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Deep learning quantifies pathologists’ visual
patterns for whole slide image diagnosis

Tianhang Nan 1,12, Song Zheng2,3,12, Siyuan Qiao4, Hao Quan1, Xin Gao 5,6,7,
Jun Niu8, Bin Zheng1, Chunfang Guo9, Yue Zhang10, XiaoqinWang7, Liping Zhao11,
Ze Wu5, Yaoxing Guo2,3, Xingyu Li1, Mingchen Zou1, Shuangdi Ning1, Yue Zhao1,
Wei Qian1, Hongduo Chen2,3, Ruiqun Qi2,3,13 , Xinghua Gao 2,3,13 &
Xiaoyu Cui 1,13

Based on the expertise of pathologists, the pixelwise manual annotation has
provided substantial support for training deep learning models of whole slide
images (WSI)-assisted diagnostic. However, the collection of pixelwise anno-
tation demands massive annotation time from pathologists, leading to a high
burden ofmedicalmanpower resources, hindering to construct larger datasets
and more precise diagnostic models. To obtain pathologists’ expertise with
minimal pathologist workloads then achieve precise diagnostics, we collect the
image review patterns of pathologists by eye-tracking devices. Simultaneously,
we design a deep learning system: Pathology Expertise Acquisition Network
(PEAN), based on the collected visual patterns, which can decode pathologists’
expertise and then diagnose WSIs. Eye-trackers reduce the time required for
annotating WSIs to 4%, of the manual annotation. We evaluate PEAN on 5881
WSIs and 5 categories of skin lesions, achieving a high area under the curve of
0.992 and an accuracy of 96.3% on diagnostic prediction. This study fills the
gap in existing models’ inability to learn from the diagnostic processes of
pathologists. Its efficient data annotation and precise diagnostics provide
assistance in both large-scale data collection and clinical care.

The pathology diagnosis forms the basis of clinical and pharma-
ceutical research and is fundamental in determining patient
treatment modalities1,2. The quantitative analysis of digital
pathology images (whole slide image, WSI) and the development

of computer-aided diagnostic systems provide crucial support to
pathologists3. This not only saves a significant amount of medical
manpower resources but also enables faster and more accurate
patient care.
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The development of deep learning (DL)-assisted diagnostic
systems4–6 in the field of WSI classification has garnered widespread
attention7. Traditionally, such methods have relied on the manual
extraction of pathologists’ professional knowledge, achieved through
pixel-wise annotation on ultra-large WSI images8–10. A single WSI typi-
cally contains billions of pixels, therefore needs to be divided into
several 224 × 224-pixel image patches step by step, whilemanual pixel-
wise annotations are usually provided as labels at the patch level10.
Throughfine guidancebasedonpathologists’professional knowledge,
DL models have achieved precise diagnostics11. In the Camelyon16
dataset for breast cancer metastasis diagnosis (comprising 400 WSIs
with pixel-wise annotations), ResNet achieves an area under the
receiver operating characteristic curve (AUC) of 0.916, and VGG-Net
achieves an AUC of 90.9, whereas the average AUC for pathologists is
only 0.8112. However, conducting manual annotation is very tedious
and time-consuming for pathologists, which limits the possibility of
building large training datasets (i.e., larger than several hundredWSIs).
Due to significant variations in clinical samples, successful results in
small datasets are not yet sufficient to confirm practicality in clinical
practice11. The substantial workload associated with large-scale images
and the high demand for pathological expertise exacerbate the scar-
city of large annotated datasets in the field of computational
pathology.

Although weakly supervised learning methods13–15 may only
require the reported diagnostic outcomes as “labels”, which alleviates
the issue of high annotation costs16–20, they often exhibit lower per-
formance, particularly the lower robustness due to the lack of gui-
dance from pathologists’ prior knowledge21–24. Ideally, the predictions
of DL models should correspond only to the diagnostically relevant
regions in WSIs, which typically represent a small fraction of the
gigapixel WSI20,25. Due to the complexity of pathology images, models
may incorrectly associate predictions with irrelevant features (e.g.,
staining variations, while pathologists primarily rely on tissue and
cellular morphology for diagnosis). Weakly supervised learning, with-
out manual pixel-wise annotations, struggles to generalize externally
for distinguishing diagnostically relevant images from those of irrele-
vant ones26,27. Thus, these methods struggle to meet clinical require-
ments, even when trained on large datasets, as our findings also
confirm. Furthermore, due to the difficulty of directly associating
predictions with the most diagnostically relevant regions, weakly
supervised learning lacks interpretability, posing potential safety risks
in clinical applications28.

As gaze-tracking data collection methods have matured29, cap-
turing prior knowledge from human visual behavior for use in com-
puter vision has become increasingly popular. This is often applied in
fields such as robotic control or autonomous driving30–37. However,
current research on the development of WSI diagnostic systems is
largely focused on obtaining guidance from traditional manual anno-
tations or reporteddiagnostic reports. There is insufficient research on
extracting professional knowledge from pathologists’ image review
processes or collecting visual annotations to replace traditional man-
ual annotations38,39. This situationhighlights the significant cost of data
annotation, as well as the poor interpretability of the models: the
diagnostic process of the model is detached from the pathologists’
diagnosticprocess.Actually, both time-efficient diagnostic reports and
time-consuming manual annotations stem from the visual image
review process of pathologists. In other words, collecting visual data
from pathologists incurs almost no additional time cost. The absence
of this data from existing available datasets represents a high burden
on medical resources. We hypothesize that the visual data obtained
using eye-tracking devices from pathologists’ image review processes
can reflect their areas of interest, thus forming an alternative to tra-
ditional pixel-wise annotation. The core issue of this study is to extract
pathologists’ professional knowledge from their visual behavior and
effectively apply it to DL, surpassing the performance brought about

by traditional manual annotations while reducing data annotation
costs. Furthermore, this study aims to fill the gap of DL models that
learn from pathologists’ diagnostic processes.

This study aims to decode the expertise of pathologists from their
visual behavior and utilize it in the development of a DL system that
learns from the diagnostic processes of pathologists. The objective is
to achieve more accurate and interpretable diagnostic assistance at a
lower data annotation cost, ultimately saving medical manpower
resources in the construction of diagnostic systems and providing
better care for patients. First, we acquiredWSIs and pathologists’ slide-
reviewing data using custom-developed software and an eye-tracking
device and reported the details of their reading behavior, which
included the pathologists’ eye movements, zooming or panning the
WSIs, and the final diagnoses. Five thousand eight hundred eighty-one
WSIs covering five categories of skin lesions were collected from two
medical research institutions. We collected slide review data and
manual pixel annotations for approximately 25% of the WSIs and used
these as the training set. Two testing sets were constituted from the
remaining WSIs: an internal testing set (2431) sourced from the same
institution as the training data, and an external testing set (1982)
sourced from the other institution. The manual pixel-wise annotation
was only used for training comparative algorithms and was not
involved in the development of our model.

Second, a DL system called Pathology Expertise Acquisition Net-
work (PEAN) was designed to extract the pathologists’ expertise from
their slide-reviewing data (as shown in Fig. 1a). We defined the value of
this expertise as the “pathologist’s attention level”, with each patch
corresponding to an “expertise value”. PEAN computes the “expertise
values” for all patches in the WSI, simulating the pathologist’s regions
of interest (ROIs) for diagnostic assistance. To validate the correlation
between the expertise extracted by PEAN and the actual diagnostic
evidence attended to by the pathologist (ground truth), i.e., the
ground truth region having higher expertise value fitted by PEAN, we
compared the pathologist’s manual pixelwise annotated map, the
pathologist’s visual attention map, the expertise value heatmap, and
the suspicious region map selected by PEAN to imitate pathologists.
We found the overlap among the four types of regions, thus validating
the effectiveness of the expertise value.

Third, driven by this expertise, PEAN-C for WSI classification and
PEAN-I for imitating pathologists’ visual diagnostic process were
developed, respectively. PEAN-C achieved an accuracy of 96.3% and an
AUC of 0.992 on the internal testing set, and an accuracy of 93.0% and
an AUC of 0.984 on the external testing set. Its classification perfor-
mance and robustness significantly surpassed existing fully supervised
and weakly supervised learning models. For example, PEAN-C out-
performed the second-best model by 5.5% in the ACC of the external
testing set. Furthermore, learning from multiple pathologists’ experi-
ences concurrently has been proven to enhance the classification
ability. Distinct from existing DL models that lack the ability to learn
from and imitate human expertise, PEAN-I achieves a “human-like”
pathological diagnosis by mimicking the diagnostic process of
pathologists. PEAN-I autonomously explores the WSI, capturing an
imagepatch at each step anddetermining the next interesting position
based on the current image. This process imitates the visual trajectory
formed by pathologists when reviewing WSIs, ultimately outputs a
diagnosis based on the captured images. We observed an overlap
between the regions identified by both PEAN-I and the pathologists.
Additionally, the images identified by PEAN-I have been proven to
assist diagnosis statistically (average accuracy gain of 1.24%,
p =0.0053). These validate the interpretability and effectiveness of the
imitator, which fills the gap in human-like diagnosis.

Overall, this study represents the DL model to decode human
expertise from visual behavior and apply it to assist in the WSI diag-
nosis. The integration of pathologists’ diagnostic processes with DL
has enhanced model performance and annotation efficiency. Unlike
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existing fully supervised and weakly supervised learning approaches,
this study offers a novel approach to computational pathology.

Results
Specifics of the dataset
The unique retrospective dataset constructed in this study comprised
two types of data: hematoxylin and eosin (H&E)-stained pathologic

images produced by a whole slide scanner, (the WSIs), and slide-
reviewing data generated by eye-tracking devices. A total of 5,881WSIs
representing different skin conditions (benign moles [nevus] and four
skin diseases [basal cell carcinoma (BCC), melanoma, squamous cell
carcinoma (SCC), and seborrheic keratosis (SK)]) were collected
(Fig. 1b, c). of these, 3899 and 1982 WSIs were collected from the First
Affiliated Hospital of China Medical University (Hospital F) and the
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Fig. 1 | PEAN model and dataset. a PEAN model: after training on pathologists’
slide-reviewing data, the model is capable of both performing a multiclassification
task and imitating the pathologists’ slide-reviewing behaviors. b Data distribution
of the training dataset, internal testing dataset, and external testing dataset. The
color legend representing various diseases is utilized in (c, d). c Total number of
patients with different skin conditions in the dataset. dNumbers of slide-reviewing
operations performedby thedifferent pathologists. The “Overlap” column includes
the images listed for each pathologist. e Images at high magnification showing the
ROIs (heatmaps, second row) in which the pathologist’s gaze highly overlaps with

the actual tumor tissue (marked in blue in the first row). At lower magnifications,
the distribution of the pathologist’s observations approximately corresponds with
the actual tumor tissue; more examples are illustrated in Fig. 2b. We also observed
that areas on which the pathologists focused more attention typically contained
chaotic tumor boundaries. Even at high magnification, manual annotation of
scattered tumor cells within these areas is challenging, underscoring one of the
advantages of using eye tracking for “visual annotation”. BCC basal cell carcinoma,
SCC squamous cell carcinoma, SK seborrheic keratosis.
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General Hospital of Shenyang Military Region (Hospital G), respec-
tively. All imagedatawere pairedwith slide-level labels generated from
previously recordeddiagnostic reports.WSIs collected fromHospital F
were divided into the training (1468) and internal testing (2431) data-
sets, while those collected from Hospital G were used as an external
testing dataset. A total of 92WSIs in the internal testing set and all 1473
WSIs in the training set were reviewed by a group of five dermato-
pathologists, yielding a total of 1565 reviewedWSIs; of these, 552 were
reviewed by all five pathologists (Fig. 1d).

The slide-reviewing data consist of the visual attention patterns of
pathologists collected via “EasyPathology”, a self-developed eye-
tracking system (detailed in the section “Data acquisition and pre-
processing”). The data encompass the pathologists’ eye movements
during their reviewing WSIs, the two-dimensional mappings of the
corresponding gaze points (example gaze heatmaps are shown in
Fig. 1e), themagnification levels employedwhen viewingWSIs, and the
diagnostic results. The external environment (such as light and room
temperature) for slide-reviewing data collection was standardized as
muchaspossible tominimize the influence of external disturbances on
the pathologists’ review. After conducting fatigue tests on the
pathologists, we determined that data could be collected continuously
for 50min at a time (detailed in the section “Data acquisition and
preprocessing” and Supplementary Information 1). During this pro-
cess, the actual labels of WSIs were concealed, and the pathologists
were asked to make new diagnoses. This more closely resembles the
scenario in which pathologists make an initial diagnosis in a clinical
setting. Prior to the commencement of the official data collection, the
pathologists underwent thorough training to acclimate to the proce-
dure; the data collected from their first five WSIs, considered a set of
pretraining images, were excluded from the final collected dataset.

In addition, all WSIs reviewed by the pathologists using the eye-
tracking device, were annotated manually to compare the effort
involved in traditional fully supervised learning. The manual annota-
tions were completed by the five pathologists involved in the slide-
reviewing data collection process. Collecting manual annotations was
shown to be extremely labor-intensive; the monitoring records of our
dataset showed that pathologists spent an average of 14.2min manu-
ally annotating a singleWSI, while the average time for collecting slide-
reviewing data per WSI is 36.5 s. Thus, the pathologists’ workload in
viewing one WSI was substantially reduced to less than 5% of that
required for manual annotation. This indicates that within the same
time frame, a pathologist can “visually annotate” a significantly larger
number of WSIs, potentially increasing the power in training more
accurate and robust DL models.

For DL model training, the WSIs had their backgrounds
removed20, then segmented into 224 × 224-pixel patches at 10 ×mag-
nification (the monitoring records showed it is the magnification at
which the pathologists most frequently exhibited their gaze beha-
viors), resulting in approximately 2.8 million patches in our dataset.

Overlap of the pathologist’s manual annotations, the ROIs
representing the pathologist’s visual behaviors, and the sub-
regions with high expertise value as recognized by PEAN
Weattempted todemonstrate that the pathological expertisedecoded
by PEAN accurately reflects the pathologists’ own knowledge, includ-
ing their manual annotations and visual behavior. Figure 2 shows this
comparison for four WSIs (corresponding to the four malignant dis-
eases investigated in this study). Specifically, precise lesion area con-
tours (Fig. 2a, directly annotatedon the imagesby thepathologists) are
shown alongside the heatmap of pathologists’ ROIs (Fig. 2b) and the
heatmap of expertise values output by PEAN (Fig. 2c). In Fig. 2b, the
observation points of pathologists, captured at 60Hz by the eye-
tracker, are mapped onto the WSIs. A circular convolution kernel is
used to calculate the density of observation points within a certain
range around any location in the image, with different colors used to

distinguish these densities. Figure 2c shows the “pathology expertise
value” computed by PEAN for eachpatch, with higher values indicating
a higher potential diagnostic relevance as predicted by PEAN. The
corresponding calculation of PEAN is described in detail in the section
“Extraction of pathologists’ expertise and fitting an attention score for
each image patch inWSI”. Figure 2d illustrates the positions of interest
selected by a variant of PEAN, called PEAN-I. PEAN-I is described in
detail in the section “PEAN can imitate the visual behavior of pathol-
ogists andmaps out review trajectories onWSIs”, and it autonomously
selects a series of consecutive positions, resembling the movement of
a pathologist’s observation points, to simulate the behavior of
pathologists.

These maps show visual overlap among the pathologist’s manu-
ally annotated tumor boundaries, the visual ROIs, and the areas with
high expertise values output by PEAN. This indicates that PEAN-
generated regions of focus tend to match the parts of the WSIs iden-
tified by pathologists as the ground truth. Notably, the regions shown
in Fig. 2a weremanually outlined by the pathologists, and so they, too,
are manifestations of the pathologists’ expertise. We have also quan-
titatively verified that the pathology expertise values corresponding to
the ground truth were relatively high across the WSIs with manually
pixel-wise annotations in the test dataset. Upon investigation, the
average “pathology expertise value” fitted by PEAN for the ground
truth was 0.822, while the corresponding mean for non-diagnostic
regions was 0.357. Additionally, 87.4% of the observation points cap-
tured by the eye-tracker fell within the ground truth. The overlap
among the three types of regions suggests that, as a result of learning
from the pathologists’ slide-reviewing data, the PEAN-output pathol-
ogy image features can be considered to represent human expertise
well, that is, to effectively capture their pathology knowledge. In the
inference process, this “expertise” is manifested by PEAN as higher
values. This intuitive map comparison provides evidence for the
validity of PEAN and the expertise values it decodes. Leveraging this
capability, PEAN can be used to mark diagnostically relevant regions
that pathologists are likely to focus on. Since the rationale behind
PEAN’s decision-making stems from the pathologist’s visual behavior,
it can improve the interpretability of the new DL (PEAN) model and
increase the confidence of pathologists to approve or accept classifi-
cation results generated by the new DL model.

In classification tasks, compared to other models, PEAN has
demonstrated superior performance
PEAN was compared with eight other models in the classification task
to demonstrate its excellence in the field of pathological diagnostic
assistance. The baselines included Fully supervised learning: DLCCP9,
SLC10, HSL8; weakly supervised learning: CLAM20, ABMIL16, TransMIL17,
DS-MIL40, IB-MIL41. The DL models—DLCCP, SLC, HSL, CLAM, ABMIL,
and TransMIL—are representative models in the fields of fully super-
vised learning and weakly supervised learning, respectively. Each
model has its unique model architecture and/or distinctive learning
approach. In brief, (1) DLCCP utilizes image encoders (such as a con-
volutional neural network) to directly classify patches,maintaining low
computational complexity, and showed excellent performance in the
five-class colon WSI classification task. (2) SLC combines neural net-
workswith the extraction of cellularmorphological features, capturing
deep image features while integrating morphology that is easily
interpretable by humans, offering both strong performance and
interpretability. (3) HSL features hybrid supervision, requiring only a
small amount of pixel-level annotation for training, thereby sig-
nificantly reducing labor costs while maintaining high performance.
Meanwhile, weakly supervised learning, due to its lower training costs,
has gained wide attention in recent studies. Since these models lack
detailed supervision, they focus on refining model architectures to
improve performance. (4) AB-MIL uses neural networks to fit impor-
tance scores for each patch, identifying potential diagnostic regions
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for classification. (5) CLAM utilizes feature clustering to analyze dif-
ferences between diseases at the patch level, assisting in DL training.
(6) TransMIL employs the Transformer architecture, which is currently
themost effective feature aggregator. (7) DS-MIL integrates both high-
and low-magnification features of pathology images and analyzes their
contextual relationships to improve performance. (8) IB-MIL usesWSI-
level feature clustering, addressing challenges posed by contextual
variations in data to some extent, making it the current best weakly
supervised learning model.

Meanwhile, multiple previous studies have shown that the quality
of patch-level image encoders can have an impact on the diagnostic
performance of models40,41. Particularly, encoder parameters pre-
trained on pathological images usually perform well when transferred
to new tasks, as they can obtain prior knowledge outside the original
dataset. To comprehensively evaluate the difference in classification
performance between PEAN and other baselines, we selected two
image encoders that can be decoupled from the subsequent network:
ResNet5042 pre-trained on ImageNet43 and “CONCH”44 pre-trained on
pathological images. After training the image encoder based on the
Vision Transformer structure, CONCH can be transferred to the WSI
classification task and help the main model achieve better perfor-
mance. For the included previous studies, we used the officially
released code or model parameters when available. The classification
module of PEAN (hereinafter referred to as “PEAN-C”) and eight base-
lines used the same training conditions to ensure fairness. Each model
is used for the five-class classification task at the WSI level: benign
(Nevus) and four types of skin diseases (BCC, Melanoma, SCC, SK).

Table 1 shows the ACC and AUC of each model. In addition, we
also report the recall of each disease for the models to evaluate the
ability of the models to identify different diseases, as shown in
Supplementary Tables 1 and 2. The results show that (1) in general, DL
models trained fully supervised learning yield higher classification
accuracy than DL models trained using weakly supervised learning,
(2) using special encoder (CONCH) achieves higher classification
performance than using conventional encoder (ResNet50), and (3)
our new PEAN-C model achieves the highest performance as com-
pared to all 8 other DL models in both internal and external testing
datasets. For example, when using the encoder (CONCH), the ACC
and AUC of PEAN increase to 93.0% and 0.984 on the external testing
set, respectively. The improvement over the second-best DL model
(HSL trained withmanual annotation) is 5.5% in ACC and 4.2% in AUC,
respectively.

The results indicate that PEAN-C shows excellent performance
and strong generalization ability in the WSI classification task. Parti-
cularly, its high performance in the external test setmakes it promising
to maintain high reliability in complex clinical environments. In addi-
tion, fully supervised learning methods usually exhibit better perfor-
mance than weakly supervised learning methods. This shows that
although the rich human prior knowledge brought by manual anno-
tation is very costly, it still has great competitiveness in environments
with high safety requirements, such as healthcare. Given its lower
annotation collection cost and excellent performance, PEAN is
expected to be widely applied in clinical work and reduce the pressure
on medical resources.
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for identifying tumor regions (a), heatmaps representing the pathologists’ selected
ROIs (b), heatmaps generated by PEAN as the pathologists’ “expert knowledge” (c),

and heatmaps depicting the attention trajectories generated by PEAN imitating the
pathologists’ slide-review behavior (d).
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PEAN-C also demonstrates high performance on a small training
dataset
In addition to testing on the external dataset, we further evaluated the
robustness of PEAN by reducing the training data volume. Themodels
were trained on 5 random samples of 30 WSIs per class from the

training set and tested with the complete testing dataset. Even under
these conditions, PEAN-C still exhibited the best performance among
all the models, as shown in Fig. 3a. In the internal testing set, PEAN-C
achieved an average ACC of 89.3% and average AUC of 0.976. In the
external testing set, PEAN-C obtained an average ACC of 66.6% and an

Table 1 | Comparison of PEAN-C with baseline models in classifying WSI

Methods Internal testing set External testing set

ResNet50 CONCH ResNet50 CONCH

ACC (%) AUC ACC (%) AUC ACC (%) AUC ACC
(%)

AUC

Fully supervised learning DLCCP9 89.3 0.969 91.7 0.977 74.2 0.905 83.7 0.902

SLC10 90.3 0.976 92.1 0.978 75.5 0.893 87.1 0.950

HSL8 91.2 0.978 93.1 0.985 76.7 0.908 87.5 0.942

Weakly supervised learning CLAM20 86.1 0.961 88.8 0.961 70.1 0.864 77.9 0.867

AB-MIL16 82.6 0.933 87.3 0.962 62.4 0.804 77.4 0.888

TransMIL17 88.8 0.965 90.0 0.968 73.7 0.899 78.2 0.892

DS-MIL40 88.9 0.959 90.4 0.972 73.2 0.880 80.5 0.884

IB-MIL41 89.8 0.962 92.0 0.980 74.0 0.893 83.6 0.912

Ours PEAN-C 93.1 0.984 96.3 0.992 85.5 0.950 93.0 0.984

Bold numerals denote the optimal results, while underlined figures indicate the second-best outcomes.
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Fig. 3 | Experimental results. a Model performance with a lower amount of
training data (30 WSIs per class). PEAN-C achieved the best results for this training
sample size. b Comparison of the performance of models trained using the slide-
reviewing data from five pathologists. The axes of the radar chart have been nor-
malized. Polygons P1–P5 represent the models trained on the data from Patholo-
gists 1–5, respectively; the size of the polygon represents the performance of the
model. c Comparison of results for training on different regions (I internal testing
dataset, E external testing dataset). PEAN-I autonomously selected a series of image

patches from the WSI. Weakly supervised learning models were trained only on
these selected patches, ignoring those not chosen, described as “distilled by PEAN-
I”. For comparison, weakly supervised models were also trained on all patches,
described as “original images”. Training weakly supervised models using only the
patches selectedbyPEAN-I consistently yieldedbetter performance.DLCCP9, SLC10,
HSL8 are fully supervised learningmethods, CLAM20, ABMIL16, TransMIL17, DS-MIL40,
IB-MIL41 are weakly supervised learning methods.
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average AUC of 0.830. In addition to the ACC on the external testing
set, the performance gapbetween PEAN-C and the second-bestmodel,
HSL, is larger when trained on a smaller dataset compared to when
trainedon the original dataset (Table 1). The results indicate that PEAN-
C is a superior choice when dealing with small datasets because of its
ability to learn from the diagnostic processes of pathologists. Due to
its greater consistency and robustness, this approach has the potential
to be widely adopted by studies relying on small-sized datasets,
thereby avoiding the additional costs and privacy risks associatedwith
collecting large amounts of image data.

PEAN integrates the visual behaviors of different pathologists to
increase classification performance
The discrepancies inmanual annotations due to variations in reviewers’
cognition are a well-known issue. Previous studies have attempted to
address this problem by introducing additional and more experienced
pathologists as “arbiters” of the annotators’ delineations7. However, we
found that PEAN can leverage this cognitive difference, integrating the
diverse experiences of multiple pathologists, and thereby improve
diagnostic performance. Six PEAN-Cs were constructed, five trained
separately using the individual review data from each of the patholo-
gists, and one trained collectively using the mixed data from five
pathologists. Due to variations in the volume of data reviewed by each
pathologist, all models were trained using the “overlap”WSIs reviewed
by all five pathologists (a total of 552 WSIs, as shown in Fig. 1c) to
control for confounding variables. The ACC and AUC in the two testing
sets were compared, as shown in Fig. 3b. The performance of the
individual pathologist models varied; however, the model trained
using the data fromall the pathologists achieved the best performance,
with ACCs of 91.98% and 74.7% and AUCs of 0.984 and 0.903 in the
internal and external testing datasets, respectively; with respect to
those of the top-performing individual DL model (trained using data
from pathologist 1 (P1)), the ACCs were 1.48% and 2.44% greater, and
the AUCs were 0.004 and 0.016 greater, respectively.

Unlike manual pixelwise annotations, which serve as the primary
ground truth diagnostic standard (hard label) for patches, slide-
reviewing data is not used in this manner but rather as a “soft label”.
When two different pathologists review the same WSI, although their
diagnoses for contentious subregions may differ, as long as these
regions have been observed by the two pathologists, PEAN interprets
these regions as having a higher “attention level”. Therefore, when
training with slide review data from multiple pathologists, PEAN does
not experience a performance decline due to label confusion, a com-
mon issue that affects traditional supervised learning methods. By
learning from amore diverse set of visual behaviors, PEAN can further
refine pathologists’ expertise, thereby improving classification
performance.

PEAN can imitate the visual behavior of pathologists and map
out review trajectories on WSIs
Reinforcement learning (RL)45–48 was used to develop the imitation
module of PEAN (PEAN-I), which is capable of imitating pathologists’
visual behaviors for selecting regions onWSIs (details are discussed in
the section “Construction of anRLmodel to imitate the slide-reviewing
behavior of the pathologists”). PEAN-I is an agent capable of autono-
mously selecting a series of regions on WSIs by scanning the WSI in a
manner similar to the gaze patterns used by the pathologists butwith a
fixed step size and movement direction each time (up, upper-right,
right, and so on, eight directions in total), as shown in Fig. 2d. The
regions selected by PEAN-I also exhibited high degree of overlap with
the ROIsmanually annotated by the pathologists and the ground-truth
tumor region. This indicates that, in addition to reflecting pathological
knowledge learned from the pathologists’ “expertise”, PEAN can imi-
tate the pathologists’ slide-reviewing behavior, truly learning human
priors.

Furthermore, PEAN-I can be effectively integrated with existing
weakly supervised learning models. The regions selected can be used
to select ROIs from the original WSIs, followed by further training of
weakly supervised learning models, leading to improved classification
performance. As shown in Fig. 3c, when CLAM, ABMIL, and TransMIL
were trained with pathology images generated by PEAN-I, both the
ACC and AUC were increased in the two testing datasets. This
improvement in performancewas statistically significant, with p values
of 0.0053 and 0.0161, respectively, as determined by paired t tests.
This effective enhancement of DL model performance demonstrates
the efficacy of imitating pathologist behavior, reflecting its ability to
“learn” pathologists’ expertise while providing strong evidence for the
validity of this expertise.

Discussion
Practicality
In addition to the high diagnostic performance, another factor
affecting the practicality of PEAN is the cost required to collect training
data. Expanding WSI data to train more robust artificial intelligence is
the development trend in this field. The process of collecting eye-
tracking data can be seamlessly integrated into the daily work of
pathologists. This avoids repetitive reviews and thus minimizes labor
costs.With thematuration of scanners and digital imaging technology,
digital pathology review has gradually replaced microscope-based
review, providing pathologists with a more optimal working
environment11. For example, this shift avoids potential biological
contamination and allows for a more relaxed working posture. Our
self-developed “EasyPathology” software, combined with an eye-
tracking system, forms a new data collection system that integrates
seamlessly with digital pathology review, offering a “nearly imper-
ceptible” data collection method. During the review process, pathol-
ogists can work in their familiar manner with minimal additional
manual intervention. Multiple videos from actual data collection pro-
cesses have been uploaded as Supplementary Movies 1 and 2 to
demonstrate the simplicity and feasibility of this approach.

Reliability
The core of PEAN is to decode the variable visual patterns of pathol-
ogists into a shared feature space to solve the problem that has puz-
zled previous studies, that is, pathologists are unlikely to always focus
on the region most relevant to diagnosis. PEAN can effectively avoid
annotation confusion caused by pathologists scanning benign tissues
to look for suspicious lesions or being distracted for a moment.

Since the pathologist’s diagnostic conclusions are derived from
their observations of the WSI, the following reasonable inferences can
be made: (1) the pathologist’s entire slide-reading process can be
simplified as a sequence of transitions between observation locations
on the WSI; (2) the pathologist obtains diagnostic evidence from at
least a subset of these observation locations. Based on these infer-
ences, we posit that the images corresponding to the observation
locations (or a subset thereof) possess potential contextual relation-
ships. Then, through an image encoder and attention mechanism,
PEAN can capture and analyze their overall connections. This endows
PEAN with the following capabilities: (1) it can analyze diseases that
require the pathologist to gather different tissue characteristics from
multiple locations to make a definitive diagnosis; (2) the multiple gaze
locations of the pathologist may correspond to the same underlying
lesion, and capturing similarities across these locations can enhance
DL model training; and (3) although pathologists may observe loca-
tions that are irrelevant to diagnosis, making a correct diagnosis must
rely on the observed locations. Viewing the images that were observed
as awhole can effectively eliminate the interferenceof incorrect labels.

A typical example that can reflect the diagnostic logic of pathol-
ogists is the examination of melanoma. During the observation pro-
cess from the epidermis to the deeper layers by pathologists, itmay be
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observed that melanoma has a similar distribution to moles: at the
junctionof the dermis and epidermis. Subsequently, pathologists need
to observe the distribution of melanocytes. A more confused dis-
tribution suggests a situ melanoma. Most melanocytes need to be
observed closely. For example, immature cells suggest invasive mela-
noma, while mature cells suggest a nevus. This complex process sug-
gests that pathologists may spend a considerable amount of time
observing benign cells, and diagnostic evidence is also difficult to
obtain from a single glance alone.

Subsequently, by comparing the image feature differences
between the regions pathologists tend to focus on and the regions
they have not observed, PEAN identifies the image characteristics of
the regions that pathologists are truly inclined to examine. Regions
with these characteristics are assigned higher weights, thereby
receiving more (not exclusive) attention in subsequent WSI-level
classification tasks. In this process, the eye-tracking data from the
pathologists serve as “soft labels”, solely guiding PEAN to learn “what
types of images pathologists are inclined to focus on”. It is important
to note that, at this stage, the “hard labels” used for training the WSI
classifier—pathological diagnoses—have not yet been introduced. This
approach directly avoids the accumulation of human errors caused by
“observing diagnostically irrelevant regions”. In this way, PEAN, having
learned human prior knowledge, models the “potential pathologist
attention” for subregions within the WSI as the proposed pathology
expertise in this study. In the subsequent WSI classifier training, this
attention is used as the importance score for each subregion, and after
fully integrating the image features of all subregions, a diagnostic
prediction for the WSI is made. The detailed architecture and para-
meters of PEAN are described in the section “Extraction of patholo-
gists’ expertise and fitting an attention score for each image
patch in WSI”.

Future applications
As mentioned in the section “Overlap of the pathologist’s manual
annotations, the ROIs representing the pathologist’s visual behaviors,
and the subregions with high expertise value as recognized by PEAN”,
PEAN can fit a “pathology expertise value” for each image patch, which
we interpret as the pathologist’s potential level of attention to the
patches. The derived downstream task of marking suspicious lesion
areas inWSIs to assist pathologists in diagnosis has been validated with
higher interpretability. We not only provided multiple examples
demonstrating significant overlap between the subregions distilled by
PEAN and the ground truth, but also presented quantitative analysis
results: the pathological experience value fitted by PEAN for the ground
truth regions is 2.3 times higher than that for non-diagnostic (normal
tissue) regions. Thus, PEAN can enhance the trust of pathologists in DL-
generated recommendations. This increased trust stems not only from
the accuracy of PEAN’s diagnostic results but also from its ability to
highlight suspicious regions in WSIs by learning from human experi-
ence. Collecting slide-viewing data from specific pathologists allows for
the customization of DL models to align with their individual work
habits, reducing resistance to using DL tools among pathologists.
Moreover, ROIs generated through backpropagation based on DL-
generated predictions may exhibit significant deviations from the
ground truth due to erroneous predictions, whereas PEAN does not
suffer from this issue. PEAN follows a forward propagationmanner and
causal inference process, firstly marking diagnosis-related regions and
then classifying WSIs. Compared to weakly supervised learning, PEAN,
which alignsmore closelywith thehabits of pathologists and carries less
risk in the propagation process, offers greater advantages in assisting
pathologists with their work.

Besides developing new DL models, collecting slide-reviewing
data also holds great potential for the education of junior pathologists.
Pathologists rely on visual observation for diagnosis, and their visual
behavior can intuitively reflect their diagnostic reasoning. However,

due to the current scarcity of large-scale eye-tracking data collection
and analysis in this field, it is difficult to provide timely summaries or
guidance on their observational behavior. The accumulation of
pathologists’ expertise is still largely driven by “word-of-mouth”, tra-
ditional media (such as books), or self-exploration. Large-scale slide-
reviewing data collection could offer standardized recommendations
on junior pathologists’ visual behavior, such as identifying their rad-
dledworking state, or even reducing the risk of potential biases caused
by the accumulation of errors by junior pathologists. Collecting the
slide-reviewing data from experienced pathologists and decoding
their expertise could generate valuable educational materials. By
replaying the recorded ormodeled key regions, valuable guidance can
be provided to train junior pathologists. Enhancing pathologist train-
ing through eye-tracking technology represents a novel and practically
significant research direction that has yet to be fully explored.

Current limitations
Although this study has been proven to have unique advantages in the
WSI-assisted diagnosis task, there are still several aspects that need
improvement. For example, when facing out-of-distribution (OOD)
WSIs, it may misjudge them as false positives of a certain type of
tumor; currently, only slide-reviewing data has been collected from
five pathologists, which is not sufficient to represent the whole.

Such problems can inspire the development of further work.
Novelty detection has been proven to be an effective way to solve the
OOD problem. This module can be added to the existing architecture
to detect categories that have not participated in training and avoid
false positive detections. At the same time, another important means
to address existing deficiencies is to expand diverse training data,
including WSIs and slide-reviewing data. Learning to read data repre-
senting more pathologists and more disease types can make PEAN
more robust and easily transferred to other diagnostic tasks. In parti-
cular, it is proved in the section “PEAN can imitate the visual behavior
of pathologists and maps out review trajectories on WSIs” that PEAN
can be seamlessly combined with existing weak supervised learning
methods to achieve more accurate diagnosis. The plug-and-play fea-
ture allows researchers to directly use the model weights disclosed by
us to further design their own models, which can arouse widespread
interest. Collecting diverse data and updating model weights will
become our continuous work and provide a basic model with exten-
sive prior knowledge for subsequent research.

Methods
Ethics statement
This research complies with all relevant ethical regulations. The
research and dataset don’t contain any personally identifiable infor-
mation, and have been approved by the Medical Science Research
Ethics Committee of the First Affiliated Hospital of China Medical
University, with ethical code “kelunshen [2021] 2020-196-2” (number:
AF-SOP-07-1.1-01).

Statement of informed consent: the five pathologists who parti-
cipated in the slide-reviewing phase of this study have consented to
the publication. Furthermore, all five individuals are listed as co-
authors of the present manuscript, acknowledging their significant
contributions to the study.

Data acquisition and preprocessing
Before the structure of the DL model is described, some details of the
special eye-tracking data involved in this work are described first. The
image dataset used in this study consisted of 5881 H&E-stained, pre-
viously diagnosed pathological WSIs, including images of one benign
skin condition (nevus) and four diseases: BCC,melanoma, SCC, and SK.
These WSIs were collected from 5107 patients between 2016 and 2022
from the First Affiliated Hospital of China Medical University and the
Shenyang Military Region General Hospital, respectively. As shown in
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Supplementary Fig. 2, these WSIs were continuously collected during
this time period tomaintain a distribution similar to the real world. One
WSI representingnevus andoneWSI representing BCCarenot included
because their image quality is low. This involves re-examination by
pathologists. The criteria for pathologists to judge data quality in this
process are as follows: (1) tissue samples that were too small or had
diagnostic areas too limited to adequately represent the entirety of the
disease; (2) folded sections; (3) overstaining; (4) high levels of tissue
fragmentation; and (5) a significant presence of bubbles. When
pathologists believe that the occurrence of the above situations inter-
feres with making a diagnosis, the corresponding WSI will be excluded.
Since this process is relatively subjective, two pathologists participated
in the screening. Only when they unanimously recognize the image
quality will the WSI be included in the data set.

At the same time, the labels of WSIs are also re-examined because
previous pathology reports are not absolutely directly usable. For
example, pathology reports are more suitable for clinicians to read
rather than artificial intelligence researchers. Pathological diagnoses
that have already been made may also be incorrect, in the worst pos-
sible case. In particular, when two pathologists make inconsistent
judgments on the WSI label, at least one more senior pathologist is
additionally introduced as a “referee” to jointly discuss and reach the
final label.

To collect eye-tracking-based WSI review data from pathologists,
we developed the “EasyPathology” slide review software. This software
allows pathologists to review WSIs while simultaneously using an
external eye tracker to capture their eye movement signals, which are
then mapped onto the 2D WSI. A commercialized instrument, “Tobii
Pro Spectrum”49 is used as an eye-tracker, which records eye move-
ments at a sampling frequency of 60Hz and uses built-in algorithms to
map the pathologist’s gaze position on the screen. Since the screen is
often too small to display the full WSI, the review process involves a
“sliding window operation”. EasyPathology further maps the recorded
screen positions onto the WSI, as illustrated in Supplementary Fig. 3,
while their attention heatmaps for WSIs are illustrated in Fig. 1e.

The experimental environment and equipment were carefully
evaluated to ensure accurate data collection without disrupting the
pathologists’ workflow. The lab was soundproof to minimize distrac-
tions, blocked natural light, and usedmultiple artificial light sources to
ensure even lighting. The computer and screen setupmatched clinical
work conditions, featuring an Intel(R) Core i7-10700F CPU, an Nvidia
1660super GPU, and a screen resolution of 1920 × 1080 with a 60Hz
refresh rate. This hardware setup allowed for clear and smooth WSI
reviews. The eye tracker was positioned below the screen, and its
accuracy, alongwith built-in algorithms to reduce potential deviations,
was key to ensuring precise data collection. The Tobii Pro Spectrum
has aminimum latencyof 2.5ms andmaintains anaccuracy of less than
0.06° RMS at a sampling frequency of 60Hz. With an initial viewing
distance of 65 cm, the system allowed for amaximumheadmovement
range of 34 cm (without losing eye-tracking accuracy), ensuring that
pathologists could comfortably complete the review process.

Before the formal data collection process, five participating
pathologists received training on EasyPathology and the use of the eye
tracker. Prior to each review session, a 30-s calibration was conducted
using Tobii Pro Spectrum’s official software to minimize tracking
offset. Additionally, the first 5% of data from each review session was
treated as a practice session and excluded from the final dataset to
avoid potential noise caused by pathologists adjusting to the system.
During the review process, EasyPathology recorded the pathologists’
activities, including (1) zooming in on the WSI; (2) using the sliding
window to navigate to different areas; (3) their observation positions
(or observation points, representing the area of the WSI being
observed in each frame), and (4) logging their final diagnosis (with the
true label hidden from the pathologists during the review). After
diagnosing aWSI, the system automatically moved to the next WSI for

review. As shown in Supplementary Fig. 1b, the pathologists reviewed
WSIs for more than two hours. An analysis of visual behavior features
over different review durations revealed that both “the first fixation
scale” and “searching number” were highly correlated with diagnostic
accuracy, and these features showed significant changes after 50min
of review time. Based on this observation, we propose 50min as the
optimal review cycle for pathologists, and this has been incorporated
into the data collection protocol.

Finally, all eye-tracking datawere re-examined, anddatawith poor
integrity or stability were excluded. Evaluating the integrity of obser-
vation points refers to identifying interruptions in the review process
caused by autonomous behaviors of the pathologist (e.g., leaving the
workstation, taking phone calls), which can result in extended
“vacuum periods” where no eye-tracking data is collected. Stability
refers to ensuring that the eye movement angular velocity of the
pathologist does not remain at a high level for prolonged periods. Eye
movement angular velocity greater than 30° per second typically
indicates eyelid twitch. If such anomalies occur too frequently in the
reviewdata for a particularWSI (set asmore than three occurrences), it
suggests that the pathologist may not be in an optimal working con-
dition. Additionally, operational errors by the pathologist (e.g., repe-
ated clicking or exiting the software prematurely) could result in
missing data. As continuous viewing time increases, a gradual drift in
the position of eye-tracking signals may also occur.

Although the eye-tracking device used in the study allows for a
significant range of head movement and maintains long-term accu-
racy, there is a potential risk of drifting after extended work periods.
Data cleaning for drift is performed by the pathologists themselves,
who can review their recording after data collection (a feature pro-
vided by EasyPathology, which allows replay of the pathologist’s
observation point movements, as shown in the uploaded videos) to
determine whether drift occurred. One important method to prevent
drift is to set a reasonable maximum duration for each continuous
working session and to recalibrate the eye tracker at the start of each
session. This re-examination process resulted in the removal of the
slide-reviewing data for 101 WSIs. In the end, a total of 3,978 slide-
reviewing data from five pathologists were collected; of these, 542
WSIs were reviewed by all pathologists (Fig. 1c, d).

For a given WSI W, the slide-reviewing data collected by the eye-
tracking device contains the observation points captured at a specific
frequency, described as a point set Pointsf g 2 Rpointsnumber × 1,1ð Þ. Each
recorded position can be viewed as a specific coordinate point on W
(or an approximately circular area centered around this point). W is
segmented into an irregular foreground containing human tissue
images and the remaining light-colored background, with the bound-
ary of the foreground defined as bW. When reviewing a WSI, patholo-
gists often perform multiple “sliding window” actions, meaning they
can only view a portion of the WSI at any given time. To mimic this
limited view during slide review and decode pathology expertise from
such behavior, we sampled d × d window images from the WSI at
magnification M, corresponding to the pathologist’s fixed window
position during the review, and denoted these as fwinM

i gKi 2 RK × d ×d½ �.
When the pathologist performs multiple “window slides” during the
review ofW, all “screen images” observed by the pathologist (a total of
K) are sampled and used for training PEAN. The size of d is set to 1920
(corresponding to the screen size of 1920 × 1080) with the sampled
window images extending both vertically and horizontally to satisfy
the typical square image input requirement of convolutional neural
networks. ThemagnificationM corresponds to the zoom level selected
by the pathologist while viewing the WSI. The set of {Points} is then
preprocessed as follows:
1) Eye-tracker can calculate the coordinates of observation points.

Pathologists’ visual fields extended beyond the computer screen
or the boundaries of the foreground are considered indicative of
non-meaningful visual behaviors and are not included.
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2) When the angular velocity of the pathologist’s eye movement
exceeds 30° per second, the system records it as an eyelid twitch
and removes the corresponding points.

The preprocessed point set is then denoted as {Points'}. We clas-
sified the pathologists’ visual behavior into two categories—fixation
and search, based on the density of observation points. We define
fixation locations as image regions where the pathologist spent more
time andwhere the recorded observation points were denser, possibly
indicating regionswith a relatively higher suspicion of disease. In these
areas, the pathologist’s gaze movement was slower, reflecting higher
attention. Conversely, the search behavior represents rapid eye
movement, where the sampled observation points were sparser.
Density-based spatial clustering of applications with noise (DBSCAN)50

is used to classify the pathologists’ observation points into “fixation”
and “search”. It is an algorithm that automatically identifies clusters
and outliers in a dataset based on the point density. It operates by
using two pre-defined parameters—radius and the minimum number
of neighboring points—to determine the density around a point. If the
number of points within the neighborhood exceeds the pre-set mini-
mum, the point is considered a core point and starts forming a cluster;
otherwise, itmay bemarked as an outlier or noise. This allowsDBSCAN
to effectively identify dense areas as clusters while isolating sparse
points as noise. The underlying principle makes DBSCAN well-suited
for distinguishing “clustered” and “dispersed” points in a plane, while
also being particularly effective in handling noise. The observation
pointswithin the cluster representfixations, and the points outside the
cluster represent searches. That is to say, search can be represented as
the migration process of fixation.

Directly locating lesions by using the observation of pathologists
is risky because pathologists cannot always focus only on those
lesions38. shows that using the images that pathologists have focused
on observing as completely equivalent to lesions for training will
damage the performance of the model. Obviously, the basis for
pathologists tomake diagnoses comes at least in part from the images
they have focused on observing. Therefore, learning the image fea-
tures that pathologists tend to focus on rather than the diagnostically
evidential features they have observed is a simpler and safer task and is
a direct utilization of known information. Taking the images observed
by pathologists as a whole and analyzing their internal contextual
connections, that is, their similar features, one can infer what kind of
images pathologists tend to focus on. A common means to achieve
this purpose is attention-based image feature fusion, such as
Transformer17. Then, the trained model can provide “potential atten-
tion of pathologists” for all regions, used as an assistant in diagnosis.
The images frompathologists’ fixation locations are constructed into a
sequence, denoted as the expert trajectory τ 2 Ddemo. This preference
of pathologists for different image features is defined as “pathology
expertise”. It is specifically manifested as a value of image patch: the
“pathology expertise value”. Section “Extraction of pathologists’
expertise and fitting an attention score for each image patch in WSI”
discusses in detail the process of learning pathology expertise. Before
this, some key parameters and variables are introduced.

The sequence <PM
i0, P

M
i1 ,P

M
i2 . . . . . .> formed by fixation locations

PM
ij 2 winM

i . The gaze duration coefficient Etime and gaze point density
coefficient Edensity are introduced as indicators for evaluating the dif-
ferences in importance between different fixation locations:

Etime i, jð Þ=β1 � �
meanðfPointsumgWinÞ

Pointsumði, jÞ ð1Þ

Edensity i, jð Þ=β2 � �
Regiondistanceði, jÞ

meanðfRegiondistancegWinÞ
ð2Þ

where β1 and β2 are weight coefficients, both of which are set to 0.8;
Pointsnum(i, j) indicates the total number of Points∈{Points'} contained
in PM

ij ; mean({Pointsnum}W) indicates the average value of Points con-
tained in each fixation location in the full sliceW; Regiondistance(i, j) is
the average distance from PM

ij to other fixation locations PM
ik i≠kð Þ under

WM
i ; and mean({Regiondistance}W represents the average value of the

Regiondistance() function over all fixation locations in the full sliceW.
Under the action of β1 and β2, Etime (i, j) is positively correlatedwith the
gaze duration of region PM

ij , while Edensity (i, j) is positively correlated
with the degree of aggregation of PM

ij in W.
When the image is magnified to magnification M, each winM

i is
partitioned into patches of dimensions [l × l]. These patches are
centered on point PM

ij and recorded as fxMij g Nj 2 RN × ½l × l�. Simulta-
neously, x2Mij is also segmented with the same center point. x2M

ij is
the patch sampled at the same center point as xij under a magnifi-
cation of M × 2, with a size of [l × l] (thus, the image covered by this
patch has a size of [l/2 × l/2] under magnification M). Images
fwinM

i , <x
M
i0, x

M
i1 , x

M
i2 . . .>, <x

2M
i0 , x2M

i1 , x2Mi2 . . .>g are individually input
into the image encoder to extract features. Subsequently, the fea-
tures obtained from images sampled at different magnifications are
concatenated to achieve the integration of multi-scale image infor-
mation. These images serve as the visual input corresponding to the
gaze positions of pathologists, with the objective of learning which
characteristics of pathological images attract the interest of expert
pathologists.

Extraction of pathologists’ expertise and fitting an attention
score for each image patch in WSI
The expertise of the pathologists can be described as an attention
score based on the pathologists’ manual sampling of WSIs (Fig. 4a),
which can also be considered the degree of similarity between any
sequence <PM

i0,P
M
i1 , P

M
i2 . . . . . .> in the WSI and the pathologists’manual

sampling at the level of the aggregated image features. We construct
an optimal control framework based on the principle of maximum
entropy, which essentially posits that the sampled experts’ behavior
results from random, nearly optimal responses based on an unknown
cost function. Specifically, under the expertise extraction model
fexperience, it is assumed that the expert samples the demonstration
trajectory τ from a distribution:

p τð Þ= 1
Z
exp �Cθ τð Þ� � ð3Þ

τi = fS0, S1 . . . ST g can be viewed as the trajectory of the patholo-
gist’s ROIs under winM

i . Cθ τð Þ=PT
0St is an unknown pathology

expertise value function parameterized by θ. St represents the set of
images fxM

it , x
2M
it ,winM

i g at current time t, and Z = exp
R �Cθ τð Þ� �

dτ is a
partition function, which is used to keep the integral of the probability
distribution function p(τ) always equal to 1. Under this specification,
trajectories with higher values have a greater probability of being
selected, and while the expert pathologist may select optimal actions,
suboptimal actions may also occur.

The randomly sampled trajectory and the subsequent trajectory
generated by the imitation model fmimicry are introduced as nonexpert
pathologist trajectories τ 2 Dsamp into this part of the model, which
then undergoes adversarial learningwith expert trajectories τ 2 Ddemo.
In this way, the behavioral trajectories generated by fmimicry are “gui-
ded” toward a distribution closer to that of the expert behaviors, and
the expertise extraction model fexperience acquires the ability to dis-
tinguish between the two types of trajectories. fexperience takes as
input τi.

The input images are passed through a pretrained encoder to
obtain the feature vectors. The pre-training process of the image
encoder involves using image datasets like ImageNet to equip the
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encoder with the ability to extract image features, serving as the
foundational layer of the designed model. During pre-training, the
model is trained through supervised learning on labeled images,
optimizing its weights using the cross-entropy loss function to gra-
dually learn how to distinguish between different image categories.
The main purpose of pre-training is to allow the model to learn image
features at various levels, from low-level features such as edges and
textures to high-level features such as shapes and complex object
characteristics. The output of the image encoder is a feature vector,
which is a high-dimensional representation of the image’s features.

uM
i is considered to represent the window-level information from

winM
i , and fPT

t v
M
ij ,

PT
t v

2M
ij g are considered to carry information con-

tained in the transitions among the pathologist’s fixation locations
fPT

t v
M
ij ,

PT
t v

2M
ij g. vMit is concatenatedwith v2Mit and then passed through

a transformer layer, which outputs the second-layer feature vector rMit
at the current time. The rMit of each moment is concatenated with the
global feature uM

i , and the predicted attention scores C0
θ tð Þ are

obtained through a multilayer perceptron (MLP) using the mean
square error loss:

loss1 =
1

T � t

XT
t

c0θ tð Þ � cθ tð Þ� �2 ð4Þ

cθ tð Þ= λ1 � Etime + λ2 � Edensity

� �
� βT�t,

τt 2 Ddemo

cθ tð Þ=0, τt 2 Dsamp

8>><
>>:

ð5Þ

where coefficients λ1 and λ2 are used to balance the importanceof gaze
duration and gaze point density in the region, satisfying λ1 + λ2 � 1. β is
set to 0.9.

We combine fexperience based on sampling with fmimicry, which is
essentially an RL model. The core idea is to optimize the trajectory
distribution for the current cost Cθ τð Þ through fmimicry and to assign

higher values to trajectories that are closer to expert behavior. This
method allows us to make reverse optimal choices in an infinite state
space, even without a known system model.

Feature distillation and classification with weakly
supervised models
Using the pathology expertise value fitted by PEAN, additional
weighted scores can be given to all image patches in the WSI, so that
theWSI-level classifier paysmore (rather than completely) attention to
the locations that pathologists are more inclined to focus on. In
addition, the pathological experience value can also be used for fea-
ture distillation to eliminate the interference of redundant patches.
The architecture of the WSI-level classifier we designed: PEAN-
Classification (PEAN-C) is shown in Fig. 4b. For a given WSI W, a ser-
ies ofpatches canbeobtained through tissue-region and instance-level
segmentation. A pretrained image encoder is utilized to extract fea-
tures from these patches. However, this portion of the model is not
involved in the training process; the model designed in this study
focuses solely on learning from the extracted features. The patches
yield instance features X = fx1, x2, . . . , xK g, whereK represents the total
number ofpatches contained inW. Each individual patch xipossesses a
latent label yi that indicates the disease type to which the tissue in xi
belongs and that is unknown to the model. The task of feature dis-
tillation is to distill the areas on which pathologists are most likely to
focus and that best represent a certain disease, i.e., patches with high
cθ values representing a high probability of belonging to a specific
disease. Specifically, the top-k distilled features fô1, . . . ôkg satisfy the
following relationship:

ô1, . . . ôk
� �

=argmax c1 + ŷ1, . . . cK + ŷK
� �

, k
� � ð6Þ

Here, ci represents the cost value corresponding to xi, and ŷi is the
probability of xi being predicted as belonging to its disease type. The
optimizationmethod for ŷi involves guiding themaximumvalue of the
corresponding disease type in fŷ0, :::ŷK g with the WSI-level label Y,
enabling the model to autonomously learn the “patch most likely to
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Fig. 4 | Model details of the three-part PEAN. aModel for extracting pathologists’ expertise. b Feature distillation classification model using the extracted pathologists’
expertise and c Model imitating pathologists’ slide-reviewing behavior using RL.
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belong to a certain disease” during the optimization process:

loss2 = Y � log argmax ŷ0, . . . ŷK
� �� �� �

+ 1� Yð Þ
� log 1� argmax ŷ0, . . . ŷK

� �� �� � ð7Þ

loss2 is a cross-entropy loss function that measures the differ-
ence between predicted probabilities and true labels. Its goal is to
make the model’s predictions closer to the true labels. The features
to be distilled, fô1, . . . ôkg, have high “pathologist attentiveness”. We
assume these features are relevant to diagnosis, and thus, the pre-
dicted categories for these instances should ideally match the cate-
gory of theWSI. The diagnosis of theWSI is used as a pseudo-label for
these instances, and loss2 is effectively used for instance-level clas-
sification, aiming to predict the probability that highly attended
instances belong to a certain disease category. However, in the real
world, it is not possible to pre-know the WSI’s label in order to distill
label-related instances. Therefore, representative patches of all dis-
ease types covered in this study are grouped together for WSI-level
classification:

fô1, . . . ôkg=
X

Disease Types

argmax fc1 + ŷ1, . . . cK + ŷK g,
k
5

� 	
Disease Type

ð8Þ

Disease types = fNevus, BCC, Melanoma, SCC, SKg ð9Þ

Additionally, the k features obtained are transformed into WSI-
level features through feature fusion ffusion and used for WSI classifi-
cation. There are numerous suitable feature fusion methods, and so
this function can be interchanged with other bag-based MIL approa-
ches. Common methods include feature score weighting16 or self-
attention mechanisms17. Transformer17 is selected, which is one of the
best-performing network architectures, utilizing a self-attention
mechanism. The WSI features are then passed through a fully con-
nected layer to yield the probabilities of belonging to different disease
types.

Ŷ = f mlp f f usion ô1, . . . ôk
� �h i

ð10Þ

loss3 = Y � log Ŷ
� �

+ 1� Yð Þ � log 1� Ŷ
� �

ð11Þ

where loss3 is a cross-entropy loss function, aimed at bringing the
predictions from the fully connected layer closer to the true labels.

Construction of an RL model to imitate the slide-reviewing
behavior of the pathologists
For a given WSI W, an RL45,46 task can emulate the visual behavior of
expert pathologists to conduct a rapid search on a two-dimensional
plane and locate areas potentially harboring lesions47,48. As shown in
Fig. 4c, the objective is to generate a “human behavior-like” search
trajectory.

The trajectory under the window is set to imitate the patholo-
gist’s behavior and is regarded as a Markov decision process (MDP).
At time t, the agent acquires patch x itð Þ corresponding to a certain
position Pt in wi (more specifically, the physical location corre-
sponding to a pixel point in the pathological image), and, along with
wi, constitutes the state St at time t. Given the irregular character-
istics of pathological images, there can be significant variability
between WSIs derived from specimens of the same type of tissue.
Therefore, the RL framework in the context of pathological images
can be considered to possess an infinite state space. The action at is
described as a change in position within wi, namely, starting from Pt,

movement occurs in one of the eight preestablished directions
(upper-left, up, upper-right, right, etc.) with a fixed step length l,
resulting in a new position Pt+1. Based on the expert pathologists’
actions discussed in the section “Specifics of the dataset”, which are
both sequential and continuous, we choose to generate a state-action
sequence fSt , St + 1 . . . , ST ,at ,at + 1 . . . ,aT�1g after repeating this pat-
tern multiple times before assigning a reward sequence
fRt ,Rt + 1 . . . ,RT�1g. Note that this is not calculated as a reward during
the single St +at ) St + 1 process. This approach draws inspiration
from the classic RL model: “Deep Reinforcement Q Learning Net”
(DRQN)46 and reflects the complete observational information in the
process of pathologists reviewing slices, rather than the simplistic
model based on a single patch as the basis for action selection. This
RL model integrates global observational information with expertise
accumulated prior to the current moment t.

The cθ t + 1ð Þ obtained from f experience will act as the reward Rt for
the process fSt ,atg ) St + 1, the purpose of which is to determine the
reward size for executing action at under the current state St based on
the value cθ t + 1ð Þ possessed by the next moment’s state St + 1. The RL
model consists of two networks, Qeval and Qtarget, both of which use
fully connected layers but have different parameters. The input to
networks is the image features representing St , and the output is Rt

associated with selecting different at in this step. Qeval obtains the
estimated rewards fr̂tng8n for all actions corresponding to St and
chooses the action at =argmax r̂t

� �
with the highest reward. As shown

in Fig. 4.c, at is combined with Pt to calculate Pt + 1 and obtain the state
St + 1 at moment t + 1, which is then used by f experience to obtain Rt (the
pathology expertise value) and thus guide the learning of the RL
model. Additionally, during the execution process, the RLmodel saves
the sequence fSt ,at ,Rt ,ϕtg (where ϕt indicates whether t = T, i.e.,
whether it is the last item of the continuous state sequence) to the
expertise replay pool DRL. The RL model is then randomly sampled
from DRL for learning. During training, the parameters of Qeval are
updated continuously using gradient descent after the loss function is
calculated. In contrast, Qtarget copies the parameters of Qeval only after
the completion of an epoch, and this process repeats at the end of
each subsequent epoch. This asynchronous dual-network update
design effectively prevents oscillations during training and enhances
training stability. The optimization of the networks is conducted as
follows:

n=argmaxðQeval ðStÞÞ ð12Þ

r0t =maxðQevalðStÞÞ ð13Þ

rt =Rtk + γ �max Qtarget St + 1
� �� �

ð14Þ

loss4 θQ
� �

=
XT
t

1
T � t

r0t � tt
� �2 ð15Þ

The variable n represents the action with the highest reward value
selectedbyQeval under the current state St (specifically, thedirectionof
the next move for the image sampling point). rtt is the expected
reward that Qeval anticipates after executing the action. rt represents
the actual reward received after executing the action, which is used to
guide the training of the networks. It consists of two parts: the current
return provided by fexperience and the future expected return estimated
by Qtarget. The weight γ for the future return is set to 0.9. loss4 is a
mean-squared error loss function. Its purpose is to bring the expected
reward as predicted by Qeval closer to the actual reward, encouraging
actions thatmaximizeboth present and future rewards. This allows the
pathology expertise decoded from fexperience to be transferred toQeval.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The 1565 pairs of data (includingWSIs, gaze-tracking data, andmanual
pixel-wise annotations) declared in the section “Specifics of the data-
set”, are publicly available. These data are divided into two parts: 150
pairs can be accessed directly, and 1415 pairs require an access appli-
cation to be submitted to the corresponding author. The data that can
be accessed directly has been stored in the GitHub database, and the
access link is: https://github.com/MasyerN/PEAN. For access to the
remaining data, interested parties need to submit a formal request to
Professor Cui, the corresponding author. There are no potential
restrictions on access to these additional data. The demonstration of
PEAN imitating pathologists’ slide-reviewing behavior has been
uploaded to the following link: https://www.tankaai.com/eponline/.
We have also recorded the process of collecting pathologists’ slide-
reviewing data and the operation of PEAN, which is presented as a
demonstration video in the Supplementary Movies 3–10. Source data
are provided with this paper.

Code availability
All the code involved in this study, including the open-source version
of the “EasyPathology” system (v1.3, for reading data only) and the
PEAN model code, will be made publicly available on open-source
platforms. The code can be obtained through the following link:
https://github.com/MasyerN/PEAN.
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