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Abstract

Predicting any choice under uncertainty with multiple decision makers requires disentangling the

relative roles that the main structural elements of the decision process, such as decision makers’ beliefs

and preferences, play in driving the choice. In this paper, I focus on curriculum choice with curriculum

tracking, and I analyze the problem of empirically distinguishing how children’s and parents’ beliefs and

preferences over future choice-related states drive, via the process of intra-household decision, curriculum

choice.

In particular, I collect new data on otherwise unobserved primitives of a family decision process: chil-

dren’s and parents’ probabilistic expectations over choice-related outcomes, their individual preferences

over available alternatives (or “stated preferences”), and the family decision protocol. And I estimate

a simple model of curriculum choice featuring uncertainty and cooperative-type decision processes that

aggregate children’s and parents’ beliefs and preferences heterogeneously across families.

On a descriptive side, the paper demonstrates how joint use of subjective data on elements of the de-

cision process and actual choices (or “revealed preferences”) can be employed to separately identify and

estimate structural parameters capturing decision makers’ trade-offs among future outcome states (“pref-

erence weights”) from parameters describing the group-level decision process (“aggregation weights”).

On a normative side, it illustrates how the proposed framework can be used (i) to quantify the impact of

policies affecting decision makers’ expectations on the distribution of choices and (ii) to assess whether
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accounting for multilateral and heterogeneous decision protocols is important for prediction and policy

analysis.

[JEL codes: C25, C35, C50, C71, C81, C83, D19, D81, D84, I29, J24].

[Key words: Curricular Tracking, Curriculum Choice, Choice under Uncertainty, Subjective Probabilistic

Expectations, Child-Parent Decision Making, Heterogeneous Decision Protocols, Stated and Revealed

Preferences, Choice-Based Samples].

1 Introduction

Social researchers and policy makers have long been interested in analyzing and predicting

choices with uncertain outcomes and with participation of multiple decision makers. These

choices span human capital investment, sexual behavior, crime behavior, and countless others.

For instance, members of criminal gangs choose whether to commit crimes with partial knowl-

edge of their probability of being arrested; sexually active partners make contraceptive choices

with partial knowledge of effectiveness and side effects; family members select curricular tracks

for their children with partial knowledge of children’s tastes, ability, and future opportunities

and choices. However, predicting any of these behaviors to inform policy requires disentan-

gling the relative roles that decision makers’ beliefs and preferences over future realizations of

choice-related outcomes and other structural elements of the decision process play in driving

the choice. This is because there will generally exist several configurations of decision makers’

beliefs, preferences, and decision processes that are compatible with the same observed choice

and have different implications for policy.

In this paper, I focus on high school curriculum choice with curricular tracking, and I address

the specific identification problem of empirically distinguishing how children’s and parents’

beliefs and preferences over future outcome states drive, via heterogeneous processes of intra-

household decision, curriculum choice. Nevertheless, while my analysis is especially relevant for

educational policy and for the debate on intergenerational transmission of beliefs and preferences

from parents to children (e.g., Bisin and Verdier (2001) and Doepke and Zilibotti (2008)), its

framework is fairly general. It encompasses any choice situation featuring a small group of

decision makers that face a common discrete choice with uncertain outcomes, hold subjective

beliefs and individual preferences over possible outcome states, and employ a cooperative-type

decision protocol aggregating their preferences and beliefs and nesting more unilateral decisions

as special cases.1 Hence, from a theoretical perspective, the paper’s setup may be thought of

as an application of Savage (1954)’s framework and Harsanyi (1955)’s utilitarian aggregation

combined, as recently conceptualized and discussed by Gilboa et al. (2004).2

1Specifically, while I assume that decision makers are rational in the sense that they maximize their subjective expected
utility under unilateral decision, I do not assume a priori that they hold rational expectations. However, my framework allows
for this possibility.

2A main feature of this framework is that unanimity of group members’ preferences over alternatives does not imply that
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To illustrate the problem within the context of interest, let us consider the choice faced by

an adolescent child (“he”) and his parent (“she”) that wish to select the best curriculum for

the child. Child’s taste for subjects, his academic ability, and his choices and outcomes after

graduation are uncertain. For simplicity, let child and parent be concerned exclusively with the

child’s taste for subjects and with the program difficulty level. Child and parent hold subjective

probabilistic beliefs over realization of different taste and difficulty states and attach individual

valuations to them. Moreover, either the child makes curriculum choice individually or child

and parent make a joint decision. In this setting, being able to tell beliefs and preferences

apart is very important, since expectations-driven choices may be affected, e.g., by provision of

information about subjects and difficulty levels, while preferences-driven choices may require

a different policy (e.g., no policy). Furthermore, both identifying the target (child, parent,

or both?) of a policy that aims at affecting curriculum enrollment via information provision

and assessing the potential effectiveness of such a policy via counterfactual analysis require

uncovering the role played by each decision participant in the choice.

Thus far, insufficient knowledge and lack of adequate data on how individuals and groups

make decisions with uncertain outcomes has rendered this identification problem hard to tackle

empirically (Manski, 2000, 2004). First, commonly available data are mostly limited to decision

makers’ background characteristics and some features of the alternatives. Second, any statistical

analysis associating choices with background characteristics usefully reveals “which individuals

or groups choose what”, but does not uncover the main decision-making channels nor can

be used to answer counterfactual policy questions. Last but not least, while counterfactual

analysis relies on structural modeling, identification and estimation of structural models from

standard data generally require strong non-testable assumptions, which can make credibility

of the derived inference problematic. My work addresses these issues directly by collecting

new data on usually unobserved primitives of a family decision process and by showing how

such data can be used in estimation of a simple model of curriculum choice with uncertainty

and heterogeneous child-parent decision making3 to aid identification and make inference on

families’ curriculum choice behavior.4

Specifically, I designed and conducted a survey gathering the following field data from a sam-

ple of approximately 1,000 Italian families: (A) children’s and parents’ probabilistic expectations

an individually preferred alternative is also socially preferred, since unanimity may be generated by different combinations of
individual preferences and beliefs over states of nature. Mongin (2005) offers an in-depth discussion. Raiffa (1968) dramatizes
lucidly the problem as a fight between Paretians and Bayesians. My paper, however, does not make any specific assumption
about the manner in which family members update their beliefs based on information they receive from the other members.

3Besides unilateral decision making, I analyze two types of multilateral decision protocols. In the first, the child chooses
after listening to the parent: this involves expectations updating by the child based on parental expectations, but the child is
the main decision maker since only his preferences are reflected in the actual choice. In the second, instead, child and parent
make a joint decision; hence, preferences and beliefs of both contribute to the final choice. Notice, however, that none of the
analyzed decision protocols allows for endogenous preferences’ transmission from parents to children.

4This approach was inspired by ideas and instances from research on hybrid choice models (e.g., Ben-Akiva et al. (1999)
and Ben-Akiva et al. (2002)) and on decision making under uncertainty and with social interactions, especially within the
family (Manski (2000, 2002, 2004) and Kapteyn and Kooreman (1992)).
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before the choice on a 0-100 scale; (B) children’s and parents’ stated preferred alternatives before

the choice, or stated preferences (SP); (C) families’ actual choices, or revealed preferences (RP);

(D) families’ decision protocols as verbally described, individual or group, choice behaviors; (E)

orientation suggestions provided by junior high school teachers; (F) families’ background char-

acteristics. Then, within the theoretical framework previously outlined, I demonstrate how joint

use of these data can be employed to separately identify and estimate structural parameters

capturing how children and parents trade off future states of different outcomes (“preference

weights”) from parameters describing their decision protocol (“aggregation weights”).5

Actual choices (C) being observed, identification of the empirical models works as follows.

Under unilateral and “unitary family” decisions (Becker, 1981), heterogeneity in decision mak-

ers’ probabilistic expectations over outcome states (A) identifies preference parameters, as do

alternatives’ and decision makers’ specific characteristics in standard random utility models with

no uncertainty.6 However, actual choices and family members’ expectations do no longer suffice

to separately identify preference and aggregation parameters for families making a multilateral

decision based on (D). To solve this problem, I combine data (A) and (C) with family members’

stated preferred alternatives (B), within a stated preference-revealed preference (SP-RP) joint

framework (e.g., Ben-Akiva et al. (1994) and Hensher et al. (1999)). This approach is non-

standard in economics,7 and, to the best of my knowledge, has never been used for analyzing

group decisions under uncertainty.8 Intuitively, given data on family members’ stated preferred

alternatives, preference parameters are identified from heterogeneity in expectations (one SP

individual choice model for each family member with an “active” decision role); whereas, ag-

gregation parameters are identified from families’ actual choices (one RP model of multilateral

choice model for each family).

Hence, the empirical tool developed in this paper enables me to investigate the following

descriptive and normative issues of curriculum choice: (1) What are the most important de-

terminants of curriculum choice among those outcomes that are uncertain at the moment of

the choice and are potentially relevant for it? (2) To what extent are parental beliefs transmit-

ted to children during the decision process, and to what extent do parental preferences affect
5It is important to notice that I can focus on curriculum demand because Italian secondary education features open

enrollment. That is, lack of selectivity from the school side eliminates potential identification problems from the interplay of
demand and supply in producing observed choices.

6This relates my paper to works employing probabilistic expectations data to aid identification of structural models (e.g.,
see Delavande (2008), Zafar (2008), and Arcidiacono et al. (2010) for static choices and Erdem et al. (2005) and Pantano and
Zheng (2010) for dynamic settings), as opposed to papers which employ them to improve efficiency of estimation (e.g., van der
Klaauw (2000) and van der Klaauw and Wolpin (2010)).

7However, it is well established in some fields outside economics, such as transportation and marketing. Ben-Akiva and
Morikawa (1990) and Morikawa et al. (1991) first noticed the complementary advantages of revealed and stated preferences
data, and proposed a simple method to combine them in estimation of discrete choice models of travel demand. Morikawa
(1994) subsequently extended the method to incorporate serial correlation and state dependence. Ben-Akiva et al. (1994),
Ben-Akiva et al. (1997), Louviere et al. (2000), Train (2003), Hensher et al. (2005), Train and Wilson (2007), and references
therein provide up-to-date discussions of the theoretical framework and of different conceptual and methodological issues.

8Dosman and Adamowicz (2006) use SP-RP methods to examine household vacation site choice with inter-spouses bar-
gaining; however, their setting does not feature uncertainty nor heterogeneous decision processes.
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curriculum choice, conditional on the observed family decision process? (3) When choosing

multilaterally, do children and parents select non-dominated alternatives, given their individual

preferences? (4) How does curriculum enrollment respond to policy-induced changes in deci-

sion makers’ beliefs?9 (5) Is it important to account for child-parent multilateral decisions and

heterogeneous decision processes in models of curriculum choice?

Consistent with findings from previous studies (e.g., Dominitz and Manski (1996), Delavande

(2008), Zafar (2008), and others), a descriptive analysis of my data reveals that respondents

exhibit substantial heterogeneity in beliefs; however, mean and median responses for “objective

outcomes”10 are not far in magnitude from population statistics and from statistics in compa-

rable samples (see Giustinelli (2010) for details).11 Furthermore, while children’s and parents’

distributions of beliefs for different outcomes are overall similar to each other, parents tend to be

more optimistic about children’s academic performance and future college and work outcomes

than children are. This, too, matches with findings from other studies comparing probabilistic

expectations of teenagers and their parents on children’s engagement of risky behaviors and

their future study and work outcomes (e.g., Quadrel et al. (1993), Dominitz et al. (2001), and

Attanasio and Kaufmann (2010)).

Similarity of children’s and parents’ beliefs is also confirmed by estimates of two unitary

family specifications (benchmark) assuming that children and parents are, alternatively, the

“representative” family decision makers. In particular, when alternatively used to explain

observed choices, children’s and parents’ beliefs produce the same preference ordering over the

most valued outcomes (e.g., child’s taste for subjects and outcomes capturing future college and

work choices and opportunities). Nevertheless, some differences exist in the relative magnitude

of preference weights (i.e., across pairs of outcomes) obtained from children’s and parents’ beliefs

as well as in the preference ordering of least valued outcomes. In fact, the model taking parents

as representative decision makers appears less good at explaining actual choices, consistent with

a prominent role played by children.

Indeed, more direct evidence on the latter is provided by the data on family decision protocols

(D). Either children chose unilaterally (protocol “1”; ≈ 27%), or they chose after listening to

their parents (protocol “2”; ≈ 35%), or children and parents made a joint decision (protocol

“3”; ≈ 38%). This pattern is nicely validated by comparison of children’s and parents’ stated

preferred curricula (B) with actual choices (C). In the overall sample, 14% of children did not

have their own way in the choice versus 40% of parents. And when the sample is disaggregated

by reported decision protocols, the first figure intuitively increases with parental participation
9To clarify, my setup enables me to quantify the effect of pre-specified changes in family members’ expectations on the

population distribution of curriculum enrollment. However, quantifying the effect of specific information provided to families
by a planner would additionally require a model of how family members process such information and, possibly, sequential
observations on families’ expectations.

10For example, graduating from different high school curricula (in whatever amount of time, in the regular time, and in the
regular time with a high GPA), enrolling in college after graduation from different curricula, etc.

11However, because my data are cross-sectional, I cannot carry a formal test of rational expectations.
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in the choice and the second decreases with it. Notably, within the subsample of families

that reported making a joint decision, only a small fraction (3-5%) selected an individually

dominated alternative based on child’s and parent’s stated preferences (B).

When information on family decision processes is used to estimate basic protocol-specific

models of curriculum choice (i.e., with no within children and within parents observed or un-

observed heterogeneity nor serial correlation across data sources), results uncover existence

of both similarities and differences in preferences across families employing different decision

protocols and between children and parents. On the one hand, child’s taste for subjects is

consistently the most valued outcome across all groups. On the other hand, preference ordering

over the remaining outcomes and the relative magnitude of preference weights between pairs

of outcomes tend to vary across groups. Children who chose after listening to their parents

incorporate parental beliefs into their own partially and heterogeneously across outcomes. And

“cooperative families” parental preferences and beliefs affect actual choices.

When I use these estimates to simulate the effect of specific changes in individual expecta-

tions on curriculum enrollment (e.g., following new information about the outcomes or some

institutional change of the schooling system), I find that accounting for heterogeneous decision

processes generates predictions that differ in magnitude, though not qualitatively, from those

yielded by the unitary specifications. Moreover, identity of policy recipients (children, parents,

or both) matters.

Before moving on with the specifics of identification and the empirical analysis, it is worth

to make some assumptions and potential limitations more transparent. On the side of the

study design and data collection, direct observation of family members’ probabilistic beliefs,

choice preferences, and decision processes is clearly a key strength of the analysis, since it makes

modeling expectations and assuming a particular decision-making unit unnecessary. However,

it is important to understand that this approach does not eliminate altogether the need for

assumptions; rather, it transfers their locus from things researchers do not know to be true nor

can generally test (i.e., the behavioral process) to elements over which they should have some

control or, at least, better information (i.e., the data collection and its properties). With this

rationale in mind and because of its focus on identification, this work takes expectations and

decision protocol data at face value,12 without concerning itself with the statistical issues that

would arise if those features of the decision process were measured with error.13

On the theoretical side, potential criticisms pertain credibility of the following maintained
12However, I use stated preferences as indicators of latent utility functions, and I allow them to feature a different generating

process than actual choices.
13To clarify, the nature of expectations and stated preference data and the fact that this study collects them retrospectively

easily raise concern about issues of endogenity and bias in their reports, e.g., due to cognitive dissonance and consequent ex
post rationalization. While Zafar (2010a)’s and Chen and Risen (2010)’s recent analyses may help relaxing major concerns,
I discuss potential issues in the order they present themselves in the body of paper. On the other hand, recent papers have
started accounting for potential measurement error in empirical analyses employing expectations data (e.g., Erdem et al.
(2005)) and have proposed different ways to think of and deal with specific response patterns, such as rounding (e.g., Manski
and Molinari (2010)) and bunching at “focal values” like 50% (e.g., Kezdi and Willis (2008)).
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assumptions: (i) separability of uncertain outcomes, (ii) independence of beliefs and utility

valuations over outcome states, (iii) exogeneity of decision makers’ beliefs with respect to choice

preferences, (iv) exogeneity of family decision protocols with respect to choice preferences,

and (v) cooperative child-parent decision making with common knowledge of family members’

preferences and beliefs. (i) and (ii) follow directly from the adopted Bayesian-type framework

à la Gilboa et al. (2004).14 (iii) comes from the imperfect information model of randomness

considered here, which allows decision makers to possibly measure attributes with error, but

assumes that such errors do not affect decision making.15 As for (iv), while observed decision

protocols and actual choices appear to be statistically related in my data, it is to be established

whether such a relationship is structural in nature, as it would be if, e.g., selection of a family

decision protocol for curriculum choice were to depend on child’s and parent’s preferences and

beliefs.16 Finally, I focus on cooperative family decision processes (v), because of a main

feature curriculum choice shares with a panel- of-experts problem (e.g., Raiffa (1968)) in which

aggregation of family members’ preferences and beliefs is implicitly motivated by the wish of

making a better choice than the one a single member would make individually. However, it is

clear that the typical nature of child-parent interactions suggests exploring also non-cooperative,

agency-type venues (e.g., Cosconati (2009)). I consider this work to be a first step; (iv) and (v)

are work in progress (Cosconati and Giustinelli (2010) – TBA).

The paper is organized as follows. Section 2 motivates the application and summarizes the

contributions of the paper to the relevant literature. Section 3 conceptualizes child, parent,

and family choice problems and illustrates the main identification and policy issues through

a simplified example with two decision protocols, two alternatives, and two binary outcomes.

Section 4 covers the study design and describes the samples used in the empirical analysis of

section 5. Section 6 presents the counterfactual policy exercises. Conclusions follow.

2 Background: Curriculum Choice under Uncertainty and Child-

Parent Decision Making

Importance and uncertainty of curriculum choice are tightly related to the purpose of curricular

tracking: that is, to provide educational specialization so that children with different aptitudes

and aspirations may pursue careers involving different areas and types of expertise.17 In par-
14It is important to notice that assumptions (i) and (ii) affect identification. Hence, the present analysis holds within the

class of problems featuring those assumptions, which appear to be prominent in empirical research.
15For instance, this assumption would be violated if decision makers were aware of their errors, were risk averse, and had

differential information across alternatives.
16This may depend on gains and costs from cooperation (as in Del Boca and Flinn (2006, 2010)), on a deliberate parental

behavior (as in Bisin and Verdier (2001) and Doepke and Zilibotti (2008)), or on some other reasons. Indeed, if that were the
case, quantifying the effects of a policy targeting family members’ expectations would require a joint model of decision protocol
selection and curriculum choice, since that policy would affect curriculum choice both directly and through the channel of
choice protocol selection.

17Educational tracking may be by ability (as in the U.S.), curricular, or a combination of the two (as in many European
countries). Time of tracking and allocation mechanism of children into tracks vary across countries. In the OECD group, the
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ticular, the time of tracking and the extent of specialization and separation of different tracks

affect the consequences of curriculum choice on children’s outcomes, by shaping the form and

degree of uncertainty for this choice.18 This is because the earlier a child’s age at tracking, the

longer the future he must anticipate, and the less the accumulated experience with past school

performance he can use to form expectations on his tastes, ability, and future outcomes. Hence,

awareness that the type of training in high school carries consequences for future education and

work opportunities and that “wrong choices” may not be easily or costlessly corrected makes

it very important for adolescents to be able to make a sensible choice.

Motivated by these issues, this work contributes to existing empirical studies of curricu-

lum choice with curricular tracking (e.g., Flabbi (2001) and Checchi and Flabbi (2007)), by

modeling uncertainty explicitly within a structural framework, but without imposing strong

assumptions on how youths and their parents form expectations on future choice-related out-

comes (see Manski (1993) and references therein). More generally, the paper fits in with the

literature modeling career choice as one requiring a large investment in training and being made

by individuals with uncertain ability and investment returns (see, e.g., Bamberger (1986) on

occupation choice and Altonji (1993) and Zafar (2008) on college major choice). It is closest

to Zafar (2008), who estimates a static model of college major choice under uncertainty using

probabilistic expectations data from a sample of Northwestern students. The main differences

between Zafar (2008)’s work and mine are that I analyze an earlier and compulsory career-type

choice and that I model it as a family choice with heterogeneous decision processes. On the

contrary, Zafar (2008) assumes that college students are the main decision makers of their ma-

jor, which appears sensible given their age, and yet finds evidence of a possibly strong parental

influence (see also Zafar (2010b)).

All the more so, identification of a proper decision-making unit for curriculum choice is not

at all unambiguous, since in most OECD countries children are tracked into different curricula

during adolescence (e.g., in Italy between 13 and 14). The main difficulty here is that, on the one

hand, adolescents undergo development of their preferences and capabilities for communication,

formal reasoning, and independent action; on the other hand, they still rely on parental guidance

and support.19 In particular, while adolescents seem old enough to play an active role in their

modal age of first tracking is between 15 and 16, and ranges from 10 in Austria and Germany to 18 in Canada and the U.S.
(Brunello and Checchi, 2007). In fact, the American system is considered to be de-tracked curricular-wise. Lately, however,
some states have experienced specialization shifts, such as the Florida requirement that 9th graders declare a major. As for the
sorting mechanism, in some countries children are tracked by testing, as in Germany, and in others by “family background”
(i.e., choice), as in Italy (see Checchi and Flabbi (2007)).

18On the supply side, there is a substantive literature studying how the institutional features of a stratified schooling system
affect its efficiency (e.g., Brunello and Giannini (2004)) and equity (see, e.g., Brunello and Checchi (2007) and Checchi and
Flabbi (2007) for the case of curricular tracking and Figlio and Page (2002) for ability grouping). The tension between breadth
and depth of education and the related policy problem of determining the optimal time of tracking are prominent issues (e.g.,
Malamud (2010), Brunello et al. (2007), Ariga et al. (2005), and Ariga et al. (2010)). Intuitively, if a central planner had
perfect knowledge of children’s ability, he may wish to track students as early as possible. But since, like families, he does
not, he faces a clear trade-off between time of tracking and probability of misallocation.

19Prior research establishes that children’s involvement in decisions increases over ages 9-13 (Yee and Flanagan, 1985),
while decision autonomy increases over ages 12-17 (Dornbusch et al., 1985). Moreover, the formal reasoning skills needed
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schooling decisions, their level and rate of autonomy acquisition will generally vary with their

traits, abilities, environment, as well as parental preferences, resources, and parenting style

(Lundberg et al., 2007). Hence, it seems natural to hypothesize existence of heterogeneous

decision processes across families, ranging from unilateral to more interacted protocols.

To date, however, only a recent handful of studies have challenged the unitary view of

household behavior (Becker, 1974, 1981) in the context of educational choices (e.g., Bursztyn

and Coffman (2009) and Berry (2009)). These works develop non-cooperative models of child-

parent interactions with moral hazard, which motivate empirical applications on children’s

school attendance behavior or achievement using data from field experiments in developing

countries.20 My paper contributes to this stream of works by structurally analyzing a different

schooling choice margin and by focusing on cooperative child-parent interactions, while allowing

for heterogeneous family processes (unilateral and joint decisions). This is justified by the fact

that in my setting children and parents are assumed to solve the very same problem, i.e.,

choose the curriculum that suits the child best. Thus, even though in this paper I do not model

family selection into decision protocols, which I take as exogenously given, the underlying idea

is that cooperation exists whenever communication of opinions, information, and preferences

can improve quality of choice.

Last but not least, curriculum choice has also been regarded as a channel through which

parents may try to create their children in their own image (à la Bisin and Verdier (2001))–

thereby generating little intergenerational mobility (see, e.g., Checchi and Flabbi (2007))–or,

rather, to improve their children’s condition (as in Doepke and Zilibotti (2008)). However,

while “cultural transmission” of preferences and beliefs from parents to children is generally

considered to be the main vehicle for either possibilities, very little is known in practice of how

children and their parents perceive uncertain dimensions of curriculum choice and of what roles

children and parents play in it. Data collection and empirical analysis carried by this work

provide new evidence and shed some light on these issues.

to generate and weigh alternatives have been found to develop rapidly from age 8-9 to age 15-16 (Keating, 1990). Finally,
experimental studies evaluating children’s development of abilities related to rational decision-making have found that patterns
of adolescents’ decision-making behavior are very similar to those observed in adults (e.g., Harbaugh et al. (2001), Harbaugh
et al. (2002), Schlottmann and Anderson (1994), and Schlottmann (2001), among others).

20Bursztyn and Coffman (2009) analyze adolescents’ school attendance behavior in Brazilian favelas, and provide evidence
that child-parent conflict plays an important role via the parents’ difficulty of monitoring their children’s actions. Berry
(2009), instead, tests whether identity of recipient (either the parent or the child) of cash incentives for school achievement
(enrollment, or attendance) in India affects their effectiveness. Additionally, Attanasio and Kaufmann (2010) analyze high
school and college enrollment decisions in rural Mexico with data from Progresa, and find that both children’s and parents’
expectations matter for the former, while only youths’ expectations are relevant for the latter. However, they do not model
child-parent interactions. In fact, these papers and mine fit in with an emerging literature studying child-parent interaction
dynamics in child development and family decision-making and their consequences on children’s outcomes (see Weinberg (2001),
Burton et al. (2002), Akabayashi (2006), Lundberg et al. (2007), Lizzeri and Siniscalchi (2008), Hao et al. (2008), (Dauphin
et al., 2008), Cosconati (2009), and Souza (2010)). All these works model child-parent interactions as non-cooperative games
for, under the influence of earlier works exploring limitations of Becker (1981)’s “Rotten Kid Theorem” (e.g., Bergstrom
(1989)), they consider the standard assumption of (spousal) bargaining (that binding, costlessly enforceable agreements can
support an efficient solution) not plausible in the child-parent context (see Lundberg et al. (2007)).
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3 The Identification Problem, Idealized

3.1 Curriculum Choice under Uncertainty: Basic Setup

The environment is populated with families, f = 1, ..., F ∈ F , each one formed by one adolescent

child, c = c(f), and one parent, p = p(f).21 Families face high school curriculum choice for their

children over a set of available alternatives, j = 1, ..., J ∈ J ,22 and wish to make an optimal

child-curriculum match, as follows:

max
j∈J

θcj , (1)

where θcj represents the unknown quality of the match between child c and curriculum j.23 This

parameter may be thought of as a composite one, encompassing immediate quality of curriculum

choice as well as post-graduation opportunities and choices. Examples are whether the child

would enjoy core subjects of curriculum j, how his performance would be in curriculum j, which

opportunities curriculum j would provide him with after graduation, and so forth, should he

enroll in curriculum j. In my notation, individuals’ indeces indicate individual-specific variables

or parameters, when used as subscripts; they indicate variables or parameters specific to the

class of individuals identified by the index, when used as superscripts.

Assuming separability of θcj ’s components yields a convenient representation of uncertainty

as a set of binary outcomes, B = {{bn ∈ {0, 1}}Nn=1}, with corresponding objective ex ante real-

ization probabilities, {{Πcj (bn ∈ {0, 1})}Nn=1}Jj=1, such that Πcj (bn = 1) = 1 − Πcj (bn = 0).24

Importantly, I do not assume that family members know these ex ante probabilities; rather, they

hold subjective probabilities, {{{Pij (bn ∈ {0, 1})}Nn=1}Jj=1}i∈{c,p}, which may or may not coin-

cide with the objective ones. To clarify, Πcjn = Πcj (bn = 1) indicates the objective ex ante prob-

ability that outcome bn = 1 occurs if child c attends curriculum j; whereas, Pijn = Pij (bn = 1)

indicates the subjective probability held by family member i ∈ {c, p} for the same outcome.

Hence, for each family f , (N × J) objective probabilities and (N × J × 2) subjective ones are

defined.25

Throughout the section, I illustrate the framework and the identification problem via a

simple example with 2 alternatives, 2 outcomes, 2 decision processes, and 1 family. The fam-

ily chooses between an art-oriented curriculum, “Michelangelo” (M), and a science-oriented
21I assume dyadic families because my data are available for one parent only. Theoretically, this amounts to assuming that

parental role in the choice can be represented through primitives of a single parent, the “representative” or “relevant” parent.
22For simplicity I assume that all families face the same choice set, i.e., Jf ≡ J ∀f ∈ F .
23Given institutional features of Italian secondary education (see Giustinelli (2010) for a detailed summary), the supply

side is characterized (1) by curricular tracking with physically separate curricula (i.e., offered by different schools) and (2) by
an open enrollment system in which the allocation mechanism of children to curricula and schools is family choice. On the
demand side, I assume (3) a hierarchical process of (a) selection of a family decision process, (b) curriculum choice, and (c)
school choice as well as (4) separability of curriculum choice from other family choices. (1) and (2) allow me to focus on the
demand side; (3) and (4) allow me to analyze curriculum choice in isolation.

24Here for simplicity I assume that B is constant both within and across families.
25Choice of modeling uncertainty as a set of separable binary outcomes is dictated by feasibility of data collection so

that, for each respondent i ∈ {c(f), p(f)}, {{Pij (bn = 1)}Nn=1}Jj=1 are elicited in place of the more complicated objects
{Pij (b1, ..., bN )}Jj=1. Notice, however, that if multiple discrete or continuous outcomes were included, multiple points of the
respondents’ distributions of beliefs should be elicited.
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curriculum, “Galileo” (G), by weighing a “Difficulty” outcome (D)–that the child will grad-

uate in the regular time–and a “Flexibility” outcome (F)–that the training he receives will

allow him to choose among a wide range of fields in college. The world is such that an M-

diploma is easier to obtain than a G-diploma (ΠMD = 95 > ΠGD = 70; math at Galileo is

really hard!). However, an M-diploma provides less flexibility than a G-diploma (ΠMF = 30 <

ΠGF = 90; Michelangelo’s artistic training is somewhat narrow, and is good only if the child

wants to study architecture or some art-related field in college). Moreover, family members

hold subjective assessments, {(PiMD, PiMF ); (PiGD, PiGF )}i∈{c,p}, of the objective probabili-

ties, {(ΠMD,ΠMF ); (ΠGD,ΠGF )} = {(95, 30); (70, 90)}, and use the former within one of the

following decision processes: either the child unilaterally chooses his own curriculum or child

and parent make a joint decision. Finally, one researcher (“she”) and one planner (“he”) ob-

serve the family’s final choice, M, and some background characteristics of family members.

With these data, the researcher is in charge of analyzing curriculum choice and of informing

the planner. In turn, the planner is in charge of implementing useful policy, if desirable. Notice

that family members’ subjective expectations and the family decision process are not observed.

3.2 The Individual Problem: Separating Preferences and Beliefs

Analysis of the individual curriculum choice problem, either as faced by the child or by the

parent, introduces the challenge of empirically separating the decision maker’s preferences from

his/her beliefs (see also Delavande (2008) and Zafar (2008)).

The Child Problem. Let the child be the unilateral decision maker first. He chooses a high

school curriculum according to decision rule (1). Formally, he maximizes over J a separable-

in-outcomes linear subjective expected utility of the form

EUcj =
N∑

n=1

∑
bn∈{0,1}

Pcj (bn) · u(bn, zc) + x′cjδ(zc) + εcj =
N∑

n=1

Pcjn ·∆uc
n + Ū c + x′cjδ

c + εcj , (2)

which is a function of the vector of uncertain outcomes (b = (b1, ..., bN )), a M × 1 vector of

child-curriculum specific attributes not subject to uncertainty (xcj = (xcj1, ..., xcjM )′), a vector

of individual characteristics (zc), and a random term unobservable to the econometrician (εcj).

Each structural preference parameter, ∆uc
n = u(bn = 1, zc) − u(bn = 0, zc), is the difference in

utility the child derives from occurrence of outcome n (bn = 1) relative to its non-occurrence

(bn = 0). Notice that in this formulation preference parameters are assumed to be identical

for all children sharing the same observable characteristics (zc) and that, being constant over

alternatives, Ū c =
∑N

n=1 u(bn = 0, zc) drops out of the choice.

Keeping up with the example, let us momentarily simplify the framework by assuming that

the researcher and the planner do know that the child is the only decision maker and that he

10



chooses according to “ Max
j∈{M,G}

EUcj = PcjD · ∆ucD + PcjF · ∆ucF ”. Even within this simple

setup, the researcher is faced with multiple competing explanations consistent with choice of

M. The following two scenarios illustrate the identification problem and its relevance for policy.

• Scenario I. The child holds rational expectations, i.e., {(PcMD, PcMF ); (PcGD, PcGF )} =

{(95, 30); (70, 90)}, and only cares about difficulty, e.g., {∆ucD,∆ucF } = {10, 0}. Indeed,

with a linear compensatory rule trading off difficulty and flexibility, this configuration of

preferences and beliefs implies EUcM = 95 · 10 + 30 · 0 > EUcG = 70 · 10 + 90 · 0.

• Scenario II. The child holds rational expectations on difficulty, he erroneously perceives

the two alternatives as providing the same degree of flexibility, e.g., {(PcMD, PcMF );

(PcGD, PcGF )} = {(95, 90); (70, 90)}, and he equally cares about difficulty and flexibility,

e.g., {∆ucD,∆ucF } = {5, 5}. This yields EUcM = 95 · 5 + 90 · 5 > EUcG = 70 · 5 + 90 · 5.

Under the standard assumption that individual preferences are hardwired and cannot be ma-

nipulated, scenario I (“preference-driven” choice) has different policy implications than scenario

II (“expectations-driven” choice). Specifically, if the planner were to intervene by providing the

child with the correct information (optimistically assuming the planner himself knows it), his

policy would be meaningful and possibly effective only under the second scenario. That is, if

the informed decision maker of scenario II were now to “comply” and use the disclosed objective

realization probabilities, he would switch to choice of G (since 95 · 5 + 30 · 5 < 70 · 5 + 90 · 5).

Under scenario I, instead, the decision maker will choose M even without holding rational ex-

pectations, as long as he does not value flexibility and he correctly perceives M as an easier

alternative.

The Parent Problem. I assume that parents put themselves into their children’s “shoes”,

i.e., they solve the same problem as their children; but they do it through their own lenses, i.e.,

through their subjective expectations and preference weights. This echoes Bisin and Verdier

(2001)’s assumption of parental “imperfect empathy”, and implies that the parental problem

can be formalized as in (2), substituting the individual index c with p.

3.3 The Family Problem: Introducing Cooperative Decision Making

A family-level decision process for curriculum choice may consist of a unilateral decision by

a single family member or may entail interactions among members. Specifying a particular

form of interaction requires knowledge or assumptions on whether, which, and how family

members’ beliefs and preferences enter the process and on whether and how the choice set

and other constraints are modified by the interaction itself. A fairly general formalization

of a cooperative decision process under uncertainty, which nests unilateral decision and other

interacted processes as special cases, incorporates both revision of decision makers’ expectations

and negotiation over preferences. Specifically, child and parent update their subjective beliefs
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to account for each other’s opinions and information, using outcome-specific weights (wc,k
n and

wp,k
n , respectively).26 And they maximize a weighted average of their thus updated subjective

expected utilities, using a different set of outcome-level weights (φn and ϕm), which reflect how

much “outcome-specific say” each member has in the choice, as follows:

Max
j∈J

Γk
fj =

N∑
n=1

φn ·
{[
wc,k

n · Pcjn + (1− wc,k
n ) · Ppjn

]
·∆uc,k

n

}
+

+ (1− φn) ·
{[

(1− wp,k
n ) · Pcjn + wp,k

n · Ppjn

]
·∆up,k

n

}
+

+
M∑
m

ϕm ·
[
δc,k · xcjm

]
+ (1− ϕm) ·

[
δp,k · xpjm

]
+ εkfj , (3)

where Γk
f is family f ’s objective function;27 ∆ui

n, δi
m, and Pijn are the child’s and parent’s

preferences and expectations; εkfj is a random component capturing the observational difficulty

of the econometrician; and dependence of the preference parameters on individual characteristics

(zi) is suppressed for notational convenience.

In the simple binary example, let us assume that whenever child and parent make curriculum

choice cooperatively they solve

max
j∈{M,G}

ωc · [PcjD ·∆ucD + PcjF ·∆ucF ] + ωp · [PpjD ·∆upD + PpjF ·∆upF ] ,

with ωc +ωp = 1. This process is nested in problem (3), with φn ≡ ωc and {wc,k
n , wp,k

n } ≡ {1, 1}

∀n. It is then easy to concoct a third scenario in which, choosing according to this rule, child

and parent select again M.

• Scenario III. Child and parent weight their expected utilities with a greater weight

to the parent, e.g., {wc, wp} = {1/3, 2/3}, and they hold preferences and expectations

such that they both care equally about difficulty and flexibility, e.g., {∆ucD,∆ucF } ≡

{∆upD,∆upF } = {5, 5}; the child has rational expectations, i.e., {(PcMD, PcMF ); (PcGD,

PcGF )} = {(95, 30); (70, 90)}; the parent, instead, erroneously perceives M and G as pro-

viding the same degree of flexibility, e.g., {(PpMD, PpMF ); (PpGD, PpGF )} = {(95, 90);

(70, 90)}. All this implies

EUfM =
1
3

[95 · 5 + 30 · 5]+
2
3

[95 · 5 + 90 · 5] > EUfG =
1
3

[70 · 5 + 90 · 5]+
1
3

[70 · 5 + 90 · 5] .

This last example shows how knowledge of decision process dynamics, such as presence or

absence of interpersonal interactions, is also fundamental to inform policy. In this case, for

information provision to be meaningful in the first place, it should target the parent. Fur-
26This setup can accommodate opinion polarization by not restricting weights wi,k

n to lie in [0, 1] (e.g., Arora and Allenby
(1999)).

27Which, in general, needs not be an expected utility itself.
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thermore, assessing whether disclosing certain information may be at all effective and to what

extent (which the planner may wish to know given that information provision is generally

costly) requires knowledge of the relative importance of each participant and of her/his prefer-

ences. In scenario III, parental importance and preference weights are such that disclosure of

the objective probabilities on flexibility, if feasible, may effectively induce a change in behavior,

since
1
3

[95 · 5 + 30 · 5] +
2
3

[95 · 5 + 30 · 5] <
1
3

[70 · 5 + 90 · 5] +
2
3

[70 · 5 + 90 · 5] ,

but it needs not do so in general.

Let us finally consider a situation in which child and parent are totally aligned and both

prefer M, based on the wrong perception that it provides the same degree of flexibility as G, i.e.,

{∆ucD,∆ucF } ≡ {∆upD,∆upF } = {5, 5} and {(PcMD, PcMF ); (PcGD, PcGF )} ≡ {(PpMD, PpMF );

(PpGD, PpGF )} = {(95, 90); (70, 90)}. Then, preference alignment between child and parent

should make them “indifferent” among different decision processes, at least within a class of

models satisfying unanimity (e.g., Raiffa (1968), Gilboa et al. (2004), and Mongin (2005)).

Indeed, any group decision rule linearly combining child’s and parent’s expected utilities, in-

cluding {0, 1} and {1, 0}, would result in choice of M, given the primitives. However, from

the point of view of a social planner, knowing which process is employed in the choice is still

important. Assume he does not. Then, if the family decision process is such that the child

chooses unilaterally (as in scenario II), providing the correct information may be useful. If,

instead, the process entails weighting child’s and parent’s expected utilities with weights 1/3

and 2/3 (as in scenario III), targeting the child alone would not be effective, since

1
3

[95 · 5 + 30 · 5] +
2
3

[95 · 5 + 90 · 5] >
1
3

[70 · 5 + 90 · 5] +
2
3

[70 · 5 + 90 · 5] ;

however, targeting the parent alone or both may be, e.g.,

1
3

[95 · 5 + 90 · 5] +
2
3

[95 · 5 + 30 · 5] <
1
3

[70 · 5 + 90 · 5] +
2
3

[70 · 5 + 90 · 5] .

In the empirical application, I focus on three main decision processes I observe in my sample,

all nested in (3).28

• Child chooses unilaterally (k = 1)

When a child chooses individually without major interactions with his parents, the family

criterion function, Γ1, coincides with the child’s expected utility (2). This protocol includes

the possibility that the child interacts with any person or listens to any source different
28Clearly, other behavioral assumptions of joint decision making would be possible. Nash bargaining would be one (as in

Zhang et al. (2009)); joint regret minimization a second one (as in Aribarg et al. (2010)); according to a third one the child
may choose unilaterally over a “constrained choice set” established by the parent (as suggested by a few children’ answers to
an open question of my survey).
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from his parents, and is nested in (3), with φn = 1 and wc,1
n = 1 ∀n.29

• Child chooses after listening to the parent (k = 2)

I formalize this process as one in which the child maximizes an expected utility function

based on his own preferences, {∆uc,2
n }Nn=1 and {δc,2

m }Mm=1, and on updated expectations

that incorporate parental opinions via {wc,2
n }Nn=1. Like the previous one, this process is

nested in (3), with φn = 1 ∀n.30

• Child and parent make a joint decision (k = 3)

I model this process as a special case of (3) with wc,3
n = 1 and wp,3

n = 1 for all n, i.e., a

joint decision involving by-outcome negotiation with no explicit expectations’ revision.

As previously noticed, in this paper I do not model the process leading to employment of a

particular family decision protocol. Hence, no specific interpretation is given to the weights ag-

gregating child’s and parent’s preferences and beliefs. For instance, while weights {(1−wc,2
n )}Nn=1

in protocol 2 will generally capture child’s internalization of parental opinions and suggestions,31

such parameters may be easily thought to depend on aspects of parental socialization decisions

and style (see Bisin et al. (2004) and references therein for relevant discussions).

4 Survey and Data

4.1 Study Design and Sample Characteristics

Study participants were sampled from the population of all 9th graders entering any public

high school of the Municipality of Verona, Italy in September 2007 and their parents.32 The

total number of students in the population was 4,189. Sampling was choice-based, i.e., random

within choices.33 This sampling scheme is cheaper than random sampling from the whole

population and is natural for the choice under study, since students are physically clustered in

schools and, hence, in curricula. Recruitment was done by contacting school principals directly.

Virtually 100% of sampled students participated in the survey (1,215). Parental participation

was expectedly lower (≈ 60%), but still very good for this type of surveys.34 The 2007-2008
29A case in which the parent chooses unilaterally would be totally symmetric, with the roles of child and parent reversed.
30It is easy to show that this process accommodates failures of Pareto Optimality. An example within the M-G illustration

is available upon request. Again, a case in which the parent chooses after listening to her would be symmetric.
31In fact, the extent to which a child relies on parental opinions on a specific outcome may vary across families and across

curricula, e.g., depending on whether he thinks that the parent has more experience with or better information about certain
curricula. While I do not model this explicitly, in empirical analysis weights could be easily made depend on covariates
capturing these aspects.

32Within Veneto, choice of Verona was mainly due to institutional and geographical characteristics–such as the size of the
area, the location of schools within the area, and characteristics of the public transport network–which make all curricula in
the defined choice set available to everybody (see Giustinelli (2010) for details).

33Manski and McFadden (1981) and Cosslett (1993) provide systematic treatments of estimation of discrete choice models
with endogenously stratified samples, of which choice-based sampling is a special case.

34The 60% average parental participation rate, however, masks important differences across parents’ subgroups. In partic-
ular, participation rates of parents from families in which child reported having chosen unilaterally are lower than average.
That is, whichever the underlying reason–either a deliberate parenting style or disengagement–for parents of “k = 1 children”
not to participate in their children’s choice, they also appear to be the same parents who did not participate in the survey.
This is not particularly problematic for the empirical analysis of this paper, since I employ parents’ expectations and stated
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distributions of curriculum enrollment in the population and in the estimation samples are

shown in table 1 (column 2 and remaining ones, respectively).35

Children filled out an in-class paper-based questionnaire (≈ 20-28 students per class) during

one school hour (≈ 50-60 minutes), assisted by an instructor previously trained for the pur-

pose and by the class teacher. Parent questionnaire, instead, was taken home by students and

returned to school after 7-10 days. These formats were chosen to maximize participation and fa-

cilitate administration inside schools.36 Giustinelli (2010) report complete English translations

of both questionnaires.

Important design choices were to collect field data rather than experimental data and be-

tween collecting retrospective and prospective data. The former was suggested by the high-

stakes and once-and-for-all nature of curriculum choice.37 As for the latter, collecting data ret-

rospectively during the first 10 days of school had two main advantages. First, actual choices

could be observed. Second, children and parents could separately provide their probabilis-

tic expectations and stated preferences with reference to a point in time–before the decision

process–that was likely to vary across families.38 A clear disadvantage of the retrospective

approach is that its validity relies on respondents’ capability to recall their expectations

preferences data only in models of interacted decision making, i.e., only for those subgroups of families in which parental
participation rates are generally high (up to 80%). However, this response pattern would be troublesome if one wished to use
the data to analyze decision protocol selection.

35For detailed descriptions of the original samples and of the samples used for estimation, see Giustinelli (2010). The
following stylized patterns are found: (i) gender specialization: vocational and technical curricula of industrial type and
technical schools for surveyors are predominantly chosen by boys, while vocational curriculum of commercial or social type,
artistic education, and general curricula of humanities, languages, and education sciences are predominantly chosen by girls;
(ii) higher percentage of children with irregular paths in vocational curricula; (iii) higher percentage of foreign born children
or children of foreign born parents in vocational curricula and in linguistic curricula; (iv) selection by parental education:
children of high educated parents are concentrated in general curricula, especially humanities and math and sciences; (v)
selection by final grade obtained in junior high graduation exam: children enrolled in general, technical, and vocational tracks
feature decreasing grades.

36Face-to-face interviews were discarded because of sample size-costs considerations. At-home internet-based formats were
avoided for a number of reasons. The first is selectivity, since some families may not have internet access or may have internet
access with a usage-based rate. Second, a sizeable number of parents may not be proficient at using a personal computer or
the internet. And it was suspected that the at-home mode would obtain lower response rates among children, too, relative to
the in-class mode. Finally, availability of computer laboratories varied greatly across types of school, and their use appeared
to have greater potential for conflict with school activities and logistics of survey administration.

37Empirical studies analyzing discrete choices by groups, especially outside economics, use experimental settings. However,
they systematically focus on decisions over goods that, relative to curriculum choice, are frequently purchased, low-stakes,
and characterized by choice dynamics similar to those of existing comparable types of goods, a circumstance that renders the
experimental situation more realistic and familiar to participants (see, e.g., Dosman and Adamowicz (2006)). For instance,
marketing studies typically involve tasks confronting respondents with hypothetical choice scenarios in which attributes of
alternatives and choice sets are appropriately manipulated, and require alternating individual and group tasks, implying the
simultaneous physical presence of group members and a decision protocol fixed by design (see, e.g., Aribarg et al. (2002)).
Moreover, these studies usually analyze choices with no uncertainty.

38The way in which the choice process unfolded over time may vary, too. E.g., in cooperative families children and parents
may choose after a series of repeated interactions, or they may “sit down around a table” and settle on a choice once and
for all. Additionally, collecting data in subsequent instances (i.e., once before and once after the choice) would pose both the
issue just discussed and additional challenges from possible attrition.
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and choice preferences as they were before the decision process.39 An additional related compli-

cation is that, while the implemented sampling design for actual choices and family members’

characteristics should be viewed as purely choice-based, that of stated choice preferences–which

I use as dependent variables in the empirical analysis–should be more appropriately viewed as

one from an “intercept & follow” survey, whose econometrics is less known and less developed

than that for pure choice-based samples (see McFadden (1996)).

4.2 Subjective Data: Elicitation and Description

Verbal Categories of Family Decision Protocols. Children’s and parents’ perception of

their family decision process was elicited by means of the following question (here directed to

the child).

Which one of the following statements best describe the WAY in which the CHOICE of

your high school curriculum was made? Please mark one only.

(A) We realized pretty soon that in our family we had the SAME IDEA ©

(B) We DISCUSSED within our family till we reached a COMMON DECISION
based on some COMPROMISE ©

ONLY ONE PERSON took the final decision, AFTER RECEIVING INFORMATION
from the others and LISTENING to their OPINIONS

Indicate who decided:

(C) Myself ©

(D) My father ©

(E) My mother ©

(F) Other person, specify: ....................................... ©

ONLY ONE PERSON made the final decision, WITHOUT discussing
or exchanging OPINIONS with others

Indicate who decided:

(G) Myself ©

(H) My father ©

(I) My mother ©

(L) Other person, specify: ....................................... ©

39In a paper concerned with ex post rationalization by parents asked in surveys to retrospectively report children wantedness,
Rosenzweig and Wolpin (1993) find that such reports of wantedness after children are born are significantly influenced by a
number of children’s traits. While the case Rosenzweig and Wolpin (1993) analyze and mine may appear similar, two important
distinctions should be made. First, at the time of my survey none of the outcomes for which respondents were asked to report
their probabilistic expectations had realized. Second, as described in subsection 4.2, respondents were never inquired about
whether they wanted to choose the curriculum they eventually enrolled in. Rather, they were presented with the choice set
available in Verona, and they were asked to rank curricula in that choice set, according to their preferences, their expectations,
and the criteria they individually thought were important for the choice. Finally, in a recent paper Chen and Risen (2010)
show analytically and experimentally that if people’s ratings/rankings are an imperfect measure of their preferences, and their
choices are at least partially guided by their preferences, observed spreading of alternatives may not be unambiguosly taken as
evidence of choice-induced attitude change due to cognitive dissonance and corresponding reduction via ex post rationalization,
since it will generally occur even with stable preferences.
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Format and wording were inspired by those of analogous questions in existing surveys (e.g., NELS88

(1988), IARD (2001), CISEM-IARD (2007), and others), but feature a potential improvement upon them

in that decision protocol categories can be mapped more naturally into economic models of individual

and group choice under uncertainty (e.g., categories (C)-(F)). On the one hand, this kind of information

sometimes found in large scale surveys could and should be more frequently incorporated into economic

models of choice, at least when elicited through a wording that has a natural behavioral interpretation

in economics.40 On the other hand, this design is subject to the basic criticism that categories are very

stylized relative to the full range of possible real-life decision protocols: e.g., some modes of behavior

may be excluded while others may be grouped in the same category. Moreover, qualitative descriptions

of group decision protocols might be especially prone to subjectivity of interpretation.41

Answers to the protocol question and to a follow-up question asking respondents to list the persons the

decision maker talked to, and to indicate whether (s)he talked to them simultaneously or separately, were

then used to classify reported protocols into the 5 categories described in subsection 3.3.42 Table 1 shows

the distribution of family decision protocols reported by children in the estimation samples:43 either

children chose unilaterally (protocol “1”; ≈ 27%), or they chose after listening to their parents (protocol

“2”; ≈ 35%), or children and parents made a joint decision (protocol “3”; ≈ 38%).44 On the whole, these

numbers may appear somewhat surprising, since parents may be expected to play a much larger role,

especially given the age of the child and the importance of the choice. However, comparison of children’s

and parents’ favorite curricula before the choice with actual choices reveals that only 14% of children

did not have their own way versus 40% of parents (see tables 2 and 3). Moreover, when the sample is

disaggregated by family decision protocol, the first figure intuitively increases with parental participation

in the choice and the second figure decreases with it. These patterns are consistent with similar evidence

from sociological and psychological studies on parenting in decision making (e.g., CISEM-IARD (2007,

2009); see also Giustinelli (2010) for additional references). Those studies have interpreted this evidence

within the context of a more general shift that parenting style of modern Western families seems to have

undergone in the last few decades towards a more open–“affective and supportive”–approach than the

one–“prescriptive and rigid”–in vogue among previous generations (Provantini and Arcari, 2009).

40Recent examples using questions from the Health and Retirement Study (HRS) and the National Longitudinal Survey of
Youth 1997 (NLSY97) are, respectively, Friedberg and Webb (2006) and Cosconati (2009).

41Alternatively, in marketing studies stated measures of influence are often elicited via a 0-100 scale (e.g., Aribarg et al.
(2002)). However, it is not obvious whether qualitative differences among group decision protocols can be easily reduced to
mere quantitative differences and elicited from survey respondents as such.

42Child chooses unilaterally (k = 1): this includes the case in which he talked to any person different from his parents and,
hence, it groups part of (C) and all (G). Child chooses after listening to the parent (k = 2): part of (C). Child and parent
make a joint decision (k = 3): (A) and (B). Parent chooses after listening to the child (k = 4): part of (D) and (E). Parent
chooses unilaterally (k = 5): this includes the case in which she talked to any person different from the child, and is based on
part of (D) and (E), as well as all (H) and (I). Additionally, when either (A) or (B) was selected, the respondent was asked a
follow-up question eliciting the identity of the “threat decision maker” for the counterfactual situation in which any agreement
or compromise could not be reached. Answers to this question and other information were used to define the relevant or
representative parent. See Giustinelli (2010) for additional details.

43Because of selection in parental participation and because the student questionnaire was administered in class with the
assistance of survey administrators (as opposed to the parent questionnaire which was self-administered by parents), in the
empirical analysis I relay on children’s reported protocols. This is also the approach taken by most studies of parenting in
developmental psychology and economics, which find (as I do) somewhat low correlations between adolescents’ and parents’
reports of parenting modes in family decision making (e.g., Bumpus et al. (2001), Cosconati (2009), and others). Giustinelli
(2010) offers additional discussions on these issues.

44The fraction of families for which no protocol or a different protocol were reported was below 5% and was dropped from
the sample.
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Stated Preferences as Curriculum Rankings and Junior High Orientation. Children’s

and parents’ stated preferences were elicited by means of the following question (here directed to the

child).

RANK the following types of secondary school from YOUR most preferred one to the

one you like the least, considering only YOUR preferences, expectations, and the criteria

YOU thought were important for choosing among them. Start by assigning 1 to YOUR

FAVORITE curriculum, then proceed by increments of 1 till YOUR LEAST preferred one.

The same number may not be assigned to two different schools.

Curriculum (either standard or laboratory) Rank
Vocational - Commerce
Vocational - Industrial
Technical - Commerce or Social
Technical - Industrial
Technical - Surveyors
Artistic Education
General - Humanities
General - Languages
General - Learning or Social Sciences
General - Math and Sciences

The purpose of this question was to elicit children’s and parents’ preferred alternatives (SP

data), which may not coincide with observed choices (RP data) due to intra-family interactions

in decision making. To clarify, a child who reported choosing after listening to his parent

(protocol k = 2) needed to provide his original probabilistic beliefs (see paragraph “Probabilistic

Expectations” below) and the curriculum ranking generated by such beliefs, net of any updating

based on parental input. Hence, a substantial difference from typical SP experiments is that

here the required effort is one of recall of a past state or situation, rather than of imagination

of a hypothetical scenario. As discussed later in section 5, this will affect specification of RP

and SP utilities and interpretation of the relationship between their unobservable components.

Table 2 compares RP data and child’s SP data in the main estimation samples. As previously

mentioned, the proportion of families in which chosen curriculum and child’s stated preferred

one do not coincide is approximately 13-14% in the pooled samples (columns 1 and 2). This

figure is smallest among families in which children reported choosing unilaterally (column 3),

and it increases slightly with more interacted protocols (columns 4 and 5). In turn, table 3

shows actual choice and parent’s stated preferred curriculum do not coincide in 40% of families.

This percentage is highest among families in which children reported choosing unilaterally, and

decreases with more cooperative protocols.

A different but interesting question is whether cooperative families selected an alternative

that was not dominated, given child’s and parent’s initial preferences. Table 4 shows that

cooperative families fail to select an undominated alternative in approximately 5% of cases in

my sample, thereby supporting “group rationality” (see Raiffa (1968)).
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Finally, a short section of the survey was devoted to gathering information on orientation

suggestions families received from junior high school teachers. Specifically, respondents were

asked whether they had been given any advise on which curriculum the child may successfully

pursue by at least one of his junior high school teachers or counseling staff members. And in

case of an affirmative answer, they were asked to indicate (1) which suggestion(s) they had

received and from whom; (2) whether the suggestion was considered important/useful when

making the choice; (3) why the suggestion was considered or not in the choice (depending on

the answer to (2)).

Clearly, the fact that child’s stated preferred curriculum and chosen one do not coincide

in 11% of cases even among k = 1 families (see table 2) is problematic conceptually. Taking

the reported choice protocol seriously, this fact suggests that some factor entering the actual

decision process affected the final decision but was abstracted from by some children when they

answered the stated preference question. However, figures in table 5 show that for about 60%

of cases in which children’s SPs do not match with RPs, the latter coincides with junior high

school teachers’ suggestions. Hence, one possibility is that, when responding the SP question,

some children abstracted from the role that teachers’ suggestions had in affecting their choice.

Alternatively, parents may have had an active role in the choice, which would jeopardize the

reliability of reported decision protocols, or some other factor played a role but was totally or

partially abstracted from in children’s answers. I explore some of these possibilities in section

5.

Table 2: Comparing RP and Child SP

Represent. Represent. Protocol 1 Protocol 2 Protocol 3 Total
Model Model Reported Reported Reported (1+2+3)

All Matched by Child by Child by Child

RP ≡ C-SP 836 (86.09) 475 (87.16) 151 (88.82) 194 (88.58) 207 (86.97) 552 (88.04)

RP 6= C-SP 135 (13.91) 70 (12.84) 19 (11.18) 25 (11.42) 31 (13.03) 75 (11.96)

Total 971 (100) 545 (100) 170 (100) 219 (100) 238 (100) 627 (100)
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Table 3: Comparing RP and Parent SP

Represent. Protocol 1 Protocol 2 Protocol 3 Total
Model Reported Reported Reported (1+2+3)

Matched by Child by Child by Child

RP ≡ P-SP 327 (60) 44 (54.32) 127 (59.07) 150 (63.03) 321 (60.11)

RP 6= P-SP 218 (40) 37 (45.68) 88 (40.93) 88 (36.97) 213 (39.89)

Total 545 (100) 81∗ (100) 215∗ (100) 238 (100) 534 (100)

∗: Smaller sample sizes than in corresponding cells of table 2 are due to item
non-response in parental SP.

Table 4: RP, Child-SP, Parent-SP, and P.O. - Protocol k = 3 Reported by Child

RP P.O. RP ¬P.O. Mar.

RP≡C-SP≡P-SP 138 (57.98) 0 (0) 138 (57.98)

RP≡C-SP 6=P-SP 69 (28.99) 0 (0) 69 (28.99)

RP≡P-SP 6=C-SP 12 (5.04) 0 (0) 12 (5.04)

RP6=C-SP&P-SP 7 (2.94) 12 (5.04) 19 (7.98)

Marginals 226 (94.96) 12 (5.04) 238 (100)

Table 5: RP, Child-SP, and JH - Protocol k = 1 Reported by Child

RP ≡ JH RP 6= JH Marginals

RP ≡ Child-SP 68 (55.74) 37 (30.33) 105 (86.07)

RP 6= Child-SP 10 (8.20) 7 (5.74) 17 (13.93)

Marginals 78 (63.93) 44 (36.07) 122 (100)

Probabilistic Expectations. From the framework illustrated in sections 1 and 3 and existing

sociological evidence on curriculum choice in Italy (IARD, 2001, 2005), I identified the following

list of outcomes as potentially important in driving curriculum choice.45

45Questions eliciting children’s expected earnings at age 30 (under the alternative scenarios that they would be working
immediately after graduation and that they would first obtain a college degree) were also included. However, response rates
were low. Many children had no sense of the order of magnitude of a monthly salary. A minority of them provided answers
based either on information received during junior high school orientation or on their knowledge of their parents’ earnings. As
for parents, a number of them left written notes on the survey instrument explaining that, beyond the difficulty of providing
any meaningful forecast, they did not regard such a factor as particularly important for the choice.
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Outcome Description

b1 = 1 “Like”: the child enjoys the curriculum core subjects.

b2 = 1 “Ability-Effort I”: the child spends 2.5h or more per day studying
or doing homework.

b3 = 1 “Ability-Effort II”: the child attains the diploma in whatever amount of time.

b4 = 1 “Ability-Effort III”: the child graduates in the regular time.

b5 = 1 “Ability-Effort IV”: the child graduates in the regular time
and with a yearly GPA ≥ 7.5/10.

b6 = 1 “Peers”: the child is in school with his friend(s).

b7 = 1 “Flexibility I”: the child faces the subsequent college-work choice flexibly,
i.e., upon receiving a training suitable either for studying
in some university field(s) or working in some occupation(s).

b8 = 1 “College”: the child enrolls in college, conditional on graduating from high school.

b9 = 1 “Flexibility II”: the child faces the choice of field in college flexibly,
i.e., he can choose among a wide range of fields, conditional on
graduating and going to college.

b10 = 1 “Work”: the child finds an acceptable and liked job after graduation.

b11 = 1 “Parent(s)”: the child makes his parent(s) happy (child only).

In practice, subjective realization probabilities of outcomes {bn = 1}11
n=1 for curriculum j held

by respondent i (i.e., {Pijn}11
n=1) were elicited for all curricula in the choice set and from both

children and responding parents.

The format involved use of percent chances to express uncertainty on future events. A short

introduction was provided on the use of the 0-100 scale, and a practice question based on a

real-life example was included in the survey (see, e.g., Dominitz and Manski (1997) and Zafar

(2008)). Respondents were encouraged to make use of the full range of available values, and

a graphical (ruler-like) representation of the scale was shown to ease children’s understanding.

Since it was extremely important that respondents provided their own expectations indepen-

dently of those of their family, they were encouraged to think back to the previous year, when

a curriculum had not yet been chosen nor a final discussion had taken place in the family. To

illustrate, the question eliciting children’s probabilistic expectations for the “Like” outcome (b1)

is reported below. All expectations questions featured a tabular display identical to that of the

rank question, with the second column labeled “Percent Chance” in place of “Rank”.

When you attended your last year of junior high school, what did you think would be the

percent chance that YOU would ENJOY the SUBJECTS taught in each of the following

types of school, should you enroll in each one of them?

Responses to the expectations questions for the original data sets are extensively described

and compared to available statistics in Giustinelli (2010). Here, I show the distributions of

responses for the outcome “child graduates in the regular time and with a yearly GPA ≥ 7.5”
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for two different curricula (vocational commercial and general math and science) and different

estimation samples (all students, matched students, and matched parents), as an illustration

(see figure 1). This is an outcome of particular interest, since respondents’ probabilistic ex-

pectations on this outcome can be interpreted as their perception of child’s ability, perhaps

combined with his effort. Patterns are intuitive. Let us first compare the two distributions of

subjective expectations in the overall sample of students for vocational commerce and general

math in the two top graphs of figure 1: general math is perceived as a harder curriculum than

vocational commerce–as indeed it is observed to be in actuality–with the distribution of the for-

mer more concentrated on lower realization probabilities. Let us then compare the distributions

of subjective expectations of children and parents (matched samples) for the same curriculum

(general math) in the bottom histograms: higher frequencies in the right part of the parental

distribution are consistent with the common finding that parents tend to be more optimistic

than children (e.g., Fischhoff et al. (2000), Dominitz et al. (2001), and Attanasio and Kaufmann

(2010)).

5 Empirical Analysis (UNDER REVISION)

5.1 The “Unitary Family” Benchmark: Curriculum Choice by a Represen-

tative Decision Maker

5.1.1 Econometric Model

I initially assume that the utility function of the “decision-making unit” of family f , i = i(f),

over curriculum j depends only on a number of uncertain outcomes (see description in sub-

section 4.2) and possibly on the orientation suggestion provided by children’s junior high school

teachers

Eij = αi
j +

N∑
n=1

Pijn ·∆ui
n + δi · 1i{j suggested}+ εij , (4)

where αi
j is an alternative-specific constant and 1i{·} = 1 if the statement in brackets holds.46

I further assume that the random terms, {εij}10
j=1, are i.i.d. Type-I Extreme Value with scale

parameter µi, which implies a conditional logit.47 Hence, the probability of observing child c(f)

attending curriculum j̃ is

P
(
j̃|{{Pijn}Nn=1, 1i{j suggested}}10

j=1

)
=

=
exp

(
µi
[
αi

j̃
+
∑N

n=1 Pij̃n ·∆ui
n + δi · 1i{j̃ suggested}

])
∑10

j=1 exp
(
µi
[
αi

j +
∑N

n=1 Pijn ·∆ui
n + δi · 1i{j suggested}

]) . (5)

46In principle, any orientation suggestion should be incorporated in decision makers’ expectations. Hence, if the utility
parameter attached to the suggestion dummy is significant, this means either that elicited expectations do not incorporate its
information or that decision makers attach a weight to the counselors’ word beyond its information content.

47This assumption implies a IIA substitution pattern, and is discussed later.
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I use observed choices (RP data) together with children’s and parents’ probabilistic expec-

tations and junior high school suggestions to estimate two benchmark versions of (5). In the

first, the child is the representative or relevant decision maker (i.e., i(f) ≡ c(f)). In the second,

I make the symmetric assumption about the parent (i.e., i(f) ≡ p(f)). I additionally compare

these estimates with ones obtained using children’s and parents’ stated preferred alternatives

(SP data) as response variables in place of actual choices.

Under the parametric assumptions for the random terms and after setting αt,i
10 = 0 as a

location normalization, the models’ coefficients, {{{αt,i
j }9j=1, {∆u

t,i
n }Nn=1, δ

t,i}i∈{c,p}}t∈{RP,SP},

are identified up to a scale factor, µt,i. Statistical identification of utility parameters relies

on heterogeneity in decision makers’ beliefs and orientation suggestions, which function as

alternatives’ and individuals’ specific attributes of the conditional logit.48

Estimation of (5) needs to take endogenous stratification into account (Manski and McFad-

den, 1981). For the models employing actual choices (RP) as responses the sample is choice-

based. This implies a likelihood of observing the generic attributes’ vector-observed choice pair

(x, j̃) of the form

λcb(x, j̃) = p(x|j̃)H(j̃) =
P (j̃|x; θ)p(x)

Q(j̃)
H(j̃) = λr(j̃|x)p(x)

H(j̃)
Q(j̃)

, (6)

with

Q(j̃) =
∫
X

P (j̃|x; θ)p(x)dx. (7)

P (j̃|x, θ) is the conditional probability that alternative j̃ ∈ J is selected given covariates x ∈ X,

and specifies the behavioral choice model up to a parameter vector θ ∈ Θ to be estimated. p(x)

is the marginal distribution of attributes. Q(j̃) is the population share of response j̃, and H(j̃)

is the corresponding sampling probability characterizing the choice-based sampling protocol.

Finally, “cb” and “r” stand for choice-based and random sampling, respectively. The important

point here is that under choice-based sampling the kernel of the likelihood,
[
P (j̃|x, θ)/Q(j̃)

]
,

depends on the true θ via Q(j̃), which therefore needs to be accounted for in estimation. This

differs from the case of random sampling, in which the kernel would simply be P (j̃|x, θ).

While a number of different estimators have been proposed depending on a researcher’s

knowledge of p and Q (see the review by Cosslett (1993)), I adopt the weighted exogenous sam-

pling maximum likelihood (WESML) estimator by Manski and Lerman (1977), on the ground

that it is computationally tractable and provides a constrained best predictor of the discrete
48If rational expectations were assumed, individual probabilistic expectations may be simply replaced with the average

realizations in the population disaggregated by individual characteristics if available. In fact, estimation results from subjective
expectations may be compared with those obtained imposing assumptions on expectations, such as rational expectations (see,
e.g., Delavande (2008)). Yet, it should be kept in mind that this would not provide a test for rational expectations, since
there are different reasons why respondents may have expectations that differ from the mean realizations of some population
or sub-population of reference. For instance, they may actually have rational expectations, but their process may differ from
the one of the population taken as a reference.
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response even when this is not logit (Xie and Manski, 1989). In fact, the WESML estimator is a

pseudo-maximum likelihood approach that starts from the likelihood function appropriate un-

der exogenously stratified sampling and re-weights the data to achieve consistency, with weights

equal to [H(j)/Q(j)]−1 (see Manski and McFadden (1981) for details). Hence, knowledge of

the Q(j)’s is required, but not that of p(x). I obtained the 2007-2008 population enrollment

shares, {Q(j)}10
j=1, for my application from the Provincial Agency for Education of Verona.

For the models employing stated preferences (SP data), however, the implemented sampling

scheme should be more appropriately viewed as one of “intercept & follow”, with choice-based

recruitment or interception. McFadden (1996) shows that for the basic case without persis-

tent heterogeneity across choice situations,49 data from all choice situations different from the

intercept can be treated in estimation as if the sampling were random.50

Finally, I specify all SP-based models in terms of the highest ranked curriculum only, rather

than using the full alternatives’ ranking. Indeed, existing empirical evidence (see, e.g., BenAkiva

et al. (1991)) supports significant differences among models for different ranks, with decreasing

stability of ranking information as alternatives’ rank decreases, which renders the full-ranking

approach potentially problematic.

5.1.2 Empirical Findings

Revealed Preferences. In the extreme left panel of table 6 (columns 2-5), I report preference

parameters’ estimates for the first unitary benchmark model that uses subjective expectations

from all sampled children entering high school for the first time and actual choices as responses.

All specifications include alternative-specific constants. Their estimates (not shown for reasons

of space) measure the average effect of unincluded factors on the utility of each alternative

relative to the scientific curriculum, whose constant was normalized to 0. Most of them are

significantly different from zero, and an LR test confirms their overall significance.

All coefficients display the expected (positive) sign, perhaps with the exception of that of

“average daily homework ≥ 2.5h” (b2), which may be rather hypothesized to be negative. The

most important outcomes are, in decreasing order of importance, “child likes the subjects” (b1),

“face a flexible college field choice” (b9), “graduate in the regular time” (b4), “find a liked job

after graduation” (b10), “attend college” (b8), and “face a flexible college-work choice” (b7),

whose coefficients are all significant at 1%.51 In particular, the coefficient of “child likes the

subjects” is approximately 2.5 times larger than that of “face the college field choice flexibly”,

3.5 times larger than that of “graduate in the regular time”, and 5 times larger than that of
49I provide more discussion on the case with serial correlation across RP and SP data below.
50However, estimation of any population quantity (e.g., choice probabilities, elasticities, etc.) from the obtained estimates

requires sample re-weighting, since even in this case the distribution of explanatory variables will be generally biased toward
configurations consistent with more frequent selection of the intercept choices (see also Ben-Akiva et al. (1997)).

51Notice that the estimated preference weight on graduating in the regular time will generally pick up expected (monetary
and non-monetary) costs from not graduating in the regular time and their disutility, since no measures of such costs are
included in the specified utility function. An analogous reasoning applies, e.g., to the coefficient of attending college.
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“find a liked job after graduation”, whose coefficient is comparable in magnitude to those of

“attend college” and “face a flexible college-work choice”.

In column 3, I augment specification (S1) with the outcome “make parent happy” (b11),

which turns out to be the third most important outcome after “child likes the subjects” and

“face a flexible college field choice”. Nevertheless, qualitative results do not change relative to

those of (S1), in the sense that the importance ranking of the other factors remains the same.

Hence, as hypothesized, all outcomes related to a child’s future choices and opportunities (b7-

b10) are important for the choice. Instead, somewhat surprisingly, “being in school with friends”

(b6) does not appear to be valued significantly.

Inclusion of the orientation dummy52 in columns 4 and 5 induces only marginal changes in

the estimates, mostly by making the coefficient of the homework time’s outcome not significant.

However, the preference weight on the orientation variable itself is significant and approximately

4 times smaller in magnitude than the coefficient of “child likes the subjects”. This is true de-

spite the fact that the information content of junior high school orientation suggestions should

be incorporated in the decision makers’ expectations. Hence, either orientation suggestions af-

fect individual preferences directly, and not only through expectations, or somehow respondents

abstracted from the orientation suggestions in answering the expectations questions.53

I show estimates for the alternative benchmark model that uses actual choices and parental

expectations in the second left panel of table 6 (columns 6-7). Remarkably, this model implies

the same preference ranking over the most valued outcomes–“child likes the subjects” (b1), “face

a flexible college field choice” (b9), “graduate in the regular time” (b4), and “find a liked job

immediately after graduation” (b10), in decreasing order of importance–as the model estimated

from children’s expectations. This confirms the similarity of children’s and parents’ beliefs over

the analyzed outcomes. In column 7, the orientation dummy is again significant and about 4

times smaller than the one attached to “child likes the subjects”.

Finally, to ease comparison between children’s and parents’ preferences I show estimates

for the same specifications, but obtained from families in which expectations were available

for both child and parent (columns 8-13). It should be kept in mind, however, that estimated

utility coefficients measure the product of preference weights ({{∆ui
n}Nn=1}i∈{c,p}) and the scale

({µi}i∈{c,p}), which are not separately identified. Hence, differences in estimates for children

and parents may be due to differences in preference parameters, in scale parameters,
52This variable is equal to 0 both when a curriculum was not suggested (this includes the case in which a track was suggested

but a curriculum was not specified) and when no suggestion at all was provided, and equal to 1 otherwise. I also tried a second
version (estimates not shown), in which I constrained the utility coefficient attached to the suggestion indicator (and not the
indicator itself) to be equal to 0 when the child (parent) received a suggestion but declared it was not considered in the choice
(see Hensher, Rose and Greene (2005) for an argument in favor of the latter specification). However, the results were identical
to the ones shown. The sample size is reduced by more than 100 observations because of item non-response on the orientation
question.

53A caveat about the use of the orientation dummy is that teachers may not only have based their suggestions on children’s
abilities and aptitudes (and possibly on their family background), but they may have also accounted for children’s intentions
and preferences (Checchi, 2008). Indeed, a few parents reported being aware of this fact and having taken it into account
when weighting the suggestion.
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or in both.54

A quick way to check whether preference weights are likely to be similar between children and

parents is to compare ratios of estimated coefficients from each group for pairs outcomes, since

such ratios are scale free. Estimates’ ratios from columns 10 and 11 imply that children value

“child likes the subjects” approximately 1.5 times more than “face a flexible college field choice”,

3 times more than “graduate in the regular time” and “face a flexible college-work choice”, and

more than 5 times more than “find a liked job after graduation”. Whereas the corresponding

ratios for parents (column 13) are approximately 4, 5, 7, and 6.5, respectively.55,56

Overall, children’s expectations appear to have more explanatory power on actual choices,

consistent with the descriptive evidence presented in subsection 4.2 that children had a more

important role in the choice than their parents. However, the high level of significance of chil-

dren’s expectations for almost all outcomes may also suggest greater underlying heterogeneity

in preferences.57

Stated Preferences. To gain further insight on the similarity, or lack thereof, of children’s

and parents’ preferences and on whether a unitary model for curriculum choice may be reason-

able for this data I estimate children’s and parents’ preferences from SP data, and I compare

these estimates with each other and with those obtained using actual choices as responses.

Before moving to an inspection of these estimates, however, it is important to discuss their

general meaning. In particular, one should be cautious in interpreting them as strictly providing

children’s and parents’ preference parameters under the alternative scenarios of child’s and

parent’s unilateral decisions. In fact, this interpretation would first require that members of

families that employed multilateral decision protocols (and non-decision makers of families using

a unilateral protocol) were presented with a counterfactual SP choice scenario of individual

curriculum choice. Second, it would require that decision makers of families that employed

a unilateral decision protocol were presented with an SP choice scenario featuring an explicit

reference to the actual choice situation. Nevertheless, since children’s and parents’ SPs were

elicited through a task that encouraged respondents to recall their beliefs and preferences before

the family choice process took place, estimates from SP data should contain useful information

on how children and parents trade off future choice-relevant outcome states, assuming stable
54In particular, because the scale is inversely related to the variance of the unobserved factors, it may differ in the two

groups. Swait and Louviere (1993) propose a procedure for estimating scale factor ratios for a pair of data sets. They also
suggest likelihood ratio tests for whether preference parameters are statistically equal in the two data sets while scale factors
are permitted to differ and, if this first hypothesis cannot be rejected, for whether the scale factors are equal, given equality
of the preference parameters. A caveat is that the test relies on the logit assumption to hold.

55Estimates of preference parameters from children’s and parents’ expectations and for different samples may be also
evaluated and compared in terms of the change they imply in predicted choice probabilities, when expectations for specific
outcomes and alternatives change marginally. I calculated the marginal effects of an increase of decision makers’ subjective
expectations by 0.10 for each outcome, based on estimates in columns 5 and 7 of table 6. These estimates are not shown for
reasons of space, but are available upon requests.

56TRY VISUAL TEST!
57Notice that reported significance levels may also be partially an artifact of the fact that current standard errors do not

account for clustering at the class level.
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preferences.

While this is the main rationale for use of stated preferences, well known caveats are that

responses may be influenced by an “inertia” of the current actual choice (e.g., due to “justifi-

cation bias”)58 and that sometimes respondents tend not to consider situational constraints or

to focus only on few most important attributes (“prominence hypothesis”). Therefore, follow-

ing existing evidence and practice, I present SP specifications including “RP dummies” that

are meant to capture “true state dependence” (as opposed to serial correlation) between SP

and RP data.59 And in later subsections, when I estimate protocol-specific models combining

SP and RP data, I both allow for differences in the underlying process of unobservables (i.e.,

data-specific constants and scale parameters) and I investigate the possibility that coefficients

on some explanatory variables may vary between the RP and SP models.

Comparison of estimates in columns 5 of tables 7 (SP model) and 6 (RP model) reveals that

the relative importance of different outcomes implied by children’s stated preferred alternatives

and by observed choices differ somewhat. Outcomes related to future opportunities and choices,

such as finding a liked job after graduation and attending college, play a relatively more im-

portant role in explaining stated preferences than actual choices, while the opposite is true for

some of the in-high school outcomes, like graduating in the regular time. Moreover, the model

based on SP data detects positive preferences for being in school with friends, but implies a

smaller weight on making parents happy and the orientation suggestion. For parents, too, the

relative importance of finding a liked job upon graduation and of making a flexible college-work

choice is higher based on stated preferences (e.g., compare column 7 in tables 7 and 6), while

the orientation dummy’s coefficient is lower. The weight on homework time is now intuitively

negative, though not statistically significant. Finally, as opposed to what observed for children,

parents do not appear to assign a significant positive weight on their children being in school

with friends based on stated preferences.

In table 8 I present the same specifications as in table 7 augmented with the RP dummies.

Their coefficients are all positive, mostly significant, and between 1/4 and 3/4 the magnitude

of the most important outcome (estimates not shown for reasons of space). Moreover, while

inclusion of these variables does not induce major changes in the ranks of the most important

outcomes neither for children nor for parents, it induces some changes in the outcomes’ relative

weights. It also makes the sign of the orientation dummy turn negative, suggesting that the

positive coefficient of the latter in table 7 was picking up the positive correlation between

teachers’ suggestions and actual choices.

58This would be the case in my setting if respondents displayed ex-post rationalization when retrospectively reporting their
stated preferred curriculum; however, see the work by Chen and Risen (2010).

59This was first proposed by Morikawa (1994). See also Ben-Akiva et al. (1994) and Morikawa et al. (2002) for further
discussions.
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Overall, ratios of preference parameters across pairs of outcomes display some variation

both between children and parents and between data sources, suggesting that the correspond-

ing differences in estimated coefficients are not a pure artifact of heterogeneous variance of

unobserved factors across groups and data sources. While some of these differences may well be

due to biases in SP responses, it seems reasonable to hypothesize that, in presence of interac-

tions among decision participants and multilateral decisions, utility parameters estimated from

actual choices and, alternatively, children’s or parents’ expectations will capture both prefer-

ence and interaction components of the decision process. Moreover, as discussed in subsection

3.3, even when children and parents are aligned along theirs beliefs, preferences, or even both,

making sensible prediction and counterfactual analysis still requires that family decisions be

analyzed through a model that specifies the correct decision-making unit and protocol.

Motivated by this idea, in the remaining subsections I pool RP and SP data together, and

I exploit their distinct information content together with the information on family decision

protocols to gain identification power and to try to separate children’s and parents’ preference

parameters from parameters describing child-parent decision protocols. Specifically, I estimate

a distinct discrete choice model for each observed family decision process (child chooses unilat-

erally, child chooses after listening to the parent, and child and parent make a joint decision),

making the conceptual framework described in subsection 3.3 operational.

Notice that while I do necessarily impose restrictions on preference parameters across RP and

SP models within decision protocols, I do not impose any restrictions on preference parameters

across models describing different protocols. This is because children’s and parents’ preferences

are likely to vary across decision protocol groups, as suggested by raw correlations between

observed decision protocols and curriculum choices in the data.60

5.2 Child Chooses Unilaterally (k = 1)

Taking information on family decision protocols at face value, if a child reported making curricu-

lum choice without interacting with his parents, only his expectations and preferences should

be relevant for the choice. Hence, a natural approach is to estimate children’s preferences from

children’s expectations and from either choice or stated preference data. Alternatively, SP and

RP data can be combined to increase estimates’ precision and gain identification power and

insight over parameters capturing possible differences between the data generating processes of

the two data sources. In this subsection I explore both possibilities.

60In fact, assuming homogeneous preferences within children’s and parents’ across decision protocols would gain me iden-
tification power, possibly allowing me to analyze empirically the general model (3). This is because preference parameters
would be mostly identified by variation in beliefs of children and parents from families employing a unilateral decision protocol,
whereas beliefs’ and preferences’ aggregation parameters would be identified from differences between stated preferences and
actual choices of families employing more interacted, multilateral decision protocols. A caveat with this approach, however, is
that response rates among parents from families employing unilateral protocols is low.
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5.2.1 Separate RP and SP Models

RP and SP models of unilateral decision are formally equivalent to (4), but they are estimated

on the subsample of children that reported making a unilateral choice,

max
j∈J

Γ1
fj ≡ EU

t,1
cj = αt,1

j +
N∑

n=1

Pcjn ·∆uc,t,1
n + δc,t,1 · 1c{j suggested}+ εt,1cj , (8)

where εt,1cj is i.i.d. Type-I Extreme Value, with scale parameters µt,1, and t ∈ {RP,SP}.

I estimate the RP-based unilateral model via WESML with weights [H(j)/Q(j)]−1, since,

similarly to the case of random sampling, ex-post conditioning does not affect estimation un-

der choice-based sampling (Giustinelli (2010) provides a formal proof). Following McFadden

(1996)’s analysis, I instead treat SP data as coming from a random sample.

Estimation Results. In table 9, I show results from separate estimation of the RP model

(columns 2-5) and the SP model (columns 6-11) in the sample of children that reported making

an individual choice. On the one hand, taste for subjects is still the most valued outcome in all

specifications, as implied by both RP and SP data. And the relative magnitude of the coefficient

of graduating in the regular time (relative to that of liking the subjects) and its rank among

outcomes are fairly stable within data sources. On the other hand, the importance ranks of

outcomes capturing post-graduation opportunities and choices display some heterogeneity both

between this group and the full sample of children and between RP and SP models within the

unilateral decision protocol group.

First, attending college appears to be substantially more important for children that reported

making the curriculum choice individually than for the full sample of children, especially based

on revealed preferences. While the opposite is true for making a flexible college field choice

and finding a liked job after graduation. Second, within the unilateral decision-making group

SP data imply more homogeneous preference weights for these outcomes than RPs do. That

is, while actual choices imply a positive large preference weight on attending college and small

not significantly different from zero weights on making a flexible college field choice and finding

a liked job after graduating, stated preferences imply positive, significant, and approximately

equal preference weights on all three outcomes. Finally, the importance of making parents

happy and of the orientation dummy relative to the most valued outcome, like the subjects, is

higher within this group than in the pooled sample.
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5.2.2 Joint SP-RP Model

Let us now reconsider the behavioral model in (8) based on actual choices and add SP infor-

mation to it. This yields the following SP-RP joint model:



(RP, 1) : Γ1
fj ≡ EU

RP,1
cj = αRP,1

j +
∑N

n=1 Pcjn ·∆uc,1
n + δc,RP,1 · 1c{j suggested}+

+λc,1 · ξ1cj + ηRP,1
fj

(SP, 1) : EUSP,1
cy = αSP,1

y +
∑N

n=1 Pcyn ·∆uc,1
n + δc,SP,1 · 1c{y suggested}+ ξ1cy + νSP,1

cy ,

(9)

where j indexes actual choices (RP) and y indexes stated preferred alternatives (SP), with

j, y ∈ J . ξ1cj and ξ1cy are i.i.d. N(0,1) and such that ξ1cj ≡ ξ1cy whenever j = y. ηRP,1
fj and νSP,1

cy

are i.i.d. Type-I Extreme Value, with scale parameters µRP,1 and µc,SP,1.

In static discrete choice models with a single cross-sectional source of data, the main as-

sumption on unobservables concerns whether the latter are allowed to be correlated across

alternatives and individuals or they are restricted to be i.i.d. However, similarly to the case of

panel data, combination of RP and SP data requires additional assumptions on the relationship

between the unobservable components of the two models. And with heterogeneous, individual

or multilateral decisions, the particular error structure capturing such correlations will generally

depend on the nature of the decision protocol.

Because protocol k = 1 is a standard one of unilateral decision, I follow a common practice

in the SP-RP literature since Morikawa (1994), and I assume that the unobservable random

errors of (RP,1) and (SP,1) are given by a vector of common components ξ1c = {ξ1cj}Jj=1 and by

two vectors of idiosyncratic distinct terms, {ηRP,1
fj }Jj=1 and {νSP,1

cy }Jj=1, uncorrelated between

data sources. The basic idea is that, under a unilateral-type decision, the econometrician’s

observational difficulty on individual preferences should be at least partly shared by RP and

SP utilities; this is captured by ξ1c . For instance, if one or more uncertain outcomes were

omitted from the systematic utility component, then, under the assumptions of the behavioral

model of unilateral decision, ξ1c should play exactly the same role in (RP,1) and (SP,1) (i.e.,

λc,1 = 1). However, this need not be the case in general, as it may happen if, e.g., the common

error component were to capture a latent unobservable attitude toward a specific alternative.

A fundamental difference between models (8) and (9) is that in the latter the systematic

portions of RP and SP utilities feature a common component,
∑

n Pcyn ·∆uc,1
n , whose presence

enables identification and estimation of the (SP,1) and (RP,1) scales’ ratio, µ1 = µc,SP,1/µRP,1.

Importantly, because of the relationship Var(ηRP,1
fj ) = (µ1)2 ·Var(νSP,1

cy ), the estimate of µ1 can

be used to investigate whether the two sources of data have approximately the same amount

of random noise by testing µ1 = 1. The alternative specific constants are also allowed to vary
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between the two models. Their comparison provides additional information on the relationship

between unobservables of the two models, since they capture the average effects of all unobserved

factors of utilities.

Clearly, there may be additional utility components that vary across the two models. In the

basic specification, I allow the coefficient of the orientation dummy to vary across data sources,

as motivated by evidence from tables 5, 6, 7, and 9 that the orientation suggestion may partially

account for the not perfect overlapping between actual choices and stated preferred alternatives

in the unilateral decision-making group. To get some sense of whether combing SP and RP

data by assuming equal preferences for all outcomes is sensible, everything else equal and given

unilateral decision making, I further allow one preference weight at the time to differ across the

two models, and I compare these specifications with the fully restricted model. Finally, I allow

for existence of state dependence between stated and revealed preferences by including inertia

dummies in (SP,1).

Basic Model without Cross-Data Correlation. I start by maintaining independence

between RP and SP unobservables. Then, the joint model (RP,1)&(SP,1) can be estimated by

maximizing the following log-likelihood function:

LL1
WESML =

∑
f


[
H(j)
Q(j)

]−1

·
10∑

j=1

dfj · log
[
Pf

(
j|xj ; θj

)]
+

10∑
y=1

dcf y · log
[
Pcf

(y|xy; θy)
] ,

(10)

where θj =
{
{αRP,1

j }9j=1, {∆u
c,1
n }Nn=1, δ

c,RP,1
}

and θy =
{
{αSP,1

y }9y=1, {∆u
c,1
n }Nn=1, δ

c,SP,1, µ1
}

,

and xj and xy are, respectively, the explanatory variables of the RP and SP models.

I report estimates from the basic SP-RP joint model in table 10. Taste for subjects is still

the most valued outcome, followed by attend college, make parent happy, and graduate in the

regular time (e.g., see estimates in column 2). Whereas the coefficients of making a flexible

college field choice and of finding a liked job after graduation are positive but substantially

smaller. Clearly, this pattern is mostly driven by the RP component of the model, as suggested

by results in table 9. Indeed, when letting preference coefficients vary across data sources one

outcome at the time, I generally cannot reject the null of equal coefficients based on a likelihood

ratio test (LR), but for the latter outcomes, make a flexible college field choice (b9) and find

a liked job after graduation (b10). Hence, in specification S5 (column 2) I allow coefficients

of both b9 and b10 to vary between (RP,1) and (SP,1), while constraining the coefficients of

all other outcomes to be the same in the two models. A LR test rejects the fully constrained

specification in favor of the latter. Indeed, preference weights for outcomes b9 and b10 are

clearly large and significant only in (SP,1), as previous results from separate estimation of the

two models already suggested (see table 9).
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As expected, also the coefficient of the orientation dummy differs between the two models

(see columns 6-7), being 1.5-2 times larger in (RP,1) than in (SP,1). This finding supports the

hypotheses that somehow respondents abstracted from the orientation suggestion when they

reported their stated preferences and subjective expectations.

In all basic specifications (columns 2, 3, 6, and 7) the relative scale of SP to RP is not

statistically different from 1. Moreover, a more parsimonious model with the RP and SP

constants constrained to be equal to each others by alternative is not rejected by an LR test.

On the one hand, these findings suggest that for the group of children that chose unilaterally

the unobservable processes underlying RP and SP are reassuringly similar. On the other hand,

inclusion of the inertia dummies (columns 4, 5, 8, and 9) yields a relative scale of approximately

0.5, which implies a variance for the SP unobservable random components about twice as big

as the one for the RP errors. Nonetheless, one should be cautious in interpreting results for

specifications of the SP-RP joint model including the inertia dummies, since the latter will

generally induce estimates’ bias if, as it is likely, there exists also serial correlation between RP

and SP error components and such correlation is not accounted for.

Introducing Correlation Across Data Sources. TBA

5.3 Child Chooses After Listening to the Parent (k = 2)

The system of latent expected utilities is now



(RP, 2) : Γ2
fj ≡ EU

RP,2
cj = αRP,2

j +
∑N

n=1

[
wc,2

n · Pcjn + (1− wc,2
n ) · Ppjn

]
·∆uc,2

n +

+δf,RP,2 · 1f{j suggested}+ λc,2 · ξ2cj + λp,2 · ξ2pj + ηRP,2
fj

(c-SP, 2) : EUSP,2
cy = αSP,2

y +
∑N

n=1 Pcyn ·∆uc,2
n + δc,SP,2 · 1c{y suggested}+

+ξ2cy + νSP,2
cy ,

(11)

where ξ2cj and ξ2pj ∼ N(0, 1), and ηRP,2
fj and νSP,2

cj are i.i.d. Type-I Extreme Value with scale

parameters µRP,2 and µc,SP,2. Parental expectations, {Ppjn}N
2

n=1, now enter the model. ξ2pj is

an unobservable component in parent’s expected utility that is common between the RP model

and the following parental SP model:

(p-SP, 2) : EUSP,2
py = αSP,2

y +
N∑

n=1

Ppyn ·∆up,2
n + δp,SP,2 · 1p{y suggested}+ ξ2py + νSP,2

py . (12)

Similar to the case of unilateral decision, a child’s SP and RP utilities describing this protocol

should still feature some common error components capturing, e.g., his latent attitude toward

alternatives. Moreover, notice that any relevant discussion item (outcome) omitted from the

model will in fact be omitted from the child SP model, the parent SP model, and the RP

39



model. Hence, there may be some common unobservable components also between the parental

SP utility and the child RP utility through the behavioral channel that the child incorporates

his parent’s expectations in his own.

As far as identification is concerned, children’s preference weights, {∆uc,2
n }Nn=1, are identified

by variation in children’s expectations, mainly through the SP component of the model (c-SP,2).

The equality constraints on preference parameters between (c-SP,2) and (RP,2) and the add-

to-one restrictions on the aggregation weights for each outcome aid identification by allowing

one to back up the latter set of parameters, {wc,2
n }Nn=1, from the RP model.61 In fact, whether

one is able to pin these weights down with some precision will generally depend on how much

variability exists both in child-parent expectations’ differences and between children’s stated

preferences and observed choices across families.

Joint use of SP and RP data further enables identification of the child SP-RP relative scale,

µ2. Observe relatedly, however, that the outcome “make parent happy” may or may not be

an item of child-parent discussion. Hence, on the one hand, the assumption that it plays the

same role in the child SP and RP utilities (i.e., equal RP and SP preference coefficient) would

help identifying µ2.62 On the other hand, since disclosure of parental opinions will generally

reveal something about what the parent would like or would not like the child to do, children’s

expectations on “make parent happy” may have different explanatory power in the SP and in

the RP models.

Finally, I do not regard the orientation suggestion as an item of child-parent discussion per

se, since only expectations are revised according to this protocols, not preferences. Nonetheless,

based on results for the unitary and the unilateral decision models, I allow the coefficient on

the suggestion dummy to vary across data sources.

Basic Model with Independent SP and RP. I present estimates for the basic SP-RP

joint model in table 11. Inspection of the estimated aggregation weights on parental expec-

tations, { ̂1− wc,2
n }Nn=1, in the top panel reveals that variability of child-parent expectations’

differences in the data pins these parameters down with some precision only for few outcomes.

For instance, children assign a greater weight on their parents’ opinion than on their own about

graduating in the regular time. The estimated weight ranges from 0.626 to 1.121, depending on

the specification; however, all values between 0.5 and 1 are compatible with the estimates, and

for specifications not including the orientation dummy (columns 2-4) even a weight 0 cannot be

rejected. The weight on child likes the subjects, instead, is estimated precisely, and lies between

0.413 and 0.457. The hypothesis of equal weights cannot be rejected, while 0 and 1 are rejected
61Taking ratios of SP and RP utility coefficients separates {wc,2

n ·µ2}Nn=1 and {(1−wc,2
n ) ·µ2}Nn=1 from {∆uc,2

n }Nn=1. Further
taking the ratios between {wc,2

n · µ2}Nn=1 and {(1− wc,2
n ) · µ2}Nn=1, for each outcome, isolates {wc,2

n }Nn=1.
62Since {wc,2

n }Nn=1 are identified, µ2 can be obtained from {wc,2
n · µ2}Nn=1. However, any common components between SP

and RP utilities that do not involve expectations’ aggregation (i.e., as under unilateral decision) will generally yield better
statistical identification for the scale parameter.
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for all specifications. The weight on making a flexible college field choice favors child’s opinion,

and values above 0.5 can generally be rejected. As for the remaining outcomes, weights are

estimated imprecisely and are, therefore, compatible with any value between 0 and 1.

Estimated preference parameters for this group of children (see middle panel of table 11)

differ somewhat from those obtained for k = 1 children, and they rather appear to be more

similar to estimates from the representative RP model. In particular, child likes the subjects

and face a flexible college field choice are the most important outcomes with a relative preference

weight of the first to the second of about 1.5 both for this group and in the whole sample of

children. Find a liked job after graduation and graduate in the regular time come next with

similar coefficients, followed by making a flexible college-work choice and making parents happy.

The model with equal SP and RP coefficients on making parents happy cannot be rejected by

one in which these coefficient are allowed to differ, everything else equal. Finally, the orientation

dummy’s coefficient is again large and significant only in the RP utility.

The estimated SP-RP relative scale ranges between 0.5 and 0.6 for specifications excluding

the inertia dummies, and it is approximately equal to 0.3 when the inertia dummies are included.

Hence, the scale is now significantly different from 1 in all specifications. This means that the

variance of the unobserved components of the SP model is more than 3 times larger than the

variance of the RP model.

As a matter of fact, a larger SP variance is a common finding in the SP&RP empirical

literature, especially when serial correlation and state dependence between data sources are not

accounted for (see, e.g., Morikawa (1994)). This is not surprising, since usually SP data are

elicited from stated choice experiments under hypothetical scenarios over which respondents

will generally have only a subset of the information they would have in actual choice situations.

Hence, stated choice experiments tend to elicit preferences mixed with individual expectations

of events that may affect choice behavior and are not included in the proposed scenario (see

Manski (1999)). Nonetheless, this finding should not be obvious a priori in my setting, for the SP

data were not collected under some hypothetical, incomplete scenarios. Rather, respondents

were required to think back to their actual preferences and expectations before the decision

process took place. Yet, the additional noise may be related to the mental process of recall and

abstraction respondents were required to perform.

In table 12 I additionally report estimates of parents’ preferences for this group, obtained

by estimating (12) using parents’ expectations and stated preferences. The implied importance

ranking for the outcomes follow closely that observed in table 7 for the whole sample of parents.

This is not surprising, since k = 2 and k = 3 parents make up approximately the 80% of whole

sample and, as shown in this subsection and the next, these two groups of parents do not seem

to display large heterogeneity in preferences over outcomes.63

63While it would be interesting to compare preferences of these parents with those of k = 1 parents, the high non-participation
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Table 11: “Child Chooses After Listening to the Parent” (Child’s Version) – Children’s
SP-RP Model

Variables (S1) (S2) (S2d) (S3) (S4) (S4d)

Weights on Parent’s Expectations:

Like Subjects (b1) 0.433∗∗∗
(0.048)

0.450∗∗∗
(0.052)

0.457∗∗∗
(0.056)

0.413∗∗∗
(0.056)

0.434∗∗∗
(0.059)

0.448∗∗∗
(0.061)

Daily Homework ≥ 2.5h (b2) 1.291
(2.581)

1.439
(2.466)

0.962
(1.106)

−0.285
(5.882)

−0.984
(13.964)

−1.921
(27.675)

Graduate in Regular Time (b4) 0.626∗
(0.482)

0.669∗∗
(0.535)

0.698∗∗
(0.399)

1.018∗∗∗
(0.337)

1.121∗∗∗
(0.447)

1.028∗∗∗
(0.231)

In School with Friend(s) (b6) −0.168
(1.144)

0.057
(1.173)

−0.475
(3.316)

0.137
(1.183)

0.710
(1.088)

0.386
(1.356)

Flexible College-Work Choice (b7) −0.114
(0.485)

0.099
(0.431)

0.182
(0.362)

0.045
(0.542)

0.296
(0.470)

0.373∗
(0.289)

Attend College (b8) −0.386
(1.822)

−1.563
(23.669)

−1.921
(13.240)

1.979
(5.646)

1.131
(2.058)

0.699
(0.916)

Flexible College Field Choice (b9) 0.204
(0.174)

0.250
(0.172)

0.187
(0.196)

0.230∗
(0.180)

0.229
(0.159)

0.204∗
(0.169)

Liked Job after Graduation (b10) 0.545∗∗
(0.247)

0.494∗∗
(0.246)

0.503∗∗
(0.263)

0.414∗
(0.303)

0.281
(0.372)

0.016
(0.766)

Child’s Preferences:

Like Subjects (b1) 12.64∗∗∗
(2.24)

12.43∗∗∗
(2.36)

12.20∗∗∗
(2.32)

15.14∗∗∗
(3.06)

15.38∗∗∗
(3.56)

16.50∗∗∗
(3.39)

Daily Homework ≥ 2.5h (b2) 0.80
(1.56)

0.90
(1.56)

1.72
(2.04)

0.64
(2.88)

0.30
(2.12)

0.33
(3.12)

Graduate in Regular Time (b4) 3.33∗∗
(1.57)

2.94∗∗
(1.52)

4.06∗∗
(2.30)

4.30∗∗
(2.05)

3.52∗∗∗
(1.79)

6.59∗∗∗
(2.57)

In School with Friend(s) (b6) 0.81
(0.84)

0.68
(0.90)

0.54
(1.33)

1.05
(0.92)

0.86
(0.94)

1.03
(1.45)

Flexible College-Work Choice (b7) 2.44∗∗
(1.32)

2.66∗∗∗
(1.32)

3.60∗∗∗
(1.28)

3.42∗∗
(1.60)

3.67∗∗∗
(1.87)

6.00∗∗∗
(2.42)

Attend College (b8) 0.78
(1.66)

−0.08
(1.65)

0.36
(2.08)

−0.64
(1.41)

−1.42
(1.74)

−2.54∗
(1.95)

Flexible College Field Choice (b9) 7.69∗∗∗
(1.84)

7.88∗∗∗
(2.01)

6.96∗∗∗
(2.09)

9.23∗∗∗
(2.55)

9.12∗∗∗
(2.63)

8.43∗∗∗
(2.55)

Liked Job after Graduation (b10) 3.40∗∗∗
(1.01)

3.25∗∗∗
(1.01)

3.55∗∗∗
(1.24)

3.83∗∗∗
(1.40)

3.58∗∗
(1.40)

2.09∗
(1.89)

Parent Happy (b11) − 2.53
(1.10)

2.32∗∗
(1.04)

− 3.43
(1.54)

3.66∗∗∗
(1.69)

JHS Suggestion RP − − − 3.13∗∗∗
(3.06)

3.08∗∗∗
(2.12)

3.30∗∗∗
(3.12)

JHS Suggestion SP − − − 0.51
(2.88)

0.35∗∗
(1.79)

−4.33∗∗
(2.57)

RP Dummies No No Yes No No Yes
SP Scale 0.608∗∗∗

(0.122)
0.586∗∗∗

(0.124
0.348∗∗∗

(0.089)
0.511∗∗∗

(0.120)
0.488∗∗∗

(0.126)
0.272∗∗∗

(0.073)

Constants Yes Yes Yes Yes Yes Yes

Log-likelihood -161.119 -156.909 -116.437 -132.824 -128.487 -93.125

Sample Size 219 205
∗∗∗: significant at 1%, ∗∗: significant at 5%, ∗: significant at 10%
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Table 12: “Child Chooses After Listening to the Parent” (Child’s Version) – Parents’ SP
Model

Variables (S1) (S1d) (S3) (S3d)

Like Subjects (b1) 4.07∗∗∗
(0.49)

2.76∗∗∗
(0.49)

4.02∗∗∗
(0.53)

2.96∗∗∗
(0.51)

Daily Homework ≥ 2.5h (b2) −0.65
(0.74)

−0.80
(0.68)

−0.45
(0.78)

−0.48
(0.73)

Graduate in Regular Time (b4) −0.32
(0.76)

−0.64
(0.71)

−0.39
(0.77)

−0.43
(0.71)

In School with Friend(s) (b6) 0.03
(0.44)

0.04
(0.42)

−0.15
(0.48)

−0.12
(0.41)

Flexible College-Work Choice (b7) 1.37∗∗∗
(0.55)

1.34∗∗∗
(0.55)

1.50∗∗∗
(0.57)

1.56∗∗∗
(0.56)

Attend College (b8) 0.20
(0.64)

−0.06
(0.59)

0.22
(0.66)

−0.16
(0.62)

Flexible College Field Choice (b9) 1.56∗∗
(0.75)

1.55∗∗
(0.72)

1.52∗∗
(0.73)

1.47∗∗
(0.71)

Liked Job after Graduation (b10) 2.34∗∗∗
(0.58)

2.35∗∗∗
(0.58)

2.33∗∗∗
(0.61)

2.30∗∗∗
(0.60)

JHS Suggestion − − 0.42∗∗
(0.23)

0.02
(0.29)

RP Dummies No Yes No Yes

Constants Yes Yes Yes Yes

Log-likelihood -268.705 -244.8485 -244.111 -221.891

Sample Size 219 205

∗∗∗: significant at 1%, ∗∗: significant at 5%, ∗: significant at 10%

Serial Correlation. TBA

5.4 Child and Parent Make a Joint Decision (k = 3)

Finally, I estimate the following model of child-parent joint decision in which child and par-

ent aggregate their expected utilities outcome by outcome but without distinction between

expectations’ revision and negotiation over preferences:



(RP, 3) : Γ3
fj ≡ EU

RP,3
cj = αRP,3

j +
∑N

n=1 φ
c,3
n ·

[
Pcjn ·∆uc,3

n

]
+ (1− φc,3

n ) ·
[
Ppjn ·∆up,3

n

]
+

+δf,RP,3 · 1f{j suggested}+ λc,3 · ξ3cj + λp,3 · ξ3pj + ηRP,3
fj

(c-SP, 3) : EUSP,3
cy = αc,SP,3

y +
∑N

n=1 Pcyn ·∆uc,3
n + δc,SP,3 · 1c{y suggested}+ ξ3cy + νSP,3

cy

(p-SP, 3) : EUSP,3
py = αp,SP,3

y +
∑N

n=1 Ppyn ·∆up,3
n + δp,SP,3 · 1p{y suggested}+ ξ3py + νSP,3

py ,

(13)

where ξ3cj ∼ N(0, 1), ξ3pj ∼ N(0, 1), and ηRP,2
fj , νSP,3

cj , and νSP,3
pj are i.i.d. Type-I Extreme Value,

with scale parameters µRP,3, µc,SP,3, and µp,SP,3.

The identification argument for (13) is analogous to that for (11), but it requires the ad-

ditional restriction of equal relative scales for (c-SP,3) and (p-SP,3) (see also Ben-Akiva et al.

(1994)).

rate among the latter renders the observed sample of k = 1 parents far from being representative of that group.
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Basic Model without Correlation across RP and SP Data. I show estimates for the

basic model without correlation across data sources in table 13. Again, only few aggregation

weights in the top panel of the table are estimated precisely. Reported estimates refer to the

weights on children’s utility components, {φ̂c,3
n }Nn=1. The weight on the child’s utility component

of child likes the subjects is estimated precisely, and ranges between 0.15 and 0.3. A weight

of 0 is rejected for all specifications as well as any weight greater or equal to 0.5. Weights on

making a flexible college field choice and on finding a liked job after graduation are larger for

the child; however, only values close to 0 can be rejected, given estimates’ precision. Estimated

weights for the remaining outcomes are imprecise and compatible with a large range of values

including 0 and 1.

As for preferences, child likes the subjects is steadily the most important outcome both for

children and for parents. For children this outcome is followed by attend college and make a

flexible college field choice, which feature very similar coefficients. Graduating in the regular

time has a large positive coefficient, but is not significantly different from 0 in any specification.

Parents, instead, display relatively stronger preferences for finding a liked job after graduation,

followed by making a flexible college field choice and graduating in the regular time, though

the latter is not significant. Hence, these estimates display significant differences from those

obtained for members, especially children, of families using different decision protocols.

Serial Correlation. TBA

6 Counterfactual Analysis (UNDER REVISION)

In this section I provide an illustration of how elicited probabilistic expectations together with

estimated preferences and interaction weights may be used to simulate counterfactual environ-

ments and quantify the impact of different policy interventions affecting individual beliefs of

family members.

In the top panel of table TBA I simulate a scenario in which individual subjective probabil-

ities that the child likes the subjects in the math and science curriculum of the general track

increase by 0.1.

COMMENTS TBA.

In the bottom panel of table TBA I consider a similar situation in which individual beliefs

that the “child likes the subjects” in the curricula of the artistic track decrease by 0.1.

COMMENTS TBA.

Admittedly, although these scenarios are possible and interesting per se, they may not be

immediately related to concrete measures of educational policy. In table TBA, I consider two
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scenarios that can be more easily related to actual policy actions. In the top panel of table TBA

I simulate a policy that provides either the children, or the parents, or both with information

on curriculum-specific graduation rates from high school following a regular path for a cohort

of students recently graduated. In the simulation I assume that the information provided are

the statistics of AlmaDiploma (2007a), which I show and discuss in Giustinelli (2010), and that

the recipients “comply” and make a full use of such information as if they were the actual

graduation probabilities for the child. In the bottom panel I additionally simulate a scenario in

which all students are guaranteed to be passed to the next grade on their first try in all grades.

In practice, individuals are assumed to hold subjective probabilities that the child graduates in

the regular time equal to 1 for all curricula, keeping expectations on the other outcomes fixed.

COMMENTS TBA.

In table TBA I simulate two final policy interventions. The first policy intervention is

one of information provision totally analogous to that shown in table TBA. This time the

information given to decision makers are the curriculum-specific rates of college enrollment of

the AlmaDiploma (2007b)’s sample. Instead, the second policy intervention is one that prevents

access to university following a diploma of vocational type, similar to the Italian system before

the 1969 reform that opened the access to university to students graduated from technical and

vocational curricula. In practice, I assume that individuals hold a zero subjective probability

of going to college after graduating from any vocational curriculum as well as zero subjective

probabilities of facing the college-work choice and the choice of field in college flexibly.

COMMENTS TBA.

7 Conclusions

TO BE ADDED
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Table 13: “Child and Parent Make a Joint Decision” (Child’s Version)

Variables (S1) (S2d) (S3) (S4d) (S4d’)

Child’s Weights

Like Subjects (b1) 0.243∗∗∗
(0.067)

0.197∗∗∗
(0.076)

0.209∗∗∗
(0.072)

0.161∗∗∗
(0.068)

0.159∗∗∗
(0.074)

Daily Homework ≥ 2.5h (b2) 0.712
(1.031)

0.657∗
(0.436)

0.799
(1.331)

0.865
(0.701)

0.758∗
(0.570)

Graduate in Regular Time (b4) 0.551
(0.549)

0.572
(0.487)

0.356
(0.497)

0.423∗
(0.284)

0.442∗
(0.289)

In School with Friend(s) (b6) 0.480
(0.794)

−1.061
(6.300)

0.404
(0.491)

0.352
(0.463)

0.493
(0.452)

Flexible College-Work Choice (b7) 0.307
(0.361)

−0.560
(1.167)

0.235
(0.473)

0.180
(1.138)

−0.657
(1.940)

Attend College (b8) 0.071
(0.149)

0.016
(0.106)

−0.049
(0.191)

−0.040
(0.137)

−0.054
(0.138)

Flexible College Field Choice (b9) 0.686∗∗
(0.356)

0.618∗∗∗
(0.220)

0.721∗∗
(0.445)

0.685∗∗∗
(0.245)

0.681∗∗
(0.295)

Liked Job after Graduation (b10) 0.979∗∗
(0.514)

1.032∗∗∗
(0.188)

0.876
(0.756)

0.932∗∗∗
(0.308)

0.916∗∗∗
(0.361)

Child’s Preferences:

Like Subjects (b1) 15.95∗∗∗
(5.09)

17.98∗∗∗
(6.83)

17.63∗∗∗
(7.38)

19.75∗∗∗
(7.57)

19.21∗∗∗
(8.30)

Daily Homework ≥ 2.5h (b2) 1.38
(1.37)

1.47
(1.43)

1.11
(1.51)

1.35
(1.25)

1.15
(1.38)

Graduate in Regular Time (b4) 4.37∗
(2.73)

3.75∗
(2.90)

3.79∗
(2.34)

3.30
(2.62)

3.30
(2.80)

In School with Friend(s) (b6) 1.12
(1.06)

−0.22
(1.26)

1.61∗
(1.13)

0.89
(1.61)

1.04
(1.40)

Flexible College-Work Choice (b7) 1.55
(1.59)

−1.31
(2.38)

1.16
(1.93)

0.84
(5.26)

−0.53
(1.39)

Attend College (b8) 4.51∗∗∗
(1.93)

7.06∗∗
(3.67)

4.07∗∗
(2.26)

5.73∗
(3.65)

5.96∗∗
(3.47)

Flexible College Field Choice (b9) 5.58∗∗∗
(2.40)

5.38∗∗∗
(2.29)

5.02∗∗
(2.70)

4.70∗∗
(2.12)

4.98∗∗
(2.33)

Liked Job after Graduation (b10) 1.64
(1.80)

1.21
(1.04)

2.25
(2.98)

2.06
(1.98)

2.07
(2.09)

Parent Happy (b11) − 1.91∗∗
(1.00)

− 2.38∗∗
(1.36)

2.44∗∗
(1.20)

JHS Suggestion RP − − 1.22∗∗∗
(0.50)

1.11∗∗
(0.49)

−
JHS Suggestion SP − − 0.17

(0.63)
−3.01∗
(1.86)

−2.76∗
(1.76)

RP Dummies No Yes No Yes Yes

Parent’s Preferences:

Like Subjects (b1) 8.80∗∗∗
(2.00)

8.89∗∗∗
(1.73)

8.01∗∗∗
(2.19)

7.86∗∗∗
(1.49)

7.77∗∗∗
(1.52)

Daily Homework ≥ 2.5h (b2) −1.50
(1.85)

−2.69∗
(2.03)

−1.48
(2.11)

−2.37
(2.48)

−2.42
(2.13)

Graduate in Regular Time (b4) 1.79
(2.98)

2.64
(3.73)

2.90
(3.20)

4.02∗
(2.72)

3.89
(3.12)

In School with Friend(s) (b6) −0.33
(1.16)

−0.40
(1.16)

−0.79
(1.23)

−1.44
(1.21)

−1.29
(1.37)

Flexible College-Work Choice (b7) 1.97∗
(1.23)

1.41
(1.31)

1.82∗
(1.38)

2.18
(2.04)

1.38
(1.75)

Attend College (b8) 0.79
(1.20)

0.28
(1.26)

0.72
(1.30)

0.35
(1.36)

0.35
(1.28)

Flexible College Field Choice (b9) 3.32∗
(2.03)

4.80∗∗
(2.48)

3.38∗
(2.34)

4.79∗∗
(2.53)

4.74∗
(2.88)

Liked Job after Graduation (b10) 3.95∗∗
(1.84)

6.38∗∗∗
(2.61)

4.01∗
(2.77)

6.11∗∗
(2.87)

6.07∗∗
(3.05)

JHS Suggestion RP − − − − 1.25∗∗∗
(0.47)

JHS Suggestion SP − − 2.21∗∗
(1.11)

2.48∗∗
(1.28)

2.40∗∗
(1.32)

RP Dummies No Yes No Yes Yes

SP Scale (Child≡Par) 0.479∗∗∗
(0.133)

0.285∗∗∗
(0.088)

0.452∗∗∗
(0.164)

0.280∗∗∗
(0.0864)

0.289∗∗∗
(0.100)

Constants Yes Yes Yes Yes Yes

Log-likelihood -502.383 -437.941 -457.802 -401.005 -399.629

Sample Size 238 223
∗∗∗: significant at 1%, ∗∗: significant at 5%, ∗: significant at 10%
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