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ABSTRACT: In many educational intervention programs, it is not possible to randomly assign students to an experimental
and control condition. For example, in our research we wanted to compare students who were enrolled in a biomedical
pathway program to students who were not in such a program. However, students select their academic pathway program
and a randomized controlled trial cannot be conducted. Propensity score matching (PSM) is a valuable statistical technique
in areas of research when randomized control trials are not always possible. It can be widely used to mimic the process
of randomization by creating comparable groups based on key covariates while increasing causal inference and reducing
bias. The aim of this article is to provide guidance for science education researchers to make informed decisions about the
selection of matching methods and implementation of PSM using the Matchlt package (Ho et al., 2011) in R. In this article,
we 1) discuss the utility of using PSM for research involving educational interventions, 2) provide a comprehensive guide
for conducting PSM with educational data and provide a detailed step-by-step guide on conducting PSM for nearest neighbor
matching using R, and 3) apply it to a National Institutes of Health (NIH)-funded high school education program.

INTRODUCTION

When conducting research, achieving a randomized ex-
perimental design is often ideal, as it allows for robust causal
inference while reducing bias. However, in real-world set-
tings, random assignment is not always possible due to prac-
tical or ethical constraints. This is particularly the case in
educational research, in which researchers and program eval-
uators implement educational programs and interventions.
In such cases, researchers may turn to quasi-experimental
designs. For example, when testing a new educational pro-
gram, the students and their parents are given the freedom
to decide for themselves whether to enroll in the program.
The goal for researchers, then, is to compare the academ-
ic success of the students who enroll in the program to the
students who do not. Although such designs offer flexibility,

other challenges are introduced when establishing causal re-
lationships. To address this, several alternatives exist.

One option is to add additional variables or comparison
groups. However, this may not always be feasible if the
data have already been collected. Another approach is to in-
clude covariates in Analysis of Covariance (ANCOVA) or
Multiple Linear Regression (MLR) models, but this is only
suitable for a small number of covariates. One statistical
approach that addresses these limitations, especially when
testing causal effects of an educational intervention, is the
use of propensity score matching (PSM). PSM assumes that
the only differences between participants in each group is
their group membership and no other potentially confound-
ing variable.
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The overarching goal, therefore, is to demonstrate the
utility of PSM for education research, present a primer for
conducing PSM analyses in R, and demonstrate how this can
be applied to a National Institutes of Health (NIH)-funded
high school education program: Project ACtion for Equity
(ACE). Specifically, we will assess whether students ex-
posed to Project ACE differ from a comparable group of stu-
dents on cumulative GPA, as cumulative GPA is used as a
criterion for many scholarship programs.

What is Propensity Score Matching? Matthay et al.
(2020) describe two types of techniques that researchers
can use to establish causal inference when randomization is
not possible. The first type of approach, instrumental based
approaches, indicate that a third variable (an instrument)
is exogeneous and is related to the treatment variable. The
instrumental variable does not directly affect the outcome
variable, but rather, affects the treatment variable, which
in turn, affects the outcome variable. Statistical approaches
that Matthay et al. (2020) classify as instrumental approach-
es include difference in differences designs and regression
discontinuity designs. Interested readers are referred to Mat-
thay et al. (2020) for a comparison of the two approaches.

For the purposes of this paper, we turn to the second type
of approach that Matthay et al. (2020) highlight as a via-
ble means to establish causal inference for non-randomized
designs. These approaches, confounder-control techniques,
statistically control for the effects of covariates (Matthay et
al., 2020). In confounder-control approaches, a researcher
must identify a “sufficient set” (Matthay et al., 2020) of con-
trol variables. For example, in determining whether selec-
tion to a formalized undergraduate training program causes
improved academic outcomes, there may be a host of other
variables that are related to selection like Socioeconomic
Status (SES), participant gender, and high school grade point
average.

Confounder-control approaches assume that the research-
er has identified and measured all such control variables or
has proxy variables for such variables. One key technique
that falls under this umbrella of the confounder-control
approach is PSM. By estimating the probability for each
participant of being in one condition or another condition
(e.g., a “propensity”), conditional on how each participant
scores on the matching variables, PSM is an invaluable and
often underutilized technique to account for the biases of
non-randomized designs. PSM is a statistical technique that
is often used in quasi-experimental designs where random
assignment is not always possible and has gained populari-
ty among education, social sciences, health, and other fields
(Fan & Nowell, 2011).

At this stage, a researcher may be seeking guidance
for determining variables to include for matching purpos-
es. Clearly, the matching variables should not occur after

the dependent variable has occurred as they may be influ-
enced by the dependent variable. Matching variables may
also be either continuous or categorical in nature, so there
is no restriction on the type of variable to be included for
matching purposes. Examples of matching variables may in-
clude participant sex, participant race or various indices of
socioeconomic status. Finally, it is worth emphasizing that
the researcher must determine which theoretically-relevant
variables should be included for matching purposes and the
researcher should explicitly state which variables were in-
cluded when matching potential control participants to par-
ticipants in an experimental condition.

As with all statistical techniques, there are assumptions
that underlie such approaches. The primary assumption
that underlies confounder-control approaches is called ex-
changeability (which is also known as ignorability or lack
of confounding). In the example concerning Project ACE,
that we have introduced and will discuss further, a viola-
tion of exchangeability would take place if individuals who
would have done well academically without enrollment in
a formalized training program were more likely to be se-
lected into the training program. This is why it is important
to identify a sufficient set of control variables in propensity
score matching, as group differences between selected and
matched control participants would lead to biased parameter
estimates of group differences and violate the internal valid-
ity of the study without such matching on a sufficient set of
control variables (Pearl, 2000; Shadish et al., 2002).

While exchangeability is an assumption of propensity
score matching, the researcher still needs to assess assump-
tions underlying any statistical technique that they would
use after control group participants have been matched to
the experimental group participants. For example, if a re-
searcher were to perform analyses involving general linear
models (e.g., t-tests, ANOVAs, multiple linear regression),
the researcher would still need to assess the assumptions of
normality and homogeneity of variance (see for review Kep-
pel & Wickens, 2004 and Cohen et al., 2003).

How is Propensity Score Matching Useful for Education
Research? The benefit of employing a propensity score
matching approach is at least three-fold. Since many NIH
training programs do not allow for randomized control tri-
als, propensity score matching allows for a way to compare
individuals exposed to an intervention to a comparable sam-
ple of individuals who are similar to the intervention group
on key demographic variables. Secondly, propensity score
matching allows for reduced burden on partnering organiza-
tions. For example, the researcher would make a future data
request from the participating high schools for only the data
from students in the experimental condition and a smaller
number of students from the general population of students.
A principal at a school would then make a request to the

Journal of STEM Outreach



Propensity Score Matching Primer — Evans, et al.

Vol. 8, Issue 1, April 2025

district office for academic data. Because the researcher
would only make a request for the data from a fraction of the
school’s students, the work of the individuals at the district
office would be substantially reduced. As a result, they may
be more apt to fulfill the request, and the request may be
completed in a more time efficient manner.

A third benefit of propensity score matching is that mean-
ingful assessments between intervention students and con-
trol students can be made. Once the matching process is
completed, researchers can explore a wide range of analyses
to examine the impact of the treatment on outcomes of inter-
est. Examples of statistical techniques that can be applied in-
clude independent sample t-tests to determine group differ-
ences on a continuous dependent measure. Nonparametric
procedures can also be used to examine group differences.
Chi-square tests of independence can be used to examine
associations between group membership and categorical
outcome measures.

Finally, other points to be considered include sample
size considerations and distributional assumptions. In our
example, we only have 29 students in an experimental
condition and we are using a one-to-one matching procedure.
We will be comparing 29 students enrolled in a high
school educational pathway program designed to promote
biomedical careers to 29 students who are not enrolled in
such an educational pathway program. The power of any
statistical test is the ability to detect an effect if that effect
is there and will be influenced by sample size. Moreover,
should the outcome variable be skewed or peaked, the
researcher may want to transform the outcome variable
(see Cohen et al., 2003) or use nonparametric approaches to
ascertain group differences.

How is Propensity Score Matching Carried Out? Using
logistic regression, propensity scores are estimated using
the probability of an individual being assigned to a treat-
ment condition based on key covariates that may influence
equivalence between groups (Benedetto et al., 2011; Olmos
& Govindasamy, 2015). The treatment observations are then
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matched to observations within the control group based on
their probability of being in the treatment group and size of
the treatment group (i.e., Kane et al., 2021). Once matched,
unused control observations are removed, leaving the treat-
ment and new control observations (see Figure 1 for a visu-
al depiction). The treatment and control groups in this new
matched sample can then adequately be compared when test-
ing researchers’ outcome variables of interest. Ultimately, by
using PSM, researchers can enhance their causal inference
validity of their studies in which they utilize non-experimen-
tal designs and observational studies (Fan & Nowell, 2011).

We aim to provide a comprehensive guide on conduct-
ing PSM in educational research. In our demonstration, we
will present a step-by-step process of PSM using the Matchlt
package in R with nearest neighbor matching (see Figure
2 for an overview of the process). While various statisti-
cal programs such as SPSS or Stata can be used to perform
PSM, we have chosen R programming due to its flexibility,
availability of specialized packages like Matchlt (Ho et al.,
2011), and its widespread use in the research community. We
will outline the necessary steps, importing & preparing data,
installing the Matchlt (Ho et al., 2011) package on R, esti-
mating propensity scores, and computing propensity scores
on matched scores. The focus will be on the nearest neighbor
matching technique, as it is commonly used and an intuitive
approach in PSM. However, please note that the choice of
matching method should be guided by specific research con-
text, distribution of propensity scores, sample size, and the
goals of the study. See the supplementary material for a brief
description of the different methods to match individuals in
the R program. Additional comprehensive information about
the several matching methods that can be implemented using
the Matchlt package can be found in the Comprehensive R
Archive Network (https://cran.r-project.org/web/packages/
Matchlt/vignettes/matching-methods.html).

It is also important to note that the focus of this paper will
be propensity score matching as it relates to matching one
treatment condition to a control. In cases of multiple treat-
ment conditions, researchers can employ a generalized pro-
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Figure 1. Propensity Score Matching Visual Depiction. Note: Values for each participant indicate their corresponding propensity scores.
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Step 1: Import Full Dataset in R and Prepare Data

Step 2: Compute Propensity Scores on Full Dataset

Step 3: Install MatchIt Package in R

Step 4: Run Propensity Score Matching using MatchIt Package

Step 5: Create New Dataset Using only Matched Participants

Step 6: Compute Propensity Scores for New Matched Dataset

Step 7: Test Hypotheses with Analysis of Choice

Figure 2. Propensity Score Matching Process Flow Chart.

pensity score approach (see Yoshida et al., 2017 and Zhao et
al., 2021 for a description and tutorial).

METHODS

Demonstration: Project ACE High School Data. Data
from a high school that participated in the Project ACE pro-
gram was used to illustrate this technique in R Studio. Proj-
ect ACE aims to expand the biomedical science pipeline by
collaborating with teachers and students from three under-
represented and underprivileged high schools in West Texas
and Southern New Mexico. To investigate if Project ACE
membership predicted higher GPA in Project ACE students
compared to non-Project ACE students, PSM was used.
Project ACE students were matched with equivalent high
school students based on (a) grade classification, (b) gender,
(c) ethnicity, which was coded as Latinx or non-Latinx, (d)
race, (e) English language learner (ELL), which was coded
as ELL or non-ELL, (f) special education, which was coded
as being in special education or not, (g) homelessness, which
was coded as being homeless or not, and (h) free lunch sta-
tus, coded as being eligible for free lunch or not. We selected
these covariates in our study, as the literature suggests that
demographic variables such as gender, ethnicity, and eli-
gibility for free or reduced price lunch are associated with
Latinx academic achievement (Taggart, 2018). Note that the
selected covariates will differ based on the research question
that is guiding each researcher. For this example, we focused
on ninth graders at one high school, resulting in a sample of
29 ACE students and 325 non-ACE students (N = 354).

Step 1: Import and Prepare Data. R is a programming lan-

guage developed by John Chambers and colleagues that can
be used for statistical analysis and data visualization as it
offers a wide variety of extension packages (R Core Team,
2023). The free software is available to be downloaded in
various operating systems such as Windows, MacOS, and
Linux (https://www.r-project.org/). Additionally, for ease of
use, we recommend using the R Studio environment (https://
posit.co/products/open-source/rstudio/) to run all of your
analyses. After installing and downloading R and R Studio,
you first must set your working directory and import the
dataset. There are several ways to do so, and some methods
are easier on certain systems than others (e.g., Windows vs.
MacOS). For our demonstration, we first used the setwd()
function to set the working directory (i.e., the file folder from
which we would be importing our dataset). Once we set our
working directory using our file path, we then imported our
dataset using the read.csv() function, since the file we im-
ported is a .csv file. Within this function, we first specified
the name of the file in quotations and specified that we want-
ed to retain the headers from our data (see lines 1 and 3 of
our available code on OSF).

Once the dataset has been imported, you may need to clean
the data (e.g., indicator code categorical variables, rename
variables, etc.) depending on your needs. For example,
our dataset contained categorical variables with more than
two levels, so we applied indicator coding accordingly.
However, analyses are not constrained to binary variables
as both categorical with more than two levels (e.g., racial or
ethnic identity) and continuous variables (e.g., age) can be
used doing this method. Additionally, based on the type of
analyses that the researcher uses to best answer their research
questions, data can be formatted accordingly to their needs
(e.g., transforming data from long to wide format). For a
more detailed guide on how to use R, you can explore various
resources available at RStudio Education (https://education.
rstudio.com/learn/beginner/) and the “R for Beginners” by
Emmanuel Paradis (Paradis, 2005). Both resources offer a
comprehensive tutorial for beginners with materials to help
readers understand and be proficient in R.

Step 2: Compute Propensity Scores for Original Dataset.
Once the dataset is cleaned and all key matching variables
are prepared, we then need to compute propensity scores for
all participants based on our matching variables of interest.
To do so, we conduct a logistic regression model using the
glm function, in which we regress the ACE membership bi-
nary variable on each of the matching variables of interest
(see example below).

ps <- glm(ACE Membership ~ Gender dc +
Ethnicity_dc + Black dc + NativeAmer _dc + ELL
dc + SPED dc + Homeless dc + Migrant dc +
FreeLunch_dc, data = Dataset, family = “binomial)
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Table 1. Variables used in the Logistic Regression Model for PSM.

Variable Name Variable Symbol Coding Scheme
ACE Membership ACE Membership 1=ACE, 0 =non-ACE
Gender Gender_dc 1 =Male, 0 = Female
Race/Ethnicity: Hispanic/Latinx Ethnicity dc 1 = Hispanic, 0 = not Hispanic
Race/Ethnicity: Black Black_dc 1 = Black, 0 = not Black
Race/Ethnicity: Native American NativeAmer dc 1 = Native American, 0 = not Native American
English Language Learner Status ELL_dc 1=Yes, 0=No
Special Education Status SPED dc 1 =Yes, 0 =No
Homelessness Status Homeless dc 1=Yes, 0 =No
Migrant Status Migrant_dc 1=Yes, 0=No
Free and Reduced Lunch Status FreeLunch_dc 1 =Yes, 0 =No

In the command line above, we are regressing ACE mem-
bership on a number of explanatory categorical variables.
These variables include participant gender, participant race/
ethnicity (three indicator-coded variables with White being
the referent: Hispanic/Latinx, Black, and Native American),
English language learner status, special education status,
homelessness status, migrant status, and free and reduced
lunch status (see Table 1 for a detailed list of the variables
and their corresponding coding schemes). Once we have as-
sessed this model, we then need to extract our propensity
scores for each participant and input them in the original
dataset:

Dataset8psvalue <- predict(ps, type = “response”)

The command above computes the propensity scores and
inputs a new variable of propensity scores (denoted psvalue)
in the original dataset. Doing this will allow us to understand
the distribution of propensity scores between ACE and non-
ACE students. As shown in Figure 3, the distribution of pro-
pensity scores between ACE and non-ACE students reflects
an unequal distribution of propensity scores between the
treatment and control condition, indicating that using pro-
pensity score matching is necessary. While this step demon-
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Figure 3. Distribution of Propensity Scores for ACE and non-
ACE Students Before Matching.

strates that the propensity scores differ across groups, we
need to identify and match a propensity score from a partic-
ipant in the experimental condition with a propensity score
in the control condition, requiring the use of an R package
like Matchlt.

Step 3: Install Matchlt Package in R. Estimating the pro-
pensity scores using the generalized linear model in Step 2
allows us to compute the propensity scores for each student.
Using these scores, we now need to match students in the
treatment condition with students in the control condition,
such that we have a subset dataset with an equal number of
students in the control condition who are similar to students
in the treatment condition with regard to the key variables
we considered when calculating propensity scores.

One of the most commonly used packages in R to match
treatment and control participants based on propensity scores
is the “Matchlt” package (Ho et al., 2011). This package im-
plements a wide range of matching procedures including
propensity score matching. To install the “Matchlt” package
into your library, use the code:

install. packages(“Matchlt”)

In order to load the package from your library, use the
code:

library(Matchlt)

Step 4: Run Propensity Score Matching using Matchit
Package. Several matching methods can be used to estimate
propensity scores including exact, subclassification, and
greedy/nearest neighbor (see supplementary material).
The matching procedure selected will vary based on the
researcher’s question. Since greedy/nearest neighbor
matching is the most frequently implemented matching
procedure (Thoemmes and Kim, 2011; Zakrison et al.,
2018), we will be using this method for our demonstration.
In greedy matching, a participant in the treatment con-
dition is randomly selected and matched to a participant in
the control condition who has a propensity score close to
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the randomly selected participant in the experimental con-
dition. Once the participant in the experimental condition
has been matched, another participant in the treatment con-
dition is randomly selected and is matched to an unselected
participant in the control condition (i.e., matching without
replacement; however, matching with replacement is pos-
sible, see Austin, 2011). This process proceeds until all ran-
domly selected participants in the experimental condition
are matched to the best remaining participants in the control
condition, resulting in one participant from the experimental
condition being uniquely matched to one participant in the
control condition. While there are several matching meth-
ods (see Baser, 2006), optimal matching can be contrasted
with greedy matching, where matches between participants’
propensity scores in the experimental and control condition
are selected to minimize the overall difference in propensity
across matched pairs. On the surface it may seem that opti-
mal matching is the ideal matching procedure. However, Gu
and Rosenbaum (1993) found that optimal matching does
not outperform greedy matching.

To perform the matching, we will use the matchit func-
tion, which will take the same logistic regression model we
used to compute the propensity scores for the original data-
set and use it to match one ACE student with one non-ACE
student based on how close their propensity scores are to
each other (see below). In the syntax below, the function
specification to select nearest-neighbor or greedy matching
is method = “nearest.”

matched <- matchit(ACE_Membership ~ Gender_
dc + Ethnicity_dc + Black_dc + NativeAmer _dc +
ELL dc + SPED dc + Homeless dc + Migrant
dc + FreeLunch_dc, data = Dataset, method =
“nearest”, ratio = 1)

Step 5: Create New Dataset of Only Matched (1-to-1)
Students. Using the results of the PSM analyses, we can
then create a subset of the original dataset that only contains
the matched students (e.g., the 29 ACE students and 29
matched control counterparts). This dataset can then be used
to test the researchers’ hypotheses using the analyses most
appropriate to address their research questions. Below, we
provide the code to create the new dataset, “matched.data”.

matched.data <- match.data(matched)

Step 6: Compute Propensity Scores for Matched (1-to-1)
Dataset. To test whether the matching procedure resulted in
a dataset of equally matched students, we will then compute
propensity scores for this new dataset using the same g/m
function and logistic regression model (see below):

MatchedModel <- glm(ACE _Membership

~ Gender dc + Ethnicity _dc + Black dc +
NativeAmer dc + ELL dc + SPED dc +
Homeless_dc + Migrant_dc + FreeLunch_dc, data
= matched.data, family = “binomial”)
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Figure 4. Distribution of Propensity Scores for ACE and non-
ACE Students After Matching.

As shown in Figure 4, the distribution of propensity
scores is even when comparing ACE and non-ACE students,
suggesting that we now have an equally matched sample of
students. In other words, when we examine the distribution
of propensity scores in Figure 4 across the two conditions,
we see that the distribution of propensity scores almost mir-
rors one another, indicating that we have identified 29 partic-
ipants in the control condition that mirror the 29 participants
in the treatment condition.

Step 7: Test Hypothesis with Analysis of Choice. Using
the new matched dataset, the researcher(s) can now carry
out the analyses that best address their research questions.
For this demonstration, we will be using the 29 ACE stu-
dents and 29 matched control counterparts from the exam-
ple above. Students from the ACE cohort were primarily
female (86.2%) and Hispanic (100%). The majority of ACE
students were not identified as ELL (79.3%), in special ed-
ucation (93.1%), as migrant (100%), or homeless (96.6%).
Similarly in terms of demographics, matched control stu-
dents were primarily female (86.2%), Hispanic (100%), and
white (100%). We also see the same pattern as in the ACE
students where controlled matched students were not identi-
fied as ELL (82.8%), in special education (93.1%), migrant
(100%), or homeless (100%). See Table 2 for demographic
information on ACE and matched control students.

Using this data, we sought to examine whether ACE and
matched non-ACE students differed in terms of cumulative
GPA. To test this hypothesis, an independent sample t-test
was conducted to assess if current GPA (i.e., Current. GPA)
means differ between ACE and matched non-ACE students
(i.e., Tracking.Pathway). Using the function “t.test”, we ran
the following code on R:

t.test (Current. GPA ~ Tracking. Pathway, var.
equal=TRUE, data = matched.data, na.rm=TRUE)
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Table 2. Demographics of ACE vs. Matched Control.

Demographics ACE (n=29) Matched Control (n =29)
Female 25(86.2%) Female 25 (86.2%)
Gender
Male 4(13.8%)  Male 4 (13.8%)
o Hispanic 29 (100%)  Hispanic 29 (100%)
Ethnicity
Non-Hispanic 0 (0%) Non-Hispanic 0 (0%)
Race White 29 (100%)  White 29 (100%)
English Yes 6(20.7%)  Yes 5(17.2%)
Language
Learner No 23(79.3%) No 24 (82.8%)
Special Yes 2 (6.9%) Yes 2 (6.9%)
Education No 27(93.1%) No 27 (93.1%)
. Yes 0 (0%) Yes 0 (0%)
Migrant Status
No 29 (100%) No 29 (100%)
Homeless Yes 1 (3.4%) Yes 0 (0%)
Status No 28 (96.6%) No 29 (100%)

The results suggest that current 9th grade GPA did not
significantly differ between ACE and matched non-ACE stu-
dents, #(56) = -1.40, p = 0.1656. That is, the average GPA of
ACE students (M = 2.37, SD = 0.73) versus matched non-
ACE students (M = 2.02, SD = 1.10) differed by 0.35 but
this difference was not significant. The lack of significance
between ACE and non-ACE students could be attributed to
the fact that these students were just beginning both their
high school journey and involvement in the program. At
that point, students might not have had enough time to fully
engage in the program. However, we are conducting a lon-
gitudinal study for future analysis that is tracking matched
9th grade students over time. This will enable us to assess if
group membership (i.e., ACE versus non-ACE) influences
students’ GPA throughout their high school career.

DISCUSSION

In this demonstration, we illustrated the utility of pro-
pensity score matching for evaluating science education
programs. We used data from a program funded by a NIH
Science Education Partnership Award to show how pro-
pensity score matching can be done in R. In this example,
we matched 29 non-pathway students from a total of 325
non-pathway students to 29 pathway students. We provid-
ed the R code and described step by step instructions to aid
evaluators and researchers in the use and application of pro-
pensity score matching.

Using the dataset we created, we can make requests to the
school district for data on the 29 pathway students and the 29
matched non-pathway students. Therefore, partnering orga-
nizations will not need to find data from all 325 non-pathway
students and 29 pathway students. Rather, follow-up assess-
ments can consist of 29 pathway students and 29 non-path-
way students. Often, individuals working in schools must
work with their district offices to obtain and clean data. The

reduction of personal hours involved in the extraction of this
data cannot be understated. Teachers, principals and school
district personnel have additional demands placed on them
when an educational program is introduced in a school. In
the example above, we have been able to reduce efforts in
obtaining data from non-pathway students by over 90%.

If the two groups of students are being followed over
time, growth models and latent growth models can be used to
model longitudinal change and to determine whether group
membership explains variability in intercept and slope vari-
ability. Readers are referred to Snijders and Bosker (2012),
Heck, Thomas and Tabata (2022), and Little (2024) for fur-
ther information on handling nested data, where participants
may be nested with classroom or repeated measures may be
nested within person.

In this longitudinal example, matching would ideally take
place on participants’ characteristics at baseline. These anal-
yses allow for a rigorous examination of the treatment effect
while accounting for potential confounding factors. The goal
of this article is to provide a guide for researchers who are
interested in using PSM in education data by providing a
detailed demonstration and explanation using R (see Appen-
dix). Moreover, we aim to empower researchers to make
informed decisions about the selection and implementation
of appropriate matching methods with PSM.

This approach to assessing the efficacy of educational
interventions can also be applied to other interventions in
which randomization of participants or students may not be
possible. For example, research investigating interventions
to improve mental health outcomes of college and universi-
ty students would benefit from utilizing a propensity score
matching approach to reduce bias between treatment and in-
tervention groups. While prior work has employed the use
of propensity score matching (e.g., Victor et al., 2017), this
method of reducing selection bias is still not widely used.
Lattie et al. (2019) demonstrated that the studies included in
their meta-analysis that used nonrandomized designs—most
of which did not use propensity score matching—exhibited
a high bias risk. We argue that this bias would have been
mitigated by using propensity score matching prior to data
analysis.

While PSM is a valuable tool in casual inference, it is
important to discuss limitations of this statistical technique.
Propensity score matching can be used to reduce bias in
estimating treatment effects; however, hidden bias can still
be present due to unobserved confounders, such as students’
motivation or parents’ involvement (Baser, 2006). Another
limitation of PSM is the assumption of overlap between
groups. A lack of overlap introduces error, as it might be
difficult to find good matches. Although PSM aims to
identify control condition participants based on theoretically-
important variables, the results of matching are sensitive to
the choice of selection, which can lead to different matching
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results. Despite these limitations, PSM remains a valuable
method for reducing bias and improving validity when
randomization is not possible.

With this demonstration, we have provided researchers
with an introduction to propensity score matching. We have
guided researchers in using the R programming language
to perform one-to-one matching of comparable control
participants to intervention participants. The code for
these analyses and the data set are available so that users
can practice using R for matching control participants to
intervention participants. Going forward, we hope that this
paper helps recipients of funding from mechanisms like the
NIH Science Education Partnership Award to evaluate their
science educational programs through the use of propensity
score matching.
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