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Abstract

Effective waitlist management for surgery in otolaryngology (ENT), as in most public health care
programs, remains a significant issue. In the present study, using the Classification and Regression Tree
(CART) algorithm, a decision tree model based on biopsychosocial factors was developed to classify 205
patients into three priority classes (High, Medium, and Low) based on a continuous score assigned by the
attending physicians. The last tree considered severity (Sev), urgency (Urg), and being able to attend the
study (Dest) as the main predictors, yielding five validated clinical rules. With an overall accuracy of
82,3%, the model shows its predictive power and practical relevance. Its transparency and clinical
reasoning underpin its trustworthiness as a decision aid. The next steps will include interfacing with
dynamic prioritization methods.

Keywords: Surgical Priorization, decision tree, clinical explainability, otolaryngology, CART algorithm.

Resumen

La gestion eficaz de las listas de espera para cirugia en otorrinolaringologia, al igual que en la mayoria de
los programas de salud publica, sigue siendo un problema importante. En el presente estudio, utilizando
el algoritmo de arbol de clasificacion y regresién (CART), se desarrollé un modelo de arbol de decisién
basado en factores biopsicosociales para categorizar a 205 pacientes en tres clases de prioridad (Alta,
Media y Baja) a partir de una puntuacion continua asignada por los médicos tratantes. El tltimo arbol
considerd la severidad, la urgencia y la dificultad para estudiar como principales predictores, generando
cinco reglas clinicas validadas. Con una precision general del 82,3 %, el modelo demuestra su poder
predictivo y relevancia prdctica. Su transparencia y razonamiento clinico respaldan su fiabilidad como
herramienta de ayuda para la toma de decisiones. Los préximos pasos incluirdn la interaccién con
métodos dindmicos de priorizacion.

Palabras clave: Priorizacién quirtrgica, arbol de decisidn, explicabilidad clinica, otorrinolaringologia, algo-
ritmo CART.
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Silva-Aravena & Morales Rule-Based decision tree for surgical priorization

INTRODUCTION

Elective surgery waiting lists are an important operational and ethical challenge for global public
health systems [1], [2]. In many middle- and low-income countries, such as Latin American coun-
tries, limited surgical capacity, resource scarcity, and a growing population have led to long
waiting times for non-emergent operations [3]. This is particularly relevant in subspecialties, such
as ENT, where many diseases do not affect a patient’s life on a life-and-death basis but do affect
quality of life, communication, social integration and mental health functioning [4] - [6].

Despite numerous policy interventions, the scheduling of surgeries is still frequently based on
simple mechanisms, such as First-Come-First-Served (FCES), that ignore patients’ multidimen-
sional vulnerability [7]. The most recent literature has highlighted the need to develop more equi-
table and clinically based prioritization models. Numerous methods have been proposed, from
composite score systems to sophisticated machine learning (ML) [6] - [12]. For example, some
models combine clinical severity with socioeconomic factors to more evenly distribute surgery
slots [13]. Others use predictive analytics to predict the risk of deterioration or procedural
success. However, these approaches have limited transparency and interpretability (that is, black-
-box models) and are also difficult to integrate into real clinical workflows. Furthermore, models
designed solely for predictive performance also give little or no consideration to physician trust,
institutional fit, and practicality of their use, all critical components for the effectiveness of any
decision support tool in the clinical setting [14], [15].

In the current climate, easily interpretable models, such as decision trees, have seen a resurgence,
as they can help translate data science to clinical practice [16], [17]. For example, the CART algo-
rithm can generate a simple rule-based model that is mathematically accurate and intuitive to
medical doctors [18], [19]. Properly applied, CART models can be a representation of clinical
reasoning, provide actionable insights, and function as an interface between algorithmic output
and human intuition. That makes them particularly applicable to surgery scheduling committees,
where high transparency, reasonable selection criteria, and justifiable pathways are needed.

The primary objective of this study is to create and interpret a clinically useful decision tree model
that can be used to aid in the preoperative process for elective patients with ENT [20], [21]. 205
patients were collected from the high-complexity public hospital (HCPH), characterized by
biopsychosocial factors and a research-scaled prioritization score (Pscore) assigned by a clinical
team. A CART model was trained to predict priority levels. The model structure was then opera-
tionalized into a set of rules, which was reviewed by medical experts to ensure agreement with
hospital policies and clinical practice. The core model variables (severity, urgency, and capacity to
study) were determined using statistical methods and expert judgment.

The central research question is: Can a clinically validated, rule-based decision tree based on
biopsychosocial variables accurately and transparently classify ENT surgical patients into priority
levels? the hypothesis is that such a model, if based on key clinical dimensions, can achieve suffi-
cient predictive accuracy while preserving interpretability for use in real-world surgical sched-
uling.

The specific contribution of this study is that a clinical data-validated rule-based model can
provide a practical, transparent, and implementable solution to the problem of surgical prioritiza-
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tion if relevant decision-makers contribute to the validation. Unlike black-box models, the tree is
directly interpretable, challengeable, and modifiable by clinical teams. Importantly, its simplicity
makes it potentially suitable for low-resource settings lacking in digital infrastructure but needing
fair and effective prioritization. This contribution highlights the importance of aligning statistical
validation with clinical explainability. It was demonstrated that a CART-based model, rigorously
trained and expert-validated, can bridge the gap between predictive performance and real-world
decision-making, offering a scientifically grounded, transparent solution for surgical prioritiza-
tion.

LITERATURE REVIEW

The problem of the surgical waiting list has been analyzed in detail regarding its operational,
ethical, and clinical impact [21]. Traditional priority systems, including FCFS and urgency-based
ordering systems, have been commonly used in public health facilities but are limited in their
ability to accommodate diverse dimensions of patient vulnerability [7]. These methodologies
often do not consider psychosocial, functional, or contextual factors that can predict patient
outcomes on extensive waiting lists. Consequently, there has been growing attention to holistic
approaches that consider a variety of biopsychosocial indicators to support scheduling decisions
[20].

Some composite prioritization indices have been proposed in the literature to fill this void. For
example, the New Zealand Priority Criteria Project and the Western Canada Waitlist Project
proposed a multiattribute concept that includes clinical severity, symptom intensity, function
impact, and social indicators [22], [23]. These indices, although based on reasonable expert
consensus, are often static, use arbitrary scoring systems, and may not be sensitive to institutional
changes over time.

Neurologically based survival prediction models were also used in contexts such as Parkinson's
disease [24], but subsequently replaced by a variety of more data-driven approaches over the last
decade, including logistic regression, random forests, and neural networks to predict risk of
decompensation or likelihood of delisting after waiting list [25]. Although such models can
achieve high predictive power, their complexity hinders interpretability and clinical adoption.

For interpretability, some authors seek a rule-based model, namely, decision trees. CART and its
successor C4.5 score have been used to classify patients according to clinically oriented thresholds
[26]. These models provide transparent and easy-to-follow decision paths that align with clinical
reasoning, making them especially valuable for settings where physician trust and explainability
are essential. However, such efforts are computationally demanding, and practitioners still have a
black-box view of these experimental approaches [27]. Furthermore, the majority of the models
focus on the performance itself, rather than the user practicality, and therefore are not feasible for
day-to-day usage in the hospital.

Within the field of ENT, there is a striking absence of specialty-specific prioritization instruments.
Despite the presence of common models for elective surgery, there is limited literature on the
special aspects of ENT pathologies (that is, modifications in communication, mild chronic pain,
social life) in terms of health-related quality of life. Moreover, there are few descriptions on
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enhancing model-based decisions with clinical judgment in low-resource settings, where model
accountability and implementation feasibility are crucial.

This article distinguishes itself from previous literature by providing a clinically interpretable deci-
sion tree, based on real patient data and consistent with expert judgment, for prioritization in
otorhinolaryngology. Unlike approaches using manually crafted rules or black-box models
presented in the literature, the method learns the decision rules used to classify examples by
training a CART model on a data set based on the vulnerability of patients on the surgical waiting
list. The rules are then checked for clinical consistency, ensuring a balance between their rigor
and their utility in clinical practice. This hybrid approach (data-driven but explainable) contrib-
utes to clinical decision-making.

METHODOLOGY

In this paper, an explanatory and classificatory model is proposed to prioritize surgical assistance
for patients in the ENT service of an HCPH in Chile. The model included clinical, social, and
psychological factors. The CART methods were used because they are capable of producing repro-
ducible, transparent decision rules that can be used as a clinical decision-making aid.

Study design and data set

An observational, retrospective, and quantitative study was conducted on anonymized data from
N = 205 patients waiting for ENT surgery. Each patient was described using 20 independent vari-
ables, x;, X, ..., Xy, corresponding to the clinical and psychosocial profiles. In addition, an
ordinal Pscore value assigned a priori by the ENT clinical team was considered. Factors included
clinical (severity, urgency, comorbidity, pain), psychosocial (ability to work, transferring inconve-
niency, patient care for another person), and other variables (e.g., type of residence area, among
others). This information was validated and authorized by the Scientific Ethics Committee of the
Universidad Catélica del Maule in Evaluation Report No. 09/2025.

Target variable: Pscore

The Pscore is a continuous standing of biopsychosocial susceptibility established by the ENT clin-
ical team. This score combines medical, social, and functional measures and ranges from the
Interval 0,1, with values close to 1 reflecting the increasing need for the patient to undergo
surgery. It was found that for training the classifier, an ordinal categorical variable was more
appropriate for this continuous indicator. This transformation was performed to allow
metalearning multiclass decision tree construction while not obliterating the hierarchical struc-
ture, which is naturally contained in the Pscore. This new variable Y, is called:
Y; € {Low, Medium, High}, where the categories were determined by the terciles of the data. For
the former, it was the 95™ percentile of the treatment probability (Q, ~ 0.33 and Q, ~ 0.66). The
transformation rule used was as follows:
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Low, if Pscore; < Q
Y; = { Medium, if Q; < Pscore; < Q,
High, if Pscore; > Q,

This discretization method was designed for several methodological reasons. One is that it allows
us to deal with balanced classes, which is crucial to prevent bias in the supervised learning models
[28], [29]. Maintain the ordinality of logic because each of the lower, middle, and higher levels
respects the order of the Pscore. Lastly, the model transformation set (the model before and after
the transformation is the same) improves clinical interpretability by providing classes that are
sensible for both medical and administrative groups working on surgical prioritization. The last
result was a fairly equal distribution of patients in the smoothed categories: one class considered
as “low priority” with 69 observations, one class of “medium priority” with 68 observations, and
one class for “high priority” with 68 observations. The new variant categorical variable Y, was
applied as a dependent variable in the CART decision tree.

Table 1 describes the complete set of predictor variables considered during model building, along
with their corresponding clinical or social descriptions, data types, and allowable values. Indi-
cated with a (*) are the variables that did not have enough variance and were excluded during
preprocessing.

Table 1. Description of predictor variables considered in the CART model.

Variable Description Values / Categories
Sever Severity 1-3 [low, medium, high]
Urg Urgency level 1-10
: : - 0-10 [30-day interval, e.g., 1-30 days = 1, 31-60 days =
Jelin Maximum waiting time 2. and so on{

Tsuen Sleep disorder 1-3 [low, medium, severe]

1-10 [30-day interval, e.g., 1-30 days = 1, 31-60 days =

Tlist* Time on surgical waitlist 2. and so on]

Pmxc Expected improvement due to surgery 1-3 [low, medium, high]

Dest Capacity to study 1-3 [NA, no, yes]

Com Chances of developing comorbidities 1-3 [low, medium, high]

Lfam Capacity of participating in family activities 1-3 [NA, no, yes]

Hanor Affected area 1-3 [no, low presence, high presence]
Opat Presence of other pathologies 1-2 [no, yes]

Diag Diagnosis 1-20 [diagnostic 1, ..., diagnostic 20]
Olim Other limitations 1-3 [no, medium, severe]

Ncuid Needs of a caregiver 1-2 [no, yes]

Rcuid Patients cares for another person 1-2 [no, yes]

Dolor Pain scale 1-10

Dtrab Capacity to work 1-3 [NA, no, yes]

Acc Type of residence area 1-3 [urban, rural, high rurality]
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Table 1. Description of predictor variables considered in the CART model. (continued)

Variable Description Values / Categories
Dtras Difficulty in transferring 1-2 [no, yes]
Cecrit* Need for clinical bed 1-2 [no, yes]

Note. Variables marked with (*) were removed due to low variance.

Predictor variables and preparation

All original variables available for the dataset were included in the construction of the CART
model as predictors, with two exceptions: the Pscore (which was used only to create a categorical
target variable as previously described) was not included as a predictor. A total of twenty predic-
tors of biopsychosocial variables were included (Table 1). Those covariates describe an in-depth
biopsychosocial framework of the study, to cover the different dimensions that could have a
bearing on the time required for surgical intervention. Before including these variables in the
model, a systematic testing and a preprocessing scheme were performed based on the following
principles.

Data completeness

First, the missing values in the raw data set were examined. A manual check confirmed that there
were no missing or empty values in any of the twenty predictors. The prevalence of the lack of
missing data was ascribed in part to the systematic and comprehensive nature of database
construction carried out by the clinical team, which reinforces the reliability of the analysis and
informs the potential for model replicability in a real-world clinical setting.

Explanatory variance

Second, the extent to which each predictor variable can vary was tested, with the aim of removing
those with almost constant values. In particular, the percentage of the most common category
was examined in each variable, and a cutoff point of 95% was set to discard it. In other words, if
less than 95% of the patients had the same value, the low variance was considered and removed
from the model. Two variables have been selected that were not considered for the prediction
using this rule. The first was Tlist (waiting list time), with the highest category being 97% of the
sample. The second was Ccrit (the requirement for critical care beds), with 99% of patients
belonging to the same class. Since they had low diversity, both also carried little information
about the discriminatory capacity of the CART model and brought potential noise or redundancy
to the classification process, so it was decided to remove them.

Clinical and social relevance

The third standard used was the theoretical and empirical relevance of the variables, based on the
previous scientific literature and the expert opinion of the otolaryngologists who participated in
the study. This estimate ensured that the included factors were not only statistically significant,
but also consistent with the real-life determinants that influence the need for surgical treatment
from a medical and social perspective.
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Coding and transformation

Given that the CART algorithm can handle both categorical and continuous predictors, no data
processing method (e.g., one-hot encoding or normalization) was performed on the original
encoding of ordinal and nominal predictors [30]. This method allows the model to automatically
learn the optimal cut-off points for ordinal variables, thereby generating transparent, reproducible
decision trees and extracting interpretable rules, as proposed by the study’s explanatory purposes.
The last variables included in the model were divided equally between clinical and social content
to cover all potential determinants of surgical prioritization in the study patient population.

Cart decision tree model

Mathematical foundation

CART is a popular supervised learning algorithm used to solve both regression and classification
problems [30] - [31]. In the analysis, the multiclass classification form of the CART algorithm was
used to predict the degree of surgical priority (Y; € {Low, Medium, High}) given a vector of
biopsychosocial predictor variables.

In other words, the algorithm aims to partition x C RP into a finite number of regions {
Ry R;, ..., Ry} where the class ratio or quality within a region is similar across all regions. Each
region R, consists of a finite sequence of these decision rules in the form:

xj§coxj>c

where x; is a feature and c is an optimal threshold learned during training.

Then, the criterion used to assess the quality of the partition is the Gini index, which measures the
node’s impurity t [32], [33]. Let p;(t) represent the proportion of observations belonging to the
class j at node t, and K is the total number of classes (K = 3 in this specific problem). The Gini
impurity is consequently given by equation (1):

K
G =1 - pt)’ (1)

j=1
When the node has mainly samples from one class, this value becomes minimum.

a tree by recursively selecting the best split at each step was built: At each step, the split selected
results in the lowest weighted impurity of the newly created child nodes, equation (2):

AG = G(t) — (%G(Q) + ’:l—’:G(tR)) )

where ¢; and ¢, are the left and right children after the split, and n,, n;, and n, are the number of
observations in the node, left child node, and right child node, respectively.
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This partitioning process was repeated recursively until a stopping criterion was reached, for
example, a tree with maximum depth or a terminal node containing the fewest observations.

MODEL TRAINING AND VALIDATION

The dataset was split into a 70% training set and a 30% test set to evaluate the model’s predictive
ability and generalizability; 10-fold cross-validation was also applied, and the sample size was not
particularly large (only 205 cases). This reduces the risk of overfitting and yields more stable, reli-
able performance estimates when segmenting patient data.

Some parameters used to curb complexity and ensure interpretability in the model are:
- Impurity measure: Gini index (the criterion used to select the best splits).

- Maximum depth: 4.0, with up to four multi-way splits for interpretation and simplification of
tree branches.

- Minimum terminal node: 10 persons, to ensure a minimum amount of support at the leaves.

- Pruning criteria: Prune the tree with cost-complexity pruning and use 10-group cross-validation.
The best subtree was chosen at one standard error from the minimum cross-validation error
(o-pruning).

The analysis was implemented in Python 3.12 using the scikit-learn library, a simple-to-use yet
extensive tool for decision tree classifiers.

Final variables selection

The model’s clinical interpretability was improved without sacrificing its predictive performance;
thus, a model selection procedure was performed based on theoretical and empirical background.
This process allowed us to subselect the characteristics of the entire set of predictors
X = {xl, X5y ey xp} into an optimal subset X cX, retaining only influential, clinically validated,
and independently prognostic factors.

Mathematically, the importance of each variable of x; € X was measured by its cumulative contri-
butions to decrease the value of the Gini impurity index in the decision tree growth process in

equation (2). The cumulative importance of variable x jwas calculated in equation (3):

Imp(xj) = Z AG(t, sj) 3)

teT,,

where T, is the collection of nodes in which x; was used to split. Additionally, the model’s sensi-
tivity was assessed by sequentially leaving out each predictor using a leave-one-variable-out cross-
validation strategy. It was specifically considered Acc, the accuracy of the model built with all
predictors, and Ach\xj the accuracy without the variable x;, and the relative loss of accuracy was
estimated as, equation (4):
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AAcc (xj) = Accy — Ach\xj 4)

These two statistics, Gini importance and exclusion accuracy loss, allowed us to select a reduced
subset X that maximized the model’s explanatory power and predictive stability [34]. Finally, this
selection was clinically validated with the hospital's medical personnel to ensure that the included
variables were reasonable, relevant, and applicable in the context of actual surgical prioritization.

RESULTS

Importance of variables and cart model results

Table 2 provides an interpretation of the results to better understand the model, the reasons it
works, and explains its internal logic, with particular attention to the variable Dest. This variable
has a Gini importance of 0.17, indicating it contributed fairly well to reducing node impurity
during decision tree construction. However, when “Dest” was omitted from the model, the
percent decrease in overall accuracy reached 6,2%, the highest among all factors.

This seeming paradox reveals a key observation: While “Dest” was sparse in the splits closest to
the root, it was highly relevant at certain parts of the tree for which its presence increased classifi-
cation performance. It is also worth mentioning that even though its global Gini importance is
lower than for “Severity” and “Urgency,” it shows high conditional importance through multiple
interactions.

In contrast, the variable Severity, with the highest Gini importance (0.32), led to a reduction in
elimination precision of only 0.4%. This indicates that “Severity” was always considered in the
first splits, which is useful to the tree structure.

Finally, it was found that Hanor and Dtrab had the lowest Gini importance values (0.11 and 0.10,
respectively) and the least accuracy decrease when removed (1.0% and 0.5%, respectively). This
would indicate that even if these predictors may have some contextual relevance in particular
cases, their statistical contribution was limited in the sample. Thus, the choice not to include them
in the final decision tree structure is justified by clinical simplicity, interpretability, and perfor-
mance metrics.

Table 2. Gini importance and accuracy loss for key variables in the CART model.

Variable Gini Importance Accuracy Loss by Omission (%)
Severidad 0,32 0,4
Urgencia 0,3 3,3
Dest 0,17 6,2
Hanor omn 1
Dtrab 0,1 0,5
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Evaluation metrics

An overall precision of 82,3% was obtained, meaning that more than four out of five patients had
their priority level correctly predicted by the model. Moreover, the balanced accuracy was
obtained, which is an average of the sensitivity in different classes and was found to be 82,1%.
This is an indication of a model that is strong in dealing with balanced class distributions.

As an auxiliary analysis, the confusion matrix was generated. As illustrated in Figure 1, this visu-
alization helped investigate the types of misclassification introduced across priority levels. The
model occasionally misclassifies between the 'Medium' and 'High' groups, and such confusion
between intermediate conditions is clinically reasonable when these conditions tend to share
common characteristics.

Confusion Matrix - CART Model

True Label
Low

Medium

High

Low Medium High
Predicted Label

Figure 1. Confusion matrix for the CART model predictions across priority
levels.

In addition to overall accuracy (82,3%) and balanced accuracy (82,1%), the precision, recall, and
F1 score for each class are presented to provide a more comprehensive assessment of model
performance (Table 3). The model performs best in the “High” and “Low” categories, with F1
scores of 0,90 and 0,84, respectively. The middle class, meanwhile, shows slightly lower differ-
ences (F1 = 0,72), consistent with the overlap observed in the confusion matrix and reflecting the
clinical ambiguity of intermediate cases. These findings underscore the model's robustness while
also pointing to areas for future improvement.
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Table 3. Evaluation metrics for each priority class.

Precision Recall F1-Score
Low 0,82 0,86 0,84
Medium 0,74 0,7 0,72
High 0,9 0,9 0,9
Accuracy 0,823 0,823 0,823
Macro avg 0,82 0,82 0,82
Weighted avg 0,82 0,82 0,82

These metrics, along with with decision tree-based models from surgical prioritization, are also
compared and presented in recent literature. The model demonstrates competitive performance
while maintaining high interpretability, an essential aspect for its practical implementation in
public health systems.

This set of metrics confirms that the model is not only statistically robust but also operationally
valuable, providing a reliable foundation to support decision-making in real-world clinical
settings.

Interpretability and clinical validation

One of the main advantages of the CART model lies in its high degree of explainability. The model
was trained using predefined hyperparameters, and the resulting structure is shown in Figure 2.
From this tree, five main decision rules were extracted, representing clinically meaningful
patterns. These rules were reviewed by medical professionals to ensure their alignment with
expert judgment and real-world practice.
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Severity < 1.5?

g

Priority: Low Urgency > 8.57

ax:

Priority: High Dest = 2.5?

A

Priority: High Urgency > 4.5?

Priority: Medium Priority: Low

Figure 2. Simplified CART decision tree showing surgical priority based
on Severity, Urgency, and Dest.

The most clinically relevant decision rules derived from the model are now presented:

Rule 1: If Severity < 1.5 — Low Priority

Rule 2: If Severity > 1.5 and Urgency > 8.5 — High Priority

Rule 3: If Severity > 1.5 and Urgency < 8.5 and Dest > 2.5 — High Priority

Rule 4: If Severity > 1.5 and Urgency < 8.5 and Dest < 2.5 and Urgency > 4.5 - Medium Priority
Rule 5: If Severity > 1.5 and Urgency < 8.5 and Dest < 2.5 and Urgency < 4.5 — Low Priority

This level of interpretability not only supports analytical transparency but also serves as a prac-
tical decision aid for clinical environments, enhancing traceability and trust in surgical prioritiza-
tion decisions.

DISCUSSION

In the present study, a clinically interpretable decision tree model was developed to prioritize
surgery allocation for elective ENT patients. Unlike purely data-driven training, the approach was
based on a group of predefined clinically validated rules derived from expert consensus. The
model was constructed on three central concepts: Severity, Urgency, and Dest, which articulate
the core aspects of surgical need, psychosocial vulnerability, and expected discharge. The
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resulting decision tree proved to be extremely simple, self-evident, and practical to translate into
guidelines for hospital practice staff.

The model has good interpretability, and that is one of its main advantages. Although more
advanced ML models like random forest or neural network may lose interpretability, the CART
model will be understandable from the clinical point of view, so that the clinical teams can under-
stand the decision paths and validate or reject each rule. In particular, the root node is Severity, a
concept relevant to the medical context, as it represents the severity of the pathology and aligns
perfectly with the way medical experts builds their reasoning, readily conveying face validity to
the model. In addition, the model also showed good discrimination in classifying patients into
low, medium, and high-priority groups, thereby increasing its credibility and reliability in clinical
application.

The approach is limited in its predictive flexibility because the model has rule-based rigidity built
into its design. The tree models may not be able to detect any hidden patterns not present in the
data or changes of patients' status over time. Furthermore, the prioritization mechanism is based
on a discretization of the Pscore index that, although it has a clinical basis, imposes arbitrary
cut-off values that may not fully capture the continuous risk scales. Hybrid models that integrate
expert rules as priors with more flexible learning frameworks should be further explored.

Implementation-wise, there are a number of concerns that need to be addressed to make these
practical for use. The potential solution must integrate with existing clinical practice and not
impose an additional burden on staff or harm patient equity. For this transport, it is suggested
that the decision tree system be implemented within a multidisciplinary scheduling committee as
part of a pilot study, given that its transparency can promote discussion and consensus. Addition-
ally, regular model reevaluations are needed to ensure that decision output aligns with emerging
clinical practice or resource supply.

While decision trees are interpretable and suitable for diverse datasets, they may be less scalable
when dealing with complex or high-dimensional data. It is acknowledged this limitation clarifies
that the model was specifically designed for a clinical dataset of 205 observations and 20 struc-
tured features. It is believed that for large-scale implementation, the use hybrid models (e.g.,
ensemble methods or model stacking) with regular retraining could ensure robustness and main-
tain explainability.

The study presents some limitations. The number of patients was enough to explore the problem,
but it may not fully represent complex cases. Since a rule-based model was used, it might miss
more complex patterns in the data. Also, grouping the prioritization scores into three groups, even
with expert input, adds some subjectivity. Lastly, because the data came from a single public
hospital, the model might not work the same way in other settings. These are all important points
for future work, in which the model is planned to be tested more widely and more flexible
methods explored.

In conclusion, the rule-based decision tree provides a robust, interpretable, and clinically plau-
sible solution to surgical waitlist prioritization in ENT. It incorporates commonly available factors
and is computationally undemanding; thus, it is readily applicable to impoverished public hospi-
tals. Although additional validation will be required in larger patient populations and across
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different specialties, the findings suggest that organized clinical reasoning, cast as algorithms,
may provide meaningful assistance in the pursuit of fair and efficient surgical scheduling.

CONCLUSIONS

A clinically interpretable decision tree model was developed and applied to order ENT services
according to predefined rules derived from expert consensus. By focusing the model formally on 3
main predictors, severity, urgency, and Dest, a simplistic model was successfully designed, stable
enough to rationalize the algorithm to enable transparent prioritization in realistic surgical sched-
uling settings. The tree structure makes sense and provides immediate interpretability, which is
crucial to trust and acceptance among health professionals.

The classifier effectively stratified patients into low, medium, and high-priority groups according
to clinically validated criteria. Visual examination of the tree verified that the hierarchy of deci-
sion rules is maintained with severity as the primary splitting criterion. This further reinforces the
correspondence between algorithmic logic and clinical logic. Furthermore, the simplicity of the
model facilitates an implementation that can be easily followed, which is especially attractive
under conditions of restricted technical resources and data science knowledge.

The results of this study will be used to improve the model, including patient-level data-driven
thresholds and dynamic learning from incoming patients, using ensemble methods to maintain
interpretability in future iterations. In addition, adaptive calibration methods could be designed
to recalibrate decision thresholds at regular intervals in light of changes in clinical need, capacity,
or prioritization rules. These modifications would enable the model to adapt and remain relevant
over time, without compromising the model's transparency.

Successful execution of CART requires managing institutional and cultural obstacles. It is essential
to involve clinical teams in the initial stages, train them on the deployment and interpretation of
the model, and seamlessly integrate the tool into the working schedules. A governance mecha-
nism must be implemented not only to ensure scheduled audits and ethical oversight, but also to
resolve disputes between the perception of model results and clinical judgment.

As future directions, the model is intended to be extended to other surgical subspecialties and to
be evaluated during a prospective pilot implementation. It is also planned to include patient-re-
ported outcomes and social determinants of health to further enhance the prioritization frame-
work. Ultimately, it is hoped that transparent, clinically validated, and operationally practical
models like the one studied can inform more equitable and efficient surgical waitlist manage-
ment, especially in resource-limited health care systems.
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