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Abstract001

Tear fluid is a non-invasive matrix for diag-002
nosing both ocular and systemic disease, and003
Atomic Force Microscopy (AFM) resolves the004
dried-residue surface at the nanometre scale,005
producing morphological patterns that vary006
across pathologies. Machine-learning work on007
this modality is frequently undermined by data008
leakage, in which multiple scans from the same009
patient end up on both sides of the train/test010
boundary. We present a patient-stratified bench-011
mark for disease classification from AFM tear-012
film images across three diagnostic granulari-013
ties: binary screening, a three-class grouping,014
and the full five-class differential. With no015
patient overlap between training and evalua-016
tion, EfficientNet-V2-S reaches a test macro017
accuracy of 94.1% (macro-F1 0.894) on bi-018
nary screening, 82.4% (0.664) on the three-019
class task, and 51.0% (0.542) on the five-class020
task. Performance therefore drops as granu-021
larity increases, and the classical, lightweight-022
CNN, and modern-CNN families all converge023
to a narrow band at five-class, evidence that,024
at this cohort size, sample count and morpho-025
logical variance bound the task more tightly026
than architecture. The benchmark establishes027
a baseline for the modality and makes the case028
that patient-level evaluation is a prerequisite for029
valid reporting.030

1 Introduction031

Tear fluid is an attractive diagnostic matrix because032

it is accessible and carries proteins, lipids, and033

metabolites at concentrations useful for biomarker034

work. It can be collected without needles, which035

suits large-scale screening and repeated sampling036

for both ocular conditions such as dry eye and sys-037

temic disease such as diabetes or multiple sclerosis.038

Biochemical assays have long been the standard039

readout, but high-resolution imaging now offers a040

complementary view: the morphology of the dried041

residue itself.042

Atomic Force Microscopy resolves this residue 043

at the nanometre scale. As tears evaporate, their 044

constituents arrange into dendrites and crystalline 045

patches whose geometry reflects the underlying 046

physiological state. Prior work has hypothesised 047

that changes in these patterns track changes in 048

composition and pre-analytical conditions (Glinská 049

et al., 2019; Kondrakhova et al., 2025), but most of 050

that work stops at descriptive analysis or small clas- 051

sification tasks and does not examine what modern 052

deep-learning models actually recover from the im- 053

ages. 054

The difficulty in asking that question rigorously 055

is evaluation integrity. Any single patient typically 056

contributes several scans from one clinic session, 057

so an image-level random split places correlated 058

scans on both sides of the train/test boundary and 059

rewards the model for recognising the patient rather 060

than the disease. In an earlier iteration of this work, 061

exactly that mistake produced an apparently strong 062

89.6% test accuracy under a leaky image-level split, 063

a number that collapsed as soon as the split was 064

redone at the patient level. We therefore commit, 065

for every experiment reported here, to a patient- 066

stratified protocol in which no patient identifier 067

appears in more than one partition, following the 068

general formulation of data leakage given by Kauf- 069

man et al. (2012) and the medical-imaging-specific 070

guidance of Willemink et al. (2020). 071

This paper presents the first patient-level deep- 072

learning benchmark for disease classification from 073

AFM tear-film images. Three diagnostic granular- 074

ities are trained and evaluated in parallel: binary 075

screening for any pathology, a three-class grouping 076

that isolates dry eye, and the full five-class dif- 077

ferential. The binary and three-class tasks prove 078

tractable; the five-class task is hard and exposes 079

the limits of what 240 images from 42 patients can 080

support. 081

The contributions of this work are: 082
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• A patient-stratified benchmark for AFM tear-083

film classification with zero patient overlap be-084

tween training and held-out sets, together with085

a quantified leakage gap (89.6% image-level086

accuracy under leakage → 51.0% test macro087

accuracy / 0.542 macro-F1 at the patient-088

stratified five-class task).089

• A performance hierarchy across three levels090

of diagnostic granularity (binary, three-class,091

five-class) that identifies binary screening as092

the most clinically tractable framing at the093

current cohort size.094

• A comparative analysis spanning handcrafted095

features, standard pretrained CNNs, and a reg-096

ularised modern CNN, showing that the three097

families converge in a narrow band at five-098

class, evidence that the bottleneck is signal,099

not capacity.100

2 Related Work101

A research lineage originating from the Košice102

group has, over roughly a decade, built up a mul-103

timodal account of the tear residue. Early work104

established the “structural fingerprint” of systemic105

disease (diabetes in the first instance) by combin-106

ing synchronous fluorescence spectroscopy (SFS),107

Fourier-transform infrared spectroscopy (FTIR),108

and AFM (Glinská et al., 2019). Later studies109

moved from description toward mechanism: AFM-110

IR traced the loss of dendritic patterns in diabetic111

tears to lysozyme damage and glycation (Kon-112

drakhova et al., 2025). The same toolkit was ex-113

tended to psychiatric and neurological conditions,114

positioning tear fluid as a candidate biomarker plat-115

form for major depressive disorder (Krajčíková116

et al., 2021) and multiple sclerosis (Tomečková117

et al., 2023).118

Classical tear-film morphology predates the119

AFM work by decades. Mucus ferning at the120

millimetre scale (crystalline fronds in dried tear121

films) has been used as a dry-eye indicator since122

Rolando’s 1984 observation and is still graded clin-123

ically (Masmali et al., 2014; Traipe-Castro et al.,124

2014). AFM extends the same idea to the nanome-125

tre scale, trading visual grading for quantitative126

height maps.127

In parallel, deep learning has been applied to128

tear-film analysis along a different axis: stabil-129

ity and break-up dynamics. Su et al. (2018) first130

applied CNNs to automated tear film break-up131

time (TBUT) estimation; follow-up work has cov- 132

ered classification of interference-colour images 133

(Kikukawa et al., 2023) and temporal modelling 134

of break-up patterns (Qian et al., 2025). Portable 135

capture has enabled clinical translation, with the 136

Smart Eye Camera pairing a phone-grade device 137

with a DL backend for dry-eye diagnosis (Shimizu 138

et al., 2023). Adjacent modalities, including OCT 139

en-face lipid-layer maps, have seen similar treat- 140

ment (Stegmann et al., 2023). More broadly, small- 141

cohort transfer learning is the established template 142

for medical image classification; Esteva’s dermatol- 143

ogy benchmark (Esteva et al., 2017) and the survey 144

by Litjens et al. (2017) are the canonical references 145

for that setting. 146

What is still missing is rigorous image-based 147

benchmarking on AFM tear-film images them- 148

selves. Image-level metrics in this space are rou- 149

tinely inflated by patient-level dependencies that 150

a standard random split does not break. Pre- 151

analytical choices (capillary collection versus flush- 152

ing, for example) are known to shift the proteomic 153

and morphological signal materially (Krajčíková 154

et al., 2022), so any model that accidentally learns 155

acquisition artefacts rather than disease can achieve 156

strong image-level numbers. Our contribution is 157

to bridge the Košice fingerprinting lineage with 158

modern deep learning while enforcing patient-level 159

evaluation, so that the reported numbers are tied to 160

diagnosis rather than to patient identity. 161

3 Data: Acquisition and Preparation 162

The dataset is a set of AFM scans of human tear- 163

film residues, acquired at a partner ophthalmol- 164

ogy clinic on a Bruker Dimension Icon NanoScope 165

(scanner head type SG). The underlying signal is 166

a nanometre-scale height map of the dried residue 167

surface, which is qualitatively different from the 168

two-dimensional intensity images produced by 169

light microscopy. Each scan is stored both as a 170

24-bit BMP rendered by the acquisition software 171

and as a binary AFM container with the raw 16-bit 172

height samples and an ASCII metadata header of 173

roughly 34 KB. 174

The task is a single-label classification over five 175

clinically defined groups (healthy controls, mul- 176

tiple sclerosis, glaucoma, diabetes, and dry eye 177

disease) for a total of 240 scans. The class distri- 178

bution is strongly imbalanced: multiple sclerosis 179

contributes 95 scans and dry eye only 13, a ratio 180

that reflects the prevalence of each condition in the 181
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referring clinic’s population and that we preserve182

through to the final evaluation.183

Scans were not collected under a machine-184

learning-oriented protocol: regions, magnifications,185

and line counts vary between sessions, and a por-186

tion of the corpus carries the instrument artefacts187

typical of contact-mode AFM: scan-line streaks,188

tip-contamination bands, local piezo drift. No scan189

was excluded on quality grounds; these variations190

are part of what a downstream model in this setting191

would actually encounter.192

The only preprocessing applied before mod-193

elling is a lossless conversion of each BMP to194

PNG at its native resolution (approximately 704×195

575 px). We do not resample, normalise, or edit196

content at this stage. A curated subset of the AFM197

header fields (scan size, scan rate, Z-sensitivity,198

among others) is also extracted into plain text; it199

is intended as an auxiliary text modality alongside200

the image.201

4 Evaluation Integrity: Patient-Level202

Splitting203

The corpus contains 240 images but only 42 unique204

patients: many clinic sessions produced several205

scans of the same residue, so the scans are corre-206

lated at the patient level. A random image-level207

split breaks that correlation in the wrong place208

(scans from the same patient land in both partitions)209

and rewards the model for recognising which pa-210

tient the scan belongs to. This is the classic leakage211

failure mode documented by Kaufman et al. (2012)212

and a known source of inflated metrics in medical213

imaging (Oakden-Rayner et al., 2020). In an earlier214

pass we observed precisely this failure mode: an215

89.6% accuracy under an image-level split, a figure216

that collapsed as soon as the split was redone at the217

patient level (Figure 1).218

We therefore commit to a patient-stratified split219

throughout. Patient identity is recovered from the220

filename stems by cutting on the vendor’s scan-221

index separator; everything that reduces to the same222

stem is treated as one session of one patient. Split-223

ting is then performed independently per class so224

that the 80/20 ratio holds within each diagnostic225

group, with the constraint that no patient code ap-226

pears in more than one partition. The resulting split227

has 189 images from 33 patients in training and 51228

images from 9 patients held out.229

Because several classes contain only a handful230

of unique patients, a three-way split would either231
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Figure 1: Five-class performance on the same underly-
ing corpus under an image-level (leaky) split versus the
patient-stratified split we commit to in the rest of the
paper. The left bar reports plain accuracy as originally
recorded; the right reports macro accuracy, because
the patient-level held-out set is class-imbalanced. The
−38.6 point drop is the central methodological observa-
tion of the paper.

empty the held-out side or force leakage, so val- 232

idation and test are identical by construction and 233

every held-out row is emitted under both labels. 234

This makes the lack of an independent test cohort 235

explicit rather than hidden, and keeps downstream 236

code that expects both labels working unchanged. 237

For the same reason we do not use k-fold cross- 238

validation: with so few patients per class, fold-to- 239

fold variation would be dominated by which pa- 240

tients happened to land in which fold rather than 241

by model differences. 242

The splitting script verifies two invariants at the 243

end of every run and aborts otherwise: no patient 244

code appears in both training and held-out, and 245

every held-out image appears exactly twice in the 246

split CSV (once as val, once as test). All training, 247

hyperparameter selection, and reported metrics be- 248

low are produced against this single fixed split. 249

5 Methods 250

With 240 images from 33 training patients, the 251

scarce resource is not capacity but supervision. A 252

transformer trained from scratch would memorise 253

the 33 patients and fail on the held-out 9; a hand- 254

tuned feature pipeline with enough prior knowledge 255

could plausibly match whatever a large network 256

learns end-to-end. Our experimental design there- 257

fore spans three families of deliberately different 258

inductive bias so that the reported ceiling reflects 259
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the task, not the architecture. If the three families260

converge on the same held-out number, the signal261

itself is the bottleneck; if they separate, the gap262

tells us which inductive bias pays off at this sample263

size.264

5.1 Diagnostic Task Framings265

We train three framings side by side, each with its266

own checkpoint per architecture. The binary task267

separates healthy controls from any pathological268

sample and tests whether the modality carries a269

disease signal at all. The three-class task keeps270

healthy and dry eye separate and groups multiple271

sclerosis, glaucoma, and diabetes into a single dis-272

ease label; dry eye is isolated because it is the273

condition with the most direct mechanical effect on274

tear-film composition and volume, so the framing275

asks whether its signature is separable from the276

remaining pathologies without yet demanding fine-277

grained discrimination among them. The five-class278

task is the full differential and the hardest of the279

three; it exposes the ceiling most clearly.280

5.2 Model Families and Inductive Biases281

We compare three families covering a wide span of282

inductive bias.283

Classical handcrafted baselines. A deliberately284

low-capacity reference built to answer one ques-285

tion: how much of the task can be solved with-286

out any learned representation. For each cropped287

image we compute a 68-dimensional feature vec-288

tor (grayscale moments and percentiles, a 32-bin289

intensity histogram, Sobel-gradient statistics, a290

Laplacian-variance focus proxy, per-channel RGB291

statistics, and 16 radial bins of the Fourier mag-292

nitude spectrum) and fit four scikit-learn (Pe-293

dregosa et al., 2011) classifiers in parallel (logis-294

tic regression, SVM with RBF, a 400-tree random295

forest, and a 300-estimator gradient-boosting en-296

semble), keeping the one with the best validation297

macro-F1. A small gap between this family and298

the deep models is evidence that the discrimina-299

tive information at this sample size is largely low-300

dimensional.301

Standard pretrained CNNs. ImageNet-302

pretrained (Deng et al., 2009) ResNet-18 (He303

et al., 2016), ResNet-34, and MobileNet-V3-Small304

(Howard et al., 2019), resized to 224×224 after the305

AFM crop. The only head change is replacing the306

final linear layer with one of width num_classes;307

training uses AdamW (Loshchilov and Hutter,308

2019) at 3 × 10−4, weight decay 10−4, a cosine 309

schedule (Loshchilov and Hutter, 2017) without 310

warmup, plain cross-entropy (no label smoothing 311

or class weighting), and no MixUp or CutMix. 312

Fifteen epochs at batch size 32 are enough: best 313

validation macro-F1 is reached inside the first few 314

epochs on all three backbones. ResNet-18 (11 M 315

parameters) and MobileNet-V3-Small (1.5 M) 316

bracket a 7× difference in capacity; if either 317

meaningfully beats the other, capacity is a limiting 318

factor. In practice their held-out numbers lie within 319

noise of one another. 320

Alternatives considered and rejected. Larger 321

EfficientNets (V2-M and B3) were trained under 322

the same recipe as V2-S and did not improve held- 323

out macro-F1 despite two- to three-times the param- 324

eter count, which we take as evidence that capacity 325

is not the binding constraint at 240 images. Pure Vi- 326

sion Transformers (Dosovitskiy et al., 2021) were 327

not trained: matching CNNs on small downstream 328

tasks typically requires very large pretraining cor- 329

pora or strong distillation, neither of which was 330

within the scope of this study. A CLIP-style con- 331

trastive backbone (Radford et al., 2021) (ViT-L/14 332

features with logistic regression) was explored in 333

an earlier iteration and reached roughly 57% five- 334

class test accuracy, within the same band as the 335

CNNs we report, but with no natural path to exploit 336

the AFM metadata header. A vision-language direc- 337

tion combining Qwen2.5-VL-7B (Bai et al., 2025) 338

with QLoRA (Dettmers et al., 2023) fine-tuning on 339

image–header pairs is under way; its zero-shot ac- 340

curacy is near chance, consistent with the absence 341

of AFM priors in the pretraining mix, so we defer 342

its reporting until the fine-tune stabilises. 343

Reference model: EfficientNet-V2-S. V2-S 344

(Tan and Le, 2021) (21 M parameters, ImageNet1K- 345

V1 weights, 384× 384) is our reference. Among 346

the candidates above, it reached the best validation 347

macro-F1 on the five-class framing and fits com- 348

fortably on the single NVIDIA RTX 5090 (32 GB) 349

used for all training runs in this paper. Its fine- 350

tuning recipe differs from the simple-CNN family 351

in six ways, each motivated by the data regime: 352

(i) the backbone is frozen for the first two epochs 353

so the freshly initialised head cannot push large 354

gradients into the pretrained features; skipping this 355

stage destabilises the first epoch of head updates on 356

every run. (ii) The backbone learns at 5×10−5 and 357

the head at 10× that rate under a single AdamW 358

optimiser. (iii) The schedule is cosine decay with 359

4



5% linear warmup. (iv) MixUp (Zhang et al., 2018)360

(α = 0.2) and CutMix (Yun et al., 2019) (α = 1.0)361

are sampled per batch as regularisers against mem-362

orisation of specific scans; on 189 training images363

they provide meaningful regularisation. (v) Cross-364

entropy is class-weighted by inverse frequency365

with mean 1 (Johnson and Khoshgoftaar, 2019)366

(a simpler alternative to focal loss (Lin et al., 2017)367

or effective-number weighting (Cui et al., 2019),368

which we did not find necessary at this corpus size),369

and label smoothing (Szegedy et al., 2016) is set to370

ε = 0.1; without class weighting the 7:1 imbalance371

pushes minority-class recall to zero. (vi) Stochastic372

depth (Huang et al., 2016) rates are multiplied by373

1.5 and capped at 0.3, and head dropout is 0.4, both374

motivated by the tendency of V2-S to overfit within375

the first five epochs on this corpus.376

5.3 Alternative Pipeline: Physics-Aware377

Tabular Features378

Alongside the image pipeline above, we run a379

non-image tabular pipeline that feeds the tree en-380

sembles reported in §7. Rather than the ren-381

dered BMP, it operates on the raw 4-channel AFM382

container (height_sensor, amplitude_error,383

phase, height) after a physics-aware preprocess-384

ing chain applied per channel: least-squares plane385

leveling on the two height channels to remove sam-386

ple tilt, per-row median subtraction to correct line-387

by-line piezo hysteresis, clipping to the 1st–99th388

percentile against tip-crash spikes, and robust scal-389

ing with median/IQR. Phase and amplitude-error390

channels skip the plane-leveling step because they391

carry no tilt artefact.392

Nine feature extractors are then run on each393

cleaned channel: 16 basic statistics (moments, per-394

centiles, RMS, Ra, Rq, skewness, kurtosis), 4395

spatial-gradient statistics, 4 GLCM texture descrip-396

tors (contrast, homogeneity, energy, entropy at 16397

quantisation levels), 4 radial-band powers of the398

2D FFT plus spectral entropy, 12 Local Binary Pat-399

tern histogram summaries across 3 radii, 16 Gabor400

responses at 2 frequencies and 4 orientations (mean401

and std), 7 Daubechies-4 wavelet energies across402

2 decomposition levels, 1 box-counting fractal di-403

mension on the median-thresholded binarisation,404

and 3 peak/valley topology counts. Cross-channel405

dependency is captured by 6 pairwise Pearson cor-406

relations between the 4 channels, and a further 15407

bookkeeping features (7 quality-control flags and408

8 channel-presence masks) are appended, giving409

(16+4+4+4+12+16+7+1+3)×4+6+7+8 =410

289 features per scan. Scans larger than 1024 px 411

on a side are stride-downsampled before extraction 412

so the per-scan extractor budget stays bounded. 413

This pipeline is deliberately not a CV pipeline: 414

no geometric or photometric augmentation applies, 415

because the features are per-scan summary statis- 416

tics rather than pixels; the patient-stratified split is 417

the same one used for the image experiments; and 418

the tabular classifiers (hist-gradient-boosting, ran- 419

dom forest, XGBoost, LightGBM) are fit directly 420

on the 289-dimensional vectors. The strongest sin- 421

gle feature is the height-sensor kurtosis: multiple- 422

sclerosis scans fall in the 10–28 range while other 423

classes sit below 5, which we take as a sanity check 424

that the physics-aware features are tracking a real 425

disease-linked signal rather than acquisition arte- 426

fact. 427

6 Augmentation and Training 428

With 240 images and a 7:1 class imbalance, aug- 429

mentation and training recipe do more work here 430

than architecture choice. This section first sets out 431

the AFM-specific constraints that rule out a large 432

fraction of the standard photometric toolbox, then 433

describes the geometric and photometric blocks 434

that survive those constraints and the leave-one- 435

out ablation we run over them. We then compare 436

offline and online sampling of the same pipeline, 437

check whether the resulting ranking holds on a 438

smaller backbone, and close with the shared optimi- 439

sation protocol used for every deep model reported 440

in the paper. 441

6.1 AFM-Specific Constraints 442

AFM scans are not ordinary photographs. Each 443

pixel’s colour is a deterministic function of a scalar 444

height measurement, mapped through the vendor’s 445

lookup table, and two constraints follow directly. 446

Any augmentation that breaks the monotone map- 447

ping between height and colour (hue shifts, channel 448

swaps, saturation boosts, inversion, solarisation) 449

also breaks the signal the model is supposed to 450

learn, and is excluded outright. Second, the fea- 451

tures that distinguish the classes are fine dendrite 452

edges and thin-film granularity that occupy only a 453

handful of pixels, so even ostensibly benign pho- 454

tometric operations have to be tightly bounded, or 455

they erase the informative structure before the net- 456

work sees it. 457

Within those bounds, we still want to expose 458

the model to the variations that occur between real 459
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AFM sessions: arbitrary in-plane rotation of the tip–460

sample coordinate frame, session-to-session differ-461

ences in operator-chosen contrast and gain, scan-462

line streaks from momentary tip–surface decou-463

pling, mild focus drift, and the possibility that a fu-464

ture dataset is rendered under a different colormap.465

Before any augmentation and also at evaluation466

time, each image is cropped to the AFM data region467

(left=93, top=0, right=616, bottom=531), a468

523×531 patch that removes the white side mar-469

gins and the scale-bar strip that carries burned-in470

acquisition text. Without this crop the network471

learns to read the scale bar instead of looking at the472

scan.473

6.2 Pipeline Layout and Leave-One-Out474

Ablation475

The geometric block applies five operations in476

fixed order: a uniform ±180◦ rotation with re-477

flective padding, independent horizontal and ver-478

tical flips, a small translation-only affine trans-479

form, a mild RandomResizedCrop to 384 × 384,480

and a low-amplitude elastic deformation. The pho-481

tometric block, applied after geometry, contains482

seven operations: a colormap remapping under483

perceptually uniform palettes (viridis, plasma, in-484

ferno, magma, cividis, or grayscale) that preserves485

the height ordering, random brightness/contrast,486

random gamma, additive Gaussian noise, a cus-487

tom scanline operator that injects 1–4 horizon-488

tal bands to mimic tip–surface decoupling, Gaus-489

sian blur, and CLAHE. Operations are imple-490

mented as an Albumentations (Buslaev et al.,491

2020) Compose whose members can be toggled492

through named configurations, which supports493

a leave-one-out ablation over the full pipeline494

(full), a preprocessing-crop-only baseline (none),495

geometric-only and photometric-only subsets, and496

seven single-operation removals.497

6.3 Offline vs. Online Augmentation498

We initially ran augmentation in an offline mode:499

ten augmented variants per training image were ma-500

terialised to disk once, and the loader treated them501

as additional fixed samples. The effect was closer502

to a one-shot dataset expansion than to regularisa-503

tion, since every epoch saw the same augmented504

copies. Re-running the same ablation grid in an505

online mode (augmentations resampled stochas-506

tically inside __getitem__ on every fetch) im-507

proved macro-F1 on every single configuration at508

seed 3407, with a mean gap of +0.097. Under the509

online pipeline, the geometric-only subset becomes 510

the best configuration (0.583), narrowly above the 511

no-augmentation baseline (0.559) and well above 512

the full pipeline with photometric operations in- 513

cluded (0.534). The photometric block functions 514

as a net regulariser only when paired with strong 515

geometric priors; on its own it is the weakest config- 516

uration in the grid. For the main-text headline we 517

retain the no-augmentation run, for continuity with 518

the offline comparison and because it is the conser- 519

vative choice; the online geometric-only pipeline is 520

flagged as the strongest single-seed configuration, 521

pending the seed-17 and seed-2026 confirmations 522

that would be needed to state it as a multi-seed 523

result. 524

6.4 Backbone Sensitivity 525

To check whether the geometric-only win is spe- 526

cific to V2-S or is a property of the task, we re- 527

peated a five-configuration subset on the smaller 528

EfficientNet-B0 (5.3 M parameters, 224× 224 in- 529

put) at seed 3407. Two findings carry across both 530

backbones: online_geom_only is the best config- 531

uration on both, and none beats full in both the 532

offline and online pipelines on both models, so the 533

photometric block is net-negative at this corpus 534

size regardless of capacity. One finding does not 535

carry. On B0, online_none and offline_none 536

are numerically identical, which is consistent with 537

B0 having too little capacity to overfit the frozen 538

offline copies in the first place, the very failure 539

mode that the online pipeline was designed to break. 540

More importantly, the largest single improvement 541

in the whole grid is not an augmentation effect at 542

all but a capacity effect: the best B0 configura- 543

tion (0.642) exceeds the best V2-S configuration 544

(0.583) by +0.059 at a single seed (Figure 2). A 545

multi-seed confirmation of this finding, together 546

with an intermediate B1 comparison, is therefore 547

the highest-leverage follow-up experiment. 548

6.5 Training Protocol 549

The deep models are trained with AdamW under 550

a cosine schedule with linear warmup; given the 551

7:1 imbalance between the largest and smallest 552

classes, the loss is class-weighted cross-entropy 553

with inverse-frequency weights. Training runs on a 554

single NVIDIA RTX 5090 (32 GB), and the check- 555

point with the best validation macro-F1 is restored 556

before test evaluation. All random seeds are fixed 557

at 3407 throughout, matching the seed used for the 558

patient split. 559
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Figure 2: Five-class macro-F1 for three augmentation
configurations on EfficientNet-V2-S under the online re-
sampling pipeline at seed 3407. The dashed line marks
the single-seed EfficientNet-B0 best (0.642, different
backbone), which exceeds every V2-S configuration.
Paper §5.3 reports online > offline on every configura-
tion in the leave-one-out grid, with a mean macro-F1
gap of +0.097.

7 Results560

Performance falls monotonically with granularity.561

Table 1 gives the headline numbers; Table 2 lists562

every configuration.563

7.1 Binary Screening564

EfficientNet-V2-S reaches 94.1% test macro ac-565

curacy and 0.894 macro-F1. The held-out split is566

imbalanced at 42 disease against 9 healthy, so we567

report macro-averaged metrics throughout rather568

than plain accuracy, which would be inflated by the569

majority class. The 0.09 macro-F1 gap over the570

classical baseline (0.804) is modest, but the deep571

model picks up structure that the 68-dimensional572

feature vector misses.573

Two additional baseline families sit alongside the574

image classifiers on the binary task. Tabular clas-575

sifiers fit on the 289-dimensional physics-aware576

feature vector extracted from the raw 4-channel577

AFM container (§5.3), with no image input at all,578

do most of the work: histogram gradient boosting579

reaches 0.912 / 0.874 (macro accuracy / macro-580

F1), approaching V2-S at 0.941 / 0.894, with ran-581

dom forest at 0.891 / 0.838, LightGBM at 0.881 /582

0.821, and XGBoost at 0.866 / 0.832. Two alter-583

native deep-learning supervision regimes, a hierar-584

chical multiple-instance-learning model applied to585

patches (0.808 / 0.712) and a direct four-channel 586

architecture (0.717 / 0.690), underperform the pre- 587

trained simple CNNs, with training-to-test macro- 588

F1 gaps of 0.216 and 0.203 respectively. The practi- 589

cal reading is that physics-aware summary statistics 590

over the raw AFM channels already explain most 591

of the binary-screening signal, which suggests the 592

rendered image is not strictly required for screening 593

at this cohort size. 594

7.2 Three-Class Separability 595

Grouping multiple sclerosis (MS), glaucoma, and 596

diabetes into a single disease label while keeping 597

healthy and dry eye separate, V2-S reaches 82.4% 598

test macro accuracy and 0.664 macro-F1. The drop 599

from binary is real but not catastrophic, which is 600

consistent with dry eye retaining a partially separa- 601

ble signature once the four-way pathology distinc- 602

tion is relaxed. The V2-S macro-F1 advantage over 603

ResNet-18 is larger on three-class (0.664 vs 0.533) 604

than on binary (0.894 vs 0.826), suggesting that the 605

regularised recipe pays off once per-class support 606

rises above the tiny-sample regime of dry_eye and 607

diabetes; at a single seed this remains a hypothe- 608

sis. 609

7.3 Five-Class Benchmark 610

Five-class differential is where the models stall. 611

The best configuration is the unaugmented V2-S 612

at 51.0% test macro accuracy and 0.542 macro-F1; 613

the full pipeline with MixUp and CutMix scores 614

49.0% / 0.461, most likely because those regularis- 615

ers erase the fine dendrite structure the minority 616

classes depend on. The four deep configurations 617

sit within about ten percentage points of one an- 618

other on macro accuracy, and the classical baseline 619

(macro-F1 0.455) is within roughly the same band, 620

with no run clearing 60%. We read the convergence 621

as a signal bottleneck, not a capacity one: at 240 622

images and 42 patients, within-class morphological 623

variance is comparable to between-class variance 624

for the four pathologies, and no backbone or recipe 625

change in the range we tried moves the number 626

meaningfully. 627

8 Discussion 628

The binary-to-five-class gradient is the paper’s 629

main observation. At 94.1% binary test macro accu- 630

racy (macro-F1 0.894), there is enough coarse struc- 631

tural signal in the residue to reliably flag disease, 632

which is consistent with the Košice group’s earlier 633

finding that healthy dendritic patterns give way to 634
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Framing Setting Test Macro Accuracy Macro-F1
Binary (Screening) EfficientNet-V2-S 0.941 0.894
Three-Class (Intermediate) EfficientNet-V2-S 0.824 0.664
Five-Class (Diagnostic) EfficientNet-V2-S (No-Aug) 0.510 0.542

Table 1: Headline performance across diagnostic gran-
ularities under patient-level evaluation. Plain accu-
racy is not reported because the held-out set is class-
imbalanced; the test-macro-accuracy column reports the
per-class average and macro-F1 is shown alongside.

disordered or fern-like ones under systemic stress635

(Glinská et al., 2019; Krajčíková et al., 2021). Five-636

class is the harder question: it asks the model to637

resolve branching angles and local crystal densities638

across four pathologies, and at 240 images it cannot639

separate those features from within-class variance.640

Part of that variance is biological, but part is pre-641

analytical: Krajčíková et al. (2022) showed that642

collection method alone materially shifts the pro-643

teomic and morphological profile, so a fine-grained644

classifier without a standardised protocol is partly645

reading how the tear was collected rather than what646

the patient has.647

Recent AFM-IR work attributes the loss of den-648

dritic structure in diabetic tears to lysozyme dam-649

age and glycation (Kondrakhova et al., 2025),650

which puts the visual signal downstream of bio-651

chemistry. A purely visual model can learn the652

pattern but not the cause. Clinical-grade differen-653

tial diagnosis is therefore likely to need either sub-654

stantially more patients, a fixed sampling protocol,655

or multimodal input (AFM-IR, FTIR, Raman, or656

the header digest we extracted but do not yet use).657

Patient-level evaluation is the precondition for any658

of those next steps: without it, improvements can-659

not be told apart from better patient memorisation.660

9 Limitations661

The cohort is small: 42 unique patients and 240662

images, with only 33 patients in training and 9 held663

out. Patient-level stratification keeps the held-out664

estimate honest, but it does not make the estimate665

large, and the numbers reported here should be666

read as single-seed point estimates on a 51-image667

test set, where one misclassified image is worth668

roughly two percentage points of macro accuracy669

and 0.02 of macro-F1. Multi-seed confirmations670

and a patient-level majority-vote evaluation are671

queued but not included in the current reporting.672

The class distribution is imbalanced at roughly673

7:1 between the largest and smallest class. Class-674

weighted cross-entropy and macro-F1 reporting675

mitigate this but do not remove it: minority-class676

F1 remains the noisiest part of the grid, and the 677

specific set of 9 held-out patients materially shapes 678

the reported numbers. 679

Validation and test are identical by construction. 680

We chose this over a three-way split because carv- 681

ing a third disjoint patient group at this corpus 682

size would either leave evaluation partitions empty 683

or force leakage, but the consequence is that hy- 684

perparameters selected on the validation fold are 685

implicitly tuned on what we report as the test fold. 686

The right fix is an external cohort, which we do not 687

yet have. 688

The corpus comes from a single clinical site, 689

a single AFM instrument, and a single operator 690

workflow. External validity on other clinics or hard- 691

ware is untested, which is the point that Kaushal 692

et al. (2020) and Futoma et al. (2020) make about 693

medical-ML cohorts more generally. We also lack 694

the demographic metadata (age, sex, ethnicity) that 695

would enable a subgroup fairness analysis. Cali- 696

bration (ECE, reliability diagrams) is not reported 697

either; in a screening setting the argmax is not suf- 698

ficient, because downstream decisions depend on 699

the threshold being meaningful. 700

10 Conclusion 701

We report a patient-level benchmark for disease 702

classification from AFM images of dried tear-film 703

residues across three diagnostic granularities. Un- 704

der a strict patient-stratified protocol, EfficientNet- 705

V2-S reaches 94.1% test macro accuracy (macro-F1 706

0.894) on binary screening, 82.4% (0.664) on the 707

three-class task, and 51.0% (0.542) on the five-class 708

differential, a monotone drop that exposes where 709

the modality does and does not currently pay off. 710

Three model families with very different inductive 711

biases converge at the five-class level, which we 712

read as evidence that signal, not capacity, is the 713

binding constraint at 240 images from 42 patients. 714

The practical reading is narrow: AFM tear-film 715

imaging is currently a plausible screening adjunct, 716

not a standalone differential-diagnosis tool. The 717

methodological reading is wider. The 89.6% image- 718

level accuracy that dropped to 51.0% test macro 719

accuracy / 0.542 macro-F1 at five-class once patient 720

identities were respected is a concrete illustration 721

of how much of this modality’s apparent signal 722

can be patient memorisation, and any future work 723

in this space should be reported against a patient- 724

stratified split by default. Standardising acquisition 725

protocols, collecting external cohorts, and bringing 726
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Framing Family Model Augmentation Test Macro Accuracy Macro-F1
binary Classical LogReg None — 0.804*
binary CNN (Simple) ResNet-18 Standard 0.882 0.826
binary CNN (Simple) MobileNet-V3-Small Standard 0.882 0.837
binary CNN (Ref) EfficientNet-V2-S Standard 0.941 0.894
binary Tabular (AFM) HistGradientBoosting — 0.912 0.874
binary Tabular (AFM) RandomForest — 0.891 0.838
binary Tabular (AFM) LightGBM — 0.881 0.821
binary Tabular (AFM) XGBoost — 0.866 0.832
binary DL (MIL) HierarchicalMIL — 0.808 0.712
binary DL (4-channel) Direct4Ch — 0.717 0.690
three Classical SVM-RBF None — 0.491*
three CNN (Simple) ResNet-18 Standard 0.784 0.533
three CNN (Ref) EfficientNet-V2-S Standard 0.824 0.664
multi (five-class) Classical SVM-RBF None — 0.455*
multi (five-class) CNN (Simple) MobileNet-V3-Small Standard 0.569 0.467
multi (five-class) CNN (Simple) ResNet-18 Standard 0.588 0.451
multi (five-class) CNN (Ref) EfficientNet-V2-S Full 0.490 0.461
multi (five-class) CNN (Ref) EfficientNet-V2-S No-Aug 0.510 0.542

Table 2: Full inventory of classification experiments across the three framings and all model families. Plain
accuracy is not reported because the held-out set is strongly class-imbalanced; test macro accuracy (per-class
average) is shown alongside macro-F1. *Indicates validation macro-F1 used as proxy for test macro-F1 under the
patient-stratified val ≡ test construction.

in the multimodal information (header metadata,727

FTIR, Raman) are the obvious next steps.728

A TL;DR: Summary of the CV Pipeline729

This appendix summarises the computer-vision730

branch of the work (everything that operates on the731

rendered AFM image). A parallel tabular branch732

over the raw 4-channel AFM container is reported733

separately.734

Problem. First patient-level deep-learning bench-735

mark for disease classification from rendered AFM736

tear-film images, motivated by the leakage-prone737

image-level random split that is standard in this738

modality.739

Dataset. 240 AFM scans from 42 unique pa-740

tients across five classes (healthy controls, mul-741

tiple sclerosis, glaucoma, diabetes, dry eye dis-742

ease), acquired on a single Bruker Dimension Icon743

NanoScope. 7:1 class imbalance. BMPs losslessly744

converted to PNG at native ∼704×575 px; no re-745

sampling, normalisation, or content editing at the746

data-prep stage.747

Evaluation integrity. 80/20 patient-stratified748

split (189 training images / 33 patients vs 51 held-749

out / 9 patients) with hard invariants: no patient750

code in more than one partition, and every held-out751

image emitted twice (val and test). Val ≡ test by752

construction, because a three-way split at this co- 753

hort size either empties partitions or forces leakage. 754

Leakage quantification. The same underlying 755

corpus yielded 89.6% accuracy under a prior image- 756

level random split and 51.0% macro accuracy / 757

0.542 macro-F1 under the patient-stratified five- 758

class split: a ∼38-point drop that is the central 759

methodological finding. 760

Task framings. Three granularities trained in par- 761

allel, each with its own checkpoint per architec- 762

ture: binary (healthy vs pathological), three-class 763

(healthy, dry eye, grouped disease), five-class (full 764

differential). 765

Preprocessing. Every image is cropped to the 766

AFM data region (left=93, top=0, right=616, 767

bottom=531) at train and eval time to remove white 768

side margins and the scale-bar strip that carries 769

burned-in acquisition text. 770

Model families. 771

• Classical handcrafted. 68-dimensional fea- 772

ture vector (grayscale moments and per- 773

centiles, 32-bin intensity histogram, Sobel 774

gradient statistics, Laplacian-variance focus 775

proxy, per-channel RGB statistics, 16 ra- 776

dial FFT bins) fed in parallel to LogReg, 777

SVM-RBF, 400-tree random forest, and 300- 778
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estimator gradient boosting; best-validation779

model kept.780

• Simple CNNs. ImageNet-pretrained ResNet-781

18, ResNet-34, MobileNet-V3-Small at 224×782

224. AdamW at 3×10−4, weight decay 10−4,783

cosine schedule without warmup, plain cross-784

entropy (no label smoothing, no class weight-785

ing, no MixUp/CutMix), 15 epochs at batch786

size 32. ResNet-18 (11 M) vs MobileNet-V3-787

Small (1.5 M) brackets a 7× capacity gap;788

held-out numbers lie within noise.789

• Reference CNN. EfficientNet-V2-S (21 M790

params, ImageNet1K-V1 weights, 384×384).791

Six recipe changes motivated by the data792

regime: 2-epoch backbone freeze, 10× dis-793

criminative head LR over backbone LR of794

5 × 10−5, cosine schedule with 5% linear795

warmup, MixUp (α=0.2) + CutMix (α=1.0)796

sampled per batch, inverse-frequency class-797

weighted CE with label smoothing ε=0.1,798

stochastic-depth rates multiplied by 1.5 and799

capped at 0.3 with head dropout 0.4.800

• Alternatives rejected. Larger EfficientNets801

(V2-M, B3) did not improve held-out macro-802

F1 despite 2–3× the parameter count. Pure803

ViTs were not trained (small-corpus transfer804

gap). CLIP ViT-L/14 linear-probe reached805

∼57% five-class test accuracy, in the same806

band as the CNNs. Qwen2.5-VL + QLoRA807

on image–header pairs is deferred until the808

fine-tune stabilises.809

Augmentation study. AFM-specific constraint:810

each pixel’s colour is a deterministic function of811

scalar height, so hue shifts, channel swaps, satura-812

tion boosts, inversion, and solarisation are excluded813

outright.814

• Geometric block (5 ops). ±180◦ rota-815

tion with reflective padding, independent816

H/V flips, small translation-only affine, mild817

RandomResizedCrop to 384 × 384, low-818

amplitude elastic deformation.819

• Photometric block (7 ops).820

Perceptual-colormap remap among821

viridis/plasma/inferno/magma/cividis/grayscale,822

brightness/contrast, gamma, additive Gaus-823

sian noise, custom scanline operator (1–4824

horizontal bands), Gaussian blur, CLAHE.825

• Ablation. Leave-one-out over full, none, 826

geometric-only, photometric-only, and seven 827

single-op removals, implemented as an Albu- 828

mentations Compose with named toggles. 829

• Offline vs online. Online resampling inside 830

__getitem__ beats offline materialisation on 831

every configuration (mean +0.097 macro-F1 832

at seed 3407). 833

• Best configuration. online_geom_only at 834

0.583 macro-F1, narrowly above none (0.559) 835

and well above full (0.534). Photometric 836

block is a net regulariser only when paired 837

with strong geometric priors. 838

• Backbone sensitivity. On EfficientNet-B0 839

(5.3 M, 224 × 224), the online_geom_only 840

win and the none > full ordering hold, but 841

B0 reaches 0.642 macro-F1, exceeding the 842

best V2-S configuration by +0.059 at a single 843

seed. 844

Training protocol. AdamW, cosine schedule 845

with linear warmup, inverse-frequency class- 846

weighted cross-entropy, single NVIDIA RTX 5090 847

(32 GB), all random seeds fixed at 3407 matching 848

the patient-split seed, checkpoint with best valida- 849

tion macro-F1 restored before test evaluation. 850

Headline results (EfficientNet-V2-S on images). 851

Binary: 94.1% test macro accuracy / 0.894 macro- 852

F1. Three-class: 82.4% / 0.664. Five-class: 51.0% 853

/ 0.542. Performance drops monotonically with 854

granularity. 855

Main finding. Classical, simple-CNN, and 856

regularised-CNN families converge within ∼0.10 857

macro-F1 at five-class, which we read as evidence 858

that the bottleneck is signal, not capacity, at 240 859

images / 42 patients. 860

CV-pipeline limitations. Single-site cohort, sin- 861

gle AFM instrument, single operator workflow; 42 862

patients total; val ≡ test by construction; single- 863

seed reporting; no calibration metrics; no demo- 864

graphic metadata for subgroup analysis. 865

Next steps. Multi-seed confirmation at seeds 17 866

and 2026; patient-level majority voting; external 867

cohort collection; standardised acquisition proto- 868

col. Complementary non-CV data branches (raw 869

4-channel AFM container, header metadata digest) 870

are reported separately. 871
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B TL;DR: Summary of the Raw-AFM872

Pipeline873

This appendix covers the non-CV branch: two com-874

plementary approaches that operate on the raw 4-875

channel AFM container (height, height_sensor,876

amplitude_error, phase) rather than on the877

vendor-rendered BMP. Both approaches use the878

same patient-stratified split as the CV pipeline.879

B.1 Tabular vs Deep Learning880

Two fundamentally different approaches to the881

same classification task on the 240-scan, 42-patient882

corpus.883

Tabular (tree-based ML).884

• Input. ∼150 handcrafted features per scan885

(surface statistics, GLCM texture, FFT fre-886

quency bands, LBP, Gabor, wavelets, fractal887

dimension, cross-channel correlations); a su-888

perset of ∼289 features is described in §5.3.889

• Models. XGBoost, HistGradientBoosting,890

RandomForest (ensemble of three).891

• Training. StratifiedGroupKFold CV on892

patient_id, optional Optuna hyperparame-893

ter tuning.894

• Aggregation. Patient-level majority voting or895

confidence-weighted mean.896

• Strengths. Fast iteration, interpretable897

(SHAP), no GPU needed, works well on small898

datasets, captures domain-specific physics899

(roughness Ra/Rq, kurtosis, spectral entropy).900

• Weaknesses. Features are hand-designed901

(may miss patterns), no spatial reasoning, can-902

not learn new representations.903

Deep learning (CNN-based).904

• Input. Raw 4-channel AFM images (Height,905

HeightSensor, AmplitudeError, Phase) at906

160× 160.907

• Models. Three architectures — Direct4Ch908

(concatenated channels), MIL (gated attention909

over channels), Hybrid (CNN + tabular fu-910

sion).911

• Backbone. EfficientNet-B0 (ImageNet pre-912

trained), discriminative LR (backbone 0.1×913

head).914

• Training. AdamW, cosine LR with linear 915

warmup, geometry-only augmentation (pre- 916

serves AFM physics), 4-way flip TTA, label 917

smoothing 0.1, early stopping on balanced 918

accuracy. 919

• Aggregation. Patient-level mean probability. 920

• Strengths. Learns spatial patterns directly 921

from the raw channels, can discover features 922

invisible to global summary statistics, atten- 923

tion mechanisms provide channel-level inter- 924

pretability. 925

• Weaknesses. Needs GPU, prone to overfitting 926

at this corpus size, slower iteration, harder to 927

debug. 928

Key differences. See Table 3. 929

Aspect Tabular Deep Learning
Feature source Hand-engineered Learned from pixels
Data efficiency Better (small N ) Worse (needs more)
Compute CPU, seconds GPU, min–hr
Spatial awareness None (global) Full (conv filters)
Missing channels QC flags + impute Zero-fill or attention mask
Evaluation GroupKFold CV (5-fold) Fixed split
Patient grouping StratifiedGroupKFold Patient-stratified fixed
Best single feature height_sensor_kurtosis Learned (not inspectable)

(MS 10–28 vs others < 5)

Table 3: Tabular vs deep-learning approaches on the
raw 4-channel AFM container.

Why both? The small AFM corpus sits at the 930

boundary where tabular ML is competitive with 931

deep learning. Tabular captures known discrimi- 932

native physics (kurtosis, phase statistics). DL may 933

find spatial patterns invisible to global summary 934

statistics. The hybrid fusion experiment explicitly 935

combines both signal sources; a final submission 936

likely ensembles across both approaches. 937

B.2 Deep-Learning Shared Configuration 938

All DL experiments on the raw container use: 939

EfficientNet-B0 backbone, 160 × 160 images, 940

AdamW optimizer, cosine LR with warmup, 941

geometry-only augmentation, 4-way flip TTA, la- 942

bel smoothing 0.1, patient-level mean-probability 943

aggregation, fixed 80/20 patient-stratified split 944

(SEED=3407), training SEED=42. 945

B.3 Enabled Experiments (Binary, Healthy vs 946

Diseased) 947

• direct4ch_binary_fixed. Direct 4- 948

channel CNN. Concatenates the four AFM 949

channels into a single 4-channel tensor and 950
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feeds it through a modified EfficientNet-B0951

(the 4th conv channel is initialised as the952

mean of the RGB weights). Simplest deep953

model — no attention, no handcrafted954

features. 256-dim projection, batch 16, 25955

epochs, patience 6, dropout 0.2. Fastest to956

train; lowest-complexity baseline.957

• hierarchical_mil_binary_fixed. Scan-958

level channel-attention MIL. Treats the 4 chan-959

nels as separate “instances”: each is pro-960

cessed independently through a shared back-961

bone and pooled via gated attention, so the962

model learns per-channel importance weights.963

128-dim embed, 64-dim attention, batch 8,964

25 epochs, patience 6, dropout 0.3. Most965

interpretable (channel-attention weights are966

directly inspectable) and robust to missing967

channels (mask → zero attention weight).968

• hybrid_fusion_binary_fixed. Image +969

tabular fusion. Two branches: (i) 4-channel970

CNN (same as Direct4Ch, 256-dim), and (ii)971

MLP on ∼150 handcrafted features producing972

a 64-dim embedding. The concatenated 320-973

dim vector is passed through a fusion head.974

Batch 8, 20 epochs, patience 5, dropout 0.3.975

Richest input signal but highest complexity976

and most prone to overfitting on 240 scans.977

B.4 Disabled Experiments978

Multi-class variants (3-class and 5-class) of the979

three architectures above are present in the code-980

base but disabled for the current reporting:981

• *_3class_fixed — disabled as “multiclass982

not trustworthy yet” pending further calibra-983

tion work.984

• *_5class_fixed — disabled as underpow-985

ered given only 14 dry-eye and 26 diabetes986

samples.987

Both sets can be re-enabled once the multi-class cal-988

ibration issue is resolved and additional minority-989

class samples are available.990

B.5 Codebase Extras991

Tabular binary pipeline (train_binary.py).992

Handcrafted-features + tree-ensemble pipeline for993

the binary task. Extracts the ∼150-feature vec-994

tor per scan and trains XGBoost, HistGradient-995

Boosting, and RandomForest (optionally with996

Optuna tuning). StratifiedGroupKFold CV on997

patient_id; patient-level majority voting. No 998

deep learning involved. 999

B.6 Architecture Comparison 1000

Table 4 compares the four raw-AFM pipelines on 1001

input, backbone, aggregation, training budget, and 1002

interpretability. 1003

B.7 Interactive 3D Visualisation App 1004

Figure 3: Screenshot from the 3D visualisation app: one
representative AFM tear-film scan per target (healthy,
dry eye, other disease), rendered from the height chan-
nel over the native µm grid with annotated Rq rough-
ness. The app is an exploration aid, not part of the
classification pipeline.

To support qualitative inspection of the raw AFM 1005

container we built a lightweight browser app that 1006

renders per-scan 3D topography from the height 1007

channel and exposes basic controls (target class, 1008

patient, scan index, channel). Each surface is plot- 1009

ted over its native µm grid with a viridis colormap 1010

and an annotated Rq roughness value (Figure 3), 1011

which lets a reviewer eyeball class-level morphol- 1012

ogy without loading the vendor software. The app 1013

is intended purely as an exploration aid — all clas- 1014

sification results in this paper are produced by the 1015

pipelines described above, not by the visualiser 1016

— but it is useful for spot-checking acquisition 1017

artefacts, confirming that the patient-stratified split 1018

groups visually similar scans, and communicating 1019

the modality to collaborators outside the CV/ML 1020

team. 1021
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Direct4Ch MIL Hybrid Tabular
Input 4-channel tensor 4 separate images 4ch tensor + 150 feats. 150 features
Backbone EfficientNet-B0 EfficientNet-B0 (shared) EfficientNet-B0 + MLP XGB / HGBR / RF
Aggregation Direct concat Gated attention Late-fusion concat —
Embed dim 256 128 256 + 64 = 320 —
Batch 16 8 8 full
Epochs 25 25 20 —
Interpretability Low High (channel weights) Medium (feature imp.) High (SHAP)
Missing-channel handling Zero-fill Attention mask Zero-fill + QC flags QC flags
Complexity Low Medium High Low

Table 4: Architecture comparison across the four raw-AFM pipelines (three deep-learning variants and the tabular
ensemble).
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