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ABSTRACT: In a data-driven world, financial institutions face relentless external pressure to constantly innovate their 

product offerings. This need for innovation has always been at odds with enterprise risk management. However, recent 

events in the financial markets indicate that there is more than just a desire for innovation that pressures banks into 

rushing these changes. The new interest rate regime has made legacy products unprofitable, increased the demand for 

new products with new features that are difficult to replicate with older pricing models, and has provided an incentive 

to experiment with these new products, exposing financial institutions to risks that should be monitored on a continuous 

basis. 

 

Configuring a set of collaborative systems that allow quantitative finance teams to monitor financial risk on a 

continuous basis, detect breaches when they occur, and backtest these models against historical data empowers 

improved risk decision making and rapid product innovation. A new design philosophy that treats the enterprise data 

ecosystem as a data lake in which data ingestion is engineered as a first-class citizen, combined with an emphasis on 
metadata, enables the implementation of a financial risk monitoring system at the scale of a Tier 1 investment bank. 
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I. INTRODUCTION 

 
Recent security incidents affecting leading technologies such as the OpenAI ChatGPT chatbot have exposed how data 

privacy and security breaches can compromise leading-edge technologies. Major banking corporation Wells Fargo has 

worked hard in reestablishing customer confidence in its data security systems after it experienced an incident where 

sensitive customer data was inadvertently shared with an unauthorized third party. Other banking bodies are also 

struggling to reestablish their customers' trust after the Fed ordered some banks to suspend their construction of 

advance technologies such as ChatGPT. Bank of America has also issued warnings to their customers about possible 

risks in using ChatGPT for online banking. Hence, the paper not only considers gaps in data privacy and security but 
also looks into possible areas for further enhancing the existing monitoring and control measures of the banks. 

 

The Data lake Engineering Strategies for Monitoring of Financial Risk also lists the major controls currently used by 

various Financial Institutions and Related Organizations which have been defined in terms of its processes and products 

for monitoring financial risks. Data-driven techniques used are listed in the Data-driven Techniques in NFRMS and 

Data-driven Techniques in NFRMS and a potential area for development of a currently missing DDT is presented. 

Recent news articles dealing with incidents in data privacy and security have been provided. Important gaps and areas 

for further strengthening the monitoring of Data privacy and Security Have been highlighted and discussed in the recent 

papers. 

 

1.1. Overview of Data Lake Architectures in Risk Management 
Recent years have seen financial institutions, such as banks, insurance companies, and investment management firms, 

invest heavily in Risk Monitoring solutions that provide up-to-date risk information to business and risk stakeholders. 

These solutions encompass the ingestion, processing, storage, and analysis of large volumes of internal and external 

data and provide a consolidated, up-to-date view of financial and non-financial risks related to the institution's Business 

As Usual (BAU) operations. Publicly listed companies shall also comply with rules such as the Sarbanes-Oxley Act of 
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2002, where the effectiveness and geographic location of internal controls concerning business risk must be validated at 

least once a year by an external auditor. 

 

 
 

Fig 1: Data Lake Architectures for Real-Time Risk Monitoring: Enhancing Regulatory Compliance and 

Predictive Analytics in Financial Services 
 

Data Lake Architectures have become popular as the next generation of data storage and processing platforms that 

enable organizations to collect, store, and analyze disparate data at scale or in a cost-effective way with advanced 

analytics such as AI/ML, BI, risk, and security analytics. Similar advantages can also be derived for Risk Monitoring 

solutions being developed in the financial domain to cater to the needs of business and risk stakeholders. Data-driven 

findings from recent architecture examples also underline these advantages. 

 

II. FOUNDATIONS OF DATA LAKE ARCHITECTURES FOR RISK MONITORING 
 

Data lake architectures for risk monitoring in financial institutions need to support both the ingestion of data into the 

data lake and the subsequent integration of the data lake with data warehouse systems, and common lakehouse 

architectures are a natural choice for the latter. The ingestion of data into the lake must also be considered from a data 

quality point of view, with a focus both on metadata as a first line of defense and on automated processing that allows 

both application developers and production support to quickly detect and respond to data quality issues. Ingestion also 

encompasses automated monitoring of data compliance from an observability point of view. 
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When considering data lake ingestion functions, metadata governance—and metadata cataloging in particular—must 

also be considered. Data cataloging provides automated metadata discovery that reduces operational effort, allows for 

more comprehensive catalog completeness and accuracy, and augments manual cataloging and governance practices 

that typically leverage business domain knowledge. Such cataloging capabilities need to be complemented with a well-

defined and enforced metadata governance framework based on the concept of data stewardship. 

 

Equation 1) Data-quality metrics used in risk monitoring (derived equations) 

1.1 Completeness 
Let: 

 𝑁 = number of expected records (or expected fields) 

 𝑁present = number of actually present non-null records (or non-null fields) 

Step-by-step 
1. Start with the fraction of present items: 

  
𝑁present

𝑁
 

2. Define completeness as that fraction: 

  Completeness =
𝑁present

𝑁
 

 
1.2 Validity 
Let: 

 𝑁valid = number of records passing validation rules (schema, domain constraints, regex, ranges, etc.) 

Steps 

Validity =
𝑁valid

𝑁
 

 
1.3 Uniqueness 
Let: 

 𝑁unique = number of unique primary keys (or unique rows under a key definition) 

Steps 

Uniqueness =
𝑁unique

𝑁
 

1.4 Accuracy (against a reference) 
Let: 

 𝑦𝑖 = observed value 

 𝑦𝑖
∗ = reference/ground-truth value 

 Use mean absolute error (MAE) and convert to a score in [0,1] (one common approach). 

 

Steps 
1. Absolute error per record: 

  𝑒𝑖 = |𝑦𝑖 −𝑦𝑖
∗| 

2. Mean absolute error: 

  MAE =
1

𝑁
∑ 𝑒𝑖
𝑁
𝑖=1  

3. Convert to normalized score using a scale 𝑆 > 0 (e.g., allowable error): 

  AccuracyScore = 1−min (1,
MAE

𝑆
)  

(If MAE is small relative to 𝑆, the score stays near 1.) 

 

1.5 Timeliness (SLA-based) 
Let: 

 𝑑 = delivery delay (minutes/hours) 

 SLA = maximum acceptable delay 
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Steps 
1. Delay ratio: 

  𝑟 =
𝑑

SLA
 

2. Score that decreases as delay increases: 

  Timeliness = 1 −min(1,𝑟)  

   

 
 

2.1. Data ingestion and lakehouse integration 
The risk-monitoring data-lake architecture revolves around the ingestion of data generated by various risk systems, 

such as market risk and credit risk systems. Two broad functional areas relate to ingestion: first, the actual loading of 

risk data into the data lake, along with any required transformations; and second, the APIs and data orchestrators that 

either push data to the lakes or pull data from the lakes to serve the reporting and analytical needs of the wider risk-

monitoring community. Data is published to users through a lakehouse (or separate data marts) using Data Warehouse, 

Data Mart, or Data Lakes as per specific requirements. 

 

The basic approach to data-lake ingestion for risk-monitoring data is to use a simplified ETL approach. Raw data across 

risk domains—market risk, credit risk, operational risk, treasury risk, liquidity risk, and enterprise risk—are ingested 

from source systems with minimal transformations. The raw data are then transformed into conformed datasets that are 

amenable to historical reporting and analytics. Various scanning/monitoring utilities are in place to check, alert, and 

troubleshoot data ingestion into the raw zone. Load manifests update the current-level zones so that users have access 

to the most current data. Only during prolonged troubleshooting of any risk pipeline is user access blocked or limited. 

 

2.2. Metadata governance and cataloging 
Financial institutions need a comprehensive governance model that standardizes metadata definitions, definitions, 

business rules, and metadata management considerations across the entire enterprise. The model then needs to be 

complemented with governance processes to ensure the compliance and the required level of engagement of all data 

sources in maintaining the correctness of metadata over time. All of the elements and processes of the metadata catalog 
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also need to be uncovered, defined, and operationalized to address all aspects of a data catalog in a business-driven, 

cost-effective, and practical way. 

 

Metadata needs to be followed automatically by all data sources, but its rigorous definition, population, and 

maintenance requires active engagement of business experts and data consumers in a collaborative governance process. 

Although different layers of the metadata catalog can rely on varying levels of automation, metadata definition, 

population, accuracy, coverage, and recency ultimately affect the success of a data catalog in the business environment. 

Defining metadata requirements for data quality, data tools, data domains, policies, glossaries, models, and report 

catalogs helps ensure that these elements meet data consumers' needs within the constraints of resources and budget. 

 

Feed Accuracy Completeness Timeliness 

CreditRisk_Exposures 0.942 0.9489 0.9222 

LiquidityRisk_Cashflows 0.9586 0.967 0.9447 

MarketRisk_Trades 0.9691 0.9811 0.9565 

 

III. DATA QUALITY, LINEAGE, AND COMPLIANCE IN FINANCIAL RISK CONTEXTS 
 

To fulfil risk management requirements, the data lake must incorporate data quality management, lineage tracking, and 

compliance monitoring capabilities. Specific strategies can be established by considering the characteristics required to 

address these areas in formalized financial risk monitoring services. 

 
Data quality management frameworks and metrics. As data lakes may constitute the single data repository for analytic 

solutions in financial-risk monitoring, the sources and services feeding it with data must be constructed with 

appropriate metrics, including coverage, completeness, validity, accuracy, uniqueness, and timeliness. Since quality 

checks reduce latency, evaluating the incorporation of a dataquality-as-a-service framework may yield benefits. Data-

quality checks must also fulfill the service-level expectations of downstream consumers, such as analytics in 

supervisory authorities and financial institutions and back-testing databases. Requests for historical data with specific 

quality thresholds may arise. Hence, data quality must be treated as a service. The service-oriented structure of data 

lakes facilitates provisioning data-quality checks as required. Quality should thus be codified as a set of business rules 

for each data feed or store, ensuring periodic review. 

 

Data lineage and compliance. Data quality checks monitor compliance with technical constraints inside supervisory 

authorities and financial institutions. However, when the analysed data undergo regulation, additional aspects must be 

considered. To fulfil supervisory and regulatory obligations, the operator of the data lake must implement technical and 

organizational measures enabling data lineage and traceability along the data life cycle. Audit trails are essential for 

risk monitoring services inside financial institutions and for services that provide data and models for supervisory 

authorities. Supervisory authorities also require audit trails to enhance the confidence of supervised institutions in the 

use of data repositories. 

 

Equation 2) The “3D metrics”: Direction, Difference, Degradation (derived fully) 

Assume a chosen quality indicator (the “direction”) is a time series 𝑞𝑡  (e.g., completeness per day). 

2.1 Direction (which quality aspect we track) 
This is simply which metric is being monitored (completeness vs accuracy vs timeliness, etc.) . 

Mathematically, direction corresponds to selecting 𝑞𝑡  from a set: 

𝑞𝑡 ∈ {Completeness
𝑡
,Validity

𝑡
, Timeliness𝑡 , … } 

 

2.2 Difference (instability / change over time) 
Define the change: 

1. One-step difference: 

  𝛥𝑞𝑡 = 𝑞𝑡 − 𝑞𝑡−1 
2. Magnitude (often used for instability): 

  |𝛥𝑞𝑡| 
3. Aggregate instability over a window (example: standard deviation of differences): 

  DifferenceInstability = StdDev(𝛥𝑞𝑡 over window)  
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2.3 Degradation (rate of deterioration, and breach-time prediction) 
If quality is trending downward, we estimate slope. 

 

Steps 

1. Fit a simple line 𝑞𝑡 ≈ 𝑎 + 𝑏𝑡 over a window (least squares). 

2. The degradation rate is 𝑏. If 𝑏 < 0, quality is deteriorating: 

  DegradationRate = 𝑏  

3. Predict time-to-breach for a threshold 𝜏 (e.g., completeness must stay ≥ 𝜏): 

o Current time 𝑡0, current quality 𝑞𝑡0 

o If 𝑏 < 0, solve for 𝑡 such that 𝑞𝑡 = 𝜏: 

  𝜏 = 𝑞𝑡0 + 𝑏(𝑡 − 𝑡0) 𝑡 − 𝑡0 =
𝜏−𝑞𝑡0

𝑏
 

o Because 𝑏 < 0, this yields a positive time if 𝜏 < 𝑞𝑡0. 

  TimeToBreach =
𝜏−𝑞𝑡0

𝑏
 (𝑏 < 0)  

 

3.1. Data quality frameworks and metrics 
Risks derived from data quality are typically assessed using 3D metrics: direction, difference and degradation. 

Direction determines a particular aspect of the data quality that may be critical, such as reliability, accuracy, 

completeness or fidelity. Difference tracks a specific quality metric over time, measuring the instability of the quality 

level. Degradation monitors how fast an indicator is deteriorating, predicting the moment when it may exceed a 

predefined threshold. Risk thresholds must be set based on external factors, such as the business impact of quality 

degradation or inflection points in the detected deviation. Additional risk factors monitor costs and optimizations 

related to quality improvements, such as the investment ratio in data quality management, the quality cost per unit or 

the ROI related to improvement. 

 

A distinction can be made between financial and non-financial data quality indicators. Non-financial data quality 

indicators arise from generic data quality frameworks, such as the DQAF for structured data and DAMA-DMBOK for 

unstructured data. Different models can be used to monitor these quality aspects, such as ELT model soil, for instance, 

can leverage vector databases such as LangChain. Financial data quality indicators may be defined in line with the 
Basel Committee on Banking Supervision requirements. The Bank for International Settlements recommends the 

monitoring of a small number of past-due accounts and non-performing loans, data from rating agencies, the stability of 

MAV and LTV Risk-sensitive models must also be tested under stressed conditions: extreme values of other 

independent variables per carpet ratio. Backtesting results, ABS information ratio. 

 

 
 

Fig 2: The 3D Risk Matrix: Integrating Financial and Non-Financial Data Quality Indicators for Regulatory 

Resilience 
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3.2. Data lineage and traceability 
Well-documented data lineage increases data traceability and impacts overall data quality by ensuring user datasets can 

be traced back to the original source, whether that is a bank’s data warehouse, a vendor-sourced external feed, or a 

third-party data provider. Data lineage visualizations convey the data flow and the transformations applied to datasets, 

which provide important information for analysts, modelers, and other data consumers. Data lineage serves as a 

facilitator to assign data quality metrics. For example, if a data group is imported from a third-party data feed and no 

quality metrics exist, completeness verifications could be added to the data and alerts raised when missing data exceeds 

acceptable levels set the internal data governance committee. 

 

Data modification and calc logic should be explicitly documented in Jupyter Notebooks embedded in the data pipeline 

definition. In most cases, these external definitions would be used to backtest modeling execution code. These 

notebooks could be used to store known issues present in the data and any limitations impacting the data application 

mechanisms. Therefore, creating, modifying, or deleting these notebook definitions would require specific data-change 

request procedures, which add to the throughput and time to a data-release change. However, this can help avoid or 

mitigate any oversights in the longer term, producing higher-quality datasets for consumers. 
 

IV. ANALYTICAL CAPABILITIES FOR RISK MONITORING 
 

Today's financial risk management must be equally sensitive to detection of imminent crises as to the fine-tuned 

analysis of user-defined scenarios across simulated paths into the future. Such use cases can form the backbone of a 

risk-monitoring platform. As agencies providing core settlement and other transaction services or extended services to 

multiple users in a market trade ecosystem move toward cloud, reactiveness should f low through and feed into those 

offerings throughout the ecosystem. 

 

To support real-time and near-real-time analytics with interaction speeds that rival the end-user experience of social 

media, data for ingestion need to come from source systems capable of automated notification, at least for departures 

from business-as-usual thresholds. Consolidation of incoming stream data can be selective. Evaluation of simple "if this 

then that" rules and more complex machine-learning-based predictions requires extreme performance, enriched and 

supported by professional, time-honored, exploratory and exploitative analytics on consolidated historical data. That 

consolidated layer, governed to provide full, proper-quality traceable lineage, is then ideal for user-defined scenario 

definition, for forensic backtesting, and as a general ground for user-defined explorations. Special-propose A/B testing 

of model performance against historic events, using crudely-grounded hypothetical scenario frobbing, is a common 
addition for trading risks, especially of a directional volatility kind. Data quality support requires additional exploration 

and analysis, ideally combined with pixel-accurate graphics and iot-based authoritative content validation. 

 

Feed Accuracy Completeness Timeliness 

CreditRisk_Exposures 0.942 0.9489 0.9222 

LiquidityRisk_Cashflows 0.9586 0.967 0.9447 

MarketRisk_Trades 0.9691 0.9811 0.9565 

 

Equation 3) VaR breach detection in real-time pipelines (equations + backtesting) 

3.1 Value-at-Risk (VaR) definition 

Let 𝐿 be portfolio loss over horizon ℎ. VaR at confidence level 𝛼 is the 𝛼-quantile of the loss distribution. 

Steps 
4. Define cumulative distribution of loss: 𝐹𝐿(ℓ) = 𝑃(𝐿 ≤ ℓ) 
5. VaR is the smallest ℓ achieving probability 𝛼: 

VaR𝛼 = inf{ℓ:𝐹𝐿(ℓ) ≥ 𝛼}  

 

3.2 Parametric (Normal) VaR for returns (common in practice) 

Let portfolio return 𝑅 ∼ 𝒩(𝜇, 𝜎2). If portfolio value is 𝑉, loss is approximately 𝐿 ≈ −𝑉𝑅. 

Steps 
1. Quantile of normal: 𝑞𝛼 = 𝜇 + 𝑧𝛼𝜎 where 𝑧𝛼 is normal quantile. 

2. Loss quantile flips sign: 

VaR𝛼 ≈ −𝑉(𝜇 + 𝑧𝛼𝜎) VaR𝛼 = −𝑉(𝜇 + 𝑧𝛼𝜎)  
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3.3 Real-time “breach” rule 

If the institution sets a limit 𝐿limit , then: 

Breach at time 𝑡 ⇔ VaR𝛼,𝑡 > 𝐿limit  

 

3.4 Backtesting: exception counting (Kupiec/POF style) 
The paper discusses historical analytics/backtesting  . 

Let: 

 𝑛 = number of backtest days 

 𝑥 = number of exceptions (days where actual loss > VaR) 

 expected exception probability 𝑝 = 1− 𝛼 

Under correct calibration: 𝑥 ∼ Binomial(𝑛, 𝑝) 
 

Steps 

1. Likelihood under null 𝐻0 (probability 𝑝): 

  ℒ0 = (1− 𝑝)𝑛−𝑥𝑝𝑥 

2. Likelihood under alternative 𝐻1 (use empirical 𝑝̂ = 𝑥/𝑛): 

  ℒ1 = (1 − 𝑝̂)𝑛−𝑥𝑝̂𝑥 
3. Likelihood ratio statistic: 

  𝐿𝑅 = −2ln(
ℒ0

ℒ1
) 

𝐿𝑅 = −2ln(
(1 − 𝑝)𝑛−𝑥𝑝𝑥

(1 − 𝑥/𝑛)𝑛−𝑥(𝑥/𝑛)𝑥
)  

 

4.1. Real-time and near-real-time analytics 
Real-time and near-real-time analytical capabilities are critical for financial risk monitoring applications. Market data 

and transaction data for securities trading must be ingested and processed within seconds to enable real-time 

appropriate risk management decisions. A timely decision or risk flagging system in investments could save a bank 

from a potential billion-dollar loss like in the case of the BNP Paribas market risk loss in the summer of 2017. 

Conversely, handling market data and transaction data for seldom traded assets opens the door for batch processing 
with higher latency, typically in a near-real-time manner by means of 5–15-min or longer frequency windows. 

 

Real-time and near-real-time style of data products are handled with stream processing architecture by ingesting 

streaming data feeds, executing streaming computations, detecting situations of interest, and generating notifications in 

semi-automatic, automatic, or key-changes-triggered manner. In S2, triggering the one of the bank’s liquidity risk 

decision systems is handled in an automated fashion. Examples that fall in this category include employing streaming 

detection computations and generating notifications when value at risk (VaR) limit is exceeded, power consumption 

rises drastically, and purchasing overdraft by bank branch becomes frequent. Bank scenarios such as counterparty 

credit risk dealer margin monitoring that require particular emphasis by the operations committee or management board 

are also supported in real time or near-real-time. 
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4.2. Historical analytics and backtesting 
Complete historical data are essential for building and validating the models employed in risk forecasting. Validation 

typically involves a backtesting process where the model is evaluated on how well it would have predicted historical 
events. Depending on the type of model, different metrics may be considered. Notably, at least one metric that 

measures the performance of the modeling engine itself should be considered separately from the predictions. Model 

validation and backtesting may also require control data sets that are sufficiently large. To mitigate the risk of data 

snooping, a holdout set of events that was not used for model development is often used for final validation and 

assessment. 

 

For some classes of detection modeling, especially for prediction problems related to operational risk, type II error rates 

are of prime importance; thus, rare events must be emphasized in the backtesting. Models with long-term effective 

ranges, such as those for credit migration matrices, are most commonly validated using skill-based measures that 

account for model redundancy. Similar issues arise for the validation of effect-based rather than event-based models of 

operational loss. Models that forecast probabilities or frequency distributions are evaluated using calibration, and 

models that forecast proportions are assessed with statistical measures of general adequacy such as the chi-squared 

statistic. 

 

Equation 4) Chi-square idea for distribution/proportion checking (used in validation) 
Suppose we have 𝑘 buckets with: 

 observed counts 𝑂𝑖 

 expected counts 𝐸𝑖  
 

Steps 
1. Compute per-bucket deviation scaled by expectation: 

  
(𝑂𝑖−𝐸𝑖)

2

𝐸𝑖
 

2. Sum across buckets: 

𝜒2 = ∑
(𝑂𝑖 − 𝐸𝑖)

2

𝐸𝑖

𝑘

𝑖=1

 

Compare to 𝜒2 distribution with 𝑘 − 1 degrees of freedom (or adjusted df if parameters are estimated). 
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V. DATA SECURITY, PRIVACY, AND ACCESS CONTROLS 
 

Data security, privacy, and access controls are essential components of risk monitoring systems for financial 

institutions. All systems need to have appropriate levels of security defined based on confidentiality, integrity, and 

availability (CIA) requirements, which depend on the risk posed by potential security incidents. Some risks can be 

managed with native authentication and authorization in traditional query engines, but additional services should be 

used in Data Lake and lakehouse architectures. 

 

Authentication, authorization, and auditing mechanisms are used to restrict and monitor user access. These mechanisms 

ensure that only authorized users have access to specific datasets and pipeline executions, and any access is audited for 

compliance. Encryption should be applied to all stored data, along with Key Management services to securely control 

access to the encryption keys while also providing auditing information for compliance. Sensitive datasets, such as PII, 

should be protected by anonymization, data masking, or K-anonymization. All data processing procedures should be 

documented, stored in a Data Catalog, and include data privacy tags for easier identification. Any data request requiring 

exposure of EUI data should be vetted through the Data Privacy Office, and sensitive information should be cleared 
before being provisioned to other environments. 

 

5.1. Authentication, authorization, and auditing 
Authentication and access management mechanisms control information security, protecting the confidentiality, 

integrity, and availability of financial data. Two security regimes govern information access: a hut provisioned to 

applications for administration and internal board reporting, which require data security during serving; and a castle 

provisioning to data vendors and regulatory authorities, requiring sensitive data protection through masking.  

 

 
 

Fig 3: A Dual-Regime Framework for Financial Data Security: Integrating Least-Privilege IAM, Privacy-

Preserving Masking, and Compliance-Driven Governance 
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A ‘least privilege’ authorization principle restricts user and service access. User identities authenticate through LDAP, 

assigning roles at the application level. Services and automated ingestion use machine identities that define resource 

sets. Two security architects reviewed AWS IAM service management through a compliance lens, ensuring user and 

service provisioning. 

 

Access logging security-measures preserve a change log, maintained in a ‘sandbox’ area. Datalogging-privacy Bias 

guidelines: A security and privacy framework for data analytics requires privacy-preserving measures. Masking 

safeguards sensitive data in transit, at rest, and in interactive analytics. Masked values retain distribution and 

dependency characteristics for upstream consumption. Sensitive-values rendering operational security beseeches the 

privacy of information shared with external entities through data sharing augmentations. 

 

5.2. encryption and key management 
Data security and privacy implications are paramount in the financial services sector, as organizations supervise 

sensitive information submitted for regulatory reporting. User and data management schemas defined for business 

purposes will span horizontal and vertical data silos. All user and infrastructure identities must be authenticated and 
authorized according to least-privilege principles. Resources should ideally be allocated in minutes and hours instead of 

weeks. Business services with predictable lifecycle stages should be version-controlled and should provide a service 

catalog for discovering reusable data management services. Because many services involve utterly different  

technologies and workflows, auditing must account for both technical and business dimensions. 

 

To secure sensitive data, organizations are modernizing upstream systems to minimize its consumption from real-time 

and near-real-time systems. When sensitive data must be ingested, it should be immediately encrypted in-flight and at-

rest using multiple keys managed by an external key management solution. Multiple encryption keys segregate access 

privileges, enabling teams to share encrypted data with third-parties, perform analytics without exposing data, or utilize 

data without seeing the full payload. Sensitive data should ideally never appear in third-party systems, and predictive 

models designed to minimize backdoor data escapes can operate entirely without knowledge of sensitive data. Such 

models utilize both user and item embeddings and private gradient descent to eliminate sensitive data from operational 

systems. User-controlled encryption enables customers to use third-party services without needing to entirely trust 

those services with their sensitive data. 

 

VI. OPERATIONAL CONSIDERATIONS AND GOVERNANCE 
 
The operational controls required for production-level systems include continuous integration and continuous delivery 

(CI/CD) processes for data pipelines, as well as observability and monitoring capabilities that enable rapid incident 

response. CI/CD drives consistency and quality in all software and data artifacts by automating the building, testing, 

and delivery of applications and services to production. Such pipelines, originally associated with application code, are 

now also being applied to data quality checks, automated testing of transformation logic, streaming ETL operations, 

update queries, and other data pipelines built on modern data infrastructure-as-code. Without such processes, it is 

impossible to scale industry-standard observability, alerting, and incident response practices to continuously monitored 

systems comprising thousands of assets. The principles and practices of observability traditionally reserved for 

infrastructure and application monitoring are increasingly applied to support readiness, reliability, and compliance of 

data ecosystems across a range of maturity models. 

 

Governance is critical for anything considered sensitive or important; the greater the maturity of the organization, the 

more control is needed over data assets. Successful capabilities integrate monitoring, CI/CD, observability, and other 

controls into a comprehensive governance strategy that spans people, processes, roles, and technologies. Governance 

capabilities are naturally gradually adopted, starting from the foundational support concepts of security, access 

management, data quality, and inventory catalog, and maturing into sophisticated audit, risk, compliance, and privacy 

management controls that help to ensure reliable, robust, and resilient assets. 
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Equation 5) Privacy control the paper mentions: k-anonymity (formal condition) 

Let quasi-identifiers (QIs) define equivalence classes 𝐶𝑗. 

 

Condition 

∀𝑗, |𝐶𝑗| ≥ 𝑘  

A rough re-identification upper bound (in worst case) is: 

𝑃(re-id) ≤
1

𝑘
 

 

6.1. CI/CD for data pipelines 
Data pipeline and analytics development are frequently viewed as special cases of standard software engineering 

practices for general-purpose applications. An appealing approach is continuous integration/continuous development 

(CI/CD), whereby changes to code or configuration are automatically built and triggered into testing and production—
set up, test, and governance costs are reduced whilst improving release frequency, lead time, and quality. For financial 

institutions, CI/CD enables regression testing and monitoring for risk control analytics. The benefits of CI/CD flow 

more easily into the continuous deployment side when regression testing and monitoring are performed on runtimes 

with production-like data and conditions, such as separate data lakes in the development/testing and production 

environments. 

 

While CI/CD can apply at the pipeline level, it is increasingly implemented at the scale of whole data systems, 

including coordinated updates to ETL, storage, analytical code, and documentation. One data monitoring and 

management service takes a “DataOps” approach, framing the CI/CD process as an ambitious set of phased objectives 

involving a view of pipelines as microservices, reproducible experiments for data preparation, versioned data models, 

pipeline-as-code, corrected data sources, unified alerts, observability at all levels, cataloged datasets, validation beyond 

functional correctness, CI/CD vocabulary, and a single view of monitoring. Levels of observability are also critical to 

successful CI/CD and DataOps. 
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6.2. Observability, monitoring, and incident response 
Data pipelines demand operational discipline akin to code repositories, and finance-specific requirements are outlined 

in the Financial Services Cloud Observability guidebook. Ingestion and validation failures are commonplace, and 

pipelines should be designed to notify developers when alarm thresholds in processing flows are exceeded, whether in 

terms of data quality metrics, latency, or drift from known acceptable distributions. Like other engineering disciplines, 

data pipelines need a build-monitor-ing-response cycle. Different types of failures demand distinct responses. Major 

breaks—engineering fail-ures—should trigger a violation alert and invoke playbooks for troubleshooting and 

resolution, enforc-ing the idea that “you build it, you run it.” Alerts should be routed to dedicated Slack channels or 

similar services. Non-blocking alarms generated by “canary” paths are useful, but responses require a team of 

sharpshooters ready to respond. If possible, they should provide feedback to data-product owners if there is no obvious 

anomaly requiring immediate action. 

 

Considering that data quality and fitness thresholds are usually not expressed as hard alerts—let alone in a binary 

pass/fail framework—is it possible to automate the process? One possible approach is fuzzily connecting artifacts at the 

alert and response ends—designing the channel with multiple layers of detection so that expert response is available 
when required and data-quality-engineering teams can investigate undisturbed—and using mature machine-learning 

classi-fication models to automate these triage responses. Ingestion flows usually have heavy testing and validation 

regimes, and canary flows for model updates are similarly equipped. However, other processing flows may be less 

tested, less instrumented, less monitored and less alert-gated. Professional judgment should be used to assess their 

merits and risks, and appropriate disciplined-level response-team coverage engaged. 

 

VII. CONCLUSION 

 
This paper reviews data-lake engineering strategies conducive to supporting financial-risk monitoring systems. 

Architectures, governance, and control considerations help to address situations where multiple monitoring approaches, 

analytical-user patterns, and data-consumption formats place stringent requirements on risk-data preparation and 

integration. 

 

The results underscore that both operational and analytical volume-processing modes can benefit from data-lake 

implementations. Operational volume-processing loads can benefit from a raw cloud-data-lake storage layer, data-hub 

volume-processing load concentrations can be engineered toward the lakehouse model, data-vault reconstruction can be 

considered for risk-model-data audit and retention concerns, cataloging is important for non-central data-consumption 
patterns, and the CI/CD principle is not only applicable to analytics-code changes but can also encompass data-pipeline 

changes. 

 

 
 

Fig 4: Risk Monitoring Requirements 
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7.1. Recap and Future Directions 
Modern data-driven solutions have made faster and deeper analytical exploration easier than before. When correctly 

engineered, data lakes can aid deeper data understanding and allow analytics designed to automate controls and monitor 

risk. As proven day-to-day by large cloud service providers, the data ingestion, storage, and parallel processing layers 

can now scale independently of the computing engine. Their services allow near-real-time analytics for detection and 

notification of errors. Automated pipelines for real-time ingestion of operational data from all business areas, such as 

trading, treasury operations, and anti-money laundering, enable such near-real-time analytics. 

 

Organizations can build a cloud-native analytical layer to provide near-real-time insights and notifications by deploying 

intelligent data pipelines using business rules to detect anomalous behavior, automated monitoring user queries, 

supervised machine-learning models for classification or regression, and aggregation. They can also deploy a dedicated 

monitoring layer for other areas of higher importance or priority and deliver backtesting solutions with rich historical 

data. Data transformation, testing, and quality controls can be included using services natively provided by cloud 

platforms. Security, monitoring, and auditing factory mechanisms are also natively provided by cloud platforms. Data 

pipelines and crawling of external data sources outside the cloud environment can be easily implemented using cloud 
agent solutions. 
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