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Abstract 

The BELab Data Science team at Banco de España has developed an integrated tool 

that standardizes Exploratory Data Analysis (EDA) and Data Quality Management 

(DQM) across the heterogeneous microdata sets hosted in the laboratory. Despite 

differences in size, structure, and confidentiality, the shared tabular format of these 

datasets enables a unified analytical workflow suitable for diverse users, including 

data producers, lab technicians, analysts, and researchers. The tool provides 

automated exploratory dashboards, multilevel data inspection, and an AI-powered 

interface for querying both aggregated and micro-level information. It also evaluates 

key DAMA data-quality dimensions—completeness, uniqueness, validity, and 

consistency—detects structural and metadata-related issues, and incorporates 

multivariate analysis and anomaly-detection methods to support robust and efficient 

data assessment. 
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1. Introduction 

BELab [1] is the data laboratory of Banco de España, a secure environment that 

provides external researchers with access to highly confidential and diverse 

microdata originating from both internal departments and external institutions. 

It offers controlled workspaces, standardized quality-control procedures, and 

regulated output-review processes to ensure that all analyses comply with strict 

confidentiality, accuracy, and governance standards. By centralizing 

heterogeneous datasets, BELab supports advanced analytical work and enables 

reliable, reproducible research within a robust data-management framework. 

BELab currently hosts 18 microdata collections originating from a wide range of 

sources. Figure 1 presents an interactive dashboard summarizing their main 

characteristics. As shown, these datasets differ substantially in their nature, size, 

number and types of variables, update frequency, and confidentiality level. They 

are produced by different providers and therefore follow heterogeneous 

generation processes and quality-assurance standards. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 Power BI dashboard summarizing the microdata collections currently hosted by the 
BELab data laboratory of Banco de España. 

To ensure consistency and efficiency in the exploratory data analysis (EDA) and data 

quality management (DQM) of such heterogeneous microdata, BELab has recently 

developed a generic, integrated tool designed to support a wide range of users—

including data producers, lab technicians, data analysts, and researchers—in 

performing EDA and DQM on the datasets hosted in the laboratory. 

Despite significant variations in the size, nature, and confidentiality levels of these 

datasets, they share a common structure that enables a high degree of 

standardization and generalization in EDA and DQM processes. 

For EDA, the tool supports the standardized exploration of highly heterogeneous 

tabular datasets. Users can examine data at various levels of detail, including both 

aggregated information and the underlying microdata, depending on their access 

rights and specific interests. The tool also enables the automatic creation of 
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interactive exploratory dashboards for large collections of tabular datasets and can 

serve as a data catalog to showcase available data. Additionally, it incorporates an AI-

powered interface that allows users to ask questions about both aggregated and 

micro-level data. 

In terms of data quality, the tool automatically evaluates several dimensions of the 

DAMA (Data Management Association) framework for DQM—namely, completeness, 

uniqueness, validity, and consistency. It checks whether the data align with the 

associated metadata, identifies structural and formatting issues, and detects duplicate 

records and invalid entries. Its EDA capabilities also support the identification and 

analysis of inconsistencies. Furthermore, the tool includes machine learning–based 

multivariate analysis and anomaly detection functionalities. This paper provides an 

overview of the tool and its main features. 

2. BELab data and metadata 

Each BELab dataset is composed of one or multiple CSV files, all of which share the 

same reading and extraction parameters (separator, encoding, etc.). Each file 

corresponds to a specific time interval—typically reporting years. All BELab data files 

adopt a standard tabular structure in which each row represents an observation or 

record and each column corresponds to a variable. A date or timestamp column is 

generally included, enabling the direct representation of time-series information 

within the table. The datasets follow a wide format, meaning that each variable is 

stored in its own column rather than encoded in a long or stacked layout. This wide 

structure provides a consistent and flexible foundation for both exploratory analysis 

and data-quality assessments. The tool can also be adapted to handle datasets stored 

in other file formats or relational databases. 

A standardized metadata structure has been defined to enable a generic tool design, 

so that datasets with very different volumes, numbers of variables, or variable types 

can be processed in a uniform way. These metadata files facilitate the standardization 

of data visualization, analysis, and quality checks, providing a unified interface for all 

datasets. In BELab, metadata is currently stored in Excel workbooks containing several 

standardized sheets, the most relevant of which are FILES, METADATA, and 

VARIABLES: 

▪ The FILES sheet reports the time interval covered by each data file. 

▪ The METADATA sheet includes general dataset-level information such as file 

type, separator, encoding, and dataset description. 

▪ The VARIABLES sheet contains the most relevant information for generalizing 

the tool design. It lists all variables in the dataset along with their variable 

type, description, expected format, and other characteristics. The key element 

here is the variable type, as it enables the implementation of standardized 

procedures. Six variable types have been defined: identifier (id), date (date), 

numerical (num), categorical (cat), geographical (geo), and text (text). These 

types refer to the interpretation of the variable rather than its physical data 

type. For example, categorical variables may be stored as integers, floats, or 

strings, but all are treated as categorical by the tool. Formats for selected 

variable types—such as dates or identifiers—are also included. Additional 

attributes may be specified, such as NOT_NULL or PRIMARY_KEY, indicating 
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which variables cannot contain missing values or form part of the dataset’s 

primary key. 

Finally, the metadata file includes an additional sheet for each categorical variable, 

detailing all its possible categories and providing definitions for each category. 

Examples of these metadata sheets for one of the BELab datasets (CBI, Individual 

enterprises [2]) are shown in Figure 2. This metadata structure enables standardized 

data exploration and quality-control procedures and allows the same analyses to be 

applied consistently across all variables of the same type (numerical, categorical, etc.). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Example of metadata file for the CBI dataset. 

3. Modular tool design 

The implemented tool follows a modular design that allows users to apply only the 

processing steps required for each dataset and facilitates the seamless integration of 

new functionalities. The entire system is developed in Python and includes a graphical 

user interface built with Plotly Dash, enabling non-technical users to analyse diverse 

datasets without needing any programming skills. The interface is currently annotated 

in Spanish. 

The tool is designed to accommodate datasets with widely varying volumes and 

characteristics. Its inputs consist of the microdata files and the associated metadata 

file. Before processing, the microdata are converted into Parquet format to enable 

efficient column-level extraction from large files. To ensure scalability and streamline 
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the analysis of large datasets, the tool’s workflow is organized into three main stages 

(Figure 3): 

1. Configuration (Step 1): The user completes an interactive web form specifying 

the processing tasks to be performed (Figure 4). This form is currently 

implemented in Streamlit, with a planned migration to Plotly Dash. Users 

select the dataset and files to be processed, configure sampling, filtering, and 

aggregation options, and choose the DAMA quality-framework parameters. 

The selected configuration is saved to a configuration file in JSON format, 

which serves as input for the next stage. 

2. Offline processing (Step 2): The main data processing is executed offline, and 

the results are stored in multiple output files. The configuration file drives this 

phase, during which sampling, filtering, and aggregation are performed 

according to the user-defined settings. A large collection of time-series 

aggregated indicators is precomputed to ensure fast rendering in Step 3. 

DAMA quality-control tests are executed, and multivariate analysis and 

anomaly detection are performed. Additionally, the dataset documentation 

is indexed to support the AI-assisted interface. This stage can be 

computationally intensive depending on dataset size. All outputs generated 

here are saved for later exploration. 

3. Interactive exploration (Step 3). In this final stage, the user examines the 

processed outputs through an interactive web interface enhanced with 

AI-based capabilities (Figure 5). The interface permits the selection of any 

available dataset, together with the corresponding configuration and results 

files generated in the previous step. It comprises several dedicated sections 

for variable-type-specific exploration, DAMA-aligned data-quality 

diagnostics, multivariate anomaly-detection results, and an interactive 

summary dashboard. Users may also compute custom aggregates directly 

within the interface. The integrated AI assistant enables natural-language 

queries regarding dataset documentation, metadata, microdata, and 

aggregated statistics, thereby facilitating a more intuitive and efficient 

navigation of the analytical environment. Since all computationally intensive 

processes are executed offline in Step 2, the exploration phase remains fast, 

fluid, and responsive. 

The tool outputs a collection of result files generated in Step 2 and an HTML or PDF 

report summarizing the main findings produced in Step 3. This three-stage 

architecture enables efficient processing of large datasets while maintaining a smooth 

user experience. 

The tool is currently hosted on a workstation and accessed locally by users. A 

migration to a production server at Banco de España is planned in the coming 

months.  

 

 

 

 

 

 

 

Figure 3 Summarized workflow of the developed EDA and DQM tool. 
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Figure 4 Interactive configuration web form specifying the processing to be performed 
(temporarily implemented in Streamlit). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 EDA and DQM application user interface, showing the automatic dashboard 
generation section. 
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4. Current features of the tool 

The tool follows a modular design, and new functionalities are continuously 

incorporated. Figure 6 presents the current layout of the graphical user-interface 

header and its main sections. At the top of the interface, the user may select a dataset 

from a dropdown menu, as well as any of the available configuration and results files. 

A generative-AI prompt is also provided, enabling natural-language queries about 

the microdata, aggregated data, metadata, and all associated documentation; this 

functionality is described in Section 4.5. 

Below the header, the following sections are accessible through dedicated tabs: 

• Introduction: offers a brief description of the tool and its main integrated 

modules. 

• Summarizing dashboard: displays the interactive dashboard that 

summarises all available datasets, as shown in Figure 1. 

• Dataset dashboard: presents the automatically generated interactive 

dashboard for the selected dataset, as described in Section 4.4. 

• Configuration: summarises the main configuration parameters specified 

during the setup stage, including the list of processed data files, sampling, 

filtering and aggregation parameters, DAMA test settings, the list of modules 

executed, and the resulting processing times (Figure 7). 

• Variable information: provides an overview of the dataset’s variables and 

their main characteristics (Figure 8), listing the variables by type and 

displaying the metadata provided in the VARIABLES tab of the metadata file. 

• DQM tests (DAMA dimensions): presents the results of the data-quality 

tests performed during offline processing, as described in Section 4.1. 

• Exploratory data analysis: provides comprehensive functionality for 

examining all variables in the dataset, organised by variable type, as detailed 

in Section 4.2. This section enables systematic inspection of distributions, 

temporal patterns, and potential data-quality issues. 

• Multivariate analysis and anomaly detection: presents the multivariate 

analysis outputs produced during the offline processing stage, as described 

in Section 4.3. This module supports the exploration of complex 

interdependencies among variables and the identification of anomalous 

observations using machine-learning–based techniques. 

• Report generation: reserved for the generation of final reports (currently 

under development). 

The tool’s main capabilities are detailed in the subsequent sections. 

  



  

 

Integrated Tool for AI-assisted Exploratory Data Analysis and Quality Control of Heterogeneous Statistical Data 

 9 
 

 

 

 

 

 

 

 

Figure 6 Tool header and main sections. 

 

 

 

 

 

 

 

 

 

 

Figure 7 Configuration parameters section. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8 Variable information section. 
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4.1. DQM tests according to DAMA quality framework 

The DAMA (Data Management Association) framework defines the key 

dimensions of data quality and provides a foundation for assessing and improving 

data quality within organizations. The tool automatically evaluates the following 

DAMA dimensions as part of its DQM functionalities: 

• Completeness: Ensures that all required data is present and available. 

The tool verifies that all variables defined in the metadata are present in the 

data files and checks that variables labelled as NOT_NULL contain no missing 

values. 

• Uniqueness: Ensures that each record is unique and not duplicated. 

The tool tests whether duplicate records exist by checking combinations of 

variables labelled as PRIMARY_KEY in the metadata. 

• Validity: Ensures that data conforms to required formats and standards. 

The tool verifies that each variable matches the format specified in the 

metadata. In particular, date variables are checked against the expected date 

format, and categorical variables are validated to ensure they contain only 

predefined categories. 

• Timeliness: Ensures that data is up-to-date and available when needed. 

The tool checks the frequency of reporting, the number of periods, and the 

correctness of start and end dates. 

In summary, the tool assesses whether the data conforms to the associated 

metadata, identifies structural and formatting issues, and detects duplicates and 

invalid entries according to the configuration parameters selected in the first 

processing step. Results are presented in the web interface using visual summaries to 

facilitate interpretation (Figure 9). 

 

 

 

 

 

 

 

 

 

 

Figure 9 DQM test results based on the DAMA dimensions validity, completeness, uniqueness 
and timeliness. 
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4.2. Exploratory data analysis 

The EDA section of the tool enables users to comprehensively explore all 

variables in each dataset—organised by variable type and available at multiple levels 

of detail, from aggregated information to the underlying microdata. The tool relies 

on the variable categorisation provided in the metadata file to standardise the 

exploration workflow across variable types. The EDA section is structured into the 

following subsections: 

▪ Available sample 

▪ Identifying variables 

▪ Categorical variables 

▪ Numerical variables 

▪ Geographical variables 

▪ Custom aggregates 

4.2.1. Available sample 

This section enables users to examine the presence of data for each variable over 

time. It allows to select the variable types of interest, and it shows the overall number 

of samples, the number of samples of each variable, and the number of missing values 

of each variable per reporting period. This information is graphically presented on the 

user interface (Figure 10). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10 EDA section of the tool: exploration of the available sample. 
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4.2.2. Identifying variables 

This subsection reports the number of distinct entities per reporting period 

represented in the dataset. Users may select the identifying variables of interest and 

assess the consistency of their relationships. When multiple identifiers refer to the 

same underlying entity, they are expected to exhibit parallel behaviour across time—

specifically, the number of distinct entities associated with each identifier should 

coincide. Deviations from this pattern, such as one identifier yielding a larger number 

of entities than another within the same period, may signal inconsistencies or 

underlying data-quality issues. 

Figure 11 illustrates this functionality by displaying the yearly number of distinct 

entities according to several identifiers, all of which show perfectly aligned counts. In 

addition, an automatic consistency-checking procedure for identifier relationships 

will be incorporated into the DQM section of the tool, enabling systematic validation 

of these constraints. 

 

 

 

 

 

 

 

 

 

Figure 11 EDA section of the tool: exploration of identifying variables. 

4.2.3. Categorical variables 

This subsection enables users to examine the distribution of all categorical 

variables over time simultaneously and to identify potential inconsistencies (see 

Figure 12). All visualisations are generated dynamically, even for datasets containing 

a large number of categorical variables, leveraging counts pre-computed offline to 

ensure efficient and scalable rendering. Users may specify the variables of interest 

and customise the layout of the visualisations, including the number of columns and 

the height of the plots. 

The tool also provides a table that flags any aggregated plots that may raise 

confidentiality concerns because the number of observations underlying the 

corresponding aggregate falls below a predefined threshold. Specifically, the tool 

indicates which categories, for each variable and reporting period, contain fewer 

observations than the specified minimum. For example, in Figure 12 the tool 

highlights potential confidentiality issues in 2018 for categories E, L, B, R and S of the 

CNAE variable, as these aggregates are based on fewer than five observations. 
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If users identify any issue or an aspect they want to investigate further, they can 

click on the graph of interest or select the variable from a dropdown menu to display 

a more detailed view. When a user clicks on the detailed graph, the tool also shows a 

sample of the underlying data for the selected category—provided the user has the 

necessary access rights to the microdata. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 12 EDA section of the tool: exploration of categorical variables. 

4.2.4. Numerical variables 

This subsection allows users to examine multiple descriptive statistics for all 

numerical variables simultaneously, thereby facilitating the detection of potential 

issues or inconsistencies in the data (see Figure 13). Users may select the variables of 

interest—by default, all variables are included—and the tool is able to render even 

very large numbers of plots efficiently. Some datasets hosted in BELab contain 
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hundreds of numerical variables; nevertheless, all visualisations are generated 

instantaneously because the underlying aggregated statistics are pre-computed 

offline. This design choice enables seamless exploration of large-scale datasets. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13 EDA section of the tool: exploration of numerical variables. 
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Users may also specify which aggregated statistics are displayed (e.g., sum, 

maximum, minimum, mean, standard deviation, quantiles, and outliers). In particular, 

the tool can visualise outliers for all numerical variables, identified using the standard 

boxplot rule. When the user clicks on one of the plots or selects a variable from the 

dropdown menu, the corresponding variable is shown in greater detail in the lower 

panel. The user may again select the statistics of interest and interact with the 

resulting visualisation in greater depth. 

If the user clicks on the detailed plot, a sample of the underlying microdata is 

displayed—conditional on the user having the appropriate access rights. A histogram 

and a scatter plot are also provided, allowing potential anomalies or data-quality 

issues to be identified rapidly. Finally, clicking on any data point reveals the 

corresponding underlying microdata in the panel below. 

4.2.5. Geographical variables 

If the dataset under analysis includes geographical information—such as postal 

codes or standard regional classifications (e.g., municipality, province, autonomous 

community)—the tool provides dedicated functionality for exploring these variables 

(see Figure 14). Users may choose the numerical measure to be displayed (e.g., the 

number of observations per region or any other numerical variable). The selected 

variable is then visualised both as a bar plot and on a map, and users may further 

refine the exploration by filtering results by region or reporting period. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14 EDA section of the tool: exploration of geographical information. 
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When a finer geographical level is selected (e.g., province, municipality, or other 

lower-level administrative division), the tool automatically updates the map to display 

the corresponding regional boundaries. This enables users to inspect geographical 

patterns at the desired level of detail and to detect potential anomalies or 

inconsistencies in the data. 

4.2.6. Custom aggregates 

Finally, the tool allows users to compute and visualise custom aggregates directly 

from the dataset. In particular, users may examine the distribution of one or two 

numerical variables for any selected reporting period by choosing them from 

dropdown menus, with the option to display the values on a logarithmic scale. If a 

single numerical variable is selected, its distribution is presented as a histogram; if 

two numerical variables are selected, the tool displays a heatmap illustrating their 

joint distribution. 

The tool also facilitates the exploration of relationships between numerical and 

categorical variables for a given reporting period. The user first selects a numerical 

variable, an aggregation function (e.g., sum, mean, maximum), and optionally a 

logarithmic transformation. One or two categorical variables may then be chosen to 

compute and visualise the aggregated numerical variable across the selected 

categorical dimensions. When a single categorical variable is selected, the tool 

produces a bar plot showing the aggregated values by category. When two 

categorical variables are selected, a heatmap is generated to represent the joint 

distribution of the numerical variable across the cross-classification of the two 

categorical variables. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15 EDA section of the tool: exploration of custom aggregates. 

 

These custom aggregates are computed on demand rather than precomputed, 

since the number of possible combinations of numerical and categorical variables 
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grows quickly with dataset dimensionality. However, because the underlying data are 

stored in a columnar format (Parquet), reading only the required variables is highly 

efficient, enabling the tool to generate these customised visualisations rapidly even 

for large datasets. 

4.3. Multivariate anomaly detection 

The tool also incorporates a set of multivariate analysis and anomaly-detection 

functionalities based on the numerical variables of the dataset, implemented through 

machine-learning methods (see Figure 16 and Figure 17). It currently includes the 

following modules: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16 Multivariate analysis (similarity among variables and PCA). 

• Similarity analysis. This subsection enables users to examine pairwise 

relationships among numerical variables by computing cosine similarity and Pearson 

correlation. The tool displays the temporal evolution of similarities, allowing users to 

detect potential inconsistencies or structural changes over time. In addition, a 

dendrogram derived from the similarity matrix is presented as a hierarchical clustering 
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tree, providing an interpretable representation of variable groupings and highlighting 

clusters as well as variables that deviate markedly from the rest. A heatmap of the 

similarity matrix, with variables ordered according to the dendrogram, further 

facilitates the identification of coherent clusters, redundancies, and unexpected 

associations. 

Principal Component Analysis (PCA). This subsection offers an interactive 

visualisation of the PCA results generated during the offline processing step. Users 

may inspect the proportion of variance explained by each principal component and 

assess the potential for dimensionality reduction or the presence of latent structure 

in the data. The tool also provides a heatmap depicting the contribution of each 

variable to each principal component in each reporting period, thereby enabling a 

detailed assessment of variable loadings. Finally, the interface highlights the variables 

that contribute most strongly to the principal components, assisting users in 

identifying the dimensions that drive the main patterns of variability in the dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17 Explainable multivariate anomaly detection. 
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• Multivariate anomaly detection. This subsection displays the results of 

various anomaly-detection algorithms applied to the numerical variables. Users may 

select the reporting period, the anomaly-score threshold, the detection method 

(currently Isolation Forest, with additional algorithms easily integrable), a 

manifold-learning visualisation technique (e.g., t-SNE, MDS, UMAP), the type of plot 

(contour or surface), and up to two categorical variables to analyse the distribution 

of anomalies. The tool reports the highest anomaly scores, provides a heatmap of 

anomaly incidence across the selected categorical dimensions, and presents the 

chosen manifold-learning embedding, where anomalous observations are shown in 

red against a two- or three-dimensional kernel density estimate of the nominal 

population. 

Clicking on an anomalous point in the manifold-learning plot displays a bar chart 

highlighting the variables that contribute most strongly to the anomaly score. For 

comparison, an equivalent bar chart showing the most influential variables at the 

global level is also provided. In addition, the tool presents 1D, 2D, and 3D 

visualisations for combinations of the three most influential variables, enabling users 

to examine in detail the multivariate patterns that led to the classification of the 

observation as anomalous. 

4.4. Automatic dashboard generation 

The tool automatically generates interactive dashboards for each dataset, 

providing a comprehensive overview of the available information. The dashboard 

layout has been designed in a generic and dataset-agnostic manner, allowing all 

collections to be explored effectively. This is possible because most datasets include 

variables of the standard types—identifiers, dates, numerical variables, and 

categorical variables—while sections corresponding to less common variable types 

(such as geographical or text variables) are displayed only when relevant. 

At the top of each dashboard, the tool presents a description of the selected 

dataset, together with the list of files and their sizes, as well as a summary of the 

variables grouped by type. The dashboard offers a condensed representation of the 

information contained in the EDA section. For example, one section is dedicated to 

the available sample, showing the number of observations per variable and reporting 

period, as described in Section 4.2.1. Another section presents the identifying 

variables, mirroring the information in Section 4.2.2. Additional sections summarise 

the distribution of categorical variables and the main descriptive statistics for 

numerical variables, following the structure of Sections 4.2.3 and 4.2.4. All these 

visualisations adopt a time-series perspective, using the selected time-aggregation 

variable along the horizontal axis. 

On the righthand side of the dashboard, users may choose a specific reporting 

period and examine the relationships among numerical and categorical variables, in 

a manner consistent with Section 4.2.6. When the dataset contains geographical 

information, an additional section appears, displaying the corresponding variables on 

a map, following the approach described in Section 4.2.5. 

Once the generic layout has been defined, the generation of dashboards for any 

additional dataset entails virtually no additional cost, as all dashboards adhere to the 

same structure and are generated automatically. This feature is particularly valuable 
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when showcasing large collections of datasets for which manual dashboard 

construction would be impractical. 

Figure 18 provides two examples of automatically generated dashboards for the 

CBS ([4]) and CBC ([3]) BELab datasets. As illustrated, the dashboard design adapts 

dynamically to the presence or absence of geographical information, while retaining 

an identical organisation for all other components. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18 Automatic dashboard generation (CBS and CBC, respectively). 

4.5. Generative AI interface 

The tool integrates a generative-AI interface that enables users to query all 

available information—including documentation, aggregated data, microdata, and 

metadata—using natural language. The implemented AI interface follows the 

workflow depicted in Figure 19. When a user submits a query concerning BELab’s 
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documentation or data, a first AI agent (implemented via Azure OpenAI) classifies the 

query into one of two categories: 

1. The query can be answered using BELab documentation or metadata, or 

2. The query requires access to data (microdata or aggregated data). 

If the query is classified as documentation- or metadata-based, the upper 

workflow is executed. In this case, relevant passages from BELab’s documentation are 

retrieved using a Retrieval-Augmented Generation (RAG) architecture. All BELab 

documentation is indexed during the offline processing stage using a hybrid search 

strategy that combines a traditional index—generated through Azure Search—with a 

semantic index built using open-source Hugging Face embedding models and a 

FAISS-based vector store. Azure OpenAI is then used to generate the final 

natural-language response. 

Conversely, if the query is classified as data-based, the lower workflow is 

executed. In this case, an Azure OpenAI instance generates Python code tailored to 

the user’s request and informed by the metadata of the selected dataset. This code is 

then executed locally, accessing the data stored in Parquet files and ensuring that no 

underlying data are transmitted to external AI providers. A final natural-language 

response is subsequently produced using Azure OpenAI. Because this last step may 

require processing sensitive information, an on-premises AI deployment would be 

necessary to comply with confidentiality requirements. At present, such an 

on-premises deployment is not yet available; therefore, this functionality has been 

tested only on non-confidential datasets. 

 

 

 

Figure 19 Generative AI interface workflow. 

 

The data-based workflow described above represents a simplified variant of 

broader information-extraction initiatives developed by international organizations. 

A prominent example is StatGPT ([5]), an artificial-intelligence platform designed to 

operate on official statistical data. StatGPT enables users to query, transform, analyse, 

visualise and interpret data through a natural-language interface, and incorporates 

user-interaction steps after each processing block to validate the intermediate results 

produced by the different AI agents. 

Developed in collaboration with the International Monetary Fund (IMF), StatGPT 

relies on an AI assistant that generates queries following the SDMX (Statistical Data 

and Metadata eXchange) standard. The platform is currently in a testing phase, and 
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its continued development is expected to be shared with additional institutions in the 

near future. 

Figure 20 and Figure 21 illustrate two examples of the operation of the 

Generative AI interface in the two scenarios described above: documentation-based 

queries and data-based queries. In both cases, the system correctly interprets the 

user’s request and produces an appropriate response based on the relevant sources 

of information. 

In the first example (Figure 20), the user poses the following query in Spanish: 

“¿Qué datos puedo utilizar para analizar los préstamos a personas jurídicas?” (“What 

data can I use to analyze loans to legal entities?”). The system classifies this query as 

documentation-based and retrieves the most relevant information from BELab’s 

indexed documentation. It then generates a natural-language response describing 

the appropriate dataset and provides the corresponding document name, file path, 

and page number. Importantly, in this scenario the response is not restricted to the 

dataset selected in the interface, but draws upon the entire collection of indexed 

documentation and metadata. 

 

 

 

 

 

 

 

 

 

 

Figure 20 Generative AI interface example: documentation- and metadata-based query. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 21 Generative AI interface example: data-based query. 
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In the second example (Figure 21), the user poses a data-oriented query in 

English: “Compute which economic sector and geographical area present the highest 

value of total water consumption in 2021.” The system correctly classifies the query 

as data-based, uses the AI agent to generate the Python code required to compute 

the answer, and executes this code locally, ensuring that no sensitive data are 

transmitted to external AI providers. The system then returns a natural-language 

explanation accompanied by an interactive plot supporting the result. The user may 

subsequently verify the correctness of the output by consulting the corresponding 

visualisations in the EDA section or in the dataset dashboard. 

5. Conclusions and next steps 

To ensure consistency and efficiency in exploratory data analysis (EDA) and data 

quality management (DQM) for the heterogeneous microdata hosted in BELab, a 

generic tool has recently been designed and developed. Implemented entirely in 

Python and equipped with an extensive, user-friendly, and interactive web interface, 

the tool is intended for a broad range of business users—including data producers, 

lab technicians, analysts, and researchers—without requiring programming expertise. 

The tool is particularly well suited for analysing and assessing the quality of 

time-series microdata sets. It incorporates a wide set of standardised tests and 

visualisations that facilitate efficient exploration and quality assessment across 

diverse collections of microdata, enabling users to rapidly identify key data 

characteristics and potential issues. It can also automatically generate standardised 

interactive dashboards for all datasets, thereby eliminating the need for manual 

dashboard construction. In addition, the tool integrates a generative-AI assistant that 

allows users to query microdata, metadata, aggregated statistics, and associated 

documentation using natural language. Modularity and ease of reuse were 

fundamental design principles, supporting collaborative development and the 

integration of new functionalities. 

The main challenge encountered during development involved defining a 

generic framework applicable to datasets with highly heterogeneous nature, volume, 

and confidentiality levels, compounded by limited standardisation in data and 

metadata structures, which complicates generalisation. 

The tool has already enabled the identification of several categories of errors and 

inconsistencies in the data and metadata hosted in BELab, including: 

• inconsistencies between data and metadata, as well as formatting errors; 

• incoherent temporal patterns in numerical and categorical variables; 

• anomalies in relationships between variables, detected through multivariate 

analysis and anomaly-detection techniques. 

Planned next steps include: 

• automating report generation and initiating systematic error reporting to 

data producers; 

• expanding the set of tests aligned with the DAMA data-quality dimensions; 
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• parallelising data-processing workflows within the Banco de España’s 

data lake. 

• deploying the tool on the corporate web server, taking into consideration 

confidentiality requirements and restrictions on code sharing. 
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