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Abstract: In this paper we have been focused on reliable outcome from next generation artificial neural network (ANN). ANN efficiently use for decision 
making on labeled and unlabeled data but problem is that it is always generated a result though be short of input data. Using conventional ANN for some 
financial or other prediction related analysis it would not give an outcome like not possible, or some classification related decision it would not make an 
outcome like don’t know. Our objective is to develop a neural network which will have the intelligence and give the most prominent decision. We 
proposed a mathematical model of new generation artificial neural network is called Intelligent Neural Network (INN), which will solve that problem and 
make the decision like a human. The INN model has been designed with two layers of fully connected neurons, where the first layer neurons take input 
as the features of bacteria and it produced input for hidden neurons; and in the second layer the output from hidden neurons provides as input of 
decision neurons and the output of decision neurons is the expected result. This model was trained by forward and backward propagation process by 
reducing Sum Squared Error (SSE) through Stochastic Gradient Descent (SGD) technique. Prediction accuracy of this model is 97.11% to distinguish 
medically important bacteria. This study would help to laboratory users to identify medically important bacteria in an easy way; despite paucity of 
features. 
 
Index Terms: Medically important bacteria, INN, Cost function, SGD, SSE 

——————————      —————————— 

 
1. INTRODUCTION 
Adopting machine learning approach in every sector is a new trend for 
better decision making and curtailing time. Massive amount of data 
population from huge Iot devices will increase upto 175 zeta byte by 2025 
[1]. We unable to analysis such large-scale data manually, so that we 
required statistical based computer program. In this paper we propose a 
robust method by named Intelligent Neural Network (INN) is an innovation 

in ANN. It will help to the researcher to get actual outcome on decision 
making or analysis type research based on neural network. The INN 
provides a clear perception on object classification, data 
analysis and prediction problem. In this paper our proposed 
algorithm is used on bacterial classification, where we have 

taken thirteen organisms along with their six biochemical 
properties. The thirteen pathogenic bacteria are Escherichia 
coli, Enterobacter aerogenes, Klebsiella pneumonia, Shigella 
dysenteriae, Salmonella typhimurium, Proteus vulgaris, 
Pseudomonas aeruginosa, Alcaligenes faecalis, 
Staphylococcus aureus, Lactococcus lactis, Micrococcus 

luteus, Corynebacterium xerosis, and Bacillus cereus. 
Escherichia coli are mainly responsible for traveler’s diarrhea 
and urinary tract infection [5].  E.0157 is a mischievous 
species for its toxin making; children and elder can suffer in 
dehydration, renal failure, anemia, and organ failure, and 
mental disequilibrium [7]. Enterobacter aerogenes is 
predominantly ubiquitous in the environment and generally 
present in vegetables, soil, fresh water, and human and 
animal‘s excretion.  E. aerogenes can be found in 
postoperative wound infections or abscesses. The 
antimicrobial treatment can heal the patient infected by 
Enterobacter aerogenes. Klebsiella is a hospital-acquired 
pathogen, cause of some diseases such as urinary tract 
infections, nosocomial pneumonia, and intra-abdominal 
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infections [11]. Shigella dysenteriae is found in water and 
unhygienic food. S.dysenteriae stay alive outside of the human 
body and it is spread from one person to another through 
fecal-oral contact or houseflies are favored. It is responsible 
for abdominal pain, bloody diarrhea, stomach cramps, and 
fever in human [12, 13]. Salmonella typhimurium is the cause 
of acute intestinal inflammation, fever, and diarrhea. 
S.typhimurium is also accountable for typhoid fever in humans 
[16]. P.vulgaris is non-spore forming motile genera with various 
modes of transmission [17, 19] Pseudomonas aeruginosa is 
the cause of chronic infections in skin (burn or surgical 
wounds), urinary tract, and respiratory tract of humans [20]. 
P.aeruginosa is omnipresence in nature and well grown in 
between 250C to 370C temperature [21]. Alcaligenesfaecalis 
is an opportunistic pathogen which acquired from moist items 
such as nebulizers, respirators, and lavage of fluids [23]. 
Staphylococcus aureus is a group of bacteria liable for several 
infections in tissues of the body. S.aureus is cause of 
infections in breastfeeding women, newborn infants, and those 
people with chronic diseases such as vascular disease, lung 
disease, cancer, and diabetes [26]. Lactococcus lactis was 
first identified in green plants and has the capability to grow on 
various sugars. L.lactis bacteria can boost the immune system 
to strive to recover allergies, hypertension, and it has more 
beneficial effects on the skin, and IBD [27]. L.lactis is probiotic 
for human health. Micrococcusluteus is found in the 
respiratory tract and mucosal linings of the upper pharynx of 
humans can grow in such an environment where high salt 
concentration or little water at a 370C temperature [28, 29]. 
Corynebacterium xerosis is virulence in last few years and 
causes of some diseases are peritonitis, septicemia, pleura 
pneumonia, endo carditic, osteomyelitis, meningitis, septic 
arthritis and ventriculitis especially in surgical patients or 
immunocompromised patients [30]. Bacillus cereus is 
commonly found in soil and variety of foods. B.cereus is the 
reason of diarrhea, vomiting, and nausea due to its toxin 
production [31]. These genera are more imperative in medical 
science and biochemical characterizations are generally done 
to identify these medically important pathogenic bacteria. Now 
classification of bacteria is based on the polyphasic method 
that is phenotypic biochemical serotypic molecular methods. 
Soft-computing is a new dimension in the field of bacterial 
classification; here neural network has been used as a soft-
computing based classifier for the taxonomy of pathogenic 
bacteria. An Intelligent Neural Network is a mathematical 
model for information processing, which is motivated by the 
nervous system of the human brain [32]. These days 
INN(Intelligent Neural Network) has become a part of a 
technological revolution for sharp and concrete decision 
making. We are now in the digital universe where most of the 
complex operations are done through programmable 
intelligent electronic devices. The neural network extensively 
uses in many research fields such as voice recognition, face 
recognition, pattern matching, data analytics, and smart 
pathological equipment development and so on. In this study 
intelligent neural network has been applied as a soft-
computing based classifier in the taxonomy of bacteria in 
pathogenic group. In this paper related work has discussed in 
section 2 and the next generation Intelligent Neural Network 
method and its various important parts have been discussed in 
section 3 and finally, the work is concluded in section 4. 

 

2 LITERATURE REVIEW  
In this section, we discussed some research works has been 
done by using Artificial Neural Network (ANN) and the 
improvement required for getting better perceptions. Larsen et 
al. in 2015 [2] were found microbial communities in all 
environments those are very essential for ecosystem service. 
The authors focused on the prediction of microbial community 
structure by using Artificial Neural Network (ANN) and 
revealed a Microbial Assembled Prediction (MAP) model 
which worked on environmental parameters. In this study the 
ANN based model basically used to noticed bacterial 
community structure fluctuation as their changes of 
environment and make the prediction but it is not ensured that 
prediction not possible on fewer inputs. Shen and Bax in 2015 
[3] developed a neural network based robust TALOS-N 
computer program for protein structural study by NMR 
spectroscopy. In this study TALOS-N is useful to get torsion 
angles by analyzing chemical shifts of its backbone and that is 
used to calculate the NMR protein structure. Use of neural 
network method in TALOS-N program the prediction is 
incredibly accurate for the side-chain χ1 torsion angles and if 
maximum outcome probability does not satisfy the cutoff value 
then outcome is shown as not predicted otherwise predicted. 
Here cutoff value can be the problem for prediction. In[41] 
Zieliński et al. delineated their texture model, which uses deep 
neural network for the classification of bacteria by their texture 
of colony images. In the context of deep learning architecture 
the CNNs (Convolution Neural Network) have been used to 
classify the species by different variations of  Random Forest 
algorithm and SVM. However, the texture model has 
encountered a demand of recognizing species with 
asymmetrical formations and therefore inconsistence in their 
texture. Huang  et al.[42] in their research, supervised and 
unsupervised machine learning methods has been applied in 
eighteen bacterial species. All the bacterial species were 
disease-causing in human and subhuman. Based on the 
colony morphology the authors used three different algorithms 
to classify the species. The Convolution Neural Network(CNN) 
and Auto encoder has been used to implement supervised and 
unsupervised method respectively, for classifying bacterial 
species. This model was successful up to 90% in the accuracy 
to identify bacterial species and it was not best accuracy for 
prediction of bacteria. In the above related works, the authors 
have not been clarified actual outcome on decision and 
prediction related problem when short of input has applied in 
the trained neural network. In our study we focused on actual 
possible outcome regarding input in the INN. Use of this model 
in laboratory, the user would not be confused about the 
species and prediction accuracy more than the researches 
reviewed in this section.  
3 METHODOLOGY 
 
3.1 Design of INN 
In this section, we proposed a robust Intelligent Neural 
Network (INN) method, an innovation of next generation ANN. 
The INN provides a clear perception on decision making, 
prediction and classification related problem based on the 
satisfactory constant has to be fixed by the minimum possible 
value from training outcome. In this study we proposed a two 
layered INN to trained and predict the thirteen medically 
important disease causing bacteria, where entire training 
accomplished through forward and backward propagation. 
These two propagation criteria have been divided into two 
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separate ways for training to the INN. In the first propagation 
the provided input to the initial nodes and feed forward that to 
the next level and thus it has to be feed into next level as input 
to the nodes and after feeding the two levels it has generated 
a set of output. In the forward propagation, a mathematical 
function with fixed synaptic weights of neurons has been used 
and the signal has to be computed for each neuron [37, 38]. 
The function produce yield for neuron j as 

))(()( Biasnny jj      (1.1) 

Where, n is the number of repetition and )(nj  is the 

measured yield at the local field of neuron j, define as  
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In the equation (1.2), m implies a total number of input signals 

from neuron i to neuron j with )(nw ji conjunctive synaptic 

weights and )(nyi  is the output of neuron i to the input in 

neuron j. For the first hidden neuron in the network, for m=1 

and )()( nxny ij  where i refers to the first input terminal of 

the network. The activation function in equation (1.1) is a 
Logistic function defined as: 

 

)))((exp(1

1
))((

Biasn
Biasn

j
jj 





 

  ))(( Biasnj    (1.3)  

This is a sigmoidal nonlinearity function generate an output on 
the induced local field of neuron j and Bias. The output 

amplitude of neuron j lies inside the range 10  jy  for non 

linearity activation function [36]. This function has been used 
at each level in all neurons with the identical bias to figure out 
the output.   Backward pass is the next phase of this method, 
where the output from last neuron j is compared with actual 
coveted output and measures the amount of error signal 
produced by neuron j at iteration n define as  

)()()( nyndne jjj     (2.1) 

where )(nd j is coveted output and )(ny j  is the actual output 

from neuron j at iteration n. 
Cost function-The universal cost function depends on error 

energy produced by the network model at each level of result. 

The error energy measured for neuron j is )(
2

1 2 ne j  and the 

entire error energy comes from all neurons in the output layer 
of the network as )(n [36,37] formed by 
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In the equation (2.2) C adverted to the set of all neurons in the 
last layer of the network. In this study thirteen patterns of 
bacterial species has been used to trained this network model, 
so the average squared error energy will calculate by addition 
of all error energy obtain in the equation (2.2) and then it is 
divided by the number of patterns used in the network [38], 
which is defined as 
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Where N implies the number of patterns which is13in this work 

and av is the cost function used to measure the learning 

performance.  
Now we need to reduce the error obtain from each neuron's 
outcome and it is possible by updating weight vectors through 
the backward pass in each time of iteration. Weight vectors in 
this intelligent neural network model have updated by 
stochastic gradient descent (SGD) technique [36]. The small 

correction in synaptic weight vector )(nw ji  by )(nw ji
define as  
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Where  the learning-rate was assigned in this network and 

was unchanged throughout the training process of fixed no. of 
epochs. Back-propagation technique uses the partial 
derivative to correct weight vectors at all layers in the network 
and it happens through chain rule of calculus, shown as  
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Forward and backward propagation techniques were used 
through two layered network to train the INN model and saved 
the weight vectors in database. The same input vectors 
applied in the trained INN and save the minimum outcome 
value into database. Less input vectors apply into trained INN 
model and compare the maximum possible outcome (Ʈ) with 
and  minimum saved outcome (ƭ)  and if Ʈ >= ƭ then it will be 
predicted exact possible outcome otherwise nothing will be 
predicted.  
 
3.2 Flowchart 

 
 
 
 
 
 

 
 
 

3.3 Data Representation 
The features of unknown organisms were extracted from 
Bergey’s manual and encoded by binary value 0 and 1 
(0=Negative and 1= Positive). In this study, only four features 
were collected from Bergey’s manual [40] which is shown in 
the table-2. These features were encoded into binary values 
for preparing an input vector for training to the proposed INN 
in table-3. 
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Table-1: An overview of thirteen disease causing organism and their 
cultural characteristics noticed in incubate for 24 to 72 hours at 

37°CSource: Cappuccino and Sherman, 2009. 
 

 
Table-2: Disease causing organisms and their biochemical reactions, 

Source: Cappuccino and Sherman 2014. 

 
 
 
 
 
 
 

Table-3: Input vector of binary value [1= positive, 0=negative] for training 
to the proposed INN model of thirteen pathogenic bacteria. 

 

 
3.5 Experiment and Analysis  
The propose INN model has been used to classify thirteen 
unknown organisms based on their essential features and the 
outcome generated by the model has been analyzed in this 
section. This paper mainly focused on the realistic decision 
making by neural network; when the number of inputs is less 
than the trained inputs. The INN was trained four times by 
changing learning rate and epochs for getting prominent 
decision in bacteria classification. In this study taken thirteen 
unknown organisms from Bergey’s manual [40] and their 
essential features such as: Gram Stain, Litmus Milk Reaction, 
Sucrose, and H2S Production were collected and prepared as 
input vector for training to the INN. The proposed model 
leverage to distinguished thirteen unknown organisms 
separately and if applied inputs very less respect to the trained 
inputs then it makes a decision like human. Entire experiment 
was done through measuring the Sum Squared Error(SSE) 
and followed its magnitude gradually drop down by varying 
learning rate and epochs in the same proposed model.   
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Here N is indicated thirteen medically important bacteria those 
are played a key role in human health and L is number layers 
which is two. All the observational data at the training time of 
INN has been stored in the Table-4. 
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Table-4: Comparison of four training processes through INN model by 
varying learning rate and epochs to get less SSE for best identification of 

bacteria in Table-1. 

 
In the above table it was noticed that the SSE was decreasing 
by increased of learning rate up to 0.02 for fixed epoch 10000 
but SSE was gone up when we applied learning rate 0.05 by 
that epoch. On the other side do trained the proposed INN by 
fixed epoch 100000 and increased the same learning rate as 
previous the SSE was decreased up to 0.002056. In the 
comparison of both epochs 10000 and 100000 respectively on 
learning rate 0.05 it was shows the SSE 0.330504 and 
0.002056 respectively, so the value 0.002056 is very less than 
the other one. The proposed INN provides the prominent result  

 

on the training of learning rate 0.05 and 100000 epochs. The 
time was taken few more seconds in 100000 epochs than the 
epochs 10000 in training to the INN with 0.05 but the 
prediction accuracy almost best in 100000 epochs. 
Comparison of SSE for both epochs has been figured out in 
following Figure 1 to 4; where two different color curves 
depicted downfall of SSE in training. In figure 1 the curve, 
Series1 is drawn when learning rate 0.01 and epochs 10000 
and in that figure another curve, series2 is drawn for same 
learning rate and 100000 epochs; considering both the curves, 
it is decided that SSE is being saturated in series2 and value 
is about to 0.011.  In figure 2 the curve, Series1 is drawn when 
learning rate 0.015 and epochs 10000 and in that figure 
another curve, series2 is drawn for same learning rate and 
100000 epochs; considering both the curves, it is decided that 
SSE is being saturated in series2 and value is about to 0.006. 
In figure 3 the curve, Series1 is drawn when learning rate 0.02 
and epochs 10000 and in that figure another curve, series2 is 
drawn for same learning rate and 100000 epochs; considering 
both the curves, it is decided that SSE is being saturated in 
series2 and value is about to 0.004. In figure 4 Series1 is 

Figure 1: SSE plotted for 10000 and 100000 epochs by Series1 and 

Series2 respectively; where learning rate 0.01 

Figure 3: SSE plotted for 10000 and 100000 epochs by Series1 and 

Series2 respectively; where learning rate 0.02 

Figure 2: SSE plotted for 10000 and 100000 epochs by Series1 and 
Series2 respectively; where learning rate 0.015 

Figure 4: SSE plotted for 10000 and 100000 epochs by Series1 and 
Series2 respectively; where learning rate 0.05 
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drawn when learning rate 0.05 and epochs 10000 and in that 
figure another curve, series2 is drawn for same learning rate 
and 100000 epochs; considering both the curves, it is decided 
that SSE is being saturated in series2 and value is about to 
0.002. In comparison of all these figures the SSE value is 
about to zero for the learning rate 0.05 by applied epochs 
100000, it has been taken as final training for the INN to 
classify the bacteria prominently.  The confusion matrix has 
been shown in Table-5 for all the bacterial classes and their 
classification accuracy. To calculate the prediction accuracy by 
the relation of the matrix as: 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 
Where TP and TN refers true positive and true negative 
respectively; on the other side FP and FN refers false positive 
and false negative in the above accuracy calculate equation. 
Overall accuracy has been calculated on the confusion matrix 
(Table-5) and gets the approximate value 97.11%, which is 
always point out as best prediction result. 
  

Table-5: Confusion matrix of classified bacteria by INN when it was trained by 0.05 learning rate with 100000 epochs 

 
In the Table-5 numeric label has been considered in the place 
of bacterial species are as 1) Escherichia coli, 2) Enterobacter 
aerogenes, 3) Klebsiella pneumonia, 4) Shigella dysenteriae, 
5) Salmonella typhimurium, 6)Proteus vulgaris, 
7)Pseudomonas aeruginosa, 8)Alcaligenes faecalis, 
9)Staphylococcus aureus, 10)Lactococcus lactis, 
11)Micrococcus luteus, 12)Corynebacterium xerosis, and 
13)Bacillus cereus. Eventually compared the performance of 
INN with conventional ANN regarding same set of features of 
the bacterial species taken as consider in this research. The 
conventional ANN was trained as the same way INN was 
trained and saved its weight vectors in database. Performance 
was compared on the basis of prediction accuracy and the 
time consumed to prepare the final outcome which is shown in 
Table-6. Applied same set of input features on both trained 
models to observe the outcome, where convetional ANN was 
generated result as whole set of bacterial species with 

percentage of prediction as well but INN was generated only 
one result. Respect to time taking for decision making; the INN 
was always taken less time in comparison with conventional 
ANN. For the set of inputs Rod/-, Acid and AG applied to ANN 
model it was shown all bacterial species with their percentage 
of prediction, where Klebbsiella pneumoniae species was 
predicted 82.45% and it was the highest value of prediction 
but we cannot confirm this species was right; whereas the 
same set of inputs to the INN it was shown no prediction. 
Another set of inputs Rod/-, Acid, Curd+/- and Gas+/- applied 
to both trained models, conventional ANN was shown all 
bacterial species with their percentage of prediction, where 
Escherichia coi was predicted 99.37% and the same 
prediction had been made by INN but time was taken less in 
respective to ANN. 
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Table-6: Compare the predicted outcome between two models by using same features of bacterial Species 

 
4. CONCLUSION 
INN revealed a new dimension over conventional artificial 
neural network in object classification. It was bit confusing to 
the user to get decision on prediction, when less feature 
vectors were applied in trained ANN. The proposed INN is 
robust in decision making on paucity of input features apply to 
trained network. It would always show prominent outcome 
without confusing the user. In multi objects classification this 
neural network perform a key role by generating only one 
decision; whether it would predicted exactly what likely the 
object or display a message if not likely possible. In this paper 

INN has been used in classification of medically important 
bacteria as well, and where as prediction accuracy upto 
97.11%. It would help to the laboratory user to identify exact 
bacterial species by essential biochemical property in shortly. 
This INN can be used in future to classify any objects and get 
prominent decision on prediction.  
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