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1. Introduction

Each release of international student assessment datastiuh PISAestbringsboth
professional and popular discussiafishe causes of national score different&sore
differences attrastidespread attention not only because of the national ranking aspect but also
because theprovide indices of skills that are important for battureindividual earnings and
national economic growthYet the underlying reasons for national differences in performance
are not wellunderstoodOne often discussed but seldom analyzed factarligral differences.
This paper, relying on newhwvailablemeasures of time preferences and attitudes about risk
across countries, establishes a clear case for an important linkage of culture and educational
performancend finds that international diffences in patience and rigkkingare strongly
related tanternational differences in student achievement.

Past researcfives a mixed picture of the sources of-@sire differences across countries.
Commonly available measures of educational resgwweh as aggregate spending, class size,
and teache(experience and educatiemplainlittle of existingscore variatiorf.On the other
hand, institutional characteristics of schegétens including tesbased accountability, local
autonomy, and privatschool competitioprovide some explanation s€ore differences.
Additionally, the role of parents and families is consistently strong, although quite variable
across countrie§.aken together, these aggregate factors provide a clear stylized pidtuee of
relative roles of families, resources, and school institutions as proximate inputgeinto
international variation in test scoréet, the deepestructural determinantsf international
differencesn societal choices afchoolinginputs andn the productivity with which they are
converted into educational outcomes remains poorly understood.

We focus orthe potential role ofultural differencesicrosssocieties asonstituting
fundamental determinants of student achieverdigf@rencesOur conceptual framework

combinegheusuallyseparate literaturesaboutoptimal human capital investment aaloout

1 TheProgrammdor International Student Assessment (PISA) of@ganisatiorfor Economic Ceoperation
and Developmen(OECD) provides test scores of random samples gfeBsold students on a thregear cycle
since 2000. Its latest installment in 2018 covers 75 countries (and feoosotyy regions, se@ECD (2019).

2 Achievement assessments are strongly related to both individual eakamgsshek et al. (2012017) and
international growth differences in the aggregétariushek and Woessmann (202215).

3 Details behind the following overall summary statements fravettisting research can be found in
Hanushek and Woessmann (2pathdWoessmann (2016b

4 One recent study finds that a portion of the-sestre differences across countries can be attributed to teacher
cognitive skills Hanushek, Piopiunik, and Wiederhold (2P19



educatiorproduction functiosin order to highlight the central nature of preferengsderlying
intertemporal decisiomaking At their heartedwational choiceandhuman capital investment
decisiors are inextricably linked to intertemporal outcomdsreoverwhile investment
decisions are generally viewed from the individual perspectiagy decisions on educational
inputsbin particular aboutesources and school institutiddaretakenat the groupevel rather
thantheindividual level, making it hard to disentangle impacts of individual preferences from
the cultural aspect of group preferences.

Two components afultural traitsare centrbto the relative valuation of net payoffs that
accrue in the presewmersusn the future: time preferences (patience) and risk preferences (risk
taking).Human capital investment decisions take time to effectuate and even longer before any
returns are r@ized.Just & the rewards for schooling investments require patience on the part of
the investornational differences in patience may filter through into national differences in
educational outcomeBecisions to invest inuman capitaélso involveconsiderable riskand
different channelsanging from chances of successfully completing schooling to variations in
wages and employment in the futyredict opposing effects of risktitudes Interestingly,
because of the focud optimal investmenttadies on labemarket outcomes, tireanalysis of
risk has completely ignored how risk might enter i@ production process itself.we focus
on the schooling processlementemphasizé in the crime literatureg(g.,Freeman (1999
come into playA culture of risk aversion majiscouragestudents from getting into trouble,
thusspurring their effort in studyingnd carryinghrough to theieducationaperformance
Importantly, the intertemporal nature of human capital investritemtherent riskiness, and the
interrelatedness of the two preference componenly that one cannot consider the impact of
patience withousimultaneously considering rigkking and vice versa

Our empirical investigationf these cultural linkagas made possible by¢recent
innovations in international preference measuremehRalik et al. (2018 Their Global
Preference Survey (GPS) employs experimental mearalidate survey instrumesithatcan be
used to collecsystematiaata on international differencessaveral preference parameteks
such, he GPS establishes scientificafjyounded measures of culture that provide a means to
test hypotheses ceat to models of human capital investment.

We combine the GPS data with PISA data on the educational achievement of thase to

million studentbservedn severnwavesfrom 2000-2018acros49 countriesThesedata allow



us to estimate international exiion production functions at the student level bnatg outhow
country differences in cultural traigdfectthe skills acquired by students.

Our baseline analysiinds a strongand competing relationship between the two
intertemporakulturaltraitsandstudentsO educational achieventeatience has a strong positive
and risktaking a strong negative association with test scdres.substantigbositive correlation
between the twamplies thatooking at these cultural values individuatiyves verymisleading
results and that is important to condition on the one when interested in the effect of the other

Together, the two aggregate intertempaordturalcomponents account for twhirds of the
variationin country average scorebhus,a significant portion of therosscountryvariationin
student achievementay be closely related to fundamental cultural differences that play out in
human capital investment decisio@mnsistent with a leading role of national cultures, the
associatios of cultural measures with individual achievement are much stronger for native
students than for migrant students who mowa the school system from another culture.
Moreover these findings arstable acrosseparatesubjects (math, science, and reagiand
subsampleOECDandnonOECD).

To explore the causal structure of these comastry associations, we turn to an
identification strategy thdbcuses orthe migrant students in the PISA dakaross48residence
countrieswe observe the country of origin of over 80,000 migrant studenits 58 countries of
origin with data on culturg~ollowing Figlio et al. (2019, we assign migrantsdens the culture
of their country of origirand study the performancerifgrant children from different cultures
observed in the sammesidencecountry We include fixed effects for eachsidencesountryin
order to separate the effec cultural factors from potentially correlated effects of the education
systems, economies, or otltmmonfeatures otheresidenceountry

Students from homeountry culturesvith anaggregate one standard deviation higher
patience perform abo80 percent of a andard deviation better in matvhereastudents from
homecountry cultures with one standard deviation highertagling performabout 30 percent
of a standard deviatiomorse.Consistent withan intergenerational persisterafdhomecountry
culture, results arlargerfor migrant students who spetile languageof their home country
rather tharof their currentresidenceountryat home. While tis migrant analysis cannot rule
out all potential biases in the cressctional aalysis robustness across differazguntry

samplessubjectsalternative cultural measuregefinitions of the migrant populatiodifferent



amounts oktudent testaking effort,andseveraladjustments fothe selectivity of migration
showsthatour results are insensitive to the most obvidtu®ats to identification

In order to investigate variowhannels through which cultural traitsghtinfluence student
achievementwe link culture to the proximate inputstbeeducation production functian a
final descriptive analysi®atience is significantly positively correlated with aggregate indicators
of family inputs, school inputs, and residual achievement differdmdesh likely combine
productivity differencesvith unobserved inpujsacross contries Risktaking is negatively
correlated with family and residual inpuBesults are consistent witllture working through
variousinput channels, with particularlyimportantrole forfamily and residual inputs.

Our analysi®f student assessment scai@ows the recent literaturgvestigatinghe
influence of cultural factors on economic behavior and outcdseessuiso, Sapienza, and
Zingales (200BandAlesina and Giuliano (20)%or reviews. With our migrant student
analysis, we also contribute to this literaturesO focirgengenerational transmission (e Bisin
and Verdier (201t Alesina and Giuliano (2034Chetty et al. (201)j. Paststudy of
international student achievemdnrats treatedulture largely as a source pbssible bias in
estimating the effects of different proximate inputs in a ecosmitry setting (e.gHanushek and
Woessmann (2001 Woessmann (2016p Herewe show the value adirectly addredag the
potentialy morefundamental rol®f cultural traits as underlying caus#fsachievement score
differencesn their own right, explainingreviously unanalyzedlements othe nature of
societal human capital investment decisions and the resulting human capital formation.

One central featre of our analysis is combinirigetwo artificially separatedtrands of
human capitaliterature: optinal investmentecisiondy individuals and theducational
productionprocess for skill developmenthe human capital investment literature following
Mincer (1958, Becker (1964 Ben-Porath (196Y, and others has measured human capital by
individualsO years of schooljreguating skildevelopment directly tthe time costs of the
investment. Human capital investmeateportrayed as an individual intertemporal optimizing
decision involving varying time commitments over the life cycle. The education production
function literature on the other hand focuses on individualsO qualitative skill differences,
generally looking aindividuals with the same investment of school years but with different
investment inputs by the individuals and by public entities (Hanushek (1986. With some

variations, the relevant skills are related to inputs of the individual and fandilgfethe public



through various aspects of schooling. We believe that these two lines of research are in essence
looking at the same isstiEhow human capital investment decisions translate into differences in
economically relevant skilldt is possibldgo gain insights into the deeper forces affecting skill
differences of individuals and natiobg treating these lines of research jointly

We contribute to the literature @meferences and behavior which emphasizes the roles of
time preferences (e.@gutter et al. (2013 Golsteyn, Grsngvist, and Lindahl (2014iglio et al.
(2019), risk preferencege.g.,Levhari and Weiss (197% and theiinterrelatednes&.g.,
Halevy (2008; Andreoni and Sprenger (201 Zastillo, Jordan, and Petrie (20190ur analysis
also relates to workin longrun comparative development (e @alor and ...zak (20),6
Dohmen et al. (2099 and immigrants (e.gAbramitzky and Boustan (20))7

The next section provides a conceptual framework tisatigdses how cultural traits related
to intertemporal choices enter the human capital production model. Section Bektkerdata
on human capital outcomes (PISA scores) and on cultural differences in time and risk
preferences (GPS data). Section 4 tmpethe baseline estimates of the relationship of culture
and human capital across nations. Section 5 delves deeper into the causal structure using the
analysis of migrant outcomes. Sectioaxploresthe association of culture with proximate input

factors as possiblehannels of the culturachievement relationship. Section 7 concludes.

2. Conceptual Framework

Our analysis of international differences in test scores is motivated by a desire to understand
how different national culturesontribute to vaations in human capital across nation& start
by depicting educational choices ithaman capital investment model with intertemporal
preferences ncorporaing several prior lines of inquiry into human capital investmésgstion
2.1). We then focusn the production of skills in order to understand how cultural traits affect
the individual and public choices of inputs into the education production function and the
ultimate set of skill§section 2.2)Finally, we provide @eepediscussion ohow pdience and

risk-taking enteseparately and jointlyto intertemporal decisiomaking(section 2.3)
2.1 Education as Intertemporal Choice

Educatioral decisions arfundamentally an intertemporal choice: initial investments of time,
effort, and resourcemreset against expected futugains Earlyhuman capital modsglthus

directly relateceducational returns andvestmerd to the rate at which future earnings are



discountedNincer (1958 1974; Becker (196%). Furtherdevelopmenbf modern human capital
theorynaturally moved t@ptimal investmentlecisionsof individuals focusng onthe
maximization of lifetime earningand stressing the time dimension of investm@éstPorath
(1967, 1970; Heckman (1978 Rosen (197§. The focus on a representativelividual with
perfect foresighprecluded ay deepe consideration of individual differences in intertemporal
preferences. Given the intertemporal optimization decision, however, the twapoefer
components related to balancing the present and the ftumne and risk preferencé&are
crucial inunderstanihg individual educational choices

Surprisingly little explicit attention has been given to individual willingness to postpone
gratification captured in patienceven though it is obviously a key element in the educational
investment decision and thus in the earnidig&ibution Detailed consideration oisk, by
contrast, has entered human capital modeling at least since the camtsliny\Weiss (1972
andLevhari and Weiss (1974

The models of optimal human capitavestmentalmost alway$ocuson decisions abouhe
guantity of education, whichecomeshemeasure of individual skills his focus has been
natural given the availability of data and the consistency with the view of human capital
investment as one of tim&he perspective has been extrapadily sucessful The basic
lifetime earnings model dflincer (1974 has nade years of schaal virtually synonymous
with human capitaih a wide range of empirical studieééet, school quantity is an imperfect
measure of the underlying skill development trascribes the optimality of downstream
quantitative decisions in mets of skill formation Cunha, Heckman, and Schennach (2p10

and thahas future payoffs on the labor markdafiushek and Woessmann (208

2.2 Human Capital Investment, Educational Production, and Culture

Direct investigation ofhe production of skillhas @&veloped mostly separately from the
study of optimal human capital investméAanushek (1980. Research into skill development
during the production stage focusesvdmat is actually learned, generally measured by
achievement tests (rather than tinee spent in schooP This research almost exclusively

considers issues of technical efficiency of input usageoatite productivity of different inputs

5 Our focus on achievement scores does not imply a different interest from the school attainment work. We
view the intermediate measures of adolescentsO achievement as a good index of the ultimate skills of completed
human capital investments. As an altgive, theProgrammeor International Assessment of Adult Competencies
(PIAAC) measures the cognitive skills of adults, but analysis is hampered by limited country coverage.



Pwithout relation to human capital investment beha%But in reality, the education production
function depics how chosen inputs relate to human capdalhe observed proximate inputs to
skill development arthemselveshe result of human capital investment decisions.

Further, even though the canonical human capital production model defistaski
function of family and school inputs,is difficult to presume that these measured outcomes
perfectly reflect the optimizing decisions of pareftse process of skill acquisition involves
numerous acto®including thestudentshemselvestheir peers and friends, families,
neighborhoods, teachers, school principals, and sBamhpresumablys optimizing over a
different value functinthatmay includedifferent intertemporal preference parametBecause
of different assessments of tloeg-run value from human capital investments and different
valuation of present versus future costs and paydifiiren mayfor examplechoose effort
levels according to a preference faaying football or computer gamesver studying matin a
way tha diverges from what parentdeem optimal in their mamization calculus.

Importantly many of the relevant educational investment decisionscawallymade at the
group levelHow much to invest in school resourdégsisually publicly choseat the muicipal,
state, or country level. Similarly, the institutional structures of school sy&é&masures such as
schoolaccountability, autonomyndchoice which have been shown to matter greatly for
student outcomegi@nushek and Woessmann (2M/oessmann (201¢pbare decided upon
at the group level, and in most countries at the national l&sel.consequencaggregate
societal intertemporal preferences will affect many parts of the education production process,
makingthe set of preferences shared by the gimymortant.

Therefore, in this paper we change the perspective from individual preferences to group
culture.Guiso, Sapienza, and Zingales (20Q6 23, define culture as Othose customary beliefs
and values that ethnic, religious, and social groups transmit fairly unchanged from generation to
generation.O While differetiteoretical ad empiricalconcepts and definitions exigtlésina and
Giuliano (2019), relevant cultural values encompass the set of preferences shared by tH2 group

including the intertemporal preferendbst wedeem imjprtant for educational choicés.

® There are exceptions, for example, when the choices of parental investmealataceto other inputs in the
production functionKim (2001); Todd and Wolpin (2003.

7 Children mayalsobe less willing or able to solve the dynamic optimization problem, leading to behavioral
biases that prevent them from pursuing their own-amgweltbeing (avecchia, Liu, and Oreopoulos (2016

8 The concept of culture is related to the concepts of values, preferences, and personality traits and sometimes
even subsumed in noncognitive skills, and the interrelations and distinctions between the concepts often remain



A key element of the existing cultural analyses is an emphasis on values that are transmitted
persistentlyacrosggeneratios (Bisin and Verdier (2011 Alesina and Giuliano (20 This
persistent transmissianotivatesour empirical strategy belothatlooks at measures of culture
in the home countries of migranEmpirically, looking at migrant$iving in the sameesidence
country allows us to distinguish cultural factors fromestfeatures ahe residenceountry such
as institutions and economi&sgroll, Rhee, and Rhee (199&iuliano (2007; Ferntndez and
Fogli (2009; Figlio et al. (201Y).

Recogniion of intergenerational transmissialso suggests some care in the specification of
empirical models because common family factors neélgct cultural feature®nalyses of
educational production functiomwvhether within or across countrisEommonlyinclude
measures of parental educat{erg.,Hanushek (1986 Hanushek and Woessmann (2)1But
if national cultures influence human capital investmpatents@alized educational patterns
may proxy the culture of tirecountry.As such, theynay partially be bad controls in the study
of culturebecausehey absorb part of thafluence @ cultural factors

More generally, a countryOs culture may affedhpilts in the education production process
bon both the family and the school silas well as the overall productivity with which these
inputs are transformed into educational outcomas dorceptualization implies thanalyses of
the effect of culture on student achievement should use very parsimonious specifications of the

vector of control variables contained in #ducation production function.
2.3 Patience, Risk-Taking, and their Interrelatedness

While culture can encompass a wide variety of common traits, our intenetgriemporal
decisiongelated tceducational investmentsads us to focus dwo specificcomponentstime
preferences and risk preferences.

Time Preferences. Thecentral role of the discount rate in models of optimal investment in
human capitaimplies thattime preferences are a key elemeinthoices abouwhether to invest
additional time, effort, and resources in improving educational outcomes. Presdoenuagyoffs
in different time periods are reflected in patience, the trait of having a low rate of time

discounting. For example, students must consider whether to give up play time with friends

vague.SeeAlmlund et al. (2011for an extensive discussion of the relationship between personality traits and
preferences.



todaybthe opportunity cost of studying in the afternd@ior higher rewards in the future, such
as graduating from school with better grades or the opportunity to receivegdasfitey jobs’

It is remarkable that empirical studies only recently have begun to link validated measures
of time preferences amostudentsdirectly to educational outcomes. For exam§latter et al.
(2013 show that experimentally elicited measurepatienceamong Austrian children are
significantly related to field behavior, including reduced violations of schoolsO codeoéi8n
Using longitudinal Swedish dat&plsteyn, Grinqvist, and Lindahl (20find that adolescentsO
time preferences are associated with human capital investmeriifetamd outcomesCastillo,
Jordan, and Petrie (201.8how that experimentally elicited measures of discount rates among
students in a school district ihe U.S. State ofGeorgia are significantly related to higbhool
graduation. Combining thidofstede (199)lcultural measure with migrant students in Florida
schools as well as with the PISiata,Figlio et al. (2019show that students from cultures with
greater longierm orientation perform better severaimeasures of educational achievement.
At the macro levelGalor and ...zak (201L&ndDohmen et al. (20)%how that time preferences
are importantly related to economic and educational outcomes in the lotfg run.

Risk Preferences. Beginning with the empiricaltgdy of occupational choices Wyeiss
(1972 and the theoretical analysislievhari and Weiss (1974a stream of stuelsof human
capital investmentsxplicitly introducedvarious components of uncertainty airsk. In avery
general waylLevhari and Weiss (1974onsidera range of risky elements that occur at the time
of investment decisions including future supply and demand condésongllas knowledge of
oneOswven ability, of how time and money convert into human capital, and of the quality of

schools along the investment paflhey showthat it is not possible a priori to determine how

9 As such, patience is closely related to similar concepts employed in the study of traits among children, such
as the willingness to defer gratification as measured, e.g., by the famous Omarshmallow tédiszlielgShoda,
and Rodriguez (1989 selfcontrol Moffitt et al. (2011), or perseverance and grit (e Quckworth et al. (200)7.

10 Alan and Ertac (2008ndAlan, Boneva, and Ertac (20i1$how that measures of patience and grit are
malleable to classroom interventions.

11 Mendez (201pshows the potential relevance of culture for student achievement using a principal
component from eleven different value questions in the World Values S(M#é$) with migrant students in seven
host countries in PISA, but the appch does not delve into specific cultural traterdero et al. (20)8nclude
WVS measures in efficiency measurement of school systems in PISA.

2while formulated from a different perspective, a recent literature suggests that student behavioral differences
related to effort, care, motivation, and perseverance may impact country test scorBsr@hgns and Schils
(2012); Balart, Oosteveen, and Webbink (20);8Akyol, Krishna, and Wang (20)8Gneezy et al. (20)9Zamatrro,
Hitt, and Mendez (20)®. These behavioral differences may in turn reflect underlying cultural differéiees.
return to the role of student teaking effort in bbustness analyses below.



risk affects human capital investment incenthasonclusion reiterated ithe extesivereview
by Benzoni and Chyruk (20)5n line withthe indeterminate nature of the impact of riskher
earningsvariancein highereducated jobs may give rise to a positive associatbmeen risk
taking preferences and investment in higher educéign Hartog and DiaSerrano (2007
2014), whereadower unemployment riskf higher-educated jobée.g.,Woessmann (201%a
may give ise to the opposite associatidrocusing orstudent behavicand drawing on insights
from the economics of crim€astillo, Jordan, and Petrie (20 E¥guethatrisk-lovingnessmay
deter educational effolty favoring misbehavior iradolescencé# there is uncertainty about
getting caught by teactsor paent.

Existing enpirical evidence on the association between risk and human capital investment is
closely related to thgpecific components of risk considered in individual studiissng U.S.
data,Brown, Fang, and Gomes (20Q11ggest that greater risk aversion leads to more
investment in higkschool edcation compared to less than high school but less investment in
college compared to high schoAlnalyzing both wage and employment uncertai@noot and
Oosterbeek (199Zind differentresultson returnsby type ofschooling (vocationabr college) in
the U.S. and the Netherlands, wifleerselman and Uusitalo (201#nd little differential effect
of lifetime income variability on different schooling choices in FinldralaciosHuerta (2003
compares human capital risks to financial assets riskletedtsvide variation in riskadjusted
rates 6 return.Using direct measures ohildrenOdsk preferencesSutter et al. (202Find little
evidence of associations with field behayiwhereaastillo, Jordan, and Petrie (2Q0Ehowa
negative association of rigkking preferences with higsctool graduationt3

The Interrelatedness of Time and Risk Preferences. While much of the prior literature has
consideredime and risk preferences separatddghavioral economidsas emphasized tire
inherent interrelatednessince only the present can @ertainandthe future always contains an
element of uncertainty, it is inescapable that the two prefemmponentsre intertwined
(Halevy (2008; Andreoni and Sprenger (20024

An important implication of tils interrelatedness is the need to control for thepyaterence

componentvhenstudyingthe effect of the othen fact, because mangf the studies of risk

B There is also evidence of associations of patience and risk with intelligence among adults, again with mixed
evidence on riskfohmen et al. (201,2018; Potrafke (2019).

¥ Their particular formulation has been questioned, but the basic concept seems clear. See the exchange in
Cheung (201p Epper and Fekbuda (201%, Miao and Zhong (2035 andAndreoni and Sprenger (2015

1C



taking do not control for pance this interrelationshipnayhelp explairthe reasons for the
divergent empirical effects of risk on investment. Even more, givea gi@riindeterminate
direction of the effect of riskaking in the human capital production function, the direation

bias when estimatintdpe effect ofpatience without considering rig&king isalsounclear.

3. Data

Combina internationaldata onstudentachievementrom theProgrammeéor International
Student Assessment (PISgection 3.1andon preferencefrom the Global Preference Survey

(GPS section 3.psupport ouinvestigaton of how cultural traits relate to student learning.
3.1 The Programme for International Student Assessment (PISA)

The Organisatiorfor Economic Ceoperation and Development (CP) has conduedthe
PISAinternational student achievement teisice 2000PISAassesseachievement in math,
science, and reading of representative random samplesyefatbld student®independent of
grade levebr educational trackttendedon athreeyear cycle QECD (2019).'° PISA
provides repeated crosgctional data thatrerepresentative in each country-wave cell, and
only reports data for countries that meet the OECDOshigpling andlataquality standards.

Over the sevewaves of FSA testing, 2002018, a total of 86 countries participated in the
PISA assessment at least orfoar baseline crossountry analysis considers the subset of 49
countries that are also covered by the Gs&dolumn 3of Appendix Table AXor alist of
countries)In total, our baseline analysis uses achievement data from 1,992,276 stushents
263 countryby-wave observations.

In our migrant analysis, we can include migrant students imr@sigenceountryas long as
PISA identifies theeounty of originandGPS datare available for that countryhe entire2000
PISA wave drops out of this analysis as it does not provide informatistudants€ountry of
origin. Still, the countryof-origin perspective atis approactallows us tancrea the total
number of countries considerembvering 80,398 migrant students (and up to 145,506 in a wider
definition) from 58 countries of origin (columndd Appendix Table Al) observed in 48

residencecountries (column 4)As the samplgof countrieghat can be includediffers between

15The sampling in most countries proceeds in tteps First, arandom sample of schools that teachy&&r
old students is drawn using sampling probabilities that assure representativeness. Setoddn5aged 15 years
are randomly sampled in each school.
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baselineanalysis, residence countries in the migrant analysis, and countries of origin in the
migrant analysisthe different parts of our analysis wa froma total of 86 countries, 71 of
which participated in PISAnd 64 of which have GPS ddgtalumrs 1 and 2.1°

To create comprehensiveeasuresf studentsO competencies, PI8#students complete a
broad array of tasks of varying difficulty in assessments that last for up to two hours. The testing
mode was paper and pencil until 2012 and changed to confjaged testingn 2015. PISA
achievement in math, science, and reading wmredardized to a mean of 500 tesbre points
and a standard deviation of 100 tesbre points for OECR2ountry students in wave 200é&nd
rescaled on the same metric again in 2003 in math and in 2006 in scWeadiyide PISA
scores by 100 throughbto express achievement in percent of a standard deviAsaarule of
thumb for interpreting PISA scores, abaujuarter to a third of a standard deviatomrespond
to the learning gains of one year of schoolMpéssmann (2016 Appendix Table AZhows
descriptive statistics afountrylevel PISA achievement ithe three subjects

In addition to achievement datlSA elicitsbackgroundnformation on studerdand family
characteristics using student questionnamssvell azontextuainformation on school
resources and the institutional environmesihgschool questionnaires completed by school
principals. Fron these rich background data, we select core control variables for our regression
analysis. At the student levéhese argender, age, migration status (first and second
generation), parental education (six categories), parental occupationgfegories), books at
home (four categories), computer for sch@olk at homedqummy), andother language than the
test language spoken at hofdemmy). Schootlevel controls includschool location (three
categories), school size, share of fully certifieachers, and shortage of educational material
(dummy). At the country level, wencludeGDP per capita, share of privately managed schools,
share of government fundirf schoos, central exit examslammy), and a schoehutonomy
index The share of ms&ng values for these covariates is generally very oxg@raging

percent We impute missing values of control variables using the respective ciwynirgve

16 The complex structure of country inclusion is explaiimegreater detail in the note to Appendix Table AL.
In the migrant analysisountries can be included gessidencecountries even if there are no GPS measures for them
(as long as they participated in PISA and have migrant children from countries oftbagparticipated in the
GPS)and as countries of origin even if there are no PISA measures for them (as long as they participated in GPS
and have OsentO students as migmmESA-participating countrigs
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mean and include imputation indicat¢omiedummyper control variable that equals one if the
respective variable is missing and zero otherwils@ur regression analysts.

3.2 The Global Preference Survey (GPS)

The newly available Global Preference Survey (GPS) provides validateejuagty data
on several preference parameters collected fepresentative samples in 76 countriesl et
al. (2019). It was conducted within the framework of the 2012 wave of the international Gallup
World Poll, an annual survey on social and economic topics. Using prob#laisied sampling,
the GPS covers a representative sampleacafrad 1,000 respondents in each country. In our
analysis, we collapse the GPS data at the country level to retrieve one representative measure for
each preference parameter per countryotal, we use GPS dattam 64 countries in our
analysis (column 2f Appendix Table A1P49 countriesn the baseline crogountry analysis
(column 3) and 5&scountries of origin in the migrant analysis (column 5).

The GPS usesvelvesurvey items to measure preferencesixrdomains: patiencandrisk-
taking(the two preferenceomponentsinderlying intertemporal decisieanakingthat are our
main focus henepluspositive reciprocity, negative reciprocity, altruism, and trust. The survey
items were selected in an-arte validation exercise based on theirighib predict incentivized
choices in a controlled laboratory settitffgzor most preference domainsistexercise Id to the
selecion of a combination of one qualitative survey question and one hypothetical choice
scenario. For instance, the qualitatbtevey item to measure patience elicits respondentsO
answer to the following question on angddint Likert scale: Bow willing are you to give up
something that is beneficial for you today in order to benefit more from that in the future?Q The
hypotheti@l choice scenario for patience entails a series of binary decisions between 100 Euro
today or a higher amount in 12 monthSugpose you were given the choice between receiving a
payment today or a payment in 12 months. We will now present to you five situations. The
payment today is the same in each of these situations. The payment in 12 months is different in
every situation. For each of these situations we would like to know which one you would choose.

Please assume there is no inflation, i.e., future prices are the same as today’s prices. Please

71n the few cases where a covariate is mgg$or an entire wave in a given country, we impute by averaging
over the countryOs other PISA waves. Dropping these cdayrtvgive observations as a robustness check does not
affect our results (results available upon request).

8 1n the validation exeise,students at the University of Bonn took differententivized decisions and
answered numerous survey questions for each prefedentain Falk et al. (201§.
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consider the following: Would you rather receive amount x today or y in 12 months?O The
validationexercise was used selectsimilar survey questionfor the other preference domains
(seeFalk et al. (201pfor details)!® For each domin, the selected survey items are then
combined into a single preference measure using weights from the validation procedure. The
GPS dataset does mbvideresponses to individual items, so we use the available combined
preference measures in our asay

Larger values of patience mean the individual is more likely to accept deferred gratification.
Larger values of riskakingmean that the individual is more likely to take risky outcomes
compared to certain outcomd$e GPS datasebntainsonez-standardized variable for each
preference domain. Standardization is conducted at the individual level so that each preference
has mean zero and standard deviation one in the indivielelworld sample. For the purpose
of our analysis, we-standardizeach individual preference measure in our respective analytical
sample and collapse standardized preference measures at the countApjexedlix Table A2
presents descriptive statistics of the resulting data.

Consistent with the interrelation emphasian the behavioral literaturpatience and risk
taking arestronglypositively correlatedh the GPS dateFigure 1 depicts thcrosscountry
association between the two preference components #8tbeuntry sample of ouraseline
analysis, where thgignificantcorrelation is 0.358Appendix Table A3 shows countigvel
correlationdor all preference measuraa&/hile patience is not significantly correlated with the
other fourGPSpreference domain@lthough there are marginal correlations with negat
reciprocity and trust)there is a significant correlation of rithking with negative reciprocity.

The GPS has several important advantages over alternative international eathsets
proxies for cultural traitsbecause it provides scientificallglidated measures of the two
preference components underlying intertemporal decisiaking from representative samples
for a large set of countrieShe closest alternatives are the World Val8arvey (WVS) and the

Hofstede (199)ldatg both ofwhich provide survey data on attitudes, beliefs, and personality

19 Exceptiors aretrustand negative reciprocityvhicharemeasured usingne and threqualitativesurvey
questions, respectivelfFor risktaking, the qualitative Lpointscale question isZgeneral, how willing are you
to take risks?O The quantitative staircase measure is based on the queatiose fragine the following situation.
You can choose between a sure payment of a particular amount of money, or a draw, where you would have an
equal chance of getting amount x or getting nothing. We will present to you five different situations. What would you
prefer: a draw with a 50% chance of receiving amount x, and the same 50% chance of receiving nothing, or the
amount of y as a sure payment?Q
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traitsacrosscountries. While the WVS is based on representative samples, the Hofsteaie data
mainly based on IBM employees aanot representativémportanty, in contrast to the GPS,
the validity of theproxies for patience, ristaking, and other cultural damsfrom these

surveys is unknowr’ Reinforcing thenigh quality of the GPS datRalk et al. (2018show that

the GPSpatience measure is more predictive of comparative economic development than the
measures of lorterm orientatiorirom the other two datasetsiterestinglythe correlation®f

the GPS measuresf patience and riskakingwith their respectiveproxies in the WVS and
Hofstede datasgtre limited The correlatios of GPS patiencwith the WVS and Hofstede
long-term orientatiormeasuresre-0.060 and).247, respectively, and statisticaihgignificant
(Appendix Table A3)The correlatios of GPS risktakingwith WVS risk-takingandHofstede
uncertainty avoidancareonly slightly stronger a0.239 and-0.302 respectivelyFor our
robustness analysdgmweverwe investigatehe WVS and Hofstede dats alternative measures

for patience and riskaking (see secti@#.3 and 5.3).

4. Culture and International Differences in Student Achievement

Our analysis begins with a descriptiortloé associatiorof student achievementith
patience and riskakingacross countrie§Ve introduce theempirical modebf an international
education production function (section 4.1) and reportbaseline resul{section 4.2and
various pbustness analgs(section4.3). Thesedescriptiveresultsguide oursubsequent analysis

of the causal structure of the crassuntry associations section 5
4.1 Empirical Model

Our empirical approach contrasts with most empirical investigations of educational
production @inctiors thatinclude a long list of possible variables in order to soak up potential
impacts of families, schools, institutions, and cult@®ing interested imorefundamental

determinants of differences in educatbachievement across countrie® usethe

20 For instance He best proxy for patience fthe WVS is an item on Oloterm orientationO that asket is
a list of qualities that children can be encouraged to learn at home. Which, if any, do you consider to be especially
important?Q and is coded 1 if the respondent selects the iteift, Quving money and thingsO, and 0 otherwise. The
Hofstede dataset contains proxies for kbegn orientation and uncertainty avoidance that are composed of
collection of four qualitative survey items each, several of which appear somewhat unrelated to the concepts that
they mean to measure. For example, aTgn orientation includes an item oH& proud are you to be a citizen of
your country?O and unceainty avoidance includes an item ofViGn all, how would you describe your health these
days?0 (see footnote 7 Falk et al. (2018for details).
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parsimonious specificatioof an education production functidimat models the output of
education asentrally determined bgultural traits:

By U2=PEAIUMOG USyok &+ Yo, (1)
where achievemernt of student in countryc at timer is a function of the two intertemporal
cultural traits of the countrya parsimorous vector of baseline contra@#gstudent gender, age,
and migration statgsandan error termg,. Fixed effects for test waves account for average
changes over time along with any idiosyncrasies of the individual @stoefficients of
interest are ; and > which characterizeéhe relationshifpetweerthetwo cultural traits of a
countryOs socieBpatience and riskakingDand stident achievement.

To account for the countigvel nature of the main treatment variabies cluster standard
errors at the country level throughout. All regressions are weighted by studentsO sampling
probabilities within countrieand giveequalweight to each country.

Becauseulture is a multifaceted concejitis important to ensuriat the associations are
not driven by other cultural featureppendix Table A3 indicatdittle interrelatedness of the
two intertemporal culturataitswith other cultural domaindonethelessn some specifications
we control for theadditional cultural factoref the GPS data

Estimates of education production functions usually contain measu@®xanate input®
family inputs, school resources, amdtitutional featuresto the extent that these proximate
inputs arehemselveshe outcomesf intertemporal choice decisions, they would be bad
controls in a model depiag the overall effect of intertemporal cultural traits on student
achievementincluding proximate input factors in our modebweverprovides a descriptive
evaluation of the importance of these input channels and shows the robustness of the culture
achievement association¢onsideration of variation in input factors that stenmfiather
sources. Therefore, we also report specifications that ineltide set of control variables for

proximate inpit factors that would generally be included in education production functions:
Giot U2=PEAFTMBO G USust U(uok Yok bbd &t Yoo (2

which additionallyincludesmeasures ahe inputs from studentOs familigsschoolss, and

institutional structures of school systems
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4.2 Results of the Baseline Analysis

Our baseline analysis of the association of student achievement with culturaldrass
countriess shown in Table IThe first panel usemathachievement on the 2015 PISA tBdhe
first PISA wave after the elicitation of the GPS data in 2DtRthe crosscountry regression
analysisof equation (1)

Results indicatemportantand intertwined roleof patience and riskaking in international
student achievement/hen entered individually, there is a strargl significanpositive
association ostudent achievement with patience (column 1) and a weaker and insignificant
negative association with rigkking (column 2)Strikingly, both associatiagbecome much
stronger (in absolute terms) and statistically highly signifiedrenthe twoculturaltraitsare
consideredogether(column 3) highlighting the importance of accounting forithe
interrelatednes#\ one standard deviatidis.d.)increase in patience is associated with more than
a ones.d.increase in student achievemenmhereas the samecrease in riskaking is associated
with more than a ong.d.decline in student achieveme@onditioning on the other cultural trait
is particularly relevant in the case of riglking: That part of the variation in rigkking that is
unrelated to pa&nce has a strong negative association with student achievement.

The results on the two intertemporal cultural traits arelpaffiected when takinmeasures
of othercultural traitsinto account (column 4)n fact, rone of the other four GPS measues
positive reciprocity, negative reciprocity, altruism, and tRistquantitatively or statistically
significantly associated witstudent achievement across countries. Tthescultural
componentslirectly linked to ntertemporal decisiemaking,rather than other preference
domains, appeanostrelevant for educationalchievement

Pooling the achievement data of all PISA waves (2B01B)is justified because culture by
definition is focused on traits that are fgidnchanged over the long ruvioreover, the vast
majority of country variation in PISA scores is betweenntoes rather than over timeooling
extend the country sample and prov&i@ore precise measures of leng educational
achievementGoing fomthe 2015 wave to the pooled sexgave samplexpand the country
coverage from 41 to 49 countries and the student sample from just over 300,000 to nearly 2
million. Interestingly, results in the expanded sample (columns 5 zaré Gualitatively the
sane as in the 2015 PISA wave, indicating that the pooled analysis is not affected by the relative

timing of the observation of cultural and achievement data.
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The interrelationship dhe intertemporal cultural traiesid achievemens depicted
graphicallyin Figure 2.The upper panel shovggmplebivariatescatterplotbetweeraverage
PISA math scorefpooled across all waveahd the GPS measures of patience (left) and risk
taking (right)at the country levelThere isa strong positive associatiohstudent achievement
with patienceand a weaker and less precise negative one withaksikg. At the country level,
the R’s of the underlying regressions suggest that patience alone accounts for 40.9 percent of the
crosscountry variance in achievementhereas riskaking alone accounts for only 6.2 percent
of the varianceBoth associations become much stronger and more precisecasgitioning on
the respective other cultural trait in the lower p&hdlhe two cultural traits togethaccount for
two-thirds of thevariancein average student achievemaotoss countrie@R’ = 0.672)

Interestingly, thigs substantially larger thahe sum of explained variance accounted by the two
measures separatelynderscoring thenterplayof the two cultural trigs. The figures alsshow
that the overall associations are not driven by any strong outliers.

The coefficient estimates on the two cultural traits remain large and statistigly
significant, but are reduced in size, when adding controls formedgiinputs to the model
(columns 78 of Table 1) As discussedbove the extended set of controls for family, school,
and institutional inputédescribed in théable notes) are likely bad controls because thewre
outcomes of the deeper cultural trafthe reduction of the coefficienbn patience b9 percent
and on risktaking by 3 percentwhen comparing columns 5 andiB)this cescriptiveanalysis
indicates that a substantial part of the overall effetctee two cultural traits may work through
the channels of these proximate inputs. We provide a closer analysis of the association of the
different input factors with the two cultural traits in section 6 below.

If culture is driving the achievement resllone would expect the resideramintry culture
to be less important for migrants whose parents are less steeped in thaboultwieose
exposure to the new culture is le¥ghen we look separately at native students and migrants, we
find amuch strogerrole of residencecountry culturdor nativestudents than for migrant

studentsTable 2 shows that among native students, asa@hancrease in patience is associated

21 The added/ariable plotin the lower left panek createdy first regressingpothvariables fath
achievement and patierjoenrisk-taking. The residuals of the two regressions are then plotted against each other.
These residuals represent the part of the variation in both variables that cannot be accounted fakingrisk
assuring that riskaking does not drive the depictasglsociation. This exercise is numerically equivalent to
regressing math achievement on patience and includingaligkg as a control variable. The equivalent procedure is
used in the lower right panel.
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with 1.30s.d.higher achievement, and the same increase iftalskg is associatl with 132
s.d.lower achievemen(column 1) By contrast, among students with a migrant background the
association is much lower @@ s.d) for patience andnly marginallysignificant(at 0.37 s.d.)
for risk-taking (column 2y2

The difference in results between students with and without migration backgronticiés
with a leading role ofultureas adeep determinant of student achievematiter tharother
unobservedchoolingfactors of the countryt also motivates our igrant analysidelow that

considers the cultural traits of the countries of origin from which the migrant students migrated.

4.3 Robustness Analysis

Country subsamples. To test whether our main results differ by level of development,
columns 3 and 4 dfable 2 presergeparate regressions fOECD countries and ne@ECD
countries, respectivelyneasured as ever belonged to OECIEe qualitative pattern of our
findings isvery similarand does not differ significantly between the subsamples

In addtional subsample analyses, weastimatedhe pooledmodels in Table {columns 5,

6, and 8)excluding onevaveor onecountry at a timeQualitative results are insensitive to this
alteration.The coefficientson patience and ristakingremain significat in all these regressions
(not shown).

Additional subjects. Results are also very similar for achievement in science and reading
rather than math (columns 5 and 6 of Table 2%cience, @nes.d.increase in patience (risk
taking) is associated withtastscoreincreasgdecreaseby 1.12s.d.(1.17 s.d). In reading, the
corresponding coefficiens 1.11s.d.(1.13s.d). Thus, the reportedssociationsire universal in
thesense that they do not dependagparticularsubject.

Accounting for test-taking effort. One interpretational concern with lestakes
achievement tests such as PISA is that they might not only measure studentsO cognitive skills but
also theireffort on the test itselfvhich in turnmay depend on studentsidscientiousness
intrinsic motivationandotherrelated skillfe.g.,Borghans and Schils (20¢ 2Akyol, Krishna,
and Wang (2018 Gneezy et al. (2022 Amonga number of measures of studentsGtakstg
effort derived forthe 2009 PISA wavye&Zamarro, Hitt, and Mendez (20[l8nd thatthe extent of

item nonresponsghe share of unanswered questidnghe student background questionnaire

22 Students are classified as migrants if both pareere born abroad. The migrant analysis in section 5 shows
that our findings are insensitive to alternative definitions of the migrant population.
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thatfollows theactualachievement testxplains the largest share of cra@ssintryvariation in
test scoresWe construct this measui@ all PISA waves to test whethtire strong association
of the two intertemporadulturaltraits with PISA achievement partly refletdwer testtaking
effort amondesspatient andnorerisk-taking sudents The measure of tesaking effort is
indeed significantlyassociated with thivo cultural traits: Countriewith lower patience and
higher risktaking preference have higher item nonrespamsthe background questionnaire
The bivariate associain of testtaking effort with patience is particularly strong-@229

While testtaking effort is indeed relevant foweralltest achievement, it does not alter the
results for the two cultural traittdividual students@im nonresponsateson thebackground
questionnairaegatively predict achievement on the math test (coltiofTable2). But the
coefficients on patience and ritkking hardly change. The same is true wiveradditionally
control for averagéem nonresponsef the country (colmn 8). This is despite the fathatitem
nonresponse hasibstantial quantitative relevance: At the country level, the coefficient estimate
suggests that going from the country with the lowest (0.010) to the highest (0.108) average share
of unanswered items in th@ckground questionnaidecreases the averagéSA score by 0.40
s.d.lt seems that the issue efttaking effort, while relevant, ispecific to lowstake testaking
and does not intervene with the more fundamental cudtcineevement nexus.

Alternative cultural measures. Given the rather vague msurement of the underlying
intertemporatoncepts in the WVS and Hofstede datasets (section 3.2), we areriédent
aboutthe validity ofthese alternative measures of cultural tr&tdl, Appendix Table A shows
thatthe WVS cultural measures yikeh similar pattern of a positive association of student
achievement with longerm orientation and a negative association with-tagkng (column 1)
Using theHofstede measusglong-term orientation is significantly positively associated with

student ahievement, whereas uncertainty avoidance is insignificant (colurfin 2)

5. Exploration into Causality: Migrant Analysis

An obvious concern with crosuntry regressions of student achievement on cultural traits
is that a countryOs culture is likely correlated with atréttedcountry characteristics, such as

legal or economic factors. While some of the variation in thesatry factors may be the

2 1n a specification that includes all cultural measures from the GPS, WVS, and Hofstede togetheg, only th
GPS measures of patience and-tesking remain large and statistically significant, whereas the WVS and Hofstede
measures lose their statistical significance (not shown).
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outcome of the cultural traits and thus constitute channels rather than omitted variables, there
may also be independent variation that happens to be associated with the cultural measures. For
instance, a culture of patienaeght foster the economic development in a country more broadly,
making it impossible to distinguish whether a positive association between patience and student
achievement is due to patience per se or rather bettebamlj. To address concerns about the
causal interpretation of the baseline analysmsexplorean identification strategy that analyzes
cultural differences amonmigrants.The empirical strategy is introducedsaction 5.1

followed bythe main resultg section 5.2and robustness anaégin section 5.3
5.1 Empirical Model

If patience and riskaking truly are cultural factors that affect educational investment
decisions migrantswith parents from different countristouldretain somenfluenceof the
culture of their home counéts Thus, webegin byassiging each migrant student the culture of
hercountry of origin If we thencompareachievement acrossigrant children from different
cultureswho attend schooh the same countrgf residencewe break the link between culture
andelements othe schoolsinstitutions and environments of the country of schoolihg
something that cannot be ddioe natives.Following similar applications iarroll, Rhee, and
Rhee (1994 Giuliano (2007, Ferntndez and Fogli (200@&ndFiglio et al. (2019 we estimate

regressions of the following form:
Gyace B2=PEAIAMBO G- USyad aX &+ Yaoe 3

whereT is achievement ahigrantstudenti from country of origiro observed irresidence
countryc at timer. Patience, andRisk, arethe respective cultural traimeasured in the country
of origin.

Importantly, our specification includessidencecountry fixed effects. to remove dl
common economic, institutional, and schooling factoreachresidenceounty. We pool the
data acroseesidenceountriesbutonly use variation within each residence country and not
crosscountry variation to estimate the cultural impabtsa firg specification, w includefixed
effects for residence countriesand forwaves ; separately. \Walsogo further tocontrol fora
full set ofresidencecountryby wave fixed effects.! ,that nest the separatesidencecountry
and wave fixed effectandaccount fowavespecificachievemendifferencesacross countries.

Standard errorare clusteredt the countryof-origin level.
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In our mainmigrant analysiswe adopt a rather narrow definition of migrants, including
only studentsvith parentsvho arebothborn in a different country than the testing counivg
assign firstgeneration migrant students their country of birth and segendration migrant
students the country of origin of ihéather Across all PISA waves, there are 80,398 fiesd
secondgeneration migrants from 58 countries of origin observed iredi@enceountriesfor

whom we observe a country of origin with available GPS data.
5.2 Results of the Migrant Analysis

The migrant analysisonfirms the strong positive effect adifeence on student achievement
from the baseline analysias well as aignificant negative effect of ristaking, albeit of smaller
magnitudecompared tats baselineestimateandto the effectof patienceTable 3reportsthe
mainregression resulf®r the migrant analysisased on agation(3). All regressions includé8
fixed effects for the respectivesidenceounties six fixed effectsfor waves, andbaseline
controls.When entered separately, student achievement is significantly positively related to
patience in the studentsO home country (column 1) and insignificantly positivelytakirigk
(column 2).In line with the baseline crogountry findings the coefficiehon patience increases
substantially and the coefficient on rH&king turns significantly negative when both are entered
together (column 3), underscoring the interrelated and competing nature of the two cultural traits.

Columns 46 go one step furtheandcontrol for180residencecountryby wave fixed effects
to account for wavespecificresidencecountry differences in student achievemdimis
alteration leavethe coefficients of interest largely unchangédthis specification, tsidents
from homecountry cultures with ong.d.higher patience perform®Bs.d.better on the PISA
math assessmerand students from horm@untry cultures with ong.d.higher risktaking
perform 0.2%.d.worse.

Column 7 additionallyncludescontrok forthe fourothercultural traitsof the country of
origin. Similar tothe crosssectional analysis, these cultural contedsnot significantly affect
student achievement and leave the significant effects of the two intertemporal cultural traits
intad. In fact, the coefficient on ristaking increases (in absolute terms)@a@5in this
specification.

Column 8 addsheset of extended controts family and school inputs in tmesidence
country, as well as theountryof originOsSDP per capitaThis latter control addresses the

concern that, for instance, better performance of migrants froraitignce countries merely
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reflects differences in income (as opposed to genuine effects of cultsrejpected, the
coefficient on patience is reducedtims specificatior(because¢he family and GDP controls may
take out some dhetotal effect of culturg but itremaindarge and significanfas doeshe
coefficient on risktaking).

In sum,themigrant analysis confirms thetrongandpositive effect of patience @tudent
achievement documestin thedescriptive crossountry analysisevenwith the same overall
magnitude Similarly, it replicates the negative effect of rkingonce we account for
patience, though theffectsizeis somewhat smalleiThe migrant analysisiles out thatthe
crosscountry results are due to omittexsidencecountryvariables There is, of course, the

possibility of remaining biases, some of which we address in the following robustness tests.
5.3 Robustness Analysis

Country subsamples, additional subjects, test-taking effort, and alternative cultural
measures. Again, results do not diffesignificantly by the level of development afigrantsO
countries of originPatience enters significantly positively, and +tigking significantly
negatively, in the subsamples of migrant students from both OECD ardEGD countries of
origin (columns 1 and 2 of Table &)he positive point estimate of patience is somewhagtarg
in OECD countries, whereas the negative point estimate efakskg is somewhat larger (in
absolute terms) in ne@ECD countries. However, neither difference is statistically significant.

Columns 3 and #resent results for student achievemersicience and reading,
respectivelyResults are again very similar to madtthough the negative coefficient on Fsk
takingis not statisticaly significart in the other two subjects.

To account for differences in studentsQGtedshg effort, ©lumns5-7 control for individual
and countryof-origin mean item nonresponse rates in the PISA stumerkiground
guestionnaires. gain, the results on patience and risking hardly budge after controlling for
these proxies fastudent effortalthough both entesignificantlyin explaining scores

The qualitative pattern of resulte patiences alsoconfirmed with the alternative measures
in the WVS and Hofstede datasets (columns 3 and 4 of Appendix TdpbllnAoth cases, there
is a significant positive effect édng-term orientatioron student achievemer line with the
results inFiglio et al. (2019 The WVS data alsoonfirm a significant negative effect of risk

taking. By contrasthe Hofstede risk measure points in the opposite direBxaonegative effect
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of uncertaintyuvoidance Bwhich presumably reflects the poor measuremetttexinderlying
conceptby the items containad this proxy (see section 3.2).

Different migrant subgroups. Identification in the migrant analysis dependgimmextent
to which the cultural values of the country of origin provide a good proxy for the studentsO and
familiesO actual cultural valuesfisst approactio assesshis questiordistinguistes migrants by
dosage of culture, i.eby the time at which the students themselves migrated to the country of
residenceResults in columns 1 and 2 of Table 5 show thateffect of patience does noffer
significantlybetween secondeneration migrants (born in thesidencecountry after their
parents had migrated) and fuggneration migrants (born in the country of origin), and the
negative effect of riskaking is actuallyargerfor secondgeneation migrans.

We can exploit information on the age of migration in our dataset to subtheitiest-
generation migrants further by whether they arrived irréslenceountry before or after age
6, when they would usually start schdaithin the frst-generation migrantshe effects of the
two cultural traits do not differ by whether students had migrated earlier or later (columns 3 and
4). While these patterns show the robustness of our main findings, they do not support the notion
that later migants holdontomore of their countrpf-origin culture.

Perhaps &etter proxyfor the extent to which the studentsO families still hold ¢bentry
of originOs culturis whether thg still speakthe language of their country of origin at hgme
ratherthanadoping the language of their new host country when talking among thems€hees.
PISA data provide information dhe language spoken at homad, indeed the effects othe
two homecountry cultural traits ar@.17 and 0.28.d.larger for thosetudents who do not yet
speak theesidencecountry language at honeempared tahose who dgcolumns 5 and 6)
These results ansistent withan interpretation where the treatment variables in the migrant
analysis do in fact capture the impact of erdt vales of the countries of origin.

Alternative migrant definitions. Our main specification uses the country of origin of the
studentsO fathers for referefaresecondgeneration migrant studen®esuls in the first column
of Table 6showthatestimates are virtually identical when the country of origin of the mother is
used instead. Column 2 uses the average value of the cultural traits of the country of origin of
both parents when both are available, and the measure of the respective daundig of the
father or motheif the information is available only famne of themAgain, results hardly change

in the slightly larger sample 88,798students
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As the PISA data allow us to observe both parents® country of origin, aleaanterte
cultural traits of fathersO and mothersO country of origin simultaneously (coluhilejhis
horseracespecification is identified only from children whose parents come from different
countries, results still provide a relatively clear patt&€heeffect of patience is significantly
positive for both parentsO cultures, althoughtititee as large for fathers@mpared tanothersO
patience. By contrast, the effect of risking is fully driven by fathersO cultunéth risk-taking
of the motherséuntry of origin not entérg migrant studentsO achievement.

In our main specification, we adopt a ratharrowdefinition of migrantghatincludesonly
studentavhoseparents aréothborn in a different country than the testing country.
Alternatively, we carusea wide definition thatincludes all studentswvith at least on@arent
bornabroadbdefining as natives only thosath both parents born in thestingcountry.This
wider definitionincreases the number of observations to over 140,000 migrant students. While,
expectedly, point estimates are slightly smaller with this broader measurement, results are in fact
very similar tothose inthe smaller sampleith the narrower definition, irebendent of whether
the country of origin is defined based on thether thefather, or the average (colum#dst).
Including both parentsO cultusmultaneouslyalso again yielslvery similar results (column 7).

In a few cases, the effect of a specatiowintry of origin is identified from only a limited
number of student observatiop®tentiallyintroducing substantial measurement error for these
countries of originHowever, if we restrict the analysis to caséemat least 50 students are
observedrom each country of origi®which reduces the number of countries of origin from 58
to 46Dresults remain virtually unaffect¢dolumnsg).?*

Selective migration. Finally, we investigatevhetherseveral possible dimensions of
selectve migraion pose ahreatto identification in our migrant analysids a start, we showed
that neither economic conditions in the home country nor ssxmaomic differences in family
backgroundirive the estimates of cultal impacts (Table 3, comn8). Another straightfovard
way to address potential bias from fundameb&akgroundifferencess to include fixed
effects for theorigin continent of the migrant students. Column 1 of Table 7 show#hat

effectsgetslightly stronger when variation across continentsrajio is removed This analysis

24 This robustness analysis drops the following countries of origin: Bangladeshgarvations), Canada (1),
Chile (47), Finland (2), Georgia (3), Indonesia (27), Kazakhstan (34), Lithuania (3), Moldova (11), Nigeria (4),
Saudi Arabia (8), and Thailand (20).
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also indicates that results are not dribgrany geographical clustering of patience by continent
or by (exogenousputstanding performance of any specific grofimigrants such as students
from Asia, Europe, or Latin Amiga.

Anotherconcern is that migrants may be differentially selected from teggective
countriesof origin. It is well known thamigration is a selective proce&sg.,Borjas (1987,
Grogger and Hanson (200 1If the selectivity of migranteerethe samdor the different
countries of origin thatesad migrants to a speciftesidenceountry, such migrant selectivity
would not biaghe migrant analysiBut, if therewasdifferential migrantselectivitythatis
correlated with average cultural traits of the sending counbi@gs could be introdudeThis
type of selection bias should be more severe for countries of origin with higher variance in
cultural traits. However, controlling for the standard deviatiorte@tiwo cultural measures
within the country of origin does not affect the qualitatiesults, and neither of the two standard
deviations enters the model significantly (coluB)n

Anotherway to gauge the relevance of differentially selective migration is to take into
account theyeographical and culturdistance between the sending déimel receiving countries.

A general pattern in the migration literature is that migrants from neighboring countries may be
less positively selected than migrants from more distant courdgeslgnushek, Ruhose, and
Woessmann (20)7or evidence from the United Sta}epossibly becaudewer hurdles ave to

be overcomeControlling for thegeographicatlistance between migrantsO country of origin and
residenceountry(usingthe distance measures fraviayer and Zignago (20))Jldoes not

changeour qualitative results (colum8). Similarly, our main findings are robust to controlling

for the cultural distancelefined as the difference patiene and risktaking betweemigrant
students@ountry of origin andesidenceountry(column5). While the main effects of both

cultural distances do not enter the model significantly, there is a significant interaction-for risk
taking: The negative impadf risk-taking attenuates as cultural distance increases.

We also employ ondirect measure of the differential selectivity of migrants based on their
educational attainmenfor each pair of sending and receiving countriescamparehe
educational attainment of migrantstireresidencecountry to the educational attainment of the
populations of their respective countries of origie thenmeasurenigrantselectivityasthe
percentile of theountryof-origin distribution of educabnal attainment from which the average

migrantin eachresidenceountrycomes Hanushek, Ruhose, and Woessmann (2pfiaduced
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this measure for immignas into the United Stateandwe extend tlatanalysis to the full matrix
of origin andresidenceountries with available datiligrant selectivitythus measures indeed
positively associated with student achievenieatumn?), but accounting for this differential

selectivitydoes not affecbur estimates of thienpactof patience and riskaking.

6. Channels of Impact

Our analysidhas establisheabust relationshgpbetweerthe twocultural factors and
stucent achievemernwithout direct reference to underlying mechanisiitss section
investigatepotential channels throughhich the relationshipmight operateln the context of
the canonical huan capital productiofunction, cultural traits may influence student
achievement through proximate inp&8t&amily inputs, school inputs, and institutional inpbts
as wellas theoverall productivity with which inputs are transformed into student acimere
(section 2.2)In order to shed light on potential mechanisms, we consmi@rpatience and risk
taking relate tadhese major categories of proximatputs.2®

The starting poinis developing composite measures of the three categories of proximate
inputs Building onthetypical analyss of international educational production functiémsnd
in Woessmann (2016bwe run a pooled crosountry regression of PISA math scores on our
full set of control variables. Wthenusethe coefficient estimates on thedividual variables in
the modeto aggregatéhem into family,schoo| andinstitutional factorg® That is, for each
input categorywe calculate a linear combination as the sum of the products of the individual
variables times their respective coefficee finally collaps the three combined input
factors, as well as the residual of dehievementegressionto the country level.

To investigate theotential channels through which the time preferencesatgere regress
the resulting four countrlevel variables on thievo cultural traitspatience and riskaking
(Table 8) Focusing on the top half of the tabpatienceas positivdy associatdwith all four

input componentsalthough thessociation withinstitutional inputss not quite significant at the

25 Note that the analysis of chann&sot meaningful for the migrant anakysMigrants are not exposed to the
school and institutional environment of the country that defines their cultural origin.

26 \We map the control variables (see section 3.1) into the three input vectors as follows: familygiles;
age, migration stas, parental education, parental occupation, books at home, computer agingurege spoken at
home, and GDP per capita (capturing overall economic wellbeing in the country); schoolsapots:location,
school size, sre of fully certified teacherand shortage of educational materiastitutional inputsshare of
privately managed schools, share of government funding at school, ceritedaaws, andchoolautonomy
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10 percentevel. The associatioandexplainedvariance arstrongest for family inputs (column
1) followed by the residugtolumn 4) The residual factohas the character of totaktar
productivity,combiring any unmeasured componenfghe input factors witlthe effectiveness
with which inpus are transformed into outpu&milarly, risk-takingis negatively correlated
with all four input componentglthough onlysigrificantly so for family inputs and the residual.

The aggregation of the individugroximateinput variablesises coefficient estimates from
aneducation production functiaghat may be biased by the omission of the deeper cultural
variables Becausendividual coefficient estimates will be more biased for variables that are
more strongly correlated with the cultural measuites presented estimates serve as an upper
bound for theculturalrelationships. Alternatively, estimating the first step of the aggregatio
analysis including controls for the two cultural measures may serve as a lower bdbed, as
cultural measures take out important parts of the variation in the proximate3hpatshown in
the lower part of Table 8, the lowbound procedure yields silar qualitative resultsf
significant positive associatisiof patience with family and school inputs and a significant
negative association of rigkking with family inputsonly with expectedly smaller magnitudes.
Interestingly, none of the other GeSltural measures (positive reciprogibhegative reciprocity,
altruism, and trust) are significantly related to any of the input factors (not shown).

Put togetherthese resultare consistent witlifferentinput components of the education
production function playing a role as channels through which the two intertemporal cultural traits
affectstudent achievemer®f course, this analysis iisherently descriptive and should not be
interpreted aa causal mediation analysis. At the same time, the obdg@atternappear
intuitive and highlighthatthe proximate input®and particularly family inputs and residual
productivitybmay operat@as channels through whiébndamentatultural traitsaffectstudent
achievementit is also interesting that theiltural traits have such limited asso@atwith
institutional factorsPrior analyses have highlighted the importance of institutional factors in
explaining crosgountry achievement differencédanushek and Woessmann (211
Woessmann20160), implying that changing institutions may be a way for nations wishing to

improve their schools to break out of cultural constraints.

27 By constructionthe input coefficients estimatéa the lowerbound analysiareunaffected by the cultural
factors and the coefficients and ti®é for the residual categogre zero.
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7. Conclusions

International differences in student achievement are at the forefront of edymaioyn
debatesbut thedeepereasons for why students in some countries perform better than in others
are not well understood. While cultural differences across countriestendardlybeen
discussed as potential confounding factors in ecosmtry analyses of stedtachievementwe
explicitly investigate deep cultural factors as potential determinants of student le#eing.
focus on patience and riggkingbthetwo cultural traits that reflect the intertemporal and risky
nature of educational decisioBand canbine international studeathievement data from PISA
with newly available data on cultural traits from the Global Preference Survey.

In our crosscountry analysis, patience is strongly positively andtadkng negatively
associated witlstudent achievaent. Importantly, ignoring the interrelatedness betvwieernwo
cultural traits leads to a substantial underestimation of both effects.

Theseresults are confirmeith an identification strategy that comparegrantstudens
from different countryof-origin cultures observed in the samesidenceountry,eliminatingany
potentialresidencecountry confounderdkesults are robust in a series of sensitivity checks. In a
final descriptive analysis, we show that culture likely influengonaleducational
achievement by affectingeveraproximate inputs of the education production function, in
particular family inputs ancesidualproductivity.

Taking an international perspective in studying the factors that influence student
achievement comegith bothadvantages and challeng&be interest of tis paper igo
understandhe relationship between culture and student achieveacenss countriegnd the
documented strength of the culttaehievement nexus indicates the fostler nature of tis
guestionHowever, dentifying causal effects in international data is particularly challenging
because of the multitude of potential factors influencing student achievement. Our migrant
analysistogether with a series obbustness analysese entiely consistent wittthe
conclusions fronthe crosscountry analysisNonetheless, while addressing the most significant
threats to identification of cultatimpacts, other threats may remakt.the same timgt seems
quite unlikely that any remainingds wouldoperate teeliminate the extraordinarily strong

impacts of culture that we estimate.
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Table Al: Countries in the different analyses

Crosscountry Migrant analysis
PISA GPS analysis Residenceountry  Country of origin

(2) (2) 3) (4) (5)
Afghanistan X X
Algeria X X X
Argentina X X X X X
Australia X X X X X
Austria X X X X X
Bangladesh X X
Belarus X X
Belgium X X
Bolivia X X
Bosnia Herzegovina X X X X X
Brazil X X X X
Brunei Darussalam X X
Canada X X X X X
Chile X X X X
China X X
Colombia X X X X
CostaRica X X X X
Croatia X X X X X
Czech Republic X X X X X
Denmark X X
Dominican Republic X X
Egypt X X
Estonia X X X X
Finland X X X X X
France X X X X
Georgia X X X X X
Germany X X X X X
Greece X X X X
Haiti X X
Hong Kong X X
Hungary X X X X
India X X
Indonesia X X X X X
Iran X X
Irag X X
Ireland X X
Israel X X X X
Italy X X X X
Japan X X X
Jordan X X X X X
Kazakhstan X X X X
Kyrgyzstan X X
Latvia X X
Liechtenstein X X
Lithuania X X X X
Luxembourg X X
Macao X X
Mauritius X X
Mexico X X X X
Moldova X X X X X
Montenegro X X

(continued on next page)



Table A1l (continued)

Crosscountry Migrant analysis
PISA GPS analysis Residenceountry  Country of origin

(2) (2) 3) (4) (5)
Morocco X X X X X
Netherlands X X X X X
New Zealand X X
Nicaragua X X
Nigeria X X
North Macedonia X X
Norway X X
Pakistan X X
Panama X X
Peru X X X
Philippines X X X X X
Poland X X X X
Portugal X X X X X
Qatar X X
Romania X X X X
Russia X X X X
Saudi Arabia X X X X X
Serbia X X X X
Slovakia X X
Slovenia X X
South Africa X X
South Korea X X X X X
Spain X X X X
Suriname X X
Sweden X X X X
Switzerland X X X X X
Thailand X X X X
Turkey X X X X X
Ukraine X X X X X
United Arab Emirate: X X X X
United Kingdom X X X X X
United States X X X X
Uruguay X X
Venezuela X X
Vietnam X X X X
Total: 86 countries 71 64 49 48 58

Notes: The structure of country inclusion the different parts of our analyssscomplex.Three countries are

included only in the baseline analysis because they participated i@84&PSput do nothave migrant students

with countryof-origin information(for which there is GPS datajdno student from tsecountiesis observed as

a migrant student in another PISA country. Another three countries are included in the baseline analysis and (only)
as residence countries in the migrant analysis because they participated (afi$3¥PShard have migrant

studentdrom countiiesof origin with GPS databut no student from these countries is observed as a migrant student
in another PISA country. 23 countries are included in the baseline analysis and both as residence countries and as
countries of origin in the migrant analysis. There is also the case of 20 countries that are included in the baseline
analysis and (only) as countries of origin in the migrant analysis because they participated(emEI&GRSput do

not have migrant students thicountryof-origin information (for which there is GPS datahd students from these
countries are observed as migrant students in other PISA countries. 22 countries are not included in the baseline
analysis, but only as residence countries in the migrant analysis because they participated in PISA, but there is no
GPS data for them; however, there is GPS data for the country of origin of some of the migrant students tested in
these countries. Finally, 15 countries are incluaielgt as countries of origin in the migrant analysis; these countries
did not participatén PISA themselves and therefore cannot be included in the baseline analysis or as residence
countries in the migrant analysis, but there is GPSfdathem and students originating from these countries are
observed as migrant students in residence desrthat did participate in PISA.



Table A2: Descriptive statistics at the country level

Mean Std.dev. Min Max
(1) ) ©) (4)

PISA scores

Math 4.520 0.560 3.524 5.410

Science 4.597 0.531 3.579 5.415

Reading 4.535 0.521 3.395 5.345
Preference

Patience -0.003 0.384 -0.555 0.946

Risk-taking 0.027 0.241 -0.746 0.789

Postive reciprocity -0.016 0.315 -1.094 0.558

Negativereciprocity 0.025 0.308 -0.510 0.716

Altruism -0.022 0.346 -0.923 0.679

Trust -0.016 0.249 -0.575 0.507

Notes:PISA scorescountry means, pooled acroali PISA wave20002018 weighted by sampling probabilities. Preferencesintry means of GPS
preference dat&ample263 countryby-wave observations (reflectid® countriescontained in our baseline analysisTable 1 Data sources: PISA
international student achievement test, 20008;Falk et al. (2018



Table A3: Country-level correlation of cultural measures

Positive  Negative WVS WVS Hofstede
Patience Risk-taking _ : . "92UVE  Altruism Trust  longterm risk-taking long-term
reciprocity reciprocity . . . .
orientation orientation
@ 2 3 4 (5) (6) Q) (8) 9
Risk-taking 0.358
(0.012)
Positive reciprocity -0.154 -0.148
(0.291) (0.310)
Negative reciprocity 0.236 0.334 -0.277
(0.103) (0.019) (0.054)
Altruism -0.051 0.110 0.699 -0.200
(0.728) (0.451) (0.000) (0.168)
Trust 0.197 0.162 0.259 -0.025 0.207
(0.176) (0.265) (0.072) (0.864) (0.153)
WVS longterm orientation -0.060 -0.334 -0.195 0.057 -0.163 -0.104
(0.700) (0.027) (0.204) (0.715) (0.290) (0.500)
WVS risk-taking -0.260 0.239 0.117 0.138 0.269 0.313 -0.079
(0.125) (0.160) (0.498) (0.423) (0.112) (0.063) (0.646)
Hofstede longerm orientation  0.247 -0.219 -0.326 0.321 -0.256 -0.246 0.609 -0.310
(0.115) (0.164) (0.035) (0.038) (0.101) (0.116) (0.000) (0.084)
Hofstede uncertainty avoidan -0.558 -0.302 -0.055 0.123 -0.185 -0.527 0.006 -0.093 0.024
(0.000) (0.046) (0.721) (0.426) (0.229) (0.000) (0.971) (0.611) (0.880)

Notes:Correlation coefficientg-values in parentheseSample: 49 countries contained in our baseline anaaisber of country observations: 4thong
GPS measured4between GPS andofstedeuncertainty avoidance or WM8ng-term orientation42 between GPS andofstede uncertainty avoidanaad
among Hoftede measure86 between GPS and WVS rithkkingand among WVS measures1d32 between WVS and Hofstede measubeda sourcesalk
et al. (2018, World Values Survey (WVS}tofstede, Hofstede, andiivkov (2010Q.



Table A4: Alternative WVS and Hofstede measures of cultural traits

Baseline analysis Migrant analysis
(1) (2) 3) (4)
WVS longterm orientation 0.171 0.176™
(0.091) (0.030)
WVS risktaking -0.245™ -0.10™
(0.075) (0.029)
Hofstede longerm orientation 0.339™ 0.206™
(0.054) (0.029)
Hofstede uncertainty avoidance -0.101 -0.02™
(0.068) (0.031)
Residenceountry by wave fixed effects No No Yes Yes
Baseline controls Yes Yes Yes Yes
Observations 1,531,302 1,839,052 62,834 74,892
Countries of origin 40 48
Residenceountries 36 42 44 48
R? 0.109 0.134 0.246 0.250

Notes: Dependent variable: PISA math test samk 1-2: waves 2002018 col. 3-4: 20032018 Leastsquares regressior@ol. 1-2: weighted by studentsO
sampling probabilityCol. 3-4: sample: students with both parents not born in the country where the student attendsrstibatdculturalvariables refer to
country of origin WVS and Hofstede meaesz-standardized at the country levBhaseline control variablesol. 1-2: student gender, age, and migration status;
imputation dummies; and wave fixed effeatsl. 3-4: student gender, aggyummy for OECD country of originmputation dummiesRobust standard errors
adjusted for clustering at the country level in parentheses. Significance letiglercent;” 5 percent, 10 percentData sources: PISA international student
achievement test, 20e#D18;World Values Survey (WVSHofstede, Hofstede, and Minkov (20910



Table 1: Culture and student achievement across countries: The intertwined roles of patience and risk-taking

PISA 2015 PISA 20002018 Extended controls
PISA 2015 PISA20002018
(1) (2) ) (4) (5) (6) (7) (8)
Patience 0.794" 1.090™ 1.078" 1.226" 1.186" 0.763" 0.748"
(0.125) (0.129) (0.113) (0.132) (0.123) (0.175) (0.192)
Risk-taking -0.361 -1.226™ -1.292™ -1.241" -1.314" -0.912" -0.835™
(0.340) (0.220) (0.209) (0.184) (0.219) (0.178) (0.147)
Positive reciprocity 0.107 0.036
(0.261) (0.226)
Negative reciprocity 0.289 0.315
(0.158) (0.175)
Altruism -0.235 -0.230
(0.186) (0.188)
Trust -0.173 -0.048
(0.159) (0.152)
Baseline controls Yes Yes Yes Yes Yes Yes Yes Yes
Extended controls No No No No No No Yes Yes
Observations 319,997 319,997 319,997 319,997 1,992,276 1,992,276 319,997 1,992,276
Countries 41 41 41 41 49 49 41 49
R? 0.102 0.013 0.157 0.171 0.198 0.213 0.329 0.368

Notes:Dependent variable: PISA math test score. Least squares regression weighted by studentsO sampling probability. Baseliisbtentstudent
genderage, and migration statusnputation dummies; and wave fixed effedxtended control variablelaseline controls plysarental educatiomarental
occupationpooks at homecomputer at homdanguage spoken at hopgehool location, school size, shaifeully certified teachers at schoshortage of
educational materiatountryOs GDP per capishare of privately managed schools, share of government funding at school, central exit exactmand

autonomy. Robust standard errors adjusted fotesfing) at the country level in parentheses. Significance [&vélpercent;” 5 percent; 10 percentData
sources: PISA international student achievement test-2008;Falk et al. (2018



Table 2: Patience, risk-taking, and student achievement across countries: Subsamples, additional subjects, and test-taking effort

StudentsO migrant status Country subsamples Additional subjects Testtaking effort
Natives  Migrants OECD Non-OECD Science  Reading
(1) (2) (3) (4) (5) (6) (7) (8)
Patience 1.296" 0.698™ 0.963" 1.165 1.121" 1.108™ 1.181™ 1.119™
(0.133) (0.169) (0.180) (0.516) (0.121) (0.113) (0.121) (0.120)
Risk-taking -1.320” -0.371 -0.996™ -1.1417 -1.169” -1.134" -1.213" -1.143™
(0.189) (0.221) (0.271) (0.333) (0.180) (0.198) (0.180) (0.173)

Item nonresponse -3.161"  -2.875"

(0.163) (0.152)
Item nonrespons@Eountry mean)

-4.052"
(1.030)
Baseline controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1,751,822 192,736 1,416,506 575,770 1,992,276 1,950,722 1992276 1992276
Countries 49 49 27 22 49 49 49 49
R? 0.214 0.083 0.112 0.085 0.179 0.189 0.244 0.250

Notes: Dependent variable: PISA test score in math (ebhrid 78), sciencgcol. 5), and reading (col. 6), respectivafyall PISA waves 2002018 Least
squares regression weighted by studentsO sampling probkeéititmonresponse refers to the share of questions not answered in the student background
questionnaire followinghe achievement tedaseline control variables: student gender, age, and migration status; imputation dummies; and wave fixed effects.

Robust standard errors adjusted for clustering at the country level in parentheses. Significariellestent;” 5 percent; 10 percentData sources: PISA
international student achievement test, 22008;Falk et al. (2018



Table 3: Culture and student achievement: Migrant analysis

Residenceountry

and wave fixed effects Residenceountry by wave fixed effects

. Extended
Baselinecontrols
controls
(1) (2) (3) (4) (5) (6) (7) (8)
Patience (countrpf-origin) 0.776™ 0.929™ 0.779™ 0931  1.032" 0.667"
(0.114) (0.117) (0.115) (0.116) (0.133) (0.100)
Risk-taking (countryof-origin) 0.188 -0.291" 0183  -0294" -0449™ -0.352™
(0.202) (0.125) (0.210) (0.122) (0.140) (0.092)
Positive reciprocity (countrpf-origin) -0.141
(0.157)
Negative reciprocity (countrgf-origin) 0.082
(0.087)
Altruism (countryof-origin) 0.042
(0.144)
Trust (countryof-origin) -0.173
(0.138)
Residenceountryfixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Wave fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Residenceaountry by wave fixed effects No No No Yes Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes Yes Yes Yes Yes
Extended controls No No No No No No No Yes
Observations 80,398 80,398 80,398 80,398 80,398 80,398 80,398 80,398
Countries of origin 58 58 58 58 58 58 58 58
Residenceountries 48 48 48 48 48 48 48 48
R? 0.265 0.247 0.267 0.273 0.256 0.275 0.277 0.3

Notes: Dependent variable: PISA math test sooeves 2002018 Least squares regressiof@®l. 1-3 include 48 fixed effects faesidenceountriesandsix

fixed effects for waves; col -8 include180fixed effects for eachesidencecountry by wave cellSample: students with both parents not born in the country
where the student attends schd@sseline control variables: student gendege dummy for OECD country of originmputation dummies. Extended control
variables: baseline controls plus pareet#lication, parental occupation, books at home, computer at home, language spoken at home; school location, school
size, share of fully certified teachers at school, shortagdwafational materiatountryof-origin GDP per capita. Robust standard eramifisted for clustering

at the country level in parentheses. Significance 1EVel:percent;,” 5 percent, 10 percentData sources: PISA international student achievement test; 2000
2018;Falk et al. (2018



Table 4: Migrant analysis: Subsamples, additional subjects, and test-taking effort

Country subsamples Additional subjects Testtaking effort
OECD NonOECD Science Reading
(1) (2) (3) (4) (5) (6) (7)
Patience (countrgf-origin) 1.028™ 0.812" 0.995" 0.844™ 0.890™ 1.021" 0.977"
(0.105) (0.185) (0.143) (0.144) (0.114) (0.100) (0.105)
Risk-taking (countryof-origin) -0.289" -0.454" -0.192 -0.106 -0.286" -0.307" -0.303"
(0.132) (0.177) (0.124) (0.133) (0.119) (0.120) (0.114)
Item nonresponse -2.993" -3.218"
(0.233) 0.171)
Item nonrespons@Eountryof-origin mean) -3.319
(1.691)
Residenceountryby wave fixed effects Yes Yes Yes Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes Yes Yes Yes
Observations 28,519 51,879 80,398 80,398 80,398 36,668 36,668
Countries of origin 24 34 58 58 58 41 41
Residence countries 31 38 48 48 48 45 45
R? 0.176 0.309 0.253 0.239 0.310 0.178 0.234

Notes: Dependent variable: PISA test score in math (edhlrid 57), science (col. 3), and reading (col. 4), respectively, waves2003.Least squares
regressionsSample: students with both parents not born in the country where the student attend#texchoohresponse refers to the share of questions not
answeredn the student background questionnaire following the achievemerBassiine control variables: student gender, dgeymy for OECD country of
origin, imputation dummies. Robust standard errors adjusted for clustering at the country level in parentheses. Significihdeplerant,” 5 percent; 10
percentData sources: PISA international student achievement test2Z0@)Falk et al. (2018



Table 5: Migrant analysis: Subgroups by age of migration and language spoken at home

Second First generation Language spoken at home
generation All Before age 6 After age 6 Residence Other
1) 2) 3 4) () (6)
Patience (countrpf-origin) 1.023 0.955™ 1.010 0.981™ 0.718™ 0.883™
(0.143) (0.120) (0.156) (0.103) (0.117) (0.151)
Risk-taking (countryof-origin) -0458™" -0.185 -0.228 -0.153 -0.305" -0.508™
(0.127) (0.145) (0.145) (0.146) (0.115) (0.165)
Residenceountryby wave fixed effects Yes Yes Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes Yes Yes
Observations 47,369 33,029 14,459 16,835 48,556 24,520
Countries of origin 56 57 51 55 56 57
Residence countries 48 48 47 48 48 48
R? 0.297 0.263 0.2%8 0.23 0.2%8 0.238

Notes: Dependent variable: PISA math test score, wavesZIIR Least squares regressions. Sample: students with both parents not born in the country where
the student attends school. Second generation: migrant students born in the coestdenteFirst generation: migrant students born in the country of grigin

split between whether they migrated to the countmgsidencéefore or after age 6 in col. 3 andBéaseline control variables: student gender, dgemmy for

OECD country of originimputation dummies. Robust standard errors adjusted for clustering at the country level in parentheses. Significahdepevetnt,
™ 5 percent, 10 percent. Data sources: PISA international student achievement tesp(@)Balk et al. (2018

Fokk



Table 6: Migrant analysis: Different definitions of migrants

Narrow definition

Wide definition Dropping countriet

MotherOsParental .. MotherOsFatherO®arental g - of origin with
origin  average P origin  origin average ~°P <50 observations
(1) (2) (3) (4) (5 (6) (7) (8)
Patience riotherOsountry-of-origin) 0.931™ 0.343™ 0.861" 0.349™
(0.109) 0.069)  (0.109) (0.070)
Risk-taking (motherOsountry-of-origin) -0.297 0.032 -0.228 0.038
(0.126) 0.086)  (0.121) (0.087)
PatiencefatherOsountry-of-origin) 0.629™ 0.858" 0.627" 0.939"
(0.090) 0.112) (0.093) (0.116)
Risk-taking fatherOsountry-of-origin) -0.339™ -0.233 -0.336™ -0.299
(0.090) 0.119) (0.093) 0.122)
Patiencegverage parents@untry-of-origin) 0.941" 0.858"
(0.115) 0.111)
Risk-taking @verage parents@untry-of-origin) -0.273 -0.217
(0.124) (0.120)
Residenceountryby wave fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 80,194 83,798 76,796 140,951 141,155 145,506 85,167 80,221
Countries of origin 57 58 58 60 60 60 59 46
Residence countries 48 48 48 48 48 48 48 48
R? 0.278 0.274 0.280 0.255 0.254 0.254 0.279 0.275

Notes: Dependent variable: PISA math test score, wavesZIB Least squares regressions. Sample: migrant students; see text for narrow and wide definition
of migrant status. Baseline control variables: student gender, age, dummy for OECD coungin ahgpiutation dummies. Robust standard errors adjusted for
clustering at the country level in parentheses. Significance [Evilpercent;” 5 percent; 10 percent. Data sources: PISA international student achievement

test, 200€2018;Falk et al. (2018



Table 7: Migrant analysis: Addressing selectivity of migrants

Continentof-origin

Cultural

Migration distance

Selectivityof migrant

fixed effects variance  Geograhical Cultural schooling
) ? ©) 4 ©) (6) (@)
Patience (countrpf-origin) 0.976™ 0.818" 0.925" 0.933"  0.743" 0.987"  1.048"
(0.125) (0.191) (0.117) (0.149) (0.160) (0.105) (0.106)
Risk-taking (countryof-origin) -0.331° -0.284" -0.302° -0.539"  -0.855" -0.300"" -0.411"
(0.127) (0.141) (0.121) (0.143) (0.161) (0.109) (0.093)
Std. dev. of patience (countof-origin) 0.285
(0.307)
Std. dev. of riskaking (countryof-origin) -0.241
(0.372)
Geographicatlistance (in 1000 km) -0.010
(0.007)
Patiencalistance -0.198
(0.133)
Patience distance -0.232
I Patience (countrpf-origin) (0.374)
Risk-takingdistance 0.093
(0.097)
Risk-takingdistance 0.980™
I Risk-taking (country-of-origin) (0.209)
Selectivityof migrant schooling 1.269"
(0.379)
Observations 80,398 80,398 80,398 29,019 29,019 39,725 39,725
Countries of origin 58 58 58 49 49 44 44
Residence countries 48 48 48 26 26 20 20
R? 0.276 0.275 0.276 0.236 0.240 0.192 0.196

Notes:Dependent variable: PISA math test score, waves-20Q8. Least squares regsesis.Sample: students with both parents not born in the country where
the student attends schoAll specifications includeesidencecountryby wave fixed effects and baseline contratsifent gender, age, dummy for OECD
country of origin, imputation dummig<Columnspecific additional contratariables: Col. 1: fixed effects for continent of origi€ol. 2: standard deviatioof
patience ad risk-taking, respectively, in country of origiobtained from individualevel GPS data using individuals® sampling probali@il 3: geographical
distance betweerespectivaesidenceand origincountry according to most populous citieol. 5: difference in patience and risltking between respective
residencendorigin country(all variables demeanedJol. 7: percentile oimigrantsO educational attainment on respectivetry-of-origin schooling

distributionfor eachresidencecountry Robug standard errors adjusted for clustering at the country level in parentheses. Significance lepetcent;” 5

percent, 10 percent. Data sources: PISA internati@madent achievement test, 202318;Falk et al. (2018



Table 8: The association of culture with proximate inputs in the education production function

Family inputs School inputs Institutional inputs Residual
1) 2) ) (4)
Upper bound
Patience 0.800™ 0.069™ 0.060 0.289™
(0.087) (0.021) (0.037) (0.095)
Risk-taking -0.500™ -0.017 -0.066 -0.690™
(0.139) (0.033) (0.059) (0.151)
Observations 49 49 49 49
R? 0.646 0.200 0.061 0.335
Lower bound
Patience 0.382™ 0.44" -0.012
(0.062) (0.019) (0.027)
Risk-taking -0.325™ 0.003 -0.009
(0.099) (0.031) (0.043)
Observations 49 49 49
R? 0461 0.120 0.008

Notes:Countrylevel least squares regressiodspendent variables indicated in column headdpper/lower bound refeto whether the cultural variables are
included in thaunderlyingestimation of coefficient®r the combination of the three input vectd@se text for detailfobust standard errors in parentheses.

Significance level

ok

™ 1 percent,” 5 percent; 10 percentData sources: PISA international student achievemen2@862018;Falk et al. (228).



Figure 1: Patience and risk-taking across countries
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Figure 2: Intertemporal cultural traits and student achievement across countries
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