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ABSTRACT

The purpose of this article is twofold. The
first is to determine if the unobserved fac-
tors of behavioral loss tolerance and capaci-
ty to take a risk exist empirically. The second
is to illustrate how these constructs indi-
vidually and jointly can be used to explain
financial decision-maker investment behav-
ior. Using panel data collected in the United
States between October 2020 and March
2021 (n = 265), findings from this study show
that a financial decision-maker’s behavioral
loss tolerance and risk capacity can be esti-
mated and that these estimates can be used
to build a risk profile that can then be used to
describe subsequent investment behavior.
When viewed from a descriptive framework
perspective, those who exhibit more behav-
ioral loss tolerance and greater risk capacity
are more likely to hold a larger proportion of
their portfolio in equities compared to other

financial decision-makers.
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Introduction

ecent periods of market uncertainty, price

volatility, and turmoil have prompted re-

searchers to reconsider traditional asset
allocation and portfolio management assumptions,
models, and procedures.! Research in the field is be-
ing spurred on by a desire to better understand how
household-level financial risk aversion (the inverse of
which is risk tolerance) is related to investment allo-
cation decisions, which is a household financial man-
agement task that recurs on a frequent basis.” The
investment decision-making process should norma-
tively be informed by a range of factors, including a
financial decision-maker’s (a) personal circumstanc-
es, (b) investment goal, (c) time horizon, (d) source
of investment capital, (e) risk attitude, and (f) ability
to absorb losses in the value of their investments.?
These factors act like levers that result in trade-offs
when a decision-maker is forced to choose among al-
ternative courses of action. This implies that rather
than relying solely on a single numerical score devel-
oped from a risk-aversion assessment questionnaire or
test, financial advisors should spend time compiling
relevant data to create a multifactor financial deci-
sion-maker risk profile.’

A financial risk profile serves three purposes. The
first is to ensure that investment and other financial
recommendations match a financial decision-maker’s
unique situation. The second is to help a financial
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decision-maker or their financial advisor keep track
of the multiple factors that likely influence current
and future financial decisions. The third purpose, for
a financial advisor, is to demonstrate regulatory com-
pliance. The objective of this study is to describe tests
of a model developed to determine if a financial deci-
sion-maker’s behavioral loss tolerance and risk capac-
ity (i.e., an indicator of a financial decision-maker’s
ability to take a risk) exist empirically and, if yes,
whether these constructs individually and jointly can
be used to explain subsequent investment behavior.
As will be described later in this article, it does appear
that behavioral loss tolerance and risk capacity can
be estimated and that these estimates can be used to
build a risk profile that can then be used to describe
investment choices.

Background

Cordell was among the first to formally describe
what is now known as a risk profile.® Cordell pro-
posed the notion that a financial decision-maker’s
risk-taking behavior can be described by their pro-
pensity to take a risk, their attitude towards risk, their
capacity to take a risk, and their financial knowledge.
Nearly two decades later, Davies refined the concept
by arguing that the factors comprising a financial de-
cision-maker’s risk profile can be classified into one of
two categories: (a) their willingness to take a risk and
(b) their ability to take a risk. Someone’s willingness
to take a risk is sometimes referred to as risk aversion,
risk tolerance, risk attitude, and risk appetite.” Build-
ing on the work of Cordell and Davies, Hubble and
associates added clarity to risk-profiling discussions
by suggesting that someone’s willingness to take a
risk is just one element of a larger factor called be-
havioral loss tolerance.® As conceptualized by Hubble
et al., behavioral loss tolerance can be described by
a financial decision-maker’s risk preference, financial
knowledge, investing experience, risk perception, and
risk composure in addition to risk tolerance or risk
aversion. The following discussion provides a defini-
tional overview of these concepts.
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Risk preference refers to a financial decision-mak-
er’s objective and subjective cognitive evaluation of
feelings directed at an object or course of action.’
Risk preference can be seen as an inclination to like
or dislike a choice or task. Financial knowledge is
a representation of a financial decision-maker’s fa-
miliarity with and comprehension of financial in-
formation, facts, and skills that can be applied when
making decisions. Sometimes financial knowledge
is referred to as financial literacy." It is generally
thought that knowledge and loss tolerance are pos-
itively associated."" Investing experience describes a
financial decision-maker’s practical familiarity with
investments and financial markets. Risk perception
refers to a judgment a financial decision-maker
makes when assessing the severity of risk in the con-
text of environmental conditions.'” Perceptions of
risk are derived through cognitive appraisals.”” Risk
composure refers to an evaluation of what a finan-
cial decision-maker did in the past as an indicator
of what they are likely to do in the future."

The other risk-profiling factor identified by Da-
vies is risk-taking ability, which is sometimes referred
to as risk capacity, ability to bear a loss, and capacity
for loss. In the context of the present study, risk-tak-
ing ability is referred to as risk capaciry, which is spe-
cifically defined as a financial decision-maker’s ability
to withstand probable and unanticipated investment
losses. When conceptualized this way, risk capacity is
an unobserved factor characterized by variables such
as time horizon, wealth status, household income,
and sources of income.”

As noted below, it is hypothesized in this study
that the combination of behavioral loss tolerance and
risk capacity determines, to a great extent, how fi-
nancial and investment decisions are framed and
the manner in which financial decision-makers (and
their financial advisors) develop a risk profile. The
following discussion describes the conceptual frame-
work that was developed to illustrate how behavioral
loss tolerance and risk capacity can be combined to
define a financial decision-maker’s risk profile.
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Conceptual Framework and Hypotheses

Documenting a financial decision-maker’s risk
need, time horizon, and liquidity constraint(s) is the
first step when building a risk profile. A household’s
financial goal is the dominant consideration describ-
ing the risk need.' Some goals may require a house-
hold to allocate investment assets aggressively (i.e.,
increasing returns while increasing price volatility).
Other goals may be accomplished by taking less risk.
Assuming a need to take risk exists, the investment
management process shifts to evaluating the deci-
sion-maker’s time horizon for goal achievement and
their liquidity need(s). When evaluated holistically,
these three factors determine the risk and return pro-
file of a baseline investment or portfolio recommen-
dation. Once the baseline has been established, the
financial decision-maker’s capacity to take a risk and
their behavioral loss tolerance need to be considered.
These two factors work to shift the risk and return
profile of the baseline investment or portfolio recom-
mendation upwards or downwards.

A proposition underlying the research presented
in this article is that to maximize goal achievement,
a financial decision-maker’s risk need, risk capacity,
and behavioral loss tolerance should align. As noted by
Hubble et al., goal achievement is jeopardized whenev-
er the risk need exceeds a financial decision-maker’s ca-
pacity to take the required risk and/or when a financial
decision-maker’s behavioral loss tolerance falls below
what is needed to ensure goal achievement.” In situa-
tions where risk need, risk capacity, and behavioral loss
tolerance are out of alignment, the recommendation
ought to be that the financial goal be revised to align
more closely with each element of the financial deci-
sion-maker’s risk profile.

To evaluate alignment across the risk need, risk
capacity, and behavioral loss tolerance elements, it is
necessary to estimate risk capacity and behavioral loss
tolerance using observed financial decision-maker per-
sonal and household characteristics. As shown in Figure
1, risk capacity can be described using variables such as
wealth status, household income, and other measures
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of household financial stability. Behavioral loss toler-
ance can be inferred through the documentation of a
financial decision-maker’s (a) risk tolerance or risk aver-
sion, (b) risk preference, (c) financial knowledge, (d)
investment experience, (e) risk perception, and (f) risk
composure.

The conceptual framework illustrated in Figure
1 was evaluated and tested to determine whether:
(a) wealth status, household income, and other mea-
sures of household financial stability can be used to
describe a financial decision-maker’s risk capacity;
(b) risk tolerance/aversion, risk preference, financial
knowledge, experience, risk perception, and risk
composure can be used to describe a financial deci-
sion-maker’s behavioral loss tolerance; and (c) risk ca-
pacity and behavioral loss tolerance can be used to
predict subsequent-period financial risk-taking.

In this study, it was assumed that risk capacity
and behavioral loss tolerance are relatively stable over
short periods of time. While it is acknowledged that
wealth status, income, and other measures of house-
hold financial stability can vary across time, it was
determined that during the periods analyzed in this
study, these factors did not change in significant ways
systematically across the sample.”® It was further as-
sumed that the elements describing behavioral loss
tolerance were likewise relatively stable across the pe-
riods of analysis. This assumption matches what has
generally been reported in the literature; namely, how
a financial decision-maker evaluates the riskiness of
choices varies only slightly over short periods.”” These
assumptions lead to a key proposition embedded
in this study: while a separate risk profile can (and
should) be estimated in alignment with each goal,
original source of wealth, and account type, the el-
ements comprising a financial decision-maker’s risk
capacity and behavioral loss tolerance tend to be
relatively stable. As such, rather than develop a risk
profile for each participant in this study based on
their risk need, time horizon, and need for liquidity,
it was assumed that those in the sample were similar
in saving for a long-term funding need, such as accu-
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mulating retirement assets or saving and investing for
another long-term income need. As such, these vari-
ables were not directly tested in this study.”® These
simplifying assumptions allowed for a direct test of
the risk capacity and behavioral loss tolerance mea-
sures as shown in Figure 1. Specifically, the following
hypotheses were tested:

Hypothesis 1: Risk capacity can be inferred
by observing a financial decision-maker’s wealth
status, income, and other measures of household
financial stability.

Hypothesis 2: Behavioral loss tolerance can be in-
ferred through estimates of a financial decision-maker’s
risk tolerance/aversion, risk preference, financial knowl-
edge, experience, risk perception, and risk composure.

Hypothesis 3: Risk capacity and behavioral loss
tolerance can be used to predict subsequent-period
investment choices.

Methods

Data for this study were obtained from a panel
study conducted between October 2020 and March
2021. To correspond to the framework assumptions
and hypotheses, and to standardize the risk need, time
horizon, and need for liquidity across the sample, the
sample was delimited to participants 45 years of age
or older who also indicated being actively engaged in
making household financial and saving/investment de-
cisions (n = 265). Table 1 summarizes the descriptive
profile of those in the sample.”! The following discus-
sion summarizes how the variables of interest were mea-
sured and the way hypotheses tests were conducted.

Risk Capacity

Four variables measured at the first survey were
used to describe risk capacity. Wealth status (WS)
was measured with the following item: “Think about
what you own (assets) and what you owe to others
(debts and liabilities). If you sold everything you own
and paid off all your debts, how much would you have
left over?” Participants were asked to select from the
following five options: (1) It would be a large negative

number; (2) It would be a negative number; (3) Nei-
ther negative or positive ($0); (4) It would be a positive
number; and (5) It would be a large positive number.
The modal response was “It would be a large positive
number.” It was thought that the capacity to take risks
would be higher for those with more net wealth.**
Household income was measured usinga 12-point
ordinal scale with 1 = income less than $10,000 and
12 = more than $150,000. The modal category was
$100,000 to $149,999. Similar to wealth status, it
was assumed that higher income (Income) would be
associated with an enhanced capacity to take a fi-
nancial risk.?? Two measures of household financial

Wealth Status

| Risk Capacity [ Income

— Financial Stability

Risk
Tolerance/Aversion

Risk Profile
|

—  Risk Preference

|| Financial
Knowledge
| | Behavioral Loss | |
Tolerance
Investment
Experience

| Risk Perception

— Risk Composure

JOURNAL OF FINANCIAL SERVICE PROFESSIONALS | SEPTEMBER 2022

59



An Empirical Test of a Financial Decision-Maker Risk-Profile Framework
John E. Grable and Amy Hubble

stability were proxied through homeownership and
contribution to one’s household income. Those who
indicated owning their home (Home) were coded 1,
otherwise 0. Homeowners (82 percent of the sample)
were thought to have an enhanced capacity to take
a risk compared to others.* Contribution to house-
hold income (IncCont) was measured by calculating
the percent of total household income contributed by
the survey participant. Estimates ranged from zero
to 100 percent. A negative association between con-
tribution estimates and risk capacity was anticipated,
with those who reported contributing proportionate-
ly more income to their household financial position
being more likely to exhibit lower risk capacity.

Behavioral Loss Tolerance
Six variables measured at the first survey were
used as indicators of risk tolerance/aversion, risk
preference, financial knowledge, experience, risk per-
ception, and risk composure. Risk tolerance/aversion
[constant relative risk aversion (CRRA)] was assessed
using the following question?:
Suppose you are considering making an investment.
You have a chance to make an investment that will
return either $50,000 or $100,000. Your financial
advisor estimates that the probability of receiving
$50,000 is 50% and the probability of receiving
$100,000 is also 50%. You also learn from your
Jfinancial advisor that shares in this investment are
limited and difficult to obtain. Therefore, the less you
are willing to invest, the lower the chance that you
will be able to participate in the investment. Based
on this information, what is the largest amount of
money you would be willing to pay to participate in
this investment, assuming you had the money?
The following answer choices were provided:
(1) $70,700; (2) $66,667; (3) $63,246; (4) $60,571;
(5) $58,566; (6) $57,083; (7) $55,978; (8) $55,143;
(9) 54,499; and (10) $53,991. These dollar amounts
represent the mathematical certainty equivalent
amounts associated with the question and correspond

to each study participant’s level of CRRA.?® For the

analyses, the variable was reverse coded so that higher
scores represented increased risk tolerance (i.e., low
risk aversion). The mean and standard deviation for
the scale was 3.89 and 1.38, respectively.

Risk preference (Pref) was assessed with the fol-
lowing item: “Given the best- and worst-case returns
of the four investment choices below, which would you
prefer?”: (1) $200 gain best case, $0 gain/loss worst case;
(2) $800 gain best case, $200 loss worst case; (3) $2,600
gain best case, $800 loss worst case; or (4) $4,800 gain
best case, $2,400 loss worst case. The modal response
was “$800 gain best case, $200 loss worst case.”

Investing experience (Exp) was assessed by ask-
ing, “In terms of experience, how comfortable are
you investing in stocks or stock mutual funds?”: (1)
Not at all comfortable; (2) Somewhat comfortable;
or (3) Very comfortable. The modal category was
“Somewhat comfortable.”

Risk perception (Perc) was measured with the
following item: “When you think of the word ‘risk,
which of the following words comes to mind first?”:
(1) loss; (2) uncertainty; (3) opportunity; or (4) thrill.
The modal response category was “uncertainty.”

Risk composure (Comp) was proxied by asking,
“Suppose a relative left you an inheritance of $100,000,
stipulating in the will that you invest all the money in
one of the following choices. Which one would you
selece?” (1) a savings account or money market mutual
fund; (2) a mutual fund that owns stocks and bonds;
(3) a portfolio of 15 common stocks; or (4) commodi-
ties like gold, silver, and o0il.”” The modal category was
“a mutual fund that owns stocks and bonds.” Self-as-
sessed financial knowledge (FK) was determined by
asking, “How knowledgeable are you about personal
finance topics?” Participants were asked to indicate
their knowledge from the following five categories: (1)
not knowledgeable at all; (2) slightly knowledgeable;
(3) moderately knowledgeable; (4) very knowledgeable;
and (5) extremely knowledgeable. The modal category
was “moderately knowledgeable.” Table 1 summarizes
the descriptive profile of the sample and the variables
used in the study.
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Outcome Variable

Financial risk-taking was measured at the second
survey by asking participants to respond to the fol-
lowing question (coded Post Equity Holdings): “Sup-
pose that you were to take a snap-shot of your current
financial position. Approximately what percent of
your total savings and investments are invested in eq-
uities (e.g., stock mutual funds or stocks)?” Responses
ranged from close to zero (suggesting that the partic-
ipant was invested primarily in fixed-income or oth-
er types of assets) to 100 percent (meaning that the
participant held all of their portfolio in equities). The
mean and standard deviation of responses was 37.58
percent and 27.28 percent, respectively.

Methods of Analysis

A structural equation model (SEM) was developed
to represent the conceptual framework. The SEM an-
alytical approach allowed behavioral loss tolerance and
risk capacity, which cannot be directly observed, to be
modeled empirically.”® Figure 2 shows the operation-
alized model. A robustness check of the SEM findings
was undertaken using a regression model where the out-
come variable was the Post Equity Holdings variable.”

FIGURE 2

Operationalization of the Risk-Profiling Framework

Results

Table 1 shows the descriptive statistics for the
variables used in this study. When viewed broadly,
the sample can best be described as comprised of old-
er, higher-income, well-educated, White/Caucasian
homeowning financial decision-makers, which is a
profile of a representative person who is in the prere-
tirement or retirement stage of their life.

Results from the SEM analysis are shown in Fig-
ure 3 and Table 2. The fit indices for the model were
acceptable,®® which provided support for the first and
second hypotheses. Risk capacity was described by a fi-
nancial decision-maker’s wealth, income, income con-
tribution, and homeownership status. Behavioral loss
tolerance was described by a financial decision-maker’s
risk tolerance/aversion, risk preference, financial knowl-
edge, experience, risk perception, and risk composure.
The association between risk capacity and behavioral
loss tolerance (represented by the dual-arrowed line in
the model) was positive and statistically significant (=
40). Additionally, support was found for the third hy-
pothesis, which stated that risk capacity and behavioral
loss tolerance can be used to predict subsequent-period
investment choice (i.e., post equity holdings).

CRRA Pref FK Exp Perc Comp

Behavioral Loss
Tolerance

Income WS IncCont| | Home

Risk
Capacity

Post Equity
Holdings
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TABLE 1

Descriptive Profile of the Sample and
the Model Variables

Variable Mean SD Frequency
Income
Less than $10,000 2%
$10,000 to $19,999 4%
$20,000 to $29,999 6%
$30,000 to $39,999 8%
$40,000 to $49,999 8%
$50,000 to $59,999 8%
$60,000 to $69,999 7%
$70,000to $79,999 6%
$80,000 to $89,999 6%
$90,000 to $99,999 6%
$100,000 to $149,999 22%
More than $150,000 17%
Wealth Status
Large Negative 2%
Negative 5%
Neither Negative 12%
nor Positive
Positive 33%
Large Positive 48%
Contribution to .87 .25
Income
Homeownership
Own Home 82%
Other 18%
Risk Aversion 3.89 1.38
Risk Preference
Very Low 24%
Low 35%
High 34%
Very High %
Financial Knowledge
None 6%
Slightly 15%
Moderately 39%
Very 26%
Extremely 14%
Investing Experience
Not Comfortable 30%
Somewhat Comfortable 46%
Very Comfortable 24%
Risk Perception
Loss 1%
Uncertainty 64%
Opportunity 23%
Thrill 2%
Risk Composure
Savings 36%
Stocks/Bonds 40%
Stocks 15%
Commodities 9%

A key takeaway from the analysis is that risk
capacity, as an unobserved characteristic, can be
described by a combination of observed variables.
Household income, wealth status, and being a home-
owner were found to be descriptive of a financial de-
cision-maker’s risk capacity. The factor coefficient for
the income contribution variable was significant but
negative in describing risk capacity. This means that
risk capacity fell as the proportion of a household’s
income produced by the survey participant increased.
One way to view this relationship is that diversifi-
cation of household income appears to increase risk
capacity. Another takeaway is that risk capacity can
be used to predict subsequent-period investment allo-
cation choices. Those with greater risk capacity were
observed to hold more equities.

Similar takeaways were noted in relation to be-
havioral loss tolerance. Risk aversion, risk preference,
financial knowledge, investment experience, risk per-
ception, and risk composure were found to work in
combination to describe a financial decision-maker’s

TABLE 1 (cont’d.)

Descriptive Profile of the Sample and
the Model Variables

Variable Mean SD Frequency
Gender
Male 57%
Female 43%
Marital Status
Married 63%
Other 371%
Race/Ethnicity
White/Caucasian 1%
Other 29%
Education
High School 14%
Some College 18%
Associate’s Degree 8%
Bachelor's Degree 32%
Graduate/Professional 28%
Risk Capacity 0.18 0.90
Behavioral Loss 0.001 1.01
Tolerance
Equity Holdings 37.58 27.24
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behavioral willingness to engage in behaviors in which
outcomes are uncertain and potentially negative. As
risk aversion fell and risk preference, financial knowl-
edge, experience, risk perception, and risk composure
increased, behavioral loss tolerance increased. Further-
more, higher levels of behavioral loss tolerance were
found to be positively associated with holding a higher
proportion of wealth in subsequent-period equities.

A principal components factor analysis, using Pro-
max rotation, was used to confirm the results from the
SEM. The risk capacity and behavioral loss tolerance
analyses were meaningful (i.e., factor loadings were .40
or higher) with one factor emerging for each variable.
A risk capacity and behavioral loss tolerance variable
was saved for each study participant. These variables
were then included in a robustness check of subsequent
investment behavior using an ordinary least squares
(OLS) regression.”’ The regression included gender,
marital status, race/ethnicity, and education as control
variables. The model shown in Table 3 was statistically
620 = 14.65, p < .001, with the indepen-
dent variables explaining approximately 27 percent of

significant, F

the variance in equity holdings. The regression results
provide additional support for the study’s research hy-

potheses. Additionally, these results indicate that a fi-
nancial decision-maker’s risk capacity and behavioral
loss tolerance, as unobserved factors, appear to be bet-
ter predictors of investment behavior than commonly
used demographic characteristics.

Discussion

The investment decision-making process (as well
as broader financial-decision making procedures)
should be—and generally is—informed by a variety
of personal and household characteristics. While this
insight is generally acknowledged within regulatory
frameworks, in practice, only a few of these charac-
teristics are routinely assessed and used explicitly in
investment and financial decision-making models.
Specifically, financial risk tolerance/aversion is the one
factor that securities markets regulators and licensing
boards require financial advisors to measure and incor-
porate into recommendations made to clients. Nearly
all self-service and automated investing systems also
utilize risk tolerance/aversion assessments as a founda-
tion of investment and financial advice. Other inputs
into the investment and financial decision-making
process tend to be evaluated less formally and incor-

CRRA Pref FK Exp Perc Comp Income WS IncCont| | Home
.97 .63 41 .58 .60 44 .58
Behavioral Loss Risk
Tolerance Capacity
.36
.40
Post Equity
Holdings
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porated into decision-making processes using judg-
ment, experience, and other qualitative techniques.*
Results from this study suggest that the factors
described in this article can be used to explain invest-
ment behavior at the individual and household level.
Based on an assumption of a similar pattern of risk
need, time horizon, and need for liquidity across the
sample, risk-taking capacity was found to be described
by income, wealth status, and financial stability (i.e.,

Path b SE. B

CRRA <---BLT .970%*** 101 .965
Risk Preference <---BLT A25%** .038 .628
Financial Knowledge <---BLT .325%** 048 .406
Investing Experience <---BLT .318*** 032 575
Risk Perception <---BLT .282%%* .027 598
Risk Composure <---BLT .308*** 042 .442
Household Income <---RC .650%** .073 .654
Wealth Status <---RC .285%** .042 656
Income Contribution <---RC -.017* .008 -.147
Homeowner <---RC 107%** .016 .585
Post Equity Holdings <---BLT  7.437*** 1.337 .363
Post Equity Holdings <---RC  3.991*** 989 .325

Notes: ***p<.001 **p<.01 *p<.05
BLT = behavioral loss tolerance; RC = risk capacity

b S.E. B t p
Constant 27.002 6.335 4.262  .000
Behavioral Loss 9.348 1.623 .346 5.761 .000

Tolerance Factor

Risk Capacity Factor 6.964 2105 .229 3.308 .001

Gender (1 =Male) 1.941 3.145  .035 .617 538
Marital Status .081 3.525 .001 .023  .982
(1=Married)

Race/Ethnicity -.935 3.404 -016 -.275 .784
(1=White)

Education 2.076 1198 109 1733  .084
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homeownership status and household income diversifi-
cation). Behavioral loss tolerance was inferred through
descriptions of risk aversion, risk preference, financial
knowledge, investing experience, risk perception, and
risk composure. As unobserved factors, risk capacity
and behavioral loss tolerance were found to predict sub-
sequent period investment choices. Specifically, those
in the sample who exhibited a greater risk capacity and
a greater behavioral loss tolerance were more likely to
hold a larger proportion of their investment portfolio in
equities compared to others in the sample.

Conclusion

Using panel data collected in the United States
between October 2020 and March 2021, this study
shows that a financial decision-maker’s risk capacity
and behavioral loss tolerance can be estimated and
that these estimates can be used to build a risk profile
that can then be used to describe investment behavior.
It was determined that those who exhibit more great-
er risk capacity and behavioral loss tolerance are more
likely to hold a larger proportion of their portfolio in
equities compared to other financial decision-mak-
ers. While the findings from this study advance the
risk-taking, risk-profiling, and investment manage-
ment literature in meaningful ways, it is important to
place the results in the context of study limitations.
It is worth noting that while the sample represented
what one might consider to be a typical preretirement
or retired financial decision-maker, the sample was not
nationally representative. This means that results de-
rived from the tested framework may have been differ-
ent had a larger representative sample been used. This
possibility is worthy of future study. Additionally,
some of the items used as indicators of the factors com-
prising the risk capacity and behavioral loss tolerance
factors may have been weak proxies for these concepts.
Future studies are needed to derive specific measures
for each variable used in this study. Also, additional re-
search is needed to further refine and standardize what
is meant by the term risk profile and how investors,
financial decision-makers, and their financial advisors
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can apply risk-profiling techniques in practice.

Nonetheless, findings from this study provide sup-
port for the use of risk profiles. The reliance on risk
tolerance/aversion as the primary objectively measured
input into investment and financial decision-mak-
ing models has resulted in a proliferation of compet-
ing models, frameworks, and definitional constructs
around the notion of what other personal and house-
hold characteristics should be assessed and how these
factors should be combined. While there is a consensus
that investment and other financial decisions should
be guided by a financial decision-maker’s willingness
and capacity to take a risk,*® the manner in which
willingness and capacity are measured and combined
varies by investor and financial advisor. For example,
some financial advisors rely on stated-preference items,
propensity scales, or revealed-preference tests to mea-
sure risk tolerance/aversion. There is no uniformity or
regulatory prescription in this regard. Similarly, some
financial advisors use a financial decision-maker’s time
horizon, wealth status, or current income as proxies for
risk capacity. It is the opaqueness of standards, rules,
and procedures related to conceptualizing risk profiles
that prompted the current study. It is hoped that the
results from this study, and the corresponding dis-
cussion, will stimulate additional discussions among
interested stakeholders to clarify and possibly codify
what is meant by the term “risk profile.” Il

Note: This research did not receive any specific
grant from funding agencies in the public, commercial,
or not=for-profit sectors.
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