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Hypotheses

• A prediction about how the world will behave if our idea is correct
• Worded as an if-then statement
• A hypothesis is a testable prediction
• A hypothesis is a falsifiable statement

• Terminology: 
• A hypothesis is never “proved” 
• But it could be “supported” by the evidence
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“I can always prepare a nice presentation, if I stay up the night before.”
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System Accuracy
Ⓐ 72.4
Ⓑ 68.9

• C1*: Ⓐ and Ⓑ are inherently different, in the sense that if they were 
inherently identical, it would be highly unlikely to witness the observed 
3.5% empirical gap.

• C2*: Ⓐ and Ⓑ are inherently different, since with probability at least 
95%, the inherent accuracy of Ⓐ exceeds that of Ⓑ by at least 𝛼%.
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A Typical AI Experiment: Example Hypotheses 
System Accuracy
Ⓐ 72.4
Ⓑ 68.9

• C1*: Ⓐ and Ⓑ are inherently different, in the sense that if they were 
inherently identical, it would be highly unlikely to witness the observed 
3.5% empirical gap.

• C2*: Ⓐ and Ⓑ are inherently different, since with probability at least 
95%, the inherent accuracy of Ⓐ exceeds that of Ⓑ by at least 𝛼%.

And many more . . . * Under some statistical assumptions about sampling of the observations.

Spoiler Alert: 
Almost everyone uses C1, even 
though it is harder to interpret. 
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• Observation 1: There are many different hypotheses that could 
address a single research question. 

Research QuestionHypothesis-1

Hypothesis-2

Hypothesis-3…
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Hypothesis vs Statistical Techniques

Research Question

• Observation 2: Each hypothesis ought to be assessed with an appropriate 
statistical tool. 
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Hypothesis vs Statistical Techniques

Research QuestionHypothesis-1Statistical Tool A

Hypothesis-2

Hypothesis-3…

Statistical Tool B

Statistical Tool C…

• Observation 2: Each hypothesis ought to be assessed with an appropriate 
statistical tool. 

• Corollary: Researchers should start with a hypothesis that best serves their 
goal, followed by an appropriate selection of a statistical approach. 
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• Observation 3: Somehow, we tend to forget about hypotheses
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Omission of hypotheses

Flawed practice: Many works use hypothesis assessment tests without knowing/stating 
their hypothesis. 

Research QuestionHypothesisStatistical Tool
? S1 >> S2
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Talk Summary & Statement

• There are several serious malpractices: 
• Incomplete reporting of hypotheses and how they address research questions. 
• Inability to interpret statistical tools or their results. 
• Lack of awareness about various Bayesian hypothesis assessment tools. 

• Research works should be explicit about: 
• (a) Their choice of hypothesis and, 
• (b) How selected statistical tool addresses this hypothesis. 
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Statistical tools in this work . . . 

Frequentist Bayesian

Binary/Categorical 
Decisions

Uncertainty 
Estimations

Null-Hypothesis 
Significance Test Bayes Factor

Confidence 
Interval

Posterior 
Intervals
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Notation

• Compare two systems on a set of 
instances: D

• A measure of performance:  M(S", D)
• θ" ≠ M(S", D)

• Several hypotheses: 
• H1: θ1 > θ2
• H2: θ1 > θ2 + b
• H3: θ1 = θ2
• … 
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Conclusions validating
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Null-Hypothesis Significance Testing

• The goal is to decide whether a particular hypothesis can be rejected.
• Make a hypothesis (that you want it to be rejected): null-hypothesis.
• Assume that null-hypothesis is correct. 
• Calculate the probability of getting an outcome as “extreme” or more 

than the observed outcome.
• This probability is called a “p-value.”
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P-value, Visualized
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P-value, Visualized

• Null-hypothesis: a hypothesis you want to reject & assume that it is correct. 
• P-value: the probability of getting an outcome as “extreme” or more than the 

observed outcome.
• A small p-value is used as a stronger evidence towards rejecting the null-hypothesis.
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P-value, Visualized

• Null-hypothesis: a hypothesis you want to reject & assume that it is correct. 
• P-value: the probability of getting an outcome as “extreme” or more than the 
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• A small p-value is used as a stronger evidence towards rejecting the null-hypothesis.
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P-value, Visualized

• Null-hypothesis: a hypothesis you want to reject & assume that it is correct. 
• P-value: the probability of getting an outcome as “extreme” or more than the 

observed outcome.
• A small p-value is used as a stronger evidence towards rejecting the null-hypothesis.
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Null-Hypothesis Significance Testing: Example

System Accuracy

Ⓐ 72.4%

Ⓑ 68.9%
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Interpreting p-values 

• Pretty complex notion! 

“The probability of obtaining test results 
at least as extreme as the results actually 
observed during the test, assuming that 
the null-hypothesis is correct.”  
--your favorite statistics textbook 
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Interpreting p-value

• P-value only indicates strict superiority and provides 
no information about the margin of the effect.

A statistically significant result (p < 0.05) indicates a 
large/notable difference between two systems. 
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(Demsar, 2008; Goodman, 2008)
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Or just keep listening to Daniel’s presentation!
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Posterior Intervals 

• Based on Bayesian inference framework. 

131(Thomas Bayes 1702-1761)
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Participants in Our Survey

• “I have used "hypothesis testing" in the past (in a homework, a paper, etc.)”
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Participants in Our Survey

• “I am not a robot”
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Trends and Patterns in the field

Study NLP conference papers: ACL’18 papers (439 papers)

Frequentist Bayesian

Binary 
Decision

Uncertainty 
Estimations

Null-Hypothesis 
Significance Test Bayes Factor

Confidence 
Interval

Posterior 
Intervals

How many papers did use 
significance testing? 
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Why?
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Have you heard about "Bayesian 
Hypothesis Testing"?
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Have you heard about "Bayesian 
Hypothesis Testing"?

Do you know the definition of 
"Bayes Factor"?
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"Bayes Factor"?
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§ Many people did not know the definition of “Bayes Factor” and some only had 
“heard” about them. 🤔

Have you heard about "Bayesian 
Hypothesis Testing"?

Do you know the definition of 
"Bayes Factor"?
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Measures of [Un]Certainty

(Goodman, 2008; Wasserstein et al., 2016)
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Uncertainty 
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Measures of [Un]Certainty

• P-values do not provide probability estimates on validity of 
hypotheses. 

(Goodman, 2008; Wasserstein et al., 2016)
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Measures of [Un]Certainty

• P-values do not provide probability estimates on validity of 
hypotheses. 

(Goodman, 2008; Wasserstein et al., 2016)

Frequentist Bayesian

Binary 
Decision

Uncertainty 
Estimations

Null-Hypothesis 
Significance Test Bayes Factor

Confidence 
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Posterior 
Intervals

👎

😑

👎

👍

• Posterior Intervals are interpretable 
in terms of post-data probabilities.
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Susceptibility to Misinterpretation

• The complexity of interpreting significance tests could result in 
ambiguous or misleading conclusions. 

200

Frequentist Bayesian
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• P-values, while being the most common 
approach, are inherently complex and 
easy to misinterpret. 
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Frequentist Bayesian
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Participants in Our Survey

• “I know p-values and I know how to interpret them.”
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Participants in Our Survey

• “I know p-values and I know how to interpret them.”
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A Survey Question: Interpreting P-value
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A Survey Question: Interpreting P-value

• An NLP paper shows a performance of 38% for a classifier-1. They 
also show that adding a feature improves the performance to 
45% (call this classifier-2). The authors claim that this finding is 
“statistically significant” with a significance level of 0.01. Which 
of the following(s) make sense?

a) The probability of observing a margin 7% is at most 0.01, assuming 
that the two classifiers inherently have the same performance.

b) If we repeat the experiment, with a probability 99% classifier-2 will 
have a higher performance than classifier-1.

205



A Survey Question: Interpreting P-value

• An NLP paper shows a performance of 38% for a classifier-1. They 
also show that adding a feature improves the performance to 
45% (call this classifier-2). The authors claim that this finding is 
“statistically significant” with a significance level of 0.01. Which 
of the following(s) make sense?

a) The probability of observing a margin 7% is at most 0.01, assuming 
that the two classifiers inherently have the same performance.

b) If we repeat the experiment, with a probability 99% classifier-2 will 
have a higher performance than classifier-1.

206



A Survey Question: Interpreting P-value

• An NLP paper shows a performance of 38% for a classifier-1. They 
also show that adding a feature improves the performance to 
45% (call this classifier-2). The authors claim that this finding is 
“statistically significant” with a significance level of 0.01. Which 
of the following(s) make sense?

a) The probability of observing a margin 7% is at most 0.01, assuming 
that the two classifiers inherently have the same performance.

b) If we repeat the experiment, with a probability 99% classifier-2 will 
have a higher performance than classifier-1.

23%

30%
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https://emojipedia.org/person-facepalming/


Unintended Misleading Result by Iterative Testing
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Unintended Misleading Result by Iterative Testing

• Many tests are designed for a 
single-round experiment. 

• In practice researchers perform 
multiple rounds of experiments. 

• This is a major problem when 
using binary tests. 

• E.g., you can “hack” a p-value test, 
with enough repetitions. 
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The Need for Assumptions

Frequentist Bayesian
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Uncertainty 
Estimations

Null-Hypothesis 
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The Need for Assumptions

• Which tests have assumptions? 
• Assumptions are necessary to perform any statistical tests. 

• “no free lunch” 

• Many of them are questionable! Frequentist Bayesian

Binary 
Decision

Uncertainty 
Estimations

Null-Hypothesis 
Significance Test Bayes Factor

Confidence 
Interval

Posterior 
Intervals
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Ambiguity problem in interpreting “significance”
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Ambiguity problem in interpreting “significance”

• An NLP paper presents system-1 and it compares it with a baseline 
system-2. In its “abstract” it writes: “... system-1 significantly improves 
over system-2.” What are the right way(s) to interpret this (select all 
that applies)

• It is expected that authors have performed some type of “hypothesis testing.”

• It is expected that the authors have reported the performances of two 
systems on a dataset where system-1 has a higher performance than system-2
with a notable margin in the dataset.
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• An NLP paper presents system-1 and it compares it with a baseline 
system-2. In its “abstract” it writes: “... system-1 significantly improves 
over system-2.” What are the right way(s) to interpret this (select all 
that applies)

• It is expected that authors have performed some type of “hypothesis testing.”

• It is expected that the authors have reported the performances of two 
systems on a dataset where system-1 has a higher performance than system-2
with a notable margin in the dataset.

83%

53%
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The Usage of “Significance”: Our Recommendation

• When referring to performing 
some type of “hypothesis testing,” 
use prefixes like “statistical” 

• When referring to big empirical 
improvements, use alternative 
terms like: “notable” or 
“remarkable.” 
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Tips and Suggestions 

Define the research hypothesis you are after: 

226

• C1: Ⓐ and Ⓑ are inherently different, in the sense that if they were 
inherently identical, it would be highly unlikely to witness the observed 
3.5% empirical gap.

• C2: Ⓐ and Ⓑ are inherently different, since with probability at least 
95%, the inherent accuracy of Ⓐ exceeds that of Ⓑ by at least 𝛼%.

• …

Frequentist Bayesian

Binary 
Decision

Uncertainty 
Estimations

Null-Hypothesis 
Significance Test

Bayes Factor

Confidence 
Interval

Posterior 
Intervals



Tips and Suggestions 

• If using frequentist tests: 
• The statements reporting p-value and 

confidence interval need to be precise.
• …  so that the results are not misinterpreted. 

• The term “significant” should be used with caution and clear purpose in order 
to not cause any misinterpretations. 

better under a significance test != significantly better
• One way to achieve this is by using adjectives “statistical” or “practical” before 

any (possibly inflected) usage of “significance.”
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Tips and Suggestions 
Frequentist Bayesian
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Uncertainty 
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Significance 

Test
Bayes Factor
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Posterior 
Intervals

Lots of good tips about: 
- Selecting the right “test”
- How to report your results. 
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Tips and Suggestions 

• If using Bayesian tests: 
• Be clear about your hierarchical model, any parameters in the model and 

the choice of priors. 
• Comment on the certainty (or the lack of) of your inference. 

Frequentist Bayesian
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HyBayes Package
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That’s it! 
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Participants in our Survey
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Participants in Our Survey

• “I can understand almost all the "statistical" terms I encounter in papers.”

235



Participants in Our Survey

• “I can understand almost all the "statistical" terms I encounter in papers.”

236


