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Overcoming regional 
limitations: transfer learning for 
cross- regional microbial- based 
diagnosis of diseases

With great interest, we have read the 
article by Clooney et al, which high-
lighted the regional effects on the 
heterogeneity of the gut microbiota 
among populations with inflamma-
tory bowel disease (IBD).1 As a result, 
regional effects would largely limit the 
microbial- based diagnosis of diseases 
across regions. Although current 
machine learning methods based on 
microbial features have been applied 
to diagnosis of diseases such as IBD2 
and type 2 diabetes,3 these methods are 
unable to mitigate the regional effects 
and meet the demand of microbial- 
based cross- regional diagnosis of 
diseases.

Here, we proposed a machine learning 
framework (online supplemental 
figure S1, accessible at: https://github. 
com/HUST-NingKang-Lab/EXPERT- 
Disease-GGMP), which integrated the 
neural network and transfer learning, 
to effectively reduce regional effects 
for microbial- based cross- regional diag-
nosis. Importantly, transfer learning can 
‘borrow’ the mature knowledge about 
diseases from a source city to assist the 
disease diagnosis for a target city, espe-
cially when there is little knowledge 
about microbiota patterns in the target 
city.4

To assess the framework, we obtained 
genus- level taxonomy profiles from the 
Guangdong Gut Microbiome Project.5 
These samples were collected from 14 
cities and seven representative diseases 
were selected for assessment (figure 1A 
and online supplemental table S1). 
We randomly divided samples of each 
city into the training subset and the 
testing subset (80%:20% by default), 
then performed assessments for three 
models: (1) Independent disease neural 
network (DNN) model: ab initio 
training and testing the DNN model on 
the training subset and the testing subset 
of each city, respectively. (2) Regional 
DNN model: ab initio training the 
DNN model using the training subset 
of one city A (source city) and testing it 
on the testing subset of another city B 
(target city). (3) Transfer DNN model: 
ab initio training the DNN model using 
training subset of one city A, followed 
by applying transfer learning to a 

certain proportion (from 20% to 80%) 
of samples from city B, and then testing 
the transfer DNN model on the testing 
subset of city B (figure 1B and online 
supplemental figure S1).

We found that the regional DNN model 
across cities presented a low average accu-
racy of 0.506 compared with the inde-
pendent DNN model with an average 
accuracy of 0.743 (pWilcox=2.22×10−16; 
figure 1C and online supplemental 
figure S2). It suggested that regional 
factors largely limited the cross- regional 
diagnosis, as also indicated in previous 
studies.5 However, the transfer DNN 
model profoundly increased prediction 
accuracy across cities with an average 
accuracy of 0.829 (pWilcox=2.22×10−16, 
compared with the independent DNN 
model; figure 1C and online supplemental 
figure S2). Intriguingly, once the propor-
tion of samples used in the target city 
exceeded 50% for transfer learning, the 
transfer DNN model could even present 
higher prediction accuracy than that of 
the independent DNN model (figure 1D). 
Furthermore, the transfer DNN models 
also had good performance when we 
have applied this approach on two inter-
continental cohorts (online supplemental 
figures S3 and S4).

Moreover, our machine learning 
framework is advantageous in identi-
fication of region- specific microbes, 
as well as microbes shared across 
all regions. We used the ‘leave- one- 
feature- out’ method to discover certain 
microbes which were strongly affected 
by regions, such as Enterobacteriaceae 
and Clostridium, while others were less 
affected by regions, such as Parabac-
teroides and Faecalibacterium (online 
supplemental table S2). We specu-
lated that the region- specific microbes 
may contribute to the effectiveness of 
the transfer DNN model in the cross- 
regional diagnosis of diseases.

Collectively, our study demon-
strates that transfer learning can realise 
microbial- based cross- regional diag-
nosis of diseases with high accuracy and 
robustness, by using knowledge about 
microbial features across regions. This 
study provides a new venue to exceed 
the regional limitation, and facilitate 
microbial- based cross- regional diag-
nosis of diseases in clinical trials by arti-
ficial intelligence techniques.

Data accession: metagenomic 
sequencing samples are available in the 
European Bioinformatics Institute (EBI) 
database of European Molecular Biology 
Laboratory (EBI accession number 

PRJEB18535) at https://www.ebi.ac.uk/ 
ena/browser/view/PRJEB18535.
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Figure 1 Data distribution, assessment workflow and framework evaluation. (A) data distribution. The number of samples of different diseases. The 
seven diseases marked in red were assessed, including metabolic syndrome, gastritis, kidney stones, T2D, rheumatoid arthritis, constipation and COPD. 
(B) The workflow of assessment. The genera abundance profiles of samples from each city were randomly divided into the training subset (80%) and 
the testing subset (20%). Three assessment workflows for each model were marked by three different colours. The testing subset of city B was used 
to test all the three models. (C) Framework evaluation: comparison of the AUROC of three models. Boxplots in the left panel show the AUROC of the 
three models for diagnosing seven diseases using samples in each of city, and the right panel shows these values collectively. *, p<0.05; **, p<0.01; 
***, p<0.005; Mann- Whitney- Wilcoxon test. (D) The relationship between sample size and the performance of three models. Boxplots show AUROC of 
three models for diagnosing three diseases (COPD, rheumatoid arthritis and T2D). The lines show the change in average AUROC of three models with 
sample size increasing. The dashed line shows the average AUROC of cross- regional diagnosis of T2D using random forest model.5 For all the boxplots, 
boxes represent the IQR between the first and third quartiles and the line inside represents the median. Whiskers denote the lowest and highest 
values within the 1.5×IQR from the first and third quartiles, respectively. AUROC, area under the receiver operating characteristic; COPD, chronic 
obstructive pulmonary disease; T2D, type 2 diabetes.
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Analysis of the intercontinental cohort 15 

To validate the advantage of our proposed transfer learning approach, we also applied 16 

it on the dataset used by Clooney et al1 (EBI accession number PRJNA414072). The 17 

dataset contained samples from intercontinental regions: Ireland (Irish, 118 Crohn’s 18 

disease patients, 84 Ulcerative colitis patients and 84 controls) and Canada (Canadian, 19 

197 CD patients, 167 UD patients and 79 controls). Samples from each country were 20 

randomly divided into training subset (70%) and testing subset (30%). As shown in the 21 

Supplemental Figure S3, the independent DNN model has shown the AUROC of 0.872 22 

(Irish), 0.822 (Canadian), respectively. The AUROC values of the regional DNN 23 

models were 0.568 (Irish to Canadian) and 0.551 (Canadian to Irish), respectively (as 24 

shown in Supplemental Figure S3A). Notably, the AUROC values of the transfer DNN 25 

models were increased to 0.867 (Irish to Canadian) and 0.823 (Canadian to Irish), 26 

respectively (as shown in Supplemental Figure S3B). 27 

 28 

We have also applied it on another intercontinental cohort for cross-regional disease 29 

diagnosis. We chose an irritable bowel syndrome cohort including samples from three 30 

continents obtained from the American Gut Project2 (EBI accession number 31 

PRJEB11419). This dataset includes samples from United States of America (USA, 32 

with 464 controls and 245 IBS patients), United Kingdom (UK, with 120 controls and 33 

118 IBS patients) and Australia (AUS, with 23 controls and 17 IBS patients). Samples 34 

from each country were randomly divided into training subset (70%) and testing subset 35 

(30%). As shown in the Supplemental Figure S4, the independent DNN model of each 36 

country was constructed on its training subset and tested on the testing subset, showing 37 

the AUROC of 0.725 (USA), 0.559 (UK) and 0.978 (AUS). We then used testing subset 38 

of the countries with a smaller dataset to test the transfer DNN model. The transfer 39 

DNN models showed AUROC of 0.721 (USA to UK), 0.836 (USA to AUS) and 0.697 40 

(UK to AUS), higher than that of the regional DNN models with 0.584 (USA to UK), 41 

0.766 (USA to AUS) and 0.234 (UK to AUS), respectively. 42 
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 43 

These results showed that even if applied to intercontinental cohorts, transfer learning 44 

could improve the prediction ability across regions, thereby exceeding the limitation on 45 

microbial-based diagnosis of diseases across regions. 46 

 47 

Leave-one-feature-out analysis 48 

Each of microbial features was removed in turn when constructing the transfer DNN 49 

model, then the change of the AUROC of the transfer DNN model was calculated. 50 

Microbes with the strongest change of the AUROC (top 2) would be designated as 51 

“region-specific”. On the contrary, the microbes with the least change of the AUROC 52 

(top 2) would be designated as “shared across all regions”. 53 

 54 

Statistical analyses  55 

Mann-Whitney-Wilcoxon test was used to test the statistical significance of the 56 

differences in AUROC among independent DNN model, the regional DNN model and 57 

the transfer DNN model.  58 

 59 

Codes and models availability 60 

The pre-trained models and source codes of scripts for training, querying and transfer 61 

learning are made publicly available at https://github.com/HUST-NingKang-62 

Lab/EXPERT-Disease-GGMP. The program “EXPERT” is available at 63 

https://github.com/HUST-NingKang-Lab/EXPERT.  64 
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Supplemental Table S1. The number of cases and controls of each city and each disease.

City Control ConstipationCOPD Gastritis Kidneystone MS RA T2D Total number of participants

Yuexiu 261 51 41 74 50 158 38 92 448

Qujiang 214 54 31 154 130 207 166 112 488

Nanxiong 306 51 60 173 130 176 35 89 590

Nanshan 295 104 50 177 127 269 58 124 618

Shunde 189 45 36 117 53 122 55 49 362

Wuchuan 333 83 38 77 35 79 36 63 533

Gaozhou 254 41 57 173 73 142 48 109 509

Sihui 256 39 28 79 66 129 91 55 453

Huiyang 232 49 43 93 105 179 102 99 444

Wuhua 207 51 37 258 184 246 111 160 500

Shanwei 227 80 24 119 40 148 69 64 415

Qingcheng 308 60 32 129 108 191 41 73 577

Huilai 247 80 63 171 8 220 172 113 506

Yuncheng 285 69 49 148 159 215 89 117 555

Note : COPD, Chronic obstructive pulmonary disease; MS, Metabolic syndrome; RA, Rheumatoid arthritis; T2D, Type 2 diabetes.

Supplemental tables
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Supplemental Table S2.  Transfer learning identifies the region-specific microbes, as well as microbes shared across all regions.

Taxonomy Constipation COPD Gastritis Kidneystone MS RA T2D Variance

Roseburia 0.1079 -0.0215 -0.0885 0.1647 -0.0571 0.1437 0.1037 0.0107

Faecalibacterium 0.0587 -0.0052 0.0244 0.0744 -0.0419 0.0746 0.0332 0.0019

Enterobacteriaceae 0.2183 0.1223 -0.0316 0.1898 -0.2073 0.0835 0.3342 0.0316

Bacteroides -0.0299 0.1740 -0.0886 0.1092 -0.0308 0.2233 0.0645 0.0134

Lachnospiraceae 0.0488 0.0245 -0.0287 0.1413 -0.0982 0.1019 0.1056 0.0071

Oscillospira 0.0670 0.0081 0.0127 -0.0468 -0.0114 0.1329 0.1409 0.0052

Parabacteroides 0.0094 0.1030 0.0045 0.0706 -0.0201 0.0588 0.0671 0.0020

Prevotella 0.1656 0.0089 0.0825 0.1081 -0.0243 0.0231 0.2330 0.0084

Clostridium 0.0227 -0.0439 -0.0829 -0.0499 0.0005 -0.0183 0.3116 0.0177

Ruminococcus 0.1347 -0.0094 -0.0082 0.1081 0.0167 0.1460 0.1002 0.0046

10 region-specific microbes, as well as microbes shared across all regions were filtered out by using the "leave-one-out" analysis. The values

represent the change of AUROC of the transfer DNN model used for the diagnosis of the seven diseases after removing the microbe. The positive

value indicates that the microbe has a positive effect on the prediction, conversely, the microbe has a negative effect. The variance of these values

are also displayed. DNN, disease neural network.

Note : COPD, Chronic obstructive pulmonary disease; MS, Metabolic syndrome; RA, Rheumatoid arthritis; T2D, Type 2 diabetes.
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