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ABSTRACT

Artificial intelligence models have demonstrated strong predictive capabilities for various instabilities in fusion devices such as Tokamaks,
including tearing modes (TM), edge localized modes, and disruptive events, but their opaque nature raises concerns about safety and
trustworthiness when applied to fusion power plants. Here, we present a physics-based interpretation framework using a TM prediction
model as a demonstration that is validated through a dedicated DIII-D TM avoidance experiment. By applying Shapley analysis, we identify
how profiles such as rotation, temperature, and density contribute to the model’s prediction of TM stability. Our analysis shows that in our
experimental scenario, core electron temperature and rotation peaking play the primary role in TM stability, while density changes have
smaller effects on stability. We show that off-axis ion temperature stabilizes TMs, suggesting that off-axis neutral beam heating can further
stabilize this scenario. This work presents a generalizable ML-based event prediction methodology, from training to physics-driven interpre-
tation, bridging the gap between physics understanding and opaque ML models.

© 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/10.1063/5.0311201

I. INTRODUCTION

Tokamaks are a promising fusion energy technology, but they
face challenges in maintaining plasma stability. Recently, machine
learning (ML) and artificial intelligence (AI) have been applied more
and more to the field of nuclear fusion in the form of surrogate physics
models, * event prediction models,” '’ and reinforcement learning
controllers."*'* However, a key requirement for next-generation fusion

the model’s architecture and number of parameters, which can lead to
lower accuracy than a deep complex network."”

Instead of changing the “black-box” model architectures to gain
interpretability, we can adjust our analysis framework to gain insights
from these “black-box” models using Shapley analysis. Shapley analysis
is a method for explaining the output of machine learning models
based on a game theoretic approach'” by fairly distributing the predic-
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power plants is to have interpretable control systems where causes of
control actions can be directly tied to observations in the plasma. This
is directly at odds with the typical Al approach that utilizes the high
prediction accuracy of black-box models that are uninterpretable.
Disruption prediction approaches have utilized “gray-box” mod-
els, such as random forest models,” that offer interpretable results at
the trade-off of simpler ML architectures with lower accuracies.
However, simple black-box models such as multilayer perceptrons
(MLPs) have the advantage of ease of training, allowing researchers to
produce highly accurate machine learning models with fewer resources
and expertise. Interpretable neural networks may require restricting

tion result across model inputs. This analysis framework can be
applied to any model, machine learning-based or otherwise.

In this application, we study how the plasma profiles affect tear-
ing mode (TM) stability and explain which specific profile features,
such as rotation peaking, can stabilize TMs. Previous TM prediction
and stability models used only scalar parameters or magnetic field fea-
tures,"” ' including a Shapley analysis in Ref. 19 or full plasma profiles
with no stability interpretation.” We improve on these with an ML-
based Deep Survival Machine model™ to predict TMs based on real-
time plasma profiles. Using Shapley analysis, we can explore how the
plasma profiles affect TM stability and explain what specific profile
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features, such as higher core T, and T, led to the avoidance of TMs.
This model is applied to a dedicated TM avoidance experiment on
DIII-D, and its results are used for this analysis. While Shapley analysis
has been applied to other fields”' with some applications to fusion,
it has not been used for interpreting experiments directly as far as the
authors are aware.

TM stability analysis poses an interesting problem for interpreta-
tion, as many physics studies have been performed to better under-
stand how these instabilities onset”* and what scalar parameters are
most important,25 often with conflicting results or limited to scenario-
specific operating regimes such as the DIII-D ITER baseline.”* **
Other approaches to better understand TM stability involve using a
physics code, such as STRIDE, to calculate the classical A’ stability
parameter;” however, this has not been validated in experiments. The
state of the art for neoclassical TM theory is the Modified Rutherford
Equation (MRE),” which determines the island growth rate from a
modified A’ to include the perturbed neoclassical current drive,’’
radial transport within the island,”” and polarization current.””
According to MRE, if a “seed” island occurs that is large enough to
overcome the stabilizing terms, a neoclassical TM appears; however,
the free parameters in MRE make it difficult to use for experimental
prediction and database verification. By studying the TM prediction
model with Shapley analysis, which has database-wide predictive abil-
ity, this can add additional information to the greater plasma physics
discussion of TM stability.

This paper begins with an explanation of the tools and techniques
used for training and interpreting the TM predictors in Sec. II. Section
11T describes the TM predictor model results, followed by an interpre-
tation for the TM preemptive avoidance experiment. Then we use
Shapley values to draw conclusions more broadly about profile-based
TM stability. Finally, Sec. IV summarizes our findings and describes
the future work to improve TM models and their interpretation.

Il. METHOD

We begin with a description of the database processing used to
train our TM prediction model in Sec. IT A, followed by an explanation
of the training method in Sec. II B and the Shapley model interpreta-
tion in Sec. I1 C.

A. Database processing and TM labeling

The model was trained on all DIII-D shots identified to
have the required data between shots 140 000-195 000, resulting in
6050 shots of which 1476 contained n = 1 TMs, where n is the toroi-
dal mode number, which amounts to 677 494 timesteps each
with 42 parameters. The data needed is listed in Table I and
includes Thomson Scattering,”* Charge Exchange Recombination
Spectroscopy,35 Motional Stark Effect,”® magnetics for EFIT recon-
structions,”” and actuation values such as neutral beam and electron
cyclotron heating power. While training scenario-specific models
may improve performance in that scenario, the aim of this model is
to be flexible so it may be applied to different scenarios for DIII-D
experiments.

Importantly, our dataset has no differentiation between classical
TMs and neo-classical TMs (NTMs) since they both appear similarly
in our automated labeling. However, the planned control actions
should be effective for both TM and NTM stabilization by replacing
the missing bootstrap current. Consequently, when we refer to TMs, it
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TABLE |. TM prediction model input parameters and their corresponding sources.
Two models are presented: The large model, which uses all the inputs listed above,
and the reduced model containing only the plasma profiles (inputs above the horizon-
tal line). EFITRT2 is a real-time magnetic equilibrium reconstruction using magnetic
diagnostics and motional Stark effect.

Input Source

Electron temperature profile (T,) RTCAKENN
Electron density profile (n,) RTCAKENN
Ton temperature profile (T;) RTCAKENN
Ton rotation profile (Rot) RTCAKENN
Plasma pressure profile (p) RTCAKENN
Safety factor profile (g) RTCAKENN
Current density profile (j) RTCAKENN

NBI power Neutral beam injection
NBI torque Neutral beam injection
ECH power Electron cyclotron heating
Ip Plasma current

Br Toroidal magnetic field
Normalized pressure (f3,,) EFITRT2

Gmin EFITRT2
Internal inductance ([;) EFITRT2
Plasma minor radius (@minor) EFITRT2
Plasma major radius (R) EFITRT2
Bottom triangularity (dpo) EFITRT2

Top triangularity (6;0p) EFITRT2
Elongation (k) EFITRT2
Plasma volume (Vol) EFITRT2

is assumed to include both classical and neo-classical TMs. We also do
not consider locked or quasi-stationary modes and limit our analysis
to born-rotating modes, as locked modes are often preceded by born-
rotating modes.”

The following are the key database processing steps taken and
their rationale, with further details covered in Appendix A:

* Plasma current (Ip) rampup and rampdown are excluded as we
are only targeting TMs in Ip flat-top.

* A TM was considered to have occurred if the amplitude of the
root mean square (RMS) of the n=1 magnetic fluctuations
stayed above 12 G for 50 ms, along with additional constraints
on Hyg and ggs to only consider H-mode plasmas. Once a TM
is identified, its onset time is the time when the n=1 RMS
amplitude first reaches 10% of the peak n=1 RMS amplitude.

* Magnetic fluctuation signals, such as the n=1, 2, 3 magnetic
RMS signals that identify the n=1, 2, 3 modes, are excluded
from model inputs in the training set to avoid the model overly
relying on these signals as they are used for labeling.

* The data are taken every 20 ms, as this is enough time for diag-
nostics and EFITs to yield updated results, faster than 7 and g
ensuring the profiles are equilibrated, but not too fast that the
model overfits to noise. Actuation, such as changes to ECH depo-
sition and NBI power adjustment, will also affect the plasma on
the order of 100 ms, so this is a good compromise.
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B. The survival regression training scheme

The model in this paper uses the Deep Survival Machines (DSM)
architecture from the open-source Auton-Survival package.”’ The
framework allows for easy-to-use event prediction, and has been dem-
onstrated in fusion applications for disruption prediction’ to achieve
longer warning times compared to other models. Like any event pre-
diction model, the two key ingredients are accurate labels and input
data that are representative of the underlying physics. Figure 1 depicts
the training scheme, where in training, we input the plasma parame-
ters, such as the profiles, the time until the end of the sequence, and
whether or not a TM occurs at the end of the sequence. At inference,
or when running the model, we only input the plasma parameters
since the event or time-to-event is not known. This training setup ena-
bles a single-time step event to be included in model training without
arbitrarily chosen time-to-event ramps, and allows the inference model
to use only present data for real-time applicability.

The DSM architecture uses Survival Regression, a statistical
scheme that provides the probability of an event occurring at any time
within a user-chosen time horizon, tj,gizon, given a set of input features.
The model itself consists of an MLP that produces a series of survival
distributions, which are combined to produce a final survival probabil-
ity distribution.

A common application of this algorithm is in estimating the
survival times of patients given certain treatments and symptoms,
hence the name survival. By analogy, a TM in a plasma may be con-
sidered a “death,” and the input features, such as the density and
temperature, are the “symptoms.” This is therefore applicable to
plasma disruptions in general, and to specific MHD events such as
the onset of a m,n =2/1 TM for poloidal mode number m and
toroidal mode number n.

The uses of survival models and the Auton framework for this
application are well-motivated for the use of right-censored data and
the handling of multiple competing risks. We generate our TM labels
as standard right-censored data, where we consider a time of event
that is either a TM onset or the end of plasma current flattop with no
TM onset. This is ideal because a time slice 100 ms before the end of
plasma flattop is inherently different from a time slice that is 100 ms
before a TM onset. This also enables the model to learn exceptionally
stable plasmas and know that a time slice 1 s before the end of the flat-
top will be stable with high certainty, while another time slice 100 ms
before the end of the flattop is more unknown. Additionally, TM sta-
bility is a non-linear process and so will have many competing risks.
For example, higher /55y values will make TMs more unstable, but also
increase plasma rotation, which should stabilize the plasma. Because
these cannot be fully decoupled, it is ideal to utilize the Auton frame-
work that generates an intermediate representation to systematically
handle these unknown competing risks.

ARTICLE pubs.aip.org/aip/pop

C. Shapley analysis for model interpretation

Machine learning models such as the above survival regression
are often considered black boxes, as they consist of matrix multiplica-
tion sequences with millions of uninterpretable parameters. While
these matrix weights are difficult to justify, we can still understand and
explain a black-box model by studying how the input features affect
the output. For example, a sudden drop in rotation may lead to a TM,
so such an input change should increase the model’s TM probability.
Similarly, this analysis provides an insight into why the model predicts
a TM, and what plasma feature was most responsible.

Shapley analysis is a game theoretic approach'* to analyze the
impact of input parameters on the model output. Shapley values repre-
sent the contribution of a particular feature value to the overall predic-
tion of the model relative to a background distribution. The Shapley
value corresponding to an input represents its contribution to the
model output relative to the average effect in the background distribu-
tion. Hence, the total Shapley value equals the model’s output minus
the model’s average output in the background distribution. For exam-
ple, if a certain time slice has a Shapley value of 0.1 on core electron
temperature, that core electron temperature contributes to a 10%
increase in TM probability. To demonstrate this technique, we have
provided an illustrative toy example in Appendix C.

In our Shapley analysis TM study, we use the 11 shots from our
dedicated DIII-D experiment as the background distribution. These
shots are never-before seen for the TM prediction model, as the model
was trained on historical data prior to real-time deployment. Another
choice for the background would be the entire DIII-D dataset, but nar-
rowing this down to the experiment shots allows for a more in-depth
comparison between the 11 shots. For example, 55, will not be a signif-
icant factor in shots from our experimental session that achieved simi-
lar By ~ 3, but if we were to compare to standard DIII-D H-mode
shots with iy ~ 2, the effect of )y would be overwhelming. Thus, in
our evaluation of TM predictions later, it is important to ground these
interpretations based on the relevant reference distribution of plasma
equilibria.

lll. MODEL PERFORMANCE AND PHYSICS
INTERPRETATION

This section describes the application of the TM prediction
model, from its performance statistics in the DIII-D TM database to
the model’s application to a dedicated control experiment, and finally,
an analysis of the plasma profile features impacting TM stability. We
begin listing the input features to the model and presenting its perfor-
mance metrics in Sec. III A. The DIII-D experiment on preemptive
TM avoidance is explained in detail in Sec. III B, showing successful
TM avoidance and detailing the model’s results shot-by-shot. We look
into specific time slice profiles and discuss the interpretation of the
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FIG. 1. Depiction of the survival regression training scheme. In training, the model is input t.,,; representing the time until the end of the sequence, event representing whether
a TM occurs at the end of the sequence (1) or not (0), and profiles representing the set of diagnostics and inputs to the model. At inference, only profiles are input, since the
end of the sequence or event is, of course, not known.
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model using Shapley analysis in Sec. III C, where the actuator effects
on equilibrium profiles are shown to stabilize TMs. Finally, in Sec.
111D, we study the Shapley values across our experiment to draw
broader conclusions on the scenario’s stability.

A. Tearing mode prediction model

A TM prediction model, referred to as the “Large Model,” was
trained to predict DIII-D n=1 TMs using the parameters shown in
Table I, including the real-time kinetic profiles RTCAKENN,*” an ML
surrogate model for CAKE,"” as well as external heating and actuation,
and EFITRT2 scalars. The seven RTCAKENN profiles are each
reduced to four principal component analysis (PCA) components to
reduce the input size with minimal reduction in information, with a
reconstruction R? value of 0.9991. This led to an input size of 42. The
decisions on database selection and processing are listed in A. Most
decisions were made to fit the experimental design, which required a
real-time capable flattop TM predictor with enough warning time to
change the electron cyclotron heating (ECH) deposition and affect the
equilibrium (around 200 ms).

The basic performance metrics are shown in Fig. 2, demonstrat-
ing high performance metrics with warning times around 1000 ms and
an AUROC score of 0.85. This allows for flexibility in actuation to
avoid the oncoming TM, such as ECH deposition in the case of our
experiment. Throughout the 1000 ms time horizon used in this model,
future actuation is assumed constant, as future actuation cannot be

a
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MQ 7 1400
0.8 ’g
I 1200 ;
[} £
< 0.6 \ E
2 Reduced 1000 @
B Model c
[} —_
[ ©
0.4
g 800 %
= ©
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w5 __
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FIG. 2. (a) ROC curve for the RTCAKENN-based TM predictor used in the experi-
ment. The original model had an AUROC score of 0.85, compared to 0.82 for the
profiles-only model. (b) The warning time’s histogram of true positives for a typical
threshold of 0.2 shows that the majority of TMs are predicted over 500 ms in
advance, allowing for flexibility in actuation.
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used in a real-time application. While this limits the model’s predictive
ability due to unforeseen TM-triggering actuation, the majority of
DIII-D shots in flattop have near-constant actuation, so TMs can be
predicted in the future. Further notes on the definition of warning
times and classification details are given in Appendix B.

The model architecture was a Deep Survival Machine with the
following parameters: a 80/10/10 train/validation/test split, an MLP
with four hidden layers, each with a width of 128 nodes, a lognormal
distribution, a batch size of 256, learning rate of 2 x 1074, k = 2 sur-
vival distributions, dropout of 0.4 and 100 epochs. These parameters
were the result of a grid search hyperparameter optimization. The
train/validation/test split was done on a shot by shot basis, instead of
time slice by time slice, to avoid inflating performance metrics where
potentially similar timeslices from a single shot could end up in all
three groups.

A second “Reduced Model” was trained using the same database
as the “Large Model,” but with reduced inputs consisting solely of the
seven 33-point RTCAKENN profiles in Table I. This model is used in
Sec. 111 C to study how profile changes affect the TM risk without con-
founding scalar inputs. For example, fiy, input heating and some
shape parameters were found to have consistent, large Shapley values,
which made analysis of profile importance more difficult. In addition,
PCA components of profiles are not used here to preserve localized
features. This model, of course, has worse performance metrics as it
used fewer diagnostics and inputs, but the AUROC score of 0.82 is not
significantly worse for the purpose of the Shapley analysis. A difference
in warning time distribution between the two models can be seen in
Figs. 2(b) and 2(c). This model was an MLP with three hidden layers,
each with a width of 512 nodes, a log-normal distribution, a batch size
of 512, learning rate of 3 x 107>, k = 3 survival distributions, dropout
of 0.7 and 100 epochs.

B. DIII-D experiment: Preemptive tearing mode
suppression

The TM predictor was developed for a dedicated DIII-D experi-
ment to achieve active 2/1 TM suppression, consisting of aiming elec-
tron cyclotron current drive (ECCD) at the g = 2 surface when a TM
risk was predicted. Whenever ECH is applied in this experiment, our
experimental setup provided ECCD as well. We therefore refer to the
combined effect as ECH and differentiate these when referring to just
the heating or current drive effect. The experiment was run in the ele-
vated gy, scenario,’ a high-performance advanced non-inductive
scenario that is often limited by TMs.

Previous experiments have shown the potential of preemptive
suppression of TMs using ECCD"* by changing the ECCD deposi-
tion when TMs are detected. However, 2/1 modes are difficult to
suppress once they have appeared and cause significant performance
degradation while they are present. We therefore designed a pre-
emptive scheme with the results shown in Fig. 3, where we predict
TMs before they appear, and change the ECH deposition as TM
probability increases, enabling fully tearing-free operation. As three
ECH gyrotrons were available, increasing thresholds of 0.1, 0.2, and
0.3 TM probability were chosen to successively increase current
drive at q =2 with increasing TM risk. The experiment successfully
demonstrated the suppression scheme, as can be seen in Fig. 3,
resulting in the tearing-free operation of previously unstable
conditions.
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Importantly for this paper, the TM model successfully predicted
the TMs with sufficient warning time to enable actuation and
responded correctly to the stabilizing effects of modifying ECH deposi-
tion. The experiment started at shot 199 597, which was a reference
elevated g,in shot, and ended at 199 607. The reference was well pre-
dicted, as shown in Fig. 3, followed by another correct unstable predic-
tion in 199 598 and 199 599. Shots 199 605, 199 606, and 199 607 were
the same unstable conditions with predicted TMs, but the active
adjustments of ECH deposition successfully avoided TMs. Shots 199
600 and 199 601 used additional ECH power, which led to passively
stable conditions, correctly predicted again. The only failure of the pre-
dictive model was shots 199 602 and 199 603, which were run at lower
plasma current, creating n = 3 modes that triggered n = 1 TMs.

The experiment resulted in a 82% success rate, where the two fail-
ures were difficult for our model to predict as higher n modes drove
n =1 modes, something our current model is unable to account for, as
larger n modes do not have significant profile flattening effects. Future
predictor models could incorporate information from magnetic fluctu-
ation signals to have information about higher n modes and their trig-
gering of n =1 modes.

C. Shapley analysis I: What drove the TM, and how was
it suppressed?

Shapley analysis is performed on the two key shots of our experi-
ment shown in Fig. 3: shot 199 597 as the no-control baseline, where a
TM occurred and was predicted 500 ms in advance; and shot 199 606,
which had the same actuation and conditions as the reference, with the
sole difference that ECH deposition is changed from an off-axis cur-
rent drive position to the q =2 surface whenever TMs were predicted.

For this analysis, we refer to the calculated Shapley value, which
is the percent increase that an input has on the TM probability, as
“TM impact” to make the interpretation of the values explicitly clear.
In Figs. 4 and 5, a positive TM impact (positive Shapley value)
describes TM destabilization and is represented by redder colors, while
a negative TM impact (negative Shapley value) causes TM stabilization

Uncontrolled Reference Shot 199597

0.6
a) 1 TM Predicted
’?0-5 — = TM Onset
F04
g 0.3
80
202
=
Foa
0.0
4 20
; LM/-/‘/—’V"W‘MM 15
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and is represented by bluer colors. The green vertical bar represents
the g = 2 surface location, where the tearing mode appears, according
to EFITO2ER™ at t = 3500 s. We use the Reduced Model whose inputs
were solely the seven profiles defined in Table I, which explains the
small differences in TM probability predictions for the same shots
between Figs. 3, 4, and 5. These shots are never-before seen by the
model, and are at the edge of the training dataset distribution because
similar elevated g,,;, shots exist in the database, but without real-time
actuation. We aim to understand how the equilibrium profiles deter-
mine the stability of the plasma; therefore, the actuation scalars were
not included in the model as they indirectly impact the stability by
changing the profiles. While Shapley analysis may be performed on
the original model, it is important to remove highly correlated values,
such as fiy, those that are correlated with the pressure profile, to avoid
ambiguity in Shapley values. Using only profiles enables a study of
their true impact on TM stability. Error analysis of the TM impacts
displayed here is shown in Appendix D.

The four profiles types shown in Fig. 4 reflect the evolution of the
plasma and its impact on TM risk. The general increase in T, leads to
more positive TM impact, particularly in the off-axis region
(0.3 < Yy < 0.8). The pedestal growth in the edge region (0.8 < )
has a stabilizing effect seen with the negative TM impact values. This is
generally consistent with the understanding that higher temperatures
and pressures will lead to more tearing risk, due to a higher f, and
bootstrap current.”*

Similarly, the evolution of TM impact values for the rotation pro-
file provides insight into the causes of the observed TM. As the core
rotation increases, the region becomes more stabilizing as would be
expected from an MHD stability perspective. The higher edge rotation
has the opposite, slightly destabilizing effect, which suggests that rota-
tion gradient or peaking is an important feature. This is a common
experimental observation and is reported in a multi-machine study.”
The net change in the rotation profile’s effect on TM risk (shown in
the figure legend) from t; to t3 is a stabilizing 0.1, which is lower than
the 0.15 destabilizing impact of the T, increase, suggesting that this
TM is primarily caused by high core T.

ECH Control in DIII-D Shot 199606
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FIG. 3. Demonstration of active preemptive TM suppression via ECH deposition change. (a) and (b) show the uncontrolled reference shot, which resulted in a TM at
t=2700ms, predicted at t =2300ms. (c), (d), and (€) show a shot with TM suppression via ECH deposition change. In (c), blue represents ECH aimed at an off-axis location
and orange represents ECH aimed at the q = 2 surface for TM control. As the TM probability increases and the thresholds are crossed, more ECH gyrotrons are steered to the

q= 2 surface to stabilize.
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FIG. 4. Shapley analysis for the unstable uncontrolled reference shot 199 597. Three timesteps are chosen, t; = 1600 ms at the stable start of the shot, t, = 2140 ms right
before the TM is predicted, and t; = 2640 ms where the tearing risk peaks and a TM occurs at t = 2700 ms. The color of the profiles represents the TM impact or Shapley
value, where red indicates destabilizing (positive TM impact), blue indicates a stabilizing (negative TM impact), and white indicates no impact. The total impact on stability of
the profile, or the sum of Shapley values, is in the legend. Abbreviations are used from Table .

The density profile evolution has a relatively low impact to TM
probability, but has interesting features. The electron density profile is
elevated in t, and t3 compared to ¢, even though t; is more destabilizing
than #; or t,. This suggests the peaked shape in #; is responsible for the
destabilizing effect rather than the elevated average densities. This is well
supported by theoretical studies,"” which show the density profile only
has a slight effect on TM stability and finds density gradients to be desta-
bilizing. Finally, while the g profile evolution had little influence on tear-
ing, the figure is included, as it shows interesting physics information.
The drop in gy» has a stabilizing effect on the plasma, but the g = 2
region notably becomes an unstable red for t; relative to t;, which may
be interpreted as the region being at a location with a tearing risk.

A key question we seek to answer with Shapley analysis is the
impact of ECH deposition changes at the g = 2 surface on TM stabil-
ity. Despite most actuation being equal to the reference shot in Fig. 4,
Fig. 5 shows a control shot where a TM does not appear despite it
being predicted by the model, likely due to the real-time modifications
to ECH deposition, which increased the current drive at the g = 2 sur-
face. In the control shot in Fig. 5, the two timesteps chosen are ¢,
where the tearing risk is high, but the ECCD has not yet driven much

current in the g = 2 surface, and #,, where the ECCD has provided a
more current drive aimed at the ¢ = 2 surface and consequently caus-
ing the TM probability to drop.

Several profile effects are expected from changing the ECH depo-
sition to target the ¢ = 2 surface. Primarily, we expect a changed elec-
tron temperature due to heating, as seen in Fig. 5(b). Because our ECH
setup also provides current drive, the g = 2 region has a bump in cur-
rent density, j. Finally, ECH has a density pumpout effect, which may
explain the lower density at the ¢, off-axis and edge regions, although
other factors will impact this too.

The increase in T, between t; and t, is subtle, but it causes a small
destabilizing effect, as was observed for the reference shot. However,
the increase in Jpoep at the g = 2 surface, causing the bump on j at t,
has a small stabilizing effect seen in Fig. 5(d), as is intended from driv-
ing ECCD at the q = 2 surface where 2/1 TMs appear. Finally, the
lower density in Fig. 5(c) has an overall stabilizing effect, particularly
in the core and edge regions.

While the two g profiles in Fig. 5(e) are too similar to draw con-
clusions on their shape, the overall stability of the profile drops by 0.06
after ECCD stabilization of the shot. Since the q profile largely
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FIG. 5. Shapley analysis for the ECH-controlled stable shot 199 606. Two timesteps are chosen, t; = 3140 ms when Jxccp at ¢ = 2 is low, and the tearing risk is high, and
t; = 3920 ms where ECH deposition has been changed, so Jrccp at g = 2 is high, and the tearing risk begins to drop. The rotation profile is not shown, as the small differ-

ence between t; and f, had little impact.

describes the scenario, this could suggest the shot is evolving into a
tearing unstable regime, but is kept stable by other profile changes
induced by the ECH deposition change.

Overall, we observe that the three key profile changes from ECH
deposition modification, namely, localized current drive, electron heat-
ing, and density pumpout, have an important effect on TM stability,
suggesting that changes in ECH deposition played a role in avoiding
the TM in this shot. This analysis shows the insight that Shapley analy-
sis can have on the underlying physics learned by machine learning
models for TMs. It also provides information on the triggering mecha-
nisms and causes of a TM, such as a rise in temperature and pressure
while rotation remains low.

D. Shapley analysis Il: Which profile features affect TM
stability?

Shapley analysis can be applied to a wider database analysis, pro-
viding insight into the overall impact of a profile feature, to draw more
generalized conclusions. In this section, we study which profile features
have the largest impact in the scenario of our dedicated experiment.

In Fig. 6, we plot the histograms of TM impact for each profile
feature, with the “core” region spanning v € [0,0.3], “off-axis”
region being Y € [0.3,0.8] and “edge” being ¥/, € [0.8, 1] to repre-
sent the pedestal. The features are ordered by their overall TM impact,
specifically by the mean of the absolute value of each TM impact,
meaning the feature can be strongly stabilizing or destabilizing to TMs.
This is visualized by the width of the histograms in the figure. By this
metric, core T, is the highest and most important for TM stability pre-
diction. It clearly shows that the higher the core T, value (or the lighter
the color), the more destabilizing it will be to TMs. The same pattern is
observed for core T;, off-axis T,, and core q to a lesser extent. Notably,
edge T, and T; display the opposite behavior, with higher pedestal
temperatures contributing to lower TM risk.

The profiles largely derived from magnetic measurements, j and
g, have generally smaller TM impacts. This is likely due to all shots
covered in this analysis having similar j and q profiles, as they are in
the same scenario. With less variation in j and q profiles, we would
expect a smaller TM impact from these profiles. However, their core
values show a clear pattern of high j and therefore low q leads to more
TM stable shots, which is the expected result as stronger current drive
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FIG. 6. A general Shapley analysis of all inputs, ordered by influence on TM stabil-
ity predictions in the dedicated experiment. Each row is a histogram of TM impact
for a given value, with its color indicating the magnitude of the input. For example,
core T, has the widest distribution, suggesting high importance for TM prediction.
As core T, increases (color becomes yellower), its TM impact clearly increases,
showing that a large core T, has a strong destabilizing effect.

should reduce TM risk. Real-time magnetic reconstructions used in
this analysis also have lower accuracy, which may impact these results.

The core and off-axis rotation are strongly stabilizing, as is
expected from large flows suppressing MHD instabilities. However, the
core rotation distribution in Fig. 6 has a dark center with light edges,
suggesting that large core rotation can occasionally destabilize the
plasma, and a low core rotation does not always strongly destabilize.
Finally, we see that a high edge rotation has an opposing, destabilizing
effect, which indicates the importance of rotation gradients to stability.

While most profile features shown in Fig. 6 show a clear pattern
in color, it is important to highlight those with a larger scatter in color,
particularly #, regions and some p regions. This may be a result of low
measurement accuracy or strong correlations with other features
affecting Shapley calculations. All the input profiles are, of course,
highly correlated in a tokamak plasma, with the strongest correlation
here being pressure, which is the product of temperature and density.
Strongly correlated inputs should not significantly affect ML model
performance, but does make the Shapley analysis more difficult, so it is
important to remove such features before analysis in future
applications.

Focusing on the specific profile features of T, and T; in Fig. 7, we
see a clear difference in the pattern between the two profiles. The TM
risk due to the core T, rises rapidly, while the trend for core T; shows
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FIG. 7. Scatter plots of TM impact from T, and T; across core, off-axis and edge
regions, with each point representing one time slice in the experimental data. From
these plots, we can draw conclusions on the stability impact of different profile
regions. The red curve is an exponential fit to guide the eye.

little change between 2 and 3.5keV and an exponential rise at higher
values. An exponential fit is shown in Fig. 7 to guide the eye, and
shows a larger exponential growth rate for the core T; at 0.82keV '
compared to 0.58keV " for core T,. Finally, the off-axis region dis-
plays opposite effects between T, and T;, notably the off-axis T; in
panel (e), strongly stabilizing TMs as its magnitude increases. This
shows an underlying difference in the mechanism linking T, and T; to
the TM onset in this scenario and suggests that broader, flatter temper-
ature profiles are more beneficial for TM stability, especially in the T;
profile, which may be the result of NBI-induced fast ion stabilization."”

These insights can be used to inform future elevated g,,;, experi-
ments to minimize TM risk without sacrificing performance. For
example, the differences between T, and T; in the TM risk suggest that
the ratio between ECH (electron heating) and NBI (ion heating) frac-
tion should be tuned to avoid the exponential rise in T;-induced TM
risk. A flatter T; profile is also found to stabilize TMs, so neutral beams
aimed off-axis may result in better passive TM stability than typical
on-axis NBI injection. This analysis and its conclusions are presently
limited to the elevated g, scenario, but the model interpretation
method is general and applicable to any DIII-D regime.

IV. CONCLUSION

Using Shapley analysis, we were able to analyze the plasma pro-
files to understand their effects on TM stability predictions through a
deep learning ML model. This was enabled by an accurate, long time
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horizon TM predictor model that was developed for DIII-D and dem-
onstrated in an experiment to accurately predict TMs in real-time. This
analysis agrees with generally understood physics observations and the-
oretical models, such as higher T, destabilizing TMs while higher rota-
tion stabilizes them. The analysis also led to new TM stability
observations, such as the TM risk increasing more rapidly with core T;
compared to core T,, which suggests high T,/T; fraction plasmas may
be more stable to TMs. This analysis was performed on an elevated
Gmin experiment and therefore only affects the physics of that scenario,
but a larger database study of different scenarios and machines may
help uncover the key factors in developing tearing-free plasmas.

We presented two TM prediction models: a “large” model used
in a real-time DIII-D TM avoidance experiment, and a “reduced”
model used for our profile analysis. The “large” model is best suited for
DIII-D experiments as it has the best predictive ability, and is demon-
strated in a successful experiment to maintain a TM-free high-perfor-
mance scenario. Another “reduced” model is developed using simpler
full-profile inputs and is used in our Shapley analysis.

Our Shapley analysis framework is also well-suited for analyzing
various scenarios in DIII-D. By selecting an appropriate reference dis-
tribution, we can tailor the analysis to focus on specific plasma catego-
ries, such as advanced non-inductive plasmas, ITER baseline scenario
plasmas, or other relevant scenarios. This filtering simplifies the inter-
pretation of the underlying physics because driving TM factors are
known to be scenario-dependent.

Many experimental fusion phenomena are challenging to explain
using physics-based models, making ML models an attractive alterna-
tive due to their high prediction accuracy. With the growing applica-
tion of ML in fusion experiments, such as Alfvén eigenmodes, ELMs,
and general disruptions, it has become more important than ever to
understand how these models arrive at their predictions. By applying
the Shapley analysis framework introduced in this paper, we can
uncover the underlying physics and identify key features that should
be controlled to prevent these instabilities, thereby improving the reli-
ability and safety of fusion devices.

Future work includes improving this framework to account for
physics effects not explicitly represented by the plasma profiles, such
as fast ion population, profile gradients, or the plasma shape. A large
input space, however, makes interpretation more complex and corre-
lated, so careful consideration must be made in choosing important
parameters. This work is limited in scope to Ip flat-top elevated-qmin
shots on DIII-D, so an important extension is a wider database analysis
to draw broader and possibly more extrapolable conclusions. In addi-
tion, as this framework is general, we believe important insights can be
obtained in ELM suppression experiments, L to H transitions and
other plasma state transitions, and any complex physics phenomena
observed in tokamak plasmas. Finally, important future work would
be making this tool easily accessible for between-shot analysis during
experiments for scenario development.
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APPENDIX A: DETAILED CONSIDERATIONS ON
DATABASE PROCESSING AND TM LABELING

* Ip rampup and rampdown data are excluded, as we wished to
predict flattop TMs, which can be controlled by changing ECH
deposition. We wouldn’t want to change ECH deposition during
rampup as it may affect the scenario.

* A TM was considered to have occurred if the amplitude of the
root mean square (RMS) of the n=1 magnetic fluctuations, called
nlrms, signal peaked above 12 G for a continuous 50 ms, along
with additional constraints on Hgg and gos to only consider H-
mode plasmas. The onset time of the TM was determined to be
when the nlrms first reached 10% of the peak nlrms signal. This
means higher m number modes were also included, although
they are less likely than the intended 2/1 modes. It also means
that n =2, 3 modes are ignored.

* The n=1, 2, 3 rms signals, the RMS magnetic signal forn=1, 2, 3
modes, are excluded from the training set to avoid the model
overly relying on these signals, as they are used for labeling.

* The data were chosen to be every 20 ms as this is enough time for
diagnostics and EFITs to yield updated results, faster than tx and
7 ensuring the profiles are equilibrated, but not too fast that the
model overfits to noise. Actuation, such as modifying ECH depo-
sition and NBI power adjustment, will also affect the plasma on
the order of 100 ms, so this is a good compromise.

¢ The NBI power and torque signals were smoothed to remove the
modulation spikes, which are too fast to affect the plasma
equilibrium.
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¢ ECH mirror angles are not included as an input. The model is
designed to observe physics quantities, such as g profile changes,
rather than actuation quantities. This would ensure the models
weren’t biased to predicting ECCD-suppressed TMs, but it
should be a learned effect on the profiles. DIII-D also has a lim-
ited variety in ECH mirror angles, making it difficult for models
to learn relations between stability and mirror angle.

* We apply a real-time compatible low-pass filter to the inputs and
outputs to ensure noise spikes don’t cause false positives.

¢ All the inputs are signals available in real-time in DIII-D, and could
be available in most tokamaks. This is to ensure that such a model is
applicable to real-time control in present and future reactors.

* The shot time is not provided to the model to avoid overfitting to
specific times. Certain scenarios frequently have TMs at specific
times, which may cause the model to overfit to time and not learn
from the profiles.

APPENDIX B: EVENT CHARACTERIZATION DETAILS

Figure 8 depicts an example TM prediction result to explain the
event labeling definitions used for our database. This is a true positive
because the threshold is crossed and a TM occurs; however, we define
the At as the last time the threshold is crossed. Considering the first
time, it is crossed results in inflated warning time statistics.

If the last time the threshold is crossed comes after Aty;,, this is
considered a false negative even if the event is correctly predicted, since
it is too late to actuate on the TM. This paper uses Aty = 100 ms
as this approximates the time needed for ECH and most actuation to

TM Occurs

> —~
o e
=
8 Threshold
o res Ja\
[a
>
|_

t Atwarn Atlim

FIG. 8. Diagram of an example TM prediction. At,,,,, is the warning time for a TM
and Aty is the time considered too late to be considered a correct prediction.
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affect the plasma. Only 21/1476 shots with TMs were in this category
because of our high warning times.

APPENDIX C: SHAPLEY TOY MODEL

We consider a toy model to determine the key factors affecting
a football team’s win percentage

. 1 2
winRate = F— [2 - (Costsquad)” — 20 - (Numipjury)

—10- (Age,,, —24)°].

avg

With this formula, we can exactly see how each term, the aver-
age cost Costyquad, age Ageavg, and injury count Numipjury,
contributes to the calculated win rate. However, for our toy model
Shapley analysis, this function is hidden, and we consider it as a
black-box model that takes input (Costsquad, Age,y,, NUMpjury) and
outputs the team’s win rate.

Figure 9 shows the Shapley analysis of the win rate model
using two background distributions (professional with higher costs
vs amateur) and two professional teams, detailed in Table II. In (a),
the higher squad cost in team 1 gives it a larger Shapley value. The
higher value of squad cost (25 M) leads to a 0.1% improvement in
the win rate prediction relative to other professionals, which intui-
tively makes sense as the cost of the squad has a quadratic
dependence on the win rate.

Next, we see the importance of the reference distribution when
comparing Figs. 9(a) and 9(b). When compared to other professionals,
amateur age and injuries will have a meaningful effect on a team’s win
rate. However, when compared to amateurs that have a significantly
lower cost, the professional team’s superior cost dominates all other
factors. Note that the total Shapley value in (b) is larger than in (a)
because Shapley values are relative to the distribution average, which is
significantly lower in the amateur group.

avg’

APPENDIX D: ERROR ANALYSIS OF SHAPLEY VALUES

The error of individual TM impact Shapley values is evaluated
using a Bootstrap sampling method on the background distribution
with 100 bootstrap samples. This consists of running Shapley analy-
sis of a given shot 100 times, each with a background distribution
that is resampled with replacement from the original dataset.
Figures 10 and 11 show the Shapley value and its standard error for
each profile in time for shots 199 597 and 199 606. While this

FIG. 9. Shapley values for our toy model.
(@) Shapley values between two profes-
sional teams show meaningful contribu-
tions from cost, age, and injury count,
where the difference in cost is the driving
factor. (b) Compared to a background of
Amateur teams, the cost is now the sole
driving factor for the team’s win rates and
age and injury counts are negligible.
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TABLE II. Upper table: Example teams 1 and 2 average cost, age, injury counts, and
the corresponding win rate. Lower table: Professional and amateur background distri-
butions used to calculate Shapley values, where the only difference is the range of
squad costs, as professionals cost much more than amateurs.

Team Team 1 Team 2
Cost (x 10°) $25 $24
Age (years) 22 23
Injury count 8 5
Win rate 0.65 0.62
Context Professional Amateur
Cost (x 10°) $15-$30 $13-$15
Age (years) 20-30 20-30
Injury count 0-10 0-10
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FIG. 10. Error analysis of the total TM impact values for each profile as a function
of time in shot 199 597. The blue axis is the total TM impact for each profile, and
the red axis is the average profile value. The blue errorbars represent the standard
error of the TM impact through Bootstrap sampling. The red shaded region shows
the times when a TM was present.
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FIG. 11. Error analysis of the total TM impact values for each profile as a function
of time in shot 199 606. The blue axis is the total TM impact for each profile, and
the red axis is the average profile value. The blue errorbars represent the standard
error of the TM impact through Bootstrap sampling. The red shaded region shows
the times when a TM was present.

analysis provides the uncertainty for each spatial point in the pro-
file, the sum of all Shapley values and uncertainties is plotted
instead, so the temporal evolution can be displayed. While the
uncertainties in Figs. 10 and 11 are small, certain regions and pro-
files have larger uncertainties, such as the rotation before reaching
t = 2000 ms and the ion temperature in shot 199 606.

An alternate method for visualizing the uncertainty for a wider
dataset is by plotting scatter plots, as in Fig. 7. The scatter plots,
such as Fig. 7(a), show a clear pattern, but the spread increases at
higher Core T,, suggesting a higher uncertainty and a more difficult
regime to draw strong conclusions on TM impact.

APPENDIX E: PROFILE GRADIENT EFFECTS ON TM
IMPACT

Profile gradients such as rotation shear and the pressure gradi-
ent producing a bootstrap current are important parameters for
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FIG. 12. Analysis of the TM impact from profile gradients as a function of time in shot
199 606. The blue axis reflects the difference in Shapley value between the core and
edge of each profile. The red axis is the difference in magnitude between the core
and edge for each profile. While these are not direct Shapley values of the gradient,
they show how a change in profile gradient affects the TM impact of the profile.

determining TM stability. The TM prediction model uses 1D pro-
files as inputs and is able to evaluate the importance of gradients
through its hidden layers. However, the Shapley analysis presented
cannot directly access these effects because gradients are not an
explicit input to the model.

One solution is to train a model with both profiles and profile
gradients as inputs. This would allow the Shapley analysis to sepa-
rate the effects of input magnitude and gradients. However, this
significantly increases with the input size and its correlation, making
it difficult to disentangle different effects. It would also only explain
the impact of local gradients and would miss gradients between dif-
ferent regions, which can be more important.””

In this section, we provide a simple but informative gradient
analysis of the Shapley values presented in Sec. III C. In Fig. 12, we
plot the difference between the core and edge profile values, as well as
the difference of the Shapley values of those regions, to visualize the
correlation between gradients and Shapley values. While this method
does not explicitly allocate a Shapley value to the profile gradient, we
see the importance of certain profile gradients for the TM model.

As expected from Figs. 4 and 5, as the T, and T; gradient
increases, the TM impact rises significantly, with the two values being
highly correlated. We also see little to no effect of density gradient on
the TM impact, as we observed in Sec. ITI C and in theoretical stud-
ies."” The density gradient may be slightly destabilizing, but it is small
compared to the importance of T, and T; gradients.

The rotation gradient plot shows that an increased gradient is
more stabilizing, but it is not a significant feature. While in Sec.
[I1C, we saw the impact of high rotation in TM stability; these
results suggest rotation shear is not important in this scenario.
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