
ABSTRACT 

HUANG, YUNG-YUN. Machine Learning in Automating Supply Management Maturity 

Ratings. (Under the direction of Robert B. Handfield). 

Automating processes have the potential to significantly improve current methodologies for 

generating maturity ratings to evaluate supply management performance across diverse 

companies. We developed and applied a rigorous automation process to assess the supply 

management maturity ratings of over 600 global companies. To do this, we compared unigram 

and bigram feature settings, three text summarization techniques (full text, paragraph 

extraction and sentence extraction), and two different support vector machine approaches (one-

against-one and one-against-all) on balanced and imbalanced datasets. Our automation process 

exhibits an 89.9% accuracy to the manually acquired maturity ratings. Further, we show that 

sentence extraction coupled with bigram feature settings produce the best model accuracy 

compare to all other combinations of feature settings. We show that class imbalance is a major 

cause of reduced machine learning algorithms (logistic regression and support vector 

machines) effectiveness, and therefore, remedy approaches should be used to ensure best 

performance. Our developed automation process could be adapted as an external evaluation 

approach (through public online resources) to assess supply chain sustainability maturity, such 

as labor & human rights and environmental management. 
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CHAPTER 1 

Introduction 

The focus of this dissertation is to apply machine learning approaches for automating the 

generation of Supply Management Maturity (SMM) ratings using web-based natural text 

documents. In recent years, with the advent of technologies that generate very large and diverse 

datasets, big data analytics has gained many research interests. Among all big data analytic 

tools and approaches, machine learning stands as the most significant approach for big data 

analysis.  The aim of machine learning is to automate the human thinking processes, by 

designing machines to learn from experience to improve future task performance. Despite that 

machine learning has been utilized in many applications for model predictions, there are very 

few cases of machine learning used in supply management. In this dissertation, we 

implemented machine learning approaches to classify natural text documents into five SMM 

rating scales automatically.  In the introduction, we describe the general knowledge of SMM 

model and how it benefits companies by evaluating their current process maturity level. Next, 

the pre-required theory of machine learning models and statistical learning are introduced. We 

show three basic linear models and theirs associated algorithms so that the readers can better 

understand more advanced machine learning algorithms covered in Chapters 2 and 3. Finally, 

we overview the structure of this dissertation.    
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1.1     Supply Management Maturity Model 

Supply management plays a critical role in cost-saving (Schiele, 2007), product quality 

assurance (Hill, 1990), and supply risk mitigation (Tomlin, 2006) for companies to adapt to 

the rapidly changing global environment (Monczka et al., 2016; Chick & Handfield, 2014; 

Carter & Narasimhan, 1990). Numerous supply chain evaluation models have been presented 

to improve company performance such as cost models, balanced scorecard, and empirical 

survey research (Handfield et al., 2015; Estampe et al., 2013; Foerstl et al., 2013; Seuring, 

2008; Gunasekaran et al., 2004). However, most of these evaluation models require sensitive 

and proprietary internal data such as product cost, self-defined indicators, and expert opinions, 

which are often biased and difficult to compare across different company environments 

(Estampe et al., 2013). In addition, many companies have no proper process management 

approach to improve current practices. For example, companies often bury themselves with 

supplier balanced scorecards and use risk assessment approaches to select key strategic 

suppliers for minimizing supply chain risks. These risk assessment approaches are limited to 

the evaluation of short-term performance, and suffer from the absence of a thorough long-term 

supply management plan. Consequently, these companies lack a transparent and systematic 

approach to compare their supply management strategies to their key competitors. The lack of 

an open and systematic supply management performance measurement also limits the 

companies’ ability to learn from the best-in-class supply management practices across 

organizations in different industries. 

The concept of process maturity has been widely adapted to evaluate supply chain performance 

across different organizations (Huang & Handfield, 2015; Oliveira et al., 2012; Meng et al., 
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2011) due to its ability to integrate best supply chain management practices and processes 

(Estampe et al., 2013; Hammer, 1999), develop strategically aligned capabilities (Lockamy & 

McCormack, 2004), and improve business performance (McCormack & Johnson, 2000). In 

1987, Software Engineering Institute (SEI) at Carnegie Mellon University developed the 

software process maturity framework and later proposed the Capability Maturity Model 

(CMM) to assess the maturity level of the software development processes on the scales from 

1(Initial) to 5(Optimizing) (Paulk et al., 1993; Humphrey, 1988). In their research, the process 

was defined as “a sequence of tasks that, when properly performed, produces the desired 

result” (Humphrey, 1988). Moreover, “the process maturity is the extent to which a specific 

process is explicitly defined, managed, measured, controlled, and effective” (Paulk et al., 

1993). The concept of process maturity posits that the growth of process maturity would result 

in the increase in productivity and quality (Harter et al., 2000; Paulk et al., 1993).  

Lockamy & McCormack (2004) later proposed a Business Process Orientation (BPO) 

maturity model that was developed based on the concept of process maturity and CMM (Figure 

1.1). The BPO maturity model can be utilized in Supply Chain Operations Reference (SCOR) 

as a systematic method to identify and evaluate supply chain performance in four areas: plan, 

source, make, and deliver (Lockamy & McCormack, 2004). Gupta and Handfield (2011) 

proposed the Supply Management Maturity (SMM) model that adds best practice descriptions 

and measurements, defining supply management on a five-scale maturity level.  
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 Figure 1.1   The business process orientation maturity model. This figure is from Lockamy & McCormack (2004).
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With the widespread use of the Internet, more than zettabytes (1021) of data are stored 

in numerical, textual, and multimedia (such as audio, video, and image) formats (Gantz & 

Reinsel, 2011).  Across different formats, textual information accounts for roughly 80% of all 

data (Shilakes & Tylman, 1998). Huang & Handfield (2015) utilized the concepts of SMM 

model and defined best practice descriptions and process maturity for four key supply 

management categories (spend management, strategic sourcing, category management, and 

supplier relationship management) to evaluate and compare performances for a subset of 

Fortune 500 companies among different ERP providers.  In that study, the maturity ratings of 

four supply management categories were systematic determined from the online textual data 

(such as news articles, research reports, and company annual reports) via manual rater process. 

However, human-based scoring and data collection for unstructured text data is time-

consuming, inconsistent and significantly affected by rater bias (Page, 1966). Therefore, 

machine learning approaches are ideal to overcome these problems (Yannakoudakis et. al., 

2011; Attali & Burstein, 2006; Landauer et.al, 2003; Page, 1994).  

Mitchell (1997) defined machine learning as “a computer program to learn from 

experience E with respect to some class of tasks T and performance measure P if its 

performance at tasks in T, as measured by P improves with experience E.” In this dissertation, 

our task (T) is to automate the SMM ratings from with historical secondary data (and which 

serve as the experience (E)) and use multi-class evaluation techniques to measure our 

performance (P). The task of Text Classification (TC) is to categorize natural text documents 

into predefined categories, and which is closly related to our research. Next, we introduced the 

general machine learning approaches for performing such automated tasks. 
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1.2     Machine Learning Approaches 

Machine learning started in the late 1960s when there were many mathematicians trying to 

formulate human learning into mathematical models. Statistical learning was introduced to 

build a mathematic formation for the model of learning from observations (Vapnik, 1999). The 

goal of statistical learning is to make predictions, find patterns, or make decisions for a set of 

data via statistical inference. On the other hand, the goal of machine learning is to automate 

these processes that are based on the formulation of statistical learning theory. That is, 

statistical learning serves as a theoretical foundation for machine learning approaches to 

automate learning processes. We first talk about the general statistical assumptions and the 

machine learning approach for automating the process. Next, three basic linear model 

algorithms in machine learning are introduced.  

1.2.1      Statistical Assumptions for Linear Learning Models 

The general assumptions for statistical learning problem can be decomposed into three key 

components (Vapnik, 1999) (Figure 1.2):  

(1) Input vectors  𝑥 ∈ ℝ𝑑  are independent and identically distributed ( 𝑖. 𝑖. 𝑑. ) and 

generated by an unknown probability distribution  𝑃(𝑥) , where ℝ𝑑  is the d-dimensional 

Euclidean input space and 𝑑 is referred as the number of features within an input vector 𝑥𝑖.  

(2) Output vectors 𝑦 𝜖 𝑌 are 𝑖. 𝑖. 𝑑. and generated according to an unknown conditional 

probability distribution 𝑃(𝑦|𝑥), where 𝑌 is the output space. An observation (𝑥, 𝑦) is 𝑖. 𝑖. 𝑑. 

from the joint distribution 𝑃(𝑥, 𝑦) = 𝑃(𝑥)𝑃(𝑦|𝑥).  
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Figure 1.2   Learning model and supervised learning approach 

 (3) Hypothesis functions 𝑓(𝑥) from a known, finite-dimensional set of functions 𝔽.  

The goal for learning is to find a good hypothesis function 𝑓(𝑥) ∈  𝔽 such that 𝑓(𝑥) is a good 

predictor for future input vectors  𝑥 . For example, 𝔽  could be a set of linear separating 

hyperplanes from which the learning algorithms could choose the best hypothesis function to 

fit the observations.  

In the machine learning approach, there are two basic types of learning methods: 

supervised and unsupervised learning.  Supervised learning tasks use a sequence of 

 𝑁 observations 𝒟 ≡ {(𝑥1,  𝑦1),  … ,  (𝑥𝑁 ,  𝑦𝑁)} of the input-output pairs trained by the selected 

algorithms to generate predictions of the unknown conditional probability distribution 𝑃(𝑦|𝑥). 

On the other hand, the unsupervised learning tasks use only the input data 𝑥 ∈ ℝ𝑑 to find 

interesting patterns or cluster methods to predict the function 𝑓(𝑥). Since supervised learning 

approach is superior in the model prediction accuracy compared to unsupervised approach, it 

is more commonly utilized in automated Text Classification (TC) tasks. This dissertation  

focuses on supervised learning approaches.  



 

8 

The loss functions (or error functions) are measurements for the goodness-of-fit of the 

learning models. According to different output vectors 𝑦, the loss functions can be defined into 

different ways. There are three general linear learning problems: (a) linear regression, (b) linear 

logistic regression, and c) linear binary classification problems. 

(a) Linear regression problem focuses on predicting the real-valued output values such that 

the output vectors 𝑦 ∈  ℝ. The corresponding loss function is defined as 

 Square loss: 𝑳(𝑦, 𝑓(𝑥)) = (𝑦 − 𝑓(𝑥))2  

(b) Linear logistic regression problem predicts the probabilities of output values 𝑦 in terms 

of setting 𝑓(𝑥) =  𝑃(𝑦|𝑥)  such that  0 ≤ 𝑃(𝑦|𝑥) ≤ 1 . The loss function associated 

with logistic regression learning problem is 

 Cross entropy loss (or logistic loss): 𝑳(𝑦, 𝑓(𝑥)) =  ln(1 + 𝑒−𝑦𝑓(𝑥)) 

(c) Linear binary classification problem classifies data into two classes. Suppose the output 

vectors 𝑦 ∈  {−1, 1}, the corresponding loss function is called 

 0-1 loss: 𝑳(𝑦, 𝑓(𝑥)) = {
0          𝑖𝑓 𝑦 = 𝑓(𝑥)
 1          𝑖𝑓 𝑦 ≠ 𝑓(𝑥)

 

To understand the relationships between these three loss functions, we can map all loss 

functions together for predicting the binary output vector 𝑦 ∈  {−1,1} (Figure 1.3). The 𝑥-axis 

of Figure 1.3 is the product of real output 𝑦 and the associated model predicted value 𝑓(𝑥). A 

positive value represents correct classification and a negative value represents 

misclassification. The 𝑦-axis measures corresponding loss for each learning model. First, the 
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Figure 1.3   Loss functions for linear regression, logistic regression, and binary classification. 

This figure is from Bishop (2006). 

0-1 loss of binary classification problem (gray line) puts a penalty of zero for the correct model 

classification and a penalty of one for all misclassifications. Next, the square loss for regression 

model in Figure 1.3 is a continuous quadratic function (green line), and it penalizes both ends 

for correct and incorrect classifications. For the logistic regression problem, the cross entropy 

loss (blue line) in Figure 1.3 is divided by ln (2) so that the function passes the point (1, 0). 

Note that the cross entropy loss penalizes more for the misclassification tasks. In practice, if 

we aim for minimizing the misclassification points, we can put strong penalties on the 

misclassification points and light penalties for correct classifications. Hence, the monotonic 

decreasing loss function such as cross entropy loss is preferred for such tasks.   
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We can achieve the goal of learning by minimizing the risk function 𝑅(𝑓) defined as 

the expected loss of 𝑓: 

 𝑅(𝑓) =  ∫ 𝑳(𝑦, 𝑓(𝑥))𝑑𝑃(𝑥, 𝑦)
𝑋 ×𝑌

= ∫ ∫𝑳(𝑦, 𝑓(𝑥))𝑑𝑃(𝑦|𝑥)𝑑𝑃𝑋
𝑌𝑋

 

However, it is very difficult to collect all input-output pairs from the joint distribution 𝑃(𝑥, 𝑦) 

in practice. Therefore, we can reformulate the learning tasks as the minimization of a risk 

function over the data set 𝒟. That is, we can replace the risk function 𝑅(𝑓) by the empirical 

risk function 𝑅𝑒𝑚𝑝(𝑓) defined as 

𝑅𝑒𝑚𝑝(𝑓) =  
1

𝑁
∑𝑳(𝑦, 𝑓(𝑥))

𝑁

𝑖=1

  

Since we assume that (𝑥1,  𝑦1),  … ,  (𝑥𝑁 ,  𝑦𝑁) are 𝑖. 𝑖. 𝑑 from the same distribution 𝑃(𝑥, 𝑦), by 

the law of large numbers, we can conclude that for  𝑁 → ∞ , the empirical risk  𝑅𝑒𝑚𝑝(𝑓)  

converges in probability to 𝑅(𝑓) (Vapnik, 1999; Steinwart & Christmann, 2008). 

1.2.2      Algorithms for Linear Learning Models 

The aim for linear models is to find the best function through minimizing the corresponding 

risk functions. Therefore, we can assume that the function has the form: 

𝑓(𝑥) =  𝑤𝑇𝑥 + 𝑏 

where 𝑤𝑇 = [𝑤1, 𝑤2, … , 𝑤𝑑]  is the weight vector and 𝑏 ∈  ℝ is the bias scalar. To simply 

the problem, we redefined the function as:  
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Figure 1.4   Linear regression algorithm 

𝑓(𝑥) =  𝑤𝑇𝑥 

where 𝑥 ∈ ℝ𝑑+1, 𝑤 ∈ ℝ𝑑+1, 𝑥𝑖
𝑇 = [𝑥𝑖

0, 𝑥𝑖
1, … , 𝑥𝑖

𝑑], 𝑥𝑖
0 = 1, and 𝑤0 = 𝑏. Three simple linear 

learning models are covered in this section to provide a general idea of how the learning 

algorithms are generated via the statistical learning approach. 

Linear Regression 

For linear regression learning problem, we can find the best function 𝑓𝐿𝑅(𝑥) ∈ ℝ  by 

minimizing the risk function (or expected square loss function): 

inf
𝑓 ∈ 𝐹

  𝑅𝑒𝑚𝑝 = inf
𝑓 ∈ 𝐹

  
1

𝑁
∑ (𝑦𝑖 − 𝑓(𝑥𝑖))

2𝑁
𝑖=1                                   (1.1) 

function Linear Regression (𝑋, 𝑦) return 𝑤𝐿𝑅 

1     Let  𝑋 =  

 
 
 
 
  

− 𝑥1
𝑇 −

− 𝑥2
𝑇 −
⋮

− 𝑥𝑁
𝑇 −

  

 
 
 
 

,         𝑦 =  

𝑦1
𝑦2

⋮
𝑦𝑁

  . 

2     Compute the pseudo-inverse 𝑋†of the matrix X.  

                       if 𝑋𝑇𝑋 is invertible 

                          𝑋† = (𝑋𝑇𝑋)−1𝑋𝑇  

3                  return 𝑤𝐿𝑅 =  𝑋†𝑦.  

 



 

12 

Note that the input vectors 𝑥𝑖 ∈  ℝ𝑑+1 and output values 𝑦 are known, thus, (1.1) is the same 

as minimizing the risk function with respect to the weight vectors 𝑤 ∈ ℝ𝑁+1  

 argmin 
𝑤 ∈ ℝ𝑑+1

  
1

𝑁
∑(𝑦𝑖 − 𝑤𝑇𝑥𝑖)

2

𝑁

𝑖=1

                                               (1.2) 

Since the risk function for regression is convex, continuous, and differentiable, we can find the 

global minimum by setting the gradient equals to 0. 

∇ 𝑅𝑒𝑚𝑝(𝑤) =  
2

𝑁
 ( 𝑋𝑇𝑋 𝑤 − 𝑋𝑇𝑦) = 0                                    (1.3)  

where 𝑋 =  

 
 
 
 
  

− 𝑥1
𝑇 −

− 𝑥2
𝑇 −
⋮

− 𝑥𝑁
𝑇 −

  

 
 
 
 
 and 𝑦 =  

𝑦1
𝑦2

⋮
𝑦𝑁

 . If the matrix of 𝑋𝑇𝑋 is invertible and the solution for 

𝑤𝐿𝑅 = (𝑋𝑇𝑋)−1𝑋𝑇𝑦 , then we can solve (1.3) by setting pseudo-inverse 𝑋† = (𝑋𝑇𝑋)−1𝑋𝑇.  

If the matrix 𝑋𝑇𝑋 is a singular matrix, we can define pseudo-inverse 𝑋† in other ways, 

i.e. Moore-Penrose pseudoinverse. The linear regression algorithm is presented in Figure 1.4. 

Linear Logistic Regression 

For a linear logistic regression problem, we can find the best function  𝑓𝐿𝐿𝑅(𝑥)  ∈  𝑃(𝑦|𝑥) 

and 0 ≤ 𝑃(𝑦|𝑥) ≤ 1 by minimizing the risk function (or expected cross entropy loss): 

inf
𝑓 ∈ 𝐹

  𝑅𝑒𝑚𝑝 = inf
𝑓 ∈ 𝐹

  
1

𝑁
∑ ln(1 + 𝑒−𝑦𝑖𝑓(𝑥𝑖))𝑁

𝑖=1                                   (1.4) 



 

13 

Figure 1.5   Logistic regression algorithm 

Note that the input vectors 𝑥𝑖 ∈  ℝ𝑑+1 and output values 𝑦 are known, thus, (1.4) is the same 

as minimizing the risk function with respect to the weight vectors 𝑤 ∈ ℝ𝑁+1  

 argmin 
𝑤 ∈ ℝ𝑑+1

  
1

𝑁
∑ln(1 + 𝑒−𝑦𝑖𝑤

𝑇𝑥𝑖)

𝑁

𝑖=1

                                               (1.5) 

The risk function for logistic regression is a convex, continuous, differentiable, and twice-

differentiable function, and thus we can find the minimum by setting the gradient equals to 0. 

∇ 𝑅𝑒𝑚𝑝(𝑤) =  
1

𝑁
∑𝜃(−𝑦𝑖𝑤

𝑇𝑥𝑖)(−𝑦𝑖𝑥𝑖) 

𝑁

𝑖=1

= 0                                    (1.6)  

where 𝜃(𝑠) =  
1

1+ 𝑒−𝑠 and which is a smooth, monotonic, and sigmoid function of 𝑠.  Note that 

because the solution of the logistic regression problem is not feasible, we would need to use 

an iterative optimization method to achieve the minimum.  

function Linear Logistic Regression (𝑥, 𝑦) returns 𝑤𝐿𝑅𝑅 . 

1    Set 𝑡 ←  0 𝑡𝑜 𝑤(0). 

2          for t = 0, 1, 2, … do 

3                  𝑣𝑡 =  −
1

𝑁
∑

𝑦𝑖𝑥𝑖

1+ 𝑒𝑦𝑖𝑤
𝑇(𝑡)𝑥𝑖

𝑁
𝑖=1  . 

4                𝑤(𝑡 + 1) = 𝑤(𝑡) −  𝜂𝑣𝑡 . 

5          return the final weights 𝑤𝐿𝑅𝑅 . 
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The general iterative optimization method considers an updated path: 

𝑤𝑡+1 = 𝑤𝑡 +  𝜂𝑣 

where 𝑡 iterative from 0,1,…, 𝜂 represents the step size, and 𝑣 is the direction of unit length.  

Gradient descent serves as a simple first-order iterative optimization approach to reach 

the minimum point for expected cross-entropy loss function. In gradient descent method, the 

direction 𝑣 equals for the negative gradient of the expected cross-entropy loss function, and 

the learning rate 𝜂 equals to 
𝜂

‖𝑣𝑡‖
. The linear logistic regression algorithm is presented at Figure 

1.5. 

Linear Classification: Perceptron 

Rosenblatt (1956) proposed the perceptron algorithm for the first iterative algorithm for 

learning a linear classification rule.  The goal of the perceptron is to find a linear hyperplane 

that can classify linearly separable binary data set. The perceptron algorithm starts at 𝑤0 and 

updates the value by accommodating the mistaken points. The update rule is 

𝑤𝑡+1 = 𝑤𝑡 + 𝜂𝑦𝑖𝑥𝑖 

 where 𝑥𝑖 is the input vectors, 𝑦𝑖 is the corresponding output value for the 𝑖𝑡ℎ misclassified 

data point, and learning rate 𝜂 ∈  ℝ+. The iterative program stops when all data are correctly 

classified. In addition, perceptron learning algorithm is guaranteed to find an exact solution in 

a finite number of steps for a linearly separable binary classification data set. That is, the 

iterative process is guaranteed to converge. Thus, perceptron algorithm is a very important 
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Figure 1.6   Perceptron algorithm 

 prototype in the study of artificial intelligence and pattern recognition. We present the 

perceptron algorithm at Figure 1.6.  

To understand how the perceptron algorithm works, we displayed 2-dimensional case 

with geometry data points and the separating hyperplane in Figure 1.7. Suppose we have 

updated 𝑡 times and find the normal vector 𝑤𝑡 for the hyperplane 𝑓𝑡 (green line). We find one 

blue point that is misclassified into the negative data point. Therefore, following the updated 

rule, we can compute  

𝑤𝑡+1 = 𝑤𝑡 + 𝜂𝑦𝑖𝑥𝑖  

 

 

function Perceptron (𝑥, 𝑦) returns 𝑡 𝑎𝑛𝑑 𝑤𝑃    

1    Set 𝑤0 ← 0;  𝑡 ← 0.  

2          for  𝑖 = 1 𝑡𝑜 𝑙   

3                if   𝑦𝑖( 𝑤𝑡 ∙ 𝑥𝑖 + 𝑏𝑘)  ≤ 0  

4                       𝑤𝑡+1 ← 𝑤𝑡 + 𝜂𝑦𝑖𝑥𝑖  

5                        𝑡 ← 𝑡 + 1 

6          return the final 𝑡 𝑎𝑛𝑑 𝑤𝑃   where 𝑡 is the number of mistakes. 
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 Figure 1.7    Geometric intuition for perceptron algorithm 

The new normal vector 𝑤𝑡+1  (yellow arrow) is generated by considering the direction of 

misclassified point(𝑥𝑡, 𝑦𝑡). Thus, by updating into new corresponding hyperplane 𝑓𝑡+1 (yellow 

line), all data points are classified correctly. The perceptron algorithm stops and recognizes the 

hyperplane  𝑓𝑡+1 as the final valid linear separating hyperplane.  

1.2.3      Training, Validation, and Test Sets 

As previously mentioned of the general machine learning process (Figure 1.2), we put all 

𝑁 observations into learning algorithms and minimize empirical risk function  𝑅𝑒𝑚𝑝  with 

respect to all hypotheses 𝑓 ∈ ℱ to choose the optimized function 𝑓∗. The main drawback of 

this process is that data points used to fit the learning algorithm might have noise and irrelevant 
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information, and thus the optimized function 𝑓∗ might be overfitting for the data set. In other 

words, 𝑓∗ might perform poorly for all future unseen data due to high levels of noise and 

irrelevant data points used to fit the model.  

Recall that the goal of machine learning is to find a good predicted function 𝑓(𝑥) such 

that the risk function for future data is minimized. Ideally, we can use a test dataset that is 

never learned by the learning algorithms so that it can serve as a future data set measuring the 

effectiveness of our learning model. However, in practice, it is very hard to generate a feasible 

test data set with labeled output values. Therefore, in general machine-learning setting, the 

total of  𝑁 observations 𝒟 = {(𝑥1,  𝑦1),  … ,  (𝑥𝑁 ,  𝑦𝑁)} of the input-output pairs are typically 

divided into three sets: a training 𝒟𝑇, a validation set 𝒟𝑉, and a test set 𝒟𝑆 .  

 A training set 𝒟𝑇 = {(𝑥1,  𝑦1),  … ,  (𝑥𝑇 ,  𝑦𝑇)} contains 𝑇 observations and is used to 

fit the data into selected learning algorithms.  

 A validation set 𝒟𝑉 = {(𝑥𝑇+1,  𝑦𝑇+1),  … ,  (𝑥𝑉,  𝑦𝑉)} contains 𝑉  observations and is 

used to tune the parameters of the selected machine learning algorithms or to compare 

the model performance of different learning algorithms.  

 A test set 𝒟𝑆 = {(𝑥𝑉+1,  𝑦𝑉+1),  … ,  (𝑥𝑁 ,  𝑦𝑁)}  contains 𝑆  observations and is not 

involved in the training and the validation processes. A test set 𝒟𝑆  serves as the future 

unseen data to provide final model effectiveness. 

A more refined process for statistical learning involving the training, validation, and 

test sets is presented in Figure 1.8. We assume that we are trying to decide a family of functions 

with 𝜃 where 𝜃 might be the choice between linear learning algorithms and nonlinear learning  
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Figure 1.8   Training, validation, and test sets 
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algorithms. This process is normally referred to as model selection (Abu-Mostafa et al., 2012). 

After dividing the original 𝑁 observations into a training set 𝒟𝑇, a validation set 𝒟𝑉, and a test 

set 𝒟𝑆 . We first use 𝑇 input-output pairs in the training set to find the optimized 𝑓𝜃
∗  with 

respect to each different parameter in 𝜃 through minimizing the corresponding empirical risk 

function: 

min
𝑓∈ℱ𝜃

𝑅𝑒𝑚𝑝(𝑓𝜃,  𝒟𝑇)   

Next, the validation set 𝒟𝑉 is used to compare the performance of a set of optimized 

function  𝑓𝜃
∗ . The evaluation process of selecting the best parameter  𝜃∗  involves the 

minimization of the loss function, which can be presented as the minimization of the empirical 

risk function for the validation set 𝒟𝑉 given that we know the optimized function 𝑓𝜃
∗ for each 

parameter setting. Thus, the best parameter 𝜃∗ is generated through 

min
𝜃

𝑅𝑒𝑚𝑝( 𝑓𝜃
∗,  𝒟𝑉)          

The process of model selection is to select best parameter 𝜃∗ and output the best hypothesis 

function (Abu-Mostafa et al., 2012). Therefore, in order to generate the best model 

performance, we should use both 𝑇 + 𝑉 input-output pairs to decide the optimized function 

𝑓∗∗ by     

min
𝜃

𝑅𝑒𝑚𝑝(𝑓𝜃∗ ,  𝒟𝑇 ∪ 𝒟𝑉)   

Finally, the testing set  𝒟𝑆  can be used to estimate expected error functions for the model 

performance.  
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𝑅(𝑓) =
1

𝑆
∑ 𝑳(𝑦𝑖,  𝑓

∗∗(𝑥𝑖))
(𝑥𝑖,𝑦𝑖) ∈𝒟𝑆

 

Note that the final learning model evaluation is measured by the test set only.  

Dividing original data points into three different subsets (a training set, a validation set, 

and a test set) is ideal if we have a very large data set. However, in practice, such large data 

sets with labeled categories are often very difficult to collect. Therefore, we need to consider 

different validation approaches to overcome this problem. Next, we discuss some commonly 

applied cross-validation methods for determining the best parameter settings in the selected 

learning algorithms. 

Cross-Validation Methods 

When we have small datasets, we should divide our data points into two sets: a training-and-

validation set 𝐷𝑇𝑉  and a test set 𝐷𝑆. A rule of thumb for the proportion of training-validation 

and test sets is 80% to 20%. This ratio vary between studies, some experiments take a more 

conservative approach by using 70% of data points for training and validation and the 

remaining 30% for testing. In order to compare and select better parameters embedded in our 

learning algorithms, we should repeatedly use the data points to split into differently sets for 

training and validation.  

The most commonly applied validation method is K-Fold cross-validation. In K-fold 

cross-validation, the data points in training-and validation set 𝐷𝑇𝑉 are divided into K equal 

sized pairs (𝐷𝑇𝑉1 , … ,  𝐷𝑇𝑉𝑘
, … ,  𝐷𝑇𝑉𝐾

). To conduct training and validation tasks, we put the 𝑘𝑡ℎ 

pair into hold for validation purpose and the remaining 𝐾 − 1 pairs into training the machine 
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learning algorithms. Follow this procedure 𝐾  times, we get 𝐾  error measures. The K-fold 

cross-validation measures the average loss of the 𝐾 different training and validation pairs: 

𝐸[𝑳] =  
1

𝐾
 ∑ 𝑳(𝑦𝑣, 𝑓(𝑥𝑣))

𝑥𝑣∈𝒟𝑉

 

where (𝑥𝑣, 𝑦𝑣) is the input-output data points in the 𝑘𝑡ℎ validation set. The K-Fold cross-

validation has a better loss measure compared to single train and validation sets, thus can be 

applied to select the best parameters for the learning algorithm. In application, 10-fold cross-

validation is commonly applied for selecting best parameters. However, if few data points are 

available, K needs to be very large to increase the size of the training set. The extreme case of 

K-Fold cross validation is called Leave-One-Out cross-validation, which separates 𝑁 training 

and validation data points into 𝑁 pairs. Each pair contains only one validation point and 𝑁 − 1 

training points (Alpaydin, 2010; Abu-Mostafa et al., 2012). 

1.3     Organization for This Dissertation  

Despite that research efforts globally have focused on machine learning techniques in semantic 

analysis, there is not yet an automation process to measure supply management performances 

across different companies. We present here a machine learning approach to automate supply 

management maturity rating generation. We developed a rigorous process that uses keywords 

and key phrases to collect secondary data from public online resources, for the evaluation of 

two supply management categories: operational purchasing management and strategic 

sourcing management.  
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In this research, we seek to make three contributions: 

 To provide a general overview of automated text classification approach using machine 

learning techniques, and the corresponding evaluation of current methods for assessing 

model performance.  

 To develop a rigorous automated method for semantic analysis and to generate supply 

management maturity ratings for over 600 major global companies through public 

resources. 

 To provide an intuitive geometric explanation for Support Vector Machine (SVM) 

algorithms and evaluate the performance on multiclass datasets.  Based on these results, 

we evaluated the challenges of automating the generations of maturity ratings, and 

discovered that imbalanced distribution is a major cause of reduced model 

performance. To overcome this, we applied resampling techniques to the model. 

Our dissertation is organized as follows. We first present a thorough literature review 

of the general processes of machine learning in automated text categorization and model 

evaluation methods. We next introduce support vector machine algorithms, and its numerous 

research applications. Section three presents manual versus automated process for generating 

SMM ratings and research methodology. We then discuss the major challenges of imbalanced 

classification in automated tasks. Section four shows our research results for both imbalanced 

and balanced datasets. Finally, section five summarizes our findings and future work.   
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CHAPTER 2 

Literature Review  

Our work is based on automated text classification (also known as text categorization, or topic 

spotting). Automated Text Classification (TC) is a process of automatically classifying texts 

into predefined categories (Bijalwan et al., 2014; Khan et al., 2010; Ikonomakis et al., 2005; 

Sebastiani, 2002). In Chapter 1, we have defined the key assumptions for a machine learning 

model. Here, we use the same assumptions as the variables introduced in Chapter 1. Hence, 

TC can be defined as the task of assigning a binary value to each input-output pair (𝑥𝑖, 𝑦𝑖) ∈

X × Y, where X is a domain of 𝑁 collected documents and Y ∈ {1, 2, … , 𝑘, … , 𝐾} is a set of 𝐾 

predefined categories. For example, a value of 1 assigned to (𝑥𝑖, 𝑘)  indicates a decision to file 

𝑥𝑖 under the kth category, while a value of  0 to (𝑥𝑖, 𝑘)  indicates a decision not to file 𝑥𝑖  under 

the kth category. In this dissertation, we limit our algorithm to select a single best category for 

each documents. This is also referred to as a multiclass classification problem. 

Two assumptions hold for the definition of automated TC. First, the predefined 

categories are only symbolic labels, and no additional knowledge of the categories is available. 

Secondly, TC relies only on its semantics (endogenous knowledge). Thus, no metadata such 

as document type or publication source (exogenous knowledge) is applied to the classifier. 
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There are two different approaches for assigning a text classifier (Sebastiani, 2002). One is to 

use Document-Pivoted Categorization (DPC) to fill all output category values 𝑦𝑖 ∈

{1, 2, … , 𝑘, … , 𝐾} to a given input document vector 𝑥𝑖 ∈ 𝑋. Another is to use Category-Pivoted 

Categorization (CPC), which fills all input values 𝑥𝑖 ∈ 𝑋 to a given 𝑦𝑖 ∈ {1, 2, … , 𝑘, … , 𝐾}. 

DPC is appropriate for documents that are available in different time slots. Examples of the 

applications of DPC in automated text classification include word sense disambiguation, email 

spam filtering (Guzella & Caminhas, 2009), and document organization (Maron 1961; Hayes 

et al., 1990). On the other hand, CPC is preferred when there might be new categories 𝑦𝑁+1 

adding to existing category 𝑌, e.g. in Web page categorization.  

Automated TC involves several important disciplines such as Information Retrieval 

(IR), Natural Language Processing (NLP), and Artificial Intelligence (AI). Early studies on 

automated TC used word-based techniques and probabilistic indexing methods to classify 

documents into predefined categories (Maron, 1961). However, word-based techniques have 

several limitations such as the difficulties of creating a synonymy list and identifying 

polysemous words. Traditional IR systems use an on-line dictionary and word-sense 

disambiguation techniques to mitigate these limitations (Riloff & Lehnert, 1994). Still, there 

are no efficient methods in traditional IR systems to overcome a major limitation of word-

based techniques. That is, word-based techniques could not provide real text meanings and 

suffered from low predictive accuracy until the early 1980s when Knowledge Engineering 

(KE) approaches were widely applied in automated TC.  

Most knowledge engineering systems for automated TC are based on rules, semantic 

networks, patterns, or case frames (Hayes et al., 1990; Riloff & Lehnert, 1994). For example, 
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the rule-based knowledge engineering systems contain a set of “if… then…” rules. If the text 

contains certain meanings, then the system would automatically send the document to a 

specific category defined by the rules. Although KE approaches achieved high performance 

on the domain-specific TC tasks, it requires extensive manual efforts and time by the domain 

knowledge experts and NLP experts to construct such knowledge-based automated text 

classification systems.  

With the volume, velocity and variety of digital documents online increasing at an 

exponential rate, automated TC has become a critical technology to classify and discover 

patterns from unstructured text information (Chang et al., 2015; Khan et al., 2010; Laney, 

2001). Since the late 1990s, a majority of research interests has been focused on using machine 

learning approaches to automate TC tasks. Machine learning has become a mainstream 

approach for automated TC because the machine learning algorithms can learn from data to 

automate the construction of new classifiers (Sebastiani, 2002). Till now, TC has been widely 

applied to many important research fields such as document organization (Maron 1961; Hayes 

et al., 1990), sentiment analysis (Tripathy, et al., 2016), spam filtering (Guzella & Caminhas, 

2009), and automated essay grading (Page, 1994; Landauer et.al, 2003; Attali & Burstein, 

2006; Yannakoudakis et. al., 2011).  

Unlike numerical observations, which can be directly put into learning algorithms to 

find the best hypothesis function 𝑓∗. Full natural text documents must be converted to a vector 

representation to be applied in machine learning algorithms. The general steps for machine 

learning in automated TC are document representation, feature selection, feature extraction, 

and learning algorithm (Figure 2.1) (Ikonomakis et al., 2005; Silva & Ribeiro, 2007; Khan et 
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Figure 2.1   Process of machine learning in automated text classification 

al., 2010). For the following sections, we show the simplest vector space model (bag-of-words 

model), to transform text documents into a term matrix form. In addition, we describe the 

standard choice for determining the weighting factor for the term matrix: Term Frequency and 

Inverse Document Frequency (TF-IDF). Next, a major challenge of automated TC, which is 

the extremely high dimensionality of term matrix, be discussed. The high dimensionality of 

the features (or terms) 𝑑 exceeds the number of the collected data points 𝑁, and increases the 

difficulty to get accuracy predictions. This is sometimes referred to as the curse of 

dimensionality. To overcome this, we introduce two typical approaches to reduce feature 

dimensions: feature selection and feature extraction. Finally, we cover the machine learning 

algorithms that are frequently utilized in automated TC tasks. Figure 2.1 shows that most 

studies either apply feature selection methods or feature extraction methods to reduce high 

feature dimensionality. Few studies apply both feature selection and feature extraction 

approaches to eliminate the curse of dimensionality (Meng, 2011; Uğuz, 2011).  



 

27 

2.1      Document Representation 

Document representation is an important text preprocessing step to convert full-text documents 

into a Vector Space Model (VSM). That is, the content of a document is represented as a vector 

so that the learning algorithm can automatically classify documents into predefined categories. 

In automated TC, a document is composed of a sequence of terms. The first intuition is to use 

the frequencies of terms to form the vector. This approach is called Bag-of-words (BoW), 

which was derived from natural language processing. BoW model assumes all terms are 

equally important and ignores the sentiment information of terms. Therefore, it represents an 

orderless document representation method (Agarwal & Mittal, 2016; Silva & Ribeiro, 2007; 

Sebastiani, 2002). A typical process of document representation is:  

(i) Convert the text strings into term tokens.  

(ii) Remove stop words such as “the,” “a,” and “of,” which do not provide meaningful 

information and would result in poor model performance (Silva & Ribeiro, 2003).   

(iii) Convert uppercase terms to lowercase terms.  

(iv) The verb tense may inflate the number of terms in final vectors, and therefore, 

stemming should be applied before forming the vectors (a method to transform each 

verb tense into its root form).  

Finally, a Term-Document Matrix (TDM) records frequencies of terms as shown in Table 2.1. 

The rows of Table 2.1 correspond to documents and the columns correspond to terms. In this 

method, a set of documents 𝑥 map to a corresponding term-document matrix 𝜙(𝑥). That is, 
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Table 2.1   Term-document matrix 

𝜙(𝑥) ∈ ℝ𝑑  and 𝑡 represents the 𝑡th term for a total of 𝑑 features (or terms). One disadvantage 

for this term frequency vector presentation is the lack of consideration for document 

frequencies.  Terms are extracted from different documents, and some terms may appear in the 

same document multiple times and some terms may appear only once. A better rationale is that 

terms which appear multiple times should have higher importance compare to terms that appear 

only once in a document (Leskovec et al., 2014). The most often applied term weighting 

technique is Term Frequency and Inverse Document Frequency (TF-IDF), a weighting 

approach for forming a TDM. The formula for TF-IDF is presented as follows:   

TF-IDF = 𝑇𝐹𝑡𝑖 × log (
𝑁

𝑛𝑡
) 

𝑇𝐹𝑡𝑖 is the frequency of term t in document 𝑥𝑖; 𝑁 represents total collected documents; 𝑛𝑡 is 

the number of documents that contain a term 𝑡. The value of TF-IDF increases proportionally 

with increasing frequency of term  𝑡  in the same document, but offsets by the number of 

documents that contain the term 𝑡. The assumption of TF-IDF is developed on the basis that a 

term which appears many times in one document but rarely appears in all other documents 

should be the most important word that can segment the topic successfully (Khan et al., 2010; 

Silva & Ribeirot, 2007; Sebastiani, 2002). For example, some terms such as “inasmuch” and 
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“notwithstanding” which are rarely used in documents and do not possess any meaning would 

have very low TF-IDF values. TF-IDF term weighting approach does not consider labelled 

categories, thus TF-IDF is an unsupervised term weighting approach.  

In addition to unsupervised term weighting approaches, some studies utilized 

supervised approaches to modify a term’s weight. Three supervised term weighting approaches 

have been applied in automated TC. First, a supervised feature selection approach is used to 

determine the term weights (Deng et al, 2004; Debole & Sebastiani, 2003). For example, 

Debole & Sebastiani (2003) found by using gain ratio to replace the IDF weighting, the 

automated TC task can achieve the highest accuracy compare to other feature selection 

techniques (such as Chi Square and Information Gain). Second, a supervised term weighting 

approach based on statistical confidence interval via labelled training documents (Soucy & 

Mineau, 2005). Third, a supervised term weighting approach based on learning algorithms that 

calculate term scores (Lan et al., 2009). 

The key difficulty of VSM is high dimensionality of the terms. Two dimensionality 

reduction techniques are commonly applied to mitigate this problem: feature selection and 

feature extraction (Agarwal & Mittal, 2016; Khan et al., 2010; Ikonomakis, et al., 2005). 

Feature selection approaches vary significantly from feature extraction approaches. Feature 

selection approaches select representative subset of terms for the TDM while feature extraction 

approaches generate new features (other than terms) to represent the original documents 

(Agarwal & Mittal, 2016; Sebastiani, 2002). We next cover eight main feature selection 

techniques applied in automated TC in the next section.  
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2.2      Feature Selection 

Feature selection is a method to select a representative subset of features from the original 

feature set (Moraes, et al., 2012; Khan, et al., 2010; Ikonomakis, et al., 2005). There are three 

types of feature selection techniques in the field of machine learning; embedded, wrapper, and 

filter approach. Both embedded and wrapper are supervised methods that require different 

feature subsets trained by a classifier (Moraes, et al., 2012; Khan, et al., 2010). The supervised 

feature selection process involves four steps: subset generation, subset evaluation, stopping 

criterion, and results validation. A final chosen feature subset from the supervised method is 

the most effective for the predetermined learning algorithms.  

However, embedded and wrapper approaches are time-consuming, computationally 

intensive, and cannot be applied to all learning algorithms. Moreover, the final subset often 

over-fits the training data and results in poor predictive accuracy of future data.  Therefore, in 

automated TC, most studies prefer to use unsupervised filer approaches (Chang et al., 2015; 

Aggarwal & Zhai, 2012). We present some general unsupervised filer approaches for feature 

selection in the following sections. 

2.2.1     Document Frequency Cutoff 

The simplest way to select representative subset from the original feature set is to remove 

irrelevant terms by document frequency. Document frequency is defined as 𝑡 the number of 

documents in which a term 𝑡 occurs. It can also be written in a probability form 𝑃(𝑡) by 

dividing 𝑛𝑡 by the total collected documents 𝑁.  
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𝐷𝐹 = 𝑃(𝑡) =
𝑛𝑡

𝑁
 

A subset of terms would be generated via selecting terms with greater DF values than the 

predetermined cutoff value.  

The basic assumption is that the rare terms are non-informative to classify the 

documents. In other words, the important terms occur more frequently in certain types of 

categories. In practice, this simple function has proved to be very effective in reducing feature 

dimension (Duric & Song, 2012; Yang & Pedersen, 1997). However, using document 

frequency method for term selection should be conservative without cutting too many 

important terms. According to the theory of information retrieval, the most important terms 

are those with low-to-medium document frequency. Therefore, document frequency method is 

not considered a term-goodness criteria for feature selection in TC (Sebastiani, 2002; Yang & 

Pedersen, 1997). 

2.2.2     Information Gain (IG) 

Information gain is derived from Shannon entropy in the field of information theory. To 

understand how information gain is utilized to feature selection in automated TC, we first 

discuss the fundamental premise of information theory: Shannon entropy. Shannon (1949) 

applied the concepts of entropy function in thermodynamics to measure the level of uncertainty 

for an unknown probability distribution 𝑷.   

𝐻(𝑷) = −∑ 𝑃(𝑥)log2𝑃(𝑥)

𝑥∈𝑋

 



 

32 

where 𝑷 = {𝑃(𝑥), 𝑥 ∈ 𝑋}, 𝑥 are all possible values for the random variable X, and 𝑃(𝑥) is the 

probability when each possible value 𝑥 occurs.  

In the typical setting of Shannon entropy, 𝑃(𝑥) is measured by bits, base two 

logarithms are used, and 0𝑙𝑜𝑔0 equals 0. Information gain is the amount of information that is 

gained by the addition of new information on the subject. That is, information gain equals the 

initial entropy value minus the late entropy value and measures the reduction of the entropy 

values as the degree of information gained through the acquired new information. Using 

information gain to select features in automated TC, the additional information is determined 

by knowing the presence or absence of a term in the document.  

𝐼𝐺(𝑡) =  𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 − 𝑙𝑎𝑡𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 

                =  𝐻(𝑷(𝑘)) − ∑ 𝑃(𝑡′)𝐻(𝑷(𝐶|𝑡′))

𝑡′∈{𝑡,�̅�}

 

    = −∑𝑃(𝑘) ∙ log 𝑃(𝑘)  +  𝑃(𝑡)  ∙

𝐾

𝑘=1

 ∑𝑃(𝑘|𝑡) ∙ log 𝑃(𝑘|𝑡)   

𝐾

𝑘=1

+  𝑃(𝑡̅) ∙∑𝑃(𝑘|𝑡̅) ∙ log 𝑃(𝑘|𝑡)̅

𝐶

𝑖=1

 

where 𝑃(𝑘) is the probability of assigning to the kth category, 𝑃(𝑡) is the probability that a 

term 𝑡 is present, 𝑃(𝑡)̅ is the probability that a term 𝑡 is absent, and 𝑃(𝑘|𝑡) is the conditional 

probability of assigning to the  kth category given that 𝑡 occur (Shang et al., 2013; Lei, 2012; 

Yang & Pedersen, 1997). 
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2.2.3     Gain Ratio (GR)  

Gain Ratio is a ratio of information gained by considering the association between a term 𝑡 

and a category 𝑘, divided by the entropy value of a category 𝑘. Gain Ratio is computed by 

𝐺𝑅(𝑡, 𝑘) =  
𝐼𝐺(𝑡, 𝑘)

𝐻(𝑷(𝑡, 𝑘))
 

                                                                        =  

∑ ∑ 𝑝(𝑡′, 𝑘′)log 
𝑃(𝑡′, 𝑘′)

𝑃(𝑡′)𝑃(𝑘′)𝑡′∈{𝑡,�̅�}𝑘′∈{𝑘,�̅�}

−∑ 𝑃(𝑘′)𝑘′∈{𝑘,�̅�} log𝑃(𝑘′)
 

where 𝑃(𝑡′, 𝑘′) is the probability of all possible combinations between a term 𝑡’s presence or 

absence and a category 𝑘’s presence or absence. Unlike information gain, gain ratio is a 

normalized value allows for globalization comparison. Therefore, it is considered a better 

feature selection technique than information gain (Debole & Sebastiani, 2003). 

2.2.4     Mutual Information (MI) 

Mutual Information (MI) is derived from information theory, and selects subset terms by 

measuring the co-occurrence for a term 𝑡  and a category 𝑘.  Fano (1961) defined mutual 

information for feature selection as: 

𝑀𝐼(𝑡, 𝑘)     = log
𝑃(𝑡, 𝑘)

𝑃(𝑡)𝑃(𝑘)
 

                = log
𝑃(𝑡|𝑘)

𝑃(𝑡)
 

                                  = log𝑃(𝑡|𝑘) − log𝑃(𝑡) 
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where 𝑃(𝑡, 𝑘) is the joint probability of both a term 𝑡 assigned to a category 𝑘, 𝑃(𝑡) is the 

probability that a term 𝑡 is present, and 𝑃(𝑡|𝑘) is the conditional probability of the presence of 

term 𝑡 given that category 𝑘 is assigned.  

According to the formula of mutual information, if 𝑡 and 𝑘 are independent, then MI 

equals to 0. If there is an association relationship between 𝑡 and 𝑘, MI results in a positive 

value. On the other hand, if there is a complementary relationship between 𝑡  and  𝑘 , the 

corresponding value of MI is negative. MI has a tendency to bias towards rare terms with high 

MI values compare to common terms. To compare term 𝑡 across all categories, two types of 

MI measures are normally applied to evaluate terms in a global scale (Yang & Pedersen, 1997). 

𝑀𝐼𝑎𝑣𝑔(𝑡) =  ∑𝑃(𝑘)𝑀𝐼(𝑡, 𝑘)

𝐾

𝑘=1

 

𝑀𝐼𝑚𝑎𝑥(𝑡) =  max
𝑘∈𝐾

{𝑀𝐼(𝑡, 𝑘)} 

The difference between information gain and mutual information is mutual information only 

considers the probability of a term’s presence and ignores the probability of a term’s absence. 

Therefore, more studies uses information gain as a feature selection criteria (Lei, 2012; Zheng 

et al., 2004). 

2.2.5     Chi Square (𝓧𝟐) 

Chi Square (𝒳2) test is a statistical hypothesis test, which measures the lack of independence 

between a term 𝑡 and a category 𝑘. To understand how Chi Square works as a feature selection 

method, we first constructed a two-by-two contingency table (Table 2.2).  In Table 2.2, #(𝑡, 𝑘)  
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Table 2.2    Contingency table for Chi Square 

 

 

is the number of times a term 𝑡 and a category 𝑘 co-occur, #(𝑡̅, 𝑘) is the number of times a 

category 𝑘 occur without a term 𝑡,  #(𝑡, �̅�) is the number of times a term 𝑡 occur without a 

category 𝑘, and #(𝑡,̅ 𝑘) is the number of times a term 𝑡 and a category 𝑘 are co-absent. Since 

the two-by-two contingency table can be compute by a simple formula as: 

𝒳1
2(𝑡, 𝑘)  =  

𝑁[#(𝑡, 𝑘)#(𝑡̅, �̅�) − #(𝑡, �̅�)#(𝑡,̅ 𝑘)]2

#(𝑡)#(𝑡̅)#(𝑘)#(�̅�)
 

We would obtain the same ratio by replacing the frequency into probability 

measurements to maintain the consistency of comparison of other measurements. Thus, the 

Chi Square of measuring the association between a term 𝑡 and a category 𝑘 is presented as 

𝒳1
2(𝑡, 𝑘)  =  

𝑁[𝑃(𝑡, 𝑘)𝑃(𝑡̅, �̅�) − 𝑃(𝑡, �̅�)𝑃(𝑡,̅ 𝑘)]2

𝑃(𝑡)𝑃(𝑡̅)𝑃(𝑘)𝑃(�̅�)
 



 

36 

where 𝑁 represents total number of collected documents. The final value of 𝒳2(𝑡, 𝑘) can be 

compared to the Chi Square distribution with one degree of freedom to determine the 

dependency between 𝑡 and 𝑘.  

Note that the value of Chi Square equals to 0 if 𝑡 and 𝑘 are independent. Moreover, the 

greater the Chi Square value is, the higher the association results between the term and 

category. Similar to MI, two types of methods can be used to compare a term 𝑡 to all categories: 

𝒳2
𝑎𝑣𝑔(𝑡) =  ∑𝑃(𝑘)𝒳2(𝑡, 𝑘)

𝐾

𝑘=1

 

𝒳2
𝑚𝑎𝑥(𝑡) =  max

𝑘∈𝐾
{𝒳2(𝑡, 𝑘)} 

Chi Square is a normalized and effective feature selection method compare to mutual 

information. Also, Chi Square can preserve feature characteristics even using an aggressive 

level to select terms (Galavotti et al., 2000; Yang & Pedersen, 1997).  

2.2.6     Correlation Coefficient (CC) 

Correlation Coefficient measures the correlation between terms’ presence or absence and the 

predefined category. Correlation Coefficient is the square root of Chi Square method computed 

as: 

𝐶𝐶(𝑡, 𝑘)  =  
√𝑁[𝑃(𝑡, 𝑘)𝑃(𝑡̅, �̅�) − 𝑃(𝑡, �̅�)𝑃(𝑡̅, 𝑘)]

√𝑃(𝑡)𝑃(𝑡̅)𝑃(𝑘)𝑃(�̅�)
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The key assumption for CC is that the preferred subset of terms has high correlation within a 

category 𝑘 and low correlation between different categories (Sebastiani, 2002). 

2.2.7     Odds Ratio (OR) 

Odds ratio measures the odds of a term 𝑡’s presence in a category 𝑘 divided by the odds of a 

term  𝑡 ’s presence in other categories. The basic assumption for odds ratio is that the 

distribution of terms on the same category is different from the distribution of terms on 

different categories. Therefore, odds ratio is also an association measurements for 𝑡 and 𝑘. 

Odds ratio is defined as  

𝑂𝑅(𝑡, 𝑘)        =    
 𝑡ℎ𝑒 𝑜𝑑𝑑𝑠 𝑜𝑓 𝑎 𝑡𝑒𝑟𝑚 𝑡’𝑠 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑛 𝑎 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑘

𝑡ℎ𝑒 𝑜𝑑𝑑𝑠 𝑜𝑓 𝑎 𝑡𝑒𝑟𝑚 𝑡’𝑠 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑛 𝑜𝑡ℎ𝑒𝑟 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑒𝑠
 

                                         =   log
𝑃(𝑡|𝑘)

(1 − 𝑃(𝑡|𝑘))
 +  log

(1 − 𝑃(𝑡|�̅�))

𝑃(𝑡|�̅�)
 

                                         =  log 
𝑃(𝑡|𝑘)(1 − 𝑃(𝑡|�̅�))

(1 − 𝑃(𝑡|𝑘))𝑃(𝑡|�̅�)
 

where 𝑃(𝑡|𝑘) is the conditional probability of a term 𝑡’s presence given that category 𝑘 is 

present, and 𝑃(𝑡|�̅�) is the conditional probability of a term 𝑡’s presence given that a category 

𝑘  is absent. Odds ratio can be interpreted as the sum of the logarithm of the ratio of the 

distributions of a term  𝑡  on the relevant category, and the logarithm of the ratio of the 

distributions of a term 𝑡 on the irrelevant categories. Thus, a term that frequently occurs in the 

same category and infrequently occurs in the other categories would have the highest odds 

ratios (Mengle & Goharian, 2009). 
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2.2.8     Gini Index (GI) 

Gini Index measures the impurity of features and is commonly used in decision tree algorithms 

to choose the best splits for a set of items. Shang et al. (2007) applied the concepts of GI into 

feature selection for automated TC tasks.  In a typical setting of automated TC, GI is defined 

as  

𝐺𝐼(𝑡)   = 1 − ∑ ∑𝑃(𝑘|𝑡′)2
𝐾

𝑘=1𝑡′∈{𝑡,�̅�}

  

                                                  = 1 − [𝑃(𝑡)∑𝑃(𝑘|𝑡)2
𝐾

𝑘=1

+  𝑃(𝑡)̅∑𝑃(𝑘|𝑡)̅2
𝐾

𝑘=1

] 

where 𝑃(𝑡) is the probability that a term 𝑡 is present, 𝑃(𝑡)̅ is the probability that a term 𝑡 is 

absent, 𝑃(𝑘|𝑡) is the conditional probability that a category 𝑘 is present given that 𝑡 occurs, 

and 𝑃(𝑘|𝑡̅) is the conditional probability that a category 𝑘 is present given that 𝑡 is absent. 

However, the concepts of Gini Index (calculating the impurity of features) is different from 

feature selection (selecting representative subset of original features). Also, the 𝑃(𝑡) factor 

inclines to choose high frequency terms. Therefore, Shang (2007) improved the Gini Index 

into 

𝐺𝐼(𝑡)̅̅ ̅̅ ̅̅ ̅ = ∑𝑃(𝑡|𝑘)2
𝐾

𝑘=1

𝑃(𝑘|𝑡)2 

where  𝐺𝐼(𝑡)̅̅ ̅̅ ̅̅ ̅ only measures the purity of terms. By replacing 𝑃(𝑡) with 𝑃(𝑡|𝑘)2, the improved 

Gini Index measures a term 𝑡 that appears in category 𝑘 and that the term appears frequently 
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in all documents of a given category 𝑘. Shang (2007) also compared 𝐺𝐼(𝑡)̅̅ ̅̅ ̅̅ ̅ to other feature 

selection measurements (such as Chi Square and IG) and proved that 𝐺𝐼(𝑡)̅̅ ̅̅ ̅̅ ̅ performs better 

under different learning algorithms (support vector machines and 𝐾 -nearest neighbors 

algorithms). 

2.3      Feature Extraction 

Feature extraction (or feature transformation) approaches map original high dimensional 

features into low dimensional feature space, thereby transforming features into a new and 

completely different feature set. Unlike feature selection methods which can only select terms 

through the BoW model, feature extractions compose synthetic feature sets in other ways than 

using terms. Constructing a VSM for the collected documents based on terms would result in 

the generation of a high dimensional sparse matrix that contains high levels of noise and rare 

terms. Thus, most feature extraction approaches utilize supervised learning techniques (to 

consider the label categories) to overcome the sparsity of the feature matrix. We next cover 

five feature extraction approaches commonly applied in automated TC: term clustering, n-

grams, principal component analysis, latent semantic indexing, and linear discriminant 

analysis (Moraes, et al., 2012; Khan, et al., 2010; Ikonomakis, et al., 2005).  

2.3.1     Term Clustering 

The term clustering approach generates a subset of terms based on semantic relatedness. Any 

occurrence of a word in a defined subset of features is considered the occurrence of that feature 

(Sebastiani, 2002). For example, early studies used synonymous list as the subset of terms to 
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reduce feature dimension. However, manual process to determine synonymous list is time-

consuming, labor-intensive, and differ among domain subjects. Thus, many researchers 

focused on statistical probability approaches to generate synthetic feature sets. The most 

commonly used unsupervised term-clustering techniques are based on term similarity, term 

co-occurrence and co-absence, nearest neighbor clustering, and probabilistic topic modeling 

(Blei et al., 2003; Li & Jain, 1998; Lewis, 1992). However, some studies argued that the 

utilization of supervised learning techniques achieve a better model result, since the approach 

takes the labeled categories into account and trains feature subsets by classifiers. Supervised 

text clustering approaches are commonly derived from unsupervised term clustering function, 

but consider the label categories of the collected documents (Colace et al., 2014; Aggarwal, 

2004).  

2.3.2     N-Grams 

N-grams approach forms features by the sequences of words of length ℕ. Unigram features are 

simple BoW models that extract individual words as features. For example, consider a sentence 

“The need for supplier collaboration in procurement is greater than ever.” After performing 

the document pre-processing step, all stop words “the”, “for”, “in”, “is”, “than”, and “ever” 

are deleted, words “need”, “supplier”, “collaboration”, “procurement”, and “greater” represent 

unigram features. Bigram are two consecutive words (Tripathy et al., 2016; Agarwal & Mittal, 

2016; Tan et al., 2002; Sebastiani, 2002; Pang et al., 2002). For the same example, “need 

supplier”, “supplier collaboration”, “collaboration procurement”, and “procurement greater” 

are bigram features. Follow this rule, we can also construct trigram and four-gram features.  
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Using n-grams approaches for feature extraction can avoid losing phrase meanings. 

Most studies show that bigram features have better accuracy than unigram features. However, 

when 𝑛 > 3, the performance of a classifier decreases dramatically (Tripathy et al., 2016; Tan 

et al., 2002; Mladenić & Grobelnik, 1998). 

2.3.3     Principal Component Analysis (PCA) 

Principal component analysis projects original features into lower dimensional linear 

hyperplane such that the variance of the projected data is maximized or the least square error 

is minimized (Bishop, 2006; Jolliffe, 1986). PCA does not consider category label 𝑘, and thus 

is an unsupervised feature reduction algorithm. Suppose we have 𝑁  input variables  𝑥𝑖 ∈

 ℝ𝑑 , 𝑖 = 1,2, … ,𝑁, and consider to project onto a 𝑚-dimensional feature space where 𝑚 < 𝑑. 

To simplify the mathematical notation, we set 𝑚 = 1 to present the idea of PCA. First, we 

define that each input value 𝑥𝑖 is projected to 𝑣1
𝑇𝑥𝑖 (Figure 2.2) where 𝑣1 is the unit vector such 

that 𝑣1
𝑇𝑣1 = 1, and the sample mean of all input variables 𝑥𝑖  as  

�̅� =  
1

𝑁 − 1
 ∑𝑥𝑖

𝑁

𝑖=1

 

Therefore, the variance of the projected data equals to 𝑣1
𝑇𝐶𝑣1 where 𝐶 is the covariance matrix  

𝐶 =  
1

𝑁 − 1
 𝓧𝓧𝑇 

Note that the covariance matrix 𝐶 is symmetric and 𝑋 represents the 𝑑 × 𝑁 matrix whose 𝑖𝑡ℎ 

column is 𝑥𝑖 − �̅�:  
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Figure 2.2   PCA projects point 𝒗𝟏 onto 1-dimensional 

𝓧 = [𝑥1 − �̅�, … , 𝑥𝑁 − �̅�]𝑑×𝑁 

The goal for PCA is to maximize the variance, thus a constrained linear programming 

problem can be constructed as follows: 

max
𝑣1

   𝑣1
𝑇𝐶𝑣1 

subject to    𝑣1
𝑇𝑣1 = 1 

Utilizing Lagrange multiplier 𝜆1, we convert the problem into an unconstrained one: 

𝐿(𝑣1, 𝜆1) =  𝑣1
𝑇𝐶𝑣1 + 𝜆1(1 − 𝑣1

𝑇𝑣1) 



 

43 

Next, we compute 𝜆1 value by setting the partial derivative of the Lagrange function 𝐿(𝑣1, 𝜆1) 

with respect to 𝑣1 equals 0.  

𝑑𝐿(𝑣1, 𝜆1)

𝑑𝑣1
= 2𝐶𝑣1 − 2𝜆1𝑣1 = 0 

⟹  𝐶𝑣1 = 𝜆1𝑣1                                                                        (2.1) 

Note that (2.1) is an eigenvector problem. Multiplying by 𝑣1
𝑇the equation above changes to:                       

𝜆1 = 𝑣1
𝑇𝐶𝑣1 

From the above equation, we discover that the variance of the projections achieves a 

maximum value when setting  𝑣1  as the eigenvector with the largest eigenvalue  𝜆1 . The 

eigenvector 𝑣1 is known as the first principal component. Consider a more general case of 

projecting 𝑥𝑖  onto a 𝑚 -dimensional feature space. We can compute the eigenvalues and 

eigenvectors for the covariance matrix 𝐶,  and choose the largest eigenvalue  𝜆1  and its 

corresponding eigenvector 𝑣1 as the first principal component. Next, select the second largest 

eigenvalue  𝜆2  with the corresponding eigenvector 𝑣2  as the second principal component. 

Continue this approach until we select 𝑚 largest eigenvalues and represent the original data 

into 𝑚 eigenvectors. Note that the direction of 𝑣𝑖 is always orthogonal to all directions that are 

previous selected.   

Although PCA is a very common technique, few researchers in the field of automated 

TC adopt PCA approach to generate 𝑚  –dimensional features (Lam & Lee, 1999). The 
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concepts of PCA technique is commonly applied by a technique called the Latent Semantic 

Indexing (LSI).   

2.3.4     Latent Semantic Indexing (LSI) 

Latent Semantic Indexing (LSI) analyzes similarity between collected documents and terms 

and is derived from the field of information retrieval. LSI is often referred to as Latent 

Semantic Analysis (LSA) in the field of Natural Language Processing (NLP). LSI uses 

Singular Value Decomposition (SVD) for the term-document matrix with a TF-IDF term 

weighting technique to identify terms that capture most of the variance in the document 

collection (Aggarwal & Zhai, 2012; Meng et al., 2011). Suppose that 𝓣(𝑁 × 𝑑) represents the 

TDM with TF-IDF term weighting for each term, where 𝑁 is the total number of the collected 

documents and 𝑑 is total number of terms. We can use Singular Value Decomposition (SVD) 

to decompose matrix 𝓣 into 

𝓣 = 𝑈𝑆𝑉𝑇 

where 𝑈 is a document concept matrix, 𝑆 = diag(𝜎1, 𝜎2, … , 𝜎1)  is a diagonal matrix composed 

of singular values, and 𝑉 is a term concept matrix. Thus, after performing SVD, terms with 

similar context would be combined. Also, we can present the correlation between documents 

over terms as: 

𝓣𝓣𝑻 = 𝑈𝑆𝑆𝑇𝑈𝑇 = 𝑈𝑆2𝑈𝑇 

and the correlation between terms over documents as: 
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𝓣𝑻𝓣 = 𝑉𝑆𝑆𝑇𝑉𝑇 =  𝑉𝑆2𝑉𝑇 

Note that 𝑈  must contain the eigenvector of   𝓣𝓣𝑻 , and 𝑉  must contain the eigenvector 

of  𝓣𝑻𝓣. LSI compares how often terms appear together in the same document and compares 

how often those occurrences happen in all of the collected documents.  

Similar to PCA, LSI is an unsupervised technique and we can choose the 𝑚 largest 

singular values and the corresponding singular vectors in 𝑈  and 𝑉  to compose the best 

approximation 𝑁 × 𝑚 matrix  𝓣′ . The 𝑚  features extracted with LSI lie in the orthogonal 

space. Documents with different terms that reveal the same concept would be positioned near 

each other by applying LSI. Thus, LSI is also referred to as a topic selecting technique. In 

practice, LSI can achieve aggressive feature reduction in large collections (Khan, et al., 2010). 

However, LSI requires the computation of SVD and is more computationally-intensive than 

other feature extraction methods. Therefore, some studies applied supervised feature extraction 

techniques that adopted the concepts of LSI (Chakraborti, 2009; Sun et al., 2004). 

2.3.5     Linear Discriminant Analysis (LDA) 

Linear Discriminant Analysis (LDA) is a supervised feature extraction technique that maps 

original high dimensional features onto a linear projection hyperplane. The goal of LDA is to 

maximize class separation and minimize the overlaps when projecting original features into 

lower dimensional linear hyperplane (Bishop, 2006). To understand the construction of LDA, 

we first consider binary classes with output 𝑦 ∈ {1,−1} and project 𝑑-dimensional data points 

𝑥𝑖 onto a 1-dimensional line. Suppose that Class 𝒜 represents the subset of the input vector 𝑥𝑖 

with positive output value (𝑦 = 1) and Class ℬ represents the other subset of data points with 
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negative output value (𝑦 = −1). The projection of point 𝑥1  is 𝑤1𝑥1where 𝑤1  has the unit 

length such that 𝑤1
𝑇𝑤1 = 1 (Figure 2.3). The mean vectors for the two classes are  

𝒎𝑗 =
1

𝑛𝑗
∑ 𝑥𝑖 ,      𝑗 =  𝒜, ℬ   

𝑖∈𝐶𝑙𝑎𝑠𝑠𝑗

 

where 𝑛𝑗  is the number of documents in 𝐶𝑙𝑎𝑠𝑠𝑗 given that 𝑗 =  𝒜,ℬ, and the mean vectors of 

the projections for the two classes are given by 

𝑚𝑗 =
1

𝑛𝑗
∑ 𝑤𝑇𝑥𝑖 = 𝑤𝑇𝒎𝑗  ,      𝑗 =  𝒜, ℬ   

𝑖∈𝐶𝑙𝑎𝑠𝑠𝑗

 

To achieve the goal of maximizing class separation, we would like the variance 

between the projected data of Class 𝒜 and the projected data of Class ℬ to be maximized. The 

variance between the projected data of Class 𝒜 and the projected data of Class ℬ is called 

between-class variance (𝑠𝐵
2) and is defined as 

𝑠𝐵
2 = (𝑚𝒜 − 𝑚ℬ)

2 

On the other hand, to minimize the overlaps when projecting the original features into a lower 

dimensional linear hyperplane, we can minimize the within-class variance (𝑠𝑗
2) of the 

transformed data for one class by 

𝑠𝑊𝑗

2 = ∑ (𝑤𝑇𝑥𝑖 − 𝑚𝑗)
2
,      𝑗 =  𝒜, ℬ   

𝑖∈𝐶𝑙𝑎𝑠𝑠𝑗

 

In order to achieve both objectives, we can use Fisher criterion 𝐽(𝑤) to maximize the 

ratio of between-class variance to the within-class variance as follows: 
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𝐽(𝑤) =
𝑠𝐵
2

𝑠𝒜
2 + 𝑠ℬ

2  =  
𝑤𝑇𝑆𝐵𝑤

𝑤𝑇𝑆𝑤𝑤
 

where 𝑆𝐵 is the between-class covariance matrix and is defined as 

𝑆𝐵 = (𝒎𝒜 − 𝒎ℬ)(𝒎𝒜 − 𝒎ℬ)
𝑇 

and 𝑆𝑤 is the within-class covariance matrix and is defined as  

𝑆𝑤 = ∑ (𝑥𝑖 − 𝒎𝑗)(𝑥𝑖 − 𝒎𝑗)
𝑇
,      𝑗 =  𝒜, ℬ   

𝑖∈𝐶𝑙𝑎𝑠𝑠𝑗

 

To find the optimized projected hyperplane, we need to maximize Fisher criterion 𝐽(𝑤). This 

is equivalent to solving the maximum problem as 

max
𝑤

  𝑤𝑇𝑆𝐵𝑤 

                                                  subject to        𝑤𝑇𝑆𝑤𝑤=1 

We can use Lagrange function 𝐿(𝑤, 𝜆) to convert the above constrained optimization problem 

into an unconstrained one. The Lagrange function 𝐿(𝑤, 𝜆) for this problem is given by 

𝐿(𝑤, 𝜆) =    𝑤𝑇𝑆𝐵𝑤 + 𝜆(1 − 𝑤𝑇𝑆𝑤𝑤) 

By differentiating 𝐿(𝑤, 𝜆) with respect to 𝑤 and set it to zero, we can solve this maximum 

problem as 

𝑆𝐵𝑤 =  𝜆𝑆𝑤𝑤 
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Figure 2.3   Comparison of PCA (gray line) and LDA (green line) for feature extraction 

Therefore, the eigenvector obtained by solving the above equation can be used for dimension 

reduction. We can identify the 𝑚 largest eigenvalues and the corresponding eigenvectors to 

transform the original features.  

The general LDA approach is similar to the approach for PCA. Both LDA and PCA 

project original features into low dimensional linear feature space. PCA aims to maximize the 

variance of the project data points without using labeled output values. In contrast, LDA targets 

the maximization of the between-class variance while minimizing the within-class variance via 

utilizing the labeled output values. When we compare the model performance between PCA 

and LDA (Figure 2.3), it is clear that LDA is more effective on classifying binary datasets, 

since LDA accounts for the labeled categories to maximize the class separation (Bishop 2006).  



 

49 

2.4      Learning Algorithms  

After using BoW models to form collected documents into Term-Document Matrix (TDM) 

and applying feature selection and feature extraction to reduce feature dimension, the finalized 

TDM can be put into the learning algorithms (Figure 2.1). Many learning algorithms such as 

Naïve Bayesian, K-nearest neighbor (KNN), Rocchio’s algorithm, decision tree, decision rules 

classification, artificial neural network, fuzzy correlation, genetic algorithm, Support Vector 

Machine (SVM) (Özgür et. al., 2005; Joachims, 1998), and logistic regression (Genkin, et.al., 

2007) have been applied for automated text classification (Khan et. al., 2010; Sebastiani, 

2002).  

There are two basic types of learning algorithms: generative and discriminitive models. 

Consider that our task is to predict the correct category 𝑘 given a collected document 𝑥, that 

is, we seek to predict the conditional probability of 𝑃(𝑘|𝑥).  A generative model such as the 

naïve Bayes classifier uses an indirect approach to generate the document 𝑥 from the category 

𝑘, by computing the conditional probability of 𝑃(𝑘|𝑥) to predict the correct classification. 

However, a discriminative model directly predicts the category 𝑘 through 𝑃(𝑘|𝑥). Although 

the discriminative learning algorithms are more complicated than the generative ones, the 

classification accuracy are higher (Manning et al., 2008). We cover a typical generative model, 

the Naïve Bayesian classifier, which is considered the simplest and an effective baseline 

algorithm. Next, we cover two most effective discriminative models, logistic regression and 

support vector machines, in performing automated TC tasks. 
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2.4.1     Naïve Bayesian (NB) 

Naïve Bayesian is a supervised learning algorithm based on probabilistic Bayes’ Rule to 

classify data sets. The assumption of NB is that all terms in the training set are independent, 

and can be learned independently. This assumption greatly improves the learning speed, and 

can perform well even when TDM is large.  

𝑃(𝑘|𝑥) =
𝑃(𝑥|𝑘)𝑃(𝑘)

𝑃(𝑥)
 

Where 𝑘 represents a category and 𝑥 ∈ ℝ𝑑 is a document vector containing 𝑑 terms. NB is a 

very effective learning algorithm and can be applied to large datasets. Therefore, NB is usually 

applied in automated TC as a baseline to compare other learning algorithms. NB typically 

covers two different models in automated TC: multinomial model and multi-variate Bernoulli 

model (Manning et al., 2008; McCallum & Nigam, 1998). We cover both models in the 

following sections.  

Multinomial NB model 

Multinomial NB model only considers the frequencies of a set of terms in a document, and 

ignores the order of the terms. This model is also known as the unigram language model in the 

field of speech recognition. Multinomial NB model assumes that the term probabilities are 

independent given the category. Thus, we can derive the joint probability of whole terms 

𝑡1, 𝑡2, … , 𝑡𝑑 given a category 𝑘 as  

𝑃(𝑡1, 𝑡2, … , 𝑡𝑑|𝑘) = 𝑃(𝑡1|𝑘) ∗ 𝑃(𝑡2|𝑘) ∗ ⋯∗ 𝑃(𝑡𝑑|𝑘) = ∏𝑃(𝑡𝑖|𝑘)

𝑑

𝑖=1
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The posterior probability of a category 𝑘 assigned given a known document 𝑥 is computed as 

𝑃(𝑘|𝑥) =
𝑃(𝑘)∏ 𝑃(𝑡𝑖|𝑘)

𝑑
𝑖=1

𝑃(𝑘)
 

where 𝑃(𝑘) is the prior probability of a category 𝑘 assigned by a multinomial NB classifier, 

and 𝑃(𝑡𝑖|𝑘) is the conditional probability of a term 𝑡𝑖 present in a document of category 𝑘. In 

automated TC, we assign the best category 𝑘∗  for a document 𝑥 by finding the maximum 

posterior probability 𝑃(𝑘|𝑥), given by 

𝑘∗ = argmax
𝑘∈𝐾

𝑃(𝑘|𝑥) 

                 = argmax
𝑘∈𝐾

𝑃(𝑘)∏ 𝑃(𝑡𝑖|𝑘)𝑑
𝑖=1

𝑃(𝑘)
 

                       = argmax
𝑘∈𝐾

𝑃(𝑘)∏𝑃(𝑡𝑖|𝑘)

𝑑

𝑖=1

 

We can use the Maximum Likelihood Estimate (MLE) for the parameters of 𝑃(𝑘) and 

𝑃(𝑡𝑖|𝑘) by setting  

𝑃(𝑘) =
𝑇𝑘

𝑇
  ,   𝑃(𝑡𝑖|𝑘) =

#(𝑡𝑖, 𝑘)

∑ #(𝑡𝑖, 𝑘)𝑖∈𝑑
 

where 𝑇𝑘 represents the number of training documents in category 𝑘, 𝑇 is the total number of 

the training documents, and #(𝑡𝑖, 𝑘) is the number of appearance of the 𝑖𝑡ℎ term in category 𝑘. 

However, some terms might be absent in document𝑘, which results in𝑃(𝑡𝑖|𝑘) = 0, and the 

multiplications of all conditional probability would be zero ( ∏ 𝑃(𝑡𝑖|𝑘)
𝑑
𝑖=1 = 0). It is not  
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Figure 2.4    Multinomial NB model algorithm with add-one smoothing. This figure is from 

Manning et al. (2008). 

function Train Multinomial NB (K, X) returns log 𝑃(𝑘) and log 𝑃 (𝑡𝑖|𝑘) 

1 for category 𝑘 ∈ 𝐾  

2          𝑇𝑘 = number of  training documents in category 𝑘 

3          𝑇 = total number of collected documents 

4          𝑑 = number of terms 

5          𝑙𝑜𝑔𝑝𝑟𝑖𝑜𝑟(𝑘) ← log
𝑇𝑘

𝑇
  

6       𝑑𝑜𝑐[𝑘] ←  append 𝑥 in category 𝑘     

7         for term 𝑡𝑖 , 𝑖 = 1, … , 𝑑 

8               count(𝑡𝑖 , 𝑘) ← number of times 𝑡𝑖  in 𝑑𝑜𝑐[𝑘] 

9               𝑙𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑[𝑡𝑖 , 𝑘] ← 
count (𝑡𝑖 ,𝑘)+1

∑ count (𝑡𝑖 ,𝑘)𝑖∈𝑑 +𝑑
 

10   return 𝑙𝑜𝑔𝑝𝑟𝑖𝑜𝑟, 𝑙𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑, 𝑑  

 

function Test NB (𝑡𝑒𝑠𝑡𝑑𝑜𝑐, 𝑙𝑜𝑔𝑝𝑟𝑖𝑜𝑟, 𝑙𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑, 𝑑, 𝐾) returns 𝑘 

1 for category 𝑘 ∈ 𝐾  

2        𝑠𝑢𝑚[𝑘] ← 𝑙𝑜𝑔𝑝𝑟𝑖𝑜𝑟(𝑘)  

3          for position j in 𝑡𝑒𝑠𝑡𝑑𝑜𝑐 

4             term ←  𝑡𝑒𝑠𝑡𝑑𝑜𝑐[𝑗] 

5                if  term∈ 𝑑 

6                     𝑠𝑢𝑚[𝑘] ← 𝑠𝑢𝑚[𝑘] + 𝑙𝑜𝑔𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑[𝑡𝑒𝑟𝑚, 𝑘]  

7   return arg max
𝑘

𝑠𝑢𝑚[𝑘] 
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possible to find the best  𝑘∗ . To overcome this problem, many applications use add-one 

smoothing to replace the original 𝑃(𝑡𝑖|𝑘) measured by MLE approach with 

𝑃(𝑡𝑖|𝑘) =
#(𝑡𝑖, 𝑘) + 1

∑ #(𝑡𝑖 , 𝑘)𝑖∈𝑑 + 𝑑
 

where 𝑑 is the total number of terms that appears in the collected documents. In applications, 

the multiplication of MLE can result in an underflow problem, and is replaced by logarithm 

MLE as  

argmax
𝑘∈𝐾

log 𝑃(𝑘) + log∑𝑃(𝑡𝑖|𝑘)

𝑑

𝑖=1

 

Figure 2.4 shows the basic algorithm for multinomial NB model with add-one 

smoothing technique.  

Multi-variate Bernoulli model 

Multi-variate Bernoulli model take a term’s presence and absence into consideration and 

ignores the frequencies to which the terms appear. In multi-variate Bernoulli model, a 

document is converted into a binary vector presenting a term’s presence (ti = 1) or a term’s 

absence (ti = 0). Therefore, a document can be presented as  

𝑥 =  [𝑡1, … , 𝑡𝑑]
𝑇 ,   𝑡𝑖 ∈ {1,0} , 𝑖 = 1,… , 𝑑. 

With the assumption of independence for a term’s presence or absence in a category 𝑘, we can 

derive the joint probability of whole terms 𝑡1, 𝑡2, … , 𝑡𝑑 given a category 𝑘 as  
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Figure 2.5   Multi-variate Bernoulli model algorithm with add-one smoothing. This figure is 

from Manning et al. (2008). 

function Train Bernoulli NB (K, X) returns 𝑃(𝑘) and 𝑃(𝑡𝑖 |𝑘) 

1     𝑁 = total number of collected documents 

2     𝑑 = number of terms 

2     for category 𝑘 ∈ 𝐾  

3           𝑛𝑘 = number of documents in category 𝑘 

5              𝑝𝑟𝑖𝑜𝑟(𝑘) ← log
𝑛𝑘

𝑁
  

6               for term 𝑡𝑖 , 𝑖 = 1, … , 𝑑 

7                     count n𝑘𝑡𝑖
← number of collected documents in category 𝑘 contain 𝑡𝑖    

8                               𝑐𝑜𝑛𝑑𝑝𝑟𝑜𝑏[𝑡𝑖 , 𝑘] ← 
n𝑘𝑡𝑖

+1

𝑛𝑘+2
 

9       return 𝑝𝑟𝑖𝑜𝑟, 𝑐𝑜𝑛𝑑𝑝𝑟𝑜𝑏, 𝑑  

 

function Test Bernoulli NB (𝑡𝑒𝑠𝑡𝑑𝑜𝑐, 𝑝𝑟𝑖𝑜𝑟, 𝑐𝑜𝑛𝑑𝑝𝑟𝑜𝑏, 𝑑, 𝐾) returns 𝑘 

1     for category 𝑘 ∈ 𝐾  

2             𝑠𝑢𝑚[𝑘] ← log 𝑝𝑟𝑖𝑜𝑟(𝑘)  

3               for term 𝑡𝑖 , 𝑖 = 1, … , 𝑑 

4                     if  term 𝑡𝑖 ∈ 𝑑 

5                          𝑠𝑢𝑚[𝑘] ← 𝑠𝑢𝑚[𝑘] + log 𝑐𝑜𝑛𝑑𝑝𝑟𝑜𝑏[𝑡][𝑘] 

6                          else  𝑠𝑢𝑚[𝑘] ← 𝑠𝑢𝑚[𝑘] + log(1 − 𝑐𝑜𝑛𝑑𝑝𝑟𝑜𝑏[𝑡][𝑘]) 

7     return arg max
𝑘

𝑠𝑢𝑚[𝑘] 

 

𝑇 = total number of training documents 

 𝑇𝑘 

𝑇𝑘

𝑇
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𝑃(𝑡1, 𝑡2, … , 𝑡𝑑|𝑘) = ∏𝑃(𝑡𝑖 = 1|𝑘)

𝑑

𝑖=1

∏𝑃(𝑡𝑖 = 0|𝑘)

𝑑

𝑖=1

 

Similar to the multinomial NB model, we can assign the best category 𝑘∗∗  for a 

document 𝑥 by finding the maximum posterior probability 𝑃(𝑘|𝑥) given by 

𝑘∗∗ = argmax
𝑘∈𝐾

 𝑃(𝑘)∏𝑃(𝑡𝑖 = 1|𝑘)

𝑑

𝑖=1

∏𝑃(𝑡𝑖 = 0|𝑘)

𝑑

𝑖=1

 

and 𝑃(𝑡𝑖 = 1|𝑘) is calculated by add-one smoothing in the MLE approach.  

𝑃(𝑡𝑖 = 1|𝑘) =
#(𝑡𝑖 = 1, 𝑘) + 1

𝑇𝑘 + 2
 

where 𝑇𝑘 represents the number of documents in category 𝑘, and #(𝑡𝑖 = 1, 𝑘) is the number 

of appearance of the 𝑖𝑡ℎ term in category 𝑘. The multi-variate Bernoulli model algorithm is 

presented as follows. Similar to multinomial NB model, the multiplication of MLE can result 

in an underflow problem, and is replaced by the logarithm MLE (Figure 2.5).  

The multinomial NB model is considered more accurate than the multi-variate 

Bernoulli model for data sets with large variance of the document lengths. However, multi-

variate Bernoulli model is able to incorporate non-text information and can be applied with 

mixed feature settings (McCallum & Nigam, 1998). 

2.4.2     Logistic Regression (LR) 

As mentioned in Chapter 1, logistic regression is a linear classifier that predicts the 

probabilities of output values. Logistic regression is a discriminative classifier, which directly 
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computes the probability of the category 𝑘 given at document 𝑥 (i.e. 𝑃(𝑘|𝑥)) (Zhang & Yang, 

2003). Here, we introduce a binary classification problem with labeled category 𝑘 ∈ {1, −1}. 

Intuitively, we want to find the best category 𝑘∗ by maximizing the value of 𝑃(𝑘|𝑥), which is 

given by  

𝑘∗ = arg max
𝑘∈{1,−1}

𝑃(𝑘|𝑥) 

                          = arg max
𝑘∈{1,−1}

1

1 + exp (−𝑘𝑤𝑇𝑥)
 

where 𝑃(𝑘|𝑥) can be presented as a logistic sigmoid function on the weighting vector 𝑤. For 

multiclass logistic regression, the best category 𝑘∗∗can be computed by 

                   𝑘∗∗ = argmax
𝑘∈𝐾

𝑃(𝑘|𝑥) 

                                  =  
𝑒𝑥𝑝 (𝑤𝑇𝑥)

∑ 𝑒𝑥𝑝 (𝑤𝑇𝑥)𝑘∈𝐾
 

In NLP, the logistic regression classifier, also called the maximum entropy model, 

calculates the value of 𝑃(𝑘|𝑥) as a linear combination of the feature function 𝜙(𝑥, 𝑘) and the 

corresponding weighting vector 𝑤. The idea is to map features into a fixed value that can be 

used to select the most representative category 𝑘. By using an exponential function to convert 

the value of 𝑤𝑇𝜙(𝑥, 𝑘)  into a positive number, and normalize it by the summation of  

𝑤𝑇𝜙(𝑥, 𝑘) for each category 𝑘, we can find the best category 𝑘∗∗ from the equation presented 

above with a corresponding value between 0 and 1. In a typical setting in automated TC, the 

logistic regression classifier uses terms to represent the feature function and considers only 

information on the terms’ presence (Manning et al., 2008). 
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 To find the optimized parameter 𝑤∗, we can maximize the conditional log likelihood 

of 𝑇 training data points: 

�̂� = argmax
𝑤

∑log𝑃(𝑘|𝑥𝑖)

𝑇

𝑖=1

 

Regularized Logistic Regression 

If we solve the above optimization problem, the value of �̂� perfectly fits all the training points 

and results in an overfitting problem. To address this issue, researchers often use the 

regularized term of �̂� to smooth the above equation to generate a better parameter 𝑤∗  for 

classifying the test data set (Zhang & Oles, 2001). Therefore, we can maximize the regularized 

log-likelihood function presented as  

𝑤∗ = argmax
𝑤

log 𝑃(𝑘|𝑥𝑖) − 𝛼𝑅(𝑤) 

where 𝑅(𝑤) is the regularization term, which forces the parameters to be small for 𝛼 > 0. If 

𝑅(𝑤) = ‖𝑤‖1 = ∑ |𝑤𝑛|
𝑁
𝑛=1 , then the model is known as L1 regularization (or lasso 

regression). And if 𝑅(𝑤) = ‖𝑤‖2
2 = ∑ 𝑤𝑛

2𝑁
𝑛=1 , then the model is known as L2 regularization 

(or ridge regression). The algorithm for logistic regression classifier is similar to Figure 1.4, 

and we need to use a iterative method like gradient descent to find the best 𝑤∗.  

2.4.3     Support Vector Machines (SVM) 

In the introduction section, we showed that perceptron is the first iterative algorithm for linear 

classification tasks (Rosenblatt, 1956). Even though the perceptron algorithm is simple and  
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Figure 2.6   Which is the best separating hyperplane? 

easy to implement, there are several drawbacks in the application of the perceptron algorithm. 

First, there are infinite number of hyperplanes that can correctly classify the linearly separable 

binary data. Therefore, how is the best hyperplane identified (Figure 2.6)? Intuitively, the better 

separating hyperplane is the one that is insensitive to noisy data and thus can perform better 

for classifying future data. Second, the assumption of the binary data to be linear separable is 

a strong assumption. In practice, many real-world datasets contain outliers or high levels of 

noise and are most likely to be linear inseparable. Therefore, a more relaxed assumption for 

the inseparable data is desired. Third, the binary classification learning problems are 

sometimes NP-hard (Non-deterministic Polynomial-time hard) to solve. In other words, there 

is lack of efficient algorithms to the problems in polynomial time. Last, even if we can apply 

the perceptron algorithms to solve linear inseparable data, how can the nonlinear data be 

solved?   
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Fortunately, Support Vector Machines (SVM), a supervised learning algorithm for 

solving binary classification problems, can overcome the drawbacks of the perceptron 

algorithm (Bishop, 2006; Hsu & Lin, 2002). There are three key ideas behind SVM: margins, 

duality, and kernels (Bennett & Campbell, 2000). 

(1) Margin: The goal for SVM is to find the optimal separating hyperplane that can best 

classify future data. The optimal separating hyperplane is defined as the linear decision 

function 𝑓𝑆𝑉𝑀(𝑥) with the maximal (fattest) margin between the binary data. Thus, small 

perturbations of the future data would not affect the accuracy of the linear classifier. In 

addition, SVM can be applied to inseparable data sets with softer constraints setting.  

 (2) Duality: Even though it is very hard to find a feasible solution by solving primal 

SVM, we can apply the dual forms of SVM algorithms to efficiently solve the binary 

classification problem within a polynomial time.   

(3) Kernel: The use of the kernel functions enable SVM to map non-linear features into 

a convex feature space, which can therefore be trained by a linear SVM classifier.    

In practice, automated TC using Support Vector Machine (SVM) provides superior 

classification effectiveness compared to other machine learning algorithms (Chang et al., 2015; 

Tan & Zhang, 2008; Pang et al., 2002; Yang & Liu, 1999). SVM considers all features equally 

important and can perform very well on high dimensional and sparse feature vectors (Joachims, 

1998).  
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Geometric Intuitions for SVMs 

Suppose that we try to find the best decision hyperplane in a binary data set with positive versus 

negative output values. The linear decision function 𝑓(𝑥) is defined as  

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 

where 𝑥 ∈  ℝ𝑑 represents T input vectors 𝑥1, … , 𝑥𝑡, … 𝑥𝑇 from the training set with 𝑑 features, 

𝑤 represents the weight vector, and 𝑏 is the bias parameter. Assume that the training data set 

𝑥1, … , 𝑥𝑡 , … 𝑥𝑇 corresponds to output values 𝑦1, … , 𝑦𝑡 , … 𝑦𝑇 with binary values such that 𝑦𝑡 ∈

{1,−1}. Let us first consider that the training data set is linearly separable, and thus we can 

find a decision hyperplane that separates the positive and negative output values correctly. 

Separable Case: Hard-Margin SVM 

Suppose our training dataset is linearly separable, and we can separate the data points into two 

classes: Class 𝒜 versus Class ℬ (Figure 2.7).  Class 𝒜 includes all data points with positive 

output values, and Class ℬ includes all data points with negative output values. The goal of 

SVM is to find the maximum margin classifier where the margin is defined as the perpendicular 

distance between the decision boundary and the closest data points. SVM classifier for the 

linearly separable binary data set is call hard-margin SVM. The decision boundary is defined 

as 𝑓(𝑥𝑡) = 0, as shown by the yellow line in Figure 2.7. In addition, the distance between any 

points 𝑥𝑡 and the decision boundary 𝑓(𝑥𝑡) = 0 is defined as 

 
𝑦𝑡𝑓(𝑥𝑡)

‖𝑤‖
=

𝑦𝑡(𝑤
𝑇𝑥𝑡 + 𝑏)

‖𝑤‖
                                                   (2.2) 
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Figure 2.7   Maximum margin classifier for separable case 

Since we can rescale 𝑤 = 𝛼𝑤 and 𝑏 = 𝛼𝑏 without altering the value of (2.2), we can set the 

functional margin to 1 to simplify calculations. In other words, we set  

𝑓(𝑥𝑡) ≥ 1          𝑓𝑜𝑟  𝑦𝑡 = 1 

 𝑓(𝑥𝑡) ≤ −1      𝑓𝑜𝑟  𝑦𝑡 = −1 

where 𝑡 = 1,2, … , 𝑇 (Figure 2.7). Follow this setting, we know that 𝑓(𝑥𝑡)𝑦𝑡 ≥ 1 for the data 

points that are correctly classified. Thus, the maximum margin classifier problem is presented 

as follows:  

(𝑷) 

argmax
𝑤,𝑏

{
1

‖𝑤‖
min

𝑡
[𝑦𝑡(𝑤

𝑇𝑥𝑡 + 𝑏)]} 
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This problem can be rewritten as a primal quadractic programming problem with linear 

inequality constraints. 

(𝑷′) 

argmin
𝑤,𝑏

1

2
‖𝑤‖2 

               subject to       𝑦𝑡(𝑤
𝑇𝑥𝑡 + 𝑏) ≥ 1, 𝑡 = 1,… , 𝑇 

Next, we introduce Lagrange multiplier 𝜆𝑡 ≥ 0  for solving (𝑷′ ). Lagrange function with 

respect to variables 𝑤, 𝑏, 𝑎𝑛𝑑 𝜆 is given below: 

𝐿(𝑤, 𝑏, 𝜆) =
1

2
‖𝑤‖2 − ∑𝜆𝑡{𝑦𝑡(𝑤

𝑇𝑥𝑡 + 𝑏) − 1}

𝑇

𝑡=1

 

where 𝜆 = (𝜆1, … , 𝜆𝑇)
𝑇 .  

The Lagrange dual representation of the primal programming problem (𝑷′) is defined 

as  

max
𝜆

  inf
𝑤,𝑏

 𝐿(𝑤, 𝑏, 𝜆)  

Since Lagrange function 𝐿(𝑤, 𝑏, 𝜆) is a covex, continuous, and differentiable function, the 

value of   inf
𝑤,𝑏

 𝐿(𝑤, 𝑏, 𝜆) can be found by taking the partial derivatives of 𝐿(𝑤, 𝑏, 𝜆)  with 

respect to 𝑤 and 𝑏, and set both derivatives to 0. We get   
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𝜕𝐿(𝑤, 𝑏, 𝜆)

𝜕𝑤
= 0    ⇒     𝑤 = ∑𝜆𝑡

𝑇

𝑡=1

𝑦𝑡𝑥𝑡 

𝜕𝐿(𝑤, 𝑏, 𝜆)

𝜕𝑏
= 0    ⇒     ∑𝜆𝑡

𝑇

𝑡=1

𝑦𝑡 = 0 

By replacing 𝑤 = ∑ 𝜆𝑡
𝑇
𝑡=1 𝑦𝑡𝑥𝑡 to 𝐿(𝑤, 𝑏, 𝜆), we can write the infimum of Lagrage function as 

𝐿′(𝜆) =  
1

2
‖𝑤‖2 − ∑𝜆𝑡{𝑦𝑡(𝑤

𝑇𝑥𝑡 + 𝑏) − 1}

𝑇

𝑡=1

 

= 
1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

− ∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡
𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

+ ∑𝜆𝑡

𝑇

𝑡=1

   

        = ∑𝜆𝑡 −

𝑇

𝑡=1

1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

   

Hence, we can formulate the following dual programming problem as the maximization 

programming problem as follows: 

(𝑫′) 

max
𝜆

𝐿′(𝜆) = ∑𝜆𝑡 −

𝑇

𝑡=1

1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

 

                                           subject to      𝜆𝑡 ≥ 0,     𝑡 = 1,… , 𝑇 
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∑𝜆𝑡𝑦𝑡

𝑇

𝑡=1

= 0 

where 𝜆𝑡  represents the Lagrange multiplier for each constraint in (𝑷′ ) and 𝜆𝑡 ≥ 0 . The 

advantage of transforming the original maximum margin classifier problem into a dual 

programming problem (𝑫′)  is that it allows us to solve the problem with T Lagrange 

multipliers 𝜆, instead of solving the primal problem with 𝑑-dimensional feature space. 

Next, we apply Karush-Kuhn-Tucker (KKT) conditions to find the necessary 

conditions for the primal problem (𝑷′) and its dual problem (𝑫′), and the following three 

properties hold. 

𝜆𝑡 ≥ 0 

𝑦𝑡𝑓(𝑥𝑡) − 1 ≥ 0 

𝜆𝑡{𝑦𝑡𝑓(𝑥𝑡) − 1} = 0 

Therefore, for every data point, either 𝜆𝑡 = 0 or 𝑦𝑡𝑓(𝑥𝑡) = 1. Any points with 𝜆𝑡 = 0 has no 

effects on 𝑦𝑡𝑓(𝑥𝑡) = 1 and are not important. On the other hand, support vectors are the points 

that satisfy 𝑦𝑡𝑓(𝑥𝑡) = 1, and lie on the circled points in Figure 2.7. When we train the model, 

only the support vectors are retained in the model, the remaining points are discards. Once we 

solved (𝑫′) and have a value for  𝜆, we can use the result that all support vectors satisfy 

𝑦𝑡𝑓(𝑥𝑡) = 1 to solve 𝑏 by replacing 𝑤 = ∑ 𝜆𝑡𝑦𝑡𝑥𝑡
𝑇
𝑡=1  into the function such that 

𝑦𝑠𝑓(𝑥𝑠) = 1 
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              ⇒ 𝑦𝑠(𝑤
𝑇𝑥𝑠 + 𝑏) = 1 

                               ⇒ 𝑦𝑠 (∑𝜆𝑡𝑦𝑡𝑥𝑡

𝑇

𝑡=1

)

𝑇

𝑥𝑠 + 𝑏 = 1 

                            ⇒ 𝑦𝑡(∑ 𝜆𝑠𝑦𝑠𝑥𝑡
𝑇𝑥𝑠𝑠∈𝑆 + 𝑏) = 1                              (2.3)             

where 𝑠 ∈ 𝑆 represents the indices of the support vectors. By multiplying 𝑦𝑡 on both sides of 

(2.3) and using the property of  𝑦𝑡
2 = 1, we can solve 𝑏 by  

𝑏 =
1

𝑇𝑆
∑(𝑦𝑡 − ∑𝜆𝑠𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑠∈𝑆

)

𝑡∈𝑆

 

where 𝑇𝑆 denotes the total number of support vectors (Bishop, 2006; Cristianini & Shawe-

Taylor, 2000).  

Inseparable Case: Soft-Margin SVM 

In the previous section, we assumed that the training data is linearly separable in the feature 

space. However, in practice, there might be class distributions overlapping. Therefore, we 

should relax this assumption and allow some of the training data points be misclassified. The 

SVM classifier under the relax constraints on non-linear separable binary data is call soft-

margin SVM.  

For the 1-norm soft-margin SVM, we introduce slack variables, 𝜉𝑡 ≥ 0, 𝑡 = 1, … , 𝑇, 

for each training data point. 𝜉𝑡 is defined as zero if the data points are on or inside the  
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Figure 2.8   SVM classifier for inseparable case with a soft margin constraint 

correct classification boundary, and 0 < 𝜉𝑡 ≤ 1  for data points that are inside of the decision 

boundary (𝑓(𝑥𝑡) = 0) and are considered as the correctly classified points. As for data points 

with 𝜉𝑡 > 1, which are outside of the decision boundary, are considered as misclassified points 

(Figure 2.8). To simplify the calculation, we set functional margin of 1 and add the slack 

variable condition. The following equations hold. 

𝑓(𝑥𝑡) ≥ 1 − 𝜉𝑡          𝑓𝑜𝑟  𝑦𝑡 = 1 

 𝑓(𝑥𝑡) ≤ −1 + 𝜉𝑡      𝑓𝑜𝑟  𝑦𝑡 = −1 

Thus, we get a general constraint such that 𝑦𝑡𝑓(𝑥𝑡) ≥ 1 − 𝜉𝑡  for data points that are correctly 

classified. We can then modify the inequality constraint in (𝑷′) and reformulate a constrained 

programming problem (𝑪-SVM) with a more relaxed margin constraint. 
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(𝑪-SVM) 

𝑎𝑟𝑔 min
𝑤,𝑏

  
1

2
‖𝑤‖2 + 𝐶 ∑𝜉𝑡

𝑇

𝑡=1

 

                                             subject to     𝑦𝑡(𝑤
𝑇𝑥𝑡 + 𝑏) ≥ 1 − 𝜉𝑡   

                      𝜉𝑡 ≥ 0, 𝑡 = 1,… , 𝑇 

where 𝐶 > 0  controls the trade-off between slack variable penalty and the margin. To 

formulate the dual problem for (𝑪-SVM), we follow the same methods for solving (𝑷′). First, 

we calculate the corresponding Lagrange function. 

�̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇) =
1

2
‖𝑤‖2 + 𝐶∑𝜉𝑡 − ∑𝜆𝑡{𝑦𝑡(𝑤

𝑇𝑥𝑡 + 𝑏) − 1 + 𝜉𝑡} − ∑𝜇𝑡𝜉𝑡

𝑇

𝑡=1

𝑇

𝑡=1

𝑇

𝑡=1

 

where 𝜆 = (𝜆1, … , 𝜆𝑇)
𝑇 and 𝜇 = (𝜇1, … , 𝜇𝑇)

𝑇 . Recall that Lagrange dual representation of the 

primal programming problem (𝑪-SVM) is defined as  

max
𝜆,𝜇

  inf
𝑤,𝑏,𝜉

 �̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇)  

In order to simply the function above, we take the partial derivatives of �̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇) with 

respect to 𝑤, 𝑏, and 𝜉𝑡 and set all derivatives to 0.  

𝜕�̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇)

𝜕𝑤
= 0     ⇒      𝑤 = ∑𝜆𝑡

𝑇

𝑡=1

𝑦𝑡𝑥𝑡 
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𝜕�̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇)

𝜕𝑏
= 0     ⇒      ∑𝜆𝑡

𝑇

𝑡=1

𝑦𝑡 = 0 

𝜕�̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇)

𝜕𝜉𝑡
= 0    ⇒      𝜆𝑡 = 𝐶 − 𝜇𝑡 

By replacing 𝑤 = ∑ 𝜆𝑡
𝑇
𝑡=1 𝑦𝑡𝑥𝑡 and 𝜆𝑡 = 𝐶 − 𝜇𝑡 into �̃�(𝑤, 𝑏, 𝜉, 𝜆, 𝜇), we get 

 �̿�( 𝜆, 𝜇) =  
1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

− ∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡
𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

 

                                                                             + ∑𝜆𝑡

𝑇

𝑡=1

+ ∑𝜉𝑡(𝐶 −

𝑇

𝑡=1

 𝜇𝑡 − 𝜆𝑡) 

                       = ∑𝜆𝑡

𝑇

𝑡=1

−
1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

+ ∑𝜉𝑡(

𝑇

𝑡=1

 𝜆𝑡 − 𝜆𝑡) 

                                           = ∑𝜆𝑡

𝑇

𝑡=1

−
1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

 

The Lagrange dual representation of the primal programming problem (𝑪-SVM) is written as 

(𝑫𝒖𝒂𝒍 𝒐𝒇 𝑪-SVM) 

max
𝜆

�̿�(𝜆) = ∑𝜆𝑡 −

𝑇

𝑡=1

1

2
∑∑𝜆𝑡𝜆𝑠𝑦𝑡𝑦𝑠𝑥𝑡

𝑇𝑥𝑠

𝑇

𝑠=1

𝑇

𝑡=1

 

                                           subject to       0 ≤ 𝜆𝑡 ≤ 𝐶,     𝑡 = 1,… , 𝑇 
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∑𝜆𝑡𝑦𝑡

𝑇

𝑡=1

= 0 

Note that the objective function for the dual problem of (𝑪-SVM) is exactly the same as the 

dual problem for the linearly separable case (𝑫′). The only difference between (𝑫𝒖𝒂𝒍 𝒐𝒇 𝑪-

SVM) and (𝑫′) are the constraints. The constraint for (𝑫𝒖𝒂𝒍 𝒐𝒇 𝑪-SVM) considers both the 

Lagrange multipliers to be always greater than zero (𝜆𝑡 ≥ 0) and the optimal condition such 

that 𝜆𝑡 = 𝐶 − 𝜇𝑡. Due to the fact 𝜆𝑡 is bounded both ends, 0 ≤ 𝜆𝑡 ≤ 𝐶 is referred to as the box 

constraint.  

In order to solve (𝑪-SVM), we derive 6 properties from KKT conditions as follows: 

𝑦𝑡(𝑤
𝑇𝑥 + 𝑏) − 1 + 𝜉𝑡  ≥ 0 

𝜆𝑡{𝑦𝑡(𝑤
𝑇𝑥 + 𝑏) − 1 + 𝜉𝑡  } = 0 

𝜇𝑡𝜉𝑡 = 0 

𝜆𝑡 ≥ 0 

𝜇𝑡 ≥ 0 

𝜉𝑡 ≥ 0 

where  𝑡 = 1,… , 𝑇.  Thus, for every data point, either 𝜆𝑡 = 0 or 𝑦𝑡𝑓(𝑥𝑡) = 1 − 𝜉𝑡. Any points 

with 𝜆𝑡 = 0  has no effects on the decision hyperplane and are not important. Support vectors 

are the circled points that satisfy 𝑦𝑡𝑓(𝑥𝑡) = 1 − 𝜉𝑡  and lie on the maximum margin 



 

70 

hyperplanes (Figure 2.8). If 𝜆𝑡 > 0, then 𝑦𝑡𝑓(𝑥𝑡) = 1 − 𝜉𝑡 must hold. If 𝜆𝑡 < 𝐶, then 𝜇𝑡 > 0 

and 𝜉𝑡 = 0. When 𝜆𝑡 = 𝐶, then 𝜉𝑡 can be either greater than 1 or less than and equal to 1. 

Similar to separable case of SVM, we can compute the value of 𝑏 by considering 

support vectors that satisfy  𝑦𝑡𝑓(𝑥𝑡) = 1 . Next, we can replace 𝑤 = ∑ 𝜆𝑡
𝑇
𝑡=1 𝑦𝑡𝑥𝑡  into the 

hypothesis function as follows: 

𝑦𝑡 ( ∑ 𝜆𝑚𝑦𝑚𝑥𝑡
𝑇𝑥𝑚

𝑚∈𝑀

+ 𝑏) = 1 

where 𝑀 represents the set of indices for the support vectors of which 0 < 𝜆𝑡 < 𝐶 and 𝜉𝑡 = 0. 

Finally, we can solve 𝑏 by multiplying 𝑦𝑡 for both sides of the above equation and note that 

𝑦𝑡
2 = 1.  

𝑏 =
1

𝑇Μ
∑ (𝑦𝑡 − ∑ 𝜆𝑚𝑦𝑚𝑥𝑡

𝑇𝑥𝑚

𝑚∈𝑀

)

𝑡∈M

 

where 𝑚 ∈ Μ represents the indices of data points having 0 < 𝜆𝑡 < 𝐶 and 𝜉𝑡 = 0.  

Regularized SVM  

Similar to logistic regression algorithm, we can also rewrite (𝑪-SVM) into an unconstrained 

minimization optimization problem using the concept of loss function. Consider that the 

constraints in (𝑪-SVM), 

𝑦𝑡(𝑤
𝑇𝑥 + 𝑏) ≥ 1 − 𝜉𝑡   

𝜉𝑡 ≥ 0 
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Figure 2.9   Loss functions comparison. This figure is from Bishop (2006). 

can be reformulated into 

 𝜉𝑡 ≥ max{0, 1 − 𝑦𝑡𝑓(𝑥𝑡)} 

= [1 − 𝑦𝑡𝑓(𝑥𝑡)]+. 

The loss function of SVM is defined as the hinge loss function ([1 − 𝑦𝑡𝑓(𝑥𝑡)]+).  

Figure 2.9 shows the hinge loss function (line in orange) of SVM algorithm for the 

binary target values 𝑦 ∈ {1, −1}. If our goal is to minimize the misclassification points, the 

hinge loss function is better than cross entropy loss since the hinge function puts high penalties 

on the misclassified data points and zero penalties on correctly classified points (Figure 2.9).   
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We can use hinge loss function to rewrite the objective function of (𝑪-SVM) into  

𝑎𝑟𝑔 min
𝑤,𝑏 

∑𝑳(1 − 𝑓(𝑥𝑡)𝑦𝑡) + 𝜆‖𝑤‖2

𝑇

𝑡=1

 

where 𝑳(𝑧) = 𝑧 when  𝑧 ≥ 0 and 𝑳(𝑧) = 0 when 𝑧 < 0. In addition, 𝜆 =
1

2𝐶
> 0. Therefore, 

the objective function minimizes not only the hinge loss function but also the regularization 

terms ( ‖𝑤‖2)  to control model complexity. Similar to regularized logistic regression 

algorithm, ‖𝑤‖2  represents a L2 regularized term to prevent overfitting. Therefore, the 

construction of SVM algorithm can prevent the model overfitting problems.  

Kernel Functions (𝑲(𝒙𝒕, 𝒙𝒔)) 

The formal definition of a kernel function is  

𝐾(𝑥𝑡, 𝑥𝑠) =   𝜙(𝑥𝑡) ∙ 𝜙(𝑥𝑠)  

where 𝜙 maps input vectors 𝑥 into an inner product feature space. Recall that the input vectors 

𝑥 we applied in automated TC were mapped into a new feature space using the BoW model 

such that each feature represents by term extracted from collected documents. Similarly, we 

can replace 𝑥  with 𝜙(𝑥)  for the SVM algorithms, as discuss in document representation 

section. After mapping the original features (might be non-linear) into 𝜙(𝑥), the new feature 

space of 𝜙(𝑥) ∈ ℝ𝑑 is a 𝑑-dimensional space. For both the dual problems of SVM classifier 

in linearly separable and inseparable cases, the hypothesis function 𝑓(𝑥) can be presented with 

a sequence training data point (𝑥𝑡, 𝑦𝑡) as  
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𝑓(𝑥) = ∑𝜆𝑠𝑦𝑠𝜙(𝑥𝑡)
𝑇𝜙(𝑥𝑠)

𝑠∈𝑆

+ 𝑏 

where 𝑆 represents the set of indices of the support vectors. The inner product 𝜙(𝑥𝑡)
𝑇𝜙(𝑥𝑠) 

can be defined as a kernel function according to the Mercer’s theorem. 

The main advantage of using dual representation to solve the primal constrained 

problem is that we do not need to solve the 𝑑-dimensional feature space. Therefore, the use of 

kernel functions maps data points into higher dimensional feature space to assist finding a 

better linear hyperplane and avoids computational problems. In addition, the kernel function 

in a reproducing kernel Hilbert space is positive semi-definite and can always be used to 

evaluate the mapped points without knowing the mapping process (Cristianini & Shawe-Taylor, 

2000). 

Multiclass SVMs  

One-Against-All (OAA) and One-Against-One (OAO) are two of the easiest approaches to 

implement for extending binary classifiers to multiclass classification tasks (Eichellberger & 

Sheng, 2013; Chang & Lin, 2011; Hsu & Lin, 2002). OAA approach constructs 𝐿 separate 

SVMs where the 𝐿𝑡ℎ SVM is trained by using data from the 𝑘 category and is classified as a 

positive instance. The remaining 𝐿 − 1 SVMs are trained as negative instances.  

Figure 2.10 demonstrates the use of OAA approach for classifying 3-class classification 

problem (Class  𝒜 , Class  ℬ , and Class  𝒞) . The gray lines represent the optimal decision 

hyperplanes determined by the SVM algorithm. However, OAA approach often results in an 
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 Figure 2.10   One-against-all approach for reducing multiclass to binary class problem 

“undecided” region (the central triangle area in gray lines), while other regions may be 

assigned to multiple classes. Therefore, an improvement for OAA approach is to select the 

maximum predicted value for 𝐿  separate SVMs. The improvement decision functions are 

defined by  

𝑓(𝑥) = max
𝐿

𝑓𝐿(𝑥) 

Since 𝑓(𝑥) generates continuous values, the values can be compared to the 𝐿𝑡ℎ training results. 

The new separating hyperplanes for the 3-classes are presented as the green lines in Figure 

2.10, and the new separating hyperplanes (green lines) leave no ambiguous regions for 

classifying Class 𝒜, Class ℬ, and Class 𝒞 (Figure 2.10).  
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Figure 2.11   One-against-one approach for reducing multiclass to binary class problem 

OAO approach trains all the possible pairs of classes ( 
𝐿(𝐿−1)

2
 total different pairs) and 

identifies the correct class using voting mechanisms (Eichelberger & Sheng, 2013; Chang & 

Lin, 2011; Bishop, 2006). Figure 2.11 shows an OAO approach solving a 3-class classification 

problem. Similar to the OAA approach, there is a region with ambiguities in class decision. A 

typical approach is to randomly select a class for the ambiguous points, since all classes are 

possible. Another method is to use the pairwise SVM. Pairwise SVM generates 
𝐿(𝐿−1)

2
 

classifiers but only evaluates (𝐿 − 1) classifiers to classify the testing data points using a 

directed acyclic graph. For example, suppose an ambiguous point appears in Figure 2.11, 

depending on the directed acyclic graph, we can first evaluate SVM on Class 𝒜 and Class ℬ. 
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If the point is not Class 𝒜, then we can evaluate SVM on Class ℬ and Class 𝒞. If the point is 

not Class 𝒞, then the final class for the point belongs to Class ℬ (Kijsirikul & Ussivakul, 2002). 

In practices, both OAA and OAO approaches result in very good prediction of the test 

data set. Typically, OAA is preferred because it is simple to implement and computationally 

efficient. However, there are some disadvantages for using OAA and OAO approaches to 

perform multiclass SVM tasks. First, OAA approach generates imbalanced data sets for its 

classification. If we try to perform 10-class classification tasks, then the training data set 

contains 90% of the positive data points while only 10% of the negative data points can be 

learned by the SVM classifier. Second, OAO approach needs to train 
𝐿(𝐿−1)

2
 different binary 

SVMs, and therefore, requires significantly more training time. Finally, OAO uses a much 

smaller sample size for training, which may increase the chance of overfitting. 

In addition, there are several direct methods to conduct multiclass SVM simultaneously 

(Crammer and Singer, 2000; Weston & Watkins, 1999). For example, Weston & Watkins 

(1999) used the single machine approach to solve multiclass classification problems. The idea 

of single machine approach in SVM is quite simple, the model solves all 𝐾-binary SVMs at 

the same time by using one objective function. That is, the maximized optimization problem 

of the single machine SVM is given by  

min     
𝑤,𝑏,𝜉       

1

2
∑𝑤𝑘

𝑇𝑤𝑘 + 𝐶∑ ∑ 𝜉𝑡
𝑘𝑤𝑦𝑡

𝑇 𝜙(𝑥𝑡)

𝑘≠𝑦𝑡

𝑇

𝑡=1

 

𝐾

𝑘=1

 

subject to      𝑤𝑦𝑡
𝑇 𝜙(𝑥𝑡) + 𝑏𝑦𝑡

≥ 𝑤𝑘
𝑇𝜙(𝑥𝑡) + 𝑏𝑘 + 2 − 𝜉𝑡

𝑘 
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    𝜉𝑡
𝑘 ≥ 0, 𝑡 = 1,… , 𝑇, 𝑘 ∈ {1,… , 𝐾} 

Then, the resulting decision function is  

𝑎𝑟𝑔max
𝑘∈𝐾

[𝑤𝑘
𝑇𝜙(𝑥) + 𝑏𝑘] 

Ideally, the simultaneous multiclass SVM algorithms should have better model 

performance since the algorithms take all categories into consideration at the same time to 

decide the best separating lines. However, there are no substantial experiments showing that 

simultaneous multiclass SVM algorithms achieve better performance. In practice, quite the 

opposite results were observed. Using OAA and OVA approaches to reduce multiclass into 

binary SVM classification often result in better prediction for future data (Rifkin, 2002; Hsu 

& Lin, 2002). Therefore, in application, the majority of studies use OAA and OVA approaches 

to decompose multiclass into binary SVM classification problem, due to the simplicity of its 

implementation and the improved performance over other approaches.  

2.5      Evaluation 

Many different measures have been proposed for binary classification in machine learning, 

such as accuracy, precision & recall, sensitivity & specificity, kappa statistic, Receiver 

Operating Characteristic (ROC) curve, and the Area under the ROC Curve (AUC) (Lantz, 

2015; Alpaydin, 2010; Sokolova & Lapalme, 2009). In automated TC, the task is to classify 

documents 𝑥 into multiple predefined class labels such that 𝐾 = {1,… , 𝑘, … , 𝐾}. However, not 

all binary measures are sufficiently developed for adapting to multiclass classification tasks, 

e.g. ROC curves cannot be easily adopted for TC (Lachiche & Flach, 2003). Therefore, in this  
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Table 2.3   Confusion matrix for binary classes 

  

Predicted      

positive class 

Predicted           

negative class 

True              

positive class 
True Positive (TP) 

False Negative 

(FN) 

True             

negative class 
False Positive (FP) True Negative (TN) 

 

section, we cover the performance measurements that have been widely accepted to evaluate 

the effectiveness (how well a classifier can correctly assign values) of multiclass classification 

tasks.   

A confusion matrix, also known as loss matrix or contingency table, is a measurement 

table that categorizes predictions according to whether they match the actual values or not. For 

a binary classification problem, the confusion matrix is depicted as a 2 × 2 matrix with four 

categories (Table 2.3).   

 True Positive (TP) measures the number of positive predicted values that are 

correctly assigned to actual positive outcomes.  

 True Negative (TN) measures the number of negative predicted values that are 

correctly assigned to actual negative outcomes.  

 False Negative (FN) assesses the number of negative predicted values that are 

incorrectly assigned to actual positive outcomes.  
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 False Positive (FP) assesses the number of positive predicted values that are 

wrongly assigned to actual negative outcomes. 

2.5.1     Precision and Recall 

Precision measures the proportion of positive predicted examples that are truly 

positive. That is, precision measures how often the model correctly predicts the actual positive 

outcomes(Lantz, 2015; Alpaydin, 2010). For a 2 × 2   confusion matrix, precision can be 

computed as  

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

For multiclass classification, given 𝐾 = {1, … , 𝑘, … , 𝐾}  is a set of predefined categories, there 

are two different approaches to calculate the average results: micro-averaged and macro-

averaged results. Micro-averaging precision value can be measured as 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 = 
∑ 𝑇𝑃𝑘

𝐾
𝑘=1

∑ (𝑇𝑃𝑘 + 𝐹𝑃𝑘)
𝐾
𝑘=1

 

where 𝑇𝑃𝑖 is the true positive for category 𝑘 , and 𝐾 represents the total number of different 

and independent classes.  The macro-averaging precision value can be measured as 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 = 
∑

𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑃𝑘

𝐾
𝑘=1

𝐾
 

Recall, on the other hand, measures the proportion of positive actual outcomes that are 

predicted as positive examples. For a 2 × 2  confusion matrix, the recall value is given by 
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Table 2.4   Summary of precision and recall for binary and multiclass classification 

 

 

 

 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

For multiclass classification, the micro-averaging recall value can be measured as 

𝑟𝑒𝑐𝑎𝑙𝑙𝜇 = 
∑ 𝑇𝑃𝑘

𝐾
𝑘=1

∑ (𝑇𝑃𝑘 + 𝐹𝑁𝑘)
𝐾
𝑘=1

 

where 𝐾 represents the total number of different and independent categories. Macro-averaging 

recall value is defined as    

𝑟𝑒𝑐𝑎𝑙𝑙𝑀 = 
∑

𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑁𝑘

𝐾
𝑘=1

𝐾
 

Table 2.4 summarizes both micro-averaging and macro-averaging precision and recall values 

for binary and multiclass classification tasks.  

  Binary 
Multiclass 

Micro-averaging Macro-averaging 

Precision 

  

 

Recall 

  

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

∑ 𝑇𝑃𝑘
𝐾
𝑘=1

∑ (𝑇𝑃𝑘 + 𝐹𝑃𝑘)
𝐾
𝑘=1

 ∑
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑃𝑘

𝐾
𝑘=1

𝐾
 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

∑ 𝑇𝑃𝑘
𝐾
𝑘=1

∑ (𝑇𝑃𝑘 + 𝐹𝑁𝑘)
𝐾
𝑘=1

 ∑
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑁𝑘

𝐾
𝑘=1

𝐾
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In addition, for a multiclass classification problem such that one document 𝑥 can only 

be assigned to a category 𝑘, the relationship between micro-averaging precision and micro-

averaging recall is computed as 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 = 
𝑎𝑙𝑙 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
 

                                                         =  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 

                                 =  
𝑎𝑙𝑙 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝑠
  

                                                                =  𝑟𝑒𝑐𝑎𝑙𝑙𝜇  

Thus, the micro-averaging precision equals to micro-averaging recall in multiclass 

classification tasks. On the other hand, the macro-averaging precision value equals to the 

weighted average value of all the 𝑘𝑡ℎ precision values.   

Consider a case that the predicted values are imbalanced (the 𝑘𝑡ℎ class accounts for the 

majority of the actual outcome distributions) when conducting a multiclass classification task, 

the micro-averaging values tend to favor the big classes, whereas the macro-averaging values 

are inclined to the small classes (Sokolova & Lapalme, 2009).     

2.5.2     F-Measure 

The F-measure, also known as the F-score, is a measurement of model performance. 

F-measure calculates the harmonic mean for precision and recall values and returns a signal 

number between 0 and 1. The closer the F-measure is to 1, the higher the model performance 
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(Lantz, 2015; Powers, 2011). For a 2 × 2  confusion matrix, the F-measure can be computed 

as  

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = (1 + 𝛽2)
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝛽2𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
=

(𝛽2 + 1)𝑇𝑃

(𝛽2 + 1)𝑇𝑃 + 𝛽2𝐹𝑁 + 𝐹𝑃
 

For multiclass classification, the micro-averaging F-measure can be derived by 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝜇 = (1 + 𝛽2)
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 × 𝑟𝑒𝑐𝑎𝑙𝑙𝜇

𝛽2𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 + 𝑟𝑒𝑐𝑎𝑙𝑙𝜇
 

and the macro-averaging F-measure value can be measured as 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑀 = (1 + 𝛽2)
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 × 𝑟𝑒𝑐𝑎𝑙𝑙𝑀

𝛽2𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 + 𝑟𝑒𝑐𝑎𝑙𝑙𝑀
 

where 𝛽 is a non-negative real value that controls the weight of the precision and recall values. 

For example, if we think recall is more important than precision, we can set 𝛽 = 2, and setting 

𝛽 = 0.5 puts higher weight on precision than recall values. For most research questions, 𝛽 =

1 is generally used and thus F-measure is defined as putting even weight for both precision and 

recall values. In this particular setting, F-measure is also known as 𝐹1 score (Lantz, 2015; 

Alpaydin, 2010; Sokolova & Lapalme, 2009; Sebastiani, 2002).  

𝐹1 𝑠𝑐𝑜𝑟𝑒𝜇 = 
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 × 𝑟𝑒𝑐𝑎𝑙𝑙𝜇

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 + 𝑟𝑒𝑐𝑎𝑙𝑙𝜇
 

𝐹1 𝑠𝑐𝑜𝑟𝑒𝑀 = 
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 × 𝑟𝑒𝑐𝑎𝑙𝑙𝑀

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑀 + 𝑟𝑒𝑐𝑎𝑙𝑙𝑀
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Since we already know that under multiclass classification tasks, micro-averaging 

precision equals to micro-averaging recall and both measures the accuracy of the predicted 

values for all observations. Therefore, we know that the micro-averaging 𝐹1  score can be 

rewritten as 

𝐹1 𝑠𝑐𝑜𝑟𝑒𝜇 = 
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 × 𝑟𝑒𝑐𝑎𝑙𝑙𝜇

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 + 𝑟𝑒𝑐𝑎𝑙𝑙𝜇
 

                      =  
2 × 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 × 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 + 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦
 

                                                                    = 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 

                                                                   = 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝜇 

                                                                   = 𝑟𝑒𝑐𝑎𝑙𝑙𝜇 

Therefore, micro-averaging 𝐹1  score evaluates the accuracy of the predicted values in 

multiclass classification tasks. The difference between the micro- and macro-averaging 

methods is that macro-averaging puts the same weight on each class 𝐾 = {1,… , 𝑘, … , 𝐾}, 

while the micro-averaging method puts more weight on the bigger classes (Sokolova & 

Lapalme, 2009; Manning et al., 2008).  
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CHAPTER 3 

Methodology 

In Chapter 1, we covered the concept of process maturity and the advantages (such as best 

practices integration, strategically capability alliance, and business performance improvement) 

of adopting it to evaluate supply management maturity across different companies (Estampe 

et al., 2013; Lockamy & McCormack, 2004; McCormack & Johnson, 2000). This dissertation 

is a continuation of our work on a big data approach for evaluating supply management 

performance, by providing validations using a machine learning approach to generate Supply 

Management Maturity (SMM) ratings based on text information (Huang & Handfield, 2015).  

We measured SMM ratings across 606 public global companies with annual revenue of more 

than 1 billion dollars during the year of 2015. A total of 7,255 articles were collected for these 

606 companies from public online resources (such as newspapers, journal articles, research 

reports, and company annual reports).  

In our research design, we manually assessed four fundamental capabilities in supply 

management using SMM model: Operations Purchasing Management (OPM), Strategic 

Sourcing Management (SSM), Supply Market Intelligence (SMI), and Supplier Relationship 

Management (SRM). In the following sections, we will first cover the definitions of these four 

supply management capabilities. Next, we will demonstrate the manual process of generating   
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Figure 3.1   Manual vs. automated process for generating SMM ratings  



 

86 

SMM ratings and propose our machine learning process to automated SMM ratings. In 

addition, class imbalance was identified as a major issue to achieve high accuracy of predicted 

ratings. Thus, we will also cover the remedy approach, Synthetic Minority Over-sampling 

Technique (SMOTE), for this section. Finally, based on literature review, we selected three 

superior algorithms to classify text documents into 5-scale maturity ratings. Figure 3.1 

highlights the major differences between manual processes and automated processes for 

generating OPM, SSM, SMI, and SRM ratings.   

3.1      Definitions of Four Fundamental Capabilities in Supply Management  

In the field of strategic management, many studies utilized Resourced-Based View (RBV) 

theory to emphasize the competitive advantages created by individual company’s internal 

resources and capabilities (Huo et al., 2016; Vogel & Güttel, 2013; Amit & Schoemaker, 

1993). Resources are categorized into intangible and tangible assets and must be valuable, rare, 

inimitable, and non-substitutable to create competitive advantages for a company’s 

performance (Barney & Clark, 2007). On the other hand, capabilities are divided into 

operational and dynamic capabilities. Operational capabilities allows companies to perform 

functional day-to-day activities. Dynamic capabilities are “the company’s capability to 

integrate, build, and reconfigure internal and external competences to address rapidly 

changing environment” (Teece et al., 1997). That is, dynamic capabilities emphasize on 

strategic planning to improve the responsiveness of a company facing challenges in a turbulent 

environment (Vogel & Güttel, 2013).  Many supply management studies generally recognize 

that supply management requires governance mechanisms to distinguish operational 
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purchasing activities from strategic planning activities (Monczka et al., 2016; Handfield, 2006; 

Cox et al., 2003).  

In addition, some studies also suggest that supplier information integration and supplier 

relationship management represent another two important capabilities that are not fully 

covered in the dynamic capability view and should be taken into consideration (Huo et al., 

2016; Fawcett et al., 2011). Based on these foundational views for capabilities, we define four 

primary dimensions of capabilities in supply management: (1) Operational Purchasing 

Management (OPM), (2) Strategic Sourcing Management (SSM), (3) Supply Market 

Intelligence (SMI), and (4) Supplier Relationship Management (SRM). 

(1) OPM measures how well each company understands its suppliers and monitors 

spend transactions. Companies must streamline operational procurement activities to automate 

the accurate capture of data for routine purchasing transactions, contract management, and 

procure to pay processes (Monczka et al., 2016; Flynn, 2008; Kraljic, 1983). This also requires 

clear designation of purchasing roles, responsibilities, purchasing procedures, and state-of-art 

information technology investments to allow purchasing managers to spend less time on 

operational activities, and focus on higher order strategic ones (Monczka et al., 2016; Chick & 

Handfield, 2014). We define operational purchasing management as a process-driven approach 

by which the companies accumulate and review aggregated past, present, and future spending 

transaction data.  Further, databases should permit review of spending across a “spend cube”, 

across the dimensions of supplier, part/commodity, and internal business units.  This level of 

data visibility and accuracy allows purchasing managers to build business cases and support 
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decisions regarding allocations for supplier segmentation, contracting, and cost savings targets 

(Monczka et al., 2016; Handfield, 2005).  

(2) SSM evaluates the supply base rationalization and segmentation in strategic 

planning level. Therefore, to rationalize the supply base, strategic-oriented sourcing policies 

should be embedded in each function for organizations (Handfield, 2006; Kraljic, 1983). SSM 

includes supply rationalization and supplier segmentation that involve determining the supply 

base for sourcing activities, along with the optimum quantity/value split between the suppliers 

selected. Supply base rationalization reduces the number of total suppliers per business, but its 

establishment requires the localization of supplier segmentation (Krause et al., 2007, 2000). In 

this study, strategic sourcing management is the process adopted by an organization to 

determine the supply base for sourcing activities along with the optimum quantity/value split 

between the selected suppliers.  

(3) SMI measures the Information Technology (IT) integration in supply base network. 

Over the past decades, global sourcing has become a domain sourcing strategy for companies 

to reduce cost (Schiele, 2007). Many studies suggest that the development of IT systems 

resulted in better supplier collaboration and mitigate supply chain risks (Huo, et al., 2016; 

Fawcett, et al., 2011). Thus, our goal is to make as complete analysis as possible of the IT 

systems utilized for a current or targeted supply base in SMI. Areas might include potential 

suppliers, competitor’s demand requirements, market share, possible intelligence 

requirements, supply capability and flexibility, long-term supply and demand trends, etc. We 

also focus on the real-time devices that are used to track supplier issues and mitigate supply 

chain risks.  
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 (4) SRM involves establishing the right set of relational structures with suppliers that 

remain in an optimized supply base.  Prior research depicts supplier relationship management 

as a multi-attribute strategy seeking to drive supplier performance measurement, buyer-

supplier collaboration, and supplier continuous development (Monczka et al., 2016; Krause et 

al., 2007; Cox et al., 2003). In this study, we define SRM as a process that begins with supplier 

evaluation, leading to long-term relationships with suppliers based on mutual trust and respect, 

as well as operational engagement to reduce the risks of supply disruption. Contractual 

requirements around environmental performance and labor/human rights are an important 

outcome of SRM, as the requirements for establishing whether suppliers continue to remain in 

the supply base are often contingent on whether they meet contractual obligations established 

at the outset of the relationship (Wieland & Handfield 2014).  In cases when contractual non-

compliance becomes an issue, buyers may also seek to remedy these problems through supplier 

development and performance improvement initiatives (Krause et al. 2000). The SMM model 

for SRM is in Appendix A. 

We reviewed the SMM models proposed by Gupta and Handfield (2011) and adjusted 

them to capture the meanings of these four fundamental capabilities in supply management. 

Appendix A shows the SMM model for OPM, SSM, SMI, and SRM capabilities.  
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3.2      Manual Process of Generating SMM Ratings  

We followed a standardized manual process (Figure 3.1) to collect online text documents and 

to generate SMM ratings for OPM, SSM, SMI, and SRM capabilities. Our research team 

consists of graduate students from MBA, Industrial System and Engineering, and Operations 

Research. Each team member received rigorous training for all steps involved in the manual 

process (secondary data collection, initial independent ratings, and cross-validation to generate 

final ratings (Figure 3.1)) before the individual was allowed to work on this project.  

Manual process to score SMM ratings can be divided into three steps: (1) secondary 

data collection, (2) initial independent ratings, and (3) cross-validation.  

(1) Secondary data collection:  A list of keywords and key phrases extracted from 

SMM model for these four capabilities (Appendix D) were provided to team members. Team 

members were required to use the keywords (and key phrases) to search public available 

resources such as journal articles, news articles, government data, and research reports to form 

secondary data documents. A typical keywords search via online searching engine is  

𝑪𝒐𝒎𝒑𝒂𝒏𝒚 𝒏𝒂𝒎𝒆 + 𝒌𝒆𝒚𝒘𝒐𝒓𝒅𝒔 

and then search for the most relevant articles. For example, we can type “Microsoft supplier 

portal” on Google searching engine to search the most relevant articles (Figure 3.2). A 

secondary data template with the definitions of each category is provided (Appendix B). A 

rater needs to provide web URL information and writes a brief summary for the URL.  
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Figure 3.2   Keywords searching on Google 

Therefore, each secondary document for a company contains multiple sources of articles. 

Appendix C presents an example of secondary data for Microsoft.   

(2) Initial independent ratings: Initial independent ratings were generated based on 

whether the maturity descriptions were achieved or not (Appendix A). For example, to receive 

a 2 (Defined level) in maturity rating for OPM, the company must have evidence to support 

that it has established purchasing processes, started collecting historical purchasing data, and 

already conducted the purchasing processes (Appendix A). In addition, all SMM models in 

Appendix A contain a supporting evidence column. Therefore, to avoid any ambiguity in 
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deciding whether the company has the defined capability, the rater can refer to the supporting 

evidence column (Appendix A).  

(3) Cross-validation: Individual ratings were collected and analyzed by Cohen’s kappa 

(or kappa statistic) for each pair of raters to test interrater reliability (McHugh, 2012; Landis 

& Koch, 1977). Interrater reliability is defined as the reliability across multiple raters. Thus, 

before conducting machine learning to automate the generation of SMM ratings, we need to 

make sure that the manual ratings across different raters are consistent. Cohen’s kappa, 

developed by Jacob Cohen in 1960, evaluates the percentage of agreement among raters and 

the formula is given by 

𝐶𝑜ℎ𝑒𝑛′𝑠 𝑘𝑎𝑝𝑝𝑎 =  
𝑃0 − 𝑃𝑒
1 − 𝑃𝑒

= 1 −
1 − 𝑃0

1 − 𝑃𝑒
 

where 𝑃0  represents the actual agreement between raters; 𝑃𝑒  represents the expected 

agreement. Similar to the Chi Square calculation, Cohen’s kappa is calculated via a 

contingency table.   

For example, suppose rater 1 and rater 2 perform a binary classification task, the 

corresponding 2×2 contingency is presented in Table 3.1. In Table 3.1, 𝑎  represents the 

number of documents that both rater 1 and rater 2 assigned into a defined category 𝑘, 𝑏 is the 

number of documents that rater 1 did not assign to category 𝑘 but rater 2 did, 𝑐 is the number 

of documents that rater 2 did not assign to 𝑘 but rater 1 did, 𝑑 is the number of documents 

neither rater1 nor rater 2 assign to the category, and N represents the total number of collected 

documents (equals to 𝑎 + 𝑏 + 𝑐 + 𝑑 ).  
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Table 3.1   A 2×2 contingency table for calculating Cohen’s kappa 

 

We can calculate 𝑃0 and 𝑃𝑒 as    

𝑃0 = 
𝑎 + 𝑑 

𝑁
 

𝑃𝑒 = 

(𝑎 + 𝑏)(𝑎 + 𝑐)
𝑁 +

(𝑐 + 𝑑)(𝑏 + 𝑑)
𝑁

𝑁
 

The value of Cohen’s kappa ranges from -1 to 1. The lower the Cohen’s kappa value, the lower 

the extent of agreement across the raters. From the formula, we notice that if the expected 

agreement is greater than the actual agreement, then the corresponding Cohen’s kappa value 

tends to be low.  

An interpretation of Cohen’s kappa values is presented in Table 3.2 (Landis & Koch, 

1977). In practice, Cohen’s kappa > 0.60 is considered substantial agreement across multiple 

raters. By using kappa statistics to evaluate interrater reliability, we discovered several team 

members to have coefficients greater than 0.81 with each other while the coefficients are less  
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Table 3.2   Kappa statistic and corresponding strength of agreement. This table is from 

Landis & Koch (1977). 

Kappa Statistic Strength of Agreement 

<0.00 Poor 

0.00-0.20 Slight 

0.21-0.40 Fair 

0.41-0.60 Moderate 

0.61-0.80 Substantial 

0.81-1.00 Almost Perfect 

 

than 0.2 with the remaining researchers. In other words, the ratings of some team members are 

identical while their ratings are very different from the rest of the team. The rationale for this 

situation is that some team members might discuss or share their ratings. Therefore, to avoid 

the situation that not all group members follow the standard procedures, our research team 

would meet and discuss the discrepancies between the assigned ratings. These discussions 

generally result in one of the two scenarios: 

(i) Individual rater who received Cohen’s kappa value less than or equal to 0.6 would 

be considered to have very different ratings comparing to the other raters, which in 

this case, the rater’s ratings may be deleted on account of rating process error. The 

discrepancies may also result in the re-collection of secondary data and re-

assessment of ratings. 

(ii) If individual rater received Cohen’s kappa value greater than 0.6, the ratings would 

be considered valid, and the rater could continue to discuss the discrepancies of the 



 

95 

ratings with other team members in the weekly meeting. Final maturity ratings were 

decided when all team members came to consensus and there was supporting 

evidence for each maturity descriptions (Figure 3.1).  

Manual approach to evaluate SMM ratings for these four capabilities is labor intensive and 

time consuming. It is very difficult conduct timely SMM assessments for companies due to the 

rapid continuous increase in volume and velocity of the online textual information. 

Furthermore, different researchers have different interpretations and opinions to the ratings. 

The average training time for a researcher to be able to understand and perform rating 

assessment of online articles is about 21 days. Therefore, an automated process to generate 

SMM ratings is ideal for assessing supply management performance across companies using 

online textual information.  

3.3      Automated Supply Management Maturity Rating Process 

The goal of this dissertation is to utilize machine learning approaches to automatically assign 

606 secondary documents to the predefined 5-scale maturity ratings for OPM, SSM, SMI, and 

SRM. To achieve this, we implemented an open source software (R and Python) coupled with 

several available packages containing many shared R functions. Using these tools, we were 

able to perform machine learning tasks to predict those ratings.  

Based on the literature review section in Chapter 2, our work is referred to as a 

document-pivoted categorization TC with five predefined categories (𝐾 = 5) and is a 

multiclass classification task (assign only one category for each document). One major 
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difference between a typical automated TC and our work is that our collected secondary 

documents for individual companies consist of multiple articles recorded by web URL 

addresses. That is, both the length and the size of our collected documents are much larger than 

a typical TC, and which result in an increased noise and irrelevant information in our model. 

Therefore, we performed text summarization techniques (such as sentence extraction and 

paragraph extraction) before converting the full text documents into BoW vector 

representation. In addition, we discovered that the number of each maturity rating level in all 

four capabilities is highly imbalanced. This problem is referred to as the multiclass imbalanced 

problem and lowers the accuracy of our model predictions. Therefore, we added a remedy 

approach to solve the multiclass imbalanced problem in our automated process. 

In summary, our proposed automated process include text summarization, document 

representation, feature extraction, imbalanced resampling, and learning algorithms. In the 

following sections, we cover the packages in R that we utilized in the experiments for each 

machine learning process.  

3.3.1     Text Summarization 

Unlike most automated TC tasks that assign a short-length article to predefined categories, our 

collected documents each contains multiple URLs downloaded from the Internet and some of 

the articles are over 150 pages (i.e., company annual reports, sustainability reports, and global 

citizenship reports). It is very computationally-intensive if we applied feature selection 

methods to compare the terms’ presence or absence for all documents. Hence, we considered 

a more intuitive way to reduce the high dimensionality of the BoW model, that is, text  
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Figure 3.3   Example of paragraph extraction by keyword 

summarization by keywords. Two simple text summarization methods (paragraph extraction 

and sentence extraction by key phrases) were performed and compared to the original full text 

in the results section.   

Text summarization is often used as a feature selection method for reducing the 

irrelevant contents in collected documents (Kolcz et al, 2001; Jing & Croft, 1994). The idea of 

extraction of paragraphs and sentences by key phrases results from the manual reviewing 

process. When the team member try to find supply management information in a company’s 

annual report, he (or she) generally do not spend time to read everything page by page for the 

150+ page documents. Instead, most team members search for certain key phrases such as 
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“supply chain” and “supplier” to locate the relevant paragraphs. Therefore, similar to the 

manual process, we performed paragraph extraction and sentence extraction by key phrases, a 

simple text summarization approach to reduce the text size while preserving its sentiment 

content (Neto et al., 2002; Goldstein, et al., 2000).  

Text extracted from URLs contains different formats (such as html and pdf formats), 

and which render text paragraphs difficult to track. Thus, we developed our own paragraph 

program that is based on key phrases ± 3 sentences (for a total of 7 sentences). For example, 

Figure 3.3 demonstrates a small paragraph from Microsoft 2015 citizenship report. Suppose 

we use “supplier” to search the relevant content for supply management. Based on our 

paragraph extraction, the first sentence contains our keyword “supplier”, and becomes the base 

sentence (0). The following sentence then becomes sentence 1. Since “supplier” appeared in 

the first sentence, there is no sentence before it, therefore, our paragraph extraction program 

extracts text from sentence 0 to sentence 3.  

Following the same rule, if we use another keyword “EICC” to conduct paragraph 

extraction, our paragraph extraction program extracts all sentences in Figure 3.3. Finally, the 

program cleans duplicate sentences and returns the defined paragraph. On the other hand, 

sentence extraction program follows the same rule but only extract the based sentences (0) 

containing the keywords. Our paragraph and sentence extraction programs written in Python 

are provided in Append E.   
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3.3.2     Document Representation 

In the previous paragraph extraction and sentence extraction process, all texts from the 

collected secondary documents associated with all 7255 URLs were extracted and combined 

to form csv files for the individual companies. A total of 606 files in three different formats 

were produced, including the full text format, paragraph format, and sentence format. Take the 

secondary document of Microsoft (Appendix C) as an example, our text summarization 

program processed all texts extracted from the 18 URLs into three separating files (a full text 

document file, a paragraph file, and a sentence file).  

Next, we applied an R package called tm to convert all the texts into BoW 

representation. The tm package (Feinerer & Hornik, 2015) is a commonly used text 

preprocessing package in R. Here, we provide the detailed R command codes to perform the 

text preprocessing step.  

(i) Tokenize text: Before text preprocessing, we need to load the tm package and upload 

our text file to tokenize text strings: 

> library(tm) 

> docs <- Corpus(VectorSource(Text_file)) 

(ii) Removal of stop words, numbers and punctuation: 

> docs <- tm_map(docs, removeWords, stopwords("english"))  

> docs <- tm_map(docs, removeNumbers) 

> docs <- tm_map(docs, removePunctuation)   
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(iii) Convert all texts to lowercase: 

> docs <- tm_map(docs, tolower) 

(iv) Stemming and remove white space:  The stemming program applied SnowballC 

package and which is based on Porter’s stemming program (Porter, 2001) to convert text into 

a document representation. Thus, we need to download SnowballC package before using the 

function.  

There are two general approaches for stemming. First, we can create a dictionary 

containing all terms and compare terms extracted from texts and convert to the root form of 

each term. Although this method can convert every term correctly back into its root form, 

running corresponding algorithm is very time-consuming and is impossible to apply to 

extremely large amount of texts.  

The second approach is using certain predefine rules to change word’s suffix. For 

example, Porter stemmer considers the sequence of a vowel (V) and followed by a consonant 

(C) as a rule base. Each term can be presented as a sequence combination of a vowel and a 

consonant. For example, the word “supply” can be represented by “CVCCCC”. Hence, all 

terms have the structure of  

[𝐶](𝑉𝐶)𝑚[𝑉] 

where (𝑉𝐶)𝑚 denotes that VC appears 𝑚 times.  
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The rule for changing the suffix of a term is based on the structure of the term. For example, 

suppose the rule defines  

if (𝑚 > 1) + suffix (=EMENT), then suffix will be removed 

Follow this rule, the word “management” has the structure “𝐶(𝑉𝐶)2 + suffix (=EMENT)” 

and becomes “manag” after stemming. Details of the Porter stemmer program are widely 

available online (http://snowball.tartarus.org). The corresponding R commands are: 

> library(SnowballC) 

>docs <- tm_map(docs, stemDocument)  

>docs <- tm_map(docs, stripWhitespace) 

 The final step for document pre-processing is to transform the text into a Term-

Document Matrix (TDM). In a typical setting for the text pre-processing step, most 

applications add a global constraint to remove terms with extremely low term frequency (5%). 

Here, we applied a more conservative rule to remove terms with frequency below 2% across 

all the terms. In addition, we applied TF.IDF term weighting approach to form the 

corresponding TDM. The R commands are: 

>docs <- tm_map(docs, PlainTextDocument)  

>tdm <- TermDocumentMatrix(docs, control=list( 

                                                                bounds=list(global=c(floor(length(docs)*0.02), Inf))                                                     

,weighting=function(x) weightTfIdf(x, normalize = FALSE)) 
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3.3.3     Feature Extraction 

Most feature extraction approaches are based on principal component analysis using Singular 

Value Decomposition (SVD) to find the principal components for replacing the original feature 

space. We tested Latent Semantic Indexing (LSI) for reducing the features to all TDMs 

extracted from full texts, defined paragraphs, and keyword sentences. However, LSI 

significantly reduced the models’ accuracies compared to the original feature space. The reason 

for the reduced model performance is that LSI is an unsupervised technique that does not work 

well in a large sparse TDM with extremely high dimensionality.  

In addition, we noticed that most keywords could not capture critical meanings in the 

domain of supply management. For example, single words “spend” and “management” might 

not have any important message for document classification. However, the phrase “spend 

management” shows important supply management information. This is coincide with many 

studies achieving good model predictions by using the bigram approach for automated TC 

(Tripathy et al., 2016; Tan et al., 2002; Pang et al., 2002). Therefore, we used bigram models 

for feature extraction to generate new features for full text, paragraph, and sentence files. Also, 

we still preserved the original BoW model (unigram) results for comparison to the bigram 

model (Figure 3.1).   

In our R codes, since that the R package “tm” does not have bigram algorithms, we 

applied package RWeka to perform such task. Similar to the unigram model, we applied a more 

conservative rule to remove terms with frequency lower than 2% across all the terms and 

TF.IDF term weighting approach to form the corresponding bigram TDM. The corresponding 

R commands are as follows: 
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> library(RWeka) 

>options(mc.cores=1)   

>BigramTokenizer <- function(x) NGramTokenizer(x, Weka_control(min = 2, max = 2))  

>bound = c(floor(length(corpus))*0.02, Inf) 

>tdm1 <- TermDocumentMatrix(corpus,  

                          control=list(tokenize=BigramTokenizer 

                                       , bounds=list(global=bound) 

                                       ,weighting=function(x) weightTfIdf(x, normalize = FALSE) )) 

3.3.4     Resampling on Imbalanced Multiclass Data 

Class imbalance is a major problem in machine learning applications. Most classifying 

machine learning algorithms (such as SVM and logistic regression) assume that balanced 

classes are being used, and therefore, perform poorly when encounter imbalanced class 

problems (Wang & Yao, 2012; He & Garcia, 2009; Chawla et al., 2002). 

Like many real world data, our maturity ratings also inherit multiclass imbalanced 

problem as presented in Figure 3.4. We noticed that the class distributions in OPM and SSM 

have similar pattern with only one minority class (optimized level). However, the class 

distribution of SMI contains two minority classes (leveraged and optimized levels). As for the 

class distribution of SRM, it shows three minority classes (managed, leveraged, and optimized 

levels) (Figure 3.4). 
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      Figure 3.4   Multiclass imbalanced datasets for OPM, SSM, SMI, and SRM 
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There are two major types of methods to solve class imbalanced problems: sampling 

methods and cost-sensitive methods (He & Garcia, 2009).  

Sampling methods are simple techniques that work reasonably well to overcome class 

imbalanced problems. Two commonly applied sampling methods are random under sampling 

or random over-sampling techniques. Random under-sampling removes the randomly selected 

samples from the majority classes while random over-sampling adds the randomly selected 

samples to the minority classes. Both methods are simple but have drawbacks of potentially 

removing important samples or causing the model to over fit (Chawla, 2010; He & Garcia, 

2009).   

Cost-sensitive methods aim to minimize the misclassification rate by using different 

cost matrices to allow the classifier to generate fair predictions. For example, we can define 

the cost incurred in false positive and false negative cases and consider the cost matrix when 

performing machine learning algorithms (Chawla, 2010; He & Garcia, 2009).  

Given that random over and under-samplings have short comings and the cost-sensitive 

methods are complicated to implement in multiclass TC tasks, we applied the Synthetic 

Minority Over-sampling Technique (SMOTE), a commonly used oversampling technique to 

generate artificial samples for the minority class (Wang & Yao, 2012; Suvarnavani et al., 2012; 

Fernández et al., 2010; Zhao et al., 2008).  SMOTE generates artificial samples 𝑥𝑖+1 for the 

minority class by searching the K-nearest neighbors of a sample 𝑥𝑖 , multiplying it by the 

corresponding feature vector difference with a random number 𝛿, and adding the vector to the 

original sample. 
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𝑥𝑖+1 = 𝑥𝑖 + (𝑥�̂� − 𝑥𝑖) × 𝛿 

𝛿𝜖[0,1] 

𝑥�̂� represents the K-nearest neighbor for 𝑥𝑖  (Blagus & Lusa, 2013; He & Garcia, 2009; Chawla 

et al., 2002).  

Examining our datasets in Figure 3.4, we noticed that both OPM and SSM datasets 

contain only one minority class and one majority class. Therefore, we used the simple under-

sampling and SMOTE combination proposed by Chawla et al. (2002) to balance our classes. 

The majority class is under-sampled by randomly removing samples from the majority class, 

while using SMOTE to generate synthetic samples for the minority class. However, SMI and 

SRM datasets have more than one minority class. After applying SMOTE function, we found 

that the remaining samples selected by SMOTE function for SMI and SRM are too few (less 

than 100 samples) to be able to train and generate valid predictions. Therefore, we only report 

our experiment results for OPM and SSM.  

The SMOTE function can be found in the DMwR package in R. SMOTE function, 

which reads category labels for each corresponding document in the TDM. 

>BalanceTDM <- SMOTE(categories~., tdm, k=6, perc.over =600 ,perc.under= 100) 

In the next section, we cover two efficient classification algorithms (logistic regression 

and SVM) introduced in Chapter 2 and our research design.  
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3.3.5     Learning Algorithms Selection and Experiment Design 

As the literature review section mentioned, Naïve Bayes (NB), logistic Regression, and SVM 

are three commonly applied baseline learning algorithms due to their fast program running 

time and highly accurate model predictions. In the initial training process, we selected 

multinomial NB classifier as a baseline approach to perform the classification task because 

multinomial NB models often results in better performance than multi-variate Bernoulli NB 

models (Wang & Manning, 2012). However, when we used unigram TDM matrix extracted 

from full text documents, the performance results showed all documents were classified into 

the same category. We also tried bigram feature setting with paragraph and sentence extraction, 

but the accuracy was still very low. Therefore, our experiments only include the model 

performance for logistic regression and SVM classifiers.   

Many studies show that SVM and logistic regression achieve substantial performance 

across all learning algorithms in automated TC tasks (Wang & Manning, 2012; Rifkin, 2002; 

Hsu & Lin, 2002; Zhang & Oles, 2001).  Recalled that the BoW model maps original features 

𝑥 into a feature space 𝜙(𝑥) such that all features can be presented as terms extracted from 

documents. Due to the high-dimensionality feature space 𝜙(𝑥), an extremely large and sparse 

term-document matrix is generated. It is reasonable to assume that data points with such a high 

dimensionality are easy to separate. Hence, in our research design, our assumption is that the 

data points are linear separable. We applied linear logistic regression and linear SVM 

algorithms for performing the multiclass classification task. For linear logistic regression 

algorithm, we used the linear 𝐿2-logistic regression algorithm in LiblineaR package in R to 

perform such task (Appendix F). 



 

108 

For multiclass SVMs, we applied OAA and OAO approaches because of their 

simplicity in implementation with good model performance and highly efficient computation 

(Rifkin, 2002; Hsu & Lin, 2002). Because of our assumption of linearly separable data points, 

we applied LiblineaR package to perform 𝐿2- regularized linear logistic regression and 𝐿2-

regularized hinge loss SVM under OAA approach (Helleputte & Gramme, 2015). LiblineaR 

package in R contains linear learning algorithms (logistic regression & SVM) with the primal 

and dual solving algorithms and are typically applied in solving large linear data sets. The 

primal form of logistic regression and SVM algorithm solve 𝑑-dimensional features directly, 

hence the primal learning algorithms take more time to train. On the other hand, the dual form 

of the learning algorithms only need to solve 𝑇  corresponding variables (Lagrange 

multipliers 𝜆𝑡), and result in faster computation time. To compare the performance of the OAA 

approach using SVM, we applied OAO approach SVM algorithm in e1071 (LIBSVM) package.      

To optimize parameter selection, we first considered the default parameter setting in 

both OAA and OAO approaches for SVM algorithms due to the strong linearly separable 

assumption. In addition, the kernel functions in SVM algorithms are considered a major 

advantage and key to performing classification tasks well. However, the extreme sparse matrix 

generated from unigram and bigram features contains extremely large number of features. Due 

to the extremely high feature dimension, using the nonlinear classifier generated by the kernel 

function might not increase the predicted accuracy. In order to better support this point, we 

conducted a simple experiment using the bigram features extracted from keyword sentence 

documents on balanced OPM data to test all selected kernel functions in SVM. The nonlinear 

kernel function can be found in kernlab packages in R. By using 10-fold cross-validation for 
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better kernel selection, and using OAA SVM approaches to classify the data set, we determined 

the micro-averaging 𝐹1 scores as 0.75 for Gaussian RBF kernel, 0.19 for hyperbolic tangent 

sigmoid, and 0.82 for linear kernel.  The results supported our linear assumption for the data 

points in a high dimensional feature space.  

As Chapter 2 mentioned, not all evaluation methods are suitable for measuring 

multiclass classification tasks. For example, let us consider a binary classification problem that 

tries to predict whether a patient has a rare disease or not. Suppose there are 1000 samples and 

only 1 of them is the sample with rare disease, we can still achieves a 99.9% accuracy by a 

dumbest model that predicts no rare disease for all samples. Therefore, accuracy is not a proper 

measurement in examining model performance under class imbalance problem. Our 

experiments compared the model performance results (measured by micro-averaging 𝐹1 and 

macro-averaging 𝐹1 scores) on imbalance datasets to the balanced datasets for both OPM and 

SSM. Both OPM and SSM datasets were processed using both unigram and bigram feature 

extraction approaches to form the features under full text, paragraph, and sentence files (Figure 

3.1). Next, the 606 documents were split into 70% as the training set and the remaining 30% 

as the test set. For the balanced data generated via SMOTE program, we also split the data into 

70% for training and 30% for testing. The corresponding R command codes of our experiment 

are in Appendix F.     
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CHAPTER 4 

Results 

 

Our model performance was assessed by micro-averaging and macro-averaging 𝐹1 scores for 

balanced and imbalanced datasets for OPM and SSM (Table 4.1 and Table 4.2). Since the 

micro-averaging 𝐹1 score is biased to the majority class and macro-averaging 𝐹1 score favors 

the minority class, we present both averaging approaches for measuring 𝐹1 scores to compare 

learning classifier effectiveness for balanced and imbalanced data sets (Figueiredo et al., 2011; 

Sokolova & Lapalme, 2009; Manning et al., 2008).  

4.1      Effectiveness results on imbalanced datasets 

Table 4.1 shows the micro-averaging and macro-averaging 𝐹1 scores for the imbalanced OPM 

and SSM datasets. All experimental results (unigram, bigram with different text summarization 

methods) for imbalanced datasets range from 0.45 to 0.52 on micro-averaging F1 scores, and 

the corresponding macro-averaging 𝐹1 scores are much lower (from 0.22 to 0.38) (Table 4.1). 

To better illustrate both the micro-averaging and macro-averaging  𝐹1 scores under different
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Table 4.1   Performance results on imbalanced datasets  

Dataset Classifier N-grams 
Full Text Paragraph Sentence 

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 

OPM SVM (OAA) Unigram 0.4685 0.3369 0.4733 0.2398 0.5206 0.2889 

  SVM (OAO) Unigram 0.4449 0.2376 0.4733 0.2470 0.5019 0.2718 

  Logistic Regression Unigram 0.4528 0.2212 0.4809 0.2664 0.5206 0.2853 

  SVM (OAA) Bigram 0.4843 0.2804 0.4847 0.2854 0.5169 0.2754 

  SVM (OAO) Bigram 0.4961 0.2799 0.4733 0.2550 0.4944 0.2536 

  Logistic Regression Bigram 0.4882 0.2910 0.4656 0.2246 0.5243 0.2689 

                  

SSM SVM (OAA) Unigram 0.4803 0.2751 0.5135 0.2892 0.4963 0.2768 

  SVM (OAO) Unigram 0.4606 0.2551 0.5019 0.2559 0.4664 0.2469 

  Logistic Regression Unigram 0.4685 0.2708 0.5019 0.2590 0.4776 0.2558 

  SVM (OAA) Bigram 0.4843 0.2667 0.5367 0.3032 0.4925 0.2900 

  SVM (OAO) Bigram 0.5000 0.2875 0.5251 0.2931 0.4813 0.2843 

  Logistic Regression Bigram 0.5000 0.2453 0.5135 0.2925 0.4627 0.2709 

Bold values represent the highest F1 scores for feature settings under each text summarization approach. 
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    Figure 4.1  Histograms of the model performance for the imbalanced datasets     
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feature selection settings, we provided histograms for both data sets (Figure 4.1).  The blue 

lines show the model performance on full text document, yellow lines are the results 

corresponding to paragraph extraction document, and green lines represent sentence extraction 

documents. The gaps between the micro-averaging 𝐹1 and macro-averaging 𝐹1 scores indicate 

that both OAA and OAO SVM approaches on multiclass classification perform poorly on 

minority class (Figure 4.1). Upon close examination of the results on unigram and bigram 

methods, both OPM and SSM show that bigram models have slightly higher micro-averaging 

𝐹1 scores compared to unigram models (Table 4.1).  

4.2      Effectiveness results on balanced datasets 

Both the micro-averaging and macro-averaging F1 scores for the balanced OPM and SSM 

datasets are presented in Table 4.2. This result shows numerous interesting patterns. First, the 

huge gaps between the micro-averaging 𝐹1and macro-averaging 𝐹1 for the imbalanced data 

sets have disappeared. The balanced data results in overall significant improvement of model 

performance compared to the imbalanced data.  

Second, among three different text summarization methods, sentence extraction with 

bigram feature setting produced the highest micro-averaging 𝐹1  and macro-averaging 𝐹1 

values for both the OPM and SSM datasets.  This result is consistent with previous research 

on n-grams (Tripathy et al., 2016; Tan et al., 2002; Mladenić & Grobelnik, 1998). Moreover, 

this result suggests that for multi-document secondary data, we should always use sentence 

extraction with bigram feature setting as a model baseline to improve from. In addition,  
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Table 4.2   Performance results on balanced datasets 

Dataset Classifier N-grams 
Full Text Paragraph Sentence 

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 

OPM SVM (OAA) Unigram 0.6667 0.6431 0.6188 0.6469 0.7042 0.7313 

  SVM (OAO) Unigram 0.6296 0.6194 0.6409 0.6590 0.7136 0.7293 

  Logistic Regression Unigram 0.6543 0.6213 0.6298 0.6545 0.7042 0.7194 

  SVM (OAA) Bigram 0.6919 0.6895 0.6851 0.6822 0.8148 0.8211 

  SVM (OAO) Bigram 0.7109 0.7170 0.6740 0.6665 0.8066 0.8065 

  Logistic Regression Bigram 0.6872 0.6903 0.6796 0.6731 0.8066 0.8087 

                  

SSM SVM (OAA) Unigram 0.8303 0.8263 0.8670 0.8649 0.8744 0.8742 

  SVM (OAO) Unigram 0.8578 0.8548 0.8624 0.8661 0.8693 0.8678 

  Logistic Regression Unigram 0.8486 0.8494 0.8624 0.8659 0.8643 0.8587 

  SVM (OAA) Bigram 0.8526 0.8500 0.8374 0.8370 0.8739 0.8726 

  SVM (OAO) Bigram 0.8397 0.8330 0.8473 0.8456 0.8824 0.8797 

  Logistic Regression Bigram 0.8269 0.8229 0.8670 0.8701 0.8992 0.8949 

Bold values represent the highest F1 scores for feature settings under each text summarization approach. 
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    Figure 4.2   Histograms of the Model Performance for the Imbalanced Datasets      
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Table 4.3   Program running time and number of features for each model 

  Imbalanced  Datasets Balanced  Datasets 
  OPM SSM OPM SSM 
  # of Features Time (sec) # of Features Time (sec) # of Features Time (sec) # of Features Time (sec) 

Full Text 
Unigram 5976 35.88 5971 36.5645 5976 71.76468 5971 71.564288 

Bigram 19887 68.97684 19905 68.4516 19887 102.37086 19905 96.09084 

Paragraph 
Unigram 5188 36.5645 5703 34.5973 5188 80.68806 5703 104.76732 

Bigram 9461 81.6516 12774 64.470426 9461 127.95948 12774 122.30726 

Sentence 
Unigram 4420 18.7053 4413 19.0363 4420 32.97428 4413 48.34929 

Bigram 4991 43.60245 4946 34.21342 4991 47.79644 4946 53.66149 
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sentence extraction by keywords and key phrases is sufficient to preclude the necessity of 

paragraphs and full text.  

Third, when comparing to unigram and bigram model performance, the bigram models 

performed slightly better than the unigram models. The improvement is more significant in the 

OPM data set. 

Fourth, it is very difficult to compare the performance across these three algorithms 

because the micro-averaging and macro-averaging 𝐹1  scores are very close under similar 

experimental settings. However, the best performance model in the OPM data set is generally 

the OAA SVM approach except for the bigram feature setting to classify full text documents. 

On the other hand, in the SSM data set, logistic regression generally performs the best, except 

for the unigram features with full text document.  

Finally, the imbalanced and balanced data exhibit very different effectiveness for 

distinct combinations of classifiers and feature settings. Balanced data consistently show much 

higher micro-averaging and macro-averaging 𝐹1  scores compare to imbalanced data. This 

result highlights the importance of class balancing for evaluating machine learning 

performance. 

Table 4.3 shows the program running time and corresponding feature amounts for each 

setting. We used a computer system powered by an Intel® Core™ i7-4770 CPU at 3.4GHz, 

with 16 GB of RAM for model simulations. From Table 4.3, note that the program running 

time for each model is very fast.  
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CHAPTER 5 

Discussion, Limitation, and Future Research 

This dissertation presents an automated process of generating supply management 

maturity ratings using machine learning techniques and manually collected text data from 

online public resources. Our proposed automated process adopted the general process of 

machine learning in automated TC with the adjustment of using text summarization approach 

for feature selection. We also added a sampling technique to create balanced multiclass 

datasets to improve the model performance (Figure 3.1). A total of 7,255 articles for 606 public 

major companies were manually evaluated in four fundamental capabilities in supply 

management: OPM, SSM, SMI, and SRM. We then compared automated machine learning 

predictions to manual ratings using both balanced and imbalanced datasets in OPM and SSM.  

We made three contributions in this dissertation. First, we provided a rigorous overview 

for the process of machine learning in automated TC. In addition, we demonstrated an intuitive 

geometric explanation for Support Vector Machine (SVM) algorithms and reviewed the 

evaluation methods to assess model performance for multiclass classification tasks (Chapter 

2). Next, we proposed an automated method to generate SMM ratings for 606 major global 

companies through online text documents and discovered that imbalanced distribution is a 

major cause of reduced model performance (Chapter 3). We also showed that resampling 
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method (SMOTE) is a simple and useful process to convert imbalanced class to balanced data 

for conducting multiclass text classification tasks. Finally, our results highlight (i) the 

importance of class balance and (ii) the impacts on reporting both micro- and macro-averaging 

𝐹1 score for evaluating multiclass tasks. Our results also provide empirical evident to support 

(iii) current research findings, (iv) linear assumption in automated TC tasks, (v) dual form of 

logistic regression and SVM are efficient baseline classifiers to perform multiclass TC tasks.  

(i) Our results support that class balance is the main challenge for automated TC tasks. 

The accuracy (micro-averaging 𝐹1  score) of our predictions improves dramatically from 

imbalanced to balanced OPM and SSM datasets (Table 4.1 and Table 4.2).  

(ii) The gaps between micro-averaging 𝐹1  and macro-averaging 𝐹1  scores in 

imbalanced datasets (Figure 4.1) also suggest that it is not appropriate to report only micro-

averaging 𝐹1 scores (or accuracy) to evaluate multiclass classification tasks.  Micro-averaging 

𝐹1 scores for multiclass classification tasks are dominated by the major classes. Thus, it is 

necessary to also report macro-averaging 𝐹1 scores that consider the performance of minor 

class for multiclass classification tasks. 

(iii) Most of our effectiveness results are consistent with the previously reported 

findings for superior performance using one-against-one SVM approaches (Hsu & Lin, 2002), 

and bigram feature setting for sentiment analysis perform better than unigram model (Tripathy 

et al., 2016; Tan et al., 2002; Mladenić & Grobelnik, 1998). In addition, our research suggests 

that sentence extraction by key words and key phrases can produce superior effectiveness 

(Table 4.2).  
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(iv) Our results support the linearly separable data assumption for the BoW model 

feature representation. Under the linearly separable data assumption, the complexity of 

learning models is greatly decreased. We do not need to tune model parameters such as the 

kernel function under SVM algorithm to achieve proper model performance.  

 (v) Despite the extremely high and sparse feature space for each model setting, the 

simplicity of the dual form of the linear logistic regressions and SVM algorithms achieved 

significantly high computational efficiency in performing the multiclass classification tasks 

(Table 4.3). Many BoW features contain a huge amount of irrelevant and noisy features, and 

both algorithms take 𝐿2 regularized term to prevent model overfitting and results in better 

model performance.  

However, SMOTE function in R software was not able to generate enough trainable 

balanced data points for our SMI and SRM datasets. Note that the class distribution of SMI 

contains two minority classes (leveraged and optimized levels) and the class distribution of 

SRM shows three minority classes (managed, leveraged, and optimized levels) (Figure 3.4). 

After using SMOTE function in R, we noticed the function cut off too many data points in 

majority classes, resulting in less than 100 balanced data points for both SMI and SRM 

datasets. Our future research will be to analyze SMOTE algorithms to overcome the drawback 

for imbalanced datasets with two or more minority classes (Wang & Yao, 2012; He & Garcia, 

2009).     

In summary, our proposed process can be incorporated as a big data approach in future 

research. Laney (2001) described data management challenges in three dimensions: volumes, 

velocity, and variety, and was later widely referred to as big data characteristics. A survey 
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conducted by Ward & Barker (2013) noted the importance of technology (i.e. machine 

learning, artificial intelligence, NoSQL, and MapReduce) to handle big data challenges faced 

by organizations. Gantz & Reinsel (2011) defined big data technology as “a new generation 

of technologies and architectures designed to economically extract value from very large 

volumes of a wide variety of data, by enabling high-velocity capture, discovery, and/or 

analysis.” By integrating with web-mining and multi-document summarization techniques, the 

combined processes can be used to automate the generation of real-time supply management 

maturity ratings. From a managerial perspective, our proposed automated process may become 

a key tool for companies to mine external public textual information, and can be integrated to 

internal information flows to improve decision making.   
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Appendix A     Supply Management Maturity Model 

Operational Purchasing Management (OPM) 

           
Rating 

Status Descriptions Supporting Evidence 

1 Ad hoc 

● 
No well-defined process for spend 

management across the supply base. 
N/A 

● 

Allocations are based primarily on the 

buyers’ relationships with the supplier 

representatives 

N/A 

● 
No historical information is used to base 

spend management decisions. 
N/A 

2 Defined 

● 

The processes and rules for spend 

management have been defined and 

documented 

supplier expectation/requirement, 

ERP, Ariba, contract, supplier code 

of conduct, supplier award, 

scorecard, internal/external audit, 

supplier tracking 

● 

The company has started collating 

historical data upon which spend 

management decisions will be based. 

EDI, ERP, supplier portal, Ariba, 

supplier database, supplier diversity, 

supplier award, supplier scorecard, 

internal/external audit, supplier 

tracking 

● 

Information about suppliers in the 

Source Approved Vendor List is being 

collected and stored in the company’s 

knowledge base. 

ERP, Ariba, supplier portal, supplier 

registration, supplier list, EDI, 

supplier diversity program, supplier 

award, supplier scorecard, 

internal/external audit, supplier 

tracking 

● 

Pilots have been successfully conducted 

for a sample set of materials and 

suppliers. 

supplier code of conduct, terms and 

conditions, contract, ERP, Ariba, 

supplier award, supplier scorecard, 

internal/external audit, supplier 

tracking 

3 Managed 

● 
Processes have been fine-tuned based 

upon the closed-loop system. 

supplier code of conduct, terms and 

conditions, contract, supplier award, 

supplier scorecard, internal/external 

audit, supplier tracking 

● 

Measurements to determine process 

validity of various aspects of spend 

management are in place 

supplier award, supplier scorecard, 

internal/external audit, supplier 

tracking 

● 
Suppliers have been informed about the 

company’s spend management process.  

supplier code of conduct, terms and 

conditions, contract, supplier portal, 

procure-to-pay system 

4 Leveraged 

● 
The company maintains a central 

database for this historical data. 
ERP, contract management system 

● 
Any business unit within the company is 

capable of obtaining any and all 
IT systems 
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information about any supplier 

allocation history 

● 
Periodic evaluation across the company 

boundaries is being performed.  

external audit, supplier scorecard, 

supplier award 

● 

Suppliers are able to find (manually 

from their counterparts in the company) 

information about how they are being 

rated under this system. 

supplier scorecard, supplier award 

● 

Measurements (internal) are reviewed 

for effectiveness and updated as 

required 

N/A 

5 Optimized 

● 

Process for evaluating and integrating 

new suppliers are defined, documented 

and being used. 

supplier registration 

● 

Allocations may be changed 

dynamically according to rules based 

upon supplier performance.  

non-compliance penalties 

● 
New and existing supplier data is 

automatically updated in the system. 
N/A 

● 

Real time information captured and 

shared between suppliers and 

companies. (enable multi-enterprise 

spend analytics.) 

N/A 
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Strategic Sourcing Management (SSM)     

Rating Status Descriptions Supported Evidence 

1 Ad hoc ● 

No organized process. Suppliers are chosen without 

considering prior suppliers beyond capacity and 

requirements. 

N/A 

2 Defined 

● Tracks and documents supply base. 

ERP, supplier diversity 

program, supplier 

portal, ”Source-to-Pay 

“system, supplier 

verification  

● 
Has a policy for determining how to prioritize product 

families to be rationalized. 

sourcing strategy for 

preferred suppliers, 

“Source-to-Pay “system 

● 

Uses measures such as % of products that are single 

sourced, number of vendors per product, % of 

products that are rationalized 

sourcing strategy with 

general measurements, 

supplier segmentation 

3 
Manage

d 

● 
Measures are in place for determining optimal 

rationalization. 
supplier optimization 

● 
Cross-functional teams are in place to create 

measures. 

stakeholder engagement 

measures 

● 

Externally, the organization is tracking supplier 

capacity and how much of that capacity it is 

consuming. 

ERP, EDI, supply base 

capacity 

4 
Leverag

ed 

● Sourcing processes incorporate rationalization. 
long-term sourcing 

strategy, EICC 

● 

All relevant stakeholders understand sourcing 

rationalization and measures, and follow the set 

guidelines and contracts. 

sourcing strategy are 

revealed in supplier 

code of 

conduct/contract, EICC 

● Measures are documented and accessible. 

sourcing strategy with 

detailed measurements, 

EICC 

● 
sourcing strategy are revealed in supplier evaluation, 

supplier award, EICC, supplier scorecard 

sourcing strategy are 

revealed in supplier 

evaluation, supplier 

award, EICC, supplier 

scorecard 

● 
Externally, the organization provides feedback and 

takes necessary actions.  

supplier collaboration, 

supplier portal 

5 
Optimiz

ed 

● 

Suppliers are empowered to work with each other to 

resolve potential problems including disaster 

recovery, capacity or delivery problems. 

supplier collaboration 

into 

manufacturing/operatio

n processes or risk 

management, supplier 

continuity planning 

● 

Information sharing about relevant criteria, such as 

capacity and demand forecasting, facilitates cross-

enterprise (suppliers and customers) decision-making. 

N/A 
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● 

Continuous improvement processes are in place and 

anchored into the culture, such as mandated scanning 

for new technologies to help with supplier assessment, 

communication or potential supplier identification. 

N/A 
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Supply Market Intelligence (SMI)     

Rating Status Weight Descriptions Supported Evidence 

1 Ad hoc 

N/A ● 

No Market Analysis whatever. 

Product is purchased whenever it 

is needed from whoever can 

provide it immediately 

N/A 

N/A ● 
No understanding of the market 

or its needs. 
N/A 

N/A ● No category definition planning. N/A 

2 Defined 

0.25 ● 
Supply intelligence and supplier 

analysis are documented. 

ERP, Ariba, supplier map, supplier 

analytics 

0.25 ● 

Supply intelligence is integrated 

into category strategies, but 

results are not well understood or 

studied. 

ERP, Ariba, Beroe, category 

management 

0.25 ● 
Supplier analysis is basically 

historical. 

ERP, Ariba, global supplier 

management, global supply risk 

management 

0.25 ● 

Category teams are formed, 

although team goals may not be 

clearly defined.  

ERP, Ariba, global sourcing team 

3 Managed 

0.20 ● 
Category strategies using 

standardize process/approaches. 
long-term category strategy, EICC  

0.25 ● 

Supplier operational risk 

management process is 

implemented and used.  

real-time supply risk systems 

0.25 ● 

Category/commodity 

strategies/plans are documented 

and updated annually and shared 

with stakeholders. 

category defined, global sourcing 

plan/vision 

0.30 ● 

Stakeholders/supply chain 

council actively engaged in 

Category strategy development. 

real-time supply management 

system 

4 Leveraged 

0.30 ● 

Category strategies defined and 

implemented across all major 

area of spend. 

long-term category strategy, EICC, 

global sourcing plan/vision  

0.30 ● 

Supply market intelligence roles 

are established and supporting 

category strategies. 

supplier analytics/ supply chain 

analytics involved 

0.30 ● 
External suppliers are involved 

in planning future strategy. 
supplier annual meeting/summit 

0.10 ● 

Mutual accountability tools to 

access category/commodity 

compliance. 

real-time supply risk/ supplier 

reporting systems 

5 Optimized 0.20 ● 

Suppliers are actively contribute 

information to 

category/commodity team. 

supplier feedback systems, 

supplier annual meeting/summit 
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0.20 ● 

Supplier contributions to 

category strategies measured on 

supply chain value to enterprise.  

supplier matrices/scorecard/award 

measuring supplier collaboration 

0.20 ● 

Established supply market 

network in place that provides 

regular feedback and information 

on market conditions. 

real-time supply risk/ supplier 

reporting systems, global sourcing 

planning/ supplier map 

0.20 ● 

Category/commodity risk 

analysis updated and utilized by 

the enterprise to sustain and 

control risks. 

real-time supply risk systems, 

global sourcing planning/ supplier 

map, global supplier risk 

management  

0.20 ● 

Majority of commodity portfolio 

under Supply Market 

Intelligence. 

global sourcing map/supplier map 

 

  



 

147 

Supplier Relationship Management (SRM) 

Rating Status Weight Descriptions Supported Evidence 

1 Ad hoc 

N/A ● 
SRM processes are 

unstructured and ill-defined. 
N/A 

N/A ● 

Process measures are not in 

place and the jobs and 

organizational structures are 

based upon the traditional 

functions, not horizontal 

processes.  

N/A 

N/A ● 

Individual heroics and 

“working around the system” 

are what makes things 

happen. 

N/A 

2 Defined 

0.30 ● 
Basic SRM processes are 

defined and documented. 

SRM policies, supplier 

expectation/requirement, supplier 

contract, supplier code of conduct 

0.30 ● 

The company has started 

collating historical data upon 

which spend management 

decisions will be based. 

ERP, Ariba, global supplier IT 

systems 

0.30 ● 

Information about suppliers in 

the Source Approved Vendor 

List is being collected and 

stored in the company’s 

knowledge base. 

global sourcing map/supplier map, 

supplier risk management systems 

0.10 ● 

Pilots have been successfully 

conducted for a sample set of 

materials and suppliers. 

best practices on supplier 

development/training/collaboration 

3 Managed 

0.40 ● 

Managers employ SRM 

process to improve supplier 

performance. 

long-term SRM strategy, EICC, 

global sourcing plan/vision  

0.50 ● 

SRM rules are imbedded in 

business processes or in 

business units. 

global sourcing plan/vision/strategy 

0.10 ● 

Stakeholder participation on 

cross-functional supplier 

improvement team   

supplier regular meeting/summit, best 

practices on supplier collaboration 

4 Leveraged 

0.40 ● 

SRM roles are integrated into 

new product development and 

continuous improvement 

team. 

supplier regular meeting/summit, best 

practices on supplier collaboration 

0.40 ● 

SRM process measures and 

management systems are 

embedded in the organization. 

supplier matrices/scorecard/award 

measuring SRM 

0.20 ● 
Supply chain talent 

management strategy exists. 
internal talent management  

5 Optimized 0.40 ● 

Companies promoted 

extended enterprise vision (in 

supplier portal). 

supplier portal/code of conduct 

ensuring global sourcing vision 



 

148 

0.40 ● 

Product-process collaboration 

with suppliers is routine and 

established across the 

organization. 

supplier collaboration/annual 

meeting/summit/development/training 

plan 

0.20 ● 

Trust and mutual dependency 

are the norm in the extended 

SRM network together. 

supplier matrices/scorecard/award 

measuring SRM, global sourcing 

map/supplier map/information 

sharing systems 
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Appendix B     Secondary Data Template 

Company 

SRM Evaluation 

Supplier Website:  

[Does the company have a separate supplier registration website or portal site?] 

Contacts 

[Contact information of procurement VP, or anyone to do with the supplier relationship piece with whom we 

can get in touch for any additional information we require] 

Summary 

[A brief summary of what is found on the supplier website and what they do to make things easier/streamlined 

for the supplier.] 

Partnership Guidelines:  

[Location of the supplier code of conduct and what are the requirements for being a supplier, what are the 

tracking mechanisms, tools and so on and so forth] 

Lawsuits: 

[Are there any specific lawsuits filed against suppliers or by suppliers about the company and issues that they 

are having?] 

Best Practices: 

[Has the company come up with anything new or are they using any kind of tools or IT systems to make the 

supplier relationship easier?] 

Vendor Recognition: 

[Company recognition of the suppliers, awards for great performance] 

Company Recognition: 

[Vendor recognition of company sayings or awards that say the company is great to do business with] 

Operational Purchasing Management: 

[How does the company do to gain competitive advantage in operational purchasing management?] 

Strategic Sourcing: 

[How does the company do to gain competitive advantage in strategic sourcing?] 

Supply Market Intelligence: 
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[How does the company do to gain competitive advantage in supply market intelligence?] 

Supplier Relationship Management 

[How does the company do to gain competitive advantage in supplier relationship management?] 

Miscellaneous: 

[Anything else that will help to evaluate the company’s performance.] 
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Appendix C     Secondary Data Example 

 
MICROSOFT CORP 

SM Evaluation 

Supplier Website:  

http://www.microsoft.com/en-us/procurement/msp-overview.aspx 

Supplier Program main page. 

 

https://vendor.microsoft.com/VendorSetup/Login.aspx 

Vendor portal: Vendor portal is a comprehensive vendor management solution fully integrated with Dynamics 

NAV which enables companies to connect with their vendors through web portal and facilitates seamless 

processes like purchase order, shipment, order approval, vendor users management etc. helping to reduce multiple 

queries while providing significantly increased efficiencies. 

 

Contacts: 

https://www.microsoft.com/worldwide/phone/contact.aspx?country=United%20States 

General contact 

 

Summary: 

Microsoft has its own vendor portal, supplier program, supplier awards, annual supplier summit, and discloses 

top 100 suppliers. In 2014, it completed 100+ tier 1 suppliers and tier 2 supplier audits. 

  

Partnership Guidelines:  
http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-

4B87362DBE96/Microsoft_Vendor_Code_of_Conduct_2011.pdf. 

Microsoft expects its Vendors to share its commitment to human rights and equal opportunity in the workplace. 

All Microsoft Vendors must conduct their employment practices in full compliance with all applicable laws and 

regulations, and must, without limitation 

 

http://www.microsoft.com/en-us/procurement/supplier-conduct.aspx#tab=2 

The Master Supplier Services Agreement (MSSA) 

If such a contract is required by Microsoft, this contract must be executed by Microsoft and the supplier prior to 

doing any work. Because it is an overarching agreement, once the supplier has signed this Agreement, only 

business specific statements of work or purchase orders are needed. Having a uniform agreement in place helps 

ensure that Microsoft can consistently rely on certain aspects of its relationships with suppliers without discussion 

or concern, which frees both parties up for more critical activities—like completing the work! The MSSA outlines, 

in addition to other things, the following: 

Standard payment terms, which include 2% 10/Net 60. 

Tier X reporting, which helps Microsoft ensure that suppliers at all levels are doing everything they can to ensure 

as much diversity as possible within the supply chain. 

 

http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-

4B87362DBE96/Microsoft_Supplier_Guidelines.pdf 

Supplier guidelines 

 

http://www.microsoft.com/about/companyinformation/procurement/vcc/index.html 

Vendor code of conduct training. 

 

Lawsuits: 

N/A 

 

http://www.microsoft.com/en-us/procurement/msp-overview.aspx
https://vendor.microsoft.com/VendorSetup/Login.aspx
https://www.microsoft.com/worldwide/phone/contact.aspx?country=United%20States
http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-4B87362DBE96/Microsoft_Vendor_Code_of_Conduct_2011.pdf
http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-4B87362DBE96/Microsoft_Vendor_Code_of_Conduct_2011.pdf
http://www.microsoft.com/en-us/procurement/supplier-conduct.aspx#tab=2
http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-4B87362DBE96/Microsoft_Supplier_Guidelines.pdf
http://download.microsoft.com/download/F/9/9/F998F8EB-038A-4EEE-8B36-4B87362DBE96/Microsoft_Supplier_Guidelines.pdf
http://www.microsoft.com/about/companyinformation/procurement/vcc/index.html
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Best Practices: 

http://www.microsoft.com/about/corporatecitizenship/en-us/working-responsibly/principled-business-

practices/responsible-sourcing/ 

Since 2004 Microsoft has joined forces with other technology companies in the Electronics Industry Citizenship 

Coalition to promote a common set of standards to global suppliers producing electronics and information and 

communications technology, which affects the work experience of hundreds of thousands of workers. We also 

work to promote positive environmental and social outcomes from our sourcing practices, ranging from increasing 

market demand for greener computers and local organic food to supporting diverse suppliers. 

 

http://www.microsoft.com/en-us/procurement/msp-overview.aspx 

The Microsoft Supplier Program 

MSP: Best Value. Highest Quality. Lowest Risk. 

The Microsoft Supplier Program (MSP) makes it easy for Microsoft employees to work globally with a 

prequalified, select group of suppliers—and for suppliers such as you to work with us. The objective is to make 

working with Microsoft beneficial to all. 

 

The goal of MSP is simple: To enable new efficiencies for both Microsoft and suppliers, bringing new value to 

the relationship that we are building together. 

 

Program highlights 

A primary purpose of MSP is to define the way suppliers do business with Microsoft, including requirements and 

expectations, to create a clear, straight path to success. The following are some key elements of MSP: 

 

MSP includes suppliers of all kinds of goods and services. 

The program includes only suppliers who are the best in providing their category. 

MSP is committed to diversity, including exceeding government-mandated goals and requiring MSP suppliers to 

share in this goal. 

 

 

Vendor Recognition: 

N/A 

 

Company Recognition:  

http://www.microsoft.com/en-us/procurement/msp-requirements.aspx#tab=3 

Through the MSP Excellence Awards Program, Microsoft annually recognizes suppliers that consistently provide 

an outstanding level of service and quality. 

Winners of the 2015 MSP Excellence Awards were nominated by employees of Microsoft in various business 

units, MSP suppliers and Microsoft Procurement Professionals. An extensive panel of Microsoft employees and 

external judges selects all final awardees. Award winners were based on excellence in a number of areas, 

including quality, value, service and innovation. 

In 2015, Microsoft issued five MSP Excellence Awards to key suppliers whose performance over the past year 

demonstrated exceptional commitment and service. 

Winners were announced in three categories: 

 Supplier Diversity 

 Responsible Sourcing Leadership (Bridging the Opportunity Divide, Climate Performance and Impact 

Sourcing) 

 MSP Supplier of the Year 

 

Operational Purchasing Management 

http://www.microsoft.com/en-us/procurement/diversity-register.aspx 

Supplier registration 

 

https://www.microsoft.com/en-us/dynamics/erp.aspx 

Microsoft Dynamics enterprise resource planning (ERP) software  

http://www.microsoft.com/about/corporatecitizenship/en-us/working-responsibly/principled-business-practices/responsible-sourcing/
http://www.microsoft.com/about/corporatecitizenship/en-us/working-responsibly/principled-business-practices/responsible-sourcing/
http://www.microsoft.com/en-us/procurement/msp-overview.aspx
http://www.microsoft.com/en-us/procurement/msp-requirements.aspx#tab=3
http://www.microsoft.com/en-us/procurement/diversity-register.aspx
https://www.microsoft.com/en-us/dynamics/erp.aspx
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https://www.microsoft.com/about/corporatecitizenship/en-us/downloadhandler.ashx?Id=03-05-01 

Top 100 suppliers disclosed. 

 

Strategic Sourcing: 

http://www.microsoft.com/en-us/procurement/diversity-overview.aspx 

Supplier diversity program: We spent more than US$2 billion working with suppliers that are minority-, disabled-, 

veteran-, and woman-owned businesses in Fiscal Year 2014. Exceeding $2 billion dollars is a significant 

milestone for Microsoft as we join approximately 20 other US corporations that are part of the Billion Dollar 

Roundtable, an organization that recognizes and celebrates corporations that have spent at least $1 billion with 

minority- and women-owned businesses in the United States. We achieved this milestone because our 

Procurement team is committed to increasing our annual diverse supplier expenditure. 

 

https://www.microsoft.com/en-us/procurement/diversity-spend-reporting.aspx 

Tier 2 reporting: Microsoft is committed to helping small and diverse businesses succeed and grow. We 

purposefully contract as much business as practical to small and diverse organizations, with the goal of contracting 

at least 23 percent to small businesses. 

 

Supply Market Intelligence: 

https://www.microsoft.com/about/corporatecitizenship/en-us/reporting/ 

We also expanded our work with our hardware suppliers to build their capabilities on environmental health and 

safety management and to improve factory workers' living environments. 

Microsoft began to screen our non-hardware suppliers against 23 different ethical, social, and environmental risks 

by country and by commodity category and to roll out new assurance requirements for the suppliers found to pose 

the highest risks. 

 

We instituted new privacy and data security measures including expanding our use of encryption across our 

services, providing choice and transparency on data location, and strengthening legal protections for customers. 

We fought for and won the right to increase our disclosure on the volume of national security orders for customer 

data that we receive from the US government. 

Microsoft completed the Global Network Initiative (GNI) Phase III Assessment, conducted by an independent 

assessor, and the GNI Board determined that Microsoft is compliant with the GNI Principles on Freedom of 

Expression and Privacy. 

 

Supplier Relationship Management: 

http://blogs.microsoft.com/on-the-issues/2014/04/23/microsoft-formalizes-policy-on-responsible-materials-

sourcing/ 

We have now expanded our collaborative efforts to the upstream mining industry through direct participation in 

and support of The Initiative for Responsible Mining Assurance (IRMA), PACT and The Alliance for Responsible 

Mining (ARM) to holistically cover end-to-end mining sustainability, from artisanal to larger mining enterprises. 

We are also keen to maintain our support of electronics industry supply chain efforts through the Electronics 

Industry Citizenship Coalition and the Global e-Sustainability Initiative. 

Microsoft continuously innovates and believes that transparency and collaboration can help identify opportunities 

for advancing our policy. We have shared our list of manufacturing suppliers since 2013. Our Corporate 

Citizenship Report describes our supply chain practices including our efforts to support a conflict minerals-free 

electronic supply chain. We will share additional details on our conflict minerals program in future Securities and 

Exchange Commission disclosures. We are working to further improve the relevance and quality of the 

information provided about the content and source of materials used in our products. 

 

http://gacreative.com/tag/microsoft-supplier/ 

Annual Microsoft Supplier Summit 

 

 

Miscellaneous:  

N/A  

https://www.microsoft.com/about/corporatecitizenship/en-us/downloadhandler.ashx?Id=03-05-01
http://www.microsoft.com/en-us/procurement/diversity-overview.aspx
https://www.microsoft.com/en-us/procurement/diversity-spend-reporting.aspx
https://www.microsoft.com/about/corporatecitizenship/en-us/reporting/
http://blogs.microsoft.com/on-the-issues/2014/04/23/microsoft-formalizes-policy-on-responsible-materials-sourcing/
http://blogs.microsoft.com/on-the-issues/2014/04/23/microsoft-formalizes-policy-on-responsible-materials-sourcing/
http://gacreative.com/tag/microsoft-supplier/
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Appendix D    Keyword List 

Operational Purchasing Management (OPM) 

Ariba spend management Supplier assessment 

Bravo Supplier audit 

Coupa Supplier award  

EDI Supplier code of conduct        

EICC Supplier database 

Electronic Document Interchange Supplier diversity program 

Electronic Industry Citizenship Coalition Supplier evaluation  

Emptoris Supplier expectation 

Enterprise Resource Planning Supplier guideline 

e-procurement system Supplier list 

ERP Supplier measurements 

ivalueA Supplier portal 

Oracle Supplier purchase terms and conditions 

Procurement Supplier registration 

Procurement team Supplier requirement 

Procure-to-Pay system Supplier scorecard 

Purchasing management Supplier selection 

Purchasing team Supplier terminate 

Purchasing terms and conditions Supplier tracking 

SAP Supplier training 

Service Level Agreement Supply chain management 

Source approved vendor list Supply management system 

Sourcing contract management system Vendor code of conduct 

Sourcing Process Vendor expectation 

Spend analytics Vendor list 

Spend management  Vendor management  

Supplier allocation Vendor guideline 
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Strategic Sourcing Management (SSM) 

Ariba spend management Supplier code of conduct        

Continuous supplier improvement process Supplier collaboration 

Sourcing contract management system Supplier continuity planning 

Cross-functional sourcing team Supplier development plan 

EDI Supplier diversity program 

EICC Supplier evaluation  

Electronic Industry Citizenship Coalition Supplier expectation 

Enterprise Resource Planning Supplier guideline 

e-procurement system Supplier measurements 

ERP Supplier meeting 

Health Safety Security Environment Supplier optimization 

Long-term sourcing strategy Supplier portal 

Oracle Supplier purchase terms and conditions 

Procurement Supplier requirement 

Procurement allocation Supplier risk management 

Procure-to-Pay system Supplier scorecard 

SAP Supplier segmentation 

Service Level Agreement Supplier selection 

Sourcing Process Supplier tracking 

Sourcing strategy Supplier training 

Spend management  Supplier verification 

Spend analytics Supply base capacity 

Strategic sourcing Supply chain management 

Supplier  capacity Supply management system 

Supplier allocation Supply risk analysis 

Supplier assessment Vendor code of conduct 

Supplier audit Vendor expectation 

Supplier award  Vendor management  
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Supply Market Intelligence (SMI) 

 

Approved supplier list Supplier collaboration 

Approved vendor list Supplier Contract management 

Ariba spend management Supplier cost model 

Beroe Supplier engagement 

Category Management Supplier feedback  

Category strategy Supplier market share 

Category team Supplier meeting 

commodity team Supplier optimization 

Cross-functional category management team Supplier relational contracting 

Cross-functional sourcing team Supplier requirement 

Enterprise Resource Planning Supplier risk management 

ERP Supplier scorecard 

Global sourcing Supplier segmentation 

Industry demand Supplier Summit 

Long-term category strategy Supply base capacity 

Oracle Supply chain management 

Procurement Value Supply management system 

Real-time supply management system Supply market analysis 

SAP Supply market intelligence 

sourcing and stakeholder engagement Supply risk analysis 

Sourcing trusted advisor Vendor collaboration 

Spend analytics Vendor expectation 

Spend management  Vendor list 

Supplier  capacity Vendor management  

Supplier allocation Vendor portal 

Supplier capability  
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Supplier Relationship Management (SRM) 

Ariba Supplier meeting 

Continuous supplier improvement process Supplier portal 

Electronic Industry Citizenship Coalition Supplier purchase terms and conditions 

Enterprise Resource Planning Supplier Relationship Management 

ERP Supplier requirement 

Global sourcing Supplier scorecard 

Global sourcing Supplier summit 

Source approved vendor list Supplier training 

SRM policy Supply chain management 

Supplier award  Supply management system 

Supplier code of conduct        Talent management 

Supplier collaboration Vendor code of conduct 

Supplier continuity planning Vendor code of conduct 

Supplier development Vendor collaboration 

Supplier development plan Vendor development 

Supplier feedback  Vendor expectation 

Supplier information sharing  Vendor list 

Supplier list Vendor management  

Supplier map Vendor portal 

Supplier matrix  
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Appendix E     Paragraph and Sentence Extraction Python Program 

 
 

 

 

 

 

  

import codecs 

import keyword_list_OPM, keyword_list_SSM 

 

def split_content_to_sentences(content): 

    if type(content) == type(b'x'): 

        content = content.decode('utf8') 

    pattern = re.compile("[^\w.]+|_", re.UNICODE) 

    content = str(pattern.sub(' ', content.lower())) 

    line = re.sub(r'[^\x00-\x7F]+', ' ', content) 

    line = re.sub('\s+', ' ', line) 

    line = re.sub('\.+', '.', line) 

    # line = re.sub('\s\w\s', '', line) 

    tmp = re.sub('\.+\s+', '<PERIOD>', line) 

    return tmp.split('<PERIOD>') 

 

def extract_sentences(sentences, keywords, n): 

    res = [] 

    for i in range(len(sentences)): 

        # words = sentences[i].split(' ') 

        if any(keyword.lower() in sentences[i] for keyword in keywords): 

            res.append(i) 

    indexs = [] 

    for i in res: 

        for j in range(i-n, i+n+1, 1): 

            # if 0 <= j < len(sentences): 

            indexs.append(j) 

    indexs = list(filter(lambda x: 0 <= x < len(sentences), indexs)) 

    indexs = list(set(indexs)) 

    sen = [] 

    for i in indexs: 

        sen.append(sentences[i]) 

    return sen 

 

def sentence(text_files_path, output_path): 

    keywords = {"OPM": keyword_list_OPM, "SSM": keyword_list_SSM} 

    for category, keyword in keywords.items(): 

        tmp = extract_sentences_from_dir( 

            keyword, 

            category=category, 

            in_path=text_files_path, 

            out_path=output_path + "{}/".format(category), 

            num_sen=0, 

        ) 
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Appendix F     R Command Codes 

library(tm) 

library(SnowballC) 

library(LiblineaR) 

library(e1071) 

library(DMwR) 

library(RWeka) 

 

categories = c("OPM", "SSM") 

c=1 

base_dir = "document location" 

category = c 

profiles = read.csv(paste(base_dir, categories[c], "\\profiles.csv",sep=""), header = FALSE) 

ratings = read.csv(paste(base_dir,"all_rating.csv",sep=""), header = FALSE) 

colnames(ratings) <- c("name", "OPM", "SSM") 

 

###unigram### 

docs = Corpus(VectorSource(profiles[,2])) 

docs <- tm_map(docs, removePunctuation)   

docs <- tm_map(docs, removeNumbers) 

docs <- tm_map(docs, tolower)  

docs <- tm_map(docs, removeWords, stopwords("english"))  

docs <- tm_map(docs, stemDocument) 

docs <- tm_map(docs, stripWhitespace) 

docs <- tm_map(docs, PlainTextDocument)  

 tdm = TermDocumentMatrix(docs, 

                          control=list(bounds=list(global=c(floor(length(corp)*0.02), Inf)) 

                                                , weighting=function(x) weightTfIdf(x, normalize = FALSE))) 

 

####bigram### 

corpus <- Corpus(VectorSource(profiles[,2])) # create corpus for TM processing 

corpus <- tm_map(corpus, content_transformer(tolower)) 

corpus <- tm_map(corpus, removeNumbers)  

corpus <- tm_map(corpus, removePunctuation) 
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corpus <- tm_map(corpus, removeWords, stopwords("english")) 

corpus <- tm_map(corpus, stemDocument) 

corpus <- tm_map(corpus, stripWhitespace) 

corpus <- tm_map(corpus, PlainTextDocument) 

options(mc.cores=1)  

BigramTokenizer <- function(x) NGramTokenizer(x, Weka_control(min = 2, max = 2)) # create n-grams 

bound = c(floor(length(corpus))*0.02, Inf) 

tdm <- TermDocumentMatrix(corpus,  

                          control=list(tokenize=BigramTokenizer 

                                       , bounds=list(global=bound) 

                                       , weighting=function(x) weightTfIdf(x, normalize = FALSE))) 

tdm = as.matrix(tdm) 

tdm = t(tdm) 

 

#####paste ratings####### 

num_profiles = dim(profiles)[1] 

company_names <- profiles[1:(nrow(profiles)),1] 

# all=merge(x=v1,y=ratings,by.x=0,by.y='name',all.x=TRUE,sort=FALSE) 

tmp_ratings <- ratings 

row.names(tmp_ratings) <- tmp_ratings[,1] 

ordered_ratings <- tmp_ratings[company_names,2:3] 

rating= as.matrix(ordered_ratings[,category]) 

tdm=cbind(tdm,rating) 

aa=dim(tdm)[2] 

colnames(tdm)[aa]="R" 

 

##SMOTE### 

tdm=as.data.frame(tdm) 

tdm$R=factor(tdm$R) 

newdata <- SMOTE(R ~ ., tdm, k=6, perc.over = 600,perc.under= 100) 

table(newdata$R) 

 

##training vs testing### 

num_newdata=dim(newdata)[1] 

classData=as.matrix(newdata$R) 
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tdm=newdata[,1:aa-1] 

set.seed(1) 

sample = sample(num_newdata, round(num_newdata*0.7)) 

#sample_set = cbind(sample_set, sample) 

train = tdm[sample,] 

test = tdm[-sample,] 

classTrain = classData[sample,] 

classTest = classData[-sample,] 

 

###learning algorithm### 

svmlinmodel<-svm(x=train, y=classTrain,type="C", kernel='linear'); 

summary(svmlinmodel) 

predict1 <- predict(svmlinmodel, test) 

tablinear <- table(pred=predict1, true=classTest); tablinear 

matrix1 <- confusion(classTest, predict1) 

 

model2 = LiblineaR(data=train,target=classTrain,type=1,cost=1,bias=TRUE,verbose=FALSE) 

p2 = predict(model2,test) 

matrix2 = confusion(classTest, p2$predictions) 

 

model3 = LiblineaR(data=train,target=classTrain,type=7,cost=1,bias=TRUE,verbose=FALSE) 

p3 = predict(model3,test) 

matrix3 = confusion(classTest, p3$predictions) 

 

 

 

 

 

 

 

 

 

 

 


