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1. Objectives

The growth mindset is a belief that intelligence can be developed through hard work, good
strategies, and help from others (Dweck & Yeager, 2021). An increasing number of studies have been
conducted to assess the impact of a growth mindset on mathematics outcomes (Yeager et al., 2019;
Blackwell et al., 2007) and its heterogeneity across school contexts (Qin et al., 2021). It is crucial to
investigate further the underlying mediation mechanisms and their heterogeneity to deepen
researchers' understanding of how a growth mindset may improve mathematics outcomes and how the
mechanism may vary across contexts. Such evaluations will provide important opportunities to
confirm, refute, and revise guiding theoretical models of growth mindsets. However, despite
substantial theorizing, potential mediation mechanisms underlying the growth mindset’s impact have
been tested mainly in correlational research but rarely under rigorous causal frameworks (Blackwell
et al., 2007). Very few attempts have been made to investigate the heterogeneity of the mediation
mechanisms.

This study aims to fill this critical gap by conducting a causal moderated mediation analysis
to answer the following two research questions:
(1) How does a growth mindset improve math engagement through mastery goals?

(2) How does this causal mediation mechanism vary by students' perception of instructional quality?

2. Theoretical framework

Incremental theorists of intelligence ("growth-mindset holders") believe that their
intelligence is malleable, while entity theorists of intelligence ("fixed-mindset holders") believe that it
is stable (Dweck & Leggett, 1988). These mindsets foster different meaning systems in the face of
challenges and failures, leading to distinct motivation processes and response patterns (Hong et al.,
1999). Growth-mindset holders may attribute their setbacks to their lack of effort, while fixed-mindset
holders attribute negative performance to their lack of ability (Hong et al., 1999). Such attribution
differences based on mindsets would lead to different goal-setting orientations. Mastery goals focus
on maximizing learning opportunities, overcoming difficulties, or improving one’s level of
competence, while performance goals emphasize demonstrating ability compared with others and
justifying one’s ego publicly (Wolters, 2004). Dweck and Leggett (1988) showed that growth-mindset
holders were more likely to set mastery goals, while fixed-mindset holders tended to set performance

goals.



The mastery goal can be a critical link between students’ growth mindset and behavioral
engagement, as Figure 1 shows. Engagement is the level of students' involvement in the classroom
(Skinner et al., 2009). A growth mindset was positively associated with mastery goals (Blackwell et
al., 2007). Past research revealed that mastery goals predicted behavioral engagement, such as
persistence, effort-making, and lower-level procrastination in math (Wolters, 2004; Miller et al., 1993).

Moreover, past correlation studies suggest that teaching quality is a critical development
context that enhances the impact of a growth mindset. We focus on students’ perceptions of
instructional quality rather than teachers’ reports. The former was correlated more strongly with
classroom engagement than the latter, indicating that students’ perceptions reflect and shape their math
engagement (Wang et al., 2020). Wang and Eccles (2013) revealed that students’ perceptions of
instructional quality predicted their motivation, affecting their level of engagement.

In sum, the previous literature suggests that mastery goals may mediate the growth mindset’s
impact on math engagement, and this mediation mechanism may be enhanced by students' perceptions
of instructional quality. We aim to investigate these mediation and moderated mediation effects under

a rigorous causal framework.

3. Methods
Definition
We defined the causal effects under the potential outcomes framework (Neyman et al., 1935)
based on the Stable Unit Treatment Value Assumption (Rubin, 1980; VanderWeele & Vansteelandt,
2009). In the causal mediation analysis, the potential outcome depends on the mediator and the
treatment variables. Thus, it is defined as a function of both the treatment and the potential mediator
(e.g., Yi(t, M;(1))).
We define the fotal treatment effect (TE) for each individual:
Srgi = Yi(t1, My(t1)) — i (2, M (t,)),
where t; stands for high growth mindset levels, and t, stands for low growth mindset levels.
The total indirect effect (TIE) is defined as:
Srigi = Yi(t1, M; (t1)) — Yi(t1, M (t,)),
which represents the effect of a growth mindset on student i's math engagement transmitted only
through the growth mindset-induced change in mastery goals. By taking the average of each
individual-specific causal effect over all the individuals, we define the population average causal effect
as Opg = E[87g;], which is the key parameter for answering the research question (1).
Averaging each individual-specific causal effect over all students within high instructional
quality (W; = w;) and low instructional quality (W; = w,), we define the conditional average TIE as
8r1Ew, = E[07ig:|W; = w1l and 8rgy, = E[67/;|W; = w,]. The moderated TIE by instructional

quality is defined as a difference between the conditional TIE by two given levels of W;, drigmop =



8718w, — Or1EW,> Which is the key parameter for answering the research question (2).

Identification

The identification of causal mediation effects assumes (a) no unmeasured pretreatment
confounding of the treatment-mediator, treatment-outcome, or mediator-outcome relationships and (b)
no unmeasured posttreatment confounding of the mediator-outcome relationships within levels of
moderators. We controlled for pretreatment covariates listed in Table 1; however, assumption (a) may
be violated if there are unmeasured pretreatment confounders, such as parents’ mindset. In addition,
there may also be posttreatment confounders, such as students’ affective state. A sensitivity analysis is

thus necessary.

Estimation

We fitted mediator and outcome models as shown in Figure 2, which account for the
treatment-by-mediator interaction and observed pretreatment confounders. We included the treatment-
by-mediator interaction in the model because it is a realistic assumption that the growth mindset’s
impact on math engagement may vary by mastery goal levels. Because students are nested within
classrooms, and the interclass correlation coefficient (ICC) is 0.14, we included a random intercept to
account for the correlations among students within the same classroom. The Monte Carlo confidence
interval method (Qin & Wang, in press) was used to estimate and test causal effects. The estimand of

the population average TIE is:

Orip = (,373;1 + ﬁz:ymt)ﬁtm(tl —t;).

Sensitivity Analysis

We conducted a sensitivity analysis to assess whether results were robust to potential
unmeasured pretreatment confounding variables. The idea is to simulate an unmeasured pretreatment
confounder from its conditional distribution at a given strength and compare the results before and
after adjusting for it in the analysis (Qin & Wang, in press). The analysis results would be sensitive if
the signs or significance of the effects can be altered by an unmeasured confounder that is merely weakly

associated with the treatment, mediator, and outcome.

We used the R-package mice to impute missing values via multiple imputations (van Buuren
& Groothuis-Oudshoorn, 2011). For each imputed data set, we used the R-package
moderate.mediation (Qin & Wang, 2023) to estimate causal effects, assess sensitivity, and visualize

results. The reported results were pooled over ten imputed data sets.



4. Data sources

Participants were 1536 adolescents (51% female; 68% White, 28% Black; 48% low income)
from 16 public schools located in a metropolitan area of the northeastern U.S. All students across 16
public schools were asked to participate in a multi-year study on student experiences and positive
youth development. Three waves of data (Spring and Fall 2017 and Spring 2018) were used for
constructing treatment, mediator, and outcome variables, while prior waves (Fall 2016) were used for
creating moderators and pretreatment confounders. In Spring 2017, there were 581 sixth-, 574 eighth-,
and 381 tenth-graders. School records provided students' prior math performance and demographic

information.

Measures
Treatment-Growth Mindset

A growth mindset is a four-item composite of well-validated Implicit Theory of Intelligence
scale (Dweck et al., 1995; Blackwell et al., 2007). The reversed items were recorded so that the higher
value indicates a stronger growth mindset. We applied the same reordering procedure to other variables.
The growth mindset ranges from 1 to 5 (mean: 3.89, SD: 1.02, @=0.92). In our study, the treatment is
continuous. Thus, we set high and low growth mindset levels at one standard deviation above and
below the mean (t; =4.91 vs. t, =2.88), respectively, and focus on assessing the impact of a high vs.

low growth mindset.

Mediator-Mastery goals
A measure of mastery goals is a three-item composite of a well-validated Mastery Goal
Orientation scale in a widely-used Patterns of Adaptive Learning Scales in math (Midgley et al., 2000).

It is a continuous variable, ranging from 1 to 5 (mean: 4.10, SD: 0.98, =0.90).

Outcome-Behavioral engagement
Behavioral engagement is a composite scale of seven items from a well-validated Classroom
Behavioral Engagement scale in math (Wang et al., 2016; Fredricks et al., 2016). The math

engagement is a continuous variable, ranging from 1 to 5 (mean: 3.86, SD: 0.84, =0.89).

Moderator-Instructional Quality

Students’ perceived instructional quality of math teachers is a fourteen-item composite of a
well-validated Instructional Quality scale (Wang et al., 2020). Items were obtained from five
instructional quality constructs: Analysis and inquiry, Content understanding, Quality feedback,
Positive climate, and Teacher sensitivity. It ranges from 1 to 5 (mean: 3.92, SD: 0.74, =0.90). We

set high and low teaching quality at one standard deviation above and below the mean (w; = 4.66 vs.



w, = 3.19).

Covariates
Rich pretreatment confounders were collected. Table 1 lists all variables with their survey

items. Table 2 displays the correlation matrix and descriptive statistics.

5. Results
Does a student's growth mindset improve math engagement through mastery goals on average?
drp was positive and significant at a 95% confidence level, indicating that the impact
of a growth mindset on math engagement was positive (8 = 0.13, Effect size = 0.15). §r;p was
significant (8 = 0.03, Effect size = 0.04). When all other possible pathways underlying the impact of
a growth mindset on mastery goals were held constant at the level under a high growth mindset, the
growth mindset-induced increase in mastery goals significantly increased one's math engagement. The
proportion mediated was 0.24, suggesting that the effect of a growth mindset on math engagement was

partly transmitted through goal setting.

Does this causal mediation mechanism vary by instructional quality?

Sriemop Was positive and significant (8 = 0.07, Effect size = 0.09). This indicates that
students' perceived instructional quality positively and significantly moderated the mediation
mechanism. Figure 3 illustrates how the conditional TIE changed with different levels of instructional
quality. The mediating role of mastery goals was more salient with higher perceived instructional
quality, and this effect only reached statistical significance when instructional quality was above 4.03.
As reported above, the effect size of the average TIE was not large. However, the effect size of the
conditional TIE became about 0.10 under high perceived instructional quality. These results indicate

that higher instructional quality was a prerequisite for a significant mediating role of mastery goals.

Sensitivity Analysis

The above causal conclusions were made based on the identification assumptions (a)
and (b). Assuming no posttreatment confounder of the mediator-outcome relationship, we conducted
a sensitivity analysis to assess the influence of unmeasured pretreatment confounding (Qin & Wang,
2023). The results showed that the sign and significance of the original analysis results would not be
reversed even if there was a strong unmeasured pretreatment confounder, indicating the robustness of

the results.



6. Significance of the study

Our study has several implications for a theoretical model of a growth mindset. First, the
present study revealed a motivation process in math learning. Students with a growth mindset would
interpret challenging math tasks and mistakes as a growing opportunity, leading to positive
classroom engagement. Such a positive behavioral impact would occur partly because of growth-
mindset-induced mastery goal setting.

Second, our study implies the context where the growth mindset improves math
engagement. Our study suggests that instructional quality may be the prerequisite for the growth
mindset's impact on the motivation process. A growth mindset intervention is not a panacea but
functions in a quality classroom environment. Policymakers should continue investing in improving
teaching quality and in creating quality classroom environments where teachers can facilitate
students' motivated behaviors.

Our study has limitations as the assumption of no posttreatment confounders may be
violated. Future research should investigate the influence of posttreatment confounders on the

estimation and inference of causal effects.



Figure 1: Causal Diagram
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Figure 2: Mediator and outcome models

The mediator model:
Goal;; = By* + B{"Growth;; + X;;BY* + 17" + ug;,
' ~N(0,03),

up;~N(0,735),

The outcome model:
Engage;; = By + B} Growth;; + Bj,Goal;; + B}, Growth;; * Goaly; + XyBy + 1} +uy),
y 2
U ~N(0' Gy)'

ugj~N(0' Tgo)a

where:

By* = By + BgiInstruct;; + By, Meta;;
B{"™ = By + B{iInstruct;; + B{; Meta;;
By = B3y + By Instruct;;+By,Meta;
BY = B}, + B} Instruct;; + By,Meta;;
By, = By, + By, Instruct;; + B, ,Meta;;

y _ gy y y
Bim = Bimo + BimiInstruct;j + By, ,Meta;;

Note 1: Xj; is a vector of pretreatment confounders for the mediator and outcome model. As Wang et
al. (2021) found that metacognition is a significant moderator, metacognition is one of the moderators
for a correct specification.



Figure 3: Conditional TIE by instructional quality
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1. Top: Conditional TIE as a function of tch_qualitys.
2. Bottorn: Sample distribution of toh_qualitys.

Note: The conditional TIE is in effect size. The only dependent variable was standardized. The plot was
produced by combining ten imputed data frames.



Table 1: List of variables

Variables Label
Treatment variable (Spring 2017)
Growth mindset To be honest, you can't really change how intelligent you are in math. (R)

You have a certain amount of math intelligence, and you can't really do much to change it. (R)

Your math intelligence is something about you that you can't change very much. (R)

You can learn new things but you can't really change your basic math intelligence. (R)
Mediator variable (Fall 2017)

Mastery goals One of my goals in math class is to learn as much as I can.
One of my goals is to master a lot of new math skills this year.
It’s important to me that I improve my math skills this year.
Outcome variable (Spring 2018)

Behavioral engagement I stay focused in math class.
I put effort into learning math.
I keep trying even if something is hard in math class.
I complete my math homework on time.
I don't participate in math class. (R)
I do other things when I am supposed to be paying attention in math class. (R)
If I don’t understand a task in math class, I give up right way. (R)
Moderator variables (Fall 2016)

Instructional quality My math teacher encourages me to solve problems on my own.
My math teacher asks me to think about what I have learned at the end of activities.
My math teacher encourages me to consider different solutions and points of view.
My math teacher explains it in a new way if [ say that I don’t understand something.
My math teacher connects what I am learning to what I already know.
My math teacher provides challenging work in math class.
My math teacher suggests ways that I can learn more.
My math teacher keeps working with me until I understand what we are doing.
My math teacher gives clear instructions for how to do well in math class.
My math teacher respects me.
My math teacher says nice things to me.
My math teacher helps me when I need help.
I feel comfortable in math class.
My math teacher understands how I feel about things in class.
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Table 1: List of variables (continued)

Meta cognition

Pretreatment confounders (Fall 2016)

Male

Free/reduced lunch status
Special needs status
Grade 6 indicator

Grade 10 indicator
Black

White

Prior math performance
Class level

Math interest

Prior Growth mindset

Prior mastery goals

Prior Math engagement

I go through the work that I do for math and make sure that it’s right.
I try to connect what I am learning in math to things I have learned before.
I try to understand my mistakes when I get something wrong in math.

: Male, 0: Female

: free/reduced, 0: paid

: Yes, 0: No

: Yes, 0: No

: Yes, 0: No

: Yes, 0: No

: Yes, 0: No

Math Course Grade (0-100)

1: Lower Achieving Course, 2: Standard Achieving Course, 3: Higher Achieving Course
I look forward to math class.

I enjoy learning new things about math.

I feel good when I am in math class.

I think that math class is boring. (R)

To be honest, you can't really change how intelligent you are in math. (R)

You have a certain amount of math intelligence, and you can't really do much to change it. (R)
Your math intelligence is something about you that you can't change very much. (R)
You can learn new things but you can't really change your basic math intelligence. (R)
One of my goals in math class is to learn as much as I can.

One of my goals is to master a lot of new math skills this year.

It’s important to me that I improve my math skills this year.

I stay focused in math class.

I put effort into learning math.

I keep trying even if something is hard in math class.

I complete my math homework on time

I don't participate in math class. (R)

I do other things when I am supposed to be paying attention in math class. (R)

If I don’t understand a task in math class, I give up right way. (R)

— = e e e e

Note: R indicates the reversed item. Value ranges from 1 to 5 if not specified.



Table 2: Bivariate Correlation Matrix and Descriptive Statistics before imputation

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
1. Growth mindset 1

2. Mastery goals 021 1

3. Engagement 0.22 048 1

4. Teaching quality 0.19 0.26 026 1

5. Meta cognition 024 039 0.41 046 1

6. Male -0.06 -0.11  -0.09 0.01 -0.07 1

7. Free lunch -0.09 -0.05 -0.20 -0.12 -0.11 -0.01 1

8. Special needs -0.09 -0.08 -0.08 -0.06 -0.12 0.11 0.1 1

9. Grade 6 0.10 0.18 0.15  0.00 0.10 0.02 0.08 -002 1

10. Grade 10 -0.10 -0.08 -0.04 0.07 -0.04 -0.05 -0.06 -0.06 -045 1

11. Black -0.06 -0.02 -0.14 -0.10 -0.06 -0.03 0.2 0.10 0.16 -0.09 1

12. White 0.06 0.00 0.12  0.09 005 0.04 -0.52 -0.10 -0.16 0.09 -091 1

13. Prior math 022 0.25 038 0.25 028 -0.11 -032 -0.16 0.07 -0.03 -030 0.29 1

14. Class level 0.08 0.13 0.19  0.10 0.18 -0.07 -0.12 -030 -0.02 0.10 -0.16 0.15 024 1

15. Math interest 020 040 035 047 056 0.10 -0.06 -0.02 020 -0.13 0.02 -0.01 027 0.07 1

16. Prior growth mindset ~ 0.46  0.15 0.15 0.25 020 -0.02 -0.08 -0.20 0.01 -0.08 -0.07 0.08 0.19 0.14 017 1

17. Prior mastery goals  0.22  0.46 036 0.48 056 0.01 -0.07 -0.09 0.15 -0.11 -0.02 0.00 0.21 0.11 0.58 0.24 1

18. Prior engagement  0.23  0.40 052  0.44 063 -0.03 -0.22 -0.15 0.14 -0.12 -0.19 0.18 042 0.19 0.60 0.25 0.59 1
Mean 3.89  4.01 3.86  3.93 382 049 048 0.12 038 025 028 0.68 83.04 214 332 384 4.20 4.16
Standard Deviation 1.02 098 0.84 0.74 089 050 050 032 049 043 045 047 1238 055 1.15  1.10 0.95 0.68
N 1500 1048 1495 1302 1450 1536 1529 1536 1536 1536 1536 1536 1447 1536 1452 1061 1064 1164
% of missingness 23% 31.8% 2.7% 152% 5.6% 0% 0.5% 0% 0% 0% 0% 0% 5.8% 0% 55% 309% 30.7% 24.2%

Note: Bolded values indicate significant at p <.05.
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