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Abstract

Employee productivity has been considered a crucial factor that threatens/diminishes company revenues and
growth. Investigating the productivity of a garment company's workforce has been occupying this research's focus.
Moreover, the garments industry is one of the most labor-intensive industries, and studying the actual productivity
of employees is an important source for decision-making. Additionally, the productivity of the manpower is
associated with influencers such as workload, incentives, overtime, and the capacity of the manpower versus task
requirements. Based on theories and experiments, it has been found that employees’ productivity could be affected
by those mentioned factors and other variables such as the convenience of the surrounding environments, and
workplace layout. Considering the power of artificial intelligence (Al) and machine learning (ML) techniques,
starting by examining a set of regression algorithms, linear regression (LR), Regression Trees (RT), Support Vector
Machines (SVM), Gaussian Processes Regression (GPR), and Ensemble of Trees Regression (ET) methods are used
to predict the employees’ productivity. Also, artificial neural networks (ANNs) are employed with a couple of
training algorithms which are Levenberg-Marquardt (LM) & Bayesian Regularization (BR). The last application is
the adaptive neuro-fuzzy inference system (ANFIS) via Hybrid and Backpropagation optimization. All the above
models are studied to configure the impact of six independent predictors on productivity. In conclusion, medium
regression trees give the RMSE of 0.10926 for training, and R-squared value of 0.69, Exponential Gaussian
processes regression 0.10627 for RMSE for the training and 0.6 for R-squared respectively. The ANNs of Bayesian
Regularization produced a value of 0.120476814 for RMSE and 0.72248 for R-Squared of the highest coefficient
of determination.

Keywords- Employees’ Productivity, Artificial Neural Networks (ANNs), Adaptive Neuro-Fuzzy Inference
System (ANFIS), Regression Tree, Support Vector Machine, Gaussian Processes Regression, Employees’
Performance.
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INTRODUCTION

Imagine a company that would like to make significant revenues in a highly competitive market while they are failed
frequently to meet the customers' demand as they have insufficient planning and poor forecasting of the needed workforce and
associated productivity. As a result of such a weak planning strategy, the organization would lose some customers as they
prefer to dedicate their loyalty to other companies capable of fulfilling their needs. Therefore, meeting customers' demand
needs efficient forecasting of manpower, machines, materials, etc. In the following chapters, the manpower's productivity levels
would be evaluated and forecasted through different algorithms aiming to reach accurate predictions of how the productivity
of the employees can be improved and meet the needed demand to ensure customer satisfaction eventually. On the contrary,
failing to meet targeted demand can impact customers' loyalty levels, as per customer surveys and feedback, most customers
are disappointed with the company of the unavailability status of the products, feeling no more interest in the experience and
purchasing more products from the same brand. Furthermore, consumers have included the waiting time to purchase or deliver
the products can deteriorate their satisfaction.

Moreover, most of the companies within Saudi's market tend to use traditional methods and approaches of forecasting the
workforce's productivity based on the current structure without considering implied factors. Noting that implementing a fair
overtime pattern along with reducing the excess headcount, and assigning encouraging incentives for free-defect production
can enhance the prediction outcomes. Also, ignoring paramount factors such as using smart solutions including Al approaches,
trendy patterns, and seasonality movements could lead some of those companies and business firms to be exposed and affected
by the consequence of inaccurate forecasting those mentioned previously. For that, planning the performance demand &
requirements must be updated and supported by new research, studies, and approaches to be more efficient while the planners
are forecasting the demand of the organization.

Therefore, one of the main reasons to run this study is to judge the productivity of the workforce fairly, optimizing the
organization's expenses on hiring and ensuring a suitable headcount for each unit of the business. Why Artificial Intelligence?
As our life has been inducted by the different use of artificial intelligence tools and applications like product recommendations,
purchase predictions when we are shopping online, processes automation in the business, and more applications of artificial
intelligence are expected to be implemented in the foreseeable future. Accordingly, the artificial intelligence approaches have
proven their capabilities and accuracy as they facilitate the process, leading to accurate outcomes, and saving time and capital.
Therefore, within this research a batch of artificial intelligence approaches within the machine learning algorithms based on a
computational intelligence technique which are Regression Learner via the models of linear regression (LR), Regression Trees
(RT), Support Vector Machines Regression (SVM), Gaussian Processes Regression (GPR), and Ensemble of Trees Regression
(ET), while for Artificial Neural Network (ANN) part, two different training algorithms have been implemented those are
Levenberg-Marquardt & Bayesian Regularization, considering the last application which is the Adaptive Neuro Fizzy
Integrated System (ANFIS) as a part of control system design and analysis tools that is tested through both Hybrid and
Backpropagation methods of optimization. All those models have been examined to provide the forecasting of the assigned
company from the aspect of performance & productivity to identify the recommended measures related to the manpower
capacity and specifying the employment and productivity demand of the following year besides implementing a deep
comparison of the outcomes with explaining the strength and weakness of each approach versus the forecasted data by the
traditional approaches to prove the effectiveness of each algorithm. After that, some recommendations and remarks will be
included for possibly enhancing the planning of the workforce & productivity demand, as those might be useful for future
research and studies. Beginning with Chapter I: an introduction of the topic including the background and purpose. Followed
by Chapter II: an inclusive literature review, then Chapter III: Applications and Methodology. After that, Chapter IV: where
the discussion and interpretation of the outcomes. Additionally, Chapter V: concludes the main findings and recommendations.
Finally, Chapter VI: where the citation of references and sources.

LITERATURE REVIEW

A noteworthy that a conducive work environment provides comfort and safety to employees and that can be a motivating factor
to improve their productivity. Consequently, a deficient work environment can be the main reason behind the negative
productivity and performance levels[1]. Notably, the productivity definition is the efforts of an individual to convert the
specified input(s) to a planned output(s) through identified methods and time limits. Also, productivity is depending on a group
of factors including supportive policies, and compensations. Contrary, there are some obstacles like Incivility, and harassment,
[2]. Financial benefits are essential as 65% of the employees' dissatisfaction is due to the low wages as per American
Psychological Association [3]. Employee retention is achievable by keeping attention to the associated costs of training or
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hiring to maintain the planned productivity levels [4]. A motivation mindset and culture must be implemented among
organization departments and workforce as employee productivity is significantly related to how intrinsically motivated
employees are to contribute to achieving the targeted figures and levels of their organizations [5].

Supervised Machine Learning is a sub-part of Al that is about applying an algorithm that is trained by using past data to
predict future related figures [6]. The SVM has a set of advantages as it is processing the prediction of the data in a short time
with high accuracy as it can train the linear and non-liners models. In contrast, the drawbacks of SVM include the long
establishment of the model, and it is not highly recommended for large-scale data [10]. Additionally, the GPR algorithm
employs the kernel method which provides the implied distributions of latent functions that define the relationships between
inputs and outputs for the model. Also, it is performed based on the Bayesian perspective. As it optimizes the log margins of
the dataset [11].

Highlighting that the traditional forecasting approach is using time series hypotactically to forecast future demand based on
past demand. Consequently, the Al forecasting process considers exogenous factors [12]. For Obtaining excellent results via
ANNEs it is better to use non-linear models. Also, ANNs are described as black box that has many inputs that will be processed
inside to produce single or multiple outputs based on intelligence computations algorithms. Moreover, the performance of
ANNSs depends on their parameters and architecture [13]. Although, computations of ANNs are unknown yet many researchers
have developed various approaches with accurate outcomes, like Error back propagation (EBP) and Levenberg Marquardt
(LM) algorithms [14]. ANFIS is where the fuzzy inference system (FIS) processes the data in the adaptive ANN framework.
The FIS uses the if-then rules to convert the qualitative inputs through logical reasoning while adaptive ANN is working to
design the patterns [15].

METHODOLOGY

I Data: collection, Preparing, and steps of implementing the training

2. Preparing & Cleaning the collected data

Ensuring no blanks cells or qualitative data Only Quantitative data Arranged in a readable format for MATLAB

FIGURE 1
DATA COLLECTION & PREPARATION STEPS
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targeted_productivity SMV (Standard Minute| WIP (Work in progress - over_time incentive no_of_workers actual_productivity
Value) Number of ltems)
0.7 3.94 0 4320 0 18 0.759228395
0.8 4.08 0 1080 0 9 0.687555556
0.8 26.16 1073 10620 75 59 0.850502311
0.5 3.94 0 960 0 8 0.857916667
0.7 25.31 946 5760 60 54 0.700513566
0.8 15.26 961 4080 50 34 0.800401961
0.8 3.94 0 2400 0 10 0.753525
08 30.1 644 840 38 59 0.799982853
0.65 4.15 0 1440 0 8 0.821354167
0.7 11.41 685 3360 30 56 0.8211125
0.8 11.41 887 5490 50 305 0.800343766
08 29 0 960 0 8 0.667604167
06 15.26 1245 6360 23 34 0.60017284
0.75 4.15 0 1440 0 8 0.93532197
08 2252 1500 6900 113 575 1.000018551
08 4.15 0 960 0 8 0.782447917
0.8 11.61 910 4470 38 315 0.80007657
08 4.08 0 1080 0 9 0272
0.35 30.1 901 6960 0 58 0.350301724
08 11.61 955 6360 63 32 0.800191989
07 294 1146 6840 40 57 0.700614035
08 15.26 1133 4080 38 34 0.800401961
08 28.08 942 10530 75 58.5 0.850181818
08 11.61 632 0 50 57 0.800309211
08 26.16 1187 10620 75 59 0.850502311
0.75 18.79 1228 6240 45 52 0.750395513
FIGURE 2

DATA SAMPLE: INVESTIGATING EMPLOYEES' PRODUCTIVITY

1. Regression Learner (RL)

Cross Validation: Protect the model against the over-fitting, as it will use all the specified folds for training while leaving
a single fold for the testing and it is recommended for small datasets.

Holdout Validation: by identifying a percentage of the training set to be used for validation and it is more efficient for
large datasets.

Resubstitution Validation: no protections against the over-fitting status, as it uses the whole data set for training and
testing at once. Therefore, the accuracy will be lower than previous alternatives.

After that, the model will be created as the response will be plotted and readings of the data will be scattered. then,
specifying which model type will be used for the training as it can be a single model, a set of models within the same group, or
all the regression models at once, those models are:

1)

2)

Linear Regression (LR): a statistical approach that is used for predictive analysis and defining the relationship
between the predictors and responses of the model with the following mathematical formula:

Y =a + bX €]
Regression Trees (RT): an iterative approach of regression that divides the data into nodes, branches & leaves, and
it is used for identifying the possible events and predicting the potential outcomes, computing the sum of squared
errors for tree T as per the following formula:

§= Zc €leaves (T) Zi ecVi — mc)2 (2)

Where the prediction of leaf C is:

3)

me == Tiecyi 3)
Support Vector Machine (SVM): a supervised machine learning approach that is used usually for classification
purposes, SVM is working on classifying the data by defining a line that is called a hyperplane which separates the
data in a wide range as possible, Moreover, the data categories will be scattered on both sides of the hyperplane and
the closest dot of each category is called a support vector while the distance between the support vector and hyperplane
is called margin. Furthermore, the goal of SVM is to maximize the margin where the associated hyperplane is
considered as optimal. Lastly, the SVM algorithm works well with small datasets.
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Hyperplane: an n-dimensional line that separates the classes of SVM into two different sections, it is a line that identifies
the boundaries of SVM classes.
The Mathematical aspect of SVM for the linear regression model is represented by the dual formula:

L(a) = 3 3, 500G — a)(ay = )xig + e S0 (o + ) + DLy yi(e; — @) 4)
Based on support vector (SV) the following function is used to forecast new values:
fO) = Zita(an + an)(xpx) + b )

4) Gaussian Processes Regression (GPR): non-parametric Bayesian approach that suits a small-size dataset. GPR
models can be associated with capturing the uncertainty of the predictions. Additionally, Bayesian's approach
considers the probability distribution of all possible values not specified ones like some machine learning alternatives.
Considering the below formula:

P(f1X) ~ N(f|u K) (6)
f= (f(xl), ...,f(xN)),u = (m(xl), ...,m(xN)) and K;; = k(xl-,xj) @)

Where m: the mean function, and k is: Kernel or covariance function.

5) Ensemble of Trees (ET): a supervised learning approach but unlike the regression tree, the ensemble model is
combining several trees to enhance the process of predictions of the outputs rather than utilizing a single kind of tree.
Furthermore, the ensemble of trees algorithm can be over-fitted easily as it is very sensitive to outliers. Consequently,
the ensemble of trees usually leads to excellent prediction besides high robustness as it minimizes the spread of the
predicted data.

Bagging Formula:

$.0) = Tk wi() ®)

Where w,'s are the weak learners, and the above equation is for a simple average of regression.

Gradient Boosting Formula:

S.0) =Zis e xw () ©)

Where ¢;’s are the coefficients and the w;’s are the weak learners.

e The selected model will be ready to be trained, and initiating the training is followed by results on the left
side of the window as the lower Root Mean Square Error (RMSE) model would be highlighted.

e Additionally, a test option will be available to be used after the training by testing a selected model or testing
all trained models. Also, the testing stage starts by importing the data which will be tested.

e Interpreting the data visually through plots that include Prediction vs. Actual figures and Residuals
(Validation) plots for both training and testing datasets. While an extra plot is available in case the user has
applied the optimizable training model from the model type dropdown list which can be used to optimize the
mean squared error (MSE) for any selected models.

o Finally, exporting the plots or the model besides generating the functions into the workspace.

1II. Artificial Neural Network (ANN)

e By inserting the command nntool, the window of Neural Network Manager will appear.

e  From the import button, we can import the inputs & outputs (target) from the workspace.

o  From New button, we can define a Neural Network by specifying its parameters as training adoption learning
functions, number of layers & neurons, and performance measures like MSE.

e Two training algorithms have been used as the following:

1) Levenberg-Marquardt: a 2"-degree training algorithm for feed-forward ANN which provides a numerical value to
minimize the non-linearity of the model by reducing the value of the sum of squared errors or residuals the LM
algorithm can adjust the associated speed of the training. Not only that but LM can enhance the training by the steepest
descent and quasi-Newton methods, it is one of the fastest training functions, as it’s recommended for small or medium
sizes datasets.

Considering the mathematical aspect of LM training, the objective function of LM training can be represented as
follows:

E(wm) =053%, %M 20 () = 05 32, YV V() — dP(2)) 2 (10)
Where Q: is the number of samples
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&,): non-linear neuron error and it’s defined as:

&P = &) = 3P0 - 4P © (1)
d, &) (t): the r-th expected vector of the i-th teaching sample, and it’s calculated as the following:
A(w(m)) = —[V2E (w(n))]"* VE(w(n)) (12)
VE: the gradient vector.
VE(wmn)) = JT(w(n)) ew(n)) (13)
V2E (w(n)): is the Hessian Matrix.
VZE (wm)) = JT(w(n)) J(w(n)) + S(w)n)) (14)
] (w (n)): The Jacobian matrix.
dx1 doxn
Jwm) =1 : : (15)
ox1 doxn

The training through LM algorithm applies the presenting of the next sample of data as computing the outputs of the ANN,
applying the backpropagation with updating the rows of the Jacobian matrix via the following equation:

aelP (¢t 1
o= 500 2" 0 1o

ij
The Training will continue presenting the next sample till all samples are presented. Following that by calculating the error
criterion, computing of weighted updated vector A (W (n)) through equation No.10 as updating the respective weights. After
that, the criterion error is computed, and it will be compared with the previous error. Considering the new error value, if it was
smaller than the previous one, it's a successful training, otherwise the training will be considered as a failure. The training ends
when the target error limit is reached, or the training objective is achieved.

2) Bayesian Regularization: it is used to minimize the linear combination of squared errors and weights. In addition, this
technique gives better results in terms of regression. Considerably, Bayesian Regularization is not an easy technique
to be implemented. Moreover, Bayesian Regularization aligned with Levenberg-Marquardt as the backpropagation
approach of neural network Jacobian Jy performance as the following formulas:

]x =]x X]x (17)
Je=Jx XE (18)
dx = —(J] +1+mu)\J, (19)

Where E = the errors or the residuals, and I = the identity matrix

e Next is to train the ANN after choosing the characteristics as No. of Epoch & Max Fail range.

e A set of parameters that have been processed will have appeared after training implementation.

e Additionally, a set of figures of the training process in the shape of Performance, Training State & Regression
which interprets the correlations of coefficient (R-squared) plots will be available.

o After that, the outputs & errors figures are added to the Neural Network manager from where we can export
them into the workspace and copy them to an Excel file to run needed computations before conducting the
comparison between the actual and predicted figures.

e Note: All the figures of ANN are explained in detail under the results and discussion section.

1V. Adaptive Neuro-Fuzzy Inference System (ANFIS):

e from the apps— under the control system design and analysis— Neuro-Fuzzy Designer application.

e The window of the Neuro-Fuzzy Designer requires the user to upload a dataset in the load data area.

e Next to that, the generating of Fuzzy Inference System (FIS) options where the user can process the
generation via loading it from a file or workspace, grid partition, or sub-clustering methods.

e  After that, training of FIS options should be identified by selecting the optimization method to be hybrid or
backpropagation, error of tolerance, and the number of Epoch (iterations).
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1) Hybrid: a learning algorithm that combines the least square estimator and the gradient descent method.

2) Backpropagation: is a systematic approach to learning as it changes the weights of the neural network as per the
activation function. Also, it is a supervised machine learning algorithm. As the outputs have some differences, they
will be backpropagated to apply a set of adjustments to the weights between the neurons which minimizes the error.

e Then, the testing dataset will be available by plotting the output against training, testing, or checking data.

e On the right side of the plot, the number of membership functions of ANFIS can be shown.

e Above the plotting space, there are three dropdown menus, where the user can export, import, or print the
model. Also, the user can modify FIS properties, membership functions, or rules of the model. (All the details
of the edit menu options will be explained in the results & discussion section). Lastly, visualizing the surface
or the rules of the model will be obtainable.

o Finally, the user should export the file with (.fis*) either to the workspace or to a file to be able to upload it
again in the Fuzzy-logic designer and manipulate the rules, and conditions as needed.

e  The last step of ANFIS is exporting the predicted results and running the needed statistical computations.

e The followings are the structure and the mathematical aspect of the ANFIS algorithm:

Layer 1 Laver 2 Layer 3 Layer 4 Layer 5
Input MFs Rules  Normalization  Output MFs Output

XY

FIGURE 3
GENERAL STRUCTURE OF THE ANFIS FOR EMPLOYEES' PRODUCTIVITY INVESTIGATION (ALKHAZALEH, ET AL. 2022)

The ANFIS generally consists of 5 layers as the following:
e Layer 1: the input layer for the fuzzy system in which nodes represent a membership value to a linguistic term.
The Membership function types:

gaussian (c,0) = e™*° &)? (20)
where c is the center of the function and ¢ represents the width.
Gaussian — bell shaped (a,b,c) = H%ﬁ (21)
where a is the width of the bell, b is a positive integer, and c is the center of the curve in a universe of discourse.
Triangular (a, b, c) = max(min (g, 1,%) ,0) (22)
where a & c are for the feet of the curve, while b is for the tip of the curve.
Trapaziodal (b, c,d) = max (min (g, 1,3%’:),0) (23)

where a & b for the feet, and ¢ & d for the shoulders of the curve.
e Layer 2: for the rules where each input node provides the strength of the rule by one of the multiplication operators
AND or Prod to calculate and find the firing strength.
W; = M A;(xo) * M B;(x1) (24)
Where 4; is the linguistic value of the variable x,, B; is the linguistic variable of the variable x;, and both terms are

multiplied to find the firing strength of rule i.

e Layer 3: It is used for normalization purposes where the firing strength will be normalized by computing the ratio of
the rule's firing strength to the sum of all rules firing strength through the equation:
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- Wi
- z:ﬂ‘ezle
where W, is the firing strength of rule i that is computed in layer no.2, and Zle W; is the sum of the firing strength for
all rules.
e Layer 4: the adaptive node of the normalized firing strength of layer 3, can be computed via the following equation:
Wf, = W (p,q07) (26)
where W, is the firing strength of rule i, and all p;, g;, 7; are the parameters of the node.
e Layer 5: it is a single node that represents the sum of all outputs from layer no.4, this node can be calculated through
the below equation:

S

(25)

T E _ 2iWifi
LiWf = = (27)

Zi wi
Where W, f; is the output of layer no.4, and W, is the firing strength of i% rule.
b. Analyzing the Data:

e Analyzing and comparing the different models of regression learner, ANN, and ANFIS.

e Comparing all the three applied methodologies, by considering the optimal model(s) to conclude which
model and algorithm can be the best and why it has superior results among the other alternatives while
considering the flaws of other approaches and why they should be avoided.

e  The comparison will be based on the correlation of the coefficient R-squared values along with the accurate
measurements of the values of root mean squared error (RMSE)

. nEXN-ENEY) (28)
Jozr-gonari-an?
Where r = Correlation of coefficient, n = the number of observations in the dataset, X= 1% variable Y= 2" variable.
Note: in MATLAB, the considered coefficient value is R-squared which is the squared value of r.

1 ~3\2
MSE = -¥i,(Y; - 1) (29)
RMSE = MSE (30)
MAD =~ |x; = m(X)| (31)

Where n = the number of observations in the dataset, Y; = the actual or observed value.
Y; = the predicted value, x; = the data value in the set, m(X) = the average or the mean of the dataset.

DISCUSSION AND RESULTS

As declared the algorithm of regression learner will be applied through different models to examine which might be the
best according to the manpower productivity data. All the considered models have been trained by three different alternatives
of cross-validation approaches of 3,5,10 folds, besides another three different hold-out percentages through the hold-out
validation algorithm which are 10%,25%, and 40%. The comparison considers the following parameters: Root Mean Squared
Error (RMSE), Correlation of Coefficient (R*2), Mean Squared Error (MSE), Mean Absolute Error (MAE), and training time
in seconds. The examination has been implemented on six types of regression models those are Linear Regression (LR),
Regression Trees (RT), Support Vector Machines (SVM), Gaussian Processes Regression (GPR), and Ensemble of Trees (ET),
the following figures are summarizing each experiment and the associated results.

As seen below in Figure 4, we can conclude that the best models are the bagged Ensemble of Trees (BET) and
Exponential Gaussian Processes Regression (EGPR) which they have the highest correlation factors of 0.47 and 0.45
respectively, besides recording the lowest values of RMSE of 0.12669 for ET, and 0.12956 for GPR model. Considering the
time consumption, both ET and GPR are processing the model in a longer time within 3 folds cross-validation as the time in
seconds is 2.9718 for ET and 2.4095 for GPR. Consequently, the worst results were for Linear Regression (LR) model as it has
0.24 for the correlation and 0.15259 as RMSE.
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CROSS VALIDATION - 3 FOLDS
Time (Seconds) R-Squared mWRMSE m
047 2.9718
ET 3 Folds wil 0.12669
045 2.4095
GPR 3 Folds . 0.12956
o 0.60699
SVM 3 Folds . 0.13731
o Be 1.4939
RT 3 Folds . 0.14054
024 2.904
LR 3 Folds wm 0.15259
0 0.5 1 15 2 2.5 3 35
FIGURE 4:

EMPLOYEES’ PRODUCTIVITY INVESTIGATION - 3 FOLDS CROSS VALIDATION TRAINING - REGRESSION MODELS

Cross Validation - 5 Folds

2.3228

ET 5 Folds F 0.47
0.12677

GPR5Folds | ] 0.45
] 0.12944

4.3163

0.56037
SVM5Folds | 1 0.37
[l 0.13894

1.2903
RT5Folds | 0 0.37
[l 0.13847

2.5368
LR 5 Folds 0.24

0.15259

0 0.5 1 15 2 2.5 3 3.5 4 4.5 5

Time (Seconds) ® R-Squared ™ RMSE

FIGURE 5
EMPLOYEES’ PRODUCTIVITY INVESTIGATION - 5 FOLDS CROSS VALIDATION TRAINING - REGRESSION MODELS

As seen above in Figure 5, similarly as 3 folds validation, both BET and EGPR have recorded the best results as the
associated RMSE values are 0.12677 and 0.12944 accordingly which are the minimum among all applied algorithms.
Additionally, the R-squared value for BET is 0.47 and for EGPR is 0.45 those are the highest correlated percentages of the
cross-validation with 5 folds. Noting that the consumed time for GPR is longer than BET as for EGPR the model has been
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trained in 2.3163 seconds while it is 2.3228 seconds for ET. As the cross-validation with 3 folds, LR model has shown an
unreliable correlation factor with a value of 0.24.

Cross Validation - 10 Folds
ET 10 Fold F 0.48 3.0062
olds B
0.12641
GPR 10 Fold F 0.45 8.9211
olas .
0.12891
0.75168
SVM 10 Folds ro 5).33@77 R
RT 10 Fold F 0.41 13139
olas .
0.13375
5.1836
LR 10 Folds r 00.22 8
.1485
0 1 2 3 4 5 6 7 8 9 10
Time (Seconds) M R-Squared ® RMSE

FIGURE 6
EMPLOYEES’ PRODUCTIVITY INVESTIGATION - 10 FOLDS CROSS VALIDATION TRAINING - REGRESSION MODELS

As seen in Figure 6 above, noticing that BET and EGPR are the most appropriate models for the cross-validation
approach in general as both have achieved the best outcomes of RMSE values of 0.0.12641 for BET and 0.12891 for EGPR as
well as had the lowest RMSE even with 3- and 5-folds approach. In addition, both BET and EGPR like the 3-folds and 5-folds
have recorded the highest correlation of 0.48 for BET and 0.45 for EGPR. On the other hand, we can conclude that LR is the
weakest model when it comes to applying the cross-validation as it has the lowest correlation for the 10-folds the value of R-

squared is 0.28.
Hold-Out 10% - Time Consumed (Seconds)
180 167.52
160
140
120
100
80
60
40
" 13,752 20.818
0.93105 0.62412 -
, o 6241 .
LR 10% SVM 10% Opt.RT 10% Opt.GPR 10% Opt.ET 10%
FIGURE 7

EMPLOYEES’ PRODUCTIVITY INVESTIGATION - 10% HOLD-OUT TRAINING - TIME CONSUMED (SECONDS)
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Hold-Out 10% RMSE & R-Squared

0.56
Opt.ET 10% -0.11369
0.6
Opt.GPR 10% Fo.10627
0.69

Opt.RT 10% 010926

0.51
svmio% [ 0 1en
021
LR 10% 0.14867

o

0.1

0.2 0.3 0.4 0.5 0.6 0.7 0.8
B R-Squared ® RMSE

FIGURE 8

EMPLOYEES' PRODUCTIVITY INVESTIGATION - 10% HOLD-OUT TRAINING - RMSE & R-SQUARED VALUES

As seen in both Figures 7 & 8, a noticeable improvement has been achieved generally from the aspect of RMSE and R-

Squared values by applying the method of Hold-Out validation. Starting by Hold-Out with 10% of the dataset, the most
recommended models are the optimized EGPR and Medium Regression Trees (MRT) as they have perfect results or R-Squared
with values of 0.6 and 0.69 respectively beside very low RMSE with values of 0.10627 for EGPR and 0.10926 for MRT.
Highlighting that optimized EGPR and MRT models have a significant variance regarding the consumed time for training as
EGPR has trained the model in 167.52 seconds while the time for MRT is 20.818 seconds.

2.5

15

0.5

1.7543
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FIGURE 9

EMPLOYEES’ PRODUCTIVITY INVESTIGATION - 25% HOLD-OUT TRAINING — RMSE, R-SQUARED & TIME CONSUMED (SECONDS)

As seen above in Figure 9, considering the second alternative of Hold-Out validation with 25%, the Bagged Ensemble

of Trees (BET) model is the most suitable one to be implemented as it has defined the relationships between predictors and
responses with a correlation factor with a value of 0.46 as it has the lowest residuals with RMSE value of 0.12667. Also, the
model has been trained in a very short time of 1.7543 seconds through the BET model.
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As seen above in Figure 10, the last alternative of Hold-Out validation is with 40%, both the BET and EGPR are the
most recommended models to be implemented as the correlation factor between inputs and outputs are 0.48 and 0.47
respectively. Mentioning that RMSE values are 0.12855 for BET and 0.12472 for EGPR which are the lowest. Both BET and
EGPR have consumed a short time to conduct the training for the assigned model as the training take 1.7472 seconds for BET
and 1.9123 for EGPR.

ANN Comparison - Employees' Productivity - Training Outcomes
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As seen above in Figure 11, a couple of training algorithms have been examined those are Bayesian Regularization
(Trainbr) and Levenberg Marquardt (Trainlm), through using the feed-forward backpropagation method. Fortunately, both have
perfect results as shown, starting with the RMSE values of 0.120476814 Trainbr and 0.124265 for Trainlm, while the mean
absolute deviation (MAD) has a value of 0.080748275 for Trainbr and 0.08274222 for Trainlm. After that, the performance of
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training has been measured as both Trainbr and Trainlm have achieved remarkable results of 0.014398, and 0.020901
respectively. Another important measurement has been applied to both algorithms that are the correlation factor R-squared, and
both Trainbr and Trainlm have succussed in defining the relations between inputs and outputs with R-Squared values of 0.72248
for Trainbr and 0.70116 for Trainlm. The last statistical accuracy measurement that has been applied is the mean squared error
(MSE), and the computed values are excellent as the errors of both Trainbr and Trainlm are 0.014514663 and 0.015441996
accordingly, which indicate how the variance between the actual and forecasted outputs are very small.

As seen below in Figure 12, the configuration of the ANFIS application of the assigned models, indicates the six
predictors and a single response that is the actual productivity.
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FIGURE 12
EMPLOYEES' PRODUCTIVITY INVESTIGATION - ANFIS CONFIGURATION
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FIGURE 13
ANFIS TRAINING OUTCOMES — HYBRID AND BACKPROPAGATION OPTIMIZATIONS — RMSE VALUES

As seen above in Figure 13, the ANFIS algorithm has been investigated via a couple of optimization methods which
are Hybrid and Backpropagation. To begin with, the Backpropagation shows an unacceptable level of errors as the best related
RMSE value is 14.8752 and for that, it has been excluded from further statistical computations. As seen below in Figure 14,
Considering the Hybrid approach, also the associated RMSE value is perfect with a value of 0.1205, yet it has failed in achieving
a high correlation between the data as the R-Squared value is 0.2383 which is unreliable.
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As seen above in Figure 15, the comparison has been conducted including only the most recommended approach for
each examination process. Additionally, the comparison is based on two statistical measurements those are R-squared and
RMSE values. Starting with the ANFIS application, the Highest R-Squared and lowest RMSE values have been recorded by
the Hybrid approach as they are 0.02382 and 0.1205 respectively. For ANN application the training through Trainbr shows
perfect values of 0.72248 for R-Squared and 0.120476814 for RMSE. Next, is the linear regression application a couple of
models are recommended which are the optimizable versions with 10% of Hold-Out validation for both EGPR and MRT as
they have the highest correlation factors among the regression learner alternatives with values of 0.6 and 0.69 respectively.
Also, both EGPR and MRT have recorded the lowest RMSE values of 0.10627 and 0.10926 accordingly. Based on low RMSE
values and high correlation factors, it’s highly recommended to apply either regression learner application via the medium
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regression trees or Exponential Gaussian Processes Regression models, or the ANNs algorithm through the Bayesian
Regularization (Trainbr). Highlighting the weakness of the ANFIS within the assigned dataset.

CONCLUSION

In conclusion, the productivity of employees has been examined through three different applications of artificial
intelligence (Al) those are Regression Learner (RL) through five different approaches within cross-validation and
holdout validation methods, Artificial Neural Networks (ANN) via a couple of training functions which are
Levenberg-Marquardt (LM) and Bayesian Regularization (BR), and the Adaptive Neuro-Fuzzy Inference System
(ANFIS) with two optimization approaches those are the hybrid and backpropagation. Moreover, the applied
approaches are varied in the associated obtained outputs. In summary, the best models of each approach have been
compared based on specific variables including RMSE and correlation coefficient (R-Squared). Firstly, the
application of regression learner and among its models the optimizable held-out with 10% of both the medium
regression trees (MRT) and exponential Gaussian processes regression (EGPR) are the best approaches compared
to all implemented models as they have the lowest RMSE of 0.10926 and 0.10627 respectively, with 0.69 correlation
for MRT and a value of 0.6 for EGPR. Secondly, the most accurate model of the neural network application is the
training via Bayesian-Regularization function as it has lower computed values of RMSE = 0.120476814 along with
a higher correlation coefficient of 0.72248 besides a better training performance of 0. 014398. Considering the last
application, which is ANFIS as the hybrid training was better versus the backpropagation as it has RMSE value of
0.1205 yet it has an unreliable correlation coefficient with a value of 0.2383. Even though, all the mentioned RMSE
values are perfect in predicting and forecasting the employees’ productivity for the assigned dataset, the application
of regression learner through the medium regression trees (MRT), exponential Gaussian processes regression
(EGPR) through the optimizable held-out validation of 10% of the data, and the artificial neural network with
Bayesian-Regularization algorithm of training (Trainbr) are the most recommended algorithms to investigate the
assigned problems as they have the lowest RMSE values with the highest correlation between predictors and
responses.
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