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Abstract Socioeconomic Status (SES) is an important eco-
nomic and social aspect widely concerned. Assessing indi-
vidual SES can assist related organizations in making a va-
riety of policy decisions. Traditional approach suffers from
the extremely high cost in collecting large-scale SES-related
survey data. With the ubiquity of smart phones, mobile phone
data has become a novel data source for predicting indi-
vidual SES with low cost. However, the task of predicting
individual SES on mobile phone data also proposes some
new challenges, including sparse individual records, scarce
explicit relationships and limited labeled samples, uncon-
cerned in prior work restricted to regional or household-
oriented SES prediction. To address these issues, we propose
a semi-supervised Hypergraph-based Factor Graph Model
(HyperFGM) for individual SES prediction. HyperFGM is
able to efficiently capture the associations between SES and
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individual mobile phone records to handle the individual
record sparsity. For the scarce explicit relationships, Hyper-
FGM models implicit high-order relationships among users
on the hypergraph structure. Besides, HyperFGM explores
the limited labeled data and unlabeled data in a semi-supervised
way. Experimental results show that HyperFGM greatly out-
performs the baseline methods on a set of anonymized real
mobile phone data for individual SES prediction.

Keywords Socioeconomic status · Mobile phone data ·
Hypergraph · Factor graph

1 Introduction

Socioeconomic Status (SES) is an indicator that measures
an individual, a household or a region’s economic and so-
cial position in relation to others, which is typically divided
into three levels (high, middle, and low)1. The rich infor-
mation carried by SES not only helps governments and re-
search institutes study and make public policies, but also as-
sists in meeting the needs of target clients by evaluating their
purchasing power from a commercial perspective. Further-
more, SES can benefit a wide range of other fields, such as
health [17,29], education [21] and public transportation [5].
National statistical offices measure socioeconomic informa-
tion typically by a large number of personal/household inter-
views. However, assessing SES for a whole country/region’s
population by this method is extremely expensive and time-
consuming (e.g., usually once every 5 to 10 years). It is crit-
ical to develop a low-cost means for timely capturing and
assessing individual SES in a population.

Due to the worldwide ubiquity of smart phones, mobile
phone data captures abundant information regarding personal
social attributes, relation networks and mobility patterns in

1 https://en.wikipedia.org/wiki/Socioeconomic status
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a large-scale population, which to some extent reflects SES.
Hence, mobile phone data has been used as a novel data
source for efficiently inferring SES with low cost. Some ef-
forts have been made to infer regional or household SES
from mobile phone data by directly applying classic super-
vised machine learning methods [4,10,23]. Different from
prior work that concentrates on aggregated records of a re-
gion/household, we are motivated to study the SES predic-
tion on mobile phone data at an individual level, the first
trial in the community as far as we know. Intuitively, even
living in the same household, several individuals probably
share different SES levels. Inferring the individual SES pro-
vides the finest level of evidence and indication to improve
the quality of corresponding public policies-making. Fur-
thermore, it can enable numerous fine-grained applications
at an individual level, such as precision marketing, fine ser-
vice and assessment. However, individual SES prediction on
mobile phone data proposes several main challenges:

– Sparse individual records. Compared with aggregated
records of a region/household, a large portion of indi-
vidual mobile phone users actually generate sparse valid
usage records every day. With the ubiquity of WiFi, in-
dividual records that telco service providers can identify
are becoming rarer. For example, 71.9% users generate
less than two valid daily records in the data provided by
an ISP in China. It is difficult to explore enough infor-
mation from sparse individual records for revealing per-
sonal SES as done in the existing SES prediction work,
thus causing poor prediction performance.

– Scarce explicit relationships. Due to the increasing pop-
ularity of mobile communication applications like What-
sApp and Wechat, an increasing number of mobile phone
users are giving up traditional voice calling and SMS
services2. Subsequently, the communication relationships
built in these mobile applications are disconnected from
ISP-provided mobile phone data. Therefore, explicit re-
lationships among users extracted from mobile phone
records become scarce, which makes the methods based
on such relationships failed to work.

– Limited labeled samples. Since the cost of assessing
individual SES by existing methods is extremely high,
it is rather difficult to obtain enough SES-labeled sam-
ples for learning models. To the best of our knowledge,
prior work on the SES prediction only employ super-
vised learning methods to predict SES, which does not
work well on data with limited labeled samples.

To simultaneously address the above challenges for en-
abling individual SES prediction from mobile phone data,
we propose a novel semi-supervised probabilistic model called
Hypergraph-based Factor Graph Model (HyperFGM). First,
to reduce the performance loss caused by the individual record

2 http://uk.businessinsider.com/

sparsity, leveraging the idea of factor graph model, Hyper-
FGM utilizes customized factor functions to efficiently cap-
ture the correlations between SES and numerous attributes
of users extracted from individual mobile phone records,
which significantly exploits the power of sparse records com-
pared with the prior methods on SES prediction. Second,
to address the explicit relationship scarcity problem, Hyper-
FGM leverages the advantage of hypergraph on high-order
relationship modeling to model implicit high-order relation-
ships among users based on the hypergraph structure, which
avoids the performance loss caused by ignoring the implicit
high-order relationships. Third, for handling the limited la-
beled samples, HyperFGM explores both labeled and unla-
beled data on a hypergraph network in a semi-supervised
way, thereby achieving better performance than supervised
learning methods in prior SES prediction work.

Furthermore, compared with our proposed hypergraph-
based factor graph model, traditional hypergraph-based mod-
els [7,20,33], focusing on the relationships among objects,
need to convert the numerous attributes of objects into var-
ious relationships among objects, causing conversion loss.
Traditional factor graph models [25,27,30] only consider
objects’ attributes and explicit pair-wise relationships be-
tween objects in a simple graph, which ignore implicit and
high-order relationships among objects. However, there ac-
tually exist many complex high-order relationships among
objects [33]. Therefore, in order to solve the disadvantages
of these two traditional methods, HyperFGM, combining
hypergraph-based model and factor graph model into one
model, predicts individual SES by not only directly consid-
ering the SES-related attributes of users but also modeling
the implicit high-order mobility pattern-based relationships
among users in the hypergraph structure.

We demonstrate the feasibility and power of HyperFGM
on individual SES prediction using a set of anonymized real
mobile phone data collected from a major ISP in China. Ex-
perimental results indicate that HyperFGM outperforms pre-
vious work on SES prediction by 5-22% w.r.t. the F1-score
and provides a considerable improvement (2-9%) compared
with the state-of-the-art hypergraph-based methods and fac-
tor graph methods. It is worth to note that the proposed Hy-
perFGM is a general semi-supervised classification method,
which can be applied not only to the SES prediction problem
but also to other similar tasks.

Our major contributions in this paper are summarized as
follows.

– We first identify the issue of predicting individual SES
from mobile phone data. To our knowledge, no previous
work has extensively studied this issue.

– We propose a semi-supervised probabilistic hypergraph
model, HyperFGM, to solve the SES prediction prob-
lem, which jointly considers user attributes and high-
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order relationships among users based on the hypergraph
structure.

– We apply our model on a collection of anonymized real
mobile phone data. Experimental results show that Hy-
perFGM outperforms the baseline models.

The rest of the paper is organized as follows: Section 2
discusses related work. Section 3 shows the data collection.
Section 4 describes the proposed HyperFGM model. Section
5 evaluates the prediction performance of HyperFGM with
extensive experiments. Finally, Section 6 concludes the pa-
per.

2 Related Work

SES prediction on mobile phone data emerges as a very re-
cent application of artificial intelligence (AI) for social and
economic good. One direction is to investigate the relation
between regional economic development and mobile phone
usage. [22] analyzed cell phone data from two countries to
extract a set of important features correlated with poverty in-
dexes. [15] defined several indicators of mobile phone usage
to analyze their correlations with economic status indicators.
Other efforts are on applying classic supervised machine
learning techniques to predict regional or household SES.
[23] applied SVM and Random Forest on the aggregated cell
phone records to predict regional SES. [10] introduced a su-
pervised LDA-based topic modeling approach to inferring
regional SES from large-scale spatio-temporal calling data.
[4] developed a deterministic finite automation (DFA)-based
method to generate a large number of features and relied on
a linear regression method (elastic net) to predict the SES
of each household in Rwanda on mobile phone data. How-
ever, these classic supervised learning methods cannot solve
three challenges mentioned above, would lead to poor per-
formance in predicting individual SES from mobile phone
data.

Factor graph based models, as a specific type of graph-
ical models, have been widely applied in many areas, such
as social network modeling, disease forecasting and medi-
cal informatics. [25] proposed a partially-labeled pairwise
factor graph model by considering pairwise relations and at-
tribute factors to infer social tie. [30] proposed a sparse fac-
tor graph model to forecast potential diabetes complications.
[27] presented a probabilistic-graphical model to infer char-
acteristics of instantaneous brain activities by jointly analyz-
ing spatial, temporal and observational relationships in elec-
troencephalograms. However, these traditional factor graph
models are unable to exploit high-order relationships among
objects. To formulate the complex relationships among ob-
jects beyond pairwise relationship, hypergraph learning has
obtained some interest recently. [33] extended spectral clus-
tering methods from graphs to hypergraphs and further pro-
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Fig. 1: Distribution of average daily record count of each user.

posed a transductive learning model. [12] proposed to em-
ploy the hypergraph structure to formulate the relationship
among images. [7] proposed to employ the weighted multi-
ple hypergraphs to formulate the higher order relationships
among objects. [20] modeled multi-way relations as hyper-
graphs and extended the discriminative random walk (DRW)
framework, originally proposed for transductive inference
on single graphs, to the case of multiple hypergraphs. These
hypergraph learning methods focus on the relationship called
hyperedge and need to convert the attributes of objects into
various relationships among objects, which causes some con-
version loss. To our knowledge, there is no effort on directly
considering the attributes of objects to well exploit the de-
pendencies between a large number of real-valued attributes
of objects and label.

3 Data Collection

Before presenting our proposed model, we first describe the
data used in our work. The data was provided by our collab-
orator, a major ISP in China. We got the anonymized mobile
phone’s Internet records of 317 active mobile phone users
(each user generated more than 50 records in a given pe-
riod) who agree to provide their personal SES-related infor-
mation, including occupation, education, income for this re-
search. The data contains these users’ Internet records from
October 31, 2016 to February 13, 2017 from the city of
Shanghai, one of the largest cities in China. For the user
privacy and ISP’s privacy agreement, the data can be only
used for our research. Each user averagely generated about
219 valid records in the period. As shown in Figure 1, most
of users generate very sparse daily records. The key data
statistics are summarized in Table 1.

In our dataset, each user has an Internet record sequence
generated from his/her mobile phone during the given pe-
riod. Each record provided by the ISP contains the anonymized
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Table 1: Description of dataset
Location Shanghai, China

Time duration Oct.31, 2016-Feb.13, 2017
Number of users 317

Number of records 69621

userID, the occurred time and the Uniform Resource Loca-
tor (URL). A URL indicates the address of a resource on the
Internet, specifically, the HTTP and HTTPS requests issued
from user to the cellular towers. As shown in the previous
studies [11,14], a user’s spatio-temporal mobility pattern
is correlated with his/her socioeconomic status. Besides, in
order to make our work applicable to traditional call de-
tail records (CDRs) and other location-based data, our work
mainly focus on spatio-temporal information, i.e., latitude-
longitude pair and timestamp, to exploit the power of mo-
bile phone records for predicting individual SES. Through
analyzing the content of URL, we find that the URLs gener-
ated from location-based mobile applications mostly con-
tain GPS location information. For example, if a URL is
“http://www. example.com/...lat=i&lng=j...”, then we can
extract a latitude-longitude pair (i, j) from it. Through this
extraction, we can obtain a set of spatio-temporal data from
the raw data, which will be used for the SES prediction in
our work.

In order to obtain the SES label for each user, a soci-
ologist mapped users into three SES levels, which are high
(level A), middle (level B), or low (level C) level, according
to their personal SES-related information [2,9,19]. Finally,
in our data, the resultant user distribution across classes is
70 users with Level A, 160 users with Level B and 87 users
with Level C. Consequently, like most previous work [10,
13,23] on SES level prediction, our work regards the SES
prediction as a classification problem. To be more specific,
the aim of our work is to predict a SES label (high, middle
or low) for each individual user as accurately as possible.

4 The HyperFGM Model

The purpose of our work is to predict individual SES based
on mobile phone user’s records, which proposes three main
challenges. To address these challenges, in this section, we
propose and introduce the proposed HyperFGM for the in-
dividual SES prediction.

– For the sparse individual records, we leverage factor graph
model to efficiently capture the correlations between SES
and mobile phone records, which can greatly enhance
the performance compared with classic machine learn-
ing methods [30]. To this end, we first extract SES-related
user attributes from sparse mobile phone data through
employing a DFA-based method and a relief-based fea-

ture selection method. Then in the HyperFGM, we de-
fine attribute factor functions to represent the correla-
tions between SES and each attributes.

– For the scarce explicit relationships, we first extract se-
mantic mobility pattern similarity between users as im-
plicit relationships, and then construct a hypergraph net-
work structure among users based on the mobility pat-
tern similarity to capture more implicit high-order re-
lationships among users. Through defining hyperedge
factor function in HyperFGM, we utilize these implicit
high-order relationships among users to enhance the pre-
diction performance.

– For the limited labeled samples, HyperFGM can explore
both labeled and unlabeled data in a semi-supervised
way. Specifically, the input data to our model is partially
labeled so that the prediction model is learned by lever-
aging the labeled data and unlabeled data on the hyper-
graph network to infer the unknown label.

In this section, we first present the SES-related user at-
tribute extraction from mobile phone’s Internet records, and
then propose a hypergraph construction method based on
their semantic mobility patterns for exploring the implicit
high-order relationships among users, as shown in Figure 2.
Lastly, HyperFGM is conducted based on the user attributes
and the hypergraph structure to infer the SES of each mobile
phone user.

4.1 SES-related User Attribute Extraction

We first preprocess the obtained records for the user attribute
extraction. The first step utilizes a stay point estimating method
proposed by Ye et al. [31] to obtain the stay points of each
user. A stay point represents a geographic region in which
the user stays for a while, which carries its semantic mean-
ing, such as home, working place and the spot the user trav-
eled. The second step employs the Baidu Map API and a
land price crawler to obtain semantic location information,
including POI type, city level and land price.

The user attribute extraction transforms each user’s mo-
bile phone’s Internet records into a set of SES-correlated at-
tribute metrics. To this end, we first employ a DFA-based
method [18] to generate a large number of potentially corre-
lated attributes. In our work, the structured and combinato-
rial method automatically generates more than 400 attributes
from the records. These user attributes are generated from
different attribute spaces such as the record volume, move-
ment distance, POI type, city level and land price. For each
attribute space, we compute all possible attributes such as
mean, maximum, minimum, standard deviation, sum, radius
of gyration and count/fraction of unique values over time.

To eliminate irrelevant attributes, we utilize a relief-based
feature selection method, MultiSURF* [8,26] to select SES-
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related user attributes according to the importance score rank-
ing. In our work, top 20% attributes are selected as the final
attribute input for the best prediction performance. As a re-
sult, for each user vi, there is an associated attribute vector
xi, in which each element denotes a user attribute.

4.2 Mobility Pattern-based Hypergraph Construction

In this part, we aim at generating the implicit high-order mo-
bility pattern relationships among users, namely, high-order
relationships among users on a hypergraph structure based
on users’ semantic mobility patterns. As mentioned above,
users with the same SES are more likely to have similar mo-
bility patterns. For instance, persons, who typically stay in
office during the daytime of a workday and visit entertain-
ment places on the weekend, might belong to the same SES.
Inspired by this intuition, we first extract the semantic mo-
bility pattern of each user by leveraging POI types and oc-
curred time. A user’s semantic mobility motifs can be de-
fined as follows.

Definition 1. Semantic Mobility Motifs. A user vi has
a set of semantic spatio-temporal records {si1, si2, ..., sim}.
Each record is a tuple of s = (t, p), which means that the
user visited the POI type p at time t. Our work divides the
time into workday/weekend and day/night so that a semantic
mobility motif is defined as smm = (w, d, p) if a user was
at the POI p at time (w, d) where w = 1 if the time is in
a workday otherwise 0; d = 1 if it is daytime otherwise 0.
Hence, a user vi’s semantic mobility sequence is represented
as smi = {smmi1, smmi2, ..., smmim}.

Given the defined semantic mobility motifs, we employ
Latent Dirichlet Allocation (LDA) [3], a topic modeling method,
to extract individual’s semantic mobility patterns from mo-
bility motifs. Each semantic mobility motif is regarded as
a word and a user’s semantic mobility sequence is treated
as a document. As a result, each user’s mobility pattern is
represented as a topic distribution vector. Given two users’
topic distribution vectors mi,mj , using a distance metric
for probability distribution called Jensen–Shannon Diver-
gence [6], the mobility pattern distance between each pair
of users can be calculated as:

Mdistance(i, j) =
1

2
DKL(mi||M)+

1

2
DKL(mj ||M) (1)

where M = 1
2 (mi + mj), DKL is the Kullback-Leibler

Divergence which defines the divergence from distribution
p to q as: DKL(p||q) =

∑
i p(i) log

p(i)
q(i) .

Based on the mobility pattern distance, we build a hy-
pergraph structure G = (V,E), where V represents a set
of vertices (users), E is the hyperedge set such that for any
hyperedge ei ∈ E, ei ⊆ V . Different from a simple graph
that only contains pair-wise edges, the hypergraph is a graph
where an edge called hyperedge can connect more than two

vertices. Accordingly, to build the hypergraph, by using the
star expansion strategy [12], we take each vertex as a cen-
troid and generate a hyperedge for this vertex by connect-
ing this centroid and its k-1 nearest neighbors. The strength
of connectivity is determined by the mobility pattern dis-
tance between the centroid vertex and the other vertices.
That is, each hyperedge connects k vertices. Following this
construction method, we can choose different k (e.g., k =

2, 3, 4, 5) to generate different hyperedges in a hypergraph.
Finally, the hypergraph can be represented by a |V | × |E|
incidence matrix H:

h(vi, ej) =

{
1, if vi ∈ ej
0, otherwise

(2)

We note that the employed methods of user attribute extrac-
tion and hypergraph construction are flexible and can be ex-
panded/replaced by other methods.

4.3 Model Description

Our work focuses on investigating the prediction of indi-
vidual SES through combining traditional hypergraph model
and a probabilistic factor graph method into one model. Given
the above constructed hypergraph, we define the input of our
problem as a partially labeled hypergraph network. The hy-
pergraph network is denoted as G = (V L, V U , E, Y L,X),
where V L is a set of labeled users (vertices) and V U is a set
of unlabeled users with V L ∪ V U = V ; E is a set of hyper-
edges; Y L is a set of SES labels corresponding to the users
in V L. Let an attribute matrix X = {xi} which means each
user vi is associated with an attribute vector xi. Given the
partially labeled hypergraph network, the goal of our work
is to predict the labels (SES) of all SES-unknown users in
the network, which is formulated as the following predic-
tion problem.

Problem 1. Individual Socioeconomic Status Predic-
tion. Given a hypergraph networkG = (V L, V U , E, Y L,X),
the objective is to learn a classification function:

f : G = (V L, V U , E, Y L,X)→ Y (3)

As defined above, the input data is partially labeled. There-
fore, to solve this problem, the HyperFGM model is learned
in a semi-supervised way, i.e., exploring the labeled data as
well as the unlabeled data on the hypergraph network to in-
fer the unknown labels. Figure 2 shows the graphical rep-
resentation of the HyperFGM model, where each user has a
corresponding attribute vector xi while the implicit complex
relationships among users are exploited and represented on
the hypergraph G. For example, y1, y2 and y3 are connected
by the hyperedge e2. Furthermore, to efficiently model the
power of the user attributes and the implicit high-order rela-
tionships among users, we define the following two kinds of
factor functions respectively:
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Fig. 2: Graphical representation of the HyperFGM model

– Attribute factor: f(yi,xi) (denoted as black rectangles
in Figure 2) represents the correlation between yi and its
attribute vector xi.

– Hyperedge factor: gk(ec) (denoted as gray rectangles
in Figure 2) represents the complex correlation among
users, where ec denotes the c-th hyperedge in the hyper-
graph and k denotes the vertex number of the hyperedge.

According to the proposed model, given a partially la-
beled hypergraph network G = (V L, V U , E, Y L,X), we
first define the posterior probability of P (Y |X, G) accord-
ing to Bayes’ theorem as follows:

P (Y |X, G) = P (X, G|Y )P (Y )

P (X, G)

∝ P (X|Y )P (Y |G)

∝ (
∏
i

P (xi|yi))P (Y |G)

(4)

We assume that the generative probability of user at-
tributes given each user’s label is conditionally independent,
and the attributes and the network structure G are condi-
tionally independent given labels Y . In Equation 4, P (X|Y )

denotes the probability of generating the attributes X given
their labels Y and P (xi|yi) is the probability of generating
attributes xi given the label yi; P (Y |G) indicates the labels’
probability in a given hypergraph network structure G.

These two kinds of factors can be instantiated in dif-
ferent ways. In this work, we use exponential-linear func-
tions. Accordingly, the probability of generating attributes
xi given the label yi is instantiated as:

P (xi|yi) =
1

Zα
exp{

m∑
j=1

αjfj(yi, xij)} (5)

where fj(yj , xij) denotes the attribute factor function of an
attribute xij associated with user vi; αj is the weight of
the attribute function fj , and Zα is a normalization factor.
fj(yi, xij) can be defined as either a binary function or a
real-valued function. Without losing generality, we define it
as a real-valued function, e.g., the land price of the place that
user vi visited most frequently.

For the hyperedge factor function, we define it as a bi-
nary function based on the hypergraph network. For instance,
if there is a 3-node hyperedge e4 = {y3, y4, y6} among three
users in Figure 2, then the value of the corresponding hyper-
edge factor function g3(e4) = 1; otherwise 0. Hyperedges
in the network can be obtained from the incidence matrixH .
We accumulate all hyperedge factor functions and obtain the
probability of labels given the hypergraph as follows:

P (Y |G) = 1

Zβ
exp{

∑
ec∈E

∑
k

βkgk(ec)} (6)

where gk(ec) denotes a hyperedge factor function of a hy-
peredge ec which connects k nodes (vertices), and βk is the
weight of the k-node hyperedge factor function.

According to Equations 4-6, a hypergraph-based factor
graph model is constructed as follows:

P (Y |X, G) = 1

Z
exp{

n∑
i=1

m∑
j=1

αjfj(yi, xij)

+
∑
ec∈E

∑
k

βkgk(ec)}
(7)

where Z = ZαZβ is a normalization factor; m denotes the
length of the attribute vector xi; n = |V | is the number of
users.
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The goal of learning the model is to estimate a parameter
configuration θ = (α, β), based on the input hypergraph
structure and the attributes, to maximize the log-likelihood
objective function L(θ) = logPθ((Y |X, G), i.e.,

θ∗ = argmax
θ
L(θ)

= argmax
θ

n∑
i=1

m∑
j=1

αjfj(yi, xij) +
∑
ec∈E

∑
k

βkgk(ec)

− logZ

(8)

Solution. We use a gradient descent method (or a Newton-
Raphson method) to solve the objective function. The gradi-
ent for each parameter θ is calculated as:

∂L(θ)
∂α

= E[
n∑
i=1

m∑
j=1

fj(yi, xij)]− EPα(Y )[

n∑
i=1

m∑
j=1

fj(yi, xij)]

∂L(θ)
∂β

= E[
∑
ec∈E

∑
k

hk(ec)]− EPβ(Y )[
∑
ec∈E

∑
k

gk(ec)]

(9)

where E[
∑n
i=1

∑m
j=1 fj(yi, xij)] is the expectation of fac-

tor function fj(yi, xij) given the data distribution in the train-
ing data, and EPα(y)[

∑n
i=1

∑m
j=1 fj(yi, xij)] is the expec-

tation of factor function fj(yi, xij) under the distribution
Pα(Y ) (i.e., Pα(Y |X, G)) given by the estimated model.
For the other equation, the expectation has the similar no-
tations.

Algorithm 1: Learning algorithm for HyperFGM
Input: attribute matrix X, hypergraph G, learning rate η
Output: estimated parameters θ
Initialize θ ← 0;
repeat

Call LBP to calculate E[
∑n
i=1

∑m
j=1 fj(yi, xij)] and

EPα(Y )[
∑n
i=1

∑m
j=1 fj(yi, xij)];

Call LBP to calculate E[
∑
ec∈E

∑
k gk(ec)] and

EPβ(Y )[
∑
ec∈E

∑
k gk(ec)];

Compute ∂L(θ)

∂α
and ∂L(θ)

∂β
according to Equation 9;

Update the parameter θ with the learning rate η:

αnew = αold − η
∂L(θ)
∂α

βnew = βold − η
∂L(θ)
∂β

until Convergence;;

As shown in Algorithm 1, to solve the intractable prob-
lem of calculating the marginal distributions (e.g., Pα(Y )),
which is caused by the arbitrariness and the possible cycles
of the graphical structure in the HyperFGM, we adopt Loopy

Belief Propagation (LBP) [16] to calculate the marginal prob-
ability of Y and all hyperedges E such that the gradient for
each parameter can be calculated. Then, with the gradient,
we update α and β with a learning rate η. With the learned
parameters, we can predict the label of unknown users Y U

by finding a label configuration which maximizes the ob-
jective function, i.e., Y ∗ = argmaxP (Y |X, G). We need
to utilize LBP to compute the marginal probability of each
user P (yi|xi, G) again and then assign each user the label
with the maximal marginal probability. Please notice that the
proposed HyperFGM is a general framework, which can be
utilized to other similar tasks with appropriate definitions of
factor functions and their hypergraphs.

Finally, we present a case study to further demonstrate
the proposed model. As shown in Figure 2, each user vi has
an attribute vector xi, containing SES-related attributes, and
has its own mobility pattern mi extracted from its mobil-
ity motifs. With LDA, each user’s mobility pattern is repre-
sented as a probability distribution over some latent topics,
while each topic is represented as a probability distribution
over a number of mobility motifs. Then, a hypergraph is
constructed based on each user’s mobility pattern. For ex-
ample, user v1 has an attribute vector x1 and has a hyper-
edge e2 to connect with v2 and v3, which means they have
similar mobility patterns. The SES label y1 of the user may
be known or unknown according to the actual case. Next,
the attribute factor and hyperedge factor are used to capture
the correlations between SES and attributes and the mobil-
ity pattern relationships among users respectively. Based on
Algorithm 1, the labeled and unlabeled users can be used to
infer these unknown label on the hypergraph network.

5 Evaluation

In this section, we apply the proposed HyperFGM to a real-
life data for predicting individual SES levels. We first de-
scribe the experimental setup, and then report the experi-
mental results to demonstrate the efficiency of HyperFGM
compared with the baseline methods.

5.1 Experimental Setup

To evaluate the performance of our model, all the previ-
ous related work on SES prediction, traditional hypergraph-
based methods and traditional factor graph methods are con-
sidered below for comparison.

Logistic Regression (LR): [4] relied on the elastic net
model for SES prediction. We choose LR with the elastic net
regularization as a baseline model for SES prediction.

SVM & Random Forest (RF): [23] utilized SVM and
RF for SES prediction.
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Fig. 3: Performance (Precision) comparison of different methods with
different percentages of training data.
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Fig. 4: Performance (Recall) comparison of different methods with dif-
ferent percentages of training data.

Supervised LDA (sLDA): [10] employed the supervised
topic model to infer SES. We use mobility pattern vectors as
the input.

Hypergraph Learning (HL): A classic hypergraph learn-
ing model [7].

Extended Discriminative Random Walk (EDRW): A
hypergraph-based model[20] that extends the discriminative
random walk framework.

Factor Graph Model (FGM): A traditional factor graph
model [27] that does not consider the implicit relationship
factors.

10 20 30 40 50 60 70 80
Percentage of Training Data

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

F1
-m
ac
ro

LR
RF
SVM
sLDA

HL
EDRW
FGM
HyperFGM

Fig. 5: Performance (F1-macro) comparison of different methods with
different percentages of training data.

LR, SVM and RF use the same user attributes and mobil-
ity pattern vectors as their inputs. For the hypergraph-based
models HL and EDRW, two kinds of hyperedges that are re-
spectively based on the user attributes and mobility pattern
vectors are considered.

In our experiments, in order to evaluate the performance
of our model with different percentages of training data (i.e.,
labeled data), 10% to 80% samples for each SES level are
randomly selected as the labeled training data and the rest
as the unlabeled testing data. More specifically, we consider
several kinds of data splitting, i.e., we randomly select k%
samples for each SES level as the labeled training data and
the rest samples for the unlabeled testing data. In our work,
we set k = [10, 20, 30, 40, 50, 60, 70, 80]. In order to en-
sure the soundness and robustness of experimental results,
like the traditional evaluation method of semi-supervised
method [24], this procedure with different percentages of
training data repeats 10 times and we report the averaged
prediction performance as final results. The prediction per-
formance is evaluated in terms of precision, recall, and macro
F1-score (F1-macro). In the presence of class-imbalance, the
F1-macro that balances precision and recall is deemed to be
better than other measures such as accuracy [20].

5.2 Prediction Performance

Figure 3, 4 and 5 compare the prediction performance of dif-
ferent methods with different training data percentage (10%-
80%) in terms of precision, recall and F1-macro respectively.
The proposed HyperFGM achieves the highest performance
under any percentages in terms of all metrics. Specifically,
on the sparse individual records, HyperFGM significantly
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outperforms previous models for SES prediction, i.e., LR,
SVM, RF and sLDA, by 11-22%, 7-19%, 5-9% and 9-20%
respectively in terms of F1-macro. There is a similar im-
provement in terms of precision and recall. This is because
HyperFGM, taking advantage of factor graph model, can
effectively capture the relations between SES and numer-
ous SES-related attributes by the customized factor func-
tions. In addition, thanks to the implicit high-order mobil-
ity pattern relationships among users represented on the hy-
pergraph structure, HyperFGM outperforms FGM (with a
about 2-3% higher F1-macro score). Meanwhile, the recall
and precision of HyperFGM also increase with the similar
improvement. Furthermore, compared with the traditional
hypergraph-based methods HL and EDRW, HyperFGM also
increases 2-8%, 3-9% and 3-9% in terms of precision, re-
call and F1-macro respectively. This is because traditional
hypergraph-based methods is unable to directly represent
the relations between various attributes of users and SES by
the hyperedges, and they then convert numerous attributes
into relationships among users, which leads to some perfor-
mance loss.

Performance of Each SES Level. Table 2 shows the
prediction performance of different methods on the predic-
tion task for each SES level. Due to the space limitation, here
we only present the results in the context of taking 50% of
users as training data and the rest for test. We observe that
LR, SVM, RF, sLDA, HL and EDRW have much low per-
formance on the prediction tasks of Level A and Level C
while achieving relatively high performance on the Level
B prediction task, which indicates that these methods may
suffer from the label bias problem. On the contrary, FGM
and HyperFGM have significantly higher performance with
about 9-36% and 4-27% higher F1-macro scores in terms of
Levels A and C, which shows that factor graph models han-
dle the label imbalance problem much better. Furthermore,
HyperFGM considers the attributes of users and exploits the
implicit high-order relationships among users, thus achiev-
ing better performance than FGM in each SES level predic-
tion.

Mobility Pattern Relationship Contribution Analy-
sis. Figure 6 demonstrates the contribution of mobility pat-
tern relationships in the graph-based models. Generally, the
models considering the mobility pattern relationships among
users mostly increase the prediction performance compared
with their counterparts, i.e., HL-M, EDRW-M and FGM,
which do not consider the mobility pattern relationships.
Intuitively, from the social science perspective, the mobil-
ity pattern relationship factor improves the performance by
bringing the prior knowledge that “the mobility patterns of
users with a similar socioeconomic status tend to be simi-
lar”. For example, users with similar SES have similar life
style, i.e., they would work and live at the similar place areas
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Fig. 6: Mobility pattern relationship contribution analysis.

during the similar time period. As a result, the results further
prove this social science phenomenon.

Hyperedge Contribution Analysis. In this part, we eval-
uate the contribution of hyperedges in HyperFGM model.
We implement four HyperFGM models, denoted as HyperFG-
M+k: HyperFGM+2 only considers pairwise (2-node) rela-
tionships; HyperFGM+3 considers 2-node and 3-node hy-
peredge relationships; HyperFGM+4 considers 2-node, 3-
node and 4-node hyperedges; HyperFGM+5 considers more
5-node hyperedges than HyperFGM+4. We evaluate their
prediction performance with the same experimental settings.
We plot Figure 7 as an example to show the performance
comparison of different versions of HyperFGM. The results
show that HyperFGM+3 achieves the best performance. When
considering higher-order hyperedges (i.e., k = 4, 5), the per-
formance decreases; This may be because the discriminative
ability of this hypergraph would be limited and even the hy-
pergraph may confuse the correlations when each hyperedge
connects to many vertices. Some work [32] has proven that
the optimal k is data-dependent. This result shows the op-
timal k is 3 on our data. Therefore, when applying Hyper-
FGM on other datasets, we first need to select the optimal
k through grid search and use the model in other similar
tasks. Compared with some other machine learning methods
or deep learning methods which have many hyperparame-
ters, our model only need to be tuned for searching one opti-
mal hyperparameter, which simplifies the tuning procedure
and decreases the tuning cost. Besides, according to previ-
ous hypergraph-based work [32], k = 3 always results in a
good performance. Therefore, we could set k = 3 as default.
In our future work, we plan to apply HyperFGM on different
kinds of datasets to further investigate the influence of k and
demonstrate the power of HyperFGM in other classification
tasks.
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Table 2: Performance of the prediction task for each SES level.
Models LR SVM RF sLDA HL EDRW FGM HyperFGM

Precision

A 0.188 0.153 0.264 0.146 0.270 0.243 0.357 0.396
B 0.495 0.513 0.534 0.513 0.417 0.559 0.597 0.600
C 0.316 0.316 0.419 0.369 0.325 0.352 0.388 0.401

Avg 0.332 0.327 0.405 0.342 0.388 0.384 0.447 0.466

Recall

A 0.151 0.143 0.154 0.034 0.417 0.306 0.525 0.469
B 0.528 0.546 0.738 0.918 0.450 0.483 0.446 0.548
C 0.327 0.339 0.257 0.075 0.311 0.368 0.415 0.400

Avg 0.335 0.342 0.382 0.342 0.392 0.385 0.462 0.472

F1-macro

A 0.115 0.127 0.192 0.054 0.324 0.210 0.423 0.428
B 0.437 0.518 0.619 0.654 0.498 0.517 0.509 0.572
C 0.202 0.299 0.315 0.122 0.315 0.359 0.400 0.400

Avg 0.252 0.315 0.375 0.276 0.379 0.382 0.444 0.467
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Fig. 7: Hyperedge contribution analysis.

5.3 Case study

Compared with traditional method, e.g., demographic cen-
sus, estimating individual socioeconomic status based on
their own real-time mobile phone usage data provides a much
more real-time and cheaper method, which can benefit a
wide range of applications. In order to further demonstrate
the social and economic impact of this work, we take several
specific case studies to show the practical value of our work.

From a commercial perspective, estimating users’ SES
in real time can assist in capturing each user’s social and
economic factors, such as income, wealth, education, health,
which can improve many business applications. For exam-
ple, [28] has shown that consumer’s perceptions of food
safety vary with socio-economic status and consumer may
concern more about ingredient, ecology and food culture
when purchasing food. Thus, food businesses can estimate
the perception degrees of food safety of potential consumers
according to related sociological achievements [28] and then
recommend different kinds of food to different groups of
persons by advertising. Another example may be that as-
sessing individual SES can help banks and finance compa-

nies estimate users’ credit risk index. In a word, companies
can more efficiently recommend different levels of services
and products to consumers with different SES. Furthermore,
obtaining the personal SES distribution of each area or com-
munity can help companies select more suitable sites to start
their business.

From a social and economic perspective, previous soci-
ological articles have investigated the social and economic
value of predicting SES. Measuring SES can not only help
capture and understand changes to the structure of a society,
but also assist in investigating the relationship between other
important social variables3. In addition, predicting SES can
assist in studying and making public polices in many fields,
such as economic, education, health. For instance, regarding
strong relationship between SES and health [1], assessing
SES can help make sound policy decisions for health care.

5.4 Discussion and Future Work

The proposed HyperFGM, as a general semi-supervised clas-
sification method, can be applied not only to the SES pre-
diction problem but also to other similar tasks. For example,
based on similar mobile phone data like CDR, with extract-
ing related attributes and relationships this model can be uti-
lized for mobile phone user profiling, such as occupation,
income, gender, etc. Another typical use case is to infer user
demographics based on their social media data. For instance,
besides social media users’ attributes, with customized fac-
tor functions HyperFGM can take into account various high-
order relationships based on online behavior pattern similar-
ity, e.g., following the similar users or mentioning the sim-
ilar topics. Consequently, the proposed HyperFGM can be
used in a classification problem, where each object has at-
tributes while there exist explicit or implicit relationships
among objects.

The general problem of predicting individual SES based
on mobile phone data represents a interesting and promis-

3 http://www.esourceresearch.org/portals/0/uploads/documents/
public/oakes fullchapter.pdf
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ing research direction in social computing field. There are
many potential future directions of this work. First, in or-
der to predict finer grained SES value of each user, some
other methods can be further explored and utilized such as
ranking method and regression method. For example, this
work could be regarded as a ranking problem. The goal of
the new ranking problem is to optimally sort the users in
terms of SES, which would be a more challenging and in-
teresting problem. Next, it is interesting to study how to fur-
ther explore more implicit relationships, e.g., involving mo-
bile Internet behavior of each user. Another potential issue
is to further validate the feasibility and efficiency of the pro-
posed model on other similar tasks. In addition, to further
verify the feasibility and reusability of the proposed model,
we plan to apply HyperFGM on different kinds of datasets
to demonstrate the power of HyperFGM in other classifica-
tion tasks. Furthermore, to verify the practical benefits of our
work, the quantification of the business or social impact of
the identified SES would be a very interesting and promising
research direction in the future work.

6 Conclusions

In social science and public services, precisely assessing in-
dividual SES is very critical for informing public policy-
making, which is yet very costly and challenging. With the
advancement of AI techniques and availability of mobile
phone data, existing work studied region/household-level SES
assessment using mobile phone data. Compared with previ-
ous work, this paper takes a new attempt to predict indi-
vidual SES on mobile phone data, which aims to provide
richer insight about the relations between SES and personal
attributes and networking while also address the issues in
existing work on SES prediction and direct applications of
existing analytic methods. A semi-supervised Hypergraph-
based Factor Graph Model (HyperFGM) is introduced to
leverage customized factor functions on a hypergraph struc-
ture. It effectively captures the influence of user attributes
and the implicit high-order mobility pattern relationships
among users on SES. HyperFGM handles both labeled and
unlabeled data in a semi-supervised way. HyperFGM is tested
on a set of anonymized real-life mobile phone data and soci-
ological domain knowledge for SES labeling. The extensive
experiments demonstrate that HyperFGM provides more rea-
sonable individual SES prediction results than all existing
work on SES prediction, and also achieves better perfor-
mance than the state-of-the-art hypergraph-based methods
and factor graph methods.
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