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Study on Temporal Effects of Urban Malaria Incidences
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Abstract: In Africa and Asia Malaria is considered to be the most widespread vector-borne disease taking lives of many
people and specially affecting children. Many parts of India are significantly affected by malaria over a long period of
time. Kolkata is one of the Metropolitan cities in India where the seasonal effect of malaria is very common. In the
present work attempts have been made to study temporal variation of urban malaria incidences using time series model
on the basis of a large survey conducted by the Kolkata Municipal Corporation. It is found that the proposed time series

model can be used successfully for prediction purpose.
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1. INTRODUCTION

Malaria is one of the most widespread vector-borne
diseases of our time, taking the lives of almost one
million people every year, most of them in sub-Saharan
Africa and in children under 5 years of age [1]. It is the
fifth leading cause of death worldwide and almost half
the world’s population (3.3 billion) [1] is at the risk of
contracting malaria.

Children and pregnant women are among the most
vulnerable. The disease is not only a major killer in
Africa but a primary cause of poverty [2,3]. Malaria
traps people in poverty and undermines the
development of some of the poorest countries in the
world. Though the majority (85%)” of the cases as well
as deaths from malaria are found in sub-Saharan
Africa, malaria is a global problem and a killer disease,
affecting countries as an endemic in large parts of Asia
and Latin America. Malaria imposes great socio-
economic burden on humanity, and with six other
diseases (Diarrhoea, HIV/AIDS, Tuberculosis, Measles,
Hepatitis-B, and Pneumonia), accounts for 85% of
global infectious disease burden [4,5]. In addition, the
estimated annual mortality attributed to malaria ranges
from 700 000 to 2.7 million globally and more than 75%
of them are African children and expectant mothers.
Doubts have been expressed about reliability of these
estimates because most of the hyper- and holo-
endemic countries [6,7]. World Health Organization
reports on the South-East Asian (SEA) Region show
that there is a land area of 8466600 sg. km. for 11
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countries, i.e., 6% of global area, where amongst
around 1.4 billion people 1.2 billion are exposed to the
risk of malaria, with the majority living in India [8].
However, SEA contributed only 2.5 million cases to the
global burden of malaria, while India alone contributed
76% of the total cases. Epidemiologic models,
geographical and demographic data, in consideration
of clinical episodes, point to the fact that Plasmodium
falciparum [PF] estimates outside Africa, especially in
SEA, are 200% higher than reported by the WHO (i.e.,
118.94 million of global estimates out of 515 million
cases) [7]. Burden of P. vivax [PV] malaria in the world
has been calculated as 71-80 million cases, of which
Southeast Asia and Western pacific countries
contributed 42 million cases [9].

URBAN Malaria, i.e., Malaria cases in urban
settings, has several unique features compared to
RURAL Malaria cases, particularly when these cases
are considered for designing their control programme.
Incidence of Rural malaria lowered drastically In India
by 1970s, i.e., from 0.1 to 0.15 million cases per year,
while urban towns reported rising trend. Urban Malaria
is contributed by large scale urban-rural migrations
triggered by urban “push” (for earning livelihood in
suburban and rural areas) and urban “pull” (to avail of
both medicare / healthcare and educational
opportunities in urban areas) phenomenon. Unplanned
urbanization, different construction-projects  with
complete disregarding of health impact assessment
and/or eco-friendly technologies, demographic and
societal changes, etc. day by day are contributing to
enhanced potentials for breeding of malaria and other
diseases Vectors. Factors, like, inability of the civic
bodies to supply with pure water to every household,
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incapability to dispose of sewage and/or solid-wastes
regularly and hygienically, etc., all lead to an all-round
disruptions in Vector ecology. Infrequent water-supply
lead to increased water-storage practices, resulting in
extensive breeding of An. stephensi, the main vector of
urban malaria in the study-area. Urban malaria control
was thus thought of as a separate strategy, i.e., UMS
(Urban Malaria Scheme) for National Vector Borne
Disease Control Programme (NVBDCP) in India.

Though malaria-epidemics are usual phenomenon
alike other vector-borne diseases, malaria typically
shows temporal and spatial variations, based on
different climatic, ecological and human factors [10-14],
which can be used to correlate the spatio-temporal
distribution of  disease-burden, guiding  the
management aspect of cost-effectiveness of resource-
allocation for disease-intervention in space and time.
Also, if any time- series surveillance-data can be used
correlated with different climatic factors [15-17],
forecasting some Warning signals of malaria, institution
of intervention to control malaria will be much better
before any epidemic takes place [18,19]. Similar efforts
were done in Ethiopia [20], in Kenya [21,22], in
Southern Asia [23] and in China [24]. In the current
study, monthly patterns of malaria in Kolkata (a
metropolitan city in India) are explored on reported PF
and PV clinical events over a short 6 year-period
showing both Spatio-Temporal variation, only temporal
variations being statistically analyzed herein.

The Kolkata Municipal Corporation (K.M.C.) is
working in this urban malaria control programme
through a multidisciplinary approach. The K.M.C.
deployed a poly-pronged system of controlling Urban
Malaria of which the present study is just a trifling
observation of the mainframe work-galore, where data
(as are regularly being collected by the K.M.C.) have
been analyzed to get some nature about the
occurrence of malaria in a geographical region of the
city of Kolkata as well as to make some comparison
study on time-scale and spatial scale, plus some
correlation studies about the disease-incidence also.
Spatio-temporal correlation study of urban malaria
cases in Wards of a multi-racial, multi-lingual,
cosmopolitan city can provide a basic standard for
effective planning and evaluation of Malaria-control
programme. To understand the spatio-temporal
variation of urban malaria incidences in Kolkata, a
trend analysis has been planned to be effected.
However, as a pilot study, in this paper a temporal
trend analysis has been done for Kolkata.

The paper is organized as Introduction (Section 1),
Data Description (Section 2) and Descriptive Data
Analysis (Section 3). Section 4 and 5 discuss time
series analysis and modeling of the time series,
respectively. Results and discussion are given in
Section 6.

2. DESCRIPTIVE DATA ANALYSIS

The Vector-Borne Disease control project, as has
been discussed, is being conducted in an old and
renowned city of India under the administration of the
K.M.C. Kolkata consists of 141 Wards (Figure 1),
distributed within 15 Boroughs (administrative zones).
The administrative area of Borough-V (Figure 2) is a
conglomeration of eleven (11) Wards of Kolkata, where
this study has been. More elaborately, it is a study
based on the population of Ward-36, Ward-37, Ward-
40, Ward-41, Ward-42, Ward-43, Ward-44, Ward-45,
Ward-48, Ward-49 and Ward-50 of Kolkata. But more
correctly, the study-design is based on those persons,
who are being tested plus treated for febrile illnesses of
Malaria (through active and/or passive surveillance), at
twelve Ward-level Malaria Clinics (cum Treatment-
Centres) of 11 Wards of Borough-V of the K.M.C.
between January 2008 and December 2014. It is worth
mentioning here that Borough-V is chosen, because
geographically it is the heart of the Kolkata, which
includes main gateway Railway Station (Sealdah)
gateway Bus-stand (esplanade), principle business-
areas (Burrabazar), main office-places (Esplanade) of
the city, while it economically includes comparable
number of slums with high-rises, socio-culturally
involves maximum open play-grounds of cricket,
football, etc. (including famous Eden Gardens),
historical Fort-areas (e.g., Fort Williams), maximum
schools, colleges, educational institutions with books/
magazines and other publications houses (College
Street areas), one old renowned medical college &
hospital (Calcutta Medical College & Hospitals) and
Borough-V is situated on the bank of the famous
Ganges river. Borough-V was particularly infamous for
its malaria-prone nature.

The study has been planned to be conducted based
on the data already collected by the Kolkata Municipal
Corporation  Ward-level Malaria  Clinics (cum-
Treatment-Centres) over a six-year period from
January 2008 to December 2013. The secondary data,
as will be used for this study, are an extract from the
daily-collected database of the K.M.C., which have
been arranged and grouped to form a month-wise
database. The month-wise data, collected over six-year
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Figure 1: Kolkata in West Bengal in India.

period in cases of every individual Ward of Borough-V,
are only considered for necessary analysis, as
mentioned in the objectives of the study. High-
resolution raster maps of the study-area are imported
into a geographical information system (GIS) and
linked spatially [25] to a digitized boundary map of the

Figure 2: Borough-V of Kalkata.

11 Wards across Borough-V of the city of Kolkata. Data
from national censuses [26] conducted in 2011 were
used to impute inter-censual growth rates at the county
level and to estimate population counts for each month
between January 2008 and December 2014.

Fever patients (known by active and passive
surveillance), belonging to all age-groups & sex, are
subjected to Blood-Slide Testing (stained with Giemsa
stain) for detection of malarial parasite and the species,
under monitoring & supervision of Medical Officers of
Wards plus Laboratory Coordinator with cross-checking
for quality-issues of prepared slides and diagnosis of
positive-cases by random selection of 10% of slides
which were labeled positive and 10% of slides which
were labeled negative. Generated data are recorded
and tabulated month-wise and Ward-wise for Kolkata.

Annual Blood-slide Examination Rate (ABER =all
slides examined x 100 / population), Slide Positivity
Rate (SPR =total positive slides x 100 / total slides),
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Species-specific SPR and Plasmodium falciparum
Ratio (PFR% =total falciparum-Malaria x 100 / total
positive slides) and Annual Parasite Incidence (API
=total positive cases x 100 /population). Slide Positivity
Rate (SPR), as described by WHO, is a Ratio between
the number of laboratory- confirmed Malaria cases per
100 clinically suspected cases (whose Blood Slides are
examined), indicating quantity & quality of detection of
patients with malaria (increasing Rate indicating
beginning of a malaria epidemic or a seasonal
outbreak). Proportion of fever caused by malaria is
almost a similar Ratio where number of Fever cases
with confirmed parasitaemia divided by total number of
fever, suggests how important a health priority is
Malaria. SPR is thus considered as a substitute to
estimate temporal changes in malaria-incidence.
Moreover, SPR, an easy and inexpensive way to know
malaria-burden in a population utilizing data from
health-care facilities, is quite accurate as it considers
laboratory-confirmed malaria-cases only, in cross-
sectional studies, to know malaria endemicity [27,28]
and malaria-control interventions [29,30]. However,
there is little work to know quantitative relationship
between the metrics of temporal SPR-changes and
malaria-incidence changes using empiric data. But
Trevor P Jensen, in Africa [31], conducted a study to
compare the results, showing observed changes in the
malaria-incidence with changes in SPR and concluded
that SPR is a surrogate measure of malaria-burden.
After interventions to control malaria, one should follow
secular trends in malaria-incidence based on
surveillance-data like SPR.

As has been described above, SPR has some
advantages as a surrogate measure to follow changes
in Malaria-incidence, as it uses normal HMIS data,
without involvement of any special cost for measuring
actual malaria-incidence. SPR, in spite of being a very
useful measure of malaria-control interventions, do not
change corresponding to proportional/ linear change in
actual malaria-incidence. This is because fever is used
as the criterion for laboratory testing for SPR, while
population is the denominator for malaria-incidence;
thus any change in the incidence of non-malaria fevers
may result in a change in SPR which is not reflected in
actual incidence of malaria. Thus, SPR is an estimate
of relative-change for malaria-incidence over time,
failing to estimate actual malaria-incidence in a target
population.

Many factors, viz., quality aspects of laboratory
diagnosis, age & sex of patients, seasonality of climatic
variables affect malaria-incidence, which may

maximize or shroud the impacts of interventions of
control programme. In practice, these factors also
affect the ability of SPR to estimate surveillance-effects
on modifying actual malaria-incidences. Simultaneously
majority of malaria surveillance systems gather only a
subset of fever-cases in a target population, i.e., those
are limited by incomplete and/or inaccurate laboratory
testing.

In this longitudinal study, a descriptive study of
Malaria has been conducted Year-wise and Ward-wise.
Slide Positivity Rates (SPR) of Malaria for each Ward is
calculated by dividing the observed number of slide-
positive malaria cases across 2008-2015 by the
number of BSE for Malaria. Table 1 shows Microscopic
Blood-Slide Test Results in Borough-V from 2008-
2015, while Table 2 depicts comparison of 2008-2015
parameters of ABER, SPR, PFR and API. Table 1
shows there is gradual rise of PV and PF amongst BSP
slides from 2008 to 2010, but due to anti-malaria
intervention there is gradual fall in BSP from 2011 to
2015. Simultaneously, there is similar rise and fall of
both PV and PF, but PF-incidences remarkably got
reduced. Pair-wise Pearson cross-correlations for each

Table 1: Microscopic Blood-Slide Test Result in
Borough-V from 2008-2015

Years BSE BSP PV PF
2008 35305 6830 5764 1054
2009 41248 12672 10139 2515
2010 42878 14532 11722 2756
2011 25606 6622 5677 934
2012 32420 5915 5058 849
2013 19307 3072 2769 299
2014 16153 1265 1187 76
2015 18590 1672 1576 95

Table 2: Comparison of Eight Years Parameters

Years ABER (%) | SPR (%) | PFR (%) | API (%)
2008 13.37 19.35 15.43 2.59
2009 15.62 30.72 19.85 4.80
2010 16.23 33.89 18.97 5.50
2011 9.69 25.86 14.10 251
2012 12.27 18.24 14.35 2.24
2013 7.31 15.91 9.73 1.16
2014 7.89 7.83 6.01 0.62
2015 9.08 8.99 5.68 0.82
8 Year-Average 11.43 20.10 13.01 2.53
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Table 3: Monthly Slide Positivity Rate (X;), of Borough-V Malaria Cases in Kolkata from January 2008 to December
2015

Year January February March April May June July August September October November | December
2008 | 0.076449 | 0.069351 | 0.08642 | 0.094378 | 0.140588 | 0.140891 0.2 0.235177 | 0.196334 | 0.229087 | 0.212941 | 0.167568
2009 | 0.113285 | 0.079918 | 0.121279 | 0.237934 | 0.155544 | 0.302343 | 0.33255 | 0.358866 | 0.332957 | 0.333333 | 0.335996 0.2715
2010 | 0.18481 | 0.145095 | 0.241769 | 0.309524 | 0.30504 | 0.281837 | 0.331989 | 0.423395 | 0.375956 | 0.347832 | 0.320859 | 0.288827
2011 | 0.19709 | 0.191242 | 0.252895 | 0.365642 | 0.379242 | 0.263343 | 0.317151 | 0.339789 | 0.236282 | 0.222278 | 0.183855 | 0.178826
2012 | 0.086735 | 0.095395 | 0.149502 | 0.162592 | 0.157895 | 0.104704 | 0.099198 | 0.196131 | 0.217778 | 0.185358 | 0.214412 | 0.143013
2013 | 0.104294 | 0.079572 | 0.096216 | 0.132444 | 0.180907 | 0.196667 | 0.194006 | 0.186756 0.19569 0.156463 | 0.134586 | 0.070892
2014 | 0.030979 | 0.038076 | 0.04757 | 0.058352 | 0.044882 | 0.07329 | 0.09603 | 0.145178 | 0.114246 | 0.068984 | 0.057993 | 0.049577
2015 | 0.015692 | 0.012881 | 0.014493 | 0.030516 | 0.042254 | 0.037756 | 0.052914 | 0.126808 | 0.13495 | 0.118246 | 0.132773 | 0.058964
month  (January-December) are calculated to 35% (Sky Blue), whereas Ward 50 only goes beyond

investigate temporal correlation in the Malaria positive
data, separately for P. vivax or P. falciparum cases,
over the span of years 2008-2015, in Borough V.

In Borough-V of Kolkata, in eight years (2008-2015)
total slides examined are 231507 in all Wards, where
total positive malarial parasites are 52580, out of which
P. vivax is found in 43892 and P. falciparum in 8578
cases, as depicted in Table 1. Table 3 shows Monthly
Slide Positivity Rate (X;), of Borough-V Malaria Cases
in Kolkata from January 2008 to December 2015.
Based on total slides examined and positive cases for
malarial parasites, data are subjected to determine
Annual Blood Examination Rate (ABER), Slide
Positivity Rate (SPR), Plasmodium Falciparum Ratio
(PFR%) and Annual Parasite Incidence (API), as are
shown in Table 2. In eight years, ABER has an average
of 11.43%. During this period, SPR is 20.1%. Unlike
SPR, PFR increased from 2008 to 2011, but there is
gradual fall from 2012 to 2015. PFR ranges from 5.68%
to 19.85% with an average of 13.01%. Annual Parasite
Incidence was being 0.62 to 5.50 with an average of
2.53 during this period. The month wise data revealed
that SPR, PFR and API increased in post-monsoon
season, maximally between August-September and
November-December.

GIS Maps of crude SPRs for the 11 Wards of
Borough-V for 2008-2015 are presented in Figure 3. It
is observed from the GIS maps that there is a
noticeable change of SPR over the period from 2008 to
2015 for each Ward of Borough-V. Here, the Color
Gradient Scale is used where yellow indicates the
lowest range of SPR values and Red indicates the
Highest SPR values in Borough-V. Now from the GIS
maps over the period, we can tell nature of changes of
SPR-values is different for each Ward. Some Wards,
e.g., 36, 41, 43, 44 & 48 do not ever cross the values of

the value 65% (Red). It can also be seen from the GIS
Maps that for every Ward there is an increase of SPR
from year 2008 to 2010 but from 2011 to 2015 the SPR
values decreases; SPR for some wards like 36, 37, 40,
41, 43, 44, 48, 49 and 50 come below 25% (Green)
during this period 2012-2015. It is also noticeable that
the SPR values for Ward 50 both increases and also
decreases sharply within 2008-2015.

3. ANALYSIS OF TIME SERIES

We consider a time series Y, Yj,...,Yn having
length N, where study variable SPR is a monthly
series of length 96 observed over eight years. Time
series plot (Figure 4) shows an upward trend from the
start to late 2010, which after 2010 changes to
downward till the finish. There is a pattern of a peak in
summer and rains, i.e., from July to September with
peak in August and a trough in winter, i.e., from
December to January, whereas a smaller peak in
November is present for most years. Yearly seasonality
in the series increases at the same sort of rate as the
yearly mean levels, so we choose a multiplicative
seasonal model for our data.

Figure 5 shows the decomposition of time series Y,
into seasonal (S, trend (Ty) and irregular (e)
components using moving averages [32] wherein an
upward trend from the year 2008 to 2010 and then
downward upto the end of 2015 and seasonality of
period 12 months are prominently displayed. For the
decomposition we wuse the multiplicative model
Y=T¢*S¢*e;, where a moving average uisng a symmetric
window with equal weights is used to comupte T;. Then
T; is removed from Y; and S; is estimated averaging
over all periods and recycled. Finally e, is obtained by
eliminating S; from Y; using the above considered
model.
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Figure 3: GIS Maps of crude SPRs for the 11 Wards of Borough-V 2008-2015.

3.1. Analysis of Correlogram

For time series Y, the sample version of the
autocorrelation coefficient (ac.f.) at lag k is given by

N—-k
>, -, -1
r, =2 , k=1, 2, ..., M and M<N. (1)

SN, -7y

Here we take M=48. Figure 6 shows the
correlogram, plot of r, versus k, of Y, along with the
dotted lines at +2/\(N)= 0.204 , wherein outside these

lines values are considered to be significantly different
from zero [33]. Correlogram clearly suggests the
existing seasonality pattern in the SPR series and the
large values of 7, at consecutive lags on both sides of
re= 0 indicates the trend present in the SPR series.

4. MODELLING OF TIME SERIES

We consider a general multiplicative seasonal
ARIMA (SARIMA) model [34] of  order
(p.d,q)x(P,D,Q)s as

9,(BYD,(B W, =6,(B)O,(B')Z, ,
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where B denotes the backward shift operator and s is
the seasonal period. ¢,,®,.6,,0, are polynomials of

order p (autoregressive (AR) order), P (seasonal
autoregressive (SAR) order), q (moving-average (MA)
order), Q (seasonal moving-average (SMA) order),
respectively and Z, denotes a purely random process.

W, =V‘V"Y is the differenced series, obtained by

applying difference operator of appropirate order on Y;
to remove the non-stationary elements from Y;, where
d, D are called difference order and seasonal
difference order, respectively.

From the correlogram of V.Y, =Y, (Figure 7) we
see that seasonality is removed from Y, by taking the
s" (here s=12) order difference on Y, which gives
D =1. Existing trend in Y, is eliminated by taking the
1*  order difference  on Y, as follows
W, =VV,Y =V,Y, -V,Y =, -Y_,)-, -Y.),
suggesting d =1 to obtain the sationary series W;. The
ac.f. plot of W, (Figure 8) shows significantly large
value at only lag 12 among the seasonal lags, hence
we choose Q=1 to take into account the present one
seasonal MA term. Figure 8 also has significant value
at non-seasonal lag 1 indicates one MA term present,
i.e., g=1. There is slightly significant value at unusual
lag 38 which is ignored as it is meaningless under the
study. The partial ac.f. plot of W, (Figure 9) shows large
value only at seasonal lag 12 implying P=1, i.e., one
seasonal AR term present and at non-seasonal lag 1
suggesting p=1. Also notice Figure 9 has significant
value by a slight amount at lag 9, which is not

Decomposition of multiplicative time series
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Figure 5: Components of Time Series.
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Figure 7: The correlogram of Y.

considerable in this context as this lag has no
information to be physically interpreted. Also there is
just significant value at the 2" seasonal lag 24. Though
the value is not large, the lag is very important, so we
also consider P=2.

We compare the two plausible SARIMA models for
SPR series as 1) SARIMA of order (1,1,1) x (1,1,1)1
and 2) SARIMA of order (1,1,1) x (2,1,1)1, using model
selection criteria: the Akaike information criterion (AIC),
Second-order Akaike Information Criterion ( AIC.) and

Series W
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Figure 8: The correlogram of W, .
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Figure 9: The partial ac.f. plot of W, .

Bayesian information criterion (BIC), where the model
with the lowest value is the best among the compared
ones [35-37]. Hence model (1) selected (see Table 4)
for the present study is given by

(1+¢B)(1+ ®B*)W, = (1+6B)(1+©B")Z,, 2

or

Xr = (1 - (P)Xr—l + ¢Xr—2 + (1 - q))Xt—IZ + (¢ - ¢q) + ¢ - I)Xt7]3
+¢((D - 1)XH4 + q)XFM + q)(¢ - I)Xzfzs - @Xzfzs (3)
+Z,+0Z,_,+0OZ,_, +60Z_,,

15
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where W,=VV,Y, and ¢,,0,0 are constant

parameters to be estimated. Table 5 shows the
estimates for the parameters using maximum likelihood
method with conditional-sum-of-squares estimates as
intial values for the parameters.

Table 4: Model Choosing Criteria

well. Also non-parametric Kolmogorov-Smirnov (K-S)
test to test the null hypothesis that r, of residuals

follows N(O, %) is performed and the null hypothesis is

accepted with a large p-value at 5% level of
significance ( see Table 6). Test based on the modified
Ljung-Box-Pierce statistic [38] for examining the null
hypothesis that the fitted model is appropriate, has

Criteria Model (1) Model (2) quite large p-yalue at all the lags from 1 to _48_g_et the
null hypothesis accepted at 5% level of significance
AIC -280.80 -278.96 (see Table 7).
AIC -280.02 27785 Series residuals
BIC -268.71 -264.44
o |
Table 5: Estimates for Parameters of SARIMA (1,1,1) x o
(1,1,2)12 o
© |
¢ i} ) 2] S
estimate 0.3777 -0.6296 | 0.1439 | -0.9999 G %
<<
Standard error 0.2690 0.2218 0.1223 0.2186
g N
4.1. Cross-Validation of Chosen Model o | ‘ Ll ‘ W
S ||r|T” IT]W T”TT
For a completely random time series consisting of -
independent and identically distributed observations of v — — — —
length N, large, r,= 0 for all k#0 and r, follows N(O, %). 0 10 20 30 40
The chosen model is considered to be describing the Lag
time series under study well if the residual series, i.e., Figure 11: The correlogram of residuals.
the difference series from observartion of fitted series,
is random. Plot of residuals (Figure 10) and
corresponding correlogram (Figure 11) indicate that our Table 6: K-S Test on r¢ of Residuals
fitted model describes the observed SPR series quite
Test statistic p-value
=
S 0.10194 0.6914
" 5. RESULTS AND DISCUSSION
g -
In this paper time series analysis includes the total
8 SPR series for 11 wards of Kolkata city observed over
3 g each month from the year 2008 to 2015 collected at the
e Kolkata Municipal Corporation Ward-level Malaria
s Clinics. By analyzing the data we choose model SRIMA
S | (1,1,2)x(1,1,1)1, and fit it to the data, which describes
the data quite well. We also forecast the SPR series for
o the year 2016 with the help of equation (3) and the
S fitted values of model parameters from Table 5. Point

I ] I I 1
2008 2010 2012 2014 2016

Time

Figure 10: Time Series plot of Residuals.

and interval forecast of Y, for the year 2016 are shown
in Figure 12 and Table 8. As forecast says, SPR will
reach a higher peak in this year compared to last year,
which needs to be taken care of.
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Table 7: p-Value Based on the Modified Ljung-Box-
Pierce Test Statistic

Lag p-value Lag p-value
1 0.8851 25 0.9689
2 0.8945 26 0.9740
3 0.9723 27 0.775
4 0.9924 28 0.9842
5 0.9959 29 0.9891
6 0.8442 30 0.9916
7 0.8813 31 0.9834
8 0.7545 32 0.9881
9 0.7067 33 0.9897
10 0.7593 34 0.9926
11 0.8277 35 0.9949
12 0.8772 36 0.9963
13 0.8922 37 0.9975
14 0.8732 38 0.9979
15 0.8098 39 0.9980
16 0.8477 40 0.9981
17 0.8846 41 0.9986
18 0.9121 42 0.9991
19 0.9287 43 0.9994
20 0.9484 44 0.9996
21 0.9576 45 0.9997
22 0.9707 46 0.9998
23 0.9779 47 0.9999
24 0.9843 48 0.9999

Forecasts from ARIMA(1,1,1)(1,1,1)[12]

04

03

02

0.1

0.0

0.1
I

T T T I I
2008 2010 2012 2014 2016

Figure 12: Black line: Observed Time Series, Red line: Fitted
Time Series, Blue line: Forecast Time Series, Dark Grey
region: 80% Confidence Interval for Forecast, Light Grey
region: 95% Confidence Interval for Forecast.

Knowledge of disease-burden & trends, as well as
intervention-effects [39] is mandatory to implement an
effective malaria-control programme. After fitting a
SARIMA time-series model on Malaria SPR data
collected at the KMC Ward-level Malaria Clinics (cum-
Treatment-Centres) over a six-year period from
January 2008 to December 2015, a forecasting of
Malaria SPR for the year 2016 for a part of Kolkata-
population, has been tried.

A unique feature of this model is that it is based on
SPR, rather than Malaria-Incidence Rate, as is
generally used in many concurrent studies. Malaria
Incidence Rate (WHO) is Number of New Malaria
Cases out of total population per week in each area,
i.e., number of confirmed malaria cases per person-
time [40], which points out whether Malaria is
increasing and necessary interventions when Malaria
increases. As to monitor and to evaluate a general
malaria-case, i.e., “fever with malarial parasitaemia”, in
a control programme all patients are necessary, who
require anti-malarial treatment [40]. Thus, in
longitudinal studies, the total population of a
geographical area is scrutinized for finding out of
suspected malaria-cases (from all fever cases) and
subjecting them to a diagnostic-test (having high
sensitivity and specificity) are necessary, demanding
considerable human and monitory resources. It is
rarely followed in usual malaria surveillance
programme.

Malaria-incidence is thus usually estimated based
on the number of reported malaria-cases recorded in
HMIS (Health Management Information System) of a
city, state and country. When one tries to determine
control-interventions, based on malaria-incidence rate
using HMIS-data, different risk-factors are noticed
leading to high bias and confounding factors, viz., a
significant lag-time before their availability, incomplete
reporting, temporal variations in reporting, varied
utilization of health care services, lack of a proper
denominator (for countries varying in population), and
genuineness / accuracy of laboratory-confirmation of
these data [38]. However proper statistical procedures
can improve the accuracy-factors of derived estimates
of malaria-incidence.

The nature of malaria transmission is usually
estimated using different indicators such as ABER,
APIl, SPR and Incidence of malaria [42-46]. Annual
malaria incidence includes numbers of laboratory-
confirmed malaria cases in a year as numerator and
local population as denominator. As census is only
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Table 8: Forecast for the Year 2016

Time Point forecast 80% Confidence interval 95% Confidence interval
Jan 2016 0.012948 (-0.043790, 0.069686) (-0.073826, 0.099721)
Feb 2016 -0.004012 (-0.073218, 0.065194) (-0.109853, 0.101829)
Mar 2016 0.038264 (-0.040391, 0.116919) (-0.082028, 0.158556)
Apr 2016 0.092490 (0.005537, 0.179444) (-0.040494, 0.225474)
May 2016 0.103698 (0.009188, 0.198208) (-0.040843, 0.248239)
Jun 2016 0.102282 (0.000778, 0.203786) (-0.052955, 0.257518)
Jul 2016 0.128294 (0.020249, 0.236339) (-0.036947, 0.293535)
Aug 2016 0.163900 (0.049687, 0.278112) (-0.010774, 0.338573)
Sep 2016 0.139362 (0.019298, 0.259426) (-0.044260, 0.322983)
Oct 2016 0.122742 (-0.002900, 0.248385) (-0.069412, 0.314897)
Nov 2016 0.109085 (-0.021902, 0.240071) (-0.091242, 0.309411)
Dec 2016 0.059436 (-0.076697, 0.195570) (-0.148762, 0.267635)

carried out once 10 years in India, local population size
may be under or overestimated. Moreover, population
movement is enormous, due to economic reasons, in a
city like Kolkata. Thus Malaria-incidence may be
inaccurate due to limited health-care resources [43] or
wrong population-size [47]. To plan public-health
interventions, estimation of malaria burden is a
necessary requirement, for which SPR may be used as
a surrogate  measure for malaria-incidence
[43,45,48,49], to express the quantum of malaria
endemicity in any region [47], plus to identify high risk
areas [50]. In annual reporting system, Annual Parasite
Index (i.e., malaria-incidence rate) is the principal
monitoring indicator in malaria control programme in
Kolkata for several years [50,52]. The changes in
malaria incidences may be estimated from the SPR
trend as well [43]. Studies showed SPR steadily
decreased with the decline in malaria-incidence
[44,48], while some showed that the annual parasite
index (API) increased, but SPR-increase remained
somewhat slow at the same level [44]. In our study
SPR-trend has been subjected to statistical analysis.

Statistical Analysis points out that magnitude of the
seasonal variation increases at the same rate as the
yearly mean-values, indicating that a multiplicative
seasonal model is appropriate. From the empirical
analysis we find that between projected Model and
data fitted in that Model, there are few apparent
dissimilarities, for example, the usual bimodal rise of
Malaria in 2008-2013 graph is modified to a unimodal
peak in 2014 (somewhat like 2010 data, but of much
lowered SPR-value). The plateau-area of highest
malaria-incidences, is converted to a single incidence

peak. Instead of stepped monthly rise with stepped
monthly fall of malaria-incidences, there is sharp rise
and sharp fall in malaria-incidences in this study-
population (some what like 2010 data). High-degree
seasonal pattern (mainly, climatological) is noted in the
data all throughout the period, but clearly there is a
upward trend from 2008 - 2010 followed by a
downward trend gradually since 2011 up to 2014,
which may be as a result of different anti-malaria and
anti-mosquito interventions and malaria control
strategy, adopted by The K.M.C. from 2011 onwards,
plus many other covariates, influencing the Model. All
these factors combined are subjected to a multivariate
study-analysis, which is going on, to better understand
the influences of those factors on the Forecasting
system, as adopted in this study.

Interactive  Agent-Host-Environment Factors  of
Epidemiological Triad are under observation to explain
the causes of SPR changes, though it is assumed that
the study population did not change during these years
from 2008 to 2016. However, societal changes due to
political changes during these years obviously have
impacts on the result. This study is a significant step to
attain a base-level study for the future works ahead.
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