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Abstract1

Reported accuracies on a widely used four-class brain tumor2

MRI benchmark routinely exceed 98%, but the released split3

discards patient identity. We content-matched tumor images4

to their figshare source and recovered identifiers for 4586 im-5

ages from 233 patients. Of 906 tumor test images, 761 were6

traceable; every one belonged to a patient represented in train-7

ing. Separately, 216 of 1311 test images were pixel-identical8

to training images. Removing duplicates did not reduce ac-9

curacy (99.22% to 99.42%), whereas five-fold patient-disjoint10

cross-validation yielded 95.19% overall and 93.68% on tumor11

classes. On the same 761 images, accuracy fell from 99.12%12

when the patient appeared in training to 93.60% when absent,13

increasing the error rate 7.3-fold. A matched random-fold con-14

trol attributed 2.73 of the 4.03 percentage-point gap to patient15

grouping rather than the change in evaluation design; the class16

without patient identifiers changed negligibly despite relaxed17

proxy grouping. These results show that the released split18

measures recognition of additional slices from previously seen19

patients, not generalization to unseen patients. We release the20

recovered patient map, fixed folds, predictions, and analysis21

code.22

Keywords: data leakage; patient-level splitting; brain tumor23

MRI; benchmark audit; reproducibility; transfer learning24

1 Introduction25

Deep neural networks are widely evaluated on public medical-26

image collections because those collections make compari-27

son inexpensive and reproducible. Their apparent precision28

is meaningful only when the evaluation unit matches the in-29

tended use. For two-dimensional slices from a volumetric30

scan, splitting images independently can place adjacent slices31

from the same patient in both training and testing. The re-32

sulting test set is not independent: it measures recognition of33

another view of a patient already encountered during training34

rather than generalization to a new patient. Slice-level leakage35

has materially inflated performance in brain MRI and other36

medical-imaging tasks[1, 2], while broader reviews identify37

non-independent samples and duplicate images as recurring38

causes of unreliable machine-learning results[3, 4].39

The mechanism is specific to how volumetric imaging is 40

distributed for two-dimensional classification. A single diag- 41

nostic examination yields many contiguous slices of the same 42

anatomy, acquired on one scanner, in one session, under one 43

protocol. Neighbouring slices therefore share tumor appear- 44

ance, skull shape, field of view, intensity profile, and what- 45

ever artefacts the acquisition introduced. When such slices are 46

shuffled and then divided by image rather than by subject, a 47

model can reach a correct answer by recognising the examina- 48

tion rather than the pathology, and the test set silently rewards 49

that shortcut. Because the shortcut is available to every model 50

trained on the split, leaderboard-style comparisons between ar- 51

chitectures remain internally consistent while every entry on 52

the leaderboard overstates what the task requires. This failure 53

mode is not exotic: it is one of the most frequently catalogued 54

forms of leakage in applied machine learning[3], and it is dif- 55

ficult to detect from the outside precisely because the resulting 56

numbers look excellent rather than anomalous. 57

Aggregated public collections make the problem harder to 58

see. Compilations assembled from several upstream sources 59

are convenient, and their convenience is why they spread; 60

but aggregation frequently discards the metadata that made 61

grouped evaluation possible in the first place. Once subject 62

identifiers are dropped and files are renamed into class folders, 63

a downstream user has no way to honour subject boundaries, 64

and no warning that the boundaries were ever violated. The 65

released split then acquires an authority it has not earned: it 66

is treated as the benchmark’s official partition, reused across 67

papers for comparability, and cited as evidence that a method 68

generalises. Establishing whether that authority is warranted 69

requires recovering the discarded metadata, which is ordinar- 70

ily impossible. It is possible here only because part of the col- 71

lection descends from a source that still publishes patient iden- 72

tifiers, which makes this benchmark an unusually tractable test 73

case for a problem that is otherwise invisible. 74

This study audits a popular four-class brain tumor MRI col- 75

lection distributed through Mendeley Data and Kaggle[5, 6]. 76

The collection contains 7023 pre-split images labelled glioma, 77

meningioma, pituitary tumor, or no tumor, and has supported 78

many reported accuracies near 99%. Its tumor images are at- 79

tributed partly to the figshare collection of Cheng et al.[7], 80

which retains patient identifiers, but the aggregated four-class 81

release does not. Consequently, the released folders appear to 82
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prevent a patient-level audit.83

We recover the discarded identifiers by crop-normalized,84

orientation-invariant content matching against figshare. This85

enables three linked tests. First, we quantify exact duplicate86

and patient overlap in the released split. Second, we compare87

the same ResNet-18 pipeline under released, deduplicated, and88

five-fold patient-disjoint evaluation. Third, we run a matched89

random-fold control over the identical pooled population to90

separate the effect of patient grouping from the effect of chang-91

ing the evaluation design. The contribution is therefore not a92

new classifier. It is a provenance-assisted audit, a corrected93

evaluation, and reusable metadata that make patient-disjoint94

testing possible for this benchmark.95

2 Results96

2.1 The released split contains the same images97

and patients on both sides98

The released folders contain 5712 training and 1311 test im-99

ages. Hashing decoded pixels identified 216 test images100

(16.5%) that were pixel-identical to a training image; 103 were101

also byte-identical. Across both folders, the nominal 7023 files102

represented 6597 distinct pixel contents. Exact duplication103

was strongly class-dependent: no glioma test image was du-104

plicated, compared with 106 meningioma, 105 no-tumor, and105

five pituitary test images.106

The patient audit was more consequential. Crop-normalized107

matching across all eight dihedral image orientations recov-108

ered a figshare identifier for 4586 of 5023 tumor images109

(91.3%) and all 233 source patients. Of the 906 tumor im-110

ages in the released test folder, 761 (84%) were traceable: 287111

glioma, 178 meningioma, and 296 pituitary images. Every112

traceable test image belonged to a patient represented in the113

training folder. Overall, 206 of 233 patients (88.4%) appeared114

in both folders. The claim is limited to the traced population115

and is weakest in meningioma, for which coverage was 58%;116

it does not assume anything about the remaining 145 tumor117

test images. Table 1 summarizes the audit, and Figure 1 shows118

exact cross-split duplicates.119

Table 1: Audit of the released dataset and split. Patient-overlap

percentages use only tumor images with a recovered figshare

identifier.

Audit quantity Result

Released folders 5712 train; 1311 test

Distinct pixel contents 6597

Pixel-identical test images in training 216/1311 (16.5%)

Recovered figshare identifiers 4586/5023 (91.3%)

Traceable tumor test images 761/906 (84.0%)
Traceable tumor test images

with patient represented in training 761/761 (100%)

Patients appearing in both folders 206/233 (88.4%)

Figure 1: Released test images (left within each pair) and their

pixel-identical training counterparts.

2.2 Patient-disjoint evaluation lowers accuracy 120

We assigned each recovered patient to exactly one of five 121

folds and trained three aligned random seeds per fold. Un- 122

matched tumor images remained training-only. Because no 123

patient identifiers exist for the no-tumor class, we grouped 124

that class by near-duplicate cluster; the tumor-only result is 125

reported separately as the evaluation with complete patient 126

grouping. Training and validation were also group-disjoint. 127

Every eligible image was tested exactly once per seed, and no 128

fold contained patient or exact-pixel overlap across its training 129

and test boundary. 130

Pooled patient-disjoint accuracy was 95.19% across 6292 131

images (seed replicates 94.91%, 95.42%, and 95.23%; 95% 132

patient-clustered bootstrap interval 93.58–96.59%). On the 133

4586 tumor images, accuracy was 93.68% and macro-F1 was 134

0.935. Across the three complete seed replicates, meningioma 135

was weakest (mean F1 0.898), followed by glioma (0.943) and 136

pituitary tumor (0.959; Figure 2a). 137

The cleanest comparison uses the 761 traceable tumor test 138

images scored under both regimes. Released-split models, 139

which trained on each patient’s other slices, achieved 99.12%; 140

patient-disjoint models achieved 93.60%. The absolute dif- 141

ference was 5.52 percentage points and the error rate was 7.3 142

times higher without patient overlap (Figure 3a). 143

The headline comparison still changes both grouping and 144

evaluation design. We therefore built a five-fold random par- 145

tition over the same 6292 images, preserving each patient- 146

fold’s class counts, model pipeline, group-disjoint validation, 147

and three seeds. Pixel-identical images were kept together 148

so duplicate leakage could not confound the comparison. 149

Random-fold cross-validation reached 97.92%, 2.73 points 150

above patient-disjoint cross-validation (95% patient-clustered 151
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bootstrap interval 1.75–3.89; Table 2). On the 4586 tumor im-152

ages, the corresponding accuracies were 97.47% and 93.68%,153

a 3.79-point difference (95% interval 2.42–5.36). Thus, 68%154

of the 4.03-point overall gap between released and patient-155

disjoint evaluation was attributable to the grouping rule and156

32% to the remaining design changes.157

The per-class pattern supplies a control specific to patient158

identity. Random grouping improved all three classes with re-159

covered patient identifiers, most strongly meningioma (+7.33160

points). No-tumor accuracy changed by only -0.12 points even161

though its grouping was also relaxed: near-duplicate clusters162

were indivisible in the patient arm, whereas the random arm163

kept only exact-pixel groups together (Figure 3b). It is there-164

fore not an unchanged-grouping null; rather, the negligible165

change despite relaxed proxy grouping strengthens the con-166

trast with the patient-identified classes. Patient-fold means167

spanned 5.86 points, compared with 0.70 points for random168

folds (Figures 2b and 3b). A random-effects decomposition es-169

timated patient-partition variation at 2.18 points and seed vari-170

ation at 0.83 points; for random folds, the partition component171

reached the zero boundary while seed variation remained 0.87172

points. The zero is a truncated method-of-moments estimate,173

not proof of literal zero variance.174

Table 2: Classification performance under released, dedupli-

cated, matched random-fold, and patient-disjoint evaluation.

Difference rows report random minus patient accuracy with

patient-clustered paired 95% bootstrap intervals.

Evaluation Test n Accuracy or difference

Released holdout 1311 99.22% ± 0.16

Deduplicated holdout 1092 99.42% ± 0.30

Random-fold cross-validation 6292 97.92%

Patient-disjoint cross-validation 6292 95.19%

Random − patient 6292 2.73 pt (1.75–3.89)

Random-fold, tumor classes 4586 97.47%

Patient-disjoint, tumor classes 4586 93.68%

Random − patient, tumor 4586 3.79 pt (2.42–5.36)

2.3 Removing exact duplicates does not repair175

the split176

We removed every test image that was pixel-identical to train-177

ing data and collapsed duplicate groups within each folder.178

Across ten seeds, accuracy changed from 99.22% to 99.42%,179

an increase of 0.20 points rather than the decrease predicted by180

a duplicate-memorization account. The 95% confidence inter-181

val for the difference was -0.03 to +0.43 points, and a Welch182

test gave p = 0.081 (Table 3). Simply rescoring the original183

seed-42 model on the reduced test set produced the same pat-184

tern. More importantly, deduplication left all 756 remaining185

traceable test images and all 206 shared patients represented186

in training. It therefore removed repeated files without restor-187

ing independence.188

Duplicated test images were not easier for the released-split189

models: their pooled error rate was 1.39%, compared with190

0.66% for non-duplicated images. Because ten models scored191

the same fixed images, pooled predictions are not independent; 192

paired model-level and image-permutation tests did not reach 193

conventional significance (p = 0.117 and p = 0.078, respec- 194

tively). The direction is nonetheless inconsistent with exact- 195

copy memorization as the explanation for near-ceiling accu- 196

racy. 197

Table 3: Ten-seed released and deduplicated evaluations.

Released Deduplicated

Test images 1311 1092

Mean accuracy 99.22% 99.42%

Standard deviation 0.16 pt 0.30 pt

Range 98.93–99.47 98.81–99.73

2.4 Calibration and saliency do not establish 198

clinical reliability 199

Temperature scaling changed little on the released split, where 200

expected calibration error (ECE) was already 0.0043, but the 201

patient-disjoint fold was less well calibrated (ECE 0.0119; Ta- 202

ble 4). On that fold, eleven errors exceeded 0.90 confidence 203

before scaling and two after scaling, even though aggregate 204

ECE worsened to 0.0324. This single-fold result shows that a 205

favorable aggregate calibration score on the leaked split does 206

not transfer automatically to unseen patients; it does not estab- 207

lish that temperature scaling solves the problem. 208

Grad-CAM maps[10] from released and patient-disjoint 209

models were generally diffuse at the final convolutional layer’s 210

7× 7 resolution (Figure 4). A patient-disjoint no-tumor exam- 211

ple contained a visible text watermark and attention extending 212

toward image corners. Because the examples were selected il- 213

lustrations rather than a systematic analysis, they neither prove 214

lesion localization nor rule out source shortcuts. 215

Table 4: Calibration for seed 42 before and after tempera-

ture scaling. The patient-disjoint result uses fold 0 and group-

disjoint validation.

Released Patient-disjoint

Before After Before After

ECE 0.0043 0.0048 0.0119 0.0324

NLL 0.021 0.020 0.109 0.123

Errors > 0.90 4 1 11 2
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(a) Per-class F1 across released, deduplicated, and patient-disjoint

evaluation. Patient-disjoint annotations are arithmetic means of the

three complete seed replicates.

(b) Seed and fold variation under patient-disjoint evaluation.

Figure 2: Performance heterogeneity becomes visible only after patient grouping.

(a) The same 761 images scored with their patients

seen or unseen during training.

(b) Matched random-fold and patient-fold results.

Figure 3: Controls isolating patient overlap and patient grouping.

(a) Released-split model.

(b) Patient-disjoint model.

Figure 4: Grad-CAM illustrations for one image per class.

These qualitative examples are not localization evidence.

3 Discussion216

The released split cannot measure generalization to an unseen217

patient within its traceable tumor population: all 761 iden-218

tifiable tumor test images come from patients represented in 219

training. The practical consequence is visible in two comple- 220

mentary comparisons. On identical images, withholding the 221

patient increases the error rate 7.3-fold. Under matched cross- 222

validation, changing only the fold-assignment rule reduces ac- 223

curacy by 2.73 points overall and 3.79 points for tumor classes 224

(Table 2). No-tumor lacks patient identifiers and underwent 225

a different, smaller relaxation from near-duplicate to exact- 226

pixel grouping; its negligible -0.12-point change nevertheless 227

strengthens the interpretation that patient identity, rather than 228

fold size, drives the tumor-class difference. 229

The size of the effect deserves emphasis because accuracy 230

compresses it. A fall from 99.12% to 93.60% on the same 761 231

images sounds moderate when read as a difference of five per- 232

centage points, but the quantity that matters operationally is 233

the error rate, which rises 7.3-fold. A reader comparing pub- 234

lished methods on this benchmark is working in a range where 235

differences of a few tenths of a point are reported as progress; 236

the leakage penalty is an order of magnitude larger than that 237

resolution. Two methods separated by 0.3 points on the re- 238

leased split cannot be meaningfully ranked, because the split’s 239

own measurement error with respect to the intended question 240
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is far greater than the gap being interpreted. This is consistent241

with earlier findings that slice-level leakage inflates apparent242

performance in brain MRI and in neuroimaging classification243

more broadly[1, 2], and it extends them by separating the con-244

tribution of grouping from the contribution of evaluation de-245

sign within a single dataset.246

Exact duplication is a separate, smaller data-quality defect.247

Removing it does not reduce accuracy and cannot repair the248

patient overlap. This distinction matters because duplicate au-249

dits are easier than provenance recovery and may create false250

reassurance: a split can contain no identical files yet remain251

invalid when different slices from one patient cross the bound-252

ary. Benchmark curators should preserve subject identifiers253

or publish immutable subject-grouped folds, and users should254

group both test and validation partitions. Model selection255

against patients present in training is contaminated even when256

final evaluation is patient-disjoint.257

Three practices would have prevented the situation doc-258

umented here, and each is inexpensive. First, aggregation259

pipelines should carry an opaque subject key through every260

transformation, even when the subject’s identity is of no in-261

terest to the task; the key costs one column and preserves the262

option of grouped evaluation for everyone downstream. Sec-263

ond, a redistributed collection should state its provenance per264

image rather than per collection, so that a user can tell which265

upstream source a file came from and whether that source re-266

tained identifiers. Third, when subject identity genuinely can-267

not be recovered, the release should say so explicitly instead268

of shipping a split whose silence implies independence. A col-269

lection that documents its own limits invites appropriate use;270

one that does not is read as endorsing whatever evaluation its271

folder structure suggests.272

For readers of this literature, the practical implication is that273

a reported accuracy on a pre-split public collection carries an274

implicit claim about the split that is rarely examined. We sug-275

gest three questions that can be asked without access to the276

original data: whether the evaluation unit is the subject or the277

image, whether the validation partition used for model selec-278

tion was grouped in the same way as the test partition, and279

whether the reported variance reflects repeated partitions or280

only repeated seeds. Our results bear directly on the third: seed281

variation alone understates uncertainty substantially, since the282

estimated partition standard deviation was 2.6 times the seed283

standard deviation. A study reporting a tight interval across284

seeds on one grouped split is reporting the stability of its opti-285

miser, not the stability of its estimate.286

The patient-disjoint result is not a clinical-performance es-287

timate. It comes from a single aggregated public collection,288

uses two-dimensional slices, and does not test transport to a289

new hospital, scanner, demographic group, or acquisition pro-290

tocol. The no-tumor class has no recovered subject identity291

and is grouped only by near-duplicate cluster; residual subject292

overlap is therefore unknown. We assign the 437 unmatched293

tumor images to training only, which prevents them from con-294

taminating the evaluated tumor population but narrows that295

population to the recovered figshare component. Reporting296

93.68% tumor-only accuracy makes this boundary explicit.297

Partition variation also limits comparisons between models. 298

Patient-fold means spanned nearly six points and the estimated 299

partition standard deviation was 2.6 times the seed standard 300

deviation. Differences of one or two points between meth- 301

ods evaluated on different single splits are therefore not inter- 302

pretable without repeated grouped partitions. This concern ap- 303

plies to our earlier single-partition result and to published stud- 304

ies on this benchmark; Supplementary Table S5 documents 305

that correction and the other analyses superseded during this 306

work. It does not imply that their calculations are incorrect on 307

their stated splits. It means those splits answer a different and 308

easier question. 309

Several further limitations remain. The provenance audit 310

verified the figshare component but not the reported SARTAJ 311

or Br35H components. The content-matching threshold was 312

calibrated on realistically transformed positive controls, yet 313

8.7% of tumor images remained unmatched. The classifier 314

ignores three-dimensional context, which may contribute to 315

glioma–meningioma confusion. Calibration and Grad-CAM 316

analyses use one fold and a small number of qualitative ex- 317

amples, respectively. A stronger next study would combine 318

external, institution-disjoint validation; preserved subject and 319

acquisition metadata; volumetric models; systematic shortcut 320

tests with background masking; and uncertainty estimates as- 321

sessed across all patient folds. 322

The artifacts we release are intended to make the corrected 323

evaluation the path of least resistance rather than an additional 324

burden. The patient map records, for each matched image, its 325

figshare identifier, the accepted similarity score, and the ori- 326

entation under which it matched, so that a user can audit or 327

tighten our acceptance threshold rather than trusting it. The 328

fold assignments are cached and immutable, so two studies 329

that adopt them are comparing methods on identical partitions 330

instead of on independent draws whose spread we have shown 331

to be substantial. The per-image predictions allow every head- 332

line quantity in this paper to be recomputed without retrain- 333

ing, which is also what allowed us to verify them. None of 334

this requires redistributing the images themselves, and none 335

of it depends on our particular classifier: a future study may 336

replace ResNet-18 entirely and still inherit a patient-disjoint 337

evaluation of this benchmark. 338

For medical AI, overstated benchmark accuracy can shape 339

research priorities and perceived readiness. On the patient- 340

disjoint tumor evaluation, the model rarely called a tumor 341

healthy (7 of 4586 images) but assigned the wrong tumor type 342

to 6.2%, with glioma recall 0.944. These are slice-level counts, 343

not patient-level clinical endpoints. The model should not be 344

used for diagnosis or treatment decisions, and the released ar- 345

tifacts are intended for benchmark auditing and reproducible 346

research only. 347

4 Methods 348

4.1 Dataset and provenance recovery 349

We used the 7023-image four-class collection from Mende- 350

ley Data[5], also mirrored on Kaggle[6]; its released-folder 351
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composition appears in Supplementary Table S1. Images were352

used under their published folder labels. To recover sub-353

ject identity, we downloaded the 3064-slice figshare source[7],354

rendered each slice according to its accompanying conver-355

sion description, isolated the non-background brain bound-356

ing box, and resized both source and target images to a com-357

mon square. We compared ImageNet-pretrained ResNet-18358

embeddings across rotations and reflections. A transformed-359

positive control that applied cropping, resizing, and JPEG360

re-encoding to known matches produced a median cosine361

similarity of 0.9988 and minimum of 0.9884; we accepted362

matches at cosine ≥ 0.98. The complete mapping, scores,363

orientations, and three label disagreements are released in364

figshare patient map.json. Supplementary Meth-365

ods and Supplementary Table S2 provide additional sensitivity366

details.367

4.2 Duplicate and redundancy audit368

We computed SHA hashes over raw bytes and over decoded369

pixels resized to a fixed resolution. Cross-folder pixel hashes370

identified re-encoded copies that were not byte-identical. For371

a secondary redundancy analysis, we greedily grouped images372

with embedding cosine similarity ≥ 0.99 while preventing373

two cluster representatives from merging. Exact-duplicate and374

redundancy counts by class appear in Supplementary Table375

S3. Exact-duplicate counts support the primary contamination376

claim; near-duplicate clusters were used only as a conservative377

grouping proxy for the no-tumor class.378

4.3 Model and training379

All experiments used ImageNet-pretrained ResNet-18[8] with380

its final layer replaced by a four-class linear head. Grayscale381

images were replicated across three channels, resized to 224×382

224, and normalized by ImageNet means and standard devi-383

ations. Training augmentation applied horizontal flips, rota-384

tions up to 10 degrees, and brightness and contrast jitter up385

to 10%. We optimized cross-entropy with Adam at learn-386

ing rate 10
−4, batch size 32, no weight decay, and a maxi-387

mum of 30 epochs. A plateau scheduler halved the learning388

rate after two stagnant validation epochs; early stopping used389

five epochs without validation-loss improvement. Patient-fold390

runs used group-disjoint validation by recovered patient or no-391

tumor cluster. Software versions and all hyperparameters ap-392

pear in the repository and Supplementary Table S4.393

4.4 Evaluation designs394

The released condition trained on the 5712-image training395

folder and tested on all 1311 released test images. The396

deduplicated condition removed test images duplicated in397

training and collapsed within-folder exact-duplicate groups.398

The patient-disjoint condition assigned each of 233 recov-399

ered patients to exactly one of five test folds using class-400

stratified longest-processing-time allocation, balancing folds401

to within two slices per class. Two patients spanning labels402

were assigned by dominant label. Unmatched tumor images 403

were training-only. No-tumor images were deduplicated and 404

grouped by near-duplicate cluster. We ran seeds 0, 1, and 42 405

in every fold. 406

For the matched random control, we partitioned the same 407

6292 eligible images into five test folds with per-class sizes 408

identical to the patient folds but ignored patient identity. 409

Exact-pixel groups remained intact. One cached partition 410

(rand folds.json) was used for all three seeds, and each 411

image appeared in one test fold in both arms. The compar- 412

ison therefore changes the assignment rule without changing 413

the pooled evaluation population. 414

4.5 Statistical analysis 415

All tests were two-tailed and used a significance level of 416

α = 0.05; exact p values are reported throughout. Accu- 417

racy and macro-F1 were pooled over each complete five-fold 418

replicate. Patient-level bootstrap intervals resampled the 233 419

recovered patients with replacement; no-tumor clusters were 420

resampled as grouping units when included. The matched 421

random-versus-patient difference was computed per image 422

and bootstrapped by patient or cluster. Variance components 423

used a one-way random-effects method-of-moments decom- 424

position of the 5×3 fold-by-seed accuracy table; negative par- 425

tition estimates were truncated at zero and described as bound- 426

ary estimates. Released-versus-deduplicated seed means were 427

compared with Welch’s t-test on the ten per-seed accuracies 428

of each condition, with an interval for the mean difference. 429

Welch’s test was chosen because the two conditions are in- 430

dependent samples with unequal variances (0.16 and 0.30 431

percentage points) and unequal effective sample sizes; be- 432

cause each group contains only ten seeds, we verified that 433

the per-seed accuracies were consistent with normality using 434

the Shapiro–Wilk test (p = 0.91 released, p = 0.23 dedu- 435

plicated) and confirmed the conclusion with a distribution- 436

free two-tailed Mann–Whitney U test (U = 26, p = 0.075). 437

Duplicate-error analyses treated either model or image as the 438

resampling unit, not each correlated prediction as independent; 439

the image-level comparison used a two-tailed permutation test 440

that shuffled the duplicate label across the 1311 test images 441

over 10,000 resamples, which makes no distributional assump- 442

tion, and the model-level comparison used a paired t-test over 443

the ten per-seed error-rate pairs (t = 1.73; a Wilcoxon signed- 444

rank test agreed, p = 0.23). Duplicated images were identified 445

by re-hashing the decoded pixels of the released folders, so the 446

216 exact duplicates of the audit and the error comparison use 447

one definition; the script duplicate error test.py re- 448

generates both. Bootstrap intervals are two-sided percentile 449

intervals from 10,000 resamples and are not adjusted for mul- 450

tiplicity; the pre-specified primary comparison is the matched 451

random-versus-patient difference, and the remaining tests are 452

reported as exact p values for description rather than as a fam- 453

ily of confirmatory decisions. 454

Calibration used expected calibration error, negative log- 455

likelihood, and temperature scaling fitted to validation logits 456

following Guo et al.[9]. Grad-CAM targeted ResNet-18 layer 457
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4[10]. All primary quantities are regenerated from per-image458

prediction files by the released analysis scripts.459

4.6 Ethics declarations460

This work is a secondary analysis of publicly available, de-461

identified imaging data and did not require institutional review462

board approval; no experiments on humans, human samples,463

or animals were performed. The recovered “patient identi-464

fiers” are arbitrary within-dataset labels distributed with the465

source collection and do not identify individuals. No person-466

ally identifiable information appears in any text, figure, table,467

or Supplementary Information file.468

4.7 Use of AI assistance469

An AI coding assistant (Anthropic Claude) was used to re-470

vise analysis code, execute experiments, draft and edit text,471

and review intermediate results. OpenAI Codex was subse-472

quently used for structural and language editing to prepare the473

manuscript for submission. Large language models are not au-474

thors of this work. The author executed or inspected the anal-475

yses, checked the cited literature, verified the final manuscript476

and artifacts, and takes full responsibility for their accuracy477

and integrity.478

Data Availability479

The source images are third-party and are not redis-480

tributed. The aggregated four-class collection is avail-481

able from Mendeley Data[5] and Kaggle[6]; the figshare482

source used for provenance recovery is available under483

CC BY 4.0[7]. Derived patient identifiers, fold assign-484

ments, file manifests, per-run metrics, and per-image pre-485

dictions are publicly available in the versioned GitHub486

release v1.2.2 at https://github.com/imjbassi/487

Brain-Tumor-MRI-Classification/releases/488

tag/v1.2.2 and the corresponding Zenodo archive at489

https://doi.org/10.5281/zenodo.22755070.490

Code Availability491

All code required to rebuild the split, train the models,492

reproduce the statistical analyses, and regenerate the fig-493

ures is available under the MIT License in GitHub re-494

lease v1.2.2 at https://github.com/imjbassi/495

Brain-Tumor-MRI-Classification/releases/496

tag/v1.2.2. The release includes pinned Python depen-497

dencies and immutable patient and random-fold assignments.498

Relation to a Previous Preprint499

An earlier preprint by the same author, Brain Tu-500

mor Classification with Pretrained CNNs in PyTorch501

(DOI: 10.13140/RG.2.2.21638.28484), predates this502

dataset audit and reported 99.16% on the released split. It 503

contains none of the provenance recovery, leakage analysis, 504

or patient-disjoint evaluation reported here and is superseded 505

by this manuscript. 506
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