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1  | INTRODUC TION

One fundamental question in global change biology is how the 
biosphere responds and adapts to global environmental changes 
(Sage, 2020; Shugart & Woodward, 2011). However, understanding 
interactions between biological systems and global environmental 
changes remains a major scientific challenge. To tackle this chal-
lenge, both biological and environmental data are growing at an 
exponential rate, promoting global change biology into a big data 
era. Such big data includes not only observations (Baldocchi, 2020; 
Schimel, Schneider, & JPL Carbon and Ecosystem Participants, 

2019) but also simulation outputs from modern modeling systems 
(Hoffman et al., 2017; Reichstein et al., 2019). The explosion of big 
data has boosted new ways of research which are not applicable 
by traditional studies at the site level. In this paper, we introduce 
big databases at different organismic levels from gene to biosphere 
and discuss how the big data has benefited the researches in global 
change biology.

The concept of big data is commonly characterized by mul-
tiple Vs (Nativi et al., 2015), mainly including a large amount 
of data (Volume), speed of data accumulation (Velocity), het-
erogeneity of data source and structure (Variety), data quality 
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Abstract
Global change biology has been entering a big data era due to the vast increase in 
availability of both environmental and biological data. Big data refers to large data 
volume, complex data sets, and multiple data sources. The recent use of such big 
data is improving our understanding of interactions between biological systems 
and global environmental changes. In this review, we first explore how big data 
has been analyzed to identify the general patterns of biological responses to global 
changes at scales from gene to ecosystem. After that, we investigate how observa-
tional networks and space-based big data have facilitated the discovery of emergent 
mechanisms and phenomena on the regional and global scales. Then, we evaluate 
the predictions of terrestrial biosphere under global changes by big modeling data. 
Finally, we introduce some methods to extract knowledge from big data, such as 
meta-analysis, machine learning, traceability analysis, and data assimilation. The big 
data has opened new research opportunities, especially for developing new data-
driven theories for improving biological predictions in Earth system models, tracing 
global change impacts across different organismic levels, and constructing cyberin-
frastructure tools to accelerate the pace of model-data integrations. These efforts 
will uncork the bottleneck of using big data to understand biological responses and 
adaptations to future global changes.
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and uncertainty (Veracity), effective presentations of complex 
data (Visualization), and valuable information of data (Value). 
Transforming data with the first five Vs into Value is the ultimate 
goal of using big data in all research areas. Massive data sets have 
been publicly available in both fields of biology and environmen-
tal change over recent decades. These data sets range from ge-
nomic to global scale. For example, the GenBank database has 
surpassed one billion sequence records (Sayers et al., 2019), the 
transmission rate of remote sensing data has exceeded hundreds 
of terabytes per day (Agapiou, 2017), and the modeling data in 
the 6th phase of the Climate Model Intercomparison Project 
(CMIP) are estimated to reach 30 petabytes (Stockhause & 
Lautenschlager, 2017). The exponential growth of data has ben-
efited from the technological advances in the past few decades, 
such as large-scale computing (Liu, 2013), enhanced computa-
tional capacity and data storage (Chen, Mao, & Liu, 2014), gene 
sequencing (Franzosa et al., 2015), and satellite remote sensing 
(Schimel et al., 2019). Extracting knowledge from these big da-
tabases needs not only new analytical techniques but also a new 
research paradigm in global change biology (Niu, Wang, Wang, 
Xia, & Yu, 2020). For example, most published and ongoing ob-
servational studies in global change biology are driven by sci-
entific hypotheses. In the CMIPs, only a small proportion of the 
modeling data have ever been analyzed. However, in the big data 
era, sophisticated algorithms and statistical tools are developed 
to discover new patterns directly from the data. In the previous 
decades, analyses on big data have led to fruitful achievements, 
such as identifications of general response patterns of biological 
processes to global changes, discoveries of emergent biological 
patterns and mechanisms, and predictions of biological feed-
backs to global climate change.

Over the past decade, we have seen many reviews on the 
applications of big data and related technology in different 
subjects. They broadly cover topics on Bayesian statistical 
learning for biology (Yau & Campbell, 2019), deep learning for 
geoscience (Reichstein et al., 2019) and bioinformatics (Li, Huang, 
et al., 2019), data integration in aquatic ecology (Durden, Luo, 
Alexander, Flanagan, & Grossmann, 2017), data gaps in macro-
ecology (Wüest et al., 2019), and big data analytics for health-
care (Wang, Kung, & Byrd, 2018) and animal movement ecology 
(Thums et al., 2018). Yet important research challenges and op-
portunities remain undiscussed for global change biology. In fact, 
global change biology addresses scientific questions at scales 
from the gene up to the biosphere, and there is an increasing 
trend of using big data in recent studies. Thus, the purpose of 
this paper is to review the research challenges and opportuni-
ties for using big data in global change biology. We mainly focus 
on reporting how big data has been used to (a) identify general 
patterns of biological responses to global changes based on data 
from genomic to ecosystem level, (b) discover new emergent bi-
ological phenomena and mechanisms on the regional and global 
scales, and (c) predict biosphere dynamics and their feedback to 
climate change.

2  | GENER AL PAT TERNS OF BIOLOGIC AL 
RESPONSES TO GLOBAL CHANGES 
FROM DATA ON SC ALES FROM GENE TO 
ECOSYSTEM

2.1 | Genetic adaptation of populations to global 
environmental changes

Many big databases have been built for archiving genomic data of 
different organisms on the Earth. The GenBank sequence data-
base, which is maintained by the National Center for Biotechnology 
Information, now provides nucleotide sequences for >420,000 for-
mally distinct species (Sayers et al., 2019). Biological populations 
respond to environmental changes in three major ways, including dis-
persal to unaffected areas, phenotypic plasticity, and genetic adapta-
tion (Gienapp, 2020). Thus, big genomic data offer the opportunity 
to detect how fast populations can genetically adapt to new environ-
mental conditions, which is critical for maintaining fitness and demo-
graphic stability and therefore for avoiding extinction. For example, 
Arabidopsis thaliana, the first plant species whose genome was se-
quenced in 2000, has shown adaptational lag to a warming climate 
in common garden experiments at four European sites (Wilczek, 
Cooper, Korves, & Schmitt, 2014). On the contrary, other experimen-
tal evidence has shown fast evolution or genetic adaptation of plants 
(Franks, 2011; Franks, Sim, & Weis, 2007; Mousavi-Derazmahalleh 
et al., 2019). In the published studies in Global Change Biology, 
the genomic approach has been mainly used on terrestrial biota 
(Figure 1). The most investigated global change factors are climate 
warming and elevated atmospheric CO2 concentration (Figure 1a). 
For example, some recent studies have used genomic data to analyze 
the warming impacts on soil microbial activity in a mountain glacier 
(Wang et al., 2020), local adaptation in a terrestrial-breeding frog 
(Cummins, Kennington, Rudin-Bitterli, & Mitchell, 2019), and terres-
trial N2O emissions (Li et al., 2020). It is also clear that most studies 
have used genomic data to study global change impacts on the eco-
system rather than tissues or organ level (Figure 1).

Global changes can alter selection in both direction and strength, 
leading to either maladaptation or fast genetic adaptation (Razgour 
et al., 2019; Siepielski et al., 2017). However, it is still difficult to un-
cover the molecular mechanisms causing maladaptation or adapta-
tion to environmental changes even when a large volume of genomic 
data are available. We still lack knowledge about either the particular 
genes related to each key adaptive trait in most wild species or which 
type of genetic variation in a gene can elevate the fitness of individu-
als (McCall & Irwin, 2006; You et al., 2013). Such limitation has been 
highlighted by a recent review on mapping genetic adaptation of wild 
populations to global change (Gienapp, 2020). In addition, the change 
of key adaptive traits can be caused by changes in both genetic com-
position and epigenetic variation (i.e., phenotypic plasticity; Bock 
et al., 2015), but genomic data are only effective in detecting genetic 
variation. These aspects are likely to restrict the applications of ge-
nomic techniques in bridging global changes and the corresponding 
biological responses on the species and population levels.
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Nevertheless, global changes have facilitated drastic range ex-
pansion of many species, which might display a large range of trait 
variation over a gradient of environmental factors. It thus provides 
chances for linking genes with adaptive traits and determining the 
functional genes under the selection of changing environments (Bay 
et al., 2018; Nallu et al., 2018). Also, the increasing occurrence of 
extreme weather and climate events offers experiments by nature 
to examine the evolutionary responses of species. For example, the 
European heatwaves have driven adaptive evolutionary shifts in in-
sects (Rodríguez-Trelles, Tarrío, & Santos, 2013) and fishes (Wegner, 
Kalbe, Milinski, & Reusch, 2008). In addition, whole-genome bisulfite 
sequencing can be used to evaluate the level of epigenetic variation. 
When it combines genomic sequencing techniques, we are able to 
assess the relative roles of genetic and epigenetic variation in fast 
adaptation to global changes (Hawes et al., 2019). Moreover, new 
generation sequencing technology has been successfully applied to 
demonstrate the different impacts of global changes on different 
taxa, such as soil microbes, trees, and animals (Zhou et al., 2016). 
These new advances offer important insights into how and why pop-
ulations respond and adapt to future global environmental changes.

2.2 | Response patterns of species-level 
traits and processes

The estimate of species richness on the Earth has a large range from 
0.5 to 100 million (Caley, Fisher, & Mengersen, 2014; Jiang, 2016). 
Due to such a high species diversity, the volume of data on species-
level traits and processes has been increasing fast in the last dec-
ades. For example, trait measurements provide multiple structural 
and functional characteristics for plant species (Kattge et al., 2020; 

Violle et al., 2007). The global plant trait database (TRY) was re-
leased in 2007 (Kattge et al., 2011) and has reached 11.8 million 
trait records in its fifth version (Kattge et al., 2020). The Botanical 
Information and Ecology Network (version 4.1.1) integrates >20.6 
million records on plant distribution, abundance, and traits for 
485,902 species on the globe (Enquist, Condit, Peet, Schildhauer, & 
Thiers, 2016). Phenology is another example of the rapid increase in 
data volume on the species level. The Pan European Phenology pro-
ject has monitored >12 million phenological records over 265 plant 
species in Europe since 1868 (Templ et al., 2018). The USA National 
Phenology Network also maintains >10 million records of plant and 
animal phenology observations across the United States (Crimmins, 
Crimmins, Gerst, Rosemartin, & Weltzin, 2017). The large volume 
of species-level data has great value in improving our understand-
ing of biological responses to global changes. The TRY database, for 
instance, has been widely used for exploring the impacts of global 
change factors on plant diversity (Harrison, Spasojevic, & Li, 2020), 
physiology (De Kauwe et al., 2016), phenology (König et al., 2018), 
and biomass (Shao et al., 2019).

Associated with the rapid increases in volume and value, most 
species-level data sets have encountered variety and veracity issues. 
The variety of species-level data is usually induced by large hetero-
geneity of growth conditions or measuring approaches. For exam-
ple, plant and animal phenology have been monitored in both natural 
and urban regions (Harrison, Gibbs, & Winfree, 2019; Li, Stucky, 
et al., 2019; Wohlfahrt, Tomelleri, & Hammerle, 2019). Also, there 
are large differences in species-level biomass (Poorter et al., 2016) 
and its response to environmental changes (Xu, Yan, et al., 2019a) 
between controlled and field experiments. Plant photosynthesis is 
one of the most important processes in driving biological responses 
to global changes but has been measured by different portable 

F I G U R E  1   A literature survey on the studies published in Global Change Biology by using genomic data during 1995–2020. The numbers in 
the boxes represent the number of studies on different organismic levels. In panel a, the LULC stands for land use and land cover changes, and 
“other” represents studies on other global change factors. In panel b, the green line indicates the number of publiashed papers base on genomic 
data. The results were searched with the keyword of “gene”, “genic” or "genomic"



     |  6043XIA et Al.

photosynthesis systems, such as LI 6400 and LI 6800 (Li-Cor), GFS-
3000 (Walz), CID-CI340 (Bio-Science), CIRAS-3 (PP Systems) and 
LCi-SD (ADC BioScientific). Although there are some standard man-
uals or protocols to measure species traits or processes (e.g., Hendry 
& Grime, 1993), the uneven veracity or quality of specie-level data 
is another challenge for analyzing data of different species across 
space. In the TRY database, for instance, a large proportion of leaf 
traits data could be measured in the shade rather than in full sun as 
reported by the data contributors (Keenan & Niinemets, 2016).

The species-level big data provides the opportunity to study the 
linkages between plant traits and ecosystem functions (Fraser, 2020). 
In fact, plant functional traits are important contributors to the sim-
ulation uncertainty of ecosystem productivity in current terrestrial 
biosphere models (Cui et al., 2019; Xia et al., 2017). A promising ap-
proach is to collect environmental data and measure multiple ecosys-
tem functions associated with the species traits. Some recent studies 
have constructed data sets of trait-function combinations for multiple 
species based on the measurements in global change experiments 

F I G U R E  2   The phylogenetic trees of plant species in manipulative experiments that include observations of non-structural 
carbohydrates (a), leaf functional traits (b) and plant biomass (c). Rings surrounding the phylogenetic tree from inside outwards indicate 
species from drought (orange bars), elevated CO2 (blue bars), nitrogen addition (green bars) and warming (red bars) experiments. (d) 
Probability density of experimental responses of net leaf photosynthesis to different global change factors
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(Walker et al., 2014). As shown in Figure 2, hundreds of plant species 
have been studied in different global change experiments (Figure 2a–
c). Responses of plant biomass and leaf functional traits are mostly 
measured under nitrogen addition and elevated CO2, while changes in 
non-structural carbohydrates are more often studied under elevated 
CO2 and drought stress (Figure 2a–c). As shown in Figure 2d, net leaf 
photosynthesis of terrestrial plants is significantly enhanced by ele-
vated CO2 and nitrogen addition but reduced by drought. Although 
the response directions of leaf traits are divergent among species, a 
recent analysis on 515 species has shown robust leaf trait relationships 
across species under global environmental changes (Cui, Bian, et al., 
2020; Ciu, Weng, et al., 2020). Another analysis on root traits from 369 
plant species has revealed that root diameter has the strongest impact 
on root trait variation across species (Ma et al., 2018). The analyses 
on root traits also have emphasized the important role of mycorrhi-
zal pathways in regulating ecosystem functions under environmental 
changes (Ma et al., 2018; Soudzilovskaia et al., 2015). Overall, the data 
mining on species-level observations has facilitated the process-un-
derstanding of biological responses to global changes, such as plant 
non-structural carbohydrates (Adams et al., 2017; Du, Lu, & Xia, 2020), 
leaf photosynthetic capacity (Kattge, Knorr, Raddatz, & Wirth, 2009) 
and respiration (Atkin et al., 2015), plant biomass (Xia & Wan, 2008; 
Xu, Lu, et al., 2019b), and soil microbial community composition  
(De Vries et al., 2012).

2.3 | Changes in community structures and 
ecosystem functions

Ecosystems are complex systems including not only biotic and abiotic 
components but also their interactions (Blew, 1996). It means commu-
nity structures and ecosystem functions are not the mere summations 
of individual organisms or processes (Tansley, 1935). Thus, ecosys-
tem responses to global change cannot be characterized or defined 
by data from a single process, location, or time (LaDeau, Han, Rosi-
Marshall, & Weathers, 2017). The data volume has been increasing 
dramatically in ecosystem-level global change experiments during the 
past three decades. However, there are some challenges in analyz-
ing the big data from different ecosystems for global response pat-
terns, such as the strong dependence of response patterns upon the 
sample size of data (van Gestel et al., 2018), the limited data in semi-
arid ecosystems, tropical and subtropical forests, and Arctic tundra 
(Song et al., 2019), and the under-representation of extreme events in 
global change experiments (Knapp et al., 2015, 2017). Nevertheless, 
analyzing the data from those ecosystem-level experiments has re-
vealed some general response patterns of community structure and 
ecosystem functions to global changes. For example, climate warming 
stimulates biomass accumulation (Lin, Xia, & Wan, 2010) but leads to 
soil carbon loss (Crowther et al., 2016) without altering the tempera-
ture sensitivity of soil respiration (Carey et al., 2016). Elevated CO2 
enhances net accumulations of carbon in terrestrial ecosystems (Luo, 
Hui, & Zhang, 2006) but could trigger nitrogen limitation on ecosystem 
productivity (Liang, Qi, Souza, & Luo, 2016; Luo et al., 2004). There 

are also many general response patterns of community structures and 
ecosystem functions to other global change factors, such as precipita-
tion change (Wu, Dijkstra, Koch, Penuelas, & Hungate, 2011), nutrient 
addition (Midolo et al., 2018; Zheng, Zhou, Luo, Zhao, & Mo, 2019), 
land use change (Beckmann et al., 2019; Zhou et al., 2019), and bio-
logical invasions (Davidson, Cott, Devaney, & Simkanin, 2018; Liao 
et al., 2008). A recent meta-analysis of 1,119 global change experi-
ments (Song et al., 2019) has shown that the treatment magnitudes of 
warming and elevated CO2 in those experiments are consistent with 
the future projections by Earth system models, but those of nitrogen 
and precipitation manipulations are often different from model projec-
tions. Also, most of these meta-analyses have detected additive rather 
than non-additive impacts between global change factors on ecosys-
tem functions (e.g., Song et al., 2019; Yue et al., 2017). However, it 
should be noted that the lack of interactive effects between global 
change factors could partially result from the limited number of multi-
factor experiments and the small range of treatment magnitude, such 
as similar temperature increase in warming experiments.

Associated with the rapid increase in global meta-analyses or 
syntheses on general response patterns, data also become rich 
within a site or experiment. For example, the SPRUCE experiment 
(https://mnspr uce.ornl.gov) measures a large number of ecosys-
tem processes or state variables in a northern peatland ecosystem, 
such as vegetation phenology (Richardson et al., 2018) and produc-
tivity (Walker et al., 2017), soil mycorrhizal dynamics (Fernandez, 
Heckman, Kolka, & Kennedy, 2019), greenhouse gases (Hanson 
et al., 2016), and element isotopes (Hobbie et al., 2017). Another ex-
ample is a long-term field warming experiment in the tallgrass prai-
rie in the U.S. Great Plains, which has discovered numerous novel 
phenomena of carbon cycling in response to climate warming based 
on measurements of microbial functional genes (Xue et al., 2016), 
soil respiration (Luo, Wan, Hui, & Wallace, 2001), plant phenology 
(Sherry et al., 2007) and species composition (Shi et al., 2016), and 
ecosystem CO2 exchanges (Niu, Sherry, Zhou, & Luo, 2013). In each 
of the seventy forest sites in the Forest Global Earth Observatory 
(ForestGEO; Anderson-Teixeira et al., 2014), growth and survival of 
all individuals have been monitored. Figure 3 shows the complex-
ity of carbon cycling in a forest ecosystem and the ground-based 
measurements on multiple layers of biological and environmental 
factors in a 20 ha ForestGEO site. Spatial analyses on these data 
sets have shown that topographical factors influence storages of 
aboveground litter mass (Wang et al., 2019) and soil phosphorus 
(Qiao et al., 2020), while soil acidity is a key factor regulating soil 
carbon and nitrogen stocks (Qiao et al., 2020). In aquatic ecosys-
tems, a large-scale comparative study of 69 boreal lakes has shown 
that surface water CO2 concentration enhances phytoplankton pro-
duction but not community composition (Vogt, St-Gelais, Bogard, 
Beisner, & del Giorgio, 2017). Thus, the big database on the site level 
can improve our understanding of not only community structure and 
species diversity, but also environmental impacts on ecosystem pro-
cesses. It also provides new opportunities to link ground-based com-
munity data to ecosystem-level measurements of carbon and water 
fluxes and even space-based monitoring of ecosystems.

https://mnspruce.ornl.gov
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3  | EMERGENT BIOLOGIC AL 
MECHANISMS AND PHENOMENA 
BA SED ON REGIONAL AND GLOBAL 
OBSERVATIONS

3.1 | Discovery of biological properties and 
mechanisms based on observational networks

The rapid increases in ecosystem data volume and velocity are asso-
ciated with rapidly expanding observational networks like FLUXNET 
(http://fluxn et.ornl.gov). Since the late 1990s, the FLUXNET data-
base has greatly improved our understanding of global change bi-
ology (Baldocchi, 2020). In the most recent public version of the 
FLUXNET database (i.e., FLUXNET2015), there are about 2000 
site-years of data at 30 min intervals from >200 sites (Pastorello 
et al., 2017). As shown by the clustering analysis in Figure 4, meas-
urements of eddy-flux towers have been used to explore the 

responses of various terrestrial carbon and water processes to dif-
ferent global change factors, such as climate warming (Anderson-
Teixeira et al., 2011), precipitation change (Schwalm et al., 2012; van 
der Molen et al., 2011), and extreme climate events (Gu et al., 2008; 
Reichstein et al., 2013). The high veracity of FLUXNET data has ena-
bled the quantifications of the factors contributing to the interan-
nual variability of CO2 fluxes from site to global scales (Mahecha 
et al., 2010; Niu et al., 2017; Shao et al., 2015). Cross-site analyses 
of flux data have revealed some important emergent properties of 
ecosystem CO2 exchange between the land and atmosphere. For 
example, Churkina, Schimel, Braswell, and Xiao (2005) have dis-
covered the convergent ratio between mean daily CO2 exchange 
over carbon uptake and release periods as 2.73 ± 1.08 across 28 
sites (Churkina et al., 2005). This ratio is relatively invariant even 
with a larger sample size of flux sites (2.71 ± 1.61; Cui, Bian, et al., 
2020; Ciu, Weng, et al., 2020). It is also interesting that the total 
annual net ecosystem CO2 exchange at each site can be described 

F I G U R E  3   Using big data on the site level to improve process-based understanding of ecosystem functions. (a) A conceptual illustration 
of the carbon cycle in a forest ecosystem. The conceptual model consists of different carbon pools and the carbon in those pools interact via 
fluxes of carbon. (b) The hierarchical structure of variables aboveground and belowground including tree number, diameter breast at 1.3 m 
height (DBH), litter mass, soil organic carbon (SOC) in different layers, topography (i.e., elevation), soil microclimate (i.e., soil moisture and 
temperature) in the 20 ha Tiantongshan forest dynamics plot (29.8°N, 121.8°E). Specifically, the DBH is the sum of all trees in each subplot. 
Soil temperature was detected every half hour by the temperature data loggers

http://fluxnet.ornl.gov


6046  |     XIA et Al.

as a logarithmic function of the ratio between total CO2 exchange 
over carbon uptake and release periods (Cui, Bian, et al., 2020; Ciu, 
Weng, et al., 2020). These properties could be useful benchmarks 
for evaluating the simulated terrestrial ecosystem CO2 exchange by 
Earth system models.

The complexity of biotic and abiotic interactions within 
ecosystems indicates that ecosystem functions cannot be fully 
predicted from any single independent process. For example, 
an analysis on data from 213 FLUXNET sites has shown a joint 
control of period length and peak rate of carbon uptake on vari-
ability in annual gross primary productivity (Xia et al., 2015). The 

long-term measurements from multiple sites also offer opportu-
nities for discovering key processes or mechanisms which drive 
the changes in ecosystem functions. For example, data mining 
on multiple flux tower sites has shown the photosynthetic reg-
ulations on net ecosystem CO2 exchange (Baldocchi & Penuelas, 
2019), important roles of phenology (Piao et al., 2020) and maxi-
mum carbon uptake rate (Fu et al., 2019) for interannual variabil-
ity of global net CO2 exchange, stabilization of peak ecosystem 
photosynthetic capacity in old forests (Musavi et al., 2017), and 
thermal acclimation of ecosystem CO2 uptake to rising tem-
perature (Niu et al., 2012). Similarly, analyses on data from the 

F I G U R E  4   Visualization network of most frequent topics (constructed via VOSViewer v 1.6.15 with the sample N = 287, frequency > 5) 
in the studies based on eddy-flux towers during 1995–2020. All papers are published in Global Change Biology, and the words from titles 
and abstracts were analyzed. Each bubble represents a term or key phrase. The size of each bubble indicates the frequency of occurrence. 
As shown in this figure, the exchanges of water and carbon between atmosphere and ecosystem (e.g., water-vapor exchange) are the most 
documented processes
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Nutrient Network (https://nutnet.org/) have revealed some new 
mechanisms which mediate the response of grassland community 
to nutrient addition, such as weakened stabilizing effects of di-
versity by eutrophication (Hautier et al., 2014) and the reduced 
grassland diversity by adding multiple limiting nutrients (Harpole 
et al., 2016). As shown in Table S1, there are many observational 
networks which provide big databases for community structures 
and ecosystem functions in some specific regions or across the 
globe. For example, the PhenoCam dataset provides time series 
of vegetation phenological observations for 393 sites across the 
globe (Seyednasrollah et al., 2019). Such camera-based big data 
has also promoted aquatic ecology by providing thousands of sea-
bed photographs (Morris et al., 2014) and plankton images (Luo 
et al., 2018). Some other databases collect global measurements 
of specific ecosystem processes or states and lead to discoveries 
of new global trends. For example, the global data of soil respi-
ration has shown a global increase in soil respiration over recent 
decades (Bond-Lamberty, 2018; Bond-Lamberty & Thomson, 
2010). Soil nitrogen-related datasets have shown regional or 
global patterns of inorganic nitrogen stock (Wei et al., 2019), ni-
trogen mineralization (Li, Tian, et al., 2019), and nitrification rate 
(Li et al., 2020). Global tree-ring data has allowed the analyses 
on long-term dynamics of tree growth under global changes (e.g., 
Zhu, Cui, & Xia, 2020). There are also some top-down organized 
continental-scale observatory networks, such as the National 
Ecological Observatory Network in the continental United 
States (Kampe, Johnson, Kuester, & Keller, 2010), the Terrestrial 
Ecosystem Research Network in Australia (Cleverly et al., 2019), 
and the Chinese Ecosystem Research Network (Yu & Yu, 2013). 
These networks offer a rich set of measurement data with im-
proved data standardization. Overall, the regional and global data 
sets are useful for promoting the discoveries of new emergent 
mechanisms and ecosystem properties in the biosphere.

3.2 | Global phenomena of biological changes 
revealed by big remote-sensing data

Space-based observations of the Earth's surface have led to a 
steady increase in global data sets for terrestrial (Schimel et al., 
2019) and marine (Muller-Karger et al., 2018) biospheres. In compar-
ison with the ground-based observations, remote sensors provide 
a massive volume of data with high velocity. The vast data volume 
results from the high resolutions of remote measurements at both 
temporal and spatial scales. For example, many satellites produce 
data at a spatial resolution of 10 m or even finer, such as SPOT 6/7 
(Astrium Services, 2013), IKONOS (Dial, Bowen, Gerlach, Grodecki, 
& Oleszczuk, 2003), QuickBird (Leboeuf et al., 2007), and ZY-3 
(Huang et al., 2020). Some environmental and biological processes 
can be monitored on the daily time step, such as fire occurrence by 
Terra/Aqua MODIS (Langner & Siegert, 2009) and vegetation green-
ness by NOAA-AVHRR (Pu et al., 2007). The role of space-based ob-
servations in facilitating studies of global ecology has recently been 

systematically reviewed by Schimel et al. (2019). Schimel et al. (2019) 
also have pointed out three key challenges in using space-based 
data, including estimation uncertainty from errors of the individual 
satellite, algorithm uncertainty, and difficulties to integrate biologi-
cal measurements from genes to ecosystems. These challenges have 
been existing for the last three decades, and we could learn from the 
recently successful big data mining on remote-sensing data in some 
other fields, such as water and energy budgets (Liang, Wang, He, & 
Yu, 2019; Sheffiled, Ferguson, Troy, Wood, & McCabe, 2009) and 
precision agriculture (Maes & Steppe, 2019). Here, we highlight that 
data variety and veracity are still limiting the use of space-based ob-
servations to answer more questions in global change biology. Take 
terrestrial GPP (Gross primary production) as an example, we show 
that the estimate of total global GPP has a large range, varying from 
112.1 ± 0.87 Pg C/year in MODIS to 135.11 ± 2.19 Pg C/year in 
GOSIF over 2001–2010. Such disagreement could stem from differ-
ent types of quantitative approaches or different algorithms within 
each approach. For example, the FLUXCOM and MTT databases are 
derived from machine learning approaches (Jung et al., 2011, 2017), 
but the VPM and MODIS data are based on the framework of light 
use efficiency (Running, 2015; Ryu, Berry, & Baldocchi, 2019; Zhang 
et al., 2017).

Analyses on the space-based global data sets have discov-
ered many new patterns or shifting trends in the biosphere 
under global changes. These global patterns or trends can be 
divided into three types, including long-term gradual trends, cy-
clic or seasonal changes, and abrupt changes in environmental 
and biological states. On the global scale, the space-based data 
sets of vegetation index have revealed the global land greening 
since 1980s (Piao et al., 2020; Zhu et al., 2016) but browning in 
many regions since 1990s (Pan et al., 2018; Treharne, Bjerke, 
Tømmervik, Stendardi, & Phoenix, 2019). The big remote-sensing 
data has also led to the detection of many other global long-term 
patterns, such as enhancing peak vegetation growth (Huang, Xia, 
et al., 2018), weakening temperature controls on vegetation ac-
tivity (Piao et al., 2014, 2017), asymmetric impacts of day and 
night warming on vegetation and ecosystem productivity (Peng 
et al., 2013; Xia et al., 2014), and forest mortality and loss (Curtis, 
Slay, Harris, Tyukavina, & Hansen, 2018; Yang et al., 2018). On the 
seasonal scale, global remote-sensing data sets have been widely 
used to study the cyclic changes in different biological processes, 
such as seasonal area use by lions (Hemson et al., 2005), phyto-
plankton blooms (Gittings et al., 2017), the timing of peak pho-
tosynthetic activity (Park et al., 2019), and plant phenology (Li 
et al., 2018; Piao et al., 2019). The high velocity of space-based 
data enables using satellite imagery to detect the abrupt occur-
rence of global change events and their biological impacts over 
large areas (Verbesselt, Zeileis, & Herold, 2012). Recently, some 
near real-time monitoring systems based on space-based data 
have been applied to forest conservation (Musinsky et al., 2018; 
Pratihast et al., 2016), flood event (Van Ackere et al., 2019), fire 
mapping (Pulvirenti et al., 2020), and tree mortality due to in-
sect outbreak (He, Chen, Potter, & Meentemeyer, 2019; Olsson, 

https://nutnet.org/
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Lindström, & Eklundh, 2016). Furthermore, global analyses of the 
big remote-sensing data have revealed many emergent properties 
of ecosystems, such as the average optimum air temperature for 
ecosystem gross primary productivity (Huang, Piao, et al., 2019), 
high stability of evergreen broadleaf forests (Huang & Xia, 2019) 
and collapse of rain-use efficiency in semi-arid ecosystems (Du 
et al., 2018) under extreme droughts, diminishment of vegetation 
seasonality over northern lands (Xu et al., 2013), and constrained 
tropical photosynthetic seasonality by hydroclimate (Guan et al., 
2015).

4  | PREDIC TIONS OF BIOLOGIC AL 
RESPONSES TO GLOBAL CHANGES BY BIG 
MODELING DATA

In the past decades, Earth system models have been incorporating 
hundreds or thousands of biological processes and their interactions 
with environmental changes. The Coupled Model Intercomparison 
Project (CMIP), for instance, was launched in 1995 and is currently 
in the sixth phase (i.e., CMIP6; Eyring et al., 2016). Its data vol-
ume of modeling outputs was about 36 TB in CMIP3, then quickly 

F I G U R E  5   Large variations in annual GPP estimations from observation-based datasets (a) and CMIP6 model ensemble (b) over the 
period 2001–2011. For the upper panel, map shows the standard deviation (SD) of mean annual GPP (2001–2011) among five GPP datasets. 
The five observation-based GPP datasets are FLUXCOM, GOSIF, MODIS, MTE and VPM. Insert panels show the differences of total global 
GPP among the five GPP datasets. For the lower panel, map represents the SD of mean annual GPP (2001–2011) among the 10 individual 
CMIP6 models. The CMIP6 models used in this study are ACCESS-ESM1-5, BCC-CSM2-MR, CanESM5, CESM2, CNRM-ESM2, IPSL-CM6A-
LR, MIROC-ES2L, MPI-ESM1-2-LR, NorESM2-LM and UKESM1-0-LL. Insert panels show the differences of total global GPP simulations 
among the 10 models. All the GPP datasets are calculated at a spatial resolution of 0.5° × 0.5°
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increased to 3 PB in CMIP5 and 30 PB in CMIP6 (Stockhause & 
Lautenschlager, 2017), and is expected to reach about 350 PB in 
2030 (Overpeck, Meehl, Bony, & Easterling, 2011). Some other 
projects concentrate on modeling data of terrestrial ecosystems 
and global changes, such as the MsTMIP (Multi-scale Synthesis and 
Terrestrial Model Intercomparison Project; https://nacp.ornl.gov/
MsTMIP.shtml), TRENDY (Trends in net land-atmosphere carbon 
exchanges; http://dgvm.ceh.ac.uk/node/21/), and model integra-
tion group of Permafrost Carbon Network (http://www.perma frost 
carbon.org).

A well-known challenge for using the modeling data is the high 
disagreement among different models. For example, the disagree-
ment in the estimated global annual GPP is much larger between 
process-based models (Figure 5b) than data-driven approaches 
(Figure 5a). As shown in Figure 6, over the period of 1850–2005, 
CMIP6 model ensemble simulated smaller and more converged global 
CO2 fluxes, in comparison with these from CMIP5. At the end of the 
simulated period, global GPP in CMIP5 was 153.77 ± 41.90 Pg C/year, 
but decreased to 125.93 ± 13.76 Pg C/year in CMIP6 (Figure 6a). 
Similar patterns were also found for ecosystem respiration, which 

was less uncertain in CMIP6 (118.53 ± 16.21 Pg C/year) than 
CMIP5 (144.22 ± 38.44 Pg C/year; Figure 6b). However, it should 
be noted that net ecosystem production is highly uncertain in both 
CMIP5 (9.44 ± 12.21 Pg C/year) and CMIP6 (7.39 ± 5.82 Pg C/year; 
Figure 6c), especially the uncertainty of NEP in evergreen broadleaf 
forests has been amplified from CMIP5 (0.12 ± 0.17 kg C m−2 year−1) 
to CMIP6 (0.15 ± 0.23 kg C m−2 year−1; Figure 6f). The uncertainty 
of modeling data on the terrestrial carbon cycle could stem from 
process parameterizations (Luo & Schuur, 2020), model structure 
(Rafique et al., 2016), or climate forcings (Ahlström, Schurgers, & 
Smith, 2017; Bonan et al., 2019). As the model uncertainty contrib-
utes to about 80% of the total variance of the land carbon cycle in 
Earth system models (Bonan & Doney, 2018), the divergence among 
modeling data has promoted research interests in how to trace and 
reduce model uncertainty (Bonan et al., 2019; Xia, Luo, Wang, & 
Hararuk, 2013).

The rapid expansion in modeling data size largely results from 
the increasing model complexity, which is characterized by adding 
more and more processes into the Earth system models. For exam-
ple, due to the widespread nitrogen limitation on terrestrial carbon 

F I G U R E  6   Global (a) Gross primary production (GPP), (b) ecosystem respiration, and (c) Net ecosystem production (NEP) modeled from 
CMIP5 model ensemble in comparison with CMIP6 results over the historical period (1850–2005). In these panels, solid line represents 
model ensemble mean and shaded polygon represents standard deviation. Error bar corresponds to the model ensemble mean and the 
standard deviation at the end of the period. Biome-level comparisons between CMIP5 and CMIP6 in modeling (d) GPP, (e) ecosystem 
respiration, and (f) NEP are shown in the second row. Different shapes represent model ensemble means, and error bar shows standard 
deviation. DBF, deciduous broadleaf forest; DNF, deciduous needleleaf forest; EBF, evergreen broadleaf forest; ENF, evergreen needleleaf 
forest; GRS, grassland; MIX, mixed forest; SHB, shrublands; SVN, savannas; WSV, woody savannas. The list of the Earth system models 
is shown in Table S2. The models were selected based on whether key variables (including GPP, heterotrophic respiration, autotrophic 
respiration, and NEP) over 1850–2005 were provided. For the models from the same modeling center, we only selected one as the 
representative because Earth system models (ESMs) within a center produced very similar results. Totally, there were 11 models selected 
from both of CMIP5 and CMIP6 (Table S2)

https://nacp.ornl.gov/MsTMIP.shtml
https://nacp.ornl.gov/MsTMIP.shtml
http://dgvm.ceh.ac.uk/node/21/
http://www.permafrostcarbon.org
http://www.permafrostcarbon.org


6050  |     XIA et Al.

storage (Hungate, Dukes, Shaw, Luo, & Field, 2003; Luo et al., 2004; 
Meyerholt, Sickel, & Zaehle, 2020; Wieder, Cleveland, Smith, & 
Todd-Brown, 2015), many Earth system models in CMIP6 have 
implemented nitrogen cycles (Arora et al., 2019; Davies-Barnard 
et al., 2020). Representation of the nitrogen limitation could be 
helpful to reduce the deviations of modeling data on the terrestrial 
carbon cycle, but increases the difficulty to understand the model 
uncertainty. For example, terrestrial biosphere models in the CMIP6 
(e.g., Figure 6) can be separated into two categories as carbon-only 
and carbon–nitrogen coupled models. However, it is difficult to 
evaluate whether the difference between carbon–nitrogen coupled 
models is caused by the nitrogen cycle or propagated from the car-
bon cycle. An earlier modeling analysis has shown that the implemen-
tation of the nitrogen cycle has contrasting effects on ecosystem 
carbon residence time between woody and nonwoody biomes (Xia 
et al., 2013). Different representations of nitrogen processes also 
can lead to heterogeneous modeling data for a given carbon process 
(Du et al., 2018; Meyerholt et al., 2020). Thus, we can expect a fast 
increase in the volume of modeling data but a reduction in the trace-
ability of model uncertainty on different biological processes.

Despite the high uncertainty among models, the analyses on 
these modeling datasets have greatly improved our understanding 
of biogeochemical and biophysical feedbacks between the terres-
trial biosphere and global environmental changes. For example, 
the modeling data from the TRENDY project have contributed 
to the annual reports of the global carbon budget (Friedlingstein 
et al., 2019; Le Quéré et al., 2018), which further provide datasets 
for carbon sources and sinks on a global level. Another important 
application of these modeling data is the attributions of various 
global biological phenomena to their driving environmental fac-
tors. For example, the modeling data in the TRENDY project has 
revealed that CO2 fertilization effects explain 70% of the global 
land greening trend during the past decades (Zhu et al., 2016). 
An analysis based on modeling data from the MsTMIP project has 
shown the important contributions of rising atmospheric CO2 con-
centration and climate change to the enhancing peak rate of global 
GPP since the 1980s (Huang, Xia, et al., 2018). Furthermore, the 
big modeling data have provided quantitative predictions of key 
biological processes or functions under future climate scenarios, 
such as CO2 fertilization effects on net land carbon sink (Haverd 
et al., 2020; Liu et al., 2019).

5  | METHODS TO E X TR AC T KNOWLEDGE 
FROM BIG DATA

The explosion of observational and modeling data challenges tra-
ditional methods of data analysis. In global change biology, experi-
mental designs or field surveys in traditional studies are commonly 
driven by specific biological questions (Luo et al., 2011), so data are 
collected with certain statistical assumptions such as normality, ran-
domization, and independence (Queen, Quinn, & Keough, 2002). 
Big data approaches, however, extract emerging knowledge from 

unstructured data mainly based on machine learning techniques. 
The difference between traditional and big data approaches has 
been compared in many fields, such as geoscience (Reichstein 
et al., 2019), social economics (Blazquez & Domenech, 2018), and 
healthcare (Wang et al., 2018). Here, we only briefly review some 
widely used or newly emerged methods in the field of global change 
biology, especially on their challenges and opportunities for facilitat-
ing the integration between observed and simulated big data in the 
future.

5.1 | Meta-analyses on experimental data

The term “meta-analysis” was first introduced in 1976 (Glass, 1976), 
and has been identified as the “grandmother of the big data” in a re-
cent review (Gurevitch, Koricheva, Nakagawa, & Stewart, 2018). As 
a statistical method, meta-analysis is inherently different from a big 
data approach, which is developed from computer science (Fan, Han, 
& Liu, 2014; Gurevitch et al., 2018). In global change biology, meta-
analyses are usually designed to examine the hypothesized effec-
tiveness of global-change factors (Luo et al., 2006; Song et al., 2019; 
Xia & Wan, 2008) or to identify sources of a general phenomenon 
from highly heterogeneous observations (e.g., Cardinale et al., 2007). 
As shown in Figure 7, there are a total of 192 meta-analysis papers 
published in the journal of Global Change Biology over 1995–2020. 
Besides the exponential increase in the number of publications, at 
least three trends have emerged in the meta-analytical studies. First, 
the number of meta-analysis exploring the interactive effects of dif-
ferent global change factors has increased fast from 1995–2005 
(9% in total cases) to 2015–2020 (17%). Second, among the single 
global change factors, many meta-analyses have focused on the im-
pacts of land use and land cover changes while nutrient availabil-
ity has become a hot topic in recent years. Third, the sample size 
of meta-analytical analysis has been growing fast from <100 (Guo 
& Gifford, 2002; Peterson et al., 1999) to >1,000 in a recent case 
(Song et al., 2019). However, cautions should be exercised in using 
meta-analysis to derive quantitative conclusions (Whittaker, 2010), 
even recently they are combined with other statistical approaches 
such as structural equation models. Unlike meta-analysis, big data 
approaches have different goals as discovering subtle patterns and 
heterogeneities from a massive sample size of data (Fan et al., 2014). 
Thus, it is promising to apply big data techniques to these existing 
meta-analytical datasets for extracting new patterns of biological 
response to global changes.

5.2 | Machine learning for observational data

Machine learning, particularly deep learning, has been increasingly 
used to discover new patterns from data. For example, machine learn-
ing has benefited the areas of plant specialized metabolism (Moore 
et al., 2019), plant–pathogen interactions (Sperschneider, 2019), 
biomass estimation (Anderson et al., 2018; Zhao, Popescu, Meng, 
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Pang, & Agca, 2011), wetland mapping (Pashaei, Kamangir, Starek, 
& Tissot, 2020), and geoscience (Reichstein et al., 2019). The chal-
lenges and opportunities of applying machine learning in those re-
search areas offer important lessons for global change biology. For 
instance, Reichstein et al. (2019) has systematically reviewed the 
development of machine learning in Earth system science and pro-
vided five major challenges for deep learning applications in geo-
science. Those challenges include low interpretability of predictive 
results, high physical consistency among predictions, complex and 
uncertain data, limited labels for observations, and high computa-
tional demand. More perceptively, they have highlighted five op-
portunities to integrate machine learning with physical modeling, 
including improving model parameterizations, replacing physical 
sub-models with machine learning models, constraining sub-models 
with machine learning algorithms, analyzing model-observation mis-
match, surrogate modeling for enhancing computational efficiency. 
Some of these opportunities are driven by the assumption of a weak 
theoretical basis in biological processes (Reichstein et al., 2019). The 
lack of general mathematical equations to describe the biosphere 
has also been identified as a key challenge to predict life in current 

Earth system models (Bonan & Doney, 2018). A recent study has 
shown that the combination of deep learning and data assimilation 
can significantly improve the simulations of soil carbon storage in a 
global land model (Tao et al., 2020). Because machine learning re-
quires no assumption of the probability distribution of data errors, 
stationarity of time series, or correlations, it is well suited to study 
nonlinear responses and interactions of biological processes under 
global changes. However, an existing bottleneck is how to trace the 
observation-oriented patterns from machine learning and simulated 
results from Earth system models back to biologically meaningful 
parameters or processes, which is discussed next.

5.3 | Traceability analysis on modeling data

Uncertainties of modeling data collectively result from three sources, 
including external forcings, model structure, and process parameteri-
zations (Luo et al., 2016). As shown in Figure 6, the divergence among 
models in the terrestrial carbon cycle calls for new approaches to 
trace the difference in modeling data back to its sources. A traceability 

F I G U R E  7   The studies published in Global Change Biology based on meta-analysis (n = 192) during 1995–2020. The results were searched 
with the keyword of “meta” or “meta-analysis”. The percentage following the labeled texts indicates the relative proportions of different 
global change factors. The grey bars indicate the sum of publications in different time periods. The first gray bar indicates the number of 
meta-analytical studies before 2000 (n = 3). The interaction (n = 17) represents that multiple global change factors are included in the meta-
analysis. LULC (n = 44) indicates the Land use land cover, and others (n = 40) contain the studies on ocean acidification, tropospheric ozone 
change, and ultraviolet radiation
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analysis has been developed for tracing terrestrial carbon storage 
to net primary productivity, carbon residence time, and their deter-
minant processes and/or parameters (Figure 8; Luo et al., 2017; Xia 
et al., 2013). The theoretical basis of the traceability analysis is a differ-
ential matrix equation that describes the dynamic disequilibrium of the 
terrestrial carbon cycle (Luo & Weng, 2010). Such a matrix equation 
is also applicable to most state-of-the-art terrestrial biosphere mod-
els (Huang, Lu, et al., 2018; Xia, Luo, Wang, Weng, & Hararuk, 2012), 
making the model divergence traceable back to their sources. The 
traceability analysis has been applied to evaluate influences of climate 
forcings on carbon cycle (Ahlström, Xia, Arneth, Luo, & Smith, 2015), 
compare inter-model differences in global carbon storage (Rafique 
et al., 2016; Zhou et al., 2018), and explain difference in terrestrial car-
bon cycle within a model (Jiang et al., 2017; Xia et al., 2013). An online 
traceability analysis system (i.e., TraceME) has been built to evaluate 
the terrestrial carbon cycles among CMIP6 models in a traceable, au-
tomatic, and visual way (Zhou et al., 2020). Further development of 
such traceability analysis to include more biological processes or ap-
plications of similar approaches in other components of Earth system 
models could be helpful to increase the interpretability of modeling re-
sults. Although models represent our imperfect understanding on the 

Earth system, traceability frameworks like those shown in Figure 8 are 
important to improve the models through analyses of additional data 
and applications of new big-data techniques.

5.4 | Model-data fusion and ecological 
forecasting platforms

Model-data fusion is powerful for obtaining information about a 
phenomenon or a research question by iteratively integrating obser-
vational and modeling data. The applications and pitfalls of model-
data fusion have been widely reviewed in different fields of ecology, 
such as integrated population models (Abadi, Gimenez, Arlettaz, & 
Schaub, 2010; Sun, Royle, & Fuller, 2019), species distribution (Isaac 
et al., 2020; Pacifici et al., 2017), and ecosystem carbon cycling 
(Keenan, Carbone, Reichstein, & Richardson, 2011; Luo et al., 2009; 
Raupach et al., 2005; Wang, Trudinger, & Enting, 2009). Due to the 
fast developments of data assimilation techniques and cyberinfra-
structure in recent years, some model-data fusion platforms have 
emerged in the field of global change biology. For example, the Data 
Assimilation Research Testbed applies an Ensemble Kalman Filter to 

F I G U R E  8   A traceability framework of terrestrial carbon cycle. More details about the traceable components have been introduced 
by Xia et al. (2013), Luo et al. (2017), and Cui et al. (2019). The theoretical derivation of the traceability framework can be found in Luo 
et al. (2017)
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integrate models with a set of observations (Anderson et al., 2009). 
The Carbon Cycle Data Assimilation System assimilates different data 
streams into global land-surface models with a stepwise approach 
(Peylin et al., 2016). These efforts are mainly focusing on large spatial 
scales, therefore are difficult to assimilate new observations from local 
and site scales (Dietze et al., 2018). Recently, some new quantitative 
platforms have emerged for near real-time ecological forecasting under 
global changes on the site level. For example, the Ecological Platform 
for Assimilating Data has been applied to improve the forecasting 
of peatland responses to climate and environmental changes by in-
tegrating observations from the SPRUCE experiment and simulated 
data by the TECO model (Huang, Stacy, et al., 2019; Ma et al., 2017). 
Another example is the Predictive Ecosystem Analyzer (PEcAn, pecan 
proje ct.org), which has combined plant trait observations with terres-
trial biosphere models for forecasting ecosystem CO2 fluxes (Raczka, 
Dietze, Serbin, & Davis, 2018). The challenges for model-data fusion 
and ecological forecasting include different scientific assumptions 
to apply data assimilation techniques, large structural uncertainties 
among ecological models, errors from external forcings, and high com-
putational demands (Dietze et al., 2018; Huang, Stacy, et al., 2019; 
Wang et al., 2009).

5.5 | Question or assumption-driven analyses on 
big data

The “assumption-centred” approach (Medlyn et al., 2015) is helpful 
to integrate different sources of data to improve our understanding 
of global change biology. One good example is the FACE Model-Data 
Synthesis project, which have used field data from FACE experi-
ments to identify the key ecological assumptions causing differences 
among terrestrial ecosystem models (De Kauwe et al., 2013; Medlyn 
et al., 2015; Walker et al., 2019). Another example is the Permafrost 
Carbon Network, which uses multiple data sources and methods to 
quantify the role of permafrost carbon in affecting global climate 
change (Schuur & Abbott, 2011). The interactions between research 
communities of measurements (Plaza et al., 2019), modeling (McGuire 
et al., 2016), and remote sensing (Nitze, Grosse, Jones, Romanovsky, 
& Boike, 2018) have benefited our understanding of the permafrost 
carbon dynamics. Thus, to better extract knowledge from the big data, 
it is important to distinguish between which research questions can 
be answered by the increasing data availability and which questions 
require new techniques.

6  | CONCLUDING REMARKS

Big data science has been challenging the traditional research para-
digm in global change biology in myriad ways. As exemplified in 
this review, the rapid increase in big data sets has facilitated global 
change biology in identifying global patterns, discovering emergent 
biological phenomena and mechanisms, and predicting future bio-
sphere changes. However, there are also some challenges for better 

using the big data in global change biology. First, most advance-
ments have been done in increasing the data volume and velocity 
of data accumulation, but limited progress has been made to deal 
with the data variety and veracity. Second, our ability to assimilate 
data to improve near real-time forecasting and long-term projec-
tions of biological systems lags behind data collections and model 
developments. Third, the observed big data is neither random nor 
complete samples of all biota on the globe, while the modeling data 
include many unrecognized uncertainty sources. Fourth, both ob-
served and modeling big data have paid major attention to responses 
rather than adaptations of living organisms to global changes. Fifth, 
there is no effective way to integrate biological data from gene to 
biosphere as well as environmental data from microenvironment to 
macro-ecosystems.

There is no doubt that big data provides many new research op-
portunities for global change biology. Many biological assumptions in 
current Earth system models are inconsistent with field observations 
(e.g., Bradford et al., 2014), calling for the discovery of new theories 
based on the observed big data. Also, tracing the impacts of global 
changes across organismic scales is another important opportunity, 
such as which genes determine a key adaptive trait (Gienapp, 2020), 
which traits regulate an ecosystem function (Cui et al., 2019; 
Fraser, 2020), and which ecosystem processes shape the terrestrial 
feedback to global climate change (Arora et al., 2019). New technol-
ogies such as the 3D monitoring of the Earth, modern modeling sys-
tems, and iterative model-data fusions have together promoted global 
change biology into high spatiotemporal resolutions. Furthermore, 
the fast development of cyberinfrastructure tools has been accelerat-
ing the pace of discovery by integrating observed and simulated data 
(Fer et al., 2020; Hoffman et al., 2017). Overall, the explosion of big 
data and related technologies can improve not only the fundamental 
understanding of global change biology but also the decision-making 
processes for sustaining the biosphere under future global changes.
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