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Abstract

Background: Selecting informative training samples is a fundamental yet challenging
problem in predictive modeling, particularly in heterogeneous clinical data. Although
supervised learning is typically formulated as an optimization problem over model parame-
ters, the composition of the training set substantially influences generalization performance.
In this study, we propose a multi-criteria score-based sample selection framework for a
machine learning setting. Method: Four sample-level scores were defined to quantify
predictive uncertainty, representativeness, non-redundancy, and reliability. These scores
were normalized and combined using three integration schemes: additive weighting,
reliability-gated weighting, and rank-based aggregation. For each chief complaint category,
a baseline model was trained either on the full training set, on score-selected subsets and
on random size-matched subsets. Performance was assessed using the area under the
receiver operating characteristic curve (AUROC), the area under the precision–recall curve,
sensitivity, and specificity, with classification thresholds determined by the Youden index.
Results: Across experiments, integrated score-based subset selection outperformed both
full-data training and random subsampling in terms of mean AUROC, while often showing
lower variability across chief complaints. Conclusions: The results suggest that sample
utility in clinical tabular data is intrinsically multi-dimensional and that explicitly modeling
this structure can improve predictive discrimination.
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1. Introduction
In standard supervised learning, one usually fits a predictor on the full empirical

dataset, implicitly assuming that more observations necessarily lead to better general-
ization [1,2]. This assumption is not mathematically guaranteed when the data contain
redundancy, local duplication, or weakly informative observations [3,4]. Accordingly,
predictive learning may be viewed not only as parameter estimation, but also as sample
selection over the empirical distribution.

Recent work in data-centric AI has emphasized that predictive performance depends
not only on model choice, but also on the composition and informational quality of the
training data [5,6]. In parallel, subset selection, coreset construction, and data pruning stud-
ies have shown that carefully selected subsets can preserve or even improve generalization
relative to indiscriminate use of the full dataset [7,8]. Related ideas have also been explored
in active learning, although that setting primarily concerns label acquisition rather than
structured subset construction from an already labeled dataset.

This perspective is consistent with previous mathematical studies. Active learning
studies when selectively chosen samples improve learning efficiency over indiscriminate
sampling [9,10]. Core-set methods show that a geometrically chosen subset can remain
competitive with the full dataset [11]. Submodular subset selection formulates training-set
design as a set-function optimization problem with controlled loss relative to full-data
training [12]. Redundancy-aware learning further shows that suppressing information can
improve sample utility beyond relevance-only selection.

However, most existing approaches optimize only one notion of sample utility at a time.
Uncertainty-based methods prioritize unstable samples, geometric methods emphasize
coverage, and redundancy-aware methods emphasize dispersion. Some hybrid methods
combine uncertainty, representativeness, and diversity, but these have been developed
primarily for active learning or sample acquisition, where the goal is to decide which
instances should receive labels next, rather than to explicitly construct an informative
subset from an already labeled heterogeneous dataset [13,14]. Thus, a gap remains between
multi-criteria notions of subset utility and practical row-selection frameworks for fixed
labeled data.

Formally, let
D = {(xi, yi)}

n
i=1 xi ∈ Rp,yi ∈ {0, 1}

and consider a selection operator

S : D → S ⊂ D

where each observation receives a utility score si, the observations are ranked by si, and
the predictor is trained only on the top-ranked fraction. The question is whether one
can construct si so that training on S outperforms both full-data training and random
size-matched subsampling.

In this study, we propose an integrated multi-criteria sample-selection framework
for category-stratified emergency prediction. For each training observation, we define
four normalized sample-utility scores representing predictive uncertainty, local represen-
tativeness, non-redundancy, and reliability. These scores are combined through additive,
reliability-gated, and rank-based aggregation schemes to generate prioritized training
subsets from already labeled clinical data. The key contribution of this framework is that it
formulates sample selection as a multi-criterion training-set construction problem, rather
than as a single-criterion filtering procedure. We then evaluate whether the resulting struc-
tured subsets improve prediction performance relative to full-data training and random
size-matched subsampling across chief complaint categories.
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The remainder of this paper is structured as follows. Section 2 describes the study de-
sign, data construction, sample-selection framework, and evaluation strategy. Section 3 re-
ports the main predictive performance results and robustness analyses. Section 4 discusses
the implications and limitations of the findings, and Section 5 presents the conclusion.

2. Materials and Methods
2.1. Study Design and Analytical Overview

We conducted a prediction study using emergency department records stratified
by chief complaint category. For each category, a binary prediction task was defined
using structured triage variables and demographic features. Within each train–test split,
we computed observation-level scores that characterize uncertainty, representativeness,
redundancy, and reliability. Based on these scores, we generated reduced training subsets
and compared their predictive performance against full-data training and random size-
matched subsampling. The overall workflow is summarized in Figure 1 as follows:

Figure 1. Schematic overview of the proposed multi-criteria row-selection framework. Each training
sample is evaluated in the input feature space using four component scores: uncertainty, cluster
representativeness, non-redundancy, and reliability. These normalized scores are then combined
through an aggregation function to produce an integrated priority score, which is used to construct a
prioritized training subset.

The primary evaluation metric was the area under the receiver operating characteristic
curve (AUROC). Secondary metrics included the area under the precision–recall curve
(AUPRC), sensitivity, and specificity, where the classification threshold was selected by the
Youden index on the training set.

2.2. Data Construction and Outcome Definition

Emergency department data provide a natural testbed for this problem because they
are large and structurally heterogeneous [15,16]. The MIMIC-IV-ED benchmark, derived
from MIMIC-IV, is a publicly available dataset of ED visits that includes patient demo-
graphics, triage information, vital signs, laboratory measurements, and clinical outcomes
recorded during ED stays. It defines standardized prediction tasks, enabling consistent
and reproducible evaluation of predictive models in emergency care settings. The dataset
also captures the temporal progression of patient states, allowing models to leverage
time-dependent clinical information.

Let xi =
(
xi1, . . . , xip

)⊤ denote the predictor vector for patient i. The predictors
consisted of age, sex, systolic blood pressure, diastolic blood pressure, heart rate, res-
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piratory rate, body temperature, and oxygen saturation measured at the emergency
department triage.

For each patient encounter, we defined a binary outcome

yi =

{
1 indicates death with in τ days
0 Otherwise

where τ = 30 in the primary analysis. Thus, the prediction problem is a binary classification
task over the dataset Dc =

{
(xi, yi)}

nc
i=1 , for each chief complaint category c.

To reduce obvious data corruption, we removed observations with missing predictor
values and applied broad physiological bounds.

Each original chief complaint was searched for the presence of predefined complaint-
related strings, and binary indicators were assigned accordingly [17]. Individual complaint
indicators were then further aggregated into 10 broader organ system- or syndrome-
oriented categories to facilitate analysis and improve interpretability. The final 10 grouped
chief complaint categories were as follows: Cardiovascular, Respiratory, Neurologic, Gas-
trointestinal, Genitourinary & Obstetric/Gynecology, Musculoskeletal, Trauma, Infectious
& Dermatological, Psychiatric, and Metabolic. Each grouped category was defined as
the logical union of one or more binary complaint indicators derived from the keyword
dictionary. Full details of the complaint dictionary and keyword-to-category mapping are
provided in github [17].

2.3. Train–Test Splitting

For each chief complaint category c, the cleaned dataset Dc was first partitioned into a
training set Dtrain

c and a held-out test set Dtest
c using stratified random sampling with an

80:20 ratio. Within each split, Dtrain
c was further divided into an inner training set and a

validation set. Sample-level selection scores were computed exclusively from the inner
training set, and candidate subset-selection configurations were selected using validation
AUROC, with AUPRC used as a secondary criterion. The final classifier was then refitted
using the selected configuration and evaluated only once on Dtest

c , which was reserved
solely for out-of-sample evaluation. All experiments were repeated over 10 independent
stratified splits generated with different random seeds.

SMOTE was applied only to the training data to mitigate class imbalance. For each
sampling ratio condition of 0.3, 0.5, and 0.7, the minority class was oversampled to achieve
a minority-to-majority ratio of 0.3. The test set was left unchanged to prevent information
leakage and preserve the original outcome prevalence for evaluation.

2.4. Baseline Prediction Model

As the base learner, we used logistic regression. For a training subset S the model is

Pr(Yi = 1|xi) = πi =
1

1 + exp
(
−
(

β0 + x⊤i β
)) (1)

The parameter vector (β0, β) was estimated by maximum likelihood on S. Predicted
probabilities on the test set were then used to compute AUROC and AUPRC.

For threshold-based metrics, let π̂train
i denote the fitted probabilities on the training

subset. The threshold t⋆ was selected by maximizing the Youden index:

t⋆ = argmax
t

{Sensitivity(t) + Specificity(t)− 1}.

This threshold was then applied to the test predictions to compute sensitivity
and specificity.
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2.5. Sample-Level Scoring Framework

For each observation i in the training set, we defined four sample-wise scores. These
were designed to quantify complementary aspects of the utility of observation i for down-
stream predictive modeling.

2.5.1. Uncertainty Score

To measure predictive instability, we generated B bootstrap resamples of the training
set. For each bootstrap iteration b ∈ {1, . . . , B}, a logistic model was fitted and applied back
to all original training observations, yielding a predicted probability π̂

(b)
i . The uncertainty

score was defined as the standard deviation of bootstrap predictions [18]:

Ui =

√√√√ 1
B − 1

B

∑
b=1

(
π̂
(b)
i − πi

)2
, πi =

1
B

B

∑
b=1

π̂
(b)
i . (2)

A larger Ui indicates that the predicted probability for observation i is more unstable
under resampling-based perturbation of the training set.

We also computed an entropy-based uncertainty quantity

Hi = −πilog(πi + ε)− (1 − πi)log(1 − πi + ε) (3)

2.5.2. Cluster Representativeness Score

Let zi denote the standardized predictor vector for observation i. We applied k-means
clustering of the standardized training data, obtaining cluster centers {µ1, . . . , µk}. If
observation i belongs to cluster c(i), its Euclidean distance to the assigned cluster center is

dclust
i = |zi − µc(i)|2 (4)

The cluster representativeness score was defined as Ci =
1

1+dclust
i

.

Thus, observations closer to the center of their local cluster receive larger scores and
are considered more representative of their surrounding data structure [13].

2.5.3. Non-Redundancy Score

To reduce local redundancy, we computed the nearest-neighbor distance in the stan-
dardized predictor space. Let dNN

i denote the Euclidean distance from zi to its nearest
non-identical neighbor [4]. The non-redundancy score was defined as Di = dNN

i .
A larger Di implies that the observation lies farther from its nearest local neighbor and

therefore contributes less redundant information.

2.5.4. Reliability Score

Reliability was designed to combine physiological plausibility and multivariate cen-
trality. For each predictor, we defined an indicator of physiologically plausible range:

Iij =

{
1, if predictorjlies ∈ a clinically plausible range
0, Otherwise

Physiological plausibility was assessed using predefined clinically acceptable ranges
for each vital sign and demographic variable. Specifically, age was considered plausible if it
ranged from 18 to 120 years, systolic blood pressure (SBP) from 40 to 300 mmHg, diastolic
blood pressure (DBP) from 20 to 200 mmHg, heart rate (HR) from 20 to 250 beats/min,
respiratory rate (RR) from 5 to 80 breaths/min, body temperature (BT) from 30 to 43 ◦C, and
oxygen saturation (SpO2) from 50 to 100%. These bounds were intentionally permissive,
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allowing the reliability score to further distinguish plausible from implausible observations
within the retained sample.

The plausibility count for observation i was then Pi = ∑m
j=1 Iij, where m is the number

of plausibility-checked variables. To quantify multivariate centrality, we computed the
Mahalanobis distance Mi = (xi − x)⊤Σ−1(xi − x), where x and Σ are the sample mean
vector and covariance matrix of the numerical predictors in the training set. Since a smaller
Mahalanobis distance indicates greater centrality, we transformed it into a normalized
centrality score:

∼
Mi =

max
j

Mj − Mi

max
j

Mj − min
j

Mj + ε
(5)

The final reliability score was defined as

Qi =
1
2
· Pi

m
+

1
2

∼
Mi (6)

Hence, Qi is large when the observation is both physiologically plausible and centrally
located in the multivariate predictor distribution.

2.6. Score Normalization and Subset Selection

Because the four scores are defined on different scales, each score was normalized to
the unit interval [3]:

∼
Ui =

Ui − min
j

Uj

max
j

Uj − min
j

Uj + ε
(7)

ε is a fixed small constant added to the denominator to prevent division by zero when

the empirical range of the score is zero or extremely small. Similarly for
∼
Ci,

∼
Di, and

∼
Qi.

Given a scalar selection score Si, the selected subset was defined as the top ρ fraction of
the ranked training observations: Sρ =

{
i ∈ Dtrain

c : Si ≥ q1−ρ(S)
}

, where q1−ρ(S) is the
(1 − ρ)-quantile of the score distribution. We first considered four single-score subsets using

Si ∈
{∼

Ui,
∼
Ci,

∼
Di,

∼
Qi

}
. The selected subset consisted of the 30% of training observations

ranked by the relevant selection score. For sensitivity analysis, additional experiments were
conducted using sampling ratios of 0.3, 0.5, and 0.7. Subset construction was based on a
rank-based quantile threshold rather than an absolute score cutoff, ensuring a comparable
retention ratio across methods and complaint categories.

2.7. Integrated Scoring Schemes

To combine the four normalized scores into a unified selection criterion, we considered
three integration schemes.

2.7.1. Additive Weighted Score

The additive integrated score was defined as

Sadd
i = wU

∼
Ui + wC

∼
Ci + wD

∼
Di + wQ

∼
Qi (8)

where wU, wC, wD, wQ ≥ 0, wU + wC + wD + wQ = 1.
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2.7.2. Reliability-Gated Score

To emphasize the moderating role of reliability, we defined a gated score,

Sgate
i =

(
wU

∼
Ui + wC

∼
Ci + wD

∼
Di

)∼
Q

g

i + wQ
∼
Qi (9)

where g > 0 is a gate exponent. This formulation gives greater weight to uncertainty,
representativeness, and non-redundancy when reliability is high, while suppressing their
contribution when reliability is low.

2.7.3. Rank-Based Aggregation

Let RU(i), RC(i), RD(i), and RQ(i) denote reversed normalized ranks of the four
component scores, each scaled to [0, 1], with larger values indicating better rank positions.
The rank-based integrated score was defined as

Srank
i = wU RU(i) + wCRC(i) + wDRD(i) + wQRQ(i) (10)

This scheme reduces sensitivity to score magnitude and instead emphasizes relative ordering.

2.8. Weight Sensitivity Analysis and Best Integrated Selection

For each integrated scheme, we evaluated a grid of admissible weights
(
wU, wC, wD, wQ

)
,

subject to the simplex constraint, wU + wC + wD + wQ = 1 For the gated scheme, multiple
gate exponents, g were also examined. which is, γ∈{0.5,1,2}. For each candidate parameter
combination, a subset was selected, a logistic model was fitted, and predictive performance
was evaluated on the corresponding test set [9]. Within each split, we identified the best
additive, gated, rank-based and overall integrated configuration across all three schemes,
according to the highest AUROC, with AUPRC used as a secondary criterion.

2.9. Robustness Analysis for Non-Linear Baseline

To assess whether the observed effect of structured row selection depended on the
choice of a linear base learner, we additionally repeated the comparative experiments
using a random forest classifier implemented with the ranger package as a representative
non-linear ensemble model. For this robustness analysis, the random forest was trained
using 100 trees. The same train–test splitting protocol, subset-construction procedure, and
evaluation criteria were applied as in the primary analysis.

2.10. Statistical Interpretation

The proposed framework does not claim that smaller training sets are universally prefer-
able. Rather, it tests the hypothesis that when informative samples are identified through a
mathematically constructed utility score, a reduced subset may approximate a more efficient
empirical distribution for classifier fitting. The study therefore evaluates whether structured
sample selection can improve out-of-sample discrimination relative to both unrestricted full-
data fitting and unstructured random subsampling. To evaluate the differences in AUROC
between each selection method and full-data training for logistic regression and random forest
separately, linear mixed-effects models, adjusting for sampling ratio, category were utilized.
p-values were adjusted using the Benjamini–Hochberg procedure.

2.11. Reproducibility

For reproducibility, the following implementation details were used. Predictive un-
certainty was estimated using 30 bootstrap iterations. Diversity was quantified using
k-means clustering with 20 clusters. Local non-redundancy was assessed using nearest-
neighbor distances, computed with k = 2, from which the first nearest-neighbor distance
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was used as the non-redundancy score. Distributional representativeness was evaluated
using Mahalanobis distance, computed from the covariance structure of the training data.
All component scores were normalized to a common 0–1 scale before integration to ensure
comparability across criteria. For gated integration, gate-power values of 0.5, 1, and 2 were
evaluated. For weighted integration, the full weight grid consisted of all combinations of
uncertainty, clustering, diversity, and quality weights ranging from 0.1 to 0.7 in increments
of 0.1, constrained to sum to 1.0.

3. Results
3.1. Data Structure and Category-Wise Class Imbalance

Table 1 summarizes the baseline characteristics of the study cohort after preprocess-
ing and variable harmonization. The final analytic dataset comprised 425,043 patients,
including 9451 mortality cases, corresponding to an overall event rate of 2.22%. Patients in
the mortality group were markedly older than those in the non-mortality group (median
age, 76.0 vs. 53.0 years), and they also showed systematic differences across multiple vital
signs, including higher HR, lower SpO2, and lower SBP and DBP. These patterns suggest
that the outcome was associated with meaningful shifts in the predictor distribution. At
the same time, the low overall event rate indicates substantial class imbalance, imply-
ing that model performance should be evaluated using discrimination metrics that are
robust to imbalance, particularly AUROC and AUPRC, rather than accuracy alone. The
demographic characteristics according to other chief complaint categories are presented in
Supplementary Table S1.

Table 1. Baseline characteristics of the study cohort according to 30-day mortality status after
preprocessing and variable harmonization.

Non-Mortality
(n = 415,592)

Mortality
(n = 9451) p-Value

Age, Median [IQR] 53.0 [34.0; 68.0] 76.0 [64.0; 86.0] <0.001
Gender, n (%) <0.001

Female 225,442 (54.2%) 4437 (46.9%)
Male 190,150 (45.8%) 5014 (53.1%)

Vital sign, Median [IQR]
body temperature (BT) 36.7 [36.4; 37.0] 36.7 [36.3; 36.9] <0.001
Heart rate (HR) 84.0 [72.0; 96.0] 89.0 [76.0; 104.0] <0.001
Respiratory rate (RR) 18.0 [16.0; 18.0] 18.0 [16.0; 20.0] <0.001
Oxygen saturation (SpO2) 99.0 [97.0; 100.0] 98.0 [95.0; 99.0] <0.001
Systolic blood pressure (SBP) 133.0 [120.0; 148.0] 123.0 [107.0; 141.0] <0.001
Diastolic blood pressure (DBP) 77.0 [68.0; 87.0] 69.0 [58.0; 80.0] <0.001

Values are presented as median [IQR] for continuous variables and n (%) for categorical variables. p-values were
calculated using Mann–Whitney U test for continuous variable and chi-square test for categorical variables to
compare the non-mortality and mortality groups. SpO2, peripheral oxygen saturation; IQR, interquartile range.

Table 2, Figures S1 and S2 show that the prediction problem was highly heterogeneous
across chief complaint categories. In the categories shown, the number of patients ranged
from 14,566 in Gynecology to 78,926 in Gastrointestinal, while outcome prevalence ranged
from 0.4% in Psychiatric to 4.0% in Respiratory presentations. Baseline model performance
also varied across categories, with AUROC values ranging from 0.780 to 0.888 and AUPRC
values ranging from 0.027 to 0.141. These findings indicate substantial category-level het-
erogeneity in sample size, class imbalance, and baseline predictive separability, suggesting
that the learning problem differs meaningfully across complaint groups. Therefore, the
effect of sample selection should be interpreted not as a uniform adjustment applied to a
single population, but as a category-specific redistribution of the training sample space.
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Table 2. Category-specific sample size, event prevalence, and baseline predictive performance across
chief complaint groups in logistic regression.

Chief Complaint Number of
Patients Prevalence AUROC

(SD)
AUPRC

(SD) Sensitivity Specificity

Gastrointestinal 78,926 0.016 0.840 (0.007) 0.091 (0.011) 0.776 0.737

Musculoskeletal 73,211 0.008 0.872 (0.014) 0.074 (0.020) 0.804 0.760

Trauma 45,128 0.016 0.850 (0.012) 0.097 (0.018) 0.788 0.735

Metabolic 43,586 0.03 0.803 (0.011) 0.110 (0.013) 0.752 0.694

Cardiovascular 40,583 0.014 0.845 (0.018) 0.092 (0.021) 0.758 0.771

Neurologic 33,995 0.021 0.855 (0.018) 0.129 (0.020) 0.769 0.763

Respiratory 30,882 0.04 0.804 (0.014) 0.141 (0.016) 0.747 0.700

Psychiatric 26,921 0.004 0.780 (0.058) 0.027 (0.020) 0.660 0.701

Infectious & Dermatological 24,164 0.013 0.849 (0.021) 0.088 (0.021) 0.749 0.766

Genitourinary & Obstetric/
Gynecology 14,566 0.005 0.888 (0.059) 0.062 (0.037) 0.785 0.839

Prevalence denotes the proportion of mortality cases within each chief complaint category. AUROC and AUPRC
are reported as mean (SD) across repeated experiments. AUROC, area under the receiver operating characteristic
curve; AUPRC, area under the precision–recall curve; SD, standard deviation.

As an additional robustness analysis, we repeated the comparative row-selection
experiments using a random forest classifier. The main qualitative findings were preserved
under this non-linear model setting. In particular, the best overall integrated strategy
achieved a mean AUROC of 0.812, compared with 0.790 for full-data training and 0.735 for
random size-matched subsampling.

Supplementary Table S4 showed that, compared with full-data training, integrated
selection methods achieved significantly higher AUROC in both logistic regression and
random forest models. The largest gains were observed for the best overall integrated
approach, with AUROC increases of 0.0104 for logistic regression and 0.0268 for random
forest, both with p < 0.001. Detailed category-specific results of the supplementary random
forest analysis are provided in Supplementary Tables S2 and S3 and Figures S3–S5.

3.2. Overall Comparison of Row-Selection Operators

Table 3 summarizes the overall predictive performance of the row-selection methods
across repeated experiments. The integrated row-selection strategies demonstrated the
strongest discrimination performance among the evaluated approaches. Gated integration
achieved the highest mean AUROC of 0.849, followed closely by rank integration and
additive integration, both of which achieved a mean AUROC of 0.848. By comparison, the
full-data baseline achieved a mean AUROC of 0.840. For AUPRC, rank integration and
additive integration yielded the highest mean value of 0.094, whereas gated integration,
uncertainty-only selection, and the full-data baseline each achieved a mean AUPRC of
0.093. These results indicate that multi-criterion integration, particularly the gated ap-
proach, provided the greatest improvement in AUROC-based discrimination, whereas
gains in precision–recall performance were modest and largely comparable across the
best-performing methods.

Selective retention of training instances based on structured scoring can perform
comparably to, and in some cases better than, training on the full dataset. In particular, the
superior AUROC of the integrated methods relative to the full-data baseline implies that
appropriate subset construction may improve the geometric separability of the empirical
training distribution. This supports the view that row selection can act not merely as a
reduction in sample size, but as a transformation of the effective learning distribution.
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Table 3. Comparison of aggregate discrimination performance across row-selection operators in
logistic regression.

Method AUROC (SD) AUPRC (SD) Sensitivity Specificity

Rank integration 0.848 (0.039) 0.094 (0.039) 0.763 0.761
Gated integration 0.849 (0.040) 0.093 (0.036) 0.769 0.757

Additive integration 0.848 (0.040) 0.094 (0.037) 0.773 0.755
Full data 0.840 (0.038) 0.093 (0.037) 0.803 0.723

Uncertainty only 0.838 (0.039) 0.093 (0.037) 0.599 0.853
Non-redundancy only 0.833 (0.046) 0.091 (0.039) 0.690 0.793

Cluster only 0.830 (0.045) 0.086 (0.036) 0.828 0.673
Reliability only 0.829 (0.046) 0.084 (0.036) 0.836 0.663

Random subsampling 0.820 (0.049) 0.087 (0.040) 0.748 0.732
Performance measures are reported as mean (SD) across experiments. Rank integration, Gated integration, and
Additive integration denote the best-performing integrated row-selection strategies under the corresponding
aggregation schemes. Full data indicates model training on the entire available training set without row selection.
AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision–recall curve;
SD, standard deviation.

The single-criterion methods showed more variable behavior than the integrated
approaches. Uncertainty-only selection achieved a mean AUPRC of 0.093, comparable to
the full-data baseline and gated integration, and showed the highest specificity of 0.853,
but this was accompanied by substantially reduced sensitivity of 0.599, indicating a con-
servative operating profile. Non-redundancy-only selection produced relatively balanced
threshold-dependent performance, with a sensitivity of 0.658 and specificity of 0.821, al-
though its AUROC of 0.843 remained below that of the best-performing integrated methods.
In contrast, cluster-only and reliability-only selection yielded lower AUROC values of 0.803
and 0.799, respectively. Random subsampling showed inferior overall discrimination, with
an AUROC of 0.784, confirming that the gains observed with structured row selection
cannot be explained by sample-size reduction alone.

A similar contrast was observed in threshold-dependent measures. The full-data
model achieved the highest sensitivity of 0.803, but with a lower specificity of 0.723,
whereas several row-selection methods, particularly uncertainty-only and non-redundancy-
only selection, shifted the operating point toward higher specificity. By comparison, the
integrated methods achieved more balanced operating characteristics, with sensitivities
ranging from 0.763 to 0.773 and specificities ranging from 0.755 to 0.761. Among these,
gated integration attained the highest mean AUROC of 0.849, whereas rank and additive
integration showed the highest mean AUPRC of 0.094. Overall, these findings suggest
that integrated row selection improved discrimination without inducing the pronounced
sensitivity–specificity imbalance observed in some single-criterion approaches.

3.3. Category-Wise Performance Landscape

Figure 2 shows the mean AUROC for each category and method, highlighting sub-
stantial heterogeneity across chief complaint groups. Overall, the integrated methods were
more often positioned near the top of the category-specific AUROC range, whereas single-
criterion methods showed larger dispersion and more frequent performance deterioration.
The gap between methods was relatively small in categories with high baseline separability
but became more pronounced in more difficult categories. These findings suggest that the
effectiveness of row selection was category-dependent and that multi-criteria integration
provided a more stable strategy than reliance on any single score alone.

Logistic regression showed broadly consistent category-level AUROC patterns across
sampling ratios of 0.3, 0.5, and 0.7, with integrated selection methods generally perform-
ing comparably to or better than single-criterion and random subsampling approaches.
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Random forest showed greater variability across categories and sampling ratios, but inte-
grated selection methods generally maintained stronger AUROC performance than random
subsampling and most single-criterion approaches. Detailed category-specific results are
shown in Figures S6 and S7.

Figure 2. Mean AUROC by chief complaint category and row-selection method across repeated
experiments in logistic regression. Points represent the mean AUROC for each method within each
chief complaint category, aggregated across repeated experiments. Integrated methods include rank-
based, gated, and additive multi-criteria row-selection strategies, whereas single-criterion methods
are based on one score only. Random subsampling is shown as a reference method.

For logistic regression with SMOTE, category-level AUROC patterns were generally
stable across sampling ratios of 0.3, 0.5, and 0.7, with integrated methods consistently
clustering among the higher-performing approaches. For random forest with SMOTE, inte-
grated methods also showed relatively strong performance across sampling ratios, whereas
several single-criterion approaches and random subsampling showed greater variability
across categories. The detailed results of the SMOTE-based analyses and sampling-ratio
sensitivity analyses for each selection method are presented in Table S5, Figures S8 and S9.

3.4. Heterogeneity of the Gain Function

Figure 3 shows the category-specific AUROC change in the best-performing integrated
row-selection method compared with full-data training. The effect varied across chief com-
plaint categories, with the largest improvement observed in the Genitourinary & Obstet-
ric/Gynecology category, where AUROC increased by approximately 0.038. More modest
positive changes were observed in several other categories, whereas Trauma showed a
negative change. In addition, several confidence intervals overlapped zero, suggesting that
the effect of integrated row selection was heterogeneous and not uniformly positive across
categories. These findings indicate that the benefit of integrated row selection depended on
the statistical structure of each category-specific learning problem rather than acting as a
uniform improvement across all strata.

From a methodological perspective, these results suggest that integrated row selection
acts as a category-dependent filtering operator on the empirical training distribution. In cat-
egories with a greater proportion of redundant, weakly informative, or noisy observations,
the benefit of selective retention appears to be larger. By contrast, in categories where the
original training distribution was already relatively well aligned with the prediction task,
the improvement was more limited. Thus, the advantage of the integrated strategy should
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be interpreted not as a constant upward shift in model performance, but as an adaptive
gain shaped by the local geometry of the category-specific sample space.

Figure 3. Category-specific AUROC improvement of the best overall integrated method relative to
full-data training in logistic regression. Note: Bars represent the difference in mean AUROC between
the best overall integrated method and the full-data baseline within each chief complaint category.
Positive values indicate improved discrimination under integrated row selection.

3.5. Weight Sensitivity of Integrated Scoring Rules

Figure 4 examines the sensitivity of predictive performance to the weight parame-
ters of the integrated score. Across all three aggregation families, additive, gated, and
rank-based, the clearest monotone tendencies were observed for the uncertainty and
non-redundancy weights. Increasing the weight assigned to uncertainty (wU) generally
decreased mean AUROC, whereas increasing the non-redundancy weight (wD) generally
increased mean AUROC. The reliability weight (wQ) showed only a modest positive trend,
while the representativeness weight (wC) had a relatively weak and inconsistent effect
across aggregation families.

These trends indicate that, within the explored weight space, the performance sur-
face was not isotropic. Instead, the empirical response favored larger contributions from
non-redundancy-related criteria, whereas excessive emphasis on uncertainty tended to
reduce discrimination. The effects of reliability and cluster-based representativeness were
comparatively modest, suggesting that these components had less dominant influence on
AUROC than the uncertainty and non-redundancy weights.

Importantly, the three aggregation families showed broadly similar directional behav-
ior, particularly for the uncertainty and non-redundancy weights. This suggests that the
main performance pattern was driven more by the relative weighting of the component
criteria than by a single algebraic form of integration. In other words, additive, gated,
and rank-based aggregation differed in formal construction, but they recovered broadly
comparable response patterns over the explored weight space.

3.6. Effect of Gate Power in Gated Integration

Figure 5 further analyzes the gated formulation by varying the gate power parameter.
Across all four weights, the AUROC curves corresponding to gate powers 0.5, 1, and 2
were closely aligned. The direction of the weight effects remained largely unchanged:
increasing wU was associated with reduced AUROC, increasing wC and wD was associated
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with improved AUROC, and wQ exerted only a minor effect, with a slight negative trend at
higher values.

Figure 4. Mean AUROC in logistic regression as a function of criterion-specific weight values under
additive, gated, and rank-based score integration. For each row, the weight of one criterion (wU, wC,
wD, or wQ) was varied from 0.1 to 0.7 while the other settings were kept fixed. The plots illustrate
the sensitivity of predictive performance to the relative contribution of each criterion. Shaded regions
represent variability across repeated evaluations. Note: AUROC, area under the receiver operating
characteristic curve. WU, WC, WD, and WQ indicate the criterion-specific weights in the multi-criteria
sample selection framework.

Figure 5. Mean AUROC in logistic regression according to criterion-specific weight values under
the gated integration scheme with different gate power settings. The four panels correspond to the
weights assigned to uncertainty (wU), cluster representativeness (wC), non-redundancy (wD), and
reliability (wQ). Red, green, and blue lines indicate gate power values of 0.5, 1, and 2, respectively.
Note: AUROC, area under the receiver operating characteristic curve. Gate power is a tuning
parameter in the gated integration scheme that determines the strength of multiplicative modulation.
Higher values indicate stronger gating effects.

This result shows that the gated method is relatively insensitive to moderate changes
in the nonlinear gate exponent. Therefore, the empirical performance of the gated operator
appears to be driven primarily by the allocation of weights rather than by the precise degree
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of multiplicative modulation. Mathematically, this suggests that the gated scoring rule
is locally stable with respect to γ over the examined range. Hence, the advantage of the
integrated framework cannot be attributed to a narrow tuning effect in the gate exponent,
but instead reflects a broader structural property of multi-criterion scoring.

Overall, the results demonstrate three main findings. First, integrated row-selection
operators consistently outperformed both full-data training and most marginal selection
rules. Second, the gain from integrated selection was heterogeneous across categories,
indicating that the method acts as a category-dependent transformation rather than a
uniform improvement term. Third, the sensitivity analysis showed that the empirical
performance surface is stable across integration forms and relatively robust to the gate
exponent, while being systematically shaped by the relative importance of uncertainty,
representativeness, diversity, and reliability. Together, these findings support the interpre-
tation of integrated row selection as a mathematically meaningful and robust mechanism
for improving predictive discrimination through structured subsampling.

4. Discussion
This study investigated whether predictive model training can be improved by se-

lecting a structured subset of observations rather than indiscriminately using the entire
available training set. The results suggest that, in several chief complaint categories, a
reduced subset chosen by mathematically constructed sample-level scores can outperform
both full-data training and random size-matched subsampling [19,20]. From a model-
ing perspective, this finding implies that the effective quality of the empirical training
distribution may be more important than its raw cardinality [2,21].

The pronounced improvement in AUROC within the Genitourinary & Obstet-
ric/Gynecology and Psychiatric categories suggests that the proposed framework may
be particularly useful in domains with substantial clinical heterogeneity and diagnostic
uncertainty. Statistically, these categories were characterized by very low AUPRC values
(Psychiatric, 0.035; Genitourinary & Obstetric/Gynecology, 0.057) and extreme class im-
balance (prevalence: Psychiatric, 0.004; Genitourinary & Obstetric/Gynecology, 0.005),
indicating that the prediction task was especially challenging in these strata. In such set-
tings, structured sample selection may help prioritize more informative observations and
improve discrimination relative to indiscriminate full-data training.

Mean aggregate AUROC gain masked meaningful subgroup heterogeneity. In several
complaint-specific strata, particularly Genitourinary & Obstetric/Gynecology and Psychi-
atric presentations, the AUROC gain was larger than the overall average. These categories
also had extremely low event prevalence and low baseline AUPRC, indicating difficult and
clinically vulnerable prediction settings. In such settings, even modest improvements in
discrimination may be clinically relevant if they improve the ranking of high-risk patients
and support earlier recognition of deterioration. Available signal may be sparse relative to
the amount of redundancy or weakly informative variation in the training data. Structured
sample selection may therefore provide a larger relative benefit by preferentially retaining
observations that are uncertain yet informative, while reducing the influence of redundant
or low-value samples. By contrast, in categories where the original training distribution is
already more aligned with the prediction task, the incremental benefit of selective retention
may be smaller.

The central conceptual contribution of this work is to recast data selection as a formal
component of the learning problem. In standard supervised learning, model development
is usually framed as parameter estimation conditional on a fixed training set. By contrast,
our framework treats the training set itself as an object to be optimized indirectly through
score-based ranking [3]. This adds a distinct layer to the learning process: before minimiz-

https://doi.org/10.3390/math14142457

https://doi.org/10.3390/math14142457


Mathematics 2026, 14, 2457 15 of 19

ing classification loss over model parameters, one may first improve the geometry and
informational content of the sample used for fitting. In this sense, the proposed strategy
can be interpreted as a data-level regularization mechanism.

A key finding was that the integrated scoring schemes generally outperformed the
single-score approaches. This is intuitively and mathematically plausible. Observations
in clinical tabular data are rarely optimal with respect to all desirable properties simul-
taneously. Some samples may be centrally located but highly redundant; others may
be uncertain and informative, yet physiologically implausible or structurally noisy. A
multi-criteria score is therefore more flexible than any isolated heuristic. The empir-
ical advantage of the integrated formulations supports the idea that sample utility is
intrinsically multidimensional.

The reliability-gated and rank-based schemes are especially notable in this regard.
The gated scheme introduces a nonlinear interaction between reliability and the remaining
criteria, allowing reliability to regulate the influence of uncertainty, representativeness,
and non-redundancy. This formulation resembles a multiplicative weighting operator
and may be advantageous when low-quality observations should not be promoted even
if they appear informative under another metric. The rank-based scheme, in contrast,
reduces dependence on score magnitude and instead preserves relative ordering. Its
competitive performance suggests that robust subset construction may depend more on
correct prioritization than on exact numerical calibration of the component scores.

The comparison against random size-matched subsampling strengthens the interpreta-
tion of the results. Because the random baseline used subsets of identical size, the observed
performance gains cannot be explained simply by smaller-sample fitting or accidental
regularization through data reduction. Rather, the improvement appears to stem from
the selective inclusion of observations with favorable structural properties. This distinc-
tion is important because it indicates that the method is not merely discarding data, but
reorganizing the learning signal.

The relationship between the integrated methods and the full-data model is particu-
larly interesting. In classical statistical thinking, more data are usually considered preferable
if the observations are independent and identically distributed. However, in finite and
noisy real-world datasets, especially in healthcare, this assumption is only approximately
satisfied. Training on all samples may propagate redundancy, local density imbalance, mea-
surement artifacts, and structurally weak observations into the estimation process [22,23].
Selected subsets could yield better generalization than indiscriminate full-data fitting,
particularly when redundancy and low-value observations are present.

Nevertheless, the results should be interpreted with appropriate caution. First, the
benefit was not perfectly uniform across all performance metrics. In some subgroups,
AUROC improved while AUPRC showed smaller gains or even mild decreases. This
pattern suggests that the proposed method primarily enhances ranking discrimination,
whereas improvements in positive predictive concentration under class imbalance may
be less consistent. Consequently, the framework should not be viewed as a universal
improvement mechanism for every metric simultaneously.

Second, the present analysis identifies the best integrated configuration by evaluating
multiple weighting schemes and aggregation rules. From a strict predictive modeling
standpoint, future work should separate tuning and final evaluation more explicitly, for
example, by using nested resampling, inner-loop tuning on the training data, [24] or an
external validation dataset. Such refinements would provide a more conservative estimate
of the generalizability of the integrated scoring framework. The proposed framework
introduces additional overhead due to bootstrap scoring, clustering, nearest-neighbor
computation, and weight search. This added complexity may limit immediate scalability in
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very large datasets or resource-constrained settings. Future work should therefore evaluate
runtime, memory usage, and computational scalability more formally.

Third, the base learner in this study was logistic regression. This choice was inten-
tional because it offers a transparent and mathematically tractable reference model, thereby
allowing the effect of sample selection itself to be more directly observed. However, the
proposed framework is not restricted to generalized linear models [25]. In principle, the
same sample-selection logic can be coupled with tree-based methods, kernel machines,
boosting algorithms, or neural architectures. It would be particularly interesting to study
whether the gains from informative subset selection are amplified or diminished when the
downstream learner is more flexible. The robustness of the random forest analysis sug-
gested that the main qualitative findings were not confined to a linear base learner. Under
the non-linear ensemble model, the best overall integrated strategy again outperformed
both full-data training and random subsampling in mean AUROC (0.824 vs. 0.791 and
0.701, respectively). This pattern supports the interpretation that the proposed framework
improves the effective training distribution in a way that is not merely an artifact of logistic
regression. At the same time, these supplementary results should be interpreted cautiously,
as additional work is still needed to evaluate the framework across a wider range of model
classes, hyperparameter settings, and external datasets.

Fourth, the scoring components themselves admit alternative formulations. Uncer-
tainty may be defined through entropy, margin instability, conformal width, or Bayesian
posterior variance [26]. Representativeness may be estimated using graph-based centrality
or density-based clustering rather than k-means distance. Non-redundancy may be ex-
tended beyond nearest-neighbor distance to submodular diversity objectives. Reliability
may incorporate missingness patterns, temporal consistency, or domain-specific plausibility
rules. Thus, the present framework should be seen not as a closed formula, but as a general
mathematical template for observation-wise utility construction.

From an application perspective, the chief complaint–specific results suggest that the
usefulness of structured sample selection may depend on subgroup heterogeneity [27,28].
Categories with broader physiological diversity or noisier latent substructure may benefit
more from integrated selection than relatively homogeneous categories. This raises an
important methodological implication: sample-selection strategies may need to be adapted
to subgroup topology rather than assumed to be globally optimal. In emergency medicine,
where patient presentations differ substantially by complaint category, such adaptive data
curation may be especially valuable.

More broadly, this study contributes to the emerging view that training data should
not be treated as a passive input to predictive modeling. Instead, the data can be actively
organized, ranked, and filtered according to mathematical criteria that encode informa-
tiveness, reliability, and structural diversity [29,30]. This perspective connects predictive
modeling most directly with recent work on subset optimization, data collection, and data
informativeness [31]. In that sense, the proposed method is not merely a heuristic for
preprocessing, but a step toward a more principled theory of sample utility in applied
machine learning.

This study was based on a single publicly available emergency department dataset,
and, therefore, external generalizability remains limited. Although MIMIC-IV-ED provides
a large and reproducible benchmark, it reflects the data-generating process, documentation
practices, triage workflows, and patient population of a specific health-system context. The
performance and optimal weighting structure of the proposed sample-selection framework
may differ in other hospitals, countries, electronic health record systems, or clinical work-
flows. Therefore, the present findings should be interpreted as methodological evidence
supporting the feasibility of multi-criteria row selection, rather than as definitive evidence
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of universal clinical transportability. Future studies should evaluate the framework in
external multicenter ED datasets and prospectively collected cohorts.

5. Conclusions
This study proposed a mathematically structured framework for sample-level subset

selection in emergency department prediction tasks. By assigning each observation a utility
score based on uncertainty, cluster representativeness, non-redundancy, and reliability, the
framework enabled selective construction of training subsets rather than indiscriminate
use of the full dataset. The results showed that multi-criteria integrated selection consis-
tently outperformed random subsampling and, in several categories, also improved upon
full-data training. These findings suggest that informative sample selection in heteroge-
neous clinical data is inherently multi-dimensional and that appropriate subset design can
improve the effective training distribution for prediction. Overall, this study highlights
training subset design as a meaningful methodological problem in supervised learning and
provides a general framework for utility-based sample selection in healthcare prediction
modeling.
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The following abbreviations are used in this manuscript:

AUPRC area under the precision–recall curve
AUROC area under the receiver operating characteristic curve
BT body temperature;
DBP diastolic blood pressure;
ED emergency department;
HR heart rate;
IQR interquartile range;
MIMIC Medical Information Mart for Intensive Care;
RR respiratory rate;
SBP systolic blood pressure;
SD standard deviation;
SpO2 peripheral oxygen saturation.
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