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Grant peer review is suboptimal



CIHR Project Grant review process

1. Three assigned reviewers read and score
Assigned partly on self-declared expertise

2. The committee discusses » consensus score
Our interest Reviewers present; all other members are “panelists”

is here »>>- 3. Every member then scores privately

Final scores must stay within +0.5 of consensus



The context

Scores decide who gets funded
Peer review moves billions of research dollars

Scores come from humans in conversation
Panel discussion can change what reviewers think

Engagement and expertise are differential
Some members read the application closely; most

did not



Prior literature

Reliability is low
Inter-rater agreement is moderate-to-low

Equity concerns are longstanding
Evidence of disadvantage by gender, race/ethnicity,
and career stage in how panels score applications

Discussion is rarely studied
“Strategic rating” and discussion dynamics can
worsen inconsistencies and lead to bias
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2018 2017 2012



Ch:
MP :
Ch:
CV:
Ch:
GJ:

Ch:

Other comments? (pause) So with that, let’s hear our new scores?
So I'1l1l move to a four.

Secondary?

Uh, I’11l move to a four also.

Dr. Joshi?

I had four to begin with and I'll stay there.

Anyone outside that ra—these are pretty serious concerns that were

raised. Four 1s a very high score.

JR:
CV:
AA:

Ch:
GJ:
MP :
Ch:

Yeah.
Yeah mine, actually go to a five.
(laughter)

Okay.

I’"11 go to five.
I’"11 go to five.
Let’s go again.

Pier et al. (2017), Figure 6

6/ 16



Approach: Analyzing CIHR’s funding
data



Research questions

Aim 1: Expertise and engagement

Do reviewers vs. panelists, and high vs. low
expertise, differ in how they deviate from
consensus?

Aim 2: Whose scores move?
Do those patterns differ by applicant characteristics?

Aim 3: What if?
Exploring alternatives (weighting by engagement,
partial randomization).



Elements of CIHR’s funding analytics database

Indicator

Availability

Application

Funding result

Extractable

Consensus score

Extractable

Resubmission status

Extractable (2023+)

Keywords / domain, # investigators, funding requested

In-house only

Applicant

Prior funding success

Extractable

Gender, career stage

In-house only

Scientific productivity

To clarify

Member

Role (reviewer vs. panelist)

Extractable

Self-declared expertise (High/Med/Low/Not enough)

Extractable

Final score, initial reviewer scores

Extractable

Prior funding success, conflicts of interest

Extractable

Gender

In-house only

Reviewer experience/tenure

To clarify




Approach: bring the code to the data

Restricted application-level data
CIHR Funding Analytics holds it; we do not see
identities

Code must be submitted remotely
Analysts run it and return results (no interactive
debugging)

So we simulate first
Build, test, and pre-specify the whole pipeline on
synthetic data



The simulated world
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A two-part model for a “spike and slab” outcome

Outcome: d; i, = final score — consensus score

Most likely adopt the consensus (d = 0)

7500 1

count

2500 1

5000 1

05

0.4 0.3 0.2 0.1 0.0 0.1 0.2 0.3 0.4
Deviation from consensus score

0.5

Part1: did they deviate at all?

Part 2: by how much, and in which direction, if they
did?

E|d] = P(deviate) x E|d | deviate]

7 4

Part 1: };rnoulli Part 2?Grdinal

Bayesian multilevel models with committee,
application and member effects

Both parts allow role and expertise to shift the
location and, in Part 2, the spread



CIHR is actively reconsidering its own process

Strengthening peer review
Need to improve the quality of panel discussions and
reduce burden

Process strain
Application volume up ~50% since 2023; Half of
invited reviewers decline

Community frustrations
Concerns about reviewer workload and turnover,
frustrations with virtual meetings



Why dedicated metaresearch funding matters

Access

Partnership with the funder itself makes evaluating
the funder’s own process possible

Time to do it properly

Simulation, pre-specification and open code are
slow and rarely rewarded in project grants

Open science with sensitive data
A reusable template for “open code, closed data”
evaluation
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