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1. Background and the relevance of the research

Research on explanatory factors for student dropout has gained a particularly strong boost in
the second half of the last decade. Studies and volumes of studies have been published in
Hungary as well, which, catching up with the international mainstream, seek to explore the
entire structure of the causal background of the dropout. Despite the great momentum,
national and institutional statistical indicators demonstrate that research results contributing to
the understanding of the phenomenon of dropout have not yet been utilised to such an extent
that there be no drastic discrepancy between the number of people enrolled in higher
education and those graduated in the given class. While according to OECD data, 47% did not
reach absolutory in one of the classes started in the early 2000s (OECD, 2013), according to
an analysis produced by the Education Office (hereinafter: OH) in 2020, this was still of
similar magnitude a decade later (OH, 2020).

There are several reasons why the decrease does not reach the desired level. Among these, the
vast majority of research examines the problem with cross-sectional or at best retrospective
logic, so we know that the risk of dropout threatens students of which characteristics even at
the moment of enrollment, but we do not have a system-wide solution to identify them.
Without this, protection against students' unintended abandonment will be less effective. For
this, due to the nature of dropout, the earliest possible detection and initial prevention based
on it are of key importance, since most students with unsuccessful finish leave the initiated
course during the first two years (Keller, 2020).

Furthermore, it is also a problem that theories explaining the process of dropout (Tinto 1975;
Bean 1980; Cabrera et al. 1993; Bennett 2003) typically compile causal models using such
complex contextual and interaction factors, for the measurement of which there is no widely
applicable, systematic practice. The operationalization of concepts in well-developed
theoretical models is difficult to operationalize, they are difficult to reconcile with the
indicators available in administrative databases that give the most credible picture of dropout.
Therefore, based on the processing of literature, it is striking that works focused on the
theoretical and empirical side capture dropout in different ways. The former concentrates on
the interaction of the individual and the institution, while the latter is able to capture
individual attributes and use them to explain the phenomenon that is harmful from a social,

institutional and individual point of view. This divergence of empiry and theory is not ideal



for the development of effective interventions, nor does it provide an opportunity to measure
back the effectiveness of interventions.

Finally, it should be noted that empirical results are partly based on data that are not available
in higher education institutions. In case of soft indicators used in researches of qualitative
nature this may be a self-explanatory problem but the findings based on quantitative data
analytics also use such variables to which — without primary data collection — not even similar

ones are available in the databases managed by the higher education institution.

With regard to these reasons I base my dissertation to the premise that the application of the
scientific evidences with social benefit and thus the effective containment of the dropout can
be realized in case of the fulfillment of three conditions:

1. The forecasting of dropout is achieved on datasets that are available in higher
education institutions.

2. Data for predicting dropout are available early, already in the first academic year.

3. The estimation method thus created is bound to the social science theory which on one
hand supports the institutional use, especially with regard to the planning of the
intervention, on the other hand provides guidance in connection with the development
of models.

Based on this, in my doctoral dissertation I seek to establish, building on theoretical and
empiry-based research results, a survival analysis based prediction model which can be
applied at any domestic higher education institution, using the dataset available there, for the
purpose of early warning of student dropout. In addition to the high level of estimation
effectiveness, the survival model fits well with the objectives of the dissertation due to its

strong interpretability.

To verify the workability of the methodology based on theoretical foundations, I use the data
of a higher education institution in Hungary, which contributes to the implementation of the
research and helps to carry out the work by producing the database. The higher education
institution provides courses in all of Hungary's most popular specialties. On the basis of the
data available in the first period of the course, I test on the database whether it is possible to
effectively segmentate the student population according to the probability of future
involvement in dropout using the statistical procedure of survival analysis and whether the

variables involved in segmentation can be linked to theoretical models defining the field.



During the writing of the dissertation, I did not set hypotheses due to the applied nature of the
objective, in line with the proposals made in the workshop discussion, since the theoretical
background supports the foundation and development of methodological innovation. Below I
present the four research questions of the thesis, on the basis of which I will summarize my

results as well.

1) Do the indicators available in the electronic study system provide sufficient
information to produce reliable, individual-level dropout predictions for institutions

with heterogeneous course palettes?

The referenced literature reveals that in the dropout, the academic results, degree of
commitment, the social integration have a major preventive role, but besides these, the
characteristics of the individual and the institution and their match are extremely decisive.

It was possible already when formulating the question to foresee that the range of factors
deemed to be decisive by the theoretical models cannot be fully covered by the data
available from the study system. Therefore, this research question actually asks whether
the available variables alone have sufficient explanatory power to estimate dropout, either
by taking over the effect of some latent factors with no clearly linkable indicators by an
available indicator. While for STEM courses we have evidence of this (Kiss et al. 2019),

in the case of popular courses among human-minded students there is none.

2) Do the direction and extent of the impact of variables included in the model

correspond to the correlations described in the dropout theories?

In case of effective answer to the first research question, that is, creating a model suitable
for estimation, it requires further investigation whether the value of the coefficients of the
variables that are part of the resulting models corresponds to the theories presented in the
dissertation and supports the causal relationships described therein. Linking theory with
EDM based estimation confirms the likelihood of institutional implementation. A good
basis for the development of the interventions implemented by the institution is the
research area that accumulates a very broad knowledge, theoretical and empirical results,
examining dropout from a social scientific point of view, to which specialists who develop

and implement anti-dropout interventions can connect.



3) Is it possible to estimate the probability of student dropout using a survival model
without data on academic performance in the higher education institution, i.e. only on
the basis of the initial data forming by the end of the first month of the term time?
How much does it increase the accuracy of prediction if the results of study at the end

of the first semester also play a role in modeling?

The dissertation emphasizes an important literature finding related to the research
question. The earlier intervention is essential in order to prevent dropout, since research
examining the temporal course of dropout shows that a significant part of the dropout
occurs practically after the first and second active semester.

According to this the question raises whether we may be able to identify at-risk
individuals outside STEM majors without knowledge of academic achievement at
university level. If this also requires academic results in higher education, then the end of
the first semester will be the first time when an estimate of the expected success rate of
students can be made. If a model based on enrollment data and not including academic
results in higher education is suitable for estimation, it is necessary to examine whether a
new estimate should be made every six months in order to achieve greater efficiency.
There is a great chance for it because all theories highlight that the student's academic

achievement is — obviously — the strongest predictor factor.

4) Is it worthwhile to create sub-samples within an institution to achieve the best fit

estimator models?

The dissertation discusses in detail the issue of institutional impact on the social
composition of the student community. I point out that both the institution and the major
have a significant influence on the composition of the forming student community. From
the latent variables through the social background to the most obvious demographic
variables, the institution can be decisive for a number of characteristics. However,
modelling should also take into account the fact that individual institutions, especially
universities with a large number of faculties, cannot be considered homogeneous. Areas of
courses and course locations can act as separate, independent communities within the
institution. It may be possible to increase the effectiveness of estimates by looking at

student dropout chances in some breakdown, such as course location. This is particularly



likely in view of the fact that estimates for STEM majors are more accurate according to
literature information.
Several models will be created to answer the research question and their estimation

effectiveness will provide a clear answer to Research Question 4.

2. Methods

The student sample for model building includes students in the full-time work schedule of a
Hungarian higher education institution, which started in autumn 2016/17, at the undergraduate
level. Of the students, only those who were admitted to the course due to their results obtained
in the central admissions system were included in the sample. The test sample for validating
the model from the above differs from the above only in that it includes students of the
training courses who will start in the subsequent academic year, i.e. in the autumn of 2017/18.
Accordingly, both samples, apart from some technical narrowing, are complete (N=1860;
Ny=1935).

The database contains data on students who are enrolled in the first semester of the 2016/17
academic year, as well as those who started their studies in September of the subsequent year.
I treat these as two separate samples, actually simulating the situation where, building on the
dropout data of a known grade, an institution would be able to estimate the probability of
dropping out of members of another grade. Simulation differs from the possibilities available
in reality only in that it would not be possible in reality to use successive grades for modeling
and to make an estimate for the next grade. This is possible from the perspective of so many
years, accordingly, the estimate is made on the basis of the data of the 2016/17 grade, and the
applicability of the estimates is tested on the sample of the 2017/18 year.

I used the data of the student sample cases available from the Neptun system, the Freshmen
database and the Student Government for model building.

The final estimates were made using Cox's proportional-hazards model. Using Cox
regression, | attempt to create ten models. In addition to the institutional main sample, the ten
models are created on the basis of four subsamples and two estimates based on different
variable sets. The breakdown of the institutional sample of the 2016/17 grade into subsamples
is carried out by fields of courses. Thus, a model is being formed that examines dropout
(institutional model) regardless of the field of course, while the four others are broken down
by field of course groups for MTMI, human sciences, social and economic sciences, and

sports and health sciences.



The difference between the two variable sets is that in the first one I use the information that
was available to the institution until 15th October 2016, close to the start of the semester, and
the second variable set builds on the data available up to the end of the first semester, i.e. 15th
March 2017. Thus, in the latter, for example, the academic results of the first semester will be
shown. The results calculated on the basis of ten models ultimately yield four types of
estimates that I test on a sample of students starting in the first semester of 2017/18.

The usability of the estimates was measured by two instruments. I use a ROC curve to
examine the ranking ability of the models, the associated AUC value for which gives the
accuracy of the ranking. The AUC value measures performance well from a statistical point of
view, but to answer the question of suitability for application, I used the more applicable

misrepresentation matrices.

3. Results

3.1.  Structure of models
Into the institutional and field of course models developed on the basis of the data available
on 15th October 2016, I incorporated twelve different variables: in addition to the different
scores related to admission, dormitory housing, regular social support, number of credits and
subject taken up, and in one case compensation by student loans. In addition, the institutional
model also includes a variable that differentiates fields of course.
Each of the models significantly improved the explanatory capacity of the baseline model.

This is indicated by the p-value for the Chi square test, which was 0,000 for all models.



o 5 =
E é - & %
: = : I E5 i E
E; = % s .2 g &
= = g s 2 S|
8 E A g1 57
T S &
Admission Total Score X
Transferred/Academic Score X
Earned/GCSE Score X
Statutory score X
Excess score X X
Base score X X X
Dormitory Housing (cat.) X X X
1/2016/2017 Amount of regular
. X X ; X ; X
social support :
1/2016/2017 Number of Credits §
) X X X | X
registered (cat.) |
1/2016/2017 Number of subjects
X . X
registered
Field of course (cat.) X
Student Loans (cat.) X
Chi-square goodness of fit 235359 1 43932 | 40590 | 52.844 | 68.683
df 9 7 1 5 . 8 i 7
p-value 0.000 1 0.000 ¢+ 0.000 : 0.000 : 0.000
Number of : : :
o175 96 E 87 b 190
Cases that can be events 548 (29.5%) : ! !
) L (34.8%) 1 (26.7%)  (23.3%) : (30.4%)
used for the examined ; ; ; ;
model Censored 1312 | 328 | 263 | 287 i 434
cases (70.5%) 1 (65.2%) | (73.3%) | (76.7%) | (69.6%)
bo503 359 374 0 624
TOTAL 1860 (100%) :

L (100%) | (100%) | (100%) | (100%)

Summary table of institutional and field of course models based on known variables in the first semester (source:

self-edit)

The difference between the variable set of models based on the data of 15th March 2017 is

already much smaller. Instead of the twelve variables of the previous models, here I used only
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ten variables. The decrease in the number of variables indicates the availability of clearer
explanatory variables with being aware of the performance of the first half of the year.

The model that can be prepared at the beginning of the second semester also justifies the
lesson learned on the theoretical history, that ultimately the higher education dropout is most
determined by whether the student has managed to integrate academically. And the best
indicator for this integration is the academic result itself.

The second semester models include five variables that describe all or part of the academic
performance of the previous semester. We can also include the number of credits completed,
the number of subjects not completed, the number of fails, the number of entries indicating

completion, and partly the amount of the second semester study scholarship.
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Summary table of institutional and field of course models based on known variables in the second semester

(source: self-edit)
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The models improved the explanatory capacity of the baseline model also in these cases (p-
value = 0,000). Furthermore, it is true here that regarding students still having legal
relationship in the second semester, the models were based on complete data.

As the background calculations of the thesis, ten estimator models have been created, of
which only the two institutional versions are detailed in the thesis book. This is because due to
the similarity in content of each variable, the negotiation of the coefficients of the two models
provides sufficient information.

In the followings I will present the coefficients of the institutional model based on the data
available at the beginning of the first semester. As expected, we can see that a better academic
result proven during admission exam increases the chances of staying in (Statutory score —
B: -0.005), just as the risk of dropout changes inversely proportionally to the increase in
regular social scholarship (Amount of regular social scholarship — B: 0.015).

For low-level variables, the coefficients are to be interpreted in relation to the reference
category. For example, the risk of dropping out of dormitory students is only 70% of that of
non-dormitory students (Dormitory Housing — exp (b) :0.702).

ex
Variables Coeff ( B) SE Wald df p (b?
Statutory score -0,005 0,001 17,587 1 0,001 0,996
Dormitory Housing 20353 0,097 13316 | 0,000 0,702
ref.: non-dormitory student
1/2016/17 Regular social
scholarship amount (thousand -0,015 0,005 10,07 1 0,002 0,985
HUF)
1/2016/2017 Number of Credits
registered 127,506 3 0,000
ref.: O credits registered
25 credits registered or less ~ -0,872 0,170 26,247 1 0,000 0,418
Registered credits between 26 ar313 -1361 0,131 108,192 1 0,000 0257
31 or more credits registered ~ -1,472 0,150 96,670 1 0,000 0,229
Field of course 12,175 3 0.007
ref.: MTMI
Human sciences -0,176 0,136 1,665 1 0,197 0,839
Social and economic sciences ~ -0,444 0,134 11,076 1 0,000 0,641
Sports and health sciences -0,063 0,111 0,316 1 0,574 0,939

Coefficient table of institutional Cox regression model based on data from the beginning of the first semester

(source: self-edit)
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Cascading increasing levels of protection is provided against dropout by the number of credits
registered. Those with maximum 25 credits registered reduce the risk of dropout to 41.8% of
the reference group, those registering between 26 and 30 credits reduce it to 25,7%, while
students with 31 or more credits registered reduce the risk of dropout to 22.9% compared to
students with zero credits if no other variables are taken into account.

The field of course indicates that only social and economic sciences are characterised by a
lower risk of dropout compared to the MTMI area (B: -0.444), while the two other fields of
course also have a lower probability of dropout.

In the institutional model at the beginning of the second semester, variables indicating
successful academic advancement and failures also appear. As expected, the number of
credits completed increases (B: -0.045) the likelihood of “survival”, while the risk of dropout
increases directly proportionally to the increase in the number of subjects not completed (B:

0.077).

Variables Coeff ( B) SE Wald df p exp (b)
1/2016/17 Number of 0.045 0009 27960 1 0000 0956
Credits Completed
1/2016/17 Number of 0.077 0022 12523 1 0000  1.080
subjects not completed
2/2016/17 Amount of
academic scholarship -0.057 0.015 14.912 1 0.000 0.992
received
Reclassification
ref.: remaining in state 26.189 3 0.000
scholarship
Became self-funded 0.449 0.431 1.082 1 0.298 1.567
Entered state scholarship 0.401 1.006 0.158 1 0.691 1.493
Remained self-funded -0.561 0.117 23.051 1 0.000 0.571
Status change
ref.: active in both 15.240 3 0.002
semesters
Active first, then passive 0.909 0.237 14.704 1 0.000 2.483
First passive’ then active 0.235 0.737 0.101 1 0.75 1.231
Passive in both semesters 0.572 0.279 4.224 1 0.04 1.773

Coefficient table of institutional Cox regression model based on data from the beginning of the second semester

(source: self-edit)

A positive feedback on the academic result is also the academic scholarship, which even
assigns material interest to staying in. Accordingly, with the increase in scholarship, the

probability of dropout decreases.
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Reclassification data confirm that students left on self-cost course are more likely to stay in
than those who started their first and second semester with government scholarship funding.
Looking at the test sample, which can be considered complete, we see that both types of
reclassification reduce the probability of a successful finishing.

Finally, the change of status variable confirms the already stated finding that passivation
worsens the chances of finishing, but this is particularly true if the student is not enrolled in
the second semester. Compared to students with two active semesters, the probability of
dropping out is 248% higher when a student switches to passive after an active semester, but
the 177% of additional probability which threatens those passivating in both semesters is also
not negligible. The group of students enrolling after a passive semester is characterized by a
risk increase of 123%.

Taking into account the other 8 models not included in the thesis book, it can be said that the
compilation of models, the diversity of variables and the differences between the first and
second semesters provided the opportunity to link to the literature history at several points. As
expected, the study results played a key role in both models, but the models of the second

semester estimation were particularly determined by the indicators to be included.

3.2. Effectiveness of estimations

Below I only provide the data of the independent sample estimates, as these are the real key
results of the thesis. I use ROC, AUC and error matrix data to evaluate the effectiveness.

In the curves of the figure below, we see that the efficiency of the first semester is described
by a flatter line with more concave sections, which predestinates that the estimation efficiency
is moderate. However, the curves of the second semester paint a more positive picture,
approaching the upper left corner of the figure and have distinctly few concave sections.
Furthermore, it is clear that the overall model developed on the institutional sample for the
first semester data and the field of course model for the second semester provided better

performance.
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Estimated performance of institutional and field of course models on the test sample (starting in the first
semester of 2017/2018) (source: self-edit) (legend- Intézményi modell — elsd félév = Institutional model first
semester, Képzési teriileti modell — elso félév = Field of course model — first semester, Intézményi modell —
masodik félév = Institutional model seond secmester, Képzési teriileti modell — masodik szemeszter = Field of

course modell second semester)

Information about the ROC curve is also confirmed by the AUC values. As a result of
independent testing on the sample, the first semester models were around 0.6, but the second

semester estimation reached an AUC value of around 0.8.

Model AUC value
Institutional model — first semester 0.633
Field of course model — first semester 0.598
Institutional model — second semester 0.796
Field of course model — second semester 0.811

AUC value of estimator models applied to the test sample (those beginning in the first semester of 2017/2018)

(source: own edit)

From ROC and AUC information, we could see how the estimation efficiency calculated on
the test sample evolves for different models. This is partly confirmed on the basis of the data
shown in the table below. According to the institutional estimation in the first semester, we

are able to identify 44.1% of dropouts with a correct classification of 68%.
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The performance of the estimation per field of course finds 47.6% of dropouts with 62% of
right decisions, but with it the number of FP cases is almost double of that of the TP cases.
Based on the dropout data, a randomly selected student being labeled a dropout, there is a
29.5% probability that we have judged correctly, while our decision yielded false-positive
result with a probability of 70.5%. Models for the first semester improve this rate to an
accuracy of 40-60%.

However, among the second semester models, the version compiled by field of course
performs really well, and it was able to identify 70.7% of dropouts with a hit rate of 80.9%,
practically surpassing the result obtained on the student sample. On the other hand, the
institutional model was not able to reproduce its former effectiveness on the independent
sample, but it could still be considered appropriate. For both second semester models, it is

true that they result in more TP cases than FP or FN cases.

Correct
TP N FP FN o Found dropouts
decisions
Institutional 235 1085 322 293
68.1% 44.1%
first semester  (12.0%) (56.1%) (16.6%) (15.2%)
Field of
252 953 454 277
course first 62.2% 47.6%
(13.0%) (49.2%) (23.5%) (14.3%)
semester
Institutional
278 1137 252
second 157 (8.6%) 77.5% 63.9%
(15.2%) (62.3%) (13.8%)
semester
Field of
course 374 1193 214
155 (8%) 80.9% 70.7%
second (19.3%) (61.6%) (11.1%)
semester

Summary table of error matrices for estimating models generated on the test sample (starting in the first

semester of 2017/2018) (source: self-edit)
3.3.  Summary of results
I summarize the results of the dissertation in points related to the research questions.
1) Do the indicators available in the electronic study system provide sufficient
information to produce reliable, individual-level dropout predictions for institutions

with heterogeneous course palettes?
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The cross-validation procedure carried out on the independent sample revealed that the
models available at the beginning of the first semester are limited in terms of estimating
dropout rates. The limited applicability could best be quantified by AUC values around 0,6.
Data from the table of the error matrix associated with the analysis showed that the number of
false positive and false negative cases is quite significant when identifying nearly 50% of
future dropouts. In principle, estimation is also more effective in identifying dropouts, taking
into account the applicability aspects, than if an accidental decision was made, but its
applicability is limited in justifying interventions that rely on serious resources. This result
confirms that recruitment data in fields of course outside the engineering and natural sciences
do not count as a well-suited predictor.

On the other hand, models based on data available at the beginning of the second semester
performed very well, regardless of the field of course. Both ROC and AUC and the error
matrix data show that institutional interventions could be planned on their basis.

Regarding the first research question, it can be summarized that the methodology is suitable
for estimation, as some of the survival models using administrative data are adequate, while
some have limited efficiency in predicting dropout. In the latter, it is of paramount importance

to examine the possibilities of development.

2) Do the direction and extent of the impact of variables included in the model

correspond to the correlations described in the dropout theories?

Examining the institutional model built from the data available at the beginning of the first
semester and the second semester, differences can be pointed out. At the beginning of the first
semester, when higher education results are not yet available, variables primarily not covering
academic performance will play a role in addition to the statutory score. Dormitory housing
can represent community integration, the number of credits registered the commitment, the
amount of regular social support can represent the disadvantageous situation in the model.
This is accompanied by the field of course variable, which can be directly linked not to the
findings of theoretical models, but to previous empirical results. It is true to the model of
Spady, Tinto, and Cabrera and colleagues that low levels of commitment to the institution or
study and insufficient academic performance lead directly to dropout. This is well returned by
the early first semester model, visualizing the social status of the individual as well as

community integration, which is typically included in the initial stages of the dropout
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processes described by the models. Based on the strength of the variables built into the model,
the number of credits registered stands out, which can be identified as an indicator of
commitment. Commitment can play a greater role in the first half model because an indicator
with sufficient explanatory power on academic result is not yet available, i.e. high school
performance is not a good predictor of higher education achievement. This can be inferred at
least from the second semester model, where variables of academic result in higher education
dominate the model. In addition to the number of completed and non-completed subjects, the
amount of academic scholarship can also be used to deduce the academic successes and
failures of the first semester. The second semester model also includes reclassification, which
at this point does not report changes in the reclassification period later than a semester later,
but changes in reimbursement for other reasons. From this it can be seen that the invariability
of reimbursement increases persistence. However, it is difficult to judge what theoretical
element appears here. Perhaps we can conclude that the invariability of the original funding
plan at enrollment could also indicate the existence of commitment. The fifth variable that
plays a role in the model is the status change. We can now say more confidently that the
importance of commitment can be seen appearing. If a student passivates any or even all of
the first two semesters, then the probability of the is significantly reduced.

Looking at the two models as a whole, the theoretical statement that community integration,
commitment and academic result have a direct impact on the decision on dropping out can be
confirmed. Therefore, interventions should also be established and offered to students at risk
in order to achieve appropriate academic results (e.g. catch-up courses; academic mentoring
programme) and to increase integration (e.g. more accessible freshman camp; creation of
school circles; community mentoring programme).

In addition to planning the interventions, it is also important to address the proposals for
improving the model. The importance of academic performance, engagement and community
integration seems to be reflected from the Neptun data. In the case of academic performance,
the result of quarterly dissertations, possibly the results of the available placement tests, can
be a data set that is already available in time, but which provides better prediction ability than
GCSE. Similar to the commitment, the number of absences from contact lessons can serve as
a data set that is available sooner in time, and user activity associated with online study
systems can also be revealing data. In connection with community integration, the most
obvious and data source which is manageable using administrative tools is freshman

participation.
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3) Is it possible to estimate the probability of student dropout using a survival model
without data on academic performance in the higher education institution, i.e. only on
the basis of the initial data forming by the end of the first month of the term time?
How much does it increase the accuracy of prediction if the results of study at the end

of the first semester also play a role in modeling?

The first half of the question, already knowing the data from the analysis, examines that the
correct hit rate of the estimator models exceeds the 70.5% retention rate known in the student
sample. If everyone were considered remaining, then our prediction would be confirmed in
70.5% of the cases. The two first semester models perform slightly worse than this in terms of
overall hit rates, but this is not due to the weakness of the model. As the analysis pointed out
on several points, the true value is the increase in TP cases in addition to the decrease in FN
cases. Therefore, the sensitivity of the estimator models has been adjusted to identify the
highest number of dropouts, even at the cost of the increase of FP cases and thus reducing the
percentage of correct hits by a few percent. However, the models would not exceed the 70.5%
threshold without any problems without optimization, but this goal would be against aspects
of practical application.

The answer to the second part of the question is obvious: The estimation accuracy of models
based on data from the beginning of the second semester significantly exceeds the accuracy of
models based on data available in the first semester.

It is also worth making a positive statement about the purposeful use of the survival model.
The classification ability does not significantly lag behind the effectiveness of the most
suitable estimator model for comparison (Kiss et al. 2019). The identification of the causes of
the variation in estimation capacity would require further analysis. The differences may also
result from differences in methodology arising from the two research approaches, in particular
differences between the sampling procedure and the institutions on which the database is
based. However, the clear virtue of the survival model is that it provides well-interpretable
results, to which institutional experts who are not familiar with statistical solutions can relate

more easily.

4) Is it worthwhile to create sub-samples within an institution to achieve the best fit

estimator models?
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Two of the four models were based on field of course subsamples and two on general
institutional samples. When matching to the test sample, in case of first semester data the
institutional model, in case of the second semester data the field of course model proved
better. In my view, cross-validation based on one sample does not constitute sufficient
justification to answer this question. It can certainly be seen that the covariates of field of
course survival models sometimes differ significantly from each other, so I consider use of
field of course subsamples justified in the future. However, there arose no irrefutable evidence

for a sufficiently well-founded answer to this question.
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