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Abstract
A machine learning approach, namely symbolic regression (SR), is applied in the stellarator
Wendelstein 7-X (W7-X), to investigate the effect of six plasma parameters (line integrated
electron density, heating power, toroidal plasma current, fraction of radiated power, core and
edge ion temperatures) on the sub-divertor neutral gas pressure. Based on the data from the
OP1.2b experimental campaign, closed-form expressions of the neutral gas pressure in terms of
the plasma parameters are deduced for the standard, high iota and high mirror magnetic
configurations at three different ports of the exhaust system. While common regression schemes
assume a predetermined functional form, SR autonomously discovers, via genetic
programming, the functional structure of the model, purely from data. In all cases, the optimized
data driven SR framework clearly points out that, in estimating the neutral gas pressure, the
most dominant parameters are the electron density and the heating power, while the remaining
plasma parameters have minor impact, at least from the statistical point of view and may not be
included in the correlations. Balancing model generality, complexity(COMP) and accuracy for
all considered magnetic configurations and ports, the proposed closed form expressions contain
only the product of electron density and heating power raised at some powers, times a constant.
The proposed two-parameter symbolic expressions, exhibiting low COMP and excellent
accuracy metrics, provide a practical and analytical tool for the acceleration of the neutral gas
pressure calculations, that are otherwise computationally very expensive and for the overall
performance assessment of the W7-X exhaust system. They may also contribute to more
efficient experimental design and operation. performance assessment of the W7-X exhaust
system. They may also contribute to more efficient experimental design and operation.

Keywords: symbolic regression, machine learning, fusion energy, W7-X, sub-divertor,
neutral gas exhaust system
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1. Introduction

The performance of the exhaust system in fusion devices
depends on the core and edge plasma parameters and is char-
acterized by the neutral gas pressure and fluxes at the diver-
tor opening gaps, the pumping speed of the vacuum pumps
and the conductance of the sub-divertor domain. Considering
that the sub-divertor geometry is subject to numerous opera-
tional and maintenance constraints that are not easily altered
and since the exhaust rate is the product of the effective pump-
ing speed times the sub-divertor neutral pressure, it is evident
that for a given pumping speed the neutral gas pressure is of
major importance and should be adequate high to yield exhaust
optimization.

Tokamak (poloidal) divertors have been extensively studied
to optimize the gas exhaust systems and achieve adequately
high neutral gas pressures and divertor fluxes (see e.g. [1, 2]
and references therein). On the contrary, in stellarators, where
the edge plasma physics is more complex (3D effects are dom-
inant), the divertor research has started more recently and the
measured neutral gas pressures remain, in most cases, relat-
ively low (about two orders of magnitude less than in toka-
maks). During the OP1.2b Wendelstein 7-X (W7-X) experi-
mental campaign the sub-divertor neutral gas pressure, in sev-
eral toroidally and poloidally distributed positions, along with
the associated parameters in the core and edge of the plasma,
have been systematically measured for a large number of dis-
charges in all main magnetic configurations and most of the
data have been presented and analyzed in the literature [3–
10]. It turns out that the divertor density is approximately dir-
ectly proportional to the density in the plasma and even in the
OP2.1 W7-X campaign with the newly installed cryo-pumps,
the neutral gas pressures in the sub-divertor are in the range
of only 10−2 Pa (max. 0.1 Pa) [11, 12]. Thus, the flow is
in the free molecular regime and particle exhaust capabilities
remain limited. Only, in the recently discovered low temperat-
ure mode of the helical divertor of the Large Helical Device,
neutral gas pressures around 1 Pa, combined with particle
detachment, have been reported. In this case, the divertor dens-
ity is proportional, approximately, to the third power of the
plasma density, demonstrating that 3D divertors of stellarat-
ors may achieve particle exhaust performance, comparable to
the one in poloidal divertors [13]. It should be noted however
that the closed and compact construction of the LHD divertor
(close distance of the X-point to the dome and target plates)
[14], differs than that of the open W7-X divertor, which is
designed to offer a high degree of flexibility in the selection
of different magnetic field configurations.

In parallel, modeling work related to gas exhaust in stellar-
ators has also been performed to further analyze the experi-
mental data. Upstream the divertor ports, the helical Scrape-
Off Layer (SOL) has been modeled by simplified approaches,
such as the extended two-point model [15–17], as well
as by advanced particle codes, such as EMC3-EIRENE (a
hybrid fluid–kinetic Monte Carlo code) [18, 19] to inter-
pret the divertor 3D transport mechanisms and analyze the

neutral fluxes under attached and detached conditions [20–
23]. Additionally, new, more efficient codes (e.g. EMC3-Lite)
have been introduced to better examine the observed heat
loads at plasma facing components [24]. The sub-divertor flow
has been simulated by simplified conductance models in the
case of free molecular flow [11], as well as by DIVGAS (a
Direct Simulation Monte Carlo code) [25, 26] in flows cover-
ing wide gas rarefaction regimes. To simulate the flow through
the sub-divertor via some numerical tool (e.g. DIVGAS), it
is needed to specify the incoming particle fluxes or alternat-
ively the pressure at the opening gaps. Commonly, this inform-
ation is obtained by experimental data [25] or by EMC3-
EIRENE simulations [26]. Thus, any efforts interrelating the
sub-divertor neutral gas pressure with upstream quantities in
the divertor may be useful in the sub-divertor modeling.

It is evident that due to the relatively low neutral gas
pressures measured in the island divertor of W7-X, further
experimental and computational investigation is required to
achieve adequate particle exhaust. Since the performance of
the exhaust system depends on many upstream and down-
stream parameters, establishing certain simple and reliable
correlations between the magnetic field configuration, the
plasma parameters and the exhaust system characteristics will
provide a practical and analytical tool in the design of effect-
ive particle exhaust systems. Considering that machine learn-
ing (ML) is becoming a dominant choice in most prediction-
based scientific and technological applications, it is reasonable
to investigate the feasibility of ML to satisfactory deduce such
correlations.

In fusion reactors, classical ML methods are exploited to
create surrogate models, that act as simulation accelerators
[27]. They are trained by simulation data and learn to extract
interpolated results, bypassing long simulations whenever
possible [28]. Research is also driven by quasi-experimental
data, preparing the ground for future reactors [29]. In big
data applications and multi-dimensional data fields, classical
ML algorithms may not fit, and more complex architectures
andmethods are incorporated. Deep learning techniques based
on fully connected neural networks (FCNNs) and convolu-
tional neural networks (CNNs) are popular options, having
the ability to deal with 2D and 3D spatiotemporal fields,
which are mapped to image representations. Classical ML and
deep learning algorithms may be employed in reliable experi-
ment predictions and contribute to the design and operation of
experimental campaigns [30].

Alternative approaches that enforce physical laws to the
solution are provided by physics informed neural networks
(PINNs) [31]. There are only limited references to the applica-
tion of such methods in magnetic confinement devices. Recent
examples include the investigation of blob dynamics in the
COMPASS tokamak by processing 2D turbulence images with
CNNs [32], infrared movie analysis for analyzing thermal
events in the WEST tokamak [33], detection and classific-
ation of thermal events from images in tokamaks [34] and
mapping infrared images to the surface temperature field of
tokamaks [35], with CNN architectures such as U-Net [36]. It
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has also been found that spectroscopic data can be used to train
a deep NN and provide accurate predictions for both the elec-
tron density and temperature of the device [37]. Since plasma
disruption events in fusion reactors may emerge, monitoring
the status of the reactors is of primary importance. Example
methods have been implemented with PINNs [38], FCNNs
[39], feedforward NNs [40], CNNs [41], and reinforcement
learning [42]. Data from internal sensors can be alsomonitored
by long short- term memory (LSTM) neural networks [43],
which function as memory elements that learn from previous
data and forecast future behavior. In another instance, LSTM
cells are exploited to predict the consequent plasma paramet-
ers in future frames [44].

In all these cases, prediction and forecasting are possible,
but without hand-on equations to describe the phenomena.
This fact paves the way to incorporate explainable ML meth-
ods, such as symbolic regression (SR), an ML-based approach
usually bound to genetic programming (GP), that derives sym-
bolic equations from the available data, reveals hidden rela-
tions among system parameters and provides an explainable
route of the implied process, bypassing the inherent ‘black-
box’ approach of classical ML models. Magnetic confinement
devices like tokamaks and stellarators can profit from SR by
enabling the derivation of compact, interpretable equations
that reveal insights into plasma behavior and improve predict-
ive capabilities. For example, SR has been applied to identify
the safe and disruptive operation in tokamaks [45] or to express
the scaling law of the energy confinement time in the stellar-
ator, suggesting a less rigid approach compared to the domin-
ating power law [46]. Also, a new scaling formula for the ITER
divertor heat load has been revealed by SR, mainly based on
simulation data [47].

From the above review, it is clear that the use of artifi-
cial intelligence-based methods in fusion research is relatively
recent but growing rapidly. While most of the available liter-
ature is in tokamaks, similar work in stellarators remains lim-
ited. Additionally, there is a clear need of ML methods that
can offer greater interpretability and better generalization of
the underlying phenomena.

To address some of these needs, here, an SR approach
is presented, exploiting data from the W7-X OP1.2b experi-
mental campaign to examine the impact of six plasma para-
meters, namely the line integrated electron density (ne), the
heating power (Pheat), the toroidal plasma current (Itor), the
fraction of the radiated power over the heating power (frad)
and the center (Tc) and edge (Te) ion temperatures on the neut-
ral gas pressure (pn) at the sub-divertor. Closed form expres-
sions of the exhaust pressure in terms of the plasma parameters
are deduced for the standard, high iota and high mirror mag-
netic configurations, at three different ports in the low and high
iota sections and in each case the effect of the most dominant
parameters is identified. The suggested expressions, exhibit-
ing great accuracy and low complexity (COMP), may speed-
up the computation of the neutral gas pressure, be useful in
the interphases between the plasma edge, divertor and sub-
divertor operating regimes and, in general, support the design

and optimization of the particle and impurity exhaust system
of W7-X.

The rest of the paper is structured as follows: section 2,
refers to the implemented methodology. Section 2.1 describes
the employedW7-X database and section 2.2 outlines the basic
characteristics of the SR method. Then, section 3 presents res-
ults and discussion of the deduced correlations for each of
the three magnetic configurations under consideration at three
different ports. Section 3.1 covers, in detail, the derivation
of the closed form expressions for the neutral gas pressure
and section 3.2 provides comparisons in graphical form with
experimental data. Finally, in section 4, the main concluding
remarks are stated.

2. The employed W7-X datasets and SR approach

In the OP1.2b experimental campaign the neutral gas pressure
has been measured for a large number of discharges for all
main magnetic configurations, while the corresponding avail-
able data in the more recent OP2.1 campaign [48] are much
less. In the undergoing OP2.2 campaign, large datasets of the
neutral gas pressure are expected but they are currently still
under development and will be available in the short future.
As a result, the present work is based solely on the data of
OP1.2b.

In section 2.1, the employed datasets of the OP1.2b exper-
imental campaign of Wendelstein 7-X are defined and then,
in section 2.2, the basic characteristic of the SR approach
are provided, followed by a description of the imposed SR
methodology.

2.1. The employed W7-X datasets

During the OP1.2b experimental campaign of Wendelstein 7-
X [3–11], the neutral gas pressure at different locations of the
sub-divertor, along with the associated plasma core and edge
parameters, have been recorded. In the present work a subset
of the database of OP1.2b is employed and refers to electron
cyclotron resonance heating, excluding neutral beam injection
and the utilization of pellet injection, impurity injection and
control coils. In the employed dataset, each data point corres-
ponds to an average over 200 ms in a plasma discharge and
over the data from neutral gas pressures gauges at different
toroidal locations [11].

More specifically, the employed dataset includes the data
of the plasma parameters ne, Pheat, frad, Itor, Tc and Te for three
magnetic field configurations, namely the standard, high iota
and high mirror configurations and the neutral pressure data
at the AEH, AEI and AEP ports for partially attached plasma
conditions. The former two are in the low iota section of the
sub-divertor at the large pumping port and gap respectively,
while the latter one is in the high iota section of the sub-
divertor at the small pumping gap. The choice of the examined
six plasma parameters is mainly based on previous experi-
mental findings [7, 10, 11], where the effect of ne, Pheat, frad
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Table 1. Range of measured neutral gas pressure at various magnetic configurations and ports.

Magnetic
configuration

Neutral gas pressure pn (10−6 mbar)

AEH AEI AEP

Standard 2.45–697.11 7.60–1138.04 4.54–296.66
High iota 1.05–106.48 2.23–157.25 28.45–1568.78
High mirror 6.44–155.38 14.16–245.16 3.27–128.62

Table 2. Range of measured plasma parameters at various magnetic configurations.

Magnetic
configuration ne (1019 m−2) Pheat (MW) Itor (KA) Tc (keV) Te (keV)

Standard 0.82–13.52 0.33–7.17 −2.72–10.00 0.33–10.97 0.09–3.16
High iota 0.90–12.01 0.46–6.24 −3.32–1.69 0.28–11.56 0.17–2.72
High mirror 1.37–8.38 0.74–5.25 −0.08–7.92 0.02–9.03 0.00–1.34

Table 3. Data clustering in terms of the fraction of radiated power frad.

Magnetic
configuration

frad

Cluster 1 Cluster 2 Cluster 3

Standard 0< frad < 0.25 0.25< frad < 0.5 0.5< frad < 0.8
(4860) (3114) (1599)

High iota 0< frad < 0.3 0.3< frad < 0.5 0.5< frad < 0.8
(1530) (2239) (486)

High mirror 0< frad < 0.3 0.3< frad < 0.5 0.5< frad < 0.8
(887) (453) (168)

and Itor on the neutral gas pressure is highlighted. The present
investigation includes these parameters, as well as temperat-
ures Tc and Te, which may be important in the estimation of
the neutral gas pressure. Other parameters, which may also be
influential will be explored in future studies. Detailed descrip-
tions of the W7-X magnetic configurations and divertor geo-
metry, including the exact measurement location of the neutral
gas pressure and the strike lines, may be readily found in pre-
vious works (see e.g. [10, 11]).

In table 1, the range of the measured neutral gas pressures
pn is provided for all considered magnetic field configurations
and pumping gaps and ports. Overall, the highest pressures
have been measured at the high iota configuration, close to the
AEP port and they are about 0.16 Pa. In the standard config-
uration the highest pressures are about 0.12 Pa and have been
measured at the AEI port, while in the high mirror configur-
ation the highest measured pressures are significantly lower
(about 0.025 Pa). The range of the associatedmeasured plasma
parameters (ne, Pheat, Itor, Tc, Te) are shown in table 2. It is
noted that the considered data refer only to partially attached
plasma discharges, with the fraction of the radiated power
frad < 0.8. Plasma dischargeswith frad ⩾ 0.8will be considered
in future work. The complete dataset may be found in [11].

Here, based on these datasets, closed form expressions of
the neutral pressure in terms of the plasma parameters via SR
are deduced. Thus, databases are created for every magnetic
configuration and port, i.e. 3 configurations times 3 ports equal

to 9 datasets. These nine datasets refer to thewhole range of the
investigated fraction of the radiated power, i.e. 0< frad < 0.8.

In addition, in order to have a more detailed data driven pre-
diction of the neutral gas pressure, a KMeans algorithm [49]
is employed to cluster the data in each of the nine aforemen-
tioned scenarios, based on the values of frad. Clustering offers
a more targeted approach for analyzing datasets that exhibit
varying behaviors across different data regions [50]. In this
context, analyzing clusters based on the fraction of radiated
power may help interpret the transition behavior from partially
attached to near-detached conditions. Therefore, for each one
of the magnetic configurations and ports, clustered datasets in
terms of frad, as defined in table 3, are considered and fed into
the SR framework. That makes 27 extra datasets (3 configur-
ations × 3 ports × 3 fractions of radiated power regions). In
table 3, the numbers in parentheses refer to the available data
points for each configuration and clustered region of frad. The
largest number of data points is found in the standard config-
uration, followed by the high iota one, while the number of
data points in the high mirror configuration, is relatively small.
Also, in each configuration, the data points in cluster 3 are sig-
nificantly fewer than in the other two corresponding clusters.

Totally, 9+ 27= 36 datasets are considered and for each
dataset, correlations between the neutral pressure and the
plasma parameters are deduced following the SR methodo-
logy described in the next subsection. For clarity purposes, the
expressions for 0< frad < 0.8 and the ones for the clusters of
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frad, will be named ‘overall expressions’ and ‘clustered expres-
sions’ respectively.

2.2. Basic characteristics of the SR method

Symbolic regression is a multifaceted approach to regression
analysis that discovers the structure of an expression and its
parameter dependencies on the fly. It is superior to traditional
least-squares regression methods, especially in cases where
the underlying parameter relationship is unknown or non-
linear. While common regression schemes assume a predeter-
mined functional form (e.g. linear, polynomial), SR autonom-
ously discovers the functional structure of the model from
data, extracting interpretable equations that align with phys-
ical or theoretical insights. This flexibility allows SR to capture
complex, non-linear, and multi-variable relationships without
requiring extensive feature engineering or prior domain know-
ledge, balancing model accuracy and COMP. Data driven pro-
found expressions may be generated with minimal or even no
prior knowledge of the system. More details on SR methods
and applications can be found in recent review papers [51, 52].

While there are numerous techniques to perform SR, the
most prominent involve ML, where algorithms based on GP
[53] concepts raise a vast number of expressions that progress-
ively minimize a loss function. Genetic programming-oriented
frameworks make the extraction of a symbolic expres-
sion a stochastic procedure, since the expressions are being
developed by a random recombination of the constitutive parts
via crossover and mutation operations. These expressions are
represented in the form of tree-like structures consisting of
internal and leaf (or terminal) nodes [50]. The former ones
are either mathematical operators {+,−,×,/,∧,exp, log} or
functions, e.g. {exp(x) ,xα}, and the latter ones are either
input/output variables or constants. In addition to that, being
itself a multi-objective optimization technique, the generated
solutions are inherently non-unique. This means that, for a
given dataset, one can have expressions of ranging COMP,
which refers to the form of the symbolic expression and is pro-
portional to the number of calculation nodes in the tree-like
structure. For instance, an expression with nonlinear mathem-
atical functions that reveal dependencies between many input
variables is considered more complex compared to a simple
addition between some variables. Expressions of increased
COMP are more prone to overfitting, so the choice of simple
and accurate expressions is preferable. GP frameworks start by
creating a vast number of random expressions, which are then
optimized throughout the SR procedure and the result is usu-
ally exported as a set of potential solutions of varying COMP
and accuracy, forming the pareto front.

The present work builds on the SR library package included
in the open Python-Julia software PySR [54], employing a
mean square error (MSE) based loss function. The imple-
mented SR framework and its subsystems are presented in
figure 1. Experimental data is coming from a large number
of discharges, functioning in three different configurations
(standard, high iota and high mirror) at the AEP, AEH and AEI
ports of W7-X (figure 1(a)) and compiled into a data pool for
processing through a clustering methodology (figure 1(b)), as

described in section 2.1. These datasets are directed in parallel
SR computational cells that derive various symbolic expres-
sions driven by the available experimental data (figure 1(c)).
In SR, as inmostMLmethods, data is partitioned by a factor of
70% for train, 20% for validation, and 10% for test [55]. Most
of the data is allocated for training, ensuring that the model has
sufficient information to discover hidden patterns. The valida-
tion set is used for fine-tuning the model, treated as part of the
training process during bootstrapping. The test dataset is not
considered during training (unseen) but is used to evaluate the
discovered expressions. A smaller proportion (10%) is suffi-
cient for evaluation, as testing does not require as much data
as training. This approach helps check if the dominant expres-
sions generalize to unseen data and is a key step to avoid over-
fitting. For each dataset, an optimized equation is proposed,
achieving low values of MSE and COMP, as shown in the flow
diagram (figure 1(d)).

The available datasets are exploited to predict the neutral
gas pressure pn from the input six plasma parameters (ne, Pheat,
Itor, frad, Tc and Te) at three magnetic configurations (stand-
ard, high iota, high mirror), across three different ports (AEH,
AEP, AEI). For each investigated case, the SR algorithm per-
forms an equation selection process based on multiple cri-
teria, such as MSE and COMP of the solution, which is a
multi-objective optimization problem [56]. Through this pro-
cess, interpretable expressions emerge with profound general-
ization. Among the large number of equations proposed by the
SR algorithm, selecting simple analytical expressions reduces
computational effort and focuses on the objective of formulat-
ing equations that capture meaningful physical principles.

In figure 1(e), a space of possible solutions, denoted
with circle points balancing model COMP and loss MSE,
is shown. The curve composed of the optimal solutions for
each COMP level is known as the Pareto front curve, which
represents the solutions where a trade-off between equation
COMP and accuracy is made. The elbow point (i.e. the red
circle point) is often preferred because it represents a bal-
ance, where further increasing COMP, yields minor improve-
ment in accuracy. However, if interpretability and generaliz-
ability is of importance, simpler models may be prioritized,
even if they are slightly less accurate (e.g. the blue circle
point). This can be particularly useful, for instance in nuc-
lear fusion experimental design, where simpler equations are
more robust to analyze. In other cases, a slightly more com-
plex equation might align better with theoretical insights in
the domain (e.g. the green circle point). In this work, the abil-
ity of the proposed SR expression to replicate efficiently the
experimental data is primarily measured by the coefficient of
determination R2.

Following this procedure, regions where changes in expres-
sion COMP significantly impact prediction accuracy or remain
stable are being identified. Additionally, to minimize the influ-
ence of randomness on the results, a series of runs are per-
formed, each one at a different random state, aiming to identify
recurring expression forms to guide the final selection of an
expression that remains robust to variations in the training
data. Using a different random state at each run allows the
algorithm to model a separate portion of the data each time,
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Figure 1. Symbolic Regression model, (a) data acquisition from W7-X, from AEH, AEP and AEI ports and three different magnetic
configurations, (b) database creation and clustering driven by frad values, (c) the final step where parallel SR computations lead to the final,
optimized equation, (d) inset of an SR cell, (e) example of the Pareto-optimal solution.

reducing the risk of overfitting and improving the generaliz-
ability of the solution.

3. Results and discussion

In section 3.1, the expression selection methodology is out-
lined and proposed expressions with their accuracy measures
are presented. Then, in section 3.2, a detailed comparison of
the neutral pressures via the SR expressions versus the corres-
ponding experimental data in graphical form for the clustered
and whole frad range values, is shown.

3.1. Derived closed form expressions via SR

As described in section 2.1, a total of 36 datasets are con-
sidered and each dataset always refers to a specific magnetic
configuration and port. Also, nine of them refer to the whole
range of frad (0< frad < 0.8) examined, while the remaining
twenty-seven refer to the clustered regions of frad specified
in table 3. Here, following the SR methodology described in
section 2.2, for each dataset the corresponding most suitable
closed form expression is deduced.

The impact of all involved plasma variables (parameters)
are considered and the generated expressions are of the general
form

pn = f(ne,Pheat, Itor,Tc,Te, frad) . (1)

After performing extensive parallel SR calculations, the
dominant expressions for the whole frad range, as well as for all
clusters of frad, have been extracted across all ports and mag-
netic configurations. The quest now is which symbolic expres-
sions to select by compromising between COMP and accur-
acy to better express the experimental data behavior. In such
GP-based procedures, a well-defined selection criterion is the
number of appearances in the runs [57], along with the associ-
ated accuracy metrics, mainly measured by the coefficient of
determination R2. Here, for values of R2 < 0.7, 0.7⩽ R2< 0.8,
0.8⩽ R2< 0.9 and R2 ⩾ 0.9, the accuracy is considered low
(not acceptable), moderate, high and very high respectively.

The selection methodology is demonstrated by a repres-
entative example, focusing on the high-iota configuration and
AEP port for 0< frad < 0.8, where the highest neutral gas pres-
sure has been measured. However, the same analysis holds
in all cases. Table 4, presents representative SR expressions
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Table 4. Indicative SR expressions for the high-iota configuration at the AEP port (0< frad < 0.8).

SR expression R2 MSE

pn = 69.04P1.45
heat (2a) 0.59 18 385

pn = 9.88n1.99e (2b) 0.76 10 799
pn = 21.63nePheat (2c) 0.93 3201
pn = 21.64n1.10e P0.86

heat (2d) 0.93 3004
pn = 19.54 [ne (Pheat + frad)] (2e) 0.93 2944
pn = 20.38 [Itor + [ne (Pheat + frad)]] (2f ) 0.94 2860
pn = 20.37 [Tc/Te + [ne (Pheat + frad)− 1.38]] (2g) 0.94 2700

(2a)–(2g), ranging from simple to complex. The simplest
expressions include only one parameter, either Pheat (2a) or ne
(2b), the ones with moderate COMP (2c)–(2e) include three
parameters, namely Pheat, ne and frad and the most complex
ones (2f ) and (2g) include more than three parameters, with
Pheat and ne being always present, independent of the expres-
sion COMP. For each expression the corresponding accuracy
metrics, specifically the R2 and MSE scores, are included to
evaluate its performance. It is clear that the more advanced
expressions achieve higher R2 and lower MSE values, as they
reveal more detailed interconnections between the data points.
The metrics of the one-parameter expressions (2a) and (2b)
are, in general, low. Equation (2b) with the electron dens-
ity performs much better than equation (2a) with the heating
power, implying that the influence of ne is more important than
Pheat, but its accuracy remains relatively low. One-parameter
expressions with the remaining variables provide even worse
metrics and therefore, are not included in this indicative pool.
However, correlations such as (2b) remain attractive and will
be further examined due to their simplicity. Next, the accuracy
greatly improves in the equations with moderate COMP (2c),
(2d) and (2e), where R2 approaches one, while MSE signific-
antly decreases. In all three equations R2= 0.93 and MSE is
around 3000. Finally, in the most complex equations (2f ) and
(2g), the accuracy is marginally improved, with R2= 0.94 and
MSE reaching 2700.

It is evident that beyond a certain accuracy threshold, R2

andMSE show negligible improvement. This threshold can be
considered as a decision point to reveal those input paramet-
ers that are of importance to the estimation of pn. Based on the
data of table 4, that reference point is set to expressions of the
form (2c) or (2d), since it becomes clear that the remaining
system parameters can be excluded from pn estimations, as,
from a statistical point of view, they do not significantly influ-
ence its calculation. The temperature parameters (Tc, Te) seem
to have no significant impact on pn, since they always appear in
highly complex expressions that do not lead to any noticeable
improvement in the accuracy metrics. Also, frad and Itor seem
to be more influential than temperatures, providing however
marginal gain in accuracy metrics accompanied with higher
equation COMP, compared to the two-parameter expressions
of ne and Pheat.

Having established the key ideas for the extraction of the
SR correlations, the same analysis has been repeated for all 36
datasets under consideration. It is noted, that in all magnetic

configurations and ports, similar results, with the ones presen-
ted in table 4 for the high-iota magnetic configuration at the
AEP port, have been obtained. In all scenarios, the SR frame-
work indicates that in the estimation of pn, one-parameter
expressions of ne, as well as expressions combining ne and
Pheat, are the most dominant ones, while expressions contain-
ing the other parameters (frad, Itor, Tc, Te), may be excluded
from further consideration. In the overall expressions frad is the
third parameter appearing in the correlations (e.g. see equation
(2e) in table 4), but still its influence on pn remains relatively
small compared to ne and Pheat.

Consequently, further investigation is focused on one-
parameter expressions of the form

pn = c× nαe . (3)

Since they provide a straightforward correlation between neut-
ral gas pressure and line integrated electron density and
mainly, on two-parameter expressions of the form

pn = c× nαe ×Pβ
heat. (4)

In equations (3) and (4), the coefficient c and exponents
α and β have different values for each experimental dataset
(i.e. configuration—port—fraction of radiated power regime)
in order to capture the minor effects of the other parameters
not included in the proposed correlations.

In table 5, the accuracy of the overall SR expressions of the
general forms (3) and (4), in terms of R2, is provided for the
standard, high iota and high mirror configurations at the AEH,
AEP and AEI ports in the whole range of frad. The examined
overall SR expressions with the two parameters include the
specific cases of α= 1 or β = 1 or α= β = 1. The values of
the coefficient c and exponents α and β have been optimized
to each of the nine datasets. For clarity it is noted that the tab-
ulated values of R2 in the high iota configuration at the AEP
port, are the same with the ones reported in table 4.

In table 5, it is seen that the one-parameter expression (3)
performs much better in the standard configuration (R2> 0.8)
than in the high iota one (R2< 0.8). Thus, although ne and Pheat

are profoundly strongly interrelated, still, in the high iota con-
figuration one-parameter expressions with high accuracy met-
rics are not feasible. Similarly, in the high mirror configuration
the one-parameter expression provides adequate accuracy at
the AEH and AEI ports, but low accuracy at the AEP port.
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Table 5. Values of R2 for various overall SR expressions in magnetic configurations and ports, where each symbolic expression is applied
(0< frad < 0.8); the values of c, α and β have been optimized to the specific dataset.

Expression

Standard High iota High mirror

AEH AEP AEI AEH AEP AEI AEH AEP AEI

pn = c× nαe 0.88 0.84 0.88 0.79 0.76 0.77 0.85 0.68 0.87
pn = c× ne ×Pheat 0.77 0.82 0.81 0.95 0.93 0.93 0.74 0.76 0.59
pn = c× nαe ×Pheat 0.80 0.82 0.82 0.95 0.93 0.93 0.76 0.77 0.78
pn = c× ne ×Pβ

heat 0.81 0.85 0.85 0.95 0.93 0.94 0.89 0.80 0.92
pn = c× nαe ×Pβ

heat 0.89 0.89 0.90 0.96 0.93 0.95 0.90 0.80 0.93

Concerning the two-parameter expressions, it is seen that the
correlations with α= β = 1 or β = 1, may provide high and
very high accuracy, with R2> 0.8, but only at certain magnetic
configurations and specific ports, while in others the accur-
acy is moderate (0.7⩽ R2< 0.8). On the contrary, the two-
parameter expression withα= 1, as well as the one of the gen-
eral form (4), with arbitrary exponents α and β, have always
high and very high accuracy, with values of R2 close to or
even higher than 0.9, with the latter one, being significantly
more accurate, particularly in the standard configuration. It is
also useful to note that in the high iota configuration, all two-
parameter expressions exhibit very high accuracy (R2> 0.9),
implying that the presence of Pheat in the high iota correlations
is more important than in the standard and high mirror ones.

Building on the discussion above and balancing model sim-
plicity, accuracy and generality in the extraction of pn, the
functional form of the two-parameter equation (4) is proposed
for all 36 datasets, i.e. for the nine datasets corresponding to
the whole regime of frad (overall expressions), as well as for
the 27 datasets corresponding to the clustered regimes of frad
(clustered expressions).

In tables 6 and 7, the values of the coefficient c and
exponents α and β of the overall and clustered expressions
with two-parameters respectively are provided. As mentioned
above, the SR framework suggests optimized values for c,
α and β within a narrow range, but, oftentimes, different in
each evolution run. This is a common feature of GP, since the
derived equations start from a random initial parent and evolve
to a successive child equation. Since PySR may not yield the
perfect equation but rather suggests a set of potential candid-
ates drawn from an infinite pool [58], the tabulated values for c,
α and β, in tables 6 and 7, are deduced via an additive optimiz-
ation step, using scipy’s curve fit [59], where the sole criterion
is the minimization of MSE.

In addition, to gain a broader perspective on the values
of each component and follow a robust statistical basis [60],
we have calculated a 95% bootstrap confidence interval for
each of the optimized values. This analysis was conducted
using only the train dataset, while the performance of all 36
SR expressions has been evaluated on the validation and test-
ing datasets. Each of the optimized values (c,α,β) is presen-
ted in the format XUpperbound

Lowerbound, where X represents the mean
value of the confidence interval. The accuracy of the overall

expressions measured by R2 for the train, validation and test
dataset can be found in figure 2. There, it is clearly observed
that the R2 values are well-balanced for all three scenarios,
which is evidence of no overfitting, along with the functional
simplicity of the two variable expressions. As it is known,
a complex functional has an increased impact on overfitting
compared to a simpler one [61, 62]. This is attributed to the
fact that a complex functional may fit not only the real pattern
in the data but also irrelevant noise, while a simpler expres-
sion is more likely to capture the core relationship between
variables.

For each experimental dataset the constant and the expo-
nents in tables 6 and 7 capture the variation of the magnetic
configuration and port and implicitly incorporate the depend-
ency of the excluded plasma parameters, mainly of frad and
Itor, to better approximate the experimental data. The val-
ues of c, α and β of the overall expressions may be con-
sidered as weighted averages of the corresponding clustered
ones. Furthermore, they are closer to the ones of the clustered
expressions for frad < 0.5, than for 0.5< frad < 0.8 and this
is clearly contributed to the larger number of data points in
frad < 0.5, compared to 0.5< frad < 0.8. Thus, the expressions
proposed in the whole range of frad are expected to be more
accurate in the former than in the latter frad regime. In all cases
examined the exponents α and β are positive, except in the
high mirror configuration for 0.5< frad < 0.8, where they are
very close to or less than zero. Also, the relatively higher val-
ues of c in all magnetic configurations at the AEI compared to
the AEH port, as well as in the high iota configuration at the
AEP port, are surely related to the associated higher measured
pressures. Finally, it is observed that in all cases the exponent
α of ne is larger than the exponent β of Pheat, which indicates
that the line integrated electron density has a more significant
effect compared to the heating power.

The fact that the proposed two-parameter expressions can
effectively counterbalance more complex ones suggests that
several parameters considered here do not significantly impact
the sub-divertor neutral gas pressure, at least from a statistical
perspective. In addition, the reduced COMP of the proposed
expressions mitigates the risk of overfitting and enhances their
generalization potential. The performance of these expressions
in relation to the associated experimental datasets is thor-
oughly examined in the next section.
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Figure 2. Parity plots of the overall two-variable expressions for pn (equation (4)) at the AEH (a), AEP (b) and AEI (c) ports for the
standard (left), high iota (middle) and high mirror (right) configurations. In each case, the corresponding R2 value for the train, validation
and test dataset is given. Values of the coefficient c and exponents α,β of equation (4) are shown with a 95% confidence interval.

Table 6. Coefficient c and exponents α and β of the overall two-parameter expressions (4) for all magnetic configurations and ports
(0< frad < 0.8), with 95% confidence interval .

Configuration

AEH AEP AEI

c α β c α β c α β

Standard 3.763.903.62 1.741.761.73 0.270.290.26 3.223.283.16 1.401.411.39 0.450.460.44 8.889.188.58 1.541.561.53 0.350.360.33

High iota 0.970.990.94 1.211.231.19 0.960.970.94 21.7822.3521.25 1.091.111.07 0.860.880.84 2.192.282.11 1.091.111.06 0.780.800.77

High mirror 8.819.108.55 1.121.141.09 0.350.370.33 5.075.394.68 0.960.990.94 0.680.730.64 20.2020.8219.58 0.940.950.92 0.320.330.30

3.2. Comparison of SR expressions with W7-X data

A systematic comparison of the neutral gas pressure pn
obtained by the clustered SR expressions, defined by
equation (4) and table 7, with the corresponding W7-X data
is performed. The relevant parity plots (SR predicted pn vs

experimental pn) are shown in figures 3–5 for the standard,
high iota and high mirror configurations respectively. Each
figure reflects the pn predictions for the three clustered regimes
of frad (vertically) at the three considered ports (horizontally),
with the corresponding clustered SR expression and the value
of R2 for the testing database being showcased at each of the

9



Plasma Phys. Control. Fusion 67 (2025) 075004 D Angelis et al

Table 7. Coefficient c and exponents α and β of the clustered two-parameter expressions (4) for all magnetic configurations and ports, with
95% confidence interval.

frad
AEH AEP AEI

c α β c α β c α β

Standard

(0,0.25) 5.535.795.30 1.631.661.60 0.150.180.12 3.173.263.08 1.481.501.47 0.280.30.26 13.3714.0212.87 1.271.291.25 0.40.420.38

(0.25,0.5) 3.924.193.69 1.731.761.7 0.240.270.22 5.435.585.28 1.051.071.03 0.620.640.61 8.659.128.21 1.581.61.55 0.30.320.28

(0.5,0.8) 2.752.982.53 1.841.891.8 0.360.390.33 9.299.668.92 0.670.70.64 0.90.920.88 5.626.045.16 1.791.831.74 0.310.340.28

High iota

(0,0.3) 0.840.860.81 1.221.241.2 1.021.051.0 22.3722.9821.79 1.081.101.06 0.840.870.82 2.212.272.16 0.970.990.96 0.900.920.88

(0.3,0.5) 1.031.120.94 1.131.191.07 1.041.071.01 21.8023.7120.23 0.991.050.93 1.021.060.98 2.132.262.04 1.141.171.10 0.750.770.73

(0.5,0.8) 1.681.831.55 1.051.101.0 0.790.830.76 26.5429.5822.73 1.201.281.11 0.580.640.54 0.500.670.40 1.882.011.72 0.640.700.58

High mirror

(0,0.3) 8.989.248.72 0.991.010.96 0.50.520.47 4.684.944.38 0.840.870.81 0.810.850.79 22.8623.3622.39 0.790.810.78 0.380.410.36

(0.3,0.5) 8.308.697.94 1.231.261.20 0.240.260.21 7.758.127.43 0.460.490.44 1.121.151.09 18.1918.7017.72 1.031.051.01 0.280.300.26

(0.5,0.8) 3.734.243.26 1.982.101.86 −0.2−0.12
−0.29 2.603.592.0 1.892.171.52 0.010.29−0.2 9.010.08.07 1.701.801.60 −0.09−0.02

−0.16

Figure 3. Standard configuration—parity plot of the clustered two-variable expressions for pn (equation (4)) at the AEH (a), AEP (b) and
AEI (c) ports. In each case, the corresponding R2 value of the overall two-variable expression is given in red. Values of the coefficient c and
exponents α,β of equation (4) are shown with a 95% confidence interval.
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Figure 4. High iota configuration—parity plot of the clustered two-variable expressions for pn (equation (4)) at the AEH (a), AEP (b) and
AEI (c) ports. In each case, the corresponding R2 value of the overall two-variable expression is given in red. Values of the coefficient c and
exponents α,β of equation (4) are shown with a 95% confidence interval.

nine datasets per magnetic configuration. In addition, in each
case (magnetic configuration and port), the R2 value of the
overall SR − expression, valid in 0< frad < 0.8 (table 6), is
also written in red for direct comparison between the clustered
and overall SR expressions. It is noted that in order to perform
the comparison on the same basis, the R2 values of the overall
expressions are calculated using the data points of the cor-
responding cluster and its accuracy, as mentioned earlier, is
measured on the test dataset.

It is seen in figures 3–5, that the majority of data points
obtained by the two-parameter expressions closely align with
the identity line and the R2 values are typically very close
or exceed 0.90, in most cases. It is also seen that the over-
all expressions also achieve adequate values of R2, but they
underperform when compared to the clustered expressions, as

they score lower accuracy metrics. In the clustered regions
the underlying physics is more concentrated, compared to the
whole frad region and therefore, the corresponding clustered
SR expressions can more effectively adapt their behavior,
as defined by the coefficient and two exponents, to impli-
citly model the effect of frad and better fit the specific
region. On the contrary, the overall SR expressions that
have been trained at 0< frad < 0.8 can capture less effi-
ciently the changes in the physical behavior encountered with
regard to frad. Thus, they represent correlations that describe
the ‘average’ behavior of the dataset, which may be influ-
enced by the region where the data points are most densely
concentrated.

Furthermore, in the standard configuration (figure 3), the
maximum pressure at each port increases with frad and this
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Figure 5. High mirror configuration—parity plot of the clustered two-variable expressions for pn (equation (4)) at the AEH (a), AEP (b)
and AEI (c) ports. In each case, the corresponding R2 value of the overall two-variable expression is given in red. Values of the coefficient c
and exponents α,β of equation (4) are shown with a 95% confidence interval.

is also something reflected by the symbolic expressions. This
indicates that the clustered expressions not only capture the
overall variability of pressure, but they also maintain range
specificity. The values of R2 of the clustered expressions
vary between 0.86 and 0.91, while the corresponding ones
of the overall expressions are lower and vary from 0.81 up
to 0.89. In the high-iota configuration, the maximum pres-
sure appears to be achievable in all frad clusters, suggesting a
more balanced behavior with respect to frad. As a result, whole
frad range expression accuracy is more comparable and only
slightly behind clustered expressions. In the high iota config-
uration, the values of R2 of the clustered and overall expres-
sions are around 0.95, i.e. much higher than in the standard
configuration (only at the AEP port and for 0.5< frad < 0.8 the
values of R2 are around 0.85). In the high mirror configuration,

the accuracy metrics vary from 0.85 up to 0.97 in the clustered
expressions and from 0.75 up to 0.91 in the overall expres-
sions, with the lowest values for all SR expressions appear-
ing in the AEP port (high iota section). Compared to the other
two configurations, the high mirror configuration is charac-
terized by the relatively small number of data points and the
low measured neutral gas pressures in all three ports. It is
the only configuration, where in the clustered expression for
0.5< frad < 0.8, SR yields negative exponents β of the heat-
ing power, indicating a major change of the effect of Pheat on
pn as frad increases.

A more thorough description on the effectiveness of the SR
expressions to capture the behavior of the experimental data is
shown in figure 5, where the predicted and experimental neut-
ral gas pressure pn (y-axis) with respect to the line integrated
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Figure 6. Predicted and experimental neutral gas pressure pn (y-axis) vs electron density ne (x-axis) and heating power Pheat (color depth)
for the standard configuration at the AEH port (a), the high iota configuration at the AEP port (b) and the high mirror configuration at the
AEI port (c); the SR predicted data are based on the overall one-variable expressions and the overall and clustered two-variable expressions
(the values of c, α, β in the clustered expressions are provided in table 7).

electron density ne (x-axis) and heating power Pheat (color
depth) are shown. The comparison is performed for the indic-
ative cases of the standard configuration at the AEH port (up),
the high iota configuration at the AEP port (middle) and the
high mirror configuration at the AEI port (down). The SR
predicted neutral gas pressures include the ones obtained by
the overall one-parameter expressions (3), as well as the ones
deduced by the overall and clustered two-variable expres-
sions, given by equation (4). The coefficients and exponents
of the overall one- and two-parameter expressions are shown
in figure 6, while those of the clustered two-parameter expres-
sions are provided in table 7.

All symbolic expressions appear to capture to a great extent
a behavior that aligns with the ‘average’ trend of the experi-
mental data, despite the significant scatter in the latter. The
one-parameter expressions in terms of ne, which as seen in
table 5 has high accuracy in the standard and high mirror
configurations at the AEH and AEI ports respectively, yield

predictions that compared to the scattered experimental data
are overly compressed. Thus, although its statistical measures
of accuracymay be adequate, the introduction of a second vari-
able, that of Pheat is needed to disperse the deduced data points
away from the compact pattern and better predict the experi-
mental data. As it is seen in figure 6, this is clearly the case with
the two-parameter expressions. Furthermore, clustered sym-
bolic expressions can bemore region-specific and deviate from
the ‘average’ behavior, offering a more refined and adaptive
prediction. The two-parameter overall expressions trained in
the whole range of frad can make estimations based on a sim-
ilar pn behavior as the clustered expressions, but a much more
detailed approach is provided by the clustered expressions,
which, for instance, may further scatter the predictions. This
is clearly observed in all indicative cases presented in figure 6,
which in turn, better approach the experimental data. Although
this improvement is seemingly minor, the clustered expres-
sions still provide a better alignment with the experimental
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data, yielding models that more closely match the dataset
details.

Closing this section, it may be useful to note that in cer-
tain cases, pure data driven approaches, as the present one,
even though they achieve satisfactory metrics and predictions,
oftentimes, the proposed optimal closed form expressions do
not necessarily provide straightforward explanation of the sup-
posed or hidden physical behavior of the system. To address
this, additional physical insights should be encompassed to
achieve more compact and physics-inspired interpretations.
This issue is not considered in the present work. However, hav-
ing established, the current SR framework, future studies will
focus on this aspect.

4. Concluding remarks

Experimental data from the stellarator W7-X OP1.2b exper-
imental campaign for three magnetic configurations (stand-
ard, high iota and high mirror) at three ports (AEH, AEP and
AEI) of the exhaust system have been employed to correlate
the neutral gas pressure pn at the sub-divertor with various
plasma parameters. More specifically, a ML method, namely
SR, which is based on GP principles, has been elaborated and
optimized to connect and reveal the most important paramet-
ers in the estimation of pn. While common regression schemes
assume a predetermined functional form, SR autonomously
discovers the functional structure of the model, purely from
data.

The considered plasma parameters include the line integ-
rated electron density ne, the heating power Pheat, the toroidal
plasma current Itor, the fraction of the radiated power frad and
the center Tc and edge Te ion temperatures. The investigation
is carried out for partially attached conditions with frad < 0.8.
For each magnetic configuration and port (3× 3= 9), closed
form expressions are deduced in the whole range of frad, as well
as well as in three clusters of frad, accordingly obtained by a K
means algorithm. Totally, 36 expressions are deduced: 9 refer
to the whole range of frad and the other 27 to the clusters of frad.

In each case, starting from a general closed form expres-
sion, where pn depends upon all considered plasma paramet-
ers and following a systematic SR purely data driven evolution
methodology, yields to a sequence of expressions of certain
COMP and accuracy. Balancing model generality, COMP and
accuracy along the Pareto front curve, it is finally deduced that
the dominant parameter affecting pn are ne and Pheat, while the
other parameters have minor impact, at least from the statist-
ical point of view and may not be included in the expressions
estimating pn. Therefore, for all considered magnetic config-
urations and ports the proposed closed form expressions are
of the form pn = f(ne,Pheat) and more specifically they con-
tain the product of ne and Pheat raised at some powers times
a constant (see equation (4)). To have a wider perspective, a
95% bootstrap confidence interval for each of the optimized
values of the constants and exponents has been calculated.

It is argued that the functional form of the proposed,
purely data driven, SR expressions have certain qualitative
resemblance with corresponding expressions, correlating the

divertor pressure with plasma parameters, obtained via the
extended two-point model [16, 17], as well to corresponding
results based on typical regression methods via predefined
equations [63]. The similarity with the analytical results is
based on the considerations that the sub-divertor neutral gas
pressure is proportional to the divertor pressure [13] and the
power entering the SOL is proportional to the heating power.
Always, the SR expressions have simpler form and are cap-
able to accurately capture the behavior of the experimental
data with the well-known moderate dependency of the neutral
gas pressure on the upstream density in stellarators, in contrast
to much stronger dependencies in tokamak devices.

Overall, the proposed two-parameter SR expressions have
certain advantages:

◦ Suggest a general, simple and accurate approach to obtain
pn over a wide range of system conditions.

◦ Show only a marginal decrease in accuracy metrics com-
pared to more complex expressions that include additional
system parameters.

◦ Reduce the possibility of over-fitting and offer enhanced
generalization potential (due to their simple form).

For each experimental dataset (i.e. configuration—port—
fraction of radiated power) the constant and the exponents are
accordingly readjusted in order to capture the variation of the
experimental conditions. The expressions trained in the whole
range of frad, as well as the clustered ones, can make accur-
ate estimations of pn, with the latter ones being able to further
scatter the predictions, more closely to the experimental data.

The expected benefit of the approach is the assessment of
the impact of the plasma parameters on the performance of
the exhaust system by simple symbolic expressions, without
prior knowledge. The neutral gas pressure calculations that
are otherwise computationally very expensive may be sub-
stantially accelerated. The proposed simple and reliable cor-
relations between the magnetic field configuration, the plasma
parameters and the exhaust system characteristics provides a
practical and analytical tool in the development of compatible
plasma—exhaust scenarios and the design and optimization of
effective particle exhaust systems in W7-X and contributes to
more efficient experimental design and operation.

Having the present solid SR methodology in place, future
work will include the employment of corresponding data of
the OP2.2 and OP2.3 experimental campaigns in W7-X to
examine the functioning and applicability of the proposed
expressions in different experimental conditions. Assessing
the applicability and effectiveness of the proposed predictions
to data from other W7-X experimental campaigns constitutes
a key element in the wider implementation of the present
approach. It is noted that, although the present SR model is
based on the limited heating power range, available in OP1.2b,
in principal, the proposed SR explicit expressions could also
be used for extrapolation outside the investigated data range.
However, achieving sufficient predictive accuracy remains an
open question and should be carefully examined.

Furthermore, based on predictions via analytical [17, 21]
and numerical tools [24, 26, 30], as well as on correlations
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deduced by typical data regression methods [63], it is planned
to enhance the suggested SR methodology with physical
insights in order to have a more conclusive quantitative type
comparison on the effect of the various plasma parameters on
the neutral gas pressure. The investigation may include the
examined, as well as additional plasma parameters (e.g. power
entering the SOL, radiated power in the SOL and coil control
current) and also exploit plasma parameters measured at the
plasma edge, which are available in the ongoing campaigns.
Since the employed data driven approach shows great poten-
tial it may also be used in tokamaks.
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