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Animals can cope with fluctuating food availability via phenotypic plasticity. Food restriction
may have particularly strong or lasting phenotypic effects when encountered in early life (via
maternal undernutrition) or by individuals with high intrinsic energy needs (fast metabolism).The
gut microbiota can potentially mediate reversible plasticity by interacting with host metabolism,
e.g., via short-chained fatty acids (SCFAs). | examined the gut microbiota’s role in shaping early-
life nutrition-dependent plasticity in individuals with inherently different energy requirements by
analysing data from a diet manipulation experiment in experimentally evolved fast-metabolism
(A) and control (C) lines of the bank vole (Myodes glareolus). Dams were fed standard diet (SD)
or restricted diet (CR) during gestation and lactation. Weaned offspring were fed SD for a
recovery period to study lasting phenotypic effects. Litter size, growth, gut microbiota, and cecal
SCFA concentrations of the offspring were examined. The response to maternal CR was mostly
reversible and similar in both selection directions: the A-lines were bigger at birth and weaning,
with a temporary CR-induced decrease at weaning in both selection directions. Beta (but not
alpha) diversity metrics suggested a weak, persistent, selection-dependent response to CR.
However, differentially abundant genera were only identified in response to CR. Out of the
quantified SCFAs, only butyrate was elevated after recovery in both selection directions. These
results suggest that the A-lines can adapt to maternal CR with similar success as the C-lines,
with partial evidence for lasting impact on microbial metabolism and a distinct response in
microbiota community, which may signal microbiota-modulated adaptation.
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Elaimet voivat selviytya vaihtelevista ravinto-olosuhteita fenotyyppisen plastisuuden avulla.
Ravinnon niukkuudella saattaa olla pysyvampia tai voimakkaampia vaikutuksia
varhaiselamassa (aidin aliravitsemuksen valitykselld) tai yksilgilla, joilla on synnynnaisesti
korkeammat energiatarpeet (nopea aineenvaihdunta). Suolistomikrobisto saattaa toimia
palautuvan fenotyyppisen plastisuuden valittdjana osallistumalla isdnnan energiametaboliaan
esim. lyhytketjuisten rasvahappojen (SCFA) valityksella. Tassa tutkielmassa tarkastelen
suolistomikrobiston osuutta varhaiskehityksen ravitsemusperaisen plastisuuden saatelijana
yksiloilla, joilla on synnynnaisesti erilaiset energiatarpeet. Analysoin aineistoa
ravintomanipulaatiokokeesta metsamyyran (Myodes glareolus) korkean aineenvaihdunnan
kokeellisilla valintalinjoilla (A) seka niiden kontrollilinjoilla (C). Tiineys- ja imetysaikana emoille
syotettiin joko vakioruokaa (SD) tai kalorirajoitettua ruokaa (CR). Vieroitusian jalkeen kaikki
poikaset saivat vakioruokaa palautumisjakson ajan, ja poikuekokoa, poikasten kasvua,
suolistomikrobistoa, sekd umpisuolen (cecum) SCFA-konsentraatiota tarkasteltiin. Vaste CR-
kasittelyyn oli padsaantoisesti palautuva ja samansuuruinen kummassakin selektiosuunnassa.
A-linjan jalkelaiset olivat suurikokoisempia syntymassa seka vieroitusiassa. CR-kasittelyssa
vieroitusikaiset poikaset olivat pienempia kummassakin selektiosuunnassa. Betadiversiteetissa
(muttei alfadiversiteetissa) havaittiin viitteitd CR-kasittelyn lievasta, selektioriippuvaisesta
vaikutuksesta suolistomikrobistoon. Merkitsevasti runsaussuhteissaan muuttuneita
bakteerisukuja havaittiin kuitenkin vain vasteena CR-kasittelyyn. Kvantifioiduista SCFA:ista vain
butyraatti oli koholla palautumisjakson lopussa kummassakin selektiosuunnassa. Tulokset
viittaavat siihen, etta A-linjat pystyvat sopeutumaan kehitysaikaiseen kalorirajoitteeseen yhta
hyvin kuin C-linjat, ja osittaisia viitteita havaittiin pysyvista muutoksista suolistomikrobiston
metaboliittituotannossa CR-kasittelyssa seka selektioriippuvaisesta suolistobakteeriyhteison
vasteesta CR-kasittelyyn, mika saattaa viitata suolistomikrobiston moduloimaan adaptaatioon.

Avainsanat: suolistomikrobisto, fenotyyppinen plastisuus, perusaineenvaihdunta,
lyhytketjuiset rasvahapot, kokeellinen evoluutio
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1 Introduction

Food quality and quantity typically fluctuate during an individual’s lifetime, requiring
organisms to cope with phenotypic plasticity (i.e. changes in physiology, morphology or
behavior not associated with genetic changes). The capacity for phenotypic plasticity,
constrained by the individual’s genotype, emerges as an important contributor to
fitness. Individual heterogeneity represents the population’s adaptive potential to
various environments. However, the challenge posed by nutritional limitations (and the
warranted phenotypic response) may vary between individuals with different basal
metabolic rates and energy expenditure (Glazier and Gjoni 2024). Phenotypic plasticity
can be reversible, meaning that the phenotype reverts after the environmental driver
subsides, orirreversible, in which case the environmental conditions at a sensitive time-
window shape the individual’s phenotype indefinitely. Environmental stress early in life
can bring about persistent phenotypic changes that are initially adaptive but may later
turn pathological if environmental conditions change. Early-life nutritional stress is
extensively studied due to its relevance in human health (Barker et al. 1993). Maternal
undernutrition during gestation is a prime example of environmental cues irreversibly
shaping the offspring’s phenotype: it “programs” the offspring to an altered metabolic
state, the “thrifty phenotype”, which promotes early life survival through efficient energy
utilization, but later subjects the individual to symptoms of metabolic syndrome, such

as obesity and propensity to develop type 2 diabetes (Hales and Barker 2001).

In addition to genotype-environment interactions in shaping plasticity, the mammalian
symbiotic gut microbiota has emerged as a potential mediator of phenotypic plasticity
through its influence on host energy metabolism. Bacteria are not bound by the
relatively long generation times of mammals, which allows the community to respond
swiftly to new environmental pressures (i.e. the quality and quantity of food that the
host consumes) with a shift in community composition and metabolic output (Amato
2013). Bacteria contribute to the host energy metabolism by fermenting insoluble fiber
into short-chained fatty acids (SCFAs), that are utilized for energy in the gut and distal
tissues, contributing up to 70 % of daily dietary energy depending on the species (Amato

2013; Bergman 1990; den Besten et al. 2013). Environmentally induced changes in the



community composition or biochemical activity of symbiotic bacteria can help the host
cope with starvation by improving energy intake efficiency (Mestdagh et al. 2012), e.g.,

via a shift in the amount or type of SCFA produced (Morrison and Preston 2016),

Although individual heterogeneity in gene-environment interactions, early-life
determinants of irreversible plasticity, and the gut microbiota are all subjects of
considerable interest in diverse fields ranging from evolutionary biology to medicine,
their interplay is yet incompletely understood. In this thesis, | examine the persistence
of the effects of maternal nutritional stress during gestation and lactation on the
offspring and their symbiotic microbiota in experimental selection lines of the bank vole
(Myodes glareolus) with different energy requirements. Sadowska et al. (2008) originally
established these selection lines from bank voles captured from the field to address the
ongoing debate on the evolution of basal metabolic rate (BMR) in terrestrial vertebrates,
particularly to test the hypothesis that high BMR emerged as a by-product of selection
for high locomotor activity. A-line voles were selected for high voluntary oxygen
consumption during a swimming trial (VO,swim), whereas C-lines were maintained
without directional selection. In addition to VO, swim, the A-lines evolved a higher BMR,
which suggests higher maintenance energy requirements (Sadowska et al. 2015).
Accordingly, the A-lines also consume more food in comparison to the C-lines
(Dheyongera et al. 2016). This makes them a suitable model to represent heritable

differences in metabolic rate and energy expenditure.

1.1 Metabolic rate and life history tradeoffs

Life history strategy describes how animals allocate energy to fitness-essential
functions such as survival, growth, and reproduction. BMR represents the energetic
cost of living and is thus a key component in an organism’s energy allocation scheme.
The “pace of life” that varies on the fast-slow axis is set by the organism’s metabolic
rate together with life history strategies, which are evolutionary coupled (Auer et al.,
2018). Fast-paced individuals invest in early growth and reproduction, while their slow-
paced counterparts grow and reproduce slower, but also live a longer time. Factors
behind individual heterogeneity in metabolic rate are complex and numerous, and

include body mass and organ size, maternal and developmental effects, and



environmental cues (Burton et al., 2011). The relationship of metabolic rate and fitness
has been studied extensively, with mixed evidence across different animals and fitness-
related traits (Arnold et al., 2021). According to the “context-dependent” hypothesis,
metabolic rate is associated with fitness, but this relationship depends on the prevailing
environmental context, e.g. food availability (Burton et al., 2011). The meta-analysis by
Arnold et al. (2021), found a positive correlation between various fitness-related traits
and resting metabolic rate, but no significant associations with measures of absolute
fitness (i.e. reproduction and survival). They note that most laboratory studies included
in the analysis provide high-quality food ad libitum, which does not correspond to the
spatially and temporally fluctuating resource availability in nature. The relationship
between metabolic rate, life history traits and fitness in relation to the environment is

thus stillincompletely understood.

In addition to intrinsic factors, the metabolic phenotype is further modulated by the
environment. In juvenile trout, standard metabolic rate (SMR) is modulated based on
food availability in a way that maximizes the growth under the prevailing conditions, with
no association between the baseline SMR and the capacity for change (Auer et al.,
2015). Furthermore, the gut microbiota contributes to the host’s energy metabolism,
e.g. by metabolizing compounds that the host lacks the enzymatic means to break
down. Turnbaugh et al. (2006) demonstrated a causal link between gut microbiota and
metabolic phenotype by transplanting microbiota from obese and lean mice to
gnotobiotic recipient mice. In the mice that received the transplantation from obese
mice energy harvest and fat storage were increased compared to the mice that received
the transplantation from lean mice. Additionally, Walters et al. (2020) linked geographic
variation in Drosophila life history traits to differences in microbiota composition, and
found that both local adaptation and microbiota shape the life history genotype: locally
adapted isogenic fly lines reared with different microbiota allocate resources differently
into reproduction and somatic maintenance. In wild flies the abundance of these
bacteria co-varies with life history strategy, and in bacteria-free flies inoculation with

the relevant bacteria can suppress or reverse the life history differences.



1.2 Gut microbiota as a mediator of phenotypic plasticity

The omnipresence of symbiotic microbes across the plant and animal kingdoms,
together with growing understanding of complex interactions and dynamics between
the host and its associated microbiota, has led to the emergence of the holobiont
concept. This framework reconceptualizes the host and its microbiota as a distinct
biological unit (Bordenstein & Theis, 2015; Rosenberg & Zilber-Rosenberg, 2018). In
mammals, the initial colonizing taxa are inherited from the mother via inoculation in the
birth canal and in milk during nursing (Martinez-Oca et al., 2023; Stewart et al., 2018).
Commensal microbes can also be acquired horizontally from the environment, which
creates additional potential for diversity and flexibility during the host’s lifetime (Amato,
2013). This is leveraged in therapeutic fecal transplants, where modifications to the
patient’s gut microbiota are used to bring a dysbiotic microbial community to a state
protective of disease. Furthermore, bacteria may adapt and maintain flexibility by
horizontal gene transfer, novel mutations, or epigenetic regulation of bacterial or host

genes (Dapa et al., 2023; Voolstra & Ziegler, 2020).

Although the initial microbes colonizing the gut come from the mother, the diet is the
strongest determinant of gut microbiota composition (Amato, 2013; David et al., 2014),
with a significant change observable within days of dietary alteration (Turnbaugh et al.,
2006). The host directly modifies the environment experienced by the gut microbiota by
the quality and quantity of ingested food. As food availability fluctuates, various
selective pressures are imposed on the microbial community, driving a change in the
gut microbial community. This ability to rapidly and dynamically respond to dietary
change has provoked interest in the gut microbiota’s capacity to mediate reversible
phenotypic plasticity by buffering against changing nutritional conditions (Amato, 2013).
To reversibly and dynamically adapt to fluctuating changes in diet, the gut microbiota
must retain core functionality under changing selection pressures. Diet-induced
changes in the microbiota composition are typically reversible and initial diversity,
evenness and functional redundancy promote recovery speed and resilience
(Bourdeau-Julien et al., 2023; Voolstra & Ziegler, 2020). Indeed, functional redundancy
is characteristic to microbiota communities; individuals may vary in the taxonomic

composition of their microbiota but not its functional capacity (Doolittle & Booth, 2017).
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Diet-induced changes in the microbiota influence bacterial production of SCFAs, which
power the cells of the intestinal barrier and participate to various metabolic processes
in distal organs (den Besten et al., 2013), acting as a bridge between microbiota and

host metabolism.

1.3 Short-chained fatty acids

The microbiota can extract nutrients from food that the hosts lack the enzymatic means
to break down. A particularly important group of metabolites produced by the
microbiota are short-chained fatty acids (SCFA) that bacteria ferment from non-
digestible carbohydrates (dietary fiber), which make up 10-70% of daily calorie
requirements depending on the species (Bergman, 1990). In addition to being used for
energy, SCFAs participate in fatty acid, glucose, amino acid, and cholesterol
metabolism (den Besten et al., 2013). The three major SCFAs produced by the
microbiota are acetate, propionate and butyrate, which are differentially utilized in host
tissues (den Besten et al., 2013). Out of the three major SCFAs produced by the gut
microbiota, acetate is by far the most prevalent, contributing about 60 % of the total
SCFAs, while propionate and butyrate contribute 20 % each (Fusco et al., 2023). In
rodents, the fermentation of dietary fiber into SCFAs primarily takes place in the cecum,
and requires co-operation of the fermenters with the host and the surrounding microbial
community: the fermentation process modifies the pH of the intestinal lumen, which
limits the fermentation process and requires stabilization by other gut bacteria and the

host (den Besten et al., 2013).

Up to 95 % of SCFAs are swiftly absorbed by colonocytes (i.e. epithelial cells lining the
colon) and utilized there for energy (den Besten et al., 2013). Colonocytes have the
highest affinity for butyrate, making it their preferred energy source. However, the
contribution of acetate is likely equally important because of its higher concentration
(den Besten et al., 2013). SCFAs, particularly butyrate, are important for the integrity of
the intestinal lining: In germ free mice that lack microbiota-derived SCFAs, colonocytes
undergo autophagy, which can be prevented by supplying the mice with butyrate-
producing gut bacteria or treating isolated colonocytes with butyrate (Donohoe et al.,

2011). The majority of acetate that enters the circulation is metabolized in the liver,
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where itis used as an energy source and a substrate for cholesterol, fatty acid, and
amino acid synthesis, with the rest utilized in other tissues such as the heart, kidney
and muscle (den Besten et al., 2013). Circulating propionate is used as a

gluconeogenesis precursor in the liver (den Besten et al., 2013).

Importantly, bacterial taxa differ in the type of SCFAs they metabolize from food.
Firmicutes, for example, are major butyrate producers, while Bacteroidetes generally
specialize in propionate and acetate production (den Besten et al., 2013). By shifting the
SCFA production in quality and/or quantity, the microbiota can modulate energy
utilization capacity and allocation among tissues in response to changes in diet
(Morrison & Preston, 2016), by for example, increasing the proportion of butyrate-
producing Firmicutes. SCFA production also depends on the amount and type of
available dietary fiber in the host’s diet (den Besten et al., 2013): B-glucans and pectin,
for example, are highly fermentable while cellulose is poorly fermented in non-
ruminants (Holscher, 2017). Although cellulose does not increase total SCFA
concentration, itinduces changes in the gut microbiota’s community compositionin

mice (Wen et al., 2022).

1.4 Early-life nutrition and irreversible plasticity

In mammals, irreversible phenotypic plasticity is primarily determined during ontogeny
through the mother’s physiology. Pre-natal malnutrition can shape the offspring’s
phenotype irreversibly and influence long-term health outcomes: In humans and
rodents, gestational energy deficiency “programs” the individual to an altered
metabolic state, the “thrifty phenotype”, which promotes early life survival through
efficient energy utilization, but later subjects the individual to symptoms of metabolic
syndrome, including obesity, hypertension, glucose intolerance, and elevated insulin
and triglycerides, increasing the risk of adverse health outcomes under conditions of
high energy availability (Barker et al. 1993; Desai and Hales 1997; Hales and Barker
2001). However, moderate calorie restriction during lactation can have a prolonged
protective effect against obesity in rats (Palou et al. 2010), indicating that the timing and

severity of early life calorie restriction matters for the long-term outcome.
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Even under benevolent nutritional conditions, the maternal microbiota goes through
changes during the pregnancy, with certain taxa becoming more abundant to support
nutrient supply for fetal development (Koren et al. 2012). The gut, vaginal, and placental
microbiota of overweight mothers differ in their composition from those of healthy-
weight mothers (Strobel, Juul, and Hendrixson 2023). The environment also shapes the
maternal microbiota: Dietary intake including fat, fruit and vegetable, and animal
protein sources during gestation are associated with certain shifts in gut, vaginal and
milk microbiome composition, which in turn influence the offspring microbiome
(Strobel et al. 2023). Maternal stress can change the composition of vaginal microbiome
subsequently altering the initial colonizing community the offspring receives during birth
(Jasarevic¢ et al. 2015). In mice, maternal calorie restriction impacts the milk microbiota
during lactation, which influences the bacterial colonization process of the gut in the
offspring and can be associated with adverse health outcomes (Martinez-Oca et al.,

2023).

1.5 Aims and hypotheses

Given the long-term effects of early-life nutritional conditions on host physiology and
the growing recognition of the microbiota as a contributor to host metabolism, this
thesis aims to examine the effects of maternal undernutrition in offspring and gut
microbiota composition. In particular, our objective was to study whether these
responses differ between experimentally selected bank vole lines with contrasting

energy requirement, serving as a model for intrinsic differences in metabolic rate.

The central hypothesis is that A-lines, characterized by high metabolic rate and greater
energy requirements, will suffer more from maternal calorie restriction in terms of
reproductive success and offspring growth. However, these effects may be alleviated by
a greater compensatory shift in microbial community composition and/or their
metabolic output. Because the calorie restriction is experienced at a sensitive
developmental window, the associated changes may persist even after conditions

return to normal.

To test these hypotheses, this thesis leverages existing data from a diet manipulation

experiment conducted in 2020 as a collaboration between the Jagiellonian University
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and the University of Jyvaskyla. Females from A (high metabolism) and C (control)
selection lines were fed either a standard diet (SD) or a diet diluted with 30% cellulose
(CR30) from mating until weaning, covering the entire developmental period during
which offspring depend on maternal nutrition. After weaning, all offspring fed the
standard diet for a recovery period to assess whether the effects of maternal

undernutrition persist after nutritional conditions normalize.



14

2 Materials and methods

2.1 Model species

The voles used in this study are from a long-term selection experiment on bank voles
selected either for maximum voluntary oxygen consumption in a swimming trial (A) or
maintained without selection (C) with four parallel lines of each selection direction
(Sadowska et al., 2008). As reported by Sadowska et al. (2005, 2008), the initial
laboratory population was reared in 2000-2001 from 320 voles captured from
Niepolomice Forest in southern Poland. The base population for the selection
experiment consisted of roughly 1,000 individuals from 159 pairs, which were assigned
randomly to one of the four parallel lines of each selection direction (including 8 lines of
herbivorous and predatory selection direction that are not included in this thesis),
whose offspring formed the generation 0 of the selection experiment. After 22
generations of selection, the A-lines have evolved 60% higher swim-induced
metabolism and significantly higher resting metabolic rate compared to the C lines
(Jaromin et al., 2019). In previous studies, only minor differences between the
microbiota communities of A-lines and C-lines have been observed in laboratory
conditions, but differences microbiota diversity, community composition, and
resilience emerge when the bank voles are subjected to field conditions (Hanhimaki et

al., 2022). The voles entering the experiment had undergone 30 generations of selection.

2.2 Ethical statement

The research protocols were reviewed and approved by the bioethical committee of the

Second Local Institutional Animal Care and Use Committee in Krakéw, Poland.

2.3 Animal husbandry

Prior to enrollment in the experiment, animals were maintained under standard
conditions in animal facilities at the Jagiellonian University. Non-breeding voles were
housed in single-sex groups of about three individuals from the same line type. The

cages were equipped with bedding and an upturned coconut shell for enrichment and
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shelter. Food (standard rodent chow: energy 12.7 MJ/kg, 24 % protein, 3 % fat, 4 % fiber;

Labofeed H, Kcynia, Poland) and water were available ad libitum.

The same rodent chow as in maintenance was used in the breeding colony as the
standard diet, and the cellulose-diluted diet was produced by the manufacturer by
adding 15% (CR15) or 30% (CR30) cellulose before pressing the chow into pellets. The
metabolizable energy content of the diets in kJ/g dry mass was 14.37 for SD, 12.12 for
CR15, and 9.86 for CR30. Animals from both selection directions were maintained in the
same rooms and were thus exposed to shared environmental bacteria under standard
conditions. The measurements and samples described here are a subset of the data
collected during the experiment; additional data that are not in the scope of this thesis
and thus excluded from this report included measurements of resting metabolic rate,

thermogenic capacity, home cage activity, body fat content and organ masses.

2.4 The diet manipulation experiment and sample processing

Females from the breeding colony were selected for the experiment when they had
successfully delivered two litters and were gravid with their third litter. Gravid females
were observed daily and mated immediately after delivery during post-partum estrus.
The third litter and the male were removed a day later, and the females (presumably
pregnant with their fourth litter), were housed individually and placed on one of the
experimental diets: standard diet (SD) or calorie-restricted diet (CR). Food was available
ad libitum. Average daily food consumption was recorded based on the difference in the
dry weight of previously provided food and food left in the feeder by next feeding. The
females assigned to CR diet were fed food diluted with 15% cellulose (CR15) for the first
6 days as an adjustment period. After this they were given food diluted with 30%

cellulose (CR30) until the focal fourth litter was weaned.

Females that did not show signs of pregnancy by day 25 were removed from the
experiment. A total of 111 litters were enrolled in the experiment (59 C, 52 A). One day
after the focal fourth litter was born, the number of live and dead pups was recorded.
Live pups were marked permanently by toe clipping, weighed to the nearest 0.001 g, and
their sex was determined based on anogenital distance. Sex was determined again at

weaning, to correct any misassigned pups. The pups were monitored regularly during
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nursing, recording their individual growth and the size of the litter. The pups were
counted and weighed on days 1, 5, 9, 13, and 17 after birth. Head width (structural size)

was measured at weaning (day 17 after birth).

The pups were weaned on the 17" day after birth following the breeding colony standard
protocol. A fecal sample was collected from the dam by placing the animalin an empty
cage without bedding or food for 45 minutes, during which water was provided ad
libitum. The samples were immediately cooled and stored at -80°C until DNA extraction.
Extracts were stored at -80C until sequencing. Within a day of weaning the dam was
anesthetized and euthanized with isoflurane inhalation overdose and immediately
dissected to collect a cecum sample by dissecting out the cecum and gently squeezing
as much of the content as possible into a cryovial using sterile tools. Up to 2 female and
2 male pups from each litter were randomly selected with a raffle system for the
recovery phase of the experiment, resulting in a total of 306 pups. Remaining 83 pups
were euthanized and dissected on the following days (age 18 days) to collect cecum

samples.

During the recovery phase (days 17-33) all 306 pups, regardless of maternal diet, were
fed a standard diet. According to the breeding colony standard protocol, littermates
were housed together up until day 25, then housed individually. Their growth and
survival were monitored periodically on days 21, 25, 31, and 33. On day 33 the fecal
samples were collected, and the pups were dissected immediately to collect cecum

samples as above.

Food consumption was monitored by weighing added food at the beginning of a feeding
interval and the food left in the feeder by the end of feeding interval. The dry weight of
leftover food was determined by drying the food in an oven before weighing. New food’s
moisture percentage was measured by comparing the ratio of wet and dry massin a

sample from the food.

2.4.1 Amplicon sequencing

DNA was extracted from the samples using DNeasy Power Soil Pro kit (Qiagen,

Germany) following manufacturer instructions. The samples were amplified for the 16S
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rRNA V3-V4 segment in PCR 341f-806r primer sequences (CCTAYGGGRBGCASCAG-
GGACTACNNGGGTATCTAAT) and sequenced on Illumina MiSeq paired-end sequencing
at Novogene (United Kingdom). A total of 704 samples (excluding negative controls)
were sequenced, consisting of 174 samples from the dam, 83 from weaning-aged pups
and 447 from post-recovery pups. Paired-end reads were demultiplexed, quality filtered
according to fastp software to remove sequences with low quality, high error rate and
excessive ambiguous bases, and filtered to remove chimeras at the sequencing facility

(Novogene, United Kingdom) prior to data delivery.

2.4.2 SCFA quantification

Cecal samples collected at dissection from weaning and post-recovery pups were shap
frozen in liquid nitrogen immediately after euthanasia, stored at -80C and delivered on
dryice to be analyzed at Turku Bioscience Center. The SCFA (acetic, butyric, propionic,
hexanoic, octanoic, isovaleric, isobutyric, and valeric acid) quantification was
conducted using UHPLC-qToF-MS after applying the 3-nitrophenylhydrazin (3-NPH)
derivatization method, as previously described and adapted from liquid
chromatography-mass spectrometry (LC-MS) + derivatization method (Lamichhane et
al., 2026). A total of 243 samples were analysed, consisting of 18 samples from
weaning-aged pups and 225 samples from post-recovery pups. 13 samples were re-
analysed due to technical errors, and the values from the later analysis were used in
subsequent analyses. The data were preprocessed and normalized to ng/mgin dry

weight prior to delivery, which | used in downstream analyses.

2.5 Data analysis

2.5.1 The effects of maternal calorie restriction on reproduction and growth

R 4.5.0 (R Core Team, 2025) was used for data analysis and R packages ggplot2 (version
4.0.2) (Wickham, 2016) and cowplot (version 1.2.0) (Wilke, 2025) for visualizations.

To assess maternalinvestment in the pups, | fit a generalized linear mixed model with a
Conway-Maxwell Poisson distribution to litter size at day 1 and day 17 using the package

glmmTMB (version 1.1.14) (McGillycuddy et al., 2025). The fixed effects were interaction
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and main effects of treatment (SD vs. CR diet) and selection direction (C, A), with

parallel line (C1-4, A1-4) as random intercept.

To examine the effects on pup growth in different selection directions, I fit linear mixed
models (with Satterthwaite’s method for estimating degrees of freedom) to pup body
mass (BM) at birth, weaning and after recovery and head width (HW) at weaning using
the R package Ime4 (version 2.0.1) (Bates et al., 2015) and ImerTest (version 3.2.1)
(Kuznetsova et al., 2017). Sex (F, M) and the interaction and main effects of maternal
diet and selection direction were fixed effects in all models. The main effect of litter size
was included in body mass and head width models at birth and weaning when the pups
were still dependent on shared resources from the mother, because the mother’s
resource investment per pup is smaller in larger litters (T. A. Oksanen et al., 2001). Litter
ID nested in parallel line was included as a random intercept in all models to account
for pseudoreplication. The significance of the interaction was tested by comparing

nested models with ANOVA and dropped from the final model unless significant.

To assess whether the individuals compensate for decreased energy density in the food
by eating more, | calculated the average daily food consumption of dams and pups
based on the difference in previously added food and food left in the feeder at the end of
the feeding interval (3-4 days). The wet and dry weight of feed were measured
periodically, and | used the average moisture percentage (4% and 3% in dams and pups,
respectively) to estimate the dry weight of added food. In dams, average food
consumption was calculated over the days 9-13 after the litter was born. This period
was chosen because closer to weaning (day 17) the pups may gradually start eating
solid food alongside the mother, which would inflate the dam’s food consumption
estimate. In pups, food consumption was calculated over the days 21-31 after birth. | fit
linear mixed models (with Satterthwaite’s method for estimating degrees of freedom) to
average daily food consumption in dams and pups, respectively, using the package
Ime4 (version 2.0.1) (Bates et al., 2015) with ImerTest (version 3.2.1) (Kuznetsova et al.,
2017). The interaction and main effects of treatment and selection were included as
fixed effects in both models. The model for dams’ food consumption also contained
fixed effect of litter size (at weaning) and the random intercept of parallel line, whereas

the model for pups’ food consumption contained the fixed effect of sex and the random
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intercept of litter ID nested in parallel line. The significance of the interaction was tested
by comparing nested models with ANOVA and dropped from the final model unless
significant. Informed by model results, | calculated the estimated marginal means with
Kenward-Rogers degrees of freedom for the combinations of treatment and selection
for the full model (including the interaction term) using the package emmeans (version
2.0.3) (Lenth & Piaskowski, 2017). The proportional change in daily soluble energy intake
in each selection direction on different diets was calculated based on the estimated

marginal means and the feed energy content (SD 12.7 MJ/kg, CR30 8.9 MJ/kg).

2.5.2 Sequencing data processing

Amplicon sequencing data was processed using Puhti high-performance computing
system (CSC Finland). Due to technical/human error, some amplicon sequencing data
were lost, leaving data from only 665 preprocessed samples for downstream analyses. |
summarized the available data using FastQC (version 0.12.1) (Andrews, 2010) and
MultiQC (version 1.3.) (Ewels et al., 2016). There was a total of 57,078,051 reads across
the 665 samples with a per-sample median of 87,036.0 and mean of 85,831.66

(minimum 8,943, maximum 125,01) reads.

The following analyses were done using Qiime2-amplicon (version 2025.4) (Bolyen et
al., 2019; McDonald et al., 2012; McKinney, 2010). | further quality filtered the effective
reads using quality-filter g-score method (Bokulich et al., 2013) with a window size of
three and threshold of 30 PHRED. This method tolerates three consecutive bases below
the threshold quality before the read is truncated at the beginning of the window. | used
the default minimum length fraction of 0.7, stating that reads truncated to less than
70% of their original length should be discarded. Zero ambiguous bases were tolerated.
49,087,696 reads passed the quality filters (with 7,990,355 discarded). The reads were
then dereplicated and denoised using Deblur (Amir et al., 2017), with trim length set to
400 and the minimum number of reads at 10. The trim length of 400 was chosen based

on the MultiQC report, which showed two major peaks at 400 bp and 420 bp.

To assign taxonomy to the amplicon sequence variants (ASVs), | trained a naive bayes
classifier using Qiime2 RESCRIPt (Robeson et al., 2021), according to the tutorial

(Processing, Filtering, and Evaluating the SILVA Database (and Other Reference
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Sequence Data) with RESCRIPt - Community Contributions / Tutorials, 2020). The
classifier was trained using SILVA 138.2 SSU Ref NR 99 database (Chuvochina et al.,
2026) with species labels included. Database sequences with more than 5 ambiguous
bases or homopolymers longer than 8 bases were removed. The remaining sequences
were filtered based on taxonomy, removing sequences matching the following criteria:
Archaeal 16S longer or equal to 900 bp, bacterial 16S longer or equal to 1,200 bp or
eukaryote 18S longer or equal to 1,400 bp. Remaining sequences were dereplicated by
removing sequences that were identical in both sequence and taxonomy but identical
sequences with different taxonomy were retained. The database sequenced were
trimmed to the focal V3-V4 region using the 341f-806r primer sequences
(CCTAYGGGRBGCASCAG-GGACTACNNGGGTATCTAAT) that were previously used to
amplify the amplicon in the samples. The dereplication step was then repeated to
remove redundancy introduced by shortening the region. The classifier was fit with
Qiime2 RESCRIPt method evaluate-fit-classifier (Bokulich et al., 2018), which also
performs an evaluation by presenting the full training data to the classifier. This gives
the best theoretical classification performance. The F-scores in this evaluation were >
0.98 down to family-level with a drop to 0.946 on genus level and 0.641 on species level.
| also performed a 5-fold cross-validation using RESCRIPt cross-validate method to
assess how well the classifier generalizes to unseen data. The F-scores in this
evaluation were > 0.96 down to family level, 0.895 on genus level, with a considerable
drop to 0.386 on species level. In summary, the classifier was expected to perform well

down to genus level, but not on species-level.

| applied the classifier to assign taxonomy to the ASVs found in the samples with the
Qiime2 method feature-classifier classify-sklearn (Bokulich et al., 2018; Pedregosa et
al., 2011), with a confidence threshold of 0.7 to limit the taxonomic depth of
classification. | then filtered the sequences based on taxonomy, excluding features
classified as mitochondrial, chloroplast or archaeal. 10,179 features passed the filters.
Feature frequency per sample was 2,833-69,007 with a median of 29,613 median and
mean of 30,667. Frequency per feature varied between 10 (as less abundant features
were excluded) and 1,754,711 with a median of 31 and mean of 2,004. The total

frequency of features in all 665 samples was 20,393,237. Finally, a phylogenetic tree
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was constructed using Qiime2 phylogeny align-to-tree-mafft-fasttree method with

default settings.

Kit-specific contaminant sequences in the samples were examined with negative
controls, i.e. empty kits processed in the same way as real samples at regular intervals
during the extraction process. In the negative samples, DNA concentration was
predominantly low (min =-0.155 ng/ul, median = 1.340 ng/ul, max =218.925 ng/ul), but
forced sequencing produced a median of 21,069 (ranging from 8,943 to 100,067) reads
per negative control. Possible contaminants were identified using R package decontam
(version1.30.0) (Davis et al., 2017), using the prevalence method with the threshold of
0.5, which flags ASVs that are more prevalent in negative controls than in true positive
samples as contaminants. This, however, resulted in 1,408 putative contaminants
(results not shown), including common bank vole gut bacteria, which suggests
contamination between the negative controls and samples rather during extraction or
sequencing runs than contaminants originating from kit chemicals. If kit reagents were
contaminated, increasing or stable DNA concentration and ASV count would be
expected in extraction controls over the usage time of each kit/reagent batch. No such
association was found, so the contamination is expected to be random. Because of vole
bacteria contamination, the extraction controls could not be used to reliably identify kit

contaminants, which is why all features were retained for downstream analyses.

2.5.3 Bacterial diversity and community composition

| converted the Qiime2 output (rooted phylogenetic tree, ASV table, taxonomy) into a
phyloseq (version 1.54.2) (McMurdie & Holmes, 2013) object for downstream analyses
using the package giime2R (version 0.99.6) (Bisanz, 2018). Clostridium innocuum has
previously been found to alter microbiota diversity in the experimental vole lines
(Lipowska et al., 2025). Contrary to previous work in the colony, where the proportion of
hosts carrying this bacterium was low, | observed C. innocuum in 55% of the samples.
Therefore, instead of removing these samples from the analyses as in (Lipowska et al.
2025), | flagged their presence for each sample so it can be considered in modeling. The
samples were rarefied to even depth of 9,700 using R package phyloseq (version 1.54.2)

(McMurdie & Holmes, 2013) which resulted in exclusion of 4 (non-negative control)
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samples. Rarefaction as a normalization method for next generation sequencing data
has been controversial (McMurdie & Holmes, 2014), but according to Schloss (2024), it

is currently the best method for microbiota data normalization.

| calculated the alpha diversity metrics of observed ASV count and Shannon index in
each rarefied sample using phyloseq (version 1.54.2) (McMurdie & Holmes, 2013). ASV
countis the raw number of taxa present and Shannon index accounts for both species
richness and the relative abundance of taxa (evenness). | analyzed the fecal and cecal
samples in weaning-aged and post-recovery pups separately (post-recovery cecumn =
141, post-recovery feces n = 259, weaning cecum n = 82) to assess the acute and long-
term effects of maternal calorie restriction on the offspring. | fit generalized linear mixed
models with the negative binomial distribution (nbinom1, log-link) to ASV count in the
different group/sample type combinations using the R package glmmTMB (version
1.1.14) (McGillycuddy et al., 2025). The fixed effects were sex, C. innocuum presence,
and the interaction and main effects of maternal diet and selection direction, with litter
ID nested in parallel line as random intercept. When the models were singular due to
zero variance in one level of the nested random effect, the random intercept structure
was simplified to contain only the level with non-zero variance. The interaction term was
tested for significance with type lll marginal F test using emmeans (version 2.0.3) joint
tests (Lenth & Piaskowski, 2017) and dropped from the final model if statistically non-
significant to examine the main effects. In the model for ASV count in weaning group’s
cecal samples, the random intercept of litter ID nested in parallel line resulted in
singularity and convergence failure, so a simplified random intercept of litter ID was
used instead. Marginal and conditional R? values (trigamma) were calculated with the
package MuMin (version 1.48.19) (Barton, 2026). The package DHARMa (version 0.4.7)
(Hartig, 2024) was used for model diagnostics. The full and reduced models for the
weaning group’s cecal ASVs showed departure from the expected distribution of scaled
residuals (p =0.031), and the full (but not reduced) model significant quantile deviation
(p =0.020). The reduced model for post-recovery group’s cecal ASVs had significant
quantile deviation in the full model (p = 0.029), as well as the reduced model (p = 0.025).
| attempted to address this by switching distributions and link-functions. While no

alternative solutions fixed the problem, any reasonable alternative fits resulted in
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similar results as the present model and did not alter conclusions drawn from the

models.

Linear mixed models were fit to Shannon diversity using package Ime4 (version 2.0.1)
(Bates et al., 2015) and ImerTest (version 3.2.1) (Kuznetsova et al., 2017), with sex, C.
innocuum presence, and the interaction of maternal diet and selection direction as the
fixed effects and litter ID nested in parallel line as random intercept. The significance of
the interaction term was tested using ANOVA as above. To address singular fits, the

nested random intercept was simplified as above.

To examine differences in community composition, | calculated the beta diversity
metrics Bray-Curtis, Unweighted UniFrac and UniFrac for the post-recovery and
weaning-aged pups cecal and fecal samples using R package vegan (version 2.7.3) (J.
Oksanen et al., 2026). Bray-Curtis only accounts for relative abundance of taxa,
Unweighted UniFrac for the presence/absence of taxa and their phylogenetic distance,
and Weighted UniFrac weights phylogenetic distance based on abundance. | tested the
differences in community composition between treatment and selection groups by
fitting PERMANOVA models to the different dissimilarity metrics using the R package
vegan (version 2.7.3) (J. Oksanen et al., 2026). PERMANOVA does not handle random
effects natively, so they have to be incorporated by restricting permutations with an
appropriate permutation scheme based on the experimental design (Anderson, 2017;
Anderson & Braak, 2003). Unfortunately, in this experimental design, constructing a
suitable permutation scheme to account for the random effects without losing the
ability to test the focal interaction of selection direction and treatment was not feasible
in the scope of this thesis, mainly because of restricted permutation options due to
unbalanced group sizes. As discussed by Anderson (2017), permuting the data
incorrectly results in an incorrect P-value regardless of whether the F-statistic is
calculated correctly. Recognizing this caveat, | conducted freely permuting marginal
PERMANOVA with 999 permutations for weaning-aged and post-recovery pups’ cecal
and fecal samples separately, with parallel ling, sex, C. innocuum presence, and the
focal interaction of maternal diet and selection direction as fixed effects. PERMANOVA
assumes equal dispersion between groups because it does not distinguish between

dispersion and the location of centroids in calculating P-values, so | tested multivariate
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homogeneity of group dispersions in the model variables using the package vegan
(version 2.7.3) (J. Oksanen et al., 2026). To visualize within-group differences to
complement the PERMANOVA analyses, | ordinated each beta diversity metric in each
group-sample type combination with the Principal Coordinate Analysis (PCoA) method

using the package phyloseq (version 1.54.2) (McMurdie & Holmes, 2013).

2.5.4 Differential abundance

To identify taxa responsible for the possible differences between selection and
treatment or their interaction, | conducted differential abundance analysis using
ANCOMBC2 in the R package ANCOMBC (version 2.12.1) (Lin et al., 2022; Lin &
Peddada, 2020, 2024) with multiple testing p-value adjustment with false discovery rate
(FDR), pseudo positive value of 1, minimum prevalence in 5% of samples, minimum
library size of 1000, level of significance at 0.05 and a maximum of 20 iterations. |
modeled the interaction of treatment and selection while controlling for sex. Litter ID
nested in parallel line was initially included as a random intercept. This resulted in a
convergence failure in the model for weaning group’s cecal samples, so | simplified the
random intercept to parallel line for that model only. To examine the main effects of
treatment and selection direction when the interaction was not significant, I fit reduced
models without the interaction term. This again resulted in a convergence failure in the
model for weaning group’s cecal samples, so | had to exclude random effects entirely

from this model.

ANCOMBC?2 choice of pseudo positive value can sometimes affect the significance of
results. This can be mitigated with built-in sensitivity analysis which tests with different
pseudo-positives and marks the difference as robust if it passes these analyses.
ANCOMBC2 developers recommend using sensitivity analysis, except in models where
interactions are present, because the interaction term will not function properly (Lin,
2026). So, in primary models where the focal interaction of treatment and selection
direction are present, the results were interpreted regardless of whether they passed
sensitivity analysis. In reduced models without the interaction term, only the results

that passed sensitivity analysis were regarded as significant.
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3 Results

3.1 Effects of maternal diet on reproductive success and offspring growth
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Figure 1 Bank vole pups’ mean body mass over time with 95 % confidence intervals in control (C) and high
metabolism (A) selection lines under standard (SD) and dietary restriction (CR) maternal diet. Weaning at

the age of 17 days is marked with a vertical dashed line, which marks the beginning of the recovery period

(all fed the standard diet).

No evidence was found for the hypothesis that the A-lines would suffer more from CR in
terms of reproductive success or offspring growth (non-significant interactions of
selection and treatment; Table 1). Neither selection nor maternal diet influenced litter
size at weaning (main effects non-significant; Table 1E). In the offspring, maternal CR
was associated with growth retardation in terms of mean body mass towards the end of
nursing, with the most prominent difference at weaning in both selection directions, but
this appeared to be compensated by catch-up growth as the pups entered the recovery
period (Figure 1). Maternal diet had no effect on body mass at birth, but A-line pups
were bigger at this stage (SelectionA estimate = 0.401 SE =0.087, t(5.607) = 4.607,p =
0.004; Table 1A). At weaning, maternal CR decreased body mass similarly in both
selection directions (TreatmentCR estimate = -0.745, SE = 0.251, 1(85.252) =-2.963, p =
0.004) (Table 1B). A similar effect was observed in head width (a proxy for structural
size), which was lower in pups who had experienced maternal CR (TreatmentCR

estimate =-0.197, SE = 0.069, t(87.559) = -2.849, p = 0.005; Table 1D). The A-line pups
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were larger than at weaning in terms of body mass (SelectionA estimate = 1.343, SE =

0.377,t(5.461) = 3.563, p = 0.014; Table 1B), and head width (SelectionA estimate =

0.412, SE =0.095, 1(5.292) = 4.315, p = 0.007; Table 1D). After the recovery period,

however, no significant differences in body mass in response to selection, treatment or

their interaction were observed (Table 1C). Taken together, these results indicate that

the CR diet does not influence the dams’ reproductive success in either selection

direction, the effects of CR on pup growth emerge during the nursing period but do not

resultin permanent growth retardation, and that despite their early investmentin

growth, the A-lines are not disproportionately affected by CR in comparison to the C-

lines.

Table 1 Linear mixed models (Satterthwaite degrees of freedom) fit to (A) pup body mass at birth, (B)
weaning, and (C) after the recovery period, as well as (D) head width at weaning, Additionally, (E) litter size

at weaning was modeled with a generalized linear mixed model with the Conway-Maxwell Poisson

distribution. The interaction of selection and treatment was tested using ANOVA in linear mixed models,
and a type Il F-test on the estimated marginal means in generalized linear mixed models and dropped
from the final model if non-significant to examine the main effects. Significant p-values (< 0.05) are in

bold.
Response: A. Body mass 1 day after birth B. Body mass at weaning (D17)
Treatment:Selection F Df1 Df2 P F Df1 Df2 P
Interaction 0.006 1 89.765 0.936 0.046 1 84.046 0.830
Fixed effects | Estimate SE t Df P| Estimate SE t Df P
(Intercept) 2.634 0.109 24.204 42.246 <0.001 11.900 0.483 24.645 44.419 <0.001
SelectionA 0.401 0.087 4.607 5.607  0.004 1.343 0.377 3.563 5.461 0.014
TreatmentCR 0.035 0.049 0.720 91.274 0.473 -0.745 0.251 -2963 85.252  0.004
SexMale 0.033 0.021 1.543 426.997 0.124 0.043 0.063 0.681 405.672  0.497
Litter Size -0.089 0.017 -5.113 110.784 <0.001 -0.555 0.081 -6.808 90.886 <0.001
Random effects| Std.Dev. N Std.Dev. N
LitterID:Line 0.214 101 1.179 101
Line 0.103 8 0.406 8
Residual 0.213 0.404
N 496 504
R? marginal 0.334 0.389
R2 conditional 0.702 0.874
Response: C. Body mass after recovery (D33) D. Head width at weaning
Treatment:Selection F Df1 Df2 P F Df1 Df2 P
Interaction 0.158 1 73.02 0.692 0,011 1 86.283 0,918
Fixed effects | Estimate SE t Df P| Estimate SE t Df P
(Intercept) 17.069 0.822 20.772 6.580 <0.001 12.079 0.133 91.160 53.948 <0.001
SelectionA 1.831 1.135 1.614 5.978 0.158 0.412 0.095 4.315 5.292  0.007
TreatmentCR -0.183 0.344 -0.534 74.074 0.595 -0.197 0.069 -2.849 87.559 0.005
SexMale 2.565 0.207 12.392 212.170 <0.001 0.015 0.025 0.608 419.609 0.544
Litter Size -0.102 0.023 -4.441 98.547 <0.001
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Random effects| Std.Dev. N Std.Dev. N
LitterID:line 1.303 99 0.314 101
Line 1.532 8 0.095 8
Residual 1.741 0.252
N 306 504
R? marginal 0.274 0.303
R? conditional 0.688 0.741
Response: E. Litter size at weaning
Treatment:Selection x? Df P
Interaction 0.29 1 0.692
Fixed effects | Estimate SE z P

(Intercept) 1,553 0.073 21.395 <0.001
SelectionA| -0.012 0.086 -0.142  0.887
TreatmentCR 0.005 0.086 0.063  0.949

Random effects| Std.Dev. N
Line <0.001 8
Residual
N 107

R? marginal <0.001
R? conditional <0.001

3.2 Food consumption and digestible energy intake

To evaluate the capacity of the bank voles to compensate for the reduction of food
quality by increasing their food intake, and thus, the efficacy of the diet treatment, we
compared the quantity and caloric content consumed by the voles in different
treatments and selection directions. The effects of CR on food consumption were
similar in both selection directions (non-significant interaction of selection and
treatment; Table 2 A-B). The A-line dams ate more than the C-line dams during nursing
in both treatments (SelectionA estimate = 1.020, SE = 0.305, t(97.603) = 3.346.p =
0.001), and CR increased the mother’s daily food consumption similarly in both
selection directions (2.589, SE = 0.585, t(5.855) = 4.425, p = 0.005) (Table 2A). Maternal
CR did notinfluence the pups’ daily food consumption at the end of the recovery period,
but A-lines still consumed more food (SelectionA estimate = 0.884, SE=0.157, t(5.819)
=5.625, p=0.001) (Table 2B).
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Table 2 The linear mixed models (with Satterthwaite’s method for estimating degrees of freedom) fit to (A)
the dam’s average food consumption on the experimental diet during lactation on days 9-13 after the birth
of the litter, and (B) the pup’s average food consumption at the end of the recovery period on standard

diet, on days 25-33 after birth

Response: | A. Dam average food consumption D9-13 B. Pup average food consumption D25-33
Treatment:Selection |F Df1 Df2 P F Df1 Df2 P
Interaction | 0.061 1 96.545 0.805 0.013 1 88.984 0.908
Fixed effects | Estimate SE t Df P Estimate SE t Df P
(Intercept) [ 5.125 0.592 8.659 22.780 <0.001 [4.188 0.133 31.536 11.853 <0.001
TreatmentCR|1.020 0.305 3.346 97.603 0.001 |[0.159 0.140 1.132 90.074 0.261
SelectionA|2.589 0.585 4.425 5.855 0.005 |[0.884 0.157 5.625 5.819 0.001
Litter Size | 0.914 0.083 10.962 95.791 <0.001
SexMale 0.416 0.075 5.517 260.140 <0.001
Random effects | Std.Dev. N Std.Dev. N
LitterID:Line | * 0.586 99
Line|0.708 8 0.102 8
Residual | 1.528 0.668
N|[105 344
RZmarginal | 0.618 0.389
R2 conditional | 0.686 0.874

* The effect not included in the model due to a singular fit

Although dams on the CR diet ate more than dams on the SD diet, they could not fully

compensate for the decreased soluble energy density in CR food: Based on estimated

marginal means of selection and treatment combinations (Table 3) and the soluble

energy content in each experimental diets (SD: 14.37, CR: 9.86 KJ/g), estimated daily

energy intake in the CR treatment was 24 % and 25 % lower in the C-lines and A-lines,

respectively.

Table 3 Estimated marginal means of maternal food consumption on days 9-13 after the birth of the focal
litter in dams of either control (C) or high metabolism (A) selection, on either standard diet (SD) or calorie-

restricted diet (CR)

Treatment Selection emmean SE Df 95 % CI
SD C 9.547 0.457 8.615 8.507 - 10.588
CR C 10.494 0.476 9.683 9.429-11.56
SD A 12.063 0.477 10.099 11.002-13.124
CR A 13.161 0.469 9.457 12.108 - 14.215
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3.3 Offspring’s microbiota’s response to maternal CR in different selection

directions

3.3.1 Description of the relative abundance of bacterial phyla in bank vole gut

microbiota

In unrarefied data, in total 25 distinct bacterial phyla were identified in the weaning and
post-recovery group’s cecum and the post-recovery group’s feces (Figure 2). Overall, in
the weaning group’s cecum, Bacillota was the most abundant phylum (60.3 %) followed
by Bacteroidota (28.0 %), and Spirochaetota (3.3 %). In the post-recovery group’s
cecum, Bacillota was also the most abundant (46.8 %), followed by Bacteroidota (21.6
%), and Spirochaetota (14.3 %). In the post-recovery group’s feces Bacillota was overall
the most abundant phylum (43.0 %), followed by Bacteroidota in nearly equal

proportion (42.9 %), and Actinomycetota (4.3 %). (Data not shown).

Based on avisual inspection of the qualitative changes in relative abundances of phyla
among treatments (Figure 2), in the weaning group’s cecum, CR was associated with a
relative increase in the proportion of Bacteroidota, and a decrease in Actinomycetota in
both selection directions. In the post-recovery group’s cecum, maternal CR was
associated with a slight relative increase in Bacillota. In the post-recovery group’s feces,
the relative abundance of Actinomycetota was lower in the CR treatment in both
selection directions, and the CR treatment was associated with higher relative

abundance of Bacillota in the A-lines, but not the C-lines (Figure 2).
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Figure 2 Relative abundance of bacterial phyla in pups belonging to either control (C) or high metabolism
(A) lines, with either standard (SD) or restricted (CR) maternal diet at weaning (age 17 days) and after the
recovery period (age 33 days). Relative abundance in cecal and fecal microbiota are plotted separately.

3.3.2 Alpha diversity

Contrary to my predictions, the responses to maternal CR in terms of microbiota
species richness (observed ASVs) and Shannon index were similar in both selection
directions in all groups and sample types (non-significant interaction of selection and
treatment) (Table 4). The main effects of selection and maternal diet on observed ASVs
were also non-significantin all groups and sample types (Table 4A-C). Selection
direction had no significant effect on cecal microbiota Shannon index in the weaning or
post-recovery groups (Table 4D-E). Maternal CR increased cecal Shannon index in the
weaning group’s (TreatmentCR estimate = 0.521, SE =0.190, t1(76.989) =2.748, p =
0.007) (Table 4D), but no significant effect was observed the post-recovery group’s
cecum (Table 4E). In the post-recovery group’s fecal microbiota, maternal diet had no
effect on Shannon index, but it was higher in the A-lines (SelectionA estimate =0.161,
SE =0.080, t(84.210) = 2.019, p = 0.047) (Table 4F). The different findings from ASV
(richness) and Shannon index (richness adjusted for evenness) suggest that diet
treatment did not impact the number of distinct taxa but caused a reversible change in

the community structure. The increase in Shannon index implies a shift in the relative
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abundances of taxa, with the community becoming more evenly distributed rather than

dominated by a few abundant taxa.

Table 4 (Generalized) Linear mixed models fit to alpha diversity metrics (observed ASVs, Shannon index)
in the weaning and post-recovery group’s cecal microbiota and the post-recovery group’s fecal
microbiota. (A-C) Generalized linear mixed models with the negative binomial distribution fit to observed
ASVs (D-F) Linear mixed models with Satterthwaite method for estimating degrees of freedom fit to
Shannon index. Significant p-values (< 0.05) are in bold.

Response: A. Observed ASVs (weaning cecum) B. Observed ASVs (post-recovery cecum)
Treatment:Selection X*  Df P X*  Df P
Interaction 0.001 1 0.977 0.038 1 0.845
Fixed effects | Estimate SE z P Estimate SE z P
(Intercept) 6.119 0.070 87.756 <0.001 6.284 0.083 75.629 <0.001
TreatmentCR 0.035 0.063 0.553 0.581 0.056 0.056 0.998 0.318
SelectionA 0.023 0.062 0.362 0.717 0.023 0.101 0.225 0.822
SexMale -0.023 0.064 -0.366 0.714 -0.093 0.055 -1.706 0.088
C. innocuumPresent 0.010 0.066 0.148 0.883 -0.283 0.057 -4.935 <0.001
Random effects | Std.Dev. N Std.Dev. N
LitterID:Line 0.067 68 <0.001 72
Line * 0.118 8
Residual
N 82 141
R2 marginal 0.007 0.169
R2 conditional 0.062 0.262

Response:| C. Observed ASVs (post-recovery feces) D. Shannon index (weaning cecum)
Treatment:Selection x> Df P F Df1 Df2 P
Interaction 1.791 1 0.181 0.027 1 75.987 0.871
Fixed effects | Estimate SE z P Estimate SE t Df P
(Intercept) 5.982 0.052 115.598 <0.001 3.668 0.213 17.207 25.872 <0.001
TreatmentCR -0.003 0.049 -0.056 0.955 0.521 0.190 2.748 76.989 0.007
SelectionA 0.078 0.049 1.582 0.114 0.116 0.201 0.576 5.761 0.586
SexMale -0.069 0.031 -2.269 0.023 0.047 0.194 0.242 74.442 0.809
C.innocuumPresent -0.071 0.040 -1.788 0.074 0.062 0.198 0.313 72.711 0.755
Random effects | Std.Dev. N Std.Dev. N
LitterID:line 0.185 95 *
Line| <0.001 8 0.094 8
Residual 0.851
N 259 82
R2 marginal 0.036 0.091
R? conditional 0.400 0.102
Response:| E.Shannon index (post-recovery cecum) F. Shannon index (post-recovery feces)
Treatment:Selection F Df1 Df2 P F Df1 Df2 P
Interaction 0.321 1 58.721 0.573 0.066 1 82.386 0.798
Fixed effects | Estimate SE t Df P | Estimate SE t Df P
(Intercept) 3.984 0.193 20.681 15.214 <0.001 3.177 0.090 35.145 149.031 <0.0001
TreatmentCR -0.068 0.146 -0.466 135.931 0.642 0.124 0.079 1.557 83.118 0.123
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SelectionA -0.199 0.213  -0.931 5.894 0.388 0.161 0.080 2.020 84.210 0.047
SexMale -0.211 0.143  -1.478 132.514 0.142 -0.118 0.065 -1.825 194.348 0.069
C. innocuumPresent -0.384 0.146 -2.627 135.694 0.010 -0.015 0.075 -0.195 226.821 0.846
Random effects | Std.Dev. N Std.Dev. N
LitterID:Line * 0.228 95
Line 0.222 8 *
Residual 0.833 0.504
N 141 259
R2 marginal 0.072 0.042
R2 conditional 0.139 0.206

* Random effects simplified due to a singular fit

3.3.3 Betadiversity

To assess whether the offspring’s microbial community responds distinctly to maternal
CR at weaning and after recovery depending on selection direction, PERMANOVA
models were fit to the dissimilarity metrics Bray-Curtis, weighted UniFrac and
unweighted UniFrac in each group and sample type, testing the focal interaction of
treatment and selection. First, | evaluated the PERMANOVA assumption of equal
dispersions between the levels of each variable included in the models, and found that
this assumption was violated in some models: In the weaning-aged pups’ cecal
microbiota, Weighted UniFrac group dispersions differed significantly in treatment (p =
0.009; Table 5A), which is also visible in the 95 % confidence ellipses around treatment
of the corresponding PCoA ordination in Figure 3C. In the recovery group’s fecal
samples, Weighted UniFrac group dispersion was significantly different in treatment (p
=0.004), C. innocuum presence (p = 0.048), sex (p = 0.030), and parallel line (p = 0.002),
and Bray-Curtis and Unweighted UniFrac in C. innocuum presence (p = 0.005) (Table
5C). Current methods offer limited means to address this issue. Thus | advise caution in

interpreting the reported model results.
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Table 5 The results of multivariate group dispersion (Betadisper) test for each beta diversity metric and
sample type. Statistically significant p-values (< 0.05) of variables that have significantly different group
dispersions (violate model assumptions) are in bold. BC is short for Bray-Curtis, UUF for Unweighted
UniFrac, and WUF for Weighted UniFrac.

A. Betadisper weaning B. Betadisper recovery C. Betadisper recovery
cecum cecum feces
Dissimilarity metric: BC UUF WUF BC UUF WUF BC UUF WUF
Variable p p p p p p p P P

Treatment 0.243 0.549 0.009* 0.994 0.051 0.327 0.118 0.885  0.004*

Selection 0.472 0.826 0.223 0.561 0.434 0.359 0.977 0.399 0.197
C.innocuum
presence 0.429 0.341 0.507 0.127 0.484 0.096 | 0.007* 0.004* 0.048*

Sex 0.415 0.982 0.213 0.370 0.829 0.701 0.177 0.183  0.030*

Parallel line 0.629 0.979 0.508 0.242 0.444 0.911 0.315 0.347  0.002*
* Variables that have significantly different group dispersions (violate model assumptions).

In partial support of my hypothesis, the cecum microbiota of weaning-aged pups from
the two selection directions responded differently to the dietary treatment, indicated by
a statistically significant the interaction of treatment and selection in the
phylogenetically informed diversity metrics Unweighted UniFrac (R>=0.016, F = 1.346, p
=0.038; Table 6A-1l) and Weighted UniFrac (R?=0.021, F=1.957, P = 0.031; Table 6A-Ill)
but not Bray-Curtis (Table 6A-1). The principal coordinates used to visualize the beta
diversity (Figure 3) show clear differentiation of diet treatments, with much subtler
differences seen for selection directions. As mentioned above, the dispersions differ
among groups, which influences the interpretation of model results. Notably, the
samples from CR treatment in both Bray-Curtis and Weighted UniFrac cluster closely
together, indicating that the communities within CR treatment were more similar to

each other compared to a higher heterogeneity in cecum samples from SD treatment.
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Figure 3 Beta diversity of cecal microbiota in the weaning-aged pups visualized in PCoA in the
dissimilarity metrics (A) Bray-Curtis (B) Unweighted UniFrac and (C) Weighted UniFrac. 95 % confidence

ellipses drawn around treatment.
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Figure 4 Beta diversity of cecal microbiota in the post-recovery pups visualized in PCoA in the
dissimilarity metrics (A) Bray-Curtis (B) Unweighted UniFrac and (C) Weighted UniFrac. 95 % confidence

ellipses drawn around treatment.
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Table 6 Results of marginal PERMANOVA models fit to the beta diversity metrics |. Bray-Curtis, Il.
Unweighted UniFrac and lll. Weighted UniFrac in the microbiota of (A) weaning group’s cecum, (B)
recovery group’s cecum, and (C) recovery group’s feces.

A. PERMANOVA Weaning Cecum

|. Bray-Curtis Il. Unweighted UniFrac Il. Weighted UniFrac
Term| Df SS R? F p SS R? F p SS R? F p
Parallel line 6| 1.973 0.079 1.202 0.034| 1.200 0.077 1.088 0.085|0.012 0.071 1.119 0.247
C. innocuum presence 1| 0.388 0.016 1.420 0.056| 0.332 0.021 1.807 0.001|0.002 0.012 1.131 0.307
Sex 1| 0.224 0.009 0.818 0.757| 0.140 0.009 0.760 0.967|0.002 0.012 1.124 0.311
Treatment:Selection 1| 0.352 0.014 1.285 0.130*| 0.247 0.016 1.346 0.038|0.004 0.021 1.957 0.031
Residual| 71(19.420 0.779 13.047 0.836 0.131 0.749
Total | 82]24.933 1.000 15.601 1.000 0.175 1.000
B. PERMANOVA Recovery Cecum
I. Bray-Curtis Il. Unweighted UniFrac Il. Weighted UniFrac
Term| Df SS R? F p SS R? F p SS R? F p
Parallel line 6| 3.457 0.072 1.900 0.001| 2.154 0.057 1.403 0.002|0.012 0.056 1.410 0.123
C. innocuum presence 1| 2.264 0.047 7.467 0.001| 1.031 0.027 4.027 0.001|0.009 0.039 5.904 0.004
Sex 1| 0.471 0.010 1.554 0.062| 0.221 0.006 0.864 0.7960.002 0.009 1.385 0.207
Treatment:Selection 1| 0.258 0.005 0.850 0.604| 0.304 0.008 1.188 0.123|0.001 0.006 0.879 0.399
Residual | 130 [ 39.416 0.825 33.277 0.876 0.188 0.853
Total| 141 |47.787 1.000 37.973 1.000 0.221 1.000
C. PERMANOVA Recovery Feces
I. Bray-Curtis Il. Unweighted UniFrac 1. Weighted UniFrac
Term| Df SS R? F p SS R? F p SS R? F p
Parallel line 6| 3.489 0.046 2.151 0.001| 2.607 0.038 1.691 0.001|0.015 0.066 3.049 0.001*
C. innocuum presence 1| 1.501 0.020 5.551 0.001*| 0.949 0.014 3.691 0.001*|0.003 0.011 3.161 0.005*
Sex 1| 0.368 0.005 1.361 0.136| 0.246 0.004 0.958 0.609|0.000 0.002 0.532 0.852*
Treatment:Selection 1| 0.698 0.009 2.581 0.003| 0.397 0.006 1.545 0.001|0.002 0.007 2.064 0.037*
Residual | 249 [ 67.312 0.887 64.002 0.922 0.206 0.900
Total | 260 | 75.875 1.000 69.420 1.000 0.229 1.000

* Term or its constituent associated with model violations as reported in Table 5.

The interaction of treatment and selection was not significant in the post-recovery pups’

cecal microbiota in any of the beta diversity metrics (Table 6B). This is consistent with

the PCoA plots (Figure 4), which show largely overlapping clustering of the samples from

different selection and treatment groups. Significant main effects of parallel line and C.

innocuum presence (Table 6B-I, II) may contribute to separation unexplained by

selection and treatment in the ordination plots of Bray-Curtis and Unweighted UniFrac

(Figure 4A, B). In the post-recovery group’s fecal microbiota, however, the interaction of

treatment and selection was significant in Bray-Curtis (R>=0.009, F = 2.581, p = 0.003)

(Table 6B-I), Unweighted UniFrac (R*=0.006, F = 1.545, p =0.001) (Table 6B-ll), and

Weighted UniFrac (R>=0.007, F = 2.064, p = 0.037) (Table 6B-Ill), which suggests a weak
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sustained selection-specific response in the gut bacterial community composition as a
whole. The interaction is not distinguishable or captured by the first ordination axes in
the corresponding PCoA plots, but a shift (with considerable overlap) between maternal
diet groups can be seen in the ordination plots of Bray-Curtis (Figure 5C) and

Unweighted UniFrac (Figure 5C).

3.3.4 Differential abundance

Differential abundance analysis was conducted to identify genera with a response in
relative abundance to the interaction of treatment and selection or their main effects. In
contrast with my predictions, the interaction of treatment and selection was non-
significant (FDR-adjusted significance, g > 0.05) in all bacterial genera in the weaning
and post-recovery group’s cecum as well as the post-recovery group’s feces, suggesting
a similar response to CR in both selection directions. The main effect of selection was
also non-significant for all genera in all groups and sample types. Maternal CR,
however, resulted in 11 differentially abundant genera in the weaning group’s cecum
(TreatmentCR q < 0.05, passed sensitivity analysis; Figure 6). In the post-recovery
group’s cecum, no genera were differentially abundantin response to maternal CR. In
the post-recovery group’s feces, however, a genus of uncertain placement (/ncertae
Sedis) within the family Christensenellaceae decreased in response to maternal CR

(LFC -1.201, g = 0.025).

Bifidobacterium

Lactobacillus

Limosilactobacillus

leibacterium

Allobaculum
d__Bacteria_Bacillota_Clostridia_Oscillospirales_Oscillospiraceae_|ncertae_Sedis
Osillibacter

Colidextribacter

Lachnospiraceae_FCS020_group

Lachnoclostridium

d__Bacteria_Bacteroidota_Bacteroidia_Bacteroidales_Rs-E47_termite_group_Incertae_Sedis

i

o

-1
Log fold change

Figure 6 Log fold change (LFC) of the significant differentially abundant genera in the weaning group’s
cecum in response to the maternal dietary restriction compared with control diet. Negative LFC
(decrease in abundance) is colored in blue and positive LFC (increase in abundance) is colored in red.
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3.4 Cecal SCFA concentration after the recovery period
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Figure 7 Estimated marginal means of the full models containing the interaction of selection and
treatment fit to log2-transformed SCFA concentrations with 95 % confidence intervals. Log2-transformed
data is plotted in the background.

| found limited support for persistent effects in the metabolite profile of cecum content
of the post-recovery pups, as only one (butyrate) of the eight quantified SCFAs showed
any response to selection or treatment. The interaction of selection and treatment was
non-significant in all SCFAs, and the main effects of selection and treatment in most
SCFAs (Table 7; Figure 7), except for butyrate (butyric acid), whose concentration was
elevated in response to maternal CR in both selection directions (TreatmentCR estimate
=0.517,SE=0.179, £(70.648) = 2.880, p = 0.005) (Table 7B; Figure 7B).

Table 7 Linear mixed models (with Satterthwaite’s method for estimating degrees of freedom) fit to log2-

transformed concentrations of eight SCFAs (A-H) in the offspring cecum after the recovery period.
Significant p-values (< 0.05) are in bold.

Response A. Acetic acid B. Butyric acid
Treatment:Selection Df1 Df2 F P Df1 Df2 F P
Interaction 1 73.191 3.506 0.065 1 70.320 0.017 0.895
Fixed effects | Estimate Std. Error t Df P | Estimate Std. Error t Df P

(Intercept) 9.545 0.249 38.389 128.862 <0.001 8.979 0.171 52.567 126.373 <0.001
TreatmentCR 0.208 0.265 0.785 78.179 0.435 0.517 0.179 2.880 70.648 0.005
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SelectionA 0.202 0.265 0.762 79.206 0.448 0.332 0.180 1.847 71.731 0.069
SexMale -0.297 0.211 -1.402 150.480 0.163 -0.196 0.151 -1.299 148.483 0.196
Random effects | Std.Dev. N Std.Dev. N
LitterlD|  0.770 94 0.469 94
Residual| 1471 1.057
N 210 210
R2 marginal 0.015 0.074
R2 conditional 0.227 0.227
Response C. Hexanoic acid D. Isobutyric acid
Treatment:Selection Df1 Df2 F P Df1 Df2 F P
Interaction 1 79.984 0.774 0.381 1 89.897 1.022 0.315
Fixed effects | Estimate Std. Error t Df P | Estimate Std. Error t Df P
(Intercept) 0.292 0.353 0.829 121.464 0.409 2.663 0.126 21.096 159.320 <0.001
TreatmentCR -0.081 0.386 -0.211 80.457 0.834 0.196 0.126 1.551 91.233 0.124
SelectionA 0.621 0.386 1.610 81.324 0.111 -0.140 0.126 -1.106 92.862 0.272
SexMale -0.544 0.276 -1.969 144.184 0.051 0.104 0.123 0.849 175.598 0.397
Random effects | Std.Dev. N Std.Dev. N
LitterlD 1.295 94 0.141 94
Residual 1.896 0.882
N 210 210
R2 marginal 0.029 0.019
R2 conditional 0.338 0.044
Response E. Isovaleric acid F. Octanoic acid
Treatment:Selection Df1 Df2 F P Df1 Df2 F P
Interaction 1 72335 0.629 0.430 1 79.683 0.020 0.887
Fixed effects | Estimate Std. Error t Df P | Estimate Std. Error t Df P
(Intercept) 2.153 0.236 9.122 122.489 <0.001 -0.174 0.710 -0.245 124.833 0.807
TreatmentCR 0.180 0.252 0.714 72.490 0.477 0.526 0.769 0.683 80.461 0.496
SelectionA 0.240 0.252 0.951 73.475 0.345 -1.427 0.770 -1.854 81.384 0.067
SexMale -0.489 0.200 -2.447 145.044 0.016 0.444 0.574 0.774 147.058 0.440
Random effects | Std.Dev. N Std.Dev. N
LitterlD 0.739 94 2.471 94
Residual 1.390 3.955
N 210 210
R2 marginal 0.032 0.026
R2 conditional 0.245 0.300
Response G. Propionic acid H. Valeric acid
Treatment:Selection Df1 Df2 F P Df1 Df2 F P
Interaction 1 69.262 0.824 0.367 1 78660 0.102 0.750
Fixed effects | Estimate Std. Error t Df P | Estimate Std. Error t Df P
(Intercept) 8.380 0.147 57.173 130.015 <0.001 3.181 0.331 9.611 110.570 <0.001
TreatmentCR -0.121 0.152 -0.797 69.283 0.428 0.329 0.371 0.885 79.388 0.379
SelectionA 0.070 0.152 0.459 70.464 0.648 0.480 0.371 1.293 80.105 0.200
SexMale -0.197 0.134 -1.474 151.780 0.143 -0.731 0.233 -3.132 134.618 0.002
Random effects | Std.Dev. N Std.Dev. N
LitterlD 0.347 94 1.391 94
Residual 0.943 1.578
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4 Discussion

| hypothesized that the A-line voles with higher metabolic rate would suffer more from
maternal calorie restriction but found no evidence for a greater impact of CR on the A-
lines’ reproductive success or offspring growth. While A-line pups were bigger at birth
and weaning, consistent with previous observations in A-line adults (Hseiky et al., 2026;
Lipowska et al., 2022, 2025), the effects of maternal CR were similar in both selection
directions in all phases. CR had no effect on birth weight but influenced the growth of
pups (structural size and body mass) to weaning age. The finding on birth weightis in
contrast with previous literature, which has linked gestational undernutrition to low
birth weight followed and increased propensity for obesity in adulthood in humans and
rodents (Desai & Hales, 1997; Gilley et al., 2024). However, moderate caloric restriction
during lactation lowers body mass (but not body length) at weaning, with a protective
effect against obesity later in life in rodents (Palou et al., 2010). The effects of calorie
restriction and the associated developmental outcomes for the offspring can thus
depend on the timing of diet intervention, indicating multiple sensitive time windows for
reprogramming. Here, the offspring experienced both, which may result in intermediate
or net zero effects, if the programming at different time windows cancel each other out,
or complex outcomes that are not captured here. Additionally, the severity of dietary
intervention can engage distinct pathways (Liu et al., 2022). In mice, fetal growth
restriction has previously been induced by 30 % reduction in food portions (Gilley et al.,
2024), while here, food was diluted with 30 % cellulose and available ad libitum. Indeed,
the dams compensated for reduced energy density by eating more during lactation.
While the A-line dams ate more in both treatments, they did not excessively increase
their food consumption in response to CR diet. However, physiological constraints such
as gut size and food passage time may limit the capacity to increase food intake
(Speakman & Krél, 2005). Lactational calorie restriction applied to rats by Palou et al.
(2010), similar in severity to the one used here, resulted in lower body mass at birth
followed by decreased calorie intake later in life. In the present study, no lasting effects
on maternal CR on the offspring’s food consumption in either selection direction were
observed. In summary, these results suggest that despite the greater investmentin

growth early in life as demonstrated by their larger size at birth and weaning, the A-lines
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can adapt to caloric restriction with a similar efficiency as the C-lines, and that neither

lines experience lasting effects in terms of body mass or food consumption.

We also hypothesized that the symbiotic microbiota may mediate phenotypic plasticity
to a different capacity depending on selection direction to help the hosts meet their
different energy needs early in life. Because maternal diet during gestation and lactation
can have persistent effects on the offspring’s metabolic phenotype (Desai & Hales,
1997; Palou et al., 2010), we assessed whether the effects on offspring microbiota also
persist. Alpha diversity metrics did not provide evidence for selection-specific response
to maternal CR: the effects on observed ASVs and Shannon index were similar in both
selection lines in both weaning and recovery phases. Observed ASVs as a proxy for
species richness did not differ between the selection directions or treatments at any
phase, which is expected in a shared, enclosed environment, but also reflects the ability
of the microbiota to retain phylogenetic diversity under changing dietary conditions
early in life. Shannon diversity, which also accounts for species evenness, increased
similarly in both selection directions in response to maternal CR at weaning. This
reflects changes in community structure as an acute response to maternal CR. This
may be mediated, in part, by diet-induced changes in the bacteria delivered to the
offspring in milk during nursing (Martinez-Oca et al., 2023). These changes were
reversible, as no difference associated with maternal CR was observed in cecal or fecal

samples of the post-recovery group.

Unlike alpha diversity metrics, phylogenetically informed beta diversity metrics
supported the hypothesis that cecal microbiota may respond distinctly to maternal CR
in the different selection lines at weaning. Unweighted and Weighted UniFrac suggested
a weak but significant selection-specific shift in the cecal microbiota in response to
selection. Such signal may be indicative of a distinct bacterially mediated plasticity in
the selection lines with different energy needs. However, no genera showed significant
differential abundance for the interaction of treatment and selection in the cecum, nor
were cecal SCFAs analyzed at this stage, so the functional consequences are
practically unknown. Due to the weak effect size and functional redundancy prevalentin
the gut microbiota (Doolittle & Booth, 2017), the effect may have limited biological

relevance. The effect of maternal CR on cecal community composition was reversible,
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as the interaction was non-significant in all beta diversity metrics in the post-recovery
group’s cecum, and the PCoA plots did not show any separation between the
treatments. In the post-recovery group’s feces, however, all beta diversity metrics
signaled a weak, persistent effect that is distinct in each selection direction in response
to CR. As in the weaning group’s cecum, no genera were significantly differentially
abundant in terms of the interaction. However, the PERMANOVA results’ P-values
should be interpreted with caution due to insufficiently accounted for
pseudoreplication and due to violated model assumptions, as reported in sections 2.5.3

and 3.3.3.

All genera identified in the differential abundance analysis in the weaning group’s
cecum were in response to the main effect of maternal diet, and none were detected in
the cecum of the post-recovery group, indicating that the changes induced by maternal
diet are reversible. Majority of the affected genera in either direction belonged to
Firmicutes (Bacillota), with one genus belonging to the phylum Actinomycetota among
those that decreased, and one belonging to Bacteroides among those thatincreased in
CR compared to SD. The genera with the most prominent decrease include
Bifidobacterium (phylum Actinomycetota) and Lactobacillus (phylum Bacillota), who
are important pioneers in the maturation of offspring’s gut microbiota and are vertically
transmitted from mother to child (Martino et al., 2022; Milani et al., 2017). Consistent
with the findings here, a relative decrease in Lactobacillus and Bifidobacterium
following gestational undernutrition has been observed in 4-week-old mice (Gilley et al.,
2024). In contrast to this, Martinez-Oca et al. (2023) reported increased abundance of
Bifidobacterium in response to maternal undernutrition during gestation and lactation in
mice. A negative association between maternal diet rich in fruit and vegetables and
infant fecal Bifidobacteria abundance has been observed in humans (Lundgren et al.,
2018), which may be adjacent to the increased proportion of dietary fiber in the present
study. Members of the Lactobacillus genus are one of the earliest colonizers of infant
gut, contributing to pathogen protection and oxygen depletion to make the gut habitable
to anaerobes (Martino et al., 2022). The decrease in Lactobacillus in response to
maternal CR may thus signal alterations in the maturation process of the cecal

microbiota. The genus that increased the most in response to maternal CR was an
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uncertainly placed genus in the Rs-E47 termite group family. This genus is not well
characterized, but the Rs-E47 have previously been reported to increase as
Lactobacillaceae decreased in a diet manipulation experiment including gut-colonizing
protozoa in mice (Wei et al., 2020). Though the experimental setting is different, this
pattern is consistent with the one observed here. Lachnoclostridium, belonging to the
family Lachnospiraceae, also increased in response to CR. The family contains major
SCFA producers, but is functionally diverse, including also disease-related taxa in
humans (Vacca et al., 2020). A decrease in butyrate-producing Lachnospiraceae has
been linked to dysregulated lipid metabolism as a response to both maternal 50 % food
restriction and a high-fat diet (Kim et al., 2025), but the calorie restriction was more
severe than the one used here. As discussed above, the severity of calorie restriction
may impact the outcomes for the host and the microbiota, and the findings here
represent moderate rather than severe restriction, which may result in opposite
metabolic outcomes (Palou et al., 2010). Members of the genus Lachnoclostridium
include prominent butyrate producers (Gutiérrez & Garrido, 2019), but lacking species-
level resolution and metabolomic data in the weaning group, the functional

consequences of these changes are speculative.

Cecal SCFA quantities in the post-recovery group were similar in both selection
directions. Maternal CR did not have lasting effects on the majority of measured SCFAs,
including acetate and propionate. Cecal butyrate concentration, however, was elevated
after the recovery period. Butyrate is beneficial to the health of the intestinal barrier
(Donohoe et al., 2011) and contributes to regulation of appetite and insulin sensitivity,
protecting the host from obesity and diabetes (Mayorga-Ramos et al., 2022). This may
counteract adverse effects of gestational calorie restriction that can result in opposite
outcomes in the offspring (Gilley et al., 2024), possibly mediated by sustained calorie
restriction during the nursing period (Palou et al., 2010). The increase in cecal butyrate
did not co-occur with any changes in bacterial diversity or community composition, nor
were any differentially abundant genera identified in the cecum at this stage. The
differences in bacterial metabolism may be explained by community differences below
the resolution of those used here. Additionally, differential abundance analysis of the

fecal bacterial community in the post-recovery group showed a decrease in one genus
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belonging to the family Christensenellacea in response to maternal CR. The relative
abundance of this family is inversely related to body mass index in humans (Waters &
Ley, 2019). Together, these provide partial evidence that the effects of maternal CRin
the wider context of the gut and bacterial metabolism may be lasting, with implications

to metabolic phenotype protective of obesity and metabolic disorder.

In summary, the selection lines with different intrinsic energy requirements responded
similarly to maternal calorie restriction in most aspects examined here. A-lines were not
disproportionately affected by maternal calorie restriction despite their larger
investment in early growth, suggesting plastic capacity that enables resource
investment early in life. This was not associated with selection-specific responses to
calorie restriction in alpha diversity or differential abundance, although beta diversity
metrics suggested a weak but distinct community shift depending on selection. This
provides limited evidence for the hypothesis that the microbiota differentially
contributes to the modulation of phenotypic plasticity in metabolically diverged
selection lines. Some irreversible effects of calorie restriction were observed in
bacterial metabolism and community, but these indicated beneficial rather than
detrimental effects on the offspring’s metabolic health. The contrasting results in
studies examining maternal calorie restriction may be explained, in part, by the severity

and timing of dietary intervention.

While this study succeeded in clarifying the impact of maternal calorie restriction on the
offspring and their microbiota, it nonetheless has a number of limitations that future
work should aim to address. The functional characterization of the microbiota was
limited: differential abundance analysis was done on the genus level, but many
bacterial genera can be functionally diverse (Vacca et al., 2020), so functional
consequences can only be estimated based on general characteristics of the taxon.
Alpha and beta diversity may also be limited as proxies for functionally meaningful
change because functional redundancy is common in the cut microbiota (Doolittle &
Booth, 2017). In future work, shotgun metagenomics could provide better resolution
into functional characterization of the microbiota. Because CR was based on dilution
with cellulose which can be metabolized into SCFA by certain bacteria, measuring the

residual cellulose concentration in the feces would provide information about the
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cellulose utilization efficiency. Additionally, SCFAs provide a relatively narrow view of
microbial metabolism in the gut. To expand on these findings, future work could include
untargeted metabolomics to achieve a broader view of the microbiota’s metabolome.
Furthermore, physiological, genetic, and metabolomic data were analyzed separately
here. Integrative analysis approaches could help better understand the mechanistic
links between host physiology, microbiota community composition, and microbial

metabolism.
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