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Abstract - BI and DSS are valuable tools that help 

businesses make better decisions during the present 

information-oriented economy. However, these systems are 

highly dependent on the kind of data they receive and 

process. This means that one wrong piece of information 

collected creates wrong information, leading to wrong 

decisions and losses. Therefore, this paper reviews AI data 

quality assurance relevant to BI and DSS. The paper 

reviews data quality criteria, including accuracy, 
completeness, consistency, timeliness, and validity. Using 

such works as machine learning, deep learning, natural 

language processing, and knowledge graphs in data 

quality assurance is thoroughly studied. A new approach 

for data pre-processing has been developed, comprising 

anomaly detection, data cleansing, intelligent imputation, 

and semantic reconciliation to enhance data quality. Thus, 

we decided to conduct a literature review aimed at 

assessing the existing methodologies and identifying the 

deficits that require the use of AI. In order to address the 

data concerns in the implementation of training 
algorithms, the proposed methodology focuses on using 

supervised and unsupervised learning to identify the 

problems of data and rectify the same simultaneously. 

Some studies, based on experiments carried out for a BI 

system on a large-scale data set of a financial institution, 

showed better data quality and accuracy of decision-

making. Moreover, we provide recommendations, 

drawbacks, and prospects for the application of the 

augmentation of AI in data quality assurance. 

 

Keywords - Data Quality, Artificial Intelligence, Machine 

Learning, Data Cleansing, Anomaly Detection, Data 

Governance. 
 

1. Introduction 
BI and DSS have come a long way in helping 

organizations make the right decisions in their operations. 

The BI tool is a set of tools that collect, process, report, 

and analyse large amounts of data to produce useful 
information and knowledge, while DSS is a set of 

interactive applications to support decision-making 

activities. [1-3] Thus, the fundamentals of these systems 

are data quality, no matter how powerful and big the 

respective computers or storage devices used are. 

 

1.1 Importance of AI-Based Data Quality Assurance  

 
Figure 1. Importance of AI-Based Data Quality Assurance 
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 Enhanced Accuracy and Anomaly Detection: 

AI enhances data reliability as it can identify 

minute peculiarities that are not contained in 

conventional rule-based systems analysis. Such 

models like Isolation Forests, Autoencoders, or 
deep learning networks can handle this aspect. 

This can take a lot of load off from human beings 

and reduce the chances of oversight or incorrect 

entries. These capabilities are especially 

advantageous when it comes to large-scale data, 

and even if the data classification in terms of 

‘scale’ is not large, precision is incredibly 

important for further analysis and decision-

making processes. 

 Automated and Scalable Data Processing: 

Automated data quality that AI endows helps 
organizations to improve the scale of data quality 

assurance without necessarily taking more human 

workers and resources. In supervised and 

unsupervised machine learning, AI systems can 

immediately recognize posts and articles with 

certain problems and correct them across many 

articles. This not only makes the cleaning and 

validating of data faster but also has the added 

benefits of consistency and standardization, 

which are almost impossible to attain when done 

by hand on a large scale. 

 Improved Completeness and Intelligent 
Imputation: It is also familiar with missing data 

in enterprise systems. It can do this by providing 

other imputation strategies such as the K-Nearest 

Neighbors (KNN) and Long Short-Term (LSTM) 

models and generatively imputing using context 

information. This method is not limited to 

traditional statistics data analysis and modeling 

methods. It includes techniques to find 

interconnectivity within the data set and fill 

missing values with better confidence to give a 

more complete data set. 

 Context-Aware and Semantic Consistency: 

NLP, and the usage of Knowledge Graphs in 

particular, are major helpers to AI in semantic 

data analysis. These models, like BERT, can 

parse through pieces of text and map them on 

existing formats or terminologies of the various 

adoption systems to check for consistency. This 

context-aware approach is sensitive to such a 

strategy since, in fields such as finance or 

healthcare, any mismatch at the semantic level 

may cause compliance issues or wrong decisions. 

 Continuous Improvement Through Feedback 

Loops: AI-based frameworks are inherently 

adaptive. Incorporating the monitoring and 

feedback layers allows these systems to rerun the 

model based on user feedback and validation 

results. This results in a reinforcer loop of 

amalgamating data quality about the organization. 

Such self-learning capability minimises the need 

for the rule base to be changed statically. It makes 

organisations adapt easily to the changing trends 

of the data and the business. 

 

1.2 Need for AI in Data Quality Assurance 

As we stand in an era where organisations depend 
on information, it is only wise to have quality data to 

enhance its operations or comply with the set laws. The 

traditional qualitative data quality assurance approaches 

are sometimes problematic since they cannot handle 

today's data's size, diversity, and variability. These 

methods mainly utilize fixed logic and manual process 

definition, meaning they take a lot of time and effort to 

build and update and are incapable of handling new or 

emergent data patterns. [4,5] When applied to large 

datasets or datasets of various types, data accuracy, 

consistency, completeness, and timeliness through simple 

manual or fixed rules increase the time delay errors or 
raise operation costs at high levels. Conventional data 

quality control presents some challenges that AI addresses 

as an alternative approach to the process. Compared to 

formal systems like ML, DL, and NLP, decision-making 

involves self-learning, anomaly detection, pattern 

recognition, and finding the right correction from a 

training set using training data. For instance, supervised 

ML models can learn patterns for identifying such events 

as unusual transactions or missing values, as these 

incidents have happened in the past. 

 
In contrast, unsupervised models can group 

similar records that never existed before. NLP methods can 

also convert and clean the free text, ensuring high 

uniformity of semantic annotation between the systems. 

LSTMs can deal with time series data and predict lost 

values much better than other imputation techniques. Also, 

they are self-learning and have built-in feedback loops and 

retraining, enabling them to change as the data 

environment changes. It also minimizes dependence on 

manual override while making data quality assurance 

smarter and more effective as the tool is used continually. 

In other words, organisations are thrust from the chaos of 
rule-based reactive methods to cognitive control of their 

data – and this makes data a strategic platform for any 

organisation in the complex web of enterprise ecosystems. 

 

2. Literature Survey 
2.1 Data Quality Frameworks 

The attribute of Data Quality has been the subject 

of several research efforts, and the result of such works 

was the identification of the Data Quality dimensions. 

Accuracy is, therefore, a measure of how well the data 

collected is in a position to depict the actual events or 

things that it is supposed to portray. [6-9] Completeness 

discusses the qualities of data attributes with all their 

required data values without skipping or lacking data. 

Coordinate the Gantt chart: consistency helps maintain 

similarity in different relativities of various sources or 

systems and eliminates paradox or repetition. In 

Timeliness, accuracy is checked based on the current 
information in a certain field of use. Finally, validity 

concerns the extent to which data is sound with respect to 
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specified formats, rules, or constraints to ensure structural 

consistency. Altogether, these dimensions can be seen as a 

suitable framework for evaluating and enhancing data 

quality. 

 

2.2. Traditional Data Quality Techniques 

Conventional approaches to data quality are 

mostly conducted through discretionary methods and 

checklists. Some of the common techniques are ETL tools, 

where data is normalized and converted between different 

systems and systems in an effort to clean it as well. One of 

the most common techniques is data profiling, which 

entails inspecting data sources to discover information 

about them, such as their structure and content, as well as 

some quality concerns. Data governance structures offer 

solutions for the organization related to data quality 

guidelines and adherence to rules. Although the usage 
makes sense to some extent, it is rather ineffective and 

limited today. It is heavily based on thorough manual 

rule(s) definition and thus not so flexible in the context of 

rather complicated and, certainly, dynamically changing 

data. 

 

2.3 AI in Data Quality 

The usage of AI in data quality management has 

made it easier and more feasible than in the past. 

Supervised and unsupervised learning models, collectively 

called ML, are commonly applied to differentiate between 

possible and impossible situations, random noise, and 

underlying patterns, given that predefined rules cannot 

determine the input configurations. NLP contributes by 

transforming data from text to a structured format, which 

can then undergo the process of standardization and data 
validation, which might not be easy to accomplish through 

conventional methods. Deep learning goes a step further 

by learning how the data is defined by learning the 

features, thus enhancing the capacity to identify errors in 

the data. Besides, to account for the relationships between 

the data entities, KGE is used, which helps in the correct 

semantic interpretation and maintains coherence with the 

given context. These AI-driven techniques help decrease 

the efforts and enhance the strength of data quality 

programs. 

 

3. Methodology 
 3.1 Framework Overview 

 Data Ingestion Layer: The Data Ingestion Layer 

can only entail data from various sources, such as 

structured and unstructured databases, APIs, file 

systems, streaming, etc. This layer aims to collect 

data in real-time or at certain intervals if the 
system needs it. [10-14] It deals with all sorts of 

data and data preprocessing tasks such as parsing, 

normalization, and schema matching for the data 

before it is processed further. 

 
Figure 2. Framework Overview 

 

 Quality Assessment Layer: In this layer, the 

ingested data is checked in terms of quality 

parameters such as accuracy, completeness, 

consistency, timeliness, and validity. Data 
profiling, rules checking, and machine learning 

for anomaly checks are used to determine the data 

problems. The assessment carried out is recorded, 

and a score is given with regard to the cleansing 

actions to be taken and the coverage of data 

cleanliness. 

 Cleansing & Correction Layer: The Cleansing 

& Correction Layer concerns itself, however, 

with correcting errors found in data. The 

operations were imputation, standardization, 

deduplication, and format correction. There may 

also be a use of machine learning algorithms in 

cases where some of the records are missing 

values or contain inconsistencies, and these can 
be filled or corrected by using the models that 

have been trained. This layer makes sure that any 

input given to downstream applications or to be 

stored for further use is the best and cleanest data. 

 Monitoring & Feedback Layer: This last layer 

allows continuous data quality monitoring over 
time. It monitors the primary quality measures, 

finds out that the deviations from the normal 

trends exist, and if so, sounds the alarm. Besides 

that, it captures end-user feeds and system 
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interactions to enhance the quality of rules and 

the entire framework’s architecture sequentially. 

This layer permits the maintenance of stable long-

term data and enables data quality adjustment. 

 

3.2 Data Ingestion Layer 

The Data Ingestion Layer, the initial layer of the 

proposed framework, adopts its main function of 

incorporating raw data from multiple sources, which could 

be dissimilar. These sources can be an ERP system, a 

CRM system, a web server log, an IoT sensor, a Database, 

a spreadsheet, an API, etc. Due to the nature of such data, 

spanning from very structured records that are even stored 

in SQL databases and relational databases to semi-

structured JSON to utterly unstructured logs, this layer is 

thus one of the most flexible layers that need to be able to 

work in batch mode, streaming and micro-batch modes of 
data ingestion. A primary role that calls for performance in 

this layer is to absorb the function of collecting data 

efficiently and reliably with reference to their sources. 

Ingestion also avails metadata instrumental in subsequent 

processing stages in the system or chain of analytic 

pathways. Information about the data source, the time it 

was ingested, the format and the schema, and all 

processing done to the data are also captured. This will be 

good for capturing the metadata useful in the data lineage 

and critical for tracking the flow and history of data 

elements in the cascade. It also supports audits, helps 
regulate an organization, and traces and identifies the root 

cause of many quality data-related issues. 

 

The Data Ingestion Layer also cleans the data, 

i.e., parsing data elements and simple transformations such 

as encoding normalization or date formatting validation of 

data conforming to given schema rules. This eliminates 

any irregularity in the data structure before it goes to the 

other stages of the framework. Advanced wings may 

contain data catalogs and automated schema discovery 

systems regarding ingestion mechanisms in complex 

modes to minimize the need for human intervention. Quite 
simply, this layer is not only about data collection; it is 

about establishing trust from the point of data entry up to 

when the data is input and formatted. 

 

3.3 Quality Assessment Layer 

 
Figure 3. Quality Assessment Layer 

 

 Anomaly Detection: It is an integral part of 

QAL, the process that helps the system to detect 

data instances that significantly differ from 

typical patterns. For this reason, Isolation Forest 
and Autoencoders are applied. Isolation Forest is 

based on the isolation strategy that isolates the 

given data by randomly selecting features and 

splitting the value present in the given features; 

hence, it is very much used for high William 

dimensions. [15-18] In this paper, the 

autoencoder is defined as a two-part neural 

network for compressing and reconstructing the 

data; in the process, high reconstruction errors 

suggest anomalies. They make it possible to 

identify problems such as inconsistency, 
mistakes, or occurrences that would have affected 

data quality negatively. 

 Semantic Matching: Semantic correspondence is 

applied to make certain textual or categorical 

information relevant and comparable to the stated 

standards or references. This process utilizes 

BERT (Bidirectional Encoder Representations 

from Transformers), one of the most effective 

models for determining word and phrase contexts. 

Due to these considerations, the semantic 

embeddings help the system identify the 

mismatches or lack of standardization in naming 

systems, categorizations, and descriptions of 
similar or related data. This technique is 

particularly suitable when working with 

unstructured or semi-structured data where simple 

string-based matching can be ineffective. 

 Clustering: Cluster analysis methods are used for 

grouping data similar to the data points and 

separating those unlikely to belong to any cluster; 

these are outliers. K-means clustering divides the 

data set into groups based on the pre-specified 

number of clusters, meaning that data points far 

away from cluster centroids can be considered 
outliers. The last one, DBSCAN (Density-Based 

Spatial Clustering of Applications with Noise), 

concerns the clustering of data based on the 

density of data points and has a good record of 

identifying noise data and irregular patterns in a 

set. These clustering methods can reveal most 

structural problems and quality defects in the 

datasets that do not require labeling. 
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3.4 Cleansing & Correction Layer  

 Missing Value Imputation: The missing Value 

Imputation process aims to handle gaps in the 
given data set by completing all the necessary 

missing values per the comprehensible data 

available. One is known as the K-Nearest 

Neighbors (KNN) Imputer, which, based on an 

average of the nearest neighbors in n-space, could 

be quite useful when data points are similar in 

some of their characteristics. For complicated or 

sequential data or data that is differential, Long 

Short-Term Memory (LSTM), a category of 

Recurrent Neural Network (RNN), is used. 

LSTMs have a memory of time, learn the 
temporal features, and generate the lost values 

based on their learning capability for the 

sequential data. It is useful in maintaining the 

validity of collected data and minimizing the 

effect of some values that may not be obtained 

during the data collection process. 

 
Figure 4. Cleansing & Correction Layer 

 

 Data Enrichment: The activity of data 

enrichment implies the augmentation of a given 

set of data by including new values from other 

sources. Such data aggregation may involve using 

existing public databases, acquiring data from a 

third party, or using API from other programs. 

For instance, customer data can be enhanced by 

integrating demographic data gathered from 

social websites, or product data can be improved 
by adding information about prices and possibly 

reviews from e-shops. External APIs provide new 

or updated data retrieving, increasing the 

complete and relevant data rate, thus giving a 

correct view of the data subject and strengthening 

decision support. 

 Consistency Enforcement: It ensures that data 

conforms to some basic guidelines and rules of 

the application and is consistent among them. 

This can be done with the help of such rules as 

“This field is required,” “These field(s) must be 
numeric,” “Age must be greater than 0,” and 

other similar constraint rules. They can be simple 

or complex, and their importance is in 

distinguishing the datum between primary and 

secondary and washing out any noise in the data 

set. In violation, the record might be marked for 

corrections, or the system might rectify data by 

transforming, standardizing, or deleting the 

record. Through such consistency rules, the 

system guarantees the accuracy of the data 

collected and its compliance with certain norms, 

which is vital when understanding and 

interpreting the results. 

 

3.5 Monitoring & Feedback Layer 

Monitoring & The feedback layer, therefore, 

enrich a very important aspect responsible for constantly 

enhancing data quality in the future. This creates a 

feedback loop by which the system can retrain itself 
according to changing data or new user feedback. After the 

data has been checked and cleaned regarding its quality, it 

is analyzed to determine the quality of the output output, 

which includes accuracy, completeness, consistency, and 

timeliness. The constant monitoring can help the system 

identify a sequence or a shift to alert the authorities at the 

hour that quality problems crop up. Besides that, the 

feedback loop incorporates the usage indicators corrections 

into the system. Users, through validation and correction 

of many records, offer feedback that can be used to 

enhance properly the quality of models pertaining to the 
data.  

 

For instance, users can correct any errors or 

omissions in the database's data set, and the system can 

record these changes and use them for further processing. 

Such a process provides the system with the experience of 

inputting data and modifying the rules, models, or 

algorithms as needed. It also recalculates the weights of 

the models used in machine learning, for instance, 

anomaly detection or imputation models, using new 
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validations or even from the end-user correction. This way, 

actual ads add virtues to the model by learning the results 

gradually and definitively, which helps to develop the 

system to deliver enhanced and improved results and 

information quality in terms of data quality. The system 
has corrected real-time data problems and improved its 

ability to identify subsequent quality problems daily 

because experts make the final decision from that field. 

Therefore, integrated enterprise data becomes more 

credible and trustworthy in analysis and decision-making 

processes. This way is adaptive to the data quality, so the 

changes in the data environment and the users’ 

requirements do not deteriorate the data quality. 

 

4. Results and Discussion 
4.1 Dataset and Experiment Setup 

In order to substantiate the claims made in this 

paper with respect to the proposed AI-enhanced data 

quality framework, the authors conducted a series of 

experiments with a large-scale, real-world dataset obtained 

from a multinational bank. This was a diverse and high 

volume of data related to three broad areas: transactional, 

customer profile, and operational scripts. Their 
transactional data covers various activities such as 

deposits, withdrawals, fund transfers, and credit card 

payments, showing the real-time and dynamic nature of 

banking operations. This dataset ventilation included 

information on the customers of the account holders, 

including their age, gender, geographical location, type of 

accounts, service preference, and activity history. The 

other subcategory of operational data was more formal, 

and it comprised system logs and records of support tickets 

providing information regarding the system's health, the 

consumers’ grievances, and the fixes provided. The system 

structure used in this experiment consists of two parallel 

pipelines that compare normal/rule-based techniques with 

AI-based techniques.  

 
First, the dataset was cleansed by removing 

identifying information based on data protection 

regulations most researchers used as a rule of thumb. This 

phase also involved checking, comparing, and 

synchronising the schema of the data sources used in the 

project. The baseline pipeline for data validation and 

cleansing was a set of rules and manual thresholds 

consistent with the current practices in the ETL and data 

governance fields. On the other hand, the enhanced 

pipeline used machine learning models for detecting 

anomalies, LSTM-based models for imputing missing 

data, and BERT for textual semantic matching and 
clustering for outlier detection. The same datasets and 

quality measures were used to compare pipeline 

performance for control and accuracy in comparing the 

two pipelines. This was not only to increase select KPIs 

related to quality, coherence, and completeness of the 

products but also to establish the decrease of the 

proportion of cases that would require additional attention 

from the employees naïve to AI. This brought a flexible 

approach to the experiment, which enabled us to observe 

the ability or inability of each method to work under real 

data situations. 

 

4.2 Evaluation Metrics 

The following are the evaluation metrics that were used for 

assessing the performance: 

Table 1: Performance Comparison – Baseline vs. AI-Enhanced Framework 

Metric Baseline AI-Enhanced 

Accuracy 78% 94% 

Completeness 65% 92% 

Consistency 70% 95% 

Timeliness 68% 90% 

F1 Score 71% 91% 

Data Quality Index (DQI) 70% 93% 

 

Comparison – Baseline vs. AI-Enhanced Framework 

 Accuracy: Accuracy, on the other hand, is 

defined as the convergence of collected data with 

real values. The baseline system resulted in an 

accuracy level of 78%, proving that a quarter of 

records contain wrong or obsolete information. 

With the help of new methods such as anomaly 

detection and semantic matching, accuracy rose to 

94%. This was mostly the case because, in 

addition to correcting notable errors in the text 

that rules-based systems would not identify, the 

AI models significantly improved the efficacy of 
the work process and time spent in the workflow. 

 Completeness: Completeness signifies to what 

degree all necessary information is included in the 

record. The baseline system reached 65% of the 

completeness because of the missing fields in 

customer profiles and transaction logs. With the 

help of imputation methods such as KNN and 

LSTM, the proposed AI-enhanced framework 

improved completeness by 92%. Doing this 

meant that data was collected more holistically 

and in a manner that would produce accurate and 

reliable analytics and decisions back at the home 

office. 

 Consistency: Consistency defines the degree of 

similarity of the data at different database levels 

and sub-levels. This indicates that the initial 

consistency level was 70 percent, offset by some 
disparities in formats and values in records. Most 

checks were done through artificial intelligence, 

where the Semantic BERT model enabled 95% 

consistency. It was also useful in eradicating 

disparities and duplicity of information from 

various sources. 
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Figure 5. Graph representing Performance 

 

 Timeliness: The timeliness of the data shows 

whether the data collected is current or not 

according to the current status. In the baseline 

approach, the timeliness was 68%, and it was 

quite slow at syncing and updating data from such 

sources when they were dynamic. The monitoring 
and the real-time ingestion, which Manero 

enabled, enhanced the timeliness score to 

90/100% to make timely decisions with current 

information. 

 F1 Score: The F1 Score measures the extent of 

precision and the extent of the recall in 

identifying and rectifying the data quality 

problems. That is the specific value of the F1 

score metric with false positives and false 

negatives with a baseline score of up to 71% of 

the data. Based on the proposed solution of AI 

models that undergo correction and feedback 
learning from users, the increased accuracy to 

91% percent of data cleansing was efficiently 

achieved. 

 Data Quality Index (DQI): This summarizes all 

the amplified quality dimensions into one index 

known as the Data Quality Index. The DQI at the 

start was 70%, indicating average quality in 

accuracy, completeness, consistency, and 

timeliness. Employment of AI methods boosted 

the DQI to 93%, which means that almost all the 

governing factors have shown an overall 
enhancement in the organization's data quality. 

 

4.3 Discussion 

The functionalities of the data quality framework 

demonstrate that integrating these techniques uses artificial 

intelligence to improve overall structures and reliability in 

data. Various advancements resulted from AI methods in 

terms of accuracy, completeness, consistency, and 

timeliness. The degree of accuracy was seen to have 

increased from 78% to 94%, completeness from 65% to 

92%, consistency from 70% to 95%, and timeliness from 

68% to 90%. These improvements were realized by 

applying artificial intelligence algorithms, semantically 

similar models, and automatic data correction mechanisms 

that facilitated more intelligent and context-based data 

processing. The communication effectiveness increased 

from an F1 score of 0.71 before the level of 0.91 after 

implementing better algorithms: F1 = 2(Recall * Precision) 
/ (Precision + Recall), the lower the F1, the more false 

positives and false negatives it gave.  

 

One of the most significant improvements was the 

growth of the Data Quality Index (DQI), which 

encompasses the performance in all the evaluated 

dimensions. The DQI has been enhanced from 70% in the 

original system to 93% by implementing the recommended 

AI framework. This supports the enhanced and all-round 

improvement by automation and Artificial Intelligence. 

Several solutions were made to mitigate the limitations of 
the current approaches when handling the data; for 

instance, Isolation Forest was highly efficient in the 

discovery of more intricate outliers, and Autoencoder 

models were equally beneficial in imputing the missing 

values using deep learning techniques; LSTM was 

exceptionally reliable in filling the missing data in the 

time-related data. 

 

Furthermore, due to applying BERT-based 

semantic matching in the project, textual data was 

normalized, which helped reduce confusion during data 
records concerning the same queue. In addition, the 

Monitoring & Feedback Layer was instrumental in any 

efforts to sustain and build up the data quality.  By using 

user feedback and validation data, the system can retrain 

the model and modify the parameters accordingly. This 

means that the framework did not rely on a set of produced 

rules that are mostly rigid in their presentation and 

approach but instead can acquire new attributes, making 

the whole process adaptive to the changing pattern of data 

and incorporating new user needs. Therefore, there was an 

opportunity to greatly reduce the manual intervention and 
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the resources used while increasing operation efficiency 

and confidence in the information being delivered. 

 

5. Conclusion 
5.1 Summary of Contributions 

Based on the view of the above paper, the paper 

aims to assert that data quality is central to facilitating BI 

and DSS. As such, high-quality data is one of the critical 

parts necessary for generating meaningful insights and 

useful strategic decisions. As a result, we also developed 

an AI-based data quality framework to complement and 

improve traditional rule-based and check-based approaches 
to data quality. The proposed framework is also 

combinational and sizeable and split into four basic layers: 

data ingestion, quality assessment, Cleaning and 

correction, and monitoring and feedback. During 

numerous tests on real-life data from a multinational bank, 

the framework yielded positive results in terms of all 

normalized data quality measures. Isolation forests, 

autoencoders, LSTM, and BERT embeddings also assisted 

an important part of the work in anomaly detection, 

imputation of missing data, and inconsistency solving. 

Incorporating user validation in the created layers of the 
Information and Monitoring & Feedback Layer allowed 

for constant improvement, and the system became more 

self-sufficient over a certain period. The results confirmed 

the benefits of the AI-based approach’s practical 

application in enterprise environments by revealing an 

increase in the Data Quality Index (DQI). 

 

5.2 Limitations 

However, some limitations are worthy of 

consideration and elaboration, even though they have not 

impacted the study negatively. First, the efficiency of most 

AI models employed in the proposed framework is very 
sensitive to the data quality and labeling. When such data 

is unavailable or limited, there may be a compromise on 

the accuracy of the model being developed. Second, even 

though modularity is considered from multiple 

perspectives, providing industry-standard real-time data 

pipelines has technical and operational challenges when 

integrated into existing large legacy systems. These areas 

include system compatibility, latency, and 

synchronization, which require fine-tuning to be 

implemented in production. 

 

5.3 Future Directions 

The following areas will be the subject of future 

research to enhance the existing framework: One trend is 

the use of Federated Learning that will enable 

enhancements of data quality for decentralized and 

distributed systems/organizations without having 

ownership of the data. Another intervention point is the 

improvement of explainability and transparency of AI 

models applied in the framework. Integrated 

interpretability within AI components will make it possible 

for the data stewards and end-users to comprehend 

recommendations on an anomaly event or correction. 
Finally, we intend to create customized and real-time 

output and GUI interfaces for end-users that facilitate real-

time monitoring, validation, and interaction with the DQ 

process, enhancing usability and ownership. 
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