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ABSTRACT

The sub-divertor neutral gas pressure in relation to seven plasma parameters is predicted, based on the data of the Wendelstein 7-X OP1.2b
experimental campaign, via two machine learning (ML) approaches, the extra trees (ET) and symbolic regression (SR) for the standard, high
iota and high mirror magnetic configurations. To capture the changing behavior of moving from attached to detached conditions, the dataset
in each configuration is divided into three clusters. Via a formal feature importance analysis, in all cases considered, the line integrated elec-
tron density is ranked as the most dominant parameter, while the heating power, followed by the radiated power, are always included in the
key parameters. In the standard configuration, the coil control current has also been ranked very high. On the contrary, the center and edge
temperatures and the toroidal current are of much less importance. The ET model yields nearly perfect predictions but it lacks interpretability
and may struggle to generalize to unseen data. The two- and three-parameter expressions obtained by the SR model explicitly demonstrate
the dependency of the neutral gas pressure on the plasma parameters and have greater potential for extrapolation to unseen estimates.
Although SR predictions lag behind those of ET, they still remain very accurate. The present investigation provides valuable insight into the
interconnection between the sub-divertor pressure and plasma parameters and may support the design and optimization of the particle and
impurity exhaust system of W7-X and other fusion reactors, broadening the scope of ML applications in fusion.

VC 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (https://
creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0305811

I. INTRODUCTION

In present fusion reactor configurations, experiments are growing
increasingly complex, generating vast amount of data. The need to sug-
gest efficient analysis schemes has become essential in order to leverage
the information produced and design the future experiments in less
expensive and timely procedures. Data-driven machine learning (ML)
methods are exploited and directed toward delivering models that can
be both computationally efficient and accurate. As a branch of artificial
intelligence (AI),1 ML can take action based on decision-making pro-
cesses, whether through supervised, unsupervised or reinforced learn-
ing techniques,2 making it of greatest utility in data science and
analysis tasks, as it can reassess past approaches and continuously
improve the efficiency of solutions.

In the fusion research community, a variety of ML methods have
been extensively employed for investigative purpose.3 They range from
architectures aiming to be guided by Ref. 4 or guide5 simulation mod-
els to quasi-experimental data trained frameworks laying the path
toward future reactors.6 It has been shown that integrating ML models
into plasma dynamics prediction may outperform traditional methods
by approximately six orders of magnitude.7 This kind of algorithms
can be extra flexible in the parameter space and find interconnections
not visible through a common statistical approach.

For more advanced tasks, such as image processing, deep learning
(DL) techniques utilizing fully connected neural networks (FCNNs)
and convolutional neural networks (CNNs) have the capacity to har-
ness 2D and 3D spatiotemporal fields, which are mapped to image
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representations. Example applications of such methods in tokamaks
include, among others, the employment of CNNs for the 2D turbu-
lence image processing for the investigation of blob dynamics8 and the
analysis of thermal events via infrared movie analysis9 and image proc-
essing.10 In addition to that, accurate predictions of the electron den-
sity and device temperature have been achieved by harnessing
spectroscopic data through a deep NN architecture.11 Others, building
on a more physically consistent approach, employ physics-informed
neural networks (PINNs),12 where they enforce physical laws to the
problem’s solution, by setting an ordinary or a partial differential equa-
tion as a constraint in a part of the loss function.13 Example applica-
tions include the integration of PINNs to calculate the heat flux
profiles in W7-X13 or to learn turbulent models.14,15 Selecting the most
appropriate model is multi-facet and based on problem specific crite-
ria, for instance, endeavors to monitor the status of reactors and pre-
dict plasma disruption events have been reported via PINNs,16

FCNNs,17 feedforward NNs,18 and reinforcement learning
techniques.19

From another perspective, the predefined output of a NN may
lead to an abstract mapping between the dependent and independent
parameters, which diverges from the fundamentals of explainable and
generalizable AI. This is where symbolic regression (SR) finds room
for applicability as it possesses the ability to create expressions that can
reveal profound interconnections, clarify ambiguous relations, and
provide a more physics-inspired overlook. Relevant works in magnetic
confinement devices have been reported in tokamaks, for the identifi-
cation of safe and disruptive operations20 and the derivation of scaling
formulas for the divertor heat load,21 and in stellarators, for stating the
scaling law of the energy confinement time22 and the correlation of
neutrals pressure with other system quantities.23 Overall, ML techni-
ques ranging from shallow to deep structures can provide robust pre-
dictive capabilities and aid the design and operation of experimental
campaigns.24 It is clear that fusion research has advanced by embrac-
ing the fourth paradigm of science,25 demonstrating that investigating
phenomena through ML techniques is not only feasible but also highly
productive.

In fusion devices, effective neutral particle exhaust through the
sub-divertor pumping system is of major importance for density con-
trol and for balancing particle input from pellet injection and gas-wall
interaction. Since the particle exhaust rate is the product of the pump-
ing speed times the sub-divertor pressure, it is evident that the neutral
gas pressure should be accordingly adjusted to yield gas exhaust opti-
mization. This issue has been extensively explored in tokamaks,26,27

while the corresponding work in stellarators is rather limited. During
the Wendelstein 7-X (W-7X) OP1.2b campaign, very low neutral gas
pressure has been measured, indicating that further experimental and
modeling work is needed.28–31

In this work, two different ML algorithms, the extremely ran-
domized trees, also known as the extra trees (ET) model and the sym-
bolic regression (SR) model, are applied to estimate the neutral gas
pressure in the sub-divertor of W7-X, based on data of the associated
plasma parameters. Extra Trees is a high-performance algorithm based
on appropriately connected decision trees (DTs), where each one per-
forms independent estimations about the target quantity and their
average is the output prediction.32 The SR model is a technique that
seeks to find a mathematical expression that defines the relation
between the input parameters and offers a clearer understanding of

system interactions and better alignment with the physical
principles.33

More specifically, the influence of seven plasma parameters on
the neutral gas pressure pn in the sub-divertor of W-7X is investigated
for the standard, high iota and high mirror magnetic configurations.
The input parameters include the line integrated electron density nE ,
the heating Pheat and radiated Prad powers, with Prad=Pheat � 0:8, the
toroidal plasma current Itor , the coil control current Icc, and the ion
temperature at the center Tc and edge Te of the plasma vessel. A simi-
lar investigation, employing almost the same dataset of the OP1.2b
campaign, based, however, solely on the SR method, has been recently
employed in Ref. 23. Here, the work is mainly based on the ET method
and includes a feature importance analysis and detailed comparisons
between ET predicted and experimental data. Complimentary work
based on the SR method is also provided. In addition, the present
plasma parameter set has been enhanced by including Icc, which is
expected to have a significant impact on pn

34,35 and has not been previ-
ously considered. The effectiveness of the ET and SR methods to cap-
ture the behavior of pn in terms of the plasma parameters is analyzed.

The rest of the paper is structured as follows: Sec. II includes data
preprocessing and the ML methods: The dataset is reviewed and also
analyzed by the pairwise Pearson correlation coefficients in Sec. II A,
while the applied ML models are briefly described in Sec. IIB. Then, in
Sec. III, results are provided and discussed: In Sec. III A, a feature
importance analysis via the ET model is applied to highlight the most
influential plasma parameters. In Sec. III B, the ET model is employed
to predict pn, based on all, as well as on the highlighted plasma param-
eters and comparisons with experimental data are performed. In Sec.
III C, closed form expressions of pn are deduced, via the SR method,
using the highlighted plasma parameters. A detailed and comparative
analysis between the proposed ML models is presented in Sec. IIID.
Finally, in Sec. IV, the major outcomes are stated, and some future
work directions are outlined.

II. DATA PREPROCESSING AND MACHINE LEARNING
MODELS

The employed datasets of the OP1.2b experimental campaign of
W7-X, are first defined and then statistically analyzed to gain some
preliminary insight into the linear pairwise correlation of all involved
parameters (Sec. IIA). Next, the implemented two ML models,
namely, ET and SR algorithms, are briefly described for clarity pur-
pose, providing in parallel some information directly connected to the
present work (Sec. II B).

A. Data overview and descriptive statistical analysis

Three subsets of the available data of the Wendelstein 7-X
OP1.2b experimental campaign,28,36–43 with electron cyclotron reso-
nance heating and without neutral beam injection and pellet and
impurity injection, are employed. They refer to the standard, high iota,
and high mirror configurations at the AEI, AEH, and AEI ports,
respectively, where the highest neutral gas pressure in each configura-
tion has been measured. The datasets include the neutral gas pressure
pn and the associated plasma parameters [ne, Pheat , Prad , Icc, Itor , Tc,
Te], with the fraction of radiated power frad ¼ Prad = Pheat � 0:8 (par-
tially attached conditions). These seven parameters form a physically
motivated set for describing the conditions that affect the neutral gas
pressure in W7-X. More specifically, the electron density ne, as well as
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the heating and radiated powers Pheat and Prad , are closely linked to
the neutral gas particle and energy fluxes toward the plasma edge
region and the divertor targets. Furthermore, the toroidal and control
coil currents Itor and Icc modify the magnetic configuration and diver-
tor strike-line positioning, which in turn affects how neutrals produced
near the divertor are distributed within the sub-divertor region, while
the plasma temperatures Tc and Te reflect the local and global thermal
state of the plasma, which influences how the neutral population devel-
ops near the divertor. The objective is to examine via ML, the effect of
the plasma parameters on the neutral gas pressure, identify the most
influential ones and provide accurate estimates of pn, based on all
plasma parameters, as well as on the most important ones. Detailed
descriptions of the W7-X magnetic geometry, as well as measurement
locations and strike lines positioning, may be found in previous works
(e.g., Refs. 28, 29, 43, and 44).

A similar study has been recently performed in Ref. 23, where the
effect of [ne, Pheat , frad , Itor , Tc, Te] has been examined via solely the SR
method, finding that the dominant factor affecting pn is the product of
ne times Pheat , raising each parameter to some power. Here, this analy-
sis is extended by employing the ET model and quantifying the effect
of each plasma parameter on pn separately via a feature importance
analysis. Furthermore, the present plasma parameter set is enhanced
in the standard configuration by the addition of the coil control cur-
rent Icc, which is expected to be an important parameter, while frad is
replaced by the radiated power Prad (on the contrary to frad , Prad is
directly measured). Also, based on the updated datasets, the form of
the SR expressions predicting pn is reexamined. A statistical descrip-
tion of the implied dataset is presented in the Appendix.

A preliminary statistical insight into the pairwise behavior of all
involved variables, including the behavior of the dependent variable pn
in relation to the seven independent plasma variables [ne, Pheat , frad ,
Itor , Tc, Te], is provided in Figs. 1, 2, and 3 for the standard, high iota,
and high mirror magnetic configurations, respectively. In these figures,
the diagonal elements are the histograms, while the elements below
and above the diagonal are the scatter plots and Pearson correlation
coefficients, respectively.

The Pearson coefficient for any pair of variables (x; y) measures
the linear relationship between the two variables and is given by45

rx;y ¼

Xn
i¼1

ðxi � �xÞðyi � �yÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

ðxi � �xÞ2
Xn
i¼1

ðyi � �yÞ2
s ; (1)

where rx;y 2 ½�1; 1� is the Pearson correlation coefficient, (xi, yi) are
individual datapoints, and (�x , �y) are the mean values, with n denoting
the number of datapoints. These coefficients are only indicative of
pairwise linear dependency, with rx;y ¼ 1 and rx;y ¼ �1 indicating
perfect linear positive and negative correlations, respectively, while
rx;y ¼ 0 indicates no linear correlation (in the latter case the two varia-
bles may depend nonlinearly on each other). The pairwise Pearson
correlations may assist in examining the relationship of individual
parameter pairs, without considering the effect of the other involved
parameters.

Based on the scatter plots in Figs. 1–3, it is seen that, in all mag-
netic configurations, pn is proportional to [ne, Pheat , Prad] and inversely
proportional to [Itor , Tc, Te]. Also, in the standard configuration,

although it is not easily observed, there is a small increase in pn with
Icc. The prescribed behavior of pn based on its scatter plots is further
supported by the Pearson coefficients for all seven plasma parameters,
as they stay positive for [ne, Pheat , Prad], as well as for Icc in the standard
configuration and negative for [Itor , Tc, Te]. The dependence of pn on
the specific parameters reflects how changes in density, power, control
currents, and plasma temperatures influence the neutral population
near the divertor, while in the standard configuration, the weak but
consistent trend with Icc is aligned with the corresponding modifica-
tions of the divertor strike-line location.28,30,43,44,46

It is worthwhile to note that in the standard and high mirror con-
figurations, the Pearson coefficients of (pn, ne) are 0.91 and 0.93,
respectively, followed by the ones of (pn, Pheat) and (pn, Prad), which
are in the range of 0.61–0.73. On the contrary, in the high iota configu-
ration, the Pearson coefficients of all three pairs, (pn, ne) (pn, Pheat),
and (pn, Prad), are in the range of 0.74–0.79. Previous experimental
and theoretical works in W7-X indicate almost linear scaling between
the sub-divertor neutral number density and the line integrated elec-
tron density.30,46 Thus, considering that the neutral gas pressure is pro-
portional to the neutral number density, the Pearson coefficients of
(pn, ne), which are close to one, in the standard and high mirror con-
figurations, indicating a close to linear correlation, are, to certain
extend, justified. However, this is not the case in the high iota configu-
ration, where the lower values of the Pearson coefficients indicate that
the correlation becomes nonlinear, which may be in accordance with
the observed higher neutral gas pressures.

Concerning the pairwise relationships between the independent
plasma variables, it is useful to add that in all three magnetic configura-
tions proportional correlations exist in the pairs (ne, Pheat), (ne, Prad),
(Pheat , Prad), and (Tc, Te), while inversely proportional correlations are
observed in the pairs (ne, Tc), (ne, Te), (Prad , Tc), and (Prad , Te). In the
standard configuration, Icc increases with [ne, Pheat , Prad] and decreases
with [Itor , Tc, Te]. The remaining variable pairs do not exhibit a consis-
tent trend, making it difficult to draw definitive conclusions.
Nevertheless, this preliminary analysis indicates how the plasma con-
ditions relate to the neutral gas pressure and provides a useful context
for interpreting the more detailed feature-importance analysis and
machine learning predictions presented in Sec. III.

Overall, Figs. 1–3 provide pairwise correlations between all varia-
bles, which are useful in the physical interpretation of the effect of each
plasma parameter on the neutral gas pressure and in its estimation, via
the ML methods, in the whole range of frad 2 ½0; 0:8�. However, as the
plasma discharges transition from attached (frad ¼ 0) to detached
(frad ! 1) conditions, a corresponding change of the effect of the
plasma parameters on pn has been observed.28 Thus, in Ref. 23, in
order to capture this behavior and accurately predict the neutral gas
pressure, the data are split into subregions with respect to frad . A for-
mal frad-based clustering approach has been applied to identify three
distinct regions in each of the three magnetic configurations with simi-
lar characteristics, allowing each one to be analyzed and modeled sepa-
rately. It has been found that clustering-based predictions capture
more efficiently the behavior of pressure, while applying the entire frad
range can lead to misleading results, primarily due to the uneven dis-
tribution of data points with respect to frad . In light of this, and in order
to have a robust comparison, on the same basis, between the present
results and corresponding ones in Ref. 23, the previously proposed
clusters for all three magnetic configurations are adapted. Details of
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the datasets (basic statistics of all variables) are provided in the
Appendix (Tables IV–VI). Thus, totally nine datasets (3 magnetic con-
figurations � 3 clusters of frad per configuration) are considered and
the two ML methods are applied in each of the nine datasets.

B. Machine learning models

Two of the most prominent tree-based ML models are employed
in the present work, namely, the extra trees (ET) and symbolic regres-
sion (SR) models. A block diagram of their tree-based function is given
in Fig. 4. The former leverages common decision tree features, but
takes it one step further by introducing extreme randomization. The

latter, even though it uses a tree-based structure to deduce the results,
it does not follow a hierarchical decision-making process. Instead, it
transforms the tree nodes to mathematical operators, and when con-
nected by branches, they form symbolic expressions that can lead to
more interpretable results.

The proper selection of training and testing datasets is crucial to
the overall performance of the framework. The lack of generalization
in a ML model is a common issue known as overfitting and its mitigat-
ing is a crucial aspect of model development, enhancing their capacity
to perform effectively on real-world tasks. Here, each one of the nine
datasets is split by a 70–20–10 percent factor,23 where 70% of data
points are used for training, 20% for validation purpose and the final

FIG. 1. Dataset characteristics of the standard configuration (AEI port) - diagonal elements are the histograms and the elements below and above the diagonal are the scatter
plots and Pearson correlation coefficients respectively.
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10% is set aside and remain untouched by the ML models, as it is
reserved for evaluating accuracy. Furthermore, to evaluate the predic-
tive capabilities of the ML models, two statistical measures of accuracy
are employed. They include the coefficient of determination R2, given
by47,48

R2 ¼ 1�

Xn
i¼1

ðyi � ŷiÞ2

Xn
i¼1

ðyi � �yÞ2
; (2)

and the average absolute deviation (AAD), defined by49

AAD ¼ 1
n

Xn
i¼1

jyi � ŷi j; (3)

where yi and �y refer to the experimental values and their mean, while ŷi
denotes the predictions of the ML model. Generally, R2 ¼ 1 shows per-
fect prediction, while R2 ¼ 0 suggests that the predicted ŷi values are
equivalent to �y , implying that the dependent variable (neutral gas pres-
sure) is unaffected by the independent variables (plasma parameters).

1. Extra trees

Tree-based computational frameworks fall under the supervised
learning category in ML, where the outcome is known. Their most

FIG. 2. Dataset characteristics of the high iota configuration (AEP port) - diagonal elements are the histograms and the elements below and above the diagonal are the scatter
plots and Pearson correlation coefficients respectively.
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FIG. 3. Dataset characteristics of the high mirror configuration (AEI port) - diagonal elements are the histograms and the elements below and above the diagonal are the scatter
plots and Pearson correlation coefficients respectively.

FIG. 4. The tree-based structure of (a)
extra trees and (b) symbolic regression
frameworks.
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well-known implementation, the decision tree (DT), structures data
into a tree-like model consisting of nodes and branches. Tree nodes
represent a test on the data that can either be used for classification or
regression tasks, while tree branches correspond to the test outcome
and ultimately guide the decision-making process toward the best solu-
tion. When designing a DT, overfitting issues are common to appear,
as they often arise from an excessive number of tree levels or a small
number of observations reaching a terminal node.50 For that reason,
several variations of DTs are widely used.51

Extremely randomized trees, or extra trees (ET),32 are an exten-
sion of the random forest algorithm, but even more random. The ET
algorithm creates a large set of decision or regression trees that
undergo no simplification or pruning. When compared to other con-
ventional tree structure algorithms, one might find two main differ-
ences: First, they utilize the entire data to build trees, and second, they
introduce an additional randomness to the algorithm evolution by ran-
domly selecting both the feature and split value at the node-splitting
step. These characteristics help ET to become less susceptible to over-
fitting and achieve better overall performance.52 To further mitigate
the overfitting issues, a repeated k-fold cross validation is employed. In
k-fold cross validation,53 the dataset is partitioned into k-subsets of
equal size. Then, the algorithm uses the k-1 subsets to be trained on,
and evaluate its performance on the one dataset that has not been
used. It repeats the procedure k times and it estimates the final accu-
racy by the average performance metrics of the unseen folds. Due to
the fact that the above procedure highly depends on the selected ran-
dom state, a repetition into n-times provides a more reliable assess-
ment of the performance across multiple splits. In the present work,
the procedure has been repeated ten times (n ¼ 10) across five folds
(k ¼ 5) and no signs of overfitting were observed.

2. Symbolic regression

Symbolic regression (SR) is a ML-based procedure for the extrac-
tion of a symbolic expression, capable of describing a given dataset, up
to a certain extent. Among the various approaches for implementa-
tion,33 the most prominent involve integrating features of genetic pro-
gramming (GP).54 This type of algorithms, exploit a tree-based
structure to translate the outcome to a symbolic form. In contrast to
DTs, in symbolic expression each node represents a mathematical
operator (e.g.,þ, �, �, �, pow) or function (e.g., expðxÞ, logðxÞ),
which are connected via branches to materialize the final expression.
By searching different combinations between features to achieve opti-
mal results, it does not provide a single outcome. Instead, it proposes a
pool of expressions usually with a ranging complexity.

The key advantage of SR over conventional, non-interpretable
ML models is its ability to provide a clear and direct correlation
between input parameters, without the need to account for prior
knowledge as it is data-driven. This, in turn, can facilitate the better
understanding of feature interactions and offer a practical guide to
focus on key areas. However, the dimensionality of the input space has
to remain relatively small,55 since high dimensionality data return a
very large search space, and this in turn, may yield a vast number of
candidate equations of increased complexity.51

For the SR implementation, the framework is based on the open
python-julia software PySR56,57 and our own python code. The expres-
sion optimization process is carried along with an estimation of the
expression complexity, which is analogous to the number of nodes

used in the tree-structure, and the mean squared error based on the
loss function, given by58

MSE ¼ 1
n

Xn
i¼1

ðyi � ŷiÞ2; (4)

where yi and ŷi refer to the experimental and prediction values of the
dependent variable. Furthermore, a series of runs are performed, each
one at a different random state. The goal is to find a form of symbolic
expression that remains robust to the variations in the training data,
enhancing their generalization ability. The form of the final proposed
expression should keep reappearing despite the randomness on GP
and also should achieve high accuracy metrics.

Clearly, PySR may not export the perfect expression, but it pro-
vides a set of potential expressions drawn from a set that seems infi-
nite.59 To address this issue, an additive optimization step, using
SciPy’s minimize60 with method set to “L-BFGS-B” and an MSE loss
function is introduced, while an exponential boundary to restrict the
search to positive values only is applied. Moreover, to obtain a compre-
hensive understanding of the potential true values, a 95% bootstrap
confidence interval for each of the optimized parameters is calculated.
That process is carried out using only the training dataset. Each one of
the optimized values for the constant parameters and exponents of the
selected expression are given in the format XUpper bound

Lower bound , where X
denotes the mean of the confidence interval.

Finally, to account for interpretability and overfitting issues, sim-
ple expressions are prioritized (complex functions are more likely to
lead to overfitting61,62). The confidence in avoiding overfitting is fur-
ther enhanced by evaluating the consistency of accuracy metrics across
the training, validation, and test datasets. As with the ET algorithm,
the SR expressions show no signs of overfitting.

III. RESULTS AND DISCUSSION

Nine different subsets referring to the standard, high iota and
high mirror magnetic configurations with three cluster in terms of the
fraction of radiated power frad are considered and the corresponding
neutral gas pressures are predicted via the ET and SR models. The for-
mer one can capture complex inter-dependencies between the system
variables, while on the contrary, the latter one seeks to reveal the
underlying mechanism that generates the final pressure value by link-
ing the independent variables to form an expression. The ML model
accuracy is interpreted through its identity plots, where the predicted
values ŷi are plotted on the y-axis, vs the experimental ones yi on the
x-axis. The predictions are improved as R2 increases and AAD
decreases.

Given that the two ML models operate differently, in Sec. IIIA, a
feature importance analysis is presented to identify the most influential
plasma parameters on the estimation of the neutral gas pressure. This
is based on the ET predictions, due to its ability to capture, in a
straightforward manner, the inter-dependencies between pn and each
of the involved independent variables. Then, in Sec. IIIB, the accuracy
of the ET algorithm is evaluated on two different occasions: first, by
considering every available parameter to estimate pn and second, by
using only the key features. Next, based on these results, in Sec. III C,
the SR procedure is applied to derive expressions that link the depen-
dent variable to the dominant independent variables. Finally, in Sec.
IIID, a comparison between the ET and SR models is performed.
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A. Feature importance analysis and identification
of the key plasma parameters

The employed datasets are statistically analyzed by a feature
importance analysis, via the SHapley Additive exPlanations (SHAP)
approach, which may explain the output of any ML model.63–65 The
so-called SHAP value is an importance value of each input parameter
and represents the effect of including this specific parameter in the ML
model. In the present framework, SHAP values are obtained for each
of the input (independent) variables in the plasma parameter set [ne,
Pheat , Prad , Icc, Itor , Tc, Te] and represent the importance of including
the corresponding input variable in the prediction of pn.

Figure 5 presents the feature importance plots based on the
SHAP values for the ET algorithm for each of the three clusters of
the standard, high iota and high mirror configurations. In the y-axis
the ranking of the input plasma parameters is outlined, in descending
order, measured by the mean absolute SHAP value, given in a square
bracket [�], vs the corresponding SHAP value for each data point in
the x-axis. The color of each point on the graph represents the value of
the corresponding parameter, with red and blue indicating high and
low values, respectively. Each point represents a row from the original
dataset, where, relative to the mean prediction, positive SHAP values
for a feature indicate it pushes the prediction higher than the mean,

FIG. 5. SHAP value plots of the ET algorithm, for each magnetic configuration and cluster; the y-axis shows the ranking of input plasma parameters, measured by the mean
absolute SHAP value, in the square brackets [�]), while the x-axis displays the SHAP value of each data point.
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and negative values indicate it pushes the prediction lower. For exam-
ple for the standard configuration and cluster 1, the red and blue data
points of ne indicate values close to the maximum and minimum ones
respectively, as they are defined in Table IV (max ne ¼ 10:58� 1019

m�2, min ne ¼ 0:82� 1019 m�2). Input parameters at the top of the
list are expected to have higher influence on the final estimation of
the model, than the ones at the bottom, as the final ranking is based on
the mean absolute SHAP value.66

The electron density ne is ranked in clusters 1 and 3 of the stan-
dard and high iota, as well as in all clusters of the high mirror configu-
rations, clearly as the most important input parameter. Of course, in
each of these cases the distance between ne and the second important
input parameter may vary, but it always remains significantly large. In
cluster 2 of the standard and high iota configurations, ne remains in
the top, but it is followed in the former case, very closely, by Icc and
in the latter one, not as closely, by Pheat and Prad . Actually, based on
the mean absolute SHAP values, it may argue that in all magnetic con-
figurations, the set of influential plasma parameters include, in addi-
tion to ne, the heating and radiating powers Pheat and Prad , as well as
the coil control current Icc in the standard configuration. In all cases,
the importance of Pheat is larger than that of Prad , while the importance
of Icc clearly surpasses the importance of Pheat in clusters 2 and 3 of the
standard configuration. The mean absolute SHAP values of the
remaining input parameters Tc, Te and Itor , although in some cases are
close to the ones of Prad , always remain smaller. The preliminary corre-
lations between the neutral gas pressure and the plasma parameters,
obtained in Sec. IIA, based on the Pearson coefficients, are in qualita-
tive agreement with the present feature importance results.

Based on the above, in Table I, the most important input parame-
ters in each magnetic configuration and cluster, with their mean abso-
lute SHAP values, are provided. Although there are no strict threshold
SHAP values in order to include and exclude some parameter, in the
high iota and high mirror configurations, the mean absolute SHAP

values of the selected parameters [ne, Pheat , Prad] are several times
larger compared to the not selected ones and therefore their inclusion
is statistically clearly justified. In the standard configuration, the selec-
tion is not as straightforward, but for uniformity purpose and consid-
ering that it is better to add rather than to omit some parameter, in all
three clusters the selected parameters are [ne, Pheat , Prad , Icc]. The influ-
ential sets of parameters will be employed, with different objectives, in
Secs. III B and IIIC.

It should be noted that although the SHAP approach identi-
fies the most important parameters, relying solely on the data mea-
surements and the selected ML model, the results are in agreement
with previous theoretical and experimental approaches.29,46 For
example, the strong dependency of pn on ne and Pheat is well-
expected, based on physical principals, while its high dependency
on Icc may also be explained since the positioning of the strike lines
with regard to the divertor gap openings are affected by Icc. Also, in
the high iota configuration, the SHAP approach ranks Itor as the
most unimportant parameter, which can be justified, as in this
configuration the particle flow rates are significantly slower than in
the standard one. Overall, the present statistical analysis may sup-
port the physical interpretation of the effect of plasma parameters
on the neutral gas pressure.

B. Predicted neutral gas pressure via the extra trees
approach

The neutral gas pressure pn is predicted based on all seven plasma
parameters and then validated the deduced set of influential parame-
ters, obtained in Sec. IIIA, by predicting again pn, using only the
important parameters. In Figs. 6 and 7, identity plots, trained on all
input parameters and only on the important ones, respectively, are
provided for the ET predictions in the standard, high iota and high
mirror configurations, accordingly grouped in their perspective frad
clusters. Training, validation and test data points are distinguished by
the different shapes and colors. In each case, the corresponding R2 and
AAD values of the test dataset are displayed. The associated residual
plots, i.e., the experimental minus predicted values (yi � ŷi ) are also
provided in the bottom right corner of each subfigure to illustrate the
discrepancy and to offer a visual representation of the points used to
calculate AAD.

In all cases, either using all parameters or only the most influen-
tial ones, the ET algorithm performs extremely well, consistently yield-
ing strong statistical measures of accuracy. In the former case (Fig. 6)
the reported values of R2 are in the high iota configuration 0.996–
0.997, which are considered as almost perfect, in the standard configu-
ration 0.989–0.995 and in the high mirror configuration 0.983–0.987.
The small deterioration observed in the high mirror case is mainly
contributed, to the relatively small size of the dataset and the relatively
low values of measured pressures (Table III). In the latter case (Fig. 7),
the corresponding values of R2 are 0.993–0.995, 0.985–0.987 and
0.960–0.974. The reduction of R2 from the former to the latter case is
considered as marginal. Similarly, as seen in Figs. 6 and 7, the associ-
ated increase in AAD is very small. These observations clearly demon-
strate that the ET model provides very reliable predictions of the
neutral gas pressure, based either on all or important parameters and
thus, the set of key parameters in each magnetic configuration, is prop-
erly selected.

TABLE I. Most important parameters in each magnetic configuration and cluster with
their mean absolute SHAP values in brackets.

Standard configuration - AEI port

Cluster ne Pheat Prad Icc

1 [47.22] [19.49] [10.17] [10.76]
2 [56.40] [16.22] [8.77] [56.17]
3 [62.91] [31.46] [13.48] [46.61]

High iota configuration - AEP port
Cluster ne Pheat Prad
1 [88.74] [56.86] [34.00]
2 [49.91] [41.26] [39.30]
3 [125.14] [68.14] [50.12]

High mirror configuration - AEI port
Cluster ne Pheat Prad
1 [19.77] [6.46] [3.15]
2 [15.62] [9.91] [3.75]
3 [15.65] [10.75] [9.36]
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C. Predicted neutral gas pressure via the symbolic
regression approach

As noted above, in contrast to ET, SR can show in a more
straightforward manner the parameters that considers as most impor-
tant, by incorporating them directly into the symbolic expressions.
However, data dimensionality must remain low, since inclusion of
many variables increases complexity and yields a non-manageable vast
set of candidate equations. Thus, the present SR analysis is performed
employing only the sets of important parameters.

In Ref. 23, where the effect of the plasma parameters [ne, Pheat ,
frad , Itor , Tc, Te] on the neutral gas pressure pn of W7-X for the stan-
dard, high iota and high mirror magnetic configurations, based on the
SR approach, have been investigated, and the following two-parameter
expressions:

pn ¼ a1 n
a2
e Pa3

heat ; (5)

have been proposed. For all cases considered, the values of the con-
stants a, b, and c are provided in Table VII in Ref. 23.

Here, this analysis is repeated by employing the most influen-
tial parameters, defined in Table I, namely [ne, Pheat , Prad , Icc] in
the standard configuration and [ne, Pheat , Prad] in the high iota and
high mirror configurations. For each of the nine datasets consid-
ered, the SR process (outlined in Sec. II) has been applied, per-
forming numerous SR calculations, and the dominant expressions
have been extracted. Then, by following the same strategy as in
Ref. 23, i.e., by compromising between accuracy, complexity and
generality, as well as expression form repeatability across different
random states, the following closed form expressions are proposed
for the estimation of pn.

FIG. 6. Identity plots of the ET model trained on all investigated parameters for the standard, high iota and high mirror magnetic configurations, grouped by their respective frad
clusters. In each case, the corresponding R2 and AAD values of the test dataset are reported. The inset shows the residual plot (yi � ŷi ).
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In the standard configuration for all three clusters, the proposed
expressions contain three parameters, namely, ne, Pheat , and Icc, and
are given by

pn ¼ a1 n
a2
e ðPheat þ a3Þa4 ðIcc þ a5Þa6 ; (6)

with the constants ai; i ¼ 1; 2;…6 being optimized to the specific
cluster of frad . Their values can be found in Table II, represented in the
95% confidence interval format, as mentioned in Sec. II. In addition, in
Table II, the two statistical measures of accuracy, R2 and AAD, of the
three-parameter expression (6), along with the corresponding accuracy
metrics of the two-parameter expression (5),23 are employed. Clearly,
the present symbolic expressions, compared to the previous ones, dem-
onstrate stronger performance, achieving values of R2, higher than 0.9,
with the corresponding AAD values also indicating minimal deviations
from the actual measurements. Also, the three-parameter expressions

(6) have closer resemblance with corresponding expressions, obtained
via typical regression methods,67 with the exception that they incorpo-
rate a correction factor added to the heating power. The importance of
Icc, which has been clearly shown via the feature importance and ET
results, here is explicitly demonstrated in the SR expression. This is in
good agreement with the experimental data,34,35 as for positive values,
strike lines move closer to the gaps, thereby enhancing pn, while nega-
tive Icc reduces pn further, as the strike lines shift away.

In the high iota and high mirror configurations, although the
associated six datasets are slightly different than the ones in Ref. 23,
since the radiated power Prad is explicitly included, the proposed SR
expressions for all clusters considered are exactly the same as the two-
parameter expressions (5), reported in Ref. 23. It is evident that, in all
three magnetic configurations, SR does not favor expressions contain-
ing Prad , or more precisely, the accuracy improvement obtained by

FIG. 7. Identity plots of the ET model trained only on the key parameters for the standard, high iota and high mirror magnetic configurations, grouped by their respective frad
clusters. In each case, the corresponding R2 and AAD values of the test dataset are reported. The inset shows the residual plot (yi � ŷi ).
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including Prad in the symbolic expressions is marginal. On the con-
trary, it always favors the inclusion of ne and Pheat in all three magnetic
configurations, as well as of Icc in the standard configuration. It is
noted that since the employed datasets of the high iota and high mirror
configurations do not contain any current coil data dependency, it is
not possible to examine, in these cases, the effect of Icc on pn. However,
based on the results of the standard configuration, via the SR, as well
as the ET models, the importance of Icc in these two should be exam-
ined as soon as experimental data are available.

D. Comparison between extra trees and symbolic
regression models

Here, a more thorough description on the effectiveness of the ET
model and the SR two- and three-parameter expressions, defined in
Eqs. (5) and (6) respectively, is performed by comparing directly with
the experimental data (Fig. 8) and examining the relative error between
predicted and actual data (Figs. 9 and 10). The comparison study is

focused on the standard configuration and the ET predictions are
made by harnessing only the information of the most important
parameters (Table I).

In Fig. 8, the predicted and experimental neutral gas pressure
pn (y-axis) are plotted against the line integrated electron density ne
(x-axis), represented by different colors that depict the heating power
Pheat . The comparison takes place for all ML models. Each one is
trained and subsequently predicted pn within its corresponding cluster
and the predictions are then compiled and displayed in single figures.

All models capture the average trend of the experimental data,
despite their significant scatter. The two-parameter SR expression
[Fig. 8(a)] proposes a more compact behavior of pn, whereas the three-
parameter one [Fig. 8(b)] demonstrates a broader distribution of pre-
dictions that correspond more closely to the actual values [Fig. 8(d)].
Upon closer examination, the two-parameter expression exhibits a
trend characterized by a sharper increase in pn at high values of ne
and Pheat (ne > 9� 1019 m�2 and Pheat > 3 MW), while on the con-
trary, the three-parameter expression shows additional “behavior

TABLE II. Standard configuration (AEI port) - constants ai , i ¼ 1; 2;…; 6 of the SR expressions (6), with a 95% confidence interval, and the associated R2 and AAD values.

Cluster

Equation (6) (present work) Equation (5) (Ref. 23)

a1 a2 a3 a4 a5 a6 R2 AAD R2 AAD

1 4:346:232:9 1:151:181:11 0:253:13�0:53 0:570:820:38 4:074:813:28 0:660:770:53 0.93 18.850 0.91 21.612
2 5:1510:02:85 1:271:321:2 3:234:641:84 0:690:80:53 1:493:340:34 0:330:610:15 0.92 32.511 0.87 40.545
3 2:923:832:4 1:511:651:38 3:664:753:08 0:70:850:57 1:853:060:37 0:270:40:12 0.92 36.927 0.89 42.020

FIG. 8. Predicted and experimental neu-
tral gas pressure pn (y-axis) vs line inte-
grated electron density ne (x-axis), color-
coded by heating power Pheat for the stan-
dard configuration; SR two-parameter
expression (a), SR three-parameter
expression (b), ET model (c), and experi-
mental data (d).
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streamlines” that maintain lower pn levels at these instances, more
closely to the actual data. Although this is not a concern within the
investigated dataset, as the statistical error remains acceptable, it may
pose problems when extrapolating pn estimates to higher values of ne
and Pheat , as the two SR expressions may exhibit different behavior.
Furthermore, predictions from the ET model [Fig. 8(c)] are highly
accurate, exhibiting only minor inconsistencies, detectable through sta-
tistical measures but not easily visible to the naked eye.

In Fig. 9, the relative errors (RE) of the SR two- and three-
parameter expressions and the ET model (y-axis) are provided against
the actual values of pn (x-axis). The RE are expressed as

RE ¼ yi � ŷi
yi

� 100; (7)

where yi and ŷi refer to the experimental and predicted pressure val-
ues, respectively. Columns represent the predictions on the corre-
sponding frad , while rows represent the ML models. The horizontal
lines in each plot represent prediction errors of 25%, 50%, and 100%
and are included as visual guides, while the insets in each subfigure
provide the number of data points within the corresponding relative
error.

Across all three clusters and ML models, the majority of predic-
tions fall within a 25% error range. Clearly, the relative errors on the
ET model are significantly smaller than in the SR models. More specif-
ically, in the ET model, the RE is larger than 25% in cluster 1 only for a
very small number of points (46 out of 4406 data points), while in clus-
ters 2 and 3 is, in most cases, much less than 25%. Comparing the rela-
tive errors between the SR models, in clusters 2 and 3, the three-
parameter expression, as expected, clearly outperforms the two-
parameter one. In cluster 1, the latter expression yields more predic-
tions within the 25% error threshold than the former one, but this situ-
ation is reversed when the 50% error limit is considered. This may
imply that the inclusion of Icc in the closed form expressions is needed
more in clusters 2 and 3, than in cluster 1, i.e., when frad > 0:25. This
can be attributed to the fact that clusters 2 and 3 exhibit higher Icc val-
ues than cluster 1 (as shown by the mean Icc values in Table IV), which
in turn indicates that the strike lines lie closer to the gaps.

It is also observed that, in general, the errors mostly occur at
lower pressure values, where all three ML approaches consistently
overestimate the predicted pressure. These very low pressures are
probably of no practical interest. In contrast, at higher pressure read-
ings, the errors of the SR expressions are reduced and tend to underes-
timate the true values, while the ET model consistently produces very
accurate predictions.

To further investigate the behavior of the ML models in terms of
the most important plasma parameters, in Fig. 10, the contour plots of
the relative errors RE of all ML models are provided in a coordinate
system with ne in the x-axis and Pheat in the y-axis, color-coded by the
magnitude of RE. The columns refer to cases Icc ¼ ½0; 1; 2�, while the
top three rows represent the MLmodels and the bottom row the actual
data, where coloring accounts for the experimental pn values.

The ET algorithm demonstrates negligible deviations from the
actual data, as indicated by the black and dark red regions in Fig. 10
(excellent predictions). Compared to ET, the SR models demonstrate
larger deviations from the actual data, as indicated by the bright red
color (very good predictions), followed by a moderate amount of blue
(good predictions) and a hint of yellow (relatively poor predictions).

Clearly, the three-parameter expression outperforms the two-
parameter one, since the yellow and blue regions are significantly
reduced, particularly in the cases of Icc ¼ ½1; 2�. In the case of Icc ¼ 0,
the RE of the two SR expressions are close to each other, but the three-
parameter expression still remains more reliable, since the bright red
regions, compared to the blue ones, are reduced. In this case, the form
of SR expressions (5) and (6) is very similar, and the better perfor-
mance of Eq. (6) may be contributed to the correction factor a3, which
is added to Pheat . When Icc ¼ 0, the SR discrepancies are relatively
small at moderate values of ne and they increase at small and large val-
ues of ne and this may be due to the larger number of data points
encountered in moderate values of ne, compared to the other two
regions.

Closing this subsection, it is noted that although the ET model
exhibits excellent accuracy on the training dataset it may struggle to
generalize to unseen values, while the extrapolation capability of the
SR predictions suggests that the expressions may capture, to a certain
extent, the underlying physical mechanisms governing pn.

IV. CONCLUDING REMARKS

The neutral gas pressure pn in the sub-divertor of W7-X is pre-
dicted, via machine learning (ML), based on the actual data of seven
plasma parameters of the OP1.2b experimental campaign for the stan-
dard, high iota and high mirror magnetic configurations. To better
capture the changing behavior moving from attached to detached
plasma conditions, the dataset in each configuration is divided into
three clusters with regard to the fraction of radiated power frad result-
ing to nine datasets. The data are statistically analyzed by the Pearson
coefficients and a feature importance analysis. The former one pro-
vides the pairwise relation of pn with each of the plasma parameters,
while the latter one clearly identifies, via the SHAP approach, the most
important plasma parameters affecting the estimation of pn. Then, pn
is predicted by two ML methods, namely, the extremely randomized
trees (ET) and symbolic regression (SR) models. The effectiveness of
the two ML models, which operate differently, is thoroughly examined
by extensive comparisons between the estimated and actual values of
the neutral gas pressure.

The feature importance analysis identifies, in the standard config-
uration, the parameters [ne, Pheat , Prad , Icc] and in the high iota and
high mirror configurations, the parameters [ne, Pheat , Prad] as the most
influential ones. In all cases considered, the line integrated electron
density ne is ranked as the most dominant parameter, while the heat-
ing power Pheat , followed by the radiated power Prad , are always
included in the key parameters. In the standard configuration, when
frad > 0:25, the coil control current Icc has also been ranked very high,
even higher than Pheat and close to ne. Since the employed datasets of
the high iota and high mirror configurations do not contain any cur-
rent coil data, the effect of Icc on pn has not been considered. The other
examined plasma parameters, which include the center and edge tem-
peratures and the toroidal current, are always ranked at the end of the
list and are considered as not so important.

By exploiting the capability of classical ML models to handle mul-
tidimensional data and identify complex interconnections within the
input parameter space, the ET has been applied to deduce pn, using all
seven plasma parameters, as well as the most important ones. In both
cases, almost perfect agreement with actual data is obtained, with the
coefficient of determination R2 � 0:96, confirming the expected ability

Physics of Plasmas ARTICLE pubs.aip.org/aip/pop

Phys. Plasmas 33, 012501 (2026); doi: 10.1063/5.0305811 33, 012501-13

VC Author(s) 2026

 02 January 2026 16:56:09

pubs.aip.org/aip/php


of the ET model to produce very accurate results and validating the
selected key parameters. However, the ET model lacks interpretability
behind its predictions and may struggle to generalize to unseen values.
To overcome these pitfalls, the SR model is also applied to derive
closed form expressions that correlate the investigated parameters.

The SR investigation is based only on the key parameters,
since the data dimensionality must remain low to better exploit the

method characteristics (e.g., clear connection between pn and
plasma parameters, extrapolation capability of its predictions, dis-
closing underlying physical mechanisms). The proposed closed
form expressions in each magnetic configuration include [ne, Pheat ,
Icc] in the standard configuration and [ne, Pheat] in the high iota
and high mirror configurations (i.e., all associated key parameters,
except Prad , which consistently is not selected by SR). Although the

FIG. 9. Relative error RE (%) of ML models (y-axis) vs actual values of pn (x-axis) for the standard configuration; columns correspond to the respective frad clusters, while rows
represent the SR two- and three-parameter expressions and the ET model (trained on key parameters). Horizontal reference lines at 25% (red), 50% (green), and 100% (blue)
errors serve as visual guides.
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pn predictions of SR lag behind those of ET, they still demonstrate
very good performance, with R2 � 0:92. Here, the dependency of
pn on the plasma parameters is explicitly demonstrated in the SR
expressions.

Furthermore, in the standard configuration, a detailed and thor-
ough comparison of the pn predictions, deduced by the ET model and
the three-parameter closed form expression obtained by SR, is per-
formed. The comparison also includes a previously obtained two-
parameter SR expression,23 which has been deduced using similar sets
of parameters, but without the parameter Icc. It has been found that all
models capture the average trend of the experimental data. However,
the two-parameter SR expression exhibits a compact pattern, whereas

the three-parameter one demonstrates a disperse distribution of pre-
dictions that better represent the actual values and has greater potential
for extrapolating to unseen pn estimates. The ET model yields nearly
perfect predictions from a statistical standpoint, with only minor devi-
ations. Notably, in all models the majority of computed relative errors
between actual and predicted data fall within a 25% threshold, with
most of them occurring in the lower-pressure regime.

The present investigation provides valuable insights into the iden-
tification of the key plasma parameters affecting the sub-divertor neu-
tral gas pressure and its very accurate prediction via the ET and SR
methods, covering, in parallel, the positive and negative aspects of each
of the employed ML approaches. The presented interconnection

FIG. 10. Contour plots of relative error RE (%) of ML models for the standard configuration plotted on a coordinate system (ne, Pheat ) and color-coded by error percentage; col-
umns correspond to Icc ¼ ½0; 1; 2�, while rows represent the SR two- and three-parameter expressions, the ET model (trained on key parameters) and the experimental
measurements.
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between the sub-divertor and plasma parameters and conditions, may
support the design and optimization of the particle and impurity
exhaust system of W7-X and other fusion reactors. Furthermore, the
present work is broadening the scope of ML applications in fusion.

Future work will primarily focus on evaluating and refining the
present study using the experimental data fromW7-X OP2.2 and OP2.3
campaigns, which however still require some post-processing and vali-
dation before applied in ML studies. This constitutes a key step in cali-
brating the effectiveness of ET and SR predictions under different
experimental conditions. Emphasis will be placed on improving the SR
expressions, as they provide transparent and interpretable representation
of the interdependencies among the investigated parameters. To do so,

physical insights will be used not only as an expression selection crite-
rion, but also as part of the training procedure. Furthermore, all afore-
mentioned methodologies will be designed by using, not only MSE-
based loss functions, but also physics-informed approaches that inte-
grate partial differential equations and/or analytical expressions (e.g., the
two-point model) directly into the loss function, thereby enhancing both
accuracy and physical consistency of predictions.
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TABLE III. Range, mean and standard deviation of measured neutral gas pressure and plasma parameters for the standard (AEI port), high iota (AEH) and high mirror (AEI)
configurations.

pn ð10�6 mbar) ne ð1019 m�2) Pheat (MW) Prad (MW) Itor (kA) Icc (kA) Tc (keV) Te (keV)

Standard - AEI (No. of datapoints: 8856)
Min 7.60 0.82 0.34 0.05 �2.73 �0.50 0.33 0.10
Max 1138.04 13.52 7.06 4.97 10.00 2.50 10.98 3.17
Mean 225.41 5.85 3.29 1.00 2.38 0.29 2.98 0.78
Std. 148.63 2.30 1.12 0.67 1.99 0.67 1.63 0.42

High iota - AEP (No. of datapoints: 3797)
Min 28.45 0.91 0.46 0.14 �3.33 0.00 0.28 0.18
Max 1568.78 12.02 6.24 3.16 1.70 0.00 11.57 2.72
Mean 251.29 4.56 2.31 0.74 �0.67 0.00 3.14 0.70
Std. 221.87 1.82 1.16 0.43 0.73 0.00 1.38 0.34

High mirror - AEI (No. of datapoints: 1587)
Min 14.16 1.38 0.75 0.20 �0.08 0.00 0.03 0.00
Max 245.16 8.21 5.26 3.35 7.93 0.00 9.04 1.34
Mean 111.17 4.34 2.91 0.85 1.25 0.00 3.81 0.62
Std. 36.26 1.19 0.90 0.44 0.93 0.00 1.46 0.18

TABLE IV. Range of measured neutral gas pressure and plasma parameters for the three frad clusters in standard configuration at the AEI port.

pn ð10�6 mbar) ne ð1019 m�2Þ Pheat (MW) Prad (MW) Itor (kA) Icc (kA) Tc (keV) Te (keV)

Cluster 1 - frad 2 ð0; 0:25Þ No. of datapoints: 4406
Min 18.63 0.82 0.90 0.05 �0.15 �0.50 0.75 0.14
Max 756.93 10.58 7.06 1.67 10.00 2.50 10.98 3.17
Mean 157.39 4.55 3.26 0.55 3.06 0.14 3.78 0.95
Std. 97.04 1.84 1.11 0.24 2.22 0.51 1.66 0.45

Cluster 2 - frad 2 ð0:25; 0:50Þ No. of datapoints: 2937
Min 23.19 1.87 0.37 0.17 �2.73 0.00 0.52 0.12
Max 1027.63 13.26 6.82 3.02 8.35 2.50 10.28 1.85
Mean 284.55 6.99 3.47 1.21 1.85 0.43 2.37 0.63
Std. 145.33 1.93 1.10 0.45 1.50 0.77 1.22 0.33

Cluster 3 - frad 2 ð0:50; 0:80Þ No. of datapoints: 1513
Min 7.60 1.68 0.34 0.20 �1.32 0.00 0.33 0.10
Max 1138.04 13.52 6.25 4.97 7.45 2.50 6.94 1.62
Mean 308.72 7.44 3.05 1.91 1.39 0.45 1.84 0.55
Std. 183.61 1.98 1.15 0.77 1.24 0.76 0.91 0.24
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TABLE VI. Range of measured neutral gas pressure and plasma parameters for the three frad clusters in high mirror configuration at the AEI port.

pn ð10�6 mbar) ne ð1019 m�2Þ Pheat (MW) Prad (MW) Itor (kA) Icc (kA) Tc (keV) Te (keV)

Cluster 1 - frad 2 ð0; 0:30Þ No. of datapoints: 800
Min 14.16 1.38 1.06 0.20 �0.05 0.00 0.03 0.00
Max 216.51 8.21 5.26 1.40 7.93 0.00 9.04 1.34
Mean 107.65 4.16 3.11 0.63 1.35 0.00 4.16 0.70
Std. 33.22 1.22 0.84 0.23 1.04 0.00 1.71 0.21

Cluster 2 - frad 2 ð0:30; 0:50Þ No. of datapoints: 428
Min 28.90 1.92 0.75 0.33 �0.04 0.00 0.78 0.37
Max 219.42 7.15 4.78 2.20 3.70 0.00 5.25 0.76
Mean 110.62 4.39 2.65 1.01 1.12 0.00 3.49 0.55
Std. 34.78 1.11 0.85 0.34 0.79 0.00 0.97 0.05

Cluster 3 - frad 2 ð0:50; 0:80Þ No. of datapoints: 168
Min 46.72 2.11 0.91 0.58 �0.08 0.00 1.19 0.41
Max 245.16 7.66 4.52 3.35 2.19 0.00 4.74 0.63
Mean 127.88 4.92 2.50 1.52 0.96 0.00 3.16 0.50
Std. 52.39 1.28 1.01 0.66 0.64 0.00 0.71 0.05

TABLE V. Range of measured neutral gas pressure and plasma parameters for the three frad clusters in high iota configuration at the AEP port.

pn ð10�6 mbar) ne ð1019 m�2Þ Pheat (MW) Prad (MW) Itor (kA) Icc (kA) Tc (keV) Te (keV)

Cluster 1 - frad 2 ð0; 0:30Þ No. of datapoints: 1442
Min 44.37 0.91 0.58 0.14 �3.33 0.00 0.47 0.40
Max 1568.78 11.44 6.24 1.80 1.70 0.00 11.57 2.72
Mean 237.37 4.04 2.46 0.54 �0.57 0.00 3.56 0.93
Std. 248.82 2.03 1.34 0.33 0.81 0.00 1.44 0.41

Cluster 2 - frad 2 ð0:30; 0:50Þ No. of datapoints: 2061
Min 28.45 1.68 0.46 0.15 �2.24 0.00 0.58 0.22
Max 1501.71 11.49 5.76 2.37 1.46 0.00 6.79 1.86
Mean 239.71 4.80 2.21 0.82 �0.75 0.00 2.91 0.53
Std. 156.65 1.23 0.89 0.36 0.63 0.00 1.16 0.15

Cluster 3 - frad 2 ð0:50; 0:80Þ No. of datapoints: 294
Min 29.92 1.26 0.53 0.26 �2.80 0.00 0.28 0.18
Max 1365.28 12.02 5.10 3.16 0.84 0.00 6.43 1.19
Mean 396.95 6.27 2.14 1.24 �1.24 0.00 2.01 0.47
Std. 289.75 2.37 1.14 0.66 0.59 0.00 1.15 0.14
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APPENDIX: EMPLOYED DATASETS OF THEW7-X
OP1.2B CAMPAIGN

Table III provides the key statistics of the three datasets, along
with the units of all measured quantities. Also, the number of data
points in each of the three datasets is specified, with the standard,
high iota and high mirror configurations counting 8856, 3787, and
1587 data. As it is well known, the highest pressures are in the high
iota configuration, followed by the ones in the standard configura-
tion, while the pressures in the high mirror configuration are signifi-
cantly lower. Also, Icc takes in the standard configuration the values
[�0:5; 0;…; 2:5] while in the high iota and high mirror configura-
tions always Icc ¼ 0 (not available data for Icc 6¼ 0) and therefore, its
effect on pn is examined only in the former case. Additionally,
Tables IV–VI shows characteristics and statistics of the nine data-
sets (three clusters for each magnetic configuration) employed in
the present work.
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