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Abstract  
Advancement in technology, artificial intelligence, and machine learning have resulted in an 

explosion in the creation of tech-enabled training solutions over the past decade, contributing to the 

popularity of personalized learning. This research advocates for a transition away from archaic, rote 

learning paradigms and toward individualized employee learning experiences in which instructional 

styles and training tactics are tailored to the requirements of each individual employee rather than 

standard lesson preparation that exist today. This technique can also foster enjoyable and engaging 

training environments that benefit both employees and the organizations. We applied unsupervised 

machine learning algorithm, namely, K-means, and Hierarchical clustering algorithms to classify 

1000 employees into different clusters based on the Felder-Silverman Learning Styles Model 

(FSLSM). As expected, no one of the employees could be precisely classified into a single category, 

and they demonstrated a variety of learning methods and tactics. The experiments showed 3 

significant clusters across the different pairs of Processing, Input, Understanding, and Perception 

dimensions of the FSLSM. The findings suggest that employees can be grouped into at least 3 

clusters to create personalized training materials and approaches for each group. We also discussed 

suitable instruction techniques, contents, and paths for each cluster. The proposed model and the 

findings would work in both digital and offline settings.  

Keywords: Employee, FSLSM, Learning styles, Machine learning, Personalized training 

Introduction  
The incredible impacts of the swift integration of technology disruption and digitalization with the 

arrival of the 4th Industrial Revolution have led many firms trying to keep up with quick changes in 

the workplace (Schwab, 2018). Investing proactively in employee training and growth is crucial for 

both the success of the organization and the workforce that pushes it, given this digital 

transformation and the widening digital skills gap. Filling the company's skill shortages via 

developing skills and retraining of employees became more important in surviving the shift. 

Employees are trained to learn new skills that will help them perform better. Training sessions are 

often administered on a brief arrangement with a set completion date. Training is to provide workers 

with the opportunity to learn new skills and knowledge. Usually, training programs are created with 

the employee's work position in mind. The trainer and the employee exchange information. Training 

activities are often extremely sophisticated and do not need individualization for each employee. A 

https://orcid.org/0000-0002-8155-5643


Reviews of Contemporary Business Analytics (RCBA) 

2019 Volume 2, Issue 1 
 

 

Cite this research: 

Racherla, S. (2019) ‘Personalized Employee Training Based on Learning Styles Using Unsupervised Machine Learning’, Reviews of Contemporary 

Business Analytics, 2(1), pp. 1–11. 

development program is one that focuses on improving existing skills (Falola, Osibanjo and Ojo, 

2014). An ongoing and lengthy process tied to an employee's personal growth and progress is an 

employee development. The program puts a great importance on an employee's total personal 

development, which is not necessarily tied to technical aspects of his profession (Brown, 2001). 

Since training plans must be tailored to each individual worker, no two programs are identical. 

Frequently, new methods, techniques, data and software are introduced to the business market via 

technology. Employees must adjust to the changes in order to stay up. It takes effort and time to 

learn new talents and generate new concepts (Puhakainen and Siponen, 2010). Furthermore, a 

business cannot anticipate its staff to be aware of things on their own.  As a result, training staff to 

acquire new skills and information can only benefit an organization in the long term. To increase 

productivity and creativity, effective staff learning and development platforms must be provided. 

This raises their morale and works as a motivator, encouraging them to perform far more than before 

and participate to the company 's growth. 

Employees’ professional advancement is weakened by a lack of suitable training and development 

opportunities. Their abilities deteriorate and they feel bored in their work. Attitude refers to an 

employee's sentiments, viewpoint, response, and opinions toward others. It has a significant effect 

on an employee's morale, inspiration, commitment, dedication, and satisfaction.  When an 

organization provides a training and development, it demonstrates that it cares about its workers' 

progress and well-being. This encourages people to have a good attitude about the company. More 

importantly, it provides them with a feeling of security and devotion to the business. When 

conducting performance reviews with employees, organizations normally identify areas for skill 

growth or knowledge enhancement (Elnaga and Imran, 2013). Offering training programs accessible 

enables staff to develop meaningful measures to enhance their performance at work by attending 

courses, therefore meeting the criteria of a performance review.  

Personalized employee training 
Personalized learning, often known as customization, refers to a wide range of educational 

initiatives, learning experiences, instruction strategies, and academic-support measures designed to 

accommodate individual employee' unique learning requirements, interests, goals, or cultural 

differences. 

Today's workforce is more dispersed than ever before, with members working from home, in 

temporary locations, while traveling, or in a combination of these. Work schedules are always 

shifting, and recruiting is on the increase. As a result, businesses must implement a tailored training 

plan to meet staff where they are in order to guarantee relevant training is delivered in a relevant and 

productive manner (Maity, 2019). 

Personalized training focuses on individual learners' requirements, aptitudes, and preferences. 

Although it is hardly a new idea, it has grown in popularity in many nations over the past decade or 

so. Every employee can gain when it comes to personalized learning. Employees gain from career 

progression chances that are directly related to their objectives, while employers save time by not 

having to search outside the business for talents that can be developed within. Organizations may 

make proper use of the skill and experience that exists inside them by engaging with people to build 

up personalized learning routes. 

Personalization learning alleviates information overload since employees do not need to acquire a 

large amount of material. They just learn what is advantageous to them at the moment. Instead of 

spending time screening out irrelevant learning resources, employees can concentrate on acquiring 

useful knowledge (Dorobăt and Năstase, 2010). Corporations arrange training for a big number of 

workers. While group engagement may be appealing to workers, it may be inefficient for the 

company. While some of employees may need training, others may not. As a result, customized 
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training allows the company to involve relevant staff in appropriate learning sessions. This enables 

the process to become more efficient for both personnel and the corporation. 

When staff are not inspired by the training approach an organization is utilizing, they will not be 

engaged, which results in underperformance. As a result, the organization should personalize 

training to the requirements, preferences, and learning styles of its staff. Personalized training can 

also boost their productivity. Employees learn just what they require to perform a job when 

extraneous knowledge eliminated via individualized training (Peretz et al., 2011). As a result, they 

will devote considerable time on productive work and less time on useless training. 

Organizations have a diversified workforce, which implies that each employee has a unique working 

style and perspective. While some people love gamification, others prefer the traditional physical 

rules. Furthermore, some workers may enjoy interactive videos and animations, but others may 

prefer to read and comprehend. Organizations must thus offer customized learning procedures based 

on the learning styles and interests of their workers. They will be engaging with increased outcomes 

and certain results when they are in their area of expertise. 

Scheduled training as component of a business culture is not appealing to workers. It has probably 

be seen how uninterested and distracted some workers are during routine training sessions. In such 

a case, tailored training is rather intriguing (Amoroso and Reinig, 2004). They are not really the 

regularly planned training sessions that are available to workers, but rather a more customized 

session designed specifically to match their requirements. The added advantage is that individualized 

learning may begin even when organizations believe workers need further knowledge (Amoroso and 

Reinig, 2004; Kong and Jogaratnam, 2007). Organizations may deliver such instruction to their 

employees on time in order to get more effective outcomes. 

Methods  

FSLMS 

We applied Felder-Silverman Learning Styles Model (FSLSM) to group employees to different 

clusters based on 8 variables under 4 dimensions (Graf et al., 2007; Ciloglugil, 2016; Nafea, Siewe 

and He, 2019).  The FSLMS classifies learners in 4 dimensions, where each dimension represents 

2 variables.  

Table 1. FSLSM dimensions and learning styles 

Dimensions  Styles  descriptions 

Processing 

 

Active/Reflective Active learners learn via experimentation and love 

working together in groups (Joseph and Abraham, 

2017). 

Learning via contemplation and preferring to work 

alone characterize the reflective learner. 

Perception Sensing/Intuitive Sensing learners are tangible thinkers who are 

practical and focused on facts and processes. 

Intuitive learners are conceptual thinkers who are 

inventive and theory-oriented (Graf et al., 2007). 

Input Visual/Verbal Visual learners enjoy visualization tools of 

provided content. Examples include images and 

flow charts. 

Verbal learners tend to favor explanations in both 

written and spoken form (Graf, 2007). 

Understanding Sequential/Global Sequential learners have a linear thought process 

and learn in little incremental stages. 

Global learners are comprehensive thinkers who 

learn in big moves (Graf, Viola and Leo, 2006). 
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K-means  

Clustering is a well-known task in both machine learning and mathematical modelling. The k-means 

approach is a popular clustering method that aims to reduce the mean squared distance among points 

inside the same cluster (Maimon and Rokach, 2005). Lloyd's technique, often known as k-means, 

starts with k arbitrarily defined centers that are normally picked evenly and arbitrarily from the data 

sets. The closest center is then allocated to each point, and every center is recalculated as the mass 

centers of all points allocated to it. These two phases (assignment and center computation) are 

continued until the process reaches a state of stability. 

The Clustering method use the K-Means approach to group data sets based on their degree of 

resemblance to the supplied metrics (Wu, 2012). Clustering may aid in the discovery of unique 

groups within data that need specific attention. The K-means clustering approach separates a 

collection of data known as n into k groups, with each observation allocated to the cluster with the 

average value that is nearest to its own. 

This is an iterative technique where each data item is allocated to a cluster, and data points are 

progressively clustered based on features that they share. The aim is to discover a technique to 

minimize the overall distance that isolates the sets of data from the the cluster's center to its 

shortest feasible value in order to identify which section of the group each single data point should 

be a member of (Guptal, Rao and Bhatnagar, 1999; Kutbay, 2018). 

To accomplish its aim of decreasing the sum of point-to-centroid distances determined over all k 

clusters, K-means adopts a two-phase iterative technique. During the first phase, each cycle is 

composed of redistributing points to their nearest cluster centroid at the same time, followed by 

cluster centroids being adjusted. The second step involves reallocating points each one at a moment 

if this results in a lower overall total of distances. After each reassignment, the centroids are 

recomputed. The purpose of the K-means method is to choose centroids with the lowest number of 

inertia possible: 
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Inertia is considered to be a crucial parameter for determining how cohesive and integrated clusters 

are. 

Hierarchical Clustering 

The initial stage in hierarchical clustering is to regard each data to be its own separate cluster. Next, 

it cycles through the following 2 steps: (1) select the two clusters that are most closely connected 

with one another, then (2) join the clusters which are the most related (Kassambara, 2017; Malik 

and Tuckfield, 2019). This iterative procedure will be repeated until all the clusters have already 

been consolidated into one.  

When the approach is used correctly, the distances are kept in a structure known as the 

proximity/closeness matrix, designated by the letter M. This matrix shows the distance between the 

i-th and j-th clusters at the place given by the symbols "i,j." ( , )ij i jM X XM =  (Nitya Sai, Sai Shreya 

and Anjan Subudhi, 2017; Lim et al., 2019). 

As a consequence, in the first repeat, the proximity matrix is a N by N matrix containing just the 

pairs of distances calculated between our sample points using the chosen metric. ( , )ij i jm x xM =

(Müller and Hamm, 2014; Lin et al., 2017). When small clusters are combined into larger ones, the 
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distance matrix is updated, which entails removing rows and columns. The procedure will terminate 

when there is just one cluster remaining that includes all of the points. 

The clustering findings are often shown in the shape of a dendrogram, that shows the manner in 

which the different groups were joined. Because picking on a degree on the dendrogram ultimately 

determines data splitting and grouping. This selection could be made, for example, by passing an 

input to the algorithm that defines the desired clusters. 

 

Results and discussion   
Figure 1, 2, and 3 shows the clusters of employees on different dimensions of learning styles. It can 

be seen that there are 3 different employee clusters in all cases under K-means clustering algorithms. 

The first cluster in figure 1 are the employees who are less active learner (more reflective) and less 

sensing learners (more intuitive). The second cluster is composed of the employees who are more 

active learners (less reflective) but less sensing learners.  The employees who are more sensing but 

less active learners are in the third cluster. The figure 2, and the figure 3 displays almost similar 

results. Thus, it is possible to split employees into 3 groups   for more personalized training 

experiences.  The dendrograms also found 3 clusters under Hierarchical Cluster Analysis. We 

reported only the pairs where active/reflective is on y-axis. The reports of other 3 pairs were omitted 

for brevity; as the results are almost similar.  

For active learners, group learning or workplace collaborative training are suggested. According to 

the studies (Fischer, 2000; Leong, Narunan and Sim, 2010; Lee and Bonk, 2014), workplace 

collaborative training promotes professional growth by allowing for collaboration, debate, and 

problem-solving. Instead of studying alone, colleagues are learning from one another. Active learner 

employees find group learning more interesting and retain more of what they learn.  Group learning 

directly boosts employee performance of the active learner employees and their learning capacity. 

The company encourages its workers to provide and receive honest evaluations on one another's 

efforts. They also have the opportunity to be part of a cohesive community that supports 

them.  Group training is a wonderful method for motivating individuals to learn and advance in their 

jobs. It allows workers to discuss different points of view and learn new things. 

 

 

Figure 1. Employee clusters based on Active/Reflective and Sensing/Intuitive learning styles 
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Some employees, however, prefer to learn alone as seen in figure 1, 2, and 3. Reflective learners like 

to study alone and are therefore more likely to benefit from self-study possibilities. It enables people 

to determine their learning requirements, analyze the success of their learning tactics, and regain 

motivation and self-assurance by reflecting on prior self-learning activities. Self-directed learning is 

most likely to occur when workers feel responsible for expanding their knowledge. 

Self-directed learning moves accountability from the company to the individual. The employee takes 

charge, picking their own training curriculum based on their own learning requirements and 

interests. Employees are more involved in their learning when they have a personal interest in it. 

They learn quicker because they choose things that interest them. In addition, there is a better degree 

of involvement overall, which contributes to improved staff morale and productivity. 

Employees who are sensing learners recall knowledge best when it is connected to the actual world, 

therefore placing the knowledge into real life scenarios would benefit a sensor learner. Sensors recall 

and comprehend information better when they understand how it relates to the actual world. They 

may struggle when they are in a session where the majority of the content is theoretical. They need 

concrete illustrations of how ideas and processes work in practice. If the trainer or the organization 

are not providing them enough information, they should look for them in their manuals or other 

sources, or brainstorm with coworkers. 

Employees who are intuitive learners tend to focus on possibilities. They despise repetitive tasks 

since they like learning new things. They can rapidly learn new information and will typically seek 

for fresh approaches to achieve answers rather than employing the same one. Many courses can be 

designed for intuitive-learning employees. However, if the trainers put intuitive employee in a 

program that focuses heavily on remembering and memorization, they will most likely get 

uninterested. These employees should be offered interpretations or hypotheses that connect the data, 

or they must be given the chance to attempt to identify the connections for themselves. Because they 

are bored with nuances and dislike repetition, those employees may make thoughtless errors in 

applying the learned things.  
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Images, charts, process flow, plot lines, videos, and multimedia presentations are the most 

memorable for employees who are visual learners. Verbal learners benefit more from textual and 

oral instructions. When knowledge is given both visually and vocally, everyone learns more. Since 

most individuals are visual learners, the absence of visual presentation severely limits most learning.  

It is necessary to make heavy use of diagrams, drawings, schematics, pictures, flow charts, and other 

visual representations of normally primarily spoken content.  

Employees who are verbal leaners should be allowed and encouraged to create their own 

descriptions or summaries of training contents. Working in groups may also be beneficial: kids 

acquire comprehension of topic by hearing peers describe it, and they understand even better when 

they express it themselves. Working in groups may also be beneficial: employees may acquire 

comprehension of topic by hearing co-workers describe it, and they understand even better when 

they express it themselves. 

 

 

 

Figure 2. Employee clusters based on Active/Reflective and Sensing/verbal learning styles 
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Figure 3. Employee clusters based on Active/Reflective and Sequential/Global learning styles 

 

 

 

 

 

Employees who are sequential learners often develop comprehension in linear phases, with each 

step logically preceding the previous one. Sequential learners solve issues in logical sequential 

sequences. 

The majority of training materials are delivered in a sequential order. If the employees are sequential 

and the training contents move from subject to topic or miss out stages, they may struggle to follow 

and recall. They will be required to persuade the trainers to complete the gaps, or they will have to 

seek references to do so. When studying, individuals should spend some time creating a logical 

overview of the course content for themselves. They may also attempt to improve their global 

thinking abilities by linking each new subject they learn to something they already know. The more 

they are able to accomplish this, the more probable it is that they will have a thorough comprehension 

of the material. 

Global learners have a tendency to learn in enormous leaps, absorbing data almost arbitrarily without 

noticing connections and then "getting it." Once they get the broad picture, global learners could be 
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able to solve complicated issues quickly or integrate things together in creative ways, but they may 

struggle to articulate how they accomplished it. 

If the employee are global learners, it might be beneficial for them to understand the overall picture 

of a topic before they can understand the intricacies. If the training contents go right into new 

subjects without explaining how they connect to what the employees currently know, they may 

struggle. Fortunately, there are actions people may take to obtain a better sense of the broader picture 

faster. They should scan over the full materials before beginning to read the first portion. This may 

take some time at first, but it may help them avoid having to go over particular areas later. Rather 

than spending a small amount of time on each topic every training session, they may find it more 

beneficial to engage themselves in certain subjects for extended periods of time.  

Conclusion  
Outdated, and non-personalized learning methods may have a negative impact on how prospective 

and current workers view the organization. A customized learning process is the modification and 

adaption of educational processes and procedures such that the process of learning is ideally adapted 

to every single employee or group of employees, with their own distinct learning style, culture, 

requirements, and prior experience. 

Leading firms have spent considerably in employee training in recent years because the advantages 

to employers are vast and diversified. Employee training has lately emerged as a critical corporate 

strategy for not only retaining workers but also developing a trained future workforce. Irrespective 

of whether an organization has established, functional training programs, staff growth can never be 

successful until the work environment allows for - and encourages - ongoing learning. Organizations 

must foster a culture of continuous growth capable of recognizing broad industry change and 

providing suitable training to tackle the obstacles that such changes may bring. 

The advent of digitalization has made it imperative for businesses to rapidly increase the skill sets 

of their employees, but the methods that were effective in the past will no longer suffice. Learning 

and development programs are increasingly seen as strategic partners involved in developing 

vital skills in the workplace and enhancing the entire employee experience. Personalized learning is 

becoming more popular, and it is an excellent approach to ensure that the employees are learning 

efficiently, creatively, and in a manner that will have a good and long-term impact. 
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