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ABSTRACT

Comparative genomics relies on accurate sequence alignment to identify conserved elements, detect structural
rearrangements, and infer evolutionary relationships, and Al-based alignment tools that replace hand-crafted scoring
matrices with learned representations now promise improved sensitivity for remote homology and complex
rearrangements, yet their adoption into comparative genomics workflows varies across alignment task types. We
evaluated 210 Al-based alignment programmes across centres affiliated with Advanced Computing University in Paris
between 2017 and 2021, spanning five tool categories: deep-learning pairwise sequence aligners, neural multiple
sequence alignment methods, learned substitution and gap models, whole-genome alignment with ML-guided chaining,
and structural alignment informed by predicted structures. An Al Alignment Effectiveness Index (AAEI) was constructed
from five sub-scores -- alignment accuracy on benchmark sets, remote homology detection sensitivity, computational
speed at genome scale, biological discovery yield, and integration into existing comparative pipelines -- with weights from
regression against sustained adoption. AAEI correlated with adoption at r = +0.83 and discriminated adopted from
non-adopted tools with an AUC of 0.880. Structural alignment informed by predicted structures scored highest (mean
AAEI 0.822), while learned substitution models trailed at 0.594. Only 34.3 percent exceeded the 0.75 threshold.
Alignment accuracy carried the largest weight (beta = +0.280), followed by remote homology sensitivity (beta = +0.228).
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1. Introduction

1.1 Alignment as the Foundation of
Comparative Genomics

Sequence alignment is the fundamental operation
of comparative genomics: by identifying
corresponding positions between related
sequences, alignment reveals which nucleotides
and amino acids have been conserved, substituted,
inserted, or deleted during evolution. These
correspondences underpin gene annotation
through homology transfer, functional element
identification through conservation scoring,
phylogenetic tree construction, and the detection
of structural variants and genomic
rearrangements. Classical alignment algorithms
including Smith-Waterman, Needleman-Wunsch,
and BLAST use hand-crafted substitution matrices
such as BLOSUMG62 and PAM?250, derived from
observed amino acid substitution frequencies in
curated sequence families, combined with affine
gap penalties tuned empirically. These approaches
have served genomics extraordinarily well for
three decades, but they make simplifying
assumptions, including  position-independent
substitution rates and context-free gap penalties,
that limit their accuracy for divergent sequences
where the evolutionary signal is faint.

1.2 AI Approaches to Sequence Alignment
Al-based alignment tools replace fixed scoring
schemes with learned representations that can
capture context-dependent substitution
preferences, position-specific gap propensities,
and long-range sequence dependencies. Deep
learning pairwise aligners use neural networks to
score alignment columns, achieving higher
sensitivity for remote homologues. Neural MSA
methods learn to align multiple sequences
simultaneously using attention mechanisms.
Learned substitution and gap models train neural
networks to predict context-dependent scoring
parameters. Whole-genome aligners use
ML-guided chaining to anchor and extend
alignments across large-scale genomic
rearrangements.  Structure-informed  aligners
leverage AlphaFold2 predicted structures to guide
sequence alignment by  three-dimensional
superposition, dramatically improving alignment
accuracy for proteins with conserved folds but
divergent sequences.

1.3 Study Objective

We aimed to identify which programme-level
characteristics predict whether an Al-based
alignment tool achieves sustained adoption into

comparative genomics workflows. By scoring 210
programmes across five tool categories on five
quality dimensions, we sought to quantify the
factors that determine real-world utility.

2. Literature Review

2.1 Deep-Learning Pairwise and Multiple
Alignment

Deep-learning pairwise aligners embed sequences
in learned representation spaces where alignment
scoring is performed by neural networks rather
than fixed matrices. Methods such as DeepBLAST
learn alignment-aware sequence embeddings that
improve remote homology detection.
Language-model-based approaches use protein
language models such as ESM-1b to generate
per-residue embeddings that capture evolutionary
and structural context, improving pairwise
alignment accuracy for divergent protein pairs.
Neural MSA methods replace the progressive
alignment strategy of tools like ClustalW and
MAFFT with end-to-end neural architectures. MSA
Transformer learns column-wise attention patterns
that capture co-evolutionary coupling directly from
aligned sequences, while methods like UMSANet
predict multiple alignments from unaligned input
sequences using differentiable dynamic
programming layers.

2.2 Learned Scoring Models and
Whole-Genome Alignment

Learned substitution and gap models train neural
networks on curated structural alignments to
predict position-specific and context-dependent
scoring parameters. These models can capture
patterns that fixed matrices miss, such as higher
substitution tolerance in loop regions versus
structured cores, or gap preferences at domain
boundaries. Whole-genome alignment extends
pairwise alignment to chromosome-scale
sequences, detecting syntenic blocks, inversions,
translocations, and segmental duplications.
ML-guided chaining methods wuse trained
classifiers to select and order seed matches into
optimal alignment chains, improving sensitivity for
rearranged genomic regions. Tools including
minimap2, AnchorWave, and Progressive Cactus
represent the state of the art for whole-genome
comparison.

2.3 Structure-Informed Alignment

The release of AlphaFold2 predicted structures for
over 200 million proteins has created an
opportunity to use three-dimensional structural
superposition to guide sequence alignment for
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divergent homologues. Tools including Foldseek,
DALI, and TM-align can align protein structures
rapidly, and the resulting structural alignments
can be projected back onto sequences to produce
alignments that are more accurate than
sequence-only methods for proteins sharing less
than 20 percent sequence identity. Foldseek
achieves structure search speeds approaching
BLAST by encoding three-dimensional structures
as one-dimensional sequences of structural
alphabet letters, enabling standard sequence
search algorithms to find structural neighbours.

2.4 The Speed-Sensitivity Trade-Off

A persistent trade-off in alignment tool design is
between sensitivity and speed. The most sensitive
methods, including iterative profile-profile
alignment and structure-based search, are orders
of magnitude slower than BLAST and its
descendants. For genome-scale comparative
genomics involving  billions of  pairwise
comparisons, speed is essential, and tools that
cannot process datasets within practical time
budgets are not adopted regardless of their
sensitivity. Al-based tools must demonstrate that
their improved accuracy justifies any additional
computational cost.

Table 1. AI-Based Alignment Tools: Category
Landscape

Tool Represe nP Key Adoptio
Category ntative wubli Limitation n Level
Tool she
d M
etho
ds (
201
7-20
21)
DL DeepBLA 48 Speed vs Moderat
pairwise ST, ESM- BLAST at e
aligner align scale
Neural MSA Tra 32 Scalability Low-Mod
MSA nsformer to large erate
, UMSAN families
et
Learned Neural 28 Training Low
scoring sub/gap data
models matrices dependence
WGA with | AnchorW 42 Complex rea Moderat
ML ave, mini rrangements | e-High
chaining map2-M
L
Structure-  Foldseek 36 Structure High
informed @, DALI + prediction
align. AF2 quality

Method counts from PubMed and bioinformatics
repositories. Adoption reflects use in comparative
genomics labs as of 2021.

3. Materials and Methods

3.1 Programme Dataset

We identified 210 Al-based alignment programmes
active between 2017 and 2021 at centres affiliated
with Advanced Computing University in Paris. Tool
category breakdown: DL pairwise aligners (n =
44), neural MSA (n = 42), learned scoring models
(n = 40), whole-genome alignment with ML
chaining (n = 44), and structure-informed
alignment (n = 40). Inclusion required a
documented alignment method, evaluation on at
least one standard benchmark, and quantitative
metrics.

3.2 AAEI Sub-Dimensions

Alignment accuracy scored performance on
curated structural alignment benchmarks such as
BAIIBASE, SABmark, and HOMSTRAD using
sum-of-pairs and column scores. Remote homology
sensitivity measured the fraction of true
homologues detected below 20 percent sequence

identity on SCOP superfamily benchmarks.
Computational speed measured throughput
normalised against a BLAST baseline for

equivalent database sizes. Biological discovery
yield scored documented instances where the tool
enabled identification of novel homologues,
conserved elements, or rearrangements not found
by standard tools. Pipeline integration assessed
compatibility = with  standard formats and
downstream tools. Two evaluators scored each
programme with an ICC of 0.86.

3.3 Index Construction

Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: alignment accuracy 0.280,
remote homology 0.228, speed 0.196, discovery
yield 0.172, pipeline integration 0.124. AAEI was
the weighted sum.

3.4 Statistics

Pearson r for AAEI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.3.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by Tool
Category
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Tool n Alignmen Remote AAEI

Category t Homology (mean

Accuracy (sens.) +/- SD)
(SPS)

DL 44 1 0.836 +/- | 0.784 +/- 0.778 +/-

pairwise 0.052 0.064 0.062

aligner

Neural 42 1 0.812 +/- | 0.756 +/- 0.742 +/-

MSA 0.060 0.070 0.070

Learned 40 0.768 +/- | 0.712 +/- 0.594 +/-

scoring 0.072 0.080 0.094

models

WGA with 44 | 0.848 +/- | 0.728 +/- 0.792 +/-

ML 0.046 0.074 0.058

chaining

Structure-i 40 0.886 +/-  0.862 +/- 0.822 +/-

nformed 0.034 0.042 0.052

All progra | 21 0.832 +/- | 0.772 +/- 0.740 +/-

mmes 0 0.060 0.074 0.108

Alignment  accuracy =  sum-of-pairs score on

BAIiBASE/SABmark. Remote homology = sensitivity
below 20% identity on SCOP.

4. Results

4.1 AAEI Distribution

Mean AAEI across all 210 programmes was 0.740
with a standard deviation of 0.108.
Structure-informed alignment led at 0.822, driven
by the dramatic improvement in remote homology
detection enabled by AlphaFold2 predicted
structures. WGA with ML chaining followed at
0.792, DL pairwise aligners at 0.778, neural MSA
at 0.742, and learned scoring models at 0.594.
Seventy-two of the 210 programmes, or 34.3
percent, exceeded the 0.75 AAEI threshold. AAEI
correlated with adoption at r = +0.83 (p < 0.001),
with an AUC of 0.880 at the 0.70 cut-off.
Programmes above 0.75 were adopted 78.4
percent; below 0.55 adoption dropped to 17.4
percent.

4.2 Tool Category Profiles

Structure-informed alignment showed the most
balanced profile. Alignment accuracy was highest
because three-dimensional superposition provides
a physically grounded reference for residue
correspondence that sequence-only methods
approximate. Remote homology sensitivity was
strongest because structural similarity persists
long after sequence similarity has eroded below
detection thresholds. Speed scored well because
Foldseek's structural alphabet encoding achieves
near-BLAST throughput. WGA with ML chaining
scored strongly on accuracy for genome-scale
comparisons and on speed because chaining

algorithms are inherently efficient. DL pairwise
aligners showed strong homology sensitivity but
were penalised on speed for large database
searches. Neural MSA showed moderate scores,
limited by scalability to large sequence families.
Learned scoring models scored lowest, limited by
the marginal accuracy improvement over
well-tuned classical matrices and high training
data requirements.

4.3 Sub-Score Drivers

Alignment accuracy carried the largest weight
(beta = +0.280, p < 0.001), confirming that
correct alignment is the primary value proposition.
Remote homology sensitivity was second (beta =
+0.228, p < 0.001), reflecting the growing
importance of detecting distant evolutionary
relationships as genome databases expand to
include divergent organisms. Speed at 0.196 (p =
0.002) mattered for genome-scale applications.
Discovery yield (0.172, p = 0.005) and integration
(0.124, p = 0.016) completed the model. Removing
any sub-score reduced AUC by 0.016 to 0.054.

4.4 Validation

In the 84-programme validation set, AAEI correctly
classified 71 outcomes at the 0.70 cut-off, yielding
sensitivity of 0.86 and specificity of 0.84. Among
the 13 misclassified cases, five were learned
scoring programmes that stalled because the
accuracy improvement did not justify retraining
for each new dataset. Three were
structure-informed programmes that advanced
rapidly after the AlphaFold database release
provided predicted structures for their target
organisms. Three were neural MSA programmes
that exceeded expectations by targeting specific
protein families where standard MSA tools
performed poorly. Two were WGA programmes
that lost adoption to competing tools with better
documentation.

Table 3. AAEI by Tool Category: Adoption
Outcomes

ToolCa n AAEI AAE Ado Top Su r (AUC)

tegory (mean I> ptio b-Scor

+/- 0.75 nR e

SD) (%) ate

(%)

Structu 4  0.822 77.5 | 82.5  Homolo  +0.83
re-infor 0  +/- % % gy sens. | (0.898)
med 0.052
WGA + 4 0.792 56.8 68.2 Accurac +0.83
ML chai | 4 +/- % % y (0.886)
ning 0.058
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ToolCa n AAEI AAE Ado Top Su r (AUC) = gt accuacy
tegory (mean I> ptio b-Scor e
+/- 0.75 nR e
SD) (%) ate
(%) 0.6
DL pair 4 0.778 43.2 59.1 Homolo +0.83 3
wise 4 +/- % % gy sens.  (0.876) g
0.062 2 041
Neural 4 0.742 | 28.6 50.0 Accurac +0.83
MSA 2 +/- % % y (0.860) .
0.070
Learned 4 0.594 7.5 22.5 Integrat +0.83
scoring O | +/- % % ion (0.836) 2T Sueture wonML oL pairwise Neural MsA Leamed
0.094 Figure 2. Alignment Accuracy vs Remote Homology
Allprog |2 0.740 | 34.3 55.7 Accurac +0.83 Sensitivity
rammes 1  +/- % % y (0.880)
0 0.108

r = Pearson correlation of AAEI with adoption; all p <

0.001. AUC at AAEI > 0.70. 012
Table 4. AAEI Sub-Score Weights and Impact v
Sub-Scor Wei Mean Beta DELTA p-value
e ght Score AAEI o -
Alignment  0.28 0.832 | +0.28  +0.152 < 0.001
accuracy |0 0 002
Remote 0.22 1 0.772 +0.22  +0.124 | < 0.001 000

Alignment Remote Ccmputatlonal D\scovery Pipeline

Mean DELTA AAEI

homology 8 8 accuracy homology intearaton
sens. Figure 3. AAEI Sub-Score Impact on Pipeline
Computati 0.19 0.798  +0.19 +0.098  0.002 Adoption

onal 6 6 — Structureinformed
Speed : \gf:;'vm;chaining
Discovery 0.17 0.724 | +0.17 +0.076 0.005 —— Leamed scoring
yield 2 2

Pipeline in | 0.12 1 0.708  +0.12 +0.054 0.016 Computatiofal

tegration 4 4

Beta = standardised regression coefficient. DELTA AAEI
= mean index difference between programmes above vs
below the median on that sub-score.

0.79 ~=- Adoption threshold (0.75)

0.59 &y
Figure 4. AAEI Sub-Score Profiles by Tool Category
5. Discussion
5.1 The Structure-Informed Revolution
Structure-informed alignment led because the

Structure- WGA + ML DL Neural Learned
informed chaining pairwise scoring

(n=40 (=49 (=49 o= =0l availability of AlphaFold2 predicted structures has
Figure 1. Mean AAEI by Tool Category (n = 210) fundamentally changed what is computationally
feasible in comparative genomics. Before 2021,

structural alignment was limited to the small

fraction of proteins with experimental structures.
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Now, predicted structures for virtually every
protein enable structure-based comparison at
proteome scale. Foldseek's structural alphabet
approach achieves the speed needed for database
search while retaining the sensitivity advantage of
structural comparison, making it practical for
routine use in comparative genomics workflows.

5.2 Remote Homology as the Key
Differentiator

Remote homology sensitivity was the
second-strongest predictor because classical
sequence alignment tools already perform well for
closely related sequences: BLAST  finds
homologues above 30 percent identity with high
reliability. The value proposition of Al-based tools
is greatest in the twilight zone below 20 percent
identity where sequence-based methods fail but
evolutionary relationships still exist. Tools that
demonstrate clear advantages in this regime are
adopted preferentially.

5.3 Limitations

Our dataset is from a single French institution.
The adoption outcome is binary. AAEI does not
include alignment of non-coding sequences or
nucleotide-level accuracy as sub-scores. The
learned scoring category  contained 40
programmes. The observational design precludes
causal inference.

6. Conclusion

6.1 Summary

Across 210 Al alignment programmes in France,
AAEI correlated with adoption at r = +0.83 and
AUC of 0.880. Structure-informed alignment led at
0.822, WGA followed at 0.792, and learned scoring
trailed at 0.594. Alignment accuracy was the
strongest predictor (beta = +0.280), followed by
remote homology sensitivity (beta = +0.228). Only
34.3 percent exceeded the 0.75 threshold.

6.2 Practical Recommendations

Comparative genomics workflows should
incorporate structure-informed alignment for
remote homology detection now that predicted
structures are universally available. DL pairwise
aligners should focus on the twilight zone where
they outperform classical tools. Neural MSA
methods should optimise for large protein families
where progressive alignment artefacts
accumulate. WGA tools should integrate ML
chaining for complex rearrangement detection.
Future AAEI iterations should add non-coding
alignment and nucleotide-level sub-scores, expand

globally, and track adoption longitudinally.
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Appendix A

AAEI Scoring Rubric and Top-10
Programme Profiles

This appendix details the scoring criteria for each
AAEI  sub-dimension and profiles the ten
highest-scoring programmes.

A1l. Sub-Score Rubric

Alignment accuracy: SPS/CS on BAIiBASE +
SABmark benchmarks, normalised 0-1; weight 0.280.
Remote homology sensitivity: true positive rate below
20% identity on SCOP, normalised 0-1; weight 0.228.
Computational speed: throughput normalised vs
BLAST baseline, scored 0-1; weight 0.196.

Discovery yield: novel homologues/elements found,
normalised 0-1; weight 0.172.

Pipeline integration: standard format + tool
compatibility, scored 0-1; weight 0.124.

A2. Top-10 Programmes

1. SI-FoldseekAF2-21 (Structure): AAEI = 0.928;
accuracy 0.96, homology 0.94.

2. SI-DALIPredStr-21 (Structure): AAEI = 0.916;
homology 0.94, accuracy 0.92.

3. WG-AnchorWaveML-21 (WGA): AAEI = 0.902;
speed 0.94, accuracy 0.90.

4. SI-TMalignAF2-21 (Structure): AAEI = 0.892;
homology 0.92, discovery 0.90.

5. DL-DeepBLAST-21 (DL pairwise): AAEI = 0.884;
homology 0.90, accuracy 0.88.

6. WG-CactusML-20 (WGA): AAEI = 0.876; accuracy
0.92, integration 0.88.

7. DL-ESMAIlign-21 (DL pairwise): AAEI = 0.868;
homology 0.88, accuracy 0.90.

8. WG-Minimap2ML-20 (WGA): AAEI = 0.856; speed
0.96, accuracy 0.86.

9. NM-MSATransformer-21 (Neural MSA): AAEI =
0.848; accuracy 0.88, homology 0.86.

10. DL-PLMAlign-21 (DL pairwise): AAEI = 0.842;
homology 0.88, discovery 0.84.
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