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Abstract

Deep learning models have shown promise in
lung pathology detection from chest X-rays, but
widespread clinical adoption remains limited due
to opaque model decision-making. In prior work,
we introduced ClinicXAI, a human-centric, expert-
guided concept bottleneck model (CBM) designed
for interpretable lung cancer diagnosis. We now ex-
tend that approach and present XpertXAl, a gener-
alizable expert-driven model that preserves human-
interpretable clinical concepts while scaling to de-
tect multiple lung pathologies. Using a high-
performing InceptionV3-based classifier and a pub-
lic dataset of chest X-rays with radiology reports,
we compare XpertX Al against leading post-hoc ex-
plainability methods and an unsupervised CBM,
XCBs. We assess explanations through compari-
son with expert radiologist annotations and med-
ical ground truth. Although XpertXAl is trained
for multiple pathologies, our expert validation fo-
cuses on lung cancer. We find that existing tech-
niques frequently fail to produce clinically mean-
ingful explanations, omitting key diagnostic fea-
tures and disagreeing with radiologist judgments.
XpertXAl not only outperforms these baselines in
predictive accuracy but also delivers concept-level
explanations that better align with expert reasoning.
While our focus remains on explainability in lung
cancer detection, this work illustrates how human-
centric model design can be effectively extended to
broader diagnostic contexts — offering a scalable
path toward clinically meaningful explainable Al in
medical diagnostics.

1 Introduction

The black-box nature of modern deep learning (DL) models
makes it challenging to trust and understand the rationale be-
hind their decisions, particularly in high-stakes domains such
as medical diagnostics [Wadden, 2022]. Explainable artifi-
cial intelligence (XAI) aims to increase the transparency and
trustworthiness of DL systems by offering interpretable in-
sights into their decision-making processes. Broadly, XAl
techniques fall into two categories: post-hoc methods, which

are applied after model training, and ante-hoc methods, which
are designed to make models intrinsically interpretable. Prior
studies have shown that popular post-hoc techniques often
underperform in medical imaging contexts compared to gen-
eral computer vision tasks [Pitroda er al., 2021] [Brunese et
al., 2020]. For example, image-based methods like LIME
[Ribeiro et al., 2016] and Grad-CAM [Selvaraju et al., 2019]
frequently miss clinically significant features [de Vries ef al.,
2023] [Rafferty et al., 2022], while recent large multimodal
models such as LLaVA-Med [Li et al., 2023] struggle to cap-
ture pathology-specific signals that are readily recognized by
human experts [Lu et al., 2023]. This may stem from sev-
eral factors—including limited dataset quality and noisy an-
notations [Oakden-Rayner, 2017]—but we hypothesize that a
critical and underappreciated limitation is the lack of expert
involvement in the design of XAl techniques themselves.

Concept Bottleneck Models (CBMs) [Koh et al., 20201, a
recently popular class of ante-hoc XAlI, attempt to address
this by embedding human-interpretable concepts directly into
the model architecture. CBMs divide prediction into two
stages. First, concepts—either pre-defined or learned unsu-
pervised—are predicted from the input image. These con-
cepts are then used to determine the final label. This interme-
diary step is valuable because it is fully transparent and can be
examined and evaluated by an expert. In medical diagnostics,
for example, the concepts might represent clinical features in
a chest X-ray, which a trained clinician can analyze to sup-
port their diagnostic process. Our evaluation includes CBMs
utilizing both supervised and unsupervised concepts.

Lung cancer remains one of the leading causes of cancer-
related mortality worldwide, and early, accurate diagnosis
through chest X-rays is critical. In prior work, we proposed
ClinicXAI [Rafferty er al., 2025], a CBM-based approach
for Iung cancer detection using expert-defined clinical con-
cepts to improve interpretability. While binary classification
of lung cancer presence is a natural first step, real-world di-
agnostic workflows require distinguishing lung cancer from a
range of other thoracic pathologies with overlapping imaging
characteristics. To reflect this clinical reality, in this work we
extend that method and introduce XpertXAl, a generalizable,
expert-driven concept bottleneck model designed to scale be-
yond a single disease. XpertXAl is trained to detect and ex-
plain lung cancer, our clinical focus, within a multi-pathology
training setup that mirrors real-world diagnostic settings, al-
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lowing us to test its broader clinical utility.

To evaluate XpertXAI, we use the large-scale public
dataset MIMIC-CXR [Johnson et al., 2019a] [PhysioNet,
2019] [Johnson er al., 2019b] of chest X-rays and associated
radiological reports, comparing its performance and expla-
nations against both post-hoc and ante-hoc XAI methods in
the multiclass domain. Post-hoc techniques are applied to a
42-layer InceptionV3 model [Szegedy et al., 2015] trained
for lung pathology detection, chosen for its strong perfor-
mance and widespread use in medical Al [Meena et al., 2023]
[Zak and Krzyzak, 2020] [Alshmrani et al., 2023] [Shadin et
al., 2021]. The post-hoc methods evaluated include LIME
[Ribeiro et al., 2016], SHAP [Lundberg and Lee, 2017],
Grad-CAM [Selvaraju et al., 2019], and the textual LLM-
based method CXR-LLaVA [Lee et al., 2024]. For ante-
hoc comparison, we include XCBs [Alukaev er al., 2023],
a recent unsupervised CBM approach that infers intermediate
concepts without expert input.

Our evaluation reveals that post-hoc approaches fail to cap-
ture clinically relevant information in chest X-rays, both w.r.t
the medical ground truth in our dataset and the opinions of
an expert radiologist. These techniques also show consistent
disagreement with each other. CXR-LLaVA is notably sensi-
tive to the wording of the input question and exhibits a high
rate of false negatives on our dataset. While XCBs perform
relatively well by often highlighting pathology-specific clini-
cal concepts, they also identify less relevant concepts that do
not contribute to the explanation and have a high rate of false
positives according to our expert radiologist.

To test our hypothesis that expert input improves XAl qual-
ity, we designed XpertXAlI using clinical concepts curated in
direct collaboration with radiologists. These concepts are au-
tomatically extracted from radiology reports using standard
NLP techniques and serve as supervised bottlenecks in model
training. XpertXAI achieves higher classification perfor-
mance than both InceptionV3 and XCBs, while also produc-
ing explanations that capture a significantly greater propor-
tion of clinically meaningful features. According to radiolo-
gist evaluations, performed on healthy and cancerous chest X-
rays in accordance with our original clinical focus, XpertXAl
explanations are more accurate, reliable and aligned with ex-
pert reasoning than those produced by baseline methods.

Although XpertXAI builds directly on our prior work in
lung cancer detection, its extension to multiple lung patholo-
gies demonstrates how human-centric design principles can
scale to broader diagnostic tasks. Rather than introducing a
radically new architecture, XpertXAl illustrates how expert-
informed concept selection and supervision can meaningfully
improve both the performance and interpretability of Al mod-
els in medicine — highlighting the importance of aligning
model reasoning with clinical understanding.

2 Related Work
2.1 Post-Hoc Image XAI

Post-hoc image XAl is split into perturbation- and gradient-
based techniques. Perturbation-based techniques (eg. LIME
[Ribeiro et al., 2016], SHAP [Lundberg and Lee, 2017]) work
by generating random masks of an image to determine which

regions have the most effect on a model’s classification deci-
sion. Gradient-based techniques (eg. Grad-CAM [Selvaraju
et al., 2019], LRP [Lapuschkin et al., 2015]) instead use a
forward or backward pass of a DL model to calculate the
importance of each input neuron. Many recent studies ap-
ply post-hoc image XAI techniques to DL models in the do-
main of lung pathology classification, uncovering the lack of
stability in the explanations produced [Pitroda et al., 2021]
[Vermeire er al., 2022]. Explanations from these techniques
have been shown to disagree with each other, with the med-
ical ground truth of the dataset and with the opinions of a
radiologist [Rafferty er al., 2022] [Legastelois et al., 2023]
[Brunese et al., 2020] [Haghanifar et al., 2020] [Singh et al.,
2021]. This has raised concerns regarding their use in the
diagnostic domain [Tjoa and Guan, 2021]. Post-hoc explana-
tions routinely highlight irrelevant regions of medical scans
while missing clinical features, despite the high classification
performances of the models they are applied to [de Vries et
al., 2023].

2.2 Post-Hoc LLM-Based XAI

The recent popularity of ChatGPT [OpenAl, 2024] and asso-
ciated open-source large language models (LLMs) has given
rise to textual XAl techniques in the form of multimodal mod-
els like LLaVA [Liu et al., 2023a], which connect vision en-
coders and LLMs, usually in a chatbot format. These tech-
niques use Visual Question Answering (VQA) - the process
of building models which can answer questions about input
images [Bazi et al., 2023] [Liu et al., 2023b]. In the medical
domain, biomedical chatbots such as LLaVA-Med [Li et al.,
2023] and CXR-LLaVA [Lee et al., 2024] have been intro-
duced. In this work we examine the effectiveness of CXR-
LLaVA, which is pre-trained on multiple chest X-ray datasets
including the one used in this work, for generating clinically
relevant explanations for Chest X-Rays.

2.3 Concept Bottleneck Models

[Koh et al., 2020] introduce CBMs, which essentially split
the traditional classification pipeline into 2 separate models.
The first model takes an image and predicts the presence of
a list of pre-determined concepts, and the second takes these
concepts and predicts the output label. These concepts act
as a convenient middle step to the pipeline, giving the user
valuable insight into the decision making process. A major
drawback of CBMs is the need for a fully annotated training
dataset, which for domains such as medical imaging is in-
feasible and expensive. There are many approaches for han-
dling this problem in literature. [Yuksekgonul et al., 2023]
apply CBMs in a post-hoc format, which can be applied to
any classifier. Other approaches such as label-free CBMs
[Oikarinen ef al., 2023] and language model guided CBMs
[Yang et al., 2023] leverage LLMs such as GPT-3 [Radford
et al., 2018] to produce domain-specific concepts, and the
CLIP model [Radford ef al., 2021] to automatically label the
images with these concepts. [Kim ef al., 2023] highlight the
fact that these LLM-based approaches tend to generate non-
visual concepts, and include visual activations to attempt to
rectify this. [Alukaev er al., 2023] introduce a cross-modal
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CBM (XCBs) which instead extracts concepts from radiol-
ogy reports associated with chest X-rays using an unsuper-
vised cross-attention mechanism.

We note that these approaches generate concepts in an un-
supervised manner, without expert input, and their clinical
usability in specific medical domains is unclear. In order to
test our hypothesis that expert input has a positive impact
on the clinical relevance of explanations, we introduce our
own expert-driven CBM approach in this work. Instead of
extracting unsupervised concepts, we leverage common NLP
techniques to automatically extract key phrases indicative of
pathologies from the radiology reports associated with the
chest X-rays in our dataset. The phrases we extract were
decided under direct radiologist guidance, meaning that our
concepts have direct diagnostic interpretability, and are fully
customisable by the expert user.

3 Evaluation of Existing XAI

3.1 Dataset

We use the MIMIC-CXR dataset from PhysioNet, which
comprises chest X-rays and associated free-text radiology re-
ports [PhysioNet, 2019] [Johnson et al., 2019b] [Goldberger
et al., 2000]. Although the dataset includes X-rays from mul-
tiple views (PA, AP, and lateral), we focus exclusively on the
Posterior-Anterior (PA) view to minimize confounding fac-
tors [Kim et al., 2022]. Under radiologist guidance, we se-
lect six clinically significant labels from the original fourteen:
Healthy (No Finding), Lung Cancer (Lung Lesion), Pneu-
monia, Pneumothorax, Pleural Effusion, and Cardiomegaly.
These conditions were chosen for their relevance to real-
world diagnostic practice and their representation of general
pathological categories rather than symptom-specific labels
such as Consolidation or Lung Opacity. Due to a substantial
class imbalance—most cases are labelled as Healthy—we ap-
ply the One-Sided Selection undersampling technique [Kubat
and Matwin, 1997] to mitigate its impact on classification per-
formance. The final dataset comprises 35,893 image-report
pairs, which we split into training, validation, and testing sets
using an 80/10/10 ratio. All images are resized to 512x512
pixels, normalized, and cropped to remove black borders.

3.2 XAI Techniques

For our evaluation, we select XAl techniques from various
families. For post-hoc image XAI, we use gradient-based
Grad-CAM [Selvaraju et al., 2019] and perturbation-based
LIME [Ribeiro et al., 2016] and SHAP [Lundberg and Lee,
2017], which are well-documented and widely used. For
textual LLM-based XAI, we employ CXR-LLaVA [Lee et
al., 2024], a high-performing LLaVA-based method special-
ized in chest X-ray pathologies. For ante-hoc XAI, we use
XCBs [Alukaev et al., 2023], a recent CBM-based method
that learns unsupervised concepts from chest X-rays and ra-
diology reports, demonstrating promising results compared
to other CBMs [Oikarinen et al., 2023]. LIME, SHAP and
Grad-CAM are implemented using their respective Python
libraries and applied post-hoc to an InceptionV3 model
[Szegedy et al., 2015], which was trained on our MIMIC-
CXR dataset, a widely-used dataset for chest X-ray pathology
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Figure 1: For LIME, SHAP and Grad-CAM, (a) shows mean pixel
overlap between techniques on the MIMIC-CXR test set. (b) shows
mean medical ground truth captured on the VinDr-CXR test set.

detection [Meena et al., 2023] [Alshmrani et al., 2023]. Im-
plementations of CXR-LLaVA and XCBs are publicly avail-
able. All experiments were performed with an NVIDIA GTX
1060 6GB GPU.

3.3 Observations

Image-Based XAI
For LIME, SHAP and Grad-CAM, which generate explana-
tions based solely on input images, we evaluate: 1) the agree-
ment between techniques (multiclass), 2) the clinical rele-
vance of explanations based on overlap with ground truth an-
notations (multiclass), and 3) the alignment with expert ra-
diologist opinions (lung cancer only). While our technical
evaluation spans multiple thoracic diseases, our clinical vali-
dation remains focused on lung cancer, aligning with our cen-
tral clinical focus. These approaches are applied post hoc to
a standard InceptionV3 model, which achieves a high macro-
average F1 score of 0.74 across the six classes in our dataset.
To assess agreement between techniques, we analyze the
similarity of the top n% highest-activating pixels across the
MIMIC-CXR test set for various values of n. These pix-
els represent the most salient regions influencing the model’s
classification decisions. If the explanations reliably highlight
meaningful image features, we would expect a high degree
of overlap between methods for small n. As shown in Fig-
ure 1(a), however, agreement remains consistently low across
LIME, SHAP, and Grad-CAM, even in this multiclass diag-
nostic setting. This suggests that these techniques may not be
reliably isolating shared diagnostic cues across pathologies.
To evaluate clinical relevance, we compare explanations
to ground truth pathology locations using a subset of the
VinDr-CXR dataset [Nguyen et al., 2020], which includes
radiologist-annotated bounding boxes for multiple thoracic
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Figure 2: Analysis by an expert radiologist of explanations generated for a subset of 40 cancerous and 20 healthy chest X-rays. The expert
was asked to score explanations between 0 and 3 (see legend). XpertXAl refers to the DT architecture.

conditions. Since our goal is to assess technical explanation
quality across a range of diseases, we extend this analysis
to include all available annotated pathologies that correspond
to our six target pathology labels — all except Pneumonia.
We compute the proportion of bounding box pixels captured
within the top n% of the explanation maps across this evalua-
tion set of 921 chest X-rays. As shown in Figure 1(b), LIME,
SHAP and Grad-CAM often fail to localize clinically relevant
regions.

Comparisons to Expert Opinions (Lung Cancer Only)
To assess alignment with human clinical reasoning, we com-
pare explanations from LIME, SHAP, and Grad-CAM to the
opinions of an expert radiologist, focusing exclusively on
lung cancer cases. A radiologist with over 10 years of expe-
rience reviewed explanations for 60 chest X-rays — 40 can-
cerous and 20 healthy. This dataset is small due to radiologist
availability, and will be expanded in future works. Each im-
age was evaluated across all six XAI methods used in this
study. The expert was asked to score each explanation be-
tween 0 and 3, where 0 indicates the explanation is fully clin-
ically irrelevant, 1 indicates it is mostly clinically irrelevant,
2 indicates it is mostly clinically relevant, and 3 indicates that
it is fully clinically relevant. As shown in Figure 2, post-hoc
explanations for both cancerous and healthy images predom-
inantly scored O across all techniques. The radiologist noted
that image-based techniques frequently highlighted anatom-
ically implausible regions such as clear lung fields or areas
outside the lungs. This suggests a limited degree of clinical
utility in their current form. An example of such mislocal-
ization is shown in Figure 3(b—d), where LIME, SHAP and
Grad-CAM scored 0, 1, and O respectively for a clearly can-
cerous scan. This reinforces concerns about the clinical utility
of current XAl methods, particularly in critical tasks like lung
cancer detection.

LLM-Based XAI

CXR-LLaVA is a vision-language model designed to gener-
ate radiology-style reports and answer diagnostic questions
based on chest X-ray input. In this study, we evaluate CXR-
LLaVA in three key areas: 1) response consistency across se-

mantically equivalent questions, 2) clinical relevance of gen-
erated reports based on proportion of ground truth clinical
concepts captured (multiclass), and 3) alignment with expert
radiologist judgment in the context of lung cancer detection.

To assess response consistency, we pose multiple seman-
tically similar prompts for chest X-rays in our evaluation
set. These include neutral queries (e.g., Do any clinical
features of this chest X-ray indicate lung cancer?) and
diagnosis-assuming prompts (e.g., Which clinical features of
this chest X-ray indicate lung cancer?). We find that while
neutral prompts typically result in appropriate "no finding”
responses on healthy images, diagnosis-assuming prompts
often elicit confident but incorrect pathology-related descrip-
tions—despite the absence of pathology. This suggests that
CXR-LLaVA may be vulnerable to prompt-induced halluci-
nations when prompt phrasing implies a disease presence.

To evaluate clinical relevance, we followed a method sim-
ilar to [Lee et al., 20241, applying the same NLP concept
extraction techniques to both ground truth MIMIC-CXR re-
ports and CXR-LLaVA-generated reports. We then com-
pared the proportion of shared clinical concepts. The clini-
cal concepts, selected by a consultant radiologist, represent
key phrases used by experts in describing healthy chest X-
rays, or X-rays indicative of our five target pathologies (Lung
Cancer, Cardiomegaly, Pneumonia, Pneumothorax, Pleural
Effusion). We found that CXR-LLaVA’s reports frequently
produced false negatives specifically for cancer diagnosis, in-
stead emphasizing pneumothorax or cardiomegaly, likely due
to imbalances in the training dataset [Lee et al., 2024]. On
our MIMIC-CXR test set of 3590 chest X-rays and radiology
reports, CXR-LLaVA achieved an overall concept F1 score of
0.658.

We assess alignment with expert opinion through a
radiologist-led lung cancer-specific evaluation of generated
reports for 60 chest X-rays (40 cancerous, 20 healthy), as with
post-hoc image XAI. As shown in Figure 2, CXR-LLaVA
performs fairly well on healthy cases but often receives low
scores on cancerous scans. The expert highlighted common
failures such as omission of key cancer findings (e.g., small
nodules, hilar masses), introduction of unrelated conditions
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Grad-CAM XCBs

consolidation (+)
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cardio (-)

XpertXAl

Ground Truth: Lung Cancer,
indicated by Hilar Mass

The chest radiograph shows a large left-sided
pneumothorax. There is no significant
reaccumulation of the left pleural effusion. The
right lung is clear and there are no focal
consolidations or pneumothorax. The
cardiomediastinal silhouette appears normal.

(Ours)

Mass (0.9126)
Irregular Hilum (0.0723)

Figure 3: Explanations generated by each XAI technique for a cancerous chest X-ray. (a) shows the ground truth hilar mass. (b) shows LIME
(most important = intense green). (c) shows SHAP (most important = green). (d) shows Grad-CAM (most important = red). (e) shows XCBs
(concepts with the 5 highest absolute values, positive (+) or negative (-)). (f) shows the radiology report generated by CXR-LLaVA. (g) shows

XpertXAl (DT architecture), with the top 2 scoring concepts.

Model Accuracy

Precision Recall F1 Score
CXR-LLaVA 0.713 0.418 0.658
XCBs 0.588 0.854 0.799
XpertXAl 0.772  0.882 0.842

Table 1: Proportions of ground truth clinical concepts captured by
CXR-LLaVA, XCBs, and our approach XpertXAI (DT architec-
ture), evaluated on the 3590 image-report pair MIMIC-CXR mul-
ticlass test set.

(e.g., scoliosis, pneumothorax), and logical inconsistencies
within reports. An example is shown in Figure 3(f), where a
scan with a visible hilar mass is misreported as clear, and a
pneumothorax is incorrectly suggested, resulting in a clinical
relevance score of 0.

CBM-Based XAI

XCBs adopt a CBM architecture utilizing an unsupervised
learned concept space, rather than introducing direct expert
input to concept design. We evaluate the clinical utility of
concept-based explanations produced by XCBs in two ways:
1) clinical relevance based on proportion of ground truth clin-
ical concepts captured (multiclass), and 2) agreement with
expert radiologist judgment on cancer-related cases.

To assess clinical feature coverage, we apply the same
NLP-based concept extraction strategy as in our CXR-
LLaVA analysis. Clinical concepts are extracted from ground
truth MIMIC-CXR reports and compared to the five high-
est absolute-scoring concepts predicted by XCBs for each
chest X-ray, following [Alukaev ez al., 2023]. XCBs outper-
formed CXR-LLaVA, achieving an overall concept F1 score
of 0.799, however the technique has a significantly lower Pre-
cision score, indicating a high rate of false positives.

For expert assessment, a consultant radiologist evaluated
XCBs explanations for 60 chest X-rays (40 cancerous, 20
healthy), as with previous approaches. As shown in Figure 2,
XCBs perform well on cancerous scans, frequently achieving

FINAL REPORT
CHEST RADIOGRAPH

INDICATION: Followup of left lower lobe pulmonary nodule.

COMPARISON:

FINDINGS: As compared to the previous radiograph, there is no relevant
change. An area of pleural thickening at the lateral bases of the right
hemithorax is constant in appearance. Also constant is a zone of nodular
thickening embedded in this area. The has not increased in size, but
CT would be more sensitive to confirm stability of the lesion.

No other relevant changes. Unchanged size of the cardiac silhouette. No new

pulmonary nodule. The lymph node calcifications at the lower aspect of the
left hilus are constant in appearance.

Figure 4: Example of a cancerous radiology report from the MIMIC-
CXR dataset. Clinical concepts extracted (‘Nodule’) are highlighted
by bounding box. Note the negative mention in the final paragraph
is not extracted.

scores of 2 or 3. The expert noted that XCBs were partic-
ularly effective at identifying salient abnormalities such as
masses, but occasionally included irrelevant or misleading
concepts (e.g., false mentions of consolidation). For exam-
ple, Figure 3(e) shows an explanation which was scored 2 by
the expert, in which a correctly identified hilar mass was ac-
companied by an erroneous reference to consolidation. Per-
formance on healthy images was less reliable, with the model
frequently surfacing spurious features, leading to lower ex-
pert scores and a higher false positive rate. This suggests that
while XCBs offer a promising pathway toward interpretable
Al additional refinement is needed to improve specificity on
normal scans.

4 XpertXAI: An Expert-Driven Concept
Bottleneck Model

Existing XAl techniques often perform poorly in pathology
detection from chest X-rays, failing to capture clinically rele-
vant features. To explore the potential benefits of expert input
on XAI performance and explanation quality, we introduce
a CBM-based approach that uses clinical concepts selected
by an expert radiologist. Unlike XCBs, which identify con-
cepts unsupervised, XpertXAl predicts the presence of these
expert-chosen concepts. This section describes XpertXAl
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Stage 1: Concept Prediction

InceptionV3
(CNN trained

on MIMIC-CXR)

Stage 2: Label Prediction

Concept-Level

Explanation: 2

highest scoring
clinical concepts

Decision Tree
Classifier

Concept Prediction:
C—{c1,c2,..,cn}

Label: No Finding, Lung
Cancer, Pleural Effusion,
Pneumonia, Pneumothorax,

Cardiomegaly

[

Figure 5: The pipeline for XpertXAl: We take a chest X-ray as input, which is fed into a trained concept prediction model, producing
prediction scores for a pre-set list of clinical concepts. These scores are then input to a trained label prediction model, which outputs the
binary classification label. Explanations supporting model decisions are shown as the two highest scoring concepts.

and compares its classification performance and clinical rele-
vance of explanations with those of CXR-LLaVA and XCBs.

4.1 Clinical Concept Extraction

Each chest X-ray in the MIMIC-CXR dataset is linked to a
free-text radiology report (Figure 4), similar to clinical prac-
tice. Given the variability in report structures, data cleaning
was performed under radiologist guidance, focusing on rel-
evant sections (FINDINGS and IMPRESSION) [Johnson et
al., 2019al. We removed punctuation and extraneous words
to generate a list of cleaned sentences for analysis. Using a
list of radiologist-provided clinical concepts in the form of
key phrases, we identified which were present in the cleaned
reports, excluding negative mentions. These phrases were
grouped by meaning into clinical concepts by our expert ra-
diologist to reduce sparsity and redundancy. This informa-
tion was then used to automatically convert reports into bi-
nary values indicating each concept’s presence. This domain-
specific extraction method outperforms automated techniques
like CheXpert [Irvin ef al., 2019] by reducing false positives
through the consideration of negative mentions.

Our final concept list contains 1 Healthy concept (Unre-
markable), 5 Lung Cancer concepts (Mass, Nodule, Irregu-
lar Hilum, Adenopathy, Irregular Parenchyma), 4 Pneumonia
concepts (Pneumonitis, Consolidation, Infection, Opacities),
4 Pleural Effusion concepts (Effusion, Fluid, Costophrenic
Angle, Meniscus Sign), 1 Cardiomegaly concept (Enlarged
Heart) and 2 Pneumothorax concepts (Absent Lung Mark-
ings, Irregular Diaphragm). These concepts, and their asso-
ciated report phrases, are provided on Github . A consultant
radiologist analyzed a random sample of reports belonging to
each target label, highlighting key phrases relevant to expert
diagnosis. Single expert labeling, a common practice in ra-
diology Al research [Hosny et al., 2018], was used. Since
our clinical concepts are derived from pre-annotated reports,
potential bias is minimized. The list of clinical concepts as-
sociated with a pathology is well understood in the medical
community and is straightforward for an expert to provide.

"https://github.com/AmyRaff/concept-explanations

The consultant radiologist in our study needed approximately
20 minutes to provide the list of concepts for our six target
labels. It is worth noting that once the list of clinical con-
cepts for a pathology has been provided, expert input is no
longer needed — we automatically annotate our dataset with
the presence of these concepts within the report and use them
to train our model. Cost associated with obtaining expert in-
put for XpertXAl is low as it is just the list of terms/concepts
associated with a given pathology, which can be reused.

4.2 Architecture

As in the original CBM work [Koh et al., 2020], we split
the traditional classification pipeline into two separate mod-
els, shown in Figure 5. We use the Independent CBM archi-
tecture as we are focusing on the clinical usability of expla-
nations generated using the intermediate concept step, rather
than the joint CBM architecture which merges the process
into one end-to-end model. The first is the concept predic-
tion model, which during inference takes a chest X-ray, and
outputs a prediction score for each of a pre-determined list
of concepts. This model is trained using both chest X-ray
images and associated radiology reports from the MIMIC-
CXR training set. As in the original CBM work we use an
InceptionV3 architecture, trained with a batch size of 64 and
learning rate of 0.001. The second model is the label predic-
tion model, which during inference uses the concept predic-
tion scores generated by the previous model to predict the im-
age label. This model is trained on the radiology reports and
pathology labels from our training dataset. The original CBM
work uses a Multilayer Perceptron (MLP) model architecture
for label prediction. We also experiment with Support Vector
Machines (SVMs) and Decision Trees (DTs) to understand
which architecture is most suitable for Chest X-rays. We find
DTs have the best performance.

5 Results

5.1 Concept Prediction Performance

Since XpertXAl generates text-based explanations in the
form of the two highest-confidence clinical concepts for a
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S~
Ground Truth Label: Lung Cancer
Associated report indicates the
presence of a hilar mass.

(" XpertXAl Output:

Label = Lung Cancer
Concepts = Mass (81.3%), Irregular
0 Hilum (13.2%)

Figure 6: Example correct XpertXAl explanation generated on a
cancerous X-ray. The 2 highest scoring concepts are shown as an
explanation.

given chest X-ray, we evaluate its interpretability using the
same methodology applied to other text-based approaches in
this study, CXR-LLaVA and XCBs. Specifically, we assess
its ability to reliably capture ground truth clinical concepts in
its explanations. The results, presented in Table 1, show that
XpertXAl has an F1 score of 0.842 for ground truth concept
prediction on the MIMIC-CXR test set of 3590 chest X-rays
and associated reports. A successful prediction is defined as
the ground truth concept being one of the 2 highest scoring
concepts in the prediction, as this is what we use as an expla-
nation. This performance surpasses that of XCBs (0.799) and
CXR-LLaVA (0.658). These findings support our hypothesis
that incorporating expert input when designing an explainable
model framework enhances its interpretability. By ensuring
that the concept space is clinically relevant, XpertXAl aligns
more closely with real-world clinical data, thereby increasing
its interpretability and therefore usability to medical profes-
sionals. Our earlier model, ClinicXAl, trained exclusively
for binary lung cancer classification, achieved 100% concept
prediction accuracy on a smaller dataset. While expanding
to multiclass training slightly reduces concept prediction per-
formance, likely due to the larger concept space, XpertXAl
maintains superior interpretability and clinical utility when
compared to other approaches.

5.2 Label Prediction Performance

Table 2 summarizes the label prediction performance of
XpertXAl using three label classifier architectures—MLP,
Decision Trees (DT), and SVM — compared against the
state-of-the-art CBM-based XAI approach, XCBs, and the
standard InceptionV3 model. The InceptionV3 model, pre-
viously used to benchmark post-hoc image-based XAI in
this study, serves as a baseline. All models were trained
on our curated multiclass MIMIC-CXR dataset. Among
the XpertXAl variants, the DT-based architecture achieved
the highest performance, achieving an F1 score of 0.866
on the MIMIC-CXR test set comprising 3,590 chest X-
rays. This outperforms the InceptionV3 baseline and the
XCB model, highlighting XpertXAI’s superior capability
in clinically grounded label prediction over general-purpose
and unsupervised concept-based alternatives. Our earlier
model, ClinicXAl, trained for binary lung cancer classifica-
tion, achieved a pathology prediction F1 score of 0.891. Ex-
panding to multiclass training has had a negligible impact
on label prediction performance, supporting the scalability of
expert-centric explainable models to additional pathologies.

Model Precision Recall F1
Standard (InceptionV3) 0.555 0.731 0.740
XCBs 0.821 0.766 0.792
XpertXAl with DT 0.832 0.892 0.866
XpertXAl with MLP 0.722  0.639 0.688
XpertXAl with SVM 0.656 0.843 0.782

Table 2: Label classification performance of the standard Incep-
tionV3 model, XCBs model, and XpertX Al with multiple label clas-
sifier architectures, on the MIMIC-CXR test set.

5.3 Alignment with Expert Opinions

While all methods evaluated in this work were trained in a
multiclass setting, we exclusively evaluate alignment with ex-
pert radiologist opinions for the lung cancer class to main-
tain fidelity with our research goals. XpertXAl demonstrates
superior performance compared to all other evaluated ap-
proaches in our expert radiologist assessment of 60 chest
X-rays. Explanations for all healthy scans and the major-
ity of cancerous scans are deemed fully clinically relevant
by the expert. The only critique was the occasional misla-
beling of masses as nodules and vice versa. Figure 3 illus-
trates XpertXAl outperforming all other methods evaluated
(LIME, SHAP, Grad-CAM, CXR-LLaVA, and XCBs). It
shows explanations for a chest X-ray with a hilar mass, where
XpertXAl correctly identifies "Mass” as the highest scoring
concept and “Trregular Hilum” as the second, strongly indi-
cating the presence of a hilar mass.

6 Conclusion

We evaluated the clinical relevance of leading explainable Al
methods for chest X-ray pathology detection, using both post-
hoc and ante-hoc approaches. While the technical evalua-
tion covered six lung pathologies, expert validation focused
specifically on lung cancer—the central diagnostic task of
this work. Existing XAI methods frequently failed to pro-
duce clinically meaningful explanations, missing key diag-
nostic features and diverging from expert reasoning. To ad-
dress this, we introduce XpertXAl, an expert-guided con-
cept bottleneck model that generates interpretable predictions
grounded in clinically relevant concepts. XpertXAl outper-
formed post-hoc and unsupervised CBMs in both explanation
quality (measured by proportion of ground truth clinical con-
cepts captured) and classification performance. Crucially, it
produced the most clinically relevant explanations for lung
cancer cases, as assessed by a consultant radiologist. These
findings underscore the importance of incorporating domain
expertise into model design for trustworthy Al in high-stakes
settings like lung cancer detection. We acknowledge that our
current focus is limited to chest X-rays, and we plan to adapt
our work to other imaging modalities, such as CT and MRI.
Our expert evaluation is also limited, though important, and
we will expand upon this in future work. While we employ
an InceptionV3 model, which might raise concerns about the
generalizability of our findings, this model has consistently
demonstrated strong performance in the field and serves as
the backbone of our CBM architecture.
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