Ekonomicky ¢asopis,63, 2015,¢. 6, s. 599 — 616 599

Naive Investment Strategies in Complex Financial Ch  oices*

Vladimir BALAZ —Viera BACOVA**

Abstract

This study analysed efficiency of heuristic stregegn complex financial
choices. Some 200 naive investors evaluated 1adialaproducts with eight
attributes. Complex choices developed in two sta§tme one employed non-
-compensatory strategies for reducing informatiarrden, eliminating inade-
quate options and specifying a more narrow decisen Attribute-based com-
pensatory strategies accounted for a significanfomig of strategies in stage
two. Naive decision strategies worked relativelll.wererage Sharpe ratios and
product ranks were higher than random choicesrdrfcial products. The best
results were delivered by the normative strategyydver, at the cost of a high
information burden.
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1. Introduction

1.1. Normative and Heuristic Decision Strategiesi n Simple and Complex
Choices

What types of strategies do complex financial sleais require? Should it be
a normative comprehensive strategy, such as weigitded strategy (WADD),
or is sort of fast and frugal heuristics sufficient

Non-normative heuristic strategies are praisedifeir ecological rationality.
It has been observed that fast and frugal stregegsey help solve even complex
problems with excellent ratio of cognitive efforhca accuracy of results
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(Gigerenzer, Todd and the ABC Group, 1999). Proptmef simple non-com-
pensatory rules argue that recognition is highfprimative in many domains.
The power of simple, non-compensatory heuristicgl{sas recognition) was
illustrated and studied predominantly in many loansequence choices. There
is some evidence for the power of simple heuristiategies in high-consequen-
ce decisions. DeMiguel, Garlappi and Uppal (20@3}ed naive /N portfolio
over 14 different optimizing portfolio models. Naidiversification of total in-
vestments tdN classes of investments generated higher Sharjps’ritan any
of the 14 optimizing models. Borges et al. (1998Rea laypeople and experts
which US and German companies listed on the stauken they knew. Portfo-
lio based on the recognized stocks performed sogmfly better than the market
indices in period of six months following the intews. Portfolios based on
knowledge of laypeople performed better than thiobased on knowledge of
experts. Borges et al. (1999), however, testedethesfolios over an exceptional
and inadequately short period of bull market in@991997. In a down market,
a high degree of company name recognition led sapghointing investment
results, and American investors underperformedhennharket (Boyd, 2001).
Andersson and Rakow (2007) also did not find supfaorthe claim that a sim-
ple strategy of name recognition, used as a gestedkgy to select stocks, can
yield better-than-average returns. They concludhed tselecting stocks on the
basis of name recognition is a near-random meth@adtfolio construction that
offers little, if any, benefit to the personal ist@” (Andersson and Rakow,
2007, p. 29). An important reservation is that noh¢he abovementioned stu-
dies considered investment costs. The costs may sigtystantially across in-
vestment products.

Research on efficiency of non-normative heurisigciconclusive for com-
plex choices. It is generally recognized that thmglex choices usually develop
in two stageg¢Payne, 1976, p. 384; Bettmdruce and Paynel998, p. 191). In
the first phase, usually a non-compensatory styaapglies, such aslimination
by AspectgEBA; Tversky, 1972)Lexicographic(LEX; Fishburn, 1974), or
Recognition StrategfREC; Goldstein and Gigerenzer, 2002). The magpal gf
a non-compensatory strategy is to reduce the liitige set of alternatives. In
the second phase, a narrower set of alternativaislesnthe application of com-
pensatory strategies, such Msilti-attribute Utility Strategy(MAUT; Keeney
and Raiffa, 1976)Additive Strategy(ADD; Tversky, 1969)Majority of Con-
firming Dimension(MCD; Russo and Dosher, 1983) andidajority Strategy
(MAJ; Sen, 1966). In the complex choices, a contimnaof strategies is much
more common than the use of a particular “puredtegy.

2 We used the Sharpe rations as the criteria irréisisarch study (see part 2.4).



601

High-consequence naive economic strategies magob#y. Abaluck and
Gruber (2011) evaluated some 477 thousand of chaigailable to the elderly
across their insurance options under Medicare PaA comparison of actual
and optimal plans indicated that only some 12%aerficrs were able to select
the cheapest plan. Their welfare would have beéf Bigher if patients had all
chosen rationally. lyengar and Kamenica (2010) goreed both laboratory ex-
periments and field data that suggested that thgedachoice sets induced
a stronger preference for simple, easy-to-undetstations (‘paradox of choice’).
Records of more than half million employees from @&stitutions indicated that
the presence of more funds in an individual's 4pp{kn was associated with
a higher allocation to less complex products (momayket and bond funds) at
the expense of equity funds. Paradoxically, wittréasing size of the decision
set the best option became better, but the avenaiin became worse (lyengar
and Kamenica, 2010, p. 536). Some other studigs Girling et al., 2009) have
also shown that in many financial decisions peafien do not make decisions
in their best interest. Kida, Moreno and Smith 20iowever demonstrated that
‘paradox of choice’ mainly affects less experienaegestors, and experienced
investors prefer large sets of investment alteveati

Complex financial decisions require more reasorthmgn emotional invol-
vement or need to justify. Bettmahuce and Payne (1998) argue that two
preeminent goals for a decision in a complex chares(i) maximizing the accu-
racy of the decision and (ii) minimizing the cogvet effort involved in reaching
that decision (BettmarLuce and Payne, 1998, p. 194). We can also assume
generally accepted social reasons for the chaicget a return and to avoid loss.
Thus, in case of financial decision making, wetlealated preferences can be
assumed.

In the case of familiarity and experience witheabjpreferences, some authors
admit that the decision makers use the normatieegulure of rational choice
(Bettman, Luce and Payne, 1998, p. 188). The fihalice, however, may be
affected by factors other than the considerationosts and benefits. The goals
of a decision maker (choice accuracy versus effooinplexity of task, framing,
wider social context and elicitation of decisionkimg responses are likely to
affect the final decision (Payne, Bettman and John$993).

1.2. Identifying Decision Strategies

Identification and classification of decision stgies has presented a great
challenge in decision making studies. The first suames and classifications of
decision strategies were developed relatively nbgefiPayne, 1976; Payne,
Bettman and Johnson, 1993; Bettman, Luce and Pay@88) and relied on
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information boards. These strategies were elaldratel extended in the late
2000s (Shah and Oppenheimer, 2008; Riedl, Branestitd Roithmayr, 2008)
with the help of the Mouselab tracking tools. Theudelab essentially is a com-
puterized version of information boards. Riedl, mBistatter and Roithmayr
(2008) developed an excellent set of metrics fassifying 13 types of decision
strategies. The metrics operate on the basis af gterated via the Mouselab-
type process tracing tool. An advantage of the Mi@ksis that it tracks both
sequence of information search and time spent dioreg The ratio of time
spent on options, for example, enables differantiabetween th&ominance/
Majority Strategy(DOM/MAJ) on one hand and th&dditive/Majority of Con-
firming Dimensions(ADD/MCD) types of strategies on the other hantie T
Mouselab-generated data however have some lintisy, Tror example, do not
enable discrimination between strategies with idahtinformation search pat-
terns, such as EBA and LEX strategies.

The metrics developed by Riedl, Brandstatter andhiayr (2008) assume
that a decision-maker applies just one particui@tegy. However, in complex
choices with high number of options, decision-makapply two or more dif-
ferent strategies sequentially.

Another method for collecting and analyzing datacdmplex choices is the
Active Information Search (AIS). The AIS is basedabdialogue of a researcher
and a participant. Reisen, Hoffrage and Mast (2@03Vide detailed comparison
of strengths and weaknesses for four process gdethniques. They note that
although the Mouselab is more convenient to usepamddes a large amount of
data, the AIS has two major advantages over thesklab. It can imitate real
world data collection better than the Mouselab ddeslso does not present
options and attributes in a pre-structured mannehe screen, thus, participants
are less affected by the experimental setup (Reldefirage and Mast, 2007).
The AIS, on the other hand, does not allow for sdime-tuned tracking tech-
niques (e.g. recording time spent on attributesatminatives). Arguably, iden-
tification of specific heuristic strategies is matifficult and less precise under
the AIS than under Mouselab.

Mouselab-based classification methods implicitbsiame that a decision-
-maker has some understanding of the task andéstalspecify his/her goals,
preferences and cut-off values for decision atteébuThis may not always be
the case in complex choices. Information searctepe, for example, may be
quite erratic when the decision-maker perceivefhérdow expertise in the deci-
sion task. In our research, most participants asledged their low financial
literacy. We also noted a number of inconsistemt/@nerratic search patterns.
It was difficult to identify single heuristic steggies in such cases.
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We considered the above-mentioned limitationaitlentification of spe-
cific strategies and opted for the classificatidniwo-stage strategies and in-
formation search patterns, rather than for thetitieation of ‘pure’ heuristics
(see Exhibit 1 for examples of information searaktgrns). We used the method
AIS and short verbal protocols to record decisivategies.

Our research intends to add to the growing liteeabn efficiency of heuristic
strategies in complex, high-consequence decisiaitis muultiple options and
attributes. We use real-life sets of complex finahproducts to investigate
(a) the types of decision strategies used in coxplgh-consequence choices
and (b) efficiency of combinations of strategieserms of quality of choice and
information burden.

2. Method

2.1. Participants

The sample involved 220 university undergraduates post-graduates (115
women and 105 men; average age 27.1 years). Thieipants self-assessed
their financial products knowledge and experienceascale ranging from zero
“no knowledge” to 10 “I am a real financial experSSixty-two participants
(28.2%) indicated knowledge on levels six to 10 amte considered experts,
while the rest (158 participants, 71.8%) indicakedwledge on levels zero to
five and were considered non-experts. Twenty-emgfitof 115 women and 34
out of 105 men identified themselves as experts MeEounted for higher levels
of perceived expertise in financial products thaamen (Cramer’s V = 0.089,
sig. 0.008). Low levels of perceived financial etjge in the sample corre-
sponded with the actual distribution of financiapertise in the total Slovak
population (Baladz, 2012; 2014).

2.2. Task

Participants were presented with the followingdtietical task:

“Please imagine you have EUR 10,000. We offer yarious types of in-
vestments. You can ask for information on eighestment attributes: risk level,
annual return, entry fee, optimal investment harjzmndition of access to money
(with respect to penalty paid), annual fees, eegisfand names of financial insti-
tutions. Please consider the available informatiod tell us, which product you
would invest in.”

Investment of EUR 10,000 equalled two annual mediat wages in Slo-
vakia in 2013, and simulated a high consequencsidac
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Recording sheets included real financial prodotfered in the Slovak finan-
cial market in 2013. In selected cases, we repléoedames of actual financial
institutions with invented ones, as to prevent ptigé impact of the institution’s
image on investment decision. Range of investmientaded low-risk products
(term deposits in banks and money market fundsntisdly ‘safe options’),
medium risk products (pension funds and investrifninsurance policies) and
high-risk products (stock market funds). For anngxi@ of a complex choice
task, see Exhibit 2. Most people are risk aversgk Rversion may have a signif-
icant impact on the choice of a financial prodifée selected products with high
and low Sharpe ratios in equal proportions for Hottrrisk and high-risk cate-
gories of investment. Product label (‘stock furigiiyestment insurance policy’)
was not necessarily associated with high or low@heatios.

2.3. Procedure

The research procedure was adapted from a studgroplex financial deci-
sion-making (Monti et al., 2009). The participawesre asked to choose only one
financial product. The decision set contained Iarcial products with eight
attributes (120 information units in total). Thengadex choice task condition
accounted for a significant burden of informatiamgessing. Participants were
allowed to request any number and type of inforomatbefore making their
choice. They could request information on anylaite and/or option. They could
search information option-wise or attribute-wised ask for values of all or just
few selected attributes. At the end of each taakjqgipants had to choose one out
of 15 financial products. The Trial was repeatedt fiimes with different sets of
products (Trials 1 to 4). The average task (Tdals4) took about 1 — 1.5 hours.

Each participant could ask 80 information unit@asaximum. Experts asked
for less information than non-experts in each & ftour Trials, but learning
curves were different for these two groups. Amoohthe information units
requested between Trials 1 and 2 declined from ¥8.41.2 units for non-experts
(Wilcoxon test sig. 0.001) and 45.4 vs. 36.8 urfits,experts (sig. 0.066). Be-
tween Trials 2 versus the amount of informationrelased from 41.2 to 35.6
units for non-experts (sig. 0.002), but only fro®.&8to 35.0 units for experts
(sig. 1.000). Finally, amount of information requees between Trials 3 and 4
dropped from 35.6 to 32.7 units for non-expertg.(6§.021) and 35.0 to 31.5
units for experts (sig. 0.067). Experts seemeceéon most in the early Trials
while learning curve for non-experts was more lindde learning curve also
was more linear for the women compared to the ri@is is related to higher
financial expertise perceived by men compared toerm (Balaz, Béova and
Skriniar, 2014).
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2.4. Financial Choice Quality Assessment

Optimal or above-average choice is difficult tegfy in many multi-attri-
bute choices. The ‘best car’ or ‘best home’ areati@ty concepts and depend on
personal preferences over specific decision ateiun financial choices, ‘best
investment’ is somewhat easier to define. Riskratarn are dominant attributes
in financial choices, and investors aim at the basb between risk and return.
The Sharpe Ratio, developed by the Nobel Laureatkay Sharpe (Sharpe,
1966), measures the excess return (or risk prempgnlunit of deviation in an
investment asset: Higher Sharpe ratio means kedide-off between return and
risk. Low Sharpe coefficient indicates an investmsaith relatively low return,
but high risk. The 90-day Treasury bill returns gneical measure of risk free
return in the USA. Treasury bills were not avaiéainl Slovakia, and typical risk-
-free investment was a term deposit in Slovaki@i@ye return on term deposit
was 2.0% p.a. in 2013). Naive investors often cotmage on risk/return patterns
of an asset and disregard investment costs. Eagibiale set contained 15 pro-
ducts and five classes of investment assets (momeket fund, term deposit,
stock fund, investment life insurance and pensiordf. Each class was repre-
sented by three products, but products from theedamestment class accounted
for different combinations of investment fees. Toturn for a particular pro-
duct was adjusted for entry, annual and exit faes celevant time period (see
Exhibit 2 for details.

2.5. Strategy ldentification

We combined information search patterns (estadddistia AIS) and state-
ments in verbal protocols to identify participantcision strategies. First, we
observed how a participant reduced the informabiardlen and narrowed the set
of options in stage one.

In stage two, we observed whether a participakedgor all or just some
information on attributes of the remaining optiol¢e also took into account
statements in short verbal protocols as to establtsether the participant used
several attributes to weigh the remaining attribotevhether the choice was
made solely on the basis of one attribute.

The efficiency of heuristic strategies was measwia the number of choices
of the above-average products (in terms of Shagpe)r We also observed
whether the absolute value of the Sharpe raticcasad or decreased over time.

% Optimal investment horizon, access to money withpenalty and brand were already
accounted for in market return. Less known finaniaistitutions, for example, had to offer above-
-average returns.
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3. Results
3.1. Strategies in Stage One

We applied a two-stage analysis to estimate thedii strategies. Stage one
tracked the strategy the participants used to ethe information burden in the
multi-attribute choice. Three types of reducin@t&gies were detected:

- Elimination by aspecf{EBA): Participant asked for information on one or
more attributes for all 15 products to eliminatéiams that do not meet a mini-
mal cut-off value for the most important attribiiferersky, 1972). The elimina-
tion process was sometimes repeated for the semottdrd most import attri-
bute until the decision set was narrowed to twaore options (e.g. participant
no 1 in the attached Exhibit 1). The EBA strate@swsed in 37.3% of cases.

» Recognition heuristi¢REC): Participant asked for information on one or
more attributes for selected products only. Somanftial products were ignored
and no information was sought (e.g. participant§4o75 and 187 in Exhibit 1).
However, it should be noted that recognition asducing strategy in a complex
choice may have a different meaning than recognitica binary choice. ‘If one
of two objects is recognised and the other is tian infer that the recognised
object has higher value with respect the criteri@@oldstein and Gigerenzer,
2002). In a complex choice, an option can be ightwecauset is recognized,
deemed unsuitable and excluded from further corsiid®. Recognition heuris-
tic was used in 45.0% of cases. Frequency of th€-BRe strategy increased
over Trials 1 — 4, as participants learned to racagproduct types.

« Lexicographic heuristidLEX): Participant asked for information on one
attribute for all 15 products and then selecteddpion with the best value on
the most important attribute. Lexicographic heigigtas used in 0.7% of cases.

In 16.9% cases there was no reduction of a decisei before the final
choice. Participants asked for information on twonwre attributes for all 15
products and then selected an option:

« In 6.4% cases participants asked information omttfibutes of all 15 pro-
ducts (120 information units) (e.g. participant ¥4 in the attached Exhibit 1)
so they use the normative strategy.

« In 9.4% cases participants asked information on2attributes of all 15
products (e.g. participant no 7 in the attachediliiixh).

« In 1.1% cases participants asked information ifoogbased search.

3.2. Strategies in Stage Two

The analysis of stage one suggested, which normpensatory strategy was
used to reduce the information burden, eliminaéel@guate options and specify
a narrow decision set. In stage two we trackedseiguence and amount of
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information demanded and recorded option-wiseibati-wise and mixed tran-
sitions. We followed Ried|, Brandstatter and Roidym(2008) and noted whe-
ther a participant applied an attribute-based (AB)ption-based (OB) infor-
mation search and whether information on all aitab/options was sought or not.
We denote search patterns as attribute considtabtite selective (AC, AS) and
options consistent/selective (OC, OS). Attributedsh searches accounted for
a significant majority in stage 2 (91.7%), whileetbption-based searches were
preferred in 8.3% choices.

The participants used a rich repertoire of heigritrategies. In a total of 880
choices, we detected 37 combinations of stage 1stagk 2 strategies. Nine
combinations (each accounting for at least 20 ¢asese generated for 86.9%
of all combinations (they are presented in the Godumn of Table 2).

3.3. Efficiency of Strategies

A heuristic strategy was considered efficienthé Sharpe ratio of a chosen
financial product was higher than the Sharpe ratimedian product in a deci-
sion set. There were 15 financial products in asit@t set. If a participant chose
a financial product with one of seven best Shagt®s, the heuristic strategy
was considered efficient. A product with tHe@st Sharpe ratio was considered
a median choice. Choices of products with 9 — 1§ Bdarpe ratios were con-
sidered inefficient. Rational and/or knowledgeainieestors were expected to
choose above-average products (fle- 7" best Sharpe ratios).

Above-average products were selected by 148 pgaatits in Trial 1, 143 in
Trial 2, 138 in Trial 3 and 129 in Trial 4. Aboveaaage products were chosen
in 63.4% out of the 880 total choices (Table 1hkRbility of random choice of
an above-average product was 7/15 = 46.7%.

Table 1

Quality of Choice: Percentage of Choices of Abovevarage Products by the Sharpe
Ratio

Total Experts Non-experts Men Women
Trial 1 67.3 77.4 63.3 66.7 67.8
Trial 2 65.0 61.3 66.5 70.5 60.0
Trial 3 62.7 59.7 63.9 60.0 65.2
Trial 4 58.6 56.5 59.5 60.0 57.4
Total Trials 1 — 4 63.4 63.7 63.3 64.3 62.6

Note Average choices over all subjects.
Source Authors' calculation.

Numbers of participants who selected above-avepeggiicts has been decrea-
sing between Trials 1 — 4. However, that does eoessarily mean the quality
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of choice decreased over time. A participant, famaple, chose below-average
products in all Trials, but product’s Sharpe ratid rial 4 (—0.2008) was higher

than that in Trial 1 (—0.2217). The worst perforghjparticipants improved their

choices over time. Some 46.8% of participants clposducts with better, 17.3%

with the same and 35.9% with worse Sharpe ratidsial 4 than in Trial 1.

Table 2 summarizes efficiency of the most frequeniristic strategies. The
table presents only strategies or their combinatieith 20+ applications. In the
complex financial choices patrticipants selected foom 15 financial products.
A random choice would have resulted in tfelb#st product. Average product
rank (computed via Sharpe ratio) was 6.48. The flessits were delivered by the
0-AB, AC, OC (5.95) strategy. The REC-AB, AC, OC2Bp, REC-AB, AS, OS
(6.27) and EBA-AB, AS, OS (6.29) performed sligHtlstter than average. Strate-
gies incorporating option-wise search (REC-AB, &R, OS and REC-OB, AS,
OS) generated the worst product ranks (7.16 ar}).8.4

Table 2
Efficiency of Heuristics in Financial Choice
Average Average product | Average no of information

Strategy type Frequency Sharpe rank required
0-AB, AC, OC 6.4% 0.081 5.95 120.00
0-AB, AS, OS 9.4% 0.050 6.67 8.00
EBA-AB, AS, OC 17.2% 0.046 6.63 39.00
EBA-AB, AS, OS 14.0% 0.061 6.29 53.00
REC-AB, AC, OC 5.6% 0.058 6.27 49.00
REC-AB, AS, OB, OS 4.9% 0.026 7.16 16.70
REC-AB, AS, OC 17.2% 0.052 6.36 36.00
REC-AB, AS, OS 8.9% 0.059 6.27 23.82
REC-OB, AS, OS 3.3% —0.042 8.48 20.62

Note 0 — no elimination of options in stage 1. Aver&jerpe ratio: 0.052. The best Sharpe ratio: 0.Bf8.
worst Sharpe ratio: —0.486. Average product ramk8.8Best product rank: 1. Worst product rank: 15.

Source Authors' calculation.

Information-intensive strategy 0-AB, AC, OC usd&id120 information items
available in a decision set. The strategy delivater best results in terms of
Sharpe ratio and product rank and was mostly applestudents of informatics.
Product rank delivered by this information-intemsstrategy (5.95), however, was
just slightly better than product rank generatedti®y REC-AB, AC, OC and
REC-AB, AS, OS strategies (6.27). The latter paistoategies, however, coped
with much lower information burden (49.0 and 23i8®rmation units) than the
information-intensive strategy 0-AB, AC, OC.

There was no significant relation between amouninformation acquired
and quality of choice in terms of Sharpe ratio gndduct rank. Respective
correlation coefficients for 880 choices were 0.@f@l —0.055, and were not
significant on the 0.01 level.
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Participants used only some 39.7 information umtsheir choices, out of
total 120 available units per each decision set.

3.4. Gender and Expertise Differences

The t-test indicated no gender differences incsielg a financial product with
better Sharpe ratio and/or product rank. The titeltated that the experts were
rather more likely to pick products with higher §aratio and/or product rank,
but the difference was not significant on the Qédl. Experts were more likely
to apply compensatory strategies generating bestupt ranks (0-AB, AC, OC
and the REC-AB, AC, OC) than non-experts, but tiffer@nces were not signi-
ficant on the 0.05 levels (approximate significateeels for the Cramer’s V test
were 0.286 and 0.333 respectively).

The perceived expertise in financial products vedlected in a higher repre-
sentation of the REC strategy in stage one. Inestawe the experts chose the
REC strategy in 58.9%, while the non-experts iD8@ases. The difference was
significant on the 0.000 level (Cramer’'s V = 0.170)

3.5. Consistency of Strategies Used

Each complex choice included four variants ofshme task. Did the participant
use the same combination of strategies in soNieg/ariants of the same task?

- Repeated use of the same introductory (stageadtegir (0, EBA, REC) was
seen in 64.1% of cases. Consistent use of the istwrnductory strategy increased
over Trials from 74.4% between Trials 2 and 1 te19d between Trials 4 and 3.

« Similar pattern was observed for the use of corepledmbined) strategies.
Some 48.6% of participants used the same combimaticstrategies between
Trials 2 and 1, but 63.6% between Trials 4 and@né& 26.2% of participants
used the same combinations of strategies in aflToals.

A typical pattern of the complex financial cho@s re-using of the same
strategy, possibly with small variation of straggji(Table 3). Increasing con-
sistency of strategies between Trials may indi¢htg participants opted for
fine-tuning their decision procedures, rather tolaanging them.

Table 3
Internal Consistency of Strategies in Complex Finatial Choice
Consistency in introductory Consistency in combined
strategy (N = 220 x 3) strategy (N = 220 x 3)

Match between Trial 2 and Trial 1 74.4% 48.6%
Match between Trial 3 and Trial 2 83.6% 55.5%
Match between Trial 4 and Trial 3 91.4% 63.6%
Match in all Trials 1 — 4 64.1% 26.2%

Source Authors' calculation.
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Was it better to change the strategy or to sbcthé same one? Most changes
in the use of combined strategies happened betiveals 1 and 2. Participants
who modified their strategy between Trials 1 angde2e more likely to achieve
an increase in the Sharpe ratio than participatitkirsg to the same strategy
(Table 4). Participants who modified their stratégyween Trials 4 and 3, how-
ever, were worse off than those who continued &Tugal 3 strategy. It follows
that modification of a decision strategy workedtéett the beginning of the
learning curve than at its end. This finding seémsorroborate the conceptual
framework of an adaptive decision maker by PaynettnBan, and Johnson
(1993). The effects of consistent/inconsistentafs#ecision strategies, however,
were moderate (see respective Cramer’s V undefabie 4).

Table 4

Crosstab for Internal Consistency of Combined Straggies and Change in Sharpe
Ratio

Change in value of Sharpe ratio
Decrease No change Increase| Total

Match between Trial 2 and Triald | no 16.8% 8.6% 25.9% 51.49

yes 18.2% 10.9% 19.5% 48.6%
Match between Trial 3 and Trial2 | no 20.0% 6.4% 18.2% 44.59

yes 28.6% 13.2% 13.6% 55.5%
Match between Trial 4 and Trial3 | no 15.0% 7.7% 13.6% 36.49

yes 18.6% 14.1% 30.9% 63.6%

Note (a) Cramer's V = 0.107, Sig. = 0.287; (b) Crareev’ = 0.185, Sig. = 0.023; (a) Cramer's V = 0.128,
Sig. = 0.166;

Source Authors' calculation.

4. Discussion

We were interested in what strategies individnakstors use in the process
of choosing a financial product and how effectirese strategies and their com-
binations were. We confirmed previous findings tblavices developed in two
stages. Stage one employed non-compensatory stfieg reduction of infor-
mation burden, elimination of inadequate optiond apecification of a more
narrow decision set. Three main types of reducsivategies were detected in
stage one: EBA, REC and LEX. No reductions werecon 16.9% of partici-
pants. Attribute-based searches accounted for figigni majority in stage 2
(91.7%), while the option-based searches were ppeefén 8.3% of choices.

The research also confirmed that combinationseaisibn strategies, rather
than single heuristics, were applied in complexariicial choices. In a total of
880 choices, we detected 37 combinations of steayellstage 2 strategies. Nine
combinations generated 86.9% of all combinations.
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Naive decision strategies worked quite well inicamf financial products.
Average Sharpe ratios and product ranks were hititear random choices of
financial products. Above-average products weresehoin 63.4% out of 880
total choices. Probability of random choice of drowe-average product was
7115 = 46.7%.

The normative strategy has proven to be most feeth complex financial
choices, however, at the cost of high effort reeplirStrategies incorporating
option-wise search generated the worst productstank

Economic theories of utility maximization (von Neann and Morgenstern,
1944) involve a number of simplifying assumptiomsinformation processing:
(1) that individuals have all the available infotioa for decision making;
(2) that individuals have unlimited processing caya(3) that all attribute values
and decision weights are known; and (4) that imtligls use optimal analytical
methods to make decisions. Accepting utility maxsion framework and
measuring efficiency of investment choice by Sham#o is based on some
strong assumptions concerning decision-makers:

« know typical risk/return indicators for particulatasses of investment
product;

- are able to deduct investment costs (total expeatses) from returns and
compute net present values of long-term investments

- understand and accept that in the long-term riskgyocts deliver higher re-
turns than low-risk investments.

These assumptions are hardly realistic. Vast ntgjof investors, including
our participants, consider limited amount of infation on risk and returns,
which turned out to be the dominant attributeslirclaoices. Few investors are
able to compute total expense ratios, and comgampaound costs to compound
returns. They seem to prefer to apply linear appnations of risks, returns and
investment costs.

We found out that heuristic decision strategiesewsot strong enough to
select optimal financial products, but operategssingly well in terms of the
amount of (limited) financial knowledge and cogvetieffort applied by our
participants. It seems that in the task of finahde&cisions the strong dominant
attributes (return, cost and inferred risk) allaw faking good choices even in
conditions of very complex information.

We found no significant relation between qualitycboice in terms of Sharpe
ratio/product rank on one hand, and (a) amoumfofmation acquired; (b) gen-
der and perceived financial expertise of participan the other hand. This find-
ing corresponds with the experimental study of AtkBryan and Tkac (2010)
on predicting mutual fund performance. Studentdiffierent courses of the
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Georgia Tech University and employees of the Feédeaerve Bank of Atlanta
used ‘good feature’ heuristic to pick mutual fundhwbest performance. Over
60% of participants used this heuristic often, petedently of the relative
amounts of prior financial training and self-repaoktexpertise (Ackert, Bryan
and Tkac, 2010, p. 146). The abovementioned autidlecsfound no significant
difference in subjects’ performance in the predittof comparative mutual fund
performance differs across groups of participarith different levels of finan-

cial training and expertise.

Our participants made trade-offs between accuaacl amount of cognitive
effort of heuristic strategies. Some participansgedi the same strategies and
some modified them across the repeated Trials mpéex financial choices.
Modification of decision strategy worked betteittad beginning of the learning
curve than at its end. This finding seems to carate the conceptual frame-
work of an adaptive decision maker by Payne, Beattarad Johnson (1993).

Participants coped with significant informationrééen. Only a few of them
chose the normative compensatory strategy, whiokiged the best choice. Far
more decision-makers made compromise between decagicuracy and mini-
mizing their cognitive effort. Nevertheless, theoides of a financial product
made by participants were better than random choldeuristic decision strate-
gies operated well in terms of limited financiabkviedge by most participants.

This paper, like many studies in the behavioucahemics, has some limita-
tion. The research targeted population of the ¥avaiversity students. We
make no claims on representativeness of the sdiampletal Slovak population.

One limitation of our study applies to the uséAt$. The AIS is able to imi-
tate the real-world environment of information aisgfion. The price to pay is
that AIS does not allow for precise identificatioh particular heuristics. Vast
majority of heuristic strategies was attribute-lthsed involved compensatory
weighting. We suspect that 0-AB, AC, OC, and REC-AE, OC and REC-AB,
AC, OC-type strategies are identical with the MigyoStrategy. The MAJ-type
strategies operated well in a complex financialiodoThe option based strate-
gies (REC-OB, AS, OS, and final phase of the REG-AB, OB, OS) are likely
SAT and DIS-type heuristics. These option-baseatesiies underperformed in
a financial choice. These findings may indicateithportance of attribute-based
compensatory strategies in complex financial clwiddere is an option to repeat
the experiment with two sets of participants. Ostensay collect information via
the AIS while the second one via the Mouselab neéet@mmparison of two sets
may indicate (a) how different modes of informatimecess impact acquisition
of information and (b) the precise types of heirristrategies applied in complex
financial choices.
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Experts and non-experts did not differ in quatifytheir choices when using
heuristic strategies. This finding has some linota as well. No participant
tried to compute the effect of investment costsatal return during the research
task. In further research, experts can be encodrtmeise expert methods for
selecting financial products. Choices based oreteert methods can be com-
pared to those achieved via naive strategies.

Experiments with complex decisions can be extertdedther high-conse-
guence choices, such as purchase of a home ottieeled a medical plan.
Where values of objects are arbitrary, optimalatisfying solution can firstly be
identified via mathematical methods, such as thalyéinal hierarchy process
(Saaty, 1980), data envelopment analysis (Chaesper and Rhodes, 1978)
and/or TOPSIS (Hwang and Yoon, 1981), and secaratiypared with the results
of naive decision strategies.
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Participant no 7: 0-AB, AS

Exhibit 1:Heuristics in Complex Choices

Participant no 1: EBA-AB, AS, OS
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Notes MMF — money market fund; TD — term deposit; SBteck fund; IIP — investment insurance policy;

PF — pension fund.

Source Author's calculation.
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Exhibit 2:Example of Complex Choice:

Unlimited Access to Infonation

Optimal Access
. Entry . to money|Annual| Exit
Product Risk Return fee ht|me withno | fee | fee Brand
orizon
penalty
A Moqsxénf rket very low cortr;p_lgéable 0.20%]in 1 yearin 1 week 0.10%| nil Sé%\ﬁg;l;a
B Morllfjr); J“Z‘E‘rka very low Cogpﬁlgab"’ 0.10%|in 1 yea lo'g ays| 0-20%| nil | OTP banka
C Mor;ﬁxgwsrket very low cortgp_le}lrjable 0.00%]|in 1 yearin 1 week 0.10%/| nil Zuneda
D | Term deposit 1 none yieclgrg?\n‘trD 0.00%in 1 yea la;t:;r 0.00%| nil | VUB banka
current after
E | Term deposit 2 none yield on TD| 0.00%|in 1 yeal 0.00%| nil Dexia
+0.2% 1 year
Current after
F | Term deposit 3 none yield on TD| 0.00%|in 1 yeal 1 year 0.00%| nil Zuneda
+0.4%
. .| 2-4times .
G| Stock fund 1 | M9 potential "oy on | 2500, 08" | N 12 5006(1.000 AP
loss up to 35% ™ 10 years 10 days Investments
high, potentia 2-5times over
H | Stock fund 2 0SS ’up to 25% return on | 2.00% 10 years in 1 week 1.20%| nil |DeliaCagnott
TD )
high, potentia 3 —6 times over -
| Stock fund 3 0SS ’up to 35% return on | 3.00% 10 years in 1 week 2.30%2.00% VUB banka
TD i
. comparable .
Investment life| low, moderate o min. after o . .
J insurance 1 |but sure return tol'g?[ 3.50% 10 years 2 years 4.00%) il Habitatpro
Investment life medium, no | comparable min after
L 0, : 0, i i
K insurance 2 returtnegld,laran to4'|;)lgm+ 4.90% 10 yeard 2 years 5.00%| nil | Kooperativa
Investment life medium/low, | comparable min after Victoria
0, ) 0, i
L insurance 3 Iopvgsf;tt;ren t03T1'2A)+ 4.40% 10 years 2 years 4.70%) il Volksbank
medium, no asinTD + min after
. I o . o . .
M | Pension fund 1 returtnegl&laran 1.3% 0.00% 15 years 10 years 1.95%| nil |ING Sympati
medium/low, | comparable min after
N | Pension fund 2 low or no to TD + | 0.00% 15 o 10 1.80%1.00% AXA
return possible  1.8% years years
medium, no | comparable ) .
O | Pension fund 3 return guaranf to TD + | 0.00%], "0 d after |1 00%| nil Pontiia
teed 2 5% 15 years 10 years| Fortexa

Notes TD — term deposit in bank.
Source Author's calculation.



