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ABSTRACT

Global Rapid Identification Tool Set (GRITS) is a biosurveillance
application that enables infectious disease analysts to monitor
non-traditional information sources (e.g., online news outlets, ProMED
reports, blogs) for infectious disease threats. GRITS analyzes these
textual data sources by identifying, extracting, and succinctly visualizing
critical epidemiologic information and suggests possible associated
infectious diseases. Via GRITS' web-interface, infectious disease analysts
can examine dynamic visualizations of GRITS' analyses, perform powertful
queries of an index of over 250,000 infectious disease reports, and
explore related historical infectious disease emergence events. The
GRITS API can be used to continuously analyze information feeds and
large collections of data and the APl enables GRITS technology to be
easily incorporated into larger surveillance systems. GRITS is a flexible
pluripotent tool that can be moditied to conduct sophisticated report
triaging, expanded to include customized alert systems, or tailored to
address other surveillance needs.

INTRODUCTION

Intectious diseases pose a significant threat to global health and

economic stability., Due to extensive globalization and urbanization,
infectious diseases can spread at unprecedented rates. Small and
localized infectious disease threats can rapidly become international
catastrophes, as demonstrated by Severe Acute Respiratory Syndrome
(SARS) in 2003, influenza (HTN1A) in 2009, and Ebola Virus Disease in
2014., , Early detection of emerging threats through disease
surveillance is critical to implementing effective responses.

Traditional disease surveillance relies predominantly on local clinicians,
laboratory technicians, and public health practitioners to detect
infectious disease outbreaks. Once detected, these outbreaks are
communicated to regional, national and international public health
organizations for evaluation and response. However, traditional disease
surveillance taces a serious challenge.

The biosurveillance systems’ ability to detect and collect information is
dependent on regional healthcare infrastructure that is heterogeneous in
quality and sophistication. Disease threats that emerge in regions with
poor healthcare infrastructure may be detected slowly or missed
completely. This problem was illustrated recently in the ongoing Ebola
Virus Disease epidemic in West Africa, in which the etiological agent was
not identitied until 85 days after the first case.

The burgeoning field of digital disease detection (DDD) attempts to
complement traditional disease surveillance by using software to expand
data collection to non-tradition sources, and automate epidemiologic
analyses.

DDD is an innovative, but innately challenging field. Although, the
quantity of digital information is immense, the signal to noise ratio is very
ow. To curate data sources for significant public health information, most
DDD tools require substantial human capital. This dependency may be

imiting and makes it difficult to provide disease detection that is superior
(faster and more accurate) to traditional surveillance systems. Conversely,
some DDD tools make extensive use of NLP or machine learning
algorithms to predict disease risk, but do not incorporate sufficient public
health or medical expertise. In some cases, like early experiences with
Google Flu Trends, this has led to inaccurate tforecasts of infectious
disease. DDD tools that enable analysts to examine non-traditional
information sources more efticiently are critically needed.

METHODS

GRITS Disease Classification System
GRITS uses binary logistic regression classifiers to identify infectious diseases that are most likely Eq uations describing the

to be associated with a given text sample. Binary logistic regression is a classification method

that predicts a binary response variable (whether a disease label applies to submitted text) based general form Qf the

on a number of observed predictor variables (counts for each feature in submitted text).

Text Samples
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A separate binary logistic regression classifier is built for each disease within the GRITS disease IOg IsticC reg ression mOdel
ontology. Each classitier is trained to estimate the probability that a text passage is associated

with that particular disease, based on a vector of features extracted from processing the text. Total feature contribution T: = T - ﬂ
The classifiers return an estimated probability from 0 to 1, with a score ot O predicting no to a disease classitication [/ [/

likelihood, and a score of 1 indicating certainty. This score is referred to as the confidence

disease classification.

Classifier Training Process

# Classitiers are trained separately for each disease, containing an index ot 253,736
articles (subset of the total);

4 HealthMap articles from a 2-3 year period that were assigned disease labels by

HealthMap;

#% Articles labeled with a disease classifier's particular disease are positive training

examples and articles labeled with other diseases are negative examples;

Probability value
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Logit algorithm, |
logarithm of the odds logit(m;) = log i .
ratio of the probability l —m

Given:

TU; = estimated dependent variable value

4 Each feature is assigned a real-numbered weight, the magnitude of which can be i = feature value vector
interpreted as how strongly predictive the presence of that feature is of the
oresence of that disease; and,

4 SciKitLearn relies on LIBLINEAR's implementation to determine feature weights
using a dual coordinate descent method to find the feature weights that optimize
predictive accuracy. ,

Classifiers

# logistic regression

# OneVsRest from the Python package SciKitLearn

Features Ontology

Features used in the GRITS classification method consist of key words signiticant to

oublic health compiled from available ontologies and libraries, or created

specifically for GRITS (Table 1). Relationships between keywords are determined

manually, and using the Wordnet ontology.

18 = vector of feature weights

Determining the relative
contributions of features to a
given diagnosis

Generate scores for each keyword involved in a
given diagnostic analysis

Normalize all feature scores tfor each individual
disease classifier analysis to unit vectors

Multiply by the estimated probability of each

Ontology

Contents

The Disease Ontology

Human disease related terms, phenotypic characteristics, medical
vocabulary disease concepts

Wordnet

English language ontology that maps word relatedness

disease

e I? ‘ uj}
SCOTE,j = Hﬂ ‘ 'i'-i-‘jH
Given:

Biocaster Ontology

General disease ontology

article i and disease |.

USGS Topographic Feature
Vocabularies

Environmental factors

pi hat = estimated probability of the disease
w = feature weight vector for the disease

HealthMap Disease Labels

Diseases identified as significant by HealthMap and used for their disease
labels

x = feature count vector for the article
| .. || Represents the norm (length) of the vector

GRITS Ontology

Curated ontology of symptoms, control measures, descriptions of infected
individuals, diseases, disease categories, environmental factors, hosts, host
uses, modes of disease transmission, occupations, disease risks, vectors, and
zoonotic types

Testing and Validation

Micro averaged f-scores across all disease labels are used to evaluate each disease classifier. This method weights labels equally,
regardless of prevalence. This makes the method optimal for GRITS, because all diseases are weighted equally, regardless of their
prevalence in the training set.

GRITS Search Feature

Elasticsearch is used for the GRITS search feature. The full
text of the index of over 250,000 HealthMap articles is
qgueried during each search. Elasticsearch assigns relevance

scores to individual terms using TF-IDF based models.

Metadata obtained through GRITS analysis of each article in
the index is searched for specific purposes, including
disease keyword searches, and sorting by date and country.

Translation

Prior to analysis, non-English text is translated using Bing Translate.
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GRITS Search Feature

# Temporal information is extracted via the Stanford SUTime library

## Spatial information is extracted by a custom algorithm that uses
data from GeoNames

#¢ Case count (in-text references to numbers of cases or deaths)
extraction uses the CLiPS Pattern library’s search module with a
number of search phrases tailored to meet GRITS requirements

Data feeds
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The results of GRITS analyses for a given text sample are displayed in the
diagnostic dashboard view of the web-interface.

Diagnosis Choose View: | Tex - Provides the GRITS ranked diagnosis ot
o S Outbreak — 2012-2013 potential infectious diseases associated with
o nce . .
. Diess Tl et iis Weekly submitted text, ranked by confidence score.
July 19, 2013 / 62(28);570-573
0.995 Dengue  LI1IIENENINNIINI] 2 Succinctly visualizes the important information
On September 26, 2012, a woman aged 35 years from Kosrae in the o
(FSM) was hospitalized with ([T, N muscle pain ] extracted from a text sample. This includes
D, (0 and LTS E . A rapid diagnostic test (RDT) disease related keywords (disease pathogens
Rediagnose Duo, Standard Diagnostics Inc.) was positive for virus (2= 10) S ! !
nonstructural protein-1 (NS1). During the next week, seven more persons with suspected sym ptO ms, m OdeS Of transmission, an d h OStS),
Feedback . o .
s -8 were tested with the RDT, of whom three were RDT-positive for NS1 or anﬂ-@ :
immunoglobulin M (IgM). During October, the Kosrae State Department of Health Services, with d ateS, |Ocat| ons an d case counts.
Diseases support from the FSM Department of Health and Social Affairs and the World Health Organization : : : : :
(WHO), responded to the outbreak with enhanced surveillance, training in clinical management, % |nf9rma:t|0n IS hlgh | |9hted 'nan annOtated
leukopenia |i{ dengue analysis of hospital surge capacity, a rapid survey to identify species and arti Cl e view 1 h at can b e 'I:I |te re d by cate gory.
distributions, and control measures. By March 14, 2013, approximately 3.7% of Kosrae State . . )
residents had been hospitalized with suspected [ :[ " The outbreak consumed scarce % Locations are o, | Otted IN a map view, an d d
medical and public health services, including outpatient, inpatient, and laboratory services, . . . . .
Pathogens resulting in redirection of human and material resources from other important medical and public h IS:tOg r.a m Of tem pora i ﬂfO rmation Is s h own In
health activities. Because the health conseguences of can be substantial in resource- atim el INe
Anin m limited settings, Pacific Island nations might wish to consider preparedness measures for
outbreaks such as developing and testing outbreak response plans and ensuring [E-] JE “‘ —d
Symptoms adequate capacity for epidemiologic surveillance and laboratory testing. ) _
Investigation and Results ries, and four specimens had
petechiae Kosrae, with a population of 6,600, is a small (42 square miles [109 square kilometers]) volcanic for m_ 4 (3). Thus E N
island that forms most of the land | - - of Kosrae State, one of the four states of FSM. Kosrae ’ ' N : : o
abdominal pain has four municipalities, of which Lelu is the administrative center and home of 33% of the state's led dﬂ'lgl..lﬂ Cases, |
D residents and the 40-bed Kosrae State Hospital. The only previously documented m = - Sl Ll
B m el Ll el transmission on Kosrae was an cutbreak of | = -« '-* virus serotype 2 {M'E} in 1998 (1). ied WHO dﬂngua

thrombocytopenia [l mass m During October 2012, the number of | - -,/ "' cases continued to increase, and in late October m cases with BEVELS plus iInTection m liver

an epidemiologist from WHO was deployed to provide technical assistance to the Kosrae State

Joint pain lethargy Department of Health Services outbreak response team. Six serum specimens were submitted for ! aches and DEI"'IE { thromboc upgnia mass

reference |laboratory testing by reverse transcription-polymerase chain reaction (RT-PCR) and nanis {whitg blood cells <4,

muscle pain headache . - : -
anti- IgM enzyme-linked immunosorbent assay (ELISA) to the BLelT-=LEELGE Health _ Y
v ess, persistent (T, n Ll (EEEEY 5

Forensic and Scientific Services, WaULi:1IFW. Five of the six specimens were tested with RT-

Hosts PCR using a novel dried-sera-on-filter-paper surveillance technique at the Institut Louis Malardé, : : ) : : .
2). (572170 -4 was detected by RT-PCR in one specimen at both Important |.nf|~<\)rmat|on is annotated in the text (left) and visualized by
larvail laboratories, and four specimens had detectable anti-m IgM antibody, of which two were category (r|g t)'
specific for m-d (3). Thus, was confirmed in five (83%) of
s suspected cases. E
A modified WHO case definition (4) was used to identify suspected -
Modes of Transmission cases with plus at least two of the following: and [[ETEDDD. 7/ o ‘
, aches and pains ( N eye pain N muscle pain K-'dNjoint pain)} !
m aedes - (white blood cells <4,000/mL), or a warning sign ( or P | . |<
tenderness, persistent [y, mucosal bleed or widespread N Isthargy | allkIr
Case Counts restlessness, clinical fluid accumulation, or | -~ -, -« -, -0 =2 cm). The case definition for
an RDT-positive case was any suspected case that tested NS1-positive or IgM-
n 2009 728 n 31.1 positive by RDT. Locations are plotted in a map view within the diagnostic dashboard. Here the
From September 26, 2012, to March 14, 2013, a total of ([ suspected cases location “Palikir” has been extracted from the text and is resolved on this map.
m were identified at Kosrae State Hospital, with 242 (33.2%) patients admitted. One or more

s -0 warning signs were reported for 159 (21.8%) patients. Although detailed data on

Dates severe cases are not available, poor peripheral perfusion or hemodynamic instability,
as defined by the treating physician, was reported for 25 (3.4%) patients. No deaths were Dl agn OSiS
3/14/2013 10/1/2014 reportec.
Of patients tested by RDT, 206 (2B.3%) had positive results (Figure 1). Of these, 173
(84.0%) were NS1-positive and 41 (19.9%) were IgM anti-m-pnsitwe |[ patients )
[4%] were positive for both NS1 and IgM anti-@}. The cumulative incidence during the 5.5 Confidence
10U /20 £ 1/1/2013 months was 110.0 suspected and |~ 21000 cases per 1,000 population, - Disease Characteristics
respectively.
The persons most affected by the outbreak were aged 15-39 years {Figure 2). The 20-
24 year age group had the highest suspected | : -, -/ case rate at 171.5 per 1,000 population; 0.995 Dengue I I I I I I I I I I I I I I
Locations the 35-38 year age group had the highest RDT-positive case rate at 83.6 per 1,000
population. The least affected age group was 0-4 years (62.7 suspected and
- cases per 1,000 population, respectively). The results of a GRITS disease classification as seen in the dashboard view. Shows
The most affected municipality was Lelu, where 42% (307 of 728) of Kasrae State's suspected the disease most likely associated with submitted text, along with the confidence
cases occurred, and the highest rates of suspected and RDT-positive | - - l:|' - cases were score for the classification. The “Characteristics” column provides a visualization
Polynésie Frangaise, PF recorded (142.1 and 38.8 per 1,000 population, respectively). Females accounted for 51.5% of of the keywords that contributed to the classification. Each colored column
suspected cases and 45.6% of RDT-positive cases. represents a distinct keyword identified and annotated in the submitted text with

Diagnostic dashboard view showing the GRITS analysis of a report on an outbreak of Dengue Fever. The results of the the corresponding color.

GRITS disease classification are displayed in the top left. Here, Dengue fever has been identified as the disease the
article is most likely concerned with.

The keywords that contribute to each diagnosis and their relative weights can be
inspected from within the dashboard.
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Detailed diagnosis report showing the relative contributions of different keywords to a disease classification. The disease being classified in this example is Crimean-Congo Hemorrhagic Fever.
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RESULTS

A simple, customizable interface is used to query the over

-y,

250,000 GRITS analyzed infectious disease related articles.

Page 0 Previous - Next| 10 of 111 Results | Sorted By: | Relevance  # || View: | List View %

Find articles with... Search Results:

Any of these diseases: Fiji dengue case count now 68: Report - Outbreak News Today
Thu Jan 29 2015
© Fever HealthMap Disease Label: Dengue
© Dengue Diseases Diagnosed: Fever, Dengue
Add Counts: No counts identified
Distinct Keywords: None
Any of these kewurds: Relevance: 0.29527107
Spike in dengue cases alarm health officials - Catanduanes Tribune
© leukopenia Meon Aug 18 2014
© fever HealthMap Disease Label: Dengue
© dengue Diseases Diagnosed: Fever, Dengue
© thrombocytopenia Counts: No counts identified
© common mosquito Distinct Keywords: None
© larval Relevance: 0.25013065
© pig Spike in dengue cases alarm health officials - Catanduanes Tribune
© vector Mon Aug 18 2014
© aedes HealthMap Disease Label: Dengue
© dengue virus Diseases Diagnosed: Fever, Dengue
© vector Counts: No counts identified
© DENV Distinct Keywords: None
© leukopenia Relevance: 0.24769199
© fever _ Navi Mumbai village blames NMMGC for rise in dengue cases - India.Com Health
R Mon Oct 21 2013
© eye pain HealthMap Disease Label: Dengue

© abdominal pain Diseases Diagnosed: Fever, Dengue

L Counts: No counts identified

e Distinct Keywords: None

: :’:"‘ ""I';ﬂ . Relevance: 0.20550725

O] n::tr: ;ncytnpenla Navi Mumbai village blames NMMC for rise in dengue cases - India.Com Health
© lethargy Mon Oct 21 2013

© anorexia HealthMap Disease Label: Dengue

© headache Diseases Diagnosed: Fever, Dengue

Counts: No counts identified
Distinct Keywords: headache, viral infection, adults, muscle aches...
Relevance: 0.20383844

Navi Mumbai village blames NMMC for rise in dengue cases - India.Com Health
Mon Oct 21 2013

Add

All of these keywords:

© Mg Sauiia HealthMap Disease Label: Dengue
© village Diseases Diagnosed: Fever, Dengue
Add Counts: No counts identified
Distinct Keywords: None
In one of these countries: Relevance: 0.20220508
PRO/SOAS> Dengue - India (11): (Odisha)
Add Wed Oct 071 2014
Approximate Document Counts: HealthMap Disease Label: Dengue

Diseases Diagnosed: Fever, Dengue
Counts: Mo counts identified
Philippines : 14 reports Distinct Keywords: None

Brazil : 13 reparts Relevance: 0.17234515

India : 32 reports

2@ Articles can be searched by any combination of
the following information; diagnosed disease,
keyword, publication date range, and/or country.

Search results can be viewed spatially or in a
Istview.

29 Results can be displayed by relevance, oldest
first, or newest first.

2@ A query of articles similar to the text sample is
automatically conducted based on the results of
the text sample’s GRITS analysis.

@ Meta-data is displayed for each search result.

List view of a GRITS search. Keywords identified in the submitted text are displayed in
the left column. Histograms of the countries and dates associated with the search
results are displayed below the keywords.

Irela nd NDS

Amstardam @
Londos Deuts®hland

Location: Portuguese Republic France :

Summary: Madeira dengue fever @ S ‘.
update: More than 1350 cases o
reported - Examiner.com P~

Date: 2012-11-20T23:59:56.000Z payy :
Disease: Dengue | = Lk .
Species: Humans ' .
link

. T TS ST T £
@ 'l

GRITS API applies diagnostics tools continuously on large collections of data and
allows GRITS to be integrated into any biosurveillance application

Extracted keywords are annotated with their occurrences in the
original text, so they may be easily highlighted in a user

Data Feeds n N Disease Diagnosis
Custom Apps EREST API {JSON }iriior interface, indexed for search, used as features for statistical

DISCUSSIONS

In the hands of the astute public health analyst, GRITS is a powerful tool for

infectious disease surveillance that allows users to efficiently monitor
non-traditional data sources for infectious disease threats. GRITS can be
expanded to incorporate a customizable triaging system that curates text
sources temporally, spatially, by diagnosed disease, or by public health
keyword. Additional ontologies can be created to train GRITS to make
educated conclusions on additional complex variables besides disease, like
pathogen class, report risk level, or the emergence of a novel pathogen. An
alert system could be built into GRITS to warn users of potentially dangerous
clusters of reports. Additionally, through the GRITS API, the tool can be
incorporated into larger surveillance systems, like the Defense Threat
Reduction Agency's prototype Biosurveillance Ecosystem, and run continuously
on those systems data feeds. Through the web-interface users can evaluate the

: oo 0 . functionality, and public health foundations of GRITS, increasing the
The GRITS disease classification system has Precision Recall ) . | "
o R o transparency of the tool. This will lead to scrutiny and the refinement, and
an overall precision of 64% and recall of 63% 64% 63% continued development of GRITS. GRITS, and surveillance systems like it, may
be able to fill in the gaps in traditional global biosurveillance systems.
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evaluation or machine learning, or subjected to further analysis.
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