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Abstract:

The pace of Al and machine learning (ML) uptake in the financial services sector has fundamentally
transformed how organisations identify fraud, credit risk, customize and streamline customer
engagement and make decisions related to operations. Algorithms and model architectures have been
developed with significant literature and industry focus but data engineering backgrounds to make the
models scalable exist relatively understudied. Industrial production systems where real-time or close-to-
real-time decisioning is necessary, the result of an ML system depends not so much on its complexity
but on the predictability, stability and control of upstream data pipelines. Financial information is also a
special concern because it is fast, variegated, sensitive and must comply with regulations. Conventional
data pipelines are batch-based tools that were first created with business intelligence and offline analysis
in mind, and which are not well suited to low-latency, high-quality, and auditable data demands of
current ML systems. Consequently, training-serving skew, loss of data quality, fragility, and governance
blind spots are common phenomena taking place in organizations that adversely affect model
performance and trustworthiness in production. This paper focuses on how Al-ready data pipelines can
be operationalized by financial institutions by modifying their prior concepts of batch-centric design to
streaming-centric, metadata-conducted, and governance-aware concepts. We clarify the main features of
Al-prepared pipelines and examine architectural designs that facilitate real-time feature calculation, real-
time inference, or closed-loop feedback. Some of the important topics are data ingestion strategies,
pipelines of feature engineering, automated data quality controls, metadata orchestration, privacy
preserving design, and end-to-end observability. The paper discusses data engineering practices creating
the essential foundation of dependable, conformable, and scalable real-time ML systems in financial
services via domain-specific use cases of fraud detection and credit decisioning.

Keywords: Al-ready data pipelines, real-time machine learning, financial data engineering, streaming
architectures, feature engineering, data governance, observability, regulatory compliance

1. INTRODUCTION

1.1 Growth of AI and ML in Financial Services

Over the past decade, there has been a dramatic increase in the use of artificial intelligence (AI) and
machine learning (ML) technologies by financial institutions that have radically altered the decision-
making process in the main business operations. The processes previously controlled by set rules or
uniform and stable systems are being steadily automated with data-driven models with the ability to
learn more complicated patterns based on large volumes of data. [1,2] The scenarios with high impacts
like detecting real-time fraud, algorithmic credit scoring, product recommendation based on individuals
and proactive risk monitoring have become reliant on the use of ML-based inference with milliseconds
to seconds of latency. The systems allow organizations to react immediately to the risk of emergence as
well as the behavior of customers providing a better protection system and better experience to the end
as well. The convergence of factors has helped in this movement towards the use of ML-based decision-
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making. Financial services are going digital in large-scale, creating unprecedented scale in terms of
volumes of high-velocity transaction and behavioral data to serve as inputs into model training and
inference. Meanwhile, with recent developments in distributed computing and cloud infrastructure, it has
become possible to scale up running and analyzing this data in low latency. The advances in the model
architecture, feature engineering principles, and training strategies have only enhanced the predictive
accuracy, which makes ML systems more consistent and desirable when it comes to production
applications. Consequently, Al and ML no longer exist on the periphery of experimentation or
formulation instead of this being a mandatory part of any operational system of a financial institution.
Nonetheless, with this move, the freshness, reliability, and governance of data have also faced renewed
challenges, and powerful data pipelines have become increasingly vital in facilitating real-time ML at
scale.

1.2 Shift from Offline Analytics to Real-Time Decisioning
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Figure 1 : Shift from Offline Analytics to Real-Time Decisioning
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o From Retrospective Analysis to Instant Decisions

Historically, the operating mode of financial analytics was offline and retrospective in that it collected
data over a long duration and performed analysis in batch to generate reports, predictions and insights.
These processes sustained long term planning, regulatory reporting and periodic risk assessment and
were not linked with real time operational decision making. The insights produced by offline analytics
could be hours or days after the events took place and were thus not useful in real time-sensitive
applications like fraud prevention or authorization of transactions.

o Drivers of Real-Time Decisioning

This is necessitated by the increasing demand of real-time decisioning when dealing with customer
behavior and market conditions which demand rapid responses. Online banking systems, digital payment
systems, and high-frequency transactions create information flows which need to be assessed at any
time. In this regard, the approval of a transaction, suspicion, or customization of an offer should be made
in milliseconds. Recent innovations in streaming capabilities, in memory processing, and low latency
based model inference have allowed financial institutions to bring the ML models directly into the
transactional contexts and provide an interface between the generation of data and its action.

o Implications for Data and ML Architectures

This has far reaching consequences on the design of data and ML systems. Perpetual decision process
pipelines: Real-time decisioning demands continual and up-to-date pipelines (continuous) but not
periodic pipelines. It also requires a closer connection between the layers of data ingestion, feature
computation and model serving and stricter latency and reliability guarantees. Consequently, financial
institutions are beginning to re-architecture on the light of streaming-first, as real-time decisioning is not
only the optimization of offline analytics, but a very different operational paradigm.
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1.3 Data Pipelines as the Primary Bottleneck

Even with the existing notable progress in machine learning algorithms and modeling methodology,
most of the ML systems fail or do not perform sufficiently in production because of constraints in
underlying data pipelines, and not because of limitations with models. [3,4] Practically, data engineering
has turned out to be the major bottleneck in the operationalization of Al, especially in complicated and
regulated contexts like financial services. Inconsistent feature definitions in training and serving are one
of the most prevalent failure modes, in which models experience different distributions of features in
production than they did in training due to variation in the source of data or transformation logic or
aggregation window. This service-skew training tends to cause poor performance and unreliable
modeling behaviour. Another issue that is spreading is a phenomenon of too much data latency and
narrowing issues in pipeline, making models unable to access timely and relevant information. Poorly
tuned or other batch-oriented pipelines might add minutes or hours of latency, which would effectively
eliminate real-time inference and make institutions make decisions based on out-of-band data. Even the
slightest delays can have a massive impact on the model effectiveness in latency-sensitive problems, like
fraud detection or transaction authorization, where risk exposure can rise considerably. To make matters
worse, there are low quality data and undiagnosed anomalies such as missing values, schema mismatch
and distribution shifts that silently flow through pipelines and distort the subsequent features. Such
problems are not always detected without automated validation and monitoring until a point when model
performance is lower or if failure has taken place. Lastly, poor governance and auditability make the
reliability of ML systems even more limited. Lots of pipelines do not feature complete lineage tracking,
access controls, and audit logs; hence, it is hard to justify model decisions or identify errors or showcase
compliance with regulations. Collectively, these issues underscore how the effectiveness of production
ML systems relies on more than a continuous improvement in the model, to more of sound, steady, and
controlled information streams. It is necessary to resolve these bottlenecks therefore to create scalable,
trustful and sustainable Al deployments.

2. LITERATURE SURVEY

2.1 Traditional Data Warehousing and ETL Pipelines

Financial data management systems in the early days were characterized by centralized data warehouses
filled by extract-transform-load (ETL) pipes. [5-7] These systems were created with structured and
historical data analysis at the core, with an emphasis put on batch processing, high consistency, and a
defined set of schemas. This architecture was found to be very helpful in business intelligence,
compliance reports, and regulatory auditing when precision and replicability was essential. Nonetheless,
they traded off high latency caused by the need to regularly stream an update to the system, which meant
that they could not support time-based analytics and real-time decision-making. Moreover, the strictness
of the data ingest/data transformation/data consumption separation tended to create inflexible pipelines
that were hard to reshape to meet the rapidly changing machine learning (ML) needs, especially the ones
relating to iterative experimentation and low-latency inference.

2.2 Streaming Systems and Event-Driven Architectures

The introduction of distributed messaging systems and stream processing frameworks is known as a
transition to event-driven architectures that are able to ingest and process data in real-time. The systems
facilitate high throughput and low latency streams of data between producers and consumers by
separating them resulting in better scalability and fault tolerance. Streaming architectures are used in
financial and machine learning (ML) applications, which make feature updates, detect anomalies, and
react to decisions near to real-time. Although these benefits exist, the literature in this area reports
enduring problems in the systematic incorporation of streaming systems into ML processes, especially
when it comes to state management, feature consistency, and reproducibility. Distributing real-time
streams in alignment with the offline training data is a nontrivial issue, and in many cases, leads to the
introduction of additional levels in the architecture or some coherent set of processing abstractions.
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2.3 Feature Engineering and Training—Serving Skew

It is recognized that training-serving skew is one of the most important considerations that reduce the
performance and reliability of machine learning systems. Such phenomenon occurs when there is any
difference in features used during offline model training to what they are calculated during online
inference because of differences in data sources, logic of transformation, or time aggregation windows.
These inconsistencies may result in systematic prediction error and worse model accuracy in production.
Smart features The past studies give mitigation mechanisms like centralized feature stores, common
transformation libraries, and common one-point batchstream processing frameworks to address skew.
Although these strategies help minimize duplication and increase consistency, they also add more
complexity to operations and can never overcome the issues of feature versioning, backfilling, and other
elements to do with latency.

2.4 Data Quality and ML Reliability

There is ample literature on the high sensitivity of machine learning models to distribution changes,
missing data, outliers and semantic inconsistencies, underlining that model quality largely determines its
quality. With streaming environments, the unlimited nature of data that flows continuously aggravates
these problems, and it is not feasible to validate them manually. To address these issues, researchers
have studied automated data validation frameworks, statistical detection of drift in data detection and
anomaly monitoring techniques. But the majority of the solutions that are available are setup to support
batch-based workflows, and they do not initialise effectively into real time pipelines. Consequently, the
question of data quality ascertaining of streaming ML systems is still an open research issue, and there is
a paucity of the implementation of end-to-end monitoring practices in production contexts.

2.5 Governance, Privacy, and Regulatory Compliance

With the rise of machine learning systems (MLS), recent literature is making a greater emphasis on the
importance of governance, privacy maintenance, and regulatory compliance. Among the most critical
issues, one can speak about explainability, data lineage tracking, auditability, as well as adherence to the
data protection regulations. Although the topic of model-centric governance, including explainable Al
technologies and model documentation, has seen a lot of progress, less focus has been directed at the
governance of data pipelines, per se. This is an important gap considering that the work of data
preprocessing, feature construction, and real-time transformations can contribute to the behavior of the
model to a large extent. As a result, researchers believe that it is critical to expand the governance
frameworks to have end-to-end data flows and ensure transparency and accountability throughout the
ML lifecycle.

3. AI-READY DATA PIPELINES

3.1 Definition of AI-Ready Data Pipelines

An Al-ready data pipeline is a data infrastructure, a production-grade system in particular, that is
designed to fulfill the requirements of a modern machine learning system end-to-end, including model
training, real-time inference and ongoing feedback loops. [8-10] However, in contrast to traditional
pipelines designed to focus mostly on reporting and retrospective analytics, Al-ready pipes focus on
consistency, timeliness, and reliability in both the offline and online streams of data. One of the
fundamental features of such pipelines is that they can provide high quality data, which is assured by
automated validation, schema preservation, and anomaly detector and monitoring mechanism that
detects a distribution shift and data integrity problems before they impact downstream models. Also
crucial is low-latency data access, as it provides real-time or near-real-time computation of features
important to responsive ML applications like fraud detection, recommendation systems and dynamic
pricing. Same pipeline Al-ready data pipelines are also concerned about feature consistency between
training and serving environments, reducing training-serving skew through the reuse of shared
transformation logic and ensuring feature definitions are the same. This may include feature store
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integration, stream as well as batch integration structures along with metadata administration
frameworks to track feature versions, provenance, and usage. Moreover, Al readiness pipelines are by
definition scalable and fault tolerant, which can process large volumes of high velocity data with high
assurances regarding correctness and availability. In addition to performance and reliability, governance
and compliance are also a part and parcel of the definition of Al-ready pipelines. These pipelines are
designed with data lineage tracking, access control and auditability to comply with regulatory and
ethical needs especially in sensitive areas like finance and healthcare streams. Al-ready data pipelines
allow the channeling of continuous improvement of models, operational resilience, and reliable
deployment of Al at scale through direct system integration of governance, observability, and feedback,
enshrined in the data infrastructure.

3.2 Core Characteristics
CORE CHARACTERISTICS
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Figure 2 : Core Characteristics

° Low Latency

One of the key prerequisites of Al-ready data pipelines is low latency, specifically when the application
is real-time machine learning or near real-time. The end to end processing of data including ingestion
and transformation till feature delivery have to adhere to milliseconds to seconds time constraints in
such a way that the models can be inferred on time and used to make decisions timely. It takes this to be
possible through effective streaming architectures, in-memory processing and streamlined data
serialization forms. Past applications of low-latency pipelines include fraud and personalization in real-
time, real-time risk assessment, and business value when a delay in data means that a model might be
substantially less useful and not as useful as possible.

o Feature Consistency

Consistency of features maintains that the same feature definition, logic transformations and window
aggregation occur both in training and serving models. Due to non-matching feature calculation between
offline and online conditions, there exists training-serving skew, which impacts on the production model
accuracy and reliability. The concept of Al-ready pipelines can be used to solve this problem by working
with a single set of centralized definitions of features, sharing common code to do transformations, and
having versioned metadata of the features being defined. These pipelines enhance the model robustness
by imposing consistency and make it easy to reproduce these models in both test and production phases.
o Data Quality and Freshness

The quality and the currentness of data are essential to obtain any quality machine learning results. Al-
ready pipelines have automated checking mechanisms to ensure their constant checks on the data
volume, schema compliance, completeness, and statistics. The checks assist in identifying anomalies,
values missing, and distortions of distributions, prior to their spreading to models. Freshness of the data
is also crucial in streaming environment since obsolete data may lead to inaccurate predictions being
made. Constant quality check-up makes sure the models are running on audible and remedial inputs.
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o Scalability and Fault Tolerance

Data pipelines that warrant Al readiness should be designed to be scaled horizontally to support
increased data volumes and surging workloads without decline in performance. Pipelines can be
dynamically adjusted to demand changes because distributed processing and elastic infrastructure allow
them to adjust to changes. Also, fault tolerance is needed to provide system resilience to be able to
gracefully recover pipelines involve hardware problems, network transgressions, or software problems.
Checkpointing, replication, and exactly-once processing semantics are some of these techniques that
ensure the data is correct in a failure situation.

o Security and Auditability

The architecture of Al-ready data pipelines is characterized by security and auditability, especially in
controlled areas. To safeguard the sensitive data, the pipelines should implement stringent access
controls, encrypt the data when at rest and in transit, and provide securities over the authentication
procedures. The other aspect is auditability that entails tracing of data lineage, transformations and
access patterns along the pipeline. The abilities are helpful in regulatory compliance, allow forensic
examination, and enhance trust by allowing transparency in data processing and consumption by
machine learning systems.

3.3 Comparison with Traditional Pipelines

The term Al-ready data pipelines are the next major transformation of the traditional data pipeline
architecture, which indicates the shift in needs of systems based on machine learning. Historically
traditional pipelines are very often batch-based, those that are intended to handle vast amounts of
previous data on a regular basis. It is also optimally adapted to business-intelligence dashboards,
periodic reporting and regulatory submissions, where the latency requirements are not as strict. On the
contrary, Al-ready pipelines have a streaming-first processing model that allows real-time ingestion and
transformation of incoming data. Such change enables machine learning systems to respond to new
information within a near real time and this are essential in fraud detection use cases, recommendation
engines and dynamic risk scoring. Latency is also another criterion that makes the difference between
the two paradigms. Traditional pipelines are characterized by a unitary duration of end-to-end delays of
hours to days, as a result of batch scheduling, data staging and involved transformation processes.
Although this is okay when engaged in retrospective analysis, these lag times do not go hand in hand
with the current applications of ML that require recent data. Al-ready pipelines are designed with a
latency range of milliseconds to a few seconds so that attributes that will be used to complete the
inference are highly representative of the current state of the system and user behavior. The target
audience of the data is also quite different. In the traditional pipelines, most of the tools of human facing
analytics, such as dashboards and reports, are used where the data are interpreted by analysts and
decision-makers. In contrast, Al-ready pipelines are built to have machine consumers, which deliver
versioned, validated, and structured features to online inference services and machine training jobs. This
requires greater assurances concerning consistency, availability, and correctness. The practices of
governance also make the difference much clearer. Traditional pipelines are usually based on the manual
form of governance such as ad hoc documentation and human control. Al-enabled pipelines Put
automated, metadata-based governance, including lineage tracking, access control, quality monitoring
and auditability directly into the infrastructure. Such automation is necessary in order to ensure the trust,
compliance, and scalability of production ML systems, highlighting the necessary fundamental
architectural change between traditional and Al-ready data pipelines.

4. ARCHITECTURAL EVOLUTION

4.1 Batch and Micro-Batch Architecture

Historically, batch and micro-batch systems have been the foundation of large scale data processing
systems (and in the case of enterprise and financial settings where historical analysis, reporting, and
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regulatory compliance are essential). [11-13] The classic system of batches works according to specific
schedules and thus works with the accumulated data during the hours or days and in the process, it can
effectively utilize the computational resources and also high consistency is ensured. The following
features render batch processing suitable to offline machine learning activities, e.g., training models,
backtesting, and longitudinal analysis, where having entire and consistent datasets is more valuable than
timeliness. Micro-batch architectures sprang as a spin-off improvement, though with shorter processing
intervals that take a matter of minutes or even seconds and with higher data availability in place and
much of the operational features of batch systems. Irrespective of these strengths, the batch and the
micro-batch methods have a latency that cannot be tolerated in real-time or near machine learning
applications. Delays, even of a relatively small scale, can cause stale features and suboptimal/wrong
predictions in time-sensitive applications like fraud detection, dynamic pricing, and real-time
personalization. In addition, micro-batch systems are typically challenged with event-time accuracy and
pixel-level capability to time-align data, since data is not served as a continuous stream, but in chunks.
This may cause complex feature computing especially sliding windows and stateful aggregations, which
can only be performed with exact timing semantics. The other weakness of batch-based architectures is
the fact that they have inflexible processing models, and, therefore, it is hard to incorporate continuous
feedback of model predictions and incoming data. Although the batched pipelines can be batted out with
workarounds to make it behave like the real time, these mechanisms complicate the system and create
overhead on the running system. Consequently, modern studies and practice in the industry have
increasingly considered batch and micro-batch architectures as part and parcel, but not full-fledged
solutions to Al-ready systems. They are useful in offline analytics and training, but they need to be
combined with streaming architectures to fulfill the requirements of lean, dynamic demands of modern
machine learning pipelines.

4.2 Event-Driven Architectures

Event-driven architectures are becoming a fundamental design paradigm behind modern data and
machine learning systems because they can provision real-time processing, scalability, and resilience of
the system. The current model of state changes, imitated as events, are added to the continuously
increasing event streams, which also serve as the system of record instead of mutable databases. Every
event is a piece of fact, a transaction or user interaction or sensor update which has happened, once it is
written it is impossible to undo it. Such immutability offers firm guarantees concerning data integrity
and traceability and hence events-driven systems are especially compelling when it comes to ML
pipelines that demand reproducibility and auditability. One of the benefits of event-driven architecture is
that they allow real-time data processing. With the events being published they can immediately be
consumed by various downstream services such as feature computation engines, online inference
services, monitoring systems, and analytics platforms. It allows low-latency machine learning workflows
in which the models are trained on new and updated data. And, the decoupling of event producers and
consumers, permits systems to grow on their own, as well as evolve without close interaction, which
contributes to overall system flexibility and fault tolerance. Replayability is the other important attribute
of event-driven designs. Since a durably stored stream of events allows the comparison to be replicated,
downstream consumers can reconstruct state, learn or re learn features, or develop models based on the
same data that was already observed. This is essential in the process of debugging production errors,
model test, and training-serving skew. Replayability can also be used to backfill and experiment on live
systems. EDAs however add more complexities such as state management, event-time semantics and
schema evolution. The issues and the management of these issues demand meticulous design and strong
tooling. Nevertheless, event-driven architecture is becoming an acknowledged and influential building
block of Al-ready data pipelines, especially where real-time responsiveness, consistency, and dynamism
are critical.

[JFMR230368684 Volume 5, Issue 3, May-June 2023 7



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

4.3 Architectural Patterns

Architectural Patterns

1. Lambda Architecture

2. Kappa Architecture

3. Change Data Capture

Figure 3: Architectural Patterns

o Lambda Architecture

To solve these problems, Lambda Architecture was suggested to compensate a pure batch-based system
with both accuracy through batch processing and low latency through stream processing. This pattern
has two parallel data streams, where the batch layer calculates the outcomes using the entire historical
data, and the speed layer calculates the outcomes using real-time data. The results of both layers are
combined at the serving layer to achieve all round and timely results. Although this method provides
better responsiveness and accuracy, it also increases the complexity of the operations greatly, where
engineers have to maintain two codebases, two data pipelines, and consistency logic on both batch and
streaming systems. Consequently, Lambda Architecture is said to be hard to operate and evolve within
large-scale ML settings.

o Kappa Architecture

Kappa Architecture is the simplification of the Lambda model because it does not have the batch
processing path and instead uses the streaming systems only to process both real-time and historical
data. Under this model, the event log is the single truth and reprocessing is accomplished by re-
processing events using revised stream processing jobs. The design minimizes the code reuse and
operational costs and enhances the uniformity of both online and offline calculations. Kappa
Architecture is especially the best suited to the Al-ready pipelines because it is natively consistent in
feature, low-latency and replayable. Nevertheless, it presumes that streaming systems are mature enough
in order to support large-scale reprocessing effectively, which can be problematic with extremely large
historical data sets.

o Change Data Capture (CDC)

CDC is an architectural design that subscribes to the database mutations, including deletes, inserts, and
updates, as a stream of events. Rather than copying full DB snapshots on a periodically basis, CDC can
be used to perform near real-time syncing of operational database and the downstream analytical or ML
systems. The trend of data changes as events allows CDC to fill the gap between transactional and event-
driven pipelines so that analytical views and ML functionality are kept up to date. This trend is
particularly useful in adapting legacy systems to modern streaming systems, but is only useful when
schema evolution, ordering guarantees, and consistency semantics are carefully addressed to provide
high reliability of downstream processing.
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5. DATA INGESTION STRATEGIES FOR REAL-TIME ML

5.1 Streaming vs API-Based Ingestion

The data ingestion is among the most important parts of Al-ready data pipelines, and whether to use
streaming ingestion or API ingestion has severe consequences in terms of scalability, reliability, and the
output of the system. [14-16] Conventional API-based ingestion involves request response interactions
in which the producers make direct data transfers to downstream services or storage systems. Although
this is easy to tackle and is appropriate with low volume or transactional loads, it tends to act as a
bottleneck when applied during high-throughput or bursty loads. The APIs in synchronous mode bind
producers and consumers closely together, so systems are susceptible to cascading failure as a result of
latency or a downstream outage of the service. Comparatively, streaming ingestion is based on
asynchronous and message-oriented communication based on durable event logs or messaging engines.
This model has publishers of the data to a stream and consumers that process it when they feel it fits
them. This decoupling will go a long way to enhance scalability since several consumers are able to read
the same stream but without influencing producers. It is also more resilient, as one-time consumer
failures do not lead to losses of data, events are saved in the stream until they are successfully processed.
These are especially critical to machine learning pipelines which need to consume high throughput data
of varying origins and be reliable. ML-wise, streaming ingestion can be more effectively used to
perform real-time feature computation, continuous model updates and online inference due to low-
latency and ordered data delivery. Further file streaming systems support replayability by default, so
historical events can also be reprocessed to debug, backfill models, or retrain them. Although streaming
ingestion creates new operational complexity — including operating brokers and consumer state — it is
the best solution to modern, production-scale Al-ready data pipelines due to its scale benefits, fault
tolerance, and flexibility.

5.2 Handling Late and Out-of-Order Events

The problem of dealing with late and out-of-order events is a very serious problem with streaming data
pipelines, especially in financial systems where accuracy, consistency, and time are of utmost
importance. In contrast to batch processing, the streaming systems still have to deploy in data that stream
continuously and in an unpredictable fashion because of the network delays, system backpressure, or
upstream failures. Consequently, actions of events could be received earlier or much later than when
they actually occurred. Such discrepancies are potentially harmful to machine learning predictions,
unstable feature values, and mismatched aggregations unless addressed appropriately, particularly in
time-sensitive financial predictions like creating transaction records and risk assessments. As a solution
to this problem, the present day streaming frameworks are based on event-time semantics where data is
processed according to what time the event actually happened instead of the time the data was consumed
by the system. Event-time processing does allow more exact temporal reasoning, although it needs
mechanisms which identify when every event whose results are of interest to a time window is probably
received. Watermarking can be used to do this by giving an intuitive idea of event-time progress, when
the system is free to complete computations on a specific window. Watermarking provides a tradeoff
between correctness and latency by enabling a limited amount of lateness, making sure that tardy-
arriving events are not permanently held up by watermarking. The significance of these techniques in the
processing of financial transactions is increased by the need to verify the correctness and audibility of
the operations as required by the regulatory authorities. Improper management of late events may result
in operational balances that have been misstatements, erroneous fraud indicators or irregular historical
reporting. Furthermore, the machine learning models that are trained or served on these imperfect
features may demonstrate a low level of performance or biased results. High-quality management of
both late and out-of-order events is, therefore, not only a technical optimization feature, but it is a
prerequisite to reliable financial ML systems. Whether executed correctly, watermarking and event-time
semantics will allow streaming pipelines to be right and provide information in a timely manner, which
is why these concepts should be considered key elements of Al-ready data infrastructure.
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5.3 Idempotency and Deduplication

Deduplication and idempotency are critical design concepts that can be applied in streaming data
pipelines, especially in financial and machine learning pipelines whose outputs must be accurate and
consistent. In a distributed environment failure, retries, and network disruption are bound to occur, and
the same event may be accomplished or handled more than once. Lack of proper safeguards may result
in the duplicates of transactions being counted multiple times, intelligible aggregates, and distorted
feature values which eventually compromises downstream analytics and ML model predictions.
Consequently, a basic requirement of Al-ready pipelines is to make sure that processing data is correct
although it has been delivered several times. Deduplication mechanisms are usually based on unique
event identifiers or deduplication keys and using these keys, the system identifies and removes repetition
of events. These keys can be either based on transaction IDs or composite business attributes as well as
system generated sequence number. Streaming systems have the benefit of being able to filter duplicates
as well as retain legitimate events by keeping state that records identifiers previously observed, over a
specified time window. Nevertheless, this model comes with trade-offs concerning the state size,
memory usage and retention policies which must be tuned carefully to achieve balance between
correctness and resource efficiency. Idempotent processing also fills in the deduplication guaranteeing
that the same operation run more than once yields the same outcome. Practically, this is by designing
changes, modification and write to downstream stores in such a way that repeated application of these
does not alter the result after the first application. The semantics of exactly-once processing provide by
modern streaming frameworks extend these guarantees to state management, checkpointing, and
transactional writes, to maintain the property of transactional writes (or any system modification) having
only one effect on the system state even in case of failure. These guarantees are especially essential in
the financial ML pipelines since the slightest noncongruities may result in the regulatory problems or
inaccurate evaluation of risks. Al-ready pipelines guarantee data integrity, model consistency, and
credibility through idempotency and deduplication of data during ingestion and processing, respectively,
in real-time and offline pipelines.

5.4 Schema Evolution

The need to achieve schema evolution is an important factor to address during the design of data
pipelines with high resilience to Al usage, and in systems that are streaming-based and event-driven,
where producers and consumers independently change over time. New fields can be added as the
business needs evolve, old ones can be changed or old elements can be dropped out of the data schema
as new requirements are discovered. Unless handled carefully, these changes may destroy the stream
consumers, interrupt feature computation and lead to silent data quality problems that have adverse
effects on machine learning models. The vulnerability of pipelines to schema changes is particularly a
concern with large, distributed systems in which different teams maintain various parts of the data
ecosystem. The most important data pipelines in our current era have focused on both backward and
forward compatible schema evolution as a way of reducing these risks. Backward compatibility matches
with newer consumers being able to correctly process data generated in older schemas and forward
compatibility matches with older consumers being able to safely ignore or tolerate revised schema
versions. This is usually done through the implementation of a schema management practice like
optional fields, default values and explicit versioning practice. Schema evolution Serialization formats
and a centralized registry of schemas allow automated validation and enforcing compatibility constraints
on ingestion. Schema evolution is very important among streaming ML pipelines to ensure consistency
of features and quality of the data. Sudden or incompatibility of schema may cause the loss of a feature,
improperly matched data type or wrong aggregation, causing poor model performance or inability to
make inference requests. Pipelines allow change to come to a real time process without interruption by
ensuring compatibility checks, offering clear migration paths. Further, the availability of schema change
ensures experimentation and innovation, as teams can add new functionality repeatedly without
maladaptive effects on existing functionality. Finally, a well managed schema evolution will lower the
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operational risk and increase the resilience of the system. Al-ready data-infrastructures can alter their
structure according to new demands and ensure its accuracy, reliability, and trust in data and machine
learning results by applying consistency to both schemas and processing methods by using schemas as
first-class data and by providing data compatibility guarantees in the pipeline.

6. Feature Engineering Pipelines for Real-Time Inference

Feature Engineering Pipelines for
Real-Time Inference
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Figure 4 : Feature Engineering Pipelines for Real-Time Inference

6. 1 Online and Offline Feature Computation

In machine learning systems that are ready to operate with Al, feature computation should be carried out
uniformly in both offline training and online inference pipelines. [17-18] The offline computation of
features is usually performed on the large scale of past data on a batch or micro-batch level to produce
training features on which the model will be developed and tested. Online feature computation, on the
other hand, tasks streaming information in real time to compute features to be fed upon during inference.
Mismatches in these two directions may lead to models being trained on distributions of features
different to those used in production. In order to overcome this issue, contemporary pipelines use shared
transformation logic, co-located processing models, shared feature stores that guarantee the same
definition of features and same computation semantics are used both offline and online.

6.2 Temporal Feature Windows

Most applications of real-time ML are based on temporal and behavioral characteristics based on the
activity of the user or entity over time. Stream processing in a stateful way allows the calculation of such
characteristics on the basis of sliding and tumbling windows, which concatenate the events within a
specific time window. Sliding windows keep getting updated ever so as time goes by and capturing the
recent behavior with a fine granularity, whereas tumbling windows are non-overlapping and divided
time into fixed behaviors. These windowing methods enable pipelines to address some short-term
predictive trends, frequency patterns and recency effect very important in activities like fraud detection
and personalization. It is important to correctly manage the time of event, state retention, and events that
may late ensure that management of windows is correct.

6.3 Avoiding Training—Serving Skew

Skew occurs when due to differences in data sources, transformation logic or aggregation windows,
features to be used in the training and the features calculated during selection differ. In order to address
this risk, pipeline pipelines should use the same feature definitions, sequences of transformation codes,
and versioned metadata on features. With features being reusable and managed as an asset, instead of an
ad hoc transformation, organizations are able to enhance the reliability of their models, simplify
debugging and have consistent behavior both during experimentation and production.

[JFMR230368684 Volume 5, Issue 3, May-June 2023 11



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com

6.4 Feature Computation Formula Example

An example of a real-time characteristic is often provided by a rolling count of transactions, which
counts the number of events taking place in a time window. Mathematically, this feature is the total
number of transaction events that have taken place within a specific period right before the present time.
At a given time point, the feature value is calculated as the number of events that take place in the
window of size A of length where A is the window size. This feature counts the existing activity strength
in the short term and is common in the financial risk scoring and the detection of anomalies. The
aforementioned rolling features are stateful, and thus have to be implemented with an efficient stateful
processing to maintain the counts as a new event is received and the old events are deleted out of the
window.

7. DATA QUALITY AUTOMATION AND CONTROL CHECKS

Data Quality Automation and Control
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Figure 5 : Data Quality Automation and Control Checks

7.1 Volume and Freshness Checks

The fundamental controls in automated data quality systems are volume and freshness controls, which
are used to ensure that the data is received in the required volume and within reasonable time
constraints. [19,20] Volume checks normally compute the count of incoming records against
predetermined thresholds or past benchmarks to determine missing data records, duplicate data records
or disproportionately large amounts of data. Freshness checks check on the time of arrival of data to
determine the delay or gaps in data or even stalled pipelines that would lead to the delivery of stale
features to machine learning models. These checks are frequently used in real-time and streaming
systems, and a fixed threshold is not used to perform continuous checking, instead, statistical baselines
are used to continuously react to the inherent changes in the data rates. A combination of volume and
freshness checks gives an early warning message that an upstream failure or ingestion failures can affect
the reliability of downstream ML.

7.2 Distribution and Drift Detection

In addition to fundamental completeness checks, it is also necessary to track variations in data
distributions to ensure that the model performance is maintained with time. Distribution and drift
detection methods recognize the occurrence of an incoming data that is not similar to history or training
distributions. One such widely used measure is the Population Stability Index (PSI), which is the
difference between two distributions that are compared on the proportion of observations in bins defined
in advance. Since any given distribution of data, in practice, represents a displacement with respect to
some reference reference point, PSI measures the extent to which the present distribution has shifted
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with respect to that reference point. The values of PSI are larger, which means that there is more drift
and there is a risk of interfering with model accuracy. Automated drift detection enables teams to
broadcast alerts, retraining processes, or follow-ups; prior to distribution drifts causing degraded
predictions.

7.3  Business Rule Validation

Business rule validation is used to complement statistic checks with domain-specific checks of the
presence of semantic correct data and features. These rules represent the expertise in the specifics of
what is a valid or plausible value, e.g. non-negative value of transactions, logical order of timestamps or
allowed range of values in the financial ratios. Whereas, statistical techniques identify anomalies
depending on the patterns, business rules identify the violations of the well-known invariants that are not
necessarily statistically uncommon, but still invalid. Data pipeline automation of these checks can be
used to ensure that logically incorrect data does not flow into feature stores and models. Along with
volume and freshness and drift checks, business rule validation constitutes a total data quality control
layer to Al-ready pipelines.

8. METADATA-DRIVEN ORCHESTRATION AND GOVERNANCE

8.1 Metadata as a Control Plane

In data pipelines that are both Airbnb and Al-ready, metadata emerged as a centralized control plane that
obeys ingestion, processing, and consumption of data. The metadata summarizes important contextual
data like data ownership, schema definitions, data sources, frequency of updates, quality expectations,
and policies of use. By ensuring that metadata takes on a first-class position pipelines can shift into self-
describing systems that are based on dynamic logic rather than hard coded logic. The metadata can be
used by orchestration engines, and data platforms to set up workflows automatically, engineer schema
compatibility, and direct data to relevant consumers. Complex data ecosystems become simpler to
operate and develop using this metadata driven approach that enhances scalability and consistency, and
minimizes human intervention.

8.2 Feature Lineage and Provenance

Feature lineage and provenance give an insight into data and features entire lifecycle, starting with their
sources and as they undergo transformation after transformation before being used in machine learning
models. The lineage records the derivation of features, the necessary upstream datasets of features, and
the models or applications that will be using them. Such transparency is required to be explainable,
debuggable, and regulation permitted especially in areas where decision-making needs to be justified
and audited. In case of anomalies or other model failures, lineage allows doing root-cause analysis
quickly as it allows tracing the problem with reference to particular data sources or transformations.
Provenance therefore is an important factor in instilling trust and accountability in ML systems.

8.3 Policy-Driven Automation

Policy-driven automation makes use of metadata to impose governance needs in a programmable
manner instead of their enforcement using manual procedures. The access control policy gives
information on who can access, write, or modify data and features whereas the retention and deletion
policy determines the length of time that the data should stay and the time it needs to be deleted. With
such rules represented as machine-readable policies, data platforms can enforce encryption and mask
sensitive properties, as well as directly enforce compliance throughout the pipeline. This automation
mitigates the chances of human error, guarantees similarity in applying policies to large scale, and in
addition to this organizations can easily respond to the changes in regulatory and business demands
whilst maintaining a high level of governance about their Al data infrastructure.
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9. SECURITY, PRIVACY, AND COMPLIANCE

9.1 Encryption and Tokenization

Basic principles to ensure sensitive data in Al-ready streaming pipelines are encryption and tokenization.
Encryption will help to keep the data confidential when it rests and during transit since it will be
unreadable without the correct cryptographic keys. The latter protection has to be implemented in
streaming systems continuously because data travels through a set of different components such as the
message brokers, processing engines, and stores of features. The concept of tokenization also offers an
extra securitized layer in the form of the substitution of sensitive fields with the surrogate values that are
non-sensitive, such as account numbers or personal identifiers. This enables downstream systems such
as ML models to run on secured information without facing explicit sensitive raw data. A combination
of encryption and tokenization will mitigate data breaches and allow conducting real-time analytics with
safety.

9.2 Data Minimization

Data minimization is one of the most fundamental principles of privacy and focuses on restricted data
gathering and exposure to that which is absolutely required in accordance with a particular end. This can
be interpreted in the context of ML pipelines where only features needed to model training and inference
are shown but not entire raw datasets. Such a minimization of data access allows organizations to save
the size of the attack surface and minimize the likelihood of unintentional misuse and leakage of data.
Minimizing the data also makes the process of complying with the privacy rules easier, as sensitive
characteristics can be left out or anonymized in all possible cases. To apply this principle, one has to
exercise a prudent choice of features, access controls, and regularly monitor feature utilization across
models.

9.3  Audit Trails

Audit trails embrace traceability of data pipelines, including detailed account of data access, data
transformations and consumption. Documents such as these capture the various users that had accessed a
given information, at what time, and the manner in which it was processed prior to being fed into ML
models. Audit trails are necessary in controlled settings in exhibiting compliance in case of audit
regulation and internal auditing. They also back the forensic examination in the occasion of security
attack or model breakdowns. The fact that Al-ready systems require audit logging in each phase of the
pipeline provides transparency, accountability and trust in data handling as well as machine learning
results.

10. MONITORING, OBSERVABILITY, AND FEEDBACK LOOPS

FEEDBACK LOOPS

Figure 6: Monitoring, Observability, and Feedback Loops
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10.1 Pipeline SLAs vs Model SLAs

Pipeline service-level agreement (SLA) and model SLAs in Al-ready systems need to be strictly
synchronized to provide solid end-to-end performance. Guarantees often expressed in the form of
pipeline SLAs, such as data availability, freshness, throughput and processing latency and model SLAs,
such as inference response time, accuracy and availability. With data pipelines not meeting their SLAs
(like one which introduces delayed features or half-finished features) model SLAs cannot be achieved,
notwithstanding model quality. The pipeline alignment used to align these SLAs should be able to
design pipelines that match or even surpass the latency and reliability specifications of the inference
services (downstream) that depend upon the suppliers of inputs to models, so that the models can always
be fed with high-quality and timely inputs to make decisions.

10. 2 Drift Monitoring

One of the imperative elements of observability within production ML systems is drift monitoring
because the data distribution and behavior of the system are naturally changing as time goes on.
Statistical methods identify the variations in the distributions of features or model outputs which
indicates the possibility of degradation in model performance. Nevertheless, the effective drift
monitoring can be seen beyond statistics to involve the engineering observability, i.e., the data volume,
schema modifications, processing times, and feature computation errors. Statistical model monitoring
when paired with pipeline-level observability allows the team to gain a better idea of overall system
health and be able to more swiftly diagnose whether data quality problems or pipeline failures or actual
alterations in underlying behavior are the cause of changes.

10.3 Replayability and Recovery

Important advantages of event-driven data structures that enable sound monitoring and feedback
functions are replayability and recovery. Accommodated by maintenance of the logs of immutable
events, systems can re-run historical data to backup missing functionality, or to re-run processing errors,
or to run the analysis of events characteristic of a past model to answer incident inquiries. This allows
quick remediation with no data loss and makes continuous improvements possible since teams can test
new logic of features or new models on historical events. Replayability in turn reinforces system
resilience, makes debugging easier than alternate mechanisms, and provides the ability of Al-ready
pipelines to gracefully recover during failures even with consistency and confidence in ML results.

11. CHALLENGES AND FUTURE DIRECTIONS

11.1 Current Challenges

The trade-off of high latency needs and robust governance and compliance controls represents one of the
main issues in creating Al ready data pipelines. ML systems that need real-time data processing often
demand high data processing speed, however, regulatory and organizational policies must be validated,
tracking their lineage, and access control may cause extra overhead. The complexity of the operations of
streaming systems is also another important challenge. The complexity of managing distributed
messaging engines, stateful stream processors, schema evolution, and fault tolerance adds complexity to
the system than the traditional batch pipelines. This is compounded by the fact that talent and tooling
piping is a complex subject, and there are few experts in streaming architectures, real-time ML, and data
governance, and the current tools are frequently based on fragments or are also underdeveloped.

11.2  Future Trends

In the future, there are a number of trends that are driving the development of Al-capable data pipelines.
Streaming-native feature stores are being developed to offer features at the first-class level of supporting
real-time feature computation and serving with a low latency, but which remain consistent with the data
used in offline training. Governance of policies-as-code is becoming popular as companies continue to
automate policies of compliance, security, and data management with machine-readable policies that are
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directly defined as part of pipelines. Also, cohesive batchstream processing systems are still advancing,
eliminating the necessity to have distinct architectures, and easing compatibility of features across
workloads. Lastly, heightened regulatory tension on Al systems is creating the need to focus more on
transparency, auditability, and end-to-end data governance, making data pipeline design a core concern
when it comes to ensuring reliably and compliant Al deployments.

12. CONCLUSION

Maturity of underlying data engineering practices is a critical determinant of successful adoption of
artificial intelligence within the financial service industry than model sophistication itself. Almost as
much as the predictive performance is improved, algorithms and modeling techniques have a basic
limitation which is determined by the quality, timeliness and reliability of the data upon which it is
applied. Al-ready data pipelines thus come into existence as the key to the operationalization of machine
learning in the production settings. These pipelines should always be able to provide low-latency, high-
quality and governed information in the entire ML lifecycle, including offline training, inference at real-
time, and feedback loops. One of the main architectural approaches that are helpful in satisfying these
requirements is streaming-first. The financial institutions can make financial data available to promote
computation of features, timely decision-making, and immediate responsiveness to changing
environments by viewing data as continuous streams of events, instead of treating it as a fixed batch of
data. Nonetheless, the process of streaming cannot be improved without firm data quality automation.
Automated validation, drift checking and business rule checking will make sure that the anomalies in
data are identified at early, and silent failures are not allowed to affect the models or the regulatory
compliance. Such controls are necessary to ensure trust in Al-oriented decisions in high stakes financial
situations. Metadata-driven governance and transparency, lineage, and policy enforcement implemented
directly into data pipelines are also of equal importance. Through metadata as control plane,
organizations can understand who owns data, transforms it or uses it and make it explainable and audit
ready. In that way, the governance can scale along with the data volumes and the complexity of the
system and minimize the needs of manual monitoring and reinforce the adherence to the emerging
regulatory standards. Comprehensive observability is an additional feature that will help these attributes
since it will align pipeline service-level guarantees to model performance goals and diagnose and
recover quickly, in the event of failures. Finally, Al in the financial sphere is not an act as simple as
implementing models in practice. It is a disciplined engineering initiative that builds on the
dependability, visibility and preparedness at the data layer. Those institutions investing in Al-ready data
pipelines (defined by streaming first design, automated quality controls, metadata driven governance and
high observability) are in a better place to roll out scalable, compliant, and trustworthy real-time ML
systems. This sense of sustainable Al success is not possible in case of individual model innovations, but
it is possible through effective data infrastructures that would allow models to work responsibly and
reliably in the real world.
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