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Community challenge 
Forests 

challenge, which is presented here, we forecasted canopy greenness throughout the spring at eight deciduous 
broadleaf sites to investigate when, where, and for what model type phenology forecast skill is highest. A total of 
192,536 predictions were submitted, representing eighteen models, including a persistence and a day of year 
mean null models. We found that overall forecast skill was highest when forecasting earlier in the greenup curve 
compared to the end, for shorter lead times, for sites that greened up earlier, and when submitting forecasts 
during times other than near budburst. The models based on day of year historical mean had the highest pre
dictive skill across the challenge period. In this first round of the challenge, by synthesizing across forecasts, we 
started to elucidate what factors affect the predictive skill of near-term phenology forecasts.   

1. Introduction 

Plant phenology is a primary ecological indicator of climate change 
(Parmesan and Yohe, 2003) and impacts a variety of ecosystem pro
cesses including surface roughness, albedo, canopy conductance, and 
carbon dioxide and water fluxes (Richardson et al., 2013). Realistic 
representations of plant phenology are crucial for reliable global carbon 
and water cycle predictions in climate models (Stockli et al., 2008). In 
particular, the timing of spring phenology is advancing earlier (Piao 
et al., 2019) and influences other phenological transitions, such as 
senescence (Keenan and Richardson, 2015). Given this, we want to be 
able to anticipate future changes in phenology by assessing how well 
models perform in the near-term. 

One important plant functional type that is changing is cold- 
deciduous plants (Piao et al., 2019), which enter dormancy through 
shedding leaves in cold conditions. In the spring, they experience bud
burst to break dormancy and then increases in total leaf area through 
expansion and unfolding (Chuine and Regniere, 2017). Budburst re
quires both chilling during the first stage of dormancy (endodormancy) 
and warming during the second stage (ecodormancy; Chuine and 
Regniere, 2017). Since monitoring the switch from endodormancy to 
ecodormancy is challenging, we might expect that predicting canopy 
greenness around budburst is harder than other parts of the spring, but it 
is unclear if this is true. Even though we understand spring physiological 
mechanisms, there exists a large variation in the types of phenology 
models (Chuine and Regniere, 2017; Piao et al., 2019). Additionally, 
since the drivers differ between warm and cold regions (Moon et al., 
2021; Zohner et al., 2016) and warmer regions tend to budburst earlier 
than colder regions, site predictability likely differs based on greenup 
timing, but it is unclear how. One way to improve our ability to model 
phenology is through ecological forecasting. 

Near-term ecological forecasting has societal and scientific benefits. 
By creating an iterative feedback loop on learning and model 
improvement, it accelerates our scientific understanding, and by with
holding yet-to-be-collected future data for validation (Dietze, 2017; 
Dietze et al., 2018), it makes models more robust by reducing the pos
sibility of overfitting. Therefore, making and evaluating forecasts can 
help reveal phenology predictability and elucidate which types of 
models have the highest skill in the near-term. Additionally, unlike 
studies that predict changes to phenology in 2100 under climate change 
scenarios (e.g., Archetti et al., 2013; Delpierre et al., 2009; Keenan and 
Richardson, 2015; Lebourgeois et al., 2010; Xie et al., 2018), near-term 
forecasting allows for the rapid and iterative testing of models and hy
potheses against new observations. Improving near-term phenology 
forecasts has benefits ranging from informing scientists of data collec
tion times, optimizing land management activities, and improving 
weather forecasts (Morisette et al., 2009; Xue et al., 1996). Furthermore, 
since canopy greenness data can have a low latency (e.g., less than a 
day), phenology forecasts are not subject to data reporting delays, which 
are common in other forecasted ecological systems (Johansson et al., 
2019). Thus, phenology is an ideal system for executing ecological 
forecasting and testing forecasting theory. 

Previous efforts to forecast phenology have spanned spatial and 
temporal scales from the greenup of individual species made based on 
in situ observations (Gerst et al., 2021) to predictions of land surface 

phenology using vegetation indices derived from satellite imagery (e.g., 
Neupane et al., 2022; Xu et al., 2021). Additional examples include the 
large-scale forecasting efforts by the United States National Phenology 
Network (Crimmins, 2020) and the automated species-level forecast 
system of Taylor and White (2020). Existing forecasts typically focus on 
forecasting the timing of specific phenological transition dates instead of 
daily phenological conditions. However, the underlying seasonal pro
cesses of phenological development are typically continuous and dy
namic, meaning that the phenological condition tomorrow is based on 
that of today. 

In addition to improving the representation of the physiological 
process, representing phenology as continuous also allows for iterative 
data assimilation approaches that update predictions continuously with 
new phenological observations (Viskari et al., 2015). By providing the 
potential to assimilate more data that is closer temporally to when is 
being forecasted, this likely cause forecasts to become more accurate as 
lead time (i.e., difference between the date forecasted and the date the 
forecast was submitted) decreases. Additionally, forecast skill should be 
higher for shorter lead times because of the influence of lead time on 
meteorological forecasts accuracy. Thus, there is an unmet opportunity 
to improve our understanding of phenological processes and how dy
namic models compare to other model classifications by forecasting 
spring green-up as a continuous process. 

Unlike previous phenology forecasting efforts that occurred without 
a common community framework, an open community challenge with a 
clear set of guidelines and shared cyberinfrastructure and data allows for 
comparisons across forecast models and provides insight into the pre
dictability of phenology outside of one specific model or team of people. 
Through providing a common pipeline to increase the ease of running 
forecasts, it also encourages more people to try forecasting, bringing 
with them different and creative perspectives. This community frame
work should help speed up the process of model development and 
forecasting phenology in the near-term. 

In response to this need, the Ecological Forecasting Initiative s (EFI) 
Research Coordination Network is hosting the NEON (National 
Ecological Observatory Network) Ecological Forecasting Challenge, an 
open community forecasting challenge where a design team provides 
infrastructure and guidance and teams in the ecological and related 
communities can submit forecasts of NEON data (Thomas et al., 2023a). 
In Round 1 of the Phenology Forecast Challenge in 2021, teams were 
asked to forecast daily canopy greenness at eight cold-deciduous 
broadleaf sites within NEON. We hypothesized that (H1) forecasts 
would improve as lead time decreases; (H2) the start of greenup (i.e., 
budburst) would be the hardest part of the curve to forecast; (H3) 
similarly, forecasts submitted right before budburst would have the 
lowest predictive power as they are forecasting the greenup curve; (H4) 
dynamic models that assimilate new phenology data would perform 
better than those that do not; and (H5) differences in predictability 
between sites would be explained by differences in the timing of 
greenup. The answers to these hypotheses have important ramifications 
for understanding what impacts phenology forecast skill and the matu
rity of our community s modeling efforts. 

K.I. Wheeler et al.                                                                                                                                                                                                                              
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2.  M et h o d s 

2. 1.  N E O N p h e n ol o g y f or e c asti n g c h all e n g e d es cri pti o n 

T h e  N E O N  P h e n ol o g y  F or e c a sti n g  C h all e n g e  i s  a n  o p e n  c h all e n g e 

t h at t e a m s c a n s u b mit t o a n d j oi n at a n y ti m e, u si n g m ulti pl e m o d el s if 

d e sir e d ( T h o m a s et al., 2 0 2 3 a ). F or R o u n d 1, t e a m s w er e t a s k e d wit h 

f or e c a sti n g d ail y P h e n o C a m G C C at ei g ht N E O N sit e s t hr o u g h o ut s pri n g 

f or 3 5 d a y s i nt o t h e f ut ur e f or e a c h s u b mi s si o n d a y. All m o d el s h a d at 

l e a st  o n e  t e a m  m e m b er  w h o  p arti ci p at e d  a s  a  c o- a ut h or.  T h e  d e si g n 

t e a m pr o vi d e d a t ar g et fil e of pr e vi o u s P h e n o C a m d at a f or e a c h sit e t h at 

w a s  u p d at e d  d ail y  wit h  n e w  P h e n o C a m  d at a.  F or e c a st s  w er e  t o  b e 

s u b mitt e d b y 6 p m E T e a c h d a y wit h t h e fir st d a y of t h e f or e c a st b ei n g 

t h e  s u b mi s si o n  d a y  (e. g., a  s u b mi s si o n  o n  1  F e br u ar y  2 0 2 1  i n cl u d e d 

f or e c a st s f or 1 F e br u ar y 2 0 2 1– 7 M ar c h 2 0 2 1). A s m all n u m b er of t e a m s 

fr o m u ni v er sit y c o ur s e s w er e p er mitt e d t o s u b mit l at e f or e c a st s pr o vi d e d 

n o d at a b e y o n d t h e f or e c a st st art d at e w a s u s e d. F or e c a st s l o n g er t h a n 3 5 

d a y s w er e filt er e d o ut i n t hi s i niti al a n al y si s. S u b mi s si o n s h a d t o i n cl u d e 

u n c ert ai nt y  e sti m at e s  a n d  b e  s u b mitt e d  i n  t h e  E c ol o gi c al  F or e c a sti n g 

I niti ati v e f or e c a st st a n d ar d (Di et z e et al., 2 0 2 3 ). 

2. 2. Sit e s el e cti o n a n d d es cri pti o n 

W e s el e ct e d ei g ht t e m p er at e sit e s wit hi n N E O N ( T a bl e 1 a n d Fi g. 1 ) 

t h at r e pr e s e nt e d s e v e n diff er e nt e c o cli m ati c d o m ai n s a n d t h at i n cl u d e d 

d e ci d u o u s br o a dl e af pl a nt s wit hi n vi e w of a P h e n o C a m. Sit e s h a d t w o t o 

f o ur  y e ar s  of  P h e n o C a m  d at a  pri or  t o  t h e  st art  of  t h e  C h all e n g e,  b ut 

m a n y  sit e s  h a d l o n g er-t er m  P h e n o C a m s  l o c at e d  n e ar b y  ( e. g., H ar v ar d 

F or e st) t h at c o ul d b e u s e d i n c ali br ati o n. A d diti o n all y, s o m e sit e s ( e. g., 

B artl ett)  w er e  s el e ct e d  f or  o v erl a p  wit h  ot h er  f or e c a sti n g  c h all e n g e s 

(t err e stri al fl u x e s, a q u ati c t e m p er at ur e a n d di s s ol v e d o x y g e n, ti c k p o p -

ul ati o n s, a n d b e etl e fl u x e s) wit hi n t h e E FI N E O N E c ol o gi c al F or e c a sti n g 

C h all e n g e i n R o u n d 1 ( T h o m a s et al., 2 0 2 3 a ). 

2. 3. P h e n ol o g y d at a: P h e n o C a m 

T o m o nit or c a n o p y gr e e n n e s s, w e u s e d N E O N P h e n o C a m s, w hi c h ar e 

di git al c a m er a s t h at t a k e r e g ul ar r e p e at e d i m a g e s of pl a nt c a n o pi e s a s 

p art of t h e P h e n o C a m N et w or k ( S e y e d n a sr oll a h et al., 2 0 1 9 ). T h e l o w 

l at e n c y of P h e n o C a m d at a (l e s s t h a n o n e d a y), pr o vi d e s a n o p p ort u nit y 

t o  e v al u at e  f or e c a st s  i n  r e al-ti m e.  N E O N’s  P h e n o C a m s  w er e  i n st all e d 

f oll o wi n g  t h e  st a n d ar d  P h e n o C a m  N et w or k  d e pl o y m e nt  pr ot o c ol 

(Ri c h ar d s o n et al., 2 0 1 8 ). E a c h c a m er a ( N et C a m S C I R, St ar D ot T e c h -

n ol o gi e s, B u e n a P ar k, C A, U S A) w a s c o n fi g ur e d u si n g a ut o m at e d s cri pt s 

(t h e P h e n o C a m I n st all ati o n T o ol) t o e n s ur e c o n si st e n c y i n s etti n g s s u c h 

a s e x p o s ur e a n d w hit e ( c ol or) b al a n c e, a s w ell a s i m a g e a n d m et a d at a 

a c q ui siti o n  a n d  tr a n s mi s si o n.  M ulti pl e  c a m er a s  ar e  d e pl o y e d  at  e a c h 

N E O N  sit e;  f or  t hi s  C h all e n g e,  t h e  d at a  w er e  d eri v e d  fr o m  t h e 

t o p- of-t o w er c a m er a s. 

E a c h N E O N c a m er a i s s et t o r e c or d a n i m a g e e v er y 1 5 mi n. Q u a n -

tit ati v e  i m a g e  a n al y si s  c o n si st s  of  s e v er al  st e p s.  Fir st,  a n  a p pr o pri at e 

“ r e gi o n of i nt er e st ” ( R OI) i s d e fi n e d f or t h e c a m er a, c orr e s p o n di n g t o t h e 

ar e a  wit hi n  e a c h  di git al  i m a g e  f or  w hi c h  c ol or  i nf or m ati o n  will  b e 

e xtr a ct e d. S e c o n d, i m a g e s ar e s e q u e nti all y r e a d i n, a n d t h e fr e q u e n c y 

di stri b uti o n of t h e pi x el v al u e s ( pi x el v al u e i s a n 8- bit di git al n u m b er, or 

D N) f or e a c h c ol or c h a n n el (r e d, gr e e n, a n d bl u e) i s c h ar a ct eri z e d f or t h e 

R OI  i n  e a c h  i m a g e.  T hir d,  a  n or m ali z e d  v e g et ati o n  i n d e x,  t h e  gr e e n 

c hr o m ati c c o or di n at e ( G C C ), i s c al c ul at e d: 

G C C = G D N / (R D N + G D N + B D N ) , ( 1)  

G C C h a s b e e n s h o w n t o b e hi g hl y eff e cti v e at s u p pr e s si n g v ari ati o n d u e t o 

e xt er n al f a ct or s, s u c h a s s c e n e ill u mi n ati o n ( w e at h er a n d at m o s p h eri c 

eff e ct),  a n d  m a xi mi zi n g  t h e  u n d erl yi n g  p h e n ol o gi c al  si g n al. G C C i s 

T a bl e 1 

S u m m ar y of sit e c h ar a ct eri sti c s.  

Sit e N a m e Sit e ( a n d P h e n o C a m) I D  L atit u d e  L o n git u d e  M A T 

(◦ C) 

N u m b e r of 

Y e ar s 

R e p ort e d D o mi n a nt D B S p e ci e s 

H ar v ar d F or e st, M A ( H A R V) N E O N. D 0 1. H A R V. 

D P 1. 0 0 0 3 3 

4 2. 5 3 7 − 7 2. 1 7 3  7. 1 5  4 Q u er c us r u br a 

B artl ett E x p eri m e nt al F or e st, N H ( B A R T)  N E O N. D 0 1. B A R T. 

D P 1. 0 0 0 3 3 

4 4. 0 6 3 9 − 7 1. 2 8 7  6. 1  4 F a g us gr a n dif oli a, A c er r u br u m, B et ul a 

p a p yrif er a 

S mit h s o ni a n C o n s er v ati o n Bi ol o g y I n stit ut e, 

V A ( S C BI) 

N E O N. D 0 2. S C BI. 

D P 1. 0 0 0 3 3 

3 8. 8 9 3 − 7 8. 1 4 0  1 1. 8  4 Liri o d e n dr o n t uli pif er a, J u gl a ns ni gr a 

St ei g er w al dt L a n d S er vi c e s, WI ( S T EI)  N E O N. D 0 5. S T EI. 

D P 1. 0 0 0 3 3 

4 5. 5 0 9 − 8 9. 5 8 6  4. 9 5  3 P o p ul us tr e m ul oi d es, A c er r u br u m 

T h e U ni v er sit y of K a n s a s Fi el d St ati o n, K S 

( U K F S) 

N E O N. D 0 6, U K F S. 

D P 1. 0 0 0 3 3 

3 9. 0 4 0 − 9 5. 1 9 2  1 2. 6 5  2 S y m p h ori c ar p os or bi c ul at us, C eltis o c ci d e nt alis, 

C ar y a o v at a 

Gr e at S m o k y M o u nt ai n s N ati o n al P a r k, T N 

( G R S M) 

N E O N. D 0 7. G R S M. 

D P 1. 0 0 0 3 3 

3 5. 6 8 9 − 8 3. 5 0 2  1 2. 6 5  3 Liri o d e n dr o n t uli pif er a, A c er r u br u m, A c er 

p e ns yl v a ni c u m 

D e a d L a k e, A L ( D E L A) N E O N. D 0 8, D E L A. 

D P 1. 0 0 0 3 3 

3 2. 5 4 2 − 8 7. 8 0 4  1 7. 9  4 C eltis l a e vi g at a, Li g ustr u m si n e ns e, Li q ui d a m b ar 

st yr a ci fl u a 

L y n d o n B. J o h n s o n N ati o n al Gr a s sl a n d, T X 

( C L B J) 

N E O N. D 1 1. C L B J. 

D P 1. 0 0 0 3 3 

3 3. 4 0 1 − 9 7. 5 7 0  1 7. 6 5  3 Q u er c us m aril a n di c a, S c hi z a c h yri u m s c o p ari u m 

N ot e: M A T r ef er s t o M e a n A n n u al T e m p er at ur e a n d c o m e s fr o m t h e D a y m et ( T h or nt o n et al., 2 0 1 7 ) e sti m ati o n pr o vi d e d b y P h e n o C a m at htt p s: / / p h e n o c a m. n a u. e d u / . 

D B r ef er s t o d e ci d u o u s br o a dl e af. T h e n u m b er of y e ar s i n di c at e s h o w m a n y y e ar s b ef or e 2 0 2 1 e a c h c a m er a st art e d r e g ul arl y c oll e cti n g d at a. 

Fi g. 1. L o c ati o n s of s el e ct e d sit e s a n d t h e N ati o n al P h e n ol o g y N et w or k ’s Hi s -

t ori c al A n n u al S pri n g I n di c e s A n o m al y f or Fir st L e af pr o d u ct d uri n g t h e st u d y 

y e ar  of  2 0 2 1  c o m p ar e d  t o  t h e  1 9 9 1 – 2 0 2 0  a v er a g e  ( U S A  N ati o n al  P h e n ol o g y 

N et w or k,  2 0 1 7 ).  F or  f ull  sit e  d e s cri pti o n s  a n d  n a m e s  s e e T a bl e  1 .  B artl ett 

( B A R T), H ar v ar d F or e st ( H A R V), St ei g er w al dt ( S T EI), D e a d L a k e ( D E L A), a n d 

U ni v er sit y  of  K a n s a s  ( U K F S)  li k el y  e x p eri e n c e d  e arli er  t h a n  sit e- a v er a g e 

gr e e n u p  a n d  L y n d o n  B.  J o h n s o n  ( C L B J),  Gr e at  S m o ki e s  ( G R S M),  a n d  S mit h -

s o ni a n ( S C BI) li k el y e x p eri e n c e d l at er t h a n a v er a g e gr e e n u p. 
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calculated for each image, but images obtained when the solar elevation 
was less than 5 , or images that are too bright or too dark (Klosterman 
et al., 2014; Toomey et al., 2015) are excluded. Finally, a daily value of 
GCC is calculated using the 90th quantile approach described by Son
nentag et al. (2012) and, for the challenge, the standard deviation of the 
90th quantile value of GCC was estimated through bootstrapping. Data 
are processed and posted daily. More information about data processing 
is available in Seyednasrollah et al. (2019). 

2.4. Forecasted meteorological data: global ensemble forecast system 

While use was not required, the design team provided teams with 
site-specific meteorological forecasts extracted from National Oceanic 
and Atmospheric Administration s Global Ensemble Forecast System 
(GEFS; Li et al., 2019; https://www.nco.ncep.noaa.gov/pmb/produ 
cts/gens/). The midnight UTC forecast was selected because it con
tained 30 ensemble members that extended 35 days into the future; each 
ensemble member was temporally downscaled to one hour temporal 
resolution. GEFS variables include air temperature, air pressure, wind 
speed, precipitation, downwelling longwave (thermal) radiation, 
downwelling shortwave (solar) radiation, and relative humidity. Teams 
could access an S3 bucket with the GEFS forecasts online via the Amazon 
Web Services Application Programming Interface, or via the ‘neon4cast
R package (Boettiger and Thomas, 2022) as part of the Challenge 
cyberinfrastructure. 

2.5. Null models 

Submitted forecasts were compared to two null models. The first is 
the persistence, or random walk, model, which assimilates new Pheno
Cam data daily and predicts the next day s GCC value as the current day s 
plus normally distributed error. The second is the day of year (DOY) 
historical mean of all previous years that were available for each Phe
noCam, which consists of the mean and standard deviation averaged 
over that PhenoCam s previous years GCC values for each DOY. 

2.6. Modeling teams 

Thirteen distinct teams submitted forecasts from eighteen models, 
including the two null models (Table 2). More detailed model de
scriptions are given in the Supplementary Materials. To assess H4, we 
classified models into distinct types, focusing specifically on two high- 
level factors: (1) whether the approach made use of time-varying 
covariates (e.g., weather forecast) and (2) whether the model was dy
namic (prediction of GCC tomorrow is a function of GCC today). For the 
analyses, the eighteen models were thus grouped into five different 
types: DOY Mean, persistence, static (does not use covariates or the 
previous GCC state), covariate (uses covariates but not the previous 
state), and dynamic (includes previous state). While the persistence 
model is technically a dynamic model, we excluded it from the dynamic 
class for this analysis to evaluate it separately as a null model. Further 
assessing differences in model types was limited due to the large variety 
of modeling approaches employed. 

Table 2 
Summary of models.  

Team ID Approach Model Type: DOY Mean, 
Persistence, Covariate, 
Dynamic, or Static 

Covariates (not including previous GCC 

values) 
Uncertainties included (Driver, 
Initial condition, parameter, 
process, and observational) 

References 

CSP_Gwave Statistical Covariate Site level summaries of precipitation, 
temperature, and their interaction, latitude, 
and long-run greenness (from MODIS) 

Parameter, process, and 
observational 

None 

CU_Pheno Process Dynamic GDD, maximum GCC Driver and initial condition None 
DALEC_SIP Process Dynamic GDD None (Bloom and Williams, 2015;  

Chen et al., 2016; Wu et al., 
2021; Yang et al., 2016; Zeng 
et al., 2018) 

EFI_U_P Process Covariate DOY Parameter, and observational None 
Fourier Statistical Static DOY Observational None 
greenbears_gams Statistical Static DOY Parameter (Wood, 2017) 
greenbears_par Statistical Covariate DOY, historical photosynthetically active 

radiation 
Parameter (Wood, 2017) 

greenbears_stl Statistical Static DOY Parameter (Wood, 2017) 
PEG Statistical Dynamic DOY Parameter (Hyndman and Khandakar, 

2008) 
PEG_RFR ML Dynamic DOY Observational (Breiman, 2001; Pedregosa et al., 

2011) 
PEG_RFR0 ML Dynamic DOY Observational (Breiman, 2001; Pedregosa et al., 

2011) 
PEG_RFR2 ML Covariate Maximum and minimum temperature, 

radiation, and precipitation 
Driver and observational (Breiman, 2001; Pedregosa et al., 

2011) 
PhenoPhriends Process Dynamic Temperature Driver, initial condition, 

parameter, and process 
None 

Team_MODIS Statistical Covariate Growing degree days,  
MODIS greenness onset 

Driver, initial condition, 
observational 

(Neupane et al., 2022) 

GPEDM Statistical Dynamic Daily mean temperature, daily total 
precipitation 

Driver, initial condition, 
parameter, process, and 
observational 

(Munch et al., 2017) 

VT_Ph_GDD Process Covariate GDD Driver, parameter, process, and 
observational 

None 

DOY Mean Statistical DOY Mean None Initial condition  
Persistence Statistical Persistence None Initial condition and process  

Note: DOY refers to day of year, ML refers to machine learning, GCC refers to the green chromatic coordinate, GDD refers to Growing Degree Day, and MODIS refers to 
Moderate Resolution Imaging Spectroradiometer. Driver is uncertainty in model drivers, covariates, and exogenous scenarios; initial condition refers to the uncertainty 
in the initialization of state variables (GCC at time 0); parameter is uncertainty in model parameters and coefficients; process is the dynamic uncertainty in the process 
model attributable to both model misspecification and stochasticity; and observational is the uncertainty in the observations of the output variables (GCC). 
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2.7. Statistical analyses 

Analyses were limited to the period of February June 2021 to cap
ture the entire transition from dormant to full canopy states across all 
eight sites. We assessed each forecast s skill based on the Continuous 
Ranked Probability Score (CRPS), which was calculated using the 
crps_sample function in the ‘scoringRules R package (Jordan et al., 
2019). CRPS is a model assessment metric that scores based on both 
accuracy (mean absolute error) and precision (ensemble spread), and 
thus, has the same units as the variable being scored (in this case, GCC, 
which is unitless as a ratio). Forecasts CRPS values and how they 
compared to the null models were available in real-time on the Chal
lenge s public dashboard. Forecasts were accepted every day during this 
period, though not all teams submitted forecasts each day. 

Since two of our hypotheses (H2 and H3) involved the skill of fore
casts relative to when greenup occurred at each site, we calculated the 
start, middle, and end of spring (defined as 15 %, 50 %, and 85 % 
greenup, respectively) for each PhenoCam site using the function 
ElmoreFit in the R package ‘phenopix (Elmore et al., 2012; Filippa et al., 
2020). Additionally at each site and for each model, we calculated how 
many total days before each transition date the forecasted GCC values 
had a lower (i.e., better) CRPS than the DOY Mean null. To investigate 
the forecasted year greenup anomalies, we computed the average timing 
of transition dates (15 %, 50 %, and 85 %) for each site. It is important to 
note, though, that this average was done over a small sample size (two to 
four years depending on the site) and does not necessarily represent a 
robust estimate of historical greenup. Therefore, we also assessed the 
forecasted year deviations using the National Phenology Network s 
Historical Annual Spring Indices Anomaly for First Leaf product for 2021 
(USA National Phenology Network, 2017). 

Statistical analyses focused on understanding the impacts of factors 
on forecast predictability: site, model, model type, lead time, and phe
nodate (either of submission date or forecasted date). Lead time was 
defined as the difference between the date forecasted and the date the 
forecast was submitted. Phenodate was defined here as days relative to 
the date of 15 % greenup for each site, with the sign convention of 
negative phenodates being days before this threshold. 

Since we expect the relationship between CRPS and either lead time 
or phenodate to be nonlinear we analyzed the full set of predictions 
using Generalized Additive Models (GAMs) using the R ‘mcgv package 
(Wood, 2022; R Core Team, 2022; Version 4.2.2). Specifically, lead time 
and phenodate were modeled using thin plate regression splines using 
the default number of knots (n 10). In addition to providing statistical 
tests and high-level summaries of each factor, GAMs also help to account 
for differences in model submission dates across teams by correcting
CRPS for phenodate and lead time. 

Analyses started with an overall model that included linear terms 
for site and team and additive spline terms for lead time and either 
phenodateforecasted (H2) or phenodatesubmitted (H3). To assess H4, we 
used the model class effects (reference class DOY Mean) in the overall 
model created with phenodatesubmitted. To assess if there was a signifi
cant relationship between when models started submitting forecasts and 
their overall skill, we performed a linear regression of the model effect in 
the overall model created from phenodatesubmitted versus the day of the 
Challenge the model first submitted a forecast. Additionally for models 
that had higher predictive skill (lower CRPS) than the DOY Mean, we 
assessed if the CRPS values were lower because of lower uncertainties in 
the forecasts through a Welch Two-Sample t-Test. Similarly to assess 
differences in predictability between sites (H5), we used the site effects 
(reference site Bartlett (BART)) in the overall GAM. Bartlett was used 
as the reference site because the ‘mcgv R package uses the first alpha
betically as a default. To assess H5 and how overall seasonality affected 
skill, these site effects were also regressed against the dates of 15 %, 50 
%, and 85 % greenup and the forecasted year timing anomalies. 
Furthermore, to assess whether models performed better at some sites 
than others we also refit the GAM with a site-by-model interaction term, 

which was visualized as a barplot. 
In addition to the overall GAMs, to answer H1 H3 we also assessed 

the impact of model and model type on lead time and phenodate re
sponses by fitting a series of independent GAMs for each model and 
model type. Two models forecasts, EFI_U_P and greenbears_stl, were 
excluded from the model-specific analyses because there were not 
enough submissions to fit the GAMs independently (Fig. S1). Attempts to 
include separate spline responses by model or model type within the 
overall GAM failed to converge so we do not provide an overall statis
tical test on these interaction terms, but instead, focus on visualizing 
responses. 

We visualized the responses through GAM response surfaces of pre
dicted CRPS over lead times (0 35 days) and phenodates (80 days before 
15 % greenup 40 days after) for different sites, models, and model 
classes. When we varied phenodates, the GAM response surface repre
sents predicted CRPS across all lead times. Similarly when we varied 
lead times, the response represents the predicted CRPS across all phe
nodates. Using response surfaces allowed us to predict CRPS for each 
site, model, and model class across different lead times and phenodates 
even if each combination did not occur in the actual forecasts (i.e., not 
all models forecasted all dates, but we could use the fitted GAMs to 
predict what CRPS would have been). Additionally to further assess 
differences in site predictability, we regressed the maximum of the GAM 
response surface of varied phenodatesforecasted for each site against 
greenup length. 

3. Results 

3.1. Forecast submissions 

Overall, 192,536 individual predictions (forecast of GCC by one 
model on one submission date for one site and one forecasted day) were 
submitted for eighteen models from thirteen teams, including the two 
null models provided (DOY Mean and persistence). All models submitted 
a forecast for at least one day that fell within the spring greenup period 
(i.e., between 15 % and 85 % greenup) for at least one site, but the date 
of first submission and frequency varied greatly (Fig. 2), ranging from 
submitting on all days of the challenge to only submitting on one day 
(Supplementary Fig. S1). Additionally as the challenge period pro
gressed, the average number of submissions each day increased until 
around mid-May 2021 (Fig. S2). Classifications of models varied and we 
had three, six, and seven models that were static, covariate, and dy
namic, respectively, in addition to the null DOY Mean and persistence 
models (Table 2). 

3.2. Example set of forecasts 

To give an example of forecasts during the greenup period and how 
they differed between models, we provide an example of submitted 
forecasts for one site, Harvard Forest, submitted on one reference 
datetime, 11 May 2021, for the 35-day horizon the challenge requested 
(Fig. 3). We highlight Harvard Forest because it is well-known in the 
ecology community and finished greening up last, allowing more teams 
to forecast it. We chose 11 May 2021 as an example because it was right 
before greenup started and had the largest number of forecasts sub
mitted. All models that submitted forecasts on this day, other than the 
persistence null model, predicted greenup would occur during the next 
35 days (Fig. 3). Forecasted greenup timing, rate, and uncertainty all 
varied between teams (Fig. 3). For example, the start of greenbear_par s 
forecasted greenup curve was close to the observed start, but their 
forecasted greenup occurred slower than the actual greenup. Addition
ally, DALEC_SIP forecasted too early of a start and too low post-greenup 
GCC. Furthermore, PEG_RFR forecasted post-greenup GCC correctly, but 
predicted greenup later than it occurred. Additional examples at other 
sites are available in Fig. S3. 
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3. 3.  H 1: c h a n g es i n f or e c asts wit h l e a d ti m e 

W h e n  c o n si d eri n g  t h e  eff e ct  of  l e a d  ti m e  o n  f or e c a st  s kill,  t h e 

p er si st e n c e, d y n a mi c, o v er all, a n d st ati c m o d el t y p e s all s h o w t h e e x -

p e ct e d  p att er n  of  err or  i n cr e a si n g  wit h  l e a d  ti m e  ( H 1),  b ut  f or m  a 

gr a di e nt, fr o m f a st e st t o sl o w e st, i n t h e r at e at w hi c h  err or i n cr e a s e d 

(Fi g.  4 ).  T h e  D O Y  M e a n  f or e c a st  err or  d o e s  n ot  v ar y  wit h  l e a d  ti m e, 

w hi c h i s e x p e ct e d a s t hi s f or e c a st i s b a s e d s ol el y o n pr e vi o u s y e ar s d at a 

a n d d o e s n ot c h a n g e wit h l e a d ti m e. Fi n all y, t h e c o v ari at e m o d el cl a s s 

e x hi bit s a d e cr e a s e i n err or a s l e a d ti m e i n cr e a s e s. 

I n  t h e  G A M s  fit  t o  i n di vi d u al  m o d el s  C R P S  v al u e s  (Fi g.  4 c),  m o st 

m o d el s al s o f oll o w e d t h e e x p e ct e d p att er n of i n cr e a si n g err or wit h l e a d 

ti m e ( H 1), w hil e T e a m_ M O DI S, gr e e n b e ar s_ p ar, a n d P E G_ R F R 2 s h o w a 

si mil ar p att er n t o t h e c o v ari at e gr o u p of a sli g ht d e cr e a s e i n err or wit h 

l e a d  ti m e.  F o uri er,  P E G_ R F R,  a n d  P E G_ R F R 0  all  s h o w e d  a  p att er n  of 

err or  i n cr e a si n g  t o  a  m a xi m u m  ar o u n d  d a y  2 0 – 2 5  b ef or e  d e cli ni n g 

sli g htl y,  w hil e  i n  V T_ P h_ G D D  err or  d e cli n e d  sli g htl y  a s  l e a d  ti m e 

i n cr e a s e d o v er t h e fir st w e e k ( si mil ar t o T e a m_ M O DI S, gr e e n b e ar s_ p ar, 

a n d t h e c o v ari at e gr o u p), b ef or e s wit c hi n g t o t h e e x p e ct e d p att er n of a n 

i n cr e a s e i n err or wit h l e a d ti m e. O n a v er a g e, err or i n cr e a s e d f a st e st wit h 

l e a d ti m e f or t h e p er si st e n c e (r a n d o m w al k) n ull m o d el, w hi c h w a s al s o 

t h e  w or st  o v er all  p erf or mi n g  m o d el,  s u g g e sti n g  t h at  all  m o d el s  w er e 

c o n si st e ntl y m or e s killf ul t h a n a p er si st e n c e n ull. T h at s ai d, C U_ P h e n o 

a n d V T_ P h_ G D D b ot h h a d s p e ci fi c p eri o d s w h er e t h e r at e at w hi c h t h eir 

err or i n cr e a s e d w a s m or e r a pi d t h a n t h e p er si st e n c e n ull. S p e ci fl c all y, 

C U_ P h e n o  e x hi bit e d  a  r a pi d  i n cr e a s e  i n  err or  o v er  t h e  flr st  fi v e  d a y s 

b ef or e  a s y m pt oti n g  o v er  t h e  r e m ai n d er  of  t h e  3 5- d a y  f or e c a st,  w hil e 

err or i n V T_ P h_ G D D i n cr e a s e d m or e r a pi dl y t h a n p er si st e n c e o v er d a y s 

1 3 – 2 4.  E x a m pl e s  of  h o w  f or e c a st e d G C C a n d  s kill  of  tr a n siti o n  d at e s 

c h a n g e wit h l e a d ti m e ar e s h o w n i n Fi g. S 4 a n d S 5. 

Fi g. 2. T h e s p e ci fi c d a y s t h at e a c h m o d el f or e c a st e d ( a) a n d t h e d a y s t h at e a c h t e a m s u b mitt e d f or e c a st s o n ( b). T h e p eri o d w h er e at l e a st o n e sit e w a s b et w e e n 1 5 % 

a n d 8 5 % gr e e n u p i s i n di c at e d wit h s h a di n g. 

Fi g. 3. a) A n e x a m pl e of f or e c a st e d gr e e n n e s s v al u e s ( G C C ) s u b mitt e d b y t e a m s o n 1 1 M a y 2 0 2 1 f or H ar v ar d F or e st. O b s er v e d G C C v al u e s a r e gi v e n i n bl a c k p oi nt s 

wit h st a n d ar d d e vi ati o n s i n di c at e d wit h b ar s. Of t h e t e a m s t h at s u b mitt e d o n t hi s d at e (i n cl u di n g D O Y M e a n), m o st pr e di ct e d a gr e e n u p c ur v e d uri n g t hi s ti m e p eri o d. 

b)  P h e n o C a m  i m a g e  o n  1 5  M a y  2 0 2 1  ( d at e  of  1 5  %  gr e e n u p; Milli m a n  et  al.,  2 0 1 9 ).  c)  P h e n o C a m  i m a g e  o n  2 1  M a y  2 0 2 1  ( d at e  of  8 5  %  gr e e n u p; Milli m a n 

et al., 2 0 1 9 ). 
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3. 4.  H 2: c h a n g es i n f or e c asts wit h p h e n o d at e f or e c ast e d 

C o ntr a di cti n g H 2, f or e c a st s kill o n a v er a g e a cr o s s all m o d el s, l e a d 

ti m e s, a n d sit e s w a s hi g h e st ( C R P S l o w e st) w h e n f or e c a sti n g G C C o n d a y s 

p ri o r t o gr e e n u p a n d l o w e st ar o u n d 8 5 % gr e e n u p. S p e ci fi c all y, f or e c a st 

s kill w a s at a mi ni m u m o n a v er a g e 1 4 d a y s aft er 1 5 % of gr e e n u p ( bl a c k 

li n e i n Fi g. 5 ) a n d 0. 7 5 d a y s b ef or e 8 5 % gr e e n u p. T h e n u m b er of d a y s 

aft er  1 5  %  gr e e n u p  t h at  pr e di ct a bilit y  w a s  t h e  w or st  v ari e d  b et w e e n 

sit e s  wit h  St ei g er w al dt, H ar v ar d,  a n d  B artl ett  r e a c hi n g  w or st  pr e di ct -

a bilit y fir st a n d Gr e at S m o ki e s a n d L y n d o n B. J o h n s o n l a st ( Fi g. 5 ). T h e 

p e a k m a g nit u d e of C R P S G A M r e s p o n s e s urf a c e s o v er v ar yi n g p h e n o -

d at e f or e c a st e d f o r e a c h sit e c orr el at e d wit h h o w q ui c k gr e e n u p o c c urr e d 

( R 2 = 0. 8 7, p - v al u e = 0. 0 0 0 7; F - st ati sti c = 4 0. 1 6; d e gr e e s of fr e e d o m =

7), wit h t h e sit e s t h at gr e e n e d u p f a st e st h a vi n g w or s e pr e di ct a bilit y. 

3. 5.  H 3: pr e di ct a bilit y b as e d o n p h e n o d at e s u b mitt e d 

I n a d diti o n t o t h e pr e di ct a bilit y b ei n g l o w e st w h e n t h e f or e c ast e d d a y 

( p h e n o d at e f or e c a st e d) w a s a r o u n d 8 5 % gr e e n u p ( S e cti o n 3. 4 ) a n d s u p-

p orti n g  H 3,  t h e  o v er all  G A M  s h o w e d  t h at  t h e  pr e di cti v e  p o w er  w a s 

l o w e st f or d a y s w h e n t h e f or e c a st s w er e s u b mitt e d ( p h e n o d at e s u b mitt e d ) 

ri g ht b ef o r e b u d b ur st ( 1 5 % gr e e n u p). T h e G A M r e s p o n s e s urf a c e st art s 

fr o m  a  c o n st a nt  l o w  C R P S  d uri n g  t h e  d or m a nt  s e a s o n,  b e gi n s  t o  ri s e 

st arti n g a b o ut a m o nt h b ef or e gr e e n u p, p e a k s f o ur d a y s pri or t o 1 5 % 

gr e e n u p  ( i. e., p h e n o d at e s u b mitt e d = 0),  a n d  d e cli n e s  t o  a  n e w,  hi g h er, 

s u m m er a s y m pt ot e a p pr o xi m at el y t hr e e w e e k s aft er gr e e n u p ( Fi g. 6 a). 

A cr o s s all m o d el cl a s s e s, t h e p att er n i n C R P S v ers us p h e n o d at e s u b mitt e d 

f oll o w t h e s a m e q u alit ati v e p att er n, wit h t h e l ar g e st diff er e n c e b ei n g t h e 

a m plit u d e of t h e p e a k err or, w hi c h l ar g el y r e fi e ct t h e o v er all diff er e n c e s 

i n f or e c a st s kill b y m o d el cl a s s (Fi g. 6 a). T h e ti mi n g of p e a k err or v ari e s 

sli g htl y b y m o d el cl a s s wit h c o v ari at e p e a ki n g flr st ( − 9 d a y s), f oll o w e d 

b y  st ati c  ( − 6),  D O Y  M e a n  ( − 5),  p er si st e n c e  ( − 4)  a n d  d y n a mi c  ( − 3 

Fi g. 4. a) G e n er ali z e d A d diti v e M o d el r e s p o n s e s urf a c e s of C o nti n u o u s R a n k e d Pr o b a bilit y S c or e ( C R P S) a s a f u n cti o n of l e a d ti m e ( i. e., diff er e n c e b et w e e n t h e d at e 

f or e c a st e d a n d t h e d at e t h e f or e c a st w a s s u b mitt e d) a cr o s s m o d el s a n d f or e c a st st art d at e s ( bl a c k li n e) or s e p ar at e d b y m o d el t y p e. b) S a m e a s t o p b ut f o c u si n g o n t h e 

c h a n g e i n C R P S r el ati v e t o t h e s h ort e st l e a d ti m e (ti m e = 0)), w hi c h e m p h a si z e s c h a n g e s i n pr e di ct a bilit y wit h l e a d ti m e r at h er t h a n a b s ol ut e s kill. c) C h a n g e i n C R P S 

wit h l e a d ti m e f or i n di vi d u al m o d el s. 

Fi g. 5. a) G e n er ali z e d A d diti v e M o d el ( G A M) r e s p o n s e s urf a c e s of C o nti n u o u s R a n k e d Pr o b a bilit y S c or e ( C R P S) a s a f u n cti o n of t h e pr e di ct e d d a y r el ati v e t o t h e d at e 

of 1 5 % gr e e n u p f or e a c h sit e b a s e d o n G A M a n al y s e s s h o w n i n s oli d li n e s. T h e d ott e d v erti c al li n e s i n di c at e t h e n u m b er of d a y s aft er 1 5 % gr e e n u p t h at 8 5 % gr e e n u p 

o c c urr e d. Pr e di cti v e p o w er i n cr e a s e d d uri n g t h e gr e e n u p p eri o d a n d f or m o st sit e s p e a k e d at or ri g ht aft er 8 5 % gr e e n u p. b) Sit e m a xi m u m C R P S v ers us gr e e n u p 

l e n gt h ( 8 5 % gr e e n u p - 1 5 % gr e e n u p d at e s). Sit e s t h at gr e e n e d u p f a st er h a d w or s e pr e di ct a bilit y d uri n g gr e e n u p t h a n sit e s t h at gr e e n e d u p sl o w er. 
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d a y s). P att er n s b y m o d el ar e si mil ar b ut wit h gr e at er n oi s e d u e t o t h e 

v ari a bilit y i n w h e n t e a m s fir st s u b mitt e d f or e c a st s a n d h o w oft e n f or e -

c a st s w er e s u b mitt e d ( Fi g. 6 b). 

3. 6.  H 4: pr e di ct a bilit y b y m o d el a n d m o d el cl ass 

C o ntr a di cti n g H 4, w e f o u n d t h at t h e D O Y M e a n m o d el cl a s s, n ot t h e 

d y n a mi c m o d el s, o v er all h a d t h e hi g h e st pr e di cti v e s kill. R el ati v e t o t h e 

D O Y M e a n C R P S ( Δ C R P S = 0), err or w a s l o w e st f or t h e c o v ari at e cl a s s 

(Δ C R P S = 0. 0 0 1 6 8 ± 0. 0 0 0 1 2)  f oll o w e d  b y  st ati c  ( Δ C R P S = 0. 0 0 2 4 5 ±

0. 0 0 0 1 1),  d y n a mi c  ( Δ C R P S = 0. 0 0 6 9 7 ± 0. 0 0 0 0 9),  a n d  fi n all y  t h e 

p er si st e n c e  n ull  ( Δ C R P S = 0. 0 1 1 7 6 ± 0. 0 0 0 1 0).  A d diti o n all y  i n  t h e 

o v er all G A M, o nl y t h e m o d el gr e e n b e ar s_ p ar p erf or m e d b ett er t h a n t h e 

D O Y M e a n n ull m o d el ( μ =  − 0. 0 0 0 5 4 3 4, σ = 0. 0 0 0 1 4 5 7, t =  − 3. 7 2 9 p =

0. 0 0 0 1 9 2), w hil e F o uri er a n d E FI_ U_ P w er e n ot si g ni fi c a ntl y diff er e nt 

fr o m  t h e  D O Y  M e a n  a n d  all  ot h er  m o d el s  w er e  si g ni fl c a ntl y  w or s e 

(Fi g. 7 ). T h e m e a n st a n d ar d d e vi ati o n of s u b mitt e d f or e c a st s a cr o s s t h e 

c h all e n g e p eri o d w a s si g ni fl c a ntl y hi g h er f or t h e D O Y M e a n m o d el t h a n 

gr e e n b e ar s_ p ar  ( 0. 0 0 7 3 6 v ers us 0. 0 0 2 6 1; t = 1 0 2. 9,  d e gr e e s  of  fr e e -

d o m = 3 5, 3 0 3, p - v al u e< 2. 2 e − 1 6).  W e  al s o  di d  n ot  fi n d  a  si g ni fi c a nt 

r el ati o n s hi p b et w e e n m o d el eff e ct i n t h e o v er all G A M a n d t h e d at e of 

flr st s u b mi s si o n (i nt er c e pt: 6. 0 4 2 e − 3; sl o p e: − 1. 6 2 8 e − 5; R 2 = 0. 0 1; F- 

st ati sti c:  1. 1 6 9 3  o n  1  a n d  1 5 ◦ of  f r e e d o m; p - v al u e:  0. 6 8 6 5).  W h e n 

gr o u p e d b y m o d el cl a s s i n st e a d of m o d el, n o m o d el cl a s s si g ni fi c a ntl y 

o ut p erf or m e d t h e D O Y M e a n n ull. 

W hil e o nl y o n e of t h e m o d el s h a d hi g h er pr e di cti v e s kill t h a n D O Y 

M e a n a cr o s s t h e e ntir e C h all e n g e p eri o d ( gr e e n b e ar s_ p ar), m a n y m o d el s 

pr e di ct e d G C C o n  t h e  t r a n siti o n  d at e s  b ett er  t h a n  t h e  D O Y  M e a n, 

s o m eti m e s 3 5 d a y s o ut ( Fi g. S 6). O n a v er a g e, f or t h e 1 5 %, 5 0 %, a n d 8 5 

% gr e e n u p tr a n siti o n d at e s, P E G, G P E D M, a n d gr e e n b e ar s_ g a m s b e at t h e 

D O Y M e a n m o d el f urt h e st o ut, r e s p e cti v el y. 

3. 7.  H 5: pr e di ct a bilit y b y sit e 

S u p p orti n g H 5, sit e eff e ct s ( Fi g. 8 ) e x hi bit e d a p o siti v e r el ati o n s hi p 

wit h 5 0 % gr e e n u p D O Y ( sl o p e = 8. 8 4 7 e − 0 5, st a n d ar d err or = 3. 0 6 3 e- 

0 5, t = 2. 8 8 8, p- v al u e = 0. 0 2 7 8) wit h a n R 2 of 0. 5 8, i n di c ati n g t h at o n 

a v er a g e  m o d el s  w er e  b ett er  at  pr e di cti n g  sit e s  t h at  l e af e d  o ut  e arli er 

t h a n  t h o s e  t h at  l e af e d  o ut  l at er.  I n  t er m s  of  sit e-t o- sit e  diff er e n c e s  i n 

m o d el p erf or m a n c e, wit hi n t h e o v er all G A M all sit e s h a d si g ni fi c a ntl y 

l o w er C R P S t h a n t h e r ef er e n c e cl a s s ( B artl ett) e x c e pt St ei g er w al dt. 

I n t h e G A M m o d el t h at c o n si d er e d sit e ✕ m o d el i nt er a cti o n s, 9 1 o ut 

of 1 4 4 i nt er a cti o n t er m s ( 6 7 %) w er e si g ni fi c a nt ( Fi g. S 7). I nt er a cti o n s 

w er e  l e a st  c o m m o n  f or  t h e  m o d el s  gr e e n b e ar s_ stl  ( 0),  F o uri er  ( 0), 

gr e e n b e ar s  ( 1),  gr e e n b e ar s_ g a m s  ( 1),  E FI_ U_ P  ( 1),  a n d  P h e n o P hri e n d s 

( 2). At t h e ot h er e xtr e m e, all sit e i nt er a cti o n s w er e si g ni fi c a nt f or t h e 

m o d el s  T e a m_ M O DI S,  P E G_ R F R 0,  P E G_ R F R,  p er si st e n c e  n ull,  a n d 

D A L E C_ SI P, a n d s e v e n o ut of ei g ht sit e s w er e si g ni fi c a nt f or P E G a n d 

gr e e n b e ar s_ p ar. 

4.  Di s c u s si o n 

4. 1.  H 1: s kill a n d l e a d ti m e 

W e  o b s er v e d  t h at  i n  g e n er al,  a n d  a s  e x p e ct e d,  pr e di cti v e  s kill  of 

f or e c a st s,  a s  d e fi n e d  u si n g  C R P S  t h at  e v al u at e s  f or e c a st  di stri b uti o n 

(r at h er t h a n o nl y t h e m e a n or m e di a n), i n cr e a s e d a s l e a d ti m e d e cr e a s e d, 

w hi c h h a s b e e n f o u n d wit h pr e vi o u s p h e n ol o g y f or e c a st s ( T a yl or a n d 

W hit e,  2 0 2 0 ).  T h at  s ai d,  t hi s  o v er all  p att er n  di d  n ot  h ol d  tr u e  f or  a 

c o u pl e s p e ci fi c c a s e s. Fir st, t h e D O Y M e a n n ull m o d el s h o w e d n o p att er n 

wit h l e a d ti m e, w hi c h i s t o b e e x p e ct e d a s t hi s f or e c a st i s n ot u p d at e d 

b a s e d o n n e w i nf or m ati o n a n d st a y s c o n st a nt f or e a c h d at e r e g ar dl e s s of 

w h e n  t h e  f or e c a st  i s  cr e at e d.  F or  si mil ar  r e a s o n s  t e a m s  u si n g  st ati c 

m o d el s h a d, o n a v er a g e, t h e l e a st i n cr e a s e i n C R P S wit h l e a d ti m e. T h e 

c o v ari at e  m o d el  P E G_ R F R 2  s h o w e d  t h e  u n e x p e ct e d  p att er n  of 

d e cr e a si n g err or wit h i n cr e a s e d l e a d ti m e, w hi c h w a s li k el y b e c a u s e t h e 

m o d el ’s f or e c a st s w er e o nl y s u b mitt e d at t h e e n d of t h e f or e c a st p eri o d 

aft er m o st sit e s h a d alr e a d y c o m pl et e d gr e e n u p. T h e c o v ari at e cl a s s ’s 

u n e x p e ct e d p att er n of d e cr e a si n g err or wit h i n cr e a s e d l e a d ti m e li k el y 

o c c urr e d  d u e  t o  t h e  m o d el s  b e c o mi n g  o v er c o n fi d e nt  at  s h ort er  l e a d 

ti m e s  (e. g., s pr e a d  d e cr e a s e s  m or e  r a pi dl y  t h a n  bi a s  wit h  s h ort  l e a d 

ti m e s). T hi s w o ul d al s o e x pl ai n t h e i niti al b e h a vi or of t h e V T_ P h_ G D D 

m o d el of err or d e cli ni n g a s l e a d ti m e i n cr e a s e d o nl y f or t h e fir st w e e k. At 

l o n g er l e a d ti m e s ( gr e at er t h a n a p pr o xi m at el y a w e e k), t h e m o d el eit h er 

r e d u c e s bi a s or e n s e m bl e s pr e a d wit h d e cr e a si n g l e a d ti m e s. I n cr e a s e s i n 

C R P S, a n d t h u s d e cr e a s e d pr e di cti v e s kill, wit h s h ort er l e a d ti m e s h a s 

Fi g.  6. a)  C h a n g e  i n  C o nti n u o u s  R a n k e d  Pr o b a bilit y  S c or e  ( C R P S)  i n  t h e 

G e n er ali z e d A d diti v e M o d el ( G A M) r e s p o n s e s urf a c e s c o m p ar e d t o t h e fir st d a y 

i n  t h e  pr e di ct e d  ti m e  s eri e s  (i. e., p h e n o d at e s u b mitt e d =  − 8 0)  a s  a  f u n cti o n  of 

p h e n o d at e s u b mitt e d , d e fi n e d a s t h e s u b mi s si o n d at e r el ati v e t o t h e 1 5 % gr e e n u p 

d at e at e a c h sit e. b) G A M pr e di ct e d C R P S b y m o d el a s a f u n cti o n of p h e n o d a -

t es u b mitt e d .  I n  t h e  o v er all  G A M  cr e at e d  fr o m  all  f or e c a st s,  pr e di cti v e  err or 

( C R P S), p e a k e d f o ur d a y s b ef or e 1 5 % gr e e n u p. 

Fi g.  7. G e n er ali z e d  A d diti v e  M o d el  fi x e d  eff e ct s  e x pr e s si n g  m e a n  s kill  b y 

m o d el r el ati v e t o t h e d a y of y e ar ( D O Y) M e a n n ull m o d el. M o d el s ar e or d er e d 

fr o m hi g h e st err or (t o p) t o l o w e st err or ( b ott o m) a n d c ol or e d b y m o d el cl a s s. 

N e g ati v e v al u e s i n di c at e t h e m o d el o ut p erf or m e d t h e n ull a cr o s s all f or e c a st s. 

V erti c al  li n e s  r e pr e s e nt  t h e  eff e ct s  f or  m o d el  cl a s s  (r e d  v erti c al  li n e  at  0  i n -

di c at e s D O Y M e a n). N o m o d el cl a s s si g ni fi c a ntl y o ut p erf or m e d t h e D O Y M e a n 

n ull a n d gr e e n b e ar s_ p ar w a s t h e o nl y t e a m t o. 
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b e e n  f o u n d  el s e w h er e  s u c h  a s  wit h  f or e c a sti n g  str e a m fi o w  t ot al s 

(S c h e p e n et al., 2 0 1 6 ) a n d d e c a d al hi n d c a st s of gl o b al m e a n t e m p er at ur e 

(S mit h et al., 2 0 1 5 ). O ur r e s ult s e m p h a si z e t h at f or e c a st er s n e e d t o b e 

w ar y of b e c o mi n g o v erl y c o n fi d e nt wit h ti m e. 

4. 2.  H 2: pr e di ct a bilit y of diff er e nt p arts of gr e e n u p 

W e h y p ot h e si z e d t h at t h e st art of gr e e n u p w o ul d b e t h e h ar d e st p art 

of t h e c ur v e t o f or e c a st, b ut i n st e a d o b s er v e d t h at i n g e n er al, pr e di ct -

a bilit y d e cr e a s e d t hr o u g h t h e gr e e n u p p eri o d. T hi s c o ul d b e d u e t o a 

v ari et y of r e a s o n s. Fir stl y, t h e r e pr e s e nt ati o n of b u d b ur st i n t h e m o d el s 

c o ul d b e b ett er t h a n t h e r e pr e s e nt ati o n of l e af e x p a n si o n. B u d b ur st i s 

t y pi c all y  m or e  c o ntr oll e d  b y  t e m p er at ur e  a n d  p h ot o p eri o d  i n  c ol d- 

d e ci d u o u s pl a nt s ( C h ui n e et al., 2 0 1 3 ; Z o h n er et al., 2 0 1 6 ), w hi c h w a s 

c o m m o nl y u s e d i n t h e f or e c a st m o d el s. I n c o ntr a st, l e af a n d c ell el o n -

g ati o n i s pri m aril y c o ntr oll e d b y w at er a v ail a bilit y a n d t ur g or ( T ai z a n d 

Z ei g er, 2 0 0 6 ), w hi c h w a s l e s s c o m m o n t o i n cl u d e. S e c o n dl y, si n c e t h e 

diff er e n c e i n gr e e n n e s s at 1 5 % gr e e n u p fr o m d or m a n c y i s s m all er t h a n 

at l at er p art s of gr e e n u p, if m o d el s ar e pr e di cti n g gr e e n u p l at e t h e err or 

o n  t hi s  d at e  w o ul d  b e  s m all er  b ut  w o ul d  gr o w  o v er  ti m e  u ntil  t h e 

f or e c a st  c at c h e s  u p  wit h  o b s er v ati o n s.  T hir dl y,  t h e  m et e or ol o gi c al 

f or e c a st s  u s e d c o ul d  h a v e  b e e n  m or e i n a c c ur at e  d uri n g  l at er gr e e n u p 

i n st e a d of at b u d b ur st b e c a u s e of t h e i m p a ct s of v e g et ati o n pr o p erti e s 

l e a di n g t o bi a s e s i n m et e or ol o gi c al f or e c a st s (X u e et al., 1 9 9 6 ). F o c u si n g 

o n m o d el fit s i n st e a d of n e ar-t er m f or e c a st s, Ri c h ar d s o n et al. ( 2 0 0 6) 

al s o f o u n d  t h at l at er p h e n ol o gi c al st a g e s  ar e h ar d er  t h a n b u d b ur st  t o 

pr e di ct. I n c o ntr a di cti o n, Kl o st er m a n et al. ( 2 0 1 8) f o u n d t h at t h e y w er e 

e a si er. O ur r e s ult s i n di c at e t h at e v al u ati n g f or e c a st a n d pr e di cti v e s kill 

at  t h e  e n d  of  t h e  gr e e n u p  p eri o d  i s  a s  i m p ort a nt  a s  e v al u ati n g  at 

b u d b ur st. 

4. 3.  H 3: pr e di ct a bilit y b as e d o n w h e n s u b mitt e d 

T h e r e s ult s s u p p ort o ur h y p ot h e si s t h at i n t hi s f o c al y e ar, s el e ct e d 

sit e s,  a n d s u b mitt e d m o d el s, f or e c a st s a cr o s s all l e a d  ti m e s s u b mitt e d 

ri g ht  b ef or e  b u d b ur st  h a v e  t h e  l o w e st  pr e di cti v e  p o w er  b a s e d  o n  t h e 

s el e ct e d  m etri c  of  C R P S.  T hi s  w a s  e x p e ct e d  b e c a u s e  t h e  3 5- d a y  f or e -

c a st e d p eri o d i s l o n g e n o u g h t o t y pi c all y i n cl u d e t h e f ull gr e e n u p c ur v e 

i n m o st d e ci d u o u s br o a dl e af f or e st s (Kl o st er m a n et al., 2 0 1 8 ), a n d t h u s i s 

h ar d er t o pr e di ct t h a n t h e gr e e n n e s s d uri n g d or m a n c y a n d p e a k gr e e n -

n e s s. A d diti o n all y, t h e err or p o st- gr e e n u p w a s c o n si st e ntl y hi g h er t h a n 

pr e- gr e e n u p, w hi c h s e e m s t o b e a s s o ci at e d m or e wit h p er si st e nt bi a s e s 

a cr o s s m o d el s i n pr e di cti n g p e a k s u m m er gr e e n n e s s, t h a n t h e p ot e nti all y 

gr e at er d a y-t o- d a y v ari a bilit y i n o b s er v ati o n s. D uri n g t h e s u m m er, G C C 

g r a d u all y  d e c r e a s e s  ( El m or e  et  al.,  2 0 1 2 ; Kl o st er m a n  et  al.,  2 0 1 4 ), 

r e s ulti n g i n a l e s s st a bl e t ar g et c o m p ar e d t o wi nt er d or m a n c y. 

4. 4.  H 4: s kill of diff er e nt m o d el cl ass es 

W e w er e s ur pri s e d at h o w c h all e n gi n g it w a s t o h a v e hi g h er s kill t h a n 

t h e  D O Y  M e a n  m o d el  a cr o s s  t h e  C h all e n g e  p eri o d  b e c a u s e  t h e  D O Y 

M e a n m o d el di d n ot i n c or p or at e a n y c o v ari at e s or c urr e nt c o n diti o n s. 

T hi s dif fl c ult y c o ul d b e p artl y attri b ut e d t o t h e u s e d G C C i n d e x n ot b ei n g 

a p erf e ct e x pr e s si o n of p h e n ol o g y. E v e n wit h t h e P h e n o C a m N et w or k 

pr o c e s si n g ( e. g. , fl xi n g t h e w hit e b al a n c e; S e y e d n a sr oll a h et al., 2 0 1 9 ), 

G C C c a n  still  b e  aff e ct e d  b y  ill u mi n ati o n  a n d  at m o s p h eri c  c o n diti o n s. 

P er h a p s t h e D O Y  M e a n m o d el b ett er a c c o u nt e d f or  t h e s e o b s er v ati o n 

err or s. T h e o nl y m o d el t o h a v e gr e at er pr e di cti v e s kill, gr e e n b e ar s_ p ar, 

r eli e d o n hi st ori c al a v er a g e s of t h e c o v ari at e d at a ( D O Y a n d p h ot o s y n -

t h eti c all y a cti v e r a di ati o n), t h u s mi mi c ki n g t h e hi st ori c al a v er a g e n at ur e 

of t h e D O Y M e a n m o d el. O n e r e a s o n it o ut- p erf or m e d t h e D O Y M e a n 

m o d el  c o ul d  b e  b e c a u s e  t h e  f or e c a st s  h a d  l o w er  u n c ert ai nti e s  ( m e a n 

st a n d ar d d e vi ati o n of 0. 0 0 2 6 v ers us 0. 0 0 7 4). T hi s r e s ult r ei nf or c e s j u st 

h o w i m p ort a nt a hi st ori c al m e a n s n ull m o d el i s f or n e ar-t er m f or e c a sti n g 

i n  g e n er al,  a n d  f or  p h e n ol o gi c al  f or e c a sti n g  i n  p arti c ul ar.  W hil e  hi s-

t ori c al a v er a g e m o d el s p erf or m e d t h e b e st, t h e y ar e li k el y l e s s u s ef ul f or 

pr e di cti n g l o n g-t er m c h a n g e s t o p h e n ol o g y a s t h e cli m at e w ar m s, a s t h e y 

m a k e t h e s a m e pr e di cti o n f or e v er y f ut ur e y e ar. It i s al s o u n cl e ar, gi v e n 

o n e  st u d y  y e ar,  h o w  w ell  t h e  hi g h  p erf or m a n c e  of  D O Y  M e a n  a n d 

gr e e n b e ar s_ p ar w o ul d h ol d u p a cr o s s y e ar s t h at mi g ht b e l e s s “ a v er a g e. ” 

F urt h er m or e w hil e m o st m o d el s h a d l o w er pr e di cti v e s kill t h a n t h e D O Y 

M e a n  m o d el  a cr o s s  t h e  C h all e n g e  p eri o d,  w e  di d  o b s er v e  t h at  s o m e 

m o d el s f or e c a st e d G C C o n t h e t r a n siti o n d at e s b ett er t h a n t h e D O Y M e a n 

m o d el ( Fi g. S 6), w hi c h i s li k el y m or e i m p ort a nt t h a n a cr o s s t h e e ntir e 

C h all e n g e p eri o d. 

Hi st ori c al m e a n s ar e oft e n u s e d a s a n ull m o d el i n pr e di cti n g s p e ci fi c 

tr a n siti o n d at e s, s u c h a s s pri n g b u d b ur st, wit h mi x e d r e s ult s of it o ut -

p erf or mi n g  ot h er  m o d el s.  W h e n  c o m p ari n g  pr e di cti o n s  of  h u m a n- 

c oll e ct e d b u d b ur st ti mi n g s i n f o ur s p e ci e s i n B el gi u m, F u et al. ( 2 0 1 2) 

f o u n d  t h at  m o st  m o d el s  o ut p erf or m e d  t h e  hi st ori c al  n ull.  H o w e v er, 

m a n y m o d eli n g st u di e s, i n cl u di n g t h o s e i ntr o d u ci n g a n e w m o d el ( e. g., 

El m e n d orf  et  al.,  2 0 1 9 ; G ar cí a  et  al.,  2 0 1 9 )  a n d  m o d el  c o m p ari s o n 

st u di e s ( e. g., A s s e et al., 2 0 2 0 ; M el a a s et al., 2 0 1 6 ; M o o n et al., 2 0 2 1 ), d o 

n ot i n cl u d e t hi s a s a n ull m o d el. T h e dif fi c ult y i n o ut- p erf or mi n g hi s -

t ori c al m e a n s pr e di cti o n s w a s al s o f o u n d b y a n ot h er t h e m e of t h e E FI 

E c ol o gi c al F or e c a sti n g C h all e n g e ( w at er t e m p er at ur e i n l a k e s; T h o m a s 

et al., 2 0 2 3 b ). 

I n c o ntr a st t o H 4, w e f o u n d t h at ot h er t h a n t h e p er si st e n c e m o d el, t h e 

d y n a mi c m o d el s ( i. e., o n e s t h at u s e t h e pr e vi o u s d a y ’s G C C t o m a k e a 

f o r e c a st) p erf or m e d i n g e n er al w or s e t h a n t h e ot h er m o d el s, i n di c ati n g 

Fi g. 8. a) Sit e eff e ct s o n C o nti n u o u s R a n k e d Pr o b a bilit y S c or e s ( C R P S) fr o m t h e o v er all G e n er ali z e d A d diti v e M o d el or d er e d b y d at e of l e af o ut fr o m l at e st (t o p) t o 

e arli e st ( b ott o m). b) Li n e ar r e gr e s si o n of t h e sit e eff e ct s o n C R P S fr o m p a n el a v ers us t h e sit e’s d a y of y e ar ( D O Y) of 5 0 % gr e e n u p. O v er all, sit e s t h at l e af e d o ut e arli er 

h a d hi g h er pr e di ct a bilit y. 
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that while dynamic phenology models still have potential to serve as 
mechanistic models and improve forecasts, the dynamic models used 
here for forecasts have likely not matured enough yet. We had expected 
that the low latency of the PhenoCam GCC Data (overnight) would allow 
dynamic models to perform well because they could quickly incorporate 
the current state of the system before forecasting the next state. The 
conclusions here, however, are dependent on the specific models used in 
the forecasts as some dynamic models performed well, such as 
CU_Pheno. Furthermore, many common traditional phenology models 
(Chuine et al., 2013) could not be included because they forecast the 
timing of transition dates and not a timeseries of GCC values. These 
commonly used models, though, are rarely dynamic models so including 
them would not have improved the performance of the dynamic model 
class. 

4.5. H5: predictability differences between sites 

In support of H5, we observed that the date of 50 % greenup and 
anomalies in the dates of 50 % and 85 % greenup each explained sub
stantial variation in site predictability with sites that greened up later 
having lower predictability. Since we found no significant relationship 
between the date of starting to submit and model skill, this is likely not 
due to a non-random influx of late submitting models being worse than 
models that started submitting forecasts earlier. It is more likely a 
combination of ecological reasons. First, previous findings suggest that 
photoperiod is more of a dominant control of spring greenup in warmer 
climates in North America where temperature is more of a dominant 
control in colder climates (Moon et al., 2021) and in tree species found 
in lower latitudes (Zohner et al., 2016), which would explain why the 
DOY Mean performs better at sites in warmer climates that experience 
greenups earlier than the colder climates. Second, we found that the 
sites that had higher peak error (Steigerwaldt, Harvard, and Bartlett; 
Fig. 5) also greened up faster and occurred later than the other sites. This 
is similar to Klosterman et al. (2018) s finding that later springs 
greened-up faster, so it is possible that the models performed worse for 
these sites because of the faster than average greenup rates. Third, the 
National Phenology Network s published spring anomaly indices 
(Fig. S8) also suggest that the sites we found to be the hardest to forecast 
(Bartlett, Harvard, and Steigerwaldt) all had early springs in 2021. 
Including more years and a larger number of sites in future phenology 
forecasting challenges would help in assessing across-site patterns, as it 
is likely the small sample size (eight sites) limits the statistical power of 
such analyses. Similarly, with only one year of data it is hard to 
deconvolve across-site gradients in predictability from interannual 
variability, but these results generated hypotheses that we will use to 
approach future rounds. 

4.6. Challenge evaluation 

In addition to the scientific findings of the Challenge, we also 
observed numerous social aspects of the Challenge that were successful. 
We were successful at recruiting teams to submit forecasts for this first 
round despite a lack of a prize (e.g., the 16,000 USD offered in 
Humphries et al., 2018) and limited prior experience across the 
phenology community in multi-team model intercomparisons. This is 
particularly noteworthy given that one of the decisions the design team 
made was for the NEON Phenology Forecasting Challenge to be based on 
forecasting greenness values at different days and not just the timing of 
transitions, which is typically emphasized in many classical phenolog
ical modeling approaches such as growing degree day thresholds. While 
this decision led to an underrepresentation of some of these classical 
modeling approaches, it led to innovative techniques, such as machine 
learning, and facilitated collaboration between computer science/
machine learning experts and ecologists (e.g., the PEG team models). 
Similarly, we had good participation by academic classes, which 
advanced training in ecological modeling and forecasting through 

hands-on experience. Finally, the infrastructure platform (Thomas et al., 
2023a) that provided the data files of GCC targets and GEFS meteoro
logical forecasts, and received and displayed the forecasts, supported 
this real-time NEON Phenology Forecasting Challenge well and can 
support future challenges. Importantly, we succeeded in empowering 
many different teams of ecologists and data scientists to make genuine, 
probabilistic forecasts (i.e., forecasts before data are collected) 

While many aspects went well, there were some shortcomings to be 
improved upon in future rounds, especially aspects that would decon
volve the results. Firstly, not all teams submitted at all dates so there was 
a lack of consistency in the submissions presented challenges for inter
comparison. Future rounds of the Challenge are set up to accept forecast 
submissions all year long (Thomas et al., 2023a). This is particularly 
important to encourage teams to consistently submit forecasts around 
the specific phenological events of greenup and senescence. Addition
ally, the small number of initial sites presented a challenge to under
standing across-site patterns of predictability. To address this limitation, 
additional NEON sites have been added to the current and future rounds 
of the NEON Phenology Forecasting Challenge (increasing from eight to 
47 sites and including other plant functional types). While these short
comings will continue to be improved, intercomparison projects like this 
one lead to more creativity and ideas, which is exciting motivation as we 
continue the Challenge. 

5. Conclusions 

Here we presented the findings from the first round of a community 
spring greenup phenology forecast challenge. We found that in general 
predictability increases as lead time decreases (in support of H1); in this 
specific year and set of sites, predictive skill decreases at the later part of 
greenup (in contradiction to H2); forecasts submitted right before bud
burst had the lowest predictive skill (in support of H3); the DOY Mean 
null model is difficult to outperform across the entire greenup period (in 
contradiction to H4); and that sites that greened up later tended to be 
harder to predict (in support of H5). Our study emphasizes the impor
tance of the historical means (or climatology) model as an important 
null model for ecological forecasting and improves our understanding of 
what affects the predictability of phenology. These findings should 
inform the focus of future forecasting and modeling efforts as we 
continue to investigate this important process as a broader community. 
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