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Abstract: 
Employee attrition (employee turnover) refers to the 

sudden resignation of a staff or working personal 

from company or business enterprises, this issues 

had necessitated enterprise’s human resource 

managers to employ an inform datamining 

techniques in addressing the repercussion that the 

sudden lost may result into, which in turn became 

hard to recover and regain. Consequently, 

identifying a concept applicable in forecasting an 

intended quitting personal is necessary to minimize 

it negative impact, in an attempt to solve this issue, 

past studies uses some influential features like 

employee’s and organization’s trait., while in this 

work, we emphasize on mining a worker’s historical 

profile inform of bipartite graph, aiming at studying 

the vector pattern of this graph, we achieved this by 

designing a framework that compute all the vertex 

sequence for the graph using a random-walk 

technique and uses the pattern as input to an 

algorithm called skip gram negative sampling 

algorithm to get the vector representation for the 

vertices., add this output to the worker’s native data 

(personal details) and use it as input to the most 

historically used classifiers to forecast the turnover., 

specifically, this work proposes a prediction 

technique that examine the role of a 10k-cross-

validation in forecasting worker’s attrition called 

Improved Graph-Embedding and Prediction 

(IGEP)., furthermore, an experimental result prove 

that the propose technique has a positive impact on 

the prediction result when compared with others. 
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I. Introduction 
According to [1], Employee attrition 

(employee turnover) refers to the sudden resignation 

of a staff or working personal from company or 

business enterprises. 

This problem had necessitated enterprise’s 

human resource unit to employ an inform 

datamining techniques to model the historical data 

in a way that can facilitate forecasting such attrition 

to manage the repercussion that the sudden lost may 

result into [2]. 

On the other hand, past studies have 

demonstrated the  role of machine learning in 

addressing all such unforeseen risk in business 

activities [3], [4]. However, the utilizing advanced data 

mining techniques is still underutilized in 

underdeveloped communities. [5],[33]. These draw aur 

attention to explore some other areas that we can 

utilizes data to forecast all worker’s attrition 

behaviour. 

This study, consider only an intended 

(voluntary) attrition from the employee side, as the 

involuntary attrition behaviours are mostly course 

by the enterprise’ managers themselves. 

 

Many studies have been made to address 

this problem, some of which include the work of [8], 

[9] used Machine learning techniques to forecast the 

employee attrition, while some consider a survey as 

the effective means of fishing out the reasons for the 

sudden attrition [10] & [31]. 

However, previous research focuses mostly 

on income earn and social wellbeing of the workers,  

disregarding the workers’ working trend and 

ambition, which contain important details about the 

workers’ attitude. This may in turn result in vital 

information leakage, that when considered may can 

help in getting a better output. 

Consequently, to address this issue, we design a 

network-based graph embedding technique by 

dividing the worker’s working history into the 

employee and the places the worked as depicted in 

the diagram bellow.  
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Fig1: employee bipartite graph. 

 

This bipartite graph allows us to effectively study 

the employee network trend embedding via a horary 

random walk (HRW), proposed by [33], [34] to 

produce the sequence for the vertices contain in the 

bipartite graph. 

This output obtained from the HRW in then served 

as input to a historically best optimization algorithm 

called Skip Gram Negative Sampling algorithm to 

transform the vertex walk into a vector 

representation as observed in the work of [13], [14], [15], 

[16] & [17]. 

Finally, we combine the network-based vector 

information with the employee’ demographic data 

as input to the most historically used prediction 

algorithms to make the prediction.  

In summary, this proposes paper the following 

important concept: 

 

✓ It proposes an improved predication model 

aimed at enhancing a prediction output of 

companies’ staff attrition. 

✓ It emphasizes the importance of a Principal 

Component Analysis (PCA) algorithm, 

when  composing the best part of the data 

that can fit the model to enhance the 

prediction result.  

✓ It evaluates the performance of the 

improved model in comparison with the 

other related prediction result. 

 

II. Methodology 
This part describes the method use in designing the 

model and the concept employed and the prediction 

technique as follow: 

2.1.Definition of some term: 

2.1.1 The Bipartite graph: 

A bipartite graph is a structured graph type with a 

properties that it’s all vertex be partition in to two 

independent group in a way that no two vertex in 

same partition are connected directly [3]. Base on the 

above definition we can state the following. 

 

2.1.2 Bipartite graph: 

A bipartite graph is graph of the form G = (X, Y, E, 

T) partitioning a relation between a staff (s), and 

company ‘c’, connected by an edge (e, c, t) 

representing the attrition within a specific time ‘T’. 

Here, the logic aim is to identify the tendency of ‘s’ 

to quit services with ‘c’ at a particular time ‘t’. [6] [35] 

& [18]. 

 

2.1.3 Horary-random-walk (HRW) 

This is a concept used to model a network of 

dynamic in nature, e.g.., Let G= (X, Y, E, T) be a 

bipartite graph (dynamic), the HRW select a vertex 

at  random from a graph ‘G’, and the walker begins 

to walk from  one vertex to another nearby vertex on 

the other part of ‘G. with a condition that on visiting 

the next vertex, it will walk through the edge with 

the lowest time frame ‘t’ to walk through or-else it 

choose any adjacent vertex to walkthrough  at 

random, the walker stop at a  last  visited vertex if 

all the edge have been visited l [3]. 

 

2.1.4 Skip gram negative sampling (SGNS) 

A Skip gram negative sampling is an unsupervised 

learning algorithm (e.g., Word2Vec. ) aimed at 

learning to convert text into vectors, a process called  

‘text embedding’ [37] & [19].  
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DATA CLEANING MODULE 

DIMENSION REDUCTION MODULE 

( PCA & DT ) 

 

EMPLOYEE TURNOVER PREDICTIONM MODULE 

classification algorithm used: 

(DT, RF, GBT, XGB, KNN and LR) 

 

 

K-FOLD-CROSS VALIDATION MODULE 

( 10-FOLD ) 

 

2.3 IGEP Model:  

To have a best solution for the stated problem we, design a model as shown in the figure below: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1. A Propose IGEP Model 

III. Experiment 
3.1 Data collection: 

The data used in this work is a secondary data 

obtain from a public repository. It contains both 

personal, demographic, turnover status and temporal 

information of employees within a couple of 15 

month starting from 1st January 2018 to 30th march, 

2019. 

Moreover, as part of the selection criteria, we 

consider a staff with at least two different working 

experience and a limit of 18 month as the accepted 

time of quitting. i.e., any staff that quit before the 

cutup time will be excluded.  

 

3.2 Data Pre- Processing  

As indicated in the model diagram, data cleaning is 

the first step in data mining after collection. Based 

on the type of data at hand, we used feed-forward 

and a decision tree to select the best feature from the 

demographic information and applied principal 

component analysis to compose the vectors into a 

unit of components. 

After preparing the data, we form a bipartite graph 

containing 47,257 staff’s vertex and 23,457 

companies or enterprises vertices connected by 

203,604 edges, respectively.  

Also from the staff’s biodata, we selected nine 

relevant basic features namely. 
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We also select the nine most relevant basic variables 

in order of their variation ranking, from the clean 

data set, these variables can be divided in to three 

categories as shown in the table 3.1 below. 

Moreover, we apply a Ten-k cross validation to 

perform the train-test split. 

 

 Table 3.1: Variable’s description tables 

S/N TYPE OF  FEATURE NAME OF FEATURE  

1 Staff personal information • Gender,  

• Highest certificate obtained. 

2 Present-work information • Date of first Appointment, 

• Unit of work posted, 

• Development levy, 

• Code of present scale, 

Present status held. 

03 Staff Work experience. • Start year of waking career, 

• Turnover status. 

3.3 Prediction algorithms used. 

In this research, we have adopted six classifiers as 

follows: 

i. A Random-forest algorithm (RF): A 

random forest algorithm is an 

ensemble learning that is mostly used 

in prediction problem, [19], [21] & [32] 

ii. An Extreme gradient boosting 

Algorithm: This is a boosting 

ensemble learning algorithm that is 

historically known to be good in a 

prediction problem [5], [25] & [26].  

iii. A Decision-tree algorithm (DT): 

Decision tree algorithm is a tree-based 

structured algorithm having it internal 

node as a test features while its 

branches represent the test output. [3], 

[22] & [30]. 

iv. A Gradient-boosting-tree algorithm 

(GBT): this is a boosting learning 

algorithm that construct many weak 

decision trees per iteration to reduce 

the sample loss. [23] & [24]. 

v. K-nearest-neighbors algorithm 

(KNN): is a classification learning 

algorithm that work by observing a 

distance between query, select a 

number ‘k’ value that is closer to the 

query and vote for the most occurring 

label. [36] 

vi. Logistic-regression algorithm (LR): 

This is a gradient descent  algorithm 

that such for an optimized parameter 

of a linear model having a minimum 

loss-function.[3]. 

 

3.4 Metrics used to evaluate the model 

performances:  

a. F1 score: this is refers to the  average 

of precision & recall  

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 ……………….. 3.1           

b. Precision: This is said to be the ratio of 

all positive cases in all samples 

identified to be  positive.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
……………….…………………3.2 

c. Recall: this is a ratio of apparent 

positive case in the prediction to all 

actual positive cases. 

i.e.,  𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  …………………………..3.3 

KEYS: True positive [TP], True negative [TN], 

False negative [FN], and False positive [FP]. 

 

4.0 Research result and discussion 

1.1 Model evaluation with the staff demographic 

data only.  

To facilited an effective comparison of the new 

IGEP-Model we simultaneously run and compare 

the performances of the new model including and 

then excluding the new embedded features as 

follows.  
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Table 4.1 Model performance with the staff demographic data features 

S/N 

CLASSIFIERS 

USED 

EVALUATION METRICS 

ACCURACY PRECISION RECALL F1 AUC_ROC 

AVERAGE 

PRECISON 

1 DT 0.9154 0.6791 0.7337 0.6109 0.8378 0.5985 

2 RF 0.9235 0.7978 0.6996 0.6915 0.8982 0.7844 

3 GBT 0.9572 0.8915 0.6718 0.6930 0.9088 0.8432 

4 XGB 0.9345 0.7416 0.7049 0.6427 0.9321 0.8374 

5 LR 0.9001 0.8103 0.9001 0.8528 0.5621 0.2015 

6 KNN 0.9001 0.6593 0.5851 0.5470 0.8184 0.6028 

 

From the above table we can observed the most 

significance improvement with the GBT algorithm 

having an accuracy score of 0.9572, precision of 

0.8915 AUC-ROC of 0.9088 and an average 

precision of 0.8432. However, this is because GBT 

is a boosting ensemble learning algorithms that 

work with non-linear data effectively. 

Moreover, logistic regression is seen to excel in 

recall and F1-measure with a score of 0.9001 and 

o.8528, respectively. Again, this might be because a 

recall metrics aimed to reduce the false positive rate 

and as well F1 tend to measure the degree to which 

such false prediction is minimized. 

 

4.2 A Model performance with IGEP features 

and employee demographic features. 

To train and validate the model performance with 

this features, we composed the embedded features in 

to six independents component using the stated PCA 

algorithm, (i.e., PCA-1, PCA-2, … PCA-6), and 

then combine each with the staff’s demographic 

feature to make the prediction. 

The subscript used at each prediction algorithm 

(Table 4.2) indicate the ‘k’ value of the PCA 

Algorithm. (where: ‘k’ represents the number of 

components in which the embedded feature was 

composed) 

Table 4.2: A Model performance with IGEP features and employee demographic features. 

S/N 

CLASSIFIERS 

USED 

EVALUATION METRICS 

ACCURACY PRECISION RECALL F1 AUC_ROC 

AVERAGE 

PRECISON 

1 DT4 0.9283 0.7546 0.7944 0.7218 0.8752 0.6172 

2 RF6 0.9566 0.9041 0.7551 0.7676 0.9453 0.8888 

3 GBT6 0.9522 0.9003 0.7878 0.7935 0.9386 0.9060 

4 XGB6 0.9393 0.8606 0.8009 0.7820 0.9424 0.9062 

5 LR3 0.9004 0.8127 0.8997 0.8526 0.6428 0.2438 

6 KNN1 0.9318 0.6331 0.6564 0.6153 0.8332 0.6718 

 

Similarly, after the appending the new-IGEP model feature [Table 4.2] it can be observed that random forest 

exhibits the best result with it corresponding accuracy score of 0.9566, precision score of 0.9041, AUC_ROC 

score of= 94.53, However, this improvement became possible considering that random forest is a family of 

ensemble learning that operate a Non-linear that more accurately than other learners.  

Table 4.3: Model performance comparison before and after inclusion of embedded feature 

S/N 

CLASSIFIERS 

USED 

EVALUATION METRICS 

ACCURACY PRECISION RECALL F1 AUC_ROC 

AVERAGE 

PRECISON 

1 DT4 0.129 0.7550 0.607 0.11.09 0.374 0.187 

2 RF6 0.331 0.1063 0.555 0.7610 0.471 0.1044 

3 GBT6 -0.500 0.8800 0.1160 0.1005 0.298 0.628 

4 XGB6 0.480 0.1190 0.9600 0.1393 0.103 0.6880 
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5 LR3 0.030 0.2400 -0.040 -0.0200 0.807 0.4230 

6 KNN1 0.317 -2.620 0.713 0.6830 0.148 0.6900 

Table 4.3 above indicate the performance difference between table 4.1 and that of table 4.2, from this simple 

comparison we can observed a positive improvement in most of the algorithms which signifies the supremacy 

the proposed model.  

 

 

 

Fig 4.1: model performance attrition prediction with / without IGEP-features 
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Figure 4.2 below, is a feature importance ranking made with decision tree to further explore the features that 

contribute immensely to the performance improvement seen in table 4.3 above, from the ranking it is seen that 

vec-7 and vec-8 emerge 3rd and 4th position in the plot, this tell us that they perform better than most of the 

demographic features previously used for this type of problem.  

 
Fig. 4.2: Model feature importance ranking with DT. 

V. Conclusion and Future Research Direction. 

In this work, we examine the new model call IGEP-

model that examine the role of PCA algorithm and 

cross validation technique in modeling an embedded 

feature as a set of components and help in solving 

an unbiased employee turnover prediction 

performance effectively. 

Furthermore future research may focused on using 

another set of data, possibly from other continent 

that contain different feature not considered in this 

context to have a wide coverage of the problem.. 
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