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Abstract 25 

Background 26 

Fat composition in pigs is a key determinant of meat quality and nutritional value and is 27 

influenced by both genetic and environmental factors. However, reliable methods to assess fat 28 

and fatty acid traits in live animals remain limited, restricting early selection in breeding 29 

programs. The gut microbiota has emerged as a promising source of predictive information due 30 

to its role in host metabolism and fat deposition. In this context, this study aimed to evaluate 31 

the potential and genetic utility of fecal microbiota as a pre-slaughter predictor of fat content 32 

and fatty acid composition in Iberian pigs across different developmental stages. 33 

Results 34 

A total of 226 Iberian pigs, including two strains and their reciprocal crosses, were analyzed. 35 

Fecal samples were collected at 140 days, 180 days, and approximately 365 days of age. 36 

Microbial communities were characterized through sequencing of the V3–V4 region of the 16S 37 

ribosomal RNA gene. Microbial features were processed and used to build relationship 38 

matrices, which were then incorporated into Bayesian models to predict fat-related traits. 39 

Predictive ability varied across traits, with polyunsaturated fatty acids showing the highest 40 

accuracy, particularly linoleic acid in subcutaneous fat (0.77). In general, predictions were more 41 

accurate for subcutaneous fat than for intramuscular fat. Samples collected at mid-fattening 42 

(around 180 days) often provided predictive performance comparable to or better than those 43 

obtained at the end of the fattening period. Genetic correlations between predicted and observed 44 

traits suggested that microbial profiles captured biologically relevant host variation. Several 45 

microbial taxa, including HT002, Colidextribacter, and members of the Family XIII AD3011 46 

group, were identified as important contributors to prediction. 47 
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Conclusions 48 

Fecal microbiota profiles show strong potential as a pre-slaughter predictor of fat and fatty acid 49 

traits in pigs, including at early life stages. These results support their genetic utility and 50 

highlight their potential application in breeding programs to improve meat quality and 51 

nutritional value. However, further validation in larger and independent populations is required 52 

to confirm the robustness and general applicability of these predictive approaches. 53 

Graphical Abstract 54 

 55 

Keywords 56 

Fatty acids, Gut microbiome, Pigs, Meat quality, Genetic correlation  57 

Background  58 

Iberian pig products, particularly dry-cured ham, are internationally renowned for their 59 

distinctive sensory attributes, including tenderness, flavor, and aroma [1]. These qualities are 60 

closely linked to the high intramuscular fat (IMF) content and favorable fatty acid (FA) 61 
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composition [2]. Fat content and FA profiles are central not only to meat quality but also to 62 

nutritional value. The relative proportions of saturated (SFA), monounsaturated (MUFA), and 63 

polyunsaturated fatty acids (PUFA) influence both product characteristics and consumer health. 64 

While greater PUFA concentrations enhance nutritional value, their susceptibility to oxidative 65 

degradation can negatively impact meat stability and shelf life [3]. Importantly, not all PUFA 66 

exert the same effects: n-6 are essential for growth and immune function but can promote pro-67 

inflammatory pathways when present in excess [4], whereas n-3 PUFA provide 68 

cardioprotective and anti-inflammatory benefits [5]. Consequently, the n-6:n-3 ratio is a 69 

recognized indicator of nutritional quality, and the predominance of n-6 PUFA in western diets 70 

underscores the need for a more balanced profile. However, the enrichment of n-3 PUFA also 71 

increases susceptibility to lipid oxidation [6], which is particularly relevant for dry-cured 72 

products where fat stability is critical. Conversely, SFA contribute positively to fat texture and  73 

oxidative stability, yet excessive intake has been associated with adverse health effects [7]. 74 

Moreover, reducing SFA in favor of PUFA may produce softer fat, creating processing and 75 

storage challenges in Iberian pig production [8]. On the other hand, MUFA,  particularly oleic 76 

acid, are generally considered beneficial for cardiovascular health [9], while also enhancing 77 

oxidative resistance, thus representing a desirable balance between sensory, technological, and 78 

nutritional attributes.  79 

Fatty acid profiles result from a complex interplay of diet, genetics, and other environmental 80 

factors, which have been shown to shape fat deposition and carcass composition in pigs. 81 

Numerous studies have highlighted the influence of diet on carcass and muscle FA profiles 82 

[10]. Genetic contributions are also well documented [11–14], with moderate to high 83 

heritability estimates reported for intramuscular fat (IMF) and FA composition traits. These 84 

findings indicate considerable potential for selection, making the optimization of FA classes 85 

essential to reconcile breeding objectives with product quality and health-related traits. Notably, 86 
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as consumer preferences shift toward healthier meat products, breeding programs are 87 

increasingly prioritizing the improvement of the nutritional value of meat without 88 

compromising technological or sensory qualities [15].  89 

More recently, the gut microbiota has emerged as an additional factor contributing to variation 90 

in pig traits, including feed efficiency [16], carcass composition and meat quality [17], and 91 

immune function [18]. Additionally, the microbiota interacts with host genetics to regulate fat 92 

deposition, with Tiezzi et al. (2021) providing evidence that the effects of certain genetic 93 

variants may be partially mediated by the gut microbiota. 94 

Despite this growing body of research, the contribution of microbial features to the regulation 95 

or prediction of FA composition remains insufficiently characterized. 96 

At the same time, advances in phenotyping technologies highlight the need for reliable, early-97 

life indicators of fat quality. Near-infrared spectroscopy (NIRS) and hyperspectral imaging 98 

show promise in estimating FA profiles [20,21], but these approaches largely depend on 99 

postmortem samples or superficial tissue analysis, limiting their use for selection in live 100 

animals. Ultrasound, though non-invasive, provides inconsistent IMF content estimates in 101 

Iberian pigs under routine conditions (unpublished observations). These limitations underscore 102 

the importance of alternative predictive data sources. In this context, fecal samples collected 103 

through rectal swabs reflect gut microbiota composition and may offer a real-time window into 104 

host biology. Utilizing these microbiota profiles could therefore provide breeders with a 105 

practical tool to anticipate fat quality traits earlier in the production cycle. 106 

The objective of this study was to evaluate the potential and genetic utility of gut microbiota 107 

composition, derived from fecal samples collected at different stages of the fattening period, as 108 

a pre-slaughter predictor of intramuscular fat content and fatty acid composition in both 109 

intramuscular and subcutaneous fat of Iberian pigs. In addition, we assessed the genetic 110 

relationships between microbiota-based predictions and phenotypes measured using gas 111 
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chromatography, in order to determine the feasibility of incorporating microbiota-derived 112 

information into breeding programs aimed at improving meat quality and nutritional value. 113 

Material and methods  114 

Animals and phenotypes 115 

Data were collected from 226 purebred Iberian pigs of two strains (Entrepelado and Retinto) 116 

and their reciprocal crosses, all fattened at the Iberian Testing Center (CTI) of Inga Food S.A. 117 

(Almendralejo-Extremadura, Spain). Castrated males entered the CTI facility at 95 ± 13 days 118 

of age, with an average weight of 33 ± 10 kg, and were fed a commercial diet ad libitum using 119 

automatic feeders. 120 

The diet was formulated as a complete feed for growing pigs and was primarily based on cereals 121 

and plant protein sources (including maize, wheat, barley, soybean meal, and rapeseed meal), 122 

supplemented with minerals, vitamins, and technological additives. According to the 123 

manufacturer’s specifications, the diet contained 14% crude protein, 3% crude fat, 4% crude 124 

fiber, and 5.1% crude ash. 125 

Animals were introduced into the facility in consecutive batches between May 2021 and June 126 

2022, and were housed in pens, with a maximum capacity of 13 animals per pen. Slaughter took 127 

place at a commercial abattoir at an average age of 365 ± 35 days, after a 12-hour fasting period, 128 

with animals weighing approximately 160 ± 10 kg at the time of slaughter. 129 

After slaughter, a 200 g sample of the Longissimus thoracis at the fourth rib location was 130 

collected from the carcass to analyze intramuscular fat (IMF) content and its fatty acid (FA) 131 

profile. Fatty acid methyl esters (FAMEs) were prepared by transesterification in the presence 132 

of sulfuric acid (5% sulfuric acid in methanol), following the method described by Sandler & 133 

Karo (1992). Separation and identification of fatty acid methyl esters (FAMEs) were performed 134 

by gas chromatography using a gas chromatograph (Hewlett-Packard 4890 Series II) equipped 135 
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with a split/splitless injector and a flame ionization detector. Fatty acids were identified by 136 

comparing the retention times of the methyl esters with those of standards analyzed under the 137 

same conditions [23]. Subcutaneous fat (SCF) analysis was conducted on a 50 g sample of 138 

adipose tissue collected from the sacral region, processed using the same analytical workflow. 139 

A total of 15 fatty acids were identified and quantified in both IMF and SCF, and their 140 

concentrations were expressed as percentages of the total identified fatty acids. The fatty acids 141 

analysed included myristic acid (C14:0), palmitic acid (C16:0), palmitoleic acid (C16:1), 142 

margaric acid (C17:0), margaroleic acid (C17:1), stearic acid (C18:0), oleic acid (C18:1n-9), 143 

linoleic acid (C18:2n-6), α-linolenic acid (C18:3n-3), arachidic acid (C20:0), eicosenoic acid 144 

(C20:1n-9), eicosadienoic acid (C20:2n-9), dihomo-γ-linolenic acid (C20:3n-6), arachidonic 145 

acid (C20:4n-6), and dihomo-α-linolenic acid (C20:3n-3). In addition to individual fatty acids, 146 

the overall composition was grouped into major classes, including saturated fatty acids (SFA), 147 

monounsaturated fatty acids (MUFA), and polyunsaturated fatty acids (PUFA). Furthermore, 148 

several fat quality indices were derived, including nutritional ratios (PUFA:SFA and n-6:n-3 149 

PUFA) and desaturation ratios (MUFA:SFA and the oleic:stearic acid ratio, C18:1n-9/C18:0). 150 

Microbial abundance data 151 

A total of 554 rectal swabs were collected from the animals across three sampling rounds at 152 

three different timepoints: 171 samples at 140 days (143 ± 6 days), 171 samples at 180 days 153 

(183 ± 6 days), and 212 samples at the end of the fattening period (EFP, ~365 ± 35 days). 154 

Samples were obtained at the CTI facilities and stored at -80°C to preserve integrity for 155 

subsequent analyses. 156 

Bacterial DNA extraction and sequencing of V3–V4 region of the 16S rRNA gene were 157 

performed following standardized protocols as described in a previously published work [24]. 158 

The primers used for amplification were: forward (5′-159 

TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGNNNNCCTACGGGNGGCWGCAG160 
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-3’) and reverse (5’-161 

GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGNNNNGACTACHVGGGTATCT162 

AATCC-3’). Raw reads were quality-checked using FastQC [25] and MultiQC [26], and then 163 

processed through the nf-core/ampliseq pipeline [27], employing DADA2 software [28] for 164 

Amplicon Sequence Variant (ASV) inference. 165 

Reads were truncated at 280 bp (forward) and 220 bp (reverse) to remove low-quality bases, 166 

with a minimum read length of 100 bp and minimum ASV length of 400 bp. The sample 167 

inference mode was set to "pooled", and taxonomic classification was performed against the 168 

SILVA v.138 database, with non-bacterial ASVs (including mitochondria, chloroplasts, 169 

archaea, and eukarya) excluded from downstream analysis. DADA2 inferred a total of 15,579 170 

ASVs across the full dataset. After subsetting samples by timepoint and excluding non-bacterial 171 

ASVs (mitochondria, chloroplasts, archaea, and eukarya), 9,296, 10,006, and 11,474 bacterial 172 

ASVs were observed for the 140d, 180d, and EFP timepoints, respectively. These initial ASV 173 

tables served as the input for downstream filtering in R. To reduce noise from spurious or low-174 

prevalence features, ASVs with a relative abundance below 0.001% were excluded. This 175 

prevalence filtering resulted in a final dataset of 2,762 ASVs for 140d, 2,863 ASVs for 180d, 176 

and 3,159 ASVs for EFP. 177 

Animals were included if they had phenotypic records for at least one of the traits under study 178 

and microbiota data available for at least one of the three sampling timepoints (140d, 180d, or 179 

EFP). Phenotypes were recorded at a single post-slaughter timepoint. Table 1 summarizes the 180 

number of animals with both phenotypic records at slaughter and microbial data available at 181 

each timepoint. 182 

 183 

 184 

 185 
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Table 1. Number of animals with phenotypic and microbial data across timepoints 186 

Phenotype category 140d 180d  EFP 

IMF content (%) 138 137 186 

Fatty acid profile (%) and fat quality indices in IMF 164 163 215 

Fatty acid profile (%)  and fat quality indices in SCF 165 164 225 

EFP End of the fattening period, IMF Intramuscular fat, SCF Subcutaneous fat. 187 

Predictive modeling using Bayesian regression 188 

A Bayesian Reproducing kernel Hilbert space (RKHS) linear regression model [29] was used 189 

to develop predictive models using microbiota data at each time point. Models were 190 

implemented using the BGLR package in R [30], and were defined for each phenotype-191 

timepoint combination as follows: 192 𝒚 = ૚ߤ + ࢓ࢃ +  193 (1)    ࢿ

Where 𝒚 is the vector of records for the trait under study without adjustment, except for IMF, 194 

which was previously adjusted at 300 days to account for the variability at slaughter age. The 195 

adjustment was performed only for IMF because it is significantly affected by age, whereas 196 

fatty acid composition shows little to no variation with age. IMF was adjusted to 300 days rather 197 

than the average age because this later corresponds to the typical slaughter age for Iberian pigs, 198 

which is the stage of practical interest for meat quality evaluation. ߤ is the overall mean, ૚ is a 199 

vector of ones of length n, ࢃ is the incidence matrix linking microbiota effects to phenotypic 200 

records and equals the identity matrix; ࢓ is the vector of random microbiota effects (137-225 201 

levels, depending on the dataset) and ࢿ is the vector of residuals with n × 1 dimension, where 202 

n is the number of records. 203 

The phenotypic data (y) were assumed to be conditionally normally distributed as : 204 𝒚|ߤ, ,࢓ ߤ)ࡺ~௘2ߪ + ,࢓ࢃ  ௘2), 205ߪࡵ
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where a flat prior distribution was assumed for ࣆ. Normal distributions were assumed for ࡺ 206 ~࢓(૙, ௠2ߪࡹ ) and ࡺ~ࢿ(૙, ௠2ߪ ௘2),  whereߪࡵ  is the associated microbial variance and ߪ௘2 is 207 

associated to the residual variance. Both ߪ௠2   and ߪ௘2 were assigned a scaled-inverse chi-squared 208 

prior. ࡹ is the microbial kernel matrix and I an identity matrix. ࡹ was computed separately for 209 

each phenotype-timepoint combination from the Centered log-ratio (CLR)-transformed ASV 210 

abundance matrix ࢄ, following the method proposed by Difford et al. (2018) : 211 ࡹ =
௡ࢀࢄࢄ       (2) 212 

Where ࢄ is the matrix of CLR-transformed ASV abundances, with dimension ݌ ×  is the 213 ݌ ,݊

number of animals and ݊ the number of ASVs. 214 

The BGLR models were run for 50,000 iterations, with a 5,000-iteration burn-in period and a 215 

thinning interval of 5. A single MCMC chain was used for each model, and convergence was 216 

visually assessed through inspection of trace plots. 217 

Inference, model training and validation  218 

Posterior means of the intercept (̂ߤ) and microbiota effects (̂࢓) were used to compute the 219 

predicted phenotypes: 220 𝒚̂ = ૚̂ߤ +  221      (3)   ̂࢓ࢃ

Predictive ability of the models was assessed using a repeated 10-fold cross-validation 222 

approach. The dataset was randomly partitioned into ten mutually exclusive groups of 223 

approximately equal size. In each iteration, nine groups were used to train the Bayesian RKHS 224 

model, and the remaining group was used for validation. This procedure was repeated ten times 225 

so that each group served once as the validation set (10-fold cross-validation). To reduce the 226 

influence of random partitioning and obtain more stable estimates of predictive ability, the 227 

entire 10-fold cross-validation procedure was repeated ten times using different random seeds. 228 

Predictive ability was determined by calculating the Pearson correlation between observed (𝒚) 229 

and predicted phenotypes (𝒚̂), averaged across the ten cross-validation rounds. Additionally, 230 
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the mean absolute error (MAE) of predictions was computed to assess the magnitude of 231 

prediction error.  232 

Genetic analysis of observed and predicted phenotypes 233 

A Bayesian bivariate animal model was used to estimate genetic correlations (ݎ௚) between 234 

observed phenotypes (𝒚) and the predicted values using the microbiota information (𝒚̂), as 235 

follows: 236 

[𝒚𝒚̂] = ࢄ] ૙૙ [ࢄ [૛࢈૚࢈] + ࢇࢆ] ૙૙ [ࢇࢆ [૛ࢇ૚ࢇ] + ࢒ࢆ] ૙૙ [࢒ࢆ [૛࢒૚࢒] +  237 (4)     [૛ࢋ૚ࢋ]

Where 𝒚 is the vector of observed phenotypes and 𝒚̂ the vector of predicted phenotypes using 238 

microbiota, ࢄ,  are the corresponding incidence matrices associated with fixed effects 239 ࢒ࢆ and ࢇࢆ

 of contemporary group (12-21 levels, according to animals in each phenotype-240 (૛࢈,૚࢈)

timepoint dataset), random additive genetic effects (ࢇ૚,ࢇ૛) with 137-225 levels, and random 241 

litter effects (࢒૚,࢒૛) with 92-149 levels respectively. (ࢋ૚,ࢋ૛) are the vectors of random errors.  242 

Data were assumed to be conditionally distributed as:  243 

[𝒚𝒚̂] ,૚࢈ | ,૛࢈ ,૚ࢇ ,૛ࢇ ,૚࢒ ,૛࢒ ࡺ~ ࡾ ࢄ) [૛࢈૚࢈] + ࢇࢆ [૛ࢇ૚ࢇ] + ࢒ࢆ [૛࢒૚࢒]  ,  244 (ࡾ

where ࡾ is the residual (co)variance matrix between the two traits. 245 

The (co)variances were assumed to be : 246 

ܸ = ݎܸܽ  ( (ࢋ࢛࢒ = ࡭) ⊗ ૙ࡳ ૙ ૙૙ ࢒ࡵ ⊗ ૙ࡸ ૙૙ ૙ ࢋࡵ ⊗  ૙) 247ࡾ

Where ࡭ is the relationship matrix of the same order as the number of animals in the pedigree;  248 ࢒ࡵ is an identity matrix of the same order as the number of levels of litter effects; and  249 ࢋࡵ is an identity matrix of the same order as the number of records.  250 ࡳ૙, ࡸ૙,and ࡾ૙ are the 2 × 2 additive genetic, litter, and residual (co)variance matrices between 251 

the two traits. 252 
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The model was solved by Gibbs sampling using GIBBSF90 software of the BLUPF90 family 253 

programs [32]. Flat priors were considered for systematic effects and co(variances) in all the 254 

models. The Gibbs samplers were run for a total of 2,000,000 iterations, with the first 1,000,000 255 

discarded as burn-in. Sampling was performed with a thinning interval of 50 samples, yielding 256 

20,000 samples for post-Gibbs analysis, which was conducted using POSTGIBBSF90 program. 257 

Convergence of parameter estimates was assessed using Geweke’s diagnostic [33] and visual 258 

inspection of MCMC chain distributions. For each marginal posterior distribution of the genetic 259 

correlation (ݎ௚), we obtained the posterior mean, the 95% highest posterior density HPD95% 260 

interval, the probability of the estimation being higher than 0.00 ( 0ܲ) and the probability of 261 

relevance which is the probability of the estimation being higher than 0.30 ( ௥ܲ). 262 

Feature Importance analysis 263 

To identify the most influential microbial taxa in predicting fatty acid traits, a permutation-264 

based feature importance analysis was conducted using the Random Forest algorithm [34]. The 265 

analysis was performed independently for each trait and tissue combination. 266 

Briefly, the predictor matrix consisted of CLR-transformed ASV counts, while the response 267 

variable was the phenotypic value of the target trait (%IMF, fatty acid or ratio). For each trait, 268 

a Random Forest Regressor with 250 trees was trained using 10-fold cross-validation. Within 269 

each fold, the model was fitted on the training set, and permutation importance was computed 270 

on the test set by randomly shuffling each feature and measuring the resulting decrease in model 271 

performance (R²). This process was repeated 5 times per feature to improve stability, and the 272 

mean importance score was recorded. Feature importance was averaged across all 10 folds to 273 

generate a final, robust estimate for each ASV. The overall importance of each taxon was 274 

assessed by ranking features based on their mean permutation importance (decrease in R²). 275 

Results were sorted in descending order to identify the most relevant predictors. Top-276 
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performing ASVs and their taxonomic assignments were reported. All analyses were 277 

implemented in Python (v.3.11.5) using scikit-learn module [35]. 278 

Results  279 

Characterization of fatty acid composition 280 

Fatty acids with 16 and 18 carbon atoms were the predominant components in both 281 

intramuscular fat (IMF) and subcutaneous fat (SCF). Oleic acid was the most abundant, 282 

averaging 51.54% in IMF and 49.62% in SCF, followed by palmitic acid (24.95% in IMF, and 283 

22.33% in SCF). The third most prevalent fatty acid differed between depots: stearic acid 284 

ranked third in IMF (10.39%), whereas linoleic acid was more prominent in SCF (10.30%). 285 

These compositional differences resulted in SCF showing slightly greater desaturation indices 286 

(oleic:stearic and MUFA:SFA ratios) compared with IMF. 287 

At the group level, monounsaturated fatty acids (MUFA) were most abundant, representing 288 

57.23% in IMF and 54.02% in SCF, followed by saturated fatty acids (SFA: 37.11% in IMF, 289 

and 33.92% in SCF). Polyunsaturated fatty acids (PUFA) were the least represented, though 290 

more prevalent in SCF (12.07%) than in IMF (5.66%). The intramuscular fat percentage 291 

(%IMF) averaged 10.53%, ranging from 1.88–23.24% across individuals. Basic statistics of all 292 

traits are presented in Additional file 1 (Tables 1 and 2). 293 

Microbial predictive ability of fat quality traits  294 

Predictive abilities were highly dependent on trait, timepoint, and tissue, with values ranging 295 

from -0.11 to 0.77 and standard deviations of 0.17–0.27 across validation folds. Corresponding 296 

predictive abilities and MAE values are provided in Additional file 2 (Tables 1–4). 297 

At the group level (SFA, MUFA, PUFA including n-3 and n-6), predictive ability increased 298 

with the degree of unsaturation, as shown in Fig. 1. For example, in IMF at 180d, SFA showed 299 
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low predictive ability (0.11 ± 0.27), MUFA moderate predictive ability (0.39 ± 0.24), and PUFA 300 

the greatest predictive ability (0.62 ± 0.19). Across tissues, SCF generally yielded greater 301 

predictive abilities for FA group totals than IMF, with the exception of omega-3 PUFA, which 302 

were better predicted in IMF (predictive abilities ranging from 0.40-0.48 in SCF vs.  0.55-0.63 303 

in IMF). Predictive ability also improved with age, being higher at 180d compared with 140d. 304 

However,  at the EFP timepoint, predictive abilities did not consistently improve and in some 305 

cases declined (e.g., MUFA in IMF). 306 

307 

Fig. 1 Predictive ability of fatty acid groups.  308 

Predictive ability of saturated (SFA), monounsaturated (MUFA), and polyunsaturated (PUFA) 309 

fatty acids using microbiota data (amplicon sequence variants, ASVs) collected at 140 days 310 

(140d), 180 days (180d), and the end of the fattening period (EFP) in intramuscular fat (IMF) 311 

and subcutaneous fat (SCF) of Iberian pigs. Points represent the mean predictive ability across 312 

10 cross-validation replicates, and error bars indicate the standard error (SE). 313 

At the individual FA level, the same pattern was observed (Additional file 1, tables 1-2). PUFA 314 

such as linoleic acid and α-linolenic acid were the best predicted fatty acids in both fat tissues. 315 

For example, linoleic acid in IMF reached 0.60 ± 0.20 at 140d, 0.65 ± 0.18 at 180d, and 0.69 ± 316 
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0.16 at EFP. Across tissues, SCF yielded better predictions for most individual fatty acids, 317 

particularly at the final timepoint. On average, predictive ability in SCF was 0.40 ± 0.21, 318 

compared with 0.28 ± 0.21 in IMF. The largest difference in prediction between tissues, was 319 

observed for eicosenoic acid at 180d, with a predictive ability of 0.53 ± 0.23 in SCF compared 320 

with –0.11 ± 0.23 in IMF. 321 

Nutritional and desaturation ratios also showed variable predictive abilities depending on tissue 322 

and timepoint (Additional file 2, tables 3-4). Among PUFA-based ratios, PUFA:SFA was 323 

predicted with moderate to moderately high predictive ability (0.49–0.59 in IMF vs. 0.48–0.56 324 

in SCF). In contrast, the n-6:n-3 ratio was predicted much more accurately in SCF (0.67–0.77) 325 

than in IMF (0.27–0.45). Desaturation indices (MUFA:SFA and oleic:stearic) generally yielded 326 

lower values overall (0.12–0.27 in IMF vs. 0.09–0.51 in SCF). In SCF, predictive abilities of 327 

all nutritional and desaturation ratios improved at the EFP timepoint compared with earlier 328 

ages; for instance, MUFA:SFA increased from 0.30 ± 0.23 at 180d to 0.51 ± 0.15 at EFP 329 

(~70%). In IMF, PUFA-based ratios increased at EFP (by 8-50% with respect to 180d), whereas 330 

desaturation indices decreased (by 14-48% with respect to 180d) (Additional file 2, tables 3-4). 331 

The prediction of intramuscular fat percentage (%IMF) was consistently low across all 332 

timepoints, with the best predictive ability reaching only 0.17 ± 0.25 at EFP (Additional file 2, 333 

table 1). In several folds, predictive abilities approached zero or became negative, underscoring 334 

the difficulty of predicting this trait with the current microbiome-based models. 335 

Genetic parameters of microbiota-predicted traits 336 

Heritability estimates (ℎ2) of microbiota-predicted phenotypes were generally comparable to 337 

those obtained from gold standard measurements across most FA traits and tissues (Additional 338 

file 3, tables 1-2). Estimates were not always more precise at the later timepoint (Fig. 2), despite 339 

the increased amount of data used for estimation. A slight tissue-specific patterns in heritability 340 
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emerged.  Microbiota-predicted phenotypes related to PUFA (including individual fatty acids, 341 

group totals and ratios) showed in average greater posterior mean heritability in IMF than in 342 

SCF (average ℎ2 of 0.33 in IMF vs. 0.21 in SCF for PUFA; Fig. 2). In contrast, MUFA and 343 

SFA related traits exhibited lower ℎ2 in IMF than in SCF (average ℎ2 of 0.29 vs. 0.37 for 344 

MUFA and 0.24 vs. 0.41 for SFA; Fig. 2).  Similarly, microbiota-predicted %IMF showed 345 

moderate ℎ2, ranging from 0.34 to 0.38 across timepoints (Additional file 3). It is important to 346 

note that all estimates were characterized by wide HPD95% intervals, reflecting a considerable 347 

degree of uncertainty.  348 

 349 

Fig. 2 Posterior distributions of heritability and genetic correlations. 350 

Posterior distributions of heritability (h²; top panels) and genetic correlations (ݎ௚; bottom 351 

panels) for microbiota-predicted fatty acid groups (SFA, MUFA, PUFA) in intramuscular fat 352 

(IMF; green) and subcutaneous fat (SCF; orange) of Iberian pigs. Estimates were obtained using 353 

microbiota data collected at 140 days (140d), 180 days (180d), and the end of the fattening 354 

period (EFP). Points represent posterior means, and vertical bars indicate 95% highest posterior 355 

density intervals (HPD95%). Shaded areas represent the posterior probability that ݎ௚ exceeds 356 
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0.30 ( ௥ܲ, probability of relevance), with numeric labels indicating the corresponding probability 357 

values. 358 

Genetic correlation estimates (ݎ௚) were more precise for SCF than for IMF, as reflected by 359 

narrower HPD95% intervals (Fig. 2 and Table 2). Consistent with this higher precision, the 360 

probabilities of relevance ( ௥ܲ) were generally more robust in SCF, whereas in IMF, they 361 

displayed considerable heterogeneity. While PUFA in IMF showed increasing relevance over 362 

time, rising from a weak genetic signal at 140d ( ௥ܲ = 0.16) to a moderate-to-strong signal at 363 

180d and EFP ( ௥ܲ ≈ 0.75–0.77), SFA and MUFA traits consistently exhibited a modest signal 364 

( ௥ܲ generally ranging from 0.40 to 0.60) across all stages. In contrast, SCF exhibited 365 

consistently robust probabilities of relevance for SFA and MUFA traits. Notably, total MUFA 366 

maintained a stable, high probability ( ௥ܲ = 0.84–0.95) across all developmental stages, and the 367 

MUFA:SFA ratio reached near-certainty at EFP ( ௥ܲ = 0.97). Although PUFA traits in SCF also 368 

showed temporal variability ( ௥ܲ ranging from 0.51 to 0.81), the initial probabilities of relevance 369 

at 140d were notably higher than in IMF. 370 

Table 2 presents microbial predictive ability, ݎ௚ estimates, HPD95% intervals, 0ܲ and  ௥ܲ for 371 

%IMF, the most accurately predicted fatty acids within each major group, and the group totals 372 

in both adipose tissues. Values are reported for the timepoints representing the best compromise 373 

between early prediction ability (140d or 180d) and favorable genetic alignment, with 180d 374 

generally providing the most balanced estimates. It is important to note, however, that all 375 

genetic correlation estimates were characterized by wide HPD95% intervals, indicating a 376 

substantial degree of uncertainty in the inferences. 377 

 378 

 379 

 380 

 381 
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Table 2. Microbial predictive ability and genetic parameters for fat traits 382 

Tissue Trait Timepoint¹ Predictive 

ability² 

HPD95% ࢍ࢘
 ࢘ࡼ ૙ࡼ 

Lower 

limit 

Upper 

limit 

IMF IMF (%) 140d 0.12 (±0.26) 0.61 -0.30 1.00 0.89 0.79 

 Linoleic 180d 0.65 (±0.15) 0.61 -0.13 1.00 0.91 0.78 

 α-Linolenic 180d 0.65 (±0.19) 0.49 -0.20 1.00 0.86 0.67 

 Eicosadienoic 180d 0.61 (±0.19) 0.61 -0.04 1.00 0.93 0.79 

 Margaric 180d 0.43 (±0.17) 0.72 0.13 1.00 0.97 0.90 

 Oleic 180d 0.37 (±0.24) 0.53 -0.58 1.00 0.83 0.74 

 Total PUFA 180d 0.62 (±0.19) 0.58 -0.10 1.00 0.90 0.75 

 Total MUFA 180d 0.39 (±0.20) 0.45 -0.79 1.00 0.78 0.69 

 Total SFA 180d 0.11 (±0.25) 0.14 -0.94 1.00 0.58 0.48 

SCF Linoleic 180d 0.77 (±0.20) 0.67 -0.05 1.00 0.94 0.85 

 α-Linolenic 180d 0.64 (±0.27) 0.78 0.25 1.00 0.98 0.93 

 Margaric 180d 0.41 (±0.20) 0.86 0.51 1.00 0.99 0.98 

 Oleic 180d 0.53 (±0.27) 0.69 -0.11 1.00 0.93 0.86 

 Eicosenoic 140d 0.53 (±0.23) 0.77 0.21 1.00 0.88 0.93 

 Total PUFA 180d 0.75 (±0.20) 0.61 -0.15 1.00 0.92 0.81 

 Total MUFA 180d 0.51 (±0.27) 0.67 -0.20 1.00 0.92 0.84 

 Total SFA 180d 0.13 (±0.23) 0.51 -0.42 1.00 0.85 0.72 

IMF Intramuscular fat, SCF Subcutaneous fat, ݎ௚ Genetic correlation, HPD95% 95% Highest 383 

posterior density intervals, 0ܲ Probability that ݎ௚ > 0, ௥ܲ Probability that ݎ௚ > 0.30. 384 

Predictive ability was calculated as the Pearson correlation between observed and predicted 385 

phenotypes, averaged across 10 cross-validation replicates (mean ± SD). Results correspond to 386 

intramuscular fat content (IMF%), key fatty acids, and fatty acid groups (SFA, MUFA, PUFA) 387 

at the timepoint representing the optimal compromise between early predictive ability and 388 

favorable genetic correlation.  389 
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Beyond FA traits, %IMF showed a contrasting profile. Despite its consistently low predictive 390 

ability across timepoints, microbiota-predicted %IMF displayed moderate-to-high genetic 391 

correlations with direct measurements. Correlations were already moderate at 140d and 180d 392 

(0.61, ௥ܲ = 0.79) and increased further at EFP (0.77, ௥ܲ = 0.91), where the HPD95% interval 393 

excluded zero. Complete results for all traits and timepoints are provided in Additional file 3 394 

(Tables 3-4). 395 

Feature importance analysis of microbial predictors 396 

After collapsing the most important ASVs at the genus level, recurrent contributors were 397 

identified across traits and tissues; notably, ASVs of the HT002 genus consistently ranked 398 

among the most influential predictors for PUFA traits in both IMF and SCF at 180d. In SCF, 399 

Cellulosilyticum and Colidextribacter were also among the most influential taxa for PUFA 400 

predictions. For MUFA, the most important predictors in IMF were ASVs from the Family XIII 401 

AD3011 group and Ruminococcus, whereas in SCF, ASVs from Lachnospira and an 402 

unidentified genus within Ruminococcaceae were most prominent. For SFA, Ruminococcus 403 

again appeared as a key predictor in IMF, while in SCF the Christensenellaceae R-7 group was 404 

identified as the most influential genus. Extended lists of most important ASVs and their 405 

associated genera for each trait are provided in Additional file 4. 406 

Discussion 407 

The main objective of this study was to evaluate the potential and the genetic utility of fecal 408 

microbiota as a pre-slaughter predictor of fat and fatty acid (FA) traits in Iberian pigs. The use 409 

of microbial biomarkers for complex traits in livestock has gained traction in recent years, 410 

particularly in the context of animal breeding and live-animal sampling strategies that avoid 411 

slaughter. Here, we used fecal microbiota sampled at three timepoints to predict FAs traits from 412 
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intramuscular and subcutaneous fat,  measured through gas chromatography and explored how 413 

this potential evolves over time. Our results provide evidence that fecal microbiota may serve 414 

to predict key FA traits with moderate predictive ability, particularly in the case of 415 

polyunsaturated fatty acids (PUFA). Given that these predictions capture meaningful genetic 416 

signals, this highlights their potential relevance for selection purposes. The analysis of feature 417 

importance further revealed biologically relevant taxa consistently associated with lipid 418 

metabolism, reinforcing the functional plausibility of these predictions in breeding programs. 419 

Fecal microbiota as an early predictor of fat quality traits 420 

Based on earlier studies, we expected that microbiota composition measured closer to slaughter 421 

would give better prediction results. This has been observed in pigs, where predictive ability 422 

for growth and carcass traits improves when microbiome data are collected at mid-test or off-423 

test stages, rather than earlier in the production cycle [36].  424 

Consistent with this trend, most traits in our study showed improving predictive abilities toward 425 

the end of the fattening period (EFP). However, we observed that for certain traits, earlier 426 

timepoints yielded predictive abilities comparable to, or even better than, those obtained at EFP, 427 

e.g. n-3 PUFA. This suggests that microbial profiles established during early to mid-growth 428 

phases may already capture signals relevant to later fatty acid deposition. These results align 429 

with emerging evidence indicating that the gut microbiota plays a role in host lipid metabolism 430 

beyond immediate nutritional responses [37], possibly through long-term host-microbiota 431 

interactions and shared genetic control mechanisms.  432 

The value of microbiota-based predictions in genetic breeding programs goes beyond 433 

phenotypic predictive ability. Their usefulness depends on whether these predictions capture 434 

heritable variation and are genetically correlated with the true trait of interest.  A model may 435 

perform well statistically, but if it does not capture the underlying host genetic architecture, its 436 
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usefulness in selection is limited. The results of this manuscript showed that for several FA 437 

traits (especially PUFA), microbiota-predicted values share a moderate genetic basis with 438 

observed phenotypes, exhibiting heritabilities in a similar range. Although the genetic 439 

correlations were estimated with considerable uncertainty, the consistency of these patterns 440 

indicates that microbial profiles may act as proxies for host genetic effects. This positions fecal 441 

microbiota as a candidate indicator for the host's genetic regulation of fat metabolism, rather 442 

than solely a tool for phenotypic prediction. 443 

Across both IMF and SCF, group-level traits followed a similar predictability pattern: PUFA 444 

were the best predicted, already evident at 180d, with predictive abilities reaching 0.60–0.77 445 

for individual FAs like linoleic acid (C18:2n-6), followed by MUFA and SFA. From a 446 

nutritional standpoint, accurate predictive ability of PUFA and related indices, such as the 447 

PUFA:SFA ratio, a marker of fat healthiness, is highly valuable. The n-6:n-3 ratio, while 448 

strongly predictable in SCF, showed lower predictive ability in IMF, possibly due to error 449 

propagation inherent in ratio traits and/or tissue-specific metabolic differences. Among the 450 

individual PUFA, linoleic acid stands out not only for its high predictive ability but also for its 451 

relevance to meat quality. High levels are associated with reduced firmness in cured products 452 

[3], yet it has also been proposed as a biomarker for increased intramuscular fat content without 453 

compromising lean growth [38]. This dual interest makes it a compelling target for early-life 454 

selection. 455 

Importantly, genetic correlations for PUFA traits were moderate to moderately high, and, 456 

despite wide HPD95% intervals due to limited sample size, remained positive with high posterior 457 

probability. These results suggest that microbial profiles encode part of the host’s genetic 458 

influence on PUFA metabolism. Although PUFA are largely influenced by dietary intake, 459 

moderate to high heritabilities have been reported [39], consistent with our findings. In 460 

particular, the genetic determinism observed for n-3 PUFA is thought to arise from variation in 461 
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genes regulating intestinal absorption from the diet or organ-specific distribution [40]. Our 462 

results support this hypothesis and suggest that gut microbiota may mediate genetic effects on 463 

fatty acid processing and absorption. 464 

In contrast to PUFA, monounsaturated (MUFA) and saturated fatty acids (SFA) are 465 

predominantly synthesized de novo and are less influenced by dietary lipids [41]. As such, one 466 

might expect these traits to exhibit stronger host genetic control compared to diet-sensitive 467 

PUFA. However, our results reveal a more nuanced picture: PUFA traits showed greater 468 

heritability than MUFA and SFA in IMF with estimates reaching up to 0.42 while the reverse 469 

was observed in SCF, where MUFA and SFA exhibited moderate-to-moderately high 470 

heritabilities (h² = 0.35–0.42) and PUFA showed lower values (h² = 0.22–0.29). This depot-471 

specific pattern aligns with previous findings indicating distinct genetic regulation of fat 472 

deposition between adipose tissues [39]. Although predictive ability was generally lower for 473 

MUFA than for PUFA in both tissues, likely due to weaker microbial mediation of endogenous 474 

lipid synthesis, this pattern did not translate into a proportional decrease in the genetic 475 

correlations. In fact, MUFA correlations were greater than those for PUFA in SCF, where they 476 

were also more precisely estimated. This suggests that although the microbiota may explain 477 

less phenotypic variance in these traits, the predictions that are generated still capture 478 

meaningful host genetic signals. Oleic acid (C18:1n-9), the major contributor to total MUFA 479 

content, showed prediction performance and genetic parameters consistent with the group-level 480 

results though less predictable in IMF compared to SCF (at 180d, predictive ability was 0.37 481 

with ݎ௚=0.54 for IMF and 0.53 with ݎ௚=0.69 for SCF). Notably, oleic acid in SCF has been 482 

reported to exhibit a strong genetic correlation with oleic acid in IMF [39]. Therefore, 483 

microbiota-based prediction of SCF oleic acid could serve as a predictor for IMF oleic acid 484 

content in breeding programs. 485 
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Total SFA had inconclusive results both in predictive ability and genetic correlation, but among 486 

SFA, margaric acid (C17:0) emerged as one of the best predicted FA in both IMF and SCF with 487 

favorable genetic parameter estimates (at 180d, predictive ability was 0.43 with ݎ௚=0.73 for 488 

IMF and 0.41 with ݎ௚=0.86 for SCF). However, its very low abundance in Iberian pig fat limits 489 

its practical relevance as a selection target.  490 

We also assessed the oleic:stearic acid (C18:1n-9/C18:0) and the MUFA:SFA ratios, which 491 

have been used as an indicator of stearoyl-CoA desaturase activity, the enzyme responsible for 492 

converting saturated to monounsaturated FAs [42], and linked to metabolic conditions like 493 

obesity [43]. However, in our study, predictive abilities and genetic correlations of these traits 494 

were inconclusive particularly in the IMF, limiting their utility as microbiota-informed traits 495 

for early selection. 496 

Similarly, the %IMF which is a critical trait for meat quality, as a minimum threshold is 497 

essential to ensure meat tenderness and flavor, also showed low predictive ability. However 498 

surprising genetic correlations of 0.61-0.77 were found. This mirrors findings for MUFA and 499 

indicates that microbiota can rank animals genetically, even when precise phenotypic prediction 500 

is limited. 501 

These results suggest two strategies for predicting %IMF: a direct approach via microbes linked 502 

to %IMF deposition, or an indirect approach through biomarkers like linoleic acid, as discussed 503 

earlier in relation to its potential as an IMF predictor without affecting lean growth. The latter 504 

may enhance early prediction, although its reliability requires further validation in Iberian pigs. 505 

Overall, predictive ability tended to be higher for SCF than for IMF, reflecting a stronger 506 

association between fecal microbiota and SCF composition. Some exceptions were observed, 507 

such as n-3 PUFA, which were better predicted in IMF. Together with prior heritability patterns, 508 

these results highlight depot-specific regulation, consistent with evidence that part of the 509 

genetic control of SCF operates independently of IMF [14,39,44]. 510 



24 
 

Microbial signatures for fatty acid traits  511 

At the prediction level, microbiota composition emerged as a potential predictor of fatty acid 512 

profiles, with several recurrent taxa identified as key contributors to fat trait prediction. In IMF, 513 

linoleic acid stood out as a key trait. Our findings align with Sebastià et al. (2024) who reported 514 

correlations between linoleic acid levels in the longissimus dorsi muscle and fecal genera such 515 

as Clostridium sensu stricto 1 and Terrisporobacter. In our model, ASVs from these genera 516 

ranked among the top 10 most important predictors of linoleic acid at 180d. However, ASVs 517 

assigned to the genus HT002 (family Lactobacillaceae) exhibited the greatest variable 518 

importance at this timepoint. Known for its role in carbohydrate fermentation and lactate 519 

production [45], HT002 contributes to short-chain fatty acid (SCFA) formation and may 520 

influence host metabolic status. Notably, HT002 ASVs also showed the greatest importance 521 

scores for multiple PUFA traits, including n-3 and n-6 PUFA in IMF. In subcutaneous fat 522 

(SCF), this genus remained among the top five predictors for PUFA-related traits, though it was 523 

surpassed by ASVs from Colidextribacter and Cellulosilyticum. Colidextribacter was 524 

previously identified as a key discriminator between purebred and crossbred Iberian pigs in our 525 

population [24], suggesting a potential link to breed-specific microbial profiles. Meanwhile, 526 

Cellulosilyticum has been associated with improved feed efficiency and growth performance in 527 

pigs [46,47], indicating a broader physiological role that may indirectly modulate lipid 528 

metabolism. 529 

The predictive performance for MUFA was moderate, yet the identification of influential taxa 530 

may provide valuable insights into the microbial drivers of monounsaturated lipid metabolism, 531 

and several of these associations are supported by findings from other studies in pigs. Microbial 532 

signatures for MUFA also revealed distinct, depot-specific predictors. In IMF, ASVs assigned 533 

to the Family XIII AD3011 group genus and the Ruminococcus genus were ranked as the most 534 

important features. The relevance of the Family XIII AD3011 group is particularly notable, as 535 



25 
 

it has been previously associated with increased fat deposition and disease resistance in pigs 536 

[48], suggesting a potential direct link to host lipid metabolism. In contrast, the predictive 537 

landscape for MUFA in SCF was dominated by ASVs from the genus Lachnospira, a known 538 

producer of short-chain fatty acids (SCFAs) [49], and an unidentified genus within the 539 

Ruminococcaceae family. This aligns with previous findings in Iberian pigs, where 540 

Ruminococcaceae OTUs were positively correlated with oleic acid content in backfat [50].  541 

Together, these findings demonstrate that specific members of the gut microbiota may 542 

contribute meaningfully to fat composition and highlight the potential to leverage microbial 543 

profiles as predictive tools. The use of fecal microbiota therefore presents a promising approach 544 

for predicting FA composition. While technologies such as near-infrared spectroscopy (NIRS) 545 

and hyperspectral imaging have shown good predictive performance for FA profiles in fat and 546 

muscle [20,21,51], their application is largely limited to postmortem or superficial tissues, 547 

constraining their utility for in vivo, early-life selection. Our findings suggest that 548 

longitudinally sampled gut microbiota captures genetically meaningful signals for both IMF 549 

and SCF, and the favorable predictive abilities for key traits by mid-fattening period highlight 550 

its potential to complement existing phenotyping strategies in breeding programs. 551 

Conclusions, limitations and future perspectives 552 

This study provides evidence that gut microbiota composition, assessed via fecal samples 553 

collected during early to mid-growth, holds promise as an early predictor of fatty acid profiles 554 

in Iberian pigs. Notably, PUFA exhibited the most consistent predictive signals, with microbial 555 

profiles at 180 days of age performing comparably to—or in some cases better than—those 556 

collected closer to slaughter. While prediction performance was higher for subcutaneous fat 557 

than intramuscular fat, this tissue-specific pattern offers valuable insight into where microbiota-558 

based approaches may be most effective. Key microbial taxa, including HT002 559 
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(Lactobacillaceae), Family XIII AD3011 group, and Colidextribacter, emerged as consistent 560 

predictors, suggesting biologically relevant links to lipid metabolism worthy of further 561 

exploration. 562 

The estimated genetic correlations and heritabilities indicate that microbial profiles capture 563 

meaningful aspects of the host's genetic architecture, particularly for PUFA and MUFA traits. 564 

That said, the modest sample size and resulting wide HPD95% intervals reflect the preliminary 565 

nature of these genetic estimates and highlight the value of validation in larger, independent 566 

cohorts. Similarly, while the observed predictive patterns are encouraging, refining model 567 

performance, especially for intramuscular fat traits, remains an important next step. Overall, 568 

these results support using microbiota as an additional tool to help select animals with better 569 

meat quality at an early stage, with future work expected to improve its reliability and use in 570 

practice. 571 
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values. 783 

File name : Additional File 2 784 

File format: .xlsx 785 

Title: Predictive ability of fatty acid composition and fat quality traits in intramuscular and 786 
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File name : Additional File 3 797 

File format: .xlsx 798 

Title: Genetic parameters for fatty acid composition and fat quality traits in intramuscular and 799 
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Description: Table 1 : Heritabilities (h2) and 95% highest posterior density intervals (lower and 801 

higher limits) for fat quality traits,  including fatty acids, group totals, and ratios, in 802 

intramuscular fat (IMF). Table 2 : Heritabilities (h2) and 95% highest posterior density intervals 803 

(lower and higher limits) for fat quality traits, including fatty acids, group totals, and ratios, in 804 

subcutaneous fat (SCF). Table 3 : Genetic correlations (rg), 95% highest posterior density 805 

intervals (lower and higher limits), P0 and Pr for fat quality traits, including fatty acids, group 806 
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and subcutaneous fat. 813 
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and ratios in intramuscular fat (IMF) at 180d, and with %IMF at 140d. Table 2. Most important 815 
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