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Developing of artificial intelligence (Al) technology in the medical sector,
especially in the part of male reproduction and infertility, is growing rapidly.
In both supervised learning and unsupervised learning, Al has been tested
and applied to medical personnel to treat their patients. Calculations from
simple to complex probability and a combination of some different methods
have conducted results of accurate and precise. The results can help
determine the condition of male infertility. Artificial neural network (ANN)
and fuzzy inference system (FIS) are Al techniques applied to male health
issues. ANN is adequate for processing large amounts of combined data in a
short time. ANN also has a high level of accuracy and excellent adaptive
capabilities. Afterwards, FIS can reflect problems using models with easy to
understand, flexible, and also competent to model complex linear functions
for decision-making. Based on the advantages of ANN and FIS, it is hoped
acquiring prediction results of better and more accurate in male health

issues.
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1. INTRODUCTION

Difficulty in conceiving offspring in couples of childbearing age is still a problem. Although the
development of therapy in the medical field to overcome the infertility issue has been very developed. In the
last half-century, the resolution of infertility problems has been more emphasized in the process of handling
therapy in the reproductive system of both men and women [1]. The therapy stage not only takes a lot of time
but also costs and sometimes does not produce results. The problem becomes an impractical and difficult
obstacle for young couples. For young couples experiencing fertility issues, the treating procedure refers to
the many stages of examination. As a result, many are reluctant to have their fertility checked because it is
very impractical. The success of fertility treatment is not only determined by the number of examination
procedures but also by the doctor's expertise in exploring the patient's medical record. Time constraints are a
contributing factor to the failure of treatment because there are often many records of medical and family that
have not been clarified. Based on this explanation, an artificial intelligence (Al) approach can make early
predictions carefully on fertility issues [2], [3]. Al can be applied as a means of supporting clinical guidance
to improve the accuracy of diagnosis and reduce the possibility of misdiagnosis. Al can be utilized as a
repository of necessary medical data. By utilizing Al, it can find relationships between the necessary data to
produce a significant prediction solution [4].
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The use of Al has grown rapidly in various fields including the medical field. Initially, Al was still
experimental, now it has successfully become an implementation in various fields. Technological advances in
Al and machine learning (ML) have been widely utilized by the medical sector to help the computer
decision-making process system [2], [5]-[8]. The science of artificial intelligence extends widely in the medical
field, for example to the detection of coronary artery diseases [9], breast cancer detection [10], sexually
transmitted disease identification [11], and classification of male and female infertility problems [12]-[15].

ML as a part of Al has the ability to recognize and make predictions based on certain patterns from
a large and complex data set. ML is very useful for use in the medical field because it is closely related to
various kinds of data. Artificial neural network (ANN), a type of ML, has become a favorite because of its
ability and flexibility in classification, clustering, pattern recognition, and prediction processes in various
disciplines. ANN is also very compatible when combined with conventional regression and other statistical
modeling [16], [17]. ANN can be used to evaluate factors in data analysis such as accuracy, calculation
speed, performance, scalability fault tolerance, and convergence [18], [19]. The specialty of ANNs is their
very rapid ability to process various data derived from various combinations of similar implementations in
very large quantities in a short time. In addition, ANNs also have a high degree of accuracy and excellent
adaptive capabilities [18]. Therefore, ANN is one option that can be considered in the medical sector which
has a lot of data from various sources that need to be combined and synchronized. A combination of
statistical prediction modeling and neural network (NN) capabilities can be used to detect early fertility
issues. In addition, it is very useful because it results in better cost-effectiveness. However, making an
accurate prediction model is not easy, many things must be considered so that a statistical prediction model
can proceed significantly.

This research will present a systematic review of several things that are taken into consideration in
constructing ANN and fuzzy inference systems (FIS) for infertility prediction. In addition, this review will
discuss various prediction models that have been used in the medical field to help streamline the diagnosis
procedures. Finally, recommendations will be given for constructing an accurate prediction model by
combining various Al methods.

2. CLASSIFICATION AND PREDICTION
2.1. Methods for classification and prediction

In developing ML modeling, several types of classifiers must be considered to provide the
predictions given to achieve accurate results. According to Tsai et al. [20], ML algorithms used to predict
something can be grouped into 4 major parts, namely pattern classification, single classifiers, hybrid
classifiers, and ensemble classifiers as shown in Figure 1. Algorithms in single classifiers are K-nearest
neighbour (K-NN), support vector machine (SVM), ANN, self-organizing map (SOM), decision tree, naive
Bayes network, genetic algorithm (GA), and fuzzy logic.

Decision tree
random forest
KNearest neighboor =
Naive bayes networks Slngle
SVM
ANN 1

Machine

prediction ‘_ensemhle

Figure 1. ML as a predictive tool

Wang et al. [4] compared the advantages and limitations of four different single classifiers namely
decision tree, random forest, SVM, and naive Bayes classifier. The following comparison of the four single
classifiers is shown in Table 1. K-nearest neighbor (K-NN) is known as the simplest and most traditional
method for classifying samples. However, K-NN is rarely used. K-NN does not have a training stage, causing

Int J Artif Intell, VVol. 13, No. 4, December 2024: 3739-3749



Int J Artif Intell ISSN: 2252-8938 O 3741

biased results when dealing with complex data [20]. In contrast, ANN is now the most widely used
algorithmic method due to its ability to handle large amounts of complex data. ANNs in general have good
capabilities and performance for clustering classification and prediction in various disciplines [21]-[23].
Fuzzy logic is better known as a component of soft computing than as part of predictive classification.
However, fuzzy logic is now starting to be widely used as a predictive modeling tool [18], [24], [25]. Fuzzy
logic works by mapping the problem from input to output. The advantages are easy to understand, flexible,
able to model complex linear functions, and map of the experience of experts to be used directly in a
decision-making process [18].

Single classifiers were the most widely used predictive classification algorithm from 2000-2007.
However, those single classifiers were considered less accurate for modeling comparisons and evaluations.
Using a mixture of two or more classification methods such as hybrid and ensemble classifiers is considered
to have a better future for modeling. The reason is that both methods complement each other's shortcomings.
Finally, a better level of prediction accuracy is obtained [20], [26].

Table 1. Comparison of single classifiers [4]

Decision tree Random forest Support vector machine Naive Bayes classifier
Advantages Easy to understand and Easy to understand and Process large and complex Easy to understand and
interpret interpret, amounts of data from various interpret
Able to correct the sources Requires little training
overfitting problem in Able to solve linear and non- data
the decision tree linear problems
Shortcoming Overfitting Maintenance process Hard to train Shortcoming
takes a long time
Performance Highest
Accuracy Highest High
Technique Hyperplane Conditional probability
used
Reference [27]-[31] [32] [33]-[39] [40], [41]

2.2. Predictive models for male reproductive health and infertility

Various methods that can predict male infertility are urgently needed. This aims to make men
increasingly aware that infertility problems do not only occur in women. Certain diseases or an unhealthy
lifestyle can contribute to their fertility. Based on the explanation, many applications emerged as preventive
action by predicting male fertility [18], [25]. Based on a systematic review conducted by Zarinara et al. [1],
there are many prediction methodologies to measure fertility rates based on statistical methods and NN
algorithms. However, much research is still needed to produce a valid prediction. A prediction model can be
applied clinically if it has gone through a statistical evaluation and a good validation value. It is intended that
therapy recommendations follow the prediction model and theoretical approach. Incorrect predictions can lead
to adverse consequences, both for doctors and patients. Therefore, a predictive model can be used clinically
when it conforms to the truth of the theory, has been through many evaluations, and has high validity. In
addition, the results must be recorded and evaluated periodically because if there is an anomaly it can be solved.

In the last decade, there has been a lot of literature discussing the creation of a framework capable of
predicting fertility rates [1], [4], [12], [18], [23]. The following Table 2 shows some of the literature that
discusses predictive models related to male fertility rates. Furthermore, Table 3 shows the accuracy of several
predicting models for male infertility that have been done in the past decade.

Table 2. Research using the FIS and fuzzy logic

Researcher Method Issue Outcome

[42] — MLP Relationship between lifestyle and MLP and SVM showed high accuracy
- SVM semen quality
— Decision tree

[12] — Logistic regression Relationship of varicocelectomy A clinical calculator application can be
- SVM sperm parameters with semen analysis used for patient counseling
— Random forest data, hormonal, and clinical data

[43] — Decision tree Effectiveness of 6 different algorithms Random forest produces the highest level
— Random forest with different split ratios of accuracy compared to the others and
— Naive Bayes the use of different split ratios produces
— K-NN different levels of accuracy
- SVM
— Superlearner

[18] Fuzzy logic toolbox Measurement of infertility risk of Fuzzy logic can be used as a consideration
from MATLAB software  Nigerian men based on 8 non-invasive for one of the predictive tools in

variables affecting their fertility determining the level of male fertility
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Table 3. Comparison accuracy of several predicting models

Reference Predicting model Research topic Number of ~ Accuracy
algorithm samples (%)
Goodson SVM (motility) Classify motility sperm rate of individual sperm - 89.9
Tseng (2013) SVM (morphology) Classify sperm morphology using sperm contour 80 87.5
Dash ensemble learning: Seminal analysis using lifestyle factors 100 89
Voting classifier 88
Bagging classifier
Koch Supervised learning Diagnosing the risk factors of male infertile disease 329 97
Oyegoke Fuzzy logic Risk factors of male infertility Not stated
Ory,J Random forest Predicting sperm parameter upgrading after Varicocele repair - 72
Akinsal ANN Predicting chromosomal abnormalities in Azoospermia male - 95

According to Oyegoke et al. [18], further research is needed on male fertility rates by a combination
of ML classifications integrated with fuzzy logic abilities. The combination of ML and fuzzy logic is
believed to be able to make decision-making processes in the medical sector more effective and accurate.
Although fuzzy logic has been widely applied, cases for predicting male fertility are still very rare. Designing
a model for predicting male fertility rates to be used independently without having to go through a series of
therapies is a breakthrough with provides opportunities for further research.

3. ARTIFICIAL NEURAL NETWORK AND FUZZY INFERENCE SYSTEM CONCEPT
3.1. Supervised versus unsupervised learning

Supervised learning (SL) and unsupervised learning (UL) are part of ML. SL has been widely used
in research on reproductive health. SL is a computer learning process that still requires human intervention in
its operation. SL processes data based on datasets in the form of training data and testing data. Computers are
trained first based on data that has been labeled and monitored in data processing. The SL algorithm is made
using labeled data features to predict an output that has been prepared beforehand. The weakness of SL is
that the labeling of its data features must be done by humans, it cannot work automatically on its own, so it
requires a lot of time for data processing and is prone to human errors. Algorithms in SL are usually for data
classification or numerical prediction/regression. The algorithms for classification can be used logistic
regression, decision trees, random forest, K-NN, SVM, NN, and naive Bayes. Algorithms for numerical
prediction or regression such as linear regression, decision trees, NN, SVM, and trees. Among the various
existing algorithms, ANN and SVM are known as the most widely implemented algorithms because they can
process large and complex amounts of data with a higher level of accuracy compared to other SL algorithms.

Meanwhile, UL is a computer learning process without using labeled data and minimal human
intervention in its operation. There is no training data set and no feature targets as output in UL. The
computer learns it independently without any initial supervision. UL is an algorithm whose modeling focuses
on hidden structures and the relationships between data sets. UL does not require labeled data as input data
but only needs to include data features to be used as training data. UL can be used to predict outcomes that
may be beyond predictions. UL is very well used for modeling tasks related to association and clustering [4].
Furthermore, Clustering data is grouped into small groups that have the same patterns of properties and
characteristics as components analysis and clustering algorithms, for example, K-means clustering,
hierarchical clustering, and association rule-learning [44], [45]. UL is usually used for deep learning and has
been widely applied in the manufacture of motorized vehicle robot automation, voice recognition, and pattern
recognition [4], [44]. Research in the reproductive health sector using UL is still rare [46].

3.2. Famous neural network and fuzzy inference system and its applications

ANN was originally designed to imitate how the neurons in the human brain work. ANN consists of
nodes that represent neurons in the human brain. Each node has an activation function and a certain definition
as the output [47]. One of the most widely used ANNSs in the last decade is the back propagation neural
network (BPNN). BPNN is an algorithm using guided training data. Therefore, BPNN is part of SL. BPNN
consists of three layers, namely input layers, hidden layers, and output layers. BPNN works through three
phases, namely the feed-forward phase, the backpropagation phase, and the weight modification phase. First,
the input signal will be propagated forward to the output through a pre-weighted hidden layer. Afterward,
BPNN utilizes the error output to change the weight value through backpropagation. Output that does not
have an activation value of zero is considered an error. The output error will undergo weight modification to
acquire the smallest error. Activation values apply binary or bipolar sigmoid formulas. BPNN consists of
three types of data, namely training data, test data, and predictive data. Meanwhile, to determine the number
of hidden neurons, trial and error experiments are needed.
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One form of self learning neural network (SLNN) is the Kohonen NN. Kohenen NN is used to find
invisible connections or similarities between data in a data set. Warpechowski et al. [48] applies the Kohenen
NN method to compare the level of knowledge among medical students at Bialystok University, Poland. In
this research, Kohenen NN was used to analyze material about reproductive health and its relationship with
lifestyle. The research material applied is a questionnaire method with an answer scale between 1-10. The
questionnaire is grouped into two major sections. The first part is general questions about the respondent. The
second part is questions related to the factors that influence lifestyle that affect reproductive health.
Furthermore, the second part is separated into several more specific groups, such as knowledge about the
lifestyle effects on the psychology of fertility and the impact of food on fertility. The first part is general data
of respondents grouped by age group, major, and courses taken. After the clustering process is complete, all
data is entered into the database and analyzed by Kohonen NN. According to Warpechowski et al. [48],
Kohonen NN has the ability to self-learn. This means are the data entered does not need to be made into a
special pattern beforehand. From the data analysis, certain new patterns will result. The reason is that the
Kohonen NN topology has many neurons that can sort and make new classifications. Therefore, Kohonen
NN is suitable for predicting multidimensional input data such as medical data. Kohonen NN is used to find
correlations between data that are hidden and cannot be mapped through general statistical methods.

In its implementation, Kohonen NN uses 15% of the data set for group testing and validation.
Meanwhile, the remaining 70% of the data is used for training data. From this research, it was found that
Kohonen NN can be used to find unseen correlations. Based on the standard statistical modeling results,
future research is recommended to use more data variations as input.

ANN is widely applied for modeling in the medical field. However, one of the challenges is the
instability of the data set which causes bias and traps gradient descent at a local minimum. Some researchers
tried to use a metaheuristic algorithm by continuously updating the weight values to minimize the error.
However, this method was not successful in overcoming the local minimum problem [23]. To overcome this
problem, Yibre and Koger [23] tried to conduct experimental research using the feed forward neural network
(FFNN) approach combined with the artificial algae algorithm (AAA) to determine the accuracy of the
prediction. Afterward, synthetic minority over-sampling technique (SMOTE) is applied to stabilize the data
set. The experimental results will be compared with single classification algorithms such as multi-layer
perceptron (MLP), naive-Bayes, SVM, K-NN, and random forest. This approach shows significant results in
overcoming the problem of biased data. Data imbalance usually occurs when too many types of sample data
are used. The solution is to balance the data set. The solution will not only optimize the capability of SL
algorithms but also improve the generalization process.

AAA is a basic algorithm commonly used in population studies. AAA is formed by imitating the
way microalgae move to survive. AAA shows better performance, compared to the metaheuristic algorithm,
when used to solve continuous optimization problems. There are three stages in AAA, namely evolutionary,
adaptation, and helical movement. The algae's ability to reach the light is considered the global optimal point.
Before starting the main process, the algorithm starts with an initial solution and tests its working level. Next,
the colony size of the algae is calculated based on the formula. AAA imitates the helical movement of algae
cells. Helical motion is the movement of an algae cell as it moves from one position to another on the water
surface to absorb light. This movement depends on the surface friction and energy level. The higher the
friction, then the higher the frequency of helical motion to increase local search. When the surface friction is
low the coverage area of the algae cell will widen. The gravity of AAA is considered zero. The position of
each alga depends on the dragging force of the algae movement in the liquid. Based on the principle of algae
cell movement, linear and angular movement equations are formed. The evolutionary process in algae cells
occurs when algae cells get enough food and can form colonies. Each algae cell will divide into two new
cells. Thus, the algae colony will grow bigger. Algae cells that cannot divide will die. If there is a growth of
algae colony, it will give a better prediction result. Each artificial algae gets an initiation value of zero.
Furthermore, colonies that can grow will give optimal results, while unsuccessful colonies will get hungry
and unable to grow, which means the prediction results are poor. The purpose of using AAA is to find the
optimal weight value so that mean squared error (MSE) and FFNN can run accurately. This optimal weight is
used in the training, validation, and testing process.

FFNN is one of the ANN methods where the information flow process is only one way from input,
hidden to output. FFNN is a form of SL method for classification. FFNN is the most widely used algorithm
for a variety of issues such as disease diagnosis, pattern classification, and determination of misidentification.
The number of nodes in the input layer of FFNN is equal to the number of features contained in the
classification data set. The weight calculation is conducted in the hidden layer with a range between 0-1 with
a sigmoid activation function. FFNN output results sometimes do not match what is expected. The error that
occurs is calculated as the difference between the target output and the actual output. In this case, propagated
back is conducted to update the weights. An illustration can be shown in Figure 2.
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Figure 2. FFNN architecture [23]

Fuzzy logic is not a new approach, first introduced in 1965. Fuzzy methods are suitable for
conditions where the boundaries are unclear and difficult to understand. Therefore, fuzzy logic was first
implemented in the medical sector [24]. The reason why this method is suitable to be applied in the medical
field is because decision-making deals with a lot of uncertainty, difficult to formulate and measure [49].
Fuzzy logic is associated with logic to make the right decision under conditions of uncertainty and
incompleteness of the situation. Fuzzy logic is a form of mapping from input to expected output. According
to Arji’s paper, it is explained that almost 50% of the research uses the FIS method [24].

Based on Figure 3, FIS has a high evaluation performance indicator or a high level of accuracy. FIS
modeling is based on IF_THEN rules based on fuzzy sets. FIS is a prediction model that can be used well to
predict behavior in a variety of uncertain conditions, such as in modeling infectious disease conditions that
have many uncertain conditions [24]. There are three requirements for FIS modeling, namely having i) a
membership function, ii) a fuzzy set operation procedure, and iii) an inference procedure [50].
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Figure 3. Algorithms performance comparison [24]

FIS has four stages of the modeling process, namely fuzzification, weighting, assessment of
inferences procedures, and de-fuzzification [24]. Fuzzification is the process of breaking data into input
variables that can be accepted by fuzzy logic. This process is used to map the interval [a, c] into a fuzzy value
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that matches the mathematical equation. Weighting is the process of labeling membership functions (3
triangular membership or 2 triangular membership) usually worth between 0, 1, or 2. Assessment of
inferences procedures is the process of testing each input variable and its membership function.
De-fuzzification is the process of returning variables to their original data [18].

Three FIS methods can be used, namely the method of Mamdani, Tsukamoto, and Sugeno. The
difference between the method of Mamdani and Sugeno is the input and output variables in the Mamdani
have the same fuzzy statement, while in the Sugeno there is a nonlinear affiliation. Therefore, choosing the
right method affects the expected results [24]. FIS and fuzzy logic have been implemented in various studies,
which are shown in Table 4.

Table 4. Research using FIS and fuzzy logic [51]

Researcher  Year Disease Fuzzy Research title Conclusion
technique
[52] 2015 Peritonitis FIS Developing a fuzzy inference system The proposed FIS technique enables
for diagnosing peritonitis physicians to easily diagnose peritonitis
[53] 2017 Urinary FIS To achieve an improvement in The fuzzy logic foretells the existence
tract infections constructing the outcomes of the of urinary tract infection in the patient
(UTlIs) microscopic urine examination by by microscopically examined
means of fuzzy logic methods. parameters
[54] 2012 Airborne Fuzzy Use of the fuzzy logic model to The fuzzy logic model demonstrates a
transmission logic predict airborne transmission similar threat of infection for secondary
infection infection cases compared to the Gaussian
dispersion technique.
[18] 2019 Infertility in Fuzzy A predictive model for the risk of Fuzzy logic with a triangular
man logic infertility in men using fuzzy logic membership function could predict

male infertility risk

3.3. Hybrid methods

The hybrid classifier is a modeling that is a combination of two or more ML techniques to produce a
system with better performance and results [20], [51] groups hybrid classifications into several types based
on the combination modeling technique used. A comparison of hybrid ML methods is shown in Table 5. The
first type is hybrid modeling using a combination of two kinds of functional components. The first
component is usually to process raw data as input and produce output in semi-finished results. The output
will be followed by processing using the second component to produce the final result [55]. The second type
uses a combination of two different classification techniques to deliver a new technique. An example in the
research of [26] combines several fuzzy techniques with a decision tree to construct a new technique called
the multiple fuzzy frequent pattern (MFFP) tree.

Table 5. Result of method comparison in hybrid ML [51]

Method Usage  Accuracy  Reliability Sustainability

Hybrid WNN-ARIMA Estimate +++ +++ +++
WNN Estimate ++ ++ ++
ARIMA Estimate ++ + +

Hybrid EE-ANT-WNN Estimate +++ +++ +++
Hybrid the optimized multi-stage method  Estimate +++ +++ +++
BAGNBT Estimate +++ +++ +++
SVM Estimate ++ + +

NBT Estimate + + +

RFNBT Estimate ++ ++ ++
EEMD-ELM-GOA Estimate +++ +++ +++
HybPAS Estimate +++ +++ 4+

The third type applies several clustering methods to process the initial data sample. The data sample
generates a quality training data sample. Training data is used to cluster larger data, usually by combining
supervised and unsupervised. One example of the use of a hybrid by combining supervised and unsupervised
is in the study of Nifio et al. [56]. The research was conducted by combining the classification of single-unit
decision trees followed by clustering [26]. The fourth type is the integration of two classification techniques
to obtain optimal results and create better model predictions. The impact can increase the results that were
previously optimal to be more optimal.
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3.4. Ensemble methods

According to Tsai et al. [20], ensemble classifiers combine several algorithm weaknesses to provide
different treatments by trying to provide various training samples to obtain a more significant performance
increase. Meanwhile, Ardabili et al. [51] stated that ensemble was created by combining various grouping
techniques such as bagging and boosting with several single classifications from ML to increase the accuracy of
the prediction model. The single classification commonly used is the decision tree. The ensemble method is
included in the SL algorithm. This method makes it possible to train different algorithms by creating flexible
training data to obtain the highest accuracy results. Table 6 provides a complete illustration of the ensemble
method comparison in terms of accuracy, reliability, and sustainability. According to Dash and Ray [42],
ensemble classifiers provide a higher level of accuracy compared to the use of a single classifier because it
combines the advantages of several single classifier algorithms. With ensemble classifiers, it is possible to
combine the results from each classifier and make the final decision [57].

Table 6. Result of method comparison in ensemble ML [51]

Method Usage Accuracy  Reliability  Sustainability
Ensemble TSM Estimate +++ +++ +++
Ensemble GDBT Estimate +++ +++ +4+
Ensemble EBFTM Estimate +H++ +++ 4+
Random forest Estimate e+ ++ 4t
BUT Estimate ++ ++ ++
ICEEMDAN-ELM Estimate +++ +++ -
ICEEMDAN-OSELM Estimate ++ + +
ICEEMDAN-RF Estimate ++ ++ ++
Ensemble KF-DA Estimate ++ ++ ++
Ensemble bagging-boosting  Estimate +++ +4+ 4+
DTENN Estimate ++ + +

Dash and Ray [42] divide ensemble classifiers into four types, namely bagging, random forest
classifiers, extra tree (ET) classifier, and voting classifiers. The bagging technique or bootstrap aggregating is
an effective technique, working by deriving missing functions from various components such as the
probability error of a classification base. Random forest technique is based on combining several twig
algorithms to obtain classification and regression [58], [59]. ET classifier is a collection of randomized trees
that have been created. Then combined into an ensemble form which has greater randomization power. The
main difference from the ET classifier is that it is easy to choose the intersection points at random. In
addition, this technique has the ability to reduce classification variances in general to improve classifier
voting accuracy. This technique in principle tries to use a different approach than the existing classifier
models to create a more accurate ensemble model. VVoting selection is based on major voting and soft voting
or average probability. Dash and Ray [42] created a voting classifier by combining soft voting techniques
with traditional bagging classifiers. At the beginning of the research, they used several types of single
classifiers and then voted to decide which one was the best to combine with the bagging ensemble technique.
For the soft voting technique, 'p' is used to determine the probability of each single classifier and adds the
weight 'w' to calculate the average value of the various combinations of single classifier. The voting classifier
has an accuracy rate of 89% compared to other prediction models [42].

4.  CONCLUSION

Al in the medical sector is undergoing rapid progress. Likewise, the algorithm application is used to
help medical personnel know the condition of their patients as well as an aid in making medical decisions.
ANN is one of the commonly implemented algorithms for more accurate prediction calculations with the
weighting of each process. In its implementation, BPNN is applied to correct prediction errors with a
backward step. The results from BPNN tend to represent actual conditions compared to other methods. Male
reproductive and infertility issues are a problem combination of conditions and circumstances that are
interrelated and influence each other. Various risk factors impact the results of sperm examination.
Therefore, it is necessary to choose a suitable algorithm for precise and accurate prediction process. ANN
and FIS are choices of solutions in building a model to predict the outcomes of complex problems involving
many interrelated factors. Selection and combination of machine learning methods can provide more accurate
predictions with minimum errors.
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