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Oscar Dieste1, Efráın R. Fonseca C.2, Geovanny Raura2, and Alejandra Ponce2
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Abstract. ––Background: Developers’ personal characteristics are im-
portant factors to take into account in Empirical Software Engineering
(ESE) research. Experience is one of the most frequently studied fac-
tors. To assess experience effects, studies typically evaluate students vs.
professionals’ performance. However, professionals are always in short
supply. Hence, some studies have used students of different seniority
levels for the same goal. Aims: Assessing the students’ performance in
programming tasks according to their seniority. Method: Analysis of
the data collected in a programming experiment conducted at Universi-
dad de Yucatan, México. Results: Students’ seniority is not related to
their performance. Furthermore, students’ seniority and programming
experience are not correlated. Conclusions: Education level does not
accurately represent subjects’ experience neither predicts their perfor-
mance.
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1 Introduction

Developers’ personal characteristics are important factors to take into account
in Empirical Software Engineering (ESE) research [1]. Several studies have been
conducted in order to establish whether factors such as motivation [2], problem-
domain-knowledge [3], or personality [4], moderate software quality and/or de-
velopers’ productivity.

Experience is one of the most frequently studied factors. Several works com-
pare students with professionals. However, professionals are always in short sup-
ply for empirical studies. Thus, some studies have used students of different
programming levels, e.g.: undergraduates vs. graduates, for the same goal. Us-
ing students rather than professionals enables studying the experience effects
more efficiently (i.e., conducting lab experiments) than using professionals.

Overall, the experience literature suggests that experienced subjects perform
better less experienced ones [5,6]. In what regards students, graduates seem to
be more effective than undergraduates [7]. Nevertheless, the effect of experience



is controversial [8]. It has been observed in several occasions that experienced
subjects do not outperform less-experienced ones, either in terms of experience
years [9] or academic levels [10,11].

In this paper we describe an exploratory study with undergraduate students
from different academic courses. This study aims determining whether the stu-
dents’ performance in programming tasks is related to the academic course in
which they are registered, that is, their Seniority. Data was collected in one
experimental study conducted at the Universidad de Yucatan, México (UADY).

Our results suggest that students’ Seniority is not related to their perfor-
mance. Additionally, students’ seniority and programming experience are not
correlated, i.e.: students with different seniority have comparable experience.
These findings are relevant for conducting experiments in ESE, due to they
pointing out that education level (seniority within undergraduates, but could
be extended to dichotomy between undergraduates and postgraduates) does not
accurately represent neither the subject experience nor performance.

This paper is structured as follows: Section 2 introduces some research works
related to the study of experience in ESE. Section 3 presents the methodology
followed in this study. The results are described in Section 4 and discussed in
in Section 5. Threats to validity are briefly discussed in Section 6. Finally, the
main contributions are summarized in Section 7.

2 Related Works

There is a vast amount of programming experience- related empirical studies
(experiments, quasi-experiments and surveys), that goes several years back [9].
Most of them address the effects of experience in programming by comparing
two categories or groups: novices vs. experts. Novices are students with very
little (e.g., in [12] were used undergraduate students that had taken only one
programming course.) or much higher experience (e.g., in [13] were employed
novices with up two years of programming experience). Students with three or
more years experience, or professionals, are regarded as experts [13,14]. The su-
perior performance of experts against novices programmers has been repeatedly
confirmed. We cannot give a full account of the existing literature herein, but
we report some well-known studies below.

Wiedenbeck [5] carried out an experiment comparing 10 experts vs. 10 novices
in order to measure the speed and accuracy for generating syntactically program-
ming sentences. The novices were all graduate and undergraduate students at
the University of Pittsburg, and the experts were graduate students and faculty
at the University of Pittsburg and data processing personnel at area businesses.
As a result, this experiment shown that the experts were approximately 25%
faster and had 40% lower error rates than the novices.

Adelson [6] performed an experiment to recall 16 lines of PPL code. This ex-
periment measured the effectiveness of 5 experts vs. 5 novices in terms of number
of items recalled and number of items in a burst of recall. The novices group
consisted of five Harvard under graduates who had just completed an introduc-



tory course in computer programming in PPL. The expert group consisted of
five teaching fellows for the same course. As a result, the experts recalled more
than the novices, and had larger recall chunks.

Daun et al. [7] carried out an experiment with two groups of students (grad-
uate and undergraduate students) with different skills and experience in the
software engineering field. Graduate were 21 students enrolled in a master-level
degree programs of ’Systems Engineering’ or ’Business Information Systems’.
Undergraduate were 125 students mainly enrolled in the bachelor-level degree
programs for ’Systems Engineering’, ’Business Information Systems, or ’Business
Administration’. The experiment aim to gain deeper insights whether the results
from experiments performed with graduates and undergraduates in the software
engineering field are equal or significantly different with respect to the conclu-
sions that can be drawn. As a result graduates were significantly more effective,
efficient, and confident in their tasks than the undergraduates. Nevertheless, the
experiment with undergraduates also shows significant results, even though with
a smaller effect size.

Askar & Davenport [15] performed a survey with 220 novice students answer-
ing a questionnaire regarding self-efficacy in JAVA programming. The results of
this study shown that the number of years of experience a student had with
computers had a significant linear contribution to their self-efficacy scores, and
as the computer experience increases, there is a tendency to gain self-efficacy in
programming.

However, there are several instances which deliver contradictory results, par-
ticularly when students conform both novice and expert levels. For instance,
Madeyski [10] conducted an experiment with students (39 sophomore, 27 ju-
nior, 4 senior and 70 graduates). Test-driven development (TDD) was used in
this study in order to explore the relationship between experience and software
quality. Experience was determined using a quiz. The results yielded a minimal
experience-quality correlation, but statistically non-significant.

Runeson [11] conducted another research with students (31 undergraduates,
73 graduates and 30 PhD). Several aspects such as estimation accuracy, defect
density, productivity, etc. were studied. Students obtained similar results at dif-
ferent levels (statistically significant), showing differences only with regard to
the time i.e. graduate students do the tasks in shorter time.

Given the conflicting results reported in the specialized literature, we have
conducted an exploratory research using data obtained in programming experi-
ments to answer the following research question:

RQ1: ¿Is there a relationship between students Seniority level
(e.g.sophomores vs. seniors) and students performance?



3 Methodology

The study about the relationship between students’ seniority level and software
quality/productivity uses the data collected in the replication of a former experi-
ment carried out by N. Juristo and her team [16]. This replication was conducted
at the Universidad Autónoma del Yacatán (UADY) in México in 2015. The ex-
perimental design is described briefly below.

3.1 Factors

The experiment tests two factors:

– Programming approach. Iterative test-last (ITLD) and Test-driven devel-
opment (TDD). ITLD is a test-last strategy characterized by the iterative
definition of production and testing code. TDD is the well-know test-first
programming strategy.

– Slicing. Programming tasks were allocated to the experimental subjects in
two different versions: sliced, i.e., divided in small chunks suitable for iterative
programming and sliced, i.e., a usual, monolitic task description.

3.2 Other Independent Variables

In order to answer the research question we used the students’ seniority level
as an additonal independent variable. This level corresponds to semester in
which students were enrolled. This independent variable has been obtained us-
ing demographic questionnaires applied before the execution of the experimental
tasks. We have used students of: Fourth semester (4S), fifth semester (5S), sixth
semester (6S) and Seventh semester (7S). The students of 4S are sophomores,
the students of 5S-6S are juniors and the students of 7S are seniors.

3.3 Response Variables

Response variables used in this study were the same than those used in the origi-
nal experiment, i.e., the external quality (QLTY) and programmers’ productivity
(PROD).

QLTY represents the software quality measured in terms of compliance with
the software requirements. Compliance has specifically been evaluated using ac-
ceptance tests designed for this purpose. QLTY is defined as:

QLTY =

∑#tus
i=1 QLTYi
#TUS

(1)

Where QLTYi is the quality of the i-th user story; in turn, QLTYi is defined
as:

QLTYi =
#Asserti(Pass)

#Asserti(All)
(2)



#TUS is the amount of work done. It is measured as the number of tackled
user stories. A user story is defined as tackled when at least one assertion of one
test case has successfully passed:

#TUS =

#us∑
i=1

#Asserti(Pass) ≥ 0 7→ True (3)

Both in Eq. 2 and 3, #Asserti(Pass) represents the number of jUnit as-
sertions (since the experiment was performed using the Java programming lan-
guage) correctly executed in the i-th user history.

Finally, PROD represents the amount of work done satisfactorily by the sub-
jects, and is defined as:

PROD =
#Assert(Pass)

#Assert(All)
(4)

3.4 Experimental Tasks

The experimental subjects applied the ITLD and TDD programming strate-
gies to two programming tasks: MarsRover API (MR) and Bowling Score-
keeper (BSK). MR, and BSK particularly, are katas commonly used in the agile
development community. These tasks are rather similar in terms of: Number of
user stories, estimated time of resolution and implementation complexity. As
described above, tasks were randomly allocated to subjects using two types of
specifications: with and without slicing.

3.5 Experimental Design

We used a cross-over design where experimental tasks and experimental sessions
were confounded, and experimental tasks crossed, as shown in Table 1. The
slicing factor was counterbalanced.

Table 1. Experiment Design

ITLD TDD

Group 1
BSK

Slicing
MR

No slicing
Group 2 No slicing Slicing

Group 3
MR

Slicing
BSK

No slicing
Group 4 No slicing Slicing

3.6 Subject Selection

The experimental subjects were selected by convenience. A special training
course for students of different levels was organized in the framework of the Li-
cenciatura en Ciencias de la Computación at UADY University. Students were



invited to participate in the training course as part of a university event called
Jornadas de Software Engineering FMAT201. An invitation was sent to sign up
on a voluntary basis specifically for students who were at fourth semester or
above, considering that these students had approved programming related sub-
jects within their study plan (Programming Logic, Fundamentals of Program-
ming, Programming, Data Structures and Theory of Programming languages).
Java was the programming language required for the realization of the experi-
mental tasks.

3.7 Instrumentation

Experimental tasks were performed using Java as programming language and
JUnit as testing framework. All subjects received a code stub for each pro-
gramming task in order to help subjects to start coding. Eclipse was used as
Development Environment (IDE). A plugin, specifically created with such pur-
pose, was integrated with the Eclipse IDE in order to facilitate the measurement
of the response variables.

3.8 Execution

The experiment was organized at UADY as a 5-day workshop. Two days were
used for the experimental sessions and three for the training, as shown in Table
2. The experiment was conducted in two sessions, 2.5 hours each, separated by
one day. The students received four hours of training before each experimental
session.

The experiment was executed between September 28 and October 2, 2015
(Table 2 shows the experiment execution schedule). At first 36 students were
enrolled, but only 32 completed the workshop, which means a 12% dropout.
Considering that this was a voluntary activity motivated by a participation
certificate, and the degree of students satisfaction in general, was acceptable;
then the percentage of desertion may have been the result of a totally random
reasons.

Table 2. UADY schedule

Time Day 1 Day 2 Day 3 Day 4 Day 5

15’ Introduction
Slicing 1st session

(ITLD)
TDD

1st session
(TDD)

15’ Fill demographic
questionnaire

60’ Introduction to
Agile Development

60’ Unit Testing
with Junit

ITLD

15’ Break Break Break Break Break

75’ Control Task 1 Control Task 2 Feedback Control Task 3 Feedback



4 Results

4.1 Demographics

Thirty-two experimental subjects completed the experiment. Table 3 shows the
distribution of subjects among seniority (4S - MASTER) levels. 4S means “4th

semester”, i.e.: the students are in the spring term of their 2nd academic year.
All students are pursuing their BSc., with the exception of one MSc. student.
This data point does not make any undue influence the analysis results.

Table 3. Demographics

Seniority
4S 5S 6S 7S MASTER

Number of subjects 7 16 2 6 1

4.2 Performance across Seniority Levels

The data collected in the experiment have been obtained in different conditions,
i.e.: combinations of experimental factors (ITLD and TDD) and tasks (BSK and
MR). It is tempting to run correlation analyses to study the Seniority ’s influ-
ence on performance (either QLTY or PROD). However, that would be a wrong
approach. In turn, we will run a mixed linear model to assess the influence of all
independent variables jointly. We have chosen mixed models because they inte-
grate categorical variables (the experimental factors and tasks), ordinal variables
(the seniority levels) and repeated measures into a single framework. The model
chosen is displayed in Equation 5, following R’s lm convention. Nevertheless, all
analyses and plots have been created in SPSS c© V.22.

y = Prog.Approach+ Task+Group+ Slicing+ Seniority+ (1|Subjects) (5)

Table 5 shows the analysis results for the response variable QLTY. QQ and
predicted values vs. residuals plots (not included due to space limitations) sup-
port the normal and homoscedastic character of out dataset. Our interest lays
in the Seniority levels, so we will not pay attention to the remaining factors (al-
though the results are not particularly conclusive; all factors, with the exception
of Slicing, render non-significant).

Seniority is statistically significant. However, the parameter estimation re-
veals that the Seniority effect goes in the opposite direction to what common
sense expects: as the Seniority increases, QLTY decreases. The slope is 5% per
seniority level. It implies that 7S students achieve 15% less QLTY than 4S stu-
dents. This trend can be graphically displayed using a Seniority × residuals
scatter plot, excluding the Seniority variable from the model before generating



Table 4. Mixed model analysis (fixed factors) for QLTY

Source Num. df Den. df F Sig.

Intercept 1 28.178 217.522 .000
TECHNIQUE 1 34.776 .600 .444
TASK 1 34.776 .642 .428
GROUP 1 29.217 .001 .979
SLICING 1 33.713 9.383 .004
SENIORITY 1 27.784 4.197 .050

the residuals. This plot is shown in Fig. 1. The downward trend is clearly visible,
with the only exceptions of 6S, which exhibits better performance than the other
groups. Notice that 6S contains 2 students only, so this result could be due to
noise (/very small sample size effects).

Fig. 1. Scatter plot displaying the average of the QLTY residuals, as a function of
Seniority levels

The analysis of the PROD response variable yields similar results. In this
case, Seniority is not statistically significant (p − value = .09 > .05), although
rather close to significance. When displaying Seniority × residuals, as shown in
Fig. 2, a similar pattern than observed before in Fig. 1 emerges. In this case,
the downward trend is less visible. Both 5S and 6S students perform better than
4S, but 5S scores above 6S, which in turn contains few students. 7S students
perform worse than 4S-6S students. The mixed character of the results leave
no option but taking the results with caution, although the lack of relationship
Seniority-performance looks the most obvious conclusion.



Table 5. Mixed model analysis (fixed factors) for PROD

Source Num. df Den. df F Sig.

Intercept 1 28.738 47.451 .000
TECHNIQUE 1 35.116 .997 .325
TASK 1 35.116 21.601 .000
GROUP 1 29.896 .000 .985
SLICING 1 33.940 2.172 .150
SENIORITY 1 28.329 3.082 .090

Fig. 2. Scatter plot displaying the average of the PROD residuals, as a function of
Seniority levels

5 Discussion

The results of the previous analyses point out to the independence between Se-
niority and students’ performance (both in terms of quality and productivity).
This outcome challenges common sense: students are supposed to gain program-
ming experience during their BSc. It could be argued that the differences among
seniority levels are too small to be noticeable (there are only two academic years
difference between 4S and 7S). However, a two year difference looks rather long
(it is almost 50% of the BSc. total time) as not to have at least some noticeable
influence in the students’ programming abilities.

There are several possible alternate explanations. One of the reasons why
Seniority and performance are unrelated could be the failure of Seniority to
faithfully represent the underlying student’s programming experience. Fig. 3
clearly shows that students, irrespective of their seniority level, have fairly similar
programming experiences. Most of them are novices, amounting 2-5 years of
programming experience. Statistical correlation confirms the visual impression;
the strength of the relationship between Seniority and programming experience



is small (τ = −.100), negative, and non significant (p− value = .539, 2-tailed).
Java programming experience exhibits a similar, more pronounced pattern (τ =
.020, p− value = .907, 2-tailed).

The weak relationship between Seniority and programming experience is not
necessarily surprising. Programming experience can be acquired before enrolling
in college. Furthermore, it is common that students take part-time jobs, and that
the progress in their studies be slower than the progress in their careers. Finally,
professionals may return to college after several years to finish their degrees.
For instance, one of our subjects reported more than 10 years programming
experience.

Fig. 3. Relationship Seniority-experience

However, the analysis of the relationship between programming experience
and student performance either does not give any conclusive results either. Figs. 4
and 5 have been created using the same strategy than the corresponding figures
in Section 4. Again, a clear reduction in performance (both QLTY and PROD)
can be observed. The only deviation from the pattern (the slope between inter-
mediate and expert levels in Fig. 4) could be explained on the basis that we have
just one expert subject in our dataset (see Fig. 3). Thus, such deviation may be
due to noise.

In summary: our data supports the lack of a relationship between Seniority
and performance, as it has been observed previously in the literature [10,11].
We have been unable to observe a connection between programming experience
and performance either. As a matter of fact, it looks that Seniority has stronger



Fig. 4. QLTY related to students’ programming experience

Fig. 5. PROD related to students’ programming experience

connections to performance that programming experience itself (compare, for
instance, Figs. 2 and 5). This is rather more controversial, although other studies
have achieved similar conclusions, both in Software Engineering [9] and other
scientific areas [8]. It would not be at all surprising that students are overstating
their programming skills, as it has been also observed in the literature [17].

6 Threats to Validity

A large number of threats to validity affect our study: Duration of the training,
students’ motivation, previous programming experience, duration of the exper-



imental sessions, etc. All these threats are common to experimental studies in
ESE.

In particular, we wish to highlight a specific limitations of this particular
study, related to the small cohort that we have been able to assemble. The total
number of experimental subjects (32 students) matches the average for ESE
experiments [18], but the breakdown into Seniority levels is unsatisfactory both
in terms of sample size and balance. We have a rather low number of subjects
in the 4S and 7S seniority levels. In the 6S and MASTER levels, the number of
subjects is just symbolic. We need to conduct further replications, or perform
secondary studies, to overcome this limitation.

7 Conclusions

We have conducted one lab experiment using students as experimental sub-
jects. Those students had different seniority levels, ranging from sophomore (4th

semester) to senior (7th semester). We have been unable to confirm a relation-
ship between Seniority and performance in programming exercises. We have
also found out that students, regardless their Seniority, may have comparable
programming experience.

Seniority may not be a good predictor of students’ performance. Experiments
comparing Seniority levels (e.g.: Bachelor vs. Master) should collect additional
metrics to avoid coming to wrong conclusions.
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