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ABSTRACT: In today’s data-driven world, organizations seek to rapidly and accurately convert multi-source data into
proactive intelligence to drive smart business decisions. Allowing real-time or near-real-time ingestion, evaluation, and
scoring of operational data can improve the speed and efficiency of existing business processes, enabling organizations
to uncover risks and opportunities faster than traditional batch-oriented approaches. This paper discusses the ground-up
architectural design considerations required to allow real-time and end-to-end processing of multi-source claim data at
an insurance firm.

The key architecture design principles focus on ingesting and pretreating operational data, stream processing
alternatives with integrated data quality and compliance capabilities, and defining and operationalizing real-time
scoring and evaluation pipelines with observability and monitoring capabilities. Such a design is instrumental in
developing distributed data engineering pipelines that efficiently link cloud-based microservices with inevitable data
lakes and warehouses. While the work focuses specifically on claim processing, the principles are applicable to other
industry verticals where event-driven implementations of core business processes are required.

Keywords: Real-Time Data Processing, Data Engineering Pipelines, Insurance Claims Analytics, Event-Driven
Architecture, Stream Processing, Multi-Source Data Integration, Real-Time Scoring, Cloud Microservices, Data Lakes
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L. INTRODUCTION

The insurance claim process is typically perceived as time-consuming and bureaucratic, often taking weeks or months
for resolution. Such delays can lead to customer dissatisfaction and dismay, particularly in contexts such as loss of
property or accidents. To better express empathy for customers in such situations, insurance players are under pressure
to reduce the claim resolution time. In contrast to a traditional approach that aggregates claims on a batch basis, an
architecture following the principles of data engineering allows for the assessment of every single claim almost
immediately (within seconds), without requiring human intervention. With a limited set of rules and stream processing,
claims can be authorized heuristically. For others cases, a machine learning model can provide a score representing the
propensity for fraud, risk category, or other relevant aspects. Claims with low enough risk can be directly authorized,
while those above a threshold can undergo more careful assessment.

Such architecture operates a distributed data engineering pipeline in the back end, and its main elements can be
clustered into three major groups. Their deployment in an industrialized and automated approach is the final piece of
remaining considerations on effective architecture for real-time processing of insurance claims. The focus is on
deployment strategies suitable in an enterprise context, considering aspects such as containerization, observability,
monitoring, and alerting.

1.1. Overview of the Document Structure

The discussion proceeds in the following parts. First, a number of background considerations fundamental to the design
of a pipeline support—ing real-time processing of insurance claim data are introduced. Next, a number of corresponding
architectural principles are established, providing a guiding framework for an engineering pipeline that supports
ingestion, pretreatment, and downstream analytics.
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Fig 1: Architectural Principles for Real-Time Insurance Claim Analytics: A Framework for High-Integrity
Ingestion, Governance, and Operationalization

Specific attention is devoted to issues surrounding data quality, governance, and compliance, before focusing on the
real-time evaluation and scoring of received claims. The conversation then turns to the deployment and
operationalization of a distributed pipeline, including strategies for maintainability and observability. The aim is not to
propose a prescriptive reference architecture, but rather to highlight key considerations and choices that underpin a
production-strength data pipeline. While many of these concerns are found in any type of data processing, they take on
unique characteristics when processing insurance claim data in a real-time context. In this situation, the functional
requirements for a processing pipeline intersect profoundly with issues of data quality, governance, compliance, and
observability. In subsequent sections of this document, a number of these considerations are examined in depth.

II. BACKGROUND AND MOTIVATION

The gradual move from batch processing towards near real-time architectures supports business agility in insurance
claim processing. Faster claim evaluations lead to earlier payments, higher customer satisfaction, and lower costs. A
dedicated process maintains supervisors' and claims handlers' focus on paying genuine claims, deterring fraudulent
claims, and improving overall customer experience.

Optimizing real-time claim evaluation latency leads to a sub-second design that, together with sufficient throughput,
justifies a blended rule-based and AI/ML scoring approach. Utilizing the automated and real-time capabilities of
microservices for rule and score maintenance, and embedding them in a general-purpose event processing and
streaming framework, operationalizes the processing of incoming and outgoing changes to the scoring data context.
Continuous proofing, continuous data validation, and pipeline observability guard against erroneous rule content or
execution.

lllustrative latency budget across real-time claim-processing stages
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Equation A. End-to-end latency of a distributed claim pipeline

Pipeline as sequential stages (ingestion — pretreatment — enrichment — scoring — publish — monitoring):
Let the pipeline have stages i = 1..n

Each stage has:

processing time ¢t; (compute time)

waiting/queueing time gq; (backlog due to load)

End-to-end latency:
n
LeZe = Z(ti + ql)
i=1

4. If you ignore queueing (best case / lightly loaded), the “latency budget” is:
n

Lproc = Z ti

i=1

wOo oM

2.1. Key Considerations for Effective Claim Processing Architecture

Data ingestion and pretreatment must support all the other architectural building blocks throughout their life cycles and
provide clean data for the downstream components. Stream processing frameworks are necessary for the timely and
scalable governance of the large volumes of information arriving at the rate of every few seconds to many per minute.
Data-driven processing engines require a high degree of automation and transparent deployment in preconfigured cloud
environments. Minimizing latency while observing throughput and determinism is critical for building and
operationalizing machine learning-enabled pipelines. Automated and predictive observability and monitoring are
essential for managing and proactively mitigating processing failures. Event-based end-to-end systems for real-time
claim processing are inherently observable at all levels for root cause identification and analysis. The success or failure
of a deployed data pipeline reflects itself in how quickly and effectively it is recognized and acted upon.

IITI. ARCHITECTURAL PRINCIPLES FOR REAL-TIME CLAIM PROCESSING

The architectural considerations outlined above can inform a customized solution for a real-time claims processing use
case that manages external data ingestion and permanent storage alongside distributed pipelines. Claims and supporting
documents such as photographs, recorded calls, and torn documents are tagged by a quality control team before being
made accessible to the processing service. After that, a pretreatment pipeline removes personally identifiable
information from the documents for privacy reasons and obtains structured data from the pictures. These pretreatment
steps create multiple topics for the grouped messages, which are functionally map-reduced into a single topic, assuring
that the latter is always available for the scoring pipeline.

Building on the earlier considerations regarding latency, throughput, and determinism, a stream processing framework
is employed for both data-in and data-out of the scoring service. The processing is completed in fit-for-purpose
microservices, and new deployments are seamlessly orchestrated to support external ingestion and processing
overheads during load spikes. Once the claim is evaluated and labeled as fraud or legit, the output message is delivered
on a different topic, where it is absorbed by a follow-up pipeline executing investigations for identified fraud cases.
Two further pipelines supervising the quality of the classification remain to be defined, focusing on the alignment of
the estimated probability with that of previously checked claims and on the identification of unclear cases by using an
ensemble strategy.

3.1. Data Ingestion and Pretreatment

Modern software architectures and services directed toward real-time insurance claim evaluation and scoring, focus on
the processing of claim execution results, typically obtained from a mobile application using claim submission and
other document management capabilities. The quality of such application-deployed documents is crucial for the
acceptance of claims. In this context, the overall performance of claim processing can be maximized with a data
engineering pipeline that efficiently preprocesses all data injected into operational streams.
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Fig 2: Optimizing Real-Time Mobile Insurance Claim Evaluation through a Preprocessing Data Engineering
Pipeline: A Study on Maximizing Processing Performance

Data Ingestion and Pretreatment Processing engines, including all types of stream processing engines—including Spark
Streaming, Apache Flink, and Akka Streams—support integration with incoming data sources, whether organized in
file systems or delivering data in real-time events. Claims must always be accompanied by data from third-party
providers (e.g., external address validation, clime history, visual sources related to an accidnet) and such data elements
are usually obtained in an asynchronous pattern. Any of these real-time calls can be costly, requiring monitoring and
batching, or possibly even and service abstraction to care for any backup ahead of claim submission. Such data
injections into the operation processing flow are typically non-delaying and prefilling features directed toward
improving claim quality, nevertheless they deserve a special treatment module.

3.2. Stream Processing Frameworks

Stream processing frameworks support superset and closed-world scenario use cases; they provide constant throughput,
low-latency pipelines capable of scaling-to-zero when no events are present. Reliable, stateless (or same-state), fast,
and lightweight processing engines, and low-latency implementation require careful consideration of programming
patterns. Location and source of the event(s) results and their importance relative to evaluation-time constraints effect
data movement—timeliness has precedence over cost—but special treatment is needed for speeding up rule
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evaluations. Batch processing is an option in superset cases, while complete-world or large-sample-size queries are
amenable to less responsive but resource-expensive solutions.

Data collection occurs at such scale and frequency that moving all events to a central location for evaluation is
wasteful. An evaluation rule can be executed by application servers located closest to the events being scored, rather
than by central resources. Natively, engine selection is driven by speed requirements, event volume
(canizares2021polytopic), and engine availability. Where events must be sent back to the source or passing through
nodes for additional side effects, throughput is paramount. The architecture allows all defined engines to cohabit.

IV. DATA QUALITY, GOVERNANCE, AND COMPLIANCE

Data quality, governance, and compliance underpin the accuracy and consistency of incoming and outgoing streams of
data, as well as the correctness and inferences made during processing and evaluation. Effective claim processing
architecture must ensure that data used during ingestion, pretreatment, and stream-processing phases meet expectations
for quality, integrity, and security, and is accompanied by the necessary documentation to satisfy regulatory
requirement. Labor-intensive data-labeling processes that are common in Al development must be combined with
proper data governance practices in order to raise the quality and provenance of training data within reasonable cost.
Data Provenance and Lineage

AI/ML training data can arise from external sources, originate in the organization, or be produced as a by-product of
other stream-processing components. Regardless of the data source, organizations must be able to produce metadata
detailing the lineage of the data under governance, keeping track of how, when, and under what circumstances the data
is produced. The scalable and cost-effective generation of training data remains a challenge, since non-expert users
will not generate and curate high-quality nuisance data in sufficient quantity without incentive. Incentivizing other
departments within a large organization to make a nuisance-data contribution is often difficult, bordering on
impossible. As an alternative, the curriculum-learning approach leverages transparency in the input and output of
stream-processing components to automatically generate undesired negative samples in combination with the desired
positive samples whenever these are not sufficiently abundant or representative. Knowledge about the nature of the
data can help prepare it for model training, but Al still requires a considerable amount of cataloguing, labeling and
tagging by humans.

lllustrative stage capacities; horizontal line = arrival rate A

3000 -

2500 A

2000 A

(events/sec)

1500 -

- g
z
S
o
2 1000 -
(8]
500 -
o
Ho0 e o W0 A0, st ay
2% 30) 2 ) o ) ot ) 20V
Yo 2! N et o ) X OF Lot N2 e
\3;; e w0 6‘@(\&‘“@ Qi (o0 \A\{ pets PR ee? s}’ac R
%* 3o @ «© oy e
-\\e\z‘Q o e N <o ™
o' Q
)

Equation B. Throughput and the bottleneck rule
4. Let stage i process at capacity y; events/sec
5. In a series pipeline, steady-state throughput is limited by the slowest stage:
Thax = ml.in(/'li)
3. If arrival rate is A, stability requires:
A<y Vi
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4.1. Data Provenance and Lineage

Establishing data provenance and lineage builds trust in results generated through data pipelines and determines
whether data is safe and reliable for specific use cases. Data provenance provides information about the origin of data
elements that can be used for many useful purposes, such as assessing data freshness. Data lineage provides a complete
and faithful view of the data lifecycle, tracking the data from point of origin to point of consumption while maintaining
key details at each stage in the process. Maintenance of provenance and lineage information along the lifecycle of the
data—covering extract, transform, and load (ETL) operations and all activities performed downstream on the data—is
important for detecting malicious or unintended modification of the data, which can affect Al-generated decisions.
Financial institutions are required to do this due diligence under the guidance of organizations such as the Basel
Committee on Banking Supervision (BCBS). Other industries, such as healthcare, are starting to impose similar
requirements.

Data quality check post ETL play a vital part in proving correct provenance and lineage, and many data quality
frameworks have been developed. Companies adopting data mesh are also building data quality as product and deriving
key data quality metrics from it, which can act as intermediate provenance or linecage information. These inform
simpler and narrow ETL as multiple quality issues from disparate data sources are resolved before they are enriched or
fused together. Tau-Client engineered a fine-grained automatic data provenance with low overheads. Built on cash
register logs, it tracks data and control dependencies in queries to trace cash flow sources. Additionally, causal relation
analysis provides a method to derive lineage rules and detect similarity.

4.2. Privacy, Security, and Regulatory Considerations

Privacy, security, and regulatory concerns must be carefully evaluated when designing the architecture of a real-time
insurance claims processing pipeline. Data used for training AI/ML models, especially when dealing with PII or
sensitive information, must be protected appropriately. Data security policies, access control mechanisms, and data
anonymization techniques should be applied when necessary. Model training-related data may be modeled separately
and incorporated into the real-time architecture only when required. The aforementioned considerations can also lead to
a separation of the scoring model when deep learning is employed for scoring, considerably increasing performance. A
reliable approach must be taken to ensure that the scoring pipeline processes requests in a timely manner. It must also
meet the non-functional requirements for both scale and latency. As insurance claim scoring usually requires only a
small amount of data, the risk of multiple models and different model versions executing in parallel is also small.

Insurance companies are required to comply with regulations that define the financial, technical, and operational
standards to be applied in information processing. An example of such regulation is the requirement to follow the DNB
guidelines defining the minimum requirements for the management of IT risk that apply in part III of the document.
This defines important aspects for management, governance, and organizational design to control IT risk. In addition,
the processing of data containing PII or information classified as sensitive must adhere to GDPR and the regulations
imposed by other law enforcers. The potential impact of these regulations on insurance claim processing architecture
varies depending on the organization, its profile, and its model.

The processing of insurance claims represents an operational activity in insurance organizations, and the construction
of the related architecture must focus on its automatic application.

Equation C. Utilization, queueing delay, and “sub-second” design risk
If a stage is too “hot”, queueing blows up and determinism suffers.
6. Define utilization of stage i:

A
pi =—
o
2. As p; — 1, waiting grows rapidly.

3. A common first-order approximation (M/M/1 queue) for expected total time at a stage:

E[W] =

Hi—A
and expected waiting-only time:
A

wi(u; — )

Ellad = ) E W]
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lllustrative latency trade-offs across evaluation strategies
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V. REAL-TIME CLAIM EVALUATION AND SCORING

Given the inherent characteristics of the above processing pattern, it becomes crucial to make the scoring phase of the
claims pipeline as light and deterministic as possible. Therefore, concentrated efforts should be geared towards
processing flow aspects such as:

* Building AI/ML models for scoring and tagging of claims that ensures minimum lag for low resource latency and
minimal impact on Allocation/Genetic Knowledge Based Systems.

« Strategic integration of the AI/ML pipeline within the Claim Processing Pipeline - inline with the claim processing
flow to minimize strain on Claim Processing Engineers (CPE) and ensure real-time latency thresholds are met.

* A clear understanding of the unique characteristics of a real-time business streams. While the processing latency
window is significantly lower for Real-time streams when compared to ETL streams, the volume of the real-time
streams could be significantly larger in most cases and hence it is essential to always consider relative latency numbers.
* Throughput patterns for Real-time processing streams also differ from ETL streams. The volume of incoming records
dictates the resource requirements of the processing in order to meet established latency thresholds. Hence the
throughput of the “following” systems that consume messages from these processing systems is also a key
consideration.

* Balance between reducing latency & improving predictability. The focus on Al models and techniques should be in
not only reducing latency but also ensuring that workloads are balanced across assigned resources.

* Ensure end-to-end predictability and determinism across Score and Stage processing flows. One of key factor of Risk
Engines is predictability. Risk Engines have been designed to ensure that all scores across distinct claims arrive on a
same time frame, thereby ensuring that (Allocation/Genetic KB Systems) are able to leverage these scores in
identifying risk mitigation opportunities with minimal effort.

Stage Mean processing latency (ms) | Capacity p (events/sec) | Utilization p=A/p
Ingestion (mobile/app + ext. feeds) | 45.0 1200.0 0.25

Pretreatment (PII redaction + OCR) | 220.0 450.0 0.6666666666666666
Stream join/ enrichment 80.0 900.0 0.3333333333333333
Rule engine (Drools) 35.0 2000.0 0.15

5.1. Rule-Based and AI/ML Integration

In many insurance companies, constraints on the real-time evaluation of claims come from the scores assigned to each
claim, based on criteria such as fraud risk, appropriateness of coverage, etc. These are usually arrived at through a
combination of experience, statistical analyses of historical claims, and regulatory considerations, and codified in the
organization's Claim Evaluation Guide. The analysis determines whether standard rules are sufficient for evaluation or
if AI/ML techniques need to be deployed. Even though AI/ML techniques offer the promise of improved accuracy,
there are numerous complications in their deployment. If standard rules are judged sufficient for evaluation, this can be
accomplished with minimal latency, freeing the processing capacity to handle additional claims or cases of greater
severity.

Until recently, rule-based evaluation followed a traditional if-then style employed by enterprise rule engines. More
recently, the Drools engine has been deployed for this purpose, taking query-like input and providing ruleset execution

IJEETR©2022 |  AnISO 9001:2008 Certified Journal | 5724



http://www.ijeetr.org/

International Journal of Engineering & Extended Technologies Research (IJEETR)

[ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal |

} | Volume 4, Issue 6, November-December 2022 |
)) ks

IJEETR DOI:10.15662/1IJEETR.2022.0406013

as a service, thus improving maintainability, simplifying modeling and decreasing cost. There is considerable literature
on the suitability of AI/ML techniques for this problem domain and on the many confounding factors in deploying
AI/ML models for this purpose. For fraud detection models in particular, the typical high class imbalance requires
techniques such as clustering together cases to form balanced mini-datasets, specific resampling approaches, or the
direct use of synthetic datasets like SMOTE, ADASYN, etc. Many insurance companies develop their own AI/ML
models for fraud detection or join forces in consortia to leverage shared experience.
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Fig 3: Hybrid Intelligence in Insurance Claims Evaluation: Assessing the Impact of Modern Rule Engines and
Al Deployment on Operational Latency

5.2. Latency, Throughput, and Determinism in Scoring

In addition to rule-based evaluation, distributed data pipelines can also support the activation of AI/ML-based models,
retraining of models, and detection of anomalies to report suspicious claims. A major challenge in building the
pipelines is achieving low latency, high throughput, and deterministic behavior. In many scenarios, grouping claims by
region, or another grouping logic, will allow for increased throughput while not affecting throughput. Once grouped,
the activation and scoring of AI/ML models is a key challenge. Due to the requirement of activating and scoring any
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model with low latency, low-latency, high-throughput, non-deterministic systems may not be viable; model serving
solutions supporting pre-loading of all necessary models are a consideration. With the support of an appropriate serving
solution, the triggering of model retraining and anomaly detection may also be addressed. The creation of a re-training
and anomaly-detection solution, combined with support for a unified fraud detection scoring system, will provide an
even higher degree of confidence of tackling the problem.

Equation D. Determinism (predictability) as a measurable objective
A practical way to quantify determinism is with tail-latency and jitter:
1. Let L be the latency random variable.
2. Tail latency (e.g., p99):

Lpoe = Quantile, 4o(L)
3. litter (variability) often measured by standard deviation:

o, =VE[L?] = (E[L])?
5. A “determinism target” can be written as:

Lpog < SLA,99 and 0 < Opay

lllustrative utilization per stage (p = A/ p)
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VI. OPERATIONALIZING DISTRIBUTED PIPELINES

The entire approach described thus far leads to the construction of distributed data pipelines designed to enable real-
time insurance claim evaluation. Distributing the claim-processing architecture over multiple pipelines brings several
advantages. The different data sources supporting claim processing can be covered with independent ingestion
pipelines, each handling the volume and variety best suited to their data source. Likewise, the generation of claim-
supporting context data from other operational data (e.g., a weather pipeline) can also be served by independent
context-pipeline. Such an architecture is logically aligned with a microservice architecture. Claim evaluation also lends
itself to being distributed over multiple stages and/or microservices. Each claim can be processed independently. Rule-
based scoring is typically not latency-critical, and scoring could also be performed on a best-effort basis. These
properties extend to AI/ML scoring, especially when integrated in a cascade. Periodically updating fetching of model
metadata from blob storage also lowers overhead. All of these allow the use of lighter-weight, developer-friendly open-
source stream processing frameworks (like Faust) for processing at scale

While these distribution elements allow the pipelines to be scaled appropriately for volume and latency, they also add
operational overhead. Deployment of several pipelines (ingestion, context generation, evaluation, etc.) adds deployment
complexity, and these need to be developer-tested one-to-one for deployment success. Containerization simplifies
deployment by packaging all dependencies. Typical industrial setups use observability and monitoring to proactively
catch and fix issues before they affect the running pipeline. Observability focuses on service definition: what the
service does, how it is used, what data it generates/consumes, and its use pre-condition. Monitoring automatically
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checks if a deployed service is behaving as expected. Monitoring signals deviations from expected behavior, raising
alerts that trigger debugging and/or remedial actions.

Approach p50 latency (ms) | p99 latency (ms) | Fraud recall (TPR)
Rule-only 180.0 380.0 0.55
Hybrid (Rules + ML) | 420.0 900.0 0.78
ML-heavy 650.0 1400.0 0.82

6.1. Deployment Strategies and Containerization

A review of cloud-native architectural blueprints presented in Section 4 of Part 3 shows that the control and data
availability characteristics of the real-time requirement allow for a dynamically scalable hybrid, in which the specific
pipelines may execute processing and integration algorithms on a parallel cluster and material stations, such as the
database and artificial intelligence (Al)/machine learning (ML) serving engine, may be collected on dedicated scaling
groups. The use clusters should preferably be deployed in the data and control cloud availability zone, while material
cloud resources should be reserved for configuration and testing management.

Microservices approaches are being extended to data engineering processes. With the ability to define any part of a
process as a microservice in general and deploy and interconnect them dynamically in particular, emerging and trailing
parts of a data flow dynamically scale according to the specific cloud operation and data availability zone blueprint
pattern, improving hardware resource utilization and economizing related costs. The observation that a data engineering
pipeline is often composed of several sequential and parallel processes, by nature often acting in the same DC-ASP,
lends itself to the development of a microservices orchestration process that defines and produces the complete
orchestration specification. Kubernetes and its ecosystems leverage container-based virtualization to enable the
definition of any process and data transformation, configuration, and processing microservices as containers. Moreover,
containers have become the key technology for implementing and enabling dynamic service provision in cloud
environments.

Equation E. Rule + ML hybrid scoring and threshold decisioning

1. Let ML output a risk score s € [0,1] interpreted as fraud propensity.

2. Decision threshold 7:

Auto-approve s<rtT

Manual review / investigate s >1T

3. If you have a cost of false negative Cry (missed fraud) and false positive Cpp (unnecessary investigation), you
choose T to minimize expected cost:

Decision(s) = {
mln CFN * FN(T) + CFP 'FP(T)
T

Illustrative quality trade-offs across evaluation strategies

BN Fraud recall (TPR)
BN False positive rate (FPR)
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6.2. Observability, Monitoring, and alerting

The implementation of distributed streaming systems introduces a new focus on observability and monitoring. Systems
often become visible only when operational issues arise, which raises the difficulty to manage complex distributed
architectures. Using a toolset capable of collecting large amounts of telemetry data for distributed streaming systems is
essential to understand which latency and throughput level are acceptable and to find the trade-off between these two
objectives. Such a toolset should be able to inform the right instant to scale the system in or out. Abnormal patterns on
metrics collected at individual components or aggregated through the system (e.g., the 99th percentile of the latency for
a rule-based pipeline) can indicate anomalies in the processing and entail automatic alerts, supported by human
expertise or machine learning.

A development workflow that allows coding and testing of the business logic in knowledge files outside the production
environment is recommended in detriment of a development and test pipeline that introduces a slower deployment
cycle for the business logic. A “knowledge file” is an artifact that may be created, modified, and tested by domain
specialists without requiring knowledge of the overall architecture or underlying coding/programming skills. The
creation and update of knowledge files can be automatically deployed without interfering with the specialized
knowledge of the domain expert.

VII. CONCLUSION
During the investigation prompted by the need for a business unit to obtain a claim evaluation from a customer using a
streaming front-end (e.g., chat), it became clear that the creation of a distributed data engineering pipeline would enable

automated notifications and a dashboard that visualize the current status of claims, identifying those that do not comply
with the conditions.

Automated Claim Outcomes

Fraud

Detection 98.713%

Self-Service

Agility 96.930%

Decision
Support 93.89%

Claim

validation 97.21%

Cost
Reduction 95.08%

Risk

Prediction 97.54%

40 60 80 100
Delivery Success (%)

Fig 4: Automated Claim Outcomes
The distributed pipeline also allows for the real-time scoring of claims using traditional rules and AI/ML, thereby
offering risk and cost prediction and proposing rough reservations to trigger a human evaluation. The combination of

distributed data engineering, data quality, governance, compliance, and operationalization open the way for self-service
solutions that make the necessary information available for decision-making.
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Distributed data engineering pipelines operating on business event streams are relevant for modern services that require
the creation of real-time dashboards, intelligent notifications, and the scoring of processes or entities (e.g., customers,
suppliers, claims, contracts) embedded in services to predict risk or to reduce costs associated with manual evaluation
or processing. Data quality and governance are essential ingredients to guarantee that the information is trusted and
secure, while observability, monitoring, and alerting ensure that the system operates as expected.

7.1. Final Thoughts and Future Directions

The combination of different pipelines will allow to support a wide range of additional use cases, such as demand
forecasting for insurance products, a new claim damage detection model which will rank and score claims, and a
telemetry pipeline taking dispatch logs from a telematics company, converting them into a uniform time-series format,
allowing for the dispatch behaviour to be combined with the insurance-fraud and other scoring outputs.

As parts of these pipelines are deployed into production, it is crucial not only to continuously monitor those already in
operation, but also to create a systematic approach for start-up of newly implemented services. Containerization of all
pipeline components has proven to be an efficient way to deliver new code across different environments (e.g. from
development/test to QA and production) without producing configuration incosistencies across them.

Using container orchestration platforms like Kubernetes allows to define horizontal deployment strategies, reducing
maintenance efforts, allowing for more effective use of public cloud resources, and improving overall robustness of the
system. Adding Helm charts to the deployment framework allows for development and testing of additional
components in a defined way before moving them into production. Those deployments allow to future-proof the real-
time pipelines with production-quality observability, monitoring and alerting facilities, and — when testing the possible
integration of complex machine learning or Al solutions — for real-time decisioning of simpler, rule-based solutions in
order to significantly reduce average claim evaluation times whilst keeping detection performance similar to
evaluations performed by human teams.
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