International Journal of Al, Big Data, Computational and Management Studies
Noble Scholar Research Group | Volume 2, Issue 3, PP.46-54, 2021
ISSN: 3050-9416 | https://doi.org/10.63282/3050-9416.1JAIBDCMS-V213P106

Building Resilient Data Pipelines: Techniques for Fault-
Tolerant Data Engineering

Lalmohan Behera
Senior IEEE member and IETE Membership.

Abstract: Data pipelines are pivotal to organizations consuming large volumes of information, especially in the current data-
focused prognosis. These pipelines must be reliable and robust because any breakdown in these results may result in late analysis,
slower business operations or even serious business hitches. There are some main difficulties with data pipelines, such as data
corruption, the change of data schema, failures in the transportation network, and limited capabilities of the computer hardware,
thus making the question of fault tolerance an essential element in designing the pipeline. Through fault tolerance, it is thus very
easy to design systems so that data can pass through without many hitches in the process. So, a highly tolerant data pipeline should
be capable of identifying and self-correcting mistakes while preserving data reliability and reducing the time necessary for error
correction. To this end, the now common data engineering practices of redundancy retries or retry-on-failure and check pointing
are used to work around the problem.

This paper presents an in-depth review of enabling solution approaches to construct robust data pipelines. It discusses the first
approach, which consists of numerous components, including observability, structured computation, data validation, and self-
healing systems. Real-time alerting emanates from observability, enabling engineers to prevent issues from worsening before they
are detected. ldempotent and immutable characteristics provide a structure which guarantees the success of data operations even
when there are attempts for repetition. Able validation systems ensure incorrect or structured data are not blurred in the pipeline to
affect analytics or decision-making. Finally, self-healing architectures make it easier for systems to recover from failures since they
can reallocate resources or reroute information without human intervention. This paper also provides real-life examples of the
actualization of these techniques through case studies and empirical findings to justify that modern data pipelines are not only
reactive but can be proactive and even self-healing, and most importantly, they can grow and expand with the Data-ning empire.

Keywords: Data Pipelines, Fault Tolerance, Observability, Idempotency, Immutability, Data Validation, Self-Healing
Acrchitectures.

1. Introduction
1.1. The Importance of Resilient Data Pipelines

The growth of information technology in the contemporary business world has enabled data to be a valuable commodity
widely used in the decision-making process, analytics, and numerous automation processes in various industries. These data
pipelines form the basis of the systems to move, process, and store data from one place to another efficiently and coherently. [1-3]
Nonetheless, given that modern big data architecture is distributed and rather intricate, there can be multiple failure points in a
pipeline. Such problems like network interruptions, changes in the schema, failures in the physical components and other software
glitches can corrupt the data and cause problems for the business in trying to derive insights. They can also lead to expensive
downtimes when data size, speed, and the need for a robust data pipeline are even higher. High data consistency, reliability, and
availability require a pose to fail highly available architectures within organisations.

1.2. Key Challenges in Data Pipeline Resilience

Constructing reliable pipelines is equally difficult because it involves overcoming various issues. One of the main issues in the
architecture is data consistency because of partially failed nodes or duplicate processing of an action. For instance, a one pipeline
task may fail halfway through execution, leaving the data in a very unsuitable state that makes no sense when doing analytics.
Another main issue is scalability, which requires handling the data pipeline’s growth without degrading the performance and
availability. Moreover, observability is important since engineers should be able to monitor the pipeline status, measure its health,
detect problems, and troubleshoot failures in the process. It is difficult to determine the problem’s specific cause when there is no
effective logging facility and monitoring system. To address these challenges, it is necessary to follow a proper architecture of the
processing techniques organization with the means of failure disaster and streamlined validation mechanisms.
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1.3. Techniques for Ensuring Fault Tolerance

Fault tolerance in data pipelines will be improved, and various strategies need to be incorporated by the organizations. It is
necessary to support all three functions of monitoring, logging, and alerting so that problems can be found quickly. Idempotency
checks and transaction immutability in a structured way are useful for avoiding reprocessing and checking for data consistency
when a system has failed or lost other forms of control or retries. One of the common purposes of data validation is to ensure that
the data collected meets the specified format and restriction of the data model to avoid data quality issues. Moreover, self-aware
architectures provide data pipes with a way to self-healing where the failed data can be retried, the resources can be rescheduled, or
the fallback mechanisms can be invoked. In this way, organizations can build data pipelines that are not only failure-tolerant but
also scalable and efficient, providing necessary and timely insights.

2. Literature Survey
2.1. Observability in Data Pipelines

Observability has become a central part of data pipelines due to the possibility of monitoring the system’s state and overall
health in time. It means a subject can reveal information about its internal state based on external data signals, logs, metrics, and
traces. [4-7] Inability to discover problems in complex data flow architectures hampers their maintenance, resulting in a long time
required to identify and solve the problem. Observed engineering makes it possible for engineers to monitor operations, check on
results, find out issues and solve them before they become colossal problems. The elements of observability, including logging,
monitoring, and alerting, must be implemented properly to ensure an efficient observability framework. Different from monitoring,
logging entails tracking and documenting events, mistakes, or other occurrences; in this context, the behaviors of the system help
determine the root cause of the problem encountered. Monitoring also constantly measures components such as response time, the
rate of requests processed and the rate of errors to determine the system performance. In addition, alerting mechanisms produce
notifications based on or beyond set parameters or even peculiarities to guarantee recognition of dire circumstances. Some of the
observability technologies that can be used to build the foundation of the sustainable data pipeline architecture are Prometheus,
Grafana, and ELK Stack.

2.1.1. Key Components of Observability
e Logging — Records activities and occurrences, such as errors or behaviors of the system, for diagnostic purposes.
e  Supervision — This refers to measuring the system parameters such as response time and percentage of errors.
e Alerting — provides information as soon as the occurrence of problems is identified.

2.2. Structured Processes: ldempotency and Immutability

Ordered processes are core to creating robust data pipelines. Two important ideas in this space are idempotency and

immutability.

e Idempotency: An operation is considered idempotent when applied several times, which is functionally equivalent to
once. This key behaviour is required to guarantee that retries or repeated messages will not result in inconsistent data
states.

o Immutability: Immutability means that once written, data cannot be changed. Rather, any changes create new versions of
the data. This makes debugging easier and increases reliability by maintaining the historical states of the data.

Table 1: Comparison of Idempotency and Immutability

Aspect Idempotenc Immutabili
Definition Produces the same result on multiple executions Data remains unchanged once written
Use Case Safe retries in case of transient failures Maintaining data history and audit trails

Implementation  Stateless operations, unique request identifiers  Append-only data stores, version-controlled data

2.3. Data Validation Mechanisms

Data validation is critical to preserving data quality, accuracy, and integrity throughout a pipeline. Without adequate validation
mechanisms, invalid or corrupted data can be spread, causing faulty analytics, improper business decisions, and compliance
failures. Data validation guarantees that valid and properly structured data is processed, avoiding downstream failures and
improving overall system reliability. Validation can be performed at several points in a data pipelineat ingestion, transformation,
and Storageto impose correctness at each stage.

Schema Validation is one of the three main categories of data validation:

e Schema Validation — Validates data to match defined structures and data types. Example: imposing JSON schemas within
an API-driven pipeline.
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e Constraint Validation — Ensures data complies with particular business constraints, such as numeric ranges, uniques, or
nulls. Example: a check to confirm product prices within an online shop database are not negative.

e Business Rule Validation — Verifies whether data follows the rules of the domain and rational requirements. Example:
checking whether a customer's birthday is earlier than the order date in a sales database.

Through validation frameworks like Apache Avro, JSON Schema, and Great Expectations, organizations can impose strict
data quality standards and reduce the risk of bad data entering their systems.

2.4. Self-Healing Architectures

Self-healing is an architectural approach to make a data pipeline more robust to failures by enabling the identification of a
failure, making necessary adjustments to fix the problem, and self-recovering from the problem. In contrast to standard recovery
approaches, self-healing architectures leverage the self-healing properties and employ automated and Al-based solutions to
maintain the system’s operation.

Some of the aspects of a self-healing data pipeline include:
e Automated Recovery — the requisite operation is repeated, or its data source is replaced by another one without human
interference in case of failure.
e Dynamic Scaling — In case of data changes, the pipeline changes its amount of resources to avoid overloading and
bottlenecks.
e Continuous monitoring — one can continually monitor the system's status and take corrective action once a failure is
detected.

For example, AWS Glue, Apache Airflow, and Kubernetes have self-healing capabilities that allow them to automatically
restart failed tasks, redistribute the load to healthy nodes, and create new resources when necessary. These enhance the ability to
handle failure and guarantee the data pipelines will remain running under various loads and failures. Incorporation of self-healing
techniques within the design of the data pipeline will help the organization in terms of costs involved, increase the mean time
between failures, and increase the mean time to failure. They have important functions in security-sensitive applications like
financial analysis, operation supervision, and artificial intelligence decision-making requirements, where data availability and real-
time accurate data are crucial.

The literature review outlines best practices and methods to construct resilient data pipelines. Observability is used for real-
time monitoring and finding issues, while features like idempotency immutability help avoid inconsistent or corrupted data. Data
guarding occurs at several stages of the pipeline, along with self-healing architectures where failure and scaling are managed
independently. Organizations can build non-aggregative, manoeuvrable and dependable pipelines that easily manage failure using
the mentioned techniques, such as resilient and elastic ways. These principles define the current data engineering approaches
critical to providing businesses with timely, accurate, and valuable information from structured data environments.

3. Methodology

This is why constructing fault-tolerant data pipelines poses a rather complex and multi-layered process that should include the
best practices of distributed systems, data engineering, and cloud computing. This means that the methodology proposes the
creation of pump pipelines that can fail and prompt themselves to restore whilst ensuring that data is always inclusive and
consistent. [9-12] This is strategized into four parts: Design for Failure, Observation, Validation, and Healing. They are all
important for the proper functioning and, more importantly, the ‘reliability of data pipelines’.

3.1. Designing for Failure

Statically, data pipelines can fail because of networking, such as delays in the network, hardware collapse, improper
formulation programming errors and intricate data modifications. There will always be failure, especially because systems are built
by human beings to handle the problem. It is better to build a system that can expect it, accommodate them and then try to correct
them. In failure-aware design, two salient features that support the failure-aware environment tremendously are idempotency and
immutability.

3.1.1. Key Strategies

e Idempotent Operations: Guaranteeing that reprocessing of a particular transaction will not lead to more than one
processing of the same data or, more generally, creating an inconsistent data state. This is done by providing stateless
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computations, deduplication logic, and logical request IDs. For instance, if an event processing system reprocesses a
previously failed transaction, it will not repeat it through idempotency.

e Immutable Data Storage refers to the characteristic whereby once written data cannot be changed or modified. Again, |
was supposed to change the records, but all our records are appended instead of being provided with new versions. This
aids in retracing the errors, followed by finding out the failure and even compliance with the set rules and regulations; for
instance, by employing an append-only log model, Apache Kafka maintains the data’s or events’ impossibility to be
changed.

3.1.2. Best Practices
e This can be done by creating checkpoint files to save intermediate results and allow the program to resume from a certain
checkpoint if it is overrun or if it has to end prematurely.
e Apply the exact-end processing concept in streaming programs such as Apache Flink.
e Hadoop also has a distributed file system that retains data in an unalterable format by providing write-once Storage such
as Amazon S3 or HDFS.

3.2. Implementing Observability
Effective observability helps identify issues with the data pipeline and troubleshoot them in the real-time environment.
Otherwise, errors, system bottlenecks, and failures become hard to identify if observability mechanisms are not implemented.

3.2.1. Key Strategies

e Comprehensive Logging: Several cases should be logged at all pipeline stages, including metadata, errors, and system
behaviors. Logs should have a structure and be related to each other concerning each pipeline component. Example:
Utilizing the ELK stack to speak more effectively about it, such as Elasticsearch, Logstash and Kibana, for the process of
logs and visualization.

e Continuous Monitoring: Data pipelines should be continuously monitored to make sure that they are communicating the
KPIs such as the amount of time it takes to complete the data processing, how many records it handled within a given
period, the amount of memory used in the process and the occurrences of errors. Example: Using Prometheus and Grafana
for real-time monitoring.

o Real-Time Alerting: Alerts should be generated depending on the set thresholds or whenever something unusual is
observed. Example: Define AWS CloudWatch alarms to alert engineering teams whenever the data processing latency
intended for an application passes a given toll quality.

3.2.2. Best Practices
e It would also be advisable to employ Distributed Tracing solutions such as Jaeger or Open Telemetry to monitor data flow
from one microservice to another.
e If using exogenous scripts as the source of commands isn’t sufficient, using centralized logging systems for analysis and
debugging is efficient.
e Position to manage the patient populations and ward for 18 or more hours; ensure timely alerting if changes are made to
the schedule by Slack, PagerDuty, or email notifications.

3.3. Incorporating Data Validation

Data accuracy is paramount in decision-making, especially in business-critical decisions, to avoid the risk of developing the
wrong strategies that put the firm in a precarious position. [13-15] This makes it plausible for inaccurate data to be ingested,
consequently providing distorted analytics and predictions to subsequent levels.

3.3.1. Key Strategies
e Schema Validation: Ensures data format, structure, and type at the point of ingestion. Example: Apache Avro, JSON
Schema, or Protobuf for imposing schema constraints.
e Constraint Validation: Validates that data values satisfy certain conditions, including unique identifiers, numeric ranges,
and null constraints. Example: Preventing negative amounts in financial transactions.
e Business Rule Validation: Verifies that data is consistent with business rules. Example: Verifying that customer
registration timestamps are always before purchase timestamps.

3.3.2. Best Practices
e Inthis case, data quality checks can be done through tools such as Great Expectations.

49



Lalmohan Behera / IJAIBDCMS, 2(3), 46-54, 2021

e For this problem, the initial step is to use automated means to perform data profiling on the streams and effectively
identify anomalies.
e You should also enforce methods of managing change to your schema without affecting the pipeline.

3.4. Developing Self-Healing Mechanisms

It is also important to emphasize that a fail-safe data pipeline has to provide the ability for failure recovery without further
inputs. Autonomous healing enhances the levels of availability, minimizes equipment downtime, and improves the reliability of a
network system.

3.4.1. Key Strategies

e Automated Retries with Exponential Backoff: If any issues happen in operations, the operation must be retried with
increasing time between the retries to avoid congestion. For instance, AWS Step functions apply exponential backoff to
try failed operations.

¢ Fallback Mechanisms: The pipeline should be designed so that if any of the services fail, a backup service or cached data
is used. Example: Using Cloudflare cache when a real-time API fails.

¢ Dynamic Resource Scaling: The pipeline should be dynamic, which implies that it should be able to increase or decrease
capability depending on demand. For example, Kubernetes auto-scaling can say that the number of containers should be
increased or decreased based on the CPU or memory utilization in certain percentages.

3.4.2. Best Practices
e Head off such failures and solutions as Netflix’s Hystrix should be implemented.
e  For the pipeline components, Kubernetes pods should self-heal.
o Detect costs and apply a machine learning-based approach for early detection of potential failure.

The proposed method aims to be a scalable and automated approach to constructing an STAMP, including a fault tolerance
model. Combining failure-aware design, observability, data validation, and self-healing can be added to make the data flow go
through a complete cycle without failure and interruption. These are used for real-time, batch, and cloud data processing, allowing
organisations to use clean and accurate data to support operations and growth.

4. Resilient Data Pipeline Architecture

This diagram graphically illustrates fault-tolerant and scalable data pipeline architecture by splitting its elements into four
sections, each colour-coded for better readability. [16-19] The diagram illustrates the data flow through various stages, from
ingestion to Storage and monitoring.

Resilient Data Pipeline Architecture

Data Ingestion

Batch Processing API Gateway Auto-Scaler

Sends Batches [Streams Data

Real-time Processing

Apache Flink

Schema Validator { Business Rules Engine
Stores Raw Data

Data Lake PostgreSQL

Stores Processed Data

Figure 1: Resilient Data Pipeline Architecture
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4.1. Data Ingestion

4.1.1. Components
e  Batch Processing — Processes scheduled data ingestion in batches.
e API Gateway — Streams real-time data from external sources.
e Kafka — Message broker collecting and queuing incoming data.

4.1.2. Process Flow
e Batch Processing sends batched data to Kafka.
e API Gateway streams real-time data into Kafka.
e Kafka acts as a buffer, providing durability and scalability before sending data for processing.

4.2. Processing & Validation

4.2.1. Components
e  Apache Flink — Processes data in real-time.
e Schema Validator — validates incoming data to conform to predefined schema structures.
e Business Rules Engine — Validates and enforces business rules on incoming data.

4.2.2. Process Flow
o Data is sent to Apache Flink by Kafka for real-time processing.
e  Apache Flink checks schema compliance using the Schema Validator.
e Business Rules Engine performs required transformations or business rules on incoming data.
e Validated and transformed data is stored in Storage and analytics systems.

4.3. Storage & Analytics

4.3.1. Components
e Data Lake — Holds raw, unstructured data for future analysis.
e  PostgreSQL — Holds structured, processed data.
e BI Dashboard — Retrieves processed data and creates reports.

4.3.2. Process Flow
e The Schema Validator holds raw data in the Data Lake.
e Business Rules Engine holds processed data in PostgreSQL.
o Bl Dashboard retrieves reports and offers insights based on stored data.

4.4. Monitoring & Resilience
4.4.1. Components
e  Prometheus — Collects and monitors system metrics.
e Grafana — Visualizes and reports on collected metrics.
e  Auto-Scaler — Dynamically adjusts the allocation of resources.

4.4.2. Process Flow
e  Prometheus constantly tracks system metrics.
e Grafana plots real-time performance data for inspection.
e Auto-Scaler dynamically regulates computational resources to avoid bottlenecks.
e Auto-Scaler communicates with Kafka to manage workload variation.

Data flows sequentially through various pipeline components while maintaining validation, business rule enforcement, and
resiliency. Monitoring enables early failure detection while auto-scaling dynamically adjusts resource usage. Storage is split

between raw (Data Lake) and processed (PostgreSQL) data to enable scalable analytics.

5. Results and Discussion

The experiment was performed on a real-time data pipeline processing loT sensor data to evaluate the proposed
methodologies. This pipeline operates in a cloud-native context and was tested for failures like network loss, schematic changes,
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and resource limitations. The goal was to assess the pipeline's capability to fail, fail-saving, and fail-forwarding to other pipelines
with data integrity and reasonable performance loss.

5.1. Experimental Setup
The data pipeline included Apache Kafka, Apache Flink, and PostgreSQL to manage and process sensor data that Smart Devices
produce. The setup consisted of the following aspects:
o Data Ingestion Layer: Trillion records from 10T sensors providing temperature, humidity, and motion at a certain interval
into Kafka. Data ingestion layer 10T sensors provide Kafka's real-time temperature, humidity, and motion data.
Processing Layer: Real-time transformations, validations, and anomalies are used using Apache Flink.
Storage Layer: | have chosen PostgreSQL because it has rows of immutable, append-only Storage regarding the
transaction’s data, ensuring data integrity.
e Monitoring & Observability: Prometheus & Grafana will be used to monitor latency and error rates, as well as the
system's overall performance.
e Resilience Mechanisms: Retries, Fallbacks and Run-Time Scaling initiated in Kubernetes.

In order to determine the pipeline’s status, behavior, and impact on performance, it was subjected to three significant failure
patterns.

5.2. Observations
5.2.1. Failure Detection and Recovery

That way, the logging, monitoring, and alerting helped quickly detect failures. In 95 percent of the cases, the pipeline could be

restored independently, signifying that the time was minimal and that it was spent on repairs and failure was less frequent.

o Network Disruptions: The pipeline noticed disrupted connections within the pipeline based on signalling and retried at
intervals specific to the observed problem, which took no more than 15 seconds to rectify.

e Schema Changes: If the schema of the incoming loT data were to change, the existence of the schema validation layer was
to detect this and avoid corrupting the Storage with bad data. The system was adapted by self-healing, in which the
schema was adjusted based on the schema evolution in Avro and was recovered within 30 seconds.

e Resource Constraints: The workload was dynamic and usually scaled high during some instances. The pipeline also
automatically allocated more resources to perform the computations, thus keeping the latency of computation to the barest
minimum and ensuring that the fluctuation in performance never lasted more than 20 seconds.

5.2.2. Data Integrity
Idempotent processing and immutable Storage enabled accurate data consistency even for several failures in all test cases.
e No data loss was seen in retries, even under partial failure conditions.
e The append-only storage mechanism avoided data overwrites by mistake, maintaining historical information for auditing
and debugging.
e Business rule validation excluded corrupted or partial records from reaching downstream analytics.

5.3. Performance Metrics
This was done to assess the performance levels of the resilient data pipeline with regard to the failure scenarios, which are
discussed below. The following metrics were evaluated:
e Recovery Time: The time elapsed before the pipeline returns to normal and incidents are recognized as failures.
e Data Integrity: As to whether the system was still capable of delivering correct and consistent data even during its failure.
e Performance Degradation: The impact of failures on processing throughput and latency.
Table 2: Performance Metrics under Failure Scenarios

Failure Scenario Recovery Time (seconds) Data Integrity Maintained Performance Degradation

Network Interruption 15 Yes 5%
Schema Change 30 Yes 8%
Resource Constraint 20 Yes 6%

e Thus, network interruptions took the least time (15 seconds) to recover because of the auto-retry feature.
e While performing queries, schema changes took slightly longer (about 30 seconds) since they involved schema
adjustment.
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e In order to overcome resource constraints, dynamic scaling was used, accompanied by an absolute performance overhead
of only 6%.

5.4. Discussion and Analysis
It can be concluded that the presented resilience strategies enhance the fault tolerance of data pipelines to a great extent.
Observability and validation, as well as self-healing, were vital in:
¢ Reducing the time to mitigate faults using failure prediction and responding with the help of the patterns.
e [t is organized to maintain the data’s integrity and to avoid the creation of duplicate records or the corruption of data, even
under situations of potential high failure.
e Scalability since it provides for maximum and effortless scalability of the pipeline without significant compromise in
terms of performance.

5.4.1. Challenges Observed
e It is worth noting that in some other cases, schema modification was performed manually, while automatic adaptation did
not work.
e This made processing latency an issue during extremely high workloads due to resource scaling.
e Observability overhead, to a certain extent, came with a cost of higher consumption of compute resources due to the
logging and monitoring that was ongoing all the time.

5.4.2. Future Improvements
¢ Including adaptive machine learning models in failure detection for predictive purposes is possible.
e  Sub-policies to avoid unnecessary low levels of resource auto-scaling.
e Statistical anomaly detection and structural validation, where a part of the data is validated using the traditional methods
of schema validation.

It is further established that it is possible to achieve high availability, data integrity, and performance stability of a data
pipeline when complex and inevitable failures are present by deploying fault-tolerant architectures, namely observability and
recovery automation. The proposed methodology ensures it can work in large-scale real-time data pipelines for various industry
sectors such as 10T, finance, health care and e-commerce. If implemented using automated monitoring, self-healing architectures,
and robust validation, an organization will have a strong data engineering resilience plan to recover its processes from disruption.

6. Conclusion

Several reasons explain why it is critical to establish solid data pipelines for organizations requiring real-time data processing.
Whenever there is a large volume of data or even increasing data complexity, the structural instability or availability of resources
will lead to failures such as network outages or a change in the schema. Yet, with observability, structured processing, the
development of correct data validation mechanisms, and self-healing architectures, data engineers can build pipelines that
systematically detect or even prevent and self-remedy most of the issues that may occur with little to no disruptions. This paper
shows that these fault-tolerant approaches substantially enhance the recovery time while preserving data and maximizing the
system’s capacity to provide a consistent, high-performance environment for data management. Based on the empirical data
analyzed in this paper, it is possible to emphasize that these techniques function effectively in specific working conditions.
Hoshinplan also outlined the significance of such approaches as automated retries, idempotency, and the implementation of
immutable data storage to avoid data loss and inconsistency. There was a failure during the early moments, which was detected by
the observability mechanisms, and dynamic resource allocation maintained the performance in the system airtight in the face of a
high workload. If implemented, these strategies will assist organizations in having a better and performing data pipeline, less
operational disruption, and better decision-making. Future research and the evolution of technologies will improve these methods
or make the data pipeline even more self-directing and less vulnerable to various infrastructural failures.

6.1. Future Work

Despite the gain in pipeline fault tolerance through the proposed techniques, much more can be done on the predictive failure
detection strategies, schema automation, and scalability at a lower cost. Further research is required to combine the machine
learning approaches for anomaly detection to avoid failure in the actual system by predicting the likely occurrence of such failure.
Again, adaptive schema evolution models can be created to address dynamic structures without requiring a change to be made
manually. Lastly, improving the resource allocation approach in cloud-native scenarios will ensure a balance between cost and
utilization. These will go a long way in enhancing the robustness, flexibility and performance of the contemporary data engineering
paradigms across various sectors of the economy.
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