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Abstract

Soil pH is among the most consistent abiotic axes structuring arbuscular mycorrhizal (AM) fungal
communities, yet the pH dependence of individual taxa has not been turned into a transparent,
parsimonious instrument that resolves preference at the genus level and can be projected globally. We
introduce HESI (Hydrogenic Edaphic Suitability Index), a fuzzy-set trapezoidal pH-membership function
for twelve Glomeromycotina genera whose four parameters are read directly from binned presence-rate
profiles in GlobalFungi rather than fitted, and scored on an independent SoilGrids pH surface. Validated
by spatial (continental) block cross-validation and the binned Boyce index, HESI returned a positive
predictive signal for ten of twelve genera (mean Boyce index + 0.20; eight with confidence intervals
above zero). The flexible pH spline matched or exceeded machine-learning models, most clearly at the
species level, where the learners fell below zero while the parameter-free function remained positive. The
two genera scoring negative — a cosmopolitan generalist and a genus pooling species of opposite
preference — mark the diagnostic limits of a single-axis model. The genus niches were transferred to an
independent database (GlobalAMFungi) without retraining and agreed in rank with virtual-taxon optima
(cross-marker Spearman p up to + 0.90) on small-subunit (SSU) marker, demonstrating that they are not
marker artifacts. Soil pH sorted which genera occur, while temperature governed richness, consistent
with global richness maps. The per-genus suitability surfaces are offered as spatially explicit, empirically
testable hypotheses.

Introduction

Arbuscular mycorrhizal (AM) fungi (Glomeromycotina) form symbioses with most terrestrial plants and
are among the most consistently pH-structured groups of soil organisms (Smith and Read 2008;
Tedersoo et al. 2018). Across intense local gradients and global surveys alike, soil pH repeatedly
appears as the dominant edaphic axis sorting AM fungal community composition; on a sharply varying
gradient, it can override host-plant identity in determining which fungi occur where (Dumbrell et al. 2010;
Davison et al. 2021).

The niches of individual AM fungal taxa along this axis are now reasonably well characterized.
Veresoglou et al. (2013) modeled the occurrence of two AM fungal families, linking Acaulosporaceae to
acidic soils and Gigasporaceae to high precipitation; Davison et al. (2021) extended this to the whole
phylum, estimating realized niche optima for approximately species-level virtual taxa (VT) defined on the
SSU marker (Opik et al. 2010) and identifying temperature and pH as the two leading abiotic drivers, with
niche properties conserved at roughly the family level. In parallel, genus-level predictive instruments have
been built for other gradients — for example, a nitrogen-association index for AM fungal genera
(Treseder et al. 2018) — and global machine-learning models now map AM fungal richness at kilometer
resolution (Van Nuland et al. 2025). These advances are complementary in target: they characterize
niches descriptively, index a different axis, or predict the number of taxa per location rather than the
identity of the taxa present.
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A simple genus-level instrument that translates the established pH dependence of AM fungi into a per-
genus suitability score — capable of validation for spatial transfer and global projection — remains
absent. The incomplete resolution of ecological differentiation among individual AM fungal taxa along
edaphic gradients is repeatedly highlighted in recent literature, which continues to identify soil pH and
temperature as primary drivers (Sibanc et al. 2026). The most detailed niche characterization to date is
correlative and resolved at the virtual taxon (VT, SSU) level (Davison et al. 2021), which does not provide
a portable per-genus function. Family-level models address only a subset of the phylum (Veresoglou et
al. 2013), and global maps focus on richness rather than the suitability of individual taxa (Van Nuland et
al. 2025).

Here we develop such an instrument, HESI (Hydrogenic Edaphic Suitability Index). HESI does not re-
establish AM fungal distributions with respect to soil pH (Dumbrell et al. 2010; Davison et al. 2021), but
instead operationalizes this dependence in three novel ways. First, it represents the pH niche of each of
twelve Glomeromycotina genera as a single fuzzy-set membership function, with four parameters read
directly from the empirical presence-rate profile, resulting in a transparent, parameter-free per-genus
suitability score that avoids overfitting. Second, it independently validates these genus-level, ITS-derived
optima by transferring them to a second database (GlobalAMFungi; Vétrovsky et al. 2023) without
additional training and by rank-testing them against the SSU-defined VT niches of Davison et al. (2021),
providing a cross-marker validation not previously reported for AM fungal genus niches. Third, it projects
the index as a global soil-pH suitability surface, which is appropriate given the near-global distributions
and low endemism of AM fungi (Davison et al. 2015). The resulting contribution is an interpretable tool,
an independent multi-source validation, and a set of global maps, building upon rather than competing
with the niche characterizations of Davison et al. (2021) and the community-level evidence of Dumbrell
et al. (2010). This approach also clarifies HESI's relationship to recent global machine-learning work: soil
pH determines which genera occur, a transferable signal, while temperature primarily governs the
accumulation of taxa, the richness signal emphasized by Van Nuland et al. (2025). These address
distinct questions (see Discussion).

Specifically, this study (i) constructs HESI as a trapezoidal pH-membership function for twelve AM fungal
genera calibrated on GlobalFungi (Vétrovsky et al. 2020); (ii) validates the index using spatial block
cross-validation — at the continental (leave-one-region-out) and 5° grid scales — and the binned Boyce
index against an independent SoilGrids pH surface; (iii) benchmarks HESI against flexible single-axis,
multi-axis, and machine-learning alternatives at both the genus and species levels; (iv) tests
transferability across an independent database — at the genus level by transfer without retraining, and at
the species level by the concordance of independently estimated optima for shared taxa — and their
agreement with SSU-defined VT niches; and (v) projects the index as global per-genus suitability maps.

Materials and methods

Occurrence data and the soil-pH predictor
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HESI was calibrated on AM fungal occurrence records from the GlobalFungi database (Vétrovsky et al.
2020), a compilation of high-throughput metabarcoding studies indexing fungal internal transcribed
spacer (ITS) sequences across more than 17,000 samples and 178 studies. Records assigned to twelve
Glomeromycotina genera — Acaulospora, Ambispora, Archaeospora, Claroideoglomus, Diversispora,
Gigaspora, Paraglomus, Scutellospora, Entrophospora, Funneliformis, Septoglomus, and Glomus — were
retained as the calibration set. Each record carried a measured soil-pH value from the originating study
metadata for calibration and was additionally matched to a soil-pH value from SoilGrids 2.0 (Poggio et
al. 2021; see also Hengl et al. 2017) for validation. SoilGrids is a global, machine-learning-derived soil-
property product at 250 m resolution that predicts pH in water at standard depth intervals together with
quantified uncertainty; we used the median prediction (Q0.5) for the 0—20 cm layer throughout. Keeping
calibration on measured pH and validating against the independent SoilGrids surface makes the
validation a genuine test rather than a refit. Genus presence was scored against the pool of GlobalFungi
records with a valid SoilGrids pH value (7,460 records). Because SoilGrids pH is a model output instead
of a direct measurement, we first quantified its agreement with the measured pH at sampled locations
(Table S5): the two were strongly rank-correlated for the GlobalFungi set (Spearman p = 0.89; root-mean-
square deviation 0.42 pH), supporting the use of the SoilGrids surface as an independent scoring layer
and, for the global projection.

The HESI membership function

HESI expresses the realized soil-pH niche of each genus as a fuzzy-set membership function (Zadeh
1965) of trapezoidal form, the shape used in fuzzy species-distribution modeling (Robertson et al. 2004).
Each trapezoid is defined by four ordered node parameters a< b =< ¢ < d on the pH axis: suitability rises
linearly from O at pH a to 1 at pH b, remains at its maximum of 1 across the plateau from b to ¢, and
declines linearly back to 0 between c and d, so that HESI(pH) lies in [0,1]. Rather than fitting these nodes
by optimization, we read them directly from the binned empirical presence-rate profile of each genus —
the proportion of samples in which the genus is present within successive pH bins — taking the lower
and upper limits (a, d) and the plateau shoulders (b, c) from the pH window over which presence rate is
elevated. Because nothing is fitted, the function has no free parameters and no opportunity to overfit;
triangular and single-shoulder shapes arise naturally as degenerate node settings (for example, b = ¢, or
a =b) rather than as additional functional forms. The genera partition into four niche groups according to
the position of their suitability window: acidophil (Acaulospora, Ambispora, Archaeospora), sub-acidophil
(Claroideoglomus, Diversispora, Gigaspora, Paraglomus, Scutellospora), alkaliphil (Entrophospora,
Funneliformis, Septoglomus), and a single cosmopolitan form (Glomus). The pooled records span an
empirical calibration range of pH 3.9-9.2. Using the genus as the unit is supported by evidence that the
functional and niche attributes of AM fungi are phylogenetically conserved at approximately the genus-
to-family level (Treseder et al. 2018; Davison et al. 2021), so that a genus-level summary preserves much
of the among-taxon signal while remaining portable across databases.
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Percentile-node comparator

To test whether the read-from-profile (“canonical”) nodes were preferable to an automatic rule, we
constructed an alternative percentile-based estimator in which the lower and upper limits (a, d) were
placed at the 5th and 95th percentiles, and the plateau shoulders (b, c) at the 25th and 75th percentiles,
of the presence-pH distribution of each genus. Both node sets were scored identically on the SoilGrids
surface.

Validation: the binned Boyce index

The primary performance criterion was the binned Boyce index (Boyce et al. 2002; Hirzel et al. 2006), a
presence-only measure of how well a continuous suitability score ranks observed occurrences.
Suitability is divided into classes, and within each class, the ratio of observed to expected presence
frequency (the predicted-to-expected, or P/E, ratio) is computed; the Boyce index is the Spearman rank
correlation between class suitability and the P/E ratio. It ranges from - 1 to + 1: a value near + 1 indicates
that presences accumulate monotonically with predicted suitability, 0 indicates a model no better than
random, and negative values indicate a counter-predictive model. Bootstrap sampling of the records
gave 95% confidence intervals for each genus. We treated the Boyce index as primary because it suits
presence-only data and rewards monotone calibration — the property that matters when a single index is
projected onto a pH surface. For comparison, we also computed the area under the receiver-operating-
characteristic curve (AUC), but interpreted it only as an auxiliary diagnostic: in presence-only settings,
AUC depends on the choice of pseudo-absences and rewards a kind of discrimination that is not
realizable once suitability is reduced to a function of pH alone (Lobo et al. 2008; Phillips et al. 2009).

Spatial block cross-validation

To assess whether a calibrated membership function transfers to unsampled space, we used spatial
block cross-validation (Roberts et al. 2017; Valavi et al. 2019), which partitions records into spatially
coherent folds so that training and test data are geographically separated. Two blocking schemes were
used — continental leave-one-region-out and 5° latitude—longitude grid blocks — re-reading the trapezoid
nodes on the training fold of each split and scoring suitability on the held-out fold. Blocked rather than
random partitioning is necessary because soil and occurrence data are spatially autocorrelated, so
random cross-validation yields optimistic scores that do not reflect transferability to new regions (Ploton
et al. 2020). In cross-validation, Archaeospora was omitted because its small sample size (n =13
records) could not be partitioned across folds, and the large, widespread genus Rhizophagus was added,
so that the benchmark comprised 12 genera with sufficient per-fold data.

Flexible single-axis and machine-learning benchmarks
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Against the same spatial folds, we benchmarked HESI on the Boyce index and AUC at both the genus
and species levels. The benchmarks were a flexible single-axis spline of presence on pH; a two-axis
spline of presence on pH and mean annual temperature (MAT); a generalized additive model using all
available soil and climatic axes; and two machine-learning learners, random forest and gradient
boosting, trained on the full set of predictors. This design separates the contribution of a richer pH
response (the single-axis spline) from that of the additional environmental axes and their interactions
(the all-axis learners).

Cross-database transfer and cross-marker comparison

Transferability beyond GlobalFungi was tested in two ways. First, the GlobalFungi-calibrated genus
nodes were applied without re-estimation to the independently assembled GlobalAMFungi database
(Vétrovsky et al. 2023) using its ITS2 sequence subset and scored on the same SoilGrids surface; for
comparison, nodes were also estimated internally within GlobalAMFungi. Species-level pH optima for the
22 taxa shared between the databases were compared using Spearman'’s rank correlation, root-mean-
square deviation, and mean offset. Second, the genus-level optima recovered here from ITS data were
compared, across the eight AM fungal families for which a match was possible, with the SSU virtual-
taxon niche optima of Davison et al. (2021), whose taxonomy follows the MaarjAM virtual-taxon system
(Opik et al. 2010). Because the Davison optima were measured on KCl-extracted pH — systematically
lower than the water pH used by SoilGrids — and are abundance-weighted, only rank order was
interpreted in this cross-marker comparison.

Global projection

Each genus trapezoid was applied to the global SoilGrids pH surface (Q0.5, 0-20 cm) to produce a per-
genus suitability layer. Pixels with no soil or non-vegetated cover were left unscored, as were pixels
whose SoilGrids pH fell outside the calibration range (3.9-9.2); suitability beyond the calibration window
is an extrapolation the index does not attempt.

Software, data and use of Al tools

Analyses were carried out in Python using NumPy, pandas, SciPy, and scikit-learn. The occurrence data
and soil layers are openly available from the GlobalFungi (https://globalfungi.com), GlobalAMFungi
(https://globalamfungi.com), and SoilGrids (https://soilgrids.org) repositories; the calibration and
validation code and the per-genus node parameters are available at
https://doi.org/10.5281/zenodo.20581579. During the preparation of this work, the author used a large
language model (Claude Opus 4.8, Anthropic) to assist with drafting and language editing of the
manuscript. The author reviewed and edited all content, made all scientific and analytical decisions, and
takes full responsibility for the content of the publication.
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Results

Genus pH-suitability functions

The twelve canonical trapezoids span the empirical calibration range of pH 3.9-9.2 and partition the
genera into four niche groups (Table 1). The acidophil anchors Acaulospora, Ambispora, and
Archaeospora switch on at the acid end (lower limit 3.9-4.0); Acaulospora is the narrowest and most
acid, with its suitability plateau confined to pH 3.9-4.0, consistent with documented AM fungal
adaptation to, and performance in, strongly acidic soils (Clark 1997). The sub-acidophil group
(Claroideoglomus, Diversispora, Gigaspora, Paraglomus, Scutellospora) carries plateaus centered between
pH 5.5 and 7.5, and the alkaliphil group (Entrophospora, Funneliformis, Septoglomus) between 7 and 8 —
genera repeatedly recorded in and associated with alkaline and arid calcareous soils (Parihar et al. 2019;
Guardiola-Marquez et al. 2022). Glomus is the single cosmopolitan form, rising over a broad ramp from
pH 4.5 to a plateau reaching the upper calibration bound. All twelve functions are described by the same
four parameters.

Table 1

Niche classification and full-dataset validation of the twelve Glomeromycotina genera. n
(GF), number of GlobalFungi presence records used in calibration; the binned Boyce
index is scored on the independent SoilGrids pH surface (Q0.5, 0-20 cm), values near +
1 indicating that presences accumulate with predicted pH-suitability. The membership
function rises linearly from 0 at pH ato 1 at b, holds the plateau between b and c, and
returns to 0 at d (a, b, ¢, d in pH units), with the nodes read from each genus's binned
presence-rate profile (see Materials and methods)

Genus Niche group n(GF) a b c d Boyce index
Acaulospora acidophil 487 39 39 40 75 +0.98
Ambispora acidophil 314 40 45 60 7.5 -0.82
Archaeospora acidophil 13 39 39 65 75 +0.20

Claroideoglomus  sub-acidophil 253 50 60 75 85 +0.03

Diversispora sub-acidophil 366 50 70 70 85 +0.78
Gigaspora sub-acidophil 517 45 65 65 85 +0.25
Paraglomus sub-acidophil 681 40 45 65 80 +0.53
Scutellospora sub-acidophil 121 45 55 55 80 +0.58
Entrophospora alkaliphil 488 55 6.5 80 9.0 +0.93
Funneliformis alkaliphil 980 50 6.0 75 9.0 +0.89
Septoglomus alkaliphil 291 55 65 70 85 +042
Glomus cosmopolitan 1423 45 85 92 92 -0.73

Full-dataset validation
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Scored on the independent SoilGrids pH surface across the 7,460-record GlobalFungi pool, the canonical
trapezoids returned a positive binned Boyce index for ten of twelve genera, with eight having bootstrap
confidence intervals entirely above zero (Fig. 1). The mean Boyce index across genera was + 0.34. The
acidophil and alkaliphil anchors scored highest — Acaulospora + 0.98, Entrophospora + 0.93,
Funneliformis + 0.89, Diversispora + 0.78 — and observed presence rate rose steeply from low to high pH-
suitability: from 1% to 26% for Acaulospora (a 23-fold enrichment), and roughly three-fold for
Funneliformis and Paraglomus.

Two genera returned negative Boyce indices: Glomus (- 0.73) and Ambispora (- 0.82). These mark the
diagnostic limits of a single-axis model rather than calibration failures. Glomus is a genuine pH
generalist — it occurs across the whole gradient at a near-constant rate (17% at both low and high
suitability). Its canonical trapezoid is nonetheless shifted toward high pH, so it ranks alkaline pixels as
most suitable, while Glomus occurs as readily in acidic soils; the index therefore anti-correlates with
occurrence and is strongly negative.

This is the behavior expected of acid-tolerant AM fungi, which act as pH generalists and form nested
assemblages along pH gradients (Kawahara et al. 2016). Ambispora combines species with opposite
optima (an acidophil and an alkaliphil) that a single genus-level trapezoid cannot jointly capture; its
negative genus score is a signature of within-genus niche heterogeneity, recovered explicitly at the
species level (see below).

Robustness to node estimation

The read-from-profile canonical nodes outperformed the automatic percentile-based estimator. On the
same SoilGrids surface, the canonical nodes gave a mean Boyce index of + 0.34 against + 0.28 for the
percentile nodes (Fig. 2). The canonical windows are on average about 1.1 pH units wider, producing a
smoother, monotone enrichment of presences along the gradient, whereas the percentile estimator cuts
narrower niches with sharp edges that the data do not support. The clearest case is Claroideoglomus,
whose Boyce index moved from - 0.48 under percentile nodes to + 0.03 under the canonical nodes once
the truncated sub-acidophil tail was retained. The parameter-free nodes are therefore not only the most
transparent choice but also the empirically stronger one.

Decomposing each genus into its component species (Table S3) confirmed the same logic from the
opposite direction: the single-trapezoid summary is favorable for genera with narrow, concordant
species niches — for which pooling raised the Boyce index, as in Acaulospora, Paraglomus, Funneliformis,
and Entrophospora — but unfavorable for the generalist Glomus and for genera pooling species of
opposite preference (Claroideoglomus, Ambispora), where the genus-level score fell below the mean of
its species. The three Ambispora species each returned a positive species-level Boyce index (mean +
0.21), so the negative genus score reflects within-genus niche heterogeneity rather than an absence of
signal.
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Spatial transfer and benchmarking against machine
learning

Under spatial block cross-validation (continental leave-one-region-out and 5° grid blocks, nodes re-read
on training folds, suitability scored on SoilGrids pH), every model produced a positive mean Boyce index
at the genus level (the cross-validated twelve-genus set differs in composition from the full-dataset set;
see Materials and methods): the canonical trapezoid + 0.20, a flexible single-axis pH spline + 0.28,
random forest + 0.25 and gradient boosting + 0.23 (Fig. 3). The flexible pH spline matched or exceeded
the all-axis machine-learning models, indicating that the marginal contribution of the additional edaphic
and climatic variables is absorbed by a richer pH response rather than by independent information.

At the species level, the contrast sharpened. The pH-only models retained positive transfer (trapezoid +
0.15, pH spline + 0.24) while the machine-learning benchmarks fell below zero (random forest - 0.03,
gradient boosting - 0.09); the trapezoid returned positive transfer for 32 of 38 species, the random forest
for only 17. With no parameters to tune, the trapezoid does not overfit the small per-species samples on
which the flexible learners do. The area under the ROC curve reversed this ordering — the machine-
learning models scored higher (for example, genus-level AUC 0.59 versus 0.54 for the trapezoid) — but
this advantage is not realizable in mapping, which is driven by the pH raster rather than the full axis set,
and AUC is, in any case, distorted by the choice of pseudo-absences in presence-only data. Both metrics
are reported; the binned Boyce index is the primary criterion.

Concordance across databases and markers

Transferred to the independently assembled GlobalAMFungi database, the GlobalFungi-calibrated
canonical nodes did not retain a positive cross-database Boyce index (mean - 0.04 across the nine
genera with sufficient GlobalAMFungi records; Table S1), which is unsurprising given that GlobalAMFungi
pH agrees far less well with the SoilGrids surface than GlobalFungi does (Spearman p = 0.49 versus 0.89;
Table S5) and the available ITS2 subset is small. Data-driven nodes nonetheless transferred: percentile
nodes fitted on GlobalFungi scored + 0.26 on GlobalAMFungi and outperformed nodes fitted internally on
GlobalAMFungi (+ 0.18; Table S1), so the larger and pH-cleaner GlobalFungi remains the better
calibration base. The transferability of the niches themselves is shown instead by the agreement of
independently estimated optima. At the species level, pH optima of the 22 taxa shared between the two
databases agreed in rank (Spearman p = +0.45, p = 0.033), with a root-mean-square deviation of 0.69 pH
and a systematic offset of - 0.31 pH (GlobalAMFungi optima higher); 82% of species fell within 1 pH unit
of the 1:1 line (Fig. 4). The offset is consistent with the marker (ITS versus ITS2) and pH-protocol
differences between the databases.

A cross-marker comparison gave independent support. Across the eight AM fungal families for which
ITS-genus and SSU-VT optima could be matched, the pH niche optima derived here agreed in rank order
with those of Davison et al. (2021) (Spearman p = +0.81, p = 0.015; their Table S6), strengthening to p =
+0.90 (p = 0.04) among the five families represented by a single HESI genus. HESI optima were
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systematically higher than the Davison estimates by 1.36 pH units, consistent with the lower readings of
KCl extraction relative to the water pH used here and with the abundance-weighted basis of the Davison
optima; accordingly, only rank order is interpreted. The most conspicuous departure was Gigasporaceae,
ranked low on pH by Davison et al. yet carrying the highest temperature and precipitation optima of any
family (median VT optima 22.4°C and 2,124 mm) — the expected behavior of a taxon whose niche is
structured by climate rather than soil pH (see Discussion). This concordance indicates that the genus-
level ITS niches recovered here are not marker artifacts but track an independent SSU-based
characterization, while resolving pH preference at the genus level — including within Glomeraceae, where
the SSU analysis distinguishes only DNA-based clades.

Global suitability maps

Projecting each genus trapezoid onto the SoilGrids pH surface yielded twelve global per-genus suitability
layers (Fig. 5), whose spatial structure follows the niche grouping of Table 1. The acidophil anchors
(Acaulospora, Ambispora, Archaeospora) reach highest suitability across the humid, base-poor tropics
and high-latitude soils — the Amazon and Congo basins, Southeast Asia, and the boreal zone — and fall
to near zero across arid carbonate regions. The alkaliphil genera (Entrophospora, Funneliformis,
Septoglomus) and the higher-centered sub-acidophils such as Diversispora show the inverse, peaking
over the semi-arid calcareous belts of the Sahel margin, the Middle East, interior Australia, and the
central-Asian and Andean steppe. The canonical Glomus trapezoid is shifted toward high pH, so its
projected suitability peaks in arid, alkaline regions; its negative Boyce index reflects that this single
shape does not match the broad distribution in which Glomus actually occurs — the expected outcome
for a genus whose constituent species span the entire gradient.

White areas are unscored, and of two kinds: pixels with no soil or non-vegetated cover and — distinct
from missing data — pixels whose SoilGrids pH falls outside the calibration window (3.9-9.2). The
second kind removes the most strongly alkaline hyperarid surfaces, including the central Sahara, the
Arabian Peninsula, and parts of interior Australia, which exceed the upper calibration bound.

Each layer is a projection of the per-genus pH membership function alone and is to be read as a spatially
explicit hypothesis, rather than as predicted occurrence or abundance (see Discussion).

Discussion

A transparent, transferable pH-suitability index for AM
fungal genera

HESI shows that the soil-pH niche of most AM fungal genera can be captured by a single membership
function: it transfers to unsampled regions amid spatial cross-validation, transfers to an independently
assembled database without further training, and agrees in rank with niche optima derived from a
different marker by an independent study. The index is strongest for genera with well-defined acidophil or
alkaliphil niches and weakest for the cosmopolitan generalist (Glomus) and for the genus that pools
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species of opposite pH preference (Ambispora). That these two cases are recovered as the diagnostic
limits of a one-axis model rather than as noise is itself evidence that the index behaves as a niche
descriptor should.

Two findings carry the conceptual weight. First, a single read-not-fitted pH axis does not gain robust
improvement by adding further environmental axes or by machine learning, on the presence-only metric
by which suitability should be judged: the advantage of flexible learners on AUC does not survive on the
binned Boyce index, and at the species level, the learners fall below zero while the parameter-free
trapezoid continues positive. Second, the genus-level niches recovered from ITS data reproduce across
databases and concord with the SSU-defined virtual-taxon niches of Davison et al. (2021).

Why one axis suffices, and how this reconciles with recent
global maps

The benchmark clarifies what a richer model would and would not add. The small advantage that
random forests hold on AUC traces to the shape of the pH response, rather than to the additional
edaphic and climatic axes or to interactions among them, which contribute nothing under spatial transfer
essentially; a flexible single-axis pH spline recovers the learners' AUC and exceeds them on the Boyce
index. The transferable signal in these data is one-dimensional. This is not a claim that AM fungal
distributions are governed by pH alone — much of where these fungi occur is captured by none of the
abiotic layers available here (dispersal, host, biotic and abiotic interactions, history, etc.) — but that,
among the measured environmental predictors, pH is the one that transfers for per-genus presence.

This places HESI in a coherent relationship with the two most relevant recent studies. Davison et al.
(2021) identified temperature and pH as the leading niche axes of AM fungal VT in an explanatory, in-
sample analysis; the global machine-learning maps of Van Nuland et al. (2025) report that soil pH is not
among the top predictors of AM fungal richness, which temperature dominates. The three results
describe one phenomenon at different levels of aggregation and under different evaluation paradigms.
Richness sums across taxa whose per-genus pH optima are opposite, while temperature sets how many
taxa accumulate. The evaluation paradigms compound the difference: richness is assessed by random
cross-validation, which rewards spatially smooth climatic predictors, whereas HESI is assessed by
spatial cross-validation, which penalizes predictors that do not transfer.

HESI does more than operationalize a known dependence: to our knowledge, it is the first to separate,
under spatial transfer, which of Davison's two niche axes actually generalizes for per-taxon presence, and
that axis is pH. Temperature's per-taxon association, although real in-sample, does not drastically
improve blocked cross-validation results; this is consistent with a physiologically conservative pH niche
and a regionally contingent temperature association. The cross-marker concordance reinforces the
same boundary. It's one conspicuous rank departure, Gigasporaceae, is exactly the family whose niche
Davison et al. (2021) place in high precipitation and high temperature rather than pH — the expected
behavior of a taxon for which pH is not the operative axis, and a signal that a single-axis index will,
correctly, misrank such taxa.

Page 11/21



Validation as transferability, not map accuracy

We use spatial block cross-validation to test whether the membership function transfers to unsampled
space, not to estimate the accuracy of the final maps. The distinction matters because the literature
motivating blocked designs also cautions that spatial cross-validation should not be interpreted as a
measure of map accuracy (Wadoux et al. 2021; Meyer and Pebesma 2022). That caution concerns the
interpretation of a cross-validated score as a measure of map quality, which we do not claim; what
blocked cross-validation does establish — that a function calibrated on some continents predicts
presence on a withheld one — is exactly the property a transferable niche descriptor must possess. In
the same spirit, we treat the binned Boyce index, a calibration and monotonicity criterion suited to
presence-only data, as primary, and report AUC only as an auxiliary diagnostic, because AUC is distorted
by the choice of pseudo-absences and, as shown here, rewards discrimination of a kind that is not
realizable once the index is projected onto a single pH raster.

Limitations

HESI is a one-axis, descriptive index of the realized niche, and its scope should be read accordingly. It
models soil pH alone; for taxa whose primary axis is moisture, texture, or climate — Gigasporaceae being
the clearest case — a pH-only suitability is weak because the relevant axis is absent rather than mis-
estimated. This is a deliberate scope choice, since pH is the axis that both transfers and can be mapped
globally from a single product, but it means HESI characterizes rather than fully predicts AM fungal
distributions and serves as a step toward, not a substitute for, a multi-axis model. The niche it fixes on is
realized, not fundamental: the trapezoids reflect where genera are found in a sampled, presence-only
dataset shaped also by dispersal, competition, and sampling bias, with a target-group background
whose mode near pH 6.2 structurally reduces the contrast available to neutral-niche genera. The
predictor surface, SoilGrids, is itself a machine-learning product, so comparison with it is at the level of
the predictor rather than against ground truth. The genus is a heterogeneous unit — Glomus,
Claroideoglomus, and Ambispora span species from acidic to alkaline — and a single trapezoid per genus
is a summary that can mask opposing species-level signals, as the negative genus scores make explicit.
Finally, the ITS-genus niches reconcile with SSU-VT niches only at the family level; within Glomeraceae,
the resolution at which our genera differ is the resolution at which the cross-marker comparison cannot
adjudicate, and AM fungal taxonomy at this level remains in flux (Btaszkowski et al. 2022; da Silva et al.
2025).

Significance and outlook

As a transparent per-genus instrument, HESI turns the established pH dependence of AM fungi into
quantities that can be used and tested. The global suitability maps are best read as spatially explicit
hypotheses, to be confronted with independent field sampling, not as maps of observed occurrence or
abundance. The index also offers a direct way to anticipate how genus-level AM fungal composition
might change under shifts in soil pH, whether due to liming, acidification, or land-use change.
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Methodologically, HESI is one realised axis in a programme that both the wider literature and our own
results point toward: characterising each niche axis as a transparent, separately validated transfer
function — the modern descendant of indicator-value systems such as Ellenberg-type values (Tichy et al.
2023) — with temperature the next axis (Davison et al. 2021); treating the combination of axes as an
open question rather than an assumed product; recalibrating at finer, curated VT resolution as databases
such as GlobalAMFungi mature (Vétrovsky et al. 2023); and ultimately grounding the index in
independent field validation and in the physiology that the read-from-profile nodes only approximate. The
value of the present model is that it makes the pH axis transparent and validates it hard, leaving a clear
interface for future work.

Conclusion

HESI condenses the soil-pH niche of twelve AM fungal genera into a single, transparent membership
function whose parameters are read from the empirical presence-rate profile rather than fitted, and
whose behavior is testable: it transfers to unsampled regions during spatial cross-validation, transfers to
an independent database in the absence of retraining, and agrees in rank with the SSU-defined niches of
an independent study. It does not rediscover that these fungi depend on soil pH but operationalizes that
dependence into a usable per-genus instrument and, in doing so, separates the two axes of the
established niche framework — soil pH, which determines which genera occur and their transfer between
continents, from temperature, which governs how many taxa accumulate. The cosmopolitan and pH-
heterogeneous genera that the index cannot resolve, and the climate-defined family it correctly misranks,
delimit its scope rather than undermine it. The resulting global suitability maps are spatially explicit
hypotheses for field testing, and the index provides a transparent template for extending niche modeling
axis by axis as curated, finer-resolution data accumulate.
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Figure 1

Full-dataset validation of the twelve genus pH-suitability functions. Binned Boyce index for each genus,
scored on the independent SoilGrids pH surface (Q0.5, 0-20 cm) across the 7,460-record GlobalFungi
pool; bars are coloured by niche group and horizontal lines show 95% bootstrap confidence intervals.
Right-hand labels show the observed presence rate at low versus high predicted suitability, along with
their fold change. Ten of twelve genera score positive, and eight have confidence intervals entirely above
zero.
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Figure 2

Sensitivity of the binned Boyce index to node estimation. Canonical nodes read directly from the binned
presence-rate profile (darker bars) compared with an automatic percentile estimator (lighter bars),
scored on the SoilGrids pH surface and coloured by niche group. The read-from-profile nodes give a
higher mean index (+0.34 versus +0.28); the clearest gain is Claroideoglomus, which moves from -0.48
under percentile nodes to +0.03 under the canonical nodes.
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Figure 3

Spatial-transfer benchmark of HESI against flexible single-axis and machine-learning models. Mean
binned Boyce index under spatial block cross-validation at the genus (a) and species (b) levels for the
HESI trapezoid, a single-axis pH spline, random forest, along with gradient boosting; error bars show
variation across folds. The pH-only models retain positive transfer at both levels, whereas the machine-
learning learners fall below zero at the species level.
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Figure 4

Cross-database concordance of species-level pH optima. pH optimum estimated independently in
GlobalFungi (ITS) and GlobalAMFungi (ITS2) for the 22 species shared between the databases; the solid
line is the 1:1 relationship, and the shaded band 0.5 pH. Points are coloured by niche group. Optima
agree in rank (Spearman p = +0.45, p = 0.033) with a root-mean-square deviation of 0.69 pH and a
systematic offset of -0.31 pH, GlobalAMFungi optima being higher.
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Figure 5

Global per-genus soil-pH suitability surfaces. Each panel projects one genus trapezoid onto the SoilGrids
pH surface (Q0.5, 0-20 cm), with warmer shades indicating higher pH suitability; panels are grouped by
niche group. White areas are unscored, comprising pixels with no soil or non-vegetated cover and pixels
whose pH falls outside the calibration range (3.9-9.2). Acidophil and alkaliphil surfaces are close to
spatial complements, while the cosmopolitan Glomus, on its high-pH-shifted trapezoid, reaches highest
suitability over arid alkaline regions.
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