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Abstract. Nowadays, companies and organizations have access to var-
ious data collection tools that enable them to amass vast amounts of 
data, which can be stored in databases. This data can be leveraged by 
machine learning algorithms to extract valuable information for decision-
makers. However, this raw data is often of poor quality, containing errors 
such as missing data and outliers, requiring the intervention of techni-
cians and domain specialists to prepare the data to ensure the . F1 Score
of the analysis. This article proposes a framework for preparing high-
quality data for machine learning algorithms, as manually identifying 
reliable data from a large pool can be challenging and time-consuming. 
Our approach is an architectural method that combines data preparation 
techniques to generate dataset quality. 
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1 Introduction 

Presently, many data collection tools have been developed, which allow com-
panies and organizations to collect large amounts of data and store them in 
databases. Machine learning can analyze data to provide actionable insights for 
decision-makers. However, the raw data collected is often of poor quality because 
it can contain inaccurate data, missing data, outliers, and so on. Therefore, a 
data processing phase is necessary. 

Data processing refers to any activity aimed at improving the quality, usabil-
ity, accessibility, or portability of data. The ultimate goal of data preparation is 
to enable people and analytical systems to have clean, usable data converted into 
useful information [ 1]. Data processing involves analyzing raw data to produce 
quality results. This includes cleaning missing data and outliers, encoding cate-
gorical data, normalizing data, and reducing data through attribute selection. 

Several techniques are used to process the data depending on the anomalies 
that may exist and the types of data. For this purpose, many contributions have 
been made, but each contribution does not take into account the treatment of all 
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anomalies [ 19]. Therefore, it is imperative to set up a data preprocessing method 
that integrates the essence of data preprocessing techniques, allowing all those 
who wish to obtain quality data from the raw data. 

In this paper, we introduce an architectural approach that combines various 
data preprocessing techniques to generate high-quality data for machine learning 
algorithms. Data quality refers to the condition of data based on factors such as 
accuracy, completeness, consistency, and reliability. Measuring the level of data 
quality can help identify potential errors that need to be corrected. The data 
pre-processing process intervenes in the correction of these errors. 

Thus, this paper is structured as follows. Section 2 discusses related work 
on preprocessing techniques. Section 3 presents our proposed preprocessing app-
roach. Section 4 presents the experimentation of our approach we will end with 
a conclusion and perspectives in Sect. 5. 

2 Related Work 

There are many scientific studies on data preparation techniques based on 
machine-learning algorithms. For each technique, a lot of work has been done 
to improve data preprocessing. Potdar and al. [ 2] have compared seven different 
techniques that can be used for encoding categorical variables. The main objec-
tive of this study was to classify a dataset using neural networks. To achieve 
this, the authors made use of a second-hand car dataset. Based on the pre-
diction results, the sum Coding and Backward Difference Coding techniques 
have provided an accuracy of 95%. Therefore, it can be inferred that these two 
techniques are most suitable for making predictions that involve a categorical 
dataset. 

According to [ 3], when analyzing data, we often face a loss of information 
due to missing values. To tackle this problem, several techniques have been 
developed, such as imputation techniques, which help in substituting the missing 
data. The authors have presented several methods for imputing the missing 
data, and analysis of the processed data using these techniques has proven to 
improve the accuracy of the model. In the analysis of data, we find losses of 
information due to the presence of missing values. To remove these missing data, 
various techniques have been explored, such as the use of imputation techniques, 
and the authors have presented various methods for imputing missing data. 
Analysis of the data processed using imputation techniques helps to improve 
model accuracy [ 3] and [ 4,13,14,16]. 

Pandey and al. [ 5] describe two normalization techniques that they imple-
mented. The authors use these techniques to create a global classification of 
IRIS data and measure the accuracy of their approach using the cross-validation 
method and the R programming language. Specifically, the article focuses on two 
normalization approaches: Z-Score normalization and Min-Max normalization. 
Cousineau and al. [ 6] discuss different methods for detecting possible outliers. 
These techniques can be divided into two categories: those that work with uni-
variate data and those that work with multivariate data. The work will evaluate 
each case and provide appropriate recommendations.
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According to the research conducted by Motoda and al. in [ 7], feature selec-
tion is a crucial process that aims to eliminate some of the initial features and 
keep only the most relevant ones. This can be achieved by using a specific crite-
rion to optimally reduce the feature space. On the other hand, feature extraction 
refers to the process of generating new features that can be utilized independently 
or in conjunction with others. 

Inspired by these methods, we propose an architectural method that gathers 
data preprocessing methods to produce quality data. In the next section, our 
method which is the combination of the different methods contained in the above-
mentioned works is described. 

3 Approach to Data Preprocessing 

The Fig. 1, below presents our method of data preprocessing which is based on 
the different techniques that have been defined in the existing work. 

Fig. 1. approach of data preprocessing 

– step 1: Handling missing and outlier data is a crucial step in preparing data 
for analysis and modeling. In our approach, two techniques are proposed for 
handling missing and outlier data. For the treatment of missing data, the 
mean imputation technique is proposed. This technique involves replacing
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missing values with the mean of non-missing values of the same variable. 
This technique is widely used in the scientific community for its simplicity 
and robustness. For the treatment of outliers, the interquartile range tech-
nique is proposed. This technique detects outliers by calculating the difference 
between the first and third quartiles of a variable. Values outside this range 
are considered outliers and replaced by the variable’s median value [ 8,12]. 
It should be noted that these techniques are not the only ones available for 
handling missing and outlier data. 

– step 2: Data normalization and encoding are also two important steps in 
data preparation. In our approach, two techniques are proposed for normal-
izing and encoding data. The process begins by checking whether categorical 
data are present for each feature in the dataset. When the selected feature 
contains categorical data, the hot coding technique is proposed to transform 
the data. This technique involves creating binary variables for each category 
of the categorical variable. This technique is widely used in the scientific 
community to encode categorical data due to its simplicity and its ability to 
avoid unnecessary weighting of categories. When the selected feature does not 
contain categorical data, normalization is performed. For normalization, the 
min-max normalization technique is proposed. This technique involves trans-
forming the data to fall within a specific range of values, usually between 0 
and 1. This technique is widely used in the scientific community to normalize 
data due to its simplicity and robustness [ 9]. After normalization and encod-
ing, the data is transformed and ready to be used for analysis and modeling. 
It should be noted that these techniques are not the only ones available for 
data normalization and encoding. 

.Xnormalized =
χ − min(χ)

max(χ) − min(χ)
(1) 

where: min and max are the minimum and the maximum value of . χ
– step 3: Data quality testing is also an essential step in data preparation. In 

this paper, an approach is proposed to check that data have been properly 
cleaned. For this, models based on machine learning algorithms such as sup-
port vector machines (SVM), Naive Bayes, K-Nearest-Neighbors Classifier 
XG Boost Classifier, and random forests are used. This evaluation is carried 
out using the input data transformed to form these models. Model perfor-
mance is then measured against parameters such as the .F1 Score [ 10,17]. In 
this approach, if the .F1 score is greater than or equal to a defined threshold, 
the data are considered to be of high quality. However, if the .F1 score is 
below the defined threshold, the data quality testing process starts again. 

The following Algorithm 1 is used to describe our methodology.
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Algorithm 1. Algorithm used by the High-Quality Data Preparation framework 
1: Input: . D: Original dataset with .Cn columns 
2: ML:Machine learning algorithm 
3: nval: number of folds of the cross-validation 
4: . σ: Threshold 
5: Output : .QD : Quality data 
6: Begin 
7: . D ← MissingData(D)
8: . D ← Outliers(D)
9: for all column .C in .D do 

10: if .C is numeric data then 
11: . C ← Normalizer(C)
12: else 
13: . C ← Encoder(C)
14: end if 
15: end for 
16: . F1 score ← TrainML(ML, D, nval)
17: if .F1 score ≥ σ then 
18: . QD ← D
19: else 
20: Review your dataset 
21: end if 
22: End 

The Algorithm 1 illustrates the algorithm used by the High-Quality Data 
Preparation framework for preparing high-quality data. Lines 1 to 4 specify the 
input data, which includes the dataset, quality threshold, and Machine Learning 
algorithms. Line 5 indicates that the expected output is high-quality data. In line 
7, we first address missing data, and in line 8, we utilize the previously processed 
dataset with missing data to handle outliers [ 20]. From line 9 to line 15, we iterate 
through each column of the dataset, normalizing numerical data (line 11) and 
encoding categorical data (line 13). We now have a prepared dataset ready to 
be used in the learning process. In line 15, the function train is used to train 
the model [ 21]. We use the Cross-validation to evaluate the model. The cross-
validation model randomly divides the training data into .nval folds (.nval = 10). 
In each iteration of the dataset, the cross-validation model uses one fold as the 
validation dataset. It uses the remaining .nval − 1 folds to train a model. Each 
of the .nval models is tested against the data from all the other samples. In line 
16, the function TrainML is used to train the model. We consider 70% of the 
prepared dataset as the training data, leaving 30% for testing purposes. The 
.F1 score (line 16) metric is used to assess the performance of the model and 
to decide whether the data are of high quality or not. the function TrainML 
repeats the training of the model .nval times. In lines 16 to 20, if .F1 score is 
greater than or equal to the threshold specified we return high-quality data else 
we prompt the user to review their dataset.
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4 Experimentation of Approach 

4.1 Programming Language and Framework 

To facilitate and accelerate the implementation of our solution, we chose the 
Python programming language and the framework Streamlit. Python is a pro-
gramming language that respects object-oriented programming paradigms. Con-
sequently, as a Python-based development framework, streamlit was chosen. 
Streamlit is an open-source platform that enables the creation of data apps with 
Python, using Python scripting APIs, widgets, and instant deployment. The 
platform integrates various libraries such as Scikit Learn, OpenCV, vega-Lite, 
PyTorch, Numpy, Seaborn, Deck GL, Tensorflow, Python, Matplotlib, and Pan-
das, which can be helpful for machine learning engineers to create Python-based 
applications. 

4.2 Execution Environment 

Our work setup consists of a laptop running Ubuntu Operating System with the 
following specifications. 

– Processor: Intel(R) Core(TM) i5-8259U CPU @ 2.30GHz, 4 cores and 8 logic 
processors 

– RAM: 8 Gb 
– Graphics: Intel(R) Iris(R) Plus Graphics 655 

4.3 Presentation of the Dataset 

We have decided to use the Iris flower dataset to test our data processing 
approach. This dataset is a multivariate set that was made famous by the 
British statistician and biologist. It comprises 50 samples from each of the 
three Iris species (Iris setosa, Iris virginica, and Iris versicolor). Four features 
were measured from each sample, including the length and width of the sepals 
and petals in centimeters. You can access the Iris dataset through the pro-
vided link https://www.kaggle.com/datasets/saurabh00007/iriscsv/download? 
datasetVersionNumber=1. 

4.4 Results and Discussion 

This section presents the results of fitting our models to the dataset. We mea-
sured the performance using the .F1 score. The .F1 score considers precision and 
recall, two important metrics for classification models. Precision measures the 
number of true positives divided by the total number of positive predictions, 
while recall measures the number of true positives divided by the total number 
of true positives and false negatives. The .F1 score is a more reliable measure 
than accuracy because it takes into account both precision and recall [ 11].

https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
https://www.kaggle.com/datasets/saurabh00007/iriscsv/download?datasetVersionNumber=1
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Also, for quality checks, we set the threshold value at 80%. It should be noted 
that other performance measures can also be used depending on the specifics of 
the data and the situation. 

Table 1, shows the results (.f1 score2) obtained after testing our dataset with 
different algorithms. 

Table 1. Model Evaluation Results. 

algorithms .f1 score0 (%).f1 score1 (%).f1 score2(%) 
Support Vector Machine (SVM) 61.33% 90.85% 93.55% 
Random Forest Classifier 73.66% 91.53% 95.58% 
XG Boost 75.55% 91.35% 95.58% 
Naive Bayes 76.65% 91.53% 95.58% 
K-Nearest-Neighbors Classifier 72.65% 92.43% 94.03% 

Let us consider: 

– .f1 score0 Results before applying our processing method, 
– .f1 score1 Results after applying our processing method without normaliza-

tion and encoding, 
– .f1 score2 Results after applying our processing method with normalization, 

Fig. 2. Graphic of .F1 scores (%) 

Table 1 shows firstly the results obtained without applying our data pro-
cessing method (.f1 score0), secondly the results obtained by applying our data
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processing method without normalization or encoding (.f1 score1), and finally by 
applying our complete data processing method (.f1score2). The complete data 
preprocessing technique has been utilized to enhance the classification models 
performance, which is measured using the .F1 score. Techniques like normaliza-
tion and coding have been employed to enhance the quality of the input data [ 15]. 
A comparative analysis of the model’s performance before and after the data pre-
processing can assist in determining the effectiveness of this method. However, 
this technique may not be suitable for all types of data. Nonetheless, by applying 
data preprocessing techniques, the performance of classification models can be 
significantly improved (Fig. 2). 

5 Conclusion 

In this paper, we propose a framework that addresses quality data issues and 
aims to generate high-quality datasets for machine learning algorithms. The 
framework employs an architectural approach that combines different data 
preparation techniques. These techniques include handling missing data, encod-
ing, and normalization. The results of our implementation show satisfactory 
results. 

While the results obtained from the Iris Dataset are encouraging, it would 
be valuable to assess the performance and the robustness of the proposed data 
pre-processing framework on a wider range of datasets, under different scenarios, 
including noisy data, imbalanced datasets, and varying levels of data quality. 
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