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 544 
Figure S1. Forecast metrics across taxonomic ranks and functional groups of soil bacteria (left column) 545 
and fungi (right column), for three different sets of model predictors. 546 
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 547 
Figure S2. Absolute value of bacterial (top row) and fungal (bottom row) model estimates for taxonomic 548 
groups of soil microbes. Letters indicate distinct groups returned by Tukey's post-hoc test after ANOVA 549 
returned p < .05. For visualization, significance to each parameter was assigned if zero did not fall within 550 
the upper and lower 95% credible interval for the parameter. 551 
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 552 
Figure S3. Mean phylogenetic contribution index of taxonomic ranks to variation in one of 6 553 
environmental predictors, or overall predictability (RSQ) estimated via the phylocomr package (69).  554 
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 555 
Figure S4. Violin plots showing parameter estimates for functional groups (top row) and taxonomic 556 
groups (bottom row) of soil microbes. T-tests show differences between fungi and bacteria for seasonal 557 
amplitude (estimated from seasonality-only model), seasonal amplitude (estimated from environmental 558 
predictor and seasonality model), and absolute sizes of environmental predictors, with asterisks indicating 559 
tests significant after false discovery rate p-value correction (83).   560 
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 561 
Figure S5. Mean of seasonality-only model estimates for ! parameter, representing temporal memory 562 
(Equation 2). ! is multiplied by abundance at previous timepoint. Significance was assigned if zero did 563 
not fall within the upper and lower 95% credible interval for the parameter. 564 
  565 
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 566 
 567 
Figure S6. Scatterplot of positive relationship between forecast prediction RSQ and spatial 568 
autocorrelation, measured using Moran's I, with higher values indicating stronger clustering of 569 
abundances over space.  570 
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 571 
Figure S7. Seasonal trends in abundances of functional groups that are expected to be associated with 572 
plant growing seasons. Lines indicate loess curves over the modeled abundances for two deciduous New 573 
England NEON sites (Bartlett Forest and Harvard Forest) with similar phenophase transition points 574 
(dormancy, greenup, peak greenness, and senescence). Copiotrophic bacteria are thought to thrive in high 575 
nutrient environments, such as soils during the growing season when plants are exchanging simple sugars 576 
with microbes, while oligotrophic bacteria thrive in lower-nutrient environments (64). Plant pathogens are 577 
fungi whose dominant trophic guild is plant pathogenic, and saprotrophs are free-living fungi that 578 
consume decaying organic matter. 579 

Dormancy Green-up Peak  
 Senescence 
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 580 
Figure S8. Scatterplot showing relationships between mean group abundance, forecast error (normalized 581 
root mean squared error, nRMSE), and seasonal amplitude, estimated from seasonality-only model. 582 
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 583 
Figure S9. Scatterplot of relationship between site latitude and site forecast accuracy (R-squared of 584 
predicted and observed values) for fungi (teal) and bacteria (orange) for seasonality-only model, with 585 
similar patterns for other predictor sets. 586 
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 587 
Figure S10. Forecast error (normalized root mean squared error, nRMSE) by latitude of observed sites, 588 
for groups with significant latitude-error relationships. Forecasts are from linear models with 589 
environmental predictors and seasonality. 590 



Forecasting the soil microbiome at a continental scale  

 591 
Figure S11. P-values of variograms created for the random site effects of every statistical model. While 592 
the site effects estimated by the models tend to have a spatial signal (median p-value below .05), but this 593 
spatial signal is rarely significant in the residuals of site effects modeled by partial least-squares 594 
regression (PLSR). P-values of PLSR residuals were not significantly different from a uniform 595 
distribution, except for the models without seasonality predictors, which retained a weak spatial signal. 596 
Variograms generated by the "variogram" function in the gstat R package (84), and significance estimated 597 
using "envelope" and "envsig" in the variosig R package (85). 598 
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 599 
Figure S12. Importance of site characteristics for explaining the site random effects of each soil fungal 600 
(orange) or bacterial (teal) group over time. Partial least squares regression models were fit to 30 site 601 
effect estimates using the plsr function from the pls package, then importance was calculated from using 602 
the "vip" function from the spectratrait R package (82). Asterisks indicate significant T-tests at alpha=.05, 603 
comparing importance values for all fungal and bacterial groups.  604 
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 605 
Figure S13. Simplified diagram of plant community phenophases assigned to each site and month by the 606 
MODIS Land Cover Dynamics data product (73). Among all 5362 site-month combinations within model 607 
calibration period, dormancy was assigned 2235 times, greenup 1115 times, peak greenness 492 times, 608 
and senescence 1520 times.  609 
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Table S1. Parameter and performance summary. Estimated parameters and performance for 673 610 
models fit to the calibration time period of 2015-11-01 to 2018-01-01. Significant linear model predictors 611 
are in bold text. NA values represent covariates not estimated by a given model, e.g. "seasonality" models 612 
included coefficients for the sine and cosine of the sampling month, but no other environmental 613 
predictors. Sigma is the process error associated with the plot-level linear model, and core_sd is the 614 
standard deviation of samples taken from a single plot and timepoint. Rho is the temporal stability or 615 
autocorrelation between timepoints. (CSV) 616 
 617 
Table S2. Summary of sites included in forecasting models.  NEON site descriptions and number of 618 
high-quality samples per site used in calibration and validation datasets for bacteria and fungi. Sample 619 
quality filtering is described in Methods. (CSV) 620 

Supplementary text 621 

Appendix S1: Extended data preparation methods. 622 
 623 
Scripts for downloading and preparing these datasets are located at https://github.com/zoey-624 
rw/microbialForecasts. Soil moisture and soil temperature data are released with approx. 1 month 625 
lag time by NEON, while microbial data takes multiple months to process before release. 626 
Therefore, “forecasts” of microbial abundance can be made before microbial data are released, 627 
but these forecasts do not continue into the future. While soil moisture and temperature are 628 
components of many weather and agricultural forecasting systems (i.e. Syngenta’s “Greencast”, 629 
National Weather Service Arkansas Red Basin forecasts), there are no publicly available forecast 630 
products that span the United States. If forecasts for model covariates become available, they 631 
will allow our microbial forecast system to extend into the future. 632 

 633 
Soil temperature 634 
Soil temperature is measured continuously at all NEON sites via an array of five soil sensors at 635 
nine depths, and released as 30-minute averages (NEON DP1.00041.001). Soil temperatures 636 
represent point measurements, so the two sensors shallower than 30 cm were retained, to match 637 
the depths of microbial soil samples.  638 

 639 
As described in the above section, sensor depth was chosen through comparison between sensor 640 
temperature data and temperature measurements associated with the soil sub-samples used for 641 
microbial analyses (NEON DP1.10047.001). The resulting measurements from samples and soil 642 
sensors were compared via linear regression R2 values, and the shallowest sensor layer (0 cm 643 
deep) had the strongest relationship (R2 = 0.63) and was used for soil temperature inputs.  644 

 645 
Temperature data were gap-filled using daily air temperature data from DAYMET (86), which 646 
was strongly correlated with NEON soil sensor data (Figure S14). 647 

https://github.com/zoey-rw/microbialForecasts
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 648 

Figure S14. A) Gap-filled soil temperature time-series for NEON sites. B) DAYMET air temperature was 649 
modeled as a linear function of NEON soil temperature sensor data, then the regression was used to 650 
predict soil temperature at sites or monthly with missing soil temperature values. Uncertainty from sensor 651 
uncertainty and monthly averaging was propagated into monthly predictions using an errors-in-variables 652 
(EIV) approach in the NIMBLE statistical software. 653 

 654 
Soil water content (i.e. soil moisture) 655 
Volumetric soil water content (SWC) is measured continuously at all NEON sites via an array of 656 
five soil sensors at eight depths, and released as 30-minute averages (NEON DP1.00094.001). 657 
SWC sensors vertically integrate moisture from 5 cm above and below sensor midpoint, so 658 
sensors shallower than 25 cm were retained, to match the depths of microbial soil samples. 659 

 660 
To decide which sensor depths were most relevant for microbial communities, we compared 661 
sensor data to gravimetric SWC measurements, which were associated with the soil sub-samples 662 
used for microbial analyses (NEON DP1.10047.001). To match the units of volumetric SWC 663 
sensor data, gravimetric SWC, θg, was converted to volumetric SWC, θv,  by multiplying SWC 664 
by soil bulk density, BD: 665 
 666 

θv = θg *  BD  667 
 668 

Soil bulk density was derived from each site from an initial characterization product (NEON 669 
DP1.10047.001); data were subsetted to soil horizons no deeper than 35 cm and mean bulk 670 
density was calculated for the site. The resulting moisture measurements from samples and soil 671 
sensors were compared via linear regression R2 values, and the second shallowest sensor layer 672 
(approx. 6 cm deep at most sites) had the strongest relationship and was used for soil moisture 673 
inputs.  674 
 675 
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Moisture data were gap-filled using daily soil moisture values from soil sensor networks when 676 
available, and from satellite-derived values otherwise. Gap-filling used data from Soil Climate 677 
Analysis Network (SCAN), NASA’s Soil Moisture Active Passive (SMAP) satellite, and ESA’s 678 
Soil Moisture and Ocean Salinity (SMOS) satellite, in that order (87–89). Correlations with 679 
NEON soil sensor data varied by source (Figure S15). 680 

 681 

 682 
Figure S15. A) Gap-filled soil moisture time-series for NEON sites. B-D) Soil moisture from each source 683 
was modeled as a linear function of NEON soil moisture sensor data, then the regression was used to 684 
predict soil moisture at sites or monthly with missing soil moisture values. Uncertainty from sensor 685 
uncertainty and monthly averaging was propagated into monthly predictions using an errors-in-variables 686 
(EIV) approach in the NIMBLE statistical software. 687 
 688 
Soil moisture/temperature averaging and uncertainty propagation: 689 
NEON calculates expanded uncertainty estimates, which incorporate individual measurement 690 
uncertainty into time-averaged mean uncertainties for 30-minute means (described in (90, 91)). 691 
Because we averaged data by the month, we scaled up the uncertainties associated with each 692 
measurement (reported by NEON as "Expanded Uncertainty" and "Standard Error") by sampling 693 
random biases and errors from a month's 30-minute measurements to add to each month's mean 694 
values, resulting in a site-level time-series with varying amounts of uncertainty depending on 695 
data source and reported measurement uncertainty. 696 

 697 
Soil pH and percent carbon 698 
Many soil cores used for microbial samples had associated measurements of soil pH and percent 699 
carbon reported in DP1.10086.001 (92). For forecasts, however, we do not expect to know where 700 
in a plot the soil cores will come from; therefore, plot-level mean values were constructed using 701 
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all previous soil pH and percent carbon measurements, and these plot-level values were used for 702 
prediction, with site-level values used to gap-fill any missing plot-level values. One site with no 703 
soil chemistry measurements from any year was excluded from models (ABBY). 704 

 705 

 706 
Figure S16. Variation across sampling plots and timepoints, within 3 example NEON sites, for 707 
observed measurements of A) soil pH and B) soil percent carbon. Points indicate individual 708 
measurements that were aggregated at the plot level. 709 
 710 
Ectomycorrhizal basal area percent 711 
Percent basal area of ectomycorrhizal trees was estimated using stem diameter from the NEON 712 
woody plant vegetation structure (DP1.10098.001) (93)), with ectomycorrhizal status assigned to 713 
individual trees using species names. After accounting for insect-damaged and fallen trees, basal 714 
area of trees was scaled to the plot level and values were averaged over all years of 715 
measurements. The following site identifiers had a land cover type of "Cultivated Crops", 716 

https://www.zotero.org/google-docs/?YaXbQz
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"Shrub/Scrub", or "Grassland/Herbaceous" and consequently had no ectomycorrhizal tree 717 
abundances: BARR, CPER, DCFS, JORN, KONA, OAES, STER, TOOL, and WOOD. 718 
 719 
Leaf area index (LAI) 720 
To calculate the monthly LAI for each site, we first use the site latitude and longitude as input to 721 
the call_modis function from the PecanTools R package (94) to download the satellite-based 722 
MOD15A2H Version 6 Moderate Resolution Imaging Spectroradiometer (MODIS) combined 723 
Leaf Area Index (LAI) and Fraction of Photosynthetically Active Radiation (FPAR) product 724 
(95). LAI values were then averaged from each site and month from the 8-day composite values. 725 

Appendix S2: Determination of calibration time period  726 
 727 
Provisional data from NEON was available to extend the time series to additional years, but 728 
inclusion of these data led to higher forecast bias. This had a known cause for bacterial 729 
sequences (a methodological shift in 16S amplicon sequencing primers (17)) but the bias could 730 
not be explained for fungi. After evaluating the hindcasts, we increased the model calibration 731 
period to include all available data (spanning 2018-2020, but only for a subset of sites), which 732 
increased precision in environmental predictor covariates and reduced overall confidence 733 
intervals (Figure S17).  734 
 735 

 736 
Figure S17. Calibration periods used in this analysis, shown as a time-series at one plot. Provisional data 737 
(red) was dropped due to bias caused by methodological changes. Partial dataset (blue) was used to 738 
evaluate forecasts. Full dataset (green) was used to create forecasts that can be evaluated in the future. 739 

Appendix S3: Nimble Statistical Modeling Code. 740 

The Nimble code below (embedded in R) represents a dynamic linear model of a single group, 741 
with environmental covariates and seasonal predictors included. Nimble code for the two simpler 742 
models is hosted at https://github.com/zoey-rw/microbialForecasts. 743 
 744 
Nimble is a Bayesian statistical language and software with benefits for ecological modeling 745 
(96). It creates custom statistical distributions that represent common ecological data formats, 746 
such as counts, zero-inflation, and correlated data. For iterative forecasting in particular, the 747 
availability of cutting-edge data assimilation algorithms (e.g. sequential monte carlo filters) 748 
enables states to efficiently be updated with new data.    749 
 750 
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Data (observation) model 751 

In constructing the statistical model, we evaluated the following distributions for the data model 752 
(lines 3-6 in Example Code below), representing the microbial relative abundances observed in 753 
multiple soil samples taken from the same plot (about 20m2).  To increase computational 754 
efficiency, we leveraged the advantage of conjugate Gibbs sampling whenever possible: 755 
parameterizations of variance terms (e.g. distributions such as gamma, Inverse gamma, Normal 756 
truncated). 757 
 758 
Dirichlet distribution 759 
The Dirichlet distribution is a multivariate generalization of the beta distribution, allowing 760 
multiple fractional abundances to be modeled at once (17, 97). This accounts for covariance 761 
among microbial taxa arising simply from the "sum-to-one" constraint. However, the number of 762 
model-estimated parameters increases linearly with the number of taxa included, and model 763 
fitting is much less efficient (evaluated using Effective Sample Size (ESS) / computation time, 764 
from the compareMCMCs R package (98)). When low-abundance taxa are included, model-765 
fitting occurred on the scale of weeks or months, rather than hours or days. Additionally, the 766 
Dirichlet distribution does not account for correlation between increased sequencing depth and 767 
precision, which can lead to heteroskedastic observation error. We found that predicted 768 
coefficients were qualitatively similar between the Dirichlet and Beta regression approaches. 769 
 770 
Multinomial Dirichlet distribution 771 
The multinomial Dirichlet distribution has the properties of the Dirichlet distribution, with an 772 
additional set of parameters representing observation error. This is a natural choice for microbial 773 
data, since it can model fractional abundances as well as the effects of sequencing depth. 774 
However, it had the same practical drawbacks as standard Dirichlet, with even lower model-775 
fitting efficiency and high sensitivity to model priors and initial conditions. 776 

 777 
Normal distribution with CLR transformation 778 
The center log-ratio (CLR) transformation is a common choice for microbial relative abundance 779 
data because it reduces the impact of the sum-to-one constraint by scaling all abundances against 780 
the geometric mean of a "reference" taxon (99). Because transformed values enter an unbounded 781 
space (-Inf, Inf), the Normal distribution can be used for modeling observations. However, this 782 
approach can make forecasts harder to interpret: forecast users may have to transform values 783 
back to (0,1) for interpretability, or apply the CLR-transformation to all subsequent microbial 784 
samples to compare observations with forecasts. We found that models fit to CLR-transformed 785 
data produced similar parameter estimates to models fit with Beta-distributed relative 786 
abundances, but the overall convergence rate was lower, especially for rare (low-abundance) taxa 787 
(Fig S18).  788 
 789 
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 790 
Figure S18. Comparison of models fit to microbial data transformed via centered-log ratio 791 
(CLR) or modeled as beta-distributed relative abundances. Left set of figures shows correlation 792 
between parameter estimates from the two approaches, calculated from the black points, which 793 
represent models that converged with both approaches; gray points are models that did not 794 
converge with one of the approaches. Right panel shows the percent of models converged as a 795 
function of the mean relative abundance of a group, for all abundance levels with more than one 796 
group representative. Colors indicate model approach and point size indicates the sample size of 797 
models at each abundance level. 798 

Link function 799 

Considerations for link function (which links the observed relative abundance values to the 800 
underlying model of the ecological process): the logit-link is commonly used link function, and 801 
improved model convergence by reducing proposed MCMC values outside the (0,1) interval. We 802 
also evaluated models with no link function, or with a log-link, which are both statistically valid, 803 
but led to much longer convergence times. 804 

Bayesian prior considerations 805 

 806 
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Figure S19. Distributions chosen as weakly informative priors in hierarchical Bayesian models.  807 
 808 
Priors for process error (sigma, lines 46) and core-level variation (core_sd, line 45) were 809 
represented by an Inverse gamma distribution (Fig S19A). Priors for site effect variation (sig, 810 
line 47) were represented by a more lenient inverse gamma distribution (Fig 19B). 811 
 812 
Error around environmental predictor values (lines 55-81) represents a combination of multiple 813 
error sources, which were modeled separately to reduce computational effort. This includes 814 
instrument error, reported by some of the data sources (see Appendix S2), and uncertainty 815 
around the specific sampling date within a month (represented by the standard deviation of the 816 
entire month's values).  817 
 818 
Priors for coefficients associated with environmental predictors (lines 53) were given relatively 819 
flat priors with a mean of zero and a precision of .0001, corresponding to a standard deviation of 820 
100. These priors could be improved with domain-specific knowledge from experimental or field 821 
manipulation, e.g. heat-loving soil extremophiles may be assigned a strong positive prior 822 
distribution, representing scientific evidence for an effect. However, in this analysis, 823 
uninformative priors were used for all environmental predictors to facilitate comparisons 824 
between model structures. 825 
 826 
Code Example 1. 827 
nimbleMod <- nimble::nimbleCode({  828 
  829 
 # Loop through core observations (column 1 of input df "y") ---- 830 
 for (i in 1:N.core) { 831 
  y[i, 1] ~ T(dnorm(mean = plot_mu[plot_num[i], timepoint[i]], sd = core_sd), 0, 1) 832 
 } 833 
  834 
 # Plot-level process model ---- 835 
 for (p in 1:N.plot) {  836 
  for (t in plot_start[p]) {  837 
   # Plot means for first date 838 
   logit(Ex[p, t]) ~ dnorm(mean = X_init, sd = .2) 839 
   plot_mu[p, t] ~ T(dnorm(mean = Ex[p, t], sd = sd_init), 0, 1) 840 
  } 841 
   842 
  # Second date onwards 843 
  for (t in plot_index[p]:N.date) { 844 
   # Dynamic linear model 845 
   logit(Ex[p, t]) <- rho * logit(plot_mu[p, t - 1]) + 846 
    beta[1] * temp_est[plot_site_num[p], t] + 847 
    beta[2] * mois_est[plot_site_num[p], t] + 848 
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    beta[3] * pH_est[p, plot_start[p]] + 849 
    beta[4] * pC_est[p, plot_start[p]] + 850 
    beta[5] * relEM[p, t] + 851 
    beta[6] * LAI[plot_site_num[p], t] + 852 
    beta[7] * sin_mo[t] + 853 
    beta[8] * cos_mo[t] + 854 
    site_effect[plot_site_num[p]] + 855 
    intercept 856 
    857 
   # Define shape parameters for process error (sigma) model 858 
   shape1[p, t] <- Ex[p, t] * ((Ex[p, t] * (1-Ex[p, t]))/sigma^2 - 1) 859 
   shape2[p, t] <- (1 - Ex[p, t]) * ((Ex[p, t] * (1-Ex[p, t]))/sigma^2 - 1) 860 
    861 
   # Add process error (sigma) 862 
   logit(plot_mu[p, t]) ~ dLogitBeta(shape1[p, t], shape2[p, t]) 863 
  } 864 
 } 865 
  866 
 # Priors for site effects---- 867 
 for (k in 1:N.site) { 868 
  site_effect[k] ~ dnorm(0,  sd = sig) 869 
 } 870 
  871 
 core_sd ~ dinvgamma(5,.5) 872 
 sigma ~ dinvgamma(5,.5) 873 
 sig ~ dinvgamma(3,1) 874 
  875 
 intercept ~ dnorm(0, sd = 1) 876 
 rho ~ dnorm(0, sd = 1) # Autocorrelation 877 
 X_init <- .5 # Initial plot mean - will be constrained by data 878 
 sd_init <- .01 # Initial process error 879 
 beta[1:8] ~ dmnorm(zeros[1:8], omega[1:8, 1:8]) 880 
  881 
 # Add driver uncertainty if specified ---- 882 
 if (temporalDriverUncertainty) { 883 
  for (k in 1:N.site) { 884 
   for (t in site_start[k]:N.date) { 885 
    mois_est[k, t] ~ dnorm(mois[k, t], sd = mois_sd[k, t]) 886 
    temp_est[k, t] ~ dnorm(temp[k, t], sd = temp_sd[k, t]) 887 
   } 888 
  } 889 
 } else { 890 
  for (k in 1:N.site) { 891 
   for (t in site_start[k]:N.date) { 892 
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    mois_est[k, t] <- mois[k, t] 893 
    temp_est[k, t] <- temp[k, t] 894 
   } 895 
  } 896 
 } 897 
 if (spatialDriverUncertainty) { 898 
  for (p in 1:N.plot) { 899 
   pH_est[p, plot_start[p]] ~ dnorm(pH[p, plot_start[p]], sd = pH_sd[p, 900 
plot_start[p]]) 901 
   pC_est[p, plot_start[p]] ~ dnorm(pC[p, plot_start[p]], sd = pC_sd[p, 902 
plot_start[p]]) 903 
  } 904 
 } else { 905 
  for (p in 1:N.plot) { 906 
   pH_est[p, plot_start[p]] <- pH[p, plot_start[p]] 907 
   pC_est[p, plot_start[p]] <- pC[p, plot_start[p]] 908 
  } 909 
 } 910 
  911 
}) #end NIMBLE model912 
 913 
  914 
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