Objectives

Explain why classical dynamic programming (DP) alignment does not scale and relate this to
computational complexity.

Contrast exact DP alignment with heuristic and index-based approaches (BWT/FM-index,
minimizers), and interpret common alignment metrics (E-value, MAPQ).

Compare FASTA /BLAST /BLAT/BWT-based tools and articulate the speed-memory—sensitivity
tradeoff in biological applications.

Synthesize how algorithm choices depend on data modality (database search vs read mapping)
and sequencing technology (short vs long reads).

Key Concepts & Definitions

e Global vs local alignment: Needleman—Wunsch (end-to-end) vs Smith-Waterman (best local
region).

e Affine gap penalty: g(k) = go + kg (gap open + extend), modeled by Gotoh-style DP with

)

multiple states.

e Seed (k-mer/k-tuple): short exact word used to identify candidate matches before expensive
extension.

e HSP/MSP: high-scoring (often ungapped) local segments that BLAST-style methods extend and
report.

e BWT/FM-index: compressed full-text index enabling fast exact matching via backward search

in O(|P).

e Minimizer: representative k-mer selected from a window to sparsify seeding for long-read align-
ment.

e E-value: expected number of chance hits with score > S; MAPQ: Phred-scaled probability of
mis-mapping.

I. Classical Dynamic Programming Alignment (Exact but Slow)

Exact DP computes an optimal alignment by filling an n x m score matrix:
S(i,j) = max{S(i —1,j—-1)+s(xi,y;), SG—1,5) —g, S(i,j—1) — g}.

Local alignment adds max(-,0) to allow restarts.

The time cost is O(nm) because each cell depends on neighboring cells and must be computed
once.

This quadratic scaling becomes impractical for genome-scale database search and large-scale
read mapping.

DP is still used as a final refinement step (often banded) after fast methods identify a small set
of candidate regions.



Affine Gaps (Gotoh Recurrence)

To model more realistic indels, maintain match/insertion/deletion states:
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Affine gaps reduce biological bias (opening a gap is rarer than extending one) while preserving
O(nm) time.

IT. Heuristic Alignment: Seed-and-Extend (FASTA / BLAST)

FASTA accelerates alignment by hashing query k-tuples, scanning for word matches, then stitching
consistent diagonal hits and extending them.

BLAST improves sensitivity by generating a neighborhood of similar words via substitution
matrices, finding seed hits, then extending into high-scoring segment pairs (HSPs).

BLAST-style extension often uses a drop-off rule: stop when the running score falls below the
best-so-far by a threshold.

The key idea is to avoid full-matrix DP by doing expensive work only near promising seeds, which
converts an exhaustive O(nm) search into something closer to “number of seed hits + extension.”

Scoring and Statistical Significance (Database Search)
Ungapped segment score:
S = Z s(ag, b;), E ~ Kmne ™.
i=1

E-values are most central in database homology search (“how surprising is this match across a
huge database?”) rather than simple read mapping to a single reference.

I1I. Database Indexing: BLAT

BLAT reverses BLAST’s strategy by indexing the database (reference genome) rather than hashing
the query, yielding fast per-query alignment at the cost of higher memory and reduced sensitivity.
This “pay upfront” indexing approach is ideal when you will run many queries against the same
reference.
Conceptually, BLAT is a precursor to modern read mappers: heavy preprocessing enables high-
throughput query alignment.

IV. BWT /FM-index Methods (BWA /Bowtie-style Short-Read Map-
ping)

Modern short-read mappers build a searchable compressed index of the reference using the Burrows—
Wheeler Transform (BWT).

Backward search updates the suffix-array interval [I,r) when prepending character ¢:

I'=C(c) + Oce(e, ), r' = C(c) + Occ(e,r),



which yields exact match search time O(|P|) for a pattern P.

Indexing can require substantial memory for large references, but it greatly speeds repeated
queries.

In practice, BWT /FM-index provides fast exact seed finding, while mismatches/indels are han-
dled by limited backtracking or by DP extension around candidate loci.

V. Long-Read Alignment: Minimizers, Chaining, and Banded DP

Long reads (PacBio/ONT) have higher error rates, so aligners use sparse seeding (minimizers) and
chaining of colinear anchors before base-level extension.

Minimizers select a representative k-mer from each window of w consecutive k-mers, reducing
seed count by roughly a factor of w while maintaining coverage.

Banded DP restricts computation near a diagonal: |i—j| < b, reducing time to O(b-max(n, m)).

A key challenge is being error-tolerant at long length scales while remaining fast enough for
modern throughput.

Chaining is a “coarse DP” over anchors that narrows the search space so that expensive DP is
performed only where it matters.

VI. Mapping Quality (MAPQ)
MAPQ is a Phred-scaled mis-mapping probability:
MAPQ = —10log,o P(wrong mapping),
often derived from score differences between the best and second-best alignments. MAPQ is primar-

ily a read-mapping confidence measure and is especially useful in repetitive regions where multiple
placements compete.



Comparison Table: Methods

and Tradeoffs

Method Core idea Typical time Memory Best use-case /
scaling sensitivity
DP (NW/SW) Fill full matrix for O(nm) High (if full Very high
optimal alignment matrix) sensitivity; too
slow for
large-scale search
FASTA Hash query k-tuples; Depends on seed Moderate Medium speed
extend diagonal hits hits; far less than and sensitivity;
O(nm) in practice early heuristic
search
BLAST Neighborhood seeds +  Seed hits + Moderate High speed,
extend into HSPs; extension (roughly moderate
E-values linear per sensitivity;
extension) homology
database search
BLAT Index the reference Very fast per High upfront Fast mapping to a

BWT /FM-index

Minimizers +
chaining

Profiles / HMMs

genome for rapid
lookup

Compressed index;
backward search for
exact matching

Sparse seeds + anchor
chaining + banded
DP extension

Probabilistic models
for remote homology

query after
preprocessing

O(|P]) exact
matching + local
refinement

O(#seeds +
#anchors +b- L)
(typical)

Slower than
heuristics

index cost

Index cost
(GB-scale)

Moderate—
high

Varies

fixed genome;
moderate
sensitivity
Extremely fast
short-read
mapping;
moderate
sensitivity

Best for long,
error-prone reads;
supports SV
discovery

Very high
sensitivity;
computationally
heavy




Comparison Table: Sequencing Technology — Algorithm Choices

Data/Technology

Typical properties

Common strategy

Why it fits

Illumina short reads

PacBio / ONT long
reads

Protein DB search

Remote homology /
families

Short length, low error
rate, huge volume

Very long reads, higher
indel/substitution errors

Substitution matrices;
distant homology matters

Need high sensitivity
across diverged sequences

BWT/FM-index
seeding + local
refinement

Minimizers + chaining

+ banded DP

BLAST-style
seed-and-extend +

E-values

Profiles / HMMs
(slower)

Exact matching is
fast; throughput
demands indexing

Sparse seeds tolerate
errors; chaining
narrows candidate
paths

Statistical calibration
is crucial across large
databases
Model-based

approaches recover
weak signals

Discussion / Limitations

As biological data grew from proteins to genomes to massive read sets, quadratic DP became
infeasible and motivated heuristics and indexing.

Faster methods trade sensitivity for scalability, and practical deployments may face long-read
challenges and privacy/clinical constraints.

Modern challenges include graph/pangenome alignment, ultra-long reads, and maintaining ac-
curacy under speed and memory constraints.

Overall, alignment pipelines are layered: fast seeding/indexing identifies candidates, and con-
strained DP refinement provides base-level accuracy where needed.
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