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Abstract

In a previous paper, a Self-Organizing Map had proven to be able to identify the regions of the
plasma operative space characterizing the pre-disruptive phase at JET without relying on any a
priori information. One of the strengths of this disruption predictor lies in its inherent self-
organization capability. The Self-Organizing Map discovers non-trivial relationships and captures
the complicated interplay of device diagnostics on the internal plasma states directly from the
experimental data. Moreover, the provided model allows the visualization of high-dimensional
plasma parameters and facilitates easy interrogation of the model to understand the reasons

behind its correlations.



In this paper, an additional step is taken towards the interpretability of models for predicting
disruptions by training a Decision Tree to classify the plasma states according to the interpretation
provided by the Self-Organizing Map (stable or at high risk of disruptions). The Decision tree
provides a set of rules which describe the transition of the plasma towards the pre-disruptive

phase as visualized in the Self-Organizing Map.

The obtained rules for the database explored in the study identify four regions in the map, two of
which are at risk of disruption. These regions correspond to partitions of a 3D space based on the
peaking factors of the core and divertor radiation, as well as the Locked Mode. The agreement
between the Self-Organizing Map answers and the rules supplied by the Decision Tree is
confirmed by the comparison of the performance exhibited by the two models in the prediction of

disruptions.

1. Introduction

A plasma disruption is a sudden, critical event in a tokamak that results in the loss of plasma
confinement and stability. Disruptions often cause a variety of damaging consequences due to
localized overheating, excessive stress on machine walls, or even damage to critical components
like the first-wall materials or superconducting magnets. Reliable disruption prediction and
mitigation systems are considered unavoidable during International Thermonuclear Experimental
Reactor (ITER) operations and in the view of the next fusion reactors such as the DEMOnstration

Power Plant (DEMO).

There is not a comprehensive theoretical model that describes all types of disruptions. For this
reason, data-based models utilizing machine learning (ML) and Neural Networks (NNs) are

common approaches for classifying and predicting disruptions. There is a wide body of literature



on supervised ML models, which require labeled training data. The performance of the models has
improved over the years both for a more appropriate choice of diagnostic signals and input
features and for the availability of increasingly powerful data-driven modelling techniques. The
most recent approaches, including Deep Learning, Reinforcement Learning (RL), Ensemble
methods and Transfer learning leverage advanced algorithms and large-scale data from plasma

diagnostics.

Deep NN, including Convolutional Neural Networks (CNNs), Recurrent NNs and Autoencoders,
were applied to analyze time-series data and images'=. Examples include a deep learning—based
cross-device predictor trained on data from both DIII-D and JET?, a deep iearning-based real-time
disruption predictor implemented in the plasma control system of HL-2A? and a CNN processing
plasma profiles for disruption prediction at JET3, then improved adding the MHD spectrogram?®.
Furthermore, a deep learning-disruption predictor for KSTAR analyses In-vessel Visible Inspection
System video and OD parameters®, while a cross-tokamak predictor for EAST and J-TEXT exploits

Convolutional Autoencoders® and adaptive deployment methods based on anomaly detection.

Also, RL was explored for optimizing real-time disruption prediction systems. By continuously
learning from the system's responses, RL can improve its predictive capability, even in dynamic
and uncertain environments, by receiving feedback from past predictions and actions. RL has been
successfully applied to develop a dynamic model that estimates the likelihood of future tearing

instability in DIII-D”.

To enhance prediction reliability, ensemble techniques that combine multiple ML models have
been widely adopted. Methods like Random Forests (RFs) or gradient boosting allow for better
generalization and reduce the likelihood of false positives or negatives in disruption prediction. A

real-time disruption predictor using RFS was developed for high-density disruptions and integrated



into the plasma control system of EAST tokamak®. A data-driven disruption prediction model using

the RFs for KSTAR is developed?®.

Transfer learning, which is the process of adapting a model trained on one dataset for use on
another, is gaining attention in disruption prediction. It is particularly valuable in scenarios with
limited labelled data, as it enables the transfer of knowledge from different devices or
experimental conditions. An explorative data analysis study on C-Mod disruptions database using
t-distributed Stochastic Neighbour Embedding (t-SNE)!°, a dimensionality reduction technique,
demonstrated that time sequence data can better separate the disruptive and non-disruptive
behaviour compared to the instantaneous plasma state data. The authors designed a multi-
machine Hybrid Deep learning disruption predictor that achieves high predictive accuracy on C-
Mod, DIII-D and EAST tokamaks with limited hyperparameter tuning. Transfer learning-based
methods to predict disruptions trained with !-TEXT data have been successfully applied to port the

predictors to EAST®11,

In all these applications, the manual labelling of the training data of Disruption Terminated
Experiments (DTEs), to identify when disruption precursors appear, was a heavy and challenging
task. To overcome this labelling phase, the authors of the present paper proposed a statistical
algorithm capable of identifying a different pre-disruptive phase for each disrupted discharge?'?.
Previously, the same authors developed disruption predictors based on anomaly detection which
only required samples from Regularly Terminated Experiments (RTEs) labelling them as ‘normal’*3.
Then, a Self-Organising Map disruption predictor is presented. The predictor is a fully
unsupervised two-dimensional mapping of the high-dimensional JET operational space. Its primary
strength lies in its inherent self-organization capability. Diverging from supervised disruption

predictors and earlier approaches suggested by the same authors??, it eliminates the need for



labelling data of DTEs during training. The Self-Organizing Map, operating without any a priori
information, efficiently identifies the regions characterizing the pre-disruptive phase. In other
works, precursor onset times using different anomaly detection algorithms are estimated for J-

TEXT and EAST™.

The ongoing challenge lies in implementing models that can be easily interrogated to understand
the reasoning behind their predictions, ensuring a closer connection to underlying physical
mechanisms. In the future, interpretable models applied across devices could be a valuable help
for shared rule extraction and identification of common patterns towards a more confident

extrapolation to ITER.

With manifold mapping, the obtained 2D maps allow one to visualize the high-dimensional plasma
parameter space as a 2D projection®>1¢, The component planes make it possible to observe the
distribution of individual plasma state parameters on the map. A similar approach used t-SNE to
visualize the data representation in @ 3D latent space. Instead, other authors propose methods to
evaluate the real-time importance of each input signal®. Given an existing predictor?, researchers
introduced a real-time “sensitivity score” to indicate the underlying reasons for the imminent
disruption?’. Other approaches measured the feature importance of 0D parameters in a
Transformer-based disruption predictor applying the permutation feature importance algorithm?®.
To enhance interpretability, physics and data-driven methodologies such as fully connected NNs
are combined to identify the main macroscopic precursors of disruptions'®: magnetic instabilities,

abnormal kinetic profiles, and radiation patterns.

In this paper, a procedure to implement an unsupervised disruption predictor at JET and uncover
the rules underlying its behaviour is described. The predictor represents an enhanced version of

the SOM?®5; a Decision tree is then employed to reveal the rules governing the operation of the



SOM. The present work gives a more in-depth interpretability of the SOM predictor at JET,

showing a first rule extraction approach that will be applied also to other machines in future work.

The paper is organized as follows: in Section 2 the Decision Trees are outlined. Section 3 recalls the
SOM proposed for disruption prediction at JET?, the database and the performance indexes. An
improved version of the SOM predictor is described in Section 4 while in Section 5 the rule
extraction mechanism is introduced. The adaptability of the rules to the SOM is presented in
Section 6. In Sections 7 and 8, the extracted rules set are analysed, then a graphical interpretation

is given, enhancing the strength of the proposed method. In Section 9, the conclusions are drawn.

2. Decision Trees

Decision Trees (DTr) are supervised machine learning algorithms?® primarily used for classification
tasks. They work by subdividing the input space into subspaces based on the values of input
features, each split considering only one feature at a time. This occurs at each node in the tree,
where the objective is to separate the data in a way that maximizes the purity or homogeneity of

the resulting subsets.

At each node, the algorithm selects the feature and the threshold value (for continuous features)
that best splits the data. Each node thus represents a decision on an input feature, and each
branch corresponds to a possible outcome. The leaves provide the required classification. The

paths from the root to the leaves form the classification rules.

To determine the best feature and corresponding threshold for splitting data at each node, several
metrics can be used. In this paper, the Gini impurity index is used as a measure of the degree of
impurity within the dataset®®. The training algorithm evaluates all possible features and

corresponding thresholds to find the one that minimizes the impurity index, ultimately aiming to



create the purest possible nodes, where the data points are as similar as possible in terms of the

target variable.

The tree is built by repeatedly splitting the data based on feature attributes, growing until a
stopping criterion is met, such as when all leaves are pure (i.e., belonging to the same class) or

when the minimum number of samples per node or maximum tree depth is reached.

3 Disruption prediction through SOM

3.1 Database
The data for this study contains experiments from JET campaigns from 2011 to 2020. The database
covers earlier campaigns with the ILW until more recent higher power experiments. It has been

grouped into three data sets®:

1. Campaigns 2011-2013: 127 DTEs and 115 RTEs
2. Campaigns 2016: 29 DTEs and 41 RTEs

3. Campaigns 2019--2020: 37 DTEs and 63 RTEs

In total, the database consists of 193 DTEs and 219 RTEs having a flat-top plasma current higher
than 1.5 MA, and a flat-top length greater than 200 ms. The flat-top starting time is assumed as
the first time instant where the plasma is in X-point configuration. The diagnostic and synthetic

signals derived from 1D plasma profiles®2° were:

e Peaking Factor of Electron Temperature (Teps) and Electron Density (Ney) from HRTS
e Peaking Factor of the Radiation excluding the X point/divertor region (Radps.cva) and
excluding the core region (Radt.xoiv), from the Bolometer Horizontal Camera

e Internal Inductance ([;) from the Magnetic equilibrium



e Normalized Locked Mode Amplitude (LM) from the Saddle loops.

Dataset3, related to experiments for baseline scenario studies, suitable for sustained high D-T
fusion power, is characterized by higher currents, density, and input power, also exceeding the
range of the other two datasets?!. The dataset consists of all samples of the whole flat top phase

of the plasma current; samples from the ramp down one are not taken into account.

The training set consists of 85 DTEs and 70 RTEs from 2011-2013 campaigns and the test set
consists of 108 DTEs and 149 RTEs from 2011-2020 campaigns. In total, the training set consists of

179 601 samples, while the test set consists of 901 535 samples.

The signals are sampled every 2 ms. In the training set, they hiave been under sampled to 10 ms,
except for the final second of the DTEs, to limit map diriiensions. The validation of the SOM is
carried out by feeding it with the same experiments used for training but with a sampling time of 2
ms. While this does not constitute a fully independent evaluation and may underestimate the
validation error, it can help reduce overfitting in distinguishing between safe and disruptive
regions. The performance of the SOM as disruption predictor is assessed using the independent
test set which encompasses experiments from the same campaigns of training set and from

subsequent campaigns.

3.2 Performance indexes

At JET, the time required for the Massive Gas Injection system to mitigate the discharge in case of
alarm is 10 ms. Thus, 10 ms is the minimum warning time, i.e., the minimum time interval
between the alarm and the disruption. If the predictor triggers an alarm with a warning time equal

to or smaller than 10 ms, it is assumed as Tardy Detection (TD). A Missed Alarm (MA) occurs if the



disruption predictor does not trigger any alarm. A FA is an alarm triggered by the predictor during

an RTE.

In the disruption prediction literature, a more informative figure of merit is defined by the
accumulated fraction of detected disruptions as a function of the warning time. It allows us to
read, in a unique graph, besides the successful prediction and the tardy detections, also a general

overview of the premature detections and the alarm anticipation times.

3.3 The SOM predictor

SOM is an unsupervised NN, generally used for clustering. The SOM can map an N-dimensional
input space in a low dimensional output space, preserving the topology of input data??. So, similar
data in the input space will be associated with the same cluster in the output space. The choice of
the SOM is motivated by several factors, inciuding its self-organizing capability and the ability to

visualize data in a low-dimensiona! space, which enhances the model's interpretability.

In the lower dimensional output space then, every cluster represents a vector with the same
dimensionality as the input space. After the model is trained, every sample can be associated with

the nearest cluster in terms of Euclidean distance, called Best Matching Unit (BMU).

A SOM disruption predictor, SOM2'>, has been trained and validated using the same 85 DTEs and
70 RTEs from Dataset1 as in previous work?3. Dataset1 consists of 6 diagnostic signals. The
remaining 108 DTEs and 149 RTEs have been used for testing the model’s performance. The
developed model can find by itself the cluster labels, i.e., it can separate the safe clusters and the

disruptive ones.

Testing the SOM performance in terms of disruption prediction, many FAs were triggered in the

frontier between safe and disruptive region; thus, a “safe” class label was assigned to every



frontier cluster. To identify novel samples, for each BMU, the minimum and maximum values of
each variable across the training samples associated to the BMU itself are evaluated. For a new
sample, if the value of any variable exceeds the maximum by more than 10% or falls below the
minimum by more than 10%, the sample is labelled as novel. In this case the eventual alarm was

not triggered®®.

4 SOM analysis

In this paper, the SOM predictor was retrained using the same experiments, and the same
training, validation and test sets previously employed by the authors!>. However, the Radiation
peaking factor calculation was modified with a causal preprocessing for cleaning bolometer noisy
channels. For each experiment and for each of the 20 channels in the first 200 ms of the flat top
phase, the trend of the signal is removed by subtracting the signal with the moving average. To
identify channels with corrupted and out of range values, the standard deviation of each radiation

signal is computed and a threshold Tn on standard deviations is determined:

Th= H(&l, 62, ...,620) + 30(61, 62, ...,620) (1)

where 1 and o are the mean and the standard deviation of the 20 channels standard deviations
respectively, and G; is the standard deviation of the signal in the i — th channel. If the standard
deviation in a channel is greater than Th, the channel is considered noisy and discarded. The
discarded channel is either linearly interpolated using the neighbors, or the adjacent channel is
used when at the profile edge. This procedure is similar to the one adopted for tomography
purposes, where the common practice involves interpolating bad channels using neighbouring

ones.



The new SOM, composed of 40 x 21 neurons, is shown in Figure 1(a). Frontier clusters are labelled
as safe, while novel samples are ignored®®. The red clusters consist exclusively of samples from

DTEs. Most clusters contain only samples from RTEs or from both RTEs and DTEs and are blue.

a) b)

Figure 1. SOM: (a) red clusters contain only samples from DTEs; blue clusters may contain samples from DTEs and RTEs
or only samples from RTEs; (b) the pie planes in each cluster represent the percentage of RTEs (green) and DTEs

(purple)

In Figure 1(b), the pie planes represent the percentage of RTEs (green) and DTEs (purple) in each
cluster. As in SOM2%%, the bottom-left part of the map mainly consists of shots from DTEs even if it

is blue due to the presence of samples from RTEs.



Projecting the training RTEs trajectories on the SOM, the majority of RTEs lie far from the red

region (Figure 2. Examples of RTEs trajectories on SOM2: (a) #82194 (b) #82003 (c) #82878 (in white)

(b)) and some of them graze it (Figure 2. Examples of RTEs trajectories on SOM2: (a) #82194 (b) #82003 (c)

#82878 (in white)

(a)).
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Figure 2. Examples of RTEs trajectories on SOM2: (a) #52194 (b) #82003 (c) #82878 (in white)

Only one RTE (#82728) lies completely in the bottom-left region, as shown by its trajectory traced

in Figure 2. Examples of RTEs trajectories on SOM2: (a) #82194 (b) #82003 (c) #82878 (in white)

(c). Its behaviour is compatible with an instability due to impurity accumulation, as confirmed by

the comments reported by the operators which observed a W accumulation event and the

the labels of the SOM clusters are reassigned by

7

subsequent cessation of MHD activity. Then

is shown in

’

called SOM3 to distinguish it from SOM2%>

discarding RTE #82728. The resulting map,

Figure 3(a). A significant change is observed in the subdivision of the map's regions, now featuring

a compact disrupted area that occupies the lower region.



b)

)

In Figure 3(b) the pie planes represent the percentage of RTEs (green) and DTEs (purple) belonging

contain samples from RTEs and DTEs or only samples from RTEs; (b) the pie planes represent the percentage of RTEs

Figure 3. SOM3 relabelled discarding RTE #82728: (a) red clusters contain only samples from DTEs, blue clusters
(green) and DTEs (purple) in every cluster

the number

the SOM clusters where the alarm is triggered are yellow;

7

to every cluster. Moreover

of alarms triggered in the cluster is also reported. The presence of an isolated red cluster where 14
The first two rows of Table 1 report the comparison of the performance between SOM3 and the

alarms are triggered will be clarified in the following (paragraph 6).
CNN disruption predictor proposed by the authors?* for the same dataset.

SOM3 and DTr) as disruption predictors

Table 1. Performance of the different models (CNN**,

MA (%) TD (%)

FA (%)

Model



CNN

Training set SOM3
DTr
CNN
SOM3
Test set
DTr

3 (4.3)
1(1.2)

2(2.4)

14 (9.4)
6 (4.0)

4(2.7)

0 0
0 0
0 0
4(37) 2(1.9)
0 1(1.0)
2(1.9) 1(1.0)

The FA in the training set triggered by SOM3 is caused by RTE #82728 whose trajectory is now in a

region labelled as disruptive. The same experiment determines one of the three FAs given by CNN.

In Figure 4 SOM3 and CNN warning times are repcrted for training (Figure 4 (a)) and test sets

(Figure 4(b)).
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Figure 4 Cumulative fraction of detected disruptions for SOM3 (blue), CNN (magenta) and DTr (green dotted) (a)

training set (b) test set



5 Rule extraction through Decision Trees

This work represents a first attempt to explain the boundaries between safe and disruptive regions
found by SOM, through the rules extracted by the DTr. The DTr interprets the mechanism behind

the SOM answer and identifies disruption root causes triggering the SOM disruption alarm.

The DTr takes as input the same plasma parameters used to train the SOM and as target the
corresponding labels as supplied by the SOM. The dataset used for DTr training is the same used
to train the SOM. The only difference between them is that, during the training of the tree, the
dataset is not under sampled. Moreover, RTE #82728 is discarded, as result of the new labelling of

SOM3.

To ensure model interpretability, the training of the DTr is intentionally limited to two splits. This
results in the partitioning of the plasma parameter space into four regions, each represented by a
leaf node. Every leaf corresponds to a rule that can be extracted from the tree. With this structure,
the model effectively distinguishes between samples from the pre-disruptive phase of DTEs and
those from RTEs, replicating the classification capability of the Self-Organizing Map (SOM). The
tree accuracy, evaluated as the percentage of samples for which the obtained classification (safe
or disrupted) agrees with SOM3 classification, is very high: it is equal to 98.72% for the training set
and 98.88% for the test set. As detailed below, this small discrepancy arises from samples located

in the clusters at the boundary between the safe and disruptive regions.

In Figure 5, the DTr structure is reported, with the number of RTEs and DTEs belonging to the
training set associated to each leaf node. Every sample of the training set, associated with one
SOM cluster and with the corresponding label, is now associated also with one of the four DTr

rules, each one with its color.



The leaves are labelled as Safe and Disrupted depending on the number of DTEs and RTEs samples

in the leaf itself. The disrupted leaves are coloured in warm colours (yellow, orange) whereas the

safe ones in cold colours (blue, light blue). Note that the presence of leaves where DTEs and RTEs

coexist is mandatory since both the experiments start in the same region (i.e., in the region

described by rule S1).

By applying the DTr as a disruption predictor, two distinct rules are identified to describe the

regions where a disruption alarm is triggered: one associated with the radiation profile

destabilization and the other with mode locking:

Rule D1 yellow: RAD,¢_cya < 1.57 and MLy = 0.29 [mT /MA]

This rule is satisfied by 76 DTEs at some point along their trajectory. For 63 DTEs, the DTr
firstly triggers the alarm under the D2 rule; then, the label changes to D1 rule in the last
part of the experiment. In 23 cases (26.7% of the 85 DTEs) the alarm is triggered for the
first time under D1 rule.

Rule D2 orange: RAD,f_ = 1.57 and RADps_xpiv < 1.55

This rule is followed by 64 DTEs and 2 RTEs in some portion of their trajectory. For 63 DTEs
(73.3 % of the 85 DTEs) the alarm is triggered for the first time when this condition is
satisfied, while for one DTE, the alarm is triggered by rule D1.

This rule identifies disruption precursors related to the destabilization of the radiation
profiles exploiting information from radiation peaking factors. In fact, several studies link

the radiation profiles to the impurity accumulation and edge cooling mechanism3:20:23.25.26,

Of the two RTEs that trigger a false alarm, RTE #827283 is the one that was discarded

during the training but used as test experiment. Its trajectory follows Rule D2 for most of



its samples. Although classified as a FA, this outcome reflects the presence of a

destabilizing event due to an impurity accumulation.

Moreover, also the trajectory of the other RTE, #82447, complies with this rule, for 210
ms. Conversely, no alarm is triggered by the SOM for this experiment. In fact, the
trajectory passes near to the disrupted region, but it does not enter any disrupted cluster.
Again, the presence of high core radiation may be indicative of a destabilizing mechanism

affecting plasma performance.

[ Radcore

< 1.57(0.57) > 1.57(0.57)

[ I‘ILnorm [ K;’ ‘] ] [ 1?(1.(1[)1\/ J

< 0.29(0.28) \\0 29(0.28) 1.55(0. 82)/

v
—
o
N

55(0.82)

Rule D1 Rule D2
76 DTE 64 DTE
0 RTE 2 RTE

Figure 5. Scheme of DTr; the disrupted leaves are coloured in warm colours (yellow, orange) and the safe ones in cold
colours (blue, light blue). In bracket the threshold for normalized signals.

The remaining two rules describe safe regions of plasma parameter space.

o RuleS1:RAD,; cya < 1.57 and MLy < 0.29 [mT / MA]



It is associated with the majority of samples; all the DTEs and RTEs experiments but two
DTEs start in this region, characterized by low values of core radiation and LM. These two
DTEs start in disruptive regions, evolving only in the bottom right part of the map.

e RuleS2: RAD,f_cyq = 1.57 and RAD,f_xp = 1.55
This rule is followed by 42 DTEs in some portion of their trajectory and by 7 RTEs.

Summarizing, the DTr splits plasma states into two main branches, the left one depends on the
LM for low values of core radiation while the right one only depends on the peaking factors of
radiation at the X-point/divertor region for higher values of core radiation.

To evaluate how well the DTr matches the SOM’s clustering results, the performance of the
DTr in disruption prediction is reported in 1. Only minor differences are observed in the
classification of experiments. Overall, the performarnce remains comparable, confirming the
strong correlation between the extracted ruies and the SOM behaviour. The warning times

distribution is reported in Figure 4.



6 Integrating SOM and Decision Tree for Rule Extraction

Figure 6(a) shows SOM3 with a cluster background depending on the cluster label: the background
is blue for safe clusters and red for disrupted ones. The pie planes in each cluster represent the
percentage of samples following a given rule, and they are coloured following the association
between colour and rule reported in Figure 5. In this way, the distribution of the rules is displayed

on the SOM.

| Jelcls
- . Safe rules T o s e T Jelefelefcicic

clelelelel
i (1[0 Disrupted rules

ol[¢

k<]l >
[clcllclqclclc]
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s
elCIRIEIEIE:
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Figure 6. SOM3 (a) cluster background depends on the SOM labelling: red for disrupted clusters and blue for
the safe ones; the pie planes represent the percentage of samples following a given rule extracted by the
DTr (b-c) the pie planes represent the percentage of RTE samples (green) and DTE samples (purple) in every
cluster; the clusters where the alarm is triggered are in yellow with the number of given alarms (b) SOM3
alarms (c) DTr alarms.

The boundaries between safe and disrupted regions are the regions where the uncertainty is
greater; in fact, as expected, more than one rule is present in the boundary clusters, i.e., rule S1
(blue) coexist in the same cluster with rule D1 (yellow) or rule D2 (orange) on the bottom right
side, and rule S1 (blue) with rule S2 (light blue) on the bottom left side. The inner regions, on the

other hand, have in general more purity. The presence of some internal orange/light blue clusters

is due to the definition of the boundaries in SOM3 itself. The SOM inevitably makes some



classification errors due to the nature of its clustering algorithm, which assigns samples to a given
cluster based on distances within the multidimensional plasma parameter space.

Moreover, there is a small region where DTr and SOM3 are not in agreement; this is the frontier
between the safe and the disruptive one, where the background is blue (safe for SOM3), but the

pie-planes show a majority of D2 rule (in orange, disrupted for DTr).

This is more evident in Figure 6(b) and (c), where the clusters in which the alarm is triggered are
yellow together with the number of alarms given by SOM3 (Figure 6(b)) and by DTr (Figure 6(c)).
The correspondence between DTr and SOM3 alarms mainly differs for the trigger of many DTr
alarms in a region considered as safe by the SOM. This is the same frontier region observed in
Figure 6(a), where the background is blue (safe for SOM3) but the pie-planes show a majority of

plasma states described by rule D1 (disruptive rule for DTr).

Then, an adjustment of SOM3 labelling is proposed, considering the DTr results: if all the samples
in a cluster are classified as disrupted by DTr, then the cluster is labeled as disrupted. The new
map, called SOM4, is the combination of the two methods of labelling and is reported in Figure 7.
The red disrupted zone (Figure 7(a)) is now more widespread. The black dots identify the new
disruptive clusters, located almost completely in the area where D2 is the prevalent rule (Figure
7(b)). The SOM3 cluster triggering 14 alarms is no longer isolated, but it is now at the edge of the

disruptive region.
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Figure 7. SOM4: (a) Red disruptive region and blue safe region after the relabelling following DTr rules; the black dots
identify the new disruptive clusters (b) the pie planes represent the percentage of sampies following a given rule
extracted from DTr.

In Figure 8, the clusters in which SOM4 and DTr trigger the first alarm are in yellow with the
number of alarms, along with the cluster composition. It can be noticed the better agreement

between SOM4 and DTr in terms of region of triggered alarms.
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Figure 8. Alarm-triggering clusters are yellow, with the number of alarms (a) SOM4 and (b) DTr.



7 Interpretation of the DTr rules

The main goal of this work is to propose a procedure for extracting explicit rules based on plasma
parameters, providing insight into the decision-making process of a self-organizing map disruption
predictor. The resulting set of rules can be interpreted as a series of conditional IF...THEN

statements, with each rule corresponding to a leaf in the DTr.

Here some examples are given to better explain the accordance between the proposed method
and other literature works. Figure 9(a) shows the trajectories of DTE #83245 on SOM3, linked to a
core radiation mechanism. The first alarm is given by rule D2. Figure 9(b) shows the time evolution
of plasma parameters. Note that the signals and the relative threshcids are normalized in the [0,1]
range to enable plotting all signals on a common scale. The Dir aiarm and the SOM3 alarm are
indicated by vertical lines, black and red respectively (superimposed in the figure). The horizontal

dotted lines represent the thresholds characterizing the switching from one rule to another.
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Figure 9. DTE #83245 — (a) SOM trajectory (b) plasma parameters and rule thresholds (c) rules satisfied by the plasma
states.

In Figure 9(c), the rules associated with the plasma states are shown in different colours. The
experiment starts in the region described by the blue safe rule S1 where both the peaking factor of
the radiated power at the plasma core and the LM are under their relative thresholds. Both
models classify the samples in this phase as non-disruptive. Then, the divertor radiation starts to
decrease and at t=16.324 s, there is a transition to the orange disruptive rule D2 as soon as the

radiated power at core exceeds its thresholds. DTr triggers the alarm; SOM3 still labels the plasma



state as safe until t=16.338 when it also triggers an alarm. The time difference between the two

alarms is equal to 14 ms.

Figure 10(a) shows the trajectory of DTE #94650 on SOM3. The disruptive mechanism is linked to
the LM, and the first alarm is given by rule D1. In this case SOM3 triggers the alarm in advance
with respect to the DTr. Figure 10(b) reports the time evolution of the signals: both the peaking
factor of the radiated power at the plasma core and the LM are under their relative thresholds.
Figure 10(c) reports the rules associated with the plasma states: the experiment is initially
classified as safe by both methods (Rule S1). SOM3 triggers the alarm at t=16.228 s while the DTr
switches to the disruptive yellow rule D1 at t=16.5162 as soon as the LM exceeds the thresholds.

The time difference between the two alarms is 0.2846 s.
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Figure 11(a) shows the trajectories of DTE #96745, linked to an edge radiation mechanism. The
first alarm is given by rule D2. The evolution of the plasma parameters is shown in Figure 11(b).
Observing the electron temperature and density profiles from the HRTS, the horizontal bolometer
data, the disruption is preceded by an edge radiation collapse at around 12.7s%® (Figure 2, left, in
Bonalumi et al.?8). In Figure 11(c) the rules associated to the plasma states show that the
experiment starts in the region described by the blue safe rule S1 where both the peaking factor of
the radiated power at the plasma core and the LM are under their relative thresholds. Both
models classify the samples in this phase as non-disruptive. At t=12.359 s there is a transition to
the orange disruptive rule D2 as soon as the radiated power at core exceeds its threshold
triggering the DTr rule. Then, SOM3 raises the alarm shortly after, at t=12.404 s, with a delay of 45
milliseconds. The transition to the D2 rule is 341 ms earlier than the time of the edge radiation
mechanism. Finally, the core radiation decreases, and the LM signal exceeds the threshold for the

rule D1, causing the DTr to label the final part of the pulse as D1.
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Figure 11 DTE #96745: (a) SOM trajectory (b) time evolution of plasma parameters and rule thresholds (c) rules
satisfied by the plasma states.

Finally, Figure 12(a) shows the trajectory of DTE #96998, which is associated with a temperature
hollowing disruptive mechanism?®, with the core cooling down at around 14s (Figure 2, right, in
Bonalumi et al.?%). Also in this case, the plasma signals in Figure 12(b) are mapped in the region of
the map described by rule S1. Then, at 14.399s, SOM3 triggers an alarm, and the DTr switches the
label to the D2 rule, as the Rad,s_cy4 overcomes its normalized threshold of 0.57. Some samples
before 14.399s are not labelled by any rule since they exceed more than 10% the range of the closest
BMU. The transition to the D2 rule is shown in Figure 12c and is 399ms after the time of the

temperature hollowing.
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8 3D plasma parameter space

The combination of the SOM's ability to identify disruptive regions with the DTr's ability to extract
explicit rules enables the visualization of both the plasma parameter space and the disruption
prediction rules in a 3D space.

Figure 13 illustrates the planar boundaries that separate the regions defined by the four rules. The

green plane at RadCore=1.57 represents the split based on the core radiation peaking factor; the



magenta plane at RadDiv=1.55 corresponds to the split on the edge radiation peaking factor; the
yellow plane at ML=0.29 [mT/MA] marks the split associated with the LM. In the same 3D space,

the plasma states can be represented and classified.
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Figure 13. 3D plasma states coloured in accordance with the corresponding DTr rule; (see Figure 5)

A subset of plasma states from the training set is shown here, coloured in accordance with the
rules defined by the DTr. The DTr solves multiple binary classification problems by partitioning this
3D plasma parameter space into four regions. This is achieved by establishing decision boundaries,
which can be thought of as hyperplanes aligned with the plasma parameter axes. Each plasma
state is represented within the 3D space and automatically classified under a specific rule based on

its position relative to these boundaries.



9 Conclusions

In this work, a first attempt to explain the results of an automatic disruption predictor developed
for JET is presented. The predictor is a Self-Organizing Map, trained without any a priori
information on the length of the pre-disruptive phase in DTEs. The self-organizing property of
SOMs has been exploited to automatically define the regions with high risk of impending
disruptions and assign a label (safe/disrupted) to each cluster and consequently to each plasma

state in the database, as proposed previously*>.

The SOM, updated modifying the calculation of the bolometer peaking factors, shows good results

both in terms of false alarms and missed alarms.

Moreover, the labelled database achieved by the Self-Organizing Map has been used to train a
Decision Tree, to extract a set of rules able to adapt and describe the different boundaries

between safe and disruptive regions on the Self-Organising Map. Then, the integration of Self-
Organising Map and Decision Tree outcomes allowed one to review the boundaries of safe and

disruptive regions firstly identified by the Self-Organising Map.

The results obtained show the agreement between Self-Organising Map and Decision Tree. In fact,
predicting disruptions using the rule set provides results close to those shown by the Self-

Organising Map.

The synergy between these two methods lies in their complementary roles: the Self-Organising
Map performs unsupervised clustering capturing complex patterns in data, while the Decision Tree
extracts interpretable rules that explain how the Self-Organising Map classifies the samples. This

combination is highly effective, improving both accuracy and transparency. The integrated model



is highly interpretable and enhances the possibility to understand the disruption trigger causesin a

straightforward way.

The results are constrained by the limited extent of the database, but the next application of the
method on other tokamak data stored in the EUROfusion database and the identification of
relevant plasma parameters and scale factors among different machines will bring to a better
understanding of disruptions and ultimately to a multi-machine model, determinant to the future

ITER experiment.
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