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One Sentence Summary: Dietary polyunsaturated fatty acids enhance appetite via a gut 18 
microbiome–serotonergic pathway. 19 
 20 
Abstract: Appetite is regulated by nutrient-sensing systems that integrate long-term signals from 21 
energy stores and short-term cues from dietary intake, yet this regulation is increasingly disrupted 22 
by industrialized diets. Although the physiological effects of industrialized diets are well 23 
documented, the continued rise in metabolic and eating disorders underscores a critical gap in our 24 
understanding of how these diets shape neural regulation of eating behavior. Here, we tested how 25 
distinct properties of industrialized diets alter brain neurochemistry and change appetite. We 26 
probed the properties of an industrialized diet through contrasts targeting the overall diet pattern 27 
(Western vs. control), enriched macronutrients (fat vs. sugar), and isocaloric trade-offs of 28 
macronutrient variants (saturated fatty acids vs. polyunsaturated fatty acids [PUFA]). The most 29 
salient effects emerged from the finest-grained contrast: PUFA conditioning increased appetite 30 
through a mechanism involving elevated brain 5-hydroxyindoleacetic acid (5-HIAA), a primary 31 
serotonin catabolite associated with the gut microbiome. Fecal microbiota transplants into germ-32 
free mice confirmed that the PUFA-conditioned gut microbiota carries an appetite-enhancing 33 
signature. Together, our findings delineate a diet-microbiome-gut-brain axis through which dietary 34 
components of industrialized diets can modulate appetite and contribute to altered eating behavior.  35 
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INTRODUCTION  38 

Appetite regulation is a tightly coordinated physiological process in which nutrient-derived 39 

signals, shaped by dietary composition, act on central circuits to regulate energy intake (1,2). 40 

Industrialized dietary patterns can disrupt this system by altering nutrient-derived signals in ways 41 

that overwhelm systems of metabolic control shaped by evolutionary pressures (3,4). The high 42 

prevalence and persistence of obesity and metabolic disorders remain difficult to treat (5), 43 

highlighting a gap in our understanding of how modern diets impair appetite-regulating signals.  44 

Industrialized diets rich in refined carbohydrates and saturated fatty acids but low in fiber 45 

impair metabolic homeostasis and alter feeding behavior by remodeling satiety signaling and 46 

reward valuation (6–8). These nutrient profiles bias consumption toward energy-dense foods while 47 

disrupting internal signals that regulate intake (9). While broad contrasts between industrialized 48 

and non-industrialized diets have revealed global effects on metabolism (10) and eating behavior 49 

(11), they often obscure the specific dietary components that can distort how the brain registers 50 

the nutritional quality of food (12). Among other possible pathways, industrialized diets are known 51 

to alter the gut microbiome (13) and microbiome-derived metabolites modulate satiety via the gut-52 

brain axis (14–16), suggesting a role for the microbiome-gut-brain axis in the impairment of 53 

appetite regulation (8, 17). However, which specific components of an industrialized diet 54 

contribute to shaping host appetite via the microbiome-gut-brain axis remains unexplored.  55 

We hypothesized that industrialized diets perturb appetite regulation through microbe-56 

derived metabolites that engage host metabolic and neural pathways. We thus sought to identify 57 

the pathways through which specific dietary components enriched in industrialized diets influence 58 

appetite. We narrowed the dietary components of interest through feeding trials in mice targeting 59 

the overall diet pattern (Western vs. control), enriched macronutrients (fat vs. sugar), and isocaloric 60 
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trade-offs of macronutrient variants (saturated fatty acids [SFA] vs. polyunsaturated fatty acids 61 

[PUFA]). Across each dietary contrast, we probed the relationships between appetite, dietary 62 

composition, microbiome profile, and metabolites known to interact with host metabolism (18), 63 

dietary intake (19–22), and the gut microbiome (15,18,19). Many of these metabolites – including 64 

neurotransmitters such as gamma-aminobutyric acid (GABA) and serotonin, bile acids, short-65 

chain fatty acids, and endocannabinoids – are bioactive, capable of signaling nutritional status to 66 

the brain and influencing feeding behavior through gut-brain communication pathways (8, 25). 67 

Using brain-targeted metabolomics, we aimed to identify metabolite signatures involved in 68 

appetite regulation. 69 

The finest-grained contrast, SFA vs. PUFA, identified 5-hydroxyindoleacetic acid (5-70 

HIAA) as a metabolite linking PUFA dietary conditioning, gut microbiome profile, and appetite. 71 

Follow-up gnotobiotic experiments confirmed that the PUFA-conditioned gut microbiome carries 72 

an appetite-promoting signature that does not depend on direct dietary exposure. Jointly, this work 73 

characterizes a diet-microbiome-gut-brain axis through which fatty acid subclasses shape brain 74 

metabolite profiles associated with appetite, providing mechanistic insight into how industrialized 75 

diets could perpetuate unhealthy eating behavior. 76 

 77 

RESULTS 78 

Dietary conditioning alters host appetite 79 

We subjected C57BL/6J mice (n=10) to a multi-stage dietary trial involving a baseline 24-hour 80 

intake assay, followed by two weeks of exposure to a conditioning diet, followed by a post-81 

intervention 24-hour intake assay, and finally six days of re-exposure to the conditioning diet prior 82 

to sacrifice and tissue harvest (Fig. 1A). Our conditioning diets were designed to model the effects 83 
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of industrialized diets at three levels of specificity: overall dietary pattern, comparing Western 84 

versus control diet-mimic chows; enriched macronutrients, comparing high-fat versus high-sugar 85 

chows; and trade-offs of macronutrient variants, comparing isocaloric SFA- versus PUFA-rich 86 

chows (Fig. 1B, Tables S1-S4). In each 24-hour intake assay, the two contrasted conditioning diets 87 

were presented alongside each other, with total food intake and diet-specific intake measured via 88 

reduced hopper weights and validated based on continuous video recordings analyzed with 89 

DeepLabCut, a machine-learning-based software for pose estimation (26). 90 

 We first examined how dietary conditioning influenced appetite by quantifying and 91 

comparing total caloric intake across groups in the 24-hour intake assays. Western-conditioned 92 

mice consumed fewer kilocalories than control-conditioned mice post-intervention (Fig. 1C). No 93 

difference was detected between fat- and sugar-conditioned groups, although intake trended lower 94 

in the fat-conditioned group (Fig. 1D). PUFA-conditioned mice, by contrast, consumed more 95 

kilocalories than SFA-conditioned mice (Fig. 1E).  96 

To determine whether appetite shifts targeted specific nutrient classes, we further analyzed 97 

intake at the level of macronutrients (carbohydrate, fat, protein), carbohydrate subclasses (simple, 98 

complex, indigestible), and fatty acid subclasses (SFA, monounsaturated fatty acids [MUFA], or 99 

PUFA) (Fig S1). The Western-conditioned group exhibited lower intake than their control-100 

conditioned counterparts, with the strongest effects observed for macronutrient fat (Fig. S1A) and 101 

SFA consumption (Fig. S1I). Unlike the Western vs. control contrast, sugar- vs. fat-conditioning 102 

did not elicit a robust shift in nutrient-specific intake (Fig. S1B, S1F, S1J). While most nutrient 103 

consumption scaled with total caloric intake (Fig. S1C, S1G), PUFA-conditioned mice consumed 104 

more SFA and MUFA than their SFA-conditioned counterparts (Fig. S1K), indicating that PUFA 105 

conditioning enhanced appetite specifically for fatty acid subclasses absent from the conditioning 106 
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diet. Together, these results show that exposure to Western, high-fat, and SFA-rich diets 107 

consistently reduced total caloric intake, whereas PUFA conditioning enhanced appetite in part 108 

through elevated SFA consumption. 109 

 While endpoint intake measurements reveal how much was consumed, they offer limited 110 

insight into how consumption patterns unfold over time. To address this, we applied DeepLabCut 111 

to extract temporal features of feeding behavior from video recordings during the intake assays. 112 

We defined eating as instances when the mouse nose point remained in contact with the feeder for 113 

more than two consecutive seconds and quantified the total duration of these events over the 24-114 

hour period as a proxy for consumption. This complementary analysis uncovered diet-specific 115 

changes in temporal patterns of feeding behavior.  In the Western vs. control contrast, the control-116 

conditioned group exhibited consumption patterns that were similar at baseline and post-117 

intervention, whereas the Western-conditioned group showed a 43.6% decrease in cumulative 118 

eating time post-intervention (Fig. 1F). In the fat vs. sugar contrast, cumulative eating time 119 

decreased in both groups, by 49.2% and 41.7%, respectively (Fig. 1G). In the SFA vs. PUFA 120 

contrast, cumulative eating time in the PUFA-conditioned group changed minimally (-3.59%) 121 

despite an increase in caloric intake – indicating a faster eating rate – while the SFA-conditioned 122 

group exhibited a 17.5% decrease in cumulative eating time (Fig. 1H).  123 

Heatmaps of consummatory activity further illustrate preferences between the two co-124 

presented diets. In the Western vs. control and fat vs. sugar contrasts, all mice predominantly 125 

consumed from the Western and high-fat feeders, respectively, regardless of timepoint (Fig. 1I, 126 

1J). However, post-intervention activity density around the feeders was attenuated in Western- and 127 

fat-conditioned mice, suggesting reduced post-intervention engagement with their assigned 128 

conditioning diets. In the SFA vs. PUFA contrast, both groups developed a clear preference for 129 
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the SFA diet, as evidenced by more defined activity density around the SFA feeder post-130 

intervention (Fig. 1K). 131 

To provide physiological context, we assessed cumulative feed intake, percent body weight 132 

change, and feed efficiency during the two-week dietary intervention, as well as fat mass (via 133 

EchoMRI) at the start and end of this period (Fig. S2). Western-conditioned mice consumed more 134 

of their assigned diet than did their control counterparts through day 12 (Fig. S2A) and exhibited 135 

greater fat mass (Fig. S2D) despite no differences in body weight gain (Fig. S2C). By contrast, 136 

sugar- and fat-conditioned cohorts exhibited overlapping trajectories in feed intake and body 137 

composition (Fig. S2E-H). Despite comparable caloric intakes during the intervention period 138 

between the SFA- and PUFA-conditioned groups (Fig. S2I), SFA-conditioned mice experienced 139 

greater feed efficiency than their counterparts (Fig. S2J), as evidenced by steeper body weight gain 140 

relative to feed intake (Fig. S2K) and higher fat mass (Fig. S2L). This is consistent with a broad 141 

range of experimental and epidemiological data suggesting increased effective caloric gains under 142 

SFA versus PUFA ingestion (27).  143 

Dietary conditioning shapes host brain metabolite profiles 144 

Building on weight-based and time-based measures of eating behavior, we hypothesized that 145 

dietary conditioning would differentially impact neuromodulatory pathways in the brain. To test 146 

this, we performed targeted and untargeted LC-MS-based metabolomics to identify metabolic 147 

responses to diet. Our targeted panel of metabolites spanned monoaminergic and amino acid-148 

derived neurotransmitters, endocannabinoid lipid mediators, and bile acid- and cholesterol-derived 149 

signaling molecules (Table S5), and we complemented this targeted analysis with untargeted 150 

screening to identify broader metabolic responses to diet.  151 
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Targeted metabolomics revealed that dietary fat drives distinct alterations in brain 152 

metabolites. In the fat vs. sugar comparison, fat conditioning elevated cholesterol and the 153 

endocannabinoids 2-arachidonoylglycerol (2-AG) and anandamide (AEA) (Fig. 2A), whereas 154 

sugar conditioning increased GABA (Fig. 2A). In the SFA versus PUFA contrast, PUFA-155 

conditioned mice exhibited elevated levels of the primary serotonin catabolite 5-HIAA, whereas 156 

SFA-conditioned mice exhibited elevated cholic acid, pointing to divergent modulation of 157 

monoaminergic and bile acid signaling (Fig. 2B).  158 

To illuminate other non-targeted brain metabolites that were affected by dietary 159 

conditioning, we complemented our targeted analyses with untargeted metabolomics. In the 160 

Western versus control contrast, dietary conditioning led to shifts in brain metabolites involved in 161 

energy metabolism, amino acid turnover, neurotransmission, and xenobiotic processing, reflecting 162 

the broad neurochemical impact of a fat- and sugar-rich, energy-dense diet (Fig. 2C, 2F; Table 163 

S5). In the fat vs. sugar contrast, fat conditioning led to suppression of amino acid and nucleotide 164 

metabolites, along with increased lipid-derived signaling molecules and redox compounds (Fig. 165 

2D, 2G; Table S5). In the most granular contrast, SFA conditioning increased levels of medium 166 

chain acylcarnitine and fatty acid transport metabolites, alongside changes in neuroactive 167 

compounds (Fig. 2E, 2H; Table S5).  168 

 169 

Brain metabolites mediate effects of dietary conditioning on host appetite 170 

We next used mediation analysis (28) to test whether brain metabolites may mediate the effects of 171 

dietary conditioning on appetite. Mediation analysis quantifies the extent to which the relationship 172 

between two variables of interest is influenced by a third variable (mediator) that functions as an 173 

intermediary. Here, mediation effect refers to the effect of dietary conditioning on appetite that is 174 
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mediated by brain metabolites, whereas total effect refers to the overall effect of dietary 175 

conditioning on appetite, regardless of whether it is mediated by brain metabolites (Fig. 3A).  176 

The total effects of dietary conditioning on appetite were most pronounced in the Western 177 

vs. control and SFA vs. PUFA contrasts, whereas the fat vs. sugar contrast showed minimal effects, 178 

mirroring the patterns observed in the appetite analyses (Fig. 1). Modeling diet–metabolite and 179 

metabolite–appetite relationships separately to examine mediation effects identified 5-HIAA, 180 

GABA, and the primary bile acid tauroursodeoxycholic acid (TUDCA) as the brain metabolites 181 

that most strongly mediated the effects of dietary conditioning on host appetite whether indexed 182 

as general appetite, macronutrient-specific appetite, or substrate-specific appetite (Fig. 3B, Fig. 183 

S3). The effects of 5-HIAA, GABA, and TUDCA all showed positive estimates (where control, 184 

high-sugar, and SFA diets served as reference groups and Western, high-fat, and PUFA diets 185 

served as treatment groups), indicating that these brain metabolites act to increase appetite.  186 

In addition to 5-HIAA, GABA, and TUDCA, we observed a suite of other neuroactive 187 

metabolites – including endocannabinoids, biogenic amines, and steroid derivatives – that exerted 188 

effects on appetite (Fig. S3). However, the effects of these additional metabolites were less 189 

consistent and more context-specific, so we elected to focus downstream work on 5-HIAA, 190 

GABA, and TUDCA as the most promising appetite-modulatory metabolites.  191 

 192 

Diet remodels gut microbial composition and function linked with 5-HIAA 193 

5-HIAA (29, 30), GABA (31–33), and TUDCA (34) are all known to interact with the gut 194 

microbiota. Microbes promote 5-HIAA production during early-life nutrition (29) and enable 195 

stress-induced serotonergic responses (30). Specific microbial strains also synthesize (32, 33) and 196 

consume (31) GABA, shaping neurochemical signaling through cross-feeding interactions. 197 
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Meanwhile, gut dysbiosis reduces TUDCA biosynthesis, weakening its anti-inflammatory and 198 

metabolic regulatory roles (34). Given these effects, and since diet is known to be a principal 199 

determinant of the gut microbiome (35, 36), we examined how dietary conditioning altered gut 200 

microbial composition.  201 

Bray-Curtis principal component analysis revealed structural differences in gut microbial 202 

communities across all three dietary contrasts, confirming that dietary exposure robustly shapes 203 

microbial ecology (Fig. 4A-C). To characterize these shifts, we conducted ANCOM-BC2-based 204 

differential abundance analysis (37) and identified distinct microbial signatures associated with 205 

each diet. Western diet conditioning enriched diverse taxa across the orders Clostridiales, 206 

Erysipelotrichales, Bacteroidales, and Lactobacillales (Fig. 4D), while high-sugar conditioning 207 

selectively enriched the family Christensenellaceae (Fig. 4E). SFA and PUFA diets induced 208 

distinct microbial shifts within the order Clostridiales, with SFA conditioning favoring several 209 

Ruminococcus and Peptostreptococcaceae lineages, and PUFA conditioning enriching members 210 

of the Lachnospiraceae family (Fig. 4F), a group that includes known Stickland fermenters capable 211 

of oxidizing tryptophan into neuroactive metabolites (38).  212 

To test whether these diet-induced microbial changes might relate to brain signaling, we 213 

used HAllA (39) and identified robust associations between brain metabolite levels and gut 214 

microbial taxa (Fig. 4G). Strikingly, the metabolites linked to microbial composition were largely 215 

distinct from those identified as mediators of appetite (Fig. 3, Fig. S3). While bile acids dominated 216 

the HAllA-associated set, none appeared as mediators, suggesting their role as microbially derived 217 

signaling molecules rather than modulators of feeding behavior. In contrast, 5-HIAA emerged as 218 

a point of overlap, such that elevated 5-HIAA levels in PUFA-conditioned mice corresponded with 219 
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both changes in gut microbiota composition (increased Lachnospiraceae) and increased appetite 220 

relative to SFA-conditioned mice.  221 

To understand whether elevated 5-HIAA levels might arise due to changes in the functional 222 

potential of the gut microbiome, we employed PICRUSt2-based metagenome inference (40). 223 

Whereas SFA-conditioned mice showed enrichment in categories related to glycan biosynthesis 224 

and metabolism and infectious disease, we found that PUFA-conditioned mice exhibited 225 

enrichment in KEGG pathway categories related to neurodegenerative diseases and amino acid 226 

metabolism, including enrichment of tryptophan metabolic pathways (Fig. 4H). This suggests that 227 

PUFA conditioning increased microbial capacity to supply tryptophan, a key substrate for host 228 

serotonin biosynthesis (41).   229 

Taken together, these data position 5-HIAA as a unique molecular node linking microbial 230 

composition, brain signaling, and increased appetite after PUFA conditioning. 231 

 232 

Gut microbes causally influence host appetite 233 

Building on our discovery that 5-HIAA links gut microbial composition and function to appetite 234 

regulation, we next asked whether the gut microbiome itself plays a causal role in shaping host 235 

appetite. To test this, we transplanted into germ-free C57BL/6J mice pre-PUFA-conditioning 236 

(PUFA0) and post-PUFA-conditioned (PUFA+) gut microbiota harvested from murine donors in 237 

the SFA vs. PUFA experiment (Fig. 5A). Inoculated mice were subjected to baseline and post-238 

inoculation 24-hour intake assays, with appetite indexed by total, macronutrient-specific, and 239 

substrate-specific intake, mirroring the study design used in conventional mice.  240 

Consistent with PUFA-conditioned microbiota promoting increased appetite, PUFA+ 241 

recipients exhibited higher total caloric intake than PUFA0 recipients after inoculation (Fig. 5B), 242 
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echoing the enhanced appetite observed in PUFA-conditioned conventional mice post-intervention 243 

(Fig. 1E). Beta-diversity analysis confirmed successful engraftment of the donor microbiome into 244 

their respective recipients and illustrated distinct gut microbiota profiles between PUFA0 and 245 

PUFA+ recipients (Fig. 5C), with the family Lachnospiraceae among the taxa enriched in both the 246 

PUFA-conditioned donors (Fig. 4F) and PUFA+ recipients (Fig. 5D). These data highlight the gut 247 

microbiome’s causal influence in modulating host appetite and suggest an appetite-promoting 248 

microbial signature dominated by Lachnospiraceae. 249 

 250 

DISCUSSION 251 

In our murine model, PUFA conditioning promoted increased caloric intake and elevated 252 

brain 5-HIAA, a serotonin catabolite that was found to mediate the effects of dietary conditioning 253 

on appetite. Levels of 5-HIAA in the brain were associated with Lachnospiraceae abundance, and 254 

PUFA conditioning enriched predicted microbial pathways related to serotonergic signaling, 255 

prompting us to examine the microbiome as a potential mechanism. Transplantation of a PUFA-256 

conditioned microbiome (PUFA+) was sufficient to promote increased caloric intake in murine 257 

gnotobiotic recipients, indicating a transmissible microbiome-dependent behavioral phenotype. 258 

PUFA conditioning robustly enhanced appetite, as indexed by total caloric intake in 24-259 

hour intake assay conducted post-intervention. Concordantly, our behavioral analysis revealed that 260 

PUFA-conditioned mice consumed more pellets while spending comparable time at the feeder, 261 

indicating a higher eating rate – a pattern known to increase ad libitum energy intake (42). While 262 

rodent studies, including ours, have noted a trend toward greater energy intake in response to 263 

PUFA feeding compared to SFA feeding (43–46), human studies report more variable outcomes: 264 

some find that PUFA-rich meals suppress appetite more effectively than SFA or MUFA meals 265 
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(47–49), while others observe no effect of fatty acid saturation or chain length on energy intake 266 

(50, 51). These mixed findings may reflect the consumption by humans of mixed meals versus 267 

purified diets, reliance on subjective appetite ratings versus direct measurements of caloric intake, 268 

and the short-term nature of many human feeding trials relative to the conditioning paradigms used 269 

in animal models.   270 

 Consumption of a PUFA-rich diet elevated brain levels of 5-HIAA, the primary serotonin 271 

catabolite (52), which was subsequently found to mediate the effect of dietary conditioning on host 272 

appetite. Classic models attribute serotonin-driven appetite regulation to carbohydrate-induced 273 

shifts in plasma tryptophan availability (53–55), the precursor to serotonin. Although we observed 274 

diet-induced shifts in the gut microbiome that enriched for tryptophan biosynthetic pathways, we 275 

found no differences in brain tryptophan levels between dietary groups. Instead, the elevation of 276 

5-HIAA following PUFA conditioning suggests increased serotonin turnover as a downstream 277 

mechanism. Because peripheral serotonin does not cross the blood-brain barrier (56), we propose 278 

that PUFA ingestion stimulates central serotonin turnover through indirect mechanisms such as 279 

gut-derived vagal signaling. This is supported by the enrichment of Lachnospiraceae – members 280 

of which conduct Stickland fermentations, including oxidative metabolism of tryptophan into 281 

neuroactive catabolites (38) – in microbiota profiles known to engage vagal monoaminergic circuit 282 

(57). While prior reports have linked PUFA consumption to increased serotonergic turnover (58–283 

60), our study is unique in proposing microbiome-mediated gut-brain signaling as a pathway 284 

through which dietary fats shape serotonergic tone.  285 

Our experiments in gnotobiotic mice suggest that PUFA-mediated shifts in the gut 286 

microbiome were sufficient to drive appetite changes in the absence of direct dietary conditioning. 287 

Recapitulation of behavioral effects in microbiota transplant recipients adds to growing evidence 288 
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that the gut microbiome exerts causal influence over host appetite and nutrient preference (15, 61–289 

63), and that diet-derived microbial metabolites can regulate host appetite via gut-brain signaling 290 

(64). By demonstrating a new PUFA-serotonergic pathway mediating microbiome-dependent 291 

appetite enhancement, we provide biological validation of food-microbe-metabolite interactions 292 

previously only predicted using deep-learning approaches (65). Furthermore, our integration of 293 

brain metabolomics, microbiome profiling, and gnotobiotic experimentation delivers mechanistic 294 

granularity and translational insights, complementing clinical studies that link dietary modulation 295 

of gut microbiota to host energy balance (66). Together, these findings position the gut microbiome 296 

as both a target and transmitter of dietary and neural cues in the regulation of appetite. 297 

While our findings outline a diet-microbiome-gut-brain axis shaping PUFA-driven 298 

modulation of appetite, further work to enhance mechanistic resolution will be valuable. For 299 

instance, while 16S rRNA gene sequencing was appropriate to establish the dietary sensitivity of 300 

the gut microbiota, validate the fidelity of fecal microbiota transplantation, and enable PICRUSt2-301 

based prediction of metagenomic pathway enrichment, shotgun metagenomic sequencing will be 302 

necessary to assay strain-level variation and changes in functional capacity within PUFA-303 

conditioned microbial communities. The use of synthetic microbial communities could facilitate 304 

mechanistic dissection of whether and how Lachnospiraceae increases tryptophan availability to 305 

shape host eating behavior. Additionally, while our data positions 5-HIAA as a key metabolite 306 

linking PUFA consumption, gut microbiome profile, and feeding behavior, functional validation 307 

remains essential. Future studies leveraging neural tools – e.g., calcium imaging, Fos expression 308 

mapping, and targeted gain/loss-of-function approaches – will be critical to confirm whether 309 

serotonergic circuits mediate the behavioral effects of a PUFA-conditioned gut microbiome. 310 

Collectively, these future directions will help define how consumption of dietary fats shapes 311 
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appetite in industrialized populations experiencing alterations in dietary composition and elevated 312 

rates of both disordered eating and metabolic disease. 313 

 314 

MATERIALS AND METHODS 315 

Animals and experimental design 316 

Eight-week-old male C57BL/6J mice were used in all conventional and gnotobiotic experiments. 317 

Conventional mouse studies were conducted at the Biological Research Infrastructure (BRI) 318 

research facility at Harvard University under Harvard University Institutional Animal Care and 319 

Use Committee (IACUC) protocol #17-06-306. The gnotobiotic mouse experiment was conducted 320 

at the Massachusetts Host-Microbiome Center at Brigham and Women’s Hospital under Harvard 321 

Medical School IACUC protocol #2016N000141. Mice were housed individually at_25°C on a 322 

12h:12h light:dark cycle and had ad libitum access to water and food, as specified below. 323 

 324 

Food intake assay and dietary conditioning 325 

To assess how dietary exposures influence appetite and brain-gut interactions, we implemented a 326 

baseline intake assay, followed by a two-week dietary conditioning protocol, followed by a post-327 

conditioning intake assay.  328 

During each intake assay, mice were provided with simultaneous access to two diets for 24 329 

hours, enabling quantification of both total food intake and preferences within a dietary contrast. 330 

Each dietary pairing represented one of three contrasts relevant to an industrialized diet: Western 331 

vs. control (TD.110919 vs. TD.140806, Table S2), high-fat vs. high-sugar (TD.220629 vs. 332 

TD.220628; Table S3), and SFA-rich vs. PUFA-rich (TD.220630 vs. TD.220631; 34.5% kcal 333 

from fat for both; Table S4). Video recordings taken during the intake assays using overhead 334 
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Raspberry Pi cameras were used to validate food intake measurements. During the two-week 335 

dietary conditioning period, animals received one of the two diets from their assigned dietary 336 

contrast, with body weight and feed intake recorded every other day.  337 

We quantified appetite at three levels: (i) general appetite, indexed by overall caloric 338 

consumption; (ii) macronutrient-specific appetite, indexed by consumption of calories derived 339 

from protein, carbohydrate, or fat; and (iii) substrate-specific appetite, indexed by consumption of 340 

calories derived from key classes of carbohydrate (simple carbohydrate, complex carbohydrate, or 341 

indigestible fiber) or fat (SFA, MUFA, or PUFA). In the Western vs. control and fat vs. sugar 342 

contrasts, the diets differ in nutrient composition, allowing meaningful deconstruction of total 343 

intake at all three levels. In comparison, the two diets in the third contrast (SFA vs. PUFA) are 344 

isocaloric and matched in their macronutrient composition, differing only in fatty-acid profiles. 345 

Because the diets are matched for all nutrients except fat type, macronutrient- and carbohydrate-346 

specific intake values are proportional to total intake by design, precluding meaningful analyses 347 

of macronutrient-specific and carbohydrate-specific preferences. We have therefore focused on 348 

general appetite and fatty acid-specific appetite for this contrast.  349 

 350 

Behavioral tracking 351 

During the 24-hour intake assay, the behaviors of the experimental mice were recorded using a 352 

Raspberry Pi camera installed at the top of the cage. The camera was programmed to record for 24 353 

hours, and the videos were analyzed using DeepLabCut, a deep learning-based software for 354 

markerless pose estimation based on a deep neural network. To label and predict the coordinates 355 

of each body part with DeepLabCut, we extracted 240 characteristic frames and labeled the nose 356 

point and tail point. The extracted images were transformed into training sets on which the deep 357 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

neural network was trained. The network comprised ResNet-50 and deconvolutional layers, the 358 

outputs for which are score maps representing the soft predictions for the location of each body 359 

part. The network was trained through 800,000 iterations, minimizing the cross-entropy of the 360 

predicted probability distribution relative to the ground-truth probability distribution. The trained 361 

model was evaluated by computing the mean average Euclidean error between the manual labels 362 

and the labels predicted by DeepLabCut. The trained model achieved a 97.18% accuracy. After 363 

training the model, the body part coordinates were predicted. The coordinates were used to 364 

calculate the time spent in each zone. Consummatory behavior was defined as nose point touching 365 

the feeder for more than 2 seconds but less than 60 seconds. All other behaviors (resting, grooming, 366 

etc.) were classified as less than 60 seconds. Drinking was defined as nose point touching the water 367 

valve for 0.1 seconds or more. The cumulative time spent between the two feeders was used as a 368 

proxy for intake, complementing the endpoint feed intake measurement. 369 

 370 

Metabolomics 371 

To identify brain metabolic signatures associated with dietary conditioning, we performed targeted 372 

and untargeted metabolomics analyses on homogenized brain tissue using LC-MS. Brain samples 373 

from the conventional mouse experiments (n = 57) were collected and stored at –80 °C. One 374 

hemisphere was homogenized in acetonitrile:methanol (1:1, v/v; LC-MS grade) using a bead 375 

beater (TissueLyser LT, 10 min, 50 Hz). Two aliquots were collected for metabolite extraction: 376 

one for targeted neurotransmitter analysis (NeuroT method) and one for targeted non-polar 377 

metabolites and untargeted profiling (PFPP method). Targeted compounds were selected to 378 

encompass key neuroactive metabolites and signaling lipids across monoaminergic, glutamatergic, 379 

endocannabinoid, and bile acid pathways implicated in nutrient sensing and appetite regulation. 380 
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Internal standards were added before extraction. Samples were vortexed (1 min), sonicated 381 

(10 min), and centrifuged (18,000 rcf, 15 min), with supernatants transferred to low-binding tubes. 382 

NeuroT samples were exclusively used for targeted analysis and underwent dansyl chloride 383 

derivatization (4 mg/mL, 30 min, 37 °C) and were quenched with 30% formic acid. These samples 384 

were analyzed using an AB Sciex 7500 triple quadrupole mass spectrometer coupled with an 385 

Agilent 1290 LC, employing multiple reaction monitoring (MRM) on a Kinetex Polar C18 column 386 

(150 × 2.1 mm, 2.6 µm) at 45 °C. The mobile phase consisted of 0.1% formic acid in water (A) and 387 

in acetonitrile (B), with a gradient elution from 5% to 100% B over 8 min, held until 12 min. PFPP 388 

samples were used for both targeted quantification and untargeted profiling. Samples were dried 389 

under nitrogen, resuspended in methanol:acetonitrile (1:1, v/v), vortexed, and centrifuged. 390 

Targeted analytes were quantified using an in-house standard curve and batch-corrected linear 391 

regression. For untargeted analysis, 5 µL injections were analyzed on a ThermoFisher ID-X 392 

Tribrid mass spectrometer coupled to a Vanquish LC. Chromatographic separation was achieved 393 

on a Restek Allure PFPP column (150 × 2.1 mm, 5 µm, 35 °C) using a 34-minute gradient of 394 

acetonitrile:isopropanol (9:1, v/v). AquireX deep MS2 scanning was applied to pooled QC 395 

samples. Untargeted data were processed using Compound Discoverer 3.3. Peak extraction, 396 

alignment, gap-filling, and background subtraction were followed by normalization based on 397 

resuspension volume and median centering. Compound identities were assigned through mzCloud 398 

and in-house libraries, with manual curation. Metabolites were subsequently classified based on 399 

their biological roles with reference to the Chemical Entities of Biological Interest (ChEBI) 400 

database. Statistical analyses included t-tests with Benjamini-Hochberg correction (FDR < 0.01) 401 

and partial least squares discriminant analysis (PLS-DA). 402 

 403 
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16S rRNA gene amplicon sequencing 404 

To characterize gut microbial composition, we performed 16S rRNA gene amplicon sequencing 405 

on fecal samples. Fecal DNA was extracted using the E.Z.N.A. Soil DNA Kit (Omega Bio-Tek) 406 

and PCR-amplified with custom-barcoded 515F and 806R primers targeting the V4 region of the 407 

16S rRNA gene. PCR was performed on each sample in triplicate, including sample-specific 408 

negative controls, on a BioRad T100 thermocycler using the following protocol: 95°C for 3 min; 409 

35 cycles of 94°C for 45 s, 50°C for 30 s, and 72°C for 90 s; followed by a final extension at 72°C 410 

for 10 min. Triplicate reactions per sample were pooled, and amplification was confirmed by 1.5% 411 

agarose gel electrophoresis. Amplicons were purified using Ampure XP beads, quantified with the 412 

Quant-iT PicoGreen dsDNA Assay Kit (Invitrogen), and pooled in equimolar amounts. 413 

Sequencing (2 x 150 bp) was performed on an Illumina NovaSeq X Plus, generating 171,830 ± 414 

3,740 SE (conventional study) and 104,444 ± 12,034 (gnotobiotic study) reads per sample. Raw 415 

FASTQ files were processed in QIIME2 (67) (version 2023.7) using the DADA2 plugin, with 416 

reads truncated at 150 bp to optimize sequence quality. Taxonomic classification of amplicon 417 

sequence variants (ASVs) was performed using the Greengenes2 (68) database, and a rooted 418 

phylogenetic tree was constructed to support downstream diversity analyses. The ASV feature 419 

table, taxonomy, and phylogeny were then imported into R (version 4.3.2) using the qiime2R 420 

package (version 0.99.6). Subsequent data processing and diversity analyses were conducted using 421 

the phyloseq (69) package (version 1.46.0). Differential abundance testing was performed using 422 

ANCOM-BC2 (37), and microbiota–metabolite associations were evaluated using HAllA (39); see 423 

Statistical Analysis section for further details. PICRUSt2 (40) was used to predict functional 424 

pathways, and the output was analyzed with MaAsLin2 to compare gene pathways between 425 

treatment groups using the ggpicrust2 package (70) in R (version 1.7.3). 426 
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 427 

Gnotobiotic experiment 428 

To evaluate the causal contribution of the gut microbiome to diet-induced changes in appetite, we 429 

conducted a gnotobiotic experiment in which germ-free mice were inoculated with fecal 430 

microbiota from conventional mice before and after their exposure to PUFA diet conditioning. To 431 

generate pre-PUFA exposure and post-PUFA exposure inocula, we pooled fecal samples collected 432 

from the same conventional donor mice (n=3) before and after two weeks of PUFA-based dietary 433 

conditioning. Pooled feces were diluted 1:30 in reduced PBS, vortexed and spun down, with the 434 

supernatant used as inocula. To generate sterile control inocula, we autoclaved aliquots of these 435 

same preparations. 24 germ-free C57BL/6J mice (8–10 weeks old) were divided evenly into three 436 

groups and gavaged with 393.9 μl of the pre-PUFA-conditioned inocula (PUFA0), 195.5 μl post-437 

PUFA-conditioned inocula (PUFA+), and 144.9 μl sterile control inocula (control). The sample 438 

size for our gnotobiotic study was determined based on a priori power analyses using the pwr 439 

package in R (v1.3.0), indicating that a sample size of 8 recipient mice per group would give us 440 

90% power to detect an effect size = 0.8 at α = 0.05.  441 

All recipient mice underwent a baseline 24-hour intake assay, with simultaneous access to 442 

isocaloric SFA (34.5% kcal from fat, AMF) and PUFA (34.5% kcal from fat, flaxseed oil) diets 443 

(Table S4). Mice were then colonized via gavage and allowed three days for the microbiota to 444 

stabilize, after which the intake assay was repeated. Diet intake was recorded at the start and end 445 

of each 24-hour assay to quantify appetite. Appetite was evaluated by summing the intake of both 446 

diets to determine total caloric intake. Diets were then deconstructed into macronutrient- and 447 

substrate-specific components for higher-resolution analysis. 448 

 449 
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Statistics  450 

Wilcoxon rank-sum tests were used to compare appetite across groups and time points. We used 451 

the mediation package (28) to test whether brain metabolite profiles mediated the effect of dietary 452 

conditioning on host appetite. This pipeline implements a nonparametric bootstrap to estimate 453 

average causal mediation effects, enabling inference by decomposing total effects into direct and 454 

metabolite-mediated components, with statistical significance defined at adjusted p-value < 0.2. 455 

Differential abundance testing was performed using the ANCOMBC package (v2.0.3) (37), 456 

implementing Analysis of Compositions of Microbiomes with Bias Correction 2 (ANCOM-BC2), 457 

a method that adjusts for sampling fraction bias and provides valid inference with adjusted p-458 

values and confidence intervals. To identify structured associations between gut microbial taxa 459 

and metabolite profiles, HAllA (Hierarchical All-against-All association testing) (39) was applied 460 

to detect correlated features while controlling for multiple hypothesis testing, using q-value < 0.05 461 

to define significance. Adjusted p-values were calculated using the Benjamini–Hochberg method. 462 

All statistical analyses were conducted using R version 4.2.2. 463 

 464 
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 466 
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Fig. S2:  Body composition and feed intake trajectory during the diet conditioning period. 469 
Fig. S3:  Full spectrum of brain metabolite contributions to appetite regulation. 470 
Table S1:  Macronutrient composition of experimental diets. 471 
Table S2:  Nutritional composition of Western and control diets. 472 
Table S3:  Nutritional composition of high-fat and high-sugar diets. 473 
Table S4:  Nutritional composition of SFA and PUFA diets. 474 
Table S5:  Differentially abundant untargeted metabolites and their classes. 475 
 476 
 477 
REFERENCES 478 
 479 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

1. K. Wynne, S. Stanley, B. McGowan, S. Bloom, Appetite control. J. Endocrinol. 184, 291–318 480 
(2005). 481 

2. J. Blundell, C. De Graaf, T. Hulshof, S. Jebb, B. Livingstone, A. Lluch, D. Mela, S. Salah, E. 482 
Schuring, H. Van Der Knaap, M. Westerterp, Appetite control: methodological aspects of the 483 
evaluation of foods. Obes. Rev. 11, 251–270 (2010). 484 

3. W. Kopp, How Western Diet And Lifestyle Drive The Pandemic Of Obesity And Civilization 485 
Diseases. Diabetes, Metab. Syndr. Obes.: Targets Ther. 12, 2221–2236 (2019). 486 

4. I. Lingvay, R. V. Cohen, C. W. L. Roux, P. Sumithran, Obesity in adults. Lancet 404, 972–987 487 
(2024). 488 

5. G. S. Hotamisligil, Inflammation and metabolic disorders. Nature 444, 860–867 (2006). 489 

6. H.-R. Berthoud, C. Morrison, The Brain, Appetite, and Obesity. Annu. Rev. Psychol. 59, 55–490 
92 (2008). 491 

7. L. A. Tellez, S. Medina, W. Han, J. G. Ferreira, P. Licona-Limón, X. Ren, T. T. Lam, G. J. 492 
Schwartz, I. E. De Araujo, A Gut Lipid Messenger Links Excess Dietary Fat to Dopamine 493 
Deficiency. Science 341, 800–802 (2013). 494 

8. Y. J. Liow, A. Sarkar, R. N. Carmody, Industrialized diets modulate host eating behavior via 495 
the microbiome–gut–brain axis. Trends Endocrinol. Metab. (2025), 496 
doi:10.1016/j.tem.2025.06.002. 497 

9. K. D. Hall, A. Ayuketah, R. Brychta, H. Cai, T. Cassimatis, K. Y. Chen, S. T. Chung, E. Costa, 498 
A. Courville, V. Darcey, L. A. Fletcher, C. G. Forde, A. M. Gharib, J. Guo, R. Howard, P. V. 499 
Joseph, S. McGehee, R. Ouwerkerk, K. Raisinger, I. Rozga, M. Stagliano, M. Walter, P. J. 500 
Walter, S. Yang, M. Zhou, Ultra-Processed Diets Cause Excess Calorie Intake and Weight 501 
Gain: An Inpatient Randomized Controlled Trial of Ad Libitum Food Intake. Cell Metab. 30, 67-502 
77.e3 (2019). 503 

10. M. Zinöcker, I. Lindseth, The Western Diet–Microbiome-Host Interaction and Its Role in 504 
Metabolic Disease. Nutrients 10, 365 (2018). 505 

11. H. Francis, R. Stevenson, The longer-term impacts of Western diet on human cognition and 506 
the brain. Appetite 63, 119–128 (2013). 507 

12. D. M. Small, A. G. DiFeliceantonio, Processed foods and food reward. Science 363, 346–508 
347 (2019). 509 

13. J. L. Sonnenburg, E. D. Sonnenburg, Vulnerability of the industrialized microbiota. Science 510 
366 (2019), doi:10.1126/science.aaw9255. 511 

14. M. P. O’Donnell, B. W. Fox, P.-H. Chao, F. C. Schroeder, P. Sengupta, A neurotransmitter 512 
produced by gut bacteria modulates host sensory behaviour. Nature 583, 415–420 (2020). 513 

15. B. K. Trevelline, K. D. Kohl, The gut microbiome influences host diet selection behavior. 514 
Proc. Natl. Acad. Sci. U.S.A. 119, e2117537119 (2022). 515 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

16. S. Fan, W. Guo, D. Xiao, M. Guan, T. Liao, S. Peng, A. Feng, Z. Wang, H. Yin, M. Li, J. 516 
Chen, W. Xiong, Microbiota-gut-brain axis drives overeating disorders. Cell Metab. 35, 2011-517 
2027.e7 (2023). 518 

17. L. H. Morais, H. L. Schreiber, S. K. Mazmanian, The gut microbiota–brain axis in behaviour 519 
and brain disorders. Nat. Rev. Microbiol. 19, 241–255 (2021). 520 

18. D. S. Wishart, A. Guo, E. Oler, F. Wang, A. Anjum, H. Peters, R. Dizon, Z. Sayeeda, S. 521 
Tian, B. L. Lee, M. Berjanskii, R. Mah, M. Yamamoto, J. Jovel, C. Torres-Calzada, M. Hiebert-522 
Giesbrecht, V. W. Lui, D. Varshavi, D. Varshavi, D. Allen, D. Arndt, N. Khetarpal, A. 523 
Sivakumaran, K. Harford, S. Sanford, K. Yee, X. Cao, Z. Budinski, J. Liigand, L. Zhang, J. 524 
Zheng, R. Mandal, N. Karu, M. Dambrova, H. B. Schiöth, R. Greiner, V. Gautam, HMDB 5.0: the 525 
Human Metabolome Database for 2022. Nucleic Acids Res. 50, D622–D631 (2022). 526 

19. L. Chen, D. V. Zhernakova, A. Kurilshikov, S. Andreu-Sánchez, D. Wang, H. E. Augustijn, A. 527 
Vich Vila, Lifelines Cohort Study, R. K. Weersma, M. H. Medema, M. G. Netea, F. Kuipers, C. 528 
Wijmenga, A. Zhernakova, J. Fu, Influence of the microbiome, diet and genetics on inter-529 
individual variation in the human plasma metabolome. Nat. Med. 28, 2333–2343 (2022). 530 

20. F. Asnicar, S. E. Berry, A. M. Valdes, L. H. Nguyen, G. Piccinno, D. A. Drew, E. Leeming, R. 531 
Gibson, C. Le Roy, H. A. Khatib, L. Francis, M. Mazidi, O. Mompeo, M. Valles-Colomer, A. Tett, 532 
F. Beghini, L. Dubois, D. Bazzani, A. M. Thomas, C. Mirzayi, A. Khleborodova, S. Oh, R. Hine, 533 
C. Bonnett, J. Capdevila, S. Danzanvilliers, F. Giordano, L. Geistlinger, L. Waldron, R. Davies, 534 
G. Hadjigeorgiou, J. Wolf, J. M. Ordovás, C. Gardner, P. W. Franks, A. T. Chan, C. 535 
Huttenhower, T. D. Spector, N. Segata, Microbiome connections with host metabolism and 536 
habitual diet from 1,098 deeply phenotyped individuals. Nat. Med. 27, 321–332 (2021). 537 

21. N. Bar, T. Korem, O. Weissbrod, D. Zeevi, D. Rothschild, S. Leviatan, N. Kosower, M. 538 
Lotan-Pompan, A. Weinberger, C. I. Le Roy, C. Menni, A. Visconti, M. Falchi, T. D. Spector, The 539 
IMI DIRECT consortium, H. Vestergaard, M. Arumugam, T. Hansen, K. Allin, T. Hansen, M.-G. 540 
Hong, J. Schwenk, R. Haussler, M. Dale, T. Giorgino, M. Rodriquez, M. Perry, R. Nice, T. 541 
McDonald, A. Hattersley, A. Jones, U. Graefe-Mody, P. Baum, R. Grempler, C. E. Thomas, F. 542 
D. Masi, C. A. Brorsson, G. Mazzoni, R. Allesøe, S. Rasmussen, V. Gudmundsdóttir, A. M. 543 
Nielsen, K. Banasik, K. Tsirigos, B. Nilsson, H. Pedersen, S. Brunak, T. Karaderi, A. T. 544 
Lundgaard, J. Johansen, R. Gupta, P. W. Sackett, J. Tillner, T. Lehr, N. Scherer, C. Dings, I. 545 
Sihinevich, H. Loftus, L. Cabrelli, D. McEvoy, A. Mari, R. Bizzotto, A. Tura, L. ’T Hart, K. 546 
Dekkers, N. V. Leeuwen, R. Slieker, F. Rutters, J. Beulens, G. Nijpels, A. Koopman, S. V. Oort, 547 
L. Groeneveld, L. Groop, P. Elders, A. Viñuela, A. Ramisch, E. Dermitzakis, B. Ehrhardt, C. 548 
Jennison, P. Froguel, M. Canouil, A. Boneford, I. McVittie, D. Wake, F. Frau, H.-H. Staerfeldt, K. 549 
Adragni, M. Thomas, H. Wu, I. Pavo, B. Steckel-Hamann, H. Thomsen, G. N. Giordano, H. 550 
Fitipaldi, M. Ridderstråle, A. Kurbasic, N. A. Pasdar, H. Pomares-Millan, P. Mutie, R. Koivula, N. 551 
McRobert, M. McCarthy, A. Wesolowska-Andersen, A. Mahajan, M. Abdalla, J. Fernandez, R. 552 
Holl, A. Heggie, H. Deshmukh, A. Hennige, S. Bianzano, B. Thorand, S. Sharma, H. Grallert, J. 553 
Adam, M. Troll, A. Fritsche, A. Hill, C. Thorne, M. Hudson, T. Kuulasmaa, J. Vangipurapu, M. 554 
Laakso, H. Cederberg, T. Kokkola, Y. Jiao, S. Gough, N. Robertson, H. Verkindt, V. Raverdi, R. 555 
Caiazzo, F. Pattou, M. White, L. Donnelly, A. Brown, C. Palmer, D. Davtian, A. Dawed, I. Forgie, 556 
E. Pearson, H. Ruetten, P. Musholt, J. Bell, E. L. Thomas, B. Whitcher, M. Haid, C. Nicolay, M. 557 
Mourby, J. Kaye, N. Shah, H. Teare, G. Frost, B. Jablonka, M. Uhlen, R. Eriksen, J. Vogt, A. 558 
Dutta, A. Jonsson, L. Engelbrechtsen, A. Forman, N. Sondertoft, N. De Preville, T. Baltauss, M. 559 
Walker, J. Gassenhuber, M. Klintenberg, M. Bergstrom, J. Ferrer, J. Adamski, P. W. Franks, O. 560 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

Pedersen, E. Segal, A reference map of potential determinants for the human serum 561 
metabolome. Nature 588, 135–140 (2020). 562 

22. J. M. Posma, I. Garcia-Perez, G. Frost, G. S. Aljuraiban, Q. Chan, L. Van Horn, M. Daviglus, 563 
J. Stamler, E. Holmes, P. Elliott, J. K. Nicholson, Nutriome–metabolome relationships provide 564 
insights into dietary intake and metabolism. Nat. Food 1, 426–436 (2020). 565 

23. A. Agus, K. Clément, H. Sokol, Gut microbiota-derived metabolites as central regulators in 566 
metabolic disorders. Gut 70, 1174–1182 (2021). 567 

24. A. Visconti, C. I. Le Roy, F. Rosa, N. Rossi, T. C. Martin, R. P. Mohney, W. Li, E. De 568 
Rinaldis, J. T. Bell, J. C. Venter, K. E. Nelson, T. D. Spector, M. Falchi, Interplay between the 569 
human gut microbiome and host metabolism. Nat. Commun. 10, 4505 (2019). 570 

25. M. Lyte, J. F. Cryan, Eds., Microbial Endocrinology: The Microbiota-Gut-Brain Axis in Health 571 
and Disease (Springer New York, New York, NY, 2014; https://link.springer.com/10.1007/978-1-572 
4939-0897-4). 573 

26. A. Mathis, P. Mamidanna, K. M. Cury, T. Abe, V. N. Murthy, M. W. Mathis, M. Bethge, 574 
DeepLabCut: markerless pose estimation of user-defined body parts with deep learning. Nat. 575 
Neurosci. 21, 1281–1289 (2018). 576 

27. K. S. Chadaideh, R. N. Carmody, Host-microbial interactions in the metabolism of different 577 
dietary fats. Cell Metab. 33, 857–872 (2021). 578 

28. D. Tingley, T. Yamamoto, K. Hirose, L. Keele, K. Imai, mediation : R Package for Causal 579 
Mediation Analysis. J. Stat. Soft. 59 (2014), doi:10.18637/jss.v059.i05. 580 

29. Q. Han, R. Liu, H. Wang, R. Zhang, H. Liu, J. Li, J. Bao, Gut Microbiota-Derived 5-581 
Hydroxyindoleacetic Acid Alleviates Diarrhea in Piglets via the Aryl Hydrocarbon Receptor 582 
Pathway. J. Agric. Food Chem. 71, 15132–15144 (2023). 583 

30. J. M. Lyte, C. E. Gheorghe, M. S. Goodson, N. Kelley-Loughnane, T. G. Dinan, J. F. Cryan, 584 
G. Clarke, Gut-brain axis serotonergic responses to acute stress exposure are microbiome-585 
dependent. Neurogastroenterol. Motil. 32, e13881 (2020). 586 

31. P. Strandwitz, K. H. Kim, D. Terekhova, J. K. Liu, A. Sharma, J. Levering, D. McDonald, D. 587 
Dietrich, T. R. Ramadhar, A. Lekbua, N. Mroue, C. Liston, E. J. Stewart, M. J. Dubin, K. 588 
Zengler, R. Knight, J. A. Gilbert, J. Clardy, K. Lewis, GABA-modulating bacteria of the human 589 
gut microbiota. Nat. Microbiol. 4, 396–403 (2018). 590 

32. S. Duranti, L. Ruiz, G. A. Lugli, H. Tames, C. Milani, L. Mancabelli, W. Mancino, G. Longhi, 591 
L. Carnevali, A. Sgoifo, A. Margolles, M. Ventura, P. Ruas-Madiedo, F. Turroni, Bifidobacterium 592 
adolescentis as a key member of the human gut microbiota in the production of GABA. Sci. 593 
Rep. 10, 14112 (2020). 594 

33. J. A. Bravo, P. Forsythe, M. V. Chew, E. Escaravage, H. M. Savignac, T. G. Dinan, J. 595 
Bienenstock, J. F. Cryan, Ingestion of Lactobacillus strain regulates emotional behavior and 596 
central GABA receptor expression in a mouse via the vagus nerve. Proc. Natl. Acad. Sci. U.S.A. 597 
108, 16050–16055 (2011). 598 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

34. J. Zhen, Y. Zhang, Y. Li, Y. Zhou, Y. Cai, G. Huang, A. Xu, The gut microbiota intervenes in 599 
glucose tolerance and inflammation by regulating the biosynthesis of taurodeoxycholic acid and 600 
carnosine. Front. Cell. Infect. Microbiol. 14, 1423662 (2024). 601 

35. R. N. Carmody, G. K. Gerber, J. M. Luevano, D. M. Gatti, L. Somes, K. L. Svenson, P. J. 602 
Turnbaugh, Diet Dominates Host Genotype in Shaping the Murine Gut Microbiota. Cell Host 603 
Microbe 17, 72–84 (2015). 604 

36. L. A. David, C. F. Maurice, R. N. Carmody, D. B. Gootenberg, J. E. Button, B. E. Wolfe, A. 605 
V. Ling, A. S. Devlin, Y. Varma, M. A. Fischbach, S. B. Biddinger, R. J. Dutton, P. J. Turnbaugh, 606 
Diet rapidly and reproducibly alters the human gut microbiome. Nature 505, 559–563 (2014). 607 

37. H. Lin, S. D. Peddada, Multigroup analysis of compositions of microbiomes with covariate 608 
adjustments and repeated measures. Nat. Methods 21, 83–91 (2024). 609 

38. A. Pavao, M. Graham, M. L. Arrieta-Ortiz, S. R. C. Immanuel, N. S. Baliga, L. Bry, 610 
Reconsidering the in vivo functions of Clostridial Stickland amino acid fermentations. Anaerobe 611 
76, 102600 (2022). 612 

39. A. R. Ghazi, K. Sucipto, A. Rahnavard, E. A. Franzosa, L. J. McIver, J. Lloyd-Price, E. 613 
Schwager, G. Weingart, Y. S. Moon, X. C. Morgan, L. Waldron, C. Huttenhower, High-sensitivity 614 
pattern discovery in large, paired multiomic datasets. Bioinformatics 38, i378–i385 (2022). 615 

40. G. M. Douglas, V. J. Maffei, J. R. Zaneveld, S. N. Yurgel, J. R. Brown, C. M. Taylor, C. 616 
Huttenhower, M. G. I. Langille, PICRUSt2 for prediction of metagenome functions. Nat. 617 
Biotechnol. 38, 685–688 (2020). 618 

41. C. Xue, G. Li, Q. Zheng, X. Gu, Q. Shi, Y. Su, Q. Chu, X. Yuan, Z. Bao, J. Lu, L. Li, 619 
Tryptophan metabolism in health and disease. Cell Metab. 35, 1304–1326 (2023). 620 

42. M. Viskaal-van Dongen, F. J. Kok, C. De Graaf, Eating rate of commonly consumed foods 621 
promotes food and energy intake. Appetite 56, 25–31 (2011). 622 

43. M. Schoeler, S. Ellero-Simatos, T. Birkner, J. Mayneris-Perxachs, L. Olsson, H. Brolin, U. 623 
Loeber, J. D. Kraft, A. Polizzi, M. Martí-Navas, J. Puig, A. Moschetta, A. Montagner, P. Gourdy, 624 
C. Heymes, H. Guillou, V. Tremaroli, J. M. Fernández-Real, S. K. Forslund, R. Burcelin, R. 625 
Caesar, The interplay between dietary fatty acids and gut microbiota influences host metabolism 626 
and hepatic steatosis. Nat. Commun. 14, 5329 (2023). 627 

44. K. J. Mamounis, A. Yasrebi, T. A. Roepke, Linoleic acid causes greater weight gain than 628 
saturated fat without hypothalamic inflammation in the male mouse. J. Nutr. Biochem. 40, 122–629 
131 (2017). 630 

45. M. Bjursell, X. Xu, T. Admyre, G. Böttcher, S. Lundin, R. Nilsson, V. M. Stone, N. G. 631 
Morgan, Y. Y. Lam, L. H. Storlien, D. Lindén, D. M. Smith, M. Bohlooly-Y, J. Oscarsson, Y. 632 
Zhang, Ed. The Beneficial Effects of n-3 Polyunsaturated Fatty Acids on Diet Induced Obesity 633 
and Impaired Glucose Control Do Not Require Gpr120. PLoS ONE 9, e114942 (2014). 634 

46. S. Timmers, J. De Vogel-van Den Bosch, N. De Wit, G. Schaart, D. Van Beurden, M. 635 
Hesselink, R. Van Der Meer, P. Schrauwen, Differential effects of saturated versus unsaturated 636 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

dietary fatty acids on weight gain and myocellular lipid profiles in mice. Nutr. Diabetes 1, e11–637 
e11 (2011). 638 

47. B. Sasanfar, F. Toorang, A. Salehi-Abarghouei, Effects of n-3 polyunsaturated fatty acid 639 
supplementation on appetite: a systematic review and meta-analysis of controlled clinical trials. 640 
Syst. Rev. 13, 44 (2024). 641 

48. V. Behrouz, Z. Yari, A review on differential effects of dietary fatty acids on weight, appetite 642 
and energy expenditure. Crit. Rev. Food Sci. Nutr. 62, 2235–2249 (2022). 643 

49. C. L. Lawton, H. J. Delargy, J. Brockman, F. C. Smith, J. E. Blundell, The degree of 644 
saturation of fatty acids influences post-ingestive satiety. Br. J. Nutr. 83, 473–482 (2000). 645 

50. S. Kaviani, J. A. Cooper, Appetite responses to high-fat meals or diets of varying fatty acid 646 
composition: a comprehensive review. Eur. J. Clin. Nutr. 71, 1154–1165 (2017). 647 

51. A. Flint, B. Helt, A. Raben, S. Toubro, A. Astrup, Effects of Different Dietary Fat Types on 648 
Postprandial Appetite and Energy Expenditure. Obes. Res. 11, 1449–1455 (2003). 649 

52. D. Keszthelyi, F. J. Troost, A. A. M. Masclee, Understanding the role of tryptophan and 650 
serotonin metabolism in gastrointestinal function. Neurogastroenterol. Motil. 21, 1239–1249 651 
(2009). 652 

53. R. J. Wurtman, J. J. Wurtman, M. M. Regan, J. M. McDermott, R. H. Tsay, J. J. Breu, 653 
Effects of normal meals rich in carbohydrates or proteins on plasma tryptophan and tyrosine 654 
ratios. Am. J. Clin. Nutr. 77, 128–132 (2003). 655 

54. R. J. Wurtman, J. J. Wurtman, Brain Serotonin, Carbohydrate-Craving, Obesity and 656 
Depression. Obesity Research 3 (1995), doi:10.1002/j.1550-8528.1995.tb00215.x. 657 

55. R. J. Wurtman, J. J. Wurtman, Carbohydrate craving, obesity and brain serotonin. Appetite 658 
7, 99–103 (1986). 659 

56. J. M. Yano, K. Yu, G. P. Donaldson, G. G. Shastri, P. Ann, L. Ma, C. R. Nagler, R. F. 660 
Ismagilov, S. K. Mazmanian, E. Y. Hsiao, Indigenous Bacteria from the Gut Microbiota Regulate 661 
Host Serotonin Biosynthesis. Cell 161, 264–276 (2015). 662 

57. J. S. Kim, K. C. Williams, R. A. Kirkland, R. Schade, K. G. Freeman, C. R. Cawthon, A. W. 663 
Rautmann, J. M. Smith, G. L. Edwards, T. C. Glenn, P. V. Holmes, G. De Lartigue, C. B. De La 664 
Serre, The gut-brain axis mediates bacterial driven modulation of reward signaling. Molecular 665 
Metabolism 75, 101764 (2023). 666 

58. S. D. L. P. Owens, S. M. Innis, Docosahexaenoic and Arachidonic Acid Prevent a Decrease 667 
in Dopaminergic and Serotoninergic Neurotransmitters in Frontal Cortex Caused by a Linoleic 668 
and α-Linolenic Acid Deficient Diet in Formula-fed Piglets. The Journal of Nutrition 129, 2088–669 
2093 (1999). 670 

59. E. Kodas, L. Galineau, S. Bodard, S. Vancassel, D. Guilloteau, J. Besnard, S. Chalon, 671 
Serotoninergic neurotransmission is affected by n-3 polyunsaturated fatty acids in the rat. J. 672 
Neurochem. 89, 695–702 (2004). 673 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

60. T. M. Du Bois, C. Deng, W. Bell, X.-F. Huang, Fatty acids differentially affect serotonin 674 
receptor and transporter binding in the rat brain. Neuroscience 139, 1397–1403 (2006). 675 

61. Y. Fan, R. K. Støving, S. Berreira Ibraim, T. Hyötyläinen, F. Thirion, T. Arora, L. Lyu, E. 676 
Stankevic, T. H. Hansen, P. Déchelotte, T. Sinioja, O. Ragnarsdottir, N. Pons, N. Galleron, B. 677 
Quinquis, F. Levenez, H. Roume, G. Falony, S. Vieira-Silva, J. Raes, L. Clausen, G. K. Telléus, 678 
F. Bäckhed, M. Oresic, S. D. Ehrlich, O. Pedersen, The gut microbiota contributes to the 679 
pathogenesis of anorexia nervosa in humans and mice. Nat. Microbiol. 8, 787–802 (2023). 680 

62. J. Ousey, J. C. Boktor, S. K. Mazmanian, Gut microbiota suppress feeding induced by 681 
palatable foods. Curr. Biol. 33, 147-157.e7 (2023). 682 

63. K. B. Yu, C. Son, A. Chandra, J. Paramo, A. Novoselov, E. Özcan, S. A. Kazmi, G. R. Lum, 683 
A. Lopez-Romero, J. B. Lynch, E. Y. Hsiao, Complex carbohydrate utilization by gut bacteria 684 
modulates host food preference (2024), doi:10.1101/2024.02.13.580152. 685 

64. S. F. Henriques, D. B. Dhakan, L. Serra, A. P. Francisco, Z. Carvalho-Santos, C. Baltazar, 686 
A. P. Elias, M. Anjos, T. Zhang, O. D. K. Maddocks, C. Ribeiro, Metabolic cross-feeding in 687 
imbalanced diets allows gut microbes to improve reproduction and alter host behaviour. Nat. 688 
Commun. 11, 4236 (2020). 689 

65. T. Wang, H. D. Holscher, S. Maslov, F. B. Hu, S. T. Weiss, Y.-Y. Liu, Predicting metabolite 690 
response to dietary intervention using deep learning. Nat. Commun. 16, 815 (2025). 691 

66. K. D. Corbin, E. A. Carnero, B. Dirks, D. Igudesman, F. Yi, A. Marcus, T. L. Davis, R. E. 692 
Pratley, B. E. Rittmann, R. Krajmalnik-Brown, S. R. Smith, Host-diet-gut microbiome interactions 693 
influence human energy balance: a randomized clinical trial. Nat. Commun. 14, 3161 (2023). 694 

67. E. Bolyen, J. R. Rideout, M. R. Dillon, N. A. Bokulich, C. C. Abnet, G. A. Al-Ghalith, H. 695 
Alexander, E. J. Alm, M. Arumugam, F. Asnicar, Y. Bai, J. E. Bisanz, K. Bittinger, A. Brejnrod, 696 
C. J. Brislawn, C. T. Brown, B. J. Callahan, A. M. Caraballo-Rodríguez, J. Chase, E. K. Cope, 697 
R. Da Silva, C. Diener, P. C. Dorrestein, G. M. Douglas, D. M. Durall, C. Duvallet, C. F. 698 
Edwardson, M. Ernst, M. Estaki, J. Fouquier, J. M. Gauglitz, S. M. Gibbons, D. L. Gibson, A. 699 
Gonzalez, K. Gorlick, J. Guo, B. Hillmann, S. Holmes, H. Holste, C. Huttenhower, G. A. Huttley, 700 
S. Janssen, A. K. Jarmusch, L. Jiang, B. D. Kaehler, K. B. Kang, C. R. Keefe, P. Keim, S. T. 701 
Kelley, D. Knights, I. Koester, T. Kosciolek, J. Kreps, M. G. I. Langille, J. Lee, R. Ley, Y.-X. Liu, 702 
E. Loftfield, C. Lozupone, M. Maher, C. Marotz, B. D. Martin, D. McDonald, L. J. McIver, A. V. 703 
Melnik, J. L. Metcalf, S. C. Morgan, J. T. Morton, A. T. Naimey, J. A. Navas-Molina, L. F. 704 
Nothias, S. B. Orchanian, T. Pearson, S. L. Peoples, D. Petras, M. L. Preuss, E. Pruesse, L. B. 705 
Rasmussen, A. Rivers, M. S. Robeson, P. Rosenthal, N. Segata, M. Shaffer, A. Shiffer, R. 706 
Sinha, S. J. Song, J. R. Spear, A. D. Swafford, L. R. Thompson, P. J. Torres, P. Trinh, A. 707 
Tripathi, P. J. Turnbaugh, S. Ul-Hasan, J. J. J. Van Der Hooft, F. Vargas, Y. Vázquez-Baeza, E. 708 
Vogtmann, M. Von Hippel, W. Walters, Y. Wan, M. Wang, J. Warren, K. C. Weber, C. H. D. 709 
Williamson, A. D. Willis, Z. Z. Xu, J. R. Zaneveld, Y. Zhang, Q. Zhu, R. Knight, J. G. Caporaso, 710 
Reproducible, interactive, scalable and extensible microbiome data science using QIIME 2. Nat. 711 
Biotechnol. 37, 852–857 (2019). 712 

68. D. McDonald, Y. Jiang, M. Balaban, K. Cantrell, Q. Zhu, A. Gonzalez, J. T. Morton, G. 713 
Nicolaou, D. H. Parks, S. M. Karst, M. Albertsen, P. Hugenholtz, T. DeSantis, S. J. Song, A. 714 
Bartko, A. S. Havulinna, P. Jousilahti, S. Cheng, M. Inouye, T. Niiranen, M. Jain, V. Salomaa, L. 715 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

Lahti, S. Mirarab, R. Knight, Greengenes2 unifies microbial data in a single reference tree. Nat. 716 
Biotechnol. 42, 715–718 (2024). 717 

69. P. J. McMurdie, S. Holmes, M. Watson, Ed. phyloseq: An R Package for Reproducible 718 
Interactive Analysis and Graphics of Microbiome Census Data. PLoS ONE 8, e61217 (2013). 719 

70. C. Yang, J. Mai, X. Cao, A. Burberry, F. Cominelli, L. Zhang, A. Elofsson, Ed. ggpicrust2: an 720 
R package for PICRUSt2 predicted functional profile analysis and visualization. Bioinformatics 721 
39 (2023), doi:10.1093/bioinformatics/btad470. 722 

 723 

ACKNOWLEDGEMENTS 724 

We thank the members of the Carmody Lab for their feedback on early drafts of this manuscript, 725 

and Charles Vidoudez for his assistance with metabolomics. This work was supported by grants 726 

from the Japan Society for the Promotion of Science 23KJ0457 (to YJL), P30 DK034854 and R01 727 

AI179807 (to LB), and the William F. Milton Fund and Harvard Dean’s Competitive Fund for 728 

Promising Scholarship (to RNC). 729 

 730 

AUTHOR CONTRIBUTIONS 731 

Conceptualization: YJL, RNC. Methodology: YJL, RNC, MT. Investigation: YJL, YV. Statistical 732 

analysis: SE, YJL. Visualization: SE, YJL. Funding acquisition: YJL, RNC. Project 733 

administration: YJL. Supervision: RNC. Writing – original draft: YJL. Writing – review & editing: 734 

YJL, SE, MT, LB, RNC. 735 

 736 

COMPETING INTERESTS 737 

Authors declare that they have no competing interests. 738 

 739 

DATA AND MATERIALS AVAILABILITY 740 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

16S rRNA sequencing data generated in this study have been deposited in the NCBI Sequence 741 

Read Archive under BioProject accession PRJNA1291436. Targeted and untargeted metabolomics 742 

data have been deposited to the Metabolomics Workbench under DataTrack ID 6193 and are 743 

currently under curation. Additional data and analysis code are available upon request.   744 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2025. ; https://doi.org/10.1101/2025.07.29.667447doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.29.667447
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

FIGURES 745 

 746 

Fig. 1: Dietary conditioning modulates appetite. A-B Schematics of the conventional mouse 747 
experiment (A) and dietary contrasts tested as nested properties of the Western diet (B). Images 748 
created in BioRender. C-E Total caloric intake during the post-intervention 24-hour intake assay 749 
for the Western vs. control (C), fat vs. sugar (D), and SFA vs. PUFA (E) dietary contrasts. Western, 750 
high-fat, and SFA diet conditioning suppressed total intake relative to controls (n = 10/group). 751 
Shading denotes dietary source of calories during the assay. Wilcoxon rank sum test, *** adj-752 
p < 0.05, N.S. = not significant. F-H DeepLabCut-derived cumulative eating time across 24-hour 753 
intake assays at baseline and post-intervention; solid lines indicate group means and shaded bands 754 
denote mean ± SEM. I-K DeepLabCut-generated spatial heatmaps depicting average positional 755 
density of mice during the 24-hour intake assays, with color-scaled contours marking time spent 756 
eating and greyscale contours marking non-eating bouts at baseline (top row) and post-intervention 757 
(bottom row) for each dietary contrast.  758 
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 759 

Fig. 2: Dietary conditioning induces distinct brain metabolite profiles. A-B Targeted brain 760 
metabolites that were differentially abundant after dietary conditioning. High-fat diet conditioning 761 
elevated brain levels of neuroactive endocannabinoids (2-AG, AEA) and cholesterol, while high-762 
sugar diet conditioning increased GABA (A). PUFA conditioning elevated the primary serotonin 763 
catabolite 5-HIAA, while SFA conditioning increased cholic acid (B). Wilcoxon rank-sum test; 764 
*** adj-p < 0.05, ** adj-p < 0.1, N.S. = not significant. C-E Principal component analysis (PCA) 765 
of brain metabolomics data differentiated treatment groups in the Western vs. control (C), fat vs. 766 
sugar (D), and SFA vs. PUFA (E) dietary contrasts. Ellipses represent 95% confidence intervals 767 
for each group based on the first two principal components. F-H Volcano plots showing the 768 
distribution of untargeted brain metabolites based on log2 fold-change and -log10(adj-p) for the 769 
Western vs. control (F), fat vs. sugar (G), and SFA vs. PUFA (H) dietary contrasts. Colored data 770 
points represent metabolites that differed in abundance between treatment groups; horizontal and 771 
vertical dashed lines indicate the significance (adj-p < 0.2) and fold-change (log2FC > 0) 772 
thresholds, respectively. Labeled points denote the top three differentially abundant untargeted 773 
metabolites in each contrast. 774 
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 775 

 776 

Fig. 3: Brain metabolites mediate the effects of dietary conditioning on host appetite. A 777 
Conceptual framework for the mediation analysis. Mediation effect refers to the effect of dietary 778 
conditioning on appetite that is mediated by brain metabolites; total effect refers to the overall 779 
effect of dietary conditioning on appetite, regardless of whether it is mediated by metabolites.  B 780 
Heatmap depicts both the total effect (blue scale) and the mediation effect (yellow scale) of each 781 
metabolite on appetite across the Western vs. control, fat vs. sugar, and SFA vs. PUFA dietary 782 
contrasts. In the Western vs. control contrast, GABA mediated effects on appetite across all intake 783 
levels. In the fat vs. sugar contrast, GABA and TUDCA mediated effects on total caloric intake, 784 
and the intakes of protein, fat, and complex and indigestible carbohydrates. In the SFA vs. PUFA 785 
contrast, 5-HIAA mediated effects on total caloric intake and the intakes of SFA and MUFA. 5-786 
HIAA also mediated macronutrient- and carbohydrate-specific intake; however, these outcome 787 
variables scale proportionally with total caloric intake because these diets were designed to be 788 
matched for macronutrients, so their effect sizes are also proportional to total caloric intake. Color 789 
scales reflect the magnitudes and directions of total effect and mediation effect; significant effects 790 
(adj-p < 0.2) are outlined in red. 791 
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Fig. 4: Dietary conditioning remodels gut microbiome composition and functions. A-C Bray-793 
Curtis principal coordinate plots illustrate diet-induced shifts in gut microbial community 794 
structure. Significant separation of post-intervention gut microbiota community structure was 795 
observed in all diet contrasts: Western vs. control (A), fat vs. sugar (B), and SFA vs. PUFA (C). 796 
PERMANOVA; p-values shown in panel. D-F Differentially abundant microbial taxa after dietary 797 
conditioning as indexed by ANCOM-BC2. Enriched taxa in the Western-conditioned group 798 
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included Firmicutes (e.g., Lachnospiraceae, Ruminococcaceae, Erysipelotrichaceae, 799 
Lactobacillaceae) and Bacteroidetes (Bacteroidaceae). (D). High-sugar diet conditioning enriched 800 
the Christensenellaceae family (E). SFA and PUFA diets induced distinct microbial shifts within 801 
the order Clostridiales, with PUFA conditioning enriching several members of the 802 
Lachnospiraceae family and SFA conditioning favoring the genus Ruminococcus (F). G HAllA 803 
revealed distinct clusters of metabolite–microbe associations, with bile acids broadly associating 804 
with diverse taxa (Block 1) and 5-HIAA selectively associating with Lachnospiraceae (Blocks 2–805 
3). H PICRUSt2-based metagenomic inference identified diet-specific enrichment of KEGG 806 
pathways, with SFA conditioning enriching pathways involved in glycan metabolism and 807 
infectious disease, and PUFA conditioning increasing pathways related to neurodegenerative 808 
disease and amino acid metabolism, including tryptophan biosynthesis. 809 
 810 

 811 
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 812 

Fig. 5: PUFA-conditioned gut microbiome carries an appetite-promoting signature. A 813 
Schematic of the gnotobiotic mouse experiment. Image created in BioRender. B Caloric intake 814 
during the 24-hour intake assays conducted at baseline and post-inoculation (n = 8/group). 815 
Inoculation led to higher total caloric intake in PUFA+ but not PUFA0 recipients. Wilcoxon rank 816 
sum test, *** adj-p < 0.05, ** adj-p < 0.1, * adj-p < 0.2, N.S. = not significant. C Bray-Curtis 817 
principal coordinate plot illustrates transmission of donor gut microbiota into recipients and 818 
confirms that PUFA0 and PUFA+ recipients harbored distinct gut microbial communities. 819 
PERMANOVA, p < 0.05. H ANCOM-BC2-based differential abundance analysis identified taxa 820 
enriched in PUFA+ versus PUFA0 recipients, including several taxa from the family 821 
Lachnospiraceae. 822 
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