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Environmental-quality models that screen drinking water or estimate hourly pollutant levels are
increasingly accurate yet remain hard to trust, because they consume every available feature,
expose no rationale for a prediction, and often ignore the missing values and class imbalance

of real data. We reframe environmental-quality prediction from an accuracy-only exercise into
a parsimony-and-explanation problem, instantiating it as one pipeline that ranks features by
random-forest importance, retains a compact subset, compares a gradient-boosted ensemble
against random-forest, support-vector, and compact perceptron alternatives, and explains the
gradient-boosted model with TreeSHAP. We ran the identical pipeline on two contrasting public
tasks. On the UCI Air Quality benzene regression the target was near-deterministic: all four
families exceeded an R2 of 0.997, the random forest reaching 0.9994, and feature selection
collapsed the problem to a single metal-oxide NMHC sensor with no accuracy loss. On the
Water Potability classification the task was genuinely hard: the kernel support-vector classifier
was best at an AUC of only 0.692, the nine physico-chemical features carry weak discriminative
power, and a four-feature subset cost a small amount of accuracy. The result is an interpretable,
parsimonious pipeline whose value is the explanation and the honest accounting of difficulty,
not a state-of-the-art claim.
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1. INTRODUCTION

Air- and water-quality monitoring increasingly relies on learned
models to turn cheap measurements into decisions. A calibrated
array of metal-oxide gas sensors can estimate an hourly pollu-
tant concentration from co-located responses and meteorology,
which is what early-warning and exposure-assessment systems
act on, and the public reference records that pair these sensor
responses with instrument-grade concentrations have made such
estimation a standard supervised-learning task [1]. On the wa-
ter side, a small panel of physico-chemical tests is used to flag
whether a sample is safe to drink, and machine-learning clas-
sifiers trained on such panels now support potability screening
where class-imbalance handling and explanation are what build
an analyst’s trust [2]. Both problems are decision-relevant, and
in both, machine learning has become the prevailing approach: it
is now the dominant tool for air-quality prediction and analysis
[3] and the prevailing approach for water-quality prediction over
recent years [4].

The recent literature has pushed these models toward higher
accuracy with gradient-boosted ensembles and deep networks,
but three practical problems are routinely left unaddressed. First,
the models are opaque: a single accuracy figure tells an environ-
mental analyst nothing about why a sample was flagged unsafe or
which sensor response drove an estimate, and gradient-boosted
ensembles, though scalable and accurate in applied environmen-
tal tasks [5], expose no rationale on their own. Interpretability

is a recognized requirement for trustworthy deployed systems
[6, 7], yet it is usually bolted on after an accuracy run rather than
designed in. Second, the models are profligate with features:
pipelines tend to feed in every available channel, which inflates
cost and invites collinearity, whereas feature selection retains a
compact informative subset that is cheaper and more parsimo-
nious [8]. Third, the real data are messy in ways that quietly
bias results, since the water-potability panel carries substantial
missing values and an imbalanced safe-unsafe label, and naive
handling distorts both accuracy and the apparent importance of
features. The bottleneck is therefore no longer raw predictive
power; it is whether the model is parsimonious enough to deploy
cheaply and transparent enough for a domain expert to believe
and act on.

We reframe environmental-quality prediction from an
accuracy-only regression or classification exercise into a
parsimony-and-explanation problem, in which the goal is not
only a good score but a defensible, compact account of which
physico-chemical drivers produce it. The key insight is that
feature selection, model comparison, and post-hoc explanation
should co-evolve as one auditable procedure rather than three
disconnected steps: a random-forest importance ranking decides
what the model may use, the model comparison tests whether
parsimony costs accuracy, and a SHAP analysis, which gives a
unified additive account of each individual prediction [9], audits
the resulting drivers and cross-checks them against the selection.
Because the procedure reads only tabular features, the same three
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stages apply unchanged to a regression and a classification task,
with missing-value imputation and class-imbalance handling
built in as explicit pipeline steps rather than silent preprocessing.

We exercise the identical pipeline on two deliberately differ-
ent environmental tasks. Case A is an air-pollutant regression
that predicts an hourly pollutant from co-located metal-oxide sen-
sor responses and meteorology, optimizing models such as those
used for air-quality indices with feature selection [10], reported
through the coefficient of determination, root mean squared
error, and mean absolute error. Case B is a water-potability
classification that predicts the binary potable label from nine
physico-chemical features, in the spirit of classifiers that predict
water-quality categories from such measurements [11], reported
through accuracy, F1, and the area under the ROC curve, with
imputation and over-sampling applied inside the training folds.
The two tasks turned out to be sharply asymmetric. The benzene
regression was near-deterministic in this record: all four families
exceeded a coefficient of determination of 0.997, and feature se-
lection collapsed it to the single NMHC metal-oxide sensor with
no accuracy loss, so the value there is parsimony and explanation
rather than a prediction win. Water potability was the genuinely
hard task: the best model reached an area under the ROC curve
of only 0.692, the nine physico-chemical features carry weak dis-
criminative power, and a four-feature subset cost a small amount
of accuracy. A dedicated feature-selection comparison measured
the gradient-boosted model on all features against the selected
subset per task, and the explanation stage used SHAP to surface
the drivers each task relies on. The datasets, metrics, and the
three result tables are detailed in the experiments section.

Building on this reframing, this paper makes the following
contributions:

* We unify random-forest feature selection, a gradient-
boosted ensemble, and SHAP explanation into a single
auditable pipeline for environmental-quality prediction, in
which selection decides what the model may read, the com-
parison tests whether parsimony costs accuracy, and SHAP
audits the drivers, and we run the identical pipeline on
two contrasting tasks rather than the single task of typical
applied studies [10, 11].

* We provide an honest cross-task empirical comparison
of gradient-boosted trees, random forest, support-vector
models, and a compact multilayer perceptron on all fea-
tures versus a random-forest-selected subset, measuring
the accuracy-versus-parsimony trade-off directly for both
tasks, with missing-value imputation and class-imbalance
handling built into the pipeline rather than treated as pre-
processing.

* We design a SHAP-based driver analysis that, using Tree-
SHAP on the gradient-boosted (XGBoost) model trained
on the selected subset per task, reports a global importance
ranking cross-checked against the random-forest selection
and a dependence view for the leading driver; in our mea-
sured runs the explanation reduced the air task to the single
NMHC sensor and ranked pH, Solids, and Sulfate as the
leading potability drivers, broadly agreeing with the se-
lection and turning each model into a defensible account
of which physico-chemical and sensor factors govern the
outcome rather than an opaque score [5, 6].

2. RELATED WORKS

2.1 Machine learning for air- and water-quality prediction

Learned models are now the default tool for estimating air- and
water-quality variables from sensor and laboratory measure-
ments. For air quality, random forests estimate fine-particulate
concentrations accurately over large regions [12], and the same
family predicts daily urban particulate levels from environmental
predictors [13]. Gradient boosting has become a common choice
as well: XGBoost predicts pollutant concentrations accurately
in urban case studies [14], and a spatiotemporal XGBoost vari-
ant improves on plain boosting by adding spatial and temporal
context [15]. Comparative studies place these ensembles side
by side to benchmark predictive accuracy across model families
[16], while land-use regression coupled with machine learning
estimates ground-level pollution spatially [17] and, in higher-
resolution variants, surfaces the factors that drive it [18]. Calibra-
tion models address a different need, improving the agreement
of low-cost sensors with reference instruments [19], a concern
shared by the field-deployed electronic-nose devices that esti-
mate several pollutants from co-located metal-oxide responses
[20]. The water-quality literature follows a parallel arc: grid-
search-tuned models predict physico-chemical quality measures
[21], advanced ensembles classify the water-quality index ro-
bustly [22], and comparative analyses with dimensionality reduc-
tion benchmark classifiers for potability prediction [23]. These
studies report strong accuracy, but each typically targets a single
task, consumes all available features, and treats interpretability
as an afterthought, which is the habit our unified pipeline departs
from.

2.2 Interpretable machine learning and feature attribution

A second line of work makes black-box environmental models
auditable. Explainable-Al techniques interpret water-quality pre-
dictors by attributing their decisions to physico-chemical inputs
[24], and SHAP-based evaluations rank the drivers behind water-
quality indices [25] while exposing the per-feature contributions
a regulator can inspect [26]. Interpretable models estimate the
water-quality index and explain its drivers directly [27], compar-
isons of several classifiers under explainable-Al views improve
river monitoring [28], and SHAP-enhanced recurrent models
interpret high-frequency water-quality dynamics [29]. The air-
quality side mirrors this: interpretable frameworks with SHAP
predict urban air quality and rank its drivers [30], and optimized
models with SHAP estimate pollutant concentration while ex-
plaining the contributing factors [31]. The same explanation
tools extend to groundwater and irrigation-quality indices [32],
and local surrogate explanations such as LIME offer an alter-
native to additive attribution by fitting an interpretable model
around each prediction [33]. These works demonstrate that at-
tribution can be applied after the fact, but they usually explain
a model trained on all features rather than wire the explanation
into a pipeline that also performs feature selection, which is the
integration we pursue.

2.3 Ensembles, surveys, and class imbalance in environmen-
tal modelling

A third strand concerns the modelling machinery and the messy
data it must handle. Machine learning predicts water pollu-
tion and groundwater quality with interpretable factor insight,
illustrating the breadth of tasks the tree-ensemble and kernel
families now cover [34]. Surveys catalogue the rapid growth of
machine-learning and sensing methods for water-quality moni-



toring [35], and reviews summarize how machine learning and
remote sensing are being combined for the same purpose [36].
These catalogues document the dominance of tree ensembles,
support-vector models, and small neural baselines across envi-
ronmental tasks, but they also reveal that the accuracy-versus-
parsimony trade-off is rarely measured beside the explanation it
is meant to support, and that class imbalance and missing values,
which are routine in potability panels, are frequently handled
implicitly rather than as reported pipeline steps. The result is that
the cost of committing to a compact feature subset, and the effect
of rebalancing on the apparent drivers, are seldom quantified
together. Where imbalance is addressed at all in environmental
classification, it is most often through synthetic minority over-
sampling applied before training, but the interaction between
that rebalancing and the post-hoc explanation is rarely reported,
so it remains unclear whether a driver the explainer surfaces is
a property of the data or of the synthetic samples. The same
gap appears on the selection side: studies that prune features
typically report the final accuracy of the pruned model without
the all-features baseline beside it, which hides how much accu-
racy the pruning actually cost. Measuring both numbers, and
reading the explanation against the selection, is the practice these
catalogues motivate but seldom carry out.

The nearest single work to ours is the interpretable water-
quality framework that pairs SHAP with a tuned classifier [24]:
it shares the explanation goal but reports one task, fixes the
feature set, and does not measure what selection costs in accuracy.
Read together, the three strands above leave a specific construct
unfilled. The first builds accurate but single-task, all-features
predictors; the second applies attribution after the fact without
selection; and the third documents the families and the data
problems but rarely measures parsimony beside explanation. We
bring random-forest selection, a model-family comparison on
all features versus a selected subset, and a TreeSHAP driver
analysis into one pipeline, and we run it on a regression and a
classification task so the accuracy-versus-parsimony trade-off
and the drivers are read the same way across both. The next
section formalizes this construction.

3. METHODOLOGY

We present the unified interpretable feature-selection and
boosted-ensemble pipeline, a single procedure that selects a
compact feature subset, compares several predictor families, and
explains the gradient-boosted model. The pipeline is organized
as three stages applied in the same order to both tasks: random-
forest feature selection decides what the predictors may read, the
model comparison tests whether committing to a small subset
costs accuracy, and the SHAP explanation audits which retained
factors drive the prediction. Figure 1 shows the overall data
flow. The guiding principle is that a deployable environmental-
quality model should be parsimonious and auditable, so the de-
sign prefers a smaller, more defensible model over a marginally
more accurate opaque one.

3.1 Problem Formulation

We cast air-pollutant estimation and water-potability screening
as one supervised-learning setup with two instances. Let X be a
feature matrix whose rows are samples and whose d columns are
physico-chemical or sensor measurements, and let x; denote the
feature vector of the i-th sample. In Case A air-pollutant regres-
sion, the target y; is the hourly concentration of a single pollutant
measured at a co-located reference instrument, and the inputs are
the responses of a metal-oxide multisensor device together with

One shared pipeline (both tasks)
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Figure 1. Overview of the unified pipeline: random-forest
feature-importance selection, the compared model families (RF,
XGBoost, SVR/SVC, MLP) on all features versus the selected subset,
and TreeSHAP explanation of the gradient-boosted (XGBoost) model
trained on the selected subset, applied identically to the air-quality
regression and water-potability classification tasks.

temperature and humidity. In Case B water-potability classifica-
tion, the target y; is a binary potable label in {0, 1}, and the inputs
are nine physico-chemical measurements of a water sample. A
predictor f maps a feature vector to a prediction J, real-valued
for the regression task and a class score for the classification
task. The same three-stage pipeline applies without modifica-
tion to both instances; only the predictor head, the loss, and the
evaluation metrics change with the task. Writing both tasks in
one notation lets us run the identical selection, comparison, and
explanation procedure on each, and read the accuracy-versus-
parsimony trade-off the same way across a regression and a
classification problem.

3.2 Notation

The symbols used throughout the method are collected in Table 1,
and each is defined at its first use in the surrounding text.
Table 1. Notation.

Symbol Meaning

X feature matrix of physico-chemical or sensor measure-
ments

Xi feature vector of the i-th sample

Vi target: hourly pollutant concentration (Case A) or
potable label in {0, 1} (Case B)

d number of candidate input features

k number of features retained after random-forest selec-
tion

I; random-forest importance score of feature j

Sk the selected top-k feature subset

f the trained predictor (RF, XGBoost, SVR/SVC, or
MLP)

y model prediction

0; SHAP value (additive attribution) of feature j for a
sample

0o SHAP base value (expected model output)

3.3 Random-Forest Feature Selection

The first stage ranks the d candidate features by random-forest
importance and keeps a compact subset. The held-out test split
is removed before the random forest is fit, so the importance



ranking and the resulting subset Sy, are derived from the training
data alone, mirroring the imputation and over-sampling guard
described below. A random forest is an ensemble of decision
trees grown on bootstrap resamples of the training data, with
each split chosen from a random subset of features, so that the
aggregated prediction has lower variance than any single tree
[37, 38]. The forest yields a built-in importance score /; for each
feature j. We use permutation importance, the drop in score
on a held-in validation split of the training data when feature
J’s values are permuted, in preference to impurity importance
(the total reduction in node impurity attributable to splits on
that feature), which is known to favour high-cardinality and
correlated features. We sort the features by the permutation /;
and retain the top-k subset Sy, where k is chosen by validation
on the training data only. The downstream predictors are then
trained twice, once on all d features and once restricted to Sy,
so that the effect of the reduction can be read directly. Figure 2
illustrates the ranking and the retained subset.

selected subset Sk o how / threshold

dropped:
near-equal
low scores

o

features (ranked)

permutation importance

Figure 2. Random-forest importance ranks the candidate features and
retains a compact top-k subset, forcing the downstream models to
commit to the channels that carry signal rather than consuming every
available feature.

The design rationale is that selection should force the model
to commit to the channels that carry signal rather than consume
every available measurement. The obvious alternative is to feed
all d features to every model and let regularization discount the
weak ones, but that inflates inference cost, leaves collinear chan-
nels to share credit, and produces a model whose rationale is
spread thinly across many inputs. A wrapper search that retrains
a predictor for every candidate subset would in principle find
a better subset, yet its cost grows with the number of subsets
and it couples the selection to one predictor family. Ranking
once with a random forest is cheap, applies to every family
we compare, and produces an ordering we later cross-check
against the explanation. We use permutation importance as the
ranking, computed on a held-in validation split of the training
data, because impurity-based importance is known to favour
high-cardinality and correlated features, a bias we revisit in the
analysis. The choice of k trades coverage against parsimony. Set-
ting k too small discards features the predictor would have used
and depresses accuracy, while setting it close to d defeats the
purpose of selection; we therefore choose the smallest kK whose
cross-validated primary metric, measured on the training parti-
tion alone, is within a small tolerance of the all-features score,
so that k is never tuned on the test set. Because the air-quality
inputs are a handful of sensor channels plus meteorology and the

potability inputs are nine physico-chemical measurements, the
candidate dimension d is modest in both tasks, so the ranking is
stable across resamples and the selected subset does not swing
from fold to fold. This stability is what lets the later explanation
cross-check a single, fixed Sy rather than a subset that changes
with the seed.

3.4 Data Handling: Imputation and Imbalance

Real environmental data arrive with missing values and skewed
labels, so the pipeline treats cleaning and rebalancing as explicit
steps rather than silent preprocessing. For the air-quality task, the
reference record encodes missing measurements with a sentinel
marker; we remove or impute these so that no sentinel value is
read as a real concentration. For the water-potability task, sev-
eral physico-chemical channels carry missing entries, which we
replace with imputed values estimated from the observed distri-
bution of each feature on the training data alone. The potability
label is imbalanced, with safe and unsafe samples present in
unequal numbers, so we apply synthetic minority over-sampling,
which creates new minority-class examples by interpolating be-
tween a sample and its nearest like-labelled neighbours [39].
Over-sampling is applied only inside the training folds, never
to the held-out test data, so that the reported scores reflect the
original class prior.

The design rationale is that the two obvious shortcuts both
bias the result. Deleting every row with a missing entry dis-
cards a large fraction of the potability samples and can shift
the class balance, while leaving the imbalance untouched lets a
classifier reach a high accuracy by predicting the majority label
and ignoring the minority class that matters most for a safety
decision. Imputing on the training distribution and rebalancing
inside the folds keeps the test set untouched and the evaluation
honest, at the cost of introducing synthetic samples whose ar-
tifacts we examine when interpreting the drivers. The order of
these steps matters and is fixed deliberately: imputation precedes
both selection and over-sampling, so the random forest ranks
complete feature vectors rather than ranking around gaps, and
over-sampling is the last step before training, applied only to
the training partition of each fold so that the synthetic minor-
ity examples never leak into validation or test. The air-quality
task needs no rebalancing, since it is a regression, so the data-
handling stage reduces there to sentinel cleaning and imputation;
the two tasks thus share the same skeleton while differing only in
the imbalance step, which keeps the pipeline a single procedure
rather than two.

3.5 Compared Model Families

The second stage compares four predictor families on each fea-
ture set. The random forest described above is the first, used
both as the importance ranker and as a standalone predictor. The
second is a gradient-boosted ensemble, which fits an additive
sequence of shallow trees by greedy stagewise function approxi-
mation, each new tree fitted to the gradient of the loss left by the
current ensemble [40]; we use the regularized, scalable XGBoost
realization of this idea. The third is a support-vector model on
standardized features: a support-vector classifier that finds a
maximum-margin decision boundary through a kernel for Case
B [41], and the margin-based support-vector regression that ex-
tends the same idea to a real-valued target for Case A [42]. The
fourth is a compact multilayer perceptron, a small feed-forward
network with one or two hidden layers and a nonlinear activa-
tion, included as a neural baseline for both tasks. Each family
is trained on all d features and again on the selected subset Sy,



giving the eight predictor settings per task that the result tables
compare.

The design rationale is to span three learning paradigms rather
than tune one. Tree ensembles capture nonlinear, threshold-style
interactions among physico-chemical channels without feature
scaling; the support-vector models test whether a margin-based
kernel method on standardized inputs is competitive; and the
multilayer perceptron probes whether a small neural model adds
anything on tabular data of this size. Restricting the compari-
son to a single family would leave open whether any observed
parsimony effect is a property of the data or of one model class.
By holding the preprocessing, the splits, and the selected subset
fixed across all four, the only thing that varies across rows of
the result tables is the predictor, so the comparison isolates the
model. The gradient-boosted ensemble carries a second role
beyond being one row in the comparison: it is the model the ex-
planation stage targets, because TreeSHAP is exact and efficient
for tree ensembles, so choosing the boosted model as the one
to explain costs nothing in interpretability machinery. We keep
the perceptron deliberately compact, since a large network on
tabular data of this size would overfit and would add a tuning
burden that the comparison is not meant to reward, and we keep
the support-vector models on standardized inputs because their
margin geometry is scale-sensitive in a way the trees are not.
Each family is evaluated at conservative, comparable settings
rather than tuned to its individual ceiling, which is the fair way
to read whether parsimony or model class drives any difference.

3.6 SHAP Explanation

The third stage explains the gradient-boosted (XGBoost) model
with additive feature attributions. This model is trained on the
selected subset Sy, so the attributions are defined over the | S| =k
features the explained model actually uses. SHAP assigns to
each feature j of a given prediction a value ¢; such that the
attributions and a base value ¢ reconstruct the model output for
that sample,

F=do+ Y 9, )]
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where ¢y is the expected model output over the data and each ¢;
is the feature’s marginal contribution averaged over the orderings
in which features enter the prediction; the sum runs over the k se-
lected features because those are the inputs the explained model
reads. Computing these attributions exactly is expensive for a
general model, but TreeSHAP gives exact additive attributions
for tree ensembles in low-order polynomial time by exploiting
the tree structure [43], which is why the gradient-boosted model
is the explanation target; for a non-tree family the model-agnostic
KernelSHAP would apply instead. We run TreeSHAP on the
gradient-boosted model per task and aggregate the per-sample
attributions into a global importance ranking, the mean absolute
attribution of each feature across the test set. We then cross-
check this ranking against the random-forest selection Sy from
the first stage, and inspect a dependence view that plots a leading
driver’s value against its attribution to expose nonlinear effects.
Figure 3 sketches the decomposition.

The design rationale is that a single accuracy score says noth-
ing about why a sample was flagged unsafe or which sensor
response drove an estimate. The alternative of reporting only
the random-forest importance from the selection stage gives one
global ranking but no account of how a feature moves an individ-
ual prediction and no way to see a nonlinear or sign-changing
effect. Additive attributions provide both a per-sample expla-
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Figure 3. TreeSHAP decomposes a single prediction into additive
per-feature attributions around a base value, which aggregate into a
global driver ranking that is cross-checked against the random-forest
selection.

nation and, once aggregated, a global ranking we can compare
against the selection, turning the model into a defensible account
of drivers rather than an opaque number. We accept that the at-
tributions are post-hoc and inherit any bias the selected features
carry, a caveat the failure-mode analysis returns to.

3.7 Protocol and Pseudocode

The end-to-end procedure is summarized in Algorithm 1. For
each task we hold out the test split first and fix a random seed, run
the selection, comparison, and explanation stages on the training
partition only, and report the per-task metrics as a mean and stan-
dard deviation over repeated k-fold cross-validation (stratified for
the classification task): R%, RMSE, and MAE for the regression
and accuracy, F1, and AUC for the classification. Model selec-
tion, the feature-importance ranking, and the choice of k all use
this cross-validation within the training data, with imputation,
over-sampling, and the random-forest importance fit inside each
fold on the training partition alone, so that no test information
reaches the predictor. The dominant cost is training the forest
and the boosted ensemble and running TreeSHAP, all of which
complete in seconds on a single CPU for datasets of this size, so
the whole pipeline runs without specialized hardware.

The same loop runs unchanged for both tasks, with the predic-
tor head and the metric set chosen by the task. Because the forest,
the boosted ensemble, and the explainer all operate on tabular
inputs of modest dimension, the per-stage cost is bounded and
independent of any sequence length, and the entire pipeline can
be rerun end to end whenever the data are updated. This keeps
the procedure cheap enough to audit repeatedly, which is the
property a deployable environmental-monitoring model needs.

4. EXPERIMENTAL RESULTS

4.1 Implementation Details

The pipeline is CPU-only and runs end to end in seconds per
task. The random forest, the support-vector models, and the
multilayer perceptron use the standard scikit-learn implementa-
tions [44], the gradient-boosted ensemble uses XGBoost, and
the explanation stage uses the TreeSHAP explainer. Features are
standardized before the support-vector and neural models, with
the standardization statistics computed on the training data alone,
and missing-value imputation, synthetic over-sampling, and the
random-forest feature-importance ranking are all refit inside each



Algorithm 1 Unified interpretable feature-selection and boosted-
ensemble pipeline

Require: features X, target y, model families .#
Ensure: metrics per model, global SHAP ranking
1: hold out the test split &> stratified for classification; all steps
below: training only
2: clean sentinels, impute missing entries on the training parti-
tion
3: fit a random forest; read permutation importance /; on a
held-in validation split
4: k < smallest size whose CV primary metric is within toler-
ance of all features
5: Sk < indices of the k largest permutation /;
subset
6: for each model family f € .% do
: train f on all d features; train f on S; > rebalance folds
if imbalanced
8: evaluate f by repeated k-fold CV, stratified for classifi-
cation (mean + SD)
9: end for
10: f* « gradient-boosted (XGBoost) model trained on Sy
11: {9} jes, < TreeSHAP(f*) on the held-out test set
12: aggregate {¢;} into a global ranking; cross-check against S
13: return metrics, global SHAP ranking

> selected

cross-validation fold on the training partition, with the test split
held out beforehand, so that no test sample influences the selec-
tion or the preprocessing. We report the metrics as a mean and
standard deviation over repeated k-fold cross-validation (strati-
fied for the classification task) with a fixed random seed, rather
than a single held-out split, and the result tables list mean + SD
per cell. The forest grows several hundred trees, the boosted en-
semble uses a few hundred shallow trees, and the perceptron has
one or two small hidden layers, all left at conservative defaults
rather than heavily tuned, since the aim is a fair cross-family
comparison rather than a single best number. Every family is
trained and evaluated under this identical protocol, so the only
quantity that varies across rows of the result tables is the model,
and the only quantity that varies between the two columns of the
feature-selection comparison is the feature set. The full pipeline,
from cleaning through selection, the eight per-task model fits,
and the TreeSHAP pass, completes in seconds on a single CPU
for datasets of this size, which makes it cheap to rerun end to
end whenever the data are updated and removes any dependence
on specialized hardware. We fix the random seed once and reuse
it for the splits, the cross-validation folds, the forest, and the
over-sampling, so that a reported run is reproducible from the
seed alone.

4.2 Experimental Design

We evaluate on two public datasets. Case A is the UCI Air
Quality record, a field-deployed metal-oxide multisensor dataset
whose regression target is an hourly pollutant predicted from the
co-located sensor responses and meteorology, with the sentinel
missing markers cleaned or imputed; for regression we report
the coefficient of determination, where higher means more vari-
ance explained, and root mean squared error and mean absolute
error, both in concentration units and lower-is-better, following
the metric conventions established for air-pollutant regression
[45]. Case B is the Water Potability dataset, whose classification
target is the binary potable label predicted from nine physico-
chemical features with imputation and over-sampling on the

training folds; for classification we report accuracy, the F1 score
for the potable class under imbalance, and the area under the
ROC curve, all higher-is-better. The model bank is fixed to
four families spanning tree ensembles, kernel methods, and a
neural baseline: random forest, XGBoost, SVR/SVC, and a com-
pact multilayer perceptron. Other ensemble alternatives such as
extremely randomized trees [46] and the LightGBM boosting
implementation [47] are not evaluated here, and we leave them
to future work rather than add them to the comparison. Data aug-
mentation of the kind we apply to the imbalanced potability task
has been shown to help water-quality prediction under limited or
skewed data [48]. The feature-selection comparison trains the
gradient-boosted model per task twice, once on all features and
once on the random-forest-selected top-k subset, and attributes
the resulting score gap to the reduction in feature count. We
report the primary metric of each task in this comparison, the
coefficient of determination for the regression and the area under
the ROC curve for the classification, since these are the metrics
least sensitive to the operating threshold and so make the cleanest
read of what selection costs. Keeping every other setting fixed
between the two columns means the only difference is the feature
set, so the gap is a measurement of the selection effect rather
than a confound of tuning or preprocessing. Figure 4 depicts this
protocol.

Full dataset

T~

Test
(held out FIRST)

,, 1

fitted Sk,
Fit on TRAIN folds only: S(p/er. impuer apply FITTED
importance + select S o transforms

+ impute + SMOTE + scale (no fitting)

l [@no fitting on test ]

metrics = mean = SD over
repeated stratified k-fold CV

Figure 4. The feature-selection comparison protocol: the
gradient-boosted model per task is trained twice, once on all features
and once on the random-forest-selected top-k subset, and the accuracy
gap is attributed to the reduction in feature count.

4.3 Results

The regression comparison for Case A is reported in Table 2,
which lists the four model families on the coefficient of deter-
mination, root mean squared error, and mean absolute error
for the hourly pollutant. The benzene target was near-perfectly
predictable: all four families reached a coefficient of determi-
nation above 0.997, with the random forest highest at 0.9994,
the compact perceptron at 0.9989, the gradient-boosted ensem-
ble at 0.9976, and the support-vector regression at 0.9971. The
three metrics agree, since the random forest that explains the
most variance also carries the lowest root mean squared error at
0.132 and a mean absolute error of 0.016. We read this not as
a hard prediction win but as a sign that the target is an almost
deterministic function of the sensor inputs in this record: the
metal-oxide responses leave very little residual variance for any
model to miss, so the families separate by only thousandths of a



unit and the regression is easy by construction. The honest con-
tribution here is therefore the parsimony and explanation result
that follows, not the accuracy itself, and the table is reported as
measured, without tuning any family until it wins.

Table 2. Case A air-pollutant regression on the UCI Air Quality record
across the reported metrics. Higher is better for R2; lower is better for

RMSE and MAE.
Model R2 RMSE MAE
RF 0.9994+0.0011 0.132+0.141 0.016+-0.004

XGBoost 0.9976£0.0030 0.314+0.203 0.081£0.010
SVR 0.99714+0.0042 0.325+0.251 0.070+0.009
MLP 0.9989+0.0005 0.246+0.059 0.149+0.013

The classification comparison for Case B is reported in Ta-
ble 3, which lists the four families on accuracy, F1, and AUC
for the potable label. This was the genuinely hard task. The
strongest model was the kernel support-vector classifier, at an
area under the ROC curve of 0.692 and an F1 of 0.567, with
the perceptron close behind at 0.685; the tree ensembles trailed,
the random forest at 0.673 and the gradient-boosted ensemble
at 0.659. Because the label is imbalanced we read accuracy
together with F1 and AUC rather than alone, and the reading is
sobering: every family sat near an accuracy of 0.64 while the
F1 for the potable class stayed between 0.52 and 0.57, so no
model separated the potable label cleanly and the spread across
families was narrow. We report this as an honest property of the
data rather than a tuning shortfall: the nine physico-chemical
measurements have weak discriminative power for potability,
and over-sampling on the training folds lifted the minority-class
F1 and AUC only modestly above the majority-class baseline.

Table 3. Case B water-potability classification on the Water Potability
dataset across the reported metrics. Higher is better for all three.

Model AUC

RF 0.6411+0.012 0.525+0.017 0.673£0.014
XGBoost 0.623£0.013 0.52840.023 0.659+0.016
SvC 0.642+0.016 0.567+0.026 0.692+0.019
MLP 0.636+0.018 0.554+0.031 0.685+0.022

Accuracy F1

Air Quality (benzene): test RMSE,
lower is better

Water Potability: test AUC,
higher is better

best

0.35 0314 0.325 : 0.692 0.685

0.673

test RMSE
o
N
S

RF MLP XGBoost SVR

RF XGBoost

Figure 5. Per-task model comparison under the leakage-safe protocol:

random forest gave the lowest air-quality RMSE, while the kernel SVC

gave the best water-potability AUC; the gradient-boosted model is the
SHAP target rather than the top performer.

The feature-selection comparison is reported in Table 4,
which trains the gradient-boosted model per task on all fea-
tures and on the random-forest-selected top-k subset and lists the
primary metric for each. The two tasks gave opposite verdicts.
On the air regression the random-forest ranking collapsed the
problem to a single feature, the PT08.S2 metal-oxide (NMHC)
sensor, so the selected subset has k = 1; the gradient-boosted
model on that one feature reached a coefficient of determination

of 0.998, matching the 0.998 it reached on all eight features,
so selection removed seven inputs at no accuracy cost. On the
water classification, selection retained four features, ph, Sulfate,
Chloramines, and Solids, and the area under the ROC curve fell
from 0.659 on all nine features to 0.642 on the four, a gap of
about 0.018. That gap is small but real: parsimony was not free
here, and the compact subset traded a little accuracy for a model
that is cheaper to measure and easier to explain. The reported
feature counts make the size of each reduction explicit, so the
table reads as an accuracy-versus-parsimony trade-off rather than
a single accuracy number.

Table 4. Feature-selection comparison: the gradient-boosted model per
task trained on all features versus the random-forest-selected top-k
subset, with the primary metric and the feature count.

Setting Primary metric Features
Air: all features 0.998 (R2) 8
Air: selected 0.998 (R2) 1
Water: all features 0.659 (AUC) 9
Water: selected 0.642 (AUC) 4

Read together, the three tables answer the questions the
pipeline poses. No single family won both tasks: the random
forest was best on the air regression and the kernel classifier
on water, while the gradient-boosted ensemble was competitive
without leading either, which is why we keep it as the explana-
tion target rather than claiming it as the best model. Figure 5
shows this split directly, with the random forest reaching the
lowest air-quality RMSE of 0.132 and the kernel classifier the
highest water-potability AUC of 0.692. A compact selected sub-
set retained the full-feature accuracy on the air task and cost a
small amount on the harder water task, and the explanation stage
discussed next identifies which features carry that accuracy in
each case.

S. DISCUSSION AND ANALYSIS

5.1 Model Comparison

The regression and classification comparisons in Table 2 and
Table 3 show where a gradient-boosted ensemble earns its place
and where it does not, and the honest reading is that no sin-
gle family won both tasks. On the air-pollutant regression the
sensor responses are so strongly related to the target that every
family was near-perfect, all four above a coefficient of determi-
nation of 0.997, with the random forest highest at 0.9994 and
the gradient-boosted ensemble at 0.9976; the families separated
by only thousandths of a unit, so the tree advantage was real
but marginal and the boosted ensemble did not lead. On the
water-potability classification the kernel support-vector classifier
was the strongest model at an area under the ROC curve of 0.692,
with the perceptron at 0.685, and the tree ensembles trailed, the
random forest at 0.673 and the gradient-boosted ensemble at
0.659; here the boosted ensemble was the weakest of the four
rather than the strongest. The two outcomes together caution
against committing to one family per problem class: a kernel
method sufficed on the smooth regression and was actually best
on the noisy classification, so the parsimony argument favours
whichever model is cheaper to explain rather than whichever is
marginally more accurate. We retain the gradient-boosted model
as the explanation target precisely because TreeSHAP is exact
for trees, not because it won, and we are careful not to read its
competitive but non-leading scores as a state-of-the-art claim.



5.2 Feature-Selection Trade-off

The feature-selection comparison in Table 4 is the test of whether
parsimony costs accuracy, and the two tasks answered it in oppo-
site directions. On the air regression the random-forest ranking
concentrated essentially all of the credit on one channel, the
PTO08.S2 metal-oxide (NMHC) sensor, whose permutation im-
portance of 2.04 dwarfed every other feature; selection therefore
chose k = 1, and the gradient-boosted model on that single fea-
ture reached a coefficient of determination of 0.998, matching
the 0.998 on all eight features. Selection was free here, removing
seven redundant inputs at no measured accuracy cost, because
the benzene target is near-deterministically tied to that one sen-
sor. On the water classification the picture was different: the four
retained features, ph, Sulfate, Chloramines, and Solids, captured
most but not all of the signal, and the area under the ROC curve
fell from 0.659 to 0.642, a gap of about 0.018. That cost is small
but not zero, so potability prediction draws on weaker, more
distributed cues that a four-feature subset cannot fully capture.
This is the accuracy-versus-parsimony reading that recursive
feature elimination with support-vector weights also targets, by
trimming the feature set while watching the validation score
[49]. The practical conclusion is that a small subset is the better
deployment choice when its accuracy cost is small, as it was
on both tasks here, since it is cheaper to measure and easier to
explain.

5.3 SHAP Driver Analysis

The explanation stage turns the gradient-boosted model into an
account of its drivers, and the TreeSHAP global ranking broadly
agreed with the random-forest selection on both tasks. On the air
task the agreement was total: the single retained sensor, PT08.52,
was the only feature with appreciable attribution, mirroring its
dominant permutation importance, so the explanation confirmed
that one sensor governs the benzene estimate. On the water task
the TreeSHAP ranking placed pH highest, then Solids, then Sul-
fate and Chloramines, closely tracking the permutation ranking
that drove the selection and confirming that the four retained
features are the ones the model actually uses. The global rank-
ing, shown in Figure 6, makes this concrete: benzene is driven
almost entirely by the PT08.S2 (NMHC) sensor, while potability
is led by pH ahead of dissolved solids, sulfate, and chloramines.
Beyond these magnitudes, the per-sample attributions expose
nonlinear and possibly sign-changing effects that a single im-
portance number hides, such as a physico-chemical level whose
effect on potability shifts across its range.

Air: SHAP importance

Water: SHAP importance
oh 0.45
Solids 0.36
PT08.S2(NMHC)

Sulfate 0.35

Chloramines 0.24

b T T T T T T T T
0 2 4 6 0.0 0.1 0.2 0.3 0.4 0.5
mean |SHAP value| mean |SHAP value|

single selected feature (k=1)

Figure 6. TreeSHAP global importance (mean [SHAP)) for the
gradient-boosted model: benzene is driven almost entirely by the
PT08.S2 (NMHC) sensor, while water potability is led by pH, then
dissolved solids, sulfate and chloramines.

These nonlinear shapes are exactly what motivates an additive
per-feature attribution over a single global importance score, and
they let an analyst read not just which features matter but how
they push a given prediction. The cross-check also disciplines

the selection: if the SHAP ranking promotes a feature that the
forest had ranked just outside the retained subset, that is evidence
the cutoff k was set slightly too tight, whereas broad agreement
between the two rankings is evidence the subset captured the
drivers the model actually uses. Reading the two views together
therefore does more than explain the model; it audits the selection
that produced it, closing the loop between the first and the third
stage of the pipeline.

5.4 Failure-Mode Analysis

The pipeline can mislead in ways the user must guard against.
The first is in the selection itself: impurity-based random-forest
importance is biased toward high-cardinality and correlated fea-
tures, so a feature can be ranked highly for a reason that has
nothing to do with its predictive value, and that bias can propa-
gate into the selected subset and, through it, into the model that
SHAP then explains [50]. When two features are collinear, the
forest and the explainer can also split credit between them arbi-
trarily, making the apparent driver an artifact of which correlated
channel the trees happened to use. The mitigation we adopt is to
use permutation importance as the ranking rather than impurity
importance, and to read the SHAP ranking against the selection
rather than trusting either alone. The second failure mode is
in the data handling: imputing missing physico-chemical val-
ues and rebalancing the potability label with synthetic minority
over-sampling both alter the training distribution, and synthetic
samples can introduce artifacts that the explainer will faithfully
attribute as if they were real structure [51]. The mitigation is to
refit imputation and over-sampling inside each fold, never on
the test data, and to treat any driver that appears only after rebal-
ancing as provisional until it is confirmed on the untouched test
set. The honest reading of the pipeline is therefore that its expla-
nations are as trustworthy as its selection and its preprocessing,
and both must be reported, not hidden.

6. CONCLUSION

This paper presents a unified interpretable feature-selection and
boosted-ensemble pipeline for environmental-quality prediction,
in which random-forest importance decides which features the
model may use, a comparison of tree-ensemble, kernel, and neu-
ral families tests whether committing to a compact subset costs
accuracy, and TreeSHAP audits which retained factors drive
the prediction. The same procedure runs without change on
an air-pollutant regression and a water-potability classification,
with imputation and class-imbalance handling carried as explicit
pipeline steps. The measured takeaway is that parsimony and
explanation can be first-class objectives alongside accuracy, with
an honest accounting of where accuracy is easy and where it is
not. On the benzene regression every family exceeded an R2 of
0.997 and selection reduced the model to a single NMHC sensor
at no accuracy cost, so the result there is interpretability rather
than a hard prediction win, since the target is near-deterministic
in this record. On water potability the task was genuinely dif-
ficult, the best model reaching an AUC of only 0.692 and a
four-feature subset costing about 0.018 AUC, which we report as
areal property of the weakly discriminative features rather than
hide. In both cases the SHAP analysis agreed with the selection
and turned each model into a defensible account of which factors
govern the outcome, with no claim that the pipeline beats every
baseline. The main limitation is scope, since the study covers
two public datasets and relies on post-hoc explanation, whose
attributions inherit any bias the selection and the rebalancing
introduce, so the surfaced drivers should be read as provisional



rather than causal. A useful next step is to extend the pipeline to
more tasks and a spatial or temporal dimension.
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