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Message from the Editor
Chi-Yin Chow
Department of Computer Science, City University of Hong Kong, Hong Kong
Email: chiychow@cityu.edu.hk

In the first section, we have a special issue of some topic of interest to the SIGSPATIAL community. The
topic of this issue is “GIS in Public Health Research” which is edited by our associate editors Dr. Chi-Yin Chow
(Ted) and Dr. Zhuojie Huang. Dr. Chow is currently an Assistant Professor in the Department of Computer
Science, City University of Hong Kong and Dr. Huang is a Data Scientist at Pitney Bowes, USA.
The second section consists of four event reports from:
1. The 23rd ACM SIGSPATIAL International Conference on Advances in Geographic Information Systems
(ACM SIGSPATIAL 2015)
2. The ACM SIGSPATIAL Industrial Workshop 2015
3. The 8th ACM SIGSPATIAL International Workshop on Computational Transportation Science (ACM
SIGSPATIAL IWCTS 2015)
4. The 3th ACM SIGSPATIAL International Workshop on Mobile Geographic Information Systems (ACM
SIGSPATIAL MobiGIS 2015)
I would like to sincerely thank all the newsletter authors, our associate editors Dr. Chow and Dr. Huang,
and event organizers for their generous contributions of time and effort that made this issue possible. I hope that
you will find the newsletters interesting and informative and that you will enjoy this issue.
You can download all Special issues from:
http://www.sigspatial.org/sigspatial-special
.
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The SIGSPATIAL Special
Section 1: GIS in Public Health
Research

ACM SIGSPATIAL
http://www.sigspatial.org

Introduction to this Special Issue:
GIS in Public Health Research
1

Chi-Yin Chow1
Zhuojie Huang2
Department of Computer Science, City University of Hong Kong, Hong Kong
2
Pitney Bowes, USA

Public health-related issues (e.g., illness, pollution, and healthcare) are important social issues for governments and researchers. Many of these issues have strong spatial and/or spatio-temporal components, for
example, epidemics of infectious disease. It is a highly topic to investigate how to apply GIS technologies and
research findings to public health access, processes, analysis, and decision-making. This special issue consists
of five contributions that address different problems in the research area of GIS and public health.
The first contribution by Kun Hu et al. is about how to accelerate foodborne illness investigation in global
food supply chain through spatio-temporal data. The second newsletter article written by Mehreteab Aregay
et al. address the scaling problem in geography to aggregate from a finer to a coarser geographical level for
small-area health data. Xinyue Ye and Jay Lee study how to integrate geographical activity space and social
network space to promote healthy lifestyles. For the fourth article contributed by Hedi Haddad et al., it describes
a fully GIS-integrated simulation approach for analyzing the spread of epidemics in ubran areas. Last but not
least, Imad Afyouni et al. talk about a very interesting GIS-based game for hand physical therapy.
I hope the readers will enjoy reading this issue and find it useful in their research work.
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From Farm to Fork: How Spatial-Temporal Data can
Accelerate Foodborne Illness Investigation in a Global
Food Supply Chain
1

Kun Hu1, Stefan Edlund1, Matthew Davis1, James Kaufman1
Accelerate Discovery Lab, IBM Almaden Research Center, USA
Email: {khu, sedlund, mattadav, jhkauf}@us.ibm.com

Abstract
Foodborne disease is a global public health problem that affects millions of people every year.
During a foodborne illness outbreak, rapid identification of contaminated food is vital to
minimize illness, loss and impact on society. Public health officials face a significant challenge
and long delays in obtaining critical information to help identify a contaminated product using
traditional methods such as surveys and questionnaires. We propose a novel approach mapping
geo-coded sales data against geo-coded confirmed case reports, which has the potential to
reduce the time required for foodborne illness investigation. Using real grocery retail scanner
data with spatial information from Germany, we have implemented a likelihood-based
framework to study how such spatial data can be used to accelerate the investigation during the
early stages of an outbreak. Our analysis shows that after receiving as few as 10 laboratory
confirmed case reports it is possible to narrow the investigation to approximately 12 suspect
products with the contaminated product included in this subset 90% of the time for
approximately 80% of food products studied.

1

Introduction

Foodborne illness is a serious public health problem. In the US alone, the Centers for Disease Control
and Prevention (CDC) estimates that each year 76 million people get sick, more than 300,000 are
hospitalized, and 5,000 die as a result of foodborne illnesses [1]. Globally, almost 1 out of 3 deaths
from foodborne illnesses are in children under 5 years of age, which is only 9% of the global
population [2]. Possible contaminants include pathogenic bacteria, viruses, parasites, toxins or
chemicals. Contamination can occur accidentally due to improper handling, preparation, or storage, or
intentionally. The globalization of trade has significantly altered the network of international food
supply chain (refer to Figure 1). Recent changes in human demographics and food preferences, changes
in food production, microbial adaptation, and lack of support for public health resources and
infrastructure have led to the emergence of new foodborne diseases.
In order to determine the cause of an outbreak of foodborne illness, public health agencies follow
laboratory protocols to diagnose the illness and conduct epidemiological investigations [1, 2]. A
traditional investigation employing interviews and questionnaires to trace back to the contamination
source can range from days to weeks and significantly influences the economic and health cost of a
disease outbreak. The 2011 outbreak of E. coli O104:H4 in Europe took over 60 days to identify the
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source, imported Egyptian fenugreek seeds. By the time the investigation was completed, all the
sprouts produced from the seeds had been consumed. The economic damages to European farmers
during the 2011 E. coli outbreak exceeded 150M Euros, 50 people died in 16 countries, and over 4000
people were reported ill [3].

Figure 1: The Farm-to-Fork Road Map1 including the entire food product supply chain of agriculture,
transportation, processing, packaging and consumer.
Rapid identification of contaminated items is vital to minimize illness and loss in an outbreak. Spatial
information of each component in the food distribution and supply chain can be used to define a
network relationship between sources of contaminated food, wholesalers, retailers and consumers (and
subsequent public health case reports). In this study, we demonstrate a new approach to accelerate the
foodborne illness outbreak investigation. It is a computational technique that can 1) help identify
possible sources of contamination in the early stages of a disease outbreak, or 2) make pro-active
predictions on likely contamination sources before the onset of a potential outbreak. Leveraging retail
scanner data with spatial information already collected at any grocery store/supermarket along with the
confirmed geo-coded cases reported from the public health agency makes it possible to quickly identify
a small set of “suspect” products that should be tested in the laboratory and investigated further.
In this paper, we describe a likelihood-based method (LM) [4, 5] with two sets of applications
capturing different scenarios of the food supply chain and distribution. The results demonstrate the
capability of the LM in accelerating the foodborne illness investigation in different experiment settings
with conclusion and possible future works.

2

Method

To reduce the time required for investigation, the LM [4] maps geospatial retail sales data against the
distribution of geospatial confirmed foodborne illness case reports. The former is “big data” potentially
involving the sale of millions of food items per day. The latter is small data (and the goal is to keep it
small). The LM score can be transformed into a binary classifier to generate a set of potentially “guilty”
products, which contains the real outbreak source with very high accuracy.
1

https://answers.connectfood.com/index.html
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We maximize this function to determine the most likely contaminated food in this study.
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Experiment and Result

To evaluate the LM described in section 2 in different scenarios and with different scopes, we
conducted two sets of experiments. The first set used synthetic networks in the context of entire food
supply chain from distributors to retailers to individual consumers. The second set incorporated
empirical retail scanner data [4,5] along with synthetic foodborne illness case reports to address the
capability of LM in a real world scenario.

3.1

From Farm to Forks Scenario with Synthetic Networks

In the first set of experiments, our scenario used the LandScan census data [6] from Berlin as the
consumer information on a 2D grid shown in Figure 2 (a). Locations of grocery stores were obtained
from Google Places [7] depicted in Figure 2 (b). Distributors are assigned to the retail stores according
to a scale-free network [8] where the exponent is specified in the simulation from zero to three. For a
given residence location, , Huff’s gravity model [9] describes the probability of shopping at retail store
as a function of the retail store’s attraction factor and the relative distance between and
[9].
The distance decay rate (the power law exponent) reflects the influence of travel distance in the
shopping trip distribution as calculated in Eq. (6). Increasing reduces the average distance people are
likely to travel in purchasing food.

∑ (

)

(6)

We conducted many experiments to evaluate the performance of the proposed LM. The effect of
different parameters of our model is evaluated by the success rate of the presented LM in each
experiment setting. All experiments are performed under the same population model using a
grid with 20 distributors. Each data point is averaged over 200 experimental iterations.

(a) Berlin population from LandScan census data
[6] on a 150×75 grid. Brighter color represents a
higher population density compared to dark areas.

(b) Locations of retail store in Berlin from Google
Place [7] and consumption events.
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(c) Random sample of contaminated case reports
in Berlin.

Figure 2: Experiment set up with population and retail store information in Berlin for each simulation
The experimental results depicted in Figure 3(a) reveal the rate of success of the LM in determining the
true distributor of contaminated food with respect to the number of reported cases. The experiment was
repeated for several values of the distance decay rate shown in the legend of the figure. The results
demonstrate a high success rate for realistic values of
shown in Figure 3(b, c), even for a low
number of reported cases. It is noted that the success rate is almost saturated for the number of reported
cases
and decay rate exponent
. The method performs well over the literature range for the
distance exponent of
[9].
Empirical studies of consumer’s shopping behavior reveal that the distance decay rate depends on the
type of consumption goods. We hypothesize that the distance decay rate is specific for certain kinds of
foods. That is, people are willing to travel longer distances to shop for exotic foods at a specialty shop
as opposed to ordinary goods such as dairy products. Our simulations indicate that the distance decay
rate has a crucial influence in the performance of LM shown in Figure 3(d).

(a) Success rate of LM as a function of the number of reported cases. The
plot shows experimental results for various decay rates
*
+ for a fixed scale-free network exponent of
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(b) No strong dependence of the prediction capability of
LM on network degree with 20 case reports when
applying different scale-free network exponent .

(c) Dependence of LM’s prediction capability when distance decay
exponent ranges from 1 to 3.

(d) Distance decay rate (green dotted line) has a crucial
influence in the performance of the ML method
measured by success rate shown in blue line.

Figure 3: Simulation result with real Berlin population and retail store data in a scale-free network.

3.2

Spatial Retails Scanner Data and Geo-coded Synthetic Outbreak Cases

In the second set of experiments, we zoomed in and focused only on the last section (right side) of this
food supply chain shown in Figure 1, which is the purchasing and consumption occurring at/nearby the
retail store every day. Leveraging the retail scanner data from Germany and synthetic illness case
reports from the simulation, we could evaluate the performance of the LM with empirical data already
gathered at most grocery stores. Ideally, we would also use geospatial case reports collected by public
health agency [10] if data is available. In this study, we use 3 years of weekly sales data for 580
anonymous food products from a distribution of 3,513 German retailers covering Germany's 8,235
postal areas. The sales data of each product are normalized so that the resulting proportions
representing the probability of observing a product in each location. We use a random case generator,
which relies on food distribution (sampled distribution shown in Figure 4) and probability to create
synthetic outbreak cases over a defined period of time up to 100 cases. Results are averaged across 100
iteration runs in a pre-analytical step to identify the minimum number of case reports needed to
identify, with a threshold of certainty, the contaminated product.
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Figure 4: Sampled food product distributions on German map from aggregated 3 years of real retail
scanner data.
Figure 5(a) demonstrates the more case reports generated, the better the performance of LM. Given that
the strict definition of “success” is finding the one guilty product, it is worth noting that there are
situations in which we expect our prediction method to fail. In the case where the guilty product and at
least one other food have matching distribution proportion in every location, thus implying that the
products are perfectly correlated, the value of the likelihood for those products will be the same. We
hypothesized that if a contaminated food is sold in few locations, our LM will be more successful in
identifying this food product. We check this by plotting the relationship between the number of zero
sales in each food distribution across the 8235 postal code areas and the success rate of the LM in
Figure 5(b).

(a) Average success rate of LM for all products when there are
10, 20, 50, 100, and 1000 case reports.

(b) Relationship between the number of zero sales in each
food distribution across 8235 postal code areas and the
success rate of LM.

Figure 5: Experiment result when applying 3 years of real retail scanner data from Germany
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Figure 6: The system implemented with real spatial scanner data to accelerate the foodborne disease
investigation using Germany-based data.
Evaluated using real world food distribution data from Germany, the LM achieved product
identification rates of 80% or higher for as few as 10-20 case reports prior to the acquisition of patient
and family interview data. In addition, it is possible to narrow the investigation to approximately 12
suspect products with the contaminated product included in this subset 90% of the time for
approximately 80% of food products studied with as few as 10 laboratory confirmed case reports. The
goal is to provide a short list of suspect products for laboratory test in a timely fashion using our LM
approach with spatial-temporal retail scanner data and cases reports [5]. The interface of system
implemented with the real spatial scanner data shown in Figure 6.

4

Conclusion

The approach described above is not intended to replace the proven tools of outbreak investigation.
Grocery retailers and public health officials each have critical knowledge that when combined can
make a significant impact in the time and effort needed to identify the contaminated product in an
outbreak. We believe the availability of electronic retail scanner data with new analytics and
metagenomic laboratory techniques can hugely accelerate outbreak investigation and aid public health
agency in that mission at the county, state, and national levels. The potential benefits of this
opportunity include reducing the costs of foodborne illness (now $9B annually in the U.S.) and of
economic losses from outbreaks and recalls. Success requires an effective public private partnership,
but the economic benefits are large on both sides if a joint effort such as the one proposed here can
provide compelling scientific evidence for this opportunity. Ultimately, this proactive technique will
benefit all participants (i.e., retailers, wholesalers, manufacturers, food transportation companies, etc.)
by providing early warnings of the potential risk of foodborne illness cases.
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Abstract
When data are aggregated from a finer to a coarser geographical level, there will be loss of information
known as the scaling problem in geography. To address the scaling problem, we propose to use a joint
convolution model that describes the risk variation at both the finer and coarser levels simultaneously
by sharing both the correlated and the uncorrelated components. We compare our model with the naive
approach that ignores the scale effect in real and simulated data in a range of criteria such as deviance
information criterion (DIC), Watanabe-Akaike information criterion, and mean square prediction error
(MSPE). We found that our multiscale model is better than the naive model.

1

Introduction

Often, it is of interest to study the spatial distribution of diseases at different geographical levels. For example,
public health workers are interested in identifying areas which have a higher risk for a certain infection. Studying the geographical variation of diseases will help policy makers to allocate public health resources in a cost
effective manner, to promote educational outreach programs, and to design effective public health interventions.
Researchers have studied the geographical variation of disease using standardized mortality/morbidity ratios
(SMR). However, this crude approach does not accommodate the correlations between neighbors. To overcome
the limitation with SMR, Besag et al. (1991) [3] proposed a convolution model that allows the relative risk to
be statistically modeled by including spatially structured and unstructured random effects into the model. Even
though the convolution model has been widely used in spatial epidemiology, it does not accommodate the spatial
scaling effect associated with the aggregations of data from a finer to a coarser level.
To account for scale (aggregation) effect, Kolaczyk and Haung (2001) [5] developed a multiscale modeling
approach by decomposing the coarser level likelihood into individual components of local information. Their
model assumes that the hierarchical partitions correspond to successive aggregation of an initial data space.
Nevertheless, their approach assumes the effects at the higher level are fixed and not random. In addition, it is
not flexible enough to adjust for neighbor effects. To overcome such issues, Aregay et al.. (2015a) [1] proposed
joint multiscale models via a shared spatially structured component. However, the shared correlated component
may not be flexible enough to fully address the scale effect. To allow for additional flexibility, Aregay et al.
(2015b) [2] considered sharing both the correlated and uncorrelated components in the framework of mixture
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multiscale models. In this paper, we also share both the correlated and the uncorrelated components between
the finer and coarser levels in the multiscale modeling approach. In addition, we compare our shared multiscale
model with the naive approach that ignores the scale effect in real and simulated data sets.

2

Georgia Oral Cancer Data

We are interested in examining the incidence of oral cancer from the state of Georgia across the county and
public health (PH) districts simultaneously. In particular, we aim to investigate whether we obtain a consistent
oral cancer incidence at both the county and PH district levels. We chose the state of Georgia as it provides a
reasonably large set of spatial units. In Georgia, there are 159 counties which are grouped into 18 PH districts
that are used for adminstration of health care resources. The outcome of interest is the number of persons
discharged from non-federal acute-care inpatient facilities for oral cancer in 2008. Since a public health district
contains at least one county, there may be a grouping (contextual) effect, i.e., counties (children) located within
the same PH district (parent) may behave similarly (Figure 3). Our analysis of these data is deferred to Section
4.

3

Multiscale Models

Researchers have developed multiscale models to address a scaling problem due to the aggregation of data from
a finer to a coarser level. It is known that the information conveyed by the maps varies with scale. Hence, to
include this scale effect, Louie and Kolaczyk (2006) [6] proposed to factorize the likelihood which contains
the information of the scaling effect in a multiscale fashion under the assumed Poisson model. They assumed
a multinomial distribution for the data at the finer level conditioning on the coarser level. This approach is
limited to the assumption of having fixed coarser level effect. Moreover, their approach does not include the
neighborhood effect into the model. To address those limitations, Aregay et al. (2015a) [1] proposed a multiscale convolution model that jointly describes the risk variations at multiple scale levels via a shared spatially
structured component. The shared spatially structured component, however, may not be flexible enough to fully
address the scaling effect. In this paper, we propose to share both the unstructured and the structured components to adjust for the aggregation (scale) effect. In the next section, we present our shared multiscale modeling
approach as well as the independent multiscale model that ignores the scale effect.

3.1

Model 1: Adjusting for Scaling

This model assumes that by sharing the parameters that describe the characteristics of the parent (PH district)
among the children (counties), we can include the aggregation (parent) effect into the model. Our multiscale
modeling approach is based on a convolution model that contains both correlated heterogeneity (CH) and uncorrelated heterogeneity (UH). The CH terms explain the similarity between neighbored regions, i.e., it handles the
neighbor effects, whereas the UH terms describe the random noise in the counties. To address the PH district
ph
effect, we share both the CH (uph
j ) and the UH (vj ) random effects of the PH districts among the counties
within the PH district as follows:
yic ∼ Poisson(eci θic ),
ph
log(θic ) = α0c + vic + uci + uph
j + vj ,
ph
yjph ∼ Poisson(eph
j θj ),
log(θjph ) = α0ph + vjph + uph
j ,
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(1)

where yic , i = 1, . . . , 159, is the county level count of disease and yjph = ij yic , j = 1, . . . , 18, is the j th public
health (PH) district level count of disease aggregated at the county level. In this model, uci and vic are the CH and
ph
the UH random effects at the county level, whereas uph
j and vj are the CH and the UH random effects at the
P

PH district level, respectively. In addition, α0c and α0ph are the intercept at the county and PH levels, respectively.
ph
The linkage between these two levels is incorporated in the model by inheriting a shared CH uph
j and UH vj
from the PH district into the county level model. Here, eci and eph
j are the expected number of cases at the county
and PH level, while θic and θjph are the relative risk at the county and PH district, respectively. For this model
and for the other model below (Model 2), we have assumed a flat prior for the intercept parameters, α0c and α0ph .
Further, the uncorrelated heterogeneity random effects, vjph and vic , were assumed to be normally distributed,
2 ) and v c ∼ N (0, σ 2 ), whereas we assumed an intrinsic conditional autoregressive (ICAR)
i.e., vjph ∼ N (0, σvph
vc
i
2
c
2
distribution for the correlated heterogeneity random effects, i.e., uph
j ∼ ICAR(σuph ) and ui ∼ ICAR(σuc ). For
the hyperparameters, σvc , σvph , σuph , and σuc , we considered a uniform prior distribution, U (0, 100) [4].

3.2

Model 2: Ignoring the scaling effect

As we have described previously, Model 1 accounts for the scaling effect due to data aggregation from a lower
to a higher geographical level. To investigate the impact of ignoring the scale effect, in this section, we present
the simplified version of Model 1 without a shared component. Model 2 assumes separable convolution models
at both the county and PH levels. There is no linkage to accommodate for the aggregation effect. Hence, Model
2 ignores the scale effect and it is of the form
yic ∼ Poisson(eci θic ),
log(θic ) = α0c + vic + uci
ph
yjph ∼ Poisson(eph
j θj ),
log(θjph ) = α0ph + vjph + uph
j .

(2)

We assumed the same prior distributions for the model parameters as in Model 1. Here, the CH and the UH at
the county level, uci and uci , describe the risk variation at the county level, while vjph and uph
j explain the risk
variation at the PH district level. Note that Model 2 does not include a random effect that can serve as a bridge
to jointly link the two levels as in Model 1.

3.3

Model Assessment and Goodness of Fit

To compare the models, we use the deviance information criterion (DIC [7]) as well as Watanabe-Akaike information criterion (WAIC [8]). For a predictive accuracy assessment, mean absolute prediction error (MAPE) and
mean square prediction error (MSPE) were used.

3.4

Simulation Study

The goal of this simulation study is to investigate the impact of ignoring the scale effect due to data aggregation,
especially during the presence of a very strong contextual effect. To achieve this goal, we generated data within
the state of the Georgia at the county level by imposing a very strong PH effect as follows:
yic ∼ Poisson(eci θic ),
ph
log(θic ) = α0c + vic + uci + uph
j + vj .
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(3)

To obtain the data at the PH level, we summed up the simulated data at the county level within the PH district,
P
2 and σ 2 ) to be small
i.e., yjph = ij yic . We assumed the variances of the random effects at the county level (σvc
uc
2
2
relative to the variances of the random effects at the PH level, σvph and σuph . Hence, we assumed the following
values for the parameters: σvc =0.01, σuc =0.01, σvph =0.3, σuph =0.3, and α0c =0.1. This simulation mechanism
allows for a very strong PH effect as shown in Figure 2.
The models discussed above (Models 1 and 2) were fitted to 200 simulated data sets using the Markov
Chain Monte Carlo (MCMC) method with 15000 samples after the first 15000 samples were discarded from the
analysis. To compare the models, the bias and MSE of the parameters were calculated.
To evaluate the predictive ability of the models, MSPE and MAPE were computed at each level and averaged
over the 200 data sets. Additionally, the DIC and WAIC were calculated at each level to compare model goodness
of fit. Finally, the computation time (CT) was extracted to compare the execution time for the models.

4
4.1

Results
Simulation Results

The results obtained from the models fitted to the data generated within the state of Georgia are shown in
Tables 1 and 2. Model 1 is better than Model 2 as measured by DIC, WAIC, and PD (the number of effective
parameters) at both the county and PH levels. In addition, the prediction ability of Model 1 is better than Model
2 as measured by MAPE and MSPE, especially at the PH level. Thus, the shared multiscale model, Model 1,
describes the risk variation better than the independent multiscale model, Model 2. From Table 2, we can see
that Model 1 produces more unbiased and precise estimates of the standard deviations of the CH and the UH
at the county level as compared to Model 2. On the other hand, Model 2 provides more unbiased and precise
estimates of the intercept and the standard deviations of the CH and the UH at the PH level as compared to
Model 1.
To compare the models in terms of recovering the simulated relative risk for each county (see Figure 1),
we computed the average relative risk over the 200 simulated data sets for each county (see Figure 2). We can
see that the naive independent multiscale model, Model 2, does not recover the pattern of the simulated risk
appropriately, whereas the shared multiscale model, Model 1, recovers the pattern of the simulated risk well.
Furthermore, in some of the areas, Model 2 provides inconsistent risk estimates at both the county and PH levels,
while Model 1 produces consistent risk estimates at both levels.
Table 1: Simulation Study: Model fit and predictive accuracy results averaged over the 200 simulated data sets.

Models
Model 1
Model 2

4.2

county
14.66
18.42

PDdic
PH district
7.32
9.58

county
350.09
362.54

DIC
PH district
79.57
88.50

PDwaic
county PH district
11.51
2.71
15.68
6.36

county
348.28
362.03

WAIC
PH district
75.64
87.31

MAPE
county PH district
0.86
2.65
0.89
2.97

county
1.88
1.97

MSPE
PH district
14.36
17.95

CT
180.97
183.63

Application to Data

To investigate the benefit of including shared correlated and uncorrelated random effects to handle the scale
problem, we applied the models discussed above to the Georgia oral cancer data example (Figure 3). The results
are shown in Table 3. Using DIC, WAIC, MAPE, and MSPE, we can see that Model 1 outperforms Model 2
at the PH level. This is an expected result because the shared components recover the lost information at the
PH level due to data aggregation from the county to the PH level. In addition, Model 1 is slightly better than
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Table 2: Summary of the bias and MSE of the parameters averaged over the 200 simulated data sets.

Models
Model 1
Model 2

α0c
0.1
0.1

assumed values
σuc
σvc σuph
0.01 0.01 0.3
0.01 0.01 0.3

σvph
0.3
0.3

θc
0.007
-0.006

bias
α0c
σuc
-0.169 0.202
-0.144 0.367

σvc
0.159
0.228

σuph
0.203
0.139

MSE
σvph
θc
0.103 0.100
0.009 0.036

α0c
0.042
0.029

σuc
0.048
0.159

σvc
0.029
0.064

σuph
0.062
0.035

σvph
0.032
0.016

Table 3: Model fit and predictive accuracy results for Georgia oral cancer data.
Models
Model 1
Model 2

county
28.07
31.33

PDdic
PH district
8.68
11.32

county
483.64
485.46

DIC
PH district
107.87
114.63

PDwaic
county PH district
24.29
3.97
26.77
6.98

county
483.98
485.99

WAIC
PH district
104.29
112.62

MAPE
county PH district
1.39
4.71
1.37
5.03

county
5.0
4.85

MSPE
PH district
36.65
42.19

Model 2 at the county level. The pattern of the risk estimates obtained from both models are shown in Figure 4
indicating that Model 1 provides more consistent estimates at both the county and PH levels as compared to
Model 2.

5

Conclusion

In this paper, we addressed the scaling problem due to data aggregation using a joint multiscale model by sharing
both the correlated and the uncorrelated components. We also compared the shared multiscale model with the
independent multiscale model that ignores the scale effect. When there is a very contextual effect, the naive
approach that ignores the contextual effect results in a poor estimate of the pattern of the relative risk. On the
other hand, accounting for the aggregation (scale) and contextual effects recovers the simulated risk very well.
Furthermore, ignoring the scale and contextual effects produces inconsistent results at both the finer and coarser
levels, whereas adjusting for the scale and contextual effects provides consistent results at both levels.
Although we managed to handle the scale effect using the shared components, our approach has the following limitations: (1) the oral cancer data set is heavily influenced by many zeros. Hence, extending our approach
to account for overdispersion due to excessive zeros remains our further research, (2) our approach does not
quantify the amount of scaling effect; we plan to measure the scale effect using a correlation structure, and (3)
the current formulation does not allow for an evaluation of the evolution of diseases for each region, but our
approach could be easily extended to accommodate spatiotemporal variation in the model.
Finally, we conclude that jointly modeling the risk variation at different geographical levels is very useful
to obtain more accurate risk estimates for public health planning purposes. In addition, our method is easily
implemented by public health practitioners in standard software. Hence, we recommend employing the methodology described in this paper to take into account the scale and contextual effects during spatial modeling for
data collected at different geographical levels.
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Figure 1: Simulated relative risk at county (left panel) and PH district (right panel).

Figure 2: Fitted relative risk averaged over the 200 simulated data sets using the naive model (Model 2) and
multiscale model (Model 1) at both the county and PH district levels.
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Figure 3: Georgia oral cancer data. Observed standardized mortality ratio (SMR) at each county and public
health (PH) district.

Figure 4: Georgia oral cancer data. Relative Risk (RR) at each county and public health (PH) district.
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Abstract
Obesity is the most critical issue in public health today, the proposed project uses mobile
technology to gather information from smartphone users among college freshmen so to construct
activity space and behavioral patterns of individuals as related to weight changes. College
freshmen tend to be living on their own for the first time in their lives. They are in a critical stage
of forming life-long behavioral patterns of food consumption and physical activity. Based on the
theoretical construct of activity space in time geography and social influence by social networks,
the proposed project will integrate individual behavioral patterns into grouped behavioral trends.
The research outcomes are expected to assist in better planning of built environment and better
designing of intervention programs on college campuses to reduce obesity. Specific aims to be
accomplished are (1) to develop cellphone applications (apps) to collect location information and
information of the levels of physical activity of the participating students, (2) to analyze individual
behavioral patterns by reconstructing activity space of the participating students over the
proposed study period, and (3) to statistically model the association between weight changes and
behavioral patterns. Expected research outcome will include quantitative and predictive models
for the directions and strengths of the association between weight changes and how college
freshmen live their lives in areas on and around college campuses.

1

Introduction

The prevalence of obesity, which is expected to reach 213 million globally, including 113 million
Americans by 2022, has become an important social issue [1]. Obesity confers health risks and is
associated with diseases and conditions including heart disease, stroke, diabetes and certain types of
cancer, among others [2-3]. Often, by the time diseases are diagnosed, it is already too late or too difficult
to reverse the trajectory of health outcomes. On the behavior side, individuals show relatively stable
patterns of behavior and habits, which seem to maintain their own momentum, becoming resistant to
change [4-7]. An individual‘s activity, such as lack of exercise and fast food consumption, once becoming
routine, may directly lead to numerous health issues. In addition, the wide adoption of modern technology,
such as mobile phones and online social networks, is increasingly shaping individuals‘ behaviors and
behavioral outcomes and has been linked to poor fitness, inactivity, anxiety, and reduced happiness [8-9].
However, mobile phones and social networks can also be used to promote healthy behavior. For example,
several apps are now available to assist individuals in recording paths and burnt calories while jogging. For
metabolic and cardiovascular health, clearly behavioral strategies are needed to promote healthy choices.
For better formulation of intervention programs and the design of a built environment favoring healthy
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lifestyle, we need to identify behavioral patterns that promote healthy lifestyles and those that lead to
unhealthy lifestyles.
Behavioral patterns can be formulated using approaches suggested in time geography whereby
geographical coordinates of the places where an individual visits are ‗geocoded‘ to reconstruct an activity
space. The range and temporal information of activity in an activity space provides the needed information
to support analysis of an individual‘s behavioral patterns including food consumption and physical activity.
The proposed study will use this approach to formulate behavioral patterns of college freshman. Given the
popular belief of ‗freshman 15‘, which suggests that many (not all) college freshmen experience weight
gains in their first year living away from home for the first time, study of this population has excellent
potential to identify individual differences in patterns of behavior associated with weight changes.
Moreover, freshman year in college is a critical period when long lasting lifestyles are formed. Here, we
propose to develop strategies to identify healthy and unhealthy behavior patterns using technology to track
and define individuals‘ activity space and their levels of physical activity in the following Aims:
AIM 1: Develop cellphone applications to collect geographic coordinates and corresponding levels of
physical activity
We will develop and perfect two cellphone apps to record geographic coordinates and the length of stay of
a cellphone‘s location and to let students report their diets and physical activities. The developed apps will
use mobile phone accelerometers to detect and record the levels of activity at each location. The collected
information will be automatically uploaded to our server and merged into a database for subsequence
analysis.
AIM 2: Analyze behavioral patterns using time geography
Upon the completion of data collection, we will analyze the locations and durations of participants‘
activity. An activity space will be constructed for each participant. Detailed analysis of locations, durations
of stay, and levels of activity will be analyzed and quantified. Based on the collected data, a hierarchical
cluster analysis will be carried out to classify collected data into a number of groups that have minimal ingroup variation and maximal between-group variation. These identified clusters will form the basic
classification of behavioral patterns.
AIM 3: Model the association between weight changes and behavioral patterns
With the classified behavioral patterns and reported weight changes, quantitative and predictive models
will be constructed using multivariate regression models to assess the directions and strength of the
association between weight changes and the patterns of activity spaces and the patterns of physical activity
in each of the different types of behavioral patterns. We expect individuals with different behavioral
patterns will likely be associated with different levels of weight changes. We will develop the behavior
models and analyze relationships between behavioral patterns with health outcomes. We will publish the
data and the software we developed, and we will create the database of information collected from project
participants to be used for data analysis and for suggesting intervention programs and principles for better
designing built environment on college campuses based on project‘s research outcome.
The long-term goal of this project is to use the identified behavior patterns to identify optimal
strategies to promote healthy lifestyles in subgroups of people.

2
2.1

Research Strategy
Significance

Obesity is the most critical issue in public health today. Since the 1960s, the prevalence of obesity in adults
age 20 and older has more than doubled, increasing from 13.4% to 34.9% in 2011-2012, with an additional
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31.8% classified as overweight. Even more concerning, the prevalence of obesity in adolescents age 12-19
has increased to 20.5% [10]. Proposed explanations for the obesity epidemic include food price and quality
[11-12], the consumption of nutrient-dense food and drinks [13], food stores and restaurants [14-15],
neighborhood safety concerns [16-17], socioeconomic status [18-19], and the development of an
obesogenic environment [20-21]. Though there are biological and genetic bases for obesity tendencies [2223], we need to support healthy behaviors to maintain wellness. Part of that is determining which facets of
people‘s living environments are problematic to long-term maintenance of health and wellness.
Obesity is an exceedingly complex public health problem. Biologically, weight gain is determined
by calorie intake and expenditure, but what causes different people to alter their energy balance is much
more complex, with hypothesized causes at multiple interacting levels that are embedded in the very
structure of society. This complexity appears to be the reason that most one-dimensional, non-surgical
preventive or therapeutic interventions have not met with long-term success [24]. Take, for example, the
Foresight causal map prepared by UK Government Office for Science, which illustrates the inherent
complexity of obesity as a public health problem [25]. The Foresight map was built around energy balance
and mammalian physiology, but obesogenic policy determinants of the relevant physical, food, and built
environments were excluded, which seems to limit the applicability of that approach. Obesity, per se, is
only a small part of a larger public health problem that includes obesogenic policy, environments, and
population characteristics.
Obesogenic policy, environments, and individual and population characteristics all interact to
promote or support unhealthy lifestyles. These individual and population characteristics include unhealthy
dietary habits, sedentary behavior, high prevalence of obesity, high obesity-related morbidity and
mortality, and high rates of diabetes or cardiovascular diseases among historically disadvantaged groups.
Poor health status is shown to spread through social connections [26-28], potentially contributing to the
avalanche of obesity in our society in a relatively short period of time [26]. In addition, the wide adoption
of modern technology, such as mobile phones and online social networks, is increasingly shaping
individuals‘ behaviors and behavioral outcomes and has been linked to poor fitness, inactivity, anxiety, and
reduced happiness [8-9]. Addressing these challenges requires new approaches that specifically incorporate
associated built, physical, food, and socio-economic environments. Timely and rigorous analysis of these
facets of obesity will open up a rich empirical context for the social sciences and policy interventions. Such
highly topical subjects, however, increase the challenge and difficulty of deriving effective, validated, and
convincing information. Problems of population, policy, and environment at the system-wide level can be
attacked by gathering and analyzing data at the individual level.
Technology has increasingly been incorporated into research to allow for more individualized
behavior to change or formulate intervention programs. Reviews conducted on technology-based
interventions for healthy lifestyle demonstrate mixed effectiveness of technology in changing health
behaviors and outcomes, partially due to highly variable study and intervention methods [29-35]. However,
Khaylis et al. (2010) identify five key components for successful technology-based weight loss
interventions, including self-monitoring, feedback and communication, social support, a structured
program, and an individualized approach [31]. The potential effectiveness of tailored, technology-based
communication was further supported by other reviews [36-37].
We propose to model the interplays between behavioral patterns and obesity as a health outcome by
building a quantitative, predictive model to associate factors forming behavioral patterns to outcomes
affecting obesity. We intend to focus on college freshmen who are mostly living on their own for the first
time in their lives. The famous term ‗freshman 15‘ suggests that weight gains are a common problem
among first-year college students. We will simultaneously model both of these components using spatial
hidden Markov models wherein there will be a pre-defined set of states that will be fixed to the model.
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Using this approach, we will be able to model the daily activities of the individuals using the spatial
correlations between the locations. With participants‘ circles of friends (social networks), we will analyze
the similarity in behavioral patterns among those in the same social groups. Understanding their behavioral
patterns and how students settle into a new environment, the proposed study will provide a basis for
addressing these issues and for better planning of daily activities and the design and layout of the built
environment on college campuses. Using these research outcomes, appropriate interventions or educational
efforts may be offered to freshmen to encourage developing a healthier lifestyle upon starting college. We
will utilize the Poisson regression to model the association between estimated health outcome as measured
by weight changes (dependent variable) and behavioral variables such as the types and levels of physical
activity and geographic activity space, the types and frequency of food consumption, and memberships of
social networks. Though outcomes from research on the ‗freshman 15‘ referred to here are variable [3841], we aim to identify relationships between those who do gain weight and how that is associated with
levels of physical activity, patterns of food consumption as measured by frequencies of visits to different
types of restaurants, and the influence from social networks. We do not argue ‗freshman 15‘ as a certain
consequence, nor a myth. The proposed project simply extends our research to examine variability of
weight gain in freshmen.

2.2

Innovation

With the proliferation of cellphone use, many smartphone users have installed various applications (apps)
to conduct a wide range of activity. At the same time, a smartphone‘s internal device may be used to
passively record the locations, temporal durations, and levels of activity of the phone owners. The
proposed project integrates the use of smartphones, social networking among phone users, and the concept
of activity space from time geography, to study how behavioral patterns are associated with weight
changes in college freshmen. In particular, our proposed new approaches include the following:




Model behavior patterns and characterize individuals‘ behaviors in the presence of social influences.
Identify key behavior factors and patterns for predicting health status.
Leverage data collected by mobile device and identified social networks to effectively associate
changes an individual‘s unhealthy behaviors and spread community-wide wellness.

The current literature on weight changes as an indicator of health outcome lacks systematic studies on
large groups of college freshmen. Many of our target population are beginning to live on their own for the
first time in their lives so it is critical to understand why and how sedentary lifestyles begin. By carrying
out the proposed study, we will reveal the relationship between behavioral patterns and weight changes, as
well as how social networking may impact such outcomes, as illustrated in Figure 1.

Individual
behavior

Weight
changes

Social
networking

Figure 1: Behavioral patterns, social networking, and weight changes.
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3

Approach

This research integrates mobile devices and social networks under the conceptual framework of time
geography. Recent advances in mobile technology provide new opportunities to support healthy behaviors
and to maintain wellness. The next challenge is to better understand human behaviors with social
connections, identify key behavioral indicators affecting health status, and design effective social and
community awareness and intervention approaches to reinforce an individual‘s healthy behavior and
wellness. The reason for focusing on college students is not only because they form a well-recognized
community and their activity is relatively easy to track and collect, but also many individuals tend to
experience rather significant weight increase, such as the ―freshman 15‖ phenomenon [38-41], and are
particularly vulnerable to developing bad habits and addictions in their first experience living on their
own. For most students, the period of college is the starting point of their lives independent from their
parents. This is when they start to form their own behavior patterns and lifestyles. While not all freshmen
gain weight in their first year in college, the mix of different lifestyles and weight gains provide an
excellent setting for us to study the potential causes and health outcomes associated with individual
differences in patterns of behavior. Understanding their behaviors in this period and providing early
intervention may help them adopt a healthy and positive lifestyle potentially benefiting their entire lives.
Finally, the approaches developed and findings discovered in the proposed project have the potential to be
translated to other communities and populations as well. In this project, through modeling individual
behaviors and understanding their relationship to health outcomes, new social-network based intervention
approaches may be designed and introduced to help promote community-wide healthy lifestyle adoption.

Figure 2: Prototype App
AIM 1: Develop cellphone applications to collect geographic coordinates and corresponding levels
of physical activity.
Using the GPS and accelerometer units in smartphones, the apps to be developed by the proposed project
will track the movements and levels of physical activity of the phone owners to facilitate the analysis of
behavior patterns of individuals. Collected data will be used to support the analysis and modeling of the
behavioral patterns of the phone owners.
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Method: We will develop a smartphone application (app) to:
(1) passively record the coordinates and the lengths of stays at these locations by participants, and
(2) record the levels of physical activity of the participants at these locations.
Using detected levels of motion of the phones (by the accelerometers available in most
smartphones), we can determine if the phone owners are mostly sedentary, moving around, or actively
engaging in exercise at any location. The recordings will be extended to cover a semester in time.
Collectively, coordinates of visited places will allow us to build a database to summarize individual
behavioral patterns into grouped behavioral trends. Figure 2 shows a prototype of the cellphone app we
have developed. It has the components for tracking movements and recording levels of physical activity.
It also has a map that shows the geographic activity space. We will continue to improve it after field tests.
AIM 2: Analyze behavioral patterns using time geography
Rationale: The proposed study takes the approach of integrating individual behavioral patterns to form
group behavioral trends. This bottom-up approach is effective in accounting for variations among
individuals yet allowing integrated group trends to be discovered. The finding that geography can impact
social contacts has been well documented in the literature of time geography [42-50]. Temporal changes
in geography (or living environments) can be a key element in the ways people change their behavioral
patterns (individually) and social behavioral processes (grouped). Time geography typically constructs
paths of movements by individuals that trace the locations and durations of visits by individuals. Such
paths are then aggregated to form grouped behavioral trends. In the process of aggregating individual
paths into grouped ones, different aggregations can be applied based on the characteristics of individuals.
This method offers a feasible approach to analyzing individual behavioral patterns and to derive social
behavioral processes through integration of individual records.
Study population: Kent State University has a total student population of over 40,000, including
all 6 campuses. The main campus, Kent Campus, which welcomes over 3,000 new students annually, will
be our focused study area. Particularly suitable for recruiting participants to the proposed study is
Destination Kent State (DKS), an orientation program held each summer before the freshman class enters
the university. Requested funding will be used to compensate participating students and to support
programming, data management, and data analysis. Most of the first-year students are required to live on
campus at Kent State University, with only a small number of exceptions if their homes are within 5 miles
from the campus.






This study‘s initial recruits will be limited to 18-25 year old freshman students and segmented by
self-reported biological sex, race, and ethnicity. We will sample an even distribution of self-identified
males and females. We will recruit a stratified sample of self-identified racial and ethnic groups based
upon the Status and Trends in the Education of Racial and Ethnic Groups report from the United
States Department of Education which indicated the proportion of racial/ethnic groups represented in
undergraduate American universities [51]. We will not control for the sex, race, or ethnicity of the
friends, thus we will not estimate sample sizes of males and females or various races/ethnicities for
the final sample. We expect a distribution representative of student population & will adjust if
necessary.
Students will be categorized as normal weight, overweight, obese, and severely obese by BMI data
based on their measured weights. Participants will be divided into 4 subpopulations: those with BMI
< 25 (normal weight), those with BMI between 25 and 29.9 (overweight), those with BMI between 30
and 39.9 (obese), and those with BMI equal to 40 or more (severely obese).
The potential moderators (demographic variables) will be collected from each participant with a brief
paper survey administered at the entry interview at the beginning of the Fall 2016 semester study
period: age, gender, race, and ethnicity.
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Data Collection:










Physical Activity, Sedentary Behavior, and Food Consumption. Once installed, the cellphone app
will record locations and levels of activity of the cellphones with a fixed interval of once every 15
minutes. We assume participants, as most cellphone users do, will keep their phones on with only
brief periods of down time each day. The collected information will then be overlaid on a digital data
layer that contains locations and types of stores, facilities, and structures. Through overlaying
collected coordinates and lengths of stay, we will be able to reconstruct activity space of participants‘
behavioral patterns anonymously. This includes locations and frequencies of visits to food outlets,
study halls, exercise facilities, parks, or time spent jogging along sidewalks of streets, for example.
At the end of the semester, participants will be measured for their weight gains or losses, which will
allow analysis be carried out in structuring collected records into control groups (those student whose
weight changes are less than ±5 lbs) and the comparison groups (those students whose weight
changes are more than ±5 lbs). Measuring the weights of participating students allows us to acquire
more accurate information as it has been documented that it is possible for weights to be underreported [52] if left for self-report. Regarding the measured weights, we intend to assure participants
that their responses will be anonymous and to provide information to explain the value of correctly
reported weights.
Because this research will also focused on the influence of social networks on health
related behaviors, each of the initial participant‘s social networks will be sampled. Each of the
original 50 participants will provide a list of up to their ten best friends who are also registered
students at Kent State University. Investigators will then recruit three friends for each of these initial
participants leading to a final sample size of 200 (50 initial participants * 3 friends + 50 initial
participants). If we are unable to enroll three friends into the study from the initial list of 10 friends,
research personnel will obtain additional names of friends from the participant until at least three total
friends are enrolled. We expect a distribution representative of student population and will adjust if
necessary. This reported social grouping will be used to construct social networking to be integrated
in the analysis of behavioral patterns [53].
For the purpose of cross-references, participating students will be prompted daily to report physical
activity, sedentary behavior, diet, and anxiety.
After the completion of data collection over the semester, the apps will be removed from the phones,
and participants will receive the balance of their payment.
Data analysis and dissemination of findings will be ongoing until the conclusion of the project.

Data Analysis:





Data mining methods will be used to analyze information collected via cellphone app to derive
behavioral patterns of people‘s food consumption, physical activity, and lifestyles on campus. Such
behavioral patterns will be used to assess and predict trends of obesity prevalence.
Modeling of collected data will start with Step 1: constructing behavioral patterns for each
individual by organizing the coordinates and physical activity collected via cellphone apps. These
data will be structured into a set of independent variables, including (a) types and frequencies of visits
to food outlets, (b) types and frequencies of visits to gyms or exercising facility, and (c) levels of
physical activity. Step 2: hierarchical cluster analysis will be used to classify all individual behavioral
patterns to create a typology of behavioral patterns. Step 3: Using the average and the standard
deviations of the measured changes in weight as dependent variable, regression models will be
conducted to detect the direction and strength of the association between weight changes and the
independent variables for each classified behavioral pattern.
This study will examine student behavioral patterns and health outcomes. Initial participants will be
recruited for the 2016 Fall semester. Location information (coordinates collected by cellphone GPS)
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will be overlaid over a digital data layers of stores, buildings, streets, sidewalks, parks, and other
facilities in and around the campus. Financial incentives will be provided at the level of $400 over a
semester, $200 at the entry interview and $200 at the conclusion interview. At the entry interview,
each participant will have two cross-platform cell phone apps specially designed for this study
installed on their cell phones:
The first application will record geographic coordinates and levels of physical activity of the phone
user. The collected data will be used to perform analysis and to predict sedentary behavior and
cardiorespiratory fitness [8]. The second application will prompt participants to complete daily
measures of self-reported physical activity, sedentary behavior, diet, and anxiety. Participants will
then receive a briefing on the apps, have an opportunity to explore their use, be assured of their
privacy, and ask any questions they may have. Students will be measured for height and weight after
being interviewed for basic information. Participants will then exit the lab and return in two weeks to
ensure their understanding of the apps and their proper use of the apps. At the concluding interview,
students will be re-informed of the anonymity of the data collected, provided with information about
how the collected data will be aggregated and analyzed, and have their weights and heights remeasured.
With the data analysis, we wish to explore:
- How the types and frequency of visits to different food outlets may be associated with weight
changes.
- How the levels of physical activity may be associated with weight changes.
- How the social networking among peers may be associated with weight changes.

The study approach outlined here allows us to measure the variables of interest in several ways. First,
BMI and body composition will be objectively measured at the beginning and end of the 2016 Fall
semester. Second, proprietary cell phone applications will record geographic coordinates and the length of
stay of a cellphone‘s location and prompt the participant to complete self-report measures for the
behaviors of interest. Many validated behavioral recall surveys and/or studies that objectively monitor
behavior (e.g., assessing alcohol consumption, eating, physical activity behavior) are designed to assess
behavior for a brief period of time (e.g., one week) yet are accepted as accurate estimates of the behaviors
under investigation [54-55]. Therefore, will plan to monitor the variables over a period of one semester is
well within the standards set by previous studies and will provide an accurate estimation of behavior.
Analysis:
Using the susceptible-infectious-recovered (SIR) model [24], changes in weight will move a person
between subpopulations of normal, overweight, obese, and severely obese categorization. We anticipate
that freshman participants will show a weight increase in general, with the levels of changes associated
with different behavioral patterns to be identified by the proposed study. Changes in weight may be due to
dietary changes or changes in levels of physical activity. Changes in weight over the course of a semester
as shown in the collected data will allow us to analyze how such changes occur in association with
individual behavioral patterns by looking at the places visited, the duration of visit, and what levels of
activity occur at these locations. We will build a quantitative model to describe the relationships between
behavioral patterns and levels of weight changes.
Beyond this exploratory project, we plan to carry out additional projects in the future to explore
the causes of obesity prevalence and ways to curb it. Using data collected over multiple years, we will be
able to calibrate and fine tune the model for practical uses such as devising intervention programs to
reduce weight gains, changing university policies regarding meal plans, and informing design of built
environments.
AIM 3: Model the association between weight changes and behavioral patterns
Rationale: The proposed study will promote healthy lifestyles through a comprehensive and
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accurate assessment and analysis of human behaviors and day-to-day activity. There have been
many studies in computer science aiming to model and even predict human behaviors. For example,
Eagle and Pentland [56-57] explored harnessing data collected on regular smart phones for modeling
human behavior; Ziebart et al. [58] developed a conditional probabilistic model for predicting human
decisions given the contextual situation; and Sadilek and Krumm [59] proposed a nonparametric method
that extracts significant periodic patterns in location data, learns their associations with contextual
features (e.g., day of week, holiday, etc.), and subsequently leverages the patterns to predict the most
likely location at any given time in the future. In behavioral and social science, interpersonal-level and
community-level theories that recognize the role of multiple levels of influence on behavior will be
evaluated and applied to intervention efforts as appropriate, including Social Cognitive Theory [60], the
Integrated Behavioral Model [61], theories of social networks and social integration [62-64], and theories
of community intervention [65-66].
The aforementioned modeling approaches provided the conceptual foundation for the modeling
processes in the proposed project. In the modeling processes, participating students will be asked to
provide anonymous information regarding their lifestyle and individual attributes, with their consent.
Individual attributes include age, gender, race, ethnicity, weight, and height. In addition, participating
students will be asked to identify their activity space (locations of residence and daily activity). Finally,
the proposed project will invite students to contribute information of their social networks (e.g.,
friendship circles, memberships in social groups, academic standings, majors, and the like).
For the purpose of observing and understanding the impacts of social influences on participants‘
healthy lifestyles, we assume that some students will function as opinion leaders and/or as activity
organizers who receive and disseminate messages from both online and offline social networks. In
addition, the proposed project will also assume that there will be events and intervention programs on
campuses and nearby communities that may promote or demote agents‘ healthy lifestyle. For example,
fast food promotions as well as social events such as traditional college parties may demote agents‘
healthy lifestyles, but interventional programs, such as those by student health centers and campus gyms,
may promote agents‘ healthy lifestyle. These will be incorporated in the modeling processes and later on
when analyzing collected data.
Lastly, we can analyze the impact of physical activity on weight gain. For example we can use
regression and correlation analyses to determine if level of physical activity (acceleration per day) is
negatively correlated to weight gain (i.e., if those who are more active resist gaining weight).

4

Evaluation Plan

For the individual behavior modeling, individuals‘ behavior records are divided according to time series.
We will use the first few weeks of data to train the model and the rest of the days for testing (from both
public and our own collected data). In addition, for the accuracy comparison, we will compare our
approaches with a few baseline methods, such as Logistical Autoregression (LAR) and basic Gaussian
(
)
Process (PGP) [67]. In other words, the models to be developed can be expressed as
,
where
is weight change, and and are two sets of independent variables representing behavioral
patterns of food consumption and levels of physical activity. Finally, is a set of variables indicating
individuals memberships in circles of friendship and social media. In linking behavior to health outcome,
we will utilize cross validation mechanisms on the data we will collect. Similar to the evaluation of user
behavior models, the time periods will be suitably discretized and the final goal of the model will analyze
the correlation between individual behavior and their health status as indicated by their weight changes.

28

Acknowledgments
This material is based upon work supported by the National Science Foundation under Grant No.
1416509, project titled ―Spatiotemporal Modeling of Human Dynamics Across Social Media and Social
Networks‖. Any opinions, findings, and conclusions or recommendations expressed in this material are
those of the author and do not necessarily reflect the views of the National Science Foundation.

References
1.
2.

3.
4.

5.

6.
7.
8.

9.

10.
11.
12.
13.
14.
15.
16.

EpiCast Report: Overweight and Obesity - Epidemiology Forecast to 2022, August 31, 2013.
Hedley AA, Ogden CL, Johnson CL, Carroll MD, Curtin LR, and Flegal KM (2004). Prevalence of
overweight and obesity among US children, adolescents, and adults, 1999-2002. JAMA;
291(23):2847-2850.
CDC: Adult Obesity Facts: http://www.cdc.gov/obesity/data/adult.html, August 16, 2013
Grace RC, Bedell MA, and Nevin JA (2002). Preference and resistance to change with constantand variable-duration terminal links: Independence of reinforcement rate and magnitude. Journal of
the Experimental Analysis of Behavior, 77(3): 233–255.
Dube WV, Ahearn WH, Lionello-DeNolf K, and McIlvane WJ (2009). Behavioral Momentum:
Translational Research in Intellectual and Developmental Disabilities. The Behavior Analyst
Today, 10(2): 238–253.
Song C, Koren T, Wang P, and Barabási A-L (2010a). Modelling the scaling properties of human
mobility. Nature Physics, 6(10):818–823.
Song C, Qu Z, Blumm N, and Barabási A-L (2010b). Science, 327(5968) : 1018-1021.
Lepp A, Barkley JE, Sanders GJ, Rebold M, and Gates P (2013). The relationship between cell
phone use, physical and sedentary activity, and cardiorespiratory fitness in a sample of U.S. college
students. International Journal of Behavioral Nutrition and Physical Activity, 10(1): 79.
Lepp A, Barkley JE, and Karpinski, A (2014). The relationship between cell phone use, academic
performance, anxiety, and satisfaction with life in a sample of college students. Computers in
Human Behavior 31:343–350.
Ogden, CL, Carroll, MD, Kit, BK, & Flegal, KM (2014). Prevalence of childhood and adult obesity
in the United States, 2011-2012. JAMA, 311(8): 806-814.
Zheng X, and Zhen C (2008). Healthy food, unhealthy food and obesity. Economics Letters,
100(2):300-303.
Drewnowski A, and Darmon N (2005). The economics of obesity: dietary energy density and
energy cost. American Journal of Clinical Nutrition 82(1): 265S–273S.
Block G (2004). Foods contributing to energy intake in the US: Data from NHANES III and
NHANES 1999-2000. J Food Composition Analysis;17(3): 439–447.
Jetter KM, and Cassady DL (2006). The availability and cost of healthier food alternatives. Am J
Prev Med ;30(1):38–44.
Morland KB, and Evenson KR (2009). Obesity prevalence and the local food environment. Health
& Place,15(2):491-495.
Mujahid, MS, Roux, AVD, Morenoff, JD, & Raghunathan, T (2007). Assessing the measurement
properties of neighborhood scales: from psychometrics to ecometrics. American journal of
epidemiology, 165(8): 858-867.

29

17.
18.
19.
20.
21.
22.
23.
24.

25.

26.
27.
28.
29.
30.
31.
32.
33.

34.

35.

Booth, KM, Pinkston, MM, & Poston, WSC (2005). Obesity and the built environment. Journal of
the American Dietetic Association, 105(5): 110-117.
McLaren L (2007). Socioeconomic status and obesity. Epidemiol Rev, 29(1):29–48.
Sobal, J, & Stunkard, AJ (1989). Socioeconomic status and obesity: a review of the literature.
Psychological bulletin, 105(2): 260.
Poston WS 2nd, and Foreyt JP (1999). Obesity is an environmental issue. Atherosclerosis.
146(2):201-9.
Sallis JF, and Glanz K (2009). Physical activity and food environments: solutions to the obesity
epidemic. Milbank Q. 87(1):123–54.
Walley, AJ, Asher, JE, & Froguel, P (2009). The genetic contribution to non-syndromic human
obesity. Nature Reviews Genetics, 10(7): 431-442.
Woods, SC (2009). The control of food intake: behavioral versus molecular perspectives. Cell
metabolism, 9(6): 489-498.
Thomas DM, Weedermann M, Fuemmeler BF, Martin CK, Dhurandhar NV, Bredlau C,
Heymsfield SB, Ravussin E and Bouchard C, (2013). Dynamic model predicting overweight,
obesity, and extreme obesity prevalence trends. Obesity, 22(2):590-597.
Butland B, Jebb S, Kopelman P, McPherson K, Thomas S, Mardell J and Parry V (2012). Tackling
Obesities: Future Choices: Project Report, 2nd Edition. UK: Foresight, United Kingdom
Government Office for Science.
Christakis NA, and Fowler JH (2007). The spread of obesity in a large social network over 32
years. New England Journal of Medicine 357(4):370–379.
Rosenquist JN, Murabito J, Fowler JH, and Christakis NA (2010). The spread of alcohol
consumption behavior in a large social network. Annals of Internal Medicine, 152(7):426–433.
Rosenquist JN, Fowler JH, and Christakis NA (2011). Social network determinants of depression.
Molecular Psychiatry 16(3):273–281.
Arem H, and Irwin M (2011). A review of web-based weight loss interventions in adults. Obes
Rev,12(5):e236–43.
Eakin EG, Lawler SP, Vandelanotte C, and Owen N (2007). Telephone interventions for physical
activity and dietary behavior change: a systematic review. Am J Prev Med,32(5):419-34.
Khaylis A, Yiaslas T, Bergstrom J, and Gore-Felton C (2010). A review of efficacious technologybased weight-loss interventions: five key components. Telemed J E-Health,16(9):931–938.
Krebs P, Prochaska JO, and Rossi JS (2010). A meta-analysis of computer-tailored interventions for
health behavior change. Prev Med,51(3):214–21.
Norman GJ, Zabinski MF, Adams MA, Rosenberg DE, Yaroch AL, and Atienza AA (2007). A
review of eHealth interventions for physical activity and dietary behavior change. Am J Prev Med,
33(4):336-345.
Tate EB, Sprujit-Metz D, O‘Reilly G, Jordan-Marsh M, Gotsis M, Pentz MA, and Dunton GF
(2013). mHealth approaches to child obesity prevention: successes, unique challenges, and next
directions. Traditional Behavioral Medicine, 3(4): 406-415.
Wieland LS, Falzon L, Sciamanna CN, Trudeau KJ, Brodney S, Schwartz JE, and Davidson KW
(2012). Interactive computer-based interventions for weight loss or weight maintenance in
overweight or obese people. Cochrane Database Syst Rev,8(8).

30

36.

37.

38.

39.
40.
41.
42.
43.
44.
45.
46.
47.
48.

49.
50.
51.
52.
53.

54.

55.

Noar SM, Grant Harrington N, Van Stee SK, and Shemanski A (2011). R Tailored health
communication to change lifestyle behaviors. American Journal of Lifestyle Medicine. 5(2):112–
122.
Webb TL, Joseph J, Yardley L, and Michie S (2010). Using the internet to promote health behavior
change: a systematic review and meta-analysis of the impact of theoretical basis, use of behavior
change techniques, and mode of delivery on efficacy. J Med Internet Res,12(1):e4
Hajhosseini L, Holmes T, Mohamadi P, Goudarzi V, McProud L, Hollenbeck CB (2006). Changes
in body weight, body composition and resting metabolic rate (RMR) in first-year university
freshmen students. J Am Coll Nutr, 25(2):123-127.
Gropper, SS, Drawdy, K, Gaines, A, Connell, LJ, Simmons, K, Ulrich, P and Zizza, C (2008). It's
not the freshmen 15. FASEB J, 22: 678.6
Gropper, SS, Simmons, KP, Gaines, A, Drawdy, K, Saunders, D, Ulrich, P, & Connell, L J (2009).
The freshman 15—a closer look. Journal of American College Health, 58(3): 223-231.
Graham, MA, & Jones, AL (2002). Freshman 15: valid theory or harmful myth?. Journal of
American College Health, 50(4): 171-173.
Hagerstrand, T (1970). What about people in regional science? Papers of Regional Science
Association, 24: 7-21.
Hagerstrand, T (1975). Space, time, and human conditions. In A. karlqvist, L. Lundquist, and F.
Snickars (eds.) Dynamic Allocation of Urban Space. Lexington: Saxon House Lexington Books.
Thrift, N and A Pred. (1977). Time-geography: A new beginning. Progress in Human Geography,
5(2): 277-286.
Pred, A (1977). The choreography of existence: Comments on Hagerstrand's time-geography and
its usefulness. Economic Geography, 53: 207-221.
Pred, A (1981). Social reproduction and the time-geography of everyday life. Geografiska Annaler.
Series B, Human Geography, 63(1): 5-22.
Pred, A (1984). Place ad historically contingent processes: Stucturation and the time-geography of
becoming places. Annals of the Association of American Geographers, 74(2): 279-297.
Kwan, MP (2004). GIS methods in time-geographic research: Geocomputation and
geovisualization of human activity patterns. Geografiska Annaler, Series B, Human Geography,
86(4): 267-280.
Miller, HJ (2005). A measurement theory for time geography. Geographical Analysis, 37(1): 17-45.
Livingston, DN (2010). Human Geography: An Essential Anthology. Blackwell.
Aud, S, Fox, MA, & KewalRamani, A (2010). Status and Trends in the Education of Racial and
Ethnic Groups. NCES 2010-015. National Center for Education Statistics.
Ossiander, EM, Emanuel, I, O‘Brien, W, & Malone, K (2004). Driver‘s licenses as a source of data
on height and weight. Economics & Human Biology, 2(2): 219-227.
Amialchuk A, Gbenga A, Xiong W, Ye, X (2014). Uncovering Peer Effects Mechanisms with
Weight Outcomes using Spatial Econometrics. The Social Science Journal. DOI:
10.1016/j.soscij.2014.07.008
Evenson, KR, & Wen, F (2010). Measuring physical activity among pregnant women using a
structured one-week recall questionnaire: evidence for validity and reliability. Int J Behav Nutr
Phys Act, 7: 21.
Norman, P, Armitage, CJ, & Quigley, C (2007). The theory of planned behavior and binge
drinking: Assessing the impact of binge drinker prototypes. Addictive behaviors, 32(9): 1753-1768.

31

56.
57.
58.

59.
60.
61.
62.
63.
64.

65.

66.
67.

68.

69.
70.
71.
72.

73.

Eagle N, and Pentland A (2006). Reality mining: sensing complex social systems. Personal and
Ubiquitous Computing, 10(4): 255–268.
Eagle N, and Pentland A (2009). Eigenbehaviors: Identifying structure in routine. Behavioral
Ecology and Sociobiology, 63(7): 1057–1066.
Ziebart BD, Maas A, Bagnell JA, and Anind KD (2009). Human Behavior Modeling with
Maximum Entropy Inverse Optimal Control. AAAI Spring Symposium: Human Behavior
Modeling, page 92.
Sadilek A, and Krumm J (2012). Far out: Predicting long-term human mobility. In: Twenty-Sixth
AAAI Conference on Artificial Intelligence.
Bandura A (1986). Social Foundations of Thought and Action: A Social Cognitive Theory.
Englewood Cliffs, NJ: Prentice-Hall.
Fishbein M, and Cappella JN (2006). The Role of Theory in Developing Effective Health
Communications. Journal of Communication, 2006, 56(s1): S1–S17.
Berkman LF, Glass T, Brissette I, and Seeman TE (2000). From Social Integration to Health:
Durkheim in the New Millennium. Social Science and Medicine, 51(6), 843–857.
Berkman LF, and Glass T (2000). Social Integration, Social Networks, Social Support, and Health.
In L. F.
Heaney CA, and Israel BA (2008). Social networks and social support. In Glanz, K., Rimer, B.K.,
& Viswanath, K. Health Behavior and Health Education: Theory, Research, and Practice (4th ed.).
San Francisco, CA: Jossey-Bass.
Fisher R (1997). Social Action Community Organization: Proliferation, Persistence, Roots, and
Prospects. In Minkler M (ed.), Community Organizing and Community Building for Health.
Rutgers, N.J.: Rutgers University Press, 1997.
Rothman J (2001). Approaches to Community Intervention. In Rothman J, Erlich JL, Tropman JE
(eds.), Strategies of Community Intervention. Itasca, Ill.: Peacock Publishers.
Shen Y, Jin R, Dou D, Chowdhury N, Sun J, Piniewski B, and Kil D (2012). Socialized Gaussian
Process Model for Human Behavior Prediction in a Health Social Network. In IEEE 12th
International Conference on Data Mining, pp.1110-1115.
Ye X, and Shi X (2013). Pursuing spatiotemporally integrated social science over
cyberinfrastructure. In Shi, X., Kindratenko, V., and Yang, C. (eds.). Modern Accelerator
Technologies for GIScience, Springer.
Ye X, and Rey SJ (2013). A Framework for Exploratory Space-Time Analysis of Economic Data.
Annals of Regional Science DOI: 10.1007/s00168-011-0470-4
Lee, J and D Wong (2001). Statistical Analysis with ArcView GIS. New York: John Wiley & Sons.
Wong, D and J Lee (2005). Statistical Analysis with ArcView GIS and ArcGIS. New York: John
Wiley & Sons.
Novak CM, Escande C, Gerber SM, Chini EN, Zhang M, Britton SL, Koch GL, and Levine JA
(2009). Endurance capacity, not body size, determines physical activity levels: Role of skeletal
muscle PEPCK. PLoS One 4 (6): e5869. (PMID: 19521512)
Novak CM, Escande C, Burghardt PR, Zhang M, Barbosa MT, Chini EN, Britton SL, Koch GL,
Akil H, and Levine JA (2010). Spontaneous activity, economy of activity, and resistance to dietinduced obesity in rats bred for high intrinsic aerobic capacity. With commentary highlighting
article: Hormones and Behavior 58 (3): 355-367. (PMID: 20350549)

32

74.
75.

Jin R, Liu L, Ding B, and Wang H (2011). Distance-Constraint Reachability Computation in
Uncertain Graphs. PVLDB 4(9): 551-562
Jin R, Lee V, and Li L (2013). Scalable and Axiomatic Ranking of Network Role Similarity
Transactions on Knowledge Discovery in Data.

33

A Fully GIS-Integrated Simulation Approach for
Analyzing the Spread of Epidemics in Urban Areas
Hedi Haddad1 , Bernard Moulin2 , Marius Thériault3
1
Department of Computer Science, Dhofar University, Salalah, Sultanate of Oman
2
Department of Computer Science and Software Engineering, Laval University, Quebec, Canada
3
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Abstract
Human-to-human communicable diseases can be devastating in urban areas where large heterogeneous
population groups are living in restricted spaces, causing serious concerns for public health, especially
during epidemic outbreaks. Even though Geographic Information Systems (GIS) have been used to study
a variety of public health issues in the last decade, their use to study human communicable diseases has
been limited to the development of disease clustering, mapping and surveillance systems. These systems
don’t provide ways to understand and predict the dynamics of diseases spread across an urban region,
taking into account the dynamics of human contacts and mobility, which are the main widely recognized
mechanisms responsible for diseases’ spread. In this paper we address such limits by presenting a GISbased spatial-temporal simulation approach and software to support public health decision making in
the context of communicable diseases in urban areas. The approach fully integrates epidemiological,
mobility and GIS-data models at an aggregate population level in order to support spatialized interventions.

1

Introduction

Human-to-human communicable diseases are one of the most major threats to the human society, with their
heavy human, societal and economical costs. They can be more devastating in urban areas where large heterogeneous population groups are concentrated in relatively small spaces, making urban centers favorable environments for the spread of various epidemics. This is a source of serious concerns for public health decision makers
for several reasons. First, decision makers must act quickly to propose efficient and effective intervention strategies, while coping with the constraints of available countermeasure resources. Consequently, decision makers
need often to prioritize who, where and when target with their interventions, which, obviously, requires a good
understanding of how these communicable diseases spread taking into account the spatial and temporal dimensions. However, secondly, communicable diseases are complex phenomena, and their dynamics are influenced
by a complex set of biological, spatial, temporal, environmental, socio-demographical, behavioral and human
mobility factors. Decision makers do not only need to collect data from a wide variety of sources, but they also
need to integrate this data in ways that provide a ”credible” understanding of the situation. Third, given the
inherent complexity and uncertainty of these phenomena, decision makers often perform ”What-if” reasoning,
by which they elaborate and analyze different candidate intervention strategies and select the best ones. Therefore, there is a need to provide public health decision makers with decision support tools that capture infectious
diseases’ dynamics and allow them analyzing and prioritizing potential control interventions. Because infectious disease outbreaks are explicit spatiotemporal phenomena, Geographic Information Systems (GIS) can be
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an intuitive choice to offer a framework that is well suited for this task. Yet, the use of GIS to analyze infectious
diseases has been limited to clustering, mapping and surveillance processes, often using statistical approaches
[8]. These systems are certainly useful but they don’t provide ways to understand and predict the dynamics
of disease spread in an urban region, taking into account the dynamics of human interactions within a spatial
environment (commonly referred to as reaction) and mobility (commonly referred to as diffusion), which are
the main widely recognized mechanisms responsible for disease spread. Indeed, this type of dynamic analysis
is difficult to realize by means of the GIS functionalities commonly available and often requires the use of other
models and tools, in addition to GIS.
To address this challenge, we proposed in [5] a new GIS-based spatial-temporal simulation approach and
software to support public health decision making during the first days of an epidemic outbreak in an urban
region. In this paper we aim to provide some insights on the methodological foundations of our approach which
have not been presented in [5]. The remainder of the paper is organized as follows. Section 2 presents the main
theoretical roots that have inspired the proposed approach. Section 3 highlights the approach and the GIS-fully
embedded tool. The main limits and potential future extensions are discussed in the conclusion.

2

Main theoretical foundations

Boosted by the pandemic outbreak of H1N1 in 2009, spatially-explicit modeling and analysis of infectious
diseases’ spread has been subject of substantial research works, most of which focused on the global scale,
where it appeared that international air travel can provide good predictions for the worldwide spread of certain
communicable diseases [10]. Recently, several works have concluded that urban commuting mobility would be
more efficient than global air mobility for limiting human infectious diseases’ spread [3], which is raising the
need of approaches and tools for studying the phenomenon at a regional level.
The literature of spatially-explicit models [4] is dominated by two main approaches, the individual-based
approach and the population-based approach, tackling the problem from the micro and macro levels, respectively. Both approaches present some limits when it comes to study the phenomenon at an urban scale.
In individual-based approaches, the infection probability depends on individuals’ explicit attributes, behavior and social interactions, making them able to fully reproduce the heterogeneity of the phenomenon and, thus,
being closer to reality. However, their implementation is complex in terms of time, data processing and computational resources, which commonly can’t be afforded by public health agencies, especially in the early days
of epidemic outbreaks. Population-based approaches study the phenomenon at an aggregate level, the population, while coarse-grained techniques are used to model individual interactions. The meta-population framework
has dominated the literature of population-based approaches in recent years [10], where the world is modeled
as a network of connected sub-populations. Sub-populations correspond to geographical regions (countries or
urban areas) and connections correspond to movement flows between sub-populations. While this framework
is suitable for studying disease spread at a global level, it is based on oversimplified assumptions that make it
unsuitable for modeling both the reaction and diffusion processes at an urban scale. Considering the reaction
process, common meta-population models assume that individuals inside each population behave identically
and have the same probability to contact each other, which has been contradicted by several researches (see [6]
for example). Considering the diffusion process, traditional meta-population models assume that individuals
move randomly between sub-populations and do not have a memory on their previous locations [10]. However,
daily commuting mobility is based on recurrent movements between homes and a limited number of places,
which requires memorizing the home locations of individuals in the system. Even though some recent works
have extended the meta-population framework to model recurrent commuting mobility and contact of sociallystructured populations [1], the mathematical complexity has limited their application to the stage of theoretical
explorations, and they have to be combined with numerical simulations in order to study real populations with
different types of social groups.
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Given the above-mentioned limits of individual-based and population-based approaches, we argued the need
of new approaches to model the phenomenon at a meso scale (i.e., aggregate level in urban areas), while being
more simple to implement than individual-based models and more close to reality (by its ability to capture the
different heterogeneities of the phenomenon), compared to current population-based models. In this context we
proposed an integrative approach and a fully GIS-based tool [5]. The approach is inspired by several theories
and techniques. Constrained by the paper length, in the following we summarize the three main techniques
and theories, respectively, Public Health Intervention practices, Geo-simulation of urban dynamics and Time
geography.

2.1

Public Health Intervention practices

The main objective of our approach is to support decision makers in their efforts to propose intervention strategies for controlling disease spread in urban areas. Therefore, it needs to comply with the practices of public
health interventions. According to [7], public health practice does not intervene on individuals but targets specific groups called aggregates (subgroups of the whole population). The division of populations into aggregates
can be done in several ways, depending on the context and purposes of the targeted interventions. Even though
grouping population members based on demographic attributes or geographic locations is a common practice,
high-risk aggregates are the most widely used, corresponding to subgroups of the population with high-risk
members in respect to the considered disease [7]. Once target groups are identified, public health policy makers
decide the relevant control strategies, including pharmaceutical and /or non-pharmaceutical interventions.

2.2

Geo-simulation of urban dynamics

We believe that the spread of communicable diseases in urban environments should be perceived as an explicit
spatial and temporal urban phenomenon. Modeling of urban phenomena is a multidisciplinary topic involving
various disciplines such as geography, computer science, geomatics, mathematics and social sciences. In the
last decade, geosimulation has dominated the literature and became the most widely used approach for modeling
urban phenomena. Geosimulation uses a combination of Cellular Automata, GIS and/or Agent-Based simulation
techniques to model and reproduce the dynamics of different urban processes, with different interacting actors,
at different spatial, temporal and social scales [2]. From this perspective, a geosimulation-based approach is an
intuitive choice for our problem.

2.3

Time geography

Time geography was initially introduced by Hägerstrand as a framework for explicitly modeling spatio-temporal
human activities. In this framework, places where activities are carried out are explicitly modeled and represent
the spatial bases for activities and human interactions. The sequences of activities constitute the the space-time
paths, which are individuals’ trajectories standing for physical mobility in time and space. Spatial intersections
of several space-time paths are called bundles, and they identify places where groups of individuals meet and
interact, like households and working places.
By adopting the time geography framework, we tried to address two main limits of the meta-population approaches. Firstly, the time geography framework offers an explicit representation of activities, along with their
places and times. In the meta-population framework, activities are not explicitly represented, and consequently
it is not possible to model the infections that might happen during contacts between people such as in public
transportation vehicles. Secondly, most of population-based models use a numerical perspective of the mobility,
which is reduced to movement rates between pairs of source and destination localities. These rates are generally
expressed as a force of infection and are often compiled from census data records or transport databases, with
no details about people’s mobility purposes. Several works have also included explicit mobility models, mainly
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using gravity and, less frequently, radiation models [11], both approaches being borrowed from a physics perception of mobility [9]. However, the activity-based mobility approach, which is based on time geography,
has gained an increased interest in the transportation research community. In contrast to gravity and radiation
models, activity-based models assume that all trips are motivated by individual needs, and Activity-based transportation surveys are used to identify these needs for different population groups and how they are typically
fulfilled, which allows for building activity-based mobility models, given the demographics of individuals and
environmental factors. To the best of our knowledge, aggregated activity-based mobility models have not been
used yet with aggregated infectious models; certainly not in the currently existing mathematical meta-population
models.

3

The proposed approach

In this section we give an overview of the approach proposed in [5], by emphasizing how its main steps have
been inspired by the theories and techniques presented in the previous section. The main idea of the approach is
to take advantage of available activity-based transportation surveys to rapidly model the demographic characteristics and activity/mobility patterns of a significant sample of an urban population at an aggregate level, so that
the proposed approach fully integrates human epidemiology, human mobility and public intervention models in
a GIS system. The proposed simulation tool allows a user to visualize and to assess the spread of a contagious
disease in a geographic area simulated in a GIS, taking into account the spatial locations of the residence and
usual activities of different population groups. The simulation is initialized with a simulated population sampled
from the transportation survey in which the user can easily introduce infected or susceptible people. The tool
also allows for the creation and comparison of different ”spatialized” pharmaceutical and non-pharmaceutical
intervention scenarios in terms of the spatial evolution and distribution of infected people in the studied area. In
the following we present the main elements of the approach.

3.1

Socio-demographic groups and their Activity/ Mobility patterns

Inspired by the Time Geography framework, our approach requires the use of activity-based transportation surveys’ data which are available in most developed countries to build credible models of aggregated social groups
of an urban area as well as models of their activities and daily mobility patterns. Such surveys are periodically
conducted by governmental agencies on large representative samples of individuals, while following rigorous
statistical procedures. The collected data typically cover three main dimensions, 1) the socio-demographic
profiles of the respondents (age, gender, employment, home location, etc.), 2) general information about their
households, and 3) their detailed activities and mobility data collected during the day of the survey. Once
these individual data are collected, they need to be processed in order to build aggregated models of the sociodemographic groups living in the considered urban area and their activity patterns, taking into consideration the
studied communicable disease. In agreement with Public Health practices, the concepts of groups and activities
at risk are helpful in this regard. In the context of human-to-human communicable diseases, children and elderly
people are the most vulnerable, and we need to distinguish at least the three demographic groups of children,
adult and elderly. Risky activities are those that favor different types of contacts between people, like staying
at home, studying, working, shopping and taking public transportation. By crossing data about risky demographic groups with risky activities, further socio-demographic groups can be identified along with their activity
patterns, like elementary / secondary school students, university students, workers, and retired people.
Without loss of generality, we applied our approach using the 2006 Quebec’s Origin-Destination Transportation Survey, and we identified 9 socio-demographic groups with their activity-mobility patterns, corresponding
to infants (less than 5 years old who stay at home or attend a nursery), young students (people between 6 and
15 years old who attend elementary, primary or secondary schools), adult students (between 16 and 64 years old
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who carry out (pre) universitary studies), adult workers, adults who are neither workers nor students, and retired
people (more than 65 years old).

Figure 1: A) The conceptual logic of simulating diseases spread using different types of containers and groups’
mobility patterns, B) The stages of the used epidemiological model, C) The used spatial hierarchy

3.2

The aggregated spatial model

Once the groups of the urban area are identified, with their activity and mobility models, they must be spatialized. For this purpose, we use an aggregated spatial model that is based on the concept of container. We define
a container as an abstract concept that represents the location in which social groups of people can carry out
typical activities that can be characterized using a transportation survey. Every container has a spatial extension, which corresponds to its physical location in the studied geographic urban area. We use a hierarchical
decomposition of the geographic urban area, as illustrated in Figure 1-C. At the most detailed level we use a
spatial tessellation of space as a set of Zones which usually correspond to local administrative boundaries of
interest to public health decision makers (such as census tracts). Zones can be aggregated into Places, which
can be aggregated into a Region representing the whole urban area of interest. We therefore model containers at
different spatial scales, which offers more flexibility to deal with any missing transportation data or any design
choice. The types of containers are chosen with respect to the activity data available in (or computable from)
transportation surveys. We draw a distinction between anchor activities (staying at home, working, studying,
and taking public transportation) and other activities (like shopping, socializing, etc.). Every anchor activity
is associated with a type container such as Work container for working, Primary school container for primary
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studies and Residence container for activities carried out at home. Since transportation surveys’ data generally
provides detailed information about the residence location (usually the census tract) but not about other activities, we associate residence containers with zones and anchor activity containers with places. However, if data
is available, all the anchor activity containers can be associated with zones. The Container of other activities
aggregates the locations of all the other activities that are different from the anchor activities. For simplification
purposes and supposing that these activities affect the disease transmission less considerably, we associate the
container of other activities with the regional level of the spatial hierarchy, corresponding to the whole urban
area of study. Again, if possible and needed, this container could be associated with places or zones. Finally, we
aggregate in a Public transit container all the activities that are related to individuals’ public transit, since people
spend some time with each other in public vehicles where disease transmission is facilitated. For simplification
purposes we only use one Public transit container at the regional level, since we can easily compute aggregated
contact attributes from transportation surveys. But if more detailed data is available, we could distinguish several
public transit containers such as Bus container, Metro container and Regional Train container.

3.3

The spatialized contagion model

Containers are used to model the places where activities take place and consequently where different sociodemographic groups interact with each other, offering occasions for disease transmission from infectious to
susceptible individuals. Every socio-demographic group is subdivided into five compartments that correspond
to typical disease infection stages (Susceptible, Exposed, Infected, Protected and Dead) (Figure 1-B). Every
type of container has a local contagion model, which specifies how to compute the probability of infection after
a contact between susceptible and infectious individuals, taking into account individual and environmental risk
factors, including activity and spatial environment risk factors. Every type of container has different parameters
for the local contagion model.

3.4

The spatialized intervention model

Considering the intervention scenarios, we distinguish Population-Oriented and Activity/Mobility-Oriented scenarios. Population-Oriented interventions target population groups and correspond to Vaccination and Quarantine scenarios. Both scenario types are considered to be regional and characterized by occurrence days and
targeted population groups. In contrast, Activity/Mobility-Oriented scenarios target the population activities, and
they are currently supported by the Public Settings Closure, where the decision maker can specify the closure
of certain activity locations (such as schools or even public transit) on certain days. However, all intervention
scenarios could be used to target groups at different scales such as geographic zones (residence containers) and
places (anchor activities’ containers).

3.5

Geo-simulation of the spread of the communicable disease

We use a geo-simulation approach to simulate the dynamics of disease spread over an urban region (Figure 1-A).
At the beginning of the simulation, socio-demographic groups are assigned to their residence containers. At the
beginning of every simulation step (corresponding to one day), the simulation engine checks if an intervention
scenario must be applied at the current step (vaccination, etc.). When appropriate, such a scenario is loaded and
its constraints are applied. Then, the simulation engine moves the different groups from their residential containers to their activity then to public transit containers where they spend some time and interact with other moving
groups en route towards their residential containers. The simulation engine applies the local contagion model in
order to simulate the disease transmission inside each activity container and inside the public transit container.
At the end of the day, the simulation engine moves all the active groups back to their residence containers where
they spend the night. It also applies a local contagion model in order to simulate the disease transmission inside
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residential containers and then carries out all the computations required for the initialization of the next simulation day (computation of the numbers of susceptible, exposed, infectious, protected and dead people of the
day at each residence container). It is worth mentioning that daily activity and mobility flows are constrained
by several activity parameters such as daily presence and quarantine rates. In order to model the constraints of
interactions between activity patterns of household members, we also define interaction relationships between
some activities. For example, the mobility of children who attend nursery is affected by the mobility of their
parents, because infected parents who are in quarantine will not bring their children to the nursery.

Figure 2: A snapshot of the graphical animations generated by the tool comparing spatial infections’ distributions
without (top) and with (bottom) interventions

3.6

Proof of concept

As a proof of concept of our approach, we implemented the P2PCoDiGeosim tool (Person to Person Communicable Disease Geosimulation) within the MapInfo GIS using the MapBasic programming language. It is fully
integrated within the GIS system and coupled with a Graphic Display Module that allows for the graphic visualization of the simulation results. In our software, the population activity and mobility data are compiled from the
2006 OD survey of Quebec metropolitan area. The compiled and enriched data corresponds to a total adjusted
and weighted population of 724378 individuals, constituting a credible representation of the whole population
of Quebec area at that time. Residential zones are associated with census tracts, leading to the subdivision of the
simulated area into about 180 census tracts (residential containers). The tool innovates in offering a complete
integration of mobility and infection models in a GIS-based software for decision support in the public health
domain. The full integration of the simulator in a GIS allows a public health decision maker to simply set various
intervention scenarios and to view simulation results in different display formats authorized by the GIS (graphs,
charts, etc.), which facilitates the comparison of the outcomes of different scenarios. The system also offers the
option of visualizing the spatial spread of the disease in an animated way (see an example illustrated in Figure
2).
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4

Conclusion

Our work attempted to propose a new approach and associated GIS-based simulation tool suitable for modeling
the spread of communicable diseases in urban areas, while being simpler to implement than individual-based
models and closer to reality than population-based models. Indeed, the approach operates at an aggregate level
which is plausible since it is based on a significant sample of the real population whose characteristics are
computed from transportation surveys’ data, in contrast to common meta-population models. The approach is
simple and can be promptly put into use, since it does not require lengthy processing of population and mobility
data. Transportation surveys are widely available, at least in North America and Europe and the approach and
tool can be adapted to local variations of these data sets.
Considering future work, applying the approach on various disease spread cases is certainly one of our main
priorities. Moreover, we restricted some intervention scenarios at the regional level for simplification purposes.
Such a restriction needs to be lifted to provide decision makers with more flexibility by allowing the specification
of intervention scenarios at other spatial scales.
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Abstract
As human-centered interactive technologies, serious games are getting popularity in a variety of fields such
as training simulations, health, national defense, and education. To build the best learning experience
when designing a serious game, a system requires the integration of accurate spatio-temporal information.
Also, there is an increasing need for intelligent medical technologies, which enable patients to live
independently at home. This paper introduces a novel e-Health framework that leverages GIS-based
serious games for people with disabilities. This framework consists of a spatio-temporal map-browsing
environment augmented with our newly introduced multi-sensory natural user interface. We propose
a comprehensive architecture that includes a sensory data manager, a storage layer, an information
processing and computational intelligence layer, and a user interface layer. Detailed mathematical modeling as well as mapping methodology to convert different therapy-based hand-gestures into navigational
movements within the serious game environment are also presented. Moreover, an Intelligent Game
Recommender has been developed for generating optimized navigational routes based on therapeutic
gestures. Those routes are tailored to the patient preferences and capabilities. Motion data is stored in a
repository throughout the different sessions for offline replaying and advanced analysis; and different
indicators are displayed in a live manner. To the best of our knowledge, this is the first GIS-based game
recommender framework for online physical therapy. The prototype has been deployed to a disability
center. The obtained results and feedback from therapists and patients are encouraging.

1

Introduction

Research has shown that proper therapies for disabilities that might affect human body such as Hemiplegia1 can
help affected patients to quickly return to normal life [10]. Traditionally, an expert attaches a goniometer to the
patient’s body to measure the angle of motion for a given joint. However, this method is time consuming and
requires supervision of experienced therapists. The lack of trained professionals with respect to the growing
number of patients has prompted the development of automated home-based e-health systems for physical
rehabilitation [9]. Previous studies suggest gathering kinematic therapy data and generating post-therapy analytics
reports help the therapist and caregiver track the condition of the affected areas of the patient [13]. Although
therapist-assisted hand rehabilitation is commonplace, home-based therapy is gaining popularity these days
because it is flexible, relaxing and easier to repeat alone or with the presence of a caregiver.
To help in home-based hand-therapy, various computing platform such as Microsoft Kinect [2], Microsoft
Digits, and Leap motion, to name a few, have recently emerged that help in identifying physiological and gait
1

Disability that affects the body and joint movements in one half of the body
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parameters from a hand therapy session in real-time. Although Microsoft Kinect is a popular platform for full
body gesture recognition [5], the current version of Kinect cannot track subtle finger and forearm rotational and
angular movement such as pronation and supination or forearm, circumduction of thumb or fingers, to name a
few. Recently, a new 3D motion-based gesture control device has been introduced, called LEAP Motion. The
sensing range and very high resolution make it a suitable candidate among the state of the art monitoring devices
for an in-home hand-therapy [11].
To add to the physical rehabilitation, serious games are getting popularity in a variety of fields such as training
simulations, health, national defense, and education [6, 7]. Research has shown the effectiveness of such games
in improving the learning skills of subjects [8]. Particularly, serious games have become quite popular in recent
years for use in mental and physical rehabilitation. The games such as driving a car near some personalized points
of interest, or controlling a flying kite over your favorite city always sound motivating and exciting, especially, for
children [1, 4]. However, little work has been done in GIS domain with the aim of developing serious games [3].
This paper presents a proactive serious game environment integrated within an e-health framework that offers
several advantages over state of the art systems for therapy design and monitoring. First of all, this framework
consists of a spatio-temporal map-browsing environment augmented with our newly introduced multi-sensory
Natural User Interface. The map navigation activity is performed using the Leap Motion controller, which is
used to detect 18 different primitive hand therapies [12]. Another sensor called Microsoft Kinect is used, which
tracks movements of 20 major joints in the body at 30 frames per second. This gives our proposed system
the ability to record the motion of each joint as well as its range of motion (ROM) multiple times per second.
Secondly, the gestures produced by the users are converted into game movements using an intelligent gesture
mapping engine. The gestures are natural and intuitive enough for the users to learn quickly and start using
the immersive environment without a steep learning curve. A Game Recommender engine reads joint-motion
data and devises map browsing paths to visit geo-spatial locations and perform different activities. Thirdly, the
system is web-based; hence, users do not need complex and expensive setup on their client machines. The patient,
at home or outside, would just need a web browser, a Kinect, and a LEAP device to start performing her/his
prescribed therapy sessions. Fourthly, a novel authoring interface has been developed for therapy design. This
authoring interface allows a therapist to define the joints of interest based on a human body anatomy model. The
system allows a user to save the therapy session in his/her own repository and share only with a community of
interest through a dedicated cloud environment. Finally a therapist, a patient or a caregiver can see the live plots
consisting of quality of improvement metrics by analyzing current or past therapy session data.

2

Modeling Approach

This section presents a modeling approach to represent therapies in terms of joints and motions associated with
them as well as other dynamic parameters to help generate an appropriate GIS game for a given patient. This
modeling approach has been developed based on principles defined with the help of medical experts. In medical
literature, movements are expressed in terms of joints and primitive gestures. For example, the bending of the arm
that results in the finger tips touching the shoulder is called flexion of the elbow, since the act of flexion happens
around the elbow joint. The range of motion (ROM) of the elbow joint for flexion hence depicts the range of
angles traversed by the arm during the flexion movement. For a normal human being, the range is 0 degrees (fully
extended arm) to 140 degree (fully flexed arm). To model these movements, we have therefore associated each
movement with its related joint as well as the normal range of motion. However, a physically impaired person
lacks the ability to perform a movement from beginning to end like a healthy person. To enable the system to
detect these partial movements and to separate them from other non-related movements, a movement indicator is
needed. We have included the direction of change in angle as an indicator to show the type of movement taking
place.
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joints in the human body is represented by M. As a result, a primitive gesture g can be expressed as follows:
g = h j, m, nROM, di, p, du, n, ri
where j ∈ J is a joint; m ∈ M is a motion associated to j; nROM describes the normal range of motion for a given joint; di ∈ {clockwise, anti − clockwise} is the direction of movement; p ∈ { f rontal(xy −
plane), transverse(xz − plane), sagittal(yz − plane)} represents the plane of movement as explained in Figure
1(a); du is the gesture duration as suggested by the therapist; n is the number of repetitions of that gesture during
the therapy; and finally r depicts the potential resistance that is the weight carried by some parts of the body for
developing all of the muscles that control the patient’s hands.
From a gesture duration and the number of repetition as prescribed by the therapist, the system can then
compute the total therapy duration as follows:
T heraphyDuration = Σgesture0 s duration ∗ numbero f repetition
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Sensor data Leap and Kinect are the cheapest sensor devices that are available to store data of 3D motions.
Using these sensors, there is no need to connect a part of the body with a wire, which makes it more convenient
in serious games. Sensor data is represented in our framework as follows.
S ensorData = {LeapData, KinectData}
KinectData = hUID, joints, τi
where joints is the set of joints ⊆ J; UID is the user identifier; and τ is the timestamp. Each joint is
represented by the following parameters:
j ∈ joints = hangle, name, x, y, xi providing the angle, joint name, and the current position in a local reference
for that joint. The leap motion controller provides us with a diversity of information about hands and pointables
involved in the serious game. Those parameters are highlighted as follows.
LeapData = h f rameRate, hands, pointables, timestampi
where f rameRate is the current number of frames per second; hands and pointables represent the set of
hands and pointables detected by the leap, respectively; A hand data mainly contains the hand identifier, its
1

https://developer.leapmotion.com/leapjs/api-guide
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Figure 2: Modeling and Mapping Physical Therapy to GIS Games.
direction, and different values about the palm position and status: hand = hid, direction, palmin f oi. Whereas
pointable data includes its position and direction as follows: pointable = hid, direction, handid, positionin f oi.
User constraints Based on the user profile and therapist recommendations, the system extracts an initial
set of constraints for each patient so that the intelligent game recommender can take these constraints into
consideration. The set of constraints is represented as follows: C = hc1, c2, c3, . . . , cni, where ci includes the
following parameters:
ci = hCID, gestureID, UID, constraintT ypei
In (9), CID is the constraint identifier; gestureID is the gesture (i.e., a couple of joint,motion) to which that
constraint is associated; UID is the user identifier; and finally the constraint type is represented by one of the
three possible disabilities:
ConstraingT ype = hspeed, ROM, numbero f repetitioni; this means that a constraint is related either to the
speed in achieving some gesture, in the maximum range of motion (ROM) or in the number of repetitions for that
particular gesture. One gesture can also have different constraints at the same time. Those constraints are updated
by the system upon finishing each session.

3

Mapping Physical Therapy to GIS-Based Serious Games

We have developed a number of natural map browsing gestures to make the browsing experience simple and
intuitive. Figure 2 shows a gesture mapping table, which outlines different gestures that have been implemented
such as wrist ulnar and radial deviation for moving right and left and wrist flexion and extension for zooming
in and out. We have taken these gestures from therapies suggested by therapists to patients suffering from
Hemiplegia and other motor disability problems. Each gesture is detected by a gesture specific algorithm that
parses the incoming sensory data stream and interprets hand position data to find the particular gesture. As shown
in Figure 2, we have designed both 2D and 3D map browsing gestures such that each primitive gesture can be
converted into a primitive therapy. As an example of moving around a 2D map, a user has to grab the map by
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making a clenched fist gesture. Once the map has been grabbed, moving around requires the motion of the
clenched fist towards right or left. To zoom into or out of the map, clenched fists of both the hands are used. A
different set of gestures have been designed in the case of 3D map browsing, which is shown in Figure 2.
Mapping hand gestures to GIS-based serious games requires advanced algorithms to translate different
gestures into 3D movements. Several algorithms have been developed for mapping hand gestures to navigate in
3D maps through the serious game environment. These algorithms take Leap data frames as input, and especially
works on the current and previous position to compute the differences in angles, duration, and spatial distance in
order to generate the next navigational movement.

4

System Architecture

Our system has three types of users: (i) a patient; (ii) a therapist; and (iii) a caregiver. A brief description of
our framework’s life cycle is as follows. A therapist uses an authoring interface to define a specific therapy.
The interface displays a human body anatomy model, where each of the joints that are capable of being traced
is displayed as a hotspot on the body. When a user clicks on a joint, a list of movements related to that joint
is displayed with check boxes on the side. A therapist can associate a subset of body joints with a subset of
primitive or high-level actions and other track-able metrics. The therapist associates the exercise to a specific
therapy stored earlier in database and uploads data to the cloud storage. This exercise is then assigned to any
patient suffering from a related disability. When the patient starts a therapy session using the GIS game, the game
engine requests geo-spatial map data from the map server. The gestures performed by the user for playing the
game are detected by the sensors and sent to the game engine. A therapy-mapping module then translates these
gestures into appropriate movements in the game environment. While the user enjoys an immersive game playing
experience, the data captured by the sensors is stored in a predefined format for later playback, processing, and
mining.
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Figure 4: Therapy-based route recommendation. (a) 3D view of Nokia Here Maps with a moving kite. (b) Ulnar
and radial deviations performed by the patient

4.1

Framework Design

Our proposed system consists of a three-layered architecture, namely, the storage layer, the core information
processing and computational intelligence layer, and the user interface layer. Figure 4 shows the high level
framework architecture. The storage layer stores data coming from sensors for the purpose of analysis, but
also includes a knowledge base about therapy data and user profiles as well as data on navigational movements.
The core information processing and computational intelligence layer includes different components such as
the inverse kinematic and spatio-temporal analyser as well as the intelligent game recommender. This game
recommender interprets body gestures from sensor data streams and the knowledge base and generates therapybased navigational routes adapted to the user constraints. The user interface layer provides an authoring
environment for therapy design. The output part is made up of different windows showing the Leap and Kinect
screens as well as the quality of improvement metrics. An interactive graph generation screen is also part of
the output interface. Three types of users exist for the system, i.e., the patient, the therapist and the caregiver.
The therapist performs the job of designing and storing therapies in database. The recorded therapy sessions are
uploaded to the cloud for later use by the patient. The patient can then download these sessions and practice
similar therapy sessions. These sessions can then be uploaded for comparison and analysis. We have two types of
visualization interfaces. Firstly, the framework shows live physical world activity into a 3D environment, which
acts as a serious game environment. Secondly, we have developed an advanced analytical engine where live
plotting of different quality of performance metrics is shown.

4.2

Intelligent Game Recommender

This component is the heart of the whole framework, which take feeds from the therapy and user profile databases.
Therapy data stores knowledge of the joints and motions that are included in a given therapy. The user profile as
well as user constraints are also extracted for adaptive route generation. Navigational data includes generated
paths for a given patient for previous levels so that knowledge and pattern mining can be performed afterwards.
The intelligent game recommender generate an adaptive path that includes all motions required to complete the
therapy. This algorithm takes the therapy gestures as well as the user constraints as input. The route recommender
also takes into account the source and destination requested by the patient to make the game more personalized.
The output of this algorithm is an adapted route based on a sequence of navigational movements.
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(a) 3D path generated from the framework based
on four movements: Radial/Ulnar and Flexion/Extension

(b) Radial/Ulnar movement evolution over time

Figure 5: Live plots showing different movements ROM and trajectory followed by the subject

5

Implementation and Experimental Results

Our designed framework consists of two major parts; 1) a front-end interface to assign therapies and see interactive
plots of the results, and 2) a back-end game engine to generate game tasks based on therapies and to collect
and save usage data. The game environment has been developed with the unity game engine and the MapNav
extension for building 3d maps. Screenshots of the implemented framework are illustrated in Figure 4.
After initial collaboration with 3 disability centers and hospitals that provide hand-therapy services to
diversified types of patients having different levels of Hemiplegia, we have collected data about different hand
therapy modules, the kinds of activities and actions performed during each therapy module, the types of data or
metric therapists want to keep an eye about, and the types of joints that are tracked (Figure ??).
For instance, we implemented an experiment consisting of a therapy of four movements (i.e., radial/ulnar
and flexion/extension). The subject starts with a flexed forearm and an open palm. A number of movements are
performed, as the patient needs to follow the recommended route. The system provides live feedback through
hand and skeleton animations as well as informing the user about the state of the respective joints and followed
trajectory (Figure 5(b)and 5(a)).
Figure 5(b)-a shows a certain session in which hand horizontal movement is plotted. X axis shows the number
of frame while the Y axis shows normalized range of motion. There are various other metrics defined above that
can also be analyzed by the framework. Here we have explained only few important ones. Overall, the results are
very encouraging for the framework as therapists and patient were engaged and excited about the framework.

6

Conclusion and Future Directions

The research presented in this paper introduces a proactive serious game recommender integrated within a therapy
modeling framework which facilitates a therapist to design a complex and high-level therapy by combining a
set of primitive therapies. Using our modeling approach, each therapy can be mapped to a set of body joints
and motions. We have also developed a comprehensive architecture where a multidimensional storage layer, an
information processing and computational intelligence layer, as well as different user interface components have
been developed. We have developed an intelligent game recommender within a map-browsing environment where
each game is represented by navigational movements generated for a particular therapy actions; and generates
metrics and live plot after each game-play. Our test results show that this framework has potential to explore for
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more advanced serious games and detailed clinical data mining and analysis. We will be looking at the current
shortcomings and feedback from the therapists to make the framework robust and complete.
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This is the conference report of the 23rd ACM SIGSPATIAL International Conference on Advances in Geographic Information Systems (ACM SIGSPATIAL 2015), held in Seattle, Washington, USA, November 3-6,
2015. This conference was the twenty-third edition in a series of symposia and workshops that began in 1993
with the aim of promoting interdisciplinary discussions among researchers, developers, users, and practitioners
and fostering research in all aspects of geographic information systems, especially in relation to novel systems
based on geospatial data and knowledge. The conference is the premier annual event of the ACM Special Interest Group on Spatial Information (ACM SIGSPATIAL) and provides a forum for original research contributions
covering all conceptual, design, and implementation aspects of geospatial data ranging from applications, user
interfaces, and visualization to data storage, query processing, indexing and data mining.
To create the conference’s technical program, each submitted paper was first reviewed by members of a
carefully chosen program committee (PC) consisting of experts in the relevant fields. Our PC had a total of
112 volunteers from academia and industry, plus an additional 18 who were designated as the Senior PC. Each
paper was assigned to three different members of the PC for review. A Senior PC member studied the reviews,
discussed the merits of each submission with the reviewers, and gave an accept/reject recommendation to the
PC Chairs who made the final decisions. The goal of this exercise was to not only rate the submissions, but to
give authors suggestions to improve their papers. Furthermore, most papers that were not accepted were, with
the permission of the authors, forwarded to the conferences Workshop Chairs to be considered for inclusion in a
workshop. Our reviewers put in a tremendous amount of effort in reviewing the papers and our hope is that the
reviews were beneficial even to those papers that could not be chosen for presentation.
Papers were submitted and accepted in different categories. We received a total of 197 regular research submissions and 15 industrial experience and systems papers. Of these 212 papers, we accepted 38 as full 10-page
papers for oral presentation resulting in an acceptance rate of 17.9%. We accepted an additional 42 of these 212
as poster presentations, which appear as 4 page papers in the proceedings. We also received 27 demonstration
submissions, of which we accepted 16 for live demonstrations at the conference with a 4 page paper in the
proceedings (demo paper acceptance rate of 59%). This year we also had a new track where authors were invited to submit vision papers describing visionary ideas that are open-ended, possibly outrageous or wacky, and
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present new problems, new application domains, or new methodologies that are likely to stimulate significant
new research. Of the 20 vision paper submissions, 9 were accepted for presentation at the conference (vision
paper acceptance rate of 45%). The top three papers out of the 9 accepted vision papers received an award
from the Computing Research Association’s Computing Community Consortium (CCC) under their CCC Blue
Sky initiative. Finally, there were 3 papers representing the winners of the SIGSPATIAL Cup programming
contest on finding shortest paths under polygonal obstacles. The overall quality of the submissions was impressive this year, and we were forced to make difficult choices given the limited available presentation slots at the
conference.
This year, the conference had in summary over 349 attendees which was a significant increase in the number
of attendees compared to previous SIGSPATIAL events and even broke the record of 333 achieved in 2012.
This also proofs the still growing interest in the ACM SIGSPATIAL community. The lion’s share of attendees
(around 73%) came from North America, followed by Asia (21%) and Europe (20%) where the United States
with 61%, Germany, China, and Japan each with around 6%, respectively, have been the nations with the most
attendees. Significant was also the participation of industry this year accounting for 28% of all attendees with
around 24 companies.
This years conference was expertly chaired by Mohamed Ali (University of Washington, Tacoma, USA)
and Yan Huang (University of North Texas, USA). In addition to the papers in these proceedings, the conference
included 11 workshops including one PhD workshop. The Workshop Co-Chairs were Egemen Tanin (University
of Melbourne, Australia) and Goce Trajcevski (Northwestern University, USA). We enjoyed two invited talks.
One was from Matt Hancher (Engineering Lead, Google Earth Engine) speaking on Global-Scale Earth Science
Data Analysis in the Cloud. The other was from Jeffrey Heer (Computer Science & Engineering, University of
Washington) who presented a talk entitled “Visualization and Interactive Data Analysis”.
It takes many people working together to recreate this vibrant conference from year to year. As PC CoChairs, we are especially grateful for our PC, Senior PC and external reviewers, who generously and carefully reviewed the submissions and produced valuable feedback for both us and the authors. To produce this
volume, we worked closely with the proceedings chairs Jie Bao (Microsoft Research Asia, China) and Christian Sengstock (Heidelberg University, Germany), which was a pleasure. We thank Ibrahim Sabek (University
of Minnesota, USA) who was extremely responsive as our Webmaster and we are also very thankful to the
publicity chairs Farnoush Banaei-Kashani (University of Colorado, Denver, USA), David Hazel (University of
Washington, Tacoma, USA), and Hongrae Lee (Google Research, USA). Furthermore we thank Shashi Shekhar
(University of Minnesota) who helped us much with the decisions for the vision paper track and the organization of the vision paper awards, and Ahmed Lbath (University of Grenoble 1 - Joseph Fourier, France) and
Alexey Pozdnukhov (University of California, Berkeley, USA) who served as poster chairs. Also special thanks
to Xin Chen (HERE/Nokia, USA), Siva Ravada (Oracle Corporation, USA), and Raju Vatsavai (North Carolina
State University, USA) who organized the SIGSPATIAL Cup programming contest this year. There were also
many people responsible for the technical organization of the event. We thank Jing (David) Dai (Google, USA)
and Wei-Shinn Ku (Auburn University, USA) as treasurer chairs, also special thanks to Justin Levandoski (Microsoft Research, USA) and Vani Mandava (Microsoft, USA) who were responsible for the local arrangements,
and we thank Sarana Nutanong (City University of Hong Kong, China) and Chengyang Zhang (Teradata, USA)
who were responsible for the registrations. We are also thankful to the conferences executive committee for
their expert, sustaining guidance of the conference from year to year: Mohamed Mokbel (Chair, University of
Minnesota), Shawn Newsam (Vice-Chair, University of California at Merced), Roger Zimmermann (Secretary,
National University of Singapore), and Egemen Tanin (Treasurer, University of Melbourne).
We are grateful to Hanan Samet, Cyrus Shahabi, and Kentaro Toyama for bringing this conference to the
forefront in 2007 and starting ACM SIGSPATIAL. We also give our thanks to our generous corporate sponsors
Microsoft, Esri, Google, Facebook, and NVIDIA, most of whom have supported this conference for multiple
years and we very much appreciate the work of Mark McKenney (Southern Illinois University Edwardsville,
USA) and Cyrus Shahabi (University of Southern California, USA) who helped us to get these companies as

51

our sponsors. With this conference, every year we try to highlight the most important advances in GIS. By
convening in one place, we seek to encourage a lively exchange of ideas between the leading researchers and
practitioners in the field. We hope you find a similar value in this record of the conference.
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The industrial workshop at ACM SIGSPATIAL 2015 (http://cwds.uw.edu/sigspatial workshop) aimed at
gathering developers and researchers from leading companies producing well-established systems in areas related to SIGSPATIAL. The workshop was organized in two parts:
• The first session introduced the key products from participants’ companies and discussed their benefits for
developers and researchers at large.
• The second session provided in depth investigations into the usage and development of the respective
products, along with a discussion about visions for the future directions and challenges.
The three main themes of this year’s Industry Workshop were:
(1) Share Big Geodata at Web-Scale on AWS: Amazon Web Services has changed the economics of IT and
has more than a million active customers in 190 countries, including 1,700 government agencies and 4,500
education institutions, and one of the enabling technologies is the Amazon Simple Storage Service (Amazon S3).
After an introductory discussion about best practice for open or shared data in the cloud, the second part of this
presentation focused on what one needs to know in order to build a personalized national or even global map
server, using the first session’s real-time map tiling architecture. The presenter was Mark Korver, Geospatial
Lead on the Solution Architecture team at Amazon Web Services (AWS).
(2) The ArcGIS Platform - Enabling GIS Everywhere: ArcGIS is a comprehensive platforms for mapping,
analyzing, and managing geographic information. At its core, the ArcGIS Platform enables GIS everywhere
through its Web GIS model; including desktop, web, and mobile devices. After the introductory overview of
the ArcGIS Platform, focusing on the Web GIS model, the second part of this presentation focused on an indepth discussion about working in both the real-time and batch environments when processing vector, raster,
and observational big data. The presenter was Erik Hoel from Software Research and Development Division of
Esri.
(3) Developing Enterprise Application with Oracle Spatial: Oracle Spatial provides advanced capabilities to
support high-end geographic information systems (GIS) and location-enabled business solutions. After the
introductory session describing the state of the art of Spatial features in the Oracle Database, the second part of
the presentation focused on describing novel trends and emerging platforms for managing large scale spatial data
and the application frameworks that are required to build powerful applications using these new technologies.
The presenter was Siva Ravada, a Senior Director of Development at Oracle Corporation.
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We thank the presenters for the interesting and stimulating discussions, balancing the breadth vs. depth, and
the foundational vs. contemporary challenges.
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In the near future, vehicles, travelers, and the infrastructure will collectively have billions of sensors that can
communicate with each other. Transportation systems, due to their distributed/mobile nature, can become the
ultimate test-bed for a ubiquitous (i.e., embedded, highly-distributed, and sensor-laden) computing environment
of unprecedented scale. This environment will enable numerous novel applications and order of magnitude
improvement of the performance of existing applications. Information technology is the foundation for implementing new strategies, particularly if they are to be made available in real-time to wireless devices in vehicles
or in the hands of people. Contributing are increasingly more sophisticated geospatial and spatio-temporal information management capabilities. Human factors, technology adoption and use, user feedback and incentives
for collaborative behaviour are areas of technology policy central to the success of this ubiquitous computing
environment.
International Workshop on Computational Transportation Science (IWCTS) 2015 (http://
eecs.northwestern.edu/ xinchen/iwcts2015/) was held in conjunction with the 23rd ACM SIGSPATIAL
International Conference on Advances in Geographic Information Systems (SIGSPATIAL 2015) on November
3, 2015 in Seattle, Washington, USA. IWCTS is particularly timely given the prominence of self-driving
technologies in the global auto industrys near-term growth strategies. We will build upon the success of
previous workshops to continue to focus on computation, knowledge discovery, and technology aspects of
transportation systems while welcoming research papers in computer science, transportation science, urban
and regional planning, the automotive arena, civil engineering, robotics, geography, geoinformatics, and other
related disciplines.
IWCTS 2015 has received 14 submissions in which 7 research papers were accepted as full research papers
and for presentations (20 minutes for each paper). We would like to thank the authors for publishing and
presenting their papers in IWCTS 2015, and the program committee members for their professional evaluation
and help in the paper review process. We would also like to give very special thanks to our session keynote
speakers Mr. Mark Hallenbeck (Director, TRAC - University of Washington) and Prof. Stephan Winter (Spatial
Information Science at the Department of Infrastructure Engineering, University of Melbourne). We hope that
the proceedings of IWCTS 2015 will inspire new research ideas, and that you will enjoy reading them.
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Combining the functionality of mobile devices (smartphones and tablets), wireless communication (Wi-Fi,
Bluetooth and 3/4G), and positioning technologies (GPS, Assisted GPS and GLONASS) results in a new era
of mobile geographic information systems (GIS) that aim at providing various invaluable services, including
location-based services, intelligent transportation systems, logistics management, security and safety, etc. Many
mobile GIS applications have been developed to solve challenging real-world problems and improve our quality
of life.
MobiGIS 2015 (http://www.mobigis.org) was held in conjunction with the 23rd ACM SIGSPATIAL International Conference on Advances in Geographic Information Systems (SIGSPATIAL 2015) on November 3, 2015
in Seattle, Washington, USA. It aims at bringing together researchers and practitioners from the GIS community,
the mobile computing community, and the data management community. Many current research areas, such as
spatio-temporal databases, spatio-temporal data mining, mobile cloud computing, remote sensing, participatory
sensing, or social networks, raise research problems that lie at the boundary between these three communities.
MobiGIS’s goal is to foster an opportunity for researchers from these three communities to gather and discuss
ideas that will shape and influence these emerging GIS-related research areas.
MobiGIS 2015 has accepted 11 research papers for oral presentations (30 minutes for each full paper
and 20 minutes for each short paper). MobiGIS 2015 was a one-day workshop consisting of three sessions:
(1) Location-based Query Processing, (2) MobiGIS Applications, Location-based Services, and (4) Mobile
Data Analytics and Modeling. We would like to express our special thanks to the keynote speaker, Prof. Goce
Trajcevski (Northwestern University, USA), who gave a very interesting and inspiring talk “Fusion Uncertain
Location Data from Heterogeneous Sources”.
We would also like to thank the authors for publishing and presenting their papers in MobiGIS 2015, and
the program committee members and external reviewers for their professional evaluation and help in the paper
review process. We would also like to give very special thanks to our session chairs: Shayma Alkobaisi (United
Arab Emirates University, United Arab Emirates) and Amgad Madkour (Purdue University, USA). We hope that
the proceedings of MobiGIS 2015 will inspire new research ideas, and that you will enjoy reading them.
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