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Corporate Data Lakehouse Pipeline with AI-Based Company Performance and Risk Scoring

Abstract
In today's world, various forms of data like financial data, company records, and stock market data are used. However, this information is not always centrally located making it difficult to gather, clean, and analyse appropriately. The aim of this research is to create a Corporate Data Lakehouse Pipeline where data from Companies House and Yahoo Finance are combined. The project will be implemented with a Medallion Architecture (Three Levels of Bronze, Silver and Gold). PySpark will be used to build and process the pipeline. The project will develop an end-to-end open-source system. The entire system will extract the raw data from the APIs, clean and validate the data, and then derive useful features before finally scoring the performance and risk of eight selected companies using AI. The desired outcome is that the company risk scores are clear and reliable, and the company has a working data pipeline to achieve this. Users will understand why a company has a certain risk level by explaining the AI results using the anomaly detection and SHAP techniques. The goal of this research is to demonstrate that it is possible to create a robust data engineering and AI system, without the need for costly commercial software, using available open source options. The project could be beneficial in the areas of financial analysis, company monitoring, governance checks, and academic research.

Introduction
Research Problem
These days, organisations use a variety of data sources, including financial reports, public APIs, internal company data, and regulatory databases. But this data is typically held in a variety of locations and formats. This makes it challenging to join, sanitize and analysis the data correctly. This presents an issue for analysts. They need to take a lot of time to prepare and organise the data before they can analyse company performance or understand financial risk, or even look for potential governance problems (Giebler et al., 2019). Traditional data warehouses are good at storing structured data, but are not very flexible when the format of the data changes. Data lakes are more flexible as they allow raw data to be stored, but if they are not managed properly, they can be messy and cumbersome. For this reason, neither a conventional data warehouse nor a data lake is sufficient to store raw data and to enable rapid analysis. An additional issue is that the data from the company registry and that from the stock markets are typically analysed separately. Companies House, for instance, offers handy details like company status, directors, and filing history. Yahoo Finance offers a range of financial data, including stock performance and market value, among others, as well as earnings trends. Though both these types of data can be used in combination for company risk assessment, investment decisions, and regulatory monitoring, they are rarely combined.

Motivation and Need for This Research
The Lakehouse architecture (Armbrust et al., 2021) helps to solve the problem between flexibility and structure. It allows organisations to store raw data, but also maintains the data organised and reliable. It provides ACID transactions – that is, the data can be safely and correctly updated. It also includes schema enforcement, which means that the data is structured correctly, and it offers quick queries for analysis.The Medallion Architecture is commonly used to create this architecture, consisting of three layers: Bronze, Silver, and Gold. The Bronze layer contains unprocessed data, the Silver layer is used to process and structure the data, and the Gold layer is used to analyze and report the data. This aids organisations to understand the entire lifecycle of the data, from the source to the effective end product.
 
The significance of this project is that there is a demand for a pipeline, which combines the data of the companies and the data of the financial markets, that is low in cost and repeatable. The project is also educational due to the fact that it delineates each step in the pipeline.The project does not only focus on data engineering. It also implements AI in the Gold layer to develop a company performance and risk scoring system. This type of AI-driven company scoring is currently only offered through expensive commercial platforms, like Bloomberg Terminal and Refinitiv Eikon. The project demonstrates that an open-source solution is possible, and can be created for students, researchers, small businesses, and financial technology (fintech) companies.

Shortcomings in Existing Literature
Most academic research on Lakehouse systems is concerned with large cloud platforms like AWS Lake Formation and Azure Synapse. These platforms may be effective, but may be costly to independent researchers, students, and small organisations. There are some case studies on open source data pipelines, but these usually involve invented data or a single data source. Due to this, they are not completely representative of the actual problems of amalgamating multiple and varying public APIs that provide data in different formats and schemas. In the financial area, machine learning research has already successfully applied AI techniques like the detection of anomalies and risk scoring (Bao et al., 2020; Hilal et al., 2022). But there's still not much academic research that explicitly demonstrates how these AI techniques can be integrated into a Data Lakehouse pipeline, from raw data to explainable AI outcomes. To fill this gap, this project creates a reproducible and open-source pipeline for the Lakehouse, leveraging corporate data, financial data, data engineering, and explainable AI in a single system.




Objectives
The main objectives of this project are:

· To gather structured data from the Companies House API and Yahoo Finance API and save it to a single layer of Bronze. This will ensure proper storage of the original raw data and identification of where it came from.

·  Clean the collected data, process it and validate it in PySpark. Data will then be structured in accordance with the Medallion Architecture into Bronze, Silver and Gold layers.

· Develop helpful features for the Silver layer that will be usable for AI. These features can include stock volatility, financial ratios, governance data and company filing activity.

· To explain, classify and rank eight select companies using an explainable AI scoring technique based on their performance and risk. For the AI model, SHAP will help explain who it is that it's making its decisions for.

·  To create a Gold layer for analysis and reporting purposes. This layer will facilitate business comparison, financial trend, and sector level business insights.

· To demonstrate that open-source technologies can be utilized to create a strong data engineering and AI system without relying on expensive commercial SaaS.

Importance of the Research
Research has value in both the academic and practical fields.
 
From an academic point of view, this project adds to the research on open-source Data Lakehouse systems. It offers a well-documented, repeatable pipeline which integrates multiple public APIs, transforms and cleans the data with PySpark, and scores the data using AI algorithms. It also enables the expanding use case of using AI explainability in conjunction with data engineering in finance. More tools and research examples to help these under-resourced areas are required (Hilal et al., 2022).
 
In practice, data engineers, data scientists and business analysts can use the finished pipeline. It can help them assess the financial health and governance of companies without relying on costly commercial data services.Credit risk checks, investment research, ESG monitoring, and regulatory compliance review are examples of areas where the AI risk scoring system is helpful, as it is built on clear and understandable features. This project can also be of assistance to any other student studying data engineering who is looking to create a similar project, by providing explanations for each of the design steps, from API data collection to the Gold layer output.

Literature Review
Data Lakehouse Architecture
Organisations require flexibility as well as good control over data, which has led to the transformation of modern data platforms. The advantage of traditional data warehouses is that they provide a well-structured data storage and analysis capabilities. But when a change in data format occurs, they can be too rigid and when semi-structured data is to be stored, they are too strict as well. However, data lakes are more cost effective and flexible as they can store raw data in any format. However, if they aren't managed effectively, they can be cumbersome and hard to use. This is referred to as a “data swamp” (Giebler et al., 2019). Due to these issues, the Data Lakehouse has emerged as an important modern data architecture. A Data Lakehouse brings together the best of both worlds: Data Warehouses and Data Lakes. It maintains the flexibility of a data lake, and provides the structure and reliability of a data warehouse. The Lakehouse architecture (Armbrust et al., 2021) is capable of ACID transactions, schema evolution, and fast analytics. These features are often supported by metadata layers such as Delta Lake. The Lakehouse provides more structure than older data lake solutions, without sacrificing flexibility. This resolves some common issues of data reliability, data quality, and data lineage.


Medallion Architecture
The Bronze, Silver and Gold layers of the Medallion Architecture have become a standard method of creating Lakehouse systems. The Bronze layer contains raw data, the Silver layer cleans and enhances the data, and the Gold layer prepares the data for analysis and reporting.This architecture is adopted widely in industry but little academic research has been done on Medallion based pipelines. There are many researches that are already available for cloud platforms like AWS Lake Formation or Azure Synapse. The platforms can demonstrate scalability, but are hard to reproduce due to software licences, cost, and complex cloud configurations.Due to this, researchers, students, and SMEs are missing the research gap of an end-to-end Lakehouse system that could be built and repeated without requiring enterprise-level resources. 

Data Ingestion from Public APIs
An additional research area is data harvesting from public APIs, particularly company registry and monetary market data. Companies House offers a REST API which allows access to company details, officer appointments and filing history. This information can be used in the study of governance, corporate transparency, etc. (Faccio & Lang, 2002). A few studies however leverage this data within scalable data engineering pipelines.Yahoo Finance is also widely employed for academic finance studies. It offers valuable information, including stock prices, volatility, and market indicators. Yahoo Finance data can be collected using code and the yfinance library makes it easier to collect the data. (Ran, 2023)Most of the existing studies, however, take the data from Companies House and Yahoo at the same time but individually. While the integration of company registry data with financial market data can be beneficial for risk assessment, fraud detection, and investment analysis, there is still limited research that has been conducted to combine both.


PySpark for Large-Scale Data Processing
Distributed data processing is another critical research direction of interest. This implies a great deal of information being handled on multiple machines or systems. One of the primary tools employed in large-scale ETL tasks, including the process of extracting, transforming, and loading data, has become Apache Spark. The advantage of Spark is that it can process data in memory quickly, whereas older processing systems like MapReduce can only process data from the disk. (Zaharia et al., 2010) demonstrated this performance improvement. The Python version of Spark is also popular in data engineering for large data sets and scalable data processing: PySpark. When dealing with data sets with millions of rows, (White et al., 2022) indicates that PySpark is a better option than Pandas. This makes PySpark good for pipelines that can expand in size and/or complexity over time. In this kind of project, parquet can also come in handy, due to its columnar storage model. This speeds up reading and analysing data, particularly if you only want to access some of the columns. The advantages of Parquet over the row-based formats were discussed by (Vohra, 2016). Although PySpark and Parquet are powerful tools for data engineering, not much academic work is available that provides clear insight into how PySpark pipelines can be used to combine multiple public APIs. This results in a methodological void which is addressed by this research.

Artificial Intelligence for Financial Risk Scoring
The last but not least is AI financial risk scoring. It's a rapidly expanding field, as many companies are turning to machine learning for financial risk detection, fraud and data weirdness analysis. Fraud detection, credit risk modeling, and anomaly detection have been the major fields where machine learning has been applied. The study conducted by (Bao et al., 2020) revealed that the ensemble machine learning model could outperform the rule-based system for fraud detection in an accounting context. These models use information such as financial ratios and company behaviour indicators to identify possible risks. Anomaly detection is also crucial in financial analysis to identify the unusual patterns in financial data. In (Ahmed et al., 2016), different kinds of anomaly detection method is investigated for financial time series data. One such approach is Isolation Forest, which is good for detecting the unusual records in noisy data. Recent studies underscore the significance of explainability in financial AI. As (Hilal et al., 2022) notes, financial AI models need to be transparent, understandable, and easily explained, particularly if financial decisions have to comply with regulations. One of the primary tools used to explain machine learning models is called SHAP. It assists in demonstrating the contribution that each feature makes to the final prediction or the risk score. SHAP was introduced by (Lundberg & Lee, 2017) as a powerful explainability tool to explain model results at both the company and overall levels.


Gaps in Current Research
While there has been already a great amount of research done in several areas such as Lakehouse Architecture, API based data collection, Distributed ETL and AI Financial Software, there remains a significant research gap. Most of the existing academic research does not effectively integrate the four areas into a single pipeline that can be reliably and repeatedly produced.Many of the current researches are relying on commercial cloud platforms, utilizing artificial datasets and ignoring the AI layer element. Therefore, most do not accurately demonstrate the function of working open source Data Lakehouse pipelines gathering data, processing data and creating explanaible AI.Additionally, there is limited practical research demonstrating how exlainable AI methodologies can be employed within a Lakehouse ecosystem utilizing open source tools. Thus, this project is meant to fill that gap by creating a complete pipeline that integrates public API data, PySpark based data processing and explainable AI risk scoring.
Research Question and Hypothesis
Research Question
Is it possible to create a Data Lakehouse pipeline that is open source, using the Medallion Architecture, and augmented with explainable AI methods that can reliably integrate and analyse information across multiple data sources for companies and financial institutions, and ultimately provide consistent, interpretable company performance and risk classifications?
Hypothesis

Hypothesis (H1)

A PySpark‑based Medallion Architecture pipeline will successfully unify Companies House and Yahoo Finance data and produce statistically coherent, interpretable AI‑derived risk scores. Effectiveness is operationalised through three measurable criteria:
1. Pipeline Completeness — At least 95% of ingested records progress through Bronze → Silver → Gold without schema violations or data loss.
2. Data Quality Accuracy — Silver‑layer validation (null audits, type conformity, duplicate removal) achieves ≥98% consistency across datasets.
3. AI Scoring Coherence — Companies with weaker financial or governance indicators receive lower performance scores, validated through SHAP‑based interpretability.

Null Hypothesis (H0)

The pipeline of the lake and the AI scoring model will not yield meaningful and understandable results. Specifically: 
·  It is not possible to combine multi-source data without loss and without compromising its content. 
· Data quality will not be achieved. 
·  AI riskscores will not correlate with financial or governance factors.

Alignment with Objectives

This hypothesis directly answers to the research question: What is the lack of a repeatable, open-source pipeline that can integrate heterogeneous corporate and financial data? and it aligns with the project goals by:
 
·  Testing ingestion of multi API (Objective 1) 
· Assessing the effectiveness of data cleaning and validation (Objective 2) 
· Evaluating suitability of features (Objective 3) 
· In terms of the interpretation and consistency of the scoring, AI-based scoring needs to be verified (Objective 4).


Research Design and Methodology
Overall Approach
The research method adopted in this study is a constructive research.The method of research in this study is constructive research (March & Smith, 1995). This implies that the principle objective of the research is the design, construction and testing of a functioning system. This project is a Data Lakehouse pipeline as the working system. The research is also positivist since the data used in the research is the data that is clear and measurable obtained from public APIs. The pipeline will be assessed using objective criteria like data completeness, schema correctness, and consistency of AI risk scoring. The methodology used in this approach is appropriate for the project since the research is targeted towards constructing a system that can be tested and repeated.

Methodological Justification

This research is design-and-build based because it's not just about testing a theory, but a working system is wanted. This method is applicable to a data engineering project, as the pipeline itself is a good indicator of whether the solution is feasible and viable. The Medallion Architecture, consisting of Bronze, Silver and Gold layers, is adopted because it is appropriate for mixing data from multiple sources. It additionally enables a step by step advancement of the information, beginning from the raw information, and finishing with the tidied up information that is prepared for examination. PySpark is chosen as it can be used to process large data sets efficiently and could accommodate future expansion of data volume. This is helpful when working with a large or dynamic set of data that requires scalability. There is also an explainable AI scoring layer as part of the project. This will not only gather and analyze data but also generate risk scores which are easily comprehended and explained. This helps the financial risk assessment focus of the research.


Pipeline Stages

· Stage 1 – Data Ingestion (Bronze Layer): Raw data is pulled from the Companies House and Yahoo Finance APIs. Responses are stored in the original JSON/CSV format, including a timestamp to maintain the record of the original and to allow reprocessing. This makes it easier to audit, and helps in achieving the goal of raw data fidelity. 

· Stage 2 — Data Cleaning and Standardisation (Silver Layer): PySpark processes the data to clean it, standardise column names, set data types, and format date columns into ISO 8601 format. Depending on the relevance for the analysis, missing values are imputed or flagged. To optimize read performance, data is stored in Parquet format. 

· Stage 3 — Feature Engineering and Aggregation (Gold Layer): Datasets are aggregated together by the use of unique company identifiers. Analytical features are built to facilitate AI-based scoring, such as volatility metrics, financial ratios, governance indicators and compliance activity. Each company will create a aggregated table. 

· Stage 4 — AI Based Risk Scoring: A weighted scoring model assigns a score to companies based on four categories: Financial Performance (40%), Stock Behaviour (30%), Governance (20%) and Compliance Activity (10%). Anomaly detection: Isolation Forest | Interpretability: SHAP values. 
 
Validation and Testing – Stages 5: Validation includes row-count reconciliation, schema conformance checks, null-value audits and sample analytical queries. AI scoring coherence is measured through the consistency of output from the model and the observable financial/governance indicators.

Tools and Technologies
	Tool / Technology
	Purpose

	Python 3.x
	Primary programming language for all pipeline stages

	PySpark
	Distributed data processing and transformation at scale

	Companies House API
	Source of UK corporate registry data

	Yahoo Finance (yfinance)
	Source of historical stock market and financial data

	Parquet
	Columnar storage format for Silver and Gold layers

	Isolation Forest (scikit-learn)
	Anomaly detection for unusual financial/governance behaviour

	SHAP
	Explainable AI — per-company score explanations

	Pandas
	Data inspection, sampling, and small-scale operations

	GitHub
	Version control and project documentation




Research Limitations
The research is subject to methodological limitations and simplicity, which may limit clarity with regard to finding(s) of the study and extent to which findings can be extrapolated. 
 
In the first instance, the API rate limits at both Companies House and Yahoo Finance prevent researchers from conducting accurate and or sufficiently frequent data collection, which means that in some cases there will be incomplete daily snapshots, and gaps in time on the Bronze layer. This may limit accuracy of any measure made using trends. Scheduled batch data collection and caching might reduce impacts, but they will never completely eliminate timing issues.
 
In a second instance, the dataset includes only publicly traded U.K.-listed companies. This is due to the nature of Yahoo Finance, which records almost all publicly traded companies' financial information via stock exchanges, limiting the scope of the AI scoring system on a national and international scale. As such, the results of the project will only apply to national entities; therefore they should be deemed relative comparisons of U.
 
In the third instance, the AI scoring method is limited to a small grouping of eight companies. Hence, the statistical basis of results is low, and produces relative risk categories rather than fixed classifications of risk.
Timeline
	Weeks
	Task
	Deliverable

	1–2
	Literature review, company selection, and project planning
	Proposal draft; confirmed company list

	3–4
	Environment setup, API authentication, and connection testing
	Working API connections; Bronze schema design

	5–6
	Bronze layer — data ingestion and raw storage
	Bronze layer populated for all eight companies

	7–8
	Silver layer — PySpark cleaning and standardisation
	Silver layer complete; validation report

	9–10
	Gold layer — feature engineering and AI scoring
	Gold layer complete; risk score tables

	11
	AI explainability, testing, and pipeline validation
	Tested pipeline; SHAP explanation outputs

	12
	Final write-up, dashboard, and documentation
	Final report submitted; GitHub repository published
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Expected Findings
The following outcomes are expected from the pipeline design, literature review and AI methodology document: 
 
· An on-demand Bronze layer that accurately captures raw API responses for all eight companies, maintaining the original data structures and ingestion time for auditing and reprocessing. 
· A Silver layer with no duplicate records, consistent data types, ISO-8601 date formatting and standardised column names — backed by auto-generated schema conformance validation and null-value audits. 
· A Gold layer that includes joined and aggregated tables of companies and financial data, AI ready feature vectors, and a table of company_ai_risk_score with a score from 0 to 100 and a corresponding risk category (Low / Medium / High) for each of the 8 companies. 
· Internal validation of business logic in the AI scoring framework: Companies with negative revenue growth, high stock volatility, frequent changes in company management, and delayed filings should have lower scores (higher risk) than their more solid and reliable business counterparts. 
· Empirical evidence that open-source tools (Python, PySpark, scikit-learn, SHAP) can be used to build a production-ready, AI-enhanced data lakehouse pipeline, that outperforms the capabilities of high-dollar commercial platforms. 
· The results presented in this document will provide a practical and replicable reference artefact for future researchers and practitioners interested in creating similar pipelines in a restricted resource scenario, and will also add to the data engineering and financial AI literature.
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