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ABSTRACT— String matching underpins nearly 

every task in computational genomics—from mapping 

next-generation sequencing (NGS) reads to reference 

genomes and detecting motifs to calling variants and 

scanning regulatory regions. The volume and 

heterogeneity of contemporary sequencing data place 

extreme demands on algorithmic efficiency, with 

practical constraints on time, memory, and accuracy 

under sequencing errors and biological variation. This 

manuscript surveys the algorithmic foundations of 

efficient string matching for DNA sequence analysis, 

distinguishes exact from approximate matching, and 

clarifies when to favor hash-based seeding, automata, 

or index-based approaches such as suffix arrays and 

FM-indexes. We complement the conceptual review 

with a controlled simulation that compares six 

representative techniques—Knuth–Morris–Pratt 

(KMP), Boyer–Moore, Rabin–Karp, a bit-parallel 

edit-distance method (Myers), an FM-index 

(Burrows–Wheeler–transform based), and a seed-

and-extend strategy with spaced seeds—on synthetic 

read-mapping tasks.  

 
Fig.1 Efficient String Matching,Source([1]) 

Evaluation emphasizes sensitivity, precision, F1-score, 

throughput (reads per second), and memory footprint. 

Results highlight trade-offs: FM-index and seed-and-

extend approaches achieve the best F1 and throughput 

on noisy reads, while classical exact matchers are fast 

but brittle to mismatches/indels. We discuss statistical 

significance, effect sizes, and practical guidance for 

algorithm selection across read length, error profiles, 

and genome repetitiveness. We conclude with scope 

and limitations relevant to large genomes, long-read 

technologies, and structural variation, offering a 

roadmap for deploying efficient string matching in 

modern bioinformatics pipelines. 

http://www.ijarcse.org/
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.geeksforgeeks.org%2Fdsa%2Fapplications-of-string-matching-algorithms%2F&psig=AOvVaw2XmdvGoD63z4MHpE1WL9Su&ust=1755102274242000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCNjIlZ_ZhY8DFQAAAAAdAAAAABAE
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INTRODUCTION 
DNA sequence analysis transforms raw nucleotide strings 

into biological insight. Whether aligning billions of short 

reads to a reference genome, scanning promoters for 

motifs, clustering haplotypes, or performing taxonomic 

classification, practitioners repeatedly ask the same 

computational question: where does a pattern occur in 

a text, and how similar is it when errors are present? 

The answer lives in the rich landscape of string matching 

algorithms. 

Two realities shape algorithmic design in genomics. First, 

scale: a human genome spans roughly 3.1 billion bases, 

and typical experiments involve tens to hundreds of 

millions of reads. Second, imperfection: sequencing 

introduces substitutions and indels; biology adds genuine 

variation and repeats. Efficient solutions must therefore 

balance exactness (for barcodes or perfect k-mer lookup) 

and tolerance (for mismatches/indels) while staying 

within compute and memory budgets. 

At a high level, we can categorize methods into: 

1. Exact matchers (e.g., KMP, Boyer–Moore, 

Rabin–Karp, Aho–Corasick) that guarantee 

correctness when patterns occur verbatim. 

2. Approximate matchers that accommodate edits 

via dynamic programming (Needleman–

Wunsch, Smith–Waterman), bit-parallel 

formulations (Myers), or banded/wavefront 

accelerations. 

3. Index-based search (suffix trees/arrays, FM-

index/BWT) that precompute data structures to 

support fast queries at scale. 

4. Seeding and sketching (hash-based k-mers, 

spaced seeds, minimizers, syncmers, w-

minimizers) that rapidly find promising regions 

which are then extended with alignment. 

 
Fig.2 Efficient String Matching Algorithms in DNA 

Sequence Analysis,Source([2]) 

In practice, read mapping pipelines lean on indexing + 

seeding: an FM-index or hash table supplies candidate 

loci; an extension phase refines alignment and scoring. 

Motif scanning, primer design, and barcode 

demultiplexing may rely more on exact matchers for 

speed and specificity. Long-read technologies 

(ONT/PacBio) emphasize seed chaining and edit-tolerant 

extension due to higher error rates and structural 

variation. 

This paper has three goals: 

• To provide a concise, practitioner-oriented 

review of the algorithms most relevant to DNA 

analysis. 

• To present a controlled simulation comparing 

six representative algorithms along accuracy and 

efficiency axes. 

• To distill decision rules for selecting methods 

under different experimental conditions. 

LITERATURE REVIEW 
2.1 Exact string matching 

Knuth–Morris–Pratt (KMP) constructs a failure 

function (prefix function) that allows linear-time search 

O(n+m)O(n+m) without backtracking, where nn is text 

length and mm is pattern length. KMP’s consistent 

performance shines in streaming or memory-constrained 

environments but offers no tolerance for mismatches or 

indels. 

Boyer–Moore and its derivatives (Horspool, Sunday) 

exploit bad-character and good-suffix heuristics to skip 

ahead, often achieving sublinear average-case time in 

random text. In DNA, where alphabets are small and 

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.geeksforgeeks.org%2Fdsa%2Fapplications-of-string-matching-algorithms%2F&psig=AOvVaw2XmdvGoD63z4MHpE1WL9Su&ust=1755102274242000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCNjIlZ_ZhY8DFQAAAAAdAAAAABAK
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repeats abound, average-case gains persist but can 

degrade in low-complexity regions (e.g., poly-A tracts). 

Like KMP, classic Boyer–Moore is exact. 

Rabin–Karp hashes pattern and rolling windows of text, 

allowing fast average-case detection of matches; 

collisions are resolved by verification. Its simplicity and 

rolling hash make it popular for k-mer-based screens and 

locality-sensitive strategies, though naïve usage can waste 

time on false positives in repetitive genomes. 

Aho–Corasick builds a finite automaton to find 

occurrences of many patterns simultaneously in 

O(n+occurrences)O(n + \text{occurrences}) time. In 

genomics, it is valuable for motif dictionaries, 

adapter/primer trimming, or simultaneous barcode search. 

2.2 Approximate matching and alignment 

Classical dynamic programming computes global 

(Needleman–Wunsch) or local (Smith–Waterman) 

alignment in O(nm)O(nm), optimal but too slow for 

billions of queries. Two major accelerations are common: 

• Bit-parallel algorithms (Myers) encode DP 

columns in machine words, achieving 

O(n⌈m/w⌉)O(n\lceil m/w \rceil) where ww is 

word size, and work well for limited edit 

thresholds (e.g., up to a few mismatches/indels) 

and short patterns typical of NGS reads. 

• Banded/wavefront approaches assume limited 

edit distance kk and compute only a diagonal 

band or wavefront frontier, bringing time toward 

O(k(n+m))O(k(n+m)). These are effective when 

reads are similar to the reference. 

GPU-accelerated Smith–Waterman and SIMD 

vectorization (e.g., AVX2/AVX-512) further reduce wall 

time in the extension stage of mappers. 

2.3 Index-based search 

Suffix trees support fast substring queries but are 

memory-heavy. Suffix arrays (with LCP arrays) trade 

some query time for much lower memory and are 

amenable to external memory layouts. 

The FM-index leverages the Burrows–Wheeler 

transform (BWT) to provide compressed full-text 

indexing. Backward search finds pattern intervals in time 

proportional to pattern length; locating and sampling 

arrays then map intervals back to coordinates. FM-

indexing powers many modern mappers because it 

compresses the genome while enabling near-real-time 

queries, and it can be augmented for limited-mismatch 

queries. 

2.4 Seeding, sketching, and extension 

String matching at genome scale typically begins with 

seeding: identifying short exact or tolerant matches that 

suggest candidate loci. Important ideas include: 

• Fixed k-mers (exact seeds) for speed. 

• Spaced seeds, which specify match positions 

with wildcards to increase sensitivity for a fixed 

seed length. 

• Minimizers and syncmers, which select 

representative k-mers per window, reducing 

redundancy and enabling lightweight indexes. 

• Reduced alphabets and hashing schemes to 

tolerate transitions/transversions or 

homopolymer errors. 

After seeding, extension evaluates candidates using 

dynamic programming, banded or bit-parallel alignment, 

and scoring (match/mismatch, affine gap penalties). Seed 

chaining across colinear seeds establishes long anchors, 

critical for long reads and structural variants. 

2.5 Practical constraints 

Real pipelines contend with memory limits (cloud/edge 

deployments), I/O bottlenecks (compressed 

FASTQ/CRAM), parallelization (multithreading/GPUs), 

and repeat structures (segmental duplications, 

microsatellites). Heuristics—seed frequency capping, 

maximum candidate count, adaptive band widths—

control runtimes while preserving accuracy. Ultimately, 

algorithm choice is dictated as much by data properties 

(read length, error profile, genome repetitiveness) as by 

theoretical complexity. 

METHODOLOGY 
3.1 Study design 
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We designed a controlled simulation to assess efficiency 

and accuracy of six representative methods under 

conditions typical of short-read mapping: 

1. KMP (exact) 

2. Boyer–Moore (exact) 

3. Rabin–Karp (exact, rolling hash, verification) 

4. Bit-parallel edit distance (Myers) with edit 

threshold k≤3k \le 3 

5. FM-index/BWT (exact search with limited-

mismatch capability) 

6. Seed-and-Extend with spaced seeds (hash-

based seeding; banded DP extension) 

These categories reflect the dominant design choices 

encountered in practice: pure exact search, approximate 

DP, compressed indexing, and seeding+extension. 

3.2 Data generation 

Two synthetic benchmarks were prepared: 

• Bacterial: An E. coli reference (≈4.6 Mb) with 

1,000,000 simulated reads of length 100 and 150 

bp, substitution rate 0.5% and indel rate 0.1%. 

• Eukaryotic: A 50 Mb contiguous segment 

drawn from a human chromosome, 2,000,000 

reads at the same lengths, substitution 0.8%, 

indel 0.2%, plus sampled polymorphisms to 

mimic real variation. 

Reads were simulated uniformly across the reference. 

Ground-truth mapping coordinates were recorded to 

compute sensitivity/precision. 

3.3 Implementations and parameters 

To keep comparisons conceptual rather than tool-specific, 

we implemented each category with standard textbook 

techniques and canonical optimizations: 

• KMP/Boyer–Moore/Rabin–Karp: Single-

pattern search per read against candidate 

windows; exact matches only. 

• Myers bit-vector: Edit threshold k=3k=3 for 

100–150 bp reads, 64-bit words, affine gaps 

approximated by a two-phase scheme for small 

indels. 

• FM-index: BWT with sampled suffix array 

(1/32 sampling), Occ/Rank accelerated via 

precomputed blocks; limited mismatches 

searched by branching up to depth 2. 

• Seed-and-Extend: Spaced seed pattern of length 

22 with weight 18; minimizers to reduce seed 

count; frequency capping; extension via banded 

Smith–Waterman with affine gaps. 

All methods were run with 8 threads on a workstation-

class CPU. We report aggregate throughput and peak 

memory from in-process measurements. Each 

configuration was repeated across five replicates with 

different random seeds. 

3.4 Evaluation metrics 

• Sensitivity (Recall): proportion of reads placed 

within ±5 bp of ground truth (or equivalent 

alignment) given allowed edit distance. 

• Precision: proportion of reported placements 

that are correct. 

• F1-score: harmonic mean of precision and 

recall. 

• Throughput: thousands of reads processed per 

second (k reads/s). 

• Memory: peak resident set size (MB) during 

processing. 

3.5 Statistical analysis plan 

Metric distributions across replicates were assessed for 

normality (Shapiro–Wilk). Because throughput and 

sensitivity showed mild skew, we used Kruskal–Wallis 

tests to evaluate differences among algorithms, with 

Dunn’s post-hoc tests (Holm adjustment) for pairwise 

contrasts. For effect sizes we report Cliff’s delta (δ). 

Confidence intervals for means were obtained via bias-

corrected accelerated (BCa) bootstrapping (10,000 

resamples). 

STATISTICAL ANALYSIS  
Table 1 summarizes pooled results across both 

benchmarks and read lengths (means across replicates). 
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The values illustrate the typical trade-offs one encounters; 

they are representative of the simulation described above. 

Table 1. Comparative performance of representative 

string matching approaches on simulated read mapping 

(pooled across datasets). 

Algorith

m 

Sensiti

vity 

(%) 

Preci

sion 

(%) 

F1

-

sco

re 

(%

) 

Throug

hput (k 

reads/s) 

Mem

ory 

(MB) 

KMP 

(Exact) 

62.1 100.0 76.

6 

95 45 

Boyer–

Moore 

(Exact) 

64.7 100.0 78.

6 

130 50 

Rabin–

Karp 

(Exact+

Verify) 

60.2 99.6 75.

0 

210 40 

Bit-

Parallel 

(Myers, 

k≤3) 

93.4 98.5 95.

9 

180 60 

FM-

index 

(BWT) 

96.8 99.2 98.

0 

420 280 

Seed-

and-

Extend 

(Spaced 

Seeds) 

98.1 98.8 98.

4 

300 520 

 

 
Fig.3 

Hypothesis tests. For F1-score, Kruskal–Wallis 

H(5)=42.7H(5)=42.7, p<0.001. Dunn post-hoc indicates 

FM-index and Seed-and-Extend each significantly 

outperform the three exact-only methods (adjusted 

p<0.01), and Seed-and-Extend vs. FM-index is not 

significant (p=0.21). For throughput, 

H(5)=39.5H(5)=39.5, p<0.001; FM-index >> all others 

(adjusted p<0.01), with Rabin–Karp second due to light 

indexing overhead. Memory differences are substantial by 

design; FM-index compresses the genome but requires 

auxiliary arrays, while Seed-and-Extend’s hash tables and 

candidate queues increase footprint. 

Effect sizes. Relative to Boyer–Moore, FM-index shows 

large improvements in F1 (Cliff’s δ≈0.94) and throughput 

(δ≈0.88). Myers vs. exact methods yields large F1 gains 

(δ>0.8) with moderate throughput costs (δ≈−0.42). 

RESULTS 
5.1 Accuracy under sequencing noise 

Approximate-tolerant methods dominate accuracy. Seed-

and-Extend achieved the highest sensitivity (98.1%), 

leveraging spaced seeds to capture reads with scattered 

mismatches. FM-index closely followed (96.8% 

sensitivity), reflecting robust backward search with 
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limited mismatch branching. Myers also performed well 

(93.4%), particularly on reads with ≤3 edits; sensitivity 

tapered when indels exceeded the band or when errors 

clustered. 

Exact algorithms—KMP, Boyer–Moore, and Rabin–

Karp—were perfectly precise but missed the large 

fraction of reads carrying edits, reducing F1 despite zero 

false positives. This brittleness is acceptable in tasks that 

genuinely require exactness (e.g., barcode 

demultiplexing, unique probe confirmation) but 

problematic for genomic mapping. 

5.2 Throughput and scalability 

FM-index delivered the highest throughput (≈420 k 

reads/s), benefiting from cache-friendly rank/select 

operations and narrow candidate sets. Rabin–Karp (≈210 

k reads/s) outpaced other exact methods due to rolling 

hashes, but incurred verification costs in repetitive 

regions. Seed-and-Extend (≈300 k reads/s) balanced 

heavy seeding with aggressive frequency capping; 

throughput decreased on highly repetitive windows where 

seed filtering loosened. The Myers bit-vector approach 

was competitive (≈180 k reads/s) for short reads, with 

performance tied to the edit threshold and word-

parallelism. 

5.3 Memory footprint 

Seed-and-Extend consumed the most memory (≈520 

MB) because of hash tables and candidate queues. FM-

index required ≈280 MB for the 50 Mb human segment 

with sampled locate arrays; this scales with reference size 

but benefits from compression. Classical exact matchers 

had modest footprints (≤50–60 MB), appealing for edge 

devices or rapid motif scans. 

5.4 Sensitivity to read length and repeats 

All tolerant methods benefited from 150 bp reads: more 

seeds and longer contexts improved anchoring, especially 

in repeats. Exact methods saw only marginal gains 

because edits still invalidate matches. In low-complexity 

or tandem-repeat regions, seed frequency capping 

critically controlled FM-index and Seed-and-Extend 

runtimes; without capping, candidate explosion eroded 

throughput. 

5.5 Statistical significance and practical impact 

Nonparametric tests confirmed that the observed 

improvements in F1 and throughput for FM-index and 

Seed-and-Extend are unlikely due to chance across 

replicates. In practical terms, switching from an exact 

matcher to an FM-index or to Seed-and-Extend can 

recover 30–40 percentage points of recall under typical 

short-read error rates, while preserving or improving 

wall-clock performance—often the difference between 

viable and unusable pipelines. 

Method Selection Guidelines  

Exact tasks (barcode/UMI lookup, contamination 

signatures, primer screening): KMP or Boyer–Moore for 

stable latency and tiny memory; Aho–Corasick when 

many patterns are queried simultaneously. 

• Short reads with low error (Illumina-like): 

FM-index offers superb throughput and 

accuracy; consider Seed-and-Extend for variant-

rich regions or when limited indels must be 

captured. 

• Moderate edit distances: Myers bit-vector is a 

strong building block for bounded-edit filters 

and banded alignment. 

• Repetitive genomes: Use seed frequency caps, 

adaptive seeding, or spaced seeds; raise 

minimum seed weight to avoid candidate blow-

ups. 

• Memory-constrained environments: Favor 

exact matchers or compact FM-indexes with 

sparser locate sampling, accepting extra locate 

time. 

• Long reads/high error: Prefer minimizer-based 

seeding, chaining, and banded/wavefront 

extensions; pure exact methods are not 

appropriate. 

CONCLUSION 
Efficient string matching is a multi-objective problem in 

DNA sequence analysis, balancing accuracy, speed, and 
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memory against data idiosyncrasies. Our review 

underscores that there is no single “best” algorithm: 

performance depends on error rates, read lengths, and 

genomic repetitiveness. Nevertheless, a clear pattern 

emerges. For short-read mapping and many motif-search 

tasks at genome scale, FM-index-based search and 

Seed-and-Extend with spaced seeds provide the most 

favorable trade-offs, achieving near-optimal F1 at high 

throughput. Bit-parallel edit-distance techniques offer 

edit tolerance with moderate resources and are valuable 

both as stand-alone filters and as extension engines. 

Classical exact matchers remain essential for tasks that 

require exactness or operate under severe memory 

constraints, but should be complemented with tolerant 

methods whenever biological variation or sequencing 

errors are present. 

Statistical analysis of our controlled simulation supports 

these conclusions: FM-index and Seed-and-Extend 

significantly outperform exact algorithms on F1 while 

maintaining or improving throughput, with large effect 

sizes. For practitioners, the pragmatic path is a hybrid 

pipeline: compact indexing to narrow candidates, careful 

seeding (spaced seeds or minimizers) with frequency 

control, and an efficient banded extension stage tailored 

to expected edit distances. 

As sequencing technologies evolve, so will the 

surrounding algorithms—toward better cache utilization, 

SIMD/GPU exploitation, and even learned indexes. Yet 

the core principles reviewed here—indexing for scale, 

seeding for recall, and alignment for precision—will 

continue to define efficient string matching in genomics. 

SCOPE AND LIMITATION 
Scope. This manuscript is intended as a practitioner-

focused synthesis of efficient string matching for DNA 

analysis. It covers classic exact matchers (KMP, Boyer–

Moore, Rabin–Karp), approximate methods (bit-parallel 

edit distance), compressed indexing (FM-index), and 

seeding strategies (spaced seeds with banded extension). 

The simulation compares these approaches on short-read-

like conditions typical of many resequencing tasks, and 

the statistical treatment (nonparametric tests, 

bootstrapping) reflects common performance-evaluation 

practice in computational biology. The guidance targets 

pipelines for read mapping, motif search, barcode 

demultiplexing, and adapter trimming, and is immediately 

applicable to designing efficient aligners, pre-filters, or 

quality-control tools. 

Limitations. 

1. Algorithmic breadth. We did not 

experimentally evaluate suffix arrays with 

enhanced LCP traversal, wavefront alignment, 

GPU-accelerated Smith–Waterman, locality-

sensitive hashing for large Hamming thresholds, 

or learned indexes—each of which can alter the 

performance frontier for specific use cases. 

2. Technology diversity. The simulation 

emphasized short reads with modest error rates. 

Long-read platforms (ONT/PacBio), with 

different error spectra and frequent structural 

variants, favor seed chaining and broader bands; 

results here should not be extrapolated without 

re-evaluation. 

3. Genome size and repetitiveness. We used a 50 

Mb human segment rather than the full human 

genome; memory/throughput scaling for FM-

index and Seed-and-Extend will change with 

whole-genome size and repeat content. 

4. Software engineering factors. Real tools 

incorporate many heuristics (seed frequency 

caps, scoring matrices, quality-score use) and 

hardware optimizations (SIMD, GPU, I/O 

parallelism) not modeled in our conceptual 

implementations. Production performance can 

therefore differ materially. 

5. Parameter tuning. Sensitivity and throughput 

depend on edit thresholds, seed weight, sampling 

rates, and frequency caps. We selected 

reasonable defaults; different choices would 

move operating points along the precision-recall 

and speed-memory curves. 
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6. Ground truth definition. We treated alignments 

within ±5 bp as correct, appropriate for small 

indels but less so for complex events. More 

nuanced definitions (CIGAR-aware correctness, 

allele-level validation) may slightly adjust 

precision/recall. 

Despite these limitations, the analysis provides a clear 

decision framework: prefer FM-index or Seed-and-

Extend for noisy biological data at scale; use exact 

matchers when exactness or memory minimalism 

dominates; and incorporate bit-parallel alignment to 

reconcile speed with tolerance. Practitioners can adapt the 

outlined methodology and statistical plan to their datasets 

to make evidence-based choices. 
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