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a b s t r a c t

The mediated risk models of decision making under conditions of risk propose that individuals’
recent experiences of investments can lead to them making investment switching decisions that
would be different to those based on their long term risk preferences. This study used the medoids
clustering algorithm applied to a large, novel, dataset to identify four statistically significant patterns
of switching behaviour based on the dimensions highlighted by this body of theory. Individual
decision makers exhibit three consistent patterns or archetypes of risk-seeking (termed ‘assertive’), loss
aversion (termed ‘anxious’) and risk aversion (termed ‘avoider’) behaviour over most time periods. Each
consistent behaviour pattern is, however, susceptible to temporary deviations from ‘normal’ behaviour.
Loss averse investors are on occasion drawn into both risk averse and risk seeking behaviour. Similarly,
risk seeking investors are sometimes drawn into both loss averse and risk averse switching behaviour.
This provides evidence to support the mediated perspective on risk-based decision-making behaviour
and demonstrates the viability of this machine learning-based method for segmenting investors from
a financial advice, marketing, and communications perspective.
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1. Introduction

Investors face many difficult challenges on their journey to
heir desired investment outcome. Staying committed to a course
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of action that is objectively most likely to give the best chance of
achieving a desired investment outcome can be very difficult in
a risky context. As pointed by Hansen (2019), the requirements
of rationality in this environment are complex and onerous from
a computational perspective. The assumption of rationality re-
quires people to formulate their beliefs according to the rules
of logic and update them using objective metrics such as Bayes
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ule as new information arrives (Gilboa and Schmeidler, 1993).
escriptive models of human behaviour differ in multiple ways
owever from the various models of epistemic rationality that
ave been proposed to date (see, for example, Von Neumann and
orgenstern (1947)). The bounded rationality approach (Simon,
955) builds on the fact that our limited attention span and
nformation processing capability make accurate belief forma-
ion particularly challenging. Humans struggle to correctly assess
xpected value, for example, which is a probability weighted
verage of a mathematical outcome (Li and Chapman, 2009). A
eview of actual investor behaviour suggests that they are not
lways very good at making typical investment decisions such
s switching between investment funds that are available to
hem. The term ‘the behaviour gap’ (Dalbar, 2008; Kinnel, 2020)
r ‘the behaviour tax’ (Nixon et al., 2019) refers to investors’
aking switches between investment options that often results

n lower returns which can negatively affect investors’ ability
o reach their desired financial goals. A significant body of evi-
ence exists that self-sabotaging behaviour along the investment
ourney leads to lower investment returns, both globally (Dalbar,
008; Kinnel, 2020) and in South Africa (Nixon et al., 2019).
olatile investment environments can prompt powerful emo-
ional responses and the observed switches of investors between
nvestment solutions suggests that investors appear to trade off
urrent emotional comfort for future investment returns (Nixon
t al., 2019).
The key objective of this research is, therefore, to better un-

erstand South African investors’ risk behaviour from both a
heoretical and empirical context. This is done by firstly iden-
ifying the relevant variables that should contextualise investor
isk behaviour in both the short and long run. Unsupervised
achine learning techniques are then used in the classification
f the investment switching behaviour of South African investors
hat aims to identify groups with internally similar patterns of
nvesting behaviour based on these selected dimensions.

This study is novel firstly, in that it uses a new, large dataset of
bserved switching behaviour and, secondly, it uses an automated
ategorisation algorithm to analyse the risk behaviour of these
nvestors. It also provides an indirect test of the predictions of
he mediated model of risk decision making.

The study is based on a novel dataset of from the Momentum
ealth Linked Investment Services Platform (LISP). It includes
5,199 investors who made over 130,000 investment switches
n a period of nearly 16 years of behaviour (January 2006 to
ctober 2021). A thorough cleaning of the switch behaviour data
as performed and nearly 125,000 separate investment switch
ransactions were identified. This study represents the first of its
ind in a South African context that analyses risk behaviour over
uch an extended period using such an extensive dataset. This
ataset’s size brings credibility and robustness to the findings of
he study.

The findings of this paper are firstly, different groups of in-
estors exhibit statistically significant heterogeneous patterns of
nvestment switching behaviour. Secondly, short term events do
way them from their usual patterns of behaviour. These short
erm deviations are also positively correlated with their worst
ehaviour tax experiences.
The approach adopted in this paper provides a framework for

dentifying different market segments and can be used as a basis
or engaging with these clients to ensure that they have the best
hance of reaching their investment goals. The challenge of this

atter goal is not explored in this paper.

2

2. Literature review

The study examines risk behaviour in the context of the in-
vestment switching decision. As explained in the next section,
investment switching is the decision to switch from one in-
vestment fund to another within an individual decision maker’s
portfolio. This decision is risky in the sense that the future wealth
associated with both the current and the new investment fund
are not known.

Fig. 1 presents an overview of the relevant body of literature
to this study. The focus is the risk behaviour in the context of
investment switches (Sitkin and Weingart, 1995).

The fundamental thesis behind this study is that observed risk
behaviour is the result of the interaction between two related, but
conceptually separate, factors. Firstly, decision makers have long
term preferences towards risk associated with their personality
(their ‘risk preferences’). This reflects the contributions of Ex-
pected Utility Theory (EUT) in its many forms (starting with Von
Neumann and Morgenstern (1947)). Secondly, their perception of
risk is determined by external factors that vary in the short term
(their ‘risk propensity’). This latter factor was proposed by Sitkin
and Pablo (1992), building on key contributions by Kahneman and
Tversky commonly called Prospect Theory (PT) (see Kahneman
and Tversky (1979), Tversky and Kahneman (1992)).

Risk preferences are represented on the long term half of the
diagram as they are assumed to be relatively stable in nature due
to them being a function of personality traits (Boyle, 2008; Costa
and McCrae, 2011; Van Raaij, 2016). It is important to consider
these as the baseline for risk behaviour as the empirical contribu-
tion referred to in the right half of Fig. 1 has shown that investors
can deviate significantly from these long term risk preferences,
depending on factors that vary in the short run. Tanaka et al.
(2019) point out that, much like physical or psychological trauma
can cause a shift in our personality, so can short term financial
shocks can alter the behaviour linked with our risk preferences.
As risk preferences are relatively constant behaviour will revert
to ‘normal’ as the effects of these shocks fade over time. Those
who are extroverted by nature, for example, have been shown to
be risk seeking (Van Raaij, 2016).

Shifting attention to the right-hand column of the diagram,
there are two key models that have extended the long term
preferences approach of EUT to include a role for risk perception.
These are called mediated models in this study as they propose
the presence of factors in the decision making process that medi-
ate between the long term stable risk preferences and the effects
of the volatile short term environment on the perception of risk
by decision makers.

Prospect Theory (PT) showed that perceptions of risk are fun-
damentally different when viewed in the frame of losses vs.
gains. The prescriptions of PT and EUT are aligned in the do-
main of relative gains, but PT adds the domain of losses to
explain the observed contradictory behaviour of decision makers
seeking out risk to avoid (further) losses. This widely accepted
body of work highlights that the way people perceive risk may
result in behaviours that are rooted in cognitive processing er-
rors (such as problem framing, highlighted by PT) as well as
emotional reactions (such as loss aversion, also highlighted by
PT) to market stimuli. It showed that risk behaviour is more
complicated than originally anticipated by EUT. Risk perceptions
can result in switch behaviour that is contrary to the long term
risk preferences of the decision makers.

Sitkin and Pablo (1992) cite empirical work that clearly shows
validated contradictions of both EUT as well as PT. They build
on PT with the key assertion that a further mediating factor is
necessary to better understand risk behaviour. They label their
proposed mediating variable ‘risk propensity’ and propose that
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Fig. 1. The theoretical framework for risk behaviour used in this study.
risk behaviour is significantly affected by an investor’s outcome
experience. In other words, an individual’s risk perception is
directly affected by their past investment performance (which
varies in the short term). The impact of risk propensity in the
investment space was clearly demonstrated by the empirical
work of Weber and Milliman (1997). They tested whether a
decision maker’s perception of risk is impacted by recent winning
and losing outcomes. By controlling the recent investment return
experience (the proportion of gains or losses) of participants in
a stock market investment game they were able to influence the
risk perception of the participants. These participants perceived
there to be different levels of risk of the (same) game depending
on what their experience of wins or losses were. Participants
viewed there to be less risk when experiencing investment gains.
This led to risk-seeking behaviour (contrary to the tenets of both
EUT and PT respectively). Losing created the perception of greater
risk that results in risk aversion in the domain of losses (contrary
to PT).

In summary, EUT considers people to be generally and con-
sistently risk averse. PT showed that humans are more complex
than this and that the context of the risk behaviour is important
in understanding their risk behaviour. Risk propensity models
(Sitkin and Pablo, 1992) demonstrated that outcome experience
can also assist in explaining behaviour contrary to both EUT and
PT. According to this approach the perception of risk diminishes
in the face of investment gains and intensifies when confronted
with successive losses.

The risk mediated approach is important as it informs the
design of the clustering framework that needs to capture all
possible investment risk behaviour over the timeframe of the
study. Investor risk behaviour should clearly show a long term
and dominant risk preference that decision makers may deviate
from as risk perception changes in the short term according to the
mediated models discussed above. Switching their investment to
a riskier alternative may be driven by an attempt to eliminate
painful investment losses (explained by PT) or decreasing risk
perception (explained by the mediated model of risk propensity).
These insights were reflected in both the design of the variables
used in the clustering study and the results of this study.
3

3. Data and clustering methodology

This paper builds on work that was published in the Mo-
mentum Investments White Paper (Nixon et al., 2019) that in-
vestigated value eroded by 17,994 South African investors in
discretionary unit trusts over a decade (2008–2018) on the Mo-
mentum Wealth linked investment service platform (LISP) from
investment switching decisions. The dataset Nixon et al. (2019)
study was extended to include all investor switch transactions
from January 2006 until the 1st of October 2021 and included
just under 125,000 switch transactions from 35,199 Momentum
Wealth LISP clients over this period.

These investors and their investment switches were identi-
fied after an extensive and thorough data cleaning exercise. The
rule-based system that was applied is as follows:

(1) Criteria for inclusion into the study

(a) Only investors in discretionary unit trusts were con-
sidered (Momentum Flexible Investment Option).
The reason was that discretionary unit trusts likely
present an investment product where values are
checked more frequently and so would capture risk
perception better than a retirement product for ex-
ample.

(b) An investor needed to make at least one qualifying
‘‘behavioural switch’’ to be included in the study.

(2) Exclusions from the study

(a) Switch transactions between fund fee classes. Unit
trust funds have different classes that reflect differ-
ent pricing structures such as an institutional class
versus retail class for example where the former
receives preferential pricing to account for the sheer
scale of assets. Switch from in the fee classes of the
same equity fund were excluded from the dataset.

(b) Transactions deemed to be ‘‘phasing in’’ to the mar-
ket were ignored. For example, where a money mar-
ket account is bought initially and gradually liqui-
dated over three months to buy higher risk funds.
This was deemed a deliberate strategy agreed to



P. Nixon and E. Gilbert Journal of Behavioral and Experimental Finance 36 (2022) 100757

3

v
t
t
i
s
s

h
n
c
i
c
b

s

t
t
f
o
r
b
p
s
u
t

Table 1
Data extract used in the cluster analysis.

(A) (B) (C) (D) (E) (F)
Investor Performance chased Average risk Risk difference Chasing past

performance > 2%
Neutral (within −2%
to +2%)

Worse past
performance < −2%

PP021133544 −5.9296% 6.3333 (5.00) 0 0 1
PP021058363 2.7094% 4.7500 3.50 1 0 0
PP020484974 0.5034% 6.2222 0.17 0 1 0
PP021345795 −1.7978% 6.6667 (2.50) 0 1 0
PP022148281 2.2656% 7.8333 (1.00) 1 0 0
PP021974611 6.2433% 6.0000 3.67 1 0 0
PP022048303 −6.9552% 5.8333 (4.25 0 0 1
PP021878505 2.5858% 4.1000 1.00 1 0 0
PP020203886 1.4511% 5.3750 0.17 0 1 0
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in advance between adviser and client. Similarly
switches relating to ‘‘phasing out’’ of the market
were excluded.

(c) Investors with clear data errors were excluded. This
was extremely infrequent (≈0.1%) and included
anomalies where initial investor values were nega-
tive for example.

.1. Return measures

The mediated model of risk preferences discussed in the pre-
ious section predicts that past returns of funds and their substi-
utes will influence investors’ switching decisions. To incorporate
his into the analysis it is necessary to account for the difference
n the levels of past returns between the two funds that were
witched — this is called the ‘performance chased’ variable in this
tudy.
Both the level of (average) performance chased, as well as

ow many times the investor chased this past performance (or
ot) is recorded. It was also necessary to record the second as a
ategorical variable to account for investors who are switching
n both directions. This would cause their average performance
hased value across all their switches to be lower than it should
e.
The following return-related variables were tracked in the

tudy:

(1) Average performance chased: the 12-month past perfor-
mance of funds switched to minus 12-month past perfor-
mance of funds switched from.

(2) The percentage of switches chasing better levels of relative
past performance if average performance chased > +2%
p.a.

(3) The percentage of switches to similar levels of relative past
performance if average performance chased is within −2%
p.a. to 2% p.a.

(4) The percentage of switches to worse levels of past perfor-
mance if average performance chased is < −2% p.a.

When combined with the (relative) risk variables (see below)
he last three variables listed above provide an opportunity to dis-
inguish those investors seeking to up-risk their portfolios in the
ace of losses (as predicted by PT) from those investors in search
f prospects with better past performance as their perception of
isk decreases from positive investment outcomes (as predicted
y the risk propensity model). Finally, it is possible that as their
erception of risk rises with negative past outcomes, they may
eek prospects with worse past relative performance which are
sually offered in safer assets. This will be covered by assessing

he relative risk of the funds involved in a switch.

4

.2. Risk variables

To assess whether investors are increasing or decreasing over-
ll risk levels of their portfolios it was necessary to create a scale
o evaluate the existing risk level of every unit trust listed on
he Momentum Wealth platform. The Momentum Investments
utcome-Based Investing (OBI) funds have real return targets of
PI + 2% through to CPI + 6%. Mapping all funds on the platform
o the nearest asset allocation of the OBI funds provided a scale
o assess whether the investor is selecting a different level of risk
n their switch. An investment risk rating from a scale of 3–8 was
pplied to all funds that were included in the switching analysis
s follows:

• CPI + 2% = low risk — Investment Risk rating of 3
• CPI + 4% = medium risk — Investment Risk rating of 5
• CPI + 6% = high risk — Investment Risk rating of 7
• Pure equity, property funds and all offshore funds are clas-

sified as the highest risk category — Investment Risk rating
of 8

he risk side of the switching decision was accounted for by
onsidering:

(1) The average risk rating level of the investor’s current port-
folio at the time of the switch — this will provide an
indication of the investor’s current risk preference.

(2) The average change in this risk rating for each investment
switch — this is calculated as the risk rating of the portfolio
switched from less the risk rating of the portfolio switched
to.

n example of the dataset used in the clustering analysis is
resented in Table 1.

.3. Range of data types used in the clustering analysis

It is important to recognise that a range of types of data were
sed in the clustering analysis. The variables relating to columns
to C in Table 1 are numerical and continuous in nature. Columns
to F however represents categorical data that is nominal by

ature. Data is therefore a combination of both numerical and
ategorical data types.

.4. Selection of clustering algorithm

Kaushik (2020) points out that there are four types of distance
efinition and clustering algorithms based on them. The two most
ommon models are discussed below:

• Connectivity models: The central premise is that data points
closer in data space are more similar than those lying further
away. Prominent here is the hierarchical clustering (HC)
algorithm where the data are not grouped into clusters or

classes in a single step (Everitt et al., 2011).



P. Nixon and E. Gilbert Journal of Behavioral and Experimental Finance 36 (2022) 100757

b

a
o
n
b

3

p
C
e
i
n
m
b
c
i

t
o
t
o
v
i
o
a
a
a
s
m
t

3

c
c
c
e
(
i
t

• Centroid models: These are iterative algorithms that define
similarity by the distance of data in relation to the centroid
(middle) of the cluster. The most popular form in this cat-
egory is known as the K-means algorithm. Another popular
method here is the K-medoids or partition around medoids
(PAM) clustering algorithm which is distinct from the K-
means approach in that it uses an actual observation as
the centroid and not an average which makes the K-means
approach very sensitive to outliers.

Kaushik and Mathur (2014) explains that the HC algorithm is
limited when it comes to large datasets — which is the case here.

In centroid-based methods each cluster is represented by a
central vector, and the objects are assigned to the clusters based
on their proximity to the nearest cluster centre. There are several
centroid-based methods. The immediate appeal was to consider
the K-means algorithm that represents one of the most popular
and simplest clustering algorithms (Kassambara, 2017). Unfor-
tunately, in that simplicity resides a few important limitations:
firstly, having to specify the number of clusters in advance and
secondly, selecting initial centroids randomly can make the re-
producibility of the study a challenge. Ignoring this, the primary
challenge for the use of the K-means approach is that it should
not be employed where different types of data are used (for
example the numerical as well as categorical data present in
this study) (Shendre, 2021). The reason is simply that finding
a mathematical mean or average is not possible between a nu-
merical value of ‘‘1’’ for example and the categorical variable of
say ‘‘yellow’’. The alternative k-medoids clustering method was
used instead. This method partitions around ‘‘medoids’’ (Kaufman
and Rousseeuw, 2009). These medoids provide an estimate of
the central position of each potential cluster (which is based
on an actual observation as opposed to the average used in the
K-means algorithm). Clusters are formed based on minimising
the distance between observations (investor switches) and these
medoids (data central points), as well as maximising the distance
between the medoids themselves.

Centroid approaches by nature are very efficient at detecting
circular and convex shapes of data clustered around a central
point for example (Berba, 2021). Cai et al. (2016) recommend that
centroid-based clustering techniques where the ideal number of
clusters is well explored will be the best approach for analysing
data in a financial context.

3.5. Choice of distance measure

When implementing any clustering algorithm there are sev-
eral distance measures available for use such as the Euclidean and
Gower measures (Kassambara, 2017). The Euclidian distance is
popular in the K-means approach and is calculated by determin-
ing the shortest possible route (straight line) between two points.
Once again however this remains a challenge when considering
mixed data types. Fortunately, the Gower distance measure solves
this issue and is recommended specifically when dealing with
such mixed data (Shendre, 2021).

3.6. Selecting the optimal number of representative clusters

The final consideration involved the selection of the num-
ber of clusters or proposed behaviour patterns identified by the
clustering algorithm. The silhouette method (via the silhouette
coefficient, or SC) is used to find the optimal number of clusters as
well as for the interpretation and validation of consistency within
clusters of data.

The silhouette method computes the SC for each point in the

cluster. It measures how similar a point is to its own cluster

5

when compared to the nearest neighbourhood cluster (Kumar
2020). The equation for the calculation of the SC is given below
(Bhardwaj 2021). It uses the mean intra-cluster distance (a(i)) and
the mean nearest-cluster distance (b(i)) for each observation (i).
The coefficient is therefore expressed as:

s (i) =
b (i) − a (i)

max(a (i) ; b(i))
These coefficients can take a value from −1 to 1 and should

e interpreted as follows:

• A silhouette coefficient of greater than 0 and <=1 indicates
that the sample is different to the neighbouring clusters. The
closer it is to 1, the more distinct the clusters are.

• A silhouette coefficient of 0 indicates that the sample is
on or very close to the decision boundary between two
neighbouring clusters. Clusters are thus not well defined,
and observations are represented by potentially more than
one cluster.

• A silhouette coefficient < 0 indicates that those samples
might have been assigned to the wrong cluster or are out-
liers.

By plotting the respective average silhouette coefficients for
ll the points in the cluster it is possible to ascertain the number
f clusters that will give the greatest silhouette ‘‘width’’ or the
umber of clusters that will yield the greatest differentiation in
ehaviour patterns.

.7. Significance testing of clustering

Testing the statistical significance of clusters is an area that has
resented many challenges to practitioners and academics alike.
lustering algorithms are designed to draw out as much differ-
nce as possible from a set of data and so traditional difference
n means tests such as ANOVA (both one and two way) will not
ecessarily reveal anything that is not already known — that the
eans are different. As noted in (Liu et al., 2008) a difference
etween subgroups in terms of means is not advisable because
lustering methods will split even a truly Gaussian population
nto statistically significant subgroups.

According to Hennig et al. (2015) the ‘‘SigClust’’ method effec-
ively addresses the problem of assessing statistical significance
f clustering as a testing procedure. The null hypothesis is that
he data are from a single Gaussian distribution. The significance
f a given clustering is judged by calculating an appropriate p-
alue. The Sigclust method uses a test statistic called the cluster
ndex (CI) which is defined to be the sum of within-class sums
f squares about the mean divided by the total sum of squares
bout the overall mean. The null distribution of the CI can be
pproximated by simulating from a single Gaussian distribution
nd the fit to the data. This choice of null hypothesis is more
ensible than say a difference between subgroups in terms of
eans. The Sigclust method was used to test for significance of

he clusters in this study.

.8. Identifying changes in behaviour patterns over time

The mediated decision making models showed how people
an have long term and relatively stable risk preferences which
an be overridden as risk is perceived differently and often in-
orrectly in the short term, usually paired with extreme market
vents. This affects our subsequent willingness to assume risk
their risk propensity) that can be to the detriment of long term
nvestment goals. It is thus important to understand how stable
he observed behaviour patterns are over time by the individual.
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Fig. 2. Silhouette Coefficient results — Pooled data.

To deal with time-varying behaviour as markets fluctuate, two
enses were applied to identify individual risk behaviour over
ime. The first lens shifts the focus of the clustering analysis
o individual switches with an associated time stamp. By using
heir cluster membership identified from the pooled analysis,
nd aggregating these through time, a picture can be drawn as
o the relative importance of each of the behavioural clusters
n aggregate over time. The second lens looks at the switches
y individual decision makers. It looks at their distance from
he average cluster definitions over the entire period. The first
ens indicates how often each cluster-type of switch happens
ver time while the second lens identifies the stability of clus-
er membership by individual decision makers over time. This
rovides insights into long term risk preferences as well as an
nvestor’s short term risk behaviour stemming from (changing)
isk perception.

Applying the first lens (establishing the aggregate distribution
f the incidence of switch clusters over time) a monthly timeline
f all switches was created, and all the switches made in this
imeframe are allocated to each of the four archetypes based on
heir membership of each of these archetypes identified using the
ooled dataset. This unpacks the aggregate behaviour over time
nto time-varying behaviour but does not provide an indication of
luster membership by individual decision makers over time. It
hus does not control for the possibility that underlying investors
ay be shifting between switching archetypes over time.
Applying the second lens (ascertaining whether individual’s

witches reflect different cluster behaviour or membership over
ime) each individual decision maker’s investment switches were
ssigned to the clusters identified from the pooled data. This is
one based on identifying each switch’s Gower distance from the
verage clusters’ medoids. This allowed for the identification of
he individual’s membership of each aggregate cluster over time.

. Results

.1. Aggregate clusters — Pooled dataset

As explained in the previous section the choice of the number
f clusters is driven by the silhouette coefficient (SC) for each
umber of clusters. The results for the SC pooled dataset are
hown in Fig. 2 and indicate that the maximum difference in
lusters of behaviour patterns lies between 3 and 5 clusters.
This result prompt two questions — are these SC results good

nough to justify the use of the possible clusters? If so, how many
6

Table 2
Silhouette coefficient — recommendations for use.
Source: Adapted from Mulyawan et al. (2019), p. 3.
SC value Indicative structure Comment

0.70 < SC ≤ 1.00 Strong structure Proceed
0.50 < SC ≤ 0.70 Medium structure
0.25 < SC ≤ 0.50 Weak Structure Proceed with caution
SC ≤ 0.25 No structure Redefine data analysis

clusters should be used? Mulyawan et al. (2019) suggests that the
following general interpretation may be used for guidance when
assessing the SC (see Table 2). The results of the SC analysis for
clusters 3–5 meet the recommended minimum level.

In terms of the optimal number of clusters, the relatively small
differences in the SC values for 3–5 clusters suggest that this is
not a very good basis for making this decision. A comparison of
the results of both three and four clusters showed that the use
of an additional cluster helps significantly from an interpretive
perspective. What is called the ‘Market Timer’ cluster disappeared
if 3 clusters were used — but having four allowed for a signifi-
cantly different and insightful (from a risk behaviour perspective)
pattern to be included in the analysis. On this basis four clusters
were chosen.

The results of the four clusters based on the pooled dataset
are presented in Table 3. The shaded cells in the table reflect the
highest values for the specific variable across the archetypes.

The four behavioural archetypes based on this cluster-specific
behaviour are discussed below.

(1) The ‘‘Assertive’’ investor, as the label implies, is more com-
fortable with investment risk. In respect of risk profile, this
cluster increases risk on 33% of occasions when performing
an investment switch. This is 73% greater than the next
highest figure of 19% in the Anxious cluster. Similarly,
when reviewing the returns side of clustering variables,
the Assertive investor is switching to prospects that have
better past performance on 98% of occasions. This is 113%
greater than the second highest figure in the Market Timer
cluster. One may have expected an Assertive investor to
also maintain the most aggressive portfolio in the group-
ing, however there are not major differences attributed
here across the clusters. Recall that this refers to the asset
allocation most similar to the Momentum CPI + 4% OBI
solution. This may reflect that using averages tend in many
cases to mute within cluster differences.

(2) The ‘‘Market Timer’’ is characterised by the greatest num-
ber of switch transactions at 1.26 transactions per annum.
This is 88% greater than the next most active archetype (the
Anxious cluster). The Market Timer is influenced by the
behaviour others. When examining the return variables,
the Market Timers are the only archetype that are active in
switching to both investment prospects that perform better
as well as those that perform worse. There is not much
notable difference in the risk profile changes on average,
however, as it appears the primary driver here is the past
performance of the prospect and not the risk level of the
prospect. This is confirmed by the Market Timer remaining
in a risk neutral band on 67% of occasions. Finally, they
are also the largest cluster at just over a third of the total
population of switches.

(3) The ‘‘Anxious’’ investor is characterised primarily by their
risk aversive behaviour once invested. This is clear in both
the investment risk variables and return-related variables.
In the former instance the Anxious group are reducing risk
in their portfolios on 36% of occasions which is 38% more
than the nearest figure in cluster 1. In the case of the latter
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Table 3
Cluster results — pooled dataset.
return-related variables the Anxious investor is switching
to prospects with worse past investment performance on
91% of occasions. An Anxious investor holding a multi-asset
portfolio for example in a market crash and switching to
cash would usually appear to be switching to a prospect
with worst past investment performance when considering
the 12-month relative performance of both prospects. The
Anxious investor cluster is the smallest at 17% of the total
population.

(4) The ‘‘Avoider’’ is characterised by the lowest value in re-
spect of switch frequency at 0.48 switches per annum.
Furthermore, on average, these investors have the lowest
average exposure to risk at a score of 4.63 (towards the
conservative end of the asset allocation spectrum relating
to the CPI + 3% target return) indicating that they are the
most risk averse group. The label of Avoider is applied due
to the level of risk aversion and, also, the associated level
of inactivity in engagement once invested. This is also clear
in both the investment risk variables and return-related
variables. In the former instance the Avoider group are
remaining risk-neutral on 75% of occasions (12% greater
than the next highest figure — the Market Timers). In the
case of the return-related variables the Avoider is switch-
ing to return-neutral prospects on 92% of occasions. It is
possible that due to the ‘‘neutral’’ label being defined as
shifting within the −2% to +2% investment performance
range that these investors prefer shifting to prospects that
are relatively similar in return profile. In other words, they
are shifting between cash and cash-plus type prospects.

.2. Statistical significance of the clusters

The SigClust method uses a two-mean cluster index (CI) mea-
ure which is defined to be the sum of within-class sum of
quares about the mean divided by the total sum of squares about
he overall mean. Conceptually this represents the ratio of within-
luster variation to the total variation. A lower CI is therefore
ndicative of larger differences in variation between the cluster
nd total variation that indicates statistical significance. The null
istribution of the CI is approximated by Monte Carlo simulations
rom a single Gaussian distribution that is fitted to the data. The
esults for the differences between the four clusters identified

ere are reported in Table 4.
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Table 4
Cluster results significance test results using the SigClust method.

Avoider Market Timer Anxious

Market Timer
p-value 0
CI 0.5775
Significant

Anxious
p-value 0 p-value 0
CI 0.3070 CI 0.2699
Significant Significant

Assertive
p-value 0 p-value 0 p-value 0
CI 0.3459 CI 0.3817 CI 0.00
Significant Significant Significant

Note that there are additional tests which the SigClust method reports. In the
interest of minimising length, these are not reported here. The results are all
supportive of the above conclusion and are available from the corresponding
author on request.

4.3. Archetype behaviour over time

This section examines the proportion of switches per
archetype through time. It based on a switch-level view of the
archetypes over the period under review. Initially, there is no link
to specific investors, but this is then introduced. It is worth re-
iterating that the switch-level methodology does place a heavier
weight by the number of switches conducted. Fig. 3 clearly shows
this as the dominant proportion of switches through time appears
to be the Market Timers even though, on average, they represent
34% of the population of investors. The 3-month moving average
is plotted in Fig. 3 and shows that while there are some short
periods with relative switch-level stability, overall, the picture is
rather variable. This is consistent with a key assertion put forward
by the mediated risk models that long term risk preferences
should be stable but will be affected by changes in short term
risk perception.

On casual inspection there does appear to be different (higher)
levels of non-market timing archetype switches leading up to
and during the Global Financial Crisis (from the beginning of the
timeline up until the end of 2009) as well as the period that
includes the market volatility experienced amidst the COVID-
19 global pandemic (end of the timeline). These periods are
correlated with higher levels of behavioural tax as calculated by
Nixon et al. (2021) and applied to these archetypes. The average
levels of behavioural tax by switch archetype by calendar year are
presented in Table 5. The shaded cells refer to the two periods
under discussion.
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Fig. 3. Overall change in proportion of switches (3-month moving average).
Table 5
Behaviour tax per archetype by calendar year.
Archetype Anxious Assertive Avoider Market Timer All investors

2006 6.60% −3.90% 4.30% 4.00% 2.70%
2007 −1.10% 4.80% 1.20% 1.40% 1.80%
2008 4.30% −3.10% −3.30% −0.60% −0.50%
2009 −1.30% 3.50% 0.30% 1.20% 1.00%
2010 2.50% −2.70% 0.30% −1.30% −1.10%
2011 1.60% −1.70% 0.50% −0.40% −0.30%
2012 3.60% −4.80% 1.10% −1.10% −0.90%
2013 2.60% −2.20% 0.40% 0.20% 0.10%
2014 1.80% 2.50% 1.40% 1.20% 1.50%
2015 2.10% 1.00% 1.40% 1.30% 1.40%
2016 −0.20% 3.60% 0.40% 0.40% 0.70%
2017 0.20% −1.60% −0.60% −0.90% −0.90%
2018 −0.70% −1.00% −0.80% −0.40% −0.50%
2019 0.70% −1.20% −0.60% 0.20% 0.10%
2020 1.20% 7.50% 1.90% 5.00% 6.50%
2021 5.40% 0.60% 1.00% 4.20% 3.50%

Table 6
Relative stability of switches in more volatile markets.
Archetype 2006–2010

Relative Std Dev
2011–2019
Std Dev

2020–2021
Relative Std Dev

Anxious 19% greater 3.0% 2.1% greater
Assertive 32.6% greater 4.0% 3.0% greater
Avoider 132.6% greater 1.8% 145.0% greater
Market Timer 8.7% greater 5.8% 15.7% greater

When considering the standard deviation of the change in
rchetype switches over these same periods a similar positive
elationship is found as reported in Table 6.

This suggests that all archetype switches are more prevalent
uring these periods of market volatility (especially for non-
arket timer archetypes), and this leads to higher levels of nega-

ive outcomes as measured in terms of each switch’s behavioural
ax.

.4. Stability of individual membership of the behavioural archetypes

The mediated theory of risk decision making suggests that an
ndividual’s risk behaviour is a function of a combination of their
ong term risk preferences and short term factors which deter-
ine their risk propensity. If correct, we should see a consistent

ong term pattern of switch archetype membership for individ-
als combined with short term variations in their behaviour as
8

captured by their membership of other clusters. A summary of
the percentage of the total time that the switch decision of each
individual member of a cluster (on average) fall into their ‘home’
cluster as well as the other clusters is presented Table 7. The
shaded cells in this table reflect the proportion of the time the
switches are consistent with their average (pooled) categorisa-
tion. Note the lack of a highlighted value for the market timer
cluster.

All three of the Avoider, Anxious and Assertive clusters present
the expected pattern of behaviour. Most of their switches are
consistent with their classification, but not all. The Market Tim-
ing cluster is the apparent anomaly. It seems that the nature
of the behaviour this type of individual exhibits can be best
characterised as continually changing between other patterns of
behaviour.

5. Conclusion

This study revealed four statistically significant investor be-
haviour patterns or clusters of behaviour over this time period
that are labelled ‘‘avoider’’, ‘‘market timer’’, ‘‘anxious’’ and ‘‘as-
sertive’’ behaviour respectively. Furthermore, there does appear
to be relative stability over time in three of these behaviour pat-
terns - while there are periods of divergent behaviour, these ap-
pear to be temporary, and they revert to that which is consistent
with their long term risk preferences.

This is an important finding in several key areas. Sniehotta
et al. (2005) describe the ‘‘behaviour-intention’’ gap as the differ-
ence between people’s intentions and actions. It is safe to assume
that any investor intends to reach their investment goals, but
their behaviour reflected in switching activity is often dissonant
with this intent. Greg B. Davies of Oxford Risk proposes the
concept of ‘‘just-in-time’’ financial education (Davies 2021) to
help investors better understand the potential financial trade-
offs they are making. This is a sensible approach in addressing
the behaviour-intention gap that will become more achievable as
the latent effects of COVID-19 accelerate digital and technology
adoption. This view is supported by Mills (2021) who propose
that the practice of ‘‘nudging’’ will become more effective as
the ability to hyper-personalise messages to the person receiving
them in a timely manner improves.

The differences in, and time-varying nature of, the behaviour
patterns discovered is a critical step in understanding how to

create personalised strategies that can ‘nudge’ investors away
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Table 7
Individual membership of archetype over the period 2006–2021.
from what may be emotionally soothing decisions in the short
run with negative outcomes in hindsight. The insights provided
by this study are the first step towards engaging with the right
investor segment at the right time with the right message to help
them avoid making avoidable mistakes.

The presence of four clusters, with three of them demonstrat-
ng consistent cluster membership in the main, combined with
ime-period specific deviations into other patterns of behaviour
ndicates that a predictive model of switching behaviour based on
his approach is possible. The presence of the anomalous market-
imer cluster suggests that this confidence must be tempered by a
ecognition that this approach is based on a cluster methodology
hat is sensitive to the choices of underlying variables used to
luster the observed behaviours. The paper does, however, clearly
emonstrate the potential for the use of these tools in this context
nd does suggest that the mediated model of risk decision making
as empirical support.
This study has three notable limitations that must be recog-

ised:

(1) The approach used makes the implicit assumption that,
when a switch transaction is executed, there is no related
change in either the investor’s current circumstances or
their investment goals. Changes to these dimensions are
possible which means that there may be conditioning fac-
tors driving the observed behaviour which are not included
in the list of potential factors used to categorise the switch.
The volume of switch transactions considered however
is believed to be sufficient to gain an accurate view of
investor overall behaviour patterns.

(2) It is not possible to disentangle the effect of financial advice
on the switch transaction as we do not know if the ob-
served switch is the result of an investor’s decision making
or that of the adviser. In respect of behaviour patterns, it
is thus entirely possible that the archetypes identified in
this study are a reflection, at least in part, of adviser be-
haviour rather than client behaviour. It is recommended in
future research that a qualitative review of subsets of each
cluster are interviewed to interrogate the drivers behind
the switch transaction and to identify the effect (positive
or negative) of the financial adviser.

(3) Finally, as the study only focuses on switching decisions,
it does not explicitly include the investor risk behaviour
associated with doing nothing during turbulent times.
9
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