The Choice of Ideology and Everyday Decisions

[Without authors]

February 11, 2022

Abstract

Individuals strive to make decisions that are consistent not only with
their consumer preferences but also with psychological needs and preferences.
However, they are confronted with huge amounts of complex, ambiguous or
even false information. Ideologies and belief systems provide guidance to
process and evaluate information and give a coherent and comprehensible
interpretation of reality. While belief systems have this important function
the first question is why is an individual attracted by a particular belief sys-
tem? Individuals choose a belief system that resonates with their subjective
psychological needs and preferences. Second, how do individuals search for
ideologies and find out which ideologies match them best? We model the
individual’s sequential information search for the best matching ideology by
applying Bayesian learning and standard utility optimization. Search for
additional information enhances utility by reducing uncertainty. As search
is costly the process may stop with adopting an ideology even if the infor-
mation set remains incomplete. Third, once a particular ideology is chosen
individuals adhere to its rules and norms when making everyday decisions.
Consumers not only physically consume, they also wish to act in consistence
with their psychological needs. Belief-based consumption not only serves in-
dividuals’ consumption preferences, but also their psychological demands.
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1 Introduction

All human beings seek to understand and actively shape their environment,
make consistent decisions, and live a meaningful life (e.g., Baumeister, 1991).
In doing so, they are constantly confronted with complexity - such as am-
biguous information, unpredictable circumstances, unstable socioeconomic
and political conditions, threatening, and uncontrollable events, such as ter-
roristic attacks, natural catastrophes, or a pandemic - amidst which they
have to make choices that are consistent with their needs, preferences, and
values. In order to understand or even reduce complexity and make deci-
sions, individuals need information. However, information can be ambigu-
ous, unreliable, incomplete, or false. Individuals are confronted with a vast
amount of information every day that they have to process, understand, and
verify. But how do we know what is true and reliable, and what is false and
can lead to bad decisions?

Theories of human information-processing systems usually focus on the
selective-attention or memory storage capabilities, that is, how we focus
on one stimuli while ignoring others, and how this stimuli is processed and
stored (Broadbent, 1958; Newell & Simon, 1972; Simon, 1979; Cowan, 1988).
Others are particularly interested in the operations of the sensory systems,
that is, how our senses provide the brain information about our environ-
ment, how the brain interprets this information, aligning it with the infor-
mation and events already processed and stored in the memory, and how
the data is then transformed into perceptual experiences (Lindsay & Nor-
man, 2013). Cognitive psychologists investigate the role of consciousness
in information-processing (Velmans, 1991), while social scientists study the
strategies individuals use (e.g., stereotypes, heuristics) to process and evalu-
ate information in a fast and cost-efficient way (Bodenhausen & Lichtenstein,
1987; Gigerenzer et al., 2011).

The latter, in particular, aim to explain how human beings make de-
cisions when information is incomplete and unreliable, time is limited and
the future unpredictable. These constraints have given rise to the analysis

of different modes of information processing, such as the systematic and



heuristic approach (see also the Elaboration Likelihood Model by Petty &
Cacioppo, 1986) (Chaiken, 1980; 1987). The systematic processing implies
the consideration and evaluation of all available information, and the forma-
tion of a judgement based on these elaborations. In a heuristic mode, people
only consider a few information cues and base their judgement or decision
on these cues (or sometimes even just on one cue). Such cues can be the
source of a message, such as a family member, or the length of the mes-
sage (Todorov et al., 2002). This means that individuals use simple decision
rules, such as ”Scientists can be trusted in regard to vaccines” to arrive at
a conclusion, instead of processing all relevant information they can find in
regard to vaccines on their own. Heuristics are hence cost-efficient tools that
help individuals to reduce complexity and make decisions, without having
to process information in an in-depth manner.

Another ”tool” that helps individuals to process and evaluate informa-
tion to reduce complexity and make decisions are ideologies. Although it
may appear that ideologies, or in general belief systems, serve as some sort of
heuristic, we regard ideologies in a more holistic approach. Ideologies' pro-
vide a mental framework, which is not only capable of helping individuals to
cope with uncertain states of the world and incomplete information to make
decisions (see Khalil, 2011), but it also consists of ”social representations
that define the social identity of a group” (Van Dijk, 2006, p.116). From an
economic perspective, belief systems can be understood as ”implicit, non-
formal institutions” (Khalil, 2011, p.642), which help individuals to cope
with imperfect and limited information, that, from a cognitive perspective,
generate coherence in life. At the most basic level, coherence, emerges when
reliable patterns exist in the environment that help individuals to under-
stand and evaluate incoming stimuli (such as information). Coherence, or
meaning, connects ideas, things, and information in a predictable and con-

sistent way and can be thus defined as a collective, organized network of

'In the literature we find various kinds of beliefs according to their different functions,
such as Bayesian beliefs or motivated beliefs (Zimmerman, 2002; Pronin, Lin, & Ross,
2002; Bénabou, 2015). However, we refrain here from an extended discussion about such
kinds of beliefs and focus on our own understanding of belief systems.



(reliable, and relatively stable) patterns (Baumeister, 1991; MacKenzie &
Baumeister, 2014). Ideologies provide such mental meaning-making systems
- a predictable, reliable, and relatively stable mental representation of reality
that helps individuals to reduce complexity, understand their environment,
integrate their own self into this environment (own social role), and make
decisions. However, individuals are not passive receivers of beliefs or ideas
they are exposed to but are rather attracted to belief systems that resonate
with their own psychological needs, values and preferences.

Therefore, in this paper we suggest an approach which is based on inter-
disciplinary reading and thinking that combines results and concepts from
social psychology, political science and economic choice. We discuss the fun-
damental human condition of imperfect information which defines a role for
belief systems and ideologies, the way how individuals find their particular
ideology, and how ideologies affect our everyday decision making.

For this purpose we develop the following strand of reasoning: individ-
uals live under conditions of imperfect information, unpredictability, and
uncertainty about their environment, amidst which they have to make ev-
eryday decisions. To reduce this complexity and understand their social
environment, and their own social role in it, individuals search for guidance
in information-processing. Ideologies and their mental meaning-making sys-
tems offer such guidance as it helps individuals to evaluate incoming stimuli,
understand social reality, identify with a certain (ideological) group, and ad-
dress life’s problems. Ideologies also provide interpretations of how the world
is and how it should be, by making assumptions and generating narratives
about the human existence, social order, historical events, potential threats,
and future ideals. ”To the extent that different ideologies represent socially
shared but competing philosophies of life and how it should be lived (and
how society should be governed), it stands to reason that different ideologies
should both elicit and express at least somewhat different social, cognitive,
and motivational styles or tendencies on the part of their adherents” (Jost
et al., 2009, p. 309). This means that individuals do not adopt an ideol-
ogy randomly but choose the belief system that tend to best resonate with
their underlying need system. While Jost (2009) emphasizes this idea in



social psychology, Gries et.al. (2020) further extend it and develop a formal
model. In this approach it is argued that individuals chose and follow those
ideologies that ”best” match their underlying needs and preferences.

In the current paper we depart from this fundamental idea and focus (i)
on the process of finding and adopting this ideology, and (ii) on applying
the ideologies for everyday decisions. Thus, in section 2 we give an an-
swer to the first question: How can an individual know which ideology best
matches their needs and preferences. We suggest a sequential procedure of
Bayesian information search and learning about ideologies to find out how
they appeal to that individual. The starting point for this learning process
is the individual’s social environment, e.g. family. From their education and
social relations they get a first idea about a potential match with various
ideologies, such that there is a prior idea of a goodness of match. However,
more information can improve the choice, so individuals need to collect more
(costly) information in order to determine their true match with an ideology.
As we assume that information is collected sequentially these steps of infor-
mation acquisition may be conducted over a longer time period in life. The
more information individuals collect, the better they are able to determine
the expected ideological match. At some point the search process termi-
nates as marginal benefits from information become lower than marginal
information costs. Furthermore, individuals do not necessarily choose one
ideology and completely adhere to all its rules and norms but they rather
select a mixture of ideologies and apply the rules of that ideology that are
appropriate in a particular situation (Kay & Eibach, 2012). This implies
that some individuals may adopt a balanced combination of a multitude of
ideologies, while others are attracted to only a few ideologies or even one
particular ideology. Once a choice has been made, the individual will rely on
the ideologies, which generates a coherent mental representation of reality,
to process information and make consistent decisions (through the lens of

this ideological reality).?

2However, if the chosen ideologies repeatedly fail to provide ”good service” (in terms
of bad decisional outcomes, inaccurate representation of reality [due to changed circum-
stances] or lack of coherence), individuals re-evaluate or even reject it and search for a



This leads to the second question which is answered in section 3. How
do ideologies - once chosen - determine everyday decision making? We have
argued that ideologies are a mean of reducing complexity to make ”good”
decisions at low costs. Thus, ideologies and their rules are an element in
standard decision making. Following the rules, norms, and values imposed
by a particular ideology not only helps individuals to make consistent deci-
sions and understand the social environment, but it also generates meaning-
ful and reliable patterns of social reality. Thus, we include ideological rules
in a formal model in which ideologies guide everyday (economic) decision-
making. The rule guides the individual to make decisions consistent with
their psychological needs. We explain, for example, why individuals who
adopt ecological beliefs are willing to approve higher costs for organic prod-

ucts.

2 Choice of an ideology

In this section we introduce a theoretical model to expound how individuals
search for ideologies that resonate with their underlying need structure. We
assume that individuals are aware of their psychological and physiological
(consumption) needs. They search for viable means to reconcile psycholog-
ical needs and consumption preferences. Belief systems that are present in
the cultural environment offer readily available mental meaning-making sys-
tems that serve psychological needs. Individuals are able to enhance their
subjective utility if they find belief systems that allow to match their psy-
chological needs and if they can serve their consumption preferences. Hence,
we include both, the match value M, that indicates the extent of a match
between the individual’s needs and a particular ideology K, and the level of
consumption C' in individual’s utility function U. As the method of deriving
this match value has been elaborated in Gries et al. (2020) we can directly
focus on the choice process. For the sake of simplification, we reduce the
formal analysis to two available belief systems which we denote by ideology

A and ideology B. We assume that the utility is generated by the match

new ideology.



values of ideology A or B and consumption C,
U=U(My,Mp,C).

That is, unlike in Gries et al. (2020) the individual cannot pick an ideology
from a list, get to know the match value and obtain the corresponding final
utility but they rather engage a sequential process of search, learning and
adopting the ideology. To reveal which ideologies match their needs, the
individuals search for information about particular ideologies and process
this information by using Bayesian updating. As search for information in-
volves costs an optimal choice that includes a given budget and consumption
will normally allocate a limited amount of resources to information search.
Thus, the costly search for information implies that individual’s information
set remains incomplete. This means that after an optimal search process the
individual adopts those ideologies which best match to their needs and pref-
erences, even if the state of information is incomplete or even low. Modelling
this process with an optimal decision as result is the purpose of the next

section.

2.1 Information search and Bayesian updating

In this section we describe the process of information acquisition in terms of
Bayesian updating, which yields a conditional expected match value for each
considered belief system and the corresponding uncertainties for these match
values. For an individual the real match value Mg between the ideology K
and the individual’s needs is unknown. It can be revealed by collecting
information. This means, that individuals receive subjective signals about
a potential match. Information is imperfect and the signals can vary at
each step of the information acquisition. Therefore, we model the match
value M as a stochastic variable with mean iy and variance o%.. While
these parameters are unknown, individuals can collect information and apply
Bayesian updating to reveal the expected match values conditional on the
received information.

Before individuals start to search for information about a particular ide-



ology, they have to form a prior belief about the corresponding match value,
i.e., how well the particular ideology can address one’s needs. We assume
that individuals’ prior beliefs about each match value My before receiving

any information are normally distributed, i.e.,

My ~ N (pk o, 0%{,0)’

where py o is the initial guess of the expected match value and ‘7%(,0 repre-
sents the initial belief of uncertainty. Thus, individuals search for informa-
tion about belief systems that they run across in their environment. They
must have an initial idea about their subjective ideological match?®.

The individual’s initial information set about a belief system K is I o =
{,LLK,O,J%QO}. However, they are able to collect information and update
these initial beliefs sequentially. We denote by t7,r, the number of search
steps an individual makes to acquire information. Here we assume that
each search step reveals information about all considered belief systems. In
each search period, individuals receive a noisy signal mg,, , about each

potential match value. This signal is defined as
MK trngo = Mg + EK trnfo with EK trnfo ™ N(O’ 77%{)7

where n% is the variance of the noise, which means that it is a measure
of the signal’s precision. Thus, the signal reveals the real match value Mg
with some error €xy,,,,- The lower the variance 7]%(, the more precise is
the signal. While this is the ideal case, modelling the signal in general
opens up another interesting discussion. In reality, we know that receiving
and reading signals is subject to the sender and the receiver. Thus, the
signals can be distorted by both senders and receivers. Especially with the
increasing use of social media we can observe that false news are more likely
to be spread than the truth (Vosoughi et al., 2018). This can be included

3This reflects people’s preference for belief consonance (Golman et al., 2016). Individ-
uals tend to adopt those ideologies that other persons of their social environment, or the
group which they feel to belong to, have chosen. Thus, they can form an initial belief
about the ideological match based on the experience in their social environment. For a
young person family and friends may play a major role for this prior belief.



in our model, e.g. with a large signal variance 77%( as fake news indicate
different match values than the truth. In this case more search steps are
necessary to reveal the true match. However, this raises costs and when the
budget is exhausted, search is stopped while the choice of ideologies may be
influenced by fake news. We can even think of additional noisy signals that
are send by a propaganda apparatus that may even lead to a shift in the
perceived mean.

However, we start with the introduced ideal case and return to the for-
mal model. The distribution corresponds to the likelihood function of the
Bayesian formula. We choose a normal distribution as prior and signal be-
cause it is a conjugate distribution which implies that the posterior is also
normally distributed. Therefore, we can use the obtained posterior nor-
mal distribution as a new prior in a next Bayesian updating process. The

posterior distribution is given by
2
Mgl|Liy ~ N(MK,u UK,l)

with

%0 Mk d o2 1 L)

Pl = 55 M0+ 5~ fo and Ok = | 5+ 5

Okt MKk Tkot Kk Oko Nk
The posterior expected value py ; is a weighted sum of the prior and the
signal. A more precise signal (low variance 77%) leads to a higher weight of
my o which means that the received information m o has a greater impact
on the updated expected value iy 1 than the prior belief jix . If the prior
beliefs are strong (low variance U%{,o) the signal mg o has a low impact on
the updated expected match value. Thus, strong believers are less sensitive

to new information than people who are very uncertain about their prior
beliefs (high 0%(70)4.

4For example, if there is a leader who promotes his ideology in a way that intensively
addresses the individuals emotions, then the individual’s prior belief about this ideology
may be very strong (low a%(’o) and new information has a low impact. The interpersonal
relation to the leader also plays a role when people stick to their ideology and are less
sensitive to (or reject) new information.



Thus, this first step of information search and updating has not only
improved the individuals idea of the expected match value pg ; for each
ideology; moreover, from U%ﬂ we see that uncertainty decreases after ob-

taining the signal.

This updating procedure can be repeated if an individual makes several
attempts to collect information. If ¢7,f, is this number of received signals

which is equal to the number of search or time steps then

2
MK|IK7tInfo ~ N(MKytInfo’ O—Kvtlnfo)

with
2 tInfo_]- 2
OK,0 N
/"LK, nfo =T 32 | .2 mK7 + —NK70 and (1)
bing tlnfoa-%(,o + 77%{ ;0 ’ tlnfoa%go + 77%(
- 2 2 Ho2
1 1 0K oM . TK trnfo
Oktrnge = | =2 Tlimpos | = e, with — 5 > 0.
' OK,0 Ule tinfo0fk o + Nk oy

(2)

These two equations illustrate the updating process. The conditional ex-
pected match value depends on the information, which is represented by
the sum of signals, and on the number of time steps tr,f, to collect this
information.

Each new piece of information brings the individual closer to the true
match values Mg of each belief system K. We can see this from equation
(1) if we look at the difference of the updated expected match values in one

step of information acquisition,

0K
2 (mK:tInfo - /"LK,t]nfo)' (3)

p K -
K,tlnfo+1 K:tlnfo (t]nfo + 1)0'%(’0 + nK

The adjustment of the conditional expected match value can go in either
direction, depending on the sign of (mg .., =tk ,, fo). If the new signal
MK t;,;, i greater than the current expected match ppy, for the expected

match value is increased; else, it is decreased. To what extent it is increased



2

g . . . .
G HI;;%( s which is decreasing with

time t7,f,. Thus, the more information is already available (the greater

or decreased depends on the factor

tInfo), the smaller is the adjustment of the expected match value in the
updating process.
Furthermore, each search step reduces uncertainty, which we can derive
from equation (2) if we look at the difference of the variance in one step,
2
B 9K,0

2 2 2
OKt 1 7 OKtinge — OK trnso <0
3 Inf0+ stInfo (tITLfO + 1)0-%(’0 + ,'7%( stInfo ?

which is also decreasing when more information is already available. There-
fore, the more information has been already accumulated about a particular
ideology, the less additional information will reduce uncertainty.We have a

decreasing marginal effect of information on uncertainty.

Further, in section 2.3 and 2.4 we will include this Bayesian learning pro-
cess in the optimization procedure. In preparation for this next step, and for
the sake of simplicity, we switch to a setting with a continuous time informa-
tion acquisition. In the above analysis we have determined the difference in
conditional expected match values and in the corresponding variance in one
discrete time step. If we assume that such a time step is arbitrarily small

we can view u and o2 as continuous differentiable functions in
K’tI’ﬂfO Katlnfo

tinfo with
2
8/J/}:{vtI'nfo _ O‘K,O (mK l,L ) a,nd
- 2 2 it MK
atlnfa tInfoUKp + UN7e ne fnfo
2 2
aUI(atlnfo UK,O 2
8t = _t 2 2 O-Kztlnfo < O
Info InfOUK,0+77K

With this assumption of continuity and differentiability we can apply a stan-
dard expected utility optimization approach in section 2.3 and proof the

existence of an optimal solution.

10



2.2 Defining the optimization problem

We know from the discussion above that individuals strive to find an ide-
ology that best matches their underlying psychological needs, and that dif-
ferent ideologies express different social, cognitive, and motivational styles.
However, individuals may have a variety of needs that appear at first contra-
dictive, which cannot be satisfied by only one particular belief system. This
means that individuals can be drawn to different ideologies, and hence adopt
a mixture of various belief systems to serve their underlying need structure.
Practically, they adopt certain beliefs and narratives of belief system A to
serve some of their needs, but also agree with the beliefs and values of be-
lief system B, because they address particular needs. Therefore, an belief
systems can be mixed and an individual fraction « (respectively 1 — «) of

each belief system can be chosen, so that
U=U (aMy,(l—a)Mp,C) with a € [0,1].

In the following sections we will introduce optimization strategies that in-
clude the determination of the optimal extent a given the current set of
information. Thus, new information may cause a variation in commitment
to particular belief systems. Note that the extreme cases « = 0 and a = 1
are possible if the individual fully adopts only one belief system. Someone
who is very passionate about ideology A chooses « close to 1. To set up
the decision problem in the most simple way we consider two interrelated
constraints, a budget constraint and a time constraint.

Consumption is defined as the amount ¢ of consumption goods and the

duration of consumption time ¢¢,
C =ctc.

Income y is generated by the given time allocated to work, which is the
working time 7, and the hourly wage rate w, so that y = t;w. All income

is spend on consumption at the given price p of the consumption good. Thus,

11



the income budget constraint is
trw =1y = pc.

Rearranging we obtain ¢ = ¢ L% and consequently, consumption is equal to
w

C=tr—tc. (4)
p

Furthermore, individuals have a time budget that they can split into time for
information search Z,,, time for consumption ¢¢ and time for working #..
The disposable time 7" is already reduced by a institutionally given amount

of time for labor ¢7,. Thus, the time constraint for the disposable time is
T:t[nfo+tc. (5)

The objective is to maximize utility given the income budget constraint.
In order to consider uncertainty we assume an exponential utility function

which implies constant absolute risk aversion (CARA),
U=1-exp(—R(aMa+ (1 —a)Mp+C)).

The parameter R > 0 is the coefficient of risk aversion. The match values
My are stochastic variables with expected values py and variance o% for
belief system K € {A, B}. Therefore, exponential expected utility for two

belief systems and consumption is
1 1
E[U] = 1 - exp(—R (o - o*SRo% + (1 - a)up — (1 - a)’ SRy + C))-

However, consumers do not know the true expected match values or vari-
ances. They only know the conditional distribution of the match values given

the information set I ¢, ,,. Thus, after 15, search steps the individual can

12



determine the conditional expected utility

1
B[Vl = 1= exp( = R(amar,,,, — 0*5Ro%,,, + (1= augy,,,

-(1- a)%RUQthInfo t C)>’

where Iy, . = Iat;,;, YIB1,,,, is the accumulated information set for both
belief systems A and B. We can see that for a risk averse consumer (R > 0)
expected utility increases if the match values increase or if the variances,
or uncertainties, decrease. We observe that E[U|Iy,,,,] maximized if the
reduced objective function

o 5 1-a)? 5
E[U‘Itlnfo] = a/’LA,tInfo_7R0-A,t[nfo+(1_a)l’LB,t]nfo_ 2 RUB,tInfO+C

is maximized®. Therefore, we work with this simpler conditional expected
utility function in the following analysis. Before we come to our maximiza-
tion problem we want to make some standard assumptions about marginal
utility. We assume that consumers are risk averse with risk aversion param-
eter R which is sufficiently high, such that we obtain the standard positive
marginal expected utility with respect to search steps ty,f,, as well as de-

creasing marginal expected utility,

aE[u’ItInfo] > 62E[u‘ItInfo]

< 0.
2
8tlnfo

87flnfo

This is ensured by the following assumption

faai,DdA . (lfa)JQB’OdB
R> max {2 2,2 QUA ;}BZ 2 )
atrnfo TA0%A,t 1 10 n (1-a) 9B,0%Btr,¢,
vA vB (Al)
_O‘U%A,OdA B (l—a)a‘}g’odB
) (va)? (vp)? 0
4 4 2 ’
a20'A OO-AvtInfo (l_a)QUB,OUB,t[nfO
(va)? (vB)?

5The function f : R — R, f(z) = 1 — exp(—=z) is monotonically increasing in =. There-
fore, it is sufficient to maximize the function in the exponent of our exponential function.

13



A proof is found in appendix A.1.

This assumption implies that additional search steps, and hence addi-
tional information about a certain ideology, always increase the part of the
expected conditional utility that is generated by a match. In other words,
the more information an individual has about an ideology, the better he or
she can reveal how well this ideology can address his or her needs, and hence
improve his utility. Risk aversion is assumed to be large enough, so that it
compensates possible decreases in utility by low signals. A large parameter
R implies that the reduction in uncertainty is dominating. In other words,
the most important effect of information is the reduction in uncertainty.
With information certainty about the real match value increases and this
reduces the uncertainty of making a wrong decision.

Furthermore, if we include the time constraint (5) in (4) we see that
consumption is reduced with every search step which represents the search
costs. Marginal costs are constantly equal to tL%. This brings us to a

standard optimization problem which is analyzed in the next subsection.

2.3 Existence of optimal solution

In the previous subsection an information search process using Bayesian
updating has been introduced. Since acquiring information is costly, the
question is, at which point should the information search stop? Can we find
an optimal number of information search steps? In this first step we show in
a general analytical way that there exists a solution for this problem. While
for many questions this is sufficient, the disadvantage is that we can not
determine a general unique explicit solution. For an approximation of an
explicit solution however, we need to look a the particular time path of the
stochastic signals. Therefore, in section 2.4 we introduce a second procedure
that allows to find the optimal number of search steps, in a truely sequential
search process.

However, we begin with the existence of a solution for our optimization

problem. Plugging in the time constraint (5) in the consumption (4) we

14



obtain
w
C == tLE(T - t[nfo).

Consequently, the maximization problem is

1
2 2
max afbgys, ., — & *RUA,tInfo +(1 - a)#B,t,nfo
avtlnfo 2

UM
0 afRe,  dn .
(1 a) 2R037t1nfo+tLp(T t]nfo)-

Furthermore, assuming that searching time t7,r, and fraction « are low
substitutes so that®

2
uaaut[nfotlnfo > utmfooc’ (A2)
we can state the following proposition.

Proposition. Let assumptions (Al) and (A2) hold. The mazximization
problem (UM) has a solution (.17, ,)-
Consequently, the belief systems that are chosen with the incomplete infor-

mation set It’fnfo yield optimal expected conditional utility.

Note that we find such a solution for many sequences of the stochastic
time path of the signal that fulfills conditions (A1) and (A2). This means
that (a*,tj,,,) relates to one particular sequence. If there is another se-
quence that satisfies the conditions we find another solution (&*,t7,,;,). The
history of that random sequence matters; another history another outcome.

However, with this proposition we have formally derived that there ex-
ists an optimal search time and an optimal allocation of the considered
ideologies. Individuals acquire costly information about various ideologies
that are available in the socio-cultural environment. At a certain point
they realize that the marginal benefit of more information becomes equal
to marginal costs of acquiring them. At that point they stop their search
and choose the belief system that best matches their needs. Further, as o*

is between zero and one, the ideological choice can be either a corner solu-

5The reason for this assumption is found in appendix A.2.

15



tion (o = 0,a* = 1) which means that only belief system A or B is fully
adopted; or an inner solution which means that the individual is attracted
by belief system A to the extent a* and attracted by belief system B to the
extent 1 — a*. In the latter case the individual adopts an ideological mix

consisting of beliefs and narratives from both ideologies A and B.

2.4 Sequential search optimization

While we now know that there exists a solution for the individual’s search
for an ideology, sometimes it is also interesting to explicitly determine the
particular solution that relates to a particular sequence of signals. There-
fore, we describe the information search process in a sequential way in the
following section. Furthermore, we illustrate this process with a numerical

example.

Sequential choice procedure Remember, adopting an ideology requires
a longer search and trial period. For example, the search for orientation
among young adults can be described by a longer process of searching and
experimenting. Trial and experimenting in our model means that after the
conduction of a couple of search steps the individual has adopted a belief
system K at the extent o and while new information is received o may be
adjusted. Thus, trial does not mean fully adopting an ideology and fully
dismissing it, but the extent of adoption can be changed. It is indeed a
chronological sequence of experiential steps until the match with an own
ideological view, which can emerge from a mixture of several belief systems,
crystallizes. Consequently, we go back to Bayesian updating as sequential
course. The individual starts with some prior beliefs about the potential
matches of various belief systems and collects information to update their
beliefs in a Bayesian manner. However, this kind of information acquisi-
tion is costly and reduces consumption and respective utilities. Therefore,
individuals have to decide first if they should start the Bayesian updating
process at all, and second when to stop.

Before the Bayesian updating process can be started individuals form

16



a prior belief about the match value uf  for each belief system K with
prior variance 0%(70. Again, this indicates how certain the individual is
about their prior belief. First of all, the individuals have to determine the
allocation of belief systems that gives maximum expected utility from these
prior beliefs. That is, given the prior belief, they determine the optimal
mixture of ideologies before information is collected. This means that they

have to solve the prior maximization problem
21l o 21, o w
moz}xE[u|Io] = Qg — iRO'A’O + (I —-a)upgy—(1—a) §RUB,0 + tLET

which gives an optimal of as result and we denote the optimal expected
conditional utility by Eqz[u[lo]. Thus, without search the allocation of belief
systems that is determined by ag is the optimal choice. This result can be
used as a reference point for the decision about the start of the updating
process. Note that we have C =t %T as there has been no time spent for
information acquisition, but all time could be used for consumption.

Next, consumers have to decide whether they should start the search or
not by comparing the prior expected conditional utility to the anticipated
expected conditional utility of the first search step. For the description of
sequential search we have to return to discrete time steps. How can this
expected conditional utility be anticipated? First, individuals know that
search increases utility as it reduces uncertainty, but they do not know
the magnitude of this reduction without conducting the first search step.
Second, consumers cannot predict the first signal, however acquiring the first
piece of information includes search costs. Thus, they have to anticipate the
net utility gain of this first search step and only start search if this gain is
positive.

In order to anticipate the reduction in uncertainty the individual needs
to know the precision of the information signal indicated by the variance of
the signals’ noise n%(. However, with no experiences with information signals
this is unknown for the first search step. Therefore, they have to make an
initial guess 7% for n% for each belief system K. This guess 7j% depends

on the subjective perception of the individual and represents a guess of the
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usefulness and also accuracy of a first piece of information. Furthermore, 7%
shows how confident the consumer is about processing the information. One
expects that highly educated individuals anticipate a low 77%{ as they believe
that they are able to better collect and understand information. With the
use of this guess ﬁ%( the anticipated variance for the first search step can be
determined as s o
J%( ant *= ngn{(z :
’ x0T Nk

The second unknown variable for a search step is the signal. The best
guess for the first signal is their prior belief p15 . Without more information
the prior belief is already the best guess, so the individual cannot expect
something different without new information. This implies that there is no
update for the expected match value for this first search decision.

With these guesses about the first signal and its variance the anticipated
expected conditional utility for the first search step can be found solving the

maximization problem

mng[u]Io,mt] =

1 1 w
Qg0 — OZQQRU?LX,ant + (1 - O[)MB,O - (1 - a)ziRUZB,ant + tLE(T - 1)7

which gives aiant as result and we denote the optimal anticipated expected
utility by Eaiam [|L0,ant]. This time we have C' = tL%(T — 1) as one time
step has been used for information acquisition.
Now the individual can make a decision. If they anticipate a positive net
gain in utility,
Ea’f,ant [ulLo,ant] > Eaz[ullo],

then the information search process starts. However, as decision depends
on the subjectively anticipated value 77%(, it is possible that the individual
does not start the sequential search. Subjectively they do not anticipate a
positive net gain in utility, even if the true signals had indicated such a gain.
The choice of 7 can prevent search and the individual does not collect any

information. They never get to know if utility could have been increased
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with new information.

Now we have to consider further search steps. After each search step
consumers have to decide whether they should continue searching for more
information or whether their information set already yields optimal utility.
Again, they need to anticipate the expected gain in utility from further
search. However, with the experience of the first search step they learn
how precise the signal is and we assume that their subjective estimate is
equal to the true precision of the signal n%(. An example may illustrates this
point. Once an individual starts collecting information they observe that the
signal is rather diffuse, vague, ambiguous, or just gives adumbrations. So
we assume that this observation is correct and thus the signal in not precise
and respectively n%( is large. In contrast, the information signal may be very
clear, consistent, focused and brought to the point. This would be indicated
by a small 77%(. With this assumption we describe the ideal case in which the
perceived signal represents the true message from the ideology. However, as
already mentioned above in a world of fake news and disinformation we can
imagine how a perceived reality via the signal can deviate from the true
reality. But this kind of discussion must be left for future research.

Thus, effects on uncertainty as result of tzhe 2mex‘c and all subsequent
search steps can be determined a}tmw = % (see also (2)). How-
ever, individuals still do not know the signal of the following search step and
they also cannot know the expected match value or utility resulting from
another step. They again have to anticipate the signal for a further search
step. The best guess for this signal mgy,, ,, is the current expected match
value gy, fo? which implies that there is no systematic update with respect
to the anticipated signal.” Therefore, individuals have to solve the follow-

ing maximization problem for anticipated utility in the next, the t7,f, + 1

"This can be seen from equation (3).
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period,

1
2 2
mgxu?;;tfo“rl ::aMAvtlnfo -« iRO’A’tInfo'i'l + (1 - O[)MthInfo
1 - a)’tRro? T 1
(= @SRt 0 T trago— 1)

which results in maximum anticipated expected utility u?ﬁfﬁ 41- This can

be used to make a decision comparing it to the current maximum utility
E [ul Iy, ] T

a*
tInfo
ant,*

utInfo+1 > Ea;} u|ItI7Lfo]

nfo [
information search is continued as a positive net gain in utility is anticipated.

Search is stopped if either the latest step did not increase expected utility,

Eazln.fo [U|It1nf0] S Eazlnfo—l [uu—tlnfo—l]v

or if no further gain in expected utility is anticipated,

ant,* E

ut[nfo+1 S [U|It1nfo]'

*
ai]nfo

Then the optimal number of sequential search steps is reached. In appendix
A.3 we compare this result to the analytical result of the optimization (UM).
We find that differences in the optimal search steps from these two strategies
are small. Thus, we conclude that this sequential description is indeed an

approximation for the general optimization process.

Numerical examples As we cannot find a general solution for the sequen-
tial search problem we analyze some numerical examples of the information
search process in discrete time and illustrate the sequential decision path on
the surface of expected conditional utility. From these examples we see that
the sequential decision process depends on the specific sequence of received
stochastic signals.

Suppose that an individual considers two ideologies that - without fur-

ther information - seem very similar. Therefore, the individual has very
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close prior beliefs, namely py g =5, gy = 5.2, 0’31’0 = 0.6 and 023?0 = 0.8.
We study examples for two different scenarios that could arise from this
starting point.

In the first scemario both ideologies have the same true match value.
Thus, the information search process should reveal that a balanced combi-
nation of both ideologies is optimal (o = 0.5). Further, in this scenario we
want to illustrate that even if the search process starts with rather close
prior beliefs and the true match values are identical, different sequences of
stochastic signals already generate variations in the number of optimally
conducted search steps as well as variations in a. True sequential search
does not lead to identical solutions.

In the second scenario one ideology has a greater true match value than
the other ideology. In this scenario we want to illustrate that - even if the
true match value for A is less than for Bthe individual may still combine
the two ideologies. The optimal but still limited information set cannot
yet fully reveal this difference. In this case the information search process
reveals step by step which ideology may turn out to be the better one. Due
to search costs the process stops at an optimal number of steps. As we still
do not have full information when this search process stops we may get the
result that a combination of both belief systems is optimal instead of only

choosing the one with the true highest expected match value.

The first scenario is discussed with the help of figure 1 where we see
the expected conditional utility E[ully,, ] for two different sequences of
signals depending on t7,f, and . All parameters remain equal, but due
to the different sequences of stochastic signals we obtain slightly different
results, which we denote by case 1(a) and 1(b). We choose the risk aversion
parameter R sufficiently high, so that assumption (Al) is true for every
example sequence of signals. For every time step tr,p, = 0,1,...,T we
solve the maximization problem for E[ull;,, ] to find the optimal choice
of a. In figure 1 the corresponding maximal utility is depicted as asterisk
for every step. The number of sequential search steps that can be found

using the description in section 2.4 is indicated as the black square ”S”
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(sequential). We choose 74 = )5 = 0.1 for our examples. Furthermore, the
maximal utility over all search steps Ea?lnfo [ulIt,,,] (which represents the
general solution of (UM)) is depicted as the black dot if it is not equal to
the number of sequential steps. With these two markers we can distinguish
between the optimal search steps from sequential search and 7, fo from the
general optimization problem (UM) (in discrete time).

In detail, in this first scenario both true expected match values are equal
to 6. Thus, search reveals that a balanced combination of both belief sys-
tems is the best choice which implies that «* is close to 0.5. However, we
can see in figure 1 that the difference in stochastic sequence leads to differ-
ent outcomes. In case 1(a) (first sequence of signals) in figure 1 the optimal
number of sequential search steps is 3 with a* = 0.5 and expected utility
is Ea;}nfo [ul Iy, ,,] = 7.61. We also see that after the first step the optimal
choice for a* is 0.5 and this does not change with further steps. The individ-
ual continues to search as the reduction in uncertainty increases expected
conditional utility.

In case 1(b) (second sequence of signals) in figure 1 the optimal number
of sequential search steps is only 2 with a* = 0.4 and expected utility is
Ea;mfo
This means that the first signals suggest that belief system B has a slightly

[ully;,,,] = 7.70. The value for a is not as stable as in case 1(a).

higher match value than belief system A. More search steps than in case
1(a) would be necessary until « is 0.5. However, search is stopped early
as search costs prevent further steps. With less steps the individual saves
costs and expected utility is slightly greater than in case 1(a). As intended,
the example illustrates, that different sequences of stochastic signals already

generate different final outcomes.
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B, ]

Figure 1: Two outcomes for Elu|l;;, | With pyso = 5,up¢ = 5.2,0?470 =
0'670-2B,0 = 08777?4 = 13772B =Lpy =6,up =6w=2p=
Atp = 5,7 =10 and 7, = 715 = 0.1.

For the second scenario we only change the true expected match value
of belief system A to 4 instead of 6 (B remains with a true match value
6). All other parameters remain equal to the ones in the first scenario.
In this second scenario the information search process should reveal that
the choice of believe system B is the better one which means that search
should end with a value for « close to 0. In figure 2 this can be observed
in both cases 2(a) and 2(b) of the example. However, as search is costly
maximal utility is reached after only a few search steps. Thus the search
process has not yet fully revealed that B is the true better belief system,
such that a combination of both belief systems is recommended as optimal.
In figure 2 we see that in case 2(a) the number of sequential search steps is
3 with o = 0.4 and expected utility is Ea?[nfo [ullt,,,] = 6.99. In case 2(b)
the number of sequential steps is 2 with o = 0.5 and expected utility is
Eazlnfo
until a would approach 0, as theoretically correct solution under perfect

[ul Iy, ,,] = 6.72. In both cases more search steps would be necessary

information.

What we learn from this example is that search costs lead to a limited set
of information. We can have different outcomes even if we choose the same
parameters, but without search costs the information search process would

eventually reveal which ideology is the better one. The outcomes depend
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on the specific values of the stochastic signals that are received. Thus, we
can further conclude that a higher variance in signals leads to more different

outcomes.

Bl ]

Figure 2: Two outcomes for Elul|l;,, ] With pyso = 5upo = 5.2,0?470 =
0.6,050=081% = 1,15 = 1,4y = 4,up = 6,R = 30,up =
6w=2p=4t,=1,T=10and ij, = iz = 0.1.

3 Belief system co-determines decisions

In section 2 we discussed extensively how individuals search for ideologies
and figure out which mixture of ideologies matches their underlying need
structure. Once a choice has been made, the individual is willing to ad-
here to the norms, rules, and values of the chosen ideologies, because they
generate consistency, certainty and meaning in life. Ideologies, and their
mental meaning-making systems help individuals to process incoming stim-
uli (through the lens of the ideology), understand reality and make decisions,
which are consistent with their needs and preferences. So, in this section, we
are eager to explain how ideologies help individuals to make ”best” everyday
decisions once they are adopted. The rules, narratives, norms, and values
of a particular ideology imply low information costs and facilliate the in-
dividual’s understanding and evaluation of information. Furthermore, they
free the individual from evaluating the appropriateness of own behavior, the

social acceptance of own norms and values, and from coordination and com-
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munication problems. Instead, they provide a basis for communication and
behavior, for perception, understanding, and evaluation.

Since individuals choose ideologies that resonate with their underlying
need structure, adhering to the rules and norms of those ideologies implies
consistent behavior. This means, that behaving, perceiving, and making
decisions according to chosen ideologies serves individual’s needs and in-
creases their utility. These belief-based rules, norms, or values can serve
as heuristics and provide a valuable source for information-processing and
decision-making. Individuals trust their chosen belief systems, in their ac-
curacy and completeness, and hence rely on them to understand reality and
make everyday decisions. Trust plays an important role in belief forma-
tion, as individuals do not have resources and the capacity to evaluate all
available information but adopt, sometimes even unquestioningly, the prop-
agated beliefs and narratives. Processing information and making choices
according to the chosen ideologies, is not only decreasing information and
decision costs, but also addressing the psychological needs of the individual:
making choices based on the ideological narratives, rules, norms and values
generate consistency, increase certainty and order in one’s life; perceiving
the environment based on the ideological patterns and sharing these per-
ceptions with a social group emphasizes social belonging, identification and
approval; but it also generates a sense of self-efficacy and self-esteem, as it
increases individual’s belief in their capacity to execute behavior and make
choices based on their own needs and preferences.

Taking these (subjectively) positive implications of an ideological choice
into consideration it becomes clear that individuals are eager to adhere to the
rules, norms, and values of the chosen ideologies, and hence make decisions
accordingly. So, in the following section, we explain how following these rules
and norms in everyday decision-making can enhances individual’s subjective

utility. This can be illustrated by a standard rational choice model.
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3.1 Utilities, rules and consumption decisions

Formally, we assume that each individual has a set of n mental needs that
they try to reconcile. However, each person has a different desire for the
extent that a certain need has to be served. In addition, we assume that a
belief system K addresses each of these need components i (i = 1,...,n) at
the extent Bk, and we denote by By the set of these index numbers for the

need components of ideology K,
Bx ={Bk,,Bk,,-..,Bxk, }.

Suppose R is the set of all behavioral rules, norms or evaluations which
could be part of an arbitrary ideology. The leaders of an ideology K can use
one index number or a combination of index numbers from By to form a
rule r € R. Thus, each rule results from a subset of B of need-reconciling
services that are provided by the corresponding ideology. We denote by
P(Bg) the power set of By, which is the set of all subsets of By . Then we

define the relation

Rix ={(f,r) € P(Bk) x R: f is the set of index numbers
of those needs that build rule r}.

Note that it is possible that a certain combination of index numbers, which
is represented by a set f € P(By), implies several rules r € R.

Let Rx C R be the set of rules r with (f,r) € Rg. Thus, R is the set
of rules that ideology K obeys. After adopting a belief system K individuals
are principally willing and inclined to follow such rules and norms r € Ry .8

We assume in the following that the individual has to make a (consump-
tion) choice and can decide between two different proceedings. The first
proceeding would imply the adherence to the rules of a chosen ideology,

while the second proceeding would not align with the ideological rules. Sup-

8If individuals adopt a combination of ideologies K where each ideology is chosen at a
fraction ax € (0,1) they also choose the corresponding fraction of rules from Ry of the
chosen ideologies K.
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pose p is an index that measures the extent at which activities and choices of
the individual are in line with the narratives and rules of the belief system.
Thus, p is the match of ideological rules with the own activities and this
serves the underlying psychological needs. Therefore, p enters the everyday
utility function.

The rule-inconsistent activities are denoted by a. and these are pro-
ceedings that purely relate to consumption. If ¢, is a standardized pure
consumption unit and total pure consumption activities are represented by

ac, total consumption that purely serves consumption purposes is
Ce = Ccle.

Activity a, is another consumption activity. Defining again a standardized
amount of this kind of consumption by ¢, the total amount of this kind of

consumption is
Cp = Cplp. (6)

Activity a,, however, not only serves general consumption, it is also consis-
tent with the rules and narratives of the chosen belief system. This means
that activity a, is a consumption proceeding that is consistent with individ-
ual’s psychological needs and thus contributes one unit to the belief-based
utility p. Hence, the index value of p is directly determined by the num-
ber of activities that are consistent with the chosen belief system and the

psychological needs
p=a, (7)

As a result, a, generates a positive externality. This belief-based activ-
ity serves both, the consumption needs as well as the psychological needs
(because the consumption choice is based on the rules of the chosen ideol-
ogy, which in turn resonates with the psychological needs of the individual).
Thus, is it will not only increase the consumption of kind ¢,, but it will also
address intangible benefits p. Combining (6) and (7) describes the fixed

relation of consumption that serves both psychological and consumption
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needs,
1
p= acp.
As p serves the psychological needs by behaving belief-conform p will di-
rectly enter the utility function. With two kinds of consumption goods that
both serve consumption preferences the utility function with standard char-

acteristics can be described by

u = u(p,cp, ce).

We make the standard assumption of positive and decreasing marginal utility

with respect to both activities a, and a..

3.2 Constraints and choice problem

As ¢, and c. are both different kinds of consumption goods we have two
prices for these two goods, p, and p.. To make the argument clear, we as-
sume that there is no direct way to purchase intangible benefits, like buying
a unit of self-esteem or social approval.” With a given income 7 the budget
constraint is simple:
DeCele + PpCpap — § = 0.

The complete choice problem is

maxu = u(p, ¢p, cc)

Qc,ap

s.t. peCeae + ppcpa, —y = 0.

As we assumed a standard choice problem we can apply the Implicit Func-

tions Theorem and obtain optimal activities

* * — J -
aec = Q¢ (ppv Cpy Pey Ce, y)
* * — N
ap = ap(ppa Cpapm Ce, y)7

9These are simplified assumptions, since we can also think of material goods that can
directly serve psychological needs. Buying a luxury product, for example, may indirectly
increase one’s own self-esteem and may lead to higher social approval.
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*

which lead to optimal demand functions for ¢}

and ¢} and an optimal level
of serving the belief system p*.
3.3 Interpretation

While it is a standard procedure to derive the optimal demand functions,
it is more interesting to look at the first order condition to understand how

the choice is determined. From these conditions we obtain

du ou =
Bip + T%Cp pp

—— =—. (8)
ggc Ce Pc
Ou | Ou p
In equation (8) the term % gives the willingness to pay for good ¢, in
dce €
terms of goods c.. If ¢, is comparable with ¢, in serving the pure consump-

tion preference [g—é: = g—cﬂ, condition (8) indicates that we are willing to

pay more for ¢, due to the consumption externality. Buying a belief-conform
consumption good not only serves individuals’ material needs, but it also

serves the mental preferences. Similarly, rewriting (8) gives

Ou 4 Ouz ou
ap T ¢, Cr e Ce
DPp Pc

That is, marginal utility per unit income must be equalized, each $ must
generate the same effect on marginal utility. As consumption c, with activity
a, has a positive externality by generating consumption related utilities as
well as belief related benefits, the individual would be willing to pay more
for the same amount of consumption good purchased.

The following example may illustrate this reasoning. If an individual has
adopted a green ideology (or environmentalism) as a guiding belief system,
a rule could be to eat organic food as often as possible. The individial
serves their underlying needs if they behaves according to this belief-based
rule. However, while a standard meal with conventionally produced food is
normally less expensive than a comparable organic food, due to the positive

consumption externality, the individual is willing to pay more to acquire the
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belief-based (organic) good. The increased demand for the more expensive
vegetarian meal is explained by the increased belief-based utility. Following
the rules, attitudes and norms applied by the green ideology not only serves
tangible preferences of the individual (buying food to be sated), but it also
has psychologically positive implications. Acting according to the adopted
ideology, not only serves the individual needs, but it also provides a positive

self-image and facilitates coherent decision-making.

3.4 Implications for gaining empirical evidence

Beliefs provide a mental guide to understand and adapt to given environ-
mental settings and to process information in a subjectively coherent way.
Relying on certain belief-based ideals, rules, and norms to make decisions
about what is right or wrong not only reduces anxiety and self-related un-
certainty, but it also provides a sense of security and higher self-esteem
(Flannelly & Galek, 2010).

Although this implies that beliefs are a potent cause of action, this in-
ternal cognitive mechanism seems to be difficult to observe. The revealed
preference approach in economics postulates that individuals’ (consump-
tion) preferences can be revealed by observing their purchasing behavior,
under different price and income conditions. This means that individu-
als reveal their preference patterns by their market behaviors (Samuelson,
1948). However, the initiating source of this behavior can be difficult to
identify!0.

Recent neuroimaging and lesion studies provide evidence that beliefs
are indeed ”observable” in terms of neural underpinnings in the human
brain. The choice of a particular belief system seems to be associated with
individual differences in basic neurocognitive mechanisms (for a review see
Cristofori & Grafman, 2017). Such physiological measures are useful to
assess implicit responses and infer subjective preferences. In neuroeconomics

it is assumed that if two different objects elicit neural activation of equal

108everal studies show that individuals make decisions that are not consistent with their
preferences and beliefs in order to align with social norms or to be liked by significant
others (Akerlof & Kranton, 2010; Sinclair et al, 2005; Sechrist & Stangor, 2001).
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intensity, the two objects should be equally preferred. However, observing
an increased activation toward one object compared to another, the object
that induces a higher neural reaction should be preferred (Brosch & Sander,
2013). These studies find differential neurocognitive effects - after a decision,
task, or stimulus - that are possibly linked to the previously adopted belief
system.

Further, in our model we showed that belief-based consumption not only
serves individuals’ consumption needs, but also their psychological demands.
We can make the assumption that making choices according to one’s own
belief system implies greater rewards. We can extend the classical revealed
preference approach with observable mental processes. Following the rules
and principles of a belief system and making choices accordingly, may reveal
the belief-based preferences of the individual (such as buying only vegetarian
products reveals the adoption of ecologist beliefs). However, as we cannot

provide all at once, these suggestions must be left for further research.

4 Summary and conclusion

In this article we answered two major questions: (1) Why and how do indi-
viduals search for ideologies and figure out which ideology or which mixture
of ideologies matches them best? and (2) How does the ideology - once
chosen - determine everyday decision making?

To answer the first question we argue that human beings are constantly
confronted with complexity amidst which they have to make consistent
choices. In order to understand or even reduce complexity and make deci-
sions, individuals need information. But also, information can be complex,
ambiguous, or false. The information set is never complete and costly to
acquire. Ideologies, in this regard, help individuals to process and evalu-
ate information and manage reality into coherent and comprehensible reg-
ularities, by representing different philosophies of life. Ideologies substitute
and/or complement information. But why are different people attracted to
different ideologies and belief systems? We suggest that the choice of an

ideology is not random, it is driven, among others, by a set of underlying
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psychological human needs - like needs to understand and control the en-
vironment, feel belonged and approved by social others, make autonomous
decisions, feel self-efficacious and have a high self-esteem. Ideologies and
their unique mental meaning-making systems provide options to serve these
needs, that is, they help individuals to process information, understand the
social environment, unpredictable events and circumstances, identify with
social others, as well as make consistent decisions. Individuals choose the
belief systems that best resonate or are consistent with their underlying need
structure. How can individuals find the belief system they are most com-
fortable with? This question is answered by suggesting a Bayesian learning
procedure with costly information. Information allows for a better match
and reduces the uncertainty of a bad choice. Decreasing marginal utilities
from information search lead to an optimal stopping of information acquisi-
tion and an optimal decision about the best matching ideology.

The second question addresses the role of ideologies in everyday deci-
sions. Ideologies are an instrument of reducing complexity to make ”good”
decisions at low costs. Belief-based rules, narratives and norms represent
low-cost substitutes for high information and deliberation costs are thus
perceived as important instruments in subjective decision-making. Thus,
following the rules, norms, and values imposed by the chosen ideology posi-
tively enters utility as their consistency with the chosen ideology indirectly
serves the underlying needs. This is also formally modelled. An action like
the consumption of a meal not only generates utility by satisfying the pure
desire to eat. If the consumption is consistent with the ideological rule it

generates an extra utility as the individual behaves consistent with their
beliefs.
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A  Appendix

A.1 Derivation of Assumption (Al)

We have
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which is equivalent to
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Additionally, we want to assume decreasing marginal utility with respect

to trnfo- In order to find the second partial derivative we calculate
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Again, we observe that
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In summary, we need to assume that R is large enough for every possible
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value of o and t7,¢,, so that we have to make the assumption
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Note that the fractions in this expression are both finite for every possible

choice of a and 7,5, as the maximum number of search steps is the time
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simplify the expression above and our assumption is
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A.2 Proof of the proposition

For simple notation we define ug, := 8g—gyl[ﬂ[u][tln o]- We can solve (UM)

using the first order conditions
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This system of first order conditions cannot be solved explicitly. However,

we can apply the implicit function theorem. We determine the Jacobian

J = Uan Uatrnfo B Uaa Uatrpnfo
= - b
ut[nfoa ut]nfotlnfo ut]nfoa utInfotInfo

which has determinant

matrix

det(J) = UaaUlr,fotinfo — U?Infoa
which is positive from assumption (A2). Thus, the implicit function theo-
rem implies that there exists a solution o and ¢}, fo for our maximization
problem (UM).
In figure 3 we focus on the optimal search steps in the process of informa-
tion acquisition. In this graph marginal cost of another search step is fixed

HAitingo  FBitinfo
R R

+UQB t
“Info | and

at t;, 2. Solving for « in first condition [a = > >
P TAttnto "9 Botnso

plugging in the second leads to the graphical representation of marginal util-
ity with additional search steps. Marginal utility is a decreasing function in
search steps due to the assumption (A.1). However, at each step the values
of BAtrnpor BBt s, BT€ the result of a particular time path of signals up to
t1nfo that fulfills condition (A.1). Thus, with each curve in figure 3 we see an
example for one sequential time path of signals. As the property of U’ > 0
and U"” < 0 is ensured by assumption (A.1), a sequential search would move
ahead until for the first time the equation U’ =t L% holds. With this inter-
section of marginal utilities and costs in figure 3 we illustrate that a solution
exist. However, as there are many of these sequential stochastic time paths,
there is more than one solution. This is indicated by the different marginal

utility curves U’({mi’tlnfo}, {mdB,tznfo}) for d = 1,7, k.
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Figure 3: Marginal utilities U’ for three different paths i, j, k of stochastic
signals, which intersect marginal costs at different times ¢.

A.3 Comparison between sequential search and the general
optimization problem UM

We have already noticed that the start of sequential search depends on the
individual perception for the signals’ precision which can lead to the result
that sequential search is not started, but the optimal number of search steps
from the general optimization problem (UM) is t7, 7o > 0. What else can
be different? After each conducted search step tr,, individuals choose « as
the solution of

OE[ullt,.,,,]
Tlf =M A0 — aRo-zA,tlnfo ~ HBitrnte + (1 — OZ)RO'QB,tInfD =0

which corresponds to the first order condition of the maximization problem
in one variable as well as to one of the first order conditions of the maxi-

mization problem (UM). However, (UM) has a second first order condition
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which is equal to
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If we assume that the next signal is anticipated as the current expected

conditional match value for sequential search this condition becomes
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which means that anticipated marginal utility of a further search step only
depends on the reduction in uncertainty. As long as this reduction is larger
than marginal costs ¢ L% sequential search is continued since this first order
condition does not hold (see figure 3).

Note that the sign of (mx,,;, = lK.;,;,), Which remains included in
the first order condition for optimization problem (UM), can be positive or
negative and the choice of R according our assumption ensures that marginal
utility is positive. This can cause a difference between the optimal number
of search steps from (UM) and sequential search steps in two different ways.
On the one hand, it is possible that the following signal brings this second
first order condition to hold. Then the optimization problem (UM) stops,
but in sequential search one more step is necessary when the anticipated
utility gain is positive. Thus, sequential search stops at the next integer,
which is only a small mistake caused by our assumption if continuity. More
than one additional sequential search step is not possible as sequential search
stops if the utility gain from one conducted search step is not positive and

this is known after acquiring the next piece of information. On the other
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hand, it is possible that optimization requires to continue search whereas
sequential search is already stopping because the anticipated gain in utility is
not positive. In this case the individual does not anticipate an improvement
from the signals received. They cannot know that the following signals
increase expected utility. This can even lead to a difference in more than
one search step compared to optimization (UM). Therefore, the solution
for ¢1,, 7o from sequential search is not necessarily equal to the solution ¢}, fo
from the general optimization problem.

We see that the reason for this difference is that solving the optimiza-
tion problem (UM) requires the knowledge of the signals which implies the
knowledge of the factor (mk,,;, — lK,,,,) for every time tp,,. How-
ever, the order of the received signals until a certain time 7,7, does not
play a role as we can see from the updating formula (1). In contrast, in
sequential search the stopping rule depends on the received signals thus far
which means that the order of the signals and their specific stochastic path
determine the sequential solution.

Furthermore, the difference in time steps can also imply a difference in
the choice of a. Thus, the combination of belief systems that is chosen from
sequential search can differ from the combination resulting from (UM). The
reason is that uncertainty is higher when less search steps are conducted
and utility can be greater with a different combination of belief systems.

In spite of these differences sequential search leads to the same qualitative
result as the general optimization problem: we find an optimal stopping
rule and an expected utility maximizing number of search steps from the
individual’s point of view. The sequential search process is more sensitive

to the stochastic path of the signals.

A.4 Comparison of numerical examples

We take another look at our first example that is illustrated in figure 1. If we
compare the results from sequential search with the overall maximal utility
(which corresponds to the general solution of UM) we find differences only

in case 1(b). In case 1(a) the number of sequential search steps is equal to
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the number of optimal steps from the general optimization problem. This
implies that also the optimal fraction o* is equal. Thus, in this case the
anticipation for the subsequent expected utility is correct. In case 1(b) se-
quential search stops after 2 steps, whereas the optimal number from general
optimization is 4. This means that after the second step the anticipated gain
in utility is not positive, but the specific signals are high enough to increase
expected utility. However, individuals cannot know this. They can only
elaborate if they expect further increase in utility based on what they know
so far. Expected utility after sequential search is 7.70 and expected util-
ity after general optimization is 7.97. Thus, the individual who applies the
sequential search process faces a loss in utility. However, the difference is
small and from the individual’s point of view it is best to stop search early.

In our second example that is shown in figure 2 we see a difference in
case 2(a). In case 2(b) sequential search stops at the overall maximal utility
again. In case 2(a) the number of optimal steps from general optimization
is 2 whereas the sequential number is 3. Thus, the anticipated gain in
utility for a third step is positive which implies that sequential search is
continued. After conducting the third step the individual knows that this
slightly reduces utility from 6.993 to 6.987 and sequential search is stopped
as well. However, the loss in utility is small and a* is equal to the result

from the general optimization UM.
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