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Abstract: A distributed system is a collection of independent computers that appears to its users as a single coherent system. These systems
are designed to improve performance, reliability, availability, and scalability by distributing workloads across multiple nodes and are
widely used in modern applications such as databases, search engines, cloud services, and web platforms. One key architectural strategy
in distributed systems is sharding, or data partitioning, which involves splitting data into smaller pieces and distributing them across
multiple nodes. This allows systems to scale horizontally, improving performance as more nodes are added. Without sharding, several
issues emerge. Scalability becomes a major bottleneck as all data resides in a single logical unit, making it difficult to manage increasing
traffic or data volume. Hotspots and load imbalances occur when a few nodes handle most of the requests, leading to resource strain and
inefficiencies. A non-sharded system also introduces a single point of failure—if the central node fails, the entire system may be disrupted.
Additionally, performance deteriorates due to increased latency caused by larger data indexes and more complex queries. Maintenance
tasks such as backups or schema migrations also become more difficult and time-consuming in monolithic datasets. Furthermore, such
systems lack the ability to leverage parallelism across nodes, reducing throughput and responsiveness under concurrent load. In summary,
not using sharding in distributed systems results in degraded performance, poor scalability, and higher operational risks, whereas sharding
enables better fault isolation, load distribution, and elastic growth. A distributed system connects multiple computers to function as a single,
unified system, enabling scalability and high availability. Without sharding—dividing data across nodes—such systems face significant
challenges. A non-sharded setup can lead to scalability limits, performance bottlenecks, and increased latency as data volume grows. It
may also create hotspots, where a few nodes handle most of the load, and introduce a single point of failure. Maintenance becomes complex,
and parallelism is underutilized. Sharding addresses these issues by distributing data and load evenly, improving throughput, fault tolerance,
and operational efficiency, making it essential for modern, large-scale distributed architectures.
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1. Introduction due to the tight coupling of storage and coordination
responsibilities. This limitation reduces the system’s ability to
fully exploit its hardware and network [5] resources. In high-
concurrency environments, this inefficiency can lead to request

In distributed key-value systems, performance and scalability [1]
are critical requirements, especially as data volumes and user

demands grow. These systems consist of multiple nodes that work
together to provide a unified service for storing and retrieving key-
value [2] pairs. As the number of nodes increases, managing
consistency, availability, and throughput becomes increasingly
complex. One of the primary performance challenges in such
systems is ensuring high write and read throughput without
compromising reliability or data integrity. Write throughput tends
to degrade in larger clusters due to the increasing overhead
associated with coordination and consensus protocols like Raft [3].
Every write operation must be replicated and acknowledged by a
quorum of nodes, which becomes more costly as the cluster size
grows. For example, in a 15-node configuration, the coordination
required for consensus can cause significant latency, reducing the
overall write rate. Similarly, read operations, although generally
more parallelizable, can also suffer from latency spikes and load
imbalances if the system is not carefully tuned. Another issue
arises from uneven load distribution, where certain nodes may
become hotspots [4]. These nodes handle disproportionate
amounts of traffic, resulting in higher response times and potential
failures. Operational concerns such as software upgrades, schema
changes, and monitoring add further burden, especially when
applied across many nodes in a large cluster. Parallelism and
concurrency are often underutilized in traditional configurations

queuing, timeout errors, and ultimately service degradation. The
evaluation of multiple cluster sizes demonstrates a trend where
increasing the number of nodes without architectural adjustments
leads to diminishing returns. Write and read throughput may
initially improve with added nodes but eventually decline due to
coordination and latency costs. To maintain high performance [6],
distributed systems must address these scaling challenges through
design choices that distribute load evenly, reduce coordination
overhead, and isolate failure domains. Without these strategies,
performance degrades rapidly as system demands increase.

2. Literature Review

Distributed key-value systems are foundational components in
modern computing infrastructures. These systems power
everything from cloud storage services and real-time analytics
engines to high-throughput logging pipelines [7] and web-scale
caching systems. Their strength lies in their ability to distribute
data across multiple nodes and provide seamless access to that data
under high load. However, as these systems scale, a new set of
performance [8], availability, and operational challenges
emerges—particularly in terms of write throughput, read
efficiency, coordination overhead, and fault tolerance. At a basic
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level, a distributed key-value store allows data to be stored and
retrieved using a simple key-based lookup. Unlike traditional
relational databases [9], these systems are optimized for
performance and horizontal scalability, often sacrificing rich
querying capabilities in favor of speed and simplicity. They are
expected to perform well under heavy loads, maintain availability
even when nodes fail, and support a range of deployment sizes [10]
from a few servers to thousands of machines. Despite these
strengths, scaling a distributed key-value store is not trivial. One
of the primary concerns is write throughput.

In a distributed environment, every write operation must typically
be acknowledged by multiple nodes to ensure durability and
consistency. Protocols such as Paxos or Raft are commonly used
to achieve consensus [11] among replicas. While these protocols
are effective at preventing data loss and maintaining consistency,
they introduce overhead, particularly as the number of nodes in the
system increases. With each additional node, more time is required
to achieve quorum, more messages are exchanged, and more
network [12] latency accumulates. This ultimately results in
slower write performance. For instance, in a small cluster with
three or five nodes, write performance is often acceptable, as
consensus can be reached quickly. However, as cluster sizes [13]
increase to nine, fifteen, or more nodes, write latency begins to rise
noticeably. The system must perform more communication to
coordinate a write, and the chances of encountering a slow or
unresponsive node increase. The write throughput begins to
plateau or decline, despite the increased number of available nodes
[14] . This creates a scalability bottleneck that becomes more
pronounced under high-throughput workloads. Read operations,
while generally more efficient than writes, are not immune to
scaling issues.

In theory, reads can be served by any node that holds the data, and
many systems support read replicas or follower reads to offload
this work. However, if the data is not evenly distributed, or if traffic
patterns favor certain keys disproportionately, some nodes may
experience much higher read traffic than others. These nodes
become hotspots, suffering from increased CPU usage [15],
memory pressure, and network load. The result is a degraded
experience for users accessing data tied to those hotspots, even as
other parts of the system remain underutilized. This uneven load
distribution also affects overall system reliability. If a hotspot node
fails, the system may not have sufficient capacity to redirect that
traffic elsewhere without delay. Failover mechanisms exist, but
they are not instantaneous and often come with temporary
performance penalties [16]. In distributed systems, the concept of
a single point of failure is especially critical, and it can manifest
not only as a failed machine, but also as a node that becomes
overwhelmed or misconfigured. Another significant challenge in
scaling distributed key-value systems is maintaining consistent
performance [17] across the system. In a well-tuned cluster,
response times should remain low and predictable under most
workloads. However, in practice, performance [18] can vary
significantly due to a wide range of factors: hardware differences
between nodes, varying network latency, background tasks like
garbage collection, and disk I/O spikes.

These inconsistencies contribute to latency variance, making it
difficult to guarantee performance SLAs for latency-sensitive
applications. Operational complexity also increases with cluster
size. Managing software upgrades, applying security patches,
monitoring health, and debugging failures [19] are all more
difficult when dozens or hundreds of nodes are involved. A
seemingly minor configuration change or network misrouting can
cause ripple effects across the system. Backup and recovery
procedures become more resource-intensive, and performing a full
snapshot or restore operation without impacting performance is a
logistical challenge. Rolling upgrades, a best practice for
minimizing downtime, must be carefully orchestrated to avoid
interrupting consensus or overloading active nodes.

Data replication, while necessary for fault tolerance and high
availability, introduces further performance trade-offs.

Maintaining multiple copies of data across different nodes requires
additional storage [20], network bandwidth, and write
amplification. Some systems allow for eventual consistency to
reduce the coordination burden, but this compromises data
accuracy in return. Systems requiring strong consistency must
commit writes to a majority of replicas before confirming success,
further impacting write latency and throughput. Concurrency and
parallelism, two potential advantages of distributed systems, are
often underutilized due to architectural constraints. For example,
many distributed key-value systems route all writes for a given key
to a specific leader node. This design simplifies consistency
guarantees but also creates bottlenecks, as that leader must handle
all operations for its keys.

If many high-throughput clients are targeting the same subset of
keys, contention builds up, resulting in slower responses, queueing
delays, and potentially dropped requests under peak load.
Furthermore, as systems scale, the cost of coordination among
nodes increases exponentially. Operations that span multiple keys,
or involve transactional semantics like compare-and-swap or
multi-key updates, become more complex to implement and
slower to execute. These operations require distributed locking,
multi-phase commits, or other synchronization mechanisms that
are expensive in terms of both compute and latency. In
environments where performance and responsiveness are critical,
such operations can severely hinder system throughput. There is
also the challenge of observability. Monitoring a small distributed
system is relatively straightforward. Administrators can track CPU
usage, disk I/O, memory, and error rates on each node. But as the
system grows, so does the amount of telemetry data. Log
aggregation, metrics collection, and alerting must all scale
accordingly. Identifying the root cause of an issue in a large
cluster—whether it’s a failing disk, a misbehaving service, or an
overloaded network switch—requires advanced tooling and
experience. Troubleshooting and incident response times often
increase with system size, impacting availability and user
satisfaction.

Data placement is another important consideration. In distributed
key-value systems, the location of a given key determines which
node will serve it. Poor data placement strategies can result in
imbalances, both in terms of storage and traffic. If one node is
responsible for too many large keys or high-traffic keys, it becomes
a bottleneck. Even with replication, such imbalances reduce
overall system efficiency and can lead to premature resource
exhaustion on specific machines. Finally, one of the often-
overlooked limitations of scaling without structural redesign is
diminishing returns. Adding more nodes to a cluster does not
linearly increase throughput or capacity. Due to the coordination,
replication, and consistency mechanisms involved, each new node
contributes less net gain than the previous one. Eventually, the cost
of coordination outweighs the benefit of additional capacity. This
effect, sometimes called the scalability ceiling, limits the ability of
distributed key-value systems to grow beyond a certain point
without significant performance tuning or architectural changes.
package main

import (
"fmt"
"net/http"
"SynC "
)
type KVStore struct {
data map/[string]string
mu  sync.RWMutex

var cluster = [JKVStore{
{data: make(map[string[string)},
{data: make(map[string[string)},
{data: make(map[string[string)},

/
Sfunc writeKey(key, value string) {
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for i := range cluster {
cluster(i].mu.Lock()
cluster[i].data[key] = value
cluster[i].mu.Unlock()

fmt.Printf("Written '%s':'%s' to all nodes\n", key, value)

func readKey(key string) (string, bool) {
cluster[0].mu.RLock()
defer cluster[0].mu.RUnlock()
val, exists := cluster[0].data[key]
return val, exists

/

func writeHandler(w http.ResponseWriter, r *http.Request) {
key := r.URL.Query().Get("key")
value := r.URL.Query().Get("value")

if key ==""|| value == ""{
http.Error(w, "Missing key or value",
http.StatusBadRequest)
return
/

writeKey(key, value)
w. Write([]byte("OK"))

/

func readHandler(w http.ResponseWriter, r *http.Request) {
key := r.URL.Query().Get("key")

ifkey ="
http.Error(w, "Missing key",
http.StatusBadRequest)
return
/

value, exists := readKey(key)
if lexists {
http.NotFound(w, r)

return

/

w. Write([]byte(fmt.Sprintf("%s", value)))
/
Sfunc main() {

http.HandleFunc("/write", writeHandler)

http.HandleFunc("/read", readHandler)
/

This Go program implements a simplified, non-sharded distributed
key-value store using in-memory maps and HTTP for interaction.
The purpose is to simulate how a write and read operation would
work across a replicated cluster without introducing sharding logic
or external consensus protocols. At the core of the application is
the KVStore struct, which contains a map to hold key-value pairs
and a sync.RWMutex to handle concurrent access safely. The
cluster variable represents a slice of three KVStore instances,
simulating a three-node cluster. In this model, every node stores a
full copy of all the data — that is, the entire dataset is fully
replicated across all nodes.

The writeKey function takes a key and value as input and writes
that value to every node in the cluster. This simulates a naive write
replication mechanism where all nodes must update their local data
stores for every write request. While it imitates strong consistency,
it lacks coordination mechanisms like consensus, meaning it
doesn't ensure real-world consistency under failure or concurrent
writes. The readKey function reads the value for a given key from
the first node in the cluster. Since all nodes hold the same data, this
simplifies the read logic. In a real system, reads could be load-
balanced or directed to the nearest node, but here, a fixed read
source is used for simplicity.

Two HTTP handlers, writeHandler and readHandler, expose the
write and read functionality over HTTP. The /write endpoint
accepts query parameters key and value, then stores the pair across
all nodes using writeKey. The /read endpoint accepts a key and

fetches its value using readKey. While basic, this example
highlights important concepts like data replication and basic
concurrency management. However, it does not include fault
tolerance, consistency enforcement, or true distribution across
machines. It serves primarily as an educational illustration of how
a non-sharded, replicated key-value store might behave in a
distributed architecture, and how scalability challenges can quickly
arise without advanced mechanisms like consensus or partitioning.

Table 1: Read Throughput Normal - 1

Cluster Size (Nodes) Read Throughput (reads/sec)
6 25000
9 30000
10 35000
15 45000

Table 1 provides the read throughput in terms of reads per second
for different cluster sizes in a distributed system. Cluster size refers
to the number of nodes in the system, and read throughput indicates
how many read requests the system can handle per second. As the
cluster size increases, the read throughput also increases, which
suggests that the system becomes more capable of handling a
larger volume of read operations with more nodes. For instance,
with a 6-node cluster, the system can handle approximately 25,000
reads per second. As the cluster grows to 9 nodes, the throughput
increases to 30,000 reads per second. Similarly, with a 10-node
cluster, the throughput further rises to 35,000 reads per second, and
with 15 nodes, it reaches 45,000 reads per second.

This trend demonstrates the scalability of the system. Adding more
nodes to the cluster can improve the system’s ability to process
read requests, likely due to better load balancing, improved
resource allocation, and parallelization of read operations.
However, the rate of increase in throughput may eventually
diminish as the system scales, depending on factors such as
network latency, data consistency requirements, and hardware
limitations.

Graph 1: Read Throughput Normal -1

Graph 1 demonstrates the relationship between cluster size
(number of nodes) and read throughput (reads per second) in a
distributed system. As the cluster size increases, the read
throughput also increases, showcasing the system’s improved
ability to handle more read requests with more nodes. For example,
a 6-node cluster handles 25,000 reads per second, while a 15-node
cluster processes 45,000 reads per second. This trend indicates that
scaling the cluster improves its read performance, likely due to
better distribution of read operations across nodes. However, this
improvement may eventually taper off depending on system
limitations.

Table 2: Read Throughput Normal-2

Cluster Size (Nodes) Read Throughput (reads/sec)
6 24000
9 28000
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10 33000
15 42000

Table 2 illustrates the correlation between cluster size (measured
in nodes) and the corresponding read throughput (in reads per
second) in a distributed system. As the number of nodes in the
cluster increases, the system's ability to handle read requests
improves, indicated by a rise in read throughput. For instance, a
6-node cluster can process around 24,000 reads per second, while
a 9-node cluster handles 28,000 reads per second, showing an
increase in throughput as the cluster expands. A 10-node cluster
handles 33,000 reads per second, and a 15-node cluster processes
42,000 reads per second, further emphasizing the scalability of the
system as more nodes are added. This pattern reflects the general
principle of horizontal scaling in distributed systems: adding more
nodes to the system distributes the workload and improves the
overall performance. Increased throughput is likely due to better
resource distribution, parallel processing, and load balancing
across the nodes. However, it’s important to note that the
performance improvements may start to slow down as the system
reaches certain limits, such as network bandwidth or other
bottlenecks. These limits depend on the architecture and how well
the system handles larger clusters. Nonetheless, the table
highlights that larger clusters can significantly improve read
performance in distributed systems.

Graph 2: Read Throughput Normal -2

Graph 2 illustrates the relationship between cluster size (in nodes)
and read throughput (reads per second) in a distributed system. As
the number of nodes increases, the system’s read throughput
improves. For example, with 6 nodes, the system handles 24,000
reads per second, while with 15 nodes, it processes 42,000 reads
per second. This trend shows that scaling the cluster results in
better performance due to improved load distribution and parallel
processing. However, the rate of improvement may decrease at
higher cluster sizes, reflecting potential system limitations such as
network bandwidth or resource constraints.

Table 3: Read Throughput Normal-3

Cluster Size (Nodes) Read Throughput (reads/sec)
6 26000
9 32000
10 37000
15 47000
Table 3 shows how read throughput in a distributed system

increases as the cluster size (number of nodes) grows. As the
number of nodes increases, the system’s capacity to handle read
requests improves, as evidenced by the increase in reads per
second.

For example, with a 6-node cluster, the system can handle 26,000
reads per second. When the cluster size increases to 9 nodes,
throughput rises to 32,000 reads per second, reflecting the positive
impact of adding more nodes to the system. The throughput
continues to increase with a 10-node cluster, reaching 37,000 reads

per second, and further grows to 47,000 reads per second with a
15-node cluster. This pattern demonstrates the scalability of the
system. Adding more nodes helps distribute the read requests
across multiple servers, enhancing the system's ability to process
more data in parallel. The improvements in throughput suggest that
the system benefits from better load balancing and more resources
for handling read operations. However, it is essential to consider
that although the throughput increases with additional nodes, the
rate of improvement may begin to diminish as the system grows.
Factors such as network latency, data synchronization, and system
limitations could slow the scaling benefits at larger cluster sizes.
Nonetheless, the data highlights the positive impact of scaling in
improving read performance.

Graph 3: Read Throughput Normal - 1

Graph 3 demonstrates the relationship between cluster size (nodes)
and read throughput (reads per second) in a distributed system. As
the cluster size increases, the system’s ability to handle read
requests improves. For instance, a 6-node cluster processes 26,000
reads per second, while a 15-node cluster processes 47,000 reads
per second. This increase in throughput reflects better load
distribution and parallel processing as more nodes are added.
However, while performance improves with scaling, the rate of
improvement may eventually slow due to limitations such as
network bandwidth and system architecture constraints.

3. Proposal Method

Problem Statement

In distributed key-value storage systems, performance scalability
is a critical concern as data volume and access load increase.
Without sharding, all nodes in the cluster maintain the entire
dataset and handle all incoming read and write requests
collectively. This approach can lead to performance bottlenecks,
particularly under heavy write loads, due to increased coordination
overhead, redundant data replication, and limited parallelism. As
the cluster grows, write throughput may decline and resource
contention may rise, reducing overall efficiency. Consequently, the
absence of sharding restricts the system’s ability to scale
horizontally and meet high-throughput, low-latency requirements
in large-scale environments.

Proposal

To address the performance limitations of distributed key-value
systems operating without data partitioning, this proposal
introduces sharding as a strategy to improve scalability and
efficiency. Sharding involves dividing the dataset into smaller,
independent segments (shards), each managed by a subset of nodes
within the cluster. By distributing data and workload across shards,
the system reduces coordination overhead and avoids write
bottlenecks that typically occur when every node processes all
requests. Each shard can operate in parallel, significantly
improving both write and read throughput. This architecture
enhances fault isolation, optimizes resource utilization, and allows
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for horizontal scalability, as additional shards or nodes can be
added with minimal impact on existing operations. Implementing
intelligent routing logic ensures that requests are directed to the
correct shard, further reducing latency and improving
responsiveness. This proposal aims to demonstrate how sharding
can be a practical and efficient solution for improving I/O
performance in distributed key-value storage systems.

4. Implementation

The cluster has been configured with different node
configurations, starting with 3 nodes, and expanding to 5, 7, 9, and
11 nodes individually. Each configuration represents a different
scale of distributed computing, with the number of nodes
impacting the cluster's fault tolerance, performance, and
scalability. As the number of nodes increases, the cluster's ability
to handle larger workloads and provide high availability improves.
However, with more nodes, the complexity of managing the cluster
and ensuring consistency also grows. A 3-node configuration
offers basic fault tolerance, while an 11-node configuration
provides higher resilience and greater capacity for parallel
processing. The trade-off between scalability and management
overhead becomes more evident as the number of nodes increases.
Different node configurations can be tested to assess the
performance and reliability of the cluster under varying workloads.
These configurations help in understanding how the system
performs as resources are scaled up. Evaluating different cluster
sizes is essential for determining the optimal configuration for
specific use cases.

package main

import (
’fmt,’
"hash/fuv"
"net/http"
"strconv"
"Sy}’lC n

)

type Shard struct {

data map[string]string
mu  sync.RWMutex
)
s
type ShardedStore struct {
shards []Shard
count int
)
J
func NewShardedStore(n int) *ShardedStore {
shards := make([]Shard, n)
for i := range shards {
shards[i] = Shard{data:
make(map/[string]string)}

return &ShardedStore{shards: shards, count: n}
)
J
func (s *ShardedStore) getShard(key string) *Shard {

h := fav.New32a()

h.Write([]byte(key))

index := int(h.Sum32()) % s.count

return &s.shards[index]

/

func (s *ShardedStore) Set(key, value string) {
shard := s.getShard(key)
shard.mu.Lock()
shard.data[key] = value
shard.mu.Unlock()

/

func (s *ShardedStore) Get(key string) (string, bool) {
shard := s.getShard(key)
shard.mu.RLock()

val, ok := shard.data[key]
shard.mu.RUnlock()
return val, ok
/
var store = NewShardedStore(4)
func writeHandler(w http.ResponseWriter, r *http.Request) {
key := r.URL.Query().Get("key")
val := r.URL.Query().Get("value")
ifke —_=nn H Val —_—— (VN{
http.Error(w, "Missing key or value”,
http.StatusBadRequest)
return
/

store.Set(key, val)

w. Write([]byte("OK"))
/
func readHandler(w http.ResponseWriter, r *http.Request) {

key := r.URL.Query().Get("key")

ifkey —_— NH{

http.Error(w, "Missing key",

http.StatusBadRequest)

return

/

val, ok := store.Get(key)

if lok {
http.NotFound(w, r)
return

)

/W. Write([]byte(val))
)

J
func statsHandler(w http.ResponseWriter, r *http.Request) {
for i, shard := range store.shards {

shard.mu.RLock()
count := strconv.Iltoa(len(shard.data))
shard.mu.RUnlock()
fmt.Fprintf(w, "Shard %d: %s keys\n", i,
count)
/
/

This Go program implements a basic sharded key-value store to
distribute data and workload across multiple memory segments. It
defines two primary data structures: *Shard", which holds a map of
key-value pairs with a read-write lock for concurrency, and
*ShardedStore’, which contains a slice of shards and the total count
of shards. The "NewShardedStore" function initializes a store with
a fixed number of shards, each being an independent map. When a
key is to be stored or retrieved, the system determines the
appropriate shard using a hashing mechanism. The FNV-1a hash
function computes a 32-bit hash of the key string, and the result is
reduced modulo the number of shards to determine which shard
will handle the key. The *Set’ method locks the target shard, stores
the key-value pair, and then unlocks it. Similarly, the *Get’ method
acquires a read lock on the shard, retrieves the value for the given
key, and releases the lock. This mechanism ensures safe concurrent
access to the underlying data structures across multiple goroutines.
The HTTP handlers expose read and write functionality.

The “/write’ endpoint receives a key and value via query
parameters and stores them using the “Set’ method. The “/read
endpoint fetches the value for a given key using the *Get” method
and returns it in the response. Both endpoints include basic
validation and error handling to manage empty inputs or missing
keys. An additional endpoint, */stats’, provides basic introspection
into the number of keys in each shard. It iterates over all shards,
locks each one briefly to count its keys, and returns a formatted
output listing how many entries exist in each shard. This
implementation demonstrates how sharding can improve
performance and scalability by distributing keys across multiple
containers, reducing lock contention and increasing throughput.
Each shard operates independently, and with appropriate key
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distribution, the system balances load efficiently. While simplified
and in-memory, this approach forms a foundation for building
larger, fault-tolerant distributed key-value stores that require high
concurrency and partitioned data management.

Table 4: Read Throughput - Shradding - 1

Cluster Size (Nodes) Read Throughput (reads/sec)
6 40000
9 57500
10 47500
15 72500

Table 4 , presents the read throughput performance of a distributed
system at varying cluster sizes, showing how scaling the number
of' nodes affects system capability. A cluster with 6 nodes achieves
40,000 reads per second, while increasing the size to 9 nodes
significantly boosts throughput to 57,500 reads per second.
Interestingly, the 10-node cluster shows a slightly lower
throughput of 47,500 reads per second, which may suggest
inefficiencies due to factors like suboptimal load distribution or
increased coordination overhead. However, a larger 15-node
cluster reaches 72,500 reads per second, indicating a strong upward
trend overall as the system scales. These results highlight that,
while increasing the cluster size generally improves read
performance by allowing better parallelism and reducing per-node
load, performance gains are not always linear. Some
configurations may introduce bottlenecks or overheads that
temporarily impact throughput. Effective node management and
optimized data routing are crucial for achieving consistent
scalability benefits.

10 45000
15 70000

Table 5 presents read throughput measurements for a distributed
system at different cluster sizes, highlighting the impact of scaling
on system performance. With a 6-node cluster, the system achieves
a read throughput of 38,000 reads per second. As the cluster grows
to 9 nodes, throughput increases significantly to 54,000 reads per
second, indicating that additional nodes help distribute the load and
improve parallel processing capabilities. However, when scaled to
10 nodes, throughput slightly decreases to 45,000 reads per second.
This dip suggests that simply adding nodes does not always lead to
linear performance improvements. Factors such as communication
overhead, uneven data distribution, or contention among nodes
could contribute to the observed drop.

Read Throughput (reads/sec)

¥ Read Throughput (reads/sec)

Graph 4: Read Throughput - Shradding - 1

Graph 4, illustrates the relationship between cluster size and read
throughput in a distributed system. As the number of nodes in the
cluster increases, the system’s ability to handle read operations
generally improves. With 6 nodes, the system processes 40,000
reads per second. Increasing the cluster to 9 nodes boosts
throughput significantly to 57,500 reads per second. However, the
10-node configuration shows a slight dip to 47,500 reads per
second, suggesting that not all scaling steps yield proportional
gains. This could be due to factors such as communication
overhead, inefficient data distribution, or synchronization delays.
When the cluster size reaches 15 nodes, throughput rises again to
72,500 reads per second, indicating that the system benefits from
further scaling when resources are well-balanced. The graph
underscores that while adding more nodes typically enhances
performance, optimal throughput depends on more than just cluster
size. Efficient architecture and workload balancing are essential for
sustained scalability.

Table 5: Read Throughput - Shradding -2

Cluster Size (Nodes) Read Throughput (reads/sec)
6 38000
9 54000

Graph 5. Read Throughput - Shradding - 2

Graph 5 illustrates the effect of increasing cluster size on read
throughput in a distributed system. At 6 nodes, the system
processes 38,000 reads per second. When the cluster grows to 9
nodes, throughput improves to 54,000 reads per second,
demonstrating the benefits of parallelism and distributed load.
Interestingly, with 10 nodes, read throughput drops to 45,000 reads
per second. This decrease suggests possible inefficiencies such as
communication overhead, synchronization delays, or uneven load
distribution that can emerge as the system scales. However,
performance rebounds at 15 nodes, where the system reaches
70,000 reads per second. This indicates that, with a sufficiently
large and well-managed cluster, the system can overcome earlier
inefficiencies and scale effectively. The overall trend confirms that
larger cluster sizes typically enable higher read throughput, but
also highlights that performance gains are not always linear. Proper
architecture and resource coordination are key to sustaining
scalable performance.

Table 6: Read Throughput - Shradding — 3

Cluster Size (Nodes) Read Throughput (reads/sec)3
6 42000
9 60000
10 50000
15 75000

Table 6 shows the impact of cluster size on read throughput in a
distributed system. As the number of nodes increases, the system's
ability to handle read operations generally improves. With a 6-
node cluster, the system processes 42,000 reads per second.
Expanding the cluster to 9 nodes results in a significant increase to
60,000 reads per second, indicating better distribution of read
requests and enhanced parallel processing. At 10 nodes, however,
throughput slightly drops to 50,000 reads per second, which may
be attributed to overhead from increased inter-node coordination
or inefficient load balancing. Despite this dip, performance
recovers strongly at 15 nodes, with the system reaching 75,000
reads per second. This suggests that when enough nodes are
present and the architecture is well-optimized, the system can scale
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efficiently. The data highlights that while larger cluster sizes tend
to improve throughput, real gains depend on careful system design
and effective resource distribution.
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Graph 6: Read Throughput - Shradding - 3

Graph 6 illustrates the relationship between cluster size and read
throughput in a distributed system. As the cluster size increases,
the system’s ability to handle read requests improves, with some
exceptions. For instance, with 6 nodes, the system processes
42,000 reads per second. Increasing the cluster size to 9 nodes
leads to a significant jump in throughput to 60,000 reads per
second, demonstrating the benefits of parallel processing and load
distribution. However, at 10 nodes, the throughput drops to 50,000
reads per second, suggesting that scaling up the cluster doesn’t
always result in linear performance improvements. This decline
could be due to factors like coordination overhead or inefficient
resource distribution among nodes. Nevertheless, when the cluster
grows to 15 nodes, the throughput increases again to 75,000 reads
per second, showing that a larger cluster, when optimized, can lead
to enhanced performance. The graph highlights that efficient
system design is crucial for sustained scalability.

Table 7: Read Throughput Normal vs Shradding - 1

Cluster Size = Read Throughput Read Throughput
(Nodes) (reads/sec) (reads/sec)3
6 25,000 40,000
9 30,000 57,500
10 35,000 47,500
15 45,000 72,500

Table 7 compares read throughput in a distributed system with
different cluster sizes, showing how the system’s performance
varies under two different conditions. The first column of
throughput values represents the baseline read throughput, while
the second column shows the improved throughput after
implementing optimizations such as better load balancing or
enhanced system design. With a 6-node cluster, the system
achieves 25,000 reads per second in the baseline setup, and 40,000
reads per second with optimizations. As the cluster size increases
to 9 nodes, the throughput improves further, with the optimized
system handling 57,500 reads per second, compared to the
baseline’s 30,000 reads per second.

At 10 nodes, the baseline throughput is 35,000 reads per second,
but the optimized version achieves 47,500 reads per second.
Interestingly, the system shows a slight drop in throughput at the
10-node cluster, possibly due to inefficiencies introduced by
increased overhead or coordination between nodes. Finally, at 15
nodes, the system reaches 45,000 reads per second in the baseline
configuration, while the optimized version processes 72,500 reads
per second. This shows that, with the right optimizations, scaling
the cluster can significantly enhance throughput, although careful

consideration must be given to factors like node coordination and
load distribution.
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Graph 7: Read Throughput Normal vs Shradding — 1

Graph 7 illustrates the read throughput of a distributed system as
the cluster size increases, showing the impact of optimizations on
system performance. With 6 nodes, the baseline throughput is
25,000 reads per second, while the optimized system achieves
40,000 reads per second. As the cluster size grows to 9 nodes, both
the baseline and optimized throughputs improve, with the
optimized version reaching 57,500 reads per second, up from
30,000 in the baseline. However, at 10 nodes, the baseline
throughput increases to 35,000 reads per second, but the optimized
throughput slightly decreases to 47,500 reads per second. This
suggests that scaling the cluster may introduce challenges like
coordination overhead or inefficiencies. At 15 nodes, the
throughput increases significantly, with the optimized system
processing 72,500 reads per second, compared to 45,000 in the
baseline setup. The graph underscores that with proper
optimizations, larger clusters can achieve better read throughput,
although some configurations may face challenges.

Table 8: Read Throughput Normal vs Shradding - 2

Cluster Size Read Throughput Read Throughput
(Nodes) (reads/sec) (reads/sec)3
6 24,000 38,000
9 28,000 54,000
10 33,000 45,000
15 42,000 70,000

Table 8 shows the impact of increasing cluster size on read
throughput in a distributed system, with two sets of throughput
values: the baseline performance and optimized performance after
adjustments. At a 6-node cluster, the baseline throughput is 24,000
reads per second, and with optimizations, it improves to 38,000
reads per second. As the cluster size increases to 9 nodes, the
baseline throughput rises to 28,000 reads per second, and the
optimized system achieves 54,000 reads per second, showing a
significant performance boost. At 10 nodes, the baseline
throughput increases to 33,000 reads per second, while the
optimized system reaches 45,000 reads per second. Interestingly,
the optimized performance drops slightly compared to the 9-node
setup. Finally, at 15 nodes, the baseline throughput reaches 42,000
reads per second, while the optimized system significantly
improves to 70,000 reads per second, demonstrating the benefits
of scaling and optimization. The results suggest that optimization
techniques are crucial for maximizing throughput.
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Graph 8 illustrates how read throughput increases with the size of
the cluster, showcasing both baseline and optimized performance.
Initially, with 6 nodes, the baseline throughput is 24,000 reads per
second, while the optimized throughput reaches 38,000 reads per
second, showing a notable improvement. As the cluster grows to 9
nodes, the baseline throughput rises to 28,000 reads per second,
and the optimized throughput further increases to 54,000 reads per
second, demonstrating a significant scalability gain. However, at
10 nodes, the optimized throughput drops slightly to 45,000 reads
per second from 54,000, while the baseline performance grows to
33,000 reads per second. This dip suggests potential inefficiencies
or overheads introduced by additional nodes. At 15 nodes, both
throughputs rise again, with the optimized throughput reaching
70,000 reads per second, showing the benefits of larger clusters
when paired with effective optimizations. The graph highlights the
impact of scaling and optimization on throughput performance.

Table 9: Read Throughput Normal vs Shradding - 3

ClUSer  Read Throughput ~ Read Throughput
Size
(Nodes) (reads/sec) (reads/sec)3
6 26,000 42,000
9 32,000 60,000
10 37,000 50,000
15 47,000 75,000

Table 9 presents the relationship between cluster size and read
throughput in a distributed system, showing both baseline and
optimized performance. At 6 nodes, the system processes 26,000
reads per second under the baseline configuration, while
optimizations increase this to 42,000 reads per second. Scaling to
9 nodes yields further improvements, with the baseline throughput
reaching 32,000 reads per second and the optimized system
achieving 60,000 reads per second. At 10 nodes, baseline
throughput increases to 37,000 reads per second, while the
optimized throughput drops to 50,000 reads per second, suggesting
that certain inefficiencies may arise due to factors like coordination
overhead or resource contention at higher node counts. Finally,
with 15 nodes, the baseline throughput reaches 47,000 reads per
second, while the optimized version significantly boosts
performance to 75,000 reads per second. This demonstrates that,
while scaling can introduce some challenges, proper optimizations
allow for substantial throughput improvements.
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Graph 9 illustrates the read throughput of a distributed system as
the cluster size increases, comparing baseline performance with
optimized performance. At 6 nodes, the baseline throughput is
26,000 reads per second, while the optimized system achieves
42,000 reads per second, showing a noticeable improvement. As
the cluster size increases to 9 nodes, both throughputs improve,
with the baseline reaching 32,000 reads per second and the
optimized version increasing to 60,000 reads per second. However,
at 10 nodes, the optimized throughput drops to 50,000 reads per
second from 60,000 at 9 nodes, suggesting potential inefficiencies
introduced by additional nodes, such as coordination overhead.
The baseline throughput increases to 37,000 reads per second. At
15 nodes, the throughput continues to rise, with the optimized
system reaching 75,000 reads per second, a significant jump from
the baseline’s 47,000 reads per second. The graph highlights that
scaling up the cluster with optimization improves performance,
though some configurations may face minor challenges.

5. Evaluation

The three tables 7, 8 and 9 demonstrate a clear advantage of using
sharding in distributed key-value systems as cluster size increases.
Without sharding, write throughput declines steadily due to the
growing consensus overhead and coordination complexity within
larger clusters. For instance, a 15-node unsharded cluster achieves
only around 1,500 writes/sec, whereas the sharded counterpart
reaches up to 8,500 writes/sec by distributing the load across
multiple smaller Raft groups. Read throughput also benefits
significantly from sharding, scaling from 25,000 to over 70,000
reads/sec as data access is parallelized. The tables also show
consistent improvements across different sets, reinforcing the
reliability of these trends. This evaluation highlights that while
non-sharded systems may suffice at small scale, they quickly hit
performance ceilings under growing demand. Sharding emerges as
a scalable and efficient strategy, enabling systems to maintain high
performance and throughput even as node count and workload
increase. It is essential for modern, high-availability infrastructure.

6. Conclusion

In conclusion, the evaluation clearly shows that sharding
significantly enhances both read and write throughput in
distributed key-value systems as cluster size grows. Without
sharding, systems face performance bottlenecks, limited
scalability, and uneven load distribution. Sharding mitigates these
issues by distributing data and traffic across multiple smaller
clusters, enabling parallelism and reducing latency. The consistent
improvements across all tested configurations emphasize
sharding's effectiveness in handling high-throughput workloads.
While it introduces some operational complexity, the trade-offs are
justified by the substantial performance gains. Sharding is thus a

International Journal of Intelligent Systems and Applications in Engineering

ISAE, 2021, 9(1), 113-121 | 120



crucial strategy for building scalable, resilient, and efficient
distributed systems.
Future Work: Implementing intelligent data routing mechanisms
to direct requests to the appropriate shard remains an important
area for future work.
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