
ENVIRONMENTAL MICROBES, CLIMATE, AND ALLERGIC DISEASE 

BACKGROUND/ RATIONALE: Allergic diseases such as asthma, atopic dermatitis, and allergic rhinitis have 
doubled in prevalence over the last 50 years and now affect a third of the global population, constituting a 
major component of the global disease burden1,2. This rapid increase has been most prominent in 
industrialized and urban areas, and patterns of geographic variation suggest a clear role for protective 
environmental factors such as proximity to farm animals3,4. Environmental microbes, including high levels of 
bacterial and fungal diversity in household dust, have been repeatedly shown to correlate with lower rates of 
allergic disease, and prevent allergic sensitization in animal models5-9. A body of research showing that 
microbial exposures are important for proper immune system development provides a likely explanation for 
these findings10. Despite this knowledge, there remains a substantial gap in our understanding of how the 
environmental microbiome impacts allergic disease. Given the complexity of microbial exposures, large sample 
sizes and advanced analytic techniques are needed to identify the most relevant exposures and translate 
these into improvements in health.  

We propose to investigate how the environmental microbiome predicts variation in allergic disease by pairing 
robust data from a study of nearly two million children with nearby soil, built environment, and livestock 
samples from six publicly available global microbiome sampling initiatives. Our preliminary data show that soil- 
related microbial diversity is associated with lower prevalence of lifetime symptoms of asthma, atopic 
dermatitis, and allergic rhinoconjunctivitis (Table). Numerous studies have highlighted how changes in plant 
and animal communities lag behind climate change, and our prior work suggests this phenomenon also applies 
to soil fungi and bacteria11. Utilizing high-resolution global climate maps, we also plan to assess how 
environmental microbes equilibrate with changing climate and forecast future rates of allergic disease. The 
overarching objective of this proposal is to examine associations between environmental microbes, climate, 
and allergic disease at a global scale. 

 

Lifetime symptoms of 
asthma 

Lifetime symptoms of 
atopic dermatitis 

Lifetime symptoms of 
allergic rhinoconjunctivitis 

Odds ratio 95% CI 
Odds 
ratio 

95% CI Odds ratio 95% CI 

Soil-related Shannon 
microbial diversity score 

0.65 0.50 – 0.84 0.79 0.59 – 1.05 0.92 0.74 – 1.13 

Animal-related Shannon 
microbial diversity score 

0.80 0.70 – 0.92 0.76 0.61 – 0.95 0.88 0.78 – 0.98 

 

Aim 1: Determine the extent to which microbial communities (including bacteria, archaea, fungi, nematodes, 
protozoa, and viruses) from soil, the built environment, and livestock are associated with allergic disease 
prevalence among children. We hypothesize that greater microbial diversity will be associated with lower rates 
of asthma, allergic rhinitis, and atopic dermatitis. In addition, we aim to identify the taxa and/or species most 
closely associated with each subtype of allergic disease. 

Aim 2: Predict future allergy rates based on climate-driven shifts in microbial distributions. We will develop 
models based on temporal disequilibria with climatic factors from up to seventy years ago and use lags in 
equilibration to predict future allergy rates.  

APPROACH: We plan to integrate and analyze three sources of existing publicly available data to achieve the 
above aims. Microbiome data: We have compiled a spatially explicit global database of microbial taxa and 
genes (using published 16S and18S rRNA, gene-based taxonomic profiles and also metagenome data for 
some of the samples). This database includes data from 10,957 
samples of fungi from the built environment12, fungi, bacteria, archaea, 
and nematodes from soils13-16; bacteria, archaea, and protozoa from 
domesticated animals17, and associated metadata. These sources 
were selected because of their scope, ease of normalization, and the 
high quality of data.18 Allergic disease data: The International Study of 
Asthma and Allergies in Childhood (ISAAC)19, one of the largest global 
epidemiologic efforts to date, included standardized assessments of 



atopic dermatitis, asthma, and rhinitis from 1,962,480 children at 306 sites around the world that overlap with 
the microbial data (Figure). Climate data: We will use global maps that include ten key climate variables (e.g., 
mean temperature, precipitation, potential evapotranspiration) at one-degree resolution for each month 
beginning in 195020. 

Aim 1: To determine how microbial exposures are associated with allergic disease, we will employ deep 
quantile regression along with feature selection procedures (e.g. expected gradients, approximate Shapley 
values)21. We will assess whether emergent attributes of microbial communities (e.g., ɑ-diversity, β-diversity, ɣ-
diversity) and the occurrence and relative abundance of individual microbial taxa and genes are associated 
with asthma, rhinitis, and atopic dermatitis individually, and with a composite outcome of any allergic 
disease. We will evaluate the importance of multiple potential confounders collected as part of the ISAAC data 
(including local socioeconomic status, population density, air pollution, ancestry, age, participant reported 
housing characteristics, antibiotic use, and pet and farm animal exposure) in our regression models, and use 
variance partitioning methods to assess whether otherwise unexplained variation in allergic disease can be 
attributed to environmental microbiomes.  

A limitation of the available data relates to the geographic proximity of data collection sites: although most 
microbiome data were collected in close proximity to the school sites from which participants were recruited 
(90.5% of allergy samples are within 400 km of a microbial sample) the sampling locations were not coincident. 
We will employ three approaches to evaluate the sensitivity of our results to this limitation: 
1.  Compare sub-analyses including only data from sites that are in very close geographic proximity. 
2.  Combine the data within latitude/longitude grid cells, and repeat analyses on coarse-grained data. 
3.  Interpolate allergy data and microbial data using ecological niche modeling22. 

Aim 2: To assess the links between climate, environmental microbiomes, and 
allergies, we will consider both the climate data from the month of microbe and 
allergy data collection, and historic climate data averaged over five and ten-year 
windows going back to 1950. Our preliminary data from the 1000 Homes 
Project23 show that geographic distributions of fungal allergens are in temporal 
disequilibrium with climate change (Figure). In particular, the distributions of 
Pleospora, Alternaria, and Botryotinia spp. appear to be associated with the 
distribution of climate from up to 50 years ago. Leveraging our previously 
successful forecasting approach11, we will predict how microbial distributions 
would shift if they were to equilibrate to existing climate change and the resulting 
changes in allergic disease rates. We will use both the raw, untransformed 
climate data, and where multicollinearity between climate variables is an issue, 
climate data pruned using Iterative Random Forest Leave One Out Prediction 
(iRF-LOOP) to replace redundant variables with linear combinations thereof24.  

INNOVATION, IMPACT AND SUSTAINABILITY: Prior research has largely focused on bacteria and/or fungi 
at local scales; our novel approach integrating data to examine multiple types of microbes from various 
environmental sources (ie household dust, soil, plants, and animals) is innovative and enables identification of 
patterns that may only be evident at global scales. Leveraging the expertise of our multidisciplinary team (Dr. 
Abuabara is an epidemiologist and physician with expertise in allergic disease, Drs. Brown and Jacobson are 
computational biologists with complementary expertise in machine learning and statistical modeling, Dr. Hess 
is a microbiologist with expertise in metagenomics and agriculture, and Dr. Ladau is an ecologist with expertise 
in novel mathematical approaches to analyze the climatic impact on microbial systems), we will develop 
computational methods that are likely to have a sustained impact on the field. For example, in recent work 
examining the role of the environmental microbiome in the coronavirus pandemic, we developed a novel 
quantile regression procedure to predict county-level variation in infection fatality ratios and found that indoor-
outdoor fungal beta diversity was highly predictive of this outcome (preliminary results presented at the 2021 
ASM meeting; manuscript now under review).  

While analyses of host-associated microbiome data can elucidate mechanistic processes, environmental 
microbiome data linked to an extremely large patient population can be used to understand geographic 
variation in allergic disease and associations with changing climatic factors over time. We will begin with data 
from amplicon sequencing to identify taxonomic profiles, and subsequently draw on existing metagenomic data 
to develop future work more focused on functionality of microbial communities. Although we won’t be able to 
infer causality with area-level associations, the results will enable the design of targeted sample collection. We 



plan to apply for funding to collect new data on environmental microbes in the context of the Global Asthma 
Network (an extension of the ISAAC studies described above with detailed human microbiome, genetic, and 
immunologic data on participants).  

Finally, the proposed work has the potential for widespread and long-lasting impact because it addresses 
fundamental questions about the consequences of biodiversity loss for human health. Our results will inform 
future hypothesis testing of modifiable risk factors driving global variation in the environmental microbiome and 
disease. For example, prior research has found that rumen microbes are highly conserved across the world 
and primarily influenced by feeding patterns17, and that microbial communities have shifted in a consistent 
manner with soil nitrogen and phosphorous additions25. If microbes were identified as important predictors of 
allergic disease, future interventions may focus on livestock feed or soil management to improve public health. 
In addition, our approach could be extended beyond the study of allergic disease to other immune-mediated 
conditions including autoimmune diseases, inflammatory diseases, and infectious disease. 
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