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The paper introduces the Explainable AI methodology to assess the global
feature importance of the Machine Learning models used for heat demand
forecasting in intelligent control of District Heating Systems (DHS), with
motivation to facilitate their interpretability and trustworthiness, hence
addressin g the challenges related to adherence to communal standards,
customer satisfaction and liability risks. Methodology involves generation of
global feature importance insights by using four different approaches,
namely intrinsic (ante-hoc) interpretability of Gradient Boosting method and
selected post-hoc methods, namely Partial Dependence, Accumulated Local
Effects (ALE) and SHAP and qualitative analysis of those insights in context
of expected behavior of DHS and comparative analysis. None of the selected
methods assume feature permutation or perturbations which can introduce
bias due to introduction of random unrealistic values of data instances. ALE
and SHAP have been found as most reliable methods for determining the
feature importance, taking into account feature interactions and
nonlinearities. ALE plots with transmitted energy across the range of
ambient temperatures closely resemble the shape of the control curve, which
is the evidence of accurate model, as well as suitability of explanation
method. By providing the insights which align with the domain expertise, the
discussion confirms the value of using Explainable Al stack as mandatory
layer in assessing the performance of ML models, especially in high-risk Al
systems, such as those whose use is anticipated in the DHS.
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1. Introduction

Machine Learning (ML) methods have already proven useful in enabling intelligent control of
District Heating Systems (DHS), for example by replacing the trivial automatic control mechanisms
based on a control curve and affected only by the ambient temperature, with proactive, intelligent
control approach driven by complex multi-variate heat demand forecasting methods [1][2][3]. Given
its hourly seasonality and predictable control patterns, the heat demand forecasting is not considered a
difficult problem. It is being addressed by using time series forecasting algorithms, such as Long-Short
Term Memory (LSTM) [4], but also with the conventional ML algorithms, such as highly effective
gradient boosting [5][6], after the transposition of training data to classical tabular format.



Importance of the role of heat demand forecasting in overall control strategy design and
implementation poses potential risks, including those related to compliance (for example, adherence to
CO2 emission levels), customer satisfaction, and in some cases even liability due to incapacity to meet
the contractually agreed service levels (for example, consumers room temperature). The compliance
risk is even greater since the adoption of novel Al legislation, namely European The Al Act, which
classify industrial Al systems as high-risk systems.

The key challenge in addressing the above risks is that prediction models are in charge of
making very important decisions which are not easy (if not impossible) to justify due to their intrinsic
complexity, which cannot be perceived and understood by the stakeholders in heat delivery process,
including domain experts and plant operators. The motivation behind the research presented in this
paper is to discuss possible insights into interpretability of those decisions, from the global model
perspective. In order to do so, an Explainable Al (XAI) approach will be used. There has been only a
few research works addressing the issues of interpretability of models involved in DHS operation
[1][14], none of which provide detailed analysis of global feature importance insights, their
complementarity and alignment with expert domain knowledge.

Explainable Al is a young scientific discipline [7] which refers to set of concepts and methods
aiming at facilitating transparency (models are understandable), interpretability (decisions can be
justified), accountability (why the decision has been made, because of model architecture,
hyperparameter setting, data, etc.), fairness and bias detection (are models discriminating against
specific features), and trust in Al models. XAl can be considered on two different levels of
interpretation: ante-hoc (before the fact) and post-hoc (after the fact) interpretation. Ante-hoc refers to
the models which are inherently interpretable, such as linear regression or decision trees, so there is no
need for additional tools. Post-hoc refers to methods to interpret and explain the model (typically
considered as black box) after it was trained and deployed.

XAI methods can be classified as model-agnostic or model-specific. Model-agnostic methods
are those which can be applied to any Al model, regardless of its structure. Common approach to
model-agnostic methods is the use of so-called surrogate models, where inherently explainable models
(such as linear regression or decision trees) are used to approximate (either locally or globally)
complex, not explainable models, such as deep neural networks. Model specific methods are those
which use some features that have contribution to explainability but are intrinsic to the model, for
example, attention scores in Transformer networks or decision trees in gradient boosting models.
Sometimes, those methods are classified as black-box (model-agnostic) and white-box (model-
specific) methods. Finally, methods can be classified based on their scope. Local methods are those
which explain an individual prediction. Global methods interpret entire model behavior. Most usually,
XAl is used to achieve a human understanding of how very complex ML algorithms make decisions
by providing justifications in the form of interpretable insights. Another important aspect of XAl is
that many of its global insights can provide a human readable argument for checking validness of the
model by the experts. This is very important for trustworthy automation of impactful systems, such as
DHS, especially when considering out-of-distribution incoming data for forecasts.

Despite the volume and significance of above mentioned risks of using ML in District Heating
Systems, there has been only a few reported works in this area, as found in the scientific literature. In
our previous work [1], local interpretability of LSTM models for forecasting heat demand has been
effectively demonstrated, with the use of simplistic Local Interpretable Model-agnostic Explanations



(LIME) approach. Dang et al [8] demonstrated the use of SHAP (SHapley Additive exPlanations) [12]
and PDP interaction plots on the global feature importance level. Park et al [9] effectively used SHAP
to explain detected anomalies in District Heating Systems, by assessing the degree of contribution of
input variables to the derived result.

In the continuation of this paper, the methodology for addressing the global feature importances
of the heat demand forecasting model is described. The methodology includes the basic description of
Machine Learning pipeline to train the model and introduces specific approaches to assessing the
feature importances. In the third section, the results of those approaches when applied on the trained

model are presented and discussed. Finally, in the fourth section, the key conclusions are highlighted.

2. Methodology

The research presented in this paper aims at identifying the effective approaches to evaluating
trustworthiness of the heat demand forecasting models by using different aspects of interpretability of
feature importances at the global level, for the whole trained model. The test model to interpret is
trained by using ensembles of decision trees. Such an approach is chosen so to be able to compare and
combine different metrics of feature importances exposed intrinsically (ante-hoc) by the model and
those delivered by the post-hoc interpretability methods. The model which will be evaluated is
regression model which makes hourly forecasts of the transmitted heat energy by using 4 heating
seasons of historical data. The model is trained by using the XGBoost algorithm on the pre-processed
data within the pipeline described in [6].
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Figure 1. Line plots of the selected data features in example interval

Historical data from SCADA (Supervisory Control and Data Acquisition) system of substation
17 of local DHS, managed by the Faculty of Mechanical Engineering (FMEDH), will be used in this
demonstration. FMEDH (location: 21°89E, 43°33N) has 12 consumers with diverse demands, namely
secondary education, higher-education and research organizations, student dormitory, restaurant and a
residential block and total of nearly 120.000m2 heating area. Natural gas is used as primary fuel. The
data encompasses 4 heating seasons (2020-2024) and is merged with meteorological data to introduce
additional predictors. Historical weather data was acquired from the Visual Crossing Weather Data
and Weather API source, for Ni§ observatory of Republic Hydrometeorological Service of Serbia
(location: 21°54E, 43°20N). All time series data features acquired from SCADA system for arbitrary
chosen interval were illustrated on Figure 1 to highlight their daily seasonality. Data includes hourly
transmitted heating energy (deltae), ambient temperature (t_amb), water temperature in the secondary
supply line (C, t sup sec), water temperature in the secondary return line (C, t ret sec), water
temperature in the primary supply line (C, t sup prim) and water temperature in the primary return
line (C, t_ret prim). Besides this, various other hourly meteorological data is included in the dataset,
such as feels-like temperature, dew, wind direction and others.

Preprocessing activities include stripping all data points except those acquired at full hour,
inserting missing timepoints and populating those with missing values (NaN), treatment of zero data in
the column of energy readings by replacing those values with missing values, introducing basic time
features such as time of a day, replacing all missing values by using linear interpolation, removing
data outside of the heating season, removing all features with Pearson correlation coefficient less than
0.1 to reduce dimensionality of the model, replacing data points with relatively small values of
transmitted energy close to zero - with zero (corresponding to the inaccurate readings), and removing
outliers (z-score>4) and their replacement with linearly interpolated values. All those tasks are
elaborated and justified in more detail in [6]. Then, the processed data is used to train the regressor (by
using XGBoost algorithm) model. Before training, data is enriched with time-lagged transmitted
energy (deltae-1 to deltae-23) and ambient temperature (temp-1 to temp-23) in the past 24 hours which
are introduced as new features. 80% of available data is used for training and the remaining 20% is
used for testing the trained models. The output shows Mean Absolute Error (MAE) as adopted
simplistic metric for regression problem. The model was not optimized or associated with more
advanced metrics because the purpose of this research is to investigate the opportunities of use of XAl
insights.

Global feature importance will be discussed by using intrinsic interpretability of gradient
boosting method and selected ante-hoc methods, namely Partial Dependence, Accumulated Local
Effects and SHAP. Partial Dependence (PD) [10] is the measure of how one model prediction varies
with respect to a feature of interest. PD plots show how the target variable changes over the
distribution of the selected input variable - a feature of interest. Main limitation of PD is the
assumption of feature independence. Natural extension of PD are Accumulated Local Effects (ALE)
plots [11]. Unlike PD, it doesn't struggle with dependencies in the underlying features. SHAP
(SHapley Additive exPlanations) [12] values come from cooperative game theory and are used to
distribute the total gain (or loss) among players based on their contributions. In the context of Machine
Learning, the "players" are the features of the model, and the "gain" is the prediction made by the



model. A Shapley value for a feature represents its average contribution to the prediction across all
possible combinations of features. SHAP can be used for both local and global explainability. SHAP
values can explain individual predictions by showing how each feature contributes to that specific
prediction. By aggregating SHAP values across many instances, SHAP can also provide insights into

the overall importance of features and how they generally influence the model's predictions.
3. Overview of global feature importance insights and discussion

In this section, approaches to interpret different aspects of the feature importance in the trained
models for forecasting heat demand mentioned above will be demonstrated, namely
gain/cover/frequency aspects of the global feature importances, Partial Dependence, Accumulated
Local Effects and SHAP.

3.1. Gain, cover and frequency metrics of algorithms based on Decision Trees

Decision trees (DT) and linear regression (LR) are inherently explainable algorithms. While LR
is based on the weights associated to each of the features in the dataset whose scale indicates its
importance, decision trees infer decision rules from the data features. DT works by recursively
splitting the dataset into subsets based on the feature that provides the most significant information
gain or reduces impurity the most. This process creates a tree-like model of decisions, where each
internal node represents a feature-based decision rule, each branch represents the outcome of that
decision, and each leaf node represents a final prediction or outcome.

The Gradient Boosting algorithm is so-called Machine Learning ensemble method, which
comprises of multiple decision trees built sequentially, and which actually predict residuals, namely
differences between previously predicted values and actual values (for regression problems). In the
first step, initial prediction is normally mean value of the target variable, and the first decision tree is
trained to predict the differences between actual value and this, mean value. In the next step, predicted
residuals from the previous step are again added to the initial prediction, new predicted value is
calculated and in the following step, residuals are used to train third decision tree. The process can be

described with:
(D
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- yl(M) is the predicted value for the i-th data point after M iterations.

- Fy(X;) is model's prediction after M iterations.

- F, is the initial prediction or base score. For regression F, = mean(y)

- fim(X;) is the prediction of the m-th tree (namely, the residual predicted by the m-th tree for

the i-th data point).

Gradient Boosting algorithms are inherently explainable as they provide out-of-the-box analysis
of gain, cover and frequency, which are all different aspects of the feature importance. Gain measures
the improvement in accuracy (or reduction in loss) that a feature provides when it is used in a split.
Gain is a direct measure of a feature's contribution to the accuracy of the model. If a feature
consistently results in large gains when used in splits, it means that this feature is effective in making
accurate predictions. Cover is a measure of the relative quantity of observations (or data points) that
are affected by a feature when it is used in a split. Higher cover indicates that the feature is used in

splits that affect a large portion of the dataset. If a feature has high cover, it means that it was



consistently found as significant for all or large number of predictions. Frequency (or weight) is a
measure of the number of times a feature was used in all the trees of the model. Higher frequency
indicates that the feature is frequently used to make splits in the model. It shows how often the feature
is chosen to make a decision.

Frequency, gain and cover analysis of the feature importances of Gradient Boosting model for

heat demand forecasting is shown on Figure 2.
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Figure 2. Frequency, gain and cover analysis of the feature importances

Weight bar plot illustrates that ambient temperature (t_amb) is the most used feature in decision
making across multiple trees in Gradient Boosting algorithm, composed of 100 boosted trees,
indicating that it is considered to be an important decision point. Transmitted energy at the same hour
of the previous day (deltae-23) is by far the most influential in improving the model's performance
when used in splits, indicating strong daily seasonality of DHS operation. Finally, temperature reading
by the sensor placed near to the substation in the same hour of the previous day (temp-23) has the
larger cover, meaning that it was relevant decision point for most of the instances in the test dataset.
All those interpretations directly correspond to common sense and a real-life situation, meaning that
the trained model accurately reflects the dependencies within DHS, making it more trustworthy and
reliable.

3.2. Partial Dependence

Partial Dependence is a post-hoc XAl technique to assess the feature importance to the
predicted outcome, while ignoring the effects of other features. PD plots provide visual interpretations
of how a feature influences the prediction across different values, helping to understand the model's
behavior globally. Flat PD plot implies little or no effect of one to another variable, meaning that
specific quantified measure of one feature importance is a variance of the PD values across the
distribution of that feature.

Individual Conditional Expectation (ICE) plots provide a more granular view by showing how
the prediction changes for individual instances as a particular feature varies. ICE plots allow for the
detection of heterogeneous effects and feature interactions that might be averaged out in PD
assessment. Again, it’s important to highlight that Partial Dependence captures only the main effect of
the feature and ignores possible feature interactions. In other words, when there are mutual
correlations between two features, PDP cannot be trusted.



ICE is plotted for four selected features (see Figure 3), namely transmitted energy in the same
hour of the previous day (deltae-23), hour of the day, temperature measured by DHS (t_amb) and the
one measured by the nearby meteorological station (temp). Those four features have been selected
because of their representativeness of the heating control pattern over 24 hours, thus useful for
validating the conclusions of feature importance analysis with the domain expert insights. The average
line (orange) represents PD. The y-axis of a Partial Dependence Plot (PDP) represents the partial
dependence of the target variable (average predicted outcome) on the feature(s) being plotted, while
marginalizing over the other features in the model. The vertical ticks at the bottom of each plot
represent the distribution of the data points in the dataset. The density of ticks suggests where most

data points are located for each feature.
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Figure 3. ICE plots for the selected features in the dataset

PD line indicates that higher values of t amb are generally associated with a decrease in the
predicted value, but this trend reverses at the specific point and shows the spike at approximately
t amb=13, which could be indicating some non-linear effects in the model or feature interactions. The
PD plot of deltae-23 is mostly flat, especially for delta-23<300. The PD plot of hour of day follows
the change pattern from the time series, confirming the repeatability of this pattern and strong hourly
seasonality. Predictions are significantly higher during certain hours of the day, particularly in the
early morning to late afternoon, but drop sharply in the late evening and early night hours. This feature
captures a time-related pattern and strongly influences the model's predictions.

Under the assumption of lack of feature interaction, characteristic points in PD plots can be
understood as decision points of the XGBoost model. We can take on this to interpret the lack of
responsivity of the target variable on the changes of temperature measured at the meteorological
station for temp<7 (second plot). Weight metrics (see Figure 2) show that t amb (temperature
measured in the substation) is used as a decision point significantly more frequently than temp, even
though those two signals are very similar.

Also, flatness of deltae-23 PD plot could imply its non-existing effect on target variable, despite
a very high weight calculated by XGBoost feature importance method, implying a contradiction.
However, it must be taken into account that PD plot provides a global view of how a feature
influences the model's predictions by averaging the model's predictions over the marginal distribution
of the feature. In case of deltae-23, ICE plots show that average is not representative of the

contributions over individual instances having quite diverse plots.



3.3. Accumulated Local Effects
The method of Accumulated Local Effects (ALE) exhibits much less sensitivity to the mutual

correlations of the input features, namely their interactions and thus, it is considered as much more
reliable method for determining the feature importance, in general. Instead of assuming feature
independence, ALE calculates the local effects of a feature by looking at how small changes in the
feature value affect the prediction within the observed data distribution. ALE plots for selected four
features are presented on Figure 4.

The distribution of ALE for temperatures is more stable than in case of PDP. It shows that
transmitted energy will decrease almost linearly in the interval of t amb<9. Then, the decrease rate
will become more rapid with some non-linearities. Flatness of ALE plot for deltae-23 feature is
already previously explained.
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Figure 4. ALE plots for the selected features in the dataset

3.4. SHAP approach to assessing global feature importance

SHAP and LIME (Local Interpretable Model-agnostic Explanations) [7] are two most
commonly used methods for assessing feature importances. Both methods are model agnostic, with
one major difference in scope, as LIME cannot be used as is for interpreting global feature importance.
Even though SHAP is more computationally expensive, it is considered as more reliable, even in local
interpretability, due to its strong theoretical foundation (cooperative game theory) which becomes
important especially in more complex models with high uptake of non-linearity (LIME's linear
approximation might not always capture the true local behavior of the model).

For each feature, SHAP calculates the contribution by considering the difference in the model's
prediction with and without the feature - a marginal contribution. This is done by evaluating all
possible combinations of feature subsets (also known as coalitions) with and without the feature and
averaging the marginal contributions of the feature across all these combinations. The SHAP value for
a feature i in a specific prediction is computed as:

ISI'(IN| = |S] = D)!
INT!

¢; =
SCN\{i}
- Sisasubset of features not including feature i,

[FSu D = f(S)] 2)

- Nis aset of all features,
- |S]is the number of features in subset S,
- f(S) is the model's prediction given the features in subset S,

- f(SUi) is the model's prediction given the features in subset S plus feature i,
1 — —1)!
- W is the weighting factor that ensures fair distribution of the marginal

contribution across all possible subsets,



- ¢; is the SHAP value for feature i, representing its contribution to the difference between

the actual prediction and the baseline prediction.
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Figure 5. Ranked SHAP importances (left) and summary plot (right)

Bar plot with ranked SHAP feature importances (on the left) and SHAP summary plot (on the
right) for the heat demand forecasting model are displayed on Figure 5.

SHAP summary plot provides a more comprehensive global feature importances view. Each
row in the plot represents a feature and the features are ordered by their importance. Positive SHAP
values (to the right) increase the value of model's prediction, while negative SHAP values (to the left)
decrease the prediction. The density of points at each SHAP value shows the distribution of the SHAP
values for each feature. The wider the plot at a certain SHAP value, the more data points have that
SHAP value.

Features with the widest range of SHAP values, namely deltae (transmitted energy at the current
timepoint) and hour_of day has the greatest impact on the model's output. Based on the color gradient,
it can be concluded that high values of deltae increase the forecast (SHAP values > 0), while low
values (SHAP values < 0) decrease it. It’s clearly the opposite case for t_ret sec and feelslike, for
example. This all clearly corresponds to how DHS work.

It is important to clarify notable differences with the results of gain, cover and weight metrics
analysis, presented by the XGBoost feature importance function. First, it is important to highlight that
intrinsic explainability features of the model are rooted in one set of data - training dataset, while post
hoc interpretability feature importances are calculated based on another - a test dataset. Furthermore,
weight and cover as measures of frequency of feature use in a split and the number of instances
affected by the split, respectively, are complementary to the SHAP importances and cannot be
compared with it. A feature might have high weight or cover, but low SHAP values if it is used
frequently or broadly but doesn't significantly affect the model's predictions. However, comparing
gain with SHAP values can validate whether the features that improve model accuracy the most are
also the ones that most influence predictions. If a feature has high SHAP values but low gain, it might
suggest that the feature is important for predictions but doesn't improve model accuracy as much
during training. This could happen if the feature captures information similar to other features
(redundancy). In DHS forecasting model, this is the case with t_amb - it has moderately high SHAP

values, but it is not even ranked in the gain bar plot. In the opposite direction, a feature with high gain



but low SHAP values might be crucial for certain splits but doesn't have a large overall impact on
predictions, possibly because its effect is overshadowed by other features or only relevant in specific
scenarios. This is the case with deltae-23, since the repeatability of DHS operation patterns is highly
distinguished at the beginning of the workday (when the heating starts and in first few hours) but less

towards its end when operator starts changing the control curve based on the ambient temperature.
4. Conclusions

This paper introduces global feature importance calculation methods with intended use to
validate the trained forecasting model in environments requiring legal compliance and agreed service
levels on a massive customer scale, which is all the case with District Heating services. The provided
discussion elaborates on the specific interpretations of different XAl ante-hoc and post-hoc methods in
context of DHS’s expected behavior and its human, domain expert interpretation. Four methods to
elaborate the global feature importance are implemented in case of the model for forecasting heat
demand, trained by using Gradient Boosting ML algorithm, namely, ante-hoc feature importances,
Partial Dependence, Accumulated Local Effects and SHAP. Some widely used, well-known
techniques have been discarded from the beginning because of assuming feature permutation or
perturbations which can introduce bias due to introduction of random unrealistic (out of realistic
distribution) values of data instances and linear dependencies. This is the case with Permutation
Importance [13] and LIME. It is important however to highlight that both PD and ALE also use
marginal distributions of input variables but only with minor variances, when compared to above
mentioned two methods.

However, Partial Dependence is the simplistic method which captures only the main effect of
the feature and ignores possible feature interactions. In other words, when there are mutual
correlations between two features, PD plots are not a reliable source for interpretation. ICE plots allow
for the detection of heterogeneous effects and feature interactions that might be averaged out in PD
assessment. Heterogeneous effects are here spotted for deltae-23 feature; transmitted energy at the
same hour of the previous day is a good predictor of heat demand in the next hour, but mostly for the
opening hours of daily operation. ALE has been proven as more reliable method for determining the
feature importance, taking into account feature interactions and nonlinearities.

ALE plots clearly reveal that transmitted energy will decrease almost linearly in the interval of
t amb<9; For warmer temperatures, the decrease rate will become more rapid with some non-
linearities. This behavior closely resembles the shape of the control curve, which determines the
dependence of water temperature in secondary supply flow (t sup_sec) with ambient temperature
(t_amb); the resemblance is actually the strong evidence of quality of forecasting model.

SHAP’s assessment of global feature importances is based on a strong foundation provided by
the game theory and it accounts for feature interactions while also addressing the nonlinearities in the
model, which all makes it the most reliable and robust method. This is proven in the case of
interpreting the feature importances of the heat demand forecasting model.

Benefits of using XAl techniques and specifically interpretation of global feature importances in
heat demand forecasting models are numerous. Transparency of otherwise black-box models helps
build trust in the model’s predictions and decisions driven by those predictions. Identifying key
features can guide operational strategies, such as adjusting heating schedules or optimizing energy use

based on predicted demand. Efficiency improvements become more obvious: by focusing on



important features, operators can make targeted improvements to system efficiency, potentially
reducing energy consumption and costs. Insights from feature importance can support long-term
planning and strategy development for infrastructure investment and system upgrades. Understanding
which features are critical can help in refining the model, addressing potential weaknesses, and
improving overall accuracy.
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