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24 Abstract

25 As one of the most dynamic aspects of global environmental change, land use/cover change 

26 (LUCC) has a profound impact on terrestrial carbon sequestration. However, LUCC-induced 

27 carbon fluxes are still the most uncertain terms in global and regional carbon budgets. Ecosystem 

28 gross primary production (GPP) is the total carbon uptake by vegetation through photosynthesis, 

29 serving as a major control on ecosystem function and land carbon balance during and after the 

30 modification of the land surface. However, accurately capturing LUCC-induced GPP changes 

31 requires both high-quality land cover data and controlling for variation driven by other 

32 environmental factors such as climate. In this study, we comprehensively examined the effects of 

33 LUCC on annual GPP trends over the conterminous United States (CONUS) from 2001 to 2016 

34 using the National Land Cover Database, a remote sensing-driven ecosystem model, and the 

35 Google Earth Engine cloud computing platform. We designed a series of model experiments to 

36 identify the LUCC effects on GPP by controlling climate effects. During the study period, LUCC 

37 exerted a strong negative effect on total GPP across the CONUS ([-2.2, -1.8] Tg C yr-2), while 

38 climate had smaller positive effects ([0.17, 0. 92] Tg C yr-2). The LUCC-induced reduction of 

39 GPP was mainly caused by net forest loss ([-1.98, -1.39] Tg C yr-2) and urban expansion ([-2.03, 

40 -1.92] Tg C yr-2), but was partially offset by increases in crop area ([+0.66, +0.79] Tg C yr-2). 

41 Ensemble simulations from TRENDY did not capture the strong negative LUCC influences on 

42 GPP, likely due to the deficiency of the adopted land cover data. Our study provides a novel 

43 perspective on LUCC-induced GPP changes, which could help to improve our understanding of 

44 ecosystem function changes and constrain the estimation of land carbon balance in the context of 

45 anthropogenic activity and climate change. 
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51 1. Introduction

52 Human-induced land use/cover change (LUCC) and climate change represent two of the most 

53 dynamic aspects of global environmental change, which have profound impacts on land carbon 

54 sequestration (Foley, 2005; Pielke, 2005; Zhang et al., 2019; Piao et al., 2020). The terrestrial 

55 biosphere acts as a major carbon sink in the global carbon cycle (Falkowski et al., 2000), 

56 potentially offsetting one third of fossil fuel emissions (Le Quéré et al., 2018; Friedlingstein et 

57 al., 2019). However, an equivalent of about half of the total land carbon sink is reemitted back 

58 into the atmosphere through LUCC, and primarily deforestation (Friedlingstein et al., 2019). 

59 After fossil fuel emissions, LUCC is the second largest contributor of anthropogenic emissions to 

60 the atmosphere. Nevertheless, compared to fossil fuel emissions and other components of the 

61 global carbon budget, LUCC-induced carbon emissions are associated with the highest 

62 uncertainty (Houghton et al., 2012; Sitch et al., 2015; Arneth et al., 2017; Friedlingstein et al., 

63 2019). Ecosystem gross primary production (GPP) is the total carbon uptake by vegetation 

64 through photosynthesis (Beer et al., 2010), serving as a primary regulator on the land carbon 

65 balance by offsetting potential carbon releases during and after LUCC (Hansis et al., 2015). 

66 Therefore, constraining LUCC-induced GPP change could provide a better understanding of 

67 ecosystem functions (Anav et al., 2015; Zhang et al., 2014, 2019) and further reduce 

68 uncertainties in global and regional carbon balances (Erb et al., 2013; Arneth et al., 2017). This 

69 goal is also aligned with recently renewed efforts to understand the role of LUCC in 

70 implementing “natural climate solutions” (Griscom et al., 2017; Fargione et al., 2018).

71 While globally important, LUCC typically occurs locally and across various vegetation types and 

72 climate zones (Sleeter et al., 2013). Precisely quantifying the influence of LUCC on GPP relies 

73 on robust ecosystem models with spatially explicit land cover data, which could characterize 



74 types, locations, extents and frequency of LUCC at fine spatial scales. Global or national-scale 

75 LUCC-induced carbon fluxes are usually estimated in a simplified manner through bookkeeping 

76 models (Coulston et al., 2015; Friedlingstein et al., 2019), relatively simple carbon accounting 

77 methods based on forest inventory, agricultural statistical and/or social census data (e.g., 

78 FAOSTAT; http://www.fao.org/faostat). Consequently, they do not include transient responses 

79 of ecosystems to environmental changes and most of them lack spatial details of LUCC 

80 influences (Houghton et al., 2012; Pongratz et al., 2014; Hansis et al., 2015). Meanwhile, 

81 process-based dynamic global vegetation models (DGVMs) such as TRENDY (Sitch et al., 

82 2015) have been used to quantify the LUCC effects on GPP, for example, based on century-long 

83 harmonized land cover data (e.g., HYDE, LUH2) (Anav et al., 2015; Arneth et al., 2017). 

84 Although DGVMs can simulate carbon dynamics with detailed biogeochemical processes, the 

85 demand for sophisticated high-quality model inputs is usually hard to satisfy and their 

86 operational spatial resolutions (0.25° - 1°) are usually too coarse to evaluate the effects of fine-

87 scale LUCC (Anav et al., 2015; Bastos et al., 2020). As a consequence, current bookkeeping and 

88 process-based models still show large discrepancies in the estimation of LUCC-induced carbon 

89 fluxes (Friedlingstein et al., 2019; Bastos et al., 2020; Harris et al., 2021). 

90 Satellite observations allow near real-time, large-scale monitoring of land surface conditions 

91 (Song et al., 2015), facilitating not only derivation of high frequency land cover information 

92 (ESA, 2017; Sulla-Menashe et al., 2019) but also vegetation status during or after disturbances 

93 (Frolking et al., 2009; Didan et al., 2015). Remote sensing driven ecosystem models, such as 

94 those derived from light-use efficiency theory, provide an alternative approach for quantifying 

95 fine-scale LUCC-induced GPP change (Zhang et al., 2014). Combined with fine-resolution land 

96 cover datasets, such as those provided by the USGS National Land Cover Database (NLCD) 



97 (Homer et al., 2020), these models have the potential to better constrain LUCC-induced changes 

98 in GPP at the scale at which LUCC actually occurs (i.e., local to regional scales). 

99 The conterminous United States (CONUS) possesses diverse ecosystems and heterogenous 

100 landscapes, but has experienced intensive LUCCs related to anthropogenic and natural 

101 disturbance over the past two decades (Homer et al., 2020). However, the patterns, magnitudes 

102 and rates of LUCCs and their corresponding influences on carbon fluxes remain debatable 

103 (Arneth et al., 2017; Yu et al., 2019; Liu et al., 2020). For example, the national inventory data of 

104 FAOSTAT and global harmonized land cover data (Hurtt et al., 2017) showed an increase of 

105 total forest area but a decrease of cropland area over the CONUS since 2001, which contradict 

106 remote sensing-based observations (Hansen et al., 2013; ESA, 2017; Li et al., 2018). 

107 Accordingly, the land carbon sink over the CONUS may be largely overestimated without 

108 critical fine-scale LUCC information (Liu et al., 2020) or even turned to carbon source after 

109 accounting for more accurate LUCC information (Yu et al., 2019). 

110 The NLCD provides more than two decades of comprehensive land cover information at a 30-m 

111 spatial resolution over the CONUS (Fry et al., 2008; Yang et al., 2018). However, early versions 

112 of NLCD are not quite suitable for LUCC analysis due to the data inconsistency (i.e., before and 

113 after 2000), relative low cyclical update and short accumulation period (e.g., only a decade for 

114 NLCD 2011 with five-year interval) (Fry et al., 2008; Homer et al., 2015). The recent release of 

115 NLCD (2016) represents a next generation NLCD product with a consistent multi-temporal land 

116 cover database at 2-3-year intervals since 2001 (Yang et al., 2018). Thus, the newly updated 

117 NLCD provides a chance to re-evaluate the status of LUCC over the CONUS and its 

118 contributions to changes in land carbon fluxes. 



119 Here, we assimilated the newly released NLCD into a remote sensing-driven ecosystem model in 

120 Google Earth Engine (GEE) to examine the spatiotemporal patterns of LUCC over the CONUS 

121 and further isolate the effects of LUCC on annual GPP trends from climate change and 

122 variability using factorial model simulations. Specifically, we addressed four scientific questions: 

123 (1) What were the spatial/temporal patterns of LUCC over the CONUS from 2001 to 2016? (2) 

124 How did the LUCC affect the terrestrial GPP at national/regional scales and by LUCC types? (3) 

125 How different were the influences of LUCC compared to those from climate variability and 

126 change? (4) To what extent did ensemble model simulations from TRENDY capture LUCC-

127 induced GPP changes identified in the analysis of the NLCD database? By answering these 

128 questions, our study would offer a novel perspective on the dominant modes of LUCC-driven 

129 GPP change across the CONUS, beyond which informing model predictions is also highly 

130 relevant for ongoing efforts to sustain the US terrestrial carbon sink. 

131

132 2. Materials and Methods

133 2.1 CCW model 

134 We used the Coupled Carbon and Water (CCW) model to estimate the respective effects of 

135 LUCC and climate change on GPP. CCW is a recently developed diagnostic ecosystem model 

136 based on global eddy flux tower and remote sensing data (Zhang et al., 2016, 2019). In CCW, 

137 GPP is estimated as the product of absorbed photosynthetically active radiation (APAR) and 

138 realized LUE (ℰ) that varies with vegetation type and climate based on light-use efficiency 

139 (LUE) theory:

140 𝐺𝑃𝑃 =  𝐴𝑃𝐴𝑅 × ℰ = (𝑃𝐴𝑅 × 𝐹𝑃𝐴𝑅) × 𝜀𝑝𝑜𝑡 × 𝑓(𝐸)                                                             (1)   

141 where PAR is the incident photosynthetically active radiation (MJ m-2), which is assumed to be 



142 45% of the total short-wave radiation; FPAR is the fraction of PAR absorbed by plants, which is 

143 linearly related to remote sensing-based normalized difference vegetation index (NDVI) (Sims et 

144 al., 2005); εpot (g C MJ-1) is the potential LUE without environmental stresses; and 𝑓(𝐸) 

145 represents scalar functions that reduce LUE in responses to environmental stress. CCW accounts 

146 for environmental stress effects from diffuse radiation (Rs), temperature (Ts) and water stresses 

147 (Ws):

148 𝑓(𝐸) = 𝑅𝑠 × 𝑇𝑠 × 𝑊𝑠                                                                                                                (2)

149 𝑅𝑠 =  1 ― 𝐾1 × 𝐶𝐼                                                                                                                     (3)

150 𝑇𝑠 =  
(𝑇 ― 𝑇𝑚𝑖𝑛) × (𝑇 ― 𝑇𝑚𝑎𝑥)

(𝑇 ― 𝑇𝑚𝑖𝑛) × (𝑇 ― 𝑇𝑚𝑎𝑥) ― (𝑇 ― 𝑇𝑜𝑝𝑡)2                                                                                              

151 (4)       

152 𝑊𝑠 = 𝑒―𝐾2×(𝑉𝑃𝐷―𝑉𝑃𝐷𝑚𝑖𝑛)                                                                                                           (5)

153 where CI is a clear-sky index (defined as the ratio of actual radiation to clear-sky radiation); K1 is 

154 a diffuse light response parameter in which a smaller K1 indicates a stronger influence of diffuse 

155 radiation on LUE;  T is the monthly mean air temperature; Tmin, Tmax and Topt are the minimum, 

156 maximum and optimal air temperatures for photosynthetic activity, respectively; VPD is the 

157 monthly vapor pressure deficit (hPa); K2 is a moisture sensitivity parameter, whereby a higher K2 

158 indicates a larger reduction of LUE in response to VPD; and VPDmin is the minimum VPD above 

159 which moisture stress starts to take effect. Ws is set to 1.0 when the VPD is lower than VPDmin. 

160

161 The parameters εpot, Tmin, Tmax, Topt, K1, and K2 are biome-specific (Table S1) and have been 

162 calibrated based on global flux tower data from FLUXNET2015 and remote-sensing based 

163 NDVI from MODIS-C6 (Zhang et al., 2019). Additional details about the theoretical framework 

164 and model validation at multiple levels (i.e., site-, biome- and spatial-levels) can be found in 



165 previous studies (Zhang et al., 2016, 2019). Overall, CCW explained 71% of the variation in 

166 tower-based GPP with a root-mean-square error of 2.0 g C m-2 day-1, which is comparable to 

167 most existing remote sensing-based models of GPP (Zhang et al., 2019). In addition, the biome-

168 specific parameters, simplified yet robust model structure, and consideration of key 

169 environmental constraints from temperature, water stress and light saturation all make CCW 

170 particularly useful for examining the LUCC effects on GPP separately from climate change 

171 effects at broad scales (Zhang et al., 2019). 

172

173 2.2 Driver datasets for CCW

174 To drive CCW, we used all epochs of 30-m land cover data from NLCD 2016, 16-day 250-m 

175 NDVI from MODIS (i.e., MOD12Q1 C6) (Didan et al., 2015), and monthly 1 km climate data 

176 from Daymet3 (Thornton et al., 2017) from 2001 to 2016. 

177 2.2.1 Land cover data

178 Based on the Landsat images and a series of ancillary land products, the United States 

179 Geological Survey recently updated the 30-m NLCD to a newer version (i.e., NLCD 2016) with 

180 innovative, consistent and robust methodologies (Jin et al., 2019). Different from previous 

181 versions of the NLCD at 5-10 year intervals, NLCD 2016 offers multi-temporal land cover data 

182 at 2-3 year intervals between 2001 and 2016 (Yang et al., 2018). The overall accuracy of  82% - 

183 86% for the NLCD 2016 (Yang et al., 2018; Jin et al., 2019) outperforms existing global land 

184 cover products: e.g., 73.6% for MCD12Q1 (Sulla-Menashe et al., 2019), 72-75% for ESA-CCI 

185 (ESA, 2017), and 80% for GLOBELAND30 (Chen et al., 2015).

186 All seven epochs of land cover data from NLCD 2016 (i.e., 2001, 2004, 2006, 2008, 2011, 2013 

187 and 2016) were utilized in this study. For those missing years, the closest land cover data were 



188 used for gap-filling. The original NLCD land types were regrouped into 9 classes, including 

189 evergreen forest, deciduous forest, mixed forest, shrub, grass (grassland/herbaceous and 

190 pasture/hay), crop, urban, barren, and water/wetland. In this study, since we mainly focused on 

191 the GPP dynamics over terrestrial ecosystems, aquatic or semi-aquatic ecosystems related to 

192 water/wetlands were masked out. The remaining non-vegetated types (i.e., urban & barren) were 

193 incorporated for LUCC analysis, but their GPP values were set to zero in the CCW. 

194 For comparison to our NLCD 2016 analysis, we further collected annual 500-m MODIS Land 

195 Cover Product (Collection 6 MCD12Q1) and annual 300-m ESA-CCI Land Cover Data for the 

196 period from 2001 to 2016. We selected the classification scheme of International 

197 Geosphere‐Biosphere Programme (IGBP) in MCD12Q1 to compare with the NLCD 2016. The 

198 ESA-CCI land cover data, which adopted a classification from the United Nations‐Land Cover 

199 Classification System, were converted to the IGBP in this study following (Zhang et al., 2019). 

200 In addition, annual national inventory data from FAOSTAT (http://www.fao.org/faostat/en) and 

201 0.25° Land Use Harmonization data (LUH2v2.1h) (Hurtt et al., 2017) for years corresponding to 

202 the study period were included for comparison to our NLCD 2016 analysis. 

203

204 2.2.2 Vegetation index data

205 The 16-day 250-m MODIS NDVI product (i.e., MOD12Q1 C6) over the CONUS was used to 

206 drive the CCW over the study period (2001-2016). The collection 6 MODIS NDVI was retrieved 

207 from daily, atmosphere-corrected, bidirectional surface reflectance (Didan et al., 2015), and 

208 issues of sensor degradation in the prior collection 5 were largely resolved (Zhang et al., 2017). 

209 Based on the detailed Quality Control flag, poor-quality NDVI values (mostly related to clouds, 

210 aerosols, snow/ice and bad geometry etc.) were linearly interpolated based on the closest good-



211 quality data within a window of 64 days. If no good quality NDVI value was found within this 

212 window, the multiple-year average of high-quality 16-day values was used. Where the 16-day 

213 averaged data was still unavailable, monthly averaged high-quality data was used. After the 16-

214 day smoothed series were constructed, the monthly average of NDVI was then calculated as the 

215 input to the CCW. 

216 2.2.3 Climate data

217 We obtained daily shortwave solar radiation, air temperature, and VPD from 1-km Daymet V3, 

218 which was derived from in-situ meteorological observations and various supporting datasets over 

219 North America (Thornton et al., 2017). We calculated VPD from daily minimum/maximum air 

220 temperature and actual water vapor pressure (Allen et al., 1998). All daily variables were 

221 aggregated to monthly values for model simulation. To calculate clear-sky solar radiation, we 

222 adopted a 30-m DEM from GMTED2010 (Danielson & Gesch, 2011). 

223 2.2.4 Model implementation in Google Earth Engine

224 We implemented the CCW model in Google Earth Engine (GEE), a cloud-based geospatial 

225 processing platform, which has been widely used for large-scale environmental monitoring and 

226 modeling (Gorelick et al., 2017; Tamiminia et al., 2020). To balance computing efficiency, 

227 output storage, and input data quality, all the input data were resampled to a spatial resolution of 

228 300 m. Among them, NLCD was upscaled based on the majority rule, while other data were 

229 interpolated based on the nearest neighbor method.

230 2.3 Modeling design

231 To disentangle the effects of LUCC and climate change on GPP, we designed three groups of 

232 simulation scenarios based on different combinations of model inputs (Table 1). The first group 



233 (“All”) was assembled to produce the actual ensemble GPP dynamics by allowing all model 

234 inputs change with time. The second group simulated LUCC effects on GPP, including two 

235 simulations, S1 and S2. S1 held land cover at the initial 2001 level, but allowed all other 

236 variables to change, while S2 further held FPAR at the 2001 level. We used the simulation 

237 difference between All and S1 (“LUCC1”) to represent the direct effect of LUCC on GPP 

238 independent of climate change effects. In CCW, land cover type determines the biome-specific 

239 potential LUE and other sensitivity parameters to climate variables. However, LUCC1 did not 

240 account for the potential effect of FPAR change caused by LUCC. Therefore, we further 

241 considered this effect using the simulation difference between All and S2 (“LUCC2”), which 

242 represents the integrated effect of LUCC. The realistic LUCC effect on GPP can be constrained 

243 by LUCC1 and LUCC2. To quantify climate effects, two additional simulations (S3 and S4) 

244 were conducted. S3 allowed land cover and FPAR to change but held all three climate factors 

245 (solar radiation, air temperature and VPD) at the initial 2001 level, while S4 only allowed land 

246 cover change with time but held all the other factors constant. The simulation difference of All – 

247 S3 (“CLM1”) reflects the direct effect of climate change on GPP, while All – S4 (“CLM2”) 

248 further includes the partial effect of climate change on FPAR change, and thus GPP change 

249 (Table 1). Therefore, the realistic climate effect on GPP can be constrained by CLM1 and 

250 CLM2. 

251

252 Table 1 Scenario designs to disaggregate LUCC and climate change effects on GPP based on 

253 CCW. The symbol '▲' indicates that the input variable changes along time, while the symbol '△' 

254 indicates that the input variable is fixed as the level in the initial year. The LUCC effect is 

255 constrained by the direct LUCC effect from LUCC1 (i.e., All – S1) and indirect LUCC effect 



256 from LUCC2 (i.e., All – S2), while climate change effect is constrained by the direct effect from 

257 CLM1 (i.e., All – S3) and indirect effect from CLM2 (i.e., All – S4).

All LUCC Climate Change
- LUCC1 LUCC2 CLM1 CLM2Group
- All – S1 All - S2 All – S3 All – S4

Simulation All S1 S2 S3 S4
Land Cover ▲ △ △ ▲ ▲

FPAR ▲ ▲ △ ▲ △

Radiation ▲ ▲ ▲ △ △

Temperature ▲ ▲ ▲ △ △

VPD ▲ ▲ ▲ △ △

258

259 2.4 Analysis methods

260 To conduct LUCC-related analyses, we first identified stable and change areas in land cover by 

261 stacking all NLCD data together. Pixels were labeled as stable areas if they did not experience 

262 change across NLCD dates. Otherwise, pixels were labeled as change areas. Any pixels 

263 classified as water or wetlands during the study period (accounting for 8% of total CONUS area) 

264 were excluded from further analysis. By comparing the initial NLCD in 2001 and the ending 

265 NLCD in 2016, a land cover transition matrix over the CONUS was calculated, and major LUCC 

266 types (including deforestation, reforestation, crop expansion, crop shrinkage, and urbanization) 

267 were identified over five sub-regions (i.e., Northwest, Midwest, Northeast, Southwest and 

268 Southeast). After that, annual GPP trends from different model simulations were analyzed and 

269 subsequent LUCC and climate change effects on GPP were assessed. It is worth noting that our 

270 LUCC study based on NLCD is only focused on the land cover change area either related to 

271 natural disturbances or anthropogenic activities. Those stable land-cover areas with land-use and 

272 management changes (e.g., change of crop types), but unidentified as changes in NLCD, were 

273 excluded in our study. 



274

275 2.5 TRENDY data

276 To examine if land surface models capture the fine-scale LUCC-induced GPP changes identified 

277 in this study, we further examined GPP simulations from TRENDY (Version 7) during the study 

278 period. TRENDY contains ensemble results from multiple DGVMs and have been used to 

279 quantify the effects of common historical forcing on global ecosystem dynamics (Sitch et al., 

280 2015; Quéré et al., 2018). Based on TRENDY factorial simulations, we calculated LUCC-

281 induced GPP changes based on differences between S3 (i.e., CO2, climate and land use change 

282 along time) and S2 (i.e., only CO2 and climate change). Here we included 6 of 16 models from 

283 TRENDY V7 in our analysis (Table S2) because the remaining models are not comparable with 

284 the simulations in this study due to the extra modeling of nitrogen effect in S3. The spatial 

285 resolutions of model outputs from TRENDY vary from 0.5 × 0.5 ° to 2 × 2 ° (Table S2). To be 

286 consistent in the analysis, all TRENDY outputs were resampled to 1 × 1 °. 

287 The LUCC data used in TRENDY V7 was from the yearly Land Use Harmonization data 

288 (LUH2; version 2.1h) at a spatial resolution of 0.25 × 0.25 ° (Quéré et al., 2018). To further 

289 evaluate the potential difference between TRENDY and NLCD-based simulations, we conducted 

290 simulations of LUCC-induced GPP dynamics based on the fractional land use/cover state from 

291 LUH2 and CCW model following the scenario Table 1. Given TRENDY accounts for land-use 

292 change and management practices over the stable land-cover areas (e.g., cropland), which are 

293 excluded in our study, we thus only focused on the evaluation of TRENDY and LUH2 

294 simulations over the land-cover change area identified by NLCD. Due to the spatial resolution 

295 difference (0.25-degree vs 300-m), we generated statistics in two ways: 1) aggregating the fine-

296 scale 300-m NLCD change area mask to match the original resolution of LUH2 (0.25-degree); 2) 



297 interpolating the coarse 0.25 × 0.25 ° LUH2 simulations to 300 × 300 m to match the fine-scale 

298 NLCD change area mask. 

299 3. Results

300 3.1 Spatial & temporal patterns of LUCC over the CONUS 

301 Based on all seven epochs of NLCD data, 7.9% of the total area of the CONUS (excluding 

302 water/wetlands; same hereafter) experienced land cover changes at least once during the study 

303 period (Fig. 1), corresponding to 567,950 km2, an area larger than California. Those changes 

304 primarily occurred in areas that were classified as forest (41% of total change area), grass (31% 

305 of total change area) and shrubland (24% of total change area) in 2001 (Fig. 1c). From 2001 to 

306 2016, forests showed the largest decrease in area (equivalent to 0.86% of the total area or 10.8% 

307 of total change area), followed by grassland (4.3% of total change area) (Fig. 1d). In contrast, 

308 cropland showed the largest increase in area (9.7% of total change area), followed by urban 

309 (4.7% of total change area) (Fig. 1d). Shrub and barren/ice areas showed relatively small 

310 changes. Note that different land cover types showed different inter-annual variabilities (Fig. 1d). 

311 Overall, the changing rates of forest and urban areas tended to level off over time, while cropland 

312 showed an accelerated increase.  



313

314 Fig. 1 Spatial and temporal patterns of land use/cover change (LUCC) over the CONUS from 

315 2001 to 2016. (a) ~ (c) show spatial patterns of land cover from NLCD 2001, NLCD 2016 and 

316 LUCC between them (i.e., base year: 2001; ending year: 2016), respectively; (d) shows temporal 

317 pattern of LUCC relative to the year of 2001. All water and wetlands are masked out in (a) ~ (d). 

318 Abbreviations in (a) & (b): EF (evergreen forest), DF (deciduous forest) and MF (mixed forest); 

319 The proportion in pie chart in (d) is relative to the total area of CONUS. 

320

321 From 2001 to 2016, forest losses occurred in 27.2% of the total change area, mainly transitioning 

322 to grass (12.8%) and shrub (12.2%) (Fig. 2a). Concurrently, forest gains were observed in 16.4% 

323 of the change area, largely converted from grass (8.4%) and shrub (7.3%). Although net 

324 shrubland change was small (0.7%), it had large gross gains (19.7%) and losses (19.0%), mostly 

325 related to grass and forest conversions (Fig. 2a). During this period, only 3.2% of the total 



326 change area showed crop losses, but 12.9% of the total change area exhibited crop gains, mainly 

327 at the expense of grass (Fig. 2a). Similarly, urban losses represented a very small fraction (0.8%) 

328 of the total change area, but urban gains from forest and grass were relatively large (4.7%). 

329 Interestingly, all land covers showed a certain portion in the disturbed area (0.03% ~ 13.7% of 

330 the total change area), which indicate each land-use/land-cover class has at least one disturbance 

331 event within the study period. At the regional scale, both forest losses and forest gains were 

332 mainly located in Southeast and Northwest (Fig. 2b). Crop expansion and urbanization were 

333 mainly found in the Midwest and Southeast, respectively (Fig. 2b). 

334

335

336 Fig. 2 Land cover transition matrix over the CONUS (a) and major LUCCs by regions (b) from 

337 2001 to 2016. Numbers in (a) and (b) represent proportions of total change area.

338

339 3.2 Effects of LUCC on GPP across LUCC types



340 We evaluated the effects of LUCC, independent of climate effects, on the annual GPP trends 

341 using the LUCC1 (accounting for direct land cover change) and LUCC2 (further accounting for 

342 LUCC-induced canopy function change) model simulations (Table 1; Fig. 3). Over the CONUS, 

343 forest losses exerted a strong negative effect on GPP (i.e., [-4.69, -2.90] Tg C yr-2; range given 

344 by LUCC1 and LUCC2, same hereafter), primarily due to the conversions to shrub ([-2.50, -

345 1.96] Tg C yr-2), grass ([-1.20, -0.07] Tg C yr-2) and urban ([-1.00, -0.93] Tg C yr-2) classes. On 

346 the other hand, forest gains mainly from shrub and grass conversion resulted in a positive GPP 

347 effect (i.e., [1.52, 2.71] Tg C yr-2). Together, net forest change had a significant negative effect 

348 on GPP (i.e., [-1.98, -1.39] Tg C yr-2).  

349 Urban expansion exerted a strong and consistent negative effect on GPP regardless of which type 

350 of vegetation was replaced, especially for forest ([-1.00, -0.93] Tg C yr-2), grass ([-0.85, -0.83] 

351 Tg C yr-2) and cropland ([-0.43, -0.43] Tg C yr-2) (Fig. 3). Since there was very little loss of 

352 urban area, the cumulative net effect of urban change on GPP was even stronger ([-2.03, -1.92] 

353 Tg C yr-2) than the net effect of forest change. Crop expansion had a positive effect on GPP 

354 ([+1.39, +1.40] Tg C yr-2), mostly from replacement of grass cover (Fig. 3). Overall, the net 

355 effect of crop change on GPP was [+0.66, +0.79] Tg C yr-2 after considering the negative GPP 

356 effect from crop shrinkage. All stable land covers with occasional disturbances showed 

357 nonsignificant GPP trends during the study period (i.e., P > 0.05; Fig. 3), which were not 

358 involved in the above integration analysis.



359

360 Fig. 3 Effects of LUCC on annual GPP trends across LUCC types constrained by simulations 

361 of LUCC1 (a) and LUCC2 (b). Model simulations of LUCC1 and LUCC2 are seen in Table 

362 1. All GPP trends are statistically significant (i.e., P < 0.05) unless labeled by *. 

363

364 3.3 Effects of major LUCC types on GPP by regions

365 At the regional scale, forest loss (or deforestation) contributed to the largest GPP reductions in 

366 the Southeast ([-1.95, -1.35] Tg C yr-2) and Northwest ([-1.57, -0.76] Tg C yr-2) (Fig. 4) while 

367 forest gain (or reforestation) contributed only minor GPP increases in the same two regions, 

368 leading to large net negative effects of forest LUCC on GPP in both regions. Urbanization 

369 resulted in strong GPP reductions mainly in the Southeast ([-1.04, -1.09] Tg C yr-2) and Midwest 

370 ([-0.51, -0.51] Tg C yr-2). Crop expansion enhanced annual GPP trends in all regions, especially 

371 in the Midwest ([0.73, 0.78] Tg C yr-2). However, the Midwest was also the region with the 

372 largest negative GPP effect due to cropland shrinkage ([-0.32, -0.28] Tg C yr-2) (Fig. 4). 



373

374 Fig. 4 Effects of major LUCC types on annual GPP trends across regions constrained by 

375 simulations of LUCC1 (a) and LUCC2 (b). Model simulations of LUCC1 and LUCC2 are 

376 seen in Table 1. All GPP trends here are statistically significant (i.e., P < 0.05).

377

378 3.4 Comparison of LUCC effect with climate effect on GPP

379 Annual total GPP over the change area of CONUS showed a large inter-annual variation from 

380 2001 to 2016 (Fig. 5a). Our simulations indicated that LUCC explained 22.8% (P < 0.01; 

381 LUCC1) to 43.2% (P < 0.01; LUCC2) of this variation, which is much smaller than climate 

382 effects (i.e., 70.5 % (P < 0.01; CLM2) to 73.1% (P < 0.01; CLM1)) (Fig. 5a). However, for the 

383 long-term GPP trend, LUCC exerted a significant negative effect of −2.22 Tg C yr-2 (P < 0.01; 

384 LUCC1) to −1.83 Tg C yr-2(P < 0.01; LUCC2) (Fig. 5b). In contrast, climate change played a 

385 minor role in driving the GPP trend, with positive (but not statistically significant) effects of 0.17 

386 Tg C yr-2 (P > 0.05; CLM1) to 0.92 Tg C yr-2 (P > 0.05; CLM2) (Fig. 5b). Overall, the actual 

387 GPP over the change area decreased during the study period (-1.72 Tg C yr-2, P = 0.21), though 



388 the trend was not statistically significant due to the high interannual variability of GPP and since 

389 the LUCC effects on GPP were partially mitigated by climate change effects.  

390

391 Fig. 5 Effects of land use/cover change (LUCC) and climate change on interannual variations (a) 

392 and trends (b) in total GPP over change areas across CONUS. The anomaly in (a) is relative to 

393 the base year of 2001. Model simulations (i.e., LUCC1, LUCC2, CLM1 and CLM2) are seen in 

394 Section 2 and Table 1. The label ** in (b) represents the significance level of annual trend (i.e., P 

395 < 0.01). 

396

397 In most regions (except the Midwest), LUCC effects on GPP trends were stronger and more 

398 negative than climate effects over the change areas (Figs. 6 & 7). The statistically significant 

399 area (i.e., P < 0.05) for LUCC effects on GPP (i.e., 51.1% of total change area for LUCC2 and 

400 65.7% for LUCC1) is much larger than that for climate effects (i.e., 10.6% for CLM1 and 25.8% 

401 for CLM2) (Fig. S3). In the Midwest, LUCC showed an overall positive GPP effect mainly due 

402 to cropland expansion (Figs. 4 & 7). The weak positive climate effect further enhanced the GPP 

403 increase over this region. Besides the Midwest, the significant negative LUCC effect on GPP in 

404 the Northwest and Northeast were also to some degree eased by weak positive climate effects 



405 (Fig. 7). However, in the Southeast and Southwest, weak negative climate effects slightly 

406 reinforced negative LUCC effects on GPP. 

407

408 Fig. 6 Spatial patterns of effects of LUCC (a, b) and climate change (c, d) on annual GPP trends 

409 from 2001 to 2016 over change areas across CONUS, with stable areas (gray), and water/wetland 

410 areas (white). Model simulations (i.e., LUCC1, LUCC2, CLM1 and CLM2) are described in 

411 Section 2 and Table 1, and corresponding statistical significances are shown in Fig. S3. 

412

413



414

415 Fig. 7 Effects of LUCC and climate change on annual total GPP trends over change areas of 

416 different regions in CONUS. The label ** represents the statistical significance level of annual 

417 GPP trend (i.e., P < 0.05). 

418 3.5 Evaluation of LUCC effects on GPP from the TRENDY ensemble

419 During the study period, the TRENDY model ensemble showed a contrasting LUCC effect on 

420 GPP compared to CCW (Fig. 8). According to CCW, LUCC had a strong negative effect on 

421 annual GPP, with a cumulative change in the range of [-42.3, -30.3] Tg C from 2001 to 2016. 

422 However, in ensemble simulations from TRENDY, LUCC had a weak positive influence on 

423 GPP, with a cumulative GPP change of 3.9 ± 9.0 Tg C over the change area. Among TRENDY 

424 models, 5 of 6 showed positive LUCC influences with the maximum GPP effect of 20.6 Tg C 

425 from JULES (Fig. 8), while the SURFEX model showed a negative influence (i.e., -6.2 Tg C). 

426 However, the latter is still out of the value range suggested by the CCW. Our independent 

427 simulations based on LUH2 showed similar LUCC effect on GPP with a range of [-2.4, 4.9] Tg 

428 C based on the coarse NLCD change mask (i.e., 0.25-degree) and a slightly wider range of [-7.1, 



429 15.3] Tg C based on the fine-scale change mask (i.e., 300-m). Despite differences from these two 

430 statistical masks, simulated GPP influences from LUH2 based on CCW are comparable with 

431 TRENDY ensemble means, suggesting the deficiency of LUH2 may be likely responsible for the 

432 underestimation of LUCC-induced negative GPP influences in TRENDY. 

433

434 Fig. 8 Comparisons of LUCC-induced GPP changes from NLCD, LUH2 and TRENDY over the 

435 change area identified by NLCD from 2001 to 2016. LUCC-induced GPP trends from NLCD 

436 and LUH2 were simulated by CCW and based on model scenarios of LUCC1 and LUCC2 in 

437 Table 1, while LUCC influences from all TRENDY models were the differences between S3 and 

438 S2 in Table S2. Note that LUCC1-NLCD, LUCC2-NLCD, LUCC1-LUH2-FM and LUCC2-

439 LUH2-FM were derived based on the fine-scale land-cover change mask (i.e., 300-m), while 

440 other simulations based on the masks with their original coarse spatial resolutions. Annual GPP 

441 anomalies for all these model simulations are shown in Fig. S2. 

442 4. Discussion



443 4.1 Spatial & temporal patterns of LUCC 

444 Our study highlighted the major patterns of LUCC over the CONUS based on the most recent 

445 NLCD dataset. Excluding changes in water and other wetlands, LUCC occurred over 7.9% of the 

446 total CONUS area from 2001 to 2016 (Fig. 1), which was mainly characterized by forest loss 

447 (10.8% of total change area), crop expansion (9.7% of total change area), and urbanization (4.7% 

448 of total change area) (Fig. 2). Currently, debates still exist on the major patterns of LUCC over 

449 the CONUS. For example, the national inventory data from FAOSTAT shows an increasing 

450 trend in total forest area, but a decreasing trend in cropland over the CONUS since 2001 (Fig. 

451 S3). The commonly used global harmonized land cover data of LUH2, with a spatial resolution 

452 of 0.25 degree and constrained by FAOSTAT, shows similar forest and cropland trends despite 

453 more inter-annual fluctuation (Fig. S3). Conversely, remote-sensing based global land cover 

454 products such as MODIS (500-m resolution) and ESA-CCI (300-m resolution) show a decrease 

455 in forest areas, but no trend or even an increase in croplands (Fig. S3). Our study, based on the 

456 up-to-date NLCD with a nominal resolution of 30 m, could help to assess the differences and 

457 potentially reconcile the debate on the recent LUCC pattern over the CONUS. 

458

459 Overall, opposite LUCC trends of FAOSTAT/LUH2 with NLCD 2016 reflect the deficiency of 

460 these two data sources in characterizing regional LUCC signals (Goldewijk et al., 2017; Yu et 

461 al., 2019). The coarse spatial resolution of LUH2 or incomplete spatial representation of 

462 FAOSTAT may not well document LUCC predominantly occurring at a finer, more localized 

463 scale. Another possible reason is that FAOSTAT/LUH2 focus on the information of land use, 

464 while NLCD mainly on the land cover. The difference in land use- and cover- definitions here 

465 contributed to the discrepancies (Coulston et al., 2014). For example, timber harvest will not 



466 change the land use type of the area as long as the land is not converted to be used for some other 

467 purposes (e.g., agriculture). The deforested area, in contrast, is likely to be identified as non-

468 forest after the harvest based on remotely sensed data. Therefore, a fair portion of forest losses 

469 by timber harvest as well as other natural disturbances that are documented in NLCD may be 

470 missing in FAO/LUH2. In addition, based on an independent high-resolution multisource 

471 harmonized national LUCC database over the CONUS, Yu et al. (2019) fount a striking 

472 underestimation of cropland changes in LUH2. Such underestimation was mainly inherited from 

473 the national inventory data from FAOSTAT, which largely underestimated crop expansion due 

474 to its cropland definition, and this uncertainty of cropland change was further propagated to the 

475 modeled forest change in LUH2 (Goldewijk et al., 2017; Yu et al., 2019). Remote sensing-based 

476 global land cover products were more consistent with NLCD 2016 than FAOSTAT/LUH2, but 

477 the MODIS land cover product showed higher biases in absolute areas for different land covers, 

478 especially for forests and shrublands, while ESA-CCI showed less interannual variation than 

479 NLCD 2016 (Fig. S3). Such discrepancies could result from differences in land cover/type 

480 definition, classification strategies, and remote sensing data with varying spatial/temporal 

481 resolutions and spectral characteristics (Li et al., 2018; Sulla-Menashe et al., 2019). 

482

483 The NLCD 2016 revealed several key characteristics of LUCC across the CONUS. For example, 

484 forest loss was mainly associated with conversion to grass and shrubland during the study period 

485 (Fig. 2), which differs from tropical deforestation that is mainly linked to cropland expansion 

486 (Barraclough, 2013; Pendrill et al., 2019). The Southeast and Northwest are the two major 

487 regions affected by deforestation in the CONUS (Fig. 2), which were largely driven by timber 

488 harvesting, fire and mortality from drought and insect outbreaks (Williams et al., 2010; Curtis et 



489 al., 2018; Howard & Liang, 2019; Homer et al., 2020). Cropland expansion mostly occurred at 

490 the expense of grassland, mostly in the Midwest, which is consistent with previous research 

491 (Wright & Wimberly, 2013; Yu & Lu, 2018). Urbanization, occurring most prominently in the 

492 Southeast, was largely linked to grassland and forest losses (Fig. 2). These transitions differed 

493 from other countries with urbanization mainly at the cost of cropland (d’Amour et al., 2017; van 

494 Vliet et al., 2017). During the study period, the rate of forest loss tended to slow down after 2011 

495 (Fig. 1d), generally consistent with national industrial timber markets (Howard & Liang, 2019; 

496 Homer et al., 2020). A similar temporal pattern was also observed for urbanization (Fig. 1d), 

497 which was possibly linked to the 2008 global economic recession (Homer et al., 2020). 

498

499 4.2 Decoupling effects of LUCC on GPP from climate change

500 LUCC induced by anthropogenic activity and natural disturbances have profound impacts on 

501 terrestrial GPP. However, such influences are usually aggregated with other environmental 

502 factors, such as climate, and empirically disentangling their effects is still a challenge. In this 

503 study, we decoupled the effects of LUCC and climate change on terrestrial carbon sequestration 

504 based on a remote sensing-based ecosystem model and newly released high-quality land cover 

505 data. Through designed model simulations, we narrowed down the effect of LUCC on recent 

506 GPP changes over the CONUS to a specific range on the top of the influence of climate 

507 change/variability.  

508

509 From 2001-2016, we observed a strong negative effect on GPP from deforestation in the 

510 CONUS (i.e., [-4.69, -2.90] Tg C yr-2), especially in the Southeast ([-1.95, -1.35] Tg C yr-2) and 

511 Northwest ([-1.57, -0.76] Tg C yr-2). Although reforestation positively affected GPP (i.e., [1.52, 



512 2.71] Tg C yr-2), it did not completely offset the negative effects of deforestation, resulting in an 

513 overall net negative GPP trend by forest cover change over the CONUS (Figs. 3 & 4). Forests 

514 are the key biome in maintaining ecosystem functions and serve as a major contributor in land 

515 carbon sequestration (Domke et al., 2020; Woodbury et al., 2007). Previous studies in China 

516 showed that the national-scale forest afforestation/reforestation programs since 2000 have 

517 promoted substantial vegetation productivity (Zhang et al., 2014; Chen et al., 2021). Here, the 

518 contrasting picture over the CONUS revealed a worrisome trend on the recent decline of GPP 

519 related to forest change. Depending on the specific mechanisms driving deforestation in different 

520 regions (e.g., Southeast mainly related to timber harvest and Northwest mainly related to fire) 

521 (Harris et al., 2016; Curtis et al., 2018), active forest management—such as fire suppression, 

522 timber harvest control, shifting to non-timber forest products or tree planting—could be useful in 

523 mitigating the negative effects on GPP from forest change (Noormets et al., 2015; Domke et al., 

524 2020). However, some federal forest management rules may not be applicable to privately-

525 owned forests. For example, the forests in the Southeast is predominantly privately owned (Wear 

526 & Greis, 2002), the timber harvesting contributed significantly to deforestation in this region.

527

528 Compared with forests, urbanization affected a much smaller area (Fig. 2), but the net effects on 

529 GPP were disproportionally high ([-2.03, -1.92] Tg C yr-2), even stronger than net forest cover 

530 changes due to the cumulative and direct effects of removing all vegetation (Fig. 3). The 

531 Southeast ([-1.04, -1.09] Tg C yr-2) and Midwest ([-0.51, -0.51] Tg C yr-2) were the two major 

532 regions associated with strong GPP reductions caused by urbanization (Fig. 3). Our findings on 

533 the substantial effect of urbanization on GPP is generally consistent with previous vegetation 

534 productivity studies (Liu et al., 2019; Li et al., 2020). However, due to the treatment of urban 



535 areas as a homogenous surface without plants, the impact of urbanization on GPP in our study 

536 may be overestimated (Guan et al., 2019). 

537

538 Unlike forest and urban changes, the net change in croplands showed an overall positive effect 

539 on GPP (i.e., [+0.66, +0.79] Tg C yr-2). Crop expansion occurring primarily at the cost of 

540 grasslands was a major contributor to GPP ([+1.39, +1.40] Tg C yr-2) over the study period. Due 

541 to crop expansion, the Midwest became the only region with an overall positive LUCC effect on 

542 GPP (Figs. 6 & 7). Croplands tend to be more productive than other natural vegetation (e.g., 

543 grasslands) due to human management (e.g., irrigation, fertilization, selection of productive 

544 cultivars; Licker et al., 2010), resulting in a positive net effect on GPP. However, due to the 

545 exceptionally high turnover rate of carbon in crop systems (e.g., linked with harvest and 

546 consumption), cropland has limited potential in carbon storage when compared with natural 

547 vegetation (Wolf et al., 2015). Therefore, crop expansion, even if it increases GPP and net 

548 primary production, would likely have less effect on the land carbon sink, and thus less potential 

549 to mitigate the ongoing global warming (Bajželj et al., 2014; Zhang et al., 2019). In addition, 

550 widespread crop expansion in the Midwest at the cost of grasslands has threatened biodiversity in 

551 this region (Wright & Wimberly, 2013; Lark et al., 2015, 2020).  

552

553 Altogether, our study shows a strong negative influence of LUCC on annual GPP over the 

554 CONUS (i.e., [-2.6, -1.9] Tg C yr-2), which outweighed the slight positive GPP trends from 

555 climate (i.e., [0.17, 0.92] Tg C yr-2). However, climate did play a major role in determining inter-

556 annual variation of GPP over the change area (Fig. 5). Theoretically, the influence of LUCC on 

557 GPP will diminish or even flatten with time due to post-disturbance recovery/succession 



558 (Lambin et al., 2001; Wang et al., 2020). During this period, climate will either enhance or delay 

559 this process along with other environmental and human factors. In this study, we showed the 

560 spatial pattern of climate influences on GPP by overlaying the effect of LUCC (Figs. 6 & 7). 

561 Overall, climate change/variability alleviated negative LUCC effects in the northern CONUS but 

562 worsened their effects in the southern CONUS (Fig. 6) largely due to droughts (Berdanier & 

563 Clark, 2016; Park Williams et al., 2017). Our efforts in decoupling the effects of LUCC and 

564 climate change on GPP can help enhance our understanding of recent carbon dynamics related to 

565 human and natural disturbances over the CONUS. 

566

567 4.3 Performance of TRENDY ensemble simulations

568 Based on the long-term LUH2 global harmonized land use data, land surface models from the 

569 TRENDY ensemble provide estimates of the influence of LUCC at both the global and regional 

570 scales (Sitch et al., 2015; Quéré et al., 2018;). However, our evaluation showed that none of the 

571 selected models captured the strong negative GPP effects over the CONUS (Fig. 8). On the 

572 contrary, 5 of 6 models simulated even positive LUCC effects on GPP. Our simulations based on 

573 CCW (Fig. 8) further suggested that these discrepancies were likely caused by the uncertainty in 

574 the LUH2 dataset (Goldewijk et al., 2017; Yu et al., 2019), which shows opposite trends of forest 

575 and cropland areas over the CONUS when compared with the finer-resolution remote sensing 

576 products (Fig. S3). Previous studies indicated that carbon emissions from LUCC over the 

577 CONUS have been largely underestimated due to the mischaracterization of crop and forest 

578 changes (Yu & Lu, 2018; Yu et al., 2019). Our study suggests that ignoring the strong GPP 

579 reductions caused by LUCC might be a key reason for the overestimation of land carbon sink 

580 over the CONUS (Liu et al., 2020). Given that TRENDY ensemble simulations provide much of 



581 the basis for the Global Carbon Budget (Quéré et al., 2018; Friedlingstein et al., 2019), which 

582 shows large uncertainties in LUCC-induced carbon flux, our study provides evidence for a 

583 source of uncertainties in global carbon balance, to which much more attention needs to be paid. 

584 However, it is worth noting that discrepancies between TRENDY and our CCW simulations are 

585 further related to other potential factors such as model structures (process-based models for 

586 TRENDY vs light-use efficiency model for CCW), model implementations for LUCC effect 

587 (focus of land-use change and management practices for TRENDY vs land cover change for 

588 CCW), and differences from climate inputs (global climate data for TRENDY vs regional 

589 climate data for CCW) (Bastos et al. 2020). These aspects are not strictly quantified in our study, 

590 but worthy of future investigation. 

591

592 4.4 Implications & uncertainties 

593 Reducing anthropogenic carbon emissions is a critical mechanism for mitigating global warming 

594 below a secure threshold, which is an urgent yet challenging task (Rogelj et al., 2016). The 

595 actions through conservation, restoration and improved land management are the cost-effective 

596 ways or “natural climate solutions” to global warming mitigation (Griscom et al., 2017). 

597 Currently, a series of “natural climate solutions” on natural and agricultural lands are evaluated 

598 to sustain the U.S. terrestrial carbon sink and meet Paris Agreement carbon targets (Fargione et 

599 al., 2018). Among them, reforestation, natural forest management and preservation of grassland 

600 show the highest climate mitigation potential (Fargione et al., 2018). However, according to our 

601 study based on the newest NLCD database, the recent LUCC trend since 2001 (characterized by 

602 net forest loss, cropland expansion from grassland, and urban expansion from forest and 

603 grassland; Fig. 2) appears to departure from these initiatives. How to account for the past LUCC 



604 trajectory and the weakened carbon sequestration capacity identified by this study is critical in 

605 implementing the ongoing natural climate solutions (Roe et al., 2019; Anderegg et al., 2020). 

606 In this study, we comprehensively examined the spatially detailed and regionally aggregated 

607 LUCCs and their impacts on vegetation productivity over the CONUS. Currently, it is still a 

608 challenge to effectively disaggregate LUCC effect on GPP from climate change/variability 

609 effect. Based on a remote sensing-driven ecosystem model and scenario simulations, we teased 

610 out the respective effect of LUCC and climate change on GPP in specific ranges rather a definite 

611 quantity, which we believe to be more reasonable than previous modeling studies (Zhang et al., 

612 2014; Sun et al., 2018). However, it is worth noting that simulations for LUCC (i.e., LUCC2) 

613 and climate (i.e., CLM2) alone may have confounding effects from each other and potentially 

614 other factors (e.g., regrowth, CO2 fertilization, land management etc.) that confounded  the signal 

615 of canopy greenness, which are hard to separate under our current modeling scheme. Combining 

616 our remote-sensing constrained estimations and process-based models with localized high-

617 quality LUCC inputs is a promising way to better understand LUCC-induced carbon dynamics. 

618 In addition, the biome of wetland was excluded in our study given our focus on terrestrial 

619 ecosystems. Although total wetlands increased over a relatively small area (i.e., 0.09% of total 

620 CONUS area) (Homer et al., 2020), conversions between wetlands and other vegetation types, 

621 and among wetlands themselves (e.g., herbaceous vs. woody) may still exert a significant GPP 

622 control, which is worthy of future exploration. Third, our study focused on a relatively short 

623 period from 2001 to 2016 due to temporal constraint of the NLCD records. With more updates of 

624 historic and recent NLCD in the future, LUCC influences on GPP could be further refined and 

625 re-evaluated. Lastly, our study is focused on GPP, a primary control on the net carbon exchange 

626 (NEE). However, NEE is further constrained by ecosystem respiration (i.e., autotrophic and 



627 heterotrophic) (Chapin et al., 2006). How LUCC influences the ecosystem respiration and net 

628 land carbon balance over the CONUS is an interesting topic, which is worthy of exploration in 

629 the future.  

630

631 5. Conclusions

632 Based on NLCD 2016 and a remote-sensing driven ecosystem model on the GEE cloud platform, 

633 we explored the effect of LUCC on GPP over the conterminous U.S. from 2001 to 2016. During 

634 the study period, forest loss, cropland expansion, and urbanization dominated LUCC patterns. 

635 Our model simulations estimated the net effect of forest changes on total GPP was [-1.98, -1.39] 

636 Tg C yr-2, followed by urban change ([-2.03, -1.92] Tg C yr-2) and crop change ([+0.66, +0.79] 

637 Tg C yr-2). Regionally, the Southeast contributed the largest GPP reduction due to deforestation 

638 (-1.95, -1.35] Tg C yr-2), followed by the Northwest ([-1.57, -0.76] Tg C yr-2), while Midwest 

639 contributed largest GPP increase related to crop expansion ([0.73, 0.78] Tg C yr-2), and Southeast 

640 contributed the largest GPP reduction related to urbanization ([-1.0, -1.1] Tg C yr-2). Overall, 

641 LUCC led to a strong negative trend on total GPP over the CONUS ([-2.2, -1.8] Tg C yr-2), while 

642 climate change had a relatively small positive effect (but not statistically significant) over the 

643 LUCC area ([0.17, 0.92] Tg yr-1) during the study period. Ensemble simulations from TRENDY 

644 did not capture the strong negative effects of LUCC on GPP, likely due to the coarse spatial 

645 resolution LUCC dataset used. Our study demonstrates that recent LUCC appears to reduce the 

646 carbon sequestration capacity of the land surface across the CONUS in ways that not particularly 

647 well represented in land surface models. Such a novel perspective on LUCC-induced GPP 

648 changes could enhance our understanding of ecosystem function changes and carbon dynamics 

649 under the background of anthropogenic activity and climate change.
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