
BLOCK II:
High Stakes Decisions

Building intelligent Global Health and 
Humanitarian Response Technologies

Technical implementation to clinical use
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Week 5: CENTRAL QUESTION

When there is no safety net, how 
good is good enough?
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A missed diagnosis has dierent consequences when there is no second opinion, referral 
pathway, or chance to return.

● If an AI system improves care on average, who is allowed to become less safe?
● Is an accurate recommendation useful if the care it requires is out of reach?
● The benchmark is not just “How often is it right?” It is: What happens to the patient when it is 

wrong?



Metrics for 
decision-making

Week 5: (mini) CONTEXT LECTURE

Lecturer: Mary-Anne “Annie” Hartley
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Week 5: INTRODUCTION
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What is the metric of success?

CONTEXT
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Week 5: INTRODUCTION
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ICER: Incremental Cost-Effectiveness Ratio

CONTEXT



Week 5: INTRODUCTION
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Self fulfilling prophecy?

Whose expected life span?!

CONTEXT



From
Technological Implementation to 
Clinical Use

Week 5: ENGINEERING LECTURE

Lecturer: Dr. David Sasu

9



Week 5: From Technological Implementation to Clinical Use

Outline
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Hook: IBM Watson for Oncology

Why a CDSS fails

How we design a CDSS that earns human trust

Engineering robustness into your tools

Back to your Projects

01

02

03

04

05

ENGINEERING
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ENGINEERING

http://drive.google.com/file/d/1BQo-7ShECIWmo_b85ZUKUgXJkcDGsW3E/view


Week 5: ENGINEERING FAILURE

Looks cool right?
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ENGINEERING
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ENGINEERING

https://www.henricodolfing.ch/en/case-study-20-the-4-billion
-ai-failure-of-ibm-watson-for-oncology/

https://www.henricodolfing.ch/en/case-study-20-the-4-billion-ai-failure-of-ibm-watson-for-oncology/
https://www.henricodolfing.ch/en/case-study-20-the-4-billion-ai-failure-of-ibm-watson-for-oncology/
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Why IBM Watson for Oncology failed . . .

ENGINEERING

1. Unrepresentative training data and poor generalization across 
healthcare seings 
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Why IBM Watson for Oncology failed . . .

ENGINEERING

1. Unrepresentative training data and poor generalization across 
healthcare seings 

2. Unreliable clinical/health recommendations 

https://nypost.com/2025/10/24/health/real-life-w
ays-bad-advice-from-ai-is-sending-people-to-the
-er/

https://nypost.com/2025/10/24/health/real-life-ways-bad-advice-from-ai-is-sending-people-to-the-er/
https://nypost.com/2025/10/24/health/real-life-ways-bad-advice-from-ai-is-sending-people-to-the-er/
https://nypost.com/2025/10/24/health/real-life-ways-bad-advice-from-ai-is-sending-people-to-the-er/
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Why IBM Watson for Oncology failed . . .
ENGINEERING

1. Unrepresentative training data and poor generalization across 
healthcare seings 

2. Unreliable clinical/health recommendations 

3. Scaling before suicient real-world validation.
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Why IBM Watson for Oncology failed . . .
ENGINEERING

1. Unrepresentative training data and poor generalization across 
healthcare seings 

2. Unreliable clinical recommendations 

3. Scaling before suicient real-world validation.
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How do we design a CDSS that earns a 
clinician’s trust?

ENGINEERING

1. Representative training data and generalization across healthcare 
seings 

2. Reliable clinical recommendations 

3. Real-world validation before scaling.



Week 5: ENGINEERING FAILURE

Engineering approaches to 
increasing clinician trust in AI CDSS
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ENGINEERING
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Let’s assume that the goal is …
ENGINEERING

To build an AI-powered medical assistant for health workers in Rwanda … 
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well trained? And if not what do 
you do?
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Let’s assume that the goal is …
ENGINEERING

To build an AI-powered medical assistant for health workers in Rwanda … 

Problem 1: Is the underlying model 
well trained? And if not what do 
you do?

Problem 2: How do you ensure that the 
answers are not hallucinated?

Problem 3: How do you verify the 
answers that are given to ensure 
they are true and safe?
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Training time problem

ENGINEERING

If a model sees much more data from one 
domain than another, the gradients 
produced by that domain will have more 
influence on how the model parameters 
change. 
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Training time problem

ENGINEERING

This means that …

The choice of data mixture can 
therefore change which downstream 
abilities the model learns well.
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Training time problem

ENGINEERING

Dataset domain Example 
contents

Dataset size

D1 English medical 
QA

500,000

D2 French medical 
QA

100,000

D3 Kinyarwanda 
medical QA

15,000

D4 Rwanda clinical 
guidelines

10,000

D5 General 
biomedical 
guidelines and 
instructions

375,000

Question: If we were to simply 
concatenate this and train normally, 
what do you think will determine 
what the model learns?
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Training time problem

ENGINEERING

Dataset domain Example 
contents

Dataset size

D1 English medical 
QA

500,000

D2 French medical 
QA

100,000

D3 Kinyarwanda 
medical QA

15,000

D4 Rwanda clinical 
guidelines

10,000

D5 General 
biomedical 
guidelines and 
instructions

375,000

Question: If we were to simply 
concatenate this and train normally, 
what do you think will determine 
what the model learns?

Answer: Our model will receive far 
more parameter updates from 
English / general medical domains 
than by the small Kinyarwanda / 
Rwanda specific domains
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Training time problem

ENGINEERING

What we can do about this …

Core idea: 

Once you identify your source data domains and target 
tasks, during your training process, assess which target 
capabilities are learning more slowly than others and then 
increase training exposure to the source domains 
whose gradients are useful for improving the lagging 
capabilities.
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Training time problem

ENGINEERING

Applying this idea to our initial goal …

Source data 
domains

Target tasks Sampling 
proportions

English medical 
QA

English clinical 
QA

0.40

French medical 
QA

French clinical 
QA

0.10

Kinyarwanda 
medical QA

Kinyarwanda 
clinical QA

0.05

Rwanda clinical 
guidelines

Code-switched 
QA

0.05

General 
biomedical 
guidelines and 
instructions

Rwanda 
guidelines QA

0.40
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ENGINEERING
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proportions

English medical 
QA

English clinical 
QA

0.40

French medical 
QA

French clinical 
QA

0.10

Kinyarwanda 
medical QA

Kinyarwanda 
clinical QA

0.05

Rwanda clinical 
guidelines

Code-switched 
QA

0.05

General 
biomedical 
guidelines and 
instructions

Rwanda 
guidelines QA

0.40

training

Loss 1
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2.00

1.80

1.60

1.52AVG
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Training time problem

ENGINEERING

Applying this idea to our initial goal …

Source data 
domains

Target tasks Sampling 
proportions

English medical 
QA

English clinical 
QA
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French medical 
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0.10
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1.60

1.52AVG

Loss 2

0.80

1.02

1.96

1.76

1.52

1.412
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Training time problem

ENGINEERING

Applying this idea to our initial goal …

Source data 
domains

Target tasks Sampling 
proportions

English medical 
QA

English clinical 
QA

0.40

French medical 
QA

French clinical 
QA

0.10

Kinyarwanda 
medical QA

Kinyarwanda 
clinical QA

0.05

Rwanda clinical 
guidelines

Code-switched 
QA

0.05

General 
biomedical 
guidelines and 
instructions

Rwanda 
guidelines QA

0.40

training

Loss 1

1.00

1.20

2.00

1.80

1.60

1.52AVG

Loss 2

0.80

1.02

1.96

1.76

1.52

1.412

Overall average loss 
seems to be reducing 
so everything is cool 
right?
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Training time problem

ENGINEERING

Applying this idea to our initial goal …

Source data 
domains

Target tasks Sampling 
proportions

English medical 
QA

English clinical 
QA

0.40

French medical 
QA

French clinical 
QA

0.10

Kinyarwanda 
medical QA

Kinyarwanda 
clinical QA

0.05

Rwanda clinical 
guidelines

Code-switched 
QA

0.05

General 
biomedical 
guidelines and 
instructions

Rwanda 
guidelines QA

0.40

training

Loss 1

1.00

1.20

2.00

1.80

1.60

1.52AVG

Loss 2

0.80

1.02

1.96

1.76

1.52

1.412

Not quite!

(1.00-0.80) / 1.00 = 0.20

(2.00-1.96) / 2.00 = 0.02
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Training time problem

ENGINEERING

Applying this idea to our initial goal …
Target tasks Formulated task 

weights

English clinical QA 0.05

French clinical QA 0.10

Kinyarwanda clinical 
QA

0.40

Code-switched QA 0.30

Rwanda guidelines 
QA

0.15

Core idea: 

Once we have identified the tasks that 
are improving more slowly compared to 
others, we place greater emphasis on 
those tasks by applying higher weights 
to them.
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Training time problem

ENGINEERING

Applying this idea to our initial goal …
Source data domains Sampling proportions

English medical QA 0.40

French medical QA 0.10

Kinyarwanda medical 
QA

0.05

Rwanda clinical 
guidelines

0.05

General biomedical 
guidelines and 
instructions

0.40

Question: Which training domain 
produces parameter changes that 
would actually help the lagging target 
tasks?
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Training time problem

ENGINEERING

Applying this idea to our initial goal …
Source data domains Alignment with 

Kinyarwanda QA

English medical QA 0.08

French medical QA 0.03

Kinyarwanda medical QA 0.71

Rwanda clinical 
guidelines

0.52

General biomedical 
guidelines and 
instructions

0.14

Question: Which training domain 
produces parameter changes that 
would actually help the lagging target 
tasks?

To answer this question, we compare 
the alignment between the data domain 
gradients and target task gradients
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Training time problem

ENGINEERING

Applying this idea to our initial goal …

Source data 
domains

Target tasks New Sampling 
Proportions

English medical 
QA

English clinical 
QA

0.25

French medical 
QA

French clinical 
QA

0.08

Kinyarwanda 
medical QA

Kinyarwanda 
clinical QA

0.25

Rwanda clinical 
guidelines

Code-switched 
QA

0.20

General 
biomedical 
guidelines and 
instructions

Rwanda 
guidelines QA

0.22

After observing the Kinyarwanda and 
code-switched QA are lacking and 
observing that Kinyarwanda / 
Rwanda-specific training gradients 
helps those targets, we have to readjust 
our sampling weights to reflect this.

Old Sampling 
Proportions

0.40

0.10

0.05

0.05

0.40
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Training time problem

ENGINEERING

The entire cycle

Train model Evaluate target 
tasks Calculate R.O.I Update target 

priorities
Update training 

data mixture
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Inference-time knowledge problem

ENGINEERING

1. 

Hallucination 
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Inference-time knowledge problem

ENGINEERING

1. 

Hallucination Knowledge cut-os

2. 
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Inference-time knowledge problem

ENGINEERING

1. 

Hallucination Knowledge cut-os

2. 

Retrieval Augmented 
Generation (RAG)
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Inference-time knowledge problem

ENGINEERING

How Retrieval Augmented Generation (RAG) works
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Inference-time knowledge problem

ENGINEERING

How do we know RAG works well especially for medical use-cases?
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Inference-time knowledge problem

ENGINEERING

MedRAG toolkit
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Inference-time knowledge problem

ENGINEERING

MedRAG toolkit

evaluated on

Medical Information Retrieval-
Augmented Generation Evaluation

(MIRAGE) 
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Inference-time knowledge problem

ENGINEERING

MedRAG toolkit

evaluated on

Medical Information Retrieval-
Augmented Generation Evaluation

(MIRAGE) 

produced

RAG can increase the performance 
of models
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Inference-time knowledge problem

ENGINEERING

However, BEWARE . . .

The corpus as well as the retrieval approach can aect 
performance  
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Inference-time knowledge problem

ENGINEERING

However, BEWARE . . .

The corpus as well as the retrieval approach can aect 
performance  

Regarding how corpus can aect RAG, look at how 
performance for PubMedQA improves when the documents 
used for RAG are from PubMed. 
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Inference-time knowledge problem

ENGINEERING

However, BEWARE . . .

The corpus as well as the retrieval approach can aect 
performance  

Regarding how corpus can aect RAG, look at how 
performance for PubMedQA improves when the documents 
used for RAG are from PubMed. 

Also look at how combining all of the documents into one 
corpora led to an overall jump in performance across the 
benchmark
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Inference-time knowledge problem

ENGINEERING

Also beware…

Retrieving more chunks can help up to a 
point, but too many can introduce noise 
and hurt performance.
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Inference-time knowledge problem

ENGINEERING

And also …

The position of useful chunks  in top-k 
chunks returned maer



53

Output verification problem

ENGINEERING

Even after training the model beer and 
giving it access to more information, can we 
verify what it actually says?
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Output verification problem

ENGINEERING

Even after training the model beer and 
giving it access to more information, can we 
verify what it actually says?
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Output verification problem

ENGINEERING



Questions?
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ENGINEERING



Thank You
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Building intelligent Global Health and 
Humanitarian Response Technologies
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