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Abstract: Multi-output regression requires prediction of several continuous outcomes from the same predic-
tor set. Independent per-target models are simple to train, but they may leave residual association between
targets unused. We propose a residual-polishing extension of per-target Random Forest regression that
preserves the standard model-per-target workflow while adding a post-hoc correction based on out-of-bag
residuals, local residual averaging, and residual-covariance structure. The method is evaluated using con-
trolled synthetic scenarios and real multi-output datasets. The evaluation combines real-data benchmark
comparisons with repeated train/validation/test experiments, including confidence intervals, paired statistical
tests, and comparisons with several multi-output baselines. The results show that residual polishing can im-
prove the independent Random Forest baseline when recoverable local and cross-target residual structure
remains after marginal fitting.

Keywords: multi-output regression; multi-target prediction; Random Forests; residual modeling; dependence-aware
learning; k-nearest neighbors; stacking

Introduction
Multi-output regression, often termed multi-target regres-
sion, studies how to predict several continuous outcomes
from the same set of input features [1, 2]. This setting
appears across many areas of applied machine learning
where outcomes are linked through shared mechanisms
and are therefore statistically dependent [1,3]. When de-
pendence is present, prediction quality is not only about
reducing the error of each target. It may also depend
on whether useful cross-target structure remains after
marginal prediction and can still be exploited to improve
overall predictive accuracy [1,2].
A common baseline is to train one model for each tar-
get [1, 2]. This approach is easy to train and validate,
and it allows each target model to be tuned separately.
Its limitation is that it does not use cross-target informa-
tion. Even after conditioning on the inputs, residual er-
rors can remain coupled across targets. Ignoring this
structure may leave useful predictive information unex-
ploited, especially when residual dependence remains
after conditioning on the inputs [1–3].

Many multi-output methods use target dependence more
directly [1]. These approaches can improve prediction
when targets are related, but they often require additional
modeling structures beyond the standard independent
per-target workflow. This creates a practical need for
methods that preserve the simplicity of per-target predic-
tion while still allowing residual cross-target information
to be used after the main marginal models have been
fitted.
This paper introduces RPRF, a residual-polishing exten-
sion of per-target Random Forest regression for multi-
output prediction. The method is designed to use resid-
ual structure that remains after the independent tar-
get models have been trained. Its contribution is to
add a structured post-hoc correction layer while keep-
ing the original model-per-target workflow unchanged.
Therefore, the study introduces a lightweight residual-
correction layer for independent Random Forest predic-
tion, not as a universally dominant multi-output learner.
The full formulation is given in Section 3.
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Related work
Multi-output regression methods are commonly grouped
into problem transformation and algorithm adaptation [1].
Problem transformation retains a standard single-output
learner but changes the representation to share informa-
tion across targets, while algorithm adaptation modifies
learning to predict an output vector directly.
A widely used transformation direction trains one model
per target while allowing information from other tar-
gets to enter through additional inputs. Stacked single-
target learning and regressor chains follow this idea and
can improve accuracy when targets are dependent [2].
A central requirement is leakage control, since target-
based inputs should be generated out of sample during
training so that the learner sees the same type of infor-
mation it will have at prediction time [2, 4]. Random lin-
ear target combinations provide another transformation-
based approach by constructing new targets from ran-
dom linear combinations of the original outputs [5]. Re-
cent extensions have further developed chain-based
and ensemble-based designs for multi-target regression,
showing that target-dependence modelling remains an
active direction [6,7].
Algorithm-adaptation approaches aim to learn predictors
that output all targets together. Tree-based methods are
a central example, including structured-output tree en-
sembles, predictive clustering tree ensembles, and re-
cent multi-output Random Forest applications [3,8]. This
line has been extended with ensemble designs that im-
prove robustness for multi-target prediction, including
random output selection and extremely randomized pre-
dictive clustering tree ensembles [9, 10]. Rule ensemble
methods provide another joint modeling approach and
can offer interpretable structure at the rule level [11].
A related viewpoint comes from meta-learning, where
a second stage is used to reduce systematic error by
combining signals produced by base learners. Stacking
is a classic example and it highlights the role of out-of-
sample base predictions when learning a second-stage
correction [4, 12]. Later work studied when stacking
helps and how to limit overfitting in the second stage [13].
The super learner framework follows a similar principle
and uses cross-validation to combine a set of candidate
learners while targeting prediction risk [14].
The proposed method is also related to residual learning
and error-correction strategies, where a second-stage
procedure is used to model the error left by an initial
predictor. In this view, the first-stage model estimates
the main signal, while the second stage attempts to re-
cover systematic residual structure. Recent multi-output
work has also used residual correction to combine inter-
pretable first-stage models with Random Forest residual

modeling [15]. This work follows the same general moti-
vation of correcting remaining error, but differs in its con-
struction.
The present work is closest to meta-learning approaches
in which a second stage uses out-of-sample base-model
information to reduce systematic prediction error [4, 12].
However, existing target-as-feature methods, including
stacked single-target learning and regressor chains, typ-
ically use target values or target predictions as additional
inputs to another learner [2]. Structured-output tree en-
sembles follow a different direction by adapting the learn-
ing algorithm itself to produce joint outputs [3]. These
approaches show the value of using target dependence,
but they also move away from the simple independent
model-per-target workflow. This leaves room for a post-
hoc residual-correction strategy that preserves separate
target models while introducing dependence only after
the marginal predictions have been learned.

Method

Problem formulation

Let D = {(xi, yi)}ni=1 denote n observed pairs, where
xi ∈ Rp is the feature vector and yi = (yi1, . . . , yiq)

⊤ ∈ Rq

is a vector of q continuous targets [1]. The goal is to learn
a predictor f̂ : Rp → Rq that yields accurate prediction
for each target while making effective use of cross-target
dependence when it remains informative after condition-
ing on the inputs. Throughout, we use the equivalent
notation

f̂(x) = Ŷ (x) = (ŷ1(x), . . . , ŷq(x))
⊤ ∈ Rq.

For training samples, ŷij denotes the prediction of target
j at case i.
We use a training partition of size ntrain and a validation
partition of size Nval for selecting the tuning parameter in-
troduced below. We write Iq for the q × q identity matrix.
The neighbor count candidates are collected in a finite
set K ⊂ {1, 2, . . .}, and the selected value is denoted by
k⋆.

Residual-Polished Random Forests

Residual-Polished Random Forests, denoted RPRF, is
a two-stage procedure. The first stage fits one Ran-
dom Forest regressor per target and produces out-of-
bag residuals [16]. Random Forests are used because
they are a strong default for tabular regression and often
achieve competitive accuracy with limited tuning [16,17].
The second stage builds a residual correction using local
averaging in feature space and then couples that correc-
tion across targets using the empirical residual covari-
ance. This follows the general principle that a correction
layer should be learned from out-of-sample style errors
rather than from in-sample fits [4,12]. The full procedure,

2
Published: An-Najah National University, Nablus, Palestine



including validation-based selection of k, is detailed be-
low and summarized in Algorithm 1.
Stage A: Per-target Random Forests and out-of-bag residuals

For each target j = 1, . . . , q, we train a Random For-
est regressor fj : Rp → R on the training partition [16].
For each training case i and target j, Random Forests
provide an out-of-bag prediction ŷOOB

ij computed by ag-
gregating only trees that did not include case i in their
bootstrap sample [16]. We define

ŷOOB
ij = fRF,OOB

j (xi), rij = yij − ŷOOB
ij , (1)

where fRF,OOB
j denotes the out-of-bag prediction rule in-

duced by the fitted forest fj . Residuals are stacked row-
wise as

Rtrain = [rij ] ∈ Rntrain×q, S = cov(Rtrain) ∈ Rq×q. (2)

We use the standard convention where rows correspond
to samples and columns correspond to targets, so S is
the empirical covariance across the q target residual co-
ordinates. The matrix Rtrain collects residual row vectors
ri ∈ R1×q (the ith row of Rtrain), and we write r⊤i ∈ Rq for
the corresponding column vector. Out-of-bag residuals
are leakage safe because each training case is predicted
by trees that did not use it during fitting [16]. This makes
Rtrain and its covariance S reflect out-of-sample style er-
rors, which is the relevant signal for learning a correction
layer [4,12].

Remark 1. Fix a target index j and a training case in-
dex i. In a Random Forest, the out-of-bag prediction
ŷOOB
ij aggregates only those trees whose bootstrap sam-

ples do not contain case i. Consequently, the residual
rij = yij − ŷOOB

ij in Eq. (1) is not a resubstitution residual.

Proof. By definition, the set of trees contributing to ŷOOB
ij

consists only of trees trained on bootstrap samples that
exclude case i [16]. Therefore, yij is not used in fitting
any tree that contributes to ŷOOB

ij , and rij is computed
from a prediction obtained without using the response of
case i.

Stage B: Local residual prototype and covariance-aware cor-
rection

For a query x ∈ Rp, let Nk(x) ⊂ {1, . . . , ntrain} denote the
indices of its k nearest training points under Euclidean
distance. Local averaging in feature space is a standard
nonparametric idea behind nearest neighbor regression
and related local methods [18, 19]. The uniform local
mean residual is

r(x) =
1

k

∑
i∈Nk(x)

r⊤i ∈ Rq, (3)

where ri is the ith row of Rtrain. We treat r⊤i and r(x) as
column vectors in Rq.
This local averaging step can be interpreted through a
residual-decomposition view of the problem. After Stage
A, the prediction error can be written as a residual vector
field over the feature space. If the marginal Random For-
est models capture the dominant signal but leave a non-
negligible conditional residual mean, then nearby training
residuals provide information about the remaining local
error structure around a query point x. In this setting, the
k-nearest-neighbor average acts as a simple estimator
of a structured local residual mean. The polishing step
is therefore most useful when two conditions hold simul-
taneously: the residuals remain locally structured in fea-
ture space, and cross-target dependence is still present
after marginal fitting. Under these conditions, Stage B
is intended to recover part of the remaining systematic
error rather than to replace the main predictive signal al-
ready captured by Stage A.
The benefit of the polishing step is expected to depend
on the operating regime. It is most useful when Stage
A leaves non-negligible structured residual error, nearby
points in feature space have similar residual vectors,
and cross-target dependence remains informative after
marginal fitting. Its benefit may be more limited when the
remaining residuals are close to noise, when Euclidean
neighborhoods do not capture similarity in residual be-
havior, or when the empirical residual covariance is weak
or unstable. These regimes help clarify that Stage B
is intended as a targeted dependence-aware correction
rather than as a uniformly dominant replacement for the
Stage-A predictor.
To couple the correction across targets, we use a matrix
square root of S. Let S = UΛU⊤ be an eigendecomposi-
tion with U ∈ Rq×q orthonormal and Λ = diag(λ1, . . . , λq)

with λℓ ≥ 0. We define

S1/2 = U Λ1/2U⊤, (4)

where Λ1/2 = diag(
√
λ1, . . . ,

√
λq). The matrix square

root is a standard matrix function and provides a princi-
pled way to transfer covariance structure through a lin-
ear transform [20]. Since empirical covariance estima-
tion can be unstable in finite samples, especially when
some eigenvalues are very small, we floor eigenvalues
below a small constant δ > 0 before forming Λ1/2 [21].
Concretely, we replace λℓ by max(λℓ, δ) before forming
Λ1/2.
The use of S1/2 is interpreted in this work as a prac-
tical covariance-aligned residual-shaping step, not as a
claim of theoretical optimality. The identity correction
would use local residual smoothing without cross-target
covariance structure, while direct multiplication by S may
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produce a more aggressive scaling of the correction.
The principal square root keeps the eigen-directions of
the empirical residual covariance but applies square-
root scaling to their eigenvalues. In this sense, S1/2 is
used as a moderate covariance-aligned operator that in-
troduces cross-target coupling without treating the co-
variance matrix itself as a direct weight matrix. Other
operators, including scalar, diagonal, correlation-based,
shrinkage, or target-standardized corrections, are possi-
ble alternatives and are left for future work.
The covariance-aware polishing vector and the final
multi-output prediction are

rpolish(x) = S1/2 r(x), Ŷ RPRF(x) = Ŷ RF(x)+rpolish(x),

(5)
where Ŷ RF(x) =

(
f1(x), . . . , fq(x)

)⊤ stacks the per-
target Random Forest predictions (with fj as defined in
Stage A). The product S1/2r(x) is well defined because
S1/2 ∈ Rq×q and r(x) ∈ Rq. Multiplication by S1/2 injects
the empirical residual-covariance geometry into the lo-
cal correction before it is added to the marginal Random
Forest prediction.

Lemma 1. Let z ∈ Rq be a random column vector with fi-
nite second moments, and let A ∈ Rq×q be deterministic.
Then

cov(Az) = A cov(z)A⊤.

In particular, if cov(z) = Iq, then cov(S1/2z) = S.

Proof. Let µ = E[z]. By linearity, E[Az] = Aµ, hence
Az − E[Az] = A(z − µ). Therefore,

cov(Az) = E
[
(Az − E[Az])(Az − E[Az])⊤

]
= AE

[
(z − µ)(z − µ)⊤

]
A⊤

= A cov(z)A⊤.

For the special case, set A = S1/2 and cov(z) = Iq,
giving cov(S1/2z) = S1/2Iq(S

1/2)⊤ = S, since S1/2 is
symmetric in Eq. (4).

Lemma 1 clarifies the covariance-shaping effect of apply-
ing a fixed linear operator to a residual vector. In RPRF,
this result motivates the use of (S1/2) as a practical
covariance-aligned transformation derived from the em-
pirical Stage-A residual covariance. The method does
not require the local residual prototype (r(x)) to have
identity covariance, and (S1/2) is therefore used as a
structured residual-shaping operator rather than as an
optimal correction rule.

Proposition 1. If the empirical residual covariance S in
Eq. (2) is diagonal, then S1/2 is also diagonal and the pol-
ishing step in Eq. (5) does not mix targets. In this case,
each target receives a local residual correction scaled

only by the square root of its own marginal residual vari-
ance.

Proof. If S is diagonal with nonnegative diagonal entries,
then an eigendecomposition is given by U = Iq and
Λ = S. Hence, S1/2 = UΛ1/2U⊤ = Λ1/2 is diagonal.
Therefore, S1/2r(x) scales each coordinate of r(x) and
does not form linear combinations across targets.

According to Proposition 1, the cross-target mixing in
RPRF is introduced only when the empirical Stage-A
residual covariance contains off-diagonal structure.

Model selection and evaluation metrics

The method introduces a single hyperparameter k, the
number of neighbors in Nk(x). The value of k is selected
on the validation split by minimizing macro-averaged
RMSE. A monotone grid over k is evaluated, with can-
didate values satisfying 1 ≤ k < ntrain, and the value with
the lowest validation MacroRMSE is selected.
For an evaluation set of size N , the target-specific MAE
and RMSE are defined as

MAEj =
1

N

N∑
i=1

|yij−ŷij |, RMSEj =

√√√√ 1

N

N∑
i=1

(yij − ŷij)2.

(6)
The reported MAE and RMSE values are macro-
averaged across targets:

MacroMAE =
1

q

q∑
j=1

MAEj , MacroRMSE =
1

q

q∑
j=1

RMSEj .

(7)
We also report the coefficient of determination. For tar-
get j, let ȳj = 1

N

∑N
i=1 yij . Then

R2
j = 1−

∑N
i=1(yij − ŷij)

2∑N
i=1(yij − ȳj)2

. (8)

When a single R2 value is reported, it is macro-averaged
across targets.
Algorithm 1 gives a step-by-step summary of the two-
stage RPRF pipeline. Stage A fits the independent per-
target Random Forest models and extracts out-of-bag
residuals. Stage B uses nearest-neighbor residual av-
eraging and covariance-aligned residual shaping before
adding the correction to the Random Forest prediction.
The computational cost follows directly from the two-
stage structure. Stage A has the same training cost
as fitting q Random Forest models [16]. Stage B adds
a nearest neighbor lookup and a q × q linear trans-
form. With brute-force search, the distance computation
is O(ntrainp) per query, forming r(x) costs O(kq), and ap-
plying S1/2 costs O(q2).
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Algorithm 1: Two-stage Residual-Polished Random Forests (RPRF)
procedure
Require: Training split (Xtrain, Ytrain), validation split (Xval, Yval), test

inputs Xtest, candidate set K
Ensure: Predicted Ŷ RPRF(Xtest)

1: Fit per target Random Forests f1, . . . , fq on (Xtrain, Ytrain).
2: Obtain out-of-bag predictions ŷOOB

ij and residuals rij = yij −
ŷOOB
ij .

3: Form Rtrain = [rij ] and S = cov(Rtrain).
4: Compute S1/2 = UΛ1/2U⊤ with eigenvalue flooring.
5: for k ∈ K do
6: for x ∈ Xval do
7: Find Nk(x) in Xtrain using Euclidean distance.
8: Compute r(x) = 1

k

∑
i∈Nk(x)

r⊤i .

9: Form Ŷ RF(x) = (f1(x), . . . , fq(x))⊤.
10: Compute Ŷ RPRF(x) = Ŷ RF(x) + S1/2r(x).
11: end for
12: Compute MacroRMSE(k) on (Xval, Yval) using Eq. (7).
13: end for
14: Select k⋆ = argmink∈K MacroRMSE(k).
15: for x ∈ Xtest do
16: Find Nk⋆ (x) in Xtrain.
17: Compute r(x) = 1

k⋆

∑
i∈Nk⋆ (x) r

⊤
i .

18: Form Ŷ RF(x) = (f1(x), . . . , fq(x))⊤.
19: Compute Ŷ RPRF(x) = Ŷ RF(x) + S1/2r(x).
20: end for

Computing S1/2 by eigen-decomposition is performed
once per training split and costs O(q3) [20]. Conse-
quently, training time is dominated by fitting the q forests,
and prediction time per query is the sum of (i) computing
per-target Random Forest predictions, (ii) a brute-force
kNN query, and (iii) applying the q × q transform. Under
brute-force neighbor search, this yields approximately

O(CRF(q, T ) + ntrainp+ kq + q2), (9)

where CRF(q, T ) denotes the cost of evaluating q forests
with T trees each.

Experimental Evaluation
We evaluate RPRF on two real multi-output datasets, to-
gether with controlled synthetic scenarios as described
in Section 4. All experiments used a 60%/15%/25%
train/validation/test split. Repeated-split inference was
used for the Energy benchmark and the synthetic exper-
iments, as detailed below. In each repeated experiment,
the training split was used to fit the models, the validation
split was used to select (k), and the test split was kept
untouched until final evaluation. Results from repeated
experiments are summarized using the mean and 95%
confidence interval of the test-set macro metrics.
Paired tests across repeated splits were used to com-
pare methods. The primary comparison was RPRF ver-
sus independent per-target RF, because RPRF is pro-
posed as a residual-polishing extension of that base-
line. For error metrics such as RMSE and MAE, a posi-
tive paired difference defined as comparator error minus
RPRF error indicates lower error for RPRF.

Performance is reported using the macro-averaged
MAE, RMSE, and R2 definitions given in Section 3.
As presented in Table 1, the evaluation includes inde-
pendent per-target RF, XGBoost MIMO, and three RF-
based multi-output baselines. The additional baselines
are Regressor Chains, stacked single-target learning,
and random linear target combinations. These meth-
ods were included to compare RPRF with established
approaches that use target dependence in multi-output
regression [2,4,5].

Table (1): Baselines included in the evaluation.

Family Method Approach

Independent Per-target RF One RF model is fitted independently
for each target.

Boosting XGBOOST

MIMO
A boosted-tree baseline fitted on a
stacked target representation with one-
hot target indicators [2,22].

Proposed RPRF A residual-polished extension of per-
target RF using k-nearest-neighbor
residual smoothing and S1/2.

Problem trans-
formation

RC-RF Regressor Chains with RF as the base
learner [2].

Stacking-based SST-RF Stacked single-target learning with RF
as the base learner [2,4].

Target transfor-
mation

RLC-RF Random linear target combinations
with RF as the base learner [5].

Datasets

Real datasets

We evaluate RPRF on two real multi-output regression
datasets: an environmental VOC prediction dataset and
a building-energy benchmark. Both datasets contain
strongly associated targets. In the VOCs dataset, the
four selected targets showed strong positive pairwise as-
sociations, with Pearson correlations ranging from 0.754

to 0.881. In the Energy dataset, the two targets showed
a very strong positive correlation (Pearson = 0.976).
The VOCs dataset [23] contains n = 180 observations,
p = 34 predictor variables, and q = 4 continuous targets.
This dataset is also closely related to a recent domain-
specific multi-output VOC prediction study, where co-
emitted VOCs and demographic variables were used to
jointly predict paint-related VOC concentrations, illustrat-
ing the practical relevance of cross-target dependence
in environmental exposure modeling [24]. The target
variables were acetonitrile, n-butyl acetate, Toluene, and
m/p-Xylene. Predictor variables were standardized be-
fore model fitting because Stage B defines neighbor-
hoods by Euclidean distance. For each predictor, the
mean and standard deviation were estimated from the
training split only, and the same scaling parameters were
applied to the validation and test splits.
Additionally, the Energy Efficiency dataset (ENB2012)
contains n = 768 samples with p = 8 input features and
q = 2 continuous targets [25, 26]. We apply the same
train-split-preprocessing policy: any scaling is fit on the
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training split and then applied unchanged to validation
and test.
The two real datasets provide different empirical set-
tings: a small four-output environmental dataset (VOCs)
and a two-output building-energy benchmark (Energy).
The synthetic study below is used to examine controlled
changes in sample size, input dimension, output dimen-
sion, and residual correlation.
The two real datasets were used differently in the anal-
yses as they differ in size and output structure. The
larger Energy benchmark (n = 768, q = 2) was used
for repeated-split inference, whereas the smaller VOCs
dataset (n = 180, q = 4) was retained as a descrip-
tive domain-specific benchmark. Repeated random par-
titions for VOCs would yield small test subsets and less
stable inferential summaries.
Synthetic study

To complement the real-data evaluation, synthetic data
were generated to vary the sample size n, feature dimen-
sion p, output dimension q, and cross-target dependence
strength ρ ∈ [0, 1).
For each configuration, features were sampled indepen-
dently as

xi ∼ N (0, Ip), i = 1, . . . , n, (10)

and targets were generated from a shared linear signal
plus correlated noise:

yi = B⊤xi + εi, εi ∼ N (0,Σρ), (11)

where B ∈ Rp×q controls the signal contribution and
Σρ ∈ Rq×q has unit marginal variances and constant off-
diagonal correlation:

(Σρ)jj = 1, (Σρ)jℓ = ρ (j ̸= ℓ). (12)

For each scenario, the coefficient matrix B was gener-
ated once, with entries sampled independently from a
uniform distribution, and then held fixed across all evalu-
ated methods.
We used a one-factor-at-a-time sweep design: one of
{n, p, q, ρ} was varied while the remaining factors were
held fixed. This design isolates changes in performance
due to sample size, input dimension, output dimen-
sion, and dependence strength under the same data-
generation mechanism (Tables 6–13).
The original synthetic scenarios provide a controlled
test of residual-correction behaviour under a shared
signal and constant-correlation Gaussian noise. Addi-
tional scenarios were included with nonlinear signal, het-
eroscedastic errors, heavy-tailed errors, block covari-
ance, and null residual correlation, as summarized in
Table 2. These settings test whether residual polishing

remains useful when the residual structure is more com-
plex than the original compound-symmetry design.

Table (2): Additional synthetic scenarios used to extend the original compound-
symmetry design.

Scenario Setting Purpose

S13 Nonlinear signal Adds smooth nonlinear transformations
of selected predictors to the shared sig-
nal.

S14 Heteroscedastic er-
rors

Allows the error variance to change with
the feature values.

S15 Heavy-tailed errors Uses non-Gaussian heavy-tailed noise
to assess robustness to outlying errors.

S16 Block covariance Replaces the compound-symmetry co-
variance with a block covariance struc-
ture among targets.

S17 Null residual corre-
lation

Examines performance when cross-
target residual dependence is weak or
absent.

The additional scenarios were constructed as follows.
S13 introduced a nonlinear signal component by aug-
menting the shared linear signal with smooth nonlinear
transformations of selected predictors. S14 used het-
eroscedastic errors whose variance changed with the
feature values. S15 used heavy-tailed errors to as-
sess robustness to non-Gaussian noise. S16 replaced
the compound-symmetry covariance with a block covari-
ance structure among targets. S17 used a null residual-
correlation setting to examine performance when cross-
target residual dependence is weak or absent. These
scenarios preserve the same train/validation/test evalua-
tion protocol and are intended as controlled stress tests
rather than exhaustive coverage of all possible multi-
output data-generating mechanisms.

Results

Real-data results

We report macro-aggregated mean absolute error (MAE)
and root mean squared error (RMSE) across targets, to-
gether with macro-averaged R2. Lower MAE and RMSE
indicate better point accuracy, while higher R2 indicates
better explained variance. Table 3 reports the VOCs
comparison, and Table 4 reports the repeated-split En-
ergy comparison with 95% confidence intervals.
In the VOCs analysis, XGBOOST MIMO gave the lowest
macro-MAE and macro-RMSE and the highest macro-
averaged R2. The residual-polishing step produced a
small reduction in error relative to independent RF. Thus,
the VOCs experiment supports RPRF as an improve-
ment over the independent RF baseline, but not as the

Table (3): VOCs results (n = 180, p = 34, q = 4).

Model MAE RMSE R2

Per-target RF 1.2328 1.7517 0.8902
RPRF 1.2171 1.7456 0.8899
XGBOOST MIMO 1.0835 1.5801 0.9080
RC-RF 1.2407 1.7543 0.8904
SST-RF 1.2424 1.7888 0.8870
RLC-RF 1.2275 1.7350 0.8857
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best-performing model in this dataset.

Table (4): Energy repeated-split results (mean [95% CI]; n = 768, p = 8,
q = 2).

Model MAE RMSE R2

Per-target RF
0.8726

[0.8562, 0.8890]
1.2726

[1.2430, 1.3021]
0.9794

[0.9785, 0.9804]

RPRF
0.8389

[0.8220, 0.8558]
1.2322

[1.2026, 1.2618]
0.9808

[0.9799, 0.9817]

XGBOOST MIMO
0.4200

[0.3943, 0.4458]
0.6754

[0.6329, 0.7178]
0.9940

[0.9931, 0.9948]

RC-RF
0.8649

[0.8472, 0.8826]
1.2853

[1.2558, 1.3148]
0.9789

[0.9778, 0.9799]

SST-RF
0.7314

[0.7088, 0.7540]
1.1674

[1.1314, 1.2034]
0.9805

[0.9795, 0.9816]

RLC-RF
0.8820

[0.8650, 0.8991]
1.2919

[1.2621, 1.3217]
0.9787

[0.9777, 0.9797]

In the Energy analysis, XGBOOST MIMO gave the
lowest macro-MAE and macro-RMSE and the highest
macro-averaged R2. RPRF improved independent RF,
reducing macro-RMSE from 1.2726 to 1.2322. However,
XGBOOST MIMO and SST-RF achieved lower RMSE.
Therefore, the Energy results show that residual polish-
ing added value to the independent RF workflow, while
stronger benchmark models remained competitive or su-
perior.
Statistical significance analysis

To assess whether the observed differences were stable
across random partitions, paired tests were computed
across repeated train/validation/test splits. The primary
analysis compared RPRF with independent per-target
RF, because RPRF is built as a residual-polishing exten-
sion of that baseline. Statistical significance was inter-
preted together with the direction of the mean difference;
a small p-value indicates a stable difference across splits,
while the sign of the difference determines whether it fa-
vors RPRF or the comparator. For RMSE, the paired dif-
ference was defined as comparator RMSE minus RPRF
RMSE, so positive values indicate lower error for RPRF.
For the real-data repeated-split analysis, the primary
paired comparison is reported for the Energy bench-
mark.

Table (5): Primary paired RMSE comparison between RPRF and independent
RF for the Energy dataset across repeated splits. Positive differences indicate
lower RMSE for RPRF.

Dataset
RPRF
RMSE

RF
RMSE

Difference 95% CI
paired
t-test p

Energy 1.2322 1.2726 0.0404
[0.0353,
0.0454]

< 0.001

Synthetic results

To complement the real-data comparisons with con-
trolled dependence settings, we report synthetic results
using the same macro-aggregated RMSE summaries.
Table 6 reports mean macro-RMSE across the 12 sim-
ulated scenarios. Comparisons should be read within
each scenario row because n, p, q, and ρ vary across
scenarios.
Across the 12 simulated scenarios, RPRF produced
lower macro-RMSE than independent RF, RC-RF, and
RLC-RF in every scenario. It also produced lower
macro-RMSE than SST-RF in 11 scenarios; the ex-
ception was S11, where SST-RF obtained a lower er-
ror. Relative to XGBOOST MIMO, RPRF gave lower
macro-RMSE in 9 scenarios, while XGBOOST MIMO
gave lower error in S02, S03, and S11. The largest re-
ductions for RPRF occurred in the higher-dimensional
scenarios S05 and S12, where the errors of independent
RF, RC-RF, SST-RF, and RLC-RF increased substan-
tially.

Table (6): Synthetic scenarios: mean macro-RMSE across repeated splits.

Scenario ρ n p q k RPRF RF
XGBOOST

MIMO
RC-
RF

SST-
RF

RLC-
RF

S01 0.4 1200 12 3 70 1.4460 2.2303 1.5609 2.2673 1.6907 2.1821
S02 0.4 5000 12 3 109 1.2957 1.9798 1.2489 1.9986 1.5067 1.9515
S03 0.4 15000 12 3 94 1.1974 1.7642 1.1121 1.7880 1.4006 1.8147
S04 0.4 1200 5 3 70 1.1446 1.1897 1.1560 1.1966 1.1723 1.2608
S05 0.4 1200 50 3 200 2.7996 6.3060 5.3325 6.3175 4.7519 6.2151
S06 0.4 1200 12 2 48 1.3598 1.9362 1.4197 1.9499 1.5507 1.9823
S07 0.4 1200 12 5 102 1.4433 2.4419 1.5560 2.4833 1.8431 2.3702
S08 0.4 1200 12 7 113 1.4137 2.1835 1.4374 2.2389 1.7310 2.0595
S09 0.1 1200 12 3 48 1.4136 2.1305 1.5191 2.1503 1.6851 2.0913
S10 0.7 1200 12 3 91 1.4182 2.2746 1.5771 2.3064 1.7381 2.3304
S11 0.7 15000 50 7 200 4.7417 5.8834 2.7007 5.9196 4.3572 5.7350
S12 0.1 1200 50 7 200 2.9894 6.3712 5.1685 6.4119 4.8552 6.2641

Table 7 reports the paired RMSE comparison between
RPRF and independent RF for the synthetic scenarios.
The positive paired differences show that the RMSE re-
duction relative to independent RF was stable across re-
peated splits in all 12 scenarios.
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Table (7): Paired RMSE comparison between RPRF and independent RF
across repeated splits for the existing synthetic scenarios. Positive differences
indicate lower RMSE for RPRF.

Scenario
RPRF
RMSE

RF
RMSE

Difference 95% CI
paired
t-test p

S01 1.4460 2.2303 0.7843 [0.7468,
0.8218]

< 0.001

S02 1.2957 1.9798 0.6841 [0.6706,
0.6977]

< 0.001

S03 1.1974 1.7642 0.5668 [0.5569,
0.5767]

< 0.001

S04 1.1446 1.1897 0.0450 [0.0364,
0.0536]

< 0.001

S05 2.7996 6.3060 3.5064 [3.3998,
3.6129]

< 0.001

S06 1.3598 1.9362 0.5764 [0.5338,
0.6190]

< 0.001

S07 1.4433 2.4419 0.9986 [0.9655,
1.0317]

< 0.001

S08 1.4137 2.1835 0.7698 [0.7469,
0.7927]

< 0.001

S09 1.4136 2.1305 0.7170 [0.7023,
0.7316]

< 0.001

S10 1.4182 2.2746 0.8564 [0.8224,
0.8903]

< 0.001

S11 4.7417 5.8834 1.1416 [1.1100,
1.1733]

< 0.001

S12 2.9894 6.3712 3.3818 [3.2957,
3.4679]

< 0.001

To evaluate the method beyond the original compound-
symmetry Gaussian setting, Table 8 reports additional
synthetic scenarios with nonlinear signal, heteroscedas-
tic errors, heavy-tailed errors, block covariance, and null
residual correlation. In all five scenarios, RPRF reduced
macro-RMSE relative to independent RF, supporting the
residual-polishing mechanism under more complex con-
trolled conditions.
Table (8): Additional synthetic scenarios: mean macro-RMSE across repeated
splits where (n = 1200, &p = 12).

Scenario Setting q
Selected

k
RPRF RF

XGBOOST

MIMO
RC-
RF

SST-
RF

RLC-
RF

S13 Nonlinear signal 3 59 1.576 2.228 1.591 2.242 1.774 2.253
S14 Heteroscedastic errors 3 113 1.820 2.569 1.940 2.596 2.084 2.610
S15 Heavy-tailed errors 3 91 1.906 2.455 1.991 2.476 2.099 2.398
S16 Block covariance 6 91 1.462 2.293 1.510 2.359 1.819 2.195
S17 Null residual correlation 3 70 1.343 2.120 1.550 2.144 1.614 2.140

Table 9 reports the paired RMSE comparison for the ad-
ditional synthetic scenarios. The paired differences were
positive in all five scenarios, indicating stable reductions
in RMSE relative to independent RF.
One-factor-at-a-time (OFAT) synthetic sweeps

In addition to the full scenario grid in Table 6, the OFAT
sweeps examine the effect of changing one design fac-
tor at a time while keeping the remaining factors fixed.
These sweeps provide a compact diagnostic view of how
performance changes with the input dimension p, output
dimension q, dependence strength ρ, and sample size n.
The tables focus on the core comparison among RPRF,

independent RF, and XGBOOST MIMO, while the full
six-model comparison is reported in Table 6.
Table (9): Paired RMSE comparison between RPRF and independent RF
across repeated splits for the additional synthetic scenarios. Positive differences
indicate lower RMSE for RPRF.

Scenario
RPRF
RMSE

RF
RMSE

Diff.
95%
CI

paired
t-test
p

S13 1.5761 2.2282 0.6521
[0.6338,
0.6704]

< 0.001

S14 1.8197 2.5686 0.7490
[0.7207,
0.7772]

< 0.001

S15 1.9063 2.4548 0.5486
[0.5337,
0.5634]

< 0.001

S16 1.4616 2.2928 0.8312
[0.8147,
0.8477]

< 0.001

S17 1.3428 2.1204 0.7776
[0.7575,
0.7978]

< 0.001

Table (10): OFAT sweep over feature dimension p with (n, q, ρ) =

(1200, 3, 0.4) fixed.

n q ρ p
RMSE
RPRF

RMSE
RF

RMSE
XGBOOST MIMO

1200 3 0.4 5 1.1446 1.1897 1.1560
1200 3 0.4 12 1.4460 2.2303 1.5609
1200 3 0.4 50 2.7996 6.3060 5.3325

Table (11): OFAT sweep over output dimension q with (n, p, ρ) =

(1200, 12, 0.4) fixed.

n p ρ q
RMSE
RPRF

RMSE
RF

RMSE
XGBOOST MIMO

1200 12 0.4 2 1.3598 1.9362 1.4197
1200 12 0.4 3 1.4460 2.2303 1.5609
1200 12 0.4 5 1.4433 2.4419 1.5560
1200 12 0.4 7 1.4137 2.1835 1.4374

Table (12): OFAT sweep over dependence strength ρ with (n, p, q) =

(1200, 12, 3) fixed.

ρ n p q
RMSE
RPRF

RMSE
RF

RMSE
XGBOOST MIMO

0.1 1200 12 3 1.4136 2.1305 1.5191
0.4 1200 12 3 1.4460 2.2303 1.5609
0.7 1200 12 3 1.4182 2.2746 1.5771

Table (13): OFAT sweep over sample size n with (p, q, ρ) = (12, 3, 0.4) fixed.

ρ n p q
RMSE
RPRF

RMSE
RF

RMSE
XGBOOST MIMO

0.4 1200 12 3 1.4460 2.2303 1.5609
0.4 5000 12 3 1.2957 1.9798 1.2489
0.4 15000 12 3 1.1974 1.7642 1.1121

The OFAT sweeps show that RPRF was most favorable
when the independent RF baseline left larger residual
error, especially in higher-dimensional feature and output
settings. RPRF was best in the p, q, and ρ sweeps, while
increasing the sample size favored XGBOOST MIMO in
this simulation design, as XGBOOST MIMO achieved the
lowest RMSE at n = 5000 and n = 15000.
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Discussion
The experiments show that RPRF can provide a
residual-polishing benefit over the independent per-
target RF baseline, especially in controlled synthetic
settings where residual structure is deliberately intro-
duced. In the simulated scenarios, RPRF reduced
macro-RMSE relative to independent RF, RC-RF, and
RLC-RF in all 12 scenarios. It also reduced macro-
RMSE relative to SST-RF in 11 scenarios, with S11 as
the only exception. Against XGBOOST MIMO, RPRF
achieved lower macro-RMSE in 9 of the 12 scenar-
ios. These results support the usefulness of a post-hoc
residual-correction layer when the first-stage per-target
forests leave recoverable local and cross-target resid-
ual structure. However, the method should not be in-
terpreted as uniformly superior to all multi-output alter-
natives.
The two real datasets provide a more practical view of
this behaviour. In VOCs and Energy, RPRF reduced
the error of independent RF, but the gains were mod-
est and dataset-dependent. In both real-data analy-
ses, XGBOOST MIMO achieved the lowest error, and
in Energy, SST-RF also achieved lower RMSE than
RPRF. This pattern clarifies the intended role of the pro-
posed method. RPRF is not designed to replace highly
optimized boosted-tree multi-output models. Rather, it
is designed to strengthen the independent per-target
RF workflow when maintaining separate target-specific
models is useful and when residual dependence remains
after marginal fitting.
This interpretation is consistent with the mechanism of
the method. Stage A estimates the main marginal sig-
nal using one Random Forest per target. Stage B then
uses local residual information and the empirical residual
covariance to adjust the prediction. Therefore, the ben-
efit of RPRF depends on the amount of residual struc-
ture left after Stage A. When nearby observations have
similar residual patterns and the residual covariance re-
mains informative, the correction can reduce error. When
the first-stage learner or a competing model already cap-
tures most of the systematic structure, the additional gain
from residual polishing is expected to be smaller. This
explains why RPRF performed strongly in several simu-
lated settings while showing more moderate gains in the
real datasets.
The comparison with the added multi-output baselines
also helps position the proposed approach. Regressor
Chains and stacked single-target learning use target-
derived information as additional input, whereas random
linear target combinations transform the output space
before fitting the base learner [2, 5]. RPRF follows a
different construction: it first estimates the marginal pre-

diction functions and then models the residual field left
by these functions. The method therefore introduces tar-
get dependence through a post-hoc residual layer rather
than through target augmentation or output-space trans-
formation. This distinction is important because it pre-
serves the interpretability and operational simplicity of
separate target-specific RF models.
A practical strength of RPRF is that it keeps the model-
per-target Random Forest workflow intact. This is useful
when individual target models must be inspected, mon-
itored, or deployed separately, while the prediction sys-
tem still aims to use residual association across targets.
The additional computation is limited to validation-based
selection of k, nearest-neighbor residual averaging, and
multiplication by S1/2. Thus, RPRF is best viewed as
a lightweight residual-polishing layer for improving in-
dependent RF predictions, especially when maintaining
separate target models is desirable.
Several limitations remain. First, the real-data evaluation
is limited to two datasets, both with positively associated
targets, so broader claims about general applicability re-
quire additional external datasets with different sizes and
correlation structures. Second, although the synthetic
study includes additional controlled mechanisms, it can-
not cover all forms of nonlinear, clustered, heteroscedas-
tic, or target-specific dependence that may occur in prac-
tice. Third, the empirical residual covariance used in the
polishing step may be unstable in small samples, when
targets have very different scales, or when the number
of targets is large relative to the training size. Future
work should examine target-standardized residual cor-
rection, correlation-based residual shaping, shrinkage
covariance estimation, alternative neighborhood metrics,
and scalable nearest-neighbor search.

Conclusion

We introduced RPRF, a residual-polishing extension of
per-target Random Forest regression for multi-output
prediction. The method first fits independent RF mod-
els and then applies a second-stage correction based
on out-of-bag residuals, local residual averaging, and
covariance-based target coupling. This design keeps the
marginal Random Forest models unchanged while allow-
ing residual cross-target structure to be used after the
main target-specific predictions have been learned.
The experimental evaluation supports RPRF as a prac-
tical residual-correction layer for the independent RF
workflow. The strongest gains were observed in con-
trolled synthetic settings, where residual structure can be
explicitly varied. In the real datasets, RPRF improved
independent RF but did not outperform all benchmark
methods, particularly XGBOOST MIMO. These findings
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support a focused interpretation of the method: RPRF
is useful when recoverable local and cross-target resid-
ual structure remains after marginal fitting, but it is not
intended as a universally dominant multi-output regres-
sion model.
Future work should include larger real multi-output
datasets with varied target-correlation structures, fur-
ther nonlinear and heteroscedastic simulation designs,
target-standardized and correlation-based residual cor-
rections, alternative distance metrics for residual neigh-
borhoods, regularized covariance estimation, and scal-
able nearest-neighbor search.
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