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Abstract 

The goal of most businesses is to make profits. This is usually achieved by making more sales than 

expenses. Sales are the lifeblood of each, and every organization and sales forecasting play a 

critical role in conducting every business. Better forecasting helps to build and enhance business 

plans by growing awareness about the marketplace. This thesis discusses the question of projecting 

or forecasting big mart sales of an item on the potential demand of customers in various large mart 

stores across different locations and items based on the previous record. The thesis is aimed to 

provide a more accurate predictive model in the prediction of outlet item sales in Bigmart. This 

study seeks to compare the performance of the predictive models developed using machine 

learning and deep learning techniques. The predictive models were developed using the various 

algorithms, Support Vector Regression (SVR), Linear Regression (LR), Decision Tree Regression 

(DTr), Random Forest Regression (RFr) and the Artificial Neural Network (ANN). The results 

show the Mean Square Error and the Root Mean Square Error of the predictive models developed 

by the algorithms. The SVR, LR, DTr, RFr and the ANN had an MSE score of 1438556.03, 

703286.11, 2600437.07, 1138681.59, and 691652.94, and RMSE score of 1199.40, 838.62, 

1612.59, 1067.09 and 831.66 respectively. This study found the artificial neural network to 

performs better than the other algorithms in the prediction of outlet item sales in big marts. This 

thesis would aid big marts’ management on their decision as to the maximize items and outlets 

placement in other to provide a better customer experience which would, in turn, lead to increase 

in sales which are most likely to translate to increase in revenue and cause expansion of in the big 

mart business. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Business Problem 

The goal of most businesses is to make profits. This is usually achieved by making more sales than 

expenses. Sales are the lifeblood of each, and every organization and sales forecasting play a 

critical role in conducting every business. Better forecasting helps to build and enhance business 

plans by growing awareness about the marketplace. A typical revenue forecast looks closely at the 

previously existing circumstances or conditions and then applies consumer acquisition inferences, 

recognizes inadequacies and weaknesses prior to setting a budget, as well as strategic strategies 

for the coming year. In other words, revenue forecasting is a prediction of revenue based on the 

data available from the past. In-depth awareness of past tools allows one to plan for the business' 

future needs, which enhances the probability of success irrespective of external circumstances. 

Organizations that view sales forecasting as their primary phase continue to do better than those 

that do not (Punam et al., 2018). 

Day by day competition between various shopping malls as well as big marts is only becoming 

more intense and violent because of the rapid growth of global malls and online shopping. The 

mall or mart tries to have tailored and short-term deals to draw more customers depending on the 

day, so that the sales volume for each item can be estimated for the organization's inventory 

control, logistics and transport service, etc. (Behera and Nain 2019). 

Current machine learning algorithms are very advanced and offer techniques for predicting or 

estimating a company's potential demand for revenue, which also helps to address the inexpensive 

supply of computing and storage resources. In this paper, we discuss the question of projecting or 

forecasting big mart sales of an item on the potential demand of customers in various large mart 

stores across different locations and items based on the previous record. Numerous machine 

learning algorithms such as linear regression analysis, random forest analysis, etc. are used for 

sales volume prediction or forecasting. Because good sales are any organisation's existence, sales 

forecasting plays a significant part in every shopping complex. A better forecast is also helpful in 

designing and enhancing the marketplace business strategies that are also helpful in increasing 

consumer awareness (Behera and Nain 2019).  
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Big Mart, a Grocery supermarket chain, having outlets all around the world. A challenge was set 

out by its current board to data professionals to develop a model that can predict outlet item sales. 

Sales data was collected by BigMart between the period of 2013 to 2020 for about 1559 products 

across 10 outlets in various cities. Having this information, the establishment expects to discover 

the products and outlets which constitute a crucial part in sales, and the establishment would use 

the information to make a more informed data-driven decision to guarantee the success of their 

enterprise (medium.com 2020).  

The benefits of making data-driven decisions have been conclusively demonstrated. Economist Erik 

Brynjolfsson and his MIT and Penn's Wharton School colleagues have recently performed a study 

into how DDD affects firm efficiency. They built a DDD metric that scores businesses on how 

effectively they use data to make decisions around the enterprise. Statistically, they show that the 

more data a company is guided by, the more efficient it is — even accounting for a broad variety 

of potential conflicting variables. And the differences are not small: a higher standard deviation on 

the DDD scale is correlated with a productivity gain of 4–6 per cent. Also, DDD is correlated with 

higher asset returns, equity returns, asset utilization and market value, and the relationship appears 

to be causal (Provost and Fawcett 2013). 

1.2 Scope  

The scope of this study is limited to the item sales data of Bigmart supermarket sales. The method 

uses the buying behaviour of customers and the collective data derived about the outlet sale of 

items in Bigmart.  

1.3 Research Objectives  

The thesis is aimed to provide a more accurate predictive model in the prediction of outlet item 

sales in Bigmart. This study seeks to compare the performance of the predictive models developed 

using machine learning and deep learning techniques using the stipulated objectives. 

i. Perform a review of related pieces of literatures and analyse contents based on big mart 

predictions and the use of machine learning and deep learning for prediction. 

ii. Perform data preprocessing actions on the dataset.  
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iii. Develop predictive models with the dataset using various learning techniques. 

iv. Evaluate the performance of the models and select the most accurate based on the 

performance metrics. 

1.4 Research Question 

Can a deep neural network with its advanced ability to interpret relationships among features out-

perform machine learning techniques in the prediction of outlet item sales in Big Mart? 

1.5 Research Hypothesis 

H0: Deep neural network technique with its advanced ability to interpret relationships among 

features outperforms machine learning techniques in the prediction of outlet item sales in 

Big Mart. 

H1: Atleast one machine learning techniques outperforms the deep neural network technique in 

the prediction of outlet item sales in Big Mart. 

1.6 Dissertation Blueprint  

This thesis is structured in the following way.  

Introduction – This introductory chapter briefly sets out the thesis' concept and its needs. This 

chapter paves the way for the project. 

Literature Review – This chapter provides an overview of available research on the subject of 

regression, machine learning and, deep learning for regression and comparison of research 

methods. This chapter addresses the question as to why this project should be. 

Design Methodology – This chapter covers the various methods and techniques that are used to 

design the project and how each process is achieved.  

Implementation – This chapter includes the different methods and approaches used for project 

design and how each method is modelled.  

Findings/Results – This chapter provides a detailed summary of the findings obtained and how 

the results are interpreted.  
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Conclusion – This chapter describes why design outcomes are significant, discusses system 

benefits and applications. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Big Mart Sales Predictions 

Sales forecasting as well as analysis of sale forecasting has been conducted by many authors as 

summarized: The statistical and computational methods are studied in Bose and Mahapatra (2001) 

also this paper elaborates on the automated process of knowledge acquisition. Machine learning is 

the process where a machine will learn from data in the form of a statistically or computationally 

method and process knowledge acquisition from experiences (Domingos 2012). Various machine 

learning (ML) techniques with their applications in different sectors have been presented in Bose 

and Mahapatra (2001). Langley and Simon (1995) pointed out the most widely used data mining 

technique in the field of business is the Rule Induction (RI) technique as compared to other data 

mining techniques. Whereas sale prediction of a pharmaceutical distribution company has been 

described in Ribeiro et al. (2017); Ni and Fan (2011). In Kutner (2013), a general linear approach, 

decision tree approach and good gradient approach were used to predict sales. The initial data set 

considered included many entries, but the final data set which is used for analyzing was much 

smaller than the original as it consists of non-usable data, redundant entries and insignificant sales 

data. In Demchenko et al. (2014), the linear regression method was been organized into structured 

data. It then involved modeling data for predictions using machine learning techniques where the 

expected accuracy was 84%. Linear regression and XG booster algorithms were used to forecast 

sales that included data collection and translation into processed data. Ultimately, they predicted 

which model would produce a better outcome (Big Sky, 2020). In Dataaspirant (2020), sales were 

predicted using three modules that are hive, R programming and tableau. By analysing the store's 

history which helps get an understanding of the store's revenue to make some improvements to the 

target so it can be more successful. Within the diagram, key values were obtained to reduce all 

intermediate values by reducing the intermediate key feature to obtain the results.  

Mohit et at. (2017) in his research prove that composite models achieve good results in comparison 

to individual models. He also stated that decomposition mechanisms are far better than the hybrid. 

Armstrong (2008) in his research discussed predicting solutions to interesting and difficult sales 

forecasting problems. Samaneh (2014) in his research reviewed different Various approaches on 
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the predictive potential of consumer-generated content and search queries. Gopal and Neeta (2019) 

have done an effective study on Big mart sales prediction and have given prediction metrics for 

various existing models. Meghana et al. (2020) used random forest and XG booster methodology 

in which raw data obtained at large mart was pre-processed for missing data, anomalies, and 

outliers. Then an algorithm was used to predict the results and they finally compared all the models 

and predict which model gives accurate results. Based on the accuracy predicted by the different 

models, they concluded that the random forest approach and XG Booster approach are the best 

models in predicting sales in the big mart. 

Also, Ribeiro et al. (2017) in their research focused on two issues: (i) stock state should not 

undergo out of stock, and (ii) it avoids customer dissatisfaction by predicting the sales that manage 

the stock level of medicines.  Das and Chaudhury (2007) address the handling of footwear sale 

fluctuation in a period of time, this paper focuses on using neural networks for predicting of weekly 

retail sales, which decrease the uncertainty present in the short-term planning of sales. Linear and 

non-linear, a comparative analysis model for sales forecasting are proposed for the retailing sector 

(Chu and Zhang 2003). Beheshti-Kashi et al. (2015) performed a sales prediction in the fashion 

market. A two-level statistical method is elaborated for forecasting the big mart sales prediction 

(Punam et al., 2018). Xia and Wong (2014) proposed the differences between classical methods 

(based on mathematical and statistical models) and modern heuristic methods and also named 

exponential smoothing, regression, autoregressive integrated moving average (ARIMA), 

generalized auto, conditionally heteroskedastic (GARCH) methods. Most of these models are 

linear and are not able to deal with asymmetric behavior in most real-world sales data (Makridakis 

et al., 2008). Some of the challenging factors like lack of historical data, consumer-oriented 

markets face uncertain demands, and short life cycles of prediction methods result in an inaccurate 

forecast. In order to improve the predictive algorithm, several studies introduces observable data 

and qualitative analysis of previous data prediction models by using Markov model to predict the 

hidden values, to further improve the predictability of the model. The experimental results of these 

studies indicate that the grey DNN model, an emerging and pioneering artificial intelligence 

technology, predicts the accurate sales volume [Liu et., 2019; Pavlyshenko, 2016; Rokach, 2005; 

Chen and Guestrin, 2016].  
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Sales prediction is playing an important role in many fields, such as economic describes patterns 

of the market and predict the potential region of the national market commodities. However, 

research which is concerned with small-medium enterprise with data mining.  Using classification 

processing the forecasting, electric power forecasting, resource prediction, etc. (Panjwani et al., 

2020). Sales prediction is an important pre-requirement for enterprise planning and correct 

decision making, allowing companies to predict the sales and plan accordingly (Snoek et al., 2012). 

Sales prediction is important for offline businesses, the predictions are generally done by applying 

statistical methods, such as regression or many other models to predict the future sales and plan 

accordingly for the company sales (Trapero et al., 2015). 

Supply and demand are the two main fundamental concepts of sellers and consumers. Predicting 

demand accurately is crucial for organizations in order to be able to set future plans for the sales. 

Sales Prediction is based on predicting the sales for different outlets of Big Mart companies so that 

they can change their future plans of the company based on the predicted sales. Their study propose 

an approach for demand prediction for Big Mart companies. The business model used by the Big 

Mart companies, for which the model is implemented, that contains many outlets that sell the same 

product throughout the country (Panjwani et al., 2020). The techniques are typically different 

methods, which produce forecasts considering only the historical sales data of the products. 

However, in a situation where large quantities were applicable to only short-term sales so the 

related data are available, conditioning the forecast of an individual time series on past sales of the 

company (Yuan et al., 2014; Bandara et al., 2019). Sales prediction is concerned with estimating 

future sales of companies such as supermarkets, groceries, restaurants, bakeries and patisseries. 

Sales prediction helps the company to minimize the goods whose sales is to decrease and increase 

the stock of the goods that are going to increase which will lead to increase in sales of the company 

and the representation of the sales output variable. But the company can't find the predicted sales 

for a long-term [Graves et al., 2013; Trapero et al., 2015]. 

2.2 Prediction using Machine Learning Techniques 

Definition of Machine Learning 

Machine learning is a field which focuses on building algorithms which make data-based 

predictions. A machine learning task is designed to identify (learn) a function f: X/Y which maps 



 

14 
 

the input domain X (of data) to the output domain Y (of possible predictions) (Bekkerman and 

Bilenko 2011) Functions f are selected from different function groups, depending on the type of 

learning algorithm used. Mitchell (1997) describes "learning" as follows: "With regard to some 

class of tasks T and performance measure P, a computer program is said to learn from experience 

E if its performance at tasks in T, as calculated by P, increases with experience E" (Mitchell 1997). 

Quantitatively, the output metric P informs us how well a certain machine learning algorithm is 

doing. The precision of the system is typically chosen as the performance measure for a 

classification process, where accuracy is specified as the proportion for which the output is 

correctly generated by the system. Knowledge E that undergoes machine learning algorithms is 

data sets. Such datasets contain a collection of examples used to train and evaluate such algorithms. 

2.3 Machine Learning Algorithms 

Sales prediction is preferably a problem of regression rather than a problem of the time series, the 

use of machine learning regression algorithms for sales forecasting can help to find better results 

compared to the classical time series methods. Machine learning algorithms such as Support 

Vector Regression, Random Forest Regression, Linear Regression, and Decision Tree Regression 

can help find better results compared to traditional analytical methods of time series. 

2.3.1 Support Vector Regression 

Support Vector Machine (SVM) is a popular machine learning model that was first developed by 

Vapnik and used for classification and regression purposes. SVM consists of two main categories: 

Support Vector Classification support (SVC) and Support Vector Regression (SVR). SVM is a 

type of learning system that uses a higher-level dimensional feature space that delivers predictive 

functions that are extended across a subset of support vectors (Basak, Pal, and Patranabis 2007). 

In 1997, Vapnik and two others proposed support vector regression (Vapnik, Golowich, and Smola 

1997) 
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Figure 2.1: Support Vector Regression (Sayad 2011) 

 

In the figure above, 𝑥𝑖 displays the predictors, 𝑦𝑖 displays dependent variable and ubiquitous 

displays as the threshold where all predictive values should be within the set. 

2.3.2 Random Forest Regression 

Brieman (2001) had proposed Random Forest (RF), while large quantities of ideas had been 

suggested in different literature before in prose. The CART (Classification and Regression Trees) 

defined by Breiman (1996) was described as a non-parametric method for supervised learning 

which introduced and later implemented the cart reduction bagging method. 

Random Forest Regression (RFR) is an ensemble method and a common statistical learning 

method that uses the bootstrapping method to extract multiple samples from the original sample 

forecasting and combine the decision trees to perform them. RFR takes the mean of the test 

predictions (Huo, Shi and Chang 2016). It can be said that Random Forest is a kind of additive 

model that makes predictions by combining decisions from a sequence of base models (Turi 2019). 

That can be represented conventionally as:  

     (2.1) 

To put it simply: Random forest builds multiple decision trees and fuses them together to get a 

forecast that is more reliable and stable. Random Forest brings additional randomness to the layout, 

while increasing the trees (Turi 2019). 
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Random Forest has about the same hyperparameters as a decision tree or a classifier for bagging. 

Random Forest brings more randomness to the fashion when growing trees (Turi 2019). It looks 

for the best feature among a random subset of features instead of looking for the most appropriate 

feature when breaking a node. This results in a wide diversity which usually leads to a better model. 

Random forest is common for higher predictive speed and low memory consumption, as it selects 

only a subset of features from the entire node to break (Turi 2019). 

2.3.3 Linear Regression  

Linear regression is a statistical procedure in mathematics for assessing the linear relationship 

between a dependent variable y and one or more independent variables X. If a dataset 

{𝑥𝑖1 , 𝑥𝑖2, … . 𝑥𝑖𝑝}
𝑖−1

𝑛
of n observations, the linear regression model takes the form of: 

𝑦𝑖 =  𝛽1𝑥𝑖1 +  𝛽2𝑥𝑖2 + ⋯ +  𝛽𝑝𝑥𝑖𝑝 +  𝜀𝑖 =  𝑋𝑖
𝑇 +  𝜀𝑖 ,      𝑖 = 1,2, … . , 𝑛                          (2.2)  

Where 𝑦𝑖 represents the continuous numerical answer for the ith observation, 𝛽𝑗 is the coefficient 

of regression for the jth variable, 𝑥𝑖𝑗 shows the jth variable for the ith observation, and π i is called 

the random error or the noise that the linear model cannot describe. Also, the above equation can 

be written as follows in vector form: 

 Y = X𝛽 +  𝜀       (2.3)  

According to the Variance-Bias trade-off, the common objective of the linear regression models is 

to find estimates of the regression coefficient vector 𝛽 in order to minimize the Mean Squared 

Error (MSE). In general, the first advantage of this model is that it possesses high interpretability 

of the coefficients of regression, the relationship between each coefficient of regression and the 

last answer, also between different coefficients of regression, in this form of model can be clearly 

interpreted. The second is that as long as certain assumptions about the distribution of the model 

residuals are met, we can use the current statistical character within directly to get the standard 

regression parameter errors and evaluate the predictive model output. Nonetheless, due to the high 

interpretability (Kuhn and Johnson 2013) it is important that relationship should fall along a flat 

hyperplane between each approximation of the parameter and the last answer. For example, if there 

is only one variable in the model, the relation between the variable and the answer in a straight 
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line should be linear. Therefore, this model cannot explain the nonlinear relationship between the 

regression coefficients and the expected response. 

2.3.3.1 Ordinary Linear Equation 

The ordinary linear regression attempts to find suitable estimates of the regression coefficients (i.e. 

the hyperplane) 𝛽̂ so as to minimize the SSE (Sum of Squared Errors) or bias between the expected 

value 𝑦̂𝑖  and the observed result 𝑦𝑖 in which the SSE description can be seen as follows: 

SSE = ∑ (𝑦̂ −  𝑦𝑖)2𝑛
𝑖−1         (2.4)  

The optimal regression coefficients 𝛽̂ can as well be explained by the vector form:  

𝛽̂ = (𝑋𝑇𝑋)−1 𝑋𝑇y       (2.5)  

The above equation is simple to apply, and is clear to say the estimates of the coefficients of 

regression with reduced SSE are those with reduced bias. Yet it is worth noting that the matrix 

(𝑋𝑇𝑋)−1 in the equation (2.5), which is proportional to the covariance matrix of the coefficients 

of regression, occurred uniquely only in the circumstances where the number of observations is 

greater than that of the coefficients of regression and the coefficients of regression are unrelated, 

i.e. independent of each other; But the unique set of regression coefficients may still be obtained 

by a conditional inverse of (𝑋𝑇𝑋) or the elimination of the linear relationship between variables 

(Graybill 1976); and if the number of observations is not greater than that of the regression 

coefficients, pre-processing of the PCA (Potential Component Analysis) can be done to minimize 

the dimension of the variables. Before implementing this model, as linear regression is not able to 

describe the nonlinear relationship between the variables in the model, we need to test if there is a 

nonlinear or curvature relationship between the variables and the predicted response by some 

simple scatter plots of the observed outcome versus the predicted response and/or the residuals 

versus the predicted response. 

The third problem with ordinary linear regression is that it is prone to outliers, which are far from 

the majority dataset 's overall tendency. Since the goal of the ordinary regression model is to find 

estimates of the parameters with minimized SSE/bias, the model must change the estimates of the 

regression coefficients to best match the outliers whose residuals are between the observed result 
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and the predicted response are very large; so it’s likely that a small number of outliers in the dataset 

would have a major impact on the linear regression model results.  

2.3.3.2 Partial Least Squares 

As we described in the last section, if the variables in the dataset are strongly correlated or if the 

number of variables is higher than the number of total observations, the ordinary linear regression 

model does not have a specific set of parameters with reduced bias, but will still have high 

variability. Two methods (Haenlein and Kaplan 2004) were proposed to solve this problem: (1) 

remove the strongly correlated variables; (2) perform PCA dimension reduction. But the former 

may be unstable and the latter simply focuses on the variability of the variables without taking into 

account the predicted response, and may reduce the interpretability of the new regression 

coefficients after pre-procession PCA. The Principal Component Regression (PCR) model (Jolliffe 

2005), which is being built on the PCA, can be used only when the space variability of the 

regression coefficients is associated with that of the expected response. Hence the regression 

algorithm for Partial Least Squares (PLS) is recommended when the variables in the dataset are 

correlated but the linear regression model is required. The principal idea of the PLS regression 

model is to consider a new collection of potential components that can describe as best as possible 

the covariance between matrix X and Y by decomposing both X and Y (Abdi 2003). At first, the 

independent variables’ matrix X is broken down as follows:  

X = 𝑇𝑃𝑇 + E        (2.6)  

Where T is the projection of X (i.e. the matrix of X score), P represents the matrix of orthogonal 

loading (not orthogonal in PCR), and E is the term of error or noise. If B is the diagonal matrix of 

the "regression weights", the predicted answer can be seen as follows: 

𝑌̂ =  𝑇𝐵𝐶𝑇        (2.7) 

Unlike PCA, it only points out the linear relationship that maximizes the variability of the 

variables, but PLS requires another step to find out the linear components that correlate maximally 

with the answer, which can be seen in Figure 2.2 below (Kuhn and Johnson 2013) 



 

19 
 

 

Figure 2.2. Main Structure of a PLS Model 

It is worth stressing that before implementing the PLS model, the variables should be oriented and 

scaled, and the number of components to maintain, as the only one tuning parameter, can be 

calculated by the resampling techniques. 

2.3.3.3  Penalized Regression Models 

Because the MSE can be seen as a function of both variance and bias, this means that a little bias 

can be sacrificed to obtain a significant reduction in variance, thereby producing a linear regression 

model with less MSE than the unbiased models. One clear solution to constructing such a biased 

linear regression model is to add a penalty after the SSE, i.e. Regression: Penalized. Ridge 

regression is basically a modified least squared estimation process for the collinearity-stricken 

dataset, applying a second-order penalty on the number of square errors (Hoerl and Kennard 1970): 

𝑆𝑆𝐸𝐿2
=  ∑ (𝑦̂𝑖 − 𝑦𝑖  )2 𝑛

𝑖−1  + 𝜆 ∑ 𝛽𝑗
2𝑝

𝑗−1       (2.8)  

By adding this squared penalty to the bias, the trade-off between the regression model's variance 

and bias is made, which reduces the variance to lower the SSE. As we can see from the equation 

(2.8) the estimates of the regression coefficients are closer to 0 as the penalty value is larger. This 

approach allows the coefficients of correlated variables to borrow 'power' from each other, and to 
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shrink the estimates to each other. While the estimates of the regression coefficients are very small, 

none of them is set to 0 exactly, so the selection of the variable is not carried out in this type of 

models. Lasso (Least Absolute Shrinkage and Selection Operator) regression is one of the popular 

linear regression models, possessing shrinkage and selection characteristics. It imposes a limit on 

the number of the absolute values of the coefficients of regression to minimize SSE (Tibshirani 

1996): 

𝑆𝑆𝐸𝐿2
=  ∑ (𝑦̂𝑖 − 𝑦𝑖  )2 𝑛

𝑖−1  + 𝜆 ∑ |𝛽𝑗|𝑝
𝑗−1       (2.9)  

The only difference between lasso regression and ridge regression, as we can see from equations 

(2.8) and (2.9), is that the latter applies a penalty of 𝐿2, while the lasso applies a penalty of 𝐿1. 

There is only one tuning parameter that regulates the penalty frequency from 0 to ∞. In other 

words, the existence of the 𝐿1 penalty causes certain coefficients of regression to be exactly 0, i.e. 

variable selection within the model. The model of lasso regression uses regularization to enhance 

the model and simultaneously perform the variable selection. It improves not only the accuracy of 

the predictions when processing the dataset with collinearity, but also the interpretability and 

numerical stability can also be seen in this model. The lasso model also has some drawbacks, 

particularly when the number of observations is smaller than that of the variables, the lasso model 

selects only at most variables, not more than the number of observations. Therefore, it selects only 

one variable from the group of variables strongly associated with each other, so excludes the 

remaining group variables. Elastic net regression model is a more common penalized regression 

model, incorporating both the 𝐿2 penalty for the ridge and the 𝐿1. penalty for the lasso (Zou and 

Hastie2005): 

𝑆𝑆𝐸𝐸𝑛𝑒𝑡 =  ∑ (𝑦̂𝑖 − 𝑦𝑖  )2 𝑛
𝑖−1  + 𝜆1 ∑ 𝛽𝑗

2𝑝
𝑗−1 +  𝜆1 ∑ |𝛽𝑗|𝑃

𝑗−1    (2.10)  

Not only does this approach release the constraint of the number of observations when the number 

of observations is less than that of the variables, but it is also efficient in dealing with the issue of 

large correlated variables classes. 

2.3.4 Decision Tree Regression 

Regression tree can be considered a version of the decision tree that was developed to estimate 

real-valued functions, see Loh (2011). They are built for dependent variables that take discrete 
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continuous or ordered values, where the sum of the squared difference between the expected and 

observed values is used to calculate the predictive error. The regression trees operating datasets 

comprise a single output variable with one or more input variables. Often known as response and 

predictor variables are the output and input variables, respectively, and the output variable is 

counted. The approach used to build regression trees typically allows the input variables to be a 

mix of continuous and categorical variables. Any time that each decision node in the regression 

tree includes a check on the values of some input variables, a decision tree is formed and the tree 

terminal node contains the values of the expected output variable. 

James, Witten, Hastie and Tibshirani (2013) introduce the process of constructing a regression tree 

as applying a technique known as binary recursive partitioning. Once this procedure is 

implemented, we split the data set into two parts, the training set and test sets, first. The model is 

developed and trained using the training set, while using the test data set to test the model to see 

its predictive accuracy. The process of binary recursive partitioning is an iterative process that 

splits the dataset into simple partitions, and then splits each partition into smaller partitions or 

groups at each stage of the process.  

Let 𝑦1,𝑦2,… , 𝑦𝑁 be a set of observation of the response variable 𝑦𝑖. Each observed value 𝑦𝑖,𝑖 = 

1,2,… , 𝑁, depends on the explanatory variable 𝑋1,𝑋2, … , 𝑋𝑝. This is to say that we divide the 

predictor space which is the set of possible values for 𝑋1,𝑋2,… , 𝑋𝑝 into 𝐽- distinct and non-

overlapping regions, 𝑅1,𝑅2.. . , 𝑅𝑗. Then for every observation that falls within the region Rj, we 

make the same prediction, which is basically the mean of the response values for the training 

observations in 𝑅𝑗. Depending on the consumer the regions may have any form. Nonetheless, due 

to the facility and effortlessness in interpreting the resulting predictive model, we may agree to 

break the predictor space into j-high-dimensional rectangles or boxes. Then for each of the 

predictors we consider all the predictors 𝑋1,𝑋2, … , 𝑋𝑝, and all the possible split values. We pick 

the predictor and the split point which will result in a tree having the lowest Residual Sum Square 

(RSS). 

Essentially, the goal is to locate boxes 𝑅1,𝑅2.. . , 𝑅𝑗 which minimizes the square of the residual sum 

given by:  

  𝑅𝑆𝑆                            (2.11) 
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where 𝑦̂𝑅𝑗 is the mean response for the training data set within the 𝑗𝑡ℎ box.  

Regrettably, computational analysis of any possible partition of the function space into J boxes 

poses a huge challenge. And we're forced to take a selfish top-down strategy called recursive 

binary splitting. The method is known as in the top-down process because it begins at the top of 

the tree, i.e. the point where all the observations belong to one area and divides the predictor space 

afterwards. Each split is defined further down the tree, by two separate branches. 

From James et al. (2013) we understood that in carrying out the recursive binary splitting, we first 

selected a predictor and a split point, so that the splitting of the predictor space into two regions 

would result in the highest possible prediction in RSS. This process is repeated in order to find the 

best predictor and best split point for further splitting the data and minimizing the RSS within each 

region. However, instead of this time splitting the entire predictor space, we divide one of the 

regions previously defined. This cycle continues until hitting a certain criterion. As seen in Figure 

2.3 below, gotten from James et al. (2013). 

 

 

 

Figure 2.3 Partitions and classification and regression trees (CART) 
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We can see from Figure 2.3 a combination of different partitioning that is used in CART. Top left 

defines a two-dimensional space partition which cannot result from a recursive binary splitting. 

On a two-dimensional space, the top right shows the performance of recursive binary splitting. 

While the bottom left is a tree in the top right panel which corresponds to the partition. The bottom 

right is a perspective plot of the surface of the prediction that corresponds to that node. 

James et al. (2013) argued that the recursive binary splitting method may produce good predictions 

about the training data set, but would most likely overfit the data, resulting in poor performance 

of the test data set because the tree produced may be too complex. A smaller tree with less splitting 

could yield better interpretation and lower data variance. Another alternative to the above method 

is to build the tree continuously as long as the decrease in the RSS that is attributable to each split 

exceeds a threshold, this approach will result in smaller trees. 

Nevertheless, a problem arises since a worthless split early in the tree could be followed by a very 

good split later on, that is, a split that later leads to a significant reduction in RSS. Hence the tree 

pruning approach is considered the best approach. This method grows a very large tree 𝑇0 and then 

prunes it down to get a subtree that produces the lowest possible test error rate. Using the cross-

validation method, we can estimate the test error of a given subtree, estimating the cross-validation 

error for each subtree would be too inaccurate since a very large number of subtrees exist. 

Therefore, we use a cost-complexity pruning approach, also known as the weakest link pruning 

method, which allows us to select for consideration a small set of subtrees rather than considering 

every subtree. We consider therefore only the subtrees indexed by a non-negative tuning parameter 

α. 

2.4 Deep Learning 

Often known as highly organized learning, or hierarchical learning. Most current models of deep 

learning are based upon an ANN approach. A deep neural network is an ANN with two or more 

hidden layers between the input and output layers.  

Each layer level in deep learning learns to turn its input data into a slightly more abstract 

representation. For example, in an application for image recognition the raw input can be a pixel 

matrix. The first layer of representation may abstract the pixels and encode edges, the second layer 

may compose and encode edge arrangements, the third layer may encode a nose and eyes, and the 
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fourth layer may recognize a face in the image. Importantly, a method of deep learning may learn 

to recognize such abstractions by itself (LeCun, Bengio and Hinton 2015). A neural network 

utilizing only one hidden layer, as previously mentioned, can be seen to approximate all continuous 

functions. Therefore, only one layer is needed to approximate any function, although this may be 

very wide. The extra secret layers are useful, as the network can learn features automatically, at an 

increasing rate of abstraction. It is useful, because while theoretically an ANN with a single hidden 

layer may be used to approximate any function, it can be very difficult to generate such a model 

in practice. A deep model, compared to a shallow model, may be easier to train to produce good 

results. 

2.5 Artificial Neural Networks 

A lot of research emphasis has been on solving one problem: −How does the human brain work? 

Artificial Neural Networks were used to try and solve the problem. (Hagan Forbes and Vial 1995) 

note that, in the field of neural networks, early research dates back to 1943 (McCulloch and Pitts, 

1943) when they expected a basic mathematical method to provide descriptions of how neurons 

function biologically. Apparently, this was one of the first important artificial neural networks 

(ANN) research (Hagan et al. 1995). 

An alternative feasible approach is the (ANNs) strategy. Over more than five decades, several 

studies and works have found that the biological neural network has needed to be an effective way 

to implement ANNs in the real world. ANN is helpful in many cases where the basic physical 

process for prediction is not yet fully understood and consistent in time-based dynamic system 

modeling. Nevertheless, it was not applied on a wide scale to the issues of the real world until the 

ANNs of the 1980's. Therefore, the implementation was not algorithm training due to lack of their 

sophisticated nature (Cha et al. 2006). 

An artificial neuron is a linear combination of the input and the weights on the various connections. 

Instead the sum is used as a reference to a non-linear function known as an activation or transfer 

function. If we choose the logistic function as the activation function, we get a function similar to 

logistical regression. 

         (2.12) 
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Therefore, a neural network with the sigmoid as its activation function can be seen as a network 

of several logistic regression models, interconnected in parallel and in sequence. 

A network is made up of three or more strata. The first layer is called the input layer which uses 

the features as the initial input. The secret layers are called the middle layers and could be one or 

more. Then, the last layer, the output layer, which has as many nodes as the model 's desired 

number of outputs. Figure 2.4 indicates a three-layer network, in which the layers are completely 

connected.  

 

Figure 2.4: A fully connected neural network with three input nodes, four hidden nodes, and one 

output node. 

Generally, a neural network is characterised using the following parameters: 

• Number of layers tucked away. 

• The number of nodes each layer includes. 

• The pattern of interconnection between different node layers; 

• Weights of interconnections, revised throughout the learning cycle. 

• The activation functions that convert the weighted input of a node to its output. 

A neural network that uses a rational nonlinear function as its activation, such as logistics, and a 

hidden layer, can be shown to approximate all continuous functions on Rn 's compact subsets 

(Gybenko 1989). Therefore, an ANN is a universal approximator in a certain context. 
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2.5.1 Backpropagation 

This is a common form of neural network training (Werbos 1974). It is used in tandem with a form 

of optimisation such as gradient descent. The algorithm has two steps, propagation and updating 

of the weight. Next, a function vector is used as a network input and then propagates across the 

network. In each layer, the vector passes through the nodes from the input layer to the output layer; 

this generates a network signal. Then the output is compared to the example label by using a loss 

function and for each of the nodes in the output layer an error value is computed. The algorithm 

for backpropagation uses those values to measure the loss function gradient. 

The gradient is then used to change the weights using the optimisation process. The weights are 

modified to try reducing the effect of losses. 

2.5.2 Dropout  

This is the technique of regularization to minimize overfitting in neural networks (Srivastava, 

Hinton, Krizhevsky, Sutskever and Salakhutdinov 2014). Because most of the parameters are used 

by a completely connected layer, it is vulnerable to overfit. The concept behind dropout is to drop 

units randomly from the neural network during the preparation, along with their connections. The 

dropout rate regulates the probability of losing a neuron, and a typical value for the rate is 0.5, that 

is, half the connections are lost. Using dropout typically decreases overfitting in neural networks 

by avoiding training of all nodes on all training data. 

2.5.3 Feature Importance:  

Because neural networks pick any feature automatically by weighing down the connections of 

irrelevant features, a feature search as defined in Section 3.6 is often not needed. However, it can 

slightly boost the outcome, and a reduced feature set may have some other beneficial effect on the 

process, such as that a smaller model may be adequate to deliver the same outcome or that the 

collection of feature data is simplified. 
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CHAPTER THREE 

METHODOLOGY AND DESIGN 

3.1 Learning Algorithms 

The reason why a deep learning technique was chosen as the key algorithm was due to its success 

in imitating the workings of the human brain in processing data and generating patterns for use in 

decision making. Linear regression, supporting vector regression, decision tree regression, and 

random forest regression are the machine learning methods used for analysis. These methods have 

been selected because they appear frequently in this degree project according to previous work 

reviewed. Nevertheless, the fact that the prognoses were inaccurate and greatly varied between the 

sales of goods at the outlets made the task of forecasting sales a challenge. Therefore, due to the 

complexity of the problem, it was expected to outperform machine learning techniques by using 

deep learning ANN's that can respond to nonlinearities in the dataset. 

Dataset and Collection Method 

The dataset used for this thesis consisted of item sales of different outlets in the big mart chain of 

supermarkets. The data was derived from an online open-source data repository, Kaggle. The 

dataset comprises both categorical, numeric input variables, and a continuous output variable, 

hence the regression task.  

3.3 Proposed Research Design  
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Fig 3.1 Proposed Research Design 

To attend to the research stipulated research question, the study proposes the design above. The 

Raw data from big mart on the Kaggle repository would be preprocessed, the preprocessing of the 

dataset includes checking for missing values, outlier, anomalies, data exploration and 

visualization. The algorithms would then be trained using the traindata to develop the predictive 

models. This performance of the models would be tested using the testdata to determine the model 

with the most accurate predictive performance.  

3.4 Machine Learning Techniques 

This study helps to establish a sales forecasting model. This task being a regression method employs 

certain techniques of machine learning used to construct regression models. The problem of 

regression is a generalization of the classification problem, in which the model returns a 

continuously valued output, as opposed to a finite set output. In other words, a regression model 

estimates a multivariate function which is continuously weighted. The methods used in machine 

learning include; 

3.4.1 Support Vector Regression (SVR): 

SVMs solve binary classification problems by formulating them as problems of convex 

optimisation (Vapnik 1998). The problem of optimization requires determining the optimal distance 

that divides the hyperplane, while adequately classifying as many training points as possible. SVMs 

represent this perfect hyperplane with vector supports. The SVM's sparse approach and strong 
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generalization lend itself to adjusting to regression issues. The generalization of SVM to SVR is 

done by the addition of an e-insensitive region around the device, called the e-tube. This tube 

reformulates the problem of optimization to find the tube that best approximates the continuously 

valued function, while balancing the complexity of the model and error in prediction. More 

precisely, SVR is developed as an optimization problem by first specifying a minimizable convex 

e-insensitive loss function and finding the flatest tube containing most of the training instances. 

Therefore, a multi-objective function is developed from the tube's loss function and geometric 

properties. So, the convex optimization, which has a unique solution, is solved using appropriate 

algorithms of numerical optimisation. 

The hyperplane is represented in terms of support vectors which are samples of training that lie 

outside the tube boundary. As in SVM, the support vectors in SVR are the most important instances 

influencing the form of the path, and the training and test data are believed to be independent and 

distributed identically (iid), taken from the same set yet unknown probability distribution function 

in a supervised learning sense (Awad and Khanna 2015). 

 

Fig 3.2 Support Vector Regression 

The main idea, however, is always the same: to minimize error, to individualize the hyperplane 

which maximizes the margin, bearing in mind that some of the error is tolerated. 

3.4.2 Multiple Linear regression (LR) 
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Multiple linear regression uses a best fit straight line (also known as a regression line) to create a 

relationship between the dependent variable (Y) and one or more independent variables (X). It 

stands for an equation, 

Y=b0+b1*X + e  . . . . . . (3.1) 

 

Fig 3.3 Multiple Linear Regression 

Where b0 is the intercept, b1 is the line slope and e is the word for errors. An accuracy can be 

calculated using this tool. Multiple linear regression is a very well-known method for prediction 

and analysis but one drawback is that it gives less precision. 

3.4.3 Decision Tree Regression 

The decision tree builds regression or classification models in tree structure type. This breaks down 

a dataset into smaller and smaller subsets while at the same time incrementally creating a related 

decision tree. The end result is a tree with nodes for decision and nodes for leaves. 
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Fig 3.4 Decision tree regression 

Random forests or random decision forests are a classification, regression, and other tasks machine 

learning algorithm for the ensemble. This works by creating a lot of decision trees at training time 

and outputting the class which is the class mode (classification) or mean prediction (regression) of 

the individual trees. Random forests offer a remedy for the problem of overfitting of the decision 

trees. 

 

Fig 3.5 Random forest regression 
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3.5 Deep learning technique in Neural Network 

Nevertheless, the present survey will concentrate on the narrower, but now commercially relevant, 

Deep Learning (DL) subfield within Artificial Neural Networks (NNs). A regular neural network 

(NN) is made up of many basic, linked processors called neurons, each generating a sequence of 

real-estimated activations. Input neurons are activated by sensors which perceive the environment, 

other neurons are activated by weighted connections from previously active neurons (see Section 

2 for details). Some neurons can activate behaviors to affect the environment. Learning or credit 

assignment is about finding weights, such as driving a car, that make the NN exhibit desired 

behavior. These actions may involve long causal chains of computational stages, depending on the 

question and how the neurons are related (Sec. 3), where each stage transforms the network's 

aggregate activation (often non-linearly). Deep Learning is about assigning credit correctly across 

all of those stages (Schmidhuber 2015). 

 

 

Fig 3.6 Neural Network architecture 

Neural networks are reducible to regression models — a neural network can "pretend" to be a 

regression model of any kind. For example, this very simple neural network is similar to a logistic 

regression, with just one input neuron, one hidden neuron and one output neuron. It takes multiple 
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dependent variables = input parameters, multiplies them by their coefficients = weights, and runs 

them through a sigmoid activation function and a unit phase function, which closely resembles the 

logistic regression method with its error. 

 

Fig 3.7 Regression in Neural Networks 

Once this neural network is equipped, gradient descent will be performed to find better coefficients 

and suit the data until the optimal linear regression coefficients (or, in terms of neural network, the 

optimal weights for the model) are reached. 

3.6 Performance Metrics 

The mean squared error (MSE) tells you how close to a collection of points is a line of regression. 

It does so by taking the distances from the points to the regression line (the "errors" are such 

distances) and squaring them. To remove any negative signs the squaring (RMSE) is necessary. 

This also gives the bigger variations more weight. This is called the mean squared error, when you 

consider a number of errors on average. 

. . . . . . (3.2) 

. . . . . .``(3.3) 
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CHAPTER FOUR 

RESULTS 

This chapter presents an overview of the achieved results, the data utilized, and the experiment 

procedure to answer the stipulated research questions. This chapter is divided into two sections in 

order to answer the research questions, section 4.1 focuses on the construct of the data set and the 

mechanism of the experiments, section 4.2 focuses on the analysis of the data, this comprises of 

the data preprocessing and data modeling tasks and section 4.3 focuses on the performance 

evaluation of the predictive models developed by the algorithms. 

Section 4.1 Empirical Data 

The data set used for the research is an open-source dataset in the Kaggle repository. This research 

aims to predict the sales in big mart based on some input variables. The task involved here is a 

regression task. The training dataset comprised 8523 observations and 12 variables and the test 

dataset comprised of 5681 observations and 12 variables. These observations are were pre-

separated from the data source. These variables in the data set include numeric and categorical 

variables with an output variable that is a continuous variable. The output variable is the ‘item 

outlet sales’, a descriptive statistics were performed on the variable and the result shows that the 

item outlet had an average sale of 2181.28, with the highest recorded sale of 13086.964800 and 

the lowest sale of 33.290000. The output variable was tested for a relationship with other 

continuous variables using the scatter plot, the results reveal that the input variables had no linear 

relationship with the output variable. The dataset was then checked for the presence of missing 

value, the result shows that the variables item weight and outlet size had 1463.0 (17.17%) and 

2410.0 (28.28%) missing value respectively. These values were of a significant quantity, however, 

these variables are significant in the prediction of the ‘item outlet sales’. The missing values in the 

‘item weight’ column were replaced with the mean value of the column.  

Section 4.2 Data Analysis 

Some feature engineering tasks were performed on the new dataset, the variables were re-arranged 

for better manipulation. The output variables came first followed by the numeric variables and the 

continuous variables. The normality test was performed on the continuous variables and the 
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variables that were not normally distributed were transformed by applying log transformation to 

achieve normality in the variables. the categorical variables were transformed to numeric using the 

dummy variable function. 

 

Fig 4.1 A box plot of Item Outlet Sales against the Outlet Identifier 

The fig 4.1 above reveals that Outlets 010 and 019 have the shortest box plot, this suggests that 

the sale of items in these outlets has a high level of agreement with each other. Furthermore, the 

other Outlets having a larger box plot suggests that the sale of items in these outlets have a high 

level of disparity among each other. Outlet 027 box plot suggests that some items have higher sales 

when compared to item sales in other outlets.  

 

Fig 4.2 A box plot of Item Outlet Sales against the Outlet Type 
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The outlet types in the dataset were divided into four groups. The box plots above reveal that 

Grocery Store Outlets have the shortest box plot, this suggests that the sale of items in the grocery 

stores not much compared to other outlets. The Supermart Type3 group shows that the sale of 

items in that group is higher than the other groups and has a higher disparity amongst the items. 

 

Fig 4.3 A box plot of Item Outlet Sales against the Outlet Establishment Year 

Fig 4.3 is A box plot of Item Outlet Sales against the Outlet Establishment Year. The outlets 

established in the year 1998 experienced the least item sales and the outlets established in 1985 

experienced the highest item sales and has a high disparity between the sale of items.  

Furthermore, the study performed machine learning tests and deep learning tests in the prediction 

of the item outlet sales. The machine learning techniques used in the study include Support Vector 

Regression (SVR), Logistic Regression (LR), Random forest Regression (RFr), and Decision Tree 

Regression (DTr). On the other hand, the deep learning technique used for this study is the 

Artificial Neural Network (ANN). 

Section 4.3 Model Evaluation 

The performance of the model was evaluated using the Mean Square Error (MSE) and Root 

Mean Square Error (RMSE). The performance of the models is outlined below. 
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Table 4.1 The Mean Square Error (MSE)  and Root Mean Square Error (RMSE) of the 

prediction models developed by the algorithms. 

Algorithms MSE RMSE 

Support Vector Regression (SVR) 1438556.03 1199.40 

Multiple Linear Regression (LR) 703286.11 838.62 

Decision Tree Regression (DTr) 2600437.07 1612.59 

Random Forest Regression (RFr) 1138681.59 1067.09 

Deep Learning (ANN) 691652.94 831.66 

 

 

Fig 4.1 The Mean Square Error (MSE)  of the prediction models developed by the algorithms. 
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Fig 4.2 The Root Mean Square Error (RMSE)  of the prediction models developed by the 

algorithms. 

The results from Fig 4.1 and 4.2 show the Mean Square Error and the Root Mean Square Error of 

the predictive models developed by the algorithms. The SVR, LR, DTr, RFr and the ANN had an 

MSE score of 1438556.03, 703286.11, 2600437.07, 1138681.59, and 691652.94, and RMSE score 

of 1199.40, 838.62, 1612.59, 1067.09 and 831.66 respectively. The Deep Learning - Artificial 

Neural Network has the lowest MSE and RMSE values.   
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CHAPTER FIVE 

DISCUSSION 

This research is aimed at comparing the performances of some machine learning techniques and a 

deep learning technique in the prediction of item outlet sales in Big marts. This study made use of 

some data preprocessing techniques to ‘clean’ the dataset. The dataset was checked for missing 

values, the dataset was found to have a considerable amount of missing values in a column, the 

missing values was then replaced with the mean of the column. The dataset used comprises of 

categorical and numerical input variables, in other to get the most of the algorithms, the categorical 

variables were converted into numeric variables using the dummy variable package in sci-kit learn 

library. The feature scaling technique was performed on the entire data to achieve a proper learning 

process. Data exploration was performed on the dataset in an attempt to reveal patterns, trends, 

characteristics, and anything that could be a point of interest. From the exploration of data, the 

study reveals that the outlet named ‘outlet 027’ had some items sold more than the other items in 

the outlet also when compared with other outlets, the ‘outlet 027’ had more item sales. Also, the 

Supermart Type3, one of the outlet types shows that the sale of items in that group is higher than 

the other groups and has a higher disparity in sales amongst the items. Furthermore, the outlets 

established in 1985 experienced the highest item sales amongst the outlets established in other 

years and had a high disparity between the sale of items. This exploration reveals that the different 

outlets, outlet types, and the year the outlets were established, have an important role in the 

prediction of outlet item sales. Moving further, the models were ready to be trained.  

The machine learning techniques used to develop the models used to predict the outlet item sales 

are the Support Vector Regression (SVR), Linear Regression (LR), Decision Tree Regression 

(DTr), and Random Forest Regression (RFr). Upon training of the predictive models using the 

machine learning algorithms, their performances were evaluated using Mean Square Error (MSE) 

and Root Mean Square Error (RMSE), their performance scores were; SVR; MSE: 1438556.03 

and RMSE: 1199.40, LR; MSE: 703286.11 and RMSE: 838.62, DTr; MSE: 2600437.07 and 

RMSE: 1612.59 and, RFr; MSE: 1138681.59 and RMSE: 1067.59. Amongst the machine learning 

algorithms, the Multiple Linear Regression model performed best.   
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The architecture of the deep learning technique to be used to develop the predictive model is the 

Artificial Neural Network (ANN). The first layer is the input variables, the first hidden layer has 

11 hidden neurons, we have also a second and third hidden layer that has 7 and 5 neurons 

respectively. Finally, the output layer contains one neuron because one real value which is the 

outlet item sales that is to be predicted. This was done by creating an object of the sequential class 

by tensor flow. And one of these classes is actually the sequential class which will exactly create 

an artificial new network initialized as a sequence of layers. The first thing that was done is to 

create a new variable that is called ann and this variable represented exactly the artificial neural 

network to be developed. Then the first hidden layer was added, followed by the second hidden 

layer, the third hidden layer, and then the output layer. The activation function ‘relu’ was applied 

in the hidden layers. The next step is to train the ANN, first, the ANN was connected to an 

optimizer, the classic Adam Optimizer was chosen, that took care of reducing the loss during 

backward propagation stochastic gradient descent. Then the mean square error loss function was 

chosen. The ann model was trained with the train data having a batch size of 32 and the number 

of epochs equals 100. Upon training of the ann model, the performance of the model was evaluated 

using the mean square error (MSE) and root mean square error (RMSE), the ann predictive model 

has performance score of MSE= 691652.94 and RMSE= 831.66. This result corresponds with that 

of Ibrahim and Rusli (2007) in their study which stated that the artificial neural network (ANN) 

model performs better than decision tree and linear regression. Their study concludes that the best 

model in predicting the final CGPA of the students upon graduation is the ANN. Also, a study by 

Arkin et al. (2020) concluded that the artificial neural network delivers a more precise estimation 

when compared to regression in the prediction of survival amongst cancer patients.   

Conclusion 

The purpose of this research was to compare the performance of the algorithms developed using 

machine learning and deep learning techniques. The data used in the study were pre-processed and 

used for the training process. Acharya (2017) stated that all algorithms have better performance in 

some circumstances and not so good in another. Support vector regression, Multiple linear 

regression, decision tree regression, random forest regression, and artificial neural network have 

the same tendency to develop accurate models given the dataset used in this study. This study 

found the artificial neural network to performs better than the other algorithms in the prediction of 
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outlet item sales in big marts. The ANN developed predictive model had the least MSE and RMSE 

performance metrics.  Also, the outlets, outlets types, and the years the outlets were established 

have a significant role in the prediction of outlet item sales in big marts. 

Recommendation 

To be able to the prediction of outlet item sales in big marts accurately using advanced analytics 

has many significances. The prediction could help a more informed decision-making process in 

the big mart business, it would aid big marts’ management on their decision as to the maximize 

items and outlets placement in other to provide a better customer experience which would, in turn, 

lead to increase in sales which are most likely to translate to increase in revenue and cause 

expansion of in the big mart business. One of the major accomplishments in this research was that 

the research assisted in understanding the algorithms clearer. When the algorithms were checked 

through several conditions, the algorithms acted in a different way, this helped me get a clearer 

understanding of their working mechanism. This thesis can act as a stepping stone in outlet item 

sales prediction in big marts with deep learning which could and should be extended further for 

future research. The thesis encountered several limitations, the main limitations encountered in the 

research are; the tools used in this thesis, like the computer’s processing power and secondly, the 

time constraints available for the research. Research of this nature requires a level of expertise in 

the respective domains. 
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