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ABSTRACT  
  

  

Livestock industry has been one of the fastest growing sectors of business and 

research in Bangladesh over the past decade. This rising, lucrative and profitable 

industry seems to be attracting a good number of enthusiastic investors to invest 

their capital, and make a contribution to the country’s overall GDP, and recover 

the deficit in meat production. However, due to lack of suitable resources, reliable 

data and information, proper knowledge and precise guidance, these investors are 

lagging behind in generating their expected outcomes. Moreover, these investors 

and farmers tend to make choices based on their experience only. To come to their 

assistance in making compatible decisions and provide with a profitable and 

efficient approach in the investor’s business expansion in Bangladesh, this 

research aims to establish an intelligent prediction methodology through 

regression analysis, by implementing data mining and supervised machine 

learning techniques. This research provides some cattle’s breed based analysis 

depending on different related factors, which includes age, current weight of 

cattle, the environment it is reared on, the diet plan and the geographical region it 

originated from. The models implemented in this research were, Linear 

Regression model, Ordinary Least Square Regression model, Polynomial 

Regression model and Decision Tree learning for attaining this prediction 

mechanism. For executing the analysis, an unanalyzed data set, having a period 

of 12 years, were collected from Bangladesh Livestock Research Institute, Savar 

Dairy Farm, and Meghdubi Agro farm. 

 

 

Index Terms:   

Livestock Analysis; Machine Learning; Regression Models; Decision Trees. 
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Chapter 1 

OVERVIEW 

  

1.1 INTRODUCTION  

  

Bangladesh is one of the largest livestock producers in the Southeast Asia. 

Livestock population in Bangladesh is currently estimated to be 25.7 million cows, 

0.83 million buffaloes, 14.8 million goats, 1.9 million sheep, 118.7 million chicken 

and 34.1 million ducks [1]. In our country, livestock generally includes cows, goats, 

buffaloes, sheep and poultry. Livestock plays a major role in contributing in the wealth 

of our country. Leather, Meat and Milk is a big source of revenue for our country, 

which comes from the livestock industry. It plays an important role in the agriculture 

production sphere. Statistics shows that around 2.9% of the country’s annual GDP is 

generated through the livestock, and 20% of the families earn their livelihood through 

rearing livestock [1]. Due to the economic condition of Bangladesh, if given proper 

guidance, investing in Livestock industry can prove to be quite profitable for the 

farmers. The first world countries have been successful in bringing a huge 

advancement in their economic condition through automated agriculture. However, 

Bangladesh is lagging behind in advancing in increasing the overall GDP significantly 

through this industry. The prime motive of this research is to automate the animal 

agriculture sector through the implementation of technological tools and 

methodologies [4]. Through this research, both the rural area farmers and Agro farm 

investors will be profitable, as it provides a detailed learning and prediction 

mechanism of the livestock rearing industry. Furthermore, the new investors, who 

previously used to take decisions based on their estimations, will gain the most benefit 

from our research. Farmers with minimum knowledge about a cattle and its growth 

affecting factors, will be able to learn and get inspiration to take initiate investing in 

this sector. This research provides a regressive trend analysis of cattle divided by their 

original breeds. On providing some significantly related factors, the investor will be 

able to make the choice of the most profitable breed of cattle for rising in their 
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preferred geographical region. As a result, this technological expansion in livestock 

sector will contribute in minimizing the protein deficiency of our country, and come 

to economic assistance. Therefore, if monitored properly, this research can encourage 

thousands of families to take up the profession of livestock rearing, to bring solvency 

in their lives. If the importance and profitability of investing in this sector, can be 

properly pictured, it will in return generate huge revenue for the nation and contribute 

even more prominently in our GDP.  

  

 

1.2 MOTIVATION  

  

Bangladesh being a third world country is still on the demographic stage of 

making its mark in the technological advancement in agriculture. On the other hand, 

the other business sectors have already laid their hands on automating their system. 

However, the animal agriculture sector is yet to come to exposure [4]. Automating the 

agriculture system, is not a trend anymore, in fact is a necessity, in a country like 

Bangladesh, where over 20% of the families depend on livestock rearing [1]. A good 

number of young investors plan to start investing in this sector, but eventually back 

out thinking it needs a lot of practical experience. Thus, this generation is not yet 

playing a major role in contributing in the Livestock industry.   

 

Another point being is the restriction of import of cattle from India. Over the past few 

years, India has closed its doors to us for import of beef, which resulted in drastic rise 

in demands throughout the year. Results show that the price of beef per kg increased 

up to 38% from 2013 to 2017 [2]. In addition, there have been reports of dead 

casualties while some businesspersons tried to invade the border to bring cows from 

India [2]. Bangladesh being a Muslim country has a huge demand for beef throughout 

the year, especially during the festival of Eid-Ul-Adha. Due to high demand and low 

supply, the country suffers from a deficiency in production of meat. Consequently, 

beef, which is a prominent source of protein, is slipping out of the reach of a huge 

portion of the population. Through this research, we aim to encourage more number 



12 

of farmers to invest in this sector and make the journey as simple as possible for them. 

This will in turn withdraw our reliability on importing beef from outside of our 

country. If properly monitored, the business will experience significant expansion, and 

the price of beef will stay stable, if not decrease.  

  

 

1.3 METHODOLOGY  

  

In the past, many researchers have worked on topics similar to this research for 

predicting outcomes regarding livestock and Automating the animal agriculture 

process. Most of the researches incorporated Linear Regression Analysis and Decision 

Tree algorithm in their work. This research aims to implement the data mining tools 

and machine-learning models to analyze produce a regression analysis for different 

breeds of cattle. Our research will take both the test and train datasets, and produce 

regression analysis for different machine learning algorithms, such as Ordinary least 

squares model, Linear regression model, Polynomial Regression model in Support 

Vector Machines (SVM) and Decision tree algorithm. These are supervised machine 

learning algorithms, which take previous datasets, learn the correlation between 

different attributes of the model, and use it to predict the future expected outcomes 

from the given input. The outputs will be displayed in both graphical and tabular 

forms, where the tabular data will have the numerical properties explained, that the 

model could derive from the given dataset. These numerical results will portray the 

characteristic of our dataset. Alongside that, the system will have graphical 

representation, which will show the complete trend and provide an analysis for the 

hypothesis among the dependent and independent variables of our dataset. The 

regression models will generate regression equation based on the analysis of the 

complete dataset, divided by breeds of the cattle. From this equation, the end user will 

be able to derive the predicted outcomes of the dependent variable (expected weight 

of the cattle), by providing the independent variables (age, current weight, food habits 

and weather conditions) as input variables. Therefore, the system plans to provide a 

complete insight for a new investor or farmer from the context of the most profitable 
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breed to purchase based on their geographical region. In addition, plans to provide the 

exact diet plans to follow based on the age and current weight of the cattle, and thus 

what weight and growth rate to expect from that cattle in the subsequent years of 

rearing, through the regression analysis.  

 

 

1.4 OBJECTIVES   

 Increase overall meat production. 

 Increase overall nutrient contents and quality of the meat produced, using 

differentiation approach.  

 Reduce the unemployment rate and bring solvency. 

 Eliminate dependency on import of meat. 

 

 

1.5 THESIS CONTRIBUTION  

Data collection was the most difficult for us at the very beginning as no one 

was ready to give his or her confidential data. Especially we want to thank 

“Meghdubi Agro” for their enormous support to share their important information, 

as they were ready to help youth leaders who wants to enter in this field. Last but not 

the least Bangladesh Livestock Research Institute also helped us through giving us 

the chance to visit the biggest government farm of our country “Savar Dairy Farm”.  
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1.6 Hypothesis of the Study  

 Research hypothesis is a statement, which helps the researcher to draw an 

assumption on whether his hypothetical assumption is true, or not. Based on the 

objectives of the study, we are presenting the following hypothesis in the table below.  

 

Factors Null Hypothesis Alternative Hypothesis 

Origin 𝑥𝑜𝑟 = 0 𝑥𝑜𝑟 ≠ 0 

Age 𝑥𝑎𝑔 = 0 𝑥𝑎𝑔 ≠ 0 

Current weight 𝑥𝑐𝑤 = 0 𝑥𝑐𝑤 ≠ 0 

Environment 𝑥𝑒𝑛 = 0 𝑥𝑒𝑛 ≠ 0 

Food Habits 𝑥𝑓ℎ = 0 𝑥𝑓ℎ ≠ 0 

 

Table 1.01 Study Hypothesis 

From the collected dataset, we see that all the input parameters are positively 

correlated with the output parameter.  
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                             Chapter 2  

 

LITERATURE REVIEW  

  
 2.1 RELATED WORKS  

  

In this chapter, a brief overview on the research works existing and on the ones 

that have taken place in the past, related to our thesis topic is given. Many 

researchers, around the world, have taken the concept of automated animal 

agriculture into account. Advancement of Bangladesh is quite new in this sector. 

However, many international authors and journalists have placed their systematic 

investigation in this topic. An official journal of American Society of Animal 

Science has published a number of papers on cattle production and their relation 

with genetics, nutrition, feedlots, physiology and other affecting factors [3].  An 

article on Big Data analytics and Precision animal agriculture uses machine 

Learning algorithms and Data mining tools to analyze and predict Animal 

agriculture [4]. Precision animal agriculture plays an important role in uplifting 

the management, production and sustainability of the livestock industry. 

However, machine learning and data mining is one of the most effective approach 

to minimize the challenges in animal sciences, as precision agriculture method in 

unable to implement complex data generated by fully automated phenotypic 

platforms [4]. Machine learning is a sector of artificial intelligence for estimation 

and prediction of algorithms. This article focuses on observing the phenotypes in 

training data set from the genotypes [4]. Maximum objective function from 

training dataset signifies the efficiency of a regression model [4] [5]. The 

regression models used in this research for biological and physical factors of cattle 

required for automating the livestock analysis were K-means model, principal 

component analysis, regression models, linear model, random forest and neural 

networks [4]. The work of Arango and Cundiff in 2004, at the U.S meat animal 
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research center, implemented covariance functions and random regression models 

(CF-RRM) for predicting the increase in weight of beef cattle, over a period of 

eight years [5]. This research model consisted of regressions on weight of a cattle 

recorded quarterly, season of measurement, and pregnancy-lactation periods. 

However, when the covariance function was applied for cattle of all ages, it was 

seen that the older aged cattle disagreed to fit to the model and gave higher 

variance estimates [5]. The author concluded that supervised machine learning 

could be a solution to this problem. Another research in 2015 by V. Goldberg 

focused on the analysis of the growth rate of pasture fed Angus cow’s growth 

curves provide an insight of how the weight of some cattle varies over time [6]. 

The research produced results using the 3-knot cubic spline function, which is a 

statistical model, was fitted to model weight change across age. A comparison 

proved that 3-knot cubic spline function gave better estimated results of a cattle’s 

weight with respect to time, from birth to maturity age, than the “Richard’s 

model” [6]. Moreover, a research in 1983, used polynomial regression to estimate 

the growth rate curve of animals. Covariance is then performed on the regression 

coefficients. In case of data with missing variables and observations, this 

approach provides better results than the Multivariate analysis for growth rate 

estimation [7]. The work of Karin Meyer also emphasizes on the phenotypic 

variation of livestock growth behavior using Random regression models of two 

Australian breeds, Polled Herefords and Wokalups [8]. Here phenotypic random 

regression model was used to analyze the trend in growth rate in correspondence 

to weight and environmental factors. The author of the article explained the use 

of Restricted Maximum Likelihood (REML) model for estimating covariance and 

error in covariance between regression coefficients [8]. In contrast to the 

polynomial regression models, the article of R.Schaeffe approaches with Random 

regression models (RRM) [9]. Genetic evaluation of dairy cattle, survival and 

fertility data, using test day production records is one of the best application of 

RRM. This research provides an insight of genetic variability with time, which is 

another progress on the field of automated livestock rearing [9]. The work of S, 

Niggol concentrates on a different paradigm of climate change [10]. The author 
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further says, the large commercial beef cattle rearing farmers of Africa, will face 

the downside than the small-scale goat, sheep and chicken breeders [10]. 

Although, there has been quite a number of remarkable work on livestock analysis 

with big data, the impact of machine learning techniques and data mining and 

potential in “big data” analysis did not receive adequate appreciated in the animal 

science community, where this recognition has remained only fragmentary.   

  

  

 2.2 COMPARISON   

  

After reviewing all these past and existing research works on livestock 

analysis, we were able to find some basic differences between these papers and 

our model. Each of the past research work mainly focused on a single aspect only. 

However, in our model we tried incorporating multiple factors that can contribute 

to cattle’s increase in weight, which is its current weight, age, diet plan, and 

weather conditions. In addition, we focused on deriving the level of impact each 

parameter will make on our prediction analysis of the expected weight.   
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Chapter 3 

ALGORITHMS 
  

  

The following discussion focuses on the techniques used to obtain expected 

output prediction in this study.  

  

3.0 Supervised data mining  

  

A new way to define the methods are used in the field of statistics, machine 

learning is called Data Mining [11]. It includes methods from the field of AI, machine 

learning, statistics that implements pattern recognition in large dataset [12]. The 

objective of data mining is to train a machine with the help of bulk amount of data 

into an understandable structure which can be used in different analysis in the basis 

of the trained data set [12].   

 

From a specified set of predictors (independent variables), target variable (dependent 

variable) was predicted by supervised data mining [13]. We generate a function that 

maps inputs to preferred outputs using these set of variables using different models 

to get the expected output.  

  

  

3.1 Ordinary least squares  

  

Ordinary least squares (OLS) regression model also known as linear regression 

model is a regressive model for estimating the unknown variables in a linear 

regression model. It expresses the linear relationship between an explanatory 

variable and a dependent variable [14]. OLS selects the parameters of a linear 

function of the dependent and independent variables by keeping the sum of the 
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squares of the differences between the observed and predicted values of the 

dependent variable configured as a straight line from our dataset [14]. If 

mathematically observed, it can be seen that the smaller the difference of sum of 

squared distance between each data point in the set and corresponding points on 

the regression surface, the better the model fits the data.   

The general equation for Ordinary least squares regression model can be written 

as: 

 

       𝑦 = 𝛽0 + 𝛽1 ∗ 𝑥    (1) 

 

Where, 𝛽0 stands for a constant or y-intercept.  

𝛽1 stands for the coefficient for the 

dependent variable x represents the 

dependent variable and y stands for 

independent variable.  

The coefficients of 𝛽 is found the minimizing the error of prediction. Error of 

prediction is the difference between the real dependent value and predicted 

dependent value [15].  

 

Limitations of OLS:   

       Collinearity between the x (dependent variables) can make us misinterpret the 

coefficients 𝛽. Solution to the limitation can be using the Principal component 

regression can be used.  

  

  

3.2 Multiple Linear regressions  

  

It consists of quite some similarities to the simple linear regression model. 

However, the basic difference is, it deals with multiple independent variables, that 

portrays effects on the dependent variable, we are intending to estimate. For that, 
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we need to take into account multiple coefficients of the independent variables, 

which contribute to the complex computation of our given variables.  

In case of multivariate regression model, it is not efficient to consider all the 

available independent variables. We intend to select the variables, which 

contribute most to our dependent parameter, through which we start minimizing 

the error function [16]. This can be achieved by calculating the correlation 

function of the all the dependent and independent variables related to our data set. 

The variables with highest correlation functions indicate on having the most 

significant effect on our estimated parameter, by minimizing the error function 

[16]. The independent variables with the lowest correlation factor shows least 

effect on the result, thus can be completely ignored.  

The Multivariate Linear Regression model can be expressed by the following 

equation [17]:   

 

𝑦 = 𝛽0 + 𝛽1 ∗ 𝑥1 + 𝛽2 ∗ 𝑥2 + 𝛽3 ∗ 𝑥3 + ⋯ + 𝛽𝑛 ∗ 𝑥𝑛   (2)                

Where,  

Correlation factors affecting the independent variable [17].  

  

 3.3 Support Vector Machine (SVM):  

Support vector machines are supervised learning algorithms that implement 

classification and regression analysis, by analyzing the dataset [18]. SVM creates 

hyperplanes between two distinct classes of data categories and selects the one with 

the maximum margin. SVM works well for classifying data sets with lots of features, 

also known as the higher-dimensional data.  

 

• Works well for classifying higher-dimensional data (many features) Finds 

higher-dimensional support vectors across which to divide the data 

(mathematically, these support vectors define hyperplanes.  

• Uses something called the kernel trick to represent data in higher-dimensional 

spaces to find hyperplanes that might not be apparent in lower dimensions  
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• The important point is that SVM’s employ some advanced mathematical 

trickery to cluster data, and it can handle data sets with lots of features.  

• It is also expensive –the “kernel trick” is the only thing that makes it possible.  

  

Support Vector Machine - Regression (SVR)  

 
Support Vector Machine can also be used as a regression method, maintaining 

all the main features that characterize the algorithm. The Support Vector 

Regression (SVR) uses the same principles as the SVM for classification, with 

only a few minor differences. For regression in SVM, all the main features that 

characterize the algorithm must be maintained. Svm regression maps input space 

data into real numbers [26]. Svm regression is performed for high-dimension 

feature space mapping from input space features, which is a suitable mechanism 

for this research. In addition, the svm regression function used relies on the 

epsilon insensitive (loss function) and reduces the model complexity by 

minimizing errors [28]. 

  

Linear SVR  
          

                       𝒚 = ∑ ∗𝑵
𝒊=𝟏 (𝜶𝒊 − 𝜶𝒊

∗) ∗ (𝒙𝒊, 𝒙) + 𝒃                                        (3)           

 

   

Non-linear SVR  

 

The kernel functions transform the data into a higher dimensional feature space to make it 

possible to perform the separation. 

  

 

𝒚 = ∑ ∗𝑵
𝒊=𝟏 (𝜶𝒊 − 𝜶𝒊

∗) ∗ {𝝓(𝒙𝒊), 𝝓(𝒙)} + 𝒃                              (4) 

 

    𝒚 = ∑ ∗𝑵
𝒊=𝟏 (𝜶𝒊 − 𝜶𝒊

∗) ∗ 𝑲(𝒙𝒊, 𝒙) + 𝒃                                        (5)  

    
Kernel functions [27]  
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1. Linear splines kernel in one-dimension  
 

It is useful when dealing with large sparse data vectors. It is often used in text categorization.  

The spline kernel performs well in regression problems. Equation is: [27]  

 

      𝒌(𝒙, 𝒚) = 𝟏 + 𝒙𝒚 + 𝒙𝒚 𝒎𝒊𝒏(𝒙, 𝒚) −
𝒙+𝒚

𝟐
𝒎𝒊𝒏(𝒙, 𝒚)𝟐 +

𝟏

𝟑
𝒎𝒊𝒏(𝒙, 𝒚)𝟑       (6) 

  

2. Polynomial kernel  
 

It is popular in image processing.  

Equation is:  

 

         𝒌(𝒙𝒊, 𝒙𝒋) = (𝒙𝒊 ∗ 𝒙𝒋 + 𝟏)𝒅                                   (7)  

 

Where d is the degree of the polynomial. [27]  

  

3. Gaussian radial basis function (RBF)  
 

It is general-purpose kernel; used when there is no prior knowledge about the 

data. Equation is: [34]   

  

  

4. Sigmoid kernel  
 

We can use it as proxy for neural networks. Which is given by the equation [34]   

 

    𝒌(𝒙, 𝒚) = 𝒕𝒂𝒏𝒉(𝜶𝒙𝑻𝒚 + 𝒄).                                (8)  

 

3.4 Decision tree learning   

  

In context of data, mining techniques are concerned with pattern and classification 

of huge and uncertain data [19]. Decision tree algorithm is a frequently used 

technique in data mining to classify large amount of data and extract dataset that 

has similar patterns [19]. Decision tree represents classification model for a data 

set in the form of a tree structure, breaking down the dataset into smaller subsets.   

 In this research decision tree algorithm builds regression models in the form of a 

tree structure. It breaks down a dataset into smaller and smaller subsets while at 
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the same time an associated decision tree is incrementally developed [20]. The 

leaf nodes are expected weights and decision nodes has two branches e.g. age 

difference and current weights, each representing values for the attribute tested. 

Leaf nodes represent a decision on the numerical target, which is expected value. 

The topmost decision node in a tree, which is known as root node, was divided 

into five breeds we worked on. Decision trees can handle both categorical and 

numerical data.   

 

3.5 Comparison:  

  

• After analyzing multiple algorithms and models for our research, we came to 

conclusion that Linear Regression Model, Support Vector Machine model and 

Decision Tree Model (ID3) are the most suitable algorithms that matches with 

our context and fulfils our needs. We started with analyzing and researching 

the Time series analysis. While implementing our data set and model, through 

Time series analysis, we came across multiple limitations. Firstly, to 

implement Time series analysis, the data set must have at least 30 time lags. 

However, our data set had only 20 lags, which was insufficient. We tried, but 

we could not collect data, which was monthly or semiannually lagged. One 

major reason for not selecting Time series analysis was, we could only predict 

future outcomes from the Time series of a particular data set. We were not able 

to implement or work with any data that falls within the Time series executed. 

Furthermore, Time series analysis could not provide the trend of the growth 

rate of some cattle, which is a key part of our research. In addition, due to 

having less number of time lags, we were not able to accurately standardize 

the data set and check for stationarity of the data set. We also faced difficulty 

to get the record of consistent time lags, which is a key point for Time series 

analysis.  

  

• As we are not getting the in between expected weight with the help of Time 

series analysis we went for the linear regression model which is more effective 
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for our dataset. Here we are getting the future outcomes as well as the in 

between expected weight outcomes. In addition, if any user provides us the 

second years’ current weight we can provide them the third or the any future 

years expected result. Consistent lags of the data set is not required to 

implement the work process, which is more feasible in comparison to time 

series analysis.  

 

• Furthermore, we took the help of Decision tree model (ID3). Because, if we 

have more choices in hand to choose which breed we should go for which aged 

breed is more profitable and the weight range of particular aged breed, 

Decision tree model would be more helpful to make the decision on the basis 

of the alternatives in our hand. From where 

where we get which breed is more profitable in which age and what should be 

the current weight range to get the expected output.  

  
    
  

3.6 K-Fold Cross Validation:   

  
Cross validations are mainly used when there is a prediction model and how 

effective it performs in practice. We used cross validation to test our model’s 

ability and accuracy to predict new things that were not being estimated [21]. 

Moreover, we get to know flag problems like overfitting [21] and under-fitting 

using this validation process whether it will generalize to an independent dataset 

or not.  

In K fold cross validation; we divide the data into K equal subparts at first. Here 

number of subsets must be at least two and single subpart is retained for the 

validations process where other k-1 parts are used as the train data set. That is 

why k-fold cross-validation is known as leave one-out cross-validation [22]. 
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Chapter 4 

 

DATA PROCESSING AND RESULT ANALYSIS 
 

Data is the key component for predicting outcomes using regression analysis. By 

feeding the dataset into the statistical and machine learning models, a comparison is 

made between the models and a regression analysis for predicting the outcomes, is 

generated. Therefore, the data sets need to be authentic and complete. 

 

4.1 DATA PROCESSING 

The process of collecting the dataset for the research and the standardization form of 

the raw data is given below.  

  

4.1.1 Data Collection   

Firstly, online datasets for livestock of Bangladesh is not available. On searching 

multiple government websites, we could not find any digital dataset and later 

discovered they do not keep any record of livestock in digital format. However, we 

could find some international datasets only. However, we did not consider the 

international dataset, as we tried to develop a model on the context of Bangladesh 

completely. Later on, we visited our nearest Department of Livestock Services (DLS), 

and they referred us to a few government cattle breeding farms. On visiting Savar 

Dairy farm physically, we could lay our hands on some raw, handwritten data. We 

had to convert the raw datasets into Microsoft Excel datasheets. We further visited 2 

different branches of Meghdubi Agro farm, which is a private cattle farm, for 

collecting more data required for our research. Meghdubi Agro also could provide us 

with handwritten datasets only. Both the Agro Farms provided dataset of a cow, 

having similar attributes. The attributes included, current weight of a cow, its current 

age, gender, what will be its expected weight about a year later, the diet plan it needs 
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to follow, the suitable environment it should be kept in and the origin of a cattle. In 

this model, we worked with five different cattle breeds, Bhutani, Friesian, Local, 

Brahman and Indian Haryana. The cattle are fed a certain amount of food with respect 

to their age and current weight. The table showing the average relationship between 

the diet plan and current weight is given below. 

 

Current Weight of Fattening Bull(kg) Daily diet plan(kg) 

100 - 200  3 

201 – 300 3.5 

301 – 400 3.75 

401 – 500 4.75 

501 – 600 5.75 

601 – 700 6.75 

701 – 800 7.50 

801 ++  8 

          

Table 1.02: Diet Plan of cattle 

 

 

4.1.2 Data Preprocessing  

 

• Data type conversion: From our collected dataset, origin of cattle and the 

weather conditions were categorical data, which needed to be converted into 

numerical data. For this data type conversion, LabelEncoder method of Sklearn 

class was used. Due to less variation of the categorical data, we did not require 

the OneHotEncoder method.    

 

• Data scaling: Due to different ranges of data of different parameters, all the data 

were brought into a standard scale, for better interpretation. After conversion, the 
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standardized data ranged from -1 to +1. Standardization of the data increased the 

accuracy of the trend analysis.  

• Feature Selection: As we could collect from primary sources and had limited 

attributes, all the input parameters were meaningful and correlated to the output 

parameter. Therefore, we did not have to run any feature selection algorithm on 

our dataset. 

 

4.2 RESULT ANALYSIS:   

4.2.1 Result analysis based on Ordinary Least Squares Regression Model:    

  

R-square: It is a statistical measure of how close the real data points are fitted onto 

the regression line. It is known as the coefficient of determination. Its defines how 

much variation is in the independent variable is explained by the variation in the 

dependent variable. It ranges from 0 to 1.  

A value close to ‘1’ represents most of the data is represented by the model and a value 

close to 0’ represents no relation with the regression line.  

Adjusted R-square: It adjusts the statistic value of R-square based on the correlation 

of an independent variable to the dependent variable. If the correlation is, strong 

Adjusted R-square value increases and vice versa. Adjusted R-square value must 

always be less than the actual R-square value.   

F-statistic value: The F value represents the ratio of the mean regression sum of 

squares divided by the mean error sum of squares.  Its value will range from zero to 

an arbitrarily large number [25].  It tests the overall significance of the regression 

model.   

Probability (F): They test the null hypothesis, that all of the regression coefficients 

are equal to zero [25]. The value of Probability (F) is the probability that the null 

hypothesis for the full model is true. It is used to determine whether the coefficients 

are significantly different from zero or not. The closer its value to zero the better.   
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T-statistic value: It is computed by dividing the estimated value of the parameter by 

its standard error.  This is a statistical measure that the actual significance of the 

parameter is not zero [25]. The larger the absolute value of t, the less likely that the 

actual value of the parameter could be zero. 

 Probability (T): The Probability (t) value is the probability of obtaining the estimated 

value of the parameter if the actual parameter value is zero [25]. The smaller the value 

of Probability (t), the more significant the parameter and the less likely that the actual 

parameter value is zero. The closer the value to zero the significant is the parameter.   

Coefficient: Represents the level of impact an independent variable has on the value 

of the dependent variable.  

BHUTANI CATTLE: 

 
   Table 1.03: Bhutani Train Data              Table 1.04: Bhutani Test Data  
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Train: 𝑦 =  −18.21 ∗ 𝑥1 − 2.99 ∗ 𝑥2 + 0.075 ∗ 𝑥3 − 4.46 ∗ 𝑥4 − 9.42 ∗ 𝑥5    (9) 

Test:   𝑦 =  −14.04 ∗ 𝑥1 − 6.03 ∗ 𝑥2 + 0.089 ∗ 𝑥3 − 0.058 ∗ 𝑥4 − 5.90 ∗ 𝑥5  (10) 

 

R-square: Train Data (0.956) and Test Data (0.944). In both the cases, the dependent 

variable is well explained by the independent variables, but Train Data is giving better 

result. The variation between the values are also quite low.   

Adjusted R-square: Train Data (0.953) and Test Data (0.926). Both the datasets show 

very strong correlation with the expected weight, where train data is giving a better 

output.   

F-statistic: Train Data (319.5) and Test Data (50.70). The results show that the 

regression is more significant using the train data set, in this case.   

Probability (F): Both the datasets produce very insignificant P(F) values. This shows 

that the null hypothesis is almost rejected. Null hypothesis for our research was that 

there is no relationship between the weather conditions and expected weight of a 

cattle. In addition, the coefficients are significantly different from zero.   

Probability (T): For the train data set, x1, x3 and x5, completely rejects the null 

hypothesis. For the test data, except for x1, the values comparatively fail to reject the 

null hypothesis.  

Coefficients: For both the train dataset and test dataset, x2, x3 and x5 show positive 

correlation and x1, x4 shows negative correlation with the expected weight.   
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FRIESIAN CATTLE:   

    

Table 1.05: Friesian Train Data                      Table 1.06: Friesian Test Data  

Train: 𝑦 = 0.07 ∗ 𝑥1 − 0.43 ∗ 𝑥2 + 0.93 ∗ 𝑥3 − 0.04 ∗ 𝑥4 + 0.34 ∗ 𝑥5(11) 

Test: 𝑦 = 0.07 ∗ 𝑥1 − 0.36 ∗ 𝑥2 + 0.81 ∗ 𝑥3 − 0.02 ∗ 𝑥4 − 0.29 ∗ 𝑥5(12)  

R-square: Train Data (0.892) and Test Data (0.862). In both the cases, the dependent 

variable is well explained by the independent variables, where Train Data is high. The 

variation between the values are also quite low.   

Adjusted R-square: Train Data (0.890) and Test Data (0.848). Both the datasets show 

strong correlation with the expected weight, where train data is giving a better output 

than the test dataset.   

F-statistic: Train Data (349.7) and Test Data (61.41). The results show that the 

regression is more significant using the train data set, in this case.   

Probability (F): Both the data sets produce very insignificant values. This shows that 

the null hypothesis is almost rejected. In addition, the coefficients are significantly 
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different from zero. However, the train data produces much smaller P (F) value than 

the test data set.   

Probability (T): For the train data set, x1, x2 and x3, completely rejects the null 

hypothesis. For the test data, except for x2, the values comparatively fail to reject the 

null hypothesis.  

Coefficients: For both the train dataset and test dataset, x1, x3 and x5 show positive 

correlation and x2, x4 shows negative correlation with the expected weight.  

 

 

LOCAL CATTLE:  

  

 Table 1.07: Local Train Data                            Table 1.08: Local Test Data  
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Train: 𝑦 =  −0.86 ∗ 𝑥1 − 0.50 ∗ 𝑥2 + 0.06 ∗ 𝑥3 − 2.17 ∗ 𝑥4 − 3.51 ∗ 𝑥5  (13)  

Test: 𝑦 = 2.50 ∗ 𝑥1 − 0.10 ∗ 𝑥2 + 0.16 ∗ 𝑥3 + 18.69 ∗ 𝑥4 − 17.24 ∗ 𝑥5   (14) 

 

R-square: Train Data (0.820) and Test Data (0.963). In both the cases, the dependent 

variable is well explained by the independent variables. However, this time the Test 

Dataset is giving a better result.   

Adjusted R-square: Train Data (0.790) and Test Data (0.916). Both the datasets show 

strong correlation with the expected weight, where test data is giving a significantly 

better output than the train dataset.   

F-statistic: Train Data (27.34) and Test Data (20.58). The results show that the 

regression is more significant using the train data set, in this case. However, both the 

values are not impressive in proving the significance of the regression model.  

Probability (F): Both the datasets produce very insignificant values. This shows that 

the null hypothesis is almost rejected. And also, the coefficients are significantly 

different from zero.  

However, the train data produces much smaller P(F) value than the test data set.   

Probability(T): For the train data set, except for x3, the values are high enough for 

not being able to reject the null hypothesis. For the test data, the values comparatively 

fail to reject the null hypothesis.  

Conclusion: For the train dataset only x3 shows positive correlation and for the test 

dataset, parameters x1, x3 and x4 show positive correlation and the rest seem to affect 

the expected weight inversely 
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 BRAHMAN CATTLE:   

  
Table 1.09: Brahman Train Data                         Table 1.10: Brahman Test Data    

 

Train: 𝑦 = 1.79 ∗ 10−13 ∗ 𝑥1 − 2.2 ∗ 𝑥2 + 0.09 ∗ 𝑥3 + 8.97 ∗ 𝑥4 − 6.38 ∗ 𝑥5(15) 

Test:𝑦 = −4.47 ∗ 10−11 ∗ 𝑥1 + 5.07 ∗ 𝑥2 + 0.55 ∗ 𝑥3 − 52.33 ∗ 𝑥4 − 51.33 ∗ 𝑥5(16) 

 

R-square: Train Data (0.930) and Test Data (0.992). In both the cases, the dependent 

variable is very well explained by the independent variables. However, this time the 

Test Dataset is giving an almost accurate result.   

Adjusted R-square: Train Data (0.913) and Test Data (0.977). Both the datasets show 

strong correlation with the expected weight, where test data is giving a significantly 

better output than the train dataset.   

F-statistic: Train Data (56.44) and Test Data (64.34). The results show that the 

regression is more significant using the test data set, in this case. However, both the 

values are not impressive in proving the significance of the regression model.  

Probability (F): Both the data sets produce very insignificant values. This shows that 

the null hypothesis is almost rejected. And also, the coefficients are significantly 
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different from zero. However, the train data produces much smaller P(F) value than 

the test data set, in case of Brahman breed.   

Probability (T): For the train data set, except for x2 and x4, the values are high 

enough for not being able to reject the null hypothesis. For the test data, the values 

comparatively fail to reject the null hypothesis.  

Coefficients: For the train dataset, in case of Brahman breed, x1, x3 and x4, shows 

positive correlation and for the test dataset, x2 and x3 show positive correlation and 

the rest seem to affect the expected weight inversely.  

 

 

INDIAN HARYANA CATTLE:   

  
Table 1.11: Indian Train Data                            Table 1.12: Indian Test Data  

  

Train: 𝑦 = −6.51 ∗ 𝑥1 − 11.59 ∗ 𝑥2 + 0.05 ∗ 𝑥3 + 6.52 ∗ 𝑥4 − 2.42 ∗ 𝑥5(17) 

Test: 𝑦 = −5.29 ∗ 𝑥1 − 0.90 ∗ 𝑥2 − 0.17 ∗ 𝑥3 − 0.43 ∗ 𝑥4 − 19.17 ∗ 𝑥5  (18) 
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R-square: Train Data (0.934) and Test Data (0.979). In both the cases, the dependent 

variable (expected weight) is very well explained by the independent variables. 

However, this time the Test Dataset is giving a better result, in case of Indian Haryana 

Breed.   

Adjusted R-square: Train Data (0.920) and Test Data (0.945). Both the datasets show 

strong correlation with the expected weight, where test data is giving a significantly 

better output than the train dataset.   

F-statistic: Train Data (68.13) and Test Data (28.25). The results show that the 

regression is more significant using the train data set, in this case of Indian breed. 

However, both the values are not impressive in proving the significance of the 

regression model.  

Probability (F): Both the data sets produce very insignificant values. This shows that 

the null hypothesis is almost rejected. In addition, the coefficients are significantly 

different from zero. However, the train data produces much smaller P (F) value than 

the test data set, in case of Brahman breed.   

Probability (T): For the train data set, x1 and x2 completely rejects the null 

hypothesis, as the values are 0.0000. However, for the test data, the values 

comparatively fail to reject the null hypothesis.  

Coefficients: For the train dataset, in case of Indian Haryana breed, x3, x4 and x5, 

shows positive correlation and for the test dataset only x5 show positive correlation 

and the rest seem to affect the expected weight inversely.  
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4.2.2 Individual attribute regression analysis of Friesian breed  
  

  
Fig-1: Regression Analysis of Age vs. Expected Weight of Friesian Breed  

  

From the graph it can be seen that till 5 years of age, the expected weight of a Friesian 

cattle increases proportionately. From 6 to 10 years of age the expected weight 

decreases and again from 11 to 12 years there is an upward trend.  

 

  
Fig-2: Regression Analysis of Current weight vs. Expected Weight of Friesian Breed  

  

 This graph shows that with increase in current weight of a Friesian cattle, the expected weight 

also increases.  
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Fig-3: Regression Analysis of Origin vs. Expected Weight of Friesian Breed  

 

The graph shows that Pabna region is best for rearing Friesian cattle compared to Kushtia 

and Shingair region. 

  

  
Fig-4: Regression Analysis of Food Habits vs. Expected Weight of Friesian Breed  

With the increase in amount of food provided to a cattle the expected weight 

increases.  
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4.2.3 Result analysis based on Support Vector Machines (SVM)  

Support Vector Regression (SVR)  

 

BREED         Bhutani       Friesian    Local          Brahman           Indian-

Haryana 

      Linear Regression Score 0.6865 0.4036 0.2855 0.5721 0.0745 

svm_lin 0.1049 0.4857 -0.8538 0.4191 0.0094 

      k_scoreTrain_linear mean 0.1713 0.4857 -0.8310 0.1485 -0.0669 

    k_scoreTest_linear mean -0.9836 0.4602 -4.7962 -0.0146 -0.0908 

svm_poly -0.2645 0.1708 -0.1794 0.4696 -0.0476 

    k_scoreTrain_poly mean -0.1651 0.2609 -1.5114 0.3140 -0.1974 

 k_scoreTest_poly mean -1.2729 0.1454 -1.5866 -0.2853 -0.1224 

svm_rbf 0.5777 0.5218 -0.4294 0.4629 -0.3044 

   k_scoreTrain_rbf mean 0.1714 0.4857 -0.8310 0.1485 -0.0669 

k_scoreTest_rbf mean -0.3614 0.5181 -6.3857 -0.7273 -0.1467 

svm_sigmoid -7.1099 -30.0922 -0.8399 0.4056 0.0112 

          k_scoreTrain_sigmoid mean -2.8733 -18.8017 -0.5980 0.0293 0.2433 

        k_scoreTest_sigmoid mean -2.3269 -0.2530 -6.8875 -0.4004 -0.0790 

 

Table: 1.13 SVR models 
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Result Interpretation:  

 

Bhutani breed:  Linear Regression gives the best interpretation for the coefficient of 

determination that is 68.65%. Whereas, the SVM for Sigmoid model gives the 

poorest fit to our given dataset.   

Friesian Breed: Support Vector Machine for Radial Basis Function produces the best 

score of 52.18%. This explains that 52.18% of the times the model will predict accurate 

results for the required newly given data. In this case, SVM for sigmoid gives the lowest 

score of regression analysis.   

Local Breed: Linear Regression model gives the best score that is 28% approximately, 

among the other regression models. However, for this breed, the highest coefficient of 

determination is comparatively lower to other breeds. In this case, SVM for sigmoid 

model represents a highly poorly fitted negative correlation.   

Brahman Breed: Out of the all the breeds, Brahman breed shows the highest positive 

correlation for all the models. However, linear regression model produces the best score 

for the coefficient of determination of 57.2%, among the five models, which represents 

that 57.2% of the dependent variables are explained by our given independent 

variables. SVM for sigmoid, in this case also, produces the lowest score.  

Indian-Haryana breed: produces the worst fitted scores among the other breeds. 

Although having a low score, linear regression gives a comparatively better output, out 

of the five other models. However, in this case SVM for Radial Basis Function 

produces the worst fit with our given dataset.   

Comparison: Comparing the selected algorithms, it is found that Radial Basis 

Function (RBF) model and linear model of the SVM regression, proves to be the most 

preferable algorithms for this proposed model, as these algorithms generate the highest 

accuracy in the regression score. However, different models fit different breeds more 

accurately. 
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4.2.4 Result Analysis Based on Decision Trees:  

 

FIG-5: LOCAL:  

 

  

  

FIG-6: BHUTANI:  
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FIG-7: FRIESIAN:  

 

 

  

 

 

FIG-8: BRAHMA:  
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FIG-9: INDIAN HARYANA:  
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                                     Chapter 5  

   TOPIC ANALYSIS  

  

This chapter analyzes our research topic in terms of its feasibility according to 

the market situation. Also the requirements of the information, how much importance 

they bear, screenshots of the findings and what function they are significant, features 

of the analysis, limitations while working on the topic– all will be discussed in this 

chapter.   

  

5.1 FEASIBILITY ANALYSIS  

   

We did feasibility analysis of our project in four different sectors:   

  

5.1.1 Topic Feasibility:   

 

In this world of digitalization, every sector around us is making their advancement 

through technical automation. However, the livestock industry did not experience 

much exposure yet [23]. Therefore, this research will be in huge demand to the end 

users, as it is considering all the factors for analyzing big data by implementing 

machine-learning techniques. The findings of this research will be a learning guide 

for the young investors aiming to start bull fattening for meat production. Moreover, 

through the revolution of this sector we can also develop our leather sector more 

effectively without depending on other countries. There are very few livestock 

analysis systems based on this information from where the new investors and farmers 

would be able to clarify all their doubts and get a step closer in achieving their goals. 

Moreover, the farmers will gain the complete idea of the most profitable breed, based 

on their region, feedlot, and climate conditions [23]. The investors with minimum 

knowledge will be able to get optimum outputs by following this research, adds to the 

feasibility and demand of this topic. Moreover, this research will be a great business 

tool for the investors of both public and private sectors in Bangladesh.   
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 5.1.2 Technological Feasibility:   

 Our system provides a technically sound and user-friendly platform, through 

which even the end users with minimum technical knowledge can learn and generate 

their desired outcomes.  In Bangladesh, there is not yet any digital database, which 

records updated data of the livestock. As a result, the investors have to collect the 

hand written or analogue information from their nearest district livestock ministry 

office, which is quite a troublesome process. However, by only accessing our system, 

the investors will not only get all the digital information, but also a complete insight 

of trend analysis from that huge data set. The end user only needs to give input of the 

independent variables he/she has, and our system will find a match with that input of 

the other independent factors, and provide the desired output. The system will consist 

of all the latest features and a smooth graphical interface with both English and 

Bengali language support, which will give a good experience to our system users. 

The outputs of our trend analysis is generated by implementing the latest machine 

learning models and data mining tools, which will keep the end users updated with 

the ongoing trends around the world.   

  

5.1.3 Economical Feasibility:  
 

Analyzing the total cost of a hypothesis with the total revenue it can generate 

is the concept of economic feasibility [24]. The output of this research will give a trend 

analysis based on the given inputs by the user. These results will be displayed in a 

graphical and tabular format. People coming from all sectors of Bangladesh will have 

an easy access to this graphical analysis. Currently, we are not focusing for any 

business initiation with this project.  However, our main motive at the moment is to 

develop this livestock industry of our country, which needs immediate digitalization. 

The main labor we had to incur during this research was while collecting data. 

However, we did not have to incur any financial major cost in this process. Basically, 

all the necessary data for our findings was collected from Bangladesh Livestock 
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Research Institute (BLRI), Department of Livestock services (DLS), Savar 

government dairy farm and Meghdubi Agro farm. Consequently, we do not require 

generating significant revenue from our project now. However, in future this model 

will become a very useful business tool for becoming beneficial from meat production 

in our country. Thus, this research can be said to be economically feasible from all 

perspectives.   

 

5.1.4 Market Feasibility:   

In this world of massive competition, the inclination towards livestock industry 

in increasing every day. Therefore, the youth investors or entrepreneurs and the 

farmers who are looking for the information to initiate their business in this sector, 

can be considered our prime target customers. Moreover, the existing Agro farm 

owners will also consider our system to be a beneficial tool for their business 

expansion, as it contains huge number of data sets and is technically updated. As this 

concept is still quite fresh in our country, our research and its outcomes will surely be 

successful in marking its place in the automated solutions’ market and will act as an 

inspiration for our target customer base.     

  

  

5.2 LIMITATIONS  

  

While progressing through our research we came across multiple limitations 

that caused a hindrance for us in achieving the optimum outcomes.  

  

Data collection: While carrying out the data collection process, we could only gather 

handwritten analogue data instead of having any access to online database record of 

livestock. As a result, we had to physically visit the private and government agro farms 

for collecting the available, handwritten data sets and which were later converted by 

us into digitized data sheets. Moreover, the analogue datasets collected did not have 

any proper orientation and were in scattered forms, which further added to our 
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difficulties. However, we were successful in collecting different breeds of cattle and 

their effective factors, which is the key portion of our research.  

  

Short time lag: The agro farms did not keep the weight record on daily basis, they 

were able to provide us with the annual weight records only. This shortened the 

number of time lags of the dataset, that we required in order to carry out Time series 

analysis on the. We had only 20 lags in our dataset, where at least 30 lags were the 

least amount needed to implement the Time series analysis model. Furthermore, we 

would have been unable to predict the accurate growth rate and expected outcomes, 

with this short time lagged dataset.   

  

Decentralized data sets: On visiting the Department of Livestock Services (DLS), 

we could not find any central database. They referred us to go to remote areas’ 

government farms to collect the actual valid analog data sets. We faced troubles when 

we had to travel many places to collect data. On visiting some of the district-based 

offices, we discovered that the records they keep are quite scattered and unorganized.  

  

Confidentiality of dataset: As the data sets are the key components for the business 

in livestock industry, very less agro farm owners were willing to share their 

confidential information related to the actual diet plan of a cattle. However, the diet 

plan for divided by specific breeds of cattle was later collected from the government 

sectors.   

  

Limited Resource: As this research is still quite fresh, so we could find very limited 

research works related to this topic. If, we could study more number of past-related 

works, it would have benefit to the accuracy of our trend analysis.   
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Chapter 6  

 

CONCLUSION AND FUTURE WORKS  

  

This chapter draws a conclusion on the work that we have done till date and gives 

a picture of the future possibilities of our contribution in other sectors of the 

livestock industry as well. It describes the functionalities, which, upon addition, 

will convert the prototype developed in this research to an operational application.  

  

6.1 CONCLUSION   

  

In a developing country like Bangladesh, livestock industry makes up for a 

significant amount of world's livestock resources. Both the national economy as 

well as socio-economic growth of country is backed by the livestock sector. 

Through this research, a complete guideline is provided to the enthusiast investors 

in livestock sector and a technological, economic and market feasibility of this 

business sector is introduced to them as well. In addition, they will be able to make 

the best choice of cattle, based on their geographical regions and other significant 

features mentioned in this research. Livestock productions have also poverty 

alleviation benefits. The increasing demand for livestock products continues to be 

a key opportunity for poverty reduction and economic growth. In the future, 

livestock production will also help to enrich the leather business that will be very 

helpful for developing countries for making some valuable job sectors and for 

achieving foreign earnings by exporting leather products and meat as well. 

Moreover, if properly nourished, the livestock industry will not only be able to 

fulfil our national meat deficiency need, but also we will be able to earn by 

exporting the beef produced. This approach of livestock analysis through machine 

learning and regression analysis, will add a completely new dimension in 

automating the livestock agriculture. 
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6.2 FUTURE WORK  

  

• Increase data set: In future, we would love to work on more breeds growth 

rate when we get the required information. Moreover, in the future we can 

approach our concept by implementing Time series analysis, by integrating 

all the data sets, provided we get sufficiently lagged datasets for our analysis.   

• More Accuracy: In near future if we get the chance we will try to cover the 

prediction based on geographical regions of our country, which will be more 

economically feasible. Farmers will be able to easily get access from the 

regional data for almost all the breeds.  

• Deploying user interface: As we are currently running program code to 

deliver the trend analysis, we aim to portray the research findings to the end 

users as an application or a website database system, in the near future.  

• Covering more sectors: in the End, we would love to work on leather sector 

and dairy sector as both of these sectors have a closely related with our 

research findings.   

• Disease detection: Some of the virus diseases can prove to be fatal for cattle 

breeding. If we can detect the probabilities of particular diseases, in due time, 

the farmers can take suitable steps for preventing them.   
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