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ARTICLE INFO ABSTRACT

Keywords: The intersectional Multilevel Analysis of Individual Heterogeneity and Discriminatory Accuracy (MAIHDA)
Intersectionality approach is gaining prominence in health sciences and beyond, as a robust quantitative method for identifying
MAIHDA

intersectional inequalities in a range of individual outcomes. However, it has so far not been applied to longi-
tudinal data, despite the availability of such data, and growing recognition that intersectional social processes
and determinants are not static, unchanging phenomena. Drawing on intersectionality and life course theories,
we develop a longitudinal version of the intersectional MAIHDA approach, allowing the analysis not just of
intersectional inequalities in static individual differences, but also of life course trajectories. We discuss the
conceptualization of intersectional groups in this context: how they are changeable over the life course,
appropriate treatment of generational differences, and relevance of the age-period-cohort identification problem.
We illustrate the approach with a study of mental health using United Kingdom Household Longitudinal Study
data (2009-2021). The results reveal important differences in trajectories between generations and intersectional
strata, and show that trajectories are partly multiplicative but mostly additive in their intersectional inequalities.
This article provides an important and much needed methodological contribution, enabling rigorous quantita-
tive, longitudinal, intersectional analyses in social epidemiology and beyond.

Multilevel models
Longitudinal analysis
Mental health

1. Introduction variances around those averages, whilst (partially) correcting for multiple
testing (Bell et al., 2019). It has been shown to outperform alternative
methods (Bell et al., 2019; Mahendran et al., 2022).

So far, all implementations of the intersectional MAIHDA approach that

The intersectional MATHDA approach is a simple but effective way to
consider differences in individual outcomes between different socio-

demographic intersectional groups (Evans et al., 2018). Since its intro-
duction, the approach has been used throughout the health sciences
(Beccia et al., 2021; Evans et al., 2023; Evans and Erickson, 2019; Holman
et al., 2020; Moreno-Agostino et al., 2023b; Persmark et al., 2020; Zubi-
zarreta et al., 2022) as well as in other social science disciplines such as
environmental justice (Alvarez et al., 2022; Alvarez and Evans, 2021)
education (Keller et al., 2023; Prior et al., 2022) and the sociology of sexual
identification (Silva and Evans, 2020). Intersectional MATHDA provides a
useful approach to quantify intersectional inequalities, understanding the
extent to which these are additive and multiplicative, and recognizing that
inequalities can be conceptualized in terms of differences in averages and
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we are aware of have conducted cross-sectional analyses. Yet, there is
increasing availability of longitudinal data on health and other social sci-
ence outcomes, as well as conceptual and theory-driven interest in life
course approaches. These data provide opportunities to further understand
intersectional differences, including intersectional trajectories for strata
over time, and thus how stratum outcomes change, and whether inequalities
worsen or improve, over the life course. That includes consideration of how
(dis)advantage accumulates over the life course (O’Rand, 1996), and the
scarring effects of particular events, all of which can be intersectionally
patterned (Dressel et al., 1997; Ferrer et al., 2017; Holman and Walker,
2021).
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The use of longitudinal data also presents theoretical challenges
regarding how identity-positionality intersections are defined. The
conceptual basis of intersectional theory lies in social justice, and un-
derstanding the ways populations at the intersection of multiple systems
of marginalization and oppression may experience extra or unique
burdens or harms, beyond only (additive) summations of their disad-
vantages. Approaching intersectionality from a longitudinal perspective
raises new conceptual challenges, such as whether individuals’ identi-
ties change throughout their lives. Many of the things we consider to be
central to individuals’ intersectional identities may be relatively stable
(such as ethnicity). Others, by definition, change regularly over the life
course (such as age). How we choose to model the time-varying nature
of different aspects of individuals’ identities should reflect the ways we
understand identity formation, and the effects on (health) outcomes of
dynamic social processes for people with those identities (Hockey and
James, 2017).

So, despite its demonstrable rigour (Bell et al., 2019; Mahendran
et al., 2022) and growing popularity, the MAIHDA approach has not
previously been extended and applied to longitudinal data settings. Yet,
there is widespread availability of longitudinal data and theory
emphasising the dynamic nature of intersectional inequalities. This
paper fills that conceptual and methodological gap.

We present an extension to the intersectional MAIHDA approach that
allows individuals to have different age trajectories, and for those dif-
ferences to be modelled by intersectional strata. We will also include
generation (based on birth year) in the definition of those intersectional
strata — this could not be done with cross-sectional data due to its exact
collinearity with age. We illustrate the approach using data from the UK
Household Longitudinal Study (UKHLS), considering intersectional dif-
ferences in individual mental health life course trajectories. This is a
relevant example, given previous literature exploring intersectional in-
equalities in mental health (e.g. Balloo et al., 2022; Evans and Erickson,
2019; Moreno-Agostino et al., 2023b), and a separate literature
exploring (average) life course trajectories in mental health (e.g. Bell,
2014; Beller, 2022; Blanchflower and Oswald, 2008).

Like cross-sectional MAIHDA, the approach presented here is
exploratory and descriptive. But when combined with theory about
particular intersectional strata and processes of (dis)advantage, espe-
cially in combination with in-depth, qualitative methods, the approach
has great potential for uncovering and understanding complex in-
equalities through the life course.

This article proceeds as follows. First, we consider some of the con-
ceptual and then methodological issues that underlie any attempt to
apply the MAIHDA approach longitudinally. We then outline a longi-
tudinal, intersectional MAIHDA approach, extending cross-sectional
MAIHDA. Finally, we illustrate this extension with an application to
individual mental health trajectories in the UK.

2. Intersectionality and the life course - critical theoretical
frameworks

Intersectionality is a framework that emerged in Black feminist and
critical race scholarship (Crenshaw, 1991; Hill Collins, 2008) to make
visible unique forms of discrimination experienced by Black women. In
legal cases, Black women who faced employment discrimination found
themselves having to argue their experiences resulted either from their
race (countered by employers with evidence of employment of Black
men) or their gender (countered by employers with evidence of
employment of white women) (Crenshaw, 1989). It was the unique
intersection of race and gender where the discrimination occurred.
Making visible the invisiblised experiences of such “hidden” pop-
ulations, simultaneously considering multiple axes of marginalization,
and critiquing and calling for transformation of systems of oppression
and inequity have been core to intersectional scholarship since its
inception. Since then, the framework has expanded to address additional
axes of identity and marginalization, include multiple methodological
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approaches, and evaluate numerous outcomes and inequalities (Hill
Collins, 2008).

McCall (2005) identifies three broad approaches to intersectional
scholarship: anti-categorical, intracategorical, and intercategorical ap-
proaches. Anti-categorical scholarship critiques the very project of cate-
gorisation, identity formation, and labelling. Scholarship of this type has
had a profound effect on research by encouraging caution and reflection
when we use labels, such as awareness that gender is neither fixed nor
binary. Intracategorical scholarship, true to the original project of high-
lighting the experiences of Black women, focuses on populations at
particular intersections of interest, and highlights (using qualitative,
quantitative, or mixed methods) their experiences or outcomes. Finally,
intercategorical scholarship, which is often quantitative, provisionally
adopts categorical labels to assess inequalities across population in-
tersections. Our present study aligns with and contributes to this inter-
categorical approach.

In parallel, a life course epidemiology perspective has developed,
that highlights that “biological and social factors throughout life inde-
pendently, cumulatively and interactively influence health and disease
in adult life” (Kuh et al., 2003:778; Ben-Shlomo and Kuh, 2002; Merlo,
2011). Health is thus something that is produced not just through static
determinants, but also through dynamic processes that accumulate
through the life course. Such an approach often considers how health
can be defined by unhealthy exposures at “critical periods” of the life
course, and how particular groups may have more resilience and
vulnerability to exposures both throughout and at different points in the
life course. Clearly, then, health inequalities are likely to be produced at
particular points in the life course, and between different generational
and intersectional groups, through these life course processes. Further, a
longitudinal life course perspective has implications for monitoring and
evaluating policies and interventions that might affect intersectional
health inequalities, suggesting a need for tracking intervention/policy
effectiveness over time, across the life course.

Recent literature underscores the importance of integrating inter-
sectionality with a life course perspective to elucidate the temporal
dimension of intersectional inequalities (Brotman et al., 2020; Ferrer
et al., 2017; Holman and Walker, 2021; Moen and Miller, 2022). Termed
the ‘intersectional life course’ perspective, this approach seeks to embed
pivotal life course concepts—roles, life stages, timing, trajectories,
transitions, and temporal patterns of inequality—within the intersec-
tional paradigm (Holman and Walker, 2020). These concepts, when
viewed through the lens of both frameworks, are complementary (ibid.).
Similarly, Ferrer et al. (2017) delineate four elements of an intersec-
tional life course perspective: timing and structural forces, local and
globally linked lives, identities and categories of difference, and agency,
domination, and resistance. These elements collectively aim to elucidate
the structural, personal, and relational processes that shape the lives of
diverse groups of older adults. Recognizing that inequalities are multi-
faceted in their interconnections, temporal dynamics, and social con-
texts, it becomes crucial to adopt methodological approaches that
capture these complexities. A notable methodological gap exists in
analysing intersectional inequalities in trajectories, especially using the
MAIHDA approach - a gap this paper aims to fill. Such an approach can
not only reveal how intersectional inequalities change with the ageing
process but also delineate the distinct effects of cohort and generation in
producing them.

3. Practical concerns when extending MAIHDA longitudinally

In the online Appendix 2, we outline the intersectional MAIHDA
approach using cross-sectional data (see also Evans et al., 2024b).
Increasingly, longitudinal data has become more common and easily
accessible, and so the need to extend this MAIHDA approach for use in
longitudinal data is clear. However, there are several issues that longi-
tudinal data poses, both technical and theoretical, which need to be
addressed in a longitudinal MAIHDA approach, whilst maintaining the
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empirical advantages of MAIHDA and fidelity to the conceptual frame-
works highlighted above. In this section, we identify three key concerns
that are raised when using panel data that are not of consequence when
using cross-sectional data: (1) whether intersectional identities are fixed
or can change over time; (2) the nature of age in intersectional identities;
and (3) the role of the variables age, period and cohort, both in defining
intersections, and in requiring a solution to the age-period-cohort
identification problem (Bell, 2020).

3.1. Are identities fixed?

When analysing cross-sectional data, the dynamic nature of social
variables is not typically considered. Data measure only one point in
time, and we take the state of individuals at that time as defining in-
dividuals’ identities (or circumstances). Things are more complex in
reality, as evident in longitudinal data, because sometimes those vari-
ables change value across the life course. This is not always true — many
variables that capture individuals’ identities are relatively stable, either
not changing or changing rarely (where a change implies something
very specific about that individual that we might want to capture). For
instance, if an individual reports their sex/gender changes over time,
this may indicate a gender transition, and we might code that individual
as transgender and apply that categorisation retrospectively throughout
their observations in our dataset. Similarly, if we were including sexu-
ality as an intersectional variable, it is plausible that an individual might
’come out’ between waves in the survey, meaning they might be clas-
sified as heterosexual/staight in initial waves but non-heterosexual/
non-straight in later waves. In this instance, even if the occasion of
coming out does not align with the individuals’ identity actually
changing, it may align with how others view them, how they express
themselves, and consequently what forms of discrimination they may
experience.

The extent to which identities are fluid will depend on the nature of
the data, the precise questions respondents are asked, and the nature of
the research questions at hand, as well as the social context in which the
data is being collected. In some cases, researchers may treat identities as
non-changing (even if there is evidence of change) for theoretical or
empirical reasons, or to manage complexity. In other cases, the dynamic
nature of intersectional identities will be central to the research ques-
tions being asked, and the modelling approach will need to reflect that.
Conversely, often the number of identity changes in a dataset will be
limited, making a study of such changes unfeasible.

3.2. Age groups, or age trajectories?

One variable that will not remain static over the course of the sample
is age — for each wave that passes, individuals will get older. This raises
an interesting question of how we think of age as a variable that forms
intersectional identities: do individuals transition through different
intersectional identities as they age, or do they remain in the same
intersectional identity, which experiences an age trajectory over time?
The answer is likely both — however, transitions through identities is
something that happens gradually, and not in a discrete way, such that
individuals transition at particular ages into new identities (although
there are more discrete life course transitions that may align approxi-
mately to particular ages, such as starting a family or retiring). These
gradual transitions may in part be shared with others of the same age at
similar times. Clearly age changes people and how others treat them,
such that we would expect their outcomes to vary over the life course.
Moreover, the meaning of an intersectional label, and the identity
associated with that meaning will also change over the life course.
However, following a life course perspective, it makes sense to us to
think of people in a particular intersectional identity travelling through
their lives, with their age-related identity gradually shifting in a way
that is in common with their intersectional cohort group. This relates to
the previous point about the fluidity of intersections; age is
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fundamentally different to many other intersectional labels which are,
generally, rarely-changing, even if the meaning behind those labels
changes over the life course. It is also different in the sense that age, for
many health outcomes, is likely to have effects that are strongly bio-
logical in their nature, as well as produced through social processes (to a
greater extent, generally, than other often-used intersectional vari-
ables). It therefore makes sense to think of age differently, as a trajectory
that individuals follow over time, rather than defining intersectional
identities themselves.

Where data are repeated cross-sections, with a different sample of
individuals in each wave (as opposed to panel data which following the
same individuals), a similar approach could be taken. Each individual
will be measured at only one age, but this still allows the estimation of
an average population age trajectory that could vary by intersectional
strata. The same applies to other forms of longitudinal data (birth co-
horts, survival data, etc.). We reflect on these possibilities in the paper’s
conclusions.

3.3. Age-period-cohort (APC) and the identification problem

Alongside age, there are two other ways to classify change over time,
which may be useful to consider when constructing analytic groupings
of intersectional identities. First, change can happen year-by-year in the
course of history, such that particular events can affect an individual’s
outcome (period effects). Second, historical events can have long-lasting
effects, particularly for those in their formative years, for whom those
effects stay with them through their lives (cohort effects). In the online
Appendix 3, we discuss these ideas in more depth. Here, we will sum-
marise as follows:

e Age, period and cohort cannot be fully considered in cross-sectional
analysis, since there is no variation in period, and age and birth-year
are exactly correlated.

Generation/cohort is likely an important determinant of intersec-

tional inequality, and should be included when defining intersec-

tional strata in longitudinal analysis.

e The APC identification problem makes it difficult to separate age,
period and cohort effects (see Bell, 2020). However, we can use a
model that instead identifies “cohort careers”, to see how different
cohorts have different life course trajectories (Fosse and Winship,
2023). The approach includes both cohort and age in the model; the
parameter(s) associated with age represent a combined trajectory of
the life cycle (produced by a combination of age and year effects).
Similarly, the parameter(s) associated with cohort represent social
change, produced by a combination of cohort and period (Fosse and
Winship, 2023). While this does not disentangle APC effects per se, it
allows for a sound conceptualization of them without relying on
strong assumptions.

4. A longitudinal MAIHDA approach

The approach outlined here attempts to incorporate the above ideas,
and the intersectional life course perspective (Ferrer et al., 2017; Hol-
man and Walker, 2021), with the intersectional MAIHDA approach
(outlined in online Appendix 2). Panel data measures individuals on
multiple occasions, meaning that the unit of observation is not in-
dividuals, but the repeated occasions on which they are measured. As
such, any panel analysis will have, as its lowest level of measurement,
the occasion - that is the particular instance in which a particular in-
dividual is measured. The starting point for any longitudinal MAIHDA
approach, then, is extending the two-level structure of standard
MAIHDA models by adding an occasion level as a new level 1, leading to
a 3-level structure as shown in Fig. 1, with occasions (level-1) nested in
individuals (level-2), which are in turn nested in intersectional strata
(level-3). This structure is appropriate where intersectional strata are
conceived as non-changing (we discuss approaches where strata are
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Non-changing
Intersectional
strataj

Individuals i
Observation t

Fig. 1. Longitudinal MAIHDA structure, where intersectional strata are theor-
ised as being time-invariant for individuals.

considered changing in the conclusions).

Based on the logic above, we would not include age to define our
strata — age would be accounted for in the fixed part of the model as
specified below. We would, however, include cohort, since this is non-
changing within individuals, and there are clear reasons why we
would expect it to be important from the point of view of identity for-
mation, and potentially produce interesting inequalities, for instance in
outcomes such as mental health (Bell, 2014; Moreno-Agostino et al.,
2023a). Those cohorts would need to be grouped in a way that was
theoretically informed - for instance we could group by commonly un-
derstood cohort classifications (Baby Boomers, Gen-X, Gen-Y, etc).
Whilst there is some controversy over the extent to which these discrete
groupings are meaningful (Rudolph and Zacher, 2022), as with other
variables that define strata, we want to group in a way that expresses
intersectional identities that reflects peoples’ experiences of their own
identities and others. Of course, identities are much more complex than
can be specified in any model.

As with cross-sectional MAIHDA, the longitudinal MAIHDA
approach uses two models. However, these are random-slopes (rather
than random-intercepts) multilevel models. The first model can be
specified as follows:

Healthy =, + P1Age; + Voj + VijAge,; + Uoj + UijAge,; + e (€))

Here, f; is the overall linear effect of age, which we recommend
centring (e.g., on its sample mean) so that the intercept f, provides an
estimate of Health,; for mean-aged individual. We could extend the
model to include non-linear age effects (e.g., by entering age as a
polynomial) but here we stick with a linear effect for simplicity. In the
random part of the model, at the stratum level (level-3), vy; allow the
intercepts to vary, whilst vy; allows the age slope to vary, across inter-
sectional stratum j. The between-stratum residuals capture how strata-
specific trajectories vary around the overall age trajectory line (given
by f, and f;). As such, the model allows for stratum-level variability not
just in the mean level of health, but in the age trajectories of health
across the life course. The same is true at the individual level, where uy;
and u;; allow individual-specific age trajectories within intersectional
strata. This variability allows us to capture the heterogeneity of age
trajectories experienced within the same intersectional strata. Finally,
the level-1, occasion level residual e; captures variation occurring
within individuals between occasions, and can be thought of as a mea-
sure of within-individual volatility — that is how much we would expect
an individual’s measurements of health to vary away from a smooth
trend line.

The residuals highlighted above are allowed to vary according to the
usual bivariate Normal assumptions of a random slopes multilevel
model (note that it is important to specify the covariance between in-
tercepts and slopes in these distributions, which is not the default in
some software):

Social Science & Medicine 351 (2024) 116955
2
Voj 0 Oy
~N i ,
Vij 0 0y1[1] Oy

() - () :
Uy 0/ \ oun o4

e ~N(0,07)

In a random-slopes model, we do not estimate a single random effect
variance at each level. Instead, the three terms that are estimated at each
of the higher levels can be combined to form variance functions (Bullen
et al., 1997), which expresses how the variance at that level varies with
age. For instance, the total stratum-level (level-3) variance will equal:

L3 variancey = 6%, + 20v011A8€,; + 07y Age; 3

Similarly the level-2 variance (within strata, between individuals)
will equal:

L2 variance = 6%, + 20.01Age,; + 02, Age; 4

The level-1 variance remains constant: ¢2.

These quadratic equations allow us to plot how the variance at each
level varies by age. The total stratum-level variance measures the extent
of intersectional inequalities, and how these widen or narrow over the
life course. These can be meaningfully compared to the extent of total
variance within stratum groups but between individuals, and the extent
of within-individual variance (levels 2 and 1 respectively). That is, we
can see the extent to which strata are predictive of age trajectories,
compared to other possible individual- and occasion-level differences.

Because these variances functions are more complex than single
numbers, we cannot calculate a single invariant Variance Partitioning
Coefficient (VPC), measuring the proportion of variance at a higher
level, as in cross-sectional MAIHDA (see online Appendix equation A3).
However, we can calculate separate intercept and slope VPCs, to
consider the extent to which individual differences in intercepts, and
individual differences in slopes, are produced through intersectional
inequalities:

2
(o3
Intercept VPC = 21
Oy T Ouo
(5)
62
Slope VPC = 21U

2 2
O 1] + O

It is important to note that the value and interpretation of the
intercept VPC will be dependent on how age is centred — if age is
uncentred, the VPC for the intercept will be calculating the VPC at age
zero, likely outside the range of the data and not substantively mean-
ingful. If mean-centring age, the intercept VPC would calculate the
extent of intersectional inequalities, as a proportion of all individual
difference, for the average-aged person. The slope VPC would define the
extent to which the intersectional groupings explain the between-
individual differences in the slopes of the individual age trajectories,
and is unaffected by centring.

As with the cross-sectional MAIHDA approach, the longitudinal
approach builds on the first model by adding the additive effects of the
intersection-defining variables into the second model. However, here we
additionally include interactions between age and those intersection-
defining variables. As such, equation (1) above is extended to:

k k
Healthy = f, + fp1Agey; + Z 7 Xig + Z Ok (ijAgeﬁj)+ ©
1 1

Voj + Vi;A8ey; + Uoy + UiAgey; + e

Here, X;; represents k stratum-level dummies for the strata-defining
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variables — which might include sex/gender, ethnicity categories, edu-
cation categories (as in cross-sectional MAIHDA) as well as dummies
representing cohort groupings. These are included as main effects y,,
and interacted with age with coefficients &, to ensure any additive
differences in both intercepts and age trajectories are included in the
model. As such, two-way interactions involving age are conceived of as
“additive” in this formulation of intersectional differences, but they can
be analysed and interpreted as any other interaction in a regression
model. The model in equation (6) includes coefficients that explain
stratum-level variance in both the intercept (the main effects) and the
age slopes (the interactions with age). The distributional assumptions of
this model are the same as in the first model, and we would expect the
estimates to be the same except at level 3, where the fixed effects will
explain some of the variance resulting in different variance estimates.

* 2
Vo, c
()0
Vyj 0vw1[2] Oy
We can calculate the variance function associated with the stratum
level again:

L3 variance, = 6%, + 20,0112/A8€;; + 055 Age; ®

The comparison of the stratum-level variance functions between the
two models allows researchers to see the extent to which age-specific
intersectional differences in the outcome variable are explained by ad-
ditive intersectional variable effects, as opposed to multiplicative ef-
fects. If inequalities are patterned additively (and the level 3 variance is
low in model 2), this indicates relatively universal or consistent patterns
(for instance, if gender differences remained fairly stable across other
axes of comparison). If the inequalities are not sufficiently accounted for
by additive main effects, then this implies that some strata (at least)
break with the universal patterns described by the additive terms (Evans
et al., 2024a).

In cross-sectional MAIHDA, we can measure the Proportion Change
in Variance (PCV) - the proportion of strata-variance that is accounted
for by additive main effects (see online Appendix equation A5). In lon-
gitudinal MAIHDA, because the stratum-level variance varies with age,
there is no single PCV value. Instead, and similar to the VPC, we could
include an intercepts-only and slopes-only version of the PCV. The
intercepts-PCV would tell us the extent to which the additive effects of
the intersectional variables explain the variability of intersectional
groups for the mean-aged person (assuming age has been centred).
Similarly, the slopes-PCV tells us the extent to which the differences in
age trajectories between the strata are explained by the intersectional
variables’ interactions with age.

2 2
Intercept PCV = o) ~ Pvoiz)
Yo[1]

(C)]
2 2
Oy111) — G2
Slope PCV = ———5—+~

3111

Past experience of the cross-sectional case suggests that VPCs in the
null model tend to be smaller than 10%, reflecting the fact that there is
usually significantly more variation in outcomes within intersectional
groups than between. PCVs are generally around 90%, reflecting that we
would often expect much intersectional variance to be additive (Evans
et al., 2024a). We would generally expect to see something similar for
our intercept VPCs and PCVs, although we would not assign labels to
thresholds for what constitutes a “large” or “small” effect, since this will
depend on the nature of the outcome variable and the intersections
specified. With slope VPCs and PCVs, the same applies, although in some
situations, this may be more variable where the initial slope variance is
relatively small.

Regarding the prediction of specific intersectional strata, we are
predicting trajectories rather than means. Again, we could rank these by
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intercepts and by slopes, where that is meaningful (and that allows
useful comparison to the cross-sectional case). Alternatively, it will often
make sense to plot the trajectories, and use colours and labels to high-
light notable strata in those plots.

Such estimates can have important potential policy implications,
drawing on life course theories. As well as providing a measure of the
universalism vs specificity of intersectional inequality (Evans et al.,
2024a), longitudinal MAIHDA allows consideration of the extent to
which inequalities are generally fleeting, lasting only for a particular age
grouping, or enduring. Each of those two would have different policy
implications — for example, intervening with a stratum that is likely to
become less disadvantaged with age might not be appropriate; inter-
vening with a stratum that is likely to become more disadvantaged
might be appropriate, even if they are not currently disadvantaged.

There are a few additional issues to consider:

1. Here we have included just a linear term for the age trend. In some
cases, including the example that follows, a more complex functional
form may be needed (e.g., a quadratic or cubic polynomial), whereas
in other cases a simpler functional form may suffice. This can be
tested using Wald tests. It is particularly important to do this (in the
fixed part of the model) given we are including cohort groups/gen-
erations as a stratum identifier, since in panel data these will be
correlated with age, and, when age trajectories are allowed to vary,
may produce intersectional differences in trajectories that could be
better estimated as universal age trends. This will result in the
stratum-level slope variance being overestimated in Model 1 when
only a linear term is included, and so the slope PCV being
underestimated.

2. If using such a polynomial function of age in the fixed part of the
model, we may want to additionally allow the quadratic term to vary
by strata and individual - this would allow not just the average trend
to vary quadratically, but also allow different strata to have different
quadratic curvatures. However, such a model would be notably more
computationally intensive, estimating three further terms in the
random part of the model at each level, and may require more data to
be meaningfully estimated. Again, the fit of such models could be
assessed against a simpler model, to judge whether that additional
complexity is necessary. In many cases, though, such complexity will
not provide any additional substantive insight, even when model fit
statistics suggest it is the better-fitting model.

3. The example presented here and below uses a continuous outcome
with residuals assumed to be independently and Normally distrib-
uted. We can relax the independence assumption by specifying, for
example, autoregressive residuals. Similarly, it is certainly possible
to fit equivalent models for non-continuous outcomes such as logistic
regression for binary outcomes and Poisson regression for count
outcomes. Indeed, these have been applied within the cross-sectional
MAIHDA framework (Evans et al., 2024b; Mattsson et al., 2024;
Persmark et al., 2020), and the extension is much the same in this
longitudinal case.

These are innovative adaptations of already-existing multilevel
modelling techniques, which can be applied in most standard statistical
software packages. The use of random slopes for age is a novel extension
of MAIHDA, though the potential for extending MAIHDA using random
slopes/coefficients has previously been shown (Evans et al., 2023). The
estimates will reveal the complexity of multiplicative stratum vari-
ability, and how that variability potentially varies across the life course.

5. Example: mental health trajectories in the UK

To illustrate the longitudinal intersectional MAIHDA approach, we
consider inequalities in mental health trajectories in the UK. Mental
health is particularly relevant here because it is dynamic in nature, and
so a longitudinal approach helps to fully explore that dynamism. Risk
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factors for mental health accumulate through the life course (Lindstrom
et al.,, 2014) and mental health episodes often have onsets and re-
coveries, and vary in longevity (Weich and Lewis, 1998). More recent
studies have used the cross-sectional intersectional MAITHDA approach
to identify intersectional inequalities in mental health, in the UK and
elsewhere (Balloo et al.,, 2022; Evans and FErickson, 2019; Mor-
eno-Agostino et al., 2023b). Meanwhile, a separate literature has
explored average life course trajectories in mental health, again in a
variety of international contexts. Mental health life course trajectories
have been theorised to be U-shaped, and some empirical evidence sup-
ports this (Blanchflower and Oswald, 2008). However, others have
argued that this is in part an artefact of the APC identification problem
(Bell, 2014; Beller, 2022). Here, we consider how these trajectories
might vary between different intersectional strata, in so doing bringing
together these two important conceptual and empirical approaches to
the study of mental health.

We use the UK Household Longitudinal Survey (UKHLS aka Under-
standing Society, Institute for Social and Economic Research, 2023). The
dataset includes twelve yearly waves from 2009 to 2021, with a repre-
sentative sample of UK households sampled, including a wide range of
variables. The outcome of interest is measured using the General Health
Questionnaire (GHQ, Goldberg and Williams, 1988) — a 12-item ques-
tionnaire where respondents answer questions with four Likert values,
relating to their mental health, which are added together to form a single
continuous scale (from O to 36, where higher values represent worse
mental health). The measure has been shown to be highly correlated
with clinical diagnoses of mental ill-health such as depression and
anxiety. The questions that are used, and combined together, can be
found in the online Appendix (Table Al).

The strata are defined by the following characteristics (see Table 1
for a full table of descriptive statistics) — the variables were chosen as
there are strong evidence of differential mental health across each (e.g.
Bell, 2014; Kurtze et al., 2013), but with limited evidence, at present, of
intersectional effects between them:

1. Ethnicity — categorised as white, South Asian, Other Asian, Black,
Mixed and Other. This is a slight disaggregation of the UK’s Office for
National Statistics five-category classification.

2. Generation — categorised by birth year as Silent Generation (born up
to 1945), Baby Boomers (1946-1963), Generation X (1964-1979),
Generation Y (1980-1994) and Generation Z (1995 onwards).

3. Education - categorised as No qualifications, up to GCSE or equiv-
alent (age 16), up to A-level or equivalent (age 18), Higher Educated
(e.g., university), Other Higher Educated, and Other.

4. Sex — categorised as Male and Female.

One of the challenges of MAIHDA lies in choosing an appropriate
level of categorisation. With too few categories, estimates will not reveal
potentially significant intersectional inequalities between subgroups
that are grouped together. On the other hand, with too many categories,
when combined with the other intersectional variables, groups will be
too small to estimate intersectional equalities, especially for smaller
(and often more disadvantaged groups). The above groupings have been
chosen to attempt to balance these competing challenges, although we
acknowledge that, in doing so, there will be some intersectional in-
equalities that our analysis will miss.

It is worth noting that we do not include other control variables that
might typically be included in an analysis of mental health, such as
partnership status, family circumstances and other socioeconomic
measures. The purpose of the MAIHDA approach taken here is to un-
cover intersectional inequalities, and not what produces those in-
equalities. As such, controlling for other variables would be over-
controlling, potentially removing important intersectional differences
from the intersectional trajectories. Having said this, such variables
could be included in the model where the interest is in more conditional
intersectional differences.
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Table 1
Variables used in this analysis.

Variable Name Descriptive Statistics

GHQ (dependent variable) Mean = 11.15, SD = 5.54, Range: 0-36
Age Mean = 48.13, SD = 18.33, Range: 15-103
Ethnicity White: 85%
Mixed: 1.8%
South Asian: 7.2%
Other Asian 1.4%
Black: 3.7%
Other: 0.8%
Silent: 15.8%
Boomer: 31.7%
Gen X: 26.9%
Gen Y: 20.3%
Gen Z: 5.4%
Degree: 27.6%
Other Higher-level qual: 12.6%
A-level and equivalent: 20.5%
GCSE and equivalent: 19.3%
Other: 9.0%
No qualifications: 10.9%
Sex Male: 44.2%
Female: 55.8%

Generation

Education

Note: We do not include sampling weights in this analysis since this is an
illustrative example; however, weights could be used in such an analysis,
potentially at both level 1 (longitudinal) and level 2 (cross-sectional).

This results in 6 x 5 x 6 x 2 = 360 categories, although in our data,
five combinations of these are empty, leaving 355 strata. In our dataset
there were a few instances (for sex, generation, and education) where
individuals changed categories. In the case of education, the highest
qualification achieved by the individual was used, as this most closely
fits with the educational position construct that it is measuring. In the
case of generation, these individuals were removed due to being unre-
liably measured. Whilst in some cases, changes in sex/gender might
reveal important inequalities among transgender/genderfluid people,
this was not possible here — the numbers where reported sex changed
were small (only 100 observations), meaning that even if these were
representative of gender transitions there are too few individuals to be
able to uncover intersectional inequalities between them; these in-
dividuals were also removed from the sample. There are 399,473 ob-
servations (down from the full sample of 476,187 once missing values
were removed), of 73,493 individuals with at least one wave of mea-
surement. Because our strata variables are time-invariant, we can use
the strictly hierarchical structure shown in Fig. 1. The strata were of
varying sizes, with a median size of 123, but with a large range (from 1
to 16,682). However, this is not a problem per-se, since shrinkage ac-
counts for the unreliability of smaller strata.

We follow the modelling strategy outlined in section 4. Initial models
indicated that a cubic polynomial was needed for the age trend (by
comparing to simpler models with the AIC), corroborating Bell (2014).
Only the linear age component was allowed to vary at higher levels. The
models were built up gradually to confirm that the intercept and slope
variance at all three levels improved the fit of the model (again using the
AIC). We present here the two main models (other models can be found
in the online Appendix Table A2):

1. A model similar to equation (1), with a cubic polynomial for age, and
the linear term allowed to vary at the stratum (level-3) and the in-
dividual (level-2) levels.

2. As above, but with the addition of main effects of the strata-defining
characteristics, and interactions between those strata-defining
characteristics and (linear) age (similar to equation (6)).

Model 1 shows the extent of stratum-level variation both in mean
levels of GHQ, and in the age trajectory. Model 2 then shows the extent
to which these are explained by additive main effects and interactions
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with the linear age trend. Models 1 and 2 are shown in Table 2. All
models were fitted using the Ime4 package in R (Bates et al., 2015), and
code to reproduce it can be found in the online Appendix.

We can compare the variances at the stratum level between models 1
and 2 - however this is more complex than in a cross-sectional inter-
sectional MAIHDA approach, because the variances vary as a function of
age. It is informative to approach this in several ways. First, the model
will calculate, separately, the stratum-level variance of the intercepts
and slopes, and we can calculate intercept and slope PCVs (Equation (9))
to see how the addition of the main effects and age interactions explains
the stratum-level variance. In this case, the main effects explain about
80% of the intercept variance and 42% of the slope variance (see
Table 2). In other words, the majority of stratum-level differences in
mental health, in terms of the baseline level for mean-aged people, is
explained by the strata variables’ additive main effects and age in-
teractions — approximately 20% of the intercept variance, remains un-
accounted for and so must be explained by multiplicative intersectional
effects. A much larger proportion (over 50%) of the slope variance re-
mains once interactions with age have been accounted for.

Alternatively, we can plot the stratum-level variances (along with the
level-1 and level-2 variances, which are the same in both models — see
equations (3), (4) and (8)) as a function of age. Fig. 2 shows that the
stratum-level variance is highest for older people — that is, there are
stronger intersectional inequalities among older groups than younger.
When main effects are included in the model, these are significantly
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Fig. 2. Variance function estimates for Models 1 and 2.

Table 2
Longitudinal MAIHDA multilevel regression coefficient estimates, for models 1 and 2.
Model 1 Model 2
Estimates SE Estimates SE Estimates SE
Intercept 11.965%** 0.088 8.869%** 0.330
Age (mean-centred) —0.006 0.004 0.034 0.017
Age? —0.002%** 0.0001 —0.0006* 0.0002
Age® 0.00005*** 0.000 0.00002%*** 0.000
Main effects Age interactions
Mixed Ethnicity (ref: white) 0.532%* 0.195 —0.001 0.010
South Asian Ethnicity —0.089 0.145 0.021** 0.008
Other Asian Ethnicity —0.512* 0.202 0.014 0.011
Black Ethnicity —0.821*** 0.156 —0.0001 0.008
Other Ethnicity 0.335 0.213 0.0001 0.012
Baby Boomer (ref: Silent Gen) 2.273%%* 0.305 —0.079%** 0.014
Gen X 1.662%** 0.323 0.003 0.018
GenY 2.912%** 0.355 0.038 0.023
Gen Z 7.610%%* 0.611 0.181%** 0.032
Other Higher Ed (ref: Higher Ed) 0.450* 0.173 0.005 0.009
A-level 0.799%** 0.167 0.003 0.009
GCSE 0.859%** 0.168 0.006 0.009
Other 0.881** 0.182 0.003 0.010
No qualifications 0.182 0.002 0.010
Female 0.105 —0.018** 0.006
Random Effects
Level-3 intercept variance 1.433 0.294
Level-3 age-slope variance 0.002 0.0009
Level-3 intercept-slope covariance 0.003 0.008
Level-2 intercept variance 14.495 14.227
Level-2 age-slope variance 0.000002 0.000003
Level-2 intercept-slope covariance —0.006 —0.006
Level-1 variance 15.904 15.952
Slope VPC: L3/(L2+L3) 99.8% 99.7%
Intercept VPC: L3/(L2+L3) 9.0% 2.0%
Slope PCV 42.4%
Intercept PCV 79.5%
N strata 355 355
N individuals 75493 75493
N observations 399473 399473
AIC 2358405 2358234
Deviance (—2xlogliklihood) 2358383 2358152
*p < 0.05
**p < 0.01

***p < 0.001
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reduced, but with the remaining multiplicative variance again being
greatest among older people. It is also notable to compare this to the
variances at level 2 and 1. The level-2 variance can be interpreted as
differences between individuals within the same strata — this is signifi-
cantly greater than the between-strata variance, and seems to reduce
slightly with age — that is, older people see greater inequalities between
strata, but more similarity within strata, than younger people. The level-
1 variance can be interpreted as the extent of variability within in-
dividuals — that is, how volatile an individual’s mental health is over the
life course around their overall individual-specific smooth age trend.
This is assumed to be constant across individuals by the model, and
appears to be approximately the same order of magnitude as the
between-individual, within-strata variance. This is important to note,
since it is a reminder that, whilst there are important between-strata
intersectional inequalities, the discriminatory accuracy of those strata
remains low, with much greater variation within strata, and also greater
volatility between occasions for a given individual.

In Table 2, we see all variables have significant main effects in Model
2. Worse mental health (high GHQ scores) is reported by individuals of
mixed ethnicity, in more recent generations, with low education, and
female. There are few significant age interactions effects, with the most
notable being with generation (i.e., an age-by-cohort interaction); this is
plotted in Fig. 3. Whilst most generations experience a worsening of
mental health with age, Generation-Z individuals have a much steeper
worsening of mental health as they age, compared to Generation-Y in-
dividuals of the same age. Baby Boomers appear to be unique in expe-
riencing an improvement in their mental health. Model 2 finds that the
best-fitting estimates involve these interactions, rather than a curve
made entirely from a universal cubic age effect. This suggests that this
improvement is in part a generation-specific phenomenon, that we
would not expect more recently born generations to follow when they
reach the Baby Boomers’ age. However, we would advise against using
such a plot to make predictions out of sample — for instance to imply
either that baby boomers will continue to improve their mental health,
or that other generations might experience a similar improvement at
that age. Such distinctions made by the model are based only on the
parts of the life course where the generations overlap, and may not be
hugely reliable. Although the overlap is significant when comparing Gen
Y and Gen Z, it is less significant when comparing Gen X and Baby
Boomers. The differences may also be in part driven by period effects,
meaning we would not necessarily expect the trajectories to continue
that way in the future. However, whether driven by period effects,

Predicted GHQ score
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generational differences, or more universal age trajectories, the
improving mental health of Baby Boomers, and the steeply worsening
mental health of Generation Z, is notable in comparison to the trajec-
tories of other generations.

So far, the analysis has focussed on broad findings across the sample;
but it is equally informative to consider how particular intersectional
strata differ from one another — indeed this is often the primary purpose
of an intersectional analysis such as this. Each intersection has a
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Fig. 4. Estimated GHQ age trajectories for each intersectional strata, estimated
from Model 2. Strata are coloured by sex and ethnicity. Graphs coloured by
education are in the online Appendix (Fig. Al).

Age

Fig. 3. Age-by-generation interaction plot from Model 2, showing the different trend experienced by baby boomers in the sample, all other variables not plotted are
held constant at zero (so these are predictions for the reference category for other variables).
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different mean and a different age trajectory, and these can be plotted,
for instance, as in Fig. 4, which is coloured by sex and then ethnicity (see
Appendix for a graph coloured by education). The sex divide can be
clearly seen, with consistently lower (better) reported mental health
scores among male strata compared to female strata. Educational in-
equalities are similarly clear (see online Appendix Fig. Al). Ethnicity
appears more generationally patterned. Some white strata in Gen-Z
appear to have worse mental health than other Gen-Z strata, whilst
white strata in the Silent generation appear among the most mentally
healthy. Black strata appear to have among the best (lowest) reported
mental health across all generations.

We can also clearly see generational differences, mirroring the pat-
terns in Fig. 3, since each generation is only measured for a certain age
range in the sample — Generation Y and Z strata are on the left-hand side
of the graph, whilst the Silent Generation strata are found on the right of
the graph. Beyond that, it is somewhat difficult to get a detailed idea of
what is happening in the graph (labelling each line would make the
graph unreadable). Instead, we have created an interactive graph, which
allows the reader to explore the differences between strata trajectories in
full; it can be accessed here: https://rpubs.com/andrewjdbell/1182871.
This allows readers to identify particular strata on the graph, and link
them to equivalent strata in different generations. A few of these have
been highlighted in Fig. 5. With lower GHQ (better mental health), we
can see Black men with degrees (panel A) and Black women with degrees
(panel B) - it is notable that in the younger generations, Black men
report better mental health on average than Black women, but this

Predicted GHQ Score
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appears to reverse for older generations. Otherwise, these generations
conform to the overall patterns fairly consistently. Panels C and D
highlight intersections with worse mental health — and the different
generational patterns are notable here. White women with no qualifi-
cations have among the worst mental health for all generations except
for the Silent generation — this may indicate changing intersectional
inequalities with generations, but may also be due to the expansion of
educational opportunities for women (Broeke and Hamed, 2008),
resulting in a broader range of people being found in the low-educated
Silent generation group. Among Black women with no qualifications, we
see generally more moderate mental health scores — again, this could be
in part a selection effect of Black women continuing to be excluded from
educational opportunities in comparison to white women (Mirza and
Warwick, 2022), meaning the low-educated groups are more diverse. In
this way, we can identify sex-education-ethnicity combinations with
particularly disadvantaged strata, and highlight intersectional genera-
tional relative disadvantage. In this case, there are limited examples of
such generational jumps — sex-education-ethnicity combinations for the
most part overlap with each other, suggesting minimal cohort-related
multiplicativity, and life course effects that conform, approximately,
to a cubic polynomial and the age-generation interactions highlighted
above. It should be noted that the graphs here do not reveal the un-
certainty of the estimates, which for small intersectional strata will be
large. However, thanks to shrinkage, smaller strata are likely to be
estimated conservatively, close to the mean expected given their com-
bination of additive effects.
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Fig. 5. Estimated GHQ age trajectories for each intersectional strata, estimated from Model 2. Some example sex-education-ethnicity combinations highlighted.
Panel A: Degree-educated Black men; Panel B: Degree-educated Black women; Panel C: Black women with no qualifications; Panel D: white women with no

qualifications.
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Overall, this example applications reveals:

Between-strata variability accounts for a small but significant pro-
portion of mental health inequalities. Among young people this is
mostly accounted for by additive effects, but among older people a
greater proportion is a result of multiplicative intersectional in-
equalities. This could be a result of (dis)advantages accumulating
over the life course (O'Rand, 1996).

The relatively small stratum-level differences are generally to be
expected, but are an important reminder to avoid the “Tyranny of
Averages” (Merlo et al., 2017), with significant heterogeneity within
intersectional strata.

Baby Boomers and Generation Z appear to have a categorically
different mental health trajectory to other birth cohorts (at least in
the time-period under study). Baby boomers have mental health that
appears to improve as they age compared to other generations that
have worsening mental health. Generation Z has mental health tra-
jectories that worsen at a much faster rate as they age than Gener-
ation Y at the same age.

There are clear additive inequalities in mental health in ethnicity,
generation, education level, and sex. Ethnicity differences appear to
intersect with generation, with white, Gen-Z strata among the most
mentally unhealthy, and white, Silent-generation groups among the
most mentally healthy.

There are some specific intersectional groups that operate in ways
that are slightly different to what would be expected from their
mental health — these complexities can be explored but require
further research to understand their meaning.

6. Conclusions

This paper has presented an extension to the intersectional MAIHDA
approach, for analysing longitudinal data, by thinking about how tra-
jectories can vary across strata. The approach is easy to implement in
most standard statistical software packages that can fit random slopes
multilevel models. The method has the potential to be extremely valu-
able to researchers hoping to understand intersectional disadvantage in
longitudinal data, as well as those considering other, non-intersectional
interactions between categories over time.

The approach is also highly flexible, and could be applied to different
types of longitudinal data with some minor adjustments. The example
used here involved panels with individuals nested in non-changing
strata, but a cross-classified model (Hox et al., 2017, chapter 9),
would allow for the possibility of non-changing, fluid intersectional
identities/strata, as shown in Fig. 6, allowing individuals to belong to a
different stratum in each measurement occasion. Such an approach
would be partly informed by anti-categorical intersectional scholarship,
which highlights the fluidity of intersectional groups (McCall, 2005).
The algebraic specification of the models would similar to the strictly
hierarchical case demonstrated here, and in R/lme4, the code to do so
would be the same too. Such an approach could in theory be further
extended with the addition of other cross-classified levels of analysis
(such as household and neighbourhood) - past work has considered this
with cross-sectional data (Holman et al., 2022). Whilst the focus of this
paper has been panel data, a version of the method could be used with
birth-cohort studies (although the latter would not have variation
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between generations to explore). If using repeated cross-sectional data, a
model with a similar logic could be used (with individuals nested in
strata and, potentially, cross-classified with survey waves). A version of
this model could also be adapted for outcomes suitable to a survival
analysis, for example by fitting a multilevel Cox regression.

The example here highlights the challenge of potentially competing
explanations between age and cohort trajectories. The problem is
particularly tricky where panels are shorter, and therefore the overlap of
generational age trajectories is minimal. Longer panels, that allow
generations to have significantly overlapping age ranges, will help to tell
a more convincing story. But even in such cases, we cannot be sure that
the results are driven by age/cohort rather than period trends, because
of the identification problem. Following Fosse and Winship (2023), we
argue that such patterns are interesting, highlighting important differ-
ences between generational groups, regardless of the temporal processes
driving them.

With relatively complex models such as these, model convergence
can be an issue, particularly where there are relatively few higher-level
groups and/or relatively few individuals within those groups. There are
a few things that can help with this: centring and rescaling of the age
variable, allowing for non-constant variance at level 1, or using Bayesian
estimation methods. However, such non-convergence can also be a sign
that the model is attempting to do too much — perhaps attempting to find
differences between very small intersectional strata, for instance. Some
caution in the setup of the model - in choosing the intersecting variables
and so the number and size of the strata — is warranted here (Evans et al.,
2024b).

Finally, it is important throughout the modelling approach to
consider the theoretical underpinnings of the model, with reference to
the intersectional theory that inspires it. The model is inherently
exploratory unless combined with strong theory about intersectional
strata, and so should generally be used as a starting point to understand
intersectional disadvantage, not as a tool for atheoretically explaining
those inequalities or prescribing solutions to them. Mixed methods
research with in-depth qualitative investigation of the strata is likely the
gold standard approach, here.

Having said that, the approach presents a valuable way of exploring
and describing not just the intersectional inequalities that exist at a
particular point in time, but also the inequalities in the trajectories that
individuals follow. It does so in a way which highlights key aspects of an
intersectional life course perspective. Following Ferrer et al. (2017), the
approach allows consideration of how different individuals are affected
by different life stages, or have different trajectories, and the inequalities
that those trajectories produce. It allows consideration of the structural
forces that influence individuals’ lives at different times, and how these
multiple identities combine to produce difference and inequalities in
temporally varying ways. When combined with critical theory and
qualitative methods, there is scope for such differences to be explained
by considering the agency of individuals within their intersectional
identities, and the structural systems of domination and resistance
formed through them.
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