Supplementary material
Figure S1. Spatial and temporal of community timeseries.
Spatial distribution of sites from the Neotoma (a) and Breeding Bird Survey (b) datasets and temporal
variation of the number of sites for Neotoma (c) and the Breeding Bird Survey (d) datatsets. Point
colors in (a) and (b) represent the timespan (in years) covered at each site. Bar colors in (c) and (d)
represent the number of sites present in each time bin.

Data processing
Plants. We obtained community composition data from the Neotoma paleoecology database (Goring et
al. 2015), relying on the fossil pollen data used in Maguire et al. (2016). This dataset includes North
American sites with pollen data from some time interval within 21 Ka to 0 Ka. All site chronologies in
the dataset were revised and standardized, and updated to the IntCal09 calibration curve (Blois et al.
2011). Fossil pollen grains were identified based on aspects of their morphology. However, in many
cases the identification of fossil pollen grains at species-level is not possible. Although recent
techniques such as aDNA are providing new advances to improve the low taxonomic resolution (Birks
& Birks 2000; Jackson & Booth 2007), we selected data at only genus or species level to ensure that
the identification of pollen taxa are reproducible (Punyasena et al. 2011). At each site, count data for all
taxa that were identified to at least genus were grouped into genera (with the exception of two sets of
indistinguishable pollen taxa, “Ostrya/Carpinus” and “Ambrosia-type”, which were identified to the
pollen type). The relative abundance of each genus was then calculated, relative to the total pollen sum
for the genus-level dataset. At each site, the relative abundances were linearly interpolated to 500-year
intervals from 21 Ka to 0 Ka based on the age model and samples available for each site. We then
applied a variable threshold to this data to obtain predictions of taxon presence/absence. Specifically,
we assumed a taxon was present if its relative abundance was above 5% of the maximum relative
abundance the taxon obtained in any site at that time, and absent otherwise (Nieto-Lugilde et al. 2015).
This approach downweights the importance of species that are large pollen producers. The overall
process yielded a presence/absence dataset comprising 514 sites for up to 103 taxa at up to 45 time
bins.

Birds. We compiled data from the USGS North American Breeding Bird Survey (BBS), a long-term
volunteer-based program aimed at monitoring the population dynamics of common breeding birds
along randomly selected routes over a continental extent (Sauer et al. 2011, data and protocol at
http://www.pwrc.usgs.gov/bbs/). We excluded Alaska due to weak BBS coverage and because the
Alaskan bird assemblage differs markedly from that of conterminous United States. Although the BBS
started in 1966, we removed the first four years due to insufficient sample size and spatial coverage.
We ended our time window in 2011 as sample size decreased markedly in subsequent years. We
removed first-year observer effects by excluding the first survey performed by a given observer on a
given route (following Kendall et al. 1996). Finally, we restricted our analyses to the 807 routes that
were monitored at least eight years and once every five years over 1970-2011. Thus, in spite of missing
data (mean = 4 missing years per route ± 3 SD, 5% of the 807 roads had more than 11 missing years,
104 had no missing years), we ensured that the temporal coverage of each route was sufficient for
estimating temporal trends. The number of routes peaked to 775 in 1973 and remained roughly constant
until the end of the 1990s, then declined down to 646 in 2011.
In the BBS, local bird assemblages are surveyed within 24.5-miles route sections on which point counts
evenly spaced by 0.5 miles are monitored by trained observers once per year in June. At each point, all
individual birds seen or heard in a 400 m radius have to be recorded during a three-minute point count

and the whole route has to be sampled in about five hours in the early morning while avoiding adverse
weather. A total of 435 bird species were sampled on the 807 routes during the 42 survey years, after
excluding 87 coastal, pelagic and species which accounted together for less than 1% of the records. We
used species-level bird counts as an index of local bird abundance. We acknowledge that detection error
may lead to underestimating the true diversity of an assemblage, especially if detectability is nonrandom relative to species’ traits or phylogeny (Jarzyna and Jetz 2016a). Although bird counts are
sensitive to detection error (Royle and Dorazio 2008), they cannot be properly corrected in the
temporal frame of our study without making the unreasonable assumption that point counts or segments
along a BBS route are replicates of a closed, spatially homogeneous bird assemblage. In a previous
study, using occupancy models to account for detection error increased noise, but did not deeply
change estimates of temporal trends (Jarzyna and Jetz 2016b). We therefore relied on the assumption
that the observed relative temporal variation in species’ counts within a route and the resulting
community scale changes are correctly reflected by raw counts.

Figure S2. Contemporary and paleo plant thermal niches.
Correlation between Maximum temperature niche inferred from paleo data (y-axis, Neotoma) and
contemporary data (x-axis, BIEN). Pearson’s correlation coefficient = 0.96, t = 39.959, df = 94, p-value
< 0.0001. Red line represents the 1:1 relationship, blue shaded line represents the linear slope and
standard error from linear model.

Climate niche estimations issue. A straightforward explanation of the strong deviation observed in
plants lies in the area of study. To infer the climate niches of the 101 taxa present in Neotoma dataset,
we used New World occurrence data from BIEN, in which many taxa exhibit large distribution ranging
from South to North America. Neotoma sites were distributed in the northern range boundary of most
species, which resulted in relatively warm values of community inferred temperature when compared
to observed temperature. For example, limiting the occurrences used to infer climate niches to North
America would decrease the community inferred temperature and the absolute amount of deviation.
However, we argue that using the broadest geographic scope possible is the most relevant way to infer
climate niches, and that the estimation of absolute deviation is relevant to measure the real departure
from climatic equilibrium.

Figure S3. Abundance weighted and occurrence-based estimations of bird community inferred
temperatures.
Correlation between Community inferred temperature estimated from abundance weighted community
means (y-axis) and occurrence community means (x-axis). Pearson’s correlation coefficient = 0.95, t =
540.94, df = 32264, p-value < 0.0001. Red line represents the 1:1 relationship.

Figure S4. Predictors maps and distributions
Predictors of plant responses during the Late quaternary climate change. Distributions (left panels) and
maps (right panels) of predictors (a and b : baseline temperature; c and d : topography; e and f : human
density; g and h : Mean Seed mass; I and j : mean Plant height). Colors corresponds to the predictor
value, as shown in distributions.

Predictors of bird responses during the modern climate change. Distributions (left panels) and maps
(right panels) of predictors (a and b : baseline temperature; c and d : topography; e and f : Human
Influence Index; g and h : Body mass; i and j : percent of migrant species). Colors corresponds to the
predictor value, as shown in distributions.

Figure S5. Community Response Diagrams
A. CRD for plant communities. Red lines are smoothed values used to compute the statistics. Grey
point and lines are raw values of Community inferred (y-axis) and observed (x-axis) temperature ± SD.
B. CRD for bird communities. Red lines are smoothed values used to compute the statistics. Grey point
and lines are raw values of Community inferred (y-axis) and observed (x-axis) temperature ± SD.

Figure S6. Spatial distribution of study sites and the effect of baseline temperature on the
absolute deviation.
For all panels, colors correspond to the dataset (red : Breeding Bird Survey; blue : Neotoma). Upper
panel : spatial distribution of monitored sites. Mid panel : distribution of baseline maximum
temperature. Lower panel : relationship between absolute deviation (y-axis) and baseline temperature
(x-axis). Blue shaded line represent the curve of the quadratic model (y ~ ax2 + bx +c) and associated
standard error.

Figure S7. Effect of bird diet on predictability

Effect of predictors on bird (B) summary statistics (absolute deviation Λ̄ , left panel; deviation change
dΛ, middle panel, maximum state number n, right panel), with % of insectivorous species as
covariable. Effects are estimated as linear coefficients (± 95% confidence intervals) from generalized
additive mixed models. Topography and Human Density were square-root transformed. All predictors
were scaled to mean = 0 and SD = 1 prior to modeling to ease comparisons. Grey level indicates the
significance level associated to the test (light grey: non-significant; grey: significant at α=10%; dark
grey: significant at α=5%, black : significant at α=1%).
Methods and results. We first computed the percent of insectivorous (i.e invertebrate diet) species of
each community based on the dataset used in the study (see Methods - Predictors). Then, we run the
statistical analyses presented in the manuscript (section Method - Statistical analysis) adding percent of
insectivorous species of each community as covariable in the models. Absolute deviation decreased
with increasing percent of insectivorous birds in community (coefficient = -0.14 ± 0.037 SE, P<0.01**,
Figure S7), to the detriment of Bodymass effect which was lowered. Incorporating insectivorous diet
did not substantially increased the r-squared of the model (difference of adj.r2 = 0.002). Percent of
insectivorous species was not related to the deviation change or the maximum state number, nor
substantially increased the deviance explained by the model.

