Investigating effects of selecting challenging goals
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Abstract. Goal setting is a vital component of self-regulated learning. Numerous
studies show that selecting challenging goals has strong positive effects on per-
formance. We investigate the effect of support for goal setting in SQL-Tutor. The
experimental group had support for selecting challenging goals, while the control
group students could select goals freely. The experimental group achieved the
same learning outcomes as the control group, but by attempting and solving sig-
nificantly fewer, but more complex problems. Causal modelling revealed that the
experimental group students who selected more challenging goals were superior
in problem solving. We also found a significant improvement in self-reported
goal setting skills of the experimental group.
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1 Introduction

Self-Regulated Learning (SRL) is defined as an “active, constructive process whereby
learners set goals for their learning and then attempt to monitor, regulate, and control
their cognition, motivation and behavior guided and constrained by their goals and the
contextual features in the environment” (Zimmerman, 2011). The goal-setting theory
illustrates that setting difficult goals lead to higher performance (Locke & Latham,
1990, 2019). Many studies show the benefits of goal-setting activities (Latham & Yukl,
1975; Locke & Latham, 2002), the power of self-set goals (Locke, 2001), influence of
various strategies in goal attainment (Seijts at al., 2005; Masuda, 2015), and the effects
of goal commitment (Landers, 2017). Zimmerman (2002) reported that students who
set precise and actionable goals often reported higher self-awareness and had higher
achievements. As mentioned in a meta-review of achievement (Collins, 2004), meeting
a standard or goal is not enough; one should struggle for excellence. The goal-setting
theory discussed the greater effects of task-specific over non-task related goals (Latham
et al., 2012) and effects of selecting challenging goals (Latham et al., 2017).

Goal setting has been studied in various learning environments (Melis & Siekmann,
2004; Davis et al., 2016; Cicchinelli et al., 2018). In the context of AIED, relevant
research connects students’ goal-setting behavior with their motivation (Bernacki et al.,
2013; Carr et al., 2013; Duffy et al,. 2015). Crystal Island (Rowe et al., 2011) asks
students to solve a mystery by accomplishing eleven goals. Their results reveal that
students who achieved more goals significantly improved their learning performance.
In Meta-Tutor (Harley et al., 2017), four pedagogical agents support SRL via dialogs
with the student. The agents determine the student’s previous knowledge, and assist the



student in selecting goals. Evaluation of Meta-Tutor revealed that students who collab-
orated more with agents learnt more. This paper discusses the effects of selecting chal-
lenging goals on learning in the context of SQL-Tutor (Mitrovic, 2003).

2 Study Design and Procedure

We enhanced SQL-Tutor by adding support for all three phases of the Zimmerman’s
model (2003), but in this paper we focus on the forethought phase only. SQL-Tutor
contains over 300 problems, classified using 38 different problem templates (Mathews,
2006). A problem template covers a set of problems, which require the same problem-
solving strategy. The 38 problem templates are grouped into eight high-level goals. The
student is required to select a goal at the start of each session, and also after achieving
a goal. The system always suggests challenging goals. The student is free to select one
of the suggested goals, or any other goal.

We use a simple heuristic strategy to select a challenging goal for the student. At the
start, students complete a pre-test, with scores ranging from 0 to 9. The initial goal is
determined based on the student’s pre-test score, while for the subsequent ones, the
system considers both the pre-test score and the student’s current level (slevel). The
student level ranges from 1 to 9, and it is determined dynamically, based on the stu-
dent’s success during problem solving (Mitrovic, 2003). For example, if the student
scored 6 or more on the pre-test (i.e. the median score or higher), the challenging goal
should be 8. The goal-setting page shows the number of problems per goal, and the
number of problems the student has solved. The previously achieved goals are high-
lighted. If the student with a low pre-test score selects a very challenging goal, the sys-
tem would suggest an easier goal. To achieve a goal, the student needs to complete at
least half of the relevant problems, or solve the five most complex problems.

The SRL instrument used in the study was adopted from (Kizilcec et al., 2017). Out
of 24 questions, in this paper we only discuss the goal-setting subscale (4 questions).
We also added five self-efficacy questions from the Motivated Strategies for Learning
Questionnaire (Pintrich and De Groot, 1990). The survey used a five-point Likert scale,
ranging from “Not at all true for me” (1) to “Very true for me” (5).

The participants, volunteers from the second-year database course at the University
of Canterbury in 2020, were randomly allocated to the experimental (57) and control
group (42). After providing informed consent, the participants completed the pre-test
and Survey 1. The experimental group received support during goal setting, while the
control group participants selected foals freely. After selecting a goal, students could
choose any problem. The study lasted for four weeks. At the end of the study, students
completed the post-test of similar structure and complexity as the pre-test, and com-
pleted Survey 2 (which was identical to Survey 1).

We hypothesized that the experimental group would achieve higher learning out-
comes (H1). We formed a hypothesis for the experimental group: that selecting chal-
lenging goals would affect students’ learning positively (H2). Finally, we expected that
the support for goal setting would improve students’ goal-setting skills (H3).



3 Results

We compared the pre/post-test scores of participants who completed both tests (Table
1). There is no significant difference on pre-test scores of the control (59.88%, sd =
28.82) and experimental groups (55.56%, sd = 29.18). The experimental group im-
proved significantly from pre- to post-test (W = 298, p = .03), but the control group
students did not (p = .74). Comparing normalized gains revealed no significant differ-
ence. These results partially support hypothesis H1. The control group attempted/com-
pleted significantly more problems (Table 1). The experimental group completed sig-
nificantly more complex problems. These findings show that experimental group
achieved higher learning gains by completing fewer but more complex problems.

Table 1. Summary of major statistics: mean (sd)

Control (42) Experimental (57) Significance
Attempted Problems 92.98 (61.86) 57.46 (41.33) U=783,p=.003
Completed Problems 91.86 (61.33) 56.44 (41.09) U =783, p=.003
Problem Complexity 2.92 (0.96) 3.32(1.08) U = 1465.5, p =.057
Time (min) 360.19 (335.33) 296.71 (233.22) p=.58

We divided the experimental group post-hoc into three subgroups (Table 2). Four-
teen students always accepted the suggested goals (SG), 18 students worked on the
goals in the sequential order (SEQ), while the remaining 25 students used a mixed strat-
egy (Mix). We found no significant differences between the subgroups on the pre-/post-
test scores and time, but there were statistically significant differences on the number
of attempted goals (H = 8.12, p = .017), achieved goals (H = 10.13, p = .006), the
number of attempted/solved problems (H = 13.88, p = .001 and H = 14.41, p = .001
respectively), and problem complexity (H = 12.20, p = .002). The post-hoc analyses
revealed no significant differences between the SEQ and Mix groups. The SG subgroup
attempted significantly fewer goals in comparison to the SEQ (U = 55, p = .006) and
Mix groups (U = 94, p = .016), and achieved significantly fewer goals in comparison
to the Mix group (U =77, p =.003). The SG group also attempted/solved significantly
fewer problems in comparison to the SEQ (U = 44, p = .002 in both cases) and Mix
groups (U =74.5, p =.003 and U = 71, p = .002 respectively). However, the average
problem complexity of solved problems for the SG group was significantly higher in
comparison to the SEQ (U = 40.5, p =.001) and Mix (U = 77.5, p = .004) groups.

Table 2. Summary statistics for the three subgroups: mean (sd)

SEQ (18) Mix (25) SG (14)

Pre-test % 62.97 (27.75) 64.46 (24.01) 61.11 (33.98)
Post-Test % n=9, 64.21 (31.81) n=12, 77.78 (28.55) n=8, 69.45 (21.23)
Time (min) 346.17 (290.49) 283.36 (163.41) 257.0 (263.09)
Attempted goals 6.39 (2.62) 7.04 (1.14) 5.00 (2.18)
Achieved goals 4.72 (2.54) 3.60 (2.43) 1.64 (2.34)
Attempted Problems 78.28 (44.84) 58.96 (38.18) 28.0 (22.34)
Problem Solved 77.50 (44.23) 57.88 (38.02) 26.79 (21.92)

Problem Complexity 2.85 (.74) 3.11 (.86) 4.31 (1.20)




We analyzed the data using the structural equation model (Figure 1). We hypothe-
sized that the pre-test score and the number of attempted problems will have a positive
effect on learning. The variable labelled “Accepted goals” shows how many times stu-
dents accepted the sug-
gested goals. Because not
all students completed the
post-test, we use a differ-
ent measure of learning:
the highest achieved goal
(HAG). All path coeffi-
cients are significant at p
< .05 except PreTest ->
HAG, and the covariance
between Accepted Goals
and PreTest. There is a

Fig. 1. Multiple mediation model significant negative effect

of Accepted goals on At-
tempted problems. These findings suggest that (1) students who accepted system goals
tend to achieve higher goals (the confidence interval [.1345, .7074] does not include
zero), and (2) students who accepted suggested goals achieved higher goals (the confi-
dence interval [-.5903, -.1133]). Students with lower pre-test scores achieved higher
goals when they accepted system suggestion. These findings support H2.

To test hypothesis H3, we compared the scores from the two surveys. No differences
exist at the time of Survey 1 on goal setting and self-efficacy (SE). The goal-setting
scores of the experimental group improved significantly (z =-1.93, p = .05), but not in
the control group. There is a significant difference (z= -2.97, p < .005) on the goal-
setting scores on Survey 2. The SE scores differed both as a function of group and time.
At Survey 1, the experimental group had lower SE, but they increased at Survey 2 (z =
-1.57, p =.1) whereas the SE scores decreased for the control group (z =-1.86, p = .06).
These findings suggest that (a) students who complete the tasks in the absence of the
intervention) reported lower SE over time; and, (b) the goal-setting intervention may
lead to considerable gains in SE, especially for students who started with less confi-
dence. Although it is important to further establish these trends in future research, these
findings confirm our Hypothesis 3.

Attempted Problems

Accepted Goals

#1 Highest Achieved Goal

Table 4. Goal setting and self-efficacy scores: mean (sd)

Goal Setting Self-Efficacy
Exper. (21) Control (14) Exper. (21) Control (14)
Survey 1 3.56 (0.63) 3.39 (0.64) 3.38 (0.65) 3.5(0.66)
Survey 2 3.95 (0.65) 3.28 (0.65) 3.74 (0.65) 2.98 (0.67)

Our findings highlight the effects of setting challenging goals under realistic condi-
tions, in a study that lasted four weeks. The limitations of our study are the small sam-
ple size and the low completion rates for Survey 2 and post-test. The results are in line
with the goal-setting theory. In future work, we will investigate the effects of the inter-
vention on the monitoring and self-reflection SRL phases.
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