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Abstract
This paper proposes a general framework for constructing synthetic populations
whose panel structure is specified by design. The full life trajectories of individ-
uals are generated, and a deterministic mapping recovers their state at any time
t, allowing the reconstruction of population distributions at arbitrary points in
time for the same set of individuals. The framework can accommodate differ-
ent domain-specific probabilistic models and enforces structural feasibility and
temporal consistency through constraints embedded in the life-trajectory repre-
sentation.
We further introduce a Bayesian updating mechanism that incorporates informa-
tion from observed cross-sectional datasets. When data are available, the synthetic
population is sampled from the posterior distribution, combining prior knowledge
with the evidence contained in the observations. This allows cross-sectional infor-
mation, such as census or survey microdata, to update the distribution of coherent
synthetic life trajectories conditional on the prior model and structural assump-
tions.
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1 Introduction
Activity-based models (ABMs) rely on synthetic populations to represent the
socio-economic characteristics of individuals whose activities and travel behav-
ior are simulated (Rezvany et al., 2024; Müller and Axhausen, 2010). In practice,
most applications rely on cross-sectional data capturing individuals at a single
point in time due to the accessibility and relatively low cost of such data. However,
individual habits and preferences evolve over time, and modelling these changes
across heterogeneous populations remains difficult (Gärling and Axhausen, 2003;
Borysov and Rich, 2021). Individual preferences shift as life events unfold and
socio-economic status changes, but habits are also shaped by public policies and
incentives. By construction, cross-sectional data provide only a static snapshot
of the population. Repeated cross-sectional surveys still sample a different set
of individuals at each wave. As a result, they do not allow the observation of
behavioral evolution over time, the identification of dynamic effects, or the estab-
lishment of causal relationships (Wooldridge, 2010; Maier et al., 2023; Bhat and
Koppelman, 1999; Baltagi, 2005).

Panel data offer a natural way to overcome these limitations by tracking the
same individuals over time, enabling the identification of persistent heterogene-
ity and dynamic behavioral patterns (Frees, 2004; Hsiao, 2014). By observ-
ing the same units repeatedly, they provide a stronger basis for policy analysis
(Deschaintres et al., 2022). However, panel surveys remain rare and costly, are
subject to attrition, panel fatigue, and conditioning effects, and typically cover
only limited time horizons (Deschaintres et al., 2022). As a result, available
data remain predominantly cross-sectional, and most synthetic population meth-
ods have accordingly focused on generating cross-sectional data, typically re-
producing marginal distributions at a given time through fitting procedures or
simulation-based approaches (Farooq et al., 2013; Kukic and Bierlaire, 2025; Ku-
kic et al., 2024). When panel analyses are required, researchers rely on projection
models (Kukic et al., 2023; Kukic and Bierlaire, 2025) or pseudo-panel techniques
(Deaton, 1985; Verbeek and Nijman, 1998) that infer dynamics from repeated
cross-sections but do not reconstruct consistent individual life trajectories. In the
transport field, for instance, pseudo-panel techniques have been used to model car
ownership dynamics (Dargay and Vythoulkas, 1999). However, generating popu-
lations independently at different times or for different cohorts does not guarantee
that individuals correspond to stable underlying entities. The core limitation is
therefore not only the scarcity of panel data, but the absence of a time-consistent
generative representation of individuals.

Longitudinal data are needed in the transport field to analyze behavioral dy-
namics and the long-term effects of transportation policies, yet the data that are
actually available are mostly cross-sectional. This article addresses the follow-
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ing question: can longitudinal synthetic populations be generated using cross-
sectional data? Our contributions are as follows:

• We introduce a general, structurally feasible and temporally coherent frame-
work for generating complete synthetic life trajectories from prior proba-
bilistic models. The event-based representation and the associated struc-
tural constraints ensure temporal and logical consistency, while probabilis-
tic sampling preserves population heterogeneity and reproduces the distri-
butions implied by the input models.

• We define a deterministic mapping that recovers the state of each synthetic
individual at any time of interest. This makes it possible to construct cross-
sectional datasets at arbitrary dates from the same underlying population.
The longitudinal structure is inherent to the representation: individual iden-
tities are preserved over time.

• We propose a Bayesian updating mechanism that incorporates information
from one or several cross-sectional datasets into the generation of life tra-
jectories. The observed data update the prior distribution of the underlying
trajectory variables, while the structural constraints continue to guarantee
coherent and feasible individual histories. Because the update is performed
on the complete trajectory representation, the information introduced at spe-
cific observation dates can propagate in the long term.

The paper is structured as follows. Section 2 reviews the related literature.
Section 3 presents the proposed methodology. Section 4 applies the approach
to a case study on Switzerland. Finally, Section 5 concludes by discussing the
limitations of the method and outlining directions for future research.
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2 Literature review
Most current methods generate cross-sectional synthetic populations using iter-
ative proportional fitting (IPF), which focuses on reproducing marginal distribu-
tions of socio-demographic variables (Beckman et al., 1996). Such approaches
are inherently limited to aggregate consistency: they do not capture the full joint
distribution of attributes and may introduce unrealistic independence assump-
tions between variables. To address this limitation, simulation-based approaches
have been proposed, notably relying on Markov chain Monte Carlo (MCMC)
frameworks to generate populations consistent with observed marginal and, where
available, joint distributions (Farooq et al., 2013). Despite this methodologi-
cal progress, most synthetic population approaches remain fundamentally cross-
sectional in scope. Even methods designed to generate populations without micro-
data focus on static consistency rather than temporal coherence (Barthélemy and
Toint, 2013), and approaches that improve the representation of joint distributions
(Ye et al., 2009) do not address individual-level dynamics. Consequently, when
synthetic populations are generated independently for different time periods, noth-
ing guarantees that individuals in one period correspond to the same underlying
entities as in another.

To move beyond static representations, alternative approaches based on re-
peated cross-sections have been developed, including pseudo-panel methods (Deaton,
1985; Verbeek and Nijman, 1998) and projection models (Kukic et al., 2023). Pro-
jection methods generate populations at multiple time points but do not preserve
persistent individual identities across them. Pseudo-panel approaches instead re-
construct cohort-level dynamics by tracking synthetic cohorts rather than individ-
ual life trajectories. Both strategies therefore fall short of producing true panel
data: one sacrifices identity persistence, the other operates at a coarser level of
aggregation than the individual.

In demography, Oshanreh et al. (2025) propose a dynamic microsimulator that
uses dynamic Bayesian networks to project individual life-course transitions for-
ward in time; however, this approach requires genuine panel data as input to esti-
mate transition probabilities and it projects an already-sampled population rather
than generating a new synthetic panel sample.

The closest attempt to bridge the literature gaps is Kukic et al. (2025), which
generates panel data as a proof-of-concept case study on Switzerland. However,
this work does not propose a formal, general framework for producing temporally
coherent longitudinal populations from cross-sectional data alone; the result is
demonstrated for a specific setting rather than derived as a generalizable method.
Our paper builds on this example, generalizing it into a coherent framework capa-
ble of constructing longitudinal synthetic populations that can be enriched using
cross-sectional measurements.
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3 Methodology
The methodology builds on the general principle of dynamic microsimulation,
where population dynamics are represented at the individual level by simulating
life trajectories as sequences of events. Following the idea of Orcutt (1957) and
Oshanreh et al. (2025), socio-economic systems are described through individual
units rather than aggregate relationships. Individuals are followed over time and
transitions between life states are typically governed by probabilistic rules, often
derived from hazard, transition, or multi-state models (van Imhoff and Post, 1998;
Willekens, 2014). Although the present methodology does not rely directly on
such models, it shares the same fundamental idea: generating complete individual
life trajectories.

The time-independent principle introduced in Kukic et al. (2025) can be em-
bedded in this broader life-trajectory concept. Instead of constructing a population
independently at each point in time, the method first generates complete trajecto-
ries for individuals. The state of an individual at any time t is then not simulated
separately, but derived from the pre-generated trajectory. This makes it possible
to recover the population at any date as a cross-sectional snapshot of the same
underlying longitudinal structure.

3.1 Unified life trajectory framework
This section introduces a general framework for generating longitudinal life tra-
jectories that are structurally feasible and temporally coherent by design. The
framework takes as input a probabilistic model describing the occurrence, timing,
and attributes of individual life events. The resulting output is a synthetic popula-
tion composed of individuals with complete life histories. A mapping mechanism
is then used to recover each individual’s state at any time t, allowing the generated
trajectories to be represented as longitudinal or panel data.

Each individual is represented by a finite existence interval [b, b + L], where
b denotes the date of birth and L the lifespan. This interval defines the temporal
support of the individual’s life, over which multiple life axes evolve in parallel.
These axes, referred to as dimensions, represent homogeneous aspects of life such
as education, employment, place of residence, or driving license ownership. At
every instant of the existence interval, each dimension is associated with exactly
one active event describing the individual’s state in that domain. Within each di-
mension, the existence interval is partitioned into a finite sequence of consecutive
events. Thus, while different dimensions evolve concurrently, events belonging
to the same dimension occur sequentially and together form a complete, non-
overlapping decomposition of the individual’s lifespan. A dimension also speci-
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fies the set of admissible event types and the common attribute structure shared
by all events belonging to that dimension.

The objective is therefore to sample, for each individual, a trajectory in each
dimension. We define a random vector X containing the variables required to
describe these trajectories: event occurrence indicators, temporal characteristics,
and event-specific attributes. We denote by Xi the trajectory-defining variables
of individual i, and X = (X1, . . . , XN) the complete synthetic population. Oc-
currence indicators determine whether a given event is realized in the life of the
individual; temporal characteristics determine when the event starts and ends; and
attributes describe additional properties associated with the event. Individuals are
sampled independently from this random vector, thereby generating a population
with heterogeneous life trajectories.

For a given individual and dimension D, the realized trajectory is represented
as a finite ordered sequence

τD = (e1,D, . . . , enD,D), nD > 0

where each event is associated with an occurrence indicator, temporal attributes,
and, when relevant, non-temporal attributes. The set of dimensions and possible
event types is common to all individuals, whereas the realized trajectories are
individual-specific and sampled from the probabilistic model.

The Existence dimension differs from the other dimensions because it defines
the temporal bounds of the individual’s life. It contains a single event, referred to
as the Birth event,

τExistence = (ebirth),

which records the individual’s date of birth, lifespan, and attributes determined at
birth that remain constant throughout their life, such as sex.

Temporal characteristics are expressed through durations. Each realized event
is characterized by a main duration, corresponding to the substantive state, and
optionally by a gap duration, allowing flexible spacing between successive sub-
stantive events. Once the durations are known, the temporal position of every
event is uniquely determined. Attributes, such as income, workplace location, or
occupation type, remain constant throughout the corresponding event they char-
acterize. Figure 1 presents a Work dimension trajectory for an individual. The
individual undergoes 5 work spells comprising a main part, corresponding here to
being employed and a gap part, corresponding here to an interruption of employ-
ment. For each spell, the Log Income and Place of Work attributes are defined.
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Figure 1: Work dimension example

The event-based representation imposes structural consistency. Within each
dimension, realized events must form a complete and non-overlapping partition
of the lifespan. In particular, events in the same dimension cannot overlap, their
total duration must cover the existence interval, and occurring events must have
positive main durations. Therefore, at any time t ∈ [b, b + L], a cross-section of
the trajectories identifies one active event per dimension. The individual’s time-
dependent state is then obtained by applying the deterministic mapping to this
cross-section.

Additional logical, biological, legal, and institutional constraints restrict the
set of admissible trajectories. These constraints encode, for example, minimum
or maximum starting ages, duration bounds, and event relations across dimen-
sions. These restrictions can all be expressed as linear constraints on the event
durations, which defines a feasible set of trajectories that can be represented in
linear-algebraic form. Denoting x the individual vector of durations, the con-
straints are represented using a matrix A and a vector b such that the feasible set
of durations lies in

F = {x ∈ Rp : Ax ≤ b}.

The constraint types currently implemented and their algebraic representation are
available in the Appendix 7.1.

The synthetic trajectories τ = (τD)D are generated through a structured Markov
Chain Monte Carlo procedure. First, the Existence dimension, containing date of
birth and lifespan is sampled because it defines the temporal support of all other
events. The joint density of the durations, and the exact conditionals for the at-
tributes must be provided. Second, conditional on Existence, event indicators
are sampled using a Gibbs sampler subject to eligibility and logical constraints.
This step requires as input the exact conditionals of the indicators. Third, condi-
tional on the indicators, temporal and non-temporal attributes are sampled using
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a Gibbs–Metropolis–Hastings scheme (Metropolis et al., 1953; Hastings, 1970;
Gelfand and Smith, 1990). For this, we alternate between two steps: sampling
event durations conditional on the attributes, and sampling attributes conditional
on the durations. Conditional on the current attribute values, the duration vector is
updated using a Hit-and-Run algorithm (Smith, 1984; Lovász and Vempala, 2006)
targeting its joint conditional distribution over the feasible set. Before sampling,
we isolate any constraints that are equalities in disguise and collect them into
Aeq · x = beq. These directions carry no uncertainty and therefore do not need to
be explored by the sampler. Conditional on the sampled durations, the attributes
are then updated through a Metropolis-Hastings step. If the exact conditionals are
known, this step reduces to a Gibbs update with an acceptance ratio of 1. Once
the sampling procedure is complete, event starting dates are recovered determin-
istically from the sampled durations.

The pseudo-algorithm in Algorithm 1 makes explicit the sampling strategy for
one individual. The algorithm applies to both the sampling of the Existence di-
mension and that of the other dimensions. The key distinction is that, for the latter,
the constraints depend on the Existence dimension sampled upstream, whereas the
constraints for the Existence dimension are self-contained and do not rely on other
dimensions. Consequently, when sampling the other dimensions, the realization
of the Existence dimension is taken as input to construct the corresponding con-
straints. Moreover, the input model ( M ) encodes all probabilistic specifications
required to sample each quantity of interest. It defines the conditional distribu-
tions from which the event indicators are sampled as well as the set of constraints
and the target prior log-density from which samples are drawn. The accept-reject
step is based on this joint target density. In the algorithm, the instance I denotes
the representation of the sampled individual trajectory Xi.

The framework fulfills its purposes. First, it ensures temporal consistency by
construction. Instead of generating independent cross-sectional states at differ-
ent points in time, the framework samples complete individual life trajectories.
The evolution of an individual is therefore represented as a coherent sequence of
events for each dimension. The structural rules and constraints prevent impossi-
ble or unrealistic temporal configurations. Temporal consistency is therefore not
imposed ex post, but follows directly from the event-based representation and the
feasible set of trajectories.

Second, the framework preserves individual identity across an infinite time
horizon. Individuals are not defined relative to a given observation year. Instead,
each synthetic individual is generated with a date of birth and a life trajectory,
which together define the individual independently. At any time t, the determin-
istic mapping projects this underlying trajectory onto the individual’s observable
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Algorithm 1 Generic sampling algorithm for one individual
Require: model M, burn-in B

Ensure: sampled instance I

1: Initialization
2: Initialize the instance I containing the life trajectory of the individual
3: Sample indicators using Gibbs sampling
4: Initialize attributes
5: Build constraints Ax ≤ b based on the indicators
6: Extract Aeq, beq and compute nullspace basis N(Aeq)
7: Find a feasible x0 and fill it in I

8: Compute the initial log-density π(I) defined by M

9: MCMC iterations
10: for m = 1 to B do
11: Attribute update (MH-within-Gibbs)
12: Propose new attributes a ′ and accept/reject using the MH ratio on π(I ′)

13: Duration update (Hit-and-Run)
14: Sample direction u ∈ Null(Aeq)
15: Compute the feasible segment [tmin, tmax]
16: Sample t ∼ U [tmin, tmax]
17: Propose x ′ = x+ tu and accept/reject using MH ratio on π(I ′)
18: end for

19: return final instance I
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state at that date. Depending on t, the same individual may be unborn, alive with a
given set of characteristics and events, or deceased. Thus, although the individual
is represented over an arbitrarily broad time horizon, their lifetime -and therefore
the period during which life events can occur- is bounded by their dates of birth
and death. In practice, the framework is applied over a finite calendar interval
of interest, which can be chosen as broadly as required. However, using a single
time-invariant model over a very long period would generally be unrealistic, since
demographic processes and individual behavior evolve over calendar time. The
probabilistic models used to generate or constrain the different dimensions may
therefore depend on t, reflecting the historical period to which their calibration
data correspond.

Third, the framework is naturally designed to integrate multiple cross-sectional
datasets. Each cross-sectional dataset provides information on the population ob-
served at a particular point in time. Since the deterministic mapping can project
the synthetic longitudinal population to any observation date, the simulated popu-
lation can be compared with the corresponding observed data at that date. Cross-
sectional datasets act as temporal reference points for the broader trajectory gen-
eration mechanism.

The methodology makes it possible to generate complete population trajec-
tories using probabilistic specifications for event occurrences, durations, and at-
tributes, that can be extracted from literature as an input. The open-source code is
available on GitHub1 and Zenodo (Baud, 2026).

3.2 Integration of cross-sectional data
The second part of the methodology describes how a probabilistic model derived
from the literature or other prior knowledge can be enriched using external infor-
mation about the target population. Before introducing this approach, it is im-
portant to distinguish it from a direct modification of the prior model itself. The
assumptions and parameters of the prior model may be adjusted to represent spe-
cific temporal, spatial, or policy contexts, after which the resulting population can
be compared with that generated under the baseline specification. For example,
the survival probabilities of young men could be reduced to represent the de-
mographic consequences of a war, while mortality rates among older individuals
could be increased to represent a pandemic. Such interventions do not necessarily
require observed microdata; they may instead rely on assumptions, expert knowl-
edge, demographic projections, or other scenario-specific evidence. This type of
intervention remains within the methodology presented in the previous section:

1Github repository : candicebaud/longitudinal_synthetic_population

10



external knowledge is used to modify the specification of the probabilistic model,
but no data are directly incorporated into the population-generation process.

The present section addresses a different setting, in which external information
is explicitly introduced in the form of cross-sectional, disaggregate data. These
data may consist of actual observations, demographic forecasts, policy projec-
tions, or counterfactual data generated for a particular scenario. The framework
therefore takes as inputs both an initial model of individual life trajectories and
an external dataset describing the target population. The incorporated information
then propagates through the longitudinal model. For example, a decline in births
affects not only the number of children generated in the short term, but also the
future age structure of the population. The resulting output is a synthetic popula-
tion composed of individual life trajectories that are more closely aligned with the
characteristics of the target population.

We assume that individual-level cross-sectional data Ỹt of a population are
observed at time t. Let Xi denote the primary time-independent variables of syn-
thetic individual i, let X = (X1, ..., XN) denote the full synthetic population of
size N. Given the observed sample Ỹt = {Ỹt,j}

n
j=1, the objective is to sample X

from the posterior :
f(X | Ỹt) ∝ f(Ỹt | X) · πX(X),

which combines the prior distribution πX(X) with a likelihood f(Ỹt | X) mea-
suring the consistency between simulated and observed data. A draw from this
posterior is a single candidate population X = (X1, ...XN) of size N, generated
jointly, and not a collection of N independent draws nor a set of n draws paired
one-to-one with the observations.

The state of a synthetic individual i at time t is obtained by applying the time-
specific mapping Tt to their trajectory:

Yt,i = Tt(Xi)

The mapping recovers the alive status of an individual as

Alivet,i =

{
1 if bi ≤ t < bi + Li

0 otherwise
(1)

If the individual is alive, Yt,j also contains the observable characteristics of indi-
vidual i at time t such as age, employment status, license status, etc. Let

It(X) = {i, Alivet,i = 1}

the set of alive individuals at time t, and Mt(X) = |It(X)| its size.
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Since Ỹt is obtained from surveys or censuses, it only contains individuals
alive at time t, whereas the simulated population also includes individuals not yet
born or already deceased. Ỹt is only informative about the characteristics of the
subset of synthetic individuals alive at t. For individuals not alive at t, the ob-
servations contain no direct information about their attributes; they may influence
birth-date and lifespan distributions only through population-level constraints and
the shared generative model.

The empirical cross-sectional distribution induced by this eligible subpopula-
tion is

µX
t =

1

Mt(X)

∑
i∈It(X)

δYt,i

Let Kt(ỹ, y) denote a an observation kernel quantifying the plausibility that
an observed value ỹ is consistent with a synthetic trajectory value y at time
t. Its specification reflects assumptions about the relationship between the ob-
served data and the model’s projection, and must be adapted to the nature of
the variable. For continuous variables, we use continuous kernels. For discrete
variables, we rely on categorical kernels representing mismatch probabilities be-
tween categories, interpretable as misclassification models that allow probabilis-
tic discrepancies between simulated and observed categorical outcomes (Li and
Racine, 2007; Hausman et al., 1998; Aitchison and Aitken, 1976). Misclassifica-
tion probabilities are specified following Li and Racine (2007) and depend on both
data quality and the variable considered - for instance, sex is typically measured
with less error than education. Exact kernel definitions used are given in Appendix
7.3. The parameters governing Kt - the bandwidth of the continuous kernels, the
mismatch probabilities of the categorical kernels - should not be interpreted as
literal estimates of survey or census reporting error. They act as a discrepancy, or
smoothing, tolerance: they determine how much difference between an observed
individual and a simulated population state is treated as consistent with the model,
and thus how much mass the eligible synthetic population must place near ỹ for it
to contribute to the likelihood.

Because no observed individual is matched to a specific synthetic individual,
the likelihood of each observation is obtained by averaging the observation kernel
over the eligible synthetic population. The likelihood of a single observed individ-
ual is then defined directly as the integral of the kernel against µX

t , i.e. its average
value over the eligible synthetic population:

Lt,j = P(Ỹt,j | X) =

∫
Kt(Ỹt,j, y)dµ

X
t (y) =

1

Mt(X)

∑
i∈It(X)

Kt(Ỹt,j, Yt,i)

This is a population-mixture likelihood, not a paired-measurement model: the
observed individual is compared simultaneously with every alive synthetic indi-
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vidual, each contributing with equal weight 1
Mt(X)

. Assuming observed individu-
als are independent draws given X, the likelihood of the population cross-section
Ỹt = (Ỹt,j)j is:

Lt = P(Ỹt | X) =

n∏
j=1

1

Mt(X)

∑
i∈It(X)

Kt

(
Ỹt,j, Yt,i

)
.

When survey designs over- or under-sample certain groups, individuals do not
contribute equally to the population, which is why the observed data are weighted.
Each observation is assigned a weight reflecting the number of population units
it represents. Ignoring these weights would implicitly treat the sample as if it
were drawn uniformly from the population, which can lead to biased inference.
To account for this, the likelihood is modified by weighting each observation ac-
cording to its importance in the population. This leads to the following weighted
likelihood:

Lt = P(Ỹt | X) =

n∏
j=1

 1

Mt(X)

∑
i∈It(X)

Kt

(
Ỹt,j, Yt,i

)wj

.

The weights wj can be interpreted as frequency or expansion factors: an ob-
servation with weight wj contributes as if it were replicated wj times in the sam-
ple. This formulation approximates the likelihood that would be obtained from
a representative population sample. Raw survey weights are typically expansion
factors calibrated so that

∑n
j=1 wj equals the size of the target population, not the

size of the observed sample. Used directly as exponents, such weights would in-
flate the total evidence mass of the likelihood to the scale of the population rather
than the scale of the observed data, producing an artificially peaked likelihood.
To avoid this, we normalize the weights so that they sum to the sample size :
w∗

j = n · wj∑n
k=1 wk

, and use w∗
j in place of wj in the weighted likelihood.

Additionally, some categories might be absent from the survey by design. If
this sampling rule is ignored, the posterior distribution may under-represent such
categories, since the absence of such observations would be interpreted as evi-
dence that they are absent from the population. To avoid this bias, the likelihood
must account for the fact that the observed dataset is censored by design. Let S be
a binary indicator equal to one if an individual is sampled in the time-dependent
dataset, and equal to zero otherwise. The posterior distribution is therefore written
as

P(X | Ỹ, S = 1) ∝ P(Ỹ | X, S = 1)P(X),

where the likelihood is conditional on the sampling rule. We define

q(y) = P(S = 1 | Yt = y),
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where y denotes the time-dependent state of an individual. If the sampling prob-
ability is deterministic and depends only on the state, this becomes :

q(y) =

{
0 if y /∈ E ,
1 if y ∈ E

where E denotes the set of eligible states to be observed. For a given simulated
population X, let

St(X) = {i ∈ It(X) : q(Yi,t) = 1}

denote the set of sample-eligible individuals at time t. Here, It(X) is the set
of individuals alive at time t, and Yi,t is the time-dependent state obtained by
mapping individual i from the time-independent representation to time t.

The likelihood of the observed data is then computed only over the sample-
eligible simulated individuals:

Lt = P(Ỹt | X, S = 1) =

n∏
j=1

 1

|St(X)|

∑
i∈St(X)

Kt

(
Ỹt,j, Yi,t

)wj

.

Therefore, the absence of such categories in the data is not treated as evidence
that such categories are absent from the population. Instead, it is treated as a
consequence of the sampling design. In practice, this means that the likelihood
contribution of each observed individual is evaluated against the subset of simu-
lated individuals that could have been sampled. A short derivation is provided in
the Appendix, property 7.3.

Finally, when sampling from the prior, the population size at each time point is
jointly determined by the input distributions of dates of birth and lifespans. Dur-
ing posterior inference, both distributions are sampled simultaneously from the
observed population sizes, which gives rise to a non-identifiability problem: dif-
ferent combinations of birth-date and lifespan distributions may generate the same
population size trajectory. Moreover, individuals who are not alive at any obser-
vation time do not contribute to the likelihood. Their dates of birth and lifespans
may therefore take arbitrary values, provided that these values remain consistent
with their absence from the observed population. To address this issue, we incor-
porate information on population size dynamics during the posterior sampling of
the Existence dimension. Let M⋆

t denote a target population size at time t, and let
M̃t(X) denote the population size at time t implied by a simulated population X.
A penalty or regularization term is introduced to measure the discrepancy between
these two functions:

L = exp
(
−

1

2σ2

∫ tmax

tmin

(M̃t(X) −M⋆
t )

2dt

)
14



This expression is written as a continuous-time integral, as both M̃t(X) and M⋆
t

are defined over a continuous time horizon. In practice, the integral is approxi-
mated on a discrete grid tk:

L =

∫ tmax

tmin

(M̃t(X) −M⋆
t )

2dt ≈
∑
k

wk(M̃tk(X) −M⋆
tk
)2, wk =

∆tk

tmax − tmin

To capture relative changes instead of levels, the discrepancy is defined in loga-
rithmic scale:

ℓ = −
1

2σ2

∑
wk

(
log(M̃tk(X)) − log(M⋆

tk
)
)2
,

This formulation emphasizes proportional differences and ensures that the penalty
focuses on matching growth trends over time, while still relying on the same
piecewise-constant representation of the population size trajectory. The function
M̃t(X) is computed exactly from the simulated trajectories using the birth dates
and lifespans of individuals. More precisely, it is a piecewise-constant (staircase)
function of time: starting from zero, it increases by one at each birth event and
decreases by one at each death event. Between two consecutive events (birth or
death of one individual), the function remains constant. As a result, the entire
trajectory of M̃t(X) is fully characterized by the ordered sequence of event times,
and can be evaluated without discretization error. In this application, the objective
is not to match the absolute population size as we simulate a sample, but rather its
temporal evolution. The log likelihood used in the acceptance ratio is obtained as
the sum of log(Lt) –denoted by ℓt– and ℓ. Summing the two log-terms is equiv-
alent to multiplying the cross-sectional kernel likelihood and the population-size
penalty together, treating agreement with individual-level observed profiles and
agreement with the aggregate population trajectory as two independent sources of
evidence about the same underlying population.

In order to perform the posterior sampling, we do the following procedure.
The Existence dimension is sampled first at the population level and the rest of
the life trajectory is sampled conditional on the lifespan and birth characteristics.
To sample the Existence dimension, the likelihood compares observed ages with
simulated ages of alive individuals, while the population constraint ensures iden-
tification through the evolution of Mt(X). The update is performed at the popu-
lation level, as the population size constraint couples all individuals. Candidate
populations are generated by modifying a subset of individuals (e.g., birth dates
and lifespans), using proposals such as Hit-and-Run in the constrained space.

The remaining dimensions are then sampled conditionally on the Existence
trajectories at the individual level. For each individual, event indicators are gen-
erated given the Existence trajectory. Cross-sectional data are not informative
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about lifetime event occurrences and thus the indicators are sampled from the
prior distribution. For instance, observing employment at time t does not inform
the number of past or future employment spells. More generally, cross-sectional
measurements capture prevalence conditional on age and survival, and are sub-
ject to censoring and cohort effects. Durations and attributes are updated using
MCMC targeting the posterior defined above.

If several conditionally independent cross-sectional datasets {Ỹtk}k are avail-
able, the posterior becomes

P(X | {Ỹtk}k) ∝

(∏
k

P(Ỹtk | X)

)
P(X),

The algorithm used to sample from the posterior follows Algorithm 1, ex-
tended to incorporate both the target log-density and the likelihood function. For
each observed dataset and corresponding observation time, a likelihood term is
defined based on the available variables. The accept–reject step is then performed
using the log-posterior density, which combines the prior and likelihood contri-
butions. Unlike the original formulation, which evaluates a single individual tra-
jectory, the extended algorithm operates at the population level. The acceptance
ratio therefore accounts for the joint posterior contribution of all individuals in the
population. For the Existence dimension, the penalization term is also included in
the acceptance ratio.

Overall, the methodology provides a flexible way to combine prior knowl-
edge with individual-level observations when generating synthetic life trajecto-
ries. Disaggregate cross-sectional data are used to align the resulting population
with observed characteristics while preserving the information encoded in the ini-
tial model. The approach can also accommodate incomplete or non-representative
samples, broadening the range of data sources that can contribute to the generation
process.
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4 Results
In this section, we show how the methodology can be used to generate a syn-
thetic population for Switzerland. Because the proposed framework relies on
simulation-based techniques, the quality of the generated population depends pri-
marily on the validity of the input models and on the ability of the sampling pro-
cedure to reproduce their implied distributions. Validation focuses on whether the
generated population satisfies the objectives of the framework. More specifically,
we address two main questions:

• Does the implementation generate structurally feasible longitudinal pop-
ulations consistent with the specified prior model? We verify that the
generated life trajectories are consistent with the probabilistic models pro-
vided as inputs and that the sampling procedure correctly reproduces the
longitudinal dynamics implied by these models. We verify that trajecto-
ries satisfy the specified structural, biological, legal, and institutional con-
straints.

• Does the inclusion of cross-sectional information improve population
generation? We assess whether heterogeneous cross-sectional data sources
can effectively update and balance the prior longitudinal model in light of
observed population characteristics. In particular, we examine whether a
limited number of cross-sectional reference points is sufficient to adjust the
simulation and produce coherent complete life trajectories. We also analyze
to what extent using several datasets is more beneficial than a single one.

4.1 Model and data
4.1.1 Prior model

We consider a prior model to describe the Swiss population including life events
that are relevant to the transport field as presented in Table 1. We model individu-
als’ education, employment, driving license and residential spells trajectories us-
ing the following structural rules. A driving license, once obtained, is permanent.
Education follows a sequential path: mandatory schooling must be completed by
all individuals who survive to the required age; once studies are interrupted, they
cannot be resumed; no repetition or skipping is allowed. Secondary education
must last at least three years to grant access to tertiary education. Individuals may
combine work and study. Residential moves occur only upon job changes, and
transport mode availability is assumed to adjust with relocation, in line with the
literature on mobility and life events (Beige and Axhausen, 2008; Scheiner, 2007).
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The probabilistic specifications and constraints are based on Kukic et al. (2025),
Baud and Bierlaire (2026) and are presented in Appendix 7.2.

Table 1: Model structure

Dimension Associated Main Events Attributes
Existence Birth Sex
Residence Residential spells Canton of residence

Urban/rural
Car availability
GA availability2

Education No education
Mandatory education
Secondary education
Tertiary education

∅
∅
∅
∅

Work No employment
Employment spells

∅
Income at start of work spell
Place of Work

Driving license ownership No driving license
Driving license ownership

∅
∅

4.1.2 Data integration

We use cross-sectional data from the Swiss Mobility and Transport Microcen-
sus from the 2010 and 2015 waves. The Mobility and Transport Microcensus
(MTMC), conducted every five years by the Federal Office for Spatial Develop-
ment and the Federal Statistical Office, is the largest national survey on travel
behavior in Switzerland, with a sample exceeding 55,000 individuals. It provides
a description of mobility patterns by combining information on socioeconomic
characteristics of households and individuals, ownership and access to mobility
tools such as private vehicles and public transport subscriptions.

To map our life trajectories, we identify among the alive individuals the ac-
tive event at time t for each individual and extract the associated attributes. For
each individual and each dimension, the end dates of the main and gap events are
computed as the sum of their respective start dates and durations. An event is
considered active at time t if t lies within its time interval, that is, if the start date
is less than or equal to t and t is strictly smaller than the corresponding end date.
We additionally derive the age of respondents as

Aget = t− b, b denoting the date of birth (2)

2GA stands for General Abonnement which is a Swiss subscription from SBB-CFF-FFS the
Swiss operator giving access to the complete public transport network in all Switzerland.
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An important feature of the MTMC dataset is that it does not contain observa-
tions for children younger than 7 years old. We therefore define the sampling rule
as:

q(y) =

{
0, if y(age) < 7,

1, otherwise.

We compute the likelihood of the observed data only over the sample-eligible
simulated individuals as described in the methodology. The absence of children
younger than 7 in the MTMC dataset is not treated as evidence that such children
are absent from the population. Instead, it is treated as a consequence of the
sampling design.

4.2 Results
4.2.1 Valid longitudinal population

This section focuses on showing that the framework generates a valid longitudinal
population. In order to do so, we sample 50,000 individuals from the prior model
and show coherence at both the disaggregate (at the individual level) and aggre-
gate levels (at the population level). Generating the 50,000 individuals – with a
burn-in of 1,500 iterations for the Existence dimension and 6,500 iterations for
the other dimensions – takes approximately 5 hours on a high-performance com-
puting cluster using 55 parallel workers, corresponding to roughly 15 seconds per
individual. Convergence diagnostics are available in the Appendix 7.5.

At the disaggregate level, Figure 2 shows Individual 1 trajectory. This indi-
vidual’s lifespan is slightly more than 80 years. They obtain a driving license at
around 23, and graduate from secondary education at exactly 18. They start work-
ing at almost 16, and relocate five times: starting in Bern, then living in Zurich
across three consecutive spells, before finally moving to Valais and then Geneva.

The structural constraints are satisfied by design: within each dimension, the
sequence of events spans the full timeline without overlap. The institutional con-
straints are also respected - for instance, the individual only obtains a driving
license after turning 18, and only starts working after turning 15. The sampled
life trajectory of this individual is therefore coherent with both sets of constraints.

Moreover, at the aggregate level, the life trajectories follow the probabilistic
specification, which validates the implementation. Figure 3 compares sampled
values with their corresponding target densities for key variables, including date
of birth, lifespan, age at labor market entry (tertiary graduates), and age at driving
license acquisition. Sampled values respect the imposed constraints and follow
the target densities. Again, no one gets a driving license before 18 or starts to
work before 15, and no one lives more than 110 years.
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Figure 2: Life timeline of Individual 1
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Figure 3: Empirical samples and theoretical densities for date of birth, lifespan,
age at labor market entry (tertiary graduates), and age at driving license acquisi-
tion.
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From these sampled life-trajectory variables, we can derive time-dependent
cross-sectional datasets for any time t, tracking the same individuals. Taking
individual 1 once more as an example, we can map their state in 2010. The person
is alive and around 50 years old. They hold a driving license, have completed their
education, and have retired from work. They now live in an urban area of Geneva
and do not have access to a car. Such cross-sectional snapshot can be constructed
for any sampled individual at any point in time.

At the population level, the implied age distribution at different dates matches
the theoretical distributions obtained in closed form from the underlying birth and
lifespan laws. Similarly, the distribution of place of residence and of car avail-
ability in 2010 are consistent with the specified density as shown in Figure 4. The
income and car availability theoretical distributions are not tractable and are esti-
mated using simulation. Indeed, such distributions depend on the distributions of
other variables.. Therefore, once the other variables are sampled, we can estimate
the theoretical density that should be observed in this sample.
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Figure 4: Age, canton of residence, log-income and car availability distributions
in 2010

The prior sampling experiment confirms the internal coherence of the pro-
posed framework along three points. First, the generated individual trajectories
satisfy the structural constraints imposed by the prior models. Second, these tra-
jectories reproduce the model-implied distributions of interest - event occurrences,
durations, and associated attributes. Third, because individuals persist longitudi-
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nally and can be located at any time t, the framework deterministically recovers
the expected cross-sectional distributions of the population alive at t through the
mapping mechanism.

4.2.2 Data integration improvements

We use the observed cross-sectional data and focus in this section on showing that
the cross-sectional data effectively enable to infer longitudinal trajectories and that
using multiple datasets brings more information than one. To do so, we use the
cross-sectional data from the MTMC of 2010 and 2015 and compare the improve-
ment brought by one and then the two datasets. The objective of the proposed
framework is not to maximize predictive accuracy, but to provide a coherent gen-
erative representation of life trajectories that can integrate heterogeneous sources
of cross-sectional information. Consequently, the framework is evaluated through
its structural properties and its ability to recover coherent longitudinal popula-
tions, rather than through conventional out-of-sample prediction metrics.

The computational cost of sampling from the posterior of the Existence dimen-
sion is 45 minutes for 70,000 iterations for one dataset. This cost roughly doubles
for two datasets. The computational cost of sampling the other dimensions from
the posterior with a single dataset is approximately one second per chain itera-
tion at the population level, on a high-performance computing cluster. This cost
roughly doubles when two datasets are used, since the likelihood is computed sep-
arately for each dataset. The posterior chains for the other dimensions are run for
750,000 iterations.

First, data integration makes it possible to generate complete synthetic life
trajectories while using external population-level information to balance the prior
model. The resulting individuals are therefore genuinely longitudinal: their entire
life course is generated. The generated trajectories also satisfy the structural rules
and constraints imposed by the model, such as a maximum lifespan of 110 years
or the requirement that a driving license can only be obtained after the age of 18.
Figure 5 illustrates trajectories resampled using 2010 data and using both 2010 and
2015 data. These trajectories should not, however, be compared as two versions
of the same individual. Resampling is performed at the population level so that
the characteristics of the synthetic population match the target distributions at the
observation dates. The label "Individual 1" is therefore only an identifier within
each generated population and does not imply any correspondence between the
two trajectories. The distributional properties at the population level are presented
hereafter.
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Figure 5: Sampled life trajectories of Individual 1 using 2010 data; and using
2010 and 2015 data. The legend is the same as figure 2.

The Bayesian update is performed on the time-independent variables, yielding
a posterior distribution in this space. Such modifications of the time-independent
variables directly propagate in the projections at any time t. Figure 6 presents
the date of birth distributions. It compares the prior distribution with the posterior
distributions obtained using the 2010 data alone and using both the 2010 and 2015
datasets. The posterior distributions clearly depart from the uniform prior with
births drops and peaks.
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Figure 6: Date of birth distributions. The left panel shows the prior distribu-
tion. The middle and right panels show posterior updates, based on 2010 MTMC
dataset only and on 2010 and 2015 MTMC datasets, respectively.

Since age is defined as age = t − date of birth, any modification in the dis-
tribution of dates of birth directly translates into a corresponding transformation
of the age distribution at time t. The two distributions are therefore in one-to-one
correspondence. The posterior over dates of birth induces a mirrored structure in
the age distributions. This relationship is illustrated in Figure 7.

Figure 7 compares the observed and simulated age distributions in 2010 and
2015. The first row reports the observed distributions, the second row the prior
model, the third row the posterior obtained using only the 2010 data, and the
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(b) 2015

0 25 50 75 100
Age

0.000

0.005

0.010

0.015

0.020

0.025

Pr
ob

ab
ili

ty
 d

en
si

ty

Age distribution - Prior projected in 2010

All
Women
Men

(c) Prior (2010)
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(d) Prior (2015)
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(e) Update with 2010 data (2010)
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(f) Update with 2010 data (2015)
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(g) Update with 2010+2015 data (2010)
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(h) Update with 2010+2015 data (2015)

Figure 7: Age distributions. Columns correspond to years (2010 left, 2015 right).
Rows correspond to observed data, prior, update with 2010 data, and update with
2010 and 2015 data. Update taking into account the sampling rule.
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last row the posterior obtained using both datasets. When the sampling rule is
accounted for, the posterior reproduces the observed age distribution for the pop-
ulation covered by the data, while preserving a coherent structure for unobserved
age groups. In particular, children below age 7 remain present in the posterior
population and retain a prior-like behavior, since they are not represented in the
observations. Similarly, future births are not constrained by present observations
and therefore continue to follow the prior. The update mainly affects the part of
the trajectory that is informative for the observed cross-sections, which is then re-
flected in the age distributions through the relation age = t− date of birth. When
the sampling rule is ignored, the absence of children aged 0 to 7 in the observations
is incorrectly interpreted as evidence that these ages should have low probability
in the population. This produces an artificial gap in the posterior age distribution,
as displayed in Figure 14 in the Appendix. The Existence dimension posterior also
captures correlations between variables such as Sex and Date of birth that were
not present in the prior model, hence improving the generation of the population,
as can be seen in Figure 7. Indeed, women are more represented than men in the
older years, which is a trend observed in the data.

Table 2: Wasserstein distance (in years) between generated and observed age dis-
tributions (age > 7), with 95% bootstrap confidence intervals. Each generation
procedure was mapped to a target survey year and compared against the observed
age distribution for that year.

Generation procedure 2010 data 2015 data

Prior 2.69 [2.50, 2.91] 3.39 [3.14, 3.65]
Update (2010 only) 0.50 [0.36, 0.83] 1.60 [1.33, 1.90]
Update (2010–2015) 0.44 [0.35, 0.76] 0.65 [0.46, 0.96]

Table 2 reports the Wasserstein distance between generated and observed age
distributions for each generation procedure, with 95% bootstrap confidence inter-
vals. The prior distributions are further from the observed data than either update
procedure, for both survey years, confirming that the update step meaningfully
improves representativeness. Comparing the two update procedures, incorporat-
ing both 2010 and 2015 data yields the closest fit to observed data in both years.
The improvement is asymmetric: for 2010, the confidence intervals of the two
update procedures overlap (0.50 [0.36, 0.83] vs. 0.44 [0.35, 0.76]), indicating no
statistically distinguishable gain from adding 2015 data when evaluating against
2010. For 2015, however, the joint procedure produces a distance roughly 2.5
times smaller than the 2010-only procedure, with non-overlapping confidence in-
tervals (1.60 [1.33, 1.90] vs. 0.65 [0.46, 0.96]), indicating a robust improvement.
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This means that combining multiple years of data primarily benefits generaliza-
tion to years not directly used for that specific fit, rather than uniformly improving
performance everywhere. Additionally, since the age likelihood kernel (more de-
tails in Appendix 7.3) is N (ã;a, 1), observed ages are modeled as draws from the
synthetic age distribution µX

t convolved with N (0, 1). Under this specification, a
coupling argument gives (Villani, 2009)

W1(µ
X
t , µ

X
t ∗φ) ≤

√
2

π
≈ 0.8.

That means the kernel’s own smoothing imposes an expected resolution limit of
under one year on any in-sample comparison, independent of remaining model
misfit. All update procedures evaluated in-sample (Table 2) fall below this bound
suggesting the calibration is near the resolution allowed by the likelihood speci-
fication itself. The single out-of-sample comparison (2010-only update evaluated
against 2015 data) is not subject to this bound and shows a substantially larger
distance (1.60 years).

Once the Existence dimension is sampled, we sample the other dimensions.
Two sub-populations emerge: the ones that are alive at the time of observation
and the ones that are not (either already dead, or not born yet).

Individuals not alive at the observation dates For individuals who are not
alive at the time of observation, their characteristics are sampled from the prior
model, as no data are available to inform these attributes. Indeed, only the charac-
teristics of alive individuals-such as employment or education status-are observed,
and therefore the data provide no information on these variables for individuals
outside the observation period. Consequently, the sampled characteristics of un-
observed individuals follow the distributions specified by the prior.

Alive population For the alive individuals at the time of observation, the dimension-
specific characteristics are sampled from the posterior. In Table 3, we present the
employment statuses for different simulations. Observed data corresponds to the
MTMC data, while Mapped year indicates the observation year. For all simulated
models, the column Existence update specifies which updated dates of birth and
lifespans were used to generate the population. For example, the Prior model
with an Existence update from 2010 uses the dates of birth and lifespans inferred
from the 2010 update, while employment trajectories are generated entirely from
the prior model. This design ensures that all models are compared on the same
underlying demographic structure. Without updating the existence process, dif-
ferences in the age composition and survival of the population would propagate to
employment outcomes, making it harder to distinguish errors due to demographic
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mismatches from those due to the employment model itself. The prior model un-
derestimates the proportion of employed individuals across all periods, which is
partly corrected by the posterior sampling. Since the demographic structure is
fixed, some categories have limited flexibility. In particular, the Retired category
can only be adjusted within the constraints imposed by the age structure, while the
Age < 15 category is entirely determined by age and therefore remains unchanged.
The Appendix also presents the same Table differentiated by Sex ( Section 7.6.9 )
which shows that the posterior also captures the different employment-status dy-
namics between men and women, notably higher employment levels among men
and higher proportions of retired women.

Table 3: Comparison of employment-status distributions across simulation set-
tings, restricted to individuals aged > 7, in %

Model Existence update Data update Mapped year Employed Unemployed Retired Age < 15

Observed data – – 2010 60.36 13.38 18.23 8.02
Prior 2010 – 2010 32.67 38.34 18.22 10.77
Posterior 2010 2010 2010 44.48 26.67 18.07 10.77
Prior 2010–2015 – 2010 33.12 38.91 17.87 10.10
Posterior 2010–2015 2010–2015 2010 45.05 27.24 17.60 10.10
Observed data – – 2015 60.32 12.48 19.54 7.60
Prior 2010 – 2015 31.25 35.97 19.97 12.82
Posterior 2010 2010 2015 36.96 31.05 19.17 12.82
Prior 2010–2015 – 2015 31.54 37.98 19.88 10.60
Posterior 2010–2015 2010–2015 2015 43.18 26.99 19.23 10.60

In addition to employment status, Figure 8 presents the income distribution
by sex. The prior model appears poorly calibrated, as it produces a pronounced
peak at high income levels that is not observed in the data. Although income
in the prior model does not directly depend on sex, the resulting distributions
show women earning slightly more than men. This effect is mainly driven by
differences in the age structure: women are less represented among younger in-
dividuals and more represented among older individuals. Since the prior income
model depends on work experience (years spent working), older individuals tend
to receive higher salaries on average. As a result, women are under-represented
at lower income levels in the prior simulation. This contrasts with the observed
data, where women earn less than men on average, being more represented at low
income levels and less represented at high income levels. The posterior distribu-
tions based on the 2010 data, and on both the 2010 and 2015 data, mitigate these
issues by reducing the over-representation of high salaries. It also better captures
the observed association between sex and income, with women slightly more con-
centrated in the lower income categories and men slightly more concentrated in
the higher income categories. Income per age category figures are also available
in the Appendix (Figure 16 ) that show how the posterior corrects the income
distribution not only by sex but also by age group.
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(b) 2015
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(c) Prior with 2010 data (2010)
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(d) Prior with 2010 data (2015)
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(e) Prior with 2015 data (2010)
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(f) Prior with 2015 data (2015)
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(g) Update with 2010 data (2010)
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(h) Update with 2010 data (2015)
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(i) Update with 2010+2015 data (2010)
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(j) Update with 2010+2015 data (2015)

Figure 8: Income category shares by gender. Columns correspond to years (2010
left, 2015 right). Rows correspond to observed data, priors with updated demo-
graphic structure, full update with 2010 data, and full update with 2010 and 2015
data. 28



Additional results are available in the Appendix for other variables and dimen-
sions and show that the integration of cross-sectional data improves the generated
population. However, the driving-license dimension provides an informative il-
lustration of the scope and limitations of the proposed framework. Table 4 reports
the share of individuals holding a driving license in the total population, as well
as separately among women and men. The prior underestimates license own-
ership overall. It also produces an unrealistic sex pattern: the share of women
holding a license is higher than the share of men holding a license, whereas the
opposite is observed in the data. This discrepancy can again be related to the
age structure of the simulated population. Since women are, on average, older
in the prior population, they are more likely to belong to age groups in which
the license-acquisition process has already occurred. The posterior remains very
close to the prior and fails to recover the observed gender gap. Rather than re-
producing the higher prevalence among men, it mainly acts to equalize the shares
between women and men. These results are expected. As described previously,
the occurrence of lifetime events is sampled from the prior distribution because
cross-sectional data only inform the prevalence of a characteristic at a given time,
not the proportion of individuals who will ever experience the event. In our exper-
iments, we assumed that 85% of individuals eventually obtain a driving license,
independently of gender or birth cohort. While this simplifying assumption is
sufficient to illustrate the methodology, it does not reflect the historical evolution
of driving license acquisition, which differs across generations and between men
and women.

Table 4: Comparison of driving-license ownership across simulation settings,
among individuals aged > 18, in %

Model Existence update Data update Mapped year License, all License, women License, men
Observed data – – 2010 81.89 74.72 89.49
Prior 2010 – 2010 79.46 80.14 78.74
Posterior 2010 2010 2010 77.93 77.97 77.88
Prior 2010–2015 – 2010 79.73 80.38 79.04
Posterior 2010–2015 2010–2015 2010 78.54 78.60 78.47
Observed data – – 2015 83.25 77.13 89.63
Prior 2010 – 2015 79.70 80.15 79.22
Posterior 2010 2010 2015 78.20 78.26 78.14
Prior 2010–2015 – 2015 80.11 80.49 79.72
Posterior 2010–2015 2010–2015 2015 79.02 79.38 78.64

This misspecification has direct consequences for the posterior distribution.
The driving license dimension consists of only two states—without a driving li-
cense and with a driving license—and, for individuals who eventually obtain one,
the sampled acquisition age entirely determines their status at every point in time.
In the observed data, older women in 2010 and 2015 are much less likely to hold
a driving license than younger cohorts. Under our prior, however, 85% of these
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individuals are assumed to obtain a license during their lifetime. Since the model
also imposes the structural constraint that licenses must be acquired before the
age of 70, these individuals cannot simply postpone the acquisition to match the
cross-sectional observations. Consequently, the posterior is constrained by the
prior assumptions, despite the evidence contained in the likelihood. Additional
results in the Appendix ( Figures 17 and 18 ) show this age mismatch effect.

This result illustrates a limitation of the framework: the posterior cannot re-
cover characteristics that are excluded or inadequately represented by the prior
and structural model. Attention should be paid to the temporal validity of the
prior model. In this application, a more realistic specification would allow the
probability of ever obtaining a driving license to depend on birth cohort and sex,
accounting for historical changes in driving license ownership.

Time-independent updated population For the Bayesian update, the popula-
tion was split into two groups. The first group consists of individuals who can-
not be observed in the data because, at the time of observation, they have either
already passed away or have not yet been born. The second group consists of
individuals who are alive at the time of observation and can therefore be observed
in the data. For the latter group, the variables are sampled from the posterior dis-
tribution, which combines the prior with the likelihood. For the former group,
the variables are sampled from the prior only, since the data are uninformative
for these individuals. As a result, when all individuals are aggregated, two dis-
tinct trends can appear in the time-independent variables: one corresponding to
individuals sampled from the prior, and one corresponding to individuals sampled
from the posterior.

Figure 9 shows the log income distribution in the resulting longitudinal popu-
lation. Two clear trends can be observed between the prior and posterior distribu-
tions. The posterior is shifted to the left, indicating overall lower incomes, and is
slightly more dispersed, suggesting greater variability than in the prior.
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Figure 9: Log Income in the updated population.
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Figure 10: Age at driving license acquisition in the updated population.

Similarly, Figure 10 shows two trends in the age at driving license acquisition,
with the posterior displaying a longer tail.

Overall, incorporating cross-sectional data substantially improves the genera-
tion of the population. These data provide reference points for the observed popu-
lation at different moments in time. The primitive variables governing individual
life trajectories are resampled so that the simulated population better matches the
observed trends, and these modifications propagate to all future years in which
the individuals are present. Individual trajectories are adjusted both in terms of
when events occur and how they occur, for example by postponing or advancing
the start of an event, or by modifying its attributes.

Using multiple cross-sectional datasets is particularly desirable because each
dataset provides information at a different point in time and therefore contributes
to the readjustment of the trajectories. Each observation reshapes part of the past,
and these changes also propagate into the future. However, since each dataset only
informs a limited temporal window, combining several cross-sectional sources
helps reshape longer time horizons. It also leads to a better trade-off between the
information contained in the different datasets, rather than relying too strongly on
a single source.
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5 Discussion
This paper shows that it is possible to generate longitudinal synthetic populations
from cross-sectional data by fundamentally changing the representation of indi-
viduals: instead of representing them through their observed states at a given point
in time, we represent them through their complete life trajectories. The approach
is based on a unified representation of individual life courses, decomposed into
dimensions along which we can structure constraints to ensure structural feasibil-
ity and temporal coherence of the generated trajectories. The population state at
any point in time is obtained through a deterministic mapping. This representa-
tion provides a coherent way to describe the same synthetic population over time,
without reconstructing individuals independently at each time period; and there-
fore creates true panel data. Demographic evolution emerges endogenously from
individual histories, rather than being imposed separately at each time period.

The approach is also general and model-agnostic. Any process that can be
expressed within a life-trajectory representation can be incorporated. The same
formal structure can be adapted to different temporal resolutions, spatial scales,
and application domains. Cross-sectional data are used to update the distribution
of synthetic trajectory variables conditional on the prior model. It can incorporate
multiple datasets observed at different points in time to enrich the prior model
with empirical evidence. At the same time, the structural constraints of the life
trajectories are preserved, so that the updated population remains feasible and
temporally coherent.

As with any general modeling framework, some aspects define the current
scope of the approach and open directions for future extensions. First, individu-
als are currently modeled as independent entities. The individual is therefore the
highest-level unit of the population, which means that correlations across indi-
viduals, household formation, and intra-household interactions are not explicitly
represented. Extending the framework to include household-level structures is
a natural and important direction for future work. Second, the framework re-
quires detailed input information, since it aims to describe complete life trajecto-
ries rather than isolated cross-sectional observations. The framework is not tied
to a specific observation date, hence the term "time-independent", used to refer
to a higher-level generative mechanism. In practice, however, the prior models
available for demographic, econometric, or transport-related processes are usually
calibrated on a given time interval and geographical area. Therefore, the practi-
cal implementation of the framework inherits the temporal and spatial validity of
these input models. For population generation over long time horizons, using sev-
eral sub-models, each valid over a specific time range, is recommended instead of
relying on a single model for the entire period. Finally, a natural next step would
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be to use longitudinal data to improve the generation of the life trajectories. By
having access to longitudinal data, we could improve the updating power of the
Bayesian step as we would have much richer information.
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7 Appendix

7.1 Constraints and linear algebra representation
7.1.1 Constraints

We define here the Bound Constraints to ensure trajectories remain admissible
with respect to biological and legal rules. Notice that since ages and start dates
satisfy

Date at age = Date of birth + Age,

it is equivalent to writing the constraints in terms of age. For clarity, all start-date
constraints are expressed in age units.

Notation conventions are the following:

ek is the notation for event k

eek is the main part of event k

gek is the gap part of event k

d(eek ) is the duration of the main part of the event k

d(gek ) is the duration of the gap part of the event k

ĩ(ek) is the sampled indicator of the event k occurring or not

d(ek) is the total duration of event k, meaning the sum of the main duration
and the gap duration

a_∗ refers to ages

The framework supports several classes of temporal constraints. Starting-age con-
straints determine when a state may begin, duration constraints restrict how long
a state may persist, and saturation constraints impose a minimum duration only
when progression to a subsequent event is observed. The latter distinction is im-
portant because an event may be interrupted by the end of the individual’s lifespan
and should therefore not necessarily be required to reach its usual minimum dura-
tion.

The Bound constraints that can be specified are the following:

1. Main event minimal starting age: This constraint prevents the main part
of an event from starting before a prescribed age. It can represent biological,
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legal, or institutional eligibility conditions. For example, mandatory educa-
tion cannot begin before the minimum school-entry age, and employment
cannot begin before the minimum legal working age.

The starting age of the main part of event ene is obtained by summing the
durations of the events that precede it. The corresponding lower-bound con-
straint is

ne∑
k=1

ĩ(ek) · (d(eek−1
) + d(gek−1

)) ≥ amin, main,

The occurrence indicators ensure that only realized events contribute to the start-
ing age. Because the events form an ordered sequence, the occurrence of event
ek implies that all preceding events have also occurred. This sequential structure
may equivalently be represented as

ĩ(ek) =

k∏
l=1

ĩ(el).

2. Main event maximal starting age: This constraint prevents the main part of an
event from beginning after a prescribed age. It is useful when entry into a state
is only meaningful or institutionally possible within a limited period of life. For
example, it may be desirable to exclude trajectories in which an individual enters
mandatory education at an implausibly late age.

The constraint is written as
ne∑
k=1

ĩ(ek) · (d(eek−1
) + d(gek−1

)) ≤ amax, main

Together, the minimum and maximum starting-age constraints define the admis-
sible age interval within which the main part of an event may begin.

3. Main event minimal saturation duration: A strictly positive minimum dura-
tion cannot generally be imposed on every realized event. An individual may
die before completing the event, in which case the final event of the trajectory
is truncated by the lifespan constraint. For example, an individual may begin an
education stage but die before its normal completion.

Nevertheless, progression to a subsequent event may imply that the preceding
event has been completed to a sufficient extent. For instance, entry into secondary
education requires that a minimum amount of time has been spent in mandatory
education. The minimum duration is therefore imposed only when both the cur-
rent event ek and the subsequent event ek+1 occur.
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This conditional minimum-duration requirement is expressed as: 3

ĩ(ek) · ĩ(ek+1)d(ek) ≥ ĩ(e) · ĩ(ek+1) · d(ek)
min, sat

If the subsequent event does not occur, the constraint becomes inactive. This
allows the current event to be truncated by death or by the end of the individual’s
existence interval.

4. Main event maximal duration: This constraint limits the amount of time that
may be spent in the main part of an event. It can be used to exclude implausibly
long states or to represent institutional limits. For example, the duration of a
particular education stage may be bounded above.

The constraint is
ĩ(e) · d(e) ≤ ĩ(e) · dmax, main

When event ek occurs, its main duration is bounded by d
(ek)
max, main. When it does

not occur, its duration is constrained to zero by the structural constraints of the
framework.

5. Gap event minimal starting age: In some applications, it is necessary to con-
strain not only the beginning of the substantive state, but also the beginning of
the gap that follows it. A gap may represent an interruption, inactivity period, or
terminal state. For example, retirement may be represented by the final gap of the
employment dimension. Imposing a minimum starting age on this gap ensures
that retirement cannot begin before a prescribed age.

The starting age of the gap associated with event ene includes the initial No event
duration, the durations of the preceding events, and the main duration of the cur-
rent event. The corresponding constraint is

d(e0) +

ne∑
k=1

ĩ(ek) · (d(gek−1
) + d(eek )) ≥ amin, gap

6. Gap event maximal starting age: This constraint imposes an upper bound on the
age at which a gap may begin. It is relevant when the transition out of a substantive
state must occur before a given age. For example, it may be used to require the
final employment spell to end, and hence retirement to begin, before a maximum
retirement age.

3Note that we can also write it as d(ek) ≥ ĩ(ek) · ĩ(ek+1) · d(ek)
min, sat, when either indicator is

zero, the right-hand side is zero and the constraint reduces to the non-negativity condition already
imposed by the framework.
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The constraint is

d(e0) +

ne∑
k=1

ĩ(ek) · (d(gek−1
) + d(eek )) ≤ amax, gap

The minimum and maximum gap-starting ages jointly define the admissible inter-
val within which the gap may begin.

7. Gap event minimal saturation duration: As for the main part of an event, a
minimum gap duration should not necessarily be imposed whenever the gap exists,
since the individual’s lifespan may end before the gap is completed. A minimum
duration becomes necessary, however, when the individual subsequently enters
another event.

This constraint is useful for representing required waiting periods between con-
secutive states. For example, a biological minimum interval may be imposed be-
tween two pregnancies, or an institutional waiting period may be required before
an individual can enter a subsequent state.

The minimum duration is activated only when both event ek and the subsequent
event ek+1 occur4:

ĩ(ek) · ĩ(ek+1)d(gk) ≥ ĩ(ek) · ĩ(ek+1) · d(gk)
min, sat

If no subsequent event occurs, the condition is inactive, allowing the final gap to
be truncated by the end of the lifespan.

8. Gap event maximal duration: This constraint limits the duration of the gap as-
sociated with an event. It can be used to prevent unrealistically long interruptions
or to represent a maximum admissible waiting period between consecutive states.
For example, a model may restrict the maximum duration of unemployment be-
tween two employment spells.

The constraint is
ĩ(ek) · d(gk) ≤ ĩ(ek) · dmax,gap

When event ek occurs, the duration of its associated gap is bounded above. Oth-
erwise, the corresponding duration is zero.

4Note that we can also write it as d(gk) ≥ ĩ(ek) · ĩ(ek+1) · d(gk)
min, sat, when either event does not

occur, the right-hand side is zero and the constraint reduces to the non-negativity condition already
imposed by the framework.
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9. Total event maximal duration: In some cases, the relevant quantity is not the
duration of the main part or the gap separately, but their combined duration. This
constraint limits the total time associated with an event, including both the sub-
stantive state and the gap that follows it.

Denoting the total duration of event ek by

d(ek) = d(ek) + d(gk),

the constraint is
ĩ(ek) · d(ek) ≤ ĩ(ek) · dmax

This formulation is useful when flexibility is allowed in the allocation of time
between the main and gap components, while the entire event must remain within
a prescribed maximum duration.

We also define interdependence constraints, which express temporal relation-
ships between events belonging to the same dimension or to different dimensions.
Unlike the preceding constraints, which restrict a single event in isolation, inter-
dependence constraints link several event durations and therefore allow depen-
dencies between different components of an individual’s life trajectory to be rep-
resented.

For example, the duration of the initial residence spell may be constrained by
the duration of the initial period without education or employment. Such a con-
straint can represent the assumption that an individual leaves their initial house-
hold no later than the beginning of their first education or employment episode.
The initial residence spell may nevertheless end earlier, so the constraint does not
require the residential move to coincide exactly with either transition.

Let di denote the duration to be constrained. Depending on the application,
di may represent a main-event duration, a gap duration, or a total event duration.
Let (dk)k denote the durations on which di depends. The framework supports the
following affine interdependence constraints:

1. Linear transformation equality.
An equality constraint imposes an exact affine relationship between the du-
ration di and a collection of other durations:

di =
∑
k

akdk + b.

This formulation is appropriate when the timing or duration of one event
is fully determined by other components of the trajectory. For example,
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it can be used to require two events in different dimensions to end at the
same time, or to impose a fixed temporal offset between them. The coeffi-
cients ak determine how each constraining duration contributes to di, while
b represents a constant temporal offset.

2. Linear transformation inequality.
An inequality constraint imposes an upper bound on di as an affine function
of other durations:

di ≤
∑
k

akdk + b.

This formulation is appropriate when the duration or timing of one event
must not exceed that implied by another part of the trajectory, while earlier
transitions remain admissible. In the residence example, such a constraint
ensures that the initial residence spell ends no later than the relevant educa-
tion or employment transition, without forcing the move to occur exactly at
that time.

7.1.2 Linear algebra representation

All the constraints above translate in matrix representations since there are only
linear constraints. Let us denote by

d =



d(eno event)

d(gno event)

d(e1)

d(e2)

...
d(en)


the vector of durations.

Equality constraints There are two design equality constraints, the gap of the
no event is equal to zero, and the sum of all durations is equal to the lifespan to
ensure that in each dimension, we have a partition of the lifespan by the intervals
of event durations.

Aeq =

(
0 ĩ(gno event) 0 .. 0

ĩ(eno event) ĩ(gno event) ĩ(e1) .. ĩ(gn)

)
, beq =

(
0

lifespan

)
, Aeq·d = beq

Remark: In the second line of the vector b, there is "lifespan", but rigorously, it
should be maxk(ĩ

(ek)) · lifespan. If there are no events, the maximum of the indi-
cators is zero, and therefore we have the constraint 0 ≤ 0, thus the constraint is
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inactive. In this framework, the "No event" is mandatory and has an indicator one,
therefore, the maximum is always one, which is why for notational simplicity the
max is omitted.

This can be rewritten using inequality matrix

Aineq =


0 ĩ(gno event) 0 · · · 0

0 −ĩ(gno event) 0 · · · 0

ĩ(eno event) ĩ(gno event) ĩ(e1) · · · ĩ(gn)

−ĩ(eno event) −ĩ(gno event) −ĩ(e1) · · · −ĩ(gn)

 ,

bineq =


0

0

lifespan
−lifespan

 , Aineq · d ≤ beq

Large inequality constraints There are inequalities inherited from the struc-
tural constraints, and other from the specified bound constraints. Let’s start with
the structural ones: all the durations must be greater or equal than zero.

Aineq, gaps =



−ĩ(gno event) 0 0 0 0 · · · 0 0

0 −ĩ(gno event) 0 0 0 ... 0 0

0 0 −ĩ(e1) 0 0 ... 0 0

0 0 0 −ĩ(g1) 0 ... 0 0
...

...
...

...
...

...
...

...
0 0 0 0 0 0 0 −ĩ(gn)


,

bineq,gaps =



0

0

0

0
...
0


, Aineq, gaps · d ≤ bineq, gaps

All durations must be lower or equal than the lifespan.

Aineq, lifespan bound =



ĩ(eno event) 0 0 0 · · · 0 0

0 ĩ(eno event) 0 0 · · · 0 0

0 0 ĩ(e1) 0 · · · 0 0

0 0 0 ĩ(e1) 0 · · · 0
...

...
...

...
...

...
...

0 0 0 0 · · · 0 ĩ(en)


,

41



beq =



lifespan
lifespan
lifespan
lifespan

...
lifespan


, Aineq, lifespan bound · d ≤ beq

which is equivalent to adding the following row in the inequality matrix for
each duration

row =

(
0 0 ĩ(e)︸︷︷︸

index of the duration concerned

0 · · · 0
)
, value = lifespan, row·d ≤ value

Then, by design, the gap event of the "No Event" must have a duration equal to
zero, which imposes the additional following constraint (written only for the row):

row =
(
0 1 0 · · · 0

)
, value = 0, row · d ≤ value

By design, the events for which the indicator is equal to zero have durations for the
main and for the gap that are constrained to zero. Since those events don’t occur
in the person’s life, their duration is zero. This implies the following constraint

row =
(
0 0 · · · (1− ĩ(e)) 0 · · · 0

)
, value = 0, row · d ≤ value

row =
(
0 0 · · · 0 (1− ĩ(g)) 0 · · · 0

)
, value = 0, row · d ≤ value

In the case where the indicator is zero, (1 - i) is equal to one, and therefore the
constraint is active, meaning the upper bound for the duration is zero. Since the
lower bound is also zero, this constrains the duration to be equal to zero. In the
case where the indicator is one, (1-i) is equal to zero, giving the inequality 0 ≤ 0,
which is an inactive constraint.

For the bound constraints, we adopt the following convention. The first event of
the chain is the No Event, but is considered "event 0", meaning an index of 0 for
the main duration of the No Event. Therefore, the k-th event is event of index k.
The 0-th event is the No event, the 1st event is the first event after the No event etc.

First, a minimal starting age constraint on the event k can be translated by the
following row:

row =

(
−ĩ(e1) − ĩ(e1) − ĩ(e2) − ĩ(e2) · · ·︸ ︷︷ ︸

2k

0 0
)
,
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value = −amin, main, row · d ≤ value

There are 2k values of -1 because we have to start after both the main durations
and the gap durations for each preceding event. Similarly, for a maximal starting
age constraint, we have

row =

(
ĩ(e1) ĩ(e1) ĩ(e2) ĩ(e2) · · ·︸ ︷︷ ︸

2k

0 0
)

value = amax, main, row · d ≤ value

A minimal saturating duration on the main event translates as follows

row =

(
0 0 − ĩ(ek) · ĩ(ek+1)︸ ︷︷ ︸

index 2k

0 0 · · · 0
)
,

value = −ĩ(ek) · ĩ(ek+1) · d(ek)
main, min, row · d ≤ value

A maximal duration on the main event translates as follows

row =

(
0 0 ĩ(ek)︸︷︷︸

index 2k

0 0 · · · 0
)
,

value = ĩ(ek) · dmain, max, row · d ≤ value

There are similar constraints on the gaps. For the k-th event, a minimal starting
age of the gap can be rewritten as follows

row =

(
−1 − ĩ(e1) − ĩ(e1) − ĩ(e2) − ĩ(e2) − ĩ(e3) · · ·︸ ︷︷ ︸

2k + 1

0 0
)
,

value = −amin, gap, row · d ≤ value

and a maximal starting age for the gap of k-th event can be rewritten as follows

row =

(
1 ĩ(e1) ĩ(e1) ĩ(e2) ĩ(e2) ĩ(e3) · · ·︸ ︷︷ ︸

2k + 1

0 0
)
,

value = amax, gap, row · d ≤ value

A minimal saturating duration on the gap event translates as follows

row =

(
0 0 − ĩ(ek) · ĩ(ek+1)︸ ︷︷ ︸

index 2k + 1

0 0 · · · 0
)
,

value = −ĩ(ek) · ĩ(ek+1) · d(gk)
main, min, row · d ≤ value
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A gap event maximal duration includes the following row in the matrix (for
event k)

row =

(
0 0 ĩ(ek)︸︷︷︸

index 2k + 1

0 0 · · · 0
)
,

value = ĩ(ek) · dgap, max, row · d ≤ value

Finally, the total event duration can also have an upper limit which gives the
additional row considering event k

row =

(
0 0 · · · ĩ(ek) ĩ(ek)︸ ︷︷ ︸

indices 2k and 2k + 1

0 · · · 0
)
,

value = ĩ(ek) · dmax, row · d ≤ value

There are also the linear interdependence inequality constraints that can be written
in the matrix form by adding the following row:

row =
(
a
(e)
0 a

(g)
0 a

(e)
1 a

(g)
1 ... a

(g)
n

)
,

value = b, row · d ≤ value

with the a coefficients that can be equal to zero, but not all of them equal to zero,
and the b coefficient that can be equal to zero. To specify the equality, one needs
to add the opposite of quantities, that means

−row · d ≤ −b, with the same row and value as previously

7.2 Swiss prior model
We consider the model described in 1 and define first constraints and then the
probabilistic distributions.

Birth occurs in [1900, 2050] and lifespan (denoted by L) is bounded above by
110 years. Mandatory education starts at age 6 and lasts 9 years. Secondary ed-
ucation starts at age 15 and lasts between 3 and 6 years. Tertiary education may
start between ages 18 and 25 and lasts at most 15 years. Employment may start
from age 15. The last employment spell must start before age 64 and end before
age 70. A driving license may be obtained between ages 18 and 70.

The probabilistic specifications are based on (Kukic et al., 2025; Baud and Bier-
laire, 2026) and described hereafter for each dimension.
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Existence Date of birth (denoted by b) follows a uniform distribution over the
considered period. This is equivalent to assuming a constant birth rate which
defines a homogeneous Poisson process. Such process has the property that the
expected number of births in any interval only depends on the interval length.
Lifespan follows a Weibull distribution with parameters λ = 85 and k = 3. As a
result, the expected size of the alive population at any time t is constant. The Sex
attribute is sampled as a Bernoulli of parameter 0.5.

Residence The canton of birth is sampled proportionally to population size.
Work cantons are sampled proportionally to population size, with a multiplica-
tive factor of 1.5 for urban cantons when income is high. Residence canton coin-
cides with the work canton with probability 0.95, and is drawn from neighboring
cantons with probability 0.05.

For the Urban residence attribute, we rely on the canton typology provided
by the Swiss Federal Statistical Office (FSO), as well as the share of individuals
living in urban and rural areas within each canton, reported in Table 7. The shares
are rounded to the nearest 5%. At the aggregate level, the proportion of individuals
living in urban areas is 84.9%, which is consistent with FSO estimates.

Car availability is modeled as an attribute associated with residence spells.
The literature shows that individuals tend to adjust their mobility behavior at key
life events such as residential relocation, childbirth, or job transitions (Scheiner,
2007; Beige and Axhausen, 2008; Gu et al., 2021). These events disrupt existing
habits and often lead to changes in mobility resources, including car ownership
and public transport subscriptions. In the proposed model, car availability is there-
fore resampled at each residence spell. However, it is constrained to be zero prior
to the acquisition of a driving license. After this point, and conditional on holding
a driving license, access to a car is modeled as a Bernoulli random variable with
parameter 0.76, in line with the empirical findings reported in Danalet and Mathys
(2018). Using the same source, the availability of a GA (General Abonnement) at
residence spell m is 10% among the individuals aged 16 and above. This assump-
tion is extended to individuals aged between 6 and 16, as the GA is available from
age 6. Accordingly, GA availability is modeled as a Bernoulli random variable
with parameter 0.1.

Education Mandatory education is universal. Secondary education is attended
with probability 0.95, and tertiary education with probability 0.60 (conditional on
eligibility). The duration of secondary education follows N (µ = 4, σ2 = 0.5),
truncated to [3, 6]. If tertiary education occurs, the gap between secondary and
tertiary education follows an exponential distribution with mean 1. The duration
of tertiary education follows a Weibull distribution with parameters λ = 4.5 and
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k = 3.5.

Work The number of employment spells follows a Poisson(γ(L)) distribution,
truncated to 11, where

γ(L) =
√

max(0,min(L, 64) − 15)

where 15 represents the minimal age to enter the job market, and 64 the retirement
age. The square root shape accounts for the multiple changes of jobs in younger
ages and lower rate of change of job in older ages (Topel and Ward, 1992; Swiss
Federal Statistical Office, 2026b). For a person working until 64 which is the
Swiss retirement age, this specification defines an average of slightly less than 7
jobs; which is consistent with Swiss estimates (Swiss Federal Statistical Office,
2026a). Individuals retire before 70, and can not start a new employment spell
after 64.

Entry into the labor market is centered around graduation. The duration of the
initial no-employment spell for each graduation level follows:

N (µ = 16, σ2 = 2) mandatory
N (µ = 18, σ2 = 4) secondary
N (µ = 21, σ2 = 7) tertiary

The duration of an employment spell starting at age ak follows an exponential
distribution with age-dependent mean

λ(ak) =



2.5 ak < 25

3.5 25 ≤ ak < 35

4.5 35 ≤ ak < 45

5.5 45 ≤ ak < 55

9 55 ≤ ak

And the associated gap durations between employment spells follow an exponen-
tial distribution of mean 1.

Income during employment spell m follows the log-linear model

ln(incm) = β0 + β1 · workm + β2 · work2
m + ρ · edum + εm

where workm denotes the accumulated work experience, edum the total schooling
years at the beginning of spell m and where

εm ∼ N (µ = 0, σ2 = 0.3)

β0 = 7.8, ρ = 0.1, β1 = 0.025, β2 = −0.0004
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Driving license ownership The duration of the "No driving license" spell (which
is equivalent to the age of acquisition) follows a log-normal distribution logN (µ =
ln(20.5), σ2 = 0.2) and 85% of individuals obtain a license during their lifetime.
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7.3 Likelihood definition
For each observed variable Ỹt and its simulated counterpart Yt = T(X, t), a like-
lihood P(Ỹt | Yt) is specified through variable-specific kernels. Continuous vari-
ables are modeled using Gaussian kernels, while categorical variables rely on mis-
classification probabilities. In all cases, the highest probability is assigned to exact
matches.
Age is derived from the date of birth and lifespan. Let ã and a denote the observed
and simulated ages. The likelihood is defined using a Gaussian kernel,

P(ã | a) = N (ã;a, 1),

which reflects small measurement or reporting errors around the true age.
For unordered categorical variables, a simple misclassification model is adopted.
Let x̃ and x denote the observed and simulated values. The likelihood is defined
as

P(x̃ | x) =

{
p if x̃ = x,

1− p otherwise,

where the parameter p depends on the variable. This specification is used for sex
(p = 0.95), urban status (p = 0.7), education status (p = 0.8), and GA status
(p = 0.9).
For spatial variables, namely canton of residence and canton of work, the likeli-
hood accounts for geographical proximity. Let C denote the set of cantons and Nc

the set of neighboring cantons of c. The likelihood is defined as

P(c̃ | c) =


0.8 if c̃ = c,
0.2
|Nc|

if c̃ ∈ Nc,
0.05

|C\(Nc∪{c})| otherwise,

so that misclassification is more likely to occur between neighboring cantons.
Let ẽ denote the observed employment status and e the simulated employment

status. Since employment status is a categorical variable with no natural metric
structure, the likelihood is defined through a misclassification matrix. For the
categories

1 : employed, 2 : unemployed, 4 : age ≤ 15, 5 : retired,

we define

(
P(ẽ | e)

)
=

e = 1 e = 2 e = 4 e = 5

ẽ = 1 0.90 0.08 0 0.02

ẽ = 2 0.08 0.90 0 0.02

ẽ = 4 0 0 1 0

ẽ = 5 0.02 0.02 0 0.96
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so that exact matches are the most likely, small discrepancies between employed
and unemployed are allowed, and the category corresponding to individuals aged
at most 15 is treated as deterministic.
Income is an ordered categorical variable. Let ỹ, y ∈ {1, . . . , 9} denote the ob-
served and simulated categories. The likelihood is defined through a distance-
based kernel,

P(ỹ | y) =
exp
(
− (ỹ−y)2

2σ2
inc

)
∑9

k=1 exp
(
− (k−y)2

2σ2
inc

) ,
which assigns decreasing probability to categories that are farther from the simu-
lated value.
Finally, driving license status and car availability are modeled jointly to capture
their dependence. Let z = (l, ca) and z̃ = (l̃, c̃a). The likelihood is defined by
the misclassification matrix

(
P(z̃ | z)

)
=

(0, 0) (0, 1) (1, 0) (1, 1)
(0, 0) 0.85 0.30 0.10 0.03

(0, 1) 0.05 0.60 0.02 0.02

(1, 0) 0.08 0.05 0.78 0.10

(1, 1) 0.02 0.05 0.10 0.85

,

which captures asymmetric misclassification patterns and avoids degeneracy by
assigning strictly positive probabilities to all outcomes.
The parameter σ2, controlling the alive population size, is fixed to 0.1, allowing
for a deviation of about 1%. The population size curve is specified constant.
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Property 7.1: Likelihood under deterministic sampling rule

Let q(y) = P(S = 1 | Y = y). Then,

P(Ỹt,j | X, S = 1) =

∑
i∈It(X) q(Yt,i)Kt(Ỹt,j, Yt,i)∑

i∈It(X) q(Yt,i)
. (3)

Since q(Yt,i) ∈ {0, 1}, the expression simplifies to

P(Ỹt,j | X, S = 1) =

∑
i∈St(X)

Kt(Ỹt,j, Yt,i)∑
i∈St(X)

1
=

1

|St(X)|

∑
i∈St(X)

Kt(Ỹt,j, Yt,i). (4)

For the complete observed data Ỹt, the likelihood factorizes as

P(Ỹt | X, S = 1) =

n∏
j=1

 1

|St(X)|

∑
i∈St(X)

Kt(Ỹt,j, Yt,i)

wj

. (5)

where wj corresponds to individual weights of the observed individuals in the
data.
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7.4 Data information

Rank Canton (Eurostat NUTS 3) Population Share (%)

1 Zurich 1605508 17.91
2 Canton of Bern 1063533 11.87
3 Canton of Vaud 845870 9.44
4 Canton of Aargau 726894 8.11
5 Canton of St. Gallen 535114 5.97
6 Canton of Geneva 524410 5.85
7 Canton of Lucerne 432744 4.83
8 Canton of Valais 365844 4.08
9 Ticino 357720 3.99

10 Canton of Fribourg 341537 3.81
11 Canton of Basel-Landschaft 298837 3.33
12 Canton of Thurgau 295220 3.29
13 Canton of Solothurn 286844 3.20
14 Canton of Graubunden 204888 2.29
15 Canton of Basel-Stadt 200031 2.23
16 Canton of Neuchatel 178291 1.99
17 Canton of Schwyz 167403 1.87
18 Canton of Zug 132556 1.48
19 Canton of Schaffhausen 87111 0.97
20 Canton of Jura 74548 0.83
21 Appenzell Ausserrhoden 56495 0.63
22 Canton of Nidwalden 45016 0.50
23 Canton of Glarus 42056 0.47
24 Canton of Obwalden 39272 0.44
25 Canton of Uri 37931 0.42
26 Appenzell Innerrhoden 16585 0.19

Total (sum of 26 cantons) 8962258 100.00

Table 5: Population by Swiss canton (Eurostat NUTS 3, via DataCommons) and
share of the total Swiss population (total computed as the sum of the 26 cantons).
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Table 6: neighboring Swiss cantons

Canton neighboring cantons
Zurich Aargau, Schaffhausen, Thurgau, St. Gallen, Schwyz, Zug
Bern Fribourg, Vaud, Neuchatel, Jura, Solothurn, Aargau,

Lucerne, Obwalden
Lucerne Aargau, Zug, Schwyz, Obwalden, Nidwalden, Bern
Uri Schwyz, Nidwalden, Obwalden, Ticino, Graubunden
Schwyz Zurich, Zug, Lucerne, Nidwalden, Uri, Glarus, St. Gallen
Obwalden Lucerne, Nidwalden, Uri, Bern
Nidwalden Lucerne, Obwalden, Uri, Schwyz
Glarus Schwyz, St. Gallen, Graubunden
Zug Zurich, Aargau, Lucerne, Schwyz
Fribourg Vaud, Bern
Solothurn Basel-Stadt, Basel-Landschaft, Jura, Bern, Aargau
Basel-Stadt Basel-Landschaft
Basel-Landschaft Basel-Stadt, Aargau, Solothurn, Jura
Schaffhausen Zurich, Thurgau
Appenzell Ausserrho-
den

St. Gallen

Appenzell Innerrhoden St. Gallen
St. Gallen Zurich, Thurgau, Appenzell Ausserrhoden, Appenzell In-

nerrhoden, Schwyz, Glarus, Graubunden
Graubunden St. Gallen, Glarus, Uri, Ticino
Aargau Zurich, Zug, Lucerne, Bern, Solothurn, Basel-Landschaft
Thurgau Zurich, St. Gallen, Schaffhausen
Ticino Uri, Graubunden, Valais
Vaud Geneva, Valais, Fribourg, Bern, Neuchatel
Valais Vaud, Bern, Uri, Ticino
Neuchatel Vaud, Bern, Jura
Geneva Vaud
Jura Basel-Landschaft, Solothurn, Bern, Neuchatel
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Rank Canton Population Urban (%) Rural (%)

1 Zurich 1605508 100 0
2 Canton of Bern 1063533 75 25
3 Canton of Vaud 845870 90 10
4 Canton of Aargau 726894 85 15
5 Canton of St. Gallen 535114 85 15
6 Canton of Geneva 524410 100 0
7 Canton of Lucerne 432744 65 35
8 Canton of Valais 365844 75 25
9 Ticino 357720 90 10

10 Canton of Fribourg 341537 75 25
11 Canton of Basel-Landschaft 298837 95 5
12 Canton of Thurgau 295220 70 30
13 Canton of Solothurn 286844 85 15
14 Canton of Graubunden 204888 45 55
15 Canton of Basel-Stadt 200031 100 0
16 Canton of Neuchatel 178291 90 10
17 Canton of Schwyz 167403 80 20
18 Canton of Zug 132556 100 0
19 Canton of Schaffhausen 87111 90 10
20 Canton of Jura 74548 50 50
21 Appenzell Ausserrhoden 56495 75 25
22 Canton of Nidwalden 45016 50 50
23 Canton of Glarus 42056 75 25
24 Canton of Obwalden 39272 30 70
25 Canton of Uri 37931 85 15
26 Appenzell Innerrhoden 16585 0 100

Urban population 7611409 84.93 %
Rural population 1350849 15.07 %
Total 8962258 100.00 %

Table 7: Approximate share of population living in urban vs rural areas by Swiss
canton (based on FSO 2012 typology of areas with urban character).
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Variable Description Type

Demographics

age Age of the individual numeric
gender Sex of the individual binary
canton_residence Canton of residence categorical
urban Urban residence indicator binary

Household characteristics

hh_size Household size numeric
hh_type Household type categorical
hh_income Household income categorical

Socio-economic status

employment_status Employment status categorical
education_status Education status binary

Mobility and transport

has_license Driving license ownership binary
car_available Access to a car binary
has_ga GA travelcard ownership binary
canton_work Canton of work categorical

Weights

WP Individual population weight numeric

Table 8: Recoded and extracted time-dependent variables from the MTMC dataset

7.5 Convergence diagnostics
In this section, we present diagnostics of the chains convergence when sampling
from the prior. The sampling is done in three steps as described above:

• A first Hit-And-Run coupled with a Gibbs sampler for the attributes sam-
ples the date of birth, lifespan, and attributes associated with the Existence
dimension.

• A Gibbs sampler for the event occurrences indicators.

• A Hit-And-Run sampler for durations couples with a Gibbs sampler for the
attributes for the other dimensions.

Therefore, there is not one single MCMC procedure that generates the sam-
ples. There are several ones succeeding each other. Therefore, we present here
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the diagnostics for the chains targeting the Existence dimension and the other di-
mensions characteristics.

Existence We sample 10,000 realizations of date of birth and lifespan across
four chains with a burn-in of 1500 iterations. Table 9 presents the ESS and R̂

values obtained for date of birth, lifespan using the Hit-and-Run, and the attribute
"Sex" using the Gibbs sampler. All R̂ values are below 1.01, which means that

R̂ ESS

Date of birth 1.0009 406.57
Lifespan 1.0002 552.35
Sex 0.9999 742.77

Table 9: Diagnostics for the Existence dimension

all chains are statistically indistinguishable from each other. The ESS for 10,000
realizations is over 400 for all quantities sampled which is also reassuring.

Other dimensions For the other dimensions, we can not directly compare chains
for trajectories where individuals don’t have the same event indicators. Indeed,
having or not an event in their life trajectories constrains the durations of the other
events of each dimension. Therefore, we generate Existence and the event indica-
tors, and then run 4 chains with a burn-in of 6500 for the durations and attributes.
We report in Table 10 the R̂ and ESS measures of the relevant variables. For the
driving license dimension, as there are only two durations sampled whose sum
equals the lifespan, they both have the same diagnostics as each one is a linear
transformation of the other. We only report the Driving license event main dura-
tion. No Education and Mandatory Education are constrained to fixed durations,
their durations are deterministic, hence we don’t report diagnostics for them. Res-
idence spells are superposed with Work spells in our model, therefore, we restrict
the results reporting to Work spells. We also report diagnostics for the log Income
attribute.

Table 10 shows that the vast majority of the R̂ values are below the conven-
tional threshold of 1.1, with a substantial proportion even below 1.01. Some of
the R̂ values associated with the main durations of Work spells are, however, no-
ticeably higher. This can be explained by the specification of these durations:
although they are all exponentially distributed, the rate parameter λ depends on
the age at entry into the spell and, consequently, on the cumulative duration of the
preceding spells. As a result, later Work spells may be generated from exponen-
tial distributions with substantially different rate parameters (as the sum of previ-

55



R̂ ESS

Driving license main duration 1.04 24.15
Secondary Education main duration < 1.01 103.57
Secondary Education gap duration 1.02 56.27
Tertiary Education main duration < 1.01 51.38
No Work main duration 1.09 32.45
Work 1 main duration < 1.01 45.49
Work 1 gap duration 1.03 63.04
Work 1 log Income 1.04 135.24
Work 2 main duration 1.32 39.78
Work 2 gap duration < 1.01 71.63
Work 2 log Income 1.04 119.43
Work 3 main duration 1.24 31.92
Work 3 gap duration 1.02 64.04
Work 3 log Income 1.09 96.78
Work 4 main duration 1.03 42.36
Work 4 gap duration < 1.01 66.97
Work 4 log Income 1.09 124.95
Work 5 main duration 1.21 22.92
Work 5 gap duration < 1.01 81.19
Work 5 log Income 1.05 167.54
Work 6 main duration 1.24 28.16
Work 6 gap duration < 1.01 79.57
Work 6 log Income 1.02 222.83
Work 7 main duration 1.26 28.98
Work 7 gap duration 1.02 64.33
Work 7 log Income 1.02 231.74
Work 8 main duration 1.16 25.56
Work 8 gap duration < 1.01 50.59
Work 8 log Income 1.02 250.30
Work 9 main duration 1.23 24.95
Work 9 gap duration < 1.01 65.87
Work 9 log Income < 1.01 267.39
Work 10 main duration 1.16 22.31
Work 10 gap duration < 1.01 59.42
Work 10 log Income < 1.01 260.63
Work 11 main duration 1.07 20.7
Work 11 log Income < 1.01 267.46

Table 10: Diagnostics for the other dimensions
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ous durations varies more and more), leading by design to greater heterogeneity
across sampled trajectories. Their durations are therefore not expected to follow
an identical marginal distribution as their λ parameter differ. By contrast, all gap
durations are generated from the same exponential distribution with a common
parameter, which explains their consistently good convergence diagnostics. The
effective sample size (ESS) values are relatively low compared with commonly
recommended levels. This is not unexpected, since both the Existence dimension
and the event indicators are fixed and impose strong structural constraints on the
set of feasible trajectories. Sampling is therefore restricted to a constrained feasi-
ble space, which can induce stronger dependence between successive draws and
slower mixing of the Markov chains.
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7.6 Additional results
7.6.1 Age at start of work - prior model
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Figure 11: Age at start of work

7.6.2 Event frequencies - prior

Event frequencies are consistent with the imposed probabilities, conditional on
survival constraints. Among individuals whose lifespan exceeds 18 years, 85%
obtain a driving license. All individuals with lifespan greater than 6 undergo
mandatory education. Among those living beyond 15 years, 94.9% complete
secondary education, and among those living beyond 18 years, and have done
secondary education, 60% complete tertiary education. These proportions are in
line with the model specification.
The number of job spells also follows the intended truncated Poisson(λ(L)) at 11
spells, and where L denotes the lifespan, as Table 11 displays. Note that individ-
uals whose lifespan is lower than 15 have no job spell in their life.

Table 11: Empirical vs. Theoretical Number of jobs per Lifespan bin

Lifespan Bin [0, 15] ]15, 20] ]20, 25] ]25, 30] ]30, 35] ]35, 40] ]40, 45] ]45, 50] ]50, 55] ]55, 60] ]60, 64] ]64, 110]
Empirical Mean 0.00 1.55 2.77 3.62 4.17 4.72 5.19 5.65 5.91 6.35 6.58 6.67
Theoretical Mean 0.00 1.58 2.74 3.53 4.17 4.72 5.19 5.60 5.97 6.29 6.56 6.67

7.6.3 Attributes - prior

The sampled attributes are consistent with the specified distributions. In partic-
ular, the income sampled at the start of each work spell matches the intended
distribution. Table 12 reports the theoretical and empirical average log-incomes,
differentiated by work spell and education level.
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Mandatory Secondary Tertiary

Work spell Sampled Theoretical Sampled Theoretical Sampled Theoretical

1 8.71 8.70 9.06 9.07 9.40 9.42
2 8.74 8.74 9.10 9.10 9.54 9.55
3 8.81 8.80 9.13 9.13 9.62 9.63
4 8.85 8.86 9.17 9.17 9.69 9.69
5 8.91 8.91 9.21 9.21 9.74 9.74
6 8.97 8.96 9.26 9.26 9.78 9.79
7 8.99 9.00 9.30 9.30 9.82 9.82
8 9.03 9.03 9.32 9.33 9.85 9.85
9 9.03 9.05 9.35 9.35 9.87 9.87
10 9.05 9.06 9.36 9.36 9.89 9.88
11 9.00 9.07 9.38 9.37 9.90 9.89

Table 12: Sampled and theoretical expected log-income by work spell and educa-
tion level

7.6.4 Date of birth - posterior
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Figure 12: Date of birth distributions: prior and posterior updates, differentiated
by gender. Sampling rule not taken into account.
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Figure 13: Date of birth distributions: prior and posterior updates, differentiated
by gender. Sampling rule taken into account.
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7.6.5 Age distribution without taking into account the sampling rule - pos-
terior
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(b) 2015
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(e) Update with 2010 data (2010)
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(f) Update with 2010 data (2015)

0 25 50 75 100
Age in 2010 - Data integration 2010, 2015

0.000

0.005

0.010

0.015

0.020

0.025

Pr
ob

ab
ili

ty
 d

en
si

ty

All
Women
Men

(g) Update with 2010+2015 data (2010)

0 25 50 75 100
Age in 2015 - Data integration 2010, 2015

0.000

0.005

0.010

0.015

0.020

0.025

Pr
ob

ab
ili

ty
 d

en
si

ty

All
Women
Men

(h) Update with 2010+2015 data (2015)

Figure 14: Age distributions. Columns correspond to years (2010 left, 2015 right).
Rows correspond to observed data, prior, update with 2010 data, and update with
2010 and 2015 data. Update without taking into account the sampling rule.
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7.6.6 Age and Sex - posterior

The marginal distributions of age and sex are improved in the posterior distri-
bution, but more importantly, the results also show that the correlation between
age and sex is captured. The prior population does not exhibit any age difference
across genders. After the update, the model reproduces the empirical pattern in
which women are, on average, older than men, as shown in Figure 7 and Table 13.
Without taking into account the sampling rule however, the Table indicates no-
ticeable over-estimation of the age as it doesn’t consider the missing children by
design. By under-representing children, the adults age is shifted towards higher
values as an attempt for the posterior to get close to the censored empirical distri-
bution.

Table 13: Average age among those aged > 7, by population, year, and gender

Population Year All Men Women
Prior 2010 42.54 42.67 42.42
Prior 2015 42.57 42.75 42.39
Data 2010 43.19 42.07 44.26
Data 2015 44.43 43.60 45.25
Updated (2010 → 2010) 2010 43.07 41.94 44.15
Updated (2010 → 2015) 2015 46.09 45.12 47.03
Updated (2010 → 2010), sampling 2010 42.89 41.93 43.82
Updated (2010 → 2015), sampling 2015 43.50 42.60 44.37
Updated (2010, 2015 → 2010) 2010 43.05 42.10 43.97
Updated (2010, 2015 → 2015) 2015 45.04 44.14 45.92
Updated (2010, 2015 → 2010), sampling 2010 42.95 41.88 43.98
Updated (2010, 2015 → 2015), sampling 2015 44.05 43.16 44.91

7.6.7 Event occurrences in the posterior

Only the event occurrences are sampled from the prior, as the observation of cross-
sectional data does not inform about the number of spells the individual experi-
ences. Table 14 displays the number of jobs for each lifespan bin, sampled in the
prior model and for the different updates. One can see that the event occurrences
are indeed sampled according to the prior model. Similarly for other dimensions,
among individuals whose lifespan is greater than 18, 85 % acquire a driving li-
cense in their life. Among the individuals whose lifespan is greater than 6, all of
them undergo Mandatory Education. Among those surviving up to 15 and having
undergone Mandatory Education, 95 % of them pursue Secondary Education, and
among those, 60 % pursue Tertiary Education, as specified in the prior distribu-
tion.
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Table 14: Prior vs. Updated Number of jobs per Lifespan bin

Lifespan Bin [0, 15] ]15, 20] ]20, 25] ]25, 30] ]30, 35] ]35, 40] ]40, 45] ]45, 50] ]50, 55] ]55, 60] ]60, 64] ]64, 110]
Prior 0.00 1.55 2.77 3.62 4.17 4.72 5.19 5.65 5.91 6.35 6.58 6.67
2010 - Not alive in 2010 0.00 1.63 2.68 3.51 4.20 4.73 5.21 5.63 5.95 6.23 6.54 6.65
2010, 2015 - Not alive in 2010 and 2015 0.00 1.61 2.76 3.68 4.16 4.71 5.17 5.63 5.99 6.27 6.50 6.67
2010 - Alive in 2010 0.00 1.49 2.75 3.38 4.0 4.86 5.19 5.37 6.01 6.33 6.49 6.69
2010, 2015 - Alive in 2010 or 2015 0.00 1.81 2.86 3.53 4.39 4.67 5.32 5.61 6.09 6.33 6.57 6.68

7.6.8 Residence dimension - posterior

The posterior residence dimension is also improved compared to the prior distri-
bution, as shown in Figure 15. The prior model is slightly misaligned with the
data and did not accurately capture the urban distribution within each canton. In-
deed, the model is calibrated using rough estimates (table 7), which led to some
cantons having their entire population assigned to urban areas, a pattern that is not
supported by the observed data. The posterior distribution mitigates these limita-
tions and produces an overall better distribution of the population across cantons,
as well as a more accurate representation of urban shares within each canton.
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(d) Prior with 2010 data (2015)
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(f) Prior with 2015 data (2015)
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(h) Update with 2010 data (2015)
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(i) Update with 2010+2015 data (2010)
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Figure 15: Residence distributions. Columns correspond to years (2010 left, 2015 right).
Rows correspond to observed data, priors based on the 2010 and 2015 data, the update
with 2010 data, and the update with both 2010 and 2015 data.
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7.6.9 Employment status by Sex

Table 15: Comparison of employment-status distributions across simulation set-
tings by sex, among those aged > 7, in %

(a) Women

Model Existence update Data update Mapped year Employed Unemployed Retired Age < 15

Observed data – – 2010 54.38 16.89 21.02 7.71
Prior 2010 – 2010 32.09 37.44 20.08 10.38
Posterior 2010 2010 2010 41.65 27.90 20.06 10.38
Prior 2010–2015 – 2010 32.80 37.75 19.90 9.54
Posterior 2010–2015 2010–2015 2010 42.19 28.48 19.79 9.54
Observed data – – 2015 55.72 15.08 21.90 7.21
Prior 2010 – 2015 30.66 35.75 21.20 12.40
Posterior 2010 2010 2015 36.89 30.16 20.54 12.40
Prior 2010–2015 – 2015 31.17 37.29 21.46 10.08
Posterior 2010–2015 2010–2015 2015 41.43 27.51 20.98 10.08

(b) Men

Model Existence update Data update Mapped year Employed Unemployed Retired Age < 15

Observed data – – 2010 66.61 9.73 15.32 8.35
Prior 2010 – 2010 32.28 39.28 16.28 11.17
Posterior 2010 2010 2010 47.42 25.40 16.01 11.17
Prior 2010–2015 – 2010 33.44 40.11 15.76 10.68
Posterior 2010–2015 2010–2015 2010 48.03 25.95 15.33 10.68
Observed data – – 2015 65.05 9.80 17.11 7.98
Prior 2010 – 2015 31.85 36.20 18.69 13.25
Posterior 2010 2010 2015 37.03 31.97 17.74 13.25
Prior 2010–2015 – 2015 31.92 38.69 18.26 11.12
Posterior 2010–2015 2010–2015 2015 44.98 26.46 17.44 11.12
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(h) Update with 2010 data (2015)
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(j) Update with 2010+2015 data (2015)

Figure 16: Income distributions by age. Columns correspond to years (2010 left, 2015
right). Rows correspond to observed data, priors based on the 2010 and 2015 data, the
update with 2010 data, and the update with both 2010 and 2015 data.
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7.6.10 Income by age category - posterior

7.6.11 Driving license by age and gender - posterior

[0,18[

[18,25[

[25,35[

[35,45[

[45,55[

[55,70[

[70,85[

[85,110[

Age group

0

20

40

60

80

100

Sh
ar

e 
w

ith
 d

ri
vi

ng
 li

ce
ns

e 
(%

)

Driving-license ownership by age group and gender, 2010

Dataset
MTMC in
Posterior 2010 2015

Gender
Men
Women

Figure 17: Driving license by age and gender, 2010
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Figure 18: Driving license by age and gender, 2015
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