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Abstract

Early Warning Systems (EWS) can unburden student counselors by early and accurate identification of
students in need of academic support. Such a low-cost system facilitates effective and efficient
educational student support by providing student-specific risk and background information. EWS allow
for timely interventions and therefore have the potential to prevent dropout.

This study evaluates whether EW S-assisted student counseling at a large Dutch university in
the academic year 2016-2017 reduced dropout and improved academic performance. A randomized
field experiment was conducted in which 758 first-year students were randomly assigned to EWS-
assisted counseling or to a control group receiving counseling as usual.

The results indicate that the EWS accurately predicts students at risk and shares student-specific
risk information with student counselors. Yet, offering EWS-assisted counseling does not reduce
dropout, nor improves academic performance. The contribution of EWS seems to be that they accurately
identify at-risk students at an early stage, and thus allow for timely interventions, but in itself EWS do

not resolve the underlying problem of dropout or poor academic performance.
Introduction

Since the turn of this century, participation rates in higher education have increased by 10
percentage points or more in many regions across the globe, including the US, Europe, East Asia, and
Latin America (OECD, 2003, 2014; Altbach, Reisberg & Rumbley, 2009; Scott-Clayton & Sacerdote
2016). This is accompanied by a substantial increase in the number of students who dropout (OECD,
2003, 2014), which is undesirable given the quasi-experimental evidence indicating that the wage return
of an additional college year for these students at the margin is 9%, (Oreopoulos & Petronijevic, 2013;
Scott-Clayton & Sacerdote 2016). Concerns about student dropout rates have led to increased scrutiny
of college completion and developments towards holding universities accountable for graduation and

dropout rates (Bettinger & Baker, 2014).
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Common efforts to reduce student dropout include remediation policies, providing financial
aid, and improving the match between study program requirements and student competencies and
preferences. However, the effectiveness of these efforts is largely disappointing. Remediation programs
demonstrate no or mixed effects (Scott-Clayton & Rodriguez, 2012; Calcagno & Long, 2008), while
the costs of these programs are enormous (Scott-Clayton, Crosta, & Belfield, 2014). Establishing the
effectiveness of financial aid on college completion can be challenging, as it is difficult to identify
causal effects based on non-experimental data, and because financial aid programs are often combined
with other support programs, which makes it cumbersome to isolate the financial aid effect (Page &
Scott-Clayton, 2016; Van Klaveren, Kooiman, Cornelisz, & Meeter, 2019). However, results show that,
when combined with other support programs, financial aid increases degree attainment and improves
grades (Page & Scott-Clayton, 2016; Angrist, Lang, Oreopoulos, 2009). A recent field experiment
aimed at improving program enrollment decisions by providing students information on their expected
future study success for that program finds no effect on dropout (Van Klaveren, et al., 2019).

One effort that has been effective in reducing dropout is pro-active student counseling. For
instance, Bettinger & Baker (2014) found that proactive individual student coaching improves student
retention and graduation rates. They mention that student counselors can help students academically
prepare for their courses, give them access to appropriate information, help them integrate into the
university community, and ‘nudge’ them to complete necessary tasks. However, student counselors
often have caseloads that can span many hundreds of students (Scott-Clayton & Hughes, 2011), making
individualized student counseling difficult, if not impossible. Additionally, relevant risk information to
act upon (e.g. student grades) is frequently only observed at a stage in the academic year where it might
already be too late to rectify any problems.

A promising low-cost intervention that can unburden student counselors and facilitate their
efforts towards the reduction of dropout are Early Warning Systems (EWS). Essentially, EWS use
machine learning techniques to optimally predict student dropout as early as possible and visualize
these predictions together with relevant student background characteristics and performance measures
through dashboards. Providing student counselors with this actionable information allows them to offer
more informed feedback and specific recommendations to students. Feedback is among the most critical
influences on student learning (Hattie & Timperley, 2007). Van Klaveren et al. (2019) found that
students tend to be overconfident about their future performance, but update their expectations when
they receive information on their predicted study success. Moreover, a dashboard implemented at KU
Leuven, which visualized a student’s performance and progress, was found to support the dialogue
between students and counselors (Millecamp Gutiérrez, Charleer, Verbert, & de Laet, 2018). Their
dashboard was mainly successful in triggering insight at the beginning of a conversation and was useful
to support difficult decision-making processes. Hence, EWS allow for more timely and effective

interventions, which explains why several studies call for the use of EWS with the aim to reduce dropout
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(Macfadyen & Dawson, 2010; Sclater, Peasgood, & Mullan, 2016; Beck & Davidson, 2001; Balfanz et
al., 2014).

Many EWS and other dashboards have been developed over the past years to support learning
or teaching, but only a few studies focus on the empirical evaluation of the effectiveness of such
dashboards and systems (Verbert, Duval, Klerkx, Govaerts, & Santos, 2013; Gasevi¢, Dawson &
Siemens, 2015). To our knowledge, there are two empirical impact evaluations of two large-scale
interventions: £°’Coach, implemented at the University of Michigan, and Course Signals, implemented
at Purdue University. Both EWS interventions show positive results regarding student performance and
retention. Students who used E°Coach received feedback on their current status in a course, together
with information about how their work compared to their peers as well as predictions about their final
course grades if they would continue to approach the course in the same way (McKay, Miller, & Tritz,
2012). Additionally, personalized messages from recent graduates, peer testimonials, and customized
recommendations for study habits and assignments for practice were delivered to each student in the
form of a personalized webpage (Huberth, Chen, Tritz, & McKay, 2015). To evaluate the program they
defined a ‘better-than-expected’ (BTE) measure, and the empirical results show that £ZCoach users (1)
had higher BTE scores than non-users, and that (2) moderate and high intensity users had higher BTE
scores than low intensity users (Huberth et al., 2015).

Students who used Course Signals (CS) also received feedback on their course performance
through a traffic light displayed on their personal Learning Management System (LMS) course page.
A red sign indicated a high likelihood of being unsuccessful, a yellow sign denoted a potential problem
of succeeding, and a green light signals a high likelihood to succeed in the course (Arnold & Pistilli,
2012). This prediction of the likelihood of succeeding in a particular course was conditional on grades,
demographic characteristics, past academic history, and data from the LMS. Based on the student’s
traffic light classification, course instructors could send personalized emails. Course Signals was
evaluated for 3 subsequent academic years in terms of student performance and retention and the
empirical results showed that students who used CS in at least one course had higher retention rates
than students not using CS (Arnold & Pistilli, 2012).

The empirical results of the above programs are promising for the potential of EWS. Yet,
students were not randomly assigned to E’Coach/Course Signals or a control group. As such, the
observed performance differences between users and non-users can — to some extent — also reflect
selective tool participation, rather than — solely — the effectiveness of the EWS. Additional experimental
evaluations of EWS are therefore warranted to confirm their effectiveness in reducing dropout and
promoting performance.

This study describes the results of a randomized controlled field experiment that evaluates the
effectiveness of a Dutch EWS-assisted student counseling program at the Vrije Universiteit (VU)
Amsterdam for twelve bachelor programs in the academic year 2016-2017. This EWS-assisted

counseling program was implemented with the objective to support tutors and student advisors in their



EVALUATION OF EWS-ASSISTED STUDENT COUNSELING

regular counseling activities. We developed a dashboard that shared student-specific risk and
background information with student counselors. These risk predictions resulted from a well-validated
machine learning model. By providing information on dropout risks to student counselors on a weekly
basis, the system was expected (1) to increase pro-active and timely invitations by student counselors
of at-risk students for an individual appointment to perform coaching interventions, and (2) to be used
as feedback to students to make them better aware of their performance and their risk of dropping out.
The additional student-specific background information provided was expected to foster a more
effective dialogue between student and counselor on the underlying causes of the observed dropout risk
and low-performance and on how to improve these outcomes. This study evaluates if the Dutch EWS-
assisted counseling program accurately predicted students at risk, whether it yielded the aforementioned
expected counseling procedures, and whether it ultimately reduced dropout and increased academic
performance.

This study contributes in two important ways. Firstly, it contributes by conducting a large-scale
randomized field experiment throughout the academic year, such that the effectiveness of EWS-assisted
counseling relative to counseling as usual is evaluated rigorously. The full cohort of first-year students
enrolled in the twelve participating bachelor programs in 2016 was 1577, of which a sample of 758
students provided informed consent and participated in the experiment. Subsequently, these 758
students were randomly assigned to receive EWS-assisted student counseling or counseling as usual.

Second, this study contributes by applying innovative machine learning methods to make out-
of-sample predictions of dropout risks for first-year students. In the field of computer science, it is well
known that machine learning models can outperform alternative risk identification procedures that are
based on heuristic or theory-based approaches (see, for example, Luca et al., 2016, Sansone, 2017).
Yet, in the social science literature, the adoption of such machine learning models has so far been
limited. The models used to predict dropout risk in this study are the logistic model, the additive logistic
model (with thin plate splines), the support vector machine model, and the random forest model. These
models are examined and compared in terms of their (relative) performance, using registration data of
two previous first-year student cohorts at VU Amsterdam, and by exploiting cross validation and out-
of-bag estimation methods. The best performing model, the additive logistic model, was used in the
EWS-assisted counseling intervention to predict student-specific dropout risk throughout the first-year.

This article proceeds as follows. The next section outlines the experimental design used to
evaluate the effectiveness of EWS-assisted counseling. The subsequent section describes the four
machine learning models that were estimated to predict dropout risk, outlines the prediction procedure,
and reports on the performance of the models. Thereafter, the EWS-assisted counseling program and
how it relates to counseling as usual in the context of this study is described. Then, the experimental
data is described and the descriptive statistics are presented. Subsequently, the empirical findings are

presented, which are followed by conclusions and a discussion.
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Experimental Design

The field experiment was conducted at VU Amsterdam in the Netherlands, in the academic
year 2016-2017. VU Amsterdam is one of the two large publicly-funded universities in Amsterdam and
the three participating faculties were the Faculty of Science, the Faculty of Behavioral and Movement
Sciences and the Faculty of Business and Economics.

At the beginning of each academic year, all first-year students take a mandatory digital Dutch
proficiency test. Upon taking this test, students were digitally invited to participate in the EWS-assisted
counseling experiment. In total, 1577 students enrolled in one of the twelve participating bachelor
programs offered within the three faculties were invited to participate, of whom 758 students (i.e. 49%)
gave informed consent.

The participating students were randomly assigned within bachelor programs to receive EWS-
assisted counseling or counseling as usual using a two-step procedure. First, students were put in
ascending order based on the exact moment of providing consent, as registered by a timestamp. Second,
either a ‘one’ or a ‘zero’ was randomly sampled. When the number “one” was drawn for a bachelor
program, all odd-numbered students were assigned to the treatment group (i.e. student 1, 3,5 ... ) and
all even-numbered students were assigned to the control group (i.e. student 2, 4, 6, ...). Instead, when
the number “zero” was drawn, odd-numbered students were assigned to the treatment group and even-
numbered students to the control group.

Within one week after randomization, all students were informed by e-mail about their
assignment status. The intervention group received EWS-assisted counseling throughout the whole first
academic year, while the control group received counseling as usual. At the end of the academic year,
all students were asked to fill out an online follow-up questionnaire concerning their meetings with

counselors. This questionnaire was filled out by 125 of the 758 participants (16.5%).

Machine Learning, Prediction Procedure and Outcomes

Machine Learning Approach

In order to offer EWS-assisted counseling to first-year students who enrolled in the academic
year 2016-2017, it is necessary to generate a student-specific prediction of the risk of first-year dropout.
To estimate the association between first-year dropout and student characteristics, information was used
of all students of the two previous cohorts (i.e. 2013-2014 and 2014-2015). Based on these estimates,
an out-of-sample student-specific prediction was made of the dropout risk for students who enrolled in
the academic year 2016-2017.

This explicit focus on out-of-sample prediction and addressing over-identification issues

enables Machine Learning (ML) models to outperform alternative estimation models that use heuristic
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or theory-based approaches (Luca et al., 2016, Sansone, 2017). While still relatively underexposed in
the social science literature, there are several policy-relevant issues that do not require causal inference
but would benefit greatly from these more accurate predictions (Kleinberg et al., 2015). Due to the
increased recognition of the importance of predictive modeling, ML is currently gaining momentum
(Belloni et al., 2014; Varian, 2014; Mullainathan and Spiess, 2017) and as a result has been used in, for
example, teacher tenure decisions (Chalfin et al.,, 2016), and to predict college dropout (Aulck,
Velagapudi, Blumenstock, & West, 2016; Ekowo and Palmer, 2016).

Competing Prediction Models

The four prediction models we estimated and evaluated are the Logistic Model (LM), the
Additive Logistic Model (ALM), the Support Vector Machines (SVM) model, and the Random Forest
(RF) Algorithm. These statistical models are shown in Table 1, where the parameters are indicated by
Greek letters, x denotes the vector of input variables (i.e. x =[xy, x2, ..., Xu]), and y represents a variable
that indicates 1 if dropout was observed, and 0 otherwise. The conditional probability of dropping out
given the input variables (i.e. P(y = 1|x)) is denoted by p, and prop represents the proportion of
observations with class label i that can take on values 0 (no dropout) and 1 (dropout). We explain these

four models in the following four paragraphs.

Table 1.
The Four Estimated and Evaluated Prediction Models.
Abbreviated Name Statistical Model
LM log <1t;p) = Po + Prx1 + -+ PrXm
ALM log (1%) = Bo+ £Cx) + oo () + A j 102 dx
SVM y = sign(Bo + 1x1 + -+ BmXm)
1
RF E=-— Z prop; - log(prop;)

=0

The logistic model (LM) served as baseline prediction model, as it is frequently used in social
and computer science literature for binary classification problems, such as predicting dropout. The
advantage of this model is the use of a Sigmoid function which ensures that the predicted probabilities
for belonging to a certain dropout class (i.e. dropout or non-dropout) will always be between 0 and 1.

The Additive Logistic Model (ALM) is an extension of the logistic model. No functional form
is imposed on the input variables, thereby enabling the model to better approximate a multidimensional

input space x. However, such greater flexibility also entails a bigger risk of overfitting, which is why a
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thin plate spline smoothing function is added to the model (for an extensive discussion on thin plate
regression splines, see Wood, 2003). This smoothing function penalizes steep slopes
(i.e. A [ f'(x)%dx), thereby acknowledging that a specification that better fits the data goes at the
expense of degrees of freedom. The greater the value of this penalty function, the smoother the
estimation function. By including the smoothing function, the algorithm thus optimizes the trade-off
between degrees of freedom and the number of regression splines. Penalization terms for multiple input
variables can be added to the model, such that there is one A; = 1, ..., m for each of the m variables
included.

Analogous to logistic models (LMs), support vector machines (SVMs) were developed for two-
class categorizations. SVMs differ from LMs in that class assignments (i.e. dropout or non-dropout) are
not transformed into probabilities. Instead a sign function is used, such that units are assigned to either
one of the two classes. The objective of SVMs is to find the hyperplane (in two dimensions the
hyperplane is a line) that separates the two classes such that the units of the two categories are divided
by a clear gap that is as wide as possible. Hence, the model parameters are set to maximize the margin
- the minimum distance between the hyperplane and the closest point. The SVM used in this study thus
uses the sign function to categorize students as either dropout or non-dropout, based on the observed
input vector x. An extensive overview of SVMs can be found in Guenther & Schonlau (2016).

Similar to SVMs, Random Forest (RF) models aim to effectively separate the observed data
points into the class they belong to. Decision Tree Models are the building blocks of RF models.
Decision tree models recursively partition the data set into two groups. To get the best split — the split
that improves the classification most significantly, the entropy (£) function given in Table 1 is
maximized at every split of the decision tree. This function indicates the purity of the data — the
homogeneity of the dropout variable within the subsets. This recursive data-splitting process is
intuitively explained using Figure 1, under the simplifying assumption that the observed input vector x
consists of only two input variables, x/ and x2. The red dots in the figure represent {x/, x2} observations
for dropouts, while the green dots denote observations for students who did not dropout. The first split
of the algorithm occurred at x, = a,, which means that the Entropy function indicates that the two
subsets obtained by this split are more pure than the initial data sample. The second, third, and fourth
split occurred at x; = a4, x; = a4, and x, = a3, after which the decision tree model stopped splitting
the data further, as the Entropy function indicated that doing so does not yield purer subsets and to
avoid further reduction of the degrees of freedom. A disadvantage of decision trees is that they are prone
to overfitting and that small changes in the data can cause large changes in the final tree obtained. We
therefore employed a Random Forest algorithm that increases generalization accuracy by building many
individual decision trees on bootstrap samples and then averaging predictions over those individual
trees. Additionally, at each splitting step of an individual tree the input variable to split on is selected

from a random subsample of the x input variables (Amit and Geman, 1997) — a procedure often referred
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to as feature bagging. For this study, 200 trees were estimated, which was sufficient to ensure stable

convergence of the estimated prediction outcomes.
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Figure 1. Decision Tree. This is a revised figure of Zou and Schonlau (2018).

Prediction procedure and prediction outcomes

The prediction procedure is illustrated in Figure 2. The figure indicates that the prediction
models were trained and tested on data of the 2013/2014 and the 2014/2015 first-year student cohorts.
The input variables used in the prediction models are shown in Appendix A. The model parameters
were trained using 5-fold cross validation on a randomly drawn sample of 85% of the 2014/2015 cohort
data, and the models were tested on the 15% hold out set of the 2014/2015 cohort data and on a random
sample of 15% of the 2013/2014 cohort data.
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Figure 2. Prediction Procedure.

The 5-fold cross validation method used to train the models randomly partitions the training
data sample into 5 equal-sized random subsamples. One of the 5 sub-samples is then used to validate
the model (i.e. to determine the mean absolute error of the model), while the remaining subsamples are
used to estimate the model parameters. The validation measure used was the Mean Absolute Error
(MAE), which is the mean difference between the model’s predicted probability to drop out and actual
observed dropout. The cross-validation process is repeated 5 times, with each of the 5 subsamples used
once as validation sample. In total, 5 model parameters are obtained for each input variable, which are
then averaged in the final prediction model. The advantage of this method over repeated random sub-
sampling is that all observations are used for both training and validation, and that each observation is
used for validation only once (see Trippa et al., 2015).

The performance of the four final prediction models (i.e. the trained LM, ALM, SVM, and RF)
was evaluated by the Mean Absolute Error (MAE) of the out-of-sample predictions — the predictions
for the 2013-2014 and 2014-2015 cohort random 15% test samples (that were not used to train the
model parameters). Figure 3 displays the performance evaluation of the prediction models. The
prediction models were evaluated at the start of the academic year (star?), at the end of each of the 6
consecutive study terms (p/ until p6), and at the end of the summer holiday when students have taken

their resits (Summer).
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Figure 3. Evaluation of Model Performance.

The figure is divided in panels A, B and C as to give structure to the discussion of the results.
Panel A shows the out-of-sample (the 2014 cohort test sample) MAEs for the different prediction
models and indicates that the Additive Logistic Model performs better than the other prediction
models." Panel B visualizes the percentages again for the ALM model, now also including the
performance after the Summer.? The visualization shows that predictions in later periods are relatively
more accurate, which can be explained by the fact that in later periods more information is available on
credits obtained and grades achieved. Panel C shows that the ALM prediction model performs only
slightly worse when the 2013 test set is used, indicating that the prediction model performs similarly
for different student cohorts and thus that parameter estimates are generalizable from one year to the

next.

EWS-Assisted Counseling

Student counseling at VU Amsterdam is provided by tutors and student advisors; collectively
referred to as student counselors. The main task of tutors is to teach seminars to groups of 20 to 25

students twice a week throughout the academic year. In addition, tutors set up mandatory 15-minute

! The out-of-sample results for 2013 also indicate that the ALM model performs best, and the results are
available on request.

2 The average MAE of Panel B is slightly lower than the 17.6% indicated in panel A, because the Summer
predictions are included in this former average and not in panel A.
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individual meetings with their students to discuss a student’s academic performance several times a
year. The main responsibility of student advisors is to advice and coach students. Student advisors are
available during walk-in hours and additionally have several individual meetings with students every
day. These meetings are not mandatory and are initiated by either the advisor or the student. For the
758 students participating in the field experiment, a total of 23 tutors and 8 student advisors were
involved in student counseling.

The EWS-assisted counseling program was implemented with the objective to support tutors
and student advisors in their daily work. During a meeting organized in January 2016 (i.e. before the
implementation of EWS-assisted counseling), student counselors expressed that offering effective
remediation and student support is often inhibited because students at risk are frequently identified too
late. In response, a dashboard (see Figure 4) was developed together with the counselors that provided
a dropout prediction for each student as indicated by the prediction model, even before the start of the
academic year, and displayed student-specific performance and background information. Student
counselors received this dashboard for the intervention group students every week.

Figure 4 shows how the predicted risk is displayed, as well as the development of the risk
predictions over study terms. The student-specific background and performance characteristics are
compared to average student characteristics and to characteristics of students who are in the highest
decile of the performance distribution. The performance-related information included is the average
and math high school grades, the obtained European Credits (ECs) — course credits conform the
European Credit Transfer and Accumulation System (ECTS), the number of no shows at exams in their
current program, and the achieved score on the mandatory language proficiency test taken at the
beginning of the academic year. The background information displayed is partly extracted from student
administration systems (e.g. traveling time, number of days since application, and enrolled in multiple
study programs), and presents answers on a digital questionnaire that students filled out before enrolling
in the bachelor program as to learn whether this program matched their personal interests and
competencies (Van Klaveren et al., 2019). Among other things, this questionnaire measured students’

expectations of their study success and the number of hours they perform paid work.
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Monitor- 2016 - Term 3

Drop out chance
Name e Sex Male Term3
Student number tudent numbe Age (at October 1, 2016)* 18
Faculty*/Program ty)/[Progra High school VWO Yes 33.4%
Academic year 2016- 2017 Drop out chance study program last year* 23%
r’v" 'm‘;” Term1 Term 2 Term3
27.9% 34.6% (6 EC) 24.2% (18 EC) 33.4% (18 EC)
vg y Performance avg. | Top

e Ori ion is present Yes 92% 92% * Average grade high school 6.3 67 | 75

. ive or ion program Yes 71% 71% * Math grade high school 6.8 | 8.1

* Open day Yes 85% 85% * Language proficiency grade 75 77 88

* Brochure No 26% 26% *_Highest grade 63 | 83

* Confidence in study success 8 8 9 e HEC* 12 30

* Proactive study behavior 7 8 * # EC partial results* 0 0 0

* Hours paid work and side activities 13 17 17 . # h at inations* 0 0 0

« Enrolled in two programs at VU No 5% 5%

® # days since application 237 143 231 Application date

* # study programs in the past 2 years 1 1 1 roliment date

* Avg traveling time by public transport | 70 58 19

to the VU (minutes)
')

Figure 4. EWS Dashboard.

By weekly providing this student-specific risk, performance, and background information to

student counselors, the dashboard allowed for:

1. timely coaching interventions,
pro-active invitation of at-risk students for individual meetings to perform these interventions,

raising students’ awareness of their performance and dropout risk,

hall

a more effective dialogue between student and counselor (on the underlying causes of poor

performance).

Student counselors could use the dashboard at their own discretion and according to their insights and

needs.

Data and Descriptive Statistics

Table 2 presents descriptive statistics for the 758 students in the experimental sample and the
full first-year student cohort (N=1577), and includes the p-values of equivalence tests. The upper panel
of the table presents student characteristics, whereas the lower panel shows student proportions per
bachelor program. The upper panel indicates the selective nature of the experimental sample in that
participating students are, on average, younger, less often have an immigrant background, applied for
their bachelor program earlier, and graduated more often in 2016 (i.e. directly prior to university
enrollment) compared to all students in the cohort. Although there are no significant differences in

achieved language test score and high school GPA, the groups do differ on the two outcome variables
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dropout and obtained credits. Students in the experimental sample, on average, dropped out less
frequently and obtained about 3 European Credits more by the end of the first year (one academic year
equals 60 course credits, conform ECTS).

The lower panel of Table 2 shows that the distribution of students over bachelor programs in
the experimental sample is fairly similar to the full first-year cohort proportions. There are two
exceptions. The proportion of Movement Sciences students in the experimental sample is bigger than
the proportion of Movement Sciences students in the full cohort, whereas the reverse holds for the
bachelor program Health and Living. In conclusion, the statistics presented in Table 2 indicate that the
experimental sample was not representative for the full first-year cohort of participating bachelor

programs, thereby restricting the generalizability of the results.

Table 2
Experimental Sample and Full First-Year Student Cohort.
Experimental Sample Full Cohort

Range Mean SD Range Mean SD P-value
Female [0,1] 0.573 0.495 [0,1] 0.560 0.497 0.565
Age [16,52] 19.170 2.213 [16,52] 19.367 2.234 0.046*
Immigrant background [0,1] 0.223 0.417 [0,1] 0.287 0.453 0.001***
Application date [-92,242] 87.029 58.001 [-91,258]  94.055 60.273 0.008**
Language test score [34,95] 78.452 7.155 [34,96] 77.927 7.375 0.107
Pre-university education [0,1] 0.881 0.324 [0,1] 0.885 0.320 0.815
Graduation year 2016 [0,1] 0.664 0.473 [0,1] 0.586 0.493 <0.001***
High school GPA [5.78,9.00] 6.680 0.454 [5.60,8.79] 6.644 0.433 0.067
Dropout [0,1] 0.244 0.430 [0,1] 0.309 0.462 0.001**
Obtained credits [0,84] 43.686 21.294 [0,93] 40.499 23.050 0.001**
Biology [0,1] 0.012 0.108 [0,1] 0.016 0.125 0.453
Biomedical sciences [0,1] 0.063 0.244 [0,1] 0.055 0.227 0.393
Business [0,1] 0.137 0.344 [0,1] 0.145 0.352 0.605
Earth and Economics [0,1] 0.053 0.224 [0,1] 0.044 0.206 0.371
Earth sciences [0,1] 0.058 0.234 [0,1] 0.046 0.210 0.223
Econometrics [0,1] 0.059 0.236 [0,1] 0.047 0.212 0.201
Economics and Business [0,1] 0.091 0.288 [0,1] 0.110 0.313 0.153
Health and Living [0,1] 0.115 0.319 [0,1] 0.155 0.362 0.010%*
Health sciences [0,1] 0.062 0.241 [0,1] 0.080 0.271 0.122
Movement sciences [0,1] 0.148 0.355 [0,1] 0.085 0.279 <0.001***
Education & Family Studies [0,1] 0.058 0.234 [0,1] 0.063 0.245 0.656
Psychology [0,1] 0.144 0.351 [0,1] 0.154 0.361 0.515
N 758 1577

Note. */**/*** denote significance at a 5/1/0.1 percent confidence level (two-sided).

13



EVALUATION OF EWS-ASSISTED STUDENT COUNSELING

Hence, the experimental sample consisted of 758 students, of whom all descriptive statistics
are presented in Table 2. Most student characteristics presented do not require an explanation, but it is
relevant to note that the 33.6% of students that did not graduate in 2016 included students who returned
from a so-called gap year, transferred into the program from a bachelor program at an applied university,
or switched university bachelor programs after not passing the academic dismissal threshold the
previous year (see: Cornelisz et al., 2019). Moreover, regarding high school GPA, it is relevant to
mention that students pass a subject in secondary education when surpassing a threshold of 5.5. Finally,
a power analysis based on the number of observations in our sample indicated that the experimental
design had a statistical power of 78.5%, assuming an effect size of .2 SD and a significance level of
5%.

Table 3, then, disaggregates the descriptive statistics of the experimental sample by the
intervention and control group, and includes the p-values to show whether observed between group
differences are significant. These results confirm that randomization was successful. The differences in
means between these two experimental groups are small, with only one of the differences statistically
significant. Students assigned to the intervention group on average applied almost 9 days earlier than
students assigned to the control group. There is no apparent reason for bias concerns regarding this
small difference and — in addition — application date is included in the treatment effect estimation model

as one of the covariates.
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Table 3
Balancing Table Experimental Sample.
Intervention Group Control Group
Range Mean SD Range Mean SD P-value

Female [0,1] 0.579 0.494 [0,1] 0.566 0.496 0.706
Age [16,52] 19.225 2.701 [17,28] 19.116 1.587 0.498
Immigrant background [0,1] 0.217 0.413 [0,1] 0.229 0.420 0.692
Application date [-92,229]  82.579 57.870 [-88,242]  91.455 57.868 0.035%*
Language test score [34,95] 78.701 7.591 [49,95] 78.206 6.698 0.343
Pre-university education [0,1] 0.889 0.315 [0,1] 0.874 0.333 0.518
Graduation year 2016 [0,1] 0.672 0.470 [0,1] 0.655 0.476 0.627
High school GPA [5.88,9.00] 6.687 0.469 [5.78,8.54] 6.674 0.438 0.692
Biology [0,1] 0.013 0.114 [0,1] 0.011 0.102 0.732
Biomedical sciences [0,1] 0.063 0.244 [0,1] 0.063 0.244 0.985
Business [0,1] 0.140 0.348 [0,1] 0.134 0.341 0.811
Earth and Economics [0,1] 0.056 0.229 [0,1] 0.050 0.218 0.733
Earth sciences [0,1] 0.058 0.234 [0,1] 0.058 0.234 0.986
Econometrics [0,1] 0.058 0.234 [0,1] 0.061 0.239 0.892
Economics and Business [0,1] 0.090 0.286 [0,1] 0.092 0.290 0.918
Health and Living [0,1] 0.116 0.321 [0,1] 0.113 0.317 0.889
Health sciences [0,1] 0.056 0.229 [0,1] 0.068 0.253 0.463
Movement sciences [0,1] 0.148 0.356 [0,1] 0.147 0.355 0.976
Education & Family Studies [0,1] 0.056 0.229 [0,1] 0.061 0.239 0.770
Psychology [0,1] 0.146 0.353 [0,1] 0.142 0.350 0.894
N 378 380

Note. */**/*** denote significance at a 5/1/0.1 percent confidence level (two-sided).
Findings
Effects of EWS-assisted counseling

The effect of EWS-assisted counseling — relative to counseling as usual — is estimated by fitting

the following model using ordinary least squares:
y¥ =ag+ a,EWS; + x'b + ¢, (1)
where y¥ represents outcome & for student i. The k outcomes considered in this study are dropout and

achieved European Credits. Students were considered dropouts when they did not re-enroll the

following academic year, which means they either did not obtain enough course credits (the minimum
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credits required to re-enroll differs per educational program, but is typically set around 40 EC) or
switched study programs. EWS indicates whether the student was assigned to EWS-assisted counseling
(EWS = 1) or counseling as usual (EWS = (), and x represents a vector of student and bachelor program
controls. All controls are listed in Appendix A. Finally, the error term ¢; is assumed to be a random
error term (i.e. Cov(g;, e_;) = 0) with mean zero and standard deviation o, and standard errors were
clustered at the bachelor program level in the OLS estimation results.

Table 4 and 5 show the estimated treatment effects of EWS-assisted counseling on observed
dropout and obtained European Credits, respectively. The first column presents the results of the model
excluding student and bachelor program controls (Model 1), the second column shows the results
including only the student controls (Model 2), followed by the results of the model specified above
including both student and bachelor program controls (Model 3). The estimation results in Table 4
suggest that EWS-assisted counseling did not affect first-year dropout. When additional covariates are
added, the model fit improves in terms of explained variance in dropout, but this does not yield a more

precise EWS treatment estimator.

Table 4
Treatment Effects on Dropout.
(1 2 A3)

EWS-Assisted Counseling 0.041 (0.033) 0.047 (0.035) 0.048 (0.036)
Constant 0.224"(0.019) 0.322°(0.044) 0.249™ (0.035)
Student Controls ol v
Study Program Controls N
R? 0.002 0.145 0.160
N 758 758 758

Note. */**/*** denote significance at a 5/1/0.1 percent confidence level (two-sided). Standard errors are in parentheses.

Table 5 reports the estimated EWS treatment effects on obtained credits in the first year. Again,
all models indicate that EWS-assisted counseling did not impact the observed credits obtained. None
of the statistically insignificant treatment coefficients reported in both Table 4 and 5 are in the
hypothesized direction of dropout reduction and increased obtained credits. In sum, the results do not

provide evidence that EW S-assisted counseling reduced dropout or improved academic performance.
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Table 5
Treatment Effects on Obtained Credits (ECTS).
(1 2 A3)

EWS-Assisted Counseling -1.970 (1.401) -2.420 (1.471) -2.431 (1.495)
Constant 44.668™* (1.337) 40.452"* (2.349) 45.383"" (1.553)
Student Controls ol v
Study Program Controls N
R? 0.002 0.228 0.274
N 758 758 758

Note. */**/*** denote significance at a 5/1/0.1 percent confidence level (two-sided). Standard errors are in parentheses.

Follow-up survey on EWS-assisted counseling

A follow-up survey was distributed to students towards the end of the academic year to gain
more insights in the potential effective mechanisms of (EW S-assisted) counseling. Of the 758 students
who participated in the experiment, 125 students (16.5%) filled out this follow-up questionnaire. These
questionnaire respondents were not representative for the experimental sample.’ They dropped out
substantially less often than other participants, which is partly due to the fact that some dropouts had
already left the program before this questionnaire was administered. However, the survey outcomes can
still be informative for comparing both experimental groups, given that the proportions of respondents
who received EWS-assisted counseling (17.5%) or counseling as usual (15.5%) are roughly similar.
The survey outcomes are presented in Table 6.

The questionnaire asked students (1) about the number of meetings they had with counselors,
(2) whether they were pro-actively invited by the counselor for the first meeting, (3) whether the
meeting led them to take steps towards improving their study results, and (4) in which term (term 1 to
6) the first meeting took place. Students answered these 4 questions for both types of counselors (i.e.
tutors and student advisors). Additionally, students were asked to assess the overall quality of student
counseling at VU Amsterdam on a scale from zero to one-hundred.

Table 6 reveals no significant differences between students who received EWS-assisted
counseling and those who received counseling as usual in the follow-up survey outcomes. The results
indicate that the number of meetings is limited, which may partly be explained by the fact that
respondents of the follow-up survey had lower dropout risks. Yet, irrespective of the type of counseling,
respondents indicated that they were pro-actively invited by the tutor (as expected given the mandatory
15-minute individual meetings), but were not pro-actively invited by the student advisor. Almost 50%

of the respondents indicated that meeting with a student advisor resulted in actions to improve their

3 We note that the respondents of the follow-up questionnaire were a bit younger, were more often female,
scored slightly higher on the language proficiency test and had slightly higher GPA scores than the complete
experimental sample.
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study results, but there appears to be no relationship with the counseling program they were assigned
to. Given the small number of observations, the risk of a type II error is relatively high, such that it is
particularly relevant to examine mean differences in absolute terms. Although not significant, the
direction of the results in Tables 6 seem to suggest that respondents who received EWS-assisted
counseling had somewhat more meetings and felt that these meetings more often led to actions towards
improving their study results. Lastly, counseling quality was, on average, assessed as satisfactory by
respondents from both experimental groups, but with a large dispersion among students; particularly

for the respondents assigned to EW S-assisted counseling.

Table 6

Results from follow-up questionnaire

EWS-Assisted Counseling

Counseling as Usual

Student Advisor Tutor Student Advisor Tutor

Range  Mean (SD) Range Mean(SD) Range Mean (SD) Range  Mean (SD)
No. meetings [0,3] 0.38 (0.72) [0,4] 1.52 (1.46) [0,3] 0.41 (0.77) [0,4] 1.24 (1.39)
Pro-active invite [0,1] 0.06 (0.24) [0,1] 0.95(0.22) [0,1] 0.06 (0.24) [0,1] 0.97 (0.18)
Steps taken? [0,1] 0.47 (0.52) [0,1] 0.21 (0.41) [0,1] 0.43 (0.51) [0,1] 0.14 (0.36)
Term 1% meeting  [1,5] 2.59 (1.54) [1,3] 1.67 (0.74) [1,5] 2.76 (1.44) [1,3] 1.45 (0.68)
Quality [2,100] 66.32(20.61) [25,97] 65.36(13.32)
Dropout [0,1] 0.02 (0.12) [0,1] 0.05 (0.22)
N 66 59

Conclusions and Discussion

This study described the results of a randomized field experiment that was conducted to
evaluate the effectiveness of a Dutch counseling program in which student counselors were assisted by
an Early Warning System (EWS). Machine learning techniques were used to predict student-specific
dropout risks and these risks, together with student-specific background and performance information,
was delivered to counselors on a weekly basis by means of a dashboard. In doing so, the program
intended to increase pro-active and timely invitations by student counselors of students at risk for
individual meetings to perform coaching interventions, and by providing student-specific information
it intended to foster a more effective dialogue between student and counselor on the potential underlying
causes of high dropout risk and on how to improve academic performance. The experiment took place
at the Vrije Universiteit (VU) Amsterdam, involved 12 bachelor programs, and persisted throughout
the academic year 2016-2017. In total, 758 students of a cohort of 1577 first-year students provided
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informed consent to participate in the experiment, and were randomly assigned to EWS-assisted
counseling or counseling as usual.

The results in this paper reiterate the potential of innovative machine learning techniques to
outperform more traditional prediction techniques (Lykourentzou et al., 2009) in identifying students
at risk of dropping out. Yet, the empirical findings of this research suggest that EWS-assisted counseling
did not reduce dropout or increased the credits obtained by the end of the academic year. The reported
coefficients are relatively precisely estimated, but do not have the hypothesized sign of improved
academic performance. These results are not in line with the non-experimental positive results observed
for similar large-scale initiatives evaluated in other higher education contexts (i.e. E°Coach and Course
Signals). One explanation for this lies in the fact that the students in the intervention group were exposed
to a counseling that was largely similar in nature to counseling as usual, as indicated by the follow-up
questionnaire results.

The follow-up questionnaire confirms that tutors organize their mandatory 15-minute
individual meetings with students of both experimental groups, as 96% of all students indicate that they
were actively invited by the tutor. Questionnaire respondents assigned to EWS-assisted counseling had
somewhat more meetings and indicated that these meetings more often led to actions towards improving
their academic results than respondents assigned to counseling as usual, although none of these
differences were found to be statistically significant. One explanation for this — and a limitation of this
study — could be the relatively low response rate on this follow-up survey (16.5%).

Another limitation of this study concerns the external validity. Students who gave informed
consent had lower dropout rates than students who didn’t. As such, the experimental sample was not
representative for the full student population and it may be the case that EWS-assisted counseling was
not found to be effective since these consenting students already required less or no counseling.

Unstructured interviews were held with 15 student counselors in order to better understand the
counseling procedures. These interviews yield additional insights as to why EWS-assisted counseling
was not more effective than counseling as usual in this specific research context. The first result was
that student counselors’ dashboard usage differed from their initial usage intentions expressed during
the development of the dashboard. EW S-assisted counseling — and the corresponding dashboard — was
jointly developed with student counselors, and during the development counselors indicated that course
grades are frequently observed at a stage in the academic year where it might already be too late to
effectively intervene through additional counseling. However, after the experiment, several counselors
indicated they did not more pro-actively invite students in the intervention group, because they could
use the administrative system of the university — which involves credits and grades, and because they
believed that students who are at risk of dropping out would not show up. This indicates an important
discrepancy between the initial intensions expressed during development and the actual behavior once
the EWS-assisted counseling was implemented. This infrequent use of the EWS dashboard reiterates

the findings of Krumm, Waddington, Teasley, and Lonn (2014), who found that advisors used their
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EWS, called Student Explorer, infrequently during the first semester it was implemented, because
advisors had not found a way to integrate it into their regular work practices.

Secondly, it was expected that the information displayed on the dashboard would be shared
with students; either to make students more aware of their performance, or to achieve a more effective
dialogue between student and counselor. However, counselors indicated that they used dashboard
information almost exclusively in meetings with high performing students, because they felt that for
low-performing students a confrontation with the risk predictions displayed on the dashboard would act
discouraging and would not contribute to increased effort and better academic performance.

Finally, counselors were aware that the EWS does not provide them with an effective
counseling solution to address the underlying causes of low performance and dropout, which was
extensively discussed during the development phase of the dashboard and the prediction model.
However, during the EW S-assisted counseling intervention, this absence of recommended counseling
practices was experienced as frustrating, as the EWS does accurately signal the problem without
offering counselors actionable information as to resolve it.

The results presented in this paper thus call for several future research avenues. First of all, in
terms of internal validity, it seems clear that more experimental evidence on EWS combined with
counseling or recommendations should be generated, as to establish whether or not the existing body
of promising non-experimental findings can be explained by selective participation. Furthermore,
regarding external validity, evaluations should include students at (high) risk of dropping out, such that
the most relevant target population of EWS-assisted counseling is included. The selective nature of
obtaining informed consent from students is highly relevant in this respect. In addition, regarding
prerequisites, research on EWS in the context of counseling should explicitly address the potential
counseling mechanisms it tries to impact on, and juxtapose this with the current counseling practices in
place. Lastly, to maximize the impact of EWS, risk predictions should — to the extent possible — be
presented to counselors in such a way that it also provides them with actionable feedback and
recommendations on how to incorporate digital data-driven findings into the analogue human practice

of student counseling.
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APPENDIX A

Figure A.1 shows the input variables of the prediction model. The prediction model predicts
dropout probabilities in 8 periods, thus the input variables are included if they are observed in a certain
period. Attained European credits are, for example, not observed in period 0 (the start of the academic
year), but the credits achieved in period 1 are observed in period 2. Therefore, obtained course credits

can be included in the prediction model for period 2, but not for period 1.

Student Characteristics Matching Day
Gender Work hours besides study
Age Expectations about study success
Traveling time to University Pro-active study behavior
Information Program Characteristics
Attended the Matching Day % Faculty indicator
Dropout probability study program
-Q.' Previous Education Number of programs
Highest attained education level Multi study enrollments
Average exam grade Number of studies followed past two years
Math grade
Results
Registration l] Result language test
Number of days between registration and Highest course grade
start educational program Number of attained European Credits

Number of no-shows

Figure A.1. Input variables used in prediction model.
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Table A.1 lists all control variables included in our fitted regression models. The upper panel
lists the student characteristics, whereas the lower panel lists the bachelor program controls. All

categorical variables were dummy coded.

Table A.1.
Student and study controls
Student controls Categories/Explanation
Gender Male,
Female.
Age In years.
Ethnicity No immigration background,

Western immigration background,
Non-western immigration background.
Highest previous education Pre-university education (Dutch: VWO),
Secondary education other (Dutch: VO overig),
University of applied sciences propaedeutic exam (Dutch:
HBO propedeuse),
University of applied sciences bachelor (Dutch: HBO
bachelor),
University bachelor (Dutch: WO bachelor),
University other (Dutch: WO overig),

Foreign education,

Unknown.
Graduation year (from highest previous 2016, 2015, 2014, 2013, 2012, 2011, 2010, 2009, before
education) 2009.
Average high school grade Grade range: 0,10; pass >= 5.5
Application date The number of days since January 1%, 2016, that students

applied for their study program.

Dutch proficiency test score Score range: 1,100
Bachelor program controls Categories/Explanation
Faculty Faculty of Science,

School of Business and Economics,

Faculty of Behavioral and Movement Sciences.
Bachelor program Programs within the Faculty of Science:

Biology

Biomedical sciences

Earth and Economics

Earth sciences

Health and Living
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Health sciences

Programs within the School of Business and Economics:
Business

Econometrics

Economics and Business

Programs within the Faculty of Behavioral and Movement
Sciences:

Movement sciences

Education and Family Studies

Psychology
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