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Introduction: The multiple nutritional disorders producing the early decline of
citrus productivity are commonly observed across the citrus belts of northeast
India. This situation is further compounded by a mismatch between annual
addition and consumption of fertilizers, in the backdrop of an erroneous
diagnosis of nutrient imbalance. In this background, we attempted to diagnose
nutrient balance in Khasi mandarin (Citrus reticulata Blanco) orchards using
several diagnostic tools comprising machine learning (ML) tools.

Methods: A database of soil available nutrients (KMnO4-N, Brays-P, NH40Ac-K,
DTPA-Fe, DTPA-Mn, DTPA-Cu, DTPA-Zn) and fruit yield documenting 180 Khasi
mandarin orchards of seedling origin (10-30 years old with row-to-row distance
of 4 m and trees 6 m apart) raised under rainfed conditions in the Meghalaya state
of northeast India. Diagnosis methods were compared: the sufficiency level of
available nutrients (SLAN), the basic cation saturation ratio (BCSR), the
compositional nutrient diagnosis (CND), the diagnosis and recommendation
integrated system (DRIS) and ML tools like random forest and xgboost.

Results: Soil test interpretation of a low-yielding and nutritionally imbalanced
orchard differed among diagnostic methods. DRIS predicted deficient-to-low
concentrations of Zn, Ca, P, N, and K; other nutrients like Fe, Cu, Mn, and Mg were
at optimum-to-high concentrations. CND standards diagnosed Zn deficiency and
Cu excess with potential agronomic manifestations for early decline in
productivity. SLAN interpretation was highly skewed for Ca; moderately skewed
for Mg, Cu and Zn, and unskewed for N, P, K, Fe and Mn. The accuracy of ML
regression models relating nutrient expressions to fruit yield was invariably high,
followed by SLAN. The ML xgboost regression model exhibited the highest
accuracy in predicting fruit yield from soil test. Conversely, the BCSR, which
considers only three cationic dual ratios, was inaccurate. There were distortions
when relating concentration values to DRIS indices to determine ‘optimum’
concentration ranges. The ML classification models showed that concentration
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values were also less accurate than clr to classify data as true negative (TN) or
true positive (TP). The xgboost classification model showed optimum ranges for
N, P, Ca, Mg, Mn, and Cu; whereas K, Fe, and Zn fell below the lower limits.

Conclusion: ML, hence, as a classification approach, aided in discarding cases
of poor yields and high yields showing luxury nutrient consumption or
suboptimal nutrient levels. The soil test standards and site-by-site
comparisons can further support site-specific nutrient management and
precision fertilization. Considering Zn as the most deficient nutrient, Zn
biofortification interventions are recommended to increase fruit yield and

quality in Khasi mandarin.

KEYWORDS

BCSR, Citrus reticulata, DRIS norms, Khasi mandarin, ML tools, nutrient management,
SLAN, sustainable production

1 Introduction

Citrus is one of the important fruit crops grown worldwide.
Countries like China, Brazil, India, Mexico, and the USA account
for nearly 60% of global production. Mandarins (Citrus reticulata
Blanco) dominate over sweet oranges and acid limes/lemons,
totaling an annual production of 167.82 million metric Mg from
an area of 10.62 million ha with a current productivity of 15.80 Mg
ha™ (Megagrams = Mg) (USDA, 2024). In India, citrus production
is estimated at 14.8 million Mg occupying an area of 1.09 million ha
(Agricultural Statistics, 2024). ‘Khasi’ mandarin is grown as
seedlings primarily on coarse textured acid soils under rainfed
conditions, representing a diversity of landscapes represented
predominantly by hillside slopes, frequently erosion and loss of
fertile topsoil (Rymbai et al., 2022). The average productivity of 4.9
Mg ha™', far below 13.6 Mg ha™' as the national average
(Horticultural Statistics at a Glance, 2024), is the major cause for
concern, calling for an in-depth scientific investigation. Low citrus
yield is therefore a serious issue in the Indo-Myanmar region due to
multiple nutrient deficiencies, the world’s primary center of citrus
diversity (Rymbai et al., 2024).

Current fertilization programs heavily rely on general
guidelines. However, such programs are still not customized in
relation to orchard age and crop phenology, resulting in premature
decline in orchard productivity (Srivastava and Singh, 2004).
Despite large scale deficiencies of nutrients like N, K, P, Zn, Ca,
Mg, Cu, and Mn (Barthakur, 2018; Srivastava and Singh, 2004), the
response of mandarins to fertilization, however, continues to be
inconsistent. Regional standards should be customized to enhance
diagnostic accuracy (Ferrandez-Camara et al., 2021) and relieve
nutrient constraints.

Soil tests are still not common in northeastern India (Srivastava
and Singh, 2005) compared to other regions (Obreza and Morgan,
2008). The diagnostic tools like SLAN and BCSR are commonly
used to interpret soil test results (Dahnke and Olson, 1990). The
SLAN diagnoses nutrients separately, whereas BCSR considers
relationships among the basic cations (Ca, Mg, and K). On the
other hand, SLAN is much simpler, but often less precise than DRIS
or CND at detecting imbalances and predicting yield when applied
across a variety of perennial woody crops (Morais et al., 2019). The
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BCSR rarely gives consistent yield benefits over more conventional
liming/fertility guidance and is poorly validated for nutrient-
limitations in many crops, including tree crops. BCSR used for
soil physical/long-term management is not as precise as tissue-
based yield diagnostics (Chaganti et al., 2021). There have been
some disagreements regarding the effective interpretation of soil test
results using SLAN (Dahnke and Olson, 1990) and BCSR (Culman
et al.,, 2021). On the other hand, DRIS combines nutrient indices
and all available dual ratios from soil test reports, including soil
cationic dual ratios (Beaufils and Sumner, 1976). DRIS and CND
are suitable to diagnose nutrient balance after treatment in citrus
and illustrate the practical sensitivity of DRIS and CND relative to
univariate thresholds (Huang et al, 2012). DRIS and CND are
reported to be equivalent in linking tissue data to orchard
performance (Labaieda et al., 2018).

Log ratios have been developed to address the back-looping of
added proportions upon closure and control data distribution
(Aitchison, 1986). Centered log ratios combine dual ratios into
multi-nutrient variables to address nutrient interactions as CND
diagnosis (Parent and Dafir, 1992). The non-parametric ML models
are known to predict the yield and quality of fruit crops from several
explanatory variables, including soil and tissue test results.
Interactions can be handled effectively during modelling
(Chlingaryan et al., 2018; Huynh-Thu and Geurts, 2019; Parent,
2025a). ML tools and CND methods offer an alternative to SLAN,
BCSR, and DRIS. ML models and CND can customize fertilization
for precision farming based on site-specific conditions documented
in a database (Parent, 2025b). ML regressors (PLS-R, Random
Forest, SVM, XGBoost, CNNs) also achieve moderate to high R?
for several nutrients (often R* > 0.60 for P, K, B; lower for others)
and classification accuracies for deficiency detection frequently
>80% in controlled datasets (Acosta et al., 2023). ML is promising
(good R?, classification scores) in citrus trials (Costa et al., 2022).
The ML could thus improve diagnostic coverage and enables
precision interventions.

It is hypothesized that (1) ML modelling can provide higher
diagnostic accuracy compared to classical soil fertility evaluation
systems, and (2) nutrient diagnoses derived from SLAN, BCSR,
DRIS, and CND differ in Khasi mandarin orchards of northeast
India. Our eventual objective is to identify the underlying causes of
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nutrient imbalances in Khasi mandarin orchards using diagnostic
tools supporting site-specific fertilization decisions.

2 Materials and methods
2.1 Citrus sites and experimental orchards

A total of 180 10- to 30-year-old orchards (250-1200 trees by
orchard on average) of ‘Khasi’ mandarin were documented during
2016 to 2023 period in multiple years in the Himalayan foothill
tracts of Meghalaya state, India (25.03333 to 26.11667 N latitude;
89.8000° to 92.83333 E longitude, and altitude 100 to 1400 m). The
other contextual variables of identified orchards are highlighted in
Supplementary Table 1. The terrain consisted of numerous
peneplains, hilly relief, plateaus, rocky, uneven hills, and several
river and stream valleys with sporadically distributed human
settlements. The uninterrupted range of hills is characterized by
steep slopes in the south, and by a highly undulating and irregular
terrain in the west and the north. Tree spacings were 4 m row-wise
and 6 m as inter-plant distance. The region is characterized by a
humid subtropical monsoon climate, highly suitable for growing
mandarins. At lower altitudes, particularly on the southern and
western sides, the climate tends to be warmer than at higher
altitudes. Annual precipitations ranged from 4000 to 11,436 mm
(mean annual rainfall of 3135 mm), temperatures varying between
5°C and 32°C (mean temperature in summer and winter are 31°C
and 4°C, respectively, with average annual temperature of 20°C).
Relative humidity ranged from 76% to 92%.

The fruit yield of the test trees was determined by visual
observation on the performance of the majority of trees and later
identifying 4-5% trees within this group in an orchard. The number
of fruits in the selected trees was counted during harvesting, and the
fruit weight (50 fruits per tree) was measured. The average fruit
weight was multiplied by the number of fruits to give yield per tree
expressed as metric Mg per hectare (Mg ha™). These orchards were
maintained under uniform management practices.

2.2 Collection and analysis of soil samples

Soil samples were collected from the 0-20 cm layer within the
skirt belt zone trees (near the canopy drip line, having maximum
concentration of feeder roots). The composite sampling consisted of
10-25 subsamples collected from the uniformly performing block of
trees in each orchard. The soil samples were collected at a time
matching the maximum expansion at growth stage of leaves of the
current season flush (July-September, 4-6 months-old growth of
new leaves). These samples emerged from the same season of
multiple years.

The soil samples were mixed thoroughly, all the clods broken,
debris removed, air-dried, ground and sieved through 2-mm sieve,
then subjected to various analyses. The analysis of soil available
nitrogen (available N) was performed using the alkaline potassium
permanganate (KMnO,) steam distillation method, as described in
Subbiah and Asija (1956). The available phosphorous was
determined by the Bray-1 extraction method, followed by
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molybdenum blue colorimetric determination using a
spectrophotometer at wavelength of 660 nm (Model: Spectronic
21D, USA) (Bray and Kurtz, 1945). Available potassium was
extracted using neutral 1 N ammonium acetate (NH,OAc)
solution at a soil-to-extractant ratio of 1:2 and quantified by
flame emission photometry (Model: Elico 24C, India) (Chapman
and Pratt, 1978). Soil micronutrients (Zn, Cu, Mn, and Fe) were
extracted using the DTPA extractant (0.005 M DTPA, 0.01 M
CaCl,, and 0.1 M triethanolamine) adjusted to pH 7.3 (Lindsay
and Norvell, 1978) and quantified by atomic absorption
spectrophotometry (Model: GBC 908, Australia).

2.3 Data distribution

Data distribution was classified as symmetrical, where skewness
is observed between -0.5 and +0.5; while skewness is considered
high if values are observed as less than -1 or greater than +1 (Hatem
et al., 2022).

2.4 Computations through SLAN and BCSR

The SLAN is a philosophy of fertilizing the crop aimed to
maximize crop yield with minimum nutrient use, excluding any
concern about building up the nutrient stock of soil. Nutrient
availability is addressed individually based on established critical
levels (Black, 1993) for low/very low, medium, high/very high
categories, depending on potential crop response. On the other
hand, BCSR calculates proportions of the cation exchange capacity
of soil occupied by basic cations Ca**, Mg®", Na* and K", and
computes cationic ratios. Values thought to be ‘ideal are as follows
(McLean, 1984): 65-75% Ca saturation of the cation exchange
capacity (CEC), 2.5-5% Mg saturation, 2.5-5% K saturation, 2-
10% exchangeable acidity, 7:1 as Ca/Mg molar ratio, 15:1 Ca/K
molar ratio, and 3:1 Mg/K molar ratio (Dahnke and Olson, 1990).

2.5 Computations through DRIS

For the establishment of DRIS ‘norms’, the sample population
was carefully separated into high-productivity (reference
population) and low-productivity (non-reference population)
orchards using the critical value approach (R?) as per the
statistical procedure of Cate and Nelson (1971). The yield value
was initially listed in descending order. The adjusted sum of squares
of the two populations was estimated from the low yield data,
progressing to each successive yield value known as R* (Figure 1).
The sample population with R* value greater than the maximum
yield data was regarded as the “high yielding” or “reference
population”; whereas the remaining samples were regarded as the
“low productivity” population.

Dual ratios between nutrients A and B were computed as A/B
or B/A. The variance ratio of A/B or B/A ratios between both
subpopulations were computed as per F-test as follows (Walworth
and Sumner, 1987):

S$*(4 )non - reference population

Fyp =
A/B S?(4 )reference population
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FIGURE 1

Determining the cut-off value to separate the high - and low - yield orchards (180 orchards) using the critical value approach (R?) as per the
statistical procedure of Cate and Nelson (1971). EY — expected yield, CSS - corrected sum of squares for 180 orchards, TCSS — total corrected sum

of squares for 180 orchards, Max R? - maximum RZ.

S*(£ )non — reference population}

Fg/s =
B/A { S%( 2 )reference population

The variance showing the highest F-value across iterations was
selected to set a statistically significant yield cutoff and compute
DRIS norms and functions (f) for the dual ratio, as follows:

For A/B < a/b:f(4) = [1 - a/_b] 100
IFA/B = a/b:f(%) _
A/B

If A/B >a/b:f(%> _ L/b -1

where A/B is the dual ratio of the diagnosed specimen, a/b is the

100k
CV%

corresponding mean of the high-yielding specimens, CV (%) is the
coefficient of variation of the dual ratio of the high-yielding
specimens, and k (= 10) is a constant to control the number
of decimals.

DRIS index for nutrient A was computed as the sum of DRIS
functions involving nutrient A, where DRIS functions was
multiplied by +1 if A is at numerator and by -1 if A is at
denominator. The sum of DRIS indices is zero as a result of the
symmetry inherent to the balance concept. A critical soil test value
(n;) where crop yield exceeded 90% of the maximum yield was
computed from the ratio (Q) between yield (Y) and (#;) as follows
(Maia et al., 2001):

Y
Q=—
1
Q was determined similarly, using equations

CLi (1.281552 s1) + ml
1=
(1.281552 s2) + m2

ml and sl are the arithmetic mean (AM) and standard deviation
(SD) of Y, and m2 and s2 are the AM and SD of Q, respectively. The
tabulated value 1.282 was used as the standard distribution.
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The DRIS nutritional balance index (NBI) was computed across
DRIS indices irrespective of sign, as follows across nutrients A to N
(Beaufils, 1973):

NBI = |I DRIS A|+|I DRIS B|+|I DRIS C|+...
+|I DRIS N|

The NBI was averaged as NBIa as follows across # DRIS indices
(Wadt 1996):

NBI
NBIa = —
n

As many as five interpretation classes were used for establishing
potential fertilization response (PFR) by comparing each nutrient
index (Iy) to NBla (Supplementary Table 2). Classes were further
grouped as follows (Silva et al., 2005): (LL) limiting (high insufficiency
and insufficiency), (NL) non-limiting (balance), and (LE) limiting by
excess (excess and high excess). The statistical test (chi-square, 5%)
compared PFR classes using observed (OF) and expected (EF)
frequencies computed as follows (Urano et al., 2006):

The statistical test (chi-square, 5%) compared PFR classes using
observed (OF) and expected (EF) frequencies computed as follows
(Urano et al., 2006): EF (%) = [(total number of plots evaluated/total
number of nutrients evaluated)/total number of plots evaluated] x
100; and OF (%) = (number of plots in which the nutrient was
considered the primary limiting factor due to deficiency/total
number of plots evaluated) x 100.

Total number of plots evaluated
Total number of nutrients

100
Total number of plots evaluated:| x

EF%=|:

OF % {Number of plots in which the nutrient was p}
b =

Total number of plots evaluated

x 100

Raw concentration values are more familiar to stakeholders than
DRIS indices. Raw concentrations were related to DRIS indices to
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allow computing concentration means and standard deviations (s) for
each nutrient across the entire population, as mean + 4 s and mean +
35 Nutrients showing values less than mean —£s were deemed
deficient. Values between mean+%s and mean+3s were
%5 were
considered excessive. Sufficiency ranges were set as lower and upper

bounds of mean + %s (Srivastava and Singh, 2008).

diagnosed in the high range, while those above mean +

2.6 Computations through CND

Soil data are compositional data, i.e. strictly positive and
intrinsically multivariate data (Aitchison, 1986). Multivariate
relationships as dual ratios were transformed into dual log ratios
to project them into the real space (+eo) appropriate to conduct
statistical analyses (Steel and Torrie, 1980). Dual log ratios are
additive as centered log ratios (clr) as follows for the component x;
in a D-parts composition (Greenacre et al., 2023):

X

clr, = ln( ! ) :i (ln(ﬁ) +ln<ﬁ) +... +ln(ﬁ))
' gx) D X1 X Xp

where g(x) is the geometric mean across components. To close the

simplex and allow back-transforming clr values into familiar
concentration values, a filling value is computed by the difference
between the measurement unit and the sum of quantified
components. The clr is the average of dual log ratios (Greenacre
et al., 2023), as follows for nutrient N:

()

N N N N N N
== X—X—=X—X—X—
(N P K Ca Mg”s

5 (&) (5) + (D)

N N N N N
— X — X=X —— X — X ... X
B Cu Zn Mn Fe

10.3389/fagro.2026.1719690

The back-transformation is computed as follows:

unit
x; = exp(clr,,) X —
i K
Where unit is a measurement unit and x is the sum of
exp(clr,,) values.
The clr’s have Euclidean geometry, as follows (Aitchison, 1986):

€= Egl(clrxi - (:lr;)2

where, (clr,, —clr;, ) is the difference between two equal-length
compositions, allowing to compare a performing plant (clr;;) toa
defective one (clr,.) in portions of the field or in comparable fields
(Munson and Nelson, 1990). A small database can thus suffice for
diagnostic purposes at local scale allowing us to meet the objective
of precision farming with minimum effort for data acquisition. The
(clry, = clr; ) distance between two equal-length soil compositions,
ie., those for abnormal and normal performing plants, can be
displayed in a histogram to illustrate relative nutrient shortage,
sufficiency or excess. Soil test for the abnormal plant can be
rebalanced by adding the most limiting nutrients in such
amounts to reach and maintain soil test for the normal plant.

Where a database is large enough as is the case here, clr indices
can be computed using nutrient standards as follows for clr;
(Parent and Dafir, 1992):

Iry — clry
Index clr,; _ (dra ~dr,) T clry)

Sclrx,-

where the clr; refers to t diagnosed specimen, and the asterisk
indicates the corresponding means and standard deviations for the
high-yielding and nutritionally balanced subpopulation. The
workflow of steps involved with computation of DRIS norms is
further presented (Figures 2A, B).

@

Sample collection & analysis

Critical Value

Approach (Max R?) lCate-Nelscu (1971)

Separationinto HY & LY Population

Letzsch (1985);

F Value calculation
Walworth & Sumner (1987)

Selection of Dual Ratios

l Beaufils method (1973)

DRIS Indices
da Silva et al.
PFRI (2021)

P,PZ,Z,NZ,N

Nutritional ¥ siiva et al. (2005)

Validation by
Cate—Nelson
partitioning model

NPV, PPV, Ac,
Sp, Sens

Limiting, Non-Limiting

& Limiting by excess

__Selection of
limiting nutrients

Field Application

Cate and Nelson (1971)

®)

Database (yield classes)

l

clr transformation

N

Calibration dataset Validation dataset

N/

Cross-validation

N

Specimen Classification

l

High and nutritionally
balanced specimens

I

Nutrient standards
(CND indices)

FIGURE 2

Work flowchart for computation of (A) DRIS indices and (B) Machine learning. HY — high yielding; LY- low yielding; PFR, potential fertilization
response; P, positive, with high probability; PZ, positive or null, with low probability; Z, Null; NZ, Negative, with low probability; N, Negative, with high
probability; NPV, negative predictive value; PPV, positive predictive value; Ac, Accuracy; Sp, Specificity; Sens, Sensitivity; clr, centered log ratios
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2.7 Procedural steps for ML models

Nonparametric ML decision-tree models could handle
interactions in high-dimensional databases (Chlingaryan et al,
2018; Huynh-Thu and Geurts, 2019). Classification ML
models were run using the Orange Data Mining freeware
vs. 3.37.0 (University of Ljubljana, Slovenia). Nonparametric
ML classification models set apart nutritionally balanced and
imbalanced subpopulations in a confusion matrix. Random Forest
is the classical ML decision tree model. Gradient boosting assembles
weak learners and minimizes the loss function to make a
stronger learner.

There was no missing data. Concentration and log ratio-
transformed data were analyzed for skewness (Hatem et al,
2022). Crop yield was the target variable. Concentration and log
ratio-transformed data were the explanatory variables. There were
no categorical variables, hence no need for stratification. The entire
procedure involved following important steps:

2.7.1 Model hyperparameters

Classification ML models were run using the Orange
Data Mining freeware (University of Ljubljana, Slovenia).
Nonparametric ML classification models set apart nutritionally
balanced and imbalanced subpopulations in a confusion matrix.
Random forest is the classical ML decision tree model. Gradient
boosting assembles weak learners and minimizes the loss function
to make a stronger learner. Hyperparameters were those suggested
by the Orange Data Mining software. For Random Forest, there
were ten trees and at least five subsets per split. For XGBoost, there
were 100 trees, a learning rate of 0.300, replicable training, six
individual trees as limit depth, 1.00 as fraction of training instances,
features for each tree, features for each level, and features for
each split.

2.7.2 Variable importance ranking

Different nutrients such as Ca (clr Ca 90.078) ranked as first
discriminating variable between the high- versus low-yielding
subpopulations, followed by Cu (cIr Cu 0.054), Zn (clr Zn 0.049),
Mg (clr Mg 0.043), N (clr N 0.019), Fe (cIr Fe 0.019), K (clr K 0.015),
Mn (clr Mn 0.011), P (clr P 0.011) in increasingly decreasing order.

2.7.3 Method to control overfitting

There were no categorical variables, hence no need for
stratification to avoid overfitting. We conducted calibration/
validation tests (70:30). If the area under curve (AUC) exceeded
0.7, model performance was acceptable (Swets, 1988) and cross-
validation was run across the whole database. Five, ten, and 20 splits
of mutually exclusive datasets were tested in cross-validation. Ten
splits returned to the most performing cross-validation models.

2.7.4 Addressing the spatial autocorrelation

Data were collected across a large region, not within the well-
defined limits of an orchard.
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2.7.5 Rationale for choosing random forest and
XGBoost

We tested seven models provided by the software, but Random
Forest and XGBoost were the most performing. The workflow of
ML tools is further highlighted (Figures 2A, B).

Random Forest and XGboost ML classification models were run
using the Orange Data Mining freeware vs. 3.37 (University of
Ljubljana, Slovenia). Each quadrant represented a class of probable
response to inputs as follows:

* True Negative (TN, Quadrant I): adequate nutritional status,
as the high-yield subpopulation was correctly diagnosed as
balanced. No response expected.

» False Positive (FP, Quadrant II): nutrient luxury
consumption by the plant or slightly below-optimum
concentration. Reduce nutrients found in relative excess.

+ False Negative (FN, Quadrant III): low yield caused by
another limiting factor, as the low-yield subpopulation is
diagnosed as nutritionally balanced. Identify the
limiting factors.

e True Positive (TP, Quadrant IV): at least one nutrient
limiting crop performance. Strong response expected.

3 Results
3.1 Crop yield and soil tests

Fruit yield varied widely from less than 4 to 66 Mg ha
(Table 1). Soil test values showed coefficients of variation varying
from 15.77 to 35.72%. Soil test data used for SLAN interpretation
were highly skewed for Ca; moderately skewed for yield, Mg, Cu
and Zn; and symmetrical for N, P, K, Fe and Mn. All cIr data
were symmetrical.

3.2 Soil -based DRIS norms

DRIS norms for soils of ‘Khasi’ mandarin orchards (Table 2)
showed the coefficients of variation ranging from 12.88 to 31.99%.

t1Cut-off yield was worked out to create a reference high
yielding subpopulation representing nutrient status leading to
high yield using critical value approach, although it has very little
effect on the final outcome of DRIS norms. The mean nutrient ratios
and their coefficients of variation from high yielding subpopulation
produced the DRIS norms. The variability (variance ratio) between
the low and high-yielding subpopulations for specific nutrient ratios
was used to select discriminatory expression of nutrients, and thus
suitable for inclusion in the calculation of DRIS model.

3.3 DRIS- based optimal range of nutrients
DRIS indices were converted into concentration values.

Applying confidence intervals as mean+%s and mean+%s for
each nutrient, soil test results were interpreted (Table 3).
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TABLE 1 Statistical variation in crop yield and soil test results (xD = filling value).

Variable Standard deviation Minimum Maximum  Coefficient of variation = Skewness
Mg ha™ %
Yield 25.22 16.64 3.66 66.07 66.00 0.57
mg kg
N 253.92 40.05 150.70 367.82 15.77 0.22
5.51 1.03 4.10 7.40 18.71 0.46
K 173.67 38.61 98.33 247.22 2223 -0.02
Ca , 225.66 45.26 153.30 361.00 20.06 1.24
Mg 50.10 15.00 24.98 91.48 29.94 0.85
Fe 29.89 9.22 13.00 52.27 30.85 0.04
Mn 10.25 2.23 6.01 16.38 21.72 -0.20
Cu 0.99 0.21 0.61 1.56 21.42 0.59
Zn ' 1.08 0.39 0.49 1.97 35.72 0.51
clr
N 1.419 0.112 1.060 1.888 - 0.11
2416 0.162 2714 -2.057 - 0.21
K 1.025 0.202 0.600 1.368 - -0.26
Ca , 1.295 0.139 1.022 1.616 ' - 0.39
Mg -0.234 0.207 -0.830 0.219 - -0.38
Fe -0.761 0.298 -1.490 -0.250 - -0.47
Mn -1.804 0.205 -2.303 -1.228 - -0.08
Cu -4.139 0.237 -4.757 -3.718 - -0.13
Zn , -4.094 0.285 -4.680 -3.489 ' - -0.12
xD 9.709 0.121 9.376 9.928 - -0.44
TABLE 2 Soil-based DRIS norms for ‘Khasi’ mandarins at a yield cutoff of Estimated critical levels (90% maximum yield) were obtained

-1
19.23 Mg ha™. within ‘optimum’ nutrient ranges assessed statistically.

Rati M CVi  Rato M cv . .
atio s ! atio call ! 3.4 Nutrient constraints and NBI

N/Ca 1.268 12884 | Fe/Ca 0.153 27.656
N/Zn 275,617 21225 | Fe/Mg 0.578 24814 NBI described the general status of nutrient balance in citrus.
NBI was negatively related to crop yield (r = 0.83, p< 0.01). High
P/N 0.021 13293 | Fe/Mn 2.902 22,673 ) ) ] i
NBI values were associated with lower yields, and vice-versa
P/C 0.026 13441 | Fe/C 32.724 25.601 ) . o .
¢ ot (Supplementary Figure 1). The soil-based DRIS indices ranging
F/Zn 5768 22458 | FelZn 33.240 31.987 from -8.09 to -2.12 diagnosed low levels of Zn, Ca, P, N and K.
K/N 0.634 14783 | Mn/N 0.042 13.861 Nutrients like Mg, Cu, Mn, and Fe showed increasingly positive
K/P 30435 15970 | Mn/P 2.018 18.157 indices (ranging from 2.48 to 11.90), indicating relatively high to
K/Ca 0.797 14979 | Mn/K 0.067 16.999 excessive levels (Figure 3).
K/Zn 173.266 22519 | Mn/Ca 0.053 17.775 . .
3.5 Potential nutrient response
Ca/Zn 219333 21515 | Mn/Mg 0.201 16316
Mg/N 0212 16.386 | Mn/Zn 11.536 26.185 The statistically constructed crop response classes are presented
Mg/P 10.173 17537 | cuN 0.004 20225 in Table 4. It provided an insight about the high possibility (P) of
Mg/K 0338 16863 | Cup 0.182 21,349 improving fruit yield as a result of fertilizer application and
established the crop response -based nutrient deficiencies. In
Mg/Ca 0.267 17845 | CwK 0.001 22.107 i . i
contrast, some nutrients showed a low probability (N) of nutrient
Mg/zn >7802 22549 | Cu/Ca 0005 21472 response upon fertilization. In the high-yielding subpopulation, the
Fe/N 0.121 24891 | Cu/Mg 0018 21941 relative frequencies of possible nutrient response to fertilization of
Fe/P 5.796 24221 | Cu/Mn 0.091 19.332 Zn were observed 10.67-12.00% higher over P, Ca and Mg
Fe/K 0.193 26.716 Cu/Zn 1.037 28.521 fertilization (P) Soils being acidic in nature with lime application,

Zn response was observed still higher by 17.33% and 18.67%,

TCoefficient of variation (%).
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TABLE 3 Soil test interpretation for ‘Khasi’ mandarin orchards in this study and comparisons with other studies.

Critical

Nutrient Deficient Optimum Excess level Optimum
mg kg™

This study (‘'Khasi’) ‘Khasi‘t ‘Nagpur's
N <178.32 178.32-213.04 213.04-282.46 282.46-317.18 >317.18 262.12 142-222 94.8-154.8
P <3.69 3.69-4.71 4.71-6.74 6.74-7.76 >7.76 5.84 59-8.3 6.6-15.9
K <152.03 152.03-181.95 181.95-241.81 241.81-271.73 >271.73 209.30 110-270 146.6-311.9
Ca <151.96 151.96-185.7 185.70-253.20 253.20-286.94 >286.94 217.87 152-281 401.0-601.6
Mg <36.48 36.48-44.96 44.96-61.90 61.90-70.37 >70.37 53.90 28-79 85.2-369.6
Fe <28.03 28.03-35.01 35.01-48.99 48.99-55.97 >55.97 43.19 32-49 10.9-25.2
Mn <725 7.25-8.90 8.90-12.18 12.18-13.82 >13.82 10.58 26-41 7.5-232
Cu <0.58 0.58-0.75 0.75-1.10 1.10-1.28 >1.28 0.88 0.89-1.4 25-5.1
Zn <1.52 1.52-1.82 1.82-2.44 2.44-2.74 >2.74 1.94 1.2-24 0.59-1.26

‘tManipur, Indo-Myanmar region, Eastern India (Sarangthem et al., 2014).
$Maharashtra and Madhya Pradesh, Central India (Srivastava and Singh, 2008).

respectively, for possible response of N and Mn fertilization (P),
besides Cu and Ca/K showing highly negative response to
fertilization (N). In low-yielding orchards, these nutrient response
dynamics displayed Zn fertilization as having the highest
probability of response, followed by Ca and P in decreasing order
(P), with Fe and Mn producing highly negative nutrient
response (N).

Correspondingly, the yield limited by nutrient shortage or
excess in the high-yielding subpopulation of orchards versus low-
yielding orchards showed a significantly uniform pattern of
expected crop response on account of fertilization (Table 5). In
high-yielding orchards, the most frequent cases of nutrient shortage
were observed for Zn (37.33%), followed by P (28.00%). Yield was
limited by excess of Fe (41.34%) and Cu and Ca (29.34%). In low-
yielding subpopulation orchards, the most frequent cases of
apparent shortage were Zn (65.71%), Ca (61.90%), P (49.52%), N
(44.76%) and K (38.10%). There was an apparent excess of Fe, Mn,
Cu, and Mg in 78.10%, 41.90%, and 33.33% of the cases,
respectively. Chi-square tests were significant across these
nutrient response classes (Supplementary Table 3).

3.6 Validation of soil-based DRIS norms

In the high-performance subpopulation, 82.7% of all orchards
showed an apparent nutrient shortage correctly as true negative
(TN). The remainder was classified as false positive (FP), an
imbalanced nutritional status (Figure 4). In the low-performance
population, 89.5% of the orchards were TP and the remainder
10.5% were FN. The PPV was 88%, the NPV, 85% and the accuracy,
87%. The probability of correct classification of orchards as
balanced was 83%.

3.7 ML models

There were nine nutrient concentrations to assess the
performance of raw soil test values representing SLAN, three dual
ratios (Ca/Mg, Ca/K,K/Mg) representing BCSR, and ten clr
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variables representing CND. The xgboost regression model
showed the highest accuracy using clr as nutrient expression
(Table 6). SLAN, based on nutrient concentrations, was the
second most accurate model. The BCSR that addressed only three
cationic dual ratios was inaccurate.

The ML classification models showed that concentration values
were less accurate than clr to classify data as TN or TP (Table 7).

The clr nutrient standards were computed for the 92
nutritionally balanced and high-yielding subpopulation set apart
by the xgboost classification model (Table 8). The back-transformed
clr means into the more familiar concentration values were
compared to the ‘optimum’ ranges. N, P, Ca, Mg, Mn, and Cu
centroids fell within the concentration range. K, Fe, and Zn
centroids were below the lower bounds, indicating distortion at
the step of relating concentration values to DRIS indices to derive
‘optimum’ concentration ranges.

The orchard showing the lowest fruit yield was diagnosed
against the closest high-yielding specimen showing 32.17 Mg ha™
and Euclidean distance of 0.42. Zn was found to be in relative
shortage and Cu in relative excess (Supplementary Figure 1). The
Zn CND index was significant at the 0.02 level and Cu excess at the
0.08 level (Supplementary Figure 2), indicating Zn apparent
limitation and intensive use of Cu-based fungicides.

4 Discussion

4.1 Yield cutoff

The citrus orchards were primarily located in the hilly terrains
of the eastern Himalayas, presenting a unique agroecological setup
requiring crop-specific management practices leading to differential
yield potentials (Rymbai et al., 2024). There are several selection
methods to set apart a reference subpopulation (Letzsch, 1985;
Walworth and Sumner, 1987). In the present study, the critical
value approach (R*) was adopted as per the statistical procedural
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Display of nutrient constraints using soil-based DRIS norms for Khasi mandarin orchards of northeast India.

steps of Cate and Nelson (1971) to define a yield cut-off value. Yield
cut-off (19.23 Mg ha') was lower compared to 38 Mg ha™ for
mandarin budded on sour orange [Citrus aurantium (L.)] and
grown on alkaline calcareous clay loam soils in Tunisia (Labaieda
et al,, 2018) and to 20 Mgha for Nagpur mandarin grafted on
rough lemon (Citrus jambhiri Lush) and grown on alkaline black
clay soils in central India (Srivastava and Singh, 2008). Mandarin
was raised from exclusively seedlings on the Himalayan highly
acidic sandy loam-loam soils under rainfed conditions. In other
studies, mandarin plants were specific rootstock-scion
combinations grown under irrigated conditions. Moreover,

ecotypes, climate, geographical landscape and management
practices differed.

4.2 Soil test interpretation

4.2.1SLAN

The interpretation of soil test results is commonly conducted
using concepts developed circa 80- years ago as SLAN and BCSR
(McLean, 1984). SLAN diagnoses nutrient concentrations in the
soil, disregarding distorting effects of nutrient interactions and non-

TABLE 4 Frequency of distribution % expected crop response to fertilization in ‘Khasi’ mandarin orchards.

Nutrient Positive (P) Positive/Null (PZ) Null (2) Negative/Null (NZ) Negative (N)
%
High-yield subpopulation
N 533 16.00 53.33 17.33 8.00 100
P 1333 14.67 49.33 1333 9.33 100
K 9.33 16.00 49.33 10.67 14.67 100
Ca 12.00 1333 45.33 14.67 14.67 100
Mg 12.00 9.33 56.00 17.33 533 100
Fe 4.00 17.33 37.33 30.67 10.67 100
Mn 6.67 12.00 58.67 1333 9.33 100
Cu 10.67 10.67 49.33 10.67 18.67 100
Zn 24.00 1333 38.67 1733 6.67 100
Low yield subpopulation

N 10.48 34.29 41.90 1048 2.86 100

1333 36.19 39.05 9.52 1.90 100
K 571 32.38 46.67 1429 0.95 100
Ca 23.81 38.10 30.48 571 1.90 100
Mg 1.90 1143 53.33 20.95 1238 100
Fe 1.90 9.52 10.48 30.48 47.62 100
Mn 2.86 1238 42.86 20.00 21.90 100
Cu 3.81 1524 39.05 32.38 9.52 100
Zn 36.19 29.52 2381 9.52 095 100

tA clear-cut difference in expected crop response to fertilization is visible, while comparing low-yielding versus high-yielding subpopulation via variation in P-values (4.00-24.00 versus 1.90-

36.19) and N-values (5.33-18.67 versus 0.95-47.62).

Frontiers in Agronomy

09

frontiersin.org


https://doi.org/10.3389/fagro.2026.1719690
https://www.frontiersin.org/journals/agronomy
https://www.frontiersin.org

Rymbai et al.

TABLE 5 Frequency distribution of ‘Khasi’ mandarin orchards in each nutritional class.

10.3389/fagro.2026.1719690

Soil nutrients Relative shortage No limitation Relative excess Total
%
High-yielding subpopulation
N 2133 53.33 25.33 100
p 28.00 4933 22.66 100
K 2533 49.33 25.34 100
Ca 2533 4533 29.34 100
Mg 2133 56.00 22.66 100
Fe 21.33 37.33 41.34 100
Mn 18.67 58.67 22.66 100
Cu 2134 49.33 29.34 100
Zn 37.33 38.67 24.00 100
Low-yielding subpopulation
N 44.76 41.90 13.33 100
p 49.52 39.05 11.43 100
K 38.10 46.67 15.24 100
Ca 61.90 30.48 7.62 100
Mg 13.33 53.33 3333 100
Fe 11.43 10.48 78.10 100
Mn 15.24 42.86 41.90 100
Cu 19.05 39.05 41.90 100
Zn 65.71 23.81 10.48 100

normal data distribution. SLAN is generally supported by fertilizer
trials. General guidelines are proposed in terms of soil test classes
using relative yields as response variable. Compared to absolute
yields, relative yields are more closely correlated to soil tests (Pearce
et al,, 2022). Crop response curves provide yield response patterns
to make representative fertilizer reccommendations in each soil test
class. Alternatively, SLAN can take advantage of closure and higher
accuracy of clr expressions compared to raw concentrations.

4.2.2 BCSR

BCSR addresses relationships between soil cations only, setting
a priori ranges for ‘ideal” soils and disregarding other interactions
and data distribution. BCSR computes dual cationic ratios and the
saturation of the cation exchange capacity (CEC) by each cation. In
the present study, the Ca/Mg, Ca/K and Mg/K molar ratios were 2.9
£0.7,2.8 £0.7 and 1.1 £ 0.7, respectively, much lower than in the

NPV=0.85 | | PPV=088 | [ Acc=0.87 | [ Sp=0.83 | | Sen-0.90
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FIGURE 4

Sens., Sensitivity.

NBI

Cate-Nelson partitioning into quadrants of the surveyed Khasi mandarin orchards. |: adequate nutritional status. Il: luxury consumption or suboptimal
level. lll: nutritional imbalance caused by at least one nutrient. IV: another limiting factors impacting crop performance. NPV, Negative Predictive
Value; PPV, Positive Predictive Value; TN, True Negative; FP, False Positive; TP, True Positive; FN, False Negative; Acc., Accuracy; Sp., Specificity; and
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TABLE 6 Performance of the regression model at yield cutoff of 19.23
metric Mgha™.

Random forest xgboost
Nutrient expression
RMSE R2 RMSE R®
Concentrations 8.074 0.763 7.378 0.802
Cationic ratios 14.333 0.254 13.495 0.339
cr 7.025 0.821 6.913 0.827

suggested ‘ideal’ soil (Dahnke and Olson, 1990). There is a
widespread agreement among soil fertility scientists that
BCSR is not a legitimate as a ‘soil balancing’ general approach
(Culman et al., 2021). Indeed, crop performance is not
impacted across extremely wide variations in dual cationic ratios
(Dahnke and Olson, 1990). The K fertilization also depends on
clay properties (Breker et al., 2019). The ML model did not
support the suggested dual cationic ratios commonly reported
in the literature (Dahnke and Olson, 1990). BCSR where
CEC is computed as the sum of exchangeable cations and
exchangeable acidity (Quaggio et al., 1985) proved to be useful
for making lime and gypsum recommendations in tropical soils
(Natale et al., 2012).

The lower accuracy of BCSR for soil fertility management is due
to the assumption of a single ideal cation ratio across soils and
crops. However, there could be the specific roles of Mg, K and Ca on
crop vield, soil pH, aggregation, health and biological activity, over-
emphasis on ratios over sufficiency level of nutrients, neglecting the
actual concentration of all nutrients and undue risk of over-
fertilization (Chaganti et al., 2021). Comparing BCSR and SLAN
is a false dichotomy when considering the management of soil
acidity (Culman et al,, 2021).

4.3 Buildup and maintenance concept

The rapid build-up and maintenance of soil test levels is a
common practice to adjust fertilization to crop performance
(Dahnke and Olson, 1990). The P and K fertilizer recommendations
should maintain soil test P and K the medium soil fertility classes to
avoid soil mining. However, basing nutrient requirements on nutrient
balance sheets and nutrient-use efficiency coefficients may lead to
overfertilization in tropical soils (Nowaki et al, 2017). The right
fertilizer dosage is speculative in the absence of fertilizer trials.
Alternatively, soil test results could be integrated into ML models to
make more accurate predictions of absolute yields and fertilizer
requirements for comparable growing conditions.

10.3389/fagro.2026.1719690

4.4 DRIS and CND

Concentration means and standard deviation to generate soil
fertility classes may return distorted results. Indeed, means may not
be additive to 100% or measurement unit after conducting statistical
analyses across interacting components (Diaz-Zorita et al., 2002;
Weltje, 2006). CND uses centered log ratios to correct distortions
caused by interactions and data distribution in raw concentration
values. DRIS and CND can integrate all dual ratios computable
from D-parts compositions. Nutrient ranges have been estimated
from relationships between concentration values and DRIS indices
as suggested by de Lima Neto et al. (2022).

The log ratio methodology can be useful to test the apparent
representativity of current concentration ranges. In the present study,
the centroid of the optimum concentration was located below the
‘optimum’ ranges of soil K, Fe and Zn derived statistically from the
relationship between DRIS indices and concentration values. This is
especially critical for Zn because Zn is recognized globally as the most
common nutrient limiting the sustainable production of citrus
(Srivastava and Singh, 2004). Indeed, Zn is the third most growth-
limiting nutrients for crop production in India (Arunachalam et al.,
2013). High-revenue fruit crops like citrus, considered highly
susceptible to Zn- deficiency, could be biofortified with Zn to
support human health (Noulas et al., 2018). Too high an
‘optimum’ range for Zn may lead to overfertilization in orchards
showing low Zn levels. The link between soil testing and
biofortification however still remains an unattended issue.

Comparing SLAN, DRIS, and CND showed different diagnoses
on nutrient constraints. SLAN diagnosed soil nutrients separately.
Nutrient interactions distort concentration-based diagnoses (Bates,
1971). DRIS and CND integrated several dual ratios that reflect
nutrient interactions (Kenworthy, 1967) As the number of nutrient
ratios considered simultaneously increase, the yield-limiting
nutrients become easier to identify reliably (Sumner, 1978).

The DRIS concept experienced several formulations and
modifications since its inception (Walworth and Sumner, 1987).
We used the original formulation (Beaufils, 1973) and statistically
assessed crop response classes and concentration ranges to facilitate
interpretation (Wadt, 1996; Maia et al., 2001; Silva et al., 2005;
Urano et al,, 2006). While several nutrients may be deficient or
excessive, soil DRIS indices can focus on the most limiting nutrients
(Beaufils and Sumner, 1976). The Nutritional Balance Index average
(NBIa) is closely related to crop yield (Souza et al., 2015) and has
been reported to have a significant relationship with productivity.
The close relationship between NBI and yield in our study was
also reported for sweet orange ‘Valencia’ (Mourdo Filho and

TABLE7 Performance of the classification model at yield cutoff of 19.23 metric t Mg ha™.

Random forest xgboost
Nutrient expression
Area under curve Accuracy Area under curve Accuracy
Concentrations 0.963 0.883 0.962 0.878
clr 0.958 0.922 0.970 0.928
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TABLE 8 Nutrient standards as clr values for the 92 nutritionally balanced and high-yielding subpopulation (xD = filing value) set apart by the xgboost

classification model.

Standard deviation
unitess

Back-transformed clr ‘Optimum’ range#

mg kg™

N 1.427 0.120 266.35 213.04-282.46

-2.402 0.184 5.79 4.71-6.74
K 0.978 0.210 169.94 181.95-241.81
Ca 1.355 0.124 247.76 185.70-253.20
Mg -0.171 0.198 53.87 44.96-61.90
Fe -0.805 0.308 28.58 35.01-48.99
Mn -1.837 0.168 10.18 8.90-12.18
Cu -4.216 0.211 0.94 0.75-1.10
Zn -3.986 0.237 1.19 1.82-2.44

tTable 3.

Azevedo, 2003). As NBI approaches zero, high yields are expected
(Angeles et al., 1990; Silveira et al., 2005). Nevertheless, low-yielding
crops may still show adequate NBI levels (Teixeira et al., 2021),
indicating that other factors were limiting crop yield. A strong
correlation between NBI and yield can be achieved only where DRIS
standards are site-specific, taking into consideration the important
effects of the edaphic, climatic and stock-scion relationships as in
the case for coffee (Nick, 1998) and sweet orange (Rodriguez et al.,
1997). The theoretical basis behind the DRIS concept was not
previously documented until DRIS ratios were reconfigured as log
ratios (Parent and Dafir, 1992) following the theory of
Compositional Data Analysis (CoDa) (Aitchison, 1986). In
contrast to DRIS variables, log ratios are additive and have
Euclidean geometry, allowing two equal-length compositions
(defective vs. benchmark) to be compared under otherwise
similar conditions.

The clr variables s are appropriate to conduct statistical
analyses on compositions by removing the noise inherent to
closed systems caused by closure (Aitchison, 1986). Sources of
noise in compositional data are nutrient dilution, interactions and
signaling, and non-normal distribution. Using log ratios, CND is a
unique means to eliminate the noise. CND has several advantages
over DRIS as follows:

e CND is easier to compute

* The filling value as component of the whole instead of dry
matter (that is not a component but a basis) as separating
‘component’ between nutrient shortage and excess

* Log ratios are additive as centered log ratios with Euclidean
geometry (Greenacre et al., 2023) while dual ratios in DRIS
are projected conceptually onto bisectors, assuming
additivity among DRIS functions (Traspadini et al., 2018)

* Non-linear relationships between nutrients (Kenworthy,
1967) distort the projection onto bisectors (the slope of the
relationship changes at any one point)

* While, compared to dual ratios, logarithms produce
symmetrical ratios, i.e. In(A/B) = —In(B/A) allowing to use
a single equation to compute DRIS functions (Beverly,
1987), log-transformed dual ratios are additive to log ratios

Frontiers in Agronomy

* Log ratios are close to normal distribution

* Variance ratios used by DRIS to set apart the high-yielding
subpopulation do not consider false positive specimens that
inject noise into nutrient standards (luxury consumption,
suboptimal nutrient level), while CND focuses on true
negative specimens set apart by ML classification methods
and thus exclude FP specimens to generate nutrient standards

¢ CND may consider the importance of each dual log ratio
(Parent, 2025a; Srivastava et al., 2025), while the clr
expression set equal them (Greenacre et al., 2023)

* Centered log ratios have Euclidean geometry and are thus
additive in the Euclidean space, allowing to compare two equal-
length compositions under the ceteris paribus assumption.

The Mahalanobis distance computed across centered, amalgamated,
isometric or pivot log ratios have chi-square distribution, allowing
to test the statistical significance of the difference between a
diagnosed composition and the centroid of the high-yielding and
nutritionally balanced subpopulation weighted by the variance-
covariance matrix; the CND index is the Mahalanobis distance
for a single variable, that can be tested statistically as a t value
(de Lima Neto et al., 2025).

The cutoff value to generate CND standards from ML
classification models may be selected statistically as shown in this
paper or by stakeholders to fit realistic grower’s objectives.

4.5 Display of nutrient limitations

There are several ways to avoid over-optimistic multivariate
models driven by overfitting (Ezenarro and Schorn-Garcia, 2025).
Because the database was relatively small, the stratified cross validation
(CV) model was used as an exploratory model after combining the
calibration and validation datasets following AUC acceptability. The
software averaged model accuracy across ten folds, as commonly
reported in the literature, to provide maximum reliability. The
software does not provide AUC and accuracy for each fold. In any
event, external data from other sources, including experimental data,
was still not available to us for the most rigorous validation step. This
is an initial step toward the “golden” model for future use in orchard
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management. Beyond the simple chemometrics of nutrient
relationships in plant tissues (and soils as well) solved in part by
ML under the heroic ceteris paribus assumption, there is much more
knowledge to acquire to control variability across agroecosystems and
increase the reliability of general models, such as including climatic
variables at proper time scale, detailed soil and landscape properties,
and orchard management features like pruning intensity and
frequency, cover crops, fruit quality, nutrient dosage and pest control.

Nutrient limitations are easy to display using the DRIS or
CND methodologies. In the example used in the present study,
CND diagnosed Zn shortage significant at 0.02 level and Cu excess
significant at 0.08 level (Supplementary Figure 2). Zn deficiency and
Cu excess have different agronomical manifestations. Zn deficiency
produces the rossetting of small leaves, frequently coupled with
interveinal chlorosis that reduces the photosynthesis, leading to
decline in productivity (Srivastava and Singh, 2003a). Cu excess
accumulated in the root zone reduces the root-mediated
rhizosphere acidification and an excessive generation of reactive
oxygen species causing lipid peroxidation that increases cell
membrane permeability, leading to reduced water and nutrient
uptake and plant biomass development (Chen et al., 2022).

Nutrient deficiencies, whether single or in combination, were
reported in citrus orchards worldwide (Srivastava and Singh,
2003b). In ‘Nagpur’ soils of Central India, concentrations of Zn,
P, Fe, N, and K were found to be very low to low while those of Mg,
Ca, Cu, and Mn were excessive (Srivastava and Singh, 2008). There
were limitations of Ca, Mg, P, Zn, N, and K, and high to very high
levels of Cu, Mn, and Fe in ‘Khasi’ soils of Manipur in the Indo-
Myanmar region (Sarangthem et al., 2014). Nevertheless,
comparisons between nutrient concentration optima of citrus
cultivars are due to rootstock-scion combination, the nature and
properties of soil, management practices, agroclimatic conditions,
irrigation, the presence or absence of Huanglongbing (citrus
greening disease caused by phloem limited pathogen, Candidatus
Liberibacter asiaticus carried by Asian citrus psyllids as vector),
orchard topography, and inter-plant distance amongst others
(Srivastava and Singh, 2007, 2008; Sarangthem et al., 2014;
Rymbai et al,, 2024). Orchards of the Indo-Myanmar regions are
highly acidic and slopy in geographical location in most of the cases.
Acidic soils show relatively low base saturation and are prone to Ca
deficiency (McLaughlin and Wimmer, 1999). In the present study,
Ca was not the most limiting nutrient. The statistical constructions
relating soil test classes to Zn requirements should be validated
agronomically by fertilizer trials to support the results of the
diagnosis. Tissue tests can complement soil tests to verify whether
tissue Zn is properly balanced to achieve high mandarin yields.

DRIS standards and ranges, concentration ranges and CND
standards were assessed at population scale to address site specific
limitations under the ceteris paribus assumption. The clr
transformation allowed computing the Euclidean distance
between two equal-length compositions, i.e. the diagnosed
composition and a compositionally close high-yielding and
nutritionally balanced specimen, facilitating its interpretation by
growers. At subpopulation scale, statistics across nutrient indices
can be computed as a chi-square test to support the validity of
conducting individual nutrient index.
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5 Conclusion

Nutrient diagnostic tools are compared to determine nutrient
limitations in ‘Khasi’ orchards of the Indo-Myanmar region of
Himalaya. Interpretation tools were SLAN, BCSR, DRIS, CND, and
ML. ML models, particularly xgboost, using clr-transformed
nutrient data, were highly accurate and effectively identified
limiting nutrients. Ca ranked the first as discriminating variable
between high- versus low- yielding subpopulation followed by Cu,
7Zn, and Mn.

The Euclidean geometry of clr allowed diagnosing site-specific
problems by comparing two equal-length compositions (abnormal
plant vs. compositionally close normal plants), an important issue
where the database is small. However, diagnostic tools alone should
be supported by field trials and complemented by fertilizer
recommendations. This paper screened several diagnostic tools
and suggested using log ratio concepts to conduct nutrient
diagnosis and display nutrient limitations to crop performance.
Stakeholders generally validate the diagnosis with site-
specific recommendations.

Nutrient imbalance in ‘Khasi’ mandarin orchards warrants field
validation through progressive nutrient response studies related to
soil test results and site-by-site comparisons to support site-specific
actions like precision fertilization and biofortification, useful to
stakeholders. However, the lack of external validation as
universality test and the absence of an independent dataset still
limits the strength of these claims.
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