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Abstract: Synthetic population is a fundamental input to dynamic micro-simulation in social applications.
Based on the review of current major approaches, this paper presents a new sample-free synthesis method by
inferring joint distribution of the total target population. Convergence ofmultivariate Iterative Proportional Fit-
ting used in ourmethod is also proved theoretically. Themethod, together with othermajor ones, is applied to
generate a nationwide synthetic population database of China by using its overall cross-classification tables as
well as a sample from census. Marginal and partial joint distribution consistencies of each database are com-
pared and evaluated quantitatively. Final results manifest sample-based methods have better performances
on marginal indicators while the sample-free ones match partial distributions more precisely. Among the five
methods, our proposed method can significantly reduce the computational cost for generating synthetic pop-
ulation in large scale. An open source implementation of the population synthesizer based on C# used in this
research is available at https://github.com/PeijunYe/PopulationSynthesis.git.
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Introduction

1.1 Computer-based micro-simulation has been increasingly applied to transportation, land use, demographic
evolution, and other human participated social complex system researches (Zhao et al. 2009), (Ou et al. 2010),
(Geard et al. 2013), (Ye et al. 2016). This trend is attributed to several advantages brought by this approach. First,
traditional mathematical models especially those involving statistics tend to build a homogenous model for a
specific human group and then, replicate it in large numbers to examine travel behavior. Such approach natu-
rally sacrifices heterogeneity of individuals in its scenarios. In this aspect, micro-simulation is one of preferred
choices due to itsmodeling ability for the di�erences of individuals, if di�erencesmatter, and for themany pos-
sible combinations of considered characteristics. Second, a challenge faced by social scientists is that certain
types of controlled experimentation are di�icult, or sometimes impossible, to implement. Hypotheses regard-
ing responses of individuals to specific policies or social events cannot be easily tested. Thusmicro-simulation
has become an alternative approach for policy evaluation and its relevant social problem analysis.

1.2 The foundation of micro-simulation used in social applications is composed of an initial baseline population
with interested attributes (like residential location, car ownership) and their subsequent behavioral models.
Various social phenomena at systemic level are emerged from updates of individuals. To enable this type of
micro-simulation, being able to generate a synthetic population is of great importance. A realistic population
will provide the simulation a reasonable and reliable basis, keeping its result valid and credible. Research on
populationsynthesis generally concerns twoaspects: methodologyandemblematical syntheticdatabase. Four
types of methods—synthetic reconstruction (Wilson & Pownall 1976), (Deming & Stephan 1940), combinatory
optimization (Williamson et al. 1998), sample free fitting (Gargiulo et al. 2010), (Barthelemy & Toint 2013), and
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Markov Chain Monte Carlo (MCMC) simulation basedmethod (Farooq et al. 2013) – are deemed asmainstreams
in the current methodologies. The former two were proposed decades ago and they both have been applied
in several di�erent projects, such as SimBritain and USA population database from Research Triangle Insti-
tute (RTI), to construct regional or nationwide population databases (Ballas et al. 2005), (Ballas et al. 2007),
(Wheaton et al. 2009). The latter two are more recent, both emerged in the 2010s. Up to now, they have only
been used in a few population scenarios (VirtualBelgium and PRIMA) and thus need further test and validation
(Barthelemy 2014), (EU 2012).

1.3 The current synthetic populations are mostly based on western countries, all supported with relatively fruitful
data. For example, some countries, like Switzerland, have opened their entire census datasets. This provides
many details to researchers. Others, like the USA and UK, o�en publish a small proportion of individual sam-
ple records for public use. However, many developing countries, like China, are usually lack of such type of
micro level data. In addition, their population sizes as well as demographic features are significantly di�erent.
As a developing country, China possesses the largest scale of population in the world, which leads the syn-
thetic processmore complicated. Specific characteristics should be considered in population synthesis aswell.
For example, apart from the identity card, current social management system of China grants each citizen a
household registration. This unique regional attribute dramatically influences the distribution and migration
of people. Traditionally, people gathered in their own registered locations. But the current fast urbanization
has brought this old phenomenon a rapid change, causing large amount of groups dwell in a di�erent city.
These factors have brought new challenges to current methodologies. According to whether the individual
samples are essential, the existingmethods for generating synthetic population can be categorized as sample-
basedmethods and sample-free ones. The sample-basedmethods (see, e.g. Beckman et al. (1996), Guo & Bhat
(2007) and Auld & Mohammadian (2010)) require disaggregate samples essentially as their initial populations
and subsequently expand them to a desired scale by introducing overall constraints. For instance, combina-
tory optimization needs an individual dataset to be the candidates during its selection. Without such micro
level samples, it cannot complete the population synthesis. Evidently, this type of methods relies on the avail-
ability and quality of samples. In many countries, detailed individual information like census data or a small
proportion of sample is inaccessible for the general public. Even if a sample is available, it may not include all
types of individuals. Thus the generated synthetic populationwill also lack thosemissing groups (it is called the
zero element problem (Beckman et al. 1996)). To overcome the deficiency, methods that do not rely on sam-
ples have been proposed in recent years. We refer to these methods as sample-free methods in this paper. On
the contrary to sample-basedmethods that requiredisaggregate samples essentially, sample-freemethods can
generate synthetic populationwithout samples. For instance, despite the transfer probabilities inMCMC can be
derived from sample, they are likely to be calculated directly from the total population constraints in general.
In other words, MCMC does not depend on the micro level samples. However, existing sample-free methods
mostly operate individuals directly, which results in high computational costs when the scale of synthetic pop-
ulation is large. These factors motivated us to develop a new e�icient method that is suitable for large scale
population generation. Starting frommarginals and partial joint distributions, the developed method directly
estimates total target population distribution without sample.

1.4 The contribution of this paper is threefold: 1) to develop a new e�icient synthetic method that does not rely on
disaggregate samples; 2) to give a theoretical proof for the convergence of multivariate Iterative Proportional
Fitting; and 3) to test and compare the newmethod and other existing ones via a large scale population synthe-
sis (specifically, the nationwide synthetic population of China). Related to the last contribution of comparing
multiple methods, there is previous work conducted by Huang & Williamson (2001), Ryan et al. (2009), Har-
land et al. (2012) and Lenormand & De�uant (2013). However, the former three have merely investigated the
sample-based methods and concentrated on relatively small area micro-populations, while the latter involves
only one sample-free method. In this paper, the population scale is greatly expanded (over 1.2 billion) and our
emphasis is particularly put on the sample-free methods. An open source implementation of the population
synthesizer based on C# as well as the statistical input and evaluation data used in this research is available at
https://github.com/PeijunYe/PopulationSynthesis.git.

1.5 The remainder of this paper is organized as follows. Section 2 provides a background on the four major meth-
ods that will be tested in subsequent population synthesis. Their advantages as well as deficiencies are also
summarized briefly. Section 3 elaborates the new population synthesis method based on joint distribution in-
ference. To make the method more suitable for general use, we avoid using sample data which is not usually
available. Convergence proof of multivariate iterative proportional fitting used in this section is attached in
appendix. Section 4 introduces the data source which serves as the input data and evaluation criterion. Our
evaluation methods and indicators are also contained. Detailed results are presented in Section 5. And finally,
Section 6 concludes this paper with some additional discussions and possible future directions.
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Background of Four Major Methods

2.1 The primary objective of population synthesis can be summarized as generating an individual dataset in full
compliance with statistical characteristics of various input data. In other words, the synthetic process must
generate a population list, or sometimes with its corresponding instances, which conformed to the aggregate
indicators. This sort of population is deemedasoneof the “best possible” estimates for theactual one. It retains
particular demographic properties with actual personal details omitted, thus can be treated as an alternative
to micro data acquisition for social phenomenon demonstration and prediction.

2.2 Traditionally, the synthetic process starts with collecting various data on target population to acquire essential
information. Partial or full attributes from the whole studied attribute set, such as age group, gender ratio, ge-
ographic distribution, will be contained in each individual record. A census typically serves as the primary data
source which contains the most comprehensive features of the target population. However, complete census
data is never accessible to the general public due to national security concerns and individual privacy protec-
tion. The only input data available for researchers is o�en a set of statistical indicators published by the Bureau
of Statistics and a small proportion of detailed sample with some attributes concerning personal privacy omit-
ted (in someworse cases, thedetailed sample is evendeficient). These two typesof input informationare called
aggregate and disaggregate data respectively. Though faced with the dilemma of limited data, scholars have
still developed a series of population synthesis methods. To our knowledge, four major methods perform as
the dominants in this field. According to their essential input data type, they are categorized into two classes—
sample-basedmethod and sample-free method, which will be briefly reviewed as follows.

Iterative proportional fitting synthetic reconstruction

2.3 The Synthetic Reconstruction method, published by Wilson & Pownall (1976), is the first population synthesis
approach. It is themost extensivelyusedone. Thecentral taskof thismethod is composedof twosteps: estimat-
ing the joint distribution of target population and realizing the individual data set. Thus the synthetic process
canbe separatedas twophases called “Fitting”and“Allocation” respectively. Usually, the IterativeProportional
Fitting (IPF) procedure is adopted to calculate the sample distribution in the former stage (Deming & Stephan
1940), (Beckman et al. 1996). Thus this method is also expressed as Iterative Proportional Fitting Synthetic Re-
construction (IPFSR). In the “Fitting” phase, the IPF procedure requires both a set of disaggregate sample (the
seed) and statistical indicators (themarginals) covering all the studied attributes. Obviously, IPFSR is a sample-
based method. The basic hypothesis lies behind this approach is straightforward and clear. It deems that the
joint distribution from the sample is consistent with the association of the target population. Therefore, it is
only required to fit the frequency under each attribute combination into the marginal constraints. When the
attribute number is small, the joint distribution is represented as a Contingency Table (CT). But in a higher di-
mensional case, it is represented as f(X1 = x1, X2 = x2, · · · , Xn = xn), a distribution function where n is the
number of attributes and xi is the value of the i-th attribute. Initial frequencies are the individual counts from
input sample. During the k-th iteration, the frequency under each attribute combination is updated according
to

f (1)(k) =
f{X1 = x1, · · · , Xn = xn}(k − 1)∑
x1
f{X1 = x1, · · · , Xn = xn}(k − 1)

·N1

f (2)(k) =
f (1){X1 = x1, · · · , Xn = xn}(k)∑
x2
f (1){X1 = x1, · · · , Xn = xn}(k)

·N2

...

f (n)(k) =
f (n−1){X1 = x1, · · · , Xn = xn}(k)∑
xn
f (n−1){X1 = x1, · · · , Xn = xn}(k)

·Nn

f{X1 = x1, · · · , Xn = xn}(k) = f (n)(k)

Where Ni is the marginal of the i-th attribute. The convergence of 2-dimensional IPF procedure is proved by
Pukelsheim (2014), where a necessary condition – themarginal sumshould be all equivalent – is given. Tomove
forward, a proof ofmultivariate casewill be presented in Appendix A. Among all the tables that satisfymarginal
constraints, the result that IPF yields most resembles the initial sample (Ireland & Kullback 1968), (Little & Wu
1991). Once the joint distribution of target population estimated, the “Allocation” phase seems much easier.
The synthetic population can be simply drawn via Monte Carlo method.

2.4 Objectively, IPFSR is straightforward and has a solid theoretical foundation. It also has many derivatives (Auld
& Mohammadian 2010), (Muller & Axhausen 2011), (Pritchard & Miller 2012). However, one major problem,
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emerged from practice, is that the method relies on sample excessively. This has undoubtedly limited its ap-
plication due to the unavailability of disaggregate input. Even if the sample of target population is acquired,
the result will greatly depend on its quality. In a worst case, if the sample does not include any individual of
a specific attribute combination, the synthetic population will not contain this type of people either. To tackle
this “zero element” problem, one simple approach is to replace the zero frequencieswith a small positive value
such as 0.01. Yet it will introduce additional arbitrary bias into the association structure (Guo & Bhat 2007).

Combinatorial optimization

2.5 CombinatorialOptimization (CO) is another sample-basedmethodofpopulation synthesis. It is firstly proposed
by Williamson et al. (1998). When using this method to generate population, it is essential to divide the stud-
ied area into several mutually exclusive regions, like the census block or tra�ic analysis zone. The input data
includes a survey sample of the studied area involving all the attributes (called the overall sample) and a statis-
tical table of each region that contains part of the attributes (called the distribution table). For instance, if the
population attributes include gender, age, and height, then the overall sample must entail the three attribute
values and the distribution table should contain at least one of them.

2.6 TheCO synthetic process is iterative: starting froman initial set of population chosen randomly from the overall
sample, an assessment is conducted a�er randomly replacing one of the selected individuals with a new one
from the overall sample. If the replacement improves the fitness of the population set to the distribution table,
the two individuals will be swapped. Otherwise the swap should not be carried out. This process will be re-
peatedmany times, with the aim of gradually improving the fitness of the selected population set. Given a con-
vergence error, the final result will approximate to the statistical constraints. And the synthetic population will
be achieved. Clearly, the basic idea behind CO is somewhat similar to genetic algorithmwithout crossover and
mutation. Some important contributions to this method come from National Center for Social and Economic
Modeling (NATSEM) in theUniversity of Canberra (Williams 2002), (Hellwig & Lloyd 2000), (Melhuish et al. 2002),
(King et al. 2002), (Harding et al. 2004).

2.7 TheCOmethodhas several derivatives and ismore suitable for generating a small rangeof synthetic population
via a larger amount of sample (Abraham et al. 2012), (Ma & Srinivasan 2015), (Huynh et al. 2016). It is because
when the scale of target population is large, fitness variation during swaps will be overwhelmed due to com-
putational truncation. To avoid this, target population is usually divided into several smaller parts with each
generated in turn. In addition, as a sample-basedmethod, CO is also dependent on the input sample like IPFSR.
The omitted groups in the sample will not be included in the final received population as well.

Sample free fitting

2.8 In most countries, disaggregate sample is di�icult to acquire. Thus a type of emerging synthetic techniques
called sample-freemethod has been proposed in recent years (Gargiulo et al. 2010), (Barthelemy & Toint 2013).
This method only adopts marginals or/and conditionals of partial attributes from various data sources as its
input. It gives more flexibility in terms of data requirements. In the synthetic process, an individual pool at
the scale of target population is firstly generated according to the most disaggregate data source. Then the
missing attributes are initialized by randomly drawing from their value sets. Once all the interested character-
istics are defined, the initial individual pool has been constructed. In an ideal case, this individual set should
satisfy all the conditionals andmarginals, which are determined by the unique joint distribution of target popu-
lation. However, it does not always happen, due to conflicts among conditionals/marginals from di�erent data
sources. When the conditionals/marginals are not consistent, an attribute shi� of some individuals needs to be
performed further. The shi�s are for the discrete attributes and allowed between two contiguous modalities
only.

2.9 Objectively, sample free fitting (SFF) has relaxed restrictions to data source. Yet it is much time consuming
and memory expensive due to its generation of individual pool. Specifically, when generating a large size of
population, each individual will be operated in attribute shi�s. This will cost a lot of time on the I/O operation
for database. Compared with updating the distribution directly, this approach seemsmuchmore complicated.

Markov Chain Monte Carlo simulation

2.10 Markov Chain Monte Carlo (MCMC) simulation is a stochastic sampling technique to estimate overall distribu-
tion when the actual joint distribution is hard to access. Its theoretical foundation is that, if the stationary dis-
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tribution of aMarkov chain is amultivariate probability distribution, a sequence of observations can be approx-
imately obtained through this chain. When applied to population synthesis, it firstly constructs a Markov chain
with conditional transfer probabilities of each interested attribute (Farooq et al. 2013), (Casati et al. 2015). Then
samples are extracted from the chain at a particular interval, which is called Gibbs sampling. A�er the Gibbs
sampler run for many iterations and reached a stationary state, this process is deemed as individual drawing
from the actual population. Thus the individual data set obtained can be directly used as synthetic population.
Although the conditional transfer probabilitiesmaybe calculated fromdisaggregate sample, it is not essentially
to do so. Actually, the conditional transfer probabilities are usually constructed by the input partial views from
various data sources. Clearly, MCMC simulation is another sample-free synthetic method.

2.11 MCMC simulation is able to deal with both discrete and continuous attributes. It extends the scope of studied
characteristics. However, when conditionals from di�erent data sources are inconsistent, the Gibbs sampling
may never reach a unique stationary state, which prevents the valid population drawing. In addition, the state
transfer of Markov chain during discrete sampling may take an expensive time cost. As an emerging approach,
this method needs further test and validation.

Population Synthesis Based on Joint Distribution Inference

3.1 As indicated in the previous section, IPFSR treats the association of disaggregate sample as that of target popu-
lation,whileCOdoesnotpreserve the complete association. Bothof them ignore sampledeviationand thus the
generated population will not contain the type of individuals not included in the samples. Sample free fitting
directly operates on individuals which seems computationally expensive. When generating a large scale pop-
ulation, MCMC simulation firstly constructs an individual pool to represent joint distribution, and then directly
draws the synthetic population from the pool. When the combinations of variables are complicated, however,
the pool will expand quickly in order to cover each potential type of individual. In this case, it will cost much
time to conduct discrete sampling. Consequently, it is better to develop a new e�icient synthetic method with
the following highlights:

1. Infer the joint distribution of target population directly. This could avoid redundant operations on indi-
viduals when adjusting each attribute.

2. Use marginals and partial joint distributions as much as possible. It is able to maximize the utility of
overall target population information andminimize sample deviations.

3. Not necessarily require disaggregate samples. This enables our approach more applicable to general
cases even if samples are not available.

4. Should have a solid statistical andmathematical basis.

3.2 Starting from these objectives, our newmethod is composed of two steps: independence test and association
inference. Figure 1 shows the main steps of the method, in which the association inference is most crucial.

Independence test

3.3 Independence test aims to validate whether two variables are independent of each other. According to proba-
bility theory, two random variables,X and Y , are called independent if and only if

F (x, y) = FX(x) · FY (y), ∀x, y ∈ D

Where D is the field of probability definition, F is the cumulative distribution function, FX and FY are the
marginal distribution functions. Suppose the studied individual attributes are (X1, X2, · · · , Xn). For conve-
nience, only discrete cases are considered here because the continuous variables can be spilt into several inter-
vals and converted into discrete ones. Consequently, the definition of independence can bewritten in the form
of probability mass function

f(x, y) = fX(x) · fY (y), ∀x, y ∈ D

At the beginning of the synthesis, independence test is conducted between every two attributes. Chi-square
testing is usually introduced to complete this task. For any two attributes Xi and Xj , as shown in Table 1, let
the null hypothesis be

f(xi, xj) = fXi(xi) · fXj (xj)
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Figure 1: Flow Chart of Population Synthesis
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Table 1: Partial Joint Distribution of 2 Variables

and the alternative hypothesis be
f(xi, xj) 6= fXi(xi) · fXj (xj)

Chi-square value can be computed by

χ2 =

R∑
r=1

S∑
s=1

(Ars − Ars
Ar·
· Ars
A·S
·A··)2

Ars
Ar·
· Ars
A·S
·A··

=

R∑
r=1

S∑
s=1

(Ar· ·A·s −Ars ·A··)2

Ar· ·A·s ·A··
(1)

Ars stands for the statistical individual number ofXi = x
(r)
i andXj = x

(s)
j . The corresponding degree of free-

dom is (R− 1) · (S − 1). According to the hypothesis testing theory, given a significance level, if the Chi-square
value is in the acceptance region of χ2((R− 1) · (S− 1)) distribution,Xi andXj are deemed to be independent;
else, they are associated.

3.4 If the studied attributes arepartitioned into two sets and validated that∀Xi ∈ {X1, X2, · · · , Xm} is independent
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with ∀Xj ∈ {X(m+1), X(m+2), · · · , Xn}, the joint distribution can be denoted as

f(x1, · · · , xn) = f(x1, · · · , xm) · f(xm+1, · · · , xn)

In other words, the joint distribution can be directly computed frompartial distributions. Specifically, if one set
degenerates into a variable, whichmeansXi is independent with ∀Xj ∈ {X1, X2, · · · , Xn} \ {Xi}, then there is

f(x1, · · · , xn) = fXi(xi) · f(x1, · · · , xi−1, xi+1, · · · , xn) (2)

Consequently, joint distribution can be represented as the product of a marginal and a partial distribution. It
reduces the dimension of the problem and focuses the study on the last partial probability item only.

Association inference

3.5 Without loss of generality, assume the last (n−m) attributes are independent, and rewrite Equation 2 as

f(x1, · · · , xn) = f(x1, · · · , xm) · fXm+1(xm+1) · fXm+2(xm+2) · · · fXn(xn)

The following task is to estimate the f(x1, · · · , xm) by its marginals and partial joint distributions. Suppose
that the information related to each variable is contained in the known partial andmarginal distributions (this
is always satisfied). For a particular distribution, the disaggregate level is defined as the number of variables
it contains. The partial distribution with the highest disaggregate level should be selected as the start point.
For example, if there are two distributions Residence Type × Residential Province × Ethnic Group × Gender
(disaggregate level: 4) and Age Interval × Ethnic Group × Gender (disaggregate level: 3), the former should
be the start point. If two partial joint distributions have the same disaggregate level, it is preferred to select the
one which contains more attribute values. This is because more direct details from partial views will lead to a
more accurate estimation. For example, when consideringGender×Residence Type×Residential Province×
Ethnic Group (58 values) and Gender × Residence Type × Residential Province × Age Interval (21 values), it
is preferred to choose the former. Once the start point is determined, it needs to be expanded by investigating
other partial distributions. In the following, our discussion will begin with a simple example to illustrate the
method and then go to a general case.

3.6 Suppose the start distribution is f(x1, x2). Consider another distribution f(x1, x3)where x1 is the common vari-
able. Our objective is to estimate f(x1, x2, x3). In theory, this contains infinite solutions without any further
information. Thus the basic idea is to construct one particular joint distribution that conforms to both of the
partial views. The problem is categorized into two cases.

1. f(x2, x3) is known. Then
f(x1, x2, x3) = fX1(x1) · f(x2, x3 | x1) (3)

where fX1(x1) can be easily calculated from f(x1, x2) or f(x1, x3). Since x2 and x3 are not independent,
their associations should be estimated. This task could be completed via IPF procedure. TheContingency
Table involves two variables, (x2, x3), and its initial seed is set according to f(x2, x3). For each given x1,
IPF procedure is conducted and the corresponding marginals are computed as follows:

f(x2 | x1) =
f(x1, x2)

fX1(x1)
, f(x3 | x1) =

f(x1, x3)

fX1(x1)

The result that IPF yields is denoted as f ′(x2, x3) and its marginals will conform to the above two condi-
tional distributions. That is

f ′X2
(x2) =

∑
x3

f ′(x2, x3) = f(x2 | x1)

f ′X3
(x3) =

∑
x2

f ′(x2, x3) = f(x3 | x1)

The joint distribution is estimated by

f(x1, x2, x3) = fX1(x1) · f
′(x2, x3) (4)

Comparing Equation 3 and Equation 4, it is easy to find that the conditional probability f(x2, x3 | x1) is
approximated by f ′(x2, x3). The reason for this operation is f ′(x2, x3) not only retains the associations
between x2 and x3 but also satisfies the marginal constraints. It should be noted that the input f(x2, x3)
may be acquired from a more complicated partial distributions by summarizing other unconsidered di-
mensions. This is a more general case which will be discussed later in this section.
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2. f(x2, x3) is unknown. In this case, all of the distributions do not contain associations between x2 and x3.
It prevents us from estimating their joint distribution. Thus their associations can simply be treated as
the product of their conditionals. That is

f(x1, x2, x3) = fX1(x1) · f(x2, x3 | x1) = fX1(x1) · f(x2 | x1) · f(x3 | x1)

Clearly, operations of the two cases above have extended the joint distribution. When this extension re-
peats until all the interested variables are included, the ultimate distribution is inferred.

3.7 Now let us move to a general case. Suppose the start distribution is f(x1, · · · , xk, x(k+1), · · · , x(k+s)). Consider
another partial view f(x1, · · · , xl, x(k+s+1), · · · , x(k+m)) where subscripts {1, · · · , l} ⊆ {1, · · · , k}. For conve-
nience, let X ′1·k = (x1, · · · , xk) and X ′1·l ⊆ X ′1·k. If the partial distribution f(X ′(k+1)·(k+s), X

′
(k+s+1)·(k+m)) is

known, then the IPFprocedure isadopted toestimate theassociations that conformto theconditionalmarginal,
f(X ′(k+1)·(k+s) | X ′1·l) and f(X ′(k+s+1)·(k+m) | X ′1·l). In order to construct the consistent marginals, it is required
to exclude the unconcerned dimensions by summarizing these variables. That is

f(X ′(k+1)·(k+s) | X ′1·l) =
f(X ′1·l, X

′
(k+1)·(k+s))

f(X ′1·l)

where
f(X ′1·l, X

′
(k+1)·(k+s)) =

∑
xi

f(X ′1·k, X
′
(k+1)·(k+s)) ∀xi ∈ X ′1·k and xi /∈ X ′1·l

and
f(X ′1·l) =

∑
xi

∑
xj

f(X ′1·k, X
′
(k+1)·(k+s)) ∀xi ∈ X ′1·k and xi /∈ X ′1·l, xj ∈ X ′(k+1)·(k+s)

Note thatX ′1·l ⊆ X ′1·k. Another marginal is computed via

f(X ′(k+s+1)·(k+m) | X ′1·l) =
f(X ′1·l, X

′
(k+s+1)·(k+m))

f(X ′1·l)

Then the joint distribution is

f(X ′1·k, X
′
(k+1)·(k+s), X

′
(k+s+1)·(k+m)) = f(X ′1·k) · f ′(X ′(k+1)·(k+s), X

′
(k+s+1)·(k+m))

Where f ′(X ′(k+1)·(k+s), X
′
(k+s+1)·(k+m)) is the result from multivariate IPF procedure. If the partial distribution

f(X ′(k+1)·(k+s), X
′
(k+s+1)·(k+m)) is not available, the joint distribution can only be treated as the product of the

marginals above as

f(X ′1·k, X
′
(k+1)·(k+s), X

′
(k+s+1)·(k+m)) = f(X ′1·k, X

′
(k+1)·(k+s)) · f(X ′(k+s+1)·(k+m) | X ′1·l)

3.8 Similar to the3-dimensional case, thepartial views f(X ′(k+1)·(k+s), X
′
(k+s+1)·(k+m))whichusedas the initial seed

of IPFmay be calculated fromothermore complicated distributions or even from sample data if it is accessible.
Theconvergenceofmultivariate IPF inageneral case is proved in the following. The convergenceofmultivariate
IPF in a general case is proved in Appendix A.

Data Source

4.1 Census, tra�ic survey, labor force survey, tax record from revenue agency, real estate cadaster etc. are all pri-
mary data sources of synthetic population generation, though some of themare rarely used in practice. House-
hold registration information in China also provides a supplement of micro individual data. Among all of the
data sources, census has attractedmost concentrations since it reflects the status of target population directly.
In most countries census is conducted periodically, ranging from every 5 years (e.g, Canada) to every 10 years
(e.g, U.S., Switzerland, China, etc.). The ultimate data o�icially published by Bureau of Statistics and other
corresponding ministries are generally in two forms: sample of individuals and cross-classification table. As
mentioned before, the disaggregate sample is usually used as a seed whereas the cross-classification tables
are the basis of conditionals andmarginals. The Public UseMicrodata Samples (PUMS) in theU.S. and the Sam-
ple of AnonymizedRecords (SAR) in theUKare representatives of disaggregate samples, while typical aggregate
tables include the Summary Files (SF), Standard Type File 3A (STF-3A) in the U.S. and the Small Area Statistics
(SAS) in the UK. This paper mainly focuses on the population data available in China.
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Attributes Number of Levels Levels

Gender 2 Male, Female
Age Interval 21 0-4, 5-9, ..., 95-99, 100 and above
Ethnic Group 58 Han, MengGu, Hui, ...

Residential Province 31 Beijing, Tianjin, ...

Educational Level 10
Infant, Not Educated, Literacy Class, Primary Sch.,

Junior Mid. Sch., Senior Mid. Sch., Polytechnical Sch.,
College, University, Graduate.

Residence Type 3 City, Town, Rural
Registration Province 32 Beijing, Tianjin, ..., Not Reg.
Registration Type 2 Agricultural, Non-agricultural

Table 2: Individual Attributes Considered for Nationwide Population

Cross-classification table

4.2 Like many other countries, China conducts its national census for entire population every 10 years. Between
two adjacent censuses, a 1% population sample survey is conducted. In this paper, only the national census
is considered. The most recent two censuses are in 2000 and 2010. The whole target populations are inves-
tigated through questionnaire under guidance of census takers. Two kinds of questionnaires are applied in
the census. One is called the Short Table which involves several basic characteristics, whereas the other is
the Long Table which not only contains all the content of the short one but also includes additional detailed
features like migration pattern, educational level, economic status, marriage and family, procreation, housing
condition, etc.. The Long Table is filled by individuals stochastically selected in advance (about 9.5% accord-
ing to the o�icial sampling rule), while the Short Table is completed by the rest. Results from these two kinds
of questionnaires are the original individual records. They are usually confidential and will be further sum-
marized over a few variables to get marginal frequencies. For instance, if the original records concern about
(Gender × ResidentialProvince × Age × EducationalLevel), the processed marginal frequencies may contain
partial attributes like (Gender ×ResidentialProvince) orEducationalLevel. This operation is referred to as the
data aggregation. Some but not all marginal frequencies are published on the website of National Bureau of
Statistics (NBS) in the formof cross-classification tables (NBS 2000a), (NBS 2010). Appendix B gives three exam-
ples of them. This sort of data for public use is the fundamental information for population synthesis. Though
these tables have not revealed the complete joint distribution of the whole attributes, they present its partial
views in various dimensions.

4.3 In our study, weuse the data of year 2000 to generate a synthetic population. The overall cross-classification ta-
bles concern a number of characteristics including population scale, gender, residential province, ethnic group,
age, educational level, household scale and structure, dead people information, migration, housing condition,
etc. According to the census evaluation, about 1.81% of population is omitted in the survey 1. It may slightly
change the joint distribution. In addition, the census result does not contain information of military forces and
organizationswhich are around 2,500,000 people. These two groups of people are also ignored in the synthetic
process. In other words, our target population is those investigated in the overall data set. Since the objective
of our study is to generate nationwide synthetic population, and the overall cross-classification tables cannot
provide detailed attributes as the sample and Long Table do, we concentrate on the basic individual attributes
shown in Table 2 (Where city refers to the municipality with the population density over 1500/km2. Town, out-
side the city, refers to the borough where the town government locates. Rural refers to the area other than city
and town.). The corresponding partial distributions given by cross-classification tables are listed in Table 3.
Note that the Table Codes are the ones used by the NBS.

Sample

4.4 While total statistical characteristics can be easily acquired, original results directly from questionnaire are
strictly protected by the government. Nevertheless, a small proportion of sample of the year 2000 have been
collected. The data set includes 1,180,111 records, which accounts for 0.95%of the total population. These
records all come from the Long Table, each of which gives detail information of a particular individual. The
attributes provided by the sample can be categorized into two types. One is the basic household information
such as household type (family or corporate), number of members, housing area, number of rooms, etc. while
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No. Distributions Table Codes

1. Gender×Residence Type×Residential Province t0101a-t0101c
2. Gender×Residential Province×Registration Type t0102, t0105
3. Gender×Residence Type×Residential Province×Ethnic Group t0106a-t0106c
4. Gender×Residence Type×Residential Province×Age Interval t0107a-t0107c
5. Gender×Residential Province×Educational Level t0108
6. Gender×Residence Type×Age Interval×Ethnic Group t0201a-t0201c
7. Gender×Educational Level×Ethnic Group t0202
8. Gender×Residence Type×Age Interval×Educational Level t0401a-t0401c

9. Residence Type×Residential Province×Registration Province t0701a-t0701c
t0702a-t0702c

Table 3: Partial Distributions Used in Population Synthesis

the other is the personal detailed attributes that involve employment status, occupation, marital status, num-
ber of children, etc.. Individual attributes contained in sample and the Long table are illustrated in Appendix C.
Individual attributes contained in the sample and the Long Table can be referred to the website (NBS 2000b).

Long table

4.5 In contrast with the Short Table, the Long Table includes additional details, which reflects the structure and
compositionof targetpopulationmuchmoreconcretely. People surveyedby this typeof tableare stochastically
determined by NBS and each provincial government. Their scale accounts for 9.5% of total population. Their
statistical results, in the formof cross-classification tables, can be also accessed from the o�icial website. Since
there is not any other data in this study, these tabulations are treated as our criterion to evaluate each synthetic
population. The indicator adopted in our evaluation is the modified overall Relative Sum of Squared Z-scores
(RSSZm) (Huang & Williamson 2001). For a given similar scaled subset of population being compared to the
corresponding tabulations of the Long Table, that is:

RSSZm =
∑
k

∑
i

Fki(Oki − Eki)2

where

Fki =

{ (
CkOki

(
1− Oki

Nk

))−1
, if Oki 6= 0;

1
Ck
, if Oki = 0.

Oki is the generated count for the i-th cell of the k-th tabulation;

Eki is the given (known) count for the i-th cell of the k-th tabulation;

Nk is the total count of tabulation k;

Ck is the 5% χ2 critical value for tabulation k (where degrees of freedom are treated as n − 1 for a table
with n cells).

4.6 Details of the attributes in the LongTable are identical to the sample. It shouldbepointedout that the statistical
results from the Long Table have not provided us information about Registration Province and Registration
Type. Thus our evaluation is only established on the rest of 6 characteristics.

Results

5.1 The five methods, IPFSR, CO, SFF, MCMC and the proposed method (referred as JDI), are used to generate a
synthetic population of China. This section presents the results and gives an analysis about each synthetic
population. Before showing the evaluation of generated synthetic populations, independence test results are
presentedaccording toEquation 1. Table4showsChi-squarevaluesbetweenevery twoattributes. These results
all come from cross-classification tables of the total population. Note that the first line in each box is the Chi-
square value whose magnitude is 104, and the two items in the second line of each box are degree of freedom
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Gender Age
Inter.

Ethnic
Group

Res.
Prov.

Edu.
Level

Res.
Type

Age
Inter.

179.11
20/28.41 -

Ethnic
Group

3.59
57/71.04

533.61
1140/1078.88 -

Res.
Prov.

18.54
30/40.26

2677.44
600/644.8

281145.47
1710/1635.15 -

Edu.
Level

3315.31
9/14.68

5897.37
96/114.13

2958.93
513/554

7309.52
270/299 -

Res.
Type

1.79
2/4.61

1436.21
40/51.81

1763.42
114/133.73

11878.82
60/74.4

18372.58
18/25.99 -

Reg.
Prov.

54.45
31/41.42 - - 3493450.9

930/984.8 - 604.79
60/74.4

Reg.
Type

31.76
2/4.61 - - 7257.08

60/74.4 - -

Table 4: Independence Test Results. The first number is χ2 value (×104); the two in parenthesis are degree of
freedom and p-value(significance level α = 0.1)

No. Distributions Table Codes

1. Gender×Residence Type×Residential Province l0101a-l0101c
2. Gender×Residence Type×Age Interval l0102a-l0102c
3. Gender×Ethnic Group l0201, l0203
4. Gender×Residence Type×Educational Level l0301a-l0301c

Table 5: Partial Distributions Used in Population Evaluation

and p-value (significance level α = 0.1) respectively. As can be seen, no attribute is independent from others.
This causes us to infer associations among all variables.

5.2 Note that our proposed JDI method is a sample-free method, and aims at providing a more e�icient way than
the two existing sample-free methods for a large scale population synthesis. Thus besides comparing the dif-
ferent methods from the accuracy point of view, their computational cost (in terms of execution time) are also
measured and compared. Our goal is to show that the newmethod can generate synthetic population with the
same level of accuracy as the existing sample-free methods, but is much more computational e�icient. Mean-
while, since our data includes samples, it is possible to generate synthetic population using the sample-based
methods. The results from these sample-basedmethods are also presented, and comparing all these di�erent
methods (sample-based and sample-free) for a large scale population synthesis is also considered as one of the
contributions of this paper.

5.3 In our study, all the tables listed in Table 3 are used as the inputs of the sample-free methods. The scale of
synthetic population generated by the five methods is 1,242,612,226 (total Chinese population). According to
theLongTable scale, 9.5%of the synthetic populationsare stochastically extracted forquantitative evaluations.
In order to reduce the impacts of randomness, each experiment is conducted 5 times and averaged to obtain
the final results in this section. The evaluations are composed of two parts. Firstly, since Registration Type and
Registration Province are missing in the statistical results of the Long Table, marginal consistency of the rest
6 attributes (Gender, Age Interval, Ethnic Group, Residential Province, Educational Level, Residence Type) are
investigated. Secondly, partial joint distributions of specific attributes are also given in the Long Table results.
They can be used to calculate RSSZm value in a more detailed way. The RSSZm indicator has been introduced
in previous section, and the partial joint distributions adopted as our reference criterion are shown in Table 5.

Marginal consistency

5.4 Thepopulationsizesderived fromLongTableand fivemethodsare 118,067,424 (LongTable), 118,051,339 (IPFSR),
118,000,428 (CO), 118,042,198 (SFF), 118,051,699 (MCMC) and 118,049,388 (JDI), respectively. The minor di�er-
encestems fromthestochastic samplingaccording to9.5%. Figure2gives thestatistical resultof gendermarginal.
As can be seen, all errors are below 400,000which accounts for 0.66% (male) and 0.69% (female). The sample-
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Figure 2: Comparison of Gender (Frequencies and Relative Errors)

(a) (b)

Figure 3: Comparison of Age Interval

Figure 4: Comparison of Ethnic Group (Frequencies and Relative Errors)

basedmethod CO performs the best with its error 68,514 (male) and 1,518 (female).

5.5 The age interval marginal comparison is shown in Figure 3. Similarly, the two sample-based methods result in
more accurate match with the Long Table data, while the three sample-free ones have brought minor devia-
tions. The proposed JDI method shows a similar performance with other sample-free methods. The trend of
lines also indicates two “baby booms” in Chinese history.

5.6 Figure 4 gives comparison of ethnic groups, amongwhich themajor – Han group – accounts for over 90%and is
shown by the line with 1.14%, 0.37%, 0.94%, 0.80%, 1.16% relative errors. Individual numbers of other 55minor
ethnic groups are summarizedand shownby thebar figure. Their relative errors are all below5%. Unrecognized
ethnic group and foreigners are calculated in Table 6. It is important to note that IPFSR and CO do not contain
individuals from the unrecognized group. The reason of this phenomenon is our input sample does not include
this type of person. This “zero element” problem cannot be solved by the sample-basedmethods. Thus under
this condition, the limitations of the sample-basedmethods are apparent.

5.7 The populations for the 31 provinces of China are compared in Figure 5. Absolute deviations between the sam-
pled synthetic populations and the Long Table data are represented by di�erent color in the map. Note the
numerical range represented by each type of color in subfigure 5(b) is di�erent from others. As can be seen,
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Unrecognized Ethnic Group Foreigner

Long Table 47,523 110
IPFSR 0 65
CO 0 51,114
SFF 47,786 68
MCMC 51,307 79
JDI 33,191 27

Table 6: Numbers of Unrecognized Ethnic Group and Foreigner

(a) (b)

(c)

Figure 5: Comparison of Residential Province (a. IPFSR, SFF and JDI; b. CO; c. MCMC)

(a) (b)

Figure 6: Comparison of Educational Level

the CO result always outperforms others. This is due to its generation mechanism. Di�erent from others, CO
partitions the whole population into several parts and generates it one by one in its synthetic process. This ac-
curately controls synthetic population in smaller scales. Thus CO brings the best results. The figure also shows
the rest of the methods have similar errors.

5.8 For the educational level, the census only investigates individuals over 6 years old. Thus our evaluation also
focuses on these populations. The Long Table and five synthetic results are drawn in Figure 6. As can be seen,
eacheducatedgrouppercentageof thesemethods isnearly the same. Quantitatively, theaverage relativeerrors
are 3.20% (IPFSR), 1.49% (CO), 3.69% (SFF), 3.68% (MCMC) and3.68% (JDI). It seems that the sample canelevate
the accuracy of this marginal indicator.

5.9 The last marginal attribute is residence type, the results of which are presented in Figure 7. From the figure,
about two thirdsof thepeople are living in rural areas in 2000, andeach residence typehas a similar percentage.
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Figure 7: Comparison of Residence Type (Frequencies and Relative Errors)

Gender Age Inter. Ethnic Group Res. Prov. Edu. Level Res. Type
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE

IPFSR 0.64 377,799 3.69 268,701 12.68 123,982 3.25 178,383 3.20 372,811 1.04 348,894
CO 0.06 48,459 2.34 90,971 820.03 40,975 0.43 17,239 1.49 402,998 0.35 131,286
SFF 0.64 375,144 3.78 268,892 6.29 102,547 3.24 177,453 3.69 671,501 1.04 351,682
MCMC 0.65 382,058 3.90 269,218 7.52 87,432 3.29 178,076 3.68 676,170 1.02 345,182
JDI 0.64 380,026 12.88 266,461 27.18 126,592 3.26 178,052 3.68 639,449 1.05 351,318

Table 7: Mean Absolute Errors (%) and Root Mean Squared Errors of Marginals

Gender×Res.
Type×Res. Prov.
(l0101a-l0101c)

Gender×Res.
Type×Age Inter.
(l0102a-l0102c)

Gender×Ethnic Group
(l0201,l0203)

Gender×Res.
Type×Edu. Level
(l0301a-l0301c)

Total

IPFSR 1,053 1,358 8,020,954 1,055 8,024,420
CO 85 275 8,021,125 683 8,022,168
SFF 1,097 1,297 313 2,162 4,869
MCMC 1,098 8,962 310 245,325 255,695
JDI 1,101 1,312 3,446 2,109 7,968

Table 8: RSSZm Values of Partial Joint Distributions

It shows the five methods all have good results whenmeasured by this marginal.

5.10 Themarginal mean absolute errors (MAE) and root mean squared errors (RMSE) are computed in Table 7. Gen-
erally, the CO method has better performance than the others. And all of them show a relative worse result in
ethnic group, especially CO. The large MAE and RMSE deviations are also caused by the deficiency of specific
typeof individuals in sample. The three sample-freemethodshavea similar accuracy inmarginal consistencies.

Partial joint distribution consistency

5.11 Table 8 gives the RSSZm results which have been introduced before. Themain deviation comes fromGender×
Ethnic Group distribution, and the three sample-free methods generated better population databases than
the sample-based ones. The reason for this phenomenon is that the sample-free methods treat associations
among individual attributes reflected by partial joint distributions as their inputs, and these associations are
derived from the whole target population. Thus the sample-free methods are able to directly manipulate total
population associations rather than the sample which most likely carries deviation in sampling process. The
results also show SFF and JDI have relatively smaller RSSZm values.

5.12 MAE and RMSE of partial joint distributions are also calculated in Table 9. It can be seen that CO and MCMC get
the largestMAEandRMSE (most come fromGender×EthnicGroupandGender×ResidenceType×EducationalLevel
distributions), and IPFSR and SFF perform the best. Among the three sample-freemethods, SFF is a little better
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Gender×Res.
Type×Res. Prov.
(l0101a-l0101c)

Gender×Res.
Type×Age Inter.
(l0102a-l0102c)

Gender×Ethnic Group
(l0201,l0203)

Gender×Res.
Type×Edu. Level
(l0301a-l0301c)

Total

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
IPFSR 3.89 38,867 6.99 57,996 23.33 72,740 5.01 76,779 9.62 57,725
CO 1.72 7,384 5.95 21,297 1006.79 20,678 4.23 95,046 251.14 32,496
SFF 3.43 42,891 4.17 55,002 6.95 72,148 6.52 128,619 4.77 65,590
MCMC 3.47 42,982 9.74 150,972 8.30 68,748 321.04 805,836 34.72 256,976
JDI 3.43 43,077 24.58 54,881 28.99 81,885 5.96 122,407 15.64 67,347

Table 9: Mean Absolute Errors (%) and Root Mean Squared Errors of Partial Joint Distributions

Method Distribution Computing Population Realization Environment
IPFSR 08 Hour(s) 01 Min(s) 2 Day(s) 08 Hour(s) 18 Min(s) So�ware: C# .net framework
CO - 8 Day(s) 21 Hour(s) 50 Min(s) OS: Windows 7 (x64)
SFF - 6 Day(s) 16 Hour(s) 41 Min(s) CPU: Intel Core i7-4790
MCMC 6 Day(s) 21 Hour(s) 52 Min(s) 10 Hour(s) 57 Min(s) (8 cores, 3.6GHz)
JDI 03 Hour(s) 47 Min(s) 2 Day(s) 09 Hour(s) 38 Min(s) RAM: 8 GB

Table 10: Computational Performance

than JDI and they both outperformMCMC.

5.13 In summary, the population databases synthesized by the sample-based methods, especially CO, have better
performances on marginal indicators, while the sample-free methods generated populations that match par-
tial joint distributions more precisely. The SFF and JDI methods have similar accuracy among the sample-free
methods, both of which are a little higher than MCMC.

Computational performance

5.14 Synthesizing nationwide population database of China is a large project. Consequently, computational per-
formance is another importantmetric that should not be ignored. To achievemeaningful comparison from the
computational cost point of view, we implemented all the fivemethods in the sameprogramming environment
and run the methods on the same computer. More specifically, we implemented the five methods in C# .net
framework environment and run the programs on an Intel Core i7-4790 CPUwith 8 GB RAM. The execution time
is divided into two parts: distribution computing (if there is) and population realization. The averaged results
of the five methods are listed in Table 10.

5.15 It is clear that among the five methods, our proposed method JDI costs the least amount of execution time.
Although CO has relatively accurate results as aforementioned, it is also the most computationally expensive
one. During its computation, the total target population is partitioned into 100 parts and generated one by one
for its convergence. The MCMC method has the second worst performance when comparing with others. The
main reason is that MCMC builds its joint distribution by constructing an individual pool via discrete sampling
from the Markov Chain. According to the MCMC theory, a�er Gibbs sampler achieved its stationary state, suc-
cessive sampling should be prevented in order to avoid any correlations between two adjacently generated
individuals. To this end, synthetic individuals are usually drawn at a particular interval rather than from each
chain update. In our study, this interval is set to be 10 iterations. The size of the individual pool is set to be 50
million. Therefore, it costs a large amount of computation. The SFFmethod is a little better than MCMC. This is
mainly due to frequent updates on the individual pool, which causes substantial I/O operations on database.
In contrast with RAM access, database manipulation seems much slower. IPFSR is much faster than the above
three. It directly fits the joint distribution of the population and draws individuals. It directly fits the joint dis-
tribution of the population and draws individuals at a time. This approach, however, usually su�ers from rapid
growth in calculationas the investigatedattributes increase. Inour scenario, the theoretical numberof attribute
combinations is about 1.4 × 108 (including some zero cells in joint distribution). Fitting these combinations is,
undoubtedly, much complicated and soars its computational time. On the other hand, Monte Carlo realization
of individual records needs conditional probability rather than the joint distribution itself. Thus in contrast with
IPFSR, our JDI method directly calculates conditional distributions a�er each variable expansion. To a certain
extent, this reduces the computational complexity since the attribute combinations are much fewer at the be-
ginning of its computation. It should be pointed out that the access to database in all the five methods uses a
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Attributes Number of Levels Levels
Gender 2 Male, Female

District 12
ShiNan, ShiBei, SiFang, HuangDao,

LaoShan, LiCang, ChengYang, JiaoZhou,
JiMo, PingDu, JiaoNan, LaiXi

Residence Type 2 Urban, Rural

Educational Level 10
Infant, Not Educated, Liter. Class, Pri. Sch.,
Jun. Mid. Sch., Sen. Mid. Sch., Polyteh. Sch.,

College, University, Graduate
Age Interval 18 0-4, 5-9, · · · , 85 and above

Table 11: Attributes for the Population of Qingdao

No. Short Table (Inputs) No. Long Table (Evaluation Criteria)
1 District×Residence Type 1 Gender×District (for Age≥ 15)
2 Gender×District×Age Interval
3 Gender×District×Educational Level

Table 12: Two Types of Tables used as the Inputs and Evaluation Criteria

single-threaded pattern. Multi-threaded techniques are expected to accelerate the programs but more atten-
tion needs to be paid to the data synchronization.

A small area test

5.16 In order to further validate our proposedmethod, numerical experiments for a smaller area are also conducted.
We choose the population of Qingdao – a coastal city of middle size – to be our target population. The total
scale of the target population is about 7.5 million, much smaller than that of the whole nation. Similarly, our
available data source contains the regional overall cross-classification tables and the relevant Long Tables. But
the attributes and their input distributions revealed from this regional data are not as su�icient as those of
the nationwide. Specifically, the Long Tables only give theGender ×District frequencies of individuals whose
age are beyond 15. Table 11 shows the attributes considered. The distributions of the Short and Long Tables
are listed in Table 12. Since the disaggregate sample cannot distinguish among di�erent districts, two sample-
based methods are not able to generate synthetic population at this granularity. Here we only focus on the
sample-free methods.

5.17 Like thenationwidescenario, theexperiment is repeated5 timesandasmallproportionofeach result is stochas-
tically sampled according to the Long Table population scale. The sampled populations are evaluated respec-
tively, and the averaged final result is shown in Figure 8. As can be seen, the largest error is -7.76% andmost of
themarebelow5%. The threeRSSZmvalues are 18.6998(SFF), 8.1140(MCMC), and 10.2088(JDI). It indicates that
the latter two perform much better in general. As RSSZm measures the deviation between real and synthetic
data, the results also manifest the proposed algorithm is robust at the district level.

Conclusions and Discussions

6.1 Thepaper reviewed the existing fourmajor population synthesismethods—synthetic reconstruction, combina-
tory optimization, sample free fitting, and MCMC simulation—and then presented a new sample-free method
basedon jointdistribution inference. Thesemethodsareapplied tosynthesizeanationwidepopulationdatabase
ofChinabyusing its cross-classification tablesanda0.95%sample fromcensus. Themethodsareevaluatedand
compared quantitatively bymeasuringmarginal and partial joint distribution consistencies and computational
cost. Our results indicated that the two sample-based methods, IPFSR and CO, show a better performance on
marginal indicators, whereas the sample-free ones especially SFF and JDI give a relatively small error on partial
distributions. Moreover, the proposed JDI gets a better computational performance among the five methods.

6.2 Cross-classification tables, sample and long tables used in this paper are all from the census data, where data
inconsistency does not arise explicitly. As explained in Section IV, however, various data sources can be used
as the inputs to generate synthetic population. Adoptingmultiple input data sourcesmay probably su�er from
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Figure 8: Frequency and Relative Error of Qingdao Synthetic Population (M: Male, F: Female)

the data inconsistency, which will hamper the convergence of the computational process. Our proposed JDI
method can also cope with such problem to some extent. A�er an independence test, the joint distribution
inference of remaining associated variables also consists of distribution initialization and variable expansion.
Similarly, we can represent the constraints from twodata sources as a groupofmarginal or partial distributions.
Without loss of generality, assume that u(x1, · · · , xm) and v(x1, · · · , xn)(m ≤ n) are themost disaggregate ones
from the two groups respectively. There are several mechanisms that determine the initial distribution. For
example, a confidence evaluation of the two data sources can be conducted in advance and themore confiden-
tial one is used as the start point. Or alternatively, ifm = n (the variables in v but u can be folded to satisfy this
assumption), the following averages can be used as the initial distribution:

f(x1, · · · , xm) = α · u(x1, · · · , xm) + β · v(x1, · · · , xn)

Whereα, β ∈ [0, 1], α+β = 1 are the degrees of confidence. Once the initial distribution determined, it is analo-
gous to expand other variables by investigating the marginal and partial distributions from both data sources.
The full joint distribution will be finally achieved since each attribute is covered by at least one distribution.
In essence, this approach estimates a unique initial distribution as a benchmark, and retains the associations
among attributes frommultiple sources rather than a single one.

6.3 As shown in Section II and Appendix D, COusually partitions the target population into a set of smaller identical
parts, and generates each of them as the final result. Accordingly, the fitness criterion for each small part is
proportionally scaled down by the overall statistical marginals. Such operation will not bring bias to the CO
method. Here we give a brief analysis. Let PopN be the total target population (unknown), SN be the overall
statistical marginals used as the criterion, k be the partition number (integer). Then for the i-th part, we have
Popi = PopN/k and Si = SN/k. If we initially set a common convergence relative error εi = ε for every part,
the following equation holds when the iteration of part i stops:

εi = ε =
|Popi − Si|

Si
=
|PopN/k − SN/k|

SN/k
=
|PopN − SN |

SN
= εN

The above equation means that the error of total target population equals to the one for each part, regardless
of howmany parts are separated. Thus the operation is identical to directly computing the overall population.
In practice, the partition number is determined by the sample size (to guarantee each small part can be directly
generated) and the computer memory (to guarantee each part can be stored).

6.4 For sample-basedmethods, thebiasof input samplewill be retained in the final syntheticpopulation inevitably.
This can be avoided to some extent by sample-free techniqueswhich treat the total population features as their
start points. However, sample-freemethods cannotmerit the advantage of disaggregate sample—associations
among all the investigated attributes. Like others, the JDI proposed in this paper uses partial joint distributions
instead. But for those variables whose association with others cannot be estimated from known partial views
(for instance, only one marginal distribution involves a particular attribute, and the associations between this
attribute and other variables cannot be well estimated), sample is usually a direct and beneficial supplement.

6.5 Several possible directions can be extended in the future research. To name a few, two of them are put forward
here. Firstly, it is obvious that the census data play a much important role in population synthesis. It is even

JASSS, 20(4) 16, 2017 http://jasss.soc.surrey.ac.uk/20/4/16.html Doi: 10.18564/jasss.3533



more important when using sample-free methods. However, the available input data with desired quality are
not always possible, since the census results may contain errors to some extent in their survey and statistical
process. Therefore, other sorts of data, such as family andhousehold, need tobe introduced to reduce that kind
of errors. Related work has been conducting bymany scholars (see, e.g. Anderson et al. (2014) and Casati et al.
(2015)). Yet how to solve the conflict between individual and household level constraints requires further study.
Secondly, large scalepopulation synthesis and the subsequentmicro-simulationaremuch timeconsumingand
computational expensive. This low e�iciency usually leads to the loss of e�ectiveness in the computer-aided
decision making. Two possible approaches may contribute to the solution of this problem. One is expanding
the computational resources by introducing parallel and distributed computing. It involves massive data and
its synchronization in a distributed pattern, and thus deserves carefully researched. The other concerns the op-
timization of algorithms and simulationmodels. Building an extremely detailed agentmodel in the subsequent
micro-simulation is unfeasible andunnecessary. Thus, the principle and framework of establishing appropriate
agent behavioral models under available computational resources also require to be carefully considered.
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Appendix A: Convergence analysis

Since the IPFmethod proposed by Deming & Stephan (1940), its convergence has been extensively investigated
(Fienberg 1970), (Pretzel 1980), (Ruschendorf 1995), (Pukelsheim 2014). However, these related literatures have
only considered 2-dimensional case. This subsection will give a proof for a general case. In order to illustrate
the main thought, 3-dimensional case is firstly presented and then extended to a multivariate case.

Proposition 1 (3-dimensional case). Suppose the marginals of three positive real variables (X1, X2, X3) are
f(x1), f(x2) and f(x3). The result of k-th iteration can be written as

f (1)(x1, x2, x3)(k) =
f(x1, x2, x3)(k − 1)∑

x2,x3
f(x1, x2, x3)(k − 1)

· f(x1) (x1 fitted)

f (2)(x1, x2, x3)(k) =
f (1)(x1, x2, x3)(k)∑

x1,x3
f (1)(x1, x2, x3)(k)

· f(x2) (x2 fitted)

f (3)(x1, x2, x3)(k) =
f (2)(x1, x2, x3)(k)∑

x1,x2
f (2)(x1, x2, x3)(k)

· f(x3) (x3 fitted)

f(x1, x2, x3)(k) = f (3)(x1, x2, x3)(k)

Define L1 error as

L(k) =
∑
x1

∣∣∣∣∣ ∑
x2,x3

f(x1, x2, x3)(k)− f(x1)

∣∣∣∣∣+∑
x2

∣∣∣∣∣ ∑
x1,x3

f(x1, x2, x3)(k)− f(x2)

∣∣∣∣∣+∑
x3

∣∣∣∣∣ ∑
x1,x2

f(x1, x2, x3)(k)− f(x3)

∣∣∣∣∣
Then the L1 error monotonously decreases during its iteration.

Proof.WhenX1,X2 andX3 are fitted in turn during the k-th iteration, L1 errors are

L(1)(k) =
∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k)− f(x2)

∣∣∣∣∣+∑
x3

∣∣∣∣∣ ∑
x1,x2

f (1)(x1, x2, x3)(k)− f(x3)

∣∣∣∣∣
L(2)(k) =

∑
x1

∣∣∣∣∣ ∑
x2,x3

f (2)(x1, x2, x3)(k)− f(x1)

∣∣∣∣∣+∑
x3

∣∣∣∣∣ ∑
x1,x2

f (2)(x1, x2, x3)(k)− f(x3)

∣∣∣∣∣
L(3)(k) =

∑
x1

∣∣∣∣∣ ∑
x2,x3

f (3)(x1, x2, x3)(k)− f(x1)

∣∣∣∣∣+∑
x2

∣∣∣∣∣ ∑
x1,x3

f (3)(x1, x2, x3)(k)− f(x2)

∣∣∣∣∣
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Similarly for the (k + 1)-th iteration:

L(1)(k + 1) =
∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k + 1)− f(x2)

∣∣∣∣∣+∑
x3

∣∣∣∣∣ ∑
x1,x2

f (1)(x1, x2, x3)(k + 1)− f(x3)

∣∣∣∣∣
L(2)(k + 1) =

∑
x1

∣∣∣∣∣ ∑
x2,x3

f (2)(x1, x2, x3)(k + 1)− f(x1)

∣∣∣∣∣+∑
x3

∣∣∣∣∣ ∑
x1,x2

f (2)(x1, x2, x3)(k + 1)− f(x3)

∣∣∣∣∣
L(3)(k + 1) =

∑
x1

∣∣∣∣∣ ∑
x2,x3

f (3)(x1, x2, x3)(k + 1)− f(x1)

∣∣∣∣∣+∑
x2

∣∣∣∣∣ ∑
x1,x3

f (3)(x1, x2, x3)(k + 1)− f(x2)

∣∣∣∣∣
Consider the first item of L(1). There is

∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k)− f(x2)

∣∣∣∣∣ =∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k)−
∑
x1,x3

f (2)(x1, x2, x3)(k)

∣∣∣∣∣
=
∑
x2

∣∣∣∣∣ ∑
x1,x3

(
f (1)(x1, x2, x3)(k)− f (2)(x1, x2, x3)(k)

)∣∣∣∣∣
(5)

Note that
f (2)(x1, x2, x3)(k) =

f (1)(x1, x2, x3)(k)

ρ(x2)(k)

where

ρ(x2)(k) =

∑
x1,x3

f (1)(x1, x2, x3)(k)

f(x2)

Clearly, ρ(x2)(k) only depends on x2. Thus for a given x2, each f (1)(x1, x2, x3)(k) − f (2)(x1, x2, x3)(k) = (1 −
1

ρ(x2)(k)
) · f (1)(x1, x2, x3)(k) has the same sign, and Equation 5 can be written as

∑
x2

∣∣∣∣∣ ∑
x1,x3

(
f (1)(x1, x2, x3)(k)− f (2)(x1, x2, x3)(k)

)∣∣∣∣∣ = ∑
x1,x2,x3

∣∣∣∣∣f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k)

∣∣∣∣∣ (6)

According to triangle inequality, it can be obtained immediately that

∑
x1,x2,x3

∣∣∣∣∣f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k)

∣∣∣∣∣ ≥∑
x1

∣∣∣∣∣ ∑
x2,x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k)

)∣∣∣∣∣
=
∑
x1

∣∣∣∣∣ ∑
x2,x3

f (2)(x1, x2, x3)(k)− f(x1)

∣∣∣∣∣
(7)

On the other hand,

∑
x1

∣∣∣∣∣ ∑
x2,x3

f (2)(x1, x2, x3)(k)− f(x1)

∣∣∣∣∣ =∑
x1

∣∣∣∣∣ ∑
x2,x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k + 1)

)∣∣∣∣∣ (8)

where
f (1)(x1, x2, x3)(k + 1) =

f (2)(x1, x2, x3)(k)

ρ(x3)(k) · ρ(x1)(k + 1)

Note

ρ(x3)(k) =

∑
x1,x2

f (2)(x1, x2, x3)(k)

f(x3)

only depends on x3. And

ρ(x1)(k + 1) =

∑
x2,x3

f (3)(x1, x2, x3)(k)

f(x1)
=

1

f(x1)
·
∑
x2,x3

[
f (2)(x1, x2, x3)(k)∑

x1,x2
f (2)(x1, x2, x3)(k)

· f(x3)

]

Obviously,
∑
x1,x2

f (2)(x1, x2, x3)(k) only depends on x3. DenoteM (2)(x3) =
∑
x1,x2

f (2)(x1, x2, x3)(k) for con-
venience. Thus

ρ(x1)(k + 1) =
1

f(x1)
·
∑
x2,x3

[
f (2)(x1, x2, x3)(k)∑

x1,x2
f (2)(x1, x2, x3)(k)

· f(x3)

]
=

1

f(x1)
·
∑
x3

[
f(x3)

M (2)(x3)
·
(∑
x2

f (2)(x1, x2, x3)(k)
)]
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Again,
∑
x2
f (2)(x1, x2, x3)(k) only depends on x1 and x3. We denote it asN (2)(x1, x3) =

∑
x2
f (2)(x1, x2, x3)(k)

for convenience. Then

ρ(x1)(k + 1) =
1

f(x1)
·
∑
x3

[
f(x3)

M (2)(x3)
·
(∑
x2

f (2)(x1, x2, x3)(k)
)]

=
1

f(x1)
·
∑
x3

(
N (2)(x1, x3)

M (2)(x3)
· f(x3)

)

As can be seen, ρ(x1)(k + 1) is not relevant to x2. Consequently, for any x2, each∑
x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k + 1)

)
=
∑
x3

(
1− 1

ρ(x3)(k) · ρ(x1)(k + 1)

)
f (2)(x1, x2, x3)(k)

has the same sign, and Equation 8 can be written as

∑
x1

∣∣∣∣∣ ∑
x2,x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k + 1)

)∣∣∣∣∣ = ∑
x1,x2

∣∣∣∣∣∑
x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k + 1)

)∣∣∣∣∣
Also, the triangle inequality leads to

∑
x1,x2

∣∣∣∣∣∑
x3

(
f (2)(x1, x2, x3)(k)− f (1)(x1, x2, x3)(k + 1)

)∣∣∣∣∣ ≥∑
x2

∣∣∣∣∣ ∑
x1,x3

(
f (1)(x1, x2, x3)(k + 1)− f (2)(x1, x2, x3)(k)

)∣∣∣∣∣
=
∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k + 1)− f(x2)

∣∣∣∣∣
(9)

From Equation 5 to Equation 9, there is

∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k)− f(x2)

∣∣∣∣∣ ≥∑
x2

∣∣∣∣∣ ∑
x1,x3

f (1)(x1, x2, x3)(k + 1)− f(x2)

∣∣∣∣∣
Similarly, the second item of L(1) holds

∑
x3

∣∣∣∣∣ ∑
x1,x2

f (1)(x1, x2, x3)(k)− f(x3)

∣∣∣∣∣ ≥∑
x3

∣∣∣∣∣ ∑
x1,x2

f (1)(x1, x2, x3)(k + 1)− f(x3)

∣∣∣∣∣
Therefore, L(1)(k) ≥ L(1)(k + 1). L(2)(k) and L(3)(k) can be proved analogously.

The general case is discussed below.

Proposition 2 (multivariate case). Suppose the marginals of n positive real variables (X1, · · · , Xn) are f(x1),
· · · , f(xn). Each variable in the k-th iteration is fitted in turn as

f (1)(x1, · · · , xn)(k) =
f(x1, · · · , xn)(k − 1)∑

x2,··· ,xn f(x1, · · · , xn)(k − 1)
· f(x1), (x1 fitted)

f (2)(x1, · · · , xn)(k) =
f (1)(x1, · · · , xn)(k)∑

x1,x3,··· ,xn f
(1)(x1, · · · , xn)(k)

· f(x2), (x2 fitted)

...

f (n)(x1, · · · , xn)(k) =
f (n−1)(x1, · · · , xn)(k)∑

x1,··· ,xn−1
f (n−1)(x1, · · · , xn)(k)

· f(xn). (xn fitted)

Then the L1 error monotonously decreases during its iteration.

Proof. The L1 errors are

L(1)(k) =
∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

f (1)(x1, · · · , xn)(k)− f(x2)

∣∣∣∣∣+ · · ·+∑
xn

∣∣∣∣∣ ∑
x1,··· ,xn−1

f (1)(x1, · · · , xn)(k)− f(xn)

∣∣∣∣∣
...

L(n)(k) =
∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

f (n)(x1, · · · , xn)(k)− f(x1)

∣∣∣∣∣+ · · ·+ ∑
xn−1

∣∣∣∣∣ ∑
x1,··· ,xn−2,xn

f (n)(x1, · · · , xn)(k)− f(xn−1)

∣∣∣∣∣
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As the 3-dimensional case, the first item of L(1) has

∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

f (1)(x1, · · · , xn)(k)− f(x2)

∣∣∣∣∣ =∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

(f (1)(x1, · · · , xn)(k)− f (2)(x1, · · · , xn)(k))

∣∣∣∣∣
=
∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

(
1− 1

ρ(x2)(k)

)
· f (1)(x1, · · · , xn)(k)

∣∣∣∣∣ = ∑
x1,x2

∣∣∣∣∣ ∑
x3,··· ,xn

(
1− 1

ρ(x2)(k)

)
· f (1)(x1, · · · , xn)(k)

∣∣∣∣∣
(Given x2, each 1− 1

ρ(x2)(k)
has the same sign)

≥
∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

(
1− 1

ρ(x2)(k)

)
· f (1)(x1, · · · , xn)(k)

∣∣∣∣∣ =∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

f (2)(x1, · · · , xn)(k)− f(x1)

∣∣∣∣∣
(triangle inequality)

On the other hand,

∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

f (2)(x1, · · · , xn)(k)− f(x1)

∣∣∣∣∣ =∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

(f (2)(x1, · · · , xn)(k)− f (1)(x1, · · · , xn)(k + 1))

∣∣∣∣∣
=
∑
x1

∣∣∣∣∣ ∑
x2,x3,··· ,xn

(
1− 1

ρ(x3)(k) · · · ρ(xn)(k) · ρ(x1)(k + 1)

)
· f (2)(x1, · · · , xn)(k)

∣∣∣∣∣
=
∑
x1,x2

∣∣∣∣∣ ∑
x3,··· ,xn

(
1− 1

ρ(x3)(k) · · · ρ(xn)(k) · ρ(x1)(k + 1)

)
· f (2)(x1, · · · , xn)(k)

∣∣∣∣∣
(10)

This is because each ∑
x3,··· ,xn

(
1− 1

ρ(x3)(k) · · · ρ(xn)(k) · ρ(x1)(k + 1)

)
· f (2)(x1, · · · , xn)(k)

has the same sign given x1. Thus

∑
x1

∣∣∣∣∣ ∑
x2,··· ,xn

f (2)(x1, · · · , xn)(k)− f(x1)

∣∣∣∣∣
≥
∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

(
1− 1

ρ(x3)(k) · · · ρ(xn)(k) · ρ(x1)(k + 1)

)
· f (2)(x1, · · · , xn)(k)

∣∣∣∣∣ (triangle inequality)
=
∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

f (1)(x1, · · · , xn)(k + 1)− f (2)(x1, · · · , xn)(k)

∣∣∣∣∣ =∑
x2

∣∣∣∣∣ ∑
x1,x3,··· ,xn

f (1)(x1, · · · , xn)(k + 1)− f(x2)

∣∣∣∣∣
Similarly, there is

∑
xi

∣∣∣∣∣ ∑
x1,··· ,xi−1,xi+1,··· ,xn

f (1)(x1, · · · , xn)(k)− f(xi)

∣∣∣∣∣ ≥∑
xi

∣∣∣∣∣ ∑
x1,··· ,xi−1,xi+1,··· ,xn

f (1)(x1, · · · , xn)(k + 1)− f(xi)

∣∣∣∣∣
(i = 3, · · · , n)

Thus L(1)(k) ≥ L(1)(k + 1). Other L(i)(k) ≥ L(i)(k + 1), (i = 2, · · · , n) can be proved analogously.

Appendix B: Examples of cross-classification tables

Province Beijing Tianjin Hebei Shanxi_1 Neimeng Liaoning Jilin · · ·
Male 4,975,203 2,710,200 5,815,353 3,692,451 2,883,486 9,314,261 4,682,167 · · ·
Female 4,521,485 2,603,502 5,682,752 3,510,536 2,788,715 9,138,626 4,571,061 · · ·

Table 13: (Gender ×ResidentialProvince×ResidenceType) Cross-Classification Table (City, t0101a)
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Province Beijing Tianjin Hebei Shanxi_1 Neimeng Liaoning Jilin · · ·
Male 529,781 905,488 3,103,386 2,193,311 2,203,757 2,290,004 2,066,634 · · ·
Female 495,995 870,622 2,958,606 2,035,697 2,082,875 2,223,185 1,990,736 · · ·

Table 14: (Gender ×ResidentialProvince×ResidenceType) Cross-Classification Table (Town, t0101b)

Province Beijing Tianjin Hebei Shanxi_1 Neimeng Liaoning Jilin · · ·
Male 1,569,534 1,400,687 25,017,594 10,914,996 6,974,372 9,719,118 6,971,946 · · ·
Female 1,477,196 1,358,232 24,106,728 10,124,251 6,390,142 9,139,218 6,519,647 · · ·

Table 15: (Gender ×ResidentialProvince×ResidenceType) Cross-Classification Table (Rural, t0101c)

Appendix C: Individual attributes of sample and long table

For each person For citizens
≥ 6 year old

For citizens
≥ 15 year old

For female
≥ 15 year old

Attributes Attributes Attributes Attributes Attributes
Name Registration type Literate or not Employ status Number of children

Relation to
the householder Place of birth Educational level Industry Number of

survival children

Gender Date of dwelling
in current place Academic completion Occupation Gender of children

Age Ancestral
native place Marital status

Ethnic group Ancestral native
place type

Registration
condition

Reason of
migration

Table 16: Individual Attributes of Sample and Long Table
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Appendix D: Pseudo-codes

Let xi(i = 1, · · · , n) be the variable (in this paper, n = 8) with its value set Vi = vj(j = 1, · · · , di). Pseudo codes
of the five algorithms are Algorithms 1 to 5.

Algorithm 1 IPFSR
Input :

Each marginal frequencyM(xi = vi), where vi ∈ Vi. Disaggregate sample D. Synthetic population scale
PopSize.

Output :

Synthetic population dataset.
1: Calculate initial frequencies under each variable combination:
f (0)(x1 = v1, · · · , xn = vn),∀v1 ∈ V1, · · · ,∀vn ∈ Vn

2: repeat
3: for i = 1 to n do
4: Update xi: f (i)(x1 = v1, · · · , xn = vn) =

f(i−1)(x1=v1,··· ,xn=vn)∑
∀vi∈Vi

f(i−1)(x1=v1,··· ,xn=vn)
·M(xi = vi)

5: end for
6: Let f (0)(x1 = v1, · · · , xn = vn) = f (n)(x1 = v1, · · · , xn = vn)

7: until Convergence
8: for i = 1 to PopSize do
9: UseMonte Carlo simulation to drawan individual record, IndRec, according to the obtained distribution.

10: Save IndRec to the dataset.
11: end for
12: return dataset

Algorithm 2 CO
Input :

Each marginal frequencyM(xi = vi), where xi ∈ Vi. Disaggregate sample D. Synthetic population scale
PopSize.

Output :

Synthetic population dataset.
1: Divide the studied area into several regions (in this paper, we set 100 parts). The region number is denoted
asRegNum.

2: for each region do
3: Extract a random sample fromD with the scale of PopSize/RegNum as the initial population Pop
4: Calculate the fitness F of the initial dataset Pop
5: Swap two random individuals from Pop andD respectively
6: if F (beforeswap) > F (afterswap) then
7: let Pop = Pop(beforeswap)

8: else
9: let Pop = Pop(afterswap)

10: end if
11: if F reaches the stop condition then
12: save Pop to the dataset
13: else
14: go to 5
15: end if
16: end for
17: return dataset
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Algorithm 3 SFF
Input :

Partial frequencies ParFre (cross-classification tables listed in Table 3 in this paper).
Synthetic population scale PopSize.

Output :

Synthetic population dataset.
1: Construct an individual pool indPoolwith the scale of PopSize from the table in ParFre at most disaggre-
gated level.
(Gender ×ResidenceType×ResidentialProvince× EthnicGroup/t0106a− t0106c, in this study)

2: for each other variable xi: do
3: Update xi of each record according to its marginal from the table at most disaggregated level.

(AgeInterval/t0107a− t0107c, EducationalLevel/t0401a− t0401c,RegistrationType/t0102, t0105,
RegistrationProvince/t0701a− t0701c, t0702a− t0702c sequentially)

4: end for
5: for each rest table T in ParFre do
6: Update indPool by shi�ing its individuals with problematic attribute values to match T .
7: end for
8: return dataset

Algorithm 4MCMC
Input :

Partial frequencies ParFre (cross-classification tables listed in Table 3 in this paper).
Number of transfer, TranNum. Sample interval, Interval. Synthetic population scale PopSize.

Output :

Synthetic population dataset.
1: For each xi, construct the incomplete conditional distribution at most disaggregated level, Pxi|x(−i).
2: Generate an individual record as the initial seed randomly: SeedInd.
3: repeat
4: for each xi: do
5: Update xi of the SeedInd according to Pxi|x(−i).
6: end for
7: until TranNum times. (in this paper, we set TranNum = 1, 000, 000)
8: Let k = 0.
9: repeat
10: for each xi: do
11: Update xi of the SeedInd according to Pxi|x(−i).
12: end for
13: k ← k + 1.
14: if k%Interval == 0 (in this paper, we set Interval = 10) then
15: Save SeedInd to the dataset.
16: end if
17: until the scale of dataset reaches PopSize
18: return dataset
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Algorithm 5 JDI
Input :

Partial frequencies ParFre (cross-classification tables listed in Table 3 in this paper).
Synthetic population scale PopSize.

Output :

Synthetic population dataset.
1: Conduct independence test to determine associated variable sets.
2: for each associated variable set: do
3: Select the most disaggregated table in ParFre as the initial distribution F .

(Gender ×ResidenceType×ResidentialProvince× EthnicGroup/t0106a− t0106c, in this study)
4: repeat
5: Select the most disaggregated table in the rest of ParFre as the partial distributionG.
6: if F andG have common variables then
7: if ParFre contains a tableH that covers the di�erent variables between F andG then
8: UseH as the initial distribution, F andG as twomarginal distributions.
9: Adopt IPF to obtain a partial distribution Ĥ.
10: ExpandF with Ĥ. (in this paper, we sequentially expand: AgeIntervalwith t0201a-t0201c (G) and

t0107a-t0107c (H),EducationalLevelwith t0108 (G) and t0401a-t0401c (H))
11: else
12: Expand F with G by multiply F and PG|F . (in this paper, RegistrationType with t0102, t0105,

RegistrationProvincewith t0102, t0702a-t0702c)
13: end if
14: else
15: Use the product of F andG to expand F .
16: end if
17: until F covers all the variables.
18: end for
19: Multiply each F to get the final joint distribution.
20: for i = 1 to PopSize: do
21: UseMonteCarlo simulation todrawan individual record, IndRec, according to the final joint distribution.

22: Save IndRec to the dataset.
23: end for
24: return dataset

Notes

1In order to evaluate the quality of the 5th census, theNBS conducted a post-enumeration survey for quality
check. 602 nationwide census blocks were stochastically determined by the Stratified Sampling, and were in-
vestigated two weeks a�er the census. Results of these blocks from the survey and the census were compared
to calculate deviations. Themissing rate for the total recorded population is estimated from theweighted sum-
mary of the deviations.
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