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Abstract: Public retinal fundus datasets have enabled many machine-learning studies on diabetic retinopathy detection, but high 
reported performance can be difficult to interpret when validation and reporting practices vary across studies. This structured 
secondary-data audit examined 30 source-traced study rows involving Kaggle-accessible diabetic-retinopathy datasets or closely 
related external-validation datasets. For each row, dataset use, model family, task framing, reported performance metrics, 
evidence-use tier, and nine reliability-reporting criteria were extracted into a reproducible workbook. The audit identified 
incomplete reporting of several reliability markers: external validation was clearly reported in 9 of 30 rows, confidence intervals 
in 2 of 30 rows, public code availability in 1 of 30 rows, and explicit leakage-control reporting in 12 of 30 rows. No row reached 
the high-reliability band under the predefined 0-9 rubric. Reported AUROC/AUC and accuracy values were summarized 
descriptively only because included rows used heterogeneous datasets, tasks, and validation procedures. The study identifies 
reporting gaps and supports cautious interpretation of high internal Kaggle performance claims. It does not train a new model, 
clinically validate a diagnostic system, or conduct a formal diagnostic-performance meta-analysis. 
Keywords: Diabetic retinopathy; fundus imaging; Kaggle; EyePACS; APTOS 2019; external validation; reproducibility; medical 
AI; secondary-data audit 
 

I. INTRODUCTION 
Diabetic retinopathy is a diabetes-related retinal disease that can lead to vision loss when it is not detected and managed in time [1]. 
Because early disease may be asymptomatic, screening programs and retinal imaging have become important tools for identifying 
patients who need follow-up care. Machine-learning systems for fundus-image analysis are therefore attractive because they may 
support screening workflows when specialist availability is limited. 
Public datasets have strongly shaped student and academic work in this area. Kaggle-hosted datasets, especially APTOS 2019 
Blindness Detection and Kaggle Diabetic Retinopathy Detection/EyePACS, are widely used because they provide labeled fundus 
images and allow reproducible experimentation without collecting private medical data [2,3]. However, easy access to public data 
also creates a methodological risk: high internal validation scores can be reported without enough information about external 
validation, confidence intervals, data leakage, class imbalance, or patient-level independence. 
This issue matters because medical-image performance can change when a model is tested outside the development distribution. 
The JAMA diabetic-retinopathy benchmark by Gulshan et al. demonstrated that strong performance can be reported with external 
validation and confidence intervals [4]. In contrast, the Voets et al. replication showed that performance obtained on Kaggle 
EyePACS did not fully transfer to Messidor-2, reinforcing the need to distinguish internal dataset performance from evidence of 
generalization [5]. 
The present study does not propose another retinal CNN architecture and does not claim clinical diagnostic performance. Instead, it 
audits the reporting reliability of previously reported diabetic-retinopathy AI studies that use Kaggle-accessible fundus datasets or 
closely related external-validation datasets. The intended contribution is a transparent reliability-reporting framework that 
distinguishes headline performance claims from the strength of supporting validation evidence. 
 
A. Research Questions 
1) Among diabetic-retinopathy machine-learning studies using Kaggle-accessible fundus datasets, how frequently are external 

validation, confidence intervals, statistical testing, code availability, leakage-control reporting, class-imbalance handling, 
patient/image split description, calibration reporting, and clinical metrics reported? 

2) How are reported AUROC/AUC and accuracy values distributed across reliability-score bands? 
3) Can a reproducible reliability rubric help distinguish headline performance claims from better-supported validation evidence? 
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B. Hypothesis 
The working hypothesis was that studies relying primarily on internal Kaggle validation would often report strong headline 
performance, but would receive lower reliability scores than studies that included external validation, uncertainty intervals, code 
release, leakage-control reporting, and clinically meaningful metrics. 
 

II. METHODS 
A. Study design 
A structured secondary-data audit was conducted. The unit of analysis was a source-traced study row in the extraction workbook. A 
row represented either a Kaggle-anchored diabetic-retinopathy machine-learning study, an adjacent study using Kaggle-accessible 
datasets with external validation, or a context benchmark retained for interpretation. This study was not a formal systematic review, 
not a PRISMA meta-analysis, and not a pooled diagnostic-performance meta-analysis. Its purpose was to audit reporting and 
validation practices rather than estimate a single pooled AUROC, accuracy, sensitivity, or specificity value. 
 
B. Dataset scope 
The primary dataset scope included APTOS 2019 Blindness Detection and Kaggle Diabetic Retinopathy Detection/EyePACS. 
Studies using Messidor, Messidor-2, IDRiD, DDR, or related retinal datasets were included when they were linked to Kaggle-style 
model development, external validation, or cross-dataset evaluation. Private-only studies were excluded from primary analysis 
unless they served as clinical benchmark context. 
 
C. Search and screening procedure 
Candidate studies were identified using web search, arXiv, JAMA, and Kaggle-related queries documented in the workbook 
screening log. Search strings included combinations of "APTOS 2019 diabetic retinopathy", "EyePACS Kaggle", "Messidor-2 
external validation", "AUROC", "sensitivity", "specificity", "class imbalance", and "code availability". The search procedure was 
documented for reproducibility, but it should not be described as exhaustive PRISMA screening. 
 
D. Source verification and metric handling 
Metric values were treated as source-traced only when they could be located on an official article page, arXiv abstract page, full 
article, or other stable source page recorded in the workbook. Rows verified only from abstracts or source pages were labelled as 
such and were not described as full-PDF table audits. Full-article verification was strongest when the complete paper page or article 
text provided metric values, confidence intervals, or validation details. 
The manuscript therefore avoids language such as "proven," "clinically validated," or "model superiority." Reported metrics are 
interpreted as previously reported values from heterogeneous studies, not as directly comparable measurements under a shared 
experimental protocol. 

TABLE I 
ELIGIBILITY LOGIC FOR THE SECONDARY-DATA AUDIT. 

Included Excluded 
APTOS 2019, Kaggle EyePACS/Diabetic Retinopathy 
Detection, or Kaggle-linked studies using Messidor/Messidor-2 
for validation 

Non-retinal studies, non-DR studies, private-only studies 
without relevance as benchmarks 

Papers reporting at least one performance metric or 
validation/reporting criterion 

Papers with no extractable metric and no reliability-criteria 
information 

Peer-reviewed papers, preprints, replication studies, and 
benchmark studies when source-level evidence was available 

Duplicate reports, nontechnical blog posts, and papers where the 
source could not be verified 

 
E. Extraction variables 
For each eligible row, the extraction table recorded study title, year, authors, source type, dataset or datasets, Kaggle anchor, 
external-validation dataset, task, model family, reported accuracy, AUROC/AUC, AUPRC, sensitivity, specificity, F1-score, 
confidence intervals, code availability, leakage-control reporting, class-imbalance handling, calibration or uncertainty reporting, 
evidence-use tier, and source-verification notes. 
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F. Reliability scoring rubric 
A 0-9 reliability-reporting rubric was defined before final manuscript revision. One point was awarded for each clearly reported 
criterion. Partial reporting was coded as 0.5 when a criterion was mentioned but incompletely documented. The score should be 
interpreted as a reporting-reliability indicator, not as a definitive judgment of model quality, author competence, or clinical 
usefulness. 

 
TABLE II 

RELIABILITY SCORING RUBRIC. 
Criterion Full point definition Why it matters 
External validation Independent external dataset used Tests performance beyond one dataset 

distribution 
Confidence intervals 95% CI or comparable uncertainty interval 

reported 
Prevents overinterpretation of single-point 
metrics 

Statistical testing Formal statistical comparison or p-value reported Assesses whether performance differences may 
reflect noise 

Code availability Public code or reproducible scripts confirmed Supports independent verification 
Leakage-control description Clear split, preprocessing, augmentation, and 

tuning separation 
Reduces inflated performance from test 
contamination 

Class-imbalance handling Weighting, sampling, focal loss, SMOTE, class-
wise reporting, or comparable method 

DR labels are often skewed 

Patient/image split 
description 

Patient-level, eye-level, or image-level split logic 
described 

Reduces same-patient or same-image leakage 
risk 

Calibration/uncertainty Calibration, uncertainty, or reliability analysis 
reported 

Medical probabilities should communicate 
uncertainty 

Clinical metrics Sensitivity, specificity, or comparable screening 
metrics reported 

Accuracy alone is insufficient for screening 

 
G. Evidence-use tiers 
Rows were assigned to evidence-use tiers before writing the Results section. Primary quantitative rows were used in descriptive 
performance plots. Secondary quantitative rows were retained for descriptive support but were not treated as the central evidence 
base. Criteria-only rows contributed to reporting-practice analysis when exact performance values could not be source-traced. 
Context-only benchmark rows were used to frame interpretation but were not treated as Kaggle-anchored performance evidence. 

 
TABLE III 

EVIDENCE-USE TIERS IN THE COMPLETED WORKBOOK. 
Evidence-use tier Rows Use in manuscript 
Primary quantitative 23 Main performance and reporting analyses 
Secondary quantitative 3 Descriptive support only 
Context-only benchmark 2 Background comparison, not pooled with 

Kaggle rows 
Criteria-only / qualitative 2 Reporting-criteria analysis only 
 

III. RESULTS 
A. Evidence base 
The completed workbook contained 30 source-traced rows. All 30 rows were retained for reporting-criteria analysis. For 
quantitative performance analysis, 23 rows were primary quantitative evidence, 3 rows were secondary quantitative evidence, 2 
rows were context-only benchmarks, 1 row was criteria-only, and 1 row was excluded from absolute-performance plots because the 
extracted metric was not appropriate for direct plotting. Figure 1 summarizes these evidence-use categories. 
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Fig. 1 Evidence-use flow for the 30 source-traced rows. The figure is an evidence-use diagram rather than a formal PRISMA 

diagram. 
 

B. Reporting and validation coverage 
External validation was clearly reported in 9 of 30 rows and partially reported in 4 rows. Confidence intervals were reported in 2 
rows. Statistical testing was not clearly reported in any row and was partially described in 3 rows. Code availability was confirmed 
in 1 row. Leakage-control reporting was clearly described in 12 rows and partially described in 9 rows. These counts describe 
reporting completeness; they should not be interpreted as proof that unreported safeguards were absent. 

 
TABLE IV 

REPORTING-CRITERIA COVERAGE ACROSS ALL SOURCE-TRACED ROWS. 
Criterion Yes Partial No/Unknown 
External validation 9 4 17 
Confidence intervals 2 0 28 
Statistical testing 0 3 27 
Code availability 1 2 27 
Leakage control described 12 17 1 
Class imbalance handled 6 9 15 
Patient/image split described 2 3 25 
Calibration/uncertainty 1 0 29 
Clinical metrics reported 13 13 4 
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Fig. 2 Reporting-criteria coverage across the 30 source-traced rows. Counts are descriptive and do not imply causal effects. 

 
C. Reliability-score distribution 
The mean reliability-reporting score was 2.85/9 and the median was 2.50/9. Reliability scores were concentrated in low and 
moderate bands: 20 rows were low-reliability, 9 rows were moderate-reliability, 0 rows were high-reliability, and 1 row was 
uncoded. Under this rubric, a low score indicates limited reporting of reliability safeguards, not necessarily poor model design. 

 
Fig. 3 Distribution of reliability bands based on the 0-9 rubric. 
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D. Reported performance and reliability score 
AUROC/AUC values were extractable for 8 primary quantitative rows, and accuracy values were extractable for 14 primary 
quantitative rows. Because these metrics were drawn from heterogeneous tasks, datasets, model families, and validation procedures, 
the scatter plots are descriptive. They should not be interpreted as pooled estimates or as direct head-to-head comparisons between 
models. 

 
Fig. 4 Reported AUROC/AUC versus reliability score among primary quantitative rows with extractable AUROC/AUC values. 

 

 
Fig. 5 Reported accuracy versus reliability score among primary quantitative rows with extractable accuracy values. 
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Fig. 6 Reported accuracy by reliability band. Box plots summarize heterogeneous tasks and should not be interpreted as pooled 

model performance. 
 

E. Selected evidence examples 
 

TABLE V 
SELECTED EVIDENCE EXAMPLES ILLUSTRATING INTERNAL PERFORMANCE, EXTERNAL VALIDATION, AND 

CONTEXT BENCHMARKS. 
ID Authors/Year Dataset(s) Metric highlighted Use tier Reliability 
1 Gulshan et al. (2016) None Acc NR; AUC 0.991 Context-only 

benchmark 
6 (Moderate) 

2 Voets, Møllersen, 
Bongo (2018) 

None Acc NR; AUC 0.94 Primary quantitative 4.5 (Moderate) 

5 delaPava, Ríos, 
Rodríguez, Perdomo, 
González (2021) 

None Acc NR; AUC 0.948 Primary quantitative 4.5 (Moderate) 

11 Mardianta, Affandy, 
Supriyanto, Wijaya 
(2025) 

None Acc 0.996; AUC NR Primary quantitative 2.5 (Low) 

12 Ahmed (2025) None Acc 0.989; AUC 0.994 Primary quantitative 2.5 (Low) 
19 Hashmi (2026) None Acc NR; AUC NR Primary quantitative 4 (Moderate) 
25 Joshi, Sharma, Rathod, 

Sawant, Musale, 
Kalamkar (2026) 

None Acc 0.8; AUC NR Primary quantitative 4 (Moderate) 

27 Urooj, Banerjee, Shaikh, 
Thakur, Gupta (2025) 

None Acc 0.847; AUC NR Primary quantitative 4 (Moderate) 

29 Urooj, Banerjee, Gupta 
(2025) 

None Acc 0.847; AUC NR Primary quantitative 4 (Moderate) 

30 Sánchez-Gutiérrez et al. 
(2022) 

None Acc NR; AUC 0.988 Context-only 
benchmark 

6 (Moderate) 
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IV. DISCUSSION 
A. Principal findings 
This secondary-data audit found that Kaggle-based diabetic-retinopathy AI studies often report strong performance, but reliability-
related reporting is inconsistent. Of the 30 source-traced rows, only 9 clearly reported external validation, only 2 reported 
confidence intervals, and only 1 confirmed public code availability. These findings identify reporting gaps rather than proving that 
any specific model is unreliable. 
 
B. Meaning for student medical-AI research 
The findings are directly relevant to student researchers because public datasets make it possible to build impressive-looking AI 
projects quickly. A diabetic-retinopathy classifier can report high accuracy on an internal split while still lacking external validation, 
uncertainty intervals, patient-level split details, or code release. The audit therefore shifts the evaluation question from "Which 
model has the highest accuracy?" to "Which performance claim is supported by the strongest validation evidence?" This is a more 
mature framing for a first research paper because it avoids untested clinical claims and evaluates reporting quality using a 
transparent rubric. 
 
C. External validation and generalization 
External validation emerged as a central reliability marker. Rows using Messidor or Messidor-2 as external validation were more 
informative than Kaggle-only internal validation rows because they tested model behavior across a different data source. However, 
this audit does not claim that every externally validated model is clinically ready or that every internally validated model is invalid. 
The appropriate conclusion is narrower: external validation gives reviewers stronger evidence for generalization. 
 
D. Why accuracy alone is insufficient 
Accuracy was frequently reported, but accuracy alone is not enough for diabetic-retinopathy screening. A model can appear accurate 
when class distributions are skewed, while still missing clinically important referable cases. Sensitivity, specificity, AUROC/AUC, 
AUPRC, calibration, and confidence intervals provide more information about screening behavior. The low frequency of confidence 
intervals and calibration reporting in this audit suggests that many studies provide limited information about uncertainty, even when 
their headline metrics are high. 
 
E. Reproducibility and leakage control 
The audit also found gaps in reproducibility and leakage-control reporting. Only one row confirmed public code availability, and 
many rows described splitting or preprocessing only partially. In image classification, leakage can occur when preprocessing 
decisions, augmentation, duplicate handling, or threshold selection are influenced by validation or test images. The audit scored only 
what was clearly reported, so missing details should be treated as reporting uncertainty rather than confirmed methodological 
failure. 
 

V. LIMITATIONS 
This study has several important limitations. First, the audit is a structured secondary-data review rather than a formal systematic 
review or meta-analysis.  
Although search queries and screening decisions were documented, the search may not have captured every relevant diabetic-
retinopathy paper using APTOS, EyePACS, Messidor, or related datasets. Second, several metrics were source-page or abstract 
verified rather than extracted from complete full-PDF tables. Those rows were retained only with explicit verification-status labels. 
Third, included studies used heterogeneous datasets, tasks, class definitions, validation procedures, and model families, so their 
reported metrics cannot be pooled into a single diagnostic-performance estimate. 
Fourth, the reliability score is an author-defined reporting rubric. Although each criterion was chosen for methodological relevance, 
the score has not been externally validated and should not be interpreted as a definitive measure of paper quality. Fifth, absence of 
reporting was scored as absence or uncertainty of evidence, not necessarily absence of the underlying practice. Sixth, this study did 
not rerun model code, reprocess image datasets, or independently validate any neural network. The conclusions are therefore limited 
to reporting reliability and evidence transparency. 
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TABLE VI 
MAIN LIMITATIONS AND MITIGATION STRATEGIES. 

Limitation Mitigation in this manuscript 
Not a formal systematic review The paper uses the more cautious label "structured secondary-

data audit." 
Heterogeneous metrics and tasks AUROC and accuracy plots are separated and interpreted 

descriptively. 
Preprint-heavy evidence base Source type and verification level are retained in the workbook. 
Author-defined reliability rubric Rubric criteria are transparent and reproducible. 
Missing reporting may not mean missing practice The paper frames results as reporting reliability, not actual 

model invalidity. 
No new model training The manuscript explicitly states that it analyzes previously 

reported results only. 
 

VI. CONCLUSION 
This study presents a reproducible secondary-data audit of Kaggle-based and Kaggle-adjacent diabetic-retinopathy AI studies. 
Across 30 source-traced rows, reliability-related reporting was inconsistent: external validation, confidence intervals, code 
availability, calibration analysis, and detailed leakage-control reporting were not uniformly documented. The main conclusion is 
intentionally cautious: high internal Kaggle performance should be interpreted alongside validation design and reporting 
completeness. The study does not establish clinical performance of any model, but it provides a practical rubric for reliability-aware 
evaluation of public-dataset medical-AI claims. 
 

VII. DATA AND MATERIALS AVAILABILITY 
The extraction workbook, figure data, and generated figures are submitted as supplementary materials. The workbook includes 
source URLs, evidence-use tiers, verification-status labels, and reliability-scoring decisions. The analysis did not use private patient 
data, did not access individual medical records, and did not train a new model. 
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SUPPLEMENTARY MATERIALS 
 

Table S1. Suggested supplementary package. 
File Purpose 
DR_Kaggle_Reliability_Audit_Workbook_v4_stage3_figures.xlsx Full extraction table, rubric, dashboard, figure data, verification notes 
DR_Kaggle_Reliability_Audit_Stage3_Figures.zip All generated figure PNGs 
DR_Kaggle_Reliability_Audit_Stage5_Full_Manuscript.docx Full manuscript draft 
DR_Kaggle_Reliability_Audit_Stage5_Full_Manuscript.pdf Rendered PDF preview for review 
 
 
 
 
 
 
 
 
 



 


