymmetry
o Average right vocal o Average relative to common
12 AmpRAvg (%FL) fold amplitude 31 Rel2CommonAmplAvg (%) amplitude ratio
N Non-closing part of . o .
13 Nonclosing (%FL) vocal filgs 32 PhaseDiffAvg (°) Average phase difference
PN Non-opening part of . o Average phase difference 1/3
14 Nonopening (%FL) vocal folds 3 PhaseDiffAvg_1/3 (%) posterior part of the glottis
. o . . o Average phase difference 1/3
15 EffectiveArea (%) Glottal effective area 34 PhaseDiffAvg_2/3 (°) middle part of the glottis
o Relative Glottal Gap . o Average phase difference 1/3
16 RGGA (%) Area % PhaseDiffAvg 3/3 (*) anterior part of the glottis
17 OQAvg (%) Average. Open 36 PhaseDiffWeighted (°) Weighted phase difference
Quotient
Open Quotient 1/3
18 OQAvg_1/3 (%) posterior part of the 37 AbsPhaseDiffAvg (°) Average absolute phase difference
glottis
Open Quotient 1/3 .
19 OQAvg 2/3 (%) middle part of the 38 AbsPhaseDiffWeighted (°) Weighted absolute phase
glottis difference

2.6. Statistical Analysis

The objective of the statistical analysis was to assess the ability of each parameter to

differentiate between benign and malignant patients, as well as distinguish both types

of organic lesions from healthy individuals. Before performing group comparisons, we

assessed the normality of all 39 kymographic parameters using the Shapiro-Wilk test

(o0« = 0.05). Parameters that followed a normal distribution were analyzed using one-way

ANOVA. Parameters that did not follow a normal distribution were analyzed using the
Kruskal-Wallis test.
To determine which parameters significantly differed between the three patient groups

(normophonic, benign, malignant), we applied: one-way ANOVA for normally distributed

parameters; Kruskal-Wallis test for non-normally distributed parameters.
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For parameters that showed a significant difference in the global ANOVA /Kruskal-
Wallis test, we conducted Mann-Whitney U tests for pairwise comparisons: normophonic
vs. benign lesions; normophonic vs. malignant lesions; benign vs. malignant lesions.
Bonferroni correction was applied to adjust for multiple comparisons.

Six parameters were found to be significantly different across groups: Stiffness Asym-
metry Index (SAI); Weighted Amplitude Asymmetry (AmplAsymWeighted); Average
Amplitude Asymmetry (AmplAsymAvg); Amplitude Asymmetry (Middle Third) (Am-
plAsymAvg_2/3); Absolute Phase Difference (AbsPhaseDiffAvg); Weighted Absolute Phase
Difference (AbsPhaseDiff Weighted)

For the most significant parameters, Receiver Operating Characteristic (ROC) analysis
was conducted to evaluate their classification performance. To compensate for small
sample size we had applied ROC analysis with boostrapping. In all simulations, number
of bootstrap iterations was set to 1000. Dataset was resampled with replacement so that the
size of the resampled data was equal to the original.

The mean metrics were averaged over bootstrap iterations. The 95% confidence
bounds were found as 2.5 and 97.5 percentiles of the results obtained through the
1000 repetitions. In this analysis, the ROC curves are interpolated, as the TPR values
in different bootstrap run were obtained for different FPRs. The ROC analysis was con-
ducted in two stages: first, to differentiate normophonic patients from those with any
organic lesions (benign and malignant), and second, to distinguish between benign and
malignant lesions. The Youden Index, sensitivity and specificity with 95% confidence
intervals were reported. We have added a definition of the Youden Index, which is used to
determine the optimal cut-off threshold for binary classification in our ROC analysis. The
Youden Index (J) is calculated as:

J = Sensitivity + Specificity — 1

Youden indexes are calculated for the mean ROC curves, but the threshold cutoff-
values can only be given for the full original data. Otherwise, determination of a cutoff
value is ambiguous. A higher Youden Index indicates a better balance between sensitivity
and specificity, making it a useful metric for selecting the optimal diagnostic threshold for
parameters such as SAI and amplitude asymmetry.

2.7. Machine Learning Model

To further examine the diagnostic capability of the parameters in the multivariate
setting, a machine learning model was developed. The purpose of the study was to build a
classifier model for discriminating patients according to the diagnosis (Norm, Benign, and
Malignant). With the approach used, there is no need to make assumptions about the type
of probability distribution of the data, and the discriminative power of parameters can be
evaluated not only individually, but also in their subsets. For the classifier model we chose
the Support Vector Machines (SVM) algorithm with the radial basis kernel function [16].
The model was then built using parameters identified as significant using an attributes
selection method based on the so-called wrapper approach. The input data was the entire
dataset—102 patients described by the 39 parameters listed with the descriptions in the
Table 1.

The following analysis steps were performed:

1.  Parameter standardization. For each parameter, the mean value and standard de-
viation were calculated. After subtracting the mean and dividing by the standard
deviation, each parameter had mean = 0 and standard deviation = 1. Thus, parameters
with a larger range of values had the same effect on the distance metric calculated
between data vectors as parameters with a small range.
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2. Selection of significant attributes. This step was performed using the sequential
floating-forward search (SFFS) algorithm [17]. The exploration of the multidimen-
sional parameter space in search of significant features (providing the best classifica-
tion of the selected classifier) is done sequentially. First, a single parameter is found
that minimizes classification error, and then more features are added or subtracted
depending on their impact on the classification accuracy.

3.  Training of the final classifier model. The SFFS algorithm terminates when further
addition or removal of attributes does not improve classification quality. The final
subset is used to develop and test a classifier model of multidimensional data vectors.
The following SVM models have been developed:

a. A model for the classification to all 3 classes simultaneously.
b. A binary model to discriminate between Norm and any organic lesion
C. A binary model to discriminate between Malignant and Benign lesions.

In each case, learning and testing of the models was done using 5-fold cross-validation.
This means that the dataset was randomly divided into 5 parts. Learning was repeated
5 times, each time a different 4 parts were used to build the model, and testing was
performed for the remaining fifth part. This is a major difference from the evaluation of
threshold classifiers proposed in statistical analysis, in which the entire data set is used to
determine the cutoff value. As common as this is in statistical analysis, the final metrics,
such as sensitivity and specificity, are seemingly better than they might actually be if the
same cutoff value were used for new patients. Therefore, for binary classifiers in addition
to cross-validation, testing was also performed on the entire learning set to enable direct
comparison with the results obtained previously.

Moreover, the training and testing of the classifiers described in step 3 were also con-
ducted for the subset of features identified as significant in MCT tests. These experiments
allow for the evaluation of the effectiveness of multivariate analysis based on machine
learning in comparison to univariate statistical analysis

3. Results
3.1. Univariate Analysis

The kymographic parameters were compared across three distinct patient groups: nor-
mophonic individuals, benign lesion patients, and malignant lesion patients. The statistical
comparison revealed six key parameters that differed significantly between all three groups,
based on the U Mann-Whitney test (p < 0.01). Among these, the Stiffness Asymmetry Index
(SAI) emerged as a critical factor, along with two parameters describing phase difference
and three parameters quantifying amplitude asymmetry (Table 2). These findings suggest
that these parameters provide strong differentiating power when evaluating different types
of vocal fold lesions.

The box-and-whisker plot (Figure 2) visually illustrates the distribution of values
for these six parameters in the three groups. The median values for these parameters
differed significantly between normophonic subjects, benign, and malignant lesion groups.
However, no single parameter was able to clearly distinguish between all three groups on
its own.
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Table 2. Parameters which differ simultaneously between the normophonic patients, subjects with

benign and malignant lesions (U Mann-Whitney test). Statistic value presents the difference level

between investigated groups—the higher is the value of statistic the higher is the measured difference.

Parameter Groups p-Value Statistic
Benign vs. Malignant 0.0096 544.5
AbsPhaseDiffAvg Norm vs. Benign 0.0002 169.0
Norm vs. Malignant <0.0001 1325
Benign vs. Malignant 0.0097 545.0
AbsPhaseDiffWeighted Norm vs. Benign 0.0004 178.5
Norm vs. Malignant <0.0001 143.0
Benign vs. Malignant 0.0001 416.0
AmplAsymAvg Norm vs. Benign <0.0001 124.5
Norm vs. Malignant <0.0001 62.0
Benign vs. Malignant 0.0010 505.0
AmplAsymAvg 2/3 Norm vs. Benign 0.0001 160.0
Norm vs. Malignant < 0.0001 1125
Benign vs. Malignant 0.0001 412.0
AmplAsymWeighted Norm vs. Benign <0.0001 93.0
Norm vs. Malignant <0.0001 47.0
Benign vs. Malignant <0.0001 337.5
SAI Norm vs. Benign <0.0001 123.5
Norm vs. Malignant <0.0001 34.0
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Figure 2. Box and whisker plots for six parameters which differ in a significant way simultaneously

between normophonic patients, benign and malignant glottic lesion groups. Diagram presents

median values of individual vibratory parameters in groups divided by diagnosis, specifically: norm,

benign, and malignant. The dots correspond to an elevated value of parameters.
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To further assess the discriminatory power of these parameters, ROC curve analysis

was conducted. This analysis was performed in two stages: first, to differentiate normo-

phonic individuals from patients with any organic lesion (benign and malignant), and

second, to distinguish between benign and malignant lesions.

The best performance in differentiating normophonic subjects from patients with

any organic lesion (benign and malignant) was observed for the weighted amplitude
asymmetry (AmplAsymWeighted), which yielded an AUC of 0.92 (95% CI: 0.85-0.974) with
83% sensitivity (95% CI: 0.697-0.952) and 92% specificity (95% CI: 0.765-1.0, p < 0.0001)
indicating excellent discriminative ability. SAI also showed strong performance, with an
AUC of 0.91 (95% CI: 0.839-0.962), 83% sensitivity (95% CI: 0.623-0.966) and 90% specificity
(95% CI: 0.737-1.0, p < 0.0001). Altogether six parameters mentioned above reached AUC
values above 0.8, with varying sensitivity and specificity as shown in Figure 3.
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Figure 3. ROC curves with bootstrapping for the six best-performing vibratory parameters differen-

tiating normophonic subjects from patients with any organic lesion of the glottis (both benign and

malignant) (blue line). X- and y-axis present sensitivity and 1-specificity of points on the curve. The

black line presents an AUC value of 0.5; the aquamarine line presents the value of the Youden index.
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The Youden Index was calculated for each parameter, providing a cut-off threshold
for detection of organic lesions. The sensitivity and specificity values associated with these
cut-off points are summarized in Table 3, indicating high sensitivity and specificity for
most parameters, particularly for SAI (0.83 sensitivity, 0.9 specificity). Sensitivity (True
Positive Rate): Measures the proportion of actual positive cases correctly identified (i.e.,
how well the model detects malignant lesions); Specificity (True Negative Rate): Measures
the proportion of actual negative cases correctly classified (i.e., how well the model avoids
false positives in detecting malignancy).

Table 3. Parameters highlighted in the multiple comparison analysis for which ROC analysis with
bootstrapping was performed (differentiation of normophonic subjects from patients with any organic
lesion of the glottis). The table contains the Youden index values and the corresponding sensitivity
and specificity values with 95% confidence intervals. Sensitivity (True Positive Rate): Measures the
proportion of actual positive cases correctly identified (i.e., how well the model detects malignant
lesions); Specificity (True Negative Rate): Measures the proportion of actual negative cases correctly
classified (i.e., how well the model avoids false positives in detecting malignancy).

Parameter Youden’s Sensitivity Specificity
Index (95% CI) (95% CI) (95% CI)

. SAT 0.735 0.832 0.903

(0.612-0.882)  (0.623-0.966) (0.737-1.0)
0.715 0.777 0.938

2 AmplAsymAvg (0.581-0.833)  (0.662-0.903) (0.786-1.0)
0.633 0.764 0.869

3 AmplAsymAvg 2/3 4e5 0 788) (0.5-0.911) (0.667-1.0)
. 0.595 0.827 0.921

4 AmplasymWeighted ;395 (770 (0.697-0.952) (0.765-1.0)
. 0.627 0.808 0.819

> AbsPhaseDiffAvg (0.435-0.8) (0.587-0.919) (0.636-1.0)
0.595 0.783 0.812

6 AbsPhaseDiffWeighted 395/ 770) (06250938 (0.571-1.0)

ROC analysis for distinguishing between benign and malignant lesions showed a
generally lower AUC than for detecting the organic lesions. However, SAI remained a
significant parameter, achieving an AUC of 0.8 (95% CI: 0.692-0.886) with 73% sensitivity
(95% CI: 0.540-0.913) and 81% specificity (95% CI: 0.621-0.955, p < 0.0001), while Amplitude
Asymmetry parameters (e.g., AmplAsymAvg and AmplAsymWeighted) reached AUC
values around 0.75. These values are substantial but lower than those obtained for detecting
any organic lesion. Detailed results are shown in Figure 4 and Table 4, illustrating the
sensitivity and specificity of each parameter for predicting malignancy.

Table 4. Parameters highlighted in the multiple comparison analysis for which ROC analysis was
performed (differentiating benign from malignant lesions of the glottis). The table contains the
Youden index values, sensitivity and specificity values with 95% confidence intervals.

Parameter Youden’s Sensitivity Specificity
Index (95% CI) (95% CI) (95% CI)
1 SAT 0.545 0.733 0.812
(0.379-0.705) (0.54-0.913) (0.621-0.955)
’ AmplAsymAvg 0.538 0.763 0.775

(0.0.362-0.705)  (0.538-0.889) (0.634-0.941)
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Table 4. Cont.

Parameter Youden’s Sensitivity Specificity
Index (95% CI)  (95% CI) (95% CI)

0.440 0.624 0.816

3 AmplAsymAvg 2/3 550 0606)  (0.375-0.825)  (0.629-0.974)
. 0.503 0.725 0.778

4 AmplasymWeighted 531 0 667)  (0442-0.895)  (0.605-0.976)
. 0.366 0.668 0.698

> AbsPhaseDiffAvg (0.2-0.532) (0.341-0.923)  (0.424-0.956)
0.369 0.648 0.72

6 AbsPhaseDiffWeighted

(0.189-0.544)

(0.355-0.895)

(0.432-0.968)
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Figure 4. ROC curves with bootstrapping for the six best-performing vibratory parameters differenti-

ating benign from malignant lesions of the glottis (blue line). X- and y-axis present sensitivity and

1-specificity of points on the curve. The black line presents an AUC value of 0.5; the aquamarine line

presents the value of the Youden index ending on the curve.

3.2. Multidimensional Data Analysis

Given that no single parameter could effectively classify all cases, a machine learning

model was employed to improve classification accuracy by considering the interactions

between multiple attributes. The analysis used a support vector machine (SVM) classifier,

with the sequential floating-forward search (SFFS) algorithm to select the most relevant
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parameters. The detailed methodology is described in the material and methods section.
This approach identified a subset of eight parameters (including SAI, amplitude asymmetry,
and phase difference parameters) that significantly improved the classification accuracy.

For the machine learning analysis, the bootstrapping method was applied to the full
training dataset, to mimic the workflow applied in the univariate analysis. To follow the
established principles of model evaluation in machine learning, it is the cross-validation
experiment that should be considered as a more reliable assessment of SVM-associated
empirical risk.

3.2.1. Classification to 3 Classes

The SFFS-based model showed superior performance compared to the model trained
using parameters selected in MCT analysis, correctly classifying 72% of benign lesions,
91% of malignant lesions, and 76% of normophonic subjects. While for MCT it was
respectively correctly classified 59% benign lesions, 74% malignant lesions and 67% of
normophonic subjects. The results of the SFFS and MCT analyses are presented in the
confusion matrices in Figure 5. These findings highlight the effectiveness of integrating
multiple attributes within a machine learning framework, which exceeds the predictive
performance of individual parameters whose significance was established independently
through univariate statistical analysis.

Best SFFS features Best MCT features

Benign 3 Benign 3
o o
] G

» Malignant - 1 "o Malignant 1
e 2
= =

Norm 4 4 1 16 Norm - 6 1 14

Benign Malignant Norm Benign Malignant Norm
Predicted label Predicted label

Figure 5. Confusion matrix obtained for subsets of significant features determined using the SFFS
algorithm and in the MCT univariate analysis. The matrix represents correctly (on the diagonal)
and incorrectly (off the diagonal) classified cases. Classifier testing was performed in the 5-fold
cross-validation mode.

3.2.2. Multidimensional Data Analysis—Classification to 2 Classes: Any Organic
Lesion-Norm

The SVM classifier determines the probability of membership in each category for
every case being classified. The decision to assign a patient to a specific category is made
based on the highest probability. Since the classification outcome, which is the probability
of belonging to a selected category, is a continuous value, it is possible to assess the quality
of the classification by performing ROC analysis along with the calculation of the standard
evaluation metrics, such as balanced accuracy, sensitivity and specificity. In contrast,
however, to threshold classifiers built in statistical analysis, the latter two are calculated
based on the multidimensional decision hypersurface instead of single cut-off points.

Firstly, a ROC analysis was conducted on the training set to differentiate normophonic
subjects from patients with any organic lesion of the glottis, achieving an AUC of 0.99 (95%
CI: 0.98-1.0) for the SFFS algorithm and an AUC of 0.97 (95% CI: 0.92-0.99) for the MCT
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analysis (Figure 6). In case of the SFFS-selected parameters and with lesion class set as a
positive label, the model yielded sensitivity of 96% (95% CI: 0.91-1.0), specificity = 99%
(95% CI: 0.94-1.0). For MCT-based analysis similar values o sensistivity of 93% (95% CI:
0.84-0.99), specificity = 97% (95% CI: 0.9-1.0)
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Figure 6. ROC curves training set for differentiating normophonic subjects from patients with any
organic lesion of the glottis (both benign and malignant).

Subsequently, 5-fold cross-validation testing was conducted to differentiate normo-
phonic subjects from patients with any organic lesion of the glottis, whether benign or
malignant. This testing achieved a mean AUC of 0.93 for the SFFS algorithm and a mean
AUC of 0.91 for the MCT univariate analysis (Figure 7). The sensitivity metrics remained
relatively high, at 97.5% for the SFFS analysis and 93.8% for the MCT analysis. However,
specificity decreased to 62% for SFFS and 71% for MCT.
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Figure 7. ROC curves testing with cross-validation for differentiating normophonic subjects from

patients with any organic lesion of the glottis (both benign and malignant).
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3.2.3. Multidimensional Data Analysis—Classification to 2 Classes: Malignant
Lesion-Benign Lesion

ROC analysis for differentiating benign from malignant lesions of the glottis on the
training set was performed reaching AUC 0.97 (95% CI: 0.92-1.0) for SFFS algorithm and
AUC 0.92 (95% CI: 0.86-0.97) for MCT univariate analysis (Figure 8). In case of the SFFS-
selected parameters and with malignancy class set as a positive label, the model yields
sensitivity of 95% (95% CI: 0.85-1.0), specificity = 94% (95% CI: 0.86-1.0). For MCT-selected
attributes, sensitivity = 87% (95% CI: 0.74-1.0), specificity = 87% (95% CI: 0.69-1.0).
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Figure 8. ROC curves training set for differentiating benign from malignant lesions of the glottis.

Subsequently, 5-fold cross-validation testing was conducted to differentiate benign from
malignant lesions of the glottis. This testing achieved a mean AUC of 0.83 for the SFFS
algorithm and a mean AUC of 0.78 for the MCT univariate analysis (Figure 9). Only the
specificity for SFFS remains relatively high = 90.6% while the sensitivity = 79.3% for the SFFS
and both sensitivity = 66.8%, and specificity = 74.4% for MCT univariate analysis decreased.
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of the glottis.
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Summarizing, analysis using cross-validation demonstrated that the SVM classifier
trained on the SFFS-selected features achieved an AUC of 0.93 in differentiating normo-
phonic subjects from patients with organic lesions and AUC of 0.83 for distinguishing
benign from malignant lesions. This underscores the potential of machine learning in
enhancing diagnostic accuracy, particularly in the early detection of glottic cancer.

4. Discussion

The study shows that Stiffness Asymmetry Index (SAI) is a valuable parameter for
detecting organic lesions and predicting malignancy in the vocal folds but it cannot defini-
tively distinguish benign from malignant lesions alone. However, applying the advanced
machine learning models, which integrate multiple parameters showed to be promising
approach for improving diagnostic accuracy. The findings suggest that SAI, while not
sufficient on its own, plays a key role when combined with other dynamic measures of
vocal fold function in distinguishing between benign and malignant lesions.

In our study, we assessed vocal fold stiffness as a means of predicting glottic ma-
lignancy, using a specially designed Stiffness Asymmetry Index (SAI) derived from the
laryngotopographic (LTG) analysis using the High-speed recordings. This index was de-
veloped to non-invasively describe the changes in vocal fold structure caused by organic
lesions. The results of our study underscore the significant role that vocal fold pliability
plays in the diagnosis of glottic lesions, especially when distinguishing between benign
and malignant tumors. Growth of the lesion alters the pliability of the vocal fold and it
becomes “stiffer” as its ability to vibrate during phonation is reduced. One of the main
parts of the vocal fold participating in the vibrations is the membranous portion covering
the muscle layer. The wave-like motion of this structure is called mucosal wave and it is
only visible during the functional endoscopic examination, such as LVS and HSV. While
LVS is commonly used to assess vocal fold vibrations, it fails in cases of aperiodic vibrations,
such as those seen in patients with severe dysphonia presented often by patients with
glottic cancer. HSV, in contrast, provides a more effective method by recording real-time
oscillations thus overcoming the limitations of LVS in such cases [18,19].

Mucosal wave is usually a main part of the subjective assessment of vocal fold vi-
brations using the HSV along with the glottal closure, symmetry, periodicity and ampli-
tude [20]. These characteristics are commonly assessed subjectively by the clinician as part
of glottal function examination, mostly by the LVS. However, a more effective and objective
assessment could help clinicians differentiate between the causes of dysphonia [21]. While
the benign lesions are usually soft resulting in slight altering of the involved vocal fold’s
elasticity and pliability, cancerous lesions present different characteristics due to the infiltra-
tion of deeper structures. In the case of glottal cancer, studies report the absence of vibratory
amplitude in the affected region which could be visualized as a non-vibrating area in LTG.
To fill the gap for the objective evaluation of vocal fold pliability which is a crucial aspect
in the glottic lesions assessment, we proposed the Stiffness Asymmetry Index (SAI). The
parameter describes the stiffness of the affected vocal fold in comparison to non-affected
vocal fold based on the LTG maps using the HSV recordings. Due to the high sampling rate,
changes in the oscillations are assessed based on the real vocal fold movements allowing
the precise evaluation of involved by the lesion areas and their function. Moreover, HSV is
successful in the aperiodic vibrations which are often presented in the severe dysphonia
caused by the increased mass of vocal folds [22,23].

In our study, the SAI emerged as one of the most promising parameters. It showed
excellent performance in detecting any organic lesion and predicting malignancy, both in
terms of the area under the ROC curve (AUC) and its sensitivity and specificity (respectively
ROC AUC 0.91, 0.8, sensitivity 0.832, 0.733 and specificity 0.903, 0.812). These findings
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support previous studies that have demonstrated the importance of objective measures
in detecting glottic malignancy [12,18]. While benign lesions typically exhibit soft tissue
characteristics that result in only slight alterations to vocal fold elasticity, malignant lesions
present with more substantial changes due to the infiltration of deeper structures, leading
to a reduced mucosal wave and increasing the stiffness of vocal fold. Those changes
resulting in the absence of vibratory amplitude in the affected region could be visualized
as a non-vibrating area in LTG allows for more accurate discrimination between benign
and malignant lesions [18,19].

Besides SAI, the study showed significance of the parameters related to phase differ-
ence and amplitude asymmetry of vocal folds which were also significant in our previous
study, which focused solely on kymographic parameters for detecting malignancy [24].
These consistent findings highlight the importance of amplitude asymmetry and phase
difference in the non-invasive assessment of glottic lesions. In that earlier work, we also
evaluated a parameter that specifically measures the amplitude of the vocal fold affected
by the lesion. Given the importance of vocal fold pliability and the recommendation by
some authors to assess each vocal fold separately, we decided to include this parameter in
our analysis [25,26]. This approach indirectly evaluates tissue stiffness by considering the
asymmetry between the healthy and affected vocal folds. Average amplitude of affected
vocal fold was shown to be a significant predictor of vocal fold malignancy, alongside other
kymographic parameters. However, the ROC AUC for this parameter was slightly lower
than that obtained for the SAI in this study (0.7 vs. 0.8) [24].

Also in favor of evaluating the two vocal folds separately is the fact that vocal fold stiff-
ness depends on age and gender. It is stated that stiffness of vocal folds is higher in women,
and also regardless of gender is associated with aging [8]. By comparing the affected vocal
fold to the healthy fold, our approach allows for a more accurate assessment of the lesion’s
impact on vocal fold function, taking into account these individual differences. Assessment
of the tissue stiffness was performed by the LTG to detect periodic and non-periodic vocal
fold vibrations in HSV recordings. The method enables quantitative evaluation of the
spatial characteristics of the amplitude and phase of phonatory oscillations of the vocal
folds due to the Fourier transformation of brightness for each pixel across a sequence of
recorded HSV images. Obtained LTG maps present spectral parameters e.g., fundamental
frequency and amplitude with assigned pseudocolors for the simple qualitative interpreta-
tion. Moreover, LTG visualizes the non-vibrating areas due to the lack of mucosal wave
and vibration amplitude which was a base for the creation of the SAIL

Despite the significant differences in the median values of SAI between the groups of
patients (norm, benign, malignant) they could not be clearly distinguished based only on
this parameter. The median values of SAI were respectively about 0.6 for the malignant
lesions, 0.3 for benign lesions, and 0.06 for the normophonic subjects. However, there are
cases with very low values of SAI more suitable for the normophonic or benign lesion group
that were revealed to be cancerous lesions. Exploring those cases in detail, it appeared they
are small superficial lesions, sometimes located in the posterior part of the glottis. Therefore,
they were having only a slight influence on the vocal fold oscillations. On the other hand,
there were high values of SAI noted for the lesions diagnosed as benign. According to the
detailed assessment of the lesions’ characteristics, we assumed that it could be a result of
hemorrhagic or fibrotic polyps. Those lesions are higher in mass and alter the pliability
of the vocal fold more than the jellylike mass of typical polypoid lesions. Moreover, the
differences could be caused by the size of the lesions because a big mass could affect the
vibrations of healthy vocal fold during the phonatory movements.

Effort is being made to non-invasively classified the glottis lesions before the
histopathological examination, which remain the gold standard. The meta-analysis showed
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that while LVS identifies almost all cases with cancer, only 2/3 of patients with non-invasive
lesions are identified as non-cancerous [27]. According to the literature, the best results for
the preoperative assessment give the combination of different methods for the endoscopic
assessment e.g., functional and with the visualization of the vasculature. Therefore, the au-
thors indicated the need for non-invasive and objective assessment before the surgery [28].
Study performed by Volgger et al. showed that combination of HSV and NBI reach high sen-
sitivity (100%) and specificity (79.4%) in the differentiation between benign/premalignant
and malignant lesions [29]. Machine learning techniques, are also being applied to obtain
better results, such as the support vector machine (SVM) classifier used in our study, proved
to be effective in handling the complex interactions between the parameters characterizing
the vocal fold oscillations. The results from the multidimensional data analysis, which
integrated multiple parameters including SAI, showed a significant improvement over the
univariate analysis. This approach demonstrated better classification accuracy, with the
SVM model achieving an AUC of 0.93 for detecting organic lesions (vs. 0.92 for univariate
analysis) and 0.83 for distinguishing malignant from benign lesions (vs. 0.79 for univariate
analysis). These findings emphasize the potential of machine learning models in clinical
applications, where they can enhance diagnostic accuracy by considering the interplay
between various parameters. Machine learning methods are now widely implemented
in the diagnostic process mainly using the white light and NBI endoscopic images of the
larynx to improve the diagnostic process and detect the malignant lesions at the early stage.
Zhao et al. investigate different ML models including random forest (RF), support vector
machine (SVM), and decision tree (DT), to identify risk factors and predict the malignant
lesions using the NBI in a group of 200 patients. The study showed that RF-based model
had the best results which were: the accuracy—0.96, precision—0.90, recall 1.00 and F1
index—0.95, and AUC value 0.97. While for the SVM the results were slightly worse than
for the RF model: the accuracy—0.91, precision—0.86, recall 0.95 and F1 index—0.90, and
AUC value 0.95 but better than in our SVM-based model using the SAI and kymographic
parameters based on the HSV [30]. Chinese group evaluate six classical deep learning
techniques for the classification of the vocal fold leukoplakia showing the best performance
for the GoogLeNet, ResNet, and DenseNe in which the highest overall accuracy of white
light image classification is 0.9583, while the highest overall accuracy of NBI image clas-
sification is 0.9478 [31]. Other studies proposed also self-made deep-learning algorithms
to detect and classify the lesions during the real-time endoscopy obtaining sensitivity for
the carcinoma classification between 71% and 78% and for benign vocal cord lesions with
a sensitivity between 70% and 82%. That approach could support the clinical decision
making during the appointments and it not time consuming like other methods requiring
further analysis [32]. The meta-analysis from the 2020 showed that the SVM is the most
common algorithm for the detection of voice disorders. [33] However, there are many other
well established and self-developed machine learning techniques that give various results
for the classification of glottic lesions based on different endoscopic methods.

Besides the use of only one machine learning methods which is SVM in this study, there
are several other limitations that should be addressed in future research. First, we included
only patients with unilateral lesions, which allowed for direct comparisons between the
affected and healthy vocal fold in each patient. While this methodology is robust, it does
not fully account for bilateral lesions, which are common in clinical practice.

Besides that, the limitation is the time-consuming nature of the methodology, along
with the need for specialized training in the use of HSV and SAI, may limit its widespread
adoption in routine clinical settings. Further improvements in the speed and ease of
the process, as well as the development of user-friendly software, will be crucial for the
implementation of this technique in daily practice [23].
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We did not provide the threshold cutoff-values because of the implemented methodol-
ogy. As we investigated only a group of 102 patients after all exclusions, we had performed
a ROC analysis with boostrapping to compensate small sample size. Youden indexes are
calculated for the mean ROC curves, but the threshold cutoff-values can only be given for
the full original data. Otherwise, determination of a cutoff value is ambiguous.

5. Conclusions

In conclusion, Stiffness Asymmetry Index (SAI) is a promising parameter for the
non-invasive distinguishing between benign and malignant glottic lesions. Applied to the
kymographic analysis using the high-speed videoendoscopy (HSV) By utilizing a support
vector machine (SVM) classifier it achieved an AUC of 0.93 for identifying organic lesions
and 0.83 for differentiating malignancies from benign lesions, outperforming traditional
univariate threshold-based analyses. While no single parameter based on high-speed
videoendoscopy (HSV) can definitively predict early glottic cancer, machine learning mod-
els which integrate multiple parameters, can further enhance diagnostic performance. The
results of this study suggest that SAI, in combination with other kymographic parameters
derived from the HSV, could serve as an important adjunct to histopathological evaluation,
offering a non-invasive method for early detection and improved clinical decision-making.
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mdpi.com/article/10.3390/ cancers17081376/s1, Supplementary S1—short-term kymographic analysis.
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Abbreviations

The following abbreviations are used in this manuscript:

SAI  Stiffness Asymmetry Index

HSV  High-Speed Videoendoscopy
TPR  True Positive Rate

FPR  False Positive Rate

ROC  Receiver Operating Characteristic
AUC  Area Under The Curve

SVM  Support Vector Machines
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SFFS  Sequential Floating-Forward Search
MCT  Multiple Comparisons Test
Abbreviations for parameters with description in Table 1
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Simple Summary

Breast cancer is the most frequent cancer among women. Currently, histopathological
analysis of biopsies is performed for both malignant and benign samples, with no effec-
tive triage system to ‘fast-track” potential malignant cases. We propose a complementary
method of benign/cancer classification based on X-ray scattering. Using and comparing
machine learning approaches, we examined over 6000 measurements of benign and cancer-
ous samples from 211 patients, achieving excellent results in distinguishing malignant and
benign conditions. This can lead to a significant reduction in the turnaround time for the
histopathological analysis and earlier diagnostics of malignancy, with potential impact on
the survival rate for breast cancer patients.

Abstract

Background/Objectives: With the number of detected breast cancer cases growing every
year, there is a need to augment histopathological analysis with fast preliminary screen-
ing. We examine the feasibility of using X-ray diffraction measurements for this purpose.
Methods: In this work, we obtained more than 6000 diffraction patterns from 211 pa-
tients and examined both standard and custom-developed methods, including Fourier
coefficient analysis, for their interpretation. Various preprocessing steps and machine
learning classifiers were compared to determine the optimal combination. Results: We
demonstrated that benign and cancerous clusters are well separated, with specificity and
sensitivity exceeding 0.9. For wide-angle scattering, the two-dimensional Fourier method is
superior, while for small angles, the conventional analysis based on azimuthal integration
of the images provides similar metrics. Conclusions: X-ray diffraction of biopsy tissues,
supported by machine learning approaches to data analytics, can be an essential tool for
pathological services. The method is rapid and inexpensive, providing excellent metrics for
benign/cancer classification.

Cancers 2025, 17, 1662 https://doi.org/10.3390/ cancers17101662
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1. Introduction

Breast cancer is the most commonly diagnosed cancer among women worldwide.
The Lancet Breast Cancer Commission [1] predicts that by 2040, the global incidence of
new cases of breast cancer will be more than 3 million per year. In the UK alone, there are
56,800 new cases of breast cancer diagnosed each year, with 11,500 deaths annually [2].
The mortality rate has started to decrease recently [3], which can be attributed to progress
in early diagnostics [4,5]. Any delay in cancer detection can be fatal for a patient. All
cancers currently require a histopathological examination, but such a procedure also
expects the exclusion of benign lesions. Across most services, biopsies with a benign
diagnosis are eight times more likely than those with a malignant one. Regardless, all
require the same input level, and currently, there is no effective triage system to ‘fast-track’
potential malignant cases. The diagnostic problem being addressed by this work presents
itself as a significant research question, i.e., can new diagnostic methods be developed
and introduced into clinical pathways to effectively reduce the interval between clinical
presentation and diagnosis?

In an average NHS Trust, there are about 60,000 breast biopsies per year, the majority
of which will be benign. This places an enormous burden on Pathology Departments,
where only 3% of laboratories are currently fully staffed [6], contributing to significant
delays in turnaround time (TAT). Thus, there is a real need to adopt a different approach
to tissue diagnostics that can effectively triage samples at an early stage, allowing those
with potentially life-threatening conditions to be fast-tracked and, ideally, offering early
reassurance to those without significant diseases. This is a component of the diagnostic
space that our work is addressing. The problem of minimizing presentation-to-diagnosis
time in order to provide improved outcomes is ultimately the issue that the work focuses on.
Our solution is a novel diagnostic probe that can deliver significantly enhanced intelligence
for clinicians. The work described herein is a step towards this goal.

To address this, we have investigated the feasibility of using the structural biomarkers
obtained from X-ray diffraction to rapidly distinguish between cancer and benign breast
tissues. Previously, cancer-induced structural changes were examined in two distinct ranges
of scattering angles. Small-angle X-ray scattering (SAXS) and wide-angle X-ray scattering
(WAXS) are defined to cover the (overlapping) momentum transfer values of 0.1 <q <5nm !
and 3 < g < 45 nm™!, respectively. SAXS probes, for example, modifications to collagen
fibril repeat distances [7-10], alterations to the amorphous scattering profile [9-12], and
disruption to triglyceride molecular packing [13,14]. For the latter, a diffraction maximum at
g =1.5nm~! is characteristic of healthy tissue, and it has been shown [14] that this peak is
absent in benign tissues. In contrast, WAXS addresses modifications to lipid and aqueous
components [15-21]. Specifically, it has been shown [13,16] that in cancerous tissues, the
intensity of a maximum peak at approximately g = 14 nm ! is reduced, while the intensity

1 increases. The first feature is attributed to inter-

maximum at approximately g = 20 nm™
fatty-acid molecular distances, while the second one is related to the oxygen—oxygen
distance in the tetrahedral structure of water. The diminution of the 14 nm~! peak is
caused by cancer-altered lipid metabolism, rendering it a potential structural biomarker for
cancer.

In the current study, we revisit and extend the measurements of the Breast Cancer

Now Biobank (BCNB) [22] samples previously reported in [23] to specifically address the
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benign/cancer classification and determine the optimal preprocessing and classification
methods. We utilize three distinct data representations, one of which is based on the analysis
of one-dimensional (1D) momentum transfer profiles obtained after azimuthal integration.
This representation was employed in [23]. Another approach was introduced in [24] for
XRD-based cancer detection in dogs’ claws and implements the Fourier coefficients of this
1D profile. It was demonstrated in [25] for the same dataset of dogs’ claws that 2D Fourier
analysis of the XRD images, without azimuthal integration, provides better metrics, which
is our third data representation method. Various data preprocessing steps are employed,
some of which are standard, including principal component analysis (PCA), and some
are custom-developed. We use several machine learning classifiers, including Logistic
Regression, Random Forest, Support Vector Machine, K-Nearest Neighbor, Naive Bayes
Classifier, Light Gradient-Boosting Machine, and XGBoost. The first five classifiers are
taken from the scikit-learn library [26,27], while the last two are acquired from [28] and the
XGBoost library [29,30], respectively. The code is organized into pipelines, which describe
different combinations of preprocessing, processing, and classification steps.

Our analysis shows excellent cancer/benign discrimination, with many pipelines
exhibiting a balanced accuracy exceeding 0.9 for patients. In this, the obtained classifi-
cation metrics are better for the WAXS images. A comparison of the data representation
methods demonstrates that the 2D Fourier coefficients have an advantage, whereas, for 1D
representation, the conventional approach is preferable to the 1D Fourier transform.

2. Materials and Methods

2.1. Experimental Design
2.1.1. Breast Tissue Specimens

To test whether XRD could distinguish between cancer and benign tissue samples, we
accessed ex vivo biopsy samples from the Breast Cancer Now Biobank (BCNB). Ethical
approval for the project was obtained locally via Keele University (NS-210096) and for
the collection and use of specimens via the BCNB (NRES Approval Number 23/EE/0229).
These were fresh-frozen (FF) samples, approximately 10 x 2 X 2 mm in size, taken from
patients who consented to the BCNB. All cases underwent full histopathological diagnosis
on H&E sections and were categorized into invasive cancer or benign lesions. The cancer
cohort mainly consisted of invasive ductal carcinoma and invasive lobular carcinoma of dif-
ferent grades. The benign cohort includes various conditions, excluding fibroadenomas and
macromastia. The total numbers of patients, samples, and WAXS and SAXS measurements
are presented in Table 1. The latter are almost identical, except one more cancerous sample
was measured 9 times with SAXS, and one more benign measurement was conducted using
WAXS. We obtained two samples from most patients, with a few providing one, three, or
four samples. Depending on the size of the sample, it was measured in 4, 5, or 9 points to
assess the heterogeneity.

Table 1. Numbers of patients, samples, and measurements for WAXS/SAXS.

Train Test Total
Benign Cancer Total Benign Cancer Total
Patients 35 144 179 12 20 32 211
Samples 80 283/284 363/364 25 40 65 428/429
Measurements 623/622 1960/1969 2583/2591 208 256 464 3047/3055

Each tissue specimen was placed into a bespoke aluminum sample holder, 2 mm thick,
utilizing a SPEX™ 6 um thick mylar window film to seal and secure the tissue within a
5 mm aperture.
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2.1.2. X-Ray Diffraction (XRD) Measurements

XRD measurements were conducted using a bespoke X-ray diffractometer engineered
and built by EosDx, Inc. (Menlo Park, CA, USA), a US-based company developing X-ray
scattering for medical diagnostics. The schematic of the device is presented in Figure 1. The
radiation produced by the copper-based Incoatec Microfocus Source (Geesthacht, Germany)
was collected using two multilayer curved mirror optics, resulting in a low-divergence,
monochromatic beam with a wavelength of A = 0.154 nm. The two-dimensional detector
employed to record the X-ray scatter was a MiniPix SN1442 Si 500 um detector (ADVACAM,
Prague, Czech Republic) with a 256 x 256-pixel array and a 55 x 55 pm pixel size.

_|Collimator
0.75 mm

Converging|
Beam

Figure 1. Schematic of the diffractometer.

Silver behenate powder (Thermoscientific® 045494.06, Heysham, Lancashire, UK) was
scanned (utilizing the bespoke aluminum holders) to allow for accurate sample-to-detector
distance calibration. The experimental data were stored as a 256 by 256 matrix of integers
representing the photon counts. All the experiments were performed at room temperature
(19 °C) under atmospheric pressure. To assess specimen heterogeneity, data were collected
from several individual spots on each sample, from 4 to 9, depending on the size of the
sample, which resulted in several diffractograms per specimen. The measurements were
performed at two specific sample-to-detector distances to examine WAXS (2 cm) and SAXS
(16 cm) specifically. Each diffractogram was collected for 1 min for SAXS and 30 s for
WAXS, with a count time of 0.1 s. Examples of the XRD images are shown in Figure 2a,b.

0 ~250 0 “80

100

200

-0 0

0 100 200

(a) (b)

Figure 2. X-ray diffraction patterns for (a) WAXS and (b) SAXS. The labels on both axes are the
pixel numbers.
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2.2. Data Analysis
2.2.1. Image Preprocessing

In total, 3047 WAXS and 3055 SAXS images for 47 benign and 164 cancer patients were
collected and examined in this work. The raw XRD data files contained the intensities in
the 256 x 256-pixel arrays. In the first preprocessing step, any faulty detector pixels (e.g.,
dead pixels) were removed.

The maximum difference in sample-to-detector distance, which influences calibration,
was within 2.6%. For the 1D models, which include azimuthal integration, automatic
calibration was performed using the open-source library PyFAL For 2D data representation,
this error was considered negligible, and no size calibration was performed.

Additional preprocessing steps for the 2D models included normalizing the images
outside the primary beam region. Furthermore, to exclude the contributions of random
features, the areas outside of the main patterns, which were similar for all images, were
nullified. The preprocessed images are presented in Supplemental Materials, Figure S1a,b.

For 1D models, the azimuthal integration was performed using PyFAI to obtain an
average radial profile starting from the beam position. It was subsequently represented
in terms of the momentum transfer q = (47t sin )/ A, where 26 is the scattering angle, tan
20 is calculated as the ratio of the distances from the pixel to the beam center and from
the sample to the detector, and A is the X-ray wavelength. To eliminate artifacts, the full
g-range was limited to retain 3 = 20 nm~! for WAXS and 0.3 + 3.7 nm~! for SAXS. The
obtained intensities were normalized. The representative curves are shown in Figure 3.

1044
102_
103_
10"
1024
107+ 10094
0 5 10 15 20
g, nm™’
(@) (b)

Figure 3. The intensity dependencies on the momentum transfer for benign and cancer samples,
obtained after azimuthal integration of the XRD patterns measured at a (a) sample-to-detector
distance of 2 cm (WAXS) and (b) sample-to-detector distance of 16 cm (SAXS).

2.2.2. Fourier Coefficient Representation

Both 1D and 2D Fourier transformations were implemented to describe the initial
XRD data. The 1D Fourier coefficients were calculated for the azimuthally integrated (AzI)
curves in Figure 2 using either the Discrete Fourier Transformation implemented in the
SciPy and NumPy libraries (1DF) or the custom procedure described in [23] (IDFC). The
slope of the curve was removed for improved Fourier series convergence (SR).

The 2D Fourier coefficients (2DF) were calculated for the preprocessed XRD data (Fig-
ure Slab) using the two-dimensional Discrete Fourier Transformation functions provided by the
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SciPy and NumPy libraries. This implemented preprocessing enabled analysis of the same area
in 2D images, thereby enhancing the influence of cancer on the XRD pattern and reducing the
impact of optical alignment. We tested different combinations of Fourier coefficient components:
real parts (Re), imaginary parts (Im), amplitudes (Am), and phases (Ph).

To eliminate artifacts and accelerate processing, for some pipelines, we employed
Low-Pass Fourier Filtration (LPF), which removed high-frequency coefficients. Specifically,
for discriminant analysis, 30 coefficients were selected for each curve in the 1D case, and
a 20th-order cutoff was implemented in the 2D case to retain only 1257 out of the total
65,536 coefficients.

2.2.3. Measurements-to-Patients Transition

We examined two samples from most patients, with a few providing one, three, or
four samples, and each sample was measured multiple times. The model was optimized
using all measurements in the training dataset. Then, the class probability of each testing
measurement was evaluated using the optimized model, which provided the decision
threshold to achieve maximum balanced accuracy. Cancer and benign diagnoses were
assigned for each measurement when the probability exceeded or fell below the threshold,
respectively. The final diagnosis of a patient was established by averaging all predicted
class probabilities for that patient and comparing them with the optimal decision threshold

(Figure 4).
Averaging
probabilities
Measurement 1 per sample Averaging
probabilities
Measurement 2 per patient

Measurement N

Sample 1

1/

T Patient
/

Measurement 1

Sample 2

Measurement 2

Measurement K

Figure 4. The measurements-to-patients transition procedure.

2.2.4. Data Analysis Procedure and Machine Learning Methods

We used Visual Studio (version 1.97.2) and Jupyter Notebook (version 7.2.2) as the
primary coding platforms. The majority of preprocessing methods were sourced from
the scikit-learn library [27], from which most classifiers were also adopted, except for
gradient-boosting algorithms [28-30]. Here, we provide only a brief description of the
computation method, as the overall classification algorithm is the same as described
in [25], where all details can be found. All preprocessing steps are optional, and they were
combined differently in the pipelines. Abbreviations given here in italics will be used in the
Results section to describe the pipelines. Optionally, the standardization (STD) of Fourier
coefficients can be applied before classification. As a dimensionality reduction technique,
principal component analysis (PCA) was used with three different numbers of principal
components: 3 (PCA_3), 50 (PCA_50), and 100 (PCA_100). Two methods for removing the
primary beam were implemented in the code. The beam was removed from the original
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images before the Fourier transformations (BR) and, alternatively, in reciprocal space (BRF)
(see [25] for details).

The code was organized into pipelines, which contained different combinations of
preprocessing, processing, and classification steps. It should be emphasized that the values
of the optimal decision threshold vary broadly between the pipelines. Some pipelines
with too many features used in modeling require the Stochastic Gradient Descent (SGD)
method [27] to ensure reasonable computation time. The list of classifiers used in this work
included Logistic Regression (LR), Gaussian Naive Bayes (GNB), a K-Nearest Neighbor
Classifier (KNN), a linear Support Vector Classifier (SVC), a Random Forest Classifier
(RF), XGBoost (XGB), and LightGBM (LGBM). The pros and cons of each classifier were
previously discussed in [25]. The schematic of the pipeline approach is presented in
Figure 5.

Optional Optional

’AzI»1DI INORMI I SR I I 1DE I
Optional Classifiers
Optional Optional PCA_50 GNB
’2DFIIBRIILPFI
LGBM
z
svC
-1

Re

.
s~
0
>
IS
{==]
o)
Z
&z

Example Pipelines

|AzI»1D INORMI SRC I STD lPCA_SOl sve ‘
| 2DFIBRILPFI Re IXGB‘

Figure 5. Schematic of the pipeline approach, including mandatory and optional steps, with two

specific pipeline examples.

For the 1D approach, we performed the azimuthal integration of the image, followed
by normalization. Optionally, we can remove the slope and calculate the Fourier coefficient,
using the standard or custom procedures. For 2D, we always performed the Fourier
transformation, with or without one of the two types of beam removal, and an optional
Low-Pass Filter. Various components of the Fourier coefficients (Re, Im, Am, or Ph) were
used for the analysis. For both the 1D and 2D cases, PCA can be utilized (jointly with
STD) with 3, 50, or 100 principal components. Finally, any of the seven classifiers can be
employed to obtain the performance metrics. Two examples are shown in Figure 5. In
the first one, azimuthal integration and normalization are followed by the custom slope
removal and PCA with 50 components, with SVC as the classifier. In the second example,
the beam is removed in the real space, the LPF cuts out a number of the Fourier coefficients,
and their real parts are examined by the XGB classifier.

In total, we produced 574 pipelines, both for WAXS and SAXS, divided into three
main types: 1D models with Fourier transformation (1DF) and without it (1D), as well
as 2D models with Fourier transformation (2DF). A complete list of abbreviations for the
utilized methods is provided in Supplemental Table S1.
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3. Results

The measured XRD patterns were randomly separated into training and testing
datasets, with 20 cancerous (1-20) and 12 benign (21-32) patients selected for testing.
After both the training and testing datasets were preprocessed using the procedure de-
scribed above, the training dataset was used to optimize the model. The testing dataset
was then classified based on the optimized estimator.

We used sensitivity (Sen_M), specificity (Spec_M), and balanced accuracy (BA_M)
as performance metrics to assess the measurements. Sensitivity and specificity are the
proportions of cancerous and benign samples, respectively, that were correctly identified,
and balanced accuracy is the average of these two metrics. We also determined the receiver
operating characteristic (ROC) curve and used the area under the ROC curve (AUC_M) as
a metric. After the transition to patients described above, all performance metrics (Sen_P,
Spec_P, BA_P, and AUC_P) were also calculated for the patients. All the procedures were
performed separately for the WAXS and SAXS measurements.

The pipelines, i.e., combinations of preprocessing steps and classifiers, were ranked
in terms of BA_P and AUC_P (for equal BA_P values). The five highest-ranked sets are
presented in Tables 2 and 3 for WAXS and SAXS, respectively. The total rankings for WAXS
(W) and SAXS (S) are provided in the first column. The second column describes the set
of preprocessing steps and the classifier using the nomenclature introduced in Section 2.
Columns 3-6 show the metrics for the measurements, and columns 7-10 display the metrics
for patients.

Table 2. Five highest-ranked metrics for various preprocessing steps and classifiers for WAXS.

Steps and

g Sen_M Spec_M AUC_M BA_M Sen_P Spec_P AUC_P BA_P
Classifiers
2DF, BR or BRF,
1W LPF, Re, LR 0.54 0.99 0.77 0.78 0.95 1 0.97 0.975
2W 2DF, 511;’ Am, 0.85 0.82 0.91 0.83 1 0.92 0.95 0.96
3W 2DF, BR, Am, 0.94 0.66 0.87 0.8 1 0.92 0.93 0.96
XGB
2DF, LPF, STD,
AW Re, PCA_50, 0.95 0.74 0.9 0.845 0.95 0.92 0.96 0.935
XGB
2DF, BR or BREF,
5W Re, XGB 0.88 0.84 0.93 0.86 0.95 0.92 0.95 0.935
Table 3. Five highest-ranked metrics for various preprocessing steps and classifiers for SAXS.
Steps and Sen_M Spec M AUCM BA_M Sen_P Spec_P AUC_P BA_P
Classifiers
1S 1D, STD, LR 0.8 0.91 0.905 0.855 1 0.92 0.95 0.96
2DF, BR or BRF,
25 LPF, Re, SVC 0.92 0.76 0.91 0.84 0.9 1 0.97 0.95
35 1D, STD, SVC 0.92 0.88 0.935 0.9 0.95 0.92 0.95 0.935
4S 2DF, BR, Am, 0.76 0.87 0.89 0.815 0.9 0.92 0.92 091
svc
1D, STD,
55 PCA_ 3, SVC 0.8 0.92 0.89 0.86 0.9 0.92 0.915 091

It is evident that many pipelines provided excellent metrics, demonstrating a clear
separation of the diffraction patterns belonging to cancerous and benign tissues. For WAXS,
the most discriminating results are for the two-dimensional analysis. However, the metrics
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for the 1D approach are also reasonably good. The best 1D pipelines based on the 1D
Fourier coefficients are ranked 84W-92W, with identical BA_P = 0.91 and AUC_P = 0.9-0.93
for the RF, XGB, KNN, and LGBM classifiers. The conventional 1D analysis is ranked higher,
with 43W—-48W, yielding BA_P = 0.93 and AUC_P = 0.9-0.93 for the RF, XGB, KNN, SVC,
and LGBM classifiers. The LR classifier produces an even higher value, with AUC_P = 0.97.
In general, BA_P for 99 out of 574 pipelines exceeds 0.9. For SAXS, the metrics for 2D and
conventional 1D are similar, while the best 1D Fourier is ranked 25S, with BA_P = 0.88 and
AUC_P = 0.86 for the LR classifier. The results for SAXS are worse than those for WAXS,
with only 12 pipelines providing BA_P better than 0.9.

In the analysis of WAXS, the metrics for all classifiers are similar, except for GNB,
which showed impressive results only when combined with PCA. It is worth noting that
this is the only classifier to perform better with PCA, while all the others showed no
improvement. For SAXS, LR and SVC perform better than the others, while KNN performs
worse, with metrics sometimes improved by PCA.

To determine the causes of our <1 metrics, we examined the results of the best pipelines
for all patients from the testing group. The resulting performances are displayed in Figure 6
for WAXS (a,b) and SAXS (c,d). In this, we also demonstrate the indirect performances
of the best WAXS (SAXS) pipelines of all three types on SAXS (WAXS) datasets. They are
shown in black, while the best direct ones are in green, blue, and red, depending on the
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Figure 6. Performances of pipelines with best metrics for patients in (a) WAXS cancer, (b) WAXS
benign, (c) SAXS cancer, and (d) SAXS benign. Cancer patients are numbered from 1 to 20, and benign
patients are numbered from 21 to 32. EN, FP, TN, and TP indicate false negative, false positive, true
negative, and true positive, respectively.
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It is evident from this figure that pipelines with excellent performance on WAXS are
not always reliable for the SAXS dataset, and vice versa. A good illustration is Figure 6a,
which shows many false-negative results (black squares) for the indirect 1DF pipeline.

This analysis revealed two outstanding patients: Patient 2, with a cancer diagnosis,
and Patient 22, with benign conditions. For Patient 2, all pipelines yielded false negatives
in WAXS, as did the 2D pipelines in SAXS. For Patient 22, all pipelines, except the direct 2D
pipeline, resulted in a false positive. New histopathological analyses were performed for
these patients. For Patient 22, a fibroadenoma diagnosis was obtained, which explained the
false-positive results, as fibroadenoma patients were not included in the benign training
dataset. For Patient 2, the new tissue assessment described the tissue as only 5% invasive
ductal carcinoma.

To gain a better understanding of Patient 2, we examined all the measurements of the
corresponding samples, along with the class probabilities and optimal decision thresholds,
as shown in Figure 7, for the best pipelines of all types.

1.0 v
0.8 .
Z0.6 v . PR "
3 8 ¥ ¥
204 " v 1d_no_ft »
2 L] = 1d_ft
= 0.2 oy
0.0 s  § o 3 . 4 o 1
1 2 3 4 5 6 7 8 9
(@)
v v v
v
0.8 L ] v
> "
£ 0.6 n e 2dft .m
§ 0.4 v 1d_no_ft
1 = 1d_ft
0.2
0.0 (] [ (] o L3
1 2 3 4 S
(b)
1.0 v v
. 0.8 T T :
Ld L]
=0.6 . °
3 ° 2dft * b
§ 041 i v 1d_no_ft
a = 1d_ft v
Q 0.2 1 wesqrassssssssnnes m ¥
[ ] . [ ] ]
0.0 L4 : L} : [}
1 2 3 4 5! 6 7 8 9
(©
0.8 ¥
v . Y 7
Ld
3 0.6 L] " * L]
§ 04 [ ] [ ] s ® 2dft ]
g v 1d_no_ft
80.2 = 1dft
0.0 v
1 2 3 4 5

(d)
Figure 7. Performances of pipelines with best metrics for measurements of Patient 2 for (a) WAXS,

sample 1, (b) WAXS, sample 2, (c) SAXS, sample 1, and (d) SAXS, sample 2. The horizontal lines are
the optimal decision thresholds for the pipelines of the same color.

The two samples belonging to Patient 2 exhibit different behaviors seen in the 1D
pipelines, while for the 2D pipelines, they are similar. The first sample, measured at nine
points, was closer to the benign response, while the second sample was rather cancerous.
However, even in the first sample, the class probabilities for different measurements
vary from 0 to 1 in the conventional 1D classification. This agrees with a new tissue
assessment reporting that this patient had an initial or even pre-cancerous stage; the
tumor microenvironment is not entirely restructured by the cancer cells, and the diffraction
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patterns strongly depend on the point of measurement. Such non-uniformity of the X-ray
scattering is especially seen in the SAXS measurements.

4. Discussion

In this study, we measured X-ray diffraction patterns from 211 patients with benign
and malignant histological diagnoses. The measurements were performed in two separate
ranges of the scattering momentum transfer, varying the sample-to-detector distance of
the diffractometer. We compared various data analytics methods with different sets of
preprocessing steps and machine learning classifiers (pipelines). We achieved excellent
benign/cancer classification, with more than a hundred pipelines having balanced accuracy
exceeding 0.9. These results are significantly better than those previously obtained in [23] for
part of the dataset. However, it is worth noting that for the present paper, we excluded the
“healthy” samples derived from cosmetic procedures and benign samples with confirmed
diagnoses of fibroadenoma and macromastia.

We compared three different data representations and demonstrated that the custom-
developed approach, based on the 2D Fourier coefficients [25], yields better metrics for
wide-angle scattering. For small angles, the results obtained by this approach are similar to
those obtained by the conventional method based on azimuthal integration. At the same
time, using the Fourier transformation for the examination of the 1D curves [24] does not
appear to be beneficial, as the metrics are worse. The standard and custom-developed
Fourier transformation procedures produced identical results. Generally, the classification
performs better for WAXS measurements than for SAXS.

We also compared various machine learning classifiers and demonstrated that the
results are comparable, with minor exceptions. One such exception is the performance of
the Logistic Regression. In [25], where X-ray diffraction of dogs” claws was examined, this
classifier was worse than any of the others. Here, it provides improved metrics, especially
in the SAXS range. A possible explanation is that cancer and benign clusters are well
defined, in contrast to dogs’ claws, and the straightforward separation using Logistic
Regression works well.

We also investigated the reasons why our analysis was non-ideal and identified two
outliers in the test dataset, for which almost all pipelines produced either a false negative
(for the cancer patient) or a false positive (for the benign patient). A new histopathological
tissue assessment revealed that the benign patient had a fibroadenoma, which was an
exclusion criterion for the training dataset; therefore, these data do not belong to either of
the established clusters. For the data of the second anomalous patient, a similar new tissue
assessment showed that this is only 5% invasive ductal carcinoma. A more scrutinized
examination of the two samples belonging to this patient revealed the non-uniformity
of results between the samples and even within different positions on the same sample.
This is expected, as the cancer-induced structural changes have not yet extended to the
macroscopic scale in such patients.

The revealed heterogeneity informs us regarding one of the future improvements
of our method. In the present work, we employed simple averaging of the results from
different measurements and samples, as shown in Figure 4. However, for non-conclusive
cases, a more advanced weighted approach could be used. Another improvement can be
the inclusion of healthy samples and patients with fibroadenoma and macromastia. In this
case, the binary classification would be replaced with a multiclass classification, as several
clusters are expected. However, we should emphasize that the present work is only the
first step, and further research is necessary with greatly enhanced statistics.
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5. Conclusions

Our results clearly showed that cancer-induced structural biomarkers can be success-
fully revealed by X-ray diffraction of human breast tissues. Our prototype measurement
system features a variable sample-to-detector distance, enabling it to accommodate a range
of momentum transfer values from the SAXS to the WAXS regions. Such measurements
probe different independent molecular components of tissues and, therefore, complement
each other.

In the present work, we developed and compared various data analytics approaches,
which include both conventional 1D data representation based on the azimuthal integration
of the diffraction patterns and 1D and 2D Fourier transformations. We obtained excellent
performance metrics, especially with 2D Fourier coefficients in the WAXS range. Our
measurements and data analysis are fast and inexpensive, making X-ray diffraction a
valuable tool for pathological laboratories. Thus, this work makes a significant contribution
to the steps required in the development and ultimate deployment of diffraction-based
technologies to address the issue of minimizing presentation-to-diagnosis periods. In
particular, it identifies optimal data reduction and analysis protocols. The work also
provides valuable data and analysis approaches for other research groups studying the
exploitation of X-ray scatter signatures for medical diagnostics.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/cancers17101662/s1: Table S1: List of abbreviations; Figure S1: The
pre-processed images: (a) WAXS and (b) SAXS.
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Simple Summary

Phase II oncology trials often use single-arm designs when randomized trials are too
expensive or impractical, such as in rare diseases. These trials typically test whether a
treatment’s success rate exceeds a specified benchmark. Standard statistical methods, like
the exact binomial test or Simon’s two-stage design, are commonly used but tend to be
conservative, often underestimating the actual probability of incorrectly rejecting a true
null hypothesis (Type I error). To address this, a new method is proposed that blends
the binomial distribution with simulated normal data to create an unbiased estimate of
treatment success. This convolution-based method improves the precision of Type I error
control and can lead to more efficient trial designs. It also introduces a new two-stage
design that includes an early stopping point for futility, offering flexibility and reduced
sample sizes without compromising statistical rigor. Compared to traditional methods, this
approach can lower the cost and shorten the duration of trials, making it a promising tool
for early-stage oncology research.

Abstract

Background /Objectives: Phase II oncology trials often rely on single-arm designs to test
Hy : 7w = my versus H, : 7t > 719, especially when randomized trials are infeasible due to
cost or disease rarity. Traditional approaches, such as the exact binomial test and Simon’s
two-stage design, tend to be conservative, with actual Type I error rates falling below the
nominal « due to the discreteness of the underlying binomial distribution. This study aims
to develop a more efficient and flexible method that maintains accurate Type I error control
in such settings. Methods: We propose a convolution-based method that combines the
binomial distribution with a simulated normal variable to construct an unbiased estimator
of 7r. This method is designed to precisely control the Type I error rate while enabling
more efficient trial designs. We derive its theoretical properties and assess its performance
against traditional exact tests in both one-stage and two-stage trial designs. Results: The
proposed method results in more efficient designs with reduced sample sizes compared to
standard approaches, without compromising the control of Type I error rates. We introduce
anew two-stage design incorporating interim futility analysis and compare it with Simon’s
design. Simulations and real-world examples demonstrate that the proposed approach can
significantly lower trial cost and duration. Conclusions: This convolution-based approach
offers a flexible and efficient alternative to traditional methods for early-phase oncology
trial design. It addresses the conservativeness of existing designs and provides practical
benefits in terms of resource use and study timelines.

Keywords: perturbation test; exact binomial test; small-sample power; clinical trial
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1. Introduction

Common designs for phase II oncology trials typically focus on testing the hypothesis
Hy : m = my versus H; : 7m > 7 in a one-arm non-randomized setting. Although
randomized trials are generally preferred, considerations such as cost, feasibility, and the
rarity of certain cancer types often necessitate the use of single-arm designs. The estimated
per-patient cost of conducting an oncology clinical trial was approximately $59,500, as
reported by Batelle in 2013 [1]. More recent studies, particularly those involving cellular
therapies, report substantially higher costs, in some cases exceeding $500,000 per treatment
cycle [2-4]. Consequently, there is a critical need to optimize both phase II and phase
III randomized trial designs to shorten trial duration and reduce required sample sizes.
These efforts not only address escalating costs but also aim to expedite the availability of
effective therapies to cancer patients. The focus of this work is towards optimizing phase
IT one-arm oncology trials with a binary endpoint in terms of reduced sample size and
increased efficiency.

Commonly employed binary endpoints in phase II trials include objective response,
complete response, and progression-free, event-free, or overall survival at fixed time
points, such as 6 months or 1 year. A key feature of non-randomized, single-arm phase II
trials is that, in many cancer indications, the standard-of-care population response rate is
sufficiently well-characterized to serve as a comparator. If no promising signal is observed,
further development, including progression to a randomized phase II or IlI trial, is typically
not pursued.

In single-stage designs, the hypothesis about a rate or proportion, Hy : 7t = 7 versus
H, : m > m, is most often tested using an exact binomial test, where the Type I error
rate < a. In contrast, one-arm two-stage designs commonly employ Simon’s two-stage
design [5], using either the minimax or optimal design configurations. The minimax design
minimizes the total sample size, while the optimal design minimizes the expected sample
size under the null hypothesis, where with the constraints are that the Type I error rate < &
and the Type II error rate < B. Both designs incorporate an interim futility analysis at a
predetermined sample size to allow early termination for lack of efficacy. Historically, it is
noteworthy that very similar sampling schemes were developed decades earlier in the field
of quality control, referred to as double sampling plans [6], with Simon’s two-stage design
representing a special case of these earlier methods [7].

The issue with both single-stage and two-stage designs is that the exact Type I error
rate is often considerably lower than the desired Type I error rate « and the desired power
is often larger than the desired power value 1 — 3, due to the discreteness of the underlying
binomial distribution under both the null and alternative hypotheses for a given design.
This phenomenon is illustrated in the so-called saw-tooth plots in Figure 1, which display
the exact Type I error across a range of potential null values for 71y with sample sizes
n = 10,20,30,40. As a result, these tests can be conservative in certain scenarios where the
exact Type I error rate falls substantially below the target level «.

One approach to mitigate this conservatism is to incorporate a continuity correction [8];
however, this does not eliminate the saw-tooth behavior in Type I error control. Similarly,
the power function may also exhibit a saw-tooth pattern and can be non-monotonic [9].
For a fixed sample size 1, there are n discrete values of 77y correspondingtok =1,2,...,n
(k = 0is infeasible), at which the Type I error equals «, given by

mo =L Y(k,n—k+1), (1)

where [~ is the inverse regularized incomplete beta function.
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Figure 1. Type I error control for exact binomial test as a function of 7y values, n = 10, 20, 30, 40.

Interestingly, Simon’s two-stage design can exhibit the same phenomenon, where the
exact Type I error rate is often much lower than the derired Type I error rate a. In this case,
however, we cannot produce a saw-tooth plot as a function of 77y alone, since Simon’s two-
stage design also depends on the choice of the alternative response rate, denoted 7r1 (> 719).
In Figure 2, we present the exact Type I error rate and power for testing Hy : 71 = 719 versus
H, : m > my, with mp = 0.1 and 71y varying from 0.19 to 0.8, while fixing « = 0.05 and
power = 0.80 for the minimax design. As 71 increases, the required total sample size
decreases, thus reducing the dimensionality of the sample space for design choices. In fact,
for this example, there are very few instances where the exact Type I error rate approaches
the nominal a. For example, when 711 = 0.35, the exact Type I error rate is 0.027 with a
final stage sample size of n = 18. Increasing 711 to 0.36 raises the exact Type I error rate to
0.044, with a corresponding final stage sample size of n = 14. For smaller values of 7, the
exact Type I error rate can drop as low as 0.015. Similarly, as the sample size decreases with
increasing 7t1, the exact power may deviate considerably from the target power.

In this note, we illustrate how a straightforward convolution of a binomial random
variable with a simulated normal random variable enables the construction of an unbiased
estimator for the rate parameter 71, and facilitates inference for Hy : m = 7mp versus
H, : m > mp with precise Type I error control. This in turn can reduce sample size
requirements for both one-stage and two-stage designs.

In Section 2, we define the convolution estimator, derive its density and distribution
functions, outline key theoretical properties including its expectation and variance, and
present a toy example to demonstrate the p-value calculation.

We then provide a detailed comparison of the new convolution-based test with the
exact binomial test in terms of Type I error control and power. In Section 3, we introduce a
new two-stage design with a futility stopping rule that also achieves precise Type I error
control. A direct comparison between the convolution-based two-stage design and Simon’s
two-stage design is presented.
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Figure 2. Type I error control and power for the mimimax Simon’s two-stage design as a function of
9 = 0.1 and 711 = 0.19 to 0.80.

In Section 4, we provide real-world examples of both one-stage and two-stage designs,
demonstrating how the convolution-based approach can reduce the cost and duration of
clinical trials based on published design parameters. We conclude with final remarks.

2. Convolution Estimator

Our approach for constructing a test of the hypothesis Hy : 7 = 7ty versus Hy : 7w > 7,
with precise Type I error control, utilizes a convolution-based method, in which synthetic
continuous noise is added to discrete binomial data. Specifically, let Y ~ Binomial(#, 77)
denote the binomial response over n subjects, where 7 is the success probability. Let
X ~ N(0,h) be an independent normal random variable with mean 0 and standard
deviation /. We define the continuous variable Z = Y + X and derive its probability
density and cumulative distribution functions.

The probability density function (PDF) of Z, denoted f7(z), is obtained by convolving
the binomial probability mass function of Y with the normal density of X. Since Y is
discrete and X is continuous, this results in a finite mixture of normal densities:

fz(z) = h\/1277r Y <Z> (1 — n)"kexp<—(zz_hf)2), z€eR.

k=0
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Each component of the mixture is centered at k = 0,1, ..., n, with mixing weights
given by the binomial probabilities (})7*(1 — )" ¥,

Similarly, the cumulative distribution function (CDF) of Z, denoted Fz(z) = P(Z < z),
is derived by conditioning on the values of Y:

Fr(z) = f (Z) (1 — n)”kcp(‘zzk), Z€ER, ?)

k=0

where ®(u) is the standard normal CDF defined as

u
o= [ leinefz/z dt.

To understand the properties of the test statistic, we compare the moments of Y and Z.
The expectation and variance of Y are given by

E[Y] = nm, Var(Y) = nn(1 — n).

Since Y and X are independent, the corresponding moments of Z = Y + X
follow directly:

E[Z] =E[Y+ X] =E[Y]+ E[X] =nn+0=nm,

Var(Z) = Var(Y + X) = Var(Y) + Var(X) = nn(1 — 1) + h?.

Thus, the mean of Z remains identical to that of Y, while the variance of Z is increased
by an additive term h?, capturing the additional variability introduced by the normal
perturbation. Throughout this note, we fix the value of 1 = 1/100. Although this results in
only a modest increase in the variance of Z we will demonstrate that this small adjustment
is sufficient to produce tests with substantially improved power while maintaining the
precise Type I error level.

To test Hy : T = mp against H; : 71 > 71 at significance level o, we reject Hp if Z > ¢,
where the critical value c is chosen to satisfy

1-— i (Z)ng(l—no)”_kCI)(C;k) = . 3)

k=0

The solution for c is via numerical methods. Similarly, the p-value is given by

p=1-Fgaepm(2)=1-) (',Z)n’a(l—m)"—kd>(zhk), (4)

k=0

where z is the value of the observed convolution-based test statistic.
Under the alternative hypothesis H; : m = 711 > 719, the corresponding CDF is

et (05,

k=0

and the power of the test at 77 = 711 is given by

Power(rry) =1 — i (Z) 7 (1 — ﬂl)"kq’(c ; k)- ®)

k=0
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2.1. Toy Example

We simulated the random variables Y ~ Binomial(n = 20, 7t = 0.3) and X ~ N (0, %)
withh = ﬁ, and computed Z = X + Y. For each run, we calculated the convolution-based
p-value and the exact binomial p-value testing Hy : w = g vs. Hy : 7T > 71p.

We see from Table 1 that the convolution-based p-values are consistently close to the
exact binomial p-values, but tend to be slightly smaller due to the smoothing effect intro-
duced by the normal perturbation X. The addition of this small normal noise transforms
the discrete binomial distribution into a continuous mixture distribution, which leads to
slightly different tail probabilities. For runs with larger observed binomial counts y, both
the convolution and exact tests yield smaller p-values, indicating stronger evidence against
the null hypothesis Hy : 71 = 7.

Table 1. Comparison of mixture-based and exact binomial p-values over three simulations.

Run y x z=x4y Fz(z) Convoutionp-Value Exact Binomial p-Value
1 4 0.007968  4.007968  0.5832 0.4168 0.5886
2 11 0.014024  11.01402  0.9999 0.0001 0.0006
3 3 0.008362  3.008362  0.3701 0.6299 0.7939

2.2. Convolution Approach and Exact Binomial Test Comparison

Table 2 presents a Type I error control and power comparison between the convolution-
based test and the exact binomial test for a sample size of n = 10, across varying null
hypotheses 7y € {0.1,0.2,0.3,0.4,0.5} and corresponding alternatives 71 € {7, 79 +
0.1,...,min(7ry + 0.4,1)}. For each 7, a critical value ¢ was determined so that the
convolution-based test controls the Type I error exactly at level « = 0.05, as defined
in Equation (3). The corresponding power was computed using Equation (5), noting that
power equals the Type I error when 71y = 771. In contrast, the exact binomial rejection
threshold k was chosen to ensure that the Type I error remained strictly below «.

Table 3 reports analogous results for a larger sample size of n = 20. As expected,
power increases for both methods with larger n. Across both settings, the convolution-
based test consistently achieves the nominal Type I error and provides greater power than
the exact binomial test, particularly when the exact binomial test is overly conservative
relative to Type I error control. This improved performance is attributed to the smoothing
introduced by the normal perturbation, which results in a more refined and responsive
rejection region. These findings underscore the practical utility of the convolution-based
test in discrete-data settings, especially when measurement or process noise is present and
sample sizes are limited. The only time the classic test and the convolution based test are
equivalent are the n values for 7ty where Equation (1) is satisfied.

Table 2. Comparison of power between the mixture-based convolution test and the exact binomial
test for sample size n = 10, across values of 77y and 711, i = 0.01. The rejection threshold k ensures
the binomial test controls Type I error strictly below a = 0.05.

7T 71 Critical ¢ Mixture Power Rejection k  Binomial Power
0.1 0.1 2.9962 0.050000 4 0.012795
0.1 0.2 2.9962 0.251377 4 0.120874
0.1 0.3 2.9962 0.523352 4 0.350389
0.1 0.4 2.9962 0.757080 4 0.617719
0.1 0.5 2.9962 0.904088 4 0.828125
0.2 0.2 4.0086 0.050000 5 0.032793
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Table 2. Cont.

70 7T Critical ¢ Mixture Power Rejection k  Binomial Power
0.2 0.3 4.0086 0.189362 5 0.150268
0.2 0.4 4.0086 0.415895 5 0.366897
0.2 0.5 4.0086 0.663109 5 0.623047
0.2 0.6 4.0086 0.855538 5 0.833761
0.3 0.3 5.0195 0.050000 6 0.047349
0.3 0.4 5.0195 0.171407 6 0.166239
0.3 0.5 5.0195 0.383292 6 0.376953
0.3 0.6 5.0195 0.638272 6 0.633103
0.3 0.7 5.0195 0.852383 6 0.849732
0.4 0.4 6.9878 0.050000 8 0.012295
0.4 0.5 6.9878 0.158735 8 0.054688
0.4 0.6 6.9878 0.358174 8 0.167290
0.4 0.7 6.9878 0.619691 8 0.382783
04 0.8 6.9878 0.856551 8 0.677800
0.5 0.5 7.9876 0.050000 9 0.010742
0.5 0.6 7.9876 0.154390 9 0.046357
0.5 0.7 7.9876 0.357879 9 0.149308
0.5 0.8 7.9876 0.645587 9 0.375810
0.5 0.9 7.9876 0.909147 9 0.736099

Table 3. Power comparison between the mixture-based convolution test and the exact binomial test
for sample size n = 20, across values of 71y and 711, i = 0.01. The rejection threshold k ensures the
binomial test controls Type I error strictly below a = 0.05.

7T T Critical ¢ Mixture Power Rejection k  Binomial Power
0.1 0.1 4.0143 0.050000 5 0.043174
0.1 0.2 4.0143 0.386941 5 0.370352
0.1 0.3 4.0143 0.772408 5 0.762492
0.1 04 4.0143 0.951708 5 0.949048
0.1 0.5 4.0143 0.994442 5 0.994091
0.2 0.2 7.0045 0.050000 8 0.032143
0.2 0.3 7.0045 0.281501 8 0.227728
0.2 04 7.0045 0.638410 8 0.584107
0.2 0.5 7.0045 0.892613 8 0.868412
0.2 0.6 7.0045 0.983738 8 0.978971
0.3 0.3 9.0186 0.050000 10 0.047962
0.3 0.4 9.0186 0.249643 10 0.244663
0.3 0.5 9.0186 0.593093 10 0.588099
0.3 0.6 9.0186 0.874692 10 0.872479
0.3 0.7 9.0186 0.983230 10 0.982855
0.4 04 11.9910 0.050000 13 0.021029
0.4 0.5 11.9910 0.229635 13 0.131588
0.4 0.6 11.9910 0.562559 13 0.415893
0.4 0.7 11.9910 0.865636 13 0.772272
0.4 0.8 11.9910 0.985944 13 0.967857
0.5 0.5 13.9918 0.050000 15 0.020695
0.5 0.6 13.9918 0.224232 15 0.125599
0.5 0.7 13.9918 0.568302 15 0.416371
0.5 0.8 13.9918 0.890702 15 0.804208
0.5 0.9 13.9918 0.995777 15 0.988747

3. Two Stage Design

Similar to the one-stage test, we construct a two-stage test of the hypothesis
Hy : m = my versus Hy : 7 > my, offering precise control of the Type I error rate and
allowing for early stopping due to futility. Let the total sample size be n = n; + ny. After
the first 11 subjects have completed their endpoint assessments, a futility stopping rule
is applied.

126



Cancers 2025, 17, 2570

As in the one-stage design, let Z; denote the observed value of the convolution-based
test statistic after the first 1 subjects, and let Z; be the corresponding statistic based on
an independent second cohort of 1, subjects. Under the null hypothesis Hy, define the
p-values as

p1=1=Fzi_ny(Z1), P2=1-Fzp—p,(Z2),
where p; and p; follow a uniform U(0, 1) distribution by the probability integral transform.
The cumulative distribution function F; ., is defined in Equation (4).
Our approach uses a p-value threshold at the interim analysis and applies Stouffer’s
weighted z-score method for the final efficacy analysis [10]. Define the transformed statistics:
Ty = ® '(p1), based on the first 1y subjects,

T, = ® '(py), based on the second 11, subjects,

where ®~! is the quantile function of the standard normal distribution.
The combined test statistic is given by the following:

N w1 Ty +wyTp

7
/.2 2
w1 + w5

where the weights are defined as wy = ny/n and wp = ny /n. With this weighting scheme,

T

the statistic T follows a standard normal distribution under Hy, i.e., T ~ N(0,1).

The interim futility rule is to terminate the study early if p; > p., where the threshold
pc may be specified by the user or selected to optimize statistical power or minimize the
expected sample size,

ESN = nypc + n2(1 — pe).

If the study does not stop early for futility, the final p-value is computed as p = ®(T),
where @ denotes the standard normal CDF. The null hypothesis Hj is rejected if p < o,
where o' is adjusted to ensure that the overall Type I error rate is controlled at the nominal
level .

To determine &/, let a = ®~!(p.). The conditional probability of rejecting Hy given
that the futility boundary is not crossed is:

a

1
P(T<c|T<a)= 7/ ®(v2e — x) p(x) dx,
@(ﬂ) —o0
where ¢ is the standard normal density function. To ensure the overall Type I error rate is
«, we solve for ¢ in the equation:

pe-P(T<c|TH<a)=ua,

and define the adjusted significance level as a’ = ®(c), which satisfies #’ > «. Once «’ is
determined numerically power can be calculated under H; via simulation. For a fixed n
we can find combinations of 111 and #; such that the overall « = 0.05 and power is greater
than or equal to the desired power. Practically speaking one can start at the n determined
by the Simon two-stage design and reduce by increments of 1 until the power constraint is
no longer satisfied. The search is over values of 77 and p., with np = n — ny. This will be
illustrated in the next section.

127



Cancers 2025, 17, 2570

Convolution Approach and Simon Two-Stage Design Comparison

There is no straightforward way to directly compare the convolution-based approach
with Simon’s two-stage design. A key distinguishing feature is that the convolution-based
method precisely controls the Type I error rate, whereas Simon’s two-stage design may be
conservative in some scenarios, as illustrated earlier in Figure 2. In settings where the actual
Type I error of Simon’s design falls well below the nominal level, the convolution-based
method can achieve the same desired power with a smaller sample size, particularly when
the difference between 711 and 71 is substantial.

To illustrate, we consider testing Hy : 7T = 71y versus Hy : 7w > mp with mp = 0.1 and
m ranging from 0.3 to 0.6 in increments of 0.1. The results of various Simon two-stage
designs are presented in Table 4, showing the corresponding total sample size, exact Type I
error, power, expected sample size (ENp), and probability of early stopping.

Similarly, Table 5 displays results from the convolution-based two-stage designs across
the same values of 711. For each design, we considered a range of p. values from 0.2 to
0.7 in steps of 0.01, and we report the total sample size 1, stage-wise sample sizes n; and
1y, pe, power, expected sample size (ESN), adjusted o, for testing at the second stage, and
the probability of early stopping, which is equal to 1 — p.. The designs in Table 5 represent
a subset of possible scenarios to provide a concise summary.

The convolution-based approach demonstrates a clear advantage by achieving slightly
smaller sample sizes across all settings. Moreover, it is not constrained by the range of early
stopping probabilities observed in the Simon designs (approximately 0.549 to 0.810 in our
example). Instead, the convolution-based method allows the user to specify any desired p,
(and thus early stopping probability), offering greater flexibility to tailor the design to the
specific goals and constraints of a given clinical trial.

Table 4. Summary of Simon Two-Stage Designs with one-sided Type I error rate « = 0.05, Power = 0.8,
9 = 0.1, h = 0.01. Designs are shown for various response probabilities 7r;.

T n ny 1 72 Type I Error Power ENg P (Early Stop) Method
0.3 25 15 1 5 0.033 0.802 19.5 0.549 Minimax
0.3 26 12 1 5 0.036 0.805 16.8 0.659

03 27 11 1 5 0.040 0.806  15.8 0.697

0.3 29 10 1 5 0.047 0.805 15.0 0.736 Optimal
04 13 8 1 3 0.031 0.802 8.9 0.813 Minimax
04 15 4 0 3 0.043 0.818 7.8 0.656 Optimal
0.5 8 4 0 2 0.036 0.836 54 0.656 Minimax
0.5 9 3 0 2 0.041 0.828 4.6 0.729 Optimal
0.6 6 3 0 2 0.015 0.807 3.8 0.729 Minimax
0.6 8 2 0 2 0.025 0.819 3.1 0.810 Optimal

Table 5. Summary of Convolution-Based Two-Stage Designs with one-sided Type I error rate « = 0.05,
Power = 0.8, rp = 0.1, h = 0.01. Designs are shown for various response probabilities 77;.

™ n n 1y Pe Power ESN o P (Early Stop)
0.3 23 16 7 0.34 0.810 184 0.055 0.66
0.3 23 17 6 0.32 0.807 18.9 0.056 0.68
0.3 23 17 6 0.30 0.806 18.8 0.057 0.70
0.3 23 15 8 0.31 0.806 17.5 0.056 0.69
0.3 23 14 9 0.37 0.806 17.3 0.054 0.63
0.3 23 14 9 0.45 0.806 18.0 0.052 0.55
0.3 23 14 9 0.46 0.806 18.1 0.052 0.54
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Table 5. Cont.

T n ny 1y Pe Power ESN o’ P (Early Stop)
0.3 23 16 7 0.69 0.806 20.8 0.050 0.31
0.3 23 16 7 0.36 0.805 18.5 0.054 0.64
0.3 23 15 8 0.37 0.805 18.0 0.054 0.63
0.3 23 13 10 0.50 0.805 18.0 0.051 0.50
0.3 23 13 10 0.53 0.805 18.3 0.051 0.47
0.3 23 12 11 0.70 0.805 19.7 0.050 0.30
0.4 11 8 3 0.20 0.801 8.6 0.066 0.80
0.4 11 9 2 0.21 0.801 9.4 0.064 0.79
0.5 7 5 2 0.20 0.809 54 0.066 0.80
0.5 7 5 2 0.25 0.805 5.5 0.060 0.75
0.5 7 5 2 0.30 0.801 5.6 0.057 0.70
0.6 5 3 2 0.29 0.810 3.6 0.057 0.71
0.6 5 3 2 0.38 0.804 3.8 0.053 0.62
0.6 5 3 2 0.40 0.801 3.8 0.053 0.60
0.6 5 3 2 0.52 0.801 4.0 0.051 0.48

4. Real World Examples

4.1. One-Stage Designs
4.1.1. Example 1

Our first example [11] is from a study of patients with concomitant advanced non-small
cell lung cancer (NSCLC) and interstitial lung disease (ILD). This prospective, multicenter,
single-arm phase 2 trial investigated the efficacy and safety of albumin-bound paclitaxel
(nab-paclitaxel) in combination with carboplatin in patients with both advanced NSCLC
and ILD. The primary endpoint was the overall response rate (ORR), testing Hy : 71 = 719
versus Hj : 1 > mp, with 77y = 0.2, alternative 7r; = 0.4, « = 0.05, and power = 0.80. Based
on an exact binomial test, this required a sample size of n = 35. The actual study enrolled
n = 36 subjects between April 2014 and September 2017, corresponding to an average
accrual rate of approximately 1.3 subjects per month.

Using the same design parameters, the convolution-based test would require
n = 32 subjects to achieve a power of 0.8117, or n = 31 for a power of 0.7967, poten-
tially reducing the trial duration by 4 to 5 months with the corresponding cost savings. The
p-value was < 0.001 under both the exact binomial and convolution-based approaches. If a
prorated response of 17 out of 31 positive responses were observed, the p-value using the
convolution-based method would still be <0.001.

4.1.2. Example 2

Our next example study[12] enrolled n = 15 metastatic prostate cancer patients with
AR-V7-expressing circulating tumor cells into a prospective phase Il trial. The primary
endpoint was PSA response, with hypothesis testing conducted as Hy : 7 = m versus
Hy : m > mp, where my = 0.05, 11 = 0.264, « = 0.10, and target power = 0.80. The true
Type I error rate for the exact binomial test was 0.0362. A positive outcome in the study
was thus defined as >3 of 15 patients achieving a PSA response.

Using the same design parameters, the convolution-based test would require
n = 11 subjects to achieve a power of 0.824, or n = 10 for a power of 0.793. In the ac-
tual trial, 2 out of 15 subjects achieved a PSA response, yielding a p-value of 0.14 using the
exact binomial test. The convolution-based test yielded a p-value of 0.106. Although not
statistically significant at the « = 0.10 level, this result demonstrates the relative efficiency
of the convolution-based approach.
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4.2. Two-Stage Designs
4.2.1. Example 1

Our next example [13] is based on a study evaluating vinorelbine in advanced non-
small cell lung cancer (NSCLC) patients aged 70 years or older. The study employed
a multicenter, two-stage phase II design following Simon’s optimal method. The pri-
mary endpoint was objective response rate (ORR), with hypothesis testing structured as
Hy : © = my versus Hy : 7w > 7, where 77y = 0.10, 711 = 0.25, h = 0.01, « = 0.05, and target
power = 0.80.

The final sample size under Simon’s design was n = 43 with an interim futility
analysis planned at n; = 18 subjects. The actual Type I error rate achieved was 0.048.
Table 6 presents three example two-stage designs generated using the convolution-based
estimator. Notably, if one is willing to delay the interim futility analysis beyond n; = 18,
the total required sample size can be reduced from n = 43 to n = 35, offering a more
efficient design compared to Simon’s optimal design alternative. Even maintaining the
interim analysis at n; = 18, the convolution-based approach can still reduce the total
sample size to n = 37.

Table 6. Convolution-based design scenarios for Example 1: Two-stage design.

n n 1y T, Power ESN o

35 27 8 0.23 0.803 28.8 0.062
36 24 12 0.24 0.802 26.9 0.061
37 18 19 0.56 0.801 28.6 0.051

In the observed trial data, 5 of the initial 18 subjects achieved a positive ORR, with
a total of 10 ORR responses observed out of 43 by the end of the study. Simon’s optimal
design specified early stopping for futility if 3 or fewer ORR responses were observed
in the first stage, and declared efficacy if 8 or more total responses were observed at the
second stage.

For each convolution-based design in Table 6, we retrospectively aligned the ob-
served data to the alternative designs to estimate what would have occurred under
those configurations:

e  Forn = 35,n1 = 27: Assuming 7 out of 27 responses, the futility p-value was 0.011,
below the stopping threshold 77, = 0.23. The final-stage p-value, assuming 8 out of
35 total responses, was 0.0158, significant at the adjusted level a’ = 0.062.

e  Forn =36, n; = 24: Assuming 6 out of 24 responses, the futility p-value was 0.002,
below 7, = 0.24. The final-stage p-value based on 8 of 36 responses was 0.0162, also
significant at «’ = 0.061.

e  Forn =37,n; = 18: Assuming 5 out of 18 responses, the futility p-value was 0.015,
which is less than 71, = 0.56. The final p-value with 8 of 37 responses was 0.020,
significant at «’ = 0.051.

This example again highlights the potential cost savings and efficiency gains achiev-
able with the convolution-based approach compared to Simon’s two-stage design, while
maintaining rigorous Type I error control and statistical power.

4.2.2. Example 2

Our next example [14] comes from a publication describing the LuDO-N trial, a
phase II, open-label, multicenter, single-arm, two-stage clinical trial in children with
high-risk neuroblastoma, utilizing an alternative administration schedule of Lutetium
DOTATATE. The primary endpoint is the response rate, assessed by the Revised Interna-
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tional Neuroblastoma Response Criteria one month after completion of therapy. Hypothesis
testing is structured as Hy : 7t = 71 versus Hj : 7t > 719, where 719 = 0.2, 1y = 0.4,h = 0.01,
« = 0.1, and the target power is 0.80.

The proposed design follows Simon’s Two-Stage Minimax design. Recruitment is
expected to be completed within 3-5 years. Based on the specified parameters, the Simon
design requires a total sample size of n = 24, with a first-stage futility analysis at n; = 14,
yielding a true Type I error rate of 0.0874.

In contrast, an alternative convolution-based design would require a total of
n = 19 subjects, with n; = 16 in the first stage, using a futility threshold of p, = 0.21 and a
final adjusted significance level of a’ = 0.158. If the projected recruitment rate is 24 subjects
over 5 years (approximately 4.8 subjects per year), the convolution-based design would
reduce the total accrual period by roughly one year.

5. Conclusions

The convolution-based approach presented in this work offers a flexible and efficient
alternative to traditional exact methods for designing and analyzing single-arm phase II
oncology trials with binary endpoints. By convolving the binomial distribution with a
simulated normal random variable, this method produces an unbiased estimator for the
response rate 77 and achieves precise Type I error control. This leads to reduced sample
size requirements in both one-stage and two-stage designs, while maintaining desirable
operating characteristics.

A significant advantage of the convolution framework is its adaptability. It can be
easily modified to incorporate an interim analysis for either futility or combined effi-
cacy and futility, allowing for early decision-making and further optimization of trial
resources. Moreover, the convolution-based method provides a smooth and continuous
approximation to the binomial tail distribution, making it especially valuable in scenarios
where measurement error or process variability exists, and a continuous p-value function
is preferred.

Overall, this approach enhances the efficiency of early-phase oncology clinical trial
design and provides a theoretically sound and practically implementable alternative to
exact binomial and Simon’s two-stage methods. It holds particular promise for high-cost
therapeutic areas, such as oncology and cellular therapies, where efficient trial execution
is critical.
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Simple Summary

Clinical trial design relies on assumptions that may change over time, potentially affecting
the accuracy of results. This study evaluates how deviations in design assumptions impact
the statistical power of randomized trials with survival endpoints. Findings show that
incorrect assumptions can significantly affect all methods similarly. Thus, it is crucial to
base trial designs on the most accurate assumptions and consider potential impacts on
statistical power.

Abstract

Background/Objectives: Results from a well-designed trial provide evidence to support
approval of truly effective treatments or discontinuation of ineffective treatments. However,
the information available at the time of trial design may be limited which may lead
to underpowered trials. This work aims to evaluate the impact of design assumption
misspecifications on the statistical power of randomized trials with survival outcomes.
Methods: The impact of the design assumption misspecifications on statistical power of
four different statistical methods was investigated in a simulation study. The methods
include the log-rank test, MaxCombo test, the test of difference in survival probability,
and test of difference in restricted mean survival time (RMST). The deviations considered
include the survival rate in the control arm, the expected treatment effect in terms of
magnitude and pattern, accrual rate, and drop-out rate. Results: Deviations in the control
arm’s survival distribution have no impact on the power of the log-rank and MaxCombo
tests but it affects the trial duration since trials designed with these tests require the total
number of events to be met before the final analysis can be conducted. Misspecified
treatment effect has similar effect on the statistical power of all four methods. When the
proportional hazards assumption is misspecified, the RMST is more robust with a larger
early treatment effect, while the survival probability and the MaxCombo tests are more
robust with a larger late treatment effect and crossing hazards. Conclusions: Selecting
the appropriate statistical tests to design a trial depends on the goal of the trial, the
mechanism of action of the experimental treatment, the survival quantity of clinical interest,
and the pattern of the expected treatment effect. The final design should be based on
assumptions that are as accurate as possible, and the potential impacts of deviations from
these assumptions on the trial’s statistical power should be carefully considered.

Keywords: clinical trials; misspecification; survival endpoints
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1. Introduction

Regulatory approval of a cancer drug relies on the demonstration of its benefit com-
pared to a control (whether a placebo or a current standard of care), typically in randomized
clinical trials with a time-to-event endpoint, such as overall survival, progression-free sur-
vival, and disease-free survival [1].

Results from a well-designed trial—with the optimal survival benefit selected to
reflect the mechanism of action of the experimental treatment, the design assumptions
welljustified and reflective of the target patient population, as well as realistic expectations
of the treatment effect—provide evidence to support approval of truly effective treatments
or discontinuation of ineffective treatments. However, the information available at the time
of trial design may be limited and change overtime, resulting in a trial whose design does
not fully capture the effect of the new treatment or based on assumptions that deviate from
the expected outcome which may lead to erroneous conclusions.

A deviation that has been noted in the past and has received more attention in recent
years is the proportional hazards assumption. The log-rank test, which is often the basis
for sample size estimation in phase III oncology trial, is the most powerful test when
the hazard ratio between the new treatment and the control treatment is constant over
time, known as proportional hazards [2]. However, Trinquart et al. [3] reported that 13
out of 54 (24%) published trials failed a formal test of proportional hazards assumptions.
Even when a test of proportional hazard does not show statistically significant violation,
the treatment effect can still vary over time and impact the trial outcome in a meaningful
way [4,5]. With the recent surge of approvals of immune-oncology therapy, the proportional
hazards assumption has become more questionable. Results of recent immuno-oncology
trials indicate that the effects of immunotherapy are often delayed and the assumption
of proportional hazards do not hold in immuno-oncology trials [6]. For example the
KEYNOTE-045 trial [7] showed crossing survival curves (for both overall and progression-
free), and the CheckMate 238 trial [8] showed late separation where there was no survival
difference in the first 3 months.

In addition to the deviation in proportional hazard assumption, other deviations in
trial design assumptions are possible. Yet design assumptions and the impact of their
deviations from the observed data are rarely evaluated at trial completion or discussed
in trial publications [9]. The deviation of baseline hazard in the control arm can occur
when the survival rates of the control arms initially assumed during trial design do not
accurately reflect the improvement in survival years later due to new scientific development
or changes in standard of care. For example, the KEYNOTE-189 trial [10] was designed
assuming the median overall survival for patients receiving chemotherapy alone as the
first-line treatment for metastatic non-small-cell lung cancer was 13 months, however
the observed median overall survival was 11.3 months; median progression-free survival
assumed in the design was 6.5 months compared with the observed median of 4.8 months.
This is an example where the observed survival experience in the control arm was worse
than that was assumed in the design. Whereas the CheckMate 067 trial [11] is an example
where the observed survival experience in the control arm was better than the design
assumption. Specifically, the observed 24-month overall survival probability for patients
receiving ipilimumab as the first-line treatment for advanced melanoma was 45% compared
to the 24.4% assumed for the design.

Other deviations, such as deviations in enrollment rate and drop-out rate, have also
been seen in clinical trials. For example, CALGB/SWOG 80702 (Alliance) planned to finish
enrollment in 3.125 years but it took more than 4 years (June 2010 to November 2015) to
reach full enrollment [12]. The PROSPECT trial started with a sample size of 1016 patients
and subsequently increased the target enrollment to 1120 due to a higher than anticipated
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drop-out post-randomization [13]; it reached full enrollment with 1194 patients [14]. The
prevalence of these type of deviations is difficult to gauge because the information is often
omitted from the clinical trial manuscripts [15].

The aim of this work is not to compare the performance of various survival analysis
methods, which have been well-published. Our aim is to evaluate how deviations in design
assumptions affect statistical power (and Type I error when appropriate) for each method,
while also accounting for the follow-up scheme associated with the method. Specifically,
we consider the following deviations: (1) survival distribution of the control arm (referred
to as baseline survival), (2) expected treatment effect (pattern and magnitude), (3) accrual
rate, and (4) drop-out rate. In addition to evaluate the impact of deviations for the most
common method, log-rank test, we also include other statistical tests, such as the difference
in survival probabilities at a prespecified time point, the restricted mean survival time
(RMST), and the MaxCombo tests, in our investigations.

The rest of the manuscript is organized as follows. In Section 2, we define the different
test statistics used and describe their associated design, as well as detailing the simulation
setup. The study power and Type I error from each test/deviation combination are de-
scribed in Section 3. Sections 4 and 5 consist of the conclusion and discussions, respectively.

2. Methods

For simplicity, this exposition describes a two-arm randomized trial with a 1:1 ran-
domization ratio. However, all concepts can be generalized to trials with multiple arms
and to other randomization ratios.

2.1. Design Framework

Let X be the time to the event of interest. Let S(x) = Pr(X > x) denote the survival

function, the probability of an individual surviving beyond time x, and the hazard function

be defined as h(x) = Alim0 pr(xg)kzim‘xzx) . Let Sc(x) and /¢ (x) be the survival function
x—

and hazard function for the control arm, respectively. Similarly, let St(x) and h7(x) be the
survival function and hazard function for the treatment arm, respectively. Below are the
statistical hypotheses being evaluated in this paper, grouped by associated design.

2.1.1. Event-Based Design

The log-rank test and the MaxCombo test are methods to evaluate the hazard rate,
specifically testing the following hypotheses:

Ho :he(x) = hr(x) for all x < T versus Hj : he(x) # hr(x) forsome x < T

where T is the largest time at which both arms have at least one subject at risk. While
the log-rank test statistic gives equal weight to differences in the observed and expected
mortality over time, the MaxCombo test statistic is based on the maximum value of a
combination of tests with varying weights (some give more weight to earlier differences
and others give more weight to later differences). For the MaxCombo tests, it is necessary
to specify the weight function and the components a priori.

In trials designed based on log-rank test and MaxCombo test, the size of a trial is stated
in terms of the total number of events of interest. Under this type of design, all patients
are followed until the time when the prespecified total number of events are observed,
regardless of when they are enrolled on the trial. Therefore, follow-up duration of patients
within the same trial can vary widely, with shorter duration for more recent enrollment
and longer duration for earlier enrollment.
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2.1.2. Fixed Follow-Up Duration Design

In contrast to the log-rank test and the MaxCombo test, which are based on the hazard
rate, the other two methods are based on the survival probability. The hypotheses for
testing the difference in survival probability at a prespecified time ¢ are:

Hop : Sc(t) = St () versus Hy : Sc(t) # St (t)

where ¢ is the prespecified time of the survival probability of interest and the hypotheses
for testing the difference in the RMST at time T are

Ho : uc(t) = pr(t) versus Hy : uc(t) # pr(t)

where (1) = fOT S(x)dx and 7 is the prespecified restriction time. Although it is not within
the scope of this work to discuss how to select t and 7, it is important to note that their
selection should be based on the time point that is most clinically relevant for the trial being
designed and that the statistical power of the survival probability test and the RMST test
depend on time ¢ and T, respectively.

In trials designed based on survival probability and RMST, the trial size is stated
in terms of the total number of patients enrolled. In both methods, survival experience
beyond the prespecified time of interest (time ¢ for survival probability test and T for RMST
test) does not contribute to the hypothesis test. Under this type of design, patients are
enrolled and followed until they experience the event of interest or reach the prespecified
time, t and T, whichever occurs first.

Table 1 summarizes the design framework, and Figure 1 illustrates the quantities being
compared for the different endpoints.

Table 1. Design framework for randomized trials with survival outcomes.

Restricted Mean

Survival . .
Hazard Rate h(x) Probability S() Survival Time
(o)
Statistical Test Log-rank test MaxCombo test  Test of difference  Test of difference
Treatment No Difference in Difference in
effect Hazard ratio corresponding survival mean survival
quantified by quantity probability time
Trla.I size The total number The total Total number of  Total number of
stated in terms number of . .
of events patients enrolled  patients enrolled
of events
Each patient is Each patient is
followed until followed until
. All patients are event or time f event or time T
All patients are . . .
. followed until whichever whichever
followed until the . .
Follow-up the total number occurs first; occurs first;
total number of
events are reached of events are follow-up follow-up
reached beyond ¢ does beyond T does

not contribute to
test statistic

not contribute to
test statistic
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Table 1. Cont.

Survival Restricted
Hazard Rate h(x) Probability =~ Mean Survival
S Time p(t)
Does not Does not
Uses all Does not require require
available data require proportional proportional
during qut hazards hazards
7 proportional . N
follow-up; has hazards assumption; assumption;
the highest . trial duration  trial duration
Advantages . assumption;
statistical power uses all more more
under - predictable predictable
. available data
proportional . (depends only  (depends only
hazards during on the on the
) follow-up
assumption enrollment enrollment
rate) rate)
Requires
proportional
hazards
assumption (for Trial duration
optimal power can be
inter iz’ibilit unpredictable
. P Y (depends on Use only data  Use only data
Disadvantages of hazard ratio); ) ! :
. . time to reach up to time ¢ up to time T
trial duration number of
can .be events
unpredictable required)
(depends on q
time to reach
number of
events required)
Qe J
& Difference
in RMST

Survival

0.0 02 04 06 08

Difference in
survival
probabilities

T
4

T
5

Time (Years)

Figure 1. The survival quantity being compared for the different methods. The log-rank test and the
MaxCombo test compare the hazard rate (a function of the slope of the survival curves, indicated by
the blue arrows), the difference in survival probabilities at t = 5 years (distance denoted by the red
bracket), and the difference in mean survival times restricted at T = 5 years (the difference between
the areas under the survival curves, purple shaded area).

2.2. Simulation Setup

A simulation study was conducted to evaluate the impact of deviations on the statisti-
cal power and Type I error (when appropriate).
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2.2.1. Original Designs

The trial design that will be used as the reference for all comparisons in this paper is
based on the following assumptions:

e Two arms randomized at a 1:1 ratio;
e  Survival distribution of control arm:

O follows exponential distribution;
O median survival time = 3 years;

e  Treatment effect:

O proportional hazards;
O hazard ratio (HR, experiment versus control) = 0.6;

e Typelerror of one-sided 0.025 and 90% power;
e  Accrual rate = 10 pts/month, uniformly distributed.

The resulting design based on the log-rank test requires a total of 162 events. With the
assumed accrual rate, the trial needs to enroll a total of 350 patients (175 per arm) with an
anticipated total trial duration of 5 years, defined as the time from first patient enrollment
to statistical analysis of the primary endpoint. This design provides the same power for
the MaxCombo tests. For this work, we focus on 2 MaxCombo tests: a 2-component with
weights [(0,0) and (0,0.5)] and a 3-component with weights [(0,0), (0,0.5), and (0.5,0.5)]
which are recommended for oncology trials from previously published work [16]. More
details on MaxCombo tests are provided in the Appendix A.

Given that the goal of this work is to show how the deviations from the original
design assumptions affect the statistical power within each of the different methods and
not based on specific clinical setting, we selected t and 7 so that the original designs for
the fixed follow-up duration designs achieve as close to 90% power as possible based on
the same assumptions as the original log-rank based design. This leads to the selection of
t = 3.5 years (empirical power 89.06%) for the survival probability test and T = 4.5 years
(empirical power 90.36%) for the RMST test.

2.2.2. Deviations Evaluated

The following deviations from the original design were considered:

1. Survival distribution of the control arm (Figure 2 insets): the observed median survival
was set to be shorter than the expected time of 3 years (2 and 2.5 years, i.e., worse
survival) and longer than expected (4 and 5 years, i.e., better survival).

2. Treatment effect:

a. Magnitude (Figure 3 insets): the treatment effect was set to be larger than the
expected hazard ratio of 0.6 (HR of 0.4 and 0.5) and smaller than expected (HR
of 0.7 and 0.8).

b.  Non-proportional hazards (NPH):

i Early benefit (Figure 4 insets): Larger than expected early treatment
effect (HR = 0.4) in the first k years post enrollment and smaller than
expected effect (HR = 0.8) after k years where k=1, 2, 3, 4, and 5;

ii. Late benefit (Figure 5 insets): Smaller than expected early treatment
effect (HR = 0.8) in the first k years post enrollment and larger than
expected effect (HR = 0.4) after k years where k=1, 2, 3, 4, and 5;

iii. Crossing hazard (Figure 6 insets): Worse than expected survival in
treatment arm (HR = 1.2) in the first k years post enrollment and the
same as expected treatment effect (HR = 0.6) after k years where k = 0.25,
0.5,1,1.5, and 2.
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Figure 2. Changes in (a) statistical power and (b) Type I error associated with misspecified survival

distribution of the control arm. The insets in (a) show four of the simulation scenarios where
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black lines.
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Figure 3. Changes in statistical power associated with misspecified magnitude of treatment effect.
The insets show four of the simulation scenarios where the control arm is drawn with solid black
lines and the experimental arm is drawn with dashed black lines.

139



Cancers 2025, 17, 2609

Non-Proportional Hazards (HR = 0.4 -> 0.8)
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Non-Proportional Hazards (HR = 1.2 -> 0.6)
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3. Accrual rate: Faster than expected accrual (i.e., full enrollment in 2 and 2.5 years) and
slower than expected accrual (i.e., full enrollment in 3.5 and 4 years).

4. Drop-out rate: The original design assumes no drop-out. We incorporated various
drop-out rates. The drop-out process is assumed to follow the exponential distribution
with 15%, 30%, 45%, and 60% cumulative proportion by 5 years, independent of the
survival process (i.e., non-informative censoring). Note that the observed drop-
out rates vary based on the time of statistical analysis and are not the same as the
cumulative 5-year rate. For example, for the 30% drop-out setting in simulation,
the median observed drop-out rates by 3.5 and 4.5 years were 16.6% and 19.2%,
respectively; for the 60% drop-out setting, the median observed drop-out rates by
3.5 and 4.5 years were 36.3% and 40.6%, respectively. Additionally, we did not
incorporate informative censoring, where the censoring process and the survival
process are dependent, as it would not only affect statistical power but also raise
concerns about the validity of the trial. Addressing this issue is beyond the scope of
the current manuscript.

All deviations were evaluated for their impact on the statistical power under each
of the four statistical methods with corresponding follow-up schemes as described in
Section 2.1. Type I error was also evaluated for deviations in survival distribution of the
control arm, the accrual rate, and the drop-out rate.

Simulations were performed for each scenario with 10,000 iterations. The power
was calculated as the percent of tests (out of 10,000) rejecting the null hypothesis (under
alternative). The Type I error was calculated as the percent of tests (out of 10,000) rejecting
the null hypothesis (under null). The simulation was performed using the R software
version 4.4.1 [17]. The MaxCombo tests and RMST tests were performed using nph package
version 2.1 [18] and survRM2 package version 1.0-4 [19], respectively, in R.
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3. Results
3.1. Deviation in Survival Distribution of the Control Arm

The log-rank, MaxCombo2, and MaxCombo3 tests maintained 90% power regardless
of the median survival time of the control arm (Figure 2a). However, it is important to note
that the trial duration is highly dependent on the baseline survival distribution (noted at the
bottom of Figure 2). If the true median survival time for the control arm is 2 years (versus
3 years as assumed in the original design), the trial duration is much shorter (median trial
duration: 3.88 years; range: 3.28-4.68 years) than the expected duration of 5 years in the
original design; whereas if the true control arm median survival time is 5 years, the trial
duration can take much longer (median trial duration: 7.23 years; range: 5.82-9.1 years).

On the other hand, the power of survival probability and RMST are affected by the
deviation in the survival distribution in the control arm. When survival in the control arm
is worse (median 2 or 2.5 years) than the original design assumption (median 3 years), the
power for both survival probability and RMST are higher than the 90%. When the baseline
survival is better than the original design assumption (median 4 or 5 years), the power for
both tests decrease.

Type I error maintains stable for all tests regardless of the deviation (Figure 2b).

3.2. Deviation in the Treatment Effect
3.2.1. Magnitude of Effect

Misspecified treatment effect size has similar impact on all five tests (Figure 3). A larger
treatment effect (HR = 0.4 or 0.5) resulted in higher statistical power and a smaller treatment
effect (HR = 0.7 or 0.8) resulted in lower power. The power loss is not substantially different
across different tests. For log-rank, MaxCombo2, and MaxCombo3 tests which rely on
event-driven follow-up, a larger treatment effect (HR = 0.4 and 0.5) resulted in a slightly
extended trial duration (median trial duration of 5.63 and 5.26 years, respectively) a smaller
treatment effect (HR = 0.7 and 0.8) resulted in a slightly shortened trial duration (median
trial duration of 4.75 and 4.56 years, respectively).

3.2.2. Non-Proportional Hazards, Larger Early Benefit

Overall pattern of change in statistical power is similar across all five tests when the
proportional hazards assumption was violated. Figure 4 shows that when there is a larger
early effect (HR = 0.4) and a smaller late effect (HR = 0.8), the power for all five tests
increased as the time of the effect change (k) goes from 1 year to 5 years (corresponding
to longer duration with larger treatment effect). When the HR changed from 0.4 to 0.8 at
1 or 2 years (i.e., k = 1, 2) the statistical power of the RMST test is the least affected while
survival probably test is the most affected. When the HR change occurred at 4 years or later
(i.e., k =4,5), all five tests reached the maximum statistical power of 100%. For log-rank,
MaxCombo2, and MaxCombo3 test which rely on event-driven follow-up, the early change
in HR (i.e., k = 1) slightly reduce the trial duration (median trial duration = 4.81 years) and
a later change slightly prolong the trial duration (median trial duration = 5.61 years).

3.2.3. Non-Proportional Hazards, Larger Late Benefit

Figure 5 shows that when there is a smaller early effect (HR = 0.8) and a larger
late effect (HR = 0.4), the power for all tests decreased as the time of the HR change (k)
goes from 1 year (corresponding to shorter duration with smaller treatment effect) to
5 years (corresponding to longer duration with smaller treatment effect) with the survival
probability less affected than others when the larger benefit occurred before 3.5 years;
whereas the RMST test is more affected than other tests when the HR change occurred
before 3.5 years but becomes less affected when the change occurred after 3.5 years. For

142



Cancers 2025, 17, 2609

log-rank, MaxCombo2, and MaxCombo3 test which rely on event-driven follow-up, the
early change in HR (i.e., k = 1) slightly prolongs the trial duration (median trial duration =
5.24 years) and a later change slightly reduces the trial duration (median trial duration =
4.56 years).

3.2.4. Non-Proportional Hazards, Crossing Hazard

A more extreme case of non-proportional hazards is where the new treatment is
associated with worse survival in the early period and better survival in the late period.
Figure 6 shows the statistical power when the HR = 1.2 before time k and HR = 0.6 after
time k. The statistical power of all five tests decreased as the time of change (k) goes from
3 months to 2 years. Of note, in this scenario, the statistical power of the survival probability
test is the least affected whereas the RMST test is the most affected. The statistical power of
the MaxCombo tests is less affected than the that of the log-rank test in this scenario. Due to
the faster rate of events early on, the trial duration is reduced for tests rely on event-driven
follow-up (median trial duration between 4.22 and 4.87 years).

3.3. Deviation in the Accrual Rate

The deviation in accrual rate does not impact the statistical power nor the Type I
error when sufficient follow-up is performed, i.e., patients are followed until pre-specified
number of events for log-rank, MaxCombo2, and MaxCombo3 tests and followed until
pre-specified duration of follow-up for survival probability and RMST. However, the
accrual rate does impact the total trial duration for all tests. For tests under event-driven
follow-up scheme, a faster accrual, 2 years instead of 3, resulted in a shorter total trial
duration (median: 4.44 years, range: 3.58-5.22 years to reach 162 events) and slower
accrual, 4 years instead of 3, resulted in a longer trial duration (median: 5.54 years, range:
4.66-6.83 years to reach 162 events). For survival probability and RMST, the total trial
duration is approximately the accrual duration plus the fixed-duration follow-up; therefore,
the total trial duration is directly impacted by the accrual rate.

3.4. Deviation in the Drop-Out Rate

Drop-out rate has minimal impact on the statistical power of the log-rank and the
MaxCombo tests (Figure 7a). This pattern is expected given that the power of the log-rank
and the MaxCombo tests depend on the number of events, and by design the analysis is
conducted when the number of events is reached. However, when the drop-out rate is
very high, e.g., in the 60% drop-out scenario, the total number of events required were
never reached for 11% of the simulations, where the statistical analysis was conducted
with less than 162 events, which slightly reduced the statistical power. It is important to
note that, although the power was less impacted for event-driven tests, the trial duration
can prolong dramatically, e.g., in the 60% drop-out scenario, the median study duration is
around 9 years rather than the expected study duration of 5 years. In contrast, the impact of
drop-out on statistical power is more pronounced for the survival probability and the RMST
tests, due to more patients being censored at the pre-specified analysis time. However,
the trial duration based on these methods is not affected since patients are followed for a
fixed duration.

Drop-out rate has minimal impact on the Type I error (Figure 7b).
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Figure 7. Changes in (a) statistical power and (b) Type I error associated with increased drop-out
rate.

4. Discussion

This paper evaluated the impact of design misspecifications on the statistical power
and Type I error on each of the 4 statistical methods that can be used to design clinical trials
with survival outcomes. The methods include the log-rank test and MaxCombo tests for
comparing the hazard rate, the test comparing the difference in the survival probability at
a fixed time, and the test comparing the difference in the restricted mean survival time. In
all parameters examined, misspecifications have similar impact in terms of direction and
magnitude of the statistical power in all methods. The impact to Type I error is negligible.

Some notable observations include:

1. Deviation in the control arm’s survival rate does not affect the power of the log-rank
and MaxCombo but it affects the total duration of the trial. The power of the RMST
test and survival probability decrease when the control arm’s survival is better than
the assumed distribution and increase when the control arm survival is worse than
the assumed rate. These changes in power are due to an interplay between the change
in the magnitude of the survival difference (in both survival probability and RMST,
resulting from the deviation from baseline survival rate) coupled with the change in
the estimation precision due to the censoring rate at time t and 7. This observation is
consistent with the results found in Appendix 4 of Eaton et al. for RMST [20].
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2. When the proportional hazards assumption is misspecified, the RMST test is least
affected when there is a larger early treatment effect; the survival probability was
least affected when there is larger late treatment effect, especially when the larger
treatment effect occurs prior to the prespecified time of the survival probability; while
the survival probability test and MaxCombo were the least affected with crossing
hazards. Of note, in scenarios where the statistical power of the survival probability
test is less affected than the other tests, it is due to the fact that the hazard-based tests
and the RMST test evaluate the cumulative effect of treatment where small treatment
effect in the early period dilutes the overall effect and, similarly, the harm of the
treatment in the early period cancels out benefit of the late period. In contrast, the
survival probability only evaluates the survival difference at 3.5 years regardless
of the direction of early treatment effect. The power of the MaxCombo tests is less
affected than the log-rank and the RMST in scenarios with crossing hazard since the
method is designed to select the weight combination that maximizes the difference.

3. While deviations in the drop-out rate and accrual rate are seldom discussed in clinical
trial manuscripts, they can significantly prolong the trial duration. An excessively
prolonged trial can dramatically increase the monetary cost of the trial, and the
standard of care may change during the trial period, rendering the trial conclusions
less relevant. Additionally, a high drop-out rate can also reduce the study power.

It is well known that the magnitude of the treatment effect strongly impacts the trial
statistical power. Advances in immuno-oncology in recent years have led to a height-
ened interest in understanding the impact of non-proportionality on the log-rank test
and alternative statistical methods that are not constrained by the proportional hazards
assumption. The survival probability at a fixed time and the restricted mean survival time
were alternative endpoints that do not require the proportional hazards assumption, while
the MaxCombo test is a method that allows flexible weighing schemes to focus on time
period with the largest difference in survival between the two treatment arms. The survival
probability at a fixed time and the restricted mean survival time also provide intuitive
interpretation under nonproportionality. Of these alternatives, the survival probability
at a fixed time is the appropriate endpoint if the goal of the trial is to show that the new
treatment increases the likelihood of being alive at that time point, regardless of the shape
of the hazard leading up to that time point. The restricted mean survival time, on the other
hand, uses cumulative data up to the restriction time and the restriction time can be selected
so that the power of the RMST test can approach that of the log-rank test. MaxCombo test,
depending on the components and weights chosen, can be more robust against different
type of deviations compared to the log-rank test.

Misspecification in other parameters such as the control arm survival distribution
has received little attention in the clinical trial literature. Our simulation study shows
that deviation in the control arm survival distribution can have a moderate impact on the
statistical power for survival probability test and restricted mean survival time endpoints.
Although in trials designed with the log-rank test and MaxCombo test where all patients
are followed until a fixed number of events are reached, this deviation has no impact on the
power of the log-rank test but the total trial duration can be highly contracted or extended,
in some cases, trials may be extended for years to reach the few final events. An advantage
of trials designed with survival probability or restricted mean survival time is that the trial
duration is more predictable. Patients are followed to time ¢ for the survival probability
and to time 7 for the restricted mean survival time. Any follow-up beyond the prespecified
time point does not contribute to the test statistics. A design with fixed follow-up duration
is attractive for logistical reasons, for example, the time point of the final data analysis is
known in advance so that resource allocation can be planned ahead of time. This design
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is also appropriate for trials with funding restricted to a fixed period. For designs using
fixed follow-up duration, slower accrual rate directly affects the total trial duration which
includes the accrual duration plus the fixed follow-up duration.

This manuscript uses simulations to evaluate the impact of deviations, which have
inherent limitations. The simulations rely on specific parameter settings that may not
fully capture the complexity of real-world data. We have chosen the parameter values to
demonstrate the effect of deviations, but certainly, other parameter values are possible to
represent the same deviation.

5. Conclusions

Selection of the appropriate quantity and associated statistical test to evaluate the
survival benefit of a new treatment depends on multiple factors including the goal of
trial, the mechanism of action of the experimental treatment, the survival quantity of
clinical interest, and the pattern of the expected treatment effect. Although there are
minor differences in how much misspecified assumptions affect the statistical power of
the different statistical methods used, the overall pattern and impact of the mis-specified
assumptions evaluated in this work seem to affect all methods considered in similar
manner and the impact can be significant. Therefore, regardless of which method is used,
the trial design should be based on as accurate assumptions as possible and potential
impacts of deviations from these assumptions on the trial statistical power should be
carefully considered.
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Appendix A
MaxCombo Test

MaxCombo test is a combination test based on the weighted log-rank test using the
Fleming-Harrington weight family G [2].

Weighted log-rank test using the Fleming-Harrington weight family G*7 has the test
statistics:

[Z?:l wt(0r — et)}2

ZtD:l w%(vt)

X' =

where
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o; = dj;, observed number of events in group 1 at time ¢,

e = nyy (%) , expected number of events in group 1 at time £,

vt = dy nyy (%) (%) , variance of expected number of events in group 1 at time ¢,
t
d; is the total number of events at time ¢,

n; is the total number of events at time ¢, for each event timet =1, ---, D,
wi = {5} {1- Sy, p =0, vz 0.

For example, considering p = 0, 1 and y = 0, 1 as shown in the table below.

(oY) wy Type of Test
0,0) 1 Log-rank

(1,0) {S(t—)} Test early difference
0,1) {1- S(t—)} Test late difference
1,1) {S(t=)}{1—- S(t—)} Test middle difference

MaxCombo test was proposed by the working group with pharmaceutical companies
initiated by the U.S. Food & Drug Administration [6]. The test statistics was proposed to
maximum combination (MaxCombo) using the Fleming-Harrington G* weight family
GP7, p, v > 0 which has the form:

Zmax = maxy{ G0, G0, G0, G111

In this work, we considered the following MaxCombo tests.

e  Two-component MaxCombo test with weights [(0,0) and (0,0.5)], defined as Z; o5 =
max,{ GO0, G005},

e  Three-component MaxCombo test with weights [(0,0), (0,0.5), and (0.5, 0)], defined as
Zg, 05 = maxpﬁ{GOfO, GO’O'5, GO.S,O}_

We choose to use these combinations because these were recommended by the more
recent research [16].
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Simple Summary

When different people assess the same medical image or patient test, it is important that
their results agree to ensure accurate diagnoses and research findings. A common way
to measure this agreement is with a statistic called the intraclass correlation coefficient.
However, traditional methods for testing it rely on strong assumptions about the data,
which often do not hold in real-world settings. This can lead to unreliable conclusions. We
developed a new method that works even when the data is irregular or limited, using a
technique called permutation testing. Through computer simulations and real medical
examples, we show that our method provides more accurate and consistent results than
standard approaches. This helps researchers and healthcare professionals better judge the
quality of measurements, leading to more reliable science and clinical decisions.

Abstract

Background: Inter-rater reliability is critical in oncology to ensure consistent and reliable
measurements across raters and methods, such as when evaluating biomarker levels in
different laboratories or comparing tumor size assessments by radiation oncologists during
therapy planning. This consistency is essential for informed decision-making in both
clinical and research contexts, and the intraclass correlation coefficient (ICC) is a widely
recommended statistic for assessing agreement. This work focuses on hypothesis testing
of the ICC(2,1) with two raters. Methods: We evaluated the performance of a naive
permutation test for testing the hypothesis Hp : ICC = 0 and found that it fails to reliably
control the type I error rate. To address this, we developed a robust permutation test based
on a studentized statistic, which we prove to be asymptotically valid even when paired
variables are uncorrelated but dependent. Results: Simulation studies demonstrate that
the proposed test consistently maintains type I error control, even with small sample sizes,
outperforming the naive approach across various data-generating scenarios. Conclusions:
The proposed studentized permutation test for ICC(2,1) offers a statistically valid and
robust method for assessing inter-rater reliability and demonstrates practical utility when
applied to two real-world oncology datasets.

Keywords: ICC; agreement; permutation test

1. Introduction

The Intraclass Correlation Coefficient (ICC) is an important statistical measure for
assessing the level of agreement or consistency between two or more continuous variables,
frequently used in disciplines such as psychology, medicine, and social sciences [1-6]. It
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is commonly used for evaluating the reliability of measurements across different raters,
instruments, or repeated assessments. By quantifying the proportion of variability in data
attributable to the variables of interest rather than measurement error, ICC offers a means
of evaluating the quality and consistency of data collection methods. Hypothesis testing on
ICC is an important step for the conducting inference on this agreement statistic.

In cancer studies, the role of ICC is particularly critical due to the complex and
often multi-center nature of clinical trials and diagnostic assessments [7-9]. Reliable
and consistent measurement of tumor size, biomarker levels, or imaging interpretations
across different observers or institutions is essential for ensuring valid comparisons and
reproducibility of results [10,11]. High ICC values in such contexts confirm that observed
variations are due to true biological differences rather than inconsistencies in measurement,
thereby strengthening the integrity of research findings and supporting robust clinical
decision-making. Compared to Lin’s concordance correlation coefficient (CCC) [12], another
commonly used measure of agreements which applies to two fixed raters, the ICC can be
generalized to scenarios with randomly selected raters.

The commonly used test for ICC usually relies on normality assumptions, but of-
ten suffers from poorly controlled type I error when the assumption does not hold. A
permutation test is often considered exact for testing zero Pearson and Spearman correla-
tion coefficients, and this is a promising alternative for hypothesis testing of ICC as well.
However, recent work has shown that such tests are not exact for testing zero correlation
coefficients when the data does not follow the bivariate normal distributions, and a studen-
tization of the test statistic can make the test asymptotically exact [13-16]. Further, Hutson
and Yu showed that when the two variables do not follow bivariate normal distributions, a
naive permutation test CCC generally does not control the type I error rate at the desired
level [14]. Therefore, the question is whether a similar issue exits for ICC.

The inferences about ICC have been extensively studied [17-20]. However, the stan-
dard methods, such as the F test, often assume that data follow a bivariate normal distribu-
tion, a condition that is frequently violated in real-world datasets. When data deviate from
this assumption, such as in the presence of skewness, heavy tails, or outliers, traditional
ICC methods can yield inaccurate or misleading results, undermining the reliability of
conclusions drawn from the data. To address these challenges, this paper focuses on the
ICC(2,1) with two raters, which is under two-way random model for assessing absolute
agreements, and introduces a new testing procedure. Our proposed test can better account
for the complexities of non-normal data distributions, allowing for more accurate and
reliable agreement assessments. The goal of this paper is to present this novel test and
illustrate its advantages through simulations and real-world examples. We believe that
our method represents a significant advancement in the assessment of agreement between
continuous variables, offering a more reliable approach for complex, non-normal data.

2. Intraclass Correlation Coefficient and Measurement of Agreement

ICC is a family of reliability indices used to assess the consistency or agreement of
measurements made on units that are organized into groups. Unlike the Pearson correlation
coefficient, which assesses the linear association between two variables, ICC is appropriate
when the same quantity is measured multiple times, such as in repeated measurements,
rater evaluations, or test-retest designs.

ICC models are derived from the analysis of variance (ANOVA) framework and can
differ based on three main dimensions: the type of effects model (one-way vs. two-way;
random vs. mixed), the unit of measurement (single vs. average), and the type of agreement
being assessed (consistency vs. absolute agreement). Among different types of ICC, we
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focus on the two-way random effects model, ICC(2,1) with two raters, where all subjects
are rated by the same set of raters randomly selected from a larger population.

Specifically, two-way random effects model with 7 subjects and k raters, where x;; is
the rating for subject i by rater j:

xl-]-:y—i-si—b—r]-—i-eij

where 4 is the overall mean, s; ~ (0,02), ri ~ (0, 0?), and eij ~ (0, a2).

This model partitions the total variance into components due to subjects, raters, and
residual error. Further, we define MSB as the mean square between subjects, MSR as the
mean square for raters, MSW as the residual mean square, k = 2 is the number of raters,
and 7 is the number of subjects. Thus, we have

E(MSB) = 02 + ko2,
E(MSW) = o2,
E(MSR) = 02 + no?>.
The single-measure, absolute agreement version, ICC(2,1), is given by [21]:

MSB — MSW

ICC(2,1) = , .
MSB + (k — 1)MSW + E(MSR — MSW)

)

3. Permutation Test of Intraclass Correlation Coefficient of Agreement
with Two Raters

The intraclass correlation coefficient ICC(2,1) is typically evaluated under normality
assumptions, which often perform poorly when normality assumptions are violated. In
such cases, permutation tests are considered a robust alternative. However, Romano
and DiCiccio have demonstrated that a naive permutation test for Pearson’s correlation
coefficient fails to adequately control the type I error rate under non-normality due to
violations of the exchangeability assumption. This issue can be addressed by using a
permutation test based on a studentized statistic. Similar problems have been observed in
other measures of agreement and correlation, including CCC [14], Spearman’s correlation
coefficient [22], and correlations for ordinal variables [15], where tests based on statistics
studentized by the large sample variance can effectively control the type I error rate.
Similarly, the large sample variance of ICC(2,1) was given as:

. a1 n.
Vo) =205 -0+ g @
where i1 = % [17]. However, this variance estimator tends to be unstable un-

der p = 0. Studentization by this estimator does not provide a robust test (shown in
Appendix B). To address this, we approximate the large sample variance of ICC(2,1) using
the variance of Pearson’s correlation coefficient. This approximation is motivated by the
observation that when the between rater variation is low and the two raters have similar
variance in their ratings. As demonstrated in Appendix A, under these conditions the
between-subject and residual variances align with the covariance and variance compo-
nents of Pearson’s correlation coefficient, making its variance a reasonable surrogate for
studentizing ICC. Therefore, we used the large sample variance of Pearson’s correlation for
studentization. The detailed procedure for the one-sided test is listed below.

e For n pairs of i.i.d. observations (x11,x12), (x21,%22), ..., (X1, X,2), estimate the
ICC(2,1) as p.
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Estimate the approximated variance by

A

£2 H22

n— A A~ 7
H20H02

. 1 & i i
fipg = — 3 (xin — 21)P (xi — %),
i=1
Calculate the studentized statistic R = p/T,.
Randomly shuffle (x12, X2, . .. x,2) for B times. For each permutation, calculate the
permuted studentized statistic RF ke (1,...,B).

Calculate the p-value by

p= %2}3:11(12" > R).

Reject Hy if p < a.

4. Simulations

We examined Type I error control for the tests introduced above using distributions

commonly found in the literature for these examinations in a wide range of settings in

DiCiccio (2107) [13]. For our simulation study, we focused on testing Hy : p = 0 versus

Hy

: p > 0, with sample sizes n = 10,25, 50, 100,200. Each simulation used Monte Carlo

replications 10,000 and the number of permutations used is 1000. We compared the F

test, Fisher’s Z-transformation (Fisher’s Z test), naive permutation test (Permute), and

studentized permutation test (Stu Permute). The Type I error control for « = 0.05 was

examined. The specific scenarios are examined as shown below.

1.
2.

AN

10.

Multivariate normal (MVN) with mean zero and identity covariance.

Exponential given as (X,Y) = rSTu where S = diag(v/2,1), r ~ exp(1), and u are
uniformly distributed on the two-dimensional unit circle.

Circular given as the uniform distribution on a two-dimensional unit circle.

ty1 where X =W+ Zand Y = W — Z, where W and Z are i.i.d. t51 random variables.
Multivariate t-distribution (MVT) with 5 degrees of freedom.

Mixture of two bivariate normal distributions. Given as (X,Y) = WZ; + (1 - W)Z,

where W ~ Bernoulli(0.5), Z; ~ N( <0> (1 p) ), Z ~ N( O), ( ! _p> ). We
0 p 1 0 -0 1

use a range of p values: 0.1, 0.3, 0.6 and 0.9 to simulate different degrees of dependency

between X and Y (MVNX_1, MVNX_3, MVNX_6, MVNX_9).

Absolute normal distribution (ABNORM). Y = ZX, where Z follows standard normal

distribution and X follows a folded standard normal distribution, thus Y has a non-

constant variance.

Binomial normal distribution (BINORM). X = W + ¢, where W ~ Bernoulli(0.1),

€ ~ N(0,0.05%), and Y is defined to follow a normal distribution with mean 0 and a

standard deviation dependent on X + 1.

Squared normal distribution (SQNORM). X ~ N(0,1), and Y is a quadratic function

of X and a standard normal error.

Uniform distribution (UNIF). X = W+ Z and Y = W — Z, where W and Z are

independent variables following Uniform(—1,1). This represents a scenario of depen-

dency due to contrained support

The results in Table 1 show that all tests control type I errors well under bivariate

normal distributions. However, the F test, Fisher’s Z test, and naive permutation tests

tend to be overly conservative for the circular distribution. Meanwhile, they tend to have
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inflated type I error rates for all other distributions. While for t41, the type I error is
consistently inflated. Note that for these tests, this deviation cannot be corrected as the
sample size increases. Instead, they may converge to an arbitrary level, either lower or
higher than a.

Fisher’s Z test for the ICC exhibits extremely conservative Type I error rates under non-
normal distributions because its variance approximation and normality assumption rely on
the data following a bivariate normal distribution in a random effects model. Non-normal
data distort the sampling distribution of the ICC, altering the variance and shape of the
Z-transformed statistic, which leads to underestimated or inflated standard errors, resulting
in poor Type I error rates control. On the other hand, the proposed test consistently controls
the type I error rate at desired level across the sample sizes and underlying distributions.
Additionally, although the approximation in Appendix A relies on weak rater effects and
similar variance between two raters, the test remains valid when these two conditions are
not satisfied, such as in ABNORM, BINORM, and SQNORM scenarios.

In addition, we evaluated the power of all test methods under bivariate normal distri-
butions to test Hy : p = 0 versus Hj : p > 0. The simulation of power was only conducted
in bivariate normal distributions because the other tests failed to control type I error in
other scenarios; thus, the comparison would not be meaningful. As shown in Table 2, the
proposed test performs similarly to the F test and the unstudentized permutation test, with
only small differences in power (less than 2%). A slightly larger difference occurs when
the sample size is very small (n = 10) and the true correlation is strong (0 = 0.6), but
this difference quickly disappears as the sample size increases. The proposed studentized
permutation test yielded a higher power across all scenarios than Fisher’s Z test. These
results suggest that the proposed test maintains good power while offering better control
of type I error in other settings.

Table 1. Type I error rates across distributions and sample sizes.

Distribution n F-Test Fisher’'s Z Test Permute Stu Permute
MVN 10 0.048 0.036 0.050 0.052
25 0.051 0.046 0.051 0.051
50 0.053 0.050 0.052 0.051
100 0.050 0.049 0.050 0.049
200 0.052 0.052 0.053 0.054
Exp 10 0.107 0.090 0.114 0.054
25 0.131 0.124 0.148 0.052
50 0.145 0.141 0.163 0.054
100 0.145 0.143 0.160 0.048
200 0.148 0.147 0.164 0.048
Circular 10 0.012 0.007 0.018 0.054
25 0.011 0.008 0.011 0.046
50 0.012 0.010 0.011 0.047
100 0.011 0.010 0.011 0.047
200 0.012 0.012 0.012 0.050
g1 10 0.118 0.096 0.103 0.047
25 0.146 0.137 0.139 0.041
50 0.162 0.158 0.162 0.040
100 0.184 0.183 0.184 0.044
200 0.202 0.200 0.199 0.045
MVT 10 0.072 0.057 0.073 0.046
25 0.096 0.089 0.096 0.046
50 0.113 0.109 0.113 0.050
100 0.113 0.111 0.114 0.047
200 0.133 0.132 0.132 0.048
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Table 1. Cont.

Distribution n F-Test Fisher’s Z Test Permute Stu Permute
MVNX_1 10 0.048 0.034 0.051 0.052
25 0.050 0.045 0.052 0.049
50 0.051 0.047 0.050 0.048
100 0.052 0.050 0.052 0.052
200 0.053 0.051 0.053 0.049
MVNX_3 10 0.060 0.043 0.048 0.050
25 0.064 0.057 0.063 0.052
50 0.066 0.064 0.066 0.052
100 0.065 0.063 0.052 0.049
200 0.062 0.062 0.053 0.048
MVNX_6 10 0.094 0.075 0.081 0.049
25 0.104 0.097 0.101 0.049
50 0.101 0.098 0.102 0.052
100 0.105 0.103 0.103 0.051
200 0.108 0.107 0.107 0.052
MVNX_9 10 0.161 0.139 0.139 0.053
25 0.159 0.145 0.138 0.050
50 0.158 0.154 0.153 0.050
100 0.155 0.154 0.152 0.048
200 0.161 0.160 0.159 0.050
MVN4_5 10 0.057 0.042 0.049 0.049
25 0.050 0.046 0.049 0.048
50 0.052 0.048 0.050 0.050
100 0.050 0.048 0.048 0.049
200 0.052 0.051 0.050 0.051
SONORM 10 0.092 0.053 0.135 0.065
25 0.124 0.098 0.175 0.060
50 0.131 0.102 0.182 0.056
100 0.134 0.107 0.186 0.054
200 0.141 0.111 0.197 0.050
ABSNORM 10 0.081 0.058 0.107 0.077
25 0.081 0.063 0.137 0.062
50 0.085 0.069 0.158 0.066
100 0.080 0.067 0.160 0.059
200 0.080 0.069 0.169 0.063
BINORM 10 0.016 0.003 0.093 0.063
25 0.014 0.010 0.151 0.074
50 0.017 0.016 0.162 0.070
100 0.020 0.019 0.167 0.068
200 0.023 0.022 0.158 0.051
UNIF 10 0.009 0.004 0.090 0.050
25 0.008 0.005 0.093 0.046
50 0.007 0.007 0.096 0.045
100 0.006 0.005 0.056 0.046
200 0.005 0.005 0.066 0.044

Table 2. Power of testing Hy : p = 0 versus Hj : p > 0 under bivariate normal distribution.

p N F Test Fisher’s Z Test Permute Stu Permute
0.2 10 0.131 0.103 0.127 0.121
25 0.268 0.237 0.257 0.250
50 0.375 0.399 0.373 0.360
100 0.651 0.636 0.655 0.637
200 0.884 0.880 0.883 0.877
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Table 2. Cont.

p N F Test Fisher’s Z Test Permute Stu Permute

0.4 10 0.342 0.271 0.327 0.256
25 0.654 0.643 0.651 0.601
50 0.915 0.894 0.911 0.897
100 0.993 0.994 0.994 0.991
200 >0.999 >0.999 >0.999 >0.999

0.6 10 0.655 0.561 0.626 0.454
25 0.953 0.959 0.946 0.922
50 0.997 0.999 0.999 0.997
100 >0.999 >0.999 >0.999 >0.999
200 >0.999 >0.999 >0.999 >0.999

5. Real World Examples
5.1. Inter-Rater Agreement in CT Radiomics

To demonstrate the practical utility of the proposed studentized permutation
test, we first applied it to a computed tomography (CT) radiomics dataset evaluat-
ing inter-rater agreement in 19 quantitative imaging features of renal tumors from
106 patients [23]. Two radiologists independently extracted variables including tumor size
(volume, long/short axis), attenuation, and various texture features such as entropy, skew-
ness, kurtosis, and uniformity.

We assessed whether the inter-rater ICC for each feature was significantly greater than
zero using four methods: the F test, Fisher’s Z-transformation test, a naive non-studentized
permutation test, and our studentized permutation test. For features with high inter-rater
agreement, such as tumor volume, attenuation, and entropy, all methods consistently
yielded significant results (p < 0.05), indicating clear agreement between raters. However,
differences among the methods became apparent for features with moderate or borderline
ICCs. One illustrative example is the tumor UPP feature, where the F test, Fisher’s Z test,
and naive permutation test produced non-significant p-values of 0.175, 0.175, and 0.070,
respectively (Table 3). In contrast, the studentized permutation test returned a significant
p-value of 0.024, suggesting inter-rater agreement that the other methods failed to detect
(Table 3). Another example is the kidney entropy feature, which yielded p-values of 0.458,
0.458, and 0.252 for the F, Z, and naive permutation tests, respectively, showing that none
of them were statistically significant (Table 3). However, the studentized permutation
test produced a strongly significant p-value (<0.001), identifying agreement that would
otherwise be overlooked (Table 3).

To better understand these discrepancies, we evaluated the distributional assumptions
underlying the traditional tests. Specifically, we applied the Shapiro-Wilk test for marginal
normality and the Henze—Zirkler test for bivariate normality across all variables that have
different test results. The results showed that most features significantly violated normality
assumptions, with p-values < 0.05 in both tests. An exception was the kidney skewness
variable, which did not show a violation in the Henze-Zirkler test (p = 0.367). Given these
violations, our proposed studentized permutation test is recommended for more reliable
inference in such setting because it offers better control of type I error under non-normal
and small sample conditions, as supported by the simulation results.
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Table 3. p-values from four inter-rater agreement tests for imaging features. The p-values that result
in inconsistent conclusions are shown in bold.

Variable FTest Fish’sZ Test Permute StuPermute
Tumor volume <0.001 <0.001 <0.001 0.012
Tumor longaxis <0.001 <0.001 <0.001 <0.001
Tumor shortaxis <0.001 <0.001 <0.001 <0.001
Tumor attenuation <0.001 <0.001 <0.001 <0.001
Tumor attenuation SD <0.001 <0.001 <0.001 <0.001
Tumor skewness <0.001 <0.001 <0.001 <0.001
Tumor kurtosis <0.001 <0.001 <0.001 <0.001
Tumor entropy <0.001 <0.001 <0.001 <0.001
Tumor uniformity <0.001 <0.001 <0.001 0.004
Tumor MPP <0.001 <0.001 <0.001 <0.001
Tumor UPP 0.175 0.175 0.070 0.024
Kidney attenuation <0.001 <0.001 <0.001 <0.001
Kidney attenuation SD <0.001 <0.001 <0.001 <0.001
Kidney skewness 0.036 0.037 0.046 0.066
Kidney kurtosis 0.365 0.364 0.316 0.350
Kidney entropy 0.458 0.458 0.252 <0.001
Kidney uniformity 0.309 0.313 0.048 0.006
Kidney MPP <0.001 <0.001 <0.001 <0.001
Kidney UPP 0.061 0.064 0.042 <0.001

5.2. Inter-Rater Reliability for iTUG Test

The use of ICC extends beyond oncology to a wide range of other fields. We further
applied our method to data from a clinical study evaluating inter-rater agreement for the
instrumented Timed Up and Go (iTUG) test in patients with Parkinson’s disease [24]. The
iTUG test captures various movement parameters using wearable sensors, including total
iTUG and TUG durations, sit-to-stand (SitSt) and stand-to-sit (StSit) transitions, and their
respective flexion and extension phases. Each patient underwent multiple trials on two
separate days, assessed independently by two raters. A total of 16 iTUG-derived features
were analyzed for inter-rater ICC significance using the same four testing methods.

As shown in Table 4, the results again demonstrate consistent performance for features
with high reliability. For example, total TUG duration and StSit durations on both days
yielded p-values < 0.001 across all four methods, confirming strong inter-rater agreement.
However, greater variation among the methods emerged for features with lower ICCs. On
Day 1, the iTUG duration yielded non-significant p-values using the F test (p = 0.156),
Fisher’s Z test (p = 0.160), and the naive permutation test (p = 0.080) while it identified
a statistically significant result using the studentized permutation test (p = 0.002), which
suggesting that it is more sensitive to moderate agreement even in borderline cases. In
addition, for the SitSt extension duration, the F test (p = 0.038), Fisher Z test (p = 0.045),
and naive permutation test (p = 0.026) indicated significance, whereas the studentized
permutation test (p = 0.096) did not.

A similar pattern was observed on Day 2 for the SitSt and extension durations. While
the F test, Fisher’s Z test, and naive permutation test all returned p-values below 0.05,
the studentized permutation test yielded more conservative p-values of 0.056 and 0.096,
respectively. These examples suggest that our method provides better control of type I
error, avoiding potentially misleading significance when evidence for agreement is weak.

This interpretation is supported by the original study’s [24] reported ICC values:
the inter-rater ICC for iTUG duration on Day 1 was 0.95 (excellent reliability), while the
ICCs for SitSt extension duration on Day 1 and Day 2 were 0.56 and 0.57, respectively
(moderate reliability). Moreover, results from normality assessments (using Shapiro-Wilk
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and Henze—Zirkler tests) indicated that most variables deviated from both marginal and
bivariate normality, reinforcing the need for methods that do not rely on these assumptions.

Taken together, the iTUG study further confirms the advantages of the studentized
permutation test in applied settings. It consistently identifies meaningful inter-rater agree-
ment while mitigating the risks of both inflated and deflated type I error that can arise from
the limitations of traditional approaches.

These two real-world examples from CT radiomics and clinical mobility assessment
collectively demonstrate the broad applicability and reliability of the studentized permuta-
tion test. Its robustness under non-normality, increased sensitivity in borderline cases, and
interpretability in small-sample scenarios make it a valuable tool for modern biomedical
data analysis, particularly where standard assumptions may not hold.

Table 4. Results of testing Hy : p = 0 versus Hj : p > 0 for iTUG durations. The p-values that result
in inconsistent conclusions are shown in bold.

Day Durations FTest  Fisher’sZTest Permute  StuPermute

1 iTUG 0.156 0.160 0.080 0.002
TUG <0.001 <0.001 <0.001 <0.001
SitSt 0.002 0.004 0.004 0.002
SitSt Flex <0.001 <0.001 <0.001 0.034
SitSt Ext 0.038 0.045 0.026 0.096
StSit <0.001 <0.001 <0.001 0.002
StSit Flex <0.001 <0.001 <0.001 0.002
StSit Ext <0.001 <0.001 <0.001 0.002

2 iTUG <0.001 <0.001 <0.001 <0.001
TUG <0.001 <0.001 <0.001 <0.001
SitSt 0.004 0.003 0.004 0.056
SitSt Flex 0.284 0.289 0.252 0.228
SitSt Ext 0.001 0.001 0.004 0.096
StSit <0.001 <0.001 <0.001 <0.001
StSit Flex <0.001 <0.001 <0.001 <0.001
StSit Ext <0.001 <0.001 <0.001 0.008

6. Discussion

In this study, we propose a robust concordance correlation permutation test for as-
sessing the null hypothesis of zero ICC(2,1), Hp : p = 0. Traditional methods for testing
ICC(2,1) rely on normality assumptions, which, as demonstrated in our simulation studies,
often result in poorly controlled Type I error rates when these assumptions are violated.
While permutation tests offer a nonparametric alternative, previous studies [13-15,22] have
shown that naive permutation approaches applied to correlation coefficients and the CCC
fail to control the Type I error under non-normal conditions, particularly in cases where
variables are dependent but uncorrelated.

We show that a similar issue arises when applying naive permutation tests to ICC(2,1).
To address this, we develop a permutation test based on a properly studentized test statistic,
which maintains accurate Type I error control even with small sample sizes (as few as 10)
and under violations of normality. While this study focuses on ICC(2,1) for two raters
under a two-way random effects model, the extension to multiple raters is a promising
direction for future work. Conceptually, the same studentized permutation framework
could be adapted by modifying the test statistic to accommodate the average of multiple
ratings per subject. However, the derivation of a suitable variance approximation and
the maintenance of exchangeability under permutation become more complex in higher-
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dimensional settings. Future research is needed to assess the theoretical properties and
computational performance of such an extension.

7. Conclusions

In conclusion, we developed a robust studentized permutation test for ICC(2,1) that
addresses the limitations of traditional parametric and naive permutation methods under
non-normal conditions. Through simulations and applied studies, the test demonstrated
consistent Type I error control, making it a reliable tool for agreement assessment, especially
in biomedical research.
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Appendix A. Approximation of ICC(2,1) to Pearson Correlation for
Two Raters

Here we show that the intraclass correlation coefficient, ICC(2,1), approximates
the Pearson correlation coefficient » for two raters (k = 2) in a two-way random ef-
fects model when rater effects are negligible (c? ~ 0). Specifically, we show that
MSB — MSW is proportional to } /' ; (xj1 — %1)(xj2 — %2), and MSB + MSW approximates
VI (i1 — B2 D (i — %2)2.

Consider a two-way random effects model with 7 subjects and k = 2 raters, where x;;

is the rating for subject i by rater j:
Xjj = }4+Sl’+1’]’+€l‘]’

where y is the overall mean, s; ~ (0,07), ri~ (0, 0?), and eij ~ (0, 02). For ICC(2,1) with
two raters:

MSB — MSW
ICC(2,1) =
cc@1) MSB + MSW + 2(MSR — MSW) /n

where MSB, MSW, and MSR are the mean squares for subjects, error, and raters, respectively.
When ¢ ~ 0, MSR ~ MSW, so

MSB — MSW
ICC2 Y~ Fsp T vsw

The Pearson correlation is:
Y (xin — %) (xpp — %)

r =
\/Z?:l(xil —%1)2 0 (xp — %)
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Firstly, we show the numerator MSB - MSW is proportional to )" ; (xj1 — 1) (Xj2 — X2).

Define:
_ X1+ X _ 1 & X1+ %
TP B

i=

Assuming negligible rater effects (¥; ~ X):

PPy (xi1 — %1) + (xip — %2)
- T
2

(5= 9 & [ — 2% + 205 — 21) (2 — 52) + (32— ©2)7]

2 LC _ _ 1 n ~ n B B n )
MSB=——Y (% — %)~ c—— | Y (xa —#1)?+2) (xq1 — %1)(xp — %) + Y (xp — %)?
-1z 2(n—1) | i—1 i—1
Xi1 — Jz1 - Xi1 > sz, Xi2 )ZI = —w
ssw — ¥ | (=), (3= xe)| ¢ (n —xa)?

L 2 2 L 2
i=1 i=1
SSW n
MSW =
n— 1 Vl — 1 1:1 xll x12

(xin — xp)? & (x — 1 — (xp — %2))% = (x5 — ¥1)? — 2(xp1 — %1) (¥ — %2) + (12 — %2)?

Msw Z(nl— 1) lil[(le —%1)° = 2(xi1 — %) (¥ — X2) + (xi2 — x2)2}
MSB — MSW ~ % [i(xﬂ — %)% 42 f(xﬂ —x1)(xp — %2) + f(xiz _ ,zz)z}
2(n—1) = = =
_2(711— 1) Li(le X1) - ziil(xil - xl)(xiZ - xz) + inzl(xzz — x2) ‘|
= 2(,11_1) 'Zié(xil —x1)(xip — X2) + 2(111—1) 'ZZé(xﬂ —%1)(xpp — %2)
) )(xip — %2).

:l

Next we derive the approximation of MSB + MSW

1 n
MSB + MSW ~ ) ST+2Y (xn — %) (xp — %) + S5 |+
i=1
1
Z(T 22 xn —%1)(xp — %) + S5
where S% =Y (xn— %1)?, S% =Y (xp— %)
Combine:

() () s

1
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1
= — (51 +5))

Therefore,
1
MSB + MSW = m(s% +83)

When S? ~ S3, the arithmetic mean approximates the geometric mean:

S+ 83~ 2,/$253

1 2 n ~ n ~
MSB + MSW ~ —— +2,/8253 = 71—1\/1._21("“ —x1)? Z{(xlg —%)?

i=
Therefore, we have:
MSB — MSW
ICC2 Y ~ Usgrvsw ~7

Thus, the variance can be approximated by:

Var(ICC(2,1)) ~ % . ﬁ

where pi2; = E[(X1 — pix))* (X2 — pixy)?], phoo = 0%, pioz = 0%,
Appendix B. Comparison of Large Sample Variance Estimator and
Variance Estimator Based on Pearson Correlation When p = 0

To better demonstrate the instability of the classic large sample variance [17] when
o = 0. We conducted a small numerical simulation to compare the sampling distribution of
the classic ICC variance estimator (var,,ssi.) and the estimator based on the Pearson corre-
lation (varpearson) (Appendix A). In this simulation, we focus on the data from multivariate
normal distributions with mean zero and identity covariance where the sample size n = 50.
And this simulation used Monte Carlo replication 10,000.

Figures Al and A2 display the sampling distributions of two variance estimators for
ICC(2,1) under the null hypothesis. The classic variance estimator (Figure A1) is highly
skewed and concentrated near zero, indicating poor stability and potential underestimation
of variance. In contrast, the Pearson correlation-based estimator (Figure A2) is more
symmetric and centered away from zero, suggesting greater consistency and suitability
for studentization. Figure A3 displays the sampling distributions of the studentized ICC
under p = 0 using two different variance estimators. The distribution based on the Pearson
variance estimator is symmetric and centered around zero, indicating valid standardization
under the null. In contrast, the classic variance-based statistic shows a bimodal distribution
shifted away from zero, suggesting poor calibration and potential distortion of type I error
rates. These results support the use of the Pearson-based variance estimator in the proposed
studentized permutation test.
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Histogram of Classic Variance Estimator of ICC(2,1)
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Figure A1. Histogram of Large Sample Variance Estimator of ICC(2,1).

Histogram of Pearson Correlation Variance Estimator of ICC(2,1)
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Figure A2. Histogram of Pearson Correlation based Variance Estimator of ICC(2,1).

Sampling Distribution of Studentized ICC(p =0)
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Figure A3. Sampling Distribution of Studentized ICC p = 0.
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