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Incorporating human mobility data 
improves forecasts of Dengue fever 
in Thailand
Mathew V. Kiang1,12, Mauricio Santillana2,3,12, Jarvis T. Chen4, Jukka‑Pekka Onnela5, 
Nancy Krieger4, Kenth Engø‑Monsen6, Nattwut Ekapirat7, Darin Areechokchai8, 
Preecha Prempree8, Richard J. Maude7,9,11,13 & Caroline O. Buckee10,11,13*

Over 390 million people worldwide are infected with dengue fever each year. In the absence of an 
effective vaccine for general use, national control programs must rely on hospital readiness and 
targeted vector control to prepare for epidemics, so accurate forecasting remains an important 
goal. Many dengue forecasting approaches have used environmental data linked to mosquito 
ecology to predict when epidemics will occur, but these have had mixed results. Conversely, human 
mobility, an important driver in the spatial spread of infection, is often ignored. Here we compare 
time-series forecasts of dengue fever in Thailand, integrating epidemiological data with mobility 
models generated from mobile phone data. We show that geographically-distant provinces strongly 
connected by human travel have more highly correlated dengue incidence than weakly connected 
provinces of the same distance, and that incorporating mobility data improves traditional time-series 
forecasting approaches. Notably, no single model or class of model always outperformed others. We 
propose an adaptive, mosaic forecasting approach for early warning systems.

More than half the world’s population is at risk of infection from the dengue virus, which causes an estimated 
390 million infections1 and 25,000 deaths per year2,3. The dengue pathogen is spread in urban and peri-urban 
areas by invasive mosquitoes belonging to the Aedes complex. As a result, dengue has emerged as a major threat 
in the context of a rapidly urbanizing, globally connected world3–5. For example, despite the general decline in 
the incidence of other communicable diseases, the incidence of dengue fever has doubled every 10 years since 
19906. The rapid geographic expansion of the vector suggests there will be a continuing emergence of dengue 
globally3–5. Currently, there is no drug treatment for dengue7,8 and only a partially effective vaccine, which can-
not be used in seronegative individuals9. Therefore, despite the mixed results of vector control efforts8, targeted 
and thorough vector control approaches, hospital readiness, and risk communication can improve public health 
preparedness for seasonal outbreaks. Fundamental to the success of these preparations is data on the burden of 
disease in different areas, and some sense of how an epidemic may progress in the near term and on local spatial 
scales relevant to national control programs.

Forecasting the epidemic trajectory of dengue on weekly or monthly timescales remains a relatively new sci-
ence for infectious diseases10–23. Unlike weather and climate forecasting, where physical laws dictate the dynamics 
of the system, the social and biological dynamics that drive infectious disease outbreaks make forecasting dengue 
epidemics challenging. Recurring epidemics, as opposed to novel pathogens emerging for the first time, occur 
against a backdrop of shifting population immunity, which is difficult to quantify. Complicating surveillance, 
pathogens like dengue are primarily reported based on symptoms rather than laboratory confirmation. Like 
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influenza and malaria, dengue causes non-specific symptoms, fever in particular, so reporting reliability and 
time lags impact data quality24–26. Despite these complexities, routine forecasting is an important priority for 
national dengue control programs8,11.

There has been a recent surge of interest and success in building forecasting models for seasonal epidemics 
of dengue fever10–21. A distinction can be made between mechanistic epidemiological models and statistical 
models. In mechanistic models, the mode of transmission (in this case, mosquito-borne and strong temperature 
dependence) is built into the model and drives the predicted infection dynamics. In contrast, statistical models 
rely on the identification of past epidemiological activity patterns and historical correlations with external data 
streams, often generated by human behavior on Internet search engines or social media, to monitor disease 
activity and predict future outbreaks. Mechanistic models aim at providing biological insight and a basis for 
interpretation, but for socially and environmentally complex infections like dengue, these models are often 
challenging to parameterize. Dengue is particularly challenging as it is composed of multiple immunologically 
distinct strains and relies on the interaction of mosquito and human population dynamics and microclimate 
variability. Metapopulation models have been developed to incorporate the spatial dynamics of dengue outbreaks, 
modeling each area with a set of location-specific parameters and linking the areas through estimated migration 
of individuals. Metapopulation models play in an important role in our understanding of epidemic outbreaks 
across spatial regions27–29, synchronicity between regions30, oscillations of epidemics31, and strategies to reduce 
transmission32. Despite their importance in understanding dynamics, mechanistic models, and metapopulation 
models in particular, may lack sufficient data for appropriate parameterization, and are often not feasible in a 
forecasting context. As a result, statistical models have been more successful for outbreak preparedness for which 
the modeling goal is to provide quantitative, relatively short-term predictions with explicit uncertainty10,12–21,27–29.

Most statistical forecasting approaches for dengue have been based on autocorrelation in case data, often 
incorporating environmental information due to the importance of temperature and other factors to the avail-
ability of mosquitoes and variation of the incubation period of the virus in the vector. Many of these have focused 
on long-term predictions of dengue at the city level15,21,33,34, or larger regions within a specific country14,16,17,19. 
Models often show mixed success with high prediction accuracy in the immediate forecasting horizons (e.g., 
1–2 months) and rapid decay at longer time horizons (e.g. 3–6 months). It is unclear if weather or climate vari-
ables substantially improve forecasting; at least one study that systematically looked at different model parameters 
for autoregressive models, with and without a wide range of climate variables, across states in Mexico found no 
conclusive improvement12. More recently, ensemble models have become a powerful way to combine different 
approaches in order to leverage the strengths of each while minimizing the weaknesses23,35. This approach has 
recently been applied to dengue13. Others have incorporated new sources of data from internet search terms to 
predict dengue nationally18, employed novel statistical methods to predict dengue in San Juan, Puerto Rico36, or 
combined common climate covariates with generalized additive models to predict annual incidence of dengue 
hemorrhagic fever10.

Although dengue outbreaks among new human populations, both across long distances37,38 and within local 
communities39, is spread primarily via human mobility5, incorporating this aspect of the spatial connectiv-
ity between locations within forecasting frameworks has been challenging. Current forecasting models, both 
mechanistic and statistical, either ignore or make crude assumptions about how populations are connected by 
travel. Parameterizing human mobility is challenging due to a paucity of relevant data streams, particularly in 
low-income settings. We have previously used mobile phone records to quantify national movements and showed 
that they provide improved prediction for dengue outbreaks in Pakistan5. Specifically, we used a gravity model 
to parametrize human mobility in a mechanistic framework because dengue was emerging into naïve popula-
tions, where statistical methods could not be used. Others have used daily commuting data to model mobility 
using a radiation model, which in turn is used to parameterize a mechanistic model40. Although considerable 
difficulty remains in accessing mobile phone records or other scalable data sources about mobility, it is clear that 
gravity models, radiation models, and other proxies for travel measures may perform poorly in many settings41.

To date, almost all efforts to forecast dengue have either focused on optimizing a single modeling frame-
work across regions, fitting parameters individually, or analyzed multiple models for a particular location. Few 
statistical models used for forecasting dengue incorporate spatial dependencies and none incorporate informa-
tion about mobility patterns. Here, we contribute to the existing literature by using 7 years of monthly dengue 
data (2010–2016) from Thailand, which has a developed dengue surveillance program, and mobility data from 
approximately 11 million mobile phone subscribers to show that long-distance provinces that are more strongly 
connected by human mobility have more highly correlated dengue incidence than weakly connected provinces. 
We compare model structures incorporating time-series approaches or spatial dependencies, and mobility data, 
finding that this improves model prediction, but no individual approach provides the best performing model in 
all locations over all time horizons. We quantify the error for each province in Thailand, showing that provinces 
in the north of the country are more difficult to forecast with confidence than those in the south, regardless of 
model choice, and that different models’ performances may be linked to demographic and social factors such 
as population density and gross provincial product per capita. We propose that mosaic forecasting approaches, 
which dynamically adapt over time and space, and end up using the best model for that location and time period, 
are likely to be the most effective for use in early warning systems in national control programs.

Results
No one‑size‑fits‑all: forecasting performance varies in space and time.  We compared several 
forecasting approaches for the 77 Thai provinces to assess how model performance varied by region and over 
time, and to measure the impact of integrating the mobility data. Specifically, for each province, we fit four 
models: (1) local (non-spatially dependent) models commonly used for dengue; specifically, seasonal autore-
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gressive integrated moving average models (Plain SARIMA) across a grid of parameters, (2) SARIMA models 
that use information from the top five most connected provinces (in terms of number of incoming trips) based 
on mobile phone data (CDR SARIMA), (3) SARIMA models that use information from the top five most con-
nected provinces (in terms of predicted number of incoming trips) based on our gravity model estimates (Grav-
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Figure 1.   Mean absolute error (MAE) for all Bangkok models. The mean absolute error (y-axis) expressed 
as number of cases for each model (x-axis) and for each forecast. Models are grouped as SARIMA with no 
exogenous variables (Plain), SARIMAs with the top 5 most connected regions based on the predicted trips from 
a gravity model (Gravity SARIMA), and SARIMAs with the top 5 most connected regions based on CDR data 
(CDR SARIMA). The rightmost models show a data-driven network model, denoted as LASSO, since it is based 
on a least absolute shrinkage and selection operator prediction model, and mosaic model.
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Figure 2.   Comparing the best models for Bangkok, by model type. Focusing only on the best performing 
model for each model type and each time horizon, we show the relative mean absolute error (left panel) and the 
mean absolute error (right panel). On the left, the baseline of comparison is the traditional AR(1) model and the 
y-axis can be interpreted as the improvement over this baseline—i.e., a value of .9 indicates a 10% improvement. 
We show that both the Plain SARIMA (red) and CDR SARIMA (green) models perform better than the LASSO 
model at earlier forecasting horizons but perform worse at later horizons.



4

Vol:.(1234567890)

Scientific Reports |          (2021) 11:923  | https://doi.org/10.1038/s41598-020-79438-0

www.nature.com/scientificreports/

ity SARIMA), and (4) a data-driven network approach, based on a regularized regression approach, that predicts 
dengue incidence in a given location potentially using dengue incidence from every other location as input 
(LASSO; see "Materials and methods" and reference49 for details).

Figure 1 illustrates the results of all models at all forecasting horizons for Bangkok (see SI Appendix, Text S1 
for online-only results for all other provinces). At early forecasting horizons (i.e., 1-month and up to 3-months 
ahead time horizons), all models performed well, with the CDR SARIMA and Gravity SARIMA models outper-
forming the Plain SARIMA models by about 5–10% (Fig. 2) as captured by the mean absolute error. After the 
3-month forecasting horizon, the Plain SARIMA model performance drops substantially faster than all other 
models. Importantly, the grouping of out-of-sample prediction errors, across forecasting horizons, tended to 
be closer in the LASSO models, indicating that across forecasting horizons, the network models lose predictive 
power more slowly than the SARIMA-based models. We present all plots for all provinces in an online reposi-
tory (SI Appendix, Text S1).

Across other provinces, the observations of model performance for Bangkok are similar. Specifically, all 
models performing well in the near time, Gravity and CDR SARIMA models usually outperform Plain SARIMA 
models, and there is lower variation in prediction error when using the LASSO models. Importantly, no single 
model or class of model outperformed others across all provinces or all forecasting horizons (Fig. 3; SI Appendix, 
Fig. S5). We found that across all model types, provinces in the south of the country had lower prediction errors 
compared to those in the north of the country (Fig. 3). This difference in forecasting power was particularly 
pronounced on farther forecasting horizons. For example, when comparing the out-of-sample prediction errors 
of the CDR SARIMA to the Plain SARIMA, the CDR SARIMAs were worse in 8 tasks for forecasting horizons of 
1–3 months and better in only 3 tasks with no statistically significant difference in the remaining 220 prediction 
tasks. However, for forecasting horizons of 4–6 months, the CDR SARIMA outperformed the Plain SARIMA 
in 40 tasks and only underperformed in 8 with no statistically significant difference in the remaining 183 tasks 
(SI Appendix, Fig. S6).

We measured the characteristics of provinces in which different models performed better or worse and found 
that the Plain SARIMA models performed similarly when comparing top and bottom deciles of total number of 
dengue cases, median number of monthly dengue cases, median monthly rate of dengue, population density, and 
GPP per capita. In contrast, the LASSO and mobility-augmented SARIMA models performed better in places 
with higher total annual cases, higher population, and lower GPP per capita (see SI Appendix, Fig. S8–S13), 
suggesting systematic and generalizable differences in model performance that — with more validation and in 
combination with geographic variation in model performance—could be used to inform model choice.

We show the feasibility of combining different classes of models by using a simple winner-takes-all voting 
system approach we named an adaptive mosaic model. This ensemble model selects the best performing model 
for each province and forecasting horizon based on the out-of-sample prediction error of previous 3 months, 
which allows the underlying base model to change over time (Fig. 4). When comparing the out-of-sample 

1 3 6

10 15 20 10 15 20 10 15 20

0.5

1.0

1.5

2.0

2.5

Latitude

Me
an

 A
bs

olu
te 

Er
ro

r (
log

 ca
se

s)

Plain SARIMA

Gravity SARIMA

CDR SARIMA

LASSO

Mosaic

Figure 3.   Mean absolute error for the best model in each class at t + 1, t + 3, and t + 6 forecasting horizons for 
all provinces. The mean absolute error (y-axis) on the prediction (i.e., log) scale of the best model for each class 
for all provinces (x-axis). Provinces are ordered by latitude (x-axis, right is more northerly). There is a general 
decline in predictive power at farther forecasting horizons and at more northerly provinces; however, no single 
model or class of model performs best across all areas and all prediction horizons.
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prediction errors to an AR(1) model, the mosaic model outperforms the AR(1) in 107 tasks (i.e., province and 
forecasting horizon), underperforms the AR(1) in 3 tasks, and is not statistically significantly different from an 
AR(1) in the remaining 352 tasks (SI Appendix, Fig. S7). At the 6 month forecasting horizon, a difficult predic-
tion task for any model, we note that no models were able to predict the incidence peak in 2015; however, the 
adaptive mosaic model compensated more quickly and did not overshoot its prediction relative to the AR(1) 
model (Fig. 4). Further exploration of location-specific and task-specific voting predictions systems is outside 
of the scope of this study but should be explored in future research efforts.

Gravity models under‑predict long‑distance travel to and from Bangkok.  To assess the role of 
inter-province migration, we analyzed the call data records (CDR) of approximately 11 million mobile phone 
subscribers between August 1, 2017 and October 19, 2017. At the time of data collection, the mobile phone 
operator had about 26% of the market share and was the third largest provider in Thailand. Since travel patterns 
remained stable over our period of observation (coefficient of variation: 1.3%; SI Appendix, Fig. S1), we calcu-
lated average daily journeys between all pairs of provinces in both directions, and compared observed mobility 
in the CDR data to expected mobility based on gravity models (see "Materials and methods") assuming travel 
over our time period is consistent with travel for the rest of the year (SI Appendix, Fig. S2). We found that the 
routes of travel that deviate significantly from gravity model-based predictions in both directions are focused 
on Bangkok (Fig. 5), with more travel than expected from long distances around the country such as Phuket 
and Bangkok itself (Fig. 5, left), and less travel than expected within and around the city (Fig. 5, right). These 
hot and cold spots, where higher or lower than expected travel was observed, were robust to the gravity model 
coefficients used (SI Appendix, Table S1).

At longer distances, strongly connected provinces show higher correlation in dengue inci‑
dence than weakly connected provinces.  In Thailand, dengue follows a seasonal cycle across all 77 
provinces (Fig. 6), with variation in the timing of onset and epidemic peak in different locations over our period 
of observation42. We analyzed the correlation between clinical cases in each province with different time lags 
between all pairs of provinces. Figure 7 shows the relationship between the correlation in dengue cases between 
pairs of provinces, stratified with respect to geographic distance and mobility measured using mobile phone 
data. Consistent with previous studies43–46, the correlation of dengue incidence between provinces is strongest 
when they are close to each other and declines with distance and over time (i.e. the 3-month lagged correlation is 
weaker than the 1-month lagged correlation). For provinces less than 1,000 km apart, human mobility estimated 
using mobile phone data does not appear to impact the correlation of clinical cases. For longer distances, how-
ever, more highly connected locations show higher correlation in clinical dengue cases than locations the same 
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Figure 4.   Mosaic model vs AR(1) for Bangkok at t + 1, t + 3, and t + 6 forecasting horizons. We show the 
predictions for a simple mosaic model at t + 1, t + 3, and t + 6 forecasting horizons for Bangkok in blue. For 
comparison, we show predictions from an AR(1) in red and observed cases in grey bars. Under each bar, 
we indicate the base model selected by the mosaic ensemble using a winter-takes-all approach based on the 
previous three out-of-sample prediction months. The t + 6 forecasting horizon presented a significant challenge 
for all models, but the mosaic model adapted more quickly and did not over-predict relative to the AR(1).
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