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Abstract 

Background  Acute Febrile Illness (AFI) like Malaria, Dengue, Chikungunya, and Enteric fever still remain the most 
common cause of seeking healthcare in low-middle-income countries and need to be constantly monitored for any 
impending outbreak. Digital epidemiology promises to assist traditional health surveillance. The health data (includ-
ing AFI) collated by Google using specialised platforms like Google Trends (GT) is known to correlate with actual dis-
ease trends. The present study thus aims to assess the potential of GT to support routine surveillance system and fore-
cast AFI outbreaks reported through the Indian Integrated Disease Surveillance Programme (IDSP).

Methods  We utilised Haryana’s IDSP portal to retrieve the weekly data of the most commonly reported infectious 
diseases causing AFI between 2011 and 2020. Internet search trends were downloaded using GT. Descriptive statis-
tics estimated the burden of the AFI and Bland–Altman’s plot depicted statistical agreement between the two. We 
adopted the Box-Jenkins approach to attain the final SARIMA model and explain the time-dependent weekly inci-
dence of AFI.

Results  The time series plot of the reported AFI displayed trends. Martin- Bland plots depicted acceptable 
agreement between two datasets for all Chikungunya and Dengue. Among the models evaluated, the Malaria 
model [SARIMA(1,1,1)(1,1,1)] demonstrated the best performance with a balanced fit and reasonable accuracy, 
while the Enteric Fever model [SARIMA(0,1,0)(1,1,1)] exhibited low prediction error but weak seasonal significance. In 
contrast, the Dengue [SARIMA(1,1,0)(1,1,0)] and Chikungunya [ARIMA(1,0,0)(0,0,0)] models had high forecast errors, 
limiting their predictive reliability. Overall, GT supplemented the prediction performance of the SARIMA models 
with adjusted R2 of 46%, 50%, 50%, and 52% compared to the original 43%, 49%, 20%, and 48%.

Conclusions  Our study observed modest improvements in GT-based SARIMA forecasting models compared to rou-
tine IDSP mechanisms for predicting AFI outbreaks in Haryana, highlighting the potential for further enhancement. 
As more granular GT data becomes available, its integration with traditional surveillance systems could significantly 
enhance forecasting accuracy for AFI and other infectious disease outbreaks. At no additional cost to the health 
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system, GT can serve as a valuable, real-time digital epidemiology tool, strengthening public health preparedness 
and enabling timely interventions for the early containment of emerging diseases.

Keywords  Digital health, Surveillance, Public health, Vector-Borne Diseases

Background
Acute Febrile Illness (AFI) still remains the most com-
mon cause of seeking healthcare in lower-middle income 
countries such as India and significantly contributes to 
premature morbidity and mortality [1]. The most com-
mon pathogens majorly contributing to the AFI burden 
include Malaria, Dengue, Enteric Fever, and Chikungu-
nya [2]. In a tropical country, including India, factors like 
rapid changes in the environment, globalisation, frequent 
travel, migration, urbanisation, and encroachment of for-
est areas increase human-vector interaction, leading to 
sporadic outbreaks and increased incidence of AFI in the 
community [3]. The rising burden and frequency calls for 
concerted actions and necessitates early detection of out-
breaks through robust surveillance [4, 5]. In India, conven-
tional infectious disease surveillance is supported by the 
Integrated Disease Surveillance Program (IDSP)—a health 
program launched by the Ministry of Health and Family 
Welfare, New Delhi (MoHFW) in 2004 [6]. The IDSP col-
lects and reports 22 notifiable epidemic-prone diseases at 
the district level for planning and executing pre-emptive 
and active outbreak threats. The program, however, had a 
few inadequacies, such as delayed reporting and data valid-
ity. To mitigate these deficiencies, IDSP was revised, and 
revamped as the Integrated Health Information Platform 
(IHIP) in 2021. The IHIP is a real-time, web-based data 
platform with Geographic Information system-enhanced 
data representation and analytical tools [7].

Despite addressing many inherent weaknesses of IDSP 
by IHIP, there is still a significant time lag between the first 
trigger of an outbreak and the response due to the exist-
ing workflow pattern [8, 9]. Therefore, there is a constant 
search for alternate outbreak monitoring systems for data 
triangulation that can supplement the IDSP in aggregat-
ing timely intelligence to proactively contain the disease 
outbreak. The rapid expansion of mobile phones and simi-
lar smart-device networks, along with increasing penetra-
tion of reliable internet connectivity, has revolutionised 
different facets of health, such as service delivery, health 
beneficiary tracking, data storage and dissemination [10]. 
This has empowered healthcare providers and the benefi-
ciaries [11]. Within this context of digital health, digital 
epidemiology is an emerging field that uses technology to 
explore a population’s disease patterns and health dynam-
ics and supplement conventional field-based surveillance 
systems [12, 13]. Digitalisation is supported through inter-
net-based platforms akin to Google, the most commonly 

used internet search engine globally. Besides providing 
solutions to user-initiated queries, Google also monitors 
health-related data, including infectious diseases [14]. 
This monitoring is more comprehensive through special-
ised services exemplified by Google Mobility Reports and 
Google Search Trends (GT) [15, 16].

Prior research has demonstrated that objectively meas-
ured attention by the GT approximates the actual infec-
tious disease behaviour [17]. We previously ascertained 
a temporal correlation between the timings of infectious 
disease outbreaks as per IDSP reporting and GT in Har-
yana and Chandigarh, located in the northern region of 
India [18]. Subsequently, we hypothesise that such tem-
poral correlations can help forecast the outbreaks in the 
community earlier than the existing monitoring mecha-
nism, and GT can supplement IDSP by decreasing the lag 
between disease onset and disease reporting, assuming 
the stability of the study population and vector distribu-
tion within the study period. Therefore, with this back-
ground, we conducted the present study in Haryana with 
the primary aim of assessing the potential of GT to fore-
cast AFI outbreaks due to Malaria, Dengue, Chikungu-
nya, and Enteric fever that are reported through the IDSP.

Methods
Study design
Ecological study using secondary data analysis.

Data source
Disease surveillance data
The weekly frequency of cases collected between Janu-
ary 2011 and March 2020 under IDSP was obtained from 
Haryana’s State Surveillance Units (SSU) functional under 
the Health Department, which was compiled to generate 
monthly estimates and match with the monthly format of 
the GT data. The IDSP integrates an IT-enabled disease sur-
veillance system for epidemic-prone diseases supplemented 
by laboratory-based disease surveillance. It helps in real-
time monitoring, detection and response to outbreaks. The 
IDSP data at the national level is managed by the Central 
Surveillance Unit (CSU), National Centre for Disease Con-
trol (NCDC), New Delhi (India). CSU receives its data from 
the country’s different states and union territories through 
the SSU, which is supported by the District Surveillance 
Unit (DSU) functional at the district headquarters (Fig. 1).
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•	 The front-line health Worker at the subcentre (which 
is the lowest level of the public health system) reports 
data using the ‘S’ (syndromic surveillance) forms every 
week to their medical officers stationed at the next 
higher level i.e. at the Primary Health (PHC) care cen-
tre, Community Health Centers, District Hospitals, 
Medical colleges, and private medical practitioners.

•	 The medical officers also report 22 diseases to the DSU 
using the ‘P’(presumptive form) form based on clinical 
examination and making a presumptive diagnosis.

•	 Out of 22 diseases, the laboratories (public and 
private) report 12 laboratory-confirmed cases 
using “L” (Laboratory-based surveillance) forms. 
The cases identified between Monday to Sun-
day are compiled and forwarded to the reporting 
officer by the start of next week.

After verification and compilation at the DSU, the 
data are transmitted to CSU via SSU the following 
week. Of the 22 diseases reported through P form, we 

Fig. 1  Flow Chart depicting the flow of information in the Integrated Disease Surveillance Program in Haryana, India
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used data concerning four major AFI (Malaria, Chi-
kungunya, Dengue, and Enteric fever) for our study as 
they currently contribute the maximum to reported 
AFI cases leading to hospitalisation in our country 
[19]. The data were retrieved, processed, and analysed 
after obtaining ethical approval.

Google search trends data
Monthly Google search data were retrieved using 
Google Trends (GT) as per previously published 
methodology [18]. Google maintains a database of 
all searches stratified by duration and region on its 
GT platform, which can be downloaded for free [20]. 
The GT data are a sample of real-time (from the last 
seven days) and historical (from 2004 to 36  h before 
to search) Google search queries that have been appro-
priately anonymised, classified, and topic-tagged. For 
examining the relative popularity, each piece of data 
are divided by the total number of searches conducted 
in a particular region for a particular time period. 
Depending on the topic’s share of searches across all 
topics, the GT represents search frequency output as 
a normalised data series at a scale of 0 to 100. Num-
bers correspond to the Google search query interest at 
a particular time and location.

First, the Google Trends tool was utilised to iden-
tify the most popular search term related to the con-
cerned AFI to extract the search interest. The search 
parameters were set to “Haryana,” “All Categories,” 
and “Web search,” and the time range was defined as 
“01st January 2011-31st March 2020.” After compara-
tive searches using search terms commonly used by 
the inhabitants of the state to identify a disease, the 
key terms that were the most relevant and widely used 
were “Malaria,” “Dengue,” “Typhoid”, and “Chikungu-
nya” (Supplementary Material 1), and were used as the 
final search terms for our study. Further, a list of the 
ten most correlated terms was also extracted for the 4 
AFI to recheck if any other commonly used term was 
more popular on Google (Supplementary Material 2). 
Subsequently, using the selected search terms, Google 
monthly search hits were extracted and downloaded 
for the diseases as ’.csv’ files for additional analysis and 
interpretation (Supplementary Material 3).

Statistical analysis
Data collection and cleaning
The IDSP and GT weekly data points were merged using 
the month-year column. The merged file was cleaned, 
coded, and used for analysis using SPSS version 22. 
Descriptive statistics were used to estimate the burden of 
AFI and were depicted using absolute numbers, period 

prevalence of AFI per 100,000 population ([Period Prev-
alence = Total  number  of  cases  during  the  period/ pro-
jected population]*100,000). Yearly changes in GT were 
depicted using median (minimum and maximum values) 
values. We used Haryana’s 2011 census population as the 
base to calculate the projected population till 2020 using 
the decadal growth rate to have the yearly denominators 
as per standard guidelines [21]. The time series plot was 
used to assess the initial trend in the data. Subsequently, 
we reported Bland–Altman’s plot to assess the agreement 
between GT and IDSP for each AFI [22]. The X-axis rep-
resents the mean of both methods for each time point 
calculated as (Google Trends Value + Case Frequency)/2. 
The Y-axis represents the difference between the two 
methods for each time point. The plots’ dashed horizon-
tal lines represent the 95% Limits of Agreement (LoA) 
calculated as (mean  difference ± 1.96 × Standard  Devia-
tion  of  Differences). If most data points fall within the 
LoA, it suggests good agreement. However, we also cal-
culated the Intraclass Correlation Coefficient (ICC) val-
ues to objectively measure agreement between GT and 
IDSP data that range from 0 to 1. The values between 
0.0–0.39, 0.40–0.59, 0.60–0.74 and 0.75–1.00 depict 
poor, moderate, good and excellent agreement between 
the two variables.

We applied time series analysis to account for cor-
relation in the data collected on equally spaced time 
order. First, we calculated cross-correlation to explore 
the possibilities of using GT lag to build our model, 
but it was insignificant and hence excluded. Subse-
quently, we investigated the possibility of building a 
time series model without using GT lag. We applied 
Seasonal Autoregressive Integrated Moving Aver-
age (SARIMA) and Autoregressive Integrated Moving 
Average (ARIMA) models to estimate the relationship 
between GT (predictor variable) and IDSP data (crite-
rion variable). Differencing of order one was used to 
make stationary time series [23–25]. The parameter p 
is the order of autoregression, d is the difference, and 
q is the order of moving average, and P, D, Q, and S 
are the order of seasonal autoregression, seasonal dif-
ference, seasonal moving average, and seasonal length, 
respectively, of SARIMA (p,d,q) (P, D, Q) model. We 
adopted the Box-Jenkins approach for attaining the 
final SARIMA model in the following steps:

a.	 Identification of the Model: we made time series 
plots to detect non-stationarity in the data and 
used 1st order differencing to get stationary time 
series. Subsequently, we plotted PACF (Partial Auto-
correlation Function) and ACF (Autocorrelation 
Function) to identify the MA (Moving Average) & 
AR(Autoregressive) components of the time series.
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b.	 Estimating Parameters: we used indices such as AIC 
(Akaike information criterion), BIC (Bayes informa-
tion criterion), and Ljung-Box to build and select the 
final model.

c.	 Diagnostic Evaluation: Finally, we evaluated the ade-
quacy of the final models by making residual plots of 
ACF and PACF [26].

The models were evaluated using the BIC, Adjusted R 
square, and Mean Absolute Percentage Error (MAPE) 
indices. BIC is a likelihood-based criterion favouring a 
parsimonious model over a complex model by incorpo-
rating a penalty for adding a parameter in the model—
the lower value of BIC is preferred. The utility of the 
model integrated with GT was compared with the origi-
nal model, only including IDSP data using an adjusted 
R-square, and a higher value indicated a better model. 
MAPE values assessed the average magnitude of error 
the model produces and its ability to forecast. Normally, 
MAPE around 20% is considered a reasonably good value 
for the final model. We used a 2-tailed p<0.05 to declare 
the statistical significance.

Ethical statement
All experimental protocols were approved by the insti-
tutional ethics committee of the Post Graduate Institute 
of Medical Education and Research Chandigarh (India), 
through the letter number INT/IEC/2020/SPL-927, dated 
24th July 2020. The waived informed consent to partici-
pate was approved by the ethics committee of the Post 
Graduate Institute of Medical Education and Research 
Chandigarh. The consent to use IDSP data were formally 
obtained from the Director General of Health Services, 
Department of Health, Government of Haryana wide 

letter number 32l3-IDSP/020–01, Dated 03rd Jan, 2020. 
All methods were carried out in accordance with relevant 
guidelines and regulations.

Results
In the study area, we first depicted the year-wise reported 
cases and period prevalence of four AFI between Janu-
ary 2011 and March 2020 (Table 1, Fig. 2). Malaria and 
Enteric fever contributed maximally of the four AFI, fol-
lowed by Dengue and Chikungunya. Malaria prevalence 
was almost consistent across the years, except in 2019, 
with more than a 65% increase in reported cases. Dengue 
cases did not show any systematic increase or decrease 
till 2016; however, the cases increased meteorically by 
more than four times from 2017 onwards. Chikungunya 
prevalence in our study is significantly less than other 
AFI. The prevalence of Chikungunya was significantly 
higher in 2016 as compared to the preceding year; the 
same, however, was on a decreasing trend afterward. 
Enteric fever prevalence displayed an increasing trend 
from 2011 onwards.

We individually described the GT over the study period 
for all four AFI (Table  2). The time trends for Dengue, 
Malaria, Chikungunya, and Enteric fever demonstrated 
spikes in Google searches corresponding to the reported 
cases (Fig.  3a-d). Further, Fig.  4 displays Martin Bland 
plots to assess the agreement between the frequency of 
reported cases and GT. Most of the differences between 
IDSP and GT data were observed to be within the LoA 
for Chikungunya and Dengue. The ICC agreement 
between AFI frequencies and GT for Dengue, Malaria, 
Chikungunya, and Enteric fever were 0.51, 0.12, 0.65, and 
0.25, respectively, implying that Chikungunya IDSP data 
depicted strongest agreement with GT data, followed by 

Table 1  Year-wise trends of reported cases and period prevalence of diseases causing AFI in the state of Haryana (India) between 
2011–20

Study year Projected 
Population 
(Per census 
2011)

Malaria Dengue Chikungunya Enteric fever

Reported 
Number of 
cases

Period 
Prevalence/ 
100,000

Reported 
Number of 
cases

Period 
Prevalence/ 
100,000

Reported 
Number of 
cases

Period 
Prevalence/ 
100,000

Reported 
Number of 
cases

Period 
Prevalence/ 
100,000

2011 2,53,51,000 63,262 250 847 3.34 36 0.14 20,882 82.3

2012 2,57,72,000 128,271 498 2,818 10.93 21 0.08 31,914 123.8

2013 2,61,93,000 127,077 485 3,831 14.63 2 0.007 52,165 199.2

2014 2,66,75,000 114,795 430 1,928 7.23 10 0.03 81,928 307.2

2015 2,66,14,000 134,895 507 4,431 16.65 5 0.02 89,247 335.4

2016 2,74,55,000 119,083 434 2,964 10.80 2199 8.1 84,196 306.8

2017 2,78,61,000 118,130 424 12,455 44.70 106 0.38 125,304 449.7

2018 2,82,66,000 120,129 425 15,709 55.58 89 0.31 127,116 0.0

2019 2,86,72,000 203,404 709 15,082 52.60 21 0.07 128,259 447.3

2020 2,90,77,000 121,273 417 1,821 6.26 4 0.02 29,083 100.1
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Dengue, and Enteric fever, while Malaria depicted weak-
est agreement.

After initial descriptive analysis, we constructed a model 
for AFI prevalence data of IDSP and GT search volumes. 
The data depicted non-stationarity for Malaria, Dengue, 
and Enteric fever data, and we addressed the same with 
differencing of order 1(Fig.  5a-d). Models created using 
the Box-Jenkins method depicted that Malaria was best 
fitted using SARIMA (1,1,1) (1,1,1)12 model, Dengue was 
best fitted with SARIMA (1,1,0) (1,1,1)12 model, Enteric 
fever with SARIMA (0,1,0) (1,1,1)12, and Chikungunya 
with ARIMA (0,0,1) (0,0,0)12model compared to other 
models. The Malaria model [SARIMA(1,1,1)(1,1,1)] dem-
onstrated a moderate fit (Adj-R2 = 0.46), well-behaved 

residuals (Ljung-Box p = 0.39), and a reasonable predic-
tion error (MAPE = 20.74%), indicating stable perfor-
mance. For Dengue, the SARIMA(1,1,0)(1,1,0) model 
showed a slightly better fit (Adj-R2 = 0.51) and a lower BIC 
(12.95), but its high MAPE (429.39%) and insignificant 
AR(1) coefficient (p = 0.80) suggest weak predictive power. 
The Chikungunya model [ARIMA(1,0,0)(0,0,0)] exhibited 
the highest fit (Adj-R2 = 0.53) and the lowest BIC (9.50), 
but its extremely high MAPE (749.79%) due to its sen-
sitivity to outliers indicates poor forecasting accuracy. 
The Enteric Fever model [SARIMA(0,1,0)(1,1,1)] had a 
moderate fit (Adj-R2 = 0.52) and good residual independ-
ence (Ljung-Box p = 0.78), with a lower MAPE (19.11%), 
but SAR(1) was not statistically significant (p = 0.24). 

Fig. 2  Epi-curves depicting the frequency of cases of febrile illness in Haryana, India, from 2011 to 2020

Table 2  Year-wise description of the google trends for diseases causing acute febrile illnesses in Haryana (India) between 2011–20

Study Year Malaria Dengue Chikungunya Enteric fever
GT
median, (min- max)

GT
median, (min- max)

GT
median, (min- max)

GT
median, (min- max)

2011 17.5(0–55) 2(0–19) 0(0–4) 25.5(0–81)

2012 20.5(0–100) 2(0–38) 0(0–3) 17(0–71)

2013 20(11–54) 4.5(0–41) 0(0–3) 26.5(0–65)

2014 16(0–44) 3(0–18) 0(0–4) 43.5(0–88)

2015 23.5(0–71) 3.5(0–100) 0(0–2) 34.5(0–80)

2016 21(10–55) 4(0–36) 0.5(0–100) 36(16–100)

2017 18.5(10–34) 3.5(0–49) 1(0–6) 39(24–58)

2018 17.5(9–27) 3(0–29) 1(0–2) 43(25–89)

2019 19.5(11–34) 3(0–15) 1(0–1) 43(26–81)

2020Q1 16(12–20) 2(0–2) 1(0–1) 36(29–67)
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The addition of the GT improved the prediction perfor-
mance of the SARIMA models from adjusted R2 of 46%, 
50%, 50%, and 52% from the original 43%, 49%, 20%, and 
48% (Table  3). The model performances were evaluated 
using ACF and PACF of residuals (plotting model values 
against actual values). Figure 5 displays that there are ran-
dom variations from the origin zero (0), and hence, the 
fitted models are adequate. Overall, the Malaria model 

performed the best, followed by enteric fever. Dengue 
and Chikungunya were weak in enhancing the predictive 
accuracy.

Discussion
All four AFIs assessed in our study contribute sig-
nificantly to the burden of communicable diseases, as 
reported by the IDSP in Haryana and neighbouring states 

Fig. 3  Dual-axis plots displaying monthly febrile illness and Google trends for Haryana, India, from 2011 till 2020
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[1, 18]. Since the burden of AFI in tropical regions is 
unlikely to decrease in the near future, an alternative sur-
veillance method can augment a timely response [27, 28]. 
We used GT to enhance classical methods (rather than 
replace them) and help address their limitations. Thus, 
we assessed the utility of concatenating the data created 
through internet searches in improving routine epide-
miological appraisals. We observed certain key findings. 
First, Malaria and Enteric fever depicted the highest bur-
den in our study area. Second, Google trends corrobo-
rated well with the disease burden. Third, the GT-based 
forecasting model offered modest improvements over the 
IDSP-based model, and was a significant predictor for all 
the AFI except Dengue. Fourth, Enteric fever depicted 
only seasonal trends in contrast to non-seasonal autore-
gressive and moving average trends depicted by Chi-
kungunya, which was also the simplest model and was 
dependent only on its previous values, while Malaria and 
Dengue depicted well using SARIMA models. Lastly, our 
GT integrated models demonstrated statistical robust-
ness, with well-behaved residuals (Ljung-Box p > 0.05), 
moderate-to-good adjusted R2 values higher compared to 
only IDSP-based models, and stable parameter estimates, 
indicating reliable fit within expected predictive bounda-
ries, though further refinements are needed to enhance 
forecast accuracy (higher MAPE values), particularly 
for Dengue and Chikungunya. The trends in seasonality 

suggest the influence of seasonal and environmental fac-
tors. Our results demonstrate an inferential relationship 
between the GT search volumes and IDSP’s AFI report-
ing in Haryana. Internet searches as per GT and the 
actual disease burden in the population can be coherent 
and concurrently point to a foreseeable outbreak. The 
media coverage also leads to inquisitiveness and aware-
ness regarding the disease and can contribute to a spurt 
in internet search activity. Nevertheless, the GT can 
serve as a quasi-real-time infoveillance tool that quanti-
fies the disease of interest per the user’s web interest and 
can thus supplement the infectious disease outbreak pre-
diction [29, 30]. Furthermore, ARIMA models help pre-
dict the temporal dependence between observations of 
IDSP data on GT using a time series.

Malaria has been a major public health problem in 
the state. There was a high burden throughout the study 
period, with frequent peaks coinciding with the rainy sea-
son in the state. The Best Model was for Malaria (Good 
model fit, reasonable MAPE, independent residuals, and 
significant parameters) depicted using SARIMA(1,1,1) 
(1,1,1)12 model, that captures both long-term trends and 
seasonal patterns while keeping prediction errors under 
control. A previous study from South Africa depicted 
adjusted-R2 from routine monitoring data-based 
SARIMA models to be around 0.41, which is very similar 
to our study [31]. Another study from Pakistan observed 

Fig. 4  Martin Bland plots depicting agreement between IDSP and Google trends data for acute febrile illnesses reported between 2011–20
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that SARIMA (2,1,2)(1,1,0)12 showed the best results 
[32]. In contrast, Wangdi et al. and Kumar et al. preferred 
assigning ARIMA(2,1,1)(0,1,1)12  and ARIMA(0,1,1) 
(0,1,0)12  to forecast Malaria in Bhutan  and New Delhi 
[33, 34]. Further, the calculated BIC in the Bhutan study 
was 1812.4, with an error of −8.12%compared to BIC 
of 16.32 and 20.6% error in our study. A previous study 
from Indonesia offered SARIMA (0,1,1)(1,1,1)12 as their 
final model. It achieved a comparable MAPE (21.6%) that 
echoed our findings to conclude that such models can 
make predictions based on the historical dataset [35].

We observed that Dengue depicted spikes similar to 
Malaria but were less intense. It can probably be attrib-
uted to the fact that the vector for Dengue (Aedes aegypti 
mosquito) can be controlled by the residents of the com-
munity as it dwells in standing water with a short range 
of flight, compared to anopheles mosquito (vector for 
Malaria) that dwells in ponds, has a longer range of flight, 
and its control is strongly influenced by public health 

measures implemented during the season. There is also 
evidence that herd immunity may limit the transmis-
sion of Dengue serotypes in some areas. We observed 
that Dengue GT positively correlated with the IDSP data. 
However, the strength of this relationship can vary based 
on factors such as public awareness, internet accessibility, 
and regional differences in information-seeking behavior 
[36]. Similar to our results, another longitudinal analysis 
from Indonesia depicted that the Dengue incidence and 
GT results are nonstationary processes (P = 0.01). Still, 
their particular linear combination is a stationary pro-
cess and allows us to construct error-corrected models. 
Hence, GT can be an initial indicator of upcoming Den-
gue outbreaks [35]. The Dengue model [SARIMA(1,1,0)
(1,1,0)] captures both short-term and seasonal effects but 
demonstrated a moderate fit (Adj-R2 = 0.51), a relatively 
low BIC (12.95), high prediction error (MAPE = 429.39%) 
and the insignificance of the autoregressive param-
eter (p = 0.80) indicate poor predictive reliability, 

Fig. 5  Autocorrelation (ACF) and Partial autocorrelation function (PACF) of Acute febrile illnesses time series data
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necessitating further refinement for improved forecast-
ing accuracy. In another study from Brazil, the SARIMA 
(2,1,2)(1,1,1)12 model was coherent with the Dengue 
incidence trends, supporting our findings [35]. However, 
studies from Venezuela, Singapore, and Bangladesh also 
depict that the GT-based estimation methods performed 
poorly in low transmission areas with unfavourable cli-
mates for Dengue transmission but performed satisfac-
torily during times of higher incidence, similar to our 
estimates [37, 38].

Chikungunya depicted a spike in the later stages of the 
study period. This is because itre-emerged in Haryana 
during the study period, and the population was particu-
larly susceptible to infection. There was a strong corre-
lation between Chikungunya and GT, similar to another 
study from Venezuela [37]. The best-fitted model for 
Chikungunya was the simplest [ARIMA(1,0,0)(0,0,0)]. It 
demonstrated the highest adjusted R2 (0.53) among all 
models, suggesting a relatively good fit to the observed 
data. The model had the lowest BIC (9.50), indicating 
better parsimony. The Ljung-Box test (p = 0.99) con-
firmed that the residuals were independent, implying that 
the model did not suffer from autocorrelation issues. The 
autoregressive terms were statistically significant, con-
firming their relevance in the model. While the model 
effectively captured past trends, the high MAPE suggests 
extremely poor forecast accuracy, and such a model may 
not be suitable for practical forecasting and requires fur-
ther refinement, possibly by incorporating seasonal com-
ponents or additional exogenous predictors to improve 

predictive accuracy. Our results reiterate that Chikungu-
nya transmission in Haryana has transitioned similarly 
to other naïve geographical areas, making it more fore-
seeable and thus offering a targeted approach while des-
ignating our study area for further field trials to control 
outbreaks [35].

Enteric fever depicted a high burden across the study 
period, which is a cause of concern. The disease, however, 
depicted poor agreement with GT on Bland Altman’s plot. 
Low agreement in regions where Enteric fever is endemic 
can be attributed to a general familiarity with the disease, 
leading to reduced online searches. Conversely, it can also 
be attributed to a lack of awareness, which could result 
in misinterpretation of symptoms, causing individuals to 
search for other conditions. The model [SARIMA(0,1,0)
(1,1,1)], however, exhibited a moderate fit (Adjusted 
R2 = 0.52), and a balanced trade-off between model com-
plexity and goodness-of-fit (BIC value: 15.49). Still, the 
MAPE was among the lowest across all models, signifying 
better predictive accuracy. The non-significant Ljung-Box 
test confirms the model’s reliability in terms of residual 
behaviour. However, the MAR, GRM (p-value < 0.05) and 
SAR (p-value > 0.05) coefficients suggest that seasonal pat-
terns may not have a role in trends. Despite this limita-
tion, the model remains a reliable forecasting tool due to 
its low error rate and well-behaved residuals, though fur-
ther refinement of seasonal components can enhance pre-
dictive powers. Gao J et al. in China selected the SARIMA 
(0,1,7)(1,0,1)12 model, which considers a large number of 
past error terms to make predictions and relies more on 

Table 3  Time series models to forecast febrile illness outbreaks in Haryana using data (2011–20) from the integrated disease 
surveillance program and google trends

Abbreviations: SARIMA Seasonal Auto-Regressive Integrated Moving Average Model, ARIMA Auto-Regressive Integrated Moving Average Model,Adj-R2 Adjusted 
R-square value, BIC Bayes information criterion, MAPE Mean Absolute Percentage Error, AR Autoregressive, MA Moving Average, SAR Seasonal autoregressive, MAR 
Moving Autoregressive, GRM General Regression Models
a The figures in square parentheses depict the values of the model without including the data from Google trends

Disease Model Indices Parameters Significance

Malaria SARIMA(1,1,1)(1,1,1) Adj-R2: 0.46 [0.43]a

BIC: 16.32 [16.31]
MAPE: 20.74 [22.35]

Ljung-Box: p = 0.39

AR(1): −0.74
MA(1): −0.90
SAR(1): −0.26
MAR(1): 0.80
GRM: 23.49

 < 0.001
 < 0.001
 = 0.11
 = 0.008
 = 0.007

Dengue SARIMA(1,1,0)(1,1,0) Adj-R2: 0.51 [0.49]
BIC: 12.95 [12.92]

MAPE: 429.39 [205.69]
Ljung-Box: p = 0.15

AR(1): −0.03
SAR(1): −0.79
GRM: 2.86

 < 0.80
 < 0.001
 = 0.12

Chikungunya ARIMA(1,0,0)(0,0,0) Adj-R2: 0.53 [0.20]
BIC: 9.50 [9.50]

MAPE: 749.79 [749.79]
Ljung-Box: p = 0.99

AR(1): −0.25
GRM: 10.14

 = 0.02
 < 0.001

Enteric fever SARIMA(0,1,0)(1,1,1) Adj-R2: 0.52 [0.48]
BIC: 15.49 [15.50]

MAPE: 19.11 [16.11]
Ljung-Box: p = 0.78

SAR(1): −0.29
MAR(1): 0.64
GRM: 19.67

 = 0.24
 = 0.01
 = 0.02
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past seasonal values and error correction, whereas our 
model was much simpler [39]. The seasonal component 
is vital for Enteric fever and played a significant role in 
our and Gao J et  al. model. The disease incidence trend 
points towards seasonality factors (temperature, precipi-
tation, humidity, etc.). There are other dynamic factors 
such as water hygiene which, however, could not be evalu-
ated in our assessment. Our results suggest an increasing 
incidence of Enteric fever. Several factors contribute to 
the rising disease burden that can be controlled through 
improvements in WASH (Water, Sanitation, and Hygiene) 
measures to break the chain of transmission. GT data has 
also shown a significant correlation with the disease bur-
den and can be used to supplement surveillance activities 
[40].

There are a few policy implications of this study. 
Entirely banking upon these data might be deceptive 
and lead to overestimation, similar to reasons that lead 
to discontinuing the Google flu trends [41]. So, instead 
of replacing the conventional model with "Big Data," we 
aimed to strengthen the original model. The substantial 
correlation between the reported monthly case numbers 
and the volume of Google searches does not imply that it 
makes the prediction more accurate. The SARIMA model 
has previously considered both time series’ strong sea-
sonality, which is mostly to blame. The SARIMA model 
could be helpful for modelling and forecasting monthly 
febrile illnesses. The SARIMA time series model was able 
to forecast AFI incidence with acceptable accuracy in our 
study area.GT data can help detect emerging AFI from 
vector‐borne diseases in similar geographical terrains 
with logistic constraints.

The major strength of our study is the use of disease 
burden data collected through established protocols 
with decent acceptability in our country. The major 
limitation of this study is that we could not validate 
the model due to the COVID-19 pandemic disrupting 
the routine surveillance program due to restrictions 
imposed, and thus, we restrict our conclusions based 
on an assessment of the utility of GT. As we expect the 
availability of a more granular level of GT data in the 
near future, validation of the model can be taken up in 
future studies. The routine surveillance data were avail-
able only in public health sectors and excluded diag-
noses made in private health facilities that constitute 
the bulk of medical services in the country. Further, 
Google search is influenced by various factors, includ-
ing mobile phone availability, demography, and media 
activities, which can act as potential confounders. 
Media coverage can correlate to GT, as seen with dif-
ferent Public Health Emergencies of International con-
cern. This can be seen as a limitation to using GT as 
there may be periods of inconsistent detection similar 

to rumour-surveillance. Another limitation is the diver-
sity of search terms and languages within a region, 
posing inherent challenges in retrieving actual vol-
ume searches. All at once, no prediction can be sure as 
the past seldom reiterates itself in the future. Besides, 
forecasts are influenced by several factors, namely the 
data’s reliability and psychological factors, such as peo-
ple’s perceptions and reactions to the hazards arising 
from the epidemic. Despite the perceived limitations of 
online search data, its usage for shaping public health 
policy and monitoring outbreaks and epidemics in 
recent times has gained momentum.

In conclusion, we report a high burden of acute 
febrile illnesses in Haryana (India). Most AFI stud-
ies from India are limited to trends or implementa-
tion research concerning preventive interventions and 
their effectiveness. Analysis conducted in the present 
study further such efforts by endeavouring to con-
struct a predictive mechanism that can be deployed for 
AFI forecasting at the national and sub-national lev-
els based on data retrieved through IDSP that is likely 
to improve with the introduction of the IHIP in the 
state of Haryana. GT is a surrogate indicator of health 
inquisitiveness and literacy, providing rich informa-
tion to the scientific community. We observed modest 
improvements in the GT-based SARIMA forecasting 
model over routine surveillance mechanisms for the 
selected diseases causing AFI outbreaks in Haryana. In 
resource-constrained countries like India, GT can help 
improve public health preparedness for early contain-
ment of infectious diseases through timely response at 
no extra cost to the health system. Such a mechanism 
that can support forecasting mechanisms should be 
seen as an excellent forte for developing appropriate 
mitigation plans through adequate resource allocation. 
However, we expect that with the availability of more 
granular GT data in the future, it can serve as a valu-
able addition to the IHIP portal in IDSP for forecast-
ing AFI and other infectious disease outbreaks, and the 
results are likely to be more robust and reliable. Future 
research should establish quasi-real-time infoveillance 
linkage by integrating GT-derived data correspond-
ing to field data for purposive action in mitigating the 
effects of febrile illness outbreaks.
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