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Abstract

We investigated whether a growth mindset intervention could be leveraged to promote performance and interest in computer
science, through what mechanisms it might do so, and whether effects were stronger for women than for men. In particular, we
explored whether the growth mindset intervention improved academic performance and career interest by increasing intrinsic
value. We developed and tested a scalable, online, 4-session growth mindset intervention at 7 universities, across |6 introductory
computer science classes (N = 491). The intervention did not have a significant total effect on academic performance, although it
indirectly improved grades via value. Additionally, the intervention, relative to the control, improved interest in the field and value
also mediated this effect. Counter to expectations, the intervention worked equally well for women and men. Theoretical and

practical applications are discussed.
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In recent years, there is increasing interest in the potential of
scalable psychological interventions to improve academic
achievement (Walton, 2014). One type of these interven-
tions—growth mindset interventions—focuses on cultivating
the belief that students’ general intellectual ability can be
developed (e.g., Aronson, Fried, & Good, 2002). Although
growth mindset interventions often impact academic achieve-
ment (e.g., Blackwell, Trzesniewski, & Dweck, 2007), some
studies report null results (e.g., Sriram, 2014). Additionally,
two recent meta-analyses highlight the small effect size linking
growth mindsets to academic performance (Costa & Faria,
2018; Sisk, Burgoyne, Sun, Butler, & Macnamara, 2018). This
may be, in part, because mindset interventions are postulated to
be more effective within certain subpopulations such as at-risk
youth (Paunesku et al., 2015). In the current work, in addition
to investigating the oft-studied questions of whether and for
whom growth mindset interventions work to improve class-
room performance, we also investigate if growth mindset inter-
ventions can be leveraged to foster students’ interest in
academic fields. And, we suggest that mindset interventions
work, in part, because they increase intrinsic value.

We tested these ideas in computer science, an academic
domain that is increasingly important in our society, especially
in terms of job growth. For example, the U.S. Bureau of Labor
Statistics predicts that there will be nearly 350,000 computing-
related jobs through 2026, with only approximately 60,000

graduates to fill those jobs (The Market for Computing Careers,
2018). The gap is not limited to the United States, with job
growth in computer science exploding globally (Patel, 2015).
This demand-supply gap raises the question of how to increase
students’ interest, a critical component of long-term dedication
to an academic field and thus an outcome that may be as impor-
tant as academic performance (e.g., Maltese & Tai, 2010).

In summary, we sought to answer three main questions.
First, do mindset interventions improve academic achievement
and can they also be leveraged to increase interest in the field of
computer science? Second, for whom do they work best? Third,
how do they work? We answered these questions by develop-
ing and testing a growth mindset intervention delivered in 16
introductory computer science classes at 7 colleges and univer-
sities across the United States.
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Mind-Set Approach

Mindset interventions are grounded in the rich literature on
implicit theories, which are knowledge structures about the
malleability of an attribute such as intelligence and personality
that organize the way people ascribe meaning to events.
Research on implicit theories distinguishes between two main
beliefs or mindsets: an incremental or growth mindset and an
entity or fixed mindset (Dweck & Leggett, 1988; Dweck,
2000). Those with growth mindsets believe that human attri-
butes are malleable and therefore can be cultivated through
hard work, good strategies, and support from others. In con-
trast, those with fixed mindsets believe that human attributes
are fixed and therefore cannot be developed, regardless of the
effort expended or strategy employed. Research finds that
(a) people can hold different mindsets in different domains
(e.g., intelligence in general versus computer science in partic-
ular) and (b) effects are typically stronger for domain-specific
assessments (e.g., programming aptitude beliefs predicted soft-
ware development practice more strongly than mindsets of
intelligence; Scott & Ghinea, 2014). Regardless of domain,
growth (vs. fixed) mindsets are linked to self-regulatory pro-
cesses that predict goal achievement (Burnette, O’Boyle,
VanEpps, Pollack, & Finkel, 2013).

Mindset Interventions

Given the links between growth mindsets and self-regulatory
strategies that promote success, researchers investigated whether
interventions designed to cultivate growth mindsets could pro-
mote academic performance. Although growth mindset inter-
ventions can improve academic achievement (e.g., Aronson
et al., 2002), a few studies reveal null effects (e.g., Donohoe,
Topping, & Hannah, 2012; Saunders, 2013; Sriram, 2014). Thus,
our first goal was a conceptual replication examining whether a
growth mindset intervention improved students’ grades in their
introductory computer science classes. Additionally, we extend
the literature by investigating whether growth mindset interven-
tions could also be leveraged to foster interest. We focus on com-
puter science specifically because of the dearth of qualified
employees. Although computing enrollments have recently risen
(Zweben & Bizot, 2016), there is still a serious shortage of grad-
uates per year (National Science Foundation, 2015). This need
for qualified employees raises the issue of how to increase stu-
dents’ desire to continue in the major and get a job in the
field—what is often called career interest (e.g., Lent, Brown,
& Hackett, 1994; Saddler, Sonnert, Hazari, & Tai, 2012). A fun-
damental predictor of interest in a discipline is one’s evaluation
of potential for mastery of the subject (Eccles, 2005). We sug-
gest growth mindsets encapsulate these expectations. For exam-
ple, middle school students’ growth mindsets about science
ability correlated positively with whether they thought they
could become a scientist (Hill, Corbett, & Rose, 2010).

Our second goal was to explore for whom the interventions
work best. Growth mindsets are postulated to matter most in
times of ego-threats (Burnette et al., 2013). For example, a

growth mindset intervention had a stronger effect on math
grades for female students than male students (Good, Aronson,
& Inzlicht, 2003). Furthermore, whereas messages that “math
ability is fixed” and that “women have less of the fixed ability
than men” work together to diminish women’s intent to remain
in math, a growth mindset message can buffer against these
adverse consequences (Good, Rattan, & Dweck, 2012; also see
Murphy, Steele, & Gross, 2007). In the context of the current
work, the growth mindset intervention may be especially
impactful on academic outcomes for women as they are
stereotyped as having less innate talent than men in science,
technology, engineering and mathmatics (STEM) fields and
tend to experience detrimental effects due to this threat (e.g.,
Cheryan, Plaut, Davies, & Steele, 2009; Good et al., 2012;
Leslie, Cimpian, Meyer, & Freeland, 2015).

Our final goal was to shed light on one of the mechanisms
that link growth mindsets to improved academic outcomes.
We focus on intrinsic value—more specifically, whether one
identifies with the subject (i.e., belonging) and likes the subject
(i.e., enjoyment; Eccles & Wigfield, 2002)—because growth
mindsets send a potent and implicit message that anyone can
belong to a field and that learning about it is valuable. In sup-
port of these claims, research highlights the importance of
growth mindsets for academic belonging (Good et al., 2012;
Murphy & Dweck, 2010). Furthermore, students with growth,
relative to fixed, mindsets report valuing learning more
(Dweck, 2000) and report more positive attitudes regarding
their academic endeavors (Aronson et al., 2002). And, these
evaluations of belonging and enjoyment are critical for aca-
demic outcomes. For example, achievement motivation theory
highlights the importance of value for persistence and perfor-
mance (Eccles & Wigfield, 2002). Similarly, social cognitive
career theory underscores how people form an enduring inter-
est in an activity when they anticipate that performing it will be
of value (Lent & Brown, 1996; Lent et al., 1994). Thus, we pos-
tulate that intrinsic value will mediate the intervention to aca-
demic outcomes links. Building on the preceding theoretical
analysis, we hypothesize the following:

1. A growth mindset intervention, relative to the control,
will lead to stronger growth mindsets (manipulation
check).

2. A growth mindset intervention, relative to the control,
will improve students’ performance and career interest
in introductory computer science classes.

3. The intervention effects on academic outcomes will be
stronger for women than men.

4. The growth mindset intervention will exhibit an indirect
effect on academic outcomes via increased intrinsic
value.

To test our predictions, we developed a novel growth
mindset intervention that used multiple modalities and sessions
to deliver the mindset message. Namely, in addition to the stan-
dard message about the malleable nature of the attribute along
with a “saying is believing” activity (e.g., Aronson et al., 2002),
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we also taught about research related to growth mindsets and
included a role model. Research investigating how to best
instill a growth mindset illustrated that teaching about the ben-
efits (e.g., people with growth mindsets know that mistakes are
opportunities to learn) and including celebrity endorsements’
strengthened effects (Yeager et al., 2016).

Method
Participants

Across 16 classes at 7 universities, 493 introductory computer
science students participated in the study. Sample size was a
result of professors willing to participate. Post hoc power anal-
yses suggest we had ample power to detect medium effects. We
dropped two students from analyses due to cross contamina-
tion', yielding a final sample of 491 students (143 women). The
majority reported their ethnicity as White (68%), and the mean
age was 19.38 (SD = 1.76). As incentives for participation, we
entered all students who completed the first module into a raffle
to win one of five US$100 gift cards, and participants who
completed all modules were entered into another raffle to win
a US$500 gift card.

Procedure

We recruited professors willing to administer the intervention
in their introductory computer science classes. Seven universi-
ties or colleges (Bucknell University, Colorado School of
Mines, Elon College, College of Holy Cross, Longwood Uni-
versity, University of Richmond, and Virginia State Univer-
sity) contributed a total of 16 sections. We randomly
assigned students either to the growth mindset condition (n =
245) or to a matched control (n = 246) that was similar to the
intervention in terms of time, type of content, and flow of con-
tent. We administered four modules across the semester,
approximately every 2 weeks” (see Table 1). Students in both
conditions watched the modules using headphones during
laboratory class time with minimal instruction from or interac-
tion with their professor. Professors and students were blind to
intervention condition.

Description of Growth Mind-Set Intervention

The modules had a consistent four-part structure (see Table 1).
First, we taught students about research related to growth
mindsets. Labeling and explaining the benefits of growth
mindsets can make interventions more impactful, including
enhancing learning attitudes (Yeager et al., 2016). Second,
we delivered a standard growth mindset message—“you can
develop your computer science ability.” Third, we incorporated
a role model, a recent graduate working at Google, who deliv-
ered a tip for success. This tip reiterated the importance of hard
work and adopting effective learning strategies. We included
this component because the use of successful role models can
strengthen attitude change (Crano & Prislin, 2006) and improve
motivation (Morgenroth, Ryan, & Peters, 2015). Finally, at the

end of each module, students participated in a “saying is believ-
ing” writing exercise used in past interventions to encourage
participants to adopt the growth mindset message (e.g., Burn-
ette & Finkel, 2012). The intervention in its entirety took
approximately 25 min. However, we chose to deliver the infor-
mation in short bursts (5-6 min per module) to reduce burden
on professors in terms of allocated classroom time and to help
hold student interest.

Description of the Attention-Matched Control Program

Students in the attention-matched control watched modules
focused on health issues relevant to students in college—these
modules are similar in terms of length, style, and content to the
intervention condition (see Table 1). The first module focused
on lifestyle causes of obesity, the second on common signs and
symptoms of depression and anxiety, the third informed stu-
dents about two infections commonly seen on campus, and the
fourth focused on the importance of sleep for mental health.
The “College Counsel” series, as this condition was called,
informed students that the goal for providing information
across the four modules was to share research that could be
used to improve their overall college experience. As in the
intervention condition, students first received information
related to the topic (e.g., research and definitions), then
received a tip from a student for incorporating this information
into their daily lives before being asked to write pen pal letters
to younger students sharing what they learned.

Measures

Prior to viewing any modules, participants completed the pret-
est assessments, including demographic information and addi-
tional measures not relevant to the present report. Pretest
assessment occurred immediately before Module 1. Posttest
assessment occurred immediately following Module 4, approx-
imately 10 weeks later. In addition, we collected postwave
assessments at the end of each module.

Pretest/posttest assessments

Growth mindsets of computer science. We adapted established
mindset measures (Dweck, 2000) to the domain of computer
science by replacing the word “intelligence” with “computer
science” (5 items; 1 = strongly disagree, 7 = strongly agree;
o =.87 at pretest and o0 =.91 at posttest; for example, “You can
learn new things, but you can’t really change your basic com-
puter science ability”). Higher numbers represent a stronger
orientation toward growth mindsets of computer science.

Career interest . For career interest, we used 2 items (i.e.,
“how likely would you be to take a job in a computer sci-
ence—related field” and “how likely are you to major in com-
puter science;” at pretest, 7(489) = .81 and at posttest #(370)
= .82. We combined the 2 items, with higher numbers repre-
senting greater interest in pursuing computer science as a
career, for example, 1 = very unlikely and 7 = very likely.



98l =u

|oJ3u0) dagys
‘1no Suniom Jo Abp sy Suunp apisino awn dsow Suipuads A ‘da3jsp Jjpj 10uupd noA pulf nof J 061 = U | juspnig  jo junowe Jadoud ay1 398 01 sdi
“uonpuwiojur uip1aJ 03 Ajiqo anoA 1pduwi AjpADSau ub> da3ys Jo o) ‘Aiowaw Jo uonbpijosuod a1 Ul 3joJ ubLodul s,dasys 01 ang yamo.o € daajs Jo ae| Jo s1d9Ye WLI-8uoT]
'Passalls $sa NoA DWW [fIM YoIyM (doap %p'€7)  11-6 1A Jossajo.d das|s jo sdurrIodw)
‘sassa.41s S,ADP 3y wio.) 490334 A|poisAyd o1 Apoq aya smojip yoiym ‘sapsnw 3y 01 Aiddns poojq saspaioul Apoq aya ‘dasys Suung 9/§ =N paJalsiulWpy 4§ 3[e| AUYAA daajs jo aoueriodw) :yaesH [eIus|y f SNPOLY
'SPU0DIS (€ 1SDI| 1D J0J JAIDM WLIDM Ul SPUDY INOA YSDM 01 J9GUIALLRI 3SDI|J 86l = U | uapmg sw.ad SuiploAe 1oy salSareng
“Aiwp) sadiay ai Jo sniia |oau0D)
UOWILLIOD 1SOW dY) ‘SNUIA JIDG-UIBISdq Y1 AQ pasnDd sI SSIUdDIS By "OUOL J0 JIAY) ID[NPUDIS SD UMOUY| OS[D SISO3PNUOUOW 661 = U
s1 uonpjndod ay1 Jo 1534 3y1 ubyl sIPNIs 339)j0d Jo uonodoid 4a1pais b SIYYD 1YL ssaujl UD Jo 3jdWIDXS JayI0UY yamoun I S3SS3UJ|I PUB SUO[IBJUI UOWIWOD)
‘PaZIuNWWI UG APD3J[D 10U SADY 1DY SDIID JIYI0 WOLJ SIUSPNIS B (doap %1°61) 19 SIPOAA Joyeads SSaWIS
193JJp Ajuo 1Dy SISDASIP pUD SUONDJUI UIDLIID JO SUID.AIS WRIBJJIp A1iDd 1YY UonpINdod JUSPNIS 3SIBAIP D 24D $333j0D IS0/ 18€ =N paJasiuiwpy | SjeWa4 SUYAA 935]|0D Ul SSAWIS  :y3[eaH [ed1sAYd € SNPOJY
s Jo puaiy) o 01 o} 90T =u
03 011sn[ s1 3ypa.q L J1 UaAS SINoY 0M1 AI3AS 3jD34q [pwis D 34D 03 [njdfay U pul | ‘Ow Jo ppayp SuiApnis Jo 1ySiu D SADY | USYAA |o3u0D | Juspnag S3UspNIs 10y saidoeing
*A9AIng uonbiossy yipa 959)j0) updLdWY glg=u JSENT
| 10Z P 01 8up4023D ‘uondUN) 01 YNJLYIP SDM U DY) 23AIS 0S UOISSIdap Jo Sulda) b pariodas sauapms 283Jj0d Jo pJiL duo Isow)y yamouo S pue uoissaudap jo uoniuyaq Aeixuy
'$5900NS (doup %9°€1) S+ SIOAA Jossajo.d pue uoissaudaq
JIWIPDID 01 SIPDISGO WIIDAI 1SOW Y2 3G 01 AIBIXUD PpUD UOISSIIGIP PaLIodal SIARSLUBLL SIUSPNIS 353)j0d “AdAins s34 D U] Yy =N | SNV Yijeay [eauaw jo adueriodw| :yaedH [eIUd|y T 3NPOI
JjosinoA 1o g 4nok a1pjnopp> 03 Moy noA Suiydpay aq i, 4 uspmg X3pul ssew Apog
'S24NJIDJ dDIPJDD [DNUIAS pUD 9T =u
‘soiwLAy4ID ‘uonpjnuarodAy ‘vaudo das)s ul nsas ubd oY1 sw(qoad A1014idsau Lam paIDIdOSSD 0S|D SI AUSaqQ SIIIYLIDOIISO |o3u0D
PpuD ‘s313GDIp 7 9dA1 “9SD3sIP AD[NDSDAOIPADD SUIpnidUI I YUM PIIDIDOSSD SINUPIGIOW-0D Y 01 dNP SUILLIDID ISOW S| ISDISIP SIY | SpT=u S A11S9q0 JO $1099 9SUOAPY
Yyamouo £-7 SpPam Javeadg ySom Aissqo
apuas pup ‘a3p WSy inoA Joj ySiem Apoq Ayypay b Sulupruibw 1 yypay [pdIsAyd Jo uonpdipur upLodwr BUQ 16F =N PaJalsSIUWPY | SeWd{ SUYAA Apoq Ayijeay e jo sduerodw yyeaH [edIsAud ;| SNPOly
S3|NPOJ [9sUnoD) 383|0D) UONIPUOT) [0.IU0D)
‘[DURIDW §) YNOUYJIp 40w 1sDW 01 W padjay
1 Injasn A1aa paroid ppqpas) siyj ssaons Jo spappubis ySiy 03 aw Suipjoy 4om si0ssajoid asay :2usoddo aya s JBYIDY
'S 40J N0 1D 3,USDM
| 1DY2 40 W U0 UMOP P3400] A3Y1 1IDYL UDIL J0U PIP U YPDGPI3) (DD S ADS $10553J0.d 9DUBIDS JINGUIOD USYM 1DYL SZIDAJ | z uapmg PRI ELTR-{TINEREN]
‘SUPjIOM 10U SI IDYM NOA (131 UDD 3 ‘SI IDY| "UONDWLIOJUI MAU SD 4njip] Jo duil 01 Jubuoduil S| 3 'saISaIDAs
a1onbappur Suisn Jojpup Lolfs pub awn 1pnbapp ur Sumind 10u Jo Ynsal b USYO 34D 3SIY| SIINJID) PUD SHDDGLIS 3dDJ [0 I 98| = ujosuoD € $19S-pUIW PUE $HOBqIAS
's43410 Jo 10ddns ay1 3D 01 pUD PiDY IOM 01 pauID3| | ‘Uonisod sip 01 yipd Aw Suopy 061 = U YIMOID | |—6 SIPIAA Joreonpy Surionuow
‘8uIyPD3] JI1BY1 9oUDYUS 0] $101DONP3 0] suonnjos ASojouydar Suipu) uo iom | ‘Afidwy 1y ‘pRI Y1 ul duBLIdXS Wolf dpads | (dodp %y €7)9/E = N paJalsiuiwpy | ajewa4 dde|g  a3essaw Yamous aouadds Jaandwod) [e0D i} d|Npoly
Ipo3 Aw aA31pD dw padjay Ajpas w1 4o pasiom 1pym SulLID3| puD SI3LI0 01 1N0 SUIPDIY | uspmg  $sea 3yndyip Suipdes Joj saidreng
UDWS 3JoM NnoA Ul 01 pasn | jynH,, ‘310U UIADD JJo Sunjppp
. puDISIBpUN | Mou ‘J[am,, :sADs aisns
{{dOMOM 1D [ID Op NOA,, [SWIDPX3 LB HO0YS Ul ‘UIAIDD
«’SIy2 SuIppaJ-a4 W | Mou pup 131dDY> 1SD] Y1 W0L) SA10U AW Pam3IAS. | 0S J21GDLD SILj POOISIIPUN | 34NS LUSDM |,, :S3I|da 3YS 86l = U
3UI0p NOA 3D IDYAA,, 3ISNS SHSD UIAIDD jo3u0D 11049 3IN0qe speIjeq
DIWO0D Ul UIAIDD 3jIf 10| D %00] 13S-pul paxij D YUM S|DNPIAIPU| 66] = U ¥ pUE S195-pUll PaXI) PUB YIMOID)
'SISRUBIDS [nfssa2ons 3(doad 33yl PO DY DUDIIAISII] PUD HIOM PIDY SDM 3 IDYL yamouo
P3ZI[D3J | ‘SISAUBIDS 4INGLLIOD JO HI0MIBU ISISAIP D YM SAIYSPUdLY Padojaaap | sy ‘Buoim 4aA3 | som Aoq Buluipa| usaq aApy (doap %1°61) /-9 SPIm Jossajo.d sai3a3e.a3s
NoA SD 49A3MO 20U SIOP 4O SANUIGD DUIIDS 4AINLUOD SDY JAYUS U0SIAG D 1YL 1YSNOYI oYM SIUPNIS 3s0Y1 Jo B0 spm | “Ajjpmiuj /86 =N paJaisiuiwpy | 9Jely dluedsiH  a8essaw yamous aduaids saandwor  Bunesado [eos) g 3Npoly
‘spofoud qpj pup
WBWUSISSD YI0Maoy woJf Suluipaj uo pasndo) | pparsuj upLus Sunjool 4o Aujiqp Aw Suiroid 1nogp paliiom awn puads LUpip | | uspmg Suiusea) uo sndoq
“Aupiqo 1uur Yyl
Suiroid uo sndoj 19s-puiw paxi) b yum SIPNPIAIPUI 9SDAU0D uf “saunuioddo mau Sunyeas pup syl dnoA Suiy3a.1s 1nogp si
$5920NS 19S-puIlll LIMO.S U1 UIYUAA “S|IIS J13Y2 SuidojaAdp uo sndoj 01 Ajyjl| 210w YdNW 34D 19S-pUILL YIMOIS Y2 YUM SIDNPIAIPU| € $39s-puiw pue 3umss [eoD)
*sapp4S uo pasndo) 907 = U [043u0D
15n[ 240 oym SIUBPMS 3SOY1 WiI0f13dIN0 SaNIGD 3ouBIdS 4INL0D J1dYL SulAoidul U0 SNJ0J OYM SUSPNIS “UIDI| 01 103 dYy1 817 = U YIMOID G SIIAA J0ss3j0.d
0] 1nd pup $aSUBJIDY 3335 01 PAIDAIIOL 34D 13S-PUILL YIMOLS SIYY YlM SIUSPMS "S|Ijs Jo 18 paupa) D asnf st aduaps 4aindwio)  (doup %9°€|) ¥Th =N paJasiuiwpy | SJel MMYAA d8essaw yamoud adusas Jaandwod 3umag [eoo) :7 3|npoly
'sduiyr uo 4a8uoj wads 1snf 3y ajdoad JaL10 UDYY JDUDWS 1,USDM 3y PIDS UIRISUIF 1G]y 1YL )| Alpad | | juspnig 1Joys pue swn soxer Suluies
'PadojaAap 3G UDD SANJIGD DY dA3I[3q 198 94T = ujo3uoD sa|dwexs pue s19s-puiwl
-puiw (mou5 b ul 31doad IDYL SDYI PUD WNOWD UIDLIID D SDY SUOAIAT "Paxi) 34D SAMIGD IDY] 9ASI3q 13S-pulL paxi b ui 9|doay SPT = U YIMOID  £—T SIP9AA S Jossajo.d 3m0.3 SNs.ISA paxy jo uoniuyeq S39s-puiw
‘Pado[aAap 3D SaNIJIGD 3SY1 DY S| YINAY dYI Ing L,UOP NOA 10 JUB)D] LIS J3INGW0D IADY NoA 1Y Uiyl 3jdoad awios 16 =N paJalsiuiwpy | 9jewa4 AYAA 98essaw Yamodd aouaids 42I3ndwo) 03 UoNdNPO.IU| 1| SNPOLY
S9|NPOJA UOIIUSAIRIU| 39S-PUIl] YIMOID)
sa30nQ 9|dwexg 9215 9|dwes >P9AA J9ISBWRS Ul J9eadg us3u0) a|npoly

'S3|NpOJ UORIPUOY) [0J3UOD) PUB UONRUAAIIU| Jo uondldsaq *| 3|qeL

110



Burnette et al.

Table 2. Means and Correlations among Pooled Imputed Variables.

Variable M n | 2 3 4 5 6 7 8
|. Condition — 491 —

2. Gender — 491 .08 —

3. Pretest ITCS 6.05 491 .05 —.0l —

4. Posttest ITCS 5.63 491 3% .09 A46%F —

5. Pretest ClI 3.95 491 .07 —.10* 5% A6+ —

6. Posttest Cl 393 491 3% -.07 0 21%* TR —

7. Midpoint value 4.94 491 6% —. ¥ 36%F 37 .60+ .60+ —

8. Final grade 3.01 491 .04 .03 .1o* .I15% .0l 9w 7% —
Note. Condition: 0 = control condition, | = intervention condition; Gender: 0 = men, | = women, ITCS = implicit theory of computer science, Cl = career

interest.
*p <.05. ¥p < .0l.

Performance. We obtained final grades for 403 students (Grade
Point Average range = 0.70-4.0; M = 3.07, SD = 0.86).

Postwave assessments

Midpoint intrinsic value. We assessed belonging and enjoyment
after each module.” We used shortened assessments for effi-
ciency. Participants completed two questions related to belong-
ing (i.e., “I feel like I belong in computer science,” and “I feel
similar to other people who enjoy computer science,” Cheryan
et al., 2009; Cheryan, Plaut, Handron, & Hudson, 2013) and 3
items related to enjoyment (i.e., “computer science is inter-
esting,” “I like computer science,” and “computer science is
fun”). Although achievement motivation theory suggests
belonging and enjoyment should be two subfactors of the value
construct, the subscales correlated at .78. Given we did not
have a priori reasoning to believe one process (belonging or
enjoyment) would be stronger than the other and that parsimo-
nious theoretically driven approaches are often more replicable
and likely to generalize to other samples (e.g., Costello &
Osborne, 2005), we created one assessment of intrinsic value
with higher numbers representing greater value (o0 = .97).

We use the average of value after each module (M1, M2,
M3) to provide a midpoint assessment with no temporal over-
lap with constructs of interest at pre- or post-intervention. We
chose and average because growth curve analyses suggest no
differences in rates of change. Additionally, students in the
intervention condition, relative to the control, reported higher
levels of value at the end of each time point, but both condi-
tions maintain relatively stable levels from one time point to
the next*.

Results

We had an approximately 77% retention rate and attrition from
start (N = 491) to finish (N = 376) did not differ by condition, >
= .26, p =.61. In total, 335 students completed all four modules
and comparing these students to those who missed one or more
modules also showed no difference by condition, > = .88, p =
.35. Following the National Research Council’s (2010) recom-
mendation, we used multiple imputation to minimize the risk
of bias due to missing data.” This widely used procedure

(Rezvan, Lee, & Simpson, 2015) is suggested for handling miss-
ing data (Schlomer, Bauman, & Card, 2010). The pattern analy-
sis of the missing data indicated a missing at random monotone
pattern. Of the 59 variables included in the imputation, 55
(93.22%) were complete; of the 491 cases, 246 (50.10%) were
complete; and of the 28,969 values, 25,089 (86.61%) were com-
plete. Five imputations were created for all individual scale
items and grades using the multiple imputation function in SPSS
25 (Gottschall, West, & Enders, 2012). We used these imputa-
tions for all subsequent reported analyses.

Given that students were nested within course sections, all
analyses were conducted using HLM 7.01 (Raudenbush, Bryk,
& Congdon, 2013). We estimated two-level models in which
the interdependence of students within each course section was
controlled in the second level of the model, which also included
a randomly varying intercept. Deviance tests conducted for the
reported models indicated no other random effects were neces-
sary in any of the models.

For Hypothesis 3, we planned to conduct tests of indirect
effects even in the absence of a total effect as there is a relative
consensus that the total effect should not be used as a gatekeeper
for tests of mediation and that such effects can offer theoretical
contributions (e.g., Hayes, 2009; Rucker, Preacher, Tormala, &
Petty, 2011). Means and correlations for the imputed variables
used in the following analyses can be found in Table 2.

Hypothesis 1: In support of Hypothesis 1, students in the
growth mindset condition reported stronger growth
mindsets at posttest (M = 5.77), controlling for pretest, than
did students in the control condition (M = 5.49), B = 0.24,
SE =0.10, #(185) =2.48,p = .014,95% CI [0.04, 0.44],d =
0.36.

Hypothesis 2: In contrast to the first part of Hypothesis 2,
the growth mindset intervention failed to significantly pre-
dict grades, B = 0.06, SE = 0.08, #388) = 0.81, p = .42,
95% CI[—0.09, 0.22], d = 0.07. However, in support of the
second part of Hypothesis 2, students in the growth mindset
condition reported greater career interest at posttest (M =
4.18), controlling for pretest, than did students in the control
condition (M = 3.69), B = 0.28, SE = 0.11, #(462)= 2.45,
p =.015,95% CI1[0.06, 0.50], d = 0.23.
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Hypothesis 3: To examine whether gender moderated the
effects of the intervention condition on our two outcomes,
we regressed each outcome onto the dummy code for condi-
tion, the dummy code for gender, and the interaction. Con-
trary to expectations, results indicated that the implications
of the intervention for performance, B = —0.09, SE = 0.19,
#(172) = —0.471, p = .638, 95% CI [—0.45, 0.28], d =
—0.07, or career interest, B = — 0.10, SE = 0.24,
t(471) = —0.412, p = .68, 95% CI [-0.57, 0.37], d =
—0.04, did not depend on gender.

Hypothesis 4: Total effects are reported above (see Hypoth-
esis 2). Thus, we focus here on strength of indirect effects,
also reporting links between intervention condition and
mediator, and mediator and outcome. Students in the growth
mindset condition (M = 5.44) reported greater value during
the semester than did students in the control condition (M =
4.74), B=0.40, SE =0.11, 1(474) = 3.68, p < .001, 95% CI
[0.18, 0.62], d = 0.34. Next, students’ reports of value sig-
nificantly predicted performance, B = 0.13, SE = 0.03,
#(302) = 3.96, p <.001, 95% C1[0.07, 0.19], d = 0.46, and
career interest, B = 0.29, SE = 0.06, #(131) = 4.87, p <.001,
95% CI[0.17, 0.41], d = 0.85. Finally, using these effects,
we calculated the confidence interval for indirect effects for
both performance and career interest using RMediation
1.1.4 (Tofighi & MacKinnon, 2011), which indicated that
the mediated effect was significant, albeit small, for perfor-
mance, 95% CI [0.02, 0.09], and career interest, 95% CI
[0.05, 0.20].

Discussion

Do mindset interventions improve performance and can they
also be leveraged to enhance interest in fields where there is
an increasing need for qualified employees? For whom do they
work best? Moreover, how do these mindset interventions
impact important academic outcomes? To answer these ques-
tions, we developed an online, scalable, module-based inter-
vention. The intervention included almost 500 introductory
computer science students across 7 universities and 16 different
professors. We employed a double-blind experimental inter-
vention such that neither the students nor the teachers were
aware of what condition the students were randomly assigned
to or what predictions the researchers were testing. Further-
more, we compared the growth mindset intervention to an
attention-matched control that sought to eliminate the placebo
effects of receiving an intervention.

In support of Hypothesis 1, students in the growth mindset
condition reported stronger growth mindsets at posttest relative
to students in the attention-matched control. Furthermore, if
you compare the means at each time point and rates of changes
between the two groups from time point to time point, we see
that the intervention impacted growth mindsets at each time
period but had the strongest impact at Module 1 (see supple-
mental results). We failed to find support for the first part of
Hypothesis 2—namely, there is no total effect of the growth

mindset intervention on final grades. This calls into question
our premise that growth mindsets can improve academic per-
formance—at least directly. We do find support of the second
part of Hypothesis 2. Namely, our findings suggest that mindset
interventions may serve an alternative goal—increasing career
interest, which is an important predictor of persistence and
long-term dedication. And, in computer science, a field where
there is a real dearth of qualified employees, this outcome may
be every bit as important and relevant to educators as perfor-
mance. Indeed, research suggests one of the primary reasons
students drop out of introductory computer sciences classes is
lack of motivation, not poor performance (e.g., Kinnunen &
Malmi, 2006).

In terms of findings related to Hypothesis 3, the effects of
the growth mindset intervention were no stronger for women
relative to men. Although we replicated the main effect for gen-
der (e.g., Shapiro & Williams, 2012; Su, Rounds, & Armstrong,
2009; Weber, 2012), with men (M =4.11, SD = 1.88) reporting
greater interest in STEM fields than women at pretest (M =
3.63, SD =1.99), B = — 0.48, SE = 0.18, #(474) = —2.75,
p=.006,95% CI[—0.83, —0.13], d = — 0.29, we failed to find
support for the idea that the growth mindset intervention would
offset this.® This failed replication of past work (Aronson et al.,
2002; Good et al., 2003) matches a recent meta-analysis that
finds that although effects are stronger for students from low
socieconomic status (SES) households, growth mindset inter-
ventions are no more effective for at-risk students (Sisk
et al., 2018). However, definitions of risk, ego-threat, and
identity-threat vary across studies. Finding ways to better
describe and report the at-risk characteristics of samples is of
primary importance to making progress in helping students
most in need. For example, one approach might be to tackle this
at the individual level with students reporting the degree of
ego-threat they feel in a given situation. In summary of the cur-
rent work, the growth mindset intervention did not alleviate
gender gaps in terms of performance or interest.

Finally, we find support for Hypothesis 4, offering insight
into one of the psychological processes driving effects of
mindset interventions. Specifically, learning that computer sci-
ence skills can be developed enhanced the intrinsic value such
skills held for students, which in turn predicted their final grade
in the class and their career interest. However, the indirect
effect, especially for academic performance, is small in practi-
cal terms (.05 increase in GPA). Additionally, the design did
not allow for tests of recursive mediation processes. Future
work should continue to explore mechanisms to enhance inter-
vention effectiveness.

Practical and Theoretical Applications

Mindset interventions, like other wise psychological interven-
tions, offer the potential to impact educational outcomes
(Walton, 2014; Yeager & Walton, 2011). In this research,
although we fail to move the needle on academic performance,
the total effect on career interest has potential implications for
increasing the pipeline as interest in the field is one of the
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strongest predictors of long-term dedication.(Maltese & Tai,
2010). Building on this, future research may examine ways to
strengthen effects. For example, although mindset interven-
tions like ours are focused on changing individual mindsets,
these mindsets can also reside at the environmental level. In
terms of academia, we are likely to see this at the departmental
as well as disciplinary levels. These environmental-level impli-
cit theories can play a powerful role in shaping people’s self-
perceptions, behaviors, and evaluations of others (Good
et al., 2012; Murphy & Dweck, 2010). Computer science, for
example, is characterized by a culture of brilliance, with its
practitioners believing that success in the field is predomi-
nantly driven by a raw, innate ability (Leslie et al., 2015).
Indeed, only 23% of students and faculty in computer science
agreed, “nearly everyone is capable of succeeding in the com-
puter science curriculum if they work at it” (Lewis, 2007).
Professors may communicate this fixed belief through ver-
bal and nonverbal behavior that de-emphasizes strategies for
learning and the potential for growth and development
(Rattan, Good, & Dweck, 2012). Although in the current
work students report relatively strong growth mindset to
start, this may not be the case at STEM-focused universities
and we do see their growth mindsets decline from pretest to
posttest. This is similar to recent work on implicit theories
of intelligence that found theories become more entity-
oriented across the semester in a sample of introductory
computer science students (Flanigan, Peteranetz, Shell, &
Soh, 2017). In summary, future work seeking to increase the
interest and continuation of students in STEM might benefit
from transforming not only individual students’ mindsets
but also shifting learning environments to growth-oriented
ones. Much research will be required to determine how best
to shift the educational environment to better embody
growth mindset principles and practices, but ultimately this
might be the most powerful approach.

In addition to practical applications, the current work contri-
butes to the growing literature on mindset interventions. For
example, we identified a shift in intrinsic value as an important
intervening variable to improve grades and enhance career
interest. We of course cannot conclude that this is the most
important mediator nor can we draw causal conclusions
(Fiedler, Schott, & Meiser, 2011). Thus, future work should
continue to delineate the psychological as well as behavior pro-
cesses driving effects. Additionally, we note that we failed to
find support for Hypothesis 2 (no total effect on grades), and
we fail to replicate past work suggesting mindset interventions
work best for females in male-dominated fields (Hypothesis 4).
The main conclusion from the current work is that mindset
interventions may be better served targeting interest in the field
and could improve career interest for all students, not just those
facing threats.

Limitations

Despite practical and theoretical applications, there are limita-
tions worth noting. First, any multifaceted intervention leaves

ambiguity about which component(s) of the procedure drove
effects. For example, is a role model delivering a growth mind-
set-related tip for learning critical for shifting mindsets?
Bundled interventions such as the one offered in the current
work leave ambiguity about what aspect is most important.
Second, educational interventions are prone to contamination
because the “active” ingredients, in this case, a growth
mindset message, can be difficult to confine to just students
in the intervention condition. We, by necessity, assigned stu-
dents at the individual level (N = 493), rather than by class-
room (N = 16). Thus, students could have spoken to each
other about the information they received in each module. Such
contamination is difficult to discern and likely works against us
as it can reduce effect size estimates, introduce bias, and
decrease power (Keogh-Brown et al., 2007). Third, the students
in the current work had strong growth mindsets to start and thus
findings may not be generalizable. Future work should imple-
ment interventions earlier in the pipeline and/or should target
populations, cultures, or disciplines known to have weaker
growth mindsets to see whether effects replicate or are perhaps
even stronger (see Yeager et al., 2014).

Conclusion

We demonstrated that a computer science growth mind-set
intervention, aimed at promoting the belief that domain-
specific abilities can be cultivated, leads to gains in growth
mind-sets, fosters career interest, increases the value placed
on the field, and indirectly predicts grades. Based on our find-
ings, if the goal is to improve student grades or to close poten-
tial gender achievement gaps, growth mind-set interventions
may not be an optimal approach. However, if the goal is to
increase students’ desire to learn and their interest in majoring
in and pursuing a career in computer science, growth mind-set
interventions are a viable option. We hope this intervention
serves as a first step in future work that investigates the poten-
tial for growth mind-set interventions to be leveraged to
increase interest in fields with employment pipeline shortages,
like computer science, especially since the jobs of the future are
likely to be in these fields.
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Notes

1. These two students discussed the study in front of a research assis-
tant at the home institution, which is how the researchers became
aware. Results are the same if these two students are included.

2. Students willing to participate (N = 157; control condition, n = 81;
experimental condition, n = 76) also completed, as part of an unre-
lated student project, a game 1 week after Module 4. The only
assessment taken after the game are final grades. The game did not
moderate the association between condition and final grades.

3. We also included the 5-item growth mind-set assessment after each
module for a total of 10 items.

4. See supplemental files for growth curve and time series analyses
value and growth mind-sets—the two assessments administered
in the postmodule survey.

5. Results are similar with or without imputation.

6. We also see an effect on value such that women report less intrinsic
value than men. There is no main effect of gender on final grades.
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