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Supplementary Note 1. Additional analysis of four healthy patterns

Relations and differences with enterotypes. It should be emphasized that our definition of the
healthy pattern was different from the previous concept and research on enterotypes, where the driver
taxon analysis typically comes out with a total of three types [1, 2]: ET-B (Bacteroides-driven), ET-P
(Prevotella-driven), and ET-F (Ruminococcus). It was argued that enterotypes could be variated in
geographical regions and correlate with diet/lifestyle/health status, which in term could become an
ambiguous indicator for describing the consistency of community taxa [3]. Different studies may also
come out with partially inconsistent conclusions. For example, a recent inter-continental comparison
study marked Prevotella, Bacteroides, and Bifidobacterium as the key enterotypes [4]. In fact, the
hiPCA will boost the separation of healthy patterns by first eliminating those potentially unhealthy
collections, which in terms could leverage a more distinct stratification of healthy gut community
structures for useful clinical reference in practice. To explore the discriminative ability of four
patterns, we further built the random forest classifier by using 66 species from six main genera as
features and health patterns as labels. As shown in Table S4, the AUC can be over 99% which implies
that there exist significant patterns in the population, and our division is reasonable in pattern
recognition. Interestingly, we found Bifidobacterium contributed primarily to classification
performance, and using the species features was found to perform over 99% of AUC. As a comparison
with enterotype, we first divided enterotypes for 1909 health samples using an enterotype
classification model trained with metaHIT and HMP [2]. A total of 1532 samples looked similar to the
reference dataset and were labeled with ET-P, ET-B, or ET-F. Then the labeled enterotypes were
reused as labels for random forest analysis. It was found that the RF could obtain the AUC over 98%

with genus Bacteroides and Prevotella. After further investigating fine-grained species level, RF could
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achieve AUC over 90% on enterotype classification using Prevotella copri and three Bacteroides

species (B. uniformis, B. vulgatus, and B. stercoris). We could conclude that the discrimination of our

health patterns was mostly driven by Bifidobacterium while the previous enterotypes were mainly

discriminated by Bacteroides and Prevotella.

Regional comparison. To investigate the interregional differences in healthy patterns, regional

factor was considered, including China, Denmark, Israel, Mongolian and Inner Mongolian,

Netherlands, and USA (Figure S1). It was revealed that for USA and China cohorts, both were

dominated by HP3 that exhibited the significant microbial richness of Bacteriodes, we speculate that

both cohorts should be characterized by the western dietary patterns. The Mongolian and Inner

Mongolian cohort was dominated by HP2, and the enriched species were Faecalibacterium

prausnitzii, and Prevotella copri, which was consistent with the previous related study [5]. For Israel

and Netherlands, the HP3 comprised nearly 50% in total, and the other patterns amounted to the rest

half. From the remaining pie regions, HP1 occupied more prevalence over HP2. Despite the lack of

background details and the varying degrees of adherence to the diet pattern among the population, the

Israel is a Mediterranean country, and the traditional Israeli diet is considered to closely fall within the

Mediterranean diet (MedDiet) with various adherence degrees. A recent study showed that the

MedDiet intervention in overweight and obese subjects was linked with the increased abundance of

fiber-degrading Faecalibacterium prausnitzii [6]. In another study [7], it was discovered a stronger

protective association of MedDiet to mitigate cardiometabolic disease risk with a lower abundance of

Prevotella copri. The Netherlands cohort showed putative signatures of adherence to the Israel, but

with more HP1 dominance, implying the potentially great similarity in the dietary pattern.

Relations between HPs and disease. To consider the associations between healthy patterns and
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disease status, we used the RF classifier with two Bifidobaterium species to discriminate the HPs in

the disease population (See Table S5 for details). Undoubtedly, most of the disease patients were

classified into HP3, followed by HP1. Patients were hardly classified into HP2 and HP4. Among all

the disease patients classified into HP1, the morbidity of CA, IGT, and UC were the highest three

ones, while ACVD, SA, and CD were the lowest. The proportion of all patients classified into HP3 in

the total number of patients with their disease is higher than the proportion of healthy people

classified into HP3, and the proportion of ACVD, CD, and RA is even more than 90%. Among

patients classified as HP4, the proportion of SA also increased.

In human studies, it was found that the relative abundance of butyric acid producing bacteria

Faecalibacterium and Clostridium in the IGT patients’ gut would significantly decrease [8]. In our

analysis, HP2 with the lowest probability of IGT development has the highest relative abundance of

Faecalibacterium among the four health patterns, while HP3 with the closest association with IGT has

the lowest relative abundance of Clostridium, which is consistent with the previous research.

Moreover, the occurrence of IGT is considered to be related to biotin metabolism enrichment.

Similarly, our metabolic subsystem statistics also showed the same result that the biotin degradation

ability of HP3 was stronger than that of HP1 and HP4 (Fig. 4) [8]. On the other way, IGT is

considered as the early stage of T2D. In the long term, supplementing the beneficial substrate to

produce butyrate by the gut microbiota of patients with pre-T2D may be a targeted therapy to prevent

or delay the progression of T2D. Previous research used first-degree relatives as comparators for RA

patients and showed an abundance of Eggerthella lenta in patients as compared with relatives [9]. In

our study, we found the similar result that the abundance of Eggerthella lenta in HP3 is the highest of

four health patterns, but almost absent in HP2 and HP4. The obesity can alter the composition and
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structure of the gut microbiota was demonstrated by previous study. The diversity of microbes in the
gut of most obese patients is considered lower than the healthy people [10]. HP3 had the lowest
microbial diversity among the four health patterns, and the proportion of obese patients classified as

HP3 was also the highest.

Supplementary Note 2. The impact of different transformation methods on
sparse data processing on model results

To evaluate the impact of different transformation methods on model results for sparse data, we
applied four types of transformations - logarithmic and square root transformation, logarithmic
transformation, centered log ratio transformation, and minimum abundance threshold transformation -
to our discovery and validation datasets. Specifically, we performed a total of 12 transformations,
including (1) only logarithmic and square root transformations; logarithmic and square root
transformation applied after two different minimum abundance threshold transformations, (2) only
logarithmic transformation; logarithmic transformation applied after two minimum abundance
threshold transformations, (3) only centered log ratio transformation; centered log ratio transformation
applied after two minimum abundance threshold transformations, and (4) only untransformed data;
untransformed data after two minimum abundance threshold transformations.

Based on our observations, we found that the balance accuracy of the models for the first three
transformation types differed slightly, but all performed better than the untransformed data. In terms
of individual data accuracy, the models using data transformed by the first transformation type
showed the most balanced and consistently high accuracy. Furthermore, we observed that there was

no significant difference in model results between data transformed by the minimum abundance
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threshold transformation and untransformed data, indicating that the minimum abundance threshold

transformation may have little impact on our model results. All results are shown in Table S6-17.

Supplementary Note 3. Achieving a balance between predictive
performance and model simplicity by selecting 92 features through the KS
test

KS test was used to select features from the gut microbiota data. Then, the KS statistic for each
feature between the healthy and disease groups, and ranked the features based on the p-values were
calculated. Subsequently, we selected the top 92 features with balanced performance. To ensure
consistency with the previous statement, we assessed the performance of hiPCA with 110 features and
92 features, while considering different transformations such as CLR, and evaluated the results based
on AUC values, as shown in Figure S2. Our findings indicate that the performance of our algorithm is
comparable using either set of features, as there was only a slight difference in the AUC values.
According to Occam’s Razor “Entities should not be multiplied unnecessarily”, we believe that
selecting the top 92 features using the KS test strikes a good balance between dimensionality
reduction and prediction performance, and provides a more parsimonious model with comparable

accuracy to using 110 features.

Supplementary Note 4. Supplementary analysis of individualized inference
revealing disease-specific microbial responses
As previously mentioned, the following both PR-50 and KS-92 contribution plots will be used

for a comprehensive analysis of the remaining eight diseases in the discovery cohort. The overlay bar
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graph over microbial features regarding health and eight diseases are shown in Supplementary Figure
S3-10.

Atherosclerotic Cardiovascular Disease (ACVD) and Symptomatic Atherosclerosis (SA).
Notably, the top species with large contributions driven by PR-50 to the hiPCA index in ACVD were
Atopobium parvulum, Gemella morbillorum, Lactobacillus salivarius, Fusobacterium nucleatum,
Peptostreptococcus stomatis, Solobacterium moorei. The KS-92 driven model further added
Oribacterium sinus, Fusobacterium varium, Scardovia wiggsiae, Streptococcus cristatus, and
Streptococcus tigurinus. Our unsupervised diagnosis results were mostly consistent with [11], where
they used classifiers and found that most of the microorganisms presented in the oral cavity or
oropharyngeal area but were reported higher in patients with ACVD. Another species candidate
division TM7 single-cell isolate TM7c also showed a large contribution, which belonged to
Saccharibacteria (TM7) bacteria and also highly related to the oral cavity [12, 13]. There was
substantial evidence that the oral cavity bacteria could affect the development of ACVD [14]. Apart
from the oral cavity, the gut microbiota could also influence the development of ACVD, including
Subdoligranulum sp., Blautia producta, Granulicatella adiacens, Lachnospiraceae bacterium,
Clostridium spp., and Streptococcus spp. Among them, Subdoligranulum sp. was thought to be
associated with Akkermansia muciniphila and showed positive correlations with healthy status
indicators like HDLC and microbial richness [15]. G. adiacens was reported to cause bacteremia and
endocarditis [16]. O. sinus was positively correlated with blood pressure in ACVD study [11]. F
varium repressed the Reg3 antimicrobial family, which were important players in maintaining barrier
integrity [17]. Lachnospiraceae bacterium was related to the ACVD-depleted butyrate-producing

bacteria [11]. Lastly, for the variety of Streptococcus spp., our result was in line with [18], where they
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also reported a high level abundance in ACVD cases. In general, our findings indicated hiPCA was a

promising inferential engine for ACVD diagnosis. For the SA cohort, the hiPCA cannot easily detect

case samples. However, our diagnostic plot still revealed several key biomarkers, some top ranked

species were shared with ACVD, such as L. salivarius, S. tigurinus, and S. wiggsiae. To this view, we

could speculate that both oral and gut microbiota contribute heavily to the health index of

atherosclerosis, which acted as a strong quantitative evidence to the previous hypothesis that both the

oral and gut microbiota contribute to atherosclerosis in humans [19].

Rheumatoid arthritis (RA). RA is a complex, polygenic, and autoimmune disorder [20]. From the

combined analysis of contribution plots PR-50 and KS-92, we could find that oral and gut microbial

like Atopobium parvulum, Eubacterium infirmum, Granulicatella adiacens, Lactobacillus salivarius,

Scardovia wiggsiae, Streptococcus cristatus showed top contributions to the PCA healthy indexes in

RA populations, and the other microbial like Bifidobacterium dentium, Clostridium spp. and

Lachnospiraceae bacterium added as high contributors, manifesting the oral-gut microbiome axis was

highly associated with the etiology of RA [21-24]. Early review summarized patients with RA were

enriched with Atopobium, and Lactobacillus salivarius, and decreased with Streptococcus [25].

Intriguingly, the Subdoligranulum sp and Subdoligranulum variabile invariably show the difference

between RA and healthy controls, which conforms to another comparative study of immune-mediated

inflammatory diseases [26]. However, our plot has not included Porphyromonas gingivalis, which is

regarded as a keystone pathogen and has a relatively clear mechanism in RA development [21]. In

general, our hiPCA findings were largely in line with the previous study, and more importantly, we

further revealed a comprehensive set of pathogenic microbiomes among the RA population compared

to healthy ones. Our results further demonstrated from the health inference that oral and gut
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microbiomes were perturbed and contributed to the progression in RA [27].

Type 2 diabetes (T2D) and impaired glucose intolerance (IGT). T2D is a metabolic disorder, and

IGT cases are usually clinically regarded as prediabetes. Substantial studies have associated

microbiomes with the pathophysiology of T2D. According to PR-50 and KS-92, almost all species

were found in significantly different abundance levels in patients with T2D compared with healthy

subjects, such result is consistent with a previous study that T2D is not linked to any one specific

species or genus [28]. To name a few, those leading contributors were Fusobacterium varium,

Megasphaera micronuciformis, Blautia producta, Lactobacillus salivarius, Solobacterium moorei,

Clostridium ramosum, Gemella morbillorum, Clostridium ramosum, Peptostreptococcus stomatis,

Lachnospiraceae bacterium, Clostridium clostridioforme, Subdoligranulum sp, Streptococcus

gordonii, etc. Among them, we could judge that the Blautia and Lactobacillus species were widely

reported to be associated with T2D [29]. The study by [30] claimed that S. moorei was prone to be

found in the compromised immunity across all genders and age groups. T2D subjects upon metformin

were found to have higher levels of SCFA-producing bacteria Megasphaera than nondiabetic

individuals [31]. In a recent study [32], patients with T2D were reported to have a varied abundance

of Lachnospiraceae and a decreased abundance of Subdoligranulum. Clostridium species, like C.

ramosum, C. hathewayi, and C. clostridioforme, may all cause bacteraemia and intra-abdominal

infections [33, 34]. However, the key mechanistic resolution still remains unclear whether these

bacteria synergistically or asynchronously play a causal role in T2D [35]. Lastly, by inspecting the

IGT contribution plots, we can find that IGT shared most of the high contributors with T2D, like S.

moorei, B. producta, several Streptococcus species, Clostridium species, and Lachnospiraceae species,

implying the consistent etiology progress and mechanisms. Concomitantly, the KS-92 chart further
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pointed out that the TOP 2 species F. varium and M. micronuciformis in T2D made relatively smaller

contributions in IGT. We could also find here that the K. pneumoniae was not an active contributor in

IGT as in T2D, manifesting that the increased dysregulated immune responses and insulin resistance

from IGT to T2D could also result in the increased level of susceptibility to infections [36].

Obesity (OB), Overweight (OW), and underweight (UW). Overweight is defined by BMI greater

than or equal to 25, while obesity is greater than 30. As a chronic disease, obesity is associated with

various diseases, including cardiovascular diseases, and type 2 diabetes mellitus (T2DM). The human

gut microbiota is always regarded to play a critical role right through the adiposity and glucose

metabolism. With the contribution analysis, one can infer that there were almost identical contribution

spectrums among obesity and overweight populations. The top health contribution panel was

implicated by multiple Lachnospiraceae bacterium, Gemella morbillorum, Peptostreptococcus

stomatis, Granulicatella adiacens, Oribacterium sinus, Megasphaera micronuciformis, Streptococcus

cristatus, Streptococcus tigurinus, Solobacterium moorei, and Atopobium parvulum. Despite as the

main producers of SCFAs, the Lachnospiraceae family was highly associated with dietary pattern [37]

and obesity [38-40], also closely related to the intergenerational transmission of obesity or overweight

(OBOW) [41]. The Clostridium genus like C. ramosum and C. clostridioforme also leveraged a large

contribution to the health index. Previous investigations showed that C. ramosum could promote

high-fat diet-induced obesity in gnotobiotic mice models [42]. In a Danish cohort study, C.

clostridioforme was associated with the low community diversity that is more frequently obese [43],

and then found in a randomized controlled trial in a Canadian children study with OBOW subjects to

decrease significantly after the prebiotic intervention [44]. Apart from that, analysis of the hiPCA

contribution chart further indicated that the oral bacteria contribute a large proportion to the
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development of obesity. For example, Megasphaera was among the key oral bacterial taxa associated
with OBOW and Oribacterium was another key oral microbe that may be co-occurred with
tryptophan biosynthesis [45]. In a MedDiet Intervention study in OWOB subjects, S. cristatus was
observed with increased levels and was regarded to inhibit virulence gene expression in
periodontopathogenic bacteria P. gingivalis [46]. Generally, to explain the possible mechanism of oral
bacteria to obesity, early researchers made three hypotheses, namely through increasing metabolic
efficiency, increasing appetite, and redirecting energy metabolism [47]. Both oral and gut bacteria
contributed to obesity, but the cross talks between oral microbiota with gut microbiota in obesity
development still need further endeavors [48, 49]. Lastly, we consider underweight, which is defined
by BMI less than the cut-off point of 18.5. It is usually related to malnutrition caused by food shortage
or disease. Compared with obesity, the relationship between underweight and gut microbiota is
underexplored [50]. Despite the appeared dissimilarity in definition and etiology, this study observed
great overlap in the considered microbiota contribution spectrum among the underweight and
overweight/obesity groups. Interestingly, our result may conform to a recent study in which they
found no statistically significant differences among the underweight, normal weight, and overweight

individuals at the genus level [50].

Supplementary Note 5. hiPCA is largely reproducible on the additional
validation data

To evaluate the generalization capability of hiPCA, the independent validation data consisting of
782 samples (118 healthy individuals and 664 unhealthy individuals) will be tested, which include

ankylosing spondylitis (AS), colorectal adenoma (CA), colorectal cancer (CRC), CD, liver cirrhosis
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(LC), non-alcoholic fatty liver disease (NAFLD), RA, UW, OW, and OB.

As shown in Figure S11. Our hiPCA with KS-92 signal panel has a balanced accuracy of 70.26%,

and the detection accuracy for the healthy and unhealthy group were 70.34% and 70.18%, respectively.

Notably, the results achieved almost identical performance as on the discovery data (71.40% in

healthy group and 71.24% in unhealthy group). To make a close investigation, we separately

considered all sub-cohorts according to the published studies. The accuracies by hiPCA (KS-92) on

three healthy cohorts were 46.43% (H1), 84.48% (H2), and 65.63% (H3), which implied large

variations among healthy group background in three studies. As the matter of fact, through inspecting

the original studies, we found that only the H2 cohort declared that the control individuals were not

suffering from any diseases. H1 and H3 only ensured that the controls were not Parkinson’s disease

patients (H1) or not colorectal cancer patients (H3), and they could not exclude other health problems

in the control group. In the meantime, we also found that the average ages in these healthy sub-groups

were 65.6 (H1), 31.9 (H2), and 57.3 (H3) respectively, which further demonstrated potential

accelerated age-related health loss in the elderly. In this regard, the hiPCA could also serve as an

additional indicator for the healthy people’s initial assessment during recruitment. For those unhealthy

phenotype sub-cohorts, we had the following: 85.98% (141 of 164) for LC, 81.4% (70 of 86) for

NAFLD, 66.67% (10 of 15) for CD, 66.67% (18 of 27) for CA, 63.27% (31 of 49) for RA, 56.7% (55

of 97) for AS, 50% (7 of 14) for OB, 47.54% (29 of 61) for OW, 14.29% (4 of 28) for UW, and 92.5%

(37 of 40), 78.69% (48 of 61), and 72.73% (16 of 22) for three different cohorts of CRC. As can be

seen, our hiPCA provided well adverse health predictions (>75%) for LC, CRC, and NAFLD, where

GMHI could only perform well on LC and NAFLD. Comparing with GMHI, we could conclude

hiPCA is a more accurate and robust index for nonhealthy prediction (70.18% vs. 62.2%), and that
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KS-92 is a more robust, generalized microbiome signal panel that can perform well even across

different diseases.

Like the discovery set, inferential analysis was made by bacteria-to-health-index contribution

analysis, and the plots were shown in Figure S12-21. CRC and CA: Our results showed that the

validation set highly reproduced the results of the discovery set, with only a slight difference in the

ranking of contributions of some species. By exploring the hiPCA performance for CRC diagnosis,

those marker species contribute most on average to the health index in PR-50, which could be listed

as Peptostreptococcus stomatis, Gemella morbillorum, Granulicatella adiacens, Fusobacterium

nucleatum, Atopobium parvulum, Gemella sanguinis, and Clostridium clostridioforme. KS-92 shared

most contributors, but also further supplements with Streptococcus cristatus, Parvimonas micra,

Streptococcus tigurinus, and Eubacterium infirmum. Among them, Peptostreptococcus stomatis,

Fusobacterium nucleatum, and Parvimonas micra have been well described before. Apart from that,

other species, such as B. dentium, S. bovis, S. gallolyticus, S. Tigurinus, and Gemella morbillorum

also need to be analyzed further. Previous studies showed that Bifidobacterium are enriched in people

without CA, but our results suggests that B. dentium has a great contribution to CA, which is contrary

to the current research. B. dentium is capable of enhancing the intestinal mucus layer and goblet cell

function via upregulation of gene expression and autophagy signaling pathways, with a net increase in

mucin production, and then provide a protective effect in the colitis model [51, 52]. However, a study

reported that the abundance of Bifidobacterium was increased in the benign group [53]. The effect and

mechanism of B. dentium on CA require further discussion. A variety of microbiota in Streptococcus

are thought to be associated with CRC and CA, including S. bovis and S. gallolyticus [54]. However,

this association is still under controversy. Some data do not support the idea that S. bovis colonizes
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CRC and CA [55]. S. gallolyticus (previously known as S. bovis biotype 1) is thought to be more

closely related to CRC and CA [56]. S. Tigurinus is suspected of causing bacteremia due to its

translocation. This species has recently been reported to be extremely pathogenic [57]. In another

study for predicting colon cancer, Gemella morbillorum was used as a biomarker of fecal bacteria,

and the predictive model with good sensitivity and specificity was established as a new diagnostic tool

for CRC [58]. Gemella morbillorum was shown to be enriched in the gut of patients with CRC by

metagenomics [59], and positively correlated with the enrichment of amino acids, cadaverine, and

creatine in CRC [60].

AS and RA: Through the analysis of contribution plots PR-50 and KS-92, we can clearly find

that AS and RA share many high-contribution species, although these high-contribution species have

differences in disease contribution. For AS, the contribution plot PR-50 reveals highly contributing

species, including Clostridium clostridioforme, Clostridium symbiosum, Blautia producta,

Flavonifractor plautii, Clostridium asparagiforme, Anaerotruncus colihominis, Clostridium citroniae,

Clostridiales bacterium 1 7 47FAA, Clostridium hathewayi, Streptococcus mitis 11/5, Clostridium

ramosum, Lactobacillus salivarius, Lachnospiraceae bacterium 1_4 56FAA, Bifidobacterium dentium,

Clostridium bolteae. The contribution plot KS-92 further reveals high-contribution species such as

Megasphaera micronuciformis, Lactobacillus mucosae, Streptococcus cristatus, Rothia mucilaginosa,

and Fusobacterium ulcerans. Yin found that Clostridium 1 7 47FAA, Clostridium bolteae, and

Clostridium hatheway were enriched in patients with AS through statistical analysis [61]. In previous

studies, Streptococcus and Lactobacillus were confirmed to be enriched in patients with AS [62].

Bifidobacterium is usually used in probiotics, and accumulated in patients with AS [63]. For the RA

cohort, the performance of the diagnostic plot is affected due to the impact of the batch effect,
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resulting in a slight difference in high-contribution species between the RA of the validation set and

the RA of the discovery set. However, through the contribution plot, we can still find many common

high-contribution species, including Clostridium asparagiforme, Clostridium ramosum, Clostridium

clostridioform, Clostridium citroniae, Clostridium sympiosum, Clostridiales bacterium 1 7 47FAA,

and Lachnospiraceae bacterium. Clostridium asparagiforme and Lachnospiraceae bacterium were

enriched in patients with RA compared to healthy control groups [64]. This is consistent with the

above analysis results.

CD: In the analysis of validation set, we only discuss CD, nor UC. Although the exact cause is

unknown, CD appears to be due to a combination of environmental factors and genetic predisposition.

In this paper, the most genus in the discovery set and the validation set are similar. However,

compared with the other diseases we analyzed, the contribution degree of bacteria in the discovery

and validation sets to CD was different. For KS-92, eight of the 12 species with the highest

contribution were consistent. The difference in contribution between the discovery set and validation

set is mainly reflected in Fusobacterium ulcerans, Lachnospiraceae bacterium 6 1 63FAA,

Fusobacterium mortiferum, and Clostridium scindens of KS-92, Granulicatella adiacens of PR-50.

This difference may be due to batch effects and difficulty in diagnosing CD. The diagnosis of CD can

sometimes be challenging and often requires extensive testing to help doctors make the diagnosis. CD

may not be diagnosed with complete certainty, even after a battery of tests. In the validation set, the

degree of contribution of most microbiota was similar in KS-92 and PR-50. High contribution

candidates in both PR-50 and KS-92 include Peptostreptococcus stomatis, Fusobacterium nucleatum,

and Clostridium clostridioforme, while the degree of contribution of Flavonifractor plautii, Gemella

morbillorum is different between PR-50 and KS-92. There are some species have contributed greatly
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to the diagnosis of diseases, but have not been well described in the previous content. Fusobacterium

species have been implicated recently in a broad spectrum of human pathologies, including Crohn's

disease, ulcerative colitis, and colorectal cancer [65, 66]. F. nucleatum targeted caspase activation and

recruitment domain 3 (CARD3) to activate the endoplasmic reticulum stress pathway and promote F.

nucleatum-mediated mucosal barrier damage in vivo and in vitro during CD development [67].

Moreover, previous studies demonstrated that highly invasive F. nucleatum isolates derived from the

inflamed guts of patients with CD evoked significantly greater MUC2 and tumor necrosis factor alpha

(TNF-a) gene expression than minimally invasive strains isolated from the noninflamed gut in human

colonic epithelial cells and in a rat ligated colonic loop model of infection [68]. In addition, F.

nucleatum accelerates the progression of colitis-associated colorectal cancer by promoting

epithelial-mesenchymal transition [69]. For Clostridium, C. clostridioforme, C. scindens, C. ramosum,

C. symbiosum, C. citroniae, and C. asparagiforme high contribution candidates in CD. Most of them

are commonly not dominant in the fecal microflora of healthy subjects [70]. C. scindens has been

previously associated with a case of an adolescent female with CD [71]. AS and CD are likely caused

by subclinical bowel infections with Klebsiella [72, 73]. This trend is also predicted in the results of

our validation set.

LC and NAFLD: NAFLD is a class of metabolic disorders that can progress from fatty liver to

steatohepatitis, further leading to cirrhosis [74]. According to the contribution plot PR-50, the main

contributing species of LC is Fusobacterium nucleatum, Lactobacillus salivarius, Streptococcus

gordonii, Granulicatella adiacens, Atopobium parvulum, Peptostreptococcus stomatis,

Lachnospiraceae bacterium 1 4 56FAA, Streptococcus sanguinis, Clostridium symbiosum,

Clostridiales bacterium 1 7 47FAA, Streptococcus mitis 11/5, Lachnospiraceae bacterium
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9 1 43BFAA, Clostridium ramosum. The contribution plot KS-92 further reveals the

high-contributing species of LC, Megasphaera micronuciformis, Streptococcus cristatus,

Streptococcus tigurinus, Fusobacterium varium were added to high-contribution species. Previous

studies have identified increased abundances of the oral microbe Fusobacterium in the setting of LC

[75]. Our diagnosis is consistent with previous studies, where they used the Wilcoxon rank-sum test in

the healthy control group and the cirrhosis group and found that Fusobacteria, Streptococcus, and

Clostridium were enriched in the cirrhosis group [76]. Streptococcus are taxa that are part of the oral

bacterial ecosystem, while Streptococcus appeared in previous studies to distinguish between patients

with LC and healthy individuals, which may mean that the development of LC may have occurred

from the oral cavity, consistent with previous views [76-78]. For the NAFLD cohort,

high-contribution species mainly include Atopobium parvulum, Streptococcus tigurinus, Scardovia

wiggsiae, Lachnospiraceae bacterium 4 _1 37FAA, Lachnospiraceae bacterium 6_1 63FAA, Blautia

producta, Megasphaera micronuciformis, Clostridium ramosum, and Streptococcus cristatus. We can

clearly find that the high-contribution species of NAFLD and LC are mostly the same, although their

variation in NAFLD is not as significant as in LC, which implies the close relationship between

NAFLD and LC [79]. Our results are consistent with previous studies that Clostridium bolteae,

Clostridium nexills, Ruminococcus gnavusb, and Atopobium parvulum are associated with blood

biomarkers of liver disease [80]. Streptococcus is a relatively important contributor genus in both

NAFLD and LC, and the variation of M. micronuciformis in LC is much higher than in NAFLD. This

is consistent with previous studies, which found that Megasphaera was only enriched in people with

NAFLD-cirrhosis, and Streptococcus was enriched in NAFLD-cirrhosis and NAFLD, which reflected

the differences between LC and NAFLD [81].
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OB/OW/UW: The contribution of different strains to OB, OW, and UW was highly similar in the
discovery set, but this rule seemed to be weakened in the validation set. Most of the bacteria with a
high contribution in OB and OW are still the same, including Gemella haemolysans, Solobacterium
moorei, Atopobium parvulum, Clostridium asparagus, Gamella Sanguinis, Granulicatella Adiacens.
However, only a few bacteria of OW and UW had high contribution and were similar, namely
Ruminococcus torques and Megasphaera micronuciformis. C. ramosum, C. clostridioforme,
Megasphaera, Oribacterium, S. cristatus, and P. gingivalis have been described in detail above, so we
will not repeat them in the validation set. R. torques appeared in three disease states simultaneously
with a high contribution. It is the most abundant intestinal bacteria in obese people, and has been
investigated to be linked to obesity [82]. A meta-transcriptomic analysis revealed R. torques as a
bacterium known to reduce intestinal barrier integrity [83]. In three studies of intervention
improvement in experimental animals fed a high-fat diet, the results showed that the relative
abundance of R. torques in the intestines of the animals was reduced, and the inflammation of the
animals was improved [84-86]. However, the relationship between R. torques and UW has not been
proved well. Veillonella are a group of bacteria that can't ferment in the gut, and they cannot use
carbohydrates or amino acids. In our validation set, it has a high contribution to UW, but there are few

studies on Veillonella and UW at present.

Supplementary Note 6. The results further demonstrate strong
reproducibility of hiPCA on the test data.
In order to further evaluate the generalization ability of hiPCA, a separate test dataset consisting

of 605 samples (292 healthy individuals and 313 unhealthy individuals) was used, which included
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End-stage renal disease (ESRD) and Schizophrenia (SCZ). As shown in Figure S22, our KS-92 signal

panel hiPCA achieved a balanced accuracy of 71.60%, with detection accuracies of 67.81% and

75.40% for the healthy and unhealthy groups, respectively. Further analysis of the unhealthy

phenotype subgroups revealed that ESRD had a good adverse health prediction (85.20% in 190 out of

223 individuals), while SCZ had a detection rate of 51.11% (46 out of 90 individuals). Overall, it can

be concluded that hiPCA demonstrates strong reproducibility on the test data and provides good

predictions for adverse health outcomes, particularly for ESRD.

Like the discovery and validation set, inferential analysis was made by bacteria-to-health-index

contribution analysis, and the plots were shown in Figure S23-24.

ESRD: In test cohort, Gemella morbillorum, Granulicatella adiacens, Lachnospiraceae

bacterium 9 1 43BFAA, Clostridium clostridioforme, Gemella sanguinis, Clostridium ramosum, and

Lactobacillus salivarius were the highest contribution biomarkers in ESRD with PR-50 features.

KS-92 shared most contributors but was further supplemented with Streptococcus cristatus and

Scardovia wiggsiae. Gut microbiota can be a potential therapeutic target for kidney diseases, such as

chronic kidney disease (CKD), ESRD, peritoneal dialysis, hemodialysis and renal transplantation.

Among them, the diversity of Scardovia wiggsiae has been reported to be associated with indoxyl

sulfate, which is an inflammatory biomarker of ESRD [87]. A previous study found that the absolute

guantity of total bacteria and Clostridium were signifcantly reduced in ESRD patients [88]. In our

study, similarly, Clostridium ramosum and Clostridium clostridioforme were the important

contributors in ESRD. However, there are still many strains that have not been reported, and it seems

that we can refer to the degree of contribution to explore more potential diagnostic or therapeutic

targets.

- 18 -



397

398

399

400

401

402

403

404

405

406

407

408

409

410

SCZ: In the test cohort, Lactobacillus salivarius, Anaerotruncus colihominis, Clostridium

clostridioforme, Atopobium parvulum, Ruminococcus gnavus, Lachnospiraceae bacterium

1 4 56FAA, and Clostridium symbiosum are the highest contribution biomarkers in SCZ with PR-50

features. KS-92 indicated that Megasphaera micronuciformis, Lactobacillus mucosae, Lactobacillus

salivaryus, Fusobacterium varium, Atopobium parvulum, Lachnospiraceae bacterium 9 1 43BFAA

and Anaerotruncus colihominis were the top seven contributing species to SCZ. Among them,

Lactobacillus salivarius, Anaerotruncus colihominis, and Atopobium parvulum were the main

contributors shared by PR-50 and KS-92. Previous studies have reported that Lachnospiraceae and

Ruminococcaceae were associated with SCZ [89], which is similar to our results. Gut microbiota

disturbances in patients with depression, bipolar disorder, schizophrenia, and anxiety all tend to one

pattern [90]. Lactobacillus salivarius as a probiotic seemed to have positive effects on the mild

chronic inflammation processes in major depressive disorder (MDD) [91]. In future work, we can

mine more information on other potential target strains and their intervention effects.
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