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Ecological drivers of intercropping
performance for enhanced global crop
production
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Intercropping, a cornerstone of ecological intensification for sustainable agriculture and biodiversity
conservation, has not fulfilled its potential to support global food-security promises under growing
land and climate constraints. A major barrier lies in the context-dependent and often unpredictable
nature of yield benefits, which emerge from complex interspecific interactions that remain poorly
characterized across agroecosystems. Through a novel global meta-analysis (4,195 partial Land
Equivalent Ratio observations from 334 studies across 60 countries) coupledwithmachine learning to
disentangle the roles of plant functional traits and species-specific interactions, we demonstrate a
substantial untapped potential to increase the production of major cereals—maize (+ 62.4%), barley
(+ 6.3%), and wheat (+ 0.1%)—solely through optimized deployment of intercropping on existing
agricultural land. Crucially, despite reduced planting density in intercropping, the mean partial Land
Equivalent Ratio (pLER) of 0.79 (95% CI: 0.76-0.82) indicates that yield reductions for component
species are proportionally smaller than the decrease in density, revealing consistent beneficial
interactions. Our quantitative framework identifies relative planting density (RD), temporal niche
differentiation (TND), and relative height difference as key levers for optimizing intercropping
performance.We further unveil a predictable trade-off governed by asymmetric competition: targeted
manipulation of RD and TND can selectively benefit either taller or shorter species, providing
mechanistic insights into how interspecific dynamics shape intercropping success. This finding offers
a scalable and ecologically grounded pathway to increase global crop production without cropland
expansion, advancing sustainable agricultural intensification.

Intercropping, the simultaneous cultivationofmultiple cropswithin the same
field during overlapping growth periods1, holds transformative potential for
sustainable and resilient food systems. Yet, its performance is often unpre-
dictable. Studies report widely varying effects of intercropping on the overall
agronomic performance of the mixture2, with some leading to significant
yield gains, improved resource efficiency3, reduced environmental impacts3,4

and restored biodiversity5, while others report opposite outcomes6,7. This
variability reveals critical gaps in understanding interspecies interactions
across crops and environmental contexts, limiting the development of robust
and locally tailored intercropping strategies. Addressing these gaps is critical
tounlock the full potential of intercroppingandmeet21st-centuryagricultural
demands while minimizing environmental impacts.

Crop associations determine resource partitioning and competition8.
Geographic context shapes niche availability through edaphic and climatic

constraints3. Agronomic practices, such as fertilization, directly alter
resource competition, exemplified by nitrogen’s variable impact on maize-
legume yields9,10. A system-level approach integrating these interactions is
therefore crucial for predictive modeling and maximizing intercropping
performance. This requires rigorous statistical analyses of key system
indicators and characteristics5. Overlooking these contextual dependencies
undermines intercropping potential for sustainable agriculture and limits
the development of effective policies to harness its full benefits.

Functional traits distances -representing dissimilarity in species’
functional characteristics-offer thus promising framework for under-
standing intercropping variability by determining how species interact
within mixtures11,12. Divergence in traits like root depth, leaf area, and
canopy height shape species interactions, influencing competition and
facilitation for resources such as water, nutrients, and light11.
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Complementary root structures enable species to exploit different soil
niches, while variation in canopy architecture optimizes light capture,
reducing competition, and enhancing productivity13,14. Agronomic prac-
tices, such as planting density and timing, modulate these interactions, with
strategic management potentially reducing competitive pressures and
improving yield15.

Although farmers consider various factorswhen deciding to intercrop-
including pest and disease management and effects on succeeding crops-
yield relative to monocropping systems remains a central concern. This
practical concern is pivotal when assessing the feasibility of intercropping in
terms of market demands, end-use quality, and economic profitability,
which drive adoption rates and scaling of intercropping practices16. While
the Land Equivalent Ratio (LER) provides insights, the partial Land
Equivalent Ratio (pLER) better captures these dynamics17, but requires
careful consideration of crop associations, geographic context, and agro-
nomic practices3,18.

Here, we conducted a meta-analysis to quantify the global effect of
intercropping on pLER. Based on machine learning algorithms, we
identified the most influential explanatory variables among a wide range
of potential factors related to pedoclimatic conditions, management
practices, and crop characteristics. We then employed linear mixed
models to dissect the individual and interactive functional effects of these
key variables. Finally, we quantified the potential increase in global crop
production of the five most popular mixtures without changing their
respective areas. By shifting the focus from specific crop combinations to
the functional diversity of species, we uncovered how differences in eco-
logical niches of the species in the mixture drive variability in intercrop-
ping yields. Our extensive database, which included 2503 pairwise
comparisons and 4195 pLER values from 334 primary studies across 60
countries, provides a comprehensive foundation for analysis (Fig. 1).With
50% of the crop pairs being cereal-legume associations, and maize dom-
inating (e.g., maize-bean, maize-cowpea, and maize-soybean), our data-
base accurately reflects global agricultural cultivation patterns.
Additionally, it captures a diversity of cropping practices in intercropping
systems, including variations in density, fertilization, and timingof sowing

and harvesting—demonstrating the versatility of practices and the
potential that such diversity could support yield optimization under
various management scenarios. This approach refines our understanding
of the mechanisms underlying intercropping performance and delivers
actionable insights to farmers seeking to optimize yields in diverse
agroecological contexts

Results and discussion
Relative density and temporal niche differentiation shape inter-
cropping outcomes
Our global meta-analysis reveals that, on average, intercropping achieves a
partial LandEquivalentRatio (pLER) of 0.79 (95%bootstrapCIs: 0.76–0.82)
(Figs. 1 and 2a). Random-forest analysis identified Relative Density (RD),
Temporal Niche Differentiation (TND, i.e., differences in planting and
harvesting times among species) and relative height difference as the most
influential factors, which together accounted for 40% of the total variable
importance (Fig. 2b). Increasing RD from0.5 (50%ofmonocrop density) to
1 resulted in a 58% increase in pLER from 0.55 (CIs: 0.5-0.6) to 0.87 (CIs:
0.82–0.92), confirming that higher relative density generally enhances
intercrop relative yield19. Yet, increasing the density of one species often
leads to a reduction in the density of other species in the association19, as the
total plantdensity is ultimately constrainedby the available resources. Lower
optimal densities, often observed in intercropping compared to
monoculture20, are adirect result of balancing interspecific competitionwith
complementary resource acquisition strategies.

Increasing temporal niche differentiation from 0.5 to a 50% growth
period overlap—to 0.96—nearly distinct growth cycles—resulted in amean
pLER increase of 43%, from 0.44 (CIs: 0.34-0.52) to 0.63 (CIs: 0.43–0.82),
highlighting the increased availability of resources due to longer growing
seasons18. Yet, temporal niche differentiation is not always a flexible para-
meter; the local context, particularly the length of the growing season
(Supplementary Fig. 1), can impose strong constraints, limiting the extent to
which it can be managed. Complete temporal niche differentiation
(TND= 1), akin to approaching sequential cropping, reduces the synergistic
resource partitioning typical of relay intercropping (TND< 1), which has

Fig. 1 | Global distribution of experimental studies on the relative yield (pLER) of intercropping experiment.Green areas represent the percentage of cropland based on
Ramankutty et al.42.
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been shown to globally enhances light21 and nutrient use for higher yields22,
and can also improve soil fertility, water retention, and pest control.

Predominance of asymmetric competition in intercropping sys-
tems for light
Asymmetric competition plays a critical role in intercropping systems,
driven by the interplay of plant sizes, TND and RD (Fig. 3 and Supple-
mentary Table 1). Plant height significantly modulates the impact of RD on
pLER. Taller plants (height difference >0.5 m compared to their intercrop
species) exhibit a greater pLER response to increasing RD (slope = 0.82, CIs:
0.73–0.91, p-value < 0.001) compared to smaller plants (slope = 0.21, CIs:
0.11-0.31, p-value < 0.001) (Fig. 3a). Increasing RD from 50% to 100% of
monocropping density results in a 45% pLER increase for taller species and
only a 19% increase for smaller species (Fig. 3a). A relative density of 0.9 is
required to achieve a pLER of 1 for taller plants (TND at themean observed
value of 0.24), while this threshold is never reached for smaller plants
(Fig. 3a). This process, often described as ‘size-asymmetric competition'23,
can exacerbate yield disparities depending on species composition and
environmental context, by limiting available photosynthetically active
radiation, carbon assimilation and biomass allocation in suppressed plants.
This phenomenon is evident in maize-soybean systems, where maize
dominates light capture at the expense of soybean15, as well as in wheat-
chickpea intercropping, where wheat delays chickpea development and
reduces yield24.

TND also mitigates asymmetric competition, particularly benefiting
smaller plants, which showed a positive pLER response to increased TND
(slope = 0.46, CIs: 0.27–0.64, p-value < 0.001), benefiting from reduced
competition through temporal partitioning. Larger plants, conversely,
exhibit a negative pLER response to TND (Fig. 3b slope =−0.1, CIs:−0.28
to 0.08, p-value < 0.001), likely reflecting their pre-established competitive
dominance in the mixture. These results highlight the potential of strategic
temporal adjustments to mitigate size-based competition18. For example,
decreasing the co-growth duration in maize-soybean systems has been
shown to enhance soybean biomass accumulation and competitive resi-
lience, illustrating how strategic temporal adjustments can alleviate size-
based competition15. Similarly, adjusting planting schedules in wheat-
soybean intercrops optimizes resource capture by reducing overlapwith the
cereal crop25.

While plant height modulates the effects of both RD and TND, their
combined manipulation also offers a promising approach to reduce com-
petition and enhance resource use efficiency in intercropping systems. Low
TND significantly reduces pLER, especially at relative density below 1. The
pLER response to increasing RD is steeper under full temporal overlap
(slope = 0.64, CIs: 0.56–0.72, p-value < 0.001) compared to weak temporal
overlap (slope = 0.27, CIs: 0.11–0.43, p-value < 0.001) (Fig. 3c). At lower
relative densities, pLER is higher with weak temporal overlap. For example,
at RD = 0.5, pLER is 0.54 with full temporal overlap and 0.75 for weak
temporal overlap. However, at RD= 1, pLER values converge across TND
groups. The steeper pLER response to RD at low TND (slope = 0.64 vs. 0.27
for high TND) could reflect the limited capacity for phenotypic plasticity to
offset resource competition under high relative density. At lowerRD, plastic
adjustments in biomass allocation and morphology mitigate competitive
stresswhenTNDis low, i.e., full temporal overlap. In contrast, whenTND is
high, competition for resources is inherently reduced, limiting the sensitivity
of pLER to changes in RD. However, at high RD, resource availability
becomes the dominant limiting factor, constraining compensatory
responses and driving pLER convergence across TND levels. Thus, opti-
mizing vertical canopy stratification and pairing erectophile and planophile
leaf architectures, could minimize shading while maintaining light capture
even under low TND and high total relative density26.

Effective management of planting density, spatial arrangement, and
sowing timing can shift the balance from competition to facilitation. Low
TNDmay intensify competition, but species-specific adjustments can foster
positive interactions22, mitigating competitive stress. While Relative height
difference emerged as a major factor influencing pLER, it does not fully
capture the dynamic interactions between competition and facilitation
during crop development13. For instance, taller plants may initially dom-
inate light capture. This effect can be mitigated over time by belowground
complementarity27, hydraulic lift28, or phenological shifts11. These processes
help explainwhy systemswith species exhibiting different root architectures
or photosynthetic strategies tend to achievemore stable yields despite initial
competition29, indicating that strategies should thus be tailored to specific
crop types to maximize intercropping benefits. Using a Pareto front
approach, optimal combinations (i.e., TND and RD for each species within
the association) to maximize pLER for both species were identified (Fig. 4).
While an equal relative density (1:1, i.e. additive intercropping) seems

Fig. 2 | Distribution of partial Land Equivalent Ratio (pLER) and the importance
of moderating factors shaping it. aHistogram of relative yield (pLER). b Importance
of moderators in determining the yield change of the intercropping system. The dashed
line, solid red line and the shaded area in a represent pLER = 1, the mean effect size and

the 95% bootstrap confidence intervals for themean effect size. The numbers denote the
total observations with the numbers of studies in parenthesis. The relative importance in
(b) is quantified based on metaforest model and expressed as percentage relative to the
top variable ‘Relative Density’, which is set to 100%.

https://doi.org/10.1038/s44264-025-00110-z Article

npj Sustainable Agriculture | (2026)4:8 3

www.nature.com/npjsustainagric


optimal for maize-soybean systems, other crop associations followed an
augmentative pattern (total relative density between 1 and 2), where
increasing the relative density of one species required reducing that of the
other19. Consistent with previous research26, optimum relative densities for
cereals never fell below 0.52, whereas for legumes the optimum could be
lower, with faba bean reaching a relative density as low as 0.3 (Fig. 4).
Additionally, each association exhibited multiple optimal configurations
allowing for local adaptations based on environmental conditions (e.g.,
length of growing season) and production priorities.

Scaling up intercropping for increasing global food production
Partially converting monoculture land to full overlapping intercropping
systems (TND= 0), while optimizing relative density at the global scale,
results in scenarios where production increase for all species in the fivemost
frequent associations in our dataset. These increases ranged from+0.5 Mt
for wheat in the wheat-faba bean intercropping to+701.9 Mt for maize in
the maize-soybean intercropping (Fig. 5). The positive effects of inter-
cropping resulted in increasing maize, barley, and wheat production by

62.4% (maize-soybean), 6.3% (barley-pea), and 0.1% (wheat-faba bean)
respectively. These gains are far from negligible considering projected yield
declines due to climate change- particularly for maize, which may decrease
by up to 50% by the end of the century under the SSP585 scenario30. These
gains are also particularly relevant considering projections that global food
production will need to increase by approximately 70% by 2050 to ade-
quately feed the growing world population31.

Furthermore, these overall benefits are primarily driven by the
increased area allocated to intercropping (Supplementary Fig. 2), ranging
from 9.4 million hectares for the Wheat-Faba bean association to 250
million hectares for Maize-Soybean association (Fig. 5). This is combined
with near-unity pLER values for most cereals and lower, yet substantial,
values for legumes. In detail, the lowest increase is observed for theWheat-
Faba bean combination with a LER of 1.19 (with pLER-wheat = 0.73 and
pLER-faba bean = 0.46), and the highest for Maize-Soybean with a LER of
1.74 (with pLER-maize = 0.99 and pLER-soybean = 0.75) (Fig. 5).

Alleviating the constraints on full overlapping intercropping systems
(TND> 0), combinedwith varying relative density values, resulted in awin-

Fig. 3 | Relationship between the partial Land Equivalent Ratio (pLER) and the
main drivers of intercropping performance (height difference, TND and relative
density) including their interactions. Relationship between the pLER and the
relative density (a, b) and the temporal niche differentiation (b). Colored lines
represent the median response based on the best-fit linear mixed model in relation
to RD or TND for each height difference (a, b) or TND category (c). Shaded lines

indicate the 95% confidence intervals obtained via bootstrap. Example of inter-
pretation for Fig. 3a (the same interpretation scheme applies to Fig. 3b, c): For the
same mean TND of 0.24 and a relative density of 1, a crop with a relative height
difference below -0.5 (meaning that the plant is smaller than its associated species) is
predicted by our model to have a lower pLER than a crop with a relative height
difference above 0.5 (meaning that the plant is taller than its associated species.
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win scenario, leading to an overall increase in production (Supplementary
Fig. 3).While the overall production increase remains, this growth is slightly
lower for cereals in scenarios where practices prioritize the legumes (i.e.,
TND> 0 and higher relative density for legumes than for cereals) (Sup-
plementary Fig. 3). This pattern is consistent with previous results of cereal
competitive dominance with low TND. This highlights a flexibility that
enables farmers to tailor intercropping configurations to local contexts,
thereby supporting higher relative yields for legumes while still maintaining
overall production increases.

Our global meta-analysis reveals that ecologically optimized inter-
cropping offers substantial potential, boosting global cereal production by
up to 51% on existing land and contributing to future food demands.
However, association-specific partial Land Equivalent Ratios (pLERs)—
0.46 to 0.99 across major combinations—highlight the context-dependent
nature of yield benefits, necessitating a shift towards precision intercropping
strategies. Indeed, strategically optimizing relative planting density (RD)
and temporal niche differentiation (TND) consistently enhances pro-
ductivity across these key associations under various constraints. This
precision approach, informed by our quantitative framework linking
functional traits and management to predict intercropping outcomes,
provides a promising foundation for resilient and resource-efficient food
systems crucial for global food security.While our analysis centeredonyield,
assessing economic profitability and ecosystem service contributions will be
essential to fully evaluate thepotential of intercropping systems in the future.

Methods
Data collection: Identification of field experiments
To compile a comprehensive set of primary studies, we first identifiedmeta-
analyses that assessed intercropping effects on yield. In January 2024, we
conducted a comprehensive literature search to identify meta-analytical
studies or databases that analyzed the impact of intercropping on yield. The
search was performed using Web of Science with the following query:
(((TS= (“intercrop*”OR “mixed crop” OR “crop mixture” OR “mixed
cultivation” OR “cover crop*” OR “companion crop*”OR “mixed crop*”
OR “relay crop*” OR “interplanting”)) AND TS = (“yield” OR “pro-
duct”OR“harvest”)) AND TS = (“meta-analysis” OR “meta analysis” OR
“global analysis”OR “systematic review”). In addition to this search, we
included seven additional meta-analysis or databases identified through
manual literature review. An initial screening was conducted to exclude

narrative review and papers that did not specifically address the effect of
intercropping on yield. To avoid redundancy, a secondary screening step
was applied to exclude meta-analyses that re-analysed the same set of pri-
mary study; only the original meta-analysis was retained. Details of the data
collection process are outlined in supplementary fig. 4.

From the selected meta-analyses, we identified key agronomic and
environmental variables (referred to asmoderators) reported as influencing
yield outcomes in intercropping systems (supplementary Table 2). We
assigned a score to each reference, assessing the presence (score = 0) or
absence (score = 1) of moderating variables. The criteria for scoring and
detailed description are provided in the supplementary files. Higher scores
indicated absence inmoderator data; we retained references with the scores
below the median (see supplementary file). Finally, we checked the avail-
ability of each meta-analysis database; if a database was not freely available,
the corresponding authors were contacted. If no response was received after
onemonth and two follow-up reminders, the study was excluded. A total of
four studies6,7,18,32 met all the inclusion criteria.

An Excel data file was compiled using the available database from the
supplementary materials or repository provided by the authors, incorpor-
ating all primary data from this set of four meta-analyses. This dataset
presents 3421 observations (i.e., rows) from 408 primary studies. We con-
served information on allmoderators ormeta-data presented in the original
databases. Inclusion criteria for primary studies within these meta-analyses
were then applied based on the PICO-C framework: Population—annual
cultivated plants (excluding perennials, except when grown as annuals);
Intervention—intercropping with two plants; Comparator—monoculture;
Outcome—yield comparison between monoculture and intercropping for
at least one crop in the combination; and Context—all peer-reviewed sci-
entific articles, regardless of year or language. In the end, 2503 observations
from 334 primary studies were kept in our analysis.

Data collection: completion of the database for key agronomic
and environmental variables
For each observation, the data from the original databases were thoroughly
verified and correctedwhere necessary, leading to the correction of 117, 599
and 56 observations for nitrogen rate variable, density design and spatial
arrangement design, respectively. Missing data for selected moderators was
supplemented by referencing the primary studies. This process allowed for
the completion of a portion of the data for the variables (see Supplementary
Table 2). However, information remained unavailable for a percentage of
the observation-moderator combinations. To address this, GPS coordinates
were extracted (if missing) and used to retrieve the values of themoderators
from publicly accessible databases. Soil pH and soil organic carbon at six
different soil depths were obtained from the SoilGrids database at a reso-
lution of 250m. The value of soil organic matter was estimated by multi-
plying the soil organic carbon by a factor of 1.7233. TheWorldClim database
v 2.1 was used to derive cumulative rainfall and average temperature34,35.
Unlike previous studies6,36,37, we did not rely on average annual rainfall or
temperature values over the year but used the values over the crop cycle (i.e.
the total growth time of the intercropped plants). To obtain these time-
specific climatemetrics, the sowing/planting andharvesting dates of the two
intercropping plants were essential and were retrieved from the original
articles when available. In cases where sowing or harvesting were not spe-
cified, estimates were made using global cultivation calendar30 or the FAO
cultivation calendar (https://cropcalendar.apps.fao.org/#/home).

We also completed the database by linking the traits of the species for
eachobservationusing thePlantTraitDatabase (TRY) (https://www.try-db.
org/TryWeb/Home.php)38. We then calculated the relative trait distances
between continuous single traits of the two species in association, in parti-
cular plant height, leaf area and root depth, and multiple functional trait
distances. Functional distance was calculated using the Gower distance
(gowdis function from the FD R package), as it integrates both continuous
traits (maximum height, maximum root depth and leaf area) and binary
traits (C3 vs. C4 photosynthetic pathways and legume vs. non-legume)with
equal weighting for all traits.

Fig. 4 | The optimal relative densities of legumes as a function of those of cereals,
corresponding to the Pareto-optimal solutions for the five most common asso-
ciations in the dataset. The light blue area illustrates the possible space where the
optimal relative densities of both species correspond to an augmentative total
relative density (the sum of both densities between 1 and 2). The blue line represents
a total relative density sum of 1, while the yellow line represents a sum of 2.
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The relative distanceof continuous single traits between the two species
in association was calculated as follows:

Relative Height differencea ¼ Heighta � Heightb ð1Þ

RelativeLeaf area differencea ¼ Leaf areaa � Leaf areab ð2Þ

Relative Root depth differencea ¼ Root deptha � Root depthb ð3Þ

WithHeighta, Leaf areaa and Root deptha respectively the maximum
height, the leaf area and the maximum root depth for species a. A negative
value indicates that the plant has a lower trait value (leaf area, height, or root
depth) than the species it is associated with, and vice versa for a
positive value.

TheTemporalNicheDifferentiation (TND), theRelative SowingTime
(RST) and the Relative Density (RD), were also calculated according to the

formulas given in literature18,19 when they were missing:

TND ¼ Psystem � Poverlap

Psystem
ð4Þ

WithPoverlap the overlapping growth period of the intercropped species
and Psystem the total duration of the intercropped system. TND therefore
varies between 0 and 1 (never reaching 1 in this case, as that would indicate
double cropping). A TND of 0 means that both plants are sown and har-
vested at the same time.

RSTa ¼
Sa � Sb
Ha � Sa

ð5Þ

With Sa and Sb the sowing times for species a andb respectively andHa
the harvest time of species a. RST denotes the relative sowing time of species
a in relation to species b,meaning that anRSTof 0 indicates that bothplants
were sown at the same time, a negative RSTmeans that species bwas sown

Fig. 5 | Percentage change in crop production under one optimal intercropping
configuration (i.e., full temporal overlap, TND= 0, and optimal relative den-
sities- with cereal relative density always higher than that of the legume) as a
function of the proportion of current monoculture land converted to inter-
cropping. Total crop-specific land area remains constant. Dotted lines link crops
within the same intercrop association. Bold black numbers indicate production gains
(inMt) compared to the 2013-2023 FAO10-year average. Example of interpretation:

Among a possible combination of optimal RD solutions identified using the Pareto
front method (see Materials andMethods section), when the RD of faba bean = 0.29
and that of wheat = 0.74, the simulated pLER values obtained from ourmodel (Eq. 9,
Materials and Methods) are 0.73 for wheat and 0.46 for faba bean. If this combi-
nation (with these parameter values) were applied globally, it could lead to an
increase in wheat production of 5.7 Mt and in faba bean production of 38.8 Mt
relative to the 2013–2023 FAO 10-year average.
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before species a, and vice versa.

RDa ¼
dic;a
dmc;a

ð6Þ

Withdic;a anddmc;a thedensities of specieswithin the intercrop and the
monocrop system, respectively. The density of a species is defined as the
number of individuals of that species per unit area. It is generally provided
by the authors or can be determined based on the row or plant
arrangement39. The Total Relative Density is simply obtained by summing
up the relative densities of the two intercropped species. When this value
equals 1, it is referred to as a substitutive (or replacement) design; when it
falls between 1 and 2, it is considered an augmentative design; and when it
equals 2, it is classified as an additive design.

Finally, we verified the data using descriptive statistics (Supplementary
Table 3). Thedistributionof each continuous variablewas plotted to identify
potential outliers. Any extreme value was either (i) corrected if it was an
error, or (ii) retained if present as it was in the original article.

Data analysis: calculation of mean effect size
To evaluate the effect of intercropping on crop yields, the partial land
equivalent ratio (relative yield) was used and calculated as follows:

pLER ¼ Yic

Ymc
ð7Þ

Where Yic and Ymc represent yield of a species i in intercropped and
monocropped systems, respectively. Observations were excluded when the
yield values for intercropping ormonocroppingwere zero, indicating either
crop failure or experimental error.

Data in meta-analyses are typically weighted using the inverse of their
variance. However, this information is insufficiently reported in the dataset.
Instead, the number of experimental replications was used to weight each
observation:

Weight ¼ Nt ×Nc

� �

Nt þ Nc

� � ð8Þ

WhereWeight is the weight associated with each observation, and Nt and
Nc are the number of replicates for the intercropping and monocropping
system treatments, respectively. If the number of replicates was not pro-
vided, it was assumed as 3.

Data analysis: identification of main moderators
To identify key moderators influencing intercropping yield, we employed a
multi-step approach. First, we conducted a pairwise correlation analysis to
mitigate potential multicollinearity issues. Moderators with correlation
coefficients (Person’ r) below0.7were retained,while highly correlated pairs
(r ≥ 0.7) were reduced to a single representative variable based on inter-
pretability and agronomic relevance. We visualized the correlation matrix
using the corrplot and ggplot2packages inR (Supplementary Fig. 5). Second,
we performed an exploratory search for relevant moderators (Supplemen-
tary Table 2) using the R packageMetaforest, a machine-learning approach
based on random forests40. A preselection step was applied using the pre-
select function, where a recursive algorithm with 10,000 iterations and 100
replications was used to assess variable importance. Variables with con-
sistently negative importance were excluded, and those with positive
importance were retained for further analysis. Next, we tunned the para-
meters of Metaforest using the train function from the caret package
focusing on theminimumnode size and the number of features selected for
splitting nodes. The optimal model was selected based on the root mean
square error (RMSE) from the 10-fold cross-validation resulting in a cross-
validatedR²of 0.35 andanout-of-bag (OOB)R²of 0.76.Thefinalmodel had
aminimumnode sizeof 5, and a randomly selected numberof features set at

3 for node splitting. Finally, the relative importance of the retained mod-
erators was assessed using the varImp function.

From these analyses, we found that the intercropping effect was pre-
dominantly explained by the relative density (RD), the temporal niche
differentiation (TND) and the relative height difference (H) over a broad
range of diverse crop associations, pedo-climatic and agricultural man-
agement factors. Intercropping effect was thus modeled as follows:

pLER ¼ β0 þ β1 � RDþ β2 � TNDþ β3 � RD×TNDð Þ
þβ4 � RD×Hð Þ þ β5 � TND×Hð Þ þ πstudy þ ε

ð9Þ

Where β0, πstudy, and ε are the mean effects, the random estimation
error associated with the study, and sampling error, respectively. This
linear mixed effect model (LMM) was fitted using the lme4 package. To
address the hierarchical data structure, we tested multiple random effect
configurations and ultimately retained themodel with random effects due
solely to study-level variability, selecting it based on the lowest Akaike
Information Criterion (AIC)40 (Supplementary Table 4). As shown in Eq.
9, we did not include the full model containing all three key explanatory
variables identified earlier and their interactions due to concerns about
multicollinearity. Instead, we selected the model with the lowest Akaike
Information Criterion (AIC), calculated using the dredge function
(MuMIn package in R) for all possible combinations of explanatory
variables (fixed effects) identified through the RandomForest analysis. To
ensure the robustness of the final model (Eq. 9), multicollinearity was
checked by calculating the variance inflation factor (VIF) using the vif
function (car package in R), verifying that the maximum VIF did not
exceed a threshold of 1041,42 (Supplementary Fig. 6).

Confidence intervals for the fitted coefficients of the final LMM (Eq. 9
and Supplementary Table 1) were calculated using a bootstrapping tech-
nique to ensure robust interval estimation and because the LMM violated
the assumption of normality of model residuals. The procedure involved
resampling the datawith replacement and refitting themodel for each of the
resampled datasets. A total of 1000 bootstrap iterations were conducted
using the bootMer function (lme4 package), resulting in 95% confidence
intervals for each predictor. All data analyses were performed in R.4.3.2.

Practical application of the model for scaling up intercropping
Thefivemost frequent species associations in our dataset were identified, all
of which were cereal-legume associations. A full sampling of parameter
combinations (TND, relative density of species a and b)was generated using
the range of observed values by species within each association. To do this,
we employed the chull function from the grDevices package and the poin-
t.in.polygon function from the sp package, which verifies whether a set of
points falls within a given polygon.

The partial Land Equivalent Ratio (pLER) for each species was com-
puted for each parameter combination using the previously established
model (Eq. 9). The Pareto-optimal combinations of parameters (TND,
relative density of species a andb)were then identified for each speciesbased
on these pLER.Among these optimal solutions,we selected the combination
that yielded the smallest possible TND (TND= 0 or TND= 0.18 for the
Wheat-Faba bean association) to align as closely as possible with conven-
tional intercropping practices typically employed by farmers. We also
selected the highest relative density for the cereal species to promote cereal
production, which is generally the fastest-growing sector in the 2050 sce-
narios and is at the core of current food security policies.

For harvested area, yield, and production data at the current period, we
extracted and averaged over a 10-year period (2013–2023) FAOSTAT data
on each species.

For this optimal solution, new production levels were estimated
under the assumption that the cropland area of one species in the asso-
ciation is maximized in intercropping (the legume here, due to its smaller
area), while maintaining the actual total cultivated area. The cultivated
area was adjusted to account for both monoculture and intercropped
surfaces, with relative density values determining the land share (LSa or
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LSb), representing the proportion of the intercropped area occupied by
each species. The area in intercrop (AIC) was calculated using the fol-
lowing relation:

Aic ¼
Amc;a;FAO

LSa
ð10Þ

Where Amc;a;FAO represents 100% of the FAO-cultivated area, assuming
that the intercropped area is maximized for legumes (i.e., total
conversion of the current area). We assumed that the FAO data for
the cultivated area is entirely in monoculture. The relationship LSa þ
LSb ¼ 1 holds, and the constraint Aic ≤Amc;a;FAO þ Amc;b;FAO is applied.
Thus, we computed:

Amc;b ¼ Amc;b;FAO � Aic × LSb ð11Þ

The yield in intercropping was recalculated using the calculated pLER
values and monoculture yield data from FAOSTAT. The yield in inter-
cropping Yic;a for species “a” was calculated as:

Yic;a ¼ Ymc;a;FAO × pLERa ð12Þ

where Ymc;a;FAO is the yield from FAOSTAT, pLERa is the pLER calculated
using ourmodel (Eq. 9), and the optimal parameters identified and selected
previously. The total production Pa was then computed as:

Pa ¼ Yic;a ×Aic þ Ymc;a;FAO ×Amc;a ð13Þ

where Yic;a is the intercropping yield (Eq. 12), Aic is the total area in
intercropping, and Amc;a is the new monoculture area of species “a”
(similarly calculated for species “b,” the cereal). Finally, to assess the gain in
production due to intercropping, we calculated the percentage change for
each species in each association relative to the baseline production data
provided by FAOSTAT.

Data availability
All raw data used in this manuscript are publicly available in the cited
references. Additionally, the data supporting the findings of this study are
available in the supplementary files.

Code availability
The underlying code for this study is not publicly available butmay bemade
available to qualified researchers on reasonable request from the corre-
sponding author.
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