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ABSTRACT 

Machine learning algorithms have revolutionized predictive analysis, natural language processing, image classification, 

and information retrieval. Semantic AI is a new concept of using the power of machine learning and knowledge graphs 

for better search and system recommendations. This paper combines the knowledge graph information from an ontology 

with ML algorithms in a system where citizens can search for e-government services. The ontology describes linked 

entities of government institutions, legislations, public services, documentation, and their attributes. Service ranking 

rating and previous searches saved on the ontology provide users with better experience and search results. The 

experiment we model in Microsoft Azure ML uses data from the ontology and classifies public services with more 

accuracy and precision using machine learning algorithms by assigning weights to essential words when searching. 
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Introduction 

Machine learning addresses how to build computers that improve automatically through experience. It is one of today’s 

most rapidly growing technical fields, lying at the intersection of computer science and statistics and the core of 

artificial intelligence and data science (Kravets et al., 2015). Machine learning algorithms have been applied in 

different fields such as banking, e-government, medical, physics, and e-learning.   

E-Government refers to the use of internet technology as a platform for exchanging information, providing services, 

and transacting with citizens, businesses, and other arms of government (Kamal, 2009). As administrative agencies 

serving the people, government agencies provide people with convenient and fast services. With the popularization 

and development of information technology, traditional inefficient government work methods can no longer adapt to 

the development of social information and cannot satisfy people’s convenience and the need for fast administrative 

services;(Zhao, 2021). Every citizen can have a personalized experience with the use of ML applications.   

Although there is a huge number of research in the literature related to ML applications, there is a lack of a 

comprehensive study focusing on the usage of this technology within governmental applications. (Charalampos et.al 

2019).  

In this paper, we aim to describe the use of machine learning algorithms to classify public electronic services more 

accurately based on citizen search. Our previous studies (Shehu & Xhina 2020) developed a web-based tool that 

searches our ontology OntoAL (Shehu & Xhina 2019) and translates life events into public services. This tool is 

dedicated to citizens and businesses and has a separate interface for employees to support them in modeling and 

altering public electronic services.  

Literature Review 

Many types of research have highlighted the improvement of systems as a combination between semantic web 

technologies and ML algorithms. In (Sveatshova & Zhou, 2020), the authors propose a system called SemML for 

ontology-enhanced ML pipeline development. It has several novel components. It relies on ontologies and ontology 

templates for task negotiation, data and ML feature annotation.  
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(Liao et al., 2021) designed an ontology for high-performance computing (HPC) to make training datasets and AI 

models FAIR. Their ontology provides controlled vocabularies, explicit semantics, and formal knowledge 

representations.  

(Kim et al., 2017) investigates two approaches and finds a suitable solution that maximizes the advantages of both 

technologies. They suggest a novel integration idea to compensate each technology with semantic filtering. (d’Amato, 

2020) presents envisioned research directions for further developing Machine Learning solutions for the Semantic 

Web. (Hsu & Lin, 2020) defined an integrated machine learning with semantic web framework into cloud computing 

and developed a linked data query platform (LDQP) to validate its feasibility. 

Methods & Methodology 

Many tools can process a large amount of data to classify, determine similarities or predict new data from current data. 

Some of the most popular tools are Weka (Frank et al. 2016), TensorFlow (Abadi et al. 2015), Google Cloud AutoML 

(Google 2022), and Microsoft Azure ML (Microsoft 2020). Some text classification libraries: Fast text (Facebook), 

ml5.js at collaboration with TensorFlow. 

We have selected Microsoft Azzure ML to implement our experiment on machine learning algorithms based on data 

obtained from the ontology. Microsoft Azure ML is a cloud-based environment that can train, automate and create 

machine learning models (Microsoft 2022). The patterns that are created support programming languages like Python 

and R; however, this tool also has a simple interface for designing experiments without programming. 

Through drag & drop functionalities, many modules can be included in the experiment. Regardless, we used some 

modules listed below: 

✓ Ready-saved or locally uploaded data sets.  

✓ Converters of data formats to CSV, TSV, dataset, ARFF, SVMLight. 

✓ Data transformers, such as filters, intermediate data modifiers, data connectors, and data split used during 

the training process. For data manipulation, we can also mention grouping the values of several categories 

into one category and the elements of column selectors in the data set that allow the definition quickly of the 

columns, which we wish to include in the training. 

✓ Filter based on feature selection, where columns specified have greater predictive power in the data set. 

✓ Text analyzer for word processing. 

✓ Machine learning module that would determine the initialization of the model by using neural networks for 

classification, training modules and model evaluation. 

Data Analysis  

Once the user provides feedback on the service, the user's search data are stored in the ontology at the distinguishing 

public service. These searches and the public service to which they belong will be exported from Protégé in CSV and 

uploaded to Microsoft Azure ML studio. To access the data, we drag & drop from the My Datasets submenu, the 

ontoAL.csv dataset, as shown in Figure 1. 

In the following, on the data set, we will select only two columns that are "Search" and "Public Service". The data 

will be cleaned, split, and over them; we apply the "MultiClass Neural Network" machine knowledge module, which 

creates a multi-class classification model using a neural network algorithm. The experiment designer performs the 

whole procedure, even though the corresponding parameters are configured for each module used. For the Multiclass 

Neural Network module, we could specify some attributes: 

✓ Create trainer mode->This option determines how the model will be trained. By selecting the value "Single 

Parameter," i.e., a single parameter, we are convinced of how the model will be configured. If we select the 

"Parameter Range" value, this would determine the uncertainty as to the best parameters. In this case, in the 
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Azure ML documentation (Microsoft 2022), for this value, it is suggested to specify a range of values and 

use the Tune Model Hyperparameters module to roam over all combinations and select the optimal 

configuration. 

✓ Hidden layer specification->This option would specify whether to create the model relied on the basic neural 

network architecture by selecting the value "Fully-connected case," or we could use a personalized script in 

Net# language for the definition of hidden layers and their connections. For our experiment, we will select 

the "Fully-connected case" option. 

✓ The number of hidden nodes-> This option allows us to customize the number of hidden nodes. The default 

value for a hidden layer would be 100 nodes. 

✓ Learning rate-> This option determines the step size taken in each iteration before correction. The values for 

this option are from [0.1-1]. The definition of this feature is paramount because a small value can take a long 

time to train the data. Meanwhile, a considerable value can make the model train quickly but generates an 

unsustainable model (Microsoft 2022). 

✓ Shuffle examples->This option is used to change the order of instances within the learning iterations. 

Results 

The preliminary results of the experiment are promising. With 1500 record searches, it is possible to predict the public 

service with an average accuracy of 98%; the average accuracy is 96% and the average sensitivity (recall) 95%. 

 

Figure 1. Experiment on Microsoft Azure Machine Learning Studio 

Based on these outcomes, we can conclude that machine learning algorithms will significantly improve citizens' search 

on the ontoAL tool. The solution can be easily integrated because the Microsoft Azure ML Studio platform offers the 

possibility of accessing experiments as web services. Once created as an experiment service, it can use a programming 

language that supports an HTTP request and response. The official documentation of Microsoft provides guidelines 

and examples for implementation in C #, Python, R, and JavaScript. 

For the JavaScript language, it is enough to use the object in JSON format to format input data and get after the results. 

To connect to the service, we need to install the request package. We can then use JavaScript code from the official 

Microsoft documentation. 
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Conclusions 

Systems based on artificial intelligence increasingly require data closer to how people think and reason, which has led 

to the interaction with web semantics technologies. This paper emphasizes the importance of ML algorithms for 

improving search as a system that does not learn is incomplete. The experiment we created at ML Azure Learning 

Studio is based on the searches in the ontology of public services based on the legislature, naming, description, or 

even service category. Cleaning modules, data sharing, and neural networks have been applied to the data. The final 

results increase the accuracy by 10% compared to the previous results. We will automate the experiment by integrating 

it as a web service in the future.            
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