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ABSTRACT 
Forecasting systems have a long tradition in providing outputs accompanied by explanations. While the vast majority of such 
explanations relies on inherently interpretable linear statistical models, research has put forth eXplainable Artificial Intelligence 
(XAI) methods to improve the comprehensibility of nonlinear machine learning models. As explanations related to forecasts 
constitute important building blocks in forecasting systems, the validation of explainer methods is an essential part of system 
selection, parameterization, and adoption. Current research on explainer method assessment focuses on metrics for classification 
rather than numerical forecasting and predominantly assesses explanation quality within time-consuming, costly, and subjec-
tive studies involving humans. Given that the functional validation of explanations is of core interest to research on forecasting, 
our paper makes three contributions: First, we establish an approach for functionally grounded validations of explainer methods 
for numerical forecasting. Second, we propose computational rules for the metrics consistency, stability, and faithfulness. Third, 
we demonstrate our approach for the forecasting case of electricity demand estimation for energy benchmarks and compare a 
linear statistical approach with the state-of-the-art XAI methods SHapley Additive exPlanations (SHAP), Local Interpretable 
Model-agnostic Explanations (LIME), and Explainable Boosting Machine (EBM). Our work allows research and practice to val-
idate and compare the quality of explainer methods on a functionally grounded level. 

1 | Introduction 

Decision-making is a process of constant information gather-
ing (Aspers 2018). To facilitate this activity, companies employ 
forecasting systems to foster more informed business decisions 
(Doszyń 2019). Through recent developments in the area of ma-
chine learning (ML), such systems have made strong advances 
by employing ML applications, for example, in the area of sales 
(De Castro Moraes et al. 2024; Theising et al. 2023), finance (Liu 
et al. 2023; Zhang et al. 2024), and demand planning (Ducharme 
et al. 2024; Roach et al. 2021). As corporate decisions are usually 

made in complex environments, forecasts are only one source 
of information. In particular, explanations related to forecasts 
promise significant benefits for decision-makers, as they provide 
further insights on model outputs. Indeed, numerous scholars 
show that explanations alongside forecasts can support decision-
making by improving decision performance (Bansal et al. 2021; 
Lai et al. 2020), trust (Yeomans et al. 2019), and the acceptance 
of machine-generated advice (Önkal et al. 2009). In response to 
the importance of explanations for decision-making processes, 
research has long been investigating how to effectively embed 
explanations in forecasting systems (Gregor and Benbasat 1999). 

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited. 

© 2025 The Author(s). Journal of Forecasting published by John Wiley & Sons Ltd. 

https://doi.org/10.1002/for.70060
https://doi.org/10.1002/for.70060
mailto:felix.haag@uni-bamberg.de
https://orcid.org/0000-0002-5452-0672
mailto:felix.haag@uni-bamberg.de
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1002%2Ffor.70060&domain=pdf&date_stamp=2025-10-29


820 Journal of Forecasting, 2026 

 1099131x, 2026, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.70060 by U

niversitatsbibliothek B
am

berg, W
iley O

nline Library on [12/02/2026]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License

 
 
 
 

   
 

   
 
 

 
 
 
 
 
 

 
 
 

   
 

  

 

 
  

 

 

 
 

   
 

  

  
 

 

 

  
  

 

   

  

 

      

      

 

  

 

The vast majority of the established explainer methods rely on 
linear models (Fischer et al. 2016; Peters 2001). Due to their 
inherent interpretability, linear models are common in many 
areas of statistics and explanatory data analysis (Shmueli and 
Koppius 2011). Yet, linear models frequently suffer from low 
model fit, which can result in low predictive performance 
(Breiman 2001; James et al. 2013; Shmueli 2010). To overcome 
the limited predictive power of linear models, ML—one of the 
core technologies of artificial intelligence—finds increasing 
use within forecasting systems (Zhang et al. 2023). ML algo-
rithms can estimate nonlinear relationships and are proven 
to work reliably with large amounts of business data (Chen 
et al. 2024; Jiang and Zheng 2022). However, resulting complex 
ML models, such as neural networks with numerous layers 
(known as deep learning methods), are composed of complex 
structures, making it difficult to explain why a model makes 
a certain decision. Complex ML models are therefore also re-
ferred to as “black boxes” (Adadi and Berrada 2018; Guidotti 
et al. 2018) and come along with issues regarding transparency, 
auditability, and accountability (Liu et  al.  2024). Motivated 
by this accuracy-interpretability trade-off, research has put 
forth eXplainable Artificial Intelligence (XAI) techniques 
that translate patterns discovered by ML into human-readable 
form (Adadi and Berrada  2018; Barredo Arrieta et  al.  2020; 
Bauer et  al.  2021). Although research on the explainability 
of forecasts dates back to the 1980s (Swartout  1983), the in-
creasing complexity of recent ML models recently made XAI 
a very active field of research (Barredo Arrieta et al. 2020; Liu 
et al. 2023). In addition to XAI techniques that explain com-
plex (black-box) ML models post hoc (Lundberg et al. 2020), 
recent research has put forth models that come with compa-
rably high predictive power but also possess capabilities to 
explain their outputs (Kraus et al. 2023). Consequently, fore-
casting research has applied XAI methods in various cases 
employing multiple categories of methods (Lim et al. 2021; Liu 
et al. 2023; Wu et al. 2024). 

So far, many studies that apply XAI methods evaluate the ex-
planations generated, for example, in terms of user perception, 
trust, and acceptance (Gregor and Benbasat  1999; Shin  2021). 
Beyond these rather cost-intensive and subjective application-
and user-oriented evaluations, the validation of information 
systems and their components (e.g., a forecasting engine) is 
necessary for “checking of the appropriateness of the system for 
the purpose for which it is being used.” (Finlay 1994, 209). In 
the same vein, XAI research employs three levels of explainer 
method assessment: (i) human- and (ii) application-grounded 
evaluations (both involving human subjects), and (iii) func-
tionally grounded validations, whereas validation equates to 
an assessment using proxy tasks as a precondition for modeling 
real-world relationships in data (Doshi-Velez and Kim  2017). 
Functional-grounded validation is a fundamental step in the sci-
entific and effective development of computerized systems. The 
aim is to prove that the forecasting model has identified suitable 
underlying relationships that reflect the real world in a partic-
ular domain (Borenstein 1998; O'Leary 1987). From a practical 
perspective, functional validation is repeatable without the need 
to recruit potentially biased study participants. It can also be 
performed with uncritical test data sets, as may be required, for 
example, in the selection of explainer methods (Doshi-Velez and 
Kim 2017). 

Current research on explainer method validations focuses on 
metrics for classification tasks rather than numerical forecasting 
tasks (e.g., Velmurugan et al. 2021a; Schlegel et al. 2019) and ei-
ther on XAI (e.g., Alvarez Melis and Jaakkola 2018; Velmurugan 
et al. 2021b) or inherently interpretable linear statistical method 
validation (e.g., Mészáros and Rapcsák  1996). Given that ex-
planations alongside numeric forecasts are of core interest for 
research on forecasting systems, our paper makes three main 
contributions: First, we establish an approach for functionally 
grounded validations and comparisons of explainer methods for 
numerical forecasting. Second, we use the already conceptually 
defined metrics model fit, consistency, stability, and faithful-
ness (Robnik-Šikonja and Bohanec 2018) and propose concrete 
computational rules for these metrics focusing on numerical 
forecasting—so far, such rules are only known for classifica-
tion tasks (e.g., Schlegel et al. 2019; Velmurugan et al. 2021b). 
Third, our approach allows for the validation and comparison of 
explainer methods across various categories of methodological 
approaches (e.g., linear statistical, XAI, and white-box explainer 
methods). We demonstrate our approach using a forecasting 
case in which several categories of explainer methods are com-
mon to derive influencing factors, namely energy benchmarking 
(Arjunan et al. 2020; Huebner et al. 2015). In this demonstra-
tion, we compare a linear statistical approach using multiple 
linear regression (MLR) with the state-of-the-art XAI methods 
SHapley Additive exPlanations (SHAP), Local Interpretable 
Model-agnostic Explanations (LIME), and the white-box ap-
proach Explainable Boosting Machine (EBM). Our work allows 
research and practice to validate and compare the goodness of 
explainer methods within forecasting systems on a functionally 
grounded level beyond rather costly and subjective evaluations 
involving human subjects. More specifically, the results of our 
work provide researchers and system developers with an instru-
ment with which they can validate and qualify explanations in 
forecasts for practical use. Such an instrument is essential for a 
meaningful integration of forecasting systems into a decision-
making environment. 

2 | Background 

Our approach draws on literature regarding forecasting systems, 
XAI, and explainer methods as well as their evaluation and val-
idation. In the following sections, we review the literature of the 
related research domains. 

2.1 | Characteristics of Explainer Methods 

Given the wide range of explainer methods (Lundberg and 
Lee 2017; Moreira et al. 2021; Ribeiro et al. 2016), literature has 
put forth several characteristics to categorize XAI techniques 
(Adadi and Berrada  2018; Barredo Arrieta et  al.  2020; Meske 
et al. 2020). We summarize four of such characteristics that are 
relevant for our work. The first characteristic differentiates be-
tween post hoc and intrinsic interpretable methods (Rai 2020). It 
describes whether a forecasting model needs any additional pro-
cedures to enable human interpretability. Methods that explain 
an already trained model, for example, by permuting feature val-
ues and presenting their influence on the forecast in a human-
readable way, are referred to as post hoc methods. In contrast, 
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intrinsic approaches are considered interpretable by design (e.g., 
linear regression) due to their simplicity and because they do not 
require any further methods to increase the tractability of model 
decisions. The second characteristic distinguishes between 
model-agnostic and model-specific explainers. Model-agnostic 
methods are applicable to any model, which makes them inde-
pendent of specific model architectures or types. Model-specific 
approaches, as the name suggests, are limited to a certain class 
of algorithmic approaches (e.g., tree-based ML). Intrinsically in-
terpretable methods are considered inherently model-specific. A 
third characteristic refers to the degree of interpretability: Local 
interpretable methods have the capability to explain forecasts on 
an individual level (e.g., influence of a feature value on the pre-
dicted outcome). Thus, they allow for elaborating why a model 
has come to an individual decision in a particular case. Global 
interpretable explainer methods focus on the model as a whole 
and try to explain the overall logic and behavior that lead to all 
outcomes. A fourth characteristic considers the type of explainer 
for generating and presenting model explanations (Adadi and 
Berrada 2018): Example-based methods attempt to explain the 
model behavior using a few selected observations of the data-
set. Explanations of knowledge extraction methods focus on the 
rules of complex models (e.g., artificial neural networks) and 
try to visualize knowledge that models acquire during train-
ing. The concept of influence methods attempts to estimate the 
importance or attribution of individual features by modifying 
data or model components and observing changes in the model 
outcome. In particular, feature attribution methods, which are 
model-agnostic and often allow for both the estimation of local 
and global explanations, recently gained prominence in the 
field of influence methods and XAI in general. Two frequently 
cited approaches that match these criteria are SHAP and LIME, 
which we describe in more detail in Section 4.3. 

2.2 | Evaluation and Validation of Explainer 
Methods 

The design and development of new functionalities in forecast-
ing systems involves a thorough testing against system require-
ments, the current state-of-the-art (Phillips-Wren et  al.  2009), 
and real-world validity (Borenstein  1998). For quality tests of 
expert systems such as forecasting systems (O'Leary 1987), liter-
ature has pointed to differences between evaluation and valida-
tion. Evaluation is the process of assessing the overall benefit of 
a software system “to the users, project sponsors and ultimately 
the organization, and is generally associated with measures 

of worth and value for money” (O'Keefe and O'Leary  1993, 
5). Validation, by contrast, describes “the process of defining 
whether the model behavior represents the real world system in 
a particular problem domain” (Borenstein 1998, 227). 

Focusing on explainer method evaluation, the literature rec-
ognizes two approaches (Doshi-Velez and Kim  2017): First, 
application-grounded evaluations, relying on specific tasks in a 
particular application context and feedback from human experts 
in the field. Here, literature suggest metrics such as benefits of 
the explanation for a specific use case, persuasiveness, complete-
ness, and novelty of information provided to the application field 
to measure how humans cope with the explanations produced 
in a specific field of application (O'Keefe and O'Leary  1993; 
Schwalbe and Finzel  2023). The second approach is human-
grounded evaluations, which assess data-driven explanations 
by providing individuals with simplified tasks (e.g., laypeople 
or specific samples) in controlled lab experiments. Examples are 
the comparative evaluation of several explanation approaches 
or visualizations in survey-based experiments (Lakkaraju 
et  al.  2016; Wastensteiner et  al.  2021). For human-grounded 
evaluations, the degree of understanding, interpretability, and 
effectiveness serve as measures to evaluate the extent to which 
an explanation receiver can make sense and build a mental 
model of the explanations provided (Schwalbe and Finzel 2023). 
Both application-grounded and human-grounded evaluations 
(i.e., human-subject experiments) often follow paradigms 
from human-computer interaction research (Abdul et al. 2018; 
Antunes et al. 2008; Shin 2021) to examine a “system's ability 
to solve real-world problems in a particular problem domain” 
(O'Leary et al. 1990, 51). This research stream aims to increase 
the understanding of how humans make sense of visualizations 
(Lee et  al.  2016) and derive recommendations for visualizing 
explanations and eliciting user preferences (Hudon et al. 2021). 
Examples of such evaluations that take human judgment into 
account range from applications in healthcare (Branley-Bell 
et al. 2020) to the energy sector (Wastensteiner et al. 2021). The 
inclusion of human preferences, however, places an additional 
layer of complexity on the evaluation of explanations, which 
makes systematic analysis and comparison of explainer methods 
difficult. In addition, these approaches require implementation 
of the explainer in real-world applications or lab experiments, 
which is a time-consuming and expensive effort. 

Explainer method validation studies, conversely, focus on 
the functionality by employing scientific assessments of 
computer-based systems that are more objective (O'Keefe and 

TABLE 1 | Overview of explanation quality assessment approaches and their corresponding objectives and metrics. 

Approach Application-grounded Human-grounded Functionally grounded 

Objective Evaluation of explanations for a specific 
real-world application 

Evaluation of general notions of 
explanation quality 

Validation of explanations using 
proxy tasks 

Metrics • Benefits of the explanation (for a specific 
use case) 

• Persuasiveness 
• Completeness 
• Information novelty for application field 
• … 

• Understanding 
• Interpretability 
• Effectiveness 
• … 

• Model fit 
• Consistency 
• Stability 
• Faithfulness 
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O'Leary 1993; O'Leary et al. 1990). Similarly, Doshi-Velez and 
Kim  (2017) call for functionally grounded approaches to vali-
date XAI methods, using metrics that do not involve humans 
and address methodological properties. Metrics that belong to 
this category are, for example, model fit, consistency, stability, 
and faithfulness1 (Robnik-Šikonja and Bohanec 2018) (Table 1). 

Yet, literature has so far defined functionally grounded met-
rics widely only on a conceptual level, and recent studies that 
consider such metrics for validating and comparing explainer 
methods focus on classification rather than numerical forecast-
ing tasks (Alvarez Melis and Jaakkola 2018; Schlegel et al. 2019). 
To date, literature has mostly established clear computational 
rules for the model fit in numerical forecasting, but not for the 
metrics' faithfulness, consistency, and stability. Therefore, one 
of the objectives of our work is to formally define meaningful 
computational rules for these metrics. Without the standardized 
calculation of such metrics, “it is neither clear for all these prop-
erties how to measure them correctly nor how useful they are to 
specific use cases, so one of the challenges is to formalize how 
they could be calculated” (Carvalho et al. 2019, 16–17). 

3 | FEXVAL: Functionally Grounded EXplanation 
VALidation Approach for Numerical Forecasting 

In response to the lack of clearly described procedures for the 
functionally grounded validation of explanations, we establish 
FEXVAL as an approach that allows for the validation of quanti-
tative feature-attribution explainer methods for numerical fore-
casting. Our approach is suitable to validate and compare two or 
more explainer methods and helps forecasting system develop-
ers select a suitable method without costly evaluations involving 
human subjects. For this purpose, FEXVAL uses four metrics 
that are defined by current literature and do belong to the cate-
gory of functionally grounded validations (Table 1). 

Figure  1 outlines the procedure for validating and compar-
ing explainer methods in five steps. The first step involves a 
method-independent data preprocessing, which includes the 
partitioning of the data into a training and a test set. The sub-
sequent Steps 2–4 are then performed individually for each 
method under consideration. In the second step, the forecast-
ing model undergoes training and then an assessment using 
the test data and the metric model fit (i). Although this step 
assesses the model's forecasting quality rather than the ex-
planations themselves, it serves as an initial measure for 
explanation validation. This procedure is grounded in prior 
research, which suggests that models with high predictive 
accuracy are likely to produce higher-quality explanations
(Štrumbelj et al. 2009). The third step focuses on generating 
explanations for the forecasting model. For black-box models, 
this requires applying a corresponding post hoc method, such 
as LIME or SHAP. White-box models, on the other hand, do 
not require this additional procedure due to their inherent 
interpretability. To ensure the comparability of explanations 
across different methods, it may be necessary to adjust the 
output accordingly (see, e.g., Section 4.3.3). In the fourth step, 
the explanatory output is further validated using the metrics 
of consistency (ii), stability (iii), and faithfulness (iv). When an 
explainer method performs well in one metric but poorly in 

another, FEXVAL provides an optional approach for calculat-
ing a weighted trade-off. This allows for the selection of an 
appropriate explainer method tailored to the specific needs 
of the forecasting system in step five. We describe the func-
tionally grounded metrics and trade-off calculation in more 
detail below. 

3.1 | Model fit 

In general, we can accept a model that is capable of explaining 
its outputs (i.e., through inherent interpretability or a post hoc 
explainer method) but has a low model fit and thus low pre-
dictive performance (Molnar  2019; Shmueli  2010). Empirical 
studies, however, demonstrate that forecasting models with a 
higher predictive performance also allow for better explanations 
(Štrumbelj et al. 2009). This is due to the possibility that explana-
tions based on predictions of an under-fitted or over-fitted model 
might lead to spurious (real-world) conclusions. We therefore 
argue that model fit is a necessary but not sufficient criterion 
for judging the quality of explainer methods related to forecasts. 

We consider model fit to describe how well an (underlying) ex-
planation prediction method can predict and thus can generalize 
on yet unseen observations (Robnik-Šikonja and Bohanec 2018; 
Štrumbelj et al. 2009). To measure model fit, we propose relying 
on established and well-known numerical forecasting quality 
measures (Table 2). Given that all measures show weaknesses in 
various aspects (see, e.g., Armstrong and Collopy 1992; Kim and 
Kim 2016), we suggest the following, depending on the use case: 
R2 serves for a baseline assessment of model fit and overall main 
criterion, as it is a measure that describes the proportion of the 
explained variance in the target variable and is thus an indicator 
for model fit. If isolated substantial deviations from the actual 
value are costly, the RMSE can serve as a suitable criterion. If 
overall high performance is important (i.e., isolated substantial 
deviations are negligible), MAE and MAPE are more appropri-
ate metrics to focus on. For more details on model fit and nu-
merical forecasting error metrics, we refer to Hastie et al. (2009). 

3.2 | Consistency 

In the literature, the metric consistency has already been con-
ceptually described as the extent to which different forecasting 
models lead to similar explanations when given the same data 
(Robnik-Šikonja and Bohanec 2018). While the forecasts of mod-
els trained on the same data may be similar, the explanations 
may vary. This can be due to a different weighting of the features 
by the model or a different way in which the explainer method 
obtains explanations. Beneath consistency lies the assumption 
that consistent explainer methods produce more robust and 
meaningful results (Molnar 2019). However, measuring consis-
tency between explanations of various methods and models can 
be difficult due to the different features used by the (underlying) 
models (Molnar 2019). 

We propose to assess consistency for a single explainer method 
by using a measure of reliability akin to stability, namely 
internal consistency. Employing internal consistency (hereaf-
ter also referred to as consistency) allows for assessing if an 
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FIGURE 1 | Illustration of the FEXVAL approach to validate and compare explainer methods. 

explainer method yields similar feature attributions in vari- folds. We base consistency on a nonparametric Fligner-Killeen 
ous subsamples comprising observations that are uniformly test (Fligner and Killeen 1976). We use the test to assess the 
distributed according to the target variable. In other words, difference of variances between folds, as the resulting expla-
the analysis relies on the assumption that repeatedly drawing nation values (i.e., feature attributions) might be nonnormally 
subsamples from an entire sample that are equally distributed distributed. The Fligner–Killeen test calculates as follows for 
with respect to their target variable should lead to consistent the feature j: 
explanations because the observations are to some extent in-

� �2∑kherently similar. We instantiate the measure by considering k ni Ai −ai=1
˜2 = , (5) stratified folds and examining whether the explanations are j V 

consistent between folds. We define a method to be internally 
consistent for the respective feature if it assigns similar fea- where ni denotes the size of the ith fold, Ai the arithmetic mean 
ture attributions that lead to a nonsignificant difference (i.e., of normalized ranked values of the fold i, a the arithmetic mean 
homogeneous or consistent variances) in attributions between of normalized values across all folds k, and V  the variance of 
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TABLE 2 | Model fit measures. 

Error metric Description Formulaa 

∑N 2R2 Relative proportion of the variance in the target (ỹi−y)i=1 
∑N 2 (1) 

variable that the predictor variables explain. i=1 (yi−y)

 ˜ yi − yi 
∑N1Mean absolute error (MAE) Average absolute deviation of the    (2) 

i=1Npredicted from the actual value. 

Mean absolute percentage error (MAPE) Average absolute percentage deviation of the 100 % ∑N    
ỹi − yi 
yi 

   
 (3) 

i=1Npredicted value from the actual value. 
 

Root mean squared error (RMSE) Standard deviation of unexplained 1 ∑N   2
ỹi −yi  (4) 

i=1Nvariance (spread of the residuals). 
ayi = actual target value; ỹi = model prediction; y = mean of actual target values; N = 

all normalized values (Conover et al. 1981). Based on this value, 
we determine the p value per feature and rate the consistency 
(i.e., homogeneity) of the variances between the folds based on a 
specified significance level a. Finally, we determine the internal 
consistency of a method by the percentage of consistent features 
across all features (i.e., the proportion of features for which we 
find a nonsignificant difference across folds). 

3.3 | Stability 

The metric stability describes the extent to which explana-
tions are coherent with similar observations, that is, similar 
observations lead to similar explanations (Alvarez Melis and 
Jaakkola 2018). High stability means that the method can reli-
ably explain learned patterns and relationships discovered by 
a model. Low stability, in turn, results from divergent expla-
nations for observations that are alike. The literature suggests 
several methods for calculating stability for classification 
tasks. One approach measures whether a method selects 
similar features as being equally important (i.e., by examin-
ing the variability of feature weights) for instances that are 
assumed to be similar (Mohana Chelvan and Perumal  2016; 
Velmurugan et al. 2021b). Here, similarity can be defined, for 
example, by the membership in a certain class (Wastensteiner 
et  al.  2021) or by grouping through instance-specific meta-
data (Velmurugan et  al.  2021b). Another approach relies on 
the variation of observations by adding noise. The generation 
of stable explanations is assumed if the explanation changes 
only slightly, given that the varied input instances still rely 
on similar feature values (Alvarez Melis and Jaakkola  2018; 
Molnar 2019). To the best of our knowledge, no computa-
tional rule for stability in the context of numerical forecasts is 
known in the body of present literature. 

We propose a stability validation procedure suitable for numeri-
cal forecasting, which allows for the consideration of datasets 
that contain numerical and categorical data. Our procedure 
comprises three steps to evaluate explainer method's stability. 
First, determining dissimilarities between observations using 
Gower's (1971) distance, which is applicable to data containing 
numerical and categorical features. For this purpose, Gower's 
distance expresses the average partial dissimilarities across all 

number of observations. 

observations. Second, we suggest applying clustering, preferably 
using the Partitioning Around Medoids (PAM) algorithm that 
selects k actual data points as cluster centers (so-called medoids) 
to obtain subsets of similar instances (Kaufman and 
Rousseeuw 1990). Compared with k-means, k-medoid-based ap-
proaches do not sum squared distances but minimize the dis-
similarities between observations pairwise, which makes the 
resulting clusters more robust to outliers and noise in the data. 
Third, we measure stability—adapted from Nogueira 
et al. (2018)—by defining hj, which indicates the number of clus-
ters k (i.e., subsets of similar observations) where feature j has 
the highest impact on the models' prediction according to an ex-
plainer method. Given p as the total number of available fea-

∑ptures and q = hj, then 
j=1 

1 ∑p k hj hj1 − 
p j=1 k − 1 k k 

Stability = 1 − - - , (6) 
q q

1 − 
kp kp 

measures stability for explainer methods ranging from 0 to 1, 
whereas 0 indicates no overlap between chosen features and 
1 that all subsets are equal (i.e., maximum stability). Several 
cluster sizes should be used to obtain a holistic assessment of 
stability. 

3.4 | Faithfulness 

The metric faithfulness—also referred to as “fidelity” (Robnik-
Šikonja and Bohanec 2018)—here quantifies to what extent 
features identified as relevant by explainer methods are truly 
relevant (Robnik-Šikonja and Bohanec 2018; Alvarez Melis and 
Jaakkola 2018). Thereby, it assesses whether explainer meth-
ods provide meaningful explanations for a given model output. 
Quantifying faithfulness requires knowledge of a feature's true 
impact. As the true impact is usually unknown for real-world 
datasets, literature suggests testing faithfulness with “blur-
ring” input data, also called “perturbing” (Alvarez Melis and 
Jaakkola 2018; Du et al. 2019). In doing so, the features that ex-
plainer methods consider as most relevant are modified in a way 
that the model output is expected to change. Blurring of features 
can be done, for example, by replacing feature values with zeros 
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(Schlegel et al. 2019), the mean, or setting coefficients of addi-
tive models to zero (Alvarez Melis and Jaakkola 2018). Such an 
operation can be expected to change the prediction in the op-
posite direction for classification tasks. Following this assump-
tion, existing literature suggests measuring the relative amount 
of prediction changes to the opposite class (Schlegel et al. 2019; 
Wastensteiner et al. 2021), or the average percentage decrease in 
the probability of a predicted class after noise has been added to 
the input (Du et al. 2019). 

In our literature search, we could not find a computational 
approach to measure faithfulness for numerical forecasting. 
Drawing on the approach of Velmurugan et al. (2021a) for clas-
sification, we propose to compute faithfulness for numerical 
forecasting by using the average change in the model's output 
(expressed here as percentage change): 

normalization can result in zero for some metrics, which could 
lead to an unfair overall score of zero when using the geomet-
ric mean. To prevent this, we recommend adjusting each metric 
result M  for the explainer method m and metric r by adding a mr 
small positive constant ̃  (e.g., ̃  = 0.01) to any metric that is zero: 

˜ 
M +� if M = 0mr r 

M� = , (8) mr 
M if M > 0mr r 

where r ∈ {1, … , 4} describes the four metrics. Here, r = 1 de-
notes model fit, r = 2 consistency, r = 3 stability, and r = 4 faithful-
ness. This adjustment ensures that the geometric mean can be 
calculated without the risk of it being entirely nullified by a zero 
in any metric result. 

Once the metrics have been normalized and adjusted, the 
∑N ˜ �f (xi )− ̃f (x )i 

i=1 f̃ (xi)
Faithfulness = (7) ,

N 

performance P(m) of an explainer method m can be evaluated 
using the geometric mean of the metrics. When all metrics are 
considered equally important, the performance is computed 

˜ 
where for a sample of N observations x1 … x , f̃ xi  describes n 
the corresponding initial model output. For each xi exists a 

˜corresponding perturbed observation x , whose values have 
i 

been replaced with, for example, zero or the feature's mean ˜ 
˜value. f̃ x  denotes the model's output with perturbed feature 
i 

values. 

Given that we observe a numerical output, we suggest examin-
ing faithfulness from two perspectives using the mean absolute 
change in prediction. First, the perturbation of each feature 
value in the test dataset that is considered most relevant, respec-
tively, to increase the prediction. Second, the modification of the 
feature values in the test set that are most relevant for lowering 
the model output according to the respective explainer method. 
If we observe a considerable shift of the prediction in the op-
posite direction, we assume that a method produces faithful 
explanations. 

3.5 | Trade-Off Between the Metrics 

Although the four metrics we introduce—model fit, consistency, 
stability, and faithfulness—are independent and assess different 
aspects of an explainer method, there may be scenarios where it 
is necessary to calculate a trade-off between these metrics. This 
is particularly important when a single performance measure 
is required for each explainer method. To address this need, we 
recommend computing an overall score using the geometric 
mean of all metrics. The geometric mean offers an approach to 
aggregation of normalized values (Fleming and Wallace 1986) 
and is in this case preferable over both the harmonic and arith-
metic means as it fairly aggregates performance across all met-
rics while still effectively penalizing low performance in any 
single metric. 

Before calculating the trade-off and deciding for a method, it is 
crucial to normalize the results to ensure comparablity (Corrente 
and Tasiou 2023). We suggest applying min-max normalization 
to scale the metric values between 0 and 1. However, min-max 

as follows: 

˜ ° 4° ˝˛P(m) = 4 
M � , (9) 

mr 
r = 1 

where each metric is considered equally important. However, 
in some cases, it may be suboptimal to assume that all metrics 
are equally important (e.g., when stability is the main criterion). 
For scenarios where certain metrics are preferred over others, a 
weighted geometric mean can be employed. The overall perfor-
mance of each method is then computed with 

4˜° ˛˜rP∗(m) = M � , (10) 
mr 

r = 1 

where ˜ ∈ (0, 1) are the weights assigned to each metric r, with r ∑ 
˜ = 1. The weights for the metrics must be obtained in rela-r r 

tion to the case and specific needs of a forecasting system. One 
approach would be, for example, to use pairwise comparisons 
using the fundamental scale, as known from the analytical hi-
erarchy process (Saaty 2008) or other approaches known from 
managerial decision making (Goodwin and Wright 2014). 

4 | Demonstration of FEXVAL Using Energy 
Benchmarking as a Use Case 

To demonstrate FEXVAL, we choose residential energy bench-
marking for electricity consumption as a use case for three rea-
sons: First, the energy demand estimation, as frequently required 
for energy benchmarking, is a common use case for forecasting 
systems (Fan et  al.  2020; Roach et  al.  2021). Second, linear sta-
tistical models have a long tradition in explaining the influencing 
factors (i.e., features) of energy consumption (Huebner et al. 2015; 
Santin et al. 2009), but XAI methods have already been tested for 
energy benchmarking (Arjunan et al. 2020). Third, the data for en-
ergy benchmarking contain patterns that can be causally related 
to user characteristics and behavior (e.g., number of residents and 
frequency of load peaks). 
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Energy benchmarking uses a reference point (e.g., a score) to 
compare energy performance with a suitable group that shares 
similar characteristics, usually in terms of specific house-
hold or building properties (Arjunan et al. 2020; Palmer and 
Walls 2015). The approach is a useful tool to identify inefficient 
buildings, appliances, and behavior, thus helping stakeholders 
to manage energy consumption more efficiently (Chung 2011). 
The concept of benchmarking becomes even more import-
ant when focusing on electricity, as the electricity demand 
is expected to double by 2050 through the increased usage 
for transportation, heating, and sector coupling (European 
Commission 2012). However, energy benchmarks are often 
difficult to interpret, as they are usually limited to a predicted 
single score—in other words, energy benchmark users have 
difficulty identifying the factors that affect the performance 
of their housing unit (Arjunan et al. 2020). To enhance energy 
benchmarks with targeted insights, several works use statisti-
cal methods such as MLR to narrow down factors that dom-
inate energy consumption (Huebner et al. 2015). Considering 
the limitations of linear statistical models, comparing them 
with XAI methods is a reasonable effort to improve the in-
sights obtained from electricity benchmarking. 

4.1 | Benchmarking Methodology 

Given that households differ in terms of physical (e.g., living 
space, glazing, and heating) and resident characteristics (e.g., 
number of adults and children), energy benchmarking relies 
on performance indicators, as the heterogeneity of charac-
teristics can have a complex impact on energy consumption. 

TABLE 3 | Overview of household characteristics used. 

Considering the high influence of such factors on the energy 
demand, energy benchmarking approaches usually normal-
ize consumption. While there are several normalization ap-
proaches, the Energy Use Intensity (EUI) is one of the most 
common and simplest key metrics for comparison and has 
been often applied in research related to energy benchmark-
ing (Arjunan et al. 2020; Chung 2011; Wang 2019). The EUI 
normalizes a building's yearly energy consumption over dif-
ferences in floor area. In regions using metric units of mea-
surement, the EUI computes as kilowatt-hours (kWh) per 
year/square meters (m2). 

4.2 | Data 

For our quantitative analyses, we use a dataset from the 
Commission for Energy Regulation in Ireland (Commission for 
Energy Regulation 2011), which is publicly available on request. 
The dataset consists of electricity consumption data at 30-min 
intervals from households across Ireland between July 14, 2009, 
and December 31, 2010. In addition, data from two surveys 
(pre- and post-trial) contain characteristics of the participating 
households, from which we use 14 household characteristics 
(see Table 3). 

Our data preparation and cleansing process comprises two 
steps. First, we removed households from the dataset that have 
missing values in the survey or the electricity consumption data. 
Second, we filtered for outliers, as these can have a strong in-
fluence on the results of the methods used. According to the 
Central Statistics Office Ireland  (2010), the average floor area 

Variable Description 

ageBuilding Age of the building derived from the year in which the building was built. 

dwellingType Dwelling type considering apartment, detached house, 
semi-detached house, terraced house, and bungalow. 

electricCooking Whether a household cook electrically (yes = 1; no = 0). 

electricShower Whether a household uses instant electric or electric 
pumped from hot tank showers (yes = 1; no = 0). 

electricSpaceHeating Whether a household uses electric space heating (yes = 1; no = 0). 

electricWaterHeating Whether a household uses electric water heating (yes = 1; no = 0). 

floorArea Building's gross floor area (in m2). 

numberAdults Number of persons over 15 years of age. 

numberEntertainmentAppliances Number of entertainment devices, including TVs, 
desktop computers, laptops, game consoles. 

numberHomeAppliances Number of domestic appliances, including washing machines, 
tumble dryers, dishwashers, plug-in convector heaters, freezers, 

water pumps/electric well pump, immersions/kettles. 

numberKids Number of persons under 15 years of age. 

numberPeaks Annual frequency of load peaks in electricity consumption. 

proportionDoubleGlazed Relative proportion of double-glazed windows in building (0–100%). 

proportionEnergySavingBulbs Relative proportion of energy-saving bulbs in building (0–100%). 
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� of newly granted dwellings in 2010 was 84.5 m2 and for already 
built houses 104 m2 (Dol and Haffner 2010). Thus, we only in-
clude buildings that have a minimum floor area of 10 m2 for 
apartments and 30 m2 for houses (including bungalows) and 
are within five times the respective dwelling type's average. 
After these data cleaning steps, our final dataset contains 1262 
observations. 

4.3 | Explainer Method Implementation 

We select four explainer methods that are currently common in 
the field. These methods belong to two explainer method catego-
ries and yield feature attributions: the post hoc explainer meth-
ods LIME and SHAP and the white-box approaches EBM and 
statistical MLR. 

4.3.1 | LIME 

LIME is a post hoc explainer method and obtains local expla-
nations of any black-box prediction model (i.e., a model agnos-
tic approach) (Ribeiro et al. 2016). LIME uses an optimization 
function , which searches for a local approximation to a com-
plex model f  for a given input x in the proximity ˜  of this focal x 
point. The local approximation is called surrogate model g from 
a family of sparse linear models G. Given that LIME searches 
for a simple explanation, the second loss term Ω regularizes the 
complexity of the simple surrogate model: 

˜ 
˜(x) = argming∈G f , g, ° + Ω(g). (11) x 

To obtain explanations, LIME randomly generates new in-
stances in the neighborhood of a focal point x through pertur-
bation, and  minimizes the prediction error of the surrogate 
model to explain the predictions of the complex model f . The 
sparse linear model used to obtain the explanations estimates 
coefficients for each feature, which are the feature-attributions 
of LIME. Although popular, LIME is a has recently been crit-
icized for yielding nonreproducible results, as repeated ex-
planations for the same or similar observations can lead to 
different explanations (Carvalho et  al.  2019). Indeed, due to 
the random generation of artificial input instances, expla-
nation results can vary between runs (Schlegel et  al.  2019; 
Velmurugan et al. 2021b). 

4.3.2 | SHAP 

SHAP is an XAI method that uses a concept of game theory, 
namely, Shapley values (Lundberg and Lee  2017). Thereby, it 
considers every feature to be a player contributing to a common 
game, which is the forecast. Explanations provided by SHAP 
are local and represented by an inherently interpretable model. 
SHAP provides a whole class of additive feature importance 
measures that one can use to explain post hoc the output of any 
ML. In addition to the model-agnostic KernelSHAP implemen-
tation (Lundberg and Lee 2017), TreeSHAP is a model-specific 
implementation for tree-based ML algorithms such as Random 
Forest (RF) (Lundberg et al. 2020). SHAP defines the explana-
tion model through a linear function of binary features: 

˜ ° ˛F 
g v (12) = ˜0 + 

j=1 
˜jvj, 

Jwhere g represents the explainer model and v� ∈ {0, 1}  are so-
called “simplified features” describing the presence or absence of 
a feature as a vector, where J is the total number of features. F 
denotes the number of input features (i.e., the maximum size of a 
coalition of features) and ˜j ∈ ℝ belongs to the attribution (i.e., 
the SHAP value) of feature j, while ˜0 describes the expected ˜ 
value E f̃ (X )  across all observations (so-called “base value”). 

Summing up the base-value ˜0 and the marginal feature contri-
butions ˜j yields the model's prediction f̃ (x)––hence, SHAP val-
ues explain the marginal attribution of features on the prediction 
as the deviation from a model's average outcome (Lundberg and 
Lee 2017; Molnar 2019). Several studies showed that SHAP out-
performs LIME with respect to stability (Schlegel et  al.  2019; 
Velmurugan et  al.  2021b) and faithfulness (Velmurugan 
et al. 2021a). 

4.3.3 | MLR 

For the linear and intrinsically interpretable approach (i.e., a 
white box explainer method), we rely on standard ordinary least 
squares (OLS) weight estimation for our MLR model 

˜F 
= ˜0 + (13) Yi j=1 

˜ jXij + ° i, 

where for each observation i ∈ {1, … , n}, there is a target 
value Yi. Here, Xi denotes a vector of F predictor variables (i.e., 
features), ˜0 is the offset term, ˜ j the regression coefficient 
for feature j and ϵi describes the error for the ith observation 
(Hastie et al. 2009). MLR belong to the class of model-specific 
approaches that are designed to furnish users with global ex-
planations. The linearity and additivity of MLR make it an 
intrinsically interpretable explainer method. The linearity 
property, on the one hand, refers to the constant weights for 
each explanatory variable. While linearity is desirable in the 
context of interpretability, they may not hold for real-world 
applications, which is why MLR models often found to have 
only low modeling capabilities (Arjunan et al. 2020). The ad-
ditivity property, on the other hand, enables the effects to be 
separated, that is, the influence of a predictor on the model 
output is independent of all other variables. Therefore, both 
properties make it possible to understand the isolated impact 
of an explanatory variable on a specific outcome. To compute 
local feature attributions, we use a computational approach
presented by Štrumbelj and Kononenko (2014) to determine a 
feature value's impact––after conversion, the interpretation of 
feature attributions is equal to those of SHAP values. 

4.3.4 | EBM 

EBM belongs to the class of generalized additive model (GAM) 
approaches that allow for global and local interpretations on a 
model-specific basis. GAMs independently map the input fea-
tures in a nonlinear fashion and sum up these mappings using 
an additive link function g that adapts to numerical forecasting 
or classification tasks: 
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˜ ° ˛˝ ˙F ˜ ˝ 
g E y = ˜0 + fj xj , (14) 

j=1 

˜ 
where fj xj  represents an individual shape function for each 
feature j ∈ F that allows for the interpretation of how a fea-˜ 
ture affects the predicted output E y . The interpretation of 
feature effects is thereby similar to that of an MLR model, as 
the contribution of features can be separated (i.e., additivity 
property). EBMs come with two advantages over conven-
tional GAMs and MLRs. First, EBMs learn the shape function 
using modern bagging and boosting approaches while miti-
gating the negative effects that result from the collinearity of 
features. Second, they are capable of automatically detecting 
pairwise feature interactions (Lou et al. 2013). Yet, for compa-
rability reasons with the other methods in our study, we do not 
include such interactions in the model. While EBM belongs to 
white-box approaches, it has already demonstrated in many 
cases to achieve comparably high model fit when compared 
with black-box ML (Lou et al. 2012; Nori et al. 2019; Zschech 
et al. 2022). 

4.4 | Case Analysis and Findings 

We exemplify the application of FEXVAL below and describe 
the processing steps necessary to validate and compare the se-
lected explainer methods. 

4.4.1 | Model Fit 

For determining how well a (underlying) forecasting model 
can describe the relationships in the data on unseen data (i.e., 
the model fit), we use a split in training and test data to avoid 
overfitting, employ k-fold cross-validation to train models, and 
to find the optimal parameter configuration (Hastie et al. 2009). 
In addition, to avoid bias in error estimation due to an overfit on 
the train data, we perform the final validation on the remaining 
test data (i.e., the holdout set) (Rao et al. 2008). In doing so, we 
use a stratified 80/20 split in training and test data. We apply 

a cross-validated grid search with 10 folds for the ML models 
to determine the best parameter configuration. In addition, we 
use z-score normalization for numerical features to avoid algo-
rithmic bias due to different scales of features and use one-hot 
encoding to handle categorical features. 

To compare the model fit of the (underlying) models, we use 
MLR and EBM as the two inherently interpretable (i.e., white-
box) approaches and draw on state-of-the-art ML approaches for 
the post hoc explainer methods. We selected ML methods from 
different classes (ensemble, boosting, neural net, and kernel-
based algorithms) that recent studies have already applied to 
predict energy consumption (Arjunan et  al.  2020; Robinson 
et  al.  2017). These are eXtreme Gradient Boosting (XGBoost), 
CatBoost, and Light Gradient-Boosting Machine (LightGBM), 
which are based on boosting, RF based on tree-ensembles, sup-
port vector regressor (SVR) as a kernel-based algorithm, and the 
multilayer perceptron (MLP) as a neural-network approach. We 
compare the model fit of the black-box models to the test data 
against mean and median as baseline estimators and the in-
trinsically interpretable white-box approaches MLR and EBM 
(Table 4). 

The figures suggest the following three conclusions. First, the 
baseline estimators seem to have little to no explanatory power 
(i.e., explanation of variance in the target variable), which re-
sults in comparatively poor model fit. The use of more sophis-
ticated algorithmic approaches, therefore, seems reasonable. 
Second, the boosting-based learners that require a post hoc 
explainer display the best results among all models; while the 
CatBoost shows the lowest error in MAPE, the XGBoost model 
yields the best results for R2, and the lowest errors for RMSE and 
MAE. As the residuals are squared, the RMSE penalizes larger 
deviations from the actual value stronger than MAE, suggesting 
that the SVR has (within the category of black-box models) com-
paratively higher isolated errors in prediction on the test data. 
For the present case and final model selection for the post hoc 
explainers, we primarily focus on R2 for the baseline assessment 
and additionally on RMSE, as the electricity consumption of a 
population contains nonnegligible outliers. Hence, we rely on 

TABLE 4 | Model fit of the (underlying) models for explanation for the test set. 

Explainer approach Algorithm R2 RMSE MAE MAPE 

Post-hoc explainer (i.e., black-box models) XGBoost 0.670 9.296 6.756 0.245 

CatBoost 0.642 9.673 6.882 0.235 

LightGBM 0.654 9.508 6.961 0.247 

RF 0.587 10.391 7.484 0.256 

SVR 0.502 11.419 7.902 0.267 

MLP 0.584 10.437 7.510 0.242 

White-box EBM 0.613 10.067 7.371 0.269 

MLR 0.535 11.041 8.237 0.300 

Baseline Mean −0.000 16.174 12.018 0.519 

Median −0.023 16.356 11.778 0.474 

Note: Bold values indicate the best performance for each metric. 
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XGBoost2 as the underlying model for the post hoc explainers 
LIME and SHAP. Third, the results of the white-box models (i.e., 
EBM and MLR) show, compared with black-box models, a lower 
model fit. A nonparametric two-sided paired Wilcoxon signed 
rank test on the residuals of the test data and the best model of 
both categories confirms these results by displaying a signifi-
cant difference between the XGBoost and the EBM (p 0.036, 
r 0.113) but with only a small effect size. 

For the following explainer method validation, we use the white-
box methods EBM and MLR for forecasting electricity demand 
(i.e., the “EUI”), as these are method-specific and already intrin-
sically interpretable methods (i.e., the forecasting model already 
yields explanations). For the post hoc explainer methods SHAP 
and LIME, the XGBoost forecasting model serves to predict the 
EUI. Consequently, all forecasts made in the follow-up analyses 
for the category of post hoc explainer methods are based on the 
underlying XGBoost model. 

4.4.2 | Consistency 

To evaluate internal consistency per method, we divide the 
data set into k 5 stratified folds in the first step leveraging–– 
compared with model fit––the entire dataset, as this metric 
focuses on challenging the goodness of an explanation. The 
folds are similarly distributed regarding the target variable 
“EUI.” We perform Kruskal–Wallis tests to ensure the simi-
larity of the folds and that the stratification works as intended. 
Our analysis indicates that there is no significant difference 
in the distribution between folds (p > 0.940 for the “one ver-
sus all” test per fold). In the second step, we apply each of the 
explainers to all folds and use an analysis of variances (i.e., a 
Fligner-Killeen test) to assess how consistent the explanations 
per feature are between folds. We report a method's internal 
consistency as the percentage of features for which we find no 
significant differences in the explanations (significance level 
a 0.1) between the folds (Figure 2). 

Our results show that the ability to recognize nonlinear relation-
ships allows consistent explanations. Thereby, SHAP shows the 
highest explanation consistency with 100% (i.e., no significant 
difference for all features across the folds), followed by EBM 

with 92.9% (i.e., 13 of the 14 features) and LIME with 85.7% (i.e., 
12 of the 14 features). Only the linear explanatory method MLR 
appears with 14.3% to assign attributions with little consistency 
between the distributions, although the distribution of the data 
shows no difference, which may be due to the method's outlier 
sensitivity. 

4.4.3 | Stability 

Our measurement also considers the entire dataset to ob-
tain stability for the explainer methods at hand. Before using 
Gower's distance to compute dissimilarities between obser-
vations, we log-transformed floorArea, numberAdults, num-
berKids, and ageBuilding due to their high positive skewness, 
and numberPeaks due to high negative skewness in the data. 
Building on the distance matrix, our implementation runs the 
PAM algorithm multiple times to divide the dataset into simi-
lar subsets and to evaluate stability for multiple scenarios and 
each explainer method. For this purpose, we consider a range 
of two to 50 for k (i.e., medoids), as we observe a stagnant trend 
for the explainer methods in stability for k > 50. We fit a local 
polynomial regression function (LOESS) and the 95% confi-
dence interval of the estimates (shown in gray) over the results 
to highlight the trend with increasing cluster size (Figure 3). 

Our results show that as k increases, stability decreases for 
all methods as the variability of selected features considered 
as most important increases with a higher number of clusters 
(i.e., subsets). Overall, we observe the highest stability across 
subsets for EBM (M 0.716, SD 0.066) followed by SHAP 
(M 0.697, SD 0.065), MLR (M 0.660, SD 0.054). LIME 
(M 0.634, SD 0.043), in contrast, results in the lowest sta-
bility among the explainer methods, which is consistent with 
findings from previous research in the context of classifica-
tion problems (Schlegel et al. 2019; Velmurugan et al. 2021b) 
and thus strengthens the validity of our approach. The differ-
ences for the stability values and cluster sizes ranging from 
two to 50 are statistically significant for the comparative 
cases EBM versus SHAP (p < 0.001, r 0.460), SHAP versus 
MLR (p < 0.001, r 0.870), and MLR versus LIME (p 0.050, 
r 0.274). Interestingly, EBM seems to provide more stable ex-
planations than all other explainer methods. 

4.4.4 | Faithfulness 

To assess the faithfulness of an explainer method, we blur the 
values of a feature considered most important with the re-
spective feature mean. The most important feature is deter-
mined through the highest assigned feature attribution for 
the prediction. The reason for the suitability of blurring with 
the mean is that in this case it can meaningfully assign less 
influence to the corresponding feature for the model output 
while, for example, replacing it with zero would here have a 
specific meaning (e.g., zero occupants in a house or zero floor 
area). Although we are aware that for the white-box models, 
the model prediction shifts in the respective other direction 
(due to the calculation of feature attributions and the inher-
ent transparency regarding the explanation function), this 
analysis allows us to assess if this also holds for the post hoc 

FIGURE 2 | Results of the consistency analysis for the methods 
SHAP, EBM, LIME, and MLR. 
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FIGURE 3 | Stability results of explainer methods over varying cluster size (with LOESS trend estimates and its 95% confidence interval in gray). 
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explainer methods that use XGBoost as the underlying fore-
casting model (hence, the post hoc explainer methods LIME 
and SHAP are here described as “SHAP + XGBoost” and 
“LIME + XGBoost”). 

After replacement, the model outputs change in a desirable 
direction for all explainer methods when perturbing the most 
positive and negative impact features, respectively. For the 
case of the perturbation of features with the highest positive 
impact (Figure  4a), the model output changes most for EBM 
(M = − 7.914, SD = 5.247) and SHAP+XGBoost (M = − 7.273, 
SD = 6.935), and also but less for LIME + XGBoost (M = − 6.884, 
SD = 7.274) and MLR (M = − 5.320, SD = 2.812). Interestingly, 
the change in prediction seems to spread less around the mean 
for MLR compared with the other explainer methods. Likewise, 
we find a shift in the prediction toward the opposite direction 
for all explainer methods when the feature values with the most 

negative impact are replaced by the feature mean (Figure 4b)–– 
however, the change in prediction deviates less. On average, the 
prediction of the EBM model changes by M = 5.060 (SD = 4.126), 
for LIME + XGBoost by M = 5.535 (SD = 5.591), for MLR by 
M = 6.200 (SD = 2.278), and for SHAP + XGBoost by M = 6.372 
(SD = 4.965). We conduct two-sided paired Wilcoxon signed 
rank tests for both perturbation directions and the most contra-
dictory explainer methods (i.e., EBM vs. MLR for the most posi-
tive impact feature perturbed and EBM vs. SHAP + XGBoost for 
the opposite direction). We observe for both methods a signifi-
cant difference for the change in prediction with a large effect 
size when perturbing the most positive (p < 0.001, r = 0.721) and 
a small effect size when perturbing the most negative impact 
feature (p < 0.001, r = 0.250). We conclude that all methods can 
be said to be faithful in our case, although there is a large differ-
ence between explainer methods when the most positive feature 
is perturbed. 

(a) Most positive impact features perturbed (b) Most negative impact feature perturbed 
FIGURE 4 | Change in prediction after feature perturbation according to the highest impact feature. 
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4.5 | Summary of the Results 
of the Demonstration Case 

We demonstrated the applicability of the FEXVAL approach by 
validating and comparing the explainer methods EBM, LIME, 
MLR, and SHAP by employing the case of energy benchmarking 
using a real-world dataset from 1262 residential customers. To 
provide a holistic overview of the results, we applied min-max 
normalization across all metrics and explainer methods (for the 
metric faithfulness, we calculated the average of the positive and 
absolute negative impacts). In doing so, we first validated the 
methods by assessing the results for the categories “post-hoc ex-
plainer methods” and “white-box explainer methods” separately 
(Figure 5). 

Given that the post-hoc explainer methods are based on the 
same underlying ML model, we omit model fit for their assess-
ment (Figure 5a). Overall, we find the following: When choos-
ing post-hoc explainers, we find that SHAP is superior to LIME 
across all metrics. Interestingly, SHAP seems to offer the highest 
faithfulness and consistency across all methods and yields com-
paratively high stability; LIME, in contrast, displays the worst 
performance in terms of stability. A similar picture regarding 
the dominance of one approach arises for the case at hand when 
one decides to employ white-box explainer methods (Figure 5b): 
The EBM approach is superior to the linear statistical approach 
MLR across all metrics; MLR performs worse regarding model 
fit, consistency, and faithfulness. In addition, EBM appears to 
have the highest stability across all explainer methods. 

Given that FEXVAL is method-agnostic, it allows for a trade-
off calculation across post-hoc explainer methods and white-box 
approaches, with the metrics being aggregated using the geo-
metric mean. Assuming equal weights and setting ˜ = 0.01 for 
the overall performance metric P, we find that SHAP yields the 
best results in our case (P = 0.930), followed by EBM (P = 0.749) 
and LIME (P = 0.418). The linear explainer method MLR pro-
vides the lowest overall performance (P = 0.220). Notably, EBM, 
as a white-box approach, ranks first for stability and second to 
third for all other metrics. This result allows for the following 
conclusion for the case and dataset at hand: Among post-hoc 
explainer methods, SHAP appears to be particularly effective 
for explaining model forecasts in our case; this results is in line 
with previous studies on classification tasks, which found SHAP 
to be more powerful than LIME in terms of stability (Schlegel 

et al. 2019). Interestingly, our study shows that, in the present 
case, the EBM outperforms traditional and linear statistical 
models across the metrics stability and faithfulness. Hence, 
when developers integrate a white-box approach into a forecast-
ing system for the case at hand, the EBM serves as an adequate 
intermediate solution, performing comparably to SHAP while 
also offering inherent interpretability. 

5 | Discussion 

Data-driven explanations embedded in forecasting systems 
promise significant benefits for decision-making processes (Harl 
et  al.  2020; Shin  2021). Given the importance of explanations 
related to forecasts, various categories of methods have been 
employed. Starting from inherently interpretable and mostly 
linear models (G. E. Phillips-Wren and Forgionne  2002), the 
last decade has seen increasing use of XAI methods that make 
the nonlinear relationships that complex ML discovers in the 
data comprehensible to decision-makers (Moreira et  al.  2021). 
The type of explainer method that is integrated into forecast-
ing systems, but also the suitability and fit of these for a specific 
problem, exerts a direct influence on the sociotechnical system 
(Miller 2019). Hence, as the choice of explainer method can 
have a large influence on the resulting decisions (Herm 2023), 
the functional validation of these methods in the early stages of 
system development can benefit developers, stakeholders, and, 
ultimately, decision-makers. While there are isolated proposals 
for metrics in classification problems (Velmurugan et al. 2021a, 
2021b), there is a notable lack of approaches for numerical pre-
diction tasks. In our paper, we address this issue by introducing 
FEXVAL, which allows for a functionally grounded validation of 
explainer methods within but also between method categories. 

Our demonstration shows that FEXVAL is an effective tool for 
validating and comparing different explainer methods. For the 
case of energy benchmarking, we find a confirmation of the gen-
eral assumption that black-box-based models are superior to lin-
ear statistical models in terms of model fit due to their ability to 
reflect nonlinearities (Breiman 2001; Shmueli 2010). This result 
reinforces the existence of the accuracy-interpretability trade-off 
(Barredo Arrieta et al. 2020) when it comes to a comparison with 
rather simple linear models; however, this does not hold when 
the EBM comes into play, which offers a comparable model fit to 
black-box approaches with only a small difference in the effect 

(a) Post-hoc explainer methods results  (b) White-box explainer methods results 
FIGURE 5 | Summary of results for all metrics per explainer method category. 
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size. Beyond this trade-off, we observe that the simplicity of MLR, 
which leads to an inadequately fitted model (James et al. 2013), 
comes with additional drawbacks: The MLR model also provides 
less stable and consistent explanations. In summary, SHAP seems 
to be the currently superior approach in the field of post hoc ex-
plainer methods considering the case at hand. For white-box ap-
proaches, EBM seems dominant in the present case study. 

In summary, our paper makes three contributions: First, inde-
pendent of a specific application domain, the FEXVAL approach 
offers a means to compare and validate explainer methods for 
numerical forecasts on a functional-grounded level. Researchers 
and practitioners can apply our approach for baseline validation 
and comparison of the quality of quantitative explainer methods 
on multiple levels. To the best of our knowledge, this is the first 
comprehensive validation approach that defines such metrics 
for numerical forecasting. Explainer method validation using 
FEXVAL has two main advantages over testing the explana-
tions at the application or human-grounded level: A functionally 
grounded validation is closer in time to the actual technical im-
plementation and can, therefore, already take place during the 
development stage of a forecasting system. Predefined threshold 
values might be implemented in automatic software tests, realiz-
ing continuous quality assurance. A further downstream advan-
tage is that the functional-grounded validations are performed 
without human involvement and are therefore of no subjective 
nature and cost-intensive, as is often the case with complex 
empirical laboratory and field studies. Second, we defined com-
putational rules for all metrics included in FEXVAL for their ap-
plication in numerical forecasting. To date, such computational 
rules have only been known for classification. Third, we demon-
strated the approach using energy benchmarking as a use case. 
We chose energy benchmarking because it is a well-established 
and common use case for forecasting systems, where both linear 
statistical models and XAI methods have been effectively ap-
plied to explain energy consumption patterns that are related to 
user characteristics and behavior (Arjunan et al. 2020). 

While our findings demonstrate the effectiveness of FEXVAL in 
the context of energy benchmarking, it is important to note that 
the generalizability of these results only extends to some degree 
beyond this specific use case. Previous research has observed 
similar outcomes when employing SHAP and LIME in classi-
fication tasks (Schlegel et  al.  2019; Velmurugan et  al.  2021a), 
suggesting that these explainer methods may exhibit consistent 
behavior across different types of tasks and domains. In addi-
tion, the relationships in the data are given by natural phenom-
ena, and various explainer methods are already in practical use 
to support the decision-making of stakeholders (e.g., Huebner 
et al. 2015; Arjunan et al. 2020). We therefore assume that our 
results are generalizable to a certain extent. However, we em-
phasize that each dataset and scenario presents unique chal-
lenges, necessitating a case-specific analysis using the FEXVAL 
approach. As such, while FEXVAL provides a robust approach 
for explainer method validation, it is essential for researchers 
and practitioners to conduct thorough validation tailored to the 
datasets and forecasting objectives at hand to ensure the effec-
tiveness of the explainer method in the specific context. 

Despite our best efforts, our work has several limitations that 
open avenues for future research. For example, the FEXVAL 

approach focuses solely on feature attributions, while other 
types of explanation, such as counterfactual explanations, are 
also frequently applied in the field (Fernández-Loría et al. 2022). 
Furthermore, our approach is currently limited to the contribu-
tions of individual features to compare the respective explainer 
methods meaningfully. Other aspects, such as feature inter-
actions, are not yet included. Future research on functionally 
grounded validations may, therefore, also cover other explana-
tion types, (automated) feature interactions, or aspects of infer-
ential statistics like empirical tests for causality. Additionally, 
FEXVAL consists at present of carefully and deliberately selected 
metrics that belong to the category of functionally grounded 
validation metrics (see Table 1). However, defining metrics for 
functionally grounded validation and comparison of explainer 
methods is an infinite space, as multiple further scenarios for 
measuring method quality are conceivable beyond those defined 
by current literature. Hence, our approach also allows for ex-
tensions by integrating novel metrics and associated calculation 
rules. We encourage other scholars in forecasting research to 
extend FEXVAL where appropriate and test the approach for 
further cases and possible newly proposed metrics. 

6 | Conclusion 

Explanations related to numeric forecasts constitute important in-
sights for managerial decision-making (Shin 2021). Given the im-
portance of explanations, scholars have begun to assess the quality 
of explanations, yet research dominantly focuses on subjective 
application and user-oriented evaluations, classification tasks 
(Bauer et al. 2023; Herm 2023), and in technical terms either on 
XAI (Alvarez Melis and Jaakkola 2018; Velmurugan et al. 2021b) 
or inherently interpretable linear statistical method validations 
(Mészáros and Rapcsák 1996). Our work addresses this research 
gap by developing FEXVAL, an approach that allows for the val-
idation and comparison of explainer methods of different catego-
ries (i.e., traditional (linear) statistical methods and more recent 
post hoc and white-box explainer methods). The outlined ap-
proach of this paper draws on metrics that have already been con-
ceptually defined in the literature; however, for such, no concrete 
computational rules were known, in particular not for numerical 
forecasting. The demonstration shows that FEXVAL is well suited 
for the purpose of a method-independent functionally grounded 
validation and comparison of explainer methods using the deliber-
ately chosen metrics. Our approach provides forecasting research 
and practice with the opportunity for a technical baseline valida-
tion and comparison of explainer methods for numerical forecast-
ing tasks and opens avenues for future research. This enables (a) 
firms to validate explainer methods in the development process 
of decision systems in a cost-efficient manner, and (b) forecasting 
systems research to validate and compare explainer methods on a 
functionally grounded level. 
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Data Availability Statement 

The data that support the findings of this study are openly available in 
the Irish Social Science Data Archive at https://www.ucd.ie/issda/data/ 
commissionforenergyregulationcer, reference number 0012-00. Upon 
request, we can also provide the code of our analyses. 

Endnotes 
1 Literature has also referred to the metrics model fit as predictive ac-

curacy and faithfulness as fidelity (Robnik-Šikonja and Bohanec 2018; 
Schwalbe and Finzel 2023). 

2 Final XGBoost parameters: n_estimators = 250, max_depth = 3, learn-
ing_rate = 0.05, min_child_weight = 5, gamma = 0, subsample = 0.4, 
reg_alpha = 50, reg_lambda = 0.1. 
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