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Financial Advisors and Their Clients: Informatioeasch and Portfolio Choice Among Bank

Customers

Abstract: Bank customers are not financial experts, andhgt make high-stakes decisions
that can substantively affect personal wealth. Téises questions about how non-experts
actually make financial decisions. How do investegarch for information? How does the
information they look up map into decisions? Usilaga collected from financial advisors
and bank customers at several branches of annltaigual bank, this paper aims to reveal
new insights about the decision processes of aganagstors: their investment goals, the
information sets they consider, and the factorsutianately influence decisions about
investment products. We designed four portfolioichdasks based on data collected directly
from financial advisors and their clients. Ourjsagbs were actual bank customers with
investment accounts at those banks containing 8@&0Q6 or more. Most subjects used a
limited set of information, ignoring factors thatrventional economic models usually
assume drive investor behavior. We suggest thaiconmpensatory decision-tree models,
which make no trade-offs among investment featlregonsidered as parsimonious

descriptions of investor behavior useful in manmkgtapplications and policy contexts alike.



Financial Advisors and Their Clients: Informatioeasch and Portfolio Choice Among Bank

Customers

1 Introduction

Given rapid innovation in financial markets andrdnally constant flow of new
investment possibilities, investors’ choice setd #re information upon which investors
condition future expectations (at least accordmgtandard portfolio choice models) are far
from static. As exciting and useful as this innomais, however, the rapidly changing
investment environment hardly seems to match tredl smorlds inhabited by agents found in
standard portfolio choice models upon which theratelming majority of investment
advice and financial literacy campaigns are deriviedr example, Nobel Laureate Harry
Markowitz , inventor of modern portfolio theory frowhich CAPM is derived, does not
follow the prescriptions of his own widely applietbdel of portfolio choice when investing
his retirement funds (Gigerenzer, 2068The reason is that, although standard models of
portfolio choice theory delivaa priori perfection via expected utility maximization in the
respective small worlds, they require enormous arsoof information and assume the world
never changes. If one were to choose portfoligtitsiaccording to the prescriptions of
Markowitz's model or CAPM, one would have to proggest as the omniscient agents in
those models do—exhaustive search through theeamtiverse of risky returns to consider

expected values and covariances of each finarextalrgy, which are all assumed to be

! Markowitz describes his investment behavior asfoitwing the prescriptions of his model (Gigerenz
2008). Instead, Markowitz relies on a simple 1rdV\éeuristic, sometimes referred to as naive difieation,
that divides investable funds evenly over all fwategories offered in his retirement plan. ThevdrdN
heuristic performs surprisingly well by many risgklirn metrics, resulting in statistical propertiest are in
many cases superior to those achieved by stanuhanmcE models derived from expected utility maximtian
(De Miguel et al., 2009). As financial informatiproliferates and the real-world complexity of cteic
increases, there is little or no evidence (thabveeaware of) demonstrating gains in financiatdity. See, for
example, Lusardi and Mitchell (2006) documentingyMew rates of financial literacy in the U.S. aoding to
standard definitions of that concept.



unchanging and instantaneously known parametdtsedaftochastic but nevertheless static
returns-generating process. Investors may indeesiriart not to apply prescriptions from
this small world to real-world environments chaeaizted by profound uncertainty—where
last period’s correlation matrix (of risky returasd everything else one might think is
relevant) is quite possibly irrelevant for todayisestment environment. Financial advice
derived from models in which the statistical disttion of risky returns is static, the list of
investments is exhaustively known, and all meamiscanrelations are known, brings to mind
statistician John Tukey's (1962) concept of a t@perror, which is the right answer (in a
small world made atrtificially precise) to the wroggestion.

This study seeks to describe in greater detaitidoesion-making processes of bank
consumers who make portfolio choice decisionsmom@small world, in consultation with
financial advisors employed by banks. Qualitainel quantitative data were collected using
in-depth interviews with both financial advisorgaheir clients concerning the typical range
of investment alternatives presented to consunvesiors. Interviews and survey data also
provided quantitative descriptions of the typicaiber of items in investors’ consideration
sets and the investment features (i.e., informatioat investors typically ask for and are
supplied with by investment advisors. We useddlstglized facts based on interview and
survey data to construct a laboratory-type expartruensisting of four portfolio choice tasks
designed to match the investment environment tttabhbank customers face.

Thanks to an unusually cooperative experimentahpara chain of regional banks in
Italy in the suburbs of Trento, we were able todiart these investment task experiments
using random samples of actual bank customers @amdLict them on-site inside the banks at
which these same customers have investment accodfgghink this provides an unusually
high degree of match between the subject populatmhlaboratory environment, on the one

hand, and the real-world investment behavior ahpry scientific interest on the other.
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There are five primary components of our investigathat represent the main
guestions we seek to address. What informatiocodamon investors want when making
high stakes investment decisions? Given a lagdd &@f information about different
investment alternatives and their features, howatomon investors search for information?
Even when the size of the choice set is modestweadescribe patterns of information
search and information usage to reveal how consuigieninate investments from
consideration? Is there confirmatory evidenceadfvgse comparison of common
investment features consistent with the widespesstimption that consumers rank items in
their choice sets by product features? If not,warspecify a descriptive model informed by
empirical data that better reveals patterns ofrmédion search and the decision processes
actually used by investors?

Yee, Dahan, Hauser and Orlin (2007) show thatwmes choice is sometimes better
described and predicted by lexicographic, or nomypensatory, decision tree models rather
than linear models (conjoint analysis) which aemdard in marketing research and
economics. We use this insight as motivationttadn-compensatory decision trees and
heuristic tallying rules to portfolio choice dat@mparing predictive accuracy with larger
linear models that simultaneously apply weightaltanvestment features to predict investor
behavior” We also borrow the technique of process tradgiomfpsychology to filter the data

in greater detail in hopes of revealing more albougstors’ decision process.

2 Linear models of investor behavior, such as thiesesed from expected utility maximization with a&an-
variance expected utility function, assume thafesdtures of each investment alternative are wedyjand
summed (and possibly transformed by a monotonictfon). In contrast, non-compensatory models have a
fixed hierarchy of investment features. One inwvesit feature (e.g., high risk) is enough to enticéscard
investments from the investor’s consideration wéhout the possibility of compensation (e.g., si@mn models
typically assume that, no matter how high the riklg negative can be compensated with sufficicatiye
positives such as high expected return). Just as ¥ahan, Hauser and Olin (2007) found that conssican
effectively manage large choice sets by quicklyréting the items in consideration using a singledurct
feature, we consider models which allow data t@a¢this kind of fast reduction of choice sets by
lexicographically ruling out investments based ae andesirable feature.
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One motivation for the approach taken in this stisdfat improved veridical
descriptions of decision-making process which ggohd the as-if methodological goal of
predicting decisiomutcomes would be a substantive advance for descriptivescorer
science. Perhaps just as compelling, especialigli of the institutional failures
surrounding recent financial market crises whosesequences continue to play out as we
write, these descriptions of decision-making prec@suld facilitate the design of improved
institutions that are better matched to the destsnaking processes commonly found among
bank consumers. Because firms may have incertiveer smaller ranges of choices to
retail (versus online) customers (Lynch and Aril2§00), this study’s rich data, drawing on
retail branch bank customer decisions and inforonatbllected from those bank employees
who dispense investment advice, provides a uniggwe mto retail banking as experienced
by consumers.

We would contend that mistaken models of the iraréstmind underlie a wide
variety of real-world problems, from faulty risk ah&s used by ratings agencies on mortgage
backed securities to misguided marketing campatggusfail to successfully launch new
investment products to consumers. Being well mia about decision process—not merely
decision outcomes—matters greatly. We try to destrate a technique, implemented in the
case study presented here of Italian bank custofwéis are typical in that they possess no
expert credentials or specialized academic traimrfgnance), to reveal how average
investors search for information and map that imfation into portfolio decisions.

A growing literature in economics and psychologgwh that decision makers often
do not incorporate all available information inkeir decisions, even when information is
statistically valid, non-redundant (i.e., non-aodlar with other predictors), and costless to
acquire (Balzer, Doherty, & O'Connor, 1989; ChewniHarrell, 1990; Lee & Lee, 2004;

Berg & Hoffrage, 2008). Loewenstein (2006) illadas the more general point about
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mismatch between models and underlying behavioaagsses that, paradoxically, can get
worse when modelers try to introduce new aspecatsadism to their models. He writes
(Loewenstein, 2006, p. 705) about the particulaeaa Stigler introducing information costs
to an otherwise neoclassical model of choice inctvimformation typically comes for free:
“the new assumptions are as patently unrealisttb@sriginal assumption... .”

If information search is limited rather than exhawes how are pieces of information
that are considered mapped into actual decisiomg@&hzer, Todd and the ABC Group
(1999) put forward a positive theory regarding demgnd information-frugal decision rules
that have attractive properties (e.g., accuragyéaliction tasks, as in Gigerenzer &
Brighton, 2009; Martignon & Laskey, 1999, and Gayezer & Goldstein, 1996) and solid
empirical support based on lab experiments.

Fast-and-frugal heuristics can make accurate predgin a variety of domains
(Gigerenzer, Todd and the ABC Group, 1999). Infees from information-frugal models
classify and infer with only limited knowledge acdmputational effort, using a strict subset
of the available information. Some of the heurstie consider, as in Yee, Dahan, Hauser
and Olin (2007), make no trade-offs between investnfeatures. Instead, they process
sequentially and lexicographically, one investnfeature at a time. Under certain
circumstances, such heuristics can be as accuwat®dels based on standard definitions of
“rational choice” in economics (e.g., weighted Anenodels and Bayesian approaches that
take all features and their entire correlationdtrte into account, assuming that decision
makers somehow have access to all the relevannetees—see Martignon & Laskey, 1999,
and Gigerenzer, Todd and the ABC Group, 1999).

The paper proceeds as follows. Section 2 descifiieesxperimental design, the
sample from which the data are collected, and dat&the four experimental tasks tailored

to match Italian bank customers’ investment envitent. Section 3 presents the empirical
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results, describing a number of patterns in subjeearch for information and fitted
prediction models for consumers’ ranking of invesiits and portfolio choice. Section 3 fits
Markov transition matrices for information searsfgponse-time data, process tracing, non-
compensatory heuristic models of investment ch@nod,standard linear models that attempt
prediction of consumer’s choice of investment padwactually offered to them by banks.

Finally, Section 4 concludes with a discussion immekpretation of the empirical results.

2. Method

The research project has been developed in twaeph¥ge first collected interviews
from 20 professional financial advisors and themfi80 bank customers of an Italian mutual
bank. The interviews focused on interactions betwastvisors and their clients with active
investment accounts. An important focus was thiestors’ experiences communicating with
advisors about risk, and the information they vdl(@ not) when allocating investment
funds to different investment products. Fifteestomers from the sample were also invited
to participate in four investment choice tasks. &ialyze this experimental data at the
aggregate level and then go on to investigate mashibject treatment effects across the four
investment tasks, which systematically introduceeonove one real-world aspect of advisor-

client communication with each treatment/task.

21  Thelnstruments

We designed four hypothetical investment taskse&pkirack of financial consumers’
information search and actual decision making enfibld. These financial consumers who
are our subjects were not incentivized by receivewards from completing the task. We

discuss the rationale for this approach below amdeasons for thinking that this design



provides useful insights about inter-subject valitgtin terms of information use in
investment decision-making.

Fifteen subjects participated in a sequence of éaperimental computer-interactive
tasks, implemented using an original computer fater. To make the tasks as close to real
investment environment as possible, the informadietp of the investment tasks relied
partially on the investment features mentionedibarfcial advisors in surveys and interviews
we conducted as features that they commonly présehé customers they advise. We used
information collected from the financial advisooscalibrate investment features presented in
the experiments (e.g., typical values of expeotddrn and risk, quantified as standard
deviation of annual return) that realistically ntatbe features of investment options

commonly presented to customers.

2.2  Experimental Design

We investigated subjects’ decision strategies alegrto three main characteristics:
(i) the amount of information subjects use when imgkinancial decisions, (ii) the type of
information (features or cues) they consider bebb@osing their investments, and (iii) the

decision process they follow when searching foorimiation.

2.2.1 Subjects

Subjects were customers of an Italian mutual bAnkutual bank is a nonprofit
financial institution whose aim is to support tle®eomic well-being of the people living in a
specific region. We selected this type of bank heeats financial advisors do not earn
commissions and face little or no pressure toiseistment products. Therefore, it is
commonly thought that their incentives are mucheraosely aligned with investors’

interests than is common in other institutionahagements. Therefore, the mutual bank
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offers what is perhaps the most conducive envirarirare might hope for in terms of clear
and effective communication between financial aokgsand their clients. This environment,
we hope, provides a best-case scenario for leaabogt the information consumers want
and use, and which elements of financial commuigicatvork and do not work from the
consumer perspective, without the confounding erilce of possibly adversarial incentives.
Subjects were randomly selected from the bank daglwhich contains all active
customers. When randomly drawing customer/subjacsmposed a minimum deposit
threshold of 40,000 Euros to help ensure that tnvest decisions we observed were
relatively high stakes and not merely peanuts.réfoee, the sample was drawn randomly
among the database of bank customers with 40,008sEwm more. We refer to “subjects”

and “bank customers” interchangeably.

2.2.2 Overview of Experiment and Four Investment Tasks

Computer-administered investment tasks were caotigat different bank branches
in and around Trento, Italy. An experimenter reaalihstructions to each participant out
loud. Each session was run with a single bank custo The average session lasted 60
minutes for the experimental tasks and 15 minudes post-experiment interview. Investors
were not remunerated. They voluntarily participatethe experiments. Most subjects
showed great enthusiasm and gave statements indithat they viewed their participation
as a contribution improving the quality of servateheir mutual bank.

Investment tasks were conducted on a touch-scrasedinterface programmed in

Java. We designed this computer interface speltyfitafacilitate interaction of a wide range
of consumers with different demographic charadiess In particular, we wanted an
experimental interface with large, easy-to-readngcthat would work well for older

investors. Each subject was placed in front eftduch-screen and trained extensively in a
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one-on-one teaching format on how to operate thepoter and the details of all tasks. All
experimental decisions were recorded automatitgllg PC running a Java Virtual Machine,
and interviews were recorded as digital audio fileg were later transcribed.

Each experiment was composed of four differentdakTask 1, subjects were
asked to choose between two investments basedpaattex returns, standard deviations of
returns, investment time horizons, and manageneest in Task 2, the number of
investments was expanded to six, and we obseneihfibrmation subjects chose to look up,
their sequence of information search, and theirtnppaeferred investment portfolio. In Task 3,
instead of choosing from a stated menu of investrolenices, subjects were asked to design
their preferred investment portfolio based on inwvest labels indicating general categories
of asset classes (e.g., equity, treasury billgrdiked income, real estate). Labels such as
“treasury bills” are typically used by investmeniaors as benchmarks when discussing
risk, serving as the closest real-world analodneortsk-free returns that appear in many
theoretical models of portfolio choice such as CAPWe used these labels to better
understand their effects, given that they are comynased by investment advisors in
consultations with bank customers. In Task 4, iididials were asked to repeat the asset
allocation decision from Task 3, this time usindyandividual investment features but no
labels for asset categories. This design allowsvitrin-person analysis of the effect of
labels on portfolio choice. In all experiments, raadomized the order in which investment
features were presented. The goal was to notenfle information search by presenting

information in a fixed order.

2.2.3 Task 1: Binary Investment Choice
When asked to choose between two investments,dshyere invited to search for

information presented in a 2x6 matrix. Each oftthie rows represented one of the two
10



investment alternatives. Each of the six colunorganed information about one of the
following investment features—risk, time horizonamagement cost, liquidity, a binary
indicator showing whether a capital loss is pogsdrinot, and expected return (labeled
“coupon” in the heading of the final column of Figul). The investment features, about
which each column provided information, were labelaut the information in those
information matrix cells was hidden, allowing usteasure which information cells were
“looked up” by subjects and in which ordeFhere are no monetary costs of information.
The experimental design does, however, imposeiadinsix as the maximum number of
investment features that can be looked up (ouRdhéat could be looked up in the absence of
any limit) to generate meaningful opportunity castsociated with each investment feature
that is looked uf.Risk was presented and implicitly considered aspttobability of a capital
loss.

Each task began by presenting a black matrix osd¢heen, initially hiding all
information about investment features. Each subjest asked to explore those features that
they considered helpful for identifying their prefl investment. Figure 1 shows a typical
screen for Task 1 after six pieces of informatibowt four investment features have been

looked up. A decision is about to be made.

% These terms are translations of the Italian tarsesi by the banks’ financial advisors. Their insfsien
would likely make any student of financial econosridush or, better still, demand more specificéyhat, for
example, does “risk” mean? Nevertheless, our gaalto calibrate all experimental details to thiialc
investment environment faced by the consumers wheed as subjects. Thus, the terms are regrettalgiye:
rischio, durata, costo, liquidabilita, perdita in conto capitale andinteressi.
* The maximum number of investment features thatoealwoked up of six actually comes from informatio
collected from investment advisors. They toldhat,tdue to time constraints and limitations oftoosers’
understanding of and capacity to absorb investinémtmation, they commonly consider the upper litoibe
six pieces of information.

11



E;:}eand Risk Time Liquidity ini Cost Before

Horizon Redemption
o ------
e i ----

Explore the table and choose the investment you prefer.
In the first phase you can select max 6 informations.
In the second phase there are no restrictions.

{Caption > Figure 1: Task 1, Choosing Between Two Investnjents

2.2.4 Task 2: Extended Information Search

Task 2 forces the same subjects to confront arstiment environment with a larger
choice set and considerably more information tbata:be looked up. The investor’s choice
set now contains six alternatives. These wereashbased on different data collected about
representative menus facing bank customers atahleshwve studied. All six investment
alternatives are those that are typically availableanks: bank accounts, bonds issued by the
mutual bank, bonds issued by the government t{he.ltalian equivalent of US treasury
bills), bonds issued by insurance companies, bathnatual funds (with a roughly 50-50
portfolio in corporate bonds and blue chip stockiges) and stocks (a value-weighted index
of Italy’s largest 40 publically traded companiesding in markets with euro dominated
shares).

Figure 2 depicts this larger information field, s@ting of six investment alternatives.
Figure 2 also shows seven columns presenting feapecific information. The newly

12



added seventh investment feature is the “minimumired” feature, a binary indicator
showing investments that require a minimum caskstment. The order in which
investment features was presented to subjectsama®mized in each trial. Therefore, the
columns of Figure 1 were different for each tasé each subject.

The screenshot in Figure 2 shows a subject whalneady looked up 15 out of the
total of 42 pieces of information. Subjects wasked to look up only the information they
considered necessary for choosing their most pegfenvestment portfolio. Once again, the
task began by presenting an information matrix Imclv all investment features were initially
blacked out. No restrictions on the number of itwvent features that could be looked up
were imposed.

Customers performed one information search pdr Ealowing each information
search, subjects were asked to write down a gabrtfiolio weights on the six investment
categories (summing to 1) representing their mosfepred investment portfolio.

Exit and

Time Cost Liquidity Minimum Cost Before Coupon

Horizon Amount Redemption

o - -
low

Mutual Bank
Bounds

low yes yes

Governmet

Bonds

medium low

low
Insurance
with Guaranteed .
Capital medium
Balanced
Mutual Funds medium

{Caption > Figure 2: Task 2, Extended Information Search}

yes yes




225 Task 3: Portfolio Choice with Asset Class L abels

Unlike Tasks 1 and 2, subjects in Task 3 were pl@yiwith the full information
matrix revealing all investment features from tlegibning. Their task was to choose an
investment portfolio by writing down portfolio weits (i.e., a list of six numbers summing to
100 that represent the percentages of the invesiaalth allocated to the six investment
categories in the rows of Figure 2). Financial adks told us that none of their customers
considered or invested in portfolios that take spositions. Therefore, the experimental
user interface did not allow negative portfolio gles.

Figure 3 illustrates the screen that elicits suisjgmortfolio weights. The first column
contains the name (i.e., label) of each investm&he white boxes show the investment
features. The last column contains the investaogtfolio weights (sometimes referred to as
allocation decisions). Buttons on the boxes wiselgects entered portfolio weights adjusted
in 5 percentage-point incremeni$ie heading of the last column dynamically displdnes
percentages of investor wealth allocated to eaeh wich corresponds to an investment or
investment class serving as one element in thestavs portfolio. The screen shot shown in
Figure 3 depicts an investor’s portfolio choicemid process. Only 70% of the investor’s
wealth has been allocated so far. The investor tbatinues adjusting the portfolio weights

until a full 200% has been allocated across themws show in the final column.
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R L Liquidity Coupon Cost Before Time Cost Split the
Save Redemption Horizon Pie
70100

Insurance
with Guaranteed _— . R
Capital difficult no yes low medium high 5%
Mutual Bank
Bounds

easy yes yes low short low 10%
Bank Account

easy yes no low short low 15%
Governmet
Bonds .

easy yes yes low medium low 20%
Balanced
Mutual Funds . .

easy no no medium long medium 20%
“ - " " high Iong medum

{Caption> Figure 3: Task 3, Investment Portfolio Selection}

2.2.6 Task 4, Zero Information Portfolio Choice

Task 4 was identical to Task 3 except for the idumn. The first column displayed asset
class labels in Task 3. In Task 4, those lab&datden, as shown in Figure 4. No other
changes were introduced apart from a random rdshnftolumns to re-order investment
features. Investors were asked to state theismgcprocesses aloud while the experimenter
kept a written protocol; we digitally recorded thescriptions subjects reported while

performing the tasks and then summarized themsimtomary schemes.
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N Cost Cost Before Liquidity Time Coupon Split the
Save Redemption Horizon Pie
50100

medium medium no easy long no
low low yes easy medium yes
medium high no easy long no
low low no easy short yes
low low yes easy short yes
high low yes difficult medium no

{Caption> Figure 4: Task 4, “Blind” Portfolio Choice}

3. Results
The results are presented in two sections, oneetoimg the descriptive analysis of
subjects’ information search behavior and the otle@cerning the modeling of decision

strategies.

3.1 Information Search

In examining the approach followed by customersaarching for financial
information, we started by considering how mucloinfation an investor needed in order to
arrive at an investment decision. We investigatedinformation search processes occurring
both in Task 1 (pair-wise investments comparisam) ia Task 2 (extended information
search with an expanded choice set and list ofsimvent features). In Task 1, 86% of
customers looked at all six pieces of informationTask 2, customers considered, on
average, less than half of the available infornma(tb%o), revealing a preference for partial

rather than full information to act upon.
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3.1.1 Quantity of Lookupsand Typesof I nformation Searched

Table 1 shows the look-up rate per search for eadstment feature. It shows the
percentage of all searches, each consisting atsmieof six pieces of information about two
investments that could have been looked up, in hvaiteature was looked up at least once.
A subject could look up all six features for oneastment and no features for the other. Or a
subject could look up three features for both itmesits. Thus, the sum of all look-up
percentages in Table 1, must fall in the range0&ft® 600, representing the fewest versus
maximum variety of feature look-ups that was pdssibThe realized sum was 318, which
indicates that most subjects expended their infaomdudget of six look-ups by looking up
three features for both investments rather than fote or six look-ups of features for just
one of the pair of investments.

As shown in Table 1, the three main investmenuteastthat investors focused on
were risk, time horizon and management costs. eéstgdjdemand for information about the
risk feature dominated all other investment featlmng a sizable margin. In 65 trials, subjects
looked up information about risk on more than 75%earches, whereas the lookup rate for

all other investment features was less than 50%.
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Look-up
Feature

Rate
Risk 76.2
Time horizon 48.8
Costs 47.6
Liquidity 41.7
Coupon 39.3
Minimum Amount 38.1
Cost Before Redemption  26.2
Mean 45.4
Standard deviation 155

{Caption> Table 1: Rates of Look-up Among All Search Tridlg,Investment Feature}

3.1.2 Temporal Analysisof Information Search

In Task 1, subjects sequentially searched for attfalifferent pieces of information
dealing with the investment features in 65 trialaible 2 presents the empirical distribution
of information look-ups at each of the six searteps, denoted t.., t. This sequential
analysis yields results consistent with Table llevproviding more details about the

sequence of search. Risk, time horizon and managiecosts tend to be looked up the

earliest.

Feature Time .t t, t3 14 ts ts

Risk 89.2 415 1.5 24.6 3.1 3.1
Time horizon 6.2 40.0 26.2 12.3 6.2 6.2
Cost 0.0 4.6 35.4 13.8 231 20.0
Liquidity 0.0 6.2 12.3 29.2 215 16.9
Cost Before Redemption 1.5 3.1 7.7 10.8 323 16.9
Coupon 31 4.6 16.9 9.2 10.8 30.8

18



{Caption> Table 2: Percentage of Total Look-Ups Allocate®/&mious Investment Features
in Task 1}

Table 2 reveals that at the first opportunity todaip an investment featung)( risk
was looked up in 89.2% of all trials. At risk was looked up in 41.5% of all cases, anctim
horizon 40%. At;, cost was looked up in 35.4% of all cases and hiorezon 26.2%.

These per-period empirical distributions of infotioa search reveal that, @andt,,
risk and time horizon are the most frequently labkp investment features. Fraponwards,
the empirical distribution of look-ups is more eledistributed over features. It is especially
interesting that expected return (i.e., couporf)aathan appearing as the highest priority
investment feature, is the most frequently lookpdeature only in the very last time period.
During the first three time periods, the averadgext takes the following search path: risk,
time horizon, and then cost.

Table 3 presents an estimated Markov transitiomimedmprised of the empirical
probabilities of moving from one investment featto@nother in the six-step information
search process. At the beginning (start positithe) feature most likely to be looked up first
is risk (89% of all first lookups). The feature mégquently looked up following risk is
either time horizon (35% of look-ups following r)sbr risk once again (23% of look-ups
following risk). The most frequent look-up afteplang up time horizon is either cost (46%

of look-ups after looking up time horizon) or tirherizon (16%).

Transition Probabilities

From Feature to FeatureStart Risk  Time Cost Liquidity —Cost Before Coupon End
horizon Redemption

Start 0 89 6 0 0 2 3 0

Risk 0 23 35 11 14 4 11 2

Time horizon 0 14 16 46 6 10 2 6
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Cost 0 5 5 14 33 11 10 22
Liquidity 0 5 7 7 11 32 16 21
Redeem Early Penalty 0 6 6 11 4 17 30 26
Coupon 0 12 4 8 16 6 10 43
End 0 0 0 0 0 0 0 0

{Caption> Table 3: Transition Probabilities Between Investhiéeatures in Individual

Information Search in Task 1}

3.1.3 Process Tracing of Information Search

Following the approach to describing patterns forimation search proposed by
Payne, Bettman, and Johnson (2004), we lookedatypes of search paths: feature-wise
and investment-wise. A feature-wise path correspdadn investor focusing on just one
feature and looking up that same feature acrosstments. An investment-wise path
corresponds to an investor looking up featuresrgghy to just one investment at a time.

Data collected in Task 2 show that 8 out of thdddk customers (57%) adopted an
investment-wise approach calculated according ym&a measure. Subjects tended to focus
their attention on information pertaining to a sengpvestment at a time. The simultaneous
protocol analysis revealed that most customersrbsgarching for information about the
investments they already owned in real life (eggyernment bonds [treasury bills] for
subject 9, mutual bank bonds for subject 7, efhég other customers searched the available
information by adopting mixed strategies; someheftt exhaustively searched for
information dealing with risk by adopting a cue-&vepproach, while others gathered

information across all investments without revegknpredominant approach.

3.1.4 Overlapping Information Index and Order Preservation Index
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We investigated subjects’ information search tonsnghe following questions: Did
customers look at identical information for botkestments? Did they search for investment
features by following a stable ordering of investinfeatures?

We adopted a within-subject approach by introduting indices characterizing
customers’ information search. We noticed thatunexperiments, customers did not
necessarily collect overlapping information on eliéint investments before making choices.
In other words, when considering investments A Brfdiask 2), customers did not check the
same features for A and B respectively before admgoSuch measures of systematic search,
as the two indices we introduced, are not commuoréntioned in the experimental
psychology literature, although they are certamelgvant for describing information usage
and decision processes which provide an indicaifamhether neoclassical or heuristic
models better describe how customers choose ineassm

The two specific measures used here are: The (nig Information Index (Oll)
and the Order Preservation Index (OPI). We defthedOll as the percentage of identical
features looked up for both investments acrosousts. OPI indicates the percentage of
overlapping features searched in identical ordet.us look at two examples. Suppose that a
subject explores features of different investmgmionms in the following order: risk,
liquidity, then cost, for investment 1, and coskthen liquidity, for investment 2. As an
alternative example, another subject might searc¢he following order: risk, cost, and
liquidity for investment 1, and risk, liquidity, drcost, for investment 2. In both examples the
Oll'is 100%, since three out of the three featareslooked up for both investments, and for
both examples the OPI is 66.6%, because two oilteathree overlapping features are looked
up in the same order.

Following from above, we classified customers adicgy to Oll. We chose a

threshold of 50% to split the sample into low- &mgh-Oll groups:
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* High Overlapping Information Index Group (HOI); tomers show an Oll greater or
equal to 50%;
* Low Overlapping Information Index Group (LOI); casters show an OIll lower than
50%.
OPI and Oll are highly correlated, which means thetomers belonging to the HOI group
preserve their search order across different searahd focus their attention on a smaller set
of financial features. This fact suggests thatsihlection of the considered information set is
strongly linked to individual search processes il the investment representation space
and, thus, with the decision mechanism. From Tdplee deduce that a part of our sample
looked for coincident information for both investmi® and followed the same sequential

order across cues.

Group Subject Id. Overlapping | Mean Number of | Order Preservation
Information Cue Look-ups Index (in %)
Index (in %)

HOI 2 100 3 100

HOI 7 100 3 100

HOI 3 91.6 3.2 91.6

HOI 8 75. 3.7 75

HOI 1 73.3 3.8 66.6

HOI 5 58.3 4.2 50

HOI 10 50. 4.2 41.6

HOI 15 50. 4.5 50

LOI 13 46.6 4.6 40

LOI 9 41.6 4.7 41.6
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LOI 6 33.3 5.0 6.6
LOI 14 33.3 5.0 26.6
LOI 12 20. 5.4 13.3
LOI 11 13.3 4.8 6.6
LOI 4 8.3 5.7 0
HOI Group Mean 74.7 3.7 71.8
LOI Group Mean 28.1 5.0 19.2
Sample Mean 53. 4.3 47.3

{Caption> Table 4: Overlapping Information Index and Ordexd@rvation Index Calculated

for Every Subject in Task 1}

3.21 Modeing Consumer Rankingsof Investments
(1) Heuristic Model

This section is devoted to the description of godneuristic that describes quite
well how bank customers made their decisions. kdiegin by establishing certain notations
and introducing some important concepts. We ddfieeue profile of an investment as a
binary vector of 1s and Os according to whethen@lees are “positive” or not, ordered
according to the sequence: risk, time horizon,dify, costs (intermediary fees), other costs,
and coupon (which is a synonym here for expecteane Based on the fast and frugal
heuristic model (Gigerenzer & Goldstein, 1996)astinent features are all transformed to
binary values to simplify their comparison. The wemtion for assigning the values 1 or O to
a cue reflects the preferences revealed by cussoméneir interviews. If for instance, risk is
medium or low, it is assigned the value 1. Simylaifltime horizon is medium or short, its

value is 1, and if cost and liquidity are mediunmaw, they are also assigned the value 1. If
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the investment has no cost before redemption de&ete is assigned a 1, otherwise 0, and if
there are “returns during the holding time” theis ttue is assigned a 1, otherwise 0.

Based on interviews with financial advisors comdimeth experimental data on
customers’ information search, we identified a retiarthat is a hybrid between
lexicographic and tallying rules. This hybrid histic first examines the one cue that was
searched most, namely risk, which lexicographicaligr-rules all other investment features.
For a pair of investments considered to have sim##, the heuristic ranks the investments
by means of a tallying rule depicted in Figure 5.

Tallying is a heuristic that can be described tipear model with weights equal to
one for each investment feature. In this contelying means counting the number of 1's
for both investments and choosing the investmetit ahigher score. For instance, if
Investment A has a cue profile, (011111) and Béhese profile (100000), then B is
preferred because the first cue is treated lexaqagcally. As an example, if A is an
investment with a cue profile (100101) and B israrestment with a cue profile (100100),
investment A is chosen over investment B becasgardfile contains more 1's after the first
entry.

How well does the heuristic predict the choiceseobsd in Task 1? Predictions for
each subject are presented in Table 5. By FasFarghl Tree we mean a tree that has at
least one exit at each level; it is “minimal” amadnges using all cues, because it has a

minimal number of nodes (Martignon, Katsikopoulof\&ike, 2008).
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SubjectId. | Scores cbearved Investment?
1 90%
2 80% I N N |
3 100%
Count the number Go for the other
4 50% of good features investment
5 38%
6 90%
Is the In\_/estment 1 score
7 100% Inve:(lv%:irt ‘2hasgore?
8 88%
9 100% Y l
10 88% Go for
Is the Inyestment 2 score Investment 1
11 70% Invstment 1 seore?
12 60%
13 80%
v N v
14 40%
15 100% Choose Randomly InveGs?mfoe;t 2
Mean 78.3%
Standard
Deviation 21.8%

{Caption>Table 5 (left): Decision Heuristic Predictions}
{Caption> Figure 5 (right): Fast and Frugal Tree for InvestinDecisions}

The tree in Figure 5 predicts about 78% of the nkeskinvestment decisions in Task
2. The model predicts that for most investors there compensating trade-off for high risk
investments. High risk investments are eliminatedifconsideration in the lexicographic
formulation. Beyond this lexicographic step thabiae high-risk investments, the model
describes investors as simply counting the numbtreir favorite features on which one

investment dominates the other.
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(2) Logit Model Prediction

The multinomial logit model linearly integratesesdts of all investment features by
taking a weighted average and then transforming-(mearly) to estimated probabilities.
We fit the logit model as a representative of staiddinear prediction models based on
rational choice (e.g., Train, 2003) as a benchragginst which to compare the predictive
accuracy of the heuristic model.

The logit model is widely known and used in cousglapplications. It assumes that
individuals can assign random utility scores tdeilént objects according to the equation

u =v +&, composed of an observable component of utjitgnd an unobservable (random)
utility components, . The assumed decision mechanism is that the shaivichooses the
object with the highest utility. Hence, under tlssw@amption that, is identically and
independently distributed, drawn from the Gumbstrihution, the probability of choosing

an object is specified by the following functiofiam: p =exp{ ) /> expg, ), wherej
j

indexes all the objects in the choice set (whightg present application, only includes two
objects), and represents one object of special interest to theéeheo in the choice set. As is
common practice, we also assume that observaliiky igithe summation of weighted cue

utilities: that is,v, = >’ Bx, . The symbok, represents thkth cue of object, and 3, is the
k

weight parameter that we external observers seektimate.

We discretized all cue values in order to normatieeutility value of investment
features that were not looked up, even for freeeto. For example, because the risk feature
takes on three levels (low, medium, high), thatytgpecification coded this information as

three dichotomous variables are usedy, , andr,. When the risk feature is not looked up,

all these variables take on the value zero. Whenisk feature is looked up and its value is
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revealed to be low, then the three risk variabtescaded ag =1, r, =0, andr, =0.

Similarly forrpy orr,. When risk information is looked up, only onetlodé three risk
variables turns on to indicate a value of 1. A®asequence of this flexible coding that
allows for any pattern of marginal utility effeasnditional on low, medium, high risk, or no

risk information at all, there are three parametersisk, 3,, 3,,, and 3, .

In order to avoid as much as possible the problenoo-representative sample due to
small sample size, we used a cross validation ndeth@ divided the dataset by randomly
drawing a 75% of the sample into the sub-sampledta fitting and a 25% sub-sample for
validation. This procedure was repeated 100 tinfezch time, the model was estimated on
the fitting sample and validated on the validasample.

Table 6 presents average realized values of tiraast coefficients in the linear
utility model and counts on the number (out of &h&80 prediction trials) in which a
particular estimated coefficient was statisticalignificant. The results provide some
evidence about which kinds of information are marportant than others, at least in linear
prediction. In Table 6, the four most robust cussns to be high risk, high liquidity,
unavailability of cost before redemption, and pneseof regular coupon payments. The
average parameter values appear to jibe with onigion about the direction in which
various kinds of information would influence the@stor’s willingness to invest. High risk
seems to have the largest magnitude impact otyutithich is negative. This is also, of
course, consistent with the heuristic model intcstbabove. The positive sign on the other
coefficients suggest that, all else equal, inveatswwith high liquidity, no cost before
redemption, and regular coupon payments are peeferr

The average percentage of correct hits for thadittlata is 84.5%; it is 80.4% for the
validation data. Compared with the heuristic motted,number is 71.5% for the fitting data

and 71.7% for the validation data. This suggestduHh linear model could have over-fitted
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the data, pointing to another advantage of simmperistic models in out-of-sample

prediction that has been commented on extensiveiywere.

Parameter Number of significant in 1JQAverage coefficient value in
trials the linear utility model

B, . low risk 20 1.3

B..: medium risk 8 2.7

B,.: high risk 12 -3.3

B, short time horizon 16 2.7

B,,: medium time horizon |4 2.9

B, : long time horizon 0 n/a

B, : low cost 28 1.8

B..: medium cost 0 n/a

B,,: high cost 0 n/a

B, low liquidity 0 n/a

B..: medium liquidity 0 n/a

B, high liquidity 100 2.1

B,, . cost before redemption| 48 1.7

unavailable

B..: cost before redemption | O n/a

available

B, coupon unavailable 4 2.2

B.: coupon available 54 2.4
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Mean hit rate for fitting: 84.5%

Mean hit rate in out-of-sample prediction: 80.4%

{Caption> Table 6: Estimation results of the rational model}

3.2.2 Role of Recognition in Portfolio Choice

We now present the role of the investment labelsutnects’ choice of portfolio
weights. In Task 4, all 15 subjects performed @& tealing with what we called “blind
categorization”. We collected data on subjectsfqranance in reproducing the same
investments allocation task they had already peréarin Task 3; the only difference
introduced in Task 4 is that we did not providenthgith the investment names or labels—
just the technical features of the investmentsrdfoee, financial consumers were still
exposed to the same 6 types of investments theyuetered in Task 3; namely, stocks,
mutual balanced funds, government bonds (treaslisy, Isavings accounts, mutual bank
bonds and insurance with guaranteed capital. dée was to test how consistent their
choices remained when provided with just the inwesit features and not with their names.

The first result was that bank customers did noekb the blind classification task.
Given that they paid most attention to risk in éxloration phase, they should have split
investments in two different categories, namelghhiisk investments versus medium- and
low-risk investments, even when investment labedsevabsent. The empirical evidence
shows us that 9 out of 15 subjects (60%) madefsigni inconsistencies, that is, they
invested in much riskier portfolios than before awith asset allocations that deviated from
the original ones, on average by 69% (calculatetheramount of the originally invested
money). These results give us a perspective ongemple perceive, represent, and act upon
financial information and reveal a delicate aspecpotential manipulation of decisions. The

inconsistency may have to do with some customéysigeon the recognition heuristic in
29



Task 3, while this was not possible in Task 4. fid=ilts confirm the role of the recognition
heuristic: when it is not applicable, customerdquen differently’.

Table 7 and Figure 6 reveal investors’ portfolioickes: data in bold represent
customers who made “mistakes” in the blind categdion task by choosing different

investment mixes in different treatments.

Weight on
Amount of Risky Assets with Labels Against Amount of Risky
Risky Weight on Assets without Labels
Assets Risky Assets Within- 70
*
Chosen Chosen Subject 60
by
Subject  With Without Percentage * o
I
>250
Number Labels Labels Change 5 . /
o +—
1 15 25 66.7 52407
S=
2 15 20 33.3 ; 30 —
<
*
3 20 30 50 20 . .
4 60 65 8.3
10 1
5 40 40 0
6 0 0 0 0 T T )
0 10 20 30 40 50 60 70
7 0 0 0 Amount of Risky Assets with Labels
8 40 40 0
9 25 30 20
10 50 65 30
11 25 45 80
12 5 20 300
13 5 5 0
14 0 0 0
15 15 20 33.3
Mean 21.0 27.0 41.4
Std Dev  19.0 21.4 6.6

® By Recognition Heuristic, we mean a simple stratibgt allows individuals to infer, for example, ish of
two objects has a higher value on some numeri@arion, based on the fact that one is recogniretithe
other is not (e.g., predicting which investment &dsgher expected return based on whether ongmems the
name of one of the shares). The Recognition Héufist such tasks is simply stated: If one of tive bbjects is
recognized and the other is not, then infer thatrdtognized object has the higher value (Goldstein
Gigerenzer, 2002).
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{Caption> Table 7: Comparison Between Portfolio Choice Asrdreatments. Bold
Figures identify subjects who unintentionally maetif their asset allocations}

{Caption> Figure 6: Comparison Between the Amount of Monmexested in Risky Assets
When Labels are Provided (Task 3) versus AmouMarfey Invested in Risky Assets When

Labels are not Provided (Task 4)}

4. Summary Discussion and I nterpretation

The aim of this research was to investigate howagesinvestors make financial
decisions. We focused on two components of invastbavior: information search and
decision process. We interviewed 80 customers diiadian mutual bank, and we invited 15
of them to participate in an interactive experim@ith four investment tasks. We designed
the experimental setup to reflect as realisticafiypossible the actual decisions that take place
in transactions between financial advisors and tetomers, based on information
collected from financial advisors and bank cust@erthe earlier interview stage. To a
large extent, we succeeded in presenting informdabaustomer/subjects that matched the
information they typically encounter when makinglrgnancial decisions.

In Task 1, we asked bank customers to choose battwe investments while facing
a strict information budget that limited informatiok-ups to a maximum of six out of 12
investment features that could have been lookedmufask 2, subjects were free to search
an extended financial information matrix withoutdimit on the maximum number of look-
ups. We observed in Task 2 that subjects lookdésgthan half of the available investment
features even though they were free to have mdéoenration and could have accessed all of
it within a few additional seconds of search. Mthvan half the subjects (57%) looked up

only a small set of non-overlapping features (tleey did not look up the same feature from
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the two investments) even when they were free tesecthe entire information set and it was
feasible to do so with very modest time costs.

Although the sample size is small (in part, duedobank partner’s indication that
our data collection had continued long enough)ittecombination of qualitative interview
data from 80 respondents, information search dat,jnvestment decision data reveal new
empirical insight into information search and invesnt decision processes among real
investors. This evidence suggests that investually consider only a strict subset of
available information about the set of investmétaraatives from which they choose, even
when the universe of investments and related inftion sets is relatively small and search
costs minimal. In this sense, bank customers agpdallow a “less is more” principle that
one finds as a key feature in a number of investrheuristics recently appearing in the
behavioral finance literature (De Miguel et al.p20Gigerenzer, 2008).

Of particular interest was how infrequently banktouners undertook pairwise
comparisons that we commonly assume take placelar to completely rank one’s choice
set (e.g., the expected return of investment Athadexpected return of investment B).
Pairwise comparison of product features is therggddehavioral assumption underlying the
rational choice model in economics and the prep@me of consumer choice models used
in marketing research. And yet our evidence diyaxintradicts this fundamental
assumption about consumers’ decision process.

We modeled binary investment choice with a lexiepdic decision tree that predicts
78% of choices correctly. The decision tree ordsisfirst among various investment
features. That means that risk is more importaait &ll other features combined. The
decision tree model then uses a tallying rule e@ré&maining investment features.

Tallying is cognitively less demanding than weeghadditive models, because it

depends only on counting up pros and cons ratlagr cbmputing weighted sums. We
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compared the predictive performance of these madgsst a competing linear model based
on full-information utility maximization. The penfmance of the rational model predicts the
choice data slightly better than simpler modelshwil% versus 71% predictive accuracy.
But in terms of model complexity, it costs many mparameters, which implies a large risk
of overfitting, which would be true in any sampbeit especially in a small sample like ours.

The second task focused on portfolio choice. Tagkas designed to check whether
providing subjects with all available informatiare(, all investment features) but no labels
that name the different investment alternativesldiaffect investor behavior. We discovered
that when labels are missing, individuals tendefect a riskier mix of investments than was
selected when investment labels were availables Juggests that seemingly superficial
differences in the naming of two financial produeith identical mean and variance could
play a significant role in investment decisiongie Fecognition heuristic theory helps explain
how label- versus no-label tasks generated differeim observed choice behavior.

Financial products are presented to potential itavesn the real world with a rapidly
proliferating array of such labels. The names ofgh in the real-world investing
environment very likely influence investor behayieven though it should not according to
standard portfolio choice theory. According totttieeory, so long as the mean and standard
deviation of all risky returns (including correlatis, and possibly all higher moments for risk
preference specifications more complicated thamavaeaiance preferences) are presented to
the investor, his or her decisions should not flaenced by the order of presentation or
names and labels applied to investment featurehiaBor should be especially invariant to
labeling changes that do not affect the first aaxbad moments of random returns.

Using experimental and survey data collected frtaiah bank customers, we tested
a lexicographic fast and frugal tree against théimamial logit model, which is a

transformed but nevertheless linear model. Thi &sgumes that individuals, when
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choosing among objects, compute weighted additiNiyiscores for each objeeh route to
choosing the object with the highest utility. Weds cross-validation method to test the out-
of-sample predictive accuracy of both models.

The heuristic model suggests that subjects in tuglysely on simple decision trees in
which risk is, by far, the most important investmiature. Furthermore, normative
assessment of the performance of real bank cussbdegision processes (relative to the
neoclassical benchmark) indicates heuristic stresegppear to serve investors reasonably
well. Whereas the biases and heuristics literdteiguently assigns an automatic negative
normative value to any decision procedure thatatesifrom the neoclassical ideal, we
identify attractive normative properties of the hstic approach (similar to the normative
assessments in Magni, 2009). Similar lexicograpkemsion-tree heuristics such as
Gigerenzer and Goldstein’s (1996) Take-The-Bestridici consider the features of
investments sequentially in a ranking determineddiye measure of pairwise correlation or
univariate predictive accuracy (rather than consigeall their inter-correlatedness with
other regressors in the model as, for exampleigbadrrelations do). This helps reduce the
cognitive processing required to execute heuristickcan improve robustness and accuracy
of predictions (Gigerenzer & Brighton, 2009).

Although it remains an open question as to whagrexbank customers are able to
judge the quality of their decisions in terms ofammes and of processes, we noticed that our
subjects clearly tended to consider specific cortiopns of investment features, and use
these combinations according to predictable r@esn though they lacked theories on causal
links between features and decision criteria. Hs&g that subjects faced required them to, in
some treatments, search freely for informationikeninost experimental economics tasks of

financial decisions in which subjects are provideth a complete set of summary statistics

34



(namely, expected values, variances, and covalsanelich are required by standard
models such as CAPM.

The subjects in this study could decide how mudbrmation they wanted to look at.
Most chose to look up some quantity of informatiess than the maximum of all that was
freely available. And a significant proportion éxed only a very small subset of
overlapping investment features (i.e., looking lug $ame piece of information more than
once). Subjects exhibited remarkably similar infatimn search behavior across trials, and
their subjective reports about their search belaomcided remarkably in that nearly all
reported spending very little time in deliberat{@md never calculation) in choosing portfolio
weights. Moreover, subjects indicated that, altiothey were handling meaningful amounts
of money, they nevertheless made investment desisidth relatively little cognitive effort
in both lab experiments and in actual investmentsilen making. By far, the most important
features of investments in the eyes of the subjgets risk, time horizon, and costs
(brokerage fees), in that order. Information seaval characterized by frugality and
simplicity.

Given the crisis we are living through at the tiafevriting, and the accumulating
evidence of mismatch between models of omniscrergstors and the badly designed
institutions that result from those models, wedadithat marketing research can play an
important and positive role in improving risk commization and deepening the relationship
between firms selling investment advice and thegteamers. We hope that improvements in
descriptive models of investors’ use of informatérd decision processes will, in turn,
improve the investment environment that averagantral consumers face. Insofar as
researchers discover better descriptive informadioout consumers’ information needs and
decisions processes, advancement toward consusagifaction with the investment

experience and with firms’ and policy makers’ dlito predict consumer behavior becomes
35



more likely. Far from a zero-sum game, there afgptabe room for substantial
improvements, from the vantage points of all partie the processes by which consumer-

level financial transactions take place.
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Appendix A:

Overlapping Information I ndex

Give a set of information for investment 1, denofe@nd a set of information for investment
2, denoted B, the OIl measure of overlapping infaion (introduced in the body of this

paper) is simply the cardinality of the intersentaf these two sets:
Eq. Al Oll =|ANB.

Order Preservation I ndex
The Order Preserving Index takes not of the ondevhich the elements of the information
sets A and B were generated by subjects’ searcivimeh We write the elements of the set
A as a vector that records this sequence: a,=&]a... , &), where n denotes the number of
items searched for or looked up by a particulajestib The index of subjects’ identities is
suppressed here for expositional clarity in degagilthe information indexes used in the
paper’s section on process tracing. Thusjaes looked up beforg iand only if i<.
Similarly, a vectorized version of the set B thetaords the order in which information was
looked up is denoted as b = [by, ... , by

The (n+1)x(m+1) matrix referred to as the so-chFematrix (see Payne, Bettman and
Johnson, 2004) plays a key role in process tracire first column and first row of the
matrix F are initialized as 0. In MATLAB commarahlguage, this is expressed as
F(1,1:m+1) =0 and F(1:n+1,1) = 0.

The rest of the matrix is computed according tecurrence relation, the Needleman-
Wunsch algorithm. The order of the steps folloanirthe sequence given by vectors a and b.

Fi—1,-1)+ s(a;—1,b_1)
Eq. A2 F(i,j) = max F(i—1,j)
F(i,j—1)

where
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1,if a;, = b;
Eg. A3 s(azb;) = {ﬂj Gmerww; .

Finally, the OPI is computed as:

Eq. A4 OPI = (100 (M}))%

MEJC':?‘!;?‘J‘I}

The expression above is either normalized to a®gHdcentage-point scale or interpreted as
decimal representations of percentages that liledrunit interval. An example that visually
illustrates the recursion relation described alsywebolically follows. This visual

corresponds to the example discussed in Sectiof. 3.1

R L ¢
0] 0. 0. 1
( N 1
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