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Abstract. We explore portfolio allocation in Great Britain by introducing a latent class modelling approach
using household panel data based on a nationally representative sample of the population, namely the
Wealth and Assets Survey. The latent class aspect of the model splits households into four groups,
from lowest-wealth and least-diversified through to highest-wealth and most-diversified, which serves to
unveil a more detailed picture of the determinants of portfolio diversification than existing economet-
ric approaches. A pattern of class heterogeneity is revealed that conventional econometric models are
unable to identify because the statistical significance and the direction of the effect of some explanatory
variables vary across the groups. For example, the effect of labour income on the number of finan-
cial assets held influences the level of diversification for the two middle classes, whereas no effect is
found for households with the lowest or the highest levels of diversification. Noticeable differences in
the magnitude of the effects of pension wealth and occupation are also revealed across the four classes.
Such findings demonstrate the importance of accounting for latent heterogeneity when modelling finan-
cial behaviour. Ultimately, treating the population as a single homogeneous group may lead to biased
parameter estimates, whereby policy based on such models could be inappropriate or erroneous.

Résumé. Modélisation de la composition des portefeuilles des ménages : analyse des classes latentes.
Nous étudions la répartition du portefeuille en Grande-Bretagne à travers le prisme de la modélisation en
classes latentes en utilisant des données longitudinales des ménages d’un échantillon représentatif de la
population nationale (fourni par le Wealth and Assets Survey). Le modèle en classes latentes divise les
ménages en quatre groupes, selon la richesse et la diversification de leur portefeuille, des moins riches et
moins diversifiés aux plus riches et plus diversifiés, et peint un portrait plus détaillé des déterminants de la
diversification du portefeuille que les approches conventionnelles. On dégage un schéma hétérogène selon
la classe que les modèles économétriques classiques ne sauraient révéler, car la signification statistique
et la direction de l’effet de certaines variables explicatives varient d’un groupe à l’autre. Par exemple,
l’effet du revenu de travail sur le nombre d’actifs financiers détenus influence le degré de diversification
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2 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

des deux classes moyennes, mais pas celui des ménages au portefeuille le moins ou le plus diversifié. On
relève des différences évidentes dans l’ampleur des effets des avoirs de pension et de la profession entre
les quatre classes. Ces constats soulignent l’importance de tenir compte de l’hétérogénéité latente à la
modélisation du comportement financier; considérer la population comme un seul groupe homogène peut
biaiser les estimations paramétriques, invalidant possiblement les politiques fondées sur de tels modèles.

JEL classification: D14, G11, G40

1. Introduction and background

O
ver the last four decades, there has been considerable attention paid in the house-
hold finance literature to the composition of financial portfolios at the household level,

exploring both the number of assets held as well as the amount of financial wealth allocated
to distinct asset types. Such interest is not surprising given the significant increase in access
to financial products, e.g., online trading platforms, with varying degrees of risk and return
associated with different asset types. Given that the composition of financial portfolios has
implications for the exposure to financial risk faced by households, this remains an important
area of research for both academics and policy-makers.

1.1. Overview of the existing literature

Many empirical studies, such as Bertaut (1998) and Shum and Faig (2006), have focused on
the determinants of holding particular types of assets, with considerable interest in stock
holding amongst US households. This focus on risky asset holding has been explored in the
context of the well-established “stock holding puzzle,”’ whereby very few households hold
stocks despite the relatively high expected returns. In these studies, household characteristics
such as age, gender, education, ethnicity and wealth are found to be important determinants
of portfolio composition, as are health status, the level of risk aversion and the planning
horizon of the household. Similar studies have been undertaken for other countries including
the Netherlands, Hochguertel et al. (1997), Australia, Cardak and Wilkins (2009) and Italy,
Guiso et al. (1996). Although such studies have revealed some interesting insights relating
to the determinants of stockholding at the household level, it is important to acknowledge
that the focus on a particular type of asset reveals limited information on the diversification
of household portfolios.1

In the early seminal contribution by Blume and Friend (1975), many individual investors
were found to hold undiversified portfolios of risky financial assets in contrast to the pre-
dictions of portfolio theory, proposed by Markowitz (1952), which indicates that, regardless
of the degree of risk aversion, households should hold diversified portfolios. Similar evidence
of a lack of diversification, even in the context of a sample of high income households, is
reported by Kelly (1995), who explores the number of stocks held as a measure of diversi-
fication. In general, such theoretical predictions of portfolio theory are in stark contrast to
the empirical observation that many households hold only a small number of asset types
(e.g., Campbell 2006, King and Leape 1998).

1 It is also important to acknowledge that in a number of studies, asset types are classified into
different types, such as safe, risky and medium risk, i.e., the focus lies beyond risky asset
holding. For example, Rosen and Wu (2004) split the household’s financial assets into four
categories, namely safe, risky, retirement and bonds. This asset classification has also been
adopted by Berkowitz and Qiu (2006), Fan and Zhao (2009) and Borgan and Fertig (2013).
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The composition of household portfolios 3

One fundamental insight of portfolio theory asserts that, by holding a well-diversified
portfolio, investors can reduce the idiosyncratic risk (i.e., the risk that is not compen-
sated by the expected return) of their portfolio without sacrificing the return. However,
under-diversification not only affects the asset-allocation and intertemporal consumption
decisions of households, upon aggregation, but also can distort aggregate growth, which
in turn amplifies social welfare losses, see Bhamra and Uppal (2019).2 Gaudecker (2015)
argues that portfolio under-diversification ranks among those mistakes that are potentially
most costly. Florentsen et al. (2019) analyzed data related to stock market investors in Den-
mark and found that only 2% of their sample hold more than 20 stocks in their portfolio.3

They estimated that under-diversification is costing the Danish population of stock holders
US$400 million annually because investors could eliminate 60% of their portfolio risk by
moving from a portfolio with one randomly selected stock to a well-diversified portfolio.4

Given the implications of portfolio under-diversification, a number of studies have exam-
ined its determinants (e.g., Gaudecker 2015, Goetzmann and Kumar 2008, Calvet et al. 2007,
Roche et al. 2013, Karlsson and Nordén 2007, Hibbert et al. 2012, Sierminska and Silber 2020,
Mariotti et al. 2015). Most of these studies report that the level of diversification is greater
among older, wealthy, high-income, financially literate and educated investors. Table 1
provides a summary of the influence of socio-demographic factors on financial behaviour
reported in the existing literature.

Other factors have also been examined in the literature. For example, Goetzmann and
Kumar (2008), using data related to retail investors at a major US discount brokerage house,
found that the level of under-diversification is correlated with three psychological biases:
propensity to hold local stocks, sense of over-confidence and trend-following behaviour.
Gaudecker (2015) shows that the largest losses from under-diversification are incurred by
those who score low on financial literacy and those who do not seek advice from professionals
or private contacts with their investments. On the other hand, Calvet et al. (2007) exam-
ine the efficiency of Swedish households’ investment decisions and find that many Swedish
household portfolios are well diversified, with the performance of their portfolios outper-
forming the Sharpe ratio of their domestic stock index, which reflects the substantial share

2 Bhamra and Uppal (2019) show that under-diversified portfolios can be biased towards a few
familiar assets, perhaps as a result of geographical region or language barriers, and that, even
if such familiarity bias in portfolios cancels out across households, the implications for
consumption and investment choice do not. Their general equilibrium analysis reveals that
household level distortions to consumption are amplified upon aggregation and can have a
substantial impact on aggregate growth and welfare.

3 The availability of administrative data facilitates comprehensive analyses of investors’ portfolio
composition. For example, a combination of brokerage data and matching monthly survey data
from the Netherlands is used by Hoffmann et al. (2013) to examine how investor perceptions
and behaviour changed during the financial crisis. In addition, Hoffmann et al. (2015) examine
whether investors’ perceptions can explain actual trading and risk taking behaviour. Merkle
and Weber (2014) combine survey data with investors’ actual trading data and portfolio
holdings from the UK to examine if investors’ beliefs and preferences predict buying and
selling behaviour. Calvet et al. (2007) used data from Swedish government records and
Grinblatt et al. (2012) used data from the Finnish Central Securities Depository (FCSD)
Registry to explore portfolio composition.

4 Florentsen et al. (2019) is one of the few studies that measures the aggregate cost of
under-diversification because they have access to data that contain information on all retail
investors in Denmark.
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4 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

TABLE 1

Socio-demographic factors and portfolio diversification

Variable Authors and reported direction of effect
Hypothesized

effect

Male Barber and Odean (2001) – negative Negative
Fuertes et al. (2014) – negative
Marinelli et al. (2017) – no significant difference

Age Roche et al. (2013) – positive Positive
Calvet et al. (2007) – positive
Goetzmann and Kumar (2008) – positive

Single household head Abreu and Mendes (2010) – positive Positive
Fuertes et al. (2014) – positive
Hibbert et al. (2012) – positive

Educational attainment Chevalier and Ellison (1999) – positive Positive
Calvet et al. (2007) – positive
Hibbert et al. (2012) – positive

Good health Barnea et al. (2010) – positive Positive
Rosen and Wu (2004) – positive
Mariotti et al. (2015) – positive

Employed Roche et al. (2013) – positive Positive
Karlsson and Nordén (2007) – positive
Grinblatt et al. (2012) – positive

Occupation Sierminska and Silber (2020) – positive Positive
Abreu and Mendes (2010) – positive
Goetzmann and Kumar (2008) – positive

Labour income Goetzmann and Kumar (2008) – positive Positive
Calvet et al. (2007) – positive
Abreu and Mendes (2010) – positive

Non-labour income Fuertes et al. (2014) – positive Positive
Calvet et al. (2007) – positive
Gunnarsson and Wahlund (1997) – positive

Net wealth Fuertes et al. (2014) – positive Positive
Mariotti et al. (2015) – positive
Goetzmann and Kumar (2008) – positive

Pension wealth Gunnarsson and Wahlund (1997) – positive Positive
Calvet et al. (2007) – positive
Calvet et al. (2009) – positive

Defined benefit pension Dimmock et al. (2016) – negative Negative
Pension scheme McCarthy (2003) – positive
Number of children Hibbert et al. (2012) – positive Negative

Sierminska and Silber (2020) – negative
Mariotti et al. (2015) – positive

Number of adults Barnea et al. (2010) – positive Positive
Guiso et al. (2008) – negative (for the number of stocks held)
Guiso et al. (2008) – positive (for holding risky assets)

Financially optimistic Nosić and Weber (2010) – positive Positive
Guiso et al. (2008) – mixed (positive or insignificant)
Puri and Robinson (2007) – positive

of international securities held through most Swedish mutual funds. Merkle (2017) exam-
ines three types of overconfidence on investor behaviour.5,6 He found that diversification is
negatively affected by overestimation because investors feel less need to diversify when they

5 The three types are overestimation (overestimate portfolio return), overprecision
(underestimate the volatility of returns) and overplacement (believe to be better than average).

6 Merkle (2017) combined survey data with investors’ actual trading data and portfolio holdings
from the UK. Merkle and Weber (2014) also used the same data to examine if investors’ beliefs
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The composition of household portfolios 5

are not aware of the range of other possible outcomes and also negatively impacted by over-
precision because investors forgo diversification when they expect high returns from their
concentrated portfolio.7 Financial constraints are also found to be a significant determinant
of the level of diversification (e.g., Roche et al. 2013, Liu 2014).

As highlighted by Barasinska et al. (2009), although portfolio diversification has attracted
the attention of academics for many decades, there is no commonly accepted approach to
measuring the extent of diversification in household portfolios. Early contributions have
explored portfolio diversification from the perspective of the number of different types
of assets held. In this vein, Blume and Friend (1975) use the total number of securities
held as a measure of diversification. Barasinska et al. (2009) refer to the number of asset
types held in a portfolio as “naive” diversification, with greater diversification associated
with a larger number of asset types held. They relate this to the approach whereby indi-
viduals split their wealth evenly among available assets types, i.e., the 1/n strategy, see
Benartzi and Thaler (2001). The second measure explored by Barasinska et al. (2009) is
based on grouping asset types according to the associated risk, specifically, low risk, mod-
erate risk and high risk. According to this approach, a sophisticated investor categorizes
assets according to their risk and return and assigns them to one of these three classes.
They find that the number of asset types held is negatively associated with the degree of
risk aversion and that the propensity to hold complete portfolios decreases as risk aversion
increases.

In terms of the econometric methods used in the existing literature on household portfo-
lios, studies focusing on the holding of assets types have generally used standard models for
limited dependent variables such as probit and logit frameworks (e.g., Hibbert et al. 2013),
whereas those exploring asset shares have tended to use linear regression analysis or models
that account for the truncated nature of the dependent variable such as the tobit estimator
(e.g., Mariotti et al. 2015). In contrast, our methodological contribution builds on Abreu and
Mendes (2010), who recognize that an appropriate approach to modelling a portfolio diver-
sification measure based on the number of asset types held is a count model given that it can
take only non-negative integer values. Using a Poisson model, they analyze a cross-sectional
survey of 1,268 Portuguese investors and find that specific financial knowledge is positively
associated with the number of assets in a financial portfolio.

1.2. Our contribution in the context of the literature

As discussed above, diversification has been measured in numerous ways in the literature,
and there is no commonly agreed metric, e.g., the number of stocks in the portfolio or the
number of different types of assets in the portfolio. Our definition of portfolio diversification
follows the latter and is consistent with Goetzmann and Kumar (2008), Ivković et al. (2008),
Barasinska et al. (2009) and Abreu and Mendes (2010).

We explore portfolio allocation in Great Britain using panel data based on a nation-
ally representative sample of the population. Much of the early literature is based on US
data (e.g., Goetzmann and Kumar 2008, Ivković et al. 2008, Dimmock et al. 2016). In
addition, many existing studies are based on cross-section data, such as the US Survey of

and preferences predict buying and selling behaviour. Weber et al. (2013) using the same data
explored the determinants of changes in investor’s risk taking.

7 They also found that overplacement spurs trading activity, and that overprecision and
overplacement increase risk taking.
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6 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

Consumer Finances (e.g., Kelly 1995, Polkovnichenko 2005) or based on samples of sub-
groups of the population (i.e., investors only), such as online brokers and administrative
data (e.g., Hoffmann et al. 2013; 2015, Goetzmann and Kumar 2008, Calvet et al. 2007,
Grinblatt et al. 2012, Florentsen et al. 2019). Given that wealth is found to be an important
determinant of asset holding and that wealth accumulates over the life cycle, the use of
panel data appears to be particularly appropriate in this context. A related point is raised
by Polkovnichenko (2005), who argues that one of the main limitations of the current empir-
ical literature on portfolio diversification is that the samples used for empirical analysis are
frequently not representative of the entire population. Our nationally representative sample
of households in Great Britain does not suffer from such limitations.

In addition to our focus on a nationally representative sample of households and on panel
data, we make an important methodological contribution to the literature on the diversi-
fication of household financial portfolios by introducing the latent class modelling (LCM)
approach to this area of research. Latent class modelling has been used extensively in other
areas of economics including consumer behaviour (e.g., Chung et al. 2011) and health eco-
nomics (e.g., Deb and Trivdei 1997) but is yet to be widely applied to the household finance
literature. Recent exceptions are Gerhard et al. (2018) and Hoffmann et al. (2021). Gerhard
et al. (2018) use a finite mixture model (FMM) to explore whether psychological traits affect
the level of household savings.8 The advantages of using the FMM approach in this applica-
tion lie in its superiority in introducing unobserved heterogeneity by partitioning the sample
endogenously into a number of homogeneous classes rather than relying on user-defined sub-
samples, as in the existing literature.9 They find evidence of two distinct classes and that
accounting for latent heterogeneity when studying the drivers of savings behaviour is impor-
tant because the determinants differ between the two groups. More recently, Hoffmann
et al. (2021) examined the dynamics of consumers’ financial vulnerability by applying a
dynamic latent class model, which identifies factors upon which states of vulnerability may
be predicted as well as factors that drive the transition between states over time. The findings
of Hoffmann et al. (2021) indicate that self-efficacy (the belief in the ability to use financial
knowledge) explains state membership, while consideration of future consequences (individu-
als’ attitudes toward distant as opposed to immediate consequences) drives state transitions.
However, their findings also show that financial vulnerability is entrenched because it is
difficult to transition from higher to lower financial vulnerability.

The previous literature typically arbitrarily splits a population into subgroups based
upon the observable characteristics of the sample, e.g., gender or income. In contrast, in
the approach we adopt, decisions do not need to be made a priori about how to split
respondents into different groups. This might be one reason why there have been contradic-
tory findings in the household finance literature; for example, see table 1 regarding findings
related to gender, family composition and pension schemes.10 In contrast, the LCM approach
accommodates the role of latent (i.e., unobserved) heterogeneity in portfolio behaviour,
where a number of separate groups within the population are defined, each with distinct

8 More broadly in the finance literature, Durand et al. (2022) use an FMM to examine the
capital structure decisions of firms in relation to adjustment towards target levels of leverage,
which maximize a firm’s value.

9 FMM is an example of latent class modelling.

10 Previous research has argued that observable characteristics such as age or gender, may be
insufficient to adequately capture heterogeneity when modelling behaviour, see Wedel and
Kamakura (2000).
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The composition of household portfolios 7

types of behaviour. Each individual within the sample is allocated to one particular sub-
group, i.e., a given class. The LCM approach probabilistically divides the population into
a set of homogeneous groups. Within each class, an appropriate statistical model applies,
which in our case, following Abreu and Mendes (2010), is based upon a count specifica-
tion because the number of asset types held can take only non-negative integer values. The
latent class approach is arguably well suited to the analysis of portfolio diversification given
the potential for very diverse financial behaviour within a population. For example, in our
data set, the number of different asset types held by households in Great Britain ranges
from 0 to 21.

Such a latent class approach is advantageous because it simultaneously introduces het-
erogeneity into the empirical framework and, ex post, allows the splitting of the population
into various subgroups of households according to their portfolio diversification behaviour.
Ex post, we can then examine sample statistics for each class by detailed asset type to
evaluate the extent of portfolio diversification. Building on the heterogeneity afforded by
the latent class approach, in addition we add to the literature by taking advantage of the
panel data available to us to account for unobserved heterogeneity that is likely to be an
important driver of household financial decisions.

The empirical approach is data-driven where the primary objective is to identify hetero-
geneous subgroups of households in the population (latent classes) and then analyze their
portfolio behaviour across the divergent classes. However, based upon prior research, we
can still form expectations about the effects of socio-economic characteristics on portfolio
behaviour, where table 1 gives an overview of the key results found in the literature and our
a priori expectations based upon the findings of previous research.

To preview our findings, we identify four distinct classes in the data, from households with
low levels of diversification through to households with highly diversified portfolios. LCM
analysis can help policy-makers and business practitioners identify and support “at-risk”
subgroups of the population in terms of their potential ability to deal with adverse financial
shocks. For example, financial resilience is likely to be more fragile in the group of households
we identify ex post as the lowest-wealth and least-diversified (i.e., class 1). Moreover, ex post
22% of this group have no financial assets (including savings). Previous work has found that
consideration of future consequences can act as a buffer against financial vulnerability and
the negative impact it has on household finances (e.g., Hoffmann and McNair 2019). We
find that time preference is a significant determinant of the probability of belonging to
this subgroup. Hence, policy targeted at influencing this individual trait, e.g., extolling the
importance of planning ahead for expenses, could improve a household’s financial position,
e.g., Moss et al. (2017).

Considerable heterogeneity is revealed in the effect of labour income on the number of
financial assets held, influencing diversification for the two classes with intermediate levels
of diversification, whereas no effect is found for households in the classes with the lowest
or the highest levels of diversification. Furthermore, our empirical analysis suggests that
there are noticeable differences in the magnitude of the effects of some explanatory variables
across the four classes, e.g., pension wealth and occupation. We argue that, in the context of
examining household financial behaviour, treating the population as a single homogeneous
group, or splitting the population into subgroups based upon observable characteristics,
could lead to biased parameter estimates and, consequently, erroneous policy decisions.
Moreover, adopting an LCM framework in future research on household finance could aid
theoretical developments because complex relationships may emerge that are not revealed by
splitting the population into different subgroups based upon observable characteristics. Such
patterns might require novel explanations as well as appropriate and targeted differential
policy response.
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8 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

2. Methodology

As stated above, the LCM approach involves probabilistically splitting the population into
a finite number of homogeneous classes or types. Within each of these classes, the same
statistical model applies, but the same explanatory variables are allowed to have different
effects across the classes. This modelling approach starts from the premise that, although
the classes are latent, ex post, researchers frequently label them according to the expected
value within each class. Thus, finding evidence of the features of each class is an important
outcome of the modelling approach. Our general hypothesis is that there are distinct, but
observed, types (or classes) of households with respect to their asset holdings. Therefore,
an appropriate approach here is based on the generic LCM approach, which attempts to
model this (e.g., McLachlan and Peel 2000). Importantly, we have priors as to the drivers of
these unobserved classes, so our generic approach will be based on the latent class modelling
literature, but explicitly with predictors in the class equation(s). By adopting an LCM
approach, it is possible to jointly estimate a class membership model (e.g., which might
convey the degree of diversification across the population) and the behavioural outcome,
which is the number of assets held by the household in our analysis.

Initially, for ease of exposition, assume cross-sectional data so that the overall density for
household i (i = 1, . . . , N), f(yi|xi, β), is assumed to be an additive mixture density of Q
distinct sub-densities weighted by their appropriate mixing probabilities, πiq. The outcome
variable of interest, yi (i.e., the number of financial assets held), is driven by the (kx × 1)
vector of covariates in the model, xi. Importantly, these will be allowed to have differing
effects across the different q classes. β denotes all of the parameters of the model. Hence,
the corresponding mixed density will be

f(yi|xi) =

Q
∑

q=1

πiq × fq(yi|xi, β). (1)

We allow πiq to be a function of predictors (zi), such that

πiq = prob(qi = q) =
exp (ziγq)

∑Q

q=1
exp (ziγq)

, (2)

where we employ a multinomial logit (MNL) functional form with γ unknown parameters
relating (zi) to the class probabilities.

An appropriate functional form is also required for fq(yi|xi, β). Given the nature of the
outcome variable, observable counts of the number of assets held, an appropriate form for
fq in equation (1), is one that respects the nature of this. Obvious examples here would be
Poisson or Negative Binomial models/densities (Cameron and Trivedi 1998). We note that
the latter is normally employed to relax the restriction of the former that the conditional
mean and variance are equal. In our approach, using the Poisson distribution for fq(yi|xi, β),
once mixed as given by equation (1), the mixture Poisson density no longer embodies this
restrictive assumption.

An important part of the latent class approach concerns determining the appropriate
number of classes, Q∗. A common approach is to use information criteria (IC) metrics, such
as BIC/SC (Schwarz 1978), AIC (Akaike 1987), corrected AIC and CAIC (Bozdogan 1987)
and Hannon–Quinn, HQIC, Hannan and Quinn (1979). Such approaches can simultaneously
be used to choose specifications including the choice of Q∗ and cross-sectional versus panel
variants. As such, we use these metrics in determining our preferred approach. The V uong
test for non-nested models can also be used here (Vuong 1989). Because model size will vary
considerably over different class models, the BIC correction factor can also be adopted, as
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The composition of household portfolios 9

proposed in Vuong (1989) and Greene (2018). The Vuong test is strictly a pairwise one,
so with many potential competing models, it is possible to use the approach suggested in
Durand et al. (2022) in that an appropriate model selection metric amongst all models is
that model with the most favoured number of pairwise selections.

In predicting class membership, we use posterior probabilities, which additionally take
into account the information on the observed outcome (Greene 2018). These are defined as

prob(qi = q|yi, xi, zi) =
f(yi|qi = q, xi, zi) × prob(qi = q|xi, zi)

∑Q

q=1
f(yi|qi = q, xi, zi) × prob(qi = q|xi, zi) = Li

, (3)

where Li is the likelihood for the household, used in estimation. Standard errors are obtained
using the delta method for all secondary quantities of interest, Greene (2018). For example,
predicted count probabilities and partial effects within class, as well as comparable overall
quantities given by the probability-weighted average across classes.

As noted above, our empirical analysis is based on panel data. Having repeated obser-
vations on each household allows us to better identify class membership. To this extent, we
treat the model parameters θ ∈ (β, γ) non-parametrically as a random vector with discrete
support, where the discrete outcomes define the classes. Thus, the class probabilities are
constant for each household over time, and the joint density for the Ti observations for
household i is given by

fi(yi1, ... ,yi,Ti
|zi, xi1, ... ,xi,Ti

) =

Q
∑

q=1

{

πiq

Ti
∏

t=1

fit(yit|zi, xit, θq)

}

, (4)

and the corresponding log-likelihood is given by

ln L =
N

∑

i=1

ln{fi(yi1, ... ,yi,Ti
|zi, xi1, ... ,xi,Ti

)}. (5)

In our panel data framework, given that the class probabilities are constant over time
for each household, we follow the existing literature, e.g., Clark et al. (2005), Bago d’Uva
and Jones (2009), Greene (2018) and Brown et al. (2020), and parameterize the model such
that time-invariant covariates, zi, influence the probability of being in a particular class (qi).
Specifying the class membership equation with time invariant head of household controls in
this way is akin to parameterizing the household’s fixed effect of being in each class, i.e., all
the moments of the distribution of unobserved household heterogeneity are affected by the
observed fixed household characteristics in zi.

It is also possible to allow for random effects in nonlinear panel models to account for
unobserved household heterogeneity (Mátyás and Sevestre 2008). These can be class-specific
but will be independent because households can be in only one class. Class-specific random
effects are incorporated into our empirical analysis to allow for the potential importance of
the panel nature of the data, although this complicates estimation because the Q household
effects need to be integrated out of the likelihood function. We estimate the panel LCM
model in Gauss using simulated maximum likelihood techniques, with 100 Halton draws.

3. Data

Our empirical analysis is based on data from the Wealth and Assets Survey (WAS), which is a
longitudinal household survey for Great Britain carried out every two years and measures the
personal and economic well-being of individuals and households by assessing levels of assets,
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10 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

debt, savings and planning for retirement.11 It should be noted that the WAS is the only
source of information available to the Office for National Statistics (ONS), Government and
other external stakeholders that provides comparable estimates of different types of wealth
held by households. The WAS also provides information on a host of socio-demographic
factors that we control for in our analysis, as detailed below. The survey started in 2006
and covers Great Britain, England, Wales and Scotland. Our empirical analysis is based
upon waves 2 to 5 of the survey; this covers the period 2008 through to 2016,12 yielding
28,320 heads of household (N) and total observations (NT) equal to 45,578.13 Table 2 shows
that 36% (19%) of household heads are observed once (three times or more) in the panel.
The outcome variable of interest is the number of financial assets held, which is comprised
of the following assets:14 savings accounts, national savings accounts, investment savings
accounts (ISAs), fixed-term investment bonds, unit trusts, employee shares and/or share
options, shares, bonds and gilts, insurance products, endowment or regular premium policies,
single premium policy and other types of investment.15 The minimum (maximum) number
of financial assets held is 0 (21) and the distribution is shown in figure 1, where 80% of
households hold fewer than five financial assets. Clearly, the number of assets held is not
continuous being characterized by kurtosis of 4.2 and the Shapiro–Wilk test for normality
rejects the null at the 1% level.

Many empirical studies have explored the relationship between household portfolios and
a wide range of household characteristics including socio-demographic characteristics such
as age, education and health and financial characteristics such as net wealth, employment

11 It should be acknowledged that the WAS over-samples wealthier households compared with
other postal addresses. The reason for this is that, in general, other household surveys do not
adequately capture the top part of the wealth distribution, see Office for National
Statistics (2012).

12 Waves 2, 3, 4 and 5 of the WAS cover the following years respectively: 2008–2010, 2010–2012,
2012–2014 and 2014–2016.

13 Note we do not use wave 1 of the WAS, except for matching in background characteristics for
when the respondent was a child (see below), because a number of key variables were not
collected in that particular wave, e.g., financial expectations. Similarly, although waves 6 and 7
of the WAS are available, the sampling of the data changed after wave 5. The survey period
moved to a two-year, financial year-based periodicity (April to March) from a two-year period
that started in July and ended in June two years later. This led to concerns about the
longitudinal comparability of the data and in particular for the key variables of interest in our
analysis such as the value of assets, which may be affected by changing the sampling to a
financial year basis. A further reason for not using wave 7 (2018–2020) is that it incorporated
the period of the COVID-19 pandemic and national lockdowns, which meant that the
mode of interview changed from face-to-face interviews to telephone-only interviews. This
resulted in a lower response rate, which could influence the representativeness of the sample.
Furthermore, altering the mode of interview may also influence a respondent’s behaviour when
answering questions because interviewer experience and skill are likely to affect the
respondent’s cooperation in face-to-face interviews vis-à-vis other survey modes (see, e.g.,
Jackle et al. 2013).

14 In accordance with Abreu and Mendes (2010), we exclude current accounts from the definition
of the number of financial assets held, where 98% of household heads have such an account.

15 Within each of these broad asset categories, there are subcategories that we distinguish
between in defining the number of assets held. The full list of asset types is detailed in table 7.
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The composition of household portfolios 11

TABLE 2

Summary statistics

Mean SD Min. Max.

Dependent variable
Number of financial assets 2.676 2.34 0 21

Common covariates
Male 0.583 0.49 0 1

Class covariates
Born 1945 to 1954 0.247 0.43 0 1
Born 1955 to 1965 0.284 0.45 0 1
Born 1965 onwards 0.260 0.44 0 1
Risk attitude 0.225 0.42 0 1
Time preference 0.297 0.46 0 1
Mother post-school education 0.064 0.25 0 1
Father post-school education 0.091 0.29 0 1
Mother employee or self-employed 0.459 0.50 0 1
Father employee or self-employed 0.700 0.50 0 1
Single parent family when growing up 0.102 0.30 0 1
Number of siblings when growing up 1.666 1.72 0 8

Outcome covariates
Age 47.927 11.35 20 65
Single 0.485 0.50 0 1
Degree or above 0.297 0.46 0 1
Qualification below degree 0.550 0.50 0 1
Very good health 0.331 0.47 0 1
Employee 0.675 0.47 0 1
Managerial and professional 0.451 0.50 0 1
Intermediate occupation 0.106 0.31 0 1
Small employers and own account 0.085 0.28 0 1
Lower supervisory and technical 0.084 0.28 0 1
Log labour income 6.561 4.51 0 13.69
Log non-labour income 4.967 4.11 0 10.01
Log pension wealth 8.120 5.10 0 16.92
Log net wealth 8.466 6.16 −13.41 16.80
Has a DB occupational pension 0.250 0.43 0 1
Number of children in household 0.512 0.90 0 5
Number of adults in household 1.923 0.85 0 5
Financially optimistic 0.286 0.45 0 1
Financially pessimistic 0.309 0.46 0 1

Heads of household (N) 28,320
Number of times observed in panel:

1 wave 36%
2 waves 45%
3 waves 10%
4 waves 9%

Observations (NT) 45,578

status and income (e.g., Gaudecker 2015, Goetzmann and Kumar 2008, Calvet et al. 2007,
Roche et al. 2013, Fuertes et al. 2014, Hibbert et al. 2012). Young households, for example,
with low levels of financial wealth have been found to hold undiversified portfolios com-
prising a small number of assets, see, Roche et al. (2013). Mariotti et al. (2015) argue that
individual health status is linked to both income risk and expenditure risk, even in countries
that provide access to public health care, such as the UK and Australia. Furthermore,
older, highly educated and those with greater income and wealth are labelled as financially
sophisticated households because they are better equipped to obtain and process
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information (e.g., Fuertes et al. 2014, Calvet et al. 2009).16 Hence, our set of explanatory
variables follows this literature.

To be specific, the covariates, xi, used to model the number of financial assets held (yi)
include head of household characteristics such as a quadratic in age; whether single, never
married (other marital states form the reference category); educational attainment—whether
degree level or above or whether a qualification below degree level (no education is the
omitted category); being in good health; whether currently employed; occupation in cur-
rent or previous job—whether managerial or professional, intermediate, small employer and
own account, lower supervisory and technical (semi-routine and unemployed is the omit-
ted category);17 having a defined benefit occupational pension; and whether the head of
household is financially optimistic or financially pessimistic (no expected change in financial
position is the reference category). In addition, a number of household characteristics are
included: the natural logarithm of annual labour income, the natural logarithm of annual
non-labour income, the natural logarithm of pension wealth, the natural logarithm of net
wealth (defined as liquid assets plus house value minus the amount of unsecured and secured

16 Goetzmann and Kumar (2008) argue that the two key variables to proxy investor
sophistication are age and income.

17 Whilst the WAS does not allow us to explore how a household with a background in finance
(e.g., working in the funds management industry) invests differently to those with no finance
background, we link the discussion related to the household’s background more generally to
the occupational status controls in the results section.
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The composition of household portfolios 13

debt), the number of children in the household and the number of adults in the household
(excluding the household head). Finally, we also include year fixed effects.

The covariates, zi, which are specific to determining class membership, include the follow-
ing head of household characteristics: cohort of birth—whether born 1945–1955, whether
born 1955–1964 or whether born from 1965 onwards (pre-1945 is the omitted category);
risk attitudes;18 time preference;19 whether their mother had post-school education; whether
their father had post-school education; whether their mother was employed or self-employed;
whether their father was employed or self-employed; whether they grew up in a single parent
household; and the number of siblings when growing up.20 The only control variable com-
mon to both the outcome and class membership equations, i.e., appearing in both xi and
zi, is gender.

Sample summary statistics are presented in table 2, where it can be seen that 58%
of heads of household are male and their average age is 48. In terms of the controls for
determining class membership, only 6% (9%) of the respondents’ mothers (fathers) had
post-school education. On average, the respondent’s father was more likely to be employed
than their mother, at 70% and 46%, respectively. Approximately 10% of household heads
grew up in a single parent household. Turning to those covariates in the outcome yi equation,
i.e., number of financial assets held, 49% of respondents are single, around 30% have at least
degree level education, with approximately 15% having no qualifications. Labour income is
higher than non-labour income, with means of £2,102 and £290 per month, respectively.
An equal proportion of household heads are financially optimistic or financially pessimistic
about their finances for the coming year.21

4. Results

The discussion is divided into four subsections where we discuss the results for: (i) model
selection and the optimal number of classes, (ii) the determinants of class membership

18 This is a binary control constructed from the following question: “If you had a choice between
a guaranteed payment of one thousand pounds and a one in five chance of winning ten
thousand pounds, which would you choose? 0 = Guaranteed payment of £1,000, 1 = One in
five chance of £10,000.”

19 Defined as a binary control constructed from the following question: “If you had a choice of
receiving a thousand pounds today or one thousand one hundred pounds in 12 months, which
would you choose? 0 = £1,000 today, 1 = £1,100 next year.” For an excellent review of time
preference measures, see Frederick et al. (2002). Both risk attitudes and time preference are
observed to be time invariant in the data. More generally, Schildberg-Horisch (2018) has
recently argued that individual risk preferences appear to be persistent and moderately stable
over time

20 Childhood related questions are specific to when the respondent was around the age of 14 and
this information is captured when the individual initially enters the panel and so includes wave
1 of the WAS.

21 We have compared the representativeness of the WAS data with that of the Annual
Population Survey (APS) and the Annual Survey of Hours and Earnings (ASHE) for Great
Britain for some key covariates over the period 2008 to 2018. The WAS data are found to be
similar to the APS/ASHE data in terms of the means in respect to: gender, educational
attainment, the proportion employed, monthly labour income and occupational status.
However, perhaps not surprisingly, given that the WAS over samples wealthy households,
compared with the APS, individuals in the WAS sample are older on average by seven years.
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14 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

TABLE 3

Summary IC measures (pooled and panel data variants)

Panel A: Pooled estimates

BIC AIC CAIC HQIC

linear (OLS) 188,270.20 188,069.51 188,260.49 188,127.96
Poisson 187,043.52 166,842.88 166,901.19 167,033.78
NEGBIN 166,147.64 165,946.91 166,170.64 166,010.06
2-class 160,918.59 160,421.14 160,975.59 160,577.64
3-class MNL 160,915.79 160,112.89 161,129.28 160,365.48
4-class MNL 160,881.17 159,755.68 161,029.94 160,075.95

5-class MNL 161,074.88 159,772.81 161,241.88 160,155.75

Panel B: panel estimates (random effects)

BIC AIC CAIC HQIC

Linear 181,005.42 180,787.21 180,974.24.49 180,841.64
Poisson 162,945.20 162,735.85 162,924.79 162,792.38
NEGBIN 162,737.80 162,596.00 162,920.74 162,110.26
2-class 160,797.79 160,196.84 160,770.75 160,358.83
3-class MNL 160,898.94 159,968.71 161,008.17 160,115.34
4-class MNL 160,771.75 159,265.62 161,007.79 158,180.84

5-class MNL 161,004.08 159,617.44 161,101.08 158,396.53

Panel C: Vuong tests for panel estimates (random effects)

Vuong test BIC: MNL(4) vs. MNL(2) 39.21
Vuong test BIC: MNL(4) vs. MNL(3) 28.47
Vuong test BIC: MNL(4) vs. MNL(5) 15.58
Vuong BIC corrected: MNL(4) vs. MNL(2) 12.01
Vuong BIC corrected: MNL(4) vs. MNL(3) 11.99
Vuong BIC corrected: MNL(4) vs. MNL(5) 11.98

NOTE: Bold denotes minimum values of information criteria and hence the optimal model.

probabilities, (iii) how socio-economic characteristics influence the number of financial assets
held by households across classes and (iv) analysis of ex post statistics, where we also discuss
how our findings could be of importance from a policy perspective.

4.1. Model selection

In terms of model comparison, we compare a range of latent class estimators using standard
IC metrics to identify the preferred model. The models compared include a standard linear
estimator, poisson and negative binomial count models, and the latent class approach (from
two to five classes). Table 3 presents the summary IC, where panel A shows the IC for the
pooled models and panel B the IC for the random effects models, where the longitudinal
nature of the data is taken into account. All of the IC metrics favour the panel models within
each type of estimator, e.g., panel linear versus pooled linear (OLS), and also across the
alternative estimators. The panel 4-class MNL latent class model dominates all alternative
specifications (see panel B). Moreover, in terms of the latent class approach, the optimal
structure is found to be four classes. The Vuong test reported in panel C also confirms
that the 4-class MNL model is the optimal latent class structure amongst the competing
alternatives.

Although the MNL latent class approach does not impose any ordering on the expected
values, we impose ordering on the classes ex post according to the class expected values
(EV). The class specific expected value is given by EVq = exp(xiβq). The corresponding ex
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The composition of household portfolios 15

post expected values for classes 1, 2, 3 and 4 are 1.61, 2.71, 2.73 and 4.06, respectively.
Hence, by definition, class 1 is characterized by a relatively low number of asset types held,
at 1.61, and a relatively low level of diversification. In contrast, class 4 is characterized by
a higher level of diversification, with an expected value of 4.06. The maximum number of
financial assets held increases monotonically across classes 1 to 4 because the classes are
ordered according to the ex post EVs.

Ex post, we find that the average level of net wealth increases monotonically across
classes—£6,488 (class 1), £27,840 (class 2), £48,939 (class 3) and £157,748 (class 4) and
the two most diversified classes comprise older heads of household, on average. We label the
classes 1 to 4 as follows: younger, lowest-wealth and least-diversified (class 1); low-wealth and
intermediate-diversification (class 2); high-wealth and intermediate-diversification (class 3);
and older, highest-wealth and most-diversified (class 4).22 In what follows we examine the
characteristics (including risk attitudes and time preference) associated with the likelihood
of a household belonging to a particular class.

4.2. Determinants of class membership

To assess the factors that are correlated with the probability of belonging to a specific class,
table 4 presents the partial effects of the class probabilities, evaluated at the sample means
of the covariates. In general, the findings indicate that gender, the birth cohort controls, the
measure of risk attitudes, time preference and childhood conditions are mostly statistically
significant, supporting a well-specified class membership equation. Furthermore, the table
reports the average posterior probabilities across classes, which show that class 1 is the
largest class of the four, containing 39% of the sample and the smallest class is class 4,
which contains only 11% of the sample.

Table 4 shows that there is a clear impact of risk attitudes on the probability of belonging
to each class. Specifically, households with heads who are more willing to take risk are more
likely to be in class 4, the class with a higher number of financial assets held, and less likely
to belong to classes 1 and 2. The findings of Nosić and Weber (2010) indicate that measures
of risk attitude are a significant determinant of risk taking behaviour in stocks and show that
subjective measures of risk attitudes are better predictors of this behaviour than objective
measures. Table 4 shows that the measure of time preference is statistically significant only
for class 1, where it has the expected negative sign. Theoretical and empirical studies show
that individual time preference has an inverse relationship with wealth accumulation, (e.g.,
Bernheim et al. 2001, Finke and Huston 2013). These findings are in line with the existing
literature that examines the determinants of stock holding at the household level (e.g.,
Cardak and Wilkins 2009, Shum and Faig 2006) because those who are more likely to take
risk tend to hold a higher number of risky financial assets. Similarly, households with a
male head have around a 20 percentage points higher probability of being in class 4 than
households with a female head, which also ties in with the existing literature, which reports
differences in risk preference by gender, e.g., Guiso and Sodini (2013), with females generally
found to be more risk averse.

Households with a head who grew up in a single parent family are around 9 percentage
points less likely to belong to class 4 and 2 percentage points more likely to belong to class
1, compared with those household heads who did not grow up in a single parent household.

22 Arguably, although our data and application differ to that of Gerhard et al. (2018), classes 1
and 4 are related to their striving and established subgroups of households, where the former
are younger with lower income and the latter are older with higher income.
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16 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

TABLE 4

Partial effects on prior class probabilities by class expected values

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Class 1 Class 2 Class 3 Class 4

Male −0.015 (0.01) −0.191 (0.05)*** 0.008 (0.01) 0.198 (0.05)***
Born 1945 to 1954 0.026 (0.02)* −0.107 (0.04)*** 0.036 (0.02)** 0.044 (0.05)
Born 1955 to 1965 −0.059 (0.02)*** 0.084 (0.05)** −0.030 (0.02)** 0.005 (0.04)
Born 1965 onwards 0.130 (0.04)*** −0.018 (0.04) −0.044 (0.02)** −0.068 (0.03)**
Risk attitude −0.044 (0.02)*** −0.214 (0.07)*** −0.010 (0.02) 0.267 (0.05)***
Time preference −0.029 (0.01)*** −0.029 (0.04) 0.027 (0.02) 0.032 (0.04)
Mother post-school

education
0.017 (0.01) 0.097 (0.05)** −0.069 (0.03)*** −0.046 (0.05)

Father post-school
education

−0.001 (0.01) −0.118 (0.04)*** 0.145 (0.05)*** −0.026 (0.05)

Mother employee/
self-employed

−0.064 (0.02)*** −0.067 (0.06) −0.055 (0.02)** 0.186 (0.06)***

Father employee/
self-employed

−0.001 (0.00) −0.088 (0.04)** −0.024 (0.01)** 0.112 (0.05)***

Single parent family
growing up

0.021 (0.01)** 0.052 (0.04) 0.015 (0.01) −0.088 (0.05)*

Number of siblings
growing up

−0.014 (0.01) −0.169 (0.03)*** 0.018 (0.02) 0.164 (0.04)***

Posterior probabilities 0.3849 0.1820 0.3194 0.1138

NOTES: Observations (N) = 28,320; (NT) = 45,578. EV denotes ex post expected value, i.e., the number
of financial assets. Standard errors are shown in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

However, the probability of being in class 4 is positively associated with the number of sib-
lings the household head grew up with. The birth cohort controls are statistically significant
across most of the 4 classes, with those who were born after 1965 being more likely to belong
to class 1 and less likely to be in class 4 relative to those who were born before 1945 (the
omitted category). However, it should be acknowledged that the pattern of the impact of
the other birth cohorts controls is not clear.

Parental employment status of the household head is also a strong predictor of class
membership. To be specific, having a mother (father) who was employed or self-employed
when the household head was around 14 years old increases the probability of being in the
highest class of diversification by approximately 19 (11) percentage points. In contrast, the
probabilities of belonging to the other three classes are lower for these heads of household.
Although parental education is statistically significant for classes 2 and 3, the direction of
the impact is not as clear as that for parental employment status.

Next, we examine the effect of socio-demographic and economic factors on household
portfolio behaviour, in particular how they differ across the four identified classes, where it
is possible that the direction of impact, magnitude and statistical significance of covariates
varies across the subgroups.

4.3. Class specific determinants of the number of financial assets

One of the key features of the latent class approach is that the covariates are allowed to
have different effects across the four classes, thereby unveiling a more detailed picture of the
determinants of household portfolio composition than the modelling approaches employed
in the existing literature. This is supported by the results in tables 5 and table A1, which
reveal a pattern of class heterogeneity that conventional econometric models are unable to
identify. More specifically, table 5 shows that the magnitude, statistical significance as well
as the direction of the effect of some explanatory variables vary across the four classes.

 1
5
4
0
5
9
8
2
, 0

, D
o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n
lin

elib
rary

.w
iley

.co
m

/d
o
i/1

0
.1

1
1
1
/caje.1

2
6
9
1
 b

y
 U

n
iv

ersity
 O

f S
h
effield

, W
iley

 O
n
lin

e L
ib

rary
 o

n
 [3

0
/1

0
/2

0
2
3
]. S

ee th
e T

erm
s an

d
 C

o
n
d
itio

n
s (h

ttp
s://o

n
lin

elib
rary

.w
iley

.co
m

/term
s-an

d
-co

n
d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v
ern

ed
 b

y
 th

e ap
p
licab

le C
reativ

e C
o
m

m
o
n
s L

icen
se



T
h
e

co
m

p
o
sitio

n
o
f

h
o
u
seh

o
ld

p
o
rtfo

lio
s

1
7

TABLE 5

Coefficients and incidence rate ratios for number of financial assets by class expected values

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Class 1 Class 2 Class 3 Class 4
βq=1 IRR βq=2 IRR βq=3 IRR βq=4 IRR

Male −0.121 (0.03)*** 0.886 0.059 (0.03)* 1.061 −0.083 (0.02)*** 0.920 −0.047 (0.03) 0.954
Age −0.366 (0.09)*** 0.693 −0.087 (0.11) 0.917 −0.126 (0.09) 0.881 0.047 (0.10) 1.048
Age squared 0.036 (0.01)*** 1.036 0.012 (0.01) 1.012 0.010 (0.01) 1.010 −0.008 (0.01) 0.992
Single 0.165 (0.03)*** 1.180 0.067 (0.03)** 1.069 0.108 (0.02)*** 1.113 −0.034 (0.02) 0.966
Degree or above 0.300 (0.05)*** 1.349 0.347 (0.08)*** 1.415 0.221 (0.03)*** 1.247 0.140 (0.04)*** 1.150
Qualification below degree 0.213 (0.04)*** 1.238 0.252 (0.08)*** 1.286 0.125 (0.03)*** 1.133 0.092 (0.04)** 1.097
Very good health −0.005 (0.03) 0.995 0.015 (0.03) 1.015 −0.007 (0.02) 0.993 −0.030 (0.02) 0.970
Employee 0.088 (0.04)** 1.091 −0.063 (0.05) 0.939 −0.036 (0.03) 0.964 0.038 (0.03) 1.039
Managerial & profession 0.250 (0.04)*** 1.285 0.407 (0.05)*** 1.503 0.136 (0.03)*** 1.146 0.085 (0.03)*** 1.088
Intermediate occupation 0.146 (0.04)*** 1.157 0.257 (0.07)*** 1.294 0.117 (0.03)*** 1.124 0.037 (0.05) 1.037
Small employers & own account 0.150 (0.05)*** 1.162 0.166 (0.07)** 1.180 0.087 (0.04)** 1.090 0.010 (0.04) 1.010
Lower supervisory & technical 0.113 (0.05)** 1.119 0.116 (0.08) 1.122 0.008 (0.04) 1.008 0.063 (0.04) 1.065
Log labour income 0.057 (0.04) 1.058 0.121 (0.05)** 1.129 −0.100 (0.03)*** 0.905 −0.007 (0.03) 0.993
Log non-labour income 0.039 (0.03) 1.040 −0.017 (0.05) 0.983 −0.004 (0.02) 0.996 0.010 (0.03) 1.010
Log pension wealth 0.443 (0.03) *** 1.558 0.498 (0.04)*** 1.646 0.182 (0.02)*** 1.200 0.145 (0.03)*** 1.156
Log net wealth 0.018 (0.00) *** 1.019 0.014 (0.00)*** 1.014 0.162 (0.01)*** 1.176 0.218 (0.01)*** 1.243
Has a DB occupational pension −0.162 (0.03)*** 0.850 −0.253 (0.04)*** 0.776 −0.050 (0.02)** 0.951 −0.022 (0.02) 0.979
Number of children −0.078 (0.02)*** 0.925 −0.051 (0.02)*** 0.951 −0.058 (0.01)*** 0.944 −0.017 (0.01) 0.983
Number of adults 0.062 (0.02)*** 1.064 0.130 (0.02)*** 1.139 0.012 (0.01) 1.012 0.015 (0.01) 1.022
Financially optimistic 0.107 (0.03)*** 1.113 0.076 (0.04)** 1.079 −0.001 (0.02) 0.999 0.014 (0.02) 1.014
Financially pessimistic −0.033 (0.03) 0.968 0.032 (0.04) 1.032 −0.028 (0.02) 0.973 −0.011 (0.02) 0.989
ρ 0.160 (0.03)*** 0.159 (0.02)*** 0.043 (0.04) 0.050 (0.16)
ρ 0.216 (0.06)***

NOTES: Observations (N) = 28,320; (NT) = 45,578. Other controls include year fixed effects. EV denotes ex post expected value, i.e., the number of financial
assets. The incidence rate ratio is given by IRR = exp(βq). Standard errors are shown in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

 15405982, 0, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/caje.12691 by University Of Sheffield, Wiley Online Library on [30/10/2023]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License



18 R. Alzuabi, S. Brown, M. N. Harris, and K. Taylor

For example, the direction of the effect changes between the four classes for gender
and labour income. Households with a male head in class 1, a class with a relatively low
level of asset diversification, are associated with a lower number of financial assets than
households with a female head by a factor of 0.886, whereas, for class 2, households with
a male head have more financial assets by a factor of 1.061, ceteris paribus. However, the
effect becomes negative again for class 3 and statistically insignificant for class 4 (i.e., the
highest-wealth and most-diversified class). The existing literature generally finds that gender
explains many differences in investment behaviour, such as the investment decision process
and risk preferences (e.g., Marinelli et al. 2017). For example, males trade excessively as a
result of overconfidence (e.g., Barber and Odean 2001), and males exhibit a higher likelihood
of home bias than females (e.g., Karlsson and Nordén 2007). However, Marinelli et al. (2017)
found no significant difference in the diversification of the portfolios of women and men
despite the well documented differences in their respective investing behaviour. Furthermore,
Hibbert et al. (2013) found that men and women are equally likely to invest a significant
portion of their portfolios in risky investments but only conditional on having similar levels
of financial education.

The impact of labour income on the number of financial assets held also exhibits con-
siderable heterogeneity in terms of the effects across the four classes. Specifically, a 1%
increase in labour income is associated with 1.129 more financial assets for households in
class 2, whereas it is associated with 0.905 less financial assets for those in class 3, ceteris
paribus. Such findings indicate that labour income influences diversification for the two mid-
dle classes, whereas it has no statistically significant effect for households in the lowest or the
highest classes of diversification. Findings from existing empirical studies usually report a
positive relationship between income and the level of diversification, (e.g., Calvet et al. 2009;
2007, Abreu and Mendes 2010). A potential explanation for the insignificant effect of income
in class 4 and class 1 might relate to the heterogeneity in the labour market status in these
two groups. For example, class 1 might consist of a mixture of younger individuals and a
higher proportion of people out of the labour market, while class 4 may comprise a mixture
of high earners and more people who are retired.

The other financial variables have the expected impact across the four classes, see table 1.
This is in line with the argument that having different sources of household income has a
positive impact on households’ financial abilities and knowledge, which will in turn enhance
the composition of their portfolios (e.g., Fuertes et al. 2014, Calvet et al. 2007, Mariotti
et al. 2015). However, the magnitude of the effect varies across classes. For example, a 1%
increase in pension wealth is associated with 1.558 more financial assets for class 1, whereas
the same increase is associated with only 1.156 more financial assets for class 4. Calvet
et al. (2007) found that the share of private pension contributions as a fraction of income
has a substantial positive effect on participating in the stock market. On the other hand,
net wealth has a more pronounced impact on households in the top 2 classes compared
with those in the bottom two classes (i.e., those classes characterized by less diversifica-
tion). Specifically, a 1% increase in net wealth is associated with only 1.019 more financial
assets for class 1, whereas the same increase is associated with 1.243 more financial assets for
class 4. The findings of Mariotti et al. (2015) show that household asset diversification differs
across the wealth distribution, where those in the top quartile are considerably more likely to
include risky assets in their portfolio and, conversely, those in the lower quartile hold almost
exclusively liquid assets. Furthermore, Fuertes et al. (2014) argue that wealthy investors are
better positioned to allocate resources to the gathering and processing of financial informa-
tion. Having a head of household with a defined benefit pension is found to be associated
with holding less financial assets across all classes. This result might reflect the possibility
that those who have a defined contribution pension are more exposed to the concept and
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The composition of household portfolios 19

implications of diversification than those with defined benefit pension schemes. Dimmock
et al. (2016) also found that those who have a defined contribution pension scheme are
more likely to participate in the stock market, whereas those with a defined benefit pension
scheme are less likely to participate. On the other hand, McCarthy (2003) showed from a
theoretical perspective that a defined benefit plan can provide individuals who are nearing
retirement with additional diversification by reducing exposure to financial market risk.

In general, such findings highlight not only the importance of allowing parameter esti-
mates to vary by class but also the importance of distinguishing between different income
sources. For example, in contrast to the findings from some of the existing studies, see table 1,
the impact of non-labour income is statistically insignificant across classes whilst labour
income has no effect for those households in the least and highest diversified subgroups. The
results of table 5 clearly reveal that it is net wealth and pension wealth that are the most
important monetary factors, especially the latter in terms of the economic magnitude of the
effect across classes (with the exception of the most well diversified group).

The impact of the age of the head of household is statistically significant only for
class 1 (i.e., the lowest-wealth and least-diversified class). The findings for class 1 sug-
gest that the older is the head of the household the lower is the number of financial assets
held and the magnitude of the impact increases at a decreasing rate, as shown by the
quadratic term. A number of empirical papers report that age is a significant determi-
nant of under-diversification (e.g., Goetzmann and Kumar 2008, Calvet et al. 2007, Roche
et al. 2013). Roche et al. (2013) argue that young investors are more likely to be financially
constrained because they generally have a low value of wealth-to-income ratio. Therefore,
they hold under-diversified portfolios given that financial constraints are a significant deter-
minant of portfolio diversification.

In the first three classes, households with a single head have more financial assets than
households with a married head and the magnitude of the effect is similar across these classes,
which is in line with the findings of existing literature (e.g., Grinblatt et al. 2011, Abreu
and Mendes 2010). Theoretically, married people may have less confidence and exhibit a
higher degree of risk-aversion (e.g., Barber and Odean 2001, Fuertes et al. 2014). Therefore,
married people might be expected to have a better diversified portfolio because overconfi-
dence induces excessive trading and overconfident investors are prone to take higher risks
(e.g., Merkle 2017, Dorn and Huberman 2005, Glaser and Weber 2007). However, empirical
evidence reveals that married people tend to have less diversified portfolios (e.g., Grinblatt
et al. 2011, Abreu and Mendes 2010). Interestingly, Abreu and Mendes (2010) argue that
married investors are financially less well informed.

Education has the expected impact across the four classes with the impact being strongest
for those in class 2 (e.g., Hibbert et al. 2012, Calvet et al. 2007, Abreu and Mendes 2010).
Specifically, in class 2, having a head of household with a degree or above is associated with
holding more financial assets than those who have no education by a factor of 1.415. Calvet
et al. (2009) find, using panel data on Swedish households, that those with more education
are more likely to participate and less likely to exit financial markets.

Heads of household who are employees hold more financial assets, which is as expected
and accords with the existing literature (e.g., Grinblatt et al. 2012, Calvet et al. 2007, Abreu
and Mendes 2010), although the effect is statistically significant only for those in class 1.
Being currently employed or having a previous job in a lower supervisory and technical
occupation has a significant effect only in class 1 (i.e., the lowest-wealth and least-diversified
class), where the associated IRRs factors are smaller compared with the other occupations.
In contrast, those who are in managerial or professional occupations have the strongest IRRs
factors and this is the only statistically significant occupation for households in class 4 (i.e.,
the highest-wealth and most-diversified class). This is as expected because individuals in
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these types of occupations arguably have more financial knowledge and experience. Further-
more, the experience gained in these types of occupations may increase an individual’s ability
and speed in processing economic and financial information, which may in turn influence
their portfolio diversification decisions (e.g., Hibbert et al. 2012, Fuertes et al. 2014).

The number of children and the number of adults in the household also have the expected
hypothesized effects, but contradict some of the findings in the existing literature, see table 1.
Specifically, the number of children is negatively associated with the number of financial
assets and the opposite is observed regarding the number of adults. These findings may reflect
the presence of children in the household being associated with higher costs, whereas more
adults may bring more financial and economic knowledge and/or an extra source of income
into the household (e.g., Barnea et al. 2010, Sierminska and Silber 2020). Furthermore, Scholz
and Seshadri (2007) argue that, as well as the negative impact on retirement wealth, given
the increase in child oriented expenditures, children affect the length of time households will
be credit-constrained. In the existing literature, in studies where a positive impact of the
number of children on diversification has been found (e.g., Mariotti et al. 2015), a potential
reason for this might be that having children increases the requirement for a variety of
financial investments such as housing, life insurance and trust funds.

Being financially optimistic has a positive impact on the number of financial assets held,
but the effect is statistically significant for heads of household only in classes 1 and 2; this
finding is in line with the existing literature (e.g., Gunnarsson and Wahlund 1997, Puri and
Robinson 2007, Guiso et al. 2008). Specifically, Gunnarsson and Wahlund (1997) find that
risk hedgers and prudent investors have the most positive financial outlook compared with
pre-committed savers who have the most negative outlook. Puri and Robinson (2007) reveal
that optimism is positively related to a household’s decision to save, participate in the equity
market as well as the proportion of stocks held relative to total financial assets. Conversely,
Guiso et al. (2008) find mixed evidence for the role of optimism (although the question
they use does not explicitly capture financial expectations per se), but where statistically
significant, optimism is associated with a higher probability of stock market participation.

To summarize, the most important factors that lead to more diversification, as observed
in the coefficients associated with households in class 4, are heads of household with higher
levels of education, being in managerial or professional occupations, and having high levels of
net wealth and pension wealth.23 Moreover, in general, the economic magnitudes stemming
from the effects of the covariates are non trivial given the size of the IRRs relative to the
class specific EVs. Latent heterogeneity is clearly of importance and may help to reconcile
some of the anomalies revealed in table 1, given that the statistical significance and direction
of the impact of some covariates differs across the subgroups.

23 We also incorporate year fixed effects, given that the number of financial assets held in the
household portfolio may differ over time influenced, e.g., by macro-economic shocks, with our
sample starting in 2008 (the reference category). The year fixed effects, βq, are shown in
figure 2, where each solid coloured line shows the coefficient for a specific class and the
corresponding shaded area shows the 95% confidence interval. For class 3, the year effects are
statistically insignificant over the entire sample period, whilst the magnitudes of the estimated
coefficients for class 4 (the most diversified) are equal to zero with the exception of 2015 and
2016, where the number of financial assets in the portfolio is less than in 2008. Similar findings
can also be observed for the two least diversified classes, where again, compared with the base
year, in 2015 and 2016, the number of financial assets held is lower. However, it is not possible
to differentiate between these two classes because the confidence intervals are overlapping.
Compared with 2008, the number of financial assets held is higher in just one year—2013—and
this is evident only for the least diversified group of households (class 1).
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FIGURE 2 Estimates of the impact of year fixed effects on the number of financial assets held by class

The ρ parameters in table 5 show the degree of association of the panel structure of the
data, i.e., the extent of the unobservable intra-household correlation in the data over time.
This may be an indication of some persistence in the unobservables in relation to portfolio
allocation. Specifically, the overall average of this correlation is 0.22, which is statistically
significant at the 1% level. This shows the importance of the longitudinal nature of the data
in modelling the number of financial assets, particularly for those households with the least
diversified portfolios.

The discussion so far illustrates how the latent class approach unveils differential partial
effects across classes, with the approach essentially being used as a means to allow for
more unobserved heterogeneity in the modelling framework. If this is the case, then focus
may actually lie on the overall partial effects and whether or not there are any differences in
overall effects across model variants. To explore this, in table 6, we compare the overall partial
effects between a linear random effects (RE) model, a negative binomial (NegBin) model
and our preferred 4-class MNL estimator. The table also reports the AIC and BIC statistics
to compare the overall statistical performance of these models. As mentioned above, both
statistics reveal that, statistically, the latent class MNL estimator is the preferred approach
for modelling household portfolio diversification.

Although the general pattern of results is broadly consistent across the three models,
there are some substantive differences in terms of size and statistical significance for a
number of explanatory variables.24 Specifically, in contrast to the results from the 4-class

24 In general, the results from the linear RE and the NegBin models are roughly consistent with
the results of class 1 from the latent class model, which accords with expectations because this
class dominates in probabilistic terms (containing 39% of the sample).
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TABLE 6

Comparison of overall partial effects across models

linear (RE) NegBin 4-class MNL

Male 0.064 (0.02)*** 0.037 (0.01)*** −0.019 (0.05)
Born 1945 to 1954 −0.042 (0.02)**
Born 1955 to 1965 0.055 (0.02)***
Born 1965 onwards −0.049 (0.01)***
Risk attitude −0.008 (0.02)
Time preference 0.051 (0.03)*
Mother post-school education 0.029 (0.02)
Father post-school education −0.118 (0.03)***
Mother employee/self-employed −0.025 (0.02)
Father employee/self-employed 0.069 (0.02)***
Single parent family growing up −0.015 (0.02)
Number of siblings growing up −0.008 (0.02)
Age −0.028 (0.01)*** −0.451 (0.06)*** −0.068 (0.15)
Age squared 0.001 (0.00)*** 0.049 (0.01)*** 0.007 (0.02)
Single 0.302 (0.02)*** 0.246 (0.02)*** 0.051 (0.04)
Degree or above 0.895 (0.03)*** 0.711 (0.03)*** 0.551 (0.09)***
Qualification below degree 0.357 (0.03)*** 0.411 (0.03)*** 0.384 (0.09)***
Very good health 0.038 (0.02)* 0.018 (0.02) −0.021 (0.04)
Employee −0.113 (0.03)*** −0.045 (0.02)* −0.019 (0.06)
Managerial & professional occupation 0.543 (0.06)*** 0.621 (0.02)*** 0.532 (0.06)***
Intermediate occupation 0.162 (0.06)** 0.430 (0.03)*** 0.321 (0.08)***
Small employers occupation 0.077 (0.07) 0.385 (0.03)*** 0.195 (0.09)**
Lower supervisory occupation −0.085 (0.07) 0.189 (0.03)*** 0.194 (0.09)**
Log labour income 0.090 (0.03)*** −0.018 (0.02) 0.099 (0.06)
Log non-labour income −0.183 (0.03)*** −0.061 (0.02)*** −0.003 (0.05)
Log pension wealth 0.860 (0.02)*** 0.846 (0.02)*** 0.707 (0.06)***
Log net wealth 0.094 (0.01)*** 0.159 (0.00)*** 0.291 (0.02)***
Has DB occupational pension −0.445 (0.02)*** −0.338 (0.02)*** −0.290 (0.05)***
Number of children −0.028 (0.01)*** −0.127 (0.01)*** −0.082 (0.02)***
Number of adults 0.163 (0.01)*** 0.095 (0.01)*** 0.158 (0.03)***
Financially optimistic 0.121 (0.02)*** 0.100 (0.02)*** 0.096 (0.04)**
Financially pessimistic −0.055 (0.02)*** −0.054 (0.02)*** 0.012 (0.05)
AIC 180,787.21 162,596.00 159,265.62
BIC 181,005.42 162,737.80 160,797.79

NOTES: Observations (N) = 28,320; (NT) = 45,578. Other controls include year fixed effects. Standard
errors are shown in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

MNL model, the linear RE and the NegBin models reveal positive and statistically significant
gender and marital status effects on the number of financial assets held. Similarly, non-labour
income, being financially pessimistic and age are found to have negative and statistically
significant effects according to the linear RE and the NegBin models. Furthermore, in terms
of the size of the effect, in comparison to the latent class modelling approach, the linear
model seems to overestimate the partial effects whereas these effects are underestimated
according to the negative binomial model.

In general, given that the average partial effects of some controls in the linear and
the NegBin models are attenuated by the most populated class, class 1, results based
on these models may not adequately reflect the determinants of diversification for the
other groups, which suggests that policy based on such models could be inappropriate
or erroneous.25

25 Table A1 shows partial effects by class, which also indicate that the overall partial effects of
the 4-class MNL model reported in table 6 are also attenuated by the largest class, i.e., class 1.
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4.4. Analysis of ex post statistics

Ex post, we are able to split the population into various subgroups of households, i.e.,
classes based upon the ex post EVs, and analyze their portfolio diversification behaviour. To
be specific, we can examine the composition of portfolios within each class and also across
classes. This allows us to explore questions such as whether it is the case that class 4 is
characterized by a more diversified portfolio. Using the naive measure, i.e., the number of
financial assets held, see Barasinska et al. (2009), the EVs suggest that, on average, class 4 is
characterized by more diversified portfolios because the number of asset types held is higher.
However, in this section, we explore how this relates to asset shares and combinations of
different types of assets. For example, a household in class 4 might hold five types of assets
but 95% of the total value of the assets, on average, might be held in a single asset.

Table 7 shows the mean EV for each class (as discussed above) and the proportion of
households without any financial assets. The latent class approach allows for no asset holding
across each class, and this is, indeed, a characteristic of our data, where the minimum
EV is zero across all classes. The proportion of households reporting zero assets does not
decrease monotonically across classes (i.e., as the EVs increase), where it can be seen that
class 1 (EV = 1.61) and class 3 (EV = 2.73) have approximately 22% and 15% reporting
zero financial assets, respectively, with class 2 (EV = 2.71) characterized by only 5.13% of
households reporting zero assets. At the other extreme, the maximum values for the number
of assets held are as follows: class 1 = 7, class 2 = 12, class 3 = 13 and class 4 = 21. Not only
does the mean number of financial assets increase across classes but so does the standard
deviation, indicating more diversified subgroups as the ex post EV increases monotonically
by class.26

We also analyze a Herfindahl–Hirschman index (HHI), which can be used to measure
portfolio diversification (e.g., see Ivković et al. 2008). It is defined as follows:

HHIq =

Nq
∑

sq=1

||ω2

sq
× αsq

||, (6)

where HHIq is the metric for class q and there are Nq assets in the class. The share of asset,
sq, in terms of its monetary value in the household financial portfolio is class specific (q)
and is given by ωsq

.27 We provide both unweighted (i.e., equally weighted, αsq
= 1/Nq) and

weighted HHIq metrics, where for the latter we scale equation (6) by the proportion that
specific asset comprises of the portfolio in a given class, αsq

.28 The index ranges from 1/Nq

to unity; hence, classes that are more diversified have a lower HHIq. The final two rows of
the summary information reported in table 7 show that this is indeed the case. The HHI
increases monotonically across the classes, consistent with class 1 (4) being the least (most)

26 Note that the EVs do not precisely match the average number of financial assets reported in
table 7. This is because the EV statistic is generated from the LCM estimator ex post, whilst
the mean number of financial assets is a raw unconditional sample statistic.

27 For example, if the amount invested in ISAs in a particular class is £1,000 and the total
amount of financial assets in the class is £10,000 then ωsq = (1,000 ÷ 10,000) = 0.1.

28 For example, focusing upon ISAs, αsq would represent the ratio of ISAs relative to the total
number of financial assets within a given class.
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TABLE 7

Ex post summary statistics – percentage held

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Summary information Mean Class 1 Class 2 Class 3 Class 4

% no financial assets 15.31% 21.78% 5.13% 15.13% 2.28%
Mean number of financial assets 2.68 1.28 2.70 3.01 6.91
Standard deviation number of financial

assets
2.34 0.98 1.70 2.34 3.68

Minimum number of financial assets 0 0 0 0 0
Maximum number of financial assets 21 7 12 13 21
Herfindahl–Hirschman index (weighted) 0.18 0.30 0.21 0.12 0.08
Herfindahl–Hirschman index
(unweighted)

0.43 0.58 0.46 0.34 0.17

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Type of financial asset Mean Class 1 Class 2 Class 3 Class 4

A. Has savings or deposit account
A1. Has a savings or deposit account 56.42% 41.31% 69.54% 59.97% 83.71%
A2. Has national savings easy access 1.28% 0.44% 1.27% 1.33% 4.81%
A3. Has an all-in-one or offset account 0.62% 0.34% 0.85% 0.62% 1.72%
A4. Has funds saved with credit union 0.36% 0.15% 0.48% 0.39% 0.93%
A5. Has other savings or deposit

account
0.45% 0.10% 0.41% 0.49% 1.66%

A6. Has overseas savings or deposits 1.49% 0.61% 2.30% 1.63% 3.35%
B. Has ISA account

B1. Has a cash ISA 45.04% 24.59% 51.40% 53.41% 77.55%
B2. Has an investment ISA 15.18% 2.29% 11.65% 18.64% 57.43%

C. Has fixed-term investment bonds
C1. Has fixed-interest fixed-term bond 7.81% 1.13% 3.97% 10.21% 29.07%
C2. Has variable return no capital

guarantee
2.00% 0.21% 0.93% 2.46% 8.86%

C3. Has variable return capital
guarantee

1.47% 0.18% 0.77% 1.77% 6.47%

D. Has unit investment bonds 6.98% 0.69% 3.92% 8.02% 33.34%
E. Has employee share or share options

E1. Has employee shares 6.54% 1.65% 9.38% 6.71% 23.13%
E2. Has share options 3.07% 0.69% 5.27% 2.83% 11.90%
E3. Has both employee & share options 1.29% 0.08% 2.24% 0.95% 7.29%

F. Has other shares
F1. Has shares in UK companies

(listed & unlisted)
15.52% 1.06% 10.34% 18.83% 68.01%

F2. Has shares in listed UK companies 15.04% 0.98% 9.67% 18.19% 66.88%
F3. Has shares in unlisted UK

companies
1.33% 0.09% 1.06% 1.29% 7.51%

F4. Has shares in foreign companies 2.40% 0.17% 1.97% 2.28% 13.62%
G. Has premium national savings bonds

certificates
G1. Has index-linked/fixed investment

savings certificates
1.86% 0.07% 0.85% 1.71% 12.16%

G2. Has premium bonds 23.02% 7.34% 21.32% 28.66% 60.83%
G3. Has pensioners guaranteed income

bonds
0.74% 0.09% 0.35% 0.82% 3.66%

G4. Has other national savings
products

0.62% 0.11% 0.64% 0.71% 2.39%
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TABLE 7

(Continued)

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Type of financial asset Mean Class 1 Class 2 Class 3 Class 4

H. Has government/corporate bonds &
gilts

H1. Has corporate bonds issued by a
UK company

0.75% 0.06% 0.41% 0.66% 4.92%

H2. Has UK government local
authority bonds or gilts

0.67% 0.03% 0.19% 0.62% 4.50%

H3. Has corporate bonds issued by a
foreign company

0.10% 0.00% 0.04% 0.06% 0.84%

H4. Has government bonds issued by a
foreign government

0.17% 0.01% 0.14% 0.10% 1.35%

I. Has life insurance, friendly society or
endowment policies

I1. Has an endowment or regular
premium policy

5.78% 2.07% 4.42% 6.53% 19.89%

I2. Has a single premium, policy or
investment bond

0.87% 0.23% 0.41% 0.96% 3.85%

I3. Has a friendly society tax exempt
savings plan

0.81% 0.15% 0.48% 0.78% 4.39%

I4. Has an insurance policy that pays
lump sum

2.27% 1.13% 1.97% 2.47% 6.44%

I5. Has other life insurance product 16.21% 11.40% 21.90% 16.69% 26.45%
J. Has other investments 1.60% 0.35% 1.22% 1.81% 6.47%

NOTES: Observations (N) = 28,320; (NT) = 45,578. EV denotes ex post expected value, i.e., the number
of financial assets.

diversified.29 For example, for class 4, the value, HHI = 0.08, is equivalent to a household
portfolio comprising 12 financial assets. The HHI statistics support the conjecture that the
LCM performs well in terms of ranking the extent of portfolio diversification across the
different subgroups (i.e., classes).

Table 7 also reports the proportions held in each type of financial asset within and across
classes. In terms of savings and deposit accounts, for class 1, only 41.31% of households have
such an account, which is below the sample mean. The proportion of households holding
cash ISAs increases monotonically across classes, with around 78% of households in class
4 having cash ISAs. Similarly, the percentage of households who have investment ISAs in
their portfolio increases monotonically across classes and it is noticeable that over half of
the population have such assets. Share ownership also increases monotonically across classes,
where class 4 dominates in terms of the proportion of households having such assets in their
portfolio: approximately 23% hold employee shares and just under 80% have shares in UK
and foreign companies. Furthermore, the share ownership findings also reveal a home bias
tendency in the investment behaviour of households in our sample because most of the
shares held are concentrated in the UK market. Home bias behaviour undermines portfolio
performance because it provides individual investors with a far-from-optimal combination of
portfolio return and risk (e.g., Gaar et al. 2020, Huberman 2001, Baxter and Jermann 1997,
Karlsson and Nordén 2007). In general, table 7 shows that a similar pattern emerges for
other asset types and suggests that diversification increases across the classes, i.e., as the ex
post EV increases.

29 The overall mean weighted HHI = 0.18 is lower than that found by Ivković et al. (2008) based
upon data for US households, which indicates that financial portfolios in Great Britain are
more diversified.
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It is noticeable from the statistics shown in table 7 that households do not appear to
split their financial wealth evenly among available asset types, which is at odds with the 1/n
strategy (Benartzi and Thaler 2001). Furthermore, for class 1, on average, the majority of
financial wealth is held in more liquid assets, i.e., savings and deposit accounts, compared
with class 4, where there are similar orders of magnitude of the proportions of wealth held
in liquid and illiquid assets (e.g., ISAs and shares).

In table 8, again based upon ex post analysis, we analyze the amount held in each type of
asset and its proportion of financial wealth. The average amount of financial assets held by
households over the period was £58,174. However, financial wealth is not evenly distributed
across classes, with class 1—arguably the least diversified class based upon the analysis
of table 7—having, on average, portfolios with a total value of £11,548 compared with
class 4, where the average amount of financial assets held is £215,857. Focusing on savings
accounts—one of the most liquid assets—although class 4 is found, on average, to have the
highest monetary amount, in terms of the proportion of financial assets, it is the lowest
at around 22%, which is below the sample mean. Indeed, for class 4, a higher proportion
of financial assets is held in cash and investment ISAs than savings at just under 30%. It
is particularly noticeable for the group of households with the most diversified portfolios,
i.e., class 4, not only that such households hold a higher monetary amount of each asset
in comparison to other groups (i.e., classes) but also that, with the exception of savings
accounts, each asset also constitutes a much higher percentage of the total amount held
in financial assets. This is particularly apparent for more illiquid assets, such as fixed-term
investment bonds, unit trusts and shares.

Having explored a wide range of financial assets from very liquid to highly illiquid, the
LCM approach would appear to be convincing in terms of splitting households into sub-
groups based on their underlying level of financial diversification. These subgroups were
ordered monotonically into different classes by the ex post EVs, based upon a naive measure
of diversification derived from the underlying number of financial assets. The analysis in this
section has revealed that, across the different classes, the asset shares and combinations of
distinct asset types become considerably more diverse across the classes as the EV increases.
This is consistent with the LCM providing information on heterogeneity in household finan-
cial behaviour for various subgroups, some of whom are less likely to hold well-diversified
portfolios (e.g., class 1).

There are potential practical implications for policy-makers interested in promoting sav-
ings behaviour in less diversified subgroups, e.g., class 1, where 59% of households in this
group do not have a saving or deposit account. Policy interventions may target this identi-
fied subgroup or attempt to manipulate certain behaviours through interventions. However,
policy aimed at targeting specific groups based on observed behaviour is potentially limited
in that it can use only discerned behavioural differences and may overlook the latent hetero-
geneity in the data. Hence, acknowledging that latent heterogeneity across groups generally
exists in terms of the impact socioeconomic characteristics have on financial behaviour is
potentially important. In the least diversified subgroup, incorporating an appreciation of
the complexity of the relationships between behavioural traits such as risk attitudes, time
preference (both of which are found to be statistically significant determinants of class 1
membership) and diversification in policy design could be of importance. Specifically, tar-
geting this subgroup with interventions designed to improve financial literacy might be
beneficial and more precise than basing an intervention on observable characteristics alone.

For those more vulnerable citizens in society, such as class 1 (i.e., the “striving,” where,
on average, these are younger, lowest-wealth and the least-diversified heads of household), in
order to motivate savings behaviour, policy-makers could focus on encouraging the adoption
of a specific savings goal in addition to a positive attitude towards saving. This is important
to encourage people to realize the importance of consumption smoothing and, in particular,
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TABLE 8

Ex post summary statistics – amounts and proportion of total assets

Mean EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Class 1 Class 2 Class 3 Class 4

Total amount of financial assets £58,174 £11,548 £44,548 £70,036 £215,857
A. Savings accounts

Amount £13,979 £4,312 £13,688 £16,664 £41,646
% of total amount of financial assets 31.08% 34.48% 38.28% 28.21% 22.39%

B. National savings accounts
Amount £2,196 £273 £1,078 £2,476 £10,745
% of total amount of financial assets 4.24% 3.53% 4.95% 4.45% 5.08%

C. ISA
Amount £12,373 £2,395 £7,808 £15,486 £45,114
% of total amount of financial assets 24.10% 17.83% 26.96% 27.31% 28.98%

D. Fixed-term investment bonds
Amount £6,062 £669 £3,168 £7,816 £23,971
% of total amount of financial assets 3.62% 1.05% 2.16% 5.16% 8.16%

E. Unit trusts
Amount £4,519 £419 £3,143 £5,254 £20,462
% of total amount of financial assets 1.84% 0.41% 1.18% 2.38% 6.00%

F. Employee shares & share options
Amount £3,681 £677 £2,937 £5,022 £10,236
% of total amount of financial assets 2.66% 1.42% 5.15% 2.60% 4.99%

G. Shares
Amount £7,186 £492 £5,846 £8,229 £32,828
% of total amount of financial assets 3.26% 0.50% 3.22% 4.24% 9.92%

H. Bonds and gilts
Amount £728 £23 £609 £585 £4,889
% of total amount of financial assets 0.23% 0.04% 0.18% 0.28% 0.88%

I. Insurance products
Amount £3,090 £1,190 £2,878 £3,514 £9,358
% of total amount of financial assets 2.83% 1.87% 2.75% 3.12% 5.51%

J. Endowment or regular premium policy
Amount £1,844 £687 £1,772 £2,141 £5,351
% of total amount of financial assets 1.54% 0.84% 1.36% 1.82% 3.27%

K. Single premium policy
Amount £391 £148 £140 £426 £1,641
% of total amount of financial assets 0.16% 0.08% 0.08% 0.19% 0.42%

L. Other investment
Amount £2,126 £265 £1,482 £2,423 £9,616
% of total amount of financial assets 0.62% 0.25% 0.59% 0.75% 1.62%

NOTES: Observations (N) = 28,320; (NT) = 45,578. EV denotes ex post expected value, i.e., the number
of financial assets.

the management of long-term savings, for example, pensions, which is increasingly important
in an ageing society, van Rooij et al. (2011).

An alternative policy intervention for those who are most likely to be financially vulnera-
ble, i.e., class 1, might be to try and manipulate the individual trait of time preference, which
we find is a key determinant of belonging to the aforementioned subgroup of the popula-
tion. By focusing on empowering individuals to shape their future, this could culminate in a
stronger future orientation, e.g., planning ahead for expenses; see Moss et al. (2017). In addi-
tion, given the role of time preference, this group may also demonstrate a lower consideration
of future consequences. Joireman et al. (2005) argue that focusing upon short-term financial
behaviour may be prudent. They show that a lower consideration of future consequences is
related to impulse buying tendencies. As such, advice from practitioners, e.g., the UK Money
and Pensions Service, on how to discourage such short-term financial behaviour, perhaps by
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encouraging limiting the use of credit cards or having restricted daily payment limits, could
be an effective intervention tool.30

Ultimately, targeted intervention and/or guidance for the most financially vulnerable,
who are more likely to be in class 1, would be potentially less resource intensive and more
efficient than implementing policy aimed at the population as a whole. Moreover, such a
homogeneous approach across the population may well be counterproductive, where some
subgroups of the population are likely to be more financially resilient, e.g., the highest-wealth
and most-diversified heads of household (i.e., class 4, the established), than others.

5. Conclusion

Recent theoretical work suggests that the composition of household portfolios should
be of interest to policy-makers. In particular, Bhamra and Uppal (2019) show that
under-diversified household portfolios can lead to lower macroeconomic growth. Encouraging
greater diversification of household portfolios may consequently result in benefits that are not
just restricted to improving household welfare. In this paper, we make an important method-
ological contribution to the literature on the diversification of household financial portfolios
by applying the latent class modelling approach, based upon a count model specification, to
panel data drawn from a nationally representative sample of households in Great Britain.

Given the extent to which wealth accumulates over the life cycle and the potential for
very diverse financial behaviour within a population, the use of panel data and allowing the
determinants of household portfolio composition to vary across different subgroups of the
population seems to be a potentially important approach in order to fully understand the
drivers of diversification of household portfolios. Our results confirm this and show that the
statistical significance as well as the direction of the effect of some explanatory variables vary
across the four classes supported by our data, advocating the use of a modelling approach
that can reveal such a pattern of class heterogeneity.

Our key findings include revealing the considerable heterogeneity in the effect of labour
income on the number of financial assets held, which indicates that labour income influences
diversification for the two middle classes, whereas it has no statistically significant effect for
households in the classes with the lowest or the highest level of diversification. Furthermore,
our empirical analysis suggests that there are noticeable differences in the magnitude of the
effects of some explanatory variables across the four classes. In particular, in relation to
pension wealth, net wealth and being in managerial or profession occupations, the results
show that these are the most important factors that are associated with more diversification,
yielding interesting insights into the drivers of portfolio diversification.

The ex post analysis reveals that our modelling approach, which moves beyond the naive
measure of diversification based upon the number of financial assets, is consistent with
household portfolio diversification. To be specific, examining class specific heterogeneity
through ex post summary statistics for detailed subcategories of different types of assets
held in terms of rates of holding, monetary amounts and the ratio of asset value to total
household financial assets, reveals a pattern of results, which is consistent with portfolio
diversification increasing across the classes.31

30 As part of their 2020–2030 financial capability strategy for the UK, the Money and Pensions
Service (2020) announced an initiative whereby trained employees act as workplace financial
guidance providers who are able to signpost individuals toward further targeted support.

31 An alternative approach would be to allow the classes to be time-dependent, and indeed to
explicitly allow individuals to change classes over time (e.g., Hoffmann et al. 2021). Whilst
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Moreover, the statistical performance of the estimators typically used in the literature,
compared with our latent class approach, shows that the approach we adopt strongly dom-
inates with regard to the information criteria metrics. This suggests that treating the
population as a single homogeneous group when analyzing household financial behaviour
may lead to biased parameter estimates and that policy based on such models could be
inappropriate.

Finally, splitting the population into different groups based upon observed behaviour and
characteristics to implement policy targeted at specific groups of interest, may introduce
investigator bias due to preconceived notions about how to categorize different subgroups.
The LCM approach does not suffer from this because it is based upon latent heterogeneity.
In future research, applying this type of framework more generally in the household finance
literature could aid theoretical developments because complex patterns may emerge that
require novel explanations, as well as appropriate policy response.

Appendix:

TABLE A1

Partial effects by class expected values

EV = 1.61 EV = 2.71 EV = 2.73 EV = 4.06
Class 1 Class 2 Class 3 Class 4

Male −0.179 (0.04)*** 0.143 (0.08)* −0.157 (0.05)*** −0.113 (0.08)
Age −0.540 (0.14)*** −0.209 (0.27) −0.238 (0.16) 0.115 (0.47)
Age squared 0.053 (0.02)*** 0.029 (0.03) 0.019 (0.02) −0.018 (0.74)
Single 0.244 (0.04)*** 0.160 (0.08)** 0.203 (0.04)*** −0.083 (0.52)
Degree or above 0.442 (0.07)*** 0.833 (0.19)*** 0.416 (0.06)*** 0.338 (0.10)***
Qualification below

degree
0.315 (0.06)*** 0.604 (0.18)*** 0.235 (0.06)*** 0.224 (0.09)***

Very good health −0.008 (0.04) 0.036 (0.07) −0.014 (0.03) −0.073 (0.05)
Employee 0.129 (0.06)** −0.151 (0.13) −0.069 (0.05) 0.093 (0.07)
Managerial & profession 0.369 (0.05)*** 0.978 (0.12)*** 0.257 (0.05)*** 0.205 (0.07)***
Intermediate occupation 0.215 (0.07)*** 0.618 (0.16)*** 0.221 (0.06)*** 0.089 (0.11)
Small employers & own

account
0.221 (0.08)*** 0.397 (0.18)** 0.163 (0.07)** 0.024 (0.10)

Lower supervisory &
technical

0.166 (0.07)** 0.277 (0.20) 0.015 (0.07) 0.153 (0.10)

Log labour income 0.083 (0.06) 0.291 (0.13)** −0.188 (0.05)*** −0.018 (0.07)
Log non-labour income 0.058 (0.05) −0.041 (0.12) −0.008 (0.05) 0.025 (0.06)
Log pension wealth 0.654 (0.05)*** 1.196 (0.10)*** 0.344 (0.05)*** 0.351 (0.07)***
Log net wealth 0.027 (0.01)*** 0.034 (0.01)*** 0.306 (0.11)*** 0.528 (0.11)***
Has a DB occ. pension −0.239 (0.04)*** −0.608 (0.09)*** −0.094 (0.04)** −0.053 (0.05)
Number of children −0.116 (0.02)*** −0.121 (0.05)*** −0.109 (0.02)*** −0.041 (0.04)
Number of adults 0.092 (0.02)*** 0.312 (0.05)*** 0.023 (0.02) 0.052 (0.03)
Financially optimistic 0.157 (0.04)*** 0.182 (0.09)** −0.002 (0.04) 0.034 (0.05)
Financially pessimistic −0.049 (0.04) 0.076 (0.10) −0.052 (0.04) −0.027 (0.06)

NOTES: Observations (N) = 28,320; (NT) = 45,578. Other controls include year fixed effects. EV denotes
ex post expected value, i.e., the number of financial assets. Standard errors are shown in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1.

such an approach will, in general, be more flexible, this is bought at the expense of potentially
reduced identification of class membership. We leave such approaches as an interesting avenue
for future research.
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Supporting information

The data and code that support the findings of this study are available in the Canadian
Journal of Economics Dataverse at https://doi.org/10.5683/SP3/TWSC1Q.
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