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Abstract

Background Gut microbiota play an important role in human health. However, the application of gut microbiome in regular 

clinical practice is limited by interindividual variations and complexity of test results.

Hypothesis It is possible to address interindividual variation by using large data-based exploratory-pattern analysis.

Methods The current study was conducted using a large data set (n = 173,221) of nonselective incoming patients’ test results 

from a stool test. The data set included assays for the detection of 24 selected commensal microorganisms and multiple 

biomarkers in feces. Patients were grouped based on their levels of inflammation biomarkers such as calprotectin, eosinophil 

protein X, and IgA. Group mean values of biomarkers and commensal microbes were used in an exploratory-pattern analysis 

for association from which an index score for intestinal inflammation-associated dysbiosis (IAD) was developed. The IAD 

score was evaluated in one questionnaire-based study (n = 7263) and one prospective case series study (n = 122) with patients 

of inflammatory bowel disease (IBD), irritable bowel syndrome (IBS), and celiac disease.

Results We identified a microbial profile strongly associated with fecal inflammation biomarkers. Developed on the pat-

tern of the microbial profile, the IAD score demonstrated a strong association with fecal inflammation biomarkers and was 

significantly different between patients with IBD and those with IBS or celiac disease.

Conclusion Using real-world data, we have developed a method to predict gut dysbiosis associated with different GI disease 

conditions. It may help clinicians simplify the process of interpreting gut microbial status and provide gut health assessment 

and treatment evaluation.

Keywords Microbiome · Fecal · Clinical laboratory test · Inflammation · Dysbiosis · Pattern analysis

Introduction

The human gastrointestinal tract has a complex microbial 

ecosystem, and its composition is believed to be highly asso-

ciated with human health [1]. Recent research has established 

the critical role of the gut microbiome in both healthy and 

disease states due to its involvement in human metabolism, 

nutrition, physiology, and immune function [2–4]. Because 

gut microbiota imbalance (dysbiosis) has been linked with 

many abnormal conditions such as inflammatory bowel dis-

ease (IBD) [5], irritable bowel syndrome (IBS) [6], obesity 

and diabetes [7], and cardiovascular diseases [8], regulat-

ing the gut microbiome has become a potential therapeutic 

approach for many chronic diseases that place a significant 

burden on our healthcare system [9–12]. However, there are 

some clear obstacles to clinical implementation of this new 

concept. For example, significant investment will be needed 

to identify proper and efficacious microbiome-based treat-

ments for different disease states [13–15]. In addition, iden-

tifying the appropriate patients for treatment through reliable 

and accurate clinical diagnosis is a considerable challenge.

The clinical utility of gut microbiome information is 

dependent on several factors including the clinical and ana-

lytical validity of the assay, interpretation of the result by cli-

nicians, and translation of the test results into effective treat-

ment options. Culture-independent methods have provided 

high-throughput approaches for microbial identification 

and profiling in a systematic manner [16]. Meanwhile, fac-

tors such as the volume of data generated from microbiome 
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tests, large interindividual variation, and lack of disease 

(condition)-specific profiles have limited the application of 

microbiome tests in regular clinical practice.

Here we report a fecal microbiome test that uses a 

selected group of commensal microbiota and the develop-

ment of a microbiome profile index score associated with 

intestinal inflammation. The purpose of the current approach 

is to reduce the complexity and variation in clinical micro-

biome testing. It is based on two hypotheses. First, changes 

in the levels of a small subset of clinically relevant microbes 

can reliably identify patients with dysbiosis. Second, inter-

individual variation can be addressed using a large data set 

of unbiased patient test results.

Methods

Fecal Sample Collection

Approximately 10 g of fresh stool samples (selecting from 

different parts of the stool) were collected and mixed thor-

oughly with or without preservative (i.e., C&S medium and 

10% formalin). All specimens were shipped within 24 h of 

collection at room temperature. Upon arrival, all specimens 

were stored at 4 °C for up to 7 days before testing.

Microbial Genomic DNA Extraction

DNA was extracted from fecal samples using a glass-bead-

based extraction kit (E.Z.N.A. Stool DNA Kit, Omega Bio-

tek Inc., Norcross, GA, USA) following the manufacturer’s 

“Stool DNA Protocol for Pathogen Detection” protocol. 

DNA quantity and quality were assessed by spectropho-

tometry using the  NanoDrop® (Roche, USA). The extrac-

tion method is based on the principle of the use of silica-

coated magnetic beads. In brief, during a first lysis step, 

remaining cellular structures release their DNA content in 

the solution. The DNA will bind to (or be washed off) the 

silica-coated surface of the magnetic beads under defined 

conditions of temperature, pH, and ionic strength of buffers. 

The KingFisher Flex Analyzer (Thermo Fisher Scientific, 

Waltham, MA, USA) is used for this process. Extraction 

intra-precision and sample stability were confirmed using 

proper assessments.

Semiquantitative PCR

Twenty-four commensal microbes were selected based 

on their disease association in a literature review (data 

not shown). End-point PCR was performed using  SYBR® 

chemistry (Invitrogen Life Technologies, Thermo Fisher Sci-

entific, Waltham, MA) and thermal cycler (Thermo Fisher 

Scientific) to quantify bacterial 16S rRNA genes of a unique 

genus and/or species of the bacteria domain. Assay condi-

tions were optimized via the following steps.

Primer Design

The 16S rRNA gene sequence (full or partial) for each 

microorganism was obtained from the NCBI GenBank data-

base. Sequences of related organisms were aligned using 

ClustalW2 (http://www.clust al.org) to identify conserved 

regions (for genus probes) and regions of uniqueness (for 

species probes). Forward (5′–3′) and reverse (3′–5′) primers 

were chosen based on the level of specificity required of the 

individual assays. The designed primer sequences were veri-

fied using NCBI BLAST analysis (http://blast .ncbi.nlm.nih.

gov/Blast .cgi), once with the microorganism specified and 

once with the microorganism excluded from the search. For 

proprietary reasons, primer sequences are not shown here.

Cycling Conditions

PCR cycling conditions were tested by comparing varying 

volumes of genomic DNA (gDNA), Taq polymerase, and 

number of cycles over increasing dilutions in duplicate. 

The optimal conditions (details not shown for proprietary 

reasons) for each assay were determined based on the most 

differentiated and reportable SYBR green results.

To test the linearity of each assay, pure genomic material 

for each microorganism (purchased from ATCC, Manassas, 

VA, USA; DSMz, Braunschweig, Germany; and University 

of Georgia, Athens, GA, USA) was used as positive control. 

Increasing amounts of microorganism-specific gDNA was 

added to independent PCR reactions to determine the dose-

dependent range of concentrations relative to the SYBR 

signal using a PCR assay condition unique to the microor-

ganism. This concentration curve was then used to establish 

the equivalent gDNA concentration for the microorganism 

in a matrix-matched genomic calibrator (standard), which 

was used for semiquantitative analysis of the level of the 

microorganism-specific gene encoding the 16S rRNA in 

both samples and controls for the respective assay. Sample 

dilution, assay precision and recovery, and recovery assess-

ments were performed using proper methods.

Measurement of Fecal Biomarkers

Fecal calprotectin was determined using the PhiCal Test 

(Calpro AS, Lysaker, Norway), a quantitative enzyme-linked 

immunosorbent assay (ELISA). The methodology for fecal 

eosinophil protein X (EPX) measurement was described 

previously [17]. Quantitative determination of EPX was 

conducted using the EDN ELISA kit (Medical and Bio-

logical Laboratories Co., Ltd., Woburn, MA, USA). Fecal 

immunoglobulin A (IgA) was extracted using a previously 
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published protocol [18] and quantified using an immunotur-

bidimetric IgA assay (Abbott Laboratories, Abbott Park, IL, 

USA). Fecal short-chain fatty acids (SCFA, i.e., butyrate, 

propionate, and acetate) and putrefactive SCFA (i.e., isobu-

tyrate, valerate, and isovalerate) assays were laboratory-

developed tests (LDTs) using gas chromatography–mass 

spectrometry (GC-MS). In brief, formalin-preserved fecal 

samples were filtered, extracted, and then diluted in sulfuric 

acid before being processed by centrifugation and filtration. 

The extracts were analyzed by GC-MS, and data was col-

lected and integrated using Agilent GC-MS ChemStation 

software (Agilent, Santa Clara, CA, USA). Raw values were 

quantitated using a five-point calibration curve. The assay 

for fecal β-glucuronidase was an LDT enzymatic endpoint 

assay. In brief, samples were incubated with phenolphthalein 

glucuronic acid for 5 min. An alkaline buffer was added to 

the mixture, and the absorbance was read at 548 nm.

Data Source for Stool Test Results

A HIPAA (Health Insurance Portability and Accountability 

Act)-compliant database of Genova Diagnostics was cre-

ated from Genova’s incoming patients’ test results without 

personal sensitive information. From that database, all test 

results of a test panel called GI  Effects® (n = 187,144) were 

extracted from September 2014 to January 2018. After 

removing results that had significant missing data points 

(usually due to the quality of submitted stool samples), a 

de-identified data set (n = 173,221) of stool tests was created. 

GI  Effects® is a stool test panel containing stool biomark-

ers including calprotectin, EPX, IgA, pancreatic elastase 1 

(PE-1), butyrate, acetate, propionate, putrefactive SCFA, 

long-chain fatty acids (LCFA), triglycerides, phospholip-

ids, cholesterol, β-glucuronidase, 24 commensal microbes 

(measured by PCR, see Table s1 for the list), and other 

microscopic and ELISA assays of bacteria, parasites, and 

yeast.

Disease Cohorts

Study 1 (Genova Diagnostics)

Cohorts in Study 1 were selected from Genova’s database. 

With stool specimen submission, patients were asked to 

complete a paper survey with consent. Among patients with 

complete test results, 13,106 returned the paper survey. Six 

hundred and seven patients and 425 patients reported hav-

ing inflammatory bowel disease (IBD) and celiac disease, 

respectively. Patients with both IBD and celiac disease were 

not included in the study. Ultimately, 6231 patients met 

questionnaire-based Rome IV diagnostic criteria (Gastroin-

testinal Disorders https ://thero mefou ndati on.org/rome-iv/) 

for irritable bowel syndrome (IBS) without a history of IBD 

and celiac disease. There was a higher proportion of female 

patients in all three cohorts (73%, 81%, and 84% for IBD, 

IBS, and celiac disease, respectively). The average ages for 

the IBD, IBS, and celiac groups were 46 ± 0.73, 45 ± 0.22, 

and 47 ± 0.86 years.

Study 2 (UCLA Medical Center)

This prospective case series study was originally con-

ducted to compare two fecal calprotectin test kits. All par-

ticipants were recruited from the University of California, 

Los Angeles (UCLA) Medical Center and had completed 

one GI  Effects® test. After the exclusion of individuals with 

incomplete microbiome data or overlapping diagnoses (i.e., 

IBD and celiac disease), 161 participants were included in 

this study: healthy control, n = 26; Crohn’s disease (CD), 

n = 35; celiac disease, n = 25; IBS, n = 36; ulcerative coli-

tis (UC), n = 39. Percentages of female participants were 

54% (healthy), 46% (CD), 80% (celiac), 64% (IBS), and 

51% (UC). The average ages were 36 ± 3 (healthy), 38 ± 3 

(CD), 33 ± 3 (celiac), 40 ± 3 (IBS), and 38 ± 3 years (UC). 

All patients were between 5 and 65 years of age and had con-

firmation of their diagnosis according to published clinical 

guidelines and standards of care using gold-standard diag-

nostics (e.g., endoscopy).

All procedures were approved by ethics commit-

tees: Advarra for Study 1 (www.advar ra.com; IRB# 

Pro00030304) and UCLA for Study 2 (IRB# 16-001499). 

Informed consent was obtained from all individual partici-

pants included in the studies.

Data Analysis

Cluster Analysis

Cluster analysis using the k-means method [19] was 

employed in order to classify patients into groups or clus-

ters based on the similarity of their fecal bacterial results. 

Within a cluster, patients are homogenous with respect to the 

variables used in the analysis; between clusters, patients are 

heterogeneous. Differences between clusters were assessed 

using one-way analysis of variance (ANOVA) tests with 

cluster as the between-person factor.

Factor Analysis

In order to examine the underlying pattern of covariation in 

the fecal bacteria variables, factor analysis was used. Specifi-

cally, principal components extraction with a varimax rota-

tion was conducted to determine the underlying components 

(i.e., factors) in the data. Note that while cluster analysis 

essentially finds groups of patients that are similar on a set of 

variables and assigns them to a cluster, factor analysis finds 

https://theromefoundation.org/rome-iv/
http://www.advarra.com
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groups of variables based on correlations and assigns those 

variables to a factor.

Exploratory‑Pattern Analysis

To address the issue of interindividual variation in micro-

biome data analysis, we developed an approach that we call 

exploratory-pattern analysis, which comprises three steps: 

(1) grouping patients based on their fecal level of a bio-

marker (i.e., calprotectin, EPX, or IgA); (2) comparing the 

average levels of individual microbes in groups established 

in step 1; and (3) plotting the group mean values of each 

microbe and determining the pattern of association with the 

group mean values of the biomarker. The strength and sig-

nificance of the associations were evaluated by Pearson’s 

correlation coefficient and Spearman rank-order correlation 

coefficient using PRISM 7 (GraphPad Software, Inc., San 

Diego, CA, USA). Based on the exploratory-pattern of all 

24 microbes in patient groups with different levels of cal-

protectin, a proprietary algorithm was developed to calculate 

an index referred to as the Inflammation-Associated Dys-

biosis (IAD) score. Exploratory-pattern analysis was also 

performed to study the association between individual fecal 

biomarkers or between the IAD score and biomarkers.

Other Statistical Analysis

Differences among commensal abundance groups or among 

different disease cohorts were determined using one-way 

ANOVA with post hoc Turkey’s multiple comparison test. 

Based on the data distribution, all results were log-trans-

formed before performing statistical analysis using PRISM 

7 (GraphPad Software, Inc., San Diego, CA, USA).

Results

Creation of Data Sets of Patients’ Stool Test Results

A de-identified database without sensitive personal infor-

mation was created from Genova Diagnostics’ test results. 

From the de-identified database, we extracted all results 

(n = 187,144) of a test panel called GI  Effects® from Sep-

tember 2014 to January 2018. A list of biomarkers tested in 

GI  Effects® is shown in Table s1. After removing results that 

were missing a significant fraction of the data (usually due 

to the quality of submitted stool samples), we created a data 

set of 173,221 patients.

Abundance of Commensal Microbes Is Negatively 
Associated with Intestinal Inflammation (Immune 
Response) Biomarkers

A cluster analysis was performed using patients with com-

plete PCR results for 24 commensal microbes in order to 

determine whether patients could be clustered into differ-

ent groups based on their profiles of commensal microbes. 

The analysis demonstrated significant variations among the 

patients, and only two clusters were identified. Cluster 1 

(n = 32,587) was significantly higher on all fecal microbial 

variables than Cluster 2 (n = 140,633). Further ANOVA 

analyses were performed to identify significant differences 

between clusters for tested fecal biomarkers. Cluster 1 was 

associated with high levels of fecal PE-1, LCFAs, triglycer-

ides, phospholipids, total SCFAs (sum of butyrate, acetate, 

and propionate), percentage of butyrate in total SCFAs, and 

total putrefactive SCFAs (sum of valerate, isobutyrate, and 

isovalerate) (Table 1). Cluster 2 was associated with high 

fecal calprotectin, EPX, IgA, cholesterol, and percentage of 

acetate and propionate in total SCFAs (Table 1). Based on 

the cluster analysis effect sizes for the ANOVA tests, we 

generated an arbitrary number called commensal abundance 

to reflect the total concentration of the 24 microbes. As 

shown in Figure s1, commensal abundance is highly corre-

lated with the sum of the concentrations of all 24 commensal 

microbes. Since fecal calprotectin, EPX, and IgA were fecal 

biomarkers for intestinal inflammation (immune response), 

we hypothesized that commensal abundance was negatively 

associated with intestinal inflammation. To further confirm 

the hypothesis, we regrouped all patients based on quartiles 

of commensal abundance. All three stool biomarkers showed 

a strong negative association with commensal abundance, 

Table 1  Cluster analysis 

identifies tow patient groups 

with high or low commensal 

abundance

Each group is associated with increased levels of certain fecal biomarkers

Cluster 1 (high commensal abundance) Cluster 2 (low commensal abundance)

Long-chain fatty acids Calprotectin

Triglycerides EPX

Phospholipids IgA

Total SCFAs (butyrate + acetate + propionate) Cholesterol

% Butyrate of total SCFAs % Acetate of total SCFAs

Pancreatic elastase 1 % Propionate of total SCFAs

Putrefactive SCFAs (valerate + isobutyrate + isovalerate)
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and patients in the first quartile (lowest) group had the high-

est levels of fecal calprotectin, EPX, and IgA (Fig. 1a–c).

Fecal Inflammation (Immune Response) Biomarkers 
Are Associated with Unique Profiles of Commensal 
Microbes

Because fecal calprotectin, EPX, and IgA represent the 

activation of different cells in immune response path-

ways, we evaluated the relationships among those bio-

markers. We divided patients into different groups based 

on their fecal calprotectin (Fig. 2a), IgA (Figure s2A), or 

EPX (Figure s2D) levels and cross-evaluated the relation-

ships between these biomarkers. The results showed strong 

positive associations among fecal calprotectin, IgA, and 

EPX (Fig. 2b, c, Figure s2B, C and E, F). Also, factor analy-

sis showed strong positive associations among calprotectin, 

EPX, and IgA (data not shown). The relationship between 

calprotectin and EPX was stronger than that with IgA (data 

not shown). To further understand potential relationships 

between fecal inflammation/immune response biomarkers 

and the microbiome, we assessed the concentrations of 24 

commensal microbes in patient groups with different fecal 

levels of calprotectin, EPX, and IgA. As shown in Fig. 3, 

different microbes demonstrated different relationships with 

fecal calprotectin. Some were positively associated (i.e., 

Veillonella spp., Escherichia coli, and Fusobacterium spp.) 

or negatively associated (i.e., Barnesiella spp., Odoribac-

ter spp., Anaerotruncus colihominis, Coprococcus eutactus, 

Fig. 1  Commensal abundance was negatively associated with fecal 

inflammation biomarkers. Commensal abundance was calculated as 

the sum of concentrations of all 24 microbes. Quartiles were calcu-

lated with all 173,221 patients. Groups with no overlapping letters are 

statistically different (P < 0.05)

Fig. 2  Fecal EPX (b) and IgA (c) in patient groups with differ-

ent fecal calprotectin levels (a). Calprotectin groups (μg/g): 1. ≤ 20 

(n = 141,913); 2. 21–40 (n = 15,418); 3. 41–60 (n = 5603); 4. 61–80 

(n = 2889); 5. 81–120 (n = 2889); 6. 121–200 (n = 2431); 7. > 200 

(n = 2191). Data presented as mean ± SE. Statistical information is 

provided in Table s2
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Pseudoflavonifractor spp., Roseburia spp., Ruminococcus 

spp., Methanobrevibacter smithii, and Akkermansia mucin-

iphila) with fecal calprotectin. Some showed a bell-shaped 

distribution (i.e., Lactobacillus spp.) or no clear dose-

dependent changes (i.e., Bacteroides-Prevotella group). 

Statistical analysis of the association between microbiome 

and calprotectin (group means) is shown in Table s2. The 

same analyses were performed in patient groups with dif-

ferent levels of fecal IgA (Figure s3, Table s6) and EPX 

(Figure s4, Table s7). Overall, those three fecal inflammation 

(immune response) biomarkers showed similar patterns in 

their relationships with the majority of the 24 commensal 

microbes. For example, all three biomarkers were negatively 

associated with Barnesiella spp., Odoribacter spp., Butyrivi-

brio crossotus, C. eutactus, Faecalibacterium prausnitzii, 

Pseudoflavonifractor spp., Roseburia spp., Oxalobacter 

formigenes, M. smithii, and A. muciniphila. All three bio-

markers were positively associated with Veillonella spp. and 

Fusobacterium spp. Some of the commensal microbes had 

unique patterns with changes in fecal calprotectin, EPX, or 

IgA.

Creation and Validation of Inflammation‑Associated 
Dysbiosis (IAD) Score

Because the patterns we determined in the analysis were 

based on a large patient data set, it would be difficult to 

apply the patterns at the individual patient level or in small 

clinical studies. For that purpose, we created a pattern-based 

algorithm (proprietary property of Genova Diagnostics), 

Fig. 3  Levels of commensal microbes in groups with different 

levels of fecal calprotectin. Calprotectin groups (μg/g): 1. ≤ 20 

(n = 141,913); 2. 21–40 (n = 15,418); 3. 41–60 (n = 5603); 4. 61–80 

(n = 2889); 5. 81–120 (n = 2889); 6. 121–200 (n = 2431); 7. > 200 

(n = 2191). Data presented as mean ± SE. Statistical information is 

provided in Table s3
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which calculated an index called the IAD score. The algo-

rithm used only information regarding microbiome patterns 

(Fig. 3) and fecal beta-glucuronidase (Figure s5) associated 

with fecal calprotectin. None of the inflammation (immune 

response) biomarkers were used in the algorithm. When 

grouping patients according to their IAD scores, the group 

mean IAD score was negatively associated with commen-

sal abundance (Fig. 4a and Table s4) and positively associ-

ated with fecal calprotectin, EPX, and IgA (Fig. 4b–d and 

Table s4).

While the IAD score was negatively associated with the 

total fecal putrefactive SCFA concentration (sum of valerate, 

isovalerate, and isobutyrate) (Fig. 5b, Table s5), the total 

concentration of SCFA produced from carbohydrates (sum 

of butyrate, acetate, and propionate) showed a slight bell 

shape, with similar levels in groups with high or low IAD 

scores (Fig. 5a, Table s5). Further analysis demonstrated that 

the composition of SCFA differed among groups with dif-

ferent IAD scores. The IAD score was negatively associated 

with the fecal butyrate (Fig. 5c, d, Table s5) but positively 

associated with fecal acetate (Fig. 6e, f, Table s5), both in 

concentration and percentage (of the sum of butyrate, ace-

tate, and propionate). Fecal propionate showed a bell-shaped 

distribution (Fig. 6g, h, Table s5).

We hypothesized that the IAD score, independent of indi-

vidual microbiome, would provide an indication of a dys-

biosis status associated with intestinal inflammation. To test 

that hypothesis, we calculated IAD scores using test results 

from two clinical studies. The first study included question-

naire-based cohorts of symptomatic patients with IBS, IBD, 

and celiac disease from Genova’s database. The IBD cohort 

had significantly higher fecal calprotectin, EPX, IgA, and 

IAD score than the IBS and celiac disease cohorts, while 

commensal abundance could not differentiate IBD from the 

celiac cohort (Fig. 6a–e). The second study was conducted 

independently at the UCLA Medical Center with clinically 

validated patients. Similar to the first study, patients with 

IBD (Crohn’s disease and ulcerative colitis) had significantly 

higher levels of fecal calprotectin, EPX, and IAD score com-

pared with healthy, celiac, and IBS cohorts (Fig. 6f, g, j). 

Commensal abundance was not able to differentiate IBD 

from other cohorts (Fig. 6i). Meanwhile, analysis with indi-

vidual commensal microbes did not show significant dif-

ferences among different disease cohorts (data not shown).

Discussion

A definition of dysbiosis commonly contains three key com-

ponents: changes/imbalance in a person’s natural microflora, 

comparison to the community found in healthy individu-

als, and potential contribution to a range of conditions of ill 

health [20]. Although this definition is applicable to most 

clinical studies with a control group, it can be challenging 

in real-world clinical settings where data from healthy indi-

viduals is not readily available. Reference ranges provided 

by clinical laboratories can be useful but are limited by large 

variations due to differences in how the “healthy cohort” is 

defined. The exploratory-pattern analysis used in the cur-

rent study allowed us to avoid potential selection biases 

Fig. 4  Commensal abundance (a), fecal calprotectin (b), EPX (c), 

and IgA (d) in patient groups with different IAD scores. IAD score 

groups: 1. 0–9.9 (n = 59,483); 2. 10–19.9 (n = 53,337); 3. 20–29.9 

(n = 23,757); 4. 30–39.9 (n = 15,427); 5. 40–49.9 (n = 9977); 6. 

50–59.9 (n = 5639); 7. 60–69.9 (n = 3499); 8. 70–79.9 (n = 1624); 9. 

80–89.9 (n = 365); 10. > 90 (n = 113). Data presented  as mean ± SE. 

Statistical information is provided in Table s4
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Fig. 5  Fecal total SCFA (sum of butyrate, acetate, and propionate) 

(a), putrefactive SCFA (sum of valerate, isovalerate, and isobutyrate) 

(b), individual fecal SCFA (butyrate, acetate, and propionate) concen-

tration (c, e, g) and percentage (d, f, h) in patient groups with differ-

ent IAD scores. IAD score groups: 1. 0–9.9 (n = 59,483); 2. 10–19.9 

(n = 53,337); 3. 20–29.9 (n = 23,757); 4. 30–39.9 (n = 15,427); 5. 

40–49.9 (n = 9977); 6. 50–59.9 (n = 5639); 7. 60–69.9 (n = 3499); 

8. 70–79.9 (n = 1624); 9. 80–89.9 (n = 365); 10. > 90 (n = 113). 

Data presented as mean ± SE. Statistical information is provided in 

Table s5
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Fig. 6  Fecal calprotectin, EPX, IgA, commensal abundance, and IAD 

score in two studies with disease cohorts. a–e From a questionnaire-

based study: IBS, n = 6231; IBD, n = 607; celiac disease, n = 425. 

f–j From a clinical trial conducted in UCLA: healthy control, n = 26; 

Crohn’s disease, n = 35; celiac disease, n = 25; IBS, n = 36; ulcerative 

colitis (UC), n = 39. Groups with no overlapping letters are statisti-

cally different (P < 0.05). Data presented as mean ± SE
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associated with a healthy control group and/or predefined 

inclusion criteria. Instead, all patients in the database were 

included and analyzed based on certain conditions of ill 

health defined by one or a group of biomarkers. The current 

analysis also allowed for an examination of the changes in a 

continuous manner, which is more biologically relevant than 

using defined cutoffs from reference ranges.

The approach used in the current study to determine 

associations between fecal microbiome profiles and stool 

biomarkers is unique. The majority of previously published 

studies examined differences between disease and non-

disease cohorts. Our data included all patients regardless 

of disease conditions, which also posed a challenge when 

making direct comparisons with published studies. Because 

fecal calprotectin was used to differentiate IBD from other 

gastrointestinal diseases [21], we anticipated that our results 

for individual microbiota should be similar to published data 

with IBD patients. Supporting that hypothesis, most of our 

results were consistent with published studies with IBD 

patients. For example, reduced abundance of F. prausnitzii 

was reported in many studies [22–29]. We found that F. 

prausnitzii was negatively associated with fecal calprotectin, 

EPX, and IgA in the current study. The Roseburia genus [23, 

30–33] or specific species (e.g., Roseburia intestinalis and 

Roseburia hominis) [34, 35] were significantly decreased 

in patients with IBD. In our analysis, Roseburia spp. was 

negatively associated with fecal calprotectin, EPX, and IgA.

The current data was also aligned with previous reports 

of decreased Ruminococcus spp. in IBD patients [33]. 

Methanobrevibacter smithii, an archaea methanogen, was 

significantly decreased in IBD patients [36]. Another study 

showed no change in fecal M. smithii but increased fecal 

Methanosphaera stadtmanae in IBD patients [37]. Our data 

suggested a strong negative association between fecal M. 

smithii and fecal inflammation biomarkers (calprotectin, 

EPX, and IgA). In fact, a small increase in EPX and IgA was 

associated with a significant decrease in fecal M. smithii. 

A. muciniphila, which was decreased in patients with early 

onset of Crohn’s disease [22], was negatively associated with 

all three fecal inflammation biomarkers in the current analy-

sis. Additionally, fecal levels of several commensal bacteria, 

including Veillonella spp., E. coli, and Fusobacterium spp., 

were positively associated with inflammation biomarkers in 

the current study. All of those bacteria were considered as 

invasive [38–40], and high levels were reported previously in 

IBD patients [23, 28, 31, 33, 41–45]. Changes in Prevotella 

spp. were reported previously, with conflicting results in 

multiple studies [26, 28, 31, 46]. Our results showed a rela-

tively weak negative association between Prevotella spp. and 

fecal calprotectin, EPX, and IgA. Lactobacillus and Bifido-

bacterium have generally been regarded as beneficial com-

mensal bacteria and used as probiotics. Although patients 

with active IBD (compared with patients with remission) 

had lower abundance of Bifidobacterium [47, 48], and low 

levels of Lactobacillus were discovered in Crohn’s disease 

[33], increased Bifidobacterium was reported in ulcerative 

colitis [49]. Overall, our data suggested that high levels of 

fecal Lactobacillus spp., Bifidobacterium spp., or Bifidobac-

terium longum were associated with intestinal inflammation.

While the results from the current study were similar to 

the findings of previous studies, there were some issues in 

applying the findings at the individual patient level in clinic. 

First, although our findings with real-world big data explor-

atory-pattern analysis aligned with multiple clinical studies, 

the results from those published studies varied substantially. 

Second, even in patients with high levels of fecal calprotec-

tin, there were significant variations at the individual micro-

biota level (data not shown). Most patients with high fecal 

calprotectin did not completely align with the microbiome 

profile described above. In addition, changes in the same 

individual microbiota can be associated with various condi-

tions. For example, A. muciniphila represents 1–3% of the 

gut microbiota [50, 51]. A decrease in this species has been 

demonstrated in feces and/or biopsies in several disorders 

including autism, obesity, type 2 diabetes, appendicitis, and 

IBD [52, 53]. F. prausnitzii is another example with multiple 

clinical associations. Representing between 2 and 15% of 

intestinal bacterial communities, F. prausnitzii is reduced in 

prevalence and abundance in disorders such as celiac disease 

[54], obesity and type 2 diabetes [55–57], appendicitis [58], 

chronic diarrhea [59], irritable bowel syndrome (IBS) of 

alternating type [60], colorectal cancer [61], and particularly 

IBD [29, 62–65]. Our unpublished data agrees with much 

of the current literature published on the changes seen in 

individual microbial populations between different disease 

groups and compared to a healthy cohort.

To address these issues, we generated an IAD score using 

an algorithm based on the exploratory-pattern analysis. The 

algorithm only considered the patterns of 24 commensal 

microbes and the level of fecal β-glucuronidase (a bacterial 

enzyme) in patient groups with different fecal calprotec-

tin levels. As such, it was a pure fecal microbiome profile. 

Although none of the host fecal inflammation biomarkers 

(i.e., calprotectin, EPX, and IgA) were included in the algo-

rithm, they all had a strong positive association with the 

IAD score. Patient groups with high IAD scores had high 

levels of fecal calprotectin, EPX, and IgA. Groups with high 

levels of fecal inflammation biomarkers also had high IAD 

scores. Similar to the three inflammation biomarkers, the 

IAD score was negatively associated with fecal commen-

sal abundance. It was also negatively associated with fecal 

butyrate and propionate (both concentration and percentage) 

but positively associated with fecal acetate (both concentra-

tion and percentage), with no association with total SCFA 

(a sum of butyrate, propionate, and acetate). In addition, the 

IAD score was negatively associated with fecal putrefactive 
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SCFAs. Decreased fecal SCFAs, particularly butyrate, was 

reported previously in IBD patients [66, 67]. Collectively, 

the IAD score might provide us an opportunity to assess 

dysbiosis related to intestinal inflammation based on an inte-

grated picture but not on individual microbiota.

To further evaluate the clinical utility of the IAD score, 

it was calculated in two separate clinical studies. In the first 

study, IBD, IBS, and celiac disease cohorts were identified 

from Genova’s database using questionnaire-based criteria. 

The IBD cohort not only had high levels of fecal calprotec-

tin, EPX, and IgA; it also showed a significantly higher IAD 

score than the other groups. In the second study, patients 

with Crohn’s disease, ulcerative colitis, IBS, and celiac 

disease, as well as a healthy control group, were recruited 

at the UCLA Medical Center based on clinical diagnostic 

criteria. Stool biomarkers and microbiome were analyzed 

at Genova Diagnostics. The Crohn’s disease and ulcerative 

colitis cohorts had significantly higher fecal calprotectin, 

EPX, and IAD scores than the healthy control, IBS, and 

celiac disease cohorts, while there was no statistical differ-

ence in commensal abundance among all groups. There was 

no difference among the healthy control, IBS, and celiac dis-

ease cohorts in fecal inflammation biomarkers or IAD score. 

Interestingly, when those cohorts were compared at the indi-

vidual commensal microbiota level, there was no statistical 

difference identified in that study (data not shown). Overall, 

the results from both clinical studies strongly indicate that 

the IAD score is more effective than individual microbiota in 

predicting a dysbiosis status associated with severe intestinal 

inflammation, such as that found in IBD patients.

Gut dysbiosis has been associated with many different dis-

eases [68]. In research studies, various microbiome measure-

ments are used to demonstrate dysbiosis at community lev-

els, such as taxonomic diversity and Firmicutes/Bacteroides 

(F/B) ratio. Compared with healthy controls, patients with 

many disease states (e.g., IBD, obesity, diabetes, autoimmune 

diseases, celiac disease, cardiovascular diseases) have dem-

onstrated decreased taxonomic diversity of the fecal micro-

biome [69–71]. The F/B ratio is increased in some disease 

states (i.e., obesity) and decreased in other patient popula-

tions (i.e., diabetes) [72, 73]. Although those measurements 

have been confirmed in multiple studies, they are also mostly 

nonspecific. Our current approach and derived scores can be 

more specific for unique dysbiosis profiles associated with 

certain disease conditions. In fact, the IAD score is high only 

in IBD cohorts, and not in groups of IBS or celiac disease, or 

in other diseases such as diabetes, autoimmunity, hyperten-

sion, and mood disorder (data not shown). In addition, using 

the same approach and different biomarkers, we have iden-

tified another dysbiosis condition that is opposite the IAD 

score (unpublished data). Meanwhile, the current study has 

some limitations. For example, only 24 commensal microbes 

were measured. Although our data demonstrates that we can 

differentiate disease cohorts from healthy controls even with 

a small group of microbes (data not shown), we believe that 

increasing the number of targets will potentially improve the 

strength of the current test. While the principle can be applied 

in other studies, the algorithm generated from the current 

analysis is test-platform-specific. Other clinical laboratories 

will need to develop test-specific algorithms to account for 

technical variations between different groups. It is important 

to note that the purpose of the IAD score (and other scores 

generated from the method) is the identification of underlying 

root causes rather than diagnosis of the disease. Dysbiosis is 

not the only cause of intestinal inflammation.

In summary, we have developed a new approach to iden-

tify unique dysbiosis profiles using a large patient data set 

and exploratory-pattern analysis. This method can detect 

signals that may not be obvious due to big variations of the 

microbiome data. Derived algorithm-base scores provide 

opportunities to report disease/condition-specific microbi-

ome profiles in clinical microbiome testing.
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