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Abstract

Recent work has shown promising perfor-
mance of frontier large language models (LLMs)
and their multimodal counterparts in medical
quizzes and diagnostic tasks, highlighting their
potential for broad clinical utility given their ac-
cessible, general-purpose nature. However, be-
yond diagnosis, a fundamental aspect of medi-
cal image interpretation is the ability to localize
pathological findings. Evaluating localization
not only has clinical and educational relevance
but also provides insight into a model’s spatial
understanding of anatomy and disease. Here,
we systematically assess two general-purpose
MLLMs (GPT-4 and GPT-5) and a domain-
specific model (MedGemma) in their ability to
localize pathologies on chest radiographs, using
a prompting pipeline that overlays a spatial grid
and elicits coordinate-based predictions. Av-
eraged across nine pathologies in the CheXlo-
calize dataset, GPT-5 exhibited a localization
accuracy of 49.7%, followed by GPT-4 (39.1%)
and MedGemma (17.7%), all lower than a task-
specific CNN baseline (59.9%) and a radiolo-
gist benchmark (80.1%). Despite modest per-
formance, error analysis revealed that GPT-5’s

* These authors contributed equally
T Work done while intern at Dana-Farber Cancer Institute

predictions were largely in anatomically plausi-
ble regions, just not always precisely localized.
GPT-4 performed well on pathologies with fixed
anatomical locations, but struggled with spa-
tially variable findings and exhibited anatom-
ically implausible predictions more frequently.
MedGemma demonstrated the lowest perfor-
mance on all pathologies, but showed improve-
ments when provided examples through few
shot prompting. Our findings highlight both
the promise and limitations of current MLLMs
in medical imaging and underscore the im-
portance of integrating them with task-specific
tools for reliable use.

Keywords: Multimodal LLMs, Chest Radio-
graphs, Disease Localization

Data and Code Availability This study used
the public CheXlocalize dataset (Saporta et al.,
2022). Code is available at https://github.com/
lotterlab/mllm_localization.

Institutional Review Board (IRB) This re-
search does not require IRB approval.

1. Introduction

As AT advances from task-specific to generalist mod-
els, there is growing interest in evaluating frontier
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models in medicine, including in medical imaging
with the rise of multimodal large language models
(MLLMs). Recent studies assessing GPT-4, a pi-
oneering MLLM, on imaging-based quizzes and di-
agnostic tasks have yielded mixed results (Hayden
et al., 2024; Brin et al., 2024; Strotzer et al., 2024;
Zhou et al., 2024; Suh et al., 2024; Eriksen et al.,
2023). For instance, Suh et al. (2024) reported that
GPT-4 achieved clinical-level performance on NEJM
Image Challenges, a multiple-choice, VQA dataset;
however, Jin et al. (2024) found that the model’s
rationale for its choices were often flawed. Given
the clinical potential of accessible, general-purpose
MLLMs, these findings highlight the need to eval-
uate their performance across diverse tasks and to
move beyond diagnostic accuracy toward a deeper
understanding of their reasoning. Furthermore, it re-
mains unclear if domain-specific MLLMs are required
to address the challenges of general purpose models,
or whether these challenges can instead be overcome
with newer model versions.

A fundamental aspect of medical image interpre-
tation is not only providing a diagnostic impression
but also localizing findings associated with a diagno-
sis. In computer vision, diagnosis is typically framed
as a classification task, whereas localization is ap-
proached through segmentation or bounding-box gen-
eration (i.e., detection) over relevant regions. In med-
ical Al systems, these two tasks are treated as dis-
tinct regulatory categories: computer-aided diagnosis
(CADx) for classification and computer-aided detec-
tion (CADe) for localization (McNamara et al., 2024).
Critically, an AT model may perform well at classifi-
cation, but struggle with precisely localizing the as-
sociated findings, or conversely struggle with distin-
guishing whether a finding is benign or pathological,
but excel at identifying its location. While recent
studies have evaluated the diagnostic performance of
MLLMs, their ability to localize pathological findings
(e.g., CADe) remains largely unexplored. Beyond po-
tential clinical applications, evaluating MLLMs in lo-
calization can provide insights into their underlying
clinical intuition and medical knowledge.

In this study, we systematically evaluate the ability
of three MLLMSs to localize pathologies on chest ra-
diographs: two generalist models (GPT-4 (OpenAl,
2024) and GPT-5 (OpenAl, 2025)) and a domain-
specific model (MedGemma (Sellergren et al., 2025)).
To do so, we develop a prompting strategy that over-
lays a grid on the image and asks the model to pre-
dict coordinates corresponding to the pathology’s lo-

cation. We assess performance using the CheXlo-
calize dataset (Saporta et al., 2022), benchmarking
against radiologists and a task-specific CNN model.
To further explore the models’ medical understand-
ing, we analyze the distribution of predicted loca-
tions for each pathology and categorize mislocaliza-
tions based on their clinical plausibility. By bench-
marking from a new angle—disease localization—and
performing detailed error analysis, we sought to elu-
cidate the spatial understanding of anatomy and dis-
ease of frontier MLLMs, probing both the potential
for clinical utility and current limitations.

2. Related Work

Several recent studies have assessed general-purpose
MLLMs such as GPT-4 in medical image interpre-
tation (Jin et al., 2024; Hayden et al., 2024; Brin
et al., 2024; Strotzer et al., 2024; Zhou et al., 2024;
Suh et al., 2024; Eriksen et al., 2023). On 190
cases from the Diagnosis Please challenge, Suh et al.
(2024) found that GPT-4 achieved diagnostic per-
formance comparable to radiologists. GPT-4 also
demonstrated strong accuracy on the NEJM Image
Challenges, a multiple-choice diagnostic quiz for med-
ical professionals (Jin et al., 2024; Eriksen et al.,
2023). However, Jin et al. (2024) reported that while
GPT-4 performed well on these tasks, its rationales
were often flawed when explicitly prompted to explain
its reasoning. On multiple-choice questions from the
American College of Radiology Diagnostic Radiology
In-Training Eramination, GPT-4 achieved high ac-
curacy on text-only questions (81.5%) but struggled
with image-based ones (47.8%). Its diagnostic accu-
racy on real-world radiologic imaging cohorts has also
shown considerable variability (Strotzer et al., 2024;
Brin et al., 2024; Zhou et al., 2024).

3. Methods

While prior research has focused primarily on the di-
agnostic capabilities of MLLMs, our study examines
spatial localization accuracy for pathologies in medi-
cal images that the models are explicitly prompted to
recognize. We utilize chest radiographs from CheXlo-
calize (Saporta et al., 2022), a subset of the CheX-
pert (Irvin et al., 2019) dataset annotated with pixel-
level masks for each of its classes. We focus on this
task because it serves as both a common benchmark
for medical AT and a clinically important application.
Figure 1 contains an overview of the approach.
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Figure 1: Study Overview. a) The nine pathologies in the CheXlocalize dataset were utilized. b) For each
pathology class, a gridded image was produced for each radiograph where the pathology was
present. ¢) Three multimodal LLMs were prompted to identify the grid cell where the stated
pathology is most prominent. d) The predicted grid cells were compared to the ground truth cells,
defined as cells with >50% overlap with the ground truth mask.

3.1. CheXlocalize Dataset

The CheXlocalize dataset includes chest radiograph
images collected from Stanford Hospital in both in-
patient and outpatient settings (Irvin et al., 2019).
The dataset contains expert radiologist annotations
for the localization of 10 distinct findings (Saporta
et al., 2022). These ground-truth annotations come
in the form of pixel-wise segmentation maps, enabling
precise benchmarking. The validation and test splits
of this dataset consist of 234 radiographs from 200
patients and 668 radiographs from 500 patients, re-
spectively. All results reported in the current study
are based on the test split. The image counts by
pathology and view position are contained in the Ap-
pendix.

The 10 classes annotated in CheXlocalize are
Atelectasis, Cardiomegaly, Consolidation, Edema,
Enlarged Cardiomediastinum, Lung Lesion, Lung
Opacity, Pleural Effusion, Pneumothorax, and Sup-
port Devices. In this work, we include the first
9 classes, excluding Support Devices to focus ex-
clusively on pathology localization. Our evalua-
tion encompasses both frontal (anterior-posterior and
posterior-anterior) and lateral view radiographs avail-
able in this dataset for a comprehensive assessment.

We compare our results on the test split to an expert
human benchmark and a convolutional neural net-
work (CNN) baseline reported alongside the dataset
in Saporta et al. (2022). Both the ground truth an-
notations and the human benchmarking assessment
were performed by radiologists, where the bench-
marking effectively quantifies a performance ceiling
of inter-reader variability. Specifically, ground truth
annotations were performed by two board-certified
radiologists. Three separate radiologists then also
performed annotations, which were compared to the
ground truth annotations to create the human per-
formance benchmark. The CNN baseline consists
of a DenseNet121 (Huang et al., 2017) classification
model trained on CheXpert. Localization predictions
were obtained through a GradCAM-based (Selvaraju
et al., 2017) saliency pipeline. As detailed below, we
compare the MLLMs to the ‘hit rate’ performance
metric for the human and CNN benchmarks, which
was quantified by Saporta et al. (2022) as whether
the most representative point identified by the CNN
saliency method or human benchmark annotations
fell within the ground truth segmentation.
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3.2. Prompting Technique

To evaluate MLLM localization capabilities, we de-
signed a structured prompting pipeline by which each
chest radiograph was digitally overlaid with a stan-
dardized grid. The grid divided each image into
equally-sized cells, labeled alphanumerically to facil-
itate text-based spatial referencing. To do so, each
radiograph image was first centrally cropped and re-
sized to 256 x 256 pixels, a common pre-processing
strategy for computer vision models. The MLLM was
then tasked with identifying the specific grid cell that
was most representative of the given pathology. For
the core results, we use an 8x8 grid overlay (32 x 32
pixels per cell), which was chosen to balance the res-
olution size with the typical size of the pathology
masks. Analysis using a higher resolution grid (16x16
cells) is also presented in the Appendix for sensitivity
analysis.

We used the same prompt for all MLLMs, which
explicitly stated that the given pathology was present
in the image in order to make localization, not iden-
tification, the sole objective (see Appendix for full
prompt). Because a single radiograph could exhibit
multiple pathologies, we generated separate copies
of each image for every present pathology and per-
formed individual queries for each pathology-image
pair. This approach enabled independent evaluation
of localization performance for each pathology.

3.3. Evaluation Metrics

Performance evaluation was based on a ‘hit rate’ cri-
terion, designed to mirror the pointing game method-
ology introduced by Saporta et al. (2022). A predic-
tion (represented by a single grid cell returned by
the MLLM) was considered a ‘hit’ if at least 50% of
the grid cell overlapped with the ground truth seg-
mentation provided in the CheXlocalize annotations
for the queried pathology. Predictions falling below
this overlap threshold were classified as misses. In
the rare scenario where the ground truth mask con-
tained no cells with >50% overlap (4.4% of all im-
ages), the prediction was deemed a hit if the cell con-
tained any amount of ground truth mask. This could
occur, for instance, if the segmentation mask was very
small. Our defined hit rate metric enables meaning-
ful comparison with the results reported by Saporta
et al. (2022), wherein the pointing game methodology
for their human benchmark awarded credit when the
identified representative point fell within the ground-
truth segmentation region. We report the average hit

rate for each pathology and MLLM, alongside stan-
dard deviation error bars using bootstrapping (1,000
samples).

3.4. Error Analysis

Predictions not meeting the hit criteria were qualita-
tively reviewed by a radiologist and categorized into
three distinct error types:

e Partial hit: Predicted cell partially overlapped
(<50%) with the ground truth annotation.

e Position error: Predicted cell overlapped with
anatomically plausible but incorrect regions for
the pathology.

e Anatomy error: Predicted cell was anatomi-
cally implausible for the given pathology, sug-
gesting a potential misunderstanding of chest
anatomy and/or the pathology.

For consistency, the error analysis was only per-
formed on frontal radiographs, which represent 87%
of images in the test set. If a model produced more
than 50 complete misses for a given pathology, only
50 were reviewed, and the proportion of position ver-
sus anatomy errors was estimated from this subset.

3.5. Models

GPT-4 and GPT-5 were executed using the Ope-
nAl API. The model version for GPT-4 was
gpt-40-2024-05-13, configured at a temperature of
0 for reproducibility. The model version for GPT-
5 was not obtainable via the API, but it was run
within a month of its release on 2025-08-07, and the
only relevant configurable parameter available was
the reasoning effort, which was kept at the default
level of medium. MedGemma was executed locally
on 2 H100 GPUs using the Ollama platform. The
27B, instruction-tuned variant was used (accessed via
puyangwang/medgemma-27b-it:q8). The tempera-
ture for MedGemma was left at a default value of
0.8. A temperature of 0 was also initially considered,
but this resulted in almost no variability in the pre-
dicted grid cells (96.7% of predictions in either D4 or
C4); thus the default temperature was deemed the
most appropriate assessment for MedGemma.



EvVALUATING MLLMS FOR PATHOLOGY LOCALIZATION

Hit Rate Comparison Across Methods

100 4

80 -

60 -

Hit Rate (%)

40 -

20 1

E. Cardiomediastinum Lung Lesion Atelectasis Pleural Effusion

--- Random Baseline
B Human Benchmark (Saporta et al.)
I CNN Baseline (Saporta et al.)
. MedGemma
m GPT-4
B GPT-5

Consolidation

Edema Airspace Opacity ~ Cardiomegaly Pneumothorax

Pathology

Figure 2: Hit rate by pathology. Pathologies are ordered by the relative performance difference between
GPT-5 and the CNN baseline. Error bars represent standard deviation via bootstrapping.

4. Results
4.1. Hit Rate Performance

Figure 2 summarizes the hit rate performance of the
MLLMSs compared to the results reported by Saporta
et al. (2022), consisting of an expert human (radiolo-
gist) benchmark and a convolutional neural network
(CNN) baseline. A random baseline is also presented,
which reflects the expected performance if cell selec-
tions were made uniformly at random over the grid.
The random baseline is computed per pathology by
first computing the chance level for each image (#
ground truth cells / total cells) and then averaging
across all images for that pathology.

Between the three MLLMs, GPT-5 had the high-
est average hit rate across pathologies (49.7%), fol-
lowed by GPT-4 (39.1%), and MedGemma (17.7%).
All models underperformed the CNN baseline and hu-
man benchmark on average, which showed 59.9% and
80.1% average hit rates, respectively. The average
random baseline across pathologies was 11.9%.

Different trends were observed for different
pathologies. GPT-4 and GPT-5 both outperformed
the CNN baseline on enlarged cardiomediastinum
(hit rate of 92.3% for GPT-4, 89.6% for GPT-5,
81.8% for CNN). GPT-5 showed the greatest im-
provements (>20% higher hit rates) over GPT-4 on
atelectasis, consolidation, edema, and pleural effu-
sion, though it still underperformed the CNN base-
line on these pathologies. GPT-4 exhibited its high-
est performance over GPT-5 for cardiomegaly (hit

rate of 89.1% vs. 72.0%). MedGemma underper-
formed for each pathology, with its largest margin
over chance occurring for cardiomegaly. These over-
all findings were robust to the resolution of the grid
overlay, where halving the size of each cell showed
similar patterns (Appendix Figure 6).

4.2. Error Categorization

To gain insights into the MLLMs’ performance and
general medical understanding, misses were reviewed
and categorized as partial hits, position errors, or
anatomy errors (see Methods for definitions). The
breakdown of the MLLM predictions by error cat-
egory is displayed in Fig. 3. For the two patholo-
gies where GPT-4 and GPT-5 exhibited their highest
performance (enlarged cardiomediastinum and car-
diomegaly), the majority of misses were still partial
hits for both models. The distribution of error cat-
egories varied more widely for the other pathologies.
Despite a moderate average ‘full hit’ rate, only 6.3%
of GPT-5’s predictions represented an ‘anatomy er-
ror’ on average across pathologies, indicating that the
majority of misses were either a partial hit or at least
corresponded to a plausible anatomical region. GPT-
4 exhibited a higher rate of anatomy errors (18.0%
on average), with MedGemma exhibiting the most
(29.9% on average). For both GPT-4 and GPT-5,
the highest percentages of anatomy errors were ob-
served for pleural effusion and pneumothorax, indi-
cating that the models’ predictions were relatively



EvVALUATING MLLMS FOR PATHOLOGY LOCALIZATION

often localized to an incorrect anatomical structure
(i.e., non-lung regions) for these pathologies.

4.3. Visualization of Predictions

Heatmaps of the models’ predictions were generated
to further understand the error patterns (Fig. 4,
7, 8). A separate heatmap was generated per pathol-
ogy and model, summarizing the model’s predictions
for the given pathology across the dataset. To pro-
vide an aggregate anatomical reference, the heatmaps
are visualized over the average image across the test
set. Only frontal views were considered in generating
the heatmaps.

For cardiomegaly, GPT-4 consistently predicted
central grid cells (Fig. 4). As cardiomegaly indicates
an enlarged heart and the heart tends to appear to-
wards the center of the image, the prediction heatmap
aligns with the high performance of GPT-4 for this
pathology. GPT-5 also predicted central grid cells
for cardiomegaly, but demonstrated more variabil-
ity that aligns with the ground truth distribution.
Edema, indicating fluid in the lungs, varies more
widely in its spatial position, though it often appears
in the medial (towards center) regions of the lungs at
the site of highest pulmonary vascular density. For
this pathology, GPT-4 consistently predicted a cen-
tral grid cell, often overlaying the heart/mediastinum
(Fig. 4), whereas GPT-5s predictions were more dis-
tributed over the lungs, explaining its higher perfor-
mance on this pathology. In general, the heatmaps of
GPT-5 more faithfully represented the ground truth
pathology, explaining its relatively low percentage of
anatomy errors (Fig. 7, 8).

Examining anatomy errors on an individual image
basis revealed a spectrum of model misunderstand-
ing. GPT-5 exhibited no anatomy errors for consol-
idation, which is a pathology that localizes to the
lungs, but GPT-4 and MedGemma sometimes pre-
dicted grid cells overlaying the heart/mediastinum
(Figure 5). However, a dramatic error for GPT-5
is displayed in Figure 5, wherein both GPT-5 and
GPT-4 predicted the shoulder as the location of a
pneumothorax (collapsed lung).

4.4. Prompt Variations

Given the moderate performance, we explored
whether different prompting strategies could lead to
improvements. We considered two additional ap-
proaches: chain-of-thought (CoT) prompting wherein
the models were instructed to think step-by-step, and
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Figure 3: Error categorization. Each prediction on
a frontal radiograph was categorized as a
full hit (>50% overlap), partial hit (0 <
overlap < 50%), position error (no overlap
but plausible anatomy), and anatomy error
(implausible anatomy).
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Figure 4: Example ground truth and prediction heatmaps. The heatmaps are computed over the frontal
radiographs in the test set and are overlaid on the average image.

few shot prompting wherein the models were pro-
vided three randomly selected examples for the given
pathology. Additional details and the full prompts
are contained in the Appendix.

The mean performance across pathologies for each
prompting strategy is contained in Table 1, and the
performance for each pathology contained in Ap-
pendix Table 2. Overall, performance changes were
modest. MedGemma exhibited the greatest relative
improvement, from an average hit rate of 17.7% to
22.5% (27% increase) and 32.0% (81% increase) for
CoT and few shot prompting, respectively. On a
per-pathology basis, few-shot prompting improved
MedGemma’s performance for all pathologies except
lung lesion, with particularly large gains for atelec-
tasis, consolidation, and pleural effusion (>130% rel-
ative increases each). The improvement from CoT
prompting was driven primarily by enlarged cardio-
mediastinum (191% increase). Few shot prompting
also elicited non-trivial predictions for MedGemma
even when the temperature was set to 0, resulting
in an average hit rate of 32.1%, similar to that of
the default temperature. Nonetheless, MedGemma’s
performances remained below the zero shot perfor-
mances of GPT-4 and GPT-5. For GPT-4 and GPT-
5, CoT prompting did not increase performance, but
few shot prompting led to 4% and 5% relative in-

creases, respectively. These increases were driven by
edema and pleural effusion for GPT-4, and airspace
opacity, cardiomegaly, and edema for GPT-5 (each
with a >15% relative hit rate improvement).

Table 1: Mean hit rate across pathologies for each
prompting strategy.

Mean
Model Prompt Hit Rate
Random Baseline - 11.9
Human Benchmark - 80.1
CNN Baseline - 59.9
Zero Shot 17.7
MedGemma, CoT 22.5
Few Shot 32.0
Zero Shot 39.1
GPT-4 CoT 37.8
Few Shot 40.8
Zero Shot 49.7
GPT-5 CoT 47.4
Few Shot 52.1
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Figure 5: Example anatomy errors. a) A consolidation example where GPT-5 is correct but GPT-4’s predic-
tion overlays the heart/mediastinum. b) A pneumothorax example where both GPT-4 and GPT-5
predictions overlay the shoulder instead of the lungs.

4.5. Comparing MedGemma to Gemma

Although MedGemma is specifically designed for the
medical domain, it is a relatively smaller model (27B
parameters) compared to GPT-4 and GPT-5 (es-
timated to be at least 10x larger). To disentan-
gle the effects of model size from domain-specific
training, we evaluated the performance of Gemma
3 (27B), the base model on which MedGemma is
built. Gemma performed similarly to MedGemma
for zero shot prompting (average hit rate of 17.6%
vs. 17.7%, respectively) and CoT prompting (25.0%
and 22.5%); however, MedGemma’s few shot per-
formance was moderately higher (32.0% vs. 25.5%)
with improvements observed for 7 out of 9 pathologies
(Appendix Table 2). Thus, MedGemma'’s low perfor-
mance on the studied task may partly be attributable
to its smaller size, where the domain-specific train-
ing appears to help with few shot prompting but not
baseline performance.

5. Discussion

Beyond diagnosis, we evaluated the ability of fron-
tier MLLMs to localize findings in chest radiographs.
We found that performance was mixed, with GPT-4
and GPT-5 performing relatively strong on patholo-
gies that appear in consistent anatomical locations,
but underperforming the CNN and human bench-
mark overall. Nonetheless, GPT-5 showed strong im-
provements compared to GPT-4 on the more spatially

variable pathologies, and its predictions were largely
anatomically plausible even when it did not precisely
localize the pathology. MedGemma, a medicine-
specific model that includes chest radiographs in
its training, exhibited the lowest performance over-
all and had a high proportion of anatomically-
implausible predictions. Few shot prompting brought
MedGemma’s performance closer to the other mod-
els, with modest improvements for GPT-4 and GPT-5
as well.

Our findings have several actionable implications
for clinical practice and Al development. First, while
(M)LLMs have recently shown strong performance
on question-answer challenges and diagnostic tasks
(Eriksen et al., 2023; Suh et al., 2024; Nori et al.,
2023), our results show that leading models struggle
with fine-grained spatial reasoning. Smaller models
such as MedGemma (and Gemma 3 27B on which
it was built) may especially be limited in the ability
to generalize to novel tasks, such as the one intro-
duced here, compared to traditional benchmarks used
in the field. Thus, the observed results may be partly
attributable to the task itself rather than inherent
medical knowledge, highlighting the importance of
rigorous evaluation and adaptation strategies (e.g.,
few shot prompting) for specific use cases in clinical
practice. While GPT-5’s performance remained well
below the human benchmark, the improvements in
accuracy and medical understanding observed with
GPT-5 compared to GPT-4 are encouraging. It re-
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mains to be seen whether these gains will continue to
occur with future model versions, but these results at
least suggest that large, general-purpose MLLMs are
a promising approach compared to domain-specific
vision-language models. In the meantime, agentic
strategies that integrate the flexibility of LLMs with
task-specific tools may be the best strategy, where re-
cent work in the context of chest radiograph interpre-
tation has demonstrated this possibility (Fallahpour
et al., 2025).

Limitations Our study has several limitations.
Our analysis focused on one dataset given the need
for localized annotations and meaningful benchmark
comparisons. Future work could extend our anal-
ysis pipeline to other datasets and tasks. Further-
more, some pathologies in the CheXlocalize dataset
have a small image count, leading to large error bars
for the results for those pathologies. We included
these pathologies because they still reveal meaning-
ful model behavior, as illustrated in Fig. 5 where
GPT-4 and GPT-5 localize a lung pathology to the
shoulder. Another challenge lies in the variability
of ground truth annotation sizes across images and
pathologies, which makes it difficult to define a hit
rate metric that robustly captures all scenarios. Ad-
ditionally, while interpretable, hit rate metrics sac-
rifice the flexibility and granularity offered by other
localization metrics, such as IoU. Finally, although
we explored different prompting strategies, more ex-
tensive prompt engineering could be explored in the
future.

Conclusion Systematically evaluating foundation
models will be increasingly important as Al is inte-
grated into clinical settings. Beyond our current find-
ings, the proposed analysis pipeline can be leveraged
to probe the spatial reasoning of foundation mod-
els more broadly. A deeper understanding of the
strengths and limitations of emerging models will be
essential for guiding algorithm improvements and en-
suring safe, effective clinical use.
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Appendix
Prompts
BASELINE ZERO SHOT PROMPT

System: You are an expert chest radiologist special-
izing in analyzing {view} chest X-rays. Your task is
to precisely localize abnormalities using a grid over-
lay.

User: [Image|

This is a gridded {view} view of a chest X-ray. The
abnormality ‘{condition}’ is confirmed to be present
in this image. Your task:

1. Identify the single grid cell where this abnormal-
ity - ‘{condition}’ is the MOST prominent.
Provide only the grid coordinate for this most
representative cell. A grid coordinate is defined
as a letter followed by a number. If the abnor-
mality spans multiple cells, choose the cell that
is most representative.

Do not include any explanations or additional
text in your response.

CHAIN-OF-THOUGHT PROMPT

System: You are an expert chest radiologist special-
izing in analyzing view chest X-rays. Your task is to
precisely localize abnormalities using a grid overlay.
Approach this task methodically, using your exper-
tise to analyze the image step-by-step.

User: [Image]

Your task:

1. Carefully examine the entire chest X-ray im-
age, paying close attention to areas where
“{condition}’ typically manifests.

Identify all grid cells where you can observe signs
of “{condition}’. List these cells in your thought
process.

For each identified cell, briefly note the specific
features or abnormalities you observe that are
consistent with ‘{condition}’.

Compare the identified cells and their features.
Consider which cell contains the most prominent
or representative manifestation of ‘{condition}’.

If the condition spans multiple cells, determine
which single cell encompasses the most signifi-
cant part of the abnormality.

Based on your analysis, select the single grid co-
ordinate (e.g., D5) that best represents the loca-
tion of ‘{condition}’ in this X-ray.
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7. Provide your final answer as a single grid coordi-
nate without any additional explanation or text.

Example thought process: “I observe signs of
‘{condition}’ in cells C4, D4, and D5. In C4, there’s
[specific feature]. D4 shows [another feature]. D5
contains [feature]. Comparing these, D5 appears to
be the most representative location for ‘{condition}’.
Final answer: D5”

FEwsHoT PROMPT

System: You are an expert chest radiologist spe-
cializing in analyzing chest X-rays. You are given
a gridded {view} image of a chest X-ray with the
abnormality ‘{condition}’ confirmed to be present.
User: Zeroshot Prompt with [Example Image 1]
Assistant: Ground Truth grid coordinate for
Example 1

User: Zeroshot Prompt with [Example Image 2]
Assistant: Ground Truth grid coordinate for
Example 2

User: Zeroshot Prompt with [Example Image 3]
Assistant: Ground Truth grid coordinate for
Example 3

User: Zeroshot Prompt with [Test Image]

Few shot selection: Three random examples from
the validation split with the same view position and
pathology were selected. If there were not enough
examples in the validation split, the remainder were
selected randomly from the test split (excluding the
image being evaluated).
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Figure 6: Performance by grid size. An 8x8 grid size was used for the main analysis. A higher resolution
grid size (16x16) showed similar patterns between models and did not increase performance.
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Figure 7: Ground truth and prediction heatmaps. The heatmaps are computed over the frontal radiographs
in the test set and are overlaid on the average image.
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Figure 8: Ground truth and prediction heatmaps. The heatmaps are computed over the frontal radiographs
in the test set and are overlaid on the average image.
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Figure 9: Image counts in CheXlocalize Validation Set.
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Figure 10: Image counts in CheXlocalize Test Set.
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