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Abstract: Enterprise platforms in domains such as digital payments, supply chains, and customer engagement increasingly 

leverage event-driven architectures to achieve real-time data propagation, service decoupling, and horizontal scalability. 

Apache Kafka has emerged as a foundational element to build high-throughput, fault-tolerant messaging systems that can 

sustain event streams across distributed architectures. Kafka-based systems require discipline across delivery semantics, 

partitioning, consumer group coordination, back pressure, and schema evolution. Exactly-once semantics are achieved 

through idempotent producers and transactional APIs to avoid duplicate processing with throughput that is sufficient for 

production workloads at enterprise scale. Partition keys that match business rules help keep the order of transactions, while 

adjusting the number of consumers based on lag and controlling producer access help maintain system stability during 

different load levels. Schema compatibility enforcement via registry-driven governance keeps producers from accidentally 

publishing incompatible breaking changes to production topics. Together, these architectural and operational principles 

provide the durability, correctness, and resilience required from enterprise-grade event processing in the modern system of 

record when building Kafka-based platforms. 
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1. Introduction to Event-Driven Architectures in 

Enterprise Systems 

Enterprise platforms today use digital payments, 

mobility, e-commerce, customer engagement, and 

other applications that need to move away from 

synchronous service-to-service interactions to 

support real-time information propagation, service 

decoupling, horizontal scaling, and fault isolation 

in an end-to-end distributed system. Event-driven 

architecture (EDA) connects independent services 

with a loose coupling, where services are triggered 

by events and are independently deployable, 

changeable, scalable, and fail independently from 

the rest of the system. 

Apache Kafka has become a de facto infrastructure 

layer for this architecture as a distributed commit 

log with high throughput and the ability to provide 

durable, replayable streams of events for 

enterprise-scale data pipelines. Kafka's partitioned 

log structure interacts with its consumer group 

model and replication protocol to allow Kafka to 

continue to scale to millions of events per second, 

even across large geographic distances. A variety 

of engineering challenges exist as Kafka is used at 

an enterprise scale. These include delivery 

guarantees, ordering semantics between partitions, 

back-pressure during peak loads, and maintaining 

consumption progress during broker or network 

failures. 

As Narkhede et al. [1] say, the core philosophy of 

Kafka is that the event log is the source of truth, 

and building for throughput and fault tolerance 

around that concept. This leads to a fundamentally 

different model of reasoning about reliability. 

Producers, brokers, and consumers must coordinate 

to achieve Kafka's correctness guarantees. In the 

model with topic partitioning, it is necessary to 

map transaction-level invariants provided by the 

transaction model to per-partition ordering in order 

to achieve the desired guarantees․ 

Kleppmann [2] extends this to distributed data 

systems in general, where exactly-once, 

idempotent, and logs-as-replay state transitions are 

not just theoretical problems faced by systems 

receiving unbounded streams of events but also 

have well-understood and well-defined operational 

or regulatory impacts on enterprises processing 

financial transaction pipelines, order fulfillment 

systems, and customer notifications. These can be 
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solved by designing correct architecture and tuning 

the Kafka configuration parameters, as well as 

following operational discipline; this can lead to a 

fault-tolerant and maintainable infrastructure․ 

 

2. Fundamentals of Event-Driven Transaction 

Processing with Kafka 

In an event-driven architecture, business 

transactions are represented as discrete, immutable 

events that describe state transitions rather than 

direct updates or database calls. Kafka supports this 

model by providing a distributed, append-only 

commit log in which producers write events to 

topic partitions. Each event is assigned a 

monotonically increasing offset within its partition, 

establishing a strict order of events for that 

partition. 

Because producers and consumers operate 

independently, Kafka enables temporal decoupling 

between event generation and event processing. 

This decoupling allows producers to continue 

publishing events even when consumers are 

temporarily unavailable or operating at different 

speeds. Such characteristics make Kafka suitable 

for high-throughput enterprise workloads including 

payment processing, inventory updates, logistics 

tracking, and customer interaction pipelines, where 

the correctness and durability of event ordering 

directly affect downstream computation. 

Kafka topics are immutable logs that allow events 

to be replayed by consumers from the beginning of 

the log or from any previously committed offset. 

Horizontal scalability is achieved through 

partitioning, where each topic is divided into a 

fixed number of partitions that can be consumed in 

parallel. While each partition can only be read by 

one consumer within a consumer group at a time, 

multiple partitions allow concurrent consumption 

across consumers. Event retention is controlled 

through configurable time-based and size-based 

policies, enabling Kafka to function both as a 

streaming transport and as a long-term event store. 

In production environments, it is common for 

retained topics to reach hundreds of terabytes, with 

multi-node clusters sustaining gigabyte-per-second 

throughput even after accounting for replication 

overhead [3]. 

A key challenge in event-driven transaction 

processing is maintaining correctness in the 

presence of duplicate message delivery or out-of-

order processing across partitions. Kafka provides 

at-least-once delivery by default, which can lead to 

duplicate consumption during failures or 

rebalances. As observed by Stopford [3], Kafka 

transactions can guarantee atomic writes across 

partitions, but transactional overhead becomes 

significant at scale. Empirical measurements show 

that writing 1 KB messages with transactional 

guarantees incurs approximately 3% overhead, 

while exactly-once processing with Kafka Streams 

introduces overhead in the range of 15–30%, 

depending on configuration and workload 

characteristics. 

To maintain correctness under these conditions, 

consumers are typically designed to be idempotent, 

ensuring that reprocessing events does not change 

the eventual system state. This property is essential 

during restarts, consumer group rebalances, or 

offset resets. Harris and Bennett [4] further 

highlight that throughput can be increased by 

carefully selecting partition keys—such as 

customer ID, order ID, or region—and by batching 

events so that multiple records are processed per 

commit interval. For financial workflows, storing a 

globally unique transaction identifier within the 

event schema enables idempotent writes to 

downstream systems and simplifies recovery logic. 

Applied consistently at the producer–consumer 

boundary, these design principles allow Kafka-

based systems to achieve enterprise-grade 

correctness, durability, and scalability while 

sustaining high transaction volumes under failure 

and recovery scenarios. 

 

Delivery Semantic Commit Interval Message Size Throughput Overhead (%) 

Exactly-once 

(transactional) 
100 ms 1 KB 3 

Exactly-once (Kafka 

Streams) 
100 ms Small (<1 KB) 22.5 (midpoint of 15–30) 

Table 1: Kafka Transaction Processing Overhead by Delivery Semantic and Commit Configuration [3, 4] 
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3. Reliability Guarantees and Delivery 

Semantics in Kafka-Based Systems 

Reliability means brokers must not only be up and 

running but must guarantee the requested delivery 

semantics between producers, brokers and 

consumers are truly honored (for example, safety 

of guaranteed consumer offsets in the event of 

broker failures and recovery from partial broker 

failures). Kafka supports three such delivery 

guarantees: at-most-once, at-least-once, exactly-

once-each, with a trade-off amongst reduced 

performance, increased complexity and increased 

risk of data duplication or loss from the consumer's 

perspective․ 

At-most-once delivery guarantees the event will 

not be duplicated, but the event is lost in the event 

of a network partition or broker failure while the 

event is being delivered. In contrast, at-least-once 

delivery guarantees delivery but may result in 

duplicates when an acknowledgement of a 

successful write is lost at the producer. EOS is 

implemented via idempotent producers and a 

transactional API, as well as a producer ID and 

sequence number that are assigned and managed by 

the broker for each producer, so that every event is 

produced exactly once in the case of producer 

retries [6]․ 

According to Narkhede and Wang [5], the impact 

on producer throughput of exactly-once semantics 

is only 3% when compared to at-least-once in-order 

delivery and 20% when compared to at-most-once 

delivery with no ordering guarantees, assuming a 1 

KB message size and a 100 ms transaction timeout. 

For stream processing applications using the Kafka 

Streams API, the overhead of performing a commit 

interval of 100 milliseconds is between 15% and 

30%, depending on the message size. If the commit 

interval is 30 seconds and the event size is 1 KB or 

greater, there is no overhead when events belong to 

committed transactions. If a consumer wants to 

only read events that belong to committed 

transactions, it must set its isolation level to 

read_committed. Otherwise, consumers may read 

events from transactions that are aborted after they 

are read, causing phantom data in downstream 

systems․ 

From Ruiz's review of use patterns for Kafka in 

financial services, over 80% of Fortune 100 firms 

have Kafka as the primary streaming backend. ACI 

Worldwide reports that nearly 20% of electronic 

payments were real-time in 2023 and are predicted 

to increase to 25% by 2028. Consumer offset 

management failures, therefore, present an 

important operational risk to firms. If the consumer 

commits offsets before processing downstream 

data, and the consumer crashes after the commit 

but before processing succeeds, it will cause silent 

data loss. (One way to address this would be to 

commit after processing downstream rather than 

before, but this would involve complex situations.) 

In contrast, with idempotent downstream writes 

using the event's unique identifier as a 

deduplication key, both these failure modes can be 

solved, and exactly-once effective processing 

semantics can be safely built on top of the event 

processing framework․ 

 

 
Fig 1: Kafka Streams API Throughput Overhead by Message Size at a 100 ms Commit Interval Under 

Exactly-Once Semantics [5, 6] 
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4. Architectural Patterns for Partitioning and 

Consumer Group Design 

Kafka’s primary mechanism for achieving 

horizontal scalability, fault isolation, and ordering 

guarantees is partitioning. Kafka guarantees that 

events published to a partition are delivered to 

consumers in the same order in which they were 

written, making partition assignment a central 

architectural decision in any Kafka-based workflow 

that requires deterministic ordering and correctness 

guarantees. 

To preserve ordering semantics, the partitioning 

strategy must satisfy application-level invariants. 

When a domain identifier such as customer ID, 

account ID, or order ID is selected as the partition 

key, all events associated with that entity are routed 

to the same partition. This ensures that events are 

processed in causal order within the partition, 

which is essential for stateful operations such as 

account balance management, order lifecycle 

tracking, and session-based analytics [8]. 

Increasing the number of partitions improves 

throughput by allowing multiple consumer group 

members to process partitions independently. 

However, maximum consumer parallelism is 

bounded by the partition count; if a consumer 

group contains more members than partitions, 

excess consumers remain idle because Kafka 

enforces a one-consumer-per-partition model 

within a group [7]. Consequently, partition count 

must be sized based on expected throughput, 

consumer concurrency, and future growth. 

At enterprise scale, partition-based parallelism has 

been shown to enable massive throughput. For 

example, LinkedIn has reported producing tens of 

billions of messages per day using Kafka by 

leveraging high partition counts and linear scaling 

characteristics [8]. Because Kafka writes data 

sequentially to disk and relies on OS page cache, 

throughput scales primarily with cluster size rather 

than retained data volume, enabling stable 

performance even when topics retain large 

historical datasets [7]. 

Kafka production deployments typically configure 

a replication factor of three, ensuring that each 

partition is replicated across multiple brokers to 

tolerate broker failures without data loss. All 

records sharing the same partition key are written 

to the same partition and replicated consistently, 

preserving relative ordering across replicas. Topics 

are multi-producer and multi-consumer by design, 

and consumed records are not deleted upon 

consumption. Instead, retention is governed by 

topic-level policies based on time or size, allowing 

replayability for downstream consumers and 

recovery workflows [8]. 

For event streams with high traffic variability, 

partition assignment strategies that minimize 

rebalance frequency and distribute load evenly 

across brokers help reduce consumer latency spikes 

caused by partition reassignments. Because Kafka 

throughput is largely independent of total 

retained data size, architectural decisions should 

emphasize partition sizing, retention duration, and 

consumer lag tolerance rather than attempting to 

limit retained data volume [7], [8]. 

These architectural patterns enable Kafka-based 

platforms to maintain predictable latency, strong 

ordering guarantees, and linear scalability across 

large, distributed enterprise deployments. 

 

Configuration/Behavior Value/Guarantee 

Default replication factor 3 

Replicas per partition 3 

Ordering guarantee Per-partition, in write order 

Events deleted after consumption No 

Consumer parallelism limit Equal to partition count 

Throughput scaling with cluster size Linear 

Throughput variation with data size Constant (size-independent) 

Table 2: Kafka Production Configuration Parameters and Guarantees [7, 8] 

 

5. Back-Pressure Handling and Consumer Lag 

Management 

When using Kafka's decoupled producer-consumer 

model, producers are unaware of how quickly 

consumers consume records and can write records 

into topic partitions at a rate much higher than any 

downstream consumer, with no feedback reported 

back to the producer. The decoupled model allows 
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producers to remain available while the consumers' 

background is progressively slowing down during 

traffic spikes, load spikes, and downstream service 

disruptions. If this lag is not caught, it can lead to 

large backlogs of messages, slowing time-sensitive 

notifications, leading to stale data in real-time 

dashboards, and delaying processing of events 

within time-based service-level objectives․ 

Consumer lag is the primary metric used. 

Consumer lag is defined as the difference between 

the latest offset written to the partition and the last 

committed offset for a consumer group that is 

subscribed to that partition. The lag must be 

measured at the level of partitions instead of the 

broker's topic level because topic-level statistics 

may hide a serious imbalance if the lag is growing 

in only a few partitions. According to Khanjani [9], 

Kafka Streams can be used in real-time analytics 

use cases like producing transaction trends every 

ten minutes. Embedded state stores (like RocksDB) 

persist state with fault tolerance and automatic 

recovery. Stateful processing can then start from 

checkpointed positions instead of having to replay 

the backlog after failures of stateful stream 

consumers․ 

Per GeeksforGeeks [10], backpressure refers to 

situations where the consumers of data cannot 

consume the data at the same rate at which data is 

produced. Systems like Apache Kafka slow down 

the producers until the consumers catch up. Back-

pressure is based on a loop in which the receiver 

side of a communication channel measures the 

current load and capacity, sends a pull signal to the 

sender side, and the sender adjusts the output rate. 

Implementation strategies for load management 

include preconfigured thresholds for back-pressure, 

dynamically adjusting the size of temporary storage 

to avoid overflows, horizontally scaling by adding 

nodes or other instances to avoid saturating their 

individual components, and load balancing by 

distributing the traffic among the available 

components. 

Producer-level admission control, combined with 

lag-based alerting and consumer autoscaling, can 

be used as a defense-in-depth approach to 

backpressure. The Kafka client quota subsystem 

allows administrators to configure byte-rate and 

request-rate quotas at the broker level. Producers 

that exceed their quota receive throttled responses 

from the Kafka server. This prevents throttled 

producers from overwhelming the broker and 

impacting the throughput of other consumers in the 

cluster․ 

 

Strategy Mechanism Scope 

Preconfigured 

thresholds 
Trigger throttling signal when threshold is breached Producer 

Dynamic buffer 

adjustment 
Resize temporary storage to prevent overflow Broker/Consumer 

Horizontal scaling Add consumer nodes or instances to distribute load Consumer 

Load balancing Distribute traffic across available components Consumer/Cluster 

Byte-rate quota 

enforcement 

Broker throttles producers exceeding configured byte-rate 

limit 
Producer 

Request-rate quota 

enforcement 

Broker throttles producers exceeding configured request-

rate limit 
Producer 

Table 3: Back-Pressure Implementation Strategies in Kafka-Based Systems [9, 10] 

 

6. Operational Practices for Long-Term 

Platform Stability 

The long-term reliability of Kafka-based enterprise 

platforms depends as much on operational 

discipline as on architectural design. While Kafka’s 

replication protocol provides strong fault tolerance 

at the broker level, misconfiguration, unvalidated 

schema evolution, uncoordinated operational 

changes, or insufficient observability can still result 

in data loss, service degradation, or extended 

recovery times. Achieving sustained platform 

stability therefore requires rigorous operational 

practices that evolve alongside system scale. 

Although replication protects against broker 

failures, several early warning indicators 

commonly precede system instability. These 

include under-replicated partitions, shrinking in-

sync replica (ISR) sets, elevated request-handler 

idle ratios, network processor saturation, and 

prolonged JVM garbage collection pauses on 

broker hosts. Under-replicated partitions indicate 

that one or more replicas are lagging behind the 
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leader’s log, reducing fault tolerance and increasing 

the risk of data unavailability during broker 

failures. Similarly, frequent ISR shrinkage signals 

replica instability and often precedes leadership 

thrashing or client-facing latency spikes. 

Operational excellence requires continuous 

monitoring of these indicators and proactive 

remediation before failures propagate. Alerting 

thresholds must be tuned to distinguish transient 

fluctuations from sustained degradation, enabling 

operators to intervene early rather than reacting 

after service impact occurs. 

Schema governance is another critical operational 

discipline for Kafka-based platforms. Because 

Kafka topics often represent durable system-of-

record logs, incompatible schema changes can 

corrupt downstream consumers and require costly 

remediation. Schema Registry–based compatibility 

enforcement addresses this risk by validating 

schema evolution at write time. Compatibility 

policies are defined at the schema metadata level 

and enforce constraints such as backward, forward, 

or full compatibility. In backward-compatible 

mode, data written with newer schemas can be read 

by consumers using older schemas; in forward-

compatible mode, older data remains readable by 

newer consumers; and full compatibility enforces 

both constraints simultaneously. In practice, 

backward compatibility is commonly used for 

production systems due to its balance between 

safety and operational flexibility. 

At large scale, disciplined schema evolution 

enables continuous deployment without forcing 

coordinated consumer upgrades. Validation-level 

controls further restrict which schema versions may 

be used for writes, preventing accidental 

introduction of incompatible changes into 

production topics. 

Operational scale metrics from large production 

deployments illustrate the importance of these 

practices. At the time of reporting, Apache Kafka 

deployments at LinkedIn sustained ingestion rates 

exceeding hundreds of gigabytes per day across 

thousands of brokers and petabytes of retained 

data. Similarly, Kafka throughput benchmarks have 

demonstrated sustained producer throughput 

exceeding tens of thousands of messages per 

second per broker under realistic configurations, 

with consumer throughput scaling linearly through 

partitioning and consumer group parallelism. These 

results are achievable only when operational 

controls—monitoring, schema governance, 

capacity planning, and controlled scaling—are 

rigorously applied. 

Gradual scaling through controlled increases in 

partition counts and consumer parallelism allows 

platforms to grow throughput without violating 

ordering guarantees or correctness constraints in 

downstream stateful processing. When combined 

with proactive observability and disciplined 

operational workflows, these practices ensure that 

Kafka-based enterprise platforms remain stable, 

predictable, and resilient over long operational 

lifecycles. 

 

Conclusion 

Reliable event-driven enterprise systems built on 

Apache Kafka require both sound architectural 

design and disciplined operational practices. Kafka 

provides strong foundational primitives for scalable 

and fault-tolerant event processing, but achieving 

correctness, resilience, and predictable 

performance at scale depends on how these 

primitives are applied in real-world systems. 

Exact delivery guarantees such as exactly-once 

processing require precise configuration of 

producers, brokers, and consumers, along with 

strict adherence to transactional semantics. 

Partitioning strategies must align with business 

ordering requirements to preserve correctness 

across distributed workflows, while consumer 

group coordination must be carefully designed to 

balance throughput and consistency. 

Operational safeguards are equally critical. Back-

pressure handling mechanisms—such as lag-based 

autoscaling, dynamic buffering, and broker-level 

producer throttling—are necessary to prevent 

downstream overload caused by the natural 

decoupling of producers and consumers in Kafka-

based architectures. Without these controls, 

transient spikes or sustained load imbalances can 

propagate into system-wide instability. 

Schema governance and compatibility enforcement 

play a central role in enabling safe evolution of 

event contracts over time. Compatibility-aware 

schema registries allow producers and consumers 

to evolve independently while preserving backward 

and forward compatibility, reducing operational 

risk in large, distributed environments. Continuous 

monitoring of broker health indicators, replica 

synchronization states, and consumer lag further 

enables early detection and remediation of failure 

conditions before they result in service outages. 
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Together, these architectural patterns and 

operational disciplines form a cohesive framework 

for building enterprise-grade event-driven 

platforms. When applied holistically, they enable 

Kafka-based systems to deliver high throughput, 

strong correctness guarantees, and long-term 

resilience across a wide range of mission-critical 

enterprise workloads. 
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