Explaining Chest X-ray Pathology Models using Textual Concepts

Using Foundation Models for Conceptual Counterfactual Explanations (CoCoX)
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Summary

Topic: Improving interpretability in medical 1imaging via concept-
based explanations.

Problem: Existing methods require large, manually annotated
datasets, which are scarce in the medical domain.

Solution: CoCoX leverages pre-trained vision-language models to ex-
plain black-box classifier outcomes without annotated data.

Application: Explaining cardiothoracic pathologies in chest X-rays.

Methods
Step 1: Constructing Concept Bank for Chest X-ray Images
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Step 3: Learning conceptual perturbations
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Results

Conceptual counterfactuals generated by CoCoX

(a) Input Target (b) Input Target
“No Finding” “Cardiomegaly” “No Finding” “Pleural Effusion’
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* Top 5 concepts changing y, from “No Finding” to Target

* These concepts are medically relevant for underlying pathology

Comparing against Radiologists’ evaluation

Table 1: Comparison of recall (R) at k concepts to radiologists’ evaluation.

DenseNet121 VLM + Linear ResNet34
R@5 R@10 R@5 R@10 R@5 R@10

Cardiomesal Primary(1) 097 1.00 1.00 1.00 098 1.00
83 Secondary(4) 035 048 050 050 032 0.52

Primary(2) 046 0.78 050 1.00 043 0.81
Secondary(3) 0.17 029 033 033 0.19 0.25

Primary(2) 055 069 050 085 048 0.73
Secondary(3) 0.26 0.61 033 0.66 021 0.59

Pathology Finding

Pleural Effusion

Atelectasis

Primary (P) and Secondary (S) medical concepts annotated by radiologists in CheXplaining in Style paper.

Cardiomegaly: (P) Increased cardiothoracic ratio, (S) Reduced lung tissue opacity, Pleural Effusion, Pacemaker, Older patients

Pleural Effusion: (P) Obstruction of the pleural recessus, Opaque lower lungs, (S) Increased cardiac diameter, Fluid overload, Pneumonia
Atelectasis: (P) Mediastinal shift, Wide barrel-like thorax, (S) Pleural Effusion, Infiltration, Older patients

* CoCoX successtully recalls primary concepts in each pathology

e Lower scores for secondary since there are more concepts to recall

Conclusions and Future Work

* Investigated conceptual counterfactual explanations to improve ex-
plainability in medical-image classifiers, focusing on chest X-rays.

* Developed a concept bank from radiology reports, using latent em-
bedding manipulation for counterfactual generation.

* Plan to extend the method to other medical 1maging domains and
improve concept bank creation and evaluation metrics.
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