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ABSTRACT

A market basket in principle, mines/applies a variety of rules that tries to associate a set of items
sold together and thus, generate sales transaction data in volumes daily. Its outcome is to provide
users with adequate data against the issue of unnecessary item stock-up or inventory stock-out;
Thus, averting un-needed demurrage, and provide clients with better decision and improved
services. With such itemset (as a basket) seen to be time-bound, client-behavior over time does
framework forecast, product that are commonly purchased vis-a-vis the itemset combination called a
basket. We must also account for change in the features of a product vis-a-vis a corresponding
change in shelve placement of the item - even as consumers change about their selected itemsets
combination(s). Thus, our study explores a time-clustering algorithm that exploits (and mines) the
Delta Mall (ShopRites) datasets to examine purchase behavior, preferences, and the frequency of
itemset combination for each customer. For this model, we generated an average of 162-rules; And
the results showed that previous basket items by random customers allow the selection purchase of
items of similar value as best combined due to its shelf-placement using the concept of feature drift.

Keywords; TiSPHIMME, Time Series, Hidden Markov Ensemble, Basket Analysis, Internet, Algorithms

1. INTRODUCTION

The inventory demand-supply chain and its management continue to ripple various data that must
be collated and processed across many businesses. With much of such data unprocessed, yields
various range of complications. This has thus, continued to attract the attention of many
researchers. With various heuristics, methods, and models used by researchers, many studies still
ensue in a bid to seek better alternatives (Avinadav, 2020; Chenavaz & Pignatel, 2022; Ojugo &
Eboka, 2019).
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Market basket is a data mining method that identifies products that are purchased at the same time
on each transaction. It outputs a set of rules that indicate the products that are purchased at the
same time and used in prediction (Saxena & Rajpoot, 2021; Sheen et al., 2021). The rules
generated by MBA are association rule(s) of the form: If antecedent (A), then consequent (B). Each
rule is equipped with a support level that indicates the number of transactions containing A and B
and a confidence level that is a measure of accuracy which is the rule of association rules. Each rule
is also equipped with an expected condition and a lift, so that for each antecedent (A) and
consequence (B), both the support, confidence, expected confidence, and lift are expressed in (1-4)
respectively using Figure 1 (Coscia et al., 2016). If we define h c {1,2,...,Pland A, B c h - so that AU
B =h,and AN B = (. Then, we have that (Aghware et al., 2023b, 2023a; Barbu, 2013; Ojugo &
Eboka, 2021; Russell & Urban, 2010):

No.of T tions A& B
P(h) = P(4.B) = o.of Transactions B

No.of Transactions

Equation (1). P(h) is prevalence or support and yields how often the combination A and B co-occurs.

P(h) No.of Transactions A& B
P(A)  No.of Transactions A

P(B4) = (2)

Equations (2). P(B]A) is the confidence value that yields the confidence that item B appears in the
basket given A is already in the basket. Thus, we use the rule A > B.

P(B)  No.of Transactions B

P(A|B) = =
418 P(h) Number of Transactions

(3)

Equation (3). P(A)P(B) expected confidence yields the confidence on how frequently items A and
items B co-occur in the number of times that item B is chosen and placed in the basket.

Confidence

Lift = (4)

Expected Confidence

Finally, Equation (4). L(A, B) lift of the rule A - B yields a measure of how much more confident we
are in item B given that we see item A in the basket (Ibor et al., 2023; Li et al., 2021; Malasowe et
al., 2023; Ojugo & Yoro, 20214a; Oladele et al., 2024; Shroff et al., 2021).

X.Y
Sppore = PHED)

/

Rule: X =Y e C'anﬁdence:w

\ Fra(X)
Support

= Supp(X) = Supp(Y)
Figure 1. Schematic representation of a rule
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2. MATERIALS AND FRAMEWORKS

2.1 Predictive Clustering Approach Using Time Series Dataset

A time series is a set of sequential observations in time that are typical, and dependent. The time
series analysis is primarily, concerned with the method of such dependence. The goal of the time
series analysis is to model a process that generates the data, provide a compact description, and
understand the generating process (Huang et al., 2021; A. Patil & Gupta, 2017; Zhao et al., 2020).
To allow for the possibly unpredictable nature of future observations, the selection of a probability
model for processing is very important. Albeit, a time series model for observed data {xt} is the
specification of the joint distribution of a sequence of random variables {Xt} of which {xt} is
postulated to be a realization.

It refers to the use of a model to forecast future values of the series, based on known past values
before they are measured (Reyes & Frazier, 2007). A time series consists of many underlying
components - some of which, are predictable; and others, random or difficult to predict.
Decomposing a series to analyze the behavior of each component - helps to improve the accuracy of
its forecast. A variety of time series models can be used such as exponential smoothing,
autoregressive integrated moving averages, etc (Kaur & Kang, 2016; Tomar & Manjhvar, 2015). The
predictive model seeks to construct systems that predict the target property of an object from the
given description of an object (Ojugo & Otakore, 2018b). The models learned apriori from sets of
examples denoted as (D, T) - where D is the object's description, and T is the target property value.
Clustering conversely, seeks to group objects into subsets of objects (clusters) similar to these
descriptions D; But, they have no defined target property (Fatima & Pasha, 2017; Ojugo & Otakore,
2018a). Predictive clustering seeks to combine elements of prediction and clustering. Thus, it seeks
clusters of examples similar to each other - having both a description D and target property T parts.

Predictive models are associated with each cluster - as it assigns new instances to clusters based
on a description D, yielding a prediction for the target property T. A decision tree (i.e. a predictive
clustering tree) is one in which each node represents a cluster. The conjunction of conditions on the
path from its root to a node gives each cluster's description. Essentially, each cluster has a symbolic
description in form of a rule (IF conjunction of conditions THEN cluster), while the tree structure
represents the hierarchy of clusters (Eboka & Ojugo, 2020; Ojugo & Eboka, 2018a).

2.2. Market Basket Analysis

Association rule mining (or affinity analysis) is a method commonly employed in retail marketing for
market basket analysis. It helps business managers and retailers to easily find and place (side-by-
side on the shelf) products that are commonly (and/or seemingly) purchased together to improve
sales. These products are often placed thus for eased identification and to enhance cross-selling or
combined-selling opportunities, better manage the inventory as well as optimize the store layout
(Kaur & Kang, 2016; Ojugo & Yoro, 2021b). By no small feat, association rule mining is the most
widely and commonly accepted standard/method for Market Basket Analysis; But, many argue that it
is not always the best suitable method for analyzing big market-basket data. When, there is a large
volume of sales transactions with a high number of products, phase-off of old items and requisite
replacement of new counterpart products, and time-varying demand-supply chain (with the concept
of feature drift and feature evolution), the data matrix to be used for association rule mining usually
ends up large and sparse, resulting in longer time to process data as well as generation of trivial
rules with little insight (Ojugo & Otakore, 2020b; Shiokawa et al., 2016).
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MBA is a subset of market research that researchers are now paying special attention to with more
detailed [6]. ANN was used to predict inventory stock proving that ANN offers benefits like
computational efficiency, more accuracy, and saving time (Chenavaz & Pignatel, 2022). That most
models cannot discover important purchase patterns if there are multiple stores. Others converted
all market baskets into the maximum-weighted problem to discover the large item patterns (Li et al.,
2021). Some studies used an optimization model for shelf-space management problems in which
products are grouped into families so that the location of each family was determined using the
cataloging method. They considered shelf location effect on sales; But, did not attend the cross-
selling effect. Thus, they did not use the purchase data. Another study proposed a method for
dealing with shelf-space management problems that consist of two parts. The first phase used a
statistical model to measure the impact of shelf layout on sales; the second part used simulated
annealing to maximize expected total profit (S. Patil & Saraf, 2015; Shroff et al., 2021).

Another proposed a hierarchical cluster model for retail items, applying the concept of 'distance’
between the entities or, groups of entities to achieve the purpose of market-basket analysis (Saxena
& Rajpoot, 2021). While using the memetic model-based solution using the deep learning neural
network. A total of 56-rules were generated for each solution approach, and the top rules had a
fitness range [0.8, 0.865]. 22-out-of-56 rules have a profile for candidate itemset 3 and above so
that the rules search for groups of 3 and above itemset. This increases the chances of detecting
basket data and also improves the generality of rules, providing the ability for new itemset and
corresponding generated rules - to be added to the knowledgebase (Coscia et al., 2016).
Conversely, (Avinadav, 2020) used the moving average model for a company with fluctuating
demand, proving that the moving average can accommodate rapid changes in data; And is quite
suitable for companies with conditions of a high variety of products and raw materials. But, the
method is less appropriate when used to predict long-term predictions. In place of extending these
fields, other studies include the exponential smoothing model (Ojugo & Eboka, 2018c), Brown
method (Zhao et al., 2020), and Box-Jenkins auto-regressive integrated moving average (Ojugo &
Otakore, 2020b; Sheen et al., 2021).

2.3. Problem Description

Consider market data logs of items purchased by a customer. Retailers seek to maximize the
interestingness of the product placement and arrangement on shelves. The location of items on
shelves prevail that item clustering via trend profile will help retailers maximize the cross-selling
effect of items. Studies have also shown that the location of shelves has a great impact on the
selling rate of items. So, the preference function of the retailer depends on these parameters: selling
benefit, support and confidence of each pair of items, and the selling possibility of each item from
shelves. These parameters are thus integrated into the preference function (pf) as shown in Eq. 5
(Reyes & Frazier, 2007; Sheen et al., 2021):

m-1[ m p
pf = | D |G+ G D v+ brvirond || 5)
i=1 | I=i+1 k=1

m is the number of items, p is the number of shelves, Ci is the confidence of a rule (item i — item /),
bi is the selling benefit of the ith item, vi is the selling possibility of item i when placed into kth-shelf,
and xix is binary decision variable with a value of 1 if the item i is allocated to shelf k; Else, value is O.
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But, (Ojugo & Eboka, 2018c) notes that some restrictions limit preference function value such as the
capacity limitation (cl) of each shelf. This must be considered as a constraint as thus in Eq. (6) where
Uk is the capacity of the kth-shelf. The second constraint is the association constraint such that
support of rule (item i — item I) must be greater than the minimum threshold. The goal function and
constraints are non-linear functions, and the decision variable is binary. Thus, we are dealing with a
rough feasible space that increases the probability of being trapped at the local optimum. Thus, we
use the clustering model as an alternative to rule mining (Bahl et al., 2019; Jung et al., 2021).

m
cl = Z-’CER = Uy withk=12,..P (6)
i=1

2.4. Dataset Used

This study wishes to discover important purchase patterns of the customer when and where there
are multiple stores as well as help optimize itemset on shelf placement and management. We thus
use the time-series clustering heuristics to help us ensure: (a) all datasets of items obtained via
cross-selling and combination-effect are grouped into families with baskets classified into the
weighted problem to help discover the large item patterns, (b) finding a maximization problem
ensures that with products grouped into families, location of each family on the shelf is determined
via category-based cataloging method. This, will account for the shelf-location effect on sales as well
as ensure that the maximal impact of the shelf-space management and layout on sales is exploited,
and (c) the profile clustering method will ensure that the cross-selling effect of items is accounted for
and will help maximize expected total profit (Khaki et al., 2020; Khaki & Wang, 2019).

Table 1 shows a binary coded market basket dataset of items as co-selected off the various shelves
and placed in the basket at the same time. For example, Category 1 for Item 1 has a prevalence of
0.81. This implies that there is an 81% chance that items 1, 2, 6, and 8 are picked from shelf SO1
and placed in the basket. The Delta Mall market basket dataset was employed to simulate the model
as well as yield cum describe the proposed model-based solution. Thus, the system shows eight
items that must be allocated to four shelves. Also, based on the shelves' positions, each shelf has a
different impact on the selling possibility of allocated goods, and these possibilities were determined
by economists and experts as presented in Table 1.

Table 1. Binary representation of the 4-basket/category values

ltems 1 3 5 6

Category 1
Category 2
Category 3
Category 4

©O B B O O
O r O r O »
©O B B b O
B O O O k

Category 5

© O r O O B
O r O O L BN
O r O B B+ O N
©O r O Fr O R ®
© o r O r O ©
r O B »r B O

O r O O O O

Category 6

(Authors’ processing and translation)
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2.5. Motivation / Statement of Problem

Despite the numerous benefits offered by previous studies, market basket analysis still faces big

challenges, particularly with the concept of drift and feature evolution (Ojugo et al., 2023; Ojugo &

Nwankwo, 2021; S. Patil & Saraf, 2015; Saxena & Rajpoot, 2021; Shroff et al., 2021):

1. Classifying transactional data will continue to pose issues to retailers due to the phase-off of old
products, the introduction of new products, replacement substitutes, etc. It consequently yields
infinite possibilities of cross-selling options; This makes it impractical to store and use historic
data for training. A naive solution is to seek itemsets in each basket, store them assiduously and
run an algorithm to find the most frequent pairs. These solutions, however, are impractical as
many market baskets contain billions of different item pairs (combination). It is plausible to
expect that certain pairs are much more popular than others. Thus, the need for a clustering
model (Ojugo et al., 2013, 2021a; Ojugo, Aghware, et al., 2015b; Ojugo & Eboka, 2020a).

2. Previous research on transactional data makes stationary assumptions through training cum
testing associative rule mining algorithms on observed datasets acquired from the same
population. This deprives the model of the needed flexibility to adapt to non-existent data not
there from outset, and the robustness required to handle feature evolution and concept drift
inherent in transactional dataset streams (Ojugo et al., 2015; Ojugo & Eboka, 2014).

3. Study is necessitated by the increasing need for portable computing and market basket models
for such platforms with its major consideration as limited speed and memory of such computing.

Our goal is to use a profile solution to ensure: (a) concept of distance between items are retained, (b)
sales quantities of commonly purchased items are positively correlated, (c) with sales quantities of
these items observed over different times, what trend series/pattern will be generated and assigned
to the same cluster - so that, each cluster contains a set of items analogous to an itemset in
association rule mining (Kang et al., 2020; Kaur & Kang, 2016). This in turn, will help to resolve the
challenges of feature evolution and concept drift with product location on shelf placement (Lobato,
2018).

2.5. The Experimental Time Series Profile Hidden Markov Ensemble (TiSProHiIMME)

The profile HMM as a variant of the fundamental HMM (a) makes explicit use of positional
(alignment) data contained in the observations or sequences (Ojugo & Oyemade, 2021), and (b) it
allows null transitions, where necessary so that the model can match sequences that include
insertion and deletions. Used in basket analysis, O is each transaction rule, T is the time the
transaction took place, N is the number of transactions in the (hidden) Markov model, o is the
alphabet of the model, and M is the number of symbols in the alphabet, m is the initial state of
transactions database,

A is state transition probability matrix, a; is the probability of a transition from the state i to j, B
contains N-probability distributions for the transactions in the knowledgebase (one transaction per
state of the Markov process) (Cao & Guo, 2017; Eboka & Ojugo, 2020; Ojugo & Yoro, 2013; Prey,
2018). Thus, we have that HMM = (4, B, m). Note that though, the parameters for HMM details are
incomplete as above; But, the general idea is still intact (Meier & Manzerolle, 2019; Ojugo et al.,
2014; Ojugo & Eboka, 2020c; Reyes & Frazier, 2007; Saura et al., 2019).

The experimental time series profile hidden Markov ensemble (TiISPHIMME) consists of transaction
rules that are aligned as a sequence with significant relations as in Figure 2. The output sequence
helps to determine if an unknown transaction is related to a sequence belonging to a class.
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We then use the profile, HMM to score transactions and make a decision. Circles are delete state for
unclassified transactions, diamonds are insert states that allow gaps in transactions upon which the
knowledgebase is updated; while, rectangles are matched states that accurately classifies
transaction into class type as in the standard HMM (Ojugo & Eboka, 2019). Match and insert are
emission state observations made as PHMM passes via the states. Emission probabilities
corresponding to B in an HMM model is computed based on the frequency of symbols (transaction
and their amounts) emitted at a particular state (and position-dependent), in contrast to standard
HMM. Finally, delete states allow the model to pass through the gaps, existing in the network to
reach other emission states (Avinadav, 2020). These gaps are necessary for the model to help
prevent it from over-fitting of data. To calculate probabilities for each possible case, we use the
forward algorithm recursively by reusing scores calculated for partial sequences via (7-9) as thus
(Ojugo & Eboka, 2019, 2020b):

> End

Begin > M > M > M

Figure 2. PHMM with 3-match states (Source: (Ojugo, Eboka, et al., 2015a; Ojugo et al., 2021b))

eM;(x;
J(. i) + log(aM;_ Mj exp (Fjﬂfl(i - I)) + alj_1 Mj exp (Ff_l(i _ I))
L

+ aDj_1M;exp (I*}Iil(i — 1)) (7)

FjM = Lag

el; (x;) . .
Fl = Log? + log(aM;I; exp (ﬂM(L — 1)) + aljljexp (FJ'.-I(E — 1)) + aD;I; (8)

L
FP = log(aM;j_1D;j exp (ﬂnfl(i)) + alj_1Djexp (F}I_l(i)) + aDj_1 Dj exp (1’*}21({)) 9
With the large volume of sales transactions and a high number of items combination as well as item
phase-off and replacement in the time-varying demand-supply chain, employing the data matrix for

association rule mining becomes large and sparse. Thus, it will result in longer processing time and
the generation of trivial rules of little insight.
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We employed a clustering approach on transaction data formatted as time series - as a superior
alternative (to association analysis) for the following reasons (Camargo & Young, 2019; Ojugo,
Eboka, et al., 2015b; Okobah & Ojugo, 2018):

1. A data matrix required by association analysis becomes very large when there are many sales
transactions and products. Data matrix becomes sparse if each transaction involves the sales of
only a few products (Ojugo & Oyemade, 2021; Oyemade & Ojugo, 2020).

2. Conversely, trend clusters are consistent with time series sales transactions that can result in a
substantially smaller data set that requires less time to process (Ojugo & Otakore, 2021,
Oyemade et al., 2016; Oyemade & Ojugo, 2021).

3. Time series clustering can be used to identify products that are commonly purchased across a
certain period. Such patterns are otherwise hard to discover using association rule mining, which
analyses transactions without temporal consideration (Allenotor et al., 2015; Allenotor & Ojugo,
2017; Mustofa et al., 2023; Ojugo & Otakore, 2020a; Ojugo & Yoro, 2020).

3. FINDINGS AND RESULT DISCUSSION

3.1. Ensemble Evaluation

Figure 3 shows time convergence for TISPHIMME against known successful ensembles. It takes an
average 6-epochs for the proposed models to yield optimal solution convergence in 16-seconds;
while, rule-processor, GA, and GANN yields an approximate 32-epochs with 133seconds, 13-epochs
with 102seconds, and 9-epochs 32seconds respectively. It is seen that the experimental TiISPHIMME
outperforms the other ensembles. And agrees with (Okonta et al., 2014; Wemembu et al., 2014;
Yoro & Ojugo, 2019a, 2019b).

Time Convergence

Mean Convergence Time Secs

1I2I3I4 Slﬁl?ISIQIIO 11I12I13I14:
Epoch /Number of Runs
Figure 3. Time convergence on the datasets

3.2. Classification Accuracy and Convergence Time

The issues in concept drift and evolution shift, other major concerns include itemset allocation
shelves, shelving arrangement, etc. These attributes to the selling benefit of the various combination
of itemsets. In maximizing the expected selling, the itemset with the higher benefits must be
allocated to shelves with higher selling possibilities and with a certain shelf placement and
arrangement. While table 2 shows that the itemset of Category 1 data family (i.e. C1-1) has an 81%
prevalence chance of being purchased alone. It agrees with (Cao & Guo, 2017; Izang et al., 2020;
Ojugo & Otakore, 2021). C1-2 implies itemset of Category 1 data-family has a 41% chance of being
placed in the common basket etc.
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The basket dataset was used to simulate and yield the proposed model-based solution in agreement
with showing eleven items that must be allocated into six categories. Studies also reveal that based
on shelve positions, each shelf has a varying and different impact on the selling possibility of
allocated goods - as determined by economists and experts as presented in Table 1. This agrees
with (Coscia et al., 2016; Ojugo & Eboka, 2018b; Ojugo & Ekurume, 2021hb, 2021a).

p! 11!

(p)_k‘(p !~ 6l (11— 6)!

= 462 cross — selling

Table 2. Category cross-selling possibility of item families

1 2 3 4 5 6 7 8 9 10 11

0.8 0.4 0.1 0.9 0.2 0.2 0.3 0.8 0.7 0.4 0.5
0.5 0.2 0.5 0.1 0.9 0.7 0.1 0.2 0.4 0.3 0.2
0.3 0.8 0.6 0.2 0.2 0.2 0.1 0.1 0.6 0.2 0.9
0.5 0.7 0.1 0.5 0.3 0.4 0.0 0.4 0.5 0.1 0.4
0.4 0.1 0.0 0.9 0.1 0.2 0.1 0.2 0.7 0.2 0.8
0.5 0.5 0.5 0.0 0.3 0.2 0.7 0.2 0.6 0.4 0.3

DO, WNRO

Tables 3 and 4 shows the support and confidence simulated values of the itemsets - noting support
combination of itemsets that sells better in common, and confidence with which the combo group as
a category allows them to be sold. The number of sets of size k picked from p items yields. This
agrees with (Christopher & Lee, 2004; Izang et al., 2019; Martin-Herran et al., 2006; Ojugo & Eboka,
2019, 2020b; Okonta et al., 2013; Yoro, Aghware, Malasowe, et al., 2023).

Table 3. Support values of dataset item families (Si)

Ca 1 2 3 4 5 6 7 8 9 10 11

C1 0.4 0.3 0.1 0.0 0.1 0.2 0.1 0.4 0.9 0.2 0.6
Cc2 0.0 0.3 0.1 0.1 0.2 0.3 0.1 0.2 0.3 0.3 0.5
C3 0.0 0.0 0.4 0.1 0.2 0.1 0.3 0.3 0.4 0.3 0.4
C4 0.0 0.0 0.0 0.4 0.1 0.0 0.1 0.2 0.7 0.1 0.3
C5 0.0 0.0 0.0 0.0 0.6 0.2 0.2 0.1 0.5 0.2 0.2
C6 0.0 0.0 0.0 0.0 0.0 0.9 0.2 0.2 0.3 0.3 0.1

Table 4. Confidence values of simulated data (Ci)

1 2 3 4 5 6 7 8 9
C1 1 0.52 0.43 0.24 0.35 0.49 0.13 0.10 0.27
Cc2 0.52 1 0.35 0.25 0.63 0.03 0.21 0.30 0.45
C3 0.43 0.33 1 0.20 0.38 0.39 0.13 0.21 0.36
C4 0.23 0.24 0.20 1 0.67 0.32 0.13 0.12 0.12
C5 0.36 0.65 0.39 0.67 1 0.88 0.31 0.26 0.32
C6 0.49 0.01 0.41 0.32 0.87 1 0.11 0.16 0.23
Cc7 0.11 0.19 0.10 0.12 0.29 0.10 1 0.23 0.43
C8 0.09 0.32 0.19 0.11 0.26 0.16 0.24 1 0.55

C9o 0.01 0.21 0.29 0.19 0.32 0.23 0.34 0.54 1
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4. CONCLUSION

Our profile trend clustering-based model cum solution used for classification of market basket data
yields robust optima in the shortest amount of time for such a dynamic and complex task. The rule
helps to yield a better binary combination of data values in the model. The cluster model exploits the
Delta Mall dataset to yield optima with appropriate parameter selection that must be encoded via
model's structured learning (Acemoglu et al., 2006; Akazue et al., 2022, 2023; Ojugo, Aghware, et
al., 2015a, 2015b; Yoro, Aghware, Akazue, et al., 2023). This, helps us to address the issues of
profile score criterion for parametric dependencies imposed on the model by stochastic heuristics
adopted, and resolve conflicts imposed with dataset encoding. The multi-agent model implies that
the agents seek to create their own behavioral rules on the dataset used. Thus, the model requires a
profile to artificially or arbitrarily bring back candidate solutions (generated rules) within the
boundaries so that itemsets are classified within the limit range.

REFERENCES (

Acemoglu, D., Bimpikis, K., & Ozdaglar, A. (2006). Price and capacity competition: Extended abstract.
44th Annual Allerton Conference on Communication, Control, and Computing 2006,
3(December), 1307-1309.

Aghware, F. O., Yoro, R. E., Ejeh, P. O., Odiakaose, C. C., Emordi, F. U., & Ojugo, A. A. (2023a).
DeLClustE: Protecting Users from Credit-Card Fraud Transaction via the Deep-Learning Cluster
Ensemble. International Journal of Advanced Computer Science and Applications, 14(6), 94-
100. https://doi.org/10.14569/1JACSA.2023.0140610

Aghware, F. O., Yoro, R. E., Ejeh, P. O., Odiakaose, C. C., Emordi, F. U., & Ojugo, A. A. (2023b).
Sentiment analysis in detecting sophistication and degradation cues in malicious web contents.
Kongzhi Yu Juece/Control and Decision, 38(01), 653.

Akazue, M. 1., Ojugo, A. A,, Yoro, R. E., Malasowe, B. 0., & Nwankwo, O. (2022). Empirical evidence of
phishing menace among undergraduate smartphone users in selected universities in Nigeria.
Indonesian Journal of Electrical Engineering and Computer Science, 28(3), 1756-1765.
https://doi.org/10.11591/ijeecs.v28.i3.ppl1756-1765

Akazue, M. I, Yoro, R. E., Malasowe, B. 0., Nwankwo, 0., & Ojugo, A. A. (2023). Improved services
traceability and management of a food value chain using block-chain network: a case of
Nigeria. Indonesian Journal of Electrical Engineering and Computer Science, 29(3), 1623-
1633. https://doi.org/10.11591/ijeecs.v29.i3.pp1623-1633

Allenotor, D., & Ojugo, A. A. (2017). A Financial Option Based Price and Risk Management Model for
Pricing Electrical Energy in Nigeria. Advances in Multidisciplinary & Scientific Research Journal,
3(2), 79-90.

Allenotor, D., Oyemade, D. A., & Ojugo, A. A. (2015). A Financial Option Model for Pricing Cloud
Computational Resources Based on Cloud Trace Characterization. African Journal of Computing
& ICT, 8(2), 83-92. www.ajocict.net

Avinadav, T. (2020). The effect of decision rights allocation on a supply chain of perishable products
under a revenue-sharing contract. International Journal of Production Economics, 225,
107587. https://doi.org/10.1016/j.ijpe.2019.107587

Bahl, A., Hellack, B., Balas, M., Dinischiotu, A., Wiemann, M., Brinkmann, J., Luch, A., Renard, B. Y., &
Haase, A. (2019). Recursive feature elimination in random forest classification supports
nanomaterial grouping. Nanolmpact, 15, 100179.
https://doi.org/10.1016/j.impact.2019.100179

42



'~

"
- |
|

‘_"Dig-i‘tal Innoevations

o

C

& Contemporary Research in SCIENCE,
ENGINEERING & TECHNOLOGY

Vol. 12. No. 1, 2024 Series

Barbu, A. (2013). Eight Contemporary Trends in the Market Research Industry. Management &
Marketing, 8(3), 429-450.

Camargo, J., & Young, A. (2019). Feature Selection and Non-Linear Classifiers: Effects on
Simultaneous Motion Recognition in Upper Limb. IEEE Transactions on Neural Systems and
Rehabilitation Engineering, 27(4), 743-750. https://doi.org/10.1109/TNSRE.2019.2903986

Cao, M., & Guo, C. (2017). Research on the Improvement of Association Rule Algorithm for Power
Monitoring Data Mining. 2017 10th International Symposium on Computational Intelligence
and Design (ISCID), 112-115. https://doi.org/10.1109/1SCID.2017.72

Chenavaz, R. Y., & Pignatel, I. (2022). Utility foundation of a Cobb-Douglas demand function with two
attributes. Applied Economics, 54(28), 3206-3211.
https://doi.org/10.1080/00036846.2021.2005238

Christopher, M., & Lee, H. (2004). Mitigating supply chain risk through improved confidence.
International Journal of Physical Distribution & Logistics Management, 34(5), 388-396.
https://doi.org/10.1108/09600030410545436

Coscia, C., Fontana, R., & Semeraro, P. (2016). Market Basket Analysis for studying cultural
Consumer  Behaviour: AMTP  Card-Holders.  Statistica  Applicata, 26(2), 73.
researchgate.net/profile/Patrizia_Semeraro2/

Eboka, A. O., & Ojugo, A. A. (2020). Mitigating technical challenges via redesigning campus network
for greater efficiency, scalability and robustness: A logical view. International Journal of Modern
Education and Computer Science, 12(6), 29-45. https://doi.org/10.5815/ijmecs.2020.06.03

Fatima, M., & Pasha, M. (2017). Survey of Machine Learning Algorithms for Disease Diagnostic.
Journal  of Intelligent Learning Systems and  Applications, 09(01), 1-16.
https://doi.org/10.4236/jilsa.2017.91001

Huang, D., Lin, Y., Weng, Z., & Xiong, J. (2021). Decision Analysis and Prediction Based on Credit
Card Fraud Data. The 2nd European Symposium on Computer and Communications, 20-26.
https://doi.org/10.1145/3478301.3478305

Ibor, A. E., Edim, E. B., & Ojugo, A. A. (2023). Secure Health Information System with Blockchain
Technology. Journal of the Nigerian Society of Physical Sciences, 5(992), 1-8.
https://doi.org/10.46481/jnsps.2022.992

Izang, A., Goga, N., 0., S,, D., 0., A,, A., & K., A. (2019). Scalable Data Analytics Market Basket Model
for Transactional Data Streams. International Journal of Advanced Computer Science and
Applications, 10(10). https://doi.org/10.14569/1JACSA.2019.0101010

Izang, A., Kuyoro, S., Alao, 0., Okoro, R., & Adesegun, 0. (2020). Comparative Analysis of Association
Rule Mining Algorithms in Market Basket Analysis Using Transactional Data. Journal of
Computer Science and Its Application, 27(1). https://doi.org/10.4314/jcsia.v27i1.8

Jung, J., Maeda, M., Chang, A., Bhandari, M., Ashapure, A., & Landivar-Bowles, J. (2021). The
potential of remote sensing and artificial intelligence as tools to improve the resilience of
agriculture  production systems. Current Opinion in Biotechnology, 70, 15-22.
https://doi.org/10.1016/j.copbio.2020.09.003

Kang, Y., Ozdogan, M., Zhu, X., Ye, Z., Hain, C., & Anderson, M. (2020). Comparative assessment of
environmental variables and machine learning algorithms for maize yield prediction in the US
Midwest. Environmental Research Letters, 15(6), 064005. https://doi.org/10.1088/1748-
9326/ab7df9

Kaur, M., & Kang, S. (2016). Market Basket Analysis: Identify the Changing Trends of Market Data
Using  Association Rule  Mining. Procedia  Computer  Science, 85, 78-8b5.
https://doi.org/10.1016/j.procs.2016.05.180

43



| Innovations

a ™1 . . .
L) g1t
4 Digital I

P & Contemporary Research in SCIENCE,

ENGINEERING & TECHNOLOGY
Vol. 12. No. 1, 2024 Series

C

Khaki, S., & Wang, L. (2019). Crop Yield Prediction Using Deep Neural Networks. Frontiers in Plant
Science, 10. https://doi.org/10.3389/1pls.2019.00621
Khaki, S., Wang, L., & Archontoulis, S. V. (2020). A CNN-RNN Framework for Crop Yield Prediction.
Frontiers in Plant Science, 10. https://doi.org/10.3389/fpls.2019.01750
Li, X,, Qi, X., & Li, Y. (2021). On sales effort and pricing decisions under alternative risk criteria.
European Journal of Operational Research, 293(2), 603-614.
https://doi.org/10.1016/j.ejor.2020.12.025
Lobato, R. (2018). Rethinking International TV Flows Research in the Age of Netflix. Television & New
Media, 19(3), 241-256. https://doi.org/10.1177/1527476417708245
Malasowe, B. 0., Akazue, M. |., Okpako, E. A., Aghware, F. O., QOjie, D. V., & Ojugo, A. A. (2023).
Adaptive Learner-CBT with Secured Fault-Tolerant and Resumption Capability for Nigerian
Universities. International Journal of Advanced Computer Science and Applications, 14(8),
135-142. https://doi.org/10.14569/1JACSA.2023.0140816
Martin-Herran, G., Taboubi, S., & Zaccour, G. (2006). The Impact of Manufacturers’ Wholesale Prices
on a Retailer's Shelf-Space and Pricing Decisions*. Decision Sciences, 37(1), 71-90.
543-561.

https://doi.org/10.1111/j.1540-5414.2006.00110.x

Meier, L. M., & Manzerolle, V. R. (2019). Rising tides? Data capture, platform accumulation, and new
monopolies in the digital music economy. New Media & Society, 21(3),
https://doi.org/10.1177/1461444818800998

Mustofa, F., Safriandono, A. N., Muslikh, A. R., & Setiadi, D. R. I. M. (2023). Dataset and Feature
Analysis for Diabetes Mellitus Classification using Random Forest. Journal of Computing

Theories and Applications, 1(1), 41-48. https://doi.org/10.33633/jcta.v1i1.9190

Ojugo, A. A, Aghware, F. O., Yoro, R. E., Yerokun, M. O., Eboka, A. O., Anujeonye, C. N., & Efozia, F. N.

(2015a). Dependable Community-Cloud Framework for Smartphones. American Journal of
Networks and Communications, 4(4), 95. https://doi.org/10.11648/j.ajnc.20150404.13
Ojugo, A. A, Aghware, F. O., Yoro, R. E., Yerokun, M. O., Eboka, A. O., Anujeonye, C. N., & Efozia, F. N.
(2015b). Evolutionary Model for Virus Propagation on Networks. Automation, Control and
Intelligent Systems, 3(4), 56. https://doi.org/10.11648/j.acis.20150304.12
Ojugo, A. A., Akazue, M. L, Ejeh, P. O., Odiakaose, C., & Emordi, F. U. (2023). DeGATraMoNN: Deep
Learning Memetic Ensemble to Detect Spam Threats via a Content-Based Processing. Kongzhi

Yu Juece/Control and Decision, 38(01), 667-678.

Ojugo, A. A., Ben-lwhiwhu, E., Kekeje, 0. D., Yerokun, M. 0., & lyawa, I. J. (2014). Malware
Propagation on Social Time Varying Networks: A Comparative Study of Machine Learning
Frameworks. International Journal of Modern Education and Computer Science, 6(8), 25-33.

https://doi.org/10.5815/ijmecs.2014.08.04
Ojugo, A. A,, & Eboka, A. 0. (2014). A Social Engineering Detection Model for the Mobile Smartphone
Clients. African Journal of Computing & ICT, 7(3). www.ajocict.net
Ojugo, A. A., & Eboka, A. 0. (2018a). Assessing Users Satisfaction and Experience on Academic
Websites: A Case of Selected Nigerian Universities Websites. International Journal of
Science, 10(10), 53-61.

Information Technology and Computer

https://doi.org/10.5815/ijitcs.2018.10.07
Ojugo, A. A., & Eboka, A. 0. (2018b). Comparative Evaluation for High Intelligent Performance
for Spam Phishing Detection. Digital Technologies, 3(1), 9-15.

Adaptive Model
https://doi.org/10.12691/dt-3-1-2
Ojugo, A. A, & Eboka, A. 0. (2018c). Modeling the Computational Solution of Market Basket

Associative Rule Mining Approaches Using Deep Neural Network. Digital Technologies, 3(1), 1-

8. https://doi.org/10.12691/dt-3-1-1
44



'~

"
- |
|

‘_"Dig-i‘tal Innoevations

o

C

& Contemporary Research in SCIENCE,
ENGINEERING & TECHNOLOGY

Vol. 12. No. 1, 2024 Series

Ojugo, A. A., & Eboka, A. 0. (2019). Inventory prediction and management in Nigeria using market
basket analysis associative rule mining: memetic algorithm based approach. International
Journal  of Informatics and  Communication  Technology (IJ-ICT), 8(3), 128.
https://doi.org/10.11591/ijict.v8i3.pp128-138

Ojugo, A. A., & Eboka, A. 0. (2020a). An Empirical Evaluation On Comparative Machine Learning
Techniques For Detection of The Distributed Denial of Service (DDoS) Attacks. Journal of
Applied Science, Engineering, Technology, and Education, 2(1), 18-27.
https://doi.org/10.35877/454ri.asci2192

Ojugo, A. A., & Eboka, A. O. (2020b). Cluster prediction model for market basket analysis: quest for
better alternatives to associative rule mining approach. IAES International Journal of Artificial
Intelligence, 9(3), 429-439. https://doi.org/10.11591/ijai.v9.i3.pp429-439

Ojugo, A. A., & Eboka, A. 0. (2020c). Memetic algorithm for short messaging service spam filter using
text normalization and semantic approach. International Journal of Informatics and
Communication Technology (1J-ICT), 9(1), 9. https://doi.org/10.11591/ijict.v9il.pp9-18

Ojugo, A. A., & Eboka, A. 0. (2021). Empirical Bayesian network to improve service delivery and
performance dependability on a campus network. IAES International Journal of Artificial
Intelligence (LJ-Al), 10(3), 623. https://doi.org/10.11591/ijai.v10.i3.pp623-635

Ojugo, A. A., Eboka, A. O., Yoro, R. E., Yerokun, M. 0., & Efozia, F. N. (2015a). Framework design for
statistical fraud detection. Mathematics and Computers in Science and Engineering Series, 50,
176-182.

Ojugo, A. A., Eboka, A. O., Yoro, R. E., Yerokun, M. O., & Efozia, F. N. (2015b). Hybrid Model for Early
Diabetes Diagnosis. 2015 Second International Conference on Mathematics and Computers in
Sciences and in Industry (MCSI), 50, 55-65. https://doi.org/10.1109/MCSI.2015.35

Ojugo, A. A., & Ekurume, E. O. (2021a). Deep Learning Network Anomaly-Based Intrusion Detection
Ensemble For Predictive Intelligence To Curb Malicious Connections: An Empirical Evidence.
International Journal of Advanced Trends in Computer Science and Engineering, 10(3), 2090-
2102. https://doi.org/10.30534/ijatcse/2021/851032021

Ojugo, A. A., & Ekurume, E. 0. (2021b). Predictive Intelligent Decision Support Model in Forecasting
of the Diabetes Pandemic Using a Reinforcement Deep Learning Approach. International
Journal of Education and Management Engineering, 11(2), 40-48.
https://doi.org/10.5815/ijeme.2021.02.05

Ojugo, A. A., & Nwankwo, 0. (2021). Spectral-Cluster Solution For Credit-Card Fraud Detection Using
A Genetic Algorithm Trained Modular Deep Learning Neural Network. JINAV: Journal of
Information and Visualization, 2(1), 15-24. https://doi.org/10.35877/454Rl.jinav274

Ojugo, A. A, Obruche, C. 0., & Eboka, A. O. (2021a). Empirical Evaluation for Intelligent Predictive
Models in Prediction of Potential Cancer Problematic Cases In Nigeria. ARRUS Journal of
Mathematics and Applied Science, 1(2), 110-120.
https://doi.org/10.35877/mathscience614

Ojugo, A. A., Obruche, C. O., & Eboka, A. 0. (2021b). Quest For Convergence Solution Using Hybrid
Genetic Algorithm Trained Neural Network Model For Metamorphic Malware Detection. ARRUS
Journal of Engineering and Technology, 2(1), 12-23. https://doi.org/10.35877/jetech613

Ojugo, A. A., & Otakore, D. 0. (2018a). Redesigning Academic Website for Better Visibility and
Footprint: A Case of the Federal University of Petroleum Resources Effurun Website. Network
and Communication Technologies, 3(1), 33. https://doi.org/10.5539/nct.v3n1p33

Ojugo, A. A, & Otakore, O. D. (2018b). Improved Early Detection of Gestational Diabetes via
Intelligent Classification Models: A Case of the Niger Delta Region in Nigeria. Journal of
Computer Sciences and Applications, 6(2), 82-90. https://doi.org/10.12691/jcsa-6-2-5

45



| Innovations

a ™1 . . .
L) g1t
4 Digital I

P & Contemporary Research in SCIENCE,

ENGINEERING & TECHNOLOGY
Vol. 12. No. 1, 2024 Series

C

Ojugo, A. A., & Otakore, 0. D. (2020a). Computational solution of networks versus cluster grouping
for social network contact recommender system. International Journal of Informatics and
Communication Technology (1J-ICT), 9(3), 185. https://doi.org/10.11591/ijict.v9i3.pp185-194

Ojugo, A. A., & Otakore, 0. D. (2020b). Intelligent cluster connectionist recommender system using
implicit graph friendship algorithm for social networks. IAES International Journal of Artificial

Intelligence, 9(3), 497~506. https://doi.org/10.11591/ijai.v9.i3.pp497-506
Ojugo, A. A., & Otakore, 0. D. (2021). Forging An Optimized Bayesian Network Model With Selected
3(1), 37-45.

Parameters For Detection of The Coronavirus In Delta State of Nigeria. Journal of Applied
Science, Engineering, Technology, and Education,
https://doi.org/10.35877/454Rl.asci2163
Ojugo, A. A., & Oyemade, D. A. (2021). Boyer moore string-match framework for a hybrid short
message service spam filtering technique. IAES International Journal of Artificial Intelligence,
10(3), 519-527. https://doi.org/10.11591/ijai.v10.i3.pp519-527
Ojugo, A. A., Oyemade, D. A., Allenotor, D., Longe, O. B., & Anujeonye, C. N. (2015). Comparative
Stochastic Study for Credit-Card Fraud Detection Models. African Journal of Computing & ICT,
8(1), 15-24. www.ajocict.net
Ojugo, A. A., Ugboh, E., Onochie, C. C., Eboka, A. O., Yerokun, M. O., & lyawa, I. J. B. (2013). Effects of
Formative Test and Attitudinal Types on Students’ Achievement in Mathematics in Nigeria.
Research Journal, 1(2), 113-117.
46-56.

Educational

African
http://search.ebscohost.com/login.aspx?direct=true&db=eric&RAN=EJ1216962&site=ehost-live
Ojugo, A. A., & Yoro, R. E. (2013). Computational Intelligence in Stochastic Solution for Toroidal N-
and  Applications,  1(2),

in Intelligent  Computing

Queen.  Progress
https://doi.org/10.4156/pica.vol2.issuel.4
Ojugo, A. A, & Yoro, R. E. (2020). Predicting Futures Price And Contract Portfolios Using The ARIMA
Model: A Case of Nigeria’'s Bonny Light and Forcados. Quantitative Economics and
Management Studies, 1(4), 237-248. https://doi.org/10.35877/454ri.qems139
Ojugo, A. A, & Yoro, R. E. (2021a). Extending the three-tier constructivist learning model for
alternative delivery: ahead the COVID-19 pandemic in Nigeria. Indonesian Journal of Electrical
Engineering and Computer Science, 21(3), 1673.
https://doi.org/10.11591/ijeecs.v21.i3.pp1673-1682
Ojugo, A. A., & Yoro, R. E. (2021b). Forging a deep learning neural network intrusion detection
framework to curb the distributed denial of service attack. International Journal of Electrical
and Computer Engineering, 11(2), 1498-1509.
https://doi.org/10.11591/ijece.v11i2.pp1498-1509
Okobah, I. P., & Ojugo, A. A. (2018). Evolutionary Memetic Models for Malware Intrusion Detection: A
Comparative Quest for Computational Solution and Convergence. International Journal of
Computer Applications, 179(39), 34-43. https://doi.org/10.5120/ijca2018916586
Okonta, E. 0., Ojugo, A. A., Wemembu, U. R., & Ajani, D. (2013). Embedding Quality Function
Deployment In Software Development: A Novel Approach. West African Journal of Industrial &

Academic Research, 6(1), 50-64.
Okonta, E. O., Wemembu, U. R., Ojugo, A. A., & Ajani, D. (2014). Deploying Java Platform to Design A
Framework of Protective Shield for Anti- Reversing Engineering. West African Journal of

Industrial & Academic Research, 10(1), 50-64.
Oladele, J. K., Ojugo, A. A., Odiakaose, C. C., Emordi, F. U., Abere, R. A., Nwozor, B., Ejeh, P. O., &
Geteloma, V. 0. (2024). BEHeDaS: A Blockchain Electronic Health Data System for Secure
Medical Records Exchange. Journal of Computing Theories and Applications, 2(1), 1-12.

https://doi.org/10.33633/jcta.v2i19509
46



| Innovations

a ™1 . . .
L) g1t
4 Digital I

P & Contemporary Research in SCIENCE,

ENGINEERING & TECHNOLOGY
Vol. 12. No. 1, 2024 Series

C

Oyemade, D. A., Akpojaro, J., Ojugo, A. A., Ureigho, R., Imouokhome, F. ., Omoregbee, E., Akpojaro, J.,

& Ojugo, A. A. (2016). A Three Tier Learning Model for Universities in Nigeria. Journal of
Technologies in Society, 12(2), 9-20. https://doi.org/10.18848/2381-9251/CGP/v12i02/9-

20
7404. https://doi.org/10.30534/ijatcse/2020/71952020
Oyemade, D. A., & Ojugo, A. A. (2021). An Optimized Input Genetic Algorithm Model for the Financial

Oyemade, D. A., & Ojugo, A. A. (2020). A property oriented pandemic surviving trading model.
Market. International Journal of Innovative Science, Engineering and Technology, 8(2), 408-

International Journal of Advanced Trends in Computer Science and Engineering, 9(5), 7397 -

419. https://ijiset.com/vol8/v8s2/IJISET_V8_I02_41.pdf
Patil, A., & Gupta, P. (2017). A review on up-growth algorithm using association rule mining. 2017
International Conference on Computing Methodologies and Communication (ICCMC), 96-99.

https://doi.org/10.1109/ICCMC.2017.8282605
Patil, S., & Saraf, R. (2015). Market-Basket Analysis Using Agglomerative Hierarchical Approach for
Clustering a Retail Items. International Journal of Science and Research, 4(3), 783-789.

Prey, R. (2018). Nothing personal: algorithmic individuation on music streaming platforms. Media,
634-644.

181(2),

Culture & Society, 40(7), 1086-1100. https://doi.org/10.1177/0163443717745147
Reyes, P. M., & Frazier, G. V. (2007). Goal programming model for grocery shelf space allocation.
Research,

European Journal of Operational
https://doi.org/10.1016/j.ejor.2006.07.004
Russell, R. A., & Urban, T. L. (2010). The location and allocation of products and product families on
retail shelves. Annals of Operations Research, 179(1), 131-147.
https://doi.org/10.1007/s10479-008-0450-y
Saura, J. R., Herraez, B. R., & Reyes-Menendez, A. (2019). Comparing a traditional approach for
financial brand communication analysis with a big data analytics technique. IEEE Access, 7,

37100-37108. https://doi.org/10.1109/ACCESS.2019.2905301
Saxena, A., & Rajpoot, V. (2021). A Comparative Analysis of Association Rule Mining Algorithms. IOP
Conference  Series:  Materials  Science and  Engineering, 1099(1), 012032.
https://doi.org/10.1088/1757-899X/1099/1/012032
Sheen, G.-J., Nguyen, A. H. G., & Yeh, Y. (2021). Category management under non-symmetric
of Systems Science: Operations & Logistics, 1-28.

demands. International Journal
https://doi.org/10.1080/23302674.2021.1951884
Shiokawa, Y., Misawa, T., Date, Y., & Kikuchi, J. (2016). Application of Market Basket Analysis for the
Visualization of Transaction Data Based on Human Lifestyle and Spectroscopic Measurements.
Analytical Chemistry, 88(5), 2714-2719. https://doi.org/10.1021/acs.analchem.5b04182
116-133.

Shroff, A., Shah, B. J., & Gajjar, H. (2021). Shelf space allocation game with private brands: a profit-
sharing perspective. Journal of Revenue and Pricing Management, 20(2),

https://doi.org/10.1057/s41272-021-00295-1
Tomar, N., & Manjhvar, A. K. (2015). A Survey on Data Mining Optimization Techniques. JSTE-
International Journal of Science Technology & Engineering |, 2(06), 130-133. www.ijste.org
Wemembu, U. R., Okonta, E. O., Ojugo, A. A., & Okonta, I. L. (2014). A Framework for Effective
Software Monitoring in Project Management. West African Journal of Industrial and Academic
Research, 10(1), 102-115. http://www.ajol.info/index.php/wajiar/article/view/ 105798
Yoro, R. E., Aghware, F. O., Akazue, M. L., Ibor, A. E., & Ojugo, A. A. (2023). Evidence of personality
traits on phishing attack menace among selected university undergraduates in Nigerian.
International  Journal of Electrical and Computer Engineering, 13(2), 1943.
https://doi.org/10.11591/ijece.v13i2.pp1943-1953
47



it
Tih‘

SN

;g; 1 novations

C

& Contemporary Research in SCIENCE,
ENGINEERING & TECHNOLOGY

Vol. 12. No. 1, 2024 Series

Yoro, R. E., Aghware, F. O., Malasowe, B. 0., Nwankwo, 0., & Ojugo, A. A. (2023). Assessing
contributor features to phishing susceptibility amongst students of petroleum resources varsity
in Nigeria. International Journal of Electrical and Computer Engineering (IJECE), 13(2), 1922.
https://doi.org/10.11591/ijece.v13i2.pp1922-1931

Yoro, R. E., & Ojugo, A. A. (2019a). An Intelligent Model Using Relationship in Weather Conditions to
Predict Livestock-Fish Farming Yield and Production in Nigeria. American Journal of Modeling
and Optimization, 7(2), 35-41. https://doi.org/10.12691/ajmo-7-2-1

Yoro, R. E., & Ojugo, A. A. (2019b). Quest for Prevalence Rate of Hepatitis-B Virus Infection in the
Nigeria: Comparative Study of Supervised Versus Unsupervised Models. American Journal of
Modeling and Optimization, 7(2), 42-48. https://doi.org/10.12691/ajmo-7-2-2

Zhao, J., Zhou, Y.-W., Cao, Z.-H., & Min, J. (2020). The shelf space and pricing strategies for a retailer-
dominated supply chain with consignment based revenue sharing contracts. European Journal
of Operational Research, 280(3), 926-939. https://doi.org/10.1016/j.ejor.2019.07.074

48



