
ARTIC
LE

 IN
 PRESS

Article in Press

Crowdsourcing enables robust cell annotation for 
breast cancer pathology

Scientific Reports

Received: 6 January 2026

Accepted: 21 April 2026

Cite this article as: Klöckner P., 
Cesur M.E., Rooij B.d. et al. 
Crowdsourcing enables robust cell 
annotation for breast cancer pathology. 
Sci Rep (2026). https://doi.org/10.1038/
s41598-026-50544-9

Pascal Klöckner, Melis Erdal Cesur, Bart de Rooij, Zainab Ameziane, Idris Iritas, 
Rolf Harkes, Siamak Hajizadeh, Ibrahim Aloglu, Joyce Sanders, Marcos da Silva 
Guimaraes, Sybren Lodewijk Meijer, Rafael Bidarra, Jelle ten Hoeve, Laurens Pels, 
Sara Pires Oliveira & Hugo Mark Horlings

We are providing an unedited version of this manuscript to give early access to its 
findings. Before final publication, the manuscript will undergo further editing. Please 
note there may be errors present which affect the content, and all legal disclaimers 
apply.

If this paper is publishing under a Transparent Peer Review model then Peer 
Review reports will publish with the final article.

https://doi.org/10.1038/s41598-026-50544-9

© The Author(s) 2026. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit 
to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do 
not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the 
article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain 
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

https://doi.org/10.1038/s41598-026-50544-9
https://doi.org/10.1038/s41598-026-50544-9
https://doi.org/10.1038/s41598-026-50544-9
http://creativecommons.org/licenses/by-nc-nd/4.0


Crowdsourcing enables robust cell annotation for
breast cancer pathology
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ABSTRACT

The tumor microenvironment (TME) contains important morphological and molecular cues that help determine prognosis and
therapeutic responses. Deep learning models can assist pathologists in assessing such biomarkers. However, generating high-
quality annotations for computational pathology remains a significant bottleneck due to the level of expertise and considerable
time required for fine-grained labeling. In this study, we evaluate the feasibility of using non-expert crowdsourcing for cell
annotation in hematoxylin and eosin (H&E) samples of breast cancer tissue. Unlike prior work, performance assessment
was based on high-fidelity ground-truth labels derived from multiplexed immunofluorescence using CODEX data, allowing
for accurate benchmarking of both experts and non-experts. We collected cell annotations from experts, semi-experts, and
non-experts through Tilly, a gamified annotation application designed to train and engage users in identifying major cell types
within the TME. Overall, our results show that non-expert crowdsourcing is a scalable and effective strategy for generating
training data for the classification of major cell types in H&E images: tumor cells, lymphocytes, and fibroblasts. Moreover,
combining large, crowdsourced datasets with smaller, high-quality subsets annotated using spatial proteomics may offer a
practical annotation approach to develop more robust models while minimizing biases.

1 Introduction
The tumor microenvironment (TME) plays a crucial role in understanding tumor behavior and contains valuable information that
can be used to predict both patient outcomes and treatment response. For example, scoring of tumor-infiltrating lymphocytes
(TIL) has prognostic and predictive value for response to immune checkpoint inhibitors in patients with triple-negative
breast cancer (TNBC) and melanoma1, 2. Traditionally, pathologists assess and report such biomarkers through microscopic
examination. However, the advent of deep learning and digital pathology enabled the development of numerous computational
tools that can assist pathologists across a wide range of tasks, including automatic TIL scoring3–5. Nevertheless, for more
detailed information on the number and location of the different cell types, it is necessary to perform cell detection using
supervised models6–8, which require large volumes of data, in this case, finely annotated. Usually, such annotations are provided
manually by pathologists, a process that demands considerable time and effort, especially when diagnostic workloads are
already high. This, combined with the global shortage of pathologists9, represents a major bottleneck in advancing the field of
computational pathology, particularly for fine-grained tasks such as cell classification.

One potential solution to this problem is the use of non-experts for annotation tasks, a strategy commonly applied in
other domains10. For example, Ji et al.11 used non-expert annotations to detect and classify mitotic figures in breast cancer
images, while Albarqouni et al.12 developed AggNet, which was augmented with crowd-sourced labels. Irshad et al.13 included
non-experts via a crowd-sourcing platform and showed good performance for nuclei detection in H&E-stained images. Deng et
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al.14 demonstrated that non-experts can perform better than experts in a multiclass cell segmentation task on PAS-stained
images when provided with additional immunoflorescence data, compared with experts who used PAS-stained images alone.
Amgad et al.15 found that medical students achieved good performance in classifying tumor, stromal, and immune cells
in H&E-stained images. In addition to cell- and tile-level tasks, crowdsourcing has also been used for whole slide image
(WSI)-level analyses in histopathology, such as malignancy classification16.

Another critical factor affecting annotation quality in pathology is the inter-rater variability among annotators. Often, two
pathologists will assign different scores or classifications to the same case, leading to variability that can introduce bias into
both model training and performance assessment, as demonstrated by Kang et al.17 for a cell classification task. On the other
hand, training models based on a single pathologist’s annotations is prone to reproducing biases. Therefore, there is a need for
more accurate and consistent ground-truth, especially when evaluating the performance of automated methods or non-expert
annotators in these tasks.

In this study, we comprehensively evaluate crowdsourcing for cell type annotations in H&E images by non-experts. In
contrast to similar studies, the annotation performance of both experts (pathologists) and non-experts was assessed using a set
of high-quality ground-truth annotations derived from multiplexed immunofluorescence (mIF), in particular Co-Detection by
Indexing (CODEX) data18. The labels were assigned by two pathologists who reviewed the H&E and (registered) CODEX
images side by side, simultaneously analyzing each cell’s morphology and protein expression. This step was necessary because
current automated cell-type classification methods remain insufficient to generate accurate ground-truth for every cell. In
particular, although we explored automated pipelines based on CODEX data (e.g., gating and clustering-based approaches),
they sometimes produced inconsistent labels when compared to pathologists’ visual evaluation. This is potentially due to
cell segmentation quality and phenotypic overlap between cell types, limiting the reliability of those automated pipelines
at single-cell resolution. Consequently, expert-guided annotation integrating both morphology and protein expression was
required to ensure high-quality ground-truth labels. This approach also enables the evaluation of experts’ performance and
direct comparison with non-experts. Annotations from non-experts, semi-experts, and experts on H&E-stained images were
collected using a game called Tilly, which uses gamification elements to train and engage users in annotating cell types common
in cancer samples (such as tumor cells, lymphocytes, and fibroblasts). Finally, a deep-learning model was trained for automatic
cell classification based on the ground-truth labels and the labels derived from non-expert consensus (Figure 1).

4. Tilly Annotation Challenge 5. Consensus generation

Cell 1

Cell 2

Cell 3 NA

Cell 1

Cell 2

Cell 3

NA

6.Model training

1. Coregistration 2. Segmentation 3. Manual annotation

Figure 1. Study workflow: (1) the CODEX TMA cores are registered to the corresponding H&E-stained images; (2) cells are
segmented in the H&E image using the CellViT++ model19; (3) cell segmentations are transferred to the CODEX images and
are manually annotated by two pathologists (within defined regions of interest); (4) each cell is cropped (centered in a square of
275x275 pixels) and presented to participants during the Tilly Annotation Challenge, to be annotated as a tumor cell,
lymphocyte or fibroblast; (5) the final cell labels are generated based on a consensus of each group (experts, semi-experts and
non-experts); (6) a cell classification model is trained using the generated labels.
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2 Methods
2.1 Dataset
The TMA was sectioned at a thickness of 3µm and stained with H&E, then digitized using a 3DHistech P1000 scanner at
20X magnification (0.24µm per pixel). Following scanning, the H&E stain was removed from the tissue section, and the slide
was subjected to antigen retrieval. Subsequently, the section was stained with an antibody cocktail containing 32 markers
(e.g. DAPI, PanCK, CD8, and vimentin - full panel in the Supplementary Table) and imaged using the PhenoCycler system
(v2.3.1), at 0.51µm per pixel, which employs CODEX technology for high-plex spatial imaging18.

After cropping the individual core areas, the CODEX images were registered to the corresponding H&E using the Warpy
workflow20, resulting in near–pixel-level correspondence of cells and structures. Several models, such as StarDist21, InstanSeg22

and CellViT++19 were compared for cell segmentation. Based on the overlap of the generated segmentation and the DAPI
channel that marks the cell nuclei by binding to DNA, the CellViT++ model was selected to segment the individual cells on the
H&E cores. The model outcome was visually assessed by two pathologists.

Five regions of interest (ROIs) were selected per core by a pathologist, with each ROI containing approximately 200
segmented cells from areas representing different cell types, resulting in about 1000 cells per core and 8045 cells across all
eight cores. Cells were annotated using QuPath, with the H&E and CODEX images displayed side by side. This setup enabled
pathologists to assess cellular morphology in the H&E image and corresponding protein expression profiles in the CODEX
image. Cells were classified as tumor cells, lymphocytes, fibroblasts, other, or no cell (indicating the absence of a DAPI signal
in the CODEX image).

The "tumor cell" label was assigned to cells displaying atypical epithelial morphology on H&E and showing PanCK or
E-cadherin expression on the CODEX image. The "lymphocyte" label was applied to small cells with inconspicuous cytoplasm
and clumped chromatin on H&E, expressing CD3e, CD4, CD8, or CD20 on CODEX images. The "fibroblast" label was
assigned to spindle-shaped cells located within the stroma, exhibiting an open chromatin pattern. Markers evaluated for this
class included vimentin, aSMA, FAP, and PDGFR-b. In addition, spatial organization on H&E images was considered to avoid
mislabeling myoepithelial cells or vascular smooth muscle cells, which may share similar marker profiles. Finally, the label
"other" was reserved for macrophages, plasma cells, mast cells, myoepithelial cells, endothelial cells (vascular or lymphatic),
and smooth muscle cells.

The final dataset comprised 4076 tumor cells (2800 IBC-NST and 1276 ILC subtypes), 1945 lymphocytes, 760 fibroblasts,
and 1219 cells categorized as "other" or "no cell". For the annotation task, a cropped image of 275x275 pixels centered on each
cell was generated, and a yellow square with a small central dot was overlaid (see Figure 2) to direct annotators’ attention to the
target cell.

2.2 Tilly game
The Tilly game1 is a puzzle-based application in which players assume the role of apprentice pathologists tasked with classifying
cells by type. Towards the player, Tilly’s ultimate rationale for “consuming your classified data” is clearly stated upfront: to
reach very accurate advice on a patient’s eligibility for immunotherapy. This clarity strongly promotes players’ motivation and
facilitates onboarding, even when players don’t have any background related to the healthcare domain.

Players self-identified their level of expertise as one of three categories: non-experts (no prior exposure to pathology
images), semi-experts (e.g., medical students or researchers working with pathology images), or experts (pathologists). Random
spot checks of participants’ backgrounds were performed to verify these self-reported classifications.

The basic game mechanics consist of displaying an image that highlights a single cell at a time, which the player must
classify by dragging and dropping it into one of three categories: fibroblasts, tumor cells, or lymphocytes (Figure 2). Non-expert
players, lacking pathology experience, are introduced to the game through brief tutorials integrated into the initial levels, so
that they can immediately apply the learned concepts. In essence, this initial instruction describes the three main cell types as
follows:

• Tumor cells (center) are often larger than normal cells and frequently have an irregular or variable shape, with ragged
edges. The nucleus is dark, enlarged, and irregular in shape. Compared to an immune cell (right), the core is not evenly
colored. A tumor cell usually has a small, dark dot in its center, called the nucleolus.

• Lymphocytes are small, with a large, round nucleus that’s dark purple—almost like a little button. They are usually about
1/3 the size of a tumor cell, as shown on the right.

• Fibroblasts (left) are spindle-shaped cells with long extensions. The nucleus is light purple, elongated, and centrally
located in the cell. The spindle shape clearly differs from the round lymphocytes and the larger ragged tumor cells.

1https://www.changegamers.nl
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Figure 2. A screenshot of the Tilly game. Players have to sort cells into different buckets. The specific cell of interest is
marked by a small yellow dot within a yellow rectangle. Using the question mark (bottom right), players can access a cheat
sheet with additional tips on how to recognize the different cell types or select the option "I don’t recognize this cell".

Players can also find these instructions in a cheat sheet, allowing them to consult it whenever they have doubts. Even if the
player does not open the cheat sheet, these instructions reappear throughout the game after completing a level to remind the
player of key features of the cells.

Tilly’s game design integrates this central learning element with two other essential features: player engagement and
retention. Players start as a basic trainee and evolve up to a senior pathologist: at each stage, they are faced with increasingly
challenging classification tasks, i.e. cells which type is progressively less clear or intuitive. For this purpose, a careful
preparation and selection of cell images has been performed in the backend.

For each game level, players are asked to classify 25 cells. This is a reasonable amount for a short effort, allowing players
to be subtly encouraged to proceed for another round at the conclusion. At regular intervals, the game provides feedback in the
form of encouragement, progress, or reward messages.

The Tilly challenge for this study was run by ChangerGamers at the end of June 2025 and included a total of 280 participants.
They used a closed beta version of the Tilly game, released for both Android and iOS devices.

2.3 Annotation consensus
Each cell was labeled a distinct number of times by different players. To generate consensus labels, we employed a simple
majority voting method. Additionally, we tested labels generated by an expectation maximization algorithm23 as implemented
by Amgad et al.15. However, this approach did not improve performance and barely changed the resulting labels. Thus, we
used the labels from the majority voting method for the following analysis, as well as for model training.

2.4 Cell classifier
The cell type classifier is based on the ResNet-50 architecture24, initialized with ImageNet weights and trained using Pytorch
Lightning25. Hyperparameters were optimized using the Optuna framework26, and the final models were trained using an
initial learning rate of 3× 10−4, batch size of 64, crop size of 256 pixels, and a learning rate scheduler based on stalling
(ReduceLROnPlateau) of the validation loss. Models were cross-validated (6-fold) with cells from one core being held out as
the validation set for each run. The model was first trained with ground-truth labels derived from the CODEX data, and then
trained with non-experts’ consensus annotations, for comparison. The ground-truth labels were independently provided by two
experienced breast pathologists. Each pathologist annotated distinct cell sets, following an annotation protocol based on marker
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intensity and morphological features, using CODEX and H&E imaging data side-by-side, ensuring consistency and reliability
in the labeling process across the full dataset. Additionally, they performed random cross-checks to verify annotation quality
and consistency. The final test runs were performed on a holdout set of two cores, with a balanced distribution of the different
cell types, and that were neither used for hyperparameter selection nor training.

3 Results

3.1 Annotation performance across groups
Across all participants (n=280), we collected a total of 162,020 unique annotations of individual cells. This resulted in a median
of 19 annotations per cell, with each cell being annotated at least 7 times (Table 1). The overall inter-rater agreement ranges
from low (0.53) to moderate (0.68) Krippendorf alpha values (Table 2), with a good mean consensus, reflecting the percentage
of votes received by the majority options. Additionally, higher levels of expertise are associated with increased inter-rater
agreement.

Table 1. Descriptive statistics of the different subgroups of participants during the Tilly challenge. *median values.

Non-experts Semi-experts Experts

Participants 227 42 11
Annotations 132,696 23,075 6,249
Unique cells 8,045 4,125 1,700
Annotations/cell* 16 6 5

Table 2. Inter-rater agreement of the different subgroups of participants during the Tilly challenge.

Non-experts Semi-experts Experts

Krippendorfs alpha 0.53 0.62 0.68
Mean consensus 79% 84% 89%

All groups of annotators demonstrated good accuracy (non-experts: 82%, semi-experts: 83%, and experts: 83%) and
weighted F1-score (non-experts: 0.82, semi-experts: 0.83, and experts: 0.83), with the best performance being achieved
for tumor cells, with high recall and precision (Table 3). However, all expertise groups struggled with correctly classifying
fibroblasts, which were most frequently misidentified as tumor cells (Figure 3A). While both experts and semi-experts showed
slightly better performance at detecting fibroblasts compared to non-experts (F1=0.47 and 0.46 vs. 0.41), performance metrics
across all classes and expertise levels are quite similar, with only minor differences. When analyzing the performance of
individual annotators, non-experts show a higher variance compared to semi-experts and experts (Figure 3B).

There was no correlation (r = −0.04, p = 0.55) between the proportion of cells that an annotator labeled as “I don’t
recognize this cell” and their performance (Figure 3C). Across the 914 individual annotations in which players selected “I don’t

Table 3. Annotations performance across cell types and expertise groups when compared to CODEX-derived labels.

Class Group Precision Recall F1-Score

Fibroblasts
Non-exp. 0.39 0.43 0.41
Semi-exp. 0.45 0.50 0.47
Experts 0.42 0.51 0.46

Lymphocytes
Non-exp. 0.87 0.82 0.84
Semi-exp. 0.86 0.84 0.85
Experts 0.87 0.79 0.83

Tumor cells
Non-exp. 0.89 0.89 0.89
Semi-exp. 0.90 0.89 0.89
Experts 0.91 0.91 0.91
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recognize this cell,” every instance corresponded to cells whose ground truth labels were “other” or “not a cell,” underscoring
their discriminative ability.

3.2 Misclassified cells
Non-experts generally demonstrated a good understanding of the basic rules introduced in the game. For example, lymphocytes
are small, round cells often found in clusters, whereas fibroblasts are spindle-shaped cells that typically appear more isolated
within the stroma and are surrounded by fewer neighboring cells. However, most misclassifications resulted from insufficient
knowledge of additional features, including chromatin pattern, formation of structures, and the spatial context of the cell. Fig-
ure 4A presents an example of a fibroblast misclassified as a tumor cell, representing the most common type of misclassification.
The ground truth label was determined to be fibroblast by integrating morphological assessment (Figure 4A.1) with protein
expression data (Figure 4A.2). This cell appears to belong to a specific subtype of fibroblasts, cancer-associated fibroblasts
(CAFs), which are located within the tumor stroma and exhibit signs of activation. The presence of an atypical nucleus may
have contributed to its misclassification as a tumor cell. However, the absence of cytoplasm and its position within the stroma
are features indicative of a fibroblast.

Although less common, there were also instances in which tumor cells were mistaken for fibroblasts (Figure 4B). While
cells in both images display a spindle shape, the cell in Figure 4B.3 clearly forms a tubular structure with surrounding tumor
cells. Similarly, the cell in Figure 4B.5 is part of a tumor nest and exhibits a hyperchromatic nucleus. While these features are
characteristic of tumor cells, focusing solely on shape can lead to misclassification.

Expert misclassifications, on the other hand, seem to occur when comparing to nearby, morphologically distinct cell types.
While being a logical approach, it should ideally follow an initial assessment of fundamental cell features, such as size and
shape. Figure 4C shows a lymphocyte (confirmed in image Figure 4C.8 by CD4 positivity, a marker expressed on the membrane
of helper T lymphocytes) that was misclassified by the expert group as a fibroblast. Compared with neighboring lymphocytes,
this cell exhibits more open chromatin and an elongated shape, features suggestive of a fibroblast, which may have led to its
misclassification. It is worth noting that in regions with dense inflammatory infiltration within the stroma, all groups struggled
to classify cells correctly.

3.3 CODEX labels vs. non-expert labels
Given that non-experts performed well when compared to CODEX-derived labels, we were interested in how a model trained
on non-expert labels performs against a model trained on the actual ground-truth. The model using CODEX-derived labels
achieved an accuracy of 90% and an F1 score of 0.89, outperforming the annotations provided by experts. Conversely, the
model trained on non-experts’ labels achieved an accuracy of 82% and an F1 score of 0.82, which is comparable to the experts’
(and other groups) annotation performance (Table 3).

We hypothesized that using only "top-annotators" might enhance the results. Thus, we retrained the non-experts model
using only annotations from the top 30% of annotators, reaching similar performance, with an accuracy of 82% and a marginally
improved F1 score of 0.83. The decision to implement such a cutoff value was a compromise between having a sufficient
number of unique cell labels (thereby ensuring enough and diverse samples within the training set) and achieving good
performance metrics (based on mean accuracy). Upon detailed examination of performance across individual cell types, we
observe a consistent pattern aligned with the annotators’ performance, as illustrated in Figure 5. Similar to the labeling accuracy
of the annotators, the model shows better performance classifying tumor cells and lymphocytes, while fibroblasts are the most
challenging class to identify. This trend was also reflected in the model trained on the actual ground-truth (CODEX-derived
labels), indicating that it probably focuses on similar features as the human annotators.

4 Discussion
In this study, we thoroughly investigated the feasibility of leveraging crowdsourcing with non-expert and semi-expert annotators
for cell type classification in H&E-stained images. Unlike prior work, we rely not only on morphological features visible in
H&E-stained images for determining cell types, but also on protein expression data obtained from mIF. Given that each cell was
manually annotated by a pathologist using both H&E and mIF composites, our dataset represents a unique source of accurate
ground-truth data, which enables comparison between experts and non-experts.

The final results were revealing, as participants without expertise performed comparably to experts in annotating the three
predominant cell types in H&E-stained images derived from breast cancer cases: tumor cells, lymphocytes, and fibroblasts.
While experts seem to perform slightly better in detecting fibroblasts, overall metrics are fairly similar across all expertise
groups. Nonetheless, all groups did not perform well on detecting fibroblasts, which is an important cell type in the context of
the TME27, 28. These findings align with those reported by Amgad et al.15, where medical students performed the same task and
demonstrated lower accuracy in labeling stromal cells, even though their ground-truth labels were derived from pathologist
annotations on H&E images.

/

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



0.4 0.5 0.6 0.7 0.8 0.9
Accuracy of Participant

0.00

0.05

0.10

0.15

0.20

Pr
op

or
ti
on

 o
f 

an
no

ta
ti
on

s 
w

it
h 

"I
 d

on
't 

re
co

gn
iz

e 
th

is
 c

el
l" 

Correlation: r = -0.036, p = 5.488e-01

Consensus

Groundtruth

A B

C

Figure 3. A: Confusion matrices per expertise group. Consensus is achieved by majority voting, and the ground-truth is
derived from CODEX data. A similar pattern emerges across all groups, with lymphocytes and tumor cells showing good
correspondence with the ground-truth labels, but fibroblasts often being misclassified as tumor cells by annotators. B:
Histogram of accuracies of participants who annotated more than 50 cells. C: Scatter plot of the proportion of cells that a
participant labeled with "I don’t recognize this cell" and their overall annotation accuracy compared to the ground truth.
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These findings have two important implications. First, while recent computational models such as HistoPlus8, are advancing
in their ability to detect and classify more complex cell types (such as subsets of lymphocytes in H&E images), it is important
to keep in mind that even for relatively "simple" (e.g. well distinguishable based on morphology) major cell type such as
fibroblasts, experts cannot be entirely relied upon to produce accurate labels for model training. Consequently, models may
reproduce such errors, and despite achieving high performance, their reliability concerning these specific cell types remains
questionable, due to underlying inaccuracies in the ground-truth labels. On the other hand, our research suggests that when
relying exclusively on H&E-based annotations, non-expert crowdsourced consensus labels can provide a viable and scalable
alternative for the generation of training labels for cell classifiers. It is also important to highlight that the game did not display
the option to choose the "other" or "no cell" class, a factor that could potentially impact relative performance, as pathologists
might be better at distinguishing cell types that are not covered in the game’s tutorials.

In addition to evaluating the performance of groups with different levels of expertise, we also evaluated the performance of
models trained on the crowdsourced cell annotations. Only the non-expert group provided enough annotations for training a
model, further demonstrating the scalability advantages of the crowdsourcing approach. A model trained on these non-expert
consensus labels performed worse than models trained on gold standard labels (CODEX-derived labels), but performed on par
with the experts’ consensus. Additionally, it showed similar biases to human annotators, with decreased performance metrics
for classifying fibroblasts. These results underscore the well-known fact that the quality of a model is directly dependent on the
quality of its training data: if the data contains biases, the model will inevitably learn and replicate them.

5 Conclusion
Deep learning has transformed the field of computational pathology, and data-hungry architectures like vision transformers
have become the go-to model for many tasks. However, the availability of (good) annotated and labeled data required to train
these models is still a limitation. In this study, we demonstrate that, at least for classifying major cell types from H&E images,
non-expert crowdsourcing represents a feasible alternative with similar performance to pathologists. Nonetheless, we also see
that even pathologists do not perform as well as expected, and cannot be 100% relied on for producing ground-truth annotations.

Given the global shortage of pathologists, we could envision future efforts to generate datasets primarily labeled by
non-experts, who are, in our experience, very motivated to contribute to cancer research, with a smaller subset of samples being
then manually annotated by pathologists, using techniques such as spatial proteomics. Such an approach would result in a larger,
although noisy, dataset on which models could be trained, complemented by a smaller, high-quality subset serving as a gold
standard to finetune and refine the base model. Overall, we believe that crowdsourcing in pathology is still an underexplored but
promising method. Future research is needed to validate our findings across different tasks, such as segmentation or slide-level
applications.
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Figure 4. Examples of cell misclassifications (scale bar: 10 µm). A: Fibroblast misclassified as a tumor cell by non-experts;
(1) H&E: oval-to-spindle-shaped cell lacking conspicuous cytoplasm, located within the stroma adjacent to collagen fibers;
Atypical nuclear features are suggestive of an activated cancer-associated fibroblast; (2) CODEX: vimentin positivity and
absence of PanCK staining indicate fibroblastic origin; (orange: vimentin, magenta: caveolin, cyan: DAPI); B: Tumor cells
misclassified as fibroblasts by non-experts; (3) H&E: oval-shaped tumor cell forming part of a tubular structure; (4) CODEX:
strong PanCK positivity indicating epithelial origin; (5) H&E: spindle-shaped tumor cell with a hyperchromatic nucleus located
within a tumor nest; (6) CODEX: strong PanCK positivity confirming epithelial origin; (red: PanCK, orange: vimentin, cyan:
DAPI); C: Lymphocyte misclassified as a fibroblast by experts; (7) H&E: oval-shaped lymphocyte with an open chromatin
pattern; (8) CODEX: CD4 expression in the same cell, a marker characteristic of helper T lymphocytes; (blue: CD8, green:
CD3e, magenta: CD4, yellow: CD31, cyan: DAPI).

CODEX-derived labels Non-expert consensus labels

Figure 5. The receiver operator curves (ROC) with area under the curve (AUC) metrics of the trained models on the test set.
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