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Highlights (for review)

1. Ensemble Machine Learning Framework for Esophageal Cancer Classification

A robust ensemble machine learning framework was developed to classify esophageal cancer
using socio-demographic, dietary, behavioral, environmental, and clinical risk factors, enabling
accurate and reliable disease prediction.

2. Multi-Seed Ensemble Strategy for Improved Model Stability

A novel multi-seed ensemble classification approach was implemented to reduce model variance
and improve robustness by aggregating predictions across multiple randomized training and testing
splits.

3. Ensemble Feature Ranking for Optimal Feature Selection

An ensemble Random Forest—based feature ranking framework was designed to identify the
most predictive features, ensuring stable biomarker selection and improved model interpretability.

4. High Classification Performance with Reduced Feature Set

The proposed ensemble HGBC model achieved outstanding performance with 98.3% accuracy,
98.2% precision, 98.0% recall, and 98.1% F1-score using a reduced feature subset, demonstrating
efficient dimensionality reduction without performance loss.

5. Exceptional Discriminative Ability with Near-Perfect AUC

The ensemble HGBC model achieved an AUC of 0.994, indicating excellent discrimination
between cancer and non-cancer cases and confirming its suitability for high-precision clinical
decision support.

6. Zero False-Negative Predictions and Maximum Diagnostic Sensitivity

The proposed model achieved zero false negatives in evaluation, resulting in 100% statistical
power and perfect sensitivity, ensuring reliable detection of esophageal cancer cases.

1

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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7. ldentification of Key Dietary and Environmental Risk Factors

Feature importance analysis revealed that dietary habits, hot food consumption, environmental
exposures, and behavioral factors are among the most significant predictors of esophageal cancer
risk.

8. Ensemble Learning Outperforms Traditional Machine Learning Models

Boosting-based ensemble models, particularly HGBC and XGBoost, consistently outperformed
other classifiers, demonstrating superior predictive accuracy, stability, and robustness.

9. Efficient and Interpretable Al Framework for Clinical Decision Support

The proposed framework balances high predictive accuracy with interpretability, making it
suitable for assisting clinicians in early diagnosis and risk stratification of esophageal cancer.

10. Al-Driven Solution for Resource-Constrained Healthcare Settings

The proposed ensemble machine learning approach provides an effective and scalable
diagnostic support tool, particularly valuable for healthcare systems with limited resources and
access to specialized medical expertise.
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80  Abstract

81 Esophageal cancer (EC) remains one of the most lethal malignancies worldwide, with poor
82  survival outcomes largely attributable to late-stage diagnosis and limited treatment effectiveness.
83  Early detection and accurate risk stratification are therefore essential for improving clinical
84  management. In this study, we investigate the predictive value of socio-demographic, dietary,
85  behavioral, environmental, and clinical variables collected from 312 individuals (104 EC cases
86  and 208 controls) in the Arsi Zone, Ethiopia.

87  An ensemble features ranking approach based on Random Forest machine learning was first
88  applied to identify the most relevant predictive features. Subsequently, multiple ensemble machine
89 learning models were evaluated, including Histogram-based Gradient Boosting (Model 1),
90 Extreme Gradient Boosting (Model I1), AdaBoost (Model I11), Random Forest (Model V), and k-
91  Nearest Neighbors (Model V). These models were tested under multiple experimental settings
92  using both full and reduced feature subsets. To enhance robustness and minimize variability, a
93  multi-seed ensemble framework was employed. Different seed values generate distinct train—test
94  splits and slight variations in model initialization and optimization, leading to minor differences
95 in training outcomes; aggregating results across multiple seeds mitigates this variability and
96  provides more stable and reliable performance estimates.

97 The experimental results demonstrate that boosting-based ensemble models consistently

98  outperform other classifiers across all evaluation metrics. Model | achieved the highest overall

99  performance, reaching an accuracy of 0.983, with precision of 0.982, recall of 0.980, and F1-score
100 of 0.981 using the reduced feature set, while maintaining nearly identical performance with the
101  full feature set. Model Il also showed stable and strong predictive capability, achieving accuracies
102  of 0.963 and 0.961 for the full and reduced feature sets, respectively, with balanced precision,
103  recall, and F1-score values. These findings indicate that feature importance-based dimensionality
104  reduction preserves essential predictive information without compromising classification
105  performance.

106  Overall, the results highlight the significant predictive contribution of dietary and environmental
107  risk factors and demonstrate that ensemble learning provides a reliable, efficient, and clinically
108  meaningful approach for early EC detection. The proposed framework offers a promising direction
109 for supporting diagnostic decision-making and risk stratification in resource-limited healthcare
110  settings.

111

112 Keywords: Esophageal cancer; Machine learning; Ensemble learning; Feature selection; Gradient
113  boosting; XGBoost; Random Forest; Medical classification
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1. Introduction

Esophageal cancer (EC) is a highly lethal malignancy characterized by abnormal cell growth in
the esophageal lining. It remains a major global health concern, ranking as the seventh most
common cancer worldwide and the sixth leading cause of cancer-related deaths [1]. Approximately
570,000 new cases are reported annually, with particularly high prevalence in regions such as East
Asia and Eastern and Southern Africa, where esophageal squamous cell carcinoma (ESCC) is the
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143 predominant subtype [2]. In contrast, esophageal adenocarcinoma (EAC), the other major
144  histological type, is more common in Western countries, including the United States and Europe.
145  Both subtypes exhibit significant regional variation due to differences in environmental exposure,
146 lifestyle behaviors, and genetic susceptibility [3].

147  The etiology of EC varies according to its histological subtype. ESCC is strongly associated with
148 lifestyle-related risk factors, including tobacco use, alcohol consumption, nutritional deficiencies,
149 and frequent intake of hot beverages. Conversely, EAC is primarily linked to obesity,
150 gastroesophageal reflux disease (GERD), and Barrett’s esophagus. In addition, genetic
151  predisposition and environmental exposures contribute significantly to the development of both
152 ESCC and EAC. Recent studies highlight that genetic mutations, poor dietary habits, and
153  environmental risk factors play a critical role in the high incidence of ESCC in endemic regions
154 [4].

155  Despite advances in medical treatment, EC remains a challenging malignancy with poor prognosis,
156 largely due to late-stage diagnosis. The five-year survival rate remains below 15%, even with
157  current treatment approaches such as surgery, chemotherapy, and radiotherapy [5]. However,
158  recent developments in targeted therapy and immunotherapy offer promising opportunities to
159  improve patient outcomes. Immunotherapy, particularly immune checkpoint inhibitors, has shown
160  encouraging preliminary results in EC treatment. In addition, adoptive cell therapy and cancer
161  vaccine research have demonstrated potential in clinical trials [6]. Although immunotherapy has
162  emerged as an important treatment option for advanced EC, several challenges remain, including
163 identifying patients who will benefit most, managing immune-related adverse effects, and
164  optimizing combination strategies with conventional treatments [6].

165  Given the complexity and multifactorial nature of EC risk factors, there is an urgent need for robust
166  and scalable approaches to improve early detection and risk stratification. Machine learning (ML)
167  techniques provide powerful tools for analyzing large and complex datasets, identifying hidden
168  patterns, and improving diagnostic accuracy. By integrating clinical, demographic, behavioral, and
169  environmental data, ML models can assist in identifying high-risk individuals and supporting early
170  diagnosis. This approach has the potential to enhance screening programs, improve clinical
171  decision-making, and enable personalized treatment planning. Therefore, this study aims to
172  explore the application of ensemble machine learning techniques to identify key risk factors and
173  develop accurate predictive models for esophageal cancer detection and classification.

174 The remainder of this paper is organized as follows. Section 2 presents a review of related work.
175  Section 3 describes the research methodology. Section 4 introduces the ensemble-based machine
176  learning framework, including feature ranking and multi-seed classification strategies. Section 5
177  presents experimental results and discussion. Finally, Section 6 concludes the paper and provides
178  recommendations for future research.
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2. Literature Review

Esophageal cancer (EC) is a multifactorial disease influenced by a wide variety of environmental,
lifestyle, and genetic determinants. Although numerous studies have examined its etiology, the
relative contribution and interaction of these factors remain only partially understood. Early
diagnosis continues to play a crucial role in reducing disease burden, and white-light endoscopy
remains the primary clinical tool for screening and early lesion detection [7].
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207 A large body of epidemiological work has investigated the risk profile of esophageal squamous
208  cell carcinoma (ESCC), though consensus on its dominant causative pathways is still evolving.
209  Foundational studies have examined major behavioral and environmental exposures and assessed
210  their magnitude from a public-health standpoint [8]. In regions forming the traditional “esophageal
211  cancer belt,” including parts of central and northern China, research consistently points to
212  inadequate fruit and vegetable consumption, tobacco and alcohol use, nutritional deficiencies, and
213  habitual intake of scalding beverages as central contributors to the high regional incidence of
214  ESCC [9,10]. Other conditions, such as chronic gastrointestinal disorders, head and neck cancers,
215  human papillomavirus (HPV) infection, inherited syndromes like tylosis, low socioeconomic
216  status, and suboptimal oral hygiene, also appear to elevate risk, though their significance varies
217  geographically [11,12].

218  Broader epidemiological analyses reflect similar patterns. Lifestyle-related exposures such as
219  smoking, consumption of very hot tea, red-meat—-dominant diets, and poor oral health practices
220  have repeatedly been associated with increased ESCC risk, while low intake of fresh produce and
221  micronutrient-dense foods further exacerbates susceptibility [13]. Esophageal adenocarcinoma
222  (EAC), on the other hand, follows a different etiological trajectory: Barrett’s esophagus serves as
223 its primary precursor, with dysplastic changes representing the strongest predictor of malignant
224 progression. Recent trends in mortality, especially for EAC, underscore the need for deeper
225 investigation into its pathogenesis and improved targeted prevention strategies [7].

226  Environmental exposures, dietary habits, and socioeconomic inequalities all shape EC risk across
227  global populations [8]. High-risk geographic regions share common patterns of nutritional
228 insufficiency, widespread tobacco use, and cultural consumption of extremely hot beverages,
229  contributing to distinct disease burdens [9,10]. Additional susceptibility arises from underlying
230  medical conditions, viral infections, and genetically mediated vulnerabilities, further highlighting
231  the complexity of EC etiology [11,12]. Strengthening understanding of how these interacting
232  factors influence disease development remains essential for improving screening and prevention
233  strategies.

234 Nutritional influences constitute another important domain within EC research. Numerous studies
235  suggest that diets rich in fruits, vegetables, antioxidants, folate, vitamin C, and fiber exert a
236  protective effect against both ESCC and EAC [14-16]. Conversely, heavy alcohol consumption,
237  particularly spirits and beer, and tobacco use substantially increase EC risk, with synergistic
238  carcinogenic effects observed when these exposures co-occur [17-19]. Smoking continues to be
239  one of the strongest predictors of ESCC, and its adverse impact persists long after cessation
240  [20,21].

241  Beyond environmental and behavioral influences, gastroesophageal reflux disease (GERD) is a
242  major determinant of EAC. Recurrent exposure of the esophageal epithelium to gastric acid can
243  lead to metaplastic changes, ultimately promoting malignant transformation [22]. Genetic and
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244  familial studies further indicate that EC may follow an autosomal-recessive inheritance pattern in
245  certain populations, although the interplay between genetic architecture and environmental triggers
246  remains insufficiently characterized [23,24]. Recent advances in genomics and epigenetics have
247  identified key molecular abnormalities, including mutations and regulatory alterations, that offer
248  potential for earlier detection and more individualized therapeutic approaches [25,26].

249  Taken together, the literature characterizes EC as a disease arising from the interplay of diverse
250  risk factors spanning behavior, diet, environment, and genetic predisposition. This growing body
251  of evidence highlights the importance of comprehensive prevention efforts, ranging from lifestyle
252  modification to improved screening practices, as well as continued research aimed at elucidating
253  the biological mechanisms that drive esophageal carcinogenesis.

254
255
256
257
258
259

260 3. Research Methodology
261  3.1. Data Acquisition

262  Data were collected using close-ended questionnaires (checklists) that comprised demographic
263  characteristics (age, sex, and residence), clinical, histopathological type of cancer, tumor location,
264  degree of tumor differentiation, cancer stages, and the primary residences of the patients. The
265  severity of dysphagia was graded as follows: grade 1: normal swallowing; grade 2: difficulty in
266  swallowing solids; grade 3: difficulty in swallowing semisolids; grade 4: difficulty in swallowing
267  liquids; grade 5: difficulty in swallowing own saliva. The clinical staging was performed using
268  TNM (American Joint Committee on Cancer (AJCC) cancer staging manual); this is a staging
269  system that is an expression of the anatomical extent of the disease based on the extent of the
270  primary tumor (T), absence or presence of and extent of regional lymph node metastasis (N) and
271  absence or presence of distant metastasis (M). The administrative units, geographical locations,
272  and agro-climatic divisions were gathered from the Arsi Zone finance and economic development
273  office, while the topologies of the study area were collected by using Geographical Information
274 System (GIS) obtained from the agriculture departments of Arsi Zone.
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275  The dataset comprised 312 instances, of which 208 were controls and 104 were confirmed
276  esophageal cancer cases, and included predictors spanning socio-demographic, dietary,
277  behavioral, environmental, and clinical domains.

278
279  3.2. Pre-processing of the Data

280  As part of the pre-processing workflow, columns corresponding to unique identifiers were
281  removed because they do not provide any predictive value for the classification task. In addition,
282  a comprehensive exploratory data analysis was performed, building on our earlier visualization-
283  focused work in [27]. Missing values (NaNs), which typically arise from incomplete data entry or
284  unavailable measurements, were eliminated to ensure consistency and reliability for downstream
285  modeling. After completing all data cleaning steps, the final working dataset consisted of 312
286  instances and 52 relevant features, which are hereafter referred to as the full feature set. This
287  cleaned and reduced dataset was then partitioned into training (80%) and validation (20%) subsets.

288
289  3.3. Implementation of the Machine Learning Models

290  Machine learning (ML) is a branch of artificial intelligence (Al) that focuses on developing
291  algorithms capable of learning patterns from data and making predictions or decisions without
292  explicit programming. ML techniques can be broadly categorized into supervised, unsupervised,
293 and reinforcement learning, each serving distinct purposes based on the nature of the available
294  data. Supervised learning uses labeled data to train models for tasks such as classification and
295  regression, while unsupervised learning identifies hidden structures in unlabeled data. With the
296 rapid advancements in computing power and the availability of large datasets, machine learning
297  has been successfully applied in diverse fields such as healthcare, finance, and autonomous
298  systems, driving innovation and automation across industries.

299  The following machine learning models were implemented and evaluated using the dataset:
300

301 A. Histogram-based Gradient Boosting Classifier (HGBC) is an efficient implementation of
302 gradient boosting that improves computational performance by discretizing continuous features
303 into histograms before training [28]. Unlike traditional gradient boosting, which evaluates each
304  data point individually, HGBC groups feature values into discrete bins, significantly reducing
305 memory consumption and training time. The model sequentially builds an ensemble of weak
306 learners, typically decision trees, where each new tree is trained to correct the residual errors of
307  the previous ones. At each iteration, the model updates its predictions using the additive model:

10
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308
309 En(X) = Fn1(X) + ymhn(), (1)

310

311  where (E, (X)) is the ensemble model at iteration (m), (h ,,()) is the weak learner, and (ym) IS

312  the learning rate. The algorithm minimizes a differentiable loss function, such as squared error or
313 log loss, through gradient descent. Our HGBC model is implemented with 100 iterations, a
314  learning rate of 0.1, and histogram-based binning for computational efficiency.

315

316 B. Adaptive Boosting (AdaBoost) is an ensemble algorithm that combines multiple weak
317  classifiers into a strong classifier by iteratively reweighting misclassified samples [29]. Unlike
318  bagging-based methods, which train classifiers independently on bootstrapped samples, AdaBoost
319  assigns higher weights to difficult-to-classify instances, forcing subsequent weak learners to focus
320 on these challenging points. The final prediction is obtained through a weighted combination of
321  all weak learners:

322 FOO = Zmeg A nhn(@), @)

323 where (h,,(?)) represents the weak classifiers, (« ,,,) is the weight assigned to classifier (m), and

324 (M) is the total number of boosting rounds. AdaBoost minimizes an exponential loss function,

325  which increases the emphasis on misclassified data points. Our implementation uses 50 estimators
326  and a learning rate of 1.0 to balance model flexibility and generalization.

327

328 C. k-Nearest Neighbors (KNN) is a non-parametric, instance-based learning algorithm that
329 classifies new samples based on their similarity to existing data. For a given observation, the
330 algorithm identifies the (K) closest training points using a chosen distance metric, commonly the
331 Euclidean distance, and assigns a class label by majority vote [30]. Since KNN does not learn an
332  explicit model, computational cost is incurred during prediction, where distances between the new
333 instance and all training samples must be computed. The classification decision is given by:

334 = X EN, 1y, = o),
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335  where ( Nk) denotes the set of (k) nearest neighborsand 1(-) is an indicator function [31]. Our

336 KNN model uses (K = 100), providing smoother decision boundaries and reducing sensitivity to
337  noise.

338

339 D. Extreme Gradient Boosting (XGBoost) is a highly optimized gradient boosting framework
340  designed for efficiency, scalability, and regularized learning [32]. XGBoost employs second-order
341  gradient information, shrinkage, and column subsampling to improve model accuracy while
342  preventing overfitting. It also introduces a regularized objective function:

343

344 =3t 1Gw9) +211f=1 2(fi),
345 (3)

346

347  where L(:) is a differentiable loss function and Q(f;,) penalizes the complexity of individual trees.
348  Thisregularization distinguishes XGBoost from classical gradient boosting methods and improves
349  generalization performance. Additional optimizations, such as sparsity-aware learning and parallel
350 tree construction, enable fast model training even on large datasets. In this study, XGBoost
351  achieved consistently high performance on both full and reduced feature sets.

352

353 E. Random Forest (RF) is an ensemble learning method that constructs a collection of decision
354  trees, each trained on a bootstrap sample of the data and a random subset of features [33]. By
355 combining predictions from many decorrelated trees, Random Forest reduces variance and
356  mitigates overfitting. The prediction for classification tasks is obtained through majority voting
357 across all trees. Formally, for “T” trees, the classifier output is:

358 y = mode(f1(X), f2(X), ..., fr (X))
359
360

361  The random feature selection at each split ensures that the trees are diverse, which strengthens the
362 ensemble’s generalization ability. Random Forests also provide feature importance estimates
363  based on impurity reduction or permutation scores. In our experiments, the RF model offered
364  competitive accuracy, particularly in the ensemble configuration.

365

12
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366
367
368
369
370 4. Ensemble Framework
371

372  This section outlines the ensemble-based strategies integrated into our machine learning pipeline,
373 including the ensemble feature-ranking procedure and the multi-seed ensemble classification
374 framework, both of which are designed to enhance model stability and robustness. These
375  components are discussed briefly in the following subsections.

376
377 4.1 Ensemble Feature Ranking Framework
378

379  We designed an ensemble feature-ranking framework, illustrated in Fig. 1. To enhance the stability
380  of biomarker identification, we extended the multi-seed strategy to a Random Forest (RF)-based
381  feature-ranking model. Each RF model, configured using different seed values and trained on a
382  corresponding seed-specific train—test split, produced an independent ranking of feature
383  importance. Single-run feature importance scores are known to fluctuate in biomedical settings
384  due to correlations between variables and limited sample sizes [34]. Therefore, analyzing
385  importance values across multiple seeded models and training data splits provides a more reliable
386  assessment of each feature’s contribution and reduces the risk of identifying spurious biomarkers.

387

388  The final feature importance profile was obtained by averaging importance scores across all seed-
389  specific RF models, resulting in a more reliable and robust ranking [35, 36]. Ensemble-based
390 feature aggregation has been recommended in prior studies to enhance the stability of feature
391 selection and improve interpretability in biomedical research [33, 37]. For esophageal cancer
392  applications, such stability is crucial for highlighting features, whether clinical, molecular, or
393  imaging-based, that consistently contribute to classification performance. This helps ensure that
394  the identified biomarkers have stronger biological and translational relevance.

395 4.2 Ensemble Classification Framework

13
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396 InFig. 2, we designed a framework for the machine learning ensemble classifier. To ensure robust
397  model performance, we employed a multi-seed homogeneous ensemble classification strategy, as
398  shown in Fig. 2. The dataset was repeatedly split using different random seeds (S, S2, ..., Sn), and
399  the same base learners were configured using different random seeds (Si, Sz, ..., S,), which were
400 then trained on each corresponding seed-specific partition. This approach minimizes the
401  dependence of the model on a single train—test split and reduces variance, an important
402  consideration given the heterogeneity and typically limited sample sizes found in esophageal
403  cancer datasets [38, 39]. By training multiple models across different data segments, the ensemble
404  captures a broader representation of the underlying data distribution, aligning with established
405  ensemble learning theory [40].

406
407

408  Following training, each classifier provided individual predictions, which were aggregated using
409  majority voting to obtain the final ensemble decision. Majority voting is a simple yet effective
410  method for reducing the influence of outlying predictions and improving classification stability
411 [41]. In medically oriented classification problems, such as early detection or subtype
412  identification in esophageal cancer, ensemble methods have demonstrated improved reliability and
413  robustness compared with single-model approaches [42, 43]. Thus, the multi-seed ensemble
414 contributes to a more stable and clinically relevant diagnostic pipeline.

415

416  HGBC introduces randomness through histogram binning and subsampling strategies, which
417  diversify the weak learners and stabilize training. AdaBoost, while primarily deterministic in its
418  weight-updating procedure, often relies on randomized base learners such as decision stumps or
419  shallow trees to generate variation across iterations. XGBoost extends gradient boosting with
420 additional stochastic elements, including column subsampling and randomization in tree
421  construction, thereby improving efficiency and robustness. Random Forests explicitly embed
422  randomness through bootstrap sampling of the training data and random feature selection at each
423  split, ensuring high diversity among trees and yielding strong variance reduction.

424

425 In contrast, KNN is a deterministic algorithm. When provided with identical training data and
426  hyperparameters, it consistently produces the same predictions, with no stochastic variation. For
427  this reason, our proposed ensemble framework is only able to introduce diversity by applying
428  random training and test splits across individual KNN models. Other models, however, benefit
429  from randomization both in data partitioning and in the configuration of model stages within our
430 proposed ensemble design. In contrast, ensemble and boosting methods typically incorporate
431 randomness to enhance generalization and reduce overfitting. Together, these stochastic
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432  mechanisms help the proposed ensemble models mitigate the effects of randomness, resulting in
433  more reliable predictive performance.

434
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459 5. Results and Discussion
460

461 In this section, we present and analyze the predictive performance of the ensemble models
462  designed based on the machine learning algorithms described in Section 3.3. We first examine
463  feature importance to identify the key socio-demographic, dietary, behavioral, and environmental
464  variables contributing to esophageal cancer risk. We then evaluate classification performance
465  using multiple metrics, including accuracy, precision, recall, F1-score, and ROC curves, across
466  both full and reduced feature sets.

467

468 Two experimental setups were conducted to assess the impact of feature reduction on model
469  effectiveness, and ensemble classifiers were compared to evaluate robustness and stability. The
470  discussion highlights the interplay between biologically plausible risk factors and model
471  performance, providing insight into the practical utility of these predictive frameworks in clinical
472  and resource-limited settings.

473

474  Fig. 3 shows the feature-importance profile from the ensemble feature ranking model. It highlights
475  acluster of dietary and environmental variables as the most influential predictors, a pattern that is
476  consistent with established epidemiological evidence on esophageal cancer risk. Highly ranked
477  features such as “Q302Fsweets,” “Q297Folisandfats,” “Q312FCondiments,” and radiation
478  exposure align with research linking high intake of sugary foods, unhealthy fats, and preserved or
479  condiment-rich diets with elevated esophageal cancer risk.

480

481  Several studies [44, 45] have reported positive associations between preserved or high-salt foods,
482  sugary items, and fried or fatty foods and increased risk of esophageal squamous cell carcinoma
483 (ESCC). Likewise, the prominence of coffee volume, temperature of porridge, and variables
484  reflecting chemical use mirrors robust evidence that consumption of very hot foods or beverages
485  significantly increases esophageal cancer risk, with multiple meta-analyses demonstrating two- to
486  three-fold higher odds among individuals regularly consuming foods or drinks at high
487  temperatures. These parallels suggest that the model is capturing biologically plausible and
488 literature-supported associations, particularly those related to thermal injury, dietary irritants, and
489  environmental exposures [3].

490

491  Features appearing lower in the importance spectrum, although contributing less individually, still
492  reflect meaningful behavioral and demographic contexts observed in many esophageal cancer
” “types of porridge,

9% ¢ 99 ¢

493  studies. Variables such as “burning history, animal home,” “occupation,”
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494  and “khat chewing” signal lifestyle and environmental conditions that may shape underlying
495  exposure profiles, even if their direct predictive power is modest in the model.

496

29 ¢ 99 ¢

497  Socio-demographic indicators, including “education level,” “sex,” “marital status,” “ethnicity,”
498  and “residence,” also play secondary roles, which is consistent with literature showing that while
499 these factors may modify risk or influence exposure pathways, they seldom exert effects as strong
500 as dietary patterns or environmental hazards [46]. Taken together, the feature-importance
501  distribution underscores a multifactorial structure in which dietary behaviors, food-handling
502 practices, and environmental exposures form the core predictive signal, supported by a broader
503 constellation of lifestyle and demographic variables that provide contextual nuance rather than

504  driving the model’s predictions directly.
505

506 In this study, we conducted two experiments to generate reduced feature sets by progressively
507  removing predictors with the lowest feature-importance scores, as illustrated at the bottom of Fig.
508 3.

509

510 In Experiment 1, the last eight features, “Residence,” “Parental consanguinity,” “Ethnicity,”
511  “Religion,” “Q2950ilsandfats,” “Drinkingcoffee,” “Shisha smoking,” and “Work infactory”,
512 were removed. In Experiment 2, only the last two features, “Shisha smoking” and
513  “Work infactory”, were excluded.

514

515  This strategy is motivated by the clear pattern observed in the feature-importance ranking, where
516  several socio-demographic variables such as education level, sex, marital status, ethnicity, and
517  place of residence consistently fall within the lower half of the importance spectrum. Such
518 variables may provide contextual background but do not substantially influence the model’s
519  predictive behavior compared to the more dominant dietary, behavioral, and environmental risk
520 factors.

521

522 By systematically excluding these low-impact features, the two experiments allow us to evaluate
523  whether model performance can be preserved or even improved while reducing dimensionality
524  and enhancing interpretability. In the subsequent analysis, we select the two highest-performing
525  experimental settings and present the remaining results using a comparative framework, enabling
526 a clear assessment of how differences in feature-reduction strategies affect classification
527  performance across models.

528
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529  After selecting the most important features, several ensemble models were developed based on the
530 proposed ensemble classification framework (Fig. 2). The performance of the best proposed
531  esophageal cancer detection model was evaluated using an averaged confusion matrix across all
532  model components in Experiment 2 (Fig. 5).

533
534

535  The model correctly identified 41 esophageal cancer cases (true positives) and 21 non-cancer cases
536  (true negatives). A single false-positive prediction was observed, while no false-negative cases
537  were detected. Of particular clinical importance of Beta Risk (Type Il error probability) and
538  Diagnostic Sensitivity, the ensemble HGBC model exhibited zero false negatives, corresponding
539  toabeta risk (B) of 0. Accordingly, the statistical power (1 — B) of the model was 100%, indicating
540 that all true esophageal cancer cases present in the evaluation dataset were successfully detected.
541  This outcome reflects perfect sensitivity within the tested cohort.

542

543  In the context of cancer diagnostics, beta risk represents the probability of failing to detect disease
544  when it is present, a scenario that carries significant clinical consequences due to delayed diagnosis
545 and treatment. The absence of false-negative predictions in this evaluation suggests that the
546  proposed model effectively mitigates this risk, aligning with the clinical priority of maximizing
547  sensitivity in oncological decision-support systems. While one false-positive prediction was
548  observed, this trade-off is generally considered acceptable in decision-support systems, where
549  minimizing missed cancer cases outweighs the cost of additional diagnostic follow-up.

550

551  The ROC curve for the ensemble HGBC model using a full (left panel) and reduced feature set
552  (right panel) in Experiment 2 is shown in Fig. 4 which shows both having an AUC value of 0.994.
553  The ROC curve for the ensemble HGBC model using a reduced feature set in Experiment 2 shown
554  in Fig. 6 demonstrates a pronounced ability to discriminate between the two classes, as reflected
555 by its steep initial ascent and its near-horizontal trajectory across the upper region of the plot. This
556  shape indicates that the model achieves high true positive rates while maintaining low false
557  positive rates, a desirable characteristic in classification tasks where minimizing missed detections
558 and limiting false alarms are both critical. The curve’s proximity to the top-left corner of the ROC
559  space further underscores the model’s effectiveness, suggesting that even with a simplified feature
560 representation, the classifier captures meaningful patterns that separate the classes with high
561 fidelity.

562

563 An AUC of 0.994, as illustrated in Fig. 6, highlights the ensemble HGBC model’s exceptional
564  discriminative ability, reinforcing the visual impression of strong performance and positioning it
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565  well within the range typically indicative of an excellent classifier. Such a high AUC indicates that
566 the reduced-feature version of the model retains nearly all of the predictive power expected from
567  more complex configurations, implying that key information captured by the hemoglobin-related
568 variable(s) may be highly informative for the underlying classification task. This finding not only
569  highlights the robustness and efficiency of the model but also suggests practical advantages, such
570 asreduced computational overhead, improved interpretability, and potential clinical or operational
571  feasibility without substantial loss of accuracy.

572

573  The performance of the five ensemble design based on the machine-learning methods we have
574  briefly discussed in Sec. 3.3, namely, Voting-Based Histogram Gradient Boosting Ensemble
575  (Model ), Voting-Based Extreme Gradient Boosting Ensemble (Model 11), Voting-Based Extreme
576  AdaBoost (Model I11), Voting-Based Random Forest Ensemble (Model 1V), and Voting-Based K-
577  Nearest Neighbors Ensemble (Model V), was evaluated using the processed dataset consisting of
578 312 individuals, of whom 104 were confirmed esophageal cancer (EC) cases and 208 were non-
579  cancer controls. Each instance contained 52 selected features, which we refer to as "full,”
580 representing demographic characteristics, clinical symptoms, tumor-related factors, and other
581  medically relevant variables derived through feature-importance filtering (Section 3). The binary
582 classification task therefore involved distinguishing EC = 1 from non-EC = 0, and model outputs
583  were assessed relative to these labels.

584

585 A comparison of the two experiments presented in Tables 1 and 2 based on ensemble-based
586  machine learning models using reduced and full feature sets demonstrates that the strongest
587  classifiers, namely Model I, Model 11, and Model Il maintain consistently high performance
588  across both experimental setups, with only minor variations attributable to differences in feature
589  selection. Overall, the results indicate that feature reduction does not degrade predictive
590 performance and, in several cases, leads to marginal improvements.

591

592  Model | consistently emerges as the top-performing algorithm across both experiments. In
593  Experiment 1, Model | achieves identical peak accuracies of 0.981 for both the full and reduced
594  feature sets, while in Experiment 2 the reduced-feature configuration attains the highest overall
595  accuracy of 0.983. Similar trends are observed for precision, recall, and F1-score, confirming
596 Model I'’s robustness to feature elimination and its strong ability to capture complex nonlinear
597  relationships. These results highlight the suitability of Model | for high-stakes predictive tasks,
598  where stability and reliability are critical.

599
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600 Model Il also demonstrates stable and competitive performance across both experiments. In
601  Experiment 1, Model Il achieves identical accuracies of 0.963 for the full and reduced feature sets,
602 indicating insensitivity to feature reduction. In Experiment 2, a slight reduction in accuracy is
603  observed for the reduced feature set (0.961) compared to the full set (0.963), though the difference
604  is negligible. The consistency of Model 11 across experiments reflects its inherent regularization
605 mechanisms and resilience to redundant or correlated features.

606

607  Model 11l exhibits slightly greater sensitivity to feature selection compared with Model | and
608 Model II. In both experiments, the reduced-feature Model Il achieves an accuracy of 0.940,
609 marginally outperforming the full-feature model (0.938). This suggests that removing less
610 informative variables improves Model Il stability by reducing noise and overfitting while
611  preserving strong predictive capability.

612

613  Among the mid-tier classifiers, Model 1V and Model V display more noticeable effects of feature
614  reduction. In Experiment 1, both models exhibit identical performance across full and reduced
615 feature sets, with accuracies of 0.923 for Model IV and 0.880 for Model V. In Experiment 2,
616  however, the reduced-feature versions outperform their full-feature counterparts, with Model V
617  improving from 0.880 to 0.896 accuracy and Model IV showing a modest gain from 0.923 to
618 0.924. These findings suggest that distance-based and boosting-based methods benefit from the
619  removal of irrelevant or noisy features, which can otherwise distort neighborhood relationships or
620  weak learner updates.

621

622  Overall, the comparative analysis across Experiments 1 and 2 confirms that feature reduction
623  preserves predictive performance across all evaluated models, with negligible differences in
624  accuracy, precision, recall, and F1-score. In several cases, reduced feature sets slightly enhance
625 performance, indicating that the selected features retain the most informative variables while
626  eliminating redundancy.

627

628  Across both experiments, ensemble learning approaches consistently outperform or match simpler
629 classifiers. Ensemble of the boosting-based ML models, particularly Model | and Model Il, deliver
630 the highest and most balanced performance, demonstrating strong generalization ability even
631  under reduced feature representations. These results confirm that the proposed ensemble models
632  are well suited for esophageal cancer prediction in this dataset, providing high accuracy alongside
633 clinically relevant sensitivity and robustness.

634
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635  Typically, ensemble machine-learning models trained on a reduced dataset show lower predictive
636  accuracy because removing instances or features leads to information loss and weaker data
637  representation [47, 48]. However, in our case, the models trained on the feature-reduced subset
638 achieved performance measures that were statistically comparable to, or even better than, those
639 trained on the full dataset.

640

641  This outcome provides strong empirical support for the proposed ensemble random forest feature-
642 ranking framework. The framework effectively identifies the most relevant and non-redundant
643  features, indicating that the removed features contribute little or even introduce noise to the
644  prediction process. As a result, the smaller feature subset still preserves the essential discriminative
645  information required for constructing a high-performing predictive model.

646

647  Usually ensemble models enhance machine learning performance by aggregating multiple base
648 learners into a final decision that leverages complementary model outputs to improve predictive
649 reliability. Our proposed ensemble approach reduces sensitivity to minor perturbations in training
650 data and hyperparameter configurations, thereby increasing stability and generalization capacity.
651  As a result, ensembles exhibit diminished vulnerability to noise and inherent variability within
652  datasets and model configuration. Although improvements in accuracy may sometimes be
653 incremental, and in certain contexts even limited, the associated reduction in variance and
654  enhancement of consistency are critical, particularly in high-stakes domains such as medical
655  diagnostics, where dependable and reproducible predictions are essential for safe clinical decision-
656  making.

657

658  The comparison plots in Fig. 7 indicate that the proposed ensemble models consistently achieve
659  high and stable accuracy across both full and reduced feature sets, with boosting-based methods
660  showing the strongest overall performance. Ensemble model designed based on HGBC algorithm
661 attains accuracies of approximately 0.98 in both experiments, including the reduced feature
662  configuration, while ensemble model designed based on XGBoost algorithm remains similarly
663  stable at around 0.96 across feature sets and experimental setups. Ensemble model designed based
664 on RF achieves accuracies close to 0.94 in both cases, with a slight and consistent advantage for
665 the reduced feature set. Ensemble model designed based on KNN records an accuracy of about
666  0.88 in Experiment 1 for both feature sets, improving to approximately 0.90 with reduced features
667 in Experiment 2, indicating sensitivity to dimensionality. Ensemble model designed based on
668 AdaBoost remains stable at roughly 0.92 across both experiments, with minimal differences
669  between full and reduced features. Overall, these results demonstrate the robustness and
670 effectiveness of ensemble models, particularly boosting-based approaches, and show that reduced
671  feature sets can maintain comparable accuracy while improving computational efficiency.
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6. Conclusion

This study demonstrates the effectiveness of ensemble-based machine learning approaches,
particularly ensemble of boosting-based models, for improving the detection and risk stratification
of esophageal cancer (EC) using structured clinical, behavioral, dietary, and environmental data.
The proposed framework integrates a multi-seed ensemble classification strategy with an
ensemble-based feature-ranking approach, evaluated on both full and reduced feature sets. The
findings show that a reduced subset of features, primarily related to dietary practices, consumption
of hot foods, environmental exposures, and selected behavioral factors, is sufficient to preserve,
and in some cases enhance, predictive performance across multiple classifiers. This underscores
the critical role of these factors in EC risk assessment.

22


https://doi.org/10.64898/2026.03.09.26347944
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.64898/2026.03.09.26347944; this version posted March 11, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

701  Among the evaluated models, Model | consistently achieved the highest and most stable
702  performance across both experiments. In Experiment 1, Model | attained an accuracy of 0.981 for
703  both full and reduced feature sets, while in Experiment 2 the reduced-feature model achieved the
704  highest overall accuracy of 0.983, accompanied by strong precision, recall, and F1-score values.
705  These results highlight Model I’s robustness to feature reduction and its ability to effectively model
706 complex nonlinear relationships inherent in EC risk data.

707

708  Model Il also demonstrated consistently strong performance, maintaining an accuracy of 0.963
709  across full and reduced feature sets in Experiment 1, with only a marginal decrease to 0.961 for
710  the reduced-feature model in Experiment 2. The stability of Model Il under feature reduction
711  reflects its inherent regularization and feature-handling capabilities.

712

713 Model 111 showed slightly greater sensitivity to feature selection; however, the reduced-feature
714  configuration marginally outperformed the full-feature model in both experiments, indicating that
715  dimensionality reduction can improve model stability by minimizing noise and redundancy.

716

717  Overall, the results demonstrate that Model | achieves zero beta risk, maximal statistical power,
718 and high diagnostic sensitivity for esophageal cancer detection in the evaluated dataset. These
719  findings support its potential suitability for assistive diagnostic use. Further validation on larger,
720 independent, and multi-center datasets is necessary to assess generalizability and confirm
721  performance stability.

722

723  While these results are promising, several limitations remain. The dataset represents a specific
724  high-risk geographic region and has a moderate sample size, which may limit external
725  generalizability. Future work should expand the dataset, integrate additional

726

727  modalities such as imaging or genomic features, and explore explainable Al techniques to enhance
728  clinical interpretability. Incorporating deep learning models or hybrid architectures may further
729  improve predictive capabilities.

730

731  In conclusion, this study presents a robust and interpretable framework for esophageal cancer
732  classification and demonstrates the practical value of ensemble machine learning models in
733 supporting early detection and clinical decision-making. The findings highlight the potential of
734 reduced-feature ensemble models to deliver accurate, efficient, and clinically relevant predictions,
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735  particularly in resource-constrained healthcare settings, thereby contributing to improved patient
736  outcomes and advancing precision medicine for esophageal cancer.
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Ensemble Base Feature
Model ID | Learner Set Accuracy | Precision | Recall | F1-Score
Model I HGBC Reduced 0.981 0.980 0.977 0.978
Full 0.981 0.980 0.977 0.978
Model II XGBoost | Reduced 0.963 0.966 0.952 0.957
Full 0.963 0.966 0.952 0.957
ModelIIl | RF Reduced 0.940 0.952 0.918 0.931
Full 0.938 0.948 0.916 0.928
Model IV | AdaBoost | Reduced 0.923 0.920 0.912 0.912
Full 0.923 0.920 0.912 0912
Model V KNN Reduced 0.880 0.898 0.840 0.856
Full 0.880 0.898 0.840 0.856

31

Table 1. Performance comparison of ensemble-based machine learning models using
reduced and full feature sets in Experiment 1.
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958
Ensemble Base Feature
Model ID | Learner Set Accuracy | Precision | Recall | F1-Score
Model I HGBC Reduced 0.983 0.982 0.980 0.981
Full 0.980 0.980 0.977 0.978
Model I XGBoost | Reduced 0.961 0.966 0.946 0.955
Full 0.963 0.966 0.952 0.957
ModelIIl | RF Reduced 0.940 0.951 0.917 0.930
Full 0.938 0.948 0.916 0.928
Model IV | AdaBoost | Reduced 0.924 0.921 0.913 0.914
Full 0.923 0.920 0.912 0.912
Model V KNN Reduced 0.896 0.914 0.859 0.877
Full 0.880 0.898 0.840 0.856
959

960 Table 2. Performance comparison of ensemble-based machine learning models using
961  reduced and full feature sets in Experiment 2.

962  Fiqures:
963
964
Splitting train-test . _ Ranking scores of
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datasets (seed = S2) ] Train RF 2 (seed = 52) the features Average ranking
Dataset scores of the
. . . features
L]
Splitting train-test | | Train RE n (seed = Sn) Ranking scores of
965 datasets (seed = Sn) the features

966  Figure 1. A chart of an ensemble feature ranking model framework.
967
968
969
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Figure 2. A chart of a machine learning ensemble classifier framework.
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Figure 3. The feature importance profile from the ensemble feature ranking model highlights a
cluster of dietary and environmental variables as the most influential predictors.
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Averaged ROC Curves — Full vs Reduced Features
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979  Figure 4. ROC for the ensemble HGBC model with full and reduced features in the data set in
980  Experiment 2.
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983  Figure 5. Confusion matrix of the ensemble HGBC model with reduced features in the data set in
984  Experiment 2.
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ROC Curves — Reduced Dataset (HGBC)
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987  Figure 6. ROC for the ensemble HGBC model with reduced features in the data set in Experiment
988 2.
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Comparison of Accuracies: Full vs Reduced Feature Sets
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994  Figure 7. Accuracy comparison for the evaluated ensemble-based machine learning models
995  between Experiment 1 (top panel) and Experiment 2 (bottom panel).
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