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Abstract
Background: Automated morphological assessment of stem cell colonies is widely reported to exceed ninety per cent accuracy,

but published figures rest on incompatible validation designs.

Objective: To read the field through the validation regime attached to each accuracy figure and ask what the reported numbers

actually measure.

Methods: Narrative review of colony imaging studies, model benchmarks and inter-observer agreement data.

Findings: On 165,190 images across 32 cell lines and 93 batches, one model reached 99.9% accuracy under a batch-stratified split

and 89.1% under a batch-separated split. A model trained on single-cell bright-field images reached 0.923 accuracy on the held-out

20% but 71.89-82.73% on separate experiments using inducers absent from training. Two experts agreed on 48% of 449 colony

images.

Conclusions: The evidence supports reporting split construction with every accuracy and grouping splits by batch and donor; it

does not support ranking published accuracies against one another.

Keywords: Induced pluripotent stem cells; Machine learning; Colony morphology; Image analysis; Model validation



Citation: Teixeira M, Boer BD, Kazlauskas M (2026) Machine Learning-Assisted Morphological Assessment of Stem
Cell Colony Quality. Ann Stem Cell Res, 9(1): 01-08.

Annals of Stem Cell Research
© 2026 Somato Publications. All rights reserved.

02 Volume 9 Issue 1 - 1002

Introduction

Pluripotent stem cell culture is still governed by looking. A

technician examines a plate under phase contrast, decides

which colonies are compact and phase-bright with

defined borders and which have gone flat, loose or

centrally dense, and marks the poor ones for removal. The

judgement is fast, free, non-destructive and repeatable

within one pair of hands. It is also undocumented,

unquantified and unauditable, which is why it has

become the obvious target for automation. Two decades

of work now exist on extracting morphological descriptors

from label-free images of stem cell colonies and mapping

them onto quality labels, first with hand-crafted features

and classical classifiers and more recently with

convolutional networks and self-supervised

representations [1,2,3].

The literature that has accumulated reports accuracies

that look excellent. Headline figures above ninety per cent

are routine, and a reader assembling them into a table

would conclude that the problem is solved. It is not, and

the reason is that the numbers are not measuring the

same thing. An accuracy is a property of a model and a test

set jointly, and the test sets in this field are constructed in

at least three incompatible ways: by cross-validation

within the training data, by holding out a split of the same

experiment, and by evaluating on material the model has

genuinely never encountered — a different batch, a

different induction condition, a different donor, a

different microscope. Papers rarely make the distinction

load-bearing, and the resulting figures are stacked side by

side in review tables as if they were commensurable. They

are not. This review reads the field through that single

lens: for every performance number quoted below, the

validation regime is stated, and the gap between regimes

is treated as the primary finding rather than as a caveat.

Grading colonies by eye

The case for automation rests on an assumption that

manual grading is reproducible enough to be worth

reproducing. That assumption is weakly supported. The

most direct measurement available compares two stem

cell experts scoring 449 hESC (H9) colony images from

three composite fields covering roughly 12 cm2 on a

five-point scale from poor to maximum pluripotency

character; they agreed on 48% of colonies [4]. This figure

must be reported with its provenance: it comes from a

National Institute of Standards and Technology

Information Systems Group dataset page, not from a

peer-reviewed article, and the page itself carries no

companion publication. It is the best number available for

this task, and no journal article located in this survey

measures inter-operator agreement on human

pluripotent stem cell colony grading at all. That absence is

itself a finding.

Adjacent imaging fields have done the measurement

properly, and their results indicate that visual agreement

is strongly feature-dependent rather than uniformly poor.

In early embryo assessment, inter-observer median kappa

reaches 0.80 or above for blastomere counting on days

two and three, falls to 0.60-0.79 for cleavage-axis

orientation, sits at 0.40-0.59 for most other parameters,

and drops below 0.40 for pronuclear size and cytoplasmic

halo, across 50 embryos scored by seven embryologists

[5]. Discrete countable features are agreed upon; graded

textural impressions are not. Colony quality is a graded

textural impression.

A second embryo study makes the more uncomfortable

point. On 245 images from 31 embryos, three

embryologists reached 89.9% accuracy with a Fleiss kappa

of 0.878 (95% CI 0.848-0.908), while ResNet-34 reached

78.8% accuracy with agreement kappa 0.932 and VGG16

reached 74.3% with kappa 0.940 [6]. Those accuracies

come from a held-out test set within a single centre, not

from an external cohort. The humans were more accurate

and less consistent; the networks were less accurate and

more consistent. Substituting a model for an expert

therefore trades one kind of error for another, and a study



Citation: Teixeira M, Boer BD, Kazlauskas M (2026) Machine Learning-Assisted Morphological Assessment of Stem
Cell Colony Quality. Ann Stem Cell Res, 9(1): 01-08.

Annals of Stem Cell Research
© 2026 Somato Publications. All rights reserved.

03 Volume 9 Issue 1 - 1002

that reports only accuracy has measured only half of the

exchange. The claim that a multi-class U-Net segmenting

colony, single-cell, differentiated and dead regions is more

accurate than skilled visual estimation of hiPSC culture

status is made without an accompanying agreement

statistic, which leaves the comparison unresolved [7].

Two decades of morphological models

The earliest systems were explicitly parametric.

Automated scoring of hiPSC cultures from time-lapse

bright-field imaging, using compaction, doubling time,

colony-border spikiness and sensitivity to media change,

reached 80% accuracy per imaging position and 89% per

well against three-category expert ground truth, on a

50/50 split of 564 time-lapse datasets from 94 cultures [8].

Texture and pattern descriptors from the wndchrm

framework, cross-validated on 60 colony images per line

across nine lines, separated an iPSC line from a non-iPSC

line at 0.87 and from mammary epithelial cells at 0.96 [9].

Parametric analysis of non-labelled live colonies took a

different route, clustering 303 mature colonies drawn

from 2,304 images into five morphological groups and

validating those groups post hoc against OCT-3/4 and

vimentin staining and single-colony microarray, where

1,454 probes differed significantly between the

poor-quality cluster and the rest; poor subclones were

enriched in that cluster at 27.3% versus 13.3% for the

201B7 parental line and 40.5% versus 4.8% for 253G1 [10].

Related feature-based classification of colony images and

image-based irregularity detection across nominally

identical culture processes established the same template

[11,12], as did image-based pluripotency quantification

software [13].

Deep learning changed the input rather than the question.

Networks were trained to detect the earliest onset of

differentiation from bright-field images [14], to identify

iPSC-derived endothelial cells against CD31

immunofluorescence [15], to predict colony formation

and morphology during reprogramming from time-lapse

sequences [16,17], and to read hematopoietic lineage

choice from morphology up to three generations before

molecular markers appear [18]. In mesenchymal stromal

cells, morphological profiling of

interferon-gamma-stimulated populations was shown to

predict immunosuppressive capacity, extending the

approach from identity to function [19,20]. Automated

colony detection during reprogramming correlated with

manual counting at r = 0.877 across three experiments

under repeated random sub-sampling, with reliable

detection from day 7 of a 20-24 day process [17].

Table 1: Representative colony and cell morphology models, with the
validation regime that produced each reported figure
[8,9,23,25,22,21].
Study Dataset size Validation type Reported

performance

Maddah
2014

564 time-lapse
datasets, 94
cultures

Held-out, 50/50 80% per position;
89% per well

Tokunaga
2014

60 images per
line, 9 lines

Cross-validation 0.87 iPSC vs
non-iPSC;
0.63-0.68 line vs
line

Kavitha
2017

60 train, 30 test Held-out plus
5-fold CV

95.5% held-out;
above 90% CV

Vedeneeva
2023

150 colonies,
4,486 cells

Nested CV, no
external

99 +/- 2%, AUC
0.997

Zhu 2021 149,428
single-cell images

Held-out 20%;
separate
experiment

0.923 held-out;
0.719-0.811
unseen inducers

Tong 2024 165,190 images,
93 batches

Batch-stratified vs
batch-separated

99.9% vs 89.1%
sequence-level

The validation regime sets the number

The clearest demonstration that regime, not architecture,

drives the headline comes from cell line identification on

an industrial bright-field dataset of 165,190 images

spanning 32 cell lines and 93 batches. Under a

batch-stratified split, where training and test images are

drawn from all batches, CLANet reaches 99.9% +/- 0.1

sequence-level and 100.0% +/- 0.0 batch-level accuracy.

Under a batch-separated split, with one batch per class for

training and the remaining 61 batches held out, the same

model on the same data reaches 89.1% +/- 2.2

sequence-level accuracy, 90.7% +/- 2.0 batch-level, and a
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sequence-level F1 of 83.7% +/- 4.2 [21]. Nothing changed

except whether batch membership leaked across the split.

Comparator architectures fell much further under the

batch-separated regime: a vision transformer on raw

images to 51.2% +/- 2.8, and multiple-instance baselines

to between 73.0% and 78.4%.

Figure 1: Paired accuracies for three studies in which the same
method was scored under an optimistic and an independent validation
regime; the left bar of each pair is not an independent estimate, since
CLANet's 99.9% comes from a batch-stratified split of the same
165,190 images across 93 batches that yield 89.1% when batches are
separated, the neural stem cell model's 92.3% is a held-out 20% of
149,428 single-cell images against 71.9% on the unseen LDH-NT3
inducer, and the 87% wndchrm figure separates iPSC from non-iPSC
where line-versus-line separation falls to 63% on 60 colony images per
line [21,22,9].

The second demonstration comes from neural stem cell

differentiation. A bright-field model trained on 119,533 of

149,428 annotated single-cell images reached 0.923 overall

accuracy on the held-out 20%, and a dark-field model

reached 0.998. Applied to separate experiments using

inducers absent from training, the same approach

returned 81.09% for NGF, 82.73% for RA/SHH, 76.92% for

CNTF, 76.79% for melatonin, 73.68% for NT3 and 71.89%

for LDH-NT3 [22]. This is the same laboratory and the

same cell source under different induction conditions, so

it is a separate-experiment result rather than an external

one in the regulatory sense — and it still costs eleven to

twenty percentage points.

Cross-validation on small datasets produces the most

extreme figures. A vector-based CNN on hiPSC colony

images reported 95.5% accuracy from morphological

features on a held-out test set of 30 images, with 60 for

training, the authors noting the small training set as the

study's limitation [23]. On 150 colonies and 4,486 cells

from three lines, four-parameter colony-level

classification reached 74 +/- 6% under cross-validation

and cell-level classification 69 +/- 3% [24]. Fusing cellular

and colonial features on that same material under nested

cross-validation with five inner and five outer folds raised

random forest accuracy to 99 +/- 2% with an AUC of 0.997

[25]. That 99% has never met an independent sample. A

CNN on hESC H9 phase-contrast images reported 89% on

a 4:1 held-out split of 269 images from a single line [26];

transfer-learned ResNet-50 prediction of hMSC lineage

reported 0.9572 accuracy and 0.9958 AUC on a 20%

held-out split of 2,336 images [27]; and CNN staging of

hepatocyte differentiation across three hiPSC lines

reported 0.95 accuracy and 0.95 F1, with 592 of 614 test

patches correct, on a patch-level 70/20/10 split of 1,331

images expanded to 6,972 patches [28]. Where the split is

at patch level and patches are not grouped by source

image, patches from one image can fall on both sides,

which would inflate the estimate; the reachable record

does not state whether grouping was applied.

The honest counterexamples sit in the same papers.

Cross-validated discrimination of one iPSC line from

another — the clinically relevant comparison — runs at

0.66, 0.68 and 0.63 against three different iPSC lines,

against 0.87 and 0.96 for the easy contrasts [9]. Across 79

studies in a ten-year systematic scoping review,

convolutional networks appeared in 33 (41%) and

machine learning methods in 44 (55.6%), code was

available for 29%, only two studies provided best-practice

reports, 77% reported data-splitting practices and 67%

documented hyperparameter tuning [1]. Reporting a split

is not the same as reporting an independent one.

Batches, microscopes and laboratories

No study located here validates a stem cell colony-quality

model at a second laboratory on a second microscope.

The nearest evidence comes from adjacent imaging tasks

and is discouraging. A systematic evaluation of
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batch-correction methods across five scenarios of

increasing heterogeneity — from one laboratory with 302

compounds and 13 batches, up to five laboratories, three

microscope types, 82,412 compounds and 60 runs —

concludes that in the hardest scenario none of the

methods adequately removes the batch effects, with

Harmony and Seurat RPCA among the top three by mean

rank [29]. Self-supervised representations improve on

engineered features by 29% in perturbation mean average

precision (p = 1.10 x 10-6) and by 73% on cross-source

perturbation retrieval, and recover 11 gene families

against 3 for CellProfiler on unseen overexpression with

adjusted mutual information 0.51 against 0.19 — yet on a

genuinely external bioactivity task spanning 209 ChEMBL

assays, mean AUROC is 0.72 against 0.73 for the best

supervised CNN, that is, no advantage at all [30].

Figure 2: Reported accuracy against training-set size for eleven
evaluations from eight studies, coloured by validation regime, showing
that the two smallest datasets carry two of the highest figures and that
the separate-experiment points (the mean of the six confirmed
unseen-inducer accuracies, 77.2%, and the batch-separated 89.1%) sit
below the held-out points at comparable scale
[23,24,25,26,8,28,27,22,21,9].

Where the same model has been carried to new donors,

the cost is measurable. Label-free quantitative bright-field

prediction of iPSC-RPE function achieved R2 = 0.97 with

RMSE 70.6 ohm.cm2 for trans-epithelial resistance and

94% accuracy, 100% sensitivity and 90% specificity at the

400 ohm.cm2 threshold under held-out cross-validation

across clone combinations, on 864 fields of view with

segmentation checked against 12,750 hand-segmented

cells. Transferred to eight iPSC clones from three

age-related macular degeneration patients, R2 was 0.92,

and across 18 cross-donor training combinations mean

RMSE rose to 86.9 +/- 14.3 ohm.cm2, roughly 23% worse

than the within-donor figure [31]. That is the

best-behaved transfer in this literature, and it still

degrades.

What the label is worth

Validation regime is only half of comparability; the other

half is what the model was trained to reproduce. Where

the label is one expert's three-category ranking of

time-lapse movies [8], the ceiling is set by the 48%

two-expert concordance described above [4]. Where the

label is a single surface marker [15] or a protocol

timepoint [28], the model learns the proxy, not the

phenotype. Where the label is a genetic reporter, as in

quantitative phase imaging of hematopoietic stem cells

predicting Hlf-tdTomato intensity from 20 consecutive

frames at r = 0.73 and mean squared error 0.02 on a

separate held-out dataset, the ground truth is precise but

unavailable in a clinical product [32]. Only direct

functional measurement on the same wells escapes the

problem [31].

Regulators set the terminal requirement. A potency assay

must reflect the product's mechanism of action and

ideally correlate with clinical response; the FDA mandates

a validated quantitative functional potency assay for

commercial release, while EU regulators permit a

validated surrogate provided a functional assay exists for

characterisation and the two correlate, and a matrix of

methods is accepted for complex products [33]. A

non-invasive imaging model is exactly the kind of

surrogate that framework contemplates for release testing

[34] — but only once the correlation has been

demonstrated on material the model has never seen.

Table 2: What each model was trained against, and the known
weakness of that ground truth [8,15,28,32,31,4].
Study Ground-truth label Weakness of the

label

Maddah 2014 Good / fair / poor culture One rater; two
experts agreed on
48% of 449 colonies
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Study Ground-truth label Weakness of the
label

Kusumoto 2018 CD31
immunofluorescence

One surface marker
stands in for
identity

Marzec-Schmidt
2023

Differentiation day A schedule, not a
phenotype

Yogo 2025 Hlf-tdTomato reporter Requires a
transgene;
unavailable
clinically

Schaub 2020 Trans-epithelial resistance,
VEGF ratio

Measured function,
but still not a
clinical outcome

Conclusion

The reported accuracies in this field cannot be ranked

against one another, and reviews that tabulate them as

though they can are producing an artefact. The 99.9% and

the 89.1% belong to one model on one dataset and differ

only in whether batch identity leaked across the split; the

0.923 and the 0.719 belong to one model and differ only in

whether the inducer was seen in training. Those two

comparisons, rather than any single headline, are the state

of the evidence. A 99 +/- 2% under nested cross-validation

on 150 colonies from one laboratory and a 76% on unseen

induction conditions from 149,428 images are not two

points on the same scale. The practical requirements

follow directly: report the split construction with every

figure, group splits by source image, batch and donor

rather than by tile, and treat cross-batch and cross-line

evaluation as the minimum publishable standard rather

than an appendix. Until a colony-quality model is

evaluated at a second laboratory on a second microscope

against a functional endpoint, it has not been tested.
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