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Abstract

Background

Promoter CpG composition has been proposed to predict vertebrate lifespan, with higher CpG
density hypothesized to buffer age-related DNA methylation drift. Recent comparative analyses
in protostomes suggest that lifespan associations extend to other short motifs across multiple

genomic regions. We tested whether these sequence features can predict lifespan in protostomes.

Results

Using lifespan and genomic data for 466 species spanning eight protostome phyla, we compared
di-, tri-, and tetranucleotide lifespan predictors across different sets of genomic regions. Models
were fitted using least absolute shrinkage and selection operator (LASSO) regression with 327
species for model development and evaluated in a fixed-holdout set of 139 species. Conserved
genes were identified with Benchmarking Universal Single-Copy Orthologs (BUSCO). The best-
performing model combined relative frequencies (Frequency) and observed/expected ratios
(O/E) of 64 trinucleotides across six BUSCO-associated regions: exons, introns, and two regions
each around the start and stop codons. Fixed-holdout predictions achieved a predictive R* of
0.594 for In(lifespan), a mean absolute error of 5.24 years, and a median fold error of 1.91. The
model outperformed models based on phylogenetic relatedness or genome size, as well as an
individual-gene upstream CpG O/E model adapted from previous promoter-based approaches.
Frequency and O/E contributed complementary regional information, with Frequency coefficient
magnitudes most prominent around translation initiation and O/E coefficient magnitudes in

upstream and downstream flanking regions. In leave-one-taxon-out validation, models were
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trained excluding any species from the target taxon. At higher taxonomic ranks (phylum to
order), the models captured relative lifespan differences within excluded groups, although
absolute lifespan estimates were inaccurate for phyla and classes. At lower ranks (family and
genus), the models captured little within-group variation but produced lower prediction errors,
suggesting that their higher accuracy largely arose from correctly estimating the average lifespan

of each family or genus, rather than predicting variation among its species.

Conclusions

Regional trinucleotide composition supports lifespan prediction across multiple invertebrate
phyla and provides information beyond that captured by the phylogenetic predictors. Its ability to
recover lifespan associations in taxa absent from training supports the potential applicability to

genomic lifespan estimation in any animal group.

Background

Animal life histories vary extensively as a result of adaptation to different environments and
diversification of niche exploitation strategies within them (Healy et al., 2014; Jones et al.,
2014). Lifespan is a key component of species life history and covaries with a range of
physiological and demographic traits; for example, larger animals generally mature later and live
longer (Healy et al., 2019). Lifespan is also strongly linked to reproductive strategies, with
longer-lived species often having lower mass-specific annual reproductive output over extended

periods (Jones et al., 2014; Healy et al., 2019). The adaptive significance of lifespan makes it
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important in predicting population biology parameters such as population growth rate and
viability (Wang et al., 2019). However, obtaining lifespan estimates for many animal species is
difficult. Estimates often require prolonged observation, reliable age determination, or inference
from age-specific mortality rates in intensively studied populations (Baylis et al., 2014; Reinke et
al., 2020). The lifespan records that are currently available cover only a small fraction of animal
diversity, often focusing on abundant and commercially harvested species (de Magalhaes et al.,
2024; La Mesa & Eastman, 2024).

Genome sequence analyses offer an alternative source of lifespan estimates (Mayne et al.,
2019; Budd et al., 2025). Previous work has linked promoter CpG composition to vertebrate
longevity (Sheldon et al., 2023). Positive associations in conserved mammalian promoters led to
the hypothesis that higher CpG density could buffer age-related changes in DNA methylation
and thereby help maintain gene regulation in longer-lived species (McLain & Faulk, 2018).
Promoter CpG density has subsequently been used to predict lifespan across vertebrates (Mayne
et al., 2019), and CpG observed/expected ratios have supported a fish-specific predictor (Budd et
al., 2025). However, negative associations at many promoters show that a uniformly positive
CpG-lifespan relationship does not explain all of these patterns (Mayne et al., 2019; Budd et al.,
2025). Comparative methylation data provide partial support for CpG buffering, but CpG density
does not fully explain interspecific differences in epigenetic drift (Bertucci-Richter & Parrott,
2023). The substantial evolutionary variation in invertebrate gene-body methylation further
limits the assumption that the same relationships apply across animals (Sarda et al., 2012;
Engelhardt et al., 2022). The vertebrate predictor also showed limited accuracy when applied to
non-vertebrates (Mayne et al., 2019). Evaluating other short motifs and gene-associated regions

could therefore reveal additional sources of lifespan-related information in protostome genomes.
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Associations between sequence composition and lifespan that extend beyond promoter
CpG to numerous di-, tri-, and tetranucleotide motifs across multiple genomic regions have been
identified in protostomes (Kondo & Budd, 2026). Using sequence counts pooled across
conserved genes, they detected widespread lifespan associations in gene-associated non-coding
regions, suggesting that regional sequence summaries could predict species lifespan.
Comparative associations alone, however, do not establish how accurately lifespan can be
predicted for an unobserved species. Shared ancestry presents an additional challenge because
sequence composition and lifespan may both be conserved within lineages (Felsenstein, 1985).
Evaluating predictions for species from taxonomic groups represented in or absent from the
training data therefore addresses distinct aspects of generalization (Roberts et al., 2017).

Here, we used lifespan and genomic data for 466 species from eight protostome phyla to

address three questions:

(1) how accurately can short nucleotide motifs predict lifespan in protostomes?
(2) does motif composition provide lifespan-related information beyond that captured by
phylogenetic relatedness and genome size?

(3) can these relationships support prediction for taxonomic groups absent from model training?

We addressed these questions by comparing sequence-based models and evaluating predictions
for species not used in training, both from taxonomic groups represented in the training data and

from groups entirely absent from it.
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Methods

Lifespan and genomic data collection

We analyzed 466 protostome species spanning eight phyla from the data set of Kondo &
Budd (2026), which describes lifespan curation, gene annotation, and nucleotide counting in
detail. Briefly, the response variable was the median published maximum lifespan for each
species, and genome assemblies were obtained from the National Center for Biotechnology
Information. Lifespan in days was natural-log transformed for analysis. Species names, assembly
accessions, lifespan values, taxonomy, and data-set assignments are provided in Supplementary

Table S1.

Sequence regions and nucleotide predictors

Sequence regions followed Kondo & Budd (2026). Conserved metazoan orthologs were
annotated with BUSCO v5.8.2 (Manni et al., 2021) and Miniprot (Li, 2023) using
metazoa_odb10. Coding segments were treated as exons and the intervals between successive
coding segments as introns. Four boundary regions were defined relative to coding boundaries:
Upstream 1, =300 to —100 bp from the start codon; Upstream 2, =100 to +100 bp from the start
codon; Downstream 1, =100 to 0 bp from the stop codon; and Downstream 2, 0 to +200 bp from
the stop codon. These four regions, pooled exons, and pooled introns retained gene orientation.
Candidate models also included whole-genome and intergenic sequence. Intergenic nucleotide
counts were calculated using the full gene set predicted by AUGUSTUS (Stanke et al., 2006).
For each assembly, counts from extended gene regions from 2 kb upstream of the start codon to

1 kb downstream of the stop codon were subtracted from whole-genome counts. We examined



138  each of the eight regions individually and five combined region sets, giving 13 prespecified

139  region sets. As a gene-set sensitivity analysis, candidate-model performance was also evaluated
140  using all AUGUSTUS-predicted genes instead of Miniprot BUSCO genes (Supplementary Fig.
141 S1).

142 Overlapping di-, tri-, and tetranucleotides were counted with a one-base step after

143 excluding windows containing non-ATGC characters. Counts were pooled by species and

144  region. For motif j, Frequency was its observed frequency,

n.
145 Frequency; = f; = K—],
k=1"k

146 where n; is the count of motif j, K is the number of possible motifs of the same length, and the
147  denominator is the total count of valid motifs of that length in the same species and region.

148 Expected frequencies were calculated from lower-order composition in the same species and

149 region:

_ _ f(AB)f(BC) _ f(ABCO)f(BCD)
150 E(AB) = f(A)f(B), E(ABC) _—f(B) , E(ABCD) = FBO) .
151  For motif j, observed/expected enrichment was
152 O/E; = g—]

j
153 where f; and E; are its observed and expected frequencies, respectively.

154 Because strand orientation outside annotated genes is arbitrary, each motif was combined
155  with its reverse complement in whole-genome and intergenic sequence (e.g., AAC with GTT).
156  For paired motifs, observed frequencies were summed and O/E was calculated by dividing the
157  summed observed frequencies by the summed expectations; self-reverse-complementary motifs

158  remained singletons. This reduced the 16 dinucleotides, 64 trinucleotides, and 256
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tetranucleotides to 10, 32, and 136 reverse-complement classes, respectively. Reverse-
complement collapsing was not applied to the six oriented gene-associated regions, which
retained 16, 64, and 256 motifs. Trinucleotide counts and the corresponding Frequency and O/E

measures for the final model are provided in Supplementary Table S2.

Model training and selection

Species were assigned once to a development set (n = 327) or fixed-holdout set (n =
139), and the same assignment was used throughout. The fixed holdout was not used for model
selection or tuning. Within the development set, we compared 117 predictor configurations
defined by three motif lengths, three composition measure sets (Frequency, O/E, and Frequency
+ O/E), and 13 region sets.

For each predictor configuration, the development set was repeatedly divided into an
outer-training subset (70%) and an outer-test subset (30%) for 1,000 outer resampling iterations.
A linear LASSO regression model with an intercept was fitted to each outer-training subset
(Tibshirani, 1996). The coefficients were chosen to minimize the following objective, which

balances squared prediction error against an absolute-coefficient penalty:

n b
1
Lo, B: ) =5 > (= o= xIB)" + 24 ) |5y
i=1 =1

Here, n is the number of outer-training species, p is the number of predictors, y; is known
In(lifespan days), Xx; is the predictor vector for species i, B, is the intercept, B is the vector of
predictor coefficients, and A controls the strength of the penalty. Larger values of A produce
greater coefficient shrinkage and more coefficients equal to zero. This is the Gaussian family in

glmnet (Friedman et al., 2010) with the mixing parameter « = 1, corresponding to the LASSO
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penalty. Predictors were internally mean-centered and scaled by glmnet using the outer-training
data; the same transformations were applied when predicting the corresponding outer-test
species.

Within each outer-training subset, A was evaluated over 100 values by tenfold inner
cross-validation. We selected lambda.1se, the largest value of A whose mean cross-validation
error was within one standard error of the minimum, thereby favoring a more strongly
regularized model with cross-validation error close to the minimum. The fitted model was then
applied without refitting to the outer-test subset. Predictor configurations were ranked by mean
outer-test mean squared error (MSE) across the 1,000 iterations. The lowest-error
configuration—trinucleotide Frequency + O/E from the six gene-associated regions—was fixed
for all subsequent sequence-model analyses. It contained 64 trinucleotides x 2 composition

measures X 6 regions = 768 predictors.

Prediction generation, performance, and error analysis
For each development species, predictions were averaged only from splits in which that
species was in the outer-test subset, typically about 300 of the 1,000 splits. This produced one
cross-fitted prediction: an average based only on models that had not been trained on that
species. For each fixed-holdout species, predictions were averaged across all 1,000 outer models.
Performance was summarized separately for development and fixed-holdout species by

MSE and the predictive coefficient of determination (Réred):

n
! SSE n oy 5.)2
MSE = EZ(J’L - yi)z , R}%I‘ed =1—-—=1-= 21_1(}’1 yl)
i=1

SST Yie i =%
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Here, n is the number of evaluated species; y; and y; are the known and predicted In(lifespan
days) of species i; y is the mean known value in the evaluated subset; SSE is the sum of squared
prediction errors; and SST is the total sum of squares around y. Thus, R;red = 0 indicates no

reduction in squared error relative to predicting the subset mean, and negative values indicate
worse performance.

Prediction errors were summarized on three complementary scales: absolute error (AE,
years) on the original time scale, fold error (FE) on the ratio scale, and signed log error (SLE) on
the log scale:

edi Vi

AE: = 1365 " 365

, FEL = elyi_yil’ SLEl = y\i —_ yl"

Positive and negative SLE values denote overprediction and underprediction, respectively

(Supplementary Fig. S2).

Comparison with alternative predictors and control models

The selected trinucleotide predictor set (Motifs, M) was compared with 12 phylogenetic
eigenvectors (Phylogeny, P) and In-transformed genome size (Genome size, G) on the same
fixed holdout. Pairwise and three-way combinations of these predictor sets were also evaluated,
giving seven models in total. The 12 phylogenetic eigenvectors were obtained by eigen
decomposition of the species-by-species phylogenetic correlation matrix derived from a
protostome tree downloaded from the Open Tree of Life (Hinchliff et al., 2015). Species absent
from the tree were assigned to the terminal branch of a closely related species. The species-to-
tree-tip assignments and the 12 eigenvector values are provided in Supplementary Table S3.

Three additional benchmark models were prespecified. The individual-BUSCO CpG

model used one Upstream 1 CpG O/E value per BUSCO gene, corresponding to the promoter-

10
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CpG approaches of Mayne et al. (2019) and Budd et al. (2025). The BUSCO presence/absence
model encoded recovery of each metazoa odb10 ortholog as 1 or 0. The randomized-predictor
control used the same 768 trinucleotide Frequency/O/E predictor columns after their values had
been shuffled among species before model fitting. All benchmark models used the same
development/fixed-holdout assignment as the selected model.

For M, P, and G, we applied the inclusion—exclusion equations of three-set commonality
analysis (Nimon et al., 2008, 2017) to partition the fixed-holdout predictive R? of the complete
M + P + G model into unique and shared components. The total contribution of a predictor set
was the sum of every component containing that set, expressed relative to the complete-model

predictive R?.

Feature selection and coefficient summaries

Feature summaries used the 1,000 outer fits and no fixed-holdout outcomes. For predictor
J, selection frequency was the proportion of fits with a nonzero coefficient. Unselected predictors
were assigned coefficients of zero when calculating ensemble means. Because glmnet returns
coefficients on the original predictor scale, coefficients were standardized using the standard

deviation s; of predictor j across all 327 development species:

R R

—std 1 —std 1

ﬁjt =s; <§Z ﬁjr>, 1B, =5 <§Z|ﬁjr|>-
r=1 r=1

—std
Here, B is the coefficient of predictor j in outer fit 7, R = 1,000, Bj is the mean signed

—std
standardized coefficient, and |8 |j is the mean absolute standardized coefficient. The latter was

summed across predictors to obtain the total standardized coefficient magnitude of a region,

composition measure, or motif category. For a group g, its coefficient-magnitude share was

11
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Here, g denotes the predictor group and p = 768 is the total number of predictors. For matched
Frequency and O/E predictors, selection frequencies were compared by Spearman’s p within
each region, with false-discovery-rate (FDR) adjustment across the six tests using the

Benjamini—-Hochberg method (Supplementary Fig. S3).

Motif category enrichment

We tested whether coefficient magnitude was concentrated in three simple trinucleotide
sequence categories—AT-rich motifs (at least two A/T bases), homopolymers (three consecutive
identical bases), and purine-rich motifs (at least two A/G bases)—or in motifs containing each of
the 16 possible dinucleotides in either adjacent position. Category membership could overlap.
Each test corresponded to one category within one of six regions and one of two composition
measures, giving 19 X 6 X 2 = 228 tests.

For a category group g, coefficient-magnitude enrichment was calculated as

—std
0, = Sy =(Zjeg|ﬁ|j )/ng
g ng/p ( ?zlm;td) I )

where S is the observed coefficient-magnitude share, ng is the number of predictors in the
category group, and p = 768. Thus, Q4 > 1 indicates greater mean coefficient magnitude than
expected from the number of predictors in the group. For each category containing n, predictors,
we sampled 10,000 random sets of n, distinct predictors from the full set of 768 predictors and

calculated the mean absolute standardized coefficient for each set. The two-sided
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empirical p value was calculated as (b + 1)/(10,000 + 1), where b is the number of random-set
means whose absolute deviation from the overall predictor mean was at least as large as that of
the observed category mean (Phipson & Smyth, 2010). The resulting p values were FDR-

adjusted across the 228 tests using the Benjamini—Hochberg method (Supplementary Fig. S4).

Within-taxon analyses

We tested whether predictions tracked lifespan among species within named phyla,
classes, orders, families, and genera. Development species contributed cross-fitted predictions
and fixed-holdout species contributed 1,000-model averages. Taxa with fewer than three species
were excluded. We first estimated a slope for each taxon and summarized the proportion above
zero with a Wilson 95% confidence interval (Wilson, 1927).

At each rank, a common within-taxon slope was estimated with the additive fixed-effects
model

Vie = ar + ﬁxivgithin + &t
where y;; is predicted In(lifespan) for species i in taxon t, ; is the taxon-specific intercept,
xjy ithin i< known In(lifespan) centered on the mean of taxon t, f§ is the common within-taxon
slope, and ¢;; is the residual. A second model allowed this slope to vary with within-taxon
lifespan range and taxon size:
Yie=ar+ (B +yrR: + VNNt)xlygithin + Eie)

where R; is the z-standardized range of known In(lifespan) in taxon t, N; is z-standardized

In(number of species), and yr and Y, quantify their associations with the within-taxon slope. Z-

standardization was performed across eligible taxa separately at each taxonomic rank.

13



289 Coefficients were estimated by ordinary least squares. Species in the same taxon may
290  share unmodeled evolutionary and genomic characteristics, so their residuals need not be

291  independent, and residual variance may differ among taxa. We therefore used taxon-clustered
292  standard errors with the CR2 small-sample correction (Pustejovsky & Tipton, 2018).

293  Satterthwaite-adjusted degrees of freedom were used separately to obtain confidence intervals
294  and p values from the CR2 variance estimates. P values were FDR-adjusted across the five

295  taxonomic ranks separately for the additive slope, lifespan-range interaction, and group-size
296  interaction.

297

298  Leave-one-taxon-out validation

299 To evaluate model generalization to taxa absent from training, leave-one-taxon-out

300 (LOTO) validation was conducted separately at the phylum, class, order, family, and genus

301 levels. For each target taxon represented in the development set, all development species

302  belonging to that taxon were withheld. A new LASSO model using the fixed final configuration
303  of 768 trinucleotide Frequency and O/E predictors from the six gene-associated regions was
304 fitted to the remaining development species and used to predict both development and fixed-
305  holdout species in the withheld taxon. For taxa represented only in the fixed holdout, the

306  complete development set served as the training set.

307 For each LOTO training set, A was selected from 100 candidate values using up to 10-
308  fold taxon-blocked inner cross-validation and the one-standard-error rule. Among the taxa

309  remaining after the outer exclusion, all species belonging to the same taxon at the evaluated rank
310  were assigned to the same inner fold. Thus, taxa assigned to an inner-validation fold were absent

311  from the corresponding inner-training subset. This prevented A selection from benefiting from
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within-taxon similarity between training and validation species and provided a more stringent
tuning criterion for generalization across taxonomic groups. After A was selected, the model was
refitted using all remaining development species. Predictive R? was calculated at each rank for
all species, development species, and fixed-holdout species. To test recovery of relative lifespan
within unseen taxa, we fitted the additive model above using LOTO predictions among taxa
represented by at least three species. The common slope was tested against zero with the same
taxon-clustered CR2 and Satterthwaite procedure, and p values were FDR-adjusted across the

five ranks.

Code availability
The analysis code is available in the Zenodo repository specified in the Availability of data and
materials section. Portions of the code were developed with assistance from ChatGPT (OpenAl)

and subsequently reviewed and validated by the authors.

Results

Model selection and fixed-holdout evaluation

Across the 117 candidate sequence models, trinucleotide Frequency + O/E predictors
from the six gene-associated regions had the lowest mean outer-test MSE (1.404 on the
In[lifespan-days] scale; Fig. 1a and Supplementary Table S4). This 768-predictor configuration
was therefore fixed for all subsequent analyses (Supplementary Table S5). When subsequently

evaluated on the independent fixed holdout, it ranked second (MSE = 1.255), only 0.00026

15
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above the holdout-best model, which additionally included intergenic sequence. Candidate
rankings were highly concordant between outer testing and fixed-holdout evaluation
(Spearman’s p = 0.963), and the AUGUSTUS all-gene sensitivity analysis showed a similar
performance landscape (Supplementary Fig. S1 and Supplementary Table S4).

On the fixed holdout, the trinucleotide model (M) outperformed models based only on
phylogenetic eigenvectors (P), genome size (G), BUSCO presence/absence, randomized
predictors, or individual-BUSCO CpG O/E (MSE: M, 1.25; P, 2.00; G, 2.87; BUSCO
presence/absence, 2.28; randomized predictors, 3.11; CpG O/E, 1.91; Fig. 1b and Supplementary
Table S6). Adding phylogeny modestly improved performance (M + P, 1.19), whereas adding
genome size did not (M + G, 1.26); the complete M + P + G model also had an MSE of 1.19.

The predictive R? decomposition similarly showed that M captured approximately 97%
of the predictive R? of the complete model, compared with 58% for P and 12% for G (Fig. 1c
and Supplementary Table S7). These overlapping totals indicate that motifs contained most of

the available predictive information, although part of their signal was shared with phylogeny.

Out-of-sample performance and prediction errors

Species-level cross-fitted predictions explained 56.6% of the variation in In(lifespan)
among the 327 development species (MSE = 1.36; Fig. 2a). Predictions for the 139 fixed-holdout
species explained 59.4% (MSE = 1.25; Fig. 2a). Mean absolute error was 5.36 years in the
development set and 5.24 years in the fixed holdout; median fold errors were 2.18 and 1.91,
respectively (Fig. 2b,c and Supplementary Table S8). Thus, performance was similar for cross-
fitted development predictions and for species excluded from all model fitting. Errors showed

regression toward the center of the lifespan distribution in both data sets: short-lived species
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tended to be overpredicted and long-lived species underpredicted (Supplementary Fig. S2). The
model therefore recovered broad lifespan variation but was less accurate at the short- and long-

lived extremes.

Distributed contributions of Frequency and O/E predictors

Repeatedly selected predictors generally had stronger correlations with lifespan and
larger ensemble-averaged standardized coefficients (Fig. 3a,b and Supplementary Table S9).
Selection frequency and coefficient direction depended on motif, composition measure, and
genomic region. O/E predictors accounted for 65.6% of the total standardized coefficient
magnitude and Frequency predictors for 34.4% (Fig. 3c). Their contributions differed by region:
O/E contribution was greatest in Downstream 2 and Upstream 1, whereas Frequency
contribution was greatest in Upstream 2. Matched Frequency and O/E selection frequencies had
little correlation in most regions (Spearman’s p = 0.05-0.20) and were moderately correlated
only in Downstream 1 (p = 0.45, FDR-adjusted p = 0.0006; Supplementary Fig. S3). Frequency
and O/E therefore contributed complementary regional information.

Several motif categories accounted for relatively large shares of the total coefficient
magnitude, including purine-rich Frequency predictors in Upstream 2 and GC-containing O/E
predictors in Downstream 2. However, none differed significantly from the share expected from
category size (FDR-adjusted p > 0.05; Supplementary Fig. S4 and Supplementary Table S10),
providing no evidence that the predictive signal was concentrated in a few simple sequence

categories.

Prediction within taxa

17
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Taxon-specific slopes were positive in 5 of 5 eligible phyla, 12 of 15 classes, 28 of 46
orders, 23 of 51 families, and 9 of 22 genera (Fig. 4a,b and Supplementary Table S11). The
proportion of positive slopes therefore declined from 100% at the phylum level to 41% at the
genus level. In the additive models accounting for taxon-specific intercepts, the common within-
taxon slope also decreased toward finer taxonomic ranks. It was positive after FDR adjustment at
the phylum level (f = 0.440, 95% CI = 0.396—-0.484, FDR-adjusted p = 0.00066) and class level
(B=10.364, 95% CI = 0.251-0.478, FDR-adjusted p = 0.00066). The order-level slope was also
positive (B = 0.258, 95% CI = 0.026-0.491, unadjusted p = 0.035) but did not remain significant
after correction across ranks (FDR-adjusted p = 0.059). The family- and genus-level slopes did
not differ from zero (f =—0.019 and —0.031, respectively) (Supplementary Table S12).

At the order level, a one-standard-deviation increase in the range of known In(lifespan)
was associated with a 0.119 increase in the within-order slope (95% CI = 0.042—-0.196, FDR-
adjusted p = 0.030; Fig. 4c and Supplementary Table S13). Lifespan range was not associated
with the slope at the other ranks, and there was no evidence that the number of species modified

the within-taxon slope at any rank.

Prediction after taxon exclusion

After entire target taxa were excluded from training, LOTO predictions retained positive
within-taxon associations at the three broader taxonomic ranks. The common slopes were
positive after phylum exclusion (f = 0.153, 95% CI = 0.073-0.234, FDR-adjusted p = 0.020),
class exclusion ( = 0.242, 95% CI = 0.136-0.348, FDR-adjusted p = 0.007), and order exclusion
(B=10.232,95% CI =0.107-0.357, FDR-adjusted p = 0.011; Supplementary Fig. S5a and

Supplementary Table S14). In contrast, the slopes did not differ from zero after family exclusion
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(B=10.023, 95% CI =—0.026—-0.071, FDR-adjusted p = 0.424) or genus exclusion (B = —0.005,
95% CI =—-0.094-0.084, FDR-adjusted p = 0.901).

Predictive R? across all species showed a contrasting pattern. It was low after phylum and
class exclusion (0.137 and 0.016, respectively) but substantially higher after order, family, and
genus exclusion (0.483, 0.536, and 0.562, respectively; Supplementary Fig. S5b and
Supplementary Table S15). Development and fixed-holdout species followed the same general
pattern. Thus, overall species-level predictive accuracy was generally higher at finer taxonomic
ranks, whereas positive within-group relationships were retained only after exclusion at broader
ranks. This contrast suggests that the higher R? after family or genus exclusion primarily
reflected differences in mean lifespan among families or genera, rather than accurate recovery of

lifespan variation among species within those groups.

Discussion

Lifespan was predicted in a range of protostome species by regional trinucleotide composition.
To our knowledge, this is the first model developed to predict species lifespan from genomic
sequence composition across multiple invertebrate phyla. The selected model achieved a
predictive R? of 0.594 for In(lifespan) in the 139 fixed-holdout species, with a median fold error
of 1.91. Short motifs provided lifespan-related information beyond that captured by the
phylogenetic predictors, and models fitted after taxon exclusion retained predictive associations

within excluded phyla, classes, and orders. These results support genomic lifespan prediction
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across a broad taxonomic range of protostomes, while recognizing difficulties in resolving

lifespan differences among closely related species.

Sequence predictors and gene sets

The results presented here support expanding genomic lifespan predictors beyond CpG
composition in upstream regions. The trinucleotide model had lower fixed-holdout error than the
individual-BUSCO CpG O/E model evaluated under the same framework (Fig. 1). Our CpG
predictors were calculated from fixed intervals 300—100 bp upstream of the annotated translation
start in conserved BUSCO genes. By contrast, Mayne et al. (2019) and Budd et al. (2025)
identified homologous promoters using experimentally defined human and zebrafish
transcription start sites from the Eukaryotic Promoter Database (EPD; Meylan et al., 2020). The
comparison therefore favors the broader motif model for our protostome dataset, although
differences in gene sets and promoter definitions limit direct comparison with those published
models. Whether the same advantage extends to vertebrates remains to be tested.

Gene-set choice can itself influence prediction. Miniprot BUSCO and all-AUGUSTUS
models showed broadly similar performance patterns, but the combined-region models generally
performed better with BUSCO genes (Supplementary Fig. S1). In phylogenetic comparative
analyses, Kondo & Budd (2026) likewise found stronger lifespan associations for AUGUSTUS-
predicted BUSCO genes than for the full AUGUSTUS gene set. This indicates that the
difference is not restricted to comparisons between annotation tools. Several explanations remain
possible. More accurate annotation of conserved genes may reduce errors in the sequences and
coding boundaries used to calculate motif compositions (Waterhouse et al., 2018). Given that

shared ancestry can shape both genomic and phenotypic similarities (Dewar et al., 2025),
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BUSCO-associated composition may capture this signal more strongly and thereby improve
prediction of phylogenetically conserved lifespan differences (Kondo & Budd, 2026). Conserved
genes may also experience functional constraints on gene expression and protein homeostasis

that connect sequence composition to life-history evolution (Drummond & Wilke, 2008; Ke et al.,
2017; see below). The relative contributions of annotation accuracy, phylogenetic signal, and

functional constraints remain unresolved by these comparisons.

Phylogenetic signal and prediction across taxa

The model comparisons indicate that short motifs contain lifespan-related information
beyond the phylogenetic structure captured by the eigenvector predictors. The trinucleotide
model recovered approximately 97% of the predictive R* of the model combining motifs,
phylogeny, and genome size, including information shared among these predictor sets. Adding
phylogenetic eigenvectors modestly improved prediction, whereas adding genome size did not
(Fig. 1). Motif composition therefore captures much of the information needed for prediction
while complementing the phylogenetic predictors. These predictors summarize a topology-based
Open Tree of Life phylogeny (Hinchliff et al., 2015); its branch lengths do not represent
empirical estimates of divergence times or sequence divergence. The 12 eigenvectors
consequently provide an approximate description of evolutionary relatedness. A phylogeny with
empirically estimated branch lengths would allow a more detailed assessment of the information
shared between sequence composition and evolutionary history.

The analyses within taxa and after taxon exclusion clarify where this predictive
information is useful. Positive associations within phyla and classes show that the original model

recovered lifespan differences within broad groups, whereas slopes near zero within families and
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genera indicate limited discrimination among closely related species (Fig. 4). After exclusion of
entire phyla, classes, or orders, positive within-taxon associations remained, showing that models
fitted and tuned using other taxa could still recover lifespan differences within the excluded
groups (Supplementary Fig. S5). The low overall predictive R? after phylum or class exclusion
nevertheless indicates that absolute prediction remained difficult. Conversely, the higher overall
R? after family or genus exclusion, together with within-group slopes near zero, is consistent
with predictions mainly capturing differences in mean lifespan among families or genera. Thus,
predictions can remain informative for species from taxonomic groups absent from training, but
their ability to resolve lifespan variation depends on the taxonomic scale.

Poor discrimination within families and genera may reflect limited variation in both
regional motif composition and lifespan. Closely related species may retain similar motif
frequencies despite substantial divergence in lifespan. For example, in the fish CpG model,
Sebastes species varied considerably in lifespan but relatively little in CpG O/E (Budd et al.,
2025). Limited lifespan variation may pose an additional constraint, as suggested by the positive
association between within-order slopes and the range of known In(lifespan) (Fig. 4c). At lower
taxonomic levels, where true lifespan differences among species are often small, measurement
error in lifespan could obscure the available signal. Analyses of closely related species with
substantial lifespan divergence would test whether regional composition tracks these changes or

whether more specific regulatory and functional sequence features are needed.

Biological interpretation of selected motifs

Selected motif-region combinations can reflect several evolutionary processes. Similarity

inherited from common ancestors may make motif composition informative because lifespan is
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phylogenetically conserved (Zhu et al., 2023). Motif composition may also evolve in association
with lifespan through functional constraints on gene expression or through life-history-related
differences in mutation and fixation biases (Romiguier et al., 2010). Feature selection alone
cannot determine which processes account for the predictive value of an individual motif.
Correlated motifs can also substitute for one another or share predictive information, so a large
mean absolute standardized coefficient does not necessarily identify an independent biological
effect (Zou & Hastie, 2005). Moreover, none of the tested motif categories showed significant
enrichment after FDR adjustment (Supplementary Fig. S4). Individual motifs are therefore best
discussed as candidates for functional investigation within the broader pattern of regional
sequence variation.

Frequency coefficients were most prominent in Upstream 2, whereas O/E coefficients
were prominent in Downstream 2 and Upstream 1 (Fig. 3). Frequency captures observed
frequency, while trinucleotide O/E measures departures from dinucleotide-based expectations.
Upstream 1 and Downstream 2 were also among the regions with the highest proportions of
lifespan-associated motifs in the phylogenetic comparative analyses of Kondo & Budd (2026).
One interpretation of the present model is that prominent Upstream 2 Frequency features partly
reflect functional constraints around translation initiation, while O/E features in flanking regions
capture regulatory sequence variation beyond lower-order composition. ATG and TGG in
Upstream 2 provide a specific example: their repeated selection may partly reflect initiation
contexts such as ATGG. Start-codon context affects translation initiation, with preferences
varying among eukaryotic lineages (Kozak, 1986; Nakagawa et al., 2008). Higher translation
fidelity is associated with longer lifespan across rodents (Ke et al., 2017), and increasing fidelity

extended lifespan in yeast, worms, and flies (Martinez-Miguel et al., 2021). Reducing
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translation-initiation factor levels can also extend nematode lifespan (Hansen et al., 2007). These
findings motivate testing whether translation-related sequence variation contributes to the
lifespan relationships detected here. The prominence of Downstream 2 O/E may partly reflect
sequence-dependent regulation of mRNA stability and transcript turnover in 3' UTR sequences
(Litterman et al., 2019). Reported associations between shorter lifespan and faster basal protein
turnover in mammals (Swovick et al., 2021) suggest a possible link between these sequence
features and lifespan-related variation in molecular turnover and cellular metabolism.

Codon usage may contribute further information from exons and the coding portion of
Upstream 2. Synonymous codon choice can affect mRNA stability (Presnyak et al., 2015;
Bazzini et al., 2016), and selection on codon usage varies across animals. Bénitiere et al. (2025)
found that species with the strongest selection on translationally optimal codons tended to have
short lifespans and other traits associated with large effective population sizes, although
associations with these proxies were weak. Lifespan-related codon variation could therefore
reflect differences in the efficacy of selection as well as functional demands on gene expression.
Mutation bias and fixation processes also shape nucleotide composition (Long et al., 2018).
Analyses that preserve reading frame and distinguish synonymous codon usage from amino-acid

composition could help resolve their contributions to the trinucleotide predictors.

Limitations and future directions

Lifespan prediction accuracy depends on the quality and distribution of lifespan
observations used for model calibration. Here, short-lived species tended to be overpredicted and
long-lived species underpredicted, indicating limited recovery of the extremes of the observed

range (Supplementary Fig. S2). Published maximum lifespan estimates vary with observation
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conditions and sampling effort (Moorad et al., 2012), and taxonomic coverage remains uneven.
Genome assembly quality may also influence the sequence features used for prediction. Previous
analyses found that estimated intergenic proportions covaried with assembly-quality metrics,
although associations between intergenic dinucleotide composition and lifespan were largely
unchanged after adjustment for these metrics (Kondo & Budd, 2026). Better-supported lifespan
records, additional observations at the extremes of the lifespan distribution as well as from
poorly represented lineages, and improved genome assemblies would strengthen the basis for
model calibration and independent evaluation.

Further gains may come from refining the design of sequence-based predictors. Within
the present dataset and modelling framework, tetranucleotide models offered no clear
improvement over the selected trinucleotide model despite their larger predictor sets (Fig. 1).
Regional differences in predictor contributions and the gene-set comparisons also suggest that
the choice of sequences matters. Future work may therefore be better directed toward identifying
additional informative genomic regions, defining regulatory boundaries more precisely, and
refining gene sets used to construct predictors. Functional analyses of selected motif-region
combinations could then test how the underlying sequences influence gene expression,
translation, and lifespan. More broadly, assembling comparable lifespan and genomic data across
a wider range of animal lineages would enable taxon-exclusion tests to clarify where a common
model predicts lifespan adequately and where lineage-specific models are needed. Such models
could extend lifespan estimation to species with limited demographic information and support

comparative studies of lifespan evolution across animals.
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Conclusions

Our findings address the three questions posed in this study. (1) Short nucleotide motifs
predicted substantial lifespan variation across multiple invertebrate phyla, as demonstrated by
our regional trinucleotide model. (2) Model comparisons suggest that motif composition
provides lifespan-related information beyond that captured by the phylogenetic and genome-size
predictors used here. (3) Validation supported the model’s applicability to species from
taxonomic groups absent from training, although accurately predicting lifespans at the short- and
long-lived extremes and resolving differences among closely related species remain challenging.
These findings extend the scope of genomic lifespan prediction beyond vertebrate promoter-CpG

models and provide a foundation for its broader application across animal diversity.
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model predictions and coefficients, and statistical analysis results.
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prediction-error and feature analyses, and taxon-exclusion validation, with figure legends.
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(a) Heatmap of mean outer-test mean squared error (MSE) across 1,000 resampling iterations of
the development set (n = 327 species). The 117 candidate configurations combined three motif
lengths (di-, tri-, or tetranucleotide), three composition measure sets (Frequency, O/E, or
Frequency + O/E), and 13 region sets. O/E denotes the observed-to-expected ratio. Lower MSE
indicates better prediction of In-transformed lifespan. Rows and columns are ordered
independently by mean MSE. The six gene-associated regions comprise two upstream regions,
exon and intron regions, and two downstream regions; the eight-region set additionally includes
whole-genome and intergenic sequences. Trinucleotide Frequency + O/E predictors from the six
gene-associated regions were selected as the final motif predictor set (M). (b) Fixed-holdout
MSE for ten models evaluated on 139 species excluded from model selection and fitting. P
denotes 12 phylogenetic eigenvectors, and G denotes In-transformed genome size. The full MPG
model combines all three predictor sets. M, P, G, and their pairwise and three-way combinations
were compared with individual-BUSCO CpG O/E, BUSCO presence/absence, and randomized-
predictor models. The CpG model used Upstream 1 O/E ratios for individual BUSCO genes.
Randomized predictors were generated by shuffling each motif predictor among species.
Predictions were averaged across 1,000 outer models. (c) Total contributions of M, P, and G to
the fixed-holdout predictive coefficient of determination (R?) of the full MPG model. Each bar
includes the contribution unique to that predictor and contributions shared with other predictors,

expressed as a percentage of the full-model R2.
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Results are shown for the selected 768-predictor trinucleotide model. Predictions for
development species were cross-fitted by averaging only predictions from outer iterations in
which each species belonged to the outer-test subset. Predictions for fixed-holdout species were
averaged across all 1,000 outer models. (a) Relationship between known and predicted maximum
lifespans. Cyan points represent the 70% development species (n = 327), while coral points
represent the 30% fixed-holdout species (n = 139). Mean squared error (MSE) and predictive R?
are shown separately for each dataset. The dashed line indicates equality between known and
predicted lifespan. (b) Absolute prediction error in years, calculated as |[predicted lifespan —
known lifespan|. Colored text indicates the mean absolute error for each dataset. (c) Fold error,
calculated as exp(|In(predicted lifespan) — In(known lifespan)|) = max(predicted/known,
known/predicted). A fold error of 1 indicates an exact prediction, and a fold error of 2 indicates a
twofold over- or underprediction. Colored text indicates the median fold error for each dataset.

Across all panels, each point represents one species.
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Feature selection was summarized across the 1,000 outer models using the 327 development
species; fixed-holdout outcomes were not used. The model included trinucleotide frequencies
(Frequency) and observed-to-expected ratios (O/E) from six BUSCO gene-associated regions:
two upstream regions, exons, introns and two downstream regions. Selection frequency was the
proportion of models in which a predictor had a nonzero coefficient. Coefficient means were
calculated across all 1,000 models, including zeros for unselected predictors, and coefficients
were standardized to represent a one-standard-deviation increase in the

predictor. (a) Relationship between each predictor’s Pearson correlation with In(lifespan) and its
mean signed standardized coefficient. Point color indicates region, and point size indicates
selection frequency. Labels identify predictors that accounted for at least 2% of total coefficient
magnitude. (b) Proportions of the 64 trinucleotides selected in at least 10% (filled points) or 50%
(open points) of the 1,000 models for each region and composition measure. (¢) Coefficient-
magnitude share for each genomic region and composition measure, calculated by summing the

mean absolute standardized coefficients and dividing by the total across all 768 predictors.
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Within-taxon slopes were estimated by regressing predicted lifespan on known lifespan for
taxonomic groups represented by at least three species. Predictions were cross-fitted for
development species and averaged across 1,000 outer models for fixed-holdout

species. (a) Scatterplots of known and predicted lifespans for six taxonomic levels. The
Protostomia panel includes all 466 species; the remaining panels include only taxa represented
by at least three species, with points and fitted regression lines colored by taxon. The dashed line
indicates equality between known and predicted lifespan. (b) Proportion of taxa with a positive
taxon-specific slope. Points show the observed proportions, vertical lines show Wilson 95%
confidence intervals, and labels give the number of positive slopes relative to the total number of
taxa analyzed. The dashed line at 0.5 indicates equal proportions of positive and non-positive
slopes. (c) Associations of the within-taxon range of known In(lifespan) and In(number of
species) with the within-taxon slope. Points show the estimated change in slope per one-
standard-deviation increase in each variable, and horizontal lines show taxon-clustered CR2 95%
confidence intervals. Positive values indicate that larger lifespan ranges or more species are
associated with steeper within-taxon slopes. The dashed vertical line indicates no association. An
asterisk indicates FDR-adjusted p < 0.05, with adjustment performed separately for each variable

across the five taxonomic ranks.
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