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The goal: Detect the Systematic Mistakes

Why?

To design better mitigation strategies(data collection, reweighting, 
architecture/training changes etc) to enhance robustness.

2



Dissecting Systematic Mistakes?

Class: Waterbirds
Background: Water

Class: Waterbirds
Background: Land

Class: Landbirds
Background: Water

Class: Landbirds
Background: Land

Distributionally Robust Neural Networks for Group Shifts: 

On the Importance of Regularization for Worst-Case Generalization. 

Sagawa et al. ICLR 2020 
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Class: Waterbirds
Background: Water

Accuracy: 94.2% 

Class: Waterbirds
Background: Land

Accuracy: 68.8% 

Class: Landbirds
Background: Water

Accuracy: 80.2% 

Class: Landbirds
Background: Land

Accuracy: 99.6% Distributionally Robust Neural Networks for Group Shifts: 

On the Importance of Regularization for Worst-Case Generalization. 

Sagawa et al. ICLR 2020 

ResNet50
Mean Accuracy:

88.6%
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Dissecting Systematic Mistakes?



Class: Pneumothorax
Correlation: Chest tube

Class: Pneumothorax
Correlation: Chest tube

ResNet50

Hidden Stratification Causes Clinically Meaningful Failures in Machine Learning for Medical Imaging. Rayner et al. ML4H at NeurIPS 2019
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Dissecting Systematic Mistakes?



Class: Pneumothorax
Correlation: Chest tube

Accuracy: 90.4% 

Class: Pneumothorax
Correlation : Chest tube

Accuracy: 60.2% 

ResNet50

Hidden Stratification Causes Clinically Meaningful Failures in Machine Learning for Medical Imaging. Rayner et al. ML4H at NeurIPS 2019

Mean Accuracy (Pneumothorax): ~70%
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Dissecting Systematic Mistakes?



How to detect? (Aim 1) 
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How to detect? (Aim 1) 

Concept bank
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Wing color

 Breast color

Tail pattern

….
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The goal: Detect the Systematic Mistakes

Concept bank

Wing color

 Breast color

Tail pattern

….

Expensive
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The goal: Detect the Systematic Mistakes

Concept bank

Wing color

 Breast color

Tail pattern

….

Expensive

Too much
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Captions
1. A large seagull stands on a dock 
against a backdrop of a harbor with 

boats and a blue sky 

2. A digitally altered image features a 
large bird, possibly an albatross, 

superimposed over a backdrop of 

industrial buildings by a body of 
water 

3. A seagull stands on rocks by the 

water at sunset, with a lighthouse 
visible in the background

1. perhaps mild increase in 
hydropneumothorax but with chest tube

2. other less likely possibility include 

expansion of known loculated 
hydropneumothorax ( chest tube does not 

appear to be draining this region )

3. one of two right - sided pleural tubes has 
been removed in the interval

4. 3 chest tubes remain in place and there is 

again an area of hydro pneumothorax

Report



How to detect? (Aim 2 & 3) 
Free-text

1. A large seagull stands on a dock 
against a backdrop of a harbor with 

boats and a blue sky 

2. A digitally altered image features a 
large bird, possibly an albatross, 

superimposed over a backdrop of 

industrial buildings by a body of 
water 

3. A seagull stands on rocks by the 

water at sunset, with a lighthouse 
visible in the background
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How to detect? (Aim 2 & 3) 
Free-text

1. A large seagull stands on a dock 
against a backdrop of a harbor with 

boats and a blue sky 

2. A digitally altered image features a 
large bird, possibly an albatross, 

superimposed over a backdrop of 

industrial buildings by a body of 
water 

3. A seagull stands on rocks by the 
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Vision-Language 
Alignment
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How to detect? (Aim 2 & 3) 
Free-text

1. A large seagull stands on a dock 
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2. A digitally altered image features a 
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How to detect? (Aim 2) 

Vision-Language 
Alignment
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Challenges of early screening
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How to detect? (Aim 3) 
Free-text

1. A large seagull stands on a dock 
against a backdrop of a harbor with 

boats and a blue sky 

2. A digitally altered image features a 
large bird, possibly an albatross, 

superimposed over a backdrop of 

industrial buildings by a body of 
water 

3. A seagull stands on rocks by the 

water at sunset, with a lighthouse 
visible in the background

Vision-Language 
Alignment
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Aim 1

The goal: Extract mixture of Interpretable 
models from the Blackbox Post-hoc using 

FOL
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Why Post-hoc

✅ Does not alter the 
Black box

❌ No intervention
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Why Post-hoc Why Interpretable

Prediction: Brewer Blackbird

✅ Does not alter the 
Black box

❌ No intervention

✅ Supports interventions
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Why Post-hoc Why Interpretable

Concepts

bill_length_shorter_than_head

bill_shape_allpurpose

wing_shape_roundedwings

…

Prediction:

Concept values

0.89

0.42

0.40

…

Brewer Blackbird

✅ Does not alter the 
Black box

❌ No intervention

✅ Supports interventions
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Why Post-hoc Why Interpretable

Concepts

bill_length_shorter_than_head

bill_shape_allpurpose

wing_shape_roundedwings

…

Prediction:

Concept values

0.89

0.42

0.40

…

Brewer Blackbird Fish Crow

Intervene

Oracle

0

1

1

…

✅ Does not alter the 
Black box

❌ No intervention

✅ Supports interventions

24



Why Post-hoc Why Interpretable

Why FOL?

✅ Does not alter the 
Black box

❌ No intervention

✅ Supports interventions

Site A Site B
25



Problem Set Up

Olive

Sided

Flycatcher

26

Wing color grey

 Breast color white

Tail pattern

….



Report: 

Right upper lobe consolidation with adjacent. 

While this may be infectious in nature, a CT 

scan is recommended for further clarification.
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Problem Set Up



right upper lobe

 left lower lobe

heart size

….

Report: 

Right upper lobe consolidation with adjacent. 

While this may be infectious in nature, a CT 

scan is recommended for further clarification.

parse the reports to get the concepts
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Problem Set Up



right upper lobe

 left lower lobe

heart size

….

Consolidation

Report: 

Right upper lobe consolidation with adjacent. 

While this may be infectious in nature, a CT 

scan is recommended for further clarification.

parse the reports to get the concepts

29

Problem Set Up



Discovering Hidden Concepts

Dog
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Carving out Interpretable Models

32

Blackbox Model

Interpretable Model

Selector

Residual (𝑟0)
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Carving out Interpretable Models
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Carving out Interpretable Models
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Blackbox Model

Interpretable Model

Selector

Residual (𝑟0)



36
Each g is E-LENs (Barberio et al. AAAI 2022) to produce sample specific FOLs.

Carving out Interpretable Models

Blackbox Model

Interpretable Model

Selector

Residual (𝑟0)
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Each g is E-LENs (Barberio et al. AAAI 2022) to produce sample specific FOLs.

Carving out Interpretable Models

Blackbox Model

Interpretable Model

Selector

Residual (𝑟0) Residual (𝑟1)

Fix
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Blackbox Model

Interpretable Model

Selector

Residual (𝑟0) Residual (𝑟1) Residual (𝑟2)

Each g is E-LENs (Barberio et al. AAAI 2022) to produce sample specific FOLs.

Carving out Interpretable Models

Dividing and Conquering a BlackBox to a Mixture of Interpretable Models: Route, Interpret, Repeat. Ghosh et al. ICML 2023.

Fix



CUB-200 with ViT 
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Comparing Performance 



CUB-200 with ViT CUB-200 with ResNet101 
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Comparing Performance 



CUB-200 with ViT CUB-200 with ResNet101 
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Comparing Performance 
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1 2

3 4

Examples on Chest X-ray

Dividing and Conquering a BlackBox to a Mixture of Interpretable Models: Route, Interpret, Repeat. Ghosh et al. ICML 2023.
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1 2

3 4

Examples on Chest X-ray

Expert 1

1 2

Dividing and Conquering a BlackBox to a Mixture of Interpretable Models: Route, Interpret, Repeat. Ghosh et al. ICML 2023.

* Right lung unspec refers a malignant neoplasm or cancer in an unspecified part of the right bronchus or 
lung.
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1 2

3 4

Examples on Chest X-ray

Expert 1

Expert 2

1 2

4

Dividing and Conquering a BlackBox to a Mixture of Interpretable Models: Route, Interpret, Repeat. Ghosh et al. ICML 2023.
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1 2

3 4

Examples on Chest X-ray

Expert 1

Expert 2

Expert 3

1 2

3

4

Dividing and Conquering a BlackBox to a Mixture of Interpretable Models: Route, Interpret, Repeat. Ghosh et al. ICML 2023.



MIMIC-CXR

Pneumothorax

46

Application: Data-Efficient Fine-tuning

Best practices for f ine-tuning visual classifiers to new domains. In: Computer Vision. Chu et al. 2016. ECCV-W



MIMIC-CXR

Pneumothorax

Stanford-CXR

Pneumothorax

Finetune

Transfer learning

Best practices for f ine-tuning visual classifiers to new domains. In: Computer Vision. Chu et al. 2016. ECCV-W
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Application: Data-Efficient Fine-tuning



How deeply to fine-tune a convolutional neural network: a case study using a histopathology dataset. Kandel et al. 2020. Applied Sciences

Growing a brain: Fine-tuning by increasing model capacity. Wang et al. 2017 CVPR
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Data and Computationally inefficient

The clinical rules are “invariant”

Application: Data-Efficient Fine-tuning
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Transferring to Stanford-CXR 

Distilling BlackBox to Interpretable models for Efficient Transfer Learning. Ghosh et al. MICCAI 2023. Top 14%
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Transferring to Stanford-CXR 
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Conclusion from Aim 1
1. Domain invariant rules learned: A mixture of interpretable 
models are carved out of a Blackbox model offering best of 
both worlds. [ICML 2023]
They effectively learn domain invariant rules.

2. Efficient transfer learning: Transfer Learning is more 
efficient using limited training data with the new interpretable 
model. [MICCAI 2023. Top 14%]



Aim 2

The goal: Develop a large VLM for 
Mammography
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Why SSL based VLMs 

BioMedCLIP. Microsoft.
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Why SSL based VLMs 

Demographic bias of expert-level vision-language foundation models in medical imaging. Yang et al. Science Advances.



55

Why SSL based VLMs 

Demographic bias of expert-level vision-language foundation models in medical imaging. Yang et al. Science Advances.



MedGemma (Google). Technical Report 2025

MedCLIP. EMNLP 2022

VLM in Mammography: Strategies 
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Mammograms are large and have subtle cues

We need domain-specific VLMs
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Ground truth: Findings: The breast tissue is heterogeneously dense, which 

could obscure detection of small masses. There are calcifications in the left 

upper, slightly outer breast. There is also an asymmetry in the left breast. 

Otherwise, no suspicious masses, clustered microcalcifications or areas of 

architectural distortion are seen. Impression: BI-RADS: 0. Calcifications and 

asymmetry in the left breast, which needs additional imaging.

Sample screening mammogram report:

58

VLMs can help 



Image 
Encoder

Text 
Encoder

59
Mammo-CLIP. Ghosh et al. MICCAI 2024.

Mammo-FM: pretraining



Mammo-CLIP. Ghosh et al. MICCAI 2024.
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no mammographic signal of 
cancer no significant change 

in the screening interval every 

year is recommended 

Text 
Encoder
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Mammo-CLIP. Ghosh et al. MICCAI 2024.

Mammo-FM: pretraining
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Image 
Encoder

Multi-view
Contrastive learning

no mammographic signal of 
cancer no significant change 

in the screening interval every 

year is recommended 

Text 
Encoder

62
Mammo-CLIP. Ghosh et al. MICCAI 2024.

Mammo-FM: pretraining



Train

Test

Valid

77358

9552
9657

Mayo Clinic
(N=96557)

4950

2475
2475

BU

(N=9900)

6921

3447
3461

UPMC
(N=13829)

10190

5106
5085

EMBED

(N=20381)
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Mammo-FM: pretraining

Mammo-FM: Breast-specific foundational model for Integrated Mammographic Diagnosis, Prognosis, and Reporting. Ghost et al. ArXiv 2025



Out of distribution evaluation

Mammo-FM: data efficiency
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Mammo-FM: Breast-specific foundational model for Integrated Mammographic Diagnosis, Prognosis, and Reporting. Ghost et al. ArXiv 2025



Out of distribution evaluation

Mammo-FM: data efficiency
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Mammo-FM: Breast-specific foundational model for Integrated Mammographic Diagnosis, Prognosis, and Reporting. Ghost et al. ArXiv 2025
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Conclusion from Aim 2
1. Robust mammography features learned: We learn generalized 
features for mammography by pre-training on the largest and 
most diverse mammography datasets. [MICCAI 2024. Top 11%]
It’s diagnostic performance is better than the SOTA generalist 
industrial  models.

2. Two Applications: It helps to interpret the risks from any SOTA 
risk predictors. 
We develop the 1st report generator for mammography using 
Mammo-FM. [ArXiv 2025]



67

The goal: Detect the Systematic Mistakes
using Language

Aim 3
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The goal: Detect the Systematic Mistakes
using Language

Aim 3

ReportsCaptions
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The goal: Detect the Systematic Mistakes
using Language

CLIP (ICML 2020)

Vision-Language 
Alignment

Natural image CXRs Mammo
1. GLORIA 

(ICCV2021)
2. MedCLIP 

(EMNLP 2022)
3. CXR-CLIP

(MICCAI 2023)

Aim 3

ReportsCaptions
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The goal: Detect the Systematic Mistakes
using Language

CLIP (ICML 2020)

Vision-Language 
Alignment

Natural image CXRs Mammo
1. GLORIA 

(ICCV2021)
Mammo-FM 

(MICCAI 2024,
ArXiv 2025)2. MedCLIP 

(EMNLP 2022)
3. CXR-CLIP

(MICCAI 2023)
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ReportsCaptions
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The goal: Detect the Systematic Mistakes
using Language

CLIP (ICML 2020)

Vision-Language 
Alignment

Natural image CXRs Mammo
1. GLORIA 

(ICCV2021)
2. MedCLIP 

(EMNLP 2022)
3. CXR-CLIP

(MICCAI 2023)

Aim 3

ReportsCaptions

Mammo-FM 
(MICCAI 2024,

ArXiv 2025)

(Visual + non-Visual)



Population Individual Site

Age: [32-88]
Race: 80% Non-Hispanic 
White, 20% Asian
….

Reason for Visit: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
…

Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
…

72

Tracing non-visual mistakes

Preprocessing

Photometric Interpretation: [ 
Monochrome 1 vs Monochrome2]
Crop ratio:  […]
…
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How a human would do?

C
o
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e
c
t

In
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t

May be 
chest tube  

Validate:
Check the 
performance gap



77

C
la

ss
ifi

er
 

Ladder

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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Ladder

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   
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LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   
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LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   
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Age: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
            …

Patient Data (EHR)
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LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
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Age: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
            …

Patient Data (EHR)
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Ladder

The DICOMs and EHR is an illustrative example here. NIH-CXR does not have that. We use RSNA (Cancer) dataset to perform 
this experiment

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   
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Age: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
            …

Patient Data (EHR)
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LLM-generated 
hypotheses

The DICOMs and EHR is an illustrative example here. NIH-CXR does not have that. We use RSNA (Cancer) dataset to perform 
this experiment

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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The DICOMs and EHR is an illustrative example here. NIH-CXR does not have that. We use RSNA (Cancer) dataset to perform 
this experiment

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.

H1: chest tubes

LL
M

LLM-generated 
hypotheses



Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   

C
o
rr
e
c
t

In
c
o
rr
e
c
t

Images with biases

Age: [ ….]
Blood Pressure:  […]
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The DICOMs and EHR is an illustrative example here. NIH-CXR does not have that. We use RSNA (Cancer) dataset to perform 
this experiment

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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Manufacturer: [ ….]
X-ray Dosage:  […]
Aperture Setting:  [….]
               …

Metadata (e.g, DICOMS) 1. there is little change in the 3 
left chest tubes with area of 
hydro pneumothorax 
2. with chest tube remaining in 
place and no striking change                                   

H2: fluid levels
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Images with biases

Age: [ ….]
Blood Pressure:  […]
Lab Test:  [….]
            …

Patient Data (EHR)
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The DICOMs and EHR is an illustrative example here. NIH-CXR does not have that. We use RSNA (Cancer) dataset to perform 
this experiment

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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Dataset: Waterbirds

88

Bias: Specific background elements like docks and boats
Target: Waterbird

Qualitative Results

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



Dataset: Waterbirds

89

Bias: Specific background elements like docks and boats

Classifier Performance

Target: Waterbird

Presence: 97.2 % Absence: 68.8%

Qualitative Results

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.
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Bias:  Chest tubes
Dataset: NIH Target: Pneumothorax

Qualitative Results

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



91

Bias:  Chest tubes
Dataset: NIH Target: Pneumothorax

Presence: 76.2 % Absence: 34.8%Classifier Performance

Qualitative Results

LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Ghosh et al. ACL 2025.



LADDER: Language-Driven Slice Discovery and Error Rectification in Vision 
Classifiers. Ghosh et al. ACL 2025.
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Detecting non-visual mistakes
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Dataset: RSNA Target: Breast cancer

Detecting non-visual mistakes



Explained by data
distribution shift

Completely
unexplained

(Reject the hypotheses)
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Lets a take step back
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Performance of the subgroup of interest,
e.g. Age or younger patient
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Lets a take step back
Performance of the subgroup of interest,
e.g. Age or younger patient

Prediction 
from model

Ground-truth
label

Metric (accuracy, recall)

X: Covariates or images
Y: Label
A: Subgroups

Understanding challenges to the interpretation of disaggregated evaluations of algorithmic fairness. Pfohl et al. NeurIPS 2025.

Avg Performance of the model
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Lets a take step back
Performance of the subgroup of interest,
e.g. Age or younger patient

Prediction 
from model

Ground-truth
label

Metric (accuracy, recall)

X: Covariates or images
Y: Label
A: Subgroups

YX

Understanding challenges to the interpretation of disaggregated evaluations of algorithmic fairness. Pfohl et al. NeurIPS 2025.

Avg Performance of the model
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Lets a take step back
Performance of the subgroup of interest,
e.g. Age or younger patient

Prediction 
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Ground-truth
label

Metric (accuracy, recall)

X: Covariates or images
Y: Label
A: Subgroups

YX

Understanding challenges to the interpretation of disaggregated evaluations of algorithmic fairness. Pfohl et al. NeurIPS 2025.

Avg Performance of the model



103

Lets a take step back
Performance of the subgroup of interest,
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Prediction 
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Ground-truth
label

Metric (accuracy, recall)

X: Covariates or images
Y: Label
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A

YX
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Lets a take step back
Performance of the subgroup of interest,
e.g. Age or younger patient

Prediction 
from model

Ground-truth
label

Metric (accuracy, recall)

Unobserved confounding Causal direction

X: Covariates or images
Y: Label
A: Subgroups

A

YX

Label Shift

Understanding challenges to the interpretation of disaggregated evaluations of algorithmic fairness. Pfohl et al. NeurIPS 2025.

Avg Performance of the model
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Performance of the subgroup of interest,
e.g. Age or younger patient

Prediction 
from model

Ground-truth
label

Metric (accuracy, recall)

Unobserved confounding Causal direction

X: Covariates or images
Y: Label
A: Subgroups

A

YX

Presentation
 Shift

Understanding challenges to the interpretation of disaggregated evaluations of algorithmic fairness. Pfohl et al. NeurIPS 2025.

Lets a take step back
Avg Performance of the model
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Avg Model error = 11 % 

Model error = 29%
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Conclusion: The model is struggling 
on younger patients
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A toy example

Cancer

Population (on cancer patients)

Avg Model error = 11 % 

Model error = 29%
Subgroup (on younger patients)

Conclusion: The model is struggling 
on younger patients

Action: Balanced training, reweighting w.r.t 
age (GroupDRO, JTT, DFR)
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A toy example

Cancer

Density
Young: 0.80
Avg: 0.20
w(dense) = 0.8/0.2 
                 = 4.0

Fatty Dense

Young: 0.20
Avg: 0.80
w(fatty) = 0.2/0.8 
                 = 0.25

Model error Stratified by density
           =(0.25*0.8*5 +4.0*0.2*35)             
           =  29%
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                          =  29%
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Fatty
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                                  =  11%

5% 35%
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0.20
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0.80
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                          =  29%
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Young: 0.80
Avg: 0.20
w(dense) = 0.8/0.2 
                 = 4.0

Fatty Dense

Young: 0.20
Avg: 0.80
w(fatty) = 0.2/0.8 
                 = 0.25

Model error Stratified by density
                          =  29%

Down weight easy
one

up weight hard
one

Pseudo young Population

A RV

Intervene

What would happen
if population is same 
as the subgroup?
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A toy example
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                          =  29%

Density (V)
Young: 0.80
Avg: 0.20
w(dense) = 0.8/0.2 
                 = 4.0

Fatty Dense

Young: 0.20
Avg: 0.80
w(fatty) = 0.2/0.8 
                 = 0.25

Model error Stratified by density
                          =  29%

Down weight easy
one

up weight hard
one

Pseudo young Population

Conclusion: The model is struggling 
on younger patients dense breasts
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A toy example
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5% 35%
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                          =  29%
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                 = 4.0
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If => V explains the performance gap

So, out of many hypotheses proposed by Ladder, 
we reject them by choosing appropriate V’s and doing this conditional 
Independence test.
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If => V explains the performance gap

How to find the V ?
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Proposal: Where we are going?

An AI Agent

Sub groups

Finds subgroups using Ladder or from 
metadata attributes
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Proposal: Where we are going?

Y

A X

Y

A X

An AI Agent

Sub groups
Data shift

Finds subgroups using Ladder or from 
metadata attributes Explains the performance gap 130
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2026

PhD 
Started 
at Pitt

Aim3 
(Agent Ladder)

Dissertation

• Aim1 
(ICML+MICCAI 2023)
• Transferred to

BU

• Aim3 
(Ladder. ACL 2024)

• Amazon internship

• Proposal
• Aim2 

(Mammo-FM. 
Nat BME rebuttal)

• Aim2 
(Mammo-CLIP. MICCAI 2024)
• Amazon internship

Timeline
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• Anatomy-Guided Weakly-Supervised Abnormality Localization in Chest X-rays. Ke Yu, Shantanu Ghosh, Zhexiong Liu, Christopher 
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• LADDER: Language-Driven Slice Discovery and Error Rectification in Vision Classifiers. Shantanu Ghosh, Rayan Syed, Chenyu Wang, 
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• Semantic Consistency-Based Uncertainty Quantification for Factuality in Radiology Report Generation. Chenyu Wang, Weichao 
Zhou, Shantanu Ghosh, Kayhan Batmanghelich, Wenchao Li. NAACL 2025
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