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Abstract. This study presents the application of an unsupervised neural 
projection model for the analysis of Human Resources (HR) from a Knowledge 
Management (KM) standpoint. This work examines the critical role that the 
acquisition and retention of specialized employees play in Hi-tech companies, 
particularly following the configuration approach of Strategic HR Management. 
From the projections obtained through the connectionist models, experts in the 
field may extract conclusions related to some key factors of the HR 
Management. One of the main goals is to deploy improvement and efficiency 
actions in the implantation and execution of the HR practices in firms. The 
proposal is validated by means of an empirical study on a real case study related 
to the Spanish Hi-tech sector. 

Keywords: Unsupervised Neural Networks, Knowledge Management, Human 
Resources Management, Acquisition & Retention. 

1    Introduction 

Knowledge Management (KM) enables organizations to capture, share, and apply the 
collective experience and the know-how (knowledge) of their staff. For KM to be 
successfully applied in organizations, it is necessary to develop and implement 
knowledge infrastructures [1]. These knowledge infrastructures consist of three main 
dimensions: people, organizational and technological systems. 

In recent years, the deployment of information technology has become a crucial 
tool for enterprises to achieve a competitive advantage and organizational innovation 
[2]. In keeping with this idea, Artificial Intelligence (AI) [3] can be applied in KM 
systems in order to speed up processes, classify unstructured data formats that KM is 
unable to organize, visualize the intrinsic structure of data sets, and select employee-
related knowledge from large amounts of data, among other processes. 
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In keeping with this idea, the present study deals with Human Resource (HR) 
Management in Hi-tech companies that allows improving the interpretation and 
processing of the information related to HR practices in firms. In a more precise way, 
this work is intended for detecting situations of effective and ineffective management 
and diagnosing the most advisable actions for every case. 

To identify the position of a company according to its HR Management, neural 
projection models are applied in this research. The main goal is to identify the status 
of a company to perform subsequent corrective actions under the frame of a Hybrid 
Artificial Intelligence System, as proposed in [4]. This is an ongoing research that 
started with a wider analysis of HR features [5] and is now focused on the acquisition 
and retention settings related with R+D employees of high-tech firms. These are key 
issues as there is a lack of this kind of employees, according to the data provided by 
the Spanish National Institute of Statistics [6]. Decisions in this field are strongly 
related with rivalry. In this sense, KM provides us with valuable information to 
determine the most effective politics on HR acquisition and retention. This allows 
proposing to each firm the decision to be taken in order to improve an unsatisfactory 
or inefficient HR situation. 

The study is structured in the following way. Section 2 introduces the field of HR 
and KM, while section 3 describes the unsupervised neural projection model applied 
in this research. Section 4 covers the application to a real-world problem and the 
experimental study that has been carried out. Finally, Section 5 presents the 
conclusions and some proposals for future work. 

2   Knowledge Management and Human Resources 

In the present economic context, similar changes have occurred in almost every 
economic sector, cutting down the strategic importance of tangible resources. The 
more knowledge demanding a sector is (as the case of high technology), the more 
important knowledge-based resources are as value generators. Organizations investing 
in innovation obtain more benefits than those who do not [7]. 

Innovation is an important result for firms, mainly in technological industries [8]. 
Furthermore, in global and dynamic environments, the successful firms do need an 
explicit strategy involving innovation and KM for fast adaptation [9]. The main 
reason for this is that the introduction of new products and services depends on the 
capability to generate, combine and exchange the new knowledge [10]. Thus, the 
source of innovation is the integration of new knowledge with the knowledge 
previously stored by individuals in a specialized form [11].  

Organizations may achieve good performance results if they are able to both take 
advantage of the knowledge held by a group of people and to effectively organize 
them [12]. The processes of knowledge creation, transformation, integration and 
influence are related with the internal collaboration of employees. HR Management 
promotes and eases knowledge gathering, and at the same time it leads to implement 
the previously mentioned processes. It is especially critical when HR are strongly 
linked to technological resources. 
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One of the ways to achieve the required level of HR is by employing those people 
who have previous experience and specialized knowledge. In keeping with this idea, 
HR planning, extensive recruiting, and selection practices are key factors to achieve a 
high level of HR. However, there is a lack of such employees and, as a result, there is 
a serious rivalry between firms. Thus, the firms that will get the employees with high 
knowledge level would be those applying exhaustive recruiting policies such as 
multiple selection sources, a wide group of candidates, high salaries, among others. 

Employing specialized staff will only partially solve the associated problem 
because, at the same time, these HR may move away to a different firm. As a firm 
generates value through their employees, success partially relies on its ability to keep 
them [12]. As knowledge and knowledge creation take place in the individuals, it is a 
menace that abilities and specific knowledge may disappear, reducing the firm 
capability to generate new knowledge. 

It is important for knowledge acquisition that employees know who do they have 
to contact in order to find the required knowledge [13]. Hence, personnel stability is 
essential to perfect development of knowledge resources [14]. The stay of such 
employees may be guaranteed through HR management systems including 
compensations and rewards higher than average, comfortable working places, pleased 
and committed employees, social training, employee-organization connection, 
welcoming politics, labour safety, autonomy, participating culture, etc. 

Taking into account the above mentioned ideas, a wide research on analysis factor 
was carried out [5] ranging from starting advanced HR practices to explaining firm 
results. To do so, it focused on intermediate related indicators such as employee 
characteristics, organizational capabilities and some other internal features. The 
studied factors were: five settings for HR practices (acquisition, development, 
compromise, retention and flexibility), five features of employees (human, social and 
organizational capital, motivation and turn over), four organization capabilities 
(knowledge creation and application, organizational flexibility and information 
technologies) and some other internal features (strategic vision, HR emphasis, 
heterogeneity, and task-associated technology). From the above mentioned, the 
present study has only taken into account those decisions related to the acquisition of 
specialized personnel, employees retention and the configuration of these two ones 
(Strategic HR Management [15]). The remaining factors will be covered in future 
work. Some HR practices are coherent with the strategic objectives and greatly 
contribute to the achievement of firm results. Some of the features related with these 
practices have been considered in the present study to visually identify the situation of 
hi-tech firms according to their HR situation. 

3   Neural Projection Model 

Projection models perform changes to the spatial coordinates of high-dimensional 
data in order to project them onto a lower dimensional space. The main goal is to 
identify the patterns that exist across dimensional boundaries by identifying 
“interesting” directions in terms of any specific index or projection. Such indexes or 
projections are, for example, based on the identification of directions that account for 
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the largest variance of a data set -as is the case of Principal Component Analysis 
(PCA) [16], [17]- or the identification of higher order statistics such as the skew or 
kurtosis index -as is the case of Exploratory Projection Pursuit (EPP) [18]. Having 
identified the most interesting projections, the data is then projected onto a lower 
dimensional subspace plotted in two or three dimensions, which makes it possible to 
examine its structure with the naked eye. 

The combination of projection techniques together with the use of scatter plot 
matrices is a very useful visualization tool to investigate the intrinsic structure of 
multidimensional data sets, allowing experts to study the relations between different 
components, factors or projections, depending on the applied technique. 

The solution proposed in this research applies an unsupervised neural model called 
Cooperative Maximum Likelihood Hebbian Learning (CMLHL) [19]. It is based on 
Maximum Likelihood Hebbian Learning (MLHL) [19], and introduces the application 
of lateral connections [20], [21] derived from the Rectified Gaussian Distribution 
[22]. This connectionist model has been chosen because it reduces the data 
dimensionality while preserving the topology in the original data set. Considering an 
N-dimensional input vector ( x ), and an M-dimensional output vector ( y ), with 

ijW being the weight (linking input j  to output i ), then CMLHL can be expressed as:  
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ixWy
1j

jiji 


N

,  . (1) 

2. Lateral activation passing: 

     Aybτ(t)yty ii 1  . (2) 

3. Feedback step: 





M

i
iijjj jyWxe

1

,  . (3) 

4. Weight change: 
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Where:   is the learning rate,   is the “strength” of the lateral connections, b  the 

bias parameter, p  a parameter related to the energy function [19], [21] and A  a 

symmetric matrix used to modify the response to the data [21]. The effect of this 
matrix is based on the relation between the distances separating the output neurons. 

4   Experimental Study 

To empirically validate the importance of the acquisition and retention factors, this 
study has covered 126 Spanish organizations related with high-technology. 267 R+D 
employees from these firms were surveyed in order to analyze the HR strategies and 
subsequently improve the status of the analyzed firms. 
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The average profile of these hi-tech firms is that of an organization with 266 
employees, manufacturing products and services (111 out of the 126 studied 
organizations). 47% of the analyzed firms claim they innovate in both products and 
services, running 124 R+D annual programs. 44% of the analyzed firms are members 
of a corporate group, 16% of them being international. 

As only the HR acquisition and retention factors are considered in the present 
study, features related with these two factors were analyzed from the surveyed data. 
These features are described in the following table. 

Table 1. Analyzed features for both acquisition and retention factors. 

Acquisition factor Retention factor 

1.- There is a plan to find the required 
HR abilities. 

1.- Candidates are selected according to 
their fitting with the firm. 

2.- A wide group of candidates is 
considered for vacancies. 

2.- Employees match with the 
organization culture. 

3.- Initial salaries are higher than 
competitors to attract candidates. 

3.- New employees are supported. 

4.- A high amount of money is spent to 
contract the right person. 

4.- Social and outdoor activities are 
sponsored by the firm for employees 
to know each other. 

5.- Trainers of new employees are 
carefully chosen and prepared.  

5.- Higher salaries than competitors are 
offered to keep employees.   

Five features have been used to define each factor. The values for all these features 
are discrete ones and range from 1 (strongly low) to 5 (strongly high). As a result, five 
features from each firm (126) have been gathered in both dataset (acquisition and 
retention). 

4.1   Results 

This section comprises an analysis of the best projections obtained in the above-
described experimental study by applying the CMLHL model to the data related with 
the two HR factors. The visualized groups in each one of the projections has been 
labelled (1.1, 1.2 …) in Fig. 1 and Fig. 2 for easy referencing. 

Acquisition Factor 
Firstly, CMLHL was applied to the acquisition features, generating the projection 

in Fig. 1. An in-deep analysis of this projection allows us to define the common 
characteristics for each one of the clearly identified groups (labelled in Fig. 1) 
according to the dataset features. 

Considering the first feature for the acquisition factor (“There is a plan to find the 
required HR abilities”), the firms are decreasingly ordered from left to right in Fig. 1. 
Thus, firms in the left third of the projection (groups 1.1, 1.2, 2.1, 2.2, 2.3, and 2.4) 
are those with the highest values for this feature, which means that these firms have 
designed and applied the required abilities for the economic activity. Those firms in 



6       Lourdes Sáiz, Arturo Pérez, Álvaro Herrero and Emilio Corchado 

the middle of the projection identified this ability plan as incomplete and it is even 
worse in the case of companies in the right third of Fig. 1 (groups 4.1, 4.2, 4.3, 4.4, 
4.5, 5.1, 5.2, and 5.3). According to this result, it has been checked that most of the 
firms have not completed the staff ability plan that is required and critical in order to 
fulfil the criteria for the acquisition factor. 
 

 

Fig. 1. CMLHL projection of the Acquisition Factor dataset. 

Regarding the second feature for the acquisition factor, the CMLHL projection 
provides a clearer clustering of firms. The firms are horizontally ordered, taking the 
highest values for this feature in the left side of the projection and the lowest values in 
the right side of the projection. Most of the companies are in an intermediate location, 
twelve of the companies take the highest value for this feature (Groups 1.1 and 1.2 in 
Fig. 1) while nine of them take the lowest value (Groups 5.1, 5.2 and 5.3 in Fig. 1). 
The more precisely the ability requirements are defined, more candidates will apply 
for the vacancies. 

The third feature of the acquisition factor reveals a vertical ordering of the data in 
Fig. 1. The firms at the bottom of the CMLHL projection are those taking the highest 
values for this feature, while the ones at the top of the projection take the lowest 
value. After the visual analysis it can be concluded that many of the firms take high 
values regarding this feature, so they have the best employees from the market. 

The fourth feature shows a vertical ordering of the data in Fig. 1, as in the case of 
the previous one. It is coherent with the previous feature as those firms that care about 
the knowledge of beginner trainers do also pay higher initial salaries than competitors. 

 The fifth feature complements the previous ones in the study of acquisition factor. 
The grouping obtained through CMLHL (Fig. 1) is not as precise as previously 
indicated. However, there is a kind of ordering, as those firms in a better situation are 
in the left side of the projection and those in the worse situation are in the right side.  

From a general perspective, the projection organizes the firms in nineteen different 
groups (from 1.1 to 5.3). This global order leads to gather in group 1.2 those firms 
with the best policies regarding HR. On the other hand worst HR policies cause firms 
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2.2

2.3

2.4

3.2

3.3

3.4
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4.2
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to be located in groups 5.1 and 5.2. Firms in an intermediate situation are gathered in 
groups 2.2, 2.3, 3.2, 3.3, 3.4, 4.2, 4.3 and 4.4. 

Retention Factor 
Fig. 2 shows the projection of firms by means of CMLHL and according to the 

retention factor. 
 

 

Fig. 2. CMLHL projection of the Retention Factor dataset. 

The first feature to be considered for this factor (Candidates are selected according 
to their fitting with the firm) is very important, and causes a vertical order of the data. 
Those firms at the top of Fig. 2 are the ones with the highest values for this feature, 
while the ones at the bottom are those whose fitting to new employees is almost 
inexistent. Two of the companies do not take this issue into account at all and are 
depicted at the very bottom of the projection. 

Regarding the second feature, the projection shows a horizontal distribution of the 
data. Most of the companies are in an intermediate situation, as only six of them take 
the highest value (in the right side of Fig. 2) and seven of them take the lowest value 
(in the left side of Fig. 2). This feature is related with the previous one as there is a 
coincidence between the global fitting and the firm culture. 

The third one of the retention features reveals a precise tendency in the projection. 
Firms at the bottom of Fig. 2 are the ones with highest values for this feature. The 
lowest values place firms at the top of the projection. There is not a big amount of 
firms taking the maximum value for this feature. On the contrary, most of the firms 
take medium/minimum values. This can be identified as a deficiency in the important 
task of new employee integration. Considering the previous features, those firms that 
get the highest value in the employee selection according to the global fitting with the 
company do not care about the successful integration of new employees. 

According to the fourth feature, the firms are ordered in a similar way as for the 
second one (highest scores in the right side and the lowest ones in the left side). This 

1.1 
3.1

2.1 4.1 5.1

6.1

7.1

3.2

3.3
4.2

4.3 5.2 6.2 7.2
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is coherent as the sponsoring of social activities for employees is part of the culture 
values of the company and leads to a high level of commitment that may be extended 
to other cultural components. The fifth variable shows a vertical tendency in the data 
ordering as in the case of the first feature related with the acquisition. 

From a general perspective, the whole dataset is split in fourteen different groups 
according to the retention factor. The best practices are performed by the firms in 
groups 6.1 and 7.1 (Fig. 2). On the other hand, firms in group 1.1 are those in the 
worst situation regarding the analyzed factor. Some other firms are in an intermediate 
situation and are located in groups 3.1, 3.2, 4.1, 4.2, 5.1 and 5.2 (Fig. 2). 

4.2 Comparative Study 

To compare the CMLHL projections with those obtained from some other 
unsupervised techniques, Principal Component Analysis (PCA) [17], MLHL and Self-
Organizing Map (SOM) [23] have been also applied to the HR dataset. The obtained 
projections are shown in Fig. 3. The PCA neural version [24], MLHL and CMLHL 
are compared below as the three of them are projection models based on unsupervised 
learning, aimed to provide a visual analysis of the internal structure of a data set. 

 

a) PCA projection of acquisition factor. b) MLHL projection of acquisition factor. 

 

c) PCA projection of retention factor. d) MLHL projection of retention factor. 

Fig. 3. PCA and MLHL projections of HR data (acquisition and retention datasets). 

The sum of the data variance accumulated by the two first principal components is 
67.8% for the acquisition factor (Fig. 3.a) and 66.9% for the retention factor (Fig. 
3.c). As can be seen in Fig. 3 none of them reveals the inner structure of the data for 
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any of the analyzed factors. On the other hand, the MLHL projections of both 
acquisition (Fig. 3.b) and retention (Fig. 3.d) factors allow a deeper analysis of the 
data. 

Regarding the acquisition factor, MLHL provides a less precise visualization of the 
data structure than CMLHL. However, a certain organization of the data can be 
identified. Firms in the left side of the projection (Fig. 3.b) take high values 
concerning the second, third and fifth features. Firms in the right side of the 
projection are in the opposite situation regarding the mentioned features. It is the 
other way round considering the first and fourth features. Firms in the centre of the 
projection (Fig. 3.b) take intermediate values, whose situation improve if they are at 
the bottom of the projection. 

An in-deep analysis of the retention factor and the MLHL projection (Fig. 3.d), 
shows that firms in the left side of the projection take the highest values regarding the 
second, third and fourth features. Firms taking the highest values for the first and fifth 
features are located in the right side of the projection. 

On the other hand, SOM has also been applied to the above described dataset. For 
the sake of brevity, graphical results of the SOM mapping have not been included in 
this study. It can be said that the SOM does not provides with a clear clustering of the 
data, as neurons do not collectively respond to a certain kind of input data. 

While previous research [25] [26] [27] outlines the effectiveness of HRM practices 
(such as selective hiring, performance appraisal, self-managed team, extensive 
training and some others) to increase the firm's levels of knowledge acquisition, 
sharing and application, some other studies [5] [28] [29] reach evidence that KM 
capabilities play a mediating role between HRM practices and overall firm 
performance. 

5   Conclusions and Future Work 

The main target of the present study is to provide a powerful and robust (to be applied 
to disparate data) intelligent tool for researching on KM and HR, from purely 
theoretical formulations to applications allowing a diagnosis based on the captured 
data. 

This objective has been fulfilled as CMLHL has been able to visualize the data in 
an ordered way, leading to a fruitful analysis of the firms’ situation. The clear-cut 
grouping in the projections allows the definition of firms according to the acquisition 
and retention settings. Subsequent corrective actions can be proposed according to the 
firm strategy. 

In conclusion, the application of unsupervised neural techniques has contributed to 
successfully detect the HR practices in firms and how to evolve and progress toward a 
more efficient deployment and execution of them. This will greatly contribute to 
improve the efficiency and competitiveness of firms. Thus, CMLHL provides with a 
strategic viewpoint that allows us to identify the specific key characteristics for 
companies to improve their knowledge management status. 
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Future work will focus on extending this study with some other factors that are 
important in the HR and KM fields (described in Section 2), and in the application of 
other unsupervised models such as the ViSOM [30]. 
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