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FIELD

{8003} The present disclosure relates to methods for ascertaining a subject’s obesity phenotype
using a multi-omics approach or assessing mdividuals and populations for genetic vanants of
witerest that relate to a particular phenotvpic trart {c.g., obesity) and using polyvgenic risk scores
and machine leanung {o determine the presence of said phenotypic trait based on said genetic
variants of interest. The present disclosure also provides methods for ascertaining a subject’s
obesity phenotype using a nwlii-omics approach as well as methods for stratifving subjects
with obesity as responders and non-responders to specific pharmacological mierventions for

treating obesity.

BACKGROUND

[6804] Human genetics drive our propensity to have certain characteristics. These
characteristics are often complex and result from differences i several parts of our genome.
Now that technologies are available to identify genetic differences between individuals
{vaniants}, the challenge becomes dentifving which vanants are relevant to a particular
characteristic, such as susceptibility to a disease. Being able to identify relevant variants and

how they contribute to a characteristic enables prediction of, among other things, disease risk.
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Methods that do this identification and predict the likelihood of a charactenistic are Polygenic
Risk Scores (PRSs}.

[G805] Obestity 1s a chronic and complex disease affecting almost 600 million adults worldwide
{see Collaborators GO, N. Fngl J Med., 377:13-27 (2017}, Obesity complexity is related to a
mulii-factorial imbalance between energy intake and energy expenditure, leading to excess
energy storage (Hill, Wyatt, and Peters 2012}, Most interventions aim to reduce caloric mtake;
however, there iz considerable heterogeneity in all responses. Furthermore, several processes
that favor weight gain affect this energy balance equilibrium afier weight loss {Asonne et al.
2021, Christoffersen et al. 2022). Consequently, understanding how to control this energy
balance i huroans s essential for developing successful weight loss interventions.

[3806] The stages of appetite have been identified as hunger, satiation, and postprandial satiety
{(Blundeli and Halford 1994} Satiation is the process that controls the meal size and leads to
meal termination {Cannon and Washbura 1993}, Satiation is the result of volume-dependent
signals from the gastromntestinal tract, as well as enteroendocrine hormones released by the
interaction of the gut wall with mutrients (Cifuentes and Acosta 2022}, It has been defined as a
sense of fullness after eating or even symptoms such as nausea and bloating, and it has been
quantified by the number of calorics ingested to reach fullness (Camilieri 2015; Halawi et al.
2017). Further, abnommal satiation has been identified as one of the identified phenotypes of
obesity (Acosta, Camillert, Shin, Vazquez-Rogue, et al. 2015} and patients with obesity and
abnormal satiation arc more prone to gain weight compared to paticnts with normal satiation.
Finally, these patients’ responses to all obesity therapics may differ. For example, patients with
abnormal satiation were able to loss more weight with phentermine-topiramate than patients
with normal satiation {Acosta, Camillen, Shin, Vazquez-Roque, et al. 2013}

G807} As arcsult, it has become critical to gencrate and utilize methods for swifily wdentifying
these individuals and ascertain whether or not someone would respond to weight-loss
mterventions. The present disclosure aims to solve this need by using either polygenic risk
scores and machine [ecarning or a multi-omics approach in order to identify an individual’s
obesity phenotype.

SUMMARY

[B008] fn one aspect, provided herein is a computer-implemented method for generating a
machine leaming assisted gene risk score (ML-GRS) for predicting an obesity phenotype of
interest in a subject suffering from obesity, the method comprising: (a) receiving in a computer

system, a genetic dataset comprising a plurality of single nucleotide polymorphisms {SNPs)



WO 2024/192177 PCT/US2024/019806

located n, around or near a set of genes obtammed from samples obtamed from each subject
from a population of subjects, wherein cach subject in the population of subjects 1s obese,
wherein cach gene in the set of genes is known or suspected to play a role in obesity; (b)
generating by the computer system, a contribution factor for each SNP located wn, around or
near a gene from the set of genes from the genetic dataset for a subjeet from the population of
subjects, wherein the contribution factor is a mumerical value, vector, matrix, or function of
various biological factors that represents the contribution or effect that cach SNP has on a
specific trait known to be associated with the obesity phenotype of interest; (¢} calculating by
the computer system, a gene risk score (GRS) for each gene in the set of genes by integrating
the contribution factors generated in step (b) for cach SNP for cach gene from the sct of genes
and SNP genotype information located in, around, or near each gene in the set of genes, wherein
the GRS for cach gene represents the cumulative effect of the variation in SNPs located 1n,
around, or near the gene i that particular subject has on the function or regulation of the gene
so as to mnecrease or decrease the nisk of the subject possessing a specific trart known to be
associated with the obestty phenotype of mterest; (d) sieratively performing by the computer
system, steps {a}-(c} for each additional subject from the population of subjects to generate a
sct of GRSs for each gene in the set of genes from the population of subjects, wherein each
gene has a GRS for cach sex; (¢} integrating by the computer system, the GRSs from step {(d)
with non-genetic and/or multi-omic data obtained from the samples obtained from sach subject
from the population of subjects using a machine leaming model to calculate a machine learning
assisted gene risk score (ML-GRS), wherem the ML-GRS predicts if any one subject possesses
the specific trait known to be associated with the obesity phenotype of interest by combining
gene risk scores and additional biological, psychological, or environmental measurements of
the any one subject; () training by the computer system, the ML~-GRS from step (¢} using a
classificr model to predict subjects from a training set of samples from a training population of
obese subjects as being positive for the specific trait known to be associated with the obesity
phenotype of interest, thereby generating a trained ML-GRS; and (g} determining by the
computer system, if a test subject 1s positive for the specific trait known 1o be associated with
the obesity phenotype of interest by: {1} calculating by the computer system the ML-GRS for
the test subject using steps (a}-(¢) on a sample obtained from the test subject; and (1t comparing
by the computer system, the ME~-GRS for the test sabject to the trained ML-GRS, wherein the
test subject 1s positive for the spectfic trait known to be associated with the obesity phenotype
of interest if the ML-GRS for the subject is above the sex-specific 75% percentile for the specific

trait known to be associated with the obesity phenotype of interest or negative for the specific
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trait known 1o be associated with the obesity phenotype of interest it the ML-GRS for the
subject is below the sex-specific 75% percentile for the specific trait known to be associated
with the obesity phenotype of interest. In some casces, the SNP genotype mformation comprises
risk allele dosage, major allele presence, occurrence of a de nove variant, msertion, deletion,
or genome rearrangement. In some cases, each gene in the set of genes 1s known or suspected
to play a role m appetite regulation, energy expenditure, lipid metabolism or adipogenesis. In
some cases, the subject is obese if the subject possesses a body mass index (BMI) > 30 kg/m?
with or without type 2 diabetes. In some cases, the ML-GRS for the obesity phenotype of
interest predicts the specific trait known to be associated with the obesity phenotype of interest
with a sensitivity and/or specificity is at least 63%. In some cases, the ML-GRS predicts the
specific trait known to be associated with the obesity phenotype of interest with an arca vnder
the curve (AUC) of atleast .65, 0.7, 0.75,0.8,0.85, 0.9 0.95 or 1. In some cases, the ML-GRS
predicts the specific trait known to be associated with the obesity phenotype of interest with
positive predictive value of at least 50%. In some cases, the contribution factor is a function or
algonthm that utilizes output of a regression analysis or a statistical analysis on the genetic
dataset as well as one or more additional parameters, covering regression against one or more
traifs using one or more types of genetic datasets selected from the group consisting of a
genome-wide data nucroarray chip (GWAR), targeted sequencing {oxome or targeted genetic
panel}, varants detected by qPCR through targeted amplification, whole genome sequencing
(WGS), targeted or untargeted sequencing of genomic re-arrangement, deletions, duplications,
repeat extensions, and complex genotyping of HLA and CYP genes. In some cases, the one or
more additional parameters relate to biological factors regarding genetics, epigenctics, and
gene regulation for each SNP. In some cases, the one or more additional parameters are selected
from the group consisting of proximity of the SNP to the specific gene, known or theoretical
mechanistic role of the SNP metadata regarding the SNP n relationship to the gene, and any
combination thereof. In some cases, the known or theoretical mechanistic role of the SNP 1
selected from the group consisting of synonymous mutation, RONSYNORVINOUS mutation,
frameshift mutation and vonsense mutation. In some cases, the known or theoretical
mechanistic role of the SNP affects the three-dimensional structure of the translated protem
binding sites, profein-protein wteraction sites and modification sites, wherein the modification
sites arc selected from the group counsisting of phosphorvlation, glveosylation and proteolytic
site. In some cases, the mechanistic role comprises whether or not the SNP is within an intron,
exon, enhancer region or regulatory region of the gene, a cis-regulatory element, a promoter

region, a non-coding exonic region, a coding exonic region, intronic region, splice site,
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franscription factor binding site, epigenctic modification site, at a remote genomic location
imvolved in a three-dimensional chromatin contact with the gene, or a cell-type-specific
topological~-associated domain that contains the gene. In some cases, the cis~regulatory element
1s an enhancer or fnsulator. In some cases, the epigenetic modification stte comprises DNA
methyiation modifications, histone modifications, and/or chromatin accessibilty. In some
cases, the non-genctic and/or multi-omic data i1s selected from the group consisting of
metabolomic data, proteomic data, peptidonuc data, epigenetic data, microbiome data, results
from one or more guestionnaires and any combination thereof. In some cases, the epigenetic
data comprises a presence or absence of DNA modifications selected from the group consisting
of DNA methylation modifications, histone modifications and chromatin accessibility. fo some
cases, the nucrobiome datais from any site on the subject or the subject’s environment. In some
cases, the machine learning model 1n step {¢} comprises a forward feature selection, backward
feature selection, or random feature sampling algorithm and a random forest, GBM, or linear
predictor that iteratively selects a feature with a desired traming accuracy using the random
forest predictor in multiple rounds until no further traiming accuracy improvement is detected.
In some cases, the GRSs of step {¢) are normalized. In some cases, each GSR provides an
indication of a role or effect that the SNPs located around or near a specific gene may play on
the specific trait known 1o be associated with the obesity phenotype of mterest. In some cases,
the SNP 15 considered to be located around or near a specific gene if it is located within at least
500,000 kilobases {kb) of the specific gene. In some cases, the method further comprises
performing a genetic analysis on a sample obtained from the subject suffering from or
suspected of suffering from obesity prior o step {a). In some cases, the genctic analysis
comprises obtaining seqacnee reads from the whole or portions of the whole genome of the
subject. In some cases, the genctic analysis comprises performing a genotyping method
selected from the group consisting of restriction fragment length polymorphisi identification
(RFLPY, random amplified polymorphic detection {RAPD), amplified fragment length
polymorphism detection (AFLPD), polvmerase chain reaction (PCR}), DNA sequencing, RNA
sequencing, allele specific oligonucieotide (ASQ) probes, and hybridization to nucroarrays or
beads. In some cases, the method further comprises performing by the computer system, a
regression analysis and/or statistical analysis on the genetic dataset from step (&) prior to step
(b} In some cases, the regression analysis is a ridge regression or least absolute shrinkage and
sclection operator (LASSO) regression. In some cases, beta values obtained from the regression
analyses performed on the genetic datasets are used to gencrate the contribution factor in step

(b). In some cases, the statistical analysis is a genome-wide association study (GWAS). In some
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cases, p-values and/or regression weights obtamed from the statistical analvses performed on
the genetic datasets are used o generate the contribution factors in step (b}, In some cases, the
obesity phenotype of interest is selected from the group cousisting of hungry brain (abnormal
satiation), lungry gut {abnormal satiety}, slow bum (slow metabohism} or hedonic/emotional
eating). In some cases, the obesity phenotype of interest is a hungry brain (abnormal satiation)
or hungry gut (abnommal satiety). In some cases, the specific trait in step (b) is total keal
consumed 1o satiation (CTS) at an ad libitum meal. In some cases, following step (e), the
subject 15 CTS positive if the subject has a ML-GRS for CTS above the sex-specific seventy-
fifth percentile or the 4™ guartile, while the subject is CTS negative if the subject has a ML-
GRS for CTS below the sex-specific seventy-fifth percentile. In some cases, the plurality of
genes in step {a) are two or more genes selected from GLPIR, UCPZ FTO, TCF7L2, MBOATY
(GOAT), ADRAZA, GNB3, GPBARI, LEP, LEPR, SH2B1, SIMI1, NCOA1 (SRCH), PCSKH,
TMEMIZ, NEGRI, BDNF, GPRUSB, GNPDA2Z, MTCHZ, KCTD15, SECI6B, FAIM2,
TNNIZK, LINGO1, FANCL, CADM2, PTBP2, NUDTS3, OLFM4, HOXBS, NPY IR, NPYZR,
NPY4R, NPYSR, NRIH4, SLUsA4, NTS, UCP3, ADIPOQ, CCK, DPP4, FGFR4, GHRL,
MC4R, MC3R, POMC, AGRP, GIPR, CNR1, FAAH, GCG, CELA2A, PPARG, TFAP2B,
APOE, TNFRSF11A or DYRKIB. In some cases, the obesity phenotype of interest is a hungry
gut {abnormal satiety). In some cases, the specific trait is increased or accelerated baseline
gastric emptying for the subject as compared to a control subject, wherein the control subject
is not obese. In some cases, the sct of genes in step {(a) consists of genes known to play role in
conferring the hungry gut phenotype. In some cases, the obesity phenotype of nterest is a slow
bum. In some cases, the specific trait 1s decreased or low resting energy expenditure (REE) for
the subject as compared to a control, wherein the control subject is not obese. In some cases,
the st of genes in step (a) consists of genes known to play role in conferring the slow burn
phenotype. In some cases, the obesity phenotype of interest is an emotional eating phenotype.
In some cases, the specific trait 1s a finding or result from a behavioral questionnaire indicative
of anxiety or emotional eating for the subject. In some cases, the questionnaire is the Hospital
Anxiety and Depression Scale (HADS) questionnaire. In some cases, the plurality of genes in
step {(a} consists of genes known to play role in conferring the emotional eating phenotype.

(6009} In anocther aspect, provided herein 1s a computer-implemented method for predicting or
diagnosing a subject suffering from or suspected of suffering from obesity as possessing
abnormal satiation, the mcthod comprising: {a) receiving m a compuier system, a geuelic
dataset comprising a plurality of single nucleotide polvmorphisms (SNPs) located i, around

or near a set of genes obtained from samples oblained from each subject from a population of
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subjects, wherein each subject in the population of subjects 1s obese, wherein the set of genes
comprises GLPIR, UCP2, FTO, TCF7L2, MBOAT4 (GOAT), ADRAZA. GNB3, GPBARI,
LEP, NPY IR, NPY2R, NPY4R, NPYSR, NRIH4, SLC6A4, NTS, UCP3, ADIPOQ, CCK,
DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNR1, FAAH, GCG, CELA2A,
PPARG, TFAP2B, APOE, LEPR, SH2BI, S§IMI, NCOAL (SRC1), PCSKI, TMEMIS,
NEGR1, BDNF, GPRCSB, GNPDAZ, MTCH2, KCTD135, SECI6B, FAIM2, TNNI3K,
LINGOL, FANCL, CADMZ, PTBPZ, NUDT3, OLFM4, HOXB3, TNFRSFI11A and
DYRKIB; {b} generating by the computer svstem, a contribution factor for each SNP located
in or near a gene from the set of genes from the genetic dataset for a sabject from the population
of subjects, wherein the contribution factor is a numerical value, vector, matrix, or function of
various biological factors that represents the contribution or effect that each SNP has on total
keal consumed to satiation {CTS) at an ad ibinum meal; {¢) calculating by the computer system,
a gene risk score (GRS} for cach gene in the set of genes by integrating the contribution factors
gencrated in step (b) for cach SNP for cach gene from the st of genes and SNP genotype
nformation located i, around or near cach gene in the set of genes, wherein the GRS for each
gene represents the cumulative effect of the variation in SNPs located in, arcund, or near the
gene in that particular subject has on the function or regulation of the gene 50 as {o ncrease or
decrease the risk of being above a sex~spectfic threshold total keal consumed to satiation (CTS)
at an ad [ibifum meal; (d) tteratively performing by the computer system, steps {a}-{(c} for cach
additional sebject from the population of subjects to generate a set of GRSs for each gene
the set of genes, wherein cach gene has a GRS for each sex; and{e) mtegrating by the computer
system, the GRSs from step (d) with non-genetic and/or multi-omic data obtained from the
samples obtained from cach subject from the population of subjects using a machine learing
madel to calculate a machine leaming assisted gene risk score {ML-GRS), wherein the ML-
GRS predicts the CTS by combining gene nisk scores and other biological, psychological, or
environmental measurements of the subject; {f) training by the computer svstem, the ML-GRS
from step (£} using a classifier model to predict subjects from a training set of samples from a
training population of obese subjects as being positive for being above a sex-specific threshold
total kcal consumed to satiation {CTS) at an ad libinm meal, thereby generating a tramned ML~
GRS; and {g) determining by the computer system, if a test subject 18 positive for the specific
trait known to be associated with the obesity phenotype of interest by (i) calculating by the
computer system the ML-~-GRS for the test subject using steps (a)~{¢) on a saraple obtained from
the test subject; and (31} comparing by the computer system, the ML-GRS for the test subject

to the trained ML-GRS, wherein the test subject is positive for CTS if the ML-GRS for the
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subject is above the sex-specific 75" percentile for CTS or negative for CTS if the ML-GRS
for the subject is below the sex-specific 75" percentile for CTS. In some cases, the sample is
sclected from the group consisting of a blood sample, a saliva sample, a urine sample, a breath
sample, and a stool sample.

{3018} In another aspect, provided herein is a method for treating obesity in a subject in need
thereof. the method comprising: (a) determining if the subjoct possesses abnormal satiation
using the method of embodiment 46 on a genctic datasct obtained from a sample obtained the
sabject to determmme a ML-GRS for aboommal satation; and (b) admunstering a
pharmacotherapy to the subject that does not mchide a GLP-1 agonist if the ML-GRS
deterrained for the subject indicates that the subject is positive for CTS or admuustening a
pharmacotherapy that may include a GLP-1 agonist to the subject if the ML-GRS deternuned
for the subject indicates that the sabject 1s negative for CTS.

{3011} In another aspect, provided herein is a method for treating obesity in a subject inn need
thereot, the method compusing: (a) determining the presence, absence or level of a plurality of
gastrointestinal {(GT) peptides, a plurality of metabolites, and/or 3 plurality of genetic variants
in a sample obtained from a subject seffering from obesity as well as satiety, satiation, resting
energy expenditure and resuits on a behavioral questionnaire for the subject, thereby generating
an obesity analvic signature for the sample; (b) populating a predictive machine learning model
with the obesity analyic signature for the subject; and (¢} utilizing the predictive machine
lcarning model to predict an obesity phenotype of the subject suffering from cbesity, wherein
the obesity phenotype is selected from the group cousisting of hungry brain (abnormal
satiation}, hungry gut {(abnormal satiety), slow bum (slow metabolism) or bedonic/emotional
cating}; and (d) administering a phamacotherapy to the subject that does not include a GLP-1
agonist if the predictive machine leaming model to predicts that the subject pogsesses an
abnormal satiation phenotype or administering a pharmacotherapy that may include a GLP-1
agomnist to the subject if the predictive machine learming model to predicts that the subject does
not possess an abnormal satiation phenotype.

{6012} In some cases, the pharmacotherapy that does not mnclude a GLP-1 agomist s
phentermme/topiramate. In some cases, the pharmacotherapy that does mclude a GLP-{
agonist 18 selected from the group consisting of exenatide, livaglutide, albighstide, dulaglutide,
lixisenatide, semaglutide and tirzepatide.

{6813} in yet another aspect, provided hercin is a method of treating obesity in a subjeoct in
need thereof, the method comprising: {a) detecting an obesity analyte signature m a sample

obtained from a subject; wherein the obesity analyte signatare is mdicative of an obesity
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phenotvpe of the subject; and (b) administening a pharmacotherapy to the subject that does not
include a GLP-1 agonist if the obesity analyte signature detected 1o the sample obtaned from
the subject indicates that the subject possesses an abnormal satiation phenotype or
administening a pharmacotherapy that may include a GLP-1 agonist to the subject if the obesuty
analyte signature detected in the sample obtained from the subject indicates that the subject
does not possess an abnormal satiation phenotype. Inn some cases, the GLP-1 agonist is selected
from the group consisting of cxenatide, liraglutide, albiglutide, dulaglutide, lixisenande,
semaglutide and tirzepatide.

6014} In another aspect, provided herein is a method of identifying a subject suffering from
obesity as a non~respounder to treatment with a GLP-~1 agouist, the method comprising detecting
an obesity phenotype of the subject; and identifving the subject as a non-responder to GLP-1
agonist treatment if the subject is determined to possess an abnormal satiation obesity
phenatype.

[6015] In some cases, the sample is selected from the group consisting of a blood sample, a
saliva sample, a urine sample, a breath sample, and a stool sample. In some cases, the obesity
analyic signature compriscs the presence of serotonin, glotamine, isocaproic acid, allo-
isoleucine, hydroxyproline, beta-aminoisobutyric-acid, alanine, hexanoic acid, tyrosine, and
PYY, an absence of l-methvilustine, gamma-ammo-n-butyric-acid, phenylalanine, ghrehin,
and a HADS questionnaire result that does not indicate an anxiety subscale (HADS-A  e.g.,
includes a HADS-A questionnaire result). In some cases, the subject consumes above the
seventy-fifth percentile amount of calories at an ad libifum meal. In some cases, the obesity
analyte signature comprises the presence of -methylhistine, allo-isoleucine, hydroxyproline,
beta-aminoiscbutyric-acid, alaning, and phenylalanine, an absence of serotonn, glutamine,
garama-amino-n-butyric-acid, isocaproic acid, hexanoic acid, tyrosine, ghrelin, PY'Y, and doces
not include a HADS questionnaire result that indicates an anxiety subscale. In some cases, the
subject has increased or aceelerated bascline gastric emptying as compared to a control subject,
wherein the control subject is not obese. In some cases, the obesity analvte signature comprises
the presence of I-methylbistive, serotonn, glutanune, gamma-aouno-n-butyric-acid,
isocaproic acid, allo-isolencine, alanne, tvrosine, ghrelin, PY'Y, an absence of hydroxyproline,
beta-aminoisobutyric-acid, hexanoic acid, and phenylalanine, and does inclades a HADS
questionnaire result that indicates an anxiety subscale. In some cases, the subject has decreased
or low resting energy expenditure (REE) for the subject as compared to a control, wherein the
control subject is not obese. In some cases, the obesity analyte signature comprises the presence

of serotonin, an absence of I-methylhistine, glutamine, gamma-amuno-n-butyric-acid,
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1socaproic acid, allo-isoleucine, hydroxyproline, beta-amimoisobutyric-acid, alamne, hexanoic
actd, tyrosine, phenvialamine, ghrelin, and PYY, and does inchides a HADS questionnaire

result that indicates an anxiety subscale.
BRIEF DESCRIPTION OF THE FIGURES

6016} FIG, 1 depicts the study protocol for in~person physiclogic testing. After an 8-hour fast,
all participants in the study provided a plasma blood sample, had physiologic in-person testing
to measure food intake, which included a standardized 320 keal breakfast, gastric emptying for
solids for 4 hours, and an ad ibitum meal.

[6817] FIGs. 2A-2H depicts the inter-individual variability postprandial satiety and gender
differences. FIG. 24 itlustrates gastric emptying curve differences between males and females.
Half time for gastric emptying for fomales was 1 hour and 51 min {(nght vertical dotied hine}
and for males was | hour and 235 minutes (left vertical dotied line). FIG, 2B illustrates visual
analogue score (VAS) for hunger in males and females before and after breakfast. FIG. 2C
ilhustrates VAS-fullness in males and females before and after breakfast. FIG, 2D illustrates
V AS-satisfaction in males and fomales before and after breakfast. FIG. 2K illustrates calories
consumed by macronutrient composition between females and males. FEG. 2F illustrates total
calories to fullness n ad Fbinom meal in all parhcaipants. FIG. 26 llustrates frequency
histograms of the density of calories to fullness in males. FIG, 2H illustrates frequency
hustograms of the dewsity of calones to fullness mn females.

6018} FIG. 3 illustrates determinants postprandial satiety vanability. Trait variations for each
input variable are derived from separate {non-hicrarchical) regression models. Values represent
the adjusted proportion of variance explained (R2), and crror bars show the 953% C1 R2 values
were derived using owltivariable linear regression.

{0819} FIGs. 4A-4H shows the charactenzation of abnommal satiation. FIG. 44 shows half
gastric emptying time of participants with normal and abnormal satiation. ¥FiGs 4B-41 shows
plasma hommone levels (FIG. 4B-Gluelin, FIG. 4C-PYY,; and FIG. 4D-GLP-1) at baseline
and 15, 45 and 90 minutes after breakfast (320 keal). FlGs 4E-4H shows appetite sensations
including satisfaction (FIG. 4E), hunger (FIG. 4F}, fullness (FIG. 44G), and desire (o cat (FI1G.
4H) measured by visual analogue scales before and after breakfast. Data is presented as mean
and standard ervor of the mean.

{30268} F1Gs. SA-38B show ROC curves of the predictive model for abnormal satiation (i.¢., the
machine leaming (ML}-driven full phenotype test (FPT)) in the training cohort {FIG. SA) and

in a validation cohort (F1G, 5B).
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(0021} FiGs. 6A-6B shows total body weight loss % by prediction group with hraglatide (FIG.
A} and placebo (FIG. 6B}, True is responder to GLP-1.
[G022] FIG. 7 depicts a diagram of the polygenic risk score (PRS) assessment of the present
mvention that integrates expert gwdance, machine leaming, and non-genctic/multi-omic data
i order to determine the obesity phenotype of a subject suffering from obesity.
10023} FiGs. 8A-8B show ROC curves of the ML-driven polygenic risk score (PRS) model
for appetite 1o the tramning cohort (FI1G. 8A) and n a validation cohort (FIG. 88). FiGs. 8C-
8D show ROC curves of the PRS model for GLP-1 responder in the training cobort (FI1G. 8C)
and validation cohort {(FIG. 8D}
[0024] FIGs. 9A-98 show total body weight loss % i groups predicted as responder vs. non-
responder using the PRS model for appetite for patients treated with hraglutide 3mg; FIG.
A) or placebo (FIG. 9B}, True is responder to GLP-1.
3025} FiGs, 18A-19D shows an experimental design that mchudes data collection by deep
phenotype testing in 717 participants (FEG. 108A), feature extraction for satiation
characterization (FIG. 10B), model fraining and validation for gene nisk score development
{FIG. 18 and model extrapolation for prediction of response to anti-obesity medicine {AOM)
interventions (FIG. 10D). FIG. 104 illustrates the rigorous festing day starting at 7 am,
ncluding resting energy cxpenditure assessment, blood sampling, radio-labeled breakfast,
gastric emptying scans, body composition by DEXA imagmg, ad libitum meal test, and
behavioral questionnaires. FIG. 108 shows male and (n=179) and fomale {(n=538) satiation
distribution by calories to satiation, lughhighting factors like genectics, medical records,
metabolites, and hormones that contribute to individual satiation responses. FIG. 16C
demonstrates the creation and validation of a polvgenic risk score (PRS) and machine-leaming
optimized gene risk score {GRS) for satiation. FIG. 188 depicts the model's effectivencss in
predicting response to obesity interventions using outcores ina 52-weck randonuzed, placebo-
controlled trial of phentermine-topiramate ER and a 16-week randomized, placebo-controlled
trial of liraglutide by categorizing patients according to CTS by ad fibifum meal or by genotype
£Ioups.
6026} FIGs. 11A-11F shows a comprehensive analvsis of satiation variability and mnfluencing
factors that includes inter-Individual variability in satiation (FIG. 11A), variability of satiation
explained by input vanables (FIG. 11B), sex-related effects on satiation parameters (FIG.
110, anthropometric mfluence on satiation (F1G. 11B), body composition influcnce on
satiation {(FIG. 11E) and questionnaire-based satiation patterns (FIG. 11F). FIG. 11A

illastrates the distnbution of satiation responses among 717 participants, highlighting the wide
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range of calorie intake to satiation. FIG. 11B depiets the proportional vanance explained (R2)
for satiation variability attributed to individeal input variables, obtained from separate non-
hierarchical regression models. Error bars represent the 95% confidence imterval. R2 values
were caleulated through multivaniable hinear regression. FIG. 11C s a viohn plot that
showeases the distinet impact of sex on satiation parameters, revealing higher calornic intake
required to reach fuliness in males (p<<0.001). FIG, 11D shows a univariate linear rogression
analvses display the weak correlation between calories to satiation and height m 717
participants. FIG, 11E shows univariate linear regression analyses display the correlation
between calories to satiation and total fat percent in 395 participants that completed a DEXA
scan. FIG. 11F demonstrates the limited contribution of behavioral questionnaires to explain
the variability of objective measurements of satiation as demonstrated by the weak correlation
between calorics to satiation and scores in the components of the three-factor eating
questionnaire: uncontrolied eating, cognitive restrain, and emotional eating completed in 215
participanis.

(6027} FIG. 12A shows comparative analvsis of high and low satiation groups by sex and
ithustrates the comprehensive distinction between high and low calories to satiation, further
categorized as high calories to satiation {n=179) with >977 kcal for females (n=134) and >1374
keal for males (n=45), and low calories o satiation (n=16 1) with <650 kcal for females (n=134)
and <927 kcal for males (n=44)}. FIG. 128 shows gastric emptying time by Gender in High
and Low Calories to Satiation with significant differences in solid gastric empiying half-time
in females (p<0.001} but not m males (p=0.15). FIG. 12C shows fullness by visual analog
scale (VAS) after consuming a 320-kcal breakfast — High Calones to Satiation (8=70} vs. Low
Calories to Satiation (n=79). FIG. 12D shows hunger levels after a 320-kcal Breakfast - High
Calorics to Satiation {r=70) vs. Low Calorics to Satiation (n=79). FIG. 12E shows profile of
Gastromtestinal Hormones Fasting and Postprandial 1n High and Low Calories to Satiation:
Profile of Peptide YY (FYY) Levels in High (n=83) and Low Satiation {n=59) showing not
significant difference between groups at any time pomt. FIG, 12F shows profile of GLP-1
Levels i High (#=123} and Low Calories to Sauation (n=101) showing only significant
differences between groups at 90 nuinutes. FIG. 126G shows profile of Ghrelin Levels i High
{=85) and Low Calories to Satiation {(n=538} showing not significant difference between
groups at any time point. FIG. 12H shows the distribution of eating behavior scores in the
three-factor eating questionnatre (n=215} {cogmitive restramt, uncontrolled eating, cmotional

eating) between High and Low Calories to Satation.
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[0028] FIG. 13A shows a Genome-Wide Association Study (GWAS) for Calories to Satiation.
This Manhattan plot displays the results of a GWAS investigating genctic variants associated
with calories to satiation in the ad libituro meal. The absence of significant peaks across the
genome highlights that no genetic variants reached the threshold for genome-wide significance
{p <5x 10°-8).

3029} FIG, 13B shows a volcano plot of association with calories to satiation traits. Each
point represenis the association of a variability of a SNP with CTS among male (blue) and
female (red) subjects. The x-axis shows the magnitade and direction of the association and the
v-axis the significance of the association.

G030} FIG. 13C shows a beeswarm plot of Shapley Additive Explanations (SHAP) values for
the CTSars model representing the contribution of specific features to model output. Each pont
for a given feature represents a sample with its horizontal position representing the magnitude
and direction that feature effects the probability of high calories to satiation. The color scale
indicates the relative value of that feature for that sample as ranked among all other samples.
Features are ranked by the mean absohute SHAP vahie, 1.6, magnitude of effect on predictions.
{6031} FIGs. 14A-14G illustrates the development and validation of a machine leaming
assisted gene risk score for high calories to satiation in people with obesity. FIG. 14A shows
risk allele distribution for satiation. The number of risk alleles associated with higher calonies
to satiation was normally distnbuted in our popuelation. Each circle represents the mean number
of calories to satiation during the ad libitum meal test for cach risk allele score. The solid hine
represents the linear regression for the risk allele score and calories to satiation (R? = 0.55:
coefficient, 6.78; 95% (1, 5.46 to 8.11). FIG. 14B shows recetver operating characteristics
curve for the Machine Learning Assisted Gene Risk Score in the training (n=483), validation
{n=30}, and independent validation cohort (=110}, FIG, 14C shows caloric intake in males
and females according to their Machine Learning Assisted Gene Risk Score (CTSors) groups.
Participants predicted as low CTScrs had a lower caloric intake than participants predicted as
high CT8exrs. FIGs. 14D-G shows that there were no differences in BMI, or other parameters
associated with postprandial satiety when dividing participants according to their CTScrs
group.

6032} FIG. 15 shows a flowchart diagram for the training, validation, and independent testing
cohort for development of the machine-leaming assisted gene risk score for calories to
satiation.

{0833} FIG. 16 shows a flowchart diagram for 3 12-month, placebo-controlled, randomized

chnical trial with phentermine-topiramate extended-release.
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0034} FIG. 17 shows a flowchart diagram for a 16-week, placebo-controlled, randomized
clintcal trial with liraglutide.

[G035] FIGs. 18A-18F shows weight loss response by bascline ad fibirum buffet meal cnergy
mtake and machine-learning assisted gene nisk score prediction in response to placebo or
phentermine-topiramate ER and placebo vs. liraghutide. FIG, 18A shows weight loss in all
patients that paricipated in the 32-week randomized clinical trial with placebo and
phentermine-topitamate ER and uvnderwent satiation testing at baseline. FIG, 18B shows
weight loss by sex-stratified satiation by ad fibirum buffet meal n patients assigned to placebo
and phentermine-topiramate ER, where patients assigned to phentermine and high satiation
by ad libirum buffet meal had the greatest total body weight lost percentage. FIG. 18C shows
weight loss by sex-stratified satiation by CTSoxs classified as low or high in patients assigned
to placebo and phentermine-topiramate ER, where patients assigned to phentermine-topiramate
ER and high CTScrs had the greatest total body weight lost percentage. FIG. 18D shows
weight loss in all paticots that participated m the 16-week randowuzed chmical trial of
hiraglotide vs placebo and underwent satiation testing at baseline. FIG. 18E shows weight loss
by sex-stratificd satiation by ad bitm buffet meal in pationts assigned to liraghstide vs
placebo. where patients assigned to liraglutide and low satiation by ad fibifur buffet meal had
the greatest total body weight lost percentage. FEG. 18¥F shows weight loss by sex-stratified
satiation by CTSors m patients assigned to liraghutide vs placebo, where patients assigned to
liraglutide and low satiation by C'TSaors had the greatest total body weight lost percentage.
0036} FiGs. 19A-C shows performance of the CTSars model in predicting weight loss
outcomes of a 12-month, placebo-controlled, randomized clinical inal with phentermine-
topiramaie extended-release. FIG. 19A shows the UTSers model had an AUC of 0.71 for
predicting responders achieving at least 15% of total body weight loss at 12 months in
participants that were assigned to phentemmine-topitamate extended-release. FIG. 198 shows
violin plots showing individual weight loss cutcomes for participants that completed the 12-
month trial stratified by treatment allocation and CTSars score. FIG. 18C shows the proportion
of responders gchicving a total body weight loss superior to 3, 10, and 15% by treatment
allocation and CTSars group at [2-months.

(0037} FiGs. 20A-C shows performance of the CTSars model n predicting weight loss
outcomes of a 16-week, placebo~controlied, randomized clinical trial with liraglutide. FIG.
28A shows the CTSars model bad an AUC of 0.75 for predicting respounders achicving at least
496 of total body weight loss at 16 weeks in participants assigned to phentermine-topiramate

extended-release. FIG, 208 shows violin plots showing individual weight loss onteomes for
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participanis that completed the 16-week trial stratified by treatment allocation and CTS6rs
score. F1G, 28C shows the proportion of responders achieving a total body weight loss superior
to 4, 5, and 6% by treatment allocation and CTSars group at 16-weeks,

3038} FIG. 21A shows total body weight loss percentage (TBWL} at 3, 6, 9 and 12 months,
and FIG. 21B shows individual TBWL% outcomes at 12 Months, Abbreviations: TEWL:

Total body weight loss percentage; HG+: Hungry Gut Positive;, HG-: Hungry Gut Negative

DETAILED DESCRIPTION

BDefinitions

68391 While the following terms are beheved to be well understood by one of ordinary skill
i the art, the following defimtions are set forth to facilitate explanation of the presently
disclosed subject matter.

0040} As used heretn, the teom “a” or “an” can refer to one or more of that entity, 7.¢., can
refer to a plural referents. As such, the terms “a” or “an”, “one or more” and “at least one” can
be used interchangeably herein. In addition, reference to “an clement™ by the indefinite article
“a” or “an” docs not exclude the possibility that more than one of the clements is present, uniess
the context clearly requires that there is one and only one of the elements.

[6041] Unless the context requires otherwise, throughout the present specification and claims,
the word “comprise” and variations thereof, such as, “comprises” and “comprising” are to be
construed mn an open, nclusive sense that is as “including, but not limited to”.

{6042} The details of one or more embodiments of the mvention are set forth n the
accompanying drawings and the description below. Other features, objects, and advantages of
the invention will be apparent from the description and drawings, and from the claims.

[0043] Reference throughout this specification to “one erabodiment” or “an erabodiment”
means that a particular feature, structure or charactenstic described in connection with the
embodiment may be ncluded in at least one embodiment of the present disclosure. Thus, the
appearances of the phrases “in one embodiment” or “in an emboduuent” in various places
throughout this specification may not necessarily all referring to the same embodiment. It i3
appreciated that certain features of the disclosure, which are, for clarity, described in the
context of separate embodiments, may also be provided in combination in a single embodiment.
Conversely, varous features of the disclosure, which are, for brovity, described in the context

of a single embodiment, may also be provided separately or in any suitable sub-combination.
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0044} The terms "ad Hbitum diet” as used herein refer to a diet where the amount of daily
calorics intake of a subject s not restricted to a particular value. A subject following an ad
fibitum diet s free to cat till fullness.

[03845] The terms “Glucagon-like peptide-~1 receptor agonist” or “GLP-1 receptor agonist”™ as
used herein can be used interchangeably with the terms “GLP-1 agonist” or “GLP-I analog”.
Said terms can also be referred to as incretin mimetics. All of the aforementioned terms can
refer to agents that act as agomists of the GLP-1 receptor and can work by activating the GLP-
1 receptor.

[0046] The term “postprandial satiety”™ as used herein can be interchangeably with “satiety”
and refers to the sensation of fullness after a meal termination that perdures through time wntil
hunger returns. Postprandial satiety may overlap with hunger or desire 1o cat.

168471 As used herein, the term “genotype” can refer (o the complete set of genetic material in
an organism. Genotype can also be used to refer to the alleles or variants an individual carries
in a particular goene or genetic location,

[0048] As used herein, the term “allele(s)” can mean any of one or more alternative forms of a
gene, all of which alleles relate to at least one trait or characternistic. In a diploid cell, the two
alteles of a given gene ocoupy corresponding loci on a pair of homologous chromosomes. Since
the present disclosure, in embodiments, relates to quantitative trait loct {QTLs), 7.e., genomic
regions that may comprise one or more genes or regulatory sequences, it is in some instances
more accurate to refer to “haplotype” (fe., an allele of a chromosomal segment) instead of
“allele”, however, in those instances, the term “allele” should be understood to comprise the
term “haplotype”. An “effect allele™ as used herein can refer to the less common allele(s) ata
particular location 10 the genome. As used herein, “dosage” can refer to the number of effect
alleles in a genotype.

0049} As used herem, the term “nucleotide change” can refers to, e.g., nucleotide substitution,
deletion, and/or insertion, as 1s well understood in the art. For example, mutations contain
alterations that produce silent substitutions, additions, or deletions, but do not alter the
properties or activities of the encoded protein or how the proterns are made.

[6038] As used heren, the term “protein modification” refers to, e.g., amino acid substitution,
amino acid modification, deletion, and/or msertion, as is well understood m the art.

[B051] As used herein, the term “phenotype” can refer to the observable characteristics of an
ndividual cell, cell culture, organism, or group of organisms, which can result from the

mteraction between that individual’s genetic makeup {i.e., genotype} and the environment,
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(0032} As used herein, the term “gene” can refer 1o any segment of DNA associated with a
biological function. Thas, genes can include, but are not limited to, coding sequences and/or
the regulatory sequences required for their expression. Genes can also include non-expressed
DINA segments that, for examiple, form recognition sequences for other proteins. Genes can be
obtained from a variety of sources, including clomng from a source of interest or synthesizing
from known or pradicted sequence information, and may include sequences designed to have
desired parameters.

[B033] As used herein, the term “SNP” refers to “single nucleotide polymorphisms”, which
can refer to substitution of a single nucleotide at a specific position in the genome. The specific
location i the genome can possess multiple single-nucleotide alleles. The use of this teon in
this document should not be construed to exclude the use of any other type of polvmorphism
in addition to or in place of a SNP such as, for example, sequence insertions, deletions,
inversions, and other sequence replacements. Single-nuclectide polymorphisms may fall
within coding sequences of genes, non-coding regions of genes, or in the micrgenic regions
{regions between genes). SNPs within a coding sequence may not necessarily change the amino
acid sequence of the protein that is produced, due to degeneracy of the genstic code. SNPs
the coding region can be of two types: synonymous SNPs and nonsynonymous SNPs.
Syunonymous SNPs do not affect the protein sequence, while nonsynonymous SNPs change the
amino acid sequence of profoin.

13054} As used herein, the term “homologous™ or “homologue™ or “orthologue™ is known in
the art and can refer to related sequences that share a covumon ancestor or family member and
are detormined based on the degree of sequence identity. The terms “homology,”
“homologous,”  “substantially similar™ and  “corresponding  substantially” are  used
interchangeably herein. They refer fo nucleie acid fragments wherein chagges in one or more
nucleotide bases do not affect the ability of the nucleic acid fragment to mediate gene
expression or produce a certain phenotype. These terms also refer to modifications of the
nucleic acid fragments of the mstant disclosure such as deletion or insertion of one or more
nucleotides that do not substantially alter the functional propertics of the resulting nucleic acid
fragment relative to the mitial, unmodified fragment. Tt is therefore understood, as those skilled
in the art will appreciate, that the disclosure encompasses more than the specific exemplary
sequences. These terms describe the relationship between a gene found in one species,
subspecies, variety, cultivar or strain and the corresponding or eguivalent gene i another
subspecies, variety, cultivar or strain.  For purposes of this disclosure homologous

species,

sequences are compared. “Homologous sequences” or “homologues™ or “orthologues”™ are

17



WO 2024/192177 PCT/US2024/019806

thought, believed, or known to be functionally related. A functional relationship may be
indicated in any one of a number of ways, including, but not limited to: (a} degree of sequence
wdentity and/or (b} the same or similar biological function. Preferably, both (a) and (b) are
mdicated. Homology can be determined using software programs readily available mn the art,
such as those discussed in Current Protocols in Molecular Biology (F.M. Ausabel erad, eds.,
1987} Supplement 30, section 7.718, Table 7.71. Some alignment programs are MacVector
{Oxford Molecular Lid, Oxford, UK.}, ALIGN Plus {Scientific and Educational Software,
Pennsylvania) and AlignX (Vector NTI, Tovitrogen, Carlsbad, CA).  Another alignment
program is Sequencher {Gene Codes, Ann Arbor, Michigan}, asing default parameters.

[0035] The terms “substantially reduced” and “substantially less™ are used nterchangeably
herein and, when referring to an expression level or amount or an activity level of a protem or
enzvme, can refer to 3 lowering of said amount or activity by a percentage or range of
percentages as compared 1o or versus a controd or reference level or activity of said protein or
enzyme. The torms “substantially reduced” and “substantially less™ can refer to a lowering of
an amount or level of a protein or enzyme or an activity of an enzyme by at least, at most,

exactly or about 1%, 2%, 3%, 4%. 5%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 15%,

16%, 17%, 18%, 19%, 20%, 21%, 22%. 23%, 24%. 25%, 26%, 27%, 28%, 25%, 30%, 30%
31%, 32%, 33%, 34%, 35%, 36%, 37%, 38%, 39%, 40%, 41%, 42%, 43%, 44%, 45%, 4-6%,

3
47%, 48%o, 49%, 50%, 51%, 56%, 57%, 38%., 39%, 60%

63%, 64%, 65%, 66%, 67%, 68%,

T9%, 80%, 81%

Z70/
32%,

72%, 73%, 74%, 75%, 76%
. 82%. 83%, 84%, 85%, 86%, 87%, 88%, 89%, 90%, ©19%, 92%, 93%, 94%,
5%, 96%, 97%, 98%, 99% or 100% as compared to or versus a control or reference {e.g., a

control or reference level or activity of said protein or enzyme). The terms “substantially
reduced” and “substantially less” can refer to a lowering of an amount or fovel of a protein or
enzyme or activity of an enzyme {e.g., cnzymatic activity} by 1%-3%., 10%-15%, 15%-20%,
20%-~25%, 25%-30%, 30%-33%, 35%-40%, 40%-45%, 45%-30%, 50%-53%, 35%-6(%,
60%-65%, 65%-70%, T0%-75%, 75%-80%, 80%-85%, 83%-90%, 90%-953% or 95%-100%,
mclusive of the endpoints, as compared to or versus a control or reference {¢.g., a control or
reference level or activity of said proten or enzyme}. The terms “sabstantially reduced” and
“substantially less” can also mean that the amount of a protein or enzyme or the activity of an
3%. 4%, 5%, 6%, 7%, 8%, 9%, 10%,

enzyme can be at least, at most, exactly or about 1%, 2%

o,

11%, 12%, 13%. 14%, 15%. 16%, 17%. 18%, 19%, %%, 23%., 24%, 25%, 26%
27%, 28%. 29% 30% 30%, 31%, 32%. 33%, 34%, 33%, 36%. 37%, 38%. 39%, 40%. 41%,
42%, 43%, 44%, 45%, 46%, 47%, 48%, 49%, 50%, 51%, 52%. 53%, 54%. 55%, 56%, 57%,
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58%. 59%, 60%. 61%, 62%, 64%, 65%, 66%, 67%, 68%, 69%. T0%, T1%, T2%, 73%,
Td%, T5%, T6%. T7%, T8%. 7%, §0%. 81%, 82%, 83%. 84%, 85%. 86%, 87%. 88%, 89%,

>

63%,
90%, 91%, 92%, 939, 94%, 953%, 96%., 97%, 98%, 99% or 100% of the amount of control or
reference version of said protein or enzyme or the activity of said enzyme. The terms
“substantially reduced” and “substantially less” can also mean that the amount of a protein or
enzvme or the activity of an enzyme is 19%-3%, 10%-15%, 15%-20%, 20%-25%, 25%-30%

> >

30%-35%, 35%-40%, 409%-43%. 45%-50%, 50%-533%, 35%-60%. 60%-653%, 653%-70%,
T0%-75%, 75%-80%, B80%-85%, 85%-90%, 90%-95% or 95%-100%, inclusive of the
endpoints, of the amount of a control or reference version of said profein or enzyme or the
activity of an enzyvme.. With regards to a level or amount of a protein or enzvme, the control
or reference can be a level or amount of said protein or enzvime 1n a control or reference cell.
In one embodiment, the tested protein or enzyme in a control of reference cell does not have a
heterologous modification. With regards to activity of an enzyme, the control or reference can
be the activity of said protein or enzyme m a controel or reference cell. In one embodiment, the
fested protein or enzyme in a control of reference cell does not have a heterologous
modification.

6836} The fevel or activity of a protein or enzyme provided herein can be measured within a
cell or after extraction and/or isolation from a cell {e.g., i vifro). In some cases, the level or
amount of a gene encoding a protein of interest is measured or determined. The level or amount
of a gene provided herein can be measured within a cell or after extraction from a cell {o g, i
vitro). In some cases, the activity of an enzyme encoded by a gene provided herein is measured
or determined. The activity {e.g., speaific activity} of an enzyme encoded by a gene provided
herein can be measured within a cell or after extraction from a cell {e.g., in virro). The assay
atilized to measure the level or amount of expression of a gene or protein provided herein can
be high-throughput in nature. The assay utilized to measure the activity of an enzyme cncoded
by a gene provided herein can be lmigh-throughput in nature.

3057} The level or amount of a gene provided herein can be measured using any assay known
in the art for measuring a level or amount of a gene at the nucleic acid level., Examples of
suitable assays for determuining or measuring the levels of nucleic acid {e.g., a gene provided
herein) can be selected from microarray analysis, RT-PCR sach as guantitative RT-PCR (gRT-
PCR}, serial analysis of gene expression {(SAGE), RNA-seq, Northem Blat, digital molecular
barcoding technology, for example. Nanostring Counter Analysis, and TagMan quantitative
PCR assays. Other methods of mRNA detection and quantification can be apphied, such as

mRNA 1n site hyvbridization. mBNA in sity hybridization can be measared using QuantiGene
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ViewRNA (Affvmetnix), which uses probe sets for each mRNA that bind specificallv to an
amplification system to amplify the hyvbridization signals; these amplified signals can be
visualized using a standard fluorescence ricroscope or tmaging systern. This system for
example can detect and wmeasure transcrpt levels in heterogeneous samples. In one
embodiment, the level, presence or amount of gene or genetic vaniant {¢.g., SNP) provided
herein can be determined using an array. The array can be a “Genotyping SNP-Chip™.

06038} The level or amount of a protein encoded by a gene provided herein can be measured
using any assay known in the art for measuring a level or amount at the protein level. Examples
of suitable assavs for determining or measuring the levels of protein {e.g., encoded by a gene
provided herein) can be selected from quantitative mass spectrometry oOF 1nUNUN0CAssays
mcluding, for example, immunohistochemustry, ELISA, Western blot, immunoprecipitation,
Luminex® assay, and the like, where a biomarker detection agent such as an antibody, for
example, a labeled antibody, specifically binds a protein encoded by a gene provided heremn
and permus, tor exanople, relative or absolute ascertaining of the amount of a protein in a
sample or a cell. The level or amount of an enzyme encoded by a gene provided herein or of
the gene itself that has been heterologously modified as provided herein can be compared to
the level or amount of the same enzyme or gene that has not been heterologously modified as
described heremn and the percentage of the lovel or amount of the modificd enzyme or gene vs.
the non-modified enzvme or gene can be determined.

16859} The activity of an enzyme cncoded by a gene provided hercin can be measured using
any assay known in the art for measuring enzyme activity. Examples of suitable assays for
determining enzyme activity can be any kinase assay known in the art such as, for example,
biochemical kinase assays commercially available from EMD Millipore {(e.g., FRET-based
HTIRF assays), ¢Bioscience (c.g., Instant One cell signaling assays), Life Technologies

{LanthaScreen or Ommia kinase assays), Svmansis {¢.g., Multikinase assay array), Abcam or

Promega{e.g., ik
130606} As used herein, the term “guantitative trait” can refer to a mumerical measurement of a
physical, chemical, or other aspect, trait or characternistic of an individual.

60611 As used herein, the teom “contribution factor” can refer to the apparent amount that the
dosage at a particular SNP contributes to a quantitative trait.

{0062} As  used  herein, the  terms “polygenic sk  score {(PRSY”,
“polvgenic score (PGS)Y” or “polvgenic tndex (PG can be used simultancousky and can refer
to a numerical value indicating the magmitude of nisk of a particular phenotype based upon the

combined effect of SNPs from multiple locations in the genome. In some cases, the polvgenic
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score (PGS}, polygenic risk score (PRS) or polvgemic index (PGI) can be a number that
sammarizes the estimated effect of many genctic variants on an individual's phenotype,
typically calculated as a weighted sum of tratt-associated alleles.

[3063] Unless otherwise defined, all techmcal and scientific terms used herein have the same
meaning as commonly understood by one of ordinary skill i the art to which this invention
pertains. Although methods and materials similar or equivalent to those described herein can
be used to practice the mvention, suitable moethods and matenals are described below. In case
of conflict, the present specification, imncluding definitions, will control. Tn addition, the

materials, methods, and examples are illustrative only and not intended to be himiting.

Dverview
16864} Provided herein are methods and systems for predicting whether or not a subject
possesses a spectfic trait. To accomplish this, the methods and systems provided herein rely
on data to up-or-down weight a genetic vanant, which 1s located around, within or near a
gene known or suspected to play in role in generating the specific trait {c.g., single nucleotide
polymorphisa (SNP})}, contribution to the specific trait, uses systors biology to construct
those weights, and uses an open number of gene risk scores (GRSs) for a set of genes known
or suspected to play n role 1 generating the specific trait that are determined by machine
carning (ML) feature selection technigues. As such, the methods and system provided herein
for deternuning whether or not a subjoct possesses a specific trait do not sclect discrete
genetic varant’s {e.g., SNPs}. As alluded to, the genetic vanants can be SNPs, but they could
also be some other type of genetic variant sach as, for example, an epigenetic feature. The
epigenctic feature could be selected from methylation site(s), histone modification{(s) or
chromatin accessibility site(s). The specific trait could be a trait associated with an obesity
phenotype as described herein. The specific trait associated with an obesity phenotype as
provided herein could be seiected from the group consisting of total keal consumed to
satiation {CTS) at avn ad libimm meal, gastric emptying rate, resting cnergy expenditure
(REE), results from a behavioral questionnaire indicative of anxiety or emotional cating and
any combination thereof. The specific trait could also be, for example, weight loss or
comorbidity change in response to weight loss, or response to an obesity mitcrvention. The
obesity infervention could be an anti-obesity medication (AOM), or a behavioral and/or
lifestyle intervention. The AOM could be phenetermine-topiramate or a GLP-1 agonist. The
data used to up or down weight a genctic variant can be genetic and/or non-genetic data. The

genetic data can include, but is not himited to, cell-type-specific epigenetic activity, gene
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regulatory activity, or chromatin structure and/or genomc positioning, In any method or
system provided herein, a GRS is a multidimensional integration function with dimensions of
genotype, trait contribution, genomic contribution as nput. In any method or system provided
herein, the method or system can further comprise iteratively removing genes from the set of
genes whose gene risk scores are deemed not informative for the specific trait and
subsequently combine the remaining GRSs with other non-genetic and/or multi-omic data for
a subject with machine learning models to generate a machine-learning assisted GRS for the
specific trait. The ML-GRS can then be used to predict or diagnose a de novo subject as
possessing the specific trait for which the ML-GRS was constructed. The non-genetic and/or
multi-omic data can be selected from the group consisting of metabolomic data, protcomic
data, peptidomic data, epigenetic data, microbiome data, results from one or more
questionnaires and any combination thereof. The epigenctic data can be the presence or
absence of BNA modifications such as methylation, histone modifications, chromatin
accessibility, ete.

{0065} In one aspect, provided herein are methods and systerns for predicting whether or not
a subject possesses a specific trait associated with an obesity phenotype of an individual or
subject with obesity from one or more samples obtained from said individoal or subject with
obesity. In one embodiment, the methods and systems utilize machine leaming in order to
predict the obesity phenotype of the subject with obesity. In one embodiment, the methods
and system utilizes contribution factors and gene nisk scores {GRS) to determine the obesity
phenotype of the subject with obesity. The gene risk scores can integrate expert guidance,
machine leaming, and non-genetic/multi-omic data. In one embodiment, the obesity
phenotvpe of an individual with obesity can be ascertained using an adaptive, contribution
factor based GRS ag provided herein. The adaptive, contribution factor based GRS can be
tatlored to and/or used for determining or diagnosing a specific obesity phenotype such as,
for example, umgry brain, hungry gut, slow bum or hedonic eating as described
US20210072259A1, which 1s herein incorporated by reference in its entirety. The adaptive,
contribution factor based GRS can utilize expert gwidance, machine leaming and non-
genetic/mulii-omic data. The non-genetic/multi-omic data can comprise data obtamned from
determining the metabolome, the proteome, and/or the peptidome of an individual {e.g., an
individual with obesity) of a sample obtained from the obese subject. In some cases, the non-
genctic/multi-onuc data can be wdentified 1n a sample obtained from individual with obesity.
[0866] In one embodiment, the methods and systems for ascertaming an obesity phenotype of

an individual or subject vtihizes a regression, machine leaming driven model for appetite. The
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regression machine leaming model can be a multi-variate logistic regression, machine leaming
driven model. In one embodiment, the multi-variate logistic regression, machine learning
driven model can be for appetite and can utilize a myriad of genetic and non-genctic multi-
onvic data. The myriad of genetic and non-genetic multi-omic data used m a multi-variate
logistic regression machine leaming-driven model for appetite provided herein can be referred
to as the full phenotype tests or FPTs.

6867} Also provided herein are methods and systems for predicting or stratifving ndividuals
with obesity mto sub-populations of responders and non-responders for one or more
interventions. Inone embodiment, a machine learming based system or method provided herein
for use in deternuning the obesity phenotype of a subject or individual with obesity can be used
to select said subject or individual with obesity for treatment with one or more mterventions
for treating obesity. In this manner, the machime leaming based system or method provided
herein for use in determining the obesity phenotype of a subject or individual with obesity can
serve as a compamon diagnostic to an intervention for treating obesity. The one or more
interventions can be selected from the group consisting of a pharmacological mtervention, a
surgical intervention, a weight loss device, a diet intervention, a lifestyle intervention, a
behavior intervention, and a microbiome intervention).

[B068] in one embodiment, provided herein is a method of treating obestty 1o a subject in need
thereof, the method compnsing: (a) determining whether or not the subject possesses an
abnormal satiation or hungry brain phenotype; and (b} administering a pharmacotherapy to the
subject that does vot include a GLP-1 agomst if the obesity analyte signature detected 1o the
sample obtained from the subject indicates that the subject possesses an abnormal satiation
phenotype or administering a pharmacotherapy that may include a GLP-1 agomist to the subject
if the obesity analyte signature detected in the sample obtained from the sebject indicates that
the subject does not possess an abnormal satiation phenotype. In some cases, step (b) comprises
administening phentermine~topiramate pharmacotherapy if the obesity analyie signature
detected in the sample obtained from the subject indicates that the subject possesses an
abnormal satiation phenotype. In some cases, step {a) is performed by detecting an obesity
analvie signature in a sample obtained from a subject; wherein the obesity analvte signature is
indicative of an obesity phenotype of the subject. In some cases, step {a) is performed using a
ML-GRS developed for predicting the abnormal satiation or hungry brain phenctype as
provided herein. In some cases, step {a) 1s performed using a machine learning, full phenotype
fest for abnormal satiation or hungry brain phenotype as provided herein. The GLP-1 agonist

can be any agent known in the art whose mechanism of action comprises activating the GLP-
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1 receptor. GLP-1 agonists for use in a method and/or system provided herein can inchade, but
are npot limited to, exenatide, hiraglotide, albiglutide, dulaglutide, hixisenatide, semaglhutide,
tirzepatide or any combination thereot.

{3869} In one embodiment, provided herein is a method of identifving a subject suffering from
obesity as anon-responder to treatment with a GLP-1 agonist, the method comprising detecting
an obesity phenotype of the subject; and identifving the subject as a non-responder to GLP-1
agonist treatment if the subject is detcomined to possess an abnormal satiation obesity
phenotype. fn some cases, a non-responder to GLP-1 agonist treatment may be a responder to
phentermine-topiramate phammacotherapy if the subject 1s determined to possess an abnormal
satiation obesity phenotype. In one embodiment, the detection of the obesity phenotype of the
subject can comprise utilizing a machine learning based system or method provided herein for
use it determining the obesity phenotype of a subject or individual with obesity. In one
embodiment, the detection of the obesity phenotype of the subject is performed using a ML-
GRS developed for predicting a specific trait associated with the abnormal satiation or hungry
brain phenotype as provided herein. The specific trait can be total keal consumed to satiation
{CTS) at an ad fibitum meal. In one embodiment, the detection of the obesity phenotvpe of the
subject is performed using by determining using a machine learning, full phenotype test for
abnormal satiation or hungry bram phenotype as provided herem. The GLP-1 agonist can be
any agent known in the art whose mechanism of action comprises activating the GLP-1
receptor. GLP-1 agonists for use in a method and/or system provided herein can nclude, but
are not limited to, exenatide. hiraglutide, albiglutide, dulaglutide, lixisenatide, semaghutide,
tirzepatide or any combination thereof.

{6078} A subject or individual can be a mammal. Any tyvpe of mammal can be assessed and/or
treated as described hercin. Examples of mammals that can be assessed and/or treated as
described herein include, without hnutation, primates (e.g., humans and monkeys), dogs, cats,
horses, cows, pigs, sheep, rabbits, nuce, and rats. In some cases, the mammal can be a human.
In some cases, a manunal can be a mammal with obesity. For example. humans with obesity
can be assessed for intervemtion (e.g., lfestvie micrvention and/or a pharmacological
intervention) responsiveness and treated with one or more interventions as described herein. In
cases where mammal 1s a humaen, the human can be of any race. For example, a human can be
Caucasian or Asian.

G871} Any appropriate method can be used to wdentify a mammal or individual as being
overweight {e.g., as having obesity}. In some cases, calculating body mass index (BMI),

measuring waist and/or hip circumference, health history (e.g., weight history, weight-loss
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cfforts, exercise habits, cating patterns, other medical conditions, medications, stress levels,
and/or fanuly health history), physical examination (&.g., measuring vour height and examining
vour abdomen), percentage of body fat and distribution, percentage of visceral and organs fat,
metabolic syndrome, and/or obesity related comorbidities can be used to wdentify mammals
{e.g., humans) as having obesity. For example, a BMI of greater than about 30 kg/m? can be
used to wentify mammals (e.g., Caucasian humans} as having obesity with or without a co-
morbidity such as type 2 diabetes. For example, a BMI of greater than about 27 kg/m? with a
co~-morbidity can be used to identify manumals {e.g., Asian humans) as having obesity.

{6072} The individual can also have one or more obesity-related (e.g., weight-related) co-
morbiditics. Examples of weight-related co-morbidities include. without limitation,
hypertension, type 2 diabetes, dyshipidemia, obstructive slcep apnea, gastroesophageal reflux
discase, weight baring joint arthritis, cancer, non-alcoholic fatty liver disease, nonalcoholic
steatohepatitis, depression, anxiety, and atherosclerosis (coronary artery disease and/or
corebrovascular discase). In some casecs, the methods and materials desernibed herein can be
used 1o treat one or more obesity-related co-morbidities.

{6073} A sampie can be any type of sample that can be obtained from a subject. In some casces,
a sanaple can be a biological sample. In some cases, a sample can contain obesity analytes {e.g.,
DNA, RNA, proteins, peptides, metabolites, hormones, and/or exogenous compounds {e.g.,
medications}}. Examples of samples that can be assessed as deseribed herein include, without
limitation, fluid samples {c.g., blood, scnun, plasma, urine, saliva, sweat, or tears), breath
samples, celiular samples {e.g.. buccal saraples), tissue samples {e.g.. adipose samples}, stool
samples, gastromntestinal mucosa samples. In some cases, a sample {e.g., a blood sample) can
be collected while the mammal is fasting {e.g., a fasting sample such as a fasting blood sample).

In some cases, a sample can be processed {(c.g.. to extract and/or isolate abesity analytes).

Gene Risk Score Model

6674} In one embodiment, the obesity phenotvpe of an individual with obesity can be
ascertained using an adaptive, contribution factor based gene nisk score (GRS} as provided
herein. A GRS as provided herein can otilize a basic regression model or a statistical model as
known m the art. In some cases, an adaptive, contribution factor based GRS can be generated
for a specific obesity phenotype. The specific obesity phenotype can be any obesity phenotype
known i the art, such as, for example hungry brain, hungry gut, slow bum or
hedonic/emotional eating as described in US20210072259A1, which is herein incorporated by

reference in its entirety. In some cases, provided herein is a suite of adaptive, contribution
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factor based GRSs that can integrate data obtained from a sample obtained from a subject with
obesity to ascertain said subject’s obesity phenotype. The suite of adaptive, contribution factor
based GRSs can comprise adaptive, contribution factor based GRSs developed for cach obesaty
phenotype {e.g., bungry brain, bungry gut, slow bum or hedonic eating). The suite of adaptive,
contribution factor based GRSs can be part of a system provided herein for determining a
subject’s obesity phenotype. Any obesity phenotvpe specific, adaptive, contrnbution factor
based GRS can utilize expert guidance, machine leaming and non-genctic/multi-onuc data. The
non-genctic/multi-omic data can comprise measuring or assessing the metabolome, the
proteome, and/or the peptidome of an mdividual {¢.g., an individual with obesity). In some
cases, the non-genetic/multi-onic data can be identified in a sample obtained from an
mdividual with obesity. The multi-omic data obtained from a sample obtamed from an
individual with obesity can represent an obesity analyte signature for that individual.

13875} In one aspect, provided herein is a method of predicting or diagnosing an obesity
phenotype of subject suffering from or suspected of suffering from obesity that utilizes a a
machine fearning assisted gene risk score (ML-GRS). In some cases, the method of predicting
or diagnosing an chesity phenotype of a subject suffering from or saspected of suffermg from
obesity that utilizes a ML-GRS is a computer implemented method. In some cases, the method
of predicting or diagnosing an obesity phenotype of a subject suffering from or suspected of
suffering from obesity that utilizes a ML-GRS is an in sifico method. The GRS for use in thig
method can be an adaptive, contribution factor based GRS that can utilize expert guidance for
selecting specific genes of interest for calculating gene nisk scores, machine learning and von-
genetic/multi~-omic data as provided herein (e.g., Example 4). A subject can be determined to
be suffering from obestty if they are determined to possess a BMI of greater than about 30
kg/m2 with ot without a co-morbidity or a BMI of greater than about 27 kg/m2 with a co-
morbidity. Generation of a ML-GRS for use in predicting an obesity phenotype of interest {e.g.,
hungry brain (abnormal satiation), hungry gut (abovormal saticty), stow bum {slow metabolism)
or hedonic/emotional eating) in a subject suffering from obesity can comprise: (a) receiving m
acomputier system, a genctic dataset comprising a plurality of single nucleotide polymorphisms
{8NPs) located in, around or near a set of genes obtained from samples obtained from each
subject from a population of subjects, wherein each subject in the population of sabjects 13
obese, and wherein each gene in the set of genes is known or suspected to play a role in obesity,
(b} generating by the corapuier svstem, a contribution factor for cach SNP located n, around
or near a gene from the set of genes from the genetic dataset for a subject from the population

of sabjects: (¢} calculating by the computer system, 3 gene risk score (GRS) for each gene in
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the set of genes by mtegrating the contribution factors generated in step (b) for cach SNP for
cach gene from the set of genes and SNP genotype information located in, around, or near each
gene m the set of genes, wherein the GRS for each gene represents the cumulative effect of the
variation in SNPs located in, around, or near the gene in that particular subject has on the
function or regelation of the gene so as to merease or decrease the risk of the subject possessing
a specific trait known to be associated with the obesity phenotype of interest; (d} iteratively
performming by the computer system, steps {(ay-{c} for cach additional subject from the
population of subjects to generate a set of GRSs for each gene in the set of genes from the
population of sabjects, wheremn each gene has a GRS for cach sex; (e} integrating by the
computer system, the GRSs from step {d) with non-genetic and/or multi-omic data, which can
be any such data provided herem and/or known m the art, obtained from the samples obtained
from cach subject from the population of subjects using a machine leamning model to calculate
a machine leaming assisted gene risk score {(ML-GRS) for the specific trait known o be
associated with the genotvpe of micrest; (f) training by the computer system, the ML-GRS
from step (¢) using a classifier model o predict subjects from a traming set of samples from a
training population of cbese subjocts as being positive for the specific trait known to be
associated with the obesity phenotype of intercst, thereby gencrating a trained ML-GRS. In
some cases, the method further comprises: {g) determining by the computer system, if a test
subject 1s positive for the specific trait known o be associated with the obesity phenotype of
interest by: (1} calculating by the computer system the ML-GRS for the test subject using steps
{a)-(e) on a sample obtained from the test subject; and (i) comparing by the computer system,
the ML-GRS for the test subject to the trained ML-GRS. The test subject can be determined to
be negative for the specific trait known to be associated with the obesity phenotype of interest
if the ML-GRS for the test subject is below a sex-specific percentile. In some cases, the sex-
specific percentile is at least the 60, 655 70", 750 0™ §5% 0%, 05% oy 99" percentile for
the specific trait known to be associated with the obesity phenotype of mterest. In some cases,
the sex-specific percentile is between the 60M-65%, 65M. 708 7M. 75k 7ahgoih goh g5t g4,
90™ 90"-95M oy 95M.G0M nercentile for the specific trait known to be associated with the
obesity phenotype of interest. The test subject can be determined to be negative for the speaific
trait known 1o be assoctated with the obesity phenotype of interest if the ML-GRS for the test
subject is below a sex-specific percentile. In some cases, the sex-specific percentile is at feast
the 10™ 13% 20 25% 30% 35% 40% 45% 50™ 35% or 60" percentile for the specific trait
known to be associated with the obesity phenotype of interest. In some cases, the sex-specific

percentile is between the 107158 158.20% 20%.25% 250.30% 30%.35% 35%0.40% 40%.45% or
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451500 percentile for the specific trait known to be associated with the obesity phenotype of
interest. In some cases, the test sabject can be determined to be positive for the specific trait
known to be associated with the obesity phenotype of nterest if the ML-GRS for the test subject
is above the sex-specific 75® percentile for the specific trait known to be associated with the
obesity phenotype of interest or negative for the specific trait known to be associated with the
obesity phenotype of interest if the ML-GRS for the subiect is below the sex-specific 75"
percentile for the specific tratt known to be associated with the obesity phenotype of intorest.
In this way, the final ML-GRS model can provide a binary decision on whether or not the test
sabject possesses the specific frait or not. In some cases, the SNP genctype information can
comprse risk allele dosage, major allele presence, ococurrence of a de novo variant, insertion,
deletion, or genome rearrangement. In some cases, each gene in the set of genes is known or
suspected to play a role in appetite regolation, energy expenditure, hipid metabolism or
adipogenesis.

6676} In some cases, the classifier model i step (¢} can be sclected from the group consisting
of a support vector classifier (SVC), gradient boosted machines (GBM), Neural networks (NN},
convolutional neural networks {CNN}, Logistic regression {¢.g, LASSG and Ridge
regression), clagsification and regression trees (CRT), Bayesian inference, and clustering
methods.

{3677} The contribation factor can be a numerical valae, vector, matrix, or fanction of various
tiological factors that represcuts the contribution or effect that cach SNFP has on a specific trait
known to be associated with the obesity phenotype of interest. The various hiological factors
can be non-genetic and/or multi-omic data. The non-genetic and/or multi-omic data can be
selected from the group consisting of metabolomic data, proteomic data, peptidonuic data,
epigenctic data, microbiome data, results from one or more guestionnaires and any combination
thereof. The epigenetic data can comprise a presence or absence of DNA modifications selected
from the group consisting of yethylation modifications, histone modifications and chromatin
accessibility. The microbiome data can be from any site on a subject or a subject’s environment.
For example, but in no way limiting, the nucrobiome data can be from a stool sample, a skin
sample, or a sample from the subject’s environment.

{6078} In some cases, the contribution factor is a fumction or algorithm that utilizes output of
a regression analysis or a statistical analysis on the genetic dataset as well as one or mors
addrtional co-factors, covering regression against one or more traits using one or more types of
genetic datasets selected from the group consisting of a genome-wide data microarray chip

({GWAS), targeted sequencing {exome or targeted genctic panel), variants detected by qPCR
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through targeted amplification, whole genome sequencing (WGS), targeted or untargeted
seqguencing of genomic re-arrangement, deletions, duplications, repeat extensions, and complex
genotyping of HLA and CYP genes. In some cases, the results from multiple regressions can
be combined inte a single contribution factor. In some cases, the one or more additional co-
factors relate to biological factors regarding genetics, epigenetics, and gene reguolation for cach
SNP. In some cases, the one or more additional co-factors are selected from the group
consisting of proxunity of the SNP to the specific gene, known or theoretical mechanistic role
of the SNP metadata regarding the SNP i relationship to the gene, and any combination
thereof. The known or theoretical mechanistic role of the SNP can be selected from the group
consisting of synonymous muiation, nonsynonymous mutation, frameshifi mutation and
nonsense mutation. The known or theoretical mechanistic role of the SNP can affect the three-
dimensional stractare of the translated protein binding sites, protein-protein interaction sties
and modification sites. The modification sites can be selected from the group consisting of
phosphorviation, glveosvlation and proteolytic siie. fo some cases, the mechamstic role
comprises whether or not the SNP is within an intron, exon, enhancer region or regulatory
region of the gene, a cis-regulatory element, a promoter region, a non-coding exonic region, a
coding exonic region, mtronic region, splice site, transcription factor binding site, epigenetic
modification site, at a romote genomic location involved i a three~-dimensional chromatin
contact with the gene, or a cell-type-specific topological-associated domain that contains the
gene. The cig~-regulatory cloment can be an enhancer or msulator. In some cases, the cpigenetic
modification site comprises methylation modifications, histone modifications, and/or
chromatin accessibility.

{80791 In some cases, any method or system provided herein for generating a ML-GRS step
{c} compriscs a forward feature selection. backward feature selection, or random foature
sampling algorithm and a random forest, GBM, or lincar predictor that neratively selects a
feature with a desired tramning accuracy using the random forest predictor in multiple rounds
until no further training accuracy improvement is detected.

0080} In some cases, cach GRS generated m 3 method or svstem provided herein for
generating a ML-GRS provides an indication of a role or effect that the SNPs located around
or near a specific gene may play on the specific trait known to be associated with the cbesity
phenotype of interest.

G081} in some cases, any method or system provided herein for generating a ML-GRS further
compriscs performing a genetic analyvsis on a sample obtained from the subject suffering from

or suspected of suffering from obestty prior to step (a). In some cases, the genetic analysis
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comprises obtaining sequence reads from the whole or portions of the whole genome of the
sabject. In some cases, the genetic analysis comprises performing a genotyping method
sclected from the group consisting of restriction fragment length polyvmorphism identification
(RFLPI, random amplified polymorphic detection {RAPD), amplified fragment length
polymorphism detection {AFLPD), polvmerase chain reaction (PCR), BDNA sequencing, RNA
sequencing, allele specific oligonucieotide (ASQO) probes, and hybridization to microarrays or
beads.

[B082] In some cases, any method or system provided herein for generating a ML-GRS further
comprises performing by the computer svstem, a regression analysis and/or statistical analysis
on the genetic dataset from step (a) prior to step (b). In some cases, the regression analysisisa
ridge regression or least absolute shrinkage and selection operator (LASSO) regression. In
some cases, the beta values obtained from the regression analyses performed on the genetic
datasets are used to generate the contribution factor in step (b). In some cases, the statistical
analysis is a genome-wide association study {(GWAS). In some cases, p-values and/or
regression weights obtained from the statistical analyses performed on the genctic datasets are
used to generate the contribution factors in step (b} In some cases, performing the regression
analvsis or statistical analysis on the genctic dataset occurs following the genetic analysis on
the sample as described herein such that the genetic dataset obtained from the genetic analysis
{e.g., genotyping method) is used for the regression or statistical analysis. In some cases, the
method for generating the ML~-GRS further comprises performing a regression analysis on the
genetic dataset obtained from the sample obtained from the subject prior to gencrating the
contribution factor. The regression analyvsis can be any regression analysis known in the art and
appropriate for the vanables (1.e., predictor vanable(s} and response vartable) utilized in the
analysis. In one cmbodiment, the regression analysis is a ridge regression or least absolute
shrinkage and selection operator {(LASSO) regression. In one embodiment, beta values
obtained from the regression analyses {¢.g., LASSO regression) performed on the genetic
datasets are used to generate the contribution factors as described herein. In some cases, the
method for generating the ME-GRS further comprises performing a statistical analysis on the
genctic dataset obtained from the sample obtained from the subject prior to generating the
contribution factor. The statistical analysis can be any statistical analysis known in the art and
appropriate for determining the correlation between SNPs and a particular obesity phenotype
{¢.g., hungry brain, hungrv gut, emotional cating and slow bum). In onc embodiment, the

statistical analysis is a genome-wide association study (GWAS). In one embodiment, p-values
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obtained from the statistical analyses {e.g., GWAS) performed on the genetic datasets are used
1o generate the contribution factors as described herein.

{6883} it should be noted that an altemative for using SNPs in a method for generating an M-
GRS for a specific trait or phenotype of a subject {o.g., a specific tratt associated with an obesuty
phenotype of interest) as provided herein can entail asing epigenetic data form the subject or
population of subjects. Examples of epigenctic data that can be used include, but is not limited
1o, cpigenctic data on histone modification sites. Histone modifications that can used to
generate a ML-GRS as provided herein can be selected from the group consisting of
acetylation, methylation, phosphorylation, obiquitylation, GleNAcylation, citrullination,
crotonviation, sumovlation, somerization and combinations thercof

[3884] The ML-GRS in any method provided herein can predict if any one subject possesses
the specific trait known to be associated with the obesity phenotype of interest by combining
gene risk scores and additional biclogical, psychological, or environmental measurements of
the any one subject. The additional biological, psychological or cnvironmental measurements
can include any non-genetic and/or multi-omic data provided herein.

[G085] In some cases, the gene risk scores can be normalized prior to trainimg the SVC. The
nomalization can be performed using a Yoo power transform and can entail creating synthetic
samples for tratning using, for example, SMOTE sampling. In one embodunent, the GSRs arc
normalized with a Yeo power transformation and the height of the individual using a support
vector classificr (SVC). The SVC was trained using a inear kermnel and a C value of 0.001 using
SMOTE oversamphing.

[6086] In some cases, the ML-GRS for the obesity phenotype of interest predicts the obesity
phenotype of interest with a sensitivity and/or specificity is at least 65%. In some cases, the
ML-GRS for the obesity phenotype of intorest predicts the obesity phenctype of interest with
a sensitivity and/or specificity 1s at least 72%. In some cases, the ML-GRS for the obesity
phenotype of interest predicts the obesity phenotype of interest with an area under the curve
{(AUC)ofatleast 0.60, 0.65.0.7,0.75, 0.8, 0.85,0.90.95 or 1. In some cases, the ML-GRS for
the obesity phenotype of micrest predicts the obesity phenotype of interest with positive predict
value of at least 50%. The prediction can be as compared to a control. In one embodiment, the
control 18 a patient or population of patients previously determined to possess the specific
obesity phenotype the ML-GRS is developed to predict using any method known in the art
such as those taught 1 US20210072259A1 and/or WO2022246203A1, both which are herem

ncorporated by reference in their entireties. The obesity of interest can be selocted from the
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group consisting of hungry brain (abnormal satiation), hungry gut (abnormal satiety), slow bum
{slow metabolism} and hedonic/emotional eating.

G087} As noted previously hercin, the specific trait on which an ML-GRS can be built as
described herein can vary. In some cases, the ML-GRS can be built around response to an
obesity treatment. The obesity treatment could be a pharmacological or non-phamacological
treatment. The pharmacological treatment can be response to phen-top treatment or response
to GLP-1 agonist freatroent.

[B088] In one embodiment, the obesity phenotype of interest is the hungry brain or abnormal
satiation obesity phenotype. Further to this embodiment, the specific trait n step (b) i3
consuming above the seventy-fifth percentibe amount of calories {c.g., kcal) at an ad fibitum
meal {CTS). The set of genes in step (a) comprises or consisis of the genes listed in Table 5. In
some cases, the set of genes can comprise or consist of two or more genes sclected from
GLPIR, UCP2, FTO, TCF7LZ, MBOAT4 (GOAT), ADRAZA GNB3, GPBARI LEP, LEPR,
SH2B1, SIMI, NCOAT (SRCH), PCSKI, TMEMIZ, NEGRI, BDNF, GPRCSB, GNPDA2Z,
MTCH2, KCTDIS, SECIeB, FAIMZ, TNNIBK, LINGOI, FANCL, CADM2, PTBP2,
NUDT3, OLFM4, HOXBS, NPYIR, NPY2R, NPY4R, NPY3SR, NRIH4, SLU6A4, NTS,
UCP3, ADIPOG, CCK DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNRI1,
FAAH, GCG, CELA2A, PPARG, TFAP2B, APOE, TNFRSF11A or DYRK1B. In some cases,
the set of genes can comprise or consist of two or more genes selected from GLPIR, UCP2,
FTO, TCF7L2, MBOAT4A (GOAT). ADRAZA, GNB3, LEPR, SH2B1, SIMi, NCOA1
{SRCH. PCSKI1, TMEMIR, NEGRI1, BDNF, GPRC3SB, GNPDAZ, MTCHZ, KCTD1S,
SECI6B, FAIM2, TNNIZK, LINGO!, FANCL, CADM2, PTBP2, NUDT3, OLFM4, HOXEBS,
NPY IR, NPY3R, NRI1H4, UCP3, FGFR4, GHRL, MC4R, POMC, AGRP, GIPR or TFAP2B.
In some cases, steps {a)~(d) produce a defined sct of GRSs across the set of genes. In one
crubodiment, steps (a)-(d} produce GRSs across the set of genes that optimally maximize the
true positive rate while munimsizing the false positive rate for predicting the hungry brain
phenotype. In one embodiment, steps {a)-(d) produce GRSs across a plurality of genes that are
predictive of the hungry brain phenotype with the desired sensitivity, specificity, AUC and/or
PPV as provided herein. In some cases, the plurality of genes for which steps (a)-(d) produce
a defined set of GRSs consists essentially of, consists of or comprises SIMI, POSKI, SH2BI,
LEFPR UCP2 FTO TCF7L2 GEPIR, TNFRSF114, and ADRA2A or any combination thereof.
A ML-GRS generated for determining if a test subject possesses abnormal satiation {t.c., high
CTS as described herein such as in Example 4) can be referred to as CTSer. In one

embodiment, the obesity phenotype of mterest 1s the hungry gat or abnormal satiety obesity
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phenotype. Further to this embodiment, the specific trait i step (b) is an increased or
accelerated baseline gastric emptyving for the subject as compared to a control (& g., individual
without obesity. The gastric emptying can be measured using any method known in the art such
as, for example, scintigraphy and can be represented as GE T1/4 or GE T1/2. The set of genes
i step {a) comprises or consists of genes known to play role in conferring the hungry gut
phenotype. The set of genes in step {a) comprises or consists of the genes listed in Table 5. In
some cases, the set of genes can comprise or consist of two or more genes sclected from
GLPIR, UCP2, FTO, TCFTL2, MBOAT4 (GOAT), ADRA2A, GNB3, GPBARIL, LEP, LEPR,
SH2BI, SIMI, NCQAT (BRCI), PCSK1, TMEMIR, NEGR1, BDNF, GPRUSB, GNPDAZ,
MTCH2, KCTDI3, SECI6B, FAIM2Z, TNNI3K, LINGOI, FANCL, CADMZ, PTBPZ,
NUDT3, OLFM4, HOXBS, NPY IR, NPY2ZR, NPY4R, NPYSR, NR1H4, SLC6A4, NTS,
UCP3, ADIPCGQ, CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNRI1,
FAAH, GCG, CELA2A, PPARG, TFAP2B, APOE, TNFRSF11A or DYRKI1B. In some cases,
the set of genes can comprise or consist of two or more genes selected from GLPIR, UCPZ,
FTO, TCF7L2, MBOAT4 (GOAT), ADRAZA, ONB3, LEPR, SH2BI, SIMI, NCOAI
{SRC1), PCSKI1, TMEMIS, NEGRI1, BDNF, GPRCSE, GNPDA2, MTCH2, KCTDIS,
SECI6B, FAIM2, TNNI3ZK, LINGOI, FANCL, CADM?2, PTEPZ, NUDT3, OLFM4, HOXBS,
NPYIR, NPFYSR, NR1H4, UCP3, FGFR4, GHRL, MC4R, POMC, AGRP, GIPR or TFAP2B.
In some cases, steps (a)}-(d) produce a defined set of GRSs across a plurality of genes. In one
embodiment, stops (a)-(d) produce GRSs across a plurality of genes that optumally maximize
the true positive rate while munuuizing the false positive rate for predicting the bungry gut
phenotype. In one embodiment, steps (a)-(d) produce GRSs across a plurality of genes that are
predictive of the hangry got phenotype with the desired sensitivity, specificity, AUC and/or
PPV as provided herein.

[G889] In one embodiment, the obesity phenotype of mterest is the slow bumn obesity
phenotype. Further to this embodument, the specific trait in step (b) is a decreased or low resting
energy expenditure {(REE) for the subject as compared to a control {¢.g., individual without
obesity. The REE can be measured using any mcethod known i the art such as, for example,
indirect calorimetry and can be represented as kcal/24hrs. The set of genes in step (8) comprises
or consists of genes known o play role in conferring the slow bum phenotype. The set of genes
in step {(a) comprises or consists of the genes listed in Table 5. In some cases, the set of genes
can comprise or consist of two or more genes selected from GLPIR, UCP2, FTO, TCF7L2,
MBOAT4 (GOAT), ADRA2A. GNB3, GPRARI, LEP, LEPR, SH2B1. SIMI, NCOAl
(SR{1), PCSK1, TMEMIE, NEGRI1, BDNF, GPRU3B, GNPDA2, MTCH2, KCTDI3,
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SECI6B, FAIM2, TNNIZK, LINGO!, FANCL, CADM2, PTBP2, NUDT3, OLFM4, HOXEBS,
NPY IR, NPYZR, NPY4R, NPYSR. NR1H4, SLC6A4, NTS, UCP3, ADIPOQ, CCK, DPP4,
FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNRI, FAAH, GCG, CELAZ2A,
PPARG, TFAP2B, APOE, TNFRSF11A or DYRKIB. In some cases, the set of genes can
comprise or consist of two or more genes selected from GLPIR, UCP2, FTO, TCFTL2,
MBOAT4 (GOAT), ADRA2A, GNB3, LEPR, SH2B1, SIM1, NCOA1 (SR, PCSKI,
TMEMIR, NEGRI, BDNF, GPRCSRB, GNPDA2, MTCH2, KCTDIS, SECI6B, FAIMZ,
TNNIZK, LINGO1, FANCL, CADM?2, PTBP2, NUDT3, OLFM4, HOXBS, NPY IR, NPY3R,
NR1H4, UCP3, FGFR4, GHRL, MC4R, POMC, AGRP, GIPR or TFAP2B. In some cases,
steps {a)~(d) produce a defined set of GRSs across a plurality of genes. In one embodiment,
steps {a}-{d} produce GRSs across a plurality of genes that optimally maximize the true positive
rate while mininuzing the false positive rate for predicting the slow bum phenotype. In one
embodiment, steps (a)-(d) produce GRSs across a plurality of genes that are predictive of the
slow burn phenotype with the desired sensmtivity, speciticity, AUC and/or PPV as provided
herein.

G096} In one embodiment, the obesity phenotype of interest is the cmotional eating obesity
phenotype. Further to this crabodiment, the specific trait in step (b) is a finding or result from
a behavioral questionnaure indicative of anxiety or emotional cating for the subject. The
questionnaire can be any questionnaire known in the art for assessing anxiety and/or emotional
cating, for cxample, the Hospital Anxiety and Depression Scale (HADS) questionnaire. The
set of genes in step (a) comprises or consists of genes known to play role 1o conferring the
cmotional cating phenotype. The set of genes in step {a) comprises or consists of the genes
listed i Table 5. In some cases, the plurality of genes can comprise or consist of two or more
genes selected from GLPIR, UCP2, FTO, TCF7L2, MBOATY (GOAT), ADRAZA, GNB3,
GPBARL LEP, LEPR, SH2BI, SIM1, NCOA1 (SRC1), PCSK1, TMEMIZ, NEGR1, BDNF,
GPRCSB, GNPDAZ, MTCH2, KCTDI3, SECI6B, FAIM2, TNNIZK, LINGOE, FANCL,
CADMZ, PTBPZ, NUDT3, OLFM4, HOXBS, NPY IR, NPYZR, NPY4R, NPY3R, NR1H4,
SLC6A4, NTS, UCP3, ADIPOQ. CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC,
AGRP, GIPR, CNR1, FAAH, GCG, CELA2A, PPARG, TFAP2B, APOE, TNFRSF11A or
DYRKIB. In some cases, the set of genes can comprise or consist of two or more genes
selected from GLPIR, UCPZ, FTG, TCF7L2, MBOAT4 (GOAT), ADRAZA, GNB3, LEPR,
SH2ZBI, SIMI, NCOAT (SRC1), PCSKI, TMEMIS, NEGRI, BDNF, GPRC3B, GNPDA2Z,
MTCH2, KCTDI5, SECI6B, FAIM2, TNNIBK, LINGO!, FANCL, CADM2, PTBP2,
NUDT3, OLFM4, HOXBS5, NPYIR, NPYSR, NRIH4, UCP3, FGFR4, GHRL, MC4R,
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POMC, AGRP, GIPR or TFAP2B. In some cases, steps {a)~(d} produce a defined set of GRS3s
across a plurality of genes. In one embodiment, steps (a3-(d) produce GRSs across a plarality
of genes that optimally maximize the truc positive rate while minimizing the false positive rate
for predicting the emotional eating phenotype. In one embodiment, steps {(a3-{d) produce GRSs
across a plorality of genes that are predictive of the emotional eating phenotype with the desired
sensitivity, specificity, AUC and/or PPV as provided herein.
{6091} &t is to be noted that the phenotype, Hungry Brain, as used herein can be defined based
on a threshold applied to separate a range of CTS values into categonies above the 75%ile.
However, other thresholds and logics can define additional phenotypes. One example is the
Slow Burm phenotype, which can be defined as the subjects with a resting energy expenditure
< the 25%ile. The threshold and logic can be further altered to express phenotypes, such as <
10%ile for an “extreme’ phenotype, or between a range, such as 40%ile to 60%ile of UTS being
a ‘borderline hungry gut”. A %ile may be optimized to separate distinct phenotypes, which
could result in a %ile threshold from 1-99%. The threshold may or may not be sex-~specific,
but could be further specified, such as having a different CTS threshold for subjects of different
genctic ancesiries or having the presence or absence of another designation, such as having
uncontrolled type I diabetes. The phenotype can also be defined by a categorical designation
of a subject in the absence of any ranged values to which a threshold is applied, such as the
presence of coronary artery disease or congestive heart faitlure. Finally, the phenotype can be
defined by a combination of one or more ranged values and designations, such as an ‘emotional
hunger-slow burn’ using %ile thresholds being applied to both HADS score and resting energy
expenditure, or an “carly onset hungry brain’ wherein a subject has > 50%ile CTS and history
of obesity priorto age 13. The ML-GRS can be tailored to any of these approaches to specifying
a phenotype at overy stage of development: gene selection, trait & contribution factor selection,
feature selection, and ML model training.
[B892] In some cases, the ML-GRS for the obesity phenotype of interest predicts the obesity
phenotype of mterest with a sensitivity of about, at most, at least 653%, 66%, 67%, 70%, 71%,
72%, T3%, 14%, 73%. T76%, TT%. 78%, 79%, 80%, 81%, 82%, 83%, 84%, 85%, 86%, 87%,
88%, 89%, 90%, 91%, 92%, 93%, 94%, 959 96%, 97%, 38% or 99%. In some cases, the ML~
GRS for the obestty phenotype of interest predicts the obesity phenotvpe of nterest with a
sensitivity of at icast about 65%, at least about 66%, at least abowut 67%, at least about 68%, at
least about 69%, at least about 709, at least about 71%, at least about 72%, at least about 73%,
at least about 74%, at least about 75%, at least about 76%, at least about 77%, at least about

T8%, at least about 79%, at least about 80%, at least about 81%, at least about 82%, at lcast
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about 83%, at least about 84%, at least about 85%, at least about 86%, at least about 87%, at
least about 88%, at least about 89%, at least about 20%. at least about 91%, at least about
92%, at least about 93%, at least about 94%, at least about 5%, at least about 96%, at least
about 97%, at least about 98%, at least about 99%, up to 100%, and all values n between.

13093} In some cases, the ML-GRS for the obesity phenotype of miterest predicts the obesity
phenotype of interest with a specificity of about, at most, at least 65%. 66%, 67%, T0%, 71%,
T2%, T3%, 14%, 75%, T6%, 77%, 78%, 79%, 80%, 81 %, 82%, 83%, 84%, 85%, 86%, 87%,
88%, 80%, 90%, 919%, 92%, 93%, 94%, 939% 96%, 97%, 98% or 99%. In some cases, the ML~
GRS for the obesity phenotype of interest predicts the obesity phenotvpe of nterest with a
specificity of at least about 659, at least about 66%, at least about 67%, at least about 68%, at
least about 69%, at least about 70%, at least about 71%, at least about 72%, at least about 73%,
at feast about 74%, at least about 75%, at least about 76%, at least about 77%, at least about
78%, at least about 79%, at least about 80%, at least about 81%, at least about 82%, at least
about 83%, at least about 84%, at least about 83%, at least about 86%, at least about 87%, at
least about 88%, at least about 89%, at least about 90%, at least about 91%, at least about
2%, at least about 93%, at least about 94%, at least about 85%, at least about 96%. at least
about 97%, at least about 98%, at least about 99%, up to 100%, and all values in between.

[0094] in some cases, the ML~-GRS for the obesity phenotype of interest predicts the obesity
phenotype of interest with positive predictive valae of about, at most, at least 50%, 51%. 52%
53%, 34%, 55%, 56%, 57%, 58%. 59%, 60%, 61%, 62%, 63%, 64%, 65%, 66%, 67%, 70%,
TY%, 72%, 13%, 74%, T5%, 76%., T7%, 78%, 79%, 83%, 81%, 82%, 83%, 84%, 83%, 86%,
87%, 88%, 89%, 90%, 91%, 92%, 93%, 949, 95% 96%, 7%, 98% or 99%,. In some cases,
the ML-GRS for the ohesity phenotype of interest predicts the obesity phenotype of interest
with a PPV of at least about 50%, at least about 519, at least about 52%, at least about 33%,
at least about 54%. at least about 55%, at least about 56%, at least about 37%, at least about
38%, at least about 59%, at least about 60%, at least about 61%, at least about 629%, at least

""0

about 63%, at least about 64%, at least about 63%, at least about 66%. at least about 67%, at
{cast about 68%, at least about 69%, at least about 70%, at lcast about 71%, at least about 72%,
at least about 73%, at least about 7496, at least about 75%, at least about 76%, at least about
T7%, at least about 78%, at least about 79%, at least about 80%, at least about 1%, at least

—.0/

about 82%, at least about . at least about 849, at least about 85%, at least about 86%, at
least about 87%, at lcast about 88%, at lcast about 89%, at least about 80%, at least about

1%, at least about 92%, at least about 93%, at least about 94%, at least about 95%, at least
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about 96%, at least about 97%, at least about 98%, at least about 99%, up to 100%, and all
values in between.

[B095] A SNP can be considered 1o be located around or near a specific gene if 1t is located
within at least, at most, about or exactly |, 10, 50, 100, 150, 200, 250, 300, 350, 400, 450, 500,
600, 700, 800, 900, 1000, 2000, 3000, 4000, 5000, 6000, 7000, 8000, 9000, 10000, 15000,
20000, 30000, 40000, 306000, 60000, 70000, 80000, 90000, 100000, 200000, 300000, 400000,
500600, 600000, 700000, 206000, 900000 or 1000006 kilobases (KBs) of the specific gene. A
SNP is considered to be located around or near a specific gene if 1t 15 located within about 1kb
to about 100kb, about 100kb to about 250kb, about 250 kb to about 500kb, about 300kb to
about 1000kb, about 1000kb to about 2000kb, about 2000kb to about 5000kb, about 5000kb to
about 10000kb, about 16000kb to about 20000kb, about 20000kb to about 50000kb, about
30000k to about 100000kb, about 1000600kb to about 300000kb or about 300000kb to about

1000000 kbs of the specific gene.

Machine Learning, Full Phenotype Test Model

6096} In yet avother aspect, provided hercin is a3 method. which can be computer
wplemented, for determining an obesity phenotype of a subject suffering from obesity, the
method comprising: {a) determining the presence, absence or level of a plurality of
gastrointestinal (G} peptides, a plurality of metabolites, and/or a plurality of genetic variants
in a sample obtaived from a subject suffering from obesity, thereby gencrating an obesity
analyie signature for the sample; (b) determining satiety, satiation, resting energy expenditure
and results on a behavioral questionnaire for the subject; {¢) populating a predictive machine
leaming model with the obesity analyte signature of step {a} and results from step (b) for the
subject; and (d) utilizing the predictive machine learning model to predict an obesity phenotype
of the subject suffering from obesity. In some cases, the predictive machine learning model is
a multivariate logistic regression machine learning model. The multivariate logistic regression
can be a least absolute shrinkage and selection operator (LASSO) regression. In some cases,
the obesity phenotype is selected from the group consisting of abnormal satiation (hngry
brain}, abnormal satiety (huongry gut); hedonic eating (emotional hunger) and sfow metabolism
{slow burn}. In some cases, wilization of the predictive machine learning model predicts the
obesity phenotype of the mammal suffering from obesity with a sensitivity of about, at most,
at least 65%, 66%, 67%, 70%, T1%, T2%, 73%, 74%, 75%, 76%, 77%, T8%, 79%, 80%, §1%,
82%, 83%, 84%, 85%, 86%, 87%, 88%, 89%, 901%, 91%. 92%, 93%, 94%, 95% 96%, 7%,

8% or 99%. In some cases, utilization of the predictive machine leaming model predicts the
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obesity phenotype of the mammal suffering from obesity with a specificity of about, at most,
at least 65%, 66%7 67%, T0%, T1%, T2%, T3%, T4%, 75%, 76%, T7%, 78%, T9%, 80%, 81%
82%, 83%, 84%. 85%, 6%, 87%, 88%, 89%, 90%, 91%, 92%, 93%, 94%, 95% 96%, 97%.
98% or 99%. In some cases, utilization of the predictive machine learming model predicts the
obesity phenotype of the mammal soffering from obesity with a positive predictive value of
about, at most, at least 50%. 51%, 52%. 53%, 54%, 35%, 56%, 37%., 58%, 59%, 60%., 61%,

62%, 63%, 64%, 65%, 66%, 67%, T0%, T1%, T2%, T3%, T4%, 75%, 76%, T1%, 78%, 79%,

’Jl
i
2

i3

80%, 81%, 82%, 83%, 84%, 83%, 86%, §7%, 88%, 89%, 90%, ¢1%, 92%, 93%, 94%, 93%
6%, 97%, 98% or 99%. Satiety can be determined by measurmg gastric emptying. Gastric

craptying can be measured using any method known in the art such as, for cxample,
scintigraphy and can be represented as GE T4 or GE T1/2. Satiation can be determined by
measuring calories to fullness or the amount of calories {¢.g., keal} consumed at an ad libitum
meal. Resting energy expenditire can be measured using any method known in the art such as,
for example, indirect calorimetry and can be represented as kcal/24hrs. The behavioral
questionnaire can be any questionnaire known in the art for assessing anxiety and/or emotional

cating, for example, the Hospital Anxiety and Depression Scale (HADS) questionnaire.

Multi-Omic Data

13097} As described previously herein, any of the machine leaming based methods provided
herein for determining an ndividual’s obesity phenotype can utdlize or imntegrate multi-onic
data. The multi-onuc data utilized or integrated nto a machine learning obesity phenotyping
method provided herein can comprise genetic or non-genetic multi-omic data obtained from an
individual or a sample obtained from an individual as required by said machine learning obesity
phenotyping method provided berein. The multi-omie data can be sclected from the group
consisting of metabolomic data, genomic data, proteomic data, peptidomic data and any
combination thercof. In some cases, the multi-omic data obtained for an individual or a sample
obtained from an individual represents an obesity analyie signature for that individual.

{0098} An obesity analyte signature can include any appropriate analyte. Examples of analytes
that can be mchided in an obesity analyte signature described herein include, without limitation,
DNA, RNA, proteins, peptides, metabolites, hormones, and exogenous compounds {¢.g.,
medications}. In some cases, the obesity analyte signature can be obtained by detecting the
presence, absence, or level of one or more metabolites, detecting the presence, or absence, or
fevel one or more peptides {e.g., gastrointestinal peptides), and/or detecting the presence or

absence of one or more single nucieotide polymorphismas {SNPs). An obesity analyte signature
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can be evaluated using any appropriate methods. For example, metabolomics, genomics,
microbiome, protecmic, peptidomics, and behavioral questionnaires can be used to evaluate
and/or identify an obesity analvte signature described hercin.

[3099] A metabolite can be any metabolite that 15 associated with obesity. In some cases, a
metabolite can be an amino-compound. In some cases, a metabolite can be a neurctransmitter.
I some cases, a metabolite can be a fatty acid {¢.g., a short chain fatty acid). In some cases, a
metabolite can be an amino corapound. In some cases. a metabolite can be a bile acid. Examples
of metabolites that can be used to determine the obesity analyte signature in a sample {e.g., in
a sample obtained from an obese mammal) include, without limitation, -methythistine,
serotonin,  glutanune,  gamma-anuno-n-butyric-acid,  isocaproic,  allo-isoleucine,
hvdroxyproline, beta-ammoisobutyric-acid, alanine, hexanoic, tyrosine, phenvialanine
gamma -aminobotyric acid, acetic, histidine, LCA. ghrelin, ADRAZA, cholesterol, glucose,
acetylcholine, propionic, UDCA, PYY, ADRAZC, msulin, adenosine, isobutyric, I-
methylhustidine, DCA, CCK, GNB3, glucagon, asparate, butvric, 3-methvibistidine, UDCA,
GLP-1, FTO, leptin, dopamine, valenc, asparagine, HBCA, GLP-2, MC4R, adiponectin, D-
serine, isovaleric, phosphoethanolamine, CA, glucagon, TCF7L2, glutamate, hexanoic,
arginine, GLCA, oxvatomodulin, 3-HTTLPR, glycine, octanoic, camosine, GCDCA,
neurotensin, HTR2C, mymistic, taurine, GDCA, FGF, UCPZ, norepinephrine, palmitic,
anserine, GUDCA, GIP, UCP3, serotonin, pablmitoleic, serine, GHDCA, OXM, GPBARL,
taurine, palmitelaidic, glutamine, GCA, FGFI9, NRIH4, stearic, cthanolamine, TLCA,
FGF21, FGFR4, oleic, glyeme, TCDCA, LDL, elaidic, aspartic acid, TDCA, insulin, GLP-1,
hnoleie, sarcosine, TUDCA, glucagon, CCK, a-linolenic, proline, THBCA, amylin,
arachidomic, alpha-aminoadipic-acid, TCA, pancreatic polypeptide, eicosapentacnoic, DHCA,
neurotensin,  docosahexaencic, alpha-amino-N-butyric-acid, THCA, orpithine, GLP-1
receptor, triglycerides, cystathionine 1, GOAT, cystine, DPP4, lysine, methionine, valine,
1solencing, leucine, homocystine, tryptophan, citrulbine, glutamic acid, beta-alanine, threonine,
hvdroxylysine 1, acctone, and acetoacetic acid. In some cases, an obesity analyte signature can
include I-methylhistine, serotonin, glitanine, gamma-amino-n-butyric-acid, isocaproic, allo-
isoleucine, hydroxyproline, beta~-aminoisobutyric-acid, alanine, hexanoic, tyrosine, and
phenylalanine.

60106} A gastrointestinal peptide can be any gastrointestinal peptide that is associated
with obesity. In some cases, a gastrointestinal peptide can be a peptide hormone. In some cases,
a gastrointestinal peptide can be released from gastromntestinal cells i response to feeding.

Examples of gastrointestinal peptides that can be used to determine the obesity analyte
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signature in a sample {e.g., in a sample obtained from an obese manumal) nclude, without
himitation, ghrelin, peptide tyrosine tyrosine (PYY), cholecystokimin (CCK), glucagon-like
peptide-1 (GLP-1), GLP-2, glucagon, oxyntomodulin, neurotensin, fibroblast growth factor
(FGF, GIP, OXM, FGF19, and pancreatic polypeptide.
{30181} A SNP can be any SNP that is associated with obesity. A SNP can be in a coding
sequence {c.g., in a gene) or a non-coding sequence. For example, in cases where a SNP is in
a coding sequence, the coding sequence can be any appropriate coding sequence. Examples of
coding sequences that a SNP associated with obesity can be in or near mclude, without
himitation, ADRA2ZA, ADRAZC, BDNF, CADM2, GNB3, FTO, MC4R, TCF7L2, 5-HTTLPR,
HTRZC, UCP2, UCP3, GPBARI, NRIH4, FAIM2, FANCL, FGFR4, PYY, GLP-1, CCK,
leptin, adiponectin, neurotensin, ghrelin, GLP-1 receptor, GOAT, GPROSB, GNPDA2, DPP4,
POMC, NPY, AGRP, SERT, BDNF, SLU6A4, DRD2, LEP, LEPR, UCPI, KLF14, NPCI1,
LYPLALI, ADRBZ, ADRB3, BBSI, ACSL6, ADARBZ, ADCYS., ADHIB, AJAPL,
ATPIC2, ATP6VOD2, C2lorf7, CAMKMT, CAP2, CASC4, CD4R, CDC428E2, CDYL,
CESSAPL, CLMN, CNPY4, COL19AL, COL27AL, COL4A3, COROIC, CPZ, CTIF,
DAAMZ, DCHS2, DOCKS, EGFLAM, FAMI23B, FAMT7IE2, FRMD3, GALNTLA,
GLTIDI, HHAT, HOXBS, KCTDI15, KRT23, LEP, LEPR LHPP, LINC00578, LINC00620,
LINGO!, LIPC, LOCI00128714, LOCI00287160, LOC100289473,
LOCI00293612|LINC00620, LOC100506869, LOCI00307053, LOCIO0507053|ADHIA,
LOCIO0507033]ADH, LOCI00507443, LOCI0099637HCY YR, LOC152225, LOC255130,
LPARIL, LUZPZ, MCM7, MICAL3, MMSI9, MTCH2, MYBPCI, NEGRI, NRIF2-AS1,
NSMCE2, NTNI, NUDTS3, O3FARI, 0OAZ2, OLFM4, OSBP2, P4HAZ, PADIL, PARD3E,
ARK2, PCDHIS, PCSKI, PIEZOZ, PKIB, PRHI-PRR4, PIBP2, PTPRD,
RALGPSHANGPTLZ, RPS24P10, RTN4RLI, RYRZ, SCNZA, SECI6B, SEMA3C,
SEMASA, SFMBT2, SGCG, SHZBL, SIMI, SLC22A15, SLC2A2, SLCOIBI, SMOQC2
SMNCATP, SNX 18, NCOAT (SRCH), SRRM4, SUSD, TBCID 16, TCERGIL, TENM3, TIP3,
TLLL TMEMOB, TMEMIE, TNNIZK, TPM1, VTIHA, VWF, WWOX, WWTRI, ZFYVE28,
ZNF3, ZNF609, and ZSCAN21. Exaraples of SNPS that can be used to determine the obesity
analvte signature in a sample {e.g., in a sample obtaned from an obese mammal) mclude,
without lmitation, rs637452, rs1 1583200, rs2820292, rs11126666, rs11688816, re1528435,
87599312, 1e6804842, rs2365389, rs3R409570, rs168351483, 170016534, rs11727676,
82033529, rs9400239, rs 13191362, vs 1167827, 152245368, rs2033732, 154740619, 156477694,
rs 1928295, rs10733682, re7899106, 1517094222, 11191560, 187903146, rs2176598,
rs12286929, rs11057405, rsl0132280, rsl2885454, rs3736485, rs758747, rs2650492,
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189925964, rs 1000948, rs 1808579, 157243357, va17724992 vs977747, 151460676, rs17203016,
813201877, rs1441264, rs7164727, 132080454, rs9914578, 152836754, rs4 92400, rs 16907751,
rs9374842, rs9641123, rs9540493, rsd 787491, rs6465468, 7239883, rs3 101336, rs 12566985,
12401738, rs11165643, rsl7024393, rs343874, 313021737, 10182181, rs1Q16287,
1s2121279, 1513078960, rsl1316725, rs10938397, rsi3107325, 12112347, 15205262,
182207139, 17405819, rs109683576, rsd4256980, 11030104, 3817334, 7138803,
rsi2016871, rsi2429545, rs11847697, rs7141420, 16951275, rsl12446632, rs3888190,
181558902, rs12940622 ra6567160, rs29941, rs2073630, rs2287019, rs3810291, rs7715256,
152176040, rs6091540, 51800544, Ins-Del-322 | 1e5443, 11129649, 31047776, 159939609,
rs17782313, 187903146, rsd793541, rs3813929, rsS18147, rs1414334, rs659366 |, -3474,
re2073577, 1513763, rsl626521, rs11534823, red764980, red34434, rs351855, and
rs2234888 Examples of SNPS that can be used to determine the obesity analyvte signatore i a
sample {e.g.. in a sample obtained from an obese mammal) include, without Hmitation, can
include any or all of the SNPs associated with an obesity analyte signature as described n
WO2022246203A1, which 1s herein mncorporated by reference in its entirety. For example,
SNPS that can be used to determine the obesity analvie signature in a sample {¢.g., in a sample
obtained from an obese mammal} mchide. without linmitation, rs1664232, rsl1118997,
19342434, vs2335852, rsllO2065S5, rsi885034, 7277175, 1s6923761, 187903146,
rs17782313, rs3813929, 151047776 and any combination thereof.

[061062] An obesity analyte signature described herein can include any appropriate
combination of analytes. For example. when an obesity analvte signature includes 14 analvtes,
the analvtes can nclude 1-methvihstine, serotonin, glitamine, gamma~-amino-n-butyric~-acid,
isocaproic, allo-isoloucine, hydroxyproline, beta-amincisobatyric-acid, alanine, hexanoic,
tyrosine, phenylalapine, ghrelin, and PYY. For cxample, when an obesity analyte signature
includes 9 analytes, the analvtes can include HTR2ZC, GNB3, FTO, isocaproic, beta-
aminoisobutyric-acid, butyric, allo-isoleucine, tryptophan, and glutanmine.

60103} Auny appropriate method can be used to detect the presence. absence, or level of
an obesity analvie within a sample. For example, mass spectrometry {¢.g.. triple-stage
quadrupole mass spectrometry coupled with ultra-performance liquid chromatography
{UPLC)), radioimmunoassays, enzyme-linked immunosorbent assays, sequencing technigues
{c.g., PCR-based sequencing techniques), and/or restriction fragment length polymorphism
(RFLP) can be used to determine the preseuce, absence, ot level of one or more analyies in a

sample.
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00104} In some cases, wdentifving the obesity phenotype can include obtaming results
from one or more guestionnaires. A guestionnaire can be assoctated with chesity. In some
cases, a questionnaire can be answered the time of the asscssment. In some cases, a
questionnaire can be answered prior to the time of assessment.  For example, when a
questionnaire is answered prior (¢ the time of the assecssment, the questionnaire results can be
obtained by reviewmmg a patient history {¢.g., a medical chart). A questionnaire can be a
behavioral questionnaire {c.g., psvchological welfare guestionnaires, questionnaure for
assessing  anxiety and/or depression, aleohol use questionnaires, eating  bebavior
questionnaires, body image guestionnatres, physical activity level questionnaire, and weight
management questionnaires). Examples of questionnaires that can be used to deternune the
obesity phenotype of a manmmal {e.g., an obese mammal) inclade, without limitation, The
Hospital Anxicty and Bepression Scale (HADS) questionnaire, The Hospital Anxicty and
Depression Inventory guestionnaire, The Questionnaire on Eating and Weight Patterns, The
Weight Efficacy Life-Style (WEL) Questionnaire, Three-Factor Eating Questionnaire (TFEQ),
and The Multidimensional Body-Self Relations Questionnaire. For example, a questionnaire
can be a HADS questionnaire.

[G0105] In some cases, an obesity analyte signature can include the presence of
scrotonin, glutamine, tsocaproic, allo~isoleuciue, hyvdroxyvprohine, beta-aminoisobutync-acid,
alanine, hexanoie, tyrosine, and PYY. For example, a hungry brawn (1.¢., abnormal satiation)
obesity phenotype can have an obesity analyte signature that includes the presence of serotonin,
glutamune, isocaproic, allo-isoleucme, hvdroxyproline, beta-aminoisobutyric-acid, alanine,
hexanote, tyrosine, and PYY. For example, 3 lumgry brain (1.e., abnormal satiation) obesity
phenotype can have an obesity analyte signature that has an absence of {¢.g., lacks the presence
of) I-methyihistine, gamma-amino-u-butyric-acid, phenylalanine. ghrelin, and includes a
HADS questionnaire result that does not indicate an anxiety subscale (HADS-A; ¢ g., includes
a HADS-A questionnaire result).

30106} In some cases, an obesity analyte signature can include the presence of 1-
methylhustine, allo-isoleucine, hydroxyproline, beta-aminoisobutyric-acid, alamne, and

phenvlalanine. For example,

a hungry gut {i.e., abnormal satiety} obesity phenotype can have
an obesity analyte signature that includes the presence of -methylhisting, allo-isolencine,
hydroxyproline, beta-aminoisobutyric-acid, alanine, and phenvialanine. For example, a hungry
gut {i.e., abnomalsaticty} obesity phenotype can have an obestty analvic signature that has an

absence of {e.g., lacks the prescnce of) serotonin, glutamine, gamma-anuno-n-butync-acid,
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1socaproic, hexanoie, tyrosine, ghrelin, PY'Y, and does not include a HADS questionnaire result

that mdicates an anxiety subscale {e.g.,

does not inchude a HADS-A questionnaire result).
8167} In some cases, an obesity analyie signature can inchude the presence of serotonin
and can include a HADS-A questionnaire. For example, an emotional or hedonic eating {e.g.,
behavioral eating) obesity phenotype can have an obesity analyte signature that inclades
serotonin and includes a HADS-A guestionnaire result. For example, an emotional or hedonic
catng (¢.g., behavioral cating) obesity phenotype can have an obesity analyte signature that
has an absence of {e.g., lacks the presence of) 1-methyllustine, ghitamine, garama-amino-n-~
butyric-acid, isocaproie, allo-isolencine, hydroxyproling, beta-aminocisobutyvric-acid, alanine,
hexanoie, tyrosine, phenylalanine, ghrelin, and PY'Y.

{30168} In some cases, an obesity analyvie signature can include the presence of 1-
methylhistine, glutanine, gamma-amino-n-butyric-acid, isccaproic, allo-isoleucime, beta-
aminoisobutyric-acid, alaning, hexanoic, tyrosine, phenylalanine, PY'Y, and inchides a HADS-
A questionnaire result. For example, a large fasting gastric volume obesity phenotype can have
an obesity analvte signature that includes I-methythistine, glutamine, gamma-amino-n-butyric-
actd, isccaproic, allo-isoleucine, beta-aminoisobutyric-acid, alanine, hexanoie, tyrosine,
phenylalanine, PYY, and mchudes a HADS-A questionnaire result. For cxample, a large fasting
gastric volume obesity phenotype can have an obesity analyte signature that bas an absence of
{e.g., lacks the presence of) serotonin, hyvdroxyproline, and ghrelin.

60103} In some cases, an obesity analyte signature can include the presence of
serotonin, beta-aminoisobutyric-acid, alanine, hexanoic, phenylalanine, and includes a HADS-
A questionnaire. For example, an obesity phenotype that is mixed can have an obesity analvie
signature that includes the presence of serotonin, beta-aminotschutyric-acid, alanine, hexanoic,
phenylalanine, and includes a HADS-A questionnaire result. For example. an obesity
phenotype that 1s mixed can have an obesity analyte signature that has an absence of {e.g., lacks
the presence of) -methylhistine, ghitamine, gamma-amino-n-butyric-acid, isocaproic, allo-
isoleucine, and hydroxyproline.

{60110} In some cases, an obesity analvte signature can ijnclude the presence of i~
methvlhistine, serotomn, glutamine, gamma-amino-n-butyric-acid, isocaproic, allo-isoleucine,
alanine, tyrosine, ghrelin, PYY, and includes a HADS-A guestionnaire result. For example, a
low resting energy expenditure {(o.g., slow burn) obesity phenotvpe can have an obesity analyte
signature that includes the presence of f-methylhustine, serotonin, glutamine, garmma-ammno-

n-butyric-acid, isocaproic, allo-isoleucine, alamine, tyrosine,

ghrelin, PYY, and includes a

HADS-A guestionnaire result. For example, a low resting energy expenditure €¢.g., slow born}
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obesity phenotype can have an obesity analvie signature that has an absence of {e.g., lacks the
presence of) hydroxyproline, beta-ammoisobutyric-acid, hexanois, and phenyialanine.

G011} In some cases, identifying the obesity phenotype alse can mclude identifying
one or more additional vanables and/or one or more additional assessments. For example,
identifving the obesity phenotype also can include assessing the microbiome of a mammal
{c.g.. an obese mammal). For example, identifying the obesity phenotype alsoe can include
assessing leptin levels. For example, identifying the obesity phenotype also can include
assessing the metabolome of a manmumal {e.g., an obese mammal). For example, identifying the
obesity phenotype alse can include assessing the genome of a mammal (e.g., an obese
manunal). For example, identifving the obesity phenotype also can include assessing the
proteome of a mammal (eg., an obese mammal), For example, identifving the obesity

phenotype also can include asscssing the peptidome of a mammal {¢.g., an obese mammal).
Clhinical Uses

00112} Onee the obesity phenotype of the mammal has been identified using any of the
methods provided herein, the obesity phenotype can be used to select a treatment option for the
mammal. In some cases, detcrmining the obesity phenotype of a subject using the methods
provided herein can be used to identify the subject as being responsive or RON-resSponsive to a
particular intervention {¢.g., pharmacological intervention. For example, use of the M-GRS and
FPT methods provided herein can be used to identify that the subject possesses a hungry brain
phenotype that can serve to identify or select the subject as a non-responder to treatment with
a GLP-1 agonist or a responder to phentermine-topiramate pharmacotherapy. For example,
once a mammal 15 identified as being responsive to one or more mierventions {¢.g.,
pharmacological intervention, surgical intervention, weight loss device, diet intervention,
lifestvle miervention, behavior intervention, and/or microbiome mtervention) based, at least n
part, on an obesity phenotype, which is based, at least n part, on an obesity analvte signature
in the sample, the mammal can be administered or instracted to self-administer one or more
interventions, The GLP-1 agonist can be any agent known in the art whose mechanism of action
comprises activating the GLP-1 receptor. GLP-1 agonists for use 1n a method and/or system
provided herein can include, but are vot houted to, exenatide, hraglutide, albiglutide,
dulaghutide, hixiscnatide, semagluiide, tirzepatide or any combination thereof

60113} When treating obesity in a subject as described herein, the intervention can be

cffective to reduce the weight, reduce the waist circumiference and/or slow or prevent weight
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gain of the subject. For example, treatment described herein can be effective to reduce the
weight {e.g., the total body weight} of a subject with obesity by at least 1%, 2%, 3%. 4%, 5%,
6% 70, 7/0, /fp /o, 10% 75, ]50/ 12% 70, 13 /om, ji/o, 15%. 360/0 179/03 }8“/& i(),o, ’7(){.’/;3“, 2]0/0, 229&
23%, 24%, 25%, 26%, 27%, 28%, 29%, 30%, 31%, 32%, 33%, 34%, 35%, 36%, 37%, 38%,
39%, 40%, 41%, 42%, 43%, 44% or 453%. Treatment described herein can be effective to
reduce the weight (e.g.. the total body weight} of a with obesity subject by about 1%, 2%, 3%,
4%, 5%, 6%, 7%, 8%. 9%, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%. 19%, 20%,
2%, 22%, 23%, 24%, 25%, 26%, 27%, 28%, 29%, 30%, 31%, 32%, 339%, 34%, 353%, 36%,
37%, 38%, 39%, 40%, 419, 42%, 43%, 44% or 45%. Treatment described herein can be
effective o reduce the weight {e.g., the total bodv weight) of a subject with obesity by at most
%6, 2%, 3%, 4%, S%, 6%, T%, 8%, 9%, 10%, 11%, 12%, 13%, 149%, 13%, 16%, 17%, 18%,
19%, 20%, 21%, 22%, 23%, 24%, 25%, 26%, 27%, 28%, 29%, 30%, 31%, 32%, 33%, 34%,

35%, 36%, 37%., 38%, 39%, 40%, 41%. 42%, 43%. 44% or 45%. In some cases, the

f—

intervention described herein can be effective to reduce the w f‘ight (e.g., the total body weight)

of a subject with obesity by at least 39, at least 59, at least 8%, at least M/o, at least 129, at
least 15%, at least 18%, at least 20%, at least 22%, at least 25%, at least 28%, at least 30%, at
least 33%, at least 36%, at keast 39%, or at feast 40%3. For example, the intervention described
herein can be effective to reduce the weight (e.g., the total body weight) of a subject with
obesity by from about 3% to about 40% {¢.g., from about 3% to abowt 35%, from about 3% o
about 30%, from about 3% to about 25%, from about 3% to about 20%, from about 3% to about
15%, from about 3% to about 10%. from about 3% to about 5%, from about 5% to about 40%

from about 10% to about 40%, from about 15% to about 40%, from about 20% to about 40%,
from about 25% to about 40%, from about 35% to about 40%, from about 5% to about 35%,
from about 10% to about 30%, from about 13% to about 25%, or from about 18% to about
22%). For example, the intervention described herein can be effective to reduce the weight
{c.z., the total body weight) of a subject with obesity by from about 3 kg to about 100 kg {c.g.,
about 5 kg to about 100 kg, about 8 kg to about 100 kg, about 10 kg to about 100 kg, about 15
ke 1o about 100 kg, about 20 kg to about 100 kg, about 30 kg to about 100 kg, about 40 kg to
about 100 kg, about 50 kg to about 100 kg, about 60 kg to about 100 kg, about 70 kg to about
100 kg, about 80 kg to about 100 kg, about 90 kg to about 100 kg, about 3 kg to about 90 kg,
about 3 ke to about 80 kg, about 3 kg to about 70 kg, about 3 kg to about 60 kg, about 3 kg to
about 30 kg, about 3 kg to about 40 ke, about 3 kg to about 30 kg, about 3 kg to about 20 kg,
about 3 kg to about 10 kg, about 5 kg to about 90 kg, about 10 kg to about 75 kg, about 15 kg
to about 50 kg, about 20 kg to about 40 kg, or about 25 kg to about 30 kg). For example, the
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mtervention described herein can be effective to reduce the waist circumnference of a subject
with obesity by from about I inches to about 10 inches (e.g., about 1 inches to about 9 inches,
about 1 mnches o about 8 inches, about 1 inches to about 7 inches, about | mches to about 6
mches, about 1 inches to about 5 inches, about 1 inches to about 4 inches, about 1 inches to
about 3 mnches, about 1 inches to about 2 inches, about 2 mches o about 10 inches, about 3
inches to about 10 inches. about 4 inches to about 10 inches, about 5 inches to about 10 inches,
about 6 inches to about 10 nches, about 7 inches to about 10 mches, about § inches to about
10 inches, about 9 inches to about 10 inches, about 2 inches to about 9 inches, about 3 mches
to about 8 inches, about 4 inches to about 7 mnches, or about 5 inches to about 7 inches.
Adununtstration of any udervention provided hercin to a subject determined to possess an
obesity phenotype using a method described herein can result in a reduction of the waist
circomference of the subject with obesity of at least 1, 2, 3, 4, 3, 6, 7, 8. 9 or 10 mnches.
Administration of any intervention provided herein to a subject determined to possess an
obesity phenotvpe using a method described herein can result in a reduction of the wast
circumference of the subject with obesity of at most 1, 2, 3, 4, 5, 6, 7, 8, 9 or 10 inches.
Administration of any intervention provided herein to a subject determined to possess an
obesity phenotype using a method described herein can result in a reduction of the waist
circumterence of the subject with obesity of about 1, 2, 3,4, 5,6, 7, 8, 9 or 10 inches.

60114} For example, any treatment described hersin can be effective to result in a fotal
body weight lost (TBWL) of the subject with obesity of at least 1%, 2%. 3%, 4%, 3%. 6%, 7%,
8%, 9%, 10%, 11%, 12%, 13%, 14%, 159, 16%, 17%. 18%. 19%, 20%, 25%. 30%, 35%, 40%,
45%, 30%, S5%, 60%, 65%, 70%, 753% or 80%. Auny treatment described herein can be

effective to result 1o a total body weight lost (TBWL} of the subject with obesity of at most

1%, 2%, 3%. 4%, 3%, 6%, 7%, 8%. 9%, 10%, 11%, 12%. 13%, 14%., 15%, 16%, 17%, 18%,
19%, 20%., 25%, 30%, 35%, 40%. 45%, 50%, 55%, 60%, 65%, 70%, 75% or 80%. Any

treatment descnibed herein can be effective to result in a total body weight lost (TBWL) of the

subject with obesity of about 1%, 29%. 3%, 4%, 3%, 6%. 7%, 8%, 9%. 10%, 11%, 12%. 13%,
14%, 15%, 16%, 17%, 18%, 19%, 20%, 25%., 30%, 35%, 40%, 45%, 50%, 55%, 60%, 65%,

T0%, 75% or 80%. Any treatment described herein can be effective to result in a total body
weight lost (TBWL) of the subject with obesity of 1%, 2%, 3%, 4%, 3%, 6%, 7%, 8%, %%,
10%, 11%, 12%, 13%, 14%, 153%, 16%, 17%, 18%. 19%, 20%, 25%., 30%, 33%, 40%, 45%
50%, 55%, 60%, 65%., T0%, 75% or 80%. Any treatrmoent described hercin can be effective to
result i a total body weight lost (TBWL) of the subject with obesity of from 1% to 5%, from

3% to 10%, from 10% to 15%, from 15% to 20%, from 20% 1o 25%, from 25% to 30%, from
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30% to 35%, from 35% to 40%, from 40% to 45%, from 43% to 50%, from 50% to 35%, from
55% to 60%, from 605 to 65%, from 65% to 70%, from 70% to 75% or from 73% to 80%. In
one embodiment, admirustration of any intervention provided herein to a subject determined to
possess an obesity phenotype using a moethod desceribed herein can result in a total body weight
fost {TBWL)} of the subject with obesity of from 2% to 8%. In one embodiment, administration
of any ntervention provided hercin to a subject determined to possess an obesity phenotype
using a method described herein can result in a total body weight lost (TBWL) of the subject
with obesity of at least 3%. In one embodiment, administration of any ifervention provided
herein to a subject determined to possess an obesity phenotype asing a method deseribed herein
can result in a total body weight lost (TBWL) of the subject with obesity of at least 6%.

{08115 Administration of any mtervention provided herein o a subject determuned to
possess an obesity phenotype using a method described herein can result in a total body weight
fost {TBWL) of the subject with obesity of atleast 1. 2,3,4, 5,6, 7,8, 9, 10, 11, 12, 13, 14, 15,
i6, 17, 18, 19, 20, 25, 30, 35, 40, 453, 50, 35, 60, 63, 70, 73, 80, 83, 90, 95, 99 or 100 kg.
Admmistration of any intervention provided heren to a subject determined to possess an
obesity phenotvpe using a method described herein can result in a total body weight lost
{TBWL) of the subject with cbesity of at most 1, 2,3, 4,5, 6,7, 8,9, 10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 20, 23, 30, 33, 40, 45, 50, 35, 60, 65, 70, 75, 80, 83, 90, 93, 99 or 100 kg
Administration of any intervention provided herein to a subject determined to possess an
obesity phenotype using a method described herein can result m a total body weight lost
{TBWL} of the subject with obesity of about 1, 2,3, 4,5, 6, 7,8, 9, 10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 20, 25, 30, 33, 40, 43, 50, 535, 60, 65, 70, 75, 80, 85, 90, 95, 99 or 100 kg.
Administration of any intervention provided herein to a subjoct determined to possess an
obesity phenotype using a mothod described herein can result in a total body weight lost
{(TBWL) of the subject with obesity of from about 3 kg to about 100 kg, about 5 kg to about
100 kg, about 8 kg to about 100 kg, about 10 kg to about 100 kg, about 15 kg to about 100 kg,
about 20 kg to about 100 kg, about 30 kg to about 100 kg, about 40 kg to about 100 kg, about
50 kg to about 100 kg, about 60 kg to about 100 kg, about 70 kg to about 100 kg, about 80 kg
1o about 100 kg, about 90 kg to about 100 kg, about 3 kg to about 90 kg, about 3 kg to about
80 kg, about 3 kg to about 70 kg, about 3 kg to about 60 kg, about 3 kg to about 50 kg, about
3 kg to about 40 kg, about 3 kg to about 30 kg

t=2]

about 3 kg to about 20 kg, about 3 kg to about
10 kg, about 5 kg to about 90 kg, about 10 kg to about 75 kg, about 15 kg to about 50 kg, about

20 kg to about 40 kg, or about 25 kg to about 30 kg
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00116} Administration of any intervention provided herein to a subject determined to
possess an obesity phenotype using a method described herein can result in a decrease in the
waist circumference of the subject with obesttv of at least 1%, 2%, 3%, 4%, 5%, 6%. 7%, 8%,

5, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%, 20%, 25%, 30%, 35%, 40%,
45%, 50%, 55%, 60%, 65%, T0%, 75% or 80%. Administration of any mtervention provided
herein to a subject determined to possess an obesity phenotype using a method described heremn
can result in a decrease n the waist circumference of the subject with obesity of at most 1%,
2%, 3%, 4%, 3%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 149, 15%, 16%, 17%, 18%, 19%,
20%, 25%, 30%, 35%, 40%, 453%, 50%, 33%, 60%, 63%, 70%, 75% or 80%. Admimsiration
of anv ntervention provided herem 1o a subject determined to possess an obesity phenotype
using a method described herein can result in a decrease in the waist circumference of the
subject with obesity of about 19, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%,
14%, 15%, 16%, 17%, 18%, 19%. 20%, 23%. 30%, 35%, 40%, 45%, 30%, 55%, 60%, 65%,
T0%, 75% or 80%. Adnunistration of any intervention provided heretn to a subject determined
1o possess an obesity phenotype using a method described herein can result in a decrease in the
waist circumference of the subject with obesity of 1%, 2%, 3%, 4%, 3%, 6%, 7%, 8%. 9%
10%, 11%, 12%, 13%, 14%, 15%, 16%. 17%, 18%. 19%, 20%, 25%, 30%, 35%, 40%, 45%,
30%, 55%, 60%, 65%, 70%, 75% or 80%. Admintstration of any mtervention provided hercin
to a subject determined to possess an obesity phenotype using 3 method described herein can
result in a docrease in the waist circumference of the subject with obesity of from 1% to 5%,
from 3% to 10%, from 10% to 139, from 15% to 20%, from 20% to 23%, from 25% to 30%,
from 30% to 35%, from 33% to 40%, from 40% to 459, from 45%to 50%, from 50% to 35%,
from $5% to 60%, from 60% to 63%, from 65% to 70%, from 70% to 75% or from 73% to
80%.

08117} In some cases, the change or alteration in the body weight {c.g., total body

£
weight lost (TBWL)) of a subject with an obesity phenotype as described heremn, the waist
circumference of the subject, the characteristics that define the obesity phenotype of the subjest
{c.g.. CTS, gastric emptying. resting cnergy cxpenditure (REE), mdication of anxicty on
HADS, ete.} or anv combimation thereof that results from adnunistration of any intervention
provided herein to the subject results persists for a defined or specified amount of time. The
defined or specified amount of time can be at least 1,2, 3. 4,5, 6. 7. 8,9, 10, 11, 12, 15, 18
21,24, 27,30, 33, 36, 39, 42, 45, 48, 51, 54, 57, 60, 63, 66, 67,70, 73, 76, 79, 82, 85, 88, 91,

94, 97, 99, 102, 105, 108, 111, 114, 117 or 120 months. The defined or specified amount of
timecanbeatmost 1,2,3,4,5,6,7,8, 9,10, 11, 12, 15, 18, 21, 24, 27, 30, 33, 36, 39,42, 45,
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48, 5%, 54,57, 60,63, 66,67,70,73,76,79, 82, 3,88, 91,94, 97,99, 102, 105, 108, 111, 114,
117 or 120 months. The defined or specified amount of time can be about 1, 2,3, 4,5, 6,7, 8,
9,10, 11,12, 15, 18, 21, 24, 27, 30, 33, 36, 39, 42, 45, 48, 51, 54, 57, 60, 63, 66, 67,70, 73,
76,79, 82 85,88, 91,94, 97,99, 102, 105, 108, 111, 114, 117 or 120 months. In some cases,
the defined or specified amount of ime can be at least 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65
or 70 years.

{60118} Individualized pharmacological interventions for the treatment of obesity {c.g,
based on the obesity phenotypes assessed using a method descnibed herein) can inchude any
one or more {eg, L, 2, 3, 4, 5, 6, or more) pharmacotherapies {e.g., individuabzed
pharmacotherapies). A phanvacotherapy can include any appropriate pharmacotherapy. In
some cases, a phamacotherapy can be an obesity pharmacotherapy. In some cases, a
pharmacotherapy can be an appetite suppressant. In some cases, a pharmacotherapy can be an
anticonvelsant. In some cases, a pharmacotherapy can be a GLP-1 agonist. The GLP-1 agonist
can be any agent known in the artt whose mechanism of action comprises activating the GLP-
1 receptor. GLP-1 agonists for use in a method and/or system provided herein can inchude, but
are not limited to, exenatide, Hraglotide, albiglutide, dulaglutide, hxisenatide, semaglutide,
tirzepatide or any combination thereof In some cases, a phammacotherapy can be an
antidepressant. In some cascs, a pharmacotherapy can be an opioid antagonist. {n some cascs,
a pharmacotherapy can be a controlled release pharmacotherapy. For example, a controlied
release phammacotherapy can be an extended release (ER) and/or a slow release (SR}
pharmacotherapy. In some cases, a pharmacotherapy can be a lipase inhibitor. In some cases,
4 pharmacotherapy can be a DPP4 inhibitor. In some cases, a pharmacotherapy can be a
SGLT2 mhbibitor. In some cases, a pharmacotherapy can be a dietary supplement. Examples
of pharmacotherapics that can be used i an individualized pharmacological intervention as
described hercin include, without limitation, orlistat, phenternune, topiramate, lorcaserm,
naltrexone, bupropion, liraglutide, exenatide, metfornun, pramlitide, Januvia, canagliflozin,
dexamphetanunes, prebiotics, probiotics, postbiotics, Ginkgo mloba, and combinations
thercot. For example, combination phammacological mterventions for the treatment of obesity
{¢.g., based on the obesity phenotypes as described herein} can include phentermine-topiramate
ER, naltrexone-bupropion SR, phentermine-lorcaserin, lorcaserin-liraglutide, and lorcarserin-
januvia. In some cases. a pharmacotherapy can be administered as described elsewhere (see,
c.g., Sjostrom et al., 1998 Lancet 352:167-72; Hollander et al., 1998 Diabetes Care 21:1288-
94 Davidson et al., 1999 JAMA 281:235-42; Gadde et al,, 2011 Lancet 377:1341-52; Smith et
al., 2010 New Engl. J. Med. 363:245-256; Apovian et al., 2013 Obestty 21:933-43; Pi-Sunver
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ctal., 2015 New Engl. J. Med. 373:11-22; and Acosta et al., 2015 Clin Gastroenterol Hepatol.
13:2312-9).

001194 When a mammal 1s identified as having an obesity phenotype using a machine
leaming method provided herein {e.g., ML-driven, full phenotype method or adaptive ML-
GRS method) that 1s responsive to treatment with one or more pharmacotherapies, the mammal
can be administered or instracted to self~admimister one or more pharmacotherapies. In some
cases, when a manwnal is identified as having a bungry gut {¢.g., abnormal saticty) phenotype,
based, at least in part, on an obesity analvte signature, the mammal can be administered or
instructed to self-administer one or more a GLP-1 agonists (e.g., Hraghutide or semaghutide) to
treat the obesity. In some cases, when a mammal s identified as having a hungry brain {e.g.,
abnormal satiation} phenotype, based, at least in part, on a hungry brain MEL-GRS provided
herein, the mammal can be administered or instructed to self-administer phentermine-
topiramate pharmacotherapy and/or forcaserin pharmacotherapy to treat the obesity. In some
cases, when a mammal is identified as having a hungry bram {(c.g., abnormal satiation)
phenotype, based, at least in part, on a hungry brain ML-GRS provided heremn, the mammal
can be administered or instructed to sclf-administer a phammacotherapy that is not a GLP-1
agonist. In other words, a subject who 15 diagnosed or determined to possess a hungry brain
{(i.c., abnormal satiation) phenotype can be classified or selected as a non-responder to GLP-1
agomnist treatment. In some cases, when a mammal is identified as having a slow bum {e.g.,
energy cxpenditure} phenotype, based, at least in part, on a slow burn ME-GRS provided
herein, the mammal can be admuustered or nstructed to seif-administer phentermine 1o treat
the obestty. In some cases, when a mamnal s identified as having a hedonic eating {(e.g.,
behavioral/psychological eating) phenotype, based, at least i part, on a hedonic eating ML~
GRS provided herein, the mamumal can be administered or instructed to scif-administer
naltrexone /bupropion to treat the obesity. The GLP-1 agonist can be any agent known in the
art whose mechanism of action comprises activating the GLP-1 receptor. GLP-1 agomists for
use in a method and/or system provided hercin can include, but are not limited to, exenatide,
liraglutide, albiglutide. dulaglutide. ixisenatide, semaglutide, tirzepatide or any combination
thereof.

{60126} In some cases, one or more pharmacotherapies deseribed herein can be
administered to an obesc mammal as a combination therapy with one or more additional
agents/therapics used fo treat obesity. For example, a combination therapy used to treat an
obese mammal {e.g., a human with obesity} can include administening to the manunal one or

more pharmacotherapies described herein and one or more obesity treatments sach as weight-
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o
)

surgeries {e.g., gastric bvpass surgery, laparoscopic adjustable gastric banding (LAGB),

biliopancreatic diversion with duodenal switch, and a gastric sleeve), vagal nerve blockade,
endoscopic devices {e.g., miragastric balloons or endoliners, raagneis), endoscopic sleeve
gastroplasty, and/or gastric or duodenal ablations. For example, a combination therapy used
to treat an obese mammal {¢.g., a human with obesity) can include administering to the mammal
one or more pharmacotherapies described herein and one or more obesity therapies such as
exercise modifications {¢.g.. increased physical activity, change i type of physical activity,
timing and frequency of physical activity), dietary modifications {¢.g., reduced-calorie diet},

behavioral modifications, lifestyle intervention, commercial weight loss programs, wellness

programs, and/or wellness devices {o.g. dictary tracking devices and/or physical activity
tracking devices). In cases where one or more pharmacotherapies described herein are used
combination with one or more additional agents/therapics used to treat obesity, the one or more
additional agents/therapies used to treat ohesity can be adnunistered/performed at the same
time or independently. For example, the one or more pharmacotherapies described herein can
be admmistered first, and the one or more additional agents/therapies used to treat obesity can
be administered/performed second, or vice versa.

60121} In some cases, efficacy of any intervention provided herein can be ascertaimed
by a change or alteration in the body weight (c.g., total body weight lost (TBWL)) of the subject
as provided herein, waist circomference, the characteristics that define the hungry bram
phenotype or any combination thereof. For example, a subject determined to possess a hungry
brain phenotype displayed a decrease in the numaber of calories consumed to reach fullness
following admimstration of any mtervention provided herein as compared to the number of
calorics consumed to reach fullness for the same subject prior to administration of the

intervention. The number of calorics consumed to reach fullness following administration of

0/

any mtervention described herein can be at least 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%,
15%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%, 20%, 25%, 309, 35%, 40%, 45%, 509,
55%, 60%, 63%, 70%, 75% or 80% of the number of calories consumed to reach fullness for

the same subjf:c: prior to administration of the micrvention. The number of calonies consumed
1o reach fullness following adnunistration of any ntervention described herein can be at most
1%, 2%, 3%, 4%, 3%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%,
19%, 20%, 25%, 30%, 35%. 40%, 43%, 50%, 55%, 60%, 65%, 70%, 75% or 80% of the
number of calories consumed to reach fullness for the same subjf:c: prior to administration of

the itervention. The number of calories consumed to reach fullness following admmistration

of any ntervention described herein can be about 1%, 2%, 3%, 4%, 5%, 6%, 7%, §%, 9%,
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10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%, 20%, 25%, 30%, 35%, 4%, 45%,
50%, 55%, 60%, 63%, T0%, 75% or 80% of the mumber of calories consumed to reach fuliness
for the same subject prior to admunistration of the intervention. The number of calores
consumed to reach fullness following admimistration of any intervention described herein can
be from 1% to 5%, from 5% to 109, from 10% t0 13%, from 15% to 20%, from 20Y% to 25%,
from 25% to 30%, from 30% to 35%, from 35% to 40%, from 40% to 45%. from 453% to 50%,
from 530% to 33%, from 55% to 50%., from 609 t0 63%, from 65% to 70%, from 70% t0 75%
or from 75% to 80% of the number of calories consumed to reach fullness for the same subject
prior to adnunistration of the intervention. The mumber of keal consumed to reach fallness
following aduunistration of any tntervention described herein can be reduced by at least 5, 10,
15,20, 25, 30, 35, 40, 43, 50, 558, 60, 65, 70, 75, 80, 85, 90, 95, 106, 130, 200, 250, 300, 330,
400, 450, 500, 550, 600, 650, 700, 750, 800, 850, 900 or 100 keal consumed to reach fullness
for the same subject prior to administration of the intervention. The number of keal consumed
to reach fullness following admiustration of any intervention described hercin can be reduced
by atmost 5, 10, 15,20, 25,30, 35, 40, 45, 50, 35, 60, 65, 70, 75, 80, 85, 90, 95, 100, 150, 200,
250, 300, 350, 400, 450, 300, 550, 600, 630, 700, 730, 800, 830, 900 or 100 keal consumed to
reach fullness for the same sabject prior to administration of the intervention. The number of
keal consuraed to reach fullness following administration of the micrvention described hercin
can be reduced by about 3, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 73, 80, 83, 90, 95,
100, 150, 200, 250, 300, 350, 400, 450, 500, 350, 600, 630, 700, 750, 800, 850, 900 or 100 keal
consumed to reach fullness for the same subject prior to admimstration of the intervention. The
fullness both pre-~ and -post intervention administration, the fullness can be a maximal fullness
{MTV) or normal or usual fullness (VTF). The "maximal” fudlness (MTV} or "usual’ fullness
{(V'TF} can be as measured in a nutrient drink tost or to mixed meal (solids) in an ad fibirum
buffet meal.

00122} In some cases, officacy of any intervention provided herein can be ascertained
by achange or alteration in the body weight (¢.g.. total body weight lost (TBWL)) of the subject
as provided herein, waist circumference, the characteristics that define the hungry gut
phenotype or any combination thereof. For example, a subject determined to possess a hungry
gut phenotype displaved a decrease in gastric emptying {e.g., gastric half-emptying time (GE
112}y following administration of any mtervention provided herein as compared to the gastric
cruptving {¢.g.. gastric half-emptying time (GE t12)) for the same subject prior to adrouvustration
of the intervention. Gastric emptying in a subject determined to possess a hungry gut phenotype

following administration of any intervention described herein can be decreased by at least 1%,
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2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%,
20%, 25%. 30%, 35%, 40%, 43%. 50%, 55%, 60%, 65%. 70%, 753% or 80% versus the gastric
craptying for the same subject prior to administration of the intervention. Gastric emptving in
a subject determined to possess a bungry gut phenotype following admimstration of any
ntervention descnbed herein can be decreased by at most 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%,
9%, 10%, 11%, 12%, 13%, 14%, 13%, 16%, 17%, 18%. 19%, 20%, 25%, 30%., 35%, 40%,
45%, 50%, 55%, 60%, 65%, T0%, 75% or 80% versus the gastrc craptyving for the same subject
prior to administration of the intervention. Gastric emptying in a subject determined to possess
a hangry gut phenotype following administration of any intervention deseribed herein can be
decreased by about 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 15%,
16%, 17%, 18%, 19%, 20%, 25%, 30%, 35%, 40%, 45%, 50%, 55%, 60%, 63%, 70%, 7S% or
80% versus the gastric emptying for the same subject prior to administration of the intervention.
Gastric emptying 1o a subject determined to possess a hungry gut phenotype foliowing
admuinistration of any utervention described herein can be decreased from 1% to 5%, from 5%
to 1096, from 10% 10 15%, from 159 to 20%, from 20% to 2596, from 25% to 30%, from 30%
10 35%, from 353% to 40%, from 40% to 45%, from 45% to 50%, from 30% to 55%, from 53%
to 60%, from 60% to 65%. from 65% to 70%, from 70% to 75% or from 75% to %0% versus
the gastric craptying for the same subject prior to admimstration of the intervention.

{36123} In some cases, efficacy of any intervention provided herein can be ascertained
by a change or alteration in the body weight {(¢.g ., total body weight lost (TBWL)) of the subject
as provided herein, waist circumference, the charactenistics that define the emotional hunger
phenotype or any combination thercof. For example, a subject determined to possess an
emotional hunger phenotype displaved a change in the hospital anxiety and depression score
{(HADS) questionnaire following administration of any intervention provided hercin as
compared to the same subject prior to administration of the mtervention such that the HADS
questionnaire result does not indicate a positive an anxicty component following administration
of the intervention. In some cases, the change in the hospital anxiety and depression score
(HADS) questionmaire following adnunistration of the intervention can be a decrease in the
score on the HADS guestionnaire by about, at most or at least 1, 2, 3 or 4 as compared to the
same subject prior to administration of the miervention such that the HADS questionnaire
result.

(00124} In some cases, efficacy of any imtervention provided hercin can be ascertained
by achange or alteration in the body weight (¢ g, total body weight lost (TBWL)) of the subject

as provided herein, waist circumference, the characteristics that defime the slow bum phenotype
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{c.g., lean muscle mass and/or REE) or any combination thereot. For example, a subject
determined to possess a slow bum phenotype displayed an mercase in resting energy
expenditure ((REE): indirect calonmetry; either % or keal/day) following administration of any
mtervention provided herein as compared to the REE {either % or keal/day) for the same
subject prior to adomunistration of the intervention. REE 1n a subject determined to possess a
slow burn phenotype following administration of any intervention described herein can be
increased by at feast 1%, 2%, 3%, 4%, 3%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%,
15%, 16%, 17%, 18%, 19%, 20%, 25%, 30%, 33%, 40%, 45%, 50%, 539, 60%, 65%, 70%,
75% or 80% versus the REE for the same subject prior to administration of the intervention.

RE

i a subjoct determined to possess a slow bum phenotype following aduunistration of any

mtervention described herein can be increased by at most 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%,
9%, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%, 20%, 25%, 30%, 35%, 40%,
45%, 50%, 55%, 60%. 63%, T0%, 75% or 80% versus the REE for the same subject prior to
admunistration of the intervention. REE i a subject deterouned to possess a slow bum
phenotype following administration of any intervention described herein can be increased by
about 1%, 2%, 3%, 4%, 3%, 6%, 7%, 8%, 9%, 10%. 11%, 12%, 13%, 4%, 15%, 16%, 17%,
18%, 19%. 20%. 25%, 30%, 353%, 40%, 45%, 30%, 33%. 60%, 65%, 70%, 75% or 80% versus
the REE for the same subject prior to administration of the intervention. REE i a subject
determined o possess a slow bam phenotype following admimistration of any mtervention
described herein can be increased from 1% to 5%, from 3% to 10%, from 10% to 15%, from
15% to 20%, from 20% to 25%. from 25% 1o 30%, from 30% to 35%, from 35% to 40%. from
40% 10 45%, from 45% to 50%, from 50% to 55%, from 55% to 60%, from 60% to 63%, from
65% to 70%, from 70% to 75% or from 73% to 80% versus the REE for the same subject prior
1o adnunistration of the intervention. In some cases. a subject determined to possess a slow
bum phenotype displayed an increase in lean muscle mass following adminstration of any
ntervention provided herein as compared to the lean muscle mass for the sarse subject prior to
administration of the imtervention. Lean muscle mass in a subject determined to possess a slow
burn phenotype following adminsstration of any intervention described herein can be increased
by at least 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 153%, 16%,
17%, 18%. 19%, 20%, 25%, 309, 35%, 40%, 45%, 50%, 55%, 60%, 65%, 70%, 75% or 80%
versus the lean muscle mass for the same subject prior to administration of the mtervention.
Lean muscle mass in a subject deternuned to possess a slow bum phenotype following
adminstration of any intervention described herein can be increased by at most 1%, 2%, 3%,

4%, 3%, 6%, T%, 8%, 9%, 10%, 11%, 12%, 13%, 14%, 15%, 16%, 17%, 18%, 19%, 2{0%,
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EXAMPLES

100134} The present disclosure is further illustrated by reference to the following
Examples. However, it should be noted that these Examples, like the embodiments described
above, are ustrative and are not to be construed as restricting the scope of the invention

any way.

Example I-Abnormal Satiation as a predictor for GLP-1 receptor agonist ireatment
Background

160135} Obesity 1s a discase of energy mmbalance, where food intake regulation takes a
central role. The food ntake cyele can be divided in stages that are hunger, satiation and satiety.
Maulti-omics biomarkers 1 obesity can provide msight into its etiology and pathophvsiology
links with chronic illnesses, which may eventually belp approach obesity more efficiently and
individually {Aleksandrova et al. 2020). These onucs-based biomarkers also allow for the
analysis of multiple factors for prediction at the mdividual level. These high-throughput
profifing technologics have explored the connections between a high body mass index or
adiposity and the human gut roicrobiota (Tumbaugh et al. 2009; Dethlefsen and Relman 2011
Santacruz et al. 2009}, plasma metabolome (Cirulls et al. 2019}, and host epigenome (Wahl ot
al. 2017) and genome (Faroogr and O'Rahilly 2007). Genetic and epigenctic modifications that
result in transcriptome, protecme, and metabolome changes may have a role m the

pathophyvsiology of energy imbalance secn in obesity.

Objective
160136} The purpose of this study was to uncover the distinctive markers of abnormal

safiation using a malti-omic profile of satiation in patients with obesity.
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Materials and Methods

Study population
{8137} The study included bascline charactenistics from participants recruited between
2010 and 2021, Participants were recrutted at Mayo Clinic in Rochester, MN. Ethical approval
for the study was obtained from the Mavo Clinic Instibitional Review Board (IRB#: 10-
007083, 17-003449, and 19-007485) and registered on Clinical Trials gov (NCT00433641,
NCT003374956, and NCT04073394). Characternistics measured at baschine from all trials were
recorded. Ehigible participants were patients with obesity (BMI > 30 kg/m?); otherwise, healthy
with no unstable psychuatric disease, aged 18-75 yvears. Exclusion criteria included abdominal
surgery {other than an appendectomy, laparoscopic cholecystectomy, caesarian section, or
tubal hgation): positive history of chronic gastrointestinal diseases or systemic discase that
could affect gastrointestinal motility; use of medications that may alter gastrontestinal
motility, appetite, or absorption; sigaificant psychiatric dysfunction based upon Hospital
Anxicty and Depression Scale (HADS), positive alcoholism screcning test (AUDIT-C) and the
Questionnaire on Eating and Weight Patterns (binge cating disorders and bulimia). All
participants provided written informed consent for study participation and further use of their
data, including genetic information.
[60138] The vahidation cohort included participants from a double-blind, placebo-
controlled, parallel-group tnial festing liraglutide subcutaneous (SQ) 3mg or placebo for a total
treatment period of 16 weeks. Protocol and results have been published elsewhere (Maselli et
al. 2022, in press).

In-person physivlogic testing visit
{60139} All participants were screened to complete inclusion and exclusion criteria and
were e-mailed a pre-visit study pack with guestionnaires {t.c.. HADS, AUDIT-C, and the
Questionnaire on Eating and Weight Patterns). Questionnaires were completed at home and
returned to the study staff at the phenotype visit. Patients were asked to report with prior 8-
hour fasting and abstain from caffeine the day prior. Participants arrived between 6:00 — and
&:00 am at the Clinical Research Tnals Unit (CRTU). Heart rate and blood pressure were
measured using an automated blood-pressure monitor while participants fasted. Participant
weight, height, and hip and waist circumference were measured using standard clinical
techniques. Following the anthropometric measurements, participants bad a baseline fasting
blood draw, consumed a standardized radiolabel breakfast for gastric emptying, and 4 hours
later had an ad fibifum meal for imch (FIG. 1), Table 1 shows the basehine discovery cohort

characteristies measured in the in-person physiologie testing.
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LEDEIH! Table 1. Baseline discovery cohort characteristics measured in the in-person

physiologic testing day.

Discovery Cohort Females Males N
=717 (n = 538) (n=179) p-vaiue
Age, years 411141137 4136+ 1101 | 40341239 0.32
o 10242+
Weight, kg 105.56 + 22.85 2074 115.01 26,13 | <0001
Height, cm 168.91 =880 1656126551 17885+7 04 < 0001
Harris Benedict, 174739 % 226901 +
kcal/day 1877.61 £ 348 18 210.61 385.38 < Q001
BMI, kg/m? 3695 £7 13 37302701 3591+£740 0.02
Systolic pulse, 12836+
mmbg 130.28 + 14.78 14.55 136.06 + 13.99 | <0001
Dhastolic pulse,
mmHg 79.13+10.84 7845+ 1086 | 81.18 4 10.53 0.003
Pulse, bpm 7318+ 1173 7405+ 11321 7056+ 12355 0.001
Waist curcumference, 11000 +
cm FHL 17+ 15,17 14 57 11466+ 1639 0.001
Hip circumference, 12434 +
cm 12291+ 13.26 13.27 11863 £ 1229 | <0001
Waist/hip, ratio 0,90+ 0.07 0.88+ 0.07 (.96 £ (.06 <0001
E 120 nup, ratio (53016 350013 0.63+0.16 < H001
13271 &
GET /2, mmn 12699 + 32 69 31.48 10988 £ 30.27 | <0001
Calories to fullness, 43524 & 1164.16 &
keal 917364 315 40 25911 346.52 < Q001
Vas-hunger, mm 3993 + 2370 584622435 1 65.044+2063 | 0.0091
VAS-Fullnes, mm 2275+ 1852 2336+£ 1984 | 20664 1833 .21
VAS-satisfaction,
mim 2612 4 18 45 2714+ 1896 | 2256+ 16.16 0.02
3474405 = 50542.68 = 6893535 &
Total Lean Mass, g 10684 .23 6494 61 0824 35 <0001
SHI3+
Lean Mass, % 5309620 47377792797 | 5970 +£6.03 <.0001
5016 %
Fat Mass, % 48.0£ 6.0 (0470912085 | 4146£ 6053 <0001
Data are presented as mean + standard deviation
Abbreviations: BML bodyv mass index; bpm, beats per muinute; GE, gastric emptving

Chercome variables and sample collection, handiing, and analvsis
QGastric emptving for solids

[00141]

A standard breakfast of 320 keal and 30% fat consisting of two 99mTe-
radiolabeled eggs, toast, and 80 mL of skim mik was given to participants. Images were

obtained mmediately after radiolabeled meal ingestion and every 30 nunutes for the first 2
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hours, then every hour for the next 2 hours (total 4 hours after the radiolabeled meal) (Camillen
ot al. 2012). Gastric emptying (GE) is summarized by the half-emptying time (GE Tiz)
minutes.

Appetite sensations

(00142}

The visual analog scales (VAS) was measured using a validated, standard,
1000un appetite VAS for hunger, fullness, desire to eat, and satisfaction score (Flint et al. 2000;
Calderon et al. 2020). Appetite VAS was assessed 15 minutes before breakfast and, then every
30 munutes for the first 2 hours.

Satiation test: Ad fibitum meal
(00143}

Solon, OH: nutritional analysis of each 326g box: 420kcal, 17g protein (16% of energy), 38¢g

The ad fibitum meal included: vegetable lasagna [Stouffers®, Nestle USA, Inc,

carbohydrate (37% of energy}, and 22¢ fat (47% of encrgy)}; vanilla pudding [Hunts®, Kraft

Foods North America, Tarrytown, NY nutritional analysis of cach 99g carton: 130kceal, Ig
protem {3% of encrgy), 21g carbohvdrate (65% of energy), and 4.5g fat (32% of encrgy}l; and
skim milk [nuirihonal analysis of cach 236mL carton: 90keal, 8g protem (36% of energy), 13g
carbohvdrate (64% of encrgy}, and Og fat]. The total amount {g and kcal) of food consumed
and the keal of cach macronutrient at the ad /ibitum meal were analyzed by a registered dietitian
using validated software (ProNutra 3.0; Viocare Technologies Inc, Princeton, NI).

130144} Participants were served the prepared meal. Once the subject had partially
consumed the meal, they were mquired if additional lasagna, pudding, or nulk as desired.
Subjects were asked to use any food products wtil they achieved maximum fullness. As the
subject completed cach meal component, the empty plate, empty pudding contamer, and/or
hiquid volume of milk were weighed back. Unee the subject reached maximum follness, the
total weight of food products consumed was summarized. The primary measurcnment was total
kcal consumed to fullness (CTF).

(60145} Table 2.

satiation.

Basehine charactenistics of participants with normal and abnormal

Abnormal
Satiation Normal Satiation
(=179} (n=161) p-value
Age, vears 3906+ 1063 4318+ 119 3.001
Height, m 1.71 £ 0.09 1.68 £0.09 0.01
Weight, ke 10957+ 22 98 1043242267 0.04
Harris Benedict, keal/day 1938.64 £ 35528 | 185521 £ 33976 0.03
BMI, ka/m” 37644737 3687 + 6.66 0.30
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Swvstolic pulse, mmHg 12955+ 1476 13248 + 1585 0.08
Diastolic pulse, nunHg 7686+ 10.83 813+ 1081 <{},001
Pulse, bom 7224+ 11.32 75341228 0.01
Waist circumference, om 1129741572 11274 4 1513 0.89
Hip circumicrence, cm 124 59+ 1332 12296+ 1311 0.26
Waist/hip, ratio 091 +0.08 0.92 +0.08 0.24
Gastric emptymg 120 nun,
ratio 036+ 016 054016 <0.001
GET1/2. min 111672979 12457327 <0.001
Calories to fullness, keal 129393 +260.04 | 618111168 <{3 001
Data are presented as mean + standard deviation
Abbreviations: BMI, body mass index; bpm, beats per minute;, GE, gastric emptying

Sample collection and DNA extraction
(301461

subject mto 6mi EDTA blood collection tubes. Serum was kept at room temperature and

Baseline blood samples following an overnight fast were collected from cach

nmediately prepared for subsegoent analysis of routine laboratory analyses or aliquoted and
stored at — 80 °C until further analvses. Plasma was obtained from EDTA tubes, immediately
placed on ice, and centrifuged within 10mun (1500g, 4°C, [0 min). Plasma samples were
aliguoted and stored at — 80 °C until further analyses.
Metabolomics

(60147} The Mavo Clinic Metabolomics Core conducted a guantitative analysis of
amino acids and amino acid metabolites in plasma samples using a hguid chromatography-
tandem mass spectrometry (LC-MS/MS} method with Waters MassTrack Amino Acid
Analysis Sohution (Waters, Milford, MA}.(Lanza et al. 2010} Plasma samples and amino acid
reference standards were prepared using Waters' MassTrak Amine Acid (AA) Analysis
Solution kit, with minor modifications for detection on a mass spectrometer. A 1{-point
standard concentration curve was made from the calibration standard solution to calculate
amino acid concentrations in plasma samples. A total of 46 amino acids and metabolites were

able to be measured. Table 3 lists metabolites measured tn thus study.

{30148} Table 3. List of metabolites measured 1n this study.
Alanine Isoleucine
Allo-i1soleucine Leucine

Alpha-anino-n-
butvric-acid
Alpha-ammoadipic-
acid Methionine

Lysine

Arginine Methvlhistidine-1
Asparagine Methyihustidine-3
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Asparticacid Omithine
Beta.alanine Phenvialanine
Beta-amino-iso-

butvric acid Phosphocthanolamine
Citrulline Proline
Cystine Sarcosine
Fthanolamine Serine
Glutamicacid Taunne
Glutanmine Threonine
Glycine Tryptophan
Histidine Tyrosine
Hydroxyproline Vahne

Genotyping

[00149]

PCT/US2024/019806

According to the manufacturer's instructions, DNA was extracted from whole

blood as previously described (Acosta, Camiller, Shin, Vazquez-Rogque, et al. 2018) by
TagMan® SNP Genotyping Assays (Applied Biosystems, Foster City, CA) using 10-20ng
DNA. Following PCR amplification, end reactions were read on the ABI 7500 Fast Real-Time
PCR system wvsing Seguence Detection Software version 1.3.1 (Applied Biosystems). SNPs
previously reported to be associated with vanation of BMI, postprandial satiation, and with
pharmacological response to sibutramine or involved in the control of gastrointestinal functions
in a preliminary study were extracted from the full set of genome-wide genotypes using PLINK
and were tested for association with gastric emptying using linear regression methods. Selected

SNPs are described in Table 4.

[00150]

in this study.

Table 4. Minor allele frequencies of sciected genes and reference for selection

Minor
SNP GENE Allele | AA | Aa | aa | (g | Hg) | MAF Reference
(Wrzosek et al.
rs7963146 TCF7L2 T 127 1 94 9 107310281 028 | 2619
rei7782313 MC4IR C 1301 87 16 107410261 026 | (Yuetal 2020y
(Mérginean et al.
rs5443 GNB3 T 1031 104 | 26 106710331 033 | 2009
{Papathanasopoulos
re} 129649 GNB3 C 93 109 1 29 {0641 0361 035 |etal 2010
{Papathanasopoulos
rsif47776 GNB3 A 174 | 53 6 10801014 016 |etal 2010
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(Galmés, Palou,
8639366 {JCP2 T 83 1 118 | 32 10611039 037 | and Serra 2020)
{Acosta, Camilleri,
Shin, Vazquez-
Rogue, etal. 2015;
van Abeclen et al.
rs2078877 UCP3 A 44 1123 1 66 {0451 0551 053 | 2008)
{Salopuro et al.
518763 {JCP3 A 1251 94 14 107410261 025 | 2009
{Acosta, Camilleri,
Shin, Vazquez-
rsi626521 JCP3 A 54 57 33 105710431 046 | Rogue, etal. 2015)
(Miranda ¢t al.
rs3813929 HTR2C T 170 1 34 9 (08510151 020 | 2013)
{Wrzosek ¢t al.
rsi 15548258 GPBAR! T 49 P01 1 83 104316571 0.60 | 201N
Predictive Model Creation and Validation
60151} The abnormal satiation phenotype was then determined for patients by creating

a machine~lcarning (ML) model for appetite using the full phenotype tosts (FPTs). To generate
the ML predictive model, two independent cohorts of patients with obesity were included who
cach completed the following validated tests at baseline: a) satiation, studied by ad fibifum
buffet meal (kcal consumed to maximal fullness), and b) gastric emptying of solids studied by
scintigraphy. A fasting blood sample was collected for satiety (PYY, GLP!) homones
(ELISA}, metabolomics (Mass Spectometry), and DNA (SNP Array}. In the first cohort of a
total of 799 patients (mean BMI of 38.5 + 4.38 kg/m?), a multivariate logistic regression Mi-
driven model for appetitc was developed by using the FPTs with all bascline data collected.
The lincar predictor was caleulated with the model's parameter estimates to fit v=atbx. The
ML, FPT model was then validated in an independent cohort of 141 patients (BME: 39.09 =
7.40 kg/m®).

Statistical Analysis

60152} Categorical variables are presented as percentages, and all continuous data are
summarized as mean and standard deviation (8D}, Descriptive statistics were used to show
demograplue, anthropometric, and physiologic parameters. Statistical festing of distributions
{Abnormal postprandial satiety vs. normal postprandial satiety) were assessed by a two
sampled unpaired t-test if data followed a Gaussian distribution or Mann Whitney test if non-
Gaussian  distribution. All tests were two-tailed, and a p-value <0.05 was considered
statistically significant. Multivariable regressions were applied to mvestigate the association
between satiation as continues variable and owr exposures {demographics, anthropometrics,

vital signs, questionnaires, metabolites, and hormones), and R* values were reported. Statistical
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analvsis was performed using IMP®, Version 14.3.0 (SAS Institute Inc., Cary, NC, 1989-2019)
and visualized with GraphPad Prism (Version &)
Results

Cohort Measurements and Heterogeneity of Satiation

{30153} To evaluate food mtake, and particularly satiation, adelts were recruited with
obesity (body mass index >30 mg/ke®} aged between 21 to 70 vears to complete a full day of

-
I
7

in-person physiologic testing (FIG, 1). 717 subjects were studied during a full dav of in-person
physiologic testing. Participants were mostly nuddle-aged females (759} and Whate
Americans, with a mean BMI of 362 kg/m? (Table 1). The findings were validated with
baseline physislogic characteristics of 163 adults with obesity recruited for a weight loss trial,
methods and results of the trial have been previously published (Masclhi et al, 2022, in press).

(60154} All participants reported after an &-hour fasting and had a standardized breakfast
of 320keal with 30% to measure gastric emptying for 4 hours and complete appetite ratings m
this period. The mean GE T %2 was 127.0 = 32.7 mun, temales have a slower gastric eraptyving
when compared to males (132.7 + 31.5 min va, 109.6 £ 30.3 min; p<0.001} (FIG. 24). With
the same standardized meal, females reported lower levels of hunger and higher fevels of
fullness and satistaction than males (FiGs 2B-B). Following their last scan, participants had
thetr satiation test which consisted of an ad /ibifiom meal. Participants were served the prepared
meal and were asked to eat until reaching fullness. The mean calornies to fuliness were 9174 +
315 5 keal, and females consume fower calories to reach fullness (8352 £ 259 1 kealvs. 11642
+ 340.5 keal: p<0.001} (FIG. 2E-H). These highlights the huge heterogenetty in food mtake m
patients with obesity and the gender differences which required to assess these components

separately between females and males.

Predicting Individual Satiation within Panents with Obesity,

{30155 Participants were asked to complete behavioral guestionnaires and were
assessed by a physician to confirm their medical history. A targeted metabolite panel (Tabie
3) was measured along with enderoendocrine hotmongs {i.¢., glucagon like peptide 1 {GLP-1],
peptide YY [PYY], and ghrelin). All data at different -omuies level was used to explan the
variability of satiation. The data showed that among the tnput variables baseline characteristics
{age. gender, and race)} can explain the most significant proportion of postprandial satiety

variance (r*= (.24} (FIG. 3).
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Characterization of Abnormal Satiation

(60156} Next, the cohort was divided into quartiles by gender and  participants with
normmal and abnormal satiation were compared. In the normal satiation group, fomales
consumed less than 650 keal to reach fullness and males less than 927 keal. While in the
abnormal satiation group, females consumed more than 977 keal to reach fullness and males
more than 1374 kcal (Fable 2). First, gastric empiving between groups was evahuated,
participants with abnormal satiation have a faster gastric cmptying with 111.7 + 298 min half
emptyving time compared with 124.5 £ 32.7 mun n the normal satiation group (FIG. 4A). The
homonal corves between groups was then evaluated. There was no difference in ghrelin, but
partictpants with abnormal satiation were observed have higher levels of GLP-1 (1198 £ 85
ug/mlvs. 936+ 6.9 ug/mi) and PYY (1198 £ 8.5 ug/ml vs. 9.36 + 6.9 ug/ml} after 90 minutes
of a standardized meal of 320 kcal (30% fat} (FiGs. 4B-B). Finally, appetite sensations
between groups were compared, and participants with abnormal satiation had more hunger and
fess satisfaction at all timepoints after their breakfast, lower fullness at baseline and at 60, 90,
and 120 minutes (FIGs. 4E-G). And in general, participants with abnormal satiation wanted to
cat more than thetr control group at all timepotnts. There are large interpersonal differences
satiation, but this classification allowed characterization of this group of participants who
prescot a different subjective response measured with appetite scales and objective response
measured with gastric emptying and postprandial hormonal levels to the same meal.

Prediction and Validation of Normal and Abnormal Satiation

66157} Next, clinical and -omics factors were integrated into an algonthm that
differentiate normal vs, abnormal satiation (i.¢., the machine-leaming (ML) model for appetite
using the full phenotype tests (FPTs). To this end, the algorithm was developed on the main
cohort of 799 participants, and performance was evaluated o the validation cohort of 141
subjects that completed the same assessments. Integrating demographics, anthropometrics, and
fasting blood parameters, the ML-driven, full phenotype biomarker had an AUC of >0.80,
while the validation cohort had an AUC of .84 (FIG. §).
to hraglutide

{00158} To assess the clinical relevance of the predictor model, we tested the predictions
with short term response to liraglutide were tested using the ME-driven, full phenotype
biomarker. Previousky, baseline characteristics have not been able to discrinunate responders
from non-responders. Energy intake has been used as a clinical measure to assess the effect of

hiraghutide on weight loss(Van Can ¢t al. 2014, Horowitz et al. 2012; Flint, Kapitza, and
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Zdravkovic 2013). And weight loss was found to be associated with a decrease in keal
consumed during ad fbitum meal in two studies{Van Can et al. 2014; Fhint, Kapitza, and
Zdravkovic 2013}, Responders were classified based on a climically significant response of
greater than 5% total body weight lost and the ML-driven, full phenotype biomarker model
was used to diseriminate responders and non-responders. In particular, the performance of the
FPT (n=60} was tested in predicting response to treatment with liraghitide (LIRA) 3mg SO
/day from a randomized, placcbo-controlled trial of 16 weeks. A response was defined as >5%
total body weight loss [TBWL%]. Analysis was done using student’s T-test to compare among
the predicted groups. In participants with hiraghatide, the ML-dnven, foll phenotype biomarker
madel bad an AUC of 0.70 to identify responders (FIG. 6A). To confinm s utility to detect
response to hiraglotide rather than just weight loss, the model was tested in patients with placebo
and the model had an AUC of 0.63 (C10.33 to {.73) {FIG. 6B). Finally, the actual total body
weight loss percentage was evaluated in participants predicted as responders (i.e., patients with
a non-hungrv bram or non-abnormal satiation phenotype} and non-responders {(i.c., paticuts
with a hungry brain or abnormal satiation phenotyvpe) and the TBWLY in groups predicted as
responder vs. non-responder using FPT was <7.643.4 vs. -3.643.3; p<0.001 (FIG. 6Cy The
same testing was performed in the placcho group, and here, the difference was non-significant
between groups {(FIG. 6D,

Discussion

60159} Individual aspects of satiation were explored at different onuc levels and a
prediction model for abnormal satiation was developed. Basic vanables, such as demographics
or anthropometrics, canvot explain observed vanability and arc insufficient m predicting
abnormal postprandial satiety, highlighting the importance of deep phenotyping incorporating
many variables in characterizing physiologic components of food intake. The ML, FPT
prediction model developed in this Example had an AUC>0.80 and was validated 1 an
independent cohort of patients with obesity. And this allowed discrimination of responders to
GLP-1 analogues in a short-term placebo-controlled trial.

60166} Individual vanability mn predisposition to weight gain and resistance to weight
reduction may partlv be explamed by mter-individual vanability in all stages of food mitake,
hunger, satiation, and satiety {Gibbons et al. 2019) Abnormal satiation is thought o be a risk
factor for overconsumption (Drapean ot al. 2007) and is associated with obesity (Acosta,

Camilen, Shin, Vazquez-Rogue. et al. 2015} .
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Example 2- Development of Obesity Phenotype Polygenic Risk Score/Machine Learning
Predictor

Background

00161} Human genetics drive our propensity to have certain characteristics. These
characteristics can often be complex and resalt from differences in several parts of our genome.
Now that technologies are available to identify genetic differences between individuals
(variants), the challenge becomes wdentifying which varants are relevant to a particular
characteristic, such as susceptibility to a disease. Being able to identify relevant vanants and
how they contribute to a characteristic enables prediction of, among other things, disease risk.
One method known o that art that can do thus identification and can predict the ikelithood of a
charactenstic are Polvgenic Risk Scores (PRSs).

60162} A PRS typically starts with a basic regression or statistical model to identify the
relevance of a SNP. Using a regression model, the relevance is the effect size of a SNP {i.¢c,
beta value of the regression). Using a statistical model, the relevance is whether the p-value of
association between the SNP and the particular trait 1s less that a certain threshold. Whichever
the approach, the mformation about the variants in a particalar sample are combined. For
regression models, it may be the sum of the beta values for SNPs with an effect allele, while
for statistical models, the count of the number of SNPs below the p-value threshold with an
effect allele. Additional transformations can be involved, such as various forms of
normalization, as well as numerous quality control steps, such as accounting for linkage
disequilibrium. However, these approaches have several shortcomings.

00163} {One basic shortcoming 1s that identifying which variants are relevant can be
ambiguous due {o the structure of genetic inheritance. Further, the low statistical power of the
basic genctic analyses underlying PRSs can create PRSs that are irrclevant to the characteristic.
Because the number of samples required to have sufficient statistical power to overcome these
sources of ambiguity is infeasible, a differcnt approach was warranted.

Objective

60164} The purpose of this study was to develop a new type of PRS that integrates
expert guidance, machine leaming, and nop-genetic/multi-omic data that addresses the
shortcomings of standard genetic analysis and can serve as a simpler, BNA only, sarrogate to
the ML, FTP obesity phenotype predictor developed in Example |. The approach taken in this
Example side stcpped resolving ambiguity by allowing it to be present in imial steps of
generating a PRS and m later steps used expert and data-derived guidance to minimize

ambiguity. Further, while the approach used herein uses some standard PRS components, such
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as quality control steps to control from sample relatedness and regression between genetics of
a set of samples and a particular trart, the approach used herein avoided the irrelevance of
naively scoring a particular characteristic duectly and mstead sought to first estimate the
contribution of an ndividual’s genctics to a set of traits associated with the particular
characteristie.

Materials and Methods

(60165} Conceptually, the adaptive contribution-factor-based PRS of this Example was
developed as follows:

{60166} Rather than using regression beta values across the genome naively, the beta in
the regression model was transformed using an algonthm that encoded biological factors about
genctics, epigenetics, gene regulation, and stnilar, for each variant. The output numoerical value
representing the contribution of a variant to a trait after this algorithm muns was termed the
Contribution Factor. This was step (3} in the diagram shown in FIG, 7.

66167} Rather than using SNPs independently, the effect vanants at SNPs may have on
a particular gene were summarized, ereating an imtermediary Gene Risk Score (GRS} To
gencrate a GRS, the dosage of variants around a gene were ntegrated with the contribution
factor of each SNP. The resulting value was a risk score that represented the likelihood that the
variants around that gene change the function or regulation of that gene, which in tum plavs a
role in the characteristic.

60168} Because the gence risk scores reflected a particular trait, and not the characteristic
1o be predicted, extra steps were taken to identify gene risk scores that best explained the target
characteristic. Expert guidance and machine learming techmgues were combined to iteratively
remove irrelevant genes (rather than vartants individually}. This tterative process ended when
the gene list was whittled down to the shortest list of gences whose gene risk scores for a set of
samples best explained the charactenstic in those samples. This was the Adaptive steps (4), (5},
and (6) in the diagram shown in FIG. 7.

30169} Finally, the PRS combined these intermediary gene risk scores for all selected
traits as well as non-genetic and/or mulii-omic data {step (7} in FI1G. 7) to predict the target
characteristic. This prediction was the adaptive contribution-factor-based polvgenic risk score
{step (8) 1 FIG. 7).

G011 76} In this Example, an adaptive contnbution-factor-based PRS was developed to
predict the Hungry Brain (1.¢., abnormal satiation} obesity phenotype. Hungry Brain is a type
of obesity driven by a defect in satiation: the brain does not properly signal that the stomach s

full, leading to overconsumption of calorics. Humgry Brain is defined as consuming above the
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TS%le amount of calories at an ad [birem meal. SNP variant information from quality-
controlled samples from 497 of the 799-patient cohort (mean BMI of 38.5 + 4.38 kg/m?)
referenced in Exaraple. was obtained using a SNP chip. Quantitative traits were also collected
for these 497 patients. A regression between the variants in these samples and a trait called
‘buffet meal” was performed. This “buffet meal” trait was the number of calories consumed at
an ad libitum meal. Because this trait was substantially different in males vs females, separate
regressions for male samples and female samples were performed rather than including them
as a cofactor. In particular, a LASSO regression through the PLINK 2.0 tool using default
settings was used to perform the regression analyses.

60171 Subsequently, contribution factors and gene risk scores were created, and the
adaptive step of the process outhned in FIG. 7 was performed. The contribution factor was
derived from the beta value bat was the cutput of a function that also takes other parameters
into account. The other parameters included the proximity of the varant to the gene, apparent
mechanistic role of the varant {c.g., as within an intron vs exon vs enhancer region), or
metadata about the SNP in relationship to the gene, such as the likelihood that it alters
expression of the gene. The contribution factor and dosage nformation of SNPs within each
gene and withing 500KB of that gene were then integrated to create a gene risk score for cach
gene. Importantly, the GRS was not calculated for all known genes, but only for an expert-
guided set of 22 genes. In fact, for each of these genes, two GRSs were created, one using
contribution factors based on the male regression model and the other based on the female
regression model. Using forward feature selection and random forest predictors, a plurality of
GRSs across a plurality of the genes were identified that are predictive of the Hungry Brain
phenotype in the tramning cohort, with the remaining GRSs not providing any further benefit.
60172} Fmally, a PRS using the selocted GRSs was created and validated 1o an
independent cohort of 141 patients (BMI: 39.0% + 7.40 kg/m®). The final PRS was built using
the 13 selected GRSs nommalized with a Yeo power transformation and the height of the
individual using a support vector classifier (SVC). The SV was trained using a linear kemel
and g C value of 0.001 vsing SMOTE oversampling of the 497 samples. The final PRS was
then the trained classifier’s predicted probability of Hungry Bramn {e.g., abnormal satiation}.
{60173} Subsequently, the performance of the PRS (n=40) model in predicting response
1o treatment with liraghatide (LIRA} 3mg SO /day from a randomized. placebo-controlied trial

of 16 weeks was tested. Like in Example 1, 3 respounse was defined as >5% total body weight
foss [TBWLS%]. Analysis was done using student’s T-test to compare among the predicted

SIoups.
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Results and Conclusions

08174} In the training cohort the PRS model had an AUC>0.80. In the mdependent
validation cohort, the PRS had an AUC=0.70 with a sensitivity of 0.71, specificity of 0.65, and
PPV of 0.53 was measured {see FIGs 8A-8B}. Note that because the phenotype was defined
as being above the 75%ile of calories consumed, o priori a PPV of .25 for random guessing.
When used to predict respounse to liraglutide, the PRS an AUC=0.69. |n paticnts treated with
hraglutide, the TBWL% in groups predicted as responder vs. non-responder using the PRS was
-8.04+4.4 vs. -3.643.3; p=0.056 (FIGs 2A-9B). There was no difference among the predicted
groups in patients who received placebo.

08175 The MI-~driven, full phenotype biomarker and its PRS surrogate for appetite
can predict response o treatment with a GLP-1 analogue. The findings support a novel
approach for precision medicine for obesity. The PRS maodel might be a simpler test to deploy

in the clinical practice.
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Example 3- A polygenic risk score to identify abnormal satiation predicts response to
phenetermine-topiramate

Background

60213} Anti-obesity medications have highly variable outcomes. The inventors
proposed an cbesity classification based on phenotypes to address this heterogeneity in weight

foss response. o a 2-week randomized clinical trial (RCT), the inventors showed that one of
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the phenotypes, abnormal satiation, measured with calories to fullness (CTF) during an ad
libitum buffet meal (>75th percentile) had superior weight loss outcomes with phentermine-
topiramate ER (phen-top}. However, current methods used to identify phenotypes are time-
conswming, mvasive, expensive, and hmited to a few academic centers. Here, a biomarker for
abnormal satiation has been developed and validated and its efficacy was assessed to prediet
weight loss outcomes in a RCT of phen-top vs placebo.

Methods

00214} The bromarker for abnormal satiation was developed 1o an independent cohort
of 497 patients using a polygenic nsk score (PRS) dertved from an expert-guided set of SNPs
n 22 genes, and demographic characteristics. This model was validated i a new mdependent
cohort of 141 patients. A post-hoc analysis of a 12-month, double-blinded, single~center RCT
was conducted that randomized 80 patients with obesity to either placebo (=38} or phen-top
{n=42). These patients completed phenotype testing at baseline. Wilcoxon tests were used to
compare the total body weight loss (TBWL) among pationts with or without abnormal satiation,
defined by either CTF in an ad /ibisum buffet meal or with the biomarker, in patients assigned
1o phen-top or placebo.

Resulis

[60215] In the mdependent validation cohort, the biomarker for abvormal satiation had
a ROC=0.72. In the trial, at 12-months, the phen-top group had a TBWL of 16.4 kg {10.3}, as
compared to 6 kg (11.8) {(p=0.005} in placcho. At 12 months, within paticnts assigned to phen-
top. those with abnonmnal satiation defined by CTF (40%) had a higher TBWL. than the normal
satiation group {23.1 kg (11.9}) vs. 12.8 kg (8.0), p=0.02]. The biomarker performance for
predicting a TBWL >15% at 12 months in patients assigned to phen-top had an ROC=0 .88,
and those with a positive test (20%) had a higher TBWL than those with a negative test {30 kg
(3.9) vs. 12.8 kg (1.9}, p=0.006]. There was no difference in the placcbo group with either
approach.

60216} Conclusion: Abnomal satiation phenotype, measured by CTF in ad libitum

buffet meal or by a polvgenic nisk score, predicts response to phentermine-toptramate ER.

Example 4- A machine-learning-assisted gene risk score to identify abnormal satiation
and it use in predicting respouse o anti-cbesity interventions

Objective

36217} This example amms to explore the varability of human satiation, a key

componernt of encrgy intake, and its potential implications for precision obesity management.
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Through this, satiation was revealed to be highly variable among mdividuals, and while
baseline characteristics, anthropometrics, body composition and hormones, contribute to this
variability, they alone cannot account for the totality of the varance in satiation. To address
this gap, the role of a polvgemce risk score was explored, which demonstrated a robust
association with satiation. Furthermore, a machine-leaming gene risk score was mtroduced o
predict satiation and to assess this score in the prediction of responses to anti-obesity
medications.

Methods

Strdy population

(60218} Baseline characteristics were collected from participants with obesity recrurted
between 20190 and 2021 at Mayo Chinue, Rochester, MN, Eligible participants were adults aged
18 to 73 vears, with obesity (BMI > 30 kg/m?2), with or without type 2 diabetes, and otherwise
healthy. Exchision criteria included a history of abdominal surgery (except for appendectomy,
laparoscopic cholecystectomy, cesarcan section, or tubal ligation), chronic gastrointestinal
diseases, systemiic discases affecting gastromtestinal motility, and the use of medications that
may alter gastrointestinal motility, appetite, or absorption. Ethical approval for the use of data
and samples from prior studies for the characterization and development of a biomarker was
obtained from the Mayo Chinic Institutional Review Board (IRB#: 17-000838). All participants
provided written informed consent for study participation, including the use of their genetic
information in fisture studies.

[06219] Study Cohorts:

60228} Thas study mncluded two distinet cohorts of participants. The imitial study cohort
comprised atotal of 717 participants who completed a full day of in-person deep-phenotyping.
This initial cohort was further divided into sub-cohort 1, utilized for training the machine-
leaming models, and a sub-cchort 2 used for validation of the models. The validation cohort
consisted of 62 participants that also were part of the 32-week, double-blind, placebo-
controlled, randomized clinical trial comparing phentermine-topiramate extended-release
versus placebo (NCT04408586),

60221} The sccond cohort consisted of 110 participants who underwent deep-
phenotyping and were enrolled in a 16-week, double-blind, placebo-controlied, randomized
clinical trial comparing liraglutide versus placebo® (NCT03523273). This cohort served as the
ndependent testing cohort. Upon excluding related samples and samples from outlier genetic
backgrounds, the validation cobort for the genetic models was refined to a total of 50 samples.

Study Protocol for Beep Phenotyping and sample collection, and handling,
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Tn-person physiologic testing visit

60222} Participants underwent screening to meot inchusion and exclusion criteria and
were sent a pre-visit study pack containing questionnaires (Hospital Anxiety and Depression
Scale [HADS] questionnaire, Questionnaire on Eating and Weight Patterns, and the Three-
Factor Eating Questionnaire {TFEQ-R21}) to complete at home. Upon arriving at the Clinical
Research Trials Unit (CRTU) at Mayo Chinic, Rochester, MN, between 6:00 am and 8:00 am,
participanis were measured for heart rate and blood pressure while fasting. Standard clinical
technigues were used to measure weight, height, hip, and waist circumference. Following the
anthropometric measurements, participants underwent a baseline fasting blood draw,
consumed a standardized radiolabeled breakfast to measure gastric cmptyving, and had
an ad libitum meal for lunch (FIG. 10A).

Outcome variables and sample collection, handling, and anclysis

1060223} Gastric emptying for solids

66224} Participants received a standard breakfast comprising 320 keal and 30% fat,
including two 99mTe-radiolabeled eggs, toast, and 80 mL of skim milk. Images were taken
immediately after ingestion and at regular wtervals for a total of 4 howrs. Gastric emptying
(GE) was summarized by the half-emptying time (GE T1/2) in minutes®® (Camilleri et al.

2012).

{36225} Fasting and postprandial gastric volumes
60226} Participants gastric volumes were measured by single photon cnussion

computed tomography imaging (SPECT) of the stomach after mntravenous injection of 99mTc-

pertechnetate during fasting and afler 300mL Ensure drink™,

60227} Satigtion test: Ad libitum meal
(60228} The ad fibitum meal included: vegetable lasagna [Stouffers®, Nestic USA, Inc,

5

Solon, OH: nutritional analysis of each 326g box: 420kcal, 17g protein (16% of energy), 38¢g
carbohvdrate (37% of energy), and 22g fat (47% of energy}]; vanilla pudding [Fhnts®, Kraft
Foods North America, Tarrytown, NY, nutritional analysis of cach 99g carton: 130kcal, g
protein {3% of encrgy), 21g carbohvdrate (63% of encrgy), and 4.5¢g fat (32% of energy)h, and
skim milk [nuirihonal analysis of cach 236mL carton: 90keal, 8g protemn (36% of energy), 13g
carbohvdrate (64% of energy}, and Og fat]. The total amount (g and kcal} consumed and the
keal of cach macronutrient at the ad libiium meal were analvzed by a registered dietitian using
validated software (ProNutra 3.0 Viocare Technologies Inc. Princeton, NI}, Participants were
served the prepared meal. Subjects were asked to consume any food products until they

achieved maximum satiation. A visual analog scale was used to assess maximal satiation (rate
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0 to 5). As the subject completed each meal component, the empty plate, empty pudding
container, and/or Hguid volome of milk were weighed back. Once the subject reached
maxunum satiation, the total weight of food products consumed was sumamarized. The primary

measurement was total keal consumed to satiation (CTS).

136229} Eating behaviors
1062306} The Three-Factor Fating Questionnaire (TFEQ-R21} is a validated

questionnaire designed to assess eating and weight control behaviors®. Participants completed
the TFEQ-R21 on their baseline asscssment visit. The TFEQ-R21 is a 21-item mstrument that
measures three domains of eating behavior: cognitive restraint (CR), uncontrolied eating (UE),
and emotional cating (EE). The first twenty items are rated on a 4-point Likert scale, and item
21 1s answered through an 8-point Likert scale. Before calculating domain scores, iteras 1-16
were reverse coded, and ttem 21 was recorded as follows: 1-2 scores as 1. 34 as 2; S-6as 3;
7-8 as 4. Domain scores were then calculated as amean of all items within each domain; hence,
domain scores ranged from | to 4 (CR [six tterus], UE {nine items], and EE {six items}}, with

higher scores being indicative of greater CR, UE, and EE,

60231} Sample collection
(60232} Informed consent was obtained from all participants. Baseline blood samples

following an overmight fast were collected from cach subject into 6mi EDTA blood collection
tabes. Serum was kept at room temperature and immediately prepared for subsequent analysis
of routine laboratory analyses or aliquoted and stored at — 80 °C umtil further analyses.
(062331 DNA extraction

(60234} The samples were thawed at room temperature and a lvais buffer was added.
The samples were then incabated at 56°C for 10 minutes. Protemase K was added, and the
samples were incubated at 56°C for an additional 30 minutes. Phenol/chloroform was added,
and the saraples were vortexed to mix. The samples were then centrifuged at 10,000 rpm for
10 punutes. The agueous laver was transferred 0 a new tube and ethanol was added. The
samples were vortexed to mix and then centrifuged at 10,000 rpm for 10 minutes. The
supematant was removed, and the pellet was aur-dried. The pellet was then resuspended u the
TE buffer. The DNA was purified using a commercial DNA punification kit. The kit included
a lysis buffer, proteinase K, phenol/chloroform, and ethanol. The DNA was purified according
to the mancfacturer's instroctions. The DNA was quantified osing a NanoDrop
spectrophotometer. The DNA concentration was determined by measunng the absorbance of

the DNA at 260 nm.
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002335} Metabolomics

{00236} Blood samples were collected from participants and stored at -80°C until ready
for analysis. The samples were thawed at room temperature and vortexed to mix. The saraples
were analyzed using liqud chromatography-mass spectrometry (LC-MS/MS). The samples
were first separated on an LC column using a gradient elution method. The eluted compounds
were then detected by mass spectrometry and the peak arcas were quantified. The metabolites

were identified by their mass-to-charge (m/z) ratios and retention times.

{60237} Hormones
{60238} In this example, the levels of appetite-regulating hormones were measured,

Peptide YY (PYVY), glucagon-like peptide-1 {GLP-1), and ghrelin, 1n human blood samples
using enzyme-linked immunosorbent assay (ELISA). ELISA 1s a bighly scusitive and specific
techoique that allows for the guantification of target hormones in plasma. Monocional
antibodics specific to PYY, GLP-1, and ghrelin were immobilized onto microtiter plates, and
the blood samples were added to allow hormone binding. Subsequently, a second enzyme-

Iinked antibody was added, mitiating a color-producing reaction proportional {o the hormone

concentration.
60239} Genome-Wide Association Study (GWAS)
(002461 Genotyping was carned out using the Ulwoina Infintum BeadChip technology.

Quality control measures were implemented to ensure data accuracy and reliability, and
samples with low call rates or ambiguous results were excluded from further analysis. Prior to
analysis, further metrics were implemented to ensure only accurate genotype calls were used.
SNPs with a call rate < 0.95 and samples with call rate<0.95 were removed. The relatedness
between cach sample was assessed using the kinship coefficient. One subject from the
following related pairs was retained: twins, parent/offspring, and full siblings. The sample with
the higher call rate was retained. Genomic ancestry was assessed using STRUCTURE. Non-
White samples were removed {e.g., >20% non-White)}. Calls for SNPs with heterozygosity <
1x10%6, MAF of 1%, and an information score of < 0.X. SNP flips between samples were
handled automatically by the analvsis software.

60241} P-values for each SNP were derived using a set of 497 samples. These samples
have both genotyping data for 2.7M SNPs typed using IHumina’s Onwmi Exome array and CTS
and exclode related samples and samples from outlier genetic backgrounds. Using PLINK 2,
lincar regression was performed using age as a covanate. Regression was performed separately

for males and females as they have different CTS endpoints for lugh calories to satiation.

79



WO 2024/192177 PCT/US2024/019806

00242} Candidate Gene Selection & Polvgenie Risk Score

{00243} A set of candidate genes to buwild a polygenic risk score were selected from a
literature review based on their biological relevance 1o obesity and previous evidence from
genetic studies (Table 8). Genes wmvolved 1n appetite regulation, encrgy expenditure, hipid
metabolism, and adipogenesis were prioritized for inclasion in the study. This resulted in a set
of 40 genes and 19,161 unique annotated vartants, of which 2,637 were SNPs contatned in the
Omut Exome array. The weighted risk alieles were correlated with CTS for cach SNP that had
genetic vanability across the 497 samples and selected the top 10% most correlated SNPS (n
= 2273 as those most likely involved i appetite regulation. Subsequently, the PRS for each
individual was calculated by summing the weighted risk alleles of the chosen SNPs,

30244} Table 3. List of selected candidate genes for the development of the polygenic

risk score for satiation.

#of
Gene location GRS

Number {Gene Gene name {GRCH3I8/Mg38) SNPs

i chri0: 111,077,029 1,265
ADRAZA  |adrenocepior alpha 2A 111,050,907

2 chri6:67,482 571- 875
AGRP agouti related newropeptide 167,483,547

3 Brain-derived neurotrophic chril:27,654,893- 1,033
BONF factor 27,720,779

4 CADM?2 cell adhesion molecule 2 chr3: 84,959, 546-86,066,835{ 1,249

3 Fas apoptotic inhibitory chrl2:49 866,896~ 1.667
FAIM2 molecule 2 49,903,900

6 FANCL FA complementation group L jchi2:38,159,243-38,241,345] 1,100

7 fibroblast growth factor chr3:177.086,915~ 1,392
FGFR4 receptor 4 177,098,144

8 FTG alpha-ketoglotarate- chri6:53,704,156~ 1,873
FTO dependent dioxygenase 54,121,941

9 ghrelin and obestatin 1,810
GHRL prepropeptide chr3:10,285.750-10.290,914

10 gasiric inhibitoty polypeptide [chri9:45,668.221- 1,599
GIPR receplor 45,683,722

i1 glucagoun-like peptide 1 1,596
GLPIR receptor chr6:39,048,781-39,091,303

12 GNB-3 G protein subunit beta 3 chri2:6,840,925-6,847.393 | 1,689

i3 glucosamine-6~-phosphate 949
GNPDA2 deaminase 2 chrd:44,701,795-44.726 556

{4 G protein-coupled receptor chrio: 19,856,691~ 1,317
GPRCSB class C group 5 member B 19,884,548

15 HOXRBS homeobox B3 chrl7:48,591,257- 1,600
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16 potassium Chammel 1,527
tetramerization domain chri9:33,796, 870~

KCTD1S containing 15 33,815,761

17 LEPR leptin receptor chrl:65.420,668-65,641,5591 1,393

18 leucine rich repeat and Ig chri3:77,613,670- 865
LINGO! domain condaining 1 77,696,148

16 membrane-bouad O- 1,305

acyltransferase domain

MBOAT4  {containing 4 chr8:30,131,671-30,144,665

26 chrif:60,371,062- 1,228
MC4R melanocoriin 4 receptor 60372775

21 chil1-47.617.317- 735
MTCH2 mitochondrial carrier 2 47642 559

22 NCOAL mclear receptor coactivator 1 fchr2:24,492,058-24,770,7021 1,234

23 NEGRI nearonal growth regudator 1 johel:71,395,943-72 282 5391 1,398

24 chrd 163,323,962~ 1350
NPYIR neuropeptide Y receptor Y1 1163,332,596

25 chrd: 135,208,636~ 1363
NPYZR newropeptide Y receptor Y2 1155217076

26 chrd: 163,350,219~ 1,347
NPY3R newropeptide Y receptor YS  [163,351.636

27 nuclear receptor subfamily 1 jchw2:100,473,708- 1,137
NRiH4 group H member 4 100,564,413

28 NUDT3 nudix hydrolase 3 chr6:34,279,679-34,392,6691 1,645

20 chri3:53,028,813~ 1,185
OLFM4 olfactomedin 4 53,052,057

30 proprotein convertase 1,168
PCSK1 subtilisin‘kexin type 1 chr5:96,390,333-96,433,248

31 POMC proopiomelanocortin chr2:25,160,915-25,168.903§ 882

32 polypyrimidine tract binding 1,183
PTBP2 protein 2 chri:96,721,783-96,823,738

33 chriG: 28,863,843~ 878
SH2B1 SZHR adaptor protein 1 28,874,205

34 SIM bHLH trasscrption chr6: 100,385,009~ 1,213
SIMI factor 100,464,921

35 chrif: 112,950,664~ 1,129
TCEL2 franscription factor 7 Hke 2 113,166,160

36 TFAPZB franscription factor AP-2 beta {che6:50,818,871-50,847,619] 924

37 TMEMIS Transmembrane protein 18 chi2:663,877-677,406 1,249

38 TNF receptor superfanily chrif:62,325,310~ 1,371
TNFRSFI1 A member 11a 62.391,288

39 TNNIZK TNNI3 interacting kinase chr}:74,235,387-74,544 428 | #99

40 chril-74.000,277- 1068
uceP-3 uncoupling protein 3 74,009,085
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41 chri1:73,974,672~ 1,094
ucp2 guconpling protein 2 73,982 843
{30245} Gene Risk Score Development
30246} In preparation for training a machine-learning gene risk score {ML-GRS)

maodel, a method for the scoring of genes was created. This score nurserically represents the
overall contribution of vanants 1 and around a candidate gene to CTS. To calculate this score,
contributing factors at variants near the 40 candidate genes were mvestigated. These factors
{deemed “contribution factors™) included the resulting beta value from lincar regression
analysis (using sex-specific endpoints} and other parameters such as the varant's proximity to
the gene, and its apparent mechamstic role in gene. Integration of these factors {contribution
factors) and SNP dosage information was performed across an extended region of one
megabase pairs flanking the candidate genes, incorporating several hundred varants per gene
{Table 6). This process resulted in two numerical representations of each genes’” contribution

to CT8S, each of which was termed a Gene Risk Score (GRS).

(60247} Table 6. Demographic characteristics and parameters of energy balance

regulation by low and high calories consumed fo satiation (CTS).

High CTS Low CT§

=179 =161 p-value
Age, years 391+ 106 4324119 <§.001
Females, 0 (%%} 134 (75%) 121 {75%} 0.95
Weight, ke 109.6 +23.0 10454227 0.04
Height, cm 1706+£90 1581 £89 .01
Harns-Benedict, keal/day 19386+ 3553 18552 +£3598 $.03
BMI, kg/m?2 376+74 3687+67 0.31
Systolic blood pressure, mumHg 1296+ 148 1325+ 159 0.08
Dhastolic blood pressure, mmHg 7694108 8134108 0.95
Pulse, bpm 7224113 753 +123 $.92
‘Waist circumference, cm 113.0+ 157 1127+ 1351 0.89
Hip circumference, cm 1246 £ 133 123.0+£13.1 0.26
Waist/hip, ratio (.90 + (.08 092+ 008 025
Gastric emptying 120 min, ratio 044 £0.16 0.50+0.16 <§1.0601
Gastric emptying T 1/2, mun 12194289 130.8 4324 0.008
Calories to satiation, keal 1293942600 681+ 1168 <{.001
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VAS-hunger before satiation test,

mim 665£222 3374249 <{1.001
VAS-fullness before satiation test,

mm 151+154 3024215 <§.001
VAS-hunger 2 hours CTS, mun 23.0+207 2344219 0.91
YV AS-Fuliness 2 hours CTS, mm 683 %232 6774246 0.83
Lean Mass, % 33173 S30+£59 0.90
Fat Mass, % 0.48 £ 0.07 048 +0.06 0.87
Diabetes, 0 (%) 15837 11 {647 0.25
Hx of prior use of AOM, n (%0) 43 (25 4G (23.5) 0.26

Abbreviations used: AGM, anti-obesity medications; BMI, body mass index; CTS, calories to
satiation; Hx, history; VAS, visual analog scale. Categorical variables were compared with
Fisher’s exact tests and continuous vanables with independent t tests. Continuous vanables are
presented as mean + standard deviation.

(60248} Further preparations for training the ML-GRS were done by adding other data
sources and retaining only the most informative candidate GRSs and other data soarces
{(together “features™}. The other data sources considered were demographic and anthropometric
sources {c.g., age, sex, weight). Forward feature selection was used identify the most
nformative features, In brief, starting with a single feature, the feature with the best training
accuracy using a random forest model was selected. Then the remaining feature with the best
training accuracy when combined with the previcusly sclected feature{s) were sclected. This
was continued until no accuracy improvement was observed. This method selected height,
weight, age, sex, and 16 genetic risk scores associated with 10 genes: SIMI*, PCSK1, SH2BI,
LEPR, UCP2* FTO* TCFTL2*, GLPIR, TNFRSF11A, and ADRA2A. Genes marked with
an asterisk had only the GRS derived from the female endpomt selected. Note that because of
the algorithm’s greedy approach, features were sclected when they were both predictive and
contributed novel information. Thus, some expected genes, such as MCAR, were not selected
because functionally related genes already contaimmed similar predictive information, not
because such genes were not predictive of CTS.

60249} Seores for selected features were generated for all samples with both genetic
information and CTS: 50 samples in the Phentermine/Topiramate trial; 110 in the Liraghitide
trial; and 483 that participated in neither trial.

[00250]

Machine-Leaming Model Training To Predact High Calories to Satiation

{30251} The ML-GRS was trained 10 483 samples using a Support Vector Classifier

{(SVC) with the 16 selected GRSs, height, weight, age, and sex to predict high calories to
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satiation positive individuals (H5+). HS+ was defined as those mdividuals whose CTS was
above the sex-specific 75th Yeile (Male = 1372.4273, Female = 977 3325) and the others as
HS-. A binary mdicator of sex was then included along with the genetic risk scores. Before
training, the scores were normalized using a Yeo power transform4 | and conducted SMOTE42
sampling to create synthetic samples for traming. An SVC model 10-fold cross-validation on
these oversamapled data was trained, with cach fold s test data normalized based on the training
data from that fold. A mean AUC = 0.82 was measured across the 10 folds. The final SVC
model used all the training samples. A SVC models were trained using the Python skicam svm
package with a linear kemel, C = 3, gamma = 0.01, and a balanced class weight. The final
model used oversampling and normalization for all 483 travung samples and vielded both an

HS+/- prediction and a probability of HS+ (p(HS+)).

60252} Machine-Learning Model Validation
1060253} To evaluate the model, the performance of the final SV satiation model’s

prediction accuracy was tested on two placebo-controlled trials. These samples mclude 50 from
a 52-week phentermine/topiramate trial (Test) which also underwent calornes to satiation
testing and had genotyping data. These samples” data were normalized the same as the training
and the HB+ class was set using the same C'TS thresholds. The outcomes of the samples of the
treatment arm of the study was also evaluated for those predicted to HS+ and HS- using a
threshold of p(HS+) > 0.5 to define HS+ The Total Body Weight Loss of mdividuals was
measured at 12-, 26-, 36-, and 52 wecks m cach group under the hypothesis that predicted HS+
individuals are better responders (>153%TBWL at 52 weeks). Comparison of predicted and

actual HS+/- shown in shown in Table 7A.

{00254} Machine-Leaming Model Independent Testing and Validation
[00255] The performance of the final SV model’s predictions on the Liraghutide trial

samples was then measured following the same procedures as the validation. These saraples
melude 110 from a 16-week hraglutide tnal which also have genotyping data and calories to
satiation in order to evaluate the outcomes of the samples of the treatment arm of the stady for
those predicted to HS+ and HS- using a threshold of p(HS+) < 0.5 to define HS+ The Total
Body Weight Loss of individuals at 5~ and 16-weeks i cach group were measured under the
hypothesis that, i this case, predicted HB- individuals are instead better responders
4% TBWL at 16-weeks). Comparison of predicted and actual HS+/- shown in shown in Table
138

30255} Table TA-B. Performance of the UTSaxrs predictions for characterization of

responders, defined by a total body weight loss percentage of at least A} 15% in participants
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assigned to phentermine-topiramate extended release at 52 weeks, and B) 4% in participants

assigned to biraglutide at 16 weeks.

A: Phentermine-Topiramate
Response Total
=2 {TBWL>15%)
5 Yes Neo
T & High |4 5 9
A S Low | 9 10
Total 3 14 19
B: Liraglutide
Response Total
=0 {(TBWL>4%)
5 & Yes No
B High |9 11 20
~ Wl low |23 4 27
Total 32 15 47
60287} Statistical Analysis
(66258} Continuous data were supvparized as mean and standard deviation, and

categorical variables as percentages. Statistical testing included two-sample unpatred t-tests for
Gaussian distribution and Mann-Whitney tests for non-Gaussian distribution. To explore the
variability between satiation, as measured by the kilocalonies consumed at an ad Ibirum meal
to satiation, and a comprehensive set of exposare variables including demographics (such as
sex, age, and race}. body composition {comprising fat mass, lean mass, and fat-free mass),
anthropometric measures  {(including  weight, height, waist crcumference, and hip
circumference), hommones {including PPY, GLP-1, and ghrelin levels), electronic medical
record-derived data (about medication usage and comorbidities), and responses to behaviosal
questionnaires, a multivariable regression approach was emploved. The primary outcome of
the analvsis was the coefficient of deternunation (R2) to quantify the proportion of variability
in satiation explained by these diverse factors. To assess the precision of the R2 estimates, the
standard error was calculated using the formula SER2 = ((4R2 (1-R2)2 (n ~ k ~ D)2}/ {((n2 ~
1y (3 + 03 1/2, where n represends the sample size and k represents the number of degrees of
freedom in the model. Additionally, 95% confidence intervals for R2 were reported, which
were computed as R2 +/- 1.96 times the standard error,

(60259} After stratifving participants by treatment allocation, independent t-tests were
conducted at cach timepout to evaluate differences in total body weight loss across different

groups (high CTS vs. low CT5 and high CTSors vs. low CTSers). No method for data
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imputation for missing weight loss outcomes at different time points was used. The final ML-
GRS model to predict CTS (CTSars), using all training samples, provided a continuous value
rangmg from 0 to 1, indicating the probability of having high CTS. Participants were
dichotomously classified as having high if the probability was equal to or exceeded 0.5, The
AUC was estimated by using the Wilson-Brown method for both CTS and CTSars values in
predicting the probability of achieving a weight loss equal to or greater than 4% and 15% of
TBWL for hraglutide and phentermime/topiramate, respectively. To evaluate the real-world
implications of the model's predictions, t-tests were conducted to compare variables such as
caloric intake, gastric emptying, and physiologic testing results among participants grouped by
their predicted satiation groups.

3826061 IMP Pro (Version 16.2.0., SAS Institute Inc, Cary, NC) and GraphPad Prism
(Version 10.0, GraphPad Software, Boston, MA) was employed for statistical analysis and
visualization. Genome-wide association analysis was conducted using PLINKZ. All models

were developed and trained using Python.

Results
60261} {Cohort Measurements and Heterogeneity of Satiation
(00262} in this comprehensive study, the factors influencing the heterogeneity of

satiation. The bascline charactenistics of adult participants with obesity (Body Mass Index
{BMI] > 30 kg/m®) recruited between 2010 and 2021, all of whom underwent a comprehensive
in-person  deep-phenotyping with physiclogical and behavioral assessmenis to  study
compounends of energy balance regulation were examine (FIG. 10A). The decp-phenotype
testing day started after an overnight fast and mcluded the measurement of resting energy
expenditure by mdirect calonmetry, body composition by dual x-ray absorptiometry, the
collection of blood samples, administration of a standardized radio-labeled 320-keal breakfast
to assess gastric emptyving by scintigraphy and appetite sensations scales, measurement of
satiation and behavioral questionnaires (FIG. 104). In the satiation test, parficipants consumed
an ad libirum meal consisting of vegetable lasagna, vanilla pudding. and skim milk. Nutritional
analyses of the meal components were conducted. and participants were instructed to cat until
they reached satiation, i.¢., maxumal fullness, assessed using a visual analog scale (VAS). The
total keal consumed to satiaion (TS} was the primary measurement. Dhining the study day,
blood samples were collected o extract DNA and plasma to measure fasting and postprandial
gastrointestinal hormones (FIG. 184).

030263} The mtial study cohort comprised atotal of 717 parhicipants that completed the

full day of in-person deep-phenotyping. Participants were mostly middlie-aged females (75%)
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and White (91.9%) with a mean age of 41.1 and standard deviation (£} 11.4 vears and a mean

BMI of 37.0 + 7.1 kg/m? (Table 8). Females had a higher BMI when compared to males (37.3

= 7.0 kg/m? vs 35.9 £ 7.4 kg/m?, p = 0.03). We observed satiation variability in our cohort,

with a broad distribution among patients, ranging from 140 keal to 2166 keal to satiation (FIG.

11A).
[60264]

regulation by sex.

Table 8. Demographic characteristics and parameters of energy balance

All participants Females Males p-value
717 338 i79
Age, years 4114114 4144110 403+ 124 (.32
Weight, kg 1056229 1024+£208 115.0£26.1 <0001
Height, cm 1685 +:838 i656+66 17874 7.1 < 0001
Hams-Benediet, keal/day] 1877643482 [ 1747442106 2269043854 | <0001
BMI, kg/m2 37071 37370 359+74 0.03
Systalic blood pressure,
mmHg 1303148 1284+ 14.6 1361+ 14.0 <0001
Dhastolic blood pressure,
mmHg 701 +108 7854109 812+ 105 0.003
Pulse, bpm 7324117 7411132 706+ 126 0.001
Waist circuraference, cm 1Hi2+152 1100+ 146 147+ 164 0.001
Hip circumfcrence, cm 12294133 12434133 1186123 <.0001
Waist/hip, ratio 0.90+£0.08 0.88+0.07 0.96 +0.07 <0001

Gastric emptying 120
min, ratio

G646 +£0.17

0.30=0.15

036+ 0.16

< (001

Gastric emptying T 1/2,

otin 1270327 1327+ 315 10994+ 303 <. 0001
Calories to satiation, keal] 9174+ 3134 833242391 11642 3405 <001
VAS-hunger 2 hours
CTS, mm 2444220 238221 2634215 0.32
VAS-Fullness 2 hours
CTS, mm 6754234 6824232 6484238 021
YV AS-satisfaction 2 hours
CTS, mm 665+246 639 +£251 683%228 0.37
Total Lean Mass, kg 547107 505+£63 689+98 <0001
Lean Mass, % 33162 311447 397 £ 6.0 <.0001
Fat Mass, % 05+£01 05+0.1 041 +0.1 < (001
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Hx of prior use of AGM,
n {%) 149 (20 8) H7LhH 32{17.9 025
Diabetes, n (%) 43 (6.0} 26 {4.8) 17(9.5) 0.03
Abbreviations used: AQOM, anti-obesity medications, BMI, body mass index; CTS, calories to
satiation; Hx, hastory; VAS, visual analog scale. Categorical vaniables were compared with
Fisher’s exact tests and continuous varniables with independent t tests. Continuous variables
are presented as mean + standard dewviation.

30265} To explore the factors contributing to the variability in satiation measurements,
separate multivariable linear regression models incorporating diverse imput vatables were
conducted. These vanables encompassed demographic characteristics (.., age, sex, and race},
anthropometrics (1.e., weight, height, waist circumference, and hip circomference) body
composition (1.c.. tat mass, lean mass, and fat free mass), hommones {i.¢, peptide YY {PYY],
ghrelin, and glucagon-like peptide 1 {GLP-1}]), questionnaires (e.. Three-Factor Eating
Guestionnaire [TFEQ], Hospital Anxiety and Depression Scale (HADS), Alcohol Use
Disorders Identification Test, and Weight Efficacy Lifestyle Questionnaire) and parameters
extracted from clectronic medical records (e, past medical bistory of diabetes,
hypothyrowdism, gastroesophageal reflux, metabolic dysfunction-associated steatosis liver
disease, smoking, and history of use of anti-obesity medications}. In addition, we conducted a
model including demographic, anthropometric, body composition, and hormone features was

conducted (Table $A-C).

[30266] Table 8A-C: (A) Individual features included 1 the multivanate models. B)
Parameter estimates of multivariable linear regression models to estimate calories (o satiation

during an ad librum buffet meal. €) Model characteristics.

A individual characteristic regression inputs
Combined Demographi | Anthropometr | Questionnair | Hormone Body Electronic
[ ic 25 $ Compositio Medical
{n=88) F] Record
(=711} {n=711} {n=218} {n=314}
{n=394) {n=692}
Age {years} Age {years} Weight {kg) Three-Factor Plasma Total i=an History of
Eating Ghrelin mass {gm} diabetes {Yes,
Cuestionnaire | at Noj
, emotional fasting,
eating 15, 45,
component and 90
{points)
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minutes
{ug/di}

Sex {M/F}

Sex {M/F}

3

Haeight {m}

Three-Factor
Eating
Questionnaire
, cognitive
restraint
componant
{points)

Plasma
PYY at
fasting,
15, 45,
and 90
minutes
{ug/di}

Total fat-
free mass
{am)}

History of
hypothyroidis
m {Yes, No}

Race {White,
black, asian,
other}

Race
{White,
black, asian,
other}

Hip
circumference
{cm)

Three-Factor
Eating
Questionnaire
, uncontrolied
eating
componant
{points)

Plasma
GLP-1 at
fasting,
15, 45,
and 90
minutes
{ug/di}

Total Tissue
Fat (%)

History of
gastro-
esophagesl
reflux {Yes,
No)

Weight {kg}

Waist
circumference
{cm)

Hospital
Anxiety and
Depression
Secale,
Depression
componant
{Foints)

History of
metabolic
dysfunction-
associated
steatosis liver
diseasa {Yes,
No}

Height {m]

Hospital
Anxiely and
Deprassion
Scale, Anxiety
componant
{Points)

History of use
of anti-obesity
medications
{Yes, Noj

Hip
circumferenc
e {cm}

Weight
Efficacy
Lifestyle
Questionnaire
, Physical
Discomfort
{points)

History of
smoking
{Yes, No}

Walst
circumferenc
e {cm}

Weight
Efficacy
Lifestyle
Questionnaire
, Social
Prassure
{points)

Plasma PYY
at fasting,
a5, 45, and
90 minutes
fug/dL)

Weight
Efficacy
Lifestyle
Questionnaire
, Positive
Activities
{points}

Plasma GLP-
1 at fasting,
15, 45, and

90 minutes

{ug/di)

Weight
Efficacy
Lifastyle
Questionnaire
, Negative
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Emotions

{Points}
Total Tissue Weight
Fat {%]) Efficacy

Lifestyle

Questionnaire

, Availability

{Points)

Alcohol Use

Disorders

Identification

Test {Points)
B. Parameter estimates for each model

Combined
Parameter Fstimate Std Ervor | Probet]
Ase at study, vears -1.22 346 0.72
Sex. Female -13.74 73.39 .85
Race, Non-White -37.45 10035 8.7}
Height, m 601,17 639.05 .35
Weight, kg 3.96 4.01 0.14
Waist circomference, cm 0.01 471 1.00
Hip circumference, cm ~2.25 733 0.77
Plasma GLP-1 AUC, ug/dL 0.07 0.10 0.438
Plasma PYY AUC, ug/dL 0.00 0.01 .69
Total Tissue Fat, % -1432.83 1130697 .21
Demuographics
Parameter Estimate | Std Error Prob>t]
Age at study, years -3.49 0.91 0.0001*
Sex, Female -170.26 12 < {001*
Race, Asian -176.52 63.63 0.008*
Race, Black -65 86 5587 (.24
Race, Other 9212 48.95 0.06
Anthropometrics
Parameter Estimate | Std Error Prob>|tf
Height, m 997 99 165 .41 < 000 1*
Weight, kg 448 1.2 $.0002*
Waist circumference, cm -1.08 139 347
Hip circumierence, cm -3.68 1.6 0.0004*
Hormones

Parameter Estimate | Std Error Prob>[t]
Plasma Ghrelin fasting, ug/dL -(.29 0.54 (.59
Plasma Ghrelin 15 mant, vg/dL 0.33 0.52 (.53
Plasma Ghrehn 45 min, ug/dL -0.30 0.4 0.6
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Plasma Ghrelin 90 mun, ug/dL -1.04 1.02 .31

Plasma GLP-1 fasting, ag/dL 10.85 9.56 .28

Plasma GLP-1 15 min, ug/dL -3.62 7.25 8.62

Plasma GLP-1 45 mun, ug/dL 3.009 34 .38

Plasma GLP-1 90 min, ug/dL -3.11 352 .38

Plasma PYY fasting, ug/dL. 1.57 1.51 0.3

Plasma PYY 1S min, ug/dL -03.39 1.55 0.8

Plasma PYY 43 min, ug/dL -3.39 0.4 0.0002*

Plasma PYY 90 pun, ug/dL 2.34 0.61 <.0001*
Body Composition

Parameter Estimate | Std Error Prob>|t

Total lean mags, gm (.02 0.06 0.67

Total fat~free mass, gm .04 0.05 .51

Total Tissue Fat, % -4472 28 250.9 {3.09

Questionnaires

Parameter Estimate | Std Error Prob>|t]

Three-Factor Fating Questionnaire ~

cognitive restraint component, pomnts -13.80 9.6 0.13

Three-Factor Eating Questionnaire -

uncontrolled eating component, points 14.16 6.77 0.04%

Weight Efficacy Lifestyle

Questionnaire - Negative Emeotions,

Points -11.66 574 0.04%

Weight Efficacy Lifestyle

Questionnaire - Availability, Poinis -0.84 6.25 (.89

Weight Efficacy Lifestyle

Questionnaire - Social Pressure,

points -4 .84 4.93 (.33

Weight Efficacy Lifestyle

Questionnaire - Physical Discomfort,

points £.42 595 0.16

Weight Efficacy Lifestyle

Questionnaire - Positive Activities,

points %.43 3.79 0.15

Alcohol Use Dhsorders Identification

Test, Pounds 841 17.79 0.64

Hospital Aunxicty and Depression

Scale ~Anxiety component, Points -14 81 9.96 .14

Hospital Anxiety and Depression

Scale ~Depression component, Points 15.57 10.97 8.16

Three-Factor Eating Questionnaire -

emotional eating component, points ~19.16 10.04 .06
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Flectronic Medical Record
Parameter Estimate | Std Ervor Prob>lt
History of gastro-esophageal reflux, . .
Ustory ot g phageat Ienas, 6.38 1$.23 073
No
}-iiS‘tayyr of metabqiigdysﬁmctmw -6.88 37 09 0.85
associated steatosis liver disease, No
History of diabetes, No -63.78 2525 0.0118%
History of use vof anti-obesity 112 20 84 059
medications, No
History of hypothyroidism, No 35472 18.26 {1.05
History of smoking, No -14.24 22.56 0.53
C- Modal characteristics
Sample Adjusted Lower Limit Upper pevalue
Size R sguared 895% Ci Limit
95% i
Combined 8% 0.35 0.45 0.25 0.001
Demographics 711 (3.24 3.13 0.25 0.001
Anthropometrics 6591 .17 .12 0.22 0.001
Hormones 341 2.12 0.08 0.18 0.001
Body Composition 394 0.22 ¢.15 .29 0.001
Cuestionnaires 239 0.35 0.03 .15 0.05
Electronic Medical 6392 0.02 0.005 0.05 0.07
Record
060267} The analysis revealed that demographic characteristics, specifically sex, race,

and age, accounted for the highest proportion of variance in satiation (% = (.24, p=0.001)
{Table 9A-C; FIG. 118). Dospite these associations being statistically significant, the overall
strength of the relationships remained weak across all models. Notably, a significant gender
difference emerged, with females requuring fewer calories to reach satiation compared to males
{835.2 £ 2591 keal vs. 1164 2 4 340 .5 keal, p <{.001) (FIG. 11C). Anthropometric variables
exhibited a variance of ¢* = (.17 {p=0.001}, with height emerging as the most mfluential
contributor to satiation (= 0.17; p=0.001) withun this category, although the associations
remained relatively weak (FIG. 11D}

(60268} In the assessment of body composition, fat percentage demonstrated the
strongest association with satiation among other parameters (see Table 9A-C). However, this
association was still votably weak (= 0.05; p<0.01, FIG. 11E}.

{36269 Despite efforts to incorporate validated questionnaires, such as the TFEQ, info

the analysis, it became cvident that these components alone were insufficient to fully clucidate
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the vanability in satiation (FIG. 11F ). Sinularly, a high degree of vanability was observed m
gastrointestinal hormonal profiles, with limited associations with satiation, as demonstrated in
Table 10, Finally, a model mncorporating demographic, anthropometric, body composttion and
hormone features together had a modest association with satiation (7% = 0.35; p<0.001}.

{80278 Table 18. Distribotion of CCK, Ghrelin, GLP-1, and PPY at -15 (fasting} and
15, 45, and 90 minutes after a standard 320 kcal breakfast, divided by gender and correlated to

calories to satiation.

Total Female Male
Mean £ p- Mean £ p- Mean £ P~

N Sk R {value| N SB R |value| N Sp R ivalue
CCK at -15 min, .35 % 038 %
ug/dL 2551 0.32 01 0935 (1771033202004 0.63 178 049 |-0.111 0.34
CCK oat 15 min, 431+ {00 ~ 432+
u/dl 255 3.87 6 1 034 1177431 £3.5710.03]) 0.65 |78 4.49 ~0.121 0.31
CCK at 45 min, 745+ 100
PEAL 258, 3258 31 0.68 (1771742 56210031 072 |787.52 £43[002} 0.87
CCE at 90 min, 6254+ 10210060 7.09 &
ngi 2537 312 4 1 i175588+:448{02 ] 6.611(78 6.29 0251 .03
Ghrelin at -15 min, T0224 100 7157 & - 66,82 +
g/ 3397 §1.32 4 1 049 {2431 4724 D04 03 {96 6.6 001§ 0.9
Ghreelin at 15 min, 653+ (00 6585+ 63.93 +
ng/dl 3411 §59.33 31063 {2430 o038 -0 011 (98] 5637 (0131019
Gheelin at 45 min, 4545 {00 46,95 & - £1.69+
ig/dl. 3411 30.22 6 | 0.23 {244 32.1 0081 022 1971 24.63 (0071047
Ghrelin at 90 min, 3013 {01 40.86 &% - 3482+
ng/dl 338y 22.97 20083 2410 2357 10,11 009197 2089 0 1097
GLP-1 at ~15 min, 472+ {00 512+
ng/dl 333 2535 6§ 024 23714.56£2.410.06) 0.38 198 286 |-0.04] 0.69
GLP-1 at 15 nun, 656+ {00 10 685+
ug/dl 3451 369 2 1075 2451644 £ 3.5%0.01] 0821 O 392 -0.04] 068
GLP-1 al 45 min, 1309+ {00 0] 1336+
ag/dl 3460 933 51031 124611294 9221005 04 | 0O 9.63 0.031 076
GLP-1 at 90 mig, {348+ {01 1284 = 0] 1501
ag/dh 3421 1142 6 1800412420 1071 0314|0831 0 2.9 0.111 026
PYY at -13 mig, 7872+ 100 TRO08 = 8032+
ug/dl 345 2463 50 04 {2430 2268 {007, 03198 2896 |-0.02{ 0.85
PYY at 15 min, 8791+ {00 87.27 = 89 .48 &
ng/dl 3390 2807 11086 {2411 2607 10.02)0.72 98] 3238 |0.05 062
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FYY at 45 mig, 11941 £{00 11998 117,98 =
ug/dl 338 4546 1087 {2421 4692 009015196 4175 |-0.13] 0.21
PYY at 90 min, 13983 £ {0.1 | <0.00 136.99 % <006 14681 =
g 3350 67.52 8 1 2380 6404 0.26) 1 (971 7528 004 067

R represents the correlation from a stmple linear regression analysis, demonstrating the relationship
between individual time points for hormones and calories required for satiation. The p-values in the table
were calculated to assess the strength and significance of this association.

Characterizing High and Low Calories Consumed to Satiation

60271} Given the observed differences between sex categories (FIG, 11C) the
participant cohort was stratified mto quartifes based on their satiation responses, distinguishing
between males and fornales. Those falling within gquartide 1, characterized by satiation
responses of <650 keal for females and <927 keal for males, were hereafter referred to as low
CTS. Conversely, participants in guartile 4, exhibiting satiation responses of >977 keal for
females and >1374 kcal for males, are referred to as high CTS (Table 6 and FIG. 124).
Participants positioned m quartiles 2 and 3 were excluded from these analyses.

60272} Females in the lugh CTS group had a faster solid gastric emptying half-time
(1154 + 28.2 min) than the low CTS group (129 + 31.2 min; p<0.001), difference not scen in
males (100.6 = 31.6 min vs. 1105 + 32.9 min; p=0.15) (FIG. 12B). After the standardized
breakfast, participants with high CTS reported more hunger and lower fullness across all
measured time points, except for fullness sensation at 30 minotes post-breakfast, when
compared to participants with low CTS (F1Gs 11C-B). In addition, participants with high C'T8
cxhibited clevated levels of GLP-1 (1198 = 8.5 pg/ml vs. 936 £ 6.9 pg/ml, p=0.02) and
munerncally higher PY'Y (150,10 7956 pg/ml vs. 12582 & 59.97 pg/ml, p=0.05) 90 minutes
after breakfast, with no significant changes in ghrelin secretion (FIG. 11E-11G), There were
no significant differences in validated questionnaires for TFEQ among groups (FIG. 11H).
These findings emphasize the sigmficant interpersonal vanability of satiation and reveal that
mndividuals with a high CTS are a distinct group with unique subjective and objective responses

to the same meal, further emphasizing the complexity of satiation regulation.

Association of Genetic Variations and Satiation

602731 Despite the study's modest sample size of 717 participants, a subset of 497
mdividuals with available DNA data passed the quality control for the genome-wide
association study (GWAS) While acknowledging the discrepancy m scale compared to

extensive cohorts in landmark obesity-related GWAS studies, which mchuded wup to 300,000
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individuals'™ | the focus of this study was on exploring potential genetic signals associated
with CTS (FIG. 13A}. However, in this study’s cohort, the GWAS results did not reveal any
genes significantly linked to CTS in participants with obesity. This linutation underscores the
challenges of detecting subtle genetic signals in a comparatively smaller cohort and emphasizes
the need for larger-scale investigations in the future (FEG. 13A). A velcano plot portraying the
association between different genetic features and CTS among male and female subjects is
presented in (FIG, 13B).

60274} Consequently, a candidate gene approach’® was pursued, focusing on genes
associated with appetite regolation, energy expenditure, lipid metabolism, and adipogenesis
identified in prior genctic studies. This targeted exploration yielded a curated set of 40 genes
and 19,161 unigue annotated vanants (Table 8). Utilizing weighted risk alleles associated with
CTS from the GWAS, in conjunction with relevant demographic information, the top 10%
most correlated single nucleotide polymorphisms (SNPs} were identified. These SNPs were
derived from SNPs located within the 40 genes selected during the fterature-review and that
showed a genetic vanation across samples. The SNPs that had a Spearman correlation between
the number of effect alleles and CTS across samples > 0.06 were selected, which resulted
227 wformative SNPs (Table 11}, Subsequently, a polygenic risk score (PRS) for CTS was
developed by summing the weighted risk alleles of the selected SNPs. The PRS demonstrated

a robust correlation with CTS (R%= 0.55; p <0.001; FIG. 14A),

60275} Table 11, List of Single Nucleotide Polymorphisms (SNP} used for the

development of the polygenic risk score.
Number | SNP Spearman | T-value P-value

Correlation

! kep17140923 0.167727 3905738 0.000106
2 kep6282984 0161602 3759224 0.00019
3 kgpl15719150 0.153522 3.566602 0.000395
4 kop2496504 0.145592 3378276 0.0600783
5 kegpl0708163 0.13185 3.0534638 0.002376
6 157186637 013173 3.050649 0.002398
7 kegpl8047302 0.131427 3.043508 0.002455
& 19811346 0.129501 2998133 (.002845
9 kopdd42651 0.129446 2.99683 0.002857
16 kgp2375678 0129032 2.987093 0.002948
11 kep6124457 0.127011 2939538 0.003431
12 kep36350467 0.12537 2 900956 0.003876
13 exm-rs3817334 0.1250656 2.883792 0.003%64
14 rs16953088 0.118577 2741448 0.006325
15 rs16952608 0.115806 2.6765033 0.007671
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16 kgp7628825 0.11563% 2.658344 0.008091
17 kgp692638 0.114593 2.648092 0.008337
18 rs7598617 0.113752 2.628417 0.00882%
19 rs6708615 0.11334% 2.618783 0.008078
20 kgpd4B853206 0.112258 2.593441 0.009766
21 kgp2389378 0.107702 2486315 0.013134
22 kgp2698156 0.107496 2482123 0.013371
23 kgpd568518 0.106749 2.464657 0.014032
24 rs853567 0.106505 2.458961 0.014254
25 kgpl0318111 0.106362 2.455627 0.014386
26 kzpl87904% 0.105657 2440103 0.015012
27 kgp7337450 0.105207 2428668 0.015488
28 rs9870384 0.103612 2.391608 0.017124
29 rs1105985 0.103368 2.385763 0.0173%6
30 rs1822300 0.103165 2.381006 0.01762
31 kgplH450975 0.101863 2.350636 0.018108
32 kgpl6358165 0.101863 2.350636 0.018109
33 kgpl6275485 0.101863 2.350636 0.019109
34 kgpl6433458 0.1018863 2.350636 0.018108
35 kgpl6405397 $.1018863 2.350636 0.01810%
36 kgpd221755 0.101863 2.350636 0.015109
37 kgpl6477105 0.101863 2.350636 0.018109
33 kgpd 735166 0.101774 2.348572 0.019214
35 rs818215 0.101007 2.330687 0.02014¢6
40 rs17031269 0.098938 2.305768 0.021511
41 kgpl1418098 0.099693 2.300056 0.021835
42 kgpd510591 0.099359 2.282278 0.022283
43 rs10838738 0.098462 2271371 0.023527
44 rs13334933 0.098437 2.270801 0.023562
45 kgpli428873 0.098125 2.263527 0.024009
46 rs9536768 0.098116 2.26331 0.024023
47 kgp2615591 0.027459 2.248023 0.024987
48 rs10305432 0.096607 2.228182 0.02629
49 kgpli789386 0.0943891 2.190555 0.028921
50 kgpl0699695 0.092868 2.141206 0.032715
51 kgp8097781 0.092843 2.140742 0.032753
52 kgp696e12s 0.092642 2.135818 0.033146
53 kgpba08222 0.092423 2.130833 0.033565
54 kgp82098301 0.0915854 2.118913 0.03448
55 kgp327974 0.09192 2.11912 0.034547
56 kgpl11054248 0.091693 2.1139938 0.034584
57 rs6667659 0.030809 2.093314 0.03679%
58 kgp590141 0.090568 2087719 0.037303
58 rs10430835 0.090253 2.080372 0.037374
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60 kgp6569330 0.088927 2.072807 0.038676
6l kgpl15504852 0.089762 2.068964 0.03903¢6
62 kgp235847 0.089252 2.05805 0.040077
63 kgp2343306 0.088041 205222 0.040642
64 kgp8443782 0.037831 2.025275 0.043343
65 rs4301023 0.087361 2.013209 0.044601
56 kgpd32157 0.086693 1.997692 0.046264

7 kgp6294121 0.086045 1.982636 0.047927
68 kgp9132399 0.085855 1.980544 0.048162
69 kgp8715819 0.085618 1.972732 0.049048
70 rs3845345 0.085618 1.872732 0.043048
71 rse604871 0.085618 1972732 0.048048
72 kgpSigia4d 0.085498 1.96594 0.049368
73 kgpd634414 0.08527 1.964646 0.04898
74 rs7527501 0.024596 1.9485002 0.051825
75 rs3856029 0.084556 1.848002 0.051825
76 kgpQ947320 0.084583 1.94883 0.051846
77 rs720080 0.024549 1.947931 0.051954
78 rs877145 0.083553 1.92481 0.054791
79 rs12135145 0.083553 192481 0.054791
80 kgpl068110 0.083553 1.92481 0.054791
81 kgp7284953 0.083376 1.920705 0.055308
82 kgp2950350 0.083376 1.920705 0.055308
23 rs16853002 0.083187 1916315 0.055866
84 15290481 0.082742 1906004 0.057193
35 rs3828137 0.032393 1.897916 0.058253
36 rs637871 0.082274 1.895154 0.058618
87 rs11125662 0.082226 1.894037 0.058767
88 kgp3446380 0.081984 1.888432 0.058517
89 rs17224310 0.081984 1.888432 0.058517
80 kgp5392217 0.0231534 1.888432 0.059517
a1 kgp2383281 0.081984 1.883432 0.058517
92 kgp782640 0.081466 1.876415 0.061151
93 kgp21i635Q81 0.081369 1874171 0.06146
94 rs12032861 0.081202 1.870282 0.061939
895 rs1872552 0.080926 1.863893 0.062893
96 kgp&125391 0.080392 1851503 0.064656
97 kgpd09747 0.080325 1.845964 0.064878
93 rs1486087 0.080217 1.847453 0.065242
99 rs836964 0.080151% 1.845921 0.065464
100 rs89436297 0.079% 1.84011 0.066314
101 kgp6402441 0.079309 1.826419 0.068353
162 rs1545255 0.078718 1.812743 0.070447
103 kgpl2241730 0.078614 1810314 0.070816
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164 rs35681 0.078364 1.804514 0.071722
105 kgp2042396 0.078283 1.802625 0.072018
106 rs3826169 0.078283 1.802625 0.072018
167 153102816 0.077925 1.784345 0.073331
108 kgp6072312 0.G77806 1791583 0.073773
108 kgpl0734457 0.077806 1791583 0.073773
110 kgpS527704 0.077335 1.780681 0.07554
111 kgpl2488401 0.077335 1.780681 0.07554
11z kgp392332 0.077333 1.780616 0.075551
113 kgpl0812923 0.076865 1.768797 0.077339
114 rs10493544 0.076807 1.768452 0.077564
115 exmn-rs10767664 0.076371 1758355 0.079268
116 kgp8874091 0.076267 1.755928 0.0796382
117 kgp2457524 0.07582% 1.745619 0.08146
118 rs8677360 0.075184 1.730853 0.084063
119 rs7103411 0.075176 1.730682 0.084084
120 rs988748 0.075178 1.730682 0.084094
123 kgpl616578 0.07475 1.72081 0.085872
122 r$3102906 0.07475 1.72081 0.085872
123 kgpliB18021 0.074695 1718535 0.086104
124 kgp5070734 0.074692 1.71848 0.086114
125 kgp6519946 0.074582 1716921 0.086581
126 kgp3635413 0.074466 1.71423¢ 0.087073
127 rs1003986 0.074419 171316 0.087271
123 158943762 0.07432 1.710868 0.087694
123 kgp6BI5955 0.0G74133 1706539 0.083487
130 kepl5475437 0.074117 1.706162 0.088567
131 rs5445 0.07411 1.705988 0.088599
132 kgp7749358 0.074037 1704295 0.088915
133 kgpl0O556806 0.074037 1704295 0.088515
134 rs1591382 0.073567 1.693436 0.080963
135 rs35682 0.073055 1.681585 0.093242
136 rs12933996 0.072763 1.674957 0.034536
137 kgpd 773550 0.072678 1.672847 0.084951
138 rs6233 0.072617 1.671454 0.095226
133 rs11594681 0.072405 1.66655 0.096198
140 rs1003985 0.072378 1.665%16 0.096324
141 kgp5905138 0.072305 1.664225 0.096662
142 kgp54820 0.072283 1.663708 0.096765
143 kgpl5891030 0.072279 1.663613 0.096784
144 kgpl937988 0.071%43 1.655851 0.098347
145 kgp5787334 0.071843 1.655851 0.098347
146 kgpl5622188 0.071943 1.655851 0.098347
147 rs7518885 0.071843 1655851 0.088347
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148 rs1514175 0.071368 1.642554 0.101072
148 kgp6125022 0.071296 1.640878 0.101419
150 kgpd 152198 0.071264 1.64014 0.101573
151 1575616936 0.071122 1.63685 0.102259
152 kgpli27580 0.G70833 1633785 0.102501
153 kgp7273335 0.070837 1.63027 0.103642
154 rs10305512 0.0705438 1.623536 0.10506
155 rs7187609 0.070388 1.615889 0.105854
156 kgpl0561318 0.070103 1.613235 0.107281
157 kgp264437 0.070068 1.612471 0.107458
158 kgpB769262 0.069804 1.606373 (.108731
158 kgpl2057556 0.068798 1606227 0.108823
160 rs4386132 0.069753 1605198 0.108049
16i kgpl244833 0.068421 1.587527 0.116748
162 kgp665347 0.069303 1.594923 0.111329
163 rs 1486050 0.069283 1.594547 0.111413
164 kgp5555721 0.065261 1.583805 0.11157%
165 kgp7894355 0.0685887 1.587473 0.113005
166 rs7193938 0.068757 1.583095 0.114
167 59325308 0.068797 1583095 0.114
168 rs9871188 0.068667 1.580091 0.114636
168 kgp3395086 0.068574 1.577937 0.11518
170 rs11030104 0.068568 1.5777%¢ 0.115212
171 kgp2818301 0.068254 1.57145 0.116678
172 kgplO878885 0.068269 1.570883 0.11631
173 rs8861237 0.067872 1564011 0.118415
174 kegp7545237 0.067914 1.562675 0.118728
175 kgp2848902 0.067907 1.56251 0.118768
176 kgpBO3R57S 0.067834 1.560816 0.118167
177 15842192 0.067798 1560017 0.118356
178 rs9524877 0.06774% 1.558683 0.119672
179 rs290487 0.067684 1.557364 0.115984
180 kgp7666751 0.067541 1.554057 0.120771
181 rs9822731 0.067169 1.545466 0.122834
182 kgpl0829441 0.066626 1.532899 0.125801
133 rs7178761 0.066613 1.532602 0.125574
184 rs4078063 0.066613 1.532602 0.125974
185 rs708258 0.066543 1.530976 0.126375
126 rs17022413 0.066442 1.528645 0.126952
187 kgpl8204408 0.066442 1.528645 0.126952
188 kgp313427 0.066115 1521101 0.128834
189 kgpl355091 0.065468 1.506152 0.132627
190 rs6585196 0.065161 1.488043 0.134461
181 kgp22835587 0.06511 1.4973865 0.134767
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182 rs2143734 0.064871 1.492345 0.136207
193 rs2303175 0.064856 1.492013 0.136294
184 rs3732136 0.064758 1.489751 (.136888
195 kgpl7476155 0.064621 1.486585 0.137722
186 kgpl7176845 0.064621 1.486585 0.137722
157 kepl944871 0.06421 1.477094 0.140248
198 rs1044677 (0.06413 1.475234 0.140747
189 kgp7996450 0.064036 1.473072 0.141329
200 rs17729386 0.0637438 1.46641 0.143133
201 kgp3664637 0.063413 1.458673 0.145251
202 rs35683 0.06341 1.458617 0.145266
203 rs17022384 0.063168 1.453013 0.146815
204 kgpliSza47l 0.063105 1.451564 0.147218
205 kgpd280672 0.063021 1.449611 0.147762
206 rs11600974 0.063021 1.448611 0.147762
207 kzpl8059549 0.063006 1.449281 0.147854
208 rs18618638 0.06282 1.444982 0.149057
209 kgpl5546313 0.062231 1.431373 0.152816
210 kgpl2563751 0.061977 1.425515 0.154601
211 kgp5766551 0.661897 1.42367 0.155134
212 rsd640343 0.061828 1.422068 0.155598
213 rs9309989 0.06176 1420454 0.156055
214 kgp370158 0.06176 1.420484 0.156055
215 kgpl73451 0.061571 1416148 0.157323
216 rs7612090 0.061242 1.408547 0.159559
217 kgp3890366 0.061234 1.408365 0.15%613
218 kgp9026044 0.061038 1.403839 0.160856
218 rs357200 0.061038 1.403838 0.160356
220 kgp9id141 0.060383 1.399039 0.16239
221 kgp15656986 0.660777 1.397803 0.16276
222 kgpl5383521 0.060777 1.397803 0.16276
223 rs9988578 0.060777 1.397803 0.16276
224 r511209933 0.060777 1.397803 0.16276
225 kgpdd25272 0.060704 1.39613 0.163263
226 rs2665272 0.06058 1.383263 0.164128
227 rs12030511 0.060372 1.388458 0.165584
(00276} As a next step, machine-leaming techniques were employed to create a

machine-leamning-assisied gene nsk score (ML-GRS) aimed at predicting high TS

corresponding to quartile 1, while quartiles 2 to 4 represented low CTS (FIG, 16C) This

method, known to improve the predictive power of PRSs by accounting for non-linear genetic

effects'™®, wtilized demographic, anthropometric parameters, and genomic data from our
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participants with available genetic mformation. Using forward feature selection and random
forest predictors, 16 genetic risk scores associated with 11 genes were identified, including
SIMI, POSKS, SH2B1, LEPR, UCP2, FTO, TCF7L2, GLPIR TNFRSFIIA, and ADRAZA
(FIG. 13C). The dataset was divided into tratming (483 participants) and validation cobort
(n=50) (Table 124, 12B and 13 and FIG. 15). This validation cohort where those who
participated in the 32-week, double-blind, placebo-controlled, randomized clinical trial
comparing phentermine-topiramate extended-release versus placebo and completed phenotype
testing (N=02), with available genetic data (n=50) {(Tables 14 and 15 and FIG. 16).
Furthermore, an independent testing cohort, comprising participants from a 16-week, double-
blind, hiraghutide vs placebo-controlied, randomized climcal tral (=136} who had available
genetic data (n=110), was used for additional validation {Table 16 and 17 and FIG. 17). The
final ML-GRS model to predict CTS (CT8ars) had a traming arca under the curve (AUC) of
(.85 {95% CL 0.81 to 0.89), with a mean cross-validated AUC of 0.82 (95% CI: 0.67 to 0.95)
across the 10-fold validation. In the vahidation cohort, the CTSars achieved an AUC of 0.82
(95% CI: 6.69 to 0.94), while 1n the independent testing cohort, it attained an AUC of 0.69
{95% CE 0.59 to 0.80) ( FIG. 14B). Table 12A-B. Number of samples with high or low
CTSors predictions categorized by actual high or low TS in the A) validation and B)

independent testing cohorts,

A: Validation Cohort
o Actuad CTS Total
k= High Low
3 High |17 4 2i
o ow |12 17 29
Total 25 21 50
B: Independent Testing Cohort
o Actual CTS Total
B High Low
B High | 18 28 a6
P O Low 11 53 64
Total 29 81 110
60277} Table 13. Demographic characteristics and parameters of encrgy balance in the

tratning cohort, validation cohort and independent testing cohort.

Independent
Training cohort| Validation cohort | testing cohort
0= 483 n = 50 a= 110
Age, vears 412112 412+ 100 386+ 1038
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Female, n(%

359 (74.3)

43 (86.0)

PCT/US2024/019806

93 (84.5)

Weight, kg 10634234 109.6 +26.6 1034143
Height, cm 16824990 168.6+92 1678+79
Harris-Benedict, kcal/day 18899 £ 35701 180935£3606 | 189531894
BMI, kg/m2 37074 382+69 367+43
Gastric emptying 120 min, ratio 053+0.17 0.47+0.16 655+£0.14
Gastric emptying T 1/2, min 12744340 127.9+302 1149+£252
Calories to satiation, keal 9275+ 3188 20153149 G807+ 3219
Fat Mass, % 484466 508447 470+60

Abbreviations used: BMI, body mass index.

{60278} Table 14. Demographic characteristics and parameters of encrgy balance in the
validation cohort for participants that underwent ad Fbirum meal testing for the 12-month,

placebo-controlled, randomized clinical trial with phentermine-topiramate extended-release.

Phenternune - Placebo
Topiramate
= 33 n= 29
Age, years 41896 410+ 102

Females, n (%)

25 (84.8)

25 (86.2)

Weight, kg

1089+17.7

10844193

Height, cm

1679475

1690+ 938

Harms-Benedict, keal/day

1787522504

17964 £ 2991

BMI, kg/m?2

382453

3

379453

Systolic blood pressure,

mmHg 1338+ 163 1304+114
Diastolic blood pressure,

mmHg 32.7+11.1 795+10.2
Pulse, bpm 742497 768+ 109
Waist circumiference, om 1153+133 113891
Hip circumference, cm 1268+ 10.3 2584114
Waist/hip, ratio 09+01 09+01
Gastric eraptying 120 nun,

ratio 0501 05+£02

Gastric emptving T 1/2, min

1197+ 290

13654313

Calories to satiation, keal

918.4£2979

9078 +£3013
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/AS-hunger 2 hours CTS,

mim 2524189 303+£2272
Y AS-Fuoliness 2 hours CTS,

mm 684+ 179 632+184
Y AS-satisfaction 2 hours

CTS, mm 700+ 195 610+221

Total Lean Mass, kg

5336+63

3424106

Fat Mass, %

485265

47745

Weight observation at 3

months, % 29 (87.9) 27(93.1)
Weight observation at 6

months, % 27 (81.8) 25 (86.2}
Weight observation at ©

months, % 24 (727 23(79.3)
Weight observation at 12

months, % 23¢69.7) 23¢79.3)

Analogue Scale, VAS.

Abbreviations mclude: BMI, body mass index; Calories to satiation, C'T8; Visual

{36279} Table 15, Demographic characteristics and parameters of energy balance in the

validation cohort for participants that underwent genotyping for the 12-month, placebo-

controtled, randomized chnical trial with phenternmine-topiramate extended-release.

Phenternune - Placeho
Topiramate
n=26 n=24
Age, years 412+938 4144106
Females, n (%} 22 {84.6) 21{87.5}
Weight, kg W075£190 1076+ 198
Height, cm 1677+78 1692+ 107

Harms-Benedict, keal/day

1773342729

17847 £3113

BMI, kg/m2

377+£54

375450

Systalic blood pressure,
o Hg

1334+ 167

13024123

Dhastolic blood pressure, q1.1+£118 703+ 106
mmHHg
Pulse, bpm 726+93 757+ 103

Waist circumference, cm

1124+122

1126 £ 63

Hip circumference, cm

1248495

1252+116
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Waist/hip, ratio

0Ox01

0901

Gastric emptving 120 min,
ratio

0.5+£02

03+02

Gastric emptying T 1/2, min

1219298

13343272

Calories to satiation, keal

96433111

903.9+3227

V AS-hunger 2 hours CTS,
mm

2774194

3364219

YV AS-Fullness 2 hours CTS,
mim

670 18.0

6549+ 201

months, %

'V AS-satisfaction 2 hours 678 £200 6234201

CTS, mm

Total Lean Mass, kg 53299 541114

Fat Mass, % 481465 472447
‘eight observation at 3 23 (88.5) 22{91.7)

months, %

Weight observation at 6 21 {80.8) 21(87.5

Weight observation at 9
months, %

20 (76.9)

20 (83.3)

‘Weight observation at 12
months, %

19 (73.1)

20(83.3)

Analogue Scale, VAS.

Abbreviations include: BMI, body mass ndex; Calories to satiation, CTS; Visual

30286 Table 16. Demographic characteristics and parameters of encrgy balance in the

mdependent testing cohort for participants that underwent phenotyping for the 16-week,

placebo-controlled, randomized clinical trial with Hraglatide.

Liraglutide

Placeho

n= 67

n= 64

Age, vears

401+ 106

378+ 1086

Female, n (%)

59 (88.1)

39 (85.5)

Veight, kg

1018+143

103241435

Height, cm

166,777

1682476

Harris Benedict, keal/day

18641 = 183.4

18992 4+ 1893

BMI, kg/m?2

366445

36441
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Gastric emptying 120 min,

ratio 05+01 0.6+0.1
Gastric emptying T 1/2, min 12024£2351 1109+ 26.6

Calories to satiation, keal

8854 £ 3384

9671 £3459

Fasting gastric volume, mL

20384494

2093 £50.8

Postprandial gastric volume,
ol

590.6% 1IR6

6014+ 1233

Fat Mass, %

478+£52

46668

‘eight observations at §
weeks, 9%

65 (97.0)

654 (92.8)

Weight observations at 16
weeks, %

60 (89.6)

61 (88.4)

Abbreviations include: BMI, body mass index; Calories to satiation, CTS.

160281} Table 17, Demographic characteristics and parameters of energy balance in the

validation cohort for participants that underwent genotvping for the 12-month, placcho~

controlled, randomized chinical trial with liraglutide.

Liraglutide Placebo
n=52 =58

Age, vears

395+ 109

377+ 108

Female, n (%

45 (86.5)

48 (82.8)

Weight, kg

1031+ 142

103.8+144

Height, cm

1671477

1685480

Harms Benedict, keal/day

18824 4 184.7

1906941944

BMI, kg/m?2

309445

365440

Gastric emptying 120 min,
ratio

05201

06+:02

Gastric emptying T 172, min

12804232

109.5+£26.0

Calories to satiation, keal

9407 + 304 4

1017.0+3353

Fasting gastric volume, mL

2087 +£50.1

209.6 £50.1

Postprandial gastric volume,
ol

5970+ 185

5981 +£1204
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Fat Mass, % 47648 464+638

Weight observations at 3
weeks, % 51{98.0) 34¢93.1)

Weight observations at 16
weeks, % 47 {90.4) S1{87.93

Abbreviations include: BMI, body mass index; Calories to satiation, CTS.

{30282} Participants i the independent testing cohort completed the deep phenotype
esting day and addmtionally also completed testing for gastric vohime and accommodation
measured by nommvasive single photon emission computed tomography at baseling *. The
performance of the UTSars was tested in the independent testing cohort and 1t was found that
individuals with a high CTSers consumed more calories to satiation during the ad fibitum meal
n both fomales (9889 £ 293 7 vs. 870.7 £ 236.0; p=0.04) and males (1582.5+£ 239 9 vs, 10839
+ 3533, p=0.004) (FIG. 140). It is worth noting that there were no statistically significant
differences w BMI, gastric emptying for solids, and fasting and postprandial gastric volumes
between high and low CT8aers prediction groups in the mdependent testing cohort (FIG, 14D-
14G). The results underscore the high specificity of the CTSars model in this Exanple for
satiation measurements, as there were no differences in anthropometrics, mcluding BMI and
other components that regudate food intake such as gastric volume, or emptying.
Satiation Surrogate-biomarker and Weight Loss Interventions
{30283} To assess the clinical relevance of satiation, we mvestigated its role m response
to two different weight loss interventions (FIG. 18D), phentermine-fopiramate and liraghutide.
Phentermine-topiramate extended-release {Qsymia®)} was approved by the FDA for obesity m
2012, Pheoteroune suppresses appetite by releasing catecholamines in the bypothalamus, while
fopiramate ¢nhances satiation and suppresses appetite through modulation of GABAergie
pathways'®. Phentermine-topiramate extended-release was classified as the most cost-effective
medication to treat obesity®. Liraglutide {Saxenda®), FDA-approved for obesity in 2014, is a
GLP-1 receptor agonists that induces postprandial satiety .
{30284} First, a prospective assessment in a 52-week, double-blind, placebo-controlled,
randomized clinical trial was conducted comparing phentenmine-topiramate extended-release
versus placebo. Treatraent allocation was coucealed, and investigators were blinded for the
weight loss outcomes of patients with high or low CTS and CTSars. Then, a refrospective post~
hoc analysis was conducted m a previcusly published 16-week, double-blind, placcbo-

comtrolled, randomized clinical trial comparing liraghutide versus placebo®. To study the effect

106



WO 2024/192177 PCT/US2024/019806

of satiation and its surrogate genetic-based CTSars biomarker, participants were included that
completed the ad [Fbitum meal, had available DNA data, and completed the trial. After
stratifying participants by treatment allocation, independent t-tests were conducted at each
timepoint to evaluate differences in total body weight loss across different groups.

30285} In the case of phenternune-topiramate versus placebo, a total of 62 participants
that completed ad fibitm meal with a mean age of 41.3 + 9.8 years and a mean BMIof 38 6 &
6.6 were included from the tnial phentermine-topiramate versus placebo (FIG, 18A and Table
13). Individuals on phenternmune-topiramate ER {(n=23) with high CTS during the ad libitum
meal achieved better weight loss outcomes compared to those with low CTS (-15.6% £ 78 vs
-9.2% = 3.5, p=0.03) at 52-weeks (FIG. 18B). There was no difference in weight loss outcomes
at 32 weeks when comparing participants assigned to placebo with high or low CTS (p=0.78).
Next, the Wilson-Brown method was used (o assess the ability of predict the probability of
achieving an equal to or greater than 15% total body weight foss. High CTS during the ad
libitum meal predicted a probability of losing more than 15% of total weight at 52 wecks with
an AUC of 0.82 {(95% CI: .62 10 1.0; Table 7A and FIG. 19).

(60286} Similarly, i the cohort that underwent genctic testing, the UT'Sers also proved
uschid in predicting the likelihood of successfil weight loss in response to this intervention
{Table 14). At 52~wecks, participants on phentermine-toptramate ER with a high CTScrs lost
more weight than participants with a low CTSaps (<177 £ 7.6 vs, -10.8% & 5.6, p=0.04), while
all participants assigned to placebo experienced simular weight loss outcomes at 52-wecks
regardless of the CTSars (p=0.49) (FIG. 18C). High CTSors predicted a probability of losing
more than 15% of total weight at 32 weeks with an AUC of 0.71 (959 CI: 0.42 to 0.99) (FIG.
283

(00287} In the trial of hiraghutide versus placebo trial. a total of 136 participants with a
mean age of 38.9 + 10.6 vears and a mean BMI of 365 + 4.3 were included (FIG. 18D and
Table 15). Individuals with low CTS by the ad fibirum meal achieved better weight loss
outcomes compared to those with high CT5 at 16 weeks (-6 7% + 3.4 v -3 3%+ 3.9, p=0.005})
(FIG. 18E). There was no difference m weight loss outcomes at 16 weeks when comparing
participants assigned to placebo with high or low CTS. Low CTS by the ad libitum meal tests
predicted a probability of losing more than 4% of total weight at 16 weeks with an AUC of
0.82 (95% 1. 0.62 t0 1.0}

{30288} Sinlarly, 1n the cohort that underwent genetic testing (Table 16}, individuals
with low CTSars had superior weight loss outcomes in response to hraglutide at 16 wecks

when compared to participants with a high CTSars (-6.9% + 3.4 va. -3.7% 4 3.8; p=0.004),
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whereas all participants assigned to placebo experienced similar weight loss outcomes at 16~
weeks regardless of the CTSars prediction (FIG. 18F). Low {TSors tests predicted a
probability of losing more than 4% of total weight at 16 wecks with an AUC of 0.75 (93% CL
1.38 t0 0.92) {Table 7B and FIG. 28). These findings underscore the potential of using satiation
measarementis from ad [ibitum meals or their corresponding genetic-based biomarker as unigque

predictors of the response to two specific anti-obesity medication with different mechanism of

action.
Biscussion
(60289} This study conducted an in-depth characterization of human satiation in a cohort

of 717 participants through physiologic and behavioral testing i a tightly controlled setting,
revealing significant satiation heterogeneity. The data in this Example highlighted that
satiation, quantified as the calories consumed to reach fullness (1.e., CTS) during an ad /ibitum
meal test, s influenced by a diversity of physiologic and behavioral factors. To further
characterize satiation, a polygenic nisk score for CTS was developed. Machine-learming
techniques were then employed to develop a machine-learning gene risk score for calories to
satiation {CTSars). The chinical use of CTS and its surrogate CTSors offer promising prospects
for personalized phamacologic interventions based on an individual's satiation characteristies
as supported by the data presented with phentermine-topiramate ER. and hraglutide. The
findings presented herein support the clinical importance of talored anti-obesity mnterventions
using the kev components of food mntake regolation such as satiation.
130256} The highly heterogencous response to mterventions in medicine has prompted
the development of treatment strategies that are best suited to individual patients to enhance
their effectiveness via precision medicine 2! The variability i response to anti-obesity
interventions has been well documented in the literature over the past two decades 22
ievertheless, studies have underscored the chalienges i identifving reliable predictors of

weight loss response®

. For instance, these studies have identified various predictors, such as
short-term weight change, psychosocial factors, and health behavior change theories, but the
accuracy of these predictions has remained himited. In contrast, this study offers promising
prospects for precision pharmacologic interventions considering the heterogeneity of a key
regulator of food mtake: satation. Importantly, the applicability of a surrogate CTSors
biomarker was introduced 1n this Example to predict satiation and thercby response {o anti-

obesity medications.
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00291} Previous stadies have used machine leaming to predict food mtake
However, the particalarity of this study hes in two facts. First, only one component of food
wntake regulation, satiation was focused on. Second, the current knowledge of the genctics of
appetite regulation and data regarding the association between calories to satiation and specific
variants was leveraged in order to develop a novel GRS. The relationship between genetics and
satiation has been a subject of interest in the literature®°. Studies exploring the complex
interplay between genetic factors and satiation suggest that while genetic factors may play a
role, environmental infhuences are also important contributors. The performance of the CTSoxrs
presented herein is likely the reflection of this interplay.

060292} This study extends beyond understanding the intricacies of satiation; #t also
explores the climical relevance of satiation in the context of anti-obesity interventions. In a
prospective asscssment and in a retrospective post-hoc analysis of two randomized clinical
trials, satiation measurement by calories to satiation based on the ad /ibitum meal and the
surrogate CTScrs output predicted response to phenteomine-topiramnate and liraglutide.
Interestingly, i individuals treated with phentermine-topiramate, high CTS m the ad Ibinum
meal and a high CTSars both predicted greater weight loss compared to individuals with fow
calories to satiation and low CTSars. Contrasting with liraglutide, that lower CTS in the ad
fibitum meal and a low CTSors predicted greater weight loss in individuals treated with
liraghstide compared to individuals with high calories to satiation. The differential response
observed with these two medications descrves farther studies to uvaderstand their unique
mechanism of action within the selected pathways; nonetheless, a potential explanation may
rely on the wtegrity of the GLP-1 receptor to melanocortin pathway to have an appropriate
response to liraglutide, a GLP-1 receptor agonist. Supporting this hypothesis is the fact that
higher number of risk alleles m this pathway correlates with higher calories fo satiation; as well
as previous studies showing that genetic variants in the GLP-~1 receptor, only one gene n the
pathway, influence Hraghutide response®* ¥ Other key factors such as gastric function, vagal
integrity, and reward pathways may be considered to explain these opposing results.

(60293} Predicting weight loss response refers to the ability to forecast how an
individual will respond to a specific weight loss intervention, such as a diet, exercise program,

or medical treatment®™

. Previous attemipts at predicting weight loss response typically
involved evaluating baseline characteristics, conducting health assessments, analyzing lifestyle
and bebavior, and cousidering psychological factors®. However, these efforts were often
timited by the high volume of data input required and the low replicability they exiubited. This

study has clacidated a pathway that may predict the best responders to phentermine-topiramate
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or GLP-1 receptor agonist treatments through the utilization of a gene-based machine-leaming
algorithm. This represents a significant achievement.

(00294} In this comprehensive study, the heterogeneity of satiation 1s highlighted. While
gender-based differences, anthropometric measures, and hormonal factors played a role, they
do not fully account for this heterogeneity. Genes mvolved in food intake regulation were
demonstrated to also partially account for this heterogenetty allowing the development of a
CTSars for predicting satiation. Furthermore, this study showcased the predictive utility of the
{CTSors for individual responses to anti-obesity medications - phentermine-topiramate and
Liraglotide - underscoring its relevance for personalized obesity interventions.

Summary of Example 4

(00295 Satiation is the physiologic process that regulates meal size and termination, and
it is gquantified by the calorics consumed to reach fullness. Given its role in encrgy intake,
changes in satiation contribute to obesity's pathogenesis. This Example employed a
protocolized approach to study the components of food mtake regulation ncluding a
standardized breakfast, a gastnic emptving study, appetite sensation testing, and a satiation
measurement by an ad Fbitmm meal test. These studics revealed that satiation was highly
variable among individuals, and while baseline characteristics, aunthropometrics, body
composition and hormones, contribute to this variability, these did not fully accomnt for it To
address this gap, the role of a germiine polygenic risk score was explored, which demonstrated
a robust association with satiation. Furthermore, a machine-lcaming-assisted gene risk score
was introduced to predict satiation and this prediction was leveraged to anticipate respounses to
anti-obesity medications. The findings underscored the significance of satiation, its inherent
variability, and the potential of a genctic risk score to forecast it, ultimately allowing prediction
of responses to anti-obesity intcrventions.

[08295] List of abbreviations

30297} AUC (Arca Under the Curve), BMI (Body Mass Index), CTS (Calories to
Satiation), ER (Extended Release), GRS (Gene Risk Score), GWAS (Genome-Wide
Association Study), GLP-1 (Glucagon-Like Peptide-1), ML-GRS (Machine-Learming Assisted
Gene Risk Score), PYY (Peptide YY), RCTs (Randomized Controlled Trials), ROC-AUL
{Receiver Operating Charactenistic Area Under the Curve), SNP (Single Naocleotide

Polymorphism}), TFEQ (Three-Factor Eating Questionnaire), and VAS (Visual Analog Scales).
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Example 5- Performance Of A Machine-Learning Gene Risk Score Biomarker On
Predicting Response To Semaglutide: A Prospectively Followed Multi-Center Biobank
And Qutcomes Registry

Background and Objective

[G0356] The phenotype-guided approach to anti-obesity medications as presented
throughout this specification is associated with greater weight loss compared to the obesity
medicine standard of care. For instance, the abnormal post-prandial saticty phenotype (“hungry
gut”-HG) is associated with greater weight loss in response to GLP-1 receptor agonists (GLP-
1RA) liraglutide and cxenatide that are known to prolong post-prandial saticty. As described
previously herein {see Examples 2 and 4}, a machine-leaming assisted gene risk score (ML-
GRS) was developed to predict HG such that those determined to possess a low CTSars were
considered HG and validated it in patients taking liraglutide against placebo in a randomized
controlled trial. The ML-GRS was developed by exploring the associations between variables

related to food intake regulation and single nucleotide polvmorphisms within an expert-guided
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set of 40 genes. The model predicted the response to hiraglotide with an AUC of 0.69
{(DO1:10.1016/80016-5085(23)01311-2).
(00351 The goal of this Example was to determine the effect of this ML-GRS m

predicting weight loss response to semaghitide, a more effective GLP-1 RA, which is still

unknows.
Methods
{00352} A multi-center bichank and outcomes registry of adults undergoing weight loss

wmterventions at Mavo Chinic (IRB: 21-011737) was established. The registry collects
wformation on demographics, anthropometrics, and weight loss mterventions and their
outcomes. For this report, individuals with obesity prescribed semaglhutide 0.25-2 4mg were
enrcled. Using saliva or blood samples, genetic studies were performed and a ME-GRS was
generated, a continuous varable varving from 0 to 1. The analysis was divided as following:
1y ML-GRS < 030 ("Hungry Gut Positive” [HG+]), and 2y ML-GRS> 050 ("Hungry Gut
Negative” [HG-13. The endpoints were the total body weight loss (TBWL)Y% at 3, 6, 9 and 12
months and the probability of the ML-GRS to predict response to semaglutide, defined as
TBWL >5% at 12 months. Continnous data were analyzed using paired t-test and categorical
data using Fisher’s exact test, with p-value <0.05 considered statistically significant. Results
are presented as meantstandard deviation.

Results

(60353} 84 participants were included: age 47 6+10.9, BMI 38 846 9 kg/m2 (Table 18).
Compared to HG-, HG+ had superior TBWL% at 9 months {-14.44 6.6% vs. <103 + 7.0%,
p=0.045} and at 12 months (<195 % 11 4% vs. ~10.0 £ 9.3%, p=0.01) but not at 3 and 6 months
(FiGs 21A and 21B). When used to predict respouse, the ML-GRS had an AUC of 0.76 (95%
CI[0.57-0.94], p=0.04), with a PPV equal to 0.95.

Conclusions

66354} The HG ML-GRS developed and described herein could serve as a biomarker
that predicts response to semaglutide. As such, the HG ML-PRS test could be emploved m
climcal practice to select responders {o semaglutide, thereby reducing obesity heterogeneity .
0355 Table 18, Demographics, bascline body composition, baseline TZD status, and
medication dose of participants taking semagiutide. Abbreviations: ML-GRS: Machine

Learming-Gene Risk Score
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Hungry Gut Hungry Gut
Pasitive Negative p-
(ML-GRS < 0.58) (ML-GRS 2 8.50)
vakhu
e
N= 51 N=133

Demographics
Age, years (SD) 487 (12.0) 46.9(10.2) 0.46
Sex, females (%) 80% 79% 1.00
Race, Caucasian (% 94% 94% 1.00
Baseline Body Cemposition
(5D
Weight, kg 1101 (23.4) 110.8 (24.5) 0.89
Height. m 1.68 (0.09) 1.69 (0.08) 0.38
Body mass index, kg/m?® 39.0 (6.3) 38.6{7.7) (.83
Baseline comorbidities, N (%}
Type 2 Diabetes 5 {16%) ] 11 (33%) | 0.07
Maximum dose achieved, N (%6)
0.25-1.00 mg 7 (14%) 5 (24%) 04.26
1.70-2 40 mg 44 (86%) 25 (76%)

{80356} Numbered Embodiments of the Disclosure

60357} Other subject matter contemplated by the present disclosare is set out m the

following numbered embodiments:

(00358} 1. A computer-mmplemented method for generating a machine leaming assisted

gene risk score (ML-GRS} for predicting an obesity phenotype of imterest in a subject suffering
from obesity, the method comprising:
{a} receiving in a computer system, a genetic dataset comprising a plarality of single
nuclestide polymorphisms {(SNPs} located in, around or near a set of genes obtained
from saraples obtained from cach subject from a population of subjects, wheremn cach
subject n the population of subjects is obese, wherein cach gene in the sct of genes is
known or suspected to plav a role m obesity;
{b) generating by the computer system, a contribution factor for cach SNP located in,
around or near a gene from the set of genes from the genetic dataset for a subject from
the population of subjects, wherein the contribution factor is a numerical value, vector,

matrix, or function of various biological factors that represents the contribution or
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effect that cach SNP has on a specific trait known to be associated with the obesity
phenotype of interest;

{c) calculating by the computer svstem, a gene risk score (GRS} for each gene in the
set of genes by integrating the contribution factors generated in step (b) for cach SNP
for each gene from the set of genes and SNP genotype information located in, arcund,
or near each gene in the set of genes, wherein the GRS for cach gene represents the
cumulative effect of the varation in SNFs located in, around, or near the gene n that
particular subject has on the function or regulation of the gene so as to increase or
decrease the risk of the subject possessing a spectfic trait known 1o be associated with
the obesity phenotype of interest;

(d) rteratively performing by the computer system, steps {a)-(¢c} for each additional
subject from the population of subjects to generate a set of GRSs for each gene in the
set of genes from the population of subjects, wherein cach gene has a GRS for cach
8%

(¢} integrating by the computer system, the GRSs from step (d) with non-genctic and/or
multi-omic data obtained from the samples obtained from each subject from the
population of subjects using a machine learning model to calculate a machine learning
assisted gene risk score (ML-GRS), whercin the ML-GRS predicts if any one subject
possesses the specific trait known to be associated with the obesity phenotype of
interest by combining gene risk scores and additional biological, psychological, or
cnvironmental measurements of the any one subject;

{f) training by the computer svstem, the ML-GRS from step (¢) using a classifier model
to predict subjects from a training set of samples from a traiming popolation of obese
subjects as being positive for the specific trait known to be associated with the obesity
phenotype of micrest, thereby generating a trained MEL~-GRS; and

{g} determuning by the computer svstem, if a test subject is positive for the speaific trait
known to be associated with the obesity phenotype of interest by:

(1) calculating by the computer system the ML~GRS for the test subject using steps
{a}-{¢} on a sample obtained from the test subject; and

(1) comparing by the computer systemn, the ML-GRS for the test subject to the traimed
ML-GRS, wherein the test subject is positive for the specific trait known to be
associated with the obesity phenotype of interest if the ME~-GRS for the subject is
above the sex-specific 73% percentile for the specific trait known to be associated with

the obesity phenotype of interest or negative for the specific trait known to be
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associated with the obesity phenotype of interest if the ME~-GRS for the sabject is
below the sex-specific 78" percentile for the specific trait known to be associated with
the obesity phenotype of interest.
[30359] 2. The computer-implemented method of embodiment 1, wherein the SNP
genotype information compnses risk allele dosage, major allele presence, occurrence of a de
novo variant, insertion, deletion, or genome rearrangement.
60360} 3. The computer-implemented method of embodiment 1 or 2, wherein cach gene
in the set of genes is known or suspected to play a role in appetite regulation, encrgy
expenditure, lipid metabolism or adipogenesis.
(603611 4. The computer-implemented method of erobodiment 1 or 2, wheremn the
subject is obese if the subject possesses a body mass index (BMI) > 30 kg/m? with or without
type 2 diabetes.
160362} 5. The computer-implemented method of any one of the above embodiments,
wherein the MEL-~GRS for the obesity phenotvpe of interest predicts the specific trait known to
be associated with the obesity phenotype of interest with a sensitivity and/or specificity is at
least 63%.
[B0363] 6. The computer-implemented method of any one of the above embodiments,
wherein the ML-GRS predicts the specific trait known 1o be associated with the obesity
phenotype of miterest with an area under the curve {(AUC) of at least 0.65, 0.7, 0.75, 0.8, 0.83,
090695 0r 1.
160364} 7. The computer-implemented method of any one of embodiments |-3, wherein
the ML-GRS predicts the specific trait known fo be associated with the obesity phenotvpe of
interest with positive predictive value of at least 50%.
[G0365] & The computer-implomented method of any one of the above embodiments,
wherein the contribution factor is a function or algonthm that utilizes output of a regression
analysis or a statistical analysis on the genetic dataset as well as one or more additional
parameters, covering regression agaimst one or more trars using one or more types of genetic
datasets sclected from the group consisting of a genome-~wide data microarray chip {GWAS),
targeted sequencing {exome or targeted genetic panel), varants detected by qPCR through
targeted amplification, whole genome sequencing {WGS), targeted or untargeted sequencing
of genomic re-arrangement, deletions, duplications, repeat extensions, and complex genotyping

of HLA and CYP genes.
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(60366} 9. The computer-implemented method of embodiment 8, wherein the one or
more additional parameters relate to biological factors regarding genetics, epigenetics, and
gene regulation for cach SNP.

038367} 10, The computer-implemented method of embodiment 9, wherein the one or
more additional parameters are selected {rom the group consisting of proximity of the SNP to
the specific gene. known or theoretical mechanistic role of the SNP metadata regarding the
SNP 10 relationship to the gene, and any corobination thereof.

(00368} 11, The computer-implemented ymethod of embodiment 10, wherein the known
or theoretical mechanistic role of the SNP 1s selected from the group consisting of synonymous
mutation, nonsynonymous mutation, frameshift mutation and nonsense mutation.

00369 12, The computer-implemented method of embodiment 11, wherein the known
or theoretical mechamistic role of the SNP affects the three-dimensional structure of the
translated protein binding sites, protein-protein interaction sites and modification sites, wheren
the modification sites are selected from the group consisting of phosphorylation, glycosylation
and proteolytic site.

(60376} 13. The computer-implemented method of embodiment 10, wherein the
mechanistic role comprises whether or not the SNP is within an intron, exon, enhancer region
or regulatory region of the gene, a cis-regulatory clement, a promoter region, a non-coding
exonic region, a coding exonic region, intronic region, splice site, transcription factor binding
stte, epigenctic modification site, at a remote genomic location involved in a three-dimensional
chromatin contact with the gene, or a cell-type-specific topological-associated domain that
contans the gene.

{00371} 14. The computer-implemented method of embodiment 13, wherein the cis-
regulatory clement is an enhancer or insulator.

003721 15, The computer-tmplemented method of embodunent 13, wherein the
epigenctic modification site comprises DNA methylation modifications, histone modifications,
and/or chromatin accessibility.

60373} 6. The computer-impleraented method of any one of the above emboduments,
wherein the non-genetic and/or multi-omic data 15 selected from the group consisting of
metabolomic data, proteomic data, peptidomic data, epigenetic data, microbiome data, results
from one or more guestionnaires and any combination thercof.

[G03744 17. The computer-implemented method of embodiment 16, wherein the

epigenctic data comprises a presence or absence of DNA modifications selected from the group
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consisting of DNA methylation modifications, histone modifications and chromatin
accessibifity.

(00375 18. The computer-nplemented method of embodiment 16, wherem the
microbiome data 1s from any site on the subject or the subject’s environment.

138376} 19, The computer-implemented method of any one of the above embodiments,
wherein the machine leaming model in step (e} comprises a forward feature selection,
backward feature selection, or random feature sampling algorithm and a random forest, GBM,
or linear predictor that iteratively selects a feature with a desired training accuracy using the

random forest predictor in multiple rounds untid no further training accuracy improvement s

detected.

68377} 20. The computer-implemented method of any one of the above embodiments,
wherein the GRSs of step (e} are normalized.

10378} 21. The computer-implemented method of any one of the above embodiments,

wherein cach GSR provides an mdication of a role or effect that the SNPs located around or
near a spectfic gene may play on the specific trait known 1o be associated with the obesity
phenotype of inferest.

[60379] 22. The computer-implemented method of any one of the above emabodiments,
wherein the SNP is considered to be located around or near a specific gene i it is located within
at least 500,000 kilobases (kb) of the specific gene.

60386} 23, The computer-implemented method of any one of the above embodiments,
further comprising perfornung a genctic analysis on a sample obtained from the subject
suffering from or suspected of suffering from obesity prior to step (a).

{60381} 24. The computer-implemented method of embodiment 23, wherein the genetic
analysis comprises obtaining sequence reads from the whole or portions of the whole genome
of the subject.

[36382] 25, The computer-implemented method of embodiment 23, wherein the genetic
analysis comprises performing a genotyping method selocted from the group consisting of
restriction  fragment length  polymorphisme  identification (RFLPI), random amphified
polymorphic detection (RAPD), amplified fragment length polymorphism detection (AFLPD),
polymerase chain reaction {(PCR), DNMNA scquencing, RNA sequencing, allele specific
oligonucleotide {ASO) probes, and hybridization o microarrays or beads.

[G03834 26. The computer-tnplemented method of any one of the above erabodiments,
further comprising performing by the computer system, a regression analysis and/or statistical

analysis on the genetic dataset from step (a) prior to step (b}
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(60384} 27, The computer-implemented method of embodiment 26, wherein the
regression analysis 1s a ridge regression or least absolute shrinkage and selection operator
{(LASSO) regression.

30385} 28, The computer-~implemented method of embodiment 26, wheren beta values
obtained from the regression analyses performed on the genetic datasets are used to generate
the contribution factor i step (b).

00386} 29, The computer-implemented method of embodiment 26, wherein the
statistical analysis is a genome-wide association study (GWAS).

[G0387} 30. The computer-implemented method of embodiment 29, wherein p-values
and/or regression weights obtained from the statistical analyses performed on the genetic
datasets are used to generate the contribution factors in step (b},

30388} 31. The computer-implemented method of any one of the above embodiments,
wherein the obesity phenotype of interest is selected from the group consisting of hungry bran
{abnormal satiation), bungry zut (abnommal satictv), slow bum (slow metabolism) or
hedonic/emotional eating).

(60389} 32. The computer-implemented method of any one of the above embodiments,
wherein the obesity phenotype of interest is a hungry brain {abnormal satiation} or hungry gut
{abnormal satiety).

1363906} 33, The computer-implemented method of embodiment 32, wherein the specific
trait in step (b) is total keal consumed to satiation {CTS) at an ad fibifum meal.

66391} 34, The computer-implemented method of embodiment 32, wherein following
step (e, the subject 1s CTS positive if the subject has a ML-GRS for CT8 above the sex-specific
seventy-fifth percentile or the 4% quartile, while the subject is UTS negative if the subject has
a ML-GRS for C'TS below the sex-specific seventy-fifth percentile.

(003921 35. The computer-uplemented method of embodiment 34, wherem the
plurality of genes 1 step (3) are two or more genes selected from GLPIR, UCP2, FTO,
TCFTLZ, MBOAT4 (GOAT), ADRAZA, GNB3, GPBARIL, LEP, LEPR, SHZBI, SiMI,
NCOAT (SRCD, PCSK1, TMEMIE, NEGRI, BDNFE, GPRCSB, GNPDA2, MTCH2,
KCTD5, SECISE, FAIM2, TNNIZK, LINGGI, FANCL, CADM2, PTRBP2, NUDT3,
OLFM4, HOXBS, NPYIR, NPY2R, NPY4R, NPY3R, NRIH4, SLU6A4, NTS, UCP3,
ADIPOQ, CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNR1, FAAH,
GCG, CELA2A, PPARG, TFAP2B, APOE, TNFRSF11A or DYRKIB.

36393} 36. The method of any one of embodiments 1-31, wherem the obesity phenotype

of interest is a hangry gut (abnormal satiety).
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00394} 37. The method of ermnbodiment 36, wherein the specific trait is mereased or

accelerated baseline gastric emptying for the subject as compared to a control subject, wherein

the control subject 13 not obese,

30395} 38. The method of embodiment 37, wherein the set of genes in step {(a) consists

of genes known to play role in conferring the hungry gut phenotype.

066396} 39, The method of any one of embodiments 1-31, wheren the obesity phenotype

of interest is a slow burn.

{66357} 40. The method of embodiment 39, wherein the specific trait is decreased or

low resting energy expenditore (REE)} for the subject as compared to a control, wherein the

control subject 1s not obese.

36398} 41. The method of embodiment 40, wherein the set of genes in step {(a) consists

of genes known to play role e conferring the slow bum phenotype.

130399} 42. The method of any one of embodiments 1-31, wherein the obesity phenotype

of interest is an emotional eating phenotype.

0480} 43, The method of embodiment 42, wherein the specific frait is a finding or

result from a behavioral questionnaire indicative of anxiety or emotional eating for the subject.

00401 44, The method of embodiment 43, wherein the guestionnaire is the Hospital

Anxicty and Depression Scale (HADS) questionnaire.

136482} 45. The method of embodiment 42, wherein the plurality of genes in step (a)

consists of genes known to play role in conferring the emotional cating phenotype.

66403} 46, A computer-implemented method for predicting or diagnosing a subjoct

sufforing from or suspected of suffering from obesity as possessing abnormal satiation, the

method comprising:
{a) receiving in a computer system, a genctic dataset comprising a plurality of single
nucleotide polymorphisms (SNPs) located i, around or near a set of genes obtained
from samples obtamed from each subject from a population of subjects, wherein cach
subject in the population of subjects is obese, wherein the set of genes comprises
GLPIR, UCP2, FTG, TCF7L2, MBOAT4 (GOAT), ADRAZA, GNB3, GPBARI,
LEP, NPY IR, NPYZR, NPY4R, NPYSR, NRIH4, SLTGA4, NTS, UCP3, ADIPOQ,
CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNR1, FAAH,
GCG, CELA2A. PPARG, TFAP2B, APOE, LEPR, SHZBI, SIMI, NCOA1 (SRC1),
PCSKI, TMEMIS, NEGRI, BDNF, GPRCSB, GNPDA2, MTCHZ2, KCTDIS,
SECI6R, FATM2, TNNIZK, LINGO 1, FANCL, CADM2, PTBP2, NUDT3, OLFM4,
HOXBS, TNFRSF11A and DYRKIB,;
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(b} generating by the computer system, a contribution factor for cach SNP located
or near a gene from the set of genes from the genetic dataset for a subject from the
population of subjects, wherein the contribution factor is a numerical value, vector,
matrix, or function of various biological factors that represents the contribution or
effect that each SNP has on total keal consumed to satiation (CTS)Y at an ad libitum
meal;

{c) calculating by the computer system, a gene risk score (GRS) for cach gene in the
set of genes by integrating the contribution factors generated i step (b} for cach SNP
for each gene from the set of genes and SNP genotype information located in, around
or near each gene in the set of genes, wherein the GRS for cach gene represents the
cumulative effect of the variation in SNPs located in, around, or near the gene in that
particular subject has on the fimetion or regulation of the gene 80 as to increase or
decrease the risk of being above a sex-specific threshold total keal consumed to
satiation (CTS) at an ad libitum meal;

{d) teratively performing by the computer svstem, steps (a)-(c} for each additional
subject from the population of subjects to gencrate a set of GRSs for each gene in the
set of genes, wherein each gene has a GRS for cach sex; and

{¢) integrating by the computer svstem, the GRSs from step (d) with non-genctic and/or
multi-onuc data obtained from the samples obiained from cach subject from the
population of subjects using a machine leaming model to calculate a machine learning
assisted gene nsk score (ML-GRS}), whercin the ML-GRS predicts the CTS by
combining gene risk scores and other biological, psychological, or environmental
measurements of the subject;

(f) training by the computer system, the ML~-GRS from step (¢} using a classifier model
to predict subjects from a training set of samples from a training population of cbese
subjects as being positive for bemg above a sex-specific threshold total keal consumed
to satiation {CTS) at an ad libirum meal, thereby generating a trained ML-GRS; and
{g} determning by the computer system, 1f a test subject is positive for the specific trait
known to be associated with the obesity phenotype of interest by:

(1) calculating by the computer system the ML-GRS for the test subject using steps
{a)-{c) on a sample obtained from the test subject; and

(11} coraparing by the computer system, the ML-GRS for the test subject to the trained

ME-GRS, wherein the test subject 1s positive for CTS if the ML-GRS for the subject
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is above the sex-specific 75™ percentile for CTS or negative for CTS if the ML-GRS
for the subject is below the sex-specific 75" percentile for CTS.
(30404 47 The method of embodiment 45, wherein the sample is selected from the
group consisting of a blood sample, a saliva sample, a urine sample, a breath sample, and a
stool sample.
030405] 48. A method for treating obesity in a subject in need thercof, the method
comprising:
{a) deternuming if the subject possesses abnommal sanation  using the method of
embodiment 46 on a genetic dataset obtamned from a sample obtained the subject o determine
a ML-GRS for abnormal satiation; and
{b) administering a pharmacotherapy to the subject that does not include a GLP-1 agonist
if the ML-GRS determined for the subject indicates that the sabject is positive for CTS or
administering a pharmacotherapy that may include a GLP-1 agonist to the subject 1f the ML-

GRS deternuned for the subject indicates that the subject is negative for CTS.

60486} 49, A method for treating obesity in a subject in need thereof, the method
COMPrising:
{a} determining the presence, absence or level of a plarality of gastrointestinal ()

peptides, a plurality of metabolites, and/or a plurality of genctic variants in a sample obtamed
from a subject suffering from obesity as well as satiety, satiation, resting energy expenditure
and results on a behavioral questionnaire for the subjoct, thereby gencrating an obesity analyte
signature for the sample;

(b}  populating a predictive machine learning model with the obesity analvte signature for
the subject; and

{c} utilizing the predictive machme learning model to predict an obesity phenotype of the
subject suffering from obesity, wherein the obesity phenotype is selected from the group
consisting of hungry brain {abnormal satiation}, hungry gut (abnormal saticty}, slow bum (slow
metabolism) or hedonic/emotional eating); and

{d}  adomuinistering 3 pharmacotherapy to the subject that does not include a GLP-1 agornst
if the predictive machine leaming model to predicts that the subject possesses an abnormal
satiation phenotype or administering a pharmacotherapy that may include a GLP-1 agonist to
the subject if the predictive machine learning model to predicts that the subject does not possess
an abnormal satiation phenotype.

30467} 30, The method of embodiment 48 or 49, wheren the pharmacotherapy that

does pot inchide a GLP-1 agomst is phentermme/fopivamate.
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00408} 531, The method of embodiment 48 or 49, wherein the pharmacotherapy that
does include a GLP-1 agonist is selected from the group consisting of exenatide, liraghutide,
albiglutide, dulaghutide, ixisenatide, semaglutide and tirzepatide.

[30409] 52 A method of treating obesity in a subject i need thereof, the method
comprising:

{a) detecting an chesity analyte signature in a sample obtained from a subject; wherein the
obesity analvte signature 1s indicative of an obesity phenotype of the subject; and

{b) administering a pharmacotherapy to the subject that does not include a GLP-1 agonist
if the obesity analyte signatare detected in the sample obtained from the subject indicates that
the subject possesses an abnormal satiation phenotype or admunistering a phammacotherapy that
may include a GLP-1 agomst to the subject if the obesity analyte signature detected in the
sample obtained from the subject indicates that the subject does not possess an abnormal
satiation phenotype.

66416} 53. The method of cmbodiment 52, wherein the GLP-1 agonist is selected from
the group consisting of exenatide, liraglatide, albiglutide, dulaghutide, ixisenatide, semaghutide
and tirzepatide.

00411} 34, A method of identifving a subject suffering from obesity as a non-responder
to treatment with a GLP-1 agonist, the method comprising detecting an obesity phenotype of
the subject; and identifying the subject as a non-responder to GLP-1 agonist treatment if the
subjoct 15 determined to possess an abnormal satiation obesity phenotype.

66412} 35, The method of anv of one of embodiments 49-33, wherein the sample s
selected from the group consisting of a blood sample, a saliva sample, a urnine sample, a breath
sample, and a stool sample.

(00413} 36. The method of any one of cabodiments 52-535, wherein the obesity analyte
signature comprises the presence of serotonin, glutamine, isocaproie acid, allo-isoleucine,
hvdroxyproline, beta-aminoisobutvric-acid, alamne, hexanocic acid, tyrosine, and PYY, an
absence of 1-methyihistine, gamma-amino-a-butyric-acid, phenylalanine, ghrelin, and a HADS
questionnaite result that does not indicate an anxiety subscale (HADS-A: ¢.g.. mchudes a
HADS-A guestionnaire result}.

60414} 37. The method of embodiment 56, wherein the subject consumes above the
seventy-fifth percentile amount of calories at an ad /ibifum meal.

00415 58, The method of any one of embodiments 52-335, wherein the obesity analvte
signature comprises the presence of -methylhistine, allo-isoleucine, hydroxyproline, beta-

aminoisobutyric-acid, alanine, and phenylalanine, an absence of serotonin, ghitamine, gamma-
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amino-n-butyric-acid, isocaproic acid, hexanoic acid, tyrosme, ghrelin, PYY, and does not
include a HADS guestionnaire result that indicates an anxiety subscale.

[08415] 59, The method of embodiment 38, wherein the subject has increased or
accelerated baseline gastric emptying as compared to a control subject, wherein the control
subject is not obese.

060417} 60. The method of any one of embodiments 46-49, wherein the obesity analyte
signature comprises the presence of I-methylhistine, scrotonin, glutamine, gamma-amino-n-
butyric-acid, socaprotc acid, allo-isoleucing, alanine, tyrosine, ghrelin, PYY, an absence of
hydroxyproline, beta-aminoischutyric-acid, hexancic acid, and phenylalanine, and does
necludes a HADS questionnaite result that indicates an anxicty subscale.

3864138} 61. The method of embodiment 52, wherein the subject has decreased or low
resting energy expenditure (REE} for the subject as compared to a control, wherein the control
subject is not obese.

66419} 62. The method of any one of emboduments 52-55, wherein the obesity analyie
signature comprises the presence of serotonin, an absence of I-methyvihistine, glutamine,
gamma-amino-g-butyric-acid, isocaproic acid, allo-isoleucine, hydroxyproline, beta~
aminoisobutyric-acid, alanmine, hexanoie acid, tyrosine, phenylalanine, ghrelin, and PYY, and
does includes a HADS questionnaire result that indicates an anxicty subscale.

60426} The various embodiments described above can be combined to provide further
embodiments.  All of the U.S. patents, U.S. patent application publications, U8, patent
application, foreign patents, foreign patent application and non-patent publications referred to
in this specification and/or listed in the Application Data Sheet are incorporated herein by
reference, in their entirety.  Aspects of the embodiments can be modified, if necessary, to
crploy concepts of the various pateunts, application and publications to provide vet further
embodiments.

60421} These and other changes can be made to the embodiments in light of the above-
detatled descrption. In general, inthe following claims, the terms used should not be construed
1o limit the claims to the specific embodiments disclosed in the specification and the claims but
should be construed to inclade all possible embodiments along with the full scope of
cquivalents to which such claims are entitled. Accordingly, the claims are not limited by the

disclosure.
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INCORPORATION BY REFERENCE

{00422} All references, articles, poblications, patents, patent publications, and patent
applications cited herein are incorporated by reference in their entireties for all purposes.
However, mention of any reference, article, publication, patent, patent publication, and patent
application cited herein is not, and should not be taken as an acknowledgment or any form of
suggestion that they constitute valid prior art or foom part of the common general knowledge

in any country in the world.
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CLAIMS

What is claimed:

I

A computer-implemented method for generating a machine learning assisted gene risk
score (ML-GRS) for predicting an obesity phenotype of interest in a subject suffering
from obesity, the method comprising:

{a) receiving n a computer system, a genetic dataset comprising a plurality of single
mucleotide polvmorphisms (SNPs) located in, around or near a set of genes obtained
from samples obtained from each subject from a population of subjects, wherein each
subject in the population of subjects 1s obese, wherein each gene in the set of genes is
known or suspected to play a role 1n obesity;

{b} generating by the computer systom, a contribution factor for each SNP located in,
around or near a gene from the set of genes from the genetic dataset for a subject from
the population of subjects, wherein the contribution factor i1s a nuwmerical value, vector,
matrix, or function of various biological factors that represents the contribution or
effect that cach SNP has on a specific trait known to be associated with the obesity
phenotype of mtcrest;

{c} calculating by the computer svstem, a gene risk score {GRE) for cach gene m the
set of genes by integrating the contribution factors generated in step (b) for cach SNP
for cach gene from the sct of genecs and SNP genotype information located in, around,
or near cach gene in the set of genes, wherein the GRS for each gene represents the
cunnlative effect of the variation in SNPs located in, around, or near the gene i that
particufar subject has on the function or regulation of the gene so as to increase or
decrease the nisk of the subject possessing a specific trait known to be associated with
the obesity phenotype of miterest;

{d} tteratively performing by the computer system, steps (a)-(c) for cach additional
subject from the population of subjects to generate a set of GRSs for cach gene in the
set of genes from the population of subjects, wherein each gene has a GRS for each
8€X;

(¢} integrating by the computer system, the GRSs from step (d) with non-genectic and/or
multi-omic data obtained from the samples obtained from cach subject from the
population of subjects using a machine leaming model to calculate a machine learning
assisted gene risk score (ML-GRS), wherein the ML-GRS predicts if any one subject

possesses the specific trait known to be associated with the obesity phenotype of
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b

(3

mterest by combining gene nisk scores and additional biological, psychological, or
environmental measurements of the any one subject;

(f) training by the computer system, the ML-GRS from step (¢} using a classifier mode!
to predict subjects from a training set of samples from a training population of obese
subjects as being positive for the specific trait known to be associated with the obesity
phenotype of interest, thereby generating a trained ML-GRS: and

{g} determining by the computer system, 1f a test subject is positive for the specific trait
known to be associated with the obesity phenotype of interest by:

(1) calculating by the computer system the ML-GRS for the test subject using steps
{a)-{c) on a sample obtained from the test subject; and

(11} comparing by the compuier system, the ML-GRS for the test subject to the tramed
ME-GRS, wherein the test subject iz positive for the specific trait known to be
associated with the obesity phenotype of interest if the ME-GRS for the subject is
above the sex-specific 75% percentile for the specific trait known to be associated with
the obesity phenotvpe of interest or negative for the specific trait known to be
associated with the obesity phenotype of mterest if the ME-GRS for the sobject i
below the sex-specific 75" percentile for the specific trait known to be associated with
the obesity phenotype of mterest.

The computer-impiemented method of claim 1, wherein the SNP genctype information
comprises risk alicle dosage, major allele presence, occurrence of a de nove variant,
msertion, deletion, or genome rearrangement.

The computer-implemented method of claim 1 or 2, wherein each gene in the set of
genes is known or suspected to play a role in appetite regulation, encrgy expenditure,
iipid metabolism or adipogencsis.

The computer-implemented method of claim 1 or 2, wherein the subject is obese if the
subject possesses a body mass index (BMID) > 30 ke/m” with or without type 2 diabetes.
The computer-implemented method of any one of the above clamms, whercin the ML-
GRS for the obesuty phenotype of interest predicts the specific trait known to be
associated with the obesity phenotype of interest with a sensitivity and/or specificity is
at least 65%.

The computer-implemented method of any one of the above claims, wherein the ML-
GRS predicts the specitic trait known to be associated with the obesity phenotvpe of
interest with an area under the curve {AUC) of at least 8065, 0.7, 075, 0.8, 085,09

095 0ori.
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16.
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The computer-implemented method of any one of claims 1-5, wherein the ML-GRS
predicts the specific trait known to be associated with the obesity phenotype of interest
with positive predictive value of at least 50%.

The computer-implemented method of any one of the above claims, wheren the
contribution factor is a function or algonthm that unihzes output of a regression
analysis or a statistical analysis on the genetic dataset as well as one or more additional
parameters, cOVering regression agamst one or more tratls using one or more types of
genetic datasets selected from the group consisting of a genome-wide data microarray
chip (GWAS), targeted sequencing {exome or targeted genetic panel), variants
detected by gPCR through targeted amplification, whole genome sequencing (WGS),
targeted or untargeted sequencing of genomic re-arrangement, deletions, duplications,
repeat extensions, and complex genotyping of HEA and CYP genes.

The computer-implemented method of claim 8, wherein the one or more additional
parameters relate to biological factors regarding genetics, cpigenetics, and gene
regulation for each SNP.

The computer-implemented method of claim 9, wherein the one or more additional
parameters are selected from the group consisting of proximity of the SNP to the
spectfic gene, known or theoretical mechanistic role of the SNP metadata regarding
the SNP 1 relationship to the gene, and any combination thereof,

The computer-implemented method of claim 10, wherein the known or theoretical
mechanistic role of the SNP 1s selected from the group consisting of synonymous

mutation, nonsynonymous mutation, frameshift mutation and nonsense mutation.

2. The computer-implemented meothod of claim 11, wherein the known or theoretical

mechanistic role of the SNP affects the three-dimensional structure of the translated
protein binding sttes, protein-protein inferaction sites and modification sites, wherein
the modification sites arc selected from the group consisting of phosphorylation,

ehveosylation and proteolviic site.

. The computer-inplemented method of claim 10, whercin the mechanistic role

comprises whether or not the SNP is within an intron, exon, enhancer region or
regulatory region of the gene, a cis-regulatory element, a promoter region, a non-
coding exonic region. a coding exonic region, intronic region, splice site, transcription
factor binding site, epigenetic modification stie, at a remote genomic location involved
in a three-dimensional chromatin contact with the gene, or a cell-type-specific

topological-associated domain that contains the gene.
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)

¢ computer-implemented method of claim 13, wheren the cis~regulatory element is

an enthancer or insulator.

. The computer-implemented method of clatm 13, wherein the epigenctic modification

site comprises DNA methyvlation modifications, histone modifications, and/or
chromatin accessibility.

The computer-implemented method of any one of the above claims, wherein the non-
genetic and/or multi~omic data is selected from the group consisting of metabolomic
data, proteomic data, peptidomic data, epigenetic data, microbiome data, results from
one or more questionnatres and any combination thereof.

The computer-implemented method of claim 16, wherein the epigenctic data
comprises a presence or absence of DNA modifications selected from the group
consisting of DNA methvlation modifications, histone modifications and chromatin

accessibility.

. The computer-implemented method of claim 16, wherein the microbiome data is from

any siie on the subject or the subject’s environment.

. The computer-implemented method of any one of the above claims, wherein the

machine learning model in step {¢) comprises a forward feature selection, backward
feature selection, or random feature sampling algorithm and a random forest, GBM, or
linear predictor that iteratively selects a feature with a desired training accuracy using
the random forest predictor in multiple rounds until po further training accuracy
mmprovement is detected.

The computer-implemented method of any one of the above claims, wherein the GRSs

of step (e} are normalized.

. The computer-implemented method of any one of the above claims, wherein cach GSR

provides an indication of a role or effoct that the SNPs located around or near a specific
gene may play on the specific trait known to be associated with the obesity phenotype

of interest.

. The computer-implemented roethod of any one of the above claims, whercin the SNP

1s considered 1o be located around or near a specific gene if it is located within at least

500,000 kilobases (kb} of the specific gene.

. The computer-implemented method of any one of the above claims, further comprising

performing a genetic analysis on a sample obtained from the subject suffering from or

suspected of suffering from obesity prior to step (a).
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The computer-implemented method of claim 23, wherein the genctic analysis
comprises obtaining sequence reads from the whele or portions of the whole genome

of the subject.

. The computer-implemented method of claim 23, wherein the genetic analysis

comprises performing a genotyping method selected from the group consisting of
restriction fragment length polymorphism identification (RFLPI). random amplified
polvrorphic detection (RAPD), amplified fragment length polymorphism detection
{AFLPD), polvmerase chain reaction {(PCR), DNA sequencing, RMNA sequencing,
allele specific oligonucleotide (AS() probes, and hybridization fo microarrays or

beads,

. The computer-implemented method of any one ofthe above claims, further comprising

performing by the computer system, a regression analysis and/or statistical analysis on

the genetic dataset from step {(a) prior to step {b}.

. The computer-implemented method of claim 26, wherein the regression analysis is a

ndge regression or least absolute shrinkage and selection operator (LASSO)

regression.

. The computer-implemented method of claim 26, wheremn beta values obtained from

the regression analyses performed on the genetic datasets are used to generate the
contribution factor in step (b}
The computcr-implemented method of claim 26, wherein the statistical analysis is a
genome-~wide association study (GWAS).

¢ computer-implemented method of claim 29, wherein p-values and/or regression
weights obtained from the statistical analyses performed on the genetic datasets are

used to generate the contribution factors m step (b).

. The computer-implemented mothod of any one of the above clauus, wherein the

obesity phenotype of nterest is selected from the group consisting of hungry brain
{abnormal satiation). hungry gut (abnormal saticty), slow burn {slow metabolism) or

hedonic/emaotional eating).

2. The computer-implemented method of anv one of the above claims, wherein the

obesity phenotype of interest is a hungry bram {abnormal satiation) or hungry gut

{abonommal satiety).

. The computer-implemented method of clamm 32, wherein the specific trait in step (b)

is total keal consumed to satiation (UTS) at an ad Hbitum meal.
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42.

43.

44,

The computer-implemented method of claim 32, wherein following step (e}, the
subject 1s TTS positive if the subject has a ML-GRS for CT8 above the sex-specific
seventy-fifth percentile or the 4% quartile, while the subject is CTS negative if the

subject has a ML-GRS for UTS below the sex-specific seventy-fifth percentile.

5. The computer-tmplemented method of claim 34, wherein the plurality of genes in step

{a} arc two or more genes selected from GLPIR, UCP2, FTO, TCF7L2, MBOATY
{(GOAT), ADRA2A, GNB3, GPBARI, LEP, LEPR, SH2BI, SIM1, NCOAL (SRCH),
PCSKY, TMEMIS, NEGRI, BDNF, GPRC3B, GNPDAZ, MTCH2, KCTDIS,
SECI6B, FAIM2, TNNIZK, LINGO1, FANCL, CADM2, PFTBP2, NUDT3, OLFM4,
HOXBS, NPYIR, NPYZ2R, NPY4R, NPYSR, NRiH4, SLC6A4, NTS, UCP3,
ADIPOQ, CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNRI,
FAAH, GCG, CELA2A, PPARG, TFAP2B, APOE, TNFRSF11A or DYRKIB.

. The method of any one of claims 1-31, wherein the obesity phenotype of mterest is a

hungry gut {(abnonmal saticty).

37. The method of claim 36, wherein the specific trait 1s increased or accelerated baseline

gastric emptying for the subject as compared to a control subject, wherein the control

subject is not obese.

38, The method of claun 37, wherein the set of genes 1o step (a) consists of genes known

to play role in conferring the hangry gut phenotype.

39, The method of any one of claims 1-31, wherein the obesity phenotype of mterest is a

slow burm.

. The method of claim 39, wherein the specific trait is decreased or low resting encrgy

expenditure {REE} for the subject as compared to a conirol, wherein the control subject

is not chese.

. The method of claim 40, wherein the set of genes 1o step {a) consists of genes known

to play role m conferring the slow bum phenotype.

The method of any one of claims 1-31, wherein the obesity phenotype of interest is an
cemotional eating phenotype.

The method of claim 42, wherein the specific trait is a finding or result from a
behavioral questionnaire indicative of anxiety or emotional eating for the subject.
The method of claim 43, wherein the questionnaire is the Hospital Anxicty and

Depression Scale (HADS) questionnaire.

5. The method of claim 42, wherein the plurality of genes n step (a) consists of genes

known to play role in conferring the emotional eating phenotype.
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46, A computer-implemented method for predicting or diagnosing a subject sutfenng from
or suspected of suffering from chesity as possessing abnornmal satiation, the method
comprising:

{a) receiving in a computer system, a genefic dataset comprising a plurality of single
nucleotide polvmorphisms (SNPs} located in, around or near a set of genes obtained
from samples obtained from each subject from a population of subjects, wherem cach
subject in the population of subjects is obese, wherein the set of genes comprises
GLPIR, UCP2, FTQ, TCF7L2, MBOAT4 (GOAT), ADRA2A, GNB3, GPBARI,
LEP, NPY IR, NPYZR, NPY4R, NPYSR, NRIH4, SLU6A4, NTS, UCP3, ADIPOQ,
CCK, DPP4, FGFR4, GHRL, MC4R, MC3R, POMC, AGRP, GIPR, CNR1, FAAH,
GCG, CELA2A, PPARG, TFAP2B, APOE, LEPR, SH2B!I, SIMI, NCOA1 (SRCH),
PCSK1, TMEMIS, NEGR1, BDNF, GPRC3B, GNPDA2, MTCH2, KCTDI5,
SECI6B, FAIMZ, TNNIZK, LINGO1, FANCL, CADMZ, PTBP2. NUDT3, OLFM4,
HOXBS5, TNFRSF11A and DYRKIB;

(b} generating by the computer system, a contribution factor for ecach SNP located n
or near a gene from the set of genes from the genctic dataset for a subject from the
population of subjects, wherein the contribution factor is a numerical vahie, vector,
matrix, or function of vartous biological factors that represents the comtribution or
effect that each SNP has on fotal keal consumed to satiation (CTS) at an ad ibitum
meal;

{c) calculating by the computer system, a gene risk score (GRS) for cach gene in the
set of genes by mtegrating the contribution factors generated in step (b} for cach SNP
for cach gene from the set of genes and SNP genotype information located in, arcund
or near cach gene in the set of genes, wherein the GRS for cach gene represents the

gene in that

cumulative effect of the vanation in SNPs located in, around, ornear the g

particular subject has on the function or regulation of the gene s0 as to increase or
decrease the risk of being above a sex-specific threshold total keal consumed to
satiation (C1S) at an ad libirum meal;

{d} teratively performing by the computer svstem, steps (a)-(c} for each additional
subject from the population of subjects to generate a set of GRSs for each gene in the
set of genes, wherein each gene has a GRS for each sex; and

(¢} integrating by the computer system, the GRSs from step (d) with non-genctic and/or
multi~-omic data obtained from the samples obtaimned from each subject from the

population of subjects using a machine leaming model to calculate a machine learning
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assisted gene wisk score (ML-GRS), wherein the ML-GRS predicts the CTS by
combining gene risk scoregs and other biclogical, psychological, or environmental
measurements of the subject;
{f} traiming by the computer svstem, the ML-GRS from step () using a classifier model
to predict subjects from a training set of samples from a tramning population of obese
subjects as being positive for being above a sex-specific threshold total keal consumed
to satiation {CTS) at an ad fibirum meal, thereby generating a trained ML-GRS: and
{g} determining by the computer system, 1f a test subject is positive for the specific trait
known to be associated with the obesity phenotype of interest by:
{1} calculating by the computer systenn the ML-GRS for the test subject using steps
{a)-{c) on a sample obtained from the test subject; and
{11) comparing by the computer system, the ML-GRS for the test subject to the tramned
ME-GRS, wherein the test subject is positive for CTS if the ML-GRS for the subject
is above the sex-specific 73™ percentile for CTS or negative for CT8S if the ML-GRS
for the subject is below the sex-specific 75% percentile for CTS.
47. The method of claim 46, wherein the sample is selected from the group consisting of
a blood sample, a saliva sample, a urine sample, a breath sample, and a stool sample.
48. A method for treating obesity 1 a subject in need thercof, the method comprising:

a. determiming if the subject possesses abnormal satiation wsing the method of
claim 46 on a genetic datasct obtained from a sample obtained the subject to
determune a ML-GRS for abnormal satiation; and

b. admunistering a pharmacotherapy to the subject that does not include a GLP-1
agonist if the ML-GRS determined for the subject indicates that the subject is
positive for UTS or administering a pharmacotherapy that may include a GLP-
| agonist to the subject if the ML-GRS determined for the subject indicates
that the subject 1s negative for CTS.

49. A method for treating obesity in a subject in need thereof, the method comprising:

a. determuning the presence, absence or level of a plurality of gastrointestinal (G
peptides, a plurality of metabohites, and/or a phurality of genetic variants in a
sample obtamned from a subject suffering from obesity as well as satiety,
satiation, resting energy expenditure and results on a behavioral questionnaire
for the subject, thereby generating an obesity analvie signature for the sample;

b. populating a predictive machine leaming model with the obesity analyte

signature for the subject; and
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¢. utihizing the predictive machine learming model to predict an obesity phenotype
of the subject suffering from obesity, wherein the obesity phenotype 1s selected
from the group consisting of hungry brain {abnormal satiation). huogry gut
{abnormal satiety), slow bumn {(slow metabolism} or hedonic/emotional cating);
and

d. adnunistering a phamacotherapy to the subject that does not include a GLP-1
agonist if the predictive machine leaming model to predicts that the subject
possesses an abnormal satiation phenotype or admimstering a pharmacotherapy
that may inchide a GLP-1 agomst to the subject if the predictive machine
learning model to predicts that the subject does not possess an abnormal
satiation phenotype.

50. The method of claim 48 or 49, wherewn the pharmacotherapy that does not inclade a
GLP-1 agonist 1s phentermine/topiramate.

51. The method of claum 48 or 49, wherein the pharmacotherapy that does include a GLP-
I agomst is selected from the group consisting of exenatide, Biraglutide, albiglande,
dulaglatide, lixisenatide, semaghstide and tirzepatde.

52. A method of treating obesity in a subject in need thereof. the method comprising:

a. detecting an obesity analvte signature in a sample obtained from a subject;
wherein the obesity analyte signature is indicative of an obesity phenotype of
the subject; and

b. admunistering a phammacotherapy to the subject that does not include a GLP-|
agonist if the obesity analvie signature detected in the sample obtained from
the subject indicates that the subject possesses an abnormal satiation phenotype
or administering a pharmacotherapy that may include a GLP-1 agonist to the
subject if the obesity analvte signature detected in the sample obtained from
the subject mdicates that the subject does not posscss an abnormal satiation
phenotype.

53. The method of claim 52, wherein the GLP-1 agonist is sclected froma the group
consisting of exenatide, hraglutide, albighstide, dulaglutide, hixisenatide, semaghutide

and tirzepatde.

(¥4
i

. A method of identifying a subject suffering from obesity as a non-responder to
treatment with 3 GLP-1 agonist, the method comprising detecting an obesity phenotype

of the subject; and identifving the subject as a non-responder to GLP-1 agonist
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60.

61.

treatment if the subject is determined to possess an abnormal satiation obesity

phenoctype.

. The method of any of one of claims 49-33, wherein the sample is sclected from the

group consisting of a blood sample, a saliva sample, a urine sample, a breath sample,

and a stool sample.

. The method of any one of claims 52-53, wherein the obesity analyte signature

comprises the presence of serotonin, glutamune, isocaproic acid, allo-isoleucine,
hydroxyproline, beta-aminoisobutyric-acid, alanine, hexanoic acid, tyrosine, and PYY,
an absence of l-methylhistine, gamma-amino-n-butyric-acid, phenylalanine, ghrelin,

and a HADS questionnaire result that does not indicate an anxicty subscale (HADS-A;

e.g., includes a HADS-A guestionnaire result).

. The method of claim 36, wherein the subject consumes above the seventy-fifth

creentile amount of calories at an ad /7bitum meal.

. The method of any one of claims 52-53, wherein the obesity analyie signature

comprises the presence of l-methylhisting, allo-isoleucine, hydroxyproline, beta-
aminoisobutyric-acid, alanine, and phenylalanine, an absence of serotonin, glatamine,
gamma-anino-n-butyric-acid, isocaproic acid, hexanoic acid, tyrosine, ghrelin, PYY,

and docs not mclude a HADS guestionnatre result that indicates an anxicty subscale.

. The method of claim 38, wherein the subject has increased or accelerated baseline

gastric cmptying as compared to a control subject, wherein the control subject is not
obese.

The method of any one of claims 46-49, wherein the obesity analvie signature
comprises the presence of l-methylhistine, serotonin, glotamine, gamma-aming-n-
butyric-acid, isocaproic acid, allo-isoleucine. alanine. tyrosine, ghrelin, PYY, an
absence of Thydroxyproline, beta-aminoisobutyric-acid, hexanoic acid, and
phenylalanine, and does includes a HADS questionnaire result that jndicates an anxiety
subscale.

The method of claim 52, wherein the subject has decreased or low resting cnergy
expenditure {REE) for the subject as compared to a control, wherein the control subject

18 not obese.

.The method of any onc of clamms 352-35, wherein the obesity analyte signature

compriscs the presence of serctomin, an absence of l-methylhistine, glutamine.
gamma-amino-n-butyric-acid, isocaproic aad, allo~-isoleucine, hyvdroxyproline, beta-

aminoisobuatyric-acid, alanine, hexanoic acid, tyvrosing, phenyvialamine, ghrelin, and
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PYY, and does includes a HADS questionnaire result that mdicates an anxety

subscale.
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