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Abstract: The standard expected utility model applied by economists and decision scientists
assumes both that decision makers (DMs) are rational and that their information retrieval
behavior and choices are determined by the observed and potential values of the multiple
characteristics defining the alternatives. In this regard, if DMs can formalize the information
acquisition structures determined by the main postulates of expected utility theory, they
should also be able to perform standard operations regarding the potential combinatorial
outcomes that may be obtained when evaluating the alternatives. We define an information
retrieval scenario where DMs account for the different combinatorial possibilities arising
among the realizations of the characteristics defining the alternatives before evaluating
them. We demonstrate the indifference that arises among risk-neutral DMs endowed with
standard expected utilities within sequential information acquisition environments such as
those defined by online search engines. We also illustrate the reticence of DMs to acquire
information on new alternatives when increasing their aversion to risk or modifying the
relative importance assigned to the different characteristics defining the alternatives. The
main strategic consequences that follow from the enhanced information retrieval scenario
proposed are also analyzed.

Keywords: multi-attribute sequential search; uncertainty; expected utility; indifference;
risk attitude

MSC: 91B06; 91B16; 91B08

1. Introduction and Contribution

The information retrieval behavior of decision makers (DMs) when dealing with the
evaluation of alternatives composed of more than one characteristic is generally formalized
using the expectation operator as the benchmark determining their choices [1,2]. That is,
a DM who considers the effect of future evaluations when defining his current choices
does so using the expected value obtained from a set of potential realizations together
with their associated probabilities [3,4]. The verification of these predefined expectations
conditions the satisfaction derived from the choices made [5]. Similarly, decision trees,
defined to summarize and describe the rational and optimal behavior of DMs facing
sequential information retrieval and evaluation environments, are solved assuming that
DMs consider the expected value arising from any set of potential realizations arising at
each node [6,7].
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The use of expected utility as a reference benchmark extends into uncertain decision
settings formalized across a wide variety of scientific disciplines [8], including the evolution
of strategic international relations [9]. Alternatives to expected utility—such as the regret
and dual processing theory—have been defined in medical environments where DMs are
highly conditioned by subjective judgments and cognitive processes [10]. However, these
variants do not consider the combinatorial interactions across characteristics that could be
assessed by DMs when dealing with the uncertainty inherent to their evaluation processes.

The sequential search process of DMs endowed with well-defined preferences requires
deciding constantly between evaluating an alternative further or discarding it and retriev-
ing information on a new one [11]. DMs tend to seek more variety in their purchases
when assisted by Artificial Intelligence agents, particularly within low-involvement envi-
ronments [12]. In this regard, recommendation agents simplify purchase decisions while
triggering higher uncertainty and lower choice satisfaction, with risk aversion limiting the
impact of both effects [13]. Trustworthiness mitigates the risk perceived by DMs when
using technology to evaluate alternatives [14], while consumer ambivalence increases with
the effort and risks perceived when browsing through an online platform [15]. The infor-
mation retrieval model introduced in the current paper is sufficiently flexible to incorporate
these effects while also illustrating how indifference may arise among DMs endowed with
well-defined strict preferences.

Consider a DM who retrieves information from a set of alternatives defined by two
types of independent characteristics. This scenario is standard within online information
retrieval environments and the current Artificial Intelligence-enhanced recommender sys-
tems [16,17]. Facing uncertainty, the DM assigns a uniform density to their respective
domains and derives an expected value for each characteristic [18,19]. Intuitively, we tend
to assume that the DM observes the second set of characteristics from those alternatives
whose initial realizations are higher than the expected value of the first characteristic [20].
Given the value of the first observation, the realization of the second characteristic elim-
inates any uncertainty from the evaluation of the alternative, allowing the DM to make
a completely informed decision [21,22]. Thus, DMs should indeed be able to evaluate
the whole set of potential combinations that may be defined across characteristics before
selecting the next observation to gather.

The current paper addresses a research question generally omitted among scholars
studying information retrieval processes and rational choice, namely, if DMs are able to
formalize and implement information acquisition and decision frameworks determined
by the main postulates of expected utility, they should also be able to perform standard
operations regarding the potential combinatorial outcomes that may be obtained when
evaluating the alternatives. Enhancing the capacity of DMs to evaluate combinatorial
scenarios that go beyond the automatic implementation of the expected value operator
should have immediate effects on their information retrieval incentives and consequences
when studying sequential and intertemporal decision scenarios.

We analyze the consequences derived from implementing this type of combinatorial
retrieval behavior within a sequential information acquisition environment such as the
one defined by online search engines [23,24]. We demonstrate that risk-neutral DMs
retrieving information from alternatives whose characteristics have identical supports
become indifferent between continuing to evaluate a given alternative or discarding it
for realizations higher than or equal to the certainty equivalent value. That is, our model
illustrates the indifference that arises among risk-neutral DMs endowed with standard
expected utilities when considering the main combinatorial possibilities derived from their
information retrieval decisions.
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We will also use the model to describe numerically the main consequences derived
from modifying the relative importance of the characteristics defining the alternatives
and the risk attitudes of DMs on their information retrieval incentives. The simulations
illustrate the reticence of DMs to acquire information on new alternatives when increasing
their aversion to risk or the relative importance assigned to the first characteristics defining
the alternatives.

The paper proceeds as follows: The next section describes the basic assumptions
required to define the expected search utilities introduced in Section 3. Section 4 analyzes
the resulting information retrieval framework, which is illustrated numerically together
with a variety of alternative scenarios in Section 5. Section 6 concludes and suggests
potential extensions.

2. Basic Notations and Main Assumptions

The evaluation model determining the basic retrieval incentives of DMs is defined
by Di Caprio and Santos Arteaga [25]. We summarize the main notations and basic
assumptions below.

Let 2 be a preference relation defined on the nonempty set X. Let X; and X, represent
the sets of all the potential realizations that may be observed when evaluating the first and
second characteristics of an alternative. We will assume that for every k = 1, 2, there exist
xi, x{c\/{ >0, with x' =+ xf(VI, such that X; = [xf, x{(\ﬂ, where x' and x]I(VI are the minimum
and maximum value of the characteristic X. The preferences of DMs are represented
using an additive utility function u whose components uy : X — #, withk = 1, 2, are
continuous and strictly increasing utility functions on Xy, such that V < x1, 2 >€ X; x Xj,
u(< x1,x2 >) = u(x1) + uz(x2).

DM assign a continuous probability density to each Xy, yy : X — [0, 1], with k =
1, 2, whose support, S(1x), consists of the set {x; € Xy : px(xx) # 0}. The densities p(x),
k =1, 2, describe the subjective beliefs of DMs regarding the probability that a randomly
selected alternative displays a value of x; € X}, as its k-th characteristic. We will assume that
the densities y1 and pp are independent, though conditional relations across characteristics
could be easily introduced in the model.

DMs consider the k-th certainty equivalent defined through i and uy, as the benchmark
determining their information retrieval behavior. In particular, the certainty equivalent
induced by py and uy, denoted by cey, k = 1, 2, is the value in X} providing the DM with
the same utility as the expected one derived from i and uy. That is, for each k = 1, 2,
cey = u; *(Ex), thus, u(cey) = u (u,:l(Ek)> = Ei, where E; corresponds to the expected
value of uy. The continuity and strict increasingness of u; guarantee the existence and
uniqueness of ce, respectively.

We will assume through most of the analysis that DMs are risk-neutral; that is,
they evaluate the realizations of the different characteristics using linear utility functions,
up(xg) = xx, k = 1, 2. This assumption will be relaxed when comparing different eval-
uation scenarios numerically in Section 5, where the information retrieval incentives of
risk-averse DMs will be studied. Following the standard decision-theoretical approach [2],
the attitude of DMs towards risk will be defined in terms of the coefficient of relative
risk aversion

k=1, 2. (1)

3. Expected Search Utilities

DMs evaluate the first characteristic from an alternative and must decide whether to
continue retrieving information from the same alternative or to discard it and start acquiring
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information on a new alternative. We will initially assume that both characteristics are
equally important for the DM. This assumption will be modified to illustrate numerically
the case where the first characteristic is more important than the second one, providing the
DM with a higher expected utility.

The retrieval incentives of DMs are determined by two real-valued expected utility
functions defined on X;. The sum of the expected utilities defined by < uy,; > and
< Uy, pp >, E1 + E, constitutes one of the main benchmark values determining the behavior
of these functions.

After evaluating the first characteristic from an alternative, x;, the DM may continue
evaluating the second characteristic of the alternative, x,. In this case, the gain in expected
utility over the reference expected value E; + E; is determined by the value of x;. That is,
for each x; € Xj, defined by

AT (x1) = {x2 € XoNS(12) : up(x2) > E1 + Ex —uy(x1) } 2)
and
A7 (x1) = {x2 € XoNS(12) 1 uz(x2) < Ey + Ex —uy(x1) } 3)

the set of x values whose combination with those of x; provide the DM with a utility
above or below that of an alternative chosen randomly, respectively.
The resulting continuation function C : X; — R is defined as follows:

C(x1)d;f / 12(x2) (1 (x1) + uz(x2)) dxz + / 12(x2) (E1 + E2) dxa. (4)

A+ (x1) A= (x1)

To provide some intuition, note that the continuation function evaluated at the cer-
tainty equivalent value under risk neutrality equals

e ! Ea
C(Cel) d:f /E }’]2(.%2)(1/[1 (CEl) + uz(xz)) dxy + /xm T]z(Xz)(El + Ez) dxs. (5)

Given the uniform densities defined on both characteristics and the fact that
uq(ce1) = Ej, the previous function simplifies to

Cleey) ™ 71 E d - Ei+E)dx. (6
cep) = , m (E1 4 up(x2)) dxo + oy M (E1 + Ep)dxy.  (6)

The continuation function describes the expected utility received when observing
x; for every value of x;. The decision made by the DM is determined by the relative
values of u1(x1) + up(x2) and Eq + E;. Clearly, if the DM would not consider the potential
interactions between both characteristics when evaluating an alternative, the decision
would be based on the values of 11 (x1) and Ej.

The discard function is determined by the potential improvements that may be ob-
served relative to the partial evaluation of a given alternative xy; that is, this function
defines the expected utility derived from discarding the alternative observed and retrieving
information on a new one while remaining with the uncertainty derived from not observing
the initial alternative fully and obtaining only partial information about the new alternative.

If the DM discards an alternative, he must consider evaluating a new one while
remaining with unresolved uncertainty regarding its second characteristic. We can denote
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by y1 the first characteristic of a new alternative different from the one being evaluated,
and then, for each value x; € X, we can define

Q>+(x1) = {yl e X ﬁS(ﬂl) : ul(yl) > max{ul(yq),El}} (7)

and
@ (x1) = {y1 € Xy NS(ip1)  ur(y1) < max{uy(x1),Er}} (8)

as the sets of ;1 values improving upon or lacking with respect to the maximum between
x1 and the expected utility derived from a random choice, Ej, respectively.
The discard function D : X; — R is defined as follows:

D)™ [ mmGalm) +E)dvi+ [ ) max{un(n), B} + E2)dyr. 9)

@+ (x1) @ (x1)

The function evaluated at the certainty equivalent value equals

def [

1 Ey 1
D(cey) = <Mxm>(“1(3/1)+52)dy1+/m <me>(E1+E2)dy1. (10)
* 1

EA\Y =X -

Whenever both functions cross; that is, if 3x] € X such that C(x]) = D(x]), we
obtain a threshold value that modifies the information acquisition behavior of DMs. That
is, the continuation and discard functions formalize and compare the incentives of DMs to
either continue acquiring information on a partially observed alternative and complete its
evaluation or discard it and partially observe a new alternative. If the functions cross within
the domain of the first characteristic, the retrieval incentives of DMs can shift through the
evaluation process.

The next section studies the existence of x] values and the subsequent partition of X
into intervals determining the retrieval behavior of DMs within a risk-neutral environment.
In particular, we will illustrate the indifference arising whenever the intervals defining the
potential realizations of the characteristics are identical.

4. Thresholds and Indifference

The existence of threshold values determining the information retrieval behavior of
DMs can be guaranteed by imposing standard assumptions [25]. Through this section, we
demonstrate that risk-neutral DMs retrieving information from alternatives whose charac-
teristics have identical supports become indifferent between continuing and discarding for
realizations higher than or equal to the certainty equivalent value.

Proposition 1. Consider evaluation intervals X1 and X, with identical domains, that is, [xT, x{\ﬂ
and [x§, x)] such that x'" = x3* and xM = xM. Assume complete uncertainty about the
realizations of the characteristics, leading DMSs to assign a uniform probability function to each
evaluation interval. If DMs are risk-neutral, defining identical linear utilities on both characteristic

spaces, then C(x1) = D(x1), Vx1 > cey.

Proof. We consider the value of the continuation, C(x1), and discard, D(x1), functions
when x?" = xJ and xM = xM. To simplify the presentation, we eliminate the subscripts
from the corresponding domain values and refer to x™ and x™ through the proof.

cwy= | [le_xm](m+xz)dxz+ / [le_x’n](El—FEz)dxz. (1)

Xp>E1+Ey—xq X <E1+Ey—xq
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D(x1) = / [le_x,n] (y1 + E2)dy1 + / LCMix"J (x1 + E2)dy;. (12)

Yy1>x1 Y1<x1

We solve the corresponding integrals and unify the notation of the discard function

XM _ym

[E1+E27x1fxm} (E1 +E).

M _ym

M)? 2
C(x1) = { 1 } <x1xM + —<x2) — x1(Ey + By — xp) — BitEn) >+ a3

M2 2 _.m
D(x;) = [xMixm] ((xz) 4 aME, - % —x1E2> + [M] (1 4+ E).  (14)

After some basic algebra, we obtain

E Ey — x1 — 2x™
C(xl) IX1XM+(E1+E2—X1)|: 11+ 5 ZX1 il :| (15)
x2
D(xq) = (xM — xm)E2 + ?1 (16)

Given the assumptions regarding identical domains, densities, and utilities, it trivially
follows that E; = E,. Substituting in the above equations and operating, we obtain

C(x1) = 2xxM 4 (2E; — x1)[2E1 — %1 — 2x™] 17)

D(x1) = Z(xM - xm)El + %3 (18)

which, after some algebra, simplifies to
C(x1) = 2E? — Ex™ (19)

D(X]) = xME1 (20)

Clearly, for C(x1) = D(x71), we just require that
2E2 = xME; + E;x™ (21)

Given the fact that E; = XM%XM, we derive the final equality between both functions,
namely, E; (xM + x™) = 2E%, which completes the proof. [J
The following corollary follows immediately from Proposition 1.

Corollary 1. Consider a risk-neutral DM assigning a uniform density function to the domains
defining both characteristics [x', xM| and [x3', x)1]. Assume that these domains are identical, that
is, xI' = x" and xM = xM. The C(x1) and D(xy) functions cross at the point x; = cey.

Within the current setting, the continuation and discard functions do not cross again.
To illustrate this feature, we first prove that C(x]*) < D(x").

Proposition 2. Consider evaluation intervals X and X, with identical domains, that is, [x{”, x{\ﬂ

and [xt, xM| such that xJ' = x3 and xM = xM. Assume complete uncertainty about the
realizations of the characteristics, leading DMSs to assign a uniform probability function to each
evaluation interval. If DMs are risk-neutral, defining identical linear utilities on both characteristic

spaces, then C(x") < D(x}").
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Proof. At x{", the continuation, C(x{"), and discard, D(x{"), functions are equal to

m 1! 1 m cep+cep—xy' 1
C(x') = / P (u1(x7") + uz(x2))dxz + /xm M (E1 + Ep)dxy.
2

Jcep+cep—xi! b b3 Xy — Xy

M 1 ~ceq 1
D(x{”) = /CEl (M) (u1 (Xl) + Ez)dxl + /x"’ (M) (El + Ez)dxl.
1

After solving the corresponding integrals, we obtain

C(x™) = 1 M m (xéw)z AW/ (5314'532_"1”)2
(x]") = prsrl) ) G 05 + 25— — (cey +cep — ¥l — 5 +

cer+cep—xy' —xp'
<xMx1n (E1+ Ep).
2 TN

2
1 M ce? cep — x™
D(x") = ( i > <( 12) —i—x{VIEz — le —C€1E2> + (A}I 1m> (E1 + Ep).

__ am
X — X

Operating after some basic algebra, we obtain

M2 2
X ce1 +cep —x
C(x") = <x§4xT+ ( 22) — (cey + cey — M)t — (cer 22 ) >+(ce2—xg1)(E1+E2).

M2 2
x ce
D(x") = <( 12) +xME, — 71 - ce1E2>.

(22)

(23)

(24)

(25)

(26)

(27)

Comparing both functions, the expected utility from discarding is higher than the one

derived from continuing if

2
D(x") = (x{VIEz - ce1E2> >

m\2
C(x") = <x§AxT — (ceq 4 cep — x")x' — W) + (ce; — x4')(E1 + Ey).

(28)

Given the assumptions regarding identical domains, densities, and utilities, it trivially

follows that cey = E; = E; = cep. Substituting in the above equation and operating,

we obtain

2
*ME, - 5 E1E2> >

my\2
et — (Ey + By — xp)aqy — BBt ) + (B2 — ) (E1 + E)

which leads to 2xME; + 4E1x" > 2xMx" 4+ 3E2 + (xi”)z.

Given the fact that E; = "M;xm , we derive the following expression
2
M m M m M m
x" +x Xy +x X" +x
Zx{W(l 7 1)—1—4(1 5 1)x{”>2x{”x§”+3<1 3 1) + ()2

which simplifies to (xf/l)z + (xT)2 — 2xMx" > 0, trivially implying that (xM — x7)
g

2

(29)

(30)

> 0.

We conclude by illustrating that the slope of the continuation function decreases

through the [x", ce;] interval while that of the discard function remains constant.
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Proposition 3. Consider evaluation intervals Xy and X, with identical domains, that is, [xT, x{\ﬂ

and [xgﬁxéw] such that x' = x and xM = x}1. Assume complete uncertainty about the

realizations of the characteristics, leading DMSs to assign a uniform probability function to each

evaluation interval. If DMs are risk-neutral, defining identical linear utilities on both characteristic
9C(x1) _ 9D(x1)

spaces, then o < Tony Vx1 < ce;.

Proof. Note first that the discard function defines a straight line within the [x}", ce;] interval

! 1 e 1
D :/ Y S Ey)d / ——— | (E1 + Ep)dxq, Yy1 < ceq, 31
(1) Joer <x{4—xT>(u1(xl)+ 2)dx1 + . (xi”—x{”>( 1+ E2)dxy, Vi1 < cey (31)

implying that %ﬂl) =0.
The continuation function decreases whenever x; shifts from ce; towards x7*, where

its slope equals zero. Given the definition of the function Vx; < ce;

c M 1 p ceq+cep—x1 1 e Y -
xX1) = — | (uq1(x1) + up(x X +/ — + X2,
( 1) ./cel+c32—x1 xé”—xé” ( 1( 1) 2( 2)) 2 xg” xé”—xﬁ” ( ! 2) 2 ( )
and applying Leibniz’s rule, we obtain
oC(x1) xM 2] 1 1 iy Ax
o Jeer veer—n oy \ <l — (u1(x1) + uz(x2) )dxz + e (1 (x1) + 12 (2 ))E*
1 d(ceq + cep — x
———— | (uq(x1) + ua(cer + cex — x7)) (cey 2 1>+
xM — dx
i i d 1 1 1 d(cer + ) (33)
ceptcep—x; 9 ceq ce; — X1 .
fxéﬂ o (xQA—xT>(E1 + Ep)dxy + (XQA—XT>(E1 + Ep) i,
1 dxt
—— |(E1 + Ey) =%
(xéw—xéﬂ>( ! 2)dx1
which simplifies to
BC(xl)/xéw U Voot [ ) (wa(cer +cen)) — [ ) (Ey + E») (34)
oxq Jeey+eey—xy \ XM — xlt 2 XM — X 2 2 M — X e
and
M
oC(x7) _ (% —(c;}—i-cez—xl) >0 (35)
ax1 x2 —xé”
The above equation is trivially satisfied for x; = cej. The x; < ce; case only requires
M . . . M Mottt
X"+ X — (ceq + cez) > 0, which follows immediately from '+ - 5= >0,

since this inequality simplifies to x; — x{" > 0 given the assumptions of the model. []

Together with Corollary 1, C(ce;) = D(cep), and Proposition 2, C(x}") < D(x{"),
Proposition 3 implies that C(x1) and D(x7) do not cross for values of x; < cej, with
the discard function remaining above the continuation one throughout the
corresponding interval.

5. Discussion

The formal environment analyzed applies to most online decision settings where the
main characteristics defining the alternatives are evaluated within a common structured
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numerical framework [26]. Thus, risk-neutral DMs browsing through online evaluation and
selection environments may become indifferent between the discard and continue options,
implying that DMs may discard alternatives with high values of their first characteristic
that should otherwise be accepted. Figure 1 illustrates this feature numerically within the
u(xy) = xx, S(yx) = [0,10], k = 1, 2, retrieval framework. Indifference and a potentially
suboptimal behavior can be the results derived from optimizing the information retrieval
process of a rational DM whose expected utilities satisfy the standard postulates commonly
assumed among decision theorists.

15 . . . ; ; . . .
145 1

14+ 1
| |

Expected Utility
o
(4]

-

m"r

105

10 1 I I 1

N o ) o o e

X

Figure 1. Continuation and discard functions: u(x;) = x¢, k = 1, 2, on the domain [0, 10].

Figure 2 illustrates how the introduction of risk aversion modifies the shape of the
continuation and discard functions, leading to a retrieval behavior similar to the one that
should be observed in a standard expected utility setting where the certainty equivalent
defines the main threshold value [27]. That is, higher values of Ri(xy), k =1, 2, increase
the incentives of DMs to continue acquiring information on the alternative being evaluated.

52

Continue 1

o
©
T

Discard

Expected Utility

>

(]
i T
=

4.4+

Figure 2. Continuation and discard functions: u(x) = Xk, k=1, 2, on the domain [0, 10].
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At the same time, the combination of risk aversion with the stochastic dominance
of the first alternative—relative to the second—shifts the threshold below the certainty
equivalent value. As illustrated in Figures 3 and 4, these features would lead DMs to
continue acquiring information on the initial product for increasingly lower values of the
first characteristic. In this case, eliminating indifference from the retrieval behavior of
DMs may lead to regret if they must purchase the product to observe the set of secondary
experience characteristics [28,29].

145+

Continue 1

135+

Expected Utility

Discard

125+

12 =

-
w
T

i | I U M M S ————

Figure 3. Continuation and discard functions: u(x;) = x¢, k = 1, 2, with S(1) = [2,10] and
S(112) = [0,10].

54 T T

531

Continue

52r

51F

()]
T

_.[;
[{e]
T

Expected Utility

Discard

B
o]
T

45 1 I L 1
2 3 4 5 6 7 8 9 10
X

]
Figure 4. Continuation and discard functions: u(x;) = /X, k = 1, 2, with S(i11) = [2,10] and
S(112) = [0,10].

An immediate strategic quality can be derived from the simulations presented in
these figures. An increment in the aversion to risk of DMs when evaluating alternatives
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References

whose first characteristics are relatively more important than the second ones increases
their incentives to focus on the initial alternatives being evaluated. Thus, fostering any of
these qualities may induce DMs to limit their information acquisition incentives to a subset
of alternatives strategically displayed in the initial positions of their evaluation processes.

6. Conclusions

The standard expected utility approach, commonly used in economics and decision
sciences, assumes both that DMs are rational and that their decisions are determined by
current and future events, the latter being assimilated through the expected values of the
different potential realizations. Our model has demonstrated the indifference that may arise
among risk-neutral DMs endowed with standard expected utilities when considering the
main combinatorial possibilities derived from their information retrieval decisions. We have
also illustrated numerically the aversion to search that may be induced when increasing
the aversion to risk of DMs and the relative importance assigned to the first characteristics
defining the alternatives. The malleability of the retrieval framework presented allows us
to consider a variety of potential extensions. For instance, we have ignored both cognitive
biases [30,31] and the memory capacity of DMs and their ability to modify their reference
benchmark whenever the characteristics observed are located above the corresponding
certainty equivalent values [32,33].

Further extensions could aim at increasing the complexity of the sequential informa-
tion retrieval structure by introducing a third set of characteristics and operating within
the subsequent three-dimensional environment [34]. While plausible from a theoretical
viewpoint, the complexity of the resulting information retrieval and evaluation processes
would require DMs to be endowed with a substantial computational capacity [35]. In this
regard, Cheek and Goebel [36] illustrated that DMs who aim at maximizing their utilities
tend to experience decision difficulty, displaying a negative relation between their search
for alternatives and decisiveness. At the same time, signals and learning processes could
be introduced to formalize strategic environments that account for a variety of interactions
taking place among multiple DMs and information senders [37].
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