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ABSTRACT
Several methods have been proposed to improve maternal mortality forecasting. In this
paper, the author proposed a PSO based ANN model to forecast maternal mortality. Real
world data was used in analyzing the performance of the model. The model predicts
monthly maternal mortality in one step ahead forecasting scheme. Results were
presented and compared based on two types of error measures: MSE and MAE. The
PSO-ANN model gives a better out of sample error compared to common AR and ARMA
models.
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INTRODUCTION
In Developing countries, a woman’s life is
lost from pregnancy or child birth
complications in every single minute [1].
Unfortunately, these complications are
preventable or treatable. Countries such as
Nigeria has the rate of 800 deaths per
100,000 live births [2].
There is a global concern on the rate of
maternal mortality in developing worlds.
Part of the Millennium Development Goals
(MDGs) by the international community on
improving the well-being of all peoples is to
reduce maternal mortality ratio by three
quarters between 1990 and 2015[3].

Projection of maternal mortality is
very important for governments and other
stake holders. It helps them in planning and
coming up with policies and appropriate
strategies to bring down the rate maternal
death.

Modeling and forecasting mortality
rate is a problem of fundamental
importance in epidemiology. Quite a
number of methods have been developed
to improve mortality forecasting [4], [5],
[6], [7]. [8] Proposed a method to model
and forecast U.S. mortality. The model
became so popular that it was called
“leading statistical model of mortality
forecasting in the demographic
literature”[9] .They used least-squares
estimation via singular value
decomposition of the matrix of the log
age-specific observed forces of mortality
together with Box–Jenkins modeling for

time series. The Lee and Cater model has
however been criticized.[4]in his work has
pointed out that the Lee and Carter model
did not fit the jump off data very well. Also,
there are number of variants, which tried
to optimize the initial model of Lee and
Charter[10].

ANN has been extensively studied
and applied to time series forecasting
problems and has been proven to
outperform traditional statistical methods
of forecasting. Recently, PSO based ANN
gained much attention in time series
forecasting. However, till now the
technique has not been applied to
mortality forecasting. In this paper, we
proposed a Particle Swarm Optimization
based Artificial Neural Network (PSO-ANN)
to forecast maternal mortality.
In the remaining of the paper, ANN and PSO
are presented in section 2. Section 3
Described the PSO-ANN model. Results,
discussion and conclusion are presented in
section 4.

Model Presentation
Artificial Neural Networks (ANN); are
powerful computational models that try to
learn regularities and patterns present in
an input data, and then provide
generalized results based on their known
previous knowledge or experience. They
were inspired from the
structural/functional studies of the human
brain [11].
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ANNs are self-adaptive, non-parametric
and data driven models that can represent
any type of non-linear function [12], [13].
They have been successfully applied to
time series forecasting. Empirical analysis
has shown that ANN provides better time
series forecasting performance compared
to statistical methods [14], [15].

Multi-layer perceptron (MLP) that
uses feed-forward neural connections is the
most widely used ANN in time series
forecasting[16]. The model is an acyclic
network of artificial neurons organized in
three layers, where information flows in a

single direction from the input layer,
through the hidden layer to the output
layer. [17] has proven that a single hidden
layer network can approximate with
desired accuracy any continuous function
provided there are enough input and
hidden layer nodes. In line with that, we
used a single hidden layer feed-forward
neural network in this study.

For the selected structure, output of

the time series is computed with a single
forward pass through the network for any

given input pattern using

Where and are the units in the input and hidden layer

respectively; the ( -th input and ( -th hidden unit are bias units for unit in the

next level; is the weight between output unit and hidden unit ; is the

weight between hidden unit and input unit ; and are the activation

functions of output unit and hidden unit respectively.

Sigmoid activation functions are normally used in the hidden layer units to introduce
non-linearity into the approximated relationship between the input and output, defined as;

where is the summation of the product of network input and weight factors.

Our ANN model (1) with input, hidden nodes and one output node is usually denoted

as ANN model. The single out node indicates one step ahead forecasting period.

Generally, the model is a realization of non-linear mapping of past observations

and a future value ;

where is the weight vector of the network and is the error at time

The next task after determining the suitable ANN structure is to train the ANN to minimize
the objective function;

where is set of training examples; is set of weight; is total number of

training patterns; is set of functions the ANN represents; and are set of

input and target respectively.
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Particle Swarm Optimization (PSO); is a
novel population based search algorithm
for real valued functions based on the
social dynamics of group interactions in
bird flocks. In time series forecasting,
PSO-based ANN has been proven
empirically to be superior to ANN trained
the popular back propagation algorithms.
It was first introduced by Eberhart and
Kennedy in 1995 [18] In PSO, individuals
called particles traverse through a
hyper-dimensional search space looking for
an optimum solution. As they move around,
each particle keeps track of the best
solution it found so far. The particles also
have social contact with other particles in
their neighborhood, where they can query
for the best solution found within their
neighborhood. The direction and step size
taken by each particle as it travels in the
search space is influenced by the best
solution it found so far and best solution
found in the neighborhood. Thus, the
search behavior of a particle is affected by
other particles in the swarm. Through this
simple social behavior, collective effort
emerged for finding optimal solution in a
high dimensional search space.
A number of researchers have investigated
the application of PSO to ANN training.
Eberhart and Kennedy was the first to apply
PSO in training a feed-forward neural
network FNN [19], [18].To train ANN with

PSO, each particle in the

swarm represents a weight vector
(candidate solution) of the ANN. The

dimension , of each weight vector is set

to be equal to the total number of
parameters of the ANN model [20], i.e.

for our ANN

model. Since the training objective is to
minimize the ANN error function, equation

is employed as the fitness function. At

the beginning of the training process, each

particle is associated with current

position and velocity and
initialized with randomized values within

the -dimensional search space.At any

new position, the fitness value of each

particle is found by building the ANN from

the weight vector and computing the error
over the training set.
At each training epoch, particles travel
through the search space looking for the

optimum, the position of

particle is updated by adding velocity

vector of the particle to its

previous position vector;

The velocity vector contains information
about the best solution discovered by the
particle so far (called the cognitive
component) and the best solution found
within the neighborhood (called the social
component). Hence, the optimization
process is driven by the velocity vector.
The velocity update equation is given as;

where is the velocity of particle

at time step ; and are positive

acceleration constants used to scale the
influence of the cognitive component
(second term) and the social component

(third term) respectively; and

are random values (introducing
stochastic element to the equation)
sampled from a uniform distribution

; is the best position

so far visited by particle ; is

the best position found by any of the
particles within the neighborhood of

particle
The process of updating velocity and
position of the swarm particles continues
until some predefined stopping conditions
such as maximum increase in validation
error or maximum number of iterations is
reached [21].Tuning the parameters of PSO
algorithm hugely improves its
performance[22]. A number of researchers
have proposed optimal values for these
parameters. For details, refer to [23],[24].
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3. Model Description
The forecasting of maternal mortality is
carried out by a PSO based ANN. The model
predicts the yearly maternal mortality in
one step ahead forecasting scheme.
A single hidden layer ANN was used and the
number of hidden layer nodes was
determined via validation process for a
better model structure that provides
minimum error. The inputs to the model are
the lagged observations (t-1, t-2, t-3, and
t-4). Sigmoid and linear activation
functions were used in the hidden and
output layers of the ANN respectively.
Particle swarm optimization algorithm with
a swarm size of 30 particles was used to
train the ANN. Its acceleration coefficient
values were set to c1 = c2 = 1.496180 as
proposed by Eberhart and r1 and r2 are
random numbers uniformly distributed
between 0 and 1 generated by a Mersenne
Twister[25].
Two common error measures were used to
evaluate the forecasting ability of the
fitted model. They are;

• Mean square error defined as MSE

= [16], [26]

• The mean absolute error defined as

MAE = [27], [28]

4. Results and discussion
Real world data of maternal mortality in
Bauchi State, Nigeria was used in our
experiment. It was obtained online
(https://dhis2nigeria.org.ng) from the
Health Management Information system,
Bauchi State Ministry of Health. The data
contains 48 data points of monthly
mortality recorded in Bauchi State from
2011 to 2014. The data was normalized in
the range (0,1) and was partitioned into a
70/30 split for training and testing the
model respectively.
All experiments were performed using
MATLAB. The ANN was fitted through ANN
toolbox[29] and the PSO was implemented
through the PSO toolbox[30].
Our model was trained for 1000 epoch and
the performance was analyzed using MSE
and MAE error measures. Result of the
model was compared with results from
Auto-Regressive (AR) and Auto-Regressive
Moving Average (ARMA) models and
presented in the following tables;

Table I. forecasting results

Error PSO-ANN AR ARMA

MSE

MAE

As seen from the table above, PSO-ANN has
the lowest out of sample error (for both
MSE and MAE) compared to the statistical
methods (AR and ARMA). Comparison
between PSO-ANN forecasted and actual
values is illustrated in fig. 1.

CONCLUSION
The paper presents a PSO-ANN model for
forecasting maternal mortality. Real world
data was used in training and testing the

model. Results were presented and
compared based on two types of error
measures: MSE and MAE. The PSO-ANN
model gives a better out of sample error
compared to AR and ARMA models.
In this paper, standard PSO algorithm was
used. However, a number of variants that
improves the algorithm’s performance exist.
In this note, we suggest further
investigation with other variants of the
algorithm.
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