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ABSTRACT

Emergence of digital news provides new opportunities in in-

formation extraction. Proper characterization of unstructured

news can help identify signals that may drive variations in

many observable phenomena, such as disease outbreaks. In

this paper, we propose a method to extract such signals from

a large corpus of news events and identify a subset of sig-

nals that are closely related to the observed phenomenon. We

show how words appearing in a large news corpus can be rep-

resented and latent features can be extracted to build predic-

tive models. We build and evaluate such a system specifically

for characterizing and predicting diseases outbreaks in India.

We focused on 5 different diseases prevalent in India and

experiments showed that our model can predict disease out-

breaks 2 to 4 weeks prior, with an average precision of around

0.80 and recall of around 0.65. We also compared our model

with an LDA-based baseline model, where our model demon-

strated around 5–14% improvement across different diseases.

1. INTRODUCTION

Automatic disease surveillance is a major public health chal-

lenge. There are many data-driven solutions proposed to ad-

dress this issue, using different types of data sources, such as

web search query logs [1][2][3], media reports [4], social me-

dia [5], medical data [6][7], emails [8] and call data [9]. Prior

works have two broad categories – visualization tools [4] [12]

and forecasting tools [9][10][11]. Most prior work relies on

private or proxy data sources (search logs), which either limits

their use or makes them hard to generalize; certain solutions

are also known to be ineffective beyond a limited time period.

For example, using search log data for prediction has shown

to overestimate the outbreak rate for a variety of reasons [13].

Finally, most of the methods and datasets used in prior work

cater to a single disease and it is difficult to replicate them for

other diseases.

In this paper, we present a disease surveillance and pre-

diction system using news streams. The primary advantage of

this approach is that the dataset is easily available, making the

method more generalizable. The main premise of our method

is to identify events from news data that are highly likely to be

associated with a particular disease outbreak. Over time such

events might change for a disease or these events might be

different for different diseases. Our methods are designed to

be tolerant to these variations. Our model looks at past news

to identify typical events that are associated with a disease

outbreak, as well as current news to track emerging events

that can potentially explain an outbreak. Hence, this model is

dynamic in nature and is unlikely to overestimate outbreaks

due to staleness in the data.

Using unstructured news streams for such a purpose has

three inherent challenges: high volume, high dimensional-

ity, and noise. This paper addresses these challenges using

a combination of matrix factorization techniques combined

with labeled examples to derive disease-specific condensed

predictive models from news sources. This paper aims to

combine two diverse data sources to address the disease out-

break prediction problem – unstructured news data sources

and structured time series of different outbreaks at a disease

specific granularity while carefully removing the noise and

outliers in both datasets. Having very different properties,

combining these two types of data efficiently and effectively

are some of the main challenges addressed in this paper. We

propose a matrix-based representational scheme for both the

news and the disease data. The advantage of this representa-

tion is that it can handle the large size and the growing nature

of the datasets. Also, efficient and distributed algorithms can

be performed on large matrices. We propose a supervised fac-

torization of the matrices, combining the news and the disease

data. The factors of the matrices produce latent features that

can help to extract signals from the news to understand the

variation of the disease indicators and use them effectively to

build the predictive model.

This paper makes two distinct contributions – (a) capture

news streams and process the unstructured text to extract sig-

nals and represent these signals in a structured form, (b) con-

nect these signals to a variety of observed phenomena to build

predictive models for each phenomenon. We implemented



and evaluated our disease outbreak prediction model using

a news corpus containing 7 years of articles. Applying the

model to predict outbreaks of 5 diseases prevalent in India,

we show that our model can predict with an average precision

of around 0.80 and recall of around 0.65.

2. EXTRACTING SIGNAL FROM NEWS

There are many methods proposed to extract signals from

news corpora. Most of these methods fall into two broad

categories – linear and non-linear (graphical). Linear struc-

tures [14][15] – although simple – are not able to represent the

complex nature of the data. As a result, many newer systems

have moved beyond the conventional list-type output and use

graphical structures to represent and analyze news data[16]

[17]. Graphical representations are better in dealing with the

complexity of the data but fail to generalize when the data is

dynamic, growing, and have emerging components.

Unstructured news streams can be assumed to be a contin-

uous flow of information of different types of textual features,

such as words (or unigrams), noun phrases, entities, topics,

collocated phrases, etc. A large corpus of news data within a

time period can be converted into a collection of time-series

of these text features. In other words, a large corpus of news

articles can be represented as a matrix, where each row rep-

resents a time-series. Suppose, there are V unique words in a

corpus of news articles, i.e. the vocabulary and T represents

the time (in weeks, days or even hours) of the time span of the

corpus, i.e. the news articles in the corpus ranges from time

1 to T. Then the entire corpus of articles can be represented

as a matrix X ∈ R
V×T , where the element at ith row and

jth column, Θij represents a weight (e.g. frequency) of the

word i at time j. If this weight is normalized then Θij will

be ranged between {0, 1}. Say, W ∈ R
K×V and Z ∈ R

K×T

are two matrices such that X ≈ WTZ, then W represents

the distribution of the words over a latent feature and Z repre-

sents the latent features distribution over time. We use this K-

dimensional latent feature as the signal extracted from news

over time.

This is a general representation to identify of latent fea-

tures for any large news corpus. The main objective of this

work is to understand the factors that are influencing or being

influenced by a phenomenon. Let yTt=1 be the phenomenon

we wish to track over the time period t1, t2, ..., tT . y can

be any observable phenomenon but in this paper we solely

concentrate on outbreaks of specific diseases. Our goal is to

identify Z, the latent features that are more likely to be asso-

ciated with phenomenon y and track the likelihood of these

features at time t to build the predictive model for y. So, the

decomposition of the original matrix X is done based on the

variation of y within the time period 1, 2, ..., T . So, the ma-

trix decomposition we propose in this paper is a supervised

matrix factorization approach [18], where the factors, W and

Z are dependent upon the phenomenon of interest y. Thus

for different y, this approach would produce different factors.

So, the matrix factorization of the news corpus matrix X is

defined as a function gy(X) → W × Z, with the parame-

ter K(y) representing the dimension of the latent features and

K(y) � N .

In this paper, we assume that y is a binary variable, where

yt = 1 represents the phenomenon is observed at time t. In

the case of disease surveillance, yt = 1 means there was an

outbreak of disease y at time t. The non-negative matrix fac-

torization of the matrix X is centered around the variable y.

The aim of the factorization is to find the latent features in

such a way that we find separate sets of features (ω+) that are

more likely to be associated with the positive examples and

similarly features likely to be associated with negative exam-

ples (ω−).

2.1. Factorizing the Matrix with Labeled Examples

The factorization problem in hand is to find two factors of X
(entire news data matrix), W and Z, with dimensions N ×K
and K × T respectively. The added constraint to the factor-

ization is that there is an additional vector Y denoting the ex-

ternal phenomenon, in our case outbreak of a certain disease.

Y is represented as a 2 × T matrix, representing the state of

the disease for the entire time period (t1, t2, ..., tT ) and each

νi ∈ Y is a binary one-dimensional vector where νi0 = 1 if

value of yti = 0 and νi1 = 1 if value of yti = 1. We consider

a joint factorization of the original matrix X and the disease

vector Y, where Y is combined with the second factor Z, so

that the disease vector gets associated with the time distribu-

tion of the latent factors. Hence, the loss function for this

factorization becomes,

L = argmin
W,Z,U

[
||X − WT Z||2

+||Y − UT Z||2

+α||W||+ β||Z||+ γ||U||
]

(1)

where, the last three terms are regularization terms with

the parameters α, β, and γ respectively and all the factors

W,Z,U are non-negative. l1norm based regularization is

chosen for sparsity in the latent features [19]. Optimizing L
will produce 3 matrices with the latent features. U is going

to be a 2 × K dimensional matrix representing the latent

features’ distribution over the observed phenomenon Y, i.e.

the distribution of the K latent features when yi = 1 as well

as yi = 0 for all yi ∈ Y . This information is used to build the

predictive model for disease outbreak using news events.

2.2. Prediction

Following the factorization of the matrix X, the first factor

(W) represent the distribution of the words over the latent fea-

tures. The second factor Z is time-series representation of the



latent features. Z has a lower dimension than the original ma-

trix, hence, the number of features are also lower. We use this

set of latent features to fit a model to predict the value of y at

time t. In this paper, we assume y(t) is a binary variable, so

we use logistic regression to predict the value of y(t) at time

t. In reality, news events might have a delayed effect on y.

There might be a time delay δ between the occurring event

and its effect on y. To interpret y(t) as being tracked by his-

torical occurrences of news events, we use a parameter δ and

look at features occurring at times t − (δ + 1), ..., t − 1. We

fit a model on xi,t−j that best approximates y(t). With the K
features at any week t we fit a model to predict y(t) based on

logistic regression. The probability of y(t) = 1 is given by,

F(z) =
1

1 + e−θT z
(2)

where, θT z is given by,

θ0 +

K∑
i=0

δ∑
j=0

θi,jzi,t−j + εt (3)

where, K is the number of latent features, z are the latent

features and ε is the the error term with a logistic distribution.

3. DISEASE SURVEILLANCE

3.1. Related Work

Preventing large-scale outbreaks of diseases like dengue,

malaria, and flu constitute an enormous public health chal-

lenge, especially in countries with limited infrastructure com-

mitted for prevention, spreading awareness, and containment

of these diseases. There are many solutions proposed to mit-

igate this problem. However, most of these solutions involve

manual data collection and analysis. An alternative approach

is to use an automated or semi-automated solution, leverag-

ing the ever-expanding ubiquity of the Internet (especially

in developed countries). Google Flu trends [12] is one such

system that could associate spikes in web searches related

to a disease with the actual outbreak of the disease. While

that seemed to work initially, over the years such an approach

failed to produce the same results as increased awareness

of diseases led users to search without the occurrence of the

disease, leading to overestimation of flu cases [13, 20]. More-

over, such an approach will not work in regions with very low

densities of Internet users. Aggregated search queries from

such regions might lead to inaccurate predictions. HealthMap

[23] is another disease surveillance system, where news ar-

ticles about diseases are displayed on a geographical map.

However, HealthMap does not provide any analysis on the

data and is an information dissemination system. Other sim-

ilar systems include ProMED-Mail [21] and GPHIN [11].

These have some improvements over the manually operated

system described above, but still rely on human intervention

in the form of experts supervising data collection, analysis,

and reporting. Some recent work has focused on taking this

further to build completely automated web-based disease

surveillance systems [4, 8, 22]. These systems parse news

articles from around the world using sources such as Google

News and RSS feeds, as well as social media such as Twitter,

to filter and classify articles based on the nature of epidemic,

location and news sources. The main drawback of these sys-

tems is that they are aimed at identifying information related

to diseases and their outbreaks from different sources and put

them together as information dissemination or surveillance

tool. None of these systems have any predictive modules that

can actually predict an outbreak in the near future. Rehman

et al [9] have presented a work that can actually forecast

dengue outbreaks few days in advance using call data from a

local hotline service. While this work has presented accurate

prediction results, their approach is difficult to generalize as

similar data is not available in other regions and for other dis-

eases. In this paper, we present a model to predict outbreaks

for numerous diseases in India using online news stream,

which tries to address the limitations in the existing systems.

3.2. Data

We used a corpus of seven years of news articles that has been

extracted from the archives of a leading English newspaper

from India. There were two goals for this work – (a) iden-

tify signals from news streams that are likely to be associated

with disease outbreaks, and (b) predict outbreaks of diseases

using the signals learned from news streams. We targeted

five diseases prevalent in India – flu, malaria, dengue, diar-

rhea, and tuberculosis (TB). Our training and testing data for

the disease outbreak model includes data from 2006 till 2012,

from a variety of sources, such as World Health Organization

(WHO), Centers for Disease Control and Prevention (CDC),

Public Health Foundation of India, and Ministry of Health,

Government of India.

3.3. Results

We applied our model presented in Section 2, using the pos-

itive examples of outbreaks of the diseases mentioned above.

We implemented five different disease outbreak models for

each of the diseases. Based on the supervised matrix factor-

ization, we identified the latent features for each of them. As

discussed in Section 2, for each disease, we had different fac-

tors of the same news matrix X. The first factor Wdisease

represents the word distribution for each of these latent fea-

tures for a particular disease. We present the top 10 words

extracted from the factor W for each disease, based on the

words’ probability. These words are presented in Table 2.

The words found for each disease, shown in Table 2, are a

list of automatically identified words that have a strong re-

lationship to the disease. This is an important result as it

expands on the key terms related to a disease. This list of



Table 1. Performance for Disease Outbreak Prediction
Our Model LDA

K=20 K=50 K=20 K=50

Precision Recall Precision Recall Precision Recall Precision Recall

Dengue 0.835 0.625 0.841 0.638 0.710 0.539 0.747 0.569

Flu 0.793 0.585 0.797 0.603 0.708 0.533 0.722 0.625

Malaria 0.812 0.685 0.801 0.635 0.753 0.568 0.761 0.608

Diarrhea 0.772 0.591 0.796 0.554 0.722 0.545 0.749 0.592

TB 0.793 0.695 0.805 0.688 0.751 0.552 0.774 0.583

Table 2. Disease and related words
Disease Related words

Flu H1N1, virus, influenza, swine, pandemic

infection, pandemic, avian, symptom, chikungunya

Malaria leptospirosis, infection, monsoon, falciparum, flood

fever, epidemic, encephalitis, bacterial, mosquito

Dengue leptospirosis, pandemic, mosquito, water

chikungunya, chandipura, typhoid, infections, net

Diarrhea dysentery, biliary, colitis, gastritis,prawns

enteric, aneamia, nausea, river, eczema, kebabs

TB tuberculosis,infection, pandemic, multidrug, flu

resistant, virus, vaccine, venereal, hepatitis

words can be used independently to understand how a dis-

ease emerges and progresses. For example, only searching

for flu might not fetch enough results about flu. However,

using the expanded list of words (Row 1 in Table 2), such

as, H1N1, swine, etc., one can have a better resulting articles

from a search. For every targeted disease, we used the these

words and used Eq 3 to build disease specific predictive mod-

els. We trained the model using the data from 2006 till 2010

and tested on the last 2 years of data (2011 and 2012). The

results are presented in Table 1.

We implemented two different models by varying the

number of latent features (K). We experimented with

K = 20 and K = 50. For each experiment we report the

precision-recall values for all the 5 disease outbreak models.

Malaria and dengue prediction models have demonstrated

better performance. A plausible explanation for this observa-

tion is that they are more common diseases. The performance

of the models are dependent upon the coverage of its out-

break in the media. These two diseases have more frequent

outbreaks and have more drastic impact (such as, mortality).

Hence, these diseases are covered more in the news media.

However, there is not much difference in the accuracy

when K is varied. K = 50 has displayed slight improve-

ment but without further experiments, the exact trend is hard

to interpret. We also observe that, generally the recall val-

ues are lower than the precision values. This stark difference

might be due to only using positive examples in the super-

vised decomposition of X . Further experiments including the

negative examples might boost the recall values.

Comparison with Topic Model: We developed an LDA-

based baseline model to compare our method. LDA style

topic model is an alternative way of extracting information

from text. We used the topics extracted from weekly news

articles and their posterior probabilities during each week as

the textual feature At time t, the topic distribution of the K
topics are computed as – for each k ∈ K and each document

appearing in time t.

φk
t := max

d∈Dt

φk
d (4)

where, φk
d is the topic proportion of kth topic in document

d and Dt represents all documents appearing at time t. We

replace the term z with φ in Eq 3 to build the LDA based

predictive model for disease outbreak. The results are shown

in Table 1. The results show that the accuracy is consistently

lower for the LDA model. This is due to the inherent nature

of news streams and the way LDA computes topics. Although

LDA works well for closed domain corpora such as scientific

journals, the topic computed for an open-ended corpus like

news articles are not well defined. As a result the textual fea-

tures for disease outbreaks were not robust enough to predict

the outbreaks accurately.

More experiments can be performed to identify optimal

values for different parameters (e.g. δ in Eq 3). In the present

set of experiments, δ was chosen as 4 weeks. Also, in the

present setup we assume that the features used in the predic-

tion (Table 2) are independent to each other. A future direc-

tion of this work is to construct a graph of disease specific

features, using which a more realistic independence assump-

tion can be made.

4. CONCLUSION

In this paper, we proposed a framework to extract signals from

unstructured news data and build predictive models for an

observed phenomenon using these signals, using supervised

non-negative matrix factorization to convert news data into

a lower dimensional representation. This paper has solely fo-

cused on disease outbreak prediction, the idea is more general

and can be extended to build predictive models for other phe-

nomena. Among many possible future directions to this work,

one possibility is to extend the use of bigrams, noun phrases,

topics, etc. as features. In addition, adding negative sam-

ples and learning negative features can potentially improve

the prediction accuracy.
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