
Ryan O. Murphy, Ph.D. 

Global Head of Behavioral Insights 

Morningstar

How Financial Advisors Can 
Support Clients Through Market 
Volatility and Uncertainty 

March 2026





Financial Advisors must face challenging market 
environments alongside their clients. In fact, 
helping clients withstand uncertain markets is one 
of the most valuable services an advisor provides.



In our research, we develop a grounded approach for 
guiding clients through rocky markets. We captured 
the experiences of top advisors who have guided 
clients through uncertainty. By collecting their 
experiences and lessons we have extracted insights 
you can use with your own clients.



But there are some problems…





Feelings are associated with ups and downs (loss aversion)

Distractions are abundant
Your brain is a pattern recognition system (in overdrive)













The more often people look 

the more volatility people see 
(and feel, and maybe act on) 

Loss aversion amplifies this



Time

A long view on markets



Time
Visual displays are for expository purposes only.

What you can do about it (before it happens)



26 years 
from now

Now Time
Visual displays are for expository purposes only.
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Visual displays are for expository purposes only.

Control the x-axis

Reframe people’s attention on the proper timescale

What you can do about it (before it happens)
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There is a disconnect in the literature between analyses of risky choice based on cumulative prospect theory
(CPT) and work on predecisional information processing. One likely reason is that for expectation models
(e.g., CPT), it is often assumed that people behaved only as if they conducted the computations leading to the
predicted choice and that the models are thus mute regarding information processing. We suggest that key
psychological constructs in CPT, such as loss aversion and outcome and probability sensitivity, can be
interpreted in terms of attention allocation. In two experiments, we tested hypotheses about specific links
between CPT parameters and attentional regularities. Experiment 1 used process tracing to monitor partici-
pants’ predecisional attention allocation to outcome and probability information. As hypothesized, individual
differences in CPT’s loss-aversion, outcome-sensitivity, and probability-sensitivity parameters (estimated
from participants’ choices) were systematically associated with individual differences in attention allocation
to outcome and probability information. For instance, loss aversion was associated with the relative attention
allocated to loss and gain outcomes, and a more strongly curved weighting function was associated with less
attention allocated to probabilities. Experiment 2 manipulated participants’ attention to losses or gains, causing
systematic differences in CPT’s loss-aversion parameter. This result indicates that attention allocation can to
some extent cause choice regularities that are captured by CPT. Our findings demonstrate an as-if model’s
capacity to reflect characteristics of information processing. We suggest that the observed CPT–attention links
can be harnessed to inform the development of process models of risky choice.

Keywords: process tracing, cumulative prospect theory, risky choice, individual differences, attention
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In 1654, an exchange of letters on gambling problems between
French mathematicians Blaise Pascal and Pierre Fermat gave rise to
the concept of mathematical expectation (Hacking, 1984). A decision
under risk was thought to be rational if it maximized the decision
maker’s expected value (EV). In modern notation, EV is defined as

EV ! !
i!1

n

pixi, (1)

where pi and xi are the probability and the amount of money, respectively,
associated with each possible outcome (i ! 1 . . ., n) of that option.

It soon became clear that people’s actual decisions violate the
predictions of EV theory (e.g., the St. Petersburg paradox). Modifi-
cations of EV theory were proposed to account for these violations.
For instance, objective amounts of money were replaced by subjective
utilities (expected utility [EU] theory; Bernoulli, 1738/1954) or ob-
jective probabilities by subjective ones (Savage, 1954). Formally, these
modifications were implemented by introducing functions with adjust-
able parameters that denote by how much the objective magnitudes are
distorted when transformed into their subjective counterparts. For in-
stance, in EU theory, the subjective value of an option can be defined as

Thorsten Pachur, Center for Adaptive Rationality, Max Planck Institute for
Human Development, Berlin, Germany; Michael Schulte-Mecklenbeck, De-
partment of Business Administration and Consumer Behavior, University of
Bern, and Center for Adaptive Rationality, Max Planck Institute for Human
Development; Ryan O. Murphy, Morningstar, Chicago, Illinois; Ralph
Hertwig, Center for Adaptive Rationality, Max Planck Institute for Human
Development.

Author contributions were as follows: Conceptualization: Thorsten
Pachur, Michael Schulte-Mecklenbeck, Ryan O. Murphy, and Ralph
Hertwig; methodology: Thorsten Pachur and Michael Schulte-Mecklen-
beck; software: Michael Schulte-Mecklenbeck; analysis– descriptives:
Thorsten Pachur and Michael Schulte-Mecklenbeck; analysis–model-
ing: Thorsten Pachur; writing of the original draft: Thorsten Pachur and

Michael Schulte-Mecklenbeck; reviewing and editing the manuscript:
Thorsten Pachur, Michael Schulte-Mecklenbeck, and Ralph Hertwig.

Results reported in this article were presented at the 55th Annual Meeting
of the Psychonomics Society, Long Beach, CA, and at the 33rd Annual
Meeting of the Society for Judgment and Decision Making, Minneapolis, MN.
The data presented herein have not been published previously via written
manuscripts, e-mail listservs, or conference proceedings. We thank Susannah
Goss for editing the article. The raw data of the experiments reported, as well
as further analyses, are available in the supplementary materials for this article.

Correspondence concerning this article should be addressed to Thorsten
Pachur, Center for Adaptive Rationality, Max Planck Institute for Human
Development, Lentzeallee 94, 14195 Berlin, Germany. E-mail: pachur@
mpib-berlin.mpg.de

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

Journal of Experimental Psychology: General © 2018 American Psychological Association
2018, Vol. 147, No. 2, 147–169 0096-3445/18/$12.00 http://dx.doi.org/10.1037/xge0000406

147

space. It separates the curvature of the probability weighting
function from its elevation (e.g., Gonzalez & Wu, 1999) and is
defined as follows:

w! " #!p$!

#!p$!
! (1 % p)$! for x

w% " #%q$%

#%q$%
! (1 % q)$% for y,

(6)

with !" and !# (both &0) governing the curvature of the weight-
ing function in the gain and loss domains, respectively. Lower
values on !" and !# indicate greater curvature and thus lower
sensitivity to probabilities. The parameters $" and $# (both &0)
govern the elevation of the weighting function for gains and losses,
respectively, and are often interpreted as indicating the degree of
optimism or pessimism (e.g., Gonzalez & Wu, 1999). We esti-
mated a single ! parameter across gains and losses (i.e., !" % !#)
because probability sensitivity is typically found to be very similar
across domains (Fox & Poldrack, 2014; Glöckner & Pachur, 2012;
Tversky & Kahneman, 1992). In contrast, because, for instance, a
high value on the elevation parameter implies opposite risk atti-
tudes in the gain and loss domains (optimism vs. pessimism), we
estimated this parameter separately for gains and losses. In a model
comparison, this partly constrained implementation of CPT has
been shown to outperform the unconstrained one (Pachur & Kel-
len, 2013). The right panel of Figure 2 depicts probability-
weighting functions for different values of the ! and $ parameters.

To derive predicted choice probabilities from CPT, we used an
exponential version of Luce’s choice rule (also known as softmax
or logit function), which defines the probability that a gamble A is
chosen over a gamble B as

p(A, B) " 1
1 ! e%'[V(A)%V(B)] , (7)

where & (&0) is a scaling (or choice-sensitivity) parameter. With
a higher &, the probability of choosing the gamble with the higher
V approaches 1; with & % 0, choices are random.

In this implementation, CPT has six adjustable parameters (see
Equations 3–7): outcome sensitivity ('), loss aversion ((), prob-
ability sensitivity (!), separate elevations for gains ($") and losses
($#), and scaling (&). The parameters were estimated for each
participant, separately for the two sessions, using a hierarchical
Bayesian approach (Nilsson et al., 2011; Scheibehenne & Pachur,
2015). In Bayesian parameter estimation, parameter estimates are
initially represented in terms of prior distributions and then up-
dated into posterior distributions based on the observed data. The
advantage of a hierarchical approach is that individual parameters
are partially pooled through group-level distributions, thus yield-
ing more reliable estimates than does the traditional, nonhierarchi-
cal approach. The priors for the parameters on the individual level
were set to distributions spanning a reasonable range that excluded
theoretically impossible values but included parameter values
found in previous research. Specifically, the ranges were 0–5 for
&, (, $", and $# and 0–2 for ' and !. The group-level parameters
were linked with the individual level (assuming normal distribu-
tions on both levels) through probit transformations (see Rouder &
Lu, 2005; Scheibehenne & Pachur, 2015). This transformation
yields a range from 0 to 1 on the individual level. To extend the
range of these distributions from 0 to 5 for &, (, $", and $# and
from 0 to 2 for ' and !, we interposed an additional linear linkage
function. All hierarchical group-level means were assumed to be
normally distributed with a mean of 0 and a variance of 1. The

Figure 2. Cumulative prospect theory’s value function for different values of the outcome-sensitivity (') and
loss-aversion (() parameters (left) and the probability-weighting function for different values of the probability-
sensitivity (!) and elevation ($) parameters (right).
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where pi and xi are the probability and the amount of money, respectively,
associated with each possible outcome (i ! 1 . . ., n) of that option.

It soon became clear that people’s actual decisions violate the
predictions of EV theory (e.g., the St. Petersburg paradox). Modifi-
cations of EV theory were proposed to account for these violations.
For instance, objective amounts of money were replaced by subjective
utilities (expected utility [EU] theory; Bernoulli, 1738/1954) or ob-
jective probabilities by subjective ones (Savage, 1954). Formally, these
modifications were implemented by introducing functions with adjust-
able parameters that denote by how much the objective magnitudes are
distorted when transformed into their subjective counterparts. For in-
stance, in EU theory, the subjective value of an option can be defined as

Thorsten Pachur, Center for Adaptive Rationality, Max Planck Institute for
Human Development, Berlin, Germany; Michael Schulte-Mecklenbeck, De-
partment of Business Administration and Consumer Behavior, University of
Bern, and Center for Adaptive Rationality, Max Planck Institute for Human
Development; Ryan O. Murphy, Morningstar, Chicago, Illinois; Ralph
Hertwig, Center for Adaptive Rationality, Max Planck Institute for Human
Development.

Author contributions were as follows: Conceptualization: Thorsten
Pachur, Michael Schulte-Mecklenbeck, Ryan O. Murphy, and Ralph
Hertwig; methodology: Thorsten Pachur and Michael Schulte-Mecklen-
beck; software: Michael Schulte-Mecklenbeck; analysis– descriptives:
Thorsten Pachur and Michael Schulte-Mecklenbeck; analysis–model-
ing: Thorsten Pachur; writing of the original draft: Thorsten Pachur and

Michael Schulte-Mecklenbeck; reviewing and editing the manuscript:
Thorsten Pachur, Michael Schulte-Mecklenbeck, and Ralph Hertwig.

Results reported in this article were presented at the 55th Annual Meeting
of the Psychonomics Society, Long Beach, CA, and at the 33rd Annual
Meeting of the Society for Judgment and Decision Making, Minneapolis, MN.
The data presented herein have not been published previously via written
manuscripts, e-mail listservs, or conference proceedings. We thank Susannah
Goss for editing the article. The raw data of the experiments reported, as well
as further analyses, are available in the supplementary materials for this article.

Correspondence concerning this article should be addressed to Thorsten
Pachur, Center for Adaptive Rationality, Max Planck Institute for Human
Development, Lentzeallee 94, 14195 Berlin, Germany. E-mail: pachur@
mpib-berlin.mpg.de

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

Journal of Experimental Psychology: General © 2018 American Psychological Association
2018, Vol. 147, No. 2, 147–169 0096-3445/18/$12.00 http://dx.doi.org/10.1037/xge0000406

147

space. It separates the curvature of the probability weighting
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with !" and !# (both &0) governing the curvature of the weight-
ing function in the gain and loss domains, respectively. Lower
values on !" and !# indicate greater curvature and thus lower
sensitivity to probabilities. The parameters $" and $# (both &0)
govern the elevation of the weighting function for gains and losses,
respectively, and are often interpreted as indicating the degree of
optimism or pessimism (e.g., Gonzalez & Wu, 1999). We esti-
mated a single ! parameter across gains and losses (i.e., !" % !#)
because probability sensitivity is typically found to be very similar
across domains (Fox & Poldrack, 2014; Glöckner & Pachur, 2012;
Tversky & Kahneman, 1992). In contrast, because, for instance, a
high value on the elevation parameter implies opposite risk atti-
tudes in the gain and loss domains (optimism vs. pessimism), we
estimated this parameter separately for gains and losses. In a model
comparison, this partly constrained implementation of CPT has
been shown to outperform the unconstrained one (Pachur & Kel-
len, 2013). The right panel of Figure 2 depicts probability-
weighting functions for different values of the ! and $ parameters.

To derive predicted choice probabilities from CPT, we used an
exponential version of Luce’s choice rule (also known as softmax
or logit function), which defines the probability that a gamble A is
chosen over a gamble B as

p(A, B) " 1
1 ! e%'[V(A)%V(B)] , (7)

where & (&0) is a scaling (or choice-sensitivity) parameter. With
a higher &, the probability of choosing the gamble with the higher
V approaches 1; with & % 0, choices are random.

In this implementation, CPT has six adjustable parameters (see
Equations 3–7): outcome sensitivity ('), loss aversion ((), prob-
ability sensitivity (!), separate elevations for gains ($") and losses
($#), and scaling (&). The parameters were estimated for each
participant, separately for the two sessions, using a hierarchical
Bayesian approach (Nilsson et al., 2011; Scheibehenne & Pachur,
2015). In Bayesian parameter estimation, parameter estimates are
initially represented in terms of prior distributions and then up-
dated into posterior distributions based on the observed data. The
advantage of a hierarchical approach is that individual parameters
are partially pooled through group-level distributions, thus yield-
ing more reliable estimates than does the traditional, nonhierarchi-
cal approach. The priors for the parameters on the individual level
were set to distributions spanning a reasonable range that excluded
theoretically impossible values but included parameter values
found in previous research. Specifically, the ranges were 0–5 for
&, (, $", and $# and 0–2 for ' and !. The group-level parameters
were linked with the individual level (assuming normal distribu-
tions on both levels) through probit transformations (see Rouder &
Lu, 2005; Scheibehenne & Pachur, 2015). This transformation
yields a range from 0 to 1 on the individual level. To extend the
range of these distributions from 0 to 5 for &, (, $", and $# and
from 0 to 2 for ' and !, we interposed an additional linear linkage
function. All hierarchical group-level means were assumed to be
normally distributed with a mean of 0 and a variance of 1. The

Figure 2. Cumulative prospect theory’s value function for different values of the outcome-sensitivity (') and
loss-aversion (() parameters (left) and the probability-weighting function for different values of the probability-
sensitivity (!) and elevation ($) parameters (right).
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You can help overcome people’s loss aversion 
by changing what they pay attention to.
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Control the x-axis

What you can do about it (before it happens)

Reframe people’s attention on the proper timescale
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Contextualize 
volatilit

What you can do about it (before it happens)
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26 years 
from now

Now Time

Goal

Visual displays are for expository purposes only.

Keep goals front 
and centerWhat you can do about it (before it happens)

Being an investor is hard and unnatural 
given how brains are wired.  It requires 

patience (delayed gratification by putting 
resources away) and embracing 

irreducible uncertainty (risk and reward)
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26 years 
from now

Now Time

Goal

Visual displays are for expository purposes only.

Help clients set realistic 
expectations 

(turbulence is expected)

What you can do about it (before it happens)
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

˛˛

Goal
Visualize uncertainty and 

remind clients that enduring 
unknowns is an inherent part 

of investing

What you can do about it (before it happens)
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Goal
There are always 

ups and down

What you can do about it (before it happens)

“We not only accept this volatility but 
welcome it: A tolerance for short-term 
swings improves our long-term 
prospects.” 

—Warren Buffet
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Goal

“Look at market fluctuations as your 
friend rather than your enemy; profit 

from folly rather than participate in it.”  
—Warren Buffet

There are always 
ups and down

What you can do about it (before it happens)
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Goal

k k k

Contributions

Help people focus 
on what they can 

control

What you can do about it (before it happens) Help people 
focus on 

what matters
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26 years 
from now

Now Time
Visual displays are for expository purposes only.

Goal

k k k

What you can do about it (before it happens)

If one has their "Why?" of life, they 
can bear almost any “How?" 

—Nietzsche

Help people 
focus on 

what matters



Distractions are abundant and we are wired for being distracted 

Thin slicing leads to greater perceived volatility  (fewer ups, more downs) 

In markets, risk is generally rewarded (but it can take a long time to play out 
and markets don’t evolve in a straight line) 

Reframe investing as g   al-seeking activity over the long-term 

30

Big points so far

L o s s  A v e r s i o n
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Morningstar Advisor Panel 

Asked about their experiences with clients regarding volatility  

47 established financial advisors (US, CA, UK, AUS, SA) 

Mean age of 50, average of 19 years of experience 

Average of about $250M-$500M AUM 

Study details

How Financial Advisors 
Can Support Clients 
Through Market Volatility

B E H A V I O R A L  R E S E A R C H

Learnings from a panel of 
Financial Advisors

Date: 9/8/2025



Not      there will be a recession/downturn…

32

Basic expectation management (good portfolios, 
over the long run, lose money about 4-5 months 
every year).  That’s normal.

Before- Education and inoculation

Pre-commit- when there is a downturn, 
what are we going to do?

if
…but how many.

Volatility is the ticket to ride and there is an 
opportunity to foster a contrarian mindset

Help people understand what their 
anticipated volatile will looked like and 
remind them this is normal.

“Be fearful when others are greedy, and 
greedy when others are fearful.” 
-Warren Buffet
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Who reaches out

During volatility

Y
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What do they talk about

Y

During volatility
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What do they feel

During volatility
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What advisors can do

During volatility
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What advisors have 
learned to do differently 
given their experiences

After volatility



Volatility and uncertainty are inherent parts of investing

Inoculate, Reframe, Refocus, Assuage, and Adapt 



Advisors (not clients) initiate most volatility conversations, highlighting the value of proactive interventions 

Clients focus on market mechanics and portfolio impact—but rarely on opportunities or long‑term goals, 
revealing a need for advisors to foster contrarian thinking and goal‑based framing during volatility 

Advisors who rely on decision‑making support and market education, and those incorporating behavioral 
coaching, see more opportunistic (and less reactive) clients 

Experienced advisors shift from investment management toward communication, reassurance, and coaching 

Developing a repeatable process for volatility conversations strengthens client outcomes and practice 
consistency, helping advisors scale their major value effectively

39

Support Clients Through Market Volatility and Uncertainty 
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