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Abstract

Background Automated sickle cell detection is reported at high accuracy on a small number of shared
public image collections, yet whether those collections support the accuracies reported on them has
not been measured. This study quantifies how much detection performance is attributable to how the
datasets were built rather than to the erythrocytes.

Methods Four public corpora were analysed. Repeated images were recovered by dihedral, shift-
tolerant correlation verified at two resolutions, with the grouping threshold anchored to a blinded
two-rater reference study of 60 image pairs. Inflation was the loss in area under the curve when
sources were held out, using hand-crafted features with two learners and frozen and fine-tuned con-
volutional networks. File traces were tested with an accuracy-based and a balanced confounding
index against permutation nulls; drawn annotations were located by differencing the two released
versions of one corpus; and bootstrap optimism correction was compared with the source-held es-
timate.

Results Similarity separated true repeats from distinct fields with an AUC of 0.978; above 0.55 ev-
ery consensus pair was a repeat, whereas a threshold calibrated on synthetic copies recovered only
66% of genuine repeats. With hand-crafted features, holding sources out reduced AUC by 0.094 on
a release with twelve duplicated control fields, by 0.025 to 0.084 on a smartphone corpus pho-
tographing each field about twice, and by 0.092 under participant-level holdout. A fine-tuned net-
work lost 0.021 on the smartphone corpus, its source-held error 1.8 times the naive error, but noth-
ing on the duplicated release. The accuracy-based index read zero for traces marking a third of the
majority class, which the balanced index recovered. A resolution trace was visible to features and
network yet unused, whereas bounding boxes in one corpus’s labelled release raised AUC by 0.058.
Bootstrap optimism correction overstated source-held performance, and one field was filed under
both classes.

Conclusions Inflation depends on the model and must be measured for each model reported. Par-
ticipant-level dependence cannot be verified by image-level source recovery, and most releases dis-
tribute no identifiers. Six checks, each calibrated to the corpus itself, are proposed as an acceptance
test for imaging tools entering screening programmes.

Keywords Sickle cell disease, Data leakage, Source-held-out validation, Near-duplicate detection,
Label error, Optimism correction, Trustworthy Al, Screening

1 Introduction

Sickle cell disease affects an estimated 300,000 newborns each year, concentrated in sub-Saharan
Africa and South Asia [1], and outcomes depend on early identification and sustained care [2]. In-
dia’s National Sickle Cell Anaemia Elimination Mission launched in 2023, aims to screen about 70
million people up to 40 years of age with validated point-of-care tests, alongside management and



counselling [3, 4]. Automated analysis of blood films is repeatedly proposed as a scalable aid in that
setting [5-7].

The evidence for such tools rests on a few shared public collections, and the accuracies reported on
them are high — including a network reported by the present authors on one of the corpora exam-
ined here [8]. An earlier audit by the same authors found that class membership in an assembled
corpus including one of these collections could be recovered from how its images were acquired [9].
The reported accuracies are almost always obtained by splitting images at random. A random split
assumes that images are independent, and in medical imaging that assumption routinely fails: models
learn the hospital, scanner or patient rather than the disease [10—13], and leakage between training
and test data inflates reported performance across fields [14—16], including through near-duplicate
images shared between training and test sets [17]; in routine health records, the pattern of missing
data can itself become a model’s strongest predictor [ 18]. Reporting standards now require authors to
state how evaluation data were kept independent [19-21]. They cannot, however, tell a reader how to
establish independence when a release carries no record of which images came from the same source.

Three kinds of dependence can break a random split in a blood-film corpus. The same image may be
saved twice. The same field may be photographed again, with different exposure, focus or zoom,
producing an image that no hash will match. And different fields from the same person share that
person’s blood. Each lets a classifier score well by recognising what it has already seen. None has
been measured in the public sickle cell record.

This study measures them. Its objectives were:
1. to recover which images in public sickle cell corpora share a source, by a procedure validated
against blinded human judgement;

2. to quantify how much detection accuracy is lost when sources are held out, across four cor-
pora, for hand-crafted features and for frozen and fine-tuned convolutional networks;

3. to test whether file-level traces and drawn annotations present in the corpora are available to a
classifier, and whether they are actually used;

4. to determine whether standard bootstrap optimism correction recovers the performance mea-
sured when sources are held out; and

5. to formalise the resulting checks as an acceptance test for imaging tools entering screening
programmes.

Each objective corresponds to a section of the Results: source recovery (Sect. 3.1), inflation and its
stability (Sects. 3.2-3.3), file traces and their use (Sects. 3.4-3.6), optimism correction (Sect. 3.7) and
the acceptance test (Sect. 3.8). Together they treat the trustworthiness of an Al evaluation as a
question that can be answered from the data, which matters most where such tools are meant to serve
health systems at scale.

2 Methods

2.1 Data sources

Four public corpora were analysed (Table 1). Each defines a different task, so they are not pooled;
each is analysed on its own terms.

Corpus Content Task Identifiers
RedTell Brightfield fields paired SCD vs control none
with calcium fluorescence




Corpus Content Task Identifiers

[22]; 24 SCD, 37 control
fields used here; 18 tha-
lassemia fields not used

Tushabe Smartphone photographs sickle present vs absent none
through a microscope eye-
piece [23]; 422 sickle, 147
normal

erythrocytesIDB | Individual cell crops from elongated vs circular none
SCD patients [24]; 211
elongated, 202 circular

erythroSight Differential phase contrast | SCD vs normal participant
tiles with per-cell morphol-
ogy measurements [25];
1,224 tiles from 3 SCD and
3 normal participants; 3
sickle cell trait participants
used only in Check 5

Table 1. The four corpora. Only erythroSight distributes participant identifiers. Every erythro-
cytesIDB donor has sickle cell disease, so its task is shape classification rather than disease detec-
tion. RedTell’s thalassemia fields and erythroSight’s trait participants were excluded from the two-
class analyses.

Tushabe is distributed by its creators in two versions [23], with and without bounding boxes drawn
around the sickle cells. The copy analysed throughout comprises the deposit’s negative folder and
unlabelled positive folder, here named Normal and Sickle; the labelled positive folder was used only
in Sect. 3.5. The creators report three photographs of each smear, taken on four phones through two
microscopes, from 140 participants [23].

2.2 Recovering sources

Every image was converted to greyscale, cropped to its central 60% to remove the eyepiece vi-gnette,
high-pass filtered by subtracting a Gaussian blur of one-eighth the image width, and weighted by a
Hanning window, so that a shared bright disc or illumination gradient could not drive the comparison.
Similarity between two images was the maximum normalised cross-correlation over the eight flips
and rotations of the square and over translations of up to 15% of the image, computed by phase
correlation [26, 27]. For RedTell and erythrocytesIDB, the ten best candidate matches of each image
were found at 64 x 64 pixels and each was verified at 128 x 128, where gen-uine repeats keep their
cells aligned and texturally similar fields fall apart. Two images were linked only if each was among
the other’s three closest verified matches, so that a single chance match could not chain unrelated
images together, and sources were the connected components of the re-sulting graph. For Tushabe,
whose human-anchored threshold is defined at 128 pixels, similarity was computed directly at 128 x
128 for every pair, with the same mutual linking.

2.3 Human reference study

To set the linking threshold from human judgement rather than from synthetic copies, 60 Tushabe
image pairs were drawn at random within six similarity bins spanning 0.30 to 1.00, ten per bin, and
presented in random order at full size with no similarity score shown. Each pair was labelled as the
same field, a different field, or unsure, the criterion being the same cells in the same arrangement,
allowing for shift, rotation, zoom and exposure. The first author labelled all pairs and served as the
reference standard. A second, independent rating was produced by an Al model (Claude, Anthropic)
viewing the same images before either the first author’s labels or the scores were seen; its labels



were used only to measure agreement, by Cohen’s kappa [28], and are an additional assessment rather
than an independent human inter-rater validation. One pair (pair 8) was excluded, leaving 59: it had
been described in detail as a worked example while the enlarged sheets were prepared, so it was no
longer blind. The threshold was set from these judgements of image identity alone: the raters saw
neither the similarity scores nor any diagnostic label, and no classification result entered the choice.
Labelling was completed before the final inflation runs. Because the threshold was nev-ertheless
chosen on the same corpus to which it is applied, the sensitivity of every conclusion to that choice is
reported in Sect. 3.3. Because pairs were sampled within bins, the study measures how well similarity
separates repeats from distinct fields, not how common repeats are in the corpus, and pairs below 0.30
were not sampled. Agreement on definite answers and discrimination were com-puted on the pairs
both raters decided; pairs with any “unsure” answer were excluded from them.

2.4 Inflation

Accuracy inflation, the term used throughout, was defined as the difference between the area under
the curve under a random image-level split and under a split that keeps every image of a source in the
same fold. Inflation is therefore an observed difference between two evaluation designs on the same
data, not an estimate of a causal effect, and no significance test is applied to it. Both used five-fold
stratified cross-validation, the second in its grouped form [29], repeated over twelve to twenty
different fold assignments so that the held-out estimate carries its own spread. Two feature sets were
used — grey-level histogram, local binary pattern and orientation-gradient features, and a colour-
histogram and thumbnail set — each with a random forest of 150 trees and an L2-regularised logistic
regression on standardised features. The same extractors and learners were applied to every image
corpus, so that differences between corpora reflect the data rather than the model. For ery-throSight,
the source was the participant, and the features were per-tile medians of nine cell-mor-phology
measurements distributed with the collection rather than image features; with three partic-ipants per
class, grouped cross-validation used three folds, and fold assignments that left a test fold with a single
class were discarded. Two convolutional networks were evaluated on RedTell and Tushabe with the
same sources [30]: embeddings from an ImageNet-pretrained ResNet-50 at 448 x 448 pixels with an
L2-regularised logistic regression over twelve fold assignments, and an Ima-geNet-pretrained
ResNet-18 fine-tuned end to end at 320 x 320 pixels for ten epochs (AdamW, learning rate 107,
cosine schedule, class-weighted loss, random dihedral and brightness—contrast augmentation, test-
time averaging over four rotations) over three fold assignments. Folds, epochs and augmentation were
identical under both splits, so that only the division of images differed.

2.5 File traces

Whether a file property alone recovers the class was measured by a depth-one decision tree on the
property, in two forms. The accuracy form, (A — B)/(100 — B) with B the majority-class rate, fol-lows
the authors’ earlier corpus-level index [9]. The balanced form, (BA — 0.5)/0.5 with BA the balanced
accuracy, weights both classes equally. The balanced form was compared with its null dis-tribution
under 200 label permutations, with p = (k + 1)/201 for k permuted values at least as large as the
observed one. The four file properties are correlated and were treated as exploratory; no cor-rection
for multiple comparisons was applied.

2.6 Whether a trace is used



A trace present in the files may or may not be used by a classifier. For a flagged trace, detection was
re-estimated within the strata it defines, and the classifier was asked whether it could separate the
strata from features alone.

2.7 Drawn annotations

Every image in one Tushabe copy was matched to its counterpart in the other by correlation of 64-
pixel thumbnails, and the pair was differenced at a common resolution. Pixels dark in one copy and
not in the other were retained, and straight horizontal and vertical segments among them were iso-
lated by morphological opening. Validation on a controlled case showed that a thin box drawn on one
copy is detected in that copy only, and that a copy that is merely re-compressed is not flagged. Pairs
left unmatched were resolved by eye and by correlation over the eight flips and rotations. A separate
control, using the same feature types with a 500-tree random forest over ten repeated five-fold splits,
compared the two copies on all images, on the subset of sickle images 1,000 pixels wide together
with all normals, and after re-encoding the unlabelled images at JPEG quality 95 to ap-proximate the
file size of the labelled copy.

2.8 Optimism correction

Harrell’s bootstrap optimism correction [31-33] was compared with the source-held estimate, both
by resampling images and by resampling sources. To keep predictors few relative to images, as in
clinical prediction, the model for this comparison was ten principal components followed by logistic
regression; bootstrap correction fails when predictors outnumber observations, and that failure had to
be kept distinct from this one.

2.9 Validation of the instruments

Copies of known images were planted under ten transformations — exact, flip and rotation, JPEG
compression, resizing, brightness change, noise, and crops and shifts — to measure how many the
source recovery finds. A second archive was simulated by re-encoding a growing share of one class,
to measure when the confounding index detects it.

2.10 Use of Al tools

An Al model (Claude, Anthropic; accessed through claude.ai in September 2026) was used under the
authors’ oversight for two purposes. First, it provided an independent second rating in the ref-erence
study, used only to measure agreement, with the first author’s labels as the reference stan-dard (Sect.
2.3); it viewed the same enlarged pair images under the same written labelling guide, and its labels
were recorded before the first author’s labels, the similarity scores or the class folders were opened.
Second, it supported the writing of analysis code and the editing of the text. No con-fidential or
identifiable data was shared with any external service; the images used are public. All figures were
produced by the released code from the analysis outputs, and no generative model was used to create
or alter any image. All code was run and all outputs, analyses, citations and conclu-sions were
checked by the authors, who take full responsibility for the content.

3 Results

3.1 Source recovery against human judgement

Of the 59 scored pairs, both raters gave a definite answer on 52; the rest received at least one “un-
sure”. The two raters agreed on every one of those 52 (k = 1.000); every disagreement was one rater
answering “unsure”, and the three-category k was 0.802. Against the consensus, similarity separated
repeats from distinct fields with an AUC of 0.978 (95% bootstrap interval 0.933 to 1.000). No pair
between 0.30 and 0.45 was a repeat, three quarters of pairs between 0.45 and 0.55 were, and every



pair at 0.55 or above was (35 of 35; Wilson 95% interval 0.90 to 1.00), so the data are consistent with
a true rate of 0.90 or more above that threshold (Table 2, Fig. 1a).

Similarity at 128 px Pairs Same field Proportion Reading
0.30 to 0.45 9 0 0.00 distinct
0.45 - 0.55 8 6 0.75 mostly repeats
0.55 - 0.65 8 8 1.00 repeats
0.65 - 0.75 9 9 1.00 repeats
0.75 - 0.90 8 8 1.00 repeats
0.90 and above 10 10 1.00 repeats

Table 2. Probability that a pair is the same field, by similarity, against the consensus of both raters
(52 decided pairs). With 8 to 10 pairs per bin, the Wilson 95% interval for a proportion of 1.00 has
a lower limit of about 0.70, and that for 0.75 spans 0.41 to 0.93.

Above 0.55, every pair was a true repeat Synthetic calibration missed a third of repeats
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Fig. 1. Human reference study. (a) Proportion of pairs judged the same field in each similarity bin.
(b) Precision and recall of source recovery against threshold. The threshold calibrated on synthetic
copies (0.648) recovers 66% of genuine repeats; the human-anchored threshold (0.55) recovers 85%,
both at a precision of 1.00.

The threshold that had been calibrated on synthetic copies was 0.648. It kept precision at 1.00 but
recovered only 66% of genuine repeats, against 85% at 0.55 (Fig. 1b). Genuine re-captures differ
from one another in exposure, focus, zoom and vignette more than flipped or re-compressed copies
do, so they score lower; a threshold set on synthetic copies therefore underestimates how far real
repeats drift. On RedTell, where the repeats are byte-identical, the procedure recovered exactly the
twelve duplicated control fields and the same 49 sources at every threshold from 0.65 to 0.95.

3.2 Inflation across the corpora

Holding sources out lowered detection on every corpus not at ceiling (Table 3, Fig. 2). On RedTell
the loss was 0.094 with grey features and a random forest, and 0.067 to 0.111 across the four com-
binations. On Tushabe, with the human-anchored threshold and mutual linking, 569 images col-
lapsed to 280 independent fields — about two photographs per field — and the loss was 0.025 to
0.084. The creators report three photographs per smear [23], so the number of independent fields is
likely lower still. Two pairs of normal images are byte-identical (141.jpg and 144.jpg; 142.jpg and
143.jpg), as noted in the earlier audit [9], and 4.jpg and 91.jpg are one sickle field saved at two sizes,
which the grouping placed in separate sources. On erythroSight, where participants could be held out
directly, the random forest lost 0.092. The erythrocytesIDB task was at ceiling under both



splits; because source recovery is unreliable on isolated cell crops (Sect. 4.1), its source-held value is
reported for completeness and not interpreted.

The same comparison with convolutional networks separated the two kinds of repeat. On Tushabe,
where fields were re-photographed, inflation persisted for every model: 0.010 with frozen ResNet-50
embeddings (naive 0.964, source-held 0.954) and 0.021 with a fine-tuned ResNet-18 (0.973 against
0.952), positive in each of its three paired repeats (0.015 to 0.030). Near the ceiling a small difference
in AUC is a large one in error: for the fine-tuned network, one minus the AUC rose from

0.027 to 0.048, so the source-held error was 1.8 times the naive one. On RedTell, whose repeats are
byte-identical copies of control fields, neither network lost anything (—0.009 frozen, —0.007 fine-
tuned; naive 0.918 and 0.972), although the fine-tuned naive estimate ranged from 0.932 to 1.000
across repeats. Duplicated images therefore inflated the hand-crafted models only, whereas re-pho-
tographed fields inflated every model tested.

Corpus Naive Source- Source-held | Difference Across fea-
held range tures and

learners
RedTell 0.824 0.730 0.681 to 0.792 +0.094 +0.067 to
+0.111
Tushabe 0.905 0.880 0.874 to 0.889 +0.025 +0.025 to
+0.084
erythroSight 1.000 0.908 0.816 to 0.997 +0.092 +0.011 to
+0.092
erythrocytesIDB 1.000 1.000 0.999 to 1.000 0.000| ceiling; unin-
formative

Table 3. Detection AUC under a random split and a source-held split, grey features with a random
forest; for erythroSight, cell-morphology measurements with participant holdout. The range is the
2.5th to 97.5th percentile of the source-held estimate over repeated fold assignments; it describes that
variability and is not a confidence interval. Differences are reported as observed quantities and were
not subjected to significance testing. Tushabe uses the human-anchored threshold with mutual
linking, the most conservative setting. The last column gives the range of the difference over the four
feature—learner combinations (two learners for erythroSight). The erythrocytesIDB row is shown for
completeness only.



Holding sources out lowers every estimate that is not at ceiling
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Fig. 2. Inflation across the four corpora. Open circles give the random-split AUC, filled circles the
source- or participant-held AUC, and bars the range over repeated fold assignments.

There was no consistent learner effect. Logistic regression lost more than the random forest on
Tushabe, less on erythroSight, and about the same on RedTell. Flexible learners can be more ex-
posed to dependence, but the data do not show that they always are.

These estimates cover only the dependence that pixels can reveal. Different fields from one person
show different cells, so the image-level comparison used here cannot link them (Fig. 3). Only ery-
throSight distributes identifiers, and there participant-level holdout cost 0.092 — as much as the
image-level duplicates in RedTell. On Tushabe, whose 569 images come from 140 participants [23],
the filenames run continuously from 1 in each class folder, capture order could not be recov-ered
from them, and the participant-level share of inflation cannot be measured.

Two kinds of dependence, and only one can be seen in the pixels

IMAGE-LEVEL PARTICIPANT-LEVEL
v v

the same field saved twice, different fields from
or photographed again the same person
v v
found by dihedral, shift-tolerant different cells in view:
correlation, checked by eye pixels cannot link them

v

v
RedTell +0.094 Tushabe +0.025 measurable only with identifiers
{duplicates) (repeated fields) erythroSight +0.092

Most public sickle cell releases distribute no participant identifiers, s¢ the second kind -- as large as the

first wherever it can be measured -- cannot be checked from the data as published.



Fig. 3. Two kinds of dependence. Image-level repeats can be recovered and their cost measured;
participant-level dependence can be measured only where identifiers are distributed.

3.3 Stability of the estimate

Across thresholds from 0.45 to 0.648, the number of independent Tushabe fields moved only from
249 to 297, and inflation with grey features and a forest stayed between 0.019 and 0.038 (Fig. 4). The
result does not depend on where the threshold is set within that range.
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Fig. 4. Tushabe. (a) Inflation for each feature set and learner against grouping threshold. (b) Inde-
pendent fields against threshold; the dashed line in (a) marks the human-anchored threshold.

3.4 File traces and the balanced index

On Tushabe, file size, width, height and pixel count all gave an accuracy-based index of zero, and
balanced indices of 0.322 to 0.354 (p < 0.005, the smallest value attainable with 200 permutations;
Fig. 5). Sickle images are the majority class, at 74%, so a trace that picks out more sickle images
cannot beat always guessing sickle, and the accuracy form cannot register it. The balanced form
equals the fraction of a class that a trace identifies: in a simulation built from Tushabe’s counts it read
0.323 against a marked fraction of 136/422 = 0.322, and on RedTell, with uniform files, the index
equalled the re-encoded share exactly (Supplementary Fig. S1). The folders also differ in stain: 57%
of sickle and 38% of normal images were Leishman-stained [23], an imbalance shown in the earlier
audit to be recoverable from colour statistics [9]; stain is not recorded per file and was not tested
here.

Two flags were not acquisition traces, and are reported as such. Tushabe’s filename ordinal gave
0.642 only because each class folder is numbered from 1 and the sickle folder holds more files; an
ordinal is an acquisition trace only when numbering is global, as in RedTell, where it gave 1.000.
erythrocytesIDB’s file size gave 0.292 because an elongated cell compresses to a different size than
a round one — biology reaching the file, not acquisition.



With class imbalance, the accuracy index reads zero for traces the balanced index finds
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Fig. 5. Accuracy-based and balanced confounding index for the traces that carry class information.
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3.5 A trace can be present and unused

All 147 normal Tushabe images are 1,000 pixels wide, whereas of the 422 sickle images 283 are
1,000 pixels wide, 136 are at native phone resolution (1,749 to 4,160 pixels) and three are smaller;
no normal image is at native resolution. The creators state that every image was resized to a width of
1,000 pixels [23]; the labelled folder conforms, but the unlabelled folder analysed here does not. The
features could see the difference — native and 1,000-pixel sickle images were separable at an AUC
of 0.866 — but the classifier did not use it as a shortcut. Native-resolution sickle images were harder
to detect than 1,000-pixel ones (0.860 against 0.938), and removing them raised AUC from 0.905 to
0.944 (Fig. 6a—b) — a hidden stratum within the positive class, of the kind that aggregate accuracy
conceals [34]. The frozen network behaved the same way: it separated native from 1,000-pixel sickle
images almost perfectly (AUC 0.993), yet native images were again the harder ones (0.957 against
0.974), and removing them raised AUC from 0.964 to 0.977.

The labelled folder behaved differently. An earlier audit by the present authors found that assem-
bling a corpus from it raised a reference classifier’s accuracy, but global image statistics could not
locate the cause [9]. The unlabelled folder analysed throughout has a mean sickle file size of 415 kB
and the labelled folder 177 kB, and all 147 normal images were byte-identical between the two. Ev-
ery one of the 422 sickle images in the labelled folder carried black rectangles drawn around indi-
vidual sickle cells. Of these, 417 were paired with their unlabelled counterparts automatically; three
more were paired by eye and by rotation-tolerant correlation, one having been rotated by 90° (93.jpg)
and two cropped (91.jpg, 176.jpg). The remaining two, 35.jpg and 155.jpg, were byte-iden-tical in
both folders and carried boxes in both, so the unlabelled folder is not entirely free of anno-tation. On
the labelled folder detection rose from 0.905 to 0.963, a gain of 0.058 that comes from the drawn
boxes rather than from the cells (Fig. 6¢). In the separate control (Sect. 2.7) the gain did not depend
on image size or compression: restricted to the 283 sickle images at 1,000 pixels and all normals, the
boxes removed 89% of the remaining error against 94% on the full set, whereas re-en-coding the
unlabelled images to the file size of the labelled folder left detection unchanged (AUC 0.972 before
and after). Marks of this kind have been shown to drive classifiers in dermatology

[35]; here they were located without any model of what a mark looks like, because two versions of
the same release were available to compare.
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Fig. 6. Availability and use. (a) The resolution trace is present in the files. (b) It is visible to the fea-
tures but native-resolution images are harder, not easier. (¢) Boxes drawn on the sickle images of the
labelled folder are used, raising AUC by 0.058.

3.6 A field filed under both classes

Three groups of repeated fields spanned both classes. In one, confirmed by eye, a single field ap-
pears as Normal/146.jpg and as Sickle/208.jpg and Sickle/366.jpg: the same cells in the same ar-
rangement, differing only in brightness and vignette (Fig. 7). Two distinctive cells lie 218, 221 and
216 pixels apart in the three photographs, a spread of under 3%. Label errors of this kind are com-
mon even in widely used benchmarks [36], but here the conflict was found through the repeated fields
rather than through a trained model. Because a label records whether at least one sickle cell was
identified in that photograph [23], a conflict can arise if a sickle cell is visible in one exposure and
not in another; the data cannot say which label is correct, and the conflict is reported as such. The
other two groups are candidates that have not yet been inspected.

NORMAL Normal/146.jpg SICKLE Sickle/208.jpg SICKLE Sickle/366.jpg

Fig. 7. One field filed under both classes in the published Tushabe dataset. (a) Normal/146.jpg; (b)
Sickle/208.jpg; (¢) Sickle/366.jpg. The two circled landmark cells occupy the same positions in all
three photographs and lie 218, 221 and 216 pixels apart; the images differ only in exposure and vi-
gnette. Photographs are shown as distributed, each resized to a common height with no other adjust-
ment; magnification is not recorded in the source dataset, so no scale bar can be given.

3.7 Standard optimism correction

Harrell’s bootstrap correction gave 0.723 on RedTell against a source-held estimate of 0.674, and
0.715 on Tushabe against 0.697 (Fig. 8). These figures come from the ten-component logistic-re-
gression model of Sect. 2.8 and are not comparable with the random-forest estimates in Table 3.
Resampling sources rather than images moved the estimates only slightly, to 0.713 and 0.702. Boot-



strap correction always scores each model against the full original set, which contains the very im-
ages — and their repeats — that the model was trained on; no resampling scheme removes that, and
only holding sources out does.

Standard optimism correction stays above the source-held estimate
0.850 -

0.825 A
0.800 A
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0‘650 T ) L] ] L

apparent Harrell bootstrap, naive CV source-held
bootstrap sources cv

AUC (10 principal components + logistic)

Fig. 8. Optimism correction against the source-held estimate, for ten principal components with lo-
gistic regression. The model differs from that of Table 3, so the values are not comparable with it.

3.8 An acceptance test

The checks were assembled into a proposed six-step test for an imaging tool before independent
validation for a screening district (Fig. 9): file traces, repeats, the source-held gap, whether any
flagged trace is used, the direction of effects across three groups where a third group is imaged in the
same collection, and label conflicts among repeated sources. Fixed cut-offs were rejected by the
validation: on RedTell, whose files are uniform, a re-encoded archive was detected once it made up
a quarter of one class, whereas on Tushabe, photographed on four phones [23], the same archive
stayed hidden until it made up the whole class (Supplementary Fig. S1). Each check is therefore
judged against its own corpus rather than a fixed cut-off: file traces against a permutation null, re-
peats against the human-anchored threshold, and the source-held gap against its spread over fold
assignments. In the form used here, Check 3 reports the source-held figure whenever the naive AUC
lies above the upper end of the source-held range, and Check 4 treats a trace as used when the images
it marks are classified more accurately than the rest, or when removing it lowers AUC by more than
that spread. Check 5 was demonstrated on erythroSight, with its three sickle cell trait par-ticipants as
the third group. A model trained on SCD and normal participants alone placed all three trait
participants with the normals (mean predicted probability of SCD 0.000 to 0.041, against 0.994 to
1.000 for SCD), and trait shape measurements lay between normal and SCD, close to normal (ec-
centricity, circularity, aspect ratio and curl at 0.06 to 0.18 of the distance), although area and major
axis lay slightly beyond normal. This is the direction expected of a disease signal rather than an ac-
quisition trace, since trait carriers have largely normal red cells. The SCD and normal scores are in-
sample, and three participants per group allow only a descriptive reading.

Check What it tests Evidence from this study

1 File traces balanced confounding index on | Tushabe width 0.322 and file size
size, dimensions and filename | 0.354, both read 0.000 by the accuracy
order, against a permutation null | index; RedTell ordinal 1.000

2 Repeats shift-tolerant correlation, thresh- | Tushabe 569 images — 280 fields,
old set from pairs labelled by two byte-identical normal pairs;
eye RedTell 12 duplicate controls; rater




Check

What it tests

Evidence from this study

agreement K = 1.000

3 Source-held gap

naive against source-held AUC
over repeated fold assignments

RedTell +0.094; Tushabe +0.025 to
+0.084; erythroSight +0.092; fine-
tuned ResNet-18 on Tushabe +0.021

4 Use of a trace

stratified evaluation of any
flagged trace

resolution present but unused (AUC
0.905 — 0.944 when removed); drawn
boxes used (+0.058)

5 Three-group di-
rection (condi-
tional)

direction of each effect across
disease, a third group and con-
trol, where one is imaged in the
same collection

erythroSight with sickle cell trait as
third group: trait scored with normals
(P(SCD) <0.041); RedTell tha-
lassemia fields available, not analysed

6 Label conflicts

repeated sources spanning both
classes

one field filed as Normal and Sickle,
gonﬁrmed by eye; two further candi-
ates

Table 4. The six checks, what each tests, and the evidence for it in this study. Each check is judged
against its own corpus rather than a universal threshold.

Proposed acceptance test before independent validation of an imaging tool

each check is judged against its own corpus, not a universal cut-off

3 SOURCE-HELD GAP

4 USE OF A TRACE

5 THREE-GROUP

{conditional)

6 LABEL CONFLICTS

both classes

balanced confounding index on size,
dimensions, filename order

shift-tolerant correlation; threshold
set from ~60 pairs labelled by eye

naive vs source-held AUC,
repeated fold assignments

stratify by any flagged trace:
does accuracy depend on it?

direction across disease, a third
group and control, where imaged

repeated sources spanning

not yet evaluated prospectively

flag if above its permutation
null {(p < 0.01)

group repeats before
any evaluation

report the held-out figure
whenever the gap is non-zero

present-but-unused is reported;
used traces are removed

feature assigned to
acquisition - rejected

inspect by eye; resolve
before reporting

ALL SIX SATISFACTORY - proceed to independent validation
ANY UNRESOLVED FAIL - investigate; do not report a detection figure

Fig. 9. The proposed acceptance test. Each check is judged against its own corpus rather than a uni-
versal threshold. Passing all six leads to independent validation, not directly to deployment, since
the test has not been evaluated prospectively.

4 Discussion

Every public sickle cell corpus examined here that is not at ceiling reports a higher AUC under a
random split than when its sources are kept apart, by 0.025 to 0.094 in area under the curve with grey
features and a random forest, and by up to 0.111 across feature sets and learners. The size of



the difference depends on the model. Re-photographed fields still inflated a fine-tuned network by
0.021 on Tushabe, leaving its source-held error 1.8 times the naive one, whereas the byte-identical
duplicates that inflated hand-crafted models on RedTell by 0.094 left pretrained networks unaf-fected.
Inflation is therefore a property of a corpus and a model together, and must be measured for the model
being reported. For a field in which reported accuracies cluster in the high nineties, that is the
difference between a result that holds and one that does not. The differences are consistent with three
forms of source dependence — duplicated images, re-photographed fields and shared partic-ipants
— of which only the first two can be seen in the images; their individual contributions cannot be
separated uniformly across the four corpora. No single mechanism is held to account for the dif-
ferences reported here, and their size should not be assumed to transfer to other corpora, which dif-
fer in how they were assembled.

That asymmetry is the main finding. Where each could be measured, the dependence visible in pix-
els and the dependence visible only through identifiers were of the same order (0.094 on RedTell
images, 0.092 on erythroSight morphology measurements), although the two come from different
corpora and features and the second rests on six participants, and the second kind is invisible in the
corpora that lack identifiers, which is almost all of them. Reporting standards ask authors to de-scribe
how independence was secured [19, 21], but a user of these corpora cannot do so from the files.
Distributing a participant identifier with each image would cost nothing and would make the question
answerable. Data-quality assessment before model development has been argued for rou-tine health
records [18]; the present results extend the case to imaging, where the defects that matter are repeated
sources and drawn marks rather than missing fields.

Three further results bear on how such checks should be done. Thresholds for “the same image” must
be set against real repeats, not synthetic ones: planted copies drift less than genuine re-cap-tures, and
calibrating on them missed a third of the repeats here. Confounding measures based on accuracy are
blind under class imbalance, and a balanced form should replace them. And a trace present in the files
1s not necessarily used: the resolution trace was visible to hand-crafted features and to a network, and
unused by both, the drawn boxes were used, and only a stratified test distin-guished the two. Presence
and use are different questions, and a confound check must ask both.

The practical consequence is for programmes that deploy such tools. Screening under the National
Sickle Cell Anaemia Elimination Mission relies on point-of-care tests [3, 4], and imaging tools are
being proposed as scalable aids alongside them [5—7]. The acceptance test proposed here needs only
the corpus, standard computing resources and some sixty image pairs labelled by eye. It flags each of
the problems reported in this paper, although it was assembled from them and has not yet been tested
prospectively.

4.1 Limitations

» Participant-level inflation was measured on one corpus, with three participants per group, and
its interval is wide.

* Source recovery is a lower bound: at the human-anchored threshold it recovered 85% of re-
peats, and crops of 10% or more were largely missed (Supplementary Fig. S2).

* On isolated cell crops the procedure failed: erythrocytesIDB’s 413 distinct cells were merged
into 338 sources, every inspected link being false. The method is suited to fields, not to single
cells, and the erythrocytesIDB source-held estimate is therefore not interpreted.

* The network comparison used one architecture of each kind, three repeats of fine-tuning over
ten epochs without a hyperparameter search, and two corpora. RedTell’s 61 images are



too few for a firm conclusion about networks, and larger or differently trained networks may
memorise fields more or less than those tested.

* The reference study used 59 pairs sampled within similarity bins, which estimates the proba-
bility of a repeat at each similarity but not the prevalence of repeats in the corpus. Its second
rater was an Al model, used for agreement only, and its conclusions rest on 52 decided pairs,
so the interval around each proportion is wide (Table 2).

* The grouping threshold was calibrated on the corpus to which it is applied. It was set from
judgements of image identity alone, and the estimate varies by less than 0.02 across thresh-
olds from 0.45 to 0.648, but it has not been validated on independent data and should not be
taken as universal; an externally calibrated threshold would be stronger.

* Two of the three label conflicts have not been confirmed by eye, and the acceptance test is a
proposal: it has not been used in a district, and passing it has not been shown to predict field
performance.

5 Conclusions

Across four public sickle cell imaging corpora, detection AUC under a random split exceeded AUC
with sources held apart by up to 0.11 for hand-crafted models and by 0.021 for a fine-tuned net-work,
a loss consistent with duplicated images, re-photographed fields and shared participants. Re-
photographed fields inflated every model tested, duplicated images only the hand-crafted ones, so
inflation must be measured for the model being reported. The part that comes from shared partici-
pants cannot be measured in corpora that distribute no identifiers. Thresholds for detecting repeats
must be anchored to human judgement, confounding indices must be balanced, and a trace found in
the files must be tested for use before it is blamed. The labelled release of one corpus carries drawn
annotations worth 0.058 in AUC, and one field in that corpus is filed under both classes. Six checks,
each calibrated to the corpus itself, are proposed as an acceptance test for imaging tools entering
screening programmes, so that Al deployed in health systems is judged on what it measures rather
than on how its data were assembled.
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AUC Area under the receiver operating characteristic curve
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Supplementary figures
A varied corpus hides an archive trace
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Fig. S1. Confounding index against the share of one class re-encoded as a second archive. On
RedTell, with uniform files, the index equals the share and is detected from 25%; on Tushabe, pho-
tographed on four phones, the archive stays hidden until it makes up the whole class.
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Fig. S2. Source recovery. (a) Planted copies recovered at 128 px, by transformation. (b) On isolated
cells, distinct by construction, the procedure merges falsely.
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