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Abstract
This paper evaluates the eff ectiveness of the introduction of a Writing Center at a 
university. The center has the purpose to provide subject-specifi c courses that aim to 
improve students‘ abilities of scientifi c writing. In order to deal with presumed self-
perceptional biases of students in feedback surveys, we use diff erent quantitative 
evaluation methods and compare the results to corresponding qualitative student 
surveys. Based on this evaluation, we present and discuss the validity of the approaches 
to evaluate educational programs. Although almost all students reported the writing 
courses to be helpful, we fi nd no signifi cant eff ect of course participation on students‘ 
grades. We attribute the diff erence in the results between quantitative methods and 
qualitative surveys to the inappropriateness of student course evaluations for assessing 
the eff ectiveness of educational measures.
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1. Introduction

In recent years, there has been a growing trend in universities to employ
students’ course evaluations to improve teaching quality and perform cost-
benefit analysis. These evaluations are often carried out using qualitative
feedback surveys of students – which after decades of debate – are still a
controversial issue. Against this background, the following analysis of the
effectiveness of a new Writing Center for students that was designed to im-
prove their writing ability refrains from solely relying on students surveys
to evaluate educational measures. To avoid the problems associated with
students feedback surveys, different identification strategies are employed to
measure the causal effect of WrC participation on students’ achievement us-
ing the written examination grades of both participants and non-participants
as outcome measure. Based on a perfect experiment as benchmark for the
evaluation of the writing courses, the different strategies and necessary as-
sumptions to establish comparability of the groups in limited observational
data are presented. In addition to the cross-sectional comparison applica-
ble for cross-sectional data, we employ the before-after comparison as well
as the pooled Difference-in-Differences estimator for repeated cross-section
data and the Fixed-Effects Difference-in-Differences estimator for panel data
analysis. The results of these quantitative methods are then compared to
those of the qualitative feedback surveys to examine the validity of student
evaluations.

Studies of Remedios and Lieberman (2008) and Centra (2003) as well
as older literature surveys indicate that although some factors unrelated to
teaching influence students’ evaluations, the evaluation remains reliable, valid
and mostly unaffected of bias (see, e.g., Marsh, 1987; Marsh and Roche, 2000;
Cashin, 1995). However, more recent studies find various biases undermining
the validity of student course evaluations. Francis (2011) and McNatt (2010)
discover that pre-course attitudes of students have an important influence
on subsequent course evaluation. Findings of Davies et al. (2007) indicate
that next to various course factors partly unrelated to the actual teaching
quality, evaluations are also affected by the cultural background of the stu-
dents. In contrast to findings of Centra (2003), McPherson et al. (2009)
conclude that course instructors can improve their course ratings by raising
the students’ grade expectations. The contradictory results of the validity
of student feedback surveys are casting doubts on the use of this qualitative
approach for institutional evaluation of educational measures. In the case
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of Writing Center evaluation, it is clear that student surveys measure the
degree of satisfaction with their course and indicate their impression of its
effectiveness. However, Walker and Palmer (2009) found that many students
lack ability to assess their own level of understanding of course material. This
perceived learning effect might be heavily influenced by the performance of
the instructor (Jaarsma et al., 2008; Lo, 2010). The findings undermine the
informative value of such results. In other environments, e.g., lectures, these
qualitative surveys are even more problematic. Besides the various problems
listed earlier, it is not clear what they measure specifically. Students might
evaluate to what extend the course prepares them for tasks in working life
and trains independent thinking. However, they also might just indicate the
course’s success in teaching a certain amount of content in a limited period.

In the following section, we describe the data used for our empirical anal-
ysis. In section 3, a description of the different identification strategies used
to evaluate the effectiveness of the WrC is presented and the individual ad-
vantages and disadvantages as well as the requirements concerning the data
are described. In addition to this, information about the implementation
of the different approaches is provided. The empirical results are presented
in section 4. Section 5 concludes and section 6 briefly outlines how similar
evaluation studies should be carried out in future analyses.

2. Data

2.1. Qualitative data

The Writing Center (WrC) was established in August 2009 at the Faculty
of Business Administration and Economics at Ruhr University Bochum, Ger-
many. The fee-free and voluntary service was introduced to improve the abil-
ity of students to write scientific papers and help with specific problems they
are facing while creating written seminar assignments as well as Diploma,
Bachelor and Master theses. The WrC does not provide any feedback with
regards to content or proofreading. It rather informs about scientific lan-
guage style and supports students in realizing a successful writing process.
Students can either attend face-to-face counseling for the discussion of indi-
vidual problems during their writing assignments or workshops comprised of
small groups dealing with different aspects of scientific writing. The student
feedback surveys provided by WrC visitors, which the faculty so far relied
on, indicated very good responses of the students towards the service. After
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workshop attendance, 103 students provided feedback by stating their over-
all impression of the course. They could choose five different answers on a
qualitative survey sheet ranging from insufficient to excellent. Roughly 45%
of all visitors reported the workshop to be excellent, 47% answered good and
8% satisfactory, whereas no one replied with unsatisfactory or insufficient.

2.2. Quantitative data

The empirical analysis is based on administrative student records pro-
vided by the Examination Department of the faculty, which contain over
188,000 entries of all examinations conducted at the faculty since 1994. It
does not only feature extensive information about the exams such as grade,
nature of the exam, and respective semester of entry, it also comprises socio-
economic information about the corresponding student, including gender,
age, and citizenship. The entries are assigned to students with a uniquely
identifying student identification number (ID) that every student receives af-
ter enrollment at the university. In addition to these administrative data, a
survey was carried out to identify students having visited the Writing Center.
In order to collect these information, the Writing Center kept record of all
students using their services (by asking them to provide their student ID),
their dates of visit and the type of service they received (individual consul-
tancy or workshop training). Using the student ID of each student, we were
able to merge the two data sets. Since the Writing Center was introduced
for the purpose of students to overcome challenges in written seminar as-
signments and Diploma, Bachelor and Master theses, we choose the grades
received for these tasks (WExG) as our outcome measure.1 Subsequently, all
estimation coefficients measure the absolute effect on the test score, which
ranges from 1.0 to 5.0.2

The following explanatory variables are included in the analysis. An
indicator variable Female controls for gender-based study performance dif-
ferences. For the purpose of controlling for German citizenship, we include
the dummy German as nationals are expected to have better grades than
exchange or foreign students. However, this variable has limited explanatory

1Throughout the text, the expression written examinations is used to refer to these
examinations.

2Grades are sub-divided into 12 grade points, where 1.0 is best and 4.0 is the minimum
pass grade. Therefore, a negative coefficient implies a positive influence on the written
examination grade.
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power, as it does not contain information on a possible migration background
of persons with German nationality. Thus, it can rather be interpreted as
an indicator for German being the first language. Furthermore, we include
a variable for the students’ age (Age) and a dummy variable flagging ob-
servations of students that are in semesters exceeding the prescribed period
of study (LtStud). Higher age might imply more experience and therefore a
better performance in the course of study, whereas students with an above-
average number of semesters are expected to be primarily those showing
a lower ability to master their study. To separate Bachelor students from
Diploma and Master students, we include the dummy (Bachelor) to mark
Bachelor students.3 The variable AvGrade represents the average grade that
a student has received in all his end-of-term examinations in the course of
studies, i.e., it consolidates all exam grades. It was calculated using the panel
character of the database under exclusion of all entries after the introduction
of the WrC and the written examination grades (theses grades), which serve
as our outcome measure. It acts as a proxy variable for unobserved motiva-
tion and cognitive abilities, which are supposed to have a negative effect on
the written examinations – the more distinct they are, the better is the grade.
In addition, we use Thesis to flag entries of Diploma/Bachelor/Master theses
to take into account that theses usually tend to be better graded than sem-
inar assignments due to the higher experience of students. If not included,
the effect of Writing Center participation on students’ performance would be
overestimated since the relative share of final examinations is higher among
those having attended the Writing Center.

As the data only cover two semesters (half-year terms in Germany) af-
ter the introduction of the Writing Center (summer term 2010 and winter
term 2010/2011), we restrict the data to observations of two semesters be-
fore (summer term 2009 and winter term 2009/2010) and the two available
semesters after the introduction of the WrC. This mostly prevents estimates
to be biased by changing teaching environments such as changing curricula,
new professors or grade inflation.

Due to the fact that the Writing Center is a new institution and a rela-
tively small number of students participated in the WrC yet, we decided not

3As Diploma and Master students are to a large extent similar in their characteristics
as well as in their study environment and there are only few Master students in the data,
we do not separately control for these two degree programs.
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to differentiate between the effects of individual consultancy and workshop
training. Therefore, whenever using information on whether a student has
visited the WrC or not, we only differentiate between participation in either
these two programs and no participation at all and assume that the effects
of these programs are similar to a large degree.

After excluding observations with missing information on at least one of
the variables used in the empirical analysis we end up with a sample of 2,414
observations with 229 entries of participants and 2,185 of non-participants.
Thus, 9% of all observations represent students having received Writing Cen-
ter support. Comparing the observations of Writing Center visitors with
those of non-visitors shows that the two groups differ significantly in grades,
gender and nationality, indicating strong self-selection in WrC participation
(see Table 1). Most striking is the highly above-average participation of
women in the program, which might be explained by a more pessimistic or
critical self-assessment of writing abilities of female students or by female stu-
dents being more motivated and diligent than their male felllows. Another
significant difference is the above-average participation of German students,
which could bias the WrC effect as students with superior language skills are
more likely to perform better in the course of their studies and particularly
in written exams. In addition, the problem of self-selection is amplified by
the fact that WrC visitors have a significantly better average grade, suggest-
ing that better students tend to use the service more often. This fact has
strong implications for the empirical analysis. If visitors constitute a non-
representative sample of all students with higher motivation and/or cognitive
talent, the evaluation of the WrC effectiveness by comparing average scores
of the written examination grades of the two groups would lead to biased
estimates. Hence, although visitors have significantly better examination
grades than non-visitors (2.68 vs. 2.84), this does not allow any conclusions
regarding the causal impact of the WrC.

3. Methods

The main problem of evaluation of policies is the differentiation of corre-
lation and causality. Ideally, the causal effect of an intervention on partici-
pants would be identified using a randomized controlled trial (RCT). Ran-
dom assignment of a large number of persons to either a treatment group
or a control group equally distributes all relevant observable and unobserv-
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Table 1: Descriptive Statistics

All Participants Non-Participants Diff. in Means
Mean/StdDev Mean/StdDev Mean/StdDev t-value

Grade of Written Examination 2.82 2.68 2.84 1.98∗∗
(1.16) (1.07) (1.16)

Female 0.41 0.56 0.40 −4.72∗∗∗
(0.49) (0.50) (0.49)

German 0.89 0.95 0.88 −3.02∗∗∗
(0.32) (0.22) (0.32)

Age 24.60 24.81 24.58 −1.38
(2.39) (2.41) (2.39)

Bachelor 0.40 0.26 0.41 4.61∗∗∗
(0.49) (0.44) (0.49)

Long-term student 0.23 0.27 0.23 −1.35
(0.42) (0.44) (0.42)

Average Grade 3.05 2.95 3.06 2.40∗∗
(0.67) (0.56) (0.68)

Thesis 0.14 0.18 0.13 −2.21∗∗
(0.34) (0.39) (0.34)

Writing Center Participant (WrCP) 0.09
– – –

(0.29)
Introduction Writing Center (IntWrC) 0.53 0.46 0.53 2.07∗∗

(0.50) (0.50) (0.50)

Observations 2414 229 2185 2414

Notes: – Significant at: ∗∗∗1% level; ∗∗5% level; ∗10% level. – Calculations based on all observations, not person.
– Grade of Written Examination is measured on a scale of 1.0 to 5.0, 1.0 is best. – Female, German, Bachelor,
Long-time student, Thesis, WrCP and IntWrC are dummy variables, WrCP marks WrC participants and IntWrC
observations after the introduction of the WrC.

able characteristics across both groups and facilitates their comparability. In
such a situation, differences in mean values of the outcomes of both treat-
ment group and control group after program participation can be attributed
to the effect of program participation on participants (treatment effect on the
treated). However, due to possible ethical, political or financial problems and
limitations, respectively, randomized controlled experiments are not always
feasible (Kluve et al., 2007). In case of the WrC, the best way to evaluate
its effectiveness would have been to carry out a RCT in advance to its in-
troduction by randomly assigning students to either of the two groups and
comparing their average written examination grades afterwards. This arbi-
trary selection of participants was not a feasible solution, as it would have
forced some students to take part against their intention while preventing
others from desired participation. Instead, the service was established on a
voluntary basis in order to let students decide themselves whether to attend
counseling or not.

In such situations observational studies have to be carried out, in which
the data is not derived in a manner guaranteeing a random assignment to the
treatment similar to that of the RCT. Most important, the equal distribution
of students with respect to their characteristics into the treatment group and
control group is highly unlikely, as most likely students with certain charac-
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teristics or the believe that they will profit from WrC visitation will decide
to use the service. Therefore, in our case it is not sufficient to compare av-
erage written examination grades of WrC visitors with those of non-visitors
to evaluate the impact of WrC participation on students’ achievement, since
participants significantly differ from non-participants with respect to impor-
tant individual characteristics. In particular, students with higher average
scores tend to use the WrC services more often than their fellow students
with lower grades. If these students also perform better in written examina-
tions, the corresponding higher mean value does not imply any causal effect
of WrC participation on students’ grades.

In order to measure the causal impact in observational data, one would
like to observe the value of the outcome variable of a participant in case
he would not have participated. This unobservable state is referred to as
counterfactual situation and can never be observed. The objective of any
observational study is to approximate this counterfactual situation from the
available data. This is only possible through some restrictive identification
assumptions. The quantitative approaches outlined in this paper rely on dif-
ferent identification assumptions, which cannot be tested. The comparison to
the perfect experiment, however, provides some indication on the severeness
of the identification assumption.

In this study, we define the following sub-groups. All students ever having
visited the WrC constitute the treatment group, whereas all other students
are assigned to the control group. Further, we distinguish between the time
before the WrC was introduced (before treatment) and after its introduction
(after treatment). All models applied examine the average treatment effect
of WrC participation on its visitors, the so-called average effect of treatment
on the treated. To isolate the effects of the WrC program on participants, we
employ four different empirical methods applicable to observational data and
examine to what extent they produce valid results in this special case. In
doing so, we outline their data requirements and identification assumptions.

3.1. Cross-sectional comparison

Following the idea of the cross-sectional comparison (CSC), the written
examination grades of WrC visitors are compared with those of students not
having received any advisory (Cameron and Trivedi, 2005). In Figure 1, par-
ticipants are marked with a continuous horizontal line and non-participants
with a dashed line. The time before the WrC introduction is referred to as
t−1, the point of introduction as t0 and the time after introduction as t1. The
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difference γ (A-B) between these groups is the average treatment effect on
the treated.
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Figure 1: Cross-Sectional Comparison
Source: Bauer et al. (2009).

The counterfactual situation – how would a WrC visitor have performed
without participation – is identified by assuming that if the treated had not
participated, they would have had the same average grade as the control
group in t1, i.e., the two groups did not differ in advance to the introduction
of the WrC in t0.

The advantage of this approach is the fact that it does not require panel
data but can be applied to simple cross-sectional data. Its weakness is its
strong identification assumption that in most cases may not be legitimate.
The causal effect of WrC participation on students’ grades estimated with this
method is considered to be biased; Table 1 documents strong self-selection of
WrC visitors into participation, contradicting the validity of the identification
assumption. Moreover, important unobserved characteristics may affect both
the students’ written examination grade as well as the decision to participate
in the WrC. For example, one might argue that higher motivated students
tend to use the WrC to a higher extend and have better written examination
grades – irrespective of WrC participation. If being correlated with any of the
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included variables, this unknown variable hidden in the error term potentially
leads to biased estimates of all coefficients, which is especially problematic for
the treatment effect as it prevents the correct identification of γ. Although
we use the students’ average grade as a proxy variable for their motivation
and cognitive talent to capture at least a part of the unobserved features of
a student, the results are still at risk of being biased.

3.2. Before-after comparison

For the application of the before-after comparison (BAC), repeated cross-
section data are required, i.e., observations in at least two points of time –
one prior to the WrC introduction (t−1) and one afterwards (t1) – are needed.
To identify the causal effect of WrC participation, the written examination
grades of WrC participants before WrC attendance are compared with those
after the visits. As can be seen in Figure 2, a change in grades between these
two points of time is considered to be the treatment effect δ (Wooldridge,
2010).

����

����	
��	
� 


�

� �


�

�

Figure 2: Before-After Comparison
Source: Bauer et al. (2009).

The BAC assumes that without engaging in the WrC, the students’ written
examination grades would have remained unchanged (dotted grey line). In
contrast to the cross-sectional comparison, the before-after comparison fea-
tures the same persons in the treatment group (after WrC visit) and in the
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control group (before the WrC visit). Therefore, time-constant unobserved
heterogeneity cannot bias the estimations. However, note that if partic-
ipants select themselves into treatment, the estimated treatment effect is
not valid for all students, since treatment could affect participants and non-
participants differently. Furthermore, it is susceptible to unobserved time-
variant factors affecting the written examination grade. Grade inflation, new
professors or changed types of examinations as well as unobserved learning
effects of students caused by gains in experience might influence the written
examination grades between the two points of time used for comparison. This
may result in biased estimates of the treatment effect, as all these influences
would be attributed to the causal effect of WrC participation. However, as
we limited our data to two years (four semesters), time-variant unobserved
factors affecting our dependent variable could be a minor problem.

3.3. Pooled Difference-in-Differences estimator

The Difference-in-Differences (DiD) estimator combines the ideas of the
cross-sectional and the before-after comparison and makes use of both lon-
gitudinal and cross-sectional information in the data (Schlotter et al., 2011;
Wooldridge, 2010). As can be seen in Figure 3, in a first step the difference in
grades between participants (continuous line) and non-participants (dashed
line) both before (C-D) and after (A-B) WrC visitation and introduction, re-
spectively are calculated. Then, the difference between these points of time
is being compared. This double difference is the treatment effect, the effect
of WrC participation on students’ grades. In case panel data on participants
and non-participants do not exist and individuals cannot clearly be identi-
fied both before and after the treatment, the pooled DiD estimator (PDiD)
can be used to estimate the effect by comparing the mean values of the two
groups.

The underlying identification assumption of the pooled DiD approach is
that without the introduction of the WrC, the difference in grades between
the two groups would have stayed constant over time. Hence, in contrast
to the before-after comparison, the pooled DiD estimator allows for time-
variant influences on the written examination grade affecting both groups
equally, such as grade inflation. Moreover, the pooled DiD approach controls
for systematic differences between treatment and control group, i.e., differ-
ences in students’ mean grades in the absence of treatment. However, the
validity of the pooled DiD approach presupposes exogenous treatment, i.e.,
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Figure 3: The Difference-in-Differences Estimator
Source: Bauer et al. (2009).

participation in the program may not be voluntarily chosen by the partic-
ipants. This is the case in a so-called natural experiment, in which due to
an exogenuous event such as new laws or programs a “random” distribution
into participation and non-participation is guaranteed. Assume, for exam-
ple, that the WrC has been introduced for the purpose of specifically helping
foreign students in overcoming writing difficulties. While for them participa-
tion in the WrC is compulsory, German students are not allowed to utilize
this service. In this case, we have an exogenous treatment and differences
in written examination grades between participants (foreign students) and
non-participants (German students) already existing before treatment can be
“differenced out” with the pooled DiD estimator. In our case, however, par-
ticipation in the program is the result of individual decision making. Hence,
differences between participants and non-participants are not exogenous from
treatment, but arise from self-selection of participants into participation.4 As

4Thus, in our case the pooled DiD approach is not suitable for eliminating unob-
served differences between treatment and control group. However, as in other contexts
educational programs are designed to allow for exogenous treatment and the use of the
pooled DiD estimator (see ,e.g., Dynarski, 2003; Meghir and Palme, 2005; Hanushek and
Wößmann, 2006), we include it for the sake of completeness.
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mentioned before, it is likely that higher motivated students tend to use the
WrC to a higher extend and have better written examination grades – ir-
respective of WrC participation. Thus, unobserved heterogeneity (due to
omitted variables) and time-variant factors affecting treatment and control
group differently still bias the estimations in the pooled DiD approach.

3.4. Fixed-Effects Difference-in-Differences estimator

The Fixed-Effects DiD estimator (FEDiD) uses the panel character of the
data set. Whereas the pooled DiD carries out pooled OLS regressions (thus,
ignoring that a single student is featured several times in the data set), the
FEDiD estimator considers the change of each person in the course of time.
It is especially designed to avoid biased estimators due to unobserved time-
invariant heterogeneity (Wooldridge, 2010; Schlotter et al., 2011). In our
case, one might assume the individuals’ unobserved cognitive talent not fully
captured by AvGrade to be correlated with both the decision to participate in
the WrC and students’ grades. The FEDiD estimator can be implemented by
including a dummy for each person in the regression capturing the individual
unobserved effects.

The special advantage of this approach is its ability to yield unbiased
coefficients in the presence of unobserved fixed heterogeneity across units of
observation. However, as the pooled DiD-estimator, it is sensitive to time-
variant heterogeneity. Another downside is the need of strong requirements
for the data (panel data with uniquely identified persons).

3.5. Implementation

The implementation of all estimation strategies requires a careful design of
additional control variables. Firstly, the dummy variableWrCP is introduced
to separate treatment- and control group. It equals 1 for all observations of
participants, no matter at which time they actually have visited the WrC.

Secondly, a variable is needed that marks the introduction of the WrC and
the time of visit of participants, respectively. We will refer to it as IntWrC.
The time-related comparison between the two groups is being complicated
by the fact that participants can be exposed to WrC support either in the
summer term 2009 or winter term 2009/2010. For non-participants, a distinc-
tion between the two semesters cannot be made since time of participation
cannot be observed. Therefore, for non-participants, IntWrC marks entries
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after the introduction of the WrC, whereas for participants this dummy flags
entries after actual voluntary visits of the WrC.5

Thirdly, an interaction variable – WrCP∗IntWrC – is needed that con-
tains the product of WrCP and IntWrC. Thus, only observations of Writing
Center visitors after their WrC participation are flagged with this dummy.

The cross-sectional comparison is implemented by including the dummy
variable WrCP and restricting the observations to the time after WrC intro-
duction/participation (i.e. IntWrC = 1 ), resulting in the following model

WExGi = β0 + β1Femalei + β2Germani + β3Agei + β4Bachelori

+ β5LtStudi + β6AvGradei + β7Thesisi + γWrCPi + εi. (1)

The estimated coefficient of WrCP (γ̂) displays the causal effect of WrC
participation on the visiting students, in case the identification assumption
is valid.

The before-after comparison is implemented by introducing IntWrC to
the regression and restricting the estimation to participants (i.e. WrCP =
1 ):

WExGit = β0 + β1Femalei + β2Germani + β3Ageit + β4Bachelorit

+ β5LtStudit + β6AvGradei + β7Thesisit + δIntWrCit + εit. (2)

Hence, only WrC visitors are considered for calculation and the estimated
coefficient of IntWrC (δ̂) shows the treatment effect.

The implementation of the pooled DiD estimator requires all three addi-
tional variables in the regression, but no limitations of the sample:

WExGit = β0 + β1Femalei + β2Germani + β3Ageit + β4Bachelorit

+ β5LtStudit + β6AvGradei + β7Thesisit + β8WrCPi

+ β9IntWrCit + λ(WrCPi∗IntWrCit) + εit. (3)

Contrary to the cross-sectional comparison, the coefficient of WrCP does not
indicate the treatment effect but controls for general heterogeneity between

5This has to be done to prevent WrC participants to be featured in the control group
in advance to the treatment.
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participants and non-participants, i.e., for differences in WExG between the
two groups that are independent of WrC participation. The coefficient of In-
tWrC does not show the treatment effect either (as in the before-after com-
parison), but displays possible generic shifts in grades of non-participants. In
this approach, the treatment effect is measured by the estimated coefficient
of the interaction variable WrCP∗IntWrC (λ̂).

Due to the fact that a person is covered several times in the data set, the
standard errors are correlated with each other. To prevent biased standard
errors caused by this serial correlation, we estimate cluster-robust standard
errors on the individual level for the three approaches presented above.

The Fixed-Effects DiD estimator assumes the presence of unobserved
time-invariant factors, e.g. the individual’s cognitive talent, αi which has
constant effects for each student in all periods and is correlated with both
the individual’s grades and the decision to participate in the WrC. In order to
prevent these individual time-constant factors to bias the estimations being
hidden in the error term and n dummy variables – one for each individual in
our data – are included in the regression:

WExGit = β1Ageit + β2Thesisit + β3IntWrCit + β4LtStudit

+ ω(WrCPi∗IntWrCit) +
n∑

i=1

αiDi + εit. (4)

Unfortunately, coefficients for all time-invariant variables cannot be esti-
mated with this method, as these variables do not vary in the course of time
for a student. However, since we are mainly interested in the causal effect of
WrC participation, which varies over time, this problem is of minor relevance
in our context. The crucial assumption of the Fixed-Effects DiD estimator
is that the unobserved factors do not have a varying effect over time. In our
example, it has to be assumed that the students’ cognitive talent is fixed
and does not vary over the course of study. If this assumption is violated,
the FEDiD estimator is inconsistent. As in the pooled DiD-estimator, the
treatment effect is represented by the estimated coefficient of the interaction
variable WrCP∗IntWrC (ω̂). To take heteroscedasticity into account, robust
standard errors are calculated for the FEDiD estimations.
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4. Results

Table 2 shows the estimation results of the four models presented above.
The cross-sectional comparison as well as the before-after comparison indi-
cate no significant effect of WrC participation on student performance. In
contrast, the DiD approach finds a significant positive coefficient for the
treatment effect, indicating a significant worsening of written examination
grades after WrC visitation. The coefficient of WrCP in the DiD estima-
tion is insignificant indicating that prior to the introduction of the WrC,
participants do not differ from non-participants in their ability to write dis-
sertations and theses. The coefficient of IntWrC is significantly negative,
showing that non-participants got better written examination grades after
the introduction of the WrC, which could be explained by grade inflation
or learning-effects. However, as mentioned before, all coefficient estimates
of the cross-sectional comparison, the before-after comparison, and the DiD
approach are suspected of being biased due to unobserved heterogeneity.
In contrast to the first three estimators, the Fixed-Effects DiD estimator
does not pool the observations but compares the performance of a student
over time. It is remarkable that unlike the other estimators, the FEDiD
approach shows a negative, though small and insignificant, treatment effect.
Although it cannot be concluded that students benefit from WrC visitation,
this confutes the result of the PDiD approach, indicating a negative effect of
WrC participation on students’ grades. Nevertheless, the finding that WrC
participants did not benefit from their visits and do not differ significantly
from non-participants with respect to their grades is noteworthy.

We suspect the difference between the FEDiD estimator and the other
estimators to be caused by unobserved differences between WrC visitors and
non-visitors. Assume that the individuals differ in regard to their unob-
served writing talent (WrT ). This personal trait might feature a special case
of “normal” cognitive talent and describes the individual’s ability of self-
organization and explaining complex and self-contained trains of thoughts.6

If a student’s writing talent is correlated with both his/her grades and his/her
decision to participate in the WrC, the estimated coefficients in the cross-

6In contrast to cognitive talent and motivation, which might be proxied with AvGrade,
we assume the writing talent to be mostly uncorrelated with AvGrade, since the exams
composing the average grade are multiple-choice exams or feature (very) short written
answers.
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Table 2: Estimation Results – Effect on Written Assignments

CSC BAC PDiD FEDiD
Coeff/StdE Coeff/StdE Coeff/StdE Coeff/StdE

Female 0.087 0.298∗∗ 0.107∗∗
–

(0.07) (0.13) (0.05)
German −0.232∗ −0.250 −0.433∗∗∗

–
(0.13) (0.34) (0.10)

Age 0.043∗∗ 0.022 0.031∗∗ −0.065
(0.02) (0.04) (0.01) (0.07)

Bachelor 0.309∗∗∗ 0.049 0.304∗∗∗
–

(0.08) (0.17) (0.06)
Long-term student −0.163∗ −0.138 −0.189∗∗ −0.044

(0.09) (0.16) (0.07) (0.10)
Average Grade 0.700∗∗∗ 0.644∗∗∗ 0.723∗∗∗

–
(0.05) (0.12) (0.04)

Thesis −0.549∗∗∗ −0.809∗∗∗ −0.506∗∗∗ −0.301∗∗∗
(0.06) (0.15) (0.06) (0.06)

Writing Center Participant (WrCP) 0.100
–

−0.116
–

(0.10) (0.08)
Introduction Writing Center (IntWrC)

–
0.068 −0.242∗∗∗ −0.254∗∗∗
(0.13) (0.05) (0.07)

WrCP*IntWrC
– –

0.230∗∗ −0.076
(0.11) (0.12)

Constant −0.328 0.436 0.316
–

(0.46) (1.06) (0.37)

Adjusted R2 0.221 0.200 0.234 0.063
F Statistic 49.79∗∗∗ 12.13∗∗∗ 72.09∗∗∗ 34.49∗∗∗
Observations 1274 229 2414 2414

Notes: – Significant at: ∗∗∗1% level; ∗∗5% level; ∗10% level. – Cluster-robust (CSC, BAC, and
PDID) and robust (FEDiD) standard errors are reported in parentheses. – The dependent vari-
able is defined on a scale of 1.0 to 5.0 such that lower values indicate a higher score in the written
assignment.

sectional comparison, the before-after comparison and the pooled DiD ap-
proach are biased. This bias can be exemplified by the treatment effect of
the cross-sectional comparison:

E(β̃WrCP ) = βWrCP
(−)

+ βWrT
(−)

∗ ρ
(−)

. (5)

The treatment effect E(β̃WrCP ) consists of the true parameter of the treat-
ment effect in the absence of unobserved heterogeneity, βWrCP , and the pro-
duct βWrT ∗ρ, where βWrT displays the effect of the unobserved writing talent
on the student’s grade, while ρ = Corr(WrCP,WrT ). As equation 5 shows,

the treatment effect E(β̃WrCP ) will be biased in the case of (βWrT ∗ ρ) �= 0.
If we consider a high writing talent to improve grades, the coefficient βWrT

will be negative. In addition, we expect a negative correlation ρ between
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WrCP and WrT due to self-selection of students – the more students feel
they lack the ability to write, the higher is their chance to visit the Writing
Center. Therefore, although the real treatment effect βWrCP is expected to
be negative, the omitted variable WrT might lead to turning it positive.
This may explain the unexpected results of all estimators not eliminating
unobserved fixed effects. However, note that the FEDiD estimator can only
eliminate the bias due to WrT if it is constant over time, i.e. if it equally
affects the written examination grades in all semesters. For this reason, we
have to consider WrT to be a cognitive talent that cannot be improved by
training.

5. Conclusion

In the past, the vast majority of evaluation efforts of educational action
relied on qualitative methods. While allowing persons concerned to express
individual, content-related feedback, these evaluation strategies can be highly
susceptible to imperceptible and unrelated factors possibly causing wrong
self-assessment and self-perception. Thus, in many cases, they might be
inappropriate for institutional assessment of real causal effects or cost-benefit-
relationships.

For this reason, we apply a quantitative approach when evaluating the
effectiveness of the introduction of a Writing Center at a large German uni-
versity. Our aim is to isolate the real causal effect of WrC participation on
students’ academic success, which might be independent from the students’
self-assessment. The Writing Center was introduced to improve the ability
of students to write scientific works such as dissertations and theses and can
be attended on a voluntary basis by students prior to or during the writing
process. Based on administrative and survey data, we were able to con-
struct extensive data allowing us to employ different quantitative methods
for evaluation, each with its own advantages and disadvantages based on the
circumstances and the availability of limited observational data.

In contrast to qualitative findings of WrC participation, which were based
on student’s course evaluations attesting it to be very effective, our quantita-
tive analyses could not find a significant effect of WrC visitation on students’
writing ability, as measured by their written examination grades. We at-
tribute this difference to a wrong self-perception of students hindering them
to give valid feedback for evaluating the effectiveness of educational pro-
grams. This finding underlines the need of educational institutions to also
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rely on quantitative methods for evaluation purposes, as qualitative methods
may be biased by unobserved and unconsidered factors.

There are several possible reasons for the suspected ineffectiveness of the
facility. Students facing severe language- or self-organizational problems may
not benefit significantly when attending Writing Center consultancy only
once or twice. Furthermore, the observed self-selection phenomenon alludes
to an unsuitable participation group, namely students who would benefit the
most might simply not participate in the program because of lack of motiva-
tion. Moreover, the small sample size makes it impossible to evaluate the two
treatments (i.e. workshop attendance and face-to-face support) separately or
to evaluate the effect of WrC participation for different subgroups (such as
males and females) although different treatment effects may exist. However,
another reason could be the limited number of observations of participants
generating imprecise estimations.

6. Lessons learned

Evaluation design for educational programs should rely both on quantita-
tive methods, which allow the measurement of effectiveness, and qualitative
feedback providing valuable insights into student attitudes and explanations
for possible ineffectiveness. Ideally, in advance to the introduction of new
services the requirements of the randomized controlles trial should be taken
into account and the program participation should be made random in order
to allow the comparison of mean values of participants and non-participants
as a feasible method of evaluation. In case this is not possible, the implemen-
tation of the evaluation strategies used in this article has to be considered.
Their valid utilization requires a careful research design in advance to the
study as special attention has to be paid to the selection of an appropriate
evaluation method by taking all specific characteristics of a situation into
consideration. Researchers have to think a priori about which information
is needed in order to carry out adequate estimations later on. In order to get
more precise results, the conceptual design of the evaluation program should
allow researchers to collect data for longer periods. However, this creates
additional costs and can extend the period of time to collect data raising the
necessity to balance program complexity and (financial) constraints.

In our evaluation, e.g., the lack of information concerning the number of
visits of WrC participants prevents further analysis of time-related differences
of program participation. Due to the short observation period covering the
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existence of the WrC, it is further not possible to control for the fact that
treatment quality might rise over time. Assuming that WrC employees need
to familiarize with their tasks, we might pick up a weak treatment effect in
the first semesters.
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