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Recap: Experiments Rock
• We show we can estimate the :
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• Manoel’s thoughts:

- In the age of AI agents, we are now 

in the small n regimen.

- Variability is a huge issue (not only 

bias)

- I really liked their recommendations, 

some unintuitive ones for me were:

- Software/hardware stack

- Answer extraction
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Not the first crisis in sight
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Today’s lecture is about “what 
can go wrong” in an experiment!
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Chain of Thought (CoT)
• In an influential paper, Kojima et al. 

(2022) proposed changing the way we 
prompt models.


• Hypothesis: Asking the model to 
reason improves performance.

Q: A juggler can juggle 16 balls. Half 
of the balls are golf balls, and half of 

the golf balls are blue. How many blue 
golf balls are there? A: The answer 

(arabic numerals) is

Q: A juggler can juggle 16 balls. Half 
of the balls are golf balls, and half of 

the golf balls are blue. How many blue 
golf balls are there? A: Let’s think 

step by step.

6

https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916


Potential Problem #1:  
You measure the wrong thing
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Construct vs. Measurement
• In many cases, we care about an abstract construct. 


- E.g., we care about LLMs mathematical reasoning capabilities.

- This cannot be “operationally defined,” like height or temperature.


• The process of turning this construct into a concrete 
measurement is called operationalization.


• When we compare LLMs’ capacity to solve math problems 
in specific benchmarks, we get a concrete number.
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Construct Validity
The extent to which a test or 

measurement accurately represents the 
concept or construct it intends to 

measure. 

• How can we assert construct validity?

- There’s no statistic for construct validity!

- We need to build an argument using multiple 

sources of evidence.

Cronbach & Meehl (1955) 9



• Does the measurement span the construct’s domain?

- If we only evaluate on algebra word problems, we are not measuring 

math reasoning broadly.

- If CoT helps algebra but hurts geometry, can we say that CoT 

improves math reasoning?


• Does the measurement predict external criteria of interest?

- If we give two models (CoT vs. Regular) to people doing 

mathematics research, do they prefer outputs from the CoT version?

Construct Validity (cont’d)

10



• Does the measurement align with other measures of the 
same construct? 
- Do the CoT findings generalize across very different datasets related 

to math problems?


• Is the measurement driven by a different construct? 
- Maybe the model isn’t reasoning at all, it is just that when there are 

more tokens in the context, the model is more likely to give a correct 
answer?

Construct Validity (cont’d)
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Reliability
The extent to which a test or 

measurement produces consistent results 
when the underlying object being 

measured is the same. 
- BMI is a valid measure at the population level.

- However, it is unreliable at the individual level.


• Again, there’s no single statistic to 
ensure reliability!

12



• Do we get the same result if we repeat the measurement?

- Run the model multiple times with different random seeds.


• Do equivalent measurements give similar results?

- Create two matched math test sets, measure CoT effect in both.


• Do items intended to measure the same construct agree?

- Break the dataset into subskills. Measure CoT gains across them.

Reliability (cont’d)
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Potential Problem #2:  
You don’t detect an effect when 

the effect does exist
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Thought Experiment

• Suppose the coin is unfair.


• How often will a statistical test tell you it is unfair?


• With low , probably very rarely.n
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• Assume the null hypothesis  is correct.


• Measure , the probability of observing a test statistic as 
extreme or more extreme than observed, given .





• If  we reject the null hypothesis and assume that 
there is an effect. Typically  = 0.05.

H0

p
H0

p = P( |Z | ≥ |zobs | ∣ H0)

p ≤ α
α

Hypothesis Testing (Recap)
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• But what if  it is false and  is true? 


• Not all experiments can reject the null very often!


• Let  be the probability of “missing out” on an effect. 

-  = the probability we reject the null when it is false. 

- We call  the statistical power of an experiment.

H0 H1

β
1 − β

1 − β

Power
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Power
• Assuming the null, we have a 

distribution of :





• A test rejects the null if the 
probability of this happening 
under the null is unlikely.

Z

Z =
̂τ − τ

SE( ̂τ)
=

̂τ − 0
SE( ̂τ)

∼ 𝒩(0,1)

0

α
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• Now, assume that there is an 
effect! Then the distribution of 

 under the null hypothesis is:





• Power: orange area / total area

Z

Z =
̂τ − τ

SE( ̂τ)
=

̂τ − 0
SE( ̂τ)

∼ 𝒩( τ
SE( ̂τ)

,1)

0

α

τ/SE( ̂τ)

1 − β

Power
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• Power depends on:

- , because 


- , because 


- The significance threshold ( )


• To increase power, we can 
increase  or decrease the 
variance!

Var( ̂τ) SE( ̂τ) ∼ Var( ̂τ)
n SE( ̂τ) ∼ 1/n

α

n τ/SE( ̂τ)

0

α

1 − β

Increasing power
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Power for the Z-test
Under the alternative hypothesis, 





Then, we have that power equals to:


Z ∼ 𝒩(τ/SE( ̂τ),1)

1 − β =
Pr( |Z | > z1−α/2 ∣ H1) =

1 − Φ(z1−α/2 − τ/SE( ̂τ)) + Φ(−z1−α/2 − τ/SE( ̂τ)) τ/SE( ̂τ)

0

α

1 − β
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Power simulations
• In many cases, the estimator has no closed-form variance.


• The design of the experiment is complex (has clustering, 
blocking, and noncompliance)


• In this case, it is common to simulate power.

- Specify a data-generating process, an effect size, a sample size, 

and noise.

- Simulate data from this simulated experiment, and estimate the 

power empirically.
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Minimum 
Detectable Effect
“What is the minimum effect 
size my experiment is high 
powered enough to reliably 

detect” 

MDE = (z1−α/2 + z1−β) σ

n
τ/SE( ̂τ)

0

α

1 − β
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Experimental Design to Increase Power

• “Blocked randomization” 

- Headache treatment: Same demographics in both treatment and 

control groups.

- CoT example: matched questions in treatment and control group 

(algebra, geometry, etc).


• “Within subjects” 

- Headache treatment: Each participant takes a placebo once and 

the actual medicine once.

- CoT example: having multiple runs for the same question.
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Potential Problem #3:  
You detect an effect where the 

effect does not exist

26



Thought Experiment
• Suppose CoT prompting does not work.


• What if we tested 20 different prompts? 

- Let’s think step by step. 

- Describe your thinking step by step. 

- Write your thought process out loud as you solve the problem.

- …


• For each prompt, there’s 5% of chance we reject the null

- This is completely orthogonal to the sample size!
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Fooling Others with Statistics
• If you keep testing hypotheses 

until something is statistically 
significant, you will likely get a 
false positive! 


• Huge problem for science! If we 
only report statistically significant 
results, many findings will be false 
positives.
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Correcting for multiple comparisons
• Let  be a family of null hypotheses


• Let  be the set of indices where the null is actually true.


• Let  be their corresponding -values


• Family-wise error rate ( ) = probability of rejecting at 
least one true null hypothesis (i.e., getting a false positive). 

H1, …, Hm

ℐ0

p1, …, pm p

FWER
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Bonferroni Correction
• Idea: reject  if 





• If we do that, the FWER is !


• If we test 20 prompts, we will obtain a , !

Hi pi ≤ α/m

FWER = Pr ⋃
i∈ℐ0

pi ≤
α
m

≤ ∑
i∈ℐ0

Pr(pi ≤
α
m

) ≤ |ℐ0 |
α
m

≤ α

α

FWER = 0.05 α = 0.0025
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Other correction schemes
• Bonferroni correction is fairly conservative!


• One less conservative approach is Holm-Bonferroni

- Order your -values from bigger to smaller;

- Test the th smallest -value with .

- “Spend” your error budget on the most convincing result.”


• Hierarchical testing: 

- test one primary endpoint first; 

- If significant, “unlock” secondary endpoints in a pre-set order.

p
i p α/(m − i + 1)
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When should you correct?
• When to correct? Correct when you will (or could 

reasonably) claim discovery from any of several tests.


• One way to avoid losing power: label some hypotheses as 
confirmatory, others as exploratory (pattern finding).


• The exact rituals around correcting are somewhat disputed. 
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Problem solved?
• Researchers can “ -hack,” consciously or 

not in many ways.


• Changing data processing steps.


• Changing model specifications.


“A researcher when faced with multiple 
reasonable measures can reason (perhaps 

correctly) that the one that produces a 
significant result is more likely to be the least 

noisy measure, but then decide (incorrectly) to 
draw inferences based on that one only.”

p
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Pre-registration
• Pre-registration is a commitment device, where you specify 

key parts of an experiment or of an analysis in advance.


• You specify hypotheses, primary outcomes, sample size, 
analysis plan, correction strategies, and power analyses. 

• It makes your claims more credible by reducing your 
flexibility.
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osf.io
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Registered Reports

• Pre-registration does not solve the problem of scientific 
publishing being biased towards stat. significant results.


• Registered reports do! Your paper gets “accepted” into a 
journal based on the experiment plan.


• Then, a second round just reviews whether the experiment 
was done correctly, but reviewers shouldn’t judge the 
results!
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Potential Problem #4:  
Your treatment isn’t distributed as 

you wish it was
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Attrition

• Attrition occurs when some units assigned to the 
experiment are not observed in the outcome.


• If missingness is unrelated to treatment or outcome 
(“Random Attrition”): reduces your power!


• If units with specific outcomes are more likely to drop out, 
you can bias your estimate!

- Sanity-check: is attrition the same on treatment and control?
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• Suppose this happened for math questions! 


• Or that very hard questions “time-out”!

• Easy-to-imagine scenario: RCT with different diets.
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Compliance
• Compliance refers to whether 

units actually receive the 
treatment they were assigned.


-  treatment assigned

-  treatment received


• The LLM has some internal 
system to rewrite your prompts, 
such that some of them lose 
the “Let’s think step by step.”

Z ∈ {0,1}
T ∈ {0,1}

Z

0 1

T

0 Never-takers + 
Compliers

Always-takers + 
Defiers

1 Never-takers + 
Defiers

Always-takers + 
Compliers
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Some scenarios
• Some people don’t comply with the experiment when 

assigned to the treatment arm!

- You are mitigating your effect!


• Some people take the treatment even when assigned to the 
control arm!


- You are mitigating your effect!


• Specific traits correlated with the outcome mediate whether 
you comply.


- You are biasing your effect!
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