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Abstract  Malaria in children remains a major public health problem particularly in the tropics. Fever is one of the major 
symptoms of malaria; however, not all fever cases is as a result of malaria. Therefore this study estimated the proportion of 
fever cases that can be attributed to malaria among children in south west Nigeria. Records of all children (≤ 12yrs) eligible 
for the study were used for the analysis. Malaria attributable fraction (MAF) was estimated using 3 approaches: Classical 
method, parametric (logistic regression model) and non parametric regression methods (local linear smoothing). The 
proportion of children with fever increased during the first 3 years of life and thereafter decreased but was not significant with 
age. The prevalence of parasitemia decreased with increasing age. The MAF obtained from the classical method was 0.27  
(95% CI, 0.1784-0.3520). The parasite density specific attributable fraction estimates from logistic regression analysis were 
0.0385 (95% CI, 0.0105- 0.0665) and 0.3215 (95% CI, 0.2738- 0.3691) for ≤999µl and ≥1000µl categories respectively. The 
nonparametric estimate of the MAF obtained was 0.24 (95% CI, 0.1785- 0.3119). The prevalence of malaria disease and 
fever during childhood remained high. The results suggest a monotone increasing function and shows that the logistic 
regression method is a better method in determining malaria attributable fractions. 
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1. Introduction 
Malaria in children remains a major public health 

problem particularly in the tropics. Early diagnosis with 
prompt and appropriate treatment is essential as malaria can 
be fatal particularly in children. In Nigeria, malaria 
accounts for 25% of infant mortality, and 30% of under-5 
mortality. Between 2000 and 2010, at least 50% of the 
population had one episode of malaria per year, while 
children below 5 years had two to four attacks [1]. The most 
prominent clinical feature of malaria is fever. Usually 
clinical immunity is acquired after several exposures as age 
of child increases and so it is possible for parasitemia to be 
present in blood without a child having fever. Studies have 
shown that a child has capacity to tolerate malaria parasites 
as age increases [2]. Therefore clinical malaria is age, 
region and season specific. In endemic areas such as 
Nigeria, the populations including children are 
asymptomatic and detection of parasitemia does not  
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necessarily indicate presence of clinical malaria. There 
could be other causes of fever in children that is not due to 
malaria in the presence of parasitemia; and this will lead to 
over diagnosis. In order to contain or minimize the problem 
of over diagnosis, estimation of the proportion of fever 
cases attributable to malaria infection is crucial to the 
establishment of a more concise or precise definition of 
clinical malaria.  

Malaria attributable fraction (MAF) is the proportion of 
fevers in a particular group of people that are associated 
with a parasite density above the threshold (or excess risk of 
fever associated with a parasite density above that level). 
The attributable fraction of a disease due to an exposure is 
the proportion of disease cases which would be eliminated 
if everybody’s exposure was set to zero. Malaria 
Attributable Fraction will vary according to the prevalence 
of parasitemia in a population and with associated degree of 
immunity in that population, factors that are affected by 
transmission intensity which varies with location [3, 4], 
season [5, 6], altitude [7], age [8, 9] and also by factors such 
as use of bed nets, drugs and environmental control. All 
these factors have made researchers to argue that threshold 
parasite densities and malaria attributable fractions should 
be determined locally and on currently derived data. [3]. In 
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arriving at proper diagnosis of malaria, malaria attributable 
fractions remain important epidemiologic tools as accurate 
estimates of the burden of malaria are needed to help policy 
makers plan appropriate interventions. Malaria attributable 
fractions could play an important role in strengthening 
diagnosis and as a good indicator that is predictive of 
malaria illness both at the individual and at the population 
levels. Few studies have reported the proportion of fever 
attributable to malaria [2, 10, 11]. To our knowledge, there 
is no report of malaria attributable fractions in Nigerian 
children. Therefore we compared the performance of three 
methods (classical, logistic and local linear smoothing) in 
estimating attributable fractions for fever due to malaria 
parasites among children in south western Nigeria.  

2. Methodology 
The study was conducted in Ona Ara Local Government 

Area (LGA), Oyo state which lies southeast of Ibadan, the 
capital of Oyo state Nigeria. Malaria is holo-endemic in the 
LGA with perennial transmission. The climate is that of 
tropical rainforest zone. Its wet season runs from March 
through October, November to February forms the dry 
season. There are about 56,406 children under the age of five 
years and 12,515 infants. Older children are about 124,999 
and adults are 100,630. The LGA is divided into 11 wards - 3 
urban, 2 peri-urban and 6 rural wards. The rural wards were 
selected purposefully for this study, considering possibility 
of greater prevalence of malaria in rural environments. Six 
communities were selected (one from each of the six rural 
wards) based on largest population size, accessibility of road 
and the informed consent and assistance of the village heads. 

The study period was from February 2011 to June 2011. 
Children between the ages of 6 months and 12 years who 
have been residing in the community for up to six months or 
more with no symptoms of malaria or any apparent illness as 
at the time of recruitment and whose caregiver provided 
written or verbal informed consent were enrolled into the 
study. 

Research assistants visited all households with eligible 
children in the six rural communities selected. In case no one 
was available for the survey or no one was at home when a 
research assistant visited, or there was no eligible child or the 
household head refused to give consent, the research 
assistant proceeded to the next household. 

For each child recruited, firstly, data such as age, sex and 
axillary temperature were obtained from the head of 
household/caregiver of the child and recorded in a structured 
questionnaire. Then, capillary blood from a finger prick was 
used for the preparation of thick blood films.  

The thick blood films were stained with 10% Giemsa and 
examined for malaria parasites by two experienced 
microscopists and results were provided to caregivers the 
following morning. A sample was considered negative if no 
asexual blood stage parasite either ring forms or gametocytes 
was seen in 100 oil-immersion fields (x1000 magnification) 

after reading through 200 fields. In case of discrepancies, the 
slides were re-read again by a senior investigator. 

The data were entered in EPI data 3.1 [12] and analysed 
using SPSS 16.0 [13]. Descriptive statistics such as 
frequencies, proportions, means and confidence intervals 
were used to summarize the quantitative data while 
categorical variables were presented with proportions and 
percentages. The Chi square test was used to compare 
proportions and to investigate associations between parasite 
density and other variables such as presence of fever, 
headache, chills and other reported signs and symptoms. 
Logistic regression as a parametric estimate of attributable 
fraction was used to model parasitemia as a continuous 
function of fever. The model used was 

( ) ( )log T
i iit π α β χ= +          (2.1) 

which represents a logistic regression model where πI is the 
probability that observation i with parasite density Xi is a 
fever case. The relationship between P. falciparum parasite 
density and clinical signs and symptoms of malaria was 
determined. Parasitemia densities were grouped into three 
categories. (no parasitemia, <1000, ≥1000 μl). The 
proportion of malarial signs and symptoms within the 
parasite density strata was calculated. Binary logistic 
regression was used to estimate the associations between 
parasite density and various signs and symptoms of malaria 
that achieved significance in the bivariate analysis. Fever 
was defined as temperature >37.5°C.  

Non parametric modeling of P (Disease|Exposure) was 
also used to estimate the attributable fractions. It is known 
that malaria in children is a monotone increasing function of 
the exposure level i.e. higher levels of malaria parasite 
density leads to an increase in risk of fever. According to 
Wang [11], non parametric regression method has not being 
used to estimate the attributable fraction previously but has 
been used to analyse medical or health related data. It 
improves efficiency to incorporate any known shape 
constraints (i.e. the monotonicity constraints) on the 
regression function. Our data shows that malaria in children 
exhibits a semi continuous exposure and so the non 
parametric regression is adequate i.e. an exposure to which a 
group of people have zero exposure and the rest have 
positive exposures. Wang [11]. 

2.1. Estimation of Attributable Fractions  

The conditional probability of disease at exposure level X 
is P(Y = 1|X = x). Where 







= disease of   presence   1

disease   of   absence   2y           (2.2) 

Estimation of the attributable fraction involves estimating 
the conditional probability of having the disease given the 
exposure. We assume that there are no confounders of the 
disease-exposure relationship or that we are considering the 
AF within a stratum of confounders. 

Under the assumption of no confounders, the AF is: 
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Where R is the relative risk of disease with exposure 
greater than zero compared to zero exposure. The classical 
estimate of the attributable fraction is to plug the sample 
proportions  𝑃� (𝑌 = 1)  and 𝑃�(𝑌 = 1|𝑋 = 0)  into the left 
hand side of the equation (2.3). 

To estimate the attributable fraction using regression 
methods, the above equation can be written as:  

p(Y 1/x 0)[1 ] dF(x/Y 1)
P(Y 1/X x)

AF = =
= − =∫

= =
    (2.4) 

Where F(x/Y=1) is the conditional distribution of the 
exposure in the subpopulation of children with the disease. 

Based on equation (2.4) from a random sample of size N 
from the population, one can estimate AF as: 

1, 1
1
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Where 𝑝̂(𝑌𝑖 = 1/𝑋𝑖 = 𝑥𝑖), 𝑃 � (𝑌𝑖 = 1/𝑋𝑗 = 0), i=1,…N 
are estimates from a regression model of the conditional 
probability of disease at exposure levels.  

The approaches that would be used in estimating the 
probability functions are: 

1. Classical method 
2. Parametric regression method; the logistic regression 

model 
3. Non parametric regression method; local linear 

smoothing 

2.2. Determination of Attributable Fraction Estimates 
Using Classical Methods 

This approach estimates the frequency of clinical malaria 
by using information on parasite levels in children with 
individual symptoms and signs and those without symptoms 
and signs to estimate the proportion of individual symptoms 
and signs that are attributable to malaria. The overall 
estimate (λ) of the fraction of episodes attributable to a given 
exposure is given by 

λ = P(R-1)/R 
where P is the proportion of parasitemic individuals who 
presented with symptom/sign in question and R is the 
relative risk of the sign or symptom associated with the 
exposure. 

The overall estimate of λ was calculated using only two 
categories (with/without parasitemia). R was estimated by 
the adjusted odds ratio of the symptom/sign in question for 
the parasitemic group (relative to the baseline aparasitemic 
group) derived from the fitted logistic regression.  

2.3. Determination of Attributable Fraction Estimates 
Using the Logistic Regression Method 

Separate logistic models were constructed to examine the 
parasite density-specific malaria attributable fraction (λj) = 

Pj(Rj – 1)/Rj associated with each of the parasite density 
categories where Rj is the adjusted OR of the various 
symptoms/signs for the jth category, relative to the baseline 
category j = 1, and Pj is the proportion of patients with the 
symptom/sign in question with parasites in the jth category 
(j=1, 2 and 3; those without the parasite, those with < 
1000μl and those with ≥1000μl). 

2.4. Determination of Attributable Fraction Estimates 
Using Local Linear Smoothing Method 

Local linear smoothing is an approach to fitting curves and 
surfaces to data by smoothing. The underlying model for 
local regression is  

𝐸(𝑦𝑖) = 𝑓(𝑥𝑖), 𝑖 = 1, …𝑛 
Where the 𝑦𝑖  are observations of a response variable 

(parasite density) and 𝑥𝑖 are observations of the independent 
variable that form the design space for the model (i.e. the 
signs and symptoms). 

Loess (locally weighted scatter plot smoothing) is a 
method that is usually used for local linear smoothing. It is a 
non parametric regression method that combines multiple 
regression models in a k-nearest neighbor-based meta-model. 
Loess fits simple models to localized subsets of data to build 
up a function that describes the deterministic part of the 
variation in the data point by point. 

For each data point, the regression weights are computed 
and are given a tricube function given below: 

33
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i                 (2.6) 

Where x is the predictor value associated with the 
response value to be smoothed, 𝑥𝑖s are the nearest neighbors 
of x as defined by the span and 𝑑(𝑥) is the distance along 
the abscissa from x to the most distant predictor value within 
the span. A weighted linear least squares regression is 
performed and a second degree polynomial is used for the 
regression; then the smoothed value is given by the weighted 
regression at the predictor value of interest. Stata 12.0 
software was used for analysis [14].  

3. Results 
3.1. Socio Demographic Characteristics 

Symptoms reported include body ache (53.0%), loss of 
appetite (44.0%), high temperature (67.8%) and only 65% 
had temperature ≥ 37°C. 

3.2. Relationship between Parasitemia and Clinical Signs 
and Symptoms 

The percentage of children that were aparasitemic was 
47.2%. Eighteen percent had < 1000μl and 34.8% had ≥ 1000 
μl. Of the children presenting with headache, 47.3% were 
aparasitemic while 52.7% were parasitemic. Malaria parasite 
was also detected in children who reported loss of appetite 
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(49.3%), chills and rigor (54.1%), vomiting (56.0%), skin 
infection (49.3%) and yellowish eyes (45.3%). There was no 
significant association between parasitemia and the 
symptoms: history of fever, vomiting, chills & rigors, skin 
infection and body ache. (Table 1). 

Table 1.  Malaria parasitemia by presenting signs and symptoms 

Variable N 
Negative 

N(%) 
Positive 

N(%) P-value 

Fever 
Yes 
No 

 
221 
107 

 
104(47.1) 
41(38.3) 

 
117(52.9) 
66(61.7) 

 
0.135 

Headache 
Yes 
No 

 
260 
68 

 
123 (47.3) 
22(32.4) 

 
137(52.7) 
46(67.6) 

 
0.027 

Chills and rigor 
Yes 
No 

 
146 
181 

 
67 (45.9) 
78 (43.1) 

 
79 (54.1) 
103 (56.9) 

 
0.613 

Vomiting 
Yes 
No 

 
109 
218 

 
48 (44.0) 
97 (44.5) 

 
61 (56.0) 
121 (55.5) 

 
0.937 

Skin infection 
Yes 
No 

 
75 
253 

 
38 (50.7) 
107 (42.3) 

 
37 (49.3) 
146 (57.7) 

 
0.200 

Loss of 
appetite 

Yes 
No 

 
146 
182 

 
74 (50.7) 
71(39.0) 

 
72 (49.3) 
111 (61.0) 

 
0.034 

Body ache 
Yes 
No 

 
174 
154 

 
80(46.0) 
65 (42.2) 

 
94 ( 54.0) 
89 (57.8) 

 
0.493 

Temperature 
<37.5 
≥ 37.5 

 
298 
20 

 
136 (45.6) 

7 (35.0) 

 
162 (54.4) 
13 (65.0) 

 
0.355 

Yellowish eye 
Yes 
No 

 
75 
253 

 
41 (54.7) 
104 (41.1) 

 
34 (45.3) 
149 (58.9) 

 
0.038 

Table 2.  Prevalence of fever and parasiteamia across different age groups 

Age 
group N Parasite (%) Fever (%) *Fever and 

parasite (%) 

≤ 3 110 56.4 9.6 4.5 

4-6 91 57.8 5.8 4.4 

7-9 84 55.4 5.1 4.8 

≥10 57 39.3 3.9 1.8 

Total 342 53.7 6.6 4.1 

*(Children with temperature ≥ 37.50C and harbour malaria parasite) 

3.3. Prevalence of Fever and Malaria 

Overall, fever prevalence (Auxiliary temperature > 37.5°C) 
among children was 6.6%. The prevalence of fever 
decreased with increasing age with children less than three 
years having the highest fever prevalence of 9.6%. The 
lowest fever prevalence of 3.9% was recorded among 

children ten years and above.  
The prevalence of parasitemia also decreased with 

increasing age, however, children between 4-6 years of age 
had the highest parasitemia and those ≥ 10years had the 
lowest (39.3%). (Table 2). 

3.4. Association between Fever and Parasite Density 
Categories 

The risk of having fever increased with increasing parasite 
density; 9.5% in the ≥ 1000/µl, 5.2% in the <1000/µl and  
4.7% in the children with no parasite. However these 
differences were not statistically significant. Using a 
different parasite categorization, the fever rates continued to 
increase as the parasite density increased up till the third 
interval of 3 001–7 000/μl (Table 3). Figure 1 shows the 
fever rate against each interval of the parasite density. It 
suggests the fever rates increases sharply for low exposures 
and also approaches 1 for high exposures. The plot also 
suggests a monotone pattern of the conditional probability of 
𝑃(𝑌 = 1/𝑥 = 𝑥). 

Table 3.  Distribution of malaria parasite densities and fever rates in 
children 

Parasite density 
(parasite/μl) 

Number of 
observations Fever rate 

0 
1 - 3 000 

3 001 – 7 000 
7 001 – 15 000 
15 001- 30 000 

30 001 – 130 000 

148 
105 
41 
13 
8 
7 

0.0437 
0.0667 
0.0244 
0.0769 
0.375 
0.4 

 

Figure 1.  Fever rates for the parasite density intervals 

3.5. Relationship between Parasitaemia and Clinical 
Signs and Symptoms 

A multivariable logistic regression analysis was 
conducted to examine the extent to which common signs and 
symptoms such as headache and temperature are associated 
with the presence of parasitaemia (Table 4). There was no 
significant association between signs and symptoms and 
parasite count <1000/μl. Temperature was significantly 
associated with parasite count ≥1000/μl. Children with 
temperature < 37.5°C were about 3 times less likely to have 
malaraia parasite count ≥1000 μl compared to those with 
temperature ≥ 37.5°C. (OR=0.319, 95% C.I= 0.103 – 0.984). 
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Table 4.  Results of logistic regression analysis 

 No parasitemia vs Parasitemia ( < 1000μl) No parasitemia vs Parasitemia ( ≥ 1000μl) 

Predictors OR 95% C.I P-value OR 95% C.I P-value 

Temperature 
< 37.5 
≥ 37.5* 

 
0.934 

 
0.164- 5.323 

 
0.939 

 
0.319 

 
0.103 – 0.984 

 
0.047 

Headache 
Yes 
No* 

 
0.731 

 
0.314 - 1.701 

 
0.467 

 
0.654 

 
0.340 – 1.257 

 
0.202 

*Reference category 

Table 5.  Parasite density-specific attributable fraction estimates from Logistic regression analysis 

PD 
category Symptom N of 

P&S N of S Pof P&S R Constant R-1 P(R-1) 
 

( )
R

1 - RP
=λ

 

PD-specific 
MAF (%) 

≤999µl Temperature 3 10 0.4286 1.0987 1 0.0987 0.0423 0.0385 3.85 

≥1000µl 
 

11 18 0.6111 2.1102 1 1.1102 0.6784 0.3215 32.15 

 

Figure 2.  Graph showing the locally weighted regression 

3.6. Attributable Fraction Estimates for Malaria: The 
Classical Method 

Using the classical method of estimation, the estimated 
overall attributable fraction for temperature ≥ 37.5°C was 
26.52% (95% CI=17.84%-35.20%). The Logistic 
regression method for estimating MAF. 

Using the logistic regression method, the density-specific 
MAF for temperature ≥37.5°C was 3.85% (95CI: 1.05% 
-6.65%) in the category ≤999µl and 32.15% (27.38% - 
36.91%) in the category ≥1000µl. (Table 5).  

Where: No of P&S = number of parasitaemic children 
who presented with a particular sign/symptom. 

No of S = number of those that present with the 
sign/symptom whether parasitaemic or non-parasitaemic. 

P of P&S = Proportion of children who are parasitaemic 
and presented with the sign/symptom in question. 

R = odds ratio of a particular sign/symptom relative to the 
baseline (non – parasitaemic children)  
Λ = malaria attributable fraction estimate. 

Local linear smoothing method for estimating MAF 
The attributable fraction using the local linear smoothing 

method was given as 0.2447 (95% CI, 0.1775 - 0.3119) i.e. 
the proportion of fever cases that can be attributed to malaria 
was 24.47%. The line fitted to the graph in figure 2 is a 
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locally weighted regression fitted by loess. In table 6, 
different estimators were displayed with their confidence 
intervals. The MAF range from 0.0385 to 0.3215. The 
logistic regression estimator for parasite density ≤999μl gave 
the smallest confidence interval. The nonparametric 
regression estimator i.e. Local linear smoothing also had a 
smaller confidence interval than the classical nonparametric 
estimator. 

Table 6.  Estimates of attributable fraction and 95% CI for different 
estimators 

Estimator Classical 
estimate 

Logistic 
estimate 
≤999μl 

Logistic 
estimate 
≥1000μl 

Local linear 
smoothing 
estimate 

AF 0.2652 0.0385 0.3215 0.2447 

Lower CI 0.1784 0.0105 0.2738 0.1785 

Upper CI 0.3520 0.0665 0.3691 0.3119 

Length of CI 0.1736 0.056 0.0953 0.1334 

4. Discussion and Conclusions 
Three different methods were used in obtaining the 

estimates of malaria attributable fraction: the classical 
method, the logistic regression and the local linear 
smoothing. The logistic regression estimates had the smallest 
confidence intervals followed by the local linear estimate. 
The classical estimate exhibited the worst performance as it 
had the largest confidence interval. The logistic estimate for 
parasite density category of ≥1000μl gave the highest 
malaria attributable fraction and had the smallest confidence 
interval followed by the local linear estimate. These results 
suggest that that estimates from the logistic regression 
method (parametric) are better than the classical and local 
linear smoothing (non parametric) methods.  

The estimate from the classical method was slightly lower 
than that obtained by Wang [11] in Tanzania. In a Kenya 
study, overall malaria attributable fractions were quite higher. 
The two areas in the Kenya study (Ngerenya was located 
north of the Kilifi Creek and Chonyi was located south of the 
Kilifi Creek Kenya) that were considered were referred to as 
areas of low and low-moderate transmission of malaria and 
this might just explain the reason for the high MAF. 

Our results showed that MAF increased for the higher 
parasitemia compared to the lower parasitemia. This finding 
is consistent with the work of Prybylski [15]. In another 
paper Koram [16] reported that in a population of whom a 
large proportion are parasitemic but not ill, it is usually found 
that the likelihood of being ill increases with the density of 
parasitemia and this observation has led to many attempts to 
identify a threshold level of density of peripheral parasitemia 
that makes it likely that malaria is the cause of a fever. 

In this analysis, the highest proportion of fever cases 
attributable to malaria was about 32%. This shows the 
proportion of febrile morbidity that would have been 
removed if malaria infections were eliminated among 
children in this environment. In areas where malaria is 

endemic e.g. in Nigeria, the presence of fever in a child is 
normally diagnosed as malaria which usually leads to over 
diagnosis. In this analysis, among those who had fever about 
one third had no malaria parasite and this finding has 
significant implications on the treatment policy, particularly 
in rural areas where in the absence of laboratory diagnosis, 
all fever cases would be considered as clinical malaria 
episodes. Moreover, among children with the malaria 
parasite and presence of fever, the highest attributable 
fraction was less than 40%. 

The different proportion of fever cases that were attributed 
to fever was not as high as the given prevalence of malaria. 
So it is still important to have a clinical diagnosis before any 
fever case is reported as malaria. Our results also showed an 
increase in fever rate as parasite density increased. This 
finding is consistent with that done in Mozambique [10] 
which also reported that the risk of fever was age dependent. 
The relationship between malaria parasite and fever 
(measured with temperature) varies among individuals in 
endemic settings, even though clinical malaria has been 
related with presence of parasites in the blood and fever, the 
volume or density of parasite that will lead to fever will vary 
among individuals [9]. Our findings are also consistent with 
other studies in terms of the risk of fever which decreased 
with increasing age. [10, 17 and 18]. 

For children with parasite count <1000µl, the proportion 
of fever cases that can be attributed to malaria was 3.85% 
which is lower, compared to children with parasite count 
≥1000µl. For those with parasite density <1000µl, it showed 
that the proportion of fever cases that we can attribute to 
malaria is small. Only about 4% of fever cases for those in 
this category can be safely attributed to malaria. We 
observed that fever rates increases sharply for low exposures 
and also approaches 1 for high exposures, which suggests a 
monotone pattern of the conditional probability of 
P(Y=1|X=x). The logistic estimate for parasite density 
category of ≥1000μl gave the highest malaria attributable 
fraction and had the smallest confidence interval followed by 
the local linear estimate. It can therefore be concluded that 
the logistic regression method gives a better estimate while 
classical method exhibited poor performance.  This study 
also confirms that malaria infection remains a major cause of 
febrile illness during childhood. However, other causes of 
fever should be considered in the case management of febrile 
illnesses during childhood. 
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