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please introduce yourself!
• Provide your name, institution & S-STEM 

award track (if applicable)
• Did you attend or watch the recording of last 

month’s ‘Part 1’ webinar?

• What initial questions do you have 
coming into today’s webinar (if any)?

what are you curious about?

In the chat…
Who is with us today?
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Housekeeping
A great deal of how we communicate involves body language and nonverbal cues are helpful to let us know 
how you are responding to the discussion. You are welcome to turn on your camera.

Please keep you microphone on mute. You may use the “raise your hand” button if you wish to ask a 
question.

Please introduce yourself in the chat and ask questions there anytime throughout the webinar.

Closed Captioning is accessible - click on the CC icon in the meeting control bar at the bottom of your screen. 

Today’s slides and recording will be posted on the event page of the S-STEM REC website.

Contact Rachel Stivers in the chat or at rstivers@aaas.org for technology questions or issues.

Please take our short live survey to provide feedback on this virtual event!
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AAAS S-STEM Resources & Evaluation Center (REC)

The S-STEM REC seeks to cultivate a network of S-STEM stakeholders and promote the exchange of ideas, 
resources, opportunities, and knowledge related to the effective strategies and practices to increase the 
number of talented low-income students obtaining degrees in STEM and entering the STEM workforce.
AAAS S-STEM REC works to:

   Increase the effectiveness of the S-STEM Portfolio

   Build the capacity of S-STEM Network Programs

   Build the capacity of S-STEM Scholars

This material is based upon work supported by the National Science Foundation (NSF) under Grant No. DUE-2224093. Any opinions, findings and 
conclusions or recommendations expressed in this material are those of the author(s) and do not necessarily reflect the views of the NSF.

https://sstemrec.aaas.org/
https://sstemrec.aaas.org/
https://sstemrec.aaas.org/
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Meet the Presenters

Joseph Taylor, PhD

AIR
jotaylor@air.org
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AIR
mrodgers@air.org

Melissa Rodgers, PhD
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Webinar Purpose and Objectives
• Purpose: Guide PIs and evaluators through propensity score methods to strengthen 

quasi-experimental designs (QEDs) when random assignment is not feasible. 

• Objectives: 

7

Describe

…the purpose 
and key concepts 
of propensity 
score methods, 
specifically 
matching and 
weighting.

Understand

…how to 
estimate 
propensity 
scores and how 
to assess balance 
and other model 
diagnostics. 

Develop

… an analytic 
approach for 
estimating 
effects on 
outcomes in 
evaluations of S-
STEM projects.

Scope

… a QED study 
using your own 
S-STEM project 
data.
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Agenda

1. Recap of Creating a Comparison Group

2. Overview of Propensity Scores

3. Matching and Weighting Methods

4. Propensity Score Analysis Steps

5. Interactive Examples for 2 Propensity Score Methods (Using R-code)

a. Matching and balance assessment

b. Weighting and doubly robust outcome analysis

8
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Recap of Creating a Comparison Group

1. Comparison groups are essential for estimating project impact

2. QEDs are the most feasible option for S-STEM projects, because random assignment is 
not feasible

3. Different comparison-group options involve trade-offs between rigor and feasibility

4. Access to administrative data (and timing) to establish comparison group

5. Establishing baseline equivalence (balance) is critical for credible impact estimates

6. Combining strong design strategies (matching or weighting) with appropriate analytic 
strategies provides stronger evidence than using either alone.

9



|  A I R . O R G

Overview of Propensity Scores

10
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Propensity Score Overview

• Using Propensity Score methods attempt to replicate the covariate baseline balance achieved 
in a randomized experiment (as if students were randomly assigned to get the scholarship).

• Propensity Scores are the probability that a student would have been in the treatment group 
based on observed characteristics.

• Propensity score methods can reduce bias from differences in observed characteristics, but 
not from unobserved differences.

11
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Constructing Propensity Scores

12

ID Age Female Nonwhite S-STEM Project … PS

1 17 1 1 1 0.9

2 18 0 0 1 0.8

3 17 1 1 0 0.9

4 19 0 0 0 0.2

• For each person, all observed characteristics are reduced to a single 
propensity score.

• For matching, we would match a student in the S-STEM project to a student 
who did not that has a similar propensity score (e.g., match #3 to #1).
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Some Key Propensity Score Assumptions

• No unobserved confounders (not 
testable)

• Common support assumption

13
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Poll 
Have you heard of or used propensity 
score analysis before?

• Yes

• No

14
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Matching and Weighting Methods

15
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Overview of Matching and Weighting

PS Matching

• Match treated students to one or more 
comparison student with similar propensity 
scores. 

• In the matched sample, treated and 
comparison students are similar observed 
characteristics.

• Most useful when: There is a large pool of 
comparison students

16

PS Weighting

• Assign weights to treated and comparison 
students based on their propensity scores.

• Weighting creates a sample where the 
distribution of observed characteristics is 
similar between treated and comparison 
students.

• Most useful when: The pool of potential 
comparison student is small or limited
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Propensity Score Matching

17
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Propensity Score Matching (1:1 Nearest Neighbor)
Treatment

Comparison

Matched Treatment

Matched Comparison

Unmatched Students

0.7

0.7

0.7

0.7

18
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Matching Methods

Nearest Neighbor Matching (i.e., greedy matching)

• Matches each treated student to one or more comparison student with the closest PS

– Sometimes implemented using a Caliper, which limits how different treatment students can potentially 
be from a control student (in terms of distance)

– Can be done with or without replacement 

Optimal Matching (i.e., nongreedy matching)

• Selects matches that minimize overall difference in PS across all matched treated-comparison pairs

Exact Matching

• Matches students based on exact values of predefined covariates (examples: state, school, age, gender)

19
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Matching Methods

Advantages: 

• Creates comparability between groups by pairing treated students with similar 
comparison students. 

• Can achieve strong balance on observed characteristics

Limitations: 

• Some students may be excluded if suitable matches are not available. 

• Smaller matched samples can result in reduced statistical power and lower precision. 

20
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Propensity Score Weighting

21
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Propensity Score Weighting
Treatment

Comparison

Weighted Treatment

Weighted Comparison

22
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Propensity Score Weighting
Treatment

Comparison

Weighted Treatment

Weighted Comparison

23
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Weighting Methods
Inverse Probability of Treatment Weights (IPTW): uses propensity scores to create two groups with similar 
distributions of observed characteristics.

Two Common Effects related to weights: 

• Average Treatment Effect (ATE): Average difference in outcomes if everyone in the population received the treatment versus 
if no one did.

– If every STEM major at the university received a scholarship, how much better would their outcomes be than if every 
STEM major did not receive a scholarship?

• Average Treatment effect on the Treated (ATT): Average difference in outcomes for students who actually received the 
treatment, compared with what their outcome would have been without it. 

– For the students who received scholarships, how much better were their outcomes than if they hadn’t received the 
scholarship?

Note: In S-STEM evaluations, ATT is often most relevant because the focus is on students who received scholarships; this is the 
effects we will use in our example. 

24
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Weighting Methods
Advantages: 
• Retains all students in the dataset for analysis

• Avoids dropping treated or comparisons students due to lack of matching

Limitations: 
• Very large or very small propensity scores can lead to extreme weights

• Extreme weights can increase variability and reduce estimate stability

Common Remedies: 
• Trim or truncate extreme weights 

• Check balances and weight distributions before estimating outcomes

25
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Poll and Discussion
Based on what you’ve seen so far, would 
matching or weighting best fit your 
needs?

• Matching

• Weighting

• Not Sure

26
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Propensity Score Analysis Steps

27
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Propensity Score Analysis Steps

1. Examine initial imbalance on baseline covariates for treatment vs comparison groups

2. Estimate the Propensity Score model using selected baseline covariates

3. Create comparable groups with Propensity Score Matching/Weighting

4. Check balance and refine the Matching/Weighting method if needed

5. Estimate program effects using the Matched/Weighted Sample

28
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Interactive Examples of 2 propensity score 
methods

Using R-code & Example Dataset

29
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R References, Packages, and R-Script/Example Dataset

• Download R/R-Studio: https://bookdown.org/introrbook/intro2r/installing-r-and-rstudio.html 

• Related R-Package: 

• MatchIt: https://kosukeimai.github.io/MatchIt/

• WeightIt: https://ngreifer.github.io/WeightIt/ 

• Annotated R-Script for this Webinar: 
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_PI_Webinar_part2_training_r_code.txt

• Example Dataset:
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_pt2_ex_rdata.xlsx

30

https://bookdown.org/introrbook/intro2r/installing-r-and-rstudio.html
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https://kosukeimai.github.io/MatchIt/
https://ngreifer.github.io/WeightIt/
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_PI_Webinar_part2_training_r_code.txt
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_PI_Webinar_part2_training_r_code.txt
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https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_pt2_ex_rdata.xlsx
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_pt2_ex_rdata.xlsx
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_pt2_ex_rdata.xlsx
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Example Dataset

• Dataset: Student-level data from an example S-STEM Project with a comparison group 

• Sample: College students 

• Intervention: S-STEM Scholarship 

• Outcome: College GPA (End of First Year)

• Baseline covariates: Measured before S-STEM Selection
– Male
– Age 
– Race/ethnicity (nonwhite indicator) 
– Pell grant recipient (proxy for socioeconomic status) 
– Engineering Major (or not)
– Prior academic achievement: ACT Score

31
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Identifying your baseline covariates

• Ask three key questions about each variable:
– Was it measured before the scholarship award (e.g., ACT Score)? 
– Does it predict who is likely to receive the scholarship (e.g., socioeconomic status)? 
– Does it predict the outcome (e.g., GPA)? 

• Variables that meet one or more of these criteria are strong candidates for inclusion as baseline 
covariates in your propensity score model.

• Administrative data are especially valuable because they typically include rich pre-treatment 
information for all students and can be accessed retrospectively.

32
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Activity: Share-Out
Time: 5 minutes

Instructions: Raise your hand or type 
in chat...

• What student-level characteristics do you 
have access to, or could potentially 
access, through your campus institutional 
research office?

• What experience, challenges or lessons 
learned when obtaining these data?

33
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Worked Example: Matching

34
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Step 1: Examine initial imbalance.

WWC standard states that the SMDs need to be < |0.25| to consider a covariate balanced.

35

Matching Example
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Step 2: Estimate PS model with matching

• In quasi-experimental designs, the propensity score is not known and must be 
estimated using observed data

• Estimate PS with a logistic regression model that regresses the treatment variable on 
observed baseline covariates related to the outcomes. 

• This code produces the propensity score and matched indicator with MatchIt R-code:

Note: Nearest Neighbor 1:1 Matching used in this example. 

36

Matching Example
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Steps 3 and 4: Create Groups with PS and Check balance. 

WWC standard states that the SMDs need to be < .25 to consider a covariate balanced.

37

Matching Example
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Step 4: Check balance – graphically.

WWC standard states that the SMDs need to be < |.25| to consider a covariate balanced.

38

Note. SMD = standard mean difference; WWC = What Works Clearinghouse

Matching Example
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Short exercise: Addition of a covariate to PS Model – Effect 
on Balance

39

Model with all covariates
(avg. abs. value diff. = 0.1328)

Model without ACT
(avg. abs. value diff. = 0.1476)

WWC standard states that the SMDs need to be < .25 to consider a covariate balanced.
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Worked Example: Weighting

40
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Step 1: Examine initial imbalance.

WWC standard states that the SMDs need to be < |.25| to consider a covariate balanced.

41

Note. SMD = standard mean difference; WWC = What Works Clearinghouse

Weighting Example
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Step 2: Estimate PS model with weighting

• In quasi-experimental designs, the propensity score is not known and must be 
estimated using observed data

• Estimate PS with a logistic regression model that regresses the treatment variable on 
observed baseline covariates related to the outcomes. 

• This code produces the propensity score weights with WeightIt R-code:

Note: IPTW with ATT weights, where treated = 1 and comparison = PS/(1-PS) 

42

Weighting Example



|  A I R . O R G

Steps 3 and 4: Create groups with PS and Check balance. 

WWC standard states that the SMDs need to be < .25 to consider a covariate balanced.

43

Weighting Example
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Step 5: Estimate program effects with weighted data 

44

Weighting Example
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Additional Considerations With 
Estimating Program Impacts

45
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Addressing Remaining Imbalance

• Even after matching/weighting, some baseline difference between groups may remain.

• Remaining imbalance can affect the accuracy of outcome estimates. 

• Doubly robust estimation 
– Combines PS methods with regression adjustment.
– Outcome models include treatment status and baseline covariates used in matching/weighting 

approach.
– Provides additional protection if either the propensity score model or outcome model is incorrectly 

specified. 

• Why this matters? 
– Helps reduce sensitivity to model misspecification
– Often improves precision when residual balance remains. 

46
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Short exercise: Sensitivity of Impacts to use of doubly 
robust instead of simple estimation when weighting.

47

Doubly Robust Model
(includes covariates)

Simple Weighted Model
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Group Discussion

Time: 5 minutes

What challenges do you foresee when 
implementing propensity score methods 
in your own project evaluation?

48
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Q&A

49
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Resource Links
Webinar Series Slide Decks & Recordings

Download R/R-Studio: https://bookdown.org/introrbook/intro2r/installing-r-and-rstudio.html 

Related R-Package: 

• MatchIt: https://kosukeimai.github.io/MatchIt/

• WeightIt: https://ngreifer.github.io/WeightIt/

R Resources:

• R cookbook: https://rc2e.com/ 

• Tidyverse data cleaning: https://tidyverse.org/ 

Annotated R-Script for this Webinar: 
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_PI_Webinar_part2_training_r_code.txt

Example Dataset for Examples: 
https://sstemrec.aaas.org/wp-content/uploads/2026/04/AAAS_pt2_ex_rdata.xlsx
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Participant Survey

Link:
https://airtable.com/appqQ4FUfrx
hgZVso/pagIKZLG8dHaZNRYE/form 

https://airtable.com/appqQ4FUfrxhgZVso/pagIKZLG8dHaZNRYE/form
https://airtable.com/appqQ4FUfrxhgZVso/pagIKZLG8dHaZNRYE/form
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NSF AWARD #2224093: AAAS-NSF S-STEM Resource & Evaluation Center 

Stay Connected With Us!

Explore: https://sstemrec.aaas.org/
Get on our Mailing List: http://eepurl.com/grH5C9 
Connect on LinkedIn: https://www.linkedin.com/company/csew
Follow on Bluesky: https://bsky.app/profile/aaascsew.bsky.social  

https://sstemrec.aaas.org/
http://eepurl.com/grH5C9
https://www.linkedin.com/company/csew
https://bsky.app/profile/aaascsew.bsky.social
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