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A B S T R A C T   

Background: Most of the literature on the relation between mindset and effort depends on sub-
jective self-reports, which may not reliably capture the actual investment of effort. In the current 
study we (1) operationalized mental effort as the chosen and executed difficulty level in a self- 
adapted arithmetic task, and (2) combined variable-oriented and person-oriented analytic ap-
proaches, with the latter allowing us to explore qualitatively different profiles of effort 
investment. 
Methods: First-year Dutch high-school students (n = 299; aged 11–14 yrs) chose difficulty levels of 
arithmetic problems in 20 rounds. Linear Mixed Modeling (variable-oriented approach) and 
Latent-Profile Analysis (person-oriented approach) were used and associations with mindset, 
errors, gender, and school achievement (standardized arithmetic test, and math grades) were 
explored. 
Results: For male students, mindset affected their choices independently of errors, while for fe-
male students, mindset only played a role when they experienced the setback of errors. Only for 
males, effort mediated the relation between mindset and standardized arithmetic scores. Addi-
tionally, we identified five effort profiles: (1) Avoiders, (2) Exploring challengers, (3) Challengers, 
(4) Explorers and (5) Steady. Two profiles were more growth-oriented (2 and 3), and two more 
fixed-oriented (1 and 5). 
Conclusion: This study adds to the literature by demonstrating a gender-moderated relation be-
tween mindset and an objective measure of effort, but also important nuances as indicated by 
individual differences in effort strategies.   
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1. Introduction 

The investment of mental effort plays an important mediating role between motivational beliefs, such as mindset, and academic 
achievement; however, few studies have attempted to objectively measure the investment of mental effort, and most evidence is 
therefore based on subjective self-reports (Radl & Miller, 2021; Scheiter et al., 2020; Vu et al., 2021). From past research, we know 
there is considerable variation in how effort is valued amongst students: while some see learning tasks high in effort investment as 
undesirable, others interpret them as desirable difficulties (Bjork & Bjork, 2020) and therefore “embrace the pain” for future payoffs. 
People with growth mindsets (or incremental beliefs) believe that attributes like intelligence are malleable with effort, while people with 
fixed mindsets (or entity beliefs) belief that these attributes are unchangeable (Dweck, 2000). Here, we investigate differences in 
mindset (a.k.a. implicit ability beliefs) as one possible explanatory factor for individual variation in the investment of mental effort, 
objectively measured with a self-adapted arithmetic task. 

The relations between mindset, mental effort and academic achievement have been discussed within the theoretical framework of 
self-regulation (Burnette et al., 2013). Overall, people endorsing a growth mindset are characterized by adaptive self-regulation skills, 
such as setting learning goals instead of performance goals (goal setting), adopting more effortful mastery-oriented strategies instead of 
helpless-oriented strategies (goal operating), and focusing on future expectations of success rather than negative emotions (goal 
monitoring; Burnette et al., 2013). Importantly, differences between growth and fixed mindset are amplified by ego threat, which are 
threats to the self or to one’s ability, such as failure feedback, making mistakes, and other setbacks. These self-regulatory processes in 
turn influence academic achievement (Burnette et al., 2013). Taken together, students with a growth mindset have positive attitudes 
towards investing mental effort, and are less vulnerable when they experience setbacks during learning, resulting in higher academic 
achievement. 

In contrast to other self-regulatory skills, mastery-oriented strategies (part of goal operating) comprise actual behaviors that can 
directly influence learning and academic achievement, and are therefore promising targets to obtain a better understanding of how 
mindset affects achievement. Mastery-oriented strategies, which are more common in growth-minded students, have been described as 
an overall “hardy response” revealing persistence and tenacity (Dweck, 2000, p. 6). In the meta-analysis by Burnette et al. (2013), 
including 22 articles, a diverse set of operationalizations of mastery-oriented strategies can be found: e.g., choosing a remedial course, 
deep-processing strategy use, preference for difficult questions, practice time. The investment of mental effort seems to be inherent to 
these various operationalizations, as they all involve increased amounts of cognitive resources allocated to achieve a goal (Kool & 
Botvinick, 2018; Scheiter et al., 2020). 

However, many of those operationalizations of effort included in Burnette et al. (2013) have limitations, such as the overreliance on 
subjective self-report measures (~60%), in many cases retrospectively, which may not reliably capture the actual investment of mental 
effort. Moreover, students may subjectively interpret effort as a cue that indicates a lack of ability (Baars et al., 2020), which therefore 
might have a very different relationship with achievement than objective effort measures (Vu et al., 2021). The few studies that focus 
on more objective, observable behavior, typically ask about intentions (e.g., ‘How likely are you to take a remedial English course’; 
Hong et al., 1999), rather than execution, or only focus on the quantity of mental effort (e.g., number of exercises and practice time; 
Burns & Isbell, 2007; Cury et al., 2008), rather than more qualitative aspects (e.g., strategy). In the extended motivation literature, 

Fig. 1. Operationalizations of mastery-oriented strategies and their relation to mental effort. Note. The mediating effects of the three self-regulatory 
processes on the relation between mindset and achievement are described in Burnette at al. (2013). The gray boxes are addressed in the cur-
rent study. 
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there is more evidence for associations between qualitative measures of effort and achievement, than between quantitative measures 
and achievement (Vu et al., 2021). See Fig. 1 for an overview of the different operationalizations of mastery-oriented strategies (i.e., 
effort). 

In the current study, we therefore operationalized mental effort objectively, as the chosen and executed difficulty level in a self- 
adapted arithmetic task. In line with Beck (1990), we consider preference for difficulty level as a basic index of effort. With this 
task we investigated the willingness to invest effort in a school subject, arithmetic, which according to popular beliefs is linked to ‘raw’ 
or ‘innate’ abilities (Leslie et al., 2015), and may therefore be especially sensitive for effects of mindset.  

1) We hypothesized, based on the previous literature (Burnette et al., 2013), that adolescents who endorse a growth mindset will 
invest more effort in the arithmetic task. This would be reflected in their choice of higher difficulty levels than their baseline 
arithmetic ability, compared to those with a fixed mindset.  

2) Considering the importance of ego threat in amplifying the differences between growth and fixed mindset (Burnette et al., 2013), 
we predicted errors during the arithmetic task to result in a preference for lower difficulty levels in the next round, especially for 
students endorsing a fixed mindset. This effect was expected to be stronger for females, as they tend to attribute failures to lack of 
ability more often than males, especially in STEM subjects, which in turn affects their persistence and motivation after failure 
(Dweck & Bush, 1976; Meece et al., 2006; Mok et al., 2011).  

3) We hypothesized that effort mediates the relationship between mindset and school achievement; we expected that students with a 
growth mindset choose higher difficulty levels during the arithmetic task (more mental effort), indirectly reflecting mastery- 
oriented strategies used in school, which in turn relates to better school achievement. We used two achievement measures, one 
being more proximal to the self-adapted arithmetic task (a standardized arithmetic test, which is commonly used in schools), and 
one being more distal to the experimental task (cumulative math grade) to explore generalization to other STEM domains.  

In addition to examining relations among variables (variable-oriented approach), we aimed to identify sub-groups of students 
based on their similarities on a set of variables (person-oriented approach). A person-oriented approach is useful for further charac-
terizing qualitatively different effort strategies during the arithmetic task, taking into account individual differences. This data-driven 
method is usually based on Latent Profile Analysis (LPA), and was recently applied to motivational questionnaire data, demonstrating 
both expected and unexpected combinations of mindsets and goal orientations (Yu & McLellan, 2020). In a relevant study outside the 
mindset literature, Revuelta (2004) used a person-oriented approach in combination with a self-adapted vocabulary test to investigate 
choice strategies, which can be seen as an operationalization of effort. Participants were free to choose difficulty levels (20 choices), 
and LPA resulted in four different choice strategies: flexible, rigid, flexible and rigid, and failure-tolerant, which varied in how par-
ticipants changed the difficulty level in response to correct and incorrect responses.  

In the current study, LPA can uncover unexpected subgroups that may complement variable-oriented approaches, similarly 
contributing to further theoretical refinement as the study by Yu and McLellan (2020). We applied LPA to identify subgroups of 
participants that used different choice strategies during the self-adapted arithmetic task, similar to Revuelta (2004), and explored their 
relationships with mindset and academic achievement.  

4) We expected profiles of adolescents choosing either above or below their ability level, but we also anticipated other profiles, such as 
adolescents with rigid or flexible strategies as found in Revuelta (2004). We expected growth mindset and higher academic 
achievement to be more strongly related to choice strategies that require more mental effort (e.g., above baseline, flexible) 
compared to fixed mindset and lower academic achievement (e.g., below baseline, rigid). 

2. Methods 

2.1. Transparency and openness 

We report how we determined our sample size, all data exclusions, all manipulations, and all measures in the study, and we follow 
JARS (Kazak, 2018). Data and analysis code for this study are available by emailing the corresponding author. Data were analyzed 
using SPSS 26.0 (IBM Corp, 2019) and Mplus Version 8.6 (Muthén & Muthén, 2017). 

2.2. Participants 

The total sample consisted of 299 students aged between 11 and 14 years (M = 12.42, SD = 0.55). On average, 10.31 students 
participated in each of the 29 classrooms (~30 % of eligible students). Forty-six percent of the students self-identified as female. 
Students were recruited from five secondary schools in the Amsterdam region, during the first year of senior general secondary ed-
ucation or pre-university education.2 These are the two upper tracks in the Dutch tracked secondary school system (in addition to three 
tracks of vocational education). Sixty-five percent of students were in classes that did not yet differentiate between the two upper 
tracks, while the remaining 35 % students were in a pre-university track. This study was conducted in accordance with the Declaration 

2 Dutch abbreviations: HAVO and VWO, respectively. 
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of Helsinki and was approved by the local ethics committee (VCWE-S-17–179). 
The required sample size was estimated based on a standard design (linear multiple regression), and post-hoc it was determined 

whether this sample size was sufficient for a linear mixed model, based on intracluster correlation (ICC) at the class level (Hsieh et al., 
2003; Snijders, 2005). Based on an a-priori power analysis (G*Power; Faul et al., 2007) with a linear multiple regression design (8 
predictors), using an expected effect size of f2 = 0.15 (medium), α error probability 0.05 and power 0.95, we needed a total sample size 
of N = 160. To account for potential ICC at the class level, which can reduce the effective N, we planned to include as many partic-
ipants as possible to increase power. However, the ICC turned out to be very low (0.0009), see Data Analyses, and therefore had a 
negligible effect on statistical power. 

2.3. Procedure 

This study focuses on the first measurement wave of a larger longitudinal study with three waves. Students were recruited by 
contacting secondary schools in the region of Amsterdam. Researchers visited parent-teacher evenings to inform parents about the 
study. After that, students received information and active consent letters from the researchers. They were asked to indicate, either 
digitally or via letterbox mail, whether they were interested to participate or not. Participants only received a very general description 
of the study, namely that it was focused on ‘motivation in school’, making it unlikely that self-selection took place based on the 
arithmetic task. 

After both parents and students gave their consent, researchers visited the school. Students performed two computerized tasks 
individually in small groups (groups with a maximum of 6 participants), which took about 60 min. They started with the arithmetic 
task that is reported here, followed by an explore-exploit paradigm that is not part of the current study. Before each task, instructions 
were given orally to the small groups. After the computerized tasks, the parents of participating students received a link to the student’s 
questionnaire, which they opened for their children to fill in at home. This took approximately another 45 min. 

2.4. Questionnaires and academic achievement 

2.4.1. Mindset 
Mindset was measured using the revised self-theory scale designed by De Castella and Byrne (2015), see Appendix A. This ques-

tionnaire consists of eight items. Each item was scored on a Likert scale from 1 (strongly disagree) to 6 (strongly agree). The scores on 
the four fixed mindset items were reversed and added to the scores of the four growth mindset items to create one mindset scale (van 
Aalderen-Smeets et al., 2019), ranging between 8 and 48. Higher scores reflect greater growth mindset endorsement. An example item 
for fixed mindset is: “I don’t think I personally can do much to increase my intelligence”. An example item for growth mindset is: “I believe I 
can always substantially improve on my intelligence”. Internal consistency was acceptable (α = 0.93). 

2.4.2. Academic achievement 

2.4.2.1. Standardized arithmetic test (TTA). We used the standardized TempoTest Automation (TTA) of basic arithmetic ability (de 
Vos, 2010) as a more proximal academic achievement measure. The TTA consists of worksheets, each containing 50 operations (either 
addition, subtraction, multiplication or division). Students were instructed to mentally calculate as many operations as possible within 
2 min per worksheet. Only the total number of correctly answered problems for the addition worksheet, ranging between 1 and 50, was 
used as academic achievement measure, as it most closely resembles the self-adapted arithmetic task (see next section), which also 
involved addition problems. The reliability of the TTA is high (0.92), as reported by Janssen et al. (2010). We removed three extreme 
statistical outliers (>3 SD), of which two were also flagged, because of protocol violations. 

2.4.2.2. Math grade. We used students’ cumulatively averaged math grade, retrieved from their schools, as a more distal academic 
outcome measure to explore generalization to other STEM subjects. Students’ math grades were retrieved in the period around stu-
dent’s completion of the. 

questionnaires. The grade scale in The Netherlands ranges from 1 (lowest) to 10 (highest). 

Table 1 
Difficulty levels in the arithmetic task.  

Difficulty Level Range numbers 

Level 1 1–3 
Level 2 3–9 
Level 3 7–15 
Level 4 7–25 
Level 5 7–35 

Note. Students were presented with three numbers, 
randomly drawn from the range of the chosen difficulty 
level. 
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2.5. Stimuli and task 

For the self-adapted arithmetic task we used an adjusted version of the Math Effort Task (MET) developed by Engle-Friedman et al. 
(2003), programmed in OpenSesame (Mathôt et al., 2012). In this task, students were presented with three numbers, which were 
presented for 800 ms each in a sequence, and which they were instructed to sum up. After the last number, students had five seconds to 
type in their answer. The task started with (1) two practice problems, followed by a (2) baseline round, and (3) twenty choice rounds. 

The goal of the baseline round was to estimate a student’s baseline ability (B), which was used to control for differences in arithmetic 
ability in later statistical analyses. To estimate B, three problems of each of the five difficulty levels were presented (fifteen in total), but 
no performance feedback was given. Participants were made explicitly aware of the different difficulty levels in accordance with  
Table 1; however, they were told that it was a practice round, to reduce possible confounding effects of stress induction. The number of 
correct answers (ranging between 0 and 15) was divided by three, in order to fit to the same scale as the chosen difficulty levels (1− 5) 
later in the experiment. For example, all fifteen correct corresponds to B at difficulty level 5, while seven correct corresponds to B at 
difficulty level 2.3. This was important to take into account, because a chosen difficulty level can be considered as a challenge (and 
more effortful), only relative to someone’s ability (e.g., having a B of 2 and choosing level 3 is challenging, while having a B of 4 and 
choosing level 3 is less challenging). B was positively related to the standardized arithmetic test (TTA), r(293) = 0.630, p < .001, and 
math grade, r(296) = 0.286, p < .001, demonstrating its concurrent validity. 

After the baseline round, the choice rounds started. There were 20 rounds with three problems each, resulting in 60 problems in 
total. Before each round, participants could choose their own preferred difficulty level (chosen difficulty level), by pressing the cor-
responding number on a keyboard. After each choice, the problems were presented at difficulty levels in accordance with Table 1. 
Numbers were selected randomly from the range associated with each level. Performance feedback was given during the choice rounds 
after each problem by presenting either a correct or incorrect symbol. 

2.6. Data analyses 

2.6.1. Variable-oriented approach 
A Linear Mixed Model approach was used in SPSS 26.0 (IBM Corp, 2019) to account for nested data, with Maximum Likelihood 

(ML) as estimation method. The dependent variable was the chosen difficulty level (a.k.a. Choice) for rounds 2–20 (19 repeated 
measures). The first round was excluded, because we were interested in the number of errors in the previous round as time-varying 
predictor. First, we specified a random intercept model (no predictors) with three levels (repeated measures, student, class), in 
order to assess whether clustering at the class level was present, and whether it should be taken into account in the analysis. The Intra 
Class Correlation (ICC) was.0009, meaning that less than 1 % of the variance in the outcome measure was at the class level. Based on 
the ICC and average cluster size of 10.31, the design effect (1 +(n − 1)*ICC)) was calculated to be 1.082 (<2; Muthen & Satorra, 1995), 
and therefore it was decided not to include class in the multilevel model and proceed with a more parsimonious two-level model (Level 
1: repeated measures; Level 2: student). 

We used a first order autoregressive (AR1) covariance structure for the repeated measures, which provided a better fit compared to 
other covariance structures, while also being a reasonable approach for many repeated measures, and parsimonious with two pa-
rameters. Subsequently, the following predictors were added to the model as fixed effects (Model 1): baseline ability (grand mean 
centered), gender, rounds (2− 20), number of errors (previous round), and mindset (grand mean centered). Finally, the interactions 
were added (Model 2): gender*mindset, errors*mindset, errors*gender, gender*mindset*errors. As random effect we included in-
tercepts for students at Level 2. We used a p-value of < 0.05 as indicator of significance. Significant interactions were plotted based on 
Estimated Marginal Means for different values of covariates, to help with interpreting the effects. 

Associations with academic achievement were analysed with the PROCESS (version 3.5.3) plugin for SPSS (Hayes, 2018). 
Moderated mediation analyses were performed with academic achievement (either TTA or math grade) (Y). For each analysis, mindset 
was the predictor (X), and mean chosen difficulty level was the mediator (M) representing mental effort. Gender was included as 
moderator (W) for the relationship between X and M (path a), and baseline ability was included as covariate in all analyses to control 
for confounding effects of arithmetic ability. Indirect effects were evaluated based on 95% confidence intervals constructed using a 
bootstrapping procedure with 5000 samples, where a confidence interval entirely above or below zero demonstrates a significant 
effect. Unstandardized regression coefficients (b) are reported. 

2.6.2. Person-oriented approach 
Although we expected to find some common choice patterns as Revuelta (2004), the person-oriented approach was mostly 

exploratory. Latent profile analysis (LPA) was conducted in MPlus (version 8.6; Muthén & Muthén, 2017). Based on observing the 299 
individual choice patterns, see Appendix B, five indicator variables were identified to capture the most important quantifiable vari-
ations in baseline and choice patterns: baseline ability (B), standard deviation of the 20 choices (SD-C), percentage of choices below B 
(BELOW: < − 0.5), percentage of choices at B (AT: between − 0.5 and +0.5), percentage of choices above B (ABOVE: > 0.5). The cutoffs 
for BELOW, AT, and ABOVE resulted in approximately similar average percentages across the participants (32 %, 29 %, 32 %). All 
indicator variables were converted to z-scores. 

To determine the best fitting LPA model, solutions with one to eight profiles were explored on several fit metrics: log likelihood, 
Akaike’s Information Criterion (AIC), Bayesian Information Criterion (BIC), Sample-Adjusted BIC (SABIC), entropy, smallest class %, 
Lo, Mendell, and Rubin (LMR) test, and bootstrap likelihood ratio test (BLRT). In line with Ferguson et al. (2020), model retention 
decisions were based on a wide range of fit metrics and interpretability of profiles. For the retained model, differences between profiles 
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on mindset, academic achievement (TTA, math grade), and gender were investigated with the BCH method (Bolck et al., 2004), which 
accounts for individual uncertainty in profile classification. 

3. Results 

3.1. Variable-oriented approach 

3.1.1. Descriptive statistics 
Fig. 2 shows the average baseline ability (B) and chosen difficulty levels during the Math Effort Task (MET), with separate lines for 

fixed and growth mindset groups (based on median split, only for visualization purposes). Baseline ability was not significantly related 
to mindset, r (297) = 0.039, p = .497. In contrast, the average chosen difficulty level of rounds 1–20 was significantly correlated with 
mindset, while controlling for baseline ability, partial r (296) = 0.232, p < .001. 

3.1.2. Linear mixed model 
A Linear Mixed Model was used to test the hypotheses for the variable-oriented approach. The dependent variable was the chosen 

difficulty level (a.k.a. Choice) for rounds 2–20 (19 repeated measures). Independent variables were Baseline ability, Gender, Errors 
(prior round: time-varying predictor), and Mindset. We removed the non-significant predictor Round, β = 0.00, t (1359.78) = 1.170, 
p = .242, as it did not contribute to the fit of the overall model. This is illustrated in Fig. 2, which does not show a linear effect of 
Rounds on Choice. See Table 2 for the results of the final models. 

First, we tested only the main effects (Model 1). There was a main effect of Baseline ability (p < .001), with the positive slope 
indicating that for a one-unit increase in Baseline ability, the expected value of Choice increases with 0.43. Other main effects were 
significant as well (Gender, Errors, and Mindset), indicating that (1) female students chose lower difficulty levels, (2) higher number of 
errors in the previous round were related to choosing lower difficulty levels in the next round, and (3) students endorsing more of a 
growth mindset chose higher difficulty levels. 

Subsequently, we added the interaction effects to the model (Model 2). Three predictors (Gender, Errors, and Mindset) were also 
implicated in a two-way (Gender*Mindset) and three-way interaction (Gender*Mindset*Errors). The interaction Gender*Mindset 
(p = .008) indicated that for male students, there was a stronger positive relation between growth mindset endorsement and chosen 
difficulty level, than for female students. In other words, male students who more strongly endorsed a growth mindset invested more 
effort during the MET as reflected in choosing higher difficulty levels. 

Fig. 3 shows the estimated marginal means for the three-way interaction, Gender*Mindset*Errors (p = .026). Although both males 
and females chose lower difficulty levels when they made more errors in the previous round, only for female students, this relation was 
moderated by mindset. In other words, female students with less growth mindset endorsement (more fixed), were inclined to choose 
lower difficulty levels when more errors were committed in the previous round. Another way to describe these findings, is that for male 
students, mindset affected their choices independently of errors, while for female students, mindset only played a role when they 
experienced the setback of errors. Interestingly, gender differences were only apparent in the associations between mindset and 
variables of interest in this study, as there were no group differences in growth mindset endorsement, males: mean = 35.2; females: 
mean = 35.00, F (1, 297) = 0.12, p = .734. 

Fig. 2. Baseline ability (B) and chosen difficulty level (on a scale from 1 to 5) over time (rounds 1–20) Note. The median split resulting in the Fixed and 
Growth mindset groups is only for visualisation purposes. X-axis shows the sequential rounds in the task, starting with the baseline ability (B) round, 
and continuing with the twenty choice rounds (1− 20), where students could choose their preferred difficulty levels. B depicts the students’ baseline 
ability on the same scale as the choice rounds (1− 20), between 0 and 5. Chosen difficulty levels above B are interpreted as challenging (more effort 
investment), while choices below B are seen as less challenging (less effort investment). 
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3.1.3. Associations with academic achievement 
Fig. 4 gives an overview of the two moderated mediation models. In line with the linear mixed model results, gender moderated the 

relationship between mindset and mean chosen difficulty level, F(1293) = 4.92, p = .03, demonstrating a significant path a for males, 
b = 0.04, t(161) = 4.58, p < .001, but not for females, b = 0.01, t(135) = 1.07, p = .286. There was a direct relationship (path c’) 

Table 2 
Linear mixed model outcomes.   

Model 1 Model 2 

Fixed effects β (SE) t (df) p-value β (SE) t (df) p-value 

Intercept 3.48 (0.05) 63.48 (319.21) < 0.001 3.48 (0.06) 63.13 (336.73) < 0.001 
Baseline ability 0.43 (0.05) 8.68 (299.18) < 0.001 0.42 (0.05) 8.42 (298.80) < 0.001 
Gender -0.29 (0.08) -3.63 (297.71) < 0.001 -0.30 (0.08) -3.61 (335.78) < 0.001 
Errors -0.18 (0.01) -14.88 (4920.10) < 0.001 -0.19 (0.02) -11.22 (4907.67) < 0.001 
Mindset 0.03 (0.01) 4.20 (297.75) < 0.001 0.04 (0.01) 4.76 (334.87) < 0.001 
Gender*Mindset    -0.04 (0.01) -2.69 (331.86) 0.008 
Errors*Mindset    0.00 (0.00) -1.01 (4794.88) 0.315 
Errors*Gender    0.00 (0.02) 0.10 (4940.04) 0.923 
Gender*Mindset*Errors    0.01 (0.00) 2.23 (4873.50) 0.026 

Note. β = regression coefficient (estimate), SE = standard error, df = degrees of freedom; Gender: males (0), Females (1) 

Fig. 3. Gender*Mindset*Errors interaction for chosen difficulty level Note. Estimated marginal means of Choice, separately for Males and Females, 
darker lines represent more errors. Covariates evaluated at: mean Baseline ability, for different number of Errors, at different levels of Mindset (from 
left to right: increasing growth mindset endorsement); error bars represent 95 % CI. 
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Fig. 4. Moderated mediation analyses with academic achievement measures (TTA and math grade) Note. Moderated mediation analyses for two aca-
demic achievement measures: the more proximal TTA (A) and the more distal math grade (B). X = independent variable, Y = dependent variable, M 
= mediator, W = moderator; mean chosen difficulty level represents effort; baseline ability was a covariate in all mediation analyses; * p < .05, ** 
< 0.01, *** <0.001; path c’ = direct effect; numbers are beta values. 

Table 3 
LPA Model Fit Summary.  

Model Log 
likelihood 

AIC BIC SABIC Entropy Smallest class 
% 

LMR p- 
value 

LMR 
meaning 

BLRT p- 
value 

BLRT 
meaning 

1 -2118.80  4257.59  4294.60  4262.88         
2 -1944.67  3921.35  3980.56  3929.81  0.94  29.77 < 0.001 2 > 1 < 0.001 2 > 1 
3 -1721.06  3486.13  3567.54  3497.77  0.94  30.10 < 0.001 3 > 2 < 0.001 3 > 2 
4 -1591.40  3238.80  3342.41  3253.61  0.94  17.73 < 0.001 4 > 3 < 0.001 4 > 3 
5 -1500.32  3068.64  3194.46  3086.63  0.94  16.39 0.057 5 > 4 < 0.001 5 > 4 
6 -1433.36  2946.72  3094.73  2967.88  0.93  15.38 0.248 6 < 5 < 0.001 6 > 5 
7 -1360.99  2813.98  2984.20  2838.32  0.95  12.37 0.109 7 < 6 < 0.001 7 > 6 
8 -1311.20  2726.39  2918.81  2753.90  0.95  9.03 0.283 8 < 7 < 0.001 8 > 7 

Note. n = 299; The LMR test and the BLRT compare the current model to a model with k-1 profiles. LPA = latent profile analysis; AIC = Akaike’s 
Information Criterion; BIC = Bayesian Information Criterion; SABIC = Sample-Adjusted BIC; LMR = Lo-Mendell Ruben; BLRT = bootstrap likelihood 
ratio test. 
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between mindset and math grade, b = 0.03, t(297) = 2.61, p = .010, but not between mindset and TTA, b = − 0.02, t(294) = − 0.61, 
p = .543. Endorsing a growth mindset was associated with higher math grades. With respect to path b, mean chosen difficulty level was 
significantly related to TTA, b = 1.23, t(294) = 4.50, p < .001, while mean chosen difficulty level was not significantly related to math 
grade, b = 0.08, t(297) = 0.88, p = .377. There was a significant indirect effect (path a*b) of mindset on TTA through mean chosen 
difficulty level, only for males, b = 0.05, Bootstrap CI95[0.02, 0.08], but not for females, b = 0.01, Bootstrap CI95[− 0.01, 0.04]. The 
index of moderated mediation (difference between conditional indirect effects) was significant with − 0.04, Bootstrap CI95[− 0.075, 
− 0.003]. 

3.2. Person-oriented approach 

3.2.1. LPA model fitting 
To determine the best fitting LPA model, solutions with one to eight profiles were explored, see Table 3 for a summary of all fit 

metrics. In line with Ferguson et al. (2020), a holistic approach was used to support model retention decisions, utilizing both a wide 
range of fit metrics and interpretability of profiles. Based on elbow plots of the Log likelihood, AIC, BIC and SABIC, models four and five 
were in between large increases in model fit (models 1–3) and flattening of model fit (models 6–8). The LMR test was significant for 
model four (p < .001), which means the four-profile model is a better representation than the three-profile model. Again, the LMR test 
was near-significant (p = .057) for the five-profile model, hinting at an even better fit for model five compared to model four. For both 
of these models, entropy was high ( > 0.80), BLRT was significant (p < .001), and the smallest profile included more than 5% of the 
sample. To decide between models four and five, the estimated means were plotted. Model 5 showed an interesting fifth profile 
(n = 51) that combined characteristics of two other profiles, which was in line with observed variability in the raw data (see 
Appendix B), and therefore deemed interpretable. Integrating the various considerations, the five-profile model was retained for 
further analysis. 

3.2.2. LPA retained model: profile characterization 
The five profiles were labelled as (1) Avoiders, (2) Exploring challengers, (3) Challengers, (4) Explorers, and (5) Steady, see Table 4 

and Fig. 5 for the estimated means and profile sample sizes, and Fig. 6 for individual examples for each profile. First, the Avoiders (16% 
of total sample) were inclined to mainly choose difficulty levels below their own baseline ability level, but also to have relatively higher 
baseline ability levels. In contrast, the Challengers (18%) were inclined to choose mainly above their own baseline ability level, but also 
to have relatively lower baseline ability levels. Another distinct profile, the Steady (24%), comprised students that were inclined to 
choose difficulty levels close to their own baseline ability level. The Explorers (24%) were characterized by a high standard deviation in 
their choices, in other words meaning that they explored more difficulty levels during the task. Most of their choices were below or 
close to their own baseline ability level. Lastly, the Exploring challengers (17%) were a mix of profiles 4 (Explorers) and 3 (Challengers), 
showing the second highest standard deviation in choices, while most of their choices were above or close to their own baseline ability 
level. The latter characteristic contrasts with Profile 4 (Explorers), who tended to choose lower difficulty levels. 

3.2.3. LPA covariate analyses 
Differences between profiles on mindset, academic achievement (TTA, math grade), and gender were investigated with the BCH 

method, which accounts for individual uncertainty in profile classification. See Table 5 for the results and the omnibus tests. There 
were significant differences between profiles on mindset and gender distribution, but no significant differences on TTA and math 
grade. The Challengers and Exploring Challengers endorsed a growth mindset more when compared to the Avoiders, χ2(1) = 6.92, 
p = .009, and, χ2(1) = 8.11, p = .004, respectively. To a lesser extent, these findings were repeated when compared to the Steady, 
although near-significantly for the Challengers, χ2(1) = 3.78, p = .052, while significantly for the Exploring Challengers, χ2(1) = 4.62, 
p = .032. Lastly, there were more males in the Challengers compared to the Avoiders profile. 

4. Discussion 

Effort is hypothesized to play a pivotal role in how mindset (a.k.a. implicit ability beliefs) impacts academic achievement. However, 

Table 4 
Five-Profile Model Results.   

Profile 1 Profile 2 Profile 3 Profile 4 Profile 5  
Avoiders Exploring challengers Challengers Explorers Steady 

Variable n = 49 n = 51 n = 55 n = 73 n = 71 

Baseline ability level (B)  3.61  3.00  2.64  3.34  3.26 
Standard deviation choices (SD-C)  0.62  0.88  0.59  1.02  0.46 
Percentage below B (BELOW)  87.35  11.43  1.86  48.29  10.05 
Percentage at B (AT)  10.32  35.74  8.16  34.91  79.32 
Percentage above B (ABOVE)  2.36  52.70  90.02  16.77  10.58 

Note. Highest values are given in boldface. Mean z-scores were transformed to the original scales to facilitate interpretation. AT is between + 0.5 and – 
0.5 around B, while BELOW is < − 0.5 and ABOVE is > 0.5. SD-C is the standard deviation of the 20 chosen difficulty levels (between 1 and 5), 
representing the variation in choice behavior during the task. 
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most of the literature on the relation between mindset and effort depends on subjective self-reports, which may not reliably capture the 
actual investment of effort, while the few objective measures of effort are mostly limited to intentions rather than execution, or focus 
on quantitative rather than qualitative aspects. To address these limitations, in the current study we operationalized mental effort 
objectively, as the chosen and executed difficulty level in a self-adapted arithmetic task. In addition to examining relations among 
variables (variable-oriented approach), we aimed to identify sub-groups of students based on their similarities on a set of variables 
(person-oriented approach). A person-oriented approach is useful for further characterizing qualitatively different effort strategies 
during the arithmetic task, taking into account individual differences. 

With regard to the variable-oriented approach, our main result confirms and extends on existing literature (Burnette et al., 2013), 
by demonstrating a robust relationship between mindset and an objective measure of effort investment in an educationally relevant 
self-adapted arithmetic task. Students endorsing a growth mindset chose more difficult arithmetic levels, irrespective of baseline 
arithmetic ability. Partly in line with our hypotheses, the relation between mindset and effort was moderated by gender and errors: for 
male students, mindset affected their choices independently of errors, while for female students, mindset only played a role when faced 
with the setback of errors. These findings reveal a stronger gender difference than expected. We hypothesized an interaction between 
mindset and errors on effort for both genders, considering the importance of ego threat in amplifying the differences between growth 
and fixed mindset (Burnette et al., 2013), but a stronger effect for females. Notable is that we only found gender effects in associations 
between mindset and variables of interest, as no differences were found in average growth mindset endorsement between males and 
females. 

These striking gender effects are relatively novel, as the literature has been inconclusive to this respect (Burnette et al., 2013; de 
Kraker-Pauw et al., 2020), which may be a consequence of an overreliance on subjective self-reports. Objective behavioral measures 
could be more sensitive in capturing such gender effects. However, our findings were not fully unexpected, considering several studies 
that demonstrated gender differences in attribution styles: females tend to attribute failures to lack of ability more often than males, 
which in turn affects their persistence and motivation after failure (Dweck & Bush, 1976; Meece et al., 2006; Mok et al., 2011). These 
different attribution styles seem to be partly rooted in different types of praise and feedback females receive from parents and teachers. 
For instance, girls receive less process praise from parents compared to boys in early childhood (Gunderson et al., 2013). Process praise 
emphasizes the role of effort, strategies, and actions, which indirectly signals the malleable nature of abilities – meaning that girls 
receive less encouragement to adopt a growth mindset framework. Teachers also may influence attribution styles by providing girls 
more often with negative feedback contingent on intellectual aspects of their work, in other words feedback focused on the person, 
signaling a fixed-mindset message (Dweck et al., 1978). These dynamics are especially relevant for STEM subjects, like arithmetic, 
where females are considered less capable (Law et al., 2021). 

Another interesting perspective on gender differences in effort investment comes from the self-handicapping literature (McCrea 
et al., 2008). In their study, McCrea et al. (2008) found that women valued effort more than men, and were therefore less inclined to 
engage in self-handicapping behavior (reduced practice effort) than men after an ego-threat (upcoming intelligence test), because this 
would be inconsistent with their beliefs. These findings seem to be partly inconsistent with the current study. Based on the 
self-handicapping literature, one would expect especially males to reduce effort investment by choosing lower difficulty levels - as a 

Fig. 5. Line graph comparing the five retained profiles on indicator variables in z-score format Note. Baseline ability level (B), Standard deviation choices 
(SD-C), Percentage below B (BELOW), Percentage at B (AT), Percentage above B (ABOVE). AT is between − 0.5 and + 0.5 around B, while BELOW is 
< − 0.5 and ABOVE is > 0.5. SD-C is the standard deviation of the 20 chosen difficulty levels (between 1 and 5), representing the variation in choice 
behavior during the task. 
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form of behavioral self-handicapping - after being faced with the setback of errors. However, the two-way interaction between gender 
and errors was non-significant. The three-way interaction between mindset, gender and errors, did show that for males there is a 
consistent relationship between committing errors and subsequent reductions in effort, irrespective of mindset, while for females this 
relationship becomes only apparent for those endorsing a fixed mindset. This may suggest that for males this tendency for behavioural 
self-handicapping is more pervasive. There are notable differences between the current study and McCrea et al. (2008), in timing 
(seconds versus minutes to decide on effort investment), frequency (twenty choices versus one) and intensity of ego-threat (lower 
versus higher stakes), which are interesting avenues to further explore. 

As discussed, effort is suggested to be an important mediating factor between mindset and school performance; therefore, we 
explored associations with more proximal (TTA: standardized arithmetic test) and more distal (math grade) academic achievement 
outcomes. We confirmed one of the two hypotheses: chosen difficulty level (effort) mediated the relation between mindset and TTA, 
but only for males, while controlling for baseline ability level. In other words, males endorsing a growth mindset were more likely to 

Fig. 6. Five-profile model: individual examples of choice patterns for each profile Note. Individual examples of choice patterns for each of the five 
profiles, selected based on high probability of group membership (posterior probability = 1.0) and resemblance to the indicator variables as shown 
in Table 4. X-axis shows the sequential rounds in the task, starting with the baseline ability (B) round. Students’ baseline ability is also shown as the 
grey dotted line. Chosen difficulty levels above B are interpreted as challenging (more effort investment), while choices below B are seen as less 
challenging (less effort investment). 
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invest effort in the arithmetic task, which in turn was related to better performance on the standardized arithmetic test. These findings 
did not generalize to math grades, which were more distal to the experimental self-adapted arithmetic task, showing the importance of 
alignment between experimental task and external outcomes. 

With regard to the person-oriented approach, we identified five profiles, encompassing both hypothesized and unexpected profiles: 
(1) Avoiders (choices are mainly below baseline ability level), (2) Exploring challengers (high variation in choices, mainly at or above 
baseline ability level), (3) Challengers (choices are mainly above baseline ability level), (4) Explorers (high variation in choices, mainly 
below or at baseline ability level) and (5) Steady (choices mainly close to baseline ability level, little variation). In addition, Avoiders 
distinguished themselves from other profiles with a higher baseline ability level. Despite several methodological differences, Revuelta 
et al. (2004) identified similar choice patterns, such as the Rigid (corresponding to the Steady in our study), the Flexible (corre-
sponding to the Exploring challengers and Explorers in our study) and the Failure-tolerant (corresponding to the Challengers). A 
difference with our study, is that Revuelta et al. (2004) used six indicator variables based on difficulty level change (easier, equal, 
harder compared to previous round) dependent on the previous performance (correct, incorrect). This approach was not feasible in the 
current study with four performance levels (0, 1, 2 or 3 incorrect), which would result in too many indicator variables (twelve) for LPA. 
On a more general level, our findings indicated that two profiles reported more growth mindset endorsement and exhibited more 
effortful choices, the Challengers and Exploring challengers, while two profiles reported less growth mindset endorsement and 
exhibited less effortful choices in line with a fixed mindset, the Avoiders and Steady, while one profile was positioned in between fixed 
and growth, the Explorers. 

We identified one unexpected profile in the five-profile solution, the Exploring challengers, which was not identified in Revuelta 
et al. (2004). While our four-profile solution contained only one profile characterized by large variation in chosen difficulty levels, in 
the five-profile solution this profile was split in two substantially different profiles: the Explorers and Exploring challengers. The main 
difference between the two was whether the varied choices were below/at (Explorers) or above/at (Exploring challengers) a student’s 
baseline ability level. The exploring challengers choice strategy may reflect higher cognitive flexibility, with an inclination to explore 
alternative challenging difficulty levels while adapting to the new situation. Cognitive flexibility in an online learning environment has 
been recently studied in relation to growth mindset (Tseng et al., 2020), and more generally, can be related to the use of adaptive 
self-regulation skills (Burnette et al., 2013), such as exploring different learning strategies. 

The variable-oriented and person-oriented approaches complement each other, with their own strengths and weaknesses. First, the 
variable-oriented approach is more hypothesis-driven, while the person-oriented approach is more exploratory, and potentially 
hypothesis-generating. In the current study, we confirmed our hypotheses concerning two central aspects of mindset theory: effort and 
errors (Burnette et al., 2013), while demonstrating the important moderating role of gender in a STEM context. Besides confirmatory 
evidence, we identified individual variation in effort strategies using the person-oriented approach, which would have otherwise 
remained obscured. Although the profiles do not necessarily challenge the central tenets of mindset theory, they do challenge some of 
the simplified and dichotomized (growth versus fixed) thinking around mindset in both research and educational practice. As our 
results demonstrated, high school students can display qualitative different effort strategies during an arithmetic task, with meaningful 
differentiation within more growth- (Challengers and Exploring Challengers) versus more fixed-minded (Avoiders and Steady) stu-
dents. For example, while the Challengers seem most consistent with a growth mindset (investing sustained effort), the Exploring 
Challengers show different behaviour (exploring at and above their baseline). This indicates that multiple, but distinct effortful be-
haviours are associated with the ‘same’ growth mindset. In contrast, exploring is not perse associated with good school outcomes, as 
this was not the case for the Explorers, who explored at and below their baseline. Another example, while the Avoiders’ low effort 
investment seems most consistent with a fixed mindset, the Steady show different behaviour (little exploration, choices at baseline). 
Again, this indicates that multiple, but distinct behaviours are associated with the ‘same’ fixed mindset. These examples contain 
important nuances that should be taken into account in refining mindset theory. An important nuance is that the relation between 
mindset and effort strategies and potentially identifiable behaviour in classrooms may go beyond more/less effort investment for 
growth/fixed-minded students. 

The current study has both several strengths and limitations. Strengths are the considerable sample size for a task-based study, the 
use of an objective measure of effort, and the combination of variable- and person-oriented approaches. The results are somewhat 
limited in generalizability because lower-level education levels were not included, and considering that only 30% of eligible students 

Table 5 
Covariate Analysis Results for the Five-Profile Model.   

Profile 1 Profile 2 Profile 3 Profile 4 Profile 5 Omnibus Test  

Covariate Avoiders Exploring 
challengers 

Challengers Explorers Steady χ2 (4) p Posthoc comparisons between 
profiles 

Mindset 33.08 
(0.99) 

36.56 (0.72) 36.42 (0.79) 35.37 
(0.75) 

34.30 
(0.75)  

11.99  0.017 3 > 1 * *, 3 > 5†, 2 > 1 * *, 2 > 5 * 

TTA 43.32 
(0.53) 

41.95 (0.63) 42.19 (0.65) 42.35 
(0.51) 

42.71 
(0.52)  

3.63  0.459 n/a 

Math grade 6.96 (0.14) 7.00 (0.15) 6.79 (0.16) 6.99 (0.13) 6.84 (0.16)  1.42  0.840 n/a 
Gender 0.61 (0.07) 0.46 (0.08) 0.31 (0.06) 0.46 (0.06) 0.45 (0.06)  10.62  0.031 3 > 1 *** 

Note. The covariate analyses were performed with the BCH method in Mplus. Means (standard errors); Gender: males (0), Females (1), lower values 
for the covariate gender indicate more males; χ2 = chi-square; we used the standardized TempoTest Automation (TTA) of basic arithmetic ability (de 
Vos, 2010) as a more proximal, and math grade as a more distal academic achievement measure; † < .10, * <0.05, ** < 0.01, *** <0.001. 
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participated, there is a risk of self-selection (e.g., based on motivation, interest or socio-economic status). In addition, as explicated in 
the introduction, effort is defined and operationalized in numerous ways, which means that our operationalization of effort (chosen 
difficulty level) may not cover all aspects of effort in the school context. Future studies may combine subjective and objective measures 
of effort, to gain a broader perspective on this subject (Scheiter et al., 2020; Vu et al., 2021). In addition, our effort measure may be 
context–dependent, and its relation with more stable trait aspects of effort is unknown. Future studies are also advised to introduce task 
conditions in which the costs and benefits of investing effort are manipulated, as the current study was rather low stakes and possibly 
disproportionally influenced by intrinsic motivation. Another open question is whether students in the Avoiders profile choose lower 
difficulty levels due to ceiling effects, as they were characterized by higher baseline ability levels. This does not take away the fact that 
they reported less growth mindset endorsement, and one could wonder why they did not opt for choices at their own baseline level or 
slightly above. It is noteworthy that mindset and baseline ability on the task were unrelated in the variable-oriented approach, 
demonstrating that the person-oriented approach can uncover new and unexpected findings that can lead to new research questions. 
Lastly, it should be emphasized that this is a correlational study, including the mediation analyses, and therefore causality and (bi) 
directionality cannot be inferred. Future studies may use longitudinal (cross-lagged panel) models, or experimental manipulations of 
mindset and effort (Vu et al., 2021). 
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