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ABSTRACT

The Effect of Supplemental Instruction on
Academic Performance:
An Encouragement Design Experiment’

While randomized controlled trials (RCTs) are the “gold standard” for impact evaluation, they
face numerous practical barriers to implementation. In some circumstances, a randomized-
encouragement design (RED) is a viable alternative, but applications are surprisingly rare.
We discuss the strengths and challenges of RED and apply it to evaluate a mature
Supplemental Instruction (SI) or PASS (Peer Assisted Study Session) program at an
Australian university. A randomly selected subgroup of students from first-year courses (N =
6954) was offered large incentives (worth AUD 55,000) to attend PASS, which increased
attendance by an estimated 0.47 hours each. This first-stage (inducement) effect did not vary
with the size of the incentive and was larger (0.89) for students from disadvantaged
backgrounds. Instrumental variable estimates suggest that one hour of PASS improved
grades by 0.065 standard deviations, which is consistent with the non-experimental literature.
However, this estimate is not statistically significant, reflecting limited statistical power. The
estimated effect is largest for students in their first semester at university.
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1 Introduction

Selection bias is a pervasive challenge for evaluating the impact of any intervention where there
is self-selection into participation. Participants and non-participants are likely to differ on ob-
served and unobservable characteristics, and these differences can also influence the outcome
being measured. The dominant view is that randomized controlled trials (RCTs) constitute the
“gold standard” for impact evaluation because the random assignment of the policy or treat-
ment eliminates the bias arising out of endogenous selection. Hence, evidence obtained from
RCTs sits firmly atop most hierarchies of evidence. Nevertheless, the prevalence of RCTs in
evaluating social programs is limited for a variety of reasons. Major barriers to their implemen-
tation include program cost, ethical and practical considerations, and political and social ac-
ceptance. Treatment randomization may not be operationally feasible when a program already
exists, participation is voluntary, and program proponents—for ethical or political reasons—

refuse to deny treatment to eligible participants.

Recognizing the difficulties associated with deploying an RCT in the field, we have two
principal objectives in this paper. First, it is to argue that the randomized-encouragement de-
sign (RED) is a viable alternative evaluation strategy, especially considering that it survives
many of the challenges that RCTs face. Second, it is to demonstrate the use of an RED in estimat-
ing the impact of supplemental instruction (SI) in tertiary education. With respect to the strate-
gy, we show that genuine REDs have found limited application in general but also specifically in
Economics. This is a peculiar state of research and practice since REDs have structural proper-
ties that are well-understood by practitioners, and the design could be used in contexts where
an RCT would be operationally or ethically infeasible. In terms of our specific application of an
RED, we provide suggestive experimental evidence based on a large and representative sample
that SI improves the academic performance of participants, although there is a large degree of
uncertainty associated with the estimated impact. Our application thus serves to highlight the

difficulties associated with an RED-based evaluation of a program.



Dawson et al. [2014] conducted a systematic review of research on SI which indicated
that SI was “effective”. The degree of effectiveness was tentatively summarized as a 0.5-
standard-deviation increase in grades associated with SI attendance. According to the authors,
their review is consistent with correlational claims made by the US Department of Education
between SI participation and outcomes such as mean grades and failure, withdrawal, retention,
and graduation rates. Therefore, to deny students the opportunity to receive these putative
benefits merely for the benefit of research would be an ethically tenuous proposition. Neverthe-
less, the authors noted the need for experimental evaluations, citing only one such study which
had a sample of just 67 students, of which 24 were in the treatment group [Parkinson 2009].
Due to the likely presence of selection bias, experimental evidence in this context is necessary to

be able to credibly estimate the program’s impacts on the outcome measures of interest.

We present the results of a large-scale RED to evaluate a mature SI program: the Peer
Assisted Study Sessions (PASS) program at the University of Wollongong (UOW), a regional
Australian university located in the state of New South Wales. We are interested in estimating
the impact of PASS on academic performance. PASS is well-suited to be evaluated within the
context of an RED since students can voluntarily attend the study sessions and denying access
or compelling participation would be ethically questionable. The experiment demonstrates the
usefulness of REDs as a tool to evaluate similar programs, but we also document the associated
challenges that researchers face when developing and implementing an encouragement design.
While REDs should constitute part of the policy evaluator’s toolkit together with RCTs and other
quasi-experimental designs and associated estimation techniques, potential difficulties with this

approach must also be taken into consideration.

The estimation results suggest that an hour of PASS increases the standardized final
grade by 0.065 standard deviations. However, the estimated impact is not statistically signifi-
cant. If the impact of PASS is constant for each hour of PASS, then an average PASS attendance of

6.25 hours over a session would increase marks by 0.41 standard deviations, although the con-



fidence interval is fairly wide. We provide further suggestive evidence that the size of the impact
is contingent on whether the student is on his or her first semester in the university. In particu-

lar, we note that the impact magnitude could be larger for those in their first semester.

In conducting an RED, we encountered a specific difficulty associated with this evalua-
tion approach. The precision of the estimates largely depends on the strength of the incentive to
induce people to participate in the program. If there is a weak relationship between the incen-
tive and the probability of participation, then the resulting estimate of the impact of the pro-
gram would be associated with a high degree of uncertainty, putting into question the credibil-
ity of the estimate itself. This prevents researchers such as ourselves from further analyzing
treatment-effect heterogeneity across subgroups, as these would necessarily involve smaller

sample sizes, thereby exacerbating the problem of statistical inference.

The remainder of the paper is structured as follows. We describe the randomized-
encouragement design, and then discuss its advantages and disadvantages. In Section 3, we de-
scribe SI, specifically the PASS program at UOW. In Section 4, we outline the experimental de-
sign and estimation approach. We discuss the results in Section 5, including the challenges we

faced in using an RED for this evaluation. We conclude in Section 6.

2 Randomized-Encouragement Design

When a randomized controlled trial is infeasible or unjustifiable, the researcher who is tasked
with evaluating a program’s impact will instead usually follow one of two alternative approach-
es: (1) conducting observational studies with no experimental features or (2) exploiting natural
or quasi-experiments. In the former, one compares outcomes between participants and non-
participants while usually controlling for observed differences using regression or matching
techniques. While typically easier to implement, this approach cannot account for unobserved

differences, which are often likely to be important as well.



As for natural experiments, researchers often exploit policy changes or discontinuities,
and sometimes even lotteries (this is usually the case when the program is oversubscribed, and
the implementing agency randomizes eligibility or participation in the interest of fairness and
transparency). These are features that are typically inherent in the program and were not de-
signed with evaluating the program in mind. While these quasi-experimental estimation strate-
gies allow the researcher to obtain a reasonable estimate of the program impact, the absence of
a natural experiment precludes the evaluation of programs where such a phenomenon has not
occurred. From the perspective of a policymaker and evaluator, the serendipitous manifestation
of a natural experiment is not a particularly promising strategy to pursue, especially if there is a
desire to make independent evaluations an integral part of a transparent and accountable gov-

ernance strategy.

The randomized-encouragement design is an alternative impact evaluation strategy
which can be used to evaluate existing voluntary programs that have partial take-up. In a RED
evaluation, a randomly selected subgroup is offered an incentive or encouragement to partici-
pate in a given program. The incentive or encouragement could take a number of forms, such as
a direct financial transfer or the provision of more information about a program. RED is akin to
RCTs with partial or imperfect compliance, where consistent estimates of treatment effects can
be recovered by standard instrumental-variable regression techniques [Angrist et al. 1996;
Bloom 1984]. While participation is voluntary, one can expect that it is higher in the incentiv-

ized group. Treatment status can thus be instrumented by the randomly assigned incentive.

RED is suitable for evaluating programs that have already been rolled out or where it is
impractical or unethical to deny the program to any willing and eligible participant. Job-training
programs, preventive-healthcare initiatives, educational programs, and various other similar
social policies are potential applications. For instance, many states in the US have reemploy-
ment initiatives—such as Texas’s Rapid Reemployment Services or Pennsylvania’s Rapid

Reemployment Program—designed to quickly match unemployment-benefit claimants to new



employers. While the detailed implementation of these programs are different, they share char-
acteristics that make them amenable to an RED evaluation, such as partial take-up and volun-
tary participation. Unlike RCTs, or other experiments which randomly assign eligibility, REDs
allow the researcher to estimate causal impacts without debilitating program delivery because
participation is not denied for people in the control group. To the extent that the encourage-
ment or promotion increases program participation, an RED can increase take-up rates, which

may itself be a policy goal.

Despite their advantages, REDs have not seen mass appeal in the impact-evaluation lit-
erature, including in the Economics discipline.? This will probably come as a surprise to many
readers because REDs can appear very similar to related approaches. We propose that a distin-
guishing characteristic of a genuine RED is that encouragement is deliberately randomized to
estimate the impact of a program. Randomization for some other purpose or randomization that
occurs by chance represents a natural experiment. While natural experiments are often just as
convincing, the researcher can only exploit these opportunistically, when and where they arise.
In contrast, in an RED, the researcher deliberately and purposefully imposes exogenous varia-
tion in the probability of program participation in order to specifically estimate the program

impact.3

We also distinguish REDs from studies which primarily aim to evaluate the effectiveness
of an incentive or encouragement. The latter are “regular” experiments, where the treatment is

an incentive or information.* Unlike REDs, such experiments do not aim to evaluate an existing

2 A cursory search (excluding citations) in Google Scholar for “randomized encouragement design” turned
up 112 hits while “randomized controlled trial” had 1.61 million (1 June 2014). Note that the count for
REDs is overstated, since a number of studies are mistakenly classified as an RED just because the treat-
ment is an incentive, and the incentive is randomized. However, these studies should properly be viewed
as an RCT where the treatment is an incentive. We discuss this further in the succeeding paragraph.

3 Many natural experiment studies exploit lotteries that were conducted for other reasons. These lotteries
are usually motivated by equity considerations, where limited places are rationed. High-profile examples
include studies exploiting school voucher lotteries [Angrist et al. 2006], conscription lotteries [Siminski
and Ville 2012], public health insurance lotteries [Baicker and Finkelstein 2011], and migration lotteries
[Gibson et al. 2011].

4 For example, there is a large literature on direct incentives tied to academic outcomes [Angrist and Lavy
2009; Fryer 2011; Kremer at al. 2009; Angrist et al. 2009; Angrist et al. 2014; Barrow et al. 2012; Cha and
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program. Finally, REDs are also similar to experiments in which program eligibility is randomly
assigned. As discussed above, randomized eligibility involves denying access to the control
group, which is unlikely to be a feasible strategy for evaluating a mature, existing program or

where it would be unethical to deny access to potential beneficiaries.

Limited access is a feature for oversubscribed programs, but access is also denied for
other reasons. For instance, pension programs, merit-based scholarships, or anti-poverty pro-
grams are usually allocated based on whether the value of a continuous measure falls on either
side of a predefined cutoff (age for pension eligibility and receipt, grades for merit-based schol-
arships, and an index measure of poverty for anti-poverty measures). This situation allows for
an evaluation based on the regression-discontinuity design, a quasi-experimental strategy. Such
program features, however, were the result of the inherent design of the program and did not

come about because a future evaluation was expected.

Even in the absence of program-inherent cutoffs or, say, policy discontinuities along ge-
opolitical borders, randomly encouraging a subset of the population to undertake the treatment
can allow for a credible ex-post evaluation to be conducted. Herein lies the main advantage of an
RED: there is no need to purposefully deny eligible participants from the program (neither are
they compelled to participate) to obtain a useful estimate of the impact. This makes it simulta-
neously unobjectionable for many policymakers—especially those with voting constituents (at
least as long as the result is to their favor)—and for ethical review boards, which are unlikely to
approve outright program denial solely for the purpose of facilitating a research environment

suitable for impact evaluation.

Genuine RED studies are relatively rare. The Moving To Opportunity experiment [Katz
et al. 2001] is one RED evaluation published in an Economics journal.5 This RED experiment

was used to estimate the impact of relocation on family well-being. RED-based evaluations have

Patel 2010; Leuven et al. 2010]. Other examples of evaluations of incentives or information interventions
are Just and Price [2013], Duflo and Saez [2003], and Card et al. [2010].

5 A few other papers are Boucher and Mullally [2010], McKenzie and Ozler [2014], and Beam
[forthcoming].



appeared in the Education [Powers and Swinton 1984], Biostatistics [Hirano et al. 2000], Politi-
cal Science [Albertson and Lawrence 2009] and Public Health [Martino et al. 2012] literatures.
That REDs have not been more widely used is somewhat of a puzzle since, as Holland
[1988:453] says, “[e]ncouragement designs can arise in any study of human subjects in which
the treatments or causes of interest must be voluntarily applied by the subjects to themselves.”
This paucity of REDs is even more surprising since most discussions (including those in the
Economics literature) of alternatives to RCTs include the encouragement design (e.g., Duflo et
al. [2008], Gertler et al. [2011], Imai et al. [2013], TenHave et al. [2003], and West et al. [2008]),
and credible estimation techniques are now widely developed, even with complications like

missing data (e.g., Barnard et al. [2003] and Zhou and Li [2006]).

In the context where there is a potential benefit attributable to the treatment—
especially when there is some evidence for this already, however poorly estimated—it would be
ethically questionable to deny people this treatment merely for purposes of evaluation. There-
fore, a natural evaluation strategy would be the RED, where the control group is not denied the
treatment altogether. In an influential publication of the World Bank designed for practitioners
[Gertler et al. 2011:153], the authors argue that “[t]he most basic principle in the assignment of
program benefits is that the delivery of benefits should never be denied or delayed solely for the
purpose of an evaluation.” The program—as it is envisioned by its proponents—should dictate
how it should be evaluated, and not the other way around (for evaluators to dictate program

delivery solely for the benefit of obtaining credible impact estimates).

However, we do not discount that there are instances when treatment denial is una-
voidable. As mentioned above, programs may sometimes be oversubscribed, and proponents
have to find a way to allocate its provision in a manner that is both transparent and fair. Indeed,
in this situation, the randomized assignment of treatment among those who are eligible is per-
haps the most transparent and fair way to allocate the scarce resource since everyone who is

eligible faces an equal probability of being provided the treatment. But when the program is ful-



ly resourced, treatment denial on the basis of the researcher’s objective of achieving an experi-

mental setting rests on shaky ethical grounds.

Moreover, existing programs are particularly amenable to an RED analysis because the
administrative overhead is already in place. RCTs run by economists in the field are usually im-
plemented for new programs, and these require staff training, the creation of an evaluation
team (including, among others, a field team, data managers, and the analysis team), and financ-
ing for the program delivery itself. In contrast, in evaluating an existing program via an RED, the
researcher can work with a team already experienced in the delivery of the specific program
and the team most likely to deliver it in the future. Data that the program staff members already
routinely collect can be immediately used by the researcher (subject to the usual data-cleaning
process), and any necessary additional information is not likely to be as much as what would be

required in an RCT.

All of these imply that an RED evaluation team would not need to micromanage the pro-
gram-delivery aspect of the evaluation, thereby minimizing the risk of “Hawthorne effects” on
the program team.6 It also minimizes the problem of scaling up—so-called “gold-plating”—
programs that have been shown to be effective in RCTs. Both of these threaten the external va-
lidity of results obtained from RCTs. These programs deployed within the framework of an RCT
are relatively small in scale, and they are well-managed by the research team. When the pro-
gram has been shown to be effective, there is generally a call to scale it up, where now usually
the state or some other organization (as opposed to the well-trained team implementing it in
the trial) has to deliver it. In these cases, the large bureaucratic team’s competence in delivering
the national program is not typically on a par with the carefully selected and trained trial team,

and, as such, the program benefits may no longer necessarily materialize. Bold et al. [2013] doc-

6 The Hawthorne effect refers to a change in behavior of the subjects under study. The presence of such an
effect can limit the generalizability of the results. In the situation mentioned in the text, the “Hawthorne
effect” does not arise from the change in the subjects’ behavior, but on the behavior of those people who
are providing the treatment. Program team members may work better than they usually would if they
were not being managed by the research or evaluation team. In principle, this can also arise in an RED,
but since the program under evaluation in an RED is usually a pre-existing one, the magnitude of behav-
ioral change is not likely to be large enough to threaten the external validity of the experimental design.
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ument this for an intervention in Western Kenya, where the benefits found in nongovernmental
organization-led trials failed to manifest themselves when the Kenyan government took over

program delivery.

3 The PASS Program

This section describes the specific program which is the subject of the RED evaluation. We begin
with a discussion of peer learning and its implementation as a Supplemental Instruction (SI) or
Peer Assisted Study Sessions (PASS) program. We then describe the specific case of PASS at the

University of Wollongong.
3.1 Supplemental Instruction or Peer Assisted Study Sessions

A number of nonexperimental studies suggest that peer learning and student leadership pro-
grams at university contribute to student learning outcomes, participation, and retention rates
[Blanc, DeBuhr, and Martin 1983; Kuh 2003; Pascarella and Terenzini 2005]. There are many
variations of such programs and roles. Some are designed solely around pastoral care or transi-
tion needs and may take the form of a senior student being assigned to one or several first-year
students for a specified period. Others may involve a model of students from a particular back-
ground being targeted for assistance, and it may be compulsory for students to participate. Still
others offer academic assistance with student leaders as tutors for individuals or groups. These

senior tutors may sometimes be involved with grading papers or exams.

One of the more widely known peer learning programs is Supplemental Instruction (SI),
which is usually called PASS (Peer Assisted Study Sessions) in Australasia. SI was developed in
the US at the University of Missouri-Kansas City (UMKC) in 1973. SI or PASS and its variations
are now offered to thousands of students worldwide [Arendale 2002]. By 2009, staff from over
1,500 tertiary institutions from 29 countries had been trained in the implementation of the pro-

gram [Martin 2009].
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PASS is a free—in the sense that students do not pay an upfront or direct cost to attend
other than their time cost—and voluntary supplementary academic assistance program that
utilizes peer-led group study to assist students enrolled in targeted subjects or courses. The
program is specific to each subject, and it consists of informal but regularly scheduled sessions.
Each session is independent and is focused on the content- and discipline-specific study strate-
gies in the given subject. PASS is commonly attached to subjects which many students may find
challenging, and any student enrolled in that subject is eligible to participate. Marketing and
communication of the program stresses that all students are welcome to attend. In an effort to
avoid the stigma associated with remedial instruction, PASS is not targeted to specific students
or subsets of students. The sessions are facilitated by current students—so-called “PASS Lead-
ers”—who have recently completed (and, in most cases, have excelled in) the subject. The lead-

ers are recruited based on their academic results and interpersonal skills.

The role of the PASS Leader is not to reteach lecture material or to directly answer ques-
tions. Using their own experiences and the concerns of participants around challenging topics or
questions, they instead facilitate the discussion, utilize the knowledge of participants and re-
sources, such as lecture notes and textbooks, and generally guide the group to arrive at correct
answers. Participants are involved in setting the agenda at the beginning of each session, ensur-
ing it meets their learning needs as much as possible. The PASS Leader has no involvement in
grading papers or exams, which presumably provides participants with a non-threatening envi-
ronment to ask questions which they may be hesitant to put to an academic staff in a more sen-

ior or formal role [Longfellow et al. 2008].

3.2 PASS atuow

PASS at UOW is a highly awarded program. Its accolades include an Australian Learning and
Teaching Council Program Award and Most Outstanding PASS Program in the World Award
from UMKC, both in 2010. It was also the recipient of two commendations (2006 and 2011)

from the former Australian Universities Quality Agency and was awarded institutionally in 2007
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for Outstanding Contribution to Student Learning. PASS at UOW had its origins in 2002 with
Computer Science and Business courses. Since 2007, the program has supported students in all
faculties at UOW. Since 2005, PASS at UOW has been accredited by UMKC as the National Center
for PASS/SI in the Australasia region, providing training for other PASS programs at some 70
institutions in this part of the world. In this capacity, the National Center at UOW has led the
second wave of implementation of the program in this region after earlier attempts by other
Australian universities faltered in the 1990s. Thirty-seven of the 39 Australian universities now

have staff trained by UOW in implementing PASS.

In 2014, PASS at UOW delivered 40,000 contact hours to over 4,000 individual students.
While the majority of subjects supported are at the first-year level, PASS also supports some
second-year and post-graduate subjects, particularly those which may have a high percentage of
students transitioning into their first semester at UOW. The program consists of one-hour week-
ly sessions for 12 of the 13 weeks in a full semester at UOW. Regular participation (five or more

for a particular subject) is strongly encouraged.

PASS Leaders at UOW are typically recruited from students who have been regular par-
ticipants previously. The PASS Leader team normally consists of about 90 to 100 students. All
new PASS Leaders receive two days of initial training and one day of team building and profes-
sional development before the commencement of the semester. All new Leaders also receive a
senior mentor (often a more experienced PASS Leader) to provide observations and feedback
and generally support them in their personal and professional development within the role. The
UOW model of senior mentors and full-time staff conducting observations and debriefs is de-
signed to ensure that Leaders are undertaking the role for which they have been trained. On-
going workshops and meetings are held throughout the year to facilitate further skill develop-
ment around topics such as deeper-level-questioning skills, enhancing positive group dynamics,

and facilitating the involvement of all participants.
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4 Experimental Design

To estimate the impact of attendance in the PASS program on a number of student outcomes, we
implemented a randomized-encouragement-design experiment. The intervention (PASS attend-
ance) was exogenously varied by manipulating the probability of obtaining supplemental in-
struction via PASS. In this section, we first describe the problem involved in causal inference
within the present context and how randomized encouragement solves it. Second, we elaborate
on the estimation strategy. Lastly, we discuss the execution of the experiment, including sample

selection and incentive randomization.
4.1 Selection Bias in Impact Evaluation

It is not sufficient merely to compare the observed mean outcomes between those who received
SI and those who did not and use the difference as an estimate of the impact of supplemental
instruction because of the likely presence of self-selection bias. The observed and unobserved
characteristics between these two groups could be different, and these differences may influ-
ence both the decision to participate and the outcome of interest. For example, innate but unob-
served motivation may influence both the student’s decision to enroll in an SI program and the
final grade obtained in the class. This confounds the estimate of the program impact obtained

from a simple comparison of means.

More formally, consider a generic outcome variable y; for individual i, and let d; denote
a binary variable that equals 1 if individual i received supplemental instruction.” Two potential
outcomes exist for each individual, y;(0) without SI and y;(1) with SI, but we only observe

yvi =v;(d;) = y;(0)(1 — d;) + y;(1)(d;). At the population level, one can show that

7 The exposition here draws from Angrist and Pischke [2009], Holland [1986], and Imbens and
Wooldridge [2009] unless otherwise cited. In the analysis below, the treatment status is actually meas-
ured as a treatment intensity, specifically, the number of SI sessions attended in a semester. We present
the binary treatment case here merely for ease of exposition; the substantive interpretation is similar in
the continuous case.

13



Ely;|d; = 1] — E[y;|d; = 0]
= {Ely:(Dld; = 1] - E[y;(0)Id; = 1]} (1)
+{E[y;(0)|d; = 1] — E[y;(0)|d; = 0]}
One can see from Equation (1) that the difference in outcomes between the treated and un-
treated group consists of, first, the impact of the program among those who received SI (the first
set of terms in braces, generally called the average treatment effect on the treated (ATET),
which is the parameter one is generally interested in estimating) and, second, the selection bias

(the second set of terms in braces).

In the context of this study, it is unlikely that there is no selection bias. On one hand,
good student outcomes are associated with highly motivated students, but these are precisely
the same students who may have a higher probability of engaging SI. They are also the students
who may believe, ex ante that they have the most to gain from SI. That is, the inequality
E[y;(0)|d; = 1] > E[y;(0)|d; = 0] could hold, so that the selection-bias term is nonzero. With-
out taking this into account, one would overestimate the impact of SI. On the other hand, stu-
dents who require SI could be negatively selected as well. Students who are subject to poor edu-
cational inputs for which we are unable to control (such as household or parental characteris-
tics) may use SI to compensate. In this case, their potential outcome would be worse than those

who chose not acquire SI: E[y;(0)|d; = 1] < E[y;(0)|d; = 0].

This is true even in a regression framework, where we are able to control for differences

in observed characteristics. Suppose the estimating equation is as follows:
yij = tdij + B'Xij + a; + €, (2)
where x;; is a vector of individual-specific exogenous characteristics in subject or class j (in-
cluding a constant), a; are subject fixed effects, and €;; is an idiosynchratic stochastic disturb-

ance. Ordinary least-squares (OLS) estimates of the parameter z, which is the impact of attend-

ing SI, and vector of parameters B will be biased and inconsistent because E[¢;;|d;;, X}, a;] is not

equal to E[€;;] due to the influence of unobserved characteristics on both d;; and y;;. Whether ©
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is over- or underestimated turns on the relative degree of positive and negative selection, alt-

hough both selection effects are certainly plausible.

If treatment assignment were to be randomized, as is usual in, say, RCTs, the potential
outcomes would be independent of treatment status—that is, {(y;(0),;(1)) L d;}, where L de-
notes statistical independence. Thus, by design, the selection bias will be equal to zero in Equa-
tion (1) or, in the regression framework, the conditional mean of the error will be equal to its
unconditional mean, leading to unbiased and consistent OLS estimates of the population param-

eters in Equation (2).
4.2  Estimation Strategy

Due to the experimental design, the treatment parameters can be naturally estimated via OLS
and two-stage least-squares (2SLS) instrumental variables. Under certain assumptions, these
distinct estimators will recover different parameters. In particular, two parameters are estimat-
ed below: first, the “intention-to-treat effect” (ITTE), i.e., the causal impact of being randomly
assigned to the incentivized group; second, the average causal response (ACR) since the number
of PASS sessions attended can be construed as a measure of treatment intensity [Angrist and

Imbens 1995].

Let p;; denote the number of times student i attended the PASS session for subject j,
where p;; can take on integer values between 0 and 12, and let z;; denote group assignment,
with z;; = 1 indicating that student i in subject j was randomly allocated to the group that had a

positive probability of winning the near-cash incentive and z;; = 0 indicating otherwise.® Note

8 The incentive—discussed in more detail in Section 3.3—is a chance to win one of 50 gift certificates
worth AUD 1,000 for the first two semesters and a chance to win one of five gift certificates for the third
semester we ran the experiment.
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that p;;—the treatment-intensity variable—remains a choice variable and is therefore endoge-

nous. It is z;j—the instrumental variable—that is exogenously manipulated by the researchers.®

By design, the variation in z; is exogenous, so {(yij(pl-j), pl-j(zl-j)) L zl-j} necessarily
holds—that is, the potential outcomes and intensity of treatment are independent of group as-
signment. Moreover, it is unlikely that the behavior of students who were not incentivized was
affected by their exclusion from the end-of-semester lottery to give away the cash prizes. In
{(yl-j (pij), pij (Zij)) 1 Zij}, we make it explicit that the treatment intensity, p;;, is a function of
the instrument, z;;. OLS estimates of the following regression model, usually called the “reduced
form”,

yij = pzi; + 0'x;; + a; + &, 3)
will produce unbiased and consistent estimates of the impact of being randomly assigned to the
incentivized group—represented by the parameter p—on the outcome variable, y;;. In other

words, the estimate p from Equation (3) is an estimate of the ITTE.10

Note, however, that p is clearly not the impact of PASS attendance, p;;, on the outcome,
yij- Nevertheless, the ITTE estimate is relevant for policy in this context. For instance, policy-
makers may already be committed to the PASS program—or any other intervention, for that
matter—and are not necessarily interested in its exclusive effect on student outcomes, perhaps
because its positive impact has already been credibly established elsewhere. They may still, in
any case, endeavor to find out whether positively incentivizing PASS attendance can significant-
ly contribute to improved outcomes, possibly within the context of a cost-benefit analysis. Poli-
cymakers may then compare the costs of running an incentive program in addition to PASS itself
against the benefits attributable to PASS attendance. In many other instances, this is the rele-

vant policy question, more so than the question of whether the program itself has an impact.

9 Think of d;; in Section 3.1 as a binary version of p;;, where d;; = 1 could mean “high” values of p;; and
d;; = 0 correspond to “low” values of p;;.

10 Note that x;; and the subject fixed effects include controls for the randomization strata [Angrist et al.
2014; Bruhn and McKenzie 2009]. In our case, this is the subject, an indicator for aboriginality, an indica-
tor for being an international student based on broad funding, and an indicator for being female.
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If we further assume that p;;(1) = p;;(0) for all i, then we can use the exogenous varia-
tion in z;; to estimate the ACR generated by p;; on y;;. This assumption is the monotonicity con-
dition in Angrist and Imbens [1995] and Imbens and Angrist [1994], and its implication is that
being randomized into the incentive group can only impact PASS attendance in a non-negative
way.!! That is, if an individual is likely to attend PASS without the incentive, then she is much
more likely to do so when positively incentivized. Although this assumption is fundamentally
untestable, it is most probably trivially satisfied in our context since there is no reason for an
individual to be discouraged from PASS attendance with the introduction of the incentive. The
ex-ante utility gain is always going to be higher with the positive probability of winning the

monetary reward.

The existence of an instrument, which is the first condition in Imbens and Angrist
[1994], is satisfied by the randomization of the encouragement. Furthermore, the instrument,
z;;, can only affect y;; via its impact on p;;. In other words, z;; is excludable from the following
outcome equation:

Vij = vpij + 8'xj + a;j + vy 4)
This means that the incentive has no direct impact on student outcomes or that z;; is uncorre-
lated with the error term, v;;, in Equation (4). Any observed differential in mean y;; between the
incentivized and non-incentivized groups can only be attributed to the variation in PASS attend-
ance induced by the chance of winning the gift voucher. The receipt of an electronic ticket in the
lottery is made contingent not on the eventual student outcome but rather on PASS attendance
only. Thus, it is not likely that the lottery can increase, say, student motivation (and, hence, stu-

dent outcomes) unless it was through increased PASS attendance.

11 Theoretically, it is also possible for the inequality to go in the opposite direction (but that is unlikely in
this case). That is not problematic for the estimation, though. The crucial part about the assumption is
that the instrument should affect everyone in the same direction.

17



The IV estimate of y in Equation (4) is the ACR attributable to PASS attendance on a spe-

cific student outcome measured by y;;. The estimate can be retrieved via the sample analog of

Wald’s [1940] grouping estimator:

_ Elyij|zi; = 1] — Elyijlz;; = 0]
E[pij|zi; = 1] — E[pijlz;; = 0]

The ACR parameter captures a weighted average of causal responses to changes in treatment
intensity for the subpopulation whose treatment status was induced to change by the instru-
ment [Angrist and Imbens 1995].12 Wald’s formulation makes explicit that it is the ratio of the

ITTE (numerator) to the “compliance rate” (denominator) that produces the ACR.

Although the ACR is consistently estimated, there is no a priori reason to believe that
these estimates are representative for the whole population or even for the subpopulation who
attend PASS. This would only be the case if we assume that the impact of PASS attendance is the
same for everyone in the population (i.e., the treatment effect is constant) or if compliance is not
a function of the individual’s treatment effect (their “gain” from PASS). Once we allow for heter-
ogeneous treatment effects or if the compliance rate increases proportionally with the size of
the gains, the effect or response parameter recovered by IV is only valid for the population of
compliers or those whose treatment intensity or status was affected by the instrument [Angrist

2004; Angrist and Imbens 1995; Heckman and Vytlatcil 2005; Imbens and Angrist 1994].

One may argue that the ACR may not be the most policy-relevant parameter. In this pa-
per, the compliers are those students who, for whatever reason, would not have attended PASS
or would not have attended as many PASS instances as they did had they not been offered the
chance to win the gift certificate. This peculiar characteristic sets them apart from those people
who would have attended PASS with or without the additional incentive. Unfortunately, it is
generally not possible to characterize the differences between compliers and non-compliers

since they cannot be identified from the data.

12 This paramater is sometimes called the complier average causal effect (CACE).
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From a policy perspective, however, the compliant group is just as important as the
population-average group. The compliers are precisely those students who would increase their
participation in PASS if they were appropriately incentivized. Estimating this marginal treat-
ment effect is again useful, for instance, in the context of comparing additional costs and bene-
fits of the incentive against the potential gains in student outcomes. If students select into PASS
on gain (i.e., those who have the most to gain from PASS are the ones who take it up), then the
ACR (i.e.,, the parameter that we estimate) is likely to be a lower bound for the average treat-

ment effect on the treated (ATET).

Although one can obtain consistent estimates of the ACR with just the triple of
{yij,pij, Zij}, the precision of the estimates can generally be improved with the inclusion of co-
variates, with little impact on the interpretation of the coefficients [Angrist and Imbens 1995].
This is most easily implemented by estimating the model via 2SLS. The second-stage equation is
essentially Equation (4) but with p;; replaced by its predicted value based on parameter esti-

mates from the following first-stage equation:

pij = mzij + ¢'x;; + a; + & (5
Essentially, m represents the denominator of the grouping estimator, where Equation (5) cor-
rects for the presence of covariates. Estimating Equations (4) and (5) with control variables via
2SLS will produce consistent estimates of the ACR. Robust standard errors, where we allow for

an unrestricted correlation structure in i, are used for statistical inference.
4.3 Experiment Execution?3

The study has two experimental arms: an incentivized group consisting of students who were
offered an incentive to participate in PASS and a non-incentivized group. While PASS is the

treatment or intervention of interest, members of both groups were allowed to attend PASS.

13 Before experiment initiation, ethics approval was obtained from the Social Science Human Research
Ethics Committee of the University of Wollongong. The experiment was also registered with the
randomized controlled trials registry of the American Economic Association.
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The study sample was drawn from students enrolled in any of 14 first-year courses at
the main campus of the University of Wollongong in Australia over three semesters: Autumn
2014, Spring 2014, and Autumn 2015. Initially, it was planned to conduct the experiment over
just two semesters. A decision was made to extend the study to a third semester after it became
apparent that statistical power was compromised by a lower-than-expected first-stage effect of
the incentives on PASS participation. The courses cover a broad range of subjects and involves
four of the five faculties within the university.14 Six of the fourteen subjects were from the Fac-
ulty of Business. This was motivated by the fact that some of the funding was provided by this
academic unit. Students were made aware of the study through a presentation delivered on the

first lecture in each nominated subject.1s

Assignment into the incentivized and non-incentivized groups was based on a comput-
er-generated random number drawn from a uniform distribution, with stratification by subject,
aboriginality, broad funding (domestic or international), and sex. Group assignment was com-
municated to students via short-message service (SMS) and email. To the extent possible, this
communication came immediately after the first lecture. Randomization was conducted sepa-
rately for each semester. Some students were enrolled in two or more subjects under study.
These students were randomly allocated into an experimental group for each subject in which
they were enrolled. In other words, the randomization units are specific individual-subject

combinations.

Members of the incentivized group were encouraged to attend the PASS program with a
chance to win a near-cash incentive. The incentive was substantially larger in the 2014 semes-

ters. Across nine subjects in 2014, the prizes consisted of 50 gift certificates worth AUD 1,000

14 The five subjects in Autumn 2014 are Accounting Fundamentals in Society (ACCY111), Statistics for
Business (COMM121), Engineering Materials (ENGG153), General Mathematics 1A (MATH151), and In-
troduction to Anatomy and Physiology I (SHS 111). The four subjects in Spring 2014 are Statistics for
Business (COMM121), Macroeconomic Essentials for Business (ECON101), Theory Design and Statistics
in Psychology (PSYC123) and Molecules, Cells, and Organisms (BIOL103). In Autumn 2015, the included
subjects were Accounting Fundamentals in Society (ACCY111), Statistics for Business (COMM121), Foun-
dations of Engineering Mathematics (MATH141), General Mathematics 1A (MATH151), and Introduction
to Anatomy and Physiology I (MEDI111/EDPS101).

15 In Spring 2014, a second presentation was also delivered in the Week 2 lectures of each subject.
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valid at a number of retail outlets, for a total prize value of AUD 50,000. In Autumn 2015, only
five such gift certificates were offered across five subjects for a total value of AUD 5,000. Stu-
dents in the incentivized group who attended PASS at least five times over five separate weeks
were eligible for the prize draw; those who attended at least eight times over eight separate
weeks were allocated two entries in the prize draw, thereby doubling their chances of winning.
Although it is possible to attend more than one PASS session for the same week, these “repeat”
attendances were counted only once. Several reminder emails were sent out to all students in
the incentivized group throughout each semester. The prize draws were conducted during the

exam period of each semester. Winners were notified via SMS and email.

A participant information sheet with detailed information on the research purpose, in-
vestigators, method and demands on participants, risk disclosure, funding sources, and ethics
approval was made available for download.16 A special email account was set up at UOW to
communicate directly with students. Throughout the duration of the study, the individual stu-
dents’ identities were never known to the principal investigators except when the prizes were

given out in a public ceremony.

Consent to participate was presumed, but students were given an opportunity to opt out
of the study at any point over its duration by sending an email to the designated email address.
No student chose to opt out of the study. The full study population consists of 6,954 student-
subject observations. Of these, 969 (14 percent) do not have a final grade assigned for the rele-
vant subject, leaving 5,985 observations in the estimation sample (1,993 in Autumn 2014, 1,729
in Spring 2014, and 2,263 in Autumn 2015) consisting of 4,397 students. Attrition is explained
by students having the option to withdraw from a given subject without academic penalty up to
approximately two-thirds through each semester’s teaching period. Attrition is similar for the

incentivized group (13.4 percent) and the non-incentivized group (14.5 percent). The difference

16 The participant information sheet is included in the appendix of this paper and can be downloaded
from http://www.uow.edu.au/~siminski/PASS_research.pdf.
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in the probability of attrition between these groups is not statistically significant, whether base-

line control variables are excluded (p = 0.226) or included (p = 0.794).

Table 1 shows descriptive statistics from the estimation sample, which includes all ob-
servations with non-missing final grades. Table 2 shows the results of balance tests on baseline
characteristics between the incentivized and non-incentivized groups. The difference between

groups is not statistically significant on any of these characteristics.

5 Results

In this section, we present the estimation results. We begin with the first-stage regressions that
show the strength of the incentive to induce the desired behavioral changes. This is followed by
the OLS results that do not take into account the selection bias. Finally, we discuss the results
from the instrumental-variable approach, where we use the randomized design of the study for

consistent estimation of the treatment effect.

5.1 First-Stage Results

Table 3 shows first-stage regression results which summarize the effectiveness of the incentive
at inducing PASS participation. The upper panel shows results for the full estimation sample,
with and without the inclusion of control variables. Given the results of the balance tests, it is
not surprising that the inclusion of controls does not greatly affect the estimates, which show
that the incentive clearly increased PASS participation. With the inclusion of controls, the esti-
mated first-stage effect is 0.474, almost half of one PASS session, which is equal to 19 percent of
the control group mean. The first-stage F-statistic is 24.85, well above conventional thresholds
of instrument relevance. With a sample of 3,013 in the incentivized group, this translates to
1,428 additional sessions of PASS attended by students in that group. The total value of incen-
tives provided was AUD 55,000. Each additional hour of PASS participation therefore cost

AUD 38.51.
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The lower panels of Table 3 show first-stage results for various sub-groups. The two
columns on the right show the difference in first-stage estimates between sub-groups and the
standard errors of those differences. The point estimates suggest that the incentive had a larger
effect on attendance for females (0.57) than for males (0.37), but the difference is not statisti-
cally significant. The first-stage effect does not differ greatly by age, by ATAR!? score, or be-
tween domestic and international students. The largest apparent difference is by socioeconomic
status. The estimated first-stage effect for students from low-SES areas is 0.891 sessions, more
than twice as large as for the remainder of the sample (0.422). While the difference is not statis-
tically significant (p = 0.134), it is reasonable that students from low-SES areas may respond

more to such incentives.

Perhaps the most interesting finding in the first-stage results is the comparison between
Autumn 2014 and Autumn 2015, for which the estimates are similar (0.459 versus 0.439). This
is despite considerably larger (approximately five times larger) incentives being offered in
2014. For Spring 2014, the corresponding effect was slightly larger (0.555). In an attempt to
isolate the role of the size of incentives, however, the discussion is focused on the Autumn se-
mesters due to other differences between Autumn and Spring.18 The implied cost (in terms of
the value of the prizes only) of inducing one hour of PASS participation is approximately AUD 50

in Autumn 2014 and AUD 10 in Autumn 2015.

This is an encouraging finding in the sense that the size of the incentive (and hence the
total cost of RED experiments) seems to not be a major factor in the design of effective RED ex-

periments. Similar future studies could be designed in ways that increase statistical power

17 The Australian Tertiary Admission Rank (ATAR) is used by most universities in Australia for admission
purposes.

18 Since Autumn is the first semester of the academic year and the included subjects are all first-year sub-
jects, the study population drawn from the Autumn semesters is predominantly comprised of students in
their first semester of university study. The composition of subjects included in our experiment is also
similar in the two Autumn semesters (three subjects were included in both of the Autumn semesters).
Further, our strategy for informing students about our experiment was more intensive in Spring. In
Spring 2014, we visited each class in the first and second weeks, while in Autumn of each year, we visited
only in the first week. In Spring 2014, we also provided students in the incentivized group an approxi-
mate probability of winning a prize (“1 in 10”). All of these factors may have affected the size of the first-
stage effects.
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through methods that do not necessarily involve greater cost. Including a larger sample size
(perhaps through multi-institutional collaboration) would seem to be a better option than in-
creasing the incentive pool. More generally, the design of effective incentives in this context

warrants further research.

Table 4 further examines the nature of the first-stage inducement effect. For these re-
sults, the dependent variable is binary (indicating PASS participation in bands): zero sessions,
1-4 sessions, 5-7 sessions, and 8+ sessions. Given the structure of the incentive, we hypothe-
sized that students in the incentivized group may be more likely to bunch around the attend-
ance thresholds: five and/or eight PASS sessions. The results suggest that students in the incen-
tivized group were less likely to attend PASS zero times (-0.042) and more likely to attend 8+
times (0.046). The probability of attending 1-4 times or 5-7 times was unaffected. A possible
explanation is that students who were incentivized to try a PASS session continued attending

for the majority of the semester.

5.2 OLS Results

Table 5 shows OLS results. The upper panel shows results for the full sample with and without
controls. In both specifications, one hour of PASS attendance is associated with a 0.07 increase
in standardized grades associated with small standard errors. Since the coefficients on PASS at-
tendance do not change with the inclusion of very detailed control variables, there is no evi-
dence of positive (or negative) selection on observables into participation into PASS. Neverthe-

less, self-selection into PASS may be associated with unobserved determinants of grades.

The lower panel of Table 5 shows OLS results for various subgroups. Overall, the results
do not vary greatly between subgroups. However, there is clear evidence that the association is
larger for older students versus younger students, and for low-ATAR versus high-ATAR stu-

dents. There is also suggestive evidence that the association is larger for low-SES students.
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5.3 2SLS Results

Table 6 shows 2SLS results for the full sample. With control variables, the point estimate sug-
gests that one hour of PASS improves grades by 0.065 standard deviations, which is very similar
to the OLS estimate. This estimate is not statistically significant (p = 0.167), but it is subject to a
large standard error. Assuming a constant effect for each hour of PASS, this suggests that an av-
erage quantity of PASS sessions (6.25 hours among those who attend PASS) increases marks by
0.41 standard deviations, equivalent to 7.9 marks on the non-standardized 100-point scale. But
the corresponding confidence interval ranges from -0.17 to 0.98 standard deviations, or -3.3 to

19.1 marks.

In our pre-analysis plan, we documented our intention to study heterogeneity of effects
between various sub-groups (by age, sex, domestic/international status, high school grades and
socioeconomic status), but the relatively weak first-stage effects of the incentive have been pro-
hibitive. As shown in Table 3, the first-stage F-statistics do not exceed 10 for any pair of sub-
groups in the pre-analysis plan, suggesting that comparisons between these sub-groups are not
appropriate.1? If we ignore the weak first-stage relationships, none of the differences between
sub-groups in 2SLS effects are statistically significant at the 5-percent level. That said, the point
estimates sometimes do vary considerably between subgroups, so we have chosen to not show

those to avoid misinterpretation.

We do, however, show one comparison between sub-groups: between students who are
enrolled in their first-ever semester at the University of Wollongong and other students. The
first-stage F-statistic exceeds 10 for both of these subgroups. The 2SLS results suggest that ef-
fect of PASS may be considerably larger for the new students. The difference in the estimates for
new students versus others (0.201 standard deviation) is borderline statistically significant (p

=0.051).

19 For example, the first-stage F-statistic is 8.8 (i.e., less than 10) for males, preventing meaningful com-
parisons by gender. Similarly, the F-statistics are less than 10 for international students, for older stu-
dents (aged 20+), low-ATAR students, regional students, low-SES students, and regional students.
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We stress that the comparison between new students and others was not included in
our pre-analysis plan, and so it should be treated as an exploratory result rather than a confirm-
atory result. In other words, we did not explicitly hypothesize a difference between these sub-
groups ex ante. Nevertheless, this seems a plausible result, given the issues around transitioning
into a university environment, including the more independent and self-directed study skills
and time management required in tertiary study. Many students also leave home to attend uni-
versity, thereby losing the structured and supportive environment which some parents can pro-
vide. Students at university are also faced with making new social connections and friends with-
in much larger cohorts than they have previously encountered. Programs such as PASS aim to
address many of these issues. The systematic review conducted by Dawson et al. [2014] com-
mented on earlier studies, including Ogden et al. [2003], Court and Molesworth [2008], van der
Meer and Scott [2009], and Bronstein [2008], which suggested that PASS assisted in the areas of
students developing effective study skills and exam preparation techniques, understanding
course expectations, feeling more supported, enhancing social relationships and personal well-

being, and reducing anxiety.

In contrast to the discrepancy between new students and others in the 2SLS results, the
OLS analysis suggests that the effects of PASS are very similar for new students and other stu-
dents. A possible explanation for the discrepancy between OLS and 2SLS is the nature of selec-
tion into PASS. The divergent results would be explained by negative selection on unobserved
characteristics into PASS among new students, combined with positive selection among other
students. Under this interpretation, students in their first semester of study are more likely to
select into PASS if they have unobserved characteristics associated with lower university grade
performance (e.g, if they are particularly likely to struggle with the transition from high school
to the university environment). Conversely, there may be positive selection into PASS among
students who are not in their first semester. This would be the case if, for example, those stu-
dents who have the most available time and commitment to invest heavily into study are most
likely to choose PASS as part of their overall study regime.

26



6 Conclusion

There is a widely recognized need among stakeholders to ensure that policymaking is evidence-
based, relying on rigorous scientific methods to generate new knowledge about the impacts of
certain policy instruments. With respect to the hierarchy of evidence, knowledge generated
from randomized controlled trials is widely considered to be the most credible. Yet there exists
is a substantial divide between the ability of RCTs to generate credible evidence and the socio-

political realities associated with successfully conducting an RCT.

One reason for the paucity of experimental evidence is that deploying an RCT to analyze
many public policy interventions may not overcome ethical hurdles. In particular, the outright
denial of access to specific services is difficult to justify, especially when there is putative evi-
dence on its effectiveness or when the political constraints do not allow for creating an authen-
tic control group. Randomly assigning eligibility and compelling treatment in this case simply
for the purposes of evaluation are unlikely to pass ethical review (or, indeed, voter review at the

ballot box).

Our proposed alternative is to conduct an RED experiment, where the evaluator can
generate an exogenous variation in the probability of program participation by incentivizing a
randomly selected subset of the eligible population to participate. This design allows us to esti-
mate the program impact using a conventional instrumental-variable approach, which we esti-
mate by two-stage least squares to recover the average causal response. This kind of experi-
mental design does not suffer from many of the challenges associated with RCTs, particularly
the denial of access to the voluntary and universal program. As such, REDs should form part of
the evaluation toolkit available to researchers, along with RCTs, quasi-experimental approaches,

and other observational studies.

However, an RED creates its own challenges that researchers should attempt to over-
come. Two are associated with the fact that the estimation approach in an RED is fundamentally

an instrumental-variable approach. Therefore, it must satisfy the requirements for an IV estima-
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tor to be consistent. Two are worth highlighting here. First, the instrument must not have a di-
rect causal relationship with the outcome variable (i.e., the exclusion restriction). Second, the
instrument must be strongly associated with the endogenous variable (i.e., the first-stage rela-
tionship must be substantial). Otherwise, the bias that arises out of the IV approach may even

be worse than the bias associated with the OLS estimator.

We use an RED to examine supplemental instruction or peer-assisted study sessions,
which are integrated into tertiary education in many higher-educational institutions around the
world. Its proponents claim that it contributes to the academic success of students, as well as to
other relevant student outcomes, such as satisfaction with university life. To our knowledge,
there is scant experimental studies on the effectiveness of PASS or SI, no quasi-experimental
approach has been used to evaluate any PASS program, and there is no natural experiment
available which lends itself to a similar analysis. Our study attempts to fill this gap by deploying
a randomized-encouragement-design experiment to estimate the impact of PASS on academic
achievement as measured by the final marks. We find that there is suggestive evidence that
PASS contributes to higher grades, and that this contribution can potentially be large, but that

this is rather imprecisely estimated in our experiment.

At this stage, it is important to note that the PASS program could potentially have im-
pacts over and above the final marks of students. In particular, we recognize that PASS may con-
tribute positively to student life. A number of first-semester students may not know anyone
from the university. Attending PASS sessions can expand a student’s social network, thereby
possibly accelerating the acclimatization process to university life. Other skills which can be
useful in the present and then later in life, such as working with a group of peers or learning to
be assertive, may be acquired over PASS sessions. These are beyond the scope of the present
study, but we are cognizant of the fact that these are relevant to the holistic development of the

student within the context of higher education.
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In our application, the first-stage relationship was quite weak, and this led to a very low
statistical power to discriminate between a potentially large effect or none at all. Since the in-
strument is weak, inference is problematic because the standard error associated with the 2SLS
estimate of the effect increases as the participation rate decreases. Our application of the RED
can serve as a lesson to future researchers. Although the endogeneity of the treatment or pro-
gram indicator is a serious econometric concern, the incentive design is perhaps just as im-
portant. Estimation and inference become a precarious exercise for all the reasons identified in
the weak-instruments literature (e.g., Bound, Jaeger, and Baker [2005]) when the incentive
simply does not have sufficient power to induce eligible program participants to subsequently

enroll in the program.

Another lesson learned in our specific application is that the size of the incentive for the
kind of behavior we wanted to promote did not seem to matter. For roughly similar numbers of
eligible students across semesters, the decision to devote either AUD 50,000 or AUD 5,000 to
promote PASS attendance did not generate any notable difference in the likelihood of attending
the PASS program. This additionally demonstrates that there is much more to be learned in the
incentive space, especially the design of effective incentives for a specific population and a tar-

get behavior.

Finally, the RED also inherits the causal interpretations from the IV framework. This
means that the parameter that the 2SLS estimator recovers is a kind of local average treatment
effect or, in the case of a continuous treatment, the average causal response. The subpopulation
over which the treatment effect is averaged is also contingent on the kind of instrument (i.e.,
incentive) that the researcher decides to use. The LATE/ACR may or may not be the ultimate
parameter that policy evaluators are interested in since this would be context-specific. Howev-
er, it is important to emphasize that there are a number of treatment effects that can be esti-
mated within the IV sphere, and not all of them may be informative for the purposes of the eval-

uation or for program stakeholders.
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Tables

Table 1 Descriptive Statistics

Non-missing

Variable Mean Std. Dev.  Observations
Final Grade, Standardized 0.00 1.00 5,985
Incentivized Group 0.50 0.50 5,985
PASS sessions attended 2.67 3.98 5,985
PASS sessions attended = 0 0.57 0.49 5,985
Male indicator 0.55 0.50 5,985
Age 20.31 3.93 5,985
International-student indicator 0.13 0.34 5,985
Equity-student indicator 0.28 0.45 5,985
Aboriginality indicator 0.01 0.09 5,985
Regional indicator 0.20 0.40 5,985
SES Area == High 0.20 0.40 5,985
SES Area == Low 0.12 0.32 5,985
SES Area == Medium 0.45 0.50 5,985
SES Area == missing 0.24 0.42 5,985
Student’s first semester at UOW indica-

tor 0.51 0.50 5,985
Original ATAR 76.08 11.92 4,157
Indicator for missing ATAR 0.31 0.46 5,985
High school math grade, standardized 0.00 1.00 3,537
High school math level: Basic 0.29 0.45 5,985
High school math level: Standard 0.18 0.38 5,985
High school math level: Extension 1 0.11 0.31 5,985
High school math level: Extension 2 0.02 0.14 5,985
High school math grade: missing 0.41 0.49 5,985
Semester==Aut_2014 0.33 0.47 5,985
Semester==Aut_2015 0.38 0.48 5,985
Semester==Spr_2014 0.29 0.45 5,985
Subject_code==ACCY111 0.22 0.41 5,985
Subject_code==BIOL103 0.09 0.28 5,985
Subject_code==COMM121 0.22 0.41 5,985
Subject_code==ECON101 0.08 0.28 5,985
Subject_code==EDPS101 0.01 0.10 5,985
Subject_code==ENGG153 0.06 0.24 5,985
Subject_code==MATH141 0.06 0.24 5,985
Subject_code==MATH151 0.05 0.23 5,985
Subject_code==MEDI111 0.08 0.27 5,985
Subject_code==PSYC123 0.04 0.21 5,985
Subject_code==SHS 111 0.07 0.26 5,985
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Table 2 Balance Tests for Estimation Sample

Incentiv- Control

ized Group Group P-value for
Baseline Characteristics Mean Mean Difference  difference
Male indicator 0.551 0.542 0.009 0.490
Age 20.351 20.275 0.076 0.448
International-student indicator 0.132 0.133 -0.001 0.926
Equity-student indicator 0.284 0.283 0.001 0.923
Aboriginality indicator 0.009 0.009 0.001 0.817
Regional indicator 0.198 0.207 -0.009 0.399
SES==H 0.193 0.204 -0.011 0.279
SES==L 0.123 0.113 0.010 0.236
SES==M 0.449 0.447 0.002 0.883
SES== 0.235 0.236 -0.001 0.935
Student’s first semester at UOW indi-
cator 0.509 0.511 -0.002 0.879
Original ATAR 76.052 76.111 -0.059 0.874
Indicator for missing ATAR 0.312 0.299 0.013 0.291
High school math grade, standardized 0.001 -0.001 0.003 0.933
High school math level: Basic 0.290 0.284 0.006 0.584
High school math level: Standard 0.174 0.179 -0.004 0.653
High school math level: Extension 1 0.105 0.108 -0.002 0.755
High school math level: Extension 2 0.023 0.019 0.003 0.358
High school math grade: missing 0.408 0.410 -0.003 0.817
Semester==Aut_2014 0.334 0.332 0.002 0.841
Semester==Aut_2015 0.377 0.379 -0.002 0.905
Semester==Spr_2014 0.288 0.289 -0.001 0.935
Subject_code==ACCY111 0.218 0.218 0.000 0.974
Subject_code==BIOL103 0.089 0.088 0.000 0.951
Subject_code==COMM121 0.219 0.220 -0.001 0.925
Subject_code==ECON101 0.083 0.082 0.001 0.866
Subject_code==EDPS101 0.012 0.010 0.002 0.492
Subject_code==ENGG153 0.065 0.062 0.003 0.617
Subject_code==MATH141 0.063 0.062 0.001 0.855
Subject_code==MATH151 0.052 0.056 -0.003 0.561
Subject_code==MEDI111 0.082 0.080 0.002 0.787
Subject_code==PSYC123 0.042 0.046 -0.005 0.385
Subject_code==SHS 111 0.074 0.075 -0.001 0.880
N 3013 2972

*p<0.10," p<0.05,"" p < 0.01.
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Table 3 First-Stage Results — Dependent Variable is Number of PASS sessions attended

Full Sample (without controls) Full Sample (with controls)

Incentive 0.464™ (0.102) 0.474™ (0.095)

N / first-stage F

5985 20.630

5985 24.853

Sub-Group Analyses Included in Pre-Analysis Plan (with controls)

Male Female Difference
Incentive 0.374™ (0.126) 0.572™ (0.145) -0.198 (0.192)
N / first-stage F 3269 8.830 2716 15.489
Domestic International Difference
Incentive 0.461™ (0.102) 0.593" (0.263) -0.131 (0.282)
N / first-stage F 5192 20.495 793 5.084
Young (< 20) Older (20+) Difference
Incentive 0.497™ (0.127) 0.444™ (0.143) 0.054 (0.191)
N / first-stage F 3517 15.377 2468 9.585
Low ATAR High ATAR Difference
Incentive 0.484" (0.154) 0.584" (0.162) -0.100 (0.223)
N / first-stage F 2018 9.859 2139 13.040
Non-Regional Regional Difference
Incentive 0.522™ (0.105) 0.328 (0.223) 0.194 (0.246)
N / first-stage F 4771 24.802 1214 2.172
Not Low SES Low SES Difference
Incentive 0.422" (0.100) 0.891™ (0.296) -0.469 (0.313)
N / first-stage F 5276 17.717 709 9.062
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Non-Equity Equity Difference
Incentive 0.464™ (0.109) 0.535" (0.190) -0.071 (0.219)
N / first-stage F 4288 18.060 1697 7.968
Additional Sub-Group Analyses (with controls)
Large Incentive (Autumn 2014)  Small Incentive (Autumn 2015) Difference
Incentive 0.459" (0.183) 0.439" (0.151) 0.020 (0.237)
N / first-stage F 1993 6.275 2263 8.479
First Semester at University Not First Semester at University Difference
Incentive 0.503™ (0.146) 0.438™ (0.122) 0.065 (0.190)
N / first-stage F 3053 11.940 2932 13.015

Full controls are included in each regression. Robust standard in parentheses, clustered on student.
*p<0.10," p < 0.05 ™ p <0.01.
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Table 4 First-Stage Results by Treatment Intensity — Dependent Variable is PASS Attendance Band (Binary)

(1) (2) (3) (4)
attendance = attendance = attendance = attendance =
0 1-4 5-7 8+
Incentive -0.042™ -0.009 0.005 0.046™"
(0.012) (0.010) (0.007) (0.010)
N 5985 5985 5985 5985

Full controls are included in each regression. Robust standard in parentheses, clustered on student.
*p<0.10," p < 0.05 ™ p<0.01.
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Table 5 OLS Results - Dependent Variable is Standardized Final Grade

ATTENDANCE
N

ATTENDANCE

N

ATTENDANCE
N

ATTENDANCE
N

ATTENDANCE
N

ATTENDANCE
N

ATTENDANCE
N

Full Sample (without controls)

0.072" (0.003)
5985

Sub-Group Analyses Included in Pre-Analysis Plan (with controls)

Male
0.073™ (0.004)
3269
Domestic
0.068"* (0.003)
5192
Young (< 20)
0.059™ (0.003)
3517
Low ATAR
0.072" (0.005)
2018
Non-Regional
0.071* (0.003)
4771
Not Low SES
0.066™" (0.003)
5276

Full Sample (with controls)

0.069™ (0.003)
5985

Female
0.064* (0.004)
2716

International
0.074* (0.009)
793

Older (20+)
0.088™ (0.005)
2468

High ATAR
0.050" (0.004)
2139

Regional
0.062"* (0.006)
1214

Low SES

0.081" (0.008)
709
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Difference
0.009 (0.006)

Difference
-0.006 (0.009)

Difference
-0.030™ (0.006)

Difference
0.022™ (0.006)

Difference
0.009 (0.007)

Difference
-0.015" (0.008)



Non-Equity Equity
ATTENDANCE 0.068™ (0.004) 0.070™ (0.005)
N 4288 1697
Additional Sub-Group Analyses

Large Incentive (Autumn 2014) Small Incentive (Autumn 2015)

ATTENDANCE 0.075™ (0.004) 0.070" (0.004)
N 1993 2263
First Semester at University Not First Semester at University
ATTENDANCE 0.068™ (0.003) 0.069™ (0.004)
N 3053 2932

Difference
-0.002 (0.006)

Difference
0.006 (0.006)

Difference
-0.000 (0.006)

Robust Standard errors in parentheses, clustered on student.
*p<0.10," p < 0.05 ™ p<0.01.
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Table 6 2SLS Results - Dependent Variable is Standardized Final Grade

Full Sample (without controls) Full Sample (with controls)
ATTENDANCE 0.049 (0.053) 0.065 (0.047)
Observations 5985 5985

Additional Sub-Group Analysis

First Semester at University Not First Semester at University
ATTENDANCE 0.153" (0.063) -0.048 (0.081)
Observations 3053 2932

Difference
0.201"

(0.103)
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University of Wollongong

PARTICIPANT INFORMATION SHEET FOR STUDENTS

TITLE: The Causal Effects of the Peer Assisted Study Sessions (PASS) on Educational
Outcomes

PURPOSE OF THE RESEARCH

This is an invitation to participate in a study conducted by researchers at the University of
Wollongong. This project aims to estimate the effects of the PASS (Peer Assisted Study
Sessions) program on educational outcomes of students, using a quasi-experimental impact
evaluation technique known as randomised encouragement design. A random set of students
selected from COMM121, ACCY11l, ENGG153, SHS111 and MATH151 (in Autumn
Session 2014) and certain Spring Session subjects (to be announced) will be offered a
substantial incentive to participate in the PASS program — which should raise their PASS
participation relative to the control group. Students in the treatment group will gain eligibility
to win one of 50 Coles Group & Myer Gift Cards worth $1,000 each. A draw will be held
during the exam periods in Autumn and Spring semesters, 2014.

INVESTIGATORS

Assoc Prof Peter Siminski (Faculty of Business) web page
Assoc Prof Leona Tam (Faculty of Business) web page
Ms Sally Rogan (Director of Peer Learning) web page

Dr Alfredo Paloyo (Economics) web page

The study is funded by the Australian Government’s Higher Education Participation and
Partnerships Program (HEPPP). Associate Professors Peter Siminski and Leona Tam and Dr
Paloyo have responsibility for the study design and have no current or previous relationship
with the PASS program, other than by virtue of being employed by UOW. As Director of
Peer Learning, Ms Sally Rogan (Director of Peer Learning) has overall responsibility for the
UOW PASS program.

METHOD AND DEMANDS ON PARTICIPANTS

There will be no primary data collection. We can foresee no participant burden. The research
team will analyse de-identified administrative student data on PASS participation,
background characteristics, grades and retention. The intuition of the methodology is to
compare the outcomes of all students who were offered the incentive to all who were not (and
scaling up the difference by the proportion of such students who were induced into PASS by
the incentive).


http://business.uow.edu.au/econ/who/UOW042469
http://business.uow.edu.au/smm/mark/academics/UOW144148.html
http://www.uow.edu.au/student/services/pass/UOW093210.html
https://ris.uow.edu.au/ris_public/WebObjects/RISPublic.woa/wa/Staff/selectPerson?id=97320&group=3947

University of Wollongong

POSSIBLE RISKS, INCONVENIENCES AND DISCOMFORTS

We can foresee no risks for you. Your involvement in the study is voluntary and you may
withdraw your participation from the study at any time. The decision not to participate, or to
withdraw from the study, will not affect any current or future relationship with the University
of Wollongong. To opt out or withdraw from the study, or for further information, e-mail:
chscr-1@uow.edu.au

FUNDING AND BENEFITS OF THE RESEARCH

This study has been funded by an Educational Inclusion Grant, through the UOW Faculty of
Business. This research will contribute to the evidence base on the effectiveness of the PASS
program for improving student outcomes, as well as the effectiveness of incentives to
encourage student participation in PASS sessions. Findings from the study will be published
in a report to the UOW and likely be published in economics or educational journals.
Confidentiality is assured and you will not be identified in any part of the research.

ETHICS REVIEW AND COMPLAINTS

This study has been reviewed by the Social Sciences Human Research Ethics Committee of
the University of Wollongong (HE13/360). If you have any concerns or complaints regarding
the way this research has been conducted you can contact the UOW Ethics Officer on (02)
4221 3386 or email rso-ethics@uow.edu.au

Thank you for your interest in this study.


mailto:chscr-1@uow.edu.au
mailto:rso-ethics@uow.edu.au

BIG rrizes for attending PASS

FIFTY Sl,OOO Gift Cards

Across 9 subjects this year

Half of You are Eligible
Eligibility notified by SMS and/or E-mail today or
tomorrow

Coles Group & Myer Card

Valid at Coles; Coles Express; Target; Myer; Kmart;
Officeworks; Liquorland.

xtra prizes?
- ; \"‘M‘h“

— A= AT
For Research Purposes

h See http://www.uow.edu.au/~siminski/PASS research.pdf
Any Questions?
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