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ABSTRACT Assessing “dysbiosis” in intestinal microbial communities is increasingly
considered a routine analysis in microbiota studies, and it has added relevant infor-
mation to the prediction and characterization of diseases and other adverse condi-
tions. However, dysbiosis is not a well-defined condition. A variety of different dysbiosis
indexes have been suggested and applied, but their underlying methodologies, as well
as the cohorts and conditions for which they have been developed, differ considerably.
To date, no comprehensive overview and comparison of all the different methodologies
and applications of such indexes is available. Here, we list all types of dysbiosis indexes
identified in the literature, introduce their methodology, group them into categories,
and discuss their potential descriptive and clinical applications as well as their limita-
tions. Thus, our focus is not on the implications of dysbiosis for disease but on the
methodological approaches available to determine and quantify this condition.

KEYWORDS dysbiosis, dysbiosis index, gut, imbalance, intestine, microbiome,
microbiota

ASSESSMENT OF DYSBIOSIS

mbalance, dysfunction, or disturbance of the gut microbiota is increasingly recog-

nized as an indicator of a given disease or a poor health status. Due to the complexity
and huge interindividual variation in the microbial communities, no gold standard
exists to determine the presence or extent of a given imbalance or disturbance,
although a multitude of studies refer to it broadly with the term “dysbiosis.” An impor-
tant part of the challenge with defining dysbiosis arises from the fact that due to the
huge interindividual variation existing in the healthy population, no clear definition of
a healthy gut microbiota has been established to date.

Dysbiosis of the gut microbiota has been associated with numerous adverse condi-
tions, such as Clostridioides difficile (formerly designated Clostridium difficile) infection
(CDI) (1), metabolic syndrome (2, 3), inflammatory bowel disease (IBD) (4), colorectal
cancer (5), chronic hepatitis (6), common variable immunodeficiency (7), and even
schizophrenia (8). Dysbiosis has also been observed in nonintestinal microbial com-
munities, such as those of the gums (9), oral mucosa and saliva (10), and scalp and
forehead (11). The application of the term dysbiosis is quite broad, ranging from a
change of a single species to the perturbation of entire microbial communities (12).

To qualify the term dysbiosis, several indexes have been defined and applied. Such
indexes may help to characterize diseases and adverse conditions, predict treatment
outcomes, and provide information other than the commonly used alpha and beta di-
versity assessments. It is worth noting that some researchers have applied the term
dysbiosis even to conditions associated with improved health status, e.g., as a result of
metformin treatment against diabetes mellitus type 2 (13). However, since the prefix
“dys” (Greek for “bad,” “difficult,” or “disordered”) implies an adverse condition, in the
current context, we will refer to dysbiosis as a condition differing from the normal or
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healthy state. It should, however, be highlighted that due to a significant interindivid-
ual variation, defining the normal or healthy gut microbiota remains an inherent chal-
lenge (14); consequently, most dysbiosis indexes are based on comparison to a set of
individuals or samples used as references. Even so, it is important to emphasize that
dysbiosis is not a well-defined condition, and that dysbiosis indexes differ with respect
to methodology and clinical context and were developed in different cohorts of indi-
viduals to describe a variety of different conditions.

Basic methods and principles related to microbiota assessment in a clinical context
were recently reviewed (15). In the present review, we provide a summary of currently
applied dysbiosis indexes and explain their calculation and performance in the context
of specific diseases and conditions. We consider this very relevant for the choice and
use of dysbiosis indexes in future studies. However, the potential causal links between
intestinal dysbiosis and human health are not captured by any of the dysbiosis indexes
and, thus, are outside the scope of this review.

TYPES OF DYSBIOSIS INDEXES

In May 2020, we searched the scientific literature indexed in the PubMed database
for the various combinations of the search terms “dysbiosis” or “disruption” and “score”
or “index,” together with “gut” or “intestine,” in all search fields. We assessed all previ-
ous studies regarding the definition and application of gut dysbiosis indexes appearing
in these searches.

We grouped the identified dysbiosis indexes into five categories based on the
methodology, including large-scale bacterial marker profiling, relevant taxon-based
methods, neighborhood classification, random forest prediction, and combined
alpha-beta diversity (Fig. 1). The generalizations and extensions of a given method
were described when possible. A detailed overview of the different indexes was
compiled (Table 1). Below, we introduce the five categories of indexes, starting
from the most prevalently used.

Category 1: large-scale bacterial marker profiling. Large-scale profiling of bacte-
rial markers determines the dysbiosis of the gut microbiota by simultaneously identify-
ing a large number of carefully selected marker species or taxa. This type of dysbiosis
determination is exemplified by the GA-map dysbiosis test (Genetic Analysis AS, Oslo,
Norway), which is one of a few commercial products designed to determine and char-
acterize the dysbiosis of gut microbiota (16). The technology of this product is based
on a set of 54 probes targeting the 16S rRNA gene (V3 to V7) at different bacterial taxo-
nomic levels, thereby covering six phyla, Firmicutes, Proteobacteria, Bacteroidetes,
Actinobacteria, Tenericutes, and Verrucomicrobia, which includes 10 bacterial classes, 36
genera, and more than 300 species (Fig. 1, index 1.1). The GA-map dysbiosis test
assigns each sample a score from 1 to 5, where a score greater than 2 indicates that
the microbial profile is different from a selected reference population and, thus, desig-
nated “dysbiosis,” while a score of 2 or lower is defined as “normobiosis,” indicating a
healthy state. Additionally, the species targeted by the test are scored from —3 to 3,
where a negative value refers to reduced abundance and a positive value indicates
increased abundance compared to the reference population. The details in score calcu-
lation for samples and taxa are proprietary and not available in the public domain. The
GA-map dysbiosis test was developed based on samples from 668 adults, including
healthy controls (n=297), patients with irritable bowel syndrome (IBS) (n=236), and
patients with inflammatory bowel disease (IBD) (n=135). The test has been validated
in independent cohorts and showed proportions of dysbiosis of 73% in IBS, 70% in
treatment-naive IBD, 80% in IBD in remission, and 16% in healthy individuals (16).

Generalizations and extensions. The GA-map dysbiosis test, outlined above, was
originally developed and validated for diagnosis and prediction of IBD and IBS; how-
ever, studies have also applied the test to evaluate its correlation with the effect of var-
ious interventions, including fecal microbiota transplantation, or FMT (17-19), dietary
interventions (20-22), and anti-tumor necrosis factor (anti-TNF) therapy against ulcera-
tive colitis, or UC (23). The GA-map index score was reportedly reduced following FMT
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FIG 1 Hierarchical chart to show different indexes used to characterize the dysbiosis of microbial
communities. Numbers showing in the outmost layer refer to different indexes. Original corresponds
to indexes that are defined early in time and used prevalently. Extension indicates the indexes that
are either derived or generalized from the original indexes.

(18, 19), and this was further lowered by repetitive FMT (17). The index was additionally
reported to capture the response of the gut microbiota to a diet low in fermentable ol-
igosaccharides, disaccharides, monosaccharides, and polyols (FODMAP), which, nota-
bly, led to an increase of the dysbiosis index (17, 21). However, other reports find that
a low FODMAP diet did not have any effect (22). Magnusson et al. (23) showed that the
effect of anti-TNF therapy for patients with UC was partially determined by the gut
microbiota composition before treatment and that nonresponders had a higher GA-
map index than responders. Another study assessed the performance of the GA-map
dysbiosis index for detection of IBS when morbid obesity was considered (24). Four
groups of subjects with or without IBS and with or without morbid obesity were com-
pared. Dysbiosis was more frequently detected in morbidly obese subjects, regardless
of IBS conditions, than in healthy volunteers. This underlines that confounding factors
should be considered when using the GA-map dysbiosis test.

The GA-map dysbiosis test has also been applied to assess the effect of weight loss
interventions followed by bariatric surgery (25), nonnutritive sweeteners, or NNSs (26),
and primary Sjogren’s syndrome, or pSS (27). The dysbiosis index increased after
weight loss interventions followed by bariatric surgery and was positively associated
with the intake of NNSs. Dysbiosis was additionally found to be more prevalent in pSS
patients than in healthy controls.

Some indexes were adapted for specific applications from the GA-map dysbiosis
test (13, 22). Farup et al. (13) adjusted the GA-map dysbiosis test and thereby created a
new index, named alternative index (ADI) (index 1.2), which allowed differentiation
between microbiota disturbances caused by metformin, which has antihyperglycemic
and weight-reducing effects (28, 29), and microbiota disturbances caused by NNSs,
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TABLE 1 Different indexes to characterize the dysbiosis of microbial communities

Applied and Environmental Microbiology

Dysbiosis
index

Method type

Description

Disease/condition

Method

Reference(s)

1.1

1.2

13

2.1

2.2

23

24

25

26

Large-scale bacterial
marker profiling

Modified large-scale
bacterial marker
profiling

Modified large-scale
bacterial marker
profiling

Relevant taxon-based
methods

Relevant taxon-based
methods

Relevant taxon-based

methods

Relevant taxon-based
methods

Relevant taxon-based
methods

Relevant taxon-based
methods

A set of 54 probes targeting 16S RNA gene
(V3-V7) and covering more than 300
bacterial markers; dysbiosis index score
calculation is a commercial secret, and
scores range from 1 to 5 (2 indicates
dysbiosis); scores of each taxon range from
—3to 3, where a negative value refers to
reduced abundance compared to the
reference population

Summed GA map score of 7 taxa selected
to differ between metformin and NNS
treatment (Alistipes, Proteobacteria,
Shigella spp., Escherichia spp., Bacteroides
fragilis, Ruminococcus gnavus, Bacteroides
spp., Prevotella spp., and Dialister invisus);
the index is scaled from —14 to 14
Median bacterial scores for 10 taxa
differing between responders and the
nonresponders (higher abundance of
Bacteroides fragilis, Acinetobacter,
Ruminiclostridium, Streptococcus, and
Eubacterium in responders; higher
abundance of Clostridia/Negativicutes/
Bacilli, Actinomycetales, Anaerotruncus,
Clostridiales, and Shigella/Escherichia in
nonresponders) are defined as the cutoff;
each sample is given a point for each
differential taxon; the points for each
sample are then summed up, resulting in
an index between 0 and 10

Dysbiosis was calculated as log, of
(summed abundance of taxa increased in
patients with CD/summed abundance of
taxa decreased in patients with CD)
Dysbiosis was calculated as (summed
abundance of taxa increased in patients
with cirrhosis/summed abundance of taxa
decreased in patients with cirrhosis)
Dysbiosis was calculated as (summed
abundance of taxa increased in patients
with CHB/no. of CHB-increased taxa) —
(summed abundance of taxa increased in
subjects without CHB/no. of taxa increased
in the absence of CHB)

Dysbiosis was calculated as [(summed
abundance of taxa increased in patients
with stroke/no. of stroke-increased taxa) —
(summed abundance of taxa increased in
subjects without stroke/no. of taxa
increased in the absence of stroke)] x 100
Dysbiosis was calculated as [(summed
abundance of taxa increased in patents
with gout/no. of gout-increased taxa) —
(summed abundance of taxa increased in
subjects without gout/no. of taxa
increased in the absence of gout)] x
1,000,000

Dysbiosis was calculated as log,,[(summed
abundance of taxa increased in case 1/
summed abundance of taxa decreased in
case 1) x (summed abundance of taxa

IBS, IBD

NNSs versus
metformin

FODMAPs diet for
patients with IBS

(@]

Cirrhosis

CHB

Stroke

Gout

Colorectal cancer
(tumorigenesis)

Microarray

Microarray

Microarray

16S ribosomal amplicon
sequencing and shotgun
metagenomics

Multitag pyrosequencing

of 16S genes

16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing

16

22

32

34

35

36
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TABLE 1 (Continued)
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Dysbiosis
index

Method type

Description

Disease/condition

Method

Reference(s)

2.7

2.8

29

3.1

3.2

33

Relevant taxon-based
methods

Relevant taxon-based
methods
Relevant taxon-based
methods

Neighborhood
classification

Neighborhood
classification

Neighborhood
classification
Random forest
prediction

Combined alpha-beta
diversity

increased in case 2/summed abundance of

taxa decreased in case 2) x (summed
abundance of taxa increased in case 3/
summed abundance of taxa decreased in
case 3) x (summed abundance of taxa
increased in case 4/summed abundance
taxa decreased in case 4) + 1]; case 1, 2, 3,
and 4 refer to carcinoma, carcinoma
adjacent, adenoma, and adenoma
adjacent

Acinetobacter johnsonii and Streptococcus
salivarius were either positively or
negatively associated with RAS; dysbiosis
was calculated as 5.35 x (abundance of A.
johnsonii) — 0.309 x (abundance of S.
salivarius)

Dysbiosis was calculated as (abundance of
Firmicutes)/(abundance of Bacteroidetes)
Dysbiosis was calculated as (abundance of
Basidiomycota)/(abundance of
Ascomycota)

Dysbiosis index was calculated as the
median Bray-Curtis distance between the
test sample and the reference

Seven selected taxa were reported to be
associated with CE in dogs; their
abundances were determined by qPCR;
dysbiosis was calculated as the difference
between (Euclidean distance between the
test sample and the healthy class centroid)
and (Euclidean distance between the test
sample and the diseased class centroid)
Dysbiosis was calculated as log,-
transformed CLOUD statistic

Dysbiosis was calculated as out-of-bag
probability of random forest to
differentiate patients with SIBO from
healthy patients

Dysbiosis was calculated as (mean
difference of Shannon diversity between
the test sample and each of donors) x
(mean Jensen-Shannon divergence of the
test sample and each donor)

RAS

LG, HF, IBS

IBD

uc, b

SIBO

SIBO

CDI

16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing and ITS2

Shotgun metagenomics

qPCR

16S ribosomal amplicon
sequencing
16S ribosomal amplicon
sequencing

16S ribosomal amplicon
sequencing

37-39

42

43

46

54,55

55

1

which may induce glucose intolerance (30). While the ADI showed opposite responses
to these two interventions, the unmodified GA-map dysbiosis test yielded increased
scores in both cases.

For quantification and prediction of the response of IBS patients to a 4-week

FODMAP-restricted diet (22), a specific response index (Rl) based on the GA-map dys-
biosis test was created (index 1.3). Response was defined as a reduction in IBS sever-
ity scores of greater than 50%. First, the responders’ median bacterial scores (derived
from the GA-map dysbiosis test) of 10 selected taxa, which differed between res-
ponders and nonresponders, were determined and defined as the cutoff. Each sam-
ple was then given a point for each taxon if the less abundant taxa (responders
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versus nonresponders) had lower scores than the cutoff or if the more abundant taxa
(responders versus nonresponders) had higher scores than the cutoff. The summed
points for each sample resulted in an Rl range between 1 and 10. Thus, RI was more
sensitive than the GA-map dysbiosis test to distinguish and predict treatment out-
comes, since it was designed to consider only taxa differing between responders and

nonresponders.

Category 2: relevant taxon-based methods. A large number of studies have uti-
lized relevant taxa to create dysbiosis indexes. Such indexes only require the abundan-
ces of specific taxa and have been widely used in studies due to their simplicity, espe-
cially when sequencing data are available. They are easy to interpret and visualize and
are typically calculated based on ratios between abundances, differences between
abundances, or abundance-based linear regressions. The dysbiosis indexes introduced
here are all based on relative abundances; however, other types of normalizations are
also possible (31).

Among these approaches, the method of Gevers et al. was the first introduced and
is currently the most widely used (32) (index 2.1). It is known that an altered gut micro-
bial community composition is associated with the pathogenesis of IBD (33). To quan-
tify and define the associations between gut microbiota and Crohn’s disease (CD),
Gevers et al. compared ileum, rectum, and stool microbiotas from a large number of
subjects with CD (n = 447) with those from healthy controls (n = 221). An overall
decrease in richness as well as an altered gut microbiota composition was observed in
CD subjects. One set of genera was positively correlated with CD, while another set of
genera was negatively correlated. Based on this, the authors developed a dysbiosis
index (index 2.1), defined as

| Z:ﬁlabundance(CD—enriched taxon);
o I
B Zizlabundance(CD—depleted taxon);

This index was found to be negatively associated with species richness and posi-
tively associated with CD severity.

Generalizations, extensions, and variants. Gevers’ dysbiosis index was later modi-
fied for detection of other diseases and conditions. In a study of cirrhosis, Bajaj et al.
(34) used the ratio between summed relative abundance of taxa, which in previous
studies had been found to be reduced in cirrhosis patients (Lachnospiraceae,
Ruminococcaceae, and Clostridiales XIV), and summed relative abundances of previ-
ously identified cirrhosis-associated taxa (Enterobacteriaceae and Bacteroidaceae) (index
2.2):

Z:; abundance(health-related taxon),
Z:l:l abundance(patient-related taxon),

Low index values indicated dysbiosis. The index was observed to be higher in
healthy controls than in cirrhosis patients and was negatively correlated with endo-
toxin, death, and organ failures.

In a study of chronic hepatitis B (CHB), Wang et al. (6) defined the dysbiosis index
(index 2.3) as

Z;labundance(patient enriched taxon); Z;labundance(health enriched taxon);

n n

Thus, this type of index uses the normalized abundance difference instead of the ra-
tio between abundances to quantify dysbiosis. n refers to the number of taxa enriched
in either the diseased or healthy state. The larger the index value, the more severe the
dysbiosis. Thereafter, the authors applied Youden’s J statistic to look for the optimal
index value as a diagnostic threshold to differentiate healthy from CHB patients. The
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cutoff was set at —25.36, thereby achieving 0.77, 0.75, and 0.81 for accuracy, sensitivity,
and specificity, respectively.

Similar indexes include a multiplication by 100 or even by 106. For example, Xia et
al. (35) defined a dysbiosis index for acute ischemic stroke (index 2.4) as

Z:;labundance(patient enriched taxon),

n

Z;abundance(health enriched taxon);

n

x 100

The index was calculated based on 18 discriminant taxa, and it achieved AUCs (area
under the receiver operating characteristic curves) of 0.749 in the training cohort and
0.843 in the validation cohort, which indicates a good power for differentiating stroke
patients from controls. Patients with stroke showed significantly higher index values
than healthy controls.

Along the same lines, a study of patients with gout (36) defined a microbial index
of gout (index 2.5) as

<Z?1abundance(patient-enriched taxon);

n

Z;abundance(health-enriched taxon)i> 106
n

The index threshold was set at —2.157 by use of Youden's J statistic. An index
above the threshold indicated increased risk of suffering from gout. This index
achieved an AUC of 0.817 for the identification of individuals diagnosed with
gout.

Some reports define more complicated dysbiosis indexes. To have an index to
describe the tumor burden in colorectal cancer development, Nakatsu et al. (5) devised
a composite index including the microbiota at multiple sample sites, such as carcinoma
(case 1), carcinoma-adjacent (case 2), adenoma (case 3), and adenoma-adjacent (case
4). The dysbiosis index (index 2.6) was then formulated to incorporate the differences
in all cases:

Z?ﬁlabundance (enriched taxon in case 1),

lo =
B1o Zizlabundance (depleted taxon in case 1);

enriched taxon in case 2),

n
E __abundance
X i=1

1

Z;abundance depleted taxon in case 2

i
X

( )
( )
Z:l:labundance (enriched taxon in case 3);
( )

1

Z:l:labundance depleted taxon in case 3

Z’n ,abundance (enriched taxon in case 4),
= +1
Z:;labundance (depleted taxon in case 4);

In contrast to these complex approaches, some studies defined a dysbiosis index
based on only a very few taxa. For example, a study included only two relevant taxa
in a linear regression to create a dysbiosis index (10). Two relevant taxa found to be
significantly associated with recurrent aphthous stomatitis (RAS) (Acinetobacter
johnsonii) and absence of RAS (Streptococcus salivarius), respectively, were identi-
fied based on logistic regression. The coefficients of these two species were then
incorporated in a linear regression, and the dysbiosis index was defined as 5.35 x
[A. johnsoniil — 0.309 x [S. salivarius], using the relative abundance of A. johnsonii
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and S. salivarius in the mucosa (index 2.7). This dysbiosis index correctly predicted
83% of the total cases for the presence or absence of RAS in the investigated
cohort.

Even simpler, some studies used the ratio of only two phyla, such as Firmicutes
and Bacteroidetes, to calculate an index for the description of the gut microbiota
(index 2.8). Together, these two phyla constitute the majority of the human gut
bacteria, and they represent the Gram-positive and the Gram-negative popula-
tions, respectively. Jeffery et al. (37) applied the Firmicutes-to-Bacteroidetes (F/B)
ratio and successfully differentiated two subgroups (F/B high and F/B low) of
patients with IBS. Stratification into high and low F/B ratios allowed the identifica-
tion of different gut microbiotas in IBS versus healthy controls, which was only
found in the high F/B group. Liu et al. (38) applied the F/B ratio for studies of
patients with liver cirrhosis and observed higher ratio values in patients than in
healthy controls. In patients with heart failure (HF), the microbiota was character-
ized by a decreased F/B ratio and a reduced bacterial diversity, which was associ-
ated with clinical outcome (39). In addition, F/B ratio has been linked with obesity;
however, this is still controversial (40, 41).

While most gut dysbiosis indexes are based on the bacterial community, Sokol et al.
(42) defined the index as the abundance ratio between the two fungal phyla
Basidiomycota and Ascomycota, since these two phyla showed differential abundances
across phenotypes classified as IBD, IBD with flare (IBDf), IBD in remission (IBDr), and
healthy controls. These two fungal phyla additionally exhibited a strong inverse corre-
lation to each other (index 2.9). The index distinctly separated samples originating
from different phenotypes, as healthy subjects scored significantly lower values than
IBD, IBDf, and IBDr subjects and IBDf subjects scored significantly higher values than
IBDr subjects.

Category 3: neighborhood classification. Neighborhood classification is a way
to quantify the deviation of samples from a reference sample set based on the mi-
crobial composition assessed with the distance or dissimilarity matrices. Hence, it
has been used as a measurement of microbial dysbiosis in given individuals com-
pared to a population of healthy controls. By its application, Lloyd-Price et al. (43)
defined a dysbiosis score as the median value of Bray-Curtis dissimilarity between
the test sample and a healthy reference population (non-IBD metagenomes) (index
3.1). This index was developed from either the taxonomic or the metabolomic com-
position of a sample with the computational tools MetaPhlAn2 and HUMANN2,
respectively (44, 45). The tools include internal normalization to the total pool of
taxa or metabolites. To determine whether a sample was dysbiotic, a threshold was
defined as the 90th percentile of the dysbiosis score in the non-IBD samples. Hence,
the median distance value of a test sample above the threshold indicates dysbiosis.
This dysbiosis index was observed to distribute differently across disease pheno-
types (non-IBD, UC, and CD).

In a more complicated way, AlShawagfeh et al. (46) introduced a dysbiosis index for
dogs with chronic inflammatory enteropathy (CE) (index 3.2), defined as

(Euclidean distance between the test sample and the healthy class centroid) —

(Euclidean distance between the test sample and the diseased class centroid)

Thus, the index expresses the difference between the distances to the average
healthy and diseased populations for a given microbiota sample. To be disease specific,
the Euclidean distance was calculated based on quantification by quantitative PCR
(gPCR) of seven carefully selected taxa that were shown to be significantly correlated
with CE. An index of zero indicated that the sample had an equal distance to the center
of both (healthy and diseased) populations. An index above zero designated deviation
from the normal healthy state. This index achieved 74% sensitivity and 95% specificity
for separation of healthy and CE dogs. Due to this good performance, numerous
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following studies utilized this index to quantify microbial dysbiosis for dogs or cats
with CE (47, 48), response to food (49, 50), anthelmintic treatment (51), FMT (52), and
alterations after intensive physical activity (53).

Montassier et al. (54) introduced a test named “CLOUD” to look for outliers within
a given set of microbiota samples. Although the test was not directly intended to be
a measure of dysbiosis, the log,-transformed CLOUD statistic was used as a dysbiosis
score (55) (index 3.3). The normalization of taxon abundances depends on the dis-
tance matrix used to determine the CLOUD statistic. Here, normalization based on
geometric means of pairwise ratios (GMPR) was used (56). A sample was considered
dysbiotic if the CLOUD distance between the test sample and the healthy reference
set was more than two standard deviations (SD) larger than the CLOUD distance
mean within the healthy reference set. The CLOUD is a nonparametric test and makes
no assumptions about the distribution of the reference sample set; thus, it may prove
useful to identify less healthy microbial signatures under different conditions, dis-
eases compared to healthy controls, or assessment of the restoration of microbiota
following FMT.

Category 4: random forest prediction. The output from the machine learning
algorithm random forest (out-of-bag probability, an internal estimation of prediction
performance for samples left out of the bootstrap), fed with microbiota data from
patients suffering from small intestinal bacterial overgrowth (SIBO) and healthy con-
trols, has been suggested as a dysbiosis index (designated “symptom index”) (55)
(index 4). This index was based on the operational taxonomic unit (OTU) abundances
normalized by GMPR (56). This index ranges from 0 to 1, where values approaching 1
indicate high likelihood of the gut microbiota coming from symptomatic patients. The
index successfully differentiated patients with SIBO from healthy controls (AUC, 0.896).
Additionally, the index was observed to be associated with specific patient characteris-
tics, such as age and antibiotics use.

Category 5: combined alpha and beta diversity. Alpha and beta diversity have
routinely been used in sequencing-based microbiota studies and provide a general
description of microbial communities. Alpha diversity, applied for describing the
amount of unique taxa (richness) and their distribution (evenness) within a microbial
community, is often considered a biomarker of health, since a low gut bacterial alpha
diversity in adults is known to be associated with risk markers related to metabolic
health (57, 58). Beta diversity, used for assessing differences in microbial community
composition between individuals, is also commonly applied to assess differences
between patients and healthy controls. Recently, a study combined alpha (Shannon
index) and beta diversity (Jensen Shannon divergence, or JSD) and created a dysbiosis
index for patients with Clostridioides difficile treated with FMT (1). The dysbiosis index
of a sample (index 5) was defined as

(average difference in Shannon index between the test sample and each of the donors) X

(average JSD between the test sample and each of the donors)

This index generally ranged from 0 to 5. Healthy controls usually have an index
between 0 and 1, and patients with dysbiosis have index values larger than 1. This
index achieved an AUC of 0.922 at differentiating pre-FMT samples from post-FMT
samples.

APPLICATIONS OF DYSBIOSIS INDEXES

Here, we reviewed existing methods to determine and quantify dysbiosis, including
large-scale bacterial marker profiling, relevant taxon-based methods, neighborhood
classification, random forest prediction, and combined alpha and beta diversity. These
approaches all successfully captured the differences between microbiota related to
specific conditions of disease or intervention and those present in healthy patients or
at baseline (before an intervention).
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The large-scale bacterial marker profiling measures a large group of bacterial
markers to assess the divergence of a sample from the healthy controls. The GA-map
dysbiosis test was specifically designed to diagnose IBD and IBS and has been widely
used. However, confounding factors, such as obesity, need to be considered when
using this test to avoid misleading conclusions (24). The indexes 1.2 and 1.3 represent
modifications of the GA-map dysbiosis test and show the potential to reformulate the
basic GA-map dysbiosis test scores for specific purposes.

The relevant taxon-based methods were also developed to be disease specific.
Because the relevant taxa can be readily identified under any deviating conditions,
they can easily be adapted to different diseases or conditions. Relevant taxon-based
methods are convenient dysbiosis index alternatives when next-generation sequenc-
ing data are available, such as 16S rRNA gene amplicon sequences or shotgun metage-
nomic sequences. While the relevant taxon-based dysbiosis index 2.1 was developed
in a large sample set, subsequently validated in a different cohort of patients with CD,
and prevalently used in other studies, the remaining indexes were much less validated
and often developed and utilized to explain the same data set upon which they were
based. Thus, the specifically chosen relevant taxa may not be valid in other studies due
to the differences in sequencing techniques, statistical analysis, individual differences,
and confounding factors.

The neighborhood classification methods utilize distance or dissimilarity matrices to
quantify if a test sample is significantly different from a set of healthy controls. Index
3.1 is a simple way of using the distance matrices by subjectively choosing a threshold
of distance to distinguish between dysbiotic and nondysbiotic samples. Index 3.2
assesses the closeness of a test sample to the groups of diseased and healthy samples,
respectively, in a more complicated way. Because the distance matrix is based on
seven carefully selected taxa, index 3.2 is restricted to the disease CE, but generalizing
this approach to other conditions remains a possibility. Index 3.3 is a robust, nonpara-
metric outlier test, which makes it an appropriate index for many different conditions.

Random forest is a popular choice for researchers that use machine learning techni-
ques for large and complex biological data sets (59), such as gut microbiota sequence
data. Index 4 uses the original out-of-bag probability from random forest as the dys-
biosis index to quantify the similarity between a test sample and the dysbiotic samples.
This index is not restricted to a specific disease and can be used to differentiate dysbi-
otic samples from healthy controls. However, index 4 basically is the same as a binary
classification of samples by random forest and does not provide much additional infor-
mation, although the continuous index value potentially can be correlated with clinical
characteristics (55).

The combined alpha and beta diversity takes advantage of the commonly used
alpha and beta diversity and quantifies the difference between samples originating
from patients and from donors of FMT. More validations are needed, because the defi-
nitions of dysbiosis and nondysbiosis are not clearly defined in the study.

CONCLUSIONS

Several dysbiosis indexes have been successfully applied to characterize the gut
microbiota in patients with different diseases or conditions. They may have important
applications in the context of given diseases and treatments.

However, it is important to emphasize that the existence of dysbiosis as measured
by a specific index does not imply that the dysbiosis is in any way causal to the given
disease. In fact, the altered microbiota characterizing a given disease or intervention
often results from alterations in factors such as diet, medication, oxygen availability, or
immune reactions (14, 60-63), in which case a dysbiosis index is applicable as a diag-
nostic marker but not necessarily as a predictor. Difficulties in inferring general princi-
ples for the assessment of dysbiosis are, to a large extent, attributed to the huge varia-
tion between healthy individuals, leading to a lack of a clear definition of a “normal”
gut microbiota. In fact, the existence of a balance of the microbiota that can suddenly
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tip over remains to be proven and is highly debated (12). It is important to note that
dysbiosis indexes are not standalone measurements and have to be interpreted in the
context of the clinical findings. Nevertheless, the value of dysbiosis indexes as sim-
ple tools to describe complex differences between intestinal microbial communities
remains.

ACKNOWLEDGMENTS
This study was carried out under the Centre for Fecal Microbiota Transplantation at
Aarhus University Hospital (CEFTA), funded by the Innovation Fund Denmark (grant no.
8056-00006B).
T.R.L. conceived of the study. S.W. wrote the manuscript. T.R.L., M.l.B., S.M.D.B., and
C.L.H. reviewed and edited the manuscript. All authors approved the final manuscript.

We declare that we have no conflicts of interest.

REFERENCES

1.

June 2021

Santiago M, Eysenbach L, Allegretti J, Aroniadis O, Brandt L, Fischer M,
Grinspan A, Kelly C, Morrow C, Rodriguez M, Osman M, Kassam Z,
Smith M, Timberlake S. 2019. Microbiome predictors of dysbiosis and
VRE decolonization in patients with recurrent C. difficile infections in a
multi-center retrospective study. AIMS Microbiol 5:1-18. https://doi
.0rg/10.3934/microbiol.2019.1.1.

. Ley RE, Turnbaugh PJ, Klein S, Gordon JI. 2006. Microbial ecology: human

gut microbes associated with obesity. Nature 444:1022-1023. https://doi
.org/10.1038/4441022a.

. Forslund K, Hildebrand F, Nielsen T, Falony G, Le Chatelier E, Sunagawa S,

Prifti E, Vieira-Silva S, Gudmundsdottir V, Pedersen HK, Arumugam M,
Kristiansen K, Voigt AY, Vestergaard H, Hercog R, Costea PI, Kultima JR, Li
J, Jorgensen T, Levenez F, Dore J, Nielsen HB, Brunak S, Raes J, Hansen T,
Wang J, Ehrlich SD, Bork P, Pedersen O, MetaHIT Consortium. 2015. Disen-
tangling type 2 diabetes and metformin treatment signatures in the
human gut microbiota. Nature 528:262-266. https://doi.org/10.1038/
nature15766.

. Manichanh C, Borruel N, Casellas F, Guarner F. 2012. The gut microbiota

in IBD. Nat Rev Gastroenterol Hepatol 9:599-608. https://doi.org/10.1038/
nrgastro.2012.152.

. Nakatsu G, Li X, Zhou H, Sheng J, Wong SH, Wu WKK, Ng SC, Tsoi H, Dong

Y, Zhang N, He Y, Kang Q, Cao L, Wang K, Zhang J, Liang Q, Yu J, Sung JJY.
2015. Gut mucosal microbiome across stages of colorectal carcinogenesis.
Nat Commun 6:30-32. https://doi.org/10.1038/ncomms9727.

. Wang J, Wang Y, Zhang X, Liu J, Zhang Q, Zhao Y, Peng J, Feng Q, Dai J,

Sun S, Zhao Y, Zhao L, Zhang Y, Hu Y, Zhang M. 2017. Gut microbial dys-
biosis is associated with altered hepatic functions and serum metabolites
in chronic hepatitis B patients. Front Microbiol 8:2222. https://doi.org/10
.3389/fmicb.2017.02222.

. Jorgensen SF, Treseid M, Kummen M, Anmarkrud JA, Michelsen AE, Osnes

LT, Holm K, Hgivik ML, Rashidi A, Dahl CP, Vesterhus M, Halvorsen B, Mollnes
TE, Berge RK, Moum B, Lundin KEA, Fevang B, Ueland T, Karlsen TH, Aukrust
P, Hov JR. 2016. Altered gut microbiota profile in common variable immuno-
deficiency associates with levels of lipopolysaccharide and markers of sys-
temic immune activation. Mucosal Immunol 9:1455-1465. https://doi.org/10
.1038/mi.2016.18.

. ShenY, Xu J, Li Z, Huang Y, Yuan Y, Wang J, Zhang M, Hu S, Liang Y. 2018.

Analysis of gut microbiota diversity and auxiliary diagnosis as a biomarker
in patients with schizophrenia: a cross-sectional study. Schizophr Res
197:470-477. https://doi.org/10.1016/j.schres.2018.01.002.

. Huang S, Li R, Zeng X, He T, Zhao H, Chang A, Bo C, Chen J, Yang F, Knight

R, Liu J, Davis C, Xu J. 2014. Predictive modeling of gingivitis severity and
susceptibility via oral microbiota. ISME J 8:1768-1780. https://doi.org/10
.1038/ismej.2014.32.

. Kim YJ, Choi YS, Baek KJ, Yoon SH, Park HK, Choi Y. 2016. Mucosal and sali-

vary microbiota associated with recurrent aphthous stomatitis. BMC
Microbiol 16:1-10. https://doi.org/10.1186/512866-016-0673-z.

. Soares RC, Camargo-Penna PH, De Moraes VCS, De Vecchi R, Clavaud C,

Breton L, Braz ASK, Paulino LC. 2016. Dysbiotic bacterial and fungal com-
munities not restricted to clinically affected skin sites in dandruff. Front
Cell Infect Microbiol 6:157. https://doi.org/10.3389/fcimb.2016.00157.

. Olesen SW, Alm EJ. 2016. Dysbiosis is not an answer. Nat Microbiol

1:16228. https://doi.org/10.1038/nmicrobiol.2016.228.

Volume 87 Issue 11 e00395-21

20.

21.

22.

23.

24,

. Farup PG, Aasbrenn M, Valeur J. 2018. Separating “good” from “bad” fae-

cal dysbiosis—evidence from two cross-sectional studies. BMC Obes 5:30.
https://doi.org/10.1186/540608-018-0207-3.

. Falony G, Joossens M, Vieira-Silva S, Wang J, Darzi Y, Faust K, Kurilshikov A,

Bonder MJ, Valles-Colomer M, Vandeputte D, Tito RY, Chaffron S, Rymenans
L, Verspecht C, De Sutter L, Lima-Mendez G, D'hoe K, Jonckheere K, Homola
D, Garcia R, Tigchelaar EF, Eeckhaudt L, Fu J, Henckaerts L, Zhernakova A,
Wijmenga C, Raes J. 2016. Population-level analysis of gut microbiome vari-
ation. Science 352:560-564. https://doi.org/10.1126/science.aad3503.

. Sarangi AN, Goel A, Aggarwal R. 2019. Methods for studying gut micro-

biota: a primer for physicians. J Clin Exp Hepatol 9:62-73. https://doi.org/
10.1016/j.jceh.2018.04.016.

. Casén C, Vebg HC, Sekelja M, Hegge FT, Karlsson MK, Ciemniejewska E,

Dzankovic S, Frgyland C, Nestestog R, Engstrand L, Munkholm P, Nielsen
OH, Rogler G, Simrén M, Ohman L, Vatn MH, Rudi K. 2015. Deviations in
human gut microbiota: a novel diagnostic test for determining dysbiosis
in patients with IBS or IBD. Aliment Pharmacol Ther 42:71-83. https://doi
.org/10.1111/apt.13236.

. El-Salhy M, Hausken T, Hatlebakk JG. 2019. Increasing the dose and/or

repeating faecal microbiota transplantation (FMT) increases the response
in patients with irritable bowel syndrome (IBS). Nutrients 11:1415. https://
doi.org/10.3390/nu11061415.

. El-Salhy M, Hatlebakk JG, Gilja OH, Brathen Kristoffersen A, Hausken T.

2019. Efficacy of faecal microbiota transplantation for patients with irrita-
ble bowel syndrome in a randomised, double-blind, placebo-controlled
study. Gut 69:859-867. https://doi.org/10.1136/gutjnl-2019-319630.

. Mazzawi T, Lied GA, Sangnes DA, El-Salhy M, Hov JR, Gilja OH, Hatlebakk

JG, Hausken T. 2018. The kinetics of gut microbial community composi-
tion in patients with irritable bowel syndrome following fecal micro-
biota transplantation. PLoS One 13:e0194904-17. https://doi.org/10
.1371/journal.pone.0194904.

Bennet SMP, Béhn L, Storsrud S, Liljebo T, Collin L, Lindfors P, Tornblom H,
Ohman L, Simrén M. 2018. Multivariate modelling of faecal bacterial pro-
files of patients with IBS predicts responsiveness to a diet low in FODMAPs.
Gut 67:872-881. https://doi.org/10.1136/gutjnl-2016-313128.

Hustoft TN, Hausken T, Ystad SO, Valeur J, Brokstad K, Hatlebakk JG, Lied
GA. 2017. Effects of varying dietary content of fermentable short-chain
carbohydrates on symptoms, fecal microenvironment, and cytokine pro-
files in patients with irritable bowel syndrome. Neurogastroenterol Motil
29:212969. https://doi.org/10.1111/nmo.12969.

Valeur J, Smastuen MC, Knudsen T, Lied GA, Reseth AG. 2018. Exploring
gut microbiota composition as an indicator of clinical response to dietary
FODMARP restriction in patients with irritable bowel syndrome. Dig Dis Sci
63:429-436. https://doi.org/10.1007/510620-017-4893-3.

Magnusson MK, Strid H, Sapnara M, Lasson A, Bajor A, Ung KA, Ohman L.
2016. Anti-TNF therapy response in patients with ulcerative colitis is associ-
ated with colonic antimicrobial peptide expression and microbiota compo-
sition. J Crohns Colitis 10:943-952. https://doi.org/10.1093/ecco-jcc/jjw051.
Aasbrenn M, Valeur J, Farup PG. 2018. Evaluation of a faecal dysbiosis test
for irritable bowel syndrome in subjects with and without obesity. Scand
J Clin Lab Invest 78:109-113. https://doi.org/10.1080/00365513.2017
.1419372.

aem.asm.org 11


https://doi.org/10.3934/microbiol.2019.1.1
https://doi.org/10.3934/microbiol.2019.1.1
https://doi.org/10.1038/4441022a
https://doi.org/10.1038/4441022a
https://doi.org/10.1038/nature15766
https://doi.org/10.1038/nature15766
https://doi.org/10.1038/nrgastro.2012.152
https://doi.org/10.1038/nrgastro.2012.152
https://doi.org/10.1038/ncomms9727
https://doi.org/10.3389/fmicb.2017.02222
https://doi.org/10.3389/fmicb.2017.02222
https://doi.org/10.1038/mi.2016.18
https://doi.org/10.1038/mi.2016.18
https://doi.org/10.1016/j.schres.2018.01.002
https://doi.org/10.1038/ismej.2014.32
https://doi.org/10.1038/ismej.2014.32
https://doi.org/10.1186/s12866-016-0673-z
https://doi.org/10.3389/fcimb.2016.00157
https://doi.org/10.1038/nmicrobiol.2016.228
https://doi.org/10.1186/s40608-018-0207-3
https://doi.org/10.1126/science.aad3503
https://doi.org/10.1016/j.jceh.2018.04.016
https://doi.org/10.1016/j.jceh.2018.04.016
https://doi.org/10.1111/apt.13236
https://doi.org/10.1111/apt.13236
https://doi.org/10.3390/nu11061415
https://doi.org/10.3390/nu11061415
https://doi.org/10.1136/gutjnl-2019-319630
https://doi.org/10.1371/journal.pone.0194904
https://doi.org/10.1371/journal.pone.0194904
https://doi.org/10.1136/gutjnl-2016-313128
https://doi.org/10.1111/nmo.12969
https://doi.org/10.1007/s10620-017-4893-3
https://doi.org/10.1093/ecco-jcc/jjw051
https://doi.org/10.1080/00365513.2017.1419372
https://doi.org/10.1080/00365513.2017.1419372
https://aem.asm.org

Minireview

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

June 2021

Farup PG, Valeur J. 2020. Changes in faecal short-chain fatty acids after
weight-loss interventions in subjects with morbid obesity. Nutrients
12:802-814. https://doi.org/10.3390/nu12030802.

Farup PG, Lydersen S, Valeur J. 2019. Are nonnutritive sweeteners obeso-
genic? Associations between diet, faecal microbiota, and short-chain fatty
acids in morbidly obese subjects. J Obes 2019:4608315-4608326. https://
doi.org/10.1155/2019/4608315.

MandI T, Marsal J, Olsson P, Ohlsson B, Andréasson K. 2017. Severe intesti-
nal dysbiosis is prevalent in primary Sjogren’s syndrome and is associated
with systemic disease activity. Arthritis Res Ther 19:237. https://doi.org/10
.1186/513075-017-1446-2.

Ferrannini E. 2014. The target of metformin in type 2 diabetes. N Engl J
Med 371:1547-1548. https://doi.org/10.1056/NEJMcibr1409796.

Desilets AR, Dhakal-Karki S, Dunican KC. 2008. Role of metformin for
weight management in patients without type 2 diabetes. Ann Pharmac-
other 42:817-826. https://doi.org/10.1345/aph.1K656.

Suez J, Korem T, Zeevi D, Zilberman-Schapira G, Thaiss CA, Maza O, Israeli
D, Zmora N, Gilad S, Weinberger A, Kuperman Y, Harmelin A, Kolodkin-
Gal |, Shapiro H, Halpern Z, Segal E, Elinav E. 2014. Artificial sweeteners
induce glucose intolerance by altering the gut microbiota. Nature
514:181-186. https://doi.org/10.1038/nature13793.

Thorsen J, Brejnrod A, Mortensen M, Rasmussen MA, Stokholm J, Al-Soud
WA, Serensen S, Bisgaard H, Waage J. 2016. Large-scale benchmarking
reveals false discoveries and count transformation sensitivity in 16S rRNA
gene amplicon data analysis methods used in microbiome studies. Micro-
biome 4:62. https://doi.org/10.1186/540168-016-0208-8.

Gevers D, Kugathasan S, Denson LA, Vazquez-Baeza Y, Van Treuren W,
Ren B, Schwager E, Knights D, Song SJ, Yassour M, Morgan XC, Kostic AD,
Luo C, Gonzélez A, McDonald D, Haberman Y, Walters T, Baker S, Rosh J,
Stephens M, Heyman M, Markowitz J, Baldassano R, Griffiths A, Sylvester
F, Mack D, Kim S, Crandall W, Hyams J, Huttenhower C, Knight R, Xavier
RJ. 2014. The treatment-naive microbiome in new-onset Crohn’s disease.
Cell Host Microbe 15:382-392. https://doi.org/10.1016/j.chom.2014.02
.005.

Khor B, Gardet A, Xavier RJ. 2011. Genetics and pathogenesis of inflam-
matory bowel disease. Nature 474:307-317. https://doi.org/10.1038/
nature10209.

Bajaj JS, Heuman DM, Hylemon PB, Sanyal AJ, White MB, Monteith P,
Noble NA, Unser AB, Daita K, Fisher AR, Sikaroodi M, Gillevet PM. 2014.
Altered profile of human gut microbiome is associated with cirrhosis and
its complications. J Hepatol 60:940-947. https://doi.org/10.1016/j.jhep
.2013.12.019.

Xia GH, You C, Gao XX, Zeng XL, Zhu JJ, Xu KY, Tan CH, Xu RT, Wu QH,
Zhou HW, He Y, Yin J. 2019. Stroke dysbiosis index (SDI) in gut micro-
biome are associated with brain injury and prognosis of stroke. Front
Neurol 10:397. https://doi.org/10.3389/fneur.2019.00397.

Guo Z, Zhang J, Wang Z, Ang KY, Huang S, Hou Q, Su X, Qiao J, Zheng
Y, Wang L, Koh E, Danliang H, Xu J, Lee YK, Zhang H. 2016. Intestinal
microbiota distinguish gout patients from healthy humans. Sci Rep
6:20602-20610. https://doi.org/10.1038/srep20602.

Jeffery 1B, O'Toole PW, Ohman L, Claesson MJ, Deane J, Quigley EMM,
Simrén M. 2012. An irritable bowel syndrome subtype defined by species-
specific alterations in faecal microbiota. Gut 61:997-1006. https://doi.org/
10.1136/gutjnl-2011-301501.

Liu Y, Jin Y, Li J, Zhao L, Li Z, Xu J, Zhao F, Feng J, Chen H, Fang C,
Shilpakar R, Wei Y. 2018. Small bowel transit and altered gut microbiota
in patients with liver cirrhosis. Front Physiol 9:470. https://doi.org/10
.3389/fphys.2018.00470.

Mayerhofer CCK, Kummen M, Holm K, Broch K, Awoyemi A, Vestad B,
Storm-Larsen C, Seljeflot I, Ueland T, Bohov P, Berge RK, Svardal A,
Gullestad L, Yndestad A, Aukrust P, Hov JR, Tr@seid M. 2020. Low fibre
intake is associated with gut microbiota alterations in chronic heart fail-
ure. ESC Hear Fail 7:456-466. https://doi.org/10.1002/ehf2.12596.

Sze MA, Schloss PD. 2016. Looking for a signal in the noise: revisiting obe-
sity and the microbiome. mBio 7:e01018-16. https://doi.org/10.1128/mBio
.01018-16.

Castaner O, Goday A, Park YM, Lee SH, Magkos F, Shiow SATE, Schroder H.
2018. The gut microbiome profile in obesity: a systematic review. Int J
Endocrinol 2018:1-9. https://doi.org/10.1155/2018/4095789.

Sokol H, Leducq V, Aschard H, Pham H, Jegou S, Landman C, Cohen D,
Liguori G, Bourrier A, Nion-Larmurier I, Cosnes J, Seksik P, Langella P,
Skurnik D, Richard ML, Beaugerie L. 2017. Fungal microbiota dysbiosis in
IBD. Gut 66:1039-1048. https://doi.org/10.1136/gutjnl-2015-310746.
€00395-21

Volume 87 Issue 11

43.

44,

45.

46.

47.

48.

49.

50.

5

52.

53.

54.

55.

56.

57.

Applied and Environmental Microbiology

Lloyd-Price J, Arze C, Ananthakrishnan AN, Schirmer M, Avila-Pacheco J,
Poon TW, Andrews E, Ajami NJ, Bonham KS, Brislawn CJ, Casero D, Courtney
H, Gonzalez A, Graeber TG, Hall AB, Lake K, Landers CJ, Mallick H, Plichta DR,
Prasad M, Rahnavard G, Sauk J, Shungin D, Vazquez-Baeza Y, White RA,
Bishai J, Bullock K, Deik A, Dennis C, Kaplan JL, Khalili H, Mclver LJ, Moran CJ,
Nguyen L, Pierce KA, Schwager R, Sirota-Madi A, Stevens BW, Tan W, ten
Hoeve JJ, Weingart G, Wilson RG, Yajnik V, Braun J, Denson LA, Jansson JK,
Knight R, Kugathasan S, McGovern DPB, Petrosino JF, Stappenbeck TS,
Winter HS, IBDMDB Investigators. 2019. Multi-omics of the gut microbial eco-
system in inflammatory bowel diseases. Nature 569:655-662. https://doi
.0rg/10.1038/s41586-019-1237-9.

Truong DT, Franzosa EA, Tickle TL, Scholz M, Weingart G, Pasolli E, Tett A,
Huttenhower C, Segata N. 2015. MetaPhlAn2 for enhanced metagenomic
taxonomic profiling. Nat Methods 12:902-903. https://doi.org/10.1038/
nmeth.3589.

Franzosa EA, Mclver LJ, Rahnavard G, Thompson LR, Schirmer M,
Weingart G, Lipson KS, Knight R, Caporaso JG, Segata N, Huttenhower C.
2018. Species-level functional profiling of metagenomes and metatran-
scriptomes. Nat Methods 15:962-968. https://doi.org/10.1038/s41592-018
-0176-y.

AlShawagfeh MK, Wajid B, Minamoto Y, Markel M, Lidbury JA, Steiner JM,
Serpedin E, Suchodolski JS. 2017. A dysbiosis index to assess microbial
changes in fecal samples of dogs with chronic inflammatory enteropathy.
FEMS Microbiol Ecol 93:1-8. https://doi.org/10.1093/femsec/fix136.
Whittemore JC, Stokes JE, Price JM, Suchodolski JS. 2019. Effects of a syn-
biotic on the fecal microbiome and metabolomic profiles of healthy
research cats administered clindamycin: a randomized, controlled
trial. Gut Microbes 10:521-539. https://doi.org/10.1080/19490976
.2018.1560754.

Blake AB, Guard BC, Honneffer JB, Lidbury JA, Steiner JM, Suchodolski JS.
2019. Altered microbiota, fecal lactate, and fecal bile acids in dogs with
gastrointestinal disease. PLoS One 14:e0224454. https://doi.org/10.1371/
journal.pone.0224454.

Schmidt M, Unterer S, Suchodolski JS, Honneffer JB, Guard BC, Lidbury JA,
Steiner JM, Fritz J, Kolle P. 2018. The fecal microbiome and metabolome
differs between dogs fed bones and raw food (BARF) diets and dogs fed
commercial diets. PLoS One 13:0201279. https://doi.org/10.1371/journal
.pone.0201279.

Rossi G, Cerquetella M, Gavazza A, Galosi L, Berardi S, Mangiaterra S, Mari
S, Suchodolski JS, Lidbury JA, Steiner JM, Pengo G. 2020. Rapid resolution
of large bowel diarrhea after the administration of a combination of a
high-fiber diet and a probiotic mixture in 30 dogs. Vet Sci 7:21. https://doi
.org/10.3390/vetsci7010021.

. Fujishiro MA, Lidbury JA, Pilla R, Steiner JM, Lappin MR, Suchodolski JS.

2020. Evaluation of the effects of anthelmintic administration on the fecal
microbiome of healthy dogs with and without subclinical Giardia spp.
and Cryptosporidium canis infections. PLoS One 15:€0228145. https://doi
.0rg/10.1371/journal.pone.0228145.

Chaitman J, Ziese A-L, Pilla R, Minamoto Y, Blake AB, Guard BC, Isaiah A,
Lidbury JA, Steiner JM, Unterer S, Suchodolski JS. 2020. Fecal microbial
and metabolic profiles in dogs with acute diarrhea receiving either fecal
microbiota transplantation or oral metronidazole. Front Vet Sci 7:192.
https://doi.org/10.3389/fvets.2020.00192.

Tysnes KR, Angell IL, Fjellanger |, Larsen SD, Sefteland SR, Robertson LJ,
Skancke E, Rudi K. 2020. Pre- and post-race intestinal microbiota in long-
distance sled dogs and associations with performance. Animals 10:204.
https://doi.org/10.3390/ani10020204.

Montassier E, Al-Ghalith GA, Hillmann B, Viskocil K, Kabage AJ, McKinlay
CE, Sadowsky MJ, Khoruts A, Knights D. 2018. CLOUD: a non-parametric
detection test for microbiome outliers. Microbiome 6:137. https://doi.org/
10.1186/540168-018-0514-4.

Saffouri GB, Shields-Cutler RR, Chen J, Yang Y, Lekatz HR, Hale VL, Cho JM,
Battaglioli EJ, Bhattarai Y, Thompson KJ, Kalari KK, Behera G, Berry JC,
Peters SA, Patel R, Schuetz AN, Faith JJ, Camilleri M, Sonnenburg JL,
Farrugia G, Swann JR, Grover M, Knights D, Kashyap PC. 2019. Small intes-
tinal microbial dysbiosis underlies symptoms associated with functional
gastrointestinal disorders. Nat Commun 10:2012. https://doi.org/10.1038/
s41467-019-09964-7.

Chen L, Reeve J, Zhang L, Huang S, Wang X, Chen J. 2018. GMPR: a robust
normalization method for zero-inflated count data with application to
microbiome sequencing data. Peer) 6:¢4600. https://doi.org/10.7717/
peerj.4600.

Brahe LK, Le Chatelier E, Prifti E, Pons N, Kennedy S, Blaedel T, Hakansson
J, Dalsgaard TK, Hansen T, Pedersen O, Astrup A, Ehrlich SD, Larsen LH.

aem.asm.org 12


https://doi.org/10.3390/nu12030802
https://doi.org/10.1155/2019/4608315
https://doi.org/10.1155/2019/4608315
https://doi.org/10.1186/s13075-017-1446-2
https://doi.org/10.1186/s13075-017-1446-2
https://doi.org/10.1056/NEJMcibr1409796
https://doi.org/10.1345/aph.1K656
https://doi.org/10.1038/nature13793
https://doi.org/10.1186/s40168-016-0208-8
https://doi.org/10.1016/j.chom.2014.02.005
https://doi.org/10.1016/j.chom.2014.02.005
https://doi.org/10.1038/nature10209
https://doi.org/10.1038/nature10209
https://doi.org/10.1016/j.jhep.2013.12.019
https://doi.org/10.1016/j.jhep.2013.12.019
https://doi.org/10.3389/fneur.2019.00397
https://doi.org/10.1038/srep20602
https://doi.org/10.1136/gutjnl-2011-301501
https://doi.org/10.1136/gutjnl-2011-301501
https://doi.org/10.3389/fphys.2018.00470
https://doi.org/10.3389/fphys.2018.00470
https://doi.org/10.1002/ehf2.12596
https://doi.org/10.1128/mBio.01018-16
https://doi.org/10.1128/mBio.01018-16
https://doi.org/10.1155/2018/4095789
https://doi.org/10.1136/gutjnl-2015-310746
https://doi.org/10.1038/s41586-019-1237-9
https://doi.org/10.1038/s41586-019-1237-9
https://doi.org/10.1038/nmeth.3589
https://doi.org/10.1038/nmeth.3589
https://doi.org/10.1038/s41592-018-0176-y
https://doi.org/10.1038/s41592-018-0176-y
https://doi.org/10.1093/femsec/fix136
https://doi.org/10.1080/19490976.2018.1560754
https://doi.org/10.1080/19490976.2018.1560754
https://doi.org/10.1371/journal.pone.0224454
https://doi.org/10.1371/journal.pone.0224454
https://doi.org/10.1371/journal.pone.0201279
https://doi.org/10.1371/journal.pone.0201279
https://doi.org/10.3390/vetsci7010021
https://doi.org/10.3390/vetsci7010021
https://doi.org/10.1371/journal.pone.0228145
https://doi.org/10.1371/journal.pone.0228145
https://doi.org/10.3389/fvets.2020.00192
https://doi.org/10.3390/ani10020204
https://doi.org/10.1186/s40168-018-0514-4
https://doi.org/10.1186/s40168-018-0514-4
https://doi.org/10.1038/s41467-019-09964-7
https://doi.org/10.1038/s41467-019-09964-7
https://doi.org/10.7717/peerj.4600
https://doi.org/10.7717/peerj.4600
https://aem.asm.org

Minireview

58.

59.

60.

June 2021

2015. Dietary modulation of the gut microbiota—a randomised controlled
trial in obese postmenopausal women. Br J Nutr 114:406-417. https://doi
.org/10.1017/S0007114515001786.

Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, Falony G, Aimeida M,
Arumugam M, Batto J-M, Kennedy S, Leonard P, Li J, Burgdorf K, Grarup
N, Jorgensen T, Brandslund |, Nielsen HB, Juncker AS, Bertalan M, Levenez
F, Pons N, Rasmussen S, Sunagawa S, Tap J, Tims S, Zoetendal EG, Brunak
S, Clément K, Doré J, Kleerebezem M, Kristiansen K, Renault P, Sicheritz-
Ponten T, de Vos WM, Zucker J-D, Raes J, Hansen T, Bork P, Wang J,
Ehrlich SD, Pedersen O, MetaHIT Consortium. 2013. Richness of human
gut microbiome correlates with metabolic markers. Nature 500:541-546.
https://doi.org/10.1038/nature12506.

Qi Y. 2012. Random forest for bioinformatics, p 307-323. In Ensemble
machine learning. Springer, New York, NY.

David LA, Maurice CF, Carmody RN, Gootenberg DB, Button JE, Wolfe
BE, Ling AV, Devlin AS, Varma Y, Fischbach MA, Biddinger SB, Dutton

Volume 87 Issue 11 e00395-21

61.

62.

63.

Applied and Environmental Microbiology

RJ, Turnbaugh PJ. 2014. Diet rapidly and reproducibly alters the
human gut microbiome. Nature 505:559-563. https://doi.org/10.1038/
nature12820.

Litvak Y, Byndloss MX, Tsolis RM, Baumler AJ. 2017. Dysbiotic Proteobac-
teria expansion: a microbial signature of epithelial dysfunction. Curr Opin
Microbiol 39:1-6. https://doi.org/10.1016/j.mib.2017.07.003.

Levy M, Kolodziejczyk AA, Thaiss CA, Elinav E. 2017. Dysbiosis and the
immune system. Nat Rev Immunol 17:219-232. https://doi.org/10.1038/
nri.2017.7.

Vich Vila A, Collij V, Sanna S, Sinha T, Imhann F, Bourgonje AR, Mujagic Z,
Jonkers DMAE, Masclee AAM, Fu J, Kurilshikov A, Wijmenga C, Zhernakova
A, Weersma RK. 2020. Impact of commonly used drugs on the composition
and metabolic function of the gut microbiota. Nat Commun 11:1-11.
https://doi.org/10.1038/s41467-019-14177-z.

aem.asm.org 13


https://doi.org/10.1017/S0007114515001786
https://doi.org/10.1017/S0007114515001786
https://doi.org/10.1038/nature12506
https://doi.org/10.1038/nature12820
https://doi.org/10.1038/nature12820
https://doi.org/10.1016/j.mib.2017.07.003
https://doi.org/10.1038/nri.2017.7
https://doi.org/10.1038/nri.2017.7
https://doi.org/10.1038/s41467-019-14177-z
https://aem.asm.org

	ASSESSMENT OF DYSBIOSIS
	TYPES OF DYSBIOSIS INDEXES
	Category 1: large-scale bacterial marker profiling.
	Generalizations and extensions.
	Category 2: relevant taxon-based methods.
	Generalizations, extensions, and variants.
	Category 3: neighborhood classification.
	Category 4: random forest prediction.
	Category 5: combined alpha and beta diversity.

	APPLICATIONS OF DYSBIOSIS INDEXES
	CONCLUSIONS
	ACKNOWLEDGMENTS
	REFERENCES

