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What makes a ”good” benchmark?
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What makes a “good” benchmark?
1. Publicly available datasets 
2. Clear and relevant metrics 
3. Easily automated for quick evaluations 
4. Investigate reliability, generalizability, and fairness of models 
5. Multimodal or incorporating different data types 
6. Dynamic to evolving AI models 
7. Source of centralized resources to annotate and create tasks 
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Outline
• Lessons from ImageNet (20 mins)
• Health benchmarks (10 mins)
• LLM benchmarks (15 mins)
• Discussion (5 mins)
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Learning Objective: Understand criteria for health AI benchmarks

How can we make Data 
146 better for you?
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ImageNet
• Created by Fei-Fei Li in 2006 
• Contains 14 million images, 20k groups 
• 120 categories of dog breeds 
• Images scraped from online image search 

(Google, Flickr, Yahoo) 
• Labeled with Amazon Mechanical Turk 
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Do ImageNet Classifiers Generalize?
• Classifiers trained and tested on ImageNet may be 

overfitting 

• Increases in performance may only be learning about 
internet photos from these specific sources (e.g., camel on 
sand vs grass) 

•When does the benchmark stop serving the purpose? 
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What is overfitting?
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What is overfitting?

https://www.geeksforgeeks.org/machine-learning/underfitting-and-overfitting-in-machine-
learning/ 11



What is overfitting in the age of deep 
learning?
1. In higher dimensional data or with models with many 

parameters, do we always overfit? Not necessarily!
• Example: neural networks

2. Instead, think of “overfitting” as a form of generalizing from 
source to target dataset
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What is overfitting?
• Given data points 𝑥! , 𝑦! drawn i.i.d from an unknown 

distribution 𝑃(𝑋, 𝑌)
• A model 𝑓" 𝑥 with parameters 𝜃 predicts 𝑦 from 𝑥
• If we define loss function 𝐿(𝑓" 𝑥 , 𝑦) :
• Expected risk is 𝑅 𝜃 = 𝐸 !,# ~ % 𝐿 𝑓& 𝑥 , 𝑦
• Empirical risk is *𝑅' 𝜃 = (

'
∑𝐿(𝑓& 𝑥) , 𝑦))

• Overfitting happens when ,𝑅# 𝜃 < < 𝑅 𝜃
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Do ImageNet Classifiers Generalize?
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Do ImageNet Classifiers Generalize to
ImageNet?
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Do ImageNet Classifiers Generalize to
ImageNet?
• Researchers were interested in generalization
• Do overuse of a benchmark dataset and benchmark task 

lead to models that generalize? 
• Corollary: Do models perform as well on the same 

dataset? 
• Researchers recreated data collection using the protocols 

of CIFAR-10 (Tiny Images) and ImageNet (Flickr) 
• Used Mechanical Turk labelers 
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Recht et al, “Do ImageNet Classifiers Generalize to ImageNet?”, 
https://arxiv.org/pdf/1902.10811 
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Do ImageNet Classifiers Generalize to 
ImageNet? 
1. Overall performance goes down
2. Relative ordering of models stays consistent 
3. Models do NOT seem to be overfitting 
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What makes a “good” benchmark?
1. Publicly available datasets 
2. Clear and relevant metrics 
3. Easily automated for quick evaluations 
4. Investigate reliability, generalizability, and fairness of models 
5. Multimodal or incorporating different data types 
6. Dynamic to evolving AI models 
7. Source of centralized resources to annotate and create tasks 
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What makes a “good” healthcare
benchmark?
1. Publicly available datasets 
2. Clear and relevant metrics 
3. Easily automated for quick evaluations 
4. Investigate reliability, generalizability, and fairness of models 
5. Multimodal or incorporating different data types 
6. Dynamic to evolving AI models 
7. Source of centralized resources to annotate and create tasks 
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Healthcare Benchmark Datasets
• MIMIC-III/MIMIC-IV (ICU data)
• eICU Collaborative Research Database
• CheXpert, ChestX-ray14 (Medical imaging)
• PhysioNet Challenges (ECG, sepsis prediction)
• USMLE, NEJM Clinical Questions, MedQA (Natural 

language) 
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MIMIC
• Developed in 2016 by a team at 

MIT 
• Includes 53k adult patients in 

ICU at Beth Israel Deaconess 
Medical Center (BIDMC) from 
2001-2012 and 7800 neonates 
• Includes clinical notes, signals, 

diagnoses, and full ICU stay 
information 

26Johnson et al, “MIMIC-III, a freely accessible critical care database”, Nature. 



MIMIC Benchmarking

27Harutyunyan1 et al, “Multitask learning and benchmarking with clinical time series data”, 
https://arxiv.org/pdf/1703.07771
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Are medical exams good benchmarks? 
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Are medical exams good benchmarks? 
1.Ignores complexity of real-world clinical practice
• Contains complete data, non-iterative
• Well-written narrative
• Humans who score better on USMLE don’t make better doctors 

2.LLMs are used for wider array of clinical tasks
• Different formats of real clinical data
• LLMs are sensitive to answer choice order 

3.Medical exams are for clinicians, not all healthcare workers 
• Wide range of skills and expertise needed 
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Raji et et al, “It’s Time to Bench the Medical Exam Benchmark”, NEJM AI 2025 
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MedHELM Metrics 

•For exact match datasets, check against “correct 
answer” 
•For open-ended text generation, use either: 
• String-based metrics (BLEU, ROUGE, METEOR)
• Semantic similarity (BERTScore) 
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BLEU Evaluation Metrics

34https://kv-emptypages.blogspot.com/2019/04/understanding-mt-quality-bleu-scores.html



35Zhang et al, “BERTScore”, ICLR 2020; https://sh-tsang.medium.com/brief-review-bertscore-
evaluating-text-generation-with-bert-0bc5fc889d7b 



Medical Summarization Tasks
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• Given the original note, how good are the medical summaries?
• If two summaries (LLM-generated and gold-standard) are 

deemed “close” by BERTScore, are they also deemed “close” 
by humans?
• Pearson correlation:
• 0 = no correlation
• 1 = perfect correlation

Agrawal et al, “The evaluation illusion of clinical language models”, Nature Digital Medicine
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Summary
üLessons from ImageNet
üHealth benchmarks
üLLM benchmarks
üDiscussion
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Next class: Bias and fairness

How can we make Data 
146 better for you?


