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ABSTRACT 

Web services, which are insecurely joined software systems, are becoming more widely available on the 
internet, and there are many services with comparable capabilities. As a result, while selecting a service, 
customers consider non-functional aspects such as Quality of Service (QoS).This work proposes a novel 
tree-primarily based ensemble technique named Extra Tree Regress or to solve regression complications. 
It basically includes randomizing each and every single attribute and cut-factor desire whilst splitting a tree 
and branch nodes. The energy of the randomization of the node may be tuned to hassle free information 
with the aid of using the correct desire of a parameter. Web services do not require a long learning curve 
and are easy to interpret, so they can be classified and graded using the regression approaches. The 
various decision tree and rule methods accessible are functional and verified to find the best decision 
technique to suitably categorize functionally parallel web services, taking quality parameters into account. 
We examine the accurateness of the default desire of the parameter, and we additionally offer perception 
on the way to modify the specific conditions. In addition to accuracy, the main energy of the ensuring set of 
rules is computational productivity. Eight dissimilar quality parameters are measured. Comparative analysis 
of various regression models helps to determine the best fit model Extra Tree Regression which are fine-
tuned and analyzed hyper parameter tuning through random search cross validation. The accuracy of Extra 
Tree (ET) Regress or is the best fit model since the R Squared is more than 1. 

 

Keywords—Machine learning, quality of services, regression, extra trees regressor, 
hyperparametertuning, cross validation 

 

1 INTRODUCTION 

In today's Internet world, web and e-commerce applications are very wide spread due to 
the diverse organization of the Internet in a distributed atmosphere. These disseminated 
requests can be retrieved through web services expertise by reprocessing, extending, or 
integrating current web services with other facilities to provide clients with the finest 
possible amenity in one place, rather than looking for diverse services for changed 
purposes and is very easier to get started. Many web services share parallel functionality, 
requiring clients to make service choices lacking of former information of potential 
services. Recommender systems are intended to allow clients to choose a service. 
Collaborative Filtering (CF) is a frequently used method to build an e-commerce 
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recommender system. Various methods based on CF have been proposed for making 
QoS predictions, and many challenges have been ended to expand the accurateness of 
the predicted values. Existing approaches to predict web service quality [1], [2] or how to 
recommend web services [3], [4] focus only on web service throughput or response time 
modelling. Consequently, these quality features cannot expansively depict the 
performance of a particular service. It is a prerequisite to provide efficient and effective 
services to web service handlers. An approach for generating multidimensional QoS 
endorsements and building merit functions that characterize the total performance of a 
service. A web service is a crossing point that transforms a user application into a web 
application, including operations and a group of messages. Use eXtensible Markup 
Language (XML) to encode and decrypt the data, and Simple Object Access Protocol 
(SOAP) to transfer the data. This makes the application display place autonomous and 
very widespread on the Internet. Web services consist of the following platform elements: 
SOAP, Universal Description, Recognition, and Information (UDDI), and Web Services 
Description Language (WSDL). Web services are listed by the UDDI service provider. 
UDDI contains concern particulars, web service descriptions, and information about their 
reinforced features. Requesters find interesting services through the UDDI Business 
Registry (UBR). UBR is not effective to discovery the related web service of notice. 
Currently, there are keyword-based searches to identify the services as expected. The 
UDDI requirement does not comprise QoS as portion of its journal [5] or request 
processing. Currently, no such system or model is cast-off to rank and regulate parallel 
web services conferring to QoS criteria. 

The rest of the paper is organized  as follows: Section II contains a brief explanation of 
the previous works. Section III provides a summary of the methodologies used, and 
Section IV comprises of complete implementation details and discussions. Section V, 
shows the comparative analysis and performance analysis are covered in this section, 
and finally Section VI discussed conclusion and future scope. 

The main goals of the research are formulated as follows. 

 To determine the success ability of the web services using Machine Learning (ML) 
predefined models, 

 To compare the six different models to find the best fit model and finally fine tune 
them through hyper parameter tuning, 

 To create a set of data rendered from the functionality of the model using the 
Python library, 

 To implement numerous accuracy metrics to get the best model for the regression 
problem. 

 To reproduce the finally result of random search with suitable parameter. 
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2 RELEVANT WORKS 

To solve the regression problem, previous works has been executed to improve the 
search technology of various web services accessible with the same feature, it is very 
problematic to select the most relevant service due to the efficient characteristics other 
than this and it can be cast-off to select the finest one. The current UDDI does not 
comprise the QoS parameter as part of the exploration. To resolve this issue, some other 
researches has been executed to hgte34 xz approach, the Web Service Relevance 
Function (WSRF), is used to measure the web service relevance ranking created on its 
QoS system of measurement and consumer settings. The author N.C.Brintha et al,.[5] 
proposed a WSRB framework that uses the Web Services Crawler Engine (WSCE), 
which vigorously creep UBR to measure QoS data for web services and stores that 
information in the Web Services Store (WSS). WSRB allows customers to select and 
accomplish search criteria through graphic crossing point. WSRF uses QoS parameters 
to calculate the relevance ranking. The various QoS parameters measured are 
throughput, response time, interoperability analysis, availability, accessibility, and service 
cost.  

Another approach by the authors M.Utting et al. [6] proposed Web Services QoS Manager 
(WSQM), a reliable service broker that includes the QoS parameter for Web services .B. 
Alghofaily et al., [7] proposes another ML model for recommending web services using 
non-natural neural networks by gauging QoS constraints. This paper describes about the 
method of Principal Component Analysis (PCA) of initial characteristic weights and 
provides a training algorithm for weight adaptation based on neural networks. Using a 
back propagation-based neural network [8], we discovered ahigh-quality web service. 
Neural networks take a long time to train large amounts of data, but at the starting point 
it has been shown that [9]ML can be used to detect and rank web services. There are 
neural networks such as fuzzy ART, ARTMAP, and self-organizing maps that use 
different types. Although many detection methods have been enabled by the QoS 
parameter, including them is still a challenge as it envisions additional overhead, and 
control to manage them will also a challenge. 

Several ML methods have been used from period to period to analyse and classify web 
services.  Y.Feng et al. [10] rendered the WSDL file by using the VTracker device to 
calculate the efficient way for trees. The WSDL module plays a vital part in the 
classification of the web service, and if we exclude the WSDL component from the data 
from that, the accuracy of the simulation result will be significantly different. The result of 
the instrument is the percentage of changes in the interface, such as added, modified, or 
deleted elements in the XML model of the dual WSDL crossing point. L. Kumar et al. [11] 
selected an alike technique called WSDL Diff. It allows to analyse the development of the 
WSDL crossing point having automatically inspect changes in the XML.  Khailash et al. 
[12] compares the associations amongst dissimilar attributes, use ML to extract 
relationships between attributes, and use feature selection to excerpt strong and 
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overriding attributes. Yang et al. [13] chose UML Diff to characterize dissimilar UML 
diagrams and discovered the part of each characteristic in the regression of web services. 
P.Liu et al. [14] focused on Amazon Web Services for development of real-world web 
services to classify and predict the appropriateness of web services for a specific 
determination. Y. Yang etal. [15] discovered some SOA anti-patterns that ruled out the 
principles of SOA, and also addressed several SOA architecture's anti-patterns. 

Lately, X. Li et al. [16] uses the rule-based approach Service on Demand Architecture 
(SODA)for Service Component Architecture (SCA) systems. After that, W. Ke et al., [17] 
extends this work for SODAW's Web Services anti-patterns. A domain-specific language 
(DSL) –based declaratory rule description is used to specify / identify the important 
indications that describe anti-patterns using a traditional WSDL system of measurement. 
H. Wang et al. [18] and A. Khalili etal. [19] provided service providers with a traditional 
strategy to avoid the corrupt observes when creating a WSDL, created on 8 bad observes 
when creating a WSDL for a web service. Of late, M. Özbek et al. [20] proposed a search-
based method built on the standard method and found regularity in the example of a web 
service anti-pattern. This should be interpreted into a discovery rule. More lately, N. N. 
Qomariyah et al [21]uses neural networks, decision trees, and support vector machines 
to classify the quality of web services, and uses hyper parameter tuning to produce the 
requested web services without time consuming.  

3 METHODOLOGY 

The best fit model of the regression model is determined through comparative analysis of 
six models such as Random Forest Regressor, XG Boosting Regressor, Hist Gradient 
Boosting Regressor, Bagging Regressor, Light Gradient Boosting Machine (LGBM) 
Regressor and Extra Trees Regressor. By interchanging the default parameters of the 
predefined models Extra Trees Regressor found to be more efficient are classified and 
analysed in this section. 

3.1. Extra Trees Algorithm 

Extra Trees algorithm consider normal batch mode supervised learning and regression 
problems with numeric input variable quantity A single (category or number) target 
variable. Extra Trees (ET) algorithm will proceed with an efficient experimental 
assessment based on various regression and classification problems. This evaluation 
compares this novel method to the normal tree-based method in terms of computational 
efficiency and accuracy. For the respite of the work, the term attribute refers to the specific 
input variable cast-off in managed learning problems. Candidate attributes indicate all the 
input variables that can be used for a particular problematic. The term output is used to 
mention to target variables that define supervised learning problems. If the output is 
categorical, it describes the regression problem, and if it is numerical, it describes the 
regression problematic or theterm training sample refers to the terms observations and 
tests used to build the model. An illustration of the remarks used to calculate the 
accurateness (error rate or root mean square error). N represents the dimensions of the 
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training sample. H is number of observations. nis Number of candidate attributes d. h is 
the dimension of the input space. 

3.1.1 Algorithm 

The Extra Trees algorithm creates a group of decision or regression trees that have not 
been trimmed using the traditional top-down method. The two chief modifications from 
other tree-based ensemble techniques are that the nodes are split by randomly selecting 
intersections, and the entire training model is used to grow the tree. Algorithm 1a, 1b and 
1c shows the method for splitting Extra Trees for numeric attributes. Have one-two 
parameters: K, the sum of attributes arbitrarily carefully chosen on each node, and nine. 
The lowest sample size for splitting a node, original, complete and used numerous 
periods. Tutorial for generating an ensemble method (M shows the number of ensemble 
tree). Tree predictions are accumulated to give the final prediction. Majority vote of 
classification problem and arithmetic mean of regression problem. From a computational 
point of view assuming a balanced tree and the difficulty of how the tree grows is on the 
directive of Nlog. Like furthermost other tree growth methods, N for training sample size 
but the ease of the knot splitting method, the constant coefficients are expected to be 
large. Smaller than other ensemble-based methods of faraway optimizing intersections. 
The parameters K, nmin, and M have dissimilar effects. K governs the strength. Attribute 
selection process, average output noise power nmin, power M Decreased variance of 
ensemble model accumulation. These parameters are Adapt to the details of the problem, 
either manually or automatically (such as mutual validation). Though, it is recommended 
to use the default values to exploit the control. 

Algorithm 1a: Build an extra tree ensemble(s) 

Input: Training set denoted by s.  

Output: Ensemble t = {t1..., tM}. – For i=1 to M  

Produce a tree:ti= Build an extra tree(s); – Return t. 

Algorithm 1b: Build an extra tree(s). 

Input:Training set S.  

Output:Tree t. – Returns a sheetlabeledwith S's class count (or average output of 
regression)  

if: (I) | S | &lt; n minutes or (Ii) All candidate attributes are constant at S, or (Iii) The output 
variable of S is constant  

Otherwise: 

1. Randomly select the K attribute {a1, ...,aK} from all without replacing it (not constant in 
S) Candidate attribute; 

2. Generate a K partition {s1, ...,sK}. Here, selectsi = random division (S,ai), ∀i = 1, ..., K;  

3. Select the split s ∗ so that Score (s ∗, S) = maxi = 1, ..., K Score (si, S); 
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4. Decompose S into subsets Sl and Sr according to the test s ∗. 

5. Build tl = build an additional tree (Sl) and tr = build an additional tree (Sr) from a subset 
of these. 

6. Create a node with partition s ∗, addtl and tr as subtrees to the left and right of this 
node,Result tree t. 

 

Algorithm 1c :Select a random split (S, a) 

Input:Training set S and attribute a.  

Output:Split. – If attribute a isa number: 

1. Calculate the maximum and minimum values ofa in S. Each is represented by aS. min 
and aSmaximum;[Draws the intersection ac evenly withaSas minutes, maximum]; 

2. Return split [a &lt; AC]. – If attribute a is a categorical type (indicates the set of possible 
values for A): 

3. Compute AS as a subset of A for the values that occur in S. 

4. Randomly draw the appropriate non-empty subset A1 of AS and the subset A2 of A \ 
AS. 

5. Returns the division [a ∈ A1 ∪ A2]. 

4 IMPLEMENTATION AND RESULTS 

Experimental assessment of the performance of the Extra Trees method with default 
setting parameters through hyper parameter tuning and conditions projected to be 
shielded through tuning. Then specifying the algorithm Extra Tree-based used to compare 
the method used for evaluation with the error rate. Finally, the out comes are measured 
in terms of accurateness and computational efficiency. 

4.1 Proposed System Process 

Web service discovery is determined through running the predefined models with default 
parameters. The proposed system model is based on the improvisation of Extra Trees 
Regression and the complete process is shown in figure 1. 
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Fig. 1.Proposed System Process. 

 

4.1.1 Datasets 

The version 2.0 Quality of Web Service (QWS) dataset contains 2,508 web services and 
their quality (QWS) measurements and was run using the Web Services Broker (WSB) 
framework in 2008. Each and every data in this dataset denotes the web service and the 
equivalent 9 QWS dimensions. The first nine items are QWS system of measurement by 
means of multiple web service benchmarking tools done by a six-day period. The QWS 
value represents the average of the dimensions composed all through this period. The 
former two parameters characterize the service name and an orientation to the WSDL 
text. 

4.1.2 Data Preprocessing 

Web services rely seriously on data pre-processing. This is a very complex process and 
accounts for 80% [22] of the entire cleaning method. Log files are noisy, irrelevant, and 
contain ambiguous data that require preprocessing. The determination of data training is 
to progress the quality and accuracy of the data being predicted. Data cleaning, field 
extraction, user ID, and session ID are all characteristics of pre-processing. The main 
tasks of this study are cleaning the data and extracting the behavior of individual users. 
As a result, the previous task can be explained in two steps. (1) to clean up the weblog 
to remove redundant data, and (2) to save individual user behavior. The next step is to 
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delete the WSDL data column. This is because the data is linked to services that are not 
considered in the model. We alternate the variety of offerings in every train set and test 
set to examine the prediction impact in exclusive statistics density and restricted variety 
of groups. 

4.1.3 Service Regression based on ML 

Subsequently, after pre-processing and ranking there were only 43 services in each 
category.The category contains more than 200 services and 317 categories (more than 
half of the categories).The number of services is less than 10. By removing the one-shot 
category, the smaller size and larger categories are preserved makes the dataset more 
balanced, the service dataset contains 2508 and 1607 categories of services. Service 
time description corresponds to a normal distribution among them. The average length μ 
is 67.32 and the standard deviation is δ.It is 25.98. With long explanation service A brief 
description of the service by keeping it inside90% confidence level. Finally, 1573 services 
specified by service record description and category are found. Data selection is a vital 
step in preprocessing a dataset.  

If the service records are small and unbalanced random choice straining set and test set 
cannot be matched distribution to small size classes. Revised random number Selections 
related to service categories can be left the same Percentage of training and test data for 
each group. After randomly choosing services for each category, the training set will be 
determined2508 Services are included. The test set contains the 1607 service which are 
used for train and test the proposed models etc. Some of the ML models used for 
comparison areRandom Forest (RF)Regressor, XG Boosting Regressor, Hist Gradient 
Boosting Regressor, Bagging Regressor, Light Gradient Boosting Machine (LGBM) 
Regressor and Extra Tree (ET) Regressor. Based on the Table 1 top six models with the 
metrics R squared, Adjusted R squared, Root Mean Squared Error (RMSE) and time 
taken are shown. Rsquared decreases with less time taken is the best fit model. Thus, 
Extra Tree Regressor is the best fit model among the six models. 

 

TABLE 1 

PREDICTORS OF TOP 6 MODELS 
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4.2 Hyper parameter Tuning of Extra Trees Regressor 

The best way for hyperparameters is like setting an algorithm (i.e Extra Trees Regressor) 
that can fine-tune to improve performance, much like changing the parameters of models 
to get a clear web service. Model constraints are learned all through training (such as 
linear regression slopes and intercepts), but hyperparameters must be specified by the 
implementer prior to training. For Extra Trees, the hyperparameters comprise the number 
of trees and the number of attributes measured by each tree when splitting the node. ET 
parameters are the variable quantity and edges used to divide each node erudite through 
training. Scikit Learn[23] implements the appropriate default hyperparameter sets for all 
models, but these may not be optimal for your problem. Figure 2 shows the basic function 
of hyperparameter tuning of a model. Normally, it is not possible to predetermine the 
optimal hyperparameters. Optimizing the model turnsML from science into a trial-and-
error technique. This model has many default parameters that cannot be computed 
everything individually. This process will be time consuming. To avoid this, 
hyperparameter tuning [24] is done for ET regressor model. The selected parameter used 
for computation are shown in below figure 3. Among these eight parameters set of values 
which are based on the requirement are passed to find the appropriate result. The values 
which we pass through these parameters determine the best fit method of tuned model 
[25]. 

 

 

Fig. 2.Hyperparameters Tuning of a model. 

 

Code Snippet1 

 

Fig. 3. Code Snippet of parameters considered for fine tuning. 
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4.3 Random Search CV 

Through the parameters given each and every value for the parameters will be tested for 
all the six models and found the best fit model Extra Trees. Random Search CV fine tuned 
the best fit model for web service discovery. First defined the libraries needed for the 
random search, then define all the parameters or combinations to be tested on the model. 
As with the grid search, we used only four hyperparameters, but we can define many 
parameters as per the requirement. Results for random search as the output is shown in 
figure 4. The estimator will run the values which are given. The best parameter across all 
searched params is Warm_Start, n_estimators 

 

Fig. 4. Results from random search code snippet. 

 

5 PERFORMANCE ANALYSIS 

The investigational outcomes are interrelated and associated to six different error metrics 
and negative Mean Absolute Error (MAE) determined by the Extra Trees regression 
model of the optimal model. The success ability of the model is predicted through 
regression values. These values are interchangeable continuously. Success ability is the 
ratio of the number of response messages to the number of requested messages. 
Measuring messages with or without errors is a requirement of your ability to succeed. 
The success rate is calculated based on the required response time. Success ability are 
measured in terms percentage (%) and response times are measured in seconds 
(s).Model accuracy is the R Squared value. If R Squared near to 0 means worst case 
model and if the value is near to 1 is best fit model. Random Search CV is determined 
through 5- fold splitting can run iteratively which is given as negative Mean Absolute Error 
(MAE) and Mean Squared Error (MSE). Since MSE is the error negative MSE will reduce 
the error. If value is reduced, more or else it is equivalent to maximize the negative of that 
value (MAE). That is why, how high the negative MAE is the more efficient is the ET 
model. For each and every list of values in the parameters of random search CV will run 
iteratively for 25 times which is shown in figure 5 and the code snippet is shown in figure 
6. It is made of fitting 5-fold for each 5 candidates totally 25 fits will be iterated 25 times. 
After that, best estimator model is stored and turned into tuned model. We can analyse 
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the model fitted or not, type of estimators suited, score (negative MAE) and the 
parameters to be suited. MAE, MSE, RMSE, RMSLE are demonstrated in figure 7,8,9 
and 10 respectively. The plot axis is measured in terms of second (s). 

 

 

Fig. 5.Sample 5-fold Cross Validation. 

 

 

Fig. 6.Code Snippet of 5-fold iteration. 

 

 

Fig.7.UntunedVs Tuned Mean Absolute Error Plot. 
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Fig.8.UntunedVs Tuned Mean Squared Error Plot. 

 

 

Fig.9.UntunedVs Tuned Root Mean Squared Error Plot. 

 

 

Fig.10.UntunedVs Tuned Root Mean Squared Logarithmic Error Plot. 

 

 

Fig. 11.UntunedVs Adjusted R Squared Score Plot. 
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Fig. 12.UntunedVs R Squared Score Plot. 

  

Tuned VS Untuned Model 

Error rate increase, R Squared and Adjusted R Squared decreases are illustrated in the 
below figures 11 and 12. This is because, the model is overfitted and for the present data 
the accuracy is high but for the future need to work on more data and the model will not 
be more accurate (low accuracy). To resolve this issue cross validation technique is used. 
The model is not overfitted or underfitted produced the standard fit to the model to 
discover the web services in an efficient manner. 

6 CONCLUSIONS AND FUTURE SCOPE 

Web services permit different applications to communicate to each other and exchange 
information and services with each other. Today, the reputation of exploitation of web 
services is increasing significantly as it offers a more practical way to communicate. A 
robust model using machine learning and deep learning algorithms that predicts the 
efficiency of a particular web service under various parameters and is evaluated against 
a variety of precision metrics that can predict the initial failure of the web service is 
proposed. We fit the tuned regression which produces the random search cv results with 
all the parameters used to built the model. The parameter is defined by giving the values 
as per the requirement is the uniqueness of the model. Our model produced the standard 
fitting of the model with estimated the accuracy of the Extra Trees Model is more than 1 
of R Squared which means the model is best fit model. Previously version1 of AWS 
dataset of 800 datas are used but we used the version 2 of 2508 datas. 

Some of the limitations found in this research is1607 web service found in total 2508 of 
AWS dataset. Here, maximum of web service will be only one data. Each and every model 
has each will contain maximum of one web service that can produce 2508 but we found 
only 1607 web services only. The availability of the dataset is very low. In future, the 
availability of the dataset can be determined and can produce more web services. The 
dataset can be computed with several other regression models for accurate discovery of 
web services. 

 

 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol:55 Issue:06:2022  
DOI10.17605/OSF.IO/VAYQZ 

 

 
June 2022| 486  

 

 

 

REFERENCES 

[1] N. A. H. H. Olewy, and A. K. Hadi, "Multiclass Model for Quality of Service Using Machine Learning 
and Cloud Computing," 2021 7th International Conference on Contemporary Information Technology 
and Mathematics (ICCITM), pp. 36-41, 2021. doi: 10.1109/ICCITM53167.2021.9677705. 

[2]   L. Shen, M. Pan, L. Liu, D. You, F. Li, and Z. Chen, "Contexts Enhance Accuracy: On Modeling Context 
Aware Deep Factorization Machine for Web API QoS Prediction," in IEEE Access,vol. 8, pp. 165551-
165569, 2020.doi: 10.1109/ACCESS.2020.3022891. 

[3] Gupta, A. Singh, I. Pandita, and H. Parashar, "Sentiment Analysis of Twitter Posts using Machine 
Learning Algorithms," 2019 6th International Conference on Computing for Sustainable Global 
Development (INDIACom), pp. 980-983, 2019. 

[4] S. Sharma and N. S. Yadav, "Ensemble-based Machine Learning Techniques for Attack Detection," 
2021 9th International Conference on Reliability, Infocom Technologies and Optimization (Trends and 
Future Directions) (ICRITO), pp. 1-6, 2021. doi: 10.1109/ICRITO51393.2021.9596152. 

[5] N. C. Brintha, C. Preethi, and J. T. WinowlinJappes, "Exploring Malicious Webpages Using Machine 
Learning Concept," 2021 2nd International Conference for Emerging Technology (INCET), pp. 1-5, 
2021. doi: 10.1109/INCET51464.2021.9456222. 

[6] M. Utting, B. Legeard, F. Dadeau, F. Tamagnan, and F. Bouquet, "Identifying and Generating Missing 
Tests using Machine Learning on Execution Traces," 2020 IEEE International Conference On Artificial 
Intelligence Testing (AITest), pp. 83-90, 2020. doi: 10.1109/AITEST49225.2020.00020. 

[7] B. Alghofaily, and C. Ding, "Meta-Feature Based Data Mining Service Selection and Recommendation 
Using Machine Learning Models," 2018 IEEE 15th International Conference on e-Business 
Engineering (ICEBE), pp. 17-24, 2018. doi: 10.1109/ICEBE.2018.00014. 

[8] T. Reis, M. Teixeira, J. Almeida, and A. Paiva, "A Recommender for Resource Allocation in Compute 
Clouds Using Genetic Algorithms and SVR," in IEEE Latin America Transactions, vol. 18, no. 06, pp. 
1049-1056, Jun 2020.doi: 10.1109/TLA.2020.9099682. 

[9] H. Okur, and A. Cetin, "Credit Risk Estimation With Machine Learning," 2019 3rd International 
Symposium on Multidisciplinary Studies and Innovative Technologies (ISMSIT), pp. 1-6, 2019. doi: 
10.1109/ISMSIT.2019.8932917. 

[10] Y. Feng, M. Gao, and Z. Zhang, "Web Service QoS Classification Based on Optimized Convolutional 
Neural Network," 2019 IEEE 14th International Conference on Intelligent Systems and Knowledge 
Engineering (ISKE), pp. 584-590, 2019. doi: 10.1109/ISKE47853.2019.9170368. 

[11]  L. Kumar and A. Sureka, "Neural network with multiple training methods for web service quality of 
service parameter prediction," 2017 Tenth International Conference on Contemporary Computing 
(IC3), 2017, pp. 1-7, doi: 10.1109/IC3.2017.8284307. 

[12] KailashChanderBhardwaj, and R. K. Sharma, “Machine learning in efficient and effective web service 
discovery”,Journal of Web Engineering, 196–214, 14, July 2018. 

[13] Yang Song, “Web service reliability prediction based on machine learning,” Journal on Computer 
Standards and Interfaces, vol. 73, pp. 103466, 2021. ISSN 0920-
5489,https://doi.org/10.1016/j.csi.2020.103466. 



Tianjin Daxue Xuebao (Ziran Kexue yu Gongcheng Jishu Ban)/ 
Journal of Tianjin University Science and Technology 
ISSN (Online):0493-2137 
E-Publication: Online Open Access 
Vol:55 Issue:06:2022  
DOI10.17605/OSF.IO/VAYQZ 

 

 
June 2022| 487  

 

[14]  Y. Yang, N.Qamar, P.Liu, K.Grolinger, W.Wang, Z.Li, and Z.Liao "ServeNet: A Deep Neural Network 
for Web Services Classification," IEEE International Conference on Web Services (ICWS), pp. 168-
175, 2020.doi: 10.1109/ICWS49710.2020.00029. 

[15] Y. Yang, X. Li, W. Ke, and Z. Liu, “Automated prototype generation from formal requirements model,” 
IEEE Transactions on Reliability, vol. 69, no. 2, pp. 632–656, 2020.  

[16]  Y. Yang, X. Li, Z. Liu, and W. Ke, “RM2PT: A tool for automated prototype generation from 
requirements model,” in Proceedings of the 41th International Conference on Software Engineering: 
Companion Proceedings (ICSE’19), pp. 59–62, May. 2019. 

[17]  Y. Yang, W. Ke, and X. Li, “RM2PT: Requirements validation through automatic prototyping,” in 
Proceedings of 27th International Requirements Engineering Conference (RE’19), pp. 484–485, Sep. 
2019. 

[18]  H. Wang, L. Wang, Q. Yu, Z. Zheng, and Z. Yang, “A proactive approach based on online reliability 
prediction for adaptation of service-oriented systems,” Journal of Parallel and Distributed Computing, 
vol. 114, pp. 70–84, 2018. 

[19] H. Zarini, A. Khalili, H. Tabassum, M. Rasti, and W. Saad, "AlexNet Classifier and Support Vector 
Regressor for Scheduling and Power Control in Multimedia Heterogeneous Networks," in IEEE 
Transactions on Mobile Computing.doi: 10.1109/TMC.2021.3123200. 

[20] M. Özbek, and M. T. Sandıkkaya, "Detecting Malicious Behavior in Microservice Based Web 
Applications," 2019 27th Signal Processing and Communications Applications Conference (SIU), pp. 
1-4, 2019. doi: 10.1109/SIU.2019.8806294. 

[21] N. N. Qomariyah, D. Kazakov, and A. N. Fajar, "Predicting User Preferences with XGBoost Learning 
to Rank Method," 2020 3rd International Seminar on Research of Information Technology and 
Intelligent Systems (ISRITI), pp. 123-128, 2020. doi: 10.1109/ISRITI51436.2020.9315494. 

[22] B. Alghofaily, and C. Ding, "Meta-Feature Based Data Mining Service Selection and 
Recommendation Using Machine Learning Models," 2018 IEEE 15th International Conference on e-
Business Engineering (ICEBE), pp. 17-24, 2018. doi: 10.1109/ICEBE.2018.00014. 

[23] A. Kaplunovich, and Y. Yesha, "Automatic Hyperparameter Optimization for Arbitrary Neural 
Networks in Serverless AWS Cloud," 2021 12th International Conference on Information and 
Communication Systems (ICICS), pp. 69-76, 2021. doi: 10.1109/ICICS52457.2021.9464618. 

[24]  M. Sharan et al., "An Automated Approach for Information and Referral of Social Services Using 
Machine Learning," 2017 IEEE International Conference on Information Reuse and Integration (IRI), 
pp. 332-337, 2017. doi: 10.1109/IRI.2017.42. 

[25] M. Sharan et al., "An Automated Approach for Information and Referral of Social Services Using 
Machine Learning," 2017 IEEE International Conference on Information Reuse and Integration (IRI), 
pp. 332-337, 2017. doi: 10.1109/IRI.2017.42. 

 


