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Featured Application

The proposed process mining workflow can support healthcare organizations in auditing
tele-oncology pathways, quantifying conformance to guideline-derived process models,
detecting bottlenecks in patient journeys, and producing reproducible metrics for digital
health governance and continuous process improvement.

Abstract

Tele-oncology expanded rapidly during the COVID-19 pandemic and remains central to
cancer care, yet evidence on guideline adherence in tele-oncology is limited, particularly in
Latin America. In Chile, the Explicit Health Guarantees (GES) program mandates oncology
care standards but provides no process model for monitoring adherence. We evaluated
the conformance and temporal performance of telemedicine-based oncology pathways
against a guideline-derived reference model using process mining, based on event logs
from 182 patients treated in 2020–2023 in a Chilean hospital network. Conformance was
computed using PM4Py with token-based replay and alignment-based fitness, comple-
mented by cohort, abstraction-level and robustness analyses with bootstrap confidence
intervals and multiple-comparison-adjusted testing. Overall conformance was low (4.95%
of cases fully conforming; mean alignment fitness 0.19, 95% CI 0.16–0.22) against a highly
precise reference model (precision 0.90). Censoring-aware analyses showed that low confor-
mance was driven predominantly by genuine structural deviations rather than incomplete
observation alone. Event-level cohort signatures were observed, but patient-level analyses
suggested that these patterns should be interpreted as exploratory. Crude differences in
care duration by out-of-model activity status were largely explained by differential obser-
vation time after exposure adjustment. Process-mining conformance checking provides
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reproducible indicators for governing tele-oncology pathways when metrics are interpreted
alongside methodological caveats.

Keywords: process mining; conformance checking; event logs; tele-oncology; clinical
pathways; healthcare process mining; oncology care; performance analysis

1. Introduction
Cancer is one of the leading causes of morbidity and mortality worldwide and rep-

resents an increasing challenge for healthcare systems due to the complexity of care and
the need to coordinate multiple diagnostic, therapeutic, and follow-up services [1,2]. In
Chile, cancer incidence has shown a sustained annual increase, with 59,876 new diagnoses
recorded in 2022 and an incidence rate of 188.7 per 100,000 inhabitants. This growing
burden has motivated the implementation of public strategies aimed at strengthening con-
tinuity of care, improving efficiency, and ensuring conformance to established standards
throughout the care process [1].

Oncological care requires close coordination among clinical specialties, strict adherence to
standardized protocols, and longitudinal monitoring of patients. In this context, the analysis
of clinical pathways has become a key tool for evidence-based healthcare management, as it
enables the evaluation of how care processes are executed in relation to expected models [3,4].
This need became particularly evident during the COVID-19 pandemic, when telemedicine
was rapidly adopted as an essential mechanism to ensure continuity of care for patients
with chronic and oncological conditions [5]. Telemedicine facilitated the maintenance of
regular appointments while reducing exposure risks among immuno-compromised patients,
improving satisfaction among both users and healthcare teams [6,7]. However, its accelerated
implementation also introduced challenges related to interoperability, geographical equity,
and the standardization of clinical records across care modalities [1].

In Chile, the Explicit Health Guarantees program (Garantías Explícitas en Salud, GES)
regulates the care of 17 oncological pathologies through Clinical Practice Guidelines that
define services, maximum waiting times, and follow-up requirements [8]. Despite their
regulatory role, these guidelines do not provide a detailed description of the operational
flows that structure the care process. This lack of explicit process modeling complicates
the assessment of whether patients’ real trajectories, both in-person and via telemedicine,
align with the expected clinical pathway, thereby limiting the evaluation of adherence to
ministerial recommendations and hindering institutional traceability of care [9,10].

Within this framework, process mining (PM) emerges as a particularly relevant
methodological approach. PM is a data science discipline that enables the discovery,
analysis, and improvement of real-world processes through the examination of event logs
generated by information systems [11]. In healthcare, PM has been widely applied to
reconstruct clinical pathways based on actual patient data, revealing how care is delivered
in practice and allowing comparisons with formal or normative reference models [4,12].
This methodology facilitates the analysis of the sequence, frequency, and duration of clinical
activities, as well as the identification of variability patterns and deviations from established
medical protocols or guidelines [13]. Recent systematic reviews confirm the expansion of
process mining applications in healthcare, while highlighting persistent challenges related
to data quality, process heterogeneity, and clinical interpretability [14].

Process mining integrates three complementary perspectives: process discovery, con-
formance checking, and enhancement [15]. Together, these perspectives provide a com-
prehensive view of clinical and organizational behavior, strengthening traceability, and
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supporting data-driven decision-making. In the Chilean healthcare system, and particularly
within the context of the GES program, PM is especially relevant due to the existence of
mandatory deadlines and standardized benefits that require systematic monitoring [1,8].

Conformance checking focuses on comparing observed care processes with a prede-
fined reference model to quantify their degree of alignment [16,17]. This approach enables
the identification of structural deviations between planned and executed care, as well as
their classification according to potential clinical or organizational impact [18]. In healthcare
settings, conformance checking has proven effective for validating medical protocols and
assessing conformance to clinical guidelines, revealing discrepancies between normative
models and real practice [19,20]. These comparisons are commonly performed using algo-
rithms such as token-based replay, which simulate the execution of the reference model and
detect deviations when observed event sequences diverge from the expected flow [15,21].
Platforms such as Celonis operationalize this approach by enabling the comparison of
real event logs with BPMN reference models through token-based replay analyses [16,17].
Recent work in medical process conformance has further emphasized the relevance of
comparing observed clinical behavior with normative process representations to support
guideline monitoring and process improvement [22].

In this study, “conformance” refers to the alignment between observed event log
behavior and the guideline-derived BPMN reference model, whereas “adherence” refers to
the broader clinical interpretation of whether care follows guideline recommendations.

In oncology, conformance checking is particularly useful for assessing adherence to the
clinical pathways defined by GES guidelines, as it allows the objective correlation of clinical
activities with prescribed care sequences and timelines [8]. Performance analysis further
extends this evaluation by incorporating the temporal dimension of care delivery, focusing
on the identification of delays, interruptions, and variability in timeliness [15,23,24]. This
perspective supports the detection of bottlenecks and the assessment of the healthcare
system’s capacity to meet the deadlines established by ministerial programs [8].

In the oncological context, the time intervals between diagnosis, treatment initiation,
and follow-up are critical determinants of care quality. Integrating performance analysis
with conformance checking enables a more comprehensive assessment of clinical pathways
by jointly addressing their structural and temporal dimensions [25]. From this perspective,
process mining provides a robust methodological framework for evaluating the real-world
implementation of oncological care pathways and for identifying opportunities to improve
adherence, efficiency, and quality within complex healthcare systems.

Although conformance checking has been previously applied to oncology pathways
(for instance in rectal cancer [19]) and a recent scoping review has mapped its use for
guideline adherence more broadly [18], evidence on its application to telemedicine-based
oncology care remains scarce, and no prior study has examined tele-oncology pathways
within a Latin American regulatory framework such as the Chilean GES program. To our
knowledge, this is the first conformance-checking study of telemedicine-based oncology
pathways under a mandatory Latin-American guideline framework (the Chilean GES pro-
gram); its contribution is threefold: (i) it provides empirical evidence on the conformance
and temporal performance of tele-oncology pathways under a mandatory national guide-
line framework; (ii) it demonstrates, at the transition level, how process mining can localize
delays that aggregate metrics obscure; and (iii) it illustrates a reproducible conformance-
checking workflow that health networks can embed as a governance instrument for digital
oncology care.

Beyond evaluating tele-oncology pathways, this study investigates how different con-
formance metrics and modeling choices influence the interpretation of guideline adherence
in highly heterogeneous and right-censored healthcare processes.
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This study pursued two objectives. First, to assess the conformance of real
telemedicine-based oncology pathways compared to an expected care model, derived
from the Clinical Practice Guidelines of the Chilean Ministry of Health and validated by
clinical experts from the Red de Salud UC CHRISTUS health network. Second, to perform
a time-based performance analysis of the care process to identify relevant variations and
generate useful evidence for the evaluation and continuous improvement of efficiency and
quality in digital cancer care.

2. Materials and Methods
2.1. Study Environment

The study was conducted at the Red de Salud UC CHRISTUS health network, a private
Chilean healthcare institution that provides high-complexity care and integrates hospital,
outpatient, and telemedicine services. The network operates a Hospital Information System
(HIS) that records healthcare activities in a structured manner, enabling the reconstruction of
comprehensive clinical pathways from the recorded data. The analysis focused on patients
with cancer treated via telemedicine between 1 June 2020 and 1 June 2023, the period
during which telemedicine was incorporated into the follow-up of GES-covered patients
with cancer in response to the COVID-19 pandemic. The dataset included 182 patients
with various cancer diagnoses who met eligibility criteria during the study period. Data
were extracted by the hospital’s Information Management Division without involvement of
the research team. Eligible patients were those with (i) a confirmed oncological diagnosis,
(ii) at least one oncology-related activity recorded in the HIS, and (iii) at least one episode
of care delivered through the institutional telemedicine network during the study period.
No additional exclusion criteria were applied, and no a priori sample-size calculation was
performed, as the study was exploratory and constrained by the volume of tele-oncology
records available for the period.

2.2. Ethical Considerations

This study was approved by the Scientific Ethics Committee for Health Sciences of the
Pontificia Universidad Católica de Chile (CEC-UC), under resolution ID220310004 dated
9 March 2023, and subsequent updates. Authorization for the use of anonymized clinical
data was granted by the Research Directorate of the School of Medicine (DIEMUC). As no
patient contact or intervention was required, the study was classified as minimal risk and
informed consent was waived.

2.3. Observed Process and Reference Care Model

Process discovery applied to the preprocessed event log yielded a highly heterogeneous,
weakly structured (“spaghetti”) as-is model (Figure 1), reflecting the wide variability of the
observed care pathways. This heterogeneity motivates the use of a normative reference model
against which adherence can be assessed, rather than relying on the discovered model alone.

Figure 1. Discovered as-is process model at the category level, obtained by applying process discovery
to the event log. The green node denotes the process start and the orange node the process end;
rectangles are activities and white diamonds are routing (silent) transitions. The unstructured, highly
connected topology illustrates the heterogeneity of the observed care pathways and motivates the
guideline-derived reference model used for conformance checking.
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A reference care model was developed in Business Process Model and Notation
(BPMN) from the activities and waiting-time milestones explicitly represented in the
GES Clinical Practice Guidelines of the Chilean Ministry of Health and refined through
interviews with nurses and oncologists from the Red de Salud UC CHRISTUS. The model
was designed as a guideline-based operational representation of the care pathway rather
than an exhaustive representation of every activity that may occur in real-world oncology
practice. It comprised the phases of diagnosis and staging, oncology committee, therapeutic
decision, treatment, and check-up and follow-up (Figure 2).

(a) Activity level (granular). 

(b) Category level (aggregated). 

Figure 2. Guideline-derived BPMN reference care model at the two abstraction levels analyzed:
(a) the granular activity level and (b) the aggregated category level. Both levels share the same
control-flow structure; the category level groups granular activities into broader classes (for example,
the non-medical support controls are collapsed into Non-Medical Care, and the specialist consultation
variants into Specialist Medical Consultation).

The model was validated qualitatively through individual, semi-structured interviews
with four oncology specialists who directly treat these patients. Each interview followed
three steps: (i) the expert described the oncological care process; (ii) the expert reviewed
the guideline-derived BPMN model iteration by iteration and confirmed or corrected its
structure; and (iii) when analyzing the observed variability, the expert indicated which
deviations corresponded to genuine clinical variation and which reflected legitimate ad-
justments of the process. Discrepancies between experts were reconciled by consensus and
incorporated into successive model iterations, and pathology-specific differences were ac-
commodated by retaining, at the category level, only the activities common to the modeled
GES pathways. We did not conduct a formal Delphi process or compute a quantitative
inter-rater agreement coefficient; the validation was an iterative qualitative consensus,
consistent with common practice in healthcare process mining, and this is acknowledged
as a limitation. Two abstraction levels of the model were considered: a granular activity
level (14 modeled labels) and an aggregated category level (10 modeled labels).

Figure 3 presents the overall methodological workflow of the study, which was carried
out in the following sequential steps. First, clinical data were extracted from the Hospital Infor-
mation System and transformed into a standardized event log through expert-guided activity
mapping and normalization (Section 2.4). Second, and in parallel, a guideline-derived BPMN
reference care model was developed and validated by oncology specialists (Section 2.3). Third,
the event log was compared against the reference model through conformance checking, ap-
plying token-based replay and alignment-based techniques (Section 2.5). Fourth, conformance
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results were statistically characterized using bootstrap confidence intervals and cohort-level
comparisons (Section 2.6). Fifth, a time-based performance analysis was conducted to identify
bottlenecks and assess adherence to the GES deadlines (Section 2.7). Across these steps, Celo-
nis EMS v3.1 was used for process exploration, visualization and performance analysis, while
PM4Py v2.7.0 was used to obtain reproducible conformance metrics and perform robustness
analyses; the outputs from both analytical streams were then integrated to evaluate pathway
conformance and identify bottlenecks.

 

Figure 3. Methodological workflow of the proposed process mining framework. Clinical and
telemedicine records were extracted from the Hospital Information System and transformed into a
standardized event log through expert-guided activity mapping. A BPMN reference model derived
from national clinical guidelines and validated by oncology specialists was analyzed in parallel with
the event log. Celonis EMS supported process exploration and performance analysis, whereas PM4Py
provided reproducible conformance metrics and robustness assessments. The resulting indicators were
used to evaluate pathway adherence, identify bottlenecks and support tele-oncology governance.

2.4. Data Preparation and Activity Standardization

An event log was created from the clinical information system. Each record included
case ID (patient identifier), activity name, timestamp, and resource (executing practitioner).
The curated log comprised 182 cases, 8296 events and 172 distinct trace variants. Because
of terminology differences between the activities recorded in clinical systems and those
defined in the ministerial guidelines, a mapping and standardization process was per-
formed with clinical experts, considering the profession and specialty of the personnel,
the location of the activity, and the specific actions performed in each event (Appendix A).
Event log preprocessing is a critical step in process mining studies, particularly when raw
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information system data must be transformed into analyzable case identifiers, activity
labels, timestamps, and resources [26]. Recent work on guideline adherence supported by
process mining highlights the need for explicit clinical activity coding and standardized
representation when conformance checking is applied to healthcare processes [24].

The delivery modality (in-person vs. telemedicine) was treated as a mode of care
rather than a distinct pathway activity, so telemedicine variants were collapsed onto their
base activity to align the log vocabulary with the reference model. After standardization,
97% of category-level events were covered by the reference model. Patients were assigned
to cohorts by their principal ICD-10 diagnosis (colon C18, rectum C20, lung C34, pancreas
C25, breast C50, and others).

The preprocessing pipeline comprised the following reproducible steps: (1) timestamps
were parsed to a common UTC datetime and events ordered chronologically within each case;
(2) free-text activity labels were normalized (accent and case folding, whitespace trimming);
(3) ICD-10 diagnostic codes were cleaned (removal of punctuation and de-concatenation
of multiple codes) to assign each patient a principal diagnosis; (4) the resulting vocabulary
was mapped to the reference-model labels at two abstraction levels (activity and category)
using expert-defined rules based on the practitioner’s profession and specialty, the location
of the activity and the action performed; (5) each case was assigned to a tumor cohort by its
principal ICD-10 code and to a calendar quarter by its first event; and (6) the standardized
log was validated against both BPMN models. After standardization, 97% of category-level
events were covered by the reference model. A public reproducibility package, including
pseudocode, a synthetic event log, and an executable reference implementation, is provided
to support methodological reproducibility (Appendix C).

Because this mapping relies on expert judgment, it may introduce a degree of sub-
jectivity. To mitigate this, standardization followed explicit, documented rules rather
than case-by-case decisions, and ambiguous labels were resolved consistently: for exam-
ple, the multiple specialty-consultation labels recorded in the HIS (e.g., gastroenterology,
coloproctology or surgical-oncology consultations) were mapped to a single Specialist
Medical Consultation category; telemedicine variants of an activity were collapsed onto
their in-person base activity; and duplicated or malformed labels (e.g., “Psychology Psy-
chology”) were normalized to their canonical form. Residual subjectivity in this mapping
is acknowledged as a limitation.

2.5. Conformance Checking

Conformance and performance were analyzed using process mining. Initial process
exploration and visualization were carried out on the Celonis EMS v3.1 platform, which in-
tegrates the institutional event log with the BPMN reference model. To obtain reproducible
quantitative metrics and to enable systematic comparisons across cohorts, abstraction levels
and cohort-definition rules, the analysis was complemented with the open-source PM4Py
library. PM4Py has been increasingly used in healthcare process mining studies to support
reproducible analyses based on multiple mining and conformance techniques [27]. Two
conformance techniques were applied. Token-based replay yielded a case-level binary
indicator: a case was classified as conforming when its trajectory could be replayed within
the reference model without missing or remaining tokens. Under this definition, confor-
mance was assessed as a strict end-to-end criterion, meaning that any unresolved token
discrepancy was sufficient to classify a trace as non-conforming. To avoid penalizing
clinically expected follow-up activities not explicitly represented in the reference model,
oncology consultations and oncology-related nursing activities were incorporated through
the activity standardization process and included in an allowlist before replay. Cases with
out-of-model activities were analyzed separately from fully conforming cases, because the
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presence of an out-of-model activity captures a specific type of deviation and does not
necessarily represent the full binary conformance status of the trace. Activities belonging to
other clinical specialties that were not represented in the BPMN model were not allowlisted
and were therefore treated as deviations. This decision was implemented following input
from clinical experts from the same healthcare network. This approach was intended to
preserve the guideline-based scope of the model while accommodating routine oncology
follow-up practices.

Alignment-based conformance provided a continuous log-fitness measure that is
more robust to concurrency and complex deviations [17]. Model quality was additionally
characterized by precision (the proportion of model-allowed behavior that is actually
observed), generalization, and simplicity. To test the robustness of the cohort definition,
results were recomputed under an alternative rule based on the presence of an exact
diagnostic code.

2.6. Statistical Analysis

Uncertainty in fitness and in the percentage of conforming cases was quantified with
95% bootstrap confidence intervals (1000 resamples). For each cohort, the distribution
of activities was compared against the overall population using a chi-square test, with
standardized residuals (z-scores, |z| ≥ 1.96 considered significant) identifying over- and
under-represented activities and Cramer’s V quantifying effect size. p-values were corrected
for multiple comparisons using the Benjamini–Hochberg false discovery rate (FDR) [28].
Temporal stability was assessed by computing fitness per calendar quarter.

2.7. Performance Analysis

Time-based performance was analyzed using directly follows graphs annotated with
mean transition times, and the slowest transitions per cohort were ranked to identify
bottlenecks. Where available, mean transition times were compared against the maximum
time limits established by the GES Clinical Practice Guidelines. As pathway timings are
pathology-specific, the time-based analysis was performed separately for the colon and
breast cancer cohorts.

3. Results
A total of 182 patient cases (8296 events) were included. The population was highly

heterogeneous: 172 distinct activity variants were observed, and the most common variant
accounted for only 4.4% of cases. This indicates a high degree of heterogeneity in tele-
oncology care pathways. Overall pathway conformance was low and concordant across
techniques: 4.95% of cases (9/182) were fully conforming by token-based replay, with a
mean alignment-based fitness of 0.19 (95% CI 0.16–0.22). The reference model was highly
precise at both abstraction levels (precision 0.90 at the category level and 0.98 at the activity
level), indicating that it permits very little behavior beyond what is actually observed.
Generalization (0.52) and simplicity (0.81) were moderate (Table 1).

Table 1. Overall conformance and model-quality metrics (category level).

Metrics Value [95% CI]

Conforming cases (token-based replay) 4.95% (9/182)
Mean alignment fitness 0.19 [0.16–0.22]

Precision (category/activity level) 0.90/0.98
Generalization 0.52

Simplicity 0.81
Distinct trace variants 172
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Comparison across abstraction levels. The two abstraction levels of the reference model
yielded consistent conformance conclusions. At the aggregated category level (10 modeled
labels), 4.95% of cases were fully conforming by token-based replay, with a mean align-
ment fitness of 0.19 (95% CI 0.16–0.22). At the granular activity level (14 modeled labels),
conformance was marginally higher (6.6% of cases fully conforming) with a comparable
mean alignment fitness of 0.17 (95% CI 0.13–0.20). Precision was high at both levels (0.90 at
the category level and 0.98 at the activity level), generalization was nearly identical (0.52 vs.
0.54 at the category vs. activity level), and simplicity was comparable (0.81 vs. 0.77). The
high precision at both abstraction levels confirms that neither model is over-permissive:
in both cases the reference admits little behavior beyond what is actually observed, so the
low fitness reflects genuine deviations and right-censoring rather than a loose specifica-
tion. Because the conformance findings were stable across abstraction levels, the category
level was retained for the primary cohort and performance analyses, as it offers the most
interpretable mapping to the guideline activities.

Conformance was uniformly low across cohorts, with no cohort markedly exceeding
the overall population (Table 2; Figure 4). This is consistent with the heterogeneity observed
within cohorts (e.g., colon: 33 distinct variants among 34 cases). The breast cohort reached
0% binary conformance yet a continuous alignment fitness (0.16) comparable to that of
cohorts that did record conforming cases (e.g., colon, 0.17; overall, 0.19), indicating that the
0% reflects right-censored, incomplete trajectories rather than the least adherent care.

Table 2. Conformance and model-quality metrics by cohort at the category level.

Cohort n Conforming Cases
(Token-Based Replay) Fitness [95% CI] Deviations vs. General (FDR)

General 182 4.95% 0.19 [0.16–0.22] -
Colon 34 5.88% 0.17 [0.10–0.25] Significant (p < 0.001)
Breast 31 0.0% 0.16 [0.12–0.21] Significant (p < 0.001)
Others 86 8.14% 0.23 [0.17–0.29] Significant (p < 0.001)

Lung (suppl.) 9 0.0% 0.19 [0.10–0.33] Significant (p < 0.001)
Pancreas (suppl.) 11 0.0% 0.07 [0.05–0.09] Significant (p < 0.001)
Rectum (suppl.) 11 0.0% 0.14 [0.07–0.25] Significant (p < 0.001)

Figure 4. Conformance and model-quality dimensions by cohort.

This low conformance is explained partly by right-censoring inherent to the study
window and partly by genuine structural deviations from the reference model. Only 2 of
182 cases (1%) ended in a discharge event, and only ~40% of cases began at the model’s
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entry activity. Because the 2020–2023 window truncates trajectories that are still ongoing,
strict replay classifies most incomplete trajectories as non-conforming. Binary conformance
and continuous fitness should therefore be read together: binary conformance reflects
whether a full guideline trajectory was observed within the window, while alignment
fitness captures the degree of partial adherence.

These findings are consistent with prior work reporting low adherence to clinical
guidelines in oncology, including breast, colon and cervical cancer, where standardized
guidelines often fail to anticipate complex patients, comorbidities, or disease progres-
sion [29,30]. In our cohort (Figure 5), cohort-specific signatures were apparent at the event
level (e.g., over-representation of systemic treatment and nursing care in colon cancer, and
of non-medical care in breast cancer). However, when the analysis was repeated at the pa-
tient level—aggregating each patient’s activity profile to avoid the pseudo-replication that
arises from treating repeated events as independent—the differences in activity presence
across cohorts were no longer statistically significant after false-discovery-rate correction
(Cramér’s V 0.08–0.15; all q > 0.35; Figure A1b). These cohort signatures should therefore
be read as descriptive and exploratory rather than as confirmed cohort effects. Some
deviations are nonetheless consistent with clinically justified adaptations and resource
availability rather than failures of care, in line with evidence that remote-care teams adjust
the frequency and ordering of activities according to clinical evolution [31].

Figure 5. Most over- and under-represented activities per cohort (standardized residuals). Dark
(navy) bars denote over-represented activities (positive standardized residual) and green bars under-
represented activities (negative residual); dashed vertical lines mark the ±1.96 significance threshold.

Cases containing at least one out-of-model activity showed a longer observed care
duration than cases without such activities (crude, unadjusted comparison): the mean total
duration was 680.9 days (median 808.2; n = 87) among cases with at least one out-of-model
activity, compared with 399.6 days (median 296.1; n = 95) among cases without them. This
crude difference of approximately 281 days is confounded by observation time: as shown
in Appendix B, the exposure-adjusted rate of out-of-model events per 100 patient-days
does not increase with the observation window, so the excess reflects longer follow-up
rather than more deviation per unit of time. The crude comparison is therefore reported
for descriptive completeness only and should not be read as evidence that out-of-model
activity prolongs care. Figure 6 shows the corresponding duration distribution (crude,
unadjusted distribution; see Appendix B for the exposure-adjusted analysis that removes
this association).

Beyond structural conformance, the time-based analysis of directly follows graphs
localized delays to specific transitions rather than across the whole pathway. The slowest
transitions involved telemedicine-mediated specialist and general-medicine interactions: in
the overall cohort the specialist-to-general-medicine transition had a median of 10.6 days
[IQR 5.6–30.2], and specialist-to-psychology transition had a median of 6.9 days [IQR
0.8–9.9]. In the pancreas cohort, the emergency-care-to-oncology transition had a median
of 10.4 days [IQR 2.0–14.2] (Table 3). For colon cancer (Figure 7), delays were concen-
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trated in repeated specialist consultations; for breast cancer (Figure 8), transitions were
comparatively shorter and better aligned with guideline timeframes. Overall, delays were
concentrated in telemedicine-based interactions rather than uniformly distributed across
the pathway.

Figure 6. Total care duration according to the presence or absence of out-of-model activities.

 

Figure 7. Directly follows graph (mean transition times) for the colon cancer cohort. Edge color
encodes the magnitude of the mean transition time (blue = shorter, purple-to-red = longer); black
edges connect the artificial start (circle) and end (square) nodes. Labels give mean transition times
(m = minutes, h = hours, D = days, MO = month.
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Figure 8. Directly follows graph (mean transition times) for the breast cancer cohort. Edge color
encodes the magnitude of the mean transition time (blue = shorter, purple-to-red = longer); black
edges connect the artificial start (circle) and end (square) nodes. Labels give mean transition times
(m = minutes, h = hours, D = days, MO = month.

Table 3. Slowest transitions (selected) by cohort, median transition time [IQR], in days.

Cohort Transition n Median Days [IQR]

General Specialist -> General Medicine 20 10.6 [5.6–30.2]
General Specialist -> Psychology 14 6.9 [0.8–9.9]
General General Medicine -> Specialist 21 10.8 [6.0–24.5]
Colon Specialist -> Specialist 91 6.9 [1.7–25.5]
Breast Oncology -> Emergency 8 12.6 [4.9–55.7]

Pancreas Emergency -> Oncology 8 10.4 [2.0–14.2]

To assess whether the low conformance was an artifact of right-censoring, the token-
based replay was complemented with prefix-alignments and a decomposition of the align-
ment cost. Because the observation window truncates trajectories that were still in progress
at the extraction date, a strict replay can misclassify not-yet-observed steps as deviations;
prefix-aware alignment guards against this by scoring only the portion of each trajectory
that had actually been reached. Allowing incomplete trajectories raised conformance only
marginally (from 4.40% to 4.95%), and the cost decomposition attributed only about 0.1% of
the total misalignment to unreached (censored) steps, with the remaining 99.9% correspond-
ing to genuine deviations. A sensitivity analysis that varied the definition of the censored
tail confirmed that genuine deviation remained dominant (at least 95% of the misalignment
cost) and that no case became conforming under any tail definition, indicating that the
low conformance is a real property of the observed pathways rather than an artifact of the
observation window (Figure 9).
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Figure 9. Censoring-aware conformance analysis: strict token-based replay versus prefix-aware
conformance by cohort (a); decomposition of non-conformance into genuine deviation and right-
censoring (b); and a sensitivity analysis showing that the censoring share (c) and the proportion of
prefix-conformant patients (d) are robust to the definition of the censored tail.

Having established that the low conformance was not an artifact of the observation
window, we further examined patient- and pathway-level predictors of adherence, the
exposure-adjusted performance, and delivery-modality effects. These confirmatory statisti-
cal analyses are reported in Appendix B (Figures A1 and A2).

Conformance results were robust to the cohort definition rule: the difference in fitness
between the principal-diagnosis rule and the exact-code rule was negligible in all cohorts
(|delta fitness| < 0.012). The negligible differences observed between cohort-definition
rules indicate that the conformance findings are robust to diagnostic assignment strategy
and are unlikely to be driven by classification artifacts.

A quarterly analysis showed apparently increasing fitness toward 2023 (from ~0.20 in
2020–2022 to 0.65 in 2023 Q2); however, this trend is an artifact of right-censoring, since cases
entering near the end of the observation window have short and necessarily more complete
observed trajectories, and should not be interpreted as a genuine improvement in adherence.

Taken together, three patterns emerged across the analysis: (i) low overall conformance,
driven predominantly by genuine structural deviations rather than incomplete deviations
alone; (ii) event-level cohort-specific signatures that should be interpreted as descriptive and
exploratory after patient-level correction; and (iii) transition-specific delays concentrated in
identifiable pathways segments. The association between deviations and longer care duration
was reproduced, and key conformance estimates are accompanied by uncertainty quantification.
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4. Discussion
This study evaluated the conformance and temporal performance of telemedicine-

based oncology care pathways against a guideline-derived BPMN reference model, using
process mining over 182 patients treated between 2020 and 2023. The central finding
is that overall conformance was low (4.95% of cases fully conforming by token-based
replay; mean alignment fitness 0.19, 95% CI 0.16–0.22) even though the reference model
itself was highly precise at the category level (precision 0.90). The combination of low
fitness and high precision is informative: it indicates that the discrepancy does not arise
from an over-permissive or poorly specified model but from observed trajectories that are
systematically incomplete relative to the full guideline pathway. The joint interpretation
of fitness, precision, generalization, and simplicity is increasingly recognized as necessary
for assessing whether low conformance reflects model weakness, behavioral variability, or
incomplete observations [32].

Interpreting the four model-quality dimensions jointly reinforces this reading. Pre-
cision is high at both abstraction levels (0.90 at the category level and 0.98 at the activity
level), indicating that the reference model permits almost no behavior beyond what is
actually observed regardless of label granularity; the low fitness therefore cannot be as-
cribed to an over-permissive specification at either level. Moderate generalization (0.52)
is consistent with a guideline-derived model that encodes the normative pathway while
only partially anticipating the diversity of real trajectories, which is the intended behavior
of a normative rather than exhaustive model. The moderate-to-high simplicity (0.77–0.81
across levels) indicates that the model is compact and free of redundant structure, so its
limited fitness reflects genuine divergence between observed and expected behavior rather
than an unnecessarily convoluted reference. Taken together, precision, generalization and
simplicity describe a tight, parsimonious model at both abstraction levels, supporting the
interpretation of low conformance as a property of incomplete and heterogeneous observed
data measured against a well-specified reference, rather than as evidence that the model is
itself deficient. In practical terms these dimensions have direct implications for guideline
monitoring. High precision means that the reference model rarely admits behavior that
was not actually observed, so activities it flags as out-of-model can be trusted as genuine
departures worth auditing rather than modeling artifacts. Moderate generalization implies
that the model does not absorb every legitimate real-world variant, so novel but clinically
valid pathways may surface as deviations and should be reviewed before being treated as
non-adherence. High simplicity indicates that the model is compact and can be communi-
cated to and audited by clinical teams. Taken together the metrics support using the model
as an interpretable auditing instrument, provided its outputs are read as screening signals
rather than definitive judgments of care quality.

Right-censoring inherent to the study design contributes to this gap. Only 2 of
182 cases (1%) reached a discharge event, and roughly 40% of cases began at the model’s
entry activity, so most pathways were observed mid-course rather than end-to-end, and a
strict end-to-end replay necessarily classifies these partial trajectories as non-conforming.
However, censoring is not the main driver of the low conformance. When incompleteness
was modeled explicitly with prefix-alignments—which allow an observed trajectory to
be a valid, unfinished prefix of a conforming path—the proportion of conforming cases
increased only marginally, from 4.40% to 4.95%, showing that incompleteness alone does
not rescue conformance. Decomposing the alignment cost showed that unreached fu-
ture steps (censoring) accounted for only about 0.1% of the total misalignment, whereas
about 99.9% corresponded to genuine deviations: observed activities inserted, repeated
or reordered relative to the acyclic guideline pathway. A sensitivity analysis that pro-
gressively reclassified interior model steps as censoring—up to the extreme of attributing

https://doi.org/10.3390/app16157712

https://doi.org/10.3390/app16157712


Appl. Sci. 2026, 16, 7712 15 of 23

every unreached step to censoring—still left genuine deviation dominating (at least 95%
of the misalignment, bootstrap 95% CI) and did not move a single case into conformance
(Figure 9). A complementary patient-level regression showed that a higher number of
recorded events was associated with lower fitness and a higher share of telemedicine with
higher fitness, whereas tumor cohort was not significant (Figure A1). Right-censoring is a
well-recognized challenge in healthcare process mining [33]; our results show that although
it must be accounted for when reading conformance figures, the low conformance in this
cohort chiefly reflects genuine structural divergence from the reference pathway rather
than incomplete observation.

The exceptionally high number of observed variants (172 variants across 182 cases)
further illustrates the intrinsic heterogeneity of oncology care pathways. Unlike many
operational processes, cancer trajectories are strongly influenced by differences in disease
progression, treatment response, comorbidities, complications, and individualized clinical
decision-making. As a result, patients with the same diagnosis may follow substantially
different care sequences over time. This variability is often obscured in guideline-based or
assumption-driven pathway models, which necessarily represent an abstraction of expected
care rather than the full spectrum of real-world clinical behavior. Similar challenges have
been reported in real-world oncology process mining, where interactive and incremental
discovery techniques have been proposed to incorporate domain knowledge and manage
highly variable clinical trajectories [34].

One of the strengths of process mining is its ability to make this variability explicit,
allowing researchers and healthcare organizations to identify, quantify, and compare both
frequent and infrequent pathways [35,36]. In this context, the large number of variants
observed should not be interpreted solely as process instability, but also as evidence of the
complexity and diversity inherent to oncology care delivery [3,33].

These findings are consistent with prior work reporting low adherence to clinical guide-
lines in oncology, including breast, colon and cervical cancer, where standardized guidelines
often fail to anticipate complex patients, comorbidities, or disease progression [29,30]. At
the event level, cohort-specific activity patterns were apparent, including over represen-
tation of systemic treatment and nursing care in colon cancer and of non-medical care in
breast cancer. However, after aggregating activity profiles at the patient level to avoid
pseudo-replication, these differences were no longer statistically significant after false-
discovery-rate correction. These signatures should therefore be interpreted as exploratory
process patterns rather than confirm cohort effects. This finding is consistent with the
possibility that some deviations reflect clinically justified adaptations and resource avail-
ability rather than failures of care, in line with evidence that remote-care teams adjust the
frequency and ordering of activities according to clinical evolution [31].

Importantly, the breast cancer cohort illustrates why a single binary metric can mislead.
Breast cases showed 0% binary conformance yet a continuous alignment fitness (0.16) in line
with cohorts that did record conforming cases, indicating that the 0% reflects right-censoring
of incomplete trajectories rather than the least adherent care. Reporting a continuous
fitness measure alongside the binary indicator, together with bootstrap confidence intervals
and cohort-level statistical testing, provides a more faithful and reproducible picture of
adherence than a single percentage. This methodological point, pairing an interpretable
case-level indicator with a robust continuous measure and explicit uncertainty, is one of
the contributions of the present analysis and is readily transferable to other guideline-
monitoring settings.

The temporal analysis added a complementary, actionable layer. Transition times
were strongly right-skewed, so we report medians with interquartile ranges rather than
means, which a few outliers inflate (for example, the specialist-to-general-medicine tran-
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sition averaged 45.5 days but had a median of only 10.6 days, IQR 5.6–30.2; Figure A2).
Delays were not uniformly distributed but concentrated in specific transitions. Repetition
of activities—the main source of deviation—was not specific to the telemedicine modality
(Cramér’s V = 0.042 between repetition and remote delivery; Figure A2), so bottlenecks
should not be attributed to telemedicine per se. Clinically, the longest delays concentrated
in the pancreas and colon cohorts. In pancreatic cancer, prolonged emergency-to-oncology
and specialist transitions are consistent with the aggressive course of the disease, frequent
decompensations that route patients through emergency care, and the need for multidis-
ciplinary staging before treatment; possible interventions include fast-track emergency-
to-oncology referral, pre-allocated multidisciplinary-committee slots and nurse-navigator
coordination. In colon cancer, the repeated and prolonged specialist consultations suggest
iterative pre-treatment work-up and scheduling frictions, which structured referral proto-
cols, protocolized pre-operative pathways and telemedicine triage could help consolidate.
Because process mining localizes these bottlenecks at the transition level, it can direct
quality-improvement efforts to concrete points in the pathway that aggregate indicators
would obscure [37].

From a governance perspective, the use of process mining requires not only analytical
methods but also explicit data governance structures that define how process data are
prepared, interpreted, and used for organizational decision-making [38]. In this context,
these results illustrate how conformance checking could serve as a scalable, reproducible
instrument for monitoring tele-oncology pathways against a national guideline framework
such as the Chilean GES program, provided the metrics are interpreted with their method-
ological caveats and the approach is validated across multiple institutions. Although cases
containing at least one out-of-model activity showed a longer crude average duration
(about 673 versus 398 days), this association is largely an artifact of differential observation
windows: after adjusting for exposure (modeling out-of-model events as a rate per patient-
day) the association reversed (Poisson incidence-rate ratio about 0.64 per unit of duration,
95% CI 0.54–0.76) and the correlation between duration and the exposure-adjusted rate was
weak and non-significant (Spearman rho = 0.13, p = 0.10; Figure A2). Out-of-model activity
should therefore not be read as a cause of longer care; rather, longer-observed patients
simply accrue more events of every kind. This reinforces the value of jointly analyzing
structural deviations and temporal performance when evaluating real-world oncology care.
Taken together, the findings argue for guideline and monitoring frameworks that explic-
itly accommodate hybrid in-person/telemedicine care and that account for incomplete,
right-censored trajectories when adherence is assessed from real-world data [39].

Limitations

This study has several limitations. First, the event log is affected by right-censoring, as
many patient trajectories were still ongoing within the 2020–2023 observation window. Con-
sequently, conformance metrics, particularly binary token-based replay, may underestimate
adherence to the reference pathway. Second, the BPMN model was derived from Clinical
Practice Guidelines and therefore represents a normative abstraction of the expected process
rather than a complete representation of all activities occurring in routine oncology care. Some
detected deviations may therefore reflect clinically relevant activities or local practices that are
not explicitly represented in the model. Third, the analysis was conducted in a single private
healthcare network and during a period strongly influenced by the COVID-19 pandemic,
which may limit the generalizability of the findings. Future studies should evaluate alternative
modeling strategies, incorporate longer observation windows, and replicate the analysis across
different institutions and clinical contexts. The findings derive from a single private healthcare
network and a pandemic-influenced period; they are representative of this specific setting
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and should not be generalized to the national implementation of the GES program without
multi-institutional, public-sector validation. The reference model was validated through an
iterative qualitative consensus with four experts rather than a formal Delphi process with a
quantified inter-rater agreement, and the expert-guided activity mapping carries a residual
risk of subjective bias. Finally, the lung, pancreas and rectum cohorts are small (n = 9–11), so
their cohort-level results are exploratory.

5. Conclusions
This study demonstrates the feasibility and utility of process mining for evaluating

the conformance of telemedicine-based oncology pathways against standardized Clinical
Practice Guidelines. Rather than confirming uniformly high adherence, the analysis shows
that real-world tele-oncology trajectories are highly variable and, within a 2020–2023 obser-
vation window, predominantly incomplete: low conformance reflects genuine structural
deviation from the guideline pathway far more than right-censoring—which sensitivity
analyses show contributes only marginally—rather than uniform clinical non-adherence.
Quantifying adherence with paired binary and continuous metrics, uncertainty estimates,
and cohort-level testing enables an objective and reproducible characterization of where
and how real pathways diverge from the normative model.

Methodologically, the approach provides a reproducible workflow that health institu-
tions can embed to audit their processes, localize transition-specific delays, and monitor
patient trajectories against government requirements. Clinically, the results suggest that
tele-oncology pathways can be monitored as part of longitudinal cancer care, underscoring
the need for standards that accommodate hybrid care and that integrate activities not ex-
plicitly represented in guideline-derived process models. Overall, the study contributes to
consolidating conformance checking via process mining as a tool for evaluation, traceability,
and continuous improvement in digital oncology care, while clarifying how its metrics
should be interpreted in the presence of censored, real-world data.
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Appendix A

Table A1. Activity mapping used for event standardization.

Event Log Activity BPMN Activity

Hospital discharge Hospital discharge
Radiotherapy discharge Not mentioned in the BPMN model

Telemedicine Radiotherapy Discharge Not mentioned in the BPMN model
Oncology Care Oncology Consultation

Emergency Care Not mentioned in the BPMN model
Surgery Surgery

Radiotherapy Committee Radiotherapy Committee
Oncology Committee Oncology Committee

Face to face Specialist Medical Consultation Specialist Medical Consultation
Telemedicine Specialist Medical Consultation Specialist Medical Consultation

Nursing Care Nursing Care
Speech therapy Care Non-medical Care
Physiotherapy Care Non-medical Care

Nutritionist Care Non-medical Care
Nursing Assistant Care Nursing Care

Endoscopy Procedures
Outpatient otolaryngology examination Procedures

Interventional Radiology Procedure Procedures
Psychology Psychology

Telemedicine Psychology Psychology
Systemic Treatment Systemic Treatment

Radiotherapy Radiotherapy
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Appendix B. Statistical Validation and Robustness
This appendix collects the confirmatory statistical analyses that support the Results

without altering the process-mining narrative of the main text: the patient-level predic-
tors of alignment conformance (Figure A1), and the exposure-adjusted performance and
delivery-modality analyses (Figure A2). It also reports the time-to-completion and care-
duration models that formally quantify the right-censoring (Figure A3).

At the patient level, an ordinary-least-squares model of alignment fitness showed
that a higher number of recorded events was associated with lower fitness, whereas
a higher telemedicine share was associated with higher fitness (coefficients with 95%
confidence intervals; Figure A1a). Tumor cohort was not a significant predictor, and the
association between activity presence and tumor cohort was likewise non-significant after
false-discovery-rate correction, with effect sizes remaining small throughout (Cramér’s V
0.08–0.15; Figure A1b). Taken together, these results indicate that conformance is shaped
primarily by trajectory length and care modality rather than by the underlying diagnosis,
which is consistent with a single reference model applying across cohorts.

Figure A1. Patient-level analysis: predictors of alignment conformance ((a) ordinary least squares,
coefficients with 95% confidence intervals) and association between activity presence and tumor cohort,
dark (navy) markers indicate statistically significant predictors (95% CI excluding zero) and light
gray markers non-significant ones (95% CI including zero) ((b) Cramér’s V, non-significant after false-
discovery-rate correction). “#” denotes ‘number of’ (e.g., #events is the number of events per patient).

Finally, the crude association between out-of-model activity and longer care duration
reversed after adjusting for exposure: the exposure-adjusted rate of out-of-model events per
100 patient-days declined as the observation window lengthened (Poisson incidence-rate
ratio about 0.64), showing that the apparent excess reflected longer follow-up rather than
more deviation per unit of time (Figure A2a,b). Because transition times were right-skewed,
they are summarized as medians with interquartile ranges rather than means, which would
otherwise be inflated by a small number of long delays (Figure A2c). Telemedicine ac-
counted for 18.5% of all events and was concentrated in oncology consultations, confirming
that remote care is embedded at specific, identifiable points of the pathway rather than
distributed uniformly across activities (Figure A2d).

https://doi.org/10.3390/app16157712

https://doi.org/10.3390/app16157712


Appl. Sci. 2026, 16, 7712 20 of 23

Figure A2. Performance and exposure analyses: out-of-model event count (a) and exposure-adjusted
rate per 100 patient-days (b) versus the observation window; mean versus median transition times
with interquartile ranges (c), dark (navy) bars show the mean and green bars the median transition
time; error bars indicate the interquartile range; and telemedicine share by activity type (d), the
dashed vertical line marks the overall telemedicine share and the highlighted (red) bar marks the
activity with the highest telemedicine share.

To characterize the incompleteness of the observed trajectories formally, we fitted
a Kaplan–Meier time-to-completion model (event = terminal hospital discharge) on the
173 patients with a positive observation window; nine single-event cases were excluded
because a time-to-completion is undefined for them. Only 2 of these 173 patients reached a
terminal discharge, the median time-to-completion was not reached, and the cumulative
incidence of completion was 1.7% at the end of follow-up (Figure A3), which quantifies the
right-censoring inherent to the 2020–2023 study window. A complementary Gamma gener-
alized linear model (log link) of total care duration, fitted on the same cohort, showed that a
higher number of recorded events was associated with a longer duration (exp(β) = 1.010 per
additional event, 95% CI 1.007–1.013, p < 0.001), whereas telemedicine share and tumor
cohort were not significant predictors; the full model is reported in Table A2.
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Figure A3. Kaplan–Meier time-to-completion of the care pathway (event = terminal hospital dis-
charge; n = 173 patients with a positive observation window). The curve is nearly flat (2 completions,
median not reached, cumulative incidence 1.7% at end of follow-up), formally quantifying the
right-censoring of the observed trajectories.

Table A2. Gamma generalized linear model (log link) of total care duration (person-days) on the
173 patients with a positive observation window. exp(β) is the multiplicative change in expected
duration; cohort terms are relative to the Others group.

Predictor exp(β) 95% CI p

Intercept 322.81 247.57–420.91 <0.001
Number of events 1.010 1.007–1.013 <0.001
Telemedicine share 1.519 0.838–2.753 0.168
Colon (vs. Others) 0.763 0.555–1.049 0.096
Breast (vs. Others) 0.983 0.721–1.340 0.914
Lung (vs. Others) 0.641 0.381–1.079 0.094
Pancreas (vs. Others) 0.853 0.531–1.371 0.511
Rectum (vs. Others) 0.717 0.443–1.162 0.177

Appendix C. Reproducibility
The clinical event log contains protected patient information, and the institutional

implementation of the analysis code cannot be redistributed. To make the methodology
fully auditable, a public reproducibility package is provided. It contains: (i) the complete
pseudocode of the analysis pipeline (event-log preprocessing and vocabulary mapping;
censoring-aware conformance and its decomposition into right-censoring versus genuine
deviation; exposure-adjusted performance and delivery-modality analysis; and the sensitiv-
ity analysis of the decomposition); (ii) a synthetic, de-identified event log that reproduces
the structure of the study data without any real patient records; and (iii) an executable
reference implementation that runs the whole analysis on the synthetic log and regenerates
every result type reported in this study (conformance decomposition, modality effect sizes,
exposure-adjusted rates, patient-level tests, robust transition times, regression and survival
models, and the sensitivity analysis).

The reproducibility package is openly available at: https://github.com/evchiu/
Oncology-pathways-via-telemedicine-using-process-mining-A-study-in-a-Chilean-hospital-
network (accessed on 29 July 2026).
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