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Aligning knowledge concepts to whole
slide images for precise histopathology
image analysis
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Due to the largesizeand lackoffine-grainedannotation,WholeSlide Images (WSIs)analysis is commonly
approached as a Multiple Instance Learning (MIL) problem. However, previous studies only learn from
training data, posing a stark contrast to how human clinicians teach each other and reason about
histopathologic entities and factors.Here,wepresent anovel knowledgeconcept-basedMIL framework,
namedConcepPath, to fill this gap. Specifically, ConcepPath utilizes GPT-4 to induce reliable disease-
specific human expert concepts from medical literature and incorporate them with a group of purely
learnable concepts to extract complementary knowledge from training data. In ConcepPath, WSIs are
aligned to these linguistic knowledge concepts by utilizing the pathology vision-language model as the
basic building component. In the application of lung cancer subtyping, breast cancer HER2 scoring, and
gastric cancer immunotherapy-sensitive subtyping tasks, ConcepPath significantly outperformed
previous SOTA methods, which lacked the guidance of human expert knowledge.

The analysis of histopathology images is crucial in modern medicine,
particularly for cancer diagnosis and prognosis, where it serves as the gold
standard. However, analyzing histopathology images is time-consuming
and labor-intensive for pathologists. Digitalizing histopathology images
into high-resolution whole slide images (WSIs) has ushered in a new era
for computer-aided analysis1–3. Owing to their enormous size (e.g.,
150,000 × 150,000) and the lack of fine-grained annotations,WSI analysis
is typically formulated as a Multiple Instance Learning (MIL) problem,
which enables weakly supervised learning from slide-level labels. MIL-
based methods typically begin by extracting the feature embeddings of
image patches using a pre-trained network4–7. The feature embeddings are
then fed into an aggregation network to generate slide-level predictions.
Numerous research efforts have focused on efficiently aggregating
information, including using attention-based weights8 and leveraging
spatial context information9–11. However, most current approaches in
computational histopathology learn solely from image data, contrasting
with how humans teach and reason about histopathologic entities and
factors, as illustrated in Fig. 1a. Although a recent innovative study12

explores the use of language priors in few-shot weakly supervised learning
forWSI analysis, it suffers from unreliable language prior generation and
unsatisfactory performance under full training setups, which limits its
wide application in precise WSI analysis. Thus, incorporating valuable

expert knowledge for preciseWSI analysis remains anunsolved yet critical
challenge.

With the rapid development of multimodal learning, there has been a
surge of studies on CLIP-based pathology vision-language models13–18.
Following the principle of Contrastive Language-Image Pre-training
(CLIP)15, these models learn well-aligned representation spaces between
histopathology images and text description pairs collected from medical
textbooks, scientific papers, public forums, and educational videos. One
major benefit is that natural language descriptions can provide more
expressive, dense, and interconnected representations beyond the scope of a
single categorical label, linking diverse features of histopathology sub-patch
structures13,18. Remarkable achievements have beenmade in transferring the
above pathology vision-language models to a wide range of downstream
tasks, including patch-level histopathology image classification, segmenta-
tion, captioning, and retrieval18. Meanwhile, large language models (LLMs)
have shown great potential in performing logic, analogy, causal reasoning,
extrapolation, and evidence evaluation for medical and scientific
applications19. Researchers have found that when treated as reasoning
machines or inference engines rather than knowledge databases, LLMs are
less likely to generate false statements that do not reflect scientific facts20.
These breakthroughs provide an opportunity to extract and incorporate
human expert knowledge into the WSI analysis.
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In this paper, we present ConcepPath, a concept-based framework
designed tomake decisions by jointly leveraging the complementary human
expert prior knowledge and data-driven concepts. The main idea of Con-
cepPath is illustrated inFig. 1b, e. First, large languagemodels suchasGPT-4

are applied to induce reliable instance-level humanexpert concepts andbag-
level expert class prompts from medical literature highly relevant to the
given diagnostic task, as shown in Fig. 1b and Supplementary Fig. 2. It is
important to note that, instead of treating GPT-4 as a knowledge database

Fig. 1 | Overview of ConcepPath framework. a In real clinical processes, pathol-
ogists apply their expert knowledge to reason about histopathologic entities and
factors tomake a diagnosis. bConcepPath utilizes a large languagemodel likeGPT-4
to induce expert concepts related to diagnosis from medical literature and integrate
this knowledge into an automated WSI analysis pipeline through the CLIP-based
pathology vision-language foundation model. c Dataset Characteristics of the
evaluated tasks. d Left: An illustration of how the CLIP-based pathology foundation
model performs patch prediction with class prompts. Right: The pipeline of how the
previous CLIP-based pathology foundationmodel performs slide-level classification
via a top-k pooling of patch predictions. e Left: An illustration of how ConcepPath

decomposes a specific complex WSI analysis task into multiple subtasks of scoring
patch-level concepts/attributes. Right: The pipeline of how ConcepPath conducts
slide-level classification. Unlike the previous CLIP-based pathology foundation
models' mechanism, ConcepPath leverages human prior knowledge and fully
exploits the power of the CLIP-based pathology foundation model by scoring a
group of expert concepts induced by GPT-4 from related medical literature and
extracting complementary knowledge from training data via scoring a group of
learnable data-driven concepts. The final prediction is produced with a two-stage
aggregation mechanism with the above concepts.
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and directly querying expert concepts, ConcepPath utilize GPT-4 as a
reasoning machine to induce human expert knowledge concepts and class
prompts from medical textbooks and academic papers. This strategy leads
tomore reliable expert concepts and class prompts generation.On the other
hand, considering that extracted expert conceptsmay be insufficient to fully
describe a disease’s complexity21,22, ConcepPath also learns complementary
data-driven instance-level concepts from the training data with a group of
purely learnable prompt representations, as shown in Fig. 1e. These learned
concepts serve as a complement to expert concepts and play a crucial role,
especially for complex and inadequately researched diagnostic tasks.

To transfer the knowledge contained in the concepts intoWSI analysis,
ConcepPath utilized a two-stage concept-guided hierarchical feature
aggregation paradigm. With both concepts, class prompts, and instance
features embedded into the well-aligned representation space via the CLIP-
based pathology vision-language model as the basic building component,
ConcepPathfirst aggregates instance features into concept-specific bag-level
features under the guidance of instance-level concepts and then further
aggregates the concept-specific bag-level features into the overall bag
representation according to the correlations between instance-level con-
cepts and bag-level expert class prompts. Finally, ConcepPath feeds the
overall bag representation and bag-level concept embedding to slide
adapters and calculates similarities between the adapted bag representations
and bag-level expert class prompts embeddings for final prediction.

We validated the effectiveness ofConcepPath on five tasks (Fig. 1c): (1)
lung cancer subtyping, (2) breast cancer HER2 scoring, and (3) gastric
cancer immunotherapy-sensitive subtyping (including 3 binary classifica-
tion tasks).ConcepPathoutperformedprevious state-of-the-artmethods on
all tasks in Fig. 2a, which shows the prominence of utilizing human expert
knowledge effectively. Particularly noteworthy is the nearly 7% improve-
ment that ConcepPath achieved in classifying Epstein–Barr virus (EBV)-
positive for gastric cancer cases, demonstrating its potential as an eco-
nomical and less time-consuming alternative for stratifying patients who
respond to immune checkpoint inhibitor therapy.

Results
Dataset characteristics for tumor diagnosis
We evaluate ConcepPath on three public datasets (NSCLC, STAD and
BRCA) from The Cancer Genome Atlas (TCGA) repository. The first
dataset is NSCLC, the lung cancer project containing 1042 cases. For the
tumor subtyping task on this dataset, there are 530 cases diagnosed as lung
adenocarcinoma (LUAD) and 512 cases diagnosed as lung squamous cell
carcinoma (LUSC). The seconddataset isBRCA, the breast cancer project
containing 933 cases. For the HER2 scoring task on this dataset, there are
164 cases diagnosed as positive, 186 cases diagnosed as equivocal and 583
cases diagnosed as negative. Human epidermal growth factor receptor 2
(HER2) plays a crucial role as both a prognostic and predictive marker,
being over-expressed in approximately 15–20% of breast cancer cases.
Assessing HER2 status is vital for guiding clinical treatment choices and
prognostic assessments. The evaluation of HER2 status is performed
through transcriptomics or immunohistochemistry (IHC) methods,
including in-situ hybridization (ISH), which adds extra costs and tissue
demands. Furthermore, this process is subject to variability in analysis,
especially due to potential biases in manual scoring observations23,24. The
last dataset is STAD, the gastric cancer project containing 268 cases. For
the immunotherapy-sensitive subtyping task on this dataset, there are 26
cases diagnosed as Epstein–Barr virus (EBV)-positive, 44 cases diagnosed
as Microsatellite Instability (MSI), and 199 cases diagnosed as Genomi-
cally Stable (GS) andChromosomal Instable (CIN). EBV andMSI tumors
have been reported to be highly responsive to Immune checkpoint inhi-
bitor (ICI) therapy, which is widely used but effective only in a subset of
gastric cancers25. However, the high costs of required diagnostic methods
like immunohistochemistry and polymerase chain reaction limit the
practical application of this molecular classification in treatment
decisions26. EBV-associated and MSI gastric cancers are characterized by
distinct histological traits. EBV-positive tumors often display significant

lymphocyte infiltration within both the neoplastic epithelium and the
stroma, frequently referred to as lymphoepithelioma-like carcinoma or
gastric carcinoma with lymphoid stroma27. Similarly, the MSI subtype
typically shows extensive lymphocytic infiltration, predominantly fea-
turing intestinal-type histology and expansive growth patterns28,29. Note
that in this study, we follow the setting in previous study26 to formulate
three binary classification tasks: EBV vs. Others, MSI vs. Others, and EBV
+MSI vs. Others. Given the biases inherent inmanual evaluations and the
additional expenses associated with these assessments, particularly for the
latter tasks corresponding to guiding clinical treatment choices, con-
ducting precise analysis directly from routineH&E-stained tissue sections
through deep learning techniques is of significant clinical and scientific
interest.On these tasks,Weutilizedpatient-levelfive-fold cross-validation
for all experiments evaluating ConcepPath and other methods and
reported the results of allmodels in the formofmean value. For evaluation
metrics, the area under the curve (AUC) of receiver operating char-
acteristic, and the accuracy (ACC) were adopted. ConcepPath could uti-
lize different CLIP-based pathology vision-language foundation models
as its basic component. As QuiltNet17 and CONCH14 lead to better per-
formance in our experiments, in the following sections, we report the
results of using QuiltNet as the default basic component of ConcepPath
and the feature extractor of other baselines in the following sections and
report the results of using CONCH in the Supplementary Materials.

ConcepPath helps in treatment decision
We evaluated ConcepPath against seven state-of-the-art (SOTA) meth-
odologies: (1) ABMIL8, (2) DeepAttnMISL30, (3) CLAM-SB31, (4) GTP32, (5)
TransMIL33, (6) HIPT6, and (7) TOP12. For TOP12, due to the current
incomplete official implementation released by the authors, we run both the
author’s current implementation and our re-implementation according to
their paper and select the higher performance as the final result of TOP. As
illustrated in Fig. 2a, ConcepPath surpasses the aforementioned methods in
both AUC and ACC across all assessed tasks. Specifically, a significant per-
formance leap for ConcepPath is observed in the BRCA and STAD datasets.
For example, on the BRCAdataset, ConcepPath registers a 5.66% increase in
the F1-score over the leading baseline. Similarly, on the STAD dataset,
improvements of 6.23% in EBV vs. Others AUC, 1.71% in MSI vs. Others
AUC, and 1.35% in EBV+MSI vs. Others AUCwere noted in comparison to
the best-performing baseline. These datasets involved complex histological
analysis tasks such as HER2 scoring and immunotherapy-sensitive subtyp-
ing, necessitating the recognition of intricate histological features and mole-
cular tissue characteristics. This leads us to hypothesize that formore intricate
WSI analysis challenges, the fusion of prior domain knowledge with the
discovery of new, diagnosis-related concepts is crucial, significantly more so
than for simpler tumor/normal classification or tumor subtyping tasks.
Overall, ConcepPath enhancesWSI analysis capabilities, especially in tumor
subtyping and immune response assessment, potentially aiding in treatment
decision-making processes. Regarding TOP12, designed to leverage language
priors in few-shot weakly supervised learning for WSI analysis, it demon-
strated unsatisfactory results in full training settings. This could be due to the
unreliable generation of language priors, a misalignment between histo-
pathology images and prior knowledge text, and a lack of new knowledge
acquisition from the training data, which is detailed in Section Baseline
Models. In addition, we report the experimental results when using CONCH
as the basic component of ConcepPath and feature extractor of other base-
lines in Supplementary Fig. 5. Although HIPT achieved improved perfor-
mance as CONCH was trained on a larger number of histology images, we
noticed that ConcepPath still outperforms other baselines amongmost tasks
and shows as a more robust method compared with others.

Comparison of different expert concept extraction strategies
The incorporation of human expert knowledge is of great significance to
ConcepPath, the performance will be influenced if such prior is not
imported accurately. We investigate the impact of different expert concept
generation strategies and show the mean results in Fig. 2d. The “Generated
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concepts” refers to the strategy used in previous works12,34,35, which involves
directly queryingGPT-4 for relevant concepts without providing any expert
materials. In contrast, “Induced concepts” represent our proposed strategy,
which entails asking GPT-4 to induce relevant concepts from medical lit-
erature related to the target diagnostic task. As shown in Fig. 2d and Sup-
plementary Fig. 4a, the “Induced concepts” achieve better performance

across all metrics, particularly for the more challenging immunotherapy-
sensitive subtyping tasks on the STAD dataset. This highlights the impor-
tance of inducing concepts from professional materials for complex WSI
analysis tasks. In addition, we report the experimental results when using
CONCH as the basic component of ConcepPath. As shown in Supple-
mentary Fig. 6, we could obtain the same conclusion as above. In Fig. 2b, c,
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we also provide one example of a misleading concept generated by directly
querying GPT-4, which our induction-based strategy successfully rectifies.
For the gastric immunotherapy-sensitive subtyping task, the expert concept
“signet-ring cells” is more commonly linked to the Genomically Stable (GS)
subtype instead of the Epstein–Barr virus (EBV) positive subtype36. How-
ever, as as illustrated in Fig. 2b the “Generated concepts” strategy attributes
the expert concept “signet-ring cells” to the EBV-positive subtype instead of
the GS subtype, which may cause confusion for the model. In contrast, as
demonstrated in Fig. 2c, under the guidance of relevant medical literature,
our proposed “Induced concepts” strategy accurately attributes expert
concept “signet-ring cells” to the GS subtype, which provides reliable prior
expert knowledge to our framework.

Effectiveness of data-driven concept learning
The integration of learnable concepts is also a key component of Con-
cepPath. We investigate its impact on NSCLC lung cancer subtyping, BRCA
HER2 scoring, and STAD EBV vs. other classification tasks. Results are
shown in Fig. 3a. The x-axis in Fig. 3a represents the number of learned
concepts used for each class, where 0 refers to the only use of GPT-4 induced
expert concepts in our framework. From the results, we observe a perfor-
mance increase of 1.04% in AUC for NSCLC, 1.16% in AUC for BRCA and
3.96% in AUC for EBV vs. Others upon integrating new concept discovery,
demonstrating the effectiveness of complementing human expert knowledge
with learned knowledge. Furthermore, we noticed that for more challenging
and inadequately researched diagnostic tasks, a greater number of learned
concepts are required. For instance, NSCLC achieved its best performance
with 4 learned concepts per class, while the EBV vs. Others comparison
reached its peak performance with 8 learned concepts per class. Further-
more, we identified a performance decline when the number of learned
concepts was large (i.e., 12) on both datasets. This observation suggests a
potential trade-off between prior expert knowledge and learned knowledge.
If the number of learned data-driven concepts is excessive, the impact of
prior expert knowledge may be diminished, potentially resulting in over-
fitting the training data. We noticed that such a trade-off still exists when
using CONCH as the basic component of ConcepPath, as shown in Sup-
plementary Fig. 7. Particularly, we also investigated the independent con-
tributions of the expert concept and the data-driven concept in ConcepPath
(Supplementary Fig. 11). We noticed that while removing the data-driven
concepts will cause a bigger average performance drop, either ignoring the
human expert prior or the knowledge in the training data would generally
cause an obvious performance drop for most tasks on both QuiltNet-based
and CONCH-based ConcepPath. These results illustrate that the success of
ConcepPath lies in incorporating the complementary human expert prior
and data-driven knowledge in automated WSI analysis.

Effectiveness of bag-level concept guidance
We also investigate the impact of the bag concept-guided aggregation in
ConcepPath.As shown inFig. 3b andSupplementary Fig. 4b, “w/oBag-level
guidance” bars denote directly averaging the concept-specific bag-level
features into the overall bag representation without considering the corre-
lations between the instance-level concepts and the bag-level class prompts.
The model performed better with Bag-level guidance, for instance, we
observed a performance drop of 2.82% in AUC for EBV+MSI vs. Others

and 4.11% in AUC for MSI vs. Others when ignoring the relationship
between the instance-level concepts and the bag-level class prompts. This
demonstrates the importance of the second-stage bag-level concept-guided
aggregation in our framework. The experimental results when using
CONCH as the basic component of ConcepPath, the overall performance
amongfive tasks gain notable improvementwith this second-stage bag-level
concept-guided aggregation, especially for the more reflective metric AUC
(Supplementary Fig. 8).

Effectiveness of slide adapters
The slide adapters are proposed to learn new features and blend them with
the original features of the overall bag representation and bag-level concept
embedding. We also explore their effectiveness in Fig. 3b and Supplemen-
taryFig. 4b. Particularly,wenotice anobviousperformancedrop inAUCfor
EBV vs. Others, which may indicate the potential limits of the knowledge
within the existing human medical research papers and the pathology
vision-language model with respect to this challenging and inadequately
researcheddiagnostic task.The experimental resultswhenusingCONCHas
the basic component of ConcepPath, the overall performance among five
tasks would be improved by the slide adapters, especially for the more
reflective metric AUC (Supplementary Fig. 8).

Comparison of different vision-language models
The alignment of histopathology images with textual expert concepts is of
great significance in our framework.We also compare the efficiencyof using
different CLIP-based vision-language models as the basic building com-
ponent in ConcepPath to align the concepts with histopathology images.
Results are shown in Fig. 3c and Supplementary Fig. 5c, where CLIP15 is
trained on a variety of image-text pairs from the internet, PLIP16 and
PathClip37 are trained on over 200K histopathology image-text pairs, and
QuiltNet17 and CONCH14 are trained on over 1 million histopathology
image-text pairs. Comparing the performances between CLIP and PLIP, an
obvious performance increase can be observed by using pathology vision-
language models. Moreover, the additional performance increase brought
by QuiltNet17 and CONCH14 further demonstrates that our framework
could benefit from more accurate alignment, and thus more efficiently
incorporating concept knowledge into histopathology images.

Visualization and post-hoc interpretation
Model interpretation is crucial for medical applications. ConcepPath offers
post-hoc interpretation by visualizing the similarity scores between
instance-level features and instance-level concepts as similaritymaps on the
slide, providing multi-dimensional reference information compared to
previous attentionmap-based approaches. Some visualization examples are
presented inFig. 4,whichdisplays fourdistinct expert instance-level concept
similarity maps for four accurately classified lung squamous cell carcinoma
(LUSC) and lung adenocarcinoma (LUAD) slides. Additionally, we include
the attentionmaps of CLAM31 for a comprehensive comparison. Evaluated
by our expert pathologist collaborator, we note that the clinical relevance of
thiswork lies in enablingpathologists tounderstand the rationale behind the
model’s predictions for a given WSI. The heatmaps for various expert
concepts pinpoint the exact regions withinWSIs that contribute to specific
predictions, providing a clear and interpretable basis for the model’s

Fig. 2 | Performance and expert concept generation comparison of ConcepPath.
a Radar charts depicting the average AUC(Left) and ACC(Right) for the five WSI
analysis tasks in the five-fold cross-validation experiment conducted on NSCLC,
BRCA, and STAD datasets. “Average” denotes the average performance among all
five tasks. “TOP*” represents the higher performance in the author’s implementa-
tion and our implementation of TOP. ConcepPath demonstrated more accurate
predictions on all five tasks since it successfully incorporates human expert prior
knowledge and data-driven knowledge learned from the training data. b, c A mis-
leading concept generated by directly querying GPT-4 (denoted as “Generated”),
which our induction-based method (denoted as “Induced”) successfully rectifies for
the gastric immunotherapy-sensitive subtyping task. Specifically, the concept

“signet-ring cells” was found in the category of Epstein–Barr virus (EBV) positive
subtype in the generated concepts; however, this morphology is more commonly
linked to the Genomically Stable (GS) subtype, where mutations in CDH1 and RHO
genes play a pivotal role. d A histogram representing the AUC comparison of
different expert concept generation strategies. The y-axis is the AUC(%) and the
x-axis is the WSI analysis tasks and their average performance. “Induced” concepts
demonstrated better performance among all tasks, especially for the more challen-
ging immunotherapy-sensitive subtyping tasks on the STAD dataset, highlighting
the importance of inducing concepts from professional materials for complex WSI
analysis tasks.
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Fig. 3 | Investigation of proposed components in ConcepPath. a Line plots for
investigating new data-driven concept learning, the y-axis is the AUC(%) and the
x-axis is the number of learned concepts used for each class, where 0 means only
using human expert concepts. Integrating data-driven knowledge learned from
training data improves overall performance, and for more challenging and inade-
quately researched diagnostic tasks, a greater number of learned concepts are
required. The performance decline when the number of learned concepts was large
suggests a potential trade-off between prior expert knowledge and learned knowl-
edge. b A histogram representing investigations on second-stage bag-level concept-

guided aggregation and slide adapters, the y-axis is the AUC(%), and “w/o Bag-level
guidance” refers to using average pooling aggregation. Both modules contributed to
the improved performance. c A histogram representing the comparison of using
different CLIP-based vision-language models as ConcepPath’s basic component for
aligning histopathology images and concept knowledge, and the y-axis is the
AUC(%). Obvious performance increase can be observed by using pathology vision-
languagemodels, andConcepPath could benefit frommore accurate alignment if the
pathology vision-language were trained on larger datasets.
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decisions. This is well-illustrated in Fig. 4 and Supplementary Fig. 12. For
instance, our pathologist collaborator identified that concepts such as
“lepidic”, “papillary”, “glandular”, “micropapillary”, and “solid growth” are
closely associated with LUAD, while “keratinization”, “cell morphology”,
“nuclear changes”, and “high mitoses” are characteristic of LUSC. These
observations align with established medical knowledge, demonstrating the
interpretability and clinical validity of the model. Notably, these expert
concepts exhibit high activity in tumor regions, consistent with domain
expertize. Furthermore, similaritymaps generated byConcepPathprovide a
more precise focus on tumor regions compared to CLAM attention maps.
For example, in the slide from the first row, the green box area includes
additional tumor foci that are overlooked by CLAM. Similarly, benign
mucous glands intermixed with inflammatory cells activate medical con-
cepts such as inflammatory cells, associated lymphocytes, and immune cell
clusters, reflecting plausible biological phenomena (Supplementary Fig. 12).
Lastly, we observed minor variations inWSI regions across different expert
concepts. These variations could serve as valuable supplementary refer-
ences, offeringmulti-dimensional insights forpathologists duringdiagnosis.

Discussion
Despite the rapid advancement in computational pathology, the integration
of valuable human expert knowledge into automated AI-assisted diagnosis
remains a significant yet unresolved challenge. The advent of CLIP-based
pathology vision-language foundation models and large language models
(LLMs) presents a promising avenue by aligning histopathology images
with human linguistic priors for more efficient WSI analysis. However,

direct queries toLLMsmayyield inaccurate statements thatnot grounded in
scientific fact. Furthermore, the complexity of diseases may surpass the
existing human expert knowledge, necessitating the discovery of com-
plementary knowledge hidden within training data.

To address these issues, we introduceConcepPath in this study, a novel
framework that explicitly incorporates reliable prior expert knowledge and
learns complementary concepts from training data for preciseWSI analysis.
To circumvent inaccuracies inherent in LLMs, ConcepPath employsGPT-4
as a reasoning engine to derive reliable instance-level expert concepts and
bag-level expert class prompts from medical literature related to the target
diagnostic task. Additionally, ConcepPath explores complementary data-
driven instance-level concepts from the training data using a set of learnable
prompt representations. Following the Multiple Instance Learning (MIL)
paradigm, ConcepPath utilized a concept knowledge-guided two-stage
hierarchical feature aggregation process for efficient bag-level WSI repre-
sentation. Importantly, ConcepPath integrates slide adapters prior to the
final prediction to address the domain shift between the pathology vision-
language model’s training data and downstreamWSI analysis tasks.

To avoid confusion and distinguish ConcepPath from the CLIP-based
pathology foundationmodels, wewould like to emphasize that the objectives
of the CLIP-based pathology foundationmodels and ConcepPath are in fact
quite different: the CLIP-based pathology foundation models aim to align
path-level histology images with their corresponding text description, while
ConcepPath aims to provide precise and interpretable slide-level analysis via
leveraging human expert prior knowledge and complementary knowledge
extracted from training data. The CLIP-based pathology foundation models

Fig. 4 | Visualizations of ConcepPath and baseline method. Instance-level expert
concept similarity maps. The slides are accurately identified as the lung squamous
cell carcinoma (LUSC) and lung adenocarcinoma (LUAD) subtype, respectively. In

comparison to the CLAM attention map, the similarity maps of various instance-
level concepts provide a more precise focus on the tumor in the green box high-
lighted area.
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mainly serve as a basic building component in ConcepPath in this study.We
provide a more detailed comparison and illustration of ConcepPath’s
advantage in Section Differences from CLIP-based Models and Discussion.

The proposed ConcepPath pioneers the incorporation of human expert
knowledge for efficient and accurate histopathology analysis, a topic of sig-
nificant clinical importance yet largely unexplored in existing research. The
comprehensive experimental results in this study affirm the superiority of
ConcepPath over state-of-the-art methods and demonstrate the efficacy of
the proposed components, offering new perspectives on leveraging human
expert knowledge, LLMs, CLIP-based pathology vision-language foundation
models, and training data for precise automated WSI analysis.

However, ConcepPath has limitations. Although it surpasses other
state-of-the-art methods, it relies on additional supervised information,
namely, expert knowledge induced by GPT-4, which may be insufficient or
biased for rare or novel cancer types. Furthermore, the potential for diver-
gent expert opinions on controversial topics underscores the challenge of
acquiring accurate expert information - an issue we aim to address in future
work. Additionally, while ConcepPath proposes learning data-driven con-
cepts from training data, interpreting these concepts to enhance model
understanding and facilitatemedical discovery remains crucial. The current
approach employs concept similarity maps for interpretation, but further
collaboration with expert pathologists is necessary to decode the semantic
information underlying different learned concepts. On the other hand, due
to computational constraints, the text and image encoders remain frozen
during training despite the domain shift between encoder training data and
downstream task data. Exploring resource-efficient strategies for fine-
tuning both encoders on downstream tasks tomitigate this domain shift will
also facilitate further research. Lastly, as PathChat38, a multimodal gen-
erative vision-language AI assistant for human pathology, emerged as a
concurrent work of ConcepPath, it would be promising if we could adopt
PatChat as a basic building component in ConcepPath. Specifically, Path-
Chat could generate a response to both histology image and text input as a
chatbot like GPT4V, which could provide a more flexible linkage between
the histology image and human language. However, as the PathChatmodel
is not publicly available yet, we leave integrating PathChat inConcepPath to
explore whether it can improve ConcepPath’s capability as our future work.

For other future works, we will aim to refine the ConcepPath frame-
work, specifically addressing the domain shift between the encoders’
trainingdata and thedownstream taskdata. This enhancementwill focus on
adapting the model to better generalize across different datasets, thereby
improving its robustness and accuracy in diverse clinical scenarios. Fur-
thermore, we plan to quantify and mitigate the challenges associated with
obtaining precise expert information tailored to specificWSI analysis tasks,
enhancing the reliability of the expert knowledge integrated into themodel.
Additionally, we will explore the integration of graph representations into
the ConcepPath framework to enrich the analysis ofWSIs. By capturing the
intricate spatial relationships and contextual details inherent in tissue
structures, graph representations can provide a more nuanced under-
standing of the histopathological features. This advancement is anticipated
to offer deeper insights into the tissue architecture, potentially unveilingnew
biomarkers and improving diagnostic accuracy.

Methods
ConcepPath overview
Figure 1 b, e presents our proposed ConcepPath framework. Specifically, as
depicted in Fig. 1b, ConcepPath first utilizes the large language model, like
GPT-4, to induce reliable disease-specific instance-level expert concept and
bag-level expert class prompts frommedical literature.Ontheotherhand, to
complement the extracted expert knowledge, ConcepPath employs a set of
purely learnable instance-level concepts for complementary data-driven
instance-level concepts learned from the training data. Next, ConcepPath
aligns the histopathology patches and the concepts by leveraging CLIP-
based pathology vision-language foundation models. Subsequently, the
instance features are aggregated into the overall bag representation using a
two-stage hierarchical aggregation paradigm, guided by the instance-level

concept and the correlations between instance-level expert concepts and
bag-level expert class prompts. Afterward, ConcepPath feeds the overall bag
representation and bag-level expert class prompt embeddings to slide
adapters, which serve as an additional bottleneck layer to perform residual-
style feature blending with the original features. Finally, the predictions are
calculated basedon the similarities between the adapted bag representations
and bag-level expert class prompt embeddings. For simplicity, we elaborate
ConcepPathwith a binary classificationWSI analysis task in the formulas in
the following sections, identifying classA and classB. Note thatConcepPath
can also be extended to amulti-class classification setup andwe conducted a
3-class classification task on the BRCA dataset.

Inducing expert concepts with LLM
To reduce the task difficulty and fully exploit the power of the CLIP-based
pathology foundation models and human expert prior knowledge, Con-
cepPath decomposes a complex WSI analysis task into several patch-level
subtasks - scoring relatedmedical expert concepts. In this section, we detail
how to induce patch-level expert concepts from human priors using a large
model. As shown in Supplementary Fig. 2, in ConcepPath, given a specific
WSI analysis task, medical literature was first collected using two search
engines: Google and New Bing, with Google serving as the most powerful
traditional search engine and New Bing serving as the recent search engine
powered by large language models (LLMs). Specifically, “<key words>”,
“<key words>, journal” and “<key words>, paper” will be searched in both
engines and also Google Scholar, for instance, the “<key words>” in lung
cancer subtyping task would be “lung adenocarcinoma” and “lung squa-
mous cell carcinoma”. Then, we keep and consolidate the results of medical
papers published in well-known journals such as Nature Series journals to
ensure their reliability. Once collected, each medical literature is fed into
large language models, we utilize GPT-4 in our study, to induce instance-
level expert concepts.

To ensure the quality of the induced instance-level expert concepts, we
adopt a three-step strategy: First, we ask GPT-4 to summarize the patho-
logical factors related to the classes of the target task from the input literature,
together with their descriptions. Such instance-level concepts typically cor-
respond to potential phenotypes or clinical, pathological, and molecular
characteristics that may appear in histopathology images. Then, GPT-4 is
prompted to rank the summarized factors to facilitate the final manual
examination of all expert concepts conducted by the users or pathologists.
Finally, we require GPT-4 to re-write the descriptions of the ranked
pathological factors to include more visual descriptions of the tissue for fully
exploiting the power of the CLIP-based pathology vision-language founda-
tion models. We provide a complete example of processing one medical
literature related to the lung cancer subtyping task in Supplementary Fig. 10.
We feed one paper each time to GPT-4 to ensure an easier and more reliable
summarization process.With all collectedmedical literature being processed,
we merged the summarized pathological factors from each paper, and
manually deleted the repeated ones. The factors could not be observed from
histology images to form the final instance-level expert concepts groups for
each target class. Notably, as shown in Supplementary Fig. 2, the generated
concepts are traceable to the users as the source literature is specified in their
generation process, which further ensures ConcepPath could benefit from
the human expert prior knowledge in a reliable manner.

When fed to ConcepPath, each instance-level expert concept is com-
posed of two parts: The first part is the above-induced text description and
the second part is a learnable vector, which follows the idea of the learnable
prompt representation proposed in CoOp39 to improve the overall perfor-
mance of the CLIP-based models (Fig. 1e).

For the bag-level expert class prompts, ConcepPath requires GPT-4 to
induce comprehensive descriptions of different target classes concerning the
instance-level expert concepts induced in the previous step among each
literature, then we prompt GPT-4 to merge the descriptions from all col-
lected literature. Each bag-level expert class prompt also has two parts,
similar to the instance-level expert concept (Fig. 1e). All detailed auto-
matically collected medical literature and induced instance-level expert
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concepts and bag-level expert class prompts can be found in our released
code repository.

Learning complementary data-driven concepts
Given aWSI X under 20×magnification, we first apply the sliding window
strategy to crop X into numerous non-overlapping image patches. Then,
ConcepPath extracts the instance feature from each image patch with the
image encoder from the CLIP-based pathology vision-language foundation
models. In this study, unless otherwise specified, we utilized QuiltNet17 as
the default utilized CLIP-based pathology vision-language foundation
model. The instance feature extraction is defined as:

Z ¼ fimage Xð Þ; ð1Þ

where fimage is the image encoder, and X contains n cropped patches.
Z∈Rn × d is the extracted instance features, where d represents the dimen-
sion of the features. Then, we use the text encoder from the CLIP-based
pathology vision-language foundation models to obtain instance-level
concept representations for each target class:

CA
ins ¼ ftextðTA

insÞ; ð2Þ

where ftext is the text encoder, T
A
ins contains m instance-level concepts for

target classA, andCA
ins 2 Rm× d is the instance-level concept embeddings for

class A. Specifically, TA
ins is composed of two groups:

TA
ins ¼ IAins;D

A
ins

� �
; ð3Þ

where IAins is the induced instance-level expert concepts for class A in the
previous paragraph. DA

ins is a group of learnable data-driven instance-level
concepts for class A, containing a set of purely learnable prompt
representations optimized with the training data during the training
process. The data-driven instance-level conceptsDA

ins serve as complemen-
tary diagnostic factors to the extracted expert domain concepts IAins, helping
to describe the whole picture of a disease. In addition, to ensure that the
learned instance-level data-driven concepts extract complementary infor-
mation to the instance-level domain concepts,wedefineamutual distinctive
loss among them as:

Lossmutual ¼
X

i; j 2 f1; :::;mg
i≠j; cls 2 fA;Bg

cos Ccls
ins;i � Ccls

ins;j

� �
;

ð4Þ

where Ccls
ins;i and Ccls

ins;j are instance-level concept embeddings in the
corresponding class.

To avoid confusion, we emphasize that the instance-level expert con-
cepts and the data-driven instance-level concepts in ConcepPath are quite
different, and summarize their difference into the generation difference and
the objective difference for easier distinguishment. For the generation dif-
ference: The expert concepts are generated from the human prior knowl-
edge, as shown in Supplementary Fig. 1a, they are induced by GPT-4 from
the medical literature which is highly related to the targetWSI analysis task
and collected from the Internet. In contrast, as shown in Supplementary Fig.
1b, the data-driven concepts are extracted from theWSI training dataset by
ConcepPath itself and are optimized during the training process using the
gradient descent algorithm. For the objective difference: The objective of
involving expert concepts is to utilize human expert prior knowledge to
facilitate the overall performance of automatic WSI analysis. On the other
hand, the objective of extracting data-driven concepts is to learn/extract
useful knowledge for automatic diagnosis from the training datawith neural
networks. Therefore, they might contain complementary knowledge
beyond human pathologists, which is probably complementary to the prior
knowledge contained in the expert concept, and thus benefit the overall
performance of ConcepPath.

Hierarchical two-stage concept-guided aggregation
We elaborately apply a hierarchical two-stage aggregation paradigm to
obtain the overall bag representation under the guidance of instance-level
concepts and correlations among the bag-level class prompts and instance-
level concepts in ConcepPath.

In the first stage, ConcepPath aggregates the extracted instance-level
featuresZ into concept-specific bag-level features for different target classes.
For example, for class A, with guidance from the instance-level concept
embeddings CA

ins, the aggregation process can be formulated as:

WA
ins ¼ Softmax Z � CA

ins
T

� �
; ð5Þ

HA ¼ WA
ins

T � Z; ð6Þ

whereWA
ins 2 Rn×m is the similarity scores between different instances and

instance-level expert concepts.WithWA
ins serves as the aggregation weights,

andHA∈ Rm× d aggregated as concept-specific bag-level features for classA,
we involve multiple medical concept scoring subtasks in ConcepPath to
reduce the task complexity and fully exploit the power of human prior and
CLIP-based pathology foundation models.

In the second stage, to obtain overall bag-level representation for class
A, ConcepPath aggregates the concept-specific bag-level features HA

according to the correlations among the bag-level class prompts and the
instance-level concepts of class A:

WA
i2b ¼ Softmax CA

ins � CA
bag

T
� �

; ð7Þ

FA ¼ WA
i2b

T �HA þmean HA
� �

; ð8Þ

whereWA
i2b 2 Rm× 1 is the similarity scores between bag-level expert class

prompt and instance-level concepts for class A, and FA∈R1×d is the overall
bag-level representation of WSI X for class A.

Inspired by clip-adapter40, we also implement slide adapters before
aligning the overall bag-level representation FA and the bag-level class
prompt embeddingCA

bag . Specifically, the slide adapters serve as additional
bottleneck layers to learn new features and perform residual-style feature
blending with the original features aggregated from the pre-trained
encoders’ feature space. In summary, the slide adapters can be written as
follows:

SAvðFAÞ ¼ LeakyReLU FAT �Wv
1

� �
�Wv

2; ð9Þ

SAtðCA
bagÞ ¼ LeakyReLU CA

bag
T �W t

1

� �
�W t

2; ð10Þ

FA? ¼ αSAvðFAÞT þ ð1� αÞFA; ð11Þ

CA
bag

? ¼ βSAtðCA
bag Þ

T þ ð1� βÞCA
bag ; ð12Þ

where both SAv( ⋅ ) and SAt( ⋅ ) represent two layers of learnable linear
transformations Wv

1;W
v
2;W

t
1; and Wt

2 that compose the slide adapters,
with α and β as adjustable hyper-parameters. Similarly, we can obtain FB?

and CB
bag

?
for class B and any other classes. Following the CLIP method15,

the prediction probability can be computed as:

pðy ¼ AjXÞ ¼
exp cos FA?;CA

bag
?

� �
=τ

� �

P
j ¼ A exp cos Fj?;Cj

bag

?
� �

=τ
� � : ð13Þ

Here, cos �; �ð Þ denotes the cosine similarity, and τ represents the tempera-
ture of the Softmax function.
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Post-hoc interpretation
Model interpretation and diagnosis are crucial for medical applications.
ConcepPath offers post-hoc interpretation by visualizing the similarity
scores between instance-level features and instance-level concepts as simi-
larity maps. To generate the post-hoc interpretable similarity maps, we
visualize the similarity scores of the above patch-level concept scoring
subtasks conducted on different patches of the corresponding slide. High-
lighted regions indicate higher responses of these patches to specificmedical
concepts, providing detailed multi-dimensional reference information on
how ConcepPath evaluates various medical factors relevant to the WSI
analysis task and reaches a final diagnosis.

Differences from CLIP-based models and discussion
To avoid confusion and distinguish ConcepPath from previous CLIP-based
pathology foundation models, we would like to further discuss their differ-
ences. We would like to emphasize that the objectives of the CLIP-based
pathology foundation models and ConcepPath are quite different: the CLIP-
based pathology foundation models aim to align path-level histology images
with their corresponding text description, while ConcepPath aims to provide
precise and interpretable slide-level analysis via leveraging human expert
prior knowledge and complementary knowledge extracted from training
data as mentioned in the above sections. Therefore, instead of proposing a
new CLIP-based pathology foundation model, ConcepPath investigates how
to incorporate existing CLIP-based pathology foundation models as a basic
building component to link human expert knowledge and histology images,
to improve slide-level WSI analysis tasks.

As shown in the left part of Fig. 1d, the current CLIP-based pathology
foundationmodels can conduct patch-level classification tasks by calculating
the similarity between the input histology image patch and different class
prompts. However, due to the large size of whole slide images (WSIs), it is
infeasible to directly apply current CLIP-based pathology foundationmodels
for slide-level classification, as the default input image size of current CLIP-
based pathology foundation models is usually 224 × 224. Therefore, in pre-
viousCLIP-basedpathology foundationmodelworks (e.g.,CONCH), a top-k
pooling paradigm14 is usually adopted when dealing with slide-level classifi-
cation tasks. Specifically, as shown in the right part of Fig. 1d, a WSI is first
tiled into numerous image patches, which could be fed into CLIP-based
pathology foundation models to obtain patch-level predictions. Then, the
slide-level prediction is calculated as the top-k pooling results of the patch-
levelpredictions.ConcepPathhas several advantages/novelties over this top-k
pooling paradigm, and could significantly improve slide-level classification
tasks using the CLIP-based pathology foundation models as a basic building
component. Specifically, as mentioned in the above sections and shown in
Fig. 1d, ConcepPath’s advantages/novelties mainly lie in two aspects: First,
ConcepPath decomposes complex WSI analysis tasks into subtasks and
utilizes human expert prior knowledge for more accurate and interpretable
prediction. Second, ConcepPath extracts complementary data-driven
knowledge from the training data. In particular, the above top-k pooling
with only class prompts on the patch level could be referred to as “one-stage
aggregation”, while ConcepPath with expert and data-driven concept
prompts on the patch level and class prompts on the slide level could be
referred to as “two-stage hierarchical aggregation”.

Although we have different objectives from the CLIP-based pathology
foundation models and their top-k pooling paradigm, to ensure a more
comprehensive comparison, we conducted the following experiments in
Supplementary Fig. 3 to illustrate the significant advantages of ConcepPath.
On all the WSI analysis tasks, we observed that ConcepPath significantly
improved the performance when incorporating different CLIP-based
pathology foundation models, which validated the effectiveness of our
model design.

Data preprocessing
Following the default settings outlined by CLAM31, we initiate our pipeline by
cropping the requisite image patches from each digitized slide. The process
beginswith the automated segmentation of tissue regions. EachWSI is loaded

into memory at a downsampled resolution (32× downscale) and converted
from the RGB to the HSV color space to facilitate segmentation. To identify
tissue regions (foreground), we generate a binary mask by thresholding the
saturation channel of theHSV image, subsequent to applyingmedianblurring
to smooth the image edges. This step is complemented by morphological
closing operations aimed at filling in small gaps and holes within the tissue
regions. The approximate contours of these foreground objects are then
delineated, filtered based on a predefined area threshold, and earmarked for
downstreamprocessing. Post-segmentation, exhaustive croppingof 448 × 448
patches is performed within the segmented foreground contours at 20×
magnification for each slide. Thismeticulous process ensures that the patches
are representative of the histological features relevant for subsequent analyses.

Baseline models
Multiple Instance Learning (MIL)41 has been extensively investigated for
WSI analysis due to its weakly supervised learning paradigm. Generally,
previous MIL methods can be divided into two groups: (1) instance-level
methods42–46, and (2) embedding-level methods8,31,33,47,48. Instance-level
methods first obtain instance predictions and then aggregate them into bag
predictions using either average pooling or maximum pooling. In contrast,
embedding-level methods initially aggregate instance features into a high-
level bag representation, followed by constructing a classifier based on this
bag representation for bag-level prediction. However, most existing meth-
ods exclusively learn from image data, neglecting valuable prior expert
knowledge that humans utilize and consider during the diagnostic process,
such as pathological and molecular factors related to the disease. As
embedding-level methods generally possess better performance, in this
study, we include seven baseline models in our experimental performance
comparisons, implementation details are discussed below:
• ABMIL: We followed the instructions on the ABMIL Github reposi-

tory: https://github.com/AMLab-Amsterdam/AttentionDeepMIL.
ABMIL addresses the MIL problem by learning the Bernoulli dis-
tribution of a bag. It introduces a neural network-based, permutation-
invariant aggregation operator with an attention mechanism8.

• DeepAttnMISL: We followed the guidelines on the DeepAttnMISL
Github repository: https://github.com/uta-smile/DeepAttnMISL.
DeepAttnMISL employs both siamese MI-FCN and attention-based
MIL pooling. This method efficiently learns imaging features from
WSIs and aggregates WSI-level information to patient-level data30.

• CLAM-SB: We followed the instructions on the CLAM Github repo-
sitory: https://github.com/mahmoodlab/CLAM. CLAM utilizes
attention-based learning to identify diagnostically valuable sub-regions
within a slide and refines the feature space through instance-level
clustering over these identified regions31.

• GTP:We followed the guidelines on theGTPGithub repository: https://
github.com/vkola-lab/tmi2022. GPT combines a graph-based represen-
tation of aWSI with a vision transformer to process pathology images32.

• TransMIL: We followed the instructions on the TransMIL Github
repository: https://github.com/szc19990412/TransMIL. TransMIL
leverages a Transformer-based MIL approach (TransMIL) to analyze
both morphological and spatial information in WSIs33.

• HIPT: We followed the instructions on the HIPT Github repository:
https://github.com/mahmoodlab/HIPT. HIPT capitalizes on the
inherent hierarchical structure of WSIs, employing two levels of self-
supervised learning to learn high-resolution image representations for
precise WSI analysis6.

• TOP: As the author’s official implementation of TOP seems to be
incomplete according to their paper’s description, we also re-
implemented it to ensure a comprehensive comparison. Unlike other
baselines, TOP explored integrating language prior knowledge from
large language models (LLMs) and vision-language models from the
natural image domain to address few-shot weakly supervised learning
forWSIanalysis12.Nonetheless, theirdiscussionprimarily focuseson the
low data regime and exhibits several limitations, including unreliable
prior knowledge generation from LLMs, misalignment between
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histopathology images and vision-language models from the natural
image domain, and unsatisfactory performance in a full training setup.
In contrast, ConcepPath is specifically designed to overcome these
issues, setting it apart from TOP. Specifically, as shown in Supplemen-
tary Table 1, has advantages over the limitations of TOP in three aspects
- summarizing traceable expert concepts from relatedmedical literature,
fine-tuning visual-textual feature spaces using slide adapters, and
extracting complementary knowledge from training WSIs with
learnable data-driven concepts. In addition, we have also compared
the average AUC and ACC among all five tasks of ConcepPath and
TOP’s original implementation among different CLIP-based pathology
models in Supplementary Fig. 10 alone. We observe that ConcepPath
consistently outperforms TOP’s original implementation, which
validates the advantages of ConcepPath over TOP’s limitations.

Training details
All experiments were conducted on a workstation equipped with eight
NVIDIA RTX 3090 GPUs. Unless otherwise specified, we employed the
image encoder ViT-B/32 and text encoder GPT/77 of QuiltNet17 in Con-
cepPath as the feature extractors for both histopathology images and textual
concepts in this study. The length of learnable parts was set to 16 tokens for
both instance-level and bag-level expert concepts. For the number of
instance-level concepts,weutilized26 instance-level concepts for each target
class, while the number of learned instance-level concepts was tuned from
{2, 4, 6, 8, 10, 12} for each target class. During the training, we fixed all
weights of the CLIP-based pathology foundation models and only learned
the learnable part of the instance-level expert concepts bag-level expert class
prompts, and the purely learnable data-driven concepts. Note that the
above-learned parts are all input for the CLIP-based pathology foundation
models. For model optimization, we employed the SGD optimizer and a
batch size of 2. The learning rate was set to 0.0001 for all datasets. For
evaluation metrics, the area under the curve (AUC) of receiver operating
characteristic, and the accuracy (ACC) were adopted. We utilized patient-
levelfive-fold cross-validation for all experiments and reported the results of
all models in the form of mean and standard deviation.

Ethics approval and consent to participate
All datasets and other materials employed in this study are previously
published and publicly accessible with approved protocol and participants’s
informed consent. No new human research participants are involved in
this study.

Data availability
All datasets andothermaterials employed in this studyhave beenpreviously
published and publicly accessible. The TCGA datasets were acquired from
the Genomic Data Commons Data Portal at https://portal.gdc.cancer.gov/.
Source data and the medical literature, including the extracted human
expert concepts for this study, are provided alongside this paper’s released
code repository (https://github.com/HKU-MedAI/ConcepPath).

Code availability
The ConcepPath source code is available on GitHub (https://github.com/
HKU-MedAI/ConcepPath). We also uploaded all scripts and materials to
reproduce all the analyses on the same website. A tutorial Colab notebook,
including the trained weights of the studied clinical tasks, is also provided.
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