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Sugar-richfoods exacerbate antibiotic-
induced microbiome disruption
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Diet shapes the composition of the gut microbiota'; however, the specific effects

of distinct food groups on microbiome dynamics are unclear, particularly in
circumstances of extreme perturbation. Here we evaluated the relationship between
diet and intestinal microbiome dynamics by precisely tracking 9,419 meals consumed
by 173 patients who were hospitalized for haematopoietic cell transplantation and
analysing subsequent microbiome changes. Bayesian inference applied to data from
158 patients with paired longitudinal microbiome samples revealed that the intake

of sweets and sugars during antibiotic exposure predicted exacerbated microbial
dysbiosis, manifesting as lowered a-diversity and greater expansion of the pathobiont
Enterococcus. Experiments in mice also showed that sucrose supplementation
increased and prolonged antibiotic-induced Enterococcus expansion. These data
suggest that avoiding a diet rich in simple sugars during antibiotic treatment may
mitigate microbiota disruption. Further studies inindependent cohorts will offer
opportunities to generalize these findings and evaluate microbiota-sparing
interventions.

Theintestinal microbiota modulates host metabolism and immunity,
and perturbations of microbiome composition are linked to various
disease states®. Although a precise definition of ahomeostatic human
microbiome composition remains unclear**,anumber of disease states
share dysbiotic patterns in microbial community compositions, often
characterized by loss of diversity and expansion of facultative anaer-
obes’. Understanding the factors thatinfluence microbiome disruption
and dysbiosisiskey todeciphering the interactions between host and
commensal organisms and to designing therapeutic strategies that
target the microbiome.

Host and environmental factors shape intestinal microbiome com-
positions; in particular, a major effect of diet has been observed both

in mice and humans*'°, However, most of these human analyses were
either in small dietary-intervention trials of individuals with chronic
conditions or of healthy volunteers with unperturbed, stable micro-
biomes. Severe perturbations, such as those that occur during acute
illness or intensive medical treatment are less well understood*". Con-
trolled studies in mice and humans have indicated that the recovery
of mouse microbiome composition after antibiotics can be impaired
or facilitated by withholding or augmenting dietary fibre, respec-
tively'®23, Moreover, while some studies suggest that dietary pertur-
bations exert effects on microbial composition within hours™ ", most
humanstudies have correlated faecal microbiome compositions with
long-term habitual diet”®?° or variations on months-long timescales*?
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and relied on recall-based surveys, the imprecision and limitations
of which have been well described®?*. Taken together, while diet is
assumed to be a major determinant of microbiome composition, an
understanding of precise diet-microbiota interactions in humans
under real-world disease and treatment conditions is lacking.

Patients with blood cancers who undergo allogeneic haematopoi-
etic cell transplantation (allo-HCT) are typically hospitalized for sev-
eral weeks, during which they receive chemotherapy and, frequently,
antibiotics. During this time, they exhibit substantial changes in
nutritional intake?, as well as severe microbiome perturbation*?,
including loss of a-diversity and expansion of facultative anaerobe
organisms, most often Enterococcus”. These shifts are associated with
adverse clinical outcomes, including mortality®*?. These microbial-
ecological disruptions are driven largely by antibiotics**, as well as by
intestinal inflammation induced by chemotherapy, irradiation and
graft-versus-host disease (GVHD)**°, Here we hypothesize that nutri-
tion contributes to these microbiome dynamics, and we reasoned that
microbiome perturbations offeran opportunity to reveal these relation-
ships by tracking microbiome composition alongside precise dietary
records.

The weeks during which patients undergoing allo-HCT are hospi-
talized facilitate frequent collection of both stool specimens and
high-precision dietary intake data; considering these data in light
of such therapy-induced perturbations enables causal-inference
approaches®?2, We therefore aimed to quantify associations between
dietary intake and microbiome composition to reveal mechanistic
insights into diet-inducible microbiome modulation. For this, we col-
lected daily dietary intake data, paired with longitudinally collected
faecal samples. We profiled faecal microbiome compositions and
revealed associations between key microbiome features and dietary
components. Intake of sweets during antibiotic exposure predicted low-
ered faecal microbiome a-diversity, as well as increased Enterococcus
abundance, suggesting amodel whereby simple dietary sugars favour
the expansion of pathobionts that persisted through antibiotic treat-
ment. We validated this prediction ina mouse model in which dietary
sugar supplementation exacerbated and prolonged antibiotic-induced
Enterococcusblooms. This study advances our understanding of micro-
biome dynamics outside of the steady state and identifies potential
interventional approaches; for example, short-term sugar avoidance
isastrategy that could be readily evaluated in HCT and across patient
cohorts treated with various antibiotics.

Allo-HCT begins with an intensive course of chemotherapy condi-
tioning that can cause painful mouth and throat lesions (mucositis),
nauseaand poor appetite (Fig. 1a). Consequently, patients often have a
poor dietand lose weight during a period of increased caloric needs®.
These symptoms typically persist until the graft is established in the
bone marrow (engraftment) and produces neutrophils—observed in
this cohort after a median of 12 days (range, 8-37 days). The severe
degree of nutritional perturbation is underscored by the observation
thatasubset of patients in the cohort had such alow dietary intake that
they required nutrition support, either through intravenous infusion
(total parenteral nutrition (TPN); n = 23 patients for amedian of 11 days;
range, 2-63 days) or agastric tube (enteral nutrition, EN; n =5 patients
for amedian of 76 days; range, 5-156 days).

High-frequency diet-microbiome data

We recorded the precise intake of food items consumed during 9,419
meals (Fig. 1b) consumed by 173 allo-HCT recipients with blood can-
cers (Supplementary Table 1; range, 8-128 meals per patient) and
also collected faecal samples during this period (Fig. 1c). We mapped
meal records toahierarchical food nomenclature (Food and Nutrient
Database for Dietary Studies, FNDDS) that classifies foods into nested
categories, resulting in nine distinct food groups. A food taxonomy con-
structed from these categories (Fig. 1d) facilitated analysis of specific
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food types at various hierarchical aggregation levels, as well as the
application of metrics from ecology to summarize nutritional intake
data®. Thus, the high-frequency, granular dietary intake data in this
study takes the form of, for example, ‘1 day before the faecal sample
was collected on day -5 relative to HCT, the patient consumed 142 g
ofbaked, broiled or roasted chicken breast’, whichis distinct from the
resolution offered by typical food-frequency instruments (for example,
‘chicken two times per week’).

To visualize the high-dimensional dietary dataset, we applied the
TaxUMAP algorithm?®such that each point represents a patient’s total
food consumption on asingle day; gradients across dietary TaxUMAP
space indicated that patients consumed more calories early during
transplantation in the form of more complex meals (Fig. 1e-h), an
observation that was confirmed in plots of daily caloric intake (Fig. 1i;
P<0.01) and dietary a-diversity over time (Fig. 1j; P < 0.01).

After filtering toinclude evaluable microbiome samples with match-
ing dietary data, weincluded 1,009 stool samples profiled by 16S rRNA
gene sequencing from a subset of 158 patients (median, 5 samples
per patient, range 1-28; Fig. 1c, Extended Data Fig. 1a and Supplemen-
tary Table 2). A temporal decline was observed in faecal microbiome
a-diversity (Fig. 1k), asseenin other allo-HCT cohorts?, that mirrored
the trends in caloric intake and dietary a-diversity (Fig. 1i,j). Intake
of the macronutrients carbohydrates, fat, fibres, protein and sugars
all declined from hospitalization until day 12 (the median time to
neutrophil engraftment in this cohort) (Fig. Im; false-discovery rate
(FDR)-adjusted g < 0.001). The average intake of all specific FNDDS
food-group items except for ‘sugars, sweets and beverages’ also
declined over this period (Fig. 1I; FDR-adjusted g < 0.01).

Shifts in microbiome composition (dissimilarity from baseline) were
moderately, albeit significantly, associated with shiftsin dietary compo-
sitionfrom each patient’s baseline (Fig.1n,0;slope = 0.6, P < 0.001). Sub-
stantial variability in microbiome perturbation remained unexplained
by diet alone, suggesting the influence of other factors (Extended Data
Fig.1b). Despite these global dietary trends, intrapatient and interpa-
tient dietary intake was highly variable (Supplementary Table 6), calling
for a granular investigation of dietary association with microbiome
disruption patterns.

Low diversity after sugar and antibiotics

We developed a Bayesian model to quantify the contribution of dietary
intake to microbiome composition in the context of potentially con-
founding clinical variables. We chose a dietary exposure period of 2 days
preceding each faecal sample, as this window provided a reasonable
correlation between microbiome composition and dietary composi-
tion (Fig. 2a) and was consistent with a previous report®. The model
considers treatment regimen (conditioning) intensity*° and exposures
during the 2 days before sample collection: nutrition-support events
(TPNandEN), antibiotics and dietary intake as fixed-effect predictors
of microbiome composition; and aninteraction term between diet and
broad-spectrum-antibiotic exposure, which captures an additional
dietary effect on the microbiome when antibiotics are administered
(Fig. 2b).

All173 patients received at least one antibiotic during their dietary
collection period. They were typically treated initially with prophylactic
antibiotics (fluoroquinolones and intravenous vancomycin). Impor-
tantly, 138 out of 173 (80%) patients were switched from prophylactic
antibiotics to broader-spectrum antibiotics during this period when
they developed fever or other signs of potential infection (most com-
monly piperacillin-tazobactam, cefepime, linezolid, or acarbapenem
for neutropenic fever or bloodstream infection; and metronidazole
or oral vancomycin for Clostridioides difficile diarrhoea). As they are
major drivers of dysbiosis in HCT**?*, we considered exposure to
these broad-spectrum antibiotics explicitly in the model (Extended
DataFig.2). Toaccommodate other exposures not explicitly captured
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Fig.1|High-resolution nutritionalintake data withlongitudinal microbiota
composition. a, Allo-HCT schematic. b,c, Intotal, 9,419 meal samples (b) and
1,009 evaluable stool samples (c) were collected from 173 patients. d, Food

tree of 622 unique itemsaccording to FNDDS nomenclature; levels are derived
from numeric food-code hierarchies. The tick marks indicate the average per-
meal consumption of eachitem (imputed dehydrated mass). e-h, TaxUMAP*
visualization; each pointis the food consumed by a patient on asingle day,
coloured by time relative to transplantation (e), caloricintake (f), most consumed
food group (g) and dietary a-diversity (Faith’s phylogenetic distance) (h).

i,j, Caloricintake; each pointis the daily food consumed by a patient (i) and daily
diet a-diversity (j). k, Faecal microbiota a-diversity (inverse Simpsonindex);
each point correspondsto afaecal sample.l, Daily intake of the nine FNDDS food
groups (imputed dehydrated mass). m, daily consumption of macronutrients.
Carbs, carbohydrates. Thelinesini-marelocally estimated scatterplot

smoothing (LOESS) averages; the shading indicates the 95% confidenceintervals.
Analysis was performed using one-sided generalized estimating equation (GEE)
Wald tests. Seealso Extended DataFig. 4i. n, Principal coordinate analysis (PCoA)
plots of dietary intake (unweighted UniFrac distances, whereby each grey
pointisthe dietary compositionina2-day window before collection of afaecal
sample) (left), and of faecal microbiome composition (Bray-Curtis distances)
(right). Longitudinal datafromanillustrative patient (52) were replotted in
red; the triangle and circles represent the earliest and subsequent timepoints,
respectively. Baseline and subsequent data for all other patients are plotted
asgreyorbluecircles. o, Therelationship between diet distance (thatis,
dissimilarity of dietary compositionrelative to a patient’s first recorded
dietday) and faecal microbiome f3-diversity relative to the firstrecorded sample.
Fixed-effectslope ofalinear mixed-effects model with per-patientrandom
intercept; two-sided t-test P= 6.7 x10°. n=851sample pairs from 135 patients.
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Fig.2|Consumption of sweets during broad-spectrum antibiotic treatment
predicts low faecal microbiota a-diversity. a, Procrustes analyses to quantify
changes (left axis, black) inthe correlation (right axis, grey) between faecal
microbiome compositionand averaged dietary intake from preceding windows
ofvarying length; by macronutrient composition (dashed) and by FNDDS food
groups (solid). b, Diagram of the Bayesian model of microbiome features as a
function of dietary intake during the preceding 2 daysin the context of potential
confounders, including TPN and tube feeds (EN), antibiotics and their interaction
with diet (dashed line), patient-level exposures (conditioning intensity), and
varying-effects terms per patient and weeks spentin hospital. The blue boxes
show the time-varying quantities; the grey box shows constants. c¢,d, Posterior
coefficient estimates for effects on microbiome a-diversity, assessed by the
natural-log-transformed inverse Simpsonindex. ¢, Intercepts for conditioning
intensity. d, Effects of the consumption of 100 g (dehydrated weight) of each

that might vary between patients and over time, we included varying
intercepts for the week relative to transplantation and varying inter-
cepts per patient (Extended Data Fig. 1c) to correct for differences
between patients and to account for repeated samples from the same
individuals.

We applied this model to 1,009 stool samples from 158 patients to
quantify associations of antibiotics, clinical parameters and dietary
food groups with microbiome a-diversity, amicrobiome feature that we
have previously correlated with mortality in this population®. Consist-
ent with our previous report®, faecal samples from recipients of the
mildest conditioning regimen (non-ablative) had the highest average
a-diversity (Fig.2¢), and exposure to broad-spectrum antibioticsin the
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Sweets consumed (g)

Macronutrients consumed (g, x10)

food groupinthe 2 days before faecal sample collection, antibiotics (abx) and
antibiotic-food group interaction terms, and additional fixed effects for TPN
andEN. e, Analogousregression using macronutrients; protein was excluded
duetohigh correlation with fat. For c-e, the dots and lines indicate the
posterior means and 95% Cls, respectively; red, 95% Cls not crossing zeros.
n=1,009 stool samples from 158 patients. f, Unadjusted correlation between
sweets consumption during the previous 2 days and a-diversity, stratified

by antibiotic exposure;lines were determined using linear regression with
95% confidenceintervals. Two-sided Spearmantest: exposed, p =-0.195,
P=3.7x107%,439 samples from 109 patients; unexposed, p = 0.045,P=0.28,
570 samples from 128 patients. g,h, Posterior counterfactual: the predicted
a-diversity across food group (g) or macronutrient intake (h), with or without
antibiotic exposure, holding other variables constant. The lines show the
posterior median and the shading shows the 95% Cls.

previous 2 days was negatively associated with bacterial a-diversity,
as expected (Fig. 2d; abx term, mean =-0.21, 95% credible interval
(CI)=-0.38t0—-0.05). Notably, although intake of food items catego-
rized as sugars, sweets and beverages (hereafter, sweets) alone was
notassociated with faecal microbiome a-diversity, their intake before
the collection of antibiotic-exposed samples was associated with the
largest diet-mediated decrease in a-diversity: for every 100 gincrease of
intake after broad-spectrum-antibiotic exposure, the model predicted
an additional 24.1% decrease (95% Cl = 7.7-38.1%) in mean a-diversity
compared with samples without previous antibiotic exposure (Fig.2d).
Combined exposure to sweets and antibiotics was also associated with
ashift toward compositions enriched for features such as community



domination, for example, by Enterococcus faecium (Extended Data
Fig.3). These associations suggested that dietary sugars could syner-
gize to exacerbate the impact of antibiotics.

To verify this independently of the FNDDS classification of food
items, we summarized the recorded meals by their macronutrient
composition, performing anequivalent analysis on the now differently
encoded dietary data. This confirmed that intake of sugars during
antibiotic exposure (abx x sugars interaction term) was significantly
additive to the antibiotic-associated a-diversity reduction (Fig. 2e), with
afurther meandecrease 0f 20.6% per 100 g (95% Cl = 2-35.6% decrease).
Although protein was omitted from the main macronutrient model as
itwas highly collinear with fat (r= 0.82, P < 0.001), asensitivity analysis
with terms for each of the major macronutrient categories confirmed
the interaction between antibiotics and sugar intake predicting low
a-diversity (Extended Data Fig. 4a,b).

These associations were surprising because sugar-enriched oral
nutritional supplements are commonly recommended to transplant
recipients® (Extended Data Fig. 4d). A higher-resolution model sug-
gested thatkey contributorstotherelationship betweensugar-enriched
foods, antibiotic exposure and low microbial a-diversity included for-
mulated nutritional beverages (such as sports drinks and nutritional
shakes; Extended DataFig. 4e), aswell asadded, as opposed to naturally
occurring, sugars (Extended Data Fig. 5a-d). To ascertain these find-
ings, we examined several potential confounders in variants of the
model. The interaction between sweets consumption and antibiot-
ics remained a significant predictor of low microbiota a-diversity in
models that considered underlying malignant disease, comorbidities
or intensive analgesic exposure as an indicator of the most severely
ill states (Extended Data Fig. 5e). We also confirmed the association
was not simply explained by certain confounding factors, as it was
still observed in subset analyses that excluded patients exposed to
EN or TPN (Extended Data Fig. 5f), as well as in a subset that excluded
samples that were collected during treatment of confirmed infections
(Extended DataFig. 5g). Finally, asimilar finding was also observedina
subset analysis of samples that were collected early in transplantation,
before the onset of severe mucositis, which can limit consumption of
aregular diet (Extended Data Fig. 5h).

Having observed a robust relationship between microbiome dis-
ruption and concurrent exposure to antibiotics and sweets, we also
analysed the raw data without adjustments for the many clinical vari-
ablesencodedinthe Bayesian model. Indeed, astatistically significant
inverse relationship was apparent between grams of sweets consumed
and faecal microbiota a-diversity in samples from patients who were
exposed toantibioticsin the 2 days before sampling (Spearman correla-
tion=-0.2,P<0.01), although substantial variation remained. However,
this relationship was not observedin the absence of antibiotic exposure
(Spearman correlation = 0.04, P=0.28) (Fig. 2f). Consistent with this,
marginal-effects plots from the Bayesian model revealed anindepend-
ent relationship between food group sweets intake and microbiota
a-diversity only during periods of antibiotic exposure (Fig. 2g); the
analogous model of macronutrients as dietary predictors also dem-
onstrated a diverging effect of sugar intake on microbiota a-diversity
dependent on antibiotic exposure (Fig. 2h). We also confirmed that
theseresults did not depend on the way in which foods were classified
(Extended Data Figs. 4f,g and 6a,b), nor driven by over-represented
patients (Extended Data Fig. 51), nor were they explained simply by
total caloric intake in the 2 days before faecal sampling (Extended
DataFig.4c).

Mortality linked to diet and antibiotics

As microbiome disruption is associated with poor prognoses after
transplantation® 2, we next examined whether the synergy between
broad-spectrum antibiotics and high dietary sweets intake is predic-
tive of clinical outcomes. We first dichotomized the cohort at the

a Mortality
«— —>
Sugar intake Lower Higher
(g per 1,000 kcal)
Above median —_—
Below median L
T T T
1.0 1.1 1.2
HR per day
of antibiotic exposure
b
Cluster 1 —_—
Cluster 2 L
T T T
1.0 1.1 1.2
HR per day

of antibiotic exposure

Fig.3 | Antibiotic exposure correlates with mortality in patients consuming
sugar-enriched diets. a, Adjusted HRs for overall survival associated with each
additional day of broad-spectrum antibiotic exposure duration between days
-7and12relative to HCT, compared with antibiotic-unexposed patients, for
those with above-median versus below-median sugar intake, calorie-adjusted
and averaged between days -7 and 12. n = 86 (above-median sugar intake group)
and n =86 (below-median group who survived tolandmark day 12). Survival
analysis was landmarked at day 12 and adjusted for conditioning intensity,

graft source and GVHD prophylaxis. Above-mediansugar, HR=1.12 (95%
confidenceinterval =1.01-1.23), two-sided Wald P= 0.027; below-median sugar,
HR =1.07 (95% confidenceinterval = 0.96-1.19), P= 0.23. Notably, without
consideringantibiotic exposure, these two groups had comparable mortality
risk (multivariable HR = 0.72,95% confidenceinterval = 0.18-2.85,P=0.6).

b, Adjusted HRs for overall survival associated with each additional day of
broad-spectrumantibiotic exposure durationbetween days -7 and 12 relative
to HCT, compared with antibiotic-unexposed patients, for the two dietary-
patternsclusters. Cluster1, HR =1.11(95% confidence interval =1.01-1.22),
two-sided Wald P=0.024, n =114 patients; cluster 2, HR=1.06 (95% confidence
interval =0.93-1.21), P=0.36,n = 58. The analysis includes aninteraction term
between dietary cluster and antibiotic exposure days, adjusting for conditioning
regimenintensity, graft type and GVHD prophylaxis. n =172 patients who
survivedtolandmark day12.Inaandb, thesquares are the adjusted HRs and the
horizontal lines show the 95% confidence interval; the dashed vertical lines mark
aHRof1; two-sided Wald tests were not adjusted for multiple comparisons.

median sugarintake, normalized to total caloricintake and averaged
across HCT days -7 to 12 (Supplementary Table 3). Among those
who consumed an above-median intake of sugar, the duration of
broad-spectrumantibiotic exposure correlated with a higher mortality
risk (Fig. 3a; hazard ratio (HR) =1.12, 95% confidence interval =1.01-
1.23, P=0.027, for each additional day of antibiotic exposure in a
model adjusted for conditioning intensity, graft source and GVHD
prophylaxis; Supplementary Table 4 and Extended Data Fig. 6j). This
was not observed inthe below-median sugar-intake group (HR =1.07,
95% confidence interval = 0.96-1.19, P= 0.23). A concordant result
was observed in a separate analysis based on dietary timeseries by
defining two clusters of dietary patterns using latent trajectory class
analysis (Supplementary Table 5). Cluster 1was characterized by lower
average daily food intake (914 kcal per day less, P < 0.001) as com-
pared to more sustained higher intake overall in cluster 2 (Extended
Data Fig. 6e). Cluster 1also had a higher proportion of sugar in the
diet (10.5% higher, P < 0.001) compared with cluster 2 (Extended Data
Fig. 6f). The duration of antibiotic exposure was significantly associ-
ated with higher mortality risk in cluster 1 (HR =1.11, CI=1.01-1.22,
P=0.024, for each additional day of antibiotic exposure) but not
cluster2(HR =1.06, CI=0.93-1.21, P= 0.36) in a multivariable model
accounting for conditioningintensity, graft source and GVHD prophy-
laxis (Fig. 3b and Supplementary Table 6). Patients in cluster 1also

Nature | www.nature.com | 5



Article

a b c
s Antibiotic wx
abx -| —— 10 | —
*
i . ’
Enterococcus - [l EN T 10 7“‘)01&;@%]1%5
TPN - - s
Staphylococcus 10° 1
ony . u abx x sweets —— T o s Bay)
Veillonella | Sweets | — § E 10°
Lactobacillus -| | abx x grains - e § 2 10* 4
Erysipelatoclostridium - Grains —om 2 g 10°
Eggerthelia -| abx x milk - —— « 102 ] é
Lachnoclostridium - Milk - —r ,
Anaerostipes - abx x eggs 1 1077
Eggs - ———— o
Lequmes Day 1 3 6 1 3 6 1 3 6 1 3 6
020 04 . abx xgmeats i Diet  Vehicle Sucrose Vehicle Sucrose
Spearman correlation Meats - —t—o Antibiotic: PBS Biapenem
a-Diversity abx x fruits 4 ——— NS
Lower  Higher Fruits - N 5 18i ek %
DX X Oils - e—— S Q 10° $
Oils | et g 107 3
abx x vegetables | — se—— = 183
Vegstables 1 T Diet Vehicle Sucrose  Vehicle Sucrose
-1 0 1 2 Antibiotic: PBS Biapenem

CLR E. faecium change

Fig.4|Sugar and antibiotics synergize to exacerbateE. faecalis expansion
inthe gut microbiome of humans and in mice. a, Generamost strongly
correlated with faecal microbiome a-diversity (inverse Simpsonindex) in
either direction. Benjamini-Hochberg-adjusted Spearman two-sided P< 0.05,
amonggenerapresentinover10% of samples with over 0.2% relative abundance.
Blue and yellow shading represents negative and positive correlations between
relative abundances and a-diversity, respectively.n=1,009 samples from158
patients; most correlated genera are plotted here (Extended Data Fig. 7b).

b, Associations between E. faecium (amplicon sequence variant 1(ASV_1)) relative
abundance (CLR transformed) and broad-spectrum antibiotic exposure, TPN,
ENand intake of food groups, plotted asin Fig.2d.n=1,009 stool samples from
158 patients (Extended DataFig. 7a,c,d). ¢, Sucrose exacerbates Enterococcus
expansion after antibiotic treatmentin mice. Top, faecal enterococcalburden

had longer hospitalizations after neutrophil engraftment (Extended
Data Fig. 6i). Thus, mortality risk after allo-HCT correlated with
duration of antibiotic exposure in patients who consumed dietary
patterns characterized by relative sugar enrichment and overall
lower intake.

Sugars exacerbate pathobiont expansion

We next examined whether sugar intake during antibiotic-induced
microbiome perturbations might favour blooms of certain bacte-
ria®. Although a variety of taxa was correlated with food-group and
antibiotic exposures (Extended Data Fig. 7a), we examined the genus
Enterococcusand, specifically, E. faecium as the species that expanded
most prominently during microbiome disruption (r=-0.34, FDR-
adjusted P<0.001; Fig. 4a and Extended Data Fig. 7b-d), consistent
with our previous report?. Notably, Enterococcus is an important
cause of antibiotic-resistant bloodstream infections and is a micro-
biome surrogate of adverse clinical outcomes after HCT, including
GVHD and mortality, and it exacerbates GVHD disease in mice**"*,
After antibiotic exposure, each 100 g of additional sweets intake was
associated witha 0.89 Uincrease in the centred log ratio (CLR)-trans-
formed abundance of E. faecium (95% Cl = 0.22-1.58), compared with
samples without previous antibiotic exposure (Fig. 4b and Extended
DataFig. 7e,f).

These observations in patients undergoing intensive cancer treat-
ment suggested a model by which antibiotic-induced microbiome
disruption, as manifested by a-diversity loss and pathobiont expansion,
could be exacerbated by the consumption of sweets. To test this hypoth-
esis experimentally, we established a system in which microbiome
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as measured by dilution plating on selective medium. A schematic of the
experimental timelineis shown at the top. Bottom, enterococcal abundance
fromthe top panel analysed over time by trapezoidal area under the curve
(AUC) toaccount for repeated measures from the same animals. The boxes
representtheinterquartile range, the centrelineindicates the median, and the
whiskers extend to the most extreme datapoint within1.5x the interquartile
range.n=7-17 mice per treatment group; 2independent experiments. Two-
sided Wilcoxon rank-sum test, unadjusted. Pvalues were as follows: top,
biapenem +vehicle versus biapenem +sucrose, P=0.048 (day 3), P=0.0010
(day 6); bottom, PBS + vehicle versus biapenem + vehicle, P=2.6 x107%;
biapenem + vehicle versus biapenem +sucrose, P=0.028; PBS + vehicle versus
PBS +sucrose, P=0.46.

disruption was induced in C57BL/6 mice with a single subcutaneous
injection of the carbapenem antibiotic biapenem. This reproducibly
induced a moderate expansion of endogenous enterococci by 2-3
orders of magnitude that peaked at day 3 and largely resolved by day 6,
asassessed by dilution plating on enterococcal-selective agar (Fig. 4c).
Aspredicted by the analysis of patient data, supplementation of stand-
ard diet with sucrose exacerbated the expansion of enterococci by
16.3-fold on day 3 (P=0.048) and by 33.4-fold on day 6 (P=0.001).
Notably, sucrose treatment alone had no effect on enterococcal burden
in the absence of antibiotics.

Recapitulating the patterns observed in patients, Enterococcus
expansion was accompanied by a decline in a-diversity and a shiftin
global composition (P < 0.001; Extended Data Fig. 8a-f). We considered
the possibility that sucrose supplementation might reduce the intake
of chow, the fibre component of which might modulate the response
of the microbiome to antibiotics'*'>. However, food consumption was
notappreciably reduced by sucrose supplementation (Extended Data
Fig. 8g,h), nor did these brief treatments significantly affect mouse
weight (Extended Data Fig. 8m). Sucrose prolonged antibiotic-induced
Enterococcus expansion in mice maintained on a fibre-free diet
(Extended DataFig. 8l), indicating afibre-independent effect of sugar.
Moreover, monosaccharide components of sucrose were sufficient on
their own to augment the antibiotic-induced enterococcal bloom, as
was blended fruit purée (Extended Data Fig. 9a-c). Sucrose supplemen-
tation had no significant effect on the kinetics of Enterococcus faecalis
monocolonizationin germ-free mice (P= 0.7, Extended Data Fig. 9d),
suggesting that this sucrose effect requires the presence of a com-
plex microbiota perturbed by antibiotics. Sucrose also prolonged the
antibiotic-induced enterococcal expansionin mice treated withbone



marrow transplants (Extended Data Fig. 9h). Collectively, we provide
evidence fromreal-world patients that consumption of dietary sugars
during or after antibiotic exposure decreases microbiome a-diversity
and drives Enterococcus expansion, a microbiome-diet dynamic that
we validated in vivo.

Discussion

In patients undergoing allo-HCT, intake of sugar-rich foods during
treatment withbroad-spectrumantibiotics predicted microbiome dis-
ruptions that we previously linked to adverse outcomes: low a-diversity,
andrelative expansion of Enterococcus®**. Moreover, among patients
in this cohort who consumed sugar-enriched diets, the duration of
broad-spectrum antibiotic exposure predicted mortality risk. The
increased mortality risk associated could also stem, in part, from lower
foodintake. The therapy-induced perturbationsin this clinical setting,
along with high-frequency serial dietary and faecal sampling, served
as a natural experiment that enabled causal-inference approaches
distinct from healthy-cohort or volunteer-feeding study desi
gns!8101215183236 The hypothesis raised by this clinical observation—
that sugars and antibiotics synergize to disrupt the microbiome—was
tested experimentally in mice, in which we confirmed that sucrose
exacerbated and prolonged antibiotic-induced expansion of endog-
enous Enterococcus. This is consistent with other reports that simple
carbohydrates can induce dysbiosis and exacerbate experimental
colitis or metabolic disease® *, and it expands the dietary determi-
nants of antibiotic-induced microbiome perturbation beyond the
well-described role of fibre'**,

Several mechanisms could underlie this synergy. Sucrose could have
apositive effect on the growth of pathobionts such as Enterococcus®, or
asuppressive effect on colonization resistance that is usually conferred
by specific commensal organisms****, Alternatively, as most simple
sugars are absorbed in the smallintestine, sucrose may modulate the
host, which, inturn, shapes microbiota composition®***, Limitationsin
the analysis of the human cohortinclude the practice of near-universal
prophylactic use of fluoroquinolones, so the reported interaction may
more precisely reflect dietary intake in the context of escalation to
broad-spectrum antibiotics, rather than exposure to any antibiotic
per se. Furthermore, as the initiation of broad-spectrum antibiotics
is clinically driven (for example, fever or suspected infection) there
may be a confounding association with the severity of the condition
necessitating antibiotic therapy. Although patients were invited to
report dietary intake outside of the items provided by the hospital,
records regarding outside food are incomplete. Moreover, transient
symptoms can affect dietary preferences and introduce additional
time-varying confounders.

Despite these limitations, our results identify dietary simple sugars
asamodifiable amplifier of antibiotic-induced microbiome disruption.
In the context of HCT, prospective trials are needed to test whether
corresponding dietary modulationimproves clinical outcomes. More
broadly, limiting sugar intake during antibiotic therapy may help miti-
gate microbiome injury.
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Methods

Patients

In this cohort study of adult allo-HCT recipients at Memorial Sloan
Kettering Cancer Center in New York between 2017 and 2022, eligi-
ble participants had been admitted for Allo-HCT. Three times weekly,
patients who had been recently admitted for allo-HCT were invited
to participate in dietary-intake collection. Neutrophil engraftment
was defined as the first of 3 days of neutrophil count =500 per pl. Five
patients died without achieving engraftment and were excluded from
the analysis of median time to engraftment. No patients were lost to
follow-up. For mortality analysis, one patient died before landmark
day 12 and was excluded from that analysis. The latest follow-up/data
collection date was in April 2023.

Nutrition data collection and annotation

Thehospital kitchen commercial computer system (Computrition) was
configured to provide a printout that accompanied each meal tray to
the bedside on which patients were asked to indicate,immediately after
each meal, whether they consumed 0, 25%, 50%, 75% or 100% of each
itemthey ordered for that meal. These instruments were collected by
adietician or other research team members three times weekly, dur-
ing which missing entries were completed at the bedside along with
encouragement to sustain motivation with the project. Consumption
data were entered into the kitchen software, which was linked to the
recipe and mass of each item. Datawere manually vetted by aresearch
dietitian for quality control (for example, grossly implausible kcal val-
uesresulting from sporadictypographicerrorsin the hospital kitchen
records). Habitual dietary patterns before admission were not sur-
veyed; the analysis was focused on inpatient dietary intake. Per-patient
interceptterms wereincluded in the Bayesian model (see below), which
may capture interpatient variability in unmeasured parameters such
as patient-specific pretransplant dietary habits.

An eight-digit food code was assigned to each unique food item
accordingto the classification of the FNDDS*. The numeric codes are
structures such that subsequent numeral positions differentiate foods
within larger groups. For example, in the food code 14109010 for Swiss
cheese, the first digit, 1, denotes milk and milk products; the second
digit, 4, denotes cheeses; and each subsequent digit conveys pro-
gressively higher resolution classifications of foods. We removed the
water content from the food total weight before analysis. To compute
the dehydrated weight of consumed foods, we subtracted the water
content, derived from FNDDS water fractions, from the total food
weight. However, for EN, whichis administered asaliquid and lacks a
standardized total weightin grams, we used an additive approach. The
dehydrated weight for these enteral formulations was calculated by
summing the total gram weight of their protein, fatand carbohydrate
components. This approach allows a more accurate comparison of
nutrient intake across individuals and different food types, as it elimi-
nates the variability introduced by water content. Therefore, when
we refer to each 100 g increase in sweets, we are referringto100 g
of the dehydrated weight of foods within the ‘sweets’ category. This
ensures that we are comparing the actual nutrient content, includ-
ing sugar, rather than the total weight or volume of the food con-
sumed. The analysed dataset therefore listed the dehydrated weight
ingrams of FNDDS food items consumed in each meal on each day of
hospitalization.

Foodtree construction

Afood tree was constructed with the 622 unique FNDDS items con-
sumed by the patients in this cohort, as done previously’ (https://
github.com/knights-lab/Food_Tree). The tree spans nine broad FNDDS
food groups, namely, grain products (abbreviated here as grains); veg-
etables; meat, poultry, fishand mixtures (abbreviated here at meats);
milk and milk products (abbreviated here as milk); sugars, sweets and

beverages (abbreviated here as sweets); fruits; dry beans, peas, other
legumes, nuts and seeds (abbreviated here as legumes); fats, oils and
salad dressings (abbreviated here as fats); and eggs. In some cases,
food items not explicitly classified in FNDDS contained ingredients
from multiple categories (such as milk-based mango smoothie). We
addressed this by manually categorizing foods on the basis of which
FNDDSfood description they fit best to. For example, milk-based mango
smoothie, despite having mango init, fits the description of ‘11553110
fruit smoothie, with whole fruit and dairy’; it was therefore classified
inthe ‘milk and milk products’ group.

Dietary data analysis: TaxXUMAP and diet a-diversity

The hierarchical organization of the FNDDS vocabulary facilitated
application of a-diversities to diet data using Faith’s phylogenetic dis-
tance*, which was implemented in Qiime2 (qiime2-2021.11)* using
the giime diversity alpha-phylogenetic function with the faith_pd
metric. The food tree taxonomy was used, as well as the dehydrated
weight consumption of the food item represented by food code per
patient per day. The TaxtUMAP method* was used to visualize com-
positional similarities between the patients’ daily meals, similar to
B-diversity. The fraction of each consumed food represented by
afood code per patient per day was used to calculate the food tree
taxonomy. Trends in microbiome and nutrition dynamics over time
(Fig.1i-k) were analysed by GEEs using the geeglm functionin geepack
(v.1.3.9)inR.

Human faecal microbiome analysis

Faecal sampleinclusion criteria and flow through the study are detailed
inExtended Data Fig.1a. Samples were transported from the inpatient
transplant unit to the laboratory through a pneumatic tube system
atroom temperature, promptly refrigerated and then aliquoted and
frozen at —80 °C within 1 business day. Microbiome profiling by 16S
rRNA sequencing was performed in the MSK Molecular Microbiology
Facility as described®. In brief, bacterial cell walls were disrupted, and
nucleic acids isolated using silica bead-beating and phenol-chloro-
form extraction, and the V4-V5 variable region of the 16S rRNA gene
was amplified. Amplicons were purified using either the Qiagen PCR
PurificationKit (Qiagen) or AMPure magnetic beads (Beckman Coulter)
and quantified using the Tapestation instrument (Agilent). No enrich-
ment of microbial DNA was performed. DNA was pooled to equal final
concentrations for each sample and then sequenced on the lllumina
platform. Of the 1,009 human faecal samples in this study, 42 were
sequenced more than once. The median Bray-Curtis distance between
distinct microbiome profiles generated from these same samples was
0.01, which was substantially smaller than the distance between sam-
plesfromthe same patients collected on different days (median value,
0.54; P<0.0001) and also smaller than the distance between samples
from different patients (median value, 0.89; P< 0.0001). This suggests
that much more variation in composition is explained by biological
differences than by technical sequencing variation. The median read
count was 132,978 and the range was from 1,196 to 8,698,524. The 16S
sequencing data were analysed using the R package DADA2 (v.1.16.0)
pipeline with the default parameters except for maxEE=2 and truncQ=2
in the filterandtrim() function®, 16S FASTQ files were capped at 10°
reads per sample. ASVs were annotated according to NCBI 16S database
using BLAST®. Microbiome a-diversity was evaluated using the inverse
Simpsonindex—asummary statistic of both the richness and evenness
of the bacterial community. Taxa abundances were summarized at
the genus level.

Relationships between microbiome a-diversity and clinical factors
suchas conditioning intensity, exposuresto antibiotics, sweets and par-
enteral nutrition were analysed mainly through Bayesian models that
accounted for repeated sampling, time relative to transplantation and
other patient-level variables (see the ‘Bayesian multilevel model’ section
below). To facilitate visualization of relationships in the unadjusted
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raw dataset, a-diversity values in various sample subsets are plotted
asbeeswarm plots in Extended Data Fig. 1f.

To address taxonomic heterogeneity within the Enterococcus genus
and the patternthat £. faeciumis the most commonly dominating spe-
cies in this dataset (Extended Data Fig. 7d), we constructed a hybrid
taxonomic feature table for the -diversity analysis in Extended Data
Fig. 3. Inthis taxonomic feature table, the Enterococcus genus was par-
titioned into two distinct features: (1) Enterococcus ASV 1 (identified as
E. faecium through paired shotgun sequencing in a subset of samples
(Extended Data Fig. 7¢,d), and (2) a composite feature containing all
remaining non-ASV1Enterococcusreads combined. All other taxawere
aggregated atthe genus level. B-Diversity was calculated using the Bray-
Curtis dissimilarity metric on this hybrid featuretable. For visualization,
samples were classified as dominated if the relative abundance of any
single feature (including the split Enterococcusfeatures) exceeded 30%.

Mouse 16S rRNA gene sequencing and analysis

Mouse stool samples were sequenced using the ZymoBIOMICS Tar-
geted Sequencing Service (Zymo Research). DNA was extracted using
the ZymoBIOMICS-96 MagBead DNAKit (Zymo Research) onanauto-
mated platform. The V3-V4 region of the bacterial 16S rRNA gene was
amplified using the Quick-16S NGS Library Prep Kit (Zymo Research)
with custom primers designed for optimal coverage and sensitivity. PCR
reactions were performed inreal-time PCR machines to control cycles
and limit chimera formation. The final pooled library was cleaned,
quantified and sequenced on the Illumina NextSeq system with the
P1reagent kit (600 cycles) using a 30% PhiX spike-in. ZymoBIOMICS
Microbial Community Standards were included as positive controls
for DNA extraction and library preparation. Negative controls were
alsoincluded to assess for contamination. Bioinformatics analysis was
performed as described in the following sections.

ASV inference. Unique ASVs were inferred from raw reads using the
DADA2 pipeline®®, with removal of potential sequencing errors and
chimeric sequences.

Taxonomic classification. Taxonomy assignment was performed
using Uclust from QIIME (v.1.9.1)* with the Zymo Research Database
asareference. a-Diversity metrics were calculated using QIIME v.1.9.1.
PCoA was performed using the vegan (v.2.5-7) package® to visualize
B-diversity. Differential abundance analysis was performed using
MaAsLin2 (v.1.24.1)** to identify differentially abundant taxa between
groups. The following parameters were used: normalization = “TSS”,
transform =“LOG”, analysis_method = “LM”, max_significance = 0.05,
min_abundance =0.0001, min_prevalence = 0.10. Volcano plots were
generated to visualize the results of the differential abundance analy-
sis. The x axis of the volcano plot represents the coefficient from the
MaAsLin2 model, indicating the direction and magnitude of the effect.
Forexample, E. faecalis (seq2) exhibited the most significant increase
inrelative abundance in the biapenem +sucrose group compared with
the biapenem-only group (coefficient =1.58, FDR-adjusted g < 0.05).
This coefficient of 1.58 means an approximately threefold change (or
athreefold increase) in relative abundance, and the y axis represents
the -log,[q], indicating the statistical significance of the association.

Whole-metagenomic shotgun sequencing

For whole-metagenomic shotgun sequencing, profiles were ana-
lysed from 333 human and 24 mouse samples. DNA extraction and
sequencing was performed as previously described*. Metagen-
omic sequencing data were preprocessed and taxonomic profiles
were generated using vdblab-shotgun (https://github.com/vdblab/
vdblab-shotgun/). In brief, the samples were deduplicated and
quality-filtered using clumpify and bbduk from the BBTools pack-
age. Removal of potential human host or mouse DNA was performed
with the two-step process described previously*. Taxonomic profilers

were generated with Metaphlanv.4.0.5, database version mpa_vjan2l_
CHOCOPhIANSGB_202103 (ref. 56).

Procrustes test

As we collected serial faecal samples and serial dietary intake data, a
question arose as to how many previous days of dietary intake should
be correlated with any given faecal sample. We therefore assessed
concordance between microbiome and dietary datasets by Procrustes
analysis, as done previously® across dietary exposure windows of 1to
5 days preceding each faecal sample. We considered dietary datain two
alternative intake metrics: first, by macronutrients; and second, by spe-
cificnamed foodsin FNDDS categories. For each window, food-group
intake was represented by unweighted UniFrac distances on FNDDS
food codes and macronutrient intake by Bray-Curtis distances on
five macronutrients, each summarized as the mean daily intake over
the window, and stool composition was represented by Bray—-Curtis
distances at the genus level. Each distance matrix was ordinated by
PCoA, and the symmetric Procrustes correlation was computed with
the Procrustes function from the vegan (v.2.5-7) package®, with each
ordination scaled to unit sum of squares so that the residual sum of
squares of the symmetric Procrustes fit (M?) lies between 0 and 1. For
801 stool samples, each of the 5 preceding days was recorded, either
asfoodintakeor as verified zero food intake. For 16 of these, the most
recent preceding day was aday of verified zero food intake, which gives
anempty food composition and therefore no defined UniFrac distance;
these were removed, leaving a final analysis set of 785 samples from
143 patients. The marginal gainis the difference in the Procrustes cor-
relation (AProcrustes) between successive windows. Confidence inter-
vals and Pvalues were obtained by a delete-one-patientjackknife; the
Pvalueis atwo-sided test of whether the gain from a given 1-day exten-
sion differs from the gain from the next 1-day extension, a difference
that was largest and significant for the extension from1dayto2dayson
food groupintake data (Fig. 2a). Moreover, a 2-day window aligns with
typical humangut transit time and is consistent with a previous report”.

Assessing the relationships between dietary changes and the
microbiome changes

To assess the relationship between dietary shifts and microbiome
changes (Fig. 1n,0), we calculated dissimilarities from baseline for
both dietary composition and faecal microbiome profiles. Dietary dis-
similarity was calculated using unweighted UniFrac distances between
food-code-level intake for the 2-day period preceding each stool
sample. Microbiome dissimilarity was calculated using Bray-Curtis
distances atthe genuslevel. For both stool and diet, we calculated the
distance between each sampling timepoint and that patient’s baseline.
We then constructed a linear mixed-effects model to assess the asso-
ciationbetween diet distance and stool distance, while accounting for
individual patient differences. This model allowed us to test the hypoth-
esisthat,onaverage, as the dissimilarity increases between a patient’s
initial and subsequent dietary composition, so does the dissimilarity
between their initial and subsequent stool microbiome composition.

Bayesian multilevel model

Bayesian multilevel models were used to analyse these data due to
their advantages in handling repeated measurements and providing
understanding of uncertainty compared to traditional generalized
linear models.

Data preparation. For macronutrient analysis, for each stool sample
theincluded dietary datawere summarized as the previous 2-day aver-
ageintake of sugars, fibres and fatingrams. For the food-group analysis,
for each stool sample, the included dietary data were summarized as
the previous 2-day average intake of grains, vegetables, meats, milk,
sweets, fruits, legumes, fats and eggs. Weights in grams were divided by
100 so that the resulting coefficients represent the expected changein
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the outcome variable per 100 gintake of the dietary component. With
respectto transplant characteristics, conditioning intensity exhibited
considerable collinearity with graft source (peripheral blood stem cells
versus bone marrow versus cord blood) and with GVHD prophylaxis
regimen (Cramér’s V> 0.5, P < 0.001 for both comparisons). As we have
previously reported associations between conditioningintensity and
microbiome disruption®, we included this variable in the model as a
three-level factor variable comprising (in increasing order of inten-
sity) nonmyeloablative (nonablative), reduced intensity conditioning
(reduced) and myeloablative (ablative). An alternative variant of the
model thatincluded a three-way interaction between sweets, anti-
biotics and conditioning intensity confirmed that the main sweets-
antibioticinteraction predicting low microbial diversity was observed
in both ablative and reduced-intensity conditioning (Extended Data
Fig. 4j). EN, TPN and patient-controlled analgesia were binary vari-
ablesencoded as true if the patient was exposed in the 2 days preced-
ing faecal collection and otherwise false. Likewise, if the stool sample
was collected after exposure to microbiome-damaging antibiotics
in the 2-day window before it, it was set to true; otherwise, false. The
microbiome-perturbing antibiotics considered were piperacillin—-
tazobactam, carbapenems, cefepime, linezolid, oral vancomycin and
metronidazole; these were most commonly used as empiric therapy
(most commonly for neutropenic fever) or in a pathogen-directed
manner (most commonly for bloodstream infections or C. difficile
diarrhoea). Prophylactic antibiotics fluoroquinolones®** and intra-
venous vancomycin®®® were not considered.

Association of foods and antibiotics with microbiome diversity were
also analysed asinteraction terms, with the assumption that food cor-
relations with microbiome may be different depending on whether
the patients had antibiotics in the previous 2-day window or not. We
considered repeated measurements and therefore per-patient dif-
ferences in microbiome features across samples by implementing a
per-patient varying intercept. We also considered additional exposures
during hospitalization that we did not capture explicitly and could
therefore confound the analyses. Thus, we also accounted for time by
grouping samples taken during similar timepoints along the therapy
courseinto weekly categorical time bins, as done previously®*®*; these
timebinswereincludedinthe model as varyingintercepts. Our reason-
ing for this implementation was that we lack a biologically informed
prior model for the effect of time on the microbiome over the short
course of several weeks, and because the a priori known causal effec-
tors of microbiome changes such as antibiotic exposures and diet were
explicitly included in the model. We partially pooled the data using a
varying-effects implementation because we believe that, while the
microbiome could vary over time due to unmeasured confounders
during the highly planned and controlled HCT treatment regimens,
the time bins do contain mutual informationjustifying their cross-talk
during Bayesianinference. The time bins wereimplemented in the for-
mat of weeks relative to transplant; for example, the sampling window
expressed in days as [-7,0) is the week before transplant, and [7,14) is
the second week after transplant.

When the outcome was microbiome a-diversity, it was analysed
as the natural-log-transformed inverse Simpson’s index. When the
outcome was genus abundance (Extended Data Fig. 7a), it was ana-
lysed as CLR-transformed raw ASV counts of the genus after adding a
pseudocount of 0.5 reads using the clr function in the compositions
package (v.2.0-6)%*.

Model construction, sampling and result visualization. The brms
(v.2.16.3)%% and rstan (v.2.26.4)% packages were used to build and
run the model, with the model formula:

log(simpson_reciprocal) - 0 + ave_fiber + ave_fat + ave_Sugars
+ave_fiber : abx + ave_fat : abx + ave_Sugars : abx + intensity
+EN+TPN + abx + (1|pid) + (1/timebin)

for nutritional intake represented as the macronutrients, or:

log(simpson_reciprocal) ~ O + ave_fruit + ave_meat + ave_milk
+ave_oils + ave_egg + ave_grain + ave_sweets + ave_legume
+ave_veggie + ave_fruit: abx + ave_meat : abx + ave_milk : abx
+ave oils:abx +ave_egg: abx + ave_grain: abx + ave_sweets : abx
+ave_legume: abx + ave_veggie: abx + intensity + EN + TPN
+abx + (1|pid) + (1/timebin)

for nutritional intake represented as the food groups.

Inthe above model formula, log(simpson_reciprocal) represents the
naturallogarithm of the inverse Simpsonindex a-diversity metric. The
ave_terms (such as ave_fruit, ave_meat) represent the average daily
intake of each food group in the 2 days before the faecal sample col-
lection. The interaction terms (such as ave_fruit:abx) assess how the
effect of eachfood group ondiversity differs depending on antibiotic
exposure. The model also includes terms for conditioning intensity
(intensity), EN, TPN and antibiotic exposure (abx). Finally, (1|pid) and
(1itimebin) are varyingintercept terms that account, respectively, for
repeated measurements within patients (patient identifier) and for
consistent temporal effects of hospitalization not captured by the
explicitlymodelled variables. This multilevel structure induces partial
pooling, aregularization technique that adaptively weightsinformation
across participants®’, Partial pooling prevents participants with a high
frequency of samples from dominating the population-level estimates
(overfitting) while simultaneously improving estimates for participants
with fewer samples by shrinking them toward the population mean,
thereby robustly handling the unbalanced sampling structure inherent
to clinical observational cohorts.

Three levels of the conditioning intensity were used as intercept
terms with normal distributions withamean of 2ands.d. of 0.1as priors,
intercept food group effectsin units of per 100 g with or without anti-
biotic exposure were set to normal distributions with amean of O and
s.d. of 1; the coefficient for the binary indicator for antibiotic exposure
was set to a normal distributions with a mean of 0 and s.d. of 0.5; EN
and TPN exposure were set to normal distributions with a mean of O
andans.d. of 0.1. Intercepts were a priori centred on the median diver-
sity observed in previous HCT cohorts. We selected priors toinduce a
regularizing effect on the many coefficients, reducing the risk of over-
fitting, and we confirmed that the model was constrained to realistic
datadomains (Extended DataFig.1g). Theinference parameters were
setasfollows: warmup=1000, iter=3000, control =list(adapt_delta=
0.99), cores =16, chains = 2, seed =123, which means that the model
will sample 1,000 steps during warm up, and 3,000 iterations in two
chains, and adapt_deltais raised to 0.99 instead of 0.8 to avoid diver-
gent transitions.

To quantify the effect of dietary predictors in concert, we leveraged
the full posterior to conduct marginal-effects analyses (Fig. 2g,h), as
well as posterior predictive checks (Extended Data Fig. 1h). Prior and
posterior predictions were visualized with ggplot (v.3.3.5)", tidybayes
(v.3.0.2)”?and ggpubr (v.0.4.0) packages.

When modelling taxon abundance, the formula was changed to:

CLR(taxon) ~ 0 + ave fruit + ave_meat + ave_milk + ave_oils
+ave_egg + ave_grain + ave_sweets + ave_legume + ave_veggie
+ave fruit: abx + ave_meat : abx + ave_milk : abx + ave oils : abx
+ave_egg:abx +ave_grain:abx + ave_sweets : abx
+ave_legume:abx + ave_veggie: abx + intensity + EN + TPN
+abx + (1|pid) + (1|timebin)

with the same running parameters.
Instead of relying on P-value adjustments for multiple testing, our
Bayesian approach with regularizing priors provides a conservative
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assessment of the associations between dietary components and taxon
abundances. This approach leverages the full posterior probability
distribution to quantify uncertainty, offering a more comprehensive
understanding of the relationships.

To identify clinical and dietary correlates of global community
shifts, we modelled the sample coordinates on the first two principal
coordinates (PCoA 1and PCoA 2) as continuous outcomes. We used
the same Bayesian multilevel regression framework described above,
with the formula:

PCoA_Axis - 0 + ave_fruit + ave_meat + ave_milk + ave_oils
+ave_egg +ave_grain + ave_sweets + ave_legume + ave_veggie
+ave_fruit: abx + ave_meat : abx + ave_milk : abx + ave_oils : abx
+ave_egg : abx + ave_grain : abx + ave_sweets : abx + ave_legume : abx
+ave_veggie : abx + intensity + EN + TPN + abx + (1|pid) + (1|timebin)

This allowed us to estimate the ‘vector’ of community movement
(alongaxis1oraxis2) associated with specific dietary-antibioticinterac-
tions while controlling for repeated measures and clinical confounders.

The marginal effects of each food group consumption on the pre-
dicted diversity are calculated with the conditional_effects function
from brms package. The method used in the function was posterior_
epred. Whilevisualizing the predicted diversity as theintake of one food
group changes, the rest of the food groups intake are held at average
level, with intensity of the conditioning regimen set to be nonablative
withno TPN or EN exposure.

For analysis of the association between diet, antibiotic exposures
and a-diversity considering the reason broad-spectrum antibiotics
(Extended Data Fig. 5g), samples were classified according to the rea-
son for broad-spectrumantibiotics in the 2-day window before faecal
sample collection. First, by pathogen-directed treatment either for
bloodstream infection (91 samples from 27 patients) or for C. difficile
(101 samples from 17 patients). Samples exposed to broad-spectrum
antibiotics without either of these documented sources of infection
were then classified as ‘empiric only’ (247 samples from 73 patients).
The remaining 570 samples (from 128 patients) were classified as no
broad-spectrum exposure.

In silico analysis of ASV-to-species specificity within Enterococcus.
To determine the theoretical species-level specificity of the Entero-
coccus ASVs, we compared them to a database of all possible V4-V5
amplicons derived from complete Enterococcus genomes in the Ref-
Seqdatabase. This analysis was performed using the SYTYCS pipeline
(https://github.com/nickp60/sytycs). In brief, theoretical V4-V5 ampli-
conswereidentified from the genomes using PrimerSearch” with the
16S PCR primer sequences used herein (563F, AYTGGGYDTAAAGNG;
and 926Rb, CCGTCAATTYHTTTRAGT). Theresulting sequences were
extracted using seqkit™, oriented in the forward direction using
vsearch”, and then clustered at 100% identity, also with vsearch, to
identify unique V4-V5 sequences. These unique sequences were then
mapped back to their source genomes to determine which species
could produce identical amplicons.

Clinical-outcome analysis

Toidentify dietary patterns among patients, we applied latent trajec-
tory class analysis’ to log-transformed daily intake of the macronu-
trients fat, fibre, protein and sugar between days -7 and 12 relative to
HCT. Day -7 was selected as the starting point as most of the dietary
data were collected after day -7 (Fig. 1b); day 12 was selected as the
end point as this was the median engraftment day and demarcates the
time at which most patients begin to recover. We used cubic natural
splines with three nodes (defined at the 10th, 50th and 90th quantiles
of the observed timepoints) to model the nonlinear trajectories of
macronutrient intake. The optimal number of clusters was determined

using the classification entropy extended quasi-likelihood informa-
tion criterion. We tested whether there was a significant difference in
the caloric intake, as well as macronutrient fraction of the daily diet
(as proportion of fat, protein, sugar, fibre and other carbohydrates)
between the two patient clusters with a GEE model. The model con-
sidered the effect of time (days relative to transplant) using natural
splines to flexibly model the potential nonlinear changes in sugar
fraction over time. Knots were placed at the 20th and 80th percentiles
of the time variable. The model also accounted for the correlation
between repeated measurements within each patient, with patient
identifier as the clustering variable. The model was fitted using the
geeglm function from the geepack (v.1.3.11) package in R””. The sta-
tistical significance was defined as P < 0.05. Next, we incorporated
thetrajectory cluster labels asa covariate in amultivariable Cox pro-
portional hazards model to assess the association between dietary pat-
terns and mortality end points. The model was adjusted for potential
confounders, including the duration of broad-spectrum antibiotic
exposure (between day -7 and day 12), conditioning intensity and
graft source. Moreover, we included an interaction term between
macronutrient intake clusters and antibiotic exposure to evaluate
the combined effect of these factors.

Mice

Female C57BL/6 mice 6-8 weeks of age were obtained from Jackson
Laboratory, specifically from rooms RBO3, RBO4, EMO7 and RBOS,
or based on the presence of endogenous Enterococcus. The animals
were housed under conditions that included a 06:00 to 18:00 light-
darkcycle, at atemperature of 72 °F with aset point +2 °F and, relative
humidity of 30-70%. Mice were single-housed in shoebox-style cages
for 1-2 days before each experiment. Baseline faecal samples (day 1)
were collected to confirm the presence of endogenous Enterococcus
before any manipulation and were processed for enumeration and
analysis as described below.

Stool collection and colony counting

Faecal pellets were collected in a biosafety hood directly from each
mouse into a barcoded preweighed sterile tube and kept on ice until
the faecal pellets were weighed and homogenized in 1 ml of PBS
and serially diluted. Then, 20 pl of each dilution was plated onto
Enterococcus-selective agar (BD, 212205) in six-well plates and incu-
bated at 37 °C under ambient air for 24 h. Colonies from a well with a
countable density were manually enumerated.

Antibioticintervention and diet preparation

We had noticed that the carbapenem antibiotic biapenem tends to
facilitate expansion of endogenous enterococci after subcutaneous
injection. We therefore established a model in which 2 mg of biap-
enemisadministered subcutaneously to singly housed C57BL/6 female
micesourced fromJackson laboratories. Mice were treated with asin-
gle subcutaneous injection of antibiotic (Biapenem (Sigma-Aldrich;
SML0306,2 mgin100 mlPBS)) or vehicle (PBS). Inaddition to standard
mouse chow, the animals were fed plain hydrogel in cups (HydroGel,
ClearH20, 70-01-502) with or without added sucrose (Sigma-Aldrich,
S0389; 5% sucrose supplement: 1g per 20 ml hydrogel; and control
supplement (diet vehicle): 20 ml plain hydrogel, respectively) or 5% glu-
cose (Sigma-Aldrich, G7021), 5% fructose (Sigma-Aldrich, FO127) where
indicated. Cups were replenished every 48 h. In some experiments,
sucrose was administered in the drinking water (25 g per 500 ml).
We also explored delaying the administration of sugar by 1 or 2 days
(Extended Data Fig. 8i-k).

Trapezoidal AUC

The trapezoidal AUC was calculated between days 1and 3, as well as
between days 3 and 6, for each mouse in the experimental setting,
following the trapezoidal rule. The day-1raw counts were subtracted
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from day 3 and day 6 for each mouse before applying the trapezoidal
rule. The reported total trapezoidal AUCs for each treatment group
were the sums of the above two separate time periods and they were
compared using the Wilcoxon rank-sum test.

Chow consumption

Daily chow consumption in singly housed mice was calculated as the
difference between the starting weight and the weight of the chow
remainingin the hopper, divided by the number of days between meas-
urements, providing an average daily consumption rate. The trapezoi-
dal AUC was calculated for each mouse over the experimental period
to account for repeated measurements. Differences in chow consump-
tionbetween groups were assessed using the Wilcoxon rank-sum test.

Fibre-free diet experiment

Mice were fed a fibre-free diet (W.F. Fisher and Son; AIN-93G) 5 days
before starting the interventions and throughout the whole experiment
course, instead of the standard mouse chow used in our institutional
vivarium (LabDiet PicoLab Rodent Diet 20, 5053) (diet compositionis
shownin Supplementary Table 7).

Mouse transplantation model

C57BL/6 (donors) and BALB/c (recipients) mice were procured
from The Jackson Laboratory housed at five mice per cage under
standard specific-pathogen-free conditions (chow and water ad
libitum, 12 h-12 h light-dark cycle). BMT was performed as previ-
ously described®, In brief, after split-dose lethal irradiation with
900 cGy, mice received 5 x 10° bone marrow cells that were depleted
of T cells (anti-Thy-1.2 (BioXcell) and low-Tox-M rabbit complement
(CEDERLANE Laboratories)) through retro-orbital injection. Mice were
monitored daily for survival and weekly as described previously?.
Then, 3 days after transplant, the mice received 2 mg biapenem or
injection vehicle subcutaneously. In addition to food pellets, mice
received either control diet supplement of hydrogel (100 ml per cage)
with or without 5 g (w/v) sucrose. Grafts were characterized by flow
cytometry after staining for surface CD45, CD19, CD3, CD4 and CD8
for20 minat4 °Cin PBS with 0.5% BSA and counterstaining with DAPI
on the LSR-1I Fortessa (BD Biosciences) system with FlowJo v.10.10.0
(Tree Star Software).

Monocolonization of germ-free mice

E. faecalis was isolated from a faecal pellet obtained from specific-
pathogen-free C57BL/6 mice by plating on Enterococcus-selective agar
under ambient air at 37 °C and 5% CO,. A single colony was inoculated
into Difco brain-heartinfusion (BHI) broth (BD, 237500) and cultured
overnightat 37 °C with shaking. A growth curve was generated to deter-
mine that optical density at 600 nm of 0.1 corresponded to about 10™°
colony-forming units (CFU) per ml. For subsequent experiments, afresh
overnight culture was prepared under identical conditions, aliquots
were frozen at -80 °Cin 15% glycerol and thawed immediately before
use for oral gavage. In the initial experiment, six germ-free female
8-week-old C57BL/6 mice housed inisocages at the Cornell University
Comparative Cancer Biology Center, Belfer Research Building were
orally gavaged with10° CFU E. faecalisin sterile PBS. Of these, three mice
received 2.5% (w/v) sucrose in their autoclaved drinking water for the
duration of the experiment. Four germ-free control mice received PBS
gavage alone; two of these alsoreceived 2.5% sucrose in drinking water.
In the repeat experiment, which did not include germ-free controls,
two germ-free mice received E. faecalis with regular water and three
germ-free micereceived E. faecalis with 2.5% sucrose in drinking water.
Faecal pellets were collected at the baseline (pre-gavage) and at 4, 8,24,
48and 144 hafter gavage for colonized groups. For germ-free controls,
faecal pellets were collected at the baseline and at 4, 48 and 144 h after
gavage. Stool was plated and Enterococcus colonies were enumerated
asdescribed above for the colonized mice. To confirm germ-free status,

stool from germ-free mice was plated onto BHI agar under both anaero-
bic and aerobic conditions and incubated for 5 days to monitor for
bacterial growth.

Isolation of intestinal epithelium and RNA extraction

The smalland large intestines were excised, opened longitudinally on
asterile, moistened paper towel and cutinto approximately 1 cm seg-
ments. Tissue pieces were transferred to a new Petri dish containing
PBS and residual mucus was gently removed from both sides using a
coverslip (two gentle passes per side). Cleaned intestinal segments were
thentransferredintoa2 ml Eppendorftube containing PBS and minced
intosmall fragments. The fragments were moved to a 50 ml Falcon tube
with PBS and shaken at 80 rpm for 10 min at4 °C. The supernatant was
carefully removed, and the tissue was incubated in12 ml of 10 mM EDTA
for 20 min at 80 rpmin a cold room. After allowing the fragments to
settle, the supernatant was discarded, and 10 ml of PBS was added. The
suspension was shaken vigorously by hand (approximately 40 times)
to detach epithelial cells. The resulting cell suspension was passed
through a70-pm cell strainer, centrifuged at 350g for 10 minat4 °Cto
remove debris and the supernatant was discarded. The epithelial tis-
sue pellet was resuspended in 1 ml of RNAlater (Sigma-Aldrich, R0O901)
and stored at 4 °C until RNA extraction. Total RNA was extracted using
the RNeasy Mini Kit (Qiagen, 74104) according to the manufacturer’s
instructions, including on-column DNase treatment to remove genomic
DNA contamination.

RNA-seq library preparation and sequencing

For RNA-sequencing (RNA-seq) analyses, the RNA integrity number
was assessed using the Agilent Bioanalyzer. Sequencing libraries were
prepared and sequenced on anlllumina NovaSeq X to generate 100 bp
paired-end reads at the MSKCC Integrated Genomics Operations core
facility.

RNA-seq data analysis

Raw sequencing reads (FASTQ) were processed using the Illumina
DRAGEN (Dynamic Read Analysis for GENomics) Bio-IT Platform,
v.4.2.7. The DRAGEN pipeline was executed in RNA-aware mode
(--enable-rna=true) against the mouse reference genome GRCm39;
duplicate reads were marked, and the resulting alignments were
delivered as coordinate-sorted, indexed BAM files. Gene counts were
generated using featureCounts (v.2.1.1) against the GENCODE mouse
basic gene annotation, release vYM37 (GRCm39; https://www.genco-
degenes.org/mouse/release_M37.html). Bioinformatic analysis was
performedinR (v.4.4.1). Genes with low expression were removed by
prefiltering; genes were retained only if they had a counts-per-million
value of greater than 2.5 in at least three samples. Principal com-
ponent analysis was performed to visualize sample clustering
using the DESeq2 package. To ensure homoscedasticity, raw read
counts were normalized using variance stabilizing transformation.
This transformation was applied in a design-blind manner (blind =
TRUE) to provide an unbiased view of sample variance. The princi-
pal component analysis coordinates were calculated using the top
500 genes with the highest row variance. The differential expres-
sion analysis was performed using the DESeq2 package (v.1.44.0),
whichincorporates normalization based on size factors, dispersion
estimation and fitting a negative binomial generalized linear model.
The significance threshold is defined as FDR < 0.05. To correct for
the high variance observed in genes with low read counts, log,[FC]
estimates were moderated using the adaptive shrinkage estimator
(ashrv.2.2-63) before generating volcano plots. Gene-set enrich-
ment analysis was performed using the fgsea package (v.1.30.0).
Genes were preranked using a metric combining the log,[FC] and
P value from the DESeq2 results, calculated as: sign(log,[FC]) x
-log,[P]. The Hallmark (H) gene set collection (v2025.1.Mm) from
the Molecular Signatures Database (MSigDB) was obtained through
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the msigdbr package (v.25.1.1). Mouse gene symbols were mapped
to Entrez IDs as required using the org.Mm.eg.db annotation
database (v.3.19.1).

Ethics statement

Participants consented in writing to collection and analysis of biospeci-
mens; specimens were analysed for this study with the approval of the
Memorial Sloan Kettering Cancer Center Institutional Review Board
under protocol 16-834, which has been previously published* but is not
listedinaclinical trial registry. The study was conducted inaccordance
with the Declaration of Helsinki. Mouse experiments were conducted
under the supervision of the Memorial Sloan Kettering Institutional
Animal Care and Use Commiittee (protocols 23-03-006 and 99-07-025).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Allsequencing data analysed in this study are publicly available through
the NCBISequence Read Archive (SRA) across several BioProject acces-
sions, asfollows. Accessionidentifiers for individual samples, together
with the sample identifiers used throughout this study, are listed in
Supplementary Table 1. Human faecal 16S rRNA amplicon sequenc-
ing, 1,009 samples: PRINA878528 (476 samples), PRJINA545312 (484
samples)?, PRJNAS10900 (38 samples), PRINA972747 (5 samples),
PRJNA979931 (5 samples) and PRJNA810891 (1 sample). Human fae-
cal shotgun metagenomic sequencing, 333 samples: PRJNA878528,
SRR35981832-SRR35982164. Mouse faecal 16S rRNA amplicon
sequencing, 111samples: PRINA878528, SRR31624460-SRR31624570.
Mouse caecal shallow shotgun metagenomic sequencing, 24 samples:
PRJNA878528,SRR37009193-SRR37009216. Mouse intestinal epithelial
RNA-seq, 20 libraries: PRJNA878528, large intestine (SRR36928799-
SRR36928808) and small intestine (SRR39866831-SRR39866840).
Source dataare provided for animal experiments (Fig. 4c and Extended
DataFigs.8and 9) and are also archivedina public Zenodo repository
(https://doi.org/10.5281/ZENODO.14538105)"® as data S7, along with
de-identified tables of patient data: meal-level dietary intake records
(dataS2), stool-sample-level microbiome a-diversity, dietary exposures
and clinical covariates (data S3), medication-exposure records (data
S4), nutrient profiles of the foods consumed from FNDDS 2015-2016
(data S5), patient-level longitudinal summaries of caloric intake and
dietary and faecal microbiota a-diversity (data S6), clinical metadata
and processed microbiome feature tables (ASV counts and relative
abundances, taxonomic annotation, genus-level relative abundances
and shotgun-derived Enterococcus species abundances), along with
derived analysis inputs and food-taxonomy files. Analysis code for these
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Extended DataFig.1|Sampleselection, covariate contributions, varying
intercepts, and Bayesian model checks. (a) Patient and faecal sample selection.
(b) Relative explanation of microbiome variation by covariates. Proportion of
variance R?in ASV-level Bray-Curtis dissimilarity for covariates with statistically
significant association (FDR < 0.05); four patients (14 samples) were excluded
because disease could not be categorized as myeloid or lymphoid. (c) Patient-
specific deviations (random intercept posterior) from the average log-
microbiome-diversity; eachlinerepresents a patient; dots indicate estimated
deviation; lines are 95% Bayesian credible intervals. Patients are ordered by
estimated deviation; vertical line marks the overall average microbiome
diversity, n=158. (d) Same as (c) with lines colour-coded by each patient’s
averaged sweetsintake (log,-transformed g/day +1pseudocount), n=158.

(e) Scatterplot of each patient’s averaged sweets intake versus posterior

mean patient-specificintercept; line =linear fit; shading = 95% confidence
interval. Two-sided Spearman p=0.065, P = 0.42, n =158. (f) Unadjusted faecal
o-diversity stratified asindicated; 11EN-exposed samples excluded toisolate
dietary sweets from liquid nutrition. These raw-datavisualizations were not
adjusted for the patient-level clinical variables, sample-level exposure other
thanthoseindicated, timing of sample collection relative to transplantation,
nor for repeated measures from the same patients. (g) Prior predictive check:
mildly regularizing priors (teal) constrain the model toward the observed
diversity data (red); non-regularizing flat priors (dashed) are shown for
illustration. (h) Bayesian posterior predictive check: observed data (red)
versus ten datasets independently simulated from the posterior predictive
distribution (teal); boxes =interquartile range (IQR), line = median, whiskers =
most extreme value within1.5*IQR.
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Extended DataFig.2|Antibioticexposure trendsinallo-HCT patients. In this
cohort, fluoroquinolones (ciprofloxacin or levofloxacin) were administered as
prophylaxis against Gram-negative bloodstreaminfections, typically starting
atHCT day -2 or atthe onset of neutropenia, whichever was sooner. As patients
developed neutropenic fevers, Clostridioides difficile diarrhoea, or other signs
of potentialinfection, they were switched to broad-spectrum antibiotics, as
classified in this study: piperacillin/tazobactam, carbapenems, cefepime,
linezolid, oral vancomycin, and metronidazole. Broad-spectrum antibiotics
were typically discontinued upon neutrophil engraftment unless specific
infections necessitate longer treatment. (a) Individual patient time courses of
antibiotic exposures. Days on which faecal samples were collected are outlines
inblack. (b) Histogram displaying the count of stool samples collected during
the hospitalizations, colour coded according to antibiotic exposuresin the
two days preceding sample collection. Any broad-spectrum exposurein this

window was colouredred, evenif fluoroquinolone exposure also occurred.
See Supplementary Table 4. (c) Percentage of faecal samples exposed to each
medication group on each day following transplantation. The dashed vertical
lineindicates the day of transplant (day 0). The category “other antibacterial”
included systemic (oral orintravenous) but no other routes of administration
such as topical or ophthalmic. (d) A simplified variant of the main model that
explicitlyincludes aterm for exposure to prophylactic fluoroquinolones
revealed no strong association with a-diversity independently from those of
early hospitalization; (e) the varying-intercept term for time (per week relative
to transplant) captured a-diversity dynamics early in hospitalization, in the
period during which fluoroquinolone exposure is most prevalent.In (d,e): dots =
posterior mean; lines =95% credible intervals (Cls); Cls not crossing zeroinred;
n=1,009stoolsamples from158 patients.
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Extended DataFig. 3 | Dietary predictors of microbiome composition

by Bray-Curtis dissimilarity. (a) Principal Coordinates Analysis (PCoA) of
microbiota compositional Bray-Curtis dissimilarity. Each pointis amicrobiome
sample, coloured by dominant taxon (>30% of reads), if present; the nine most
common dominating taxa each have their own colour; samples dominated

by less-commonly dominating taxa are light grey; non-dominated samples
areblack. Theinput was a hybrid feature table summarized at the genus level,
except for Enterococcus, which was partitioned into ASV_1(E. faecium) and a

second composite feature comprising all other Enterococcus ASVs. (b) The
same PCoA plot coloured by a-diversity (inverse Simpson index). (c) Bayesian
multilevel regression results considering position along PCoA-Axis 1 (left) and
Axis 2 (right) as continuous outcomes; posterior mean estimates (dots) and
95% credible intervals (lines) for each predictor; red dots highlight significant
predictors where the 95% Cldoes not cross zero (blue vertical line).n=1,009
stool samples from 158 patients.
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Extended DataFig.4 |Macronutrient and food-group robustness checks.
(a) Pairwise repeated-measures correlation matrix of daily macronutrient
intake; numbers are coefficients of repeated-measures correlations from173
patients. (b) Bayesian model of all five major macronutrients and a-diversity
including clinical confounders. (c) Microbiome a-diversity is not predicted

by total caloricintakein the two days prior to sampling; two model versions,
with or without a caloric-intake * abx interaction (interaction termsinblue).
(d) Effective per-meal average consumption of the top ten foods in “sugars,
sweets, and beverages” group (referred to as “Sweets”). Dark pink =dehydrated
weight; light pink =sugar content. “Nutritional drink or shake” includes oral
nutritional supplements; “Sports drink” includes, e.g., Gatorade. Bars are

the mean per-meal amount for each food across every mealin which it was
recorded among n =173 patients. (e) Alternative version of the model in Fig. 2d
with FNDDS “Sweets” replaced by its higher-resolution two-digit subgroups.
(f) As analternative tothe FNDDS nomenclature, dietary data were classified
accordingto “What We EatIn America” (WWEIA) categories. FNDDS “Sweets”

beverages map tothe WWEIA “Beverages” category; the beverages-antibiotic
interaction term was a significant predictor of diversity. (g) WWEIA with
custom sub-categories for beverages. (h) To ascertain that the use of
dehydrated food weights as predictors did notinflate the estimated effect of
sweet beverages, z-scoring the food categories individually rendered them
unitless. (i) As patients were discharged from the hospital, the dataset became
more sparse and enriched for sicker patients with longer hospital courses,
including those admitted to intensive care and fed via gastric tubes, which are
classified as FNDDS “Sweets”, accounting for up-trending “Sweets,” but contain
relatively lower sugar content, accounting for down-trending sugar intake;
n=173(j) Inferred sweets-antibioticinteraction coefficients stratified by
conditioningintensity (n = 629 myeloablative, 288 reduced-intensity, 92
nonmyeloablative samples).In (b, ¢, e-h, j) dots =posterior mean; lines =95%
credibleintervals (Cls); Cls not crossing zeroinred.n=1,009 stool samples
from158 patients.
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Extended DataFig. 5| Robustness of the sweets-antibiotic-diversity
associationacrosssensitivity analyses. (a) Correlationbetween “added” vs
“total” sugars, two-sided Pearsonr=0.88,P <2.2x107%;n=1,009 samples from
158 patients). (b) Bayesian inference on macronutrient data separating sugars
into“added” vs “other.” (c) modelincluding only “added sugars”; (d) model
including only “other” sugars. (e) The sweets*antibioticinteraction remaineda
significant predictor of microbiome diversity in models adjusting for clinical
covariates: left, cancer type (myeloid vs. lymphoid); centre, hematopoietic-
cell-transplantation comorbidity index (HCT-CI); right, patient-controlled
analgesia (PCA) as a proxy for mucositis severity (52 samples, 5.2% exposed).
(f) Subset excluding 139 samples exposed to EN or TPN. (g) Subset analysis
excluding samples collected during treatment of documented bloodstream
infectionor C. difficile diarrhoea; analysed are samples exposed to empiric
broad-spectrum antibiotics (empiric only, 247 samples) and without any
broad-spectrum exposure (570 samples), see Online Methods. (h) Subset
restricted to 194 pre-transplant samples. (i) Correlation between Sweets and
microbiome a-diversity in pre-transplant samples, stratified by antibiotic

exposure: 30 antibiotic-exposed samples from 22 patients (SpearmanR=-0.38,
two-sided p = 0.04) versus 164 unexposed samples from 86 patients (Spearman
R=0.06, two-sided p = 0.45); lines = linear regression with 95% confidence
interval. (j) Time courses of ONS (oral nutritional supplements: nutritional
shakes, drinks, powders, and tube feeds) versus non-ONS Sweets across the study
period (907 samples after non-ONS Sweets; 155 after ONS). (k) Reclassification
placing ONSinto aseparate group reveals that both ONS and non-ONS Sweets
consumed during antibiotic exposure are each associated with reduced
microbiome diversity. (I) Sensitivity analysis on 50 non-overlapping random
subsets of samples; bars =frequency with which each model term significantly
predicted microbiome diversity; the abx * Sweets interaction was significant
in94 % of runs.In (b-h, k) dots are the posterior mean of each coefficientand
horizontal lines the 95% credible interval; credibleintervals that exclude zero
areshowninred.n=1,009 stool samples from N = 158 patients for (b-d, k);

(e) 995samples from 154 patients (left); 1,003 samples from 155 patients (centre);
1,009 samples from 158 patients (right); (f) 870 samples from 139 patients;

(g) 817 samples from 147 patients; (h) 194 samples from 99 patients.
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Extended DataFig. 6 | Dietary patterns and antibiotic exposure predict
mortality following allo-HCT. (a-b) Bayesian model of microbiome diversity
withawithsplitof the FNDDS “Grains” category into custom groupingsin (a)
“Sweet Grains” that contain >1.5teaspoon-equivalents of added sugar per 100
and “Other Grains” that contain<1.5tsp equivalents of added sugar per100 g
orin(b)into“Sweet Grains” that contain >10 g macronutrient sugar per100 g.
In(a,b) dots, linesindicate the posterior means, and 95% Cls, respectively; red:
95% Cls not crossing zeros.n=1,009 stool samples from 158 patients. (c) Sugar
and overall calorie intake were highly correlated (Spearman R=0.77, two-sided
P<2.2x107, n=173 patients). Each pointis a patient’s intake averaged across
HCT days-7to12;linearregressioninred. (d) Calorie-adjusted sugar intake is
anti-correlated with overall calorie intake (two-sided SpearmanR=-0.62,
P<2.2x107, n=173 patients). (e-g) Latent trajectory class analysis identified
twodistinct dietary patterns of food intake between day -7 to12; survival
probabilities of the two clusters were not significantly differentin univariable
analysis (logrank p = 0.088, landmarked at HCT day 12). Dietary patterns with
respectto (e) calories, (f) sugar, and (g) other macronutrients. Ine-g, the
centre marks are the median, the box bounds are the IQR and the whiskers
extend to the most extreme value within1.5 x IQR of the nearest box bound;

values beyond the whiskers are not plotted. Thered lines join the daily medians.

Clusters were compared by two-sided Wald tests from generalized estimating
equations. with an exchangeable working correlation, modelling transplant day
asanatural spline: calories, P <2.2x107%; sugar P=1.1x10""; other carbohydrate
P=0.0089; fat,P=1.6 x107'?; protein, P=4.7 x10°. n =173 patients. (h) Faecal
microbiota a-diversity in the clusters; cluster 1trend was modestly but
significantly lower than cluster 2. Two-sided Wald test from a generalized
estimating equation, P=0.0022;n=1,009 samples from 158 patients.

(i) Cumulativeincidence of hospital discharge following neutrophil engraftment
ina Cox model adjusted for duration of broad-spectrum antibiotic exposure
(day-7to12), graft source, conditioning intensity, and GVHD prophylaxis,
adjusted HR1.54 (95% confidenceinterval1.06-2.23), two-sided Wald P = 0.023;
n=168. (j) Predicted mortality-risk surface from a Cox proportional hazards
model asajoint function of average daily sugar intake per1,000 kcal during
HCT day -7 to 12; y-axis) and duration of broad-spectrum antibiotic exposure
duration (in days, x-axis) adjusted for graft source and conditioning intensity.
grey dashed curverepresents the combinations of antibiotic exposure and
energy-adjusted average sugar intake that correspond to amortality hazard
ratio of 1. Shades of red and blue indicate higher and lower mortality risk as
compared tothelightgrey dashed curve, respectively. Marginal histograms
depictthedistribution of patient numbers across the cohort.
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Extended DataFig.7|Microbiome composition, taxaand diversity
associated withfood groups. (a) Heatmap of associations between food-group
and antibiotic exposures and CLR-transformed genusrelative abundances
from Bayesian models; posterior coefficient means are shown for significant
associations (red = positive, blue = negative; asterisks denote posterior CI
exclusionofzero at 94%/97%/98%). Genera observed in >10% of samples at
>0.2%relative abundance areincluded. (b) Correlations between faecal
microbiome a-diversity (inverse Simpsonindex) and genera presentin >10%

of samples with>0.2% relative abundance; Benjamini-Hochberg adjusted
Spearman two-sided p <0.05in either direction. Blue and yellow represent
negative and positive correlations betweenrelative abundances and a-diversity,
respectively; n=1,009 samples from 158 patients. (c) Shotgun metagenomics-
based species annotation of dominant Enterococcus16S amplicon sequence
variants (ASVs). Compositional bar plot of 323 faecal samples with Enterococcus
relative abundance >0.5% by 16S; bars coloured by the 10 most abundant
Enterococcus ASVs; yellow indicates non-Enterococcus organisms. ASV_1

(putatively E. faecium) and ASV_33 (putatively E. faecalis) together accounted
foramedian of 96.2% of all Enterococcusreads, with ASV_1by far the most
prevalent and frequently dominating. (d) Matching V4-V5 amplicons were
extracted insilico from Enterococcus genomesin RefSeq. Left: potential
species matches for four ASVs. Middle: species prevalence and abundance
inthe matched shotgun metagenomes (n =333 samples); E. faecalis and
E.faecium canbe unambiguously resolved using these V4-V5 primers. Right:
taxonomic assignment used throughout this analysis (ASV_1 = E. faecium;
ASV_33 =E. faecalis). (e) Posterior counterfactual prediction of E. faecium
CLR-transformed abundances across varying food-group intake, holding
other variables constant; lines = posterior median; shading =95% interval;
antibiotic-exposed (red) and unexposed (grey). (f) Posterior associations
betweenE. faecium CLR and food-group intake under three antibiotic-exposure
categories: broad-spectrum non-exposed (left), anaerobe-sparing broad-
spectrum (middle), and anaerobe-targeting broad-spectrum (right). Dots =
posterior mean; lines=95% credible intervals; Cls not crossing zeroinred.
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Extended DataFig. 8| Effects of antibiotic and sucrose treatments on

the mouse gut microbiome. (a) a-diversity (inverse Simpson) across two
independent experiments (triangles vs. circles); two-sided paired Wilcoxon
signed-rank test, not adjusted for multiple comparisons: PBS + vehicle P=0.25,
PBS +sucrose P=0.20,biapenem +vehicle P = 0.30, biapenem +sucrose P =
4.9x107*, (n=37 mice from 2independent experiments). (b) PCoA of Bray-
Curtis distances faceted by day; onday 6, sucrose vs. vehicle differed among
the antibiotic-treated animals (PERMANOVA on Bray-Curtis distances, diet
termadjusted for experiment: P <1x107*); n=9-12/group. (c, €) Volcano plots:
(c) PBS+vehicle vs.biapenem+vehicle and (e) biapenem+sucrose vs. biapenem+
vehicle, day1vs.3 (top) and day 1vs. 6 (bottom); x =MaAsLin2 coefficient;

y =-log,,(q); horizontal dashed =FDR q = 0.05; vertical = [coefficient| > 1;
redenriched, blue depleted. (d) Biapenem-enriched taxa, n = 8-12/group (f)
Sucrose-enriched taxa following biapenem treatment. (g) Daily chow

consumption (g/mouse/day) on days 3, 6, 9 inbiapenem-treated mice with
vehicle vs.sucrose; n=5/group, in asingle experiment. Two-sided Wilcoxon
rank-sum, vehicle vs sucrose: P = 0.31(day 3), P = 0.84 (day 6), P = 0.55 (day 9) (h)
AUC of data from panel g: two-sided Wilcoxon rank-sum P = 0.55. (i-k) Delayed
sugar administration (0, 1, or 2 days after antibiotic): (i) schematic, (j) AUC of
Enterococcus abundance, (k) raw data of Enterococcus CFU/mg faeces.n=4-7/
group 2 experiments. (I) Mice on fibre-free chow (Supplementary Table 7)
starting five days before treatment; 0% fibre alone permits amodest
Enterococcusbloom, but sucrose still prolonged antibiotic-induced expansion
through day 9 (two-sided t-test; *: p=0.019; N = 24 mice, 5-7 per groupina
single experiment). (m) mouse body weight, n =18-31/group, error bars span
IQR.box plots throughout: boxes =1QR; line =median; whiskers =most extreme
value within1.5*IQR. The mouseiconinlwas designed by Icongeek26, Flaticon
(Freepik Company).
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Extended DataFig.9|Mousestudies of sugar modulation of Enterococcus
dynamics. (a) Enterococcus CFU/mg faeces following biapenem or PBS with
sucrose or vehicle foraprolonged 21-day time course. Two-sided Wilcoxon
rank-sum, biapenem + vehicle vs biapenem +sucrose: P =5.8 x10™* (day 3),
P=0.026(day6),P=0.54 (day9), P=0.80 (day 14), P = 0.80 (day 21); biapenem +
vehicle vs PBS +vehicle: P=5.8 x10™*(day 3), P = 0.62 (day 6), P=0.71(day 9),
P=0.16 (day14), P =0.38 (day 21), n=7inasingle experiment. (b) Commercial
fruitsmoothie (mixed-sugar exposure commonly consumed by patients) or
vehicle, following PBS or biapenem; n = 8-19/group pooled across 3 experiments,
two-sided Wilcoxon rank-sum: biapenem + vehicle vs biapenem + smoothie:
P=0.63(day3)andP=0.0013 (day 6). (c) Enterococcus CFU/mg faeces in mice
treated withbiapenem with different sugars or vehicle. two-sided Wilcoxon
rank-sum vs biapenem + vehicle at day 3: sucrose P=5.8x10™*, glucose P =
1.2x1073, fructose P =5.8 x107*; at day 6: sucrose P=0.026, glucose P = 0.29,
fructoseP=0.45.n=7/groupinasingle experiment. (d) Germ-free C57BL/6
miceinoculated with10° CFU E. Faecalis (isolated from an Jax C57BL/6 specific-
pathogen-free mouse, speciated ona Bruker MALDI-TOF Biotyper) or PBS, with
regular of sucrose water (2.5% w/v) n =15 mice across 2 experiments, with
n=5-6/groupinmono-colonized groups and n =2 in germfree controls. Germ-
free status was verified by plating faeces throughout. Centre panel: each thin
lineisanindividual mouse; thick lines connect group medians. Right panel:In
AUC boxplots the centre lineis the median, the box bounds are the 25th and

75th percentiles (interquartile range, IQR), and the whiskers extend to the most
extreme observation within1.5 x IQR. two-way ANOVA with experimental
replicateasacovariate, P=0.7. (e-g) Host transcriptional response (bulk RNA-
seq, colonicepithelium) (e) GSEA Hallmark pathways enriched in £. faecalis-
colonized vs. uncolonized animals, including interferon-a/-y; n =3 colonized
vs.2 PBS-gavaged, with regular water; point size = —log,,(adjusted p). (f) PCA of
colonicepithelial gene expression in colonized mice with regular vs. sucrose
water; PClseparated the groups (two-sided Welch t-test, P=0.045,n=3/group).
(g) Volcano plot of gene transcripts enriched inregular- vs. sucrose-water

fed animals during E. faecalis colonization; adjusted p < 0.05and |log,-fold
change|>1inred;n=3/groupinasingle experiment. (h) Enterococcus CFU/mg
faecesin BALB/c mice transplanted with C57BL/6 T-cell-depleted bone marrow;
three days post-transplant they received biapenem or PBS with sucrose or
vehicle; two-sided Wilcoxon rank-sum: PBS + vehicle vs PBS + sucrose P =0.55
and PBS +vehicle vs biapenem + vehicle P=0.0079 at day 4; biapenem + vehicle
vs biapenem +sucrose P=0.032atday 6 and P=0.55atday 9.n=5/group.Inall
boxplots(a, b, ¢, d right-hand panel, and h), the centre line is the median, the
boxboundsare the 25th and 75th percentiles (interquartile range, IQR), and
the whiskers extend to the most extreme observation within1.5xIQR of the
nearest boxbound. The mouseiconina-d and hwas designed by Icongeek26,
Flaticon (Freepik Company).
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Meal-tray records were captured in the hospital kitchen commercial computer system (Computrition, Bedford, MA), which is linked to the
recipe of each item; no version is published for this system. No custom software was used for data collection.

Data analysis Analyses were performed in R (v4.4.1).
Human 16S and shotgun sequencing: DADA2 v1.16.0; BLAST+ v2.11.0 against the NCBI 16S ribosomal RNA reference database (Bacteria and
Archaea, downloaded 2020); QIIME 2 v2021.11; vegan v2.5-7; MetaPhlAn v4.0.5 (database mpa_vlJan21_CHOCOPhIANSGB_202103), run
through the vdblab-shotgun pipeline (https://github.com/vdblab/vdblab-shotgun/) with clumpify and bbduk from the BBTools package.

Mouse 16S sequencing: DADA2 and UCLUST as implemented in QIIME v1.9.1 within the ZymoBIOMICS Targeted Sequencing Service; QIIME
v1.9.1 for alpha diversity; vegan v2.5-7 for principal coordinates analysis; MaAsLin2 v1.24.1 for differential abundance.

Dietary data: food tree built with the Food_Tree pipeline (https://github.com/knights-lab/Food_Tree); Faith's phylogenetic diversity computed
in QIIME 2 v2021.11; TaxUMAP (https://github.com/jsevo/taxumap).

Enterococcus amplicon specificity: the SYTYCS pipeline (https://github.com/nickp60/sytycs), using EMBOSS PrimerSearch, seqgkit and vsearch.
Statistical modeling: brms v2.16.3 with rstan v2.26.4 for the Bayesian multilevel models; compositions v2.0-6 for the centered-log-ratio

transformation; geepack v1.3.9 (dietary and microbiome trend analyses) and v1.3.11 (clinical-outcome analyses) for generalized estimating
equations.




RNA-seq: lllumina DRAGEN Bio-IT Platform v3.10; featureCounts v2.1.1; DESeq2 v1.44.0; ashr v2.2-63 for log2 fold-change shrinkage; fgsea
v1.30.0 with the MSigDB Hallmark collection v2025.1.Mm via msigdbr v25.1.1; org.Mm.eg.db v3.19.1.

Flow cytometry: FlowJo v10.10.0 (Tree Star).
Visualization: ggplot2 v3.3.5, tidybayes v3.0.2, ggpubr v0.4.0.

Code used for the analysis and figure generation is publicly available at https://github.com/Angi-Dai/Nutrition_microbiome_reproducibility
and is archived at Zenodo (https://doi.org/10.5281/zenodo.21290618). R package versions are pinned with renv, and the external tools
required to run the pipeline end to end are specified in the repository README. The tables distributed with the repository are the same files
archived in the Zenodo data deposit78. The code is released under an MIT license.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All sequencing data analyzed in this study are publicly available through the NCBI Sequence Read Archive (SRA) across several BioProjects, as follows. Accession
identifiers for individual samples, together with the sample identifiers used throughout this study, are listed in Data S1. Human fecal 16S rRNA amplicon sequencing,
1,009 samples: PRINA878528 (476 samples), PRINA545312 (484 samples27), PRINA810900 (38 samples), PRINA972747 (5 samples), PRINA979931 (5 samples) and
PRJNA810891 (1 sample). Human fecal shotgun metagenomic sequencing, 333 samples: PRINA878528, SRR35981832—-SRR35982164. Mouse fecal 16S rRNA
amplicon sequencing, 111 samples: PRINA878528, SRR31624460-SRR31624570. Mouse cecal shallow shotgun metagenomic sequencing, 24 samples:
PRJNA878528, SRR37009193-SRR37009216. Mouse intestinal epithelial RNA sequencing, 20 libraries: PRINA878528, large intestine SRR36928799-SRR36928808
and small intestine SRR39866831-SRR39866840.

Source data are provided for animal experiments (Fig. 4c and Extended Data Figs. 8 and 9) as a spreadsheet workbook file herein and are also archived in a public
Zenodo repository (https://doi.org/10.5281/zenodo.14538105)78 as Data S7, along with de-identified tables of patient data: meal-level dietary intake records (Data
S2), stool-sample-level microbiome a-diversity, dietary exposures and clinical covariates (Data S3), medication-exposure records (Data S4), nutrient profiles of the
foods consumed from FNDDS 2015-2016 (Data S5), patient-level longitudinal summaries of caloric intake and dietary and fecal microbiota a-diversity (Data S6),
clinical metadata, and processed microbiome feature tables (ASV counts and relative abundances, taxonomic annotation, genus-level relative abundances, and
shotgun-derived Enterococcus species abundances), along with derived analysis inputs and food-taxonomy files. Analysis code for these panels is included in the
public repository.

This study also used the following public resources: the USDA Food and Nutrient Database for Dietary Studies (FNDDS) 2015-2016 (https://www.ars.usda.gov/
northeast-area/beltsville-md-bhnrc/beltsville-human-nutrition-research-center/food-surveys-research-group/docs/fndds-download-databases/); the USDA Food
Patterns Equivalents Database (FPED) 2015-2016; the NCBI 16S ribosomal RNA database of Bacteria and Archaea type strains (RefSeq Targeted Loci, BioProjects
PRINA33175 and PRINA33317; at https://ftp.ncbi.nim.nih.gov/blast/db/), downloaded in 2020 and used to assign taxonomy to the human amplicon sequence
variants with blastn (BLAST+v2.11.0); and the Zymo Research Database to assign taxonomy to the mouse 16S data with Uclust in QIIME v1.9.1; MetaPhlAn v4.0.5
with database mpa_vJan21_CHOCOPhIANSGB_202103; the GENCODE mouse basic gene annotation release vM37 (GRCm39; https://www.gencodegenes.org/
mouse/release_M37.html), used for gene-level quantification of the mouse RNA sequencing; and the MSigDB Hallmark gene set collection (v2025.1.Mm, 50 gene
sets), accessed through the msigdbr R package v25.1.1.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Supplementary Table 1

Reporting on race, ethnicity, or NA
other socially relevant

groupings
Population characteristics Supplementary Table 1
Recruitment In this cohort study conducted at Memorial Sloan Kettering Cancer Center in New York between 2017 and 2022, eligible

participants had been admitted for an allogeneic hematopoietic cell transplantation. Participants consented in writing to
collection and analysis of biospecimens; specimens were analyzed for this study with the approval of the Memorial Sloan
Kettering Cancer Center Institutional Review Board under protocol #16-834, which has been previously published (PMID:
32101664) but is not listed in a clinical trial registry. The study was conducted in accordance with the Declaration of Helsinki.
Thrice weekly, patients who had been recently admitted for allo-HCT were invited to participate in dietary-intake collection.
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Ethics oversight Memorial Sloan Kettering Cancer Center Institutional Review Board protocol #16-834

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size For human studies, eligible patients were invited to participate over a 5-year period (2017-2022) during which staffing and resources were
available; the cohort size was the number of patients who agreed to participate during that period; a formal power calculation was not done.
For mouse studies, the minimum number of animals for statistical significance were used based on preliminary data; no statistical method
was used to formally predetermine sample size.

Data exclusions  Detailed in Extended Fig. Ela

Replication Experiments were repeated at least twice as successful, independent experiments. Details as to the exact number of replicates are included in
the Figure Legends.

Randomization  For antibiotic and diet experiments under conventional (specific-pathogen-free) conditions, experiments were conducted in singly housed
mice. Batches of vendor-supplied mice were separated into individual cages and assigned randomly to treatment arms. For bone marrow
transplants, mice were segregated into treatment groups by cage, 4-5 mice per cage, randomly, except with care that mice at the extremes of
body mass were not allocated to the same treatment cages. For gnotobiotic experiments, germ-free mice were randomized to treatment arm
and co-housed by treatment assignment in gnotobiotic isolator cages.

Blinding Blinding was not done in mouse experiments as the outcomes were objective quantitative measures (e.g., abundance of Enterococcal colony

forming units, next-generation sequencing data). Additionally, treatment-arm allocations, treatments, and processing of samples for a given
experiment were often handled by the same individual, so blinding was not logistically practical.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals C57BL/6 mice, aged 6-8 weeks. Animals were housed under conditions including 6:00 am to 6:00 pm light/ dark cycle, at a
temperature of 72 degrees Fahrenheit with a set point +/- 2 degrees Fahrenheit and relative humidity of 30-70%.

Wild animals No wild animals were used in the study.
Reporting on sex Females

Field-collected samples  No field-collected samples were used in the study.
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Ethics oversight

Memorial Sloan Kettering Institutional Animal Care and Use Committee (protocols #23-03-006 and #99-07-025).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration

Study protocol

Data collection

NA

In this cohort study of adult allo-HCT recipients at Memorial Sloan Kettering Cancer Center in New York between 2017 and 2022,
eligible participants had been admitted for an allogeneic hematopoietic cell transplantation. Participants consented in writing to
collection and analysis of biospecimens; specimens were analyzed for this study with the approval of the Memorial Sloan Kettering
Cancer Center Institutional Review Board under protocol #16-834, which has been previously published (PMID: 32101664) but is not
listed in a clinical trial registry. The study was conducted in accordance with the Declaration of Helsinki.

New York, 2017-2022

Outcomes NA
Plants

Seed stocks NA

Novel plant genotypes  NA

Authentication NA
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