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Abstract 

Background  Feces represent a complex biological matrix that provides valuable information about intestinal 
physiology and gut microbial activity. Comprehensive fecal DNA sequencing is mostly utilized as a non-invasive way 
to profile the gut microbiome, and both clinical practice and research on inflammatory bowel diseases (IBD) would 
greatly benefit from accurate and non-invasive methods to monitor gut inflammation in IBD patients. In IBD, excessive 
immune cell recruitment and epithelial cell shedding in the gut increase the amount of human DNA in feces, making 
fecal DNA profiling a desirable approach to monitor gut inflammation dynamics.

Methods  We used a combination of sequencing techniques to comprehensively characterize the fecal DNA diver-
sity in a newly established cohort of pediatric IBD patients and controls (Pediatric cohort, N = 134 children, Israel). 
We performed methylation-based human cell-specific profiling together with shotgun metagenomics to character-
ize the human and the microbial DNA content in feces, respectively. Moreover, we included a large complementary 
external cohort including adult IBD patients and controls (Adult cohort, N = 689 adults, the Netherlands), not only to 
compare microbial patterns across the age spectrum, but also to extend our findings from the methylation-based 
profiling to the more broadly-available quantification of human DNA in metagenomic sequencing.

Results  We found that neutrophil DNA dominates fecal human DNA content in IBD patients, and our measurements 
were highly correlated with fecal calprotectin levels. Combining neutrophil and other cell type DNA fractions in one 
metric was able to distinguish between remissive and active cases of IBD. Human reads percentage by metagenomics 
was well correlated with disease severity and species richness, which had distinct trends in CD and UC over time. We 
used a combination of species richness, human DNA percentage, and microbiome composition data to predict IBD 
and distinguish CD from UC in both adult and pediatric IBD cohorts.
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Conclusions  The comprehensive characterization of human and microbiome fecal DNA is a useful approach to track 
immune response level and investigate the interaction that the immune system has with gut microbiome richness 
and composition over time, enriching opportunities for better disease monitoring and thus better treatment of IBD 
patients.
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Background
Human feces contain DNA, not only from the trillions 
of microorganisms inhabiting the gut (microbiome), but 
also from human cells, which are shed from the epithe-
lium into the lumen as part of their physiological turno-
ver [1–4]. In healthy individuals, human DNA content in 
feces is negligible, usually not exceeding 10% of the total 
fecal DNA [5–7]. However, in case of chronic inflam-
matory states of the gut, such as in inflammatory bowel 
diseases (IBD), gut epithelial cells are shed at a faster 
rate into the lumen [3, 8], and several immune cell types 
migrate to the gut mucosa in response to pro-inflamma-
tory stimuli [9]. Several studies already reported that in 
these and other scenarios, human DNA content in feces 
increases considerably [6, 10, 11]; nevertheless, human 
DNA quantification in feces has been hardly consid-
ered as a possible biomarker of intestinal inflammation 
so far. In metagenomic pipelines for the analysis of the 
human microbiome, human DNA is commonly consid-
ered an unwanted byproduct of shotgun metagenomics. 
Human DNA reads are removed early on in the analysis, 
to reduce computational burden, and most importantly, 
to protect the identity of participants prior to publication 
in data repositories [5]. Many have also proposed tech-
niques for reducing human DNA content in DNA sam-
ples, especially where a considerable amount, if not the 
majority of the reads are expected to be human, such as 
in skin, saliva and vaginal swabs [12–14]. In this context, 
most microbiome studies report the number of human 
reads merely as part of the technical assessment of the 
sequencing process alone.

Although gut microbiome studies have so far ignored 
human fecal DNA in their analyses, assessing its quan-
tity and origin could complement and enrich microbi-
ome research, especially studies focusing on IBD. The 
association between IBD and gut microbiome has been 
heavily researched since the inception of the microbiome 
field [15–27], yet finding a nexus between gut microbi-
ome composition and IBD onset and development is still 
an open question [28–30]. Gut microbiome composition 
changes based on IBD subtype, Crohn’s disease (CD), and 
Ulcerative colitis (UC) being the two major ones, and 
often has been reported to reflect states of disease flare 
[31–33]. Moreover, gut microbiome variability across 
IBD patients has been reported to reach over 60%, largely 

above the variability explained by factors such as disease 
location or dysbiosis levels [34], hence searching for the 
factors that might drive this variability is imperative to 
better understand, diagnose, and treat IBD. Diagnosing 
IBD is often challenging, since its symptoms can overlap 
with other gastrointestinal disorders. The diagnosis pro-
cess is usually lengthy and dependent on multiple clinical 
assessments, and delayed diagnosis has been associated 
with aggravating patients’ symptoms [35, 36]. Even after 
diagnosis, IBD patients are characterized by a large spec-
trum of inflammatory states that fluctuate over time and 
require individualized management with diverse pharma-
cological regimes [37, 38]. As a result, there is an estab-
lished need for less time-consuming and less invasive 
diagnostic tools that can alleviate patient burden, allow-
ing for earlier detection of disease, and facilitate more 
responsive monitoring of treatment efficacy [28]. For 
example, analysis of the human DNA found in feces could 
elucidate not only on the general inflammatory status of 
the patients’ gut, but also on tissue involvement, such 
as colon and small intestinal injury, as well as immune 
response level and response to medical treatment. To 
perform such an in-depth assessment, repeatedly over 
time on chronically ill IBD patients, human cell profil-
ing needs to be cost-effective and non-invasive. In this 
regard, quantification of total human DNA is straight-
forward, since computational alignment of the sequenc-
ing reads to a human genome reference is routinely used 
to discard human reads. Conversely, characterization of 
the origin of human fecal DNA is more complex, but sev-
eral approaches are available. The most cost-effective and 
less invasive ones were initially developed for the analy-
sis of cell-free DNA (cfDNA) in plasma. Indeed, plasma 
cfDNA sequencing and analysis has been proven to effec-
tively detect tissue involvement in various processes in 
the body, even remote ones, most often of inflammatory 
nature [39–43]. One of the most recent approaches to the 
analysis of cfDNA composition is methylation profiling, 
for which we, and others, have compiled large cell meth-
ylation-marker atlases [44, 45].

In this study, we performed a combination of human 
and microbial fecal DNA profiling of IBD pediatric 
patients and controls from a newly established cohort, in 
order to assess a wide variety of IBD-associated features, 
such as tissue injury, inflammatory immune response, 
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and luminal microbiome composition. We profiled 
the microbial community structure together with total 
human DNA percentage and tissue of origin (using meth-
ylation-based profiling). As nearly all publicly-available 
microbiome cohorts do not include methylation profiles 
of the human DNA, we explored the generalizability of 
our findings by looking at the total human reads percent-
age  as retrieved  by metagenomic sequencing. For this 
purpose, we added to our analysis a large external micro-
biome cohort from the Netherlands (“Methods” section) 
to examine whether total human reads percentage could 
serve as a proxy for the more in-depth methylation profil-
ing we performed on our cohort. Multifaceted genomic 
approaches, such as this one, have the potential to elu-
cidate on novel aspects of host-microbe interaction in 
the context of chronic gut inflammation, and potentially 
solve unexplained variability that is observed in the clini-
cal setting.

Methods
Patient enrollment and sample collection
Subjects (children, up to the age of 18  years old) were 
enrolled in the SZ cohort at the Pediatric Gastroenterol-
ogy Institute at Shaare Zedek Medical Center, Jerusalem, 
Israel. Subjects were included in the study according to 
one of the following criteria: (i) subjects who were already 
diagnosed with IBD, undergoing a follow-up visit, (ii) 
subjects who received a new diagnosis of IBD by colonos-
copy, (iii) subjects who underwent a colonoscopy for dif-
ferent indications, but had normal examination results, 
or (iv) subjects otherwise healthy (recruited for the pur-
pose of the study at the orthopedic clinic at Shaare Zedek 
Medical Center). Fecal samples were collected in ethanol 
by the subjects and kept in a home freezer till the sam-
ple could be transferred (within 24 h) to the hospital and 
stored in a − 80 °C freezer. Samples included in the study 
amount to 134 in total (Control = 29, CD = 61, UC = 44), 
with 17 individuals sampled twice, and 8 individuals sam-
pled three times.

For the majority of cases where IBD was unclassified 
(IBDU, N patients = 6/7, N samples = 10/11), patients 
were included in the analysis as UC for three reasons: 
(i) at a later time point the patient was re-diagnosed as 
having UC, (ii) the Shaare Zedek clinical team routinely 
assesses IBDU cases with Pediatric Ulcerative Colitis 
Activity Index (pUCAI), (iii) after performing a principal 
component analysis (PCoA) on the microbiome compo-
sitions of the samples (only Shaare Zedek samples, not 
shown) IBDU centroid overlapped with the UC centroid, 
confirming that at the population level, IBDU cases were 
indistinguishable from UC patients. Only one IBDU sam-
ple (N = 1/11, GB_543_1) was included in the analysis as 

CD given that at a later time point the subject was clini-
cally re-diagnosed as a CD patient. Metadata pertaining 
to the cohort is provided in Supplementary Table 5.

DNA extraction
Samples were subjected to DNA extraction in several 
batches, due to low throughput of the DNA extraction 
protocol used. The protocol was optimized with custom 
modifications altering the use of the Power Soil Pro Kit 
(QIAGEN) protocol, in order to maximize DNA yield, 
fragment length, and microbial lysis [46]. The modifica-
tions increased the number of steps and volume of rea-
gents required to isolate DNA from each sample, but 
importantly increased the yield and quality of the DNA 
required for the multiple sequencing procedures used 
in this study and more (e.g., Oxford Nanopore sequenc-
ing). Briefly, 200  mg of aliquoted feces were used as 
input to the DNA extraction protocol, characterized by 
three separate lysis steps. The three lysis steps include 
(i) a 10% SDS-based lysis, (ii) a ProteinaseK-based lysis, 
and (iii) a bead-beating-based lysis, with optimized 
power and time settings. In between lysis steps, high-
speed centrifugation collects the unlysed pellet at the 
bottom, leaving the supernatant containing DNA to 
be collected in a separate tube. At the end of the lysis 
steps, three separate tubes containing DNA in a super-
natant are processed separately with a column-based 
DNA isolation procedure, using the Power Soil Pro Kit, 
finally eluting the DNA in 70 µL of buffer. Performing 
only one DNA extraction, the protocol yields ~ 40  mg 
(median) of total DNA/sample, ensuring enough DNA 
for sequencing and other DNA-based procedures. 
DNA was quantified using dsDNA High Sensitivity kit 
(Denovix). Each DNA extraction batch included a no-
sample control that was processed as a sample.

Methylation profiling of human DNA
Cell‑specific methylation marker development
To be able to quantify the DNA fraction coming from 
small intestinal and colon cells in fecal DNA samples, 
cell type-specific methylation markers were developed 
as previously described [47, 48]. Thanks to comparative 
methylome analysis previously performed, using data 
from Illumina 450 k methylation arrays spanning multi-
ple tissues, small intestine- and colon-specific markers 
were identified as regions with at least 5 CpG sites in 
a 150 bp long minimal window, with an average meth-
ylation value lower than 0.4 in the specific cell type 
targeted. Primers for the methylation markers were 
designed to amplify a ~ 100  bp window surrounding 
the informative CpGs, and the identified markers were 
validated in vitro by being tested against corresponding 
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cell/tissue type genomic DNA samples (Supplemen-
taryFig.  2a), and in-silico against all previously estab-
lished markers.

Sample processing and marker sequencing
To quantify the fraction of different cell types in patients’ 
fecal DNA, DNA samples were treated with bisulfite 
using EZ DNA Methylation-Gold™ (Zymo Research), 
according to the manufacturer’s instructions, and eluted 
in 20 µL. After bisulfite conversion, CpG bases that were 
originally methylated would be “CG”, while unmethyl-
ated bases would be “TG.” Bisulfite-treated DNA was 
then amplified in a two-step multiplex PCR reaction with 
primers specific to the cell type of interest. A first PCR 
reaction is run with short adapters and several combina-
tions of primer sequences (30 pairs maximum), followed 
by an exonuclease step and a second PCR reaction using 
primers specific to the adapters. This final PCR reaction 
adds sequencing barcodes, hence the PCR products can 
be pooled together, run on a 3% agarose gel with ethid-
ium bromide staining, and extracted by a Zymo gel recov-
ery kit. Finally, the pooled PCR products were sequenced 
on a NextSeq sequencer with a read length of 150 bp, for 
a total depth of 10 K reads/sample.

Cell type fraction quantification
Sequenced reads were demultiplexed and DNA meth-
ylation patterns were aligned to the corresponding cell-
specific methylation marker sequences developed for 
this study (small intestine and colon markers) as well as 
others previously identified [43, 44, 48]. Alignment was 
performed using Bismark [49] and a computational pipe-
line available on github (https://​github.​com/​Joshm​oss11/​
btseq). Reads were filtered out when having < 80% simi-
larity to a marker sequence. Proper bisulfite conversion 
was assessed checking the expected CpG sites. Markers 
that were mapped by less than 1000 reads in a specific 
sample were excluded from downstream analyses and 
reported as missing. Finally, the fraction of tissue-spe-
cific DNA in the sample was calculated as the fraction 
of molecules in which all CpG sites were unmethylated. 
After calculating the sum of cell type fractions, a sam-
ple was considered successfully processed if the sum 
was either > 5% or < 150%. Samples exceeding 150% were 
re-amplified and sequenced while samples whose sum 
was < 5% were discarded. This led to the exclusion of five 
samples (Control = 1, CD = 2, UC = 2).

Absolute quantification of human DNA
To quantify the number of human DNA molecules, 
QX200™ EvaGreen ddPCR Supermix (BIORAD) was 
used according to manufacturer instructions. Prim-
ers were designed for the human SFPTC-1 gene and 

validated to yield comparable copy numbers to the 
human TERT gene, commercially used for the same pur-
pose (TaqMan™ Copy Number Reference Assay). Each 
ddPCR assay was run on 5  ng of fecal DNA sample, a 
no-template control, and a positive control to validate 
the efficacy of the reactions. Manually set cutoff thresh-
olds were used for each sample, according to acceptance 
criteria defined during the optimization of each reac-
tion (QuantaSoft™ software version 1.7.4). Percentage of 
human DNA per ng of DNA was then inferred, assum-
ing that each copy of human SFPTC-1 identified in stool 
represented one genome equivalent, or 3.3 picograms of 
human DNA. The per sample-percentage of human DNA 
was then used to normalize celltype-specific percentages.

The primers for the ddPCR reaction were:
SFTPC1: 5′-AGC AAA GAG GTC CTG ATG GAG 

A-3′ (forward), 5′-GCA GGG CCC ATC.
ACA CAC AT-3′ (reverse).

Shotgun metagenomic sequencing, preprocessing 
and taxonomic classification
Shotgun metagenomic sequencing libraries were pre-
pared using Nextera DNA Library Prep kit by employ-
ing half of the reagents’ volume and required input DNA. 
For each library preparation, a no-template control was 
included, together with all the no-sample controls from 
the corresponding DNA extraction batches. Both types 
of controls were processed as samples. Libraries were 
sequenced at a target depth of 8  M reads/sample with 
150 bp single-end reads on a Miseq or Nextseq machine 
in six separate batches. Reads were quality filtered using 
fastq-mcf (-q 10 -l 75 –qual-mean 20; https://​github.​com/​
Expre​ssion​Analy​sis/​ea-​utils; v1.05), human reads were 
mapped against the human genome assembly (GRCh38.
p13) by using bowtie2 [50] (v2.5.0) and samtools [51] (-f 4; 
v1.16.1), then quantified and removed. Non-human reads 
were taxonomically classified using MetaPhlAn4 [52] 
(database v. mpa_vJan21_CHOCOPhlAnSGB_202103). 
All analyses on microbiome composition were performed 
at the species-level (MetaPhlAn4 SGB IDs). A minority 
of the no-sample and no-template controls were posi-
tive to bacterial DNA classifiable by MetaPhlAn4. Con-
tamination was assessed using decontam R package [53] 
(v1.13.0) by combining the frequency and prevalence 
methods accounting for the DNA extraction batch struc-
ture. Taxa classified as likely contaminants—that were 
found to be prevalent in the publicly available datasets 
used as external cohorts in this study—were not deemed 
to be contaminants from the kit reagents, but rather 
cross-contamination from the biological samples. We 
then checked whether sequencing batches could explain 
variability in the microbiome relative abundance profiles 
by Permanova using adonis2() function in the vegan R 

https://github.com/Joshmoss11/btseq
https://github.com/Joshmoss11/btseq
https://github.com/ExpressionAnalysis/ea-utils
https://github.com/ExpressionAnalysis/ea-utils
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package (v2.7–1). Given sequencing batches could sig-
nificantly explain 8% of the variability, we proceeded to 
adjust the microbiome relative abundances for sequenc-
ing batches using the adjust_batch() function from the 
MMUPHin [54] R package (v1.20.0), using disease type as 
covariate.

Clinical information processing
Pediatric cohort
Clinical information for all subjects in the SZ cohort was 
obtained from RedCap. Pediatric-specific disease activ-
ity scores, such as Pediatric Ulcerative Colitis Activity 
Index (pUCAI) and Pediatric Crohn’s Disease Activity 
Index (pCDAI), were used to assess the severity of symp-
toms. These are numerical scores that are categorized in 
levels by using standard conversion tables into remission, 
mild, moderate, and severe. For the purpose of this study, 
all categories other than remission were combined into 
the new category active. Disease location, as assessed 
by Paris classification (CD) and endoscopy (CD and 
UC), was converted into a categorical variable reading 
“ileum,” “ileocolon,” or “colon,” with presence of “upper_
GI” disease in a separate logical variable (Supplementary 
Table 5).

Adult cohort
For both 1000IBD and LLDeep samples,  we were pro-
vided with some basic metadata about the subjects, 
including disease activity scores such as Harvey Brad-
shaw index (for CD) and the Simple Clinical Colitis 
Activity index (for UC). For harmonization purposes, 
these indices were first converted from numerical to cat-
egorical following standard tables, and then divided into 
remission and active as indicated above. Disease loca-
tion indication was harmonized with what reported for 
the Pediatric cohort, hence it was converted from Mon-
treal classification (CD and UC) to a categorical variable 
reading “ileum,” “ileocolon,” or “colon,” with presence of 
“upper_GI” disease in a separate logical variable.

All cohorts
All samples had the total number of reads and the num-
ber of human reads quantified to calculate the percent-
age of human reads by metagenomics, used throughout. 
Fecal calprotectin values were capped at 2100  mgc/g 
whenever the value was above this threshold.

Statistical analyses
The statistical analyses (all performed in R) aimed at 
characterizing the differences between control and IBD 

subtypes and the associative relationship between micro-
biome composition and human DNA percentage.

Exploratory principal coordinate analysis (PCoA) was 
performed using robust Aitchison distance on unfiltered 
relative abundance data to account for compositionality, 
using vegdist() and prcomp() functions.

Species alpha diversity was assessed using the Shannon 
index as implemented in diversity(index = “shannon”) 
within the vegan package (v2.7–1).

Correlation analyses were throughout performed using 
Spearman’s rank correlation coefficients, testing the 
monotonic relationships between variables, using stat_
cor() within the ggpubr package (v0.6.1). When specified, 
cohort-adjusted Spearman correlation coefficients were 
calculated in order to account for cohort-specific effects. 
These were computed by fitting a linear mixed model for 
each one of the correlative variables (fecal calprotectin or 
human reads %) using cohort, disease activity level, and 
age as explanatory variables and subject as a random vari-
able. Then Spearman correlation coefficients were com-
puted by correlating the two models’ residuals with each 
other.

Differential statistical inference was performed 
throughout using non-parametric Mann–Whitney rank-
sum tests, using stat_compare_means() within the ggpubr 
package (v0.6.1) or wilcox_test() by rstatix package 
(0.7.2). When specified, in order to calculate differences 
in species relative abundance across cohorts, differential 
means were calculated as least-square means (emmeans 
R package; v1.11.2–8) after fitting the following linear 
mixed model: species asin(relative abundance) ~ human 
DNA percentage + disease type + age + cohort + (1|sub-
ject). From here we focused on species that had all least-
square means > 0 across study groups and ranked them 
based on their respective least-square means (N = 520, 
Fig.  3a–c). We further classified these species in one of 
six categories (IBD/CD/UC-lost, IBD/CD/UC-expanded; 
bottom Fig.  3a), based on their regression coefficient 
(“expanded” when coefficient > 0, “lost” when coeffi-
cient < 0) and p value (p value ≤ 0.05), corrected for mul-
tiple hypotheses testing using Benjamini–Hochberg 
procedure. Species with p value > 0.05 were classified as 
“no change.”

Linear mixed models
All models are reported in Supplementary Table 1.

We modeled fecal calprotectin by running lmer() func-
tion by the R package lmerTest (v3.1–3) as following: 
FecalCalprotectin ~ human DNA percentage + disease 
activity level + treatment advancement only for Pediat-

ric + age + (1|subject) only for Pediatric. Samples having fecal 
calprotectin reaching 2100 mgc/g were excluded from the 
model, given these were artificially capped at this value. 
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Treatment advancement, as included in the model, was 
conceived as a numerical variable apt to capture the clini-
cal treatment tier the patient had been treated with at the 
time of sampling, assigning numbers to the treatments 
categories, ordered by well-known stratified treatment 
regimes: 0 = “None,” 1 = “ASA (oral and rectal), antibiotics 
or dietary supplement, 2 = “steroids,”, 3 = “immunomodu-
lators,” 4 = “immunosuppressants or biologics.”

After having identified neutrophils as the main source 
of human DNA, we remodeled fecal calprotectin only for 
the Pediatric cohort as following: fecal calprotectin ~ neu-
trophils DNA percentage + disease activity level + treat-
ment advancement + (1|subject) + (1|age).

Finally, we modeled species count using age separately 
for each cohort (Pediatric and Adult) distinguishing by 
disease type and adjusting for multiple samples for the 
same subject, as follows: species count ~ age * cohort + dis-
ease type + (1 | subject).

XGBoost models
All XGBoost models built using cross-validation, for 
both relative abundance and presence-absence micro-
biome  data (CV, Fig.  4a), were run using xgb.cv() func-
tion by xgboost R package (v1.7.11.1) on the Adult 
cohort using the following parameters (nfold = 5, strati-
fied = TRUE, nrounds = 200, objective = “binary:logistic,” 
eval_metric = “auc,” eta = 0.05, gamma = 1,lambda = 3, 
nthread = 3, max_depth = 10, min_child_weight = 1, sub-
sample = 0.8, colsample_bytree = 0.8, prediction = T). 
ROC curves were plotted using ggroc() function by pROC 
R package (v1.19.0.1).

Feature importance according to Gain, Cover, and Fre-
quency for all models was extracted by rerunning each 
model at its best round with xgb.train() function and 
then using xgb.importance() function. Additionally, we 
performed SHAP analysis by using SHAPforxgboost R 
package (v0.1.3). First, we used shap.values() function to 
retrieve mean SHAP values, and then shap.prep() func-
tion for retrieving sample-specific values.

Validation of the CV models was run on the Pediatric 
cohort using predict() function and SHAP analysis was 
run as previously. Age and sex were excluded from the 
training variables in all models, given that the CD group 
in the Pediatric cohort is both younger and lower in male 
subjects (not shown).

Results
Fecal human DNA quantification by different methods 
correlates with standard metrics of inflammation
To explore the relationship between gut microbiome and 
human DNA levels in feces, we performed comprehen-
sive microbial and human DNA profiling for a pediatric 
IBD cohort established at Shaare Zedek Medical Center 

in Jerusalem (Pediatric cohort, SZ). For this study, we 
sequenced 134 fecal samples from 101 children (median 
age = 15), including Crohn’s disease patients (CD; 40 
children), Ulcerative colitis patients (UC; 32 children), 
and control subjects not affected by gut inflammatory 
conditions (29 children; Fig. 1a; “Methods” section). CD 
and UC number of patients include unclassified IBD 
patients (IBDU; 7 children) that were included in the 
study as either CD or UC for later re-diagnosis or other 
reasons (see “Methods” section). Samples were collected 
together with detailed clinical information and pediatric-
specific disease scores evaluating disease activity (pCDAI 
and pUCAI; “Methods” section). We combined shotgun 
metagenomic sequencing with two independent meth-
ods for human DNA-specific quantification and profiling 
(Fig. 1a): (i) a multiplex digital droplet PCR (ddPCR) to 
quantify the total human DNA content in feces [43], and 
(ii) a methylation-based marker approach for the quanti-
fication of several different human cell types and tissues 
in feces [44, 48] (“Methods” section). In addition, the 
results from the ddPCR assay were used as a normaliza-
tion factor for the methylation-based method.

In order to contrast and compare our findings against 
larger, already published microbiome cohorts, we 
included the analysis of another published cohort of 
Dutch adults (Adult cohort), including  the 1000IBD 
cohort [55] (IBD = 352) and the LLDeep-followup cohort 
[56] (Control = 337; Fig.  1a). By including the Adult 
cohort in our analyses, we could test whether the obser-
vations from the Pediatric cohort could generalize to the 
Adult cohort, while drawing the dynamic arc of micro-
bial and human DNA composition in feces across the 
age spectrum. Moreover, we wanted to check whether 
our findings from the human DNA methylation profiling 
could be recapitulated by using human reads percent-
age by shotgun metagenomics, which comes at no addi-
tional cost and is available in most microbiome-specific 
sequencing studies.

We started with comparing the different human DNA 
quantification methods to evaluate whether they per-
formed consistently across fecal samples, and found 
that human reads percentage by shotgun  metagenomic 
sequencing was largely well-correlated to the human 
DNA percentage measured by ddPCR (Fig.  1b). Then, 
using pCDAI and pUCAI scores, we checked if disease 
activity had an impact on the amount of human DNA 
in feces, and found that, on average, human DNA was 
higher in active cases of both CD and UC compared to 
controls and remission IBD, with quite large variability 
among patients, especially in active UC cases (Fig. 1c, d). 
The fraction of patients with human DNA over 1% was 
the highest in active cases of both CD and UC (28% for 
CD and 47% in UC), modest in remission cases (15% in 
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CD, 13% in UC) and negligible in controls (2%; Fig. 1f ). 
Since our pediatric cohort included longitudinal sam-
pling for some of the IBD patients, we also compared 
samples from the same patient, and checked whether 
human reads percentage specifically changed in paral-
lel to a reported change in activity level of the disease 
(CD = 8, UC = 5; Supplementary Fig.  1). For all patients 
(except one) experiencing a transition from remissive to 
active IBD (or vice versa), human reads percentage in 
remission corresponded to either higher or equal levels 
of human reads percentage in flare, across both CD and 
UC cases. This also highlighted that human DNA content 

in some subjects stayed low, irrespective of the disease 
activity level.

As human DNA amount in feces correlated with dis-
ease activity, we hypothesized that human DNA could 
also be correlated with fecal calprotectin, a standard bio-
marker of intestinal inflammation [57]. While the two 
measures correlated better in active IBD cases compared 
to remissive cases (Fig. 1e), we proceeded to test whether 
human reads percentage by shotgun metagenomics could 
predict fecal calprotectin values across the different 
study groups. For this, we employed linear mixed mod-
els, one for each age cohort independently (Pediatric and 

Fig. 1  Human DNA content in feces from IBD patients is a proxy for disease activity level. a Overview of cohorts, number of samples and subjects, 
and methods included in the study. b Human DNA percentage as calculated by two methods and their correlation (Spearman): percentage 
of human DNA as evaluated by ddPCR (Methods; x-axis) against percentage of shotgun metagenomic reads mapping to the human genome 
(GRCh38.p13 assembly; y-axis). c Human DNA percentage (ddPCR) across study groups. d Human reads percentage (Metagenomics) across study 
groups by cohort. e Cohort-adjusted correlation (Spearman, Methods) between human reads percentage (Metagenomics) and fecal calprotectin. 
f Fraction of samples having > 1% human reads percentage (Metagenomics) across disease activity levels (both Pediatric and Adult data). All 
comparisons are statistically significant at alpha = 0.05 by Mann–Whitney rank-sum test: p < 0.05: ‘*’, p < 0.01: ‘**’, p < 0.001: ‘***’, p < 1e-04: ‘****’
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Adult), including disease activity and treatment advance-
ment (when available), while adjusting for age and sub-
ject identity (for the longitudinal Pediatric cohort). In 
our models, human reads percentage and disease activity 
alone explained a fair amount of the variation in fecal cal-
protectin values (Pediatric R2 = 0.33, Adult R2 = 0.29), but 
when treatment advancement was included in the model 
for the Pediatric cohort (“Methods” section), the propor-
tion of variance explained by the model increased signifi-
cantly (R2 = 0.53). In the model, treatment advancement 
was negatively associated with fecal calprotectin, as indi-
cated by its negative coefficient estimate (β = − 159.04, 
p < < 0.05, Supplementary Table  1; “Methods” section), 
highlighting how much clinical treatment based on bio-
logical therapy or immunosuppressants might influence 
immune response, specifically fecal calprotectin levels. 
Overall, human DNA percentage in feces could be a use-
ful additional parameter to assess inflammatory status, 
although factors such as clinical treatment can deter-
mine large variance observed within and across the study 
groups.

Fecal DNA origin informs on IBD inflammation levels
As we found more fecal human DNA in active cases of 
IBD, we imagined that investigating the origin of human 
DNA in feces would elucidate how different tissues and 
cell populations are involved in the gut inflammatory 
process. For this purpose, we identified novel methyla-
tion-based markers for small intestinal and colon cells 
(see “Methods” section; Supplementary Table 2, Supple-
mentaryFig. 2a) as previously developed for immune cells 
such as leukocytes (neutrophils and monocytes) and lym-
phocytes (B and T cells) [43] and used the entire marker 
set to estimate these cell percentages across fecal samples 
(Fig. 2a, “Methods” section). Among the cell populations 
profiled, neutrophils were the most abundant in feces of 
IBD patients, and they could differentiate not only con-
trols from IBD, but also remissive from active cases of 
UC (Fig. 2a, b, SupplementaryFig. 2b). Neutrophil levels 
correlated almost perfectly with the total human DNA 
amount, especially where both measures were above 
1%, reaching up to 50% of the total human DNA in some 
cases (Spearman R = 0.88, p < < 0.001 for all samples 
together; Fig. 2d). Neutrophil DNA percentage also cor-
related well with human reads percentage as inferred by 
metagenomic sequencing (overall Spearman R = 0.64, p < 
< 0.001; Supplementary Fig. 2c).

As calprotectin is the most abundant cytosolic protein 
in neutrophils and gets released into the lumen after cell 
burst [58, 59], we next wondered whether our measured 
neutrophil percentage could reliably predict fecal calpro-
tectin levels, better than just human DNA percentage, 
as examined in the previous section. We evaluated this 

with a linear mixed model only for the Pediatric cohort, 
for which neutrophil DNA quantification was available 
(“Methods” section, Supplementary Table 2), and added 
similar clinical variables as before. Notably, this model 
clearly outperformed the previous model and explained 
the majority of the variance within the data (R2 = 0.68). 
Conversely, when we flipped the model, and used fecal 
calprotectin measurements to predict neutrophil lev-
els, our model explained almost all the variance within 
the data (R2 = 0.90). While neutrophil DNA was highest 
in active IBD, colon DNA was either the first or second 
most abundant component in controls and remissive 
IBD, but it could not differentiate controls from IBD 
patients, since its values mainly ranged between 0 and 
10% of total human DNA across all patients (Fig.  2c–e, 
Supplementary Fig. 2d).

To check whether we could detect complex dynamics 
involving several cell compartments in the gut, we tried 
to combine the different tissues and cell types measure-
ments into one single metric. For this purpose, we first 
calculated neutrophil–lymphocyte ratio (NLR), as it has 
been previously suggested to be differentiating endo-
scopic activity in IBD patients when measured by cell 
counts from peripheral blood [60–62] (Fig. 2f ). Next, we 
calculated neutrophil-epithelial ratio (NER), exploiting 
the unique capability of our approach to quantify epi-
thelial cells (Fig. 2g). For both CD and UC, NER outper-
formed NLR in its ability to differentiate remissive from 
active IBD cases.

To make sure our measurement of neutrophil DNA in 
feces was not mainly driven by neutrophils presence in 
blood as a result of gut mucosal bleeding, we checked 
whether neutrophil DNA (or human reads percentage by 
shotgun  metagenomics) correlated with clinical assess-
ment of blood in feces (Supplementary Fig.  2e, f ). The 
presence of blood in feces is accounted for in the pUCAI 
score for UC patients, and although this is a patient-
reported metric, possibly lacking precision, we did not 
find blood in feces could explain the high levels of human 
DNA content in UC patients. Moreover, control sub-
jects, who were recruited in the study because of blood 
presence in feces, did not exhibit higher levels of human 
DNA content compared to other controls who did not 
report blood in feces (all Mann–Whitney rank-sum test 
p values = ns, SupplementaryFig. 2 g, h). Indeed, mucosal 
bleeding does not always imply chronic mucosal inflam-
mation, although we expect to observe at least some 
amount of mucosal bleeding whenever there is chronic 
mucosal inflammation. Although blood in feces could 
potentially contribute to some of the neutrophil DNA 
we measured, we suggest this is not a major driver, indi-
cating gut mucosal storming of neutrophils is the largest 
contributor for neutrophil DNA content in feces.
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In summary, methylation-based profiling exposed neu-
trophil DNA dominance in the human DNA fraction in 
feces, and comprehensively allowed us to characterize 
several cell fractions in an integrative way. Evaluating the 
levels of different cell populations in the gut, as they are 
released in- or recruited to- the lumen, allowed us to dis-
tinguish the different study groups, along the inflamma-
tory spectrum.

Species count drives sample variance in IBD and across age 
ranges
With respect to gut microbiome composition, it has been 
well-established that reduced microbial diversity is a 
hallmark of gut inflammation [63–65]. Here, we wanted 
to assess whether microbial diversity in IBD was corre-
lated with human DNA levels as measured and described 
in the previous sections, and whether we could find 
similar trends in both pediatric and adult IBD patients. 
To characterize in detail the differences in microbial 

Fig. 2  Cell type profiling of feces from IBD patients reveals the majority of human DNA comes from neutrophils. a Methylation-based 
cell- and tissue-specific DNA percentage across samples in different disease activity groups. b Neutrophil DNA and c colon DNA percentage 
across study groups, d neutrophil DNA and e colon DNA percentage correlation (Spearman) with total human DNA percentage (ddPCR). f 
Neutrophil/Lymphocyte (B and T cells) DNA percentage ratio (NLR) from feces. g Neutrophil/Epithelial cells (small intestine and colon) DNA 
percentage ratio (NER) as an alternative to NLR. All comparisons are statistically significant at alpha = 0.05 by Mann–Whitney rank-sum test: p < 0.05: 
‘*’, p < 0.01: ‘**’, p < 0.001: ‘***’, p < 1e-04: ‘****’
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profiles between IBD patients and controls, we ran a lin-
ear mixed model to explain species relative abundance 
across groups taking into account human DNA percent-
age and age, adjusting for cohort differences and multi-
ple-subject sampling. We then collected species-specific 
residuals and estimated least-square means, which we 

ordered by control values (N = 520, Fig.  3a, top arcsine-
transformed, Supplementary  Table  3). Then, based on 
the model’s coefficients and p values, we categorized the 
species into six groups, based on whether they were posi-
tively (expanded) or negatively (lost) associated with both 
or either one of the IBD groups (Fig.  3a, bottom). For 

Fig. 3  Gut microbiome richness drives variance across IBD and Control subjects and differentially correlates with disease duration in CD and UC. 
a (top) Species least-square mean relative abundance (N = 241/520 shown; arcsine-transformed) by study group, taking into account human 
DNA percentage and age, and adjusting for cohort and subject (see Methods); several species of interest are named and highlighted; (bottom) 
breakdown of the 520 species in six different categories, based on their linear mixed model coefficients in CD, UC, or both (IBD) (Methods). b 
Arcsine-transformed relative abundance across study groups for species previously known to be increased in IBD patients (top) and species 
reported in this study to be increased in IBD patients (bottom; Benjamini–Hochberg corrected p values for cohort-adjusted least-square means 
(derived from the linear mixed model, Methods). c Principal coordinate analysis (PCoA) on species-level gut microbiome composition data 
(CLR-transformed relative abundance) as profiled by Metaphlan (v.4.1; Methods) with full points for the Pediatric cohort and empty points 
for the Adult cohort. d Species number correlation (Spearman) with the first principal component (PC1) of the PCoA. e Species number 
by study group across the Pediatric and Adult cohorts (Mann–Whitney rank-sum test). f Species number correlation (Spearman) with human 
reads percentage (Metagenomics; both Pediatric and Adult data). g Species number across ages and h over disease duration (both Pediatric 
and Adult data) with fitted regression lines (see Supplementary Table 1, species_age.combined and species_disease_duration.combined respectively) 
and Spearman correlation coefficients. All comparisons are statistically significant at alpha = 0.05 by Mann–Whitney rank-sum test: p < 0.05: 
‘*’p < 0.01: ‘**’p < 0.001: ‘***’p < 1e-04: ‘****’
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example, Bifidobacterium longum and Faecalibacterium 
prausnitzii (SGB15342) were preferentially expanded in 
UC, while Blautia wexlerae and Streptococcus salivarius 
were uniquely expanded in CD (Fig.  3b). Notably, the 
single species that had the highest adjusted mean rela-
tive abundance in controls and the highest relative drop 

in both CD and UC was Ruminococcus bromii, followed 
by Candidatus Cibiobacter qucibialis (SGB15286) (7th 
and 8th highest in control, respectively). Among the spe-
cies with the lowest adjusted mean relative abundance in 
controls, we found species such as Ruminococcus gna-
vus, Flavonifractor plautii, and Faecalimonas umbilicata 

Fig. 4  XGBoost models trained on presence-absence species data and human reads percentage accurately predict adult IBD and moderately 
translate to pediatric patients. a Performance of XGBoost tree-based machine learning models (AUC values) when using relative-abundance data 
(x-axis) versus presence-absence data (y-axis). Each point represents a model trained on a specific combination of Features (shapes) and for different 
Tasks (colors). Performance comes from either fivefold Cross-Validation (full, on the Adult cohort) or external validation (empty, on the Pediatric 
cohort). b ROC curves of presence-absence data models, color coded by feature combination, predicting Control vs. IBD and c. CD vs. UC. d Species 
prevalence across IBD subjects (x-axis) vs. control subjects (y-axis) and e species prevalence across CD subjects (x-axis) vs. UC subjects (y-axis) 
in the Adult cohort only. The top twenty species with the highest importance across prediction models are colored
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(Fig. 3a, right). Species lost in either UC or CD accounted 
for 15% of the total (62 out of 520), while species lost in 
both CD and UC accounted for 42% of the species pool 
(216 out of 520). Notably, 22% of the species lost in both 
CD and UC were of unknown genera, to date solely iden-
tified computationally and described by metagenomic-
derived gene markers [52] (GGB-SGBs). In particular, the 
highest ranking among them was Clostridia_GGB9758_
SGB15368, located at the 36th place from the top of the 
distribution (Fig. 3a, middle).

To compare pediatric and adult IBD patients accord-
ing to their gut microbiome composition, we then per-
formed a principal coordinate analysis (PCoA, Aitchison 
distance on relative abundance data), to visualize sample 
clustering and dispersion. Visually, pediatric patients, 
adult patients, and control subjects formed a contin-
uum, where most IBD patients clustered furthest away 
from control subjects (Fig.  3c). Permutational analy-
sis of variance (PERMANOVA) of the gut microbiome 
composition confirmed that IBD patients were statisti-
cally different from controls (adonis p < 0.001), but also 
revealed that pediatric patients and adult patients could 
be distinguished from each other (adonis p = 0.001). This 
was not surprising, since the gut microbiome in child-
hood is still in development, and early IBD onset could 
disturb the natural process of microbiome matura-
tion [66, 67]. To understand how much of the observed 
variation could be explained by microbial richness, 
we calculated the correlation between the first princi-
pal component in the PCoA (PC1) and species count, 
calculated as number of species with median relative 
abundance > 0% (Fig. 3d, also done with Shannon index, 
shown in Supplementary Fig. 3a). Notably, species count 
was better correlated with PC1 than Shannon index 
(Spearman R = 0.92 and R = 0.84, respectively), indicat-
ing that presence and absence of species might drive 
the majority of the variability across control and IBD 
gut microbiome samples. Indeed, when examining spe-
cies count distributions, we found that species count in 
controls was roughly double the species count  in IBD 
patients (overall: medianControl = 274.5, medianCD = 128.5, 
medianUC = 168.0; (Fig. 3e) irrespective of disease sever-
ity (Supplementary Fig. 3b), but the difference was more 
pronounced in adults than in children, also when look-
ing at Shannon diversity (Fig. 3e, Supplementary Fig. 3c). 
Moreover, in pediatric IBD patients, species count differ-
ences between CD and UC were not statistically signifi-
cant, possibly driven by the fact that children have a less 
mature microbiome. Interestingly, pediatric CD patients 
had similar species count to adult CD patients, unlike UC 
patients and control subjects (Supplementary  Fig.  3d), 
which indicates that CD exerts a stronger stunting effect 
on the gut microbiome richness compared to UC, which 

persists in time. In parallel to the drop in species count, 
IBD patients were also characterized by increased human 
DNA amount (above 1%) corresponding to species count 
below 200 (Fig. 3f, Supplementary Fig. 3e). Species count 
was also negatively correlated to fecal calprotectin levels 
and NER, as calculated in the previous section (Supple-
mentary Fig. 3f, g). Lastly, species count was found to be 
positively correlated with the total number of non-human 
reads in the samples (Supplementary  Fig.  4a). To inves-
tigate whether the reduction in species count observed 
in IBD patients could be solely explained by differences 
in the number of non-human reads, we subsampled all 
samples to 1 Million non-human reads and recalculated 
the gut microbiome profile and species count (Supple-
mentary Fig. 4b). The results confirmed that the number 
of non-human reads did not artificially inflate the spe-
cies count difference between IBD patients and controls, 
highlighting that the high content of human DNA and 
reduced species richness are both biological features of 
the IBD-associated gut contents.

Finally, we looked at the role of age and disease dura-
tion in determining species count levels. We ran a lin-
ear mixed model to explain species count levels using 
age, but separately for each cohort and disease type 
(Fig. 3g, Supplementary Table 1—species_age.combined, 
“Methods” section). In accordance with the notion that 
children have a maturing gut microbiome [68], the lin-
ear mixed model confirmed a steeper increase of spe-
cies count over time in pediatric subjects compared 
to adult subjects. Species count was stunted by IBD 
diagnosis, where CD resulted in a larger negative con-
tribution than UC, suggesting that the gut microbiome 
in these cases is more severely impaired, as previously 
mentioned. When looking at species count since IBD 
diagnosis (Fig. 3h, Supplementary Table 1—species_dis-
ease_duration.combined), species count in UC had a 
positive correlation and linear mixed model coefficient 
with disease duration, while CD had negative ones, 
highlighting there could be a cumulative negative effect 
of inflammation on species richness over time, espe-
cially in CD patients. Overall, we assessed the spec-
trum of gut microbiome species changes between IBD 
patients and controls, highlighted known and unknown 
species that are either expanded or lost in IBD, and the 
power of species count in recapitulating Control-to-
IBD gut microbiome sample variance across age ranges 
and disease duration.

Presence and absence of species predicts and characterizes 
IBD subtypes
We proceeded to examine whether we could use the 
microbiome data together with the human reads percent-
age to predict sample phenotypes. Specifically, we built 
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tree-based machine learning models using extreme gradi-
ent boosting (XGBoost) to either predict IBD, classify the 
IBD subtypes (CD or UC), or within these subtypes, dis-
tinguish between remissive versus active states of the dis-
ease. As input, we used species count (#species) together 
with percentage of human reads (Human reads %) and 
species composition data (Species; presence-absence or 
relative abundance; Fig.  4). We trained and tested the 
XGBoost models in five-fold cross validation (CV) on the 
Adult cohort, to exploit the sample size advantage. Then 
we validated the models’ performance on the Pediatric 
cohort, despite knowing their performance would be 
suboptimal, given the overall differences between adult 
and pediatric subjects mentioned in the previous sec-
tion. Yet, we deemed informative investigating how much 
the adult microbiome-based models would generalize 
to the pediatric microbiome samples. To our surprise, 
XGBoost models trained on either relative abundance 
or presence-absence data of the species had practically 
the same performance (Fig. 4a), with few exceptions for 
models in the RemissivevsActive task, which performed 
better using relative abundance data, but overall under-
performing with AUCs < 0.66. Since the performance of 
models using only presence-absence data was as good as 
the one using relative abundance microbial composition, 
from here on we continued only with presence-absence 
models. Across CV and independent validation, spe-
cies count alone had lower AUC values compared to the 
other more complex models including full species data, 
although its performance exceeded our expectations in 
the ControlvsIBD task (AUC = 0.88; Fig. 4a). The models 
including more than species count alone performed com-
parably, if not better than previously reported IBD pre-
dictive models (AUC ≥ 0.95; Fig. 4b, c) [23, 69], and had 
very similar performances to each other, with little con-
tribution by human reads percentage in both Controlvs-
IBD and CDvsUC tasks. As a reference, models trained 
only on human reads percentage performed poorly with 
AUCs equal to 0.60 and 0.53 for ControlvsIBD and CDv-
sUC respectively. However, human reads percentage was 
often among the most important features according to 
SHAP analysis values (Supplementary Fig. 5a–d), which 
highlights how human DNA content is most informa-
tive in combination with microbiome data. As expected, 
performance in the independent validation on pediatric 
microbiome samples was lower than in the CV, especially 
for the CDvsUC task (ControlvsIBD AUC = 0.8, CDvsUC 
AUC = 0.68; both Human reads % + Species + #species 
models; Supplementary  Fig.  5e,g). As lower predictive 
performance on the validation data was expected, we 
appreciated how the model could generalize for the Con-
trolvsIBD on such a different cohort, geographically and 
demographically.

To identify the features that were most discrimina-
tive in each task, we performed SHAP analysis across 
the different CV and validation models (Supplemen-
tary Fig. 5a–d,f,h). Not surprisingly, the most predictive 
features in the CV and validation models were found to 
have  at least 10% prevalence across controls, IBD, CD, 
and UC alike (Adult cohort, Fig.  4d, e, Supplementary 
Table 4). To mention a few, Bifidobacterium bifidum and 
Escherichia coli were more prevalent in IBD cases than 
in Controls, while Faecalibacterium prausnitzii species 
(SGB15342 and SGB15316) were more prevalent in UC 
compared to CD. Using these predictive models for IBD, 
we showed that species count alone is quite informative 
and correlates with the level of inflammation as assessed 
by human DNA content in feces. We appreciated how 
species presence-absence data was as predictive as rela-
tive abundance data, highlighting how, in IBD micro-
biome profiling accurate detection of species is more 
important that precise estimation of relative abundance.

Discussion
Fecal contents are considered a reflection of the physi-
ological processes taking place along the gastrointestinal 
tract, on both the host and the gut microbiome side. On 
the host side, analyses of feces provide information on 
food consumption, absorption, and metabolism [70–72], 
as well as immune system status and response to tran-
sient or chronic infection [73]. On the microbiome side, 
microorganisms secrete metabolites that can influence a 
plethora of host-related processes, even beyond the gut, 
hence studying their composition and dynamics provides 
an important key to interpret their role in human physi-
ology [74–83]. In this study, we combined analyses on 
both the host and gut microbiome side, in order to inves-
tigate their interaction in the context of chronic inflam-
matory bowel diseases (IBD).

On the host side, we applied methylation-based pro-
filing of human fecal DNA in IBD patients and controls 
to explore the value of identifying human DNA tissue-
of-origin in the characterization of the immune status 
of individuals. Genomics-based approaches, such as 
methylation-based human DNA profiling, can represent 
an alternative to traditional immunodetection meth-
ods for the characterization of cell-level and tissue-level 
processes in the body. For example, fecal calprotectin 
is released from dying neutrophil cells [58, 59], and it 
is commonly quantified as a non-specific biomarker of 
gut inflammation [84–86]. Here, we used the methyla-
tion-based approach to directly quantify neutrophil cell 
death, which yielded effective and sensitive measure-
ments, especially in cases of high-inflammation back-
ground, such as severe IBD patients, where the standard 
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fecal calprotectin quantification method is limited by its 
detection range.

Our methylation-based profiles indeed confirmed neu-
trophil storming to the gut mucosa and lumen to be a 
dominant process during inflammation [87, 88], which 
aligns with fecal calprotectin values, as we showed with 
linear regression analysis. However, we cannot exclude 
that part of the neutrophil DNA signal we measured 
could possibly come from neutrophils present in the 
blood released in the feces, as part of mucosal bleeding. 
Moreover, we highlighted that neutrophil DNA prevails 
over colon DNA  in feces, despite the fact that feces are 
formed along the colon and rectum and cell epithelial 
shedding is a known response to gut  inflammation [89, 
90]. Nevertheless, we cannot exclude that other pro-
cesses, such as DNA degradation in the gut environment 
during inflammation, might specifically reduce epithelial 
DNA concentration in feces. In the absence of any ele-
ment for physical protection, epithelial DNA could be 
degraded [91], or even consumed by microorganisms 
scavenging for nutrients [92, 93]. Conversely, neutrophil 
DNA can be particularly well shielded from degradation, 
given that it is extruded from neutrophils together with 
other proteins, creating antimicrobial web-like structures 
called neutrophil extracellular traps (NETs) [94, 95]. Our 
methylation-based profiling could be expanded to more 
cell types of the gut epithelium, opening avenues for a 
more rapid and cost-effective alternative to single-cell 
approaches such as cell sorting [96–100]. Methylation-
based biomarkers could be developed, not only for less 
abundant cells, such as goblet and paneth cells, but also 
for specific functional immune subtypes that uniquely 
expand in case of inflammation, such as aged neutrophils 
[101], inflammatory macrophages [102], myeloid-derived 
immunosuppressive cells or exhausted T cells [103–108].

On the microbiome side, we investigated how species 
richness relates to disease severity, human fecal DNA 
level, and disease course over time, highlighting spe-
cies that expand or drop in IBD. Among the species we 
highlighted as expanded in IBD, we identified previously 
reported taxa, such as E. coli, R. gnavus, P. vulgatus, and 
F. plautii [17, 23, 34, 109]. Additionally, we found B. 
longum and B. bifidum as expanded and more prevalent 
in UC patients, respectively. Both B. longum and B. bifi-
dum are among the most well-established pioneer spe-
cies of the healthy infant gut microbiome [110–113], and 
as such we do not expect them to be implicated in the 
pathogenesis of IBD. We mentioned R. gnavus which is 
both an IBD-associated species [114, 115] and a known 
infant gut colonizer, with recently reported infant-spe-
cific clades [116, 117]. These observations prompt us to 
hypothesize that higher abundance and prevalence in 
IBD do not necessarily associate with strictly pathogenic 

traits. The presence of these species might, however, be 
explained by their great capacity of metabolizing glycans, 
HMOs in the infant gut [118–121], and mucin-derived 
glycans in the inflamed gut [122–124]. Indeed, in the 
context of gut inflammation, where survival conditions 
are at the hardest and species are in a race for survival, 
species presence correlates strongly with their metabolic 
capacity to endure challenging conditions [125, 126], and 
although some studies have already suggested this, there 
is the need to expand research in this direction.

Finally, in predicting IBD, we showed presence-absence 
of species to be as predictive as relative abundance data, 
in line with other reports [127]. This should encourage 
the use of presence-absence data in microbiome analysis 
over relative abundance data, especially in cases where 
relative abundance is less reliable. For instance, relative 
abundance can be misleading in disease contexts where 
microbial load drastically changes across samples, due 
to frequent bowel movements causing DNA content 
dilution [128]. For the same reason, several studies have 
suggested the use of absolute abundance over relative 
abundance [129–132], which can be estimated by using 
metagenomic host read fraction, as reported recently 
[133]. Moreover, differential analysis of relative abun-
dance has been reported to yield very different results 
based on which method was used to perform it, hence 
clearer consensus on the most appropriate methods to 
use would be also needed to minimize reporting spurious 
results [134].

As shown in the validation of our XGBoost models, 
training on adult microbiome data only partially gener-
alized to the pediatric test data, performing moderately 
well in the ControlvsIBD task (best AUC = 0.8), while 
doing poorly in the CDvsUC task (best AUC = 0.68; 
Fig.  4a, Supplementary  Fig.  4  g–h). This highlights how 
different the adult IBD microbiome is compared to the 
pediatric IBD microbiome and suggests the need for 
developing pediatric-specific diagnostic tools in the con-
text of larger pediatric IBD studies, including both CD 
and UC patients. Ultimately, this study approaches the 
important aspect of non-invasive, microbiome-based 
diagnostics [135], which other studies have also recently 
addressed, with various predictive learning approaches 
[69, 136, 137].

To date, most microbiome studies on IBD have inves-
tigated pediatric and adult IBD cohorts separately, with-
out much emphasis on characterizing the IBD-associated 
microbiome as it relates to age [34, 109, 138]. Although 
we understand the value of keeping the age of the target 
study groups as narrow as possible, here we decided to 
incorporate a large set of external microbiome samples to 
cover the entire age spectrum and to be able to compare 
the pediatric to the adult IBD-associated gut microbiome. 
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This age-inclusive approach gave us the opportunity 
to identify overarching characteristics of IBD, such as 
changes in species richness across ages, which have been 
largely overlooked by other microbiome studies, but 
are an important topic of discussion in the clinical set-
ting [139]. Our comparative analysis was accompanied 
by a range of challenges and limitations, such as (i) small 
number of control pediatric subjects; (ii) heterogeneity of 
the patients with respect to clinical variables [140]; (iii) 
differential availability of metadata, including medica-
tions, detailed disease location, IBD family history, and 
disease activity scores; and finally  (iv) disregard to viral 
gut microbiome diversity [141–145].

On the technical side, our small cohort of DNA sam-
ples was processed in multiple DNA extraction and 
sequencing runs, due to the low throughput of our opti-
mized DNA extraction protocol. Batch effects in the 
microbiome and human DNA profiles were analyzed and 
accounted for, but we cannot exclude that they might 
have played a role in the results of our analyses. Despite 
the limitations, our analyses addressed some important 
aspects related to IBD progression over time, such as the 
interaction between species richness and disease dura-
tion, which are likely to be generalizable to other cohorts.

Our work highlights human DNA contents in feces as 
informative and predictive of IBD, especially when com-
bined with gut microbiome profiling. When using micro-
biome shotgun  metagenomic sequencing, our approach 
makes use of human DNA information that is otherwise 
disregarded, yet we imagine that a human DNA-specific 
PCR assay on fecal DNA  could extend existing micro-
biome-specific approaches to diagnose IBD [69]. These 
comprehensive analytical approaches can help identify 
how the gut microbiome responds and contributes to 
gut inflammation, and how it can be treated or modified 
to ameliorate symptoms and reduce life-long complica-
tions in IBD patients [146, 147].

Conclusions
This study integrates comprehensive microbiome profil-
ing with detailed human DNA quantification and cell-
type characterization, providing a dual perspective on 
host-microbiome interactions in the context of inflam-
matory bowel diseases (IBD). We employ a methylation-
based approach to settle previous speculations regarding 
the origin of human DNA in feces during gut inflam-
mation, and we combine it with shotgun metagenomic 
sequencing to identify overarching gut microbiome 
characteristics across pediatric and adult IBD patients. 
We showed that human DNA content in feces primarily 
comes from neutrophils and correlates with IBD activity 
level and fecal calprotectin measurements. We described 

the expansion and loss of IBD-associated bacterial spe-
cies, but at the same time we highlighted how presence-
absence microbiome data alone can predict IBD as well 
as relative abundance data. We believe the findings of 
this study could have applications in the non-invasive 
monitoring of patients’ inflammatory status, and that our 
methylation-based profiling could be further tailored to 
experimentally investigate the expansion of more recently 
discovered cellular subpopulations during inflammation.
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