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Abstract

Over the last few years, the educational interest of soft skills has steadily
increased. Nonetheless, there is no considerable literature concerning the impact
of followed courses on them. This simulation explores the modelling of the effects
of courses over the students’ soft skill proficiency, considering interaction effects
and confounding variables through nine different scenarios. Moreover, the study
compares the model with and without propensity scores as predictors, which are
proposed as alternatives to handle the selection bias issue of the students’ course
choices. The simulation results show that in general models without propensity
scores produce less bias, nonetheless the higher the effect of interactions between
courses the better propensity scores become in reducing the bias.
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1. Introduction

In the last decade, soft skills have gathered attention in both industry and
academia. Soft skills is an evolving term that is difficult to define in a cohesive
and clear perspective. Nonetheless, its general conception, as pointed out by Al-
monte (2021), consists of a group of inter- and intrapersonal skills that can help
manage situations that are normally faced in real-life. Furthermore, Jardim
et al. (2022) argues the soft skills definition becomes closely related with that
of transferable skills in the sense that these skills could be applied in various
situations.

Higher Education (HE) has since faced the challenge of including soft skills
in their pedagogical design to further improve the students’ professional forma-
tion (Almeida and Morais, 2021). Part of this challenge is the evaluation of soft
skills throughout academic programs, which would allow to track their devel-
opment across time and study their relation with followed courses. This would
allow the estimation of course effects over soft skills and analyse whether it is
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appropriate to adjust the curriculum (e.g. remove or adapt courses with soft
skills centred pedagogical activities) if it does not optimally foster soft skills.

The students’ academic records, specifically their previously followed courses,
are essential to model the relation between courses and soft skills. Consider-
ing that most HE programs allow students a pseudo-free choice of courses, a
naive approach can be to utilise a linear mixed model to explain the soft skills
proficiency with courses as predictors. Furthermore, interaction effects between
courses (e.g. courses with similar soft skill centred pedagogical design) can also
be considered as well as additional covariates in order to account for possible
confounding (e.g. interest for specific courses).

Yet, there can be many potential confounding variables, hampering causal
inference. A randomised controlled trial (RCT) is the most popular method
to infer causal effects over treatments (Austin, 2011; Williamson and Forbes,
2014; Elze et al., 2017). In RCTs, randomisation is a core part of the experi-
ment design, where subjects are randomly placed in either control or treatment
groups. This type of randomisation eliminates the bias and confounding vari-
ables from the subjects. Nonetheless, these types of studies bear a high cost
in terms of planning and logistics, which is why natural experiments (NE) are
increasingly gathering attention. NEs in contrast to RCTs are less controlled
and occur "naturally", where subjects choose either the control or treatment
groups (e.g. students choosing their courses instead of being placed). This
change may largely reduce the cost of the studies, but it also brings up issues
such as selection bias (Craig et al., 2017).

In the naive approach, the course effect estimates can be severely affected by
selection bias. For instance, students may choose to follow a particular course
because they already have some expertise or are quite interested. This means
that students who follow a course may not necessarily be comparable to those
not following that course. Moreover, selection bias can also present itself as
sampling bias (Deschacht and Goeman, 2015). For example, certain courses
may be more followed or have more students than other courses, producing a
biased sample that may not be representative.

A possible strategy to handle selection bias is to use propensity scores.
Propensity scores allow NEs to resemble RCTs by taking into account selec-
tion bias (Lecocq et al., 2014), and they represent in this case the probabilities
of students choosing a specific course. For instance, if the profiles (e.g. pre-
viously followed courses) of student A an B are similar, the probabilities of A
and B choosing a course C may also be similar, whereas if their profiles differ
considerably, the propensity of A choosing C may vary from B. Furthermore,
propensity scores can be included as additional predictors.

The general aim of this study is to explore how propensity scores could
mitigate course selection bias. To the best of our knowledge, there are no
publicly available datasets with the required information. Therefore, data is
generated to analyse this problem in different scenarios. As a proof of concept
and in favour of simplicity, a single soft skill is modelled instead of multiple
skills.
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2. Methodology

2.1. Data Generation
To further illustrate this issue, let us present a hypothetical example of an

academic program of two years (e.g Master program) defining three stages (e.g.
academic terms). Stage 0 at the start, Stage 1 (end of year 1) and Stage 2
(end of the program). Students are assumed to have freedom of choosing their
courses and there is no course failure. Table 1 shows the number of courses
per stage. Please note that not all offered courses would be chosen, hence the
students’ course-backgrounds would not necessarily be the same.

Stage Followed courses Number of courses to follow Offered courses
Initial (0) 0 3 8
Middle (1) 3 2 5
Final (2) 5 0 0

Table 1: Number of courses per stage

A total of 800 students are considered. The courses are assumed to be
grouped by pedagogical similarities in three groups. G1 is composed by courses
(c1, c2, c3), G2 by (c4, c5), and G3 by the last three (c6, c7, c8).

Moreover, different scenarios are simulated on the combinations of two con-
ditions. The first is the modelling of interaction effects. This means that if a
student follows c1 and c2, which are assumed to be related, the students’ soft
skills may be affected not only from their individual effects, but also by the
interaction of both courses. The interaction effects are included in the model as
fixed effects (in three categories: no effect, small or large effect).

The second is the interest for specific courses as a confounding variable. An
intuitive assumption is that interested students are more likely to better develop
skills compared to students with little or no interest. For instance, interest may
increase the time that students work on the course or it may trigger other related
activities outside the course.

Furthermore, this interest can not only affect skill growth, but also influence
the student’s choice of courses. The interest I is sampled from a normal distri-
bution with zero mean. This interest would influence the probability of course
selection from groups G1 and G3, while maintaining the same probability for
G2. This mitigates sampling bias issues, as all courses would approximately be
followed by the same amount of students at every stage of the program. Fig-
ure 1 shows an example of how the probability of choosing courses from G1 or
G3 depend on this interest. Similarly to the interactions, three levels of interest
effect are simulated (no effect, small or large effect).

A total of 9 scenarios are presented in Table 2 based on the combinations of
the conditions and their levels.

2.2. Skill generation model
The skill generation model is a generalised linear mixed model, with fixed

course effects and random student effects as shown in Equation 1. β0 would
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Figure 1: Interest distribution and its confounding nature towards course selection. This ex-
ample shows how the student’s interest for specific courses affects their probability of choosing
courses from G1 or G3. In the left plot, there is less probability for G1. In the middle, the
probability is equal for both groups. In the last plot, courses from G1 have more probability
of being chosen

Condition No Interaction S. Effect Interaction L. Effect Interaction
No Interest Scenario 1 Scenario 2 Scenario 3

S. Effect Interest Scenario 4 Scenario 5 Scenario 6
L. Effect Interest Scenario 7 Scenario 8 Scenario 9

Table 2: Scenario by interest for specific courses and interaction condition combinations

correspond to the initial skill level of an average student at Stage 0 (where the
students have not yet followed any courses). βc represents the individual fixed
course effects. D(c,s,t) is a dummy binary variable that is equal to 1 if student
s followed course c at Stage t. X represents the sum of all double and triple
interaction effects of courses based on the groups. βi represents the effect of
interest for specific courses. θs is a random effect of student s, and ϵ a residual
term.

Skill(c,s,t) = β0 +

C∑
c=1

βcD(c,s,t) +X + βiI(s,t) + θs + ϵ (1)

Moreover, the distributions and effects of parameters used for the data gen-
eration are presented in Table 3.

All possible combinations are generated per stage and student (56 course sets
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Parameter Distribution Effect
β0 - 1
β1 - 0.40
β2 - 0.45
β3 - 0.50
β4 - 0.44
β5 - 0.37
β6 - 0.63
β7 - 0.33
β8 - 0.11

S. Effect βxy - 0.025
L. Effect βxy - 0.05
S. Effect βxyz - 0.05
L. Effect βxyz - 0.1
No Effect I - 0
S. Effect βi - 1

L. Effect I βi - 3
Ist N(µ = 0, σ = 0.3) -
θs N(µ = 0, σ = 0.25) -
ϵ N(µ = 0, σ = 0.2) -

Table 3: Parameter distributions and values

at stage 1 and 10 course sets at stage 2 considering the previous choices at stage
1). For the scenarios with no interest for specific courses, the course sets are
chosen randomly. On the other hand, when interest is present, the course sets
are chosen through probabilities as previously shown in Figure 1. Consequently,
the students’ soft skills are generated following Equation 1. 2000 datasets (each
with a structure as presented in Table 4) are generated per scenario (18000 in
total).

Student Stage Course 1 .. Course 8 Soft Skill
1 0 0 .. 0 1.21
1 1 0 .. 0 2.74
1 2 0 .. 1 4.33
.. .. .. .. .. ..

800 1 1 .. 1 2.65
800 2 1 .. 0 3.49

Table 4: Dataset structure

3. Analysis

The generated data is analysed without interest given that it may prove
difficult to estimate in real life and/or model its confounding relation. Models
with and without propensity score covariates are fit in order to check whether
the addition of propensity score predictors may help or not reduce bias in course
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effects. The models are implemented with the lme4 package from R (Bates et al.,
2015), which uses maximum likelihood methods.

3.1. Bias estimation
The course effect bias estimates are calculated by the relative difference

between the model estimates and the real effects. This means that for each
dataset there are 16 bias estimates (for each of the 8 courses, the bias is estimated
using the model with and without propensity scores).

4. Results

The percentage of datasets, where the propensity score predictors help re-
duce the bias in course effects, is calculated by scenario. Moreover, in favour of
simplicity, the percentages are averaged and aggregated by groups as shown in
Table 5. It can be seen that in general the model without propensity scores is
preferred across the scenarios. Nonetheless, the higher the effect of interactions
(scenarios 2,5,8 and 3,6,9), the propensity models’ preference in terms of bias
reductions increases.

Group 1 Group 2 Group 3
Scenario 1 (26.73%) (27.25%) (26.60%)

73.27% 72.75% 73.40%
Scenario 2 (37.25%) (32.33%) (37.85%)

62.75% 67.68% 62.15%
Scenario 3 (37.63%) (33.75%) (37.00%)

62.37% 66.25% 63.00%
Scenario 4 (25.20%) (24.25%) (25.12%)

74.80% 75.75% 74.88%
Scenario 5 (36.42%) (31.20%) (36.98%)

63.58% 68.80% 63.02%
Scenario 6 (36.77%) (30.03%) (36.51%)

63.23% 69.98% 63.48%
Scenario 7 (22.99%) (23.23%) (24.20%)

77.02% 76.78% 75.80%
Scenario 8 (36.43%) (29.38%) (37.00%)

63.57% 70.63% 63.00%
Scenario 9 (36.08%) (30.45%) (35.17%)

63.92% 69.55% 64.83%

Table 5: The percentages in parentheses correspond to the relative amount of datasets benefit-
ing from propensity scores in terms of bias reduction. The percentage below is the complement,
where the models without the propensity scores produced less bias

5. Discussion

Even though the results show that models without propensity scores are
favoured, it is important to remark that the higher effect of interaction terms,
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the more preferable the propensity score models are. This may be due to the
amount of fixed predictors to estimate. The interactions provide 9 fixed coef-
ficients having a total of 18 coefficients without the propensity scores (the in-
tercept, 8 course effects and 9 interactions). The propensity scores add 8 more
coefficients in the regression (26 coefficients in total), and despite that fact, be-
tween 23% and 38% of the datasets in all scenarios, the propensity scores help
reduce the bias of course effects estimates.

Nonetheless, there are several limitations to consider. First, the simulation
design considers a single interest effect for specific courses instead of an interest
effect per course. Second, the models are unidimensional with only one soft
skill as the outcome. Third, the data generation process can be time-consuming
and computationally expensive (the number of courses was selected to keep
the number of possible combinations relatively low), though with parallelisation
the generation time can be considerably reduced. Furthermore, in a real-life
setting, the amount of students per stage may be smaller, the number of courses
could be larger, the number of students per course may greatly differ producing
unbalanced samples, there may also be constraints on the courses (pre-requisites
or room capacity) making this problem more complicated.

6. Conclusions and future work

Some alternatives for future work would be to consider:

• The addition of interest effects per course.

• A multidimensional extension of the models by considering various soft
skills where each course may affect one or more soft skills.

• The use of propensity scores as weights rather than predictors.

• The case of students who repeat their courses and consider it as an addi-
tional effect.

The simulation study sheds a light on the possible issues when modelling
course effects over soft skills, and attempts to explore the course selection bias
induced by the students’ interests for specific courses. Propensity scores as
predictors may reduce course selection bias, particularly when there are high
effects of interactions between courses. We hope this article inspires researchers
to further explore and analyse this issue.
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