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Figure 7: Bubble plot of 95 microbial taxa with PFI importance score >0.001 in both regression 
models (average among 5 folds). Bubble size stands for taxon prevalence (fraction of samples 
where the taxon is reliably detected), bubble color stands for taxon abundance (its average 
fraction in the communities where it was detected). 
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Figure 8: Twelve most important features’ effects on age prediction. Plots contain only 5-95% 
quantile segment due to extreme ALE values for extreme quantiles. N is the number of samples 
where a feature is reliably detected (abundance > 1e-05), total number of samples used is 1,165. 
More ALE plots are available in Supplementary Information. 

Age bracket prediction with DNN 

While DNN and XGB regressors displayed acceptable accuracy when trained on full 
taxonomic profiles, decreasing the number of features down to 100 during training produces poorly 
performing models (MAE > 11 years). To estimate the predictive value of 95 and 39 marker taxa 
sets (Figure 9), we applied them to a much easier task of age bracket prediction. All donors were 
separated into three age groups: young (20-39 years, 32% of all donors), middle aged (40-59 years, 
41% of all donors) and elderly (60-90 years, 27% of all donors). Underrepresented classes were 
oversampled (see Methods).  

Within this setting, best performing DNN architectures show significantly higher accuracy 
than either random age group assignment (equiprobable or weighted). While the mean weighted 
F-score for random models do not exceed 38±1%, 95 marker set achieved the F-score of 67±4%. 
Downsizing this marker set using ALEs to 39 taxa reduced the score by 5% (to 62±3%). We have 
additionally compared the classifier constructed using the ALE-defined 39 intestinal marker set to 
classifiers built on relative abundances for 39 randomly selected taxa. Neither of 100 sets has 
produced a classifier as good as ALE-selected features (38±3%). (Figure 10)
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Figure 9: ALE range (maximum ALE minus minimum ALE within 5-95% abundance bracket) for 95 selected 
microbial features. Red are monotonically increasing ALEs, blue are monotonically decreasing ALEs, and 
green are non-monotonic ALEs. Only 39 taxa affect age prediction for more than 1 year within the specified 
abundance bracket.
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Figure 10: F-scores for four age bracket classifiers: three random models and two models built 
with 95 and 39 marker taxa. Equiprobable random classifier assigns a test sample to each age 
group (20-39, 40-59, 60-90 years) with ⅓ probability, weighted random classifier assigns 
samples with probabilities equal to the fraction of a class in the test sample. Models with 
randomly selected markers are built using 39 random taxa abundances as input. N stands for the 
number of cross validation folds. 
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Host-based age prediction 

While the DNN model is highly accurate, during its training all available samples were 
treated as independent due to data scarcity. By averaging the taxonomic profiles obtained from 
samples with a shared host we eliminated remaining data contamination. This reduced the total 
number of features to 1,165 entries. The host-based model was trained using the best performing 
DNN configuration as identified during sample-based training (Figure 2). This model was less 
accurate than a sample-based one: it reached MAE of only 8.56 years (Figure 11). However, the 
model still performed better than baseline age assignment (MAE = 12.47 years). Interestingly, the 
regressorprocesses feamle and male specimen with equal accuracy, and the predicted intestinal age 
positively correlates (r = 0.23) with BMI, which is in line with existing data on connections 
between BMI and biological age 56. However, this correlation is lower than the one between donor 
BMI and observed age:  r = 0.3. 

 

Figure 11: Age predictions derived from cross-validation of the host-based DNN model. 
Average MAE for best performing models in each of the 5 folds is 8.39 years, which is much 
lower than in the case of the sample-based approach (3.96 years). Blue area contains 52% of all 
predictions and corresponds to the trendline ±6 years. 
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Discussion 
To our best knowledge, we present the first method to predict human chronological age 

using gut microbiota abundance profiles. We compare two approaches to age prediction: 
regression and classification. We applied multiple methods to build a regressor that takes in 
profiles containing abundances for all 1,673 taxa reliably detected in at least 0.13% of samples, 
including random forest, support vector machine, elastic net, gradient boosting (XGB) and deep 
neural network (DNN). However, only the latter two models achieved the predictions better than 
random (Figure 5). 

Due to data scarcity, we initially trained our models treating all samples as independent, 
while some of them belonged to the same host. To further demonstrate the applicability of the 
suggested method for age prediction, we trained a DNN model reducing the number of samples to 
only one per host. Not surprisingly, the resulting accuracy of the predictor was significantly lower 
(MAE = 8.56, Figure 11), yet above random. Such factors as study protocols and host country of 
residence (integrating geographic location, genotype and lifestyle) can be expected to affect 
taxonomic profiles. 

Despite great performance of XGB (MAE = 4.69 years) and DNN models (MAE = 3.94 
years), extracting biologically relevant information from them presents a major challenge. We 
implemented ALEs approach using DNN regressor as a reference and its 95 most important 
features to see how changes in abundance affect the predictions. ALE is a technique that 
theoretically surpasses PFI as it takes into account intrinsic interdependence of microbiological 
features. According to our ALE analysis, only 39/95 features could change the average predicted 
age by more than 1 year (Figure 9). Interestingly, reducing the number of features by 59% caused 
only a 5% drop in F-score for the age bracket classification task. This suggests that the ALEs 
technique succeeded in selecting only the most relevant microbial features. 

Table 1 provides information for each bacterium in the 39 ALE-selected marker set of 
intestinal aging. Interestingly, while it contains both beneficial (e.g. Bifidobacterium) and 
pathogenic (e.g. Pseudomonas aeruginosa) microbes, seno-positive or seno-negative status is not 
determined by the nature of host-microbe interactions (Figure 12). For example, Campylobacter 
jejuni is known to cause campylobacteriosis – a foodborne diarrheal infection–yet it is seno-
negative and can affect the average prediction age by more than 2 years (Figure 9) 57. On the other 
hand, both selected Eubacterium species are seno-positive and increase average predicted age by 
1-3 years (Figure 9), despite having a generally beneficial effect on microbiota composition. 

Although surprising at first glance, bacterial influence on age prediction is not determined 
by whether it is beneficial to the host or not. The proposed method of feature selection does not 
detect microbes that promote longevity or support useful functions of "youthful" microbiota. In 
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the case of C.jejuni, campylobacteriosis affects mostly children. Moreover, exposure to C.jejuni 
can lead to asymptomatic colonization and immunity acquisition 58. Taken together, these facts can 
be used to put together a hypothetical explanation of C.jejuni being a seno-negative feature. Older 
individuals have a lower count of these bacteria, as they are more likely to carry the memory of 
previous C.jejuni exposure (either in their immune system or microbiota composition) and can 
effectively prevent its extensive colonization. Meanwhile, younger individuals have not yet 
tailored the means to oppose C.jejuni and let it multiply to a greater extent. 

Beneficial bacteria that turn out to be seno-positive are, in fact, more intriguing than seno-
negative pathogens. One possible explanation could be that these bacteria are more resilient in the 
context of increasingly detrimental cross-talk with the host. Another possible explanation 
questions the very concept of the microbiological aging clock. Since global dieting and lifestyle 
habits have significantly changed during the last century—increased sedentary time, sugar intake, 
processed foods consumption, etc.—any microbiota changes observed in the elderly may not 
indicate natural progression through age, but reflect generation-specific microflora parameters 59. 
In other words, any features identified today as associated with the youth may become the signature 
of the elderly in 50 years, provided global diet and lifestyle keeps changing. Depending on the 
extent of such microbiological "generation gap," any future intestinal aging clock may need to be 
regularly updated to account for an ever-changing environmental context. Unfortunately, 
metagenomics is an extremely young branch of biology and there is little hope to learn what the 
microflora of the elderly looked like when they were young. However, studies of multiple 
generations of migrants can help us estimate the persistence of microbiota obtained in early years. 
One such study conducted on American immigrants of Asian origin indicates that first generation 
migrants start to lose gut diversity as soon as nine months after relocation. This loss is even more 
pronounced in the second generation 60. A first generation immigrant’s microflora memory may 
be the reason why their microbiota is different from that of their children. Studies in such a setting 
are extremely important to assess the hyper-parameters driving human microbiota progression. 

Another interesting aspect of the ALE-based feature selection is that some features are very 
poorly described within human microbiota context—environmental bacteria, —yet have great 
influence over age prediction. More knowledge on such microorganisms (e.g. Ornithobacterium 
rhinotracheale) may provide useful insights into the functions of human microbiota. 
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Figure 12: Seno-positive/-negative status of a species is not determined by its function within 
the gut community. While some pathogens are associated with increased age prediction (red 
quadrant) and some beneficial bacteria are correlated with lower age prediction (green quadrant), 
many other species are seno-negative pathogens and seno-positive normobiotic species (blue 
quadrants). Moreover, some taxa are scarcely described in literature, yet they have a pronounced 
effect on age prediction (grey area). In the text, we suggest hypothetical explanations as to why 
taxa might be occupying their respective positions in the plane above. 
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Conclusion 
We demonstrated the feasibility of age prediction by application of machine learning 

approaches to taxonomic microflora profiles. Our most accurate DNN regressor achieved the MAE 
of 3.94 years. This performance is comparable with the 1.9 MAE of the PhotoAgeClock, 2.7  of 
the state of art methylation aging clock, 7.8 MAE transcriptomic aging clock and 5.5 MAE of  the 
hematological aging clock published previously. We also developed a method for microbiological 
feature selection and annotation. It combines two-fold feature importance assessment using PFI 
and ALE approaches upon training a DNN. This technique allows both selecting the most relevant 
features as biomarkers and quantifying their influence on the target variable, i.e. age. Using this 
method, we identified 95 and 39 prokaryote taxa as the biomarkers of intestinal aging. Despite the 
reduced predictive power of this set when compared to the whole taxonomic profiles, it let us to 
assign individuals to three age groups (young, middle aged and old) 86% more accurately than 
random classification (0.71 versus 0.34 F-score).  

The identified biomarkers include species whose abundance is positively or negatively 
correlated with predicted age. These species may be further investigated deeply by the community 
to improve our understanding of human aging and its relationship with the gut microbiome. 
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ALE – Accumulated local effect; 

BMU – Best matching unit; 

DFS – Deep feature selection; 

DNN – Deep neural network; 

IBD – Inflammatory bowel diseases; 

IBS – Irritable bowel syndrome; 

LE – Local effect; 

MAE – Mean absolute error; 

OUT – Operational taxonomic unit; 

PFI – Permutation feature importance; 

SCFA – Short chain fatty acids; 

SOM – Self-organizing maps; 
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XGB – Gradient boosting (XGBoost Python implementation); 
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Table 1: 39 ALE-selected biomarkers for microbiological age prediction. Median abundance for a microbe is calculated excluding the 
samples where it is not detected. Total number of samples: 1,165 
 

Species 
 

Preva-
lence, 

% 

Median 
abun-
dance, 

% 

Literature Status Ref 

Acidaminococcus 
fermentans 42.49 0.004 

Anaerobe. 
A. can use amino acids (predominantly 
glutamate) as their sole energy source, while 
producing butyrate 

Seno-
positive 

61 

Alistipes finegoldii 99.14 0.86 

Anaerobe 
Alistipes are considered to be signatures of 
pediatric IBS. Although, it can be a part of 
healthy microbiome core. 

Seno-
negative 

62,63 

Bacteroides 
caecimuris 99.4 0.506 Anaerobes 

Bacteroides are of the earliest bacteria to 
colonize human guts. They metabolize 
polysaccharides (including host produced). 
Various studies indicate that Bacteroides-host 
crosstalk prevents GI infections. Bacteroides 
are more abundant in individuals with diets 
high in saturated fat and animal proteins. 
 

Seno-
negative 

64,65 
 
 
 
 

Bacteroides dorei 99.91 15.107 Mixed 

Bacteroides ovatus 100 1.55 Seno-
negative 

Bacteroides 
thetaiotaomicron 99.91 3.013 Seno-

negative 
Bacteroides 

vulgatus 99.91 2.433 Seno-
negative 

Bifidobacterium 
bifidum 97.08 0.053 

Aerotolerant 
Although Bifidobacterium is considered to be 
anaerobic, these two species are tolerant to 
high O2 concentrations. Bifidobacterium are 

Seno-
negative 

66,67 
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Bifidobacterium 
longum 99.31 0.603 

among lactate producing bacteria group and 
are considered beneficial to the host as 
indicated by multiple studies of obesity, 
colorectal cancer and IBD. B. derived 
probiotics and B. centered prebiotics are 
widely accepted as useful dietary 
supplements. 
 

Seno-
negative 

Campylobacter 
jejuni 95.45 0.012 

Microaerophile 
C.jejuni is a major cause of diarheal infections 
in the world. Poultry being C. main reservoir 
the infection is mostly foodborne. However, 
C. colonization may also be asymptomatic. 

Seno-
negative 

57,68 

Christensenella 
massiliensis 99.14 0.271 Anaerobe 

Poorly described in literature. Mixed  

Chryseobacterium 
gallinarum 67.21 0.02 Aerobes 

Poorly described in literature. 
C.gallinarum is known for its keratin 
degrading properties. 
 

Seno-
negative 69 

 Chryseobacterium 
taklimakanense 44.12 0.01 Seno-

positive 

[Clostridium] 
bolteae 99.74 2.278 

Anaerobes 
These non-pathogenic spore forming 
microorganisms are deemed important for 
fecal transplantation success in C. difficile 
treatment. They produce short chain fatty 
acids (SCFAs), including butyrate. Some 
studies point out that metabolites produced 
by Clostridium have neurotoxic properties 
and may contribute to autism spectrum 
disorder development. 

Seno-
positive 

67,70 
 
 

[Clostridium] 
saccharolyticum 85.67 0.014 Seno-

positive 

Clostridium sp. 
SY8519 97.68 0.046 Seno-

positive 
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Comamonas 
kerstersii 13.56 0.003 Aerobe 

Normally environmental bacterium 
Seno-

negative 
71 

Desulfovibrio 
fairfieldensis 24.38 0.002 

Anaerobe 
This species belongs to the group of sulfate 
reducing bacteria in human gut. ~50% of 
human guts are colonized by sulfate reducers. 
They produce H2S, which has both pro- and 
anti-inflammatory properties described. 
Meanwhile, D.fairfieldensis has controversial 
pathogenic status. 

Seno-
negative 

72,73 

Eggerthella lenta 97.68 0.063 Anaerobes 
Scarce literature. E.lenta is known for 
deactivating cardiac medication – digoxin. 
 

Seno-
positive 74 

 Eggerthella sp. 
YY7918 82.83 0.009 Seno-

positive 
[Eubacterium] 

eligens 99.66 1.201 
Anaerobes 
Eubacterium produce butyrate and 
propionate from various substrates 
contributing to normobiotic community. 
Eubacterium, however, fail to metabolize 
polysaccharide effectively. 
 

Seno-
positive 

75,76 
 

[Eubacterium] hallii 99.74 0.158 Seno-
positive 

Faecalibacterium 
prausnitzii 99.83 2.288 

Anaerobe 
F.prausnitzii is a bacterium most widely 
known for its butyrate producing abilities. 
Butyrate regulates gut immunity and has 
multiple effects on other organs upon 
absorption. It is generally recognized as a 
beneficial bacterium within multiple studies 
on IBD, colorectal cancer and diabetes. 

Mixed 77 

Flavonifractor 
plautii 99.74 0.198 Anaerobe Seno-

negative 
78 
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Normal microbiota species, able to converse 
flavonoids. 

Haemophilus 
parainfluenzae 70.64 0.009 

Facultative anaerobe 
Initially identified as respiratory tract 
pathogen. Opportunistic pathogen of GI tract 

Seno-
negative 

79 

Hafnia sp. 
CBA7124 10.64 0.004 Anaerobe 

Commensal 
Seno-

positive 
80 

Intestinimonas 
butyriciproducens 99.57 0.169 Anaerobe Seno-

positive 
81 

Lactobacillus 
reuteri 14.16 0.001 

Facultative anaerobe 
Probiotic bacterium able to suppress 
pathogenic bacteria and modulate host 
immunity. 

Seno-
positive 

82 

Lactococcus lactis 71.59 0.009 

Facultative anaerobe 
Bacterium used in dairy product 
fermentation. Proposed as a probiotic due to 
its immunity regulating potential. 

Seno-
positive 

83 

Odoribacter 
splanchnicus 99.31 1.561 

Anaerobe 
Produces butyrate and other SCFAs. Reduced 
in IBD patients. 

Seno-
negative 

84 

Ornithobacterium 
rhinotracheale 93.3 0.084 

Aerotolerant 
Environmental bacterium, not described in 
human context 

Seno-
negative 

85,86 

Oxalobacter 
formigenes 32.02 0.002 

Anaerobe 
Uses oxalate as both energy and carbon 
source, reduces risk of oxalate kidney stones. 

Seno-
negative 

87 

Parabacteroides sp. 
CT06 99.74 0.786 

Anaerobe 
Commensal. Associated with high-fiber diets, 
inversely correlated with gut inflammation 
status. 

Seno-
negative 

88,89 
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Prevotella jejuni 43.26 0.015 Anaerobes 
Commensal, associated with high 
carbohydrate diet. 
 

Seno-
negative 90 

 Prevotella 
melaninogenica 43.95 0.008 Seno-

negative 

Propionibacterium 
freudenreichii 18.03 0.004 

Facultative anaerobe 
Probiotic bacterium used in dairy 
fermentation. Possesses bifidobacterium-
stimulating and immunomodulatory 
properties. 

Seno-
positive 

91 

Pseudomonas 
aeruginosa 7.55 0.001 

Aerobe 
Antibiotic resistant pathogen associated with 
severe infections. Express a variety of 
proteases. 

Seno-
positive 

92,93 

Rhodococcus sp. 
YL-1 4.29 0.004 Aerobe 

Not described in human context 
Seno-

negative 
94 

Streptococcus 
salivarius 95.28 0.059 

Facultative anaerobe 
Colonizes human oral cavity hours after birth. 
Possesses antimicrobial properties and is 
used as an oral probiotic. Closely related to S. 
thermophilus used in yogurt production. 

Seno-
negative 

95 
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