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ABSTRACT

This study addresses the methodological and ecological challenges of evaluating soil legacy and allelopathic re-
sidual effects in agroecosystems. The allelopathic activity of edaphotopes from five agroecosystems (fallow with
mixed herbage, apricot, walnut, Echinacea purpurea and an abiotic sand control) was evaluated with 16 test crops
in a three-level hierarchy: 8000 seeds, 320 trays and 80 crop-by-agroecosystem cells. Because the soil of each
agroecosystem was collected as a single composite sample, the four trays are technical subsamples; inference on
the agroecosystem factor was therefore drawn at the crop-block level, with the 16 test crops acting as independent
bioassays of the same soils. Morphometric measurements were modelled with binomial generalized linear mixed
models for germination and viability and with linear mixed models of log-transformed root length, shoot length
and their ratio, and were summarised by the normalized response index, the stress effect index and a composite
vigor index. After correction for multiple comparisons across all ten pairwise contrasts, one difference between
agroecosystems was supported: fallow with mixed herbage exceeded the Echinacea purpurea soil in composite
vigor (A=1.440; 95% CI1 0.572 to 2.308; p[Holm] = 0.030), with the same contrast supported for root length, shoot
length and the normalized response index; germination, viability and the stress effect index showed no differences
at this level. The response was strongly crop-specific: Kendall’s coefficient of concordance across the 16 crops was
0.170, so the ranking of agroecosystems obtained with one test species is largely not transferable to another. Vari-
ance partitioning attributed 43.3% to 91.8% of the variation to the biology of the test crop and at most 7.4% to the
agroecosystem, with 23.1% of the variation of composite vigor residing in the crop-by-agroecosystem interaction.
In the multivariate analysis at the replicate level the test crop accounted for 70.7% of the variation, the interaction
for 16.7% and the agroecosystem for 3.1% (PERMANOVA, 9999 permutations). The study demonstrates that a
multi-level mixed modelling framework with explicit attention to the level of replication yields a defensible, if nar-
rower, description of the soil allelopathic regime, and that bioassays based on a single test species are not a reliable
instrument for ranking agroecosystems.

Keywords: allelopathy, soil legacy effect, generalized linear mixed models, mixed-effects ordination, normalized
response index, phytotoxicity, bioindication, regenerative farming systems.

INTRODUCTION et al., [2006] demonstrate the synergistic effect
of allelochemicals on seed germination, root sys-
Allelopathy represents a fundamental mecha- tem development, and the transformation of soil

nism regulating the productivity and stability of = microbial composition. The soil allelopathic re-
agrophytocenoses. Conceptual studies by Kohli  gime is defined as a complex network of chemical
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interactions within the “plant-microorganisms-
edaphotope” system, which is established dur-
ing the emission, biochemical transformation,
and detoxification of exometabolites in the rhi-
zosphere Kohli et al., [2006]. The foundational
principles of allelopathy as a physiological pro-
cess with ecological implications have been
synthesized by Blum [2006], while a review by
Singh et al. [2001] systematizes its role in agro-
ecosystem functioning and crop rotations. Inderjit
et al. [2001] emphasizes that allelopathic interac-
tions are realized both through the direct impact
of volatile and water-soluble allelochemicals and
indirectly via alterations in the structure of micro-
bial communities.

The methodological foundation of contem-
porary allelopathic research in Ukraine is es-
tablished by works edited by Blanco [2007],
which unified the protocols for phytotoxicity
bioassays, chemical analysis of allelochemicals
(phenols, tannins), and evaluation of the func-
tional status of acceptor plants. Based on these
approaches, Moskalik and Legeta [2019] deter-
mined that the inhibition level of test crops by
aqueous extracts of rhizospheric soil serves as
a reliable integrated indicator of the allelopath-
ic regime. In turn, Korkhova and Mykolaichuk
[2021] identified significant cultivar-specific dif-
ferentiation in the allelopathic potential of win-
ter wheat under Steppe conditions, reinforcing
the necessity of accounting for species-specific
responses when designing crop rotations. Cheng
and Cheng [2015] systematized the physiologi-
cal mechanisms of allelopathy (alterations in
membrane permeability, inhibition of enzymatic
activity, disruption of mineral nutrient uptake)
and demonstrated that the practical application of
allelopathy could significantly decrease reliance
on synthetic herbicides. Vashishth et al. [2025]
summarized emerging directions for utilizing
allelopathy in sustainable agriculture — ranging
from breeding allelopathically active cultivars to
developing plant extracts as bioherbicides.

The global body of research on soil legacy
effects is anchored in several fundamental stud-
ies. Specifically, Ens et al. [2009] identified al-
lelopathy as a primary driver of plant community
transformation under the influence of the invasive
shrub Chrysanthemoides monilifera. Grove et al.
[2012], applying a factorial experimental design
with activated carbon, differentiated the chemical
and trophic components of the soil legacy left by
Cytisus scoparius.

The negative impact of the edaphotope be-
neath Pteridium esculentum on the regeneration
of woody species was statistically verified by
Maidana-Tuco et al. [2025]. A comprehensive
synthesis of the composition of allelochemicals
within the Poaceae family and the methodologies
for their detection was presented by Sahrir et al.
[2023]. An important aspect is also the additive
and synergistic nature of the combined action of
multiple invasive species identified by Lenda et
al. [2023], the specificity of which depends on
the biology of the acceptor species. The allelo-
pathic potential of invasive woody species as a
threat factor to natural forest communities was
described by Glogov [2025]. Practical aspects of
exploiting allelopathic effects for weed suppres-
sion in agroecosystems were systematized by Fer-
reira and Reinhardt [2016], while the application
of plant extracts as natural herbicides in organic
farming was reviewed by Uludag et al. [2017].

Despite a substantial body of data, classical
analysis of variance (ANOVA) still dominates
most allelopathic studies, ignoring the hierarchi-
cal structure of samples and the non-Gaussian
nature of morphometric responses. A standard
completely randomized design (CRD) involving
multiple test crops and agroecosystems generates
a three-level hierarchy (seed — tray — treatment
variant), where residuals are interdependent due
to the nestedness of the levels.

The germination rate (GERMINATION) is
inherently a proportion, while root and shoot
lengths typically exhibit right-skewed asym-
metry, which severely violates the ANOVA as-
sumption regarding the normality of residual
distributions [Bolker et al., 2009; Zuur et al.,
2009]. Gbur et al. [2012] emphasize that for ag-
ronomic and ecological experiments with pro-
portional and count responses, the application of
generalized linear mixed models (GLMM) con-
stitutes the methodological standard. Under such
conditions, implementing GLMMs is statistical-
ly rigorous. They allow for a flexible choice of
response distributions (Binomial, Gamma, etc.)
combined with explicit modeling of the random
effects structure [Lee et al., 2006; Ruiz et al.,
2023; Hryhoriv et al., 2025].

The objective of this study is to perform a
comparative analysis of the allelopathic activity
of edaphotopes across five agroecosystems. The
study is based on the application of contemporary
mixed modeling frameworks (LMM, GLMM) to
verify hierarchical data, alongside multivariate
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analysis techniques (PERMANOVA, db-RDA,
NMDS) to visualize and statistically evaluate
structural discrepancies in the allelopathic re-
sponse. The object of the study was the allelo-
pathic activity of edaphotopes from five agro-
ecosystems as a factor shaping residual effects
(soil legacy) in agrophytocenoses. The subject
of the study comprised the morphometric param-
eters of seedlings (root length — ROOT, shoot
length — SHOOT) and germination rates (GER-
MINATION) of 16 test crops from various fami-
lies under the influence of soil allelochemicals.
To quantitatively assess the allelopathic effect,
the Normalized Response Index (NRI) was calcu-
lated according to the methodology of William-
son and Richardson [1988]:

NRI=(T- C)/C (1)

where: 7T is the mean value of the parameter in
the experimental treatment; C is the mean
value in the control (quartz sand).

MATERIAL AND METHODS

The research on soil allelopathic activity tar-
geted a typical medium-loamy, medium-humic
Chernozem (formed on loess) from the Myrhorod
district, Poltava region, situated within the Ukrai-
nian Left-Bank Forest-Steppe. The substrate
featured the following parameters: humus con-
tent — 3.47%, hydrolytic acidity — 1.10 mg 100" g
of soil, easily hydrolysable nitrogen — 61.6 mg
kg! of dry soil, available phosphorus — 313.5 mg
kg, exchangeable potassium — 145.2 mg kg,
alongside an EC of 64 uS-cm™ determined in a
1:5 soil-to-water suspension.

The test crops represent the following fami-
lies: Fabaceae (shell pea — Pisum sativum, pe-
rennial lupine — Lupinus polyphyllus), Brassica-
ceae (radish — Raphanus sativus, white mustard
— Sinapis alba, garden cress — Lepidium sativum),
Poaceae (popcorn — Zea mays, winter wheat —
Triticum aestivum), Amaryllidaceae (sand onion
— Allium scorodoprasum, Welsh onion — Allium
fistulosum), Amaranthaceae (beetroot — Beta vul-
garis, amaranth — Amaranthus spinosus), Cucur-
bitaceae (pumpkin — Cucurbita pepo), Lamiaceae
(purple basil — Ocimum basilicum), Apiaceae (dill
— Anethum graveolens), Polygonaceae (common
buckwheat — Fagopyrum esculentum) and As-
teraceae (sunflower — Helianthus annuus). To
calculate the relative indices and to evaluate the
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baseline effect of allelochemicals, washed quartz
sand served as the abiotic control. The English
names used here are those used throughout the
tables and figures.

The study was conducted according to a
completely randomized design with respect to
the allocation of soils to trays. The total sample
comprises 16 test crops X 5 agroecosystems x
4 trays x 25 seeds = 8000 primary observation
units, organised in a three-level hierarchy: L1, the
seed (n = 8000); L2, the tray (n = 320); L3, the
crop-by-agroecosystem cell (n = 80). The physi-
cal arrangement of the trays was not randomised,
as described below.

The classification of each observation unit
(seed) was performed using a three-category
ISTA scheme adapted to morphometric thresh-
olds: “Normal”: critical organ > threshold / 10
mm; “Abnormal”: critical organ > 0 mm, but <
threshold/10 mm; “Dead”: critical organ = 0 mm.
The choice of the critical organ was determined
by the biological characteristics of the species:
root (ROOT) — for popcorn (Zea mays), peren-
nial lupine (Lupinus polyphyllus), winter wheat
(Triticum aestivum), Welsh onion (Allium fistu-
losum) and sand onion (A/lium scorodoprasum);
shoot (SHOOT) — for shell pea (Pisum sativum),
white mustard (Sinapis alba), radish (Raphanus
sativus) and garden cress (Lepidium sativum); to-
tal length (ROOT + SHOOT) — for the remaining
seven species. The complete assignment is listed
in Supplement S1d. Threshold values varied from
15 mm (Triticum aestivum) to 50 mm (Helianthus
annuus). For statistical analysis, a binary viability
variable VIABBIN was introduced: VIABBIN =
1 for the “Normal” and “Abnormal” categories,
and VIABBIN = 0 for “Dead”. At the replicate
level (tray, n = 320), 10 descriptors of the allelo-
pathic profile were calculated. The primary met-
rics were germination (GERMINATION, %) and
the mean length of organs. Additionally, the root-
to-shoot ratio (RSR) was computed as:

Unit of replication and level of inference

The soil of each agroecosystem was obtained
as a single composite sample: material collected
from five points of one 0.15 ha plot, 10 kg per
point, was pooled, homogenised and distributed
among four trays. The four trays of an agroeco-
system are consequently technical subsamples of
one composite sample and not independent field
replicates; at the field scale the agroecosystem
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factor is replicated once. Treating trays as rep-
licates for this factor would constitute pseudo-
replication in the sense of Hurlbert [1984]. Two
levels of analysis were therefore distinguished,
and every quantity reported below is explicitly at-
tributed to one of them.

Replicate level (tray, n = 320). All mixed
models, their residual diagnostics, the variance
partitioning, the full coefficient tables and the
multivariate analyses were fitted at this level,
which retains the crop-by-agroecosystem struc-
ture of the design. Estimated marginal means,
coefficients of determination, intraclass corre-
lation coefficients, AICc values and effect sizes
obtained here describe the five composite soils
that were actually sampled and are reported as
descriptive quantities.

Crop-block level (n = 16). Each of the 16 test
crops constitutes an independent bioassay of the
same five soils. The agroecosystem factor was
therefore tested in a randomised complete block
design in which the test crop is the block. The
four trays of every cell were averaged, yielding a
16 x 5 matrix; all ten pairwise contrasts between
agroecosystems were evaluated by paired t-tests
on the within-crop differences, with Wilcoxon
signed-rank tests as a distribution-free check,
and the p-values were adjusted by the Holm step-
down procedure across the family of ten con-
trasts. The compact letter displays given in Tables
5 and 7 and in Figure 1 originate from this level.
The transferability of the agroecosystem ranking
between crops was quantified by the Friedman
test and by Kendall’s coefficient of concordance.

All inference concerning the agroecosystem
factor is drawn from the crop-block level. Rep-
licate-level p-values are reported alongside in
Table 5 for a single purpose: the point estimate of
a contrast is identical at both levels, so the ratio of
the two p-values quantifies how far the degrees of
freedom are inflated when technical subsamples
are treated as replicates.

Experimental conditions, watering and
arrangement of trays

Soil for all agroecosystems was collected in
mid-April from the 0-10 cm layer by the enve-
lope method: five points per 0.15 ha plot and 10
kg per point, pooled into one composite sample
per agroecosystem and homogenised. The soil
was used fresh and was not stored before the
bioassay. The abiotic control consisted of quartz

sand washed with 0.1 N hydrochloric acid and
subsequently rinsed with distilled water.

The bioassay was carried out in transparent
polyethylene terephthalate punnets of 1 L capac-
ity, each filled with 400 g of soil and sown with
25 seeds. All trays were sown on the same day
and watered once, on the first day, with distilled
water to 60% of full water capacity; no further
water was applied at any point of the experiment.
For the first five days the trays were covered with
transparent cling film, which kept evaporation
low enough for the initial moisture content to be
maintained without additional watering; the film
was removed for the final two days so that seed-
lings could develop freely. All trays were mea-
sured on day 7. The temperature ranged from 20
to 25 °C and illumination was natural daylight
from a window; photoperiod and photon flux den-
sity were not recorded.

Trays were arranged haphazardly on the
shelves of a rack standing beside the window and
were not re-positioned during the experiment. The
arrangement was therefore neither a formal ran-
domisation nor a rotation scheme, and this is the
most plausible source of the systematic tray ef-
fect reported below (F(3, 237) =7.28, p < 0.001):
shelves differ in their distance from the window
and in their angle to it, so trays received slightly
different amounts of daylight. Because the tray
identifier is confounded with shelf position, the
effect cannot be partitioned into a positional and
a handling component. Its consequences are ex-
amined in the sensitivity analysis of Supplement
S7, where the ranking of agroecosystems proves
identical whether the tray is modelled as a ran-
dom intercept, as a fixed block, or omitted.

RSR = mean ( koot

RO ), at SHOOT >0 (2)

The allelopathic effect (AE, cm) was calcu-
lated as: AE = MeanCritT — CtrlCrit, where Mean-
CritT is the mean length of the critical organ in the
treatment, and Ctr/Crit is that in the control (sand).

The laboratory record also contains a set of
relative indices computed at the tray level (seed-
ling vigour indices I and II, the critical growth
index, the relative difference and growth indices,
the stimulation, tolerance and relative perfor-
mance indices). They are supplied with the data
and their derivations are documented and numeri-
cally verified in Supplement Sle, but they are not
used in the analyses reported here, which rest on
germination, viability, root and shoot length, their
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ratio, the normalized response index, the stress ef-
fect index and composite vigor.

Because the class depends on the critical or-
gan alone, a seed is recorded as dead when that
organ measures zero even if another organ has
developed. Twelve seeds, 0.150% of the data set,
fall into this category; ten of them are popcorn, in
which the critical organ is the root, so a seed that
produced a coleoptile without a radicle is classi-
fied as dead. The classification rule is recomputed
from the raw measurements in the analysis script
and reproduces the recorded class for all 8000
seeds without a single mismatch. The species-
specific assignment of the critical organ and the
thresholds are listed in Supplement S1d.

No observation was excluded from the anal-
ysis and no value was imputed. The data set is
complete and balanced: 25 seeds in each of the
320 trays, four trays in each of the 80 cells, and no
missing values in any variable. These properties
are verified by assertions at the start of the analy-
sis script, which halts if any of them is violated.

For multivariate analysis (NMDS, db-RDA)
and mixed modeling, data transformation was ex-
ecuted to compute the Stress Effect Index (SEI):

SEI = In(max(RG,0.001)) +
In(max(RRG,0.001)) 3)

where: RG is relative germination, and RRG is
relative root growth.

The final EI was standardized using z-scores.
The integrated vegetative power (CV) was for-
malized as:

CV = z(In(ROOT)) + z(In(SHOOT)) + z(NRI) (4)

During pre-modeling preparation for the bi-
nomial models, percentage rates were converted
into event counts: k = round(P/100 x 25). For
ROOT, SHOOT and RSR a lower bound x =
max(x, 0.001) was enforced so that the logarith-
mic transformation is defined for seedlings with
a zero measurement. Statistical processing was
carried out in the R language, version 4.6.1 [R
Core Team, 2026], within the RStudio integrated
development environment [Posit team, 2026],
with a fixed pseudo-random number generator
seed, set.seed(2026). The analytical complex re-
lied on the following packages: Ime4 2.0.1 [Bates
et al., 2015] and ImerTest 3.2.1 [Kuznetsova et
al., 2017] for mixed-effects modelling, blme 1.0.7
[Chung et al., 2013] for penalized estimation un-
der complete separation, glmmTMB 1.1.14 as an
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alternative estimation engine, emmeans 2.0.3 and
multcompView 0.1.11 for marginal means and
compact letter displays, DHARMa 0.4.7 [Hartig,
2026] and performance 0.16.0 [Liidecke et al.,
2021] for diagnostics, MuMIn 1.48.19 [Barton,
2026] for information criteria, MCMCglmm
2.36 [Hadfield, 2010] with coda 0.19.4.1 for the
Bayesian multi-response model, vegan 2.7.3 [Ok-
sanen et al., 2026] for PERMANOVA, db-RDA
and NMDS, betareg 3.2.4 for the beta-regression
sensitivity check and boot 1.3.32 for the paramet-
ric bootstrap.

Generalized linear mixed models (GLMM).
Seed germination (GERMINATION) and seed-
ling viability (VIABILITY) parameters were
modeled as aggregated binomial responses (num-
ber of successes k out of n =25 trials) via GLMM
with a logit link function [Lee et al., 2006; Ruiz
et al., 2023]. Gianinetti [2020] substantiated that
GLMM with a binomial distribution represents
the most rigorous approach for analyzing germi-
nation data within hierarchical designs. Onofti et
al. [2022] proposed a unified framework for the
analysis of germination and time-to-event metrics
compatible with the GLMM approach. Lopez-Al-
mansa [2023] confirmed the efficacy of GLMM
for evaluating germination factors in woody spe-
cies. The hierarchical structure of the experiment
(nestedness of tray replicates, n = 320) was ac-
commodated by introducing a random intercept
for the replicate factor (Replicate). To statistically
test hypotheses, two competing models were con-
structed. Main effects model (main): 1. main ef-
fects model (main): R?m.

This model assumes an additive influence of
factors without specific responses of individual
crops to concrete ecosystems. 2. Full interaction
model (full):

Logit (pi/_) =B, + B, * Agroecosystem +
+ ﬁz . Test—Crop]. tu, te, &)

Logit (p,) = B, + B, * Agroecosystem, +
+p,. Test-Crop, + By (6)

where: u,, (random intercept) is the random ef-
fect of the replicate, u, ~ N(0, g 7), ac-
counting for tray-to-tray variability; e, is
the model residual noise.

The selection between the additive and inter-
action models was based on the corrected Akaike
information criterion (AICc), where a lower val-
ue indicated a superior fit to the empirical data.
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Linear mixed models (LMM). The normal-
ized response index (NRI), the stress effect index
(SEI) and composite vigor (CV) are continuous,
unbounded and approximately symmetric, and
were therefore modelled by classical linear mixed
models [Zuur et al., 2009; Bates et al., 2015].
Their residual behaviour is examined in the diag-
nostic section rather than assumed: the simulated
residuals show a detectable but small departure
from uniformity at n = 320, together with under-
dispersion, which makes the reported standard er-
rors conservative.

};k =p, + B, » Agroecosystem + f3, ¢ Test—Cropj +
+ B, * (Agroecosystem. Test—Crop/_) tu te, 7

Statistical assumptions and estimation proce-
dure — random effects: u, ~ N(0, ¢ ’) — random
intercept of the replicate (tray), accounting for in-
traclass correlation. Residual error — varepsilonijk
~ N0, g °) — independent and identically distrib-
uted error. Parameter optimization — competing
models (with and without interaction) were com-
pared using the maximum likelihood (ML) meth-
od, whereas the final model was re-estimated us-
ing the restricted maximum likelihood (REML)
method to obtain unbiased variance component
estimates [Bates et al., 2015]. Significance verifi-
cation — p-values for fixed effects were computed
using the Satterthwaite approximation of degrees
of freedom (ImerTest package) [Kuznetsova et
al., 2017], which ensures high accuracy for un-
balanced or complex hierarchical designs.

The generalized linear mixed model
(GLMM) describes the relationship between the
response and predictors via a linear predictor n
in the scale of the link function g(p) [Lee et al.,
2006; Ruiz et al., 2023]:

n=Xp+Zu+e (8)

where: 7 is the vector of linear predictors in the
link function scale; X and Z are the design
matrices for fixed and random effects, re-
spectively; £ is the vector of fixed effects;
u ~ N(0, G) is the vector of random ef-
fects; and € represents the residuals.

An LMM is a special case of a GLMM under
a Gaussian distribution and an identity link func-
tion (g(u)=) [Lee et al., 2006; Ruiz et al., 2023].
This unified approach allows for a mathemati-
cally valid comparison of results obtained for dif-
ferent biometric data types (germination, growth,
indices) within a single statistical paradigm.

To evaluate the quality of the final models,
three primary statistical criteria were utilized: the
marginal coefficient of determination (R*m), the
conditional coefficient of determination (R?c), the
intraclass correlation coefficient (ICC), and the
corrected Akaike Information Criterion (AICc).
The marginal and conditional coefficients of de-
termination were calculated according to the ap-
proach of Shinichi Nakagawa and Holger Schiel-
zeth [2013]:

2 _ Var(XB)
R*m = Var(XB)+ Var(w)+ Var(e) (9)
R2¢ = Var (XB)+ Var(u) (10)

~ var (XB)+ Var(w)+ Var(e)

where: Var(Xp) is the variance explained by fixed
effects; Var(u) is the variance of random
effects; Var(e) is the residual variance
(which includes the distribution-specific
component for GLMMs).

R’m characterizes the contribution of fixed
effects (Test-Crop x Agroecosystem), while the
difference (R?*c — R*m) quantitatively reflects the
tray-level effect contribution. These were com-
puted using the r.squaredGLMM function from
the MuMIn package [Barton, 2026].

The intraclass correlation coefficient (ICC,
evaluated via the performance package) [Liidecke
etal., 2021] is defined as:

Var (u)

Icc = Var(w)+ Var(e) (1 D

The intraclass correlation coefficients ob-
tained in this study range from 0.063 to 0.379
across the seven models for which they are esti-
mable (Table 1). The random effect of the tray is
therefore modest for most responses and appre-
ciable only for germination; it is nevertheless sys-
tematic, which justifies the use of mixed models.
For comparing alternative specifications of the
same response, the corrected Akaike Information
Criterion (AICc) was utilized:
2K (K+1)
n-K-1

AlCc = AIC + (12)

where: K is the number of estimated parame-
ters and n is the number of observations
[Bolker et al., 2009; Barton, 2026]. Mod-
els with A4IC > 2 were considered sig-
nificantly distinct [Bolker et al., 2009].

For the analysis of binomial responses, spe-
cifically germination rates, the logit link function
was applied:
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logit(n) = Lﬂ =7 (13)

1-—

where: 7 is the probability of germination, and #
is the linear predictor of the model.

This transformation maps the probability
space onto the log-odds scale, ensuring a linear
relationship between the response and the pre-
dictor system [Jardim Amorim et al., 2021; Ruiz
et al., 2023]. The logit link guarantees that pre-
dicted values remain strictly within the interval
0 <z < 1. Results presented by Jardim Amorim
et al. [2021] showed that for maize and soybean
germination data, the logit function provided su-
perior modeling quality compared to probit and
complementary log-log (CLL) links, verified by
lower AIC and BIC values.

For the log-transformed length responses a
linear mixed model was used, log(y) =Xp + Zu +
¢. The logarithmic transformation is appropriate
for strictly positive, right-skewed variables and
gives coefficients a multiplicative interpretation:
an exponentiated coefficient is a response ratio
relative to the reference level. A lower bound
of 0.001 cm was applied before transformation
to accommodate seedlings with a zero measure-
ment; the sensitivity of the results to this constant
is examined in Supplement S7.

GLMM adequacy was verified using simu-
lated quantile residuals (DHARMa package)
[Hartig, 2026]. For each GLMM, nsim = 1000
simulations were generated; for each observation
1, the quantile of the actual value within the simu-
lated distribution was calculated: ri = Fsimi(yi) \~
Uniform(0, 1) if the model specification is cor-
rect. The diagnostics evaluated: (1) conformance
to a uniform distribution via the Kolmogorov-
Smirnov test; (2) overdispersion/underdispersion;
(3) the presence of outliers. Overdispersion in
binomial GLMMs was additionally assessed by
the ratio of Pearson residuals sum of squares to
residual degrees of freedom:

log(u) =m (14)

The statistic was computed for the binomial
models only — in a Gaussian mixed model the re-
sidual variance is a free parameter, so the ratio
is not interpretable, and the dispersion behaviour
of the linear models is assessed instead by the
simulated residuals of the DHARMa procedure.
No observation-level random effect was required,
both binomial models showing dispersion ratios
below unity. Multicollinearity among fixed effects
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was assessed via the variance inflation factor: VIF
= 1/(1 — R¥); values above 10 were deemed criti-
cal (performance package) [Liidecke et al., 2021].

To simultaneously analyze the log(ROOT)
and log(SHOOT) parameters while accounting
for their joint covariation at the replicate level, a
multivariate Bayesian generalized linear mixed
model was deployed via the MCMCglmm pack-
age (Hadfield, 2010). The model was speci-
fied using the response vector cbind(logROOT,
logSHOOT) as dependent variables, while the
fixed effect’s structure was set as trait: Test-
Crop + trait: Agroecosystem — 1, enabling the
estimation of residual correlation between the
ROOT and SHOOT parameters. For the random
effect’s matrices G and residual variance R, un-
informative Inverse-Wishart prior distributions
were implemented: V =0.5 x 12, v=2, where 12
is a 2 x 2 identity matrix and v is the degrees of
freedom parameter.

The Markov Chain Monte Carlo (MCMC)
parameters were defined as follows: total itera-
tions = 50000; burn-in period = 10000; thinning
interval = 20. Under these settings, the effective
posterior sample size was stable. The posterior
correlation between ROOT and SHOOT respons-
es was computed as:

_ COVpost(ROOT,SHOOT)
7pos(ROOT, SHOOT)= JVARpost(ROOT)sVARpost(SHOOT)

(15)

where: Covpm is the posterior covariance, and

Varpost denotes the posterior variances of

the respective responses.

Gamma generalized linear mixed models with
a logarithmic link were applied initially to root
length, shoot length and their ratio. The model of
the ratio failed to converge (max|grad| = 0.881),
and the dispersion behaviour of the Gamma fits
for the two lengths was not satisfactory. All three
responses were consequently modelled as linear
mixed models of the log-transformed response,
log(y) ~ TestCrop x Agroecosystem + (1 | Repli-
cate), which preserves the multiplicative interpre-
tation of the coefficients while avoiding the dis-
persion misfit. The random effect of the log-ratio
model was estimated as zero (singular fit), which
is reported as a substantive result: the tray factor
explains no part of the variance of that response,
and the corresponding conditional R? and ICC are
not estimable.

Four cells for germination and five for viabil-
ity contained no variation, producing complete
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separation in the binomial models. Rather than
excluding these cells, the binomial GLMMs were
re-estimated with weakly informative priors on
the fixed effects [blme package; Chung et al.,
2013]. After the correction the largest standard
error on the logit scale was 2.13 for germina-
tion and 2.00 for viability, and no coefficient ap-
proached the degeneracy threshold.

The p-values of fixed effects were obtained
by the Satterthwaite approximation (ImerTest).
Estimated marginal means and their contrasts
were computed with emmeans using the Ken-
ward—Roger approximation of the denominator
degrees of freedom. Confidence intervals for the
five marginal means were adjusted by the Sidak
method and pairwise comparisons at the repli-
cate level by the Tukey method; at the crop-block
level the Holm procedure was applied over the
ten pairwise contrasts. Underdispersion detected
by the simulated residuals of the linear models
makes the reported standard errors conservative
rather than anticonservative. The Pearson chi-
square dispersion statistic was computed for the
binomial models only, since in a Gaussian mixed
model the residual variance is a free parameter
and the statistic is not interpretable.

The multivariate analyses were carried out at
the replicate level on a matrix of n =320 trays and
p = 7 column-standardised metrics. The aggregat-
ed level of n = 80 treatment combinations used in
the previous version cannot support the full facto-
rial model: with 79 model degrees of freedom and
no residual degrees of freedom the decomposition
is an identity and returns R = 1 by construction.
PERMANOVA was run on Euclidean distances
with 9999 permutations, homogeneity of multi-
variate dispersions was tested by betadisper with
the same number of permutations, constrained
ordination was obtained by distance-based re-
dundancy analysis, non-metric multidimensional
scaling used two dimensions and up to 200 ran-
dom starts, and principal component analysis was
applied to the standardised matrix.

Seven sensitivity checks were performed and
are reported in Supplement S7: an alternative es-
timation engine (glmmTMB against lme4; maxi-
mum absolute difference between coefficients 1
x 107°), beta regression for germination, three
specifications of the tray effect, variation of the
bounding constant across five orders of magni-
tude, leave-one-out over test crops, a paramet-
ric bootstrap with 1000 replicates, and four-fold
cross-validation stratified by cell.

All computations were performed in the R
language, version 4.6.1 [R Core Team, 2026],
within the RStudio integrated development en-
vironment [Posit team, 2026], with a fixed seed
(2026). The principal packages were lme4 2.0.1,
ImerTest 3.2.1, blme 1.0.7, glmmTMB 1.1.14,
emmeans 2.0.3, multcompView 0.1.11, DHARMa
0.4.7, performance 0.16.0, MuMIn 1.48.19, MC-
MCglmm 2.36, coda 0.19.4.1, vegan 2.7.3, be-
tareg 3.2.4 and boot 1.3.32. The Bayesian multi-
response model was run for 50 000 iterations with
a burn-in of 10 000 and a thinning interval of 20,
giving 2000 posterior samples; convergence was
assessed by the Geweke diagnostic (95.0% of pa-
rameters with |z| < 2), by effective sample sizes
(minimum 1605) and by trace and density plots
(Supplement S5). The complete session record,
the analysis scripts, the seed-level and replicate-
level data and all supplementary files are archived
at Zenodo. The SHA-256 checksums of the pri-
mary workbook and of every exported data file are
computed and printed by the pipeline at run time.

RESULTS AND DISCUSSION

Statistical tool selection and substantiation.
Mixed models were applied for three reasons.
First, the data are hierarchical (seed — tray —
cell), and the tray contributes a systematic com-
ponent of variation (F(3, 237) = 7.28, p < 0.001)
that a fixed-effects analysis of variance cannot
represent. The intraclass correlation coefficients
estimated at the tray level range from 0.063 to
0.379 across the seven models for which it is es-
timable (Table 1), so the random component is
modest for most responses and appreciable only
for germination. Second, the responses violate
the assumptions of a Gaussian linear model: ger-
mination and viability are proportions of 25 bi-
nary events, and root and shoot lengths are right-
skewed. Binomial generalized linear mixed mod-
els were therefore used for the two proportions
and linear mixed models of the log-transformed
response for the two lengths and their ratio. Third,
the specification of the tray as a random intercept
isolates micro-environmental variation from the
systematic effect of the agroecosystem, which
matters here because the physical arrangement of
the trays was not randomised.

The structural nature of the investigated re-
sponses explicitly violates the core assumptions of
standard Gaussian models. The GERMINATION
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Table 1. Model fit, explained variance, and random-effect contribution

Model R2 marginal R2? conditional ICC AlCc
GLMM G 0.936 0.960 0.379 1342.534
GLMM V 0.944 0.954 0.188 1251.091

LMM log(RL) 0.938 0.943 0.086 204.584
LMM log(SL) 0.929 0.933 0.063 289.672
LMM log(RSR) 0.977 - -112.429
LMM NRI 0.805 0.818 0.064 -1.362
LMM SEI 0.722 0.753 0.111 701.944
LMM VIGOR 0.837 0.849 0.073 975.872

Note: R? marginal = fixed effects; R? conditional = fixed and random effects; ICC = intraclass correlation coefficient.
—=not estimable because the random effect is singular. AICc is comparable only within a response variable; values
from binomial, log-linear and index models are not competing fits.

metric is bounded as a proportion generated from
25 binary events, while the SHOOT and ROOT
variables display a marked right-skewed distribu-
tion. Under these constraints, classical ANOVA
or ordinary linear regression becomes statistically
invalid. Deploying generalized linear mixed mod-
els with a binomial family for the proportions,
and linear mixed models of the log-transformed
lengths, respects the nature of each response
while keeping the coefficients interpretable on a
multiplicative scale [Lee et al., 2006; Ruiz et al.,
2023; Dehodiuk et al., 2025].

For the linear mixed models AICc is com-
puted under REML and is not comparable with
the maximume-likelihood AICc used for specifica-
tion selection in Supplement S5. ICC is estimated
from a random effect with four levels; its robust-
ness is assessed in Supplement S7.

Third, incorporating Replicate as a random
intercept allowed the model to explicitly isolate
variation stemming from experimental micro-en-
vironmental noise from the systematic effects of
the agroecosystem. This is particularly valuable
given the design constraints of four replicates
across 16 test crops. In such setups, mixed mod-
els yield vastly more reliable parameter estimates
compared to single-level approaches. Bolker et al.
[2009] and Zuur et al. [2009] recommend general-
ized models for proportional and count responses,
and linear mixed models where the transformed
response behaves acceptably. Here the two pro-
portions are modelled by binomial generalized
mixed models, while root length, shoot length
and their ratio are modelled on the logarithmic
scale, which keeps the multiplicative interpreta-
tion of the coefficients and avoids the dispersion
misfit of the Gamma specification. The three in-
tegrated indices are continuous and unbounded
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and are modelled directly; the adequacy of every
model is examined by simulated residuals rather
than assumed.

Interpretation of marginal and conditional R2.
The marginal R? reflects the variance explained
by the fixed crop-by-agroecosystem combina-
tion, and the difference between the conditional
and the marginal value quantifies the tray-lev-
el component. Because the fixed part of every
model is the full factorial of 80 cells estimated
by 80 parameters, the models reproduce the cell
means almost exactly and the marginal R? is cor-
respondingly high; this property of the design is
examined separately below. Variance partitioning
between the crop and the agroecosystem was ob-
tained from the factorial decomposition of sums
of squares at the replicate level.

Marginal R? ranges from 0.722 for the Stress
Effect Index to 0.977 for the log-ratio of root to
shoot, and conditional R? from 0.753 to 0.960; for
the log-ratio model the conditional value and the
intraclass correlation are not estimable because
the random effect is singular. The difference be-
tween the conditional and the marginal coefficient
does not exceed 0.031, indicating that tray-level
variation, although systematic, is small in mag-
nitude relative to the fixed structure. AICc values
are comparable only within a response variable;
the values of the binomial, log-linear and index
models are not competing fits, and for the linear
mixed models AICc is computed under REML
and is not comparable with the maximum-like-
lihood values used for specification selection in
Supplement S5.

The biology of the test crop is the domi-
nant source of variance for every metric, from
43.3% for the Stress Effect Index to 91.8% for
root length. The independent contribution of the
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agroecosystem does not exceed 7.4% and is be-
low 2% for both lengths. The crop-by-agroeco-
system interaction accounts for 5.6% to 31.5%
of the variation, reaching 23.1% for Composite
Vigor; that is, the effect of a soil depends sub-
stantially on which species is used to measure it,
and this is the quantitative counterpart of the low
concordance reported below (Table 2).

Model diagnostic adequacy and stability.
Simulated quantile residuals were examined with
the DHARMa package for the six models to
which the procedure applies; for the two binomial
models with informative priors the separation and
dispersion controls are reported separately. Full
diagnostic output, including quantile-quantile
plots, quantile deviation tests and homogeneity
checks by group, is provided in Supplement S5.

The mean and median of the scaled residuals
lie close to 0.5 for all six models, and the propor-
tion of extreme residuals ranges from 3.4% to
8.4%. The Kolmogorov-Smirnov uniformity test
is significant in every case; at n = 320 this test
detects departures that are statistically visible
but small in magnitude, and the corresponding

deviations are apparent from the quantile plots
in Supplement S5. Dispersion ratios of 0.750
to 0.770 indicate underdispersion, which fol-
lows from the aggregation of 25 seeds into a tray
mean and makes the reported standard errors
conservative. Levene’s test of variance homo-
geneity is not significant across agroecosystems
but is significant across test crops, so heteroge-
neity resides in the blocking factor rather than in
the factor under test (Table 3).

To construct a comprehensive, integrated as-
sessment of the allelopathic footprint of the agro-
ecosystems, standardized biological response in-
dices, absolute morphometric shifts, and the mean
composite index of viability were synthesized.
Descriptive statistics of the primary biometric
data confirmed a distinct dependence of seedling
growth parameters on the agroecosystem type.
The most consistent biostimulatory impact was
observed in the fallow system with mixed herb-
age (Fallow), where most test crops displayed an
increase in mean root and shoot length relative to
the control. For example, in pumpkin, mean root
length increased from 4.34 to 6.54 ¢cm, and shoot

Table 2. Factorial variance partitioning for early-growth metrics

Metric Test-crop (%) Agroecosystem (%) Interaction (%) Residual (%)
Germination 7.7 2.5 14.5 11.3
Viability 725 1.5 13.0 13.0
Root length 91.8 0.7 5.6 1.9
Shoot length 88.8 1.9 8.0 1.4
Normalized response index 45.7 7.4 31.4 15.4
Stress effect index 43.3 3.9 30.4 224
Composite vigor 59.4 4.8 23.0 12.8

Note: Values are percentages of the total sum of squares in the factorial fixed-effects model.

Table 3. Residual diagnostics and dispersion assessment

Model KS p-value DisIE)aetirsion DE_F\)/ZEE)” FS:IJ;';E; Diagnostic conclusion
GLMM G - - - - Not applicable to bgimerMod
GLMM V - - - - Not applicable to bgimerMod
LMM log(RL) <0.001 0.765 0.002 0.020 Departure from uniformity; see Supplement S5
LMM log(SL) <0.001 0.761 <0.001 0.020 Departure from uniformity; see Supplement S5
|o¢|§('\FA<'\sAR) <0.001 0.750 <0.001 <0.001 | Departure from uniformity; see Supplement S5
LMM NRI <0.001 0.761 <0.001 <0.001 Departure from uniformity; see Supplement S5
LMM SEI <0.001 0.770 0.006 0.040 Departure from uniformity; see Supplement S5
LMM VIGOR <0.001 0.763 <0.001 <0.001 Departure from uniformity; see Supplement S5

Note: DHARMa diagnostics are not applicable to bglmerMod models; their separation and overdispersion checks
are reported separately. DHARMa uniformity tests are sensitive to sample size; at n = 320 a significant KS statistic
indicates a detectable, not necessarily material, departure. Dispersion ratios below unity indicate underdispersion,
which makes the reported standard errors conservative rather than anticonservative.
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length rose from 4.40 to 5.42 cm. For shell pea,
shoot length expanded from 8.47 to 10.03 cm,
and for sunflower, it shifted from 10.36 to 12.19
cm. Conversely, the Echinacea purpurea edapho-
topic matrix exerted a predominantly inhibitory
effect, which was particularly severe for amaranth
(shoot length reduction from 2.81 to 1.88 cm) and
winter wheat (reduction from 16.27 to 11.38 cm).
For individual cultures, notably perennial lupine,
the most pronounced suppression of shoot growth
was recorded, plunging to 57.8% relative to the
control baseline. The coefficient of variation indi-
cated high measurement stability for the majority
of cereal and brassica crops (CV < 5%), whereas
perennial lupine, pumpkin, and beet exhibited el-
evated intra-group variance, reflecting an unsta-
ble biological response. For a clear visual render-
ing of the integrated influence of agroecosystems
on the growth and index profiles of the test crops,
refer to Figure 1.

The upper panel shows the mean of four trays
for each of the 16 test crops in every agroecosys-
tem, together with the mean across crops and its
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confidence interval; letters denote agroecosystems
that could not be shown to differ at the crop-block
level (Table 4). Fallow and Echinacea are separat-
ed, while the three intermediate soils share letters
with both extremes. The lower panel resolves the
fallow—FEchinacea contrast by crop: the difference
is positive in 12 of 16 crops and negative in four,
and its magnitude ranges from about —1 to about
+5 units, which illustrates directly why the overall
contrast is supported while the ranking of the in-
termediate soils is not.

Ordered by Composite Vigor, the five
soils form the sequence fallow (+0.794), apri-
cot (+0.292), sand control (—0.101), walnut
(—0.338) and Echinacea (—0.647); the Normal-
ized Response Index and the Stress Effect Index
follow the same order. These values are descrip-
tive: they are arithmetic means at the tray level,
and the statistical support for the differences
between them is assessed in Table 5. ARL and
ASL are arithmetic differences on the original
scale against the sand control of the same test
crop, whereas Table 7 reports back-transformed

Fallow

Apricot

Sand Walnut Echinacea

(control)

Overall paired effect (16 crops) : —O—
|
Perennial lupine E
Amaranth E —e—
Pumpkin E L 4
Sunflower E kg
Common buckwheat | -
Garden cress E -
Shell pea E -0
Radish E L 4
Sand onion E—.—.
White mustard E L]
Winter wheat E L]
Dill E -
Beetroot E
Purple basil —.—é—
Popcorn —Q—E
t

Welsh onion

5
A Composite Vigor (Fallow — Echinacea; positive = Fallow higher)

Figure 1. Composite vigor across five agroecosystems (top) and crop-specific fallow — Echinacea differences
(bottom). Points are test-crop means of four trays; diamonds with whiskers are means across the 16 crops and their
95% confidence intervals. Letters denote agroecosystems that could not be shown to differ at the crop-block level

414



Ecological Engineering & Environmental Technology 2026, 27(9), 404—-423

Table 4. Agroecosystem effects on early growth and composite vigor

Agroecosystem NRI SEI ARL ASL Mean CV General phytotoxic conclusion
Sand (control) -0.006 -0.092 +0.000 +0.000 -0.101 Baseline control level
Apricot +0.056 +0.180 +0.165 +0.061 +0.292 | Weak positive stimulation
Walnut -0.030 -0.160 +0.080 -0.336 -0.338 Moderate growth suppression
Echinacea purpurea -0.086 -0.214 -0.241 -0.668 -0.647 Pronounced phytotoxic inhibition
Fallow (herbage) +0.130 +0.286 +0.693 +0.856 +0.794 | Strong growth stimulation

Note: NRI — normalized response index; SEI — stress effect index; ARL — root-length shift; ASL — shoot-length
shift; CV — composite vigor index. ARL and ASL are arithmetic differences on the original scale against the sand
control of the same test crop; Table 7 reports back-transformed marginal means of log-scale models (geometric
means), so numerical identity between the two tables is not expected.

Table 5. Post-hoc comparisons of composite vigor at the replicate and crop-block levels

Agroecosystem EMM (rl]'ittfg) Key contrast A (95% ClI) (npzt?go) (’; t;lo1cé()
Fallow (herbage) 0.794 a vs Echinacea purpurea | +1.440 (0.572 to 2.308) <0.001 0.030
Apricot 0.292 ab vs Fallow (herbage) | -0.502 (-1.291 to 0.287) 0.018 0.977
Sand (control) -0.101 ab vs Fallow (herbage) | -0.895 (-1.690 to -0.100) <0.001 0.239
Walnut -0.338 ab vs Fallow (herbage) | -1.132 (-2.259 to -0.005) <0.001 0.344
Echinacea purpurea -0.647 b vs Fallow (herbage) | -1.440 (-2.308 to -0.572) <0.001 0.030

Note: Estimated marginal means are from the replicate-level model (n = 320). Letters, A and its 95% confidence
interval treat each of the 16 test crops as an independent block (paired t-test, Holm correction across all 10 pairwise
contrasts). Replicate-level p-values are reported for comparison only: the four trays per agroecosystem are technical
subsamples of one composite soil sample and therefore inflate the degrees of freedom for the agroecosystem factor
(Hurlbert, 1984). Point estimates are identical at both levels; only the standard error differs. Inference on the
agroecosystem factor is drawn from the crop-block column.

marginal means, so numerical identity between
the two tables is not expected.

The contrast between fallow and Echinacea
is supported at both levels of analysis (A = 1.440;
95 % CI 0.572 to 2.308; p[Holm] = 0.030 at the
crop-block level). No other contrast survives cor-
rection: the difference between fallow and apri-
cot, which reaches p = 0.018 when the 320 trays
are treated as replicates, has p[Holm] = 0.977
when the 16 crops are treated as blocks, and the
differences of fallow against the sand control and
against walnut give p[Holm] = 0.239 and 0.344.
The point estimates are identical at both levels;
only the standard error differs, and the compari-
son quantifies how far the degrees of freedom are
inflated when technical subsamples are treated as
replicates. Applying a false-discovery-rate cor-
rection instead of the Holm procedure does not
alter the outcome, the second-ranked contrast
reaching p = 0.100.

Allelopathic profiles of the agroecosystems.
Comparative analysis of the five soils shows dif-
ferentiation of their allelopathic profiles, but with
a magnitude and a certainty that differ from the
previous version of this manuscript. The walnut

soil is characterised by the widest dispersion of
the normalized response index (SD = 0.334),
which is consistent with the specialised action
of juglone, an allelochemical with a documented
mechanism of inhibiting mitochondrial respira-
tion [Kohli et al., 2006]; several test crops nev-
ertheless showed stimulation in this soil, which
may reflect hormesis or species-specific detoxi-
fication. The Echinacea purpurea soil gives the
lowest values of every integrated index (mean
NRI=-0.086), in line with the phytochemical ac-
tivity of this species, whereas the fallow soil gives
the highest (NRI = +0.130), which is plausibly
related to a more mature soil microbiota capable
of degrading allelochemicals or of synthesising
growth-promoting substances, in agreement with
the concept of indirect trophic components of
soil legacy proposed by Grove et al. [2012]. The
principle of species-specific allelopathic interac-
tion validated by Lenda et al. [2023] is reflected
quantitatively in our data: Kendall’s coefficient of
concordance across the 16 crops is 0.170 (Fried-
man y> = 10.85, df =4, p = 0.028), the fallow soil
being ranked first by six crops and last by none,
and the Echinacea soil last by seven and first by
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Table 6. Key parameter estimates and interaction terms of fixed effects

Term Odds ratio Odds ratio Response ratio | Response ratio | Log coefficient Multiplicative
(OR) G (OR) V (RR) RL (RR) SL (RSR) RR
Shell pea 2.476 2.001 7.204 3.009 0.873 2.394
Popcorn (maize) 2.712 1.249 5.437 1.494 1.292 3.639
Fallow (herbage) 4.559 2.366 1.067 1.783 -0.513 0.599
Shell pea x fallow 2.296 7.674 1.164 0.665 0.560 1.752
Popcorn x fallow 0.327 0.770 1.040 0.571 0.600 1.822

Note: Multiplicative RR = exp(Log coefficient RSR). The reported terms are the pre-specified key effects. Estimates
come from the interaction model and are therefore simple effects at the reference agroecosystem; the Bayesian
multivariate model in Figure 2 is specified additively and its coefficients are main effects, so the two sets are not
directly comparable. Standard errors, confidence intervals and p-values for all terms are given in Supplement S6.

Table 7. Estimated marginal means of early-growth metrics across agroecosystems

Agroecosystem| Germination Viability Root length | Shoot length NRI SEI Co\r:;ggrsne
Fallow

0.894a 0.933a 4.345a 5.049a 0.130a 0.286a 0.79%4a
(herbage)
Apricot 0.870a 0.921a 4.044ab 4.505ab 0.056ab 0.180a 0.292ab
Sand (control) 0.792a 0.884a 3.778ab 4.219ab -0.006ab -0.092a -0.101ab
\Walnut 0.830a 0.902a 3.579ab 3.957ab -0.030ab -0.160a -0.338ab
Echinacea 0.758a 0.860a 3.465b 3.756b -0.086b -0.214a -0.647b
purpurea

Note: Cell values are estimated marginal means from the replicate-level models; root and shoot lengths are back-
transformed from the log scale. Letters are assigned at the crop-block level (each of the 16 test crops is one block;
paired t-test with Holm correction across all 10 pairwise contrasts) and are identical to those in Table 5 and Figure 1.

Agroecosystems sharing a letter were not shown to differ.

two. No agroecosystem inhibited or stimulated
all 16 test crops to a comparable degree, which
is precisely why multivariate frameworks are re-
quired and why a bioassay based on a single test
species cannot rank agroecosystems reliably.
Among the main effects, shell pea and pop-
corn show the largest response ratios for root
length, 7.204 and 5.437 respectively, and the fal-
low soil the largest odds ratios for germination
and viability, 4.559 and 2.366 (Table 6). The in-
teraction terms confirm that the response of an
individual crop is modified by the soil: the term
popcorn x fallow gives an odds ratio of 0.327 for
germination, and shell pea x fallow an odds ratio
of 7.674 for viability. These estimates come from
the interaction model and are simple effects at the
reference agroecosystem; the Bayesian multivari-
ate model of Figure 2 is specified additively and
its coefficients are main effects, so the two sets
are not directly comparable. Standard errors, con-
fidence intervals and p-values for all 79 terms of
the eight models are given in Supplement S6.
The fallow soil gives the highest marginal
means for every metric: germination 0.894, vi-
ability 0.933, root length 4.345 cm, shoot length
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5.050 cm, NRI 0.130, SEI 0.286 and compos-
ite vigor 0.794. The lowest values belong to the
Echinacea soil, 0.758, 0.860, 3.470 cm, 3.760
cm, —0.086, —0.214 and —0.647 respectively. At
the crop-block level the two extremes are sepa-
rated for root length, shoot length, the normal-
ized response index and composite vigor, while
germination, viability and the stress effect index
show no differences among agroecosystems; the
three intermediate soils share letters with both ex-
tremes for every metric. The letters are identical
to those of Table 5 and of Figure 1, all three origi-
nating from the same crop-block analysis.

The largest posterior mean effects for root
length belong to shell pea (2.306; 95 % HPD 2.110
to 2.475), popcorn (1.900; 1.715 to 2.086) and
winter wheat (1.793; 1.619 to 1.983); for shoot
length, to winter wheat (1.454; 1.249 to 1.667),
common buckwheat (1.134; 0.914 to 1.322) and
radish (1.019; 0.805 to 1.211), with perennial lu-
pine showing the largest negative effect (—1.338;
—1.544 to —1.132). The posterior residual correla-
tion between root and shoot length is 0.762 (95
% HPD 0.715 to 0.808), that is, strongly positive:
after the fixed effects are accounted for, trays
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1
1

Crop (treatment) Posterior mean effect Mean 95% HPD

Root length (RL) :

Shell pea (RL) ' L | 2.306 2.110-2.475
1

Popcorn (RL) : ] 1.900 1.715-2.086
1

Winter wheat (RL) : L | 1.793 1.619-1.983
1

Sunflower (RL) 1 | 1.444 1.252-1.621
1
1

Radish (RL) 1 [} 1.388 1.210-1.574
1

Shoot length (SL) :

Winter wheat (SL) 1 | 1.454 1.249-1.667
1
1

Common buckwheat (SL) 1 [ | 1.134 0.914-1.322
1

Radish (SL) : | 1.019 0.805-1.211
1

Sunflower (SL) : 1 1.017 0.807-1.222
1

Perennial lupine (SL) L] : -1.338 -1.544-1.132
! (Posterior residual correlation RL-SL = 0.762 (95% HPD: 0.715-0.808) ]
1
1

T . - - T T
-2 -1 0 1 2 3

Posterior mean effect (log scale)

Figure 2. Posterior effects of the Bayesian multivariate model for root and shoot length

with longer roots also have longer shoots, which
is the expected allometric signature. To evaluate
the spatial structure of the integrated biologi-
cal response, an array of multivariate ordination
methods was applied, spanning unsupervised and
constrained techniques (Table 8).

The first two principal components explain
51.8% and 23.0% of the variance, 74.8% cumu-
latively (Figure 3). The first axis is formed by the
integrated indices together with root and shoot
length and represents a general morphofunctional
gradient; the second axis separates the test crops

and reflects their species-specific biology. Non-
metric multidimensional scaling in two dimen-
sions converged with a stress of 0.132, which
is within the range conventionally regarded as a
usable representation, and reproduced the con-
figuration obtained by the principal component
analysis. Distance-based redundancy analysis
constrained by the test crop and the agroecosys-
tem explained 73.7% of the inertia.

To construct a comprehensive multi-dimen-
sional assessment of the data structure, a dis-
tance-based permutational multivariate analysis

Table 8. Ordination structure of the integrated biological response

Method Axis coordinates Axis 1 range Axis 2 range Core structural conclusion

PCA Dim1-Dim2 -3.00 to 7.09 -3.19t0 2.90 Linear gradient; 74.8% cumulative variance
NMDS MDS1-MDS2 -7.73 10 3.22 -2.96 t0 3.00 | Non-linear ordination; stress = 0.132
db-RDA dbRDA1-dbRDA2 -1.36 10 0.82 -1.64 10 0.75 Constrained ordination; 73.7% explained inertia

Note: db-RDA was used as the constrained distance-based ordination; conventional CCA was not fitted.

Table 9. Multivariate tests of crop and agroecosystem effects (PERMANOVA, BETADISPER, db-RDA)

Method Source factor Df F-value p-value Structural interpretation
PERMANOVA Test crop 15 118.519 <0.001 Dominant multivariate differentiation
PERMANOVA Agroecosystem 4 19.312 <0.001 Significant edaphic legacy effect
PERMANOVA ag:zz;g;‘;‘;t’;m 60 7.007 <0.001 | Crop-specific edaphic response
BETADISPER Agroecosystem 4 2.354 0.053 Homogeneity of dispersion assessed
BETADISPER Test crop 15 7.528 <0.001 Dispersion differs among test crops

db-RDA Test crop 15 53.838 <0.001 Dominant constrained effect

db-RDA Agroecosystem 4 8.773 <0.001 Significant secondary constrained effect

Note: PERMANOVA and db-RDA p-values are permutation-based.
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Figure 3. Principal component biplot of replicate-level early-growth responses and test-crop centroids

of variance (PERMANOVA), homogeneity of
multivariate dispersions testing (BETADISPER),
and distance-based redundancy analysis (db-RDA)
were executed. The combined statistical outputs
are consolidated in Table 9. All multivariate analy-
ses are conducted at the replicate level (n = 320)
and are therefore descriptive with respect to the
agroecosystem factor, for which the biological rep-
lication is one composite sample per agroecosys-
tem. The significant BETADISPER result for test
crop indicates that part of the crop effect reflects
heterogeneous within-group dispersion rather than
centroid displacement alone.

At the replicate level the test crop accounts
for 70.7% of the multivariate variation (F =
118.5), the crop-by-agroecosystem interaction for
16.7% (F =7.01) and the agroecosystem for 3.1%
(F=19.3), with 9.5% unexplained; all three terms
are significant at p = 0.0001 with 9999 permuta-
tions. Homogeneity of multivariate dispersions
is not rejected for the agroecosystem factor (F =
2.354, p = 0.053) but is rejected for the test crop
(F=7.528, p=0.0001), so part of the crop effect
reflects heterogeneous within-group dispersion
rather than displacement of centroids, and the
two results are interpreted jointly. Distance-based
redundancy analysis confirms both factors, with a
far larger F-ratio for the test crop (53.8) than for
the agroecosystem (8.77).

Correlation analysis of the seven metrics at
the replicate level shows predominantly posi-
tive relationships. The strongest association is
between the normalized response index and the
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stress effect index (r = 0.927; 95% CI 0.909 to
0.941), which confirms that the two indices
capture convergent aspects of early seedling re-
sponse and are partly redundant. Composite vigor
correlates with germination (r = 0.791; 0.746 to
0.829), shoot length (r = 0.733; 0.678 to 0.780)
and root length (r = 0.668; 0.602 to 0.724), that
is, germination and elongation jointly determine
the integrated index. Germination is associated
with shoot length (r = 0.709; 0.650 to 0.760)
more closely than with root length (r = 0.600;
0.525 to 0.666). The root-to-shoot ratio behaves
differently from the remaining variables, corre-
lating negatively with shoot length (r = —0.408;
—0.495 to —0.312) and with the Normalized Re-
sponse Index (r = —0.225; —0.326 to —0.118) and
positively with root length (r = 0.296; 0.192 to
0.392), which reflects its function as a measure of
allocation rather than of size. All coefficients ex-
cept the association between root length and the
normalized response index remain significant af-
ter Holm correction across the 21 pairs; the com-
plete matrix with confidence intervals is given in
Supplement S7b.

Deploying PERMANOVA and db-RDA on
a matrix of seven metrics (GERMINATION,
ROOT, SHOOT, RSR, NRI, SEI, CV) effectively
determines whether the global allelopathic pro-
file shifts systematically across agroecosystems
— a resolution that single univariate GLMMs
may miss due to multiplicity adjustment con-
straints. Maidana-Tuco et al. [2025] implement-
ed a parallel strategy to map the comparative
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allelopathy of Pteridium esculentum across
multiple woody species, verifying the suitabil-
ity of this methodology. The Bayesian multi-
response model implemented via MCMCglmm
[Hadfield, 2010] uniquely isolates the true pos-
terior correlation between ROOT and SHOOT
parameters — a critical allometric signature of
seedling development under chemical stress.
The endophytic microbiome of donor plants can
profoundly alter soil legacy: Minas et al. [2021]
showed that endophytes shape a specialized alle-
lopathic footprint, driven by differential impacts
of above- and below-ground litter on acceptor
performance. For the systematic deployment of
allelopathic potential within Chernozem man-
agement architectures, the approach outlined by
Boincean and Dent [2020] is paramount: the de-
liberate integration of crops with verified allelo-
pathic activity into rotations as an instrument of
sustainable soil fertility management.

Ward clustering of the 80 crop-by-agroeco-
system combinations on Euclidean distances be-
tween standardised metrics separates three groups
of 11, 34 and 35 combinations; the ten combina-
tions closest to the cluster centroids are displayed
(Figure 4). The first group collects combinations
with markedly depressed values of the length and
germination metrics, the second an intermedi-
ate tier, and the third combinations with eclevated
values. Full cluster membership is supplied as a
supplementary file.

Combination identifiers
(colour strip = row cluster)

Perennial lupine — Walnut

Beetroot — Walnut

Sand onion — Echinacea

Model performance and its independent
verification

The high coefficients of determination re-
ported in Table 1 follow from the structure of
the design rather than from overfitting, and this
deserves an explicit statement. The fixed part of
every model is the full factorial of 16 test crops
and five agroecosystems, that is, 80 cells esti-
mated by 80 parameters, so the model reproduces
the mean of each cell almost exactly. What re-
mains as residual variation is only the dispersion
among the four trays within a cell, and each tray
value is itself an average over 25 seeds. Averag-
ing suppresses seed-level variability by design;
consequently a large proportion of the variance of
tray means is explained by the cell structure. The
same mechanism produces the underdispersion
of the simulated residuals, and underdispersion
makes the reported standard errors conservative
rather than liberal, so it cannot generate spurious
significance.

The value of R? = 1.00 obtained for PER-
MANOVA in the previous version of this manu-
script has a different and purely technical origin,
and it has been corrected. The analysis had been
performed on the 80 aggregated treatment com-
binations, for which the full factorial model con-
sumes 79 degrees of freedom and leaves none for
the residual; the decomposition is then an alge-
braic identity that returns unity irrespective of the

1
]
]

White mustard — Sand control

I

‘Welsh onion — Walnut

Sand onion — Fallow

]
]
[—
]

Radish — Sand control

Sunflower — Walnut

Radish — Apricot

Sunflower — Apricot

1

RL SL Germ. Ccv RSR NRI SEI

Standardized response (z)
-1.8 0 +1.8

Figure 4. Compact heatmap of standardized early-growth responses grouped by metric clusters

419



Ecological Engineering & Environmental Technology 2026, 27(9), 404—423

data. All multivariate analyses are now conducted
at the replicate level, where 240 residual degrees
of freedom remain.

Independent verification of the model fit was
carried out. Four-fold cross-validation strati-
fied by cell gave a shrinkage of the coefficient of
determination between 0.020 and 0.072, that is,
the out-of-sample fit is nearly identical to the in-
sample fit; a model that merely reproduced noise
would lose far more. Estimation with an alterna-
tive engine changed no coefficient by more than 1
x 107°. Re-analysis of germination by beta regres-
sion, a different distributional family, reproduced
the same ordering of agroecosystems. Leave-one-
out over test crops, a parametric bootstrap with
1000 replicates and three alternative specifica-
tions of the tray effect are reported in Supplement
S7; the bootstrap intervals exclude zero for the
fallow and Echinacea soils only, in agreement
with the crop-block analysis.

Limitations

The principal limitation is the level of replica-
tion of the agroecosystem factor. The soil of each
agroecosystem originates from a single 0.15 ha
plot and was processed as one composite sample;
the four trays are technical subsamples. The study
therefore describes the five soils that were actual-
ly sampled and cannot, by itself, establish that the
differences observed are properties of the agro-
ecosystem types in general.

The response is markedly crop-specific.
Kendall’s coefficient of concordance across the
16 crops is 0.170, so the ranking of agroecosys-
tems obtained with one test species is largely not
transferable to another. Leave-one-out over crops
changes the marginal means by 0.45 to 0.58 units,
an amount comparable to the effect itself. Any
practical recommendation derived from a single
test species should be treated as provisional.

A ceiling effect constrains the germination
endpoints. Winter wheat reached complete ger-
mination in four of the five soils, and four cells
for germination and five for viability contained
no variation at all. The penalized estimation de-
scribed in the Methods keeps these cells in the
analysis, but no bioassay can resolve differences
among soils in a species that germinates com-
pletely everywhere.

The physical arrangement of the trays was
not randomised. Trays were placed haphazardly
on the shelves of a rack beside a window and
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were not rotated during the seven days of the bio-
assay, so shelf position is confounded with tray
identity and with the amount of natural daylight
received. This is the most plausible explanation
of the systematic tray effect, in which the first tray
performed consistently below the others. Speci-
fying the tray as a random intercept, as a fixed
block or omitting it altogether leaves the ranking
of agroecosystems unchanged, so the conclusions
are not driven by this effect; nevertheless a rota-
tion scheme or a randomised position assignment
would remove this source of variation in future
work, and illumination should be recorded rather
than assumed uniform.

Finally, the design measures a soil legacy ef-
fect and not allelopathy in the strict sense. The
composite samples differ in their entire history,
so nutrient status, physical structure and the soil
microbial community vary together with any al-
lelochemical residue, and no chemical charac-
terisation of phenolic or terpenoid compounds
was performed. Attributing the observed dif-
ferences specifically to allelochemicals would
require chemical quantification and activated-
carbon or sterilisation controls, neither of which
was part of this experiment. The bioassay was
conducted indoors under natural daylight on a
single sampling occasion in April, with tempera-
ture between 20 and 25 °C and with photoperiod
and photon flux density unrecorded; the extrapo-
lation of its outcome to field emergence there-
fore remains to be tested.

CONCLUSIONS

1. Early seedling development is controlled
jointly by the biology of the test crop and by
the soil legacy of the agroecosystem, with the
crop dominating. Variance partitioning attri-
butes 43.3% to 91.8% of the variation to the
test crop, at most 7.4% to the agroecosystem
and 5.6% to 31.5% to their interaction; in the
multivariate analysis the corresponding shares
are 70.7%, 3.1% and 16.7%.

2. At the level of replication appropriate to the
design, with the 16 test crops as blocks, one
difference between agroecosystems is sup-
ported after correction for multiple compari-
sons: fallow with mixed herbage exceeds the
Echinacea purpurea soil in composite vigor (A
= 1.440; 95% CI 0.572 to 2.308; p[Holm] =
0.030), and the same contrast is supported for
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root length, shoot length and the Normalized
response index. Germination, viability and the
stress effect index show no differences among
agroecosystems at this level, and the ordering
of the three intermediate soils is descriptive.

. The effect of a soil depends on the species used
to measure it. Kendall’s coefficient of concor-
dance across the 16 test crops is 0.170, and the
crop-by-agroecosystem interaction accounts for
23.1% of'the variance of composite vigor. A bio-
assay based on a single test species is therefore
not a reliable instrument for ranking agroeco-
systems, and multi-species designs are required.
. The integrated indices are informative but part-
ly redundant: the normalized response index
and the stress effect index capture convergent
aspects of early seedling response, and com-
posite vigor summarises them together with
the two length metrics. Their use as rapid bio-
diagnostic instruments is justified, provided
that the level of replication of the factor under
test is respected.

. Explicit attention to the hierarchy of the design
changes the conclusions materially. Treating
the four trays as replicates yields four support-
ed contrasts out of ten; treating the test crops as
blocks yields one. The framework combining
generalized and linear mixed models with mul-
tivariate ordination remains appropriate, but its
output must be read at the level at which the
factor of interest is replicated.

. For agricultural practice the results indicate that
a mixed-herbage fallow constructs a more fa-
vourable soil legacy for early crop development
than an Echinacea purpurea stand, while the
position of apricot, walnut and the abiotic con-
trol cannot be resolved by the present design.
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