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Many experiments have shown that biodiversity enhances ecosystem functioning. However, we have little understanding of
how environmental heterogeneity shapes the effect of diversity on ecosystem functioning and to what extent this diversity
effect is mediated by variation in species richness or species turnover. This knowledge is crucial to scaling up the results of
experiments from local to regional scales. Here we quantify the diversity effect and its components—that is, the contributions of variation in species richness and species turnover—for 22 ecosystem functions of microorganisms, plants and animals
across 13 major ecosystem types on Mt Kilimanjaro, Tanzania. Environmental heterogeneity across ecosystem types on average
increased the diversity effect from explaining 49% to 72% of the variation in ecosystem functions. In contrast to our expectation, the diversity effect was more strongly mediated by variation in species richness than by species turnover. Our findings
reveal that environmental heterogeneity strengthens the relationship between biodiversity and ecosystem functioning and
that species richness is a stronger driver of ecosystem functioning than species turnover. Based on a broad range of taxa and
ecosystem functions in a non-experimental system, these results are in line with predictions from biodiversity experiments and
emphasize that conserving biodiversity is essential for maintaining ecosystem functioning.

O

ver the past few decades, hundreds of biodiversity experiments have accumulated evidence that species richness
enhances ecosystem functioning1–3. However, it remains
uncertain to what extent these effects are relevant in naturally
assembled communities and at large spatial scales4–7. This uncertainty stems from the fact that, unlike real ecological communities,
experimental communities are established in homogeneous environments at small spatial scales to minimize the influence of confounding factors6; they are typically assembled randomly to isolate
the effects of species richness from those of species identity7–15; and
experiments allow processes that operate within communities (for
example, local niche partitioning and competition)16 but eliminate
processes that operate between communities (that is, metacommunity assembly processes, such as species sorting or dispersal)14,15. It
therefore remains unknown how community assembly processes
alter the relationship between biodiversity and ecosystem functioning in heterogeneous environments4–6, and which aspects of
diversity shape ecosystem functioning in naturally assembled communities. This has limited the transfer of the results of biodiversity

experiments from local to regional scales, which are most relevant
to management and conservation4,6.
Environmental heterogeneity (that is, the spatial or temporal
variability in local environmental conditions) plays a critical role
in community assembly processes5,6,17–19. On the one hand, local
environmental conditions set upper limits to the number of species that can coexist locally20,21. Environmental heterogeneity may
therefore increase the variation in species richness between localities if it increases the variation between localities in those environmental factors that limit local species coexistence. On the other
hand, environmental heterogeneity may increase species turnover,
because species differ in their niche requirements so that different species thrive in different environments (sensu ‘species sorting’ in metacommunity theory)6,18. Across broad environmental
gradients, the effects of species sorting on species turnover are
expected to increase more strongly than variation in factors that
limit local species coexistence6. Variation in ecosystem functioning
in heterogeneous environments might therefore be more strongly
driven by species turnover than by variation in species richness. Yet,
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Results

Quantifying the effect of diversity on ecosystem functioning.
Our framework can be applied to any ecosystem function comprising the summed functional contributions of individual species
(Fig. 1), which is the case for standing biomass stocks and most
ecosystem processes1 (but see Bell et al.29). The framework builds
on the assumption that variation in ecosystem functioning between
communities can arise from three proximate mechanisms: (1) variation in species richness, (2) species turnover or (3) a change in the
functional contributions of species that are shared between communities (for example, due to variation in abundance or individual
performance; Fig. 1). We combine a variant of the Price equation
from evolutionary biology14,30 with the concept of β-diversity22,23 to
quantify the relative contributions of these mechanisms to variation
in ecosystem functioning (Methods). Notably, our framework generalizes previous approaches14,30, as it can be applied to any pair of
communities regardless of whether they have species in common,
so that the contribution of diversity to variation in ecosystem functioning can be quantified across broad environmental gradients
with complete species turnover.
The framework is based on a community matrix F (n × s)
describing the contribution of s species from a regional species pool
to a given ecosystem function at n study sites (hereafter referred to
as communities; Fig. 1). This requires the contribution of each species to a given ecosystem function (for example, biomass stocks
or process rates) to be known or approximated from data on species’ relative abundances. On the basis of matrix F, we first quantify the relative contribution of diversity due to variation in species
richness and species turnover to the variation in ecosystem functioning between communities (hereafter, the diversity effect). The
metric ranges between zero and one, and it equals zero if all variation in ecosystem functioning between communities results from
variation in the functional contributions of the same shared species between communities (Fig. 1c). Conversely, the metric equals
one if all variation in ecosystem functioning arises from the combined effects of variation in species richness and species turnover
(Fig. 1a,b). To disentangle whether the diversity effect is driven
by variation in species richness or species turnover, we partition
the variation in species composition between communities (that
is, β-diversity) into variation due to differences in species richness
and species turnover and relate both components to the diversity
effect (Methods)22,23.
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disentangling the effects of variation in species richness and species
turnover on ecosystem functioning in naturally assembled communities represents a methodological challenge7,13,14, because there is a
lack of analytical frameworks capable of dealing with complete species turnover across broad environmental gradients.
To fill this gap, we introduce a framework to study the contributions of these aspects of diversity to variation in ecosystem functioning in non-experimental settings. In particular, our framework
allows us to quantify the variation in ecosystem functioning resulting from variation in species richness and species turnover (the
two fundamental components of β-diversity; Fig. 1)22,23. We use
this framework to assess to what extent environmental heterogeneity alters the effects of variation in species richness and species
turnover on ecosystem functioning across various taxa and functions. First, we test whether the diversity effect (that is, the combined effects of variation in species richness and species turnover on
ecosystem functioning) is related to environmental heterogeneity.
Second, we test whether the diversity effect is primarily mediated by
variation in species richness or by species turnover. We hypothesize
that (1) the effect of diversity on ecosystem functioning increases
with environmental heterogeneity6,20,24,25 and that (2) this increase
is driven by increased species turnover rather than by variation in
species richness in heterogeneous environments5,6,26–28.
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Fig. 1 | Quantifying the effect of diversity on ecosystem functioning.
a–c, Illustration of the three proximate mechanisms underlying variation
in ecosystem functioning between communities. Variation in the level
of ecosystem functioning between two communities may arise due to
variation in species richness (a), species turnover (b) or changes in
the functional contributions of those species that are shared between
communities (for example, due to variation in abundance or individual
performance) (c). In each case, the matrix F (n × s) describes the functional
contribution of s species (here s1 and s2) to ecosystem functioning (fn)
in n communities (here n1 and n2). The approach therefore requires that
the ecosystem function of interest comprises the summed functional
contributions of individual species. Circle size depicts the magnitude of
species’ functional contributions to ecosystem functioning in
each community.

Application to naturally assembled communities. We applied this
framework to a set of 22 ecosystem functions controlled by microorganisms, plants and animals. Fourteen of these functions were
related to biomass stocks of diverse taxa, and eight functions were
related to process rates such as pollination, brood parasitism or litter decomposition (Fig. 2a,b). For all of these functions, we quantified species-specific contributions to ecosystem functioning at up
to 60 study sites that were distributed across 13 ecosystem types
along a broad 3.7 km elevational gradient (850–4,550 m above sea
level (a.s.l.)) on the southern slopes of Mt Kilimanjaro, Tanzania
(Extended Data Figs. 1 and 2; Methods)31,32. For 5 of the 22 functions without direct estimates of species-specific functional contributions, we approximated species-specific contributions in each
community on the basis of relative abundances (or biomass) of the
species (Methods). For these functions, we therefore assumed that
the functional contribution of a species in a given community was
proportional to its relative abundance (or biomass)33,34. Importantly,
all of the 22 functions were positively related to species richness,
and this relationship was significant in 19 of the 22 functions
(explained variation across functions: r2 = 0.42 ± 0.23 (mean ± s.d.),
range = 0.01–0.75; Extended Data Fig. 3).
To test our initial hypotheses, we quantified for each function
the contribution of diversity to variation in ecosystem functioning on the basis of comparisons between communities within the
same ecosystem type and contrasted this with comparisons across
ecosystem types. This means that we compared the diversity effect
between short (within ecosystem types) and long environmental
gradients (across ecosystem types). This resulted in 43 estimates of
the diversity effect across the 22 functions (n = 21 within and n = 22
across ecosystem types; Fig. 2a,b and Extended Data Fig. 4). In addition, we quantified environmental heterogeneity within and across
ecosystem types as the average environmental distance between
study sites on the basis of a combination of 11 variables related to
climatic conditions (mean annual temperature, mean annual precipitation and relative humidity), land use (biomass removal, agricultural inputs and landscape composition) and soil properties

Nature Ecology & Evolution | VOL 5 | December 2021 | 1582–1593 | www.nature.com/natecolevol

1583

Articles

NaTurE EcOlOgy & EvOluTIOn
95% CI / CrI
50% CI / CrI
Median
Function

Number of
ecosystem types

n

Heterogeneity
Low (within ecosystem types)
High (across ecosystem types)

Observed

Effect size (95% CI / CrI)

a Biomass stocks
Springtails

10

49
49

0.13 (0.071, 0.19)
0.21 (0.15, 0.26)

Microorganisms

12

12

0.25 (0.21, 0.3)

Fruit bats

5

24
24

0.28 (0.17, 0.37)
0.5 (0.43, 0.6)

Insectivorous bats

12

53
54

0.26 (0.2, 0.32)
0.61 (0.57, 0.64)

Bees

12

53
53

0.26 (0.21, 0.31)
0.62 (0.57, 0.67)

Birds

12

59
59

0.29 (0.19, 0.59)
0.91 (0.89, 0.93)

Woody plants (fine roots)

9

34
35

0.53 (0.42, 0.61)
0.82 (0.78, 0.87)

Woody plants (aboveground)

10

40
41

0.5 (0.37, 0.62)
0.89 (0.85, 0.92)

Ants

7

31
32

0.7 (0.49, 0.78)
0.86 (0.75, 0.9)

Dung beetles

8

30
32

0.73 (0.61, 0.83)
0.9 (0.87, 0.93)

Moths

12

53
54

0.82 (0.75, 0.88)
0.93 (0.91, 0.95)

Aculeate wasps

11

40
40

0.79 (0.68, 0.88)
0.96 (0.95, 0.98)

Parasitoid wasps

12

60
60

0.79 (0.74, 0.9)
0.96 (0.95, 0.97)

Terrestrial mammals

13

59
59

0.95 (0.7, 0.97)
0.96 (0.9, 0.98)

Litter decomposition (microorganisms)

12

55
55

0.17 (0.13, 0.2)
0.26 (0.24, 0.28)

Seed dispersal (birds)

10

46
46

0.33 (0.25, 0.43)
0.69 (0.64, 0.73)

Brood parasitism (insects)

5

24
24

0.52 (0.44, 0.62)
0.58 (0.51, 0.66)

Pollination (insects)

12

12
21

0.46 (0.27, 0.61)
0.72 (0.64, 0.79)

Fine root production (woody plants)

8

24
26

0.46 (0.39, 0.53)
0.76 (0.7, 0.83)

Pollination (birds)

11

38
38

0.49 (0.37, 0.57)
0.78 (0.74, 0.81)

Resource use (ants)

7

31
32

0.67 (0.58, 0.77)
0.8 (0.75, 0.85)

Dung decomposition (dung beetles)

8

28
30

0.61 (0.48, 0.77)
0.88 (0.85, 0.91)

21
22

0.49 (0.39, 0.59)
0.72 (0.63, 0.82)

b Process rates

c Mean (Structural equation model)

0

0.5
1
Contribution of diversity to
variation in ecosystem functioning

Fig. 2 | Effect of diversity on ecosystem functioning within and across ecosystem types. a,b, Diversity effects within and across ecosystem
types are based on 14 functions related to biomass stocks (a) and 8 functions related to rates of ecosystem processes (b). In a and b, the medians
and 50% and 95% confidence intervals (CIs) of the effect sizes are based on bootstrap subsampling without replacement (Methods). The observed
estimates are based on the full sample of study sites. The sample sizes (n) in a and b indicate the number of study sites on which the estimates of the
diversity effect were based. In a and b, ecosystem functions are ordered by the magnitude of the diversity effect (smallest to largest). c, The diversity
effects for comparisons within and across ecosystem types as estimated by the Bayesian hierarchical structural equation model are given (medians
and 50% and 95% credible intervals (CrIs); see Methods for details). The sample sizes in c indicate the number of effect sizes within and across
ecosystem types, respectively. The diversity effect ranges between 0 (all variation in ecosystem functioning arises from variation in the functional
contributions of the same shared species) and 1 (all variation in ecosystem functioning arises from variation in species richness and species turnover).
Note that the within-ecosystem comparison for biomass stocks of microorganisms is missing because data were available for only one replicate per
ecosystem type.

1584

Nature Ecology & Evolution | VOL 5 | December 2021 | 1582–1593 | www.nature.com/natecolevol

Articles

NaTurE EcOlOgy & EvOluTIOn
a

r m2

r c2

R

0.27

0.71

T

0.04

0.71

Y

0.7

0.94

b

β-diversity components
θR → Y
θT → Y

Variation in
species richness (R )

0

1.7

0.62

c
Environmental
−0.21
heterogeneity (H )

0

0.29

Diversity
effect (Y )

2

Environmental heterogeneity
Total effect
θH → R → Y

1.1
Species
turnover (T )

1
Effect size

θH → T → Y
PPPSRMR = 0.46

θH → Y
0

1

2

Effect size

Fig. 3 | Environmental heterogeneity controls the effect of diversity on ecosystem functioning. a, Topology of the Bayesian hierarchical structural
equation model with the strongest support. The figure shows the direct effects of environmental heterogeneity (H) on the contribution of diversity to
variation in ecosystem functioning (that is, the diversity effect, Y) and the indirect effects that were mediated by variation in species richness (R) and
species turnover (T). The solid paths were supported by the Bayesian variable selection, whereas the dotted path was not (Table 1 and Extended Data
Fig. 7). The grey double-headed arrow depicts a covariance term that accounts for correlated errors due to common unmeasured sources of variance.
The explained variance for each endogenous variable is denoted by rm2 (marginal variance explained by fixed effects) and rc2 (conditional variance
explained by fixed and random effects). Posterior predictive P values based on standardized root mean square residuals (PPPSRMR) close to 0.5 indicate
close fit of the model to the covariance structure of the data. b, Estimated effects of variation in species richness and species turnover on the contribution
of diversity to variation in ecosystem functioning. c, Estimated total effect size (purple) of environmental heterogeneity, as well as the direct (grey) and
indirect species-richness-mediated and turnover-mediated effects (blue and green, respectively). The effect sizes (θ) reflect the expected change in the
response variable for a 1% change in the predictor variable (for example, θR→Y = 1.7 means that an increase of 10% in variation in species richness causes
an increase of 17% in the diversity effect). The data in b and c are medians (circles), as well as 50% and 95% CrIs based on the posterior distribution of
the estimated model parameters (thick and thin lines, respectively). The sample size is n = 43 diversity effects (n = 21 within and n = 22 across ecosystem
types, respectively).

(organic carbon, pH, C/N ratio, N/P ratio and available water capacity; Methods). Environmental heterogeneity in terms of the selected
variables increased with the number of ecosystem types (r2 = 0.98;
Extended Data Fig. 5) and was on average 2.6 ± 0.44 (mean ± s.d.)
times higher across than within ecosystem types (Extended Data
Fig. 6a). To quantify the effect of environmental heterogeneity on
the contribution of diversity to variation in ecosystem functioning,
we used a Bayesian hierarchical structural equation model with a
stochastic variable selection procedure (Fig. 3a, Extended Data
Fig. 7 and Methods). This model allowed us to quantify the direct
effect of environmental heterogeneity, as well as the indirect effects
that were mediated by variation in species richness and species
turnover (Table 1 and Fig. 3b,c).
Consistent with our first hypothesis, the model revealed that the
effect of diversity on ecosystem functioning increased from 49%
to 72% as environmental heterogeneity increased (2ln(Bayes factor) = 14 (hereafter 2lnBF), decisive support; Table 1 and Fig. 2c).
This indicates that increasing environmental heterogeneity by considering multiple instead of single ecosystem types increased the
contribution of diversity to variation in ecosystem functioning and
decreased the effects of variation in the functional contributions of
the same shared species between communities. The model further
revealed that the contribution of diversity to variation in ecosystem functioning was strongly related to both variation in species
richness and species turnover (Table 1, Fig. 3b and Extended Data
Fig. 8). However, in contrast to our second hypothesis, the effect
of variation in species richness was stronger than the effect of species turnover (effect size comparison: θR→Y > θT→Y, 2lnBF = 11, decisive support; Table 1 and Fig. 3b). In addition, the increase in the

diversity effect with environmental heterogeneity was almost
exclusively mediated by variation in species richness, whereas species turnover was of minor importance (effect size comparison:
θH→R→Y > θH→T→Y, 2lnBF = 8.5, strong support; Table 1 and Fig. 3c).
The fact that ecosystem functioning was more strongly related to
variation in species richness than to species turnover is remarkable
because species turnover along the elevational gradient was consistently larger than variation in species richness across the 22 ecosystem functions (average species turnover of 47% versus average
variation in species richness of 38%; paired t-test: t = 2.85, n = 22,
P < 0.01; Extended Data Fig. 4).
These results were robust to the exclusion of those functions
(5 out of 22) for which we had only indirect estimates of speciesspecific contributions to ecosystem functioning (Extended Data
Fig. 9). The results also remained unaffected when we excluded
study sites with disproportionately low or high levels of ecosystem functioning (Extended Data Fig. 9) and when we analysed the
data from natural and anthropogenic ecosystem types separately
(Extended Data Fig. 9). Finally, we also assessed to what extent our
conclusions were affected by the potentially confounding effects of
variation in environmental factors along the elevational gradient
(for example, climatic conditions or soil properties). To do so, we
calculated the diversity effect sizes on the basis of the residuals from
the linear or nonlinear elevational trends in the ecosystem functions
(deviance explained by elevation across functions: r2dev = 0.33 ± 0.21
(mean ± s.d.), range = 0.05–0.77; Extended Data Fig. 10 and
Methods). Accounting for elevational trends in ecosystem functioning only reduced the average contribution of diversity to variation
in ecosystem functioning across ecosystem types from 72% to 69%
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(paired t-test: t = −2.45, n = 22, P = 0.023). Importantly, our main
conclusions regarding the role of environmental heterogeneity and
the relative importance of variation in species richness and species
turnover remained unchanged (Extended Data Fig. 9).

Discussion

Our findings have three major implications. First, we discovered
that increasing the length of environmental gradients by considering multiple instead of single ecosystem types increases the strength
of the relationship between biodiversity and ecosystem functioning. These results go beyond previous observational studies that
have investigated diversity–productivity relationships in grassland,
savannah and forest ecosystems20,24,25 by showing that, regardless
of trophic level or type of ecosystem function, environmental heterogeneity strengthens the relationship between species richness
and ecosystem functioning across broad environmental gradients.
Our results therefore suggest that the relationship between species richness and ecosystem functioning may be generally stronger
at the landscape scale than at smaller scales. The importance of
landscape-scale diversity for ecosystem functioning may be particularly pronounced on tropical mountains, given their extraordinary
biological and cultural diversity and small-scale mosaic of different
ecosystem types35. In turn, our results indicate that environmental
homogenization weakens the relationship between species richness and ecosystem functioning. In the case of our study region,
this is particularly alarming, as there is an ongoing and accelerating
homogenization of landscapes due to land grabbing and land-use
intensification in sub-Saharan Africa36,37. Maintaining the integrity
and functionality of ecosystems in the Kilimanjaro region therefore
calls for policies that support localized agricultural practices (such
as traditional agroforestry systems38–41) by integrating traditional
knowledge42, strengthening local institutions and empowering local
stakeholders43. Such management strategies can help counteract
landscape homogenization by promoting a fine-grained mosaic of
diverse ecosystem types, thus sustaining high levels of landscape
heterogeneity. This could benefit both biodiversity and people by
promoting the long-standing diversity of ecosystems on tropical
mountains, its associated biocultural diversity35 and a multitude of
key contributions of nature to people44–47.
Second, our analysis shows that, despite high species turnover,
the contribution of diversity to variation in ecosystem functioning along the elevational gradient was more strongly related to
variation in species richness than to species turnover. This result
is unexpected because previous studies have suggested that species
turnover is the main factor determining the effect of diversity on
ecosystem functioning in heterogeneous environments5,26–28,48. Our
findings suggest that assembly mechanisms that shape local species richness can be more important for the relationship between
biodiversity and ecosystem functioning in heterogeneous environments than other assembly mechanisms, such as species sorting17,18.
Accordingly, variation in ecosystem functioning across the elevational gradient of Mt Kilimanjaro may be primarily related to environmental factors that control local species coexistence via niche
availability and partitioning16,18,19. A previous study has shown that
the cross-taxon species richness along the elevational gradient of Mt
Kilimanjaro is primarily controlled by mean annual temperature31.
This suggests that temperature-driven mechanisms that enhance
local species coexistence (for instance, via improved resource-use
efficiency and reduced metabolic costs in warm environments49,50)
may be one driver of ecosystem functioning along broad environmental gradients. Similar mechanisms may also shape other highly
diverse ecosystems on tropical mountains that are characterized by
steep temperature gradients51.
Third, our results indicate that the high variability reported
for the relationship between biodiversity and ecosystem functioning in previous observational studies13 might be partly related to
1586

variability in the degree of environmental heterogeneity. In the
context of our study system, the large contribution of diversity
to variation in ecosystem functioning is most likely related to the
broad range of environmental conditions and to the high diversity
of ecosystem types on Mt Kilimanjaro. The strong increase in the
contribution of diversity to variation in ecosystem functioning with
environmental heterogeneity demonstrates that this factor needs
to be considered to upscale the relationship between biodiversity
and ecosystem functioning from small-scale experiments to real
landscapes. Nevertheless, a key limitation of our correlative analysis
is that we cannot disentangle the causal direction of the studied
relationships between biodiversity and ecosystem functioning.
Thus, even though our findings based on a broad range of taxa and
ecosystem functions in naturally assembled communities are in
line with experiments1, we are limited in identifying the underlying
mechanisms. However, previous work in non-experimental systems indicates that, regardless of spatial scale, both causal directions
are equally likely24 and that strong feedbacks exist between species
richness, ecosystem functioning and environmental conditions
(for example, climate or resource availability)20. Assessing how these
feedbacks shape the relationship between biodiversity and ecosystem functioning from local to global scales remains a frontier for
future research.

Conclusion

Our analyses reveal that environmental heterogeneity strengthens
the effect of diversity on ecosystem functioning and that species
richness seems to be more strongly related to ecosystem functioning than species turnover in this non-experimental system. These
results imply that environmental homogenization can fundamentally weaken the relationship between biodiversity and ecosystem
functioning and that maintaining the functionality of ecosystems
requires the promotion of species-rich ecological communities.

Methods

Study area. We conducted the study on the southern and southeastern slopes
of Mt Kilimanjaro (Tanzania, East Africa; 2° 45′–3° 25′ S, 37° 00′–37° 43′ E)32. Mt
Kilimanjaro rises from the lowland at an elevation of 700 m a.s.l. to a snow-capped
summit at an elevation of 5,895 m a.s.l. The mean annual temperature decreases
with a lapse rate of ~0.87 °C per 100 m at elevations below 2,200 m a.s.l. and with
a lapse rate of ~0.42 °C per 100 m at higher elevations (Extended Data Fig. 1)32,52,53.
The mean annual precipitation shows an unimodal relationship with elevation
and peaks in the forest belt at an elevation of ~2,200 m a.s.l. (Extended Data
Fig. 1)32,52,53. Moreover, precipitation is characterized by a main rainy season
occurring from March through May and more variable short rains around
November32,52,53. Owing to the long history of human settlement in the Kilimanjaro
region, natural ecosystems in the lowlands have been subject to various forms
of land use and associated disturbance regimes including fire, logging and
agroforestry practices52,53. Ecosystems above 2,700 m a.s.l. have been protected as
a national park since 1973 (Mt Kilimanjaro National Park), while the ecosystems
above 1,800 m a.s.l. were included in the national park in 2006 (ref. 32).
Study design. We collected data on a total of 71 study sites along five elevational
transects (pairwise distance, 20.7 ± 11.7 km (mean ± s.d.); range, 0.13–54 km)32.
The study sites comprise six near-natural and seven anthropogenic ecosystem
types: savannah (n = 6) and maize fields (n = 6) at elevations from 850 to 1,150 m
a.s.l.; lower montane forest (n = 6), traditional homegarden agroforestry systems
(n = 5), coffee plantations (n = 6) and grassland (n = 7) at elevations from 1,150 to
2,100 m a.s.l.; natural (n = 5) and disturbed Ocotea forest (n = 5) at elevations from
2,150 to 2,750 m a.s.l.; natural (n = 5) and disturbed Podocarpus forest (n = 5) at
elevations from 2,750 to 3,000 m a.s.l.; natural (n = 4) and disturbed Erica forest
(n = 6) at elevations from 3,400 to 4,000 m a.s.l.; and alpine Helichrysum vegetation
(n = 5) at elevations from 3,850 to 4,550 m a.s.l. Detailed descriptions of the
vegetation and land-use types on Mt Kilimanjaro are given in previous work32,52,53.
Environmental variables. The methods to quantify the environmental variables
used in the present study have been described in detail in previous work32,53,54. Here
we provide a brief summary with reference to the relevant studies.
Climate variables. We used mean annual temperature, mean annual precipitation
and relative humidity to quantify climatic conditions at the study sites53,54. To do so,
we installed combined temperature and humidity sensors ~2 m above the ground
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Table 1 | Environmental heterogeneity increases the effect of diversity on ecosystem functioning via variation in species richness and
species turnover
Pathway

Effect size (95% CrI)

2lnBF

Proposed interpretation

14

Environmental heterogeneity causes an overall increase in the
diversity effect on ecosystem functioning

−3.3

The effect of environmental heterogeneity on the diversity
effect is entirely mediated by variation in species richness and
species turnover

16

Variation in species richness primarily mediates diversity
effects on ecosystem functioning in heterogeneous
environments

Environmental heterogeneity
Total effect: θH→Y + θH→R→Y + θH→T→Y
Direct effect: θH→Y

Effect via variation in species richness: θH→R→Y

1.3 (0.96, 1.7)
0 (−0.41, 0.016)

1.0 (0.63, 1.5)

Effect via species turnover: θH→T→Y

0.32 (0, 0.64)

5.7

Species turnover is less important than variation in species
richness for diversity effects on ecosystem functioning in
heterogeneous environments

Contrast of indirect effects: θH→R→Y versus
θH→T→Y

0.72 (0.093, 1.5)

8.5

Environmental factors promoting local species coexistence are
more important for variation in ecosystem functioning than
species sorting

β-diversity components
Variation in species richness: θR→Y

1.7 (1.4, 2.1)

15

Variation in species richness strongly contributes to variation in
ecosystem functioning

Species turnover: θT→Y

1.1 (0.79, 1.5)

14

Species turnover strongly contributes to variation in ecosystem
functioning

0.55 (0.13, 1.0)

11

Variation in species richness is more important for variation in
ecosystem functioning than species turnover

Contrast of direct effects: θR→Y versus θT→Y

The table shows effect sizes (θ) estimated by the Bayesian hierarchical structural equation model (medians and 95% CrIs based on the posterior distribution of the estimated model parameters), 2lnBF as
a measure of evidence for a given effect, and the proposed interpretation of the effects. The effect sizes reflect the expected change in the response variable for a 1% change in the predictor variable (for
example, θR→Y = 1.7 means that an increase of 10% in variation in species richness causes an increase of 17% in the diversity effect). Values of 2lnBF less than 2 indicate no support, values between 2 and 6
indicate positive support, values between 6 and 10 indicate strong support, and values above 10 indicate decisive support.

at all study sites32. The sensors measured temperature and humidity in 5 min
intervals for ~2 years. We calculated mean annual temperature (°C) and relative
humidity (%) as the average of all measurements per study site32. We interpolated
mean annual precipitation (mm yr−1) across the study area using a co-kriging
approach based on a 15-year dataset from a network of about 70 rain gauges on Mt
Kilimanjaro31,32,54.
Land-use variables. We used biomass removal, agricultural inputs and landscape
composition to quantify the land-use intensity at and around the study sites32.
For each study site, we calculated the annual removal of plant biomass by taking
the average of standardized estimates of ploughing, mowing, cattle grazing, fire
events, logging and firewood collection32. We estimated ploughing on an ordinal
scale (no ploughing, ploughing by hand and ploughing with a tractor)32. All other
variables were expressed as the percentage of the standing biomass removed per
year. We estimated agricultural inputs for each study site by taking the average
of standardized estimates of irrigation, fertilization, insecticide, fungicide and
herbicide treatments32. For these variables, we used an ordinal scale (no to very low,
medium or high input)32. We measured landscape composition as the proportion
of the landscape with agriculturally managed habitats within a 1.5 km radius of
the study sites32. The classification into natural and managed habitats was based
on a land-cover classification of the Kilimanjaro region that identified 27 different
habitat types in the study area (18 natural and 9 managed habitat types)32.
Soil variables. We used organic carbon, pH, C/N ratio, N/P ratio and available
water capacity to characterize soil properties32. To quantify organic carbon, we
sampled surface litter and soil at depths of 0 to 5 cm at five locations per study
site32. We air-dried material from both layers before further processing. We sieved
the soil (2 mm mesh) before grinding it with a mixer mill (MM200, Retsch)32. To
determine elemental C (that is, organic carbon), we analysed all samples using
continuous-flow isotope ratio mass spectrometry with a dry combustion elemental
analyser (Costech International) fitted with a zero-blank autosampler coupled to
a ThermoFinnigan DeltaPlus-XL32. We averaged the individual values for soil and
litter for each study site32.
To quantify soil pH, C/N ratios and N/P ratios, we took soil samples from soil
pits on a horizon basis and in 10 cm intervals using a standard soil auger32. We
sieved the soil samples (2 mm mesh) to remove roots and plant materials. We then
dried the samples at 105 °C for 24 h and ground them for further analysis32. We
analysed the total C and N contents of the soil samples using an automated dry
combustion C:N analyser (Vario EL, Elementar) at 950 °C (ref. 32). We analysed the

total P content using inductively coupled plasma optical emission spectrometry
(Spectro Analytical Instruments) after preparative pressure digestion (HNO3
digestion)32. We measured soil pH in a KCl solution (1 M, 1:2.5) using a pH
electrode32. For each study site, we averaged the estimates for the horizons and
10 cm intervals across soil depths of 0 to 50 cm.
To quantify available water capacity, we took soil samples using soil sampling
rings (100 cm3) from different horizons along the soil profile at 12 of the study
sites and from the topsoil of 5 additional study sites32. We used these soil samples
to measure the water retention at different matric potential levels (pF)32. We
then estimated water retention curves using the van Genuchten equation55 and
calculated the available water capacity (in mm) per horizon as the water content at
pF 4.2 minus the water content at pF 1.8 (ref. 32). We calculated the total available
water capacity by summing the available water capacity of the individual horizons
down to 100 cm, or until bedrock was reached32. In addition, we took bulk soil
samples either from individual horizons of the soil profiles or from soil auger
samples at different depth intervals down to at least 50 cm (or until bedrock was
reached) at all study sites32. For these soil samples, we measured soil organic
carbon, cation exchange capacity and base saturation. We then used these variables
together with the habitat type as predictor variables in a random forest model to
predict the available water capacity for all other soil samples (r2 = 0.88; root mean
square error, 4.93)32. We then calculated the total available water capacity in the
same way as for the measured samples32.
Data on ecosystem functions. Our approach requires information about the
actual contribution of each species to ecosystem functioning in each community.
For 17 of the 22 functions, we had direct estimates of species-specific functional
contributions in each community. For the 5 functions for which direct estimates
of species-specific functional contributions were not available (that is, for fine root
biomass of woody plants, fine root production, biomass of microorganisms, litter
decomposition and dung decomposition), we used site-level data on ecosystem
functioning (that is, aggregate values of ecosystem functions for each community)
and allocated portions of the total ecosystem function in a given community
proportional to the relative abundances or biomass of the species in that
community. We thus assumed for these functions that the functional contribution
of a species was proportional to its relative abundance or biomass in a given
community33,34.
Biomass stocks. For springtails, ants, bees, parasitoid wasps, non-bee and non-ant
aculeate wasps, moths, dung beetles, birds, insectivorous bats, fruit bats and large
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terrestrial mammals, we calculated species biomass stocks at each study
site by combining data on species abundances at each study site with data on
species per capita mass. Data on species abundances at the study sites were
recorded using standardized approaches with taxon-specific sampling methods,
which have been described in previous studies31,32,56. We derived species-specific
estimates of per capita mass for birds, insectivorous bats, fruit bats and large
terrestrial mammals from the literature57–59. For dung beetles, we directly
measured species-specific per capita mass of all species using a precision scale.
We derived species-specific estimates of per capita mass for ants, bees, aculeate
wasps, parasitoid wasps, moths and springtails by applying allometric equations to
morphometric measures. For ants we used head length60, for bees the intertegular
distance61–63, and for the two wasp groups, moths and springtails the total
body length of specimens (excluding the ovipositor/sting of wasps)64 as
morphometric target measures. Morphometric measurements were taken
from up to ten randomly selected individuals per species using a binocular
microscope with a calibrated ocular micrometre62. The individual biomass
calculated by using allometric equations closely fits the true biomass determined
with a precision scale60–64.
For woody plants, we estimated species-specific aboveground biomass stocks
at each study site by applying pantropical allometric equations to measures of
plant height, diameter at breast height and wood density, which were taken
for all woody plant individuals at the study sites (that is, trees and shrubs)65.
We included all shrub (diameter at breast height < 10 cm) and tree (diameter
at breast height ≥ 10 cm) individuals that were taller than 1.3 m and calculated
species-specific aboveground biomass stocks by summing individual biomass
estimates for each species at each study site65. Because aboveground and
belowground biomass of woody plants follow a close isometric relationship at
the individual and community levels66, we estimated species-specific fine root
biomass stocks of woody plants (<2 mm in diameter) by allocating the total fine
root biomass at each study site proportional to the relative aboveground biomass
of each species at each study site. We estimated the total fine root biomass of
woody plants at each study site by analysing 10 to 15 randomly distributed soil
cores (3.5 cm in diameter and 40 cm in depth) and differentiating living from
dead fine roots32.
We quantified the total microbial biomass at each study site from the upper
10 cm of the soil67. Likewise, soil microorganisms (including Bacteria and Archaea)
were sampled at each study site from the upper 10 cm of the soil (a detailed
description is given in a previous publication)32. We assumed that read frequencies
reflect the relative abundances of each molecular operational taxonomic unit
(hereafter referred to as species)32. We estimated the species-specific contribution
to the total microbial biomass (mg cm−3) by allocating the total microbial biomass
proportional to the relative abundances of the species at each study site.
The total biomass stocks were given by the sum of the species-specific biomass
estimates of each study site.
Process rates. Process-specific protocols were used to measure seed dispersal by
birds, pollination by birds, pollination by insects, brood parasitism by insects,
resource use by ants, litter decomposition by microorganisms, dung decomposition
by dung beetles and fine root production of woody plants.
We recorded data on seed dispersal and pollination by birds as well as
pollination and brood parasitism by insects using standardized approaches that
have been described in previous studies32,68. In brief, we studied seed dispersal and
pollination by birds by monitoring bird–fruit and bird–flower interactions on a
plot of 30 m × 100 m at each site. We sampled each site once over four consecutive
days for a total of 25 h (ref. 68). We observed birds using binoculars to record
interactions with fruiting and flowering plants. We recorded the number of visits
of each bird species to each fruiting or flowering plant species and recorded their
behaviour68. On the basis of the bird–fruit and bird–flower interaction data,
we calculated species-specific contributions to seed dispersal and pollination
as the number of visits to all fruiting and flowering plants by each bird species,
considering only visits that were classified as legitimate seed removal or pollination
events—that is, swallowing or carrying away of fruits from mother plants, as well
as pollen uptake.
We studied pollination by insects by repeatedly monitoring insect–flower
interactions on a plot of 100 m × 100 m at 19 study sites68,69. During each sampling
round at a given study site, we conducted a four-hour transect walk during which
we moved slowly through the vegetation and recorded each interaction in which
an insect touched the reproductive part of a plant species (herbaceous plants
and bushes up to 9 m tall)68,69. We thus assumed that all flower-visiting insects
contribute to pollination. We restricted our sampling to major groups of pollinators
(including Apiformes, the paraphyletic group of non-bee aculeates, Symphyta
and Syrphidae)68,69. We excluded other Diptera from the analyses, for which
identification below the family level was not feasible. On the basis of the insect–
flower interaction data, we calculated species-specific contributions to pollination
as the number of visits to all flowering plants by each insect species, considering
only visits of insects that touched plant reproductive organs. Because the sites were
monitored multiple times, we calculated all derived variables on the basis of the
individual transect walks and then averaged the values across the transect walks
for each site.
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We studied parasitism of host insects (bees and wasps) by parasitic insects by
repeatedly monitoring standardized trap nests at 24 study sites over a period of 14
months70. At each study site, we installed eight trap nests arranged in four pairs
that were placed 140 cm above the ground. At study sites with trees, we installed
two pairs of traps in the lower canopy (up to ~25 m high) and two pairs above the
ground70. We built trap nests with a mixture of ~120 internodes of common reed
(Phragmites australis) and Japanese knotweed (Fallopia japonica) with diameters
of 2–25 mm and lengths of 20 cm (ref. 70). We used glue to prevent ants from
plundering the nests. We controlled the trap nests monthly and replaced occupied
nests with new internodes. We closed occupied internodes with metal nets and
placed them in a hatching box on the study site. To record parasitism rates, we cut
open the internodes in the laboratory after hatching70. On the basis of the parasite–
host interaction data, we calculated species-specific contributions to parasitism as
the number of brood cells that were attacked by each parasite species. Because the
sites were monitored multiple times, we calculated all derived variables on the
basis of the monthly samples and then averaged the values across the samples
for each site.
We studied resource use by ants by using bait experiments71. At each study
site, we placed thirty 50 ml Falcon tubes that were filled with 10 ml of a nutrient
solution (sugar, sugar–protein, protein, water, salt and oil; five replicates per
nutrient) along three 50 m transects at ground level. After two hours, we collected
the baits and recorded the number of individuals of each ant species at each bait71.
On the basis of the ant occurrence at the baits, we calculated species-specific
contributions to resource use as the proportion of baits detected by each ant
species. When more than one ant species was recorded at a bait, we allocated
the species-specific contributions to resource use in proportion to the relative
abundance of the respective ant species at that bait.
We studied litter decomposition rates by using standardized litter bags with
dried maize straw (10 cm × 15 cm, 20 µm × 20 µm mesh size, 5 ± 0.05 g maize husks,
three bags per study site), which were placed at each study site and collected after
69 to 86 days32. We dried and processed the leaves following protocols described in
previous work32. For logistic reasons, bags at lower elevations were partly exposed
longer than bags at higher elevations32. To account for these differences, we
calculated decomposition rates per day. Decomposition rates (k) were calculated as
k = −ln(mLOI / mOAF) / t, where mLOI is the weight after loss-on-ignition, mOAF is the
original ash-free weight and t is the number of days the bags have been exposed32.
We averaged the decomposition rates per study site. As we did not have direct
measures of species-specific contributions to litter decomposition, we estimated
the specific contribution of each microbial species to decomposition at each site on
the basis of the relative abundance (approximated from read frequencies) of each
species at each site (see the paragraph on microbial biomass under ‘Biomass stocks’
for additional details).
We studied dung decomposition rates by placing 750 g of fresh cow dung
(ca. 120 g dry weight) at each study site in two different seasons32,56. After 15 days,
the remaining dung was collected, dried at 72 °C for one week and weighed.
Analogous to litter decomposition rates, dung decomposition rates were calculated
for each study site as k = −ln(mremaining / moriginal) / t, where mremaining is the remaining
dry weight, moriginal is the original dry weight and t is the number of days the dung
has been exposed. We averaged the decomposition rates per study site. As we did not
have direct measures of species-specific contributions to dung decomposition, we
estimated the specific contribution of each dung beetle species to decomposition at
each site on the basis of the relative biomass of each species at each site.
We studied the fine root production of woody plants with the ingrowth core
approach. Ten soil ingrowth cores per study site were installed to 40 cm depth.
After extraction of the soil with a soil core sampling device 3.5 cm in diameter, we
manually removed all visible roots and refilled the holes with the original root-free
soil with care to keep soil conditions as natural as possible, and we resampled after
one year. Fine roots were extracted in the laboratory, sorted into live and dead
biomass and dried at 70 °C for 48 hours. We calculated fine root production as
ingrown fine root mass (living and dead) divided by the length of time between
the start of recolonization and harvest. We extrapolated these values to one year
to obtain an estimate of annual fine root production (Mg ha−1 yr−1). As we did not
have direct measures of species-specific contributions to fine root production,
we estimated species-specific fine root production of woody plants by allocating
the total fine root production at each study site proportional to the relative
aboveground biomass of each species at each study site.
Quantifying the effect of diversity on ecosystem functioning. The framework to
quantify the contribution of diversity to variation in ecosystem functioning builds
on a community matrix F (n × s), which describes the contribution of s species to
a given ecosystem function at n study sites (hereafter referred to as communities).
Each element fij of matrix F describes the contribution of species j to a given
ecosystem function at study site i. Furthermore, let P (n × s) be a binary matrix with
the same dimensions as F in which element pij = 1 if fij > 0 and pij = 0 otherwise.
Matrix P represents a species incidence matrix. We denote the complement of
the species incidence matrix P as Q = 1 − P. Therefore, qij = 1 if fij = 0 and qij = 0
otherwise. Furthermore, we denote the sum of P and Q as O = P + Q. Thus, in
matrix O all elements oij = 1. The total difference in the magnitude of a given
ecosystem function between a pair of communities i and j is then given by element
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∆fij of the n × n square matrix ∆F = FOT − OFT. The difference in the magnitude
of a given ecosystem function between two communities i and j that arises from
changes in the functional contributions of species that are shared between both
communities is given by element ∆sij of the n × n square matrix ∆S = FPT − PFT.
Finally, the difference in the magnitude of a given ecosystem function between two
communities i and j that arises from the combined effects of variation in species
richness and species turnover between communities is given by element ∆dij of the
n × n square matrix ∆D = FQT − QFT. It follows that:
Δfij = Δdij + Δsij

R=

(1)

All three components in equation (1) have the dimension of the respective
ecosystem function and an expected value of zero under the null hypothesis of no
overall difference in function between communities i and j (∆fij = 0), no difference
in function due to variation in species richness and species turnover (∆dij = 0) or
no difference in function due to variation in the functional contributions of shared
species (∆sij = 0). Consequently, all three components can equally be positive or
negative, and there is a potential for diversity and shared species components
to cancel each other, resulting in a net difference in function of zero. Note that
equation (1) is equivalent to the ‘community-assembly-decomposition’ of the
Price equation in Bannar-Martin et al.14. However, this formulation overcomes
the limitations of previous approaches14,30, as it allows for comparisons between
communities, regardless of whether these communities have species in
common. This is a prerequisite to study the contribution of diversity to
variation in ecosystem functioning across broad environmental gradients with
complete species turnover.
On the basis of equation (1), we can quantify the relative contribution of
diversity to variation in ecosystem functioning between communities (that is, the
diversity effect) as72:

n 

i<j Δdij
Y =  
(2)




n 
Δdij  + n Δsij 
i<j

β=

i<j

where |∆dij| and |∆sij| are the absolute values of ∆dij and ∆sij, respectively. We use
absolute values, because we are interested in the absolute differences between
communities and not whether community i has a higher value than j or vice
versa. In addition, ∆dij and ∆sij can take negative and positive values, and simply
taking the mean of these values would obscure the overall contribution of both
components. The diversity effect is a unitless metric that ranges between 0 and 1.
The diversity effect equals 0 if all variation in ecosystem functioning between
communities arises from variation in the functional contributions of those species
that are shared between communities (that is, due to differences in abundance or
individual performance of shared species; Fig. 1c). Conversely, the diversity effect
equals 1 if all variation in ecosystem functioning arises from the combined effects
of variation in species richness and species turnover between communities (Fig. 1a,b).
The shared species effect Z is the exact complement of the diversity effect (that is,
Z = 1 − Y).
Note that variation in the functional contributions of shared species between
communities in terms of biomass can be due to variation in abundance or
individual performance. We expected that in organisms with low phenotypic
plasticity in individual body mass (for example, animals), variation in the
functional contributions of shared species between communities would be mainly
driven by variation in abundance, whereas in organisms with high phenotypic
plasticity (for example, plants), variation in the functional contributions of shared
species between communities can be due to variation in abundance or individual
performance or both. In our case, the only two functions for which data on
biomass were resolved at the individual level were dung beetle biomass (and
implicitly decomposition by dung beetles) and woody plant aboveground biomass
(and implicitly fine root biomass and fine root production). Our measure of the
shared species effect thus relates to changes in species abundance in the majority of
the studied ecosystem functions.
Quantifying variation in species richness and turnover. To disentangle whether
the contribution of diversity to variation in ecosystem functioning between
n communities is driven by variation in species richness, species turnover
or both, we continue with the above notation and partition the variation in
species composition (β) into variation due to differences in species richness (R)
and due to species turnover (T) between the n communities22,23. The species
richness and turnover components form a true partition of the total variation in
species composition23 so that β = R + T. To estimate the total variation in species
composition and its two components, we use the Jaccard index, which can be
calculated on the basis of the species incidence matrix P and its complement Q. For
a given pair of communities i and j, the number of species that are shared between
both communities is given by element aij of the n × n matrix A = PPT, the number
of species that are unique to community i is given by element bij of the n × n matrix
B = PQT and the number of species that are unique to community j is given by
element cij of the n × n matrix C = QPT. On the basis of this set of equations, the
total variation in species composition (β), the richness component (R) and the
turnover component (T) can be written as:

T=

n
∑

bij + cij
aij + bij + cij

(3)



bij − cij 
aij + bij + cij

(4)

(
)
n
∑
2min bij , cij
n (n − 1) i<j aij + bij + cij

(5)

2

n (n − 1)
2

n ( n − 1)

i<j
n

i<j

2

Quantifying environmental heterogeneity. We quantified environmental
heterogeneity on the basis of a combination of 11 variables related to climatic
conditions (mean annual temperature, mean annual precipitation and relative
humidity), land use (biomass removal, agricultural inputs and landscape
composition) and soil properties (organic carbon, pH, C/N ratio, N/P ratio
and available water capacity). To do so, we first calculated the environmental
distance between sites using the Gower distance based on the combination of all
environmental variables. The Gower distance between two sites i and j equals the
mean difference in environmental conditions across variables after standardization
of the variables by their ranges,


n
xik − xjk 
1
dij =
,
n
(max xk − min xk )
k=1

where n is the number of included environmental variables, and xik and xjk are the
values of environmental variable k on study sites i and j. The Gower distance has
desirable properties to quantify environmental distance on the basis of multiple
environmental variables, because it is less sensitive to extreme values than the
Euclidean distance. Moreover, the standardization of the environmental variables
by their ranges results in an equal contribution of the variables to the distance
and yields an empirical maximum value of the distance function that equals
one. This facilitates the interpretation of the metric. Because the data for some
environmental variables were missing for some study sites, we calculated the
pairwise distances by applying a pairwise deletion of missing observations. We
defined environmental heterogeneity (H) as the mean environmental distance
across the n study sites,
H=

2

n (n − 1)

n
∑
i<j

dij .

The multivariate index of environmental heterogeneity was largely insensitive to
the exclusion of single environmental variables (Extended Data Fig. 6).
Statistical analysis. We quantified the diversity effect separately for each of the
22 ecosystem functions. To assess the role of environmental heterogeneity, we
quantified the diversity effect on the basis of comparisons between communities
within the same ecosystem type (that is, within each of the ecosystem types) and
between all communities across the ecosystem types covered by the elevational
gradient (that is, across ecosystem types; Extended Data Fig. 4). Likewise, we
calculated the richness and turnover components of β-diversity (that is, R and T)
separately for each of the 22 ecosystem functions on the basis of comparisons
between communities within and across ecosystem types (Extended Data Fig. 4).
To obtain a measure of uncertainty for the estimate of the diversity effect, we
used a bootstrap procedure, in which we resampled a subset of 80% of the
communities without replacement (n = 1,000 replicates) following Manly73. We
did not sample with replacement, because duplication of samples is not useful in a
dissimilarity context (the dissimilarity of a sample with itself is zero). We applied
the resampling procedure to each of the 22 ecosystem functions and calculated
the medians, as well as the 50% and 95% CIs. Finally, we calculated environmental
heterogeneity (H) separately for each of the 22 ecosystem functions on the basis
of comparisons between communities within and across ecosystem types
(Extended Data Fig. 6).
We analysed the effect of diversity on variation in each of the ecosystem
functions using a Bayesian hierarchical structural equation model (Supplementary
Note 1). In this structural equation model, we treated environmental heterogeneity
(H) as an exogenous variable. We treated the species richness and turnover
components of β-diversity (R and T, respectively) as well as the diversity effect (Y)
as endogenous variables (Fig. 3a). The model included all potential direct effects
of H on R and T, as well as on Y. Moreover, the model included the effects of R
and T on Y. We also included a covariance term between R and T to account for
correlated errors due to common unmeasured sources of variance. To account
for the non-independence between the pairs of diversity effect sizes for each
ecosystem function (within and across ecosystem types), we included the identity
of each function as a random factor in the model (nfunctions = 22). In particular, the
model that we developed contained three submodels, one for each of the three
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endogenous response variables. In its most general form, the model can be
written as:
∑
μil = αl +
θ jl Xijl + fk[i]l
j

(6)

)
(
αl ∼ Normal 0, 104

(7)

)
(
fkl ∼ Normal 0, σ 2fl

(8)

σ 2fl ∼ Scaled inverse gamma (s, d.f.)

(9)

where μil is the expected value of the ith observation of response variable l, αl is the
intercept, Xl is a matrix with fixed effects and an associated vector of parameters
θl, and fkl is a random effect for the kth ecosystem function, which is normally
distributed around 0 with variance σ 2fl . We used an uninformative normal prior with
a variance of 104 for the intercept α. For the variance of the random effect, we used
a weakly informative scaled inverse gamma prior74 with scale s = 1 and two degrees
of freedom (d.f. = 2), which for the standard deviation follows a half-t distribution,
. To account for the fact that variation in species richness (R) and species
σ f ∼ st+
d.f.
turnover (T) are potentially correlated, we modelled these response variables with
a multivariate normal distribution around μil and residual covariance Σε:
yil ∼ Normal ( μil , Σε )

(10)

Σε ∼ Scaled inverse Wishart (s, d.f.)

(11)

where Σε is a 2 × 2 variance–covariance matrix. We used a non-informative scaled
inverse Wishart prior75 with scale si = 1 and d.f. = 2. This prior follows a half-t
distribution for the residual standard deviation, σ ii ∼ st+
, and has a marginal
d.f.
uniform prior distribution for the correlation parameter ρij. We modelled the
diversity effect (Y) with a normal distribution around μi and residual variance σ 2ε .
Again, we used a weakly informative scaled inverse gamma prior with scale s = 1
and d.f. = 2 for the residual variance of Y:
)
(
yi ∼ Normal μi , σ 2ε
(12)
σ 2ε ∼ Scaled inverse gamma (s, d.f.)

(13)

To separate informative from non-informative paths, we used a Bayesian
indicator variable selection with global adaptation68,76,77. Indicator variable
selection combines the effect size βj with an indicator variable Ij to denote whether
the regression parameters θj are in the model or not (where Ij = 1 indicates
presence and Ij = 0 indicates absence of covariate j in the model). We then set
θj = Ijβj assuming that the indicators and effects are independent a priori, so
P(Ij,βj) = P(Ij)P(βj), and place independent priors on each Ij and βj68,76,77:
(
)
P Ij = 1 ∼ Bernoulli (0.5)
(14)




β j  Ij = 1 ∼ Normal 0, σ 2β

(15)

σ 2β ∼ Scaled inverse gamma (s, d.f.)

(16)

We set the prior inclusion probability P(Ij = 1) to 0.5. The effect sizes βj were
sampled from a normal distribution with 𝜇β = 0 and variance σ 2β . As for the other
variance parameters, we used a weakly informative scaled inverse gamma prior
with scale s = 1 and d.f. = 2 for σ 2β . This form of global adaptation has the advantage
of facilitating the tuning of the variable selection, because the distribution of
each θj is shrunk towards the correct region of the parameter space by the other
parameters in the vector of regression coefficients θ in the model76.
To facilitate model convergence and the variable selection, we scaled all
variables to zero mean and unit variance. However, we back-transformed the
coefficients for the presentation of the results78, because all variables have
theoretical ranges between 0 and 1. The estimated path coefficients θj therefore
reflect the expected change in the response variable for a 1% change in the
predictor variable (for example, θR→Y = 1.7 means that an increase of 10% in
variation in species richness causes an increase of 17% in the diversity effect).
We used the posterior distribution of the model parameters to predict the
effect of diversity on ecosystem functioning for the mean observed environmental
heterogeneity for comparisons within and across ecosystem types (mean:
Hwithin = 0.14 versus Hacross = 0.31). To test whether the effects of environmental
heterogeneity on the contribution of diversity to variation in ecosystem functioning
are mediated by variation in species richness or species turnover, we quantified
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the direct effect of environmental heterogeneity on the diversity effect, as well
as the indirect effects that were mediated by variation in species richness and
species turnover. We calculated indirect effects as the product of path coefficients
leading to the diversity effect. For instance, the indirect effect of environmental
heterogeneity on the diversity effect via variation in species richness is calculated
as θH→R→Y = θH→R × θR→Y. To assess whether variation in species richness or species
turnover had a stronger effect on the contribution of diversity to variation in
ecosystem functioning, we also directly compared their effects using contrasts (that
is, θH→R→Y versus θH→T→Y and θR→Y versus θT→Y).
We used Bayes factors (BFs) as a measure of evidence for a given effect76,79. We
calculated BFs as the degree of shift in prior beliefs about a given effect, which can
be calculated by dividing posterior odds by prior odds:
(
)
Pposterior / 1 − Pposterior
Posterior odds
(
) .
BF =
=
Prior odds
Pprior / 1 − Pprior
For single paths, we calculated the prior odds on the basis of the prior selection
probability of each path (that is, Pprior = 0.5). For indirect effects involving two
paths, we calculated the prior odds on the basis of the product of the prior selection
probabilities of the respective paths (that is, Pprior = 0.5 × 0.5 = 0.25). Following
Kass and Raftery79, we 2ln(x)-transformed the BF values. Values of 2lnBF less than
2 indicate no support, values between 2 and 6 indicate positive support, values
between 6 and 10 indicate strong support, and values greater than 10 indicate
decisive support.
We used posterior predictive checks to assess the global fit of the model to
the data80. As a measure of global model fit, we computed a posterior predictive P
value (PPP) that compares the observed standardized root mean squared residuals
(SRMR) based on the observed and the model-implied covariance matrices to
SRMR generated from the posterior predictive distribution of the model80.
Values of PPPSRMR close to 0.5 indicate that the model fits the observed
covariance matrix, while values close to 0 or 1 indicate the opposite80. We
report the marginal variance, rm2, that is explained by the fixed factors, as
well as the conditional variance, rc2, that is explained by the fixed and random
factors combined as measures of local fit81,82. In addition, we provide partial
residual plots for visual inspection of model fit (Extended Data Fig. 8). Finally,
we provide median estimates along with 50% and 95% CrIs for all estimates as
measures of uncertainty.
All analyses were conducted in R (version 4.0.3)83. Gower distances for environ
mental heterogeneity were calculated using the vegan package (version 2.5-7)84.
The Bayesian model was implemented in JAGS (version 4.3)85 and run in R through
the rjags package (version 4-10)86. We ran eight parallel chains for the model.
The initial values for the chains were drawn randomly from the prior distributions
of the stochastic variables using the LaplacesDemon package (version 16.1.4)87.
Each chain was run for 135,000 iterations with an adaptive burn-in phase of 10,000
iterations and a thinning interval of 100 iterations, resulting in 1,250 samples per
chain, corresponding to 10,000 samples from the posterior distribution. The chains
were checked for convergence, temporal autocorrelation and effective sample size
using the coda package (version 0.19-4)88. The residuals were checked for normality
and variance homogeneity. We provide a complete summary of the model output
in Extended Data Fig. 7. The structural equation model was visualized using the
qgraph package (version 1.6.5)89.
Sensitivity analyses. We performed several sensitivity analyses to assess the
robustness of our results. First, we assessed whether our conclusions are robust
to the inclusion or exclusion of functions for which we did not have direct
estimates of species-specific contributions to ecosystem functioning. To do
so, we re-analysed the data after excluding those functions for which only
indirect estimates of species-specific contributions were available (5 of 22
functions). Second, we assessed whether our conclusions are robust to the
presence of outliers in the data for each ecosystem function. To do so, we
re-analysed the data after excluding study sites with disproportionately
high or low levels of ecosystem functions that might affect the estimates of the
diversity effect. In particular, we removed for each function those study sites for
which values of ecosystem functioning fell outside 1.5 times the interquartile
range. Third, we assessed whether our conclusions are robust to the pooling of
natural and anthropogenic ecosystem types by analysing the data from natural
and anthropogenic ecosystem types separately. Fourth, we assessed to what
extent our conclusions are affected by the potentially confounding effects of
variation in environmental factors along the elevational gradient (for example,
climate or soil conditions). To do so, we statistically modelled the linear or
nonlinear elevational trends in the ecosystem functions with generalized
additive models with a thin plate spline and second-order penalty m = 2 using
the R package mgcv (version 1.8-33)90. To avoid overfitting, we set the basis
dimension to k = 5 if n > 40 and to k = 4 otherwise. For the two functions for
which the sites were monitored multiple times (insect pollination and brood
parasitism), we included study site as a random factor smooth term in the
models. We then detrended the ecosystem functions by calculating the residuals
from the fitted elevational trends (Extended Data Fig. 10) and calculated the
diversity effect sizes on the basis of the residuals of these models. All of these
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sensitivity analyses led to the same conclusions as presented in the main text
(Extended Data Fig. 9).
Sampling completeness. We assessed the taxonomic sampling completeness for
each of the 22 ecosystem functions at three different sampling grains—that is,
at the level of study sites, at the level of ecosystem types (study sites pooled by
ecosystem type) and at the level of the entire mountain (all study sites pooled).
For each function, we estimated taxonomic sample coverage91 at each sampling
grain on the basis of species abundances as the proportion of the total number of
individuals that belong to the species represented in the sample (Extended Data
Fig. 2). We estimated sample coverage83 using the R package iNEXT (version
2.0.20)92. For the vast majority of functions, the taxonomic sample coverage was
extremely high at all three sampling grains, with a mean sample coverage across
functions of 90 ± 15% (mean ± s.d.) at the site level, 94 ± 12% at the ecosystem level
and 97 ± 7.5% at the mountain level. We achieved a sample coverage above 80%
for 19 of 22 functions at the site level, 19 of 22 functions at the ecosystem level and
20 of 22 functions at the mountain level. The three taxa with the lowest coverage
were aculeate wasps (65%, 57% and 72% at the site, ecosystem and mountain levels,
respectively), parasitoid wasps (49%, 67% and 78%, respectively) and moths (58%,
73% and 90%, respectively).
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The data that support the findings of this study are available in Figshare93 with the
identifier https://doi.org/10.6084/m9.figshare.14544207.

Code availability

The computer code of the analyses is available in Figshare93 with the identifier
https://doi.org/10.6084/m9.figshare.14544207. The JAGS code for the Bayesian
hierarchical structural equation model is also given in Supplementary Note 1.
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Extended Data Fig. 1 | The environmental gradients covered by the 71 study sites on Mt Kilimanjaro, Tanzania. a, Elevational distribution of the six near
natural and seven anthropogenic ecosystem types. b, Variation in mean annual temperature (MAT, °C) and annual precipitation (MAP, mm yr−1) along the
elevational gradient.
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Extended Data Fig. 2 | Taxonomic sampling completeness for the 22 ecosystem functions related to process rates and biomass stocks at different
sampling grains. For each function we provide the mean number of individuals sampled across sites (nsite), ecosystem types (neco) and the total number
of individuals (ntot) sampled across the elevational gradient; the mean observed species richness across sites (Ssite), ecosystem types (Seco) and the total
observed species richness across the elevational gradient (Stot); as well as the mean sample coverage (proportion of expected taxa sampled) across sites
(SCsite), ecosystem types (SCeco) and the total sample coverage across the elevational gradient (SCtot). The sample coverage estimator quantifies the
proportion of the total number of individuals in a community that belong to the species represented in the sample. The intensity of the green colour scale
for sample coverage reflects sampling completeness with more intense colours indicating higher sampling completeness.

Nature Ecology & Evolution | www.nature.com/natecolevol

Articles

NaTurE EcOlOgy & EvOluTIOn

Extended Data Fig. 3 | Species richness–ecosystem function relationships across the 22 functions. All relationships are shown on log–log scales.
Regression lines are shown when the relationship is significant at P < 0.05. Note the standardization of values of species richness and ecosystem functions
by their observed maxima.
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Extended Data Fig. 4 | Comparison of β-diversity and its components, as well as the diversity effect within and across ecosystem types. a-c, Comparison
of (a) total β-diversity, (b) variation in species richness and (c) species turnover between sites within the same ecosystem types, as well as between
sites across ecosystem types. d, Comparison of the contribution of diversity to variation in ecosystem functioning between study sites within and across
ecosystem types. Each pair of dots represents the measures within and across ecosystem types for one of the 22 ecosystem functions. Note that the
within-ecosystem comparison for biomass stocks of microorganisms is missing, because data were only available for one replicate per ecosystem type.
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Extended Data Fig. 5 | Relationship between the number of ecosystem types and environmental heterogeneity across the 22 ecosystem functions.
Shown is the mean environmental distance between study sites as a function of the number of ecosystem types. The mean environmental distance was
computed based on the Gower distance on the basis of a combination of 11 variables related to climatic conditions (mean annual temperature, mean
annual precipitation and relative humidity), land-use (biomass removal, agricultural inputs and landscape composition), and soil properties (soil organic
carbon, pH, C/N-ratio, N/P-ratio, available water capacity). Note that noise has been added to the positions of single data points along the x-axis to
improve visibility. Sample size is n = 43 (n = 21 within and n = 22 across ecosystem types, respectively).
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Extended Data Fig. 6 | Comparison of environmental heterogeneity within and across ecosystem types. a-l, Comparison of the mean environmental
distance (based on the Gower distance) between study sites within the same ecosystem types and between study sites across ecosystem types
based on (a) a combination of all 11 environmental variables, and (b-l) after excluding each of the 11 environmental variables from the composite index
of environmental heterogeneity. b-d, variables reflecting climate parameters. e-g, variables reflecting land-use dimensions. h-l, variables reflecting
soil properties. Each pair of dots represents the measures within and across ecosystem types for one of the 22 ecosystem functions. Note that the
within-ecosystem comparison for biomass stocks of microorganisms is missing, because data were only available for one replicate per ecosystem type.
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Extended Data Fig. 7 | Summary of Bayesian hierarchical structural equation model. The structural equation model tested for direct effects of
environmental heterogeneity on the contribution of diversity to variation in ecosystem functioning (that is, the diversity effect), as well as for indirect
effects that were mediated by variation in species richness and species turnover. a, Pairs of predictor and response variables (y ~ x); variance explained by
the random factor for ecosystem function id (σf2); residual variance (σε2) and residual covariance (Turnover ~~ Richness); variance for the path coefficients
(σ𝛽2); marginal variance explained by fixed effects (rm2); conditional variance explained by fixed and random effects combined (rc2). b, The direct,
indirect and total effects of environmental heterogeneity on the diversity effect, as well as contrasts between richness- and turnover-mediated effects of
environmental heterogeneity and effects of variation in species richness and species turnover. a,b Given are median effect sizes (with shrinkage), as well as
the 50% and 95% credible intervals (CrIs), the posterior selection probability (Ppost), the prior selection probability (Pprior), 2logeBF as a measure of support
for a given effect, the effective sample size (Neff) and the potential scale reduction factor (PSRF). Values of PSRF < 1.1 indicate that MCMC chains have
converged on the same posterior distribution. Neff indicates approximate sample size of posterior samples after accounting for temporal autocorrelation
between posterior samples. Values of 2logeBF < 2 indicate no support; values between 2 and 6 indicate positive support; values between 6 and 10 indicate
strong support; and values >10 indicate decisive support. Effects that were supported by the variable selection with 2logeBF > 2 are highlighted in bold.
Sample size is n = 43 (n = 21 within and n = 22 across ecosystem types, respectively).

Nature Ecology & Evolution | www.nature.com/natecolevol

NaTurE EcOlOgy & EvOluTIOn

Articles

Extended Data Fig. 8 | Partial residual plots of the indirect species richness- and species turnover-mediated effects of environmental heterogeneity
on the contribution of diversity to variation in ecosystem functioning. a, Topology of the Bayesian hierarchical structural equation model with the
strongest support. Solid paths were supported by the Bayesian variable selection, whereas dotted paths were not (see Extended Data Fig. 7). Plots
b–e visualize partial relationships indicated by the bold letters of the structural equation model in (a). Relationships of (b) variation in species richness and
(c) species turnover with environmental heterogeneity. Relationships of the diversity effect with (d) variation in species richness and (e) species turnover.
All variables were scaled to zero mean and unit variance before analysis. Units on the y-axes are standardized residual deviations from predicted partial
scores after conditioning on all predictor variables except for the one shown on the x-axis and after conditioning on the random effects (function ID,
nfunction = 22). The colors of the circles represent the two types of comparisons (orange, within ecosystem types; black, across ecosystem types). The grey
arrows indicate the directional change in the predictor and response variable with increasing environmental heterogeneity (that is, from comparisons
within to comparisons across ecosystem types). The black lines depict the partial regression slopes. Sample size is n = 43 (n = 21 within and n = 22 across
ecosystem types, respectively). Note that the within-ecosystem comparison for biomass stocks of microorganisms is missing, because data were only
available for one replicate per ecosystem type.
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Extended Data Fig. 9 | Summary of sensitivity analysis. Shown are effect sizes θ estimated by the Bayesian hierarchical structural equation model
(medians and 95% credible intervals (CrIs) based on the posterior distribution of estimated model parameters) for several subsets of the data and for
several treatments of the data prior to analyses; 2logeBF (2loge[Bayes Factor]) as a measure of evidence for a given effect. Effect sizes reflect the expected
change in the response variable for a 1% change in the predictor variable (for example, θR→Y = 1.7 means that an increase of 10% in variation in species
richness causes an increase of 17% in the diversity effect). Values of 2logeBF < 2 indicate no support; values between 2 and 6 indicate positive support;
values between 6 and 10 indicate strong support; and values >10 indicate decisive support.
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Extended Data Fig. 10 | Relationships between elevation and ecosystem functioning across the 22 functions. Regression lines represent best-fit
generalized additive models with a thin plate spline (second-order penalty of m = 2 and basis dimension of k = 5 if n > 40 and k = 4 otherwise). Note the
log-scale on the y-axes. r2dev, proportion of deviance explained by the model. ns, P > 0.1;’P < 0.1; *P < 0.05; **P < 0.01; ***P < 0.001. Subscripts of F-values
indicate the effective degrees of freedom of the smooth term and the residual degrees of freedom.
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