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Abstract

Poultry diseases is a serious and growing problem with increased fatality rate.

Early detection of poultry

diseases is the first step in eradicating and preventing its spread as well as improve the health of the birds and
reduce mortality rate. In this paper we proposed a Bayesian belief network (BBN) model for predicting fourteen
different types of poultry diseases. The BBN model had 41 nodes which contains various poultry disease
symptoms and diseases. The BBN model was trained using the likelihood sampling algorithm and an average
prediction accuracy of 89.4% on the fourteen different types of poultry diseases was achieved. The proposed
model will assist farmers, especially in the rural area in diagnosing poultry diseases and this will help in
reducing mortality rate in sick birds, as early detection of poultry diseases is the first step in eradicating and

preventing its spread.
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INTRODUCTION

Poultry is a vital component for diversifying
Nigeria’s economy and for creating food security
among household (Kamani, 2015). The significance
of poultry in developing nations and the role it plays
in economic development and in the life of rural
farmers has been perceived by different researchers
(Igbal et al, 2012). “Poultry outnumbers all other
forms of livestock in Nigeria and are found in most
part of the country and chickens remain the most
common poultry birds reared across Nigeria’s poultry
farms” (Oyetunji et al, 2017). A large portion of these
chickens are reared using the extensive farming
method, however a considerable numbers are also
maintained under the intensive farming method but
they are mostly for commercial purpose (Oyetunji et
al, 2017). It is obvious that chicken provides
constant source for animal protein in urban and rural
area. Within the last decade the population of poultry
life stock declined drastically in Nigeria; this is
because of the outbreak of Avian Influenza (Bawa,
2010).

Avian Influenza is a poultry disease which affect
poultry birds. Poultry diseases are diseases that can
affect the health of poultry bird and can also result in
death of the bird. A lot of poultry disease exist but
some of the common ones which are predominant in
Nigeria are; Newcastle (ND), fowl pox, coccidiosis,
external and internal parasites, chronic respiratory
diseases  (CRD),  mycoplasmosis,  pullorum,
tuberculosis,  pneumonia, dysentery, typhoid,
aspergillosis and nutritional deficiencies (Kamani,
2015). These diseases especially the Newcastle
disease has been a major hindrance in chicken
production for both commercial and private sector
(Anjum et al, 2011, Lambert et al, 2010 and Saidu,
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2014) and without access to vaccine and drugs in
rural area profitable poultry farming becomes
difficult. “Most public poultry diseases are as a result
of environmental problems such as poor sanitary
condition, overpopulation of chicks, insufficient or
contaminated water and unhygienic disposal of
waste” (Saidu, 2014). Poultry disease are quite
destructive and it’s a threat to the production of
poultry life stock and some of this diseases are
known to affect humans too (Bawa, 2010). While
developed countries have taken a giant stead in
addressing poultry diseases, most developing nations
are yet to abreast themselves with the scale of the
problem. Early detection of poultry diseases is the
first step in eradicating and preventing its spread as
this will improve the health of the birds and reduce
mortality rate. Artificial intelligence techniques have
been applied in disease diagnostic and some studies
have shown that the technique can enhance accurate
diagnosis (Peters et al, 2010and Horia et al, 2011).

A lot of research has been conducted on the diagnosis
of poultry disease. In 2017 Herawan et al, designed
an expert system for diagnosing quail diseases using
feed forward chaining method. The dataset used in
the study was gotten from literature and quail
breeders. The expert system utilized fuzzy logic and
feed forward chain in the rule layer. The system was
able to diagnosed 9 different ailment that affect
quails.In 2012 Arowolo et al, designed an Expert
System for Management of Poultry Diseases. The
knowledge based used in the study was gotten from
experts through interview. The system used a rule
based approach and was designed using Prolog. In a
similar study conducted in 2017 by Oyetunji et al,
designed an online poultry diseases monitoring
system for Nigeria. The aim of their work was to
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monitor the spread of infectious poultry diseases. The
knowledge base of the system was elicited from
veterinary experts. The system was implemented
using HTML, PHP and CSS while the database was
implemented using MYSQL. In Nigeria little is being
done in addressing poultry diseases as a high rate of
mortality have been recorded over the decade (Bawa,
2010). In this paper, we proposed a Bayesian Belief
Network for predicting fourteen different types of
poultry diseases which will assist farmers in
diagnosing poultry diseases.

Bayesian Belief Network

A Bayesian Network is a probabilistic graphical
model which shows relationship between nodes in the
network. Bayesian belief networks are based on
navies Bayes probabilistic theorem. The naive Bayes

theorem shows the marginal and conditional
probabilities between variables. From Bayes
Theorem we understand that
P(R/a) Plc)
Pla =——— 1
(«/B) =55 ®
Where

P(o) = probability of event o happening without event
B happening

Table 1: Poultry disease and Symptoms

P(B) = probability of event B happening without
event a happening

P(B/a) = probability of event § happening given that
event a has happen

P(a/B) = probability of event B happening given that
event B3 has happened

The BBN model computes the joint probability
distribution for each node on the network. The full
and joint distribution for each node and the entire
networks is shown clearly in equation 2 and equation
3 respectively.
P’(Bl,B2 ....an =
)
P(B) =
Where

n = number of nodes on the network N
Parent Bi= set of parent node of B

=, P(B;|ParentsE,)

=, P(B, |ParentsB;) (3)

MATERIALS AND METHOD

Proposed Bbn Model For Diagnosing Poultry
Diseases

The Bayesian belief model is intended to be able to
predict 14 poultry diseases. These diseases and there
symptoms are shown in table 1

SIN Disease Symptoms

1 Respiratory Distress (S1), paralysis (S2), convulsion (S3), reduced feeding (S4), change in
Aspergillosis (D1) skin colour (S5)

2 Dull Eye Expression (S6), Tremor on the Head (S7 ), Paralysis (S2), Reduced Feeding (S4),
Avian Encephalomyelitis (D2) Reduce Egg Production (S8)

3 Respiratory Distress (S1), Reduced Feeding (S4), Reduce Egg Production (S8), Diarrhea
Avian influenza (D3) (S9), Facial Swelling (S10), Blue Comb (S11), Dark / White Spots on Legs and Comb(S12)

4 Botulism (D4) Dull Eye Expression (S6), paralysis (S2), Tremor (S7), Maggot on Crop (S14)

5 Dull Eye Expression (S6), reduced feeding (S4), Stunted growth (S15), Ruffled feathers
Candidiasis (D5) (S16)

6 Cannibalism (D6) ruffled feathers (S16), Feather picking (S17)

7 nasal discharge (S18), conjunctivitis (S19), sinusitis (S20), diarrhea (S9), Reduced Feeding
Chlamydiosis (D7) (S4), loss of body weight (S21)

8 Chronic respiratory disease (D8) nasal discharge (S18), foamy exudate in eyes (S22), sinusitis (S20)

9 Cryptococcosis (D9) Dull Eye Expression (S6), Reduced Feeding (S4)

10 hoarse chirps (S23 ) , nasal discharge (S18), Respiratory Distress (S1), facial swelling
Newcastle disease (D10) (S24), paralysis (S2), tremor (S7), twisting of the neck (S13)

11 Omphalitis (D11) Dull Eye Expression (S6), Reduced Feeding (S4), Diarrhea (S9)

12 Swollen head syndrome (D12) Sneezing (S25), Facial Swelling (S24)

13 Ulcerative enteritis (D13) Diarrhea (S9), ruffled feathers (S16), Reduced Feeding (S4), loss of body weight (S21)

14 Urolithiasis (D14) distended ureters with uroliths (526), renal and visceral gout (S27)

Source: Cardona andMsoffe (2008)

The BBN model consist of 41 nodes which shows the association between diseases and symptoms. The BBN
model is shown in in figure 1

254



Journal of Emerging Trends in Engineering and Applied Sciences (JETEAS) 9(6):253-258 (ISSN: 2141-7016)

Dull Eye Expression (56)
e Sunllen head smdrarme (D12) |

Mean
Mean

FEE

renal and visceral gout [S27)

Respiratery Distress (51) Mean

reduced feeding (54)
Mean

oss of bady weight (521)

vian Encephalomyelitis (02) |/
Mean

OEE | Mean

foamy exutiste in eyes (522 |
Mean ]

Gl X E E
Chranic respiratory disease... |
e

Varia
Tremar on the Head (57 1 i ol

FEE Vasiance o Rusfled feathers (516)
18 Mean

nasal discharge (514)
Mean

FED

Botulism {D4)
Mean

Feather picking (S17)
Mean Y i
Ulcerative entesitis (D13)

EEE HEE Mean

twisting of the neck (513}

cl

[ facial sweting (5241

conjunctuitis (515)
Mezn Stumted growth (515) l

Snaezing (525)
Mean

distended ureters with uroli..
] | Hean

Diark / White Spats an Legs..
Mean

change in skin calaur (S5)
Mean

Reduce Egg Praduction (S8)
Mean

Cannibafism (06)

H — S

hoarse chirps (523}
Mean

G <I18

.| Ompralisi (D11

Blue Comb (511)
Mean
Variar

_ Aspergilosis (D1)
Migan

T Maggot on Crap (514
Mean

FEm : | —_—

[ Facial Swelling (510}
Mea

Figure 1 Bayesian Belief Model for predibting poultry diseases

Computing the Maximum Likelihood for the BBN
model we employed the maximum likelihood
estimator approach. From the BBN model shown in
figure 1, we arranged our training dataset in the form
as shown below.

X! g1t s2? g411
D= X*|_|s1® s2° 5412
XN §1N g2V S41V

Where D= dataset, Xi =parameter vector i, S1 ...S41
node on the network and N= number of parameter
vector in the dataset.

The likelihood function of the proposed BBN can
then be defined as:

N
L(6:D) =P(D|6) = H P(s1¥, s2¥, ... s41V|6)
1

Where 6= all parameter relevant for the calculation of
the probability of a given node. For a general
Bayesian network, the likelihood is defined as:

N
(8:D) = P(D|B) = 1_[ P(s¥|8)
And computing the marginal likelihood for a general

1
Bayesian belief networkthe equation below can be
employed

P(D) = J.p(maj P(6)df = J. L(6:D) = P(6)de

In training a Bayesian network prior information
about independent variables are taken into account
and for a general Bayesian network to train the data
we have;

L(8:D) = P(D|B) = 8NE(1 — @)NT
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P(D) = j L(8:D)P(8)de

P(D) = fB”H (1— 8)M1de
N1t

P(D) = N+1 [NH]

Where

N= number of sample case, Ny=number of sample
heads and Nt =number of sample tails
Customizing this equation to suit our proposed

Bayesian network we have
1

P(Xx*1 =H|D) = f P(x™*1 = H|8) P(B|D)d8

o
1

_ f B(N + 1) [Ifﬂ] 6% (1 — B)"Tde

i)

N 1 N+1]"1
=(N+1 S
CR] Nl e R
_ Ny +1
N+ 2
Where

X = Symptoms and M= number of symptoms

RESULTS AND DISCUSSIONS

The Bayesian belief network (BBN) models for
predicting poultry disease had 41 nodes and was
implemented using Bayes Server 7.5. The dataset
used in training and testing the BBN model was
gotten from https://catalog.data.gov. The likelihood
sampling algorithm was used in training the model.
The result obtained show that the model had an
average prediction accuracy of 89.4% for the 14
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different types of poultry diseases. The prediction

results obtained is shown in table 1a and 1b.

Table 1a: Prediction Result for Poultry diseases

L Predict Predict(Avian Predict Predict Predict Predict Predict
09 - I - . L - .
Likelihood Likelihood | Aspergillosis Encephalomye | (Avian influenza (Botulism (Candidiasis (Cannibalism (Chlamydiosis
ikelihoo -,
(D1) litis (D2)) (D3)) (D4)) (D5)) (D6)) (07)
-45.9 1.18E-20 0.948 0.163 0.368 0.442 0.913 0.301 0.617
-44.9 3.03E-20 0.232 0.671 0.073 0.816 0.601 0.52 0.835
-44.9 3.05E-20 0.338 0.167 0.214 0.287 0.663 0.7 0.296
-46.4 6.76E-21 0.518 0.411 0.187 0.2 0.247 0.35 0.877
-44.3 5.90E-20 0.456 0.465 0.692 0.234 0.97 0.514 0.26
-46.3 7.80E-21 0.784 0.453 0.369 0.984 0.835 0.974 0.986
-45.7 1.46E-20 0.053 0.861 0.302 0.3 0.732 0.93 0.527
-44.6 4.47E-20 0.959 0.539 0.817 0.794 0.34 0.832 0.36
-43.7 1.09E-19 0.849 0.839 0.427 0.533 0.575 0.839 0.384
-45.3 2.13E-20 0.287 0.8 0.0768 0.133 0.0446 0.946 0.439
-46.1 9.60E-21 0.996 0.0789 0.683 0.123 0.566 0.211 0.868
Table 1b: Prediction Result for Poultry diseases
Predict
Predict . . . Predict
. Predict Predict Predict (Swollen i X
Log - (Chronic N (Ulcerative Predict
o Likelihood . (Cryptococcos | (Newcastle (Omphalitis head . o
Likelihood respiratory . . enteritis (Urolithiasis (D14))
. is (D9)) disease (D10)) (D11)) syndrome
disease (D8)) (D13))
(D12)
-45.9 1.18E-20 0.526 0.508 0.935 0.616 0.946 0.909 0.894
-44.9 3.03E-20 0.97 0.709 0.847 0.534 0.364 0.452 0.261
-44.9 3.05E-20 0.793 0.453 0.788 0.197 0.712 0.209 0.851
-46.4 6.76E-21 0.276 0.938 0.384 0.806 0.22 0.771 0.898
-44.3 5.90E-20 0.849 0.25 0.393 0.504 0.257 0.223 0.846
-46.3 7.80E-21 0.391 0.429 0.736 0.709 0.396 0.153 0.34
-45.7 1.46E-20 0.956 0.194 0.672 0.696 0.863 0.862 0.893
-44.6 4.47E-20 0.865 0.104 0.347 0.491 0.448 0.751 0.947
-43.7 1.09E-19 0.649 0.39 0.145 0.014 0.321 0.58 0.131
-45.3 2.13E-20 0.457 0.422 0.817 0.135 0.868 0.862 0.446
-46.1 9.60E-21 0.988 0.662 0.666 0.149 0.213 0.568 0.0617

The results generated from the Bayes server are for likelihood against log likelihood, prediction graph
shown in the figures below. Figure 2, Figure 3, of  likelihood against Newcastle disease and
Figure 4 and Figure 5 shows the Likelihood chart prediction graph for Avian influenza against log
for the 14 types of poultry disease, prediction graph likelihood respectively
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Figure 4 prediction graph of likelihood against newcastle disease
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As can be seen from previous studies various
researchers have tried automating the diagonstic
process of poultry disease diagnosis (Oyetunji et al,
2017, Herawan et al 2017 and Arowolo et al, 2012).
In this paper Bayesian belief network model was
designed for diagnosing 14 different types of poultry
diseases. The model proposed in this paper differs
from the models proposed by Herawan et al 2017 and
Arowolo et al, 2012 because both utilized a rule
based technique in diagnosing poultry diseases. The
model proposed by Herawan et al 2017 was only
capable of diagnosing 9 different types of ailment in
quails while ours was able to diagnosis 14 different
types of ailment in poultry birds. Although in their
works the prediction accuracy of their models was
not given but our model had an average prediction
accuracy of 89.4%.

CONCLUSION

Poultry diseases are serious and growing problem
with increased fatality rate. Early detection of
poultry diseases is the first step in eradicating and
preventing its spread as this will improve the health
of the birds and reduce mortality rate. In this paper
we proposed a Bayesian belief network model for
predicting 14 different types of poultry diseases. The
model had an average prediction accuracy of 89.4%.
Further studies should incorporated more poultry
diseases as this would increase the diagnostic
accuracy of the BBN model.
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