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The long-lasting Syrian civil war, which began in March 2011, 
is considered the most severe humanitarian disaster of the 
21st century to date. In addition to being responsible for a 

large number of dead, injured and refugees, the war has deterio-
rated basic living conditions for Syrian civilians. The World Food 
Programme reported that 9.3 million people in Syria suffered food 
shortages and 2.2 million people were at risk of food insecurity in 
20201. The food insecurity situation also escalated tensions between 
the Syrian central government and the Kurdish autonomous 
region, which stopped exporting wheat to government-controlled 
regions2. The war and the consequent collapse of the economy also 
constrained access to farming inputs and damaged supply-chain 
infrastructure, making Syrian agriculture much less productive; 
according to a recent report3, Syria’s wheat production in 2018  
(1.2 Mt) was only 30% of the average level of the pre-war period 
(2002–2011). Although the Syrian government tried to import more 
food from the international market, it could not afford to meet the 
necessities of all Syrian civilians, contributing to a 20-fold increase 
in food prices in 2020 relative to pre-war levels4.

Given the dangers of conducting field surveys in conflict zones, 
Earth observation satellites can provide a unique and direct data 
source for monitoring agricultural activities over an entire region. 
Satellite-based remote sensing has proved to be a critical technique 
in evaluating the socioeconomic and environmental impacts of wars 
in several countries, such as Sudan5,6, Bosnia and Herzegovina7, 
Democratic Republic of the Congo8, Syria9,10 and Yemen11,12. In these 
studies, night-time light (NTL) data and daytime satellite data were 
used to evaluate the destruction of human settlements and the loss 
of agricultural land as direct and/or indirect evidence of war con-
flicts. In Syria, specifically, research involving remote sensing has 
been carried out to evaluate the impact of war on agriculture; one 
analysis based on vegetation indices suggested that irrigated agricul-
tural production had dropped by more than 15% in Syria’s Orontes 

basin during 2000–2013—and the conflict was shown to be a major 
cause in addition to drought12. It is known that the emergence of the 
Islamic State of Iraq and al Shams (ISIS) has significantly altered the 
progress of the war, and thus scholars became interested in monitor-
ing agricultural activities in ISIS-controlled zones13,14. Combining 
the Moderate Resolution Imaging Spectroradiometer (MODIS) 
vegetation index and agricultural statistical data, it was estimated 
that barley and wheat production in ISIS-controlled Syrian and 
Iraqi territory was sustained during 2014–2015 despite the impact 
of the conflict because ISIS used agricultural exports to gain 
income13. Another study, using MODIS-estimated cultivated land 
extent and farming intensity, revealed that ISIS-controlled territory 
in Syria and Iraq experienced an expansion of cultivated cropland 
along with conversion of cultivated land to fallow, suggesting that 
ISIS had reshaped agriculture in its territory14.

Although these studies have suggested that the Syrian civil war 
has indeed impacted crop cultivation and domestic food produc-
tion, most studies focused on a limited part of Syria over a short time 
period (such as ISIS-controlled territory after the war broke out13,14). 
The primary challenge in quantitatively evaluating the long-term 
impact of the war over a larger area is to separate the confound-
ing factor of precipitation, which has significantly affected Syrian 
agriculture in both the pre-war period15 and during the war14. Syria 
experienced severe droughts in 1998–2000, 2007–2009 and 201413. 
The 2007–2009 drought, which was linked to climate change16,17, 
was considered one of the driving factors of the 2011 unrest18.

In this study we evaluated the impact of the Syrian civil war on 
the country’s productive cropland dynamics from 1998 to 2019. We 
used time series of Landsat images and MODIS data to map the 
annual extent of productive cropland at 30 m resolution over the 
study period. Our productive cropland map represented the fields 
that showed a complete growth cycle as well as sufficient green-
ness in the spectral feature space, and thus represented the actively 
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cultivated lands with harvestable production. We used changes in 
satellite-derived NTL as a proxy to represent the war intensity over 
the country, especially urban settlements. To evaluate the spatial 
heterogeneity of the war impact, we investigated changes in pro-
ductive cropland area as a function of distance to the nearest major 
conflict zones. We then conducted spatially explicit panel regres-
sion analysis to quantify the contributions of precipitation and 
war conflicts to cropland changes. We constructed a fixed-effects 
model between annual cropland area and annual precipitation for  
1998–2011 (that, is the pre-war period), and predicted annual 
cropland area using annual precipitation for 2012–2019 (that is, 
wartime) as the non-war counterfactual scenario. By comparing 
the counterfactual predictions with satellite-observed cropland for 
2012–2019, we were able to isolate the impact of war and visualize 
its regional variations. This analysis allowed us to assess food secu-
rity as affected by both natural and human disasters.

results and discussion
Productive cropland dynamics in Syria. Based on satellite obser-
vations, Syria had 6.15 Mha of land area that were used as cropland 
from 1998 to 2019 (that is, the maximum extent across 22 yr), which 
covered 33% of Syria’s total land area. Productive cropland in Syria 
was mainly distributed in the northeast and northwest parts of the 
country, in addition to the relatively stable cultivation along the 
Euphrates River (Fig. 1a). The three governorates with the largest 
22 yr average cropland area were Al-Hasakah (0.70 Mha), Aleppo 
(0.59 Mha) and Hama (0.24 Mha) (Fig. 2). Croplands were also 
observed in the Raqqa and Deir ez-Zor governorates along the 
Euphrates River, while a large part of central–south Syria is covered 
by desert. The average coverage of productive croplands in the Rif 
Dimashq (southern Syria) and Homs (central Syria) governorates 
were only 2% and 3%, respectively. In the Homs governorate, crop-
land cultivation was mainly distributed in the northwest and central 
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Fig. 1 | Productive cropland and NTL dynamics in Syria. a, Frequency of productive cropland, defined as the number of years a pixel is mapped as 
productive cropland between 1998 and 2019. b, Annual productive cropland area in Syria. Error bars represent 95% confidence intervals derived from 
sample-based classification accuracy estimates. c, Annual cropland change compared with the previous year. d, Average NTL intensity change between 
1998–2011 and 2012–2019. e, Time series of total NTL digital numbers (DN) in Syria. f, Percentage of NTL reduction during the war for each governorate. 
Damascus in panel f refers to the municipalities of the Damascus governorate.
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regions, and cropland around the oasis city of Palmyra was a major 
part of agriculture in the central region.

The annual cropland area in Syria ranged from 1.21 ± 0.31 Mha 
in 2000 to 4.15 ± 0.42 Mha in 2019 (Fig. 1b), with an average value 
of 2.17 Mha. During the two severe droughts experienced by the 
country (1998–2000 and 2007–2009), we observed a decrease in 
the productive cropland area, followed by an immediate recov-
ery. The average cropland area was 1.70 Mha in 1998–2000 and 
1.53 Mha in 2007–2009. Compared to the average cropland area of 
the entire 22 yr period, the average cropland area during the two 
drought events was 21% and 30% lower, respectively. During the 
2007–2009 drought, the year 2008 witnessed the most noticeable 
reduction in productive cropland area (Fig. 1b). Consequently, 
some major agricultural governorates, such as Al-Hasakah, 

were affected by the drought event (Fig. 2). The average crop-
land area from 2007 to 2009 in Al-Hasakah was only 0.39 Mha, 
which was 43% lower than its long-term average (0.70 Mha), 
and the cropland area in 2008 was the lowest observed in the  
22 yr period (0.21 Mha).

Since the start of the war in 2011, productive cropland dynam-
ics showed greater interannual variability and spatial heterogeneity. 
In general, the net change in the annual cropland area appears to 
be more drastic than in the pre-war era (Fig. 1c). Both the largest 
annual cropland loss (in 2016) and gain (in 2019) occurred after 
2011. Furthermore, the dynamics of cultivation areas between some 
governorates and their surrounding governorates became different 
(Supplementary Fig. 1). For instance, the two major agricultural 
governorates, Aleppo and Al-Hasakah, contained nearly equal 
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cropland area from 2009 to 2012, but Aleppo’s cropland area was 
evidently lower than Al-Hasakah’s from 2012 to 2019.

Attribution of productive cropland area change. Before the war, 
changes in Syria’s productive cropland area were mainly caused by 
variations in the arid and semi-arid climate where it was strongly 
dependent on precipitation19. For example, at the 25 km grid 
scale—which was equal to the resampled resolution of the pre-
cipitation data—precipitation could explain 84% of the variations 
in annual productive cropland area from 1998 to 2011 (P < 0.001, 
see Supplementary Information for details). The annual rainfall dif-
fered considerably between years, which exerted an influence on the 
annual productive cropland dynamics20. In general, favourable pre-
cipitation would promote the development of crops and increase the 
productive area of a season.

The drivers of cropland dynamics during wartime were quan-
tified by panel regression analysis (Table 1, Wartime Model). 
Changes in productive cropland area during wartime positively 
correlated with both precipitation and the NTL change. Note that 
the change values were calculated by subtracting the average value 
of the pre-war period (that is, 1998–2011) from the annual obser-
vations during the war. The results indicated that changes in pre-
cipitation and NTL were responsible for 32% and 19% (estimated 
by the standardized regression coefficient21) of productive cropland 
area change during the war, respectively. Analysis at the 25 km grid 
scale showed that a one-unit decrease in NTL intensity would lead 
to about a 0.49 ha reduction in productive cropland area, and the 
average NTL change during the war led to a total reduction of about 
0.19 Mha of productive cropland per year.

Additionally, according to the spatial pattern of wartime crop-
land change on the 25 km grid scale, we found that not only did 
the spatial grids with severe NTL reduction tend to have cropland 
reduction during the war, but cropland in the surrounding regions 
also decreased. Specifically, croplands located closer to the nearest 
urban settlements with severe NTL reduction faced a greater risk of 
reduction (Fig. 3). In the temporal domain, the value of the annual 
correlation coefficient (Fig. 3) suggested that the impact of the war 
slowly appeared a few years later after the war broke out, mainly 
since 2014 (R2 = 0.07, P < 0.001). This progression might be attrib-
uted to the fact that the refugee crisis and the death toll caused by 

the war became more serious after 201322,23. Moreover, the corre-
lation between the distance to the nearest urban settlements with 
severe NTL reduction and changes in cropland area appeared to 
have weakened after 2018. This might be explained by two reasons. 
First, the war intensity was mitigated, shown as a lower death toll 
and a slower increase in refugee numbers compared to the early 
years of the war22,23. Second, the NTL data could be mainly reflecting 
the dynamics of the war impact intensity in the early years because 
NTLs tend to stabilize after being reduced to a very low level, even 
if the war continued.

Further evidence of how the war affected cropland dynamics was 
revealed from the All-period Model at the 1 km grid scale (Table 1,  
see Methods for details). The All-period Model includes a time 
dummy, which allowed us to simulate the outbreak of war and iden-
tify the impact of war by analysing the coefficients of the variables. 
Our modelling results indicated that the overall impact of precipi-
tation on productive cropland area was reduced by 39% after the 
war broke out. Moreover, the heterogeneous effects of precipitation 
increased by 2.4 times, shown as the increased difference of pre-
cipitation impact among regions. The impact of precipitation was 
smaller within the vicinity of urban areas with severe NTL reduc-
tion. Based on the average precipitation value during the war, rural 
areas within a 53 km buffer around the urban areas with severe NTL 
reduction were considered to be affected by war in terms of crop-
land cultivation (see Supplementary Information for details).

Spatial heterogeneity of war impact on cropland cultivation. To 
better visualize the spatial heterogeneity of the impact of war on 
cropland cultivation, we modelled the relationship between annual 
cropland area and precipitation for the pre-war period at a 1 km 
grid scale (Table 1, Counterfactual Model), and then used this rela-
tionship to create a counterfactual scenario under the no-conflict 
assumption from 2012 to 2019. Assuming precipitation and war 
were the only determining factors, the differences between the 
predicted counterfactual scenario and satellite observations would 
represent the impact of war. The average differences in productive 
cropland area between satellite observations and the counterfactual 
scenario during the war are shown in Fig. 4. Negative values rep-
resent spatial grids where the observed cropland area is less than 
that predicted by the model using precipitation alone. These are 

Table 1 | regression coefficients for the attribution of productive cropland area and change

Dependent variable

Productive cropland area (ha) Productive cropland area change (ha)

Independent variables 1998–2019 1998–2011 2012–2019

Individual fixed effects Yes Yes Yes

Time fixed effects Yes No Yes

Precipitation × time_dummy −0.014440*** (0.000204)

Precipitation × distance × time_dummy 0.000934*** (7.93 × 10−6)

Precipitation × distance 0.000394*** (6.82 × 10−6) 0.000541*** (7.86 × 10−6)

Precipitation 0.036607*** (0.000217) 0.044048*** (0.000213)

Distance × time_dummy −0.184966*** (0.002178)

Precipitation change 27.84671*** (2.950176)

NTL intensity change 0.490746** (0.160749)

Intercept 5.707769*** (0.054419) 0.414786*** (0.039150) 3042.610*** (351.5602)

Observations 2,881,538 1,833,706 1,584

R2 0.746 0.752 0.504

Model name All-period Model Counterfactual Model Wartime Model

Standard errors are shown in parentheses. **P < 0.01; ***P < 0.001.
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rural areas where the Syrian civil war has reduced cropland cultiva-
tion. Conversely, positive values represent spatial grids where the 
observed cropland area is more than the model predicted. These are 
rural areas where the war has promoted cropland cultivation. We 
note that the impact of irrigation was not explicitly investigated in 
this study, but the effect of irrigation might have been partially cap-
tured in the impact of war because irrigation infrastructure could 
be affected as a direct result of the war, which in turn affects crop 
production24. The findings presented in this study would benefit 
from future research by exploring irrigation mapping from satellite 
or other data sources, and quantifying the influence of irrigation on 
cropland change (see Supplementary Discussion for more details).

We observed in Fig. 4 extensive underpredicted spatial grids, 
which contributed to the increase in average cropland area dur-
ing the war when the average rainfall was about 5% lower than 
the average before the war. We attributed the increase in cropland 
area during the war to two main factors. First, bare soil/fallow was 
converted to cropland (Supplementary Fig. 2, row B) because the 
war forced people to migrate to safer zones23,25. The steady increase 

in food demand in these safe zones, the need to achieve wheat 
self-sufficiency26 and the taxes imposed on agricultural products13 
emphasized the role of agricultural development and encouraged 
people to reclaim land14. In addition to the direct demand in safer 
zones, the food demand in regions affected by the war might be 
spilled over, which encouraged crop cultivation in the relatively 
stable regions. For example, we observed extensive underpredicted 
spatial grids in the northern Al-Hasakah governorate which served 
as a large, relatively stable breadbasket, and was under Kurdish con-
trol after the war broke out27. Consistent with our results, Eklund 
et al.14 and Mohamed et al.28 also reported that a certain area of bare 
soil/fallow was converted to cropland in the northern Al-Hasakah 
governorate during the war. Second, cash crops were converted to 
food crops because more people were in need for basic food and 
livelihood support29. This type of land-use conversion was evident 
in Damascus, the capital of Syria (Fig. 4). Before Damascus achieved 
stability and came under the control of the Syrian Government 
Army, the eastern part of Damascus was besieged, forcing people 
to grow crops to survive24,30. In addition, the war restricted the food 
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trade, disrupted supply chains and might have made it difficult for 
the Syrian government to obtain wheat2,31. Satellite images revealed 
that a number of land patches with fruit trees were converted to crop-
land during the war in the Damascus governorate (Supplementary  
Fig. 2, row A)—fruits were a luxury that had been replaced  
by necessities32.

The results presented in Fig. 4 show that overpredicted grids 
were spatially more clustered than the underpredicted grids. The 
overpredicted grids were mainly distributed in the northwest 
and southeast of Syria. In the northwest, the overpredicted grids 
were mainly located in the Aleppo and Idlib governorates. In the 
southeast, most of the overpredicted grids were distributed in the 
Deir Al-Zor governorate and the southern Al-Hasakah governor-
ate. Our analysis also revealed some scattered patches of over-
predicted grids, such as the rural areas near the city of Hama, the 
exterior of the Damascus governorate and the west of Palmyra 
city (Supplementary Fig. 2, row C), which was severely damaged 
by ISIS in 201533. These areas with overpredicted grids were prob-
ably subject to frequent military activity, resulting in the cropland 
there being poorly managed. Similarly, we observed overpredicted 
grids in rural areas located around Aleppo, which were invaded by 
multiple forces and thus suffered the most severe damage during 
the war. Since 2016, Aleppo has been divided between the Syrian 
government, ISIS, Kurdish forces and rebel groups27. Armed con-
flicts were inevitable between these forces, which resulted in about 
200,000 civilians displaced and escaped34, significant destruction of 
the irrigation canals24, increased seed prices and disruption of the 
agriculture market35. Another reason that led to decreased crop-
land in some regions was that different armed groups prevented 
farmers from accessing their lands as a military strategy to weaken 
food supply in a besieged area controlled by an adversary24,36. The 
overpredicted grids in Deir ez-Zor and Al-Hasakah might be 
attributed to ISIS control of the area between 2014 and 201727. The  

situation was extremely precarious in the ISIS-controlled zone, as it  
experienced numerous airstrikes and ground attacks from many 
forces, including the US army, Russian army, Syrian government 
forces and Kurdish forces37. Moreover, many farmers in the ISIS 
zones stated they had not sowed sufficient crops due to the lack of 
fertilizers, fuel and effective policies to guarantee the sale of agricul-
tural products38. These findings highlight the potential interactions 
between violent conflicts, regime stability, human displacement, 
agriculture management and land cover change for a region  
in conflict.

Conclusions
The goal of our study was to analyse by means of satellite obser-
vations how the Syrian civil war had affected productive cropland. 
We found that productive cropland dynamics in Syria exhibited 
greater interannual variability and spatial heterogeneity during the 
period of war. Through a panel regression analysis and a subsequent 
counterfactual analysis that isolated the impact of precipitation, we 
revealed regional gains and losses in the productive cropland area 
that were attributable to the civil war. While the war has promoted 
agricultural development in certain regions, multiple clustered 
regions suffered from cropland loss and the inevitable food short-
ages. The resulting map of the impact of war (Fig. 4) provides a 
reference for scientists to further investigate the local effects of the 
war and may also guide international agencies such as the United 
Nations High Commissioner for Refugees in providing relief to  
impacted regions.

Methods
Data. Satellite data. We used Landsat data to map annual productive cropland 
extent from 1998 to 2019 because the free and open Landsat archive represents 
one of the best data sources for long-term land-cover and land-use analysis at 
a medium spatial resolution39. The Landsat Surface Reflectance images were 
provided by the US Geological Survey at a 16 day revisit cycle40,41. The dataset has 
been geometrically corrected to Level-1TP (L1TP), atmospherically corrected 
using the Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) 
and the Land Surface Reflectance Code (LaSRC)42,43 and includes a cloud, shadow, 
water and snow mask44. We used all the Landsat 5, 7 and 8 images from 1998 
to 2019 and processed the data on Google Earth Engine45. In addition, we also 
acquired the Normalized Difference Vegetation Index (NDVI) from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) Vegetation Indices Version 646 
data as supplementary data for training and validation. This MODIS NDVI dataset 
(MOD13Q1) has been generated every 16 days at 250 m spatial resolution since 
2000 and is widely used in mapping cropland and monitoring crop growth47.

We used NTL satellite data as a proxy for analysing the impact of war9,10. 
Specifically, we used two data sources to produce the continuous time series  
of NTL from 1998 to 2019. The first data source is the annual composites of 
Defense Meteorological Satellites Program/Operational Linescan System  
(DMSP/OLS) images, which measured the global NTLs from 1992 to 2013 with 
a spatial resolution of 30 arcseconds. The second data source is the monthly 
composites of the Visible Infrared Imaging Radiometer Suite onboard the  
Suomi National Polar-Orbiting Partnership (S-NPP/VIIRS) images, which  
have measured the global NTLs from 2012 to present and have a spatial  
resolution of 15 arcseconds. In addition to the difference in spatial resolution,  
the S-NPP/VIIRS records NTL data with better radiometric quality than  
DMSP/OLS48. The two data sources were downloaded from Yale University 
(https://urbanization.yale.edu/data) and Colorado School of Mines (https://
eogdata.mines.edu/download_dnb_composites.html), respectively. The details of 
processing the two datasets, including intercalibration between them and removal 
of gas flares, are described in Supplementary Methods.

Climate data. We used the Precipitation Estimation from Remotely Sensed 
Information using Artificial Neural Networks–Climate Data Record 
(PERSIANN-CDR) dataset developed by the Center for Hydrometeorology and 
Remote Sensing at the University of California49. The precipitation dataset has a 
spatial resolution of 0.25°. In this study we resampled the dataset to 0.225° × 0.225° 
(about 25 km grid resolution) in World Geodetic System 1984 (WGS84) and 
calculated the annual total precipitation by summing precipitation in the wet 
season (November–April).

Administrative boundary. The administrative boundary data were collected from 
version 2.8 of the GADM database of Global Administrative Areas (https://gadm.
org/download_country_v2.html). Note that the study area does not include  
Golan Heights.
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from a fixed-effects model during 2012 to 2019 on a 1 km grid scale. 
The fixed-effects model was calibrated using precipitation during the 
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Land cover classification. According to the major crop types and crop calendar  
in Syria, we defined the vegetation growing window from December to May  
(see Supplementary Information for details). We collected 13,970 Landsat images 
in total including 4,262, 6,750 and 2,958 from Landsat 5 Thematic Mapper (TM), 
Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational 
Land Imager (OLI) and Thermal Infrared Sensor (TIRS), respectively. Seven 
spectral bands including blue, green, red, near-infrared and shortwave infrared 
reflectance, and brightness temperature, and the calculated Normalized Difference 
Vegetation Index (NDVI)50 and Normalized Difference Water Index (NDWI)51 
were used in the cropland mapping. We derived a series of statistical metrics from 
the Landsat data for both growing and non-growing seasons for each year  
from 1998 to 2019. For each year, there were 90 metrics in total, including:  
(1) reflectance values that represented the selected percentiles (15th, 25th,  
50th, 75th and 85th percentiles); and (2) NDVI and NDWI values that represented 
the selected percentiles (15th, 25th, 50th, 75th and 90th percentiles), of both 
growing and non-growing seasons.

We used a supervised classification approach to map annual productive 
cropland in Syria. We collected training data manually by visual interpretation 
using growing-season and non-growing-season Landsat images, time series of 
NDVI from Landsat and MODIS, and high-resolution images on Google Earth. 
In the process of selecting training samples, we considered two critical factors to 
ensure the representativeness and accuracy of the training: (1) the training samples 
need to be selected from multiple years, covering the dry year (2007), the wet year 
(2002) and the year with moderate precipitation (2012) to ensure the diversity of 
the samples; (2) high-resolution images on Google Earth are adequate to ensure the 
accuracy of visual interpretation of various land-cover types. In the end, 238,471 
training pixels covering the years 2002, 2007, 2012, 2017, 2018 and 2019 were 
selected on the Google Earth Engine platform.

We chose random forests (RF) as the classification algorithm as its effectiveness 
has been demonstrated in land-cover classification52,53. The RF classifier was 
trained on the High Performance Computing Center (HPCC) clusters at Texas 
Tech University. The input features of the RF model were the annual Landsat 
metrics and elevation data from the Shuttle Radar Topography Mission (SRTM) 
digital elevation model (DEM)54, which was included to eliminate the terrain 
factors that could confuse the spectral characteristics of certain land-cover types55. 
The trained RF model was applied to create the annual cropland classification 
maps from 1998 to 2019.

We designed a stratified random sample and computed accuracy metrics 
for the annual cropland maps following the good-practice guide56. We also used 
the validation sample to adjust the map-based annual cropland area estimates 
and derived 95% confidence intervals as reported in Fig. 1b (see Supplementary 
Methods for details).

Extraction of NTL reduction area. NTL provides an opportunity to detect 
electricity supply, which represents economic activity57. Since the Syrian war 
broke out, there have been intensive conflicts spreading over the country. The 
conflicts have impacted the social-economy, destroyed cities, damaged the 
power infrastructure and resulted in massive migration and death, which lead 
to a reduction in NTL. Results of previous research had shown that reduction 
in NTL in a region undergoing conflict generally represented the intensity of 
conflict in that region9,58,59. Based on this hypothesis, Levin has confirmed that 
NTL can serve as a potential metric to track global and regional conflict zones59. 
In this article the extracted urban area with severe NTL reduction was assumed 
to be the major zone impacted by the conflict, which was cross-inspected with 
multi-source data, including news reports, the area controlled by each regime 
from the Syria Live Map27, geospatial death data from the Uppsala Conflict Data 
Program (Supplementary Fig. 3)60 and the damage assessment of cities from the 
United Nations Office for the Coordination of Humanitarian Affairs61. Details 
about extracting urban areas with severe NTL reduction are described in the 
Supplementary Methods. Cross-checking results demonstrated that the areas where 
NTL is severely reduced, such as near the cities of Aleppo, Idlib and Deir ez-Zor, 
are almost all battlefields or around major conflict zones. Therefore, we adopted 
NTL reduction as a measure of the war impact intensity in urban settlements and 
assessed the location of the major conflict zones.

Cropland change attribution. The cropland dynamics could be attributed to 
natural and non-natural factors during the war. Many natural factors (for example, 
precipitation, evapotranspiration and temperature) can exert an influence on 
productive cropland area, where precipitation is of high variability and can be 
directly measured19,28,62,63. Most of the non-natural factors were affected by the 
war directly or indirectly (for example, through labour displacement, irrigation 
infrastructure, agriculture market or regime policy changes). Based on our analysis 
and evidence from various relevant studies12,14,64, we primarily attributed the 
cropland dynamics during the war to the impacts of precipitation and conflict.

We designed four models to analyse the attribution of cropland dynamics on 
different spatial and temporal scales (a summary of the model details is given in 
Supplementary Table 1). First, before the war, the cropland dynamics were mostly 
attributable to precipitation19,28,62. Therefore, we constructed the Pre-war Model to 
investigate the relationship between precipitation and productive cropland area. 

Second, we designed the Wartime Model to investigate the attributions of the 
wartime cropland dynamics. The Wartime Model partly explained the wartime 
cropland dynamics by the variation of precipitation and the intensity of war (as 
measured by NTL reduction). Third, to evaluate the spatial heterogeneity of the 
impact of war and to further reveal how the war affected cropland dynamics, we 
constructed the All-period Model at a finer spatial resolution, which evaluated 
productive cropland area as a function of distance to the nearest urban area 
with severe NTL reduction. Finally, we constructed the Counterfactual Model 
to highlight the spatial details of the impact of war on productive cropland 
change during the war. The relationship between productive cropland area and 
precipitation was modelled for 1998–2011. Then we used the characterized 
relationship to predict annual productive cropland area using precipitation as 
input for 2012–2019, as the non-war counterfactual scenario. By comparing the 
counterfactual predictions with satellite-observed cropland area at 1 km resolution, 
we were able to visualize the heterogeneous impacts of war.

Pre-war Model. We estimated the pre-war relationship between annual 
precipitation and cultivated cropland area on the national, governorate, 25 km 
grid (0.225° × 0.225° in WGS84) and 1 km grid scales (0.008° × 0.008° in WGS84), 
respectively. The data preparation is described in the Supplementary Methods.  
For the national and governorate scales, the relationship was estimated by the 
following linear model:

Ct = βPt + λ + μt (1)

where Ct and Pt represent the observed productive cropland area and precipitation 
in Syria (or individual governorate) in year t, respectively. λ is a constant term, 
μt denotes the error term and β is a coefficient that needs to be estimated. The 
equation reflects the impact of precipitation on the productive cropland area.

For the 25 km and 1 km grids, the relationship was estimated by the following 
two-way fixed-effects model, which allowed us to consider omitted variables:

Ci,t = βPi,t + λi + γt + μi,t (2)

where Ci,t and Pi,t represent productive cropland area and precipitation in grid i 
in year t, respectively. λi is an individual fixed effect that changes with grid i. γt 
is the time fixed effect, which varies with year t. μi,t denotes the error term. β is a 
coefficient that needs to be estimated.

Wartime Model. Then, we calculated the relationship between NTL change, 
precipitation change and productive cropland area change with a two-way 
fixed-effects model on the 25 km grid scale:

C′i,t = β1P′i,t + β2N′i,t + λi + γt + μi,t (3)

where C′i,t, N′i,t and P′i,t represent cropland area change, NTL intensity change 
and precipitation change in grid i in year t, respectively. λi is an individual fixed 
effect. γt is a time fixed effect. μi,t denotes the error term. β1 and β2 are coefficients 
that need to be estimated. β1 represents the impact of precipitation change on the 
cropland area change, and β2 represents the impact of NTL change on the cropland 
area change. In this analysis, the change values referred to the difference between 
wartime observations in a year and the average value of the pre-war period (that 
is, 1998–2011), which were calculated by subtracting the pre-war average from the 
annual observations during the war.

All-period Model. To evaluate the spatial heterogeneity of the impact of war and to 
further reveal how the war influenced cropland dynamics, we adopted equation (4)  
to estimate the effects of war, location, precipitation and their interaction on 
productive croplands. This analysis was implemented on the 1 km grid scale:

Ci,t = β1Pi,t + β2Pi,tDi + β3Pi,tWt + β4DiWt + β5Pi,tDiWt + λi + γt + μi,t (4)

where the dependent variable Ci,t is the productive cropland area in grid i in  
year t, and Pi,t is the precipitation. Di is the Euclidean distance from grid i to 
the nearest urban area with severe NTL reduction. Wt is a dummy variable of 
war, which is 0 from 1998 to 2011, and 1 from 2012 to 2019. λi is an individual 
fixed effect. γt is a time fixed effect. μi,t denotes the error term. β1, β2, β3, β4, β5 are 
coefficients that need to be estimated. β1 represents the impact of precipitation 
on the cropland area. β2 denotes how the impact of precipitation varied with Di, 
indicating the spatial heterogeneity of precipitation impacts. β3 represents the 
correction factor of the impact of precipitation on the cropland area during the war. 
β4 represents the impact of the distance from grid i to the nearest urban area with 
severe NTL reduction during the war. β5, the key parameter to be estimated in this 
article, captures the regional heterogeneous effects of precipitation on agriculture 
during wartime.

Counterfactual Model. The following analysis was designed to calibrate 
the cropland area during the war using the pre-war data and model (that 
is, 1998–2011), which used observed cropland area, precipitation and 
precipitation × distance as input (equation (5)). Note that precipitation × distance 
in this model was expected to exclude the interaction between precipitation 
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and distance. Then we applied the calibrated model to the war period (that is, 
2012–2019) to predict the productive cropland area using observed precipitation 
and precipitation × distance as input. This analysis was implemented on the 1 km 
grid-scale:

Ci,t = β1Pi,t + β2Pi,tDi + λi + γt + μi,t (5)

where Ci,t and Pi,t represent productive cropland area and precipitation in grid 
i in year t, respectively. Di represents the Euclidean distance from grid i to the 
nearest urban area with severe NTL reduction. λi is an individual fixed effect. γt 
is a time fixed effect. μi,t denotes the error term. β1, β2 are coefficients that need 
to be estimated. β1 represents the impact of precipitation on cropland area, and 
β2 denotes how the impact of precipitation varied with Di, indicating the spatial 
heterogeneity of precipitation impacts.

Reporting summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data used in this study are available at https://drive.google.com/drive/
folders/1Ldkl_kJ9zsFJbn4diP2-FbQSqbQG2EiE?usp=sharing. Annual productive 
cropland maps (30 m) and NTL maps (1 km) are also available at Zenodo  
(https://zenodo.org/record/5706374#.YbOY7dDMIuV). Precipitation data  
are downloadable at: https://chrsdata.eng.uci.edu/. Source data are provided  
with this paper.

Code availability
The code needed to reproduce the results, figures and 
tables is fully available at https://github.com/whulixiya/
Civil-war-hinders-crop-production-and-threatens-food-security-in-Syria.git.
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