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Abstract. Real-time vehicle safety and performance monitoring through
crash data recorders is transforming mobility-related businesses. In this
work, we collaborate with Generali Italia to improve their in-development
automatic decision-making system, designed to assist operators in han-
dling customer car crashes. Currently, Generali uses a deep learning model
that can accurately alert operators of potential crashes, but its black-box
nature can hinder the operator’s trustworthiness in the model. Given
these limitations, we propose MARS, an interpretable shapelet-based
classifier using novel multivariate asynchronous shapelets. We show that
MARS can handle Generali’s highly irregular and imbalanced time series
dataset, outperforming state-of-the-art classifiers and anomaly detection
algorithms, including Generali’s black-box system. Further, we validate
MARS on multivariate datasets from the UEA repository, demonstrating
its competitiveness with existing techniques and providing examples of
the explanations MARS can produce.
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1 Introduction

The availability of real-time sequential data, paired with accurate Artificial
Intelligence (AI) decision-making systems, is transforming the business landscape
for many mobility-related companies [30]. Crash Data Recorders (CDRs) are
increasingly being used in cars to monitor safety measures, establish human
tolerance limits, and quantify vehicle status [36]. These recorders are usually
installed on the airbag control module, collecting data before and after a crash [36].
Recently, with the use of powerful Machine Learning (ML) models, these devices
have become a valuable source of data for both academic research and businesses,
such as insurance companies, to monitor and improve customer service quality [34].

In this work, we collaborate with Generali Italia, one of the largest global
insurance and asset management providers4. Generali is developing an automatic
decision-making system to provide first aid to its customers. As part of their
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insurance products, Generali offers to install a CDR in their customers’ vehicles.
This system monitors the vehicle during its use and, among other services, tracks
speed and acceleration on the three car axes. This data is used to train a deep
learning model that enables the AI system to alert a Generali operator of possible
car crashes. By examining the CDR data and model predictions, the operator
can make an informed decision and only contact the customer if assistance is
really necessary. The main challenge Generali faces is that the operator cannot
interpret the predictions of the deep learning classifier. This lack of transparency
could hinder the operator’s understanding of the model’s outcome, potentially
leading to a lack of trust, especially if it produces incorrect classifications.

In such a critical scenario, eXplainable AI (XAI) [5] is essential for interpreting
these black-box predictions to ensure reliability in decision-making. XAI for
multivariate time series classification is an emerging yet underdeveloped field [27].
This challenge is exacerbated with big, highly imbalanced, and irregular datasets
like those used by Generali, where off-the-shelf XAI approaches often fail due to
the limits of their implementation [19,25]. In [26], we addressed a similar problem
by adapting existing XAI approaches in a workflow to replace Generali’s black-box
with an interpretable pipeline. Although the results were promising, they were still
inferior in performance compared to Generali’s black-box classifier. Additionally,
the explanations were based on univariate shapelets [33], i.e., subsequences that
are most representative of a given class, extracted from single signals of the time
series. This was a significant limitation for Generali because the explanations
did not utilize the multivariate nature of the data, making them potentially less
useful for understanding the nature of the crash.

Given these limitations, in this work, we propose mars (Multivariate Asyn-
chronous Shapelets), an interpretable-by-design approach based on multivariate
shapelets. mars works on irregular time series data and accurately distinguishes
between crash and no-crash instances. We demonstrate that our proposal outper-
forms state-of-the-art classifiers and anomaly detection algorithms, as well as the
black-box currently used by Generali. Furthermore, we evaluate the performance
of mars on several multivariate datasets from the UEA repository, showing that
our approach is on par with current state-of-the-art competitors. Finally, we
provide a qualitative example of the explanation provided by mars.

The rest of the paper is organized as follows. In Section 2, we present the
related literature on crash prediction and underline the differences with the current
proposal. In Section 3, we introduce all the concepts necessary for understanding
our proposal, which is detailed in Section 4. In Section 5, we present our empirical
evaluation of the proposed approach, and finally, in Section 6, we draw our
conclusions, discussing limitations and future challenges.

2 Related Works

The main problem faced in this work consists of identifying car crashes from
imbalanced multivariate time series data. The literature on crash prediction
studies car accidents from various perspectives [18], with the most common
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distinction being between real-time and long-term crash prediction. Long-term
crash prediction involves using advanced data analytics and machine learning
techniques to forecast the likelihood and severity of vehicle accidents over an
extended period. This process includes collecting and analyzing vast amounts
of data from various sources, such as driving patterns [32], road conditions,
mobility traces, and road networks [22]. By identifying patterns and trends
within this data, predictive models can be developed to anticipate future crashes.
A significant portion of the literature is dedicated to real-time crash prediction,
which examines collision areas and conditions [23,31] using data from internal
and external sensors that capture mobility features [20], visual information [24],
or physiological parameters [1]. The task tackled in our work is somewhat unique,
given that the crash prediction is not employed to predict close or distant future
classes but to explain crashes that have already happened, enabling appropriate
and effective responses. Specifically, in our setting, crash prediction consists of
using a series of inputs to train a classifier to detect whether a crash has occurred
such that Generali operators can contact customers if assistance is needed.

In car crash prediction tasks, the classes are typically imbalanced. Therefore,
the problem can be viewed either as a classification or as an anomaly detection
task, where the minority class is considered an outlier. Considering this task as a
standard classification problem, any of the common approaches in the literature
can be applied, such as tree-based [35] or recurrent models [12]. The state-of-the-
art time series classifier is ROCKET [8], which uses random convolutional kernels
and different kinds of pooling to quickly and accurately predict the class of time
series. The main drawback of ROCKET is that it is not interpretable. Contrary to
the aforementioned approaches, in this work, we develop an interpretable classifier,
which also performs well on time series anomaly detection. Car crash prediction
can also be seen as an anomaly detection task. A recent survey [4] highlights how
only a handful of approaches tackle the problem of whole time series anomaly
detection, while most approaches usually focus on finding anomalous points or
subsequences inside the time series. One of the best-performing models in this
field is ROCKAD [28], a semi-supervised method using ROCKET as a feature
extractor and k-nearest neighbor anomaly detectors to produce an anomaly score.
Although methods that leverage outlier detection are a valid alternative in the
case of highly imbalanced classifications, it is important to note that outlier
detection algorithms are not easily explainable [29].

Arguably, some of the most interpretable algorithms for time series classifica-
tion are shapelet-based, meaning they use the distances between time series and
subsequences as input features for classification algorithms. These approaches
focus on finding subsequences, known as shapelets, that can discriminate between
classes regardless of their position [33], and they differ in how they extract these
shapelets and build the subsequent classifier. These algorithms are considered
interpretable because shapelets can be visually analyzed by the user and as-
sociated with different classes based on their shape [27]. Most shapelet-based
approaches focus on univariate time series and univariate shapelets, while there
are significantly fewer works on multivariate time series data. Specifically, since



4 M. Bianchi et al.

the theoretical introduction of the concept of shapelets that span more than
one signal, i.e., multivariate shapelets [10], the major theoretical analysis was
proposed in [6], whereas the only practical implementation is [21], which is an
architecture for shapelet learning by embedding them as trainable weights in
a multi-layer neural network. The main limitation of [21] is that shapelets are
embedded in a deep neural network model and need to be aligned temporally.
This limits the flexibility of such an approach, given that temporal data is usually
not perfectly aligned. In contrast, in our proposal, we allow for asynchronous
shapelets, i.e., shapelets that are not perfectly aligned temporally, since their
extraction. Finally, a few works exist that aim to extract 2D domain-specific
shapelets [3,16], but they can only be used with trajectory data, i.e., with latitude
and longitude signals.

In our previous work [26], we addressed a related problem by employing
existing XAI techniques to construct a novel XAI pipeline to explain a black-
box model’s predictions on a different car crash dataset. The present study
diverges significantly by introducing an entirely new interpretable-by-design
algorithm rather than relying on existing state-of-the-art post-hoc XAI methods.
Additionally, we rigorously test our novel proposal on a new, larger, and more
imbalanced dataset, and further demonstrate its robust performance across
multiple other time series classification datasets.

3 Background

This section introduces all the necessary concepts to understand our proposal.
We begin by defining time series data, particularly multivariate time series.

Definition 1 (Multivariate Time Series). A multivariate time series, X =
{x1, . . .xd} ∈ Rd×m, is a collection of d > 1 signals, each containing m real-
valued observations, x = [x1, . . . , xm] ∈ Rm.

Time series are usually collected in so-called time series datasets (or panels) for
supervised tasks, such as time series classification.

Definition 2 (TSC Dataset). A time series classification dataset D = (X ,y)
is a set of n time series, X = {X1, . . . Xn} ∈ Rn×d×m, with a vector of assigned
classes, y = [y1, . . . , yn] ∈ {0, . . . , c− 1}n, where c is the number of classes.

Time Series Classification (TSC) is defined as follows.

Definition 3 (TSC). Given a TSC dataset D, Time Series Classification is the
task of training a function f from the space of possible inputs X to a probability
distribution over the class variable values in y.

If c = 2, we have a binary classification problem, such as that proposed by
Generali, while if c > 2, we have a multiclass problem. In this work, we tackle
imbalanced TSC. Let ni denote the number of instances belonging to class i,
where i ∈ {0, . . . , c − 1}. In the case of class imbalance, at least one class j
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exists, such that nj ≪ ni for some i ̸= j. This imbalance can adversely affect
the performance of traditional classification algorithms, which often assume a
roughly equal distribution of instances across classes.

We focus on interpretable TSC algorithms, where we can also access an
explanation for the model’s behavior besides the model’s output, which can help
assess the reasoning behind its prediction. In particular, we focus on shapelet-
based models [33]. To define a shapelet, we need to start from a subsequence.

Definition 4 (Subsequence). Given a signal x = [x1, . . . , xm], a univariate
subsequence of length l, is an ordered sequence of values from x such that
1 ≤ j ≤ m− l + 1, i.e., s = [xj , . . . , xj+l−1].

Shapelets are time series subsequences that are highly representative and discrim-
inative for a particular class in a time series dataset. Shapelet-based classifiers
are some of the most common models for interpretable TSC [27]. Three steps are
usually performed to train a shapelet-based model: shapelet extraction, matching,
and transformation. Shapelet extraction can be performed in many supervised
and unsupervised ways, but usually, a good shapelet discriminates well between
classes, i.e., it refers mostly to instances belonging to a specific class compared
to other classes. Shapelet matching refers to the act of comparing the shapelet
to a given time series instance, usually through a distance measure such as the
minimum sliding-window Euclidean distance between the shapelet and the time
series. Finally, the so-called Shapelet Transform [17] transforms the dataset into
a tabular form, given a set of real or synthetic shapelets.

Definition 5 (Shapelet Transform). Given a time series dataset X and a set
S containing h shapelets, the Shapelet Transform converts X ∈ Rn×d×m into a
real-valued matrix T ∈ Rn×h, obtained by taking the distance between each time
series in X , and each shapelet in S.

This is the standard formalization for univariate shapelets, i.e., shapelet extracted
from single time series signals. In [6], three different kinds of multivariate shapelets
are introduced. First are independent shapelets (STI), which are subsequences
extracted independently from each signal and assessed individually against each
corresponding dimension of the multivariate time series. STI method extracts
identical shapelets that would occur in a standard univariate Shapelet Transform.
Second, multidimensional dependent shapelets (MSTD) maintain phase alignment
across all channels in the extraction and matching phases. The process involves
sliding, extracting the multivariate shapelet along the time series, and normalizing
both the shapelet and subsequences dimension-wise to find the best match.
The minimum distance indicates the closest match. Finally, multidimensional
independent shapelets (MSTI) are extracted from each dimension’s subsequence,
as in MSTD, but matching is performed by finding the minimum distance to
its respective dimension independently. Distances from the different dimensions
are then aggregated via a sum. In the following, we go beyond these definitions,
proposing multivariate asynchronous shapelets.
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Fig. 1. Example of synchronous (left) and asynchronous (right) shapelets extracted
from the x, y, z acceleration signals of a car from Generali’s dataset.

4 Multivariate Asynchronous Shapelets

In this section, we present mars, our proposal to extract Multivariate Asyn-
chronous Shapelets to build an interpretable-by-design time series classification
model based on multivariate shapelets. One of the main limitations of all the
existing multivariate shapelet approaches presented in Section 3, is that they
are extracted from temporally aligned indices. This is a problem, mostly when
the time series is highly irregular, e.g., when the signals have different sampling
rates and vary greatly in length, such as in Generali’s setting. For this reason,
we define here multivariate asynchronous shapelets.

Definition 6 (Multivariate Asynchronous Shapelet). Given a time series,
X, a multivariate asynchronous shapelet of length l is a collection of subsequences
from each signal in X, each starting at possibly different timesteps jk, i.e.,
S = {s1, . . . , sd} = {x1,j1:j1+l−1, . . . ,xd,jd:jd+l−1} ∈ Rd×l, where xk,jk:jk+l−1 =
[xk,jk , . . . , xk,jk+l−1] ∈ Rl for k = 1, . . . , d.

In simple terms, a multivariate shapelet is a short, fixed-length subsequence
extracted from each dimension of a multivariate time series. Each dimension, s, of
the shapelet, S, corresponds to a segment of the original time series. Traditionally,
these segments are synchronized across all dimensions to maintain temporal
alignment, as shown in Figure 1 (left). In this work, we propose using different
starting indices, jk, for each dimension of X, as shown in Figure 1 (right). This
allows for shapelets that are not aligned temporally since the extraction phase,
hence the name asynchronous shapelets.

4.1 Shapelet Extraction

To enforce a given synchronicity of the shapelet dimensions, we introduce a
constraint that limits how distant the starting points for each dimension of the
shapelet can be. We call this parameter the asynchronicity limit, α, which is a
constraint on the maximum allowable difference between the starting points of
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Algorithm 1: ExtractAsynchronousShapelet(X, l, α)

Input :X ∈ Rd×m - time series, l - shapelet length, α - asynchronicity limit
Output :S - shapelet

1 S = 0d×l; // initialize empty shapelet

2 j ∼ U(1,m− l − α+ 1); // sample global starting index

3 for k = 1 to d do // for each dimension

4 jk ∼ U(j, j + α); // sample dimension-specific starting index

5 S[k] = X[k, jk : jk + l − 1]; // extract shapelet from dimension k

6 return S

the shapelet dimensions. Formally, let jk be the starting position of the k-th
dimension of the shapelet. The asynchronicity limit, α, ensures that:

max
k,k′

|jk − jk′ | ≤ α,

where k and k′ are indices of the dimensions of the multivariate time series.
The asynchronous shapelet extraction process involves several steps, as sum-

marized in Algorithm 1. After initializing the empty shapelet (line 1), a generic
starting position j is sampled uniformly from the range [1,m− l − α+ 1], i.e.,
j ∼ U(1,m− l − α+ 1) (line 2). This ensures that the sampled starting position
falls within the allowable range, taking into account the shapelet and signal
lengths as well as the asynchronicity limit. Next, for each dimension k of the
multivariate time series, a dimension-specific starting index jk is sampled uni-
formly, jk ∼ U(j, j + α) (lines 3-4). This step ensures that the starting positions
of the shapelet dimensions are close to each other, differing by at most α, thereby
adhering to the asynchronicity constraint. The index jk is then used to extract a
univariate shapelet of length l from signal k of time series X, which is stored in
the multivariate shapelet, S, (line 5). The proposed methodology for shapelet
extraction allows each dimension to have a slightly different starting point while
maintaining a controlled degree of synchronicity across all dimensions. Setting
α = 0 results in synchronous shapelets (or MSTI from Section 3), where all
dimensions start simultaneously.

Given the unfeasible complexity of a brute-force shapelet extraction ap-
proach [33], we randomly extract h shapelets from the TSC dataset. Specifically,
this extraction is performed in a supervised manner, selecting ⌊h

c ⌋ shapelets
from time series belonging to each of the c classes, ensuring that each class is
represented by some shapelets. This approach maintains good performance even
in heavily imbalanced datasets, as demonstrated in Section 5.

4.2 Shapelet Matching

To perform shapelet matching, we compare each extracted asynchronous shapelet
to time series instances. Formally, for each dimension k ∈ {1, . . . , d}, we compute
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the minimum Euclidean distance between the subsequence xk,j:j+l−1 in X and
the corresponding shapelet dimension sk over all possible starting positions j:

Dk(X,S) = min
j∈{1,...,m−l+1}

√√√√ l−1∑
i=0

(xk,j+i − sk,i)2.

Then, the overall distance D(X,S) is the sum of the distances for each dimension,
i.e., D(X,S) =

∑d
k=1 Dk(X,S). D(X,S) is used as the feature that represents

the relationship between shapelets and time series in the Shapelet Transform.

4.3 Shapelet Transform

Once we have extracted our multivariate shapelets and defined a matching
criterion, similar to a standard Shapelet Transform, we can use them to convert
our time series dataset into a tabular form:

Definition 7 (Multivariate Asynchronous Shapelet Transform). Given
a time series dataset X and a set S containing h multivariate asynchronous
shapelets, the Multivariate Asynchronous Shapelet Transform converts X ∈
Rn×d×m into a real-valued matrix T ∈ Rn×h. Each value in T is obtained by
taking the sum of the minimum Euclidean distances between each signal and the
corresponding shapelet dimension, via a sliding window.

Since each shapelet is compared to every time series signal using a sliding window,
the time complexity of mars is O(h · n · c ·m2). The resulting tabular dataset T
can be used by any classifier, offering interpretable input features.

5 Experiments

In this section, we focus on the Generali case study by comparing mars against
state-of-the-art classifiers and anomaly detection methods. We also test alterna-
tives of mars, analyzing the effect of different configurations and hyperparameter
choices, and provide examples of the shapelet-based explanations that mars
can generate. Furthermore, we propose synthetically unbalanced benchmarks on
standard multivariate datasets from the UEA repository5.

5.1 Case Study - Predicting Car Crashes

The dataset and model made available by Generali are built on telemetry data
and are summarized in the following. However, some details can not be disclosed
due to company policies. The dataset is composed of a 4-dimensional multivariate
time series, where the first three signals are high-frequency recordings of the
accelerations on the three car axes and are composed of around 1600 observations
5 Code is available at https://github.com/bianchimario/MARS.

https://github.com/bianchimario/MARS
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Fig. 2. A simplified schema of the mars pipeline. Time series and their respective
labels (X ,y) are provided as input to mars (blue), which extracts the shapelets, S,
and performs the shapelet transform. The resulting dataset, T , is then used to train a
classifier, in our case, LightGBM [14]. The classifier’s predictions, ŷ, are interpreted using
SHAP [19], which offers an explanation in terms of shapelet relevance for classification.

each, while the last one is a low-frequency recording of the speed and is composed
of around 40 observations. The task is a binary classification problem, where a
model has to distinguish between No-Crash (0), and Crash (1) instances. Crashes
are much rarer; therefore, the problem is heavily imbalanced. In particular, the
dataset is composed by a training set containing of ≈ 40, 000 instances with an
imbalance of 98.5%/1.5%, a validation set with ≈ 16, 000 (98.5%/1.5%), and a
test set with ≈ 100, 000 records, which is even more imbalanced (99.9%/0.1%).

Generali’s black-box model is a Convolutional Deep Neural Network, built on
several layers that make the model accurate, but non-interpretable. Since this
model gives its predictions as continuous variables in the range 0–1, two different
prediction thresholds have been set to manage the model sensitivity: a lower
threshold, thr_low, and a higher threshold, thr_high. If the prediction is higher
than the threshold, then the predicted label is 1; otherwise, it is 0.

Metrics. Since the dataset is severely imbalanced, the classification task must be
evaluated with appropriate metrics, as the metrics typically used for classification
problems, such as accuracy, are ineffective for extremely imbalanced scenarios
like the one presented by Generali. Thus, following [11], we measure imbalanced
classification performance using the Geometric Mean (

√
sensitivity × specificity),

the F1-score, and the Gini coefficient (2× AUC − 1).

MARS Configuration. A simplified schema of the mars pipeline for our
case study can be viewed in Figure 2. In order to find the best mars pipeline
configuration for Generali’s task, we study here how different hyperparameter
choices can affect mars performance on the validation set. First, we study
shapelet length l and asynchronicity α. Generali’s experts identified only two
ranges of shapelet lengths that would be most relevant in a crash prediction
scenario, i.e., short shapelets with 8 ≤ l ≤ 20 and long shapelets, with 21 ≤
l ≤ 40. The length of each shapelet is sampled uniformly at random in those
ranges. As for asynchronicity, we test three scenarios, i.e., synchronous shapelets
(α = 0), shapelets with low asynchronicity (α = 20), and totally asynchronous
shapelets (α = m− l = max). Further, we also test extracting univariate shapelets
from single signals, particularly the x-axis (front-to-back) acceleration, and
the car’s speed. After the shapelet transform, as shown in Figure 2, we use a
LightGBM classifier [14] with default parameters on the resulting dataset, due
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Table 1. Hyperparameter analysis for different mars configurations of shapelet length
and asynchronicity. Top three models by metric are presented in bold, the best result
by metric is underscored (higher is better).

shapelet type l α multi f1 gm gini

short, sync 8-20 0 ✓ 0.11 0.74 0.54
short, low async 8-20 20 ✓ 0.07 0.63 0.39

short, high async 8-20 max ✓ 0.14 0.80 0.64

long, sync 20-40 0 ✓ 0.09 0.66 0.43
long, low async 20-40 20 ✓ 0.08 0.70 0.48

long, high async 20-40 max ✓ 0.17 0.79 0.62

x-axis only 8-20 ✗ ✗ 0.11 0.72 0.52
speed-axis only 8-20 ✗ ✗ 0.04 0.47 0.22

Fig. 3. Average performance (f1, gini, gm) and 0.95 confidence interval for random
(blue) and cluster-based (orange) shapelet extraction, when varying the number of
shapelets. Higher is better.

to its well-known fast and accurate performance, even on large datasets. Results
are reported in Table 1. In general, highly asynchronous shapelets perform better
than synchronous ones. Moreover, shapelet length does not seem to impact
performance significantly, so from now on, we will extract shapelets in the full
8-40 range, i.e., both short and long subsequences.

Then, we attempt to determine how many shapelets are necessary to achieve
good performance. For this test, we use two different kinds of extractions. The first
is the original mars approach presented in Section 4, i.e., a random approach. The
second is a variant of mars in which shapelets are extracted from 25 medoids for
each class, i.e., a cluster-based approach. In particular, we rely on the CLARA [13]
clustering method, applied after Piecewise Aggregate Approximation (PAA) [15]
to reduce the number of points to a more manageable size for the algorithm.
Results of three randomly seeded runs are reported in Figure 3. For all metrics, it
is clear that the random approach is superior. Furthermore, performance seems
to plateau around the 750 shapelets mark, with the variability dropping close to
1000. From these tests, the best mars configuration for crash prediction is 1000
shapelets of length between 8 and 40, with maximum asynchronicity.
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Table 2. Comparison among State-of-the-Art methods. Best result by metric in bold.

mars genl genh tsf rocket rockad xgb lgbm

f1 0.19 0.17 0.31 0.18 0.28 0.01 0.14 0.12
gini 0.71 0.66 0.47 0.64 0.53 0.28 0.58 0.66
gm 0.84 0.81 0.69 0.80 0.73 0.56 0.76 0.81

tp 38 35 25 34 28 18 31 35
fp 315 330 84 283 121 6122 349 514
fn 15 18 28 19 25 35 22 18

timetr 17 h -* -* 3 h 1 h 5 h 5min 1min
timein 0.82 s 0.09 s 0.09 s 0.14 s 0.07 s 0.01 s 35 µs 30 µs

* Data unavailable due to training on Generali’s system.

State-Of-The-Art Comparison. We benchmark mars against several com-
petitors6. As baselines, we use LightGBM (lgbm) [14] and XGBoost (xgb) [7]
directly applied to the flattened time series where all signals were concatenated.
These approaches ignore the sequential structure of the data. For state-of-the-art
time series classifiers, we test rocket [8] and Time Series Forest (tsf) [9]. As an
anomaly detection algorithm, we benchmark rockad [28]. Finally, we compare
with the two thresholded versions of the black-box model provided by Generali,
i.e., genl for the low threshold, and genh for the high threshold. All methods
are run in parallel and evaluated using their default library parameters7.

Results are reported in Table 2. mars has the best overall performance in
terms of gini and Geometric Mean (gm), while it achieves third place in f1,
following genh and rocket. Furthermore, mars also has the highest number of
True Positives (tp) and the lowest number of False Negatives (fn). A high number
of tp indicates effective recognition of true Crashes, while a low number of fn is
crucial, as misclassifying a Crash as a No-Crash could be potentially dangerous
for the operator, who might need to assist a customer in real need. The best
model for avoiding False Positives (fp) remains genh, which is expected given
that a high threshold was set for this purpose. Minimizing fp is also important to
avoid unnecessary calls by operators, which could be perceived by the customer
as harassment. tsf consistently performs well, even if it is not in the top three.
Interestingly, a tabular approach like lgbm achieves very good gm and gini
scores, although these are still lower than our approach. Given that mars also
uses lgbm as a classifier, this further suggests that our multivariate shapelet
representation contains better information than the raw time series data. The
runtime comparison shows a downside of mars, i.e., its slow training time (timetr)
of 17 hours. However, given that crash reports are not overly common, this is not
a significant problem, and the most important aspect is an average fast inference
on individual instances (timein). On average, a multithreaded run of mars takes
only 0.82± 0.02 seconds to classify a single instance.

6 System: Macbook Air, 8-core M1 CPU, 16GB Memory.
7 We use the following libraries: sktime, lightgbm, xgboost.

https://www.sktime.net/en/stable/index.html
https://lightgbm.readthedocs.io/en/stable/
https://xgboost.readthedocs.io/en/stable/
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Fig. 4. Two explanations for the mars prediction for a True Positive (top), and a
False Positive (bottom). For each instance, only one of the most important multivariate
shapelets is visualized on the top of the time series. The shapelet on the top in depicted
in red, indicating that it contributes toward the class Crash; on the contrary, the blue
shapelet on the bottom indicates a contribution toward No-Crash.

Explaining Car Crashes. Here, we show an example of an explanation that can
be obtained using the mars multivariate asynchronous shapelet representation8.
An interesting feature of the classifier used by mars, i.e., lgbm, is that it
natively produces shap values [19], which can be used to visualize the most
important shapelets for the classification. In practice, we combine the already
human-interpretable shapelets with a score, indicating the contribution of that
particular feature in the classifier’s prediction.

In Figure 4, we show the explanation for two instances of the test set. At
the top is a True Positive instance, a time series correctly classified as a Crash.
At the bottom is a false positive, a No-Crash incorrectly classified by mars as
a Crash. The two bar plots at the bottom of each figure depict the importance
(shap values) of the top-3 most important shapelets for the classification. Positive
importance, depicted in red, indicates the shapelet contributes toward the class
Crash, while negative importance indicates it contributes toward the class No-
Crash. At the top of each figure are the channels of the classified time series:
accelerations on the left and speed on the right. The hatched and bolded shapelet
is plotted on the time series in its best alignment. For the True Positive instance,
8 More explanations are available in the code repository.
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Fig. 5. Boxplots of the performance metrics for different dataset imbalances and different
models (higher is better).

the most important shapelet (#863) shows a rapid decrease in speed followed by
a stop, a common indicator of a crash in many instances of Generali’s dataset.
The shapelet on the y and z-axes is mostly flat for the acceleration signals, while
there is a jolt highlighted on the x-axis, likely due to a sudden braking action,
causing a forward shift detectable primarily along the x-axis. This forward shift
indicates sudden deceleration, a common physical response in a crash scenario.
The flatness of the y and z axes suggests minor lateral and vertical jolts are not
relevant for classification.

For the False Positive instance, it is interesting to see that the second and third
most important shapelets push toward the class No-Crash. Shapelet #353 shows
a zero speed signal and mostly flat acceleration, likely caused by external forces
such as being pushed or pulled by another vehicle, which our model misclassifies
as a Crash. A skilled operator would detect the model mistake by observing the
presence of shapelets contributing toward No-Crash. More generally, this kind of
plot allows the operator to focus on important patterns in the data, providing
insights into the shapelets’ contribution towards classification.

5.2 UEA Datasets Benchmarking

We experimented with mars on the 8 smallest multivariate datasets from the
UEA repository [2]9, against rocket [8] and tsf [9]. Specifically, 4 datasets
contain binary classification tasks, and 4 a multiclass problem. In order to
understand the effectiveness of mars on imbalanced time series classification
tasks, we synthetically unbalanced the classes of these datasets using random
downsampling, such that the minority class is 5, 10 or 15% of the total dataset.
For multiclass datasets, we downsample half of the classes. Therefore, half of
the labels become the majority and the other half minority classes. For the
hyperparameter configuration, we maintained the same settings as in Generali’s
task, except that the upper bound on the shapelet length was adjusted to half of
the signal size (instead of 40), since, for these new datasets, we do not have the
domain-specific knowledge of Generali’s experts.

9 Cricket, Epilepsy, EthanolConcentration, FingerMovements, Heartbeat, RacketSports,
SelfRegulationSCP1, SelfRegulationSCP2.
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Table 3. Average classification performance and standard deviations of mars and
competitor models on UEA datasets for 5, 10, and 15% class imbalances. Higher is
better, best models by metric and imbalance in bold.

f1 gini gm
5% 10% 15% 5% 10% 15% 5% 10% 15%

mars .12±.12 .22±.28 .26±.25 .05±.07 .15±.24 .12±.17 .05±.15 .15±.31 .11±.26
rocket .08±.08 .16±.27 .18±.29 .02±.05 .09±.20 -.03±.50 .07±.14 .10±.28 .13±.30

tsf .22±.25 .20±.30 .28±.31 .10±.19 .12±.22 .16±.27 .09±.26 .10±.27 .14±.29

Average performance and standard deviation are reported in Table 3, while
boxplots are depicted in Figure 5. In general, rocket seems to perform worse
than both mars and tsf. Regarding the mean performance, tsf performs slightly
better than mars for the 5 and 15% imbalance, while mars is better for the
10% imbalance. The boxplots show that the median performance of mars is
almost always better than competitors, even if the interquartile range is wider
(and taller) for tsf. This indicates that tsf performs slightly better on average
but has a higher variability. Given the many zeros that make it hardly readable,
the boxplot for the geometric mean is not included. In summary, mars can be a
valid alternative also outside the Generali case study for imbalanced datasets.

6 Conclusion

In this paper, we proposed mars, an interpretable-by-design time series classifier
utilizing multivariate asynchronous shapelets. These shapelets capture complex
patterns across multiple variables that are not perfectly aligned in time, enhancing
mars’s ability to handle real-world data. Experimentally, we tested various
hyperparameter configurations to optimize mars, and we evaluated it on the
case study provided by Generali and several unbalanced datasets from the UEA
repository. Results showed that mars outperforms competing approaches in
Generali’s use case and is competitive with state-of-the-art classifiers on standard
benchmark datasets, while also providing interpretable predictions.

mars has some limitations. First, the training runtime is slow. Although this
is not a concern for Generali’s specific use case, where inference is required only
on a small set of instances, optimizing time complexity remains a crucial goal
for broader application. The primary computational challenge lies in shapelet
matching, which can be improved through various strategies, such as optimizing
distance computations, employing approximations, or leveraging early classifica-
tion techniques. Second, the asynchronicity limit is only applied in the extraction
phase, not the matching phase. For future work, we plan to test different shapelet
extraction methods and introduce an asynchronicity parameter also in the match-
ing phase to improve control over shapelet alignment. Finally, we aim to enhance
the explanations, for example, by using decision rules and trees, to make them
global and more expressive, and therefore easier for users to understand.
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