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A Study on Prediction Intervals Produced Using Quantile Regression Forest
With and Without Variable Selection

Megawati1, Bagus Sartono1,∗, Sachnaz Desta Oktarina1

1School of Data Science, Mathematics and Informatics, IPB University, Bogor 16680, Indonesia

ABSTRACT. Quantile Regression Forest (QRF) is a method that utilizes the random forest algorithm to estimate the
conditional distribution of response variables and form quantile prediction intervals. However, when there is a high
correlation between covariates, QRF performance may decrease due to the multicollinearity effect, thereby reducing
the accuracy of the prediction interval for the target variable. In linear models, multicollinearity must be addressed
because it can cause large variances. This study contributes to enhancing the reliability of prediction intervals in
correlated data through the integration of adaptive-LASSO with QRF. Specifically, it examines the role of variable
selection by the adaptive LASSO method on the performance of the QRF prediction interval in the simulated data, and
the best model obtained in the study is then applied to predict the interval in the productivity data of oil palm fresh
fruit bunches. The results of the study show that variable selection is proven to produce coverage close to the target
prediction interval. In addition, the QRF model with variable selection applied to the productivity data of oil palm
fresh fruit bunches produces a good prediction interval.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of EULER: Department of Mathematics,
Universitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction
Machine learning-based prediction algorithms are widely

used for decision-making. However, the resulting predictions are
often accompanied by uncertainties that need to be considered.
Quantile regression (QR) addresses this issue by estimating not
only central values, such as the mean or median, but also other
quantiles of the response variable, including lower and upper
bounds. This flexibility allows researchers to analyze how covari-
ates influence the entire distribution of outcomes [1]. However,
because QR is a linear method, its performance can be compro-
mised when assumptions, such as the absence of multicollinear-
ity, are violated.

Multicollinearity can destabilize QR estimates, particularly
at extreme quantiles [2]. To address this limitation, Meinshausen
[3] proposed the non-linear quantile regression forest (QRF),
which extends random forest (RF) to estimate conditional quan-
tiles. QRF retains all observations in each tree node, enabling ac-
curate quantile estimation and reliable prediction intervals. Pre-
diction intervals provide informative ranges rather than point es-
timates, reflecting uncertainty [4]. The width of the hose reflects
the accuracy of the estimate and how likely it is that the hose can
cover the actual parameters [5].

QRF estimates depend on predictor variables, high corre-
lations among predictors can increase uncertainty. Very high
correlations may lead to multicollinearity, which inflates error
variance and widens prediction intervals [6, 7]. Despite this,
QRF can identify the most influential variables by filtering out
highly correlated predictors, for example, those with correlations
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above [8]. On the other hand [9], the integration of non-linear
modeling with adaptive-LASSO regularization yields parameter
estimates and covariance matrices that demonstrate asymptotic
consistency, Asrirawan et al. [6] highlighting the importance of
careful variable selection. As a nonparametric ensemble method
based on decision trees, QRF’s primary strength lies in its robust-
ness to heteroskedasticity, autocorrelation, and model misspec-
ification [10].

This study investigates the role of variable selection using
the adaptive-LASSO method on the performance of QRF predic-
tion intervals using simulated data, then the best model obtained
in the study will be applied to predict the interval in the produc-
tivity data of oil palm fresh fruit bunches. Palm oil is an agri-
cultural commodity with high economic value and plays a role
in supporting food security. In recent years, palm oil has also
been recognized as one of the most promising renewable energy
sources [11–13]. Firdawanti et al. [14] the presence of free vari-
ables that are suspected to have an effect at different times on
oil palm production or there is a lagged effect.

Previous studies have not systematically examined how
predictor correlations affect QRF prediction intervals, nor com-
pared QRF with and without adaptive-LASSO variable selection
across multiple confidence levels. This study addresses these
gaps through a simulation varying predictor correlations and
evaluating coverage rates at 90%, 95%, and 99%. Therefore, this
study aims to: (1) evaluate the role of variable selection on the
performance of the hose estimator produced by QRF. Answered
using a simulation study involving generated data, (2) implement-
ing the QRF approach in obtaining a prediction interval for palm
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Table 1. List of study variables

Code Variable Type Code Variable Type
y Productivity Numerical x10 MOP Fertilizer Numerical
x1 Rainy days Numerical x11 HGFB Fertilizer Numerical
x2 Rainfall Numerical x12 CuSO4 Fertilizer Numerical
x3 Sunlight duration Numerical x13 Dolomite Fertilizer Numerical
x4 Air temperature Numerical x14 Status Categorical
x5 Plant age Numerical x15 Land type Categorical
x6 Land area Numerical x16 Topography Categorical
x7 Plant density Numerical x17 Varieties Categorical
x8 NPK Fertilizer Numerical x18 Soil type Categorical
x9 Urea Fertilizer Numerical

oil FFB productivity. The best method is one that provides a cov-
erage rate equal to the confidence interval.

2. Methods
2.1. Research Design and Tools

This computational study employed secondary data ob-
tained from an Indonesian oil palm company, comprising 13 cat-
egorical and 5 numerical variables observed from January 2019
to September 2023. The analysis was conducted using R Studio
4.2.2, utilizing the quantregForest package for QRF modeling and
theglmnet package for adaptive-LASSO variable selection. This
study employs both simulated and empirical datasets.

2.2. Simulation Study Procedure
The simulation study serves to establish the foundational

model and algorithm for subsequent analyses. The simulated
data analysis will be conducted according to the following proce-
dure:
1. Set the correlation matrix values to 0.1 (low correlation), 0.5
(moderate correlation), and 0.9 (high correlation).

2. Specify the sample size as n=70.000.
3. Generate 15 numerical predictor variables from a multivari-
ate normal distribution X ∼ MN (0,Σ)

4. Generate 5 categorical predictor variables as follows:
a. Generate 5 numerical variables from amultivariate nor-
mal distribution X ∼ MN (0,Σ).

b. Determine the first quartileQ1 and secondQ2 of each
generated variable

c. Categorize each variable into three categories, de-
noted as A, B, and C, according to the following cri-
teria: category A data value ≤ Q1, category B Q1 <
data value ≤ Q2, category C data value > Q2

5. Set the vector of parameters β = (β1, β2, . . . , β11).
The relationship between the numerical predictor Xi and
the response Y is assumed to be nonlinear in the form of
a stepwise function, where each Xi is divided into 11 seg-
ments based on its decile values.

6. Generate ε ∼ N (0, 1).
7. Generate the response model Y according to the equation:

Y =

15∑
i=1

(
11∑
j=1

βij(Qij ≤ Xi ≤ Qi,j+1

)

+

20∑
i=16

(
3∑

j=1

βij(Qij = Xi

)
+ ε,

where: βij is the regression parameter for the i-th variable
in the j-th segment, Xi is the i-th predictor variable, and
Qij is the i-th predictor’s j-th decile value.

8. Data Preparation for QRF modeling.
a. Scenario 1 – Complete data without variable selection.
All simulated data were used in the analysis, and 24
lags were created for the last five numerical variables.

b. Scenario 2 – Data after variable selection using
adaptive-LASSO.
i. Adaptive-LASSO was applied to estimate the
model and obtain the selected variables with
adaptive weights for each predictor. Adaptive
weights were calculated for each predictor

ii. Create 24 lags for the last five numerical variables
If any of the selected variables are among these
five numerical variables, no lag is created for those
variables.

9. QRF modelling.
a. Build QRF prediction models using two approaches:
without variable selection and with variable selection
(adaptive-LASSO).

b. Determine conditional quantile predictions τ =
(0.005, 0.025, 0.05, 0.5, 0.95, 0.975, 0.995).

c. Define prediction intervals with 90%, 95% and 99% con-
fidence levels.

10. Calculate the coverage rate for each generated prediction
interval.

11. Repeat steps 1–10 100 times to assess the consistency of
the model in generating prediction intervals.

12. Evaluate the performance of the best QRF model, with and
without variable selection, for subsequent prediction inter-
val analysis on empirical data.

Note: the QRF model was constructed based on the RF parameters with
ntree = 250 and nodesize values ranging from 5 to 50, selected accord-
ing to the smallest RMSE without repetition.

2.3. Implementation Methodology of Oil Palm FFB Prediction
Intervals

The data used in this study are secondary data with pro-
ductivity of fresh fruit bunch (FFB) as the response variable and
18 predictor variables. The list of variables is shown in Table 1.

Several constraints complicate the modeling and forecast-
ing of oil palm production. One significant challenge is the sus-
pected variability in predictor variables, where different factors
may influence production at differing time intervals (lag effects).
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(a) (b)

(c)

Figure 1. Correlation matrix between predictor variables in the simulation data in three scenarios, namely (a) low correlation scenario; (b)
medium correlation scenario; (c) high correlation scenarios. Data were generated through simulation as described in Section 3.1

The analysis follows these steps:

1. Data standardization is performed to ensure that the vari-
ables have the same value range.

2. Data exploration is conducted to observe the overall data
patterns.

3. Analysis is carried out based on the best model obtained
from the simulation study.
a. Train the QRF model (with or without variable selec-
tion), as done in Steps 8–10 of the simulation phase.

b. Interpret the QRF model based on the prediction in-
tervals and coverage rates to evaluate the adequacy of
the desired confidence levels.

3. Results and Discussion
3.1. Simulation Study

The simulation model was constructed using data consist-
ing of 10 scenarios, as described in the methodology section.
The data were designed by considering the correlation levels
among predictor variables. Each scenario represents different
inter-variable relationships to assess the method’s performance
under varying degrees of multicollinearity. Figure 1 presents the
correlation matrices for the three correlation scenarios.

The increasing correlation among variables is indicated by
the darker shades in the correlation matrix. Furthermore, the re-
lationship between variables X and Y is designed in a non-linear
form to reflect the complexity that may be encountered in empir-
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Figure 2. Piecewise relationship patterns between the response variable and the predictor variable X1. Data were simulated to reflect
non-linear relationships commonly found in empirical datasets

Table 2. Average QRF coverage rate (90% prediction interval) in low, medium, high correlation scenarios, with and without variable
selection

Correlation Coverage rate without selection (%) Coverage rate with selection (%) p-value
0.1 94.5 92.8 0.00
0.5 93.8 91.9 0.00
0.9 92.2 90.1 0.00

Significant at 5% significance level (Wilcoxon signed-rank test)

Table 3. The average QRF coverage rate (95% prediction interval) in low, medium, high, and contrast tests between and without variable
selection

Correlation Coverage rate without selection (%) Coverage rate with selection (%) p-value
0.1 96.6 95.5 0.00
0.5 96.2 94.9 0.00
0.9 94.9 93.3 0.00

Significant at 5% significance level (Wilcoxon signed-rank test)

ical data. All numerical variables are simulated to follow a piece-
wise relationship pattern, as illustrated in Figure 2.

Figure 2 exhibits a piecewise regression or nonlinear pat-
tern. This pattern arises because, during the model construc-
tion process, the data are divided into several categories based
on specific deciles. Prior to implementing the QRF method, the
model was developed using the parameters of the RF model by
setting a fixed value of ntree (in this simulation study, ntree
= 250) and varying the nodesize. The optimal parameter was
subsequently determined by identifying the nodesize value that
yielded the smallest root mean square error (RMSE). Figure 3
shows the results of the RMSE obtained for both scenarios (with
and without variable selection) at each correlation.

Optimization of RF parameters shows that at a correlation
of 0.1, the smallest RMSE without variable selection was found at
nodesize 26, while with variable selection, the smallest RMSEwas
obtained at nodesize 7. At a correlation of 0.5, the smallest RMSE
without variable selection occurred at nodesize 22, whereas with
variable selection, the smallest RMSE was found at nodesize 5.
Meanwhile, at a correlation of 0.9, the smallest RMSE without
variable selection was achieved at nodesize 8, while with variable
selection, the smallest RMSE occurred at nodesize 10.

The obtained optimal parameters were applied to the QRF

model to analyze prediction intervals involving 20 predictor vari-
ables. In the simulation without variable selection, 5 predictor
variables were designed to have 24 lag effects for each correla-
tion level (0.1, 0.5, and 0.9), specifically predictors 11 to 15, re-
sulting in a total of 135 variables. The complete set of variables
includes 10 numerical variables, 5 categorical variables, and 120
lag effect variables. On the other hand, in the simulation with
variable selection using the adaptive-LASSO method, the num-
ber of consistently selected variables at each correlation level was
observed.

Under the scenario with a correlation of 0.1, 14 variables
were consistently selected in 98 repetitions, while 12 and 15 vari-
ables were selected only once. At a correlation of 0.5, 9 variables
were selected in 99 repetitions, whereas 10 other variables ap-
peared only once. At a correlation of 0.9, the number of selected
variables was more varied, with combinations of 12, 11, 10, and
13 variables selected in 40, 37, 13, and 10 repetitions, respec-
tively. The QRF prediction interval analysis also considered the
lag effects on the five selected predictor variables. Variables that
were not selected were excluded from lag formation.

The determination of the best approach between variable
selection and no variable selection—was conducted through
hypothesis testing on the average coverage rate to determine
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(a) (b)

(c) (d)

(e) (f)

Figure 3. RMSE values based on the parameters ntree = 250 and nodesize = 5 to 50. (a) low correlation scenario without variable
selection; (b) low correlation scenario with variable selection; (c) medium correlation scenario without variable selection; (d)
medium correlation scenario with variable selection; (e) high correlation scenario without variable selection; (f) high correlation
scenario with variable selection

Table 4. Average QRF coverage rate (99% prediction interval) in low, medium, high correlation scenarios, with and without variable
selection

Correlation Coverage rate without selection (%) Coverage rate with selection (%) p-value
0.1 97.5 96.6 0.00
0.5 97.1 96.0 0.00
0.9 96.0 94.8 0.00

Significant at 5% significance level (Wilcoxon signed-rank test)

whether there was a significant difference between the two
methods. The hypotheses tested were as follows:
H0: there is no significant difference in coverage rate between
variable selection and no variable selection.
H1: there is a significant difference in coverage rate between
variable selection and no variable selection.

The decision was made with a 95% confidence level. If the
p-value > α(α = 0.05), then H0 is not rejected, meaning there
is no significant difference between the average coverage rates
of the selection and no-selection methods. Conversely, if the p-
value≤ α, thenH0 is rejected, indicating a significant difference

EULER | J. Ilm. Mat. Sains dan Teknol. Volume 13 | Issue 3 | Dec. 2025
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between the two methods in producing coverage rates. The eval-
uation of the QRF model in generating 90%, 95%, and 99% predic-
tion intervals is presented in Table 2–Table 4.

Table 2–Table 4 show that the average coverage rate de-
creases as the correlation increases, both with and without vari-
able selection. For the 90% and 95% prediction intervals, this de-
cline aligns with expectations as it approaches the target cover-
age rate. However, for the 99% prediction interval, the decrease
moves further away from the desired target coverage rate. The
probability values at all prediction interval levels are 0.00, mean-
ing the p-value< 5%. The application of the best model to empir-
ical data heavily depends on the correlation between variables,
making correlation exploration a crucial step.

3.2. Empirical Data Analysis
The empirical study was conducted using palm oil FFB pro-

ductivity data obtained from a private palm oil company in In-
donesia. The empirical data shares similarities with the simu-
lation outline: it is predominantly numerical rather than cate-
gorical, exhibits a non-linear pattern, and contains variables with
lag effects. The approach for selecting the optimal model for
the empirical data involved examining inter-variable correlations
and aligning these with the outcomes from the six previously ob-
tained simulation scenarios.

3.2.1. Data Exploration
FFB (Fresh Fruit Bunch) productivity data of oil palm was

observed monthly across 1.169 distinct blocks from January 2019
to September 2023, with a total land area of 33,367.45 hectares.
The palm oil FFB data to be used contains mixed-type variables,
encompassing both numerical and categorical data.

The response variable in this study is palm oil production,
observed from January 2019 to September 2023. Figure 4 dis-
plays a boxplot of the response variable, namely monthly FFB
productivity (tonnes/ha). Based on the figure, it is evident that
the empirical data exhibits a fluctuating pattern.

Figure 4. Oil palm FFB productivity over a 57-month period

Figure 4 shows that the productivity of palm oil FFB in-
creased from the beginning to the middle of the year. This in-
crease is likely influenced by optimal growth conditions after the
recovery phase at the end of the previous year. After reaching its
peak, productivity tends to fluctuate. This means the highly var-
ied age of the plants also indicates that somemay have surpassed
their peak productive period, as illustrated in Figure 5.

Figure 5 shows that palm oil FFB (Fresh Fruit Bunch) produc-
tivity becomes evident at 3 years of age and continues to increase
with plantation age. Upon reaching 16 years, most productivity

Figure 5. Oil palm FFB productivity by plant age

levels tend not to show significant further increases. According
to the findings of [15] The age range of 15-25 years represents a
declining yield phase as the frond production rate and number of
fruit bunches begin to decrease. This condition can be caused by
various factors, one of which is the rainfall factor as in Figure 6.

Figure 6. Relationship between FFB productivity and rainfall
level

Climate change, particularly unpredictable rainfall pat-
terns, causes a significant decline in palm oil yields. Conse-
quently, supply is disrupted, and crude palm oil prices fluctuate
[16]. Figure 6 reveals that the relationship between rainfall and
oil palm FFB productivity is non-linear. Productivity does not con-
sistently increase with higher rainfall but instead exhibits fluc-
tuating patterns across different categories. This suggests that
rainfall has an indirect influence and likely interacts with other
factors in affecting productivity. The next step involves analysing
the correlation among numerical predictor variables to enhance
the performance of the QRF model. Based on Figure 7, the high-
est correlation between predictor variables is recorded at 0.7,
while most variables show relatively low correlations. The NPK
fertilizer variable has a moderately strong negative correlation
with HGFB fertilizer, with a correlation coefficient of -0.4. Only a
few variables exhibit correlations above 0.5, whereas the major-
ity demonstrate weak relationships with one another.

These findings show that palm oil FFB data have a relatively
low correlation between predictor variables. Under these condi-
tions, the simulation results show that variable selection is im-
portant to improve the performance of the predictionmodel. The
findings of this simulation are consistent with those reported by
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Figure 7. Correlation matrix among the predictor variables

[6], indicating that even when the data exhibit low correlations
among predictor variables, the QRF method still produces nar-
rower coverage rates compared to models without variable se-
lection.

3.2.2. Variable Selection using adaptive-LASSO and Lagged
Transformation

Variable selection involved 13 numerical variables and 5
categorical variables, which were transformed into dummy vari-
ables. If the selected dummy categories exceeded 50%, the cor-
responding variable was included in the model analysis. From
the selection of 18 variables using the adaptive-LASSOmethod, 7
variables were selected, and 2 additional selected variables were
expanded into 24 lags. As a result, the total number of variables
used in the QRF analysis was 55 variables.

Lag variable construction was applied to predictor variables
that have time-dependent effects, such as rainfall, number of
rainy days, temperature, and duration of sunlight exposure, with
lags ranging from 1 to 24. In addition to weather factors, fertil-
ization also has an indirect effect on oil palm FFB production. The
types of fertilizers used include NPK, Urea, HGFB, CuSO4,
and Dolomite. The available data for all types of fertilizers are
annual, so the lag variable constructed for each type of fertilizer
was limited to lag 24. The lag added for each fertilizer represents
a cumulative effect over two years; therefore, lags 1 to 24, as used
for other variables, could not be applied. The selected variables

and the lag variable construction are presented in Table 5.

Table 5. Selected variables and lag variable list

Selected Variables
9 Plant density, Plant age, Soil type order, MOP fertilizer

HGFB fertilizer, CuSO4 fertilizer, Rainfall, Rainy days
Lag Variables
1 - 24 Rainfall, Rainy days
24 MOP fertilizer, HGFB fertilizer, CuSO4 fertilizer

Variables that exhibit time-dependent effects but were not
selected will not be included in lag formation. Additionally, there
are three categorical variables for which more than 50% of their
dummy variables were not selected.

3.2.3. Variable Selection using adaptive-LASSO and Lagged
Transformation

This analysis aims to compare model performance in gen-
erating accurate and reliable prediction intervals. Quantile pre-
dictions are computed at multiple τ values to obtain the range
of predicted values. Subsequently, prediction intervals are con-
structed at 90%, 95%, and 99% confidence levels, with coverage
rates calculated for each interval as part of model evaluation. Fig-
ure 8 presents the coverage rate results for productivity predic-
tion intervals of the Socfindo variety.
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Figure 8. Overage rate of productivity prediction interval of Socfindo variety

(a) (b)

(c)

Figure 9. Prediction intervals of FFB productivity for 250 observations randomly selected from Socfindo variety: (a) 90% prediction
intervals have coverage rate of 90.8%; (b) 95% prediction intervals have coverage rate of 95.1%; (c) 99% prediction intervals have
coverage rate of 97.9%

Figure 8 demonstrates that the prediction intervals gener-
ated by QRF exhibit good coverage rates across nearly all va-
rieties. This indicates that the model reliably produces accu-
rate prediction intervals for different types of oil palm cultivars.
Among the varieties, Socfindo and PPKS show particularly strong

coverage rate results compared to others, while Topaz and Dami-
mas perform less optimally, yielding higher coverage rates than
the expected prediction intervals. Figure 9 provides a detailed
plot of the socfindo variety across different prediction interval
levels.
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The green points indicate locations that fall within the pre-
diction interval, while the red points indicate locations outside
the interval. Overall, as the confidence level increases, the pre-
diction interval becomes wider, which in turn increases the cover-
age rate. The model tends to provide more conservative predic-
tions at higher confidence levels, leading to a higher probability
that the actual values fall within the prediction interval. Figure 9
which shows the 95% prediction interval, demonstrates the best
performance as its coverage rate precisely meets the target. At
the 90% confidence level, the coverage rate is slightly higher than
expected, indicating a more conservative model. At the 99% con-
fidence level, although the coverage rate is considerably high, the
excessively wide prediction interval may reduce the interpretabil-
ity and practical usefulness of the predictions.

4. Conclusion
This study demonstrates that the application of variable

selection significantly affects the performance of QRF predic-
tion intervals, with notable differences between models with
and without variable selection across all prediction interval lev-
els (90%, 95%, and 99%). Simulation results indicate that the deci-
sion to apply variable selection depends on the correlation level
among predictors, with variable selection recommended for low-
correlation datasets to achieve coverage rates closer to the tar-
get.

For oil palm FFB productivity data, where most predictors
exhibit low correlation, QRF was applied with variable selec-
tion, producing prediction intervals with satisfactory coverage
for nearly all varieties. Specifically, Socfindo and PPKS cultivars
achieved coverage rates near the expected levels, while Topaz
and Damimas produced slightly wider intervals. These findings
highlight that applying variable selection according to the empir-
ical characteristics of the data can improve prediction accuracy
and support more reliable decision-making in oil palm plantation
management.
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