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A B S T R A C T

D esp ite  th e  central role o f  m icroorganism s in b iogeochem istry , process m od els rarely exp lic itly  account 
for variation  in com m u n ities . Here, w e  u se  statistica i m od eis to  address a fu ndam entai q u estion  in 
e co sy ste m  eco iogy: do w e  n eed  to b etter  un derstand  m icrobiai com m u n ities  to  accurateiy predict 
e co sy ste m  function? N itrogen  (N) cycie process rates and assoc ia ted  g en e  abu ndances w ere  m easured  in 
tropicai rainforest so ii sam p ies co iiected  in M ay (eariy w e t  season ) and O ctober (iate w e t  season ). W e  
used  s tep w ise  iinear regressions to exam in e  th e  exp ianatory p o w e r  o f  edaph ic  factors and functionai 
g en e  reiative abu ndances a ion e  and in com b in ation  for N -cycie p rocesses, usin g  b oth  our fuii d a taset and  
season ai su b sets  o f  th e  data, in  our fuii dataset, no m od eis using gen e  abu ndance data exp ia in ed  m ore  
variation  in process rates th an m od eis  based  on  edaph ic  factors a ione, and m od eis th at con ta in ed  both  
edaph ic  factors and co m m u n ity  data d id n o t exp iain  significan tiy  m ore variation in process rates than  
edaph ic  factor m od eis. H ow ever, w h e n  season ai d atasets  w ere  exam in ed  separateiy, m icrobiai predictors  
en h an ced  th e  exp ianatory  p o w er  o f  edaph ic  predictors o n  d issim iia tory  nitrate red uction  to am m on iu m  
and N2O effiux rates during October. Because th ere w as iittie  variation in th e  exp ianatory p o w er  o f  
m icrobiai predictors a ion e  b e tw e e n  seasonai datasets, our resuits su g g est th at env iron m en ta i factors w e  
did not m easure m ay be m ore im portant in structuring co m m u n itie s  and regu iating p rocesses in O ctober  
th an  in May. Thus, tem p orai dyn am ics are key to  u n derstand ing  th e  reiationship s b e tw e e n  edaph ic  
factors, m icrobiai co m m u n itie s  and eco sy ste m  fu nction  in th is system . The sim p ie  statistica i m eth od  
p resen ted  here can accom m od ate  a variety  o f  data typ es  and shou id  heip  prioritize w h a t form s o f  data  
m ay be m o st u sefu i in e co sy stem  m od ei d eve iop m en t.
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inform ation on microbial com m unities is rarely explicitly  
considered in large-scale ecosystem  m odels, instead, m ost such  
m odels im plicitly assum e that microbial activity can be represented
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by m athem atical equations that apply across diverse environm ents 
(Todd-Brown et al., 2012). However, recent work supports predic­
tive relationships b etw een  microbial traits and ecosystem  function  
(Follows et al,, 2007; Allison, 2012), Thus, a fundam ental question  
for ecosystem  eco logy  rem ains w idely  debated: W hen do w e  need  
to understand details about microbial com m unities to accurately  
predict process (e.g., Carney and M atson, 2005; van der Heijden 
et al,, 2008; Leff et al,, 2012; Petersen et al,, 2012)?

in particular, the added  value o f  data on microbial traits — or the  
predictive pow er o f data on microbial com m unity traits above and
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Table 1
M ultip le  lin ea r reg ress ions  w ere  co n s tru c ted  w ith  th re e  sets  o f  p red ic to rs  for each  p rocess, (1) ed a p h ic  variables, (2) re la tive  g ene  ab undances , an d  (3) b o th  ed a p h ic  variab les 
an d  re la tive  g ene  abu n d an ces . P red ic to rs an d  s ta tis tica l resu lts  o f b e s t-f i t m ode ls  a re  p re se n te d  in  Table 1. E daphic m o d e ls  ve rsu s  overall m ode ls  w ere  co m p ared  u sing  ANOVA, 
an d  th e  resu lts  a re  also  p re se n te d  below .

Process E daphic m ode l Relative gene  ab u n d an ce  
m ode l

O verall m odel E daphic — overa ll m ode l 
com parison

N itrification P red ic to rs N H^_pool, N H ^_poorpH , pH a m o A am oA, NH4_pool, pH*amoA, pH E(19,18) =  3.37
p  =  0.08

S tatistical R esults M odel p  =  0.007 M odel p  =  0.06 M odel p  =  0.005
Adj. R2 =  0.38 Adj. J?2 =  0.12 Adj. R2 =  0.45

DNRA P red ic to rs In (so iL m oist), pH, napA , narG In(so iL m oist), N03_pool, N03_ p o o rp H , E(20,18) =  3.29
N O j_pool, ln(soil_m oist)*pH pH, narG , pH *ln(soil_m oist) p  =  0.06

S tatistical R esults M odel p  =  0.001 M odel p  =  0.002 M odel p  =  0.0008
Adj. =  0.49 Adj. R^ =  0.39 Adj. R^ =  0.59

Efflux P red ic to rs N O j_pool, pH, In (so iL m oist) nirS*nosZ, nirS, pH, nirS, N03_p o o rn irK , N03_pool, E(19,14) =  2.08
nosZ, nirK nirK, ln(soil_m oist)*nosZ, In (so iL m oist), nosZ p  =  0.13

S tatistical R esults M odel p  =  0.0008 M odel p  =  0.0008 M odel p  =  0.003
Adj. =  0.51 Adj. R^ = 0.55 Adj. R^ =  0.62

beyond that o f  environm ental factors alone — has not yet been  
explicitly considered. Schlm el (2001) noted that m any process- 
based m odels im plicitly  consider m icroorganism s by accounting  
for variation In factors that regulate microbial com m unity  
com position, such as pH (Flerer et al., 2007), m oisture (Nem ergut 
et al., 2010), substrate availability (Legg et al., 2012), tem perature  
(Shade et al., 2012) and salinity (Lozupone et al., 2007). Yet, com ­
m unities are not entirely determ ined by abiotic variables, as factors 
Including dorm ancy (Jones and Lennon, 2010; Lennon and Jones, 
2011), priority effects (Fukaml, 2004), and neutral com m unity as­
sem bly processes (Ferrenberg et al., 2013; Nem ergut et al., 2013) 
can also structure com m unities. The degree to w hich such factors 
affect the com position, functional traits, and activity o f  a given  
microbial com m unity w ill affect the value o f  microbial data In 
predicting ecosystem  processes beyond that o f environm ental 
factors alone.

Here, w e  used statistical m odels to com pare the pow er o f  
edaphic factors to predict soil microbial processes w ith  and w ithout 
data on  microbial traits. Because data on  microbial traits can pro­
vide a m ore accurate representation o f functional potential than  
data on overall com m unity structure (Polz et al., 2006; Burke et al., 
2011), w e  used quantitative polym erase chain reaction (qPCR) data 
on functional genes for this analysis. W e focused on  genes Involved  
In nitrogen (N) cycling as w ell as m easurem ents o f  nitrification, 
dissim ilatory nitrate reduction to am m onium  (DNRA), and nitrous 
oxide (N2O) em ission  rates determ ined using 15-N tracers. All data 
w ere generated from soils collected In May (early w et season) and 
October (late w et season) from a low land tropical forest on the Osa 
Peninsula, Costa Rica (8°43' N, 83°37' W; W ieder et al., 2013). 
Abundances o f genes Involved In nitrification (bacterial and

Thaumarchaeota amoA), nitrate reduction (narG  and napA), nitrogen  
fixation (ni/H), and denltrlficatlon (a likely source o f N2O em issions; 
nirS, nirK, and nosZ) w ere used as proxies o f  microbial trait abun­
dances, as described by W ieder et al. (2013). Edaphic factors, 
Including pH, m oisture, NO3 and N H j pools, and total C and N 
content w ere collected to describe environm ental conditions 
(W ieder et al., 2013). Because only a subset o f  the data for w hich w e  
had qPCR data w ere used, som e o f  the relationships Identified here 
vary slightly from those presented In W ieder et al. (2013).

Three sets o f  m ultiple linear regressions w ere fit to the data to 
explain rates o f  each N-cycle process; (1) m odels w ith  edaphic  
predictors only; (2) m odels w ith  gene abundance predictors (narG, 
napA, nifH, nirS, nirK, and nosZ  relative to bacterial 16S rRNA gene  
abundance and amoA  relative to bacterial +  Thaumarchaeota 16S 
rRNA gene abundance) only; and (3) m odels w ith  both edaphic and 
gene relative abundance predictors. Comparisons b etw een  edaphic  
and overall m odels w ere conducted using a partial ANOVA to 
com pare the sum  o f squared errors for each m odel, and to deter­
m ine If m odels w ith  different predictors w ere significantly different 
(a  =  0.05). Finally, w e  used linear regression to com pare the re­
siduals o f the best-fit edaphic m odels and Individual gene  relative 
abundance predictors to determ ine If microbial predictors 
explained a different proportion o f the variance In process than  
edaphic factors alone. W e perform ed analyses on  sam ples collected  
during May and October separately as w ell as on the entire dataset 
together to exam ine the effect o f  tem poral dynam ics on the re­
lationships b etw een  edaphic factors, microbial com m unities and N- 
cycllng processes.

W hen exam ining our data across both seasons com bined, w e  
found that edaphic factors yielded m ore explanatory pow er than
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Fig. 1. U nivariate m odels w ere  construc ted  evaluate th e  effect o f pH alone on (a) nitrification, (b) DNRA, and (c) ’^N20 efflux rates. pH w as th e  strongest individual edaphic p red icto r 
o f all N-cycle processes.
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Fig. 2. The explanatory  pow er o f relative gene abundances on edaphic m odel residuals w as exam ined  using iinear regressions in our fuii d a tase t for (a) nitrification, (b) DNRA, and 
(c) '^N20 efflux rates, in pane l (a), amoA abundance is rep resen ted  by fiiied dots, in  panel (b), narG abundance is rep resen ted  by fiiied do ts and  napA abundance  is rep resen ted  by 
unfiiied dots, in  panel (c), fiiied dots rep resen t nirS abundance, unfiiied do ts rep re sen t nirK abundance, and  unfiiied triangles rep resen t nosZ abundance. Reiative gene abundances 
d id  n o t expiain any residual variation  in edaphic m odeis, suggesting th a t gene abundances expiained th e  sam e portion  o f variance in  process as edaphic predictors.

microbial predictors for nitrification (Adj. R o f  0 ,38 vs, 0,12), but 
that the explanatory pow er o f edaphic versus microbial predictors 
did not vary for DNRA or N2O em issions (Table 1), The explanatory  
pow er o f  both edaphic and gene abundance predictors on rates w as 
low est for nitrification, w h ich  could Indicate the presence o f  un­
m easured edaphic factors and/or undetectable nitrification genes  
(Hatzenplchler, 2012), In the full dataset, w e  did not observe any 
significant Increase in explanatory pow er w h en  microbial pre­
dictors w ere added to edaphic m odels for any process (Table 1), A 
sim ilar relationship w as observed by Attard et al, (2011), w h o  
show ed that denltrlficatlon rates In an agricultural system  w ere  
primarily determ ined by soil characteristics rather than microbial 
com m unity structure or functional com position. Furthermore, 
w h en  w e  considered the effect o f  each variable Independently, w e  
found that pH w as the strongest Individual predictor o f all N-cycle 
processes and w as correlated w ith  all N-cycllng gene abundances, 
suggesting that pH w as the m ost Important factor In determ ining  
both process rates and microbial functional traits across seasons 
(Fig, 1), Finally, data on gene relative abundances did not explain  
any residual variation In process rates constructed from edaphic  
factors alone (Fig, 2),

Interestingly, w h en  w e  analyzed sam ples from each season  
separately, w e  found that all m odels yielded higher explanatory  
pow er In the late w et season than w e  observed In the full dataset 
(Table 2 vs. Table 1), Moreover, Including both functional gene

relative abundances and edaphic factors In DNRA and N2O efflux 
m odels significantly Improved our explanatory pow er relative to 
m odels w ith  only edaphic predictors for the October dataset 
(Table 2), Our statistical pow er w as m uch low er In the early w et  
season than In the late w e t season (n =  8 and n =  17, respectively), 
and only one m odel — an edaphic m odel for DNRA rates — 
explained significant variation In process rates In May (Adj, 

=  0,72); no other m odel for any process or predictor set y ielded  a 
significant relationship In the May dataset (data not shown). 

W hile som e o f the observed seasonal differences are undoubt­
edly related to differences In sam ple size, our analysis show s a 
difference betw een  the explanatory pow er o f  m odels for the late 
w et season data as com pared to the entire dataset. Furthermore, 
the explanatory pow er o f microbial predictors alone for process 
rates did not vary betw een  our October subset and the full dataset 
(Tables 1 and 2), suggesting that a decrease In the Importance of  
edaphic factors, not an Increase In the Importance o f microbial 
com m unities, drove the added value o f  microbial data In October, 
Together our results suggest that environm ental factors that w e  did 
not m easure are m ore Important In structuring com m unities In the  
late w et season  than In May, October soils featured higher total 
abundances o f  DNRA and denltrlficatlon genes (data not show n), 
supporting previous work that show s that anoxic processes are 
m ore Important In this season than In the early w et season (W ieder 
et al,, 2011), It Is possible that soli oxygen or som e other

Table 2
M ultip le  lin ear reg ress ions  w e re  c o n s tru c ted  w ith  th re e  se ts  o f  p red ic to rs  fo r each  p rocess  in  O ctober an d  May, (1) ed a p h ic  variables, (2) re la tive  g ene  abu n d an ces , and  (3) b o th  
ed a p h ic  variab les an d  re la tive  g ene  abundances . P red ic to rs  an d  s ta tis tica l resu lts  o f b es t-fit m ode ls  fo r o u r  O ctober su b se t are  p re se n te d  in  Table 2, as on ly  o n e  m ode l w as 
s ign ifican t in  May. E daphic m o d e ls  ve rsu s  overall m o d e ls  w e re  co m p ared  u sing  ANOVA, an d  th e  resu lts  a re  also p re se n te d  below .

Process E daphic m ode l Relative gene 
ab u n d a n ce  m ode l

O verall m ode l E daphic — overall 
m o d e l com parison

N itrification P red ic to rs pH. N H ^_pool am oA pH *ln(am oA), pH, 
In(am oA), N H t_poo l

E( 14,12) =  1.18
p  > 0.20

S tatistical R esults M odel p  < 0.001 
Adj. = 0.70

M odel p  =  0 .06 
Adj. =  0.16

M odel p  < 0.001 
Adj. =  0.70

DNRA P red ic to rs soil_m oist*N03_pool, 
so iL m ois t, N O j_poo l

napA , narG , napA *narC soil_m oist*N03_pool, 
so iL m oist, N03_pool, napA, 
narG , napA*narG

E(13,9) =  5.07
p  =  0.02

S tatistical R esults M odel p  < 0.001 
Adj. =  0.83

M odel p  =  0.03 
Adj. R^ =  0.38

M odel p  < 0.001 
Adj. R^ =  0.92

'^NaO Efflux P red ic to rs pH*N03_pool, pH, 
N O j_pool, so iL m o ist

nirS*nosZ, nirK, nirS, noZ pH*N03_pool, pH, N03_pool, 
soil_m oist*nosZ, so iL m oist, 
nosZ, nirK, nirS

E(12,8) =  6.56
p  =  0.01

S tatistical R esults M odel p  =  0 .004 
Adj. R2 =  0.60

M odel p  =  0.004 
Adj. R2 =  0.62

M odel p  < 0.001 
Adj. r2  =  0.86
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unm easured factor (e.g., Ehrenfeld, 2003; Fortuna et al., 2012) is a 
m ore im portant driver o f com m unities as w ell as process in 
October as com pared to May. Thus, had w e  m easured all potential 
regulatory edaphic factors, the added value o f  microbiai data in 
October m ay not have been  significant.

Our results suggest that the added value o f  microbiai data for 
explaining function over edaphic factors aione varies seasonally  
and by N-cycie process in this tropical rainforest ecosystem . Broad 
conclusions on  the need for directly m odeling com m unity structure 
w ill require further exam ination across ecosystem  types and pro­
cesses, at a range o f  tem poral scales. Specificaiiy, ecosystem  m odeis 
m ay need to incorporate seasonai changes in the drivers o f pro­
cesses to m ost accurately predict ecosystem  function. Thus, the  
sim ple statistical m ethod presented here, w h ich  can be readily 
extended to accom m odate a w ide  variety o f  ecological data across 
spatial and tem porai scales, can be used to evaluate the utility o f  
data types in disparate ecosystem s.
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