Supplementary Materials

Records Records
identified in identified in
Scopus Web of Science
(n=786) (n=737)

Records after
duplicates
remaved

(n=974)

Records after
abstract
screening

Records
excluded

(n=861)

(n=113)

Full text articles Records
assessed excluded

(n=113) (n= 12

Studies included
in the
quantitative
synthesis

(n=100

Figure S1. Preferred reporting items for systematic reviews and meta-analyses
(PRISMA) flow chart diagram.



Table S1. Applicability and thematic factors used in traditional methods in crop suitability mapping.

Objective of the Methods Used or NUS
Auth Th icF
uthorsCountry Study Model Crop (Yes/No) ematic Factors
Country Climatic Soil and Landscape Social-Economic LULC
Factors
Spatial model for N-P-K, Zn, D, Tex, Dep,
[1]  Egypt land suitability Parametric Wheat No Topo, SS, HP, HC, WHC, No No
assessment EC, ESP, CaCO3, pH
. Determine su.ltable Boolea.n Logic, . P T RH R, D, Dep, CEC, BSP, pH,
[2] Benin areas for rice Maximum Rice No . No No
. o Flooding ocC
production Limiting factor
Most suitable areas P LGP. Stream S, fertility, pH, N, OC, La;(i:lfzére;zz?fs,
[3] Ghana forinland valley WLC Rice No ! !, EC, CEC, BSP land N i Yes
) order, discharge systems, incentive
rice reforms, Tex, ESP .
benefits
Evaluating the .
[4] Kenya . . WO Rice No No ESP, Tex Land reforms Yes
suitability of rice
Evaluating th P, T, LGP
[5] Ghana va uatng ! © WLC Rice No /LG J Stream Slope, Dep, fertility Social-economic ~ No
suitability of rice order, discharge
[6] Ethiopia Land sult;?blhty Square root Wheat, Sorghum Yes P T Dep, Tex, OC, D, Soil No No
analysis mean, WLC type, S
i h Ifalf Tex, % 4, E
Iran Use of a model Storie, Square Wheat, a a. & No RH, T SR, 5 Tex, % CaSO4, ] < No Yes
root Barley, maize, CEC, ESP, Drain
Evaluation of land
T Phosph
[7] Zambia suitable for WLC Soybean No ex, OC, 1OSphoTus, Roads No
pH, Drain, S, H
soybean
S, Drain, Coarse
Suitability analysis . Rice, Cassava, P, T, RH, Wind, fragment, Dep, Tex, Clay,
(8] Senegal for rice Storle, PCA Groundnut No SH,PET Silt, sand, CEC, OM, BSP, No No

EC, ESP




L tabili
[9] Iran and sulta.b Lity Computer Canola, Soybean No P, T As, H, S, Tex, pH, EC No No
analysis overlay
. Lénd e‘valuatl.o n L. Alfalfa, maize, rice, LC,;P’ SR, T, TWU' Fertility, Dep, Tex, CEC,
[10]  Spain using biophysical FAO, Statistics No  hailstorms, winds, No No
sunflower . pH, BSP, OC
factors Flood risk
Wheat, Pea bean, S, Drain, H, Dep, SS, Tex,
11] B di Land evaluati S N P, LGP, T, RH, SH N Y
[11] Burundi Land evaluation & maize, potato o , CEC, pH, BSP, OC o es
Crop specific Expert
[12] P spe Knowledge, FAO  Cherimoya No P, T,LGP,RH SG, Tex, Dep, CEC, OM No No
suitability
method
Land suitability for Qualitative Malizit:iiinﬂilln:tl letl
[13]  China sustainable ! Yes S, As, SG, H Income Yes
approach Potato, Apple,
development
vegetable
Spatial assessment Wheat, maize, rice, .
[14] Global . GAEZ No Max and min T, S, H No Yes
of heat stress risk Soybean
Impacts of climate Min and Max T, P,
[15] Africa change on agro- GAEZ wheat, maize No RH, vapour SG, H,S No Yes
ecosystem pressure
Table S2. A list of analytic hierarchy process methods and factors used to delineate land suitability for crops.
Method NUS
Authors Country Objective of the Study Used or Crop Thematic Factors
(Yes/No)
Model
Climatic Soil and Social-Economic LULC
Landscape Factors
Tomap areas for Maize P, PET,
[16] Mexico . P AHP ! No Max T, Tex, Dep, S, H No Yes
maize and potatoes Potatoes .
Min T,
[17] Kenya Rice suitability AHP Rice No T,RH Tex, pH, Drain, S No No
Use of logi ing t Road, -
[18] Afghanistan 5¢ oL loglc scoring to AHP Safron No P T SG, S, As, H oad, econormics Yes

improve AHP

index




To map potential Grapes, .
P, TDD, S, As, Drain, PH
. . f AHP- L 7 4 7 7 7 7
[19] Australia growing areas for WLC pasture, No Frost ESP, Dep, Tex, EC No No

grapes Bluegum
Tex, pH, ESP, EC,
Wheat suitabilit
[20] India eat suitability  \ 1ip WO Wheat No Drain, N-P-K, S, No Yes
mapping
GW

' Eva.lluatmg the AHP-  Ryegrass, P T pH, WHC, Coarse

[21] Australia uncertainty of power of F Wheat No fragment, Dep, No No
AHP uezy e Tex, EC, Drain
Infrastructure,
To map areas that .
. . . Population,
[22] Brazil highly suitable for AHP  Sugarcane No P, T SG, H . Yes
Literacy, Labor
sugarcane force

To assess the suitability P, T,SH, S, As, H, EC, pH,

[23] Iran of saffron AHP-WO Saffron No Frost, RH Tex No No
Tex, Dep, OM,
. Sensitivity analysis for =~ AHP- sand dune
[13] China MCE OAT-wLC Vheat No waviness, SE, No No
Drain, DWT

List of abbreviations: Land use land cover (LULC), topography (Topo), surface stoniness (SS), hard pan (HP), hydraulic conductivity (HC), water holding capacity
(WHC), groundwater (GW), soil moisture (SM), depth to water-table (DTW), temperature degree day (TDD), aridity index (AI), temperature (T), dry month/ length
of the dry season (DM), wet month (WM), rainfall (P), soil drainage (Drain), texture (Tex), effective depth (Dep), cation exchange capacity (CEC), base saturation
percentage (BSP), soil pH (pH), organic carbon (OC), slope (S), aspect (As), elevation (H), potential evapotranspiration (PET), solar radiation (SR), sunshine hours
(SH), soil erosion (SE), length of the phenological period (LPP), gypsum (% CaSO4), relative humidity (RH), boron toxicity (BT), soil type (ST), weighed overlay (WO)
and weighted linear combination (WLC). Depth to water table (DWT), irrigation/irrigation water use IWU), length of growing period (LGP), post-harvest technology
(PHT), growing degree days (GDD), calcium carbonate equivalent (CCE), electrical conductivity or salinity (EC); sodium adsorption ratio (SAR), sodicity (ESP), surface
stoniness/rockiness (SS), soil groups/soil types (SG).



Table S3. A list of fuzzy logic technique methods and common factors used to delineate land suitability for crops.

Method NUS
Authors Country Objective of the Study Used or Crop Thematic Factors
(Yes/No)
Model
Social-
Soil and Landscape Economic LULC
Factors

[24] Global Global land 1jesources Fuzzy 16 Crops Yes Tex, Coarse fragments No No

allocation

. To evaluate arable land on Finger millet, paddy, Tex, Drain, Gravel,
2 I F Y
(23] ndia selected crops Hezy groundnut °s CEC, BSP, pH No No
Cassava, Groundnut,
To evaluate the difference Maize, Millet,
between topsoil properties for Oil-palm, Potatoes,
4, pH, BSP
[26] Global  the dominant soil mapping  Fuzzy Rapeseed, Rice, Rye, Yes Caso i;é }'5 SI? » O, No No
units between Sorghum, Soy, !
two global soil datasets. SugarcaneSunflower,
Wheat

[27]s Chana Maize land Sl'ntablhty Fuzzy Maize No OC, CEC, Drain, Clay, No No

evaluation pH

L tability for irri

[28] Iran and suitability for irrigated Fuzzy Sugar beet No H, SE, EC, ESP, OC No No

sugar beet

. Evaluation of crop-specific .
[29] Switzerland . o Fuzzy Maize No No No No
climate suitability
Evaluating procedures of land Barley, cotton, spinach, 5, Drain, Gravel,
. e .. . Cobbles, EC, ESP,

[30] Australia suitability evaluation in slope  Fuzzy wheat, rye, maize, oats, Yes No No

areas

sorghum

WHC, Tex, Dep, CEC,
pH, OM

List of abbreviations: Land use land cover (LULC), topography (Topo), surface stoniness (SS), hard pan (HP), hydraulic conductivity (HC), water holding capacity
(WHC), groundwater (GW), soil moisture (SM), depth to water-table (DTW), temperature degree day (TDD), aridity index (AI), temperature (T), dry month/ length
of the dry season (DM), wet month (WM), rainfall (P), soil drainage (Drain), texture (Tex), effective depth (Dep), cation exchange capacity (CEC), base saturation
percentage (BSP), soil pH (pH), organic carbon (OC), slope (S), aspect (As), elevation (H), potential evapotranspiration (PET), solar radiation (SR), sunshine hours



(SH), soil erosion (SE), length of the phenological period (LPP), gypsum (% CaSOs4), relative humidity (RH), boron toxicity (BT), soil type (ST), weighed overlay (WO)
and weighted linear combination (WLC). Depth to water table (DWT), irrigation/irrigation water use (IWU), length of growing period (LGP), post-harvest technology
(PHT), growing degree days (GDD), calcium carbonate equivalent (CCE), electrical conductivity or salinity (EC); sodium adsorption ratio (SAR), sodicity (ESP), surface
stoniness/rockiness (SS), soil groups/soil types (SG).

Table S4. A list of crop models and factors used to delineate land suitability for crops.

Thematic Factors

L. Method Used or NUS : " ;
Authors Country Objective of the Study Model Crop (Yes/No)  Climatic Soil and Social-Economic LULC
Landscape Factors
To delineate current
United Pedo-climatic P, T, AET, Dep, Tex, OM,
[31] Kingdom ‘and. f}lture land functions, PSMD Potato No LGP S, SS, No No
suitability for potato
. . s Water deficit .
[32] Europe  Agro-climatic suitability Maize No P, T, AWC No No
Method
Assessment of current Cassava
. ! P, T,SR, Dep,sand, silt, GDP, population,
[33] Africa and fgture h9tsPots of GEPIC sorghum., Yes WM BD, PH, OC Undernutrition data No
food insecurity in SSA wheat, maize
e
[34] Ethiopia suitabili’;g for rain-fed model gS s so beai whleat Yes P, T, PET, Drain, Ec, ESP, No No
Y /Oys  soybean, ’ CEC, pH, OC
crops maize
To identify regions Groundnut,
[35] Global  potentially suitable for ECOCROP soybean, Yes P, T No No
crops sugarcane
Assessment of climate
[36] Africa change on sorghum  ECOCROP Sorghum Yes P, T No No N

suitability

List of abbreviations: Land use land cover (LULC), topography (Topo), surface stoniness (SS), hard pan (HP), hydraulic conductivity (HC), water holding capacity
(WHC), groundwater (GW), soil moisture (SM), depth to water-table (DTW), temperature degree day (TDD), aridity index (AI), temperature (T), dry month/ length
of the dry season (DM), wet month (WM), rainfall (P), soil drainage (Drain), texture (Tex), effective depth (Dep), cation exchange capacity (CEC), base saturation
percentage (BSP), soil pH (pH), organic carbon (OC), slope (S), aspect (As), elevation (H), potential evapotranspiration (PET), solar radiation (SR), sunshine hours
(SH), soil erosion (SE), length of the phenological period (LPP), gypsum (% CaSOs4), relative humidity (RH), boron toxicity (BT), soil type (ST), weighed overlay (WO)
and weighted linear combination (WLC). Depth to water table (DWT), irrigation/irrigation water use (IWU), length of growing period (LGP), post-harvest technology



(PHT), growing degree days (GDD), calcium carbonate equivalent (CCE), electrical conductivity or salinity (EC); sodium adsorption ratio (SAR), sodicity (ESP), surface
stoniness/rockiness (SS), soil groups/soil types (SG).

Table S5. A list of machine learning related methods and common factors used to delineate land suitability for crops.

Thematic factors

Authors Country Objective of the study Method used or Crop NUS Social-
Model (YES/NO) Climatic Soil and landscape economic ~ LULC
factors
Evaluation of land Tex, EC, ESP, CaCQO3,
[37] Iran suitability of soybean ANN, Fuzzy Soybean No P, T, LGP Gravel, Dep, Oc, pH, S, No No
in semi-arid regions Drain, Flood, CaSO4
. Agricultural land . DM, Drain, Tex, Dep,
[38] Indonesia suitability ANN Rice No P, T CEC, pH, N-P-K, ESP, S No No
. OC, Tex, Thickness of
[39] China Paddy rice land Fuzzy Neural Rice No tilth, S, N-P-K, Water No No
evaluation Network, GA
conservancy, pH
Global
Environmental
bioclimatic conditions Stratification Strata, Banana, P, T. Al
[40] Nepal to assess the suitability (GenS), ecological ~ Coffee No PET, AsS No Yes
niche modelling,
Fuzzy
To compare suitability
[41] icf)zf; and prodl?ctivity of Max[]ig;’ ;AM, Maize No P Irl:i SR, SG No Yes
maize
[42] Global To evaluate potential MaxEnt Coffee No _P' R No No No
areas for coffee Diurnal T
Quantify the potential H, S, Dep, Drain, pH
[43] Indonesia CO2 emissions Logistic Regression Palmoil ~ No P, T " C,) C R Roads Yes
reductions
Use of MaxEnt to map
[44] Thailand  suitability areas for MaxEnt Cassava Yes SR, PET H, SG, S, As No Yes

cassava




Understand factors

[45] Thailand affecting the suitability MaxEnt Cas.s Y& Yes H, SG Population, Yes
of crops rice roads
. P, T, frost
[46] Australia Assessment Of soil and Regression tree Potato, No  days, Chill Dep, pH,. EC, Clay, No No
enterprise Hazelnuts Drain, SS
hours
Suitable cultivable Wheat
lands and water alfal fa/ SG, course fragments,
[47] Iran resources to optimize Goal programming ! No P, T EC, pH, CaCO3, GW, No Yes
potential areas for crop 1:;);?;2' water bodies
production
Knowledge-based
Evaluating crop- determi?at@ .Of
[29] Switzerland  specific climate factor suitabilities, P, T H, No No
suitable rule-based approach,
WLC, genetic
algorithm (GA)
To evaluate cocoa-
[48] Africa ggﬁ Tagisglocgie(’f MaxEnt Cocoa  No P, T, AEP No No No
d’Ivoire
Cellular automata  Wheat,
(CA), Markov chain, Barley,
Iran land allocation fuzzy rule-based Maize, No P, T,RH S, Dep, Tex, Flood, Drain  Income No
systems, goal alfalfa,
programming, WLC Potato,
method Wheat
[49] China ©|valuateland suitable ANN Wheat No  P,T,SH N, OC

for wheat

List of abbreviations: Land use land cover (LULC), topography (Topo), surface stoniness (SS), hard pan (HP), hydraulic conductivity (HC), water holding capacity
(WHC), groundwater (GW), soil moisture (SM), depth to water-table (DTW), temperature degree day (TDD), aridity index (AI), temperature (T), dry month/ length
of the dry season (DM), wet month (WM), rainfall (P), soil drainage (Drain), texture (Tex), effective depth (Dep), cation exchange capacity (CEC), base saturation
percentage (BSP), soil pH (pH), organic carbon (OC), slope (S), aspect (As), elevation (H), potential evapotranspiration (PET), solar radiation (SR), sunshine hours



(SH), soil erosion (SE), length of the phenological period (LPP), gypsum (% CaSOs4), relative humidity (RH), boron toxicity (BT), soil type (ST), weighed overlay (WO)
and weighted linear combination (WLC). Depth to water table (DWT), irrigation/irrigation water use (IWU), length of growing period (LGP), post-harvest technology
(PHT), growing degree days (GDD), calcium carbonate equivalent (CCE), electrical conductivity or salinity (EC); sodium adsorption ratio (SAR), sodicity (ESP), surface
stoniness/rockiness (SS), soil groups/soil types (SG).



Heuristic Models

Heuristic-based models are approaches used in problem-solving,
learning, or discovery that employ a practical method. They are not
guaranteed to be optimal, perfect, logical, or rational, but instead are
sufficient for reaching an immediate goal [50]. Heuristic methods can be
used to speed up the process of finding a satisfactory solution and works
with presence-only data such as BioClimaticc ANUCLAM, DOMAIN,
FEM and HABITAT [51,52]. Such models can be used in NUS where
production information is limited. The models are simple to use, but they
tend to over-predict [51]. They require ground-truthing or use of crop
simulation models to validate the suitability maps [45]. This type of
model can operate with a small number of records but can not make
quantitative predictions or provide confidence levels [53,54].

(a) Decision tree models

Decision tree methods are used for data mining and aid in
classifying systems based on multiple covariates or for developing
prediction algorithms for a target variable [55]. The algorithm is non-
parametric and can accommodate large, complicated datasets without
imposing a complicated parametric structure (REF). The model requires
one to know machine learning and programming skills. Frequently used
algorithms include ACE, S-Plus algorithms CART, C4.5, CHAID and
QUEST [56]. They can be linked with GIS and remote sensing data, SPSS
and SAS programs that can be used to visualize tree structure [55].

(b) Genetic algorithms

Artificial neural networks (ANNs) are among the most advanced
methods in land suitability analysis, a non-linear mapping structure
works with presence or absence data [57]. The model requires a high
number of records and can be challenging to use in areas where data is
minimal especially in the study of NUS. The models result tend to be
general because it depends on the sample frame. The more the number of
training data the better the suitability index such as Genetic Algorithm
for Rule-Set Prediction (GARP), MaxEnt [58,59]. It is a general-purpose
machine learning method with a simple and precise mathematical
formulation for modelling species geographic distributions with presence
data only [60]. The assumptions not always evident, some models like
Maximum entropy niche-based modelling are often wused for
environmental studies but the principle of maximum entropy can be used
to delineate areas suitable for crops (MaxEnt) (Fourcade et al., 2014;
Phillips et al., 2009).

(c) Additive statistical models

The generalised linear models (GLM) and generalised additive
models (GAM) are additive statistical models, sometimes called
ecological niche models [61,62]. Generalised linear models are probably
the most commonly used statistical methods in bioclimatic modelling and
have proven their ability to predict NUS distribution [45]. The models
require lots of reliable records and knowledge of the ecology [63,64].

Considering the limitations of GLM in capturing complex response
curves, application of generalised additive models is being proposed for
species suitability mapping (Secondi, 2014). The generalised additive
model blends the properties of the generalised linear models and additive
models. Generalised additive models are based on nonparametric
regression, and unlike GLM, which does not impose the assumption that
the data supports a particular functional form (normally linear) [65]. Here
the response variable is the additive combination of the functions of the



independent variable. However, transparency and interpretability are
compromised to accommodate this greater flexibility. Applications of
GLM in NUS land suitability might of less use because NUS are usually
grown by smallholder farmers. Therefore, to capture the heterogeneous
landscape and dynamic social-economic factors, we need generalised
additive models which accommodate nonparametric factors used to
delineate NUS, only 29% used LULC (Table 2).

Table S6. Climatic and hydrology factors, soil and landscape, social and economic factors and land
use land cover (The results are presented as percentage N = 64).

Factor AHP CSM Fuzzy MLM TM  Total
Climate

Temperature 16 9 9 17 20 71
Precipitation 14 11 8 20 14 67
Relative Humidity 8 - - 2 8 18
Length of the growing period - 3 2 3 6 14
Growing degree days - - 5 3 - 8
PET - 2 - 2 5 9

SH 3 - 2 - 5

SR - 2 2 2 6

AET - 2 2 - 4
Frost 2 - - 2 - 4

Hydrology
Flood - - - - 3 3
AWC - 2 - - 2 4
Hail Storms - - - - 2 2
TDD 2 - - - - 2
Winds - - - - 2 2
Chill hours - - - 2 - 2
Stream order - - - - 2 2
Discharge - - - - 2 2
Drain - 2 - - - 2
Soil and landscape
Factors AHP CSM Fuzzy MILM TM  Total

Texture 9 3 8 8 19 47
pH 8 3 8 8 13 40
Slope 5 3 3 11 14 36
Soil depth 6 5 5 8 11 35
EC 5 - 9 6 6 26

ocC - 3 8 6 26
CEC - - 9 5 11 25
Elevation 3 - 3 8 8 22
ESP 3 - 5 5 5 18

As 5 - - 3 3 11
N-P-K 3 - - 3 2 8
Gravel 2 - 2 3 2 9
OM 5 2 - - - 7
CaSO4 - - 2 3 2 7
BSP - - 2 - 5 7
Clay 2 - 2 2 2 8

SG - - - 3 3 6




Mg
Ca
Cl

Sand 2
Silt - 2 - - 2
2
2

NN DNDN
1
1
N
'

Thickness of tilth - - - 2
Phosphorus - - - -
DM - - 2 - -
BD - 2 - - -
Fertility - - - - 2
Cobbles - - 2 - -
/n - - - - 2

N NN DNDNDN S BBSBBOG

Social-economic factors

Factor AHP CSM Fuzzy MLM ™

Road 3 - 2 2
Population 2 - - 2 -
Income - - - 2
labour force
Infrastructure
Literacy
Land tenure - - - - 2
Markets - - - - 2
2
2

NN W
1
'
1
\

Credit systems - - - -
Incentive benefits - - - -
Economics index 2 - - - -

Land value - - 2 -
Undernutrition data -
GDP -
Distance to city 2 - - - -
Land use land cover

NN
'
1
\

Factor AHP CSM Fuzzy MLM ™

LULC 6 - 3 9 11

N NN DNDNMDNDNDNDNDMDNDDNDDND QS BS

Total
29
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