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Exact string-matching remains a fundamental operation in many data-intensive 

applications, where increasing dataset sizes require efficient parallel processing solutions. 

This study presents a parallel optimization of the Sheik-Sumit-Anindya-Balakrishnan-Sekar 

(SSABS) exact string-matching algorithm for shared-memory multicore systems using the 

Portable Operating System Interface (POSIX) threads framework. The proposed 

implementation divides input text into independent segments with boundary overlap 

handling to preserve matching accuracy while enabling concurrent execution across 

multiple CPU cores. The performance of the parallel SSABS algorithm was evaluated using 

four benchmark datasets, including Extensible Markup Language (XML), Source, Protein, 

and DNA, with different pattern lengths and core configurations. Experimental results 

demonstrate that the parallel implementation consistently reduces execution time compared 

with the sequential version across all tested datasets. The source dataset achieved the 

shortest parallel execution time due to its larger alphabet size and more effective shift 

operations; the DNA dataset obtained the highest scalability performance, reaching a 

maximum speedup of 2.97 and the highest efficiency among the evaluated datasets. Further 

analysis revealed that increasing the number of cores improves acceleration but introduces 

synchronization and thread-management overhead, leading to performance saturation at 

higher core counts. These findings provide insights into the relationship between dataset 

characteristics, algorithm behavior, and multicore scalability, demonstrating the suitability 

of Pthreads-based parallelization for accelerating exact string-matching operations. 
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1. INTRODUCTION

String-matching algorithms are algorithms used to 

determine the most suitable arrangement by contrasting and 

finding the correlation between a set of patterns and a random 

string [1-3]. During the comparison phase, the pattern length 

must equal the length of the window text. Furthermore, the 

pattern and text window string patterns rely on the 

ascertainment of their fit [4]. String-matching remains a major 

problem faced by multitudinous computer science applications 

like intrusion detection systems (IDS) search analysis [5], 

natural language processing, information retrieval [6, 7], 

artificial intelligence (AI), signal and image processing [8, 9], 

pattern recognition [10], web search engines [11], and 

operating systems [12]. String-matching is also used in the 

analysis of DNA patterns [13, 14] and protein sequences [15]. 

The world is witnessing swift database development, which 

emphasizes the significance of performance enhancement of 

exact string-matching algorithms. The brute force algorithm is 

perceived as the simplest algorithm technique in comparison 

with alternative string-matching algorithms. This is due to its 

ability to scan a text pattern with a text substring via left-to-

right orientation. In the presence of a match or a mismatch, 

precise shifts take place one position to the right; hence, the 

brute force algorithm operates in O(mn) time. Furthermore, the 

Boyer-Moore algorithm is a widely used algorithm due to its 

high efficiency; it initiates the comparison from right to left. 

In the presence of a match or mismatch between the pattern 

and the text window, the good suffix and the bad character 

functions greatly impact the shifting [16].  

The analysis of the Boyer-Moore algorithm and the Aho-

Corasick algorithm has resulted in the Commentz-Walter 

algorithm. Pre-processed phased patterns utilized for text-

matching are the fundamentals for a state machine, with the 

application of the Boyer-Moore extraction in the searching 

stage. Notably, the matching window length must be equal to 

the minimum pattern length. For the pattern characters, 

scanning is conducted from right to left. In circumstances 
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where there are unpredictable irregularities, a pre-calculated 

shift table is used to shift the window position to the right. The 

algorithm's time complexity is in the order of O(π + m) for the 

pre-processing phase, and O(n*m) for the searching phase [17].  

The Aho-Corasick algorithm uses automata, unlike the 

Knuth-Morris-Pratt algorithm; the state machine pattern is 

founded on a tree formation. At the beginning, the tree has an 

empty root; the states are formed when pattern matching 

occurs. The state machine is traversed during the search stage 

in anticipation of a perfect matching state probability. The 

time complexity is in the order of O(nk + m) for the 

preprocessing phase, and O(n + m + z) for the searching phase 

[18]. 

The Fast-On-line Hybrid Matching Algorithm (FOHM) is 

dual-phased; the preprocessing phase involves the creation of 

the Quick Search Bad Character (qsBc) table, while the search 

phase comprises a three-step division pattern, followed by the 

analysis of the three steps through the pattern and text window 

comparison. The text window is then compared with the 

pattern’s first three characters, followed by the comparison of 

the last three characters. If a match is found, the algorithm 

proceeds with the comparison of the remaining characters 

found inside the pattern and text window. The technique shifts 

the window to the right by an amount derived from the qsBc 

table in the event of a nil match at any phase [19]. 

The exact string-matching algorithms are affected by the 

number of attempts, the number of character comparisons, and 

the time consumed. The downsides of one or more of these 

factors are influenced by the efficacy of the algorithms. The 

decrease in the quantity of attempts and the quantity of 

character comparisons in sequential performance is enabled by 

a preponderance of the string-matching algorithms, albeit with 

a weakness in consumed time. Hence, researchers have 

emphasized the importance of focusing on the time 

consumption issues by utilizing parallel processing due to its 

capability in reducing time consumption in exact string-

matching algorithms [4]. Parallelism is dependent on the 

complexity and cooperation amongst the processors or 

computer cores to address the sequential computer issues. 

These parallel applications rely on a pair of approaches: data 

decomposition and function decomposition. Shared memory 

and distributed memory are the constituents of the parallel 

computer architecture. Therefore, the techniques used are 

categorized by the method they use to access memory. In the 

first method that uses the shared memory technique, the 

processors only utilize one access method to access the 

common memory. This shared memory technique is utilized 

to keep data, in addition to various functions like 

synchronization and communication purposes between the 

processors [17, 20].  
 

 

2. RELATED WORK ON PARALLEL TECHNIQUES 

FOR STRING-MATCHING ALGORITHMS 
 

String-matching algorithms are mostly used to achieve 

optimum outcomes during the handling of various data sets; 

they are also used for resolving issues related to computer 

applications. Currently, numerous issues are surfacing, 

demonstrating the inadequacies in sequential algorithms’ 

efficacy in achieving large-scale procedures during the 

handling of enormous datasets, coupled with the prolonged 

computation time of the said algorithms. Thus, these issues 

have a negative impact on parallel processing, specifically 

those connected to large databases [21]. Various exact string-

matching algorithms have been used in parallel interface 

applications to address the numerous issues associated with 

these algorithms. Certain algorithms, like the Quick-Search 

algorithm, utilize multi-core technology; it employs two 

parallelization paradigms, which are OpenMP and Pthreads, 

respectively [22]. The speed of the Quick-Search algorithm 

has been boosted in the field of intrusion detection to achieve 

a faster and more effective detection system.  

The Knuth-Morris-Pratt (KMP) algorithm employs multi-

core and multiprocessor technologies for its queries in large-

sized strings. The algorithm divides these strings into 

segregated sections by executing the procedures for matching 

between the pattern and individual sections. The KMP utilizes 

the single instruction, multiple data (SIMD) model and 

employs a number of data for the parallelization process. The 

KMP algorithm excelled in addressing large data sizes and 

identifying the appropriate number of processors [23]. 

Additionally, the KMP demonstrated a superior execution 

time compared to sequential execution, showing good speedup 

and efficiency when addressed with just two clusters 

(workstations). However, the efficiency was poor when the 

number of utilized clusters exceeded two due to the higher 

communication time [24]. 

The Karp-Rabin algorithm employed by the graphics 

processing unit (GPU) parallel model is dependent on the 

segregation of the text into sections. The process required a 

collation procedure to initiate a process that segregates each 

section of a text with a pattern individually. A parallelized 

version of the Karp-Rabin algorithm demonstrated 

significantly faster processing time; the processing time was 

three times swifter when processing long text strings 

compared to the sequential form [25]. Advanced parallel 

architectures have been heavily used in recent exact string-

matching developments. Researchers have used SIMD 

vectorization for concurrent processing of multiple characters 

on CPU registers [26]; some studies have also offloaded 

workloads onto GPUs for the maximization of massive thread-

level parallelism [27]. Memory-bound constraints across 

heterogeneous systems [28] have recently been analyzed to 

support these shifts in hardware. Bit-representations have also 

been optimized for the reduction of loop overhead in multi-

core CPU cache hierarchies [29].  

This study aims to complement these frameworks by 

introducing an optimized multi-threaded parallelization of the 

Sheik-Sumit-Anindya-Balakrishnan-Sekar (SSABS) 

algorithm using the Portable Operating System Interface 

(POSIX) threads (Pthreads) on general-purpose multi-core 

CPUs. Table 1 clarifies that previous parallel research mainly 

depended on high-level compiler abstractions and has 

undergone severe degradation of scalability over clusters that 

are network-bound multi-node clusters, or concentrated on one 

data structure only. The execution efficiency of parallelized 

string-matching algorithms is controlled by a suitable parallel 

programming framework; the most predominant paradigms 

are OpenMP, Message Passing Interface (MPI), and Pthreads. 

The structural compromises of these frameworks, as related to 

issues of exact string-matching, are outlined in Table 2.  

Table 2 indicates that MPI is ideal for multi-node clusters 

processing multi-gigabyte files, but is subject to severe 

communication penalties when addressing pattern overlap 

segments (m – 1). Similarly, the OpenMP high-level directives 

lack the necessary grain control to handle the hardware-level 

cache locality demands triggered by data-dependent, irregular 

shifting behaviors inherent to the SSABS algorithm. 
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Table 1. Comparative summary of parallel string-matching literature 
 

Reference 
Core 

Algorithm 

Parallel 

Framework 
Dataset Type or Scope 

Maximum Performance 

or Speedup 
Core Limitation Addressed in Literature 

Hnaif et al. [22] 
Quick-

Search 

OpenMP & 

Pthreads 

Intrusion Detection 

Strings 

High-speed pattern 

filtering 

Abstract high-level evaluations; missed 

data-dependent shift influences 

Rasool and 

Khare [23]  
KMP 

SIMD multi-

core 

Large Text Strings  

(251 MB) 

The algorithm 

demonstrates a 4.33× 

multi-core speedup 

The algorithm has resolved the missed 

patterns at the connection boundaries by 

using overlapping string connectors 

Abu-Zaid and 

El-Rayyes [24] 
KMP 

Distributed 

workstations 

Multi-workstation cluster 

data (The data of Arabic 

Strings) 

Good speedup on exactly 

two clusters 

Efficiency collapses on >2 clusters due to 

high network communication costs. 

Shah and Oza 

[25] 
Karp-Rabin 

NVIDIA CUDA 

(GPU) 
Large datasets 

High parallel efficiency, 

with increased speedup 

It removes sequential delays by splitting the 

text 

This Study 

(Proposed) 
SSABS 

Pthreads  

(Low-level) 

XML, Source, Protein, 

DNA 

Up to 2.97× speedup  

(See Section 4) 

Isolates alphabet-size paradox and hardware 

cache-locality limits 
Note: KMP = Knuth-Morris-Pratt, SIMD = single instruction multiple data, XML = Extensible Markup Language, SSABS = Sheik-Sumit-Anindya-Balakrishnan-

Sekar, GPU = graphics processing unit. 

 

Table 2. Qualitative architectural comparison of parallel computing frameworks for exact string-matching 
 

Framework 
Memory 

Architecture 
Overhead Level Boundary Management Handling Suitability for SSABS 

MPI Distributed 
High (network 

latency) 

High overhead due to message passing 

across nodes 

Poor (network latency cancels out fast qsBc 

shifts) 

OpenMP Shared 
Medium (compiler-

managed) 

Coarse-grained loop partitioning; rigid 

thread control 

Fair (easy implementation, but sacrifices fine 

cache tuning) 

Pthreads  

(This Study) 
Shared 

Low (explicit or 

fine-grained) 

Direct pointer manipulation; localized 

cache scheduling 

Excellent (maximizes L1 or L2 cache locality 

for irregular shifts) 

Note: MPI = Message Passing Interface, SSABS = Sheik-Sumit-Anindya-Balakrishnan-Sekar.  

 

The increasing rate of database development requires 

enhanced performance of exact string-matching algorithms. 

The novelty of this implementation is clarified by isolating and 

analyzing the architectural and data-dependent complexities of 

parallelizing the SSABS algorithm in shared-memory multi-

core environments. The SSABS algorithm parallelization is 

uniquely non-trivial; its shifting mechanism relies on a qsBc 

preprocessing heuristic that enables long right-to-left shift 

distances sequentially. However, its interaction with low-

overhead Pthreads changes dramatically depending on the 

dataset alphabet size. This study made the following main 

unique contributions: 

1. Demonstration of an empirical paradox where smaller-

alphabet datasets (DNA) underwent more severe bottlenecks 

of sequential execution, but exhibited peak parallel speedup 

scalability (2.97) and peak core efficiency (74%) across multi-

core systems. 

2. Mathematical analysis of the thread boundary constraints 

(n/p + m – 1); the exact point of system inflection 

(transitioning to eight cores) that marked the costs of hardware 

communication and the beginning of parallel resource 

efficiency cannibalization by context-switching overhead was 

identified. 

3. Direct mapping of thread behavior onto modern multi-

core CPU hardware cache topologies through fine-grained, 

low-level Pthread synchronization constructs; this approach is 

contrary to other high-level abstractions, such as OpenMP. 

In this study, the exact string-matching algorithm (SSABS 

algorithm) was reconstructed using a parallel model to 

minimize the execution time and improve execution time. In 

this case, the performance of the algorithm was evaluated 

using various parameters, such as on different databases, 

number of threads, and number of cores. Section 3 details the 

algorithm and its implementation, specifically the SSABS 

algorithm method. Subsection 3.1 explains the Sequential 

SSABS Algorithm; subsection 3.2 describes the parallel 

SSABS algorithm using the Pthreads technique, and the 

generation of Pthreads code for the SSABS algorithm. 

Subsection 3.3 details the parallel implementation of the 

proposed algorithm; Subsection 3.4 describes the employed 

performance metrics; Subsection 3.5 details the theoretical 

performance and complexity analysis; Subsection 3.6 provides 

the experiment design. Section 4 covers the results and 

discussions, while Section 5 concludes the study.  
 

 

3. THE PROPOSED METHOD 
 

The fundamental characteristics and operational behavior of 

the SSABS algorithm are analyzed in this section. The 

principal aim is to determine the computationally intensive 

code components via the examination of the SSABS 

algorithm’s sequential version that includes the preprocessing 

and searching stages. The overall improvement and algorithm 

efficiency are achieved through understanding of these crucial 

performance aspects, as they are the enablers of efficient 

parallelization using Pthreads.  
 

3.1 Sequential SSABS algorithm  
 

The SSABS algorithm is a string-matching algorithm that 

combines the Boyer–Moore and Sunday’s Quick Search 

heuristics. Its main objective is to decrease the number of 

shifts and optimize the average shift distance during pattern 

searching. During the preprocessing stage, the SSABS 

formulates the qsBc table, which delegates a shift value to 

individual alphabet characters. The value represents the 

character distance from the pattern terminal, or 𝑚 + 1 if 

lacking in the pattern. The qsBc offers constant, favorable, and 

typically larger shift values, which are independent of the 

comparison order; this allows for faster and more predictable 

searching in comparison to the Boyer–Moore bad-character 

rule.  
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Throughout the searching stage, the SSABS performs 

pattern arrangements and matching with a text segment; it 

conducts comparisons mainly from the right-to-left positions. 

Firstly, the terminal pattern character and the window are 

compared; if there is a match, the first pattern character and 

the corresponding window character are contrasted to 

ascertain the main similarities between the pattern and the 

window. But if there is no match in the characters, the residual 

characters are contrasted successively. The algorithm uses the 

qsBc table to calculate the needed extent to move the pattern; 

this extent is based on the character immediately following the 

current text window once there is a match or mismatch. This 

procedure is repeated until the text is scanned [30]. 
 

3.2 Parallel Implementation of Sheik-Sumit-Anindya-

Balakrishnan-Sekar algorithm using Pthreads 
 

The threads are implemented autonomously using available 

implementation components that function inside a shared 

memory space; hence, it is an effective method for addressing 

simultaneous functions. These threads are widely used in 

shared-memory multiprocessor and multi-core systems to 

achieve true parallelism performance. The Pthreads library 

provides a harmonized and limited C program thread 

management interface on UNIX-based platforms following 

the IEEE POSIX 1003.1c standard. This library enables 

multiple-thread generation and coordination within an 

individual procedure, supporting the realization of an effective 

parallel computation. The attainment of parallelism in UNIX 

environments is enabled through the fork system call, which 

generates a new process that operates autonomously from its 

parent. Nevertheless, experimental studies have demonstrated 

that Pthreads provide outstanding performance in comparison 

to fork-based parallelism. The value-added edge stems from 

the substantially reduced operating system overhead that is 

linked to the generation of threads and context switching due 

to the sharing of the same address space; this is contrary to 

autonomous processes produced by fork. 

The implementation of the parallel SSABS algorithm is 

achieved via a succession of explicit stages that align thread 

performance and data processing. The initial step involves the 

formation and management of threads, and the preparation for 

parallelism. A determined peak quantity of threads is specified, 

with individual threads assigned a specific exclusive identifier 

from 0 to P – 1, where P signifies the total number of active 

threads. This was followed by the creation of threads and the 

initiation of dedicated thread tasks. Before the implementation, 

mutex mechanisms are activated using a predetermined static 

initializer to regulate access to shared variables. Mutex lock 

and unlock operations are employed to guarantee that only one 

thread can access shared data at any instance, thus averting 

race conditions. Furthermore, control functions are employed 

for execution synchronicity by awaiting the completion of a 

designated thread or all threads before advancing further. 

In the second stage, the first step is setting up important 

basic input parameters and their assignment to several threads. 

Global access is provided to the core SSABS algorithm 

variables involving text length (n), text array (y), pattern length 

(m), and pattern array (x). The algorithm's preprocessing 

function is conducted simultaneously, producing heuristic 

structures such as the qsBc table; this enables effective search 

window changes throughout the pattern matching process. 

In the third stage, the input text is split into smaller sections 

to achieve parallel processing. A designated thread is allocated 

to each section of the text. Each segment's size is expanded to 

incorporate an overlap based on the pattern length determined 

as n/p + m – 1; this is aimed at preventing missing pattern 

matches at the segment edges. If synchronized access to shared 

data is required, mutex lock and unlock procedures are 

employed, and threads process their allotted segments 

concurrently. Each thread individually conducts the SSABS 

search on the text segment assigned to it in the final stage using 

the identical pattern and shift rules adopted in the Quick 

Search method. This enables the threads to find precise pattern 

matches effectively. Each thread tracks local performance 

metrics during the query, such as the number of character 

comparisons, the overall matching attempts, and the segments’ 

processing time. The final stage combines the outcomes from 

the search trajectory of each thread. The partial outputs from 

each thread, including execution times and performance 

metrics, are merged using a reduction mutex; this merging 

creates a global number(s) that signify the general 

performance of the parallel SSABS algorithm. The mutex is 

released after the aggregation to guarantee appropriate 

synchronization and to preserve data integrity. This phase, as 

depicted in Figure 1, offers an extensive assessment of the 

algorithm's scalability and efficiency. 

 

 
 

Figure 1. Flowchart of the parallel execution of the Sheik-

Sumit-Anindya-Balakrishnan-Sekar (SSABS) algorithm 

using Pthreads 
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3.3 Parallel implementation of the proposed algorithm 

 

A personal computer with an Intel® Core™ i7-6600U CPU, 

8 GB of RAM, and a 256 GB SSD, running Ubuntu 18.04.6 

LTS under Windows 10 through WSL2, was used to assess the 

parallel SSABS algorithm. GCC 7.5.0 was used to compile the 

Source code with optimization flags for native Pthreads. The 

WSL2 environment functions through a lightweight Type-1 

hypervisor virtual machine, but has a structurally insignificant 

effect on multi-threaded performance. WSL2 differs from 

virtualization by running a native Linux kernel wherein 

execution streams can be mapped by the Pthreads library 

directly onto physical host CPU cores. The execution paths 

avoided virtualization translation overhead since the parallel 

SSABS implementation is strictly CPU-bound and functions 

wholly inside pre-allocated RAM buffers and bypasses virtual 

disk I/O bottlenecks. Thus, the virtualization layer introduced 

negligible noise latency, which ensures that the trends for 

empirical speedup and efficiency continuously reflect the 

performance of the native hardware. 

 

3.4 The performance metrics 

 

The parallel version of the suggested algorithm was 

achieved using Pthreads. Several evaluation metrics, such as 

execution time, speedup, and efficiency, were used to 

benchmark the performance of the parallel implementation 

with the sequential counterpart [31]. The overall time needed 

to complete a task is termed the execution time. It represents 

the time span needed for a single processor to run the 

algorithm from the beginning (initialization) to its termination 

(completion), represented as Ts. The execution time (Tp) for 

the parallel version is the time span from the start of the first 

thread to the end of the final thread's execution. 

The enhanced performance derived from parallel execution 

is quantified using speedup; it is defined as the ratio of the 

sequential execution time to the parallel execution time (where 

S is the calculated speedup, Ts is the time spent in the 

sequential version, and Tp is the time spent in the parallel 

version). Eq. (1) is used for time calculation (measured in 

milliseconds). 

 

𝑆𝑝𝑒𝑒𝑑𝑢𝑝(𝑆) =
𝑇𝑠

𝑇𝑝

 (1) 

 

Efficiency refers to the effective utilization of available 

processing cores during parallelism; it is calculated as the ratio 

of the speedup attained to the total number of cores in totality 

used. Improved resource use with less thread idle time 

demonstrates higher efficiency. Efficiency is calculated using 

Eq. (2), where P is the number of processing cores, and S is 

the speedup. 

 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦(𝐸) =
𝑆

𝑃
 (2) 

 

3.5 Theoretical performance and complexity analysis 

 

The scalability constraints of the multi-core SSABS 

application were clarified by modelling its execution profile 

using formal parallel complexity theory. 

 

3.5.1 Parallel time complexity 

The SSABS algorithm requires a preprocessing step to build 

the qsBc shift table; this requires O (m + ∑) time, where m is 

the pattern length, and the alphabet size is indicated by ∑. The 

parallel model executed this phase sequentially by the master 

thread to circumvent redundant table allocations. For the 

searching phase, the length of the text n was split among p 

processing cores. Given overlaps of pattern boundaries, the 

chunk size processed by each core was exactly 
𝑛

𝑝
+ 𝑚 − 1 

characters. Assuming that the load was equally distributed 

across all threads, the parallel execution time complexity per 

thread is bounded as follows: 

 

O ((
𝑛

𝑝
+ 𝑚 − 1) . 𝑚) (3) 

 

In the best-case shifting scenario (large alphabet sizes, such 

as the Source dataset), the inner pattern matching cost is 

decreased, and the search bounds per core are reduced 

to 𝑂(
𝑛

𝑝.𝑚
). 

 

3.5.2 Theoretical speedup bounds (‘Amdahl's Law') 

Amdahl’s Law controls the maximum achievable speedup 

(S) of the parallel framework in this study as follows: 

 

𝑆(𝑝) =
1

𝑓 + 1−𝑓
𝑝

 (4) 

 

where, f is the strictly sequential fraction of the application, 

and p is the number of cores. 

In this implementation, f consisted of the following: 

1. The sequential initialization and pre-processing of the 

qsBc table; 

2. The latency of the operating system needed to spawn and 

context-switch the Pthreads. 

As f > 0, the speedup scaling curve naturally flattened as p 

transitioned from four to eight cores, which clarified the sub-

linear scaling curves observed empirically (see Section 4). 

 

3.5.3 Synchronization and scalability costs 

The text searching phase ended with the introduction of the 

synchronization overhead. The total match positions across 

chunks were aggregated into a global shared vector by 

applying a mutual exclusion lock (pthread_mutex_t) or an 

explicit barrier synchronization. A serialization overhead 

restricted by 𝑂(𝑝. 𝑘) was introduced by this important section, 

where the match hits frequency is denoted by k. The overhead 

of this synchronization barrier management began to compete 

with the decreasing computational chunk size (
𝑛

𝑝
)  when p 

increased to 8, which indicated the scalability of the algorithm. 

 

3.6 Experiment design 

 

The experiment data for this study was sourced from the 

Pizza & Chili Corpus repository. Four distinct dataset 

categories were chosen (Extensible Markup Language (XML), 

Source, DNA, and Protein), each having a 200 MB file size. 

Statistical reliability was ensured, and anomalies were 

eliminated from background thread noise by performing each 

experiment five times and averaging the results. These 

iterations yielded negligible variance, which confirmed the 

high stability and environmental consistency of the profiles of 

execution. 

Configurations with 2, 4, and 8 processing cores were 
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employed for parallel studies. The execution times were 

indicated as follows: Sequential implementation is denoted as 

seq, whilst executions utilizing 2, 4, and 8 processor cores 

were denoted by C2, C4, and C8, respectively. Improvement 

was assessed through a performance comparison between the 

sequential version and the parallel version. The averaged 

values were analyzed to enable a fair comparison of datasets 

and algorithm performance. Throughout the trials, the pattern 

length ranged from 10 to 100 characters. The performance data 

indicated the impact of different pattern sizes on execution 

time, speedup, and efficiency using varying colors. 

 

 

4. RESULTS AND DISCUSSION 

 

The dataset was partitioned into numerous sections and 

disseminated among processing cores using Pthreads to 

achieve SSABS algorithm parallelism. Variable pattern 

lengths were used on a 200-MB dataset to evaluate the 

performance of the algorithm through comparisons of speedup, 

efficiency, and parallel and sequential execution times. The 

utilization of varied database alphabet sizes enabled analysis 

of the behavior of the algorithm under several alphabet 

configurations. The comparison of the execution times under 

differing pattern lengths on a 200-MB dataset demonstrated 

that the parallel execution consistently outperformed the 

sequential execution. The source databases achieved ideal 

execution times for most of the pattern lengths. Conversely, 

the poorest performance for all pattern lengths was recorded 

by the DNA database (see Figure 2). The varied cross-dataset 

performance was based directly on the alphabet size (∑) and 

data entropy interaction, which determined the SSABS 

algorithm's shifting efficiency. Redundancies in structural 

formatting or alphabet symbol distributions (dense and low) 

caused the bad-character shift table (qsBc) to frequently 

produce minimal shift distances during a mismatch in the 

XML and DNA datasets; this forced threads into shorter 

execution loops. The source dataset allowed highly optimized 

execution scaling, and these execution times could be framed 

as processing throughput indicators. For example, only 28 ms 

was needed to complete the execution of the 200-MB source 

dataset across four cores with an m = 80 pattern length 

requirement; this can be paralleled to a peak sustained 

algorithmic processing throughput of about 7142.86 MB/s. 

The speedup findings showed that the algorithm achieved 

optimal performance on the DNA database for most of the 

pattern lengths. When conducted on two and four cores, the 

other databases showed significant speedup; moreover, the 

DNA database specifically attained higher speedup when 

using four and eight cores. However, the protein database 

recorded the maximum speedup when using two cores. Figure 

3 demonstrated that the source database achieved the weakest 

speedup when running on eight cores; the XML database 

recorded the lowest speedup when running on two and four 

cores. 

The efficiency findings demonstrated that the algorithm 

operated optimally on the DNA database (Figure 4) compared 

to the XML, Source, and Protein datasets. The Protein 

database demonstrated optimal efficiency on two cores, while 

the DNA database performed optimally on four and eight cores. 

The Source database exhibited the lowest efficiency when 

running on eight cores, while the XML database showed the 

lowest efficiency on two and four cores. 

 

 
 

Figure 2. Parallel time using different data types: (a) Extensible Markup Language (XML), (b) Source code, (c) Protein, (d) 

DNA 
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Figure 3. The speedup using different data types: (a) Extensible Markup Language (XML), (b) Source code, (c) Protein, (d) 

DNA 

 

 
 

Figure 4. Efficiency using different data types: (a) Extensible Markup Language (XML), (b) Source code, (c) Protein, (d) DNA 
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The performance differences on the Source and DNA 

databases were examined to highlight the distinctness of the 

multi-core SSABS profile. The Source dataset demonstrated 

faster execution times (decreasing to 28 ms on eight cores for 

a 100-pattern length) given that its extensive alphabet allowed 

maximum qsBc shifts. Nevertheless, scaling up to eight 

processing cores decreased its parallel efficiency from 74% to 

21%. The small-alphabet DNA dataset maintained a 33–36% 

efficiency profile under loads of eight cores. This result 

demonstrated that the parallelized SSABS right-to-left 

scanning steps could remain localized in individual CPU core 

L1 or L2 caches; this could possibly be due to the high rate of 

character discrepancies in small-alphabet strings, which 

caused minimal global thread synchronization delays 

compared to datasets with large alphabets. 

These results showed that parallel execution improved 

performance compared to sequential execution at the initial 

stage. Nevertheless, overhead increased with increasing 

number of cores, with the extra communication expense 

having an adverse impact on the parallel execution time. A 

significant decrease in parallel and sequential execution times 

was noted across the various pattern lengths with increasing 

number of cores and pattern length [9, 17]. Since the SSABS 

algorithm employed the effective qsBc function, the Source 

dataset generated the optimal sequential and parallel execution 

times for the different pattern lengths. The DNA dataset had 

the smallest alphabet size compared to the other datasets, 

resulting in prolonged processing times. 

In comparison to the DNA dataset, the slower speedup of 

the XML and Source datasets throughout the core counts, and 

the slower speedup of the Protein dataset on four and eight 

cores, could be due to their higher alphabet size. Furthermore, 

increasing the number of cores significantly reduced the 

parallel execution time, which impacts the total speedup. 

These elements result in decreased speedup values for datasets 

with huge alphabets when used in combination. The DNA 

dataset is not considerably impacted due to its small alphabet 

count; hence, the searching phase shifts more frequently, 

which extends the execution time but enhances speedup 

performance. 

This multi-core setup highlighted three important design 

choices that optimized the parallel SSABS algorithm: 

1. Low communication overhead (Pthreads vs. MPI): Heavy 

communication penalties were avoided by choosing Pthreads 

over a distributed framework (MPI). Computer nodes are 

required to manage pattern boundaries (m – 1) by continuously 

sending data to and from over network cables in MPI; however, 

the Pthreads model involved all threads sharing the same 

physical memory. Hence, communication was restricted to 

rapid internal hardware cache updates (L3 cache) and minimal 

synchronization locks. Even when locking slightly reduced 

performance at eight cores, the delay was minimal in 

comparison to sluggish network transfers. 

2. Smart thread allocation (preventing oversubscription): 

System efficiency was maintained by matching the number of 

software threads precisely to the physical CPU core numbers 

(P = Threads = Cores) rather than creating more threads than 

physical cores to force the operating system to continuously 

switch threads in and out of the CPU (context switching). For 

the data-heavy SSABS algorithm, the CPU cache performance 

was impacted, scheduling was delayed, and the final result-

gathering phase was hindered by this continuous switching. 

Maximum speed was guaranteed by a strict 1:1 mapping. 

3. Balanced workloads (static partitioning): The dataset was 

divided evenly among the available cores to ensure that each 

core processes an equal block size n/p. The processing times 

theoretically varied as the SSABS algorithm shifted by 

different distances due to different text blocks. Nonetheless, 

the relatively large test datasets ensured the uniform spread of 

characters across the files. In the DNA and Protein datasets, 

highly symmetric thread execution times were maintained by 

this balanced distribution of characters; this prevented single 

cores from idling while waiting for other cores to complete 

execution. 

This multi-core parallel framework is characterized by the 

following technical features: 

1. Dataset size (200 MB): A 200 MB dataset was selected 

as it exceeded characteristic sizes of CPU caches (<32 MB); 

this forced the system to directly stream data from the main 

RAM and isolated true parallel performance. Runtime would 

increase linearly with a larger file (1 GB), with the efficiency 

curves remaining unchanged; the cache would accommodate 

a smaller file and real memory delays would be hidden. 

2. Memory footprint: Pthreads was used to load the 200 MB 

dataset into RAM as a shared and read-only segment. 

Assigned sections were accessed by worker threads through 

low-overhead memory pointers instead of replicating data; this 

was aimed at maintaining a minimal additional memory 

footprint that consisted only of thread-local variables and a 

single mutex lock and strictly bound total memory to O(n + m 

+ p) bytes. 

3. The eight-core performance plateau: The speedup curve 

flattened as the core counts scaled to eight owing to two main 

issues: i) individual text chunks became so small that the costs 

for thread management of the operating system competed with 

the actual duration of scanning; ii) multiple threads that found 

matches simultaneously were required to wait to access the 

shared mutex lock (pthread_mutex_t); this created a 

synchronization issue that limited additional acceleration.  

Efficiency increased with speedup as the two variables are 

positively correlated; consequently, efficiency was reduced by 

using eight cores. Compared to the XML, Source, and Protein 

datasets, the DNA database demonstrated the highest global 

efficiency. 

 

 

5. CONCLUSION 

 

The parallelization of the SSABS exact string-matching 

algorithm was focused on in this study; the parallel version of 

the algorithm was implemented using the Pthreads package. 

Within the specific assessment scope (using 200-MB 

benchmarking datasets across conformations of up to eight 

processing cores), the findings demonstrated that the 

parallelized program performed better than the sequential 

version across different data types and pattern lengths. The 

performance of the algorithm was optimal on the Source 

dataset in terms of parallel execution time. However, the DNA 

dataset recorded the longest execution time owing to its 

limited shifting distances. The DNA dataset achieved the 

highest overall speedup and efficiency in terms of 

performance scaling. Larger-alphabet datasets, such as Source 

and XML, on the other hand, achieved lower speedup metrics 

despite their rapid absolute runtimes. This setup demonstrated 

the primary architectural issue of parallel synchronization 

overhead: the costs of hardware messaging and context 

switching counteracted gains in computational efficiency as 

the thread counts scaled to eight cores.  
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An important limitation of this study is its dependence on 

datasets of fixed size in a unified shared-memory architecture. 

These issues may be mitigated by parallelizing the SSABS 

algorithm preprocessing and searching stages to remove 

sequential checkpoints during optimization. Hence, future 

work will concentrate on extending the algorithm to other 

message-passing multiprocessor models (such as MPI) and 

heterogeneous frameworks to assess its scalability for 

gigabyte- and terabyte-scale databases. 
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