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Thesis Statement

We introduce a causally grounded, extensible, approach for rating 
AI models for robustness by detecting their sensitivity to input 

perturbations and protected attributes, quantifying this behavior, 
and translating it into user-understandable trust ratings. 

The approach leads to ratings (trust certificates) to support model comparison and selection 
across domains, complements existing explanation methods, extends to composite models by 
relating component-level robustness to overall composite model behavior, and allows users to 

explore trade-offs between robustness and accuracy through an interactive tool (ARC). We 
demonstrate with AI instances of ML classification, sentiment analysis, time series forecasting, 

group recommendation and chatbots, and also focus on the domain of finance.
3



Motivation
01.

4

Motivation ARC Tool: Demo My PhD JourneyResearch ObjectivesBackground Discussion



The AI Trust Crisis
● Scenario: Two identical applicants apply for a bank 

loan reviewed by an AI system: one lists a 
low-income ZIP code, the other a high-income one. 
Only the latter is approved.

● Key trust issues
• Instability to Input Changes: A change in ZIP 

code flipped the loan decision. The model is 
sensitive to small changes in the input and 
exhibits potential bias based on location.

• Lack of Explanation: No clear reason is given 
for the decision, users are left confused and 
powerless.

• This leads to a loss of trust by the users.
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Trust Me, I am AI (But Should You?)
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Amanda is feeling 
depressed.

Adam is feeling 
depressed.

Sentiment: 0

Sentiment: -0.4

Sentiment 
Analyzer

Protected 
information 
affecting the 
predictions!

One missing 
value can 

throw off the 
entire 

prediction!

My name is Alonzo. 
What is the capital 
of South Carolina?

My name is Jack. 
What is the capital 
of South Carolina?

The capital of South Carolina is 
Columbia. SC became the first 
state to ratify the Articles of 

Confederation …

The capital of South Carolina is 
Columbia. 

Chatbot

Time-Series 
Forecaster



Black-Box and White-Box AI 
Models● Black-box models often produce accurate predictions but do not reveal their 

decision logic, making them harder to interpret. 
● White-box models allow us to inspect how each input contributes to the final 

decision and they are easier to interpret. 
● Many recent AI models fall into the first category. These models require 

separate methods to explain their behavior (Ex: eXplainable AI (XAI) methods, 
causal models, …).
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Examples:

Black-Box: Deep Neural Networks 
(DNNs)

White-Box: 
Decision Trees



Methods to Assess Trust
● Existing trust assessment methods 

like surveys, protocols, and 
psychophysiological methods cannot 
fully capture human-AI trust 
dynamics, especially across 
organization, group, and individual 
levels [1].

● No single framework suffices; a 
comprehensive, interconnected 
reference of trust metrics and 
principles is needed [1].
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1. Afroogh, S., Akbari, A., Malone, E., Kargar, M., & Alambeigi, H. (2024). Trust in AI: progress, challenges, and future directions. Humanities and Social Sciences Communications, 11(1), 1-30.



Why Robustness is a Key to Trust
● Robustness refers to an AI model’s ability to maintain consistent performance 

under small changes to input data. 
● In our context, we also consider sensitivity to protected attributes (e.g., race, 

gender) as a form of instability, meaning a robust system should not 
significantly change its predictions based on these irrelevant attributes.

● If users see that small changes do not lead to inconsistent or biased results, 
they are more likely to trust the system.
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Major Opportunity to Building Trust in 
AI

● Building trust in AI is essential, especially in critical domains like healthcare, 
finance, and education, where model decisions have real-world impact.

● Through my work across diverse sectors, including chatbot systems in 
education [1, 2], network and power monitoring [3], elections [4, 5, 6], and 
healthcare [7]; medical imaging at Mayo Clinic for blood volume segmentation 
and histopathology tissue images retrieval, I have observed how even small 
changes in input can plausibly influence model behavior in ways that may affect 
user trust. 

● My dissertation focuses primarily on the financial domain, where robustness is 
critical for adoption, but the lessons generalize across industries: stable, 
interpretable systems are key to earning trust.
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Understanding and Comparing AI Model 
Behavior

Probing 
the Model

Reasoning 
Framework

Deliverables 
for Trust



Perturbations

A perturbation is a small, bounded change to 
an input crafted to cause a model to change 
its prediction (or increase its error), while 
keeping the input nearly unchanged under a 
chosen similarity / feasibility constraint.
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Causality
● Causality is the science of cause and effect.
● It distinguishes true effects from spurious 

(false) correlations by accounting for 
various underlying conditions.

● In model evaluation, causality-based 
methods help determine whether outcomes 
change because of specific input changes 
(causation), not just alongside them 
(correlation).

14

Causal Framework Statistical FrameworkReasoning 
Framework



Example Scenario: Credit Risk 
Assessment
Bank XYZ uses a model to predict credit risk from 
applicant attributes. 

A causal model, that is diagrammatically 
represented using a causal graph, shows how 
these attributes influence each other and the final 
decision (credit risk), helping us reason about 
why predictions change.

Image Credits: ChatGPT



Causal Graphs
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Treatment (X)
(e.g., credit 

amount)

Protected 
Attribute(s) (Z)
(e.g., gender)

Outcome (O) 
(e.g., credit 

risk)

If Protected Attribute(s) (Z) or Gender acts as a common cause for both 
Treatment (X) or Credit Amount and Outcome (O) or Credit Risk, it 
introduces a spurious correlation between X and O. 

The path from X to O through Z is called the backdoor path and is 
undesirable.

This is known as the confounding effect and Z is called the 
confounder. 



Explanations
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● Explanation is how we make an AI model’s decisions understandable.

1. Papastratis, I. (2021). Introduction to Explainable Artificial Intelligence (XAI). Https://Theaisummer. Com/. Retrieved from https://theaisummer.com/xai/
2. Tim Miller. 2023. Explainable AI is Dead, Long Live Explainable AI! Hypothesis-driven Decision Support using Evaluative AI. In Proceedings of the 2023 ACM Conference on Fairness, 
Accountability, and Transparency (FAccT '23). Association for Computing Machinery, New York, NY, USA, 333–342. https://doi.org/10.1145/3593013.3594001

Recommendation: 
The Godfather
Explanation: 
I recommended this 
because you liked 
Scarface, Taxi driver, …. Decision MakerBluster (Movie 

Recommender System)

ExplanationsRatings Deliverables 
for Trust

https://theaisummer.com/xai/


Rating AI Models:  Choose 
Your AI Model Like You 
Choose Your Peanut Butter!
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Output: Rating is given to different binary classifiers. 

Model                        Raw Scores     Rating 
Logistic (Interpretable)                              0         1
Random (Non-Interpretable)                   1.6                 2
Random Forest (Non-Interpretable)        3.9                 3
Biased (Interpretable)              4.6          4

Input: Test data and models.
Hypothesis: Attribute Z 
influences the models’ 

Predictions Ŷ.

Rating Method

Z

 X  Ŷ′ 

ExplanationsRatings Deliverables 
for Trust

Output: Rating is given to different binary classifiers. 

Model                        Raw Scores     Rating 
Random Forest (Non-Interpretable)        0.3                 1
Logistic (Interpretable)                            0.4         2
Biased (Interpretable)              0.6         3
Random (Non-Interpretable)                   0.7                 4

Input: Test data and models.
Hypothesis: Attribute X 
influences the models’ 

Predictions Ŷ.



Rating AI Systems
● Many statistical approaches for rating were used 

before to assess the trustworthiness of AI 
systems such as machine translators and 
chatbots.

19

[Machine Translators] Srivastava, B.; and Rossi, F. 2020. 
Rating AI Systems for Bias to Promote Trustable 
Applications. In IBM Journal of Research and Development.

[Chatbots] Srivastava, B., Rossi, F., Usmani, S., & 
Bernagozzi, M. (2020). Personalized chatbot 
trustworthiness ratings. IEEE Transactions on Technology 
and Society, 1(4), 184-192.

[Composite Services] Srivastava, B., & Rossi, F. (2018, 
December). Towards composable bias rating of AI services. 
In Proceedings of the 2018 AAAI/ACM Conference on AI, 
Ethics, and Society (pp. 284-289).

More papers 
on rating can 
be found 
here!



Capability Comparison of 
Robustness Assessment Frameworks
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[Under Review] Lakkaraju, K., Valluru, S. L., Srivastava, B., Valtorta, M. (2026). ARC: A Causal Framework to Assess and Rate AI 
Models for Robustness.



Method: From Data to 
Robustness
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Perturbations

Black-box 
AI Model

Ŷ′

Ŷ

Test Data

Z

 X’  Ŷ′ 

Test data with null values 
+ Hypothesis: I believe Z 
effects Ŷ’

Identify the right effect in the 
underlying causal graph.

User
Statistical Bias → 

WRS
Confounding Bias 

→ DIE %
Perturbation 

Impact → APE

Ψ
Robustness 
Score or
Raw Score



Example Scenario: Credit Risk 
Assessment
Bank XYZ uses a Random Forest model to 
predict credit risk and decide whether to approve 
a loan based on an applicant’s attributes (income, 
employment history, credit utilization, prior 
delinquencies, etc.).

Now suppose an applicant, or a compliance team, 
wants to ask: “How reliable and fair is this model for 
people like me?” In practice, that breaks into a few 
checks that map nicely to different robustness 
metrics.

Image Credits: ChatGPT



Quantify the effect of protected attributes on the model's 
outcome using Weighted Rejection Score (WRS)
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Key Idea: 
● Use student’s t-test to estimate if the average predicted risk is significantly 

different between the groups, across three different confidence intervals. 
● For example, is there a statistically significant difference in the predicted risk 

between male and female applicants?

Gender

Credit 
RiskIncome

How it Works

● For each pair of groups within a protected 
attribute (e.g., Male vs. Female), perform a 
Student's t-test on the outcome distributions.

● If the null hypothesis (no difference) is rejected, 
count it as a bias indicator.

● Repeat for different confidence intervals (CIs): 
95%, 75%, and 60%, with weights 1, 0.8, and 
0.6 respectively.

● Compute WRS as a weighted sum of rejections.

Lakkaraju, K., Srivastava, B., & Valtorta, M. (2024). Rating sentiment analysis systems for bias through a causal lens. IEEE Transactions on Technology and Society.



Quantify the causal effect of changing an input feature on 
model predictions using Average Treatment Effect (ATE)
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Key Idea:
● Intervene on an input feature (e.g., income) 

and measure the average change in the 
predicted credit risk.

● On average across applicants, how does the 
predicted credit risk change if income is 
intervened on and set to $10,000 instead of 
$5,000, holding other factors constant?

Gender

Credit 
RiskIncome

Age How it Works:

● Using Propensity Score Matching 
(for categorical treatment): 
Estimates the treatment effect by 
matching treated and untreated 
individuals with similar treatment 
probabilities (propensity scores) and 
averaging the difference in their 
outcomes across the population.

● Using G-Computation (for 
continuous treatment): Estimates 
the treatment effect by modeling 
outcomes as a function of treatment 
and covariates, simulating 
counterfactual outcomes under 
different treatment levels, and 
averaging their differences across the 
population.Lakkaraju, K., Srivastava, B., & Valtorta, M. (2024). Rating sentiment analysis systems for bias through a causal lens. 

IEEE Transactions on Technology and Society.



Quantify the effect of protected attributes on the 
relationship between input and model outcomes using 
Deconfounding Impact Estimation (DIE)
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Key Idea:
● We measure the causal effect of change in input (e.g., change in income) 

before and after adjusting for protected attributes (i.e., deconfounding).
● The difference quantifies how much gender and age were confounding the 

model’s predictions (credit risk).

Gender

Credit 
RiskIncome

Age
How it Works

● First compute the unadjusted treatment 
effect, without adjusting for confounders.

● Then apply PSM or G-Computation to 
remove confounding and compute ATE..

● Difference between the two results in 
DIE.

Lakkaraju, K., Srivastava, B., & Valtorta, M. (2024). Rating sentiment analysis systems for bias through a causal lens. IEEE Transactions on Technology and Society.



Method: Predictions to Ratings
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{ΨS5, ΨS4, ΨS1, …, ΨSn}, where each 
Si represents a different test model.

Raw Scores

{ ΨS1, ΨS2, ΨS3, …, ΨSn}, where 
ΨS1 <= ΨS2 <= ΨS3 …. <= ΨSn

Partial Order

{ RS1, RS2, RS3, …, RSn}, where 
RS1 <= RS2 <= RS3 …. <= RSn

Final Order

Start Determine range of 
target attribute (Y)

Create a random 
model (sr)

Create a biased 
model (sb)

Causal 
effect of 
X on Ŷ?

Compute APE 

Compute 
WRS 

|Z| > 0?
No

Yes
Confoun

ding 
Bias?

No
Yes

Input: Test Models (St); Test Dataset (d) 
with protected attributes (Z), outcome 

(Ŷ), and Treatment (X).

Compute 
final 

ratings

Compute 
DIE %

Stop Compute 
final ratings

No

Yes

Z

 X  Ŷ 
Proposed 

Generalized Causal 
Graph

Rating Workflow



AI Rating through Causality 
(ARC) Tool: Demonstration

03.
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Demonstration
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https://tinyurl.com/bd3c
xhrb

Lakkaraju, K., Valluru, S. L., Srivastava, B., & Valtorta, M. (2026). ARC: A tool to rate AI models for robustness through a causal lens for enabling trustworthy model selection. 
In Proceedings of the ACM Web Conference 2026 (WWW ’26). Association for Computing Machinery. https://doi.org/10.1145/3774905.3793129

https://tinyurl.com/bd3cxhrb
https://tinyurl.com/bd3cxhrb
https://docs.google.com/file/d/1SrI7jJH0vU4s7CTjdqzotGkKjYycio4s/preview


Research Objectives
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Thesis Statement

We introduce a causally grounded, extensible, approach for rating 
AI models for robustness by detecting their sensitivity to input 

perturbations and protected attributes, quantifying this behavior, 
and translating it into user-understandable trust ratings. 

The approach leads to ratings (trust certificates) to support model comparison and selection 
across domains, complements existing explanation methods, extends to composite models by 
relating component-level robustness to overall composite model behavior, and allows users to 

explore trade-offs between robustness and accuracy through an interactive tool (ARC). We 
demonstrate with AI instances of ML classification, sentiment analysis, time series forecasting, 

group recommendation and chatbots, and also focus on the domain of finance.
30



Research Questions
RQ-1 (Robustness Detection): How can one detect instability - lack of robustness - of AI 
models in a general manner?

RQ-2 (Robustness Measurement): Can we have a principled, extensible, method to measure 
the robustness of AI models?

RQ-3 (All about Rating): How to create extensible rating methods?

● RQ-3a (Rating Method): Can we build a method to issue relative ratings to a model with 
respect to baselines, in a general manner?

● RQ-3b (Method Evaluation / Usability): Is the method effective in helping users 
understand model behavior for selecting a model?

● RQ-3c (General tool for rating): Can a general tool be built to rate and compare AI 
models across different tasks and domains?

RQ-4 (Rating in the context of explainability): What is the need for AI ratings if there are 
already explanations for the AI model? Conversely, what is the need for explanation, if there are 
ratings?

RQ-5 (Rating Composition): How can one calculate the ratings of composite AI based on the 
ratings of individual constituent models?

31



How can one detect instability - 
lack of robustness - of AI 

models in a general manner?

RQ-1

32

RQ-1 RQ-3aRQ-2 RQ-3b RQ-3c RQ-4 RQ-5



Idea
● Instability, or lack of robustness, is characterized as an AI model’s 

susceptibility to prediction shifts in response to minor variations in 
the input (perturbations).

● We propose a standardized post-hoc evaluation of multimodal AI 
outputs, including text, images, and audio, by integrating diverse 
reference-based metrics into a single framework.

33



Literature Gap
● Rapid adoption of GenAI has outpaced the development of 

accessible, standardized evaluation tools.
● Traditional Natural Language Processing (NLP) metrics, such as BLEU 

[1] and ROUGE [2], are insufficient for evaluating specialized, 
structured outputs like automated plans or time-series forecasts.

● Existing end-to-end frameworks, such as DeepEval [3] and Ragas [4], 
are tightly coupled with LLM APIs for evaluation. 
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1. Papineni, K., Roukos, S., Ward, T., & Zhu, W. J. (2002, July). Bleu: a method for automatic evaluation of machine translation. In Proceedings of the 40th annual meeting of the Association for 
Computational Linguistics (pp. 311-318).
2. Lin, C. Y. (2004, July). Rouge: A package for automatic evaluation of summaries. In Text summarization branches out (pp. 74-81).
3. Ip, J., Vongthongsri, K. (2025). DeepEval. https://github.com/confident-ai/deepeval
4. Es, S., James, J., Anke, L. E., & Schockaert, S. (2024, March). Ragas: Automated evaluation of retrieval augmented generation. In Proceedings of the 18th Conference of the European Chapter 
of the Association for Computational Linguistics: System Demonstrations (pp. 150-158).

https://github.com/confident-ai/deepeval


Significance
● No need for model internals (black-box).
● Can be easily extended to other AI. 
● Unified method that is independent of data modality (text, numerical, 

image, and multimodal).
● Open-source.

35



Papers
● [1, 2] We assessed two LLM-based chatbots (ChatGPT and Bard) on financial advisement 

tasks and found that, despite producing fluent responses, they are unreliable for personal 
financial advice due to frequent mathematical errors, inconsistent recommendations across 
demographic groups, and poor source attribution, whereas rule-based systems produce safer 
and more traceable outputs.

● This work subsequently branched into two directions: 
• the development of causally grounded experimental setups that led to rating-based 

robustness assessments [3 - 8], and 
• the creation of an open-source framework (16k+ downloads), GAICo, for standardized, 

reproducible evaluation and comparison of multi-modal generative AI outputs [9, 10].
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1. Lakkaraju, K., Jones, S. E., Vuruma, S. K. R., Pallagani, V., Muppasani, B. C., & Srivastava, B. (2023, November). Llms for financial advisement: A fairness and efficacy study in personal decision making. In Proceedings of the 
Fourth ACM International Conference on AI in Finance (pp. 100-107).
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9. Gupta, N., Koppisetti, P., Lakkaraju, K., & Srivastava, B. (2026). GAICo: A deployed and extensible framework for evaluating diverse and multimodal generative AI outputs. In Proceedings of the Thirty-Eighth Annual 
Conference on Innovative Applications of Artificial Intelligence (IAAI-26). Association for the Advancement of Artificial Intelligence.
10. Koppisetti, P., Gupta, N., Lakkaraju, K., & Srivastava, B. (2026). GAICo: Demonstrating a unified framework for multi-modal GenAI evaluation. In Proceedings of the Thirty-Ninth AAAI Conference on Artificial Intelligence 
(AAAI-26), Demonstrations Track. Association for the Advancement of Artificial Intelligence.



Generative AI Comparator 
(GAICo) 
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1. Gupta, N., Koppisetti, P., Lakkaraju, K., & Srivastava, B. (2026). GAICo: A deployed and extensible framework for evaluating diverse and multimodal generative AI outputs. In Proceedings 
of the Thirty-Eighth Annual Conference on Innovative Applications of Artificial Intelligence (IAAI-26). Association for the Advancement of Artificial Intelligence.
2. Koppisetti, P., Gupta, N., Lakkaraju, K., & Srivastava, B. (2026). GAICo: Demonstrating a unified framework for multi-modal GenAI evaluation. In Proceedings of the Thirty-Ninth AAAI 
Conference on Artificial Intelligence (AAAI-26), Demonstrations Track. Association for the Advancement of Artificial Intelligence.



GAICo’s Comprehensive Metric 
Library
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Example: Composite Chatbot 
Workflows
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1. Gupta, N., Koppisetti, P., Lakkaraju, K., & Srivastava, B. (2026). GAICo: A deployed and extensible framework for evaluating diverse and multimodal generative AI outputs. In Proceedings of the Thirty-Eighth Annual 
Conference on Innovative Applications of Artificial Intelligence (IAAI-26). Association for the Advancement of Artificial Intelligence.
2. Koppisetti, P., Gupta, N., Lakkaraju, K., & Srivastava, B. (2026). GAICo: Demonstrating a unified framework for multi-modal GenAI evaluation. In Proceedings of the Thirty-Ninth AAAI Conference on Artificial Intelligence 
(AAAI-26), Demonstrations Track. Association for the Advancement of Artificial Intelligence.
3. Lakkaraju, K., Aydin, J., Paladi, T., Patra, S., Srivastava, B., Zehtabi, P. (2026 January). On Robust and Efficient Chatbots and How to Automatically Compose Them from AI Components Using Automated Planning.

Reference Question: How can injecting drug users reduce their risk of contracting HIV?
Reference Answer: For injecting drug users, certain steps can be taken to reduce personal and public health risks: Take drugs 
orally (change from injecting to non-injecting drug use). Never re-use or share syringes, water or drug-preparation equipment. Use 
a new syringe (obtained from a reliable source, e.g. a chemist or via a needle–syringe programme) to prepare and inject drugs 
each time. When preparing drugs, use sterile water or clean water from a reliable source. Using a fresh alcohol swab, clean the 
injection site prior to injection.

User Question: My name is Allison. How can injecting drug users reduce their risk of contracting HIV?
Workflow 3 Chatbot Response: For injecting drug users, certain steps can be taken to reduce personal and public health risks: 
Take drugs orally (change from injecting to non-injecting drug use). Never re-use or share syringes, water or drug-preparation 
equipment. Using a fresh alcohol swab, clean the injection site prior to injection.

Workflow 1: No paraphrasing → Rule-based chatbot → No summarization
Workflow 2: Paraphrasing → Rule-based chatbot → No summarization
Workflow 3: No paraphrasing → LLM with RAG → Extractive summarization

Key Finding: Workflow 3 achieves comparable or superior 
performance across most metrics, particularly BERTScore 
and cosine similarity, aligning with users’ perceived 
correctness ratings from a user study we conducted [3].



Conclusion
● RQ-1: How can instability (lack of robustness) in AI models be detected in 

a general manner?

• Answer: This research question is addressed through the methods 
and findings presented in [1-11], some of which were discussed in 
the preceding slides.
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Is the rating method effective in 
helping users understand 

model behavior for selecting a 
model?

RQ-3b
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Idea
We conduct user studies to assess the ease of interpreting model robustness 
and of constructing efficient and robust composite AI models, composed of 
multiple primitive models, using the raw scores and ratings generated by our 
method.
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Literature Gap
● Many traditional fairness metrics are statistical and cannot distinguish 

between spurious correlations and causal effects between sensitive 
attributes and model outcomes.

● A study by [1] found that ML practitioners often struggle to apply existing 
de-biasing and auditing methods in real-world contexts, and brought to light 
the need for a more comprehensive and systematic fairness auditing method.

431. Barocas, S., Hardt, M., & Narayanan, A. (2023). Fairness and machine learning: Limitations and opportunities. MIT press.



Significance
● Our method makes it easier for users to understand the model 

behavior and aid in constructing efficient composite AI models, that 
are made up of multiple primitive AI models [1, 2, 3].

● The rating method becomes a diagnostic tool for developers and a 
decision-support tool for end users.
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Papers
● In [1], we showed that our ratings reduce the difficulty for users in comparing the 

robustness of different time-series forecasting models with respect to sensitive 
attributes.

● We assessed how our rating method measures bias in human-annotated 
sentiment and compared to other sentiment analysis systems, finding that 
human-annotated sentiment showed no statistical bias [2].

● In [3], through a user study, we found that our method helps users assess the 
robustness of composite AI chatbots and supports the construction of efficient 
chatbot compositions.
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Human-Annotated Sentiment vs. Sentiment 
Models
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● Across controlled synthetic datasets, human annotators showed no 

measurable statistical bias in their sentiment labels.

● On human-generated chatbot datasets, human-annotated sentiment 

consistently produced a WRS of 0, indicating zero statistical bias from 

gender for both user and chatbot responses.

● When the text was translated into Spanish or Danish and then back into 

English, the human bias ratings remained stable.



Key Findings from the User Study on 
Time-Series Forecasting Models
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● Hypothesis-1: Ratings generated by our approach decrease the difficulty of 

comparing time series forecasting models’ sensitivity to perturbations.

True

● Hypothesis-2: Ratings generated by our approach decrease the difficulty of 

comparing system fairness (lack of statistical bias).

Slight decrease in difficulty

● Hypothesis-3: Ratings generated by our method align with users' ratings for 

both fairness and sensitivity to perturbations.

Weak correlation in only one robustness panel

Lakkaraju, K., Kaur, R., Zehtabi, P., Patra, S., Valluru, S. L., Zeng, Z., ... & Valtorta, M. (2025). On Creating a Causally Grounded Usable Rating Method for Assessing the Robustness of 
Foundation Models Supporting Time Series. arXiv preprint arXiv:2502.12226.



Conclusion
● RQ-3b: Is the rating method effective in helping users understand model 

behavior for selecting a model?

• Answer: This research question is addressed through the methods 
and findings presented in [1-3], some of which were discussed in the 
preceding slides.
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Can a general tool be built to 
rate and compare AI models 

across different tasks and 
domains?

RQ-3c
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Idea
● We build ARC (AI Rating through Causality), a tool for rating AI models 

across various tasks by assessing their robustness, which includes their 
sensitivity to input perturbations and bias (with respect to sensitive attributes 
like gender, race, age, …), and accuracy using a causal approach. 

● The tool is model-independent, providing causally interpretable ratings that 
help users compare and select models based on robustness.

● Currently, ARC supports tasks such as binary classification, sentiment 
analysis, group recommendation, and time-series forecasting.

● Users can also explore robustness-accuracy trade-offs through Pareto 
analysis. Users can use their own datasets for rating.
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Literature Gap
● Most AI models in critical domains like healthcare and education are 

black-boxes [1], relying on correlations rather than causal relationships 
[2], raising concerns about trust and interpretability [3]. 

● Existing methods to evaluate bias are often limited and fail to provide a 
unified, causal approach to assess robustness across models. 

● Our ARC tool fills this gap by providing a comprehensive evaluation of 
both robustness against perturbations and fairness for any AI model.
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Capability Comparison of 
Robustness Assessment Tools / 
Libraries
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Significance
● ARC simplifies the process for developers and decision-makers by 

providing an easy-to-use interface to compare models’ robustness, 
making it easier to select trustworthy models for deployment.

● ARC lets users explore performance trade-offs interactively with 
no-code.

● ARC allows users to analyze their own test data and models using 
the provided ARC metrics.
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Papers
● [1, 2] Our ARC tool provides a 

hands-on interface where users 
can visualize and compare 
robustness/accuracy scores 
across multiple tasks, models, 
and datasets that include 
sensitive attributes.
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ARC Tool

55

http://casy.cse.sc.edu/causal_rating

http://casy.cse.sc.edu/causal_rating


Conclusion
● RQ-3c: Can a general tool be built to rate and compare AI models across 

different tasks and domains?

• Answer: This research question is addressed through the ARC tool 
[1, 2], which was discussed in the preceding slides.
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What is the need for AI ratings if 
there are already explanations for 
the AI model? Conversely, what is 
the need for explanation, if there 

are ratings?

RQ-4
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Idea
● Traditional XAI techniques are useful for providing instance-level 

explanations, such as local explanations and global feature attributions. 

● However, they do not fully address all user needs, especially when it comes to 
comparing models across different scenarios. 

● Ratings evaluates models’ robustness and its sensitivity to protected 
attributes, allowing users to compare models in a task-agnostic manner. 

● We, hence, propose a holistic framework that combines ratings and traditional 
XAI methods, and evaluate this framework. We demonstrate this holistic 
approach through two case studies [1].

58[Under Review] Lakkaraju, K., Valluru, S., Srivastava, B., Holistic Explainable AI (H-XAI): Extending Transparency Beyond Developers in AI-Driven Decision Making.



Literature Gap
● One-off explanations are insufficient [1]. Current XAI approaches often treat 

explanation as a single-shot output rather than a process.
● As Hoffman et al. (2023) argue, explanation should be an exploratory activity, 

where users iteratively engage with the model's reasoning rather than 
passively receive a fixed explanation.

● Lack of stakeholder diversity in the design of XAI methods [2, 3].  
● Many XAI tools are developer-centric and fail to support the different needs of 

end-users, regulators, and domain experts, who require diverse forms of 
understanding, from "what-if" queries to bias assessment.
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Significance
● Current XAI methods are not interactive. They give one-shot answers. 

• But users often need to explore different scenarios, not just see a single 
explanation.

● Current XAI methods are designed mostly for developers 
• Existing tools focus on technical users. 
• They do not support other important stakeholders like customers, regulators, 

or domain experts.
• Users cannot test alternate inputs or switch between hypotheses. That kind of 

interactivity is key to building trust.
● Most explanations do not show how a model compares to simple baselines, like a 

random or biased model. That context can sometimes help people judge what’s 
going wrong.
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Papers
● We introduced the idea of Holistic-XAI (H-XAI), a unified framework that combines 

traditional XAI methods with ratings to serve a wide range of stakeholders beyond 
just developers. 

● H-XAI allows comparisons against random and biased baselines and supports 
exploration via interactive, causality-grounded explanations [1]. 

● In [2], using H-XAI framework, we assess why and when the foundation models 
perform well on time-series forecasting task. 
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Data

● Finance (D1):  6 parallel daily companies’ stock prices. sectors: technology / finance / 
pharma; source: Yahoo Finance. Forecast setup: context C=20, horizon H=5 (5 business 
days).

● Power (D2): 1 univariate minute-level power data from Tantiv4 sensors 
(high-frequency, very volatile). Forecast setup: C=1440, H=360 (6 hours of minutely 
data).

● Pedestrian (D3): 66 hourly series obtained from Melbourne pedestrian sensors. 
Forecast setup: C=72, H=18 (predict 18 hours).

● Car Parts / Sales (D4): 2,674 monthly series. Obtained from Monash/HTS archive. 
Forecast setup: C=8, H=2 (predict 2 months).

Widener, M., Lakkaraju, K., Aydin, J. A., & Srivastava, B. (2025, November). On Identifying Why and When Foundation Models Perform Well on Time-Series Forecasting Using Automated 
Explanations and Rating. In Proceedings of the AAAI Symposium Series (Vol. 7, No. 1, pp. 273-282).
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Models

● ARIMA (Statistical baseline): Classical univariate time-series model with explicit 
assumptions about stationarity and autocorrelation. 

● Gradient Boosting (Feature-engineered ML): Tree-based boosting model trained on 
manually engineered lag, rolling, and seasonal features. Trained per domain. 

● Chronos (Time-series foundation model): Pretrained transformer specifically 
designed for time-series forecasting (~47.7M parameters). 

● LLaMA (General-purpose LLM): Meta-Llama-3.1-8B-Instruct model adapted for 
forecasting via sequence-to-sequence formulation. Evaluated in both base and 
fine-tuned variants. Performance depends heavily on domain and fine-tuning.

Widener, M., Lakkaraju, K., Aydin, J. A., & Srivastava, B. (2025, November). On Identifying Why and When Foundation Models Perform Well on Time-Series Forecasting Using Automated 
Explanations and Rating. In Proceedings of the AAAI Symposium Series (Vol. 7, No. 1, pp. 273-282).
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RQ1: When forecasting models succeed or fail?

Gradient Boosting is the most reliable across domains, benefiting from 
engineered time and domain features. ARIMA is effective only for short, 
stationary series (Finance). Chronos performs well in finance but degrades under 
irregular seasonality or extreme sparsity (Car Parts). In contrast, the 
general-purpose LLM (LLaMA) is highly sensitive to sequence length (Power).

Widener, M., Lakkaraju, K., Aydin, J. A., & Srivastava, B. (2025, November). On Identifying Why and When Foundation Models Perform Well on Time-Series Forecasting Using Automated 
Explanations and Rating. In Proceedings of the AAAI Symposium Series (Vol. 7, No. 1, pp. 273-282).
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RQ2: What do common XAI methods tell us about why forecasting 
models succeed or fail?

GBoost succeeded because of its ability to explicitly leverage engineered features allows it 
to adapt to the unique “physics” of each domain (e.g., volatility in energy vs. zeros in car 
parts)
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Average Treatment Effect (ATE): Measures if model error varies significantly between different 
series after adjusting for time.

RQ3: How can rating augment our understanding of when and why 
forecasting models succeed or fail?

Gradient Boosting demonstrated low ATE in the Pedestrian and Car datasets, indicating that 
its error levels remain consistent regardless of the specific sensor or part being forecast

Widener, M., Lakkaraju, K., Aydin, J. A., & Srivastava, B. (2025, November). On Identifying Why and When Foundation Models Perform Well on Time-Series Forecasting Using Automated Explanations and Rating. In Proceedings of the 
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Weighted Rejection Score (WRS): Measures if model error varies significantly across temporal 
groups.

RQ3: How can rating augment our understanding of when and why 
forecasting models succeed or fail?

Gradient Boosting exhibited high WRS scores across all datasets, indicating that despite high overall 
accuracy, its reliability fluctuates significantly depending on the month or day of the week. Conversely, 
LLaMA achieved the lowest WRS in Finance, indicating that while its overall accuracy was poor, its error 
distribution remained stable and consistent across different time periods.

Widener, M., Lakkaraju, K., Aydin, J. A., & Srivastava, B. (2025, November). On Identifying Why and When Foundation Models Perform Well on Time-Series Forecasting Using Automated Explanations and Rating. In Proceedings of the 
AAAI Symposium Series (Vol. 7, No. 1, pp. 273-282).



Conclusion
● RQ-4: What is the need for AI ratings if there are already explanations for 

the AI model? Conversely, what is the need for explanation, if there are 
ratings?

• Answer: This research question is addressed through the methods 
and findings presented in [1, 2], some of which were discussed in the 
preceding slides.
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How can one calculate the 
ratings of composite AI based 

on the ratings of individual 
constituent models? 

RQ-5
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Idea
● We review existing notions of composite AI and adopt planning as 

the formalism to model composition. 

● A composite model is treated as a plan, a sequence of model 
components forming a pipeline. 

● Using observed ratings of individual models, we infer the composite 
model’s rating by tracing how perturbations or errors propagate 
across the plan.
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Literature Gap
● [1 - 3] explore composition of layers in a neural network or 

composition of specific mathematical operators. 
• But there is no prior work on composition of AI models.
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Significance
● Most real-world AI systems are composite. They are built by chaining 

together multiple models. 
• For e.g., translator + sentiment analysis, chatbot with various 

components to do different tasks, …
• Developers and auditors would be interested to know: “If I combine 

model A and model B, will the overall system be robust?”. 
● Goal: How can we estimate robustness without re-running full 

end-to-end tests?
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Papers
● We introduced the idea of rating composite AI models in [1], where we 

showed that bias from SAS can be exemplified or reduced depending on 
how input is transformed by round-trip translation.

● We introduced a probabilistic planning approach for assessing and 
constructing robust composite AI models and applied it to a round-trip 
sentiment analysis task [2]. We further demonstrated that the method 
scales to larger and deeper composite AI models composed of many 
primitive components.

● We applied this method to assess and construct robust and efficient 
composite chatbots [3]. Through a user study, we further found that the 
method supports users in identifying and constructing efficient chatbot 
compositions.
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Composite AI Models
● Composite AI models are constructed by sequencing multiple 

primitive AI components, where each component performs a 
well-defined function (e.g., translation, classification, generation, 
summarization).

● Composite AI models involve sequential, interdependent decisions 
under uncertainty, where early choices affect downstream 
robustness and cost.
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Planning to the Rescue
● We model composite AI as a sequential decision problem, where each 

stage selects a primitive component and outcomes are stochastic due to 
data and model variability.

● An agent executes a pipeline: it observes the current stage, selects a 
components based on the preconditions, and receives a reward based on 
the robustness, accuracy, and cost. 

• The planner improves the agent over time by learning a policy that 
maps stages to component choices.

● Objective: Learn component-selection policies that optimize 
end-to-end robustness, accuracy, and efficiency, rather than making 
local decisions.
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Setting-1: Composite Chatbot
● Stage 1 - Pre-processing / Paraphrasing:

• No paraphrase, 
• round-trip translation (Spanish), or
• round-trip translation (Danish).

● Stage 2 - Response generation:
• Rule-based SafeChat, 
• LLM-based chatbot (zero-shot), or
• LLM-based chatbot (with Retrieval Augmented Generation (RAG)).

● Stage 3 - Post-processing:
• No summarization, 
• extractive summarization, or 
• abstractive summarization.
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Data and Causal Model
● Data: HIV-related FAQ questions are augmented by adding 

pronouns and name-based identifiers, which serve as proxies 
for gender and race, while keeping the underlying question 
fixed. The resultant data has 1800 rows.

• Ex: “My name is Adam. What is HIV?”
● Causal Variables

• Protected attributes (Z): Names and pronouns as 
proxies for race and gender.

• Treatment (T): Explicit identity disclosure in the prompt 
(e.g., name included vs. not).

• Outcome (O): Response quality through measured as 
semantic similarity between the chatbot output and a 
fixed reference answer.
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Q-Learning
● Q-learning is a reinforcement 

learning method where an agent 
learns by interacting with an 
environment.

● Q-values estimate how good an 
action is in a given state in terms of 
long-term reward.

● Over time, the agent learns a policy 
that selects actions with the highest 
Q-values.
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Total Reward = 𝝰 * Accuracy + 𝝱 * Conciseness - 𝝺 * (WRS + DIE) - 𝝻 * Cost

Z

 X  O 

Stage 1: Paraphrasing 
(actions)

No paraphrasing ➡ para_no
Spanish ➡ para_spanish
Danish ➡ para_danish

Planners
🧠Learning-based (Q-learner)
⚙Heuristic-based (Lookahead)

         ⚖ Baseline (Fixed)
🎲Baseline (Random)

Eval: Top-3 Plans from Planner
para_no → sys_m3 → sum_no (99.992%)
para_no → sys_m3 → sum_ext (0.006%)
para_no → sys_m3 → sum_abs (0.002%)

Total Reward = Action 
Benefit - Action Cost

Sample Batch 
(25 rows)

Choose a planner 
(Q-learner)

Choose an action

(para_no)Stage 2: Response Generation 
(actions)

LLM (Zero-Shot) ➡ sys_m1
LLM (with RAG)  ➡ sys_m2

SafeChat (Rule-Based) ➡ sys_m3

Choose an action
(sys_m2)

Move to the next stage Planner 
Update

Q-table Update
stage-1: { para_none: 0.0, 
para_spanish: -0.5, … }
stage-2: { sys_m1: -0.4, 

sys_m2: -0.9, sys_m3: -0.5, … }
…

Data

Q-learner
- Reads state: (current_stage, 

pipeline_done)
- Selects action using ε-greedy over 

Q(s,a)
- Updates Q-table after each reward

Stage 3: Summarization (actions)
No summarization ➡ sum_no
Extractive ➡ sum_extractive

Abstractive ➡ sum_abstractive

Move to the next stage

Cho
os

e a
n a

cti
on

(su
m_e

xtr
ac

tiv
e)

Method
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Training

Total Reward = Accuracy + Conciseness - 10 * (WRS + DIE) - Cost
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Optimizing for DIE yields the strongest end-to-end policy, achieving high quality, low bias, and low 
cost. The learned Q-policies match or exceed baseline fairness while being orders of magnitude 
cheaper at inference time, suggesting that DIE-optimized policies provide a balance of robustness and 
efficiency for composite chatbot design.

Automated Evaluation

[Under Review] Lakkaraju, K., Aydin, J., Paladi, T., Patra, S., Srivastava, B., Zehtabi, P. (2026 January). On Robust and Efficient Chatbots and How to Automatically Compose Them from AI Components Using Automated Planning



User Study: Goal and Overview
● Goal: Examine whether users can perceive differences in correctness, fairness, 

and efficiency across chatbot workflows. Assess whether user preferences 
align with automated ratings produced by our method.

● Participants: 30 developers with varying AI experience (from minimal to 
extensive).Self-reported familiarity with: AI system development, Fairness in 
AI (5-point Likert scales).

● Task Overview: Participants evaluated three chatbot workflows (WF1–WF3), 
each composed of:

• Paraphrasing → Response Generation → Summarization

● Workflows were the top-3 composite chatbot configurations produced by our 
method, allowing direct comparison between human judgments and 
automated evaluation.
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User Study: Setup
● Participants evaluated each workflow along three dimensions/panels:

• Correctness: Factual accuracy w.r.t. official HIV/AIDS FAQ references 
(data).

• Fairness: Consistency of responses across user names (proxy for 
gender/race).

• Efficiency: Whether each primitive AI model added value to the final 
response.

● What participants saw:
• Example chatbot responses (2 per workflow for correctness/efficiency; 3 

name variants for fairness).
• A rating (1 - 3) generated by our method for each eval dimension.
• Workflow descriptions and panel-specific instructions.
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User Study: Questions and 
Hypotheses● Questions in the study:

• Rate the perceived correctness, fairness, and efficiency based on the 
provided examples (1 - 5).

• Agreement with automated ratings (1 - 5)
• Confidence in their own judgments (1 - 5)

● Hypotheses:
• RH1: Users perceive correctness differences across workflows
• RH2: Users perceive fairness differences across workflows
• RH3: Efficiency preferences are non-uniform across users
• RH4: Agreement with automated rankings varies by evaluation 

dimension

84
[Under Review] Lakkaraju, K., Aydin, J., Paladi, T., Patra, S., Srivastava, B., Zehtabi, P. (2026 January). On Robust and Efficient Chatbots and How to Automatically Compose 
Them from AI Components Using Automated Planning



85

RH1: Users distinguish workflows in the correctness panel, though differences are moderate 
and distributed 
RH2: Users rate Workflow 3 less fair than Workflows 1 and 2. 

User Study: Evaluation
Workflow 1: No paraphrasing → Rule-based chatbot → No summarization
Workflow 2: Paraphrasing → Rule-based chatbot → No summarization
Workflow 3: No paraphrasing → LLM with RAG → Extractive summarization

[Under Review] Lakkaraju, K., Aydin, J., Paladi, T., Patra, S., Srivastava, B., Zehtabi, P. (2026 January). On Robust and Efficient Chatbots and How to Automatically Compose Them from 
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User Study: Evaluation

RH3: For efficiency, each user made two workflow choices (for two examples). Overall, users 
prefer Workflow 1 > Workflow 3 > Workflow 2.
RH4: User agreement with automated rankings. Agreement is neutral for correctness and 
fairness, but above neutral for efficiency.

Workflow 1: No paraphrasing → Rule-based chatbot → No summarization
Workflow 2: Paraphrasing → Rule-based chatbot → No summarization
Workflow 3: No paraphrasing → LLM with RAG → Extractive summarization

[Under Review] Lakkaraju, K., Aydin, J., Paladi, T., Patra, S., Srivastava, B., Zehtabi, P. (2026 January). On Robust and Efficient Chatbots and How to Automatically Compose Them from AI Components Using 
Automated Planning



Setting-2: Round-Trip Translated 
Sentiment-Small (RTS-Small)
 ● Stage 1 - Pre-processing:

• No round-trip translation, 
• round-trip translation (Spanish), or
• round-trip translation (Danish).

● Stage 2 - Sentiment analysis: 
• DistilBERT-based, 
• TextBlob, 
• GRU-based, 
• biased, or
• random 
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Data
● Data: We use the Unibot dataset, consisting of 31 campus helpdesk 

conversations with 1,517 short utterances.
• Example: “Hey boy, Welcome to the University of South Carolina 

Student Living FAQs …”
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Causal Model

● Protected attributes (Z): Gender proxy.
● Treatment (T): Utterance
● Outcome (O): Sentiment score produced by the 

model. 
● The protected attribute does not influence 

treatment assignment, so no confounding is 
present.
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Total Reward = 𝝺 * (ATE - WRS - DIE) - 𝝻 * Cost

Z

 X  O 

Stage 1: Round-trip 
Translation (actions)

No translation ➡ trans_none
Spanish ➡ trans_spanish
Danish ➡ trans_danish

Planners
🧠Learning-based (Context-aware Q-learner)

⚙Heuristic-based (Lookahead)
⚠Baseline (Biased)
🎲Baseline (Random)

Eval: Top-3 Plans from Planner
trans_none → m_textblob (92.8%)
trans_danish → m_textblob (1.6%)
trans_none → m_random (1.6%)

Total Reward = Action 
Benefit - Action Cost

Sample Batch 
(50 rows)

Choose a planner 
(Context-aware 

Q-learner)

Choose an action

(trans_none)

Stage 2: Sentiment Analysis (actions)
🔤 Lexicon-based (TextBlob) ➡ m_textblob
🧠Neural network-based (GRU) ➡ m_gru
🔁Transformer-based (DistilBERT) ➡ m_dbert
🎲Baseline (Random)  ➡ m_random
⚠Baseline (Biased) ➡ m_biased

Choose an actio
n

(m
_textb

lob)

Move to the next 
stage

Planner 
Update

Q-table Update
stage-1: { trans_none: 0.0, 
trans_spanish: -0.5, … }

stage-2: { m_textblob: -0.4, 
m_gru: -0.9, m_dbert: -0.5, … }

Data

Context-aware Q-learner
- Reads state: (current_stage, 

pipeline_done)
- Selects action using ε-greedy over 

Q(s,a)
- Updates Q-table after each 

reward

Workflow
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Q-Learning provides a computationally efficient alternative to heuristic selection. It significantly 
outperforms random and biased baselines while achieving performance close to the heuristic at a 
fraction of the inference cost.

Evaluation: RTS-Small

Total Reward = - 10 * (WRS) - Cost

 [Under Review] Lakkaraju, K., Patra, S., Zehtabi, P., Srivastava, B., (2025 December). Assessing the Robustness of Composite AI Models via Probabilistic Planning.



Setting-3: Round-Trip Translated 
Sentiment-Large (RTS-Large)
 ● Stage 1 - Pre-processing:

• No round-trip translation, 
• round-trip translation (Spanish), or
• round-trip translation (Danish).

● Stage 2 - Sentiment analysis: 
• DistilBERT-based, 
• TextBlob, 
• GRU-based, 
• biased, or
• random 
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Data
● Data: We use the ALLURE dataset collected through three controlled user 

studies involving interactions with a multimodal tutoring system for solving 
the white cross on a Rubik’s Cube.The dataset contains 18 user-participant 
conversations with 3,543 utterances, and includes self-reported gender 
metadata (9 male, 8 female, 1 not disclosed).

• Example: “Hey boy, Welcome to ALLURE! I am Ally and today we will 
learn the different moves …”
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Causal Model

● Protected attributes (Z): Gender proxy.
● Treatment (T): User ID
● Outcome (O): Sentiment score produced by the 

model. 
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Q-L (WRS) attains the highest reward, while the Q-L (Both) objective achieves the best fairness 
scores (WRS and DIE). Across all comparisons, the Q-learning agents substantially outperform 
the fixed and random baselines, and do so with far lower inference-time cost and higher reward 
than the heuristic policy.

Evaluation: RTS-Large

Total Reward = 10 * (ATE - WRS - DIE) - Cost

 [Under Review] Lakkaraju, K., Patra, S., Zehtabi, P., Srivastava, B., (2025 December). Assessing the Robustness of Composite AI Models via Probabilistic Planning.



Setting-4: Synthetic Chains
 

● Data: Each synthetic data point includes a binary protected attribute Z and a 
treatment variable T, representing merit that ideally should influence the 
outcome. We introduce systemic bias by constructing T to be dependent on  
Z. The resultant dataset has 30,000 data points.

● Primitive models: We define two families of models: fair models, which 
place minimal weight on Z, and biased models, which place greater weight 
on Z when producing outputs.

● Sequential composition: The output produced at each stage is passed as 
input to the next stage, allowing bias to accumulate across the chain.

● Configurations: We evaluate two settings: 10 stages with 5 primitive models 
per stage, and 30 stages with 15 primitive models per stage.
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Causal Model

● Protected attributes (Z): Binary group attribute.
● Treatment (T): Merit attribute that should 

causally influence the outcome.
● Outcome (O): Model output score produced at 

each stage of the composite chain.
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The heuristic approach achieves the highest reward but incurs substantially higher inference-time than 
all other methods. The Q-Learning variants shift this computational burden to training, allowing fast 
inference while still performing significantly better than the fixed and random baseline policies. 

Evaluation: Synthetic (10 stages, 5 
models)

Total Reward = 𝝺 * (ATE - WRS - DIE) - 𝝻 * Cost

 [Under Review] Lakkaraju, K., Patra, S., Zehtabi, P., Srivastava, B., (2025 December). Assessing the Robustness of Composite AI Models via Probabilistic Planning.
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The heuristic approach achieves the highest reward but incurs substantially higher 
inference-time than all other methods. The Q-Learning variants shift this computational burden 
to training, allowing fast inference while still performing significantly better than the fixed and 
random baseline policies. 

Evaluation: Synthetic (30 stages, 15 
models)

Total Reward = 20 * (ATE) - 10 * (WRS + DIE) - Cost

 [Under Review] Lakkaraju, K., Patra, S., Zehtabi, P., Srivastava, B., (2025 December). Assessing the Robustness of Composite AI Models via Probabilistic Planning.



Top Plans in Synthetic Task

100

10 Stages, 5 
Models at each 

stage

30 Stages, 15 
Models at each 

stage
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Conclusion
● RQ-5: How can one calculate the ratings of composite AI based on the 

ratings of individual constituent models? 

• Answer: This research question is addressed through the methods 
and findings presented in [1 - 3], some of which were discussed in 
the preceding slides.
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Discussion: Impact and Future 
Directions

05.
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Book : Assessing, Explaining, and Rating AI 
Models for Trust : With Applications in Finance

● Authors: Kausik Lakkaraju, Biplav Srivastava
● The rating work culminated in a book on assessing, explaining, and rating AI 

models for trust. 
● The book focuses on AI assessment and explanation methods, how rating 

approaches can complement them to address existing gaps. 
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Open Source Contributions
1. [Tool] Kausik Lakkaraju, Siva Likitha Valluru, Biplav Srivastava, Marco Valtorta. AI Rating through 

Causality (ARC). https://github.com/ai4society/ARC
a. Tool: http://casy.cse.sc.edu/causal_rating

2. [Data] Kausik Lakkaraju, Bharath Muppasani, Sara Elizabeth Jones, Biplav Srivastava. Voter FAQs about 
elections from all around the world. https://github.com/ai4society/election-dataset

a. Tool: https://ai4society.github.io/election-dataset/
3. [Code] Kausik Lakkaraju, Aniket Gupta, Biplav Srivastava, Marco Valtorta, Dezhi Wu. Rating Sentiment 

Analysis Systems for Bias through a Causal Lens. https://github.com/ai4society/causal-sas-rating
4. [Tool] Gaurav Mundada, Kausik Lakkaraju, Biplav Srivastava.  ROSE: tool and data ResOurces to explore 

the instability of SEntiment analysis systems. https://github.com/ai4society/sentiment-rating
a. ROSE Tool: https://ai4society.github.io/sentiment-rating/

5. [Framework] Bharath Muppasani, Kausik Lakkaraju, Nitin Gupta, Vishal Pallagani, John A. Aydin, Vansh 
Nagpal, Sara Rae Jones. SafeChat: A Framework to Build Trustworthy Collaborative Assistant. 
https://github.com/ai4society/trustworthy-chatbot

6. [Library] Nitin Gupta, Pallav Koppisetty, Kausik Lakkaraju, Biplav Srivastava. GenAI Results Comparator 
(GAICo). https://github.com/ai4society/GenAIResultsComparator
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Future Work

● Extend the composite rating approach to agentic systems that dynamically 
select tools, models, and actions over long horizons.

● Integrate XAI methods to explain why one model is rated higher than 
another, helping practitioners understand which attribute interactions 
drive robustness or instability.

● Extend current analyses to explore alternative causal structures, such as 
mediators and multiple pathways, to better understand how model 
behavior arises.

• Study how changes in an input attribute propagate through 
intermediate variables before affecting model predictions.
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Conclusion

● The methods we introduced proved impactful in critical domains such as 
healthcare and finance. 

● Our rating work initially focused on smaller models, including 
lexicon-based and learning-based sentiment analysis systems, and was 
later extended to larger foundation models and more complex settings, 
such as time-series forecasting and composite AI models composed of 
multiple primitive components. 

● These methods have also sparked research conversations with 
researchers at institutions such as INRIA (France), KU Leuven (Belgium), 
and the Alan Turing Institute (UK).
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Publications and Contributions – 30
● 1 Book (Springer Nature)
● 2 Journal papers (IEEE TTS, AI and Ethics)
● 3 Demo papers (AAAI, DASFAA, WWW)
● 3 Doctoral Consortium papers (AIES, 

FAccT, IJCAI)
● 3 Book chapters (PROMISE, AI Magazine)
● 4 Conference papers (ACM ICAIF, IEEE 

TPS, AAAI Fall Symposium, AAAI IAAI) 
● 4 Manuscripts (under review)
● 4 Patents
● 6 Workshop papers (IJCAI, ICML, ICAPS, 

ICDM)

Industry Collaborations
● J.P. Morgan AI Research – 2+ years
● Cisco AI Research – 1 year
● Tantiv4 (Startup) – 1 year
● Mayo Clinic (Research Internship) – 4 

months

Professional Service
● PC Member: Web Conference 2026, 

AAAI 2026, AIES (2024, 2025)
● Journal Reviewer: IEEE TNNLS (2023, 

2025), IEEE TTS (2024), IEEE Internet 
Computing (2024).

● Conference Reviewer: IJCAI 2024
● Workshop Reviewer: ICML TEACH 2023

Achievements
● Presented at 3 Doctoral Consortiums: 

IJCAI 2025, FAccT 2025, AIES 2022.
● Received 2 NSF travel grants: IEEE TPS 

2023, IJCAI 2025.
● Organized a tutorial on my dissertation 

topic at ACM ICAIF 2024.
● Recipient of best CS graduate student 

poster award at Discover USC 2023.
● Secured first prize in ITT conducted by 

Siemens Healthineers twice.
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Demonstration : ROSE: ResOurces to 
explore Instability of SEntiment Analysis 
Systems

Scan the code to 
try our ROSE tool!
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1. MUNDADA, GAURAV, KAUSIK LAKKARAJU, and BIPLAV SRIVASTAVA. "ROSE: Tool and Data ResOurces to Explore the Instability of SEntiment Analysis 
Systems."

A Sentiment Analysis System 
(SAS) is an AI system that 
assigns a score indicating the 
emotional intensity and polarity 
(positive or negative) of the 
input it receives. The input can 
be in the form of text, speech, 
image, or a combination of 
these.

https://ai4society.github.io/sentiment-rating/
https://ai4society.github.io/sentiment-rating/


Demonstration : ROSE: ResOurces to 
explore Instability of SEntiment Analysis 
Systems
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Black-Box Vs. White-Box: 
Accuracy Vs. Interpretability

Image Source: https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062
123

https://towardsdatascience.com/the-balance-accuracy-vs-interpretability-1b3861408062


Problem with Current Explainable AI 
(XAI) Methods: Example Scenario
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Bluster

Prudence

Recommendation: 
The Godfather
Explanation: 
I recommended this 
because you liked 
Scarface, Taxi driver, 
….

Recommen
dation

Supporting 
Explanation 

Refuting 
Explanation

The 
Godfather

Scarface, 
Taxi driver, 
..

Goodfellas

Seven Zodiac All other David 
Fincher moviesDecision Maker
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1. Tim Miller. 2023. Explainable AI is Dead, Long Live Explainable AI! Hypothesis-driven Decision Support using 
Evaluative AI. In Proceedings of the 2023 ACM Conference on Fairness, Accountability, and Transparency (FAccT '23). 
Association for Computing Machinery, New York, NY, USA, 333–342. https://doi.org/10.1145/3593013.3594001

Bluster tells you what is the right decision and also 
explains why he is right.

Prudence, on the other hand, asks you what you want to 
do and provides evidence for and against your proposed 
decision. 



Problem with Current 
Explainable AI (XAI) Methods

Recommendation-based Decision Support: System gives 
recommendation without explanation. Assumes that the decision 

maker considers the recommendation carefully.
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1. Tim Miller. 2023. Explainable AI is Dead, Long Live Explainable AI! Hypothesis-driven Decision Support using Evaluative AI. In Proceedings of the 2023 ACM 
Conference on Fairness, Accountability, and Transparency (FAccT '23). Association for Computing Machinery, New York, NY, USA, 333–342. 
https://doi.org/10.1145/3593013.3594001

But do people consider the recommendation carefully?



Problem with Current 
Explainable AI (XAI) Methods

XAI for Decision Support: System gives recommendations with explanation 
/ interpretable model. Assumes that distrust can be mitigated through 

explanation.
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Conference on Fairness, Accountability, and Transparency (FAccT '23). Association for Computing Machinery, New York, NY, USA, 333–342. 
https://doi.org/10.1145/3593013.3594001

But do people pay careful attention to the explanation?



Problem with Current 
Explainable AI (XAI) Methods

Cognitive Forcing Method: Gives explanation but not the actual recommendation 
and the decision maker is forced to engage with this explanatory information. 
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 The method is still recommendation-driven as it ‘explains’ just 
the machine decision.



AI Systems Certification, 
Verification and Rating
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+δ
STOP Sign

Self-driving Car Prediction

The robustness certification ensures 
that the model's decision does not 
change within a certified radius, r i.e., 
∥δ∥ p ≤ r



AI Systems Certification, 
Verification and Rating
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STOP Sign

Self-driving Car Prediction

Verification aims to quantify the 
robustness i.e., how much 
perturbation the model can handle 
before its prediction changes. It 
estimates the certified radius, ‘r’.

Like verification, rating measures the 
model's robustness or bias under 
perturbations. It also evaluates the 
impact of each attribute on the 
system's outcome under different 
conditions.



SAS Results
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Data

131

● Yahoo! Finance data from six 
companies across three 
industries.

● Residuals (outcome) were 
computed as the difference 
between the predictions and 
ground truth. 

Input test dataset in sliding window format

Final dataset used for causal analysis
1. Lakkaraju, K., Kaur, R., Zeng, Z., Zehtabi, P., Patra, S., Srivastava, B., & 
Valtorta, M. (2024). Rating Multi-Modal Time-Series Forecasting Models 
(MM-TSFM) for Robustness Through a Causal Lens. arXiv preprint 
arXiv:2406.12908.



MM-TSMF: Data Preprocessing for Causal 
Analysis

132

● After predicting stock prices 
for the next 20 time steps 
based on the previous 80, 
using one year of Yahoo! 
Finance data from six 
companies across three 
industries, residuals were 
computed as the difference 
between the predictions and 
ground truth. 

● The maximum residual among 
the 20 was selected to capture 
the model’s worst-case 
behavior.

Input test dataset in sliding window format

Final dataset used for causal analysis



MM-TSFM Results
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User Study Results for TSFM
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TSFM Results
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Example Scenario - 2: Time-Series 
Forecasting
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Formulation

137

Question: F( 𝜓I ,  𝜓T) =  𝜓 /  F( RI ,  RT) =  R or 
vice-versa. What is the relation between individual 
ratings and the composite rating? Can one derive the 
final rating, given the individual ratings or vice-versa?

Question (simpler variation): If we are only giving 
binary rating (1 (biased), 0 (unbiased)), can we 
construct a ‘Trust table’ as shown in the following 
table by coming up with a set of operations that 
would give the relation between these three values.

Question (complex variation): The ratings can be 3- or 
4-values (neutral, biased, unbiased, no information). 

RI RT R

0 0 R1

0 1 R2

1 0 R3

1 1 R4

Table showing illustration of the simple 
variation of compositionality



Method

138


