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Abstract

Direct iodometric titration is the reference method for measuring Vitamin C, but it becomes
cumbersome for large-scale sample testing. This study explores a practical modeling approach
to estimate Vitamin C concentration (mg/100 g) within a specific vegetable domain using
routine, non-destructive physicochemical measurements specifically moisture and ash content
without needing continuous titrations after model development. Data was collected from 350
samples representing the top seven vegetables available in the Philippines and Bangladesh (50
observations per group). The dataset was split into a 280-row training partition and a 70-row
held-out test set. Tree-based regressors were optimized via Bayesian optimization and
evaluated using five-fold stratified cross-validation. Based on a cross-validation-first ranking
rule, HistGradientBoosting (HGB) achieved the top performance with a mean validation R? of
0.9205, a test R? of 0.9524, and test RMSE and MAE values of 6.00 and 3.49 mg/100 g,
respectively. While Random Forest achieved the highest single test R* (0.9612), HGB was
selected for its superior stability across repeated validations. SHAP analysis revealed that ash
content had the highest global predictive contribution (72.67%), followed by moisture content
(18.91%), ash standard deviation (7.53%), and moisture standard deviation (0.89%). Feature
ablation confirmed this hierarchy: R? dropped to 0.3276 using moisture alone but reached
0.9348 when combining ash and moisture. The final framework successfully retained high-
Vitamin-C predictions for broccoli and green bell pepper. This explainable screening tool
accurately predicts nutritional values from physicochemical properties within the studied

domain, pending external validation on unseen vegetable types.
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1. Introduction

Vegetables are often described in food-composition tables using a single value for moisture,
minerals, vitamins, or other nutrients, although the composition of fresh plant tissue is rarely
constant. Differences in species, cultivar, maturity, growing environment, soil conditions, post-
harvest handling, storage temperature, exposure to oxygen and light, and the time between
harvest and analysis can all alter the chemical profile of an edible vegetable [1] .This variability
is separately relevant for water soluble and chemically sensitive nutrients such as Vitamin C.
In Bangladesh, fresh vegetables obtained from local markets are consumed routinely and
represent an important component of everyday diets. Knowing the Vitamin C concentration of
these foods is therefore useful from both nutritional and food-quality perspectives.
Conventional laboratory analysis can provide reliable sample-specific information, but
analysing every nutrient separately becomes increasingly demanding when large numbers of
samples have to be screened. This creates a practical analytical question that goes beyond
ordinary composition reporting: can measurements that are already obtained during routine
physicochemical analysis be used to estimate Vitamin C without requiring a separate Vitamin
C determination for every subsequent sample? Vitamin C, or L-ascorbic acid, was selected as
the nutritional response in the present study because it combines clear nutritional relevance
with substantial variation in fresh plant foods [2] .Ascorbic acid participates in collagen
synthesis, contributes to antioxidant defence, supports normal immune function and wound
healing, and improves the absorption of non-haem iron. At the same time, it is one of the more
labile micronutrients in vegetables, and its measured concentration can vary with biological
maturity, processing, storage, oxygen exposure, light and temperature [3] .This variability was
clearly present in the laboratory observations generated in the current work. Among the seven
vegetables examined, laboratory mean Vitamin C concentration ranged from only 10.35 +0.25
mg/100 g in green banana to 80.26 £ 1.30 mg/100 g in broccoli, while green bell pepper also
contained a comparatively high concentration of 78.54 + 1.25 mg/100 g, Bitter gourd contained
52.65 £1.10 mg/100 g, turnip 42.28 = 0.95 mg/100 g, tomato 16.83 £+ 0.45 mg/100 g, and ash
gourd 14.80 = 0.40 mg/100 g. At the individual-observation level, the complete 350-
observation laboratory dataset covered an even broader Vitamin C range of approximately

9.82-85.33 mg/100 g. The target variable therefore contained sufficient biological and
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analytical variation to pose a meaningful regression problem rather than a narrow prediction

task in which most samples had essentially the same concentration.

The physicochemical measurements used as predictors were intentionally kept simple.
Moisture content The fraction of fresh tissue that is water is described as the water fraction,
while the inorganic residue is described as ashy fraction. the carbonaceous residue that is left
after burning all of the organic material.In the present laboratory dataset, overall moisture
averaged approximately 91.21%, although the seven vegetables showed distinct profiles. Green
banana was clearly separated from the other groups, with values centred near 78%, while
several vegetables had mean moisture contents above 93%. Ash occurred on a very different
numerical scale. Across all 350 observations, mean ash content was approximately 0.694%,
with individual values ranging from about 0.299% to 1.307%. Broccoli had the highest
laboratory mean ash content at approximately 1.12%, whereas tomato was considerably lower
at approximately 0.35%. These measurements do not represent Vitamin C directly. Moisture is
not an ascorbic-acid measurement, and total ash does not quantify Vitamin C or any individual
mineral. The scientific premise of the present work is therefore not that moisture or ash
chemically determines ascorbic acid concentration. Instead, we asked whether the combined
physicochemical pattern represented by water content, inorganic residue and their replicate
variability contains sufficient information for a nonlinear model to distinguish samples with
different Vitamin C concentrations [4] .This distinction becomes particularly important when
the numerical relationships among the variables are examined. A simple linear association was
present, but no individual physicochemical feature showed a sufficiently strong relationship
with Vitamin C to provide an obvious single-variable calibration equation. In the 350
laboratory observations, Pearson correlation between ash content and Vitamin C was r = 0.44,
while ash SD and Vitamin C showed r = 0.40. Moisture had a weaker positive relationship with
the target (r = 0.30), and moisture SD was almost linearly unrelated to Vitamin C (r = —0.07).
Moisture and ash themselves were only weakly negatively correlated (r = —0.14), whereas ash
and ash SD were more strongly associated (r = 0.75). These values are informative because
they show both signal and limitation. Ash clearly contains more direct predictive information
than moisture when considered individually, yet an r value of 0.44 is far from a deterministic
relationship [5] .The observations also form vegetable-specific clusters rather than following a
single common straight line. A conventional linear model would therefore be required to
impose one average slope across a data space in which different combinations of moisture and

ash may correspond to markedly different Vitamin C concentrations. Tree-based machine-
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learning models offer a different possibility: they can partition this space repeatedly, identify
local thresholds and interactions, and learn nonlinear combinations of measurements without
assuming beforehand that Vitamin C must increase or decrease at a constant rate with either

moisture or ash [6] .

The use of predictive modelling for food-quality assessment has expanded rapidly for a similar
reason. Recent studies have shown that Vitamin C and other nutritional attributes can be
estimated from measurements that are easier or faster to collect than the reference chemical
determination itself. Zushi et al. used machine-learning and regression approaches to predict
ascorbic acid and antioxidant characteristics in strawberry using environmental, growth and
fruit-quality information. Huang et al. combined visible and near-infrared spectroscopy with a
one-dimensional convolutional neural network to estimate Vitamin C in citrus, while He et al.
demonstrated that hyperspectral information and variable-selection methods could predict
Vitamin C in sweet-potato roots [7] .Related work has also increasingly incorporated
explainable artificial intelligence so that a high prediction score is not treated as sufficient
evidence on its own; SHAP-based analyses, for example, have been used to identify the
measurements that actually drive nutritional predictions. These studies illustrate an important
direction in contemporary food analysis: reference chemistry remains essential for calibration
and validation, but once a robust relationship has been established, information obtained from
another measurement domain may be used to estimate the property of interest. The present
study follows this general analytical principle but tests a substantially different and
intentionally simpler input space. Rather than relying on hyperspectral cameras, visible—near-
infrared instruments, dozens of environmental variables or a large panel of biochemical
measurements, the prediction problem was restricted to moisture content, ash content, moisture
SD and ash SD, all obtained from the routine laboratory physicochemical workflow [8] . This
restricted predictor design is central to the practical motivation of the work. A highly accurate
model based on many expensive measurements may be scientifically interesting but offer little
reduction in analytical effort. In contrast, moisture and ash are already among the most familiar
measurements in routine food-composition laboratories. In the present experiment, moisture
was determined by oven drying and ash by muffle-furnace incineration, while Vitamin C was
measured independently using iodometric titration. Importantly, the Vitamin C titration
remained the reference analytical method throughout model development. Iodine volume,
iodine concentration, titration endpoint information and calculated Vitamin C values were

never supplied to the regression models as predictors [9] .The algorithms were allowed to see



132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165

only the four physicochemical descriptors. In this way, the machine-learning problem was
deliberately separated from the reference calculation. The models were not being taught how
to reproduce an iodine equation; they were being asked whether the patterns present in moisture
and ash measurements could recover variation in a separately measured nutrient. The inclusion
of moisture SD and ash SD also requires a careful interpretation [10] .These two variables are
not additional chemical constituents of the vegetable. They summarize variability among
laboratory replicate measurements. Their potential value may arise from differences in sample
heterogeneity, repeatability or vegetable-specific analytical behaviour. In the full dataset,
moisture SD averaged approximately 0.4304, whereas ash SD averaged 0.0329. This is because
of their very different relationships with one another. The addition of Vitamin C was not
warranted, however, and it was decided to test them separately. This was addressed By
progressive feature ablations. This model was first trained with only moisture, and was later
augmented with moisture plus First the ash, then moisture SD and lastly ash SD.The resulting
performance differences provided a direct measure of how much predictive information entered
at each stage. The laboratory dataset was also structured to allow all algorithms to be compared
under the same conditions. A total of 350 laboratory observations were available, with 50
observations for each of the seven vegetable groups. The dataset was partitioned using a
balanced 80:20 train—test design. From every vegetable, 40 observations were assigned to
model development and 10 observations were retained for testing. Consequently, the training
partition contained 280 observations and the untouched test partition contained 70
observations. 5 fold stratified cross-validation (CV) was performed only within the 280-
observation training set. Each validation fold therefore contained 56 observations, including
eight observations from each of the seven vegetables, while the corresponding fold-training
portion retained 32 observations per vegetable. This balanced structure was chosen so that
differences in algorithm performance would not simply reflect an uneven representation of one
vegetable group. The held-out test set was not used during Bayesian hyperparameter
optimization [11] . Rather than selecting a single algorithm in advance, ten tree-based
regression approaches were evaluated: HistGradientBoosting, Random Forest, Gradient
Boosting, Extra Trees, Decision Tree, Bagging, AdaBoost, XGBoost, LightGBM and CatBoost
[12] .These algorithms differ substantially in the way they generate and combine decision trees,
control variance, regularize model complexity and sequentially correct prediction errors. Their
hyperparameters were optimized through Bayesian search using cross-validation performance
from the training data [13] .This approach was preferred to an exhaustive grid because tree-

based models may contain interacting parameters such as learning rate, tree depth, number of
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estimators, leaf size, subsampling and regularization [14] .More importantly, final model
selection was not based simply on whichever algorithm happened to produce the largest R* on
the 70 test observations. Models were ranked first according to mean cross-validation
validation R’, followed by validation stability and the training—validation gap, with held-out
errors used as supporting evidence. This distinction proved important. Random Forest achieved
the highest single test R* of 0.9612, but HistGradientBoosting produced the highest mean CV
validation R” of 0.9205 and consequently ranked first under the predefined CV-first selection
strategy. The selected HistGradientBoosting model still retained strong independent test
performance, with R*= 0.9524, RMSE = 6.0028 mg/100 g and MAE = 3.4879 mg/100 g. The
progression from moisture-only prediction to the complete model provided perhaps the clearest
evidence that the predictive relationship was not simply a consequence of using many variables
[15] .With moisture alone, the HistGradientBoosting model produced only R = 0.3276 on the
test data and an RMSE of approximately 22.57 mg/100 g. This result is consistent with the
relatively weak moisture—Vitamin C correlation and shows that high water content by itself is
not sufficient to distinguish high- and low-Vitamin-C samples. Now present analysis concerns
prediction, not only biochemical causation. Using moistur + ash, test R increased to 0.9348,
while RMSE fell to approximately 7.03 mg/100 g. Adding moisture SD resulted in a smaller
improvement to R = 0.9386, and the final four-variable model reached R’ = 0.9524 with RMSE
6.0028 mg/100 g. Thus, the largest improvement occurred not when the model was made
increasingly complicated, but when ash was combined with moisture. The SD descriptors then
refined an already strong physicochemical relationshipThe explainability analysis supported
this interpretation from a second, independent direction. For the selected HistGradientBoosting
model, SHAP analysis attributed approximately 72.67% of the global absolute contribution to
ash content, 18.91% to moisture content, 7.53% to ash SD and only 0.89% to moisture SD. The
dominance of ash in SHAP analysis is consistent with the substantial increase in test R’
observed when ash was introduced in the ablation experiment. The agreement between these
analyses is more informative than either result alone. SHAP indicates how the fitted nonlinear
model used each variable across individual predictions, whereas the ablation experiment shows
what happened to predictive performance when those variables were withheld. Together, they
indicate that ash was the principal source of predictive information in this dataset, moisture
supplied an important secondary contribution, and the variability descriptors provided
comparatively modest refinement. This should not be interpreted as evidence that increasing

ash causes an increase in Vitamin C [16] .Ash is a bulk inorganic measurement and may act as
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a marker of broader compositional differences among the vegetable tissues. Ash did not affect

the situation.

The current analysis does not address the biochemical cause, but the prediction. Thus the
practical interpretation of the model can be simply written. During model development, The
values are used as a reference for the measurement of Vitamin C, which must be done
experimentally. the algorithm learns. After the model is trained and well validated, a sample of
the population should be able to be read.After the model is trained and properly validated,
however, a sample of the population should be able to be read. The values of moisture and ash
of the studied vegetable domain can represent its belonging to this domain. The values of
moisture and ash of the studied vegetable domain can be a representation of its belonging to
the studied domain. The characteristics were passed to the fitted nonlinear function to get an
estimated Vitamin C concentration. This relation can be conceptually written as for the full
model. [\widehat{C} {VitC} f(M,\ A,\ SD M,\ SD A),] where (\widehat{C} {VitC}) is the
predicted The concentrations of Vitamin C, (M) is the moisture content, (A) is the ash content
and (SD_M) and (SD_A) are the standard deviations of these content. each represent the
variability in the corresponding replicates. This is NOT a typical chemical equation and should
NOT be read as being one. data.It is the empirical function that is learned from the data, but it
is nonlinear. laboratory observations. A held-out broccoli sample containing 91.02% moisture
and 1.170% nitrogen had a nitrogen index of 1.07.The nitrogen index of a held-out sample of
broccoli with 91.02% moisture and 1.170% N was 1.07. ash, moisture SD = 0.342 and ash SD
= 0.055 was predicted by the optimized HistGradientBoosting The experimentally obtained
reference value is 81.03mg/100g which is a value lower than the model value. value of 77.94
mg/100 g, giving an absolute error of approximately 3.09 mg/100 g or 3.97%. At the At the
same time, there were some observations that were less accurately predicted, such as the one
of ash-gourd, which had a value of 50.Meanwhile, in the same time there were fewer
observations that were less accurately predicted such as the ash-gourd which has a value of 50.
substantially larger error. These local breaks are significant due to the fact that they do not
allow for a good overall R?. Against this background, the novelty of the present study does not
rest simply on comparing ten machine-learning algorithms or reporting a high prediction
coefficient. Its main contribution is the development and interrogation of an experimental
physicochemical-to-nutritional prediction framework in which all 350 observations originated
from laboratory analysis, Vitamin C was independently determined as the reference response,

and only moisture- and ash-related descriptors were supplied to the models. Conventional
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compositional studies generally stop after reporting the measured nutrient concentrations [17]
.The present work extends this process by asking whether routine physicochemical
measurements contain reusable predictive information, by optimizing several nonlinear
regression approaches under a common validation design, and by using SHAP and progressive
ablation to establish where that information originates.The model is therefore proposed as a
calibrated screening tool within the investigated vegetable domain rather than as a chemical

substitute for the iodometric method [18] .

The study consequently addressed six connected objectives. First, the moisture, ash and
experimentally determined Vitamin C profiles of seven selected vegetables from Bangladesh
were characterized from the complete laboratory dataset. Second, linear and multivariable
relationships among moisture content, ash content, moisture SD, ash SD and Vitamin C were
examined. Third, ten tree-based regression algorithms were optimized by Bayesian search and
compared under the same balanced train—test and five-fold cross-validation design. Fourth, the
final model was selected according to repeated validation performance and stability rather than
a single favourable test statistic. The fact that these forecasts were not "uniformly precise" is
not evidence of that. Importance of features, SHAP The model was analysed and progressively
ablated to identify measurements that led to the model. predictive performance [19] . Finally,
the fitted model was tested as a useful framework for translating routine moisture and ash
measurements in the lab into estimates for individual samples. The vitamin C content of the
seven vegetable groups studied. By linking direct compositional analysis with the interpretable
predictive modelling, the study will help to connect two types of modelling. nutrient

measurements and data-supported screening, limitations of the underlying analysis. explicit.

2. Materials and methods

2.1. Sampling, sample preparation and laboratory procedures

Seven fresh vegetables, green banana, bitter gourd, green bell pepper, broccoli, turnip, ash
gourd and Standardized processing was carried out on tomato—collected from the local
markets in Bangladesh. laboratory procedure. After visible dirt and other surface impurities
were removed, the samples were thoroughly washed with distilled water [20] .The edible
portions were then separated, cut into smaller pieces, and homogenized to obtain a more
uniform sample before subsampling. This common preparation procedure was followed for all

seven vegetables so that the physicochemical measurements and the reference Vitamin C
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concentrations used later for machine-learning model development were generated under the
same laboratory workflow. Moisture and ash measurements provided the physicochemical
descriptors, whereas Vitamin C was determined independently by iodometric titration and used
as the experimental reference response [21] .The main stages of sample preparation, the
prepared vegetable extracts, and the visible colour change associated with the endpoint of the
iodometric Vitamin C assay are documented in Fig. 1, providing a direct link between the
physical laboratory procedures and the numerical data subsequently used in the modelling

analysis.

Laboratory workflow for Vitamin C determination in seven selected vegetables

g
(a) Sample selection and cutting (b) Preparation of edible portions (©) Preparanon of vegetable extracts (d) Iodometric titration process

a

(e) Visible endpoint colour develop (i

Start  Midpoint Endpoint || Start Midpoint | Endpoin x; Start  Midpoint Endpoint || Start  Midpoint Endpoint || Start  Midpoint Endpoint | Start Midpoint Endpoint | Start  Midpoint Endpoint

and validation

r = S
| .

i Green Bitter Green Bell * B i x < Ash i

| roccoli Turnip " Tomato i

: Banana \ Gourd é Pepper ., s \b Gourd |

Fig. 1 Laboratory workflow used for the seven selected vegetables, showing the progression
from sample selection and cutting to preparation of edible portions, production of vegetable
extracts, and the visible colour development used to identify the endpoint during iodometric

determination of Vitamin C.

The laboratory images in Fig. la provide the experimental starting point for the predictive
analysis. The vegetables were not treated simply as numerical entries in a dataset; each
observation originated from a sequence of physical preparation and laboratory measurement.
The edible parts of the plants were prepared after selection and cutting. Homogenised prior to
analytical measurements. Moisture and ash were determined as routine Vitamin C was
determined independently by iodometric titration, while the others were determined by

physicochemical procedures and were retained. As the reference value in model development.

tric determination of Vitamin C) Summary
Green Banana \ Bitter Gourd [ Green Bell Pepper | Broccoli ( Turnip I Ash Gourd Tomato v/ Seven selected vegetables

V' Four physicochemical inputs
(moisture, ash content, moisture SD,
ash SD) determined in laboratory

- A - i
e e ® 0 ﬂ @ ﬂ r w ﬁ @ m @ w w w ﬂ Peiimacan
= Vitamin C (response)

V' Visible colour change indicates
the endpoint of titration

v/ Data used for model development
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Therefore, the images of the titration are useful for more than. illustrating the procedure. They
demonstrate the experimental step that the reference concentration for Vitamin C was taken.
This was obtained as part of the data, along with the change from pre endpoint to persistent
endpoint colour used in the iodometric assay. This separation of the reference measurement
and the predictor measurements is key to this distinction. Research design of the study. During
model development, the experimentally determined Vitamin C concentration provided the
target against which prediction errors were calculated, but no information generated from the
Vitamin C titration was allowed to enter the predictor matrix. Iodine volume, titrant
concentration, endpoint information, and calculated Vitamin C concentration were therefore
excluded from the model inputs. Instead, each sample was represented only by moisture
content, ash content, moisture SD, and ash SD. This separation was intended to test whether
information already contained in the routine physicochemical measurements was sufficient for
a trained nonlinear model to recover variation in Vitamin C, rather than allowing the algorithm
to reproduce information directly derived from the reference assay. The logic follows a broader
development in food-quality prediction, where reference laboratory measurements are
increasingly paired with another set of measurable characteristics to build calibrated prediction
models [22] .For example, Vitamin C in citrus has been estimated using visible and near-
infrared spectral information combined with regression and deep-learning models, while
hyperspectral measurements have been used to predict Vitamin C in sweet-potato roots
.Machine-learning models have also been developed to estimate ascorbic acid in strawberries
from environmental, growth, and fruit-quality variables [23] .The present study adopts the same
general calibration principle but deliberately uses a much simpler predictor space. Rather than
requiring spectral instrumentation or a large collection of agronomic variables, the prediction
framework is based on moisture- and ash-related measurements generated during conventional

food analysis.
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G/‘ ] Outcome: robust prediction of Vitamin C and explainable identification of influential physicochemical variables in Bangladesh vegetables

Fig. 2 Integrated laboratory-to-explainable-machine-learning workflow used for development

and application of the Vitamin C prediction model.

Fig. 2 brings these experimental and computational stages together and, importantly, separates

model development from later prediction. During model development, all relevant laboratory

information is available. Moisture and ash characteristics form the predictor side of the dataset,

while iodometrically determined Vitamin C provides the experime

ntally measured response.

These paired observations are used to train the regression algorithms, optimize their

hyperparameters, perform cross-validation, compare predictive performance, and select the

final model [24] .In the present dataset, this process was based on four physicochemical inputs,

X=[M,A SD M,SD A]
Where
M = Moisture content (%)
A = Ash content (%)
SD M = Standard deviation of moisture

SD A = Standard deviation of ash

11
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where (M) denotes moisture content, (A) denotes ash content, and (SD M) and (SD A) represent
the variability associated with their replicate measurements. The corresponding Vitamin C
concentration, (C{VitC}), was kept separate as the experimentally determined response. Once
model fitting and validation have been completed, the pathway shown in Fig. 2 changes in an
important way. A new sample drawn from the same investigated vegetable domain does not
need to provide an already measured Vitamin C concentration to the prediction model. Instead,

its moisture- and ash-related characteristics are supplied to the previously trained function,

C VitC = fML (M, A, SD M, SD A) (2)

Where:

C VitC = concentration of Vitamin C predicted (mg/100 g) The value of f ML is the trained
nonlinear machine-learning prediction function. The model estimates the concentration of
Vitamin C ( \widehat{C} {VitC}). In other words, The iodometric determination is critical to
defining the reference data set, to training the models, and The accuracy of the checking step
is not an input used by the trained model, but the result of the Vitamin C titration step is an
input used by the trained model is subsequently used for prediction. This is the actual transition
shown in Fig. 2 which is referred to as a practical transition. During the experimental stage the
relationship is set and during the later screening stage that learned is applied. This separation
is especially important if there is a relationship between the physicochemical measurements
and a new sample. Important: Do not see the proposed approach as an alternative to the
chemistry of. Vitamin C determination. The trained model does not fit ascorbic acid
stoichiometrically from It does not mean ash is an equivalent or a chemical property of Vitamin
C, but rather it learns an Experimental relationship between observations, experimentally
matched pairs. Similar calibration-based reasoning lies behind recent studies of food quality
using spectral or other indirectly measured data. The characteristics are used for the estimation
of an attribute determined by chemical or physical methods [25] . In In the present case the
question is formulated in a more limited manner: does a compact set of routine moisture- and
Vitamin grams can be estimated by the measurements of ash-related. In the seven groups of
vegetables studied, C was the highest in a vegetable. The workflow as presented in Fig. 2, thus,
is a more. More than a series of laboratory and computational procedures. It captures the main
idea in the practice, routine: reference chemistry is used to check and confirm the predictive
relationship. That relationship is then applied via physicochemical measurements once the
model has been trained. This separation also shields the analysis from leakage of the targets

and increases the ease of the prediction. to interpret. [26] If moisture and ash and the variation
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in moisture and ash can be considered acceptable accuracy, then the remaining data can be
retained. The estimated Vitamin C value can be attributed to information learned from the
supplied information to the model. The aforementioned physicochemical descriptors and not
the titration result itself. The preparation step was standardized, since the quality of the
resulting modelling analysis ultimately depends on the preparation step. The majority of the
laboratory descriptors. Each vegetable was initially used as a food-analysis sample instead of
as a food sample. computer-science record. Washing with distilled water decreased removable
surface contamination, Cutting was used to make small chunks and homogenisation blended
out any inter sample variation. before subsampling. To ensure consistency, the same seven
vegetable identities were maintained throughout the workflow, with the laboratory labels and
modelling groups and later the vegetable-wise interpretation all referring to the same identities.
biological categories. The photographs in Fig. 1 are thus not aesthetic in nature, but rather they
are records of Physically moving from market vegetables to prepared food to extracts for use
in. The Vitamin C results are compared with the reference Vitamin C essay. The analytical
procedure has been designed to ensure that measurements are performed The samples of
vegetables used as the description were not the same as the samples used to define the
prediction target.Moisture and ash were obtained independently through gravimetric
procedures, whereas Vitamin C was determined by iodometric titration and retained only as
the experimental reference against which the models were trained and evaluated. [27] This
distinction was important because the purpose of the modelling stage was to determine whether
routine physicochemical measurements could carry enough information to estimate Vitamin C,
not to reconstruct the titration calculation itself. Accordingly, no information originating from
the Vitamin C assay—including iodine volume, titrant concentration, endpoint information, or
any intermediate or final quantity derived from the titration—was supplied to the machine-
learning algorithms. Each of the 350 laboratory observations was represented only by four
predictor variables: moisture content, ash content, moisture SD, and ash SD, while the
corresponding experimentally determined Vitamin C concentration was retained separately as
the single continuous response. In matrix form, the modelling dataset therefore consisted of a
350 x 4 physicochemical predictor matrix paired with a 350-value Vitamin C response vector.
Vegetable identity was also retained in the dataset, but only to preserve the balanced
experimental structure of 50 observations for each of the seven vegetables during train—test
partitioning and cross-validation; it was not used as a predictive feature. Keeping these

elements separate ensured that the resulting model performance reflected information learned
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from the moisture- and ash-related characteristics themselves rather than direct or indirect reuse
of the reference Vitamin C measurement [28] .

2.2. Moisture determination

Moisture content was determined gravimetrically by oven drying, a conventional approach in
food and agricultural analysis in which the change in sample mass before and after controlled
drying is used to estimate the moisture fraction [29] .Oven-based methods commonly use
temperatures around 105 °C and continue drying for a defined period or until a stable mass is
obtained. For each determination in the present study, a known mass of homogenized fresh
vegetable sample was transferred to a pre-weighed container and placed in an oven maintained
at 105 °C [30] .Drying was continued until a constant mass was reached rather than terminating
the procedure after an arbitrary single weighing. This step was important because residual
moisture remaining in an incompletely dried sample would increase the final recorded mass
and consequently lead to an underestimation of moisture content. After drying, the difference
between the original fresh mass and the final constant dry mass was expressed relative to the

original sample mass. The moisture content on a fresh-weight basis was calculated as:

Moisture(%) = [W]x 100 (3)

where Wiesnh 1s the mass of the homogenized sample before oven drying and Wary 1s the mass
of the same subsample after drying to constant mass. Both measurements therefore refer to the
same analytical portion. The number is the percentage of mass that is lost during the drying
process. Conditions as compared to the initial fresh mass. This is a loss-on-drying method that
is commonly used for moisture. This determination, however, requires controlled sample
preparation for its analytical interpretation, The factors that affect the drying time, temperature,
and weighing conditions. The same method and calculation was used To consistently replicate
the moisture measurements to the next set of replicate measurements in order to model moisture
values going into the next set of measurements Data from both of the datasets were collected
on the same analytical basis. The measured moisture values were Significant differences
between the vegetables. Experimental summary: green banana The moisture content of foods
is contained lowest in ash gourd (95.39 +) and highest in carrot (78.03 £). 0.33%. This was
extended to 75.31% to 98.74% by the complete set of 350 laboratory observations. 98.73%,
with an overall mean moisture content of 91.2076% and an SD of 5.8221%. Most vegetable
green banana was the only crop in the high-moisture zone above about 90%, while groups were

mostly in the medium moisture zone. Clearly separated at the bottom, This distribution is more
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applicable to the later prediction analysis. There was a broad physicochemical axis across the
entire dataset provided by moisture, but the substantial variation in moisture was mainly
responsible for the divergent tendencies in the data. This overlap of several of the high-moisture
vegetables also indicated that moisture alone was not likely to be the cause of food getting
contaminated. be able to tell the difference between samples that have very different Vitamin
C concentrations. That expectation was The moisture-only HistGradientBoosting model was
then used to validate the modelling results, as shown below. Predicted by produced the held
out R? 0f 0.3276 and RMSE of 22.57 mg/100g, which suggests that water content by predicted
produced by water content by model. It only caught a small proportion of the variability in
Vitamin C. Information from the replicate measurements was not discarded after the mean
moisture content had been calculated. Instead, moisture SD was retained as a separate
analytical descriptor so that its possible contribution to prediction could be evaluated explicitly.
Across the 350 observations, moisture SD ranged from 0.2000 to 0.8640, with a mean of
0.4304. This variable was not interpreted as an additional nutrient or physicochemical
constituent; rather, it represented the observed variability associated with replicate moisture
determinations. Retaining it allowed the modelling analysis to test whether variation among
replicate measurements contained information beyond the moisture percentage itself.
Importantly, this contribution was not assumed in advance. Progressive feature ablation was
later used to determine whether adding moisture SD improved prediction after moisture and
ash had already been included [31] .The resulting comparison showed only a modest
improvement—ifrom a test R? of 0.9348 for moisture plus ash to 0.9386 after moisture SD was
added—supporting its interpretation as a secondary analytical descriptor rather than a dominant

predictor of Vitamin C.

2.3. Ash determination

Ash content was determined gravimetrically by dry incineration [32] .A known mass of
homogenized vegetable sample was transferred to a pre-weighed crucible and heated in a
muffle furnace at 600 °C for 6 h. During this treatment, the combustible organic fraction of the
sample was removed, leaving the non-combustible inorganic residue. After incineration, the
crucible was allowed to cool and the remaining residue was weighed. The ash content was then
determined as a percentage of the sample mass using Equation (4).

Equation (4). Calculation of ash content

Ash(%) = (M;/VL’I> x 100 4)

sample
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where W _ash is the mass after combustion and W_sample is the mass of the sample. The of
the sample used in the determination. The result of this calculation was considered as total
Overall inorganic residue of the vegetable material—ash. Did not read as the the concentration
of any particular element (no separate quantification of individual minerals) the present
experiment. In the beginning, determining ash is a very different process than determining
moisture. though both procedures are based on changes in sample mass. Moisture analysis
measures the mass lost In controlled drying this material will be kept while ash analysis will
be the material remaining after the high temperature drying. combustion. These two
measurements represent different aspects of the vegetable in reality. With matrix moisture
being water, matrix ash being the combined inorganic residue. That which is left over after the
organic fraction is removed. This separation is especially pertinent to the Both the variables
are not expected to directly influence the chemical and hence the present modeling framework.
Rather, moisture and ash will give complementary physicochemical information as measures
of Vitamin C. about the sample. The ash content from the seven samples was very different
when measured in the laboratory. vegetables. In the Experimental summary the minimum mean
Ash content was obtained in tomato, which is 0.35. £ 0.02%, whereas broccoli showed the
highest value at 1.12 = 0.05%. Across all 350 laboratory The ash content that was observed
ranged from 0.299% to 1.307% with a mean 0f 0.6942% and SD of 0f 0.2389%. This is a fairly
small moisture range, compared to moisture, content, the ash percentages were allocated
systematically among the vegetable groups instead of being randomly scattered. This is shown
better in the group-level pattern. Across the 50 laboratory In this study, the mean ash content
of the tomato was about 0.351%, 0.469% for green bell pepper, 0.641% for ash gourd, 0.671%
for green banana, 0.782% for turnip, 0.824% for bitter gourd, and 1.121% for broccoli.
Therefore, only a few tenths of a difference in the reading of only a few ounces. A few of the
vegetables had different physicochemical profiles that could be separated by a few percentage
points. From a conventional food composition analysis point of view, these differences might
appear small because ash is measured on a percentage scale. However, from a predictive point
of view, Their value is less dependent on their absolute size and more dependent on their
consistency in their occurrence. In combination with the other measured characteristics.
Therefore, the data for ash content were not transformed into because the ash content was a
continuous predictor. broad categories. Tree-based regression algorithms can make use of
relatively small numerical differences; when such differences are repeated thresholds or when

such differences interact with other variables in the predictor space [33] .Therefore, ash was
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analysed along with moisture in the present analysis. content, moisture SD, and ash SD. The
intent was not to imply that with greater ash content the chemical The Vitamin C content is
higher in this. Rather the analysis focused on if ash is a part of a Physicochemical pattern that
can be used to differentiate samples from different experimentally measured samples in a
broader group. Vitamin C concentrations. This separation was important when the linear
relationships between the variables were examined. Ash content had the highest positive
correlation in Pearson correlation with Vitamin C among the The four physicochemical
predictors provided r = 0.44 as compared to r = 0.30 for moisture content. An This association
is of a magnitude that suggests that there were some useful pieces of information in the ash,
but not enough. A simple explanation of the concentration of Vitamin C was attempted using
only one variable (strong), which was not successful. The relationship was Therefore, further
investigated with a combination of ash and the other physicochemical descriptors. The
predictive value of ash was much better in the progressive feature-ablation analysis.When
HistGradientBoosting was trained using moisture content alone, the held-out model achieved
only R’ = 0.3276, with an RMSE of approximately 22.57 mg/100 g. After ash content was
added to the predictor set, test performance increased markedly to R* = 0.9348, while RMSE
decreased to approximately 7.03 mg/100 g. This substantial improvement indicates that ash
provided information that was not already captured by moisture alone. The magnitude of this
change is especially informative because only one additional physicochemical variable was
introduced.

A similar pattern emerged from the explainability analysis. For the final HistGradientBoosting
model, SHAP analysis assigned approximately 72.67% of the global absolute contribution to
ash content, compared with 18.91% for moisture content, 7.53% for ash SD, and 0.89% for
moisture SD. [34] The agreement between the feature-ablation experiment and the SHAP
analysis provides two complementary views of the same result. Ablation shows how much
predictive performance changes when a variable is introduced, whereas SHAP describes how
strongly the fitted nonlinear model uses that variable when producing individual predictions
[35] .Both analyses therefore identified ash as the dominant predictive descriptor within the
present laboratory dataset.

This result should nevertheless be interpreted as a predictive association rather than evidence
of a direct biochemical mechanism [36] .Total ash is a bulk measurement of inorganic residue
and does not reveal which specific minerals are present or in what concentrations [37] .The
present data therefore cannot establish that a particular mineral influences Vitamin C

concentration, nor can they show that experimentally increasing ash would cause Vitamin C to
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increase. A more cautious interpretation is that ash content captures part of the broader
compositional variation among the vegetable samples, and that this variation also helps the
model distinguish different Vitamin C profiles. Replicate variability associated with the ash
measurement was retained separately as ash SD. Across the complete 350-observation dataset,
ash SD ranged from 0.0120 to 0.0820, with an overall mean of 0.0329. As with moisture SD,
this variable was not interpreted as a separate nutrient or chemical constituent. Instead, it
summarized the observed variation among replicate ash determinations and was included so
that the modelling analysis could determine whether analytical variability contained useful
information beyond the mean ash percentage itself.

The later modelling results showed that ash SD contributed additional information, but its role
was considerably smaller than that of mean ash content. Its global SHAP contribution was
approximately 7.53%, compared with 72.67% for ash content. This distinction is useful
because it separates the dominant compositional signal represented by the mean ash
measurement from the more limited refinement associated with replicate variability. Rather
than assuming that every additional predictor would improve prediction, the contribution of
ash SD was therefore evaluated empirically through feature ablation and explainable machine-
learning analysis [38] [39] . Taken together, the ash determination served two related purposes
in the present study. First, it gave a traditional Laboratory determination of the amount of all
inorganic matter in each vegetable sample. Second, it produced an idea that. reproducible
physicochemical descriptor which can be tested as an independent predictor of The vitamin C
content was determined experimentally. Its organized distribution in the seven vegetable
groups, its moderate linear association with Vitamin C, the drastic improvement that follows
its addition to the That all the SHAP contributions were strong and that ash carried a significant
amount of moisture is apparent in the moisture-only model. Information that can be predicted
in the area being studied. This is a predictive role, and it does not affect the chemical. It shows
that a simple food-composition parameter can be used to demonstrate the meaning of the
measurement; it does not demonstrate this. When taken with other data, contribute to a
nonlinear data-driven estimate of Vitamin C Physicochemical properties that were measured

experimentally.

2.4. The vitamin C content was determined using iodometric titration method.

Vitamin C was measured by iodometric titration and chosen as the response measured in

experiments to develop and evaluate the machine-learning models later. The prepared
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vegetable extract was placed in a titration flask, starch indicator was added to it and it was
titrated with a standard iodine solution. Titration was continued until a persistent blue-black
colour appeared, which was accepted to be the end-point of the titration. The volume of iodine
used to reach this endpoint was measured and the iodine consumed used to calculate the amount
of ascorbic acid in the sample analysed. The concentration of vitamin C was expressed in
mg/100g of fresh vegetable sample, so that all the 7 vegetable groups are on the same ground
of comparison. lodometric method is based on a known redox reaction in which ascorbic acid
is the reducing agent. The ascorbic acid is oxidized and the molecular iodine is reduced during
the reaction. The reaction proceeds on a 1:1 molar basis, meaning that one mole of iodine
corresponds stoichiometrically to one mole of ascorbic acid under the conditions of the assay
[40] .The chemical reaction used as the basis of the determination is shown in Equation (5).
Equation (5). In this reaction, ascorbic acid is used in exactly the same amounts as iodine is
needed.

CeHgOg + 1, —» CsHe0g + 21" + 2H? (5)
In this reaction ascorbic acid and iodine react in a stoichiometric ratio. The end point is an
important component of the analytical process that is visible to the user. Until ascorbic acid is
depleted. In the extract, the reaction of iodine with the sample is a redox reaction. When there
is some ascorbic acid remaining, When reacted, there is also a slight surplus of iodine in
solution which reacts with starch and forms the. characteristic persistent blue-black colour. [41]
The colour transition therefore provides the practical endpoint used to determine how much
iodine was consumed by the sample. In the present study, this visual change was documented
in Fig. 1a as part of the experimental workflow.
The amount of iodine consumed during titration was calculated from the concentration of the
standardized iodine solution and the volume required to reach the endpoint. This calculation is
shown in Equation (6).
Equation (6). Calculation of the amount of iodine consumed during titration

n(l) = C(2) x V() (6)

where n(L,) represents the total number of moles of iodine consumed, C(L,) is the total molar
concentration of the iodine solution, and V(L,) is the corresponding titrant volume. Because the
stoichiometric relationship between iodine and ascorbic acid is 1:1, the amount of iodine
calculated from Equation (6) provides the basis for determining the amount of ascorbic acid
represented by the titrated aliquot [42] .
The calculated amount of ascorbic acid was then related back to the fresh vegetable sample

represented by the analysed aliquot. This final conversion allowed Vitamin C concentrations
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from samples of different vegetables to be reported on the same fresh-weight basis. The

concentration was represented as mg of Vitamin C per 100 g of fresh sample according to

Equation (7).
Equation (7). Calculation of Vitamin C concentration on a fresh-weight basis
m m (ascorbic acid in aliquot
Vitamin C (—gg) __ Im( ol 100 (7)
100 [ m (sample represented by aliquot)]

The iodometric procedure therefore provided a chemically determined Vitamin C value for
every laboratory observation. These measurements were important because they established
the reference target against which the machine-learning models could be trained and judged.
The purpose of the modelling stage was not to reproduce the titration calculation itself, but to
determine whether independently measured physicochemical characteristics could recover the
variation observed in these experimentally determined Vitamin C values. This distinction
continued to be observed across dataset construction. Although the information of endpoint,
intermediate data etc did not affect the results, the iodine concentration, volume of iodine and
data before the end point. The calculated quantities in the titration process were essential to get
reference Vitamin C. All these variables were excluded from the machine-learning predictor
matrix. The Only moisture content, ash content, moisture SD, and ash SD were given to the
algorithms. The final Vitamin C The concentration measured by the iodometric method was
stored independently as a continuous response variable. Thus predictor measurements and the
determination of the target remained analytically independent. Maintaining this separation was
particularly important for the interpretation of model performance. If iodine volume or another
quantity directly calculated from the Vitamin C analysis If information regarding the
attendance at this event had been among the input to the model, it could have used this
information. Embedded in the reference calculation. Under those circumstances, high
predictive accuracy would give There was little evidence that moisture and ash related
measurements were informative. By excluding The model was to learn from the variables in
the predictor set that were all obtained from titration. Unique physical and chemical properties
of the samples [43] .

The Vitamin C measurements in experiments 2 were conducted over a broad range of
concentrations with the 7 concentrations. vegetables. The lowest mean concentration was found
in green banana (10.35 = 0.25 mg/100 g) followed by by ash gourd at 14.80 + 0.40 mg/100 g
and tomato at 16.83 = 0.45 mg/100 g. Avoid using turnip or bitter gourd. occupied the
intermediate range, with mean concentrations of 42.28 + 0.95 mg/100 g and 52.65 + 1.10

mg/100 g, respectively. Significant higher levels were detected for green bell pepper at 78.54
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+ 1.25 mg/100 g and broccoli at 80.26 = 1.30 mg/100 g. The lowest and highest value of the
difference are The highest experimental value was thus near 70 mg/100 g, which was a good
target value for the gradient. for regression modelling. The entire sample of 350 laboratory
observations revealed a wider range of The range was from 9.82 to 85.33 mg/100 g in the
samples. At the 50-observation group level, mean Vitamin C concentrations were
approximately 10.37 mg/100 g for green banana, 14.81 mg/100 g for ash gourd, 16.87 mg/100
g for tomato, 42.37 mg/100 g for turnip, 52.74 mg/100 g for bitter gourd, 78.55 mg/100 g for
green bell pepper, and 80.28 mg/100 g for broccoli. This broad and structured distribution was
useful for model development because the algorithms were required to distinguish samples
across a wide nutritional range rather than predict values concentrated within a narrow interval.
The reference-assay strategy used here follows the general logic adopted in predictive food-
quality research. A chemically or instrumentally measured property is first established as the
reference response, while a separate set of measurements is evaluated for its ability to predict
that response. The reference analysis remains essential during calibration and validation, but it
is kept independent of the predictor measurements [44] .In the present work, iodometric
titration played this reference role, whereas moisture and ash characteristics provided the
independent information from which the models attempted to estimate Vitamin C.

The practical significance of this distinction becomes clearer when the modelling stage is
considered. Equations (5)-(7) describe how Vitamin C was determined experimentally from
the iodometric assay. They were used to establish the laboratory reference values and were not
recalculated by the machine-learning models during prediction. Once the experimental dataset
had been established, the modelling analysis asked a different question: whether the variation
in these chemically determined Vitamin C values could be learned from moisture content, ash
content, moisture SD, and ash SD alone.

The later prediction results indicated that meaningful information was indeed present in these
independent physicochemical descriptors. Moisture alone provided limited predictive power,
with a held-out R? of 0.3276 and an RMSE of approximately 22.57 mg/100 g. When ash was
added, test performance improved markedly to R* = 0.9348, with RMSE decreasing to
approximately 7.03 mg/100 g. Using all four physicochemical descriptors, the selected
HistGradientBoosting model reached a test R? of 0.9524, an RMSE of 6.0028 mg/100 g, and
an MAE of 3.4879 mg/100 g. Importantly, these results were obtained without including iodine
consumption or any other variable originating from the Vitamin C titration among the
predictors. The iodometric assay therefore had a clearly defined role in the study. It provided

the chemically anchored reference Vitamin C concentrations required to train, validate, and
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evaluate the prediction models. The subsequent machine-learning analysis did not replace this
reference method or alter the underlying chemistry. Instead, it investigated whether routine
moisture- and ash-related measurements contained sufficient independent information to
estimate the experimentally established Vitamin C response within the seven vegetable groups

studied.

2.5. Experimental reference values

Before presenting the machine-learning results, the experimentally measured composition of
the seven vegetables was summarized to establish the laboratory reference profile of the
dataset. Table 1 presents moisture, ash, and Vitamin C as mean + SD from the replicate
determinations. Reporting these measurements first provides a direct view of the compositional
range represented in the experiment and establishes the scale against which the later model
predictions can be interpreted. Similar descriptive presentation of proximate composition and
ascorbic acid has been widely used in vegetable-composition studies, particularly when the
objective is to characterize differences among edible plant materials before further statistical
or predictive analysis [45] .No inferential comparison, such as analysis of variance, was
performed on these laboratory summary values. The differences presented in Table 1 are
therefore interpreted descriptively. Terms such as higher, lower, or intermediate are used to
describe the observed measurements, whereas claims of statistical significance are deliberately
avoided.

Table 1. Experimental moisture, ash, and Vitamin C values for the seven selected vegetables

(mean = SD).
Vegetable Moisture (%) Ash (%) Vitamin C (mg/100 g)
Green Banana 78.03 £0.52 0.67+0.03 10.35+0.25
Bitter Gourd 93.08+0.41 0.82+£0.04 52.65+1.10
Green Bell Pepper 94.50+0.36 0.47 £0.02 78.54 + 1.25
Broccoli 89.74 £ 0.48 1.12+£0.05 80.26 +1.30
Turnip 94.48 +0.39 0.78£0.03 42.28 £0.95
Ash Gourd 95.39+0.33 0.64 +0.02 14.80 + 0.40
Tomato 93.12+0.44 0.35+0.02 16.83 + 0.45

Keeping Table 1 separate from the later machine-learning summaries was intentional. The
values in this table originate directly from the laboratory measurements and describe the
experimental reference profile, whereas the subsequent modelling tables report sample-level

prediction and model-performance information. Maintaining this separation allows ease of
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tracking the food-composition analysis transition to the predictive phase of study. Prior to
fitting any model, a broad Vitamin C gradient was already noted. The mean Vitamin C content
of broccoli (80.26 £ 1.30 mg/100 g) was the highest, followed by green bell pepper (78.54 +
1.25 mg/100 g). The concentration of bitter gourd was comparatively high at 52.65 + 1.10
mg/100 g, and turnip was in the middle at 42.28 +0.95 mg/100 g. Tomato, ash gourd and green
banana had significantly lower mean concentrations with green banana having the lowest mean
concentration (10.35 £ 0.25 mg/100 g). There was indeed a significant difference between the
upper and lower ends of this range: the mean Vitamin C concentration, found in broccoli, was
about 7.8 times greater than the mean concentration found in green banana. The range of
responses was wide and supported the experimental evaluation of the ability of the
physicochemical measurements to reproduce the observed variation by regression modelling.
The laboratory profile also serves as an example of why moisture content was not sufficient to
describe the variation of Vitamin C. The mean moisture contents of green bell pepper and
turnip were found to be 94.50% and 94.48%, respectively, while the Vitamin C concentration
was found to be different, 78.54 and 42.28 mg/100 g respectively. It was still more clearly seen
in ash gourd. It had the highest mean moisture content of all the seven studied vegetables
(95.39%) but the lowest concentration of Vitamin C (14.80 mg/100 g). Broccoli on the other
hand, had at 89.74% moisture content and the highest concentration of Vitamin C, at 80.26
mg/100 g. These comparisons suggest that samples with moisture content and position in the
water spectrum can easily be very different in their Vitamin C profile.The relationship between
the measured physicochemical properties and Vitamin C was therefore unlikely to be
represented adequately by a simple one-variable calibration. This observation provided the
practical rationale for evaluating moisture together with ash and the replicate-variability
descriptors within multivariable nonlinear regression models. Importantly, this interpretation
is based on the observed composition pattern rather than on an assumed causal relationship

between any individual physicochemical measurement and Vitamin C.

2.6. Modelling dataset and data integrity

The machine-learning analysis was based on the complete 350-observation modelling dataset,
with an equal contribution of 50 observations from each of the seven vegetable groups. The
recorded fields comprised Sample ID, Vegetable Code, Moisture Percent, Moisture SD, Ash
Percent, Ash SD, and Vitamin C mg/100 g. These variables were not all treated in the same
way during modelling. Sample ID was retained solely for traceability, allowing individual

observations to be linked back to the underlying dataset, while Vegetable Code was used only
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to preserve the balanced group structure during data partitioning and cross-validation. In both
cases none of the data was used in the regression algorithms. This was done by purposefully
including only four experimentally-determined physicochemical descriptors: moisture content,
ash content, moisture SD and ash SD in the predictive space. Experimentally determined
Vitamin C concentration was retained separately as the single continuous response. This
separation was central to the design of the study. The algorithms were required to learn from
the measured physicochemical characteristics of the samples rather than from vegetable
identity or from any quantity originating from the Vitamin C titration. Excluding such variables
also reduced the risk that apparently strong model performance would arise from information
already closely tied to the target rather than from the intended predictor set. More broadly,
machine-learning studies have shown that leakage between predictor construction, training,
and evaluation can substantially inflate apparent predictive performance [46] .

Before model fitting, the dataset was examined as an analytical object rather than passed
directly to the algorithms without inspection. All 350 observations were complete for the
recorded predictor and response fields, and no exact duplicate predictor—target rows were
identified after Sample ID was excluded. The equal group size was particularly useful for
partitioning because every vegetable could contribute the same number of observations to the
development and held-out subsets. Consequently, the later 80:20 partition could be
implemented as 40 development observations and 10 test observations for each vegetable,
rather than allowing larger groups to dominate the evaluation. The complete observation-level
dataset was retained in Supplementary Tables SIA-S1G, providing a transparent record of the
values supplied to the modelling workflow. This is particularly important in a relatively
compact experimental dataset because summary statistics alone cannot reveal the exact input—
output combinations encountered by the algorithms. Retaining the full modelling table
therefore supports reproducibility and allows the reported model behaviour to be interpreted
against the underlying laboratory observations. An important boundary was also placed on the
interpretation of the resulting performance estimates. All seven vegetable groups occur in both
the development and test partitions. The held-out observations are therefore new samples
within vegetable groups already represented during model development. The resulting test
scores should consequently be interpreted as performance within the compositional space
represented by these seven vegetables, rather than as evidence of successful prediction for an
entirely new vegetable species [46] .This distinction between in-distribution and out-of-

distribution evaluation is increasingly emphasized in machine-learning research because
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752 models that perform well when training and test data share the same underlying groups may
753  perform differently when confronted with genuinely unseen groups or domains.
754  The overall distribution of the five modelling variables is summarized in Table 2. The
755  descriptive statistics show that the predictors occupied substantially different numerical
756  ranges, while Vitamin C provided a broad response distribution for regression analysis.
757  Table 2. Overall descriptive statistics of the 350-row modelling dataset.
Variable n Mean SD Min Q1 Median Q3 Max Skewness  Kurtosis
Moisture 350 912076  5.8221 753100  90.4600  93.0650  94.8225  98.7300  -1.4798 1.1457
content (%)
Moisture SD 350  0.4304 0.1182 0.2000 0.3462 0.4135 0.5015 0.8640 0.7078 0.4586
f;jl)l coment 350 06942 02389 02990 04840  0.6950 08215 13070 03985  -0.3749
Ash SD 350  0.0329 0.0150 0.0120 0.0210 0.0290 0.0410 0.0820 1.1089 1.0435
Vitamin C 350 42.2831 27.5590 9.8200 15.1500  42.1750  76.7825 85.3300 0.2420 -1.5264
(mg/100 g)
758
759  The descriptive profile in Table 2 confirms that the modelling problem combined variables
760  with very different numerical characteristics. Water quality was focused at the upper end of its
761  range. However the scale had a median of 93.0650% while ash content had a median of
762  0.6950%. The corresponding replicate-variability descriptors acted upon, on even smaller
763  scales, with median values of 0.4135 for moisture SD and 0.0290 for ash SD. In comparison,
764  Vitamin C ranged from 9.82 to 85.33. mg/100 g and had an overall mean of 42.2831 +27.5590
765  mg/100 g. The large response SD shows the: seemed to give good separation between the
766  vegetable groups and gave the regression algorithms a useful Explain how concentration
767  gradient is related to learning. The distributions of vegetables are based on the above and are
768  included for further information that is not apparent from the pooled statistics. alone. Table 3
769  indicates that there were 50 observations per group, but the locations and ranges of The
770  moisture, ash and Vitamin C content were significantly different between vegetables.
771  Table 3. Vegetable-wise distributional summary of the modelling observations (n=50 per
772  vegetable).
Vegetable lg/;)oisture, mean = xzzzure ;&]s)h, mean Ash range Xiet::lins(]j)’ Vitamin C range
Green Banana  78.20 + 1.66 75.31-81.22 88;1‘ = 0.576-0.779  10.37+0.32  9.82-10.99
Bitter Gourd 93.02+ 1.55 90.36-97.19 8(8)243‘ = 0.700-0.949  52.74+1.62 49.76-55.95
g;;;‘;fe“ 94.50 = 1.86 91.59-98.49 8:322 * 0.407-0.554 78.55+2.08 74.26-8337
Broccoli 89.81 £1.63 86.82-93.21 (l)(l)éé = 0.957-1.307 80.28+2.34  75.54-85.33
Turnip 94.49 +1.70 90.93-98.43 832% = 0.677-0.906 42.37+1.13 40.13-44.99
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0.641 +

Ash Gourd 95.43+1.76 91.91-98.73 0.043 0.555-0.739 14.81+0.50 13.95-15.82
Tomato 92.99 + 1.66 90.35-97.14 88;1) = 0.299-0.409 16.87+0.53 15.97-17.82

773

774  For the following modelling strategy, there are a few features about Table 3 that are relevant.
775  Green banana is a species with a clearly lower moisture region than the rest of the vegetables,
776  broccoli is distinguished by Relatively high ash levels. Some groups, however, overlap strongly
777  in one physicochemical. Although Vitamin C values are variable, they stay fairly distant from
778  each other, such as green bell pepper and turnip. Both of them have nearly the same mean
779  moisture percentage (94.50% and 94.49%) but almost the same mean Vitamin C (4.21% and
780  4.20%). The concentrations of these are 78.55 and 42.37 mg/ 100 g. story of ash gourd is that
781  itis also grown in high humidity. The Vitamin C content in region is 14.81 mg/100 g, which is
782  much lower compared to the other areas. These overlapping and Contrasting patterns
783  strengthen the argument for considering the prediction of Vitamin C as a multivariable problem
784  Instead, to assume that there is not one single measurement that will give an adequate
785  calibration signal. The ash profiles create another barrier to separation. The ash mean was the
786  highest for broccoli (1.121%), The levels of Vitamin C were higher in the sample than that of
787  other samples, while the mean of ash content was the lowest in tomato, 0.351%, It is
788  accompanied with a relatively low Vitamin C content. The pattern was not monotonic across
789  all vegetables, however. Green bell pepper had relatively low ash at 0.469% despite its high
790  Vitamin C concentration, and bitter gourd had higher ash than green bell pepper while
791  containing considerably less Vitamin C. The dataset therefore contains structured but non-
792  simple relationships, providing a reasonable basis for testing nonlinear tree-based regression
793  rather than imposing a single linear correspondence between individual physicochemical
794  measurements and Vitamin C [47] .

795  The difference in predictor scales was retained rather than removed simply for numerical
796  uniformity. This choice was compatible with the tree-based modelling framework used in the
797  study, in which predictions are constructed through feature-specific split thresholds rather than
798  through distances measured across features. Random-forest and histogram-gradient-boosting
799  implementations, for example, construct regression trees by searching feature-specific splits,
800 allowing predictors expressed on different measurement scales to be used directly.Retaining
801  the original units also made the later interpretation more intuitive: moisture remained expressed
802  as percentage moisture, ash as percentage residue, and the two SD descriptors in their recorded
803  laboratory scales. This was particularly useful for the subsequent explainability and feature-
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ablation analyses. Rather than interpreting transformed or standardized quantities, the
contribution of each variable could be related directly to the laboratory measurement from
which it originated. The modelling dataset therefore preserved a close connection between the
experimental workflow and the machine-learning workflow: the inputs remained physically
interpretable measurements, Vitamin C remained an independently established reference
response, and vegetable identity was retained only for balanced evaluation rather than used as

a shortcut for prediction.

2.7. Balanced training-test split and five-fold cross-validation

A balanced 80:20 development—test split was used to preserve equal representation of all seven
vegetable groups throughout model evaluation. The partition was generated using random state
42, resulting in 40 observations from each vegetable being assigned to the development set and
the remaining 10 observations being reserved for final testing. This produced 280 development
observations and 70 held-out test observations in total. Using a fixed random state ensured that
the same partition could be reproduced in subsequent runs of the analysis. The held-out test set
was kept completely separate from hyperparameter optimization. Model tuning was performed
only within the 280-observation development set, while the 70 test observations were retained
for the final assessment after model selection. This separation was important because
repeatedly consulting the test set during hyperparameter selection can allow information from
the final evaluation data to influence model development and produce overly optimistic
performance estimates. Standard machine-learning evaluation practice therefore recommends
retaining an independent test partition while using cross-validation within the development

data for model selection.

Within the 280-observation development set, five-fold cross-validation was performed while
preserving the vegetable-group distribution in every fold [48] .Because each vegetable
contributed exactly 40 development observations, each validation fold contained eight
observations from each of the seven vegetable groups. Consequently, every validation fold
consisted of 56 observations, while the corresponding fold-training subset contained the
remaining 224 observations, or 32 observations from each vegetable. Stratified cross-validation
is designed to preserve the relative representation of predefined groups across folds, which was

particularly useful here because the dataset had an exactly balanced seven-group structure.

Table 4. Balanced data allocation used for model development and testing.
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Validation observations

Vegetable Total Training Testing per 5-fold CV fold
Green Banana 50 40 10 8

Bitter Gourd 50 40 10 8

Green Bell Pepper 50 40 10 8
Broccoli 50 40 10 8

Turnip 50 40 10 8

Ash Gourd 50 40 10 8

Tomato 50 40 10 8

Total 350 280 70 56

836

837  The allocation shown in Table 4 ensured that no vegetable group was disproportionately
838  represented during either model development or final testing. Because every group contributed
839  the same number of observations, differences in model performance were less likely to arise
840  simply from unequal group sizes. More importantly, the same balanced structure was retained
841  during cross-validation, so each model was repeatedly trained and validated using data drawn
842  from all seven vegetables rather than being evaluated on folds dominated by only a subset of
843  the groups. The five-fold procedure also made more efficient use of the available development
844  data than a single fixed validation subset. In each iteration, four folds were used for model ML
845  fitting and the remaining fold was used for validation, after which the validation role rotated
846  until every development observation had contributed once to validation. Cross-validation is
847  commonly used in this way during model selection because it provides performance estimates
848  across several resampled partitions while leaving the independent test set untouched for the

849  final evaluation.

850  The balanced structure also made the fold composition particularly transparent. Starting from
851 40 development observations per vegetable, division into five folds placed eight observations
852  from each vegetable in the validation subset and 32 in the corresponding fold-training subset.
853  Each cross-validation iteration therefore trained the candidate model on 224 observations and
854  evaluated it on 56 observations. Hyperparameter combinations were compared using
855  performance obtained across these five validation folds rather than on the final test set. This
856  design was intended to separate two different stages of model assessment. Cross-validation
857  within the development set was used to compare candidate configurations and assess how
858  consistently they performed across different internal partitions. The independent 70-
859  observation test set was then used only after model selection to provide the final held-out
860  performance estimate. Keeping these stages separate reduces the possibility that the final test

861  score merely reflects repeated adaptation of the model to the same evaluation data.
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At the same time, the interpretation of this validation strategy has an important boundary.
Stratification preserved vegetable representation rather than holding out entire vegetable
groups. All seven vegetables were therefore present during model development as well as final
testing. The resulting cross-validation and test scores describe predictive performance for new
observations drawn from the seven vegetable groups already represented in the dataset. They
do not establish how accurately the model would perform for a completely unseen vegetable
species. Group-based validation procedures, such as leave-one-group-out designs, are
specifically intended for that stronger form of evaluation because they exclude an entire
predefined group from model fitting. For the purpose of the present study, however, the
balanced 80:20 split combined with five-fold group-preserving cross-validation provided a
controlled framework for comparing the ten regression algorithms within the defined seven-
vegetable domain. Every model was evaluated under the same development—test allocation,
every cross-validation fold retained equal representation of the vegetable groups, and the final
test observations remained outside the hyperparameter-search process until model selection

was complete. [49] .

Output (target variable)

o
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Fig. 3a. Balanced train—test allocation used for all seven vegetable groups. Five-fold cross-

validation was performed exclusively within the 280-observation training partition, while the

70-observation test set remained outside model tuning and selection.

29




881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905

906
907
908
909
910
911
912
913

The 80:20 allocation was carried out separately within each vegetable group rather than by
randomly dividing the 350 observations as a single pooled dataset. This ensured that every
vegetable contributed exactly 40 observations to model development and 10 observations to
the final test set. The resulting partition therefore contained 280 development observations and
70 held-out observations, while maintaining the original balance of 50 observations per
vegetable. This group-preserving strategy was used to prevent the evaluation set from
becoming disproportionately influenced by any one vegetable simply because of random
sampling variation. The internal cross-validation stage was applied only after the 70 test
observations had been set aside. Within the 280-observation development partition, five-fold
cross-validation was stratified according to vegetable identity so that each fold retained the
same seven-group composition. Because every vegetable contributed 40 development
observations, each validation fold contained eight observations from each vegetable: eight
green banana, eight bitter gourd, eight green bell pepper, eight broccoli, eight turnip, eight ash
gourd, and eight tomato observations. Each validation fold therefore contained 56 observations
in total. The complementary fold-training subset consisted of 224 observations, corresponding
to 32 observations from each of the seven vegetable groups. This balanced construction meant
that every candidate model was trained and validated under the same group representation
throughout the cross-validation process. Stratified fold construction is specifically designed to
preserve the representation of predefined groups across partitions. The role of the cross-
validation stage was different from that of the final test set. The five internal folds were used
repeatedly during model development to evaluate candidate configurations and support
hyperparameter optimization. In contrast, the 70-observation test set was not used to guide
hyperparameter selection or to determine the ordering of candidate models. It remained
untouched until the hyperparameter search and CV-based model comparison had been

completed.

Keeping these stages separate was important for obtaining a more defensible estimate of
predictive performance. When the same evaluation data are repeatedly consulted while
selecting models or hyperparameters, the model-development process can gradually adapt to
that particular dataset, even when the observations are not explicitly used for fitting. The
resulting performance estimate may then become overly favourable. This concern has been
demonstrated in methodological studies of cross-validation-based model selection, where
reusing validation information for both optimization and performance estimation can introduce

selection bias [50] . The evaluation workflow was therefore organized as a sequence rather than
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as repeated inspection of the final test results. During each cross-validation iteration, candidate
models were fitted on 224 observations and evaluated on the corresponding 56-observation
validation fold. Validation performance across the five folds was then used to compare model
configurations and assess their consistency across different internal partitions. Only after this
process had been completed was the selected model evaluated against the independent 70-
observation test set. This structure also allowed the reported performance measures to be
interpreted at three distinct levels. Fold-training performance described how closely a model
fitted the observations available during a particular cross-validation iteration. Fold-validation
performance indicated how well the same model transferred to observations withheld within
the development partition. The final held-out test performance provided a separate assessment
using observations that had played no role in hyperparameter search or CV-based model
ordering. Maintaining these distinctions made it possible to examine not only predictive
accuracy but also the gap between training and validation behaviour, which was subsequently
considered when evaluating model stability and selecting the final regression model. The
balanced allocation shown in Fig. 3a was particularly useful for this dataset because Vitamin
C concentrations differed markedly among the seven vegetable groups. A purely pooled
random split could, by chance, have produced unequal representation of individual vegetables
in the development or test partitions, making overall performance partly dependent on the
composition of a particular random split. By fixing the allocation at 40 development and 10
test observations per vegetable and maintaining the same group balance within five-fold cross-

validation, each algorithm was evaluated under a common and transparent sampling structure.

At the same time, this design defines the scope of the reported validation evidence. Because all
seven vegetables occurred in both the development and test sets, the held-out assessment
represents prediction for new observations within vegetable groups already encountered during
model development. It does not represent a leave-one-vegetable-out experiment in which an
entirely unseen vegetable species is presented to the model. The reported test performance
should therefore be interpreted as within-domain prediction for the seven-vegetable
experimental space rather than as evidence of universal generalization to vegetables absent

from the training data.

2.8. Machine-learning models

Ten tree-based regression methods were compared under the same data partition:
HistGradientBoosting, Random Forest, Gradient Boosting, Extra Trees, Decision Tree,

Bagging, AdaBoost, XGBoost, LightGBM, and CatBoost. The group includes a single-tree
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baseline, bagged and randomized ensembles, conventional gradient boosting, histogram-based
boosting, and modern boosting libraries. Using this range made it possible to compare models
with different bias-variance behaviour and different approaches to regularization rather than

assuming that one family would be best in advance [51] .

Comparison framework for ten tree-based regression methods

\ N
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Fig. 3b. Comparison framework used for the ten tree-based regression methods. The figure
summarizes the shared experimental setup, the five groups of tree-based learning strategies
considered in this study, and the logic used to interpret performance differences under identical

input and evaluation conditions.

To make the comparison among the ten regression algorithms transparent, a separate
framework figure was included as Fig. 3b. This figure was used to summarize the logic of the
model comparison before presenting optimization results and performance tables. Its main
purpose was to show that all candidate models were evaluated under the same experimental
conditions and that the comparison was therefore methodologically fair. In other words, the

figure helps the reader understand that any difference in predictive performance did not arise
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from different predictor sets, unequal train—test allocation, or privileged access to vegetable

identity, but from the learning strategy of the algorithm itself.

The left panel of Fig. 3b highlights the common experimental setup used throughout the
comparative analysis. All ten algorithms were trained on the same balanced data partition,
received the same four predictor variables, followed the same training—test structure, and were
evaluated under the same cross-validation and test conditions. Vegetable identity was
intentionally excluded from the predictor matrix, and no variable derived from the Vitamin C
titration was supplied to the regressors. This part of the figure therefore reinforces a central
design principle of the study: the models were required to learn Vitamin C variation from

physicochemical information alone [52] .

The central panel of Fig. 3b groups the ten algorithms according to their broader tree-based
learning strategy. Decision Tree was treated as the single-tree baseline. Bagging, Random
Forest, and Extra Trees represented bagged or randomized ensemble learning. AdaBoost and
Gradient Boosting represented conventional boosting approaches based on sequential
improvement. HistGradientBoosting was shown separately because it uses a histogram-based
boosting strategy. XGBoost, LightGBM, and CatBoost were grouped as modern boosting
libraries that extend gradient-boosted decision-tree learning through different optimization and
regularization schemes. Presenting the models in this structured way makes the comparison

easier to interpret than simply listing ten algorithm names in sequence [51] .

The right panel explains why this comparison is informative. Since all models were trained and
tested under identical conditions, the reported differences can be interpreted as differences in
algorithm design rather than artefacts of the dataset split. More specifically, the figure
communicates that the comparison captures differences in bias—variance behaviour,
regularization strategy, tree construction, and ensemble logic. A single decision tree partitions
the predictor space through one recursive structure, whereas bagging-based models reduce
instability by averaging multiple trees. Randomized ensembles introduce additional variability
in split generation, while boosting-based models progressively refine prediction errors through
sequential tree addition. Modern boosting libraries further adapt this general idea using
different computational and regularization designs. The figure therefore serves as a visual
bridge between the conceptual categories of tree-based regression and the empirical
comparison presented later in the Results section. In the manuscript, Fig. 3b should be referred
to when first explaining why ten tree-based methods were selected instead of relying on only

one or two popular models. It can also be cited again in the Results discussion when explaining
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that performance differences reflect how each algorithm handled the same four-dimensional
predictor space. In this way, the figure functions not merely as an illustration, but as a compact

summary of the comparative design underlying the entire modelling analysis.

2.9. Bayesian hyperparameter optimization

Bayesian optimization was always used to tune the model-specific hyperparameters of the ten
tree-based regressors. The search was restricted to the 280-observation development partition
established previously, while the 70 held-out test observations remained outside the
optimization process. This separation was intentional: hyperparameters were selected from
repeated evidence generated within the development data, rather than from the final test
performance. Maintaining an independent test set is particularly important during model
selection because repeated optimization against the same evaluation data can introduce
selection bias and produce an overly favourable estimate of generalization performance [53] .
Unlike an exhaustive grid in which a predetermined set of parameter combinations is evaluated
without regard to the outcomes of earlier trials, Bayesian optimization uses information
accumulated from previously evaluated configurations to guide the search toward parameter
regions that appear more promising. This adaptive strategy is well established for machine-
learning hyperparameter optimization, particularly when evaluating each candidate requires
repeated model fitting and validation. Snoek et al. demonstrated the practical use of Bayesian
optimization for automatically tuning machine-learning algorithms, while later work has
continued to develop the approach for computationally expensive hyperparameter-search
problems [54] .

In the present study, the optimization criterion was the mean cross-validated mean squared
error obtained from the five-fold procedure applied within the development partition.
Hyperparameter selection can therefore be expressed by Equation (8).

6" = argmin 0 CV — MSE(0) (8)

Here, 0 represents a candidate set of model-specific hyperparameters, and CV-MSE(0)
represents its mean validation MSE across the cross-validation folds. The optimization
procedure sought the parameter configuration associated with the lowest cross-validated MSE.
Importantly, test-set error was not part of this objective. The final test partition therefore
remained independent of the numerical criterion used to select the hyperparameters. Bayesian
optimization was particularly appropriate for the present comparison because tree-based
algorithms contain interacting hyperparameters rather than a single isolated tuning control. For

example, increasing tree depth can increase model flexibility but may also increase variance,
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1028  while reducing the learning rate in boosting methods often changes how many boosting
1029  iterations are needed to construct an adequate ensemble. Leaf-size restrictions, sampling
1030  parameters, and regularization controls can further alter the effective complexity of the fitted
1031  model. Hyperparameter optimization therefore involved searching combinations of settings
1032 rather than interpreting each parameter independently. Bayesian optimization is designed for
1033  this type of black-box tuning problem, where the relationship between a parameter
1034  configuration and validation loss is not available in closed form and each evaluation requires
1035  an actual model fit.
1036  The retained optimization records showed that the search effort differed somewhat among
1037  algorithms. Candidate-level histories were available for nine of the ten models, with between
1038 35 and 45 candidate configurations retained depending on the algorithm. The final Decision
1039  Tree package preserved the selected hyperparameter configuration but did not retain the
1040  numbered candidate history or optimization time. These metadata were therefore reported as
1041  notretained rather than estimated retrospectively. This choice preserves the distinction between
1042  information present in the archived modelling output and information that could only be
1043 reconstructed by rerunning or inferring the original search.
1044 A further precaution was taken when interpreting the stored candidate histories. The exported
1045  candidate index was treated as an identifier for an evaluated configuration rather than as
1046  definitive evidence of wall-clock search order. The packaged tables do not establish that the
1047  candidate numbering preserves the precise chronological sequence in which Bayesian
1048  optimization evaluated the configurations. Consequently, the candidate-history plots are
1049  interpreted as records of the evaluated search landscape and selected candidate, not as exact
1050  temporal convergence trajectories.
1051  The optimization and cross-validation results retained for each model are summarized in Table
1052 5.
1053  Table 5. Bayesian optimization and cross-validation summary for the ten regression models.

. Opt. time CVval CVR?
Model Candidates [()min) R? SD [CVgap] CVvalMSE TestR> Test RMSE
HistGradientBoosting 45.00 2.60 0.92 0.05 0.05 60.31 0.95 6.00
Random Forest 40.00 5.16 0.91 0.05 0.08 68.25 0.96 542
Gradient Boosting 45.00 4.12 0.91 0.04 0.09 65.48 0.96 5.80
Extra Trees 40.00 3.63 0.91 0.04 0.07 70.22 0.95 591
Decision Tree n/r n/r 0.89 0.06 0.08 n/r 0.93 7.08
Bagging 40.00 3.77 0.89 0.04 0.07 81.20 0.94 6.68
AdaBoost 45.00 6.20 0.92 0.08 0.07 61.21 0.95 6.22
XGBoost 45.00 2.34 0.91 0.03 0.09 70.71 0.96 5.63
LightGBM 40.00 2.53 0.90 0.04 0.07 76.36 0.91 8.13
CatBoost 40.00 5.11 0.91 0.04 0.09 68.10 0.96 5.74
1054
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n/r = not retained in the final packaged Decision Tree optimization table. Missing metadata
were not reconstructed or inferred.

Table 5 brings together two different types of information. The candidate counts and recorded
optimization times describe the computational search that was retained in the final model
packages, whereas the cross-validation statistics describe how the resulting configurations
behaved across the development folds. Test R? and RMSE are included to provide the eventual
held-out performance of each optimized model, but these values were not used as the Bayesian
optimization objective This distinction is preserved as it is important to keep these explicit
since model tuning and final performance estimation differ. However, Cawley and Talbot
demonstrated that optimizing a model-selection criterion can be subject to overfitting, further
underscoring the need to distinguish evidence for model selection from actual performance
evaluation. The candidate-level search behaviour that was retained, is displayed in Fig. 4. The
figure does not require the plot to indicate a specific converging path in time, but instead
illustrates the ranges of candidate configurations that could be contained within each of the
optimization histories packaged, and designates the configuration labeled as selected. This is
the interpretation that is consistent with what we are seeing in the candidate index that was

archived, and it does not try to give a temporal interpretation that's not reflected in the data that
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Fig. 4. Returned the nine final packages for the 9 models for which a package of Bayesian-

search candidate histories were provided. MSE level of training & validation for candidates.
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The X axis shows the exported candidate. The points with a star are candidate marked as index
not a confirmed wall-clock sequence. Selected from the kept optimization history.

The computational effort associated with the searches is summarized separately in Fig. 5.
Across the nine models for which these metadata were retained, the optimization histories
contained between 35 and 45 candidate evaluations. XGBoost had the lowest recorded
optimization time at 2.34 min, while AdaBoost had the highest at 6.20 min.
HistGradientBoosting evaluated 45 retained candidate configurations in approximately 2.60
min. These values are useful for documenting the computational burden of the actual modelling

workflow, but they should not be interpreted as a benchmark of the intrinsic speed of the

algorithms.
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Fig. 5. Computational effort recorded for Bayesian hyperparameter optimization: (a) number
of candidate evaluations retained in the final optimization packages and (b) recorded
optimization time. Decision Tree is omitted from these comparisons because its final package
did not retain candidate-count or optimization-time metadata.

Direct runtime comparisons require caution because the search spaces, numbers of evaluated
candidates, hyperparameter definitions, software implementations, and computational
operations differ across models. Bayesian optimization itself is often motivated by the cost of
evaluating expensive hyperparameter configurations, and methodological work has
emphasized that computational cost can vary considerably across configurations and
algorithms.For this reason, the times in Fig. 5 are reported as records of the present experiment
rather than evidence that one modelling library is universally faster or more computationally
efficient than another. The consistency of the procedure was more important than any actual
duration. Each optimized model was selected based on repeated development partition
evidence and the cross validated MSE (not the final test error) was the optimization target. The

CV validation R?, the SD for the fold-to-fold CV, and the difference in absolute values between
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CV training and validation now became available, not just as a measure of the predictive power,
but also to measure stability and potential overfitting. This was relevant because the overall
best model that was held out was not necessarily the model that had the most favourable score
for that single fold in the internal validation. The optimization step was thus set up as a link
between the first ten-model comparison and the subsequent model-ranking process. Bayesian
search was employed to determine if there was a set of proper model specific hyperparameters
in the training set, five-fold cross validation gave additional evidence from the training set as
to the resulting set of model specific hyperparameters, and the test set was not used during the
training phase.Missing optimization metadata were left explicitly unresolved rather than
reconstructed, and the retained candidate indices were interpreted only to the extent supported
by the archived files. Together, these choices allowed the optimization results to be reported as
reproducible computational evidence without overstating what the stored search histories could

demonstrate.

2.10. Selected hyperparameters

The Bayesian search did not converge on a common model structure across the ten algorithms.
Instead, each method required a different combination of complexity, regularization, sampling,
and ensemble-size controls to obtain its strongest cross-validated performance. This was
expected because the candidate algorithms represent different tree-construction strategies, even
though they were trained on exactly the same four physicochemical predictors. Random forests
control prediction through the number and structure of randomized trees, whereas gradient-
boosting methods additionally depend on the interaction between learning rate, number of

boosting stages, tree depth, subsampling, and regularization.

HistGradientBoosting, which subsequently ranked first under the CV-first model-selection
rule, was fitted with a learning rate of 0.01 and 568 boosting iterations. Its final configuration
also used a maximum tree depth of 7, a maximum of 35 leaf nodes, a minimum of 26
observations per leaf, 177 histogram bins, and an L2 regularization value of 0.0783649896.
These settings describe a model in which relatively small updates were accumulated over many
boosting iterations while tree growth and terminal-node size were constrained. In histogram-
based gradient boosting, parameters such as learning rate, number of iterations, leaf number,
minimum leaf size, binning, and L2 regularization directly control how the ensemble is
constructed and how complex individual fitted structures are allowed to become [55] .Random

Forest reached its optimized configuration using 551 trees, a maximum tree depth of 12, and a
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max_features value of approximately 0.8843. This is not necessarily a sign of more complex
models than boosting models; the ensemble size is relatively large due to the fact that the
models are many, and are actually many random trees that are averaged together. Breiman's
formulation not only involves the number of trees and the degree of feature randomization but
also the diversity and correlation between the trees and is part of a larger ensemble design, not

just a specific tuning choice.

Gradient Boosting arrived at a noticeably different solution. The optimized model used 750
estimators with a learning rate of approximately 0.03011, maximum depth of 6, maximum leaf
nodes of 15, minimum samples split of 16, and a subsample fraction of approximately 0.7989.
The combination of a relatively small learning rate with a comparatively large number of
boosting stages is consistent with the well-known trade-off between these two parameters in
gradient boosting: reducing the contribution of each individual tree generally changes the
number of sequential stages required to build the final additive model. Subsampling introduces
another bias—variance control by fitting individual boosting stages on only a fraction of the
available observations [56] .Taken together, these optimized configurations illustrate why the
final analysis should not be described as a comparison of ten off-the-shelf or default algorithms.
Although every model received the same moisture content, ash content, moisture SD, and ash
SD inputs, the Bayesian search allowed each algorithm to adapt its own structural and
regularization parameters to the development data. The resulting comparison therefore reflects
optimized versions of the respective learning strategies rather than differences that might

simply arise because one model happened to have more suitable default settings.

The complete selected hyperparameters for all ten regressors are reported in Supplementary
Tables S2A—-S2J. Keeping the full parameter sets in the Supplementary Information avoids
interrupting the main text with lengthy model-specific lists while preserving enough detail for
the fitted models to be reproduced and independently examined. Transparent reporting of
datasets, model configurations, evaluation procedures, and computational choices is also

emphasized in current recommendations for reproducible machine-learning-based science [57]

Retaining the settings for every candidate model was particularly important in the present study
because model selection was not determined solely by the highest final test R2.
HistGradientBoosting was selected under the predefined CV-first rule because it produced the
strongest mean cross-validation R? together with a comparatively controlled train—validation

gap. Random Forest, however, produced the highest single held-out test R2. Reporting only the
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final HistGradientBoosting configuration would therefore conceal an important feature of the

comparison: different algorithms appeared strongest under different evaluation criteria.

For this reason, the hyperparameter records in Supplementary Tables S2A-S2J should be
viewed as part of the evidence supporting the model comparison rather than as secondary
implementation details. They demonstrate that for each algorithm, it has been given the chance
to run under the contextually optimised settings of that algorithm and that the following ranking
can be interpreted in the light of those optimised settings. This is particularly true for flexible
tree ensembles, where very subtle differences in learning rate, tree depth, constraints on the
leaf size, feature sampling, or size of the ensemble can make a substantial difference in the fit

vs. generalization trade off.

2.11. The assessment of the performances and the ranking of the final model.

Multiple complementary regression measures were used for the evaluation of the model
performance, instead of a single goodness of fit measure. This was significant because two
models may achieve the same R?, but have widely varying sizes, distribution or importance of
prediction errors. Studies on the assessment of predictive-error have also stressed that no single
measure of accuracy can tackle all aspects of model behavior and that that absolute, squared,
and relative error measures ask different questions. In this study, the R?, MSE, RMSE, MAE,
MedAE, and MAPE were therefore selected and analysed together and from various other
complementary angles to determine the model performance. The coefficient of determination
R? was used to quantify the proportion of the variation in the observed values of Vitamin C that
could be reproduced by the predicted values, compared with a model that predicts the overall
mean. The closer the values are to 1, the closer the agreement is with the observed response
pattern; the closer the values are to 0, the greater a proportion of the variation is not accounted
for by the fitted model [58] . R* was calculated using Equation (9).

Equation (9). Coefficient of determination

R =1- 0= 90/ ) 0 - 9 )
where y, is the experimentally measured Vitamin C concentration for observation 1, ¥, is the
corresponding model prediction, and ¥ is the mean of the observed Vitamin C values.
Because R? alone does not describe the magnitude of prediction errors in the original response

scale, error-based metrics were also calculated. Mean squared error assigns progressively

greater weight to larger deviations because each residual is squared before averaging [58] .
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This makes MSE particularly sensitive to observations for which the prediction is far from the
experimental reference value. It was calculated using Equation (10).

Equation (10). Mean squared error

MSE = (1/n) ) 01 = 99° (10)
RMSE was obtained by taking the square root of MSE, as shown in Equation (11). This retains
the stronger penalty applied to large residuals while returning the error to the same unit as the
response variable. In the present study, RMSE is therefore directly interpretable in mg/100 g
of Vitamin C.

Equation (11). Root mean squared error

RMSE = [[/m) Y 01 = 9] a1

MAE provided a complementary view of prediction error by averaging the absolute difference
between experimental and predicted concentrations without squaring the residuals. As a result,
individual large errors influence MAE less strongly than they influence MSE or RMSE.
Because MAE also remains in mg/100 g, it provides a straightforward estimate of the average
absolute distance between the model prediction and the laboratory reference value.

Equation (12). Mean absolute error

MAE = (1/m) ) Iyi = 9i (12)
Median absolute error was included to describe the typical prediction error in a way that is less
influenced by a small number of unusually poor predictions. Rather than averaging all absolute
residuals, MedAE identifies their median value. This distinction was useful in the present
dataset because a model could perform closely for most samples while still producing a small
number of comparatively large errors. In the present dataset this distinction proved to be very
useful since a model may have a high correlation coefficient for the majority of the samples
and a few relatively large errors.
Equation (13). Median absolute error

MedAE = median(|y; — Vil) (13)
To get a sense of how good or bad the model is, MAPE values were calculated, which each
scales the absolute error against a different experimental measured Vitamin C value. When the
same absolute error has a different magnitude at different points in the response range,
percentage-based error measures can be useful, but need to be carefully interpreted because
observations with lower reference values will be assigned more weight. Furthermore, Hyndman

and Koehler have mentioned the general problems with percentage accuracy, especially close
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to zero.In this particular dataset, the concentration of Vitamin C was not zero, so the division
by zero did not occur, however, MAPE was not only used to determine the quality of the model;
it was used as an additional parameter.
Equation (14). Mean absolute percentage error

e = ()]

This is particularly important for the Vitamin C range included in the study. The absolute error

of £3 mg/100 g means much more for a response that shows a low mean at one end of the
distribution, and a high mean at the other, than it does for a response that has a moderate-low
mean at one end and a moderate-high mean at the other.For a sample containing approximately
80 mg/100 g Vitamin C, such an error represents less than 4% of the reference concentration,
whereas the same 3 mg/100 g deviation for a sample containing approximately 10—15 mg/100
g represents a much larger proportional error. RMSE and MAE describe these cases in the
original concentration unit, MedAE indicates the typical absolute error with reduced sensitivity
to extreme residuals, and MAPE provides the additional relative perspective. Using the metrics
together therefore gives a more informative description of model behaviour than any one value
considered in isolation [59] .

Final model selection was based on a predefined CV-first ranking strategy. The primary
criterion was mean five-fold cross-validation validation R’, because this quantity summarized
predictive performance across repeated internal validation partitions rather than on a single
held-out sample. When models were close on mean validation R’, the fold-to-fold SD of
validation R” was considered next, with lower variability indicating more consistent behaviour
across the five validation folds. The absolute difference between mean training and validation
performance was then considered as an additional indication of whether strong training
performance was being maintained during validation.

This ordering was chosen to place greater weight on repeated validation evidence than on a
single favourable test result. Methodological work on model selection has shown that the
variability of cross-validation estimates matters because a noisy selection criterion can itself
be overfitted during model comparison [60] .Cawley and Talbot therefore emphasize that both
the expected performance and the variance of model-selection estimates deserve attention when
comparing competing learning algorithms. This rationale is consistent with considering mean
CV performance together with fold-to-fold variability and the training—validation gap in the

present analysis.

42



1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292

1293
1294
1295
1296

The held-out test metrics remained important, but they served a different purpose. Test RMSE
and MAE were used as supporting measures after CV-based comparison rather than as the
primary inputs used to determine model rank. This distinction prevented the final model choice
from being driven simply by whichever algorithm happened to obtain the most favourable score
on one 70-observation test partition. The independent test set instead provided a final check of
how the selected and competing models behaved on observations that had not participated in
hyperparameter optimization. This selection proved to be important when the optimized
models were compared. Random Forest had the highest R squared for a single test (0.96117)
and lowest root mean square error (RMSE) for test (5.4236 mg/100 g). The test R value for
HistGradientBoosting was 0.95243 and RMSE was 6.0028 mg/100 g. Hence, Random Forest
would have been preferred had they only used the last test R to decide on the model. However,
the repeated cross validation evidence provided a different ordering. HistGradientBoosting
outperformed the other classifiers with the highest mean CV validation R2 of 0.92050 for the
same mean training—validation gap of 0.04755, whereas RF had an R?>=0.90994 and an absolute
training—validation gap of 0.0768. HistGradientBoosting was then selected as the ultimate
model for explaining, as specified by the CV-first rule. This choice was not meant to imply that
Random Forest did poorly, rather it was a way to demonstrate that the held-out results of that
method were of outstanding quality. Instead, however, it was chosen because it had the most
convincing repeated validation evidence, rather than because of the best performance on a
single test set. The last evaluation scheme accordingly separated the tasks of model fitting,
model selecting, and final performance assessment. The main evidence for model ordering was
provided by cross-validation, while the fold to fold variability and the training — validation gap
were used to provide additional evidence of stability; the untouched test partition finally gave
the model an independent check of performance. Such a distinction is relevant since
performance evaluation and model selection are distinct but related tasks and if the same finite-
sample evidence is used for both, then one can reach an overly positive conclusion about the
selected model.

2.12. Introduce interpretability features of the model and SHAP.Present model
interpretability features and SHAP.

The features were interpreted after comparing models, allowing the explanation step to be
separated from the model selection step. A first-level analysis of the feature importance
patterns was conducted over the ten fitted regressors in order to check if the same

physicochemical features came up as the most important features repeatedly. The selected
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model (HistGradientBoosting) was then detailedly interpreted by means of SHAP. This method
is part of the general framework for explainable machine learning that Lundberg and Lee
proposed, where each prediction is broken down into a baseline prediction and contributions

for each individual feature[61] .

The relation between model output and expected output and the effect of each predictor for an
individual observation was presented by Equation (15).

Equation (15). SHAP decomposition for a single prediction of a model.
FO) = EF0]+ ) o (15)
j

In this case, the model baseline is denoted by E[f(x)] and the contribution of predictor j to
predicting a particular observation by the predictor is denoted by the function };; ;. SHAP
therefore provides an observation-level explanation of how individual features move a
prediction away from the model baseline. For tree-based models, these local explanations can
also be aggregated across observations to reveal broader patterns in how the fitted model uses
its predictors.

Global importance was summarized from the mean absolute SHAP contribution of each feature
according to Equation (16).

Equation (16). Global SHAP feature importance

Global importance; = (1/n) z |<pi]-| (16)
i

Using absolute SHAP values makes it possible to summarize the overall magnitude of a
feature’s contribution without allowing positive and negative effects to cancel one another.
This type of interpretation has increasingly been used in food-quality prediction studies. For
example, SHAP has been applied to identify informative spectral regions for Vitamin C
prediction in sweet potato and, more recently, to interpret boosting models developed for
Vitamin C and other quality attributes in fruit juices.In the present study, however, SHAP
values were interpreted only as evidence of how the fitted model used moisture- and ash-related
information; they were not treated as evidence of a causal relationship with Vitamin C [62]
.SHAP interpretation was complemented by progressive feature ablation. The two analyses
were used together because they address slightly different questions. SHAP indicates how
strongly the fitted model relies on each available predictor, whereas ablation tests whether
prediction actually improves when additional measurements are introduced and the model is
refitted. This distinction is useful because feature-importance values are model dependent and

should not automatically be interpreted as proof that a variable provides independent predictive
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information. Recent methodological work has likewise cautioned against relying on a single
feature-importance measure without considering interactions, dependencies, and the predictive
context in which the importance was calculated [63] .

The ablation sequence was deliberately kept close to the laboratory workflow. In the first
model, moisture was the only factor used. Ash was then included as second routine
compositional measurement and moisture SD, and finally ash SD, to get the full four-predictor
model. The R? and RMSE values for this reason were therefore interpreted as incremental
improvements in the predictive performance of the model rather than four separate model fits.
This stepwise sequence was also useful to assess the usefulness of the replicate-variability
descriptors. Moisture SD and ash SD were not considered to be other chemical components of
the vegetables, but just a representation of the differences between replicate laboratory
determinations. They were thus justified in being included only if they brought in predictive
information in addition to the mean moisture and ash. The interpretation strategy is a synthesis
of three related perspectives of the same modelling problem. Cross-model feature importance
was used to discover patterns, SHAP offered explanations both locally and globally, and
progressive ablation was conducted to determine if the patterns provided measurable advantage
for the model when it was retrained on increasingly informative laboratory measurements. This
combination enabled the analysis to go beyond the ranking of features and also consider
whether the variables found to be influential also enhance the practical prediction of

experimentally measured Vitamin C.

2.13. A prediction formulation using the physicochemical characteristics was developed

for Vitamin C.

The prediction problem was formalized separately from the chemical reference assay. Let M
denote moisture content (%), A ash content (%), SD_M the moisture replicate standard
deviation, and SD_A the ash replicate standard deviation. For a sample within the studied
domain, the fitted machine-learning model estimates Vitamin C as a nonlinear function of these
four quantities:
CvitC = fML(M,A,SD_M,SD_A) (17)

where CVitC is the predicted Vitamin C concentration (mg/100 g). Equation (15) is the central
deployment equation of the study: the prediction uses moisture- and ash-related measurements
only, whereas the iodometric result is required only as the reference target during model

development and validation.
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For HistGradientBoosting, the nonlinear prediction can be written in additive boosting form

as:
CVitC(x) = Fy + "Z T hy(x) (18)
t=1

where F, is the initial model prediction, 1 is the learning rate, T is the number of boosting
iterations, h«(x) is the contribution of the t-th fitted tree, and x =[M, A, SD_M, SD A]. For the
selected HistGradientBoosting model, n = 0.01 and T = 568. Unlike a conventional linear
calibration equation, Eq. (16) represents a learned set of nonlinear splits and interactions and
therefore cannot be reduced to one fixed coefficient for moisture and one fixed coefficient for
ash [64] .

A reduced screening model can also be written when replicate SDs are unavailable:

CVitC,reduced = fML(M,A) (19)

The reduced form was not treated as the final model, but its performance was evaluated in the
ablation analysis to determine how much predictive information was already present in

moisture and ash alone. Sample-level prediction error was calculated as:

Absolute error = |Cref — CVitC| (20)
P t (%) = [Cref - Cviec] x 100 21
ercentage error (%) = Cref (21)

where Cref is the reference Vitamin C concentration obtained from the experimental dataset.
These equations clearly separate the tasks of two stages: the chemical titration determines Cref
for model development and for checking, while the trained model calculates CVitC from the
physicochemical inputs in the screening time. The deployment equations explicitly separate
chemistry and prediction. The full model has x = [M, A, SD_M, SD_A] with M and A being
measured percentages and SD M and SD A being a summary of replicate variability. It is not
possible to give one universal coefficient for ash and moisture in the fitted
HistGradientBoosting function. Rather 568 boosting iterations make local changes around the
model baseline, together with a learning price of 0.01. Additive model is therefore a
mathematical representation that is additive at the ensemble level, but nonlinear with respect
to the original four predictors. A simplified version with two arguments, f(M,A) was kept as it
has direct application. For a laboratory where reliable single moisture and ash measurements
have been made, but where replicate SDs are not calculated, the reduced model provides an
empirical, test R> = 0.9348 estimate. This improves to 0.9524 with the full 4 input formulation.
This increase of R? of about 0.018 is real; and it is not a great deal compared with the increase

of R? when ash is added to moisture, which is about 0.607. The comparison allows the paper to
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distinguish the core predictive information from the incremental refinement provided by

replicate variability.

3. Results and discussion

3.1. Physicochemical and Vitamin C profiles across the seven vegetables

The seven vegetables showed clearly differentiated physicochemical and Vitamin C profiles,
although the degree of separation varied considerably among the measured variables. Green
banana was most readily distinguished by its lower moisture content, whereas broccoli
occupied the upper end of the ash distribution. Vitamin C showed the strongest group-wise
differentiation, with broccoli and green bell pepper concentrated at the higher end of the
response range and green banana, ash gourd, and tomato forming distinctly lower-value groups.
This type of structured variation is important in predictive food-quality studies because a model
is rarely learning from a completely homogeneous sample population; rather, it must recover
the target from combinations of measurements that may overlap in one dimension while
separating in another. Similar multivariate behaviour has been reported in food-quality
prediction studies in which Vitamin C or other internal quality traits could not be adequately
represented by a single measured feature [65] .

The mean + SD profiles of the five modelling variables provide an initial view of this structure.
As shown in Fig. 6, the relative ordering of the vegetable groups changed depending on
whether moisture, ash, or Vitamin C was considered. This lack of a common ordering across
all three measurements is particularly relevant to the modelling problem because it suggests
that no individual physicochemical descriptor can be expected to reproduce the full nutritional
pattern on its own.
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Fig. 6. Vegetable-wise mean + SD profiles for (a) moisture content, (b) ash content, and (c)

Vitamin C concentration in the 350-row modelling dataset.
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The boxplots in Figs. 7-9 provide a more detailed view of both within-group variability and
between-group overlap. Moisture showed substantial overlap among several vegetables,
particularly within the high-moisture region, indicating that water content alone offered limited
discrimination among samples with very different Vitamin C concentrations. Ash provided
clearer separation for some groups, although its relationship with Vitamin C was also not one-
to-one. In contrast, the Vitamin C distributions formed much more distinct concentration bands.
This combination of overlapping predictor distributions and more strongly separated target
values provided the main statistical motivation for using multivariable nonlinear regression
rather than a simple one-variable calibration [66] .Predictive studies of Vitamin C in citrus and
sweet potato have likewise shown that useful nutrient prediction often depends on extracting
information from combinations of indirect measurements rather than expecting a single

measured feature to track Vitamin C consistently across all samples.
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The pooled distributions of the continuous variables are shown in Fig. 10. Viewing the overall

distributions together with the vegetable-specific profiles is useful because pooled statistics can
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conceal the structured group patterns present in the dataset. Moisture, ash, and their replicate
SDs occupied very different numerical ranges, while Vitamin C extended across a broad
response interval. The machine-learning models were therefore required to learn from a
predictor space containing both scale differences and group-specific combinations rather than

from one uniformly distributed population.
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Fig. 10. Overall distributions of the five continuous variables used in the analysis: (a) moisture
content, (b) moisture SD, (c) ash content, (d) ash SD, and (e) Vitamin C concentration.

Patterns seen in these numbers are reinforced with the numerical group summaries. The
moisture content of the green banana was the lowest with the mean value being 78.20 + 1.66%,
while that of ash gourd was the maximum with the mean value being 95.43 + 1.76%. Broccoli
was different, it had a relatively low moisture content (89.81 + 1.63%), and the highest ash
concentration of all the 7 vegetables (1.121 £ 0.083%). Vitamin C produced the widest
nutritional contrast, ranging from 10.37 £ 0.32 mg/100 g in green banana to 80.28 + 2.34
mg/100 g in broccoli. The within-group ranges reveal why the relationship could not be reduced
to a simple threshold in either moisture or ash. Broccoli Vitamin C values ranged from 75.54

to 85.33 mg/100 g, while green bell pepper ranged from 74.26 to 83.37 mg/100 g, resulting in
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considerable overlap in the target variable. Their ash profiles, however, were markedly
different, with group means of approximately 1.121% and 0.469%, respectively. The reverse
situation was evident for bitter gourd and turnip: their mean ash contents were relatively close
at 0.824% and 0.782%, yet their mean Vitamin C concentrations were clearly separated at
52.74 and 42.37 mg/100 g. Similar indirect and multivariate relationships have been reported
in food-quality modelling, where combinations of predictors can be informative even when
individual variables do not follow the target monotonically [67] .

The moisture distributions provide an even clearer example. Several vegetables clustered
between approximately 91% and 97% moisture, yet their Vitamin C concentrations occupied
very different ranges. Ash gourd, green bell pepper and turnip were found to have high moisture
content while mean Vitamin C content of all the above was found to be high. They had
concentration values of about 14.81, 78.55, and 42.37 mg/100 g, respectively. High moisture
Hence, the observed data sample was not consistently related to either high or low Vitamin C.
Taken together, Figs. 6-10 demonstrate that the prediction problem was set in an overlapping
manner. A much more tightly coupled Vitamin C response with physicochemical
measurements. It was not just a case of the regression models identifying one high- or low-
value threshold. Rather, the algorithms were required to incorporate the correlated patterns of
moisture, ash and simulated variability. To separate samples with individual measurements that
might seem close together, but have different Vitamin C concentrations differed substantially.
This is the main one used for the subsequent analysis, of the reasons why the study was
undertaken. Instead of using one single physicochemical measurement as a direct surrogate for
the nonlinear multivariable model, the two approaches were compared.Instead, the two
approaches were compared, treating any one physicochemical measurement as a direct
surrogate for the nonlinear multivariable model. An alternative to Vitamin C.

3.2. Moisture-ash-Vitamin C relationships

Moisture and ash only had a weak correlation for all 350 observations. The slight negative
trend suggests that the two measures reflect different aspects of the vegetable a matrix and not
interchangeable information. Loss of moisture is mass lost during drying while ash is mass lost
during combustion.Loss of moisture is mass lost in drying, but ash is mass lost in combustion.
represents the residue that remains after combustion which is inorganic.The vegetable-specific
clusters in Fig. 11 further show that the pooled relationship is not described well by a single
straight line, which supports the later use of nonlinear tree-based models capable of learning

local splits and interactions rather than imposing one global linear rule. Gradient-boosted trees
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1483  are specifically designed to build such nonlinear additive relationships from successive tree

1484  partitions [68] .
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1486  Fig. 11. Relationship between moisture and ash content across the seven vegetable groups; the
1487  dashed line represents the overall linear trend.

1488  The two physicochemical measurements were also associated differently with Vitamin C.
1489  Moisture showed only a modest positive pooled tendency, whereas ash displayed a clearer
1490  positive relationship with the target. Even so, neither scatter pattern was sufficiently tight to
1491  support a one-variable calibration of Vitamin C. Instead, the useful predictive information
1492 appears to arise from the combined structure of moisture, ash, and their variability descriptors.
1493 A similar principle has been observed in recent food-quality prediction studies, where Vitamin
1494  C estimation improved when multiple informative measurements were considered jointly

1495  rather than interpreted as isolated one-to-one relationships [69] .
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Fig. 13. Relationship between ash content and Vitamin C concentration across the seven
vegetable groups.

The Pearson correlation matrix in Fig. 14 provides a numerical summary of these pairwise
relationships. Ash content showed the strongest positive linear association with Vitamin C at r
= 0.44, followed by ash SD at r = 0.40 and moisture content at r = 0.30. Moisture SD was
almost unrelated to Vitamin C on a linear basis, with r = —0.07. Among the predictors
themselves, moisture and ash were weakly negatively correlated at r = —0.14, while ash and
ash SD showed a much stronger positive relationship of r = 0.75, indicating that these two

descriptors contain partly overlapping information.
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Fig. 14. Pearson correlation matrix for moisture content, moisture SD, ash content, ash SD and
Vitamin C concentration.

The other predictor correlations were also fairly weak: moisture and moisture SD r = —0.47;
moisture and ash SD r = —0.20; moisture SD and ash r = 0.15; moisture SD and ash SD r =
0.23. Combined, these coefficients indicate that none of these predictors is very strong in itself.
This is in agreement with the scatter plots; moisture or ash samples may have very different
Vitamin C ranges, depending upon what they have in common. Having no predictor with a
target correlation greater than 0.50 doesn't contradict that several nonlinear predictors have test
R? values higher than 0.95. Tree ensembles can include multiple predictors, segment the feature
space into multiple regions and model interaction effects that can't be seen from any one
pairwise Pearson correlation. This difference explains why tree-based methods can be
successful even if individual linear correlation are found to be only fair [70] . The group
structure that can be seen in the figures. While it is important to be cautious when interpreting
Figs. 11-13, it is equally important to be cautious when interpreting Figs. 11-13 Broccoli is in
the high Vitamin C range and green bell pepper is in the high range, but the distribution of ash
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is vastly different. It is therefore only in part a biochemical relationship—that is, the presence
of pooled ash and Vitamin C is not merely a consequence of the relative position of the seven
vegetable groups in the combined data set. Later, the SHAP analysis can be used to know how
the fitted HistGradientBoosting model utilizes these patterns but it does not explain biological
causality. [71] .

Overall, Figs. 11-14 demonstrate that there are structured combinations of features that drive
the problem, rather than a single dominant linear relationship. Each of these contribute
separately to the structure of the sample, and the interaction of these three pattern components

is nonlinear, leading to the high predictive power of the overall pattern later on.

3.3. Ten optimized tree-based models make comparative predictions

All 10 optimized regressors were able to explain a significant amount of the variance in
Vitamin C, but the errors of the regressions were not exactly the same. This difference can be
seen in the plots of actual versus predicted values in Figs. 15a and 15b. Most of the observations
were within the range of the 1:1 reference line for the stronger ensemble models, with generally
good agreement between the experimentally measured and the predicted concentrations
throughout most of the Vitamin C range. Larger departures were however observed for some
samples particularly in the low and intermediate concentration areas. This is an observation
level deviation that warrants attention because it is possible to have a high overall R? and
relatively large errors for individual observations. In food quality prediction studies, it is
therefore common to use the plots of the predicted versus the reference values together with

other measures of error, such as numerical measures, to compare regression models. [84] .
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Fig. 15a. Actual versus predicted Vitamin C concentrations for the first six tree-based

regression models in the ten-model comparison. Blue circles represent training observations

AdaBoost Regressor - Actual vs Predicted

Bagging Regressor - Actual vs Predicted

@ Training Set /" @ Training Set
@ Testing Set 5 *% 801 @© Testing Set
=~ Perfect Prediction -W' | === Perfect Prediction 758 o
® 8 0 RS
r, /’ +
/’ § /’ -u" ® o
P EX2 L e £,
"/ * N . ,f’ o
. &1 L7 .
v 2% .
’, son r' ® .
- * .
. e 2w i
> .
,// é 30 . ’,// .:
e % *
i & 20 2 Ko
,’ ¢ f
» o],
10 20 30 40 50 60 70 80 10 20 30 40 50 60 70 80
Actual Vitamin C (mg/100 g) Actual Vitamin C (mg/100 g)
CatBoost Regressor - Actual vs Predicted Decision Tree Regressor - Actual vs Predicted
@ Training Set o © Training Set 5
@ Testing Set @ 801 @ Testing Set 2%
-=~ Perfect Prediction )‘"{ > | === Perfect Prediction 7
Vi ; C) P
e 701 e
v g >
4t . % B
/" B 60 e 7 o
o ~ A
A
o /.(: © 5 vr gl *
R N . E &
. ,‘Jf : S ,2" 2
> #
7 o0 . .
- s % <"
* ,// . g oL 7
¢ Vg P
AN .E 20 "
7 -9
- ,"”
- 101 .
10 20 30 40 50 60 70 80 10 20 30 40 50 60 70 80
Actual Vitamin C (mg/100 g) Actual Vitamin C (mg/100 g)
Extra Trees Regressor - Actual vs Predicted Gradient Boosting Regressor - Actual vs Predicted
@ Training Set P @ Training Set g
@ Testing Set " o 80 @ Testing Set
-=- Perfect Prediction il -39 & === Perfect Prediction 5 * e
Py i 8 0 ol 4
pr ..’ . S //
P RS g 7
e 2 60 L2 .
Pl b= .
5 z . 3] 4/‘/
o AE 2% Pt
y LA Y 4R
* I > v At
& i - P :
P P
Y 5020 . g3 o A
3 ,,’/ .§ * ’/’
o Eal o
I" e *
P 0] 8
10 20 30 40 50 60 70 80 10 20 30 40 50 60 70 80
Actual Vitamin C (mg/100 g) Actual Vitamin C (mg/100 g)

and red diamonds represent held-out test observations.
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1550
1551  Fig. 15b. Actual versus predicted Vitamin C concentrations for the remaining four tree-based
1552 regression models in the ten-model comparison.
1553  The full training and testing results are summarized in Table 6. Considering R* together with
1554 RMSE, MAE, MedAE, and MAPE provides a more complete view of model behaviour than
1555  ranking the algorithms by one statistic alone. This is particularly relevant here because several
1556  models produced very similar test R* values while differing more clearly in their absolute,
1557 median, or percentage errors. The use of multiple regression metrics is also common in
1558  predictive food and agricultural studies because squared-error and absolute-error measures
1559  emphasize different aspects of prediction performance.
1560  Table 6. Comparative training and testing performance of the ten tree-based regression models.
Model Dataset R’ MedAE MAE MSE RMSE ?:;A;PE
()
HistGradientBoosting  Training 0.9696 1.0715 2.2654 23.0365  4.7996 8.0607
HistGradientBoosting  Testing 0.9524 1.9970 3.4879 36.0339 6.0028 11.9839
AdaBoost Training 0.9896 0.4725 1.2968 7.8958 2.8099 3.5533
AdaBoost Testing 0.9489 0.7900 2.8311 38.7174 6.2223 7.7941
Gradient Boosting Training 0.9996 0.3758 0.4331 0.3111 0.5577 1.5799
Gradient Boosting Testing 0.9556 2.8838 3.9283 33.6694  5.8025 14.0312
Random Forest Training 0.9874 0.6309 1.4381 9.5118 3.0841 4.6466
Random Forest Testing 0.9612 1.5767 3.1358 29.4153 5.4236 10.3718
CatBoost Training 1.0000 0.0817 0.1113 0.0226 0.1505 0.4261
CatBoost Testing 0.9566 2.2131 3.6385 329124  5.7369 13.1656
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Extra Trees Training 0.9734 2.0205 2.9482 20.1707  4.4912 10.4297
Extra Trees Testing 0.9539 3.5443 4.3222 34.9371 5.9108 15.1658
XGBoost Training 0.9919 0.4204 0.9101 6.1292 2.4757 2.9012
XGBoost Testing 0.9581 2.0436 3.7641 31.7452 5.6343 13.6463
LightGBM Training 0.9716 1.5720 2.6902 21.4743 4.6340 10.1462
LightGBM Testing 0.9127 1.8842 3.9590 66.1383 8.1325 12.8971
Bagging Training 0.9501 1.1365 3.3244 37.8006  6.1482 9.7064
Bagging Testing 09411  3.0672  4.6008 445982  6.6782  16.8149
Decision Tree Training 0.9693 0.7450 2.2206 23.2428  4.8211 6.7849
Decision Tree Testing 0.9338 1.3586 3.5988 50.1862  7.0842 11.4265
1561  The held-out results show that no single algorithm dominated every metric. Random Forest
1562  achieved the highest test R at 0.9612 and the lowest RMSE at 5.4236 mg/100 g. XGBoost
1563  followed closely with R"=0.9581 and RMSE = 5.6343 mg/100 g, while CatBoost and Gradient
1564  Boosting produced test R* values of 0.9566 and 0.9556, respectively. Extra Trees and
1565  HistGradientBoosting also remained close, with test R” values of 0.9539 and 0.9524. AdaBoost,
1566  Bagging, Decision Tree, and LightGBM produced somewhat lower held-out values of 0.9489,
1567 0.9411, 0.9338, and 0.9127, respectively.
1568  The error metrics add an important layer to this ranking. HistGradientBoosting produced a test
1569 MAE of 3.4879 mg/100 g and a MedAE of 1.9970 mg/100 g, whereas AdaBoost achieved
1570  lower values for both measures, with MAE = 2.8311 mg/100 g and MedAE = 0.7900 mg/100
1571 g, despite having a lower overall test R. Random Forest combined its high R with an MAE of
1572 3.1358 mg/100 g and a MedAE of 1.5767 mg/100 g. At the other end of the comparison,
1573  Bagging produced the largest MAE at 4.6008 mg/100 g, while LightGBM showed the largest
1574  RMSE at 8.1325 mg/100 g. These differences illustrate why model quality cannot be reduced
1575  to asingle number; RMSE places greater emphasis on larger errors, whereas MAE and MedAE
1576  describe different aspects of the typical prediction deviation [74] .
1577  Training behaviour varied more strongly than test performance. CatBoost fitted the training
1578  data almost exactly, with R’ = 1.0000 and RMSE = 0.1505 mg/100 g, while Gradient Boosting
1579  also produced a very tight training fit with R*= 0.9996. These results demonstrate high fitting
1580  capacity, but exceptionally small training error should not by itself be interpreted as superior
1581  predictive performance. The relevant question is whether that fit persists when the model is
1582  evaluated on data not used during fitting. HistGradientBoosting showed a less extreme training
1583 fit, with R" = 0.9696 and RMSE = 4.7996 mg/100 g, while still retaining strong held-out and
1584  cross-validation performance. Model-selection research has emphasized precisely this
1585  distinction between fitting performance and evidence of generalization from resampled or
1586  independent data [75] .
1587  The multi-metric comparison is visualized further in Figs. 16a and 16b. The radar plots were
1588  used to display the relative training and testing behaviour of the algorithms across several
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performance criteria simultaneously. Their purpose is not to establish a new ranking, but to

make differences in the overall error profile easier to see when models have similar R” values

[76] .
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Fig. 16a. Radar comparison of scaled training and testing performance metrics for the first six

regression models.
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Fig. 16b. Radar comparison of scaled training and testing performance metrics for the
remaining four regression models.

The distinction between repeated cross-validation and the final held-out result becomes clearer
in Fig. 17. Random Forest produced the strongest single test score, but HistGradientBoosting
achieved the highest mean cross-validation validation R* at 0.9205. Random Forest, by
comparison, had a mean CV validation R'=0.90994. This difference determined the final model
choice because the ranking procedure had been specified in advance to prioritize repeated CV
evidence rather than the most favourable result on one particular test partition. Model-selection
literature has shown that performance estimates used for choosing among algorithms can
themselves be affected by finite-sample variance, making repeated validation evidence

particularly relevant when several models perform closely [77] .
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Fig. 17. Mean cross-validation validation R” compared with held-out test R for all ten
regression models.

HistGradientBoosting was therefore retained as the primary explanatory model despite not
producing the numerically highest test R’. Its mean CV validation R” was 0.92050, and the final
held-out evaluation remained strong at R” = 0.95243, RMSE = 6.0028 mg/100 g, and MAE =
3.4879 mg/100 g. Random Forest achieved a higher test R* of 0.96117 and lower RMSE of
5.4236 mg/100 g, but ranked lower under the predefined CV-first criterion. The result should
therefore be read as a difference in selection philosophy rather than evidence that Random
Forest was an inferior predictor [78] . The test-error profiles are summarized visually in Fig.
18, where RMSE, MAE, MedAE, and MAPE are displayed together. This view is useful
because models that appear nearly interchangeable by R can behave differently when the
magnitude or proportional size of prediction errors is considered. Similar multi-metric
reporting is used in contemporary food and agricultural prediction studies to avoid drawing

conclusions from a single regression statistic [79] .
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Fig. 18. Test-error heatmap showing RMSE, MAE, MedAE, and MAPE for each model. Cell
colours are normalized within each metric, while the printed values represent the original error
measurements.

Overall, most of the optimized ensembles performed strongly within the studied dataset, but
their relative ordering depended on whether emphasis was placed on a single held-out score,
absolute  prediction errors, proportional errors, or repeated cross-validation.
HistGradientBoosting provided the strongest result under the prespecified CV-first framework,
while Random Forest provided the best single held-out R’ and RMSE. Reporting both outcomes
avoids presenting model selection as more clear-cut than the evidence supports [80] .

Finally, the scope of these results remains defined by the sampling design. Every vegetable
represented in the 70-observation test set was also represented during model development. The
high test R* values therefore demonstrate strong prediction for held-out observations within the
seven-vegetable domain studied here; they do not establish performance for a vegetable species
that was completely absent from training. This distinction is important when interpreting the
proposed model as a screening framework and supports the need for future external or leave-

one-vegetable-out validation before broader species-level generalization is claimed [81] .

3.4. Model ranking, stability, and the meaning of “best”
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The final ranking was designed to reflect repeated validation performance rather than the
outcome of a single favourable test split. Mean cross-validation R* was therefore used as the
primary ranking criterion, while fold-to-fold variation and the absolute training—validation gap
provided additional information on stability. The held-out test metrics were retained as
supporting evidence. This distinction is important in comparative machine learning because
model-selection criteria estimated from finite samples contain their own variability; selecting
a model only because it performs best on one particular evaluation split can give an overly
optimistic impression of its relative advantage. Cawley and Talbot similarly emphasize that the
variance of a model-selection criterion can be as important as its average performance when
competing algorithms are close.

Table 7. Ranking of final CV and held out supporting metrics.

Rank  Model Sa‘l’R, gg R le IT;“ RMSE MAE MedAE x{‘)‘)PE
1 HistGradientBoosting 0.9205 0.0463 0.0475 0.9524 6.0028 3.4879 19970  11.9839
2 AdaBoost 09193 0.0766 0.0666 0.9489 62223 28311 07900  7.7941
3 Gradient Boosting 09135 0.0413 0.0862 09556 5.8025 3.9283 2.8838  14.0312
4 Random Forest 09099 0.0470 0.0768 09612 54236 3.1358 1.5767 103718
5 CatBoost 0.9099 0.0406 0.0901 0.9566 5.7369 3.6385 22131  13.1656
6 Extra Trees 0.9074 0.0365 0.0698 009539 59108 43222 3.5443  15.1658
7 XGBoost 0.9065 0.0346 0.0857 0.9581 5.6343 3.7641 2.0436  13.6463
8 LightGBM 0.8992 0.0355 0.0683 09127 8.1325 3.9590 1.8842  12.8971
9 Bagging 0.8928 0.0433 0.0692 09411 6.6782 4.6008 3.0672  16.8149
10 Decision Tree 0.8887 0.0563 0.0824 0.9338 7.0842 3.5988 1.3586  11.4265

HistGradientBoosting was ranked first due to its high mean value of CV validation R*(0.9205),
but a relatively small training—validation gap (0.0475) Table 7. AdaBoost was the second most
successful with a mean CV R’ of 0.9193, but a higher fold-to-fold variability of 0.0766.
Random Forest, CatBoost, Extra Trees and XGBoost were the next most powerful models,
with Gradient Boosting coming third. LightGBM, Bagging and Decision Tree took the
remaining three spots. The ranking is thus not by the end of the day, but according to the
prespecified validation strategy; it does not reflect the ordering of the algorithms by some other
metric that was more favorable at the time the algorithms were run. This difference is
particularly apparent when comparing to HistGradientBoosting and Random Forest. Random
Forest provided the best single hold-out performance with test R? = 0.9612 and RMSE = 5.4236
(mg/100g), while HistGradientBoosting had test R? = 0.9524 and RMSE = 6.0028 (mg/100g).
If the models were ranked according to test R’, then the Random Forest model would be
selected. However, repeated cross validation results showed better results for Hgb, with an
average R? validation of about 0.011 higher than Random Forest. The final result is thus based

on the study's focus on multiple repetitions of performance rather than a small induced
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advantage in one held-out partition. Consistent with methodological studies which have
demonstrated that cross validation estimates are not immune from sampling variability and
must be used with a critical eye on the stability in addition to the point estimate of the estimate.
These other error metrics confirm the same thing: none of the models performed best for all of
the criteria. Although AdaBoost was in second position, it obtained the smallest test MAE of
2.8311 mg/100 g and the smallest MedAE of 0.7900 mg/100 g. The last ranking one was
Decision Tree, with a relatively low MedAE of 1.3586 mg/100 g for the CV-first procedure.
The test R? for XGBoost and CatBoost was also higher than that of HistGradientBoosting, but
it didn't outperform it when it comes to the key cross-validation parameter. The differences
demonstrate that model performance varies depending on the aspect of prediction that is being
emphasized: total variance in prediction, sensitivity to larger errors, mean absolute error, or
stability of the development sets. [82] .

Hence, 4 cannot be said to be universally better than the other nine algorithms. A better reading
of this is that it produced the most balanced result in the prespecified selection framework: it
performed best on average over the cross-validated test sets, was well controlled over its
training—test split, and yielded high test accuracy on the untouched test sets. The random forest
model was also a strong competitor and outperformed other models numerically on the sole
held-out R* and RMSE measures, and it performed best numerically on the absolute error
measures among the models, whereas the AdaBoost model performed best on these measures.
This difference reinforces, not undermines, the model comparison.It shows that the final model
was not selected simply because one performance number happened to be the largest. Instead,
the decision was based on a hierarchy of evidence defined before final interpretation, with
repeated validation used for ranking and the independent test set used to confirm that the
selected model retained strong predictive performance. Such separation between model
selection and final performance assessment is important because optimizing and evaluating

models on the same finite-sample evidence can introduce selection bias [83] .

64



(a) (b)

0.059

0.06 4 =0= Test MAE
; 4.50

4.25

s
2
=]

Average Rank
w
&
Test MAE

e
@
b=

R? Overfitting Gap

3.25

2.75

CB ET BR

1 69 5 Models
1696  Fig. 19. Comparative model stability and ranking: train-test/CV performance gap and average-

1697  rank/test-MAE view of the ten regressors.

Rank (1 = Best)

1698
10-Model Multi-Metric Ranking Heatmap
HistGradientBoosting
AdaBoost
Gradient Boosting
O]
-g Random Forest -
< 6
%ﬁ CatBoost
=
-t
]
b3 -5
-l Extra Trees
v
8
g 4
< XGBoost A
>
LightGBM 3
Bagging 2
Decision Tree 1
1699
1700

65



1701

1702

1703
1704

1705
1706
1707
1708
1709
1710
1711
1712
1713
1714
1715

Fig. 20. Multi-metric ranking heatmap for the ten regression models.

Final 10-Model Ranking — Best Model: HistGradientBoosting

HistGradientBoosting

AdaBoost Rank 2

Gradient Boosting Rank 3

Random Forest Rank 4

CatBoost Rank 5

Extra Trees Rank 6

XGBoost Rank 7

Machine Learning Model

LightGBM Rank 8
Bagging ‘Rank 9

Decision Tree Rank 10 |

0 2 4 6 8 10
Relative Ranking Score (Higher = Better Rank)

Fig. 21. Final model-ranking summary generated from the model-comparison workflow.

The cross-validation results provided a clearer basis for the final model ranking than the held-
out test scores considered alone. HistGradientBoosting achieved the highest mean CV
validation R” at 0.92050, followed closely by AdaBoost at 0.91926 and Gradient Boosting at
0.91351. Random Forest, although it produced the strongest final test R, reached a lower mean
CV validation R” of 0.90994 and therefore ranked fourth under the predefined CV-first rule.
CatBoost followed almost identically at 0.90993, with Extra Trees at 0.90738, XGBoost at
0.90648, LightGBM at 0.89923, Bagging at 0.89275, and Decision Tree at 0.88874. The fold-
to-fold variation added another dimension to this comparison. HistGradientBoosting showed a
CV R’ SD of 0.04632, whereas XGBoost had the smallest listed variability at approximately
0.0346. AdaBoost, despite its strong mean validation score, showed the largest fold-to-fold SD

at 0.07656. The absolute training—validation gaps also varied among the models, ranging from
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approximately 0.04755 for HistGradientBoosting to 0.0901 for CatBoost. These differences
are relevant because cross-validation estimates themselves are subject to sampling variability;
methodological studies have shown that model selection can become unstable when the
selection criterion has high variance, even when its average performance appears favourable
[84].

The resulting ranking should therefore not be interpreted as evidence that
HistGradientBoosting was numerically superior under every performance measure. Rather, it
emerged as the strongest overall choice under the prespecified hierarchy of evidence: mean CV
validation R* was considered first, followed by fold-to-fold variability and the absolute
training—validation gap. The held-out metrics were then used as supporting evidence rather
than as the basis for retrospectively changing the ranking. This distinction is consistent with
standard model-selection practice, where cross-validation is performed within the development
data while a separate test set is retained for final evaluation. This consideration is especially
important for the intended screening application. A future sample will arrive with moisture-
and ash-related measurements, but its true Vitamin C concentration will not be known at the
point of prediction. Model choice therefore needs to rely on evidence that is reasonably
consistent across repeated development partitions rather than on whichever algorithm happens
to perform best on one particular 70-observation hold-out set. Cross-validation cannot
guarantee performance outside the population represented during development, but it provides
a more defensible basis for selecting among closely competing models than repeatedly
consulting the final test results [85] .

Accordingly, the CV-first analysis in Table 7 supports HistGradientBoosting as the final
explanatory model while still recognizing the strong held-out performance of Random Forest
and several other ensembles. The selected model should therefore be understood as the most
balanced choice under the predefined validation framework, not as an algorithm that dominates

every possible accuracy or stability criterion.

3.5. Feature importance across the ten algorithms

A broadly consistent feature pattern emerged across the ten optimized regressors. Ash content
was repeatedly assigned the largest share of normalized importance, moisture generally ranked
second, and the two replicate-SD descriptors contributed much less. The recurrence of this
ordering across different tree-based learners is more informative than the result of any one
model considered in isolation, because it suggests that the prominence of ash was not simply

an artefact of a single fitted estimator. At the same time, feature-importance values are model
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dependent, and methodological studies have shown that different importance definitions can
behave differently and may be affected by the structure of the fitted model and the predictors
themselves. Exact percentages should therefore be interpreted within each model rather than

treated as directly interchangeable across algorithms [86] .

10-Model Feature Importance Comparison
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Fig. 22. Within-model normalized feature-importance heatmap across the ten machine-
learning models.

The pattern in Fig. 22 was strikingly consistent. Ash content accounted for approximately
84.7% of the normalized importance in HistGradientBoosting, 73.8% in Random Forest, 65.5%
in Gradient Boosting, 66.0% in Extra Trees, 77.3% in Decision Tree, 82.5% in Bagging, 65.3%
in AdaBoost, 69.0% in XGBoost, 80.6% in LightGBM, and 86.7% in CatBoost. Moisture
content was usually the second-ranked predictor, ranging from approximately 7.3% in
CatBoost to 22.0% in Decision Tree, while moisture SD and ash SD generally occupied smaller
shares.

The individual importance plots were retained because the heatmap is intended to summarize
a recurring pattern rather than imply that all ten algorithms measure importance on a common

absolute scale. Tree-based importance can be constructed from different quantities, including
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improvements in split criteria, changes in predictive performance after perturbation, or

attribution-based explanations. These approaches answer related but not identical questions,

and previous work has shown that their magnitudes and even rankings can differ under some

data conditions.
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Fig. 23a. Individual normalized feature-importance profiles for the first six regression models.
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Fig. 23b. Individual normalized feature-importance profiles for the remaining four regression

models.

For this reason, the main result in Figs. 22-23 is the repeated ordering of the predictors rather

than numerical equality of their importance percentages. The fact that ash remained the leading

feature across all ten fitted models provides stronger evidence of a recurring predictive signal

than would a single importance plot from the final model alone. Nevertheless, this should still

be interpreted as a property of the fitted prediction models, not as evidence that ash has a direct

causal or biochemical effect on Vitamin C. Moisture SD showed the opposite pattern. Its

contribution remained small across most of the cross-model displays, and in the

HistGradientBoosting normalized importance profile it accounted for only about 0.2%. The

later SHAP analysis similarly assigned moisture SD less than 1% of the total mean absolute

contribution. Agreement between these complementary analyses is useful because moisture SD
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was included prospectively as a descriptor of replicate variability rather than on the assumption
that every available laboratory variable would necessarily become an important predictor. The
cross-model analysis therefore provided an initial robustness check for the interpretation
developed later with SHAP. SHAP methods are designed to explain how fitted tree models
distribute individual predictions among their input features and can be aggregated to reveal
global model structure.In the present study, the cross-model importance plots first established
the recurring ash-dominant pattern, while the subsequent HistGradientBoosting SHAP and
ablation analyses were used to examine that pattern in greater detail and test whether the

apparent importance translated into incremental predictive value [87] .

3.6. Explainable ML interpretation of HistGradientBoosting

SHAP provided the clearest view of how the selected HistGradientBoosting model distributed
predictive information among the four physicochemical inputs. Unlike a simple correlation
coefficient, which summarizes one pairwise linear relationship at a time, SHAP explains
predictions from the fitted nonlinear model by assigning feature-specific contributions relative
to a baseline prediction. This makes it particularly suitable for tree ensembles, where feature
effects can vary across different regions of the predictor space and can depend on interactions
with other variables [88] .

For the selected model, ash content was clearly the dominant contributor. Its mean absolute
SHAP value was 18.0263, corresponding to 72.67% of the total normalized contribution.
Moisture content ranked second with a mean absolute SHAP value 0f 4.6912 and an importance
of 18.91%. Ash SD contributed 7.53%, while moisture SD accounted for only 0.89%. The
resulting ranking is summarized in Table 8.

Table 8. Global SHAP feature importance for the best-ranked HistGradientBoosting model.

Rank Feature Mean |SHAP| Importance (%)
1 Ash Content 18.0263 72.6707

2 Moisture Content ~ 4.6912 18.9121

3 Ash SD 1.8679 7.5303

4 Moisture SD 0.2200 0.8869

This ordering was broadly consistent with the earlier cross-model importance analysis, where
ash repeatedly emerged as the leading predictor, and it was also directionally compatible with
the Pearson analysis, in which ash showed the strongest linear association with Vitamin C. The
two analyses should nevertheless not be treated as equivalent. Pearson correlation describes the
strength of a global linear association between two variables, whereas SHAP describes how an

already fitted nonlinear prediction model uses each feature when generating its outputs.
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TreeSHAP was developed specifically to retain local explanation while allowing those local

contributions to be aggregated into a global description of tree-model behaviour.

SHAP Interpretation of the Best-Performing Vitamin C Prediction Model (HistGradientBoosting)
(a) )
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Fig. 24. SHAP interpretation of the selected HistGradientBoosting model, showing (a) global
mean absolute SHAP contribution and (b) the beeswarm distribution of feature contributions
across the evaluated observations.

The beeswarm component of Fig. 24 adds information that the global percentages alone cannot
provide. Mean absolute SHAP values describe the overall magnitude of a feature's contribution
but remove its direction. In the beeswarm plot, individual SHAP values can be positive or
negative depending on the sample's feature values and its position within the nonlinear structure
learned by the model. Thus, ash does not contribute a fixed amount to every Vitamin C
prediction. Its influence changes across observations according to the tree splits, interactions,
and other predictor values encountered by the fitted ensemble. This local-to-global
interpretation is one of the main advantages of SHAP for tree-based models [89] .

The prominence of ash should also be interpreted carefully. A positive SHAP contribution
indicates that, for a particular observation, the ash value helped move the model prediction
above its baseline after accounting for the model's other inputs. It does not establish that
experimentally increasing ash content would cause Vitamin C to increase. SHAP is
fundamentally a model-attribution framework, and its feature contributions describe the
behaviour of the fitted predictive function rather than a biochemical causal mechanism. This
distinction is especially relevant here because ash and ash SD were themselves strongly
correlated, indicating that part of their information is overlapping. The SHAP results also
clarify the more limited role of the replicate-variability descriptors. Together, ash SD and
moisture SD contributed approximately 8.4% of the total mean absolute SHAP importance,
with most of that contribution coming from ash SD. Moisture SD remained negligible at less

than 1%. This pattern is consistent with the broader feature-importance results and suggests
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that the mean moisture and ash measurements carried most of the information used by the
model, while replicate variability provided a smaller refinement [90] .

Finally, the SHAP interpretation agreed qualitatively with the progressive ablation analysis,
although the two approaches answer different questions. SHAP describes how the final four-
feature model distributes its predictions among the available inputs, whereas ablation tests what
happens when the model is refitted after predictors are removed or added. Agreement between
these complementary analyses therefore strengthens the interpretation that ash content carries
the dominant predictive signal within the present seven-vegetable dataset, while moisture
contributes a secondary signal and the SD descriptors provide comparatively modest additional

information [91] .
3.7. Feature ablation: how much does ash actually add?

The ablation analysis provided the most direct test of how much predictive information was
contributed by each stage of the physicochemical input set. Rather than interpreting feature
importance only from a fitted model, HistGradientBoosting was refitted with progressively
richer combinations of predictors. This type of reduced-versus-full feature comparison is
widely used in predictive modelling to determine whether additional variables provide genuine
incremental value or mainly add redundancy. Similar approaches have been used in food-
quality studies to identify smaller predictor sets that retain most of the predictive performance
of more complex models [92] .

Moisture content alone provided relatively weak prediction, with a test R*of 0.3276, RMSE of
22.5697 mg/100 g, and MAE of 17.0602 mg/100 g. The largest change occurred when ash
content was added. Test R” increased sharply to 0.9348, while RMSE decreased to 7.0260
mg/100 g and MAE to 3.9764 mg/100 g. This step accounted for most of the improvement
observed across the ablation sequence, indicating that ash supplied substantial information that
was not available from moisture alone. Adding moisture SD produced a much smaller gain.
Test R increased from 0.9348 to 0.9386, while RMSE decreased from 7.0260 to 6.8182
mg/100 g. The final addition of ash SD produced the strongest overall configuration, with test
R’ reaching 0.9524, RMSE falling to 6.0028 mg/100 g, and MAE to 3.4879 mg/100 g. The full
four-feature model was therefore retained as the preferred formulation, although the
progression shows that most of the recoverable signal was already present once moisture and
ash were considered together.

Table 9. Progressive feature-combination performance of HistGradientBoosting.
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Feature set Dataset R? MAE RMSE MSE MedAE MAPE (%)
Moisture Content ~ Training 0.4400 15.6636 20.5923 424.0438 13.0609 58.5938

Moisture Content  Testing 0.3276 17.0602 22.5697 509.3919 17.7523 65.6662
Moisture + Ash Training 0.9621 2.7088  5.3551 28.6769 1.2989  9.5398
Moisture + Ash Testing 0.9348 3.9764  7.0260  49.3651 1.9541 14.7963
+ Moisture SD Training 0.9641 2.7658  5.2134  27.1794 1.5459  9.8768
+ Moisture SD Testing 0.9386 3.9293  6.8182  46.4883 1.9464 14.6995
All four features Training 0.9696 2.2654  4.7996  23.0365 1.0715  8.0607
All four features Testing 0.9524 34879  6.0028  36.0339 1.9970 11.9839

The same pattern is visible across the remaining error measures in Table 9. With moisture
alone, test MedAE was 17.7523 mg/100 g and MAPE was 65.6662%. Once ash was included,
these values fell to 1.9541 mg/100 g and 14.7963%, respectively. Moisture SD produced only
a slight additional improvement, whereas the complete four-variable model reduced MAPE
further to 11.9839%. The gain from the SD descriptors was therefore real but incremental
compared with the much larger contribution associated with adding ash.

The training results follow the same general progression. Training R increased from 0.4400
with moisture alone to 0.9621 after ash was introduced. Moisture SD raised this only slightly
to 0.9641, and the final four-feature model reached 0.9696. The fact that the dominant
improvement appears in both training and testing performance strengthens the interpretation
that ash provides the major additional predictive signal, while the replicate-variability
descriptors mainly refine an already strong moisture-plus-ash model [93] .

Effect of Progressive Feature Addition - HistGradientBoosting
=0= Testing SE

1.0

0.935 0.939 0.952

0.8 L 20.0

e
=11
L

Testing R?

=}
s
.

F10.0

0.2

F7.5

0.0

Moisture Moisture Moisture + Ash All 4
+ Ash + Moisture SD Features

Input Feature Combination

Fig. 25. Effect of progressive feature addition on HistGradientBoosting performance.
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The pattern shown in Fig. 25 is also consistent with recent food-quality modelling work in
which feature-selection or ablation analyses were used to determine whether a reduced
measurement set could preserve most of the predictive accuracy of the full model. For example,
recent Vitamin C prediction studies have explicitly evaluated informative subsets rather than
assuming that every available feature should automatically be retained. From a practical
perspective, the ablation analysis suggests two possible levels of screening. The four-input
formulation remains the preferred model when replicate measurements are available because
it provides the strongest overall performance. However, the moisture-plus-ash model still
achieved a test R” of 0.9348, indicating that a simpler two-input configuration retains much of
the predictive information within the present dataset [94] . The increase from the two-feature
model to the full model was approximately 0.018 R” units, whereas adding ash to moisture
alone increased R’ by approximately 0.607.

The reduced configuration should therefore be viewed as a lower-information screening option
rather than an equivalent replacement for the full model. Its main value is practical: when
replicate SDs are unavailable, moisture and ash alone may still provide a useful empirical
estimate within the studied seven-vegetable domain. The full model remains preferable where
replicate measurements can be obtained, while the ablation results make clear that the central
predictive structure comes primarily from the combined moisture—ash profile rather than from

the variability descriptors alone [95] .

3.8. Practical calculation of Vitamin C from measured physicochemical inputs

The intended use of the fitted equation is illustrated with a held-out broccoli observation. The
measured predictor values were moisture content = 91.02%, ash content = 1.170%, moisture
SD = 0.342, and ash SD = 0.055. These four values form the input vector x = [91.02, 1.170,
0.342, 0.055]. The corresponding iodometric Vitamin C value was not supplied to the model;

it was retained only as the reference value for checking the prediction.
Fy = 42.299214, n = 0.01, M =568

Therefore, the fitted HistGradientBoosting prediction for this input vector is:

CVitC = 42.299214 + 0.012 568 b (91.02,1.170, 0.342,0.0550)
m=1

The cumulative learning-rate-adjusted contributions of the 568 boosting iterations can be

grouped as:

75



1922
1923

1924

1925
1926

1927
1928

1929

1930

1931

1932

1933

1934

1935

1936

1937
1938
1939
1940
1941
1942
1943
1944

1945
1946
1947
1948
1949
1950

14.968533 + 9.035311 + 8.875765 + 3.542410 + 1.726096 + 0.408999

+ 0.178070

Thus,

CVitC = 42.299214 + 14.968533 + 9.035311 + 8.875765 + 3.542410
+ 1.726096 + 0.408999 + 0.178070

CVitC = 81.0344mg/100 g (25)

The corresponding reference value was Cref = 77.94 mg/100 g. The absolute error is therefore:
Absolute error = |CVitC - Cref|

=81.0344 - 77.94|

=3.0944 mg/100 g (206)

The percentage error is:

CvitC — C
|CVit ref|)>< 100

Percentage error (%) = ( Cref

(3.0944 / 77.94) x 100

~3.97% 27)

The worked calculation shows exactly how the sample-level estimate should be interpreted.
The ensemble begins from its fitted baseline, then the 568 boosting iterations provide small
nonlinear corrections determined by the four physicochemical inputs. For this broccoli
observation, the corrections raise the baseline from 42.299214 to 81.0344 mg/100 g.
Comparison with the independent reference value of 77.94 mg/100 g gives an absolute
difference of 3.0944 mg/100 g and a percentage error of approximately 3.97%. The calculation
is intentionally shown in full because it makes clear that the final value is produced by the

learned ensemble, not by a fabricated linear conversion between ash and Vitamin C.

To show how the same prediction equation behaves across all seven studied vegetable
groups, Eq. (15) was applied to one held-out observation from each group. Table 10A
condenses the four-element input vector used by the model and compares the resulting
prediction with the corresponding reference Vitamin C target. The table is an illustrative
calculation set; overall model accuracy continues to be based on the complete 70-observation

held-out test set.
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Table 10A. Equation-based Vitamin C predictions and agreement with reference values for

one selected held-out observation from each vegetable.

Vegetable Input vector x = (M, A, SDM, P‘redic‘ted R‘efere‘:nce Absolute Error
SDA) Vitamin C  Vitamin C error (%)
Green Banana (76.47,0.771, 0.491, 0.031) 12.3675 10.18 2.1875 21.49
Bitter Gourd (92.54, 0.864, 0.454, 0.055) 54.4540 54.45 0.0040 0.01
Serg;‘;rBe“ (93.76, 0.473, 0.370, 0.012) 78.5299 80.13 1.6001 2.00
Broccoli (91.02, 1.170, 0.342, 0.055) 81.0344 77.94 3.0944 3.97
Turnip (93.34, 0.845, 0.398, 0.038) 50.7803 43.43 7.3503 16.92
Ash Gourd (93.52, 0.733, 0.307, 0.031) 39.1998 15.71 23.4898 149.52
Tomato (96.90, 0.309, 0.447, 0.018) 21.5121 17.77 3.7421 21.06

The calculation table shows both the strength and the limit of the screening equation. Bitter

gourd, green bell pepper, and broccoli were especially close to their reference values, with

sample-level percentage errors below 4%. Green banana, turnip, and tomato showed larger

deviations, while the selected ash gourd observation was a clear failure case. This pattern is

important: the equation-based model is capable of producing values close to the reference

measurement for many observations, but closeness is not guaranteed for every sample.
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Fig. 26A. Agreement between predicted Vitamin C values based on HistGradientBoosting and
true Vitamin C values for one sample (held-out sample) of each vegetable. The dashed 1:1 line
represents perfect agreement — points closer to this line signify closer predictions at the sample.
The seven points shown here are indicative, but should not be used to replace the full test-set

metrics.

The total agreement for the held-out test set is more reliable because it represents overall
agreement. Across all 70 test observations, HistGradientBoosting achieved R*=0.9524, RMSE
=6.0028 mg/100 g, and MAE = 3.4879 mg/100 g [96] .Thus, the physicochemical-to-Vitamin
C fit reproduced the greater part of the observed variation in the studied seven-vegetable
domain and was generally close to the targets of the same physicochemical-to-Vitamin C; the
ash gourd example illustrates the importance of direct Vitamin C analysis for verification and

external validation purposes.

The calculation of the "ensemble" equation, used for the broccoli, gives a numerical example
of the meaning of the ensemble equation. The fitted model begins from a baseline Fo =
42.299214 mg/100 g. The selected input vector for the broccoli is [91.02, 1.170, 0.342, 0.055]
and the following tree contributions are generated for this input vector, with learning rate =
0.01 and number of boosting iterations = 568. When the learning-rate-adjusted contributions
are grouped across the 568 iterations, the cumulative additions are 14.968533, 9.035311,
8.875765,3.542410, 1.726096, 0.408999, and 0.178070 mg/100 g. Adding these to the baseline
gives 81.034398 mg/100 g, reported as 81.0344 mg/100 g.

The reference value for broccoli that was not measured was 77.94 mg/100 g. The absolute error
is thus 3.0944 mg/100 g and the percentage error was approximately 3.97%. This is a useful
worked example, as the calculation is sufficiently close to show that it is possible to apply the
screening concept, but still has a visible non-zero error. The model is an estimation of a hidden

titration formula, not a reproduction.

The 70 test metrics (observations) are more important than any worked case. The held out
partition R? of the model was 0.9524 with RMSE = 6.0028 mg/100 g and MAE = 3.4879
mg/100 g across the whole held out partition. These aggregate values are the key evidence of
performance in prediction; the broccoli calculation displays the passing of one sample through

the fitted function.

3.9. A screening method for identifying plants with high vitamin C concentrations, as

well as vegetable-specific prediction.
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Although the scores were aggregated, the chosen model was also checked veggie-wise. There
are some successful and unsuccessful examples included in Table 10 intentionally. The
observations made on bitter gourd and green bell pepper were close and that of the selected ash
gourd was not close. This contrast is significant in the context of a screening model because
the high overall R? does not necessarily mean that the reliability is the same for each sample,

or for each range of concentrations.

Table 10. Selected held-out Vitamin C values in actual/source versus HistGradientBoosting-

predicted values are compared by types of vegetables.

. Moisture Ash . Abs. Error
Vegetable  Moisture Ash SD SD Predicted  Actual error (%)
Green
76.47 0.771 0.491 0.031 12.3675 10.18 2.1875 21.4879
Banana
Bitter
92.54 0.864 0.454 0.055 54.4540 54.45 0.0040 0.0074
Gourd
g;;;ereu 93.76 0473 0.370 0012 785299  80.13 1.6001 19969
Broccoli 91.02 1.170  0.342 0.055 81.0344 77.94 3.0944 3.9702
Turnip 93.34 0.845  0.398 0.038  50.7803 43.43 7.3503 16.9246
Ash Gourd 93.52 0.733  0.307 0.031 39.1998 15.71 23.4898  149.5215
Tomato 96.90 0.309 0.447 0.018 21.5121 17.77 3.7421 21.0587
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Fig. 26. The second figure shows the comparison of the actual/source and the predicted

Vitamin C values of the selected vegetables using HistGradientBoosting.

The above example demonstrates that the use of the model as a substitute for the actual Vitamin
C analysis would be a bad idea. The absolute error was of 23.49 mg/100 g and the percentage
error was largely magnified due to the low reference value. The error region points to an area

of the current predictor space in which there is an inadequate amount of moisture, ash and SDs.
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Additional descriptors such as maturity, cultivar, storage history, or other compositional

measurements may be needed to resolve such cases [97] .

The model was also useful as a ranking tool. When the 70 held-out predictions were ordered

from highest to lowest, broccoli and green bell pepper dominated the upper part of the list. The

highest predicted value was 81.03 mg/100 g for broccoli Sample 154, and several other broccoli

observations followed closely. This agrees with the laboratory reference summary and suggests

that the fitted physicochemical model preserved the high-concentration end of the Vitamin C

distribution reasonably well [98] .

Table 11. Fifteen highest HistGradientBoosting-predicted Vitamin C observations in the

held-out test set.

Vegetable Sample ID Actual Vitamin Predicted Vitamin Absolute Error
Broccoli 154 77.94 81.0344 3.0944
Broccoli 166 79.16 80.7753 1.6153
Broccoli 167 85.33 80.5307 4.7993
Broccoli 174 77.82 80.5307 2.7107
Broccoli 176 77.91 79.4794 1.5694
Broccoli 168 84.75 79.3433 5.4067
Broccoli 200 81.90 79.0778 2.8222
Broccoli 191 82.27 79.0450 3.2250
Broccoli 164 76.86 78.8394 1.9794
Green Bell Pepper 116 80.13 78.5299 1.6001
Green Bell Pepper 130 75.80 77.8524 2.0524
Green Bell Pepper 150 77.95 77.6173 0.3327
Green Bell Pepper 102 77.65 77.6173 0.0327
Green Bell Pepper 144 80.66 77.5507 3.1093
Green Bell Pepper 104 79.37 77.3554 2.0146
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Fig. 28. Vegetable-level Vitamin C ranking based on the 50 modelling observations per

vegetable (mean+SD).

The seven selected examples in Table 10 demonstrate that sample-level accuracy is uneven.
Bitter gourd was almost exact in the chosen row: 54.4540 mg/100 g predicted versus 54.45
mg/100 g reference, an absolute difference of only 0.0040 mg/100 g. Green bell pepper was
also close at 78.5299 predicted versus 80.13 reference, and broccoli differed by 3.0944 mg/100
g. In contrast, the selected turnip row differed by 7.3503 mg/100 g, green banana by 2.1875,
tomato by 3.7421, and ash gourd by 23.4898 mg/100 g.The ash gourd percentage error reached
149.52% because the reference concentration was low, 15.71 mg/100 g, while the model
predicted 39.1998 mg/100 g. This example explains why MAPE must be interpreted cautiously
in low-concentration observations. A moderate absolute error can become a very large
percentage when the denominator is small. It also identifies a local part of the predictor space
in which moisture, ash, and their SDs do not fully distinguish the sample's Vitamin C level.
The ranking analysis was more stable at the high end. Among the fifteen highest predicted test
observations, the first nine were broccoli samples, followed by green bell pepper observations.

The highest prediction was 81.0344 mg/100 g for broccoli Sample 154. Other broccoli
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predictions included 80.7753, 80.5307, 79.4794, 79.3433, 79.0778, 79.0450, and 78.8394
mg/100 g. Green bell pepper predictions in the displayed top group ranged from 77.3554 to
78.5299 mg/100 g. This ordering is consistent with the measured group means and supports

the use of the model as a high-concentration screening aid within the represented vegetable

domain [99] .
3.10. Nutritional interpretation and potential affordability extension

Within the seven vegetables studied, broccoli and green bell pepper were the clearest high-
Vitamin-C groups, with bitter gourd occupying a lower but still substantial range. These
rankings are specific to Vitamin C and should not be interpreted as an overall nutritional
ranking, because fibre, carotenoids, phenolics, minerals, energy density, and other nutrients
were outside the present model. Affordability remains a useful extension, particularly in a
Bangladesh context, but it cannot be calculated from the present data because verified BDT/kg
prices were not recorded. A study conducted in the future could use the same physicochemical-
to-Vitamin C screening process coupled with current market prices and report the Vitamin C
estimated per unit cost. This extension is not part of the current analysis which eliminates the
need for assuming anything beyond what is already known about it. From a nutritional
perspective, the group-level ranking is clear but should be kept narrow. Broccoli averaged
80.28 mg/100 g in the modelling table and green bell pepper 78.55 mg/100 g, followed by bitter
gourd at 52.74 and turnip at 42.37. Tomato, ash gourd, and green banana were much lower at
16.87, 14.81, and 10.37 mg/100 g, respectively. These numbers describe Vitamin C only. They
do not rank the vegetables for total nutritional quality, because fibre, carotenoids, phenolics,

individual minerals, energy density, and other nutrients were not modelled.

The proposed affordability extension should therefore be quantitative rather than rhetorical. If
verified market prices are later collected in BDT/kg for the same sampling dates and markets,
the predicted or measured Vitamin C concentration could be converted into metrics such as mg
Vitamin C per BDT or BDT required to obtain a fixed Vitamin C amount. No such price column
exists in the present 350-row dataset, so the current manuscript does not calculate an
affordability score. Keeping that boundary explicit prevents an appealing practical idea from

being presented as a result that the data do not yet support.

3.11. What the model is learning and what it is not

There is a single predictive pattern coming from the various analyses. Ash is the primary model

signal, moisture is a useful secondary signal, while the SD descriptors help to improve the
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prediction. The following pattern should not be interpreted as a causal biochemical equation.
The model has learned structures of associations between parameters in a fixed set of 7
vegetables and the main difference in tissue composition may be captured in the ash variable
without being explicitly coded by any other biochemical variables. So the accuracy reported is
answering a relatively practical question: within these seven groups of vegetables, how well
can the moisture, ash and replicate variability recover the Vitamin C values originally
determined by chemical analysis? It is not an accurate measurement for an eighth unseen
species or for samples taken in other seasons, cultivars or markets. The model needs to be
validated both with a leave-one-vegetable-out test and an independent experimental test set
before it can be used as a transferable alternative to direct Vitamin C testing. Combined, the
numerical data suggest a model that is robust in the space of the seven vegetables that were
represented but not necessarily generalizable. The same groups are present in each of the sets
(training vs. testing set), and a test R>=0.9524 indicates an interpolation between the known
vegetable profiles, rather than a transfer to an eighth unseen profile. The grouping of the data
is clearly evident in the figures. The main ash contribution of 11-14 and ash gourd failure
selected is in favour of this more conservative view. A leave-one-vegetable-out experiment
would be more challenging, and an independent external data set from different markets, season
or laboratories would be even better. The most helpful scientific inference is thus not that direct
Vitamin C analysis is no longer necessary, but that direct analysis of a substance no longer
requires a chemical reaction. The evidence serves to support a narrower claim: e.g., a small set
of moisture- and ash-related descriptors can yield informative Vitamin C estimates for samples
within the range of the samples studied for which there is evidence. The model can prioritize
samples, define high prediction regions and minimize the need to consider each screening
decision a new nutrient-specific assay. Reference titration is necessary to provide ground truth,
to test for drift, to analyze failures and to tell if the model is applicable to data outside the

distribution. [100] .

In addition, the differences between the best and worst predictions in the local area further
delineate the model's practical applicability. The difference between the bitter-gourd example
and its reference was 0.0040 mg/100 g while in the case of the chosen ash-gourd example, it
was 23.4898 mg/100 g. The broccoli worked case was 3.0944 mg/100 g different from the
green-bell-pepper example, and the green-bell-pepper example was 1.6001 mg/100 g different
from the broccoli worked case. These values explain why both the overall metrics and

individual examples are reported in the manuscript. The R? =0.9524 indicates the overall

84



2105
2106
2107
2108

2109

2110
2111
2112
2113
2114
2115
2116
2117
2118
2119
2120
2121
2122
2123
2124
2125
2126
2127
2128
2129
2130
2131
2132
2133
2134
2135
2136
2137

structure recovery over 70 held out observations but it cannot predict the error for the next
individual sample. The model is most useful for screening purposes in conjunction with
periodic reference measurements, particularly for a new sample near the edges of moisture-ash

combinations represented during training [101] .

4. Study limitations

The first one is the size of the domain. The fitted function is for a limited range of plant matrices
and Vitamin C concentrations as only seven vegetables were represented. The more the number
of species, cultivars, seasons and markets, the more difficult and challenging the
physicochemical to nutritional relationship would be. Secondly, both the development and test
partitions contained all the vegetable groups. This is valid for prediction within the range of
domain covered by the studied species, but is not the same as testing a vegetable species that
the model was in no way exposed to. However, external samples and leave one vegetable out
evaluations are required prior to wide-spread implementation. Third, the set of predictors was
purposely kept small. In addition to moisture and ash, Vitamin C is affected by maturity,
cultivar, storage, oxygen, temperature, and various other biochemical properties, and
measurements of these properties are routine.The SDs summarize the variability in replicates,
but in addition to moisture and ash, measurements of the other properties have been made
routinely: maturity, cultivar, storage, oxygen, temperature, and various other biochemical
properties. The large error that is observed in one of the ash gourd sample indicates that the
four inputs that are provided are not enough to solve every sample. Fourth, ash is a bulk residue
measure and should not be considered as the concentration of a specific mineral. It must be
noted that the predictive ability of ash is not enough to imply that it can be attributed to the
action of any one mineral, namely calcium, potassium, magnesium, iron or any other mineral.
Finally, direct Vitamin C analysis is still required with the present model. Training targets will
need to be generated by titration or another validated reference method, and will need to be
periodically confirmed by repeating the method, as well as evaluating independent samples. It
is proposed to be used at screening, where trained model can provide an estimation of Vitamin
C based on moisture- and ash-related measurements, without having to re-titrate for each
estimation. Another extension is also affordability, since there wasn't any data available on
market price verified. The sample-level modelling table in the computational workflow is
essentially a reproduction of the 350 row data set. If the number of independent biological
collections is claimed, this is consistent with the laboratory work carried out and the sampling

design.
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5. Conclusions

The 350-row dataset is reproduced as the sample-level modelling table used in the
computational workflow. Any claim about the number of independent biological collections

should remain consistent with the underlying laboratory records and sampling design.

The data for the routine analyses of vegetables was reformulated as a prediction problem, that
is, can moisture, ash and the replicate variability of these vegetable analyses predict the
Vitamin C content after training a model with chemically determined reference values?
HistGradientBoosting slightly outperformed other ten Bayesian-optimized tree-based
regressors in terms of CV first validation R'=0.9205, test R'=0.9524, and repeated validation
balance (0.9354). The single test R* for Random Forest was slightly higher (0.9612) which
further motivated against adopting a model based on a single hold-out score. The two SD
descriptors made minor contributions, and the interpretation analyses were consistent: ash was
the dominant descriptor (and adding ash to moisture gave larger increases in test R? from
(0.3276 to 0.9348), and the two SD descriptors made smaller refinements, giving R? = 0.9524
in the four-input model. The practical contribution is a map of the physicochemical to Vitamin
C in Eqn. (15)-(20). For samples within the domain of the trained nonlinear model (the seven
vegetables), the measured moisture, measured ash, moisture SD, and ash SD can be fed into
the trained nonlinear model to get an estimate for Vitamin C without using the direct titration
measurement as a prediction input. This is displayed by the broccoli example and the large ash
gourd error displays its current border. The method should thus be presented as an "explainable
screening" and not as a "validated universal replacement" to chemical analysis. Before routine
deployment, a number of additional experiments are required to be done by independent groups

and tests need to be conducted on vegetables that are not visible and other markets and seasons.
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