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ABSTRACT

Iro Skandali, M.Sc. in Data and Computer Systems Engineering, Department of Com-
puter Science and Engineering, School of Engineering, University of loannina, Greece,
2026.

From Local to Global Explainability in Time Series Classification: Segmentation-Based
SHAP and Hierarchical Explanations.

Advisor: Evaggelia Pitoura,Professor.

In this thesis, we study the problem of explaining univariate time series classifica-
tion in diverse application domains, such as healthcare and finance. We consider both
local explanations for individual instances and global explanations that summarize
important regions at the dataset or class level.

The challenge in time series explanation lies in temporal dependencies between
values. Thus, treating each time point as an independent feature, or aggregating time
points using windows of arbitrary length, would lead to a loss of temporal structure.
This issue is addressed through segmentation, which finds meaningful segments. On
top of these segments, we apply our SHAP-based method to estimate the contribution
of each segment. The explanation output returns scores/SHAP values per segment,
where the sign indicates whether a segment supports or contradicts the predicted
class. For better granularity, we propose a variant of our method that provides a
hierarchical explanation, i.e., within the highest-contributing segments, which sub-
segments are most influential.

Moreover, we extend our method with two algorithms for global explanations:
either by aggregating local explanations, or by treating the whole dataset as a multi-
variate instance for the segmentation step.

Finally, we evaluate against baselines in terms of faithfulness (how much removing
the top-ranked segments affects the classifier’s output), robustness (how stable the

explanations remain under noise perturbations), and runtime (computational cost).
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EXTETAMENH IIEPIAHWH

Hpw Zxovdarn, AM.Z. otn Mnyovixn Aedopévwy xal YTOAOYLOTIXWY ZUGTNULATOY,
Tunuo Mypyovixdy H/Y o TTAnpopopixne, [loAvteyvixy XyoAy, lavertotiuio lwov-
vivwy, 2026.

Am6 Tig Tomixég otig LuvoAwrég EEnynocelg yioo Takvéunon Xpovoostpwv: SHAP pe
Tunuatomoinon xow lepopyixég EENyMoeLs.

Enprenoyv: [Titovpd EvayyeAio, KabOnyntoto.

2Ny ToPoVoa SLTTAWUATLXY] EQYACLO LEAETATOL TO TTEOBANLO TNG EENYNOLULOTNTOC
oY TAELVOUNOY] LOVOOSLAOTATWY YPOVOOELPWY O TOLXIAX Tedial EQPOPUOYNG, OTTWG
N LYELOL XL T OLXOVOWLLXE. ZTHY0G Elvarl vou Ttapoybovy eEnynoelg ov Bonbody oty
XOTOVONOTN TNG ATOPOONG EVOS TAELVOUNTY], TOOO OE €TTLTTEDO LELOVOUEVOL BELYLOTOG
(tromtinég eEnyfioetg) 600 xow o TTLo GLYOAXS emiTtedo oL cuvoileL oL YPOVIXE
TUNUOTO ELVOL YEVLXAL ONUOYTIXE OE EVOL GOVOAO SESOUEVWY 1 OE [LLOL GUYXEXQOLUEVY
xA\Gom (global eEnyroetg).

H eEnmopdtnta otig xpovooelpég Topouatdlet LOLaiTeEY] SLUOXOAL AGYW TWVY
LOYVEWY YPOVIXWY EERPTNOEWY UETHED TwY TLHWY. Xe avtibeon pe otatixd dedo-
Uéva, OOV CLYVA €lval AOYLXO VO VTLUETWTILOVTOL TO YAOOXTNELOTIXG WG OVE-
EqpTtnTa, OTLS XPOVOOELRES M TTANPOEOPL. XWALXOTOLE(TaL OE SLadoyLxég axolovbieg
xow o ypovixa potifo. Emopévwg, av xabe ypovixd onueio bewpnbel wg aveEdptnro
XOPOXTNELOTLXO M Ay Tow Ypovixd onueia opadomotnbody o mopdbvpa avbaipetov
unxovg, eivot mhovd va yobel xplotun doun ToL ONUATOG, OTTWE N LOPEN, N OLEPXELX
%ot To POoTBo Twv PeToBoAwyY aTo XE6vOo. I'a vou ovTLeTwTLoTEL AL TO TO TEOPANAL,
7 epyooio aElomolel Tunuortortoinoy (segmentation), dnAady) Sadixaocio oL evto-
TULEL “VONUOTIXA” KO CUVEXTLXA Y POVLXA TUNUOTO TOL OTTOLOL LY TOVAXAODY XAV TEQO
™) QULOLXN oYY TNG YPOVOOELRAG.

[évw oto TUNUOTO. TOL TTEOXVTTTOLVY OO TNV TUNLKTOTOINOY EQUEPUOLETOL [LLOL

uébodog Baotopévn oto SHAP, pe oxomd tny extipnom tng ovveLapopdg xébe segment

X



oty TEALX TEOBAedN ToL pOVTEAOL. AVTL Vo TToAYOVTaL oTtOOOOELS ONULOTLOG TVEL
Y e0ovLx0 onueto, n nébodog amodidet Babuoroyiec/tipués SHAP ava segment. Me avtdy
TOV TPOTO, M €ENYNOoN YiveTol TLO QUNVEVLOLUY, *0DMOG aVaQEPETOL OE TLUVEXTLXEG
XOOVLXEG TtepLoyég. EmimAéov, to mpdonuo tng Tiwng SHAP emitpémer pio dpeon
gpunvelo: Oetixég TLPEG LTTOSELXYOOLY GTL TO CUYXEXPLUEVO segment €VLOYVEL TNV
TEOPBAEPTN TNG XAAONG TTOL ETULAEYEL TO LOVTEAOD, EVE) OLOVNTLXES TULEG LTTOSELXYVOLY
OTL ASLTOLPYEL AVTOYWVLOTIXE 1] “avTixpoVeL” TNy TTEOBAs(T.

[Mo peyoAdTEET ASTTTOUEQELO OTYV EQUNVELD, TTPOTELVETOL LD TTOROAANCLY T TNG LE-
B6d0v oL TapPEyeL Ltepapytr eENynom. H xevtouxy déa elvor 4t évar segment pmo-
pel vou gfvol GUVOALXE ONUAVTIXO, OAAG M TTEOYUATLXY] “TTNYN~ NG ONUOVTIXOTNTOG
vo evtoTtileton og éva pixpdtepo votunue Tov. H tepopyinn eEnynon eotdlet oto
segments e TN LEYOXAVTEQPY GLVELGPOPA xOL EEETALEL TTEQULTEPW TTOLX LTTO-segments
pnéaa oe autd eivor Ttor o emidpootixd. ‘Etol, n eEnynon amoxtd xoAdTepn Y-
OLXN/XEOVLXN YAALGY XWPELS YO XAVEL TY] GLYOYY TTOL TTPOTGPEPEL ¥] TUNLATOTTOLNO).

[Tépa amd Tig Tomixég eEnynocels, N cpyaocio emexteivel ™ pebodoroyia xar oc
global eEnynoeic péow 300 evoAhoxTixtdy oAyopilbuwy. 2Ty TEWTN TEOCEYYLoY, OL
global eEnyfoetg TpoxdTToLY Otd cuvdbpoloy (aggregation) Twy TOTUXWY EENYHOEWY
oc emtimedo oLVOAOL BedOUEVWY 1] *AGOMG, WoTE va avodelyfody ypovixég TePLOYES
TIOL ETTOVOAUUBOVOUEVO ELPOVICOVTAL WG ONUOVTIXES. 2TV OEVTERY] TTPOCEYYLOY], TO
OUVOAO BESOUEVWY aVTLUETWTILETOL W¢ Wiot TToALSLEoToTty (multivariate) “ovtotnTo”
ex& 0T0 Brino TNG TUNUOTOTIOlNOYG, WoTe var eEaxfody xoLvd segments oL avTo-
VOXAOUY OUVOALXES SOUESG O OYL UELOVWUEVES LOLOLTEQOTNTEG VOGS Jelypatog. Me
OVTOV TOV TPOTO ETUSLOXETAL [LLOL TILO CLUTIAYYG XoL oTabepy] amexdvion TG onuo-
vTxéTog oe emtimedo dataset 1] xAdong.

TéNog, n mpotevduevy pebodoroyior aEtoAoyeital TELpOUOTIXG OE GUYXOLON UE
baseline mpooeyylosig ypnotpomoLtdvtag Telg Baotxods dEoveg aEtoAdynons. Ilpw-
Tov, eketdletal v faithfulness, SNAodN xoTA TOGO OL EENYNOELG AVTAVOXAODY TTOOY O~
TLXA TN GUUTIEQLPOPA TOL [LOVTEAOVL: ALTO UETPLETOL HECW TOL TOCO UETOPAAAETOL
N €€odog/mbavitnTar Tov TaELvounT) OToy apolpovvtol M avitxabioTavtol Tor x0-
pveaia (top-ranked) segments 1ov v LéBodog Oewpel onpavtixd. Achtepoy, aELolo-
Yeltar v robustness, dNAodN N oTobepdTnTOL TWY EENYNOEWY dTOY TO ONULOL LYLOTOTOL
uxpég drortapoyés (noise perturbations): ptow robust pébodog Oo Tpémer var drorty-
Pl TopOuOL xaTATAE/ONUOVTIXITNTO segments LTIO NTLEG AAAXYES OTO OEDOUEVA.

Toitov, avalbetar 0 LTTOAOYLOTLXAG XEPOVOG (runtime), Wote v aotuTwbeL To TEOL-

Xi



X0 ®XOOTOG TNG TAPAYWYNG EENYNOEWY XL 1] SVYVATHTNTO EQUELOYTS TN LeBGSov
0 PEOMGTIXA GEVAQLOL.

YuvoAuxa, N epyaoio mpoteivel évar segmentation-based mAaiolo eEnynoswy To-
mov SHAP yia ypovooeLpég, To omolo vTooTNEllel TOOO TOTLXY GO0 XOL GUVOALXY
EQUMVELD, EVW 7] LEQOEYLXN EXBOYN EVLOYVEL TEQOLTEPW TV AETTTOUEQELO TNG EENYN-
ONG 0T ONUAVTLXOTEQPO YPOVXE Tunuoto. H metpapotinn aEloAdynon, Boaotopévn
oto xpLTnpLa faithfulness xow robustness, xoBwg xol oTN LEAETN TOL YPOVOL EXTEAEDTC,
TIPOOPEPEL ULOL OAOXANPWUEVY] ELXOVOL TNG OTTOTEAECUATIXOTNTOG XOL TNG TTOOXTLXNG

XONOLLOTNTOG TNG TTPOTEYYLOTG.
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CHAPTER 1

INTRODUCTION

1.1 Scope and Obijectives

1.2 Thesis Structure

1.1 Scope and Objectives

Time series data are widespread in real-world applications, particularly in domains
such as finance [1], healthcare (e.g., ECG recordings)[2], and sensor-driven systems
(e.g., industrial monitoring and IoT streams)[3]. In recent years, machine learning
has achieved highly accurate performance on time series classification tasks, enabling
reliable automated decision-making at scale[4]. Despite this progress, these models
are often treated as black boxes: they provide predictions that a human cannot inspect
and trust. This limitation is especially critical in high-stakes settings, where decisions
may affect safety, cost, or clinical outcomes.

Consequently, explainability methods have become essential for understanding
what patterns a model uses and how these patterns drive its decisions. Explain-
ing time series models is challenging because temporal values are not independent:
meaningful patterns often extend across multiple time points and depend on their
ordering and context[5]. Explanations that operate at the level of individual time
points can therefore be difficult to interpret and may fail to reflect coherent temporal
structure. On the other hand, explanations based on fixed-length windows can be too

restrictive, potentially merging distinct events or splitting meaningful ones arbitrar-



ily. Similar trade-offs arise in segmentation-based approaches when the user must
pre-specify the number of changepoints.

Motivated by these challenges, this thesis investigates segment-based explanations
for univariate time series classification, with a focus on identifying informative tem-
poral regions without requiring the user to manually set the window length or the
number of changepoints. Building on these regions, we develop attribution methods
that quantify how different parts of the signal support or contradict a prediction, and
we study both instance-level (local) and dataset-/class-level (global) perspectives. We
validate the proposed approach empirically, examining how well the explanations
reflect model behavior, how stable they are under perturbations, and their computa-
tional cost.

The objectives of this thesis are:

(i) design a SHAP-based attribution approach over segments for univariate time

series classification,

(ii) detect the most influential sub-segments within top-ranked regions using a hi-

erarchical refinement mechanism,

(iii) develop global explanation techniques that summarize important temporal re-

gions at the dataset, class, or cluster level, and

(iv) evaluate the proposed methods in terms of faithfulness (the effect of remov-
ing top-ranked segments on the classifier’s output), robustness (the stability of

explanations under noise perturbations), and runtime (computational cost).

1.2 Thesis Structure

This chapter introduces the problem of explainability in univariate time series clas-
sification and presents the scope and objectives of the thesis. The remainder of this
thesis is organized as follows. Chapter 2 reviews the necessary background and re-
lated work on explainability for time series classification. Chapter 3 formulates the
problem setting and clarifies what the output of an explanation method represents.
Chapter 4 presents the proposed method, including the segmentation procedure and
the hierarchical refinement strategy. Chapter 5 introduces the proposed global expla-

nation methods, which summarize important temporal regions at the dataset, class, or

2



cluster level. Chapter 6 describes the experimental setup, including the datasets, the
model under explanation, the baselines, and the evaluation metrics for both local and
global explanations. Chapter 7 reports the experimental results and provides an anal-
ysis of the findings. Finally, Chapter 8 concludes the thesis and discusses limitations

and directions for future work.



CHAPTER 2

BackGrounD AND RELATED WORK

2.1 Background

2.2 Explanation Types

2.1 Background

In this section, we introduce the formal notation for univariate and multivariate time
series and summarize the main families of explanation methods: surrogate-based,

SHAP-based, and counterfactual-based explanations.

2.1.1 Definition of a Time Series Dataset

We consider a time series dataset X = {2 2 . . (M1 of N instances. Each in-

stance
20 € R (2.1)

is a sequence of T ordered time steps, where d denotes the number of features (chan-

nels) and 7' denotes the number of time steps. Specifically,

2@ = [xgi), xg), . ,xg)}, (2.2)
where each column xii) € R? is the feature vector at time step ¢ € {1,...,T}. Let
(1) e R (2.3)



Table 2.1: Matrix representation of a univariate time series instance (¥ € R*7,

tl t2 e tT

Feature | 29 (t)) | 2@ (ty) | --- | 29 (t7)

Table 2.2: Matrix representation of a multivariate time series instance z(9 € R**7,

tl t2 . tT
() () L (@)
Feature 1 | 2y (t1) | x; (t2) xy (tr)
Feature 2 | 25 (t) | 29(t2) | -+ | 2$7(t7)
Feature d | 2!/ (t1) @) oo | 2D
() | 2y’ (t2) zy (tr)
denote the value of feature j € {1,...,d} at time ¢ for instance i.

This general formulation can represent both univariate and multivariate time se-

ries, depending on d:

e When d = 1, the instance is univariate, i.e., a single feature (channel) observed

over time.

e When d > 1, the instance is multivariate, i.e., multiple features (channels)

observed jointly over time.

Classification Models: Time series classification relies on a prediction function
R —0,1], (2.4)

which maps a time series instance z( € R¥7 to the predicted probability of the

positive class,
f(x(i)) =P(y=1| x(i)) . (2.5)

In the binary setting, the predicted label is obtained by thresholding (typically at 0.5):

1, if f(z@) > 0.5,
b ) = (2.6)

0, otherwise.

g)(i)



2.2 Explanation Types

Three types of explanations are considered : surrogate-based, SHAP-based, and counterfactual-
based.These are general families of explanation methods, independent of the type of

data; time-series-specific adaptations are discussed in the next section.

* Surrogate-based: Mini local models trained to approximate the behavior of the

black-box model around a specific input.

¢ SHAP-based: Coming from cooperative game theory, SHAP explains predictions

by attributing contributions to each feature.

* Counterfactual-based: Counterfactual explanations identify minimal changes to

the input that flip the model’s prediction.

2.2.1 Surrogate-Based
LIME: Local Interpretable Model-agnostic Explanations

The LIME [6] (Local Interpretable Model-agnostic Explanations) method belongs
to the category of surrogate-based approaches and aims to generate interpretable
explanations for the predictions of black-box models. Its key principle is that, while
the overall behavior of a complex model may be difficult to interpret, the model’s
behavior in the local neighborhood of a specific instance can often be adequately
approximated by a simpler, interpretable model.

Method Overview

1.Input Representation

Given an input = € R? LIME defines an interpretable representation 2’ € {0,1}7".

This refers to human-understandable features (e.g., presence/absence of words in
a text, activation/deactivation of superpixels in images).

2.Perturbation Generation

A set of perturbations is generated around 2’ by randomly masking subsets of its
active components.

Each perturbation 2’ € {0,1}? is mapped back to a corresponding instance z € R?
in the original feature space.

The black-box model f is then evaluated on z, producing the target value f(z).

3.Dataset Construction



This process generates a new dataset:

Z ={(# f(z1), ma(2)) }ils
Here, 7,(2) is a proximity kernel that assigns higher weights to samples closer to
the original instance .
4.0bjective Function
On the generated dataset, an interpretable surrogate model g € G (typically a
sparse linear model) is trained.

The optimization objective is:

{(z) = argr;leig L(f, g,m)+Qg),

where:

* L(f,g,7;): measures the local mismatch between the surrogate and the black-

box model.

e Q(g): a complexity penalty that enforces interpretability (e.g., restricting the

number of non-zero coefficients).

Training Procedure (K-LASSO)

In practice, the coefficients are estimated through a two-step procedure:

1. Feature Selection: Select the top K features using LASSO.

2. Weight Estimation: Estimate their coefficients via weighted least squares.

Outcome
The result is a locally faithful and sparse linear explanation, which presents the
user with a short list of interpretable features (words, segments, superpixels) and

their corresponding weights.

2.2.2 SHAP-based
SHAP (SHapley Additive exPlanations)

Lundberg and Lee [7] introduce SHAP as a unified framework for interpreting indi-

vidual predictions of complex models. Their key idea is to view an explanation as an



explanation model g that locally approximates the original model f around a specific
input z, using a simplified binary representation =’ € {0,1}* and an instance-specific
mapping = = h,(z’) [7]. They define the class of additive feature attribution methods as

linear explanation models of the form

M
') = o+ Z ¢i%},
i=1

where ¢, is the attribution assigned to simplified feature 7 [7]. The paper shows that
within this class there is a unique set of attributions that satisfies three desirable prop-
erties: local accuracy (f(x) = g(z')), missingness (¢, = 0 = ¢; = 0), and consistency (if a
feature’s marginal contribution never decreases across models, its attribution cannot
decrease) [7]. This unique solution corresponds to Shapley values from cooperative
game theory, and SHAP values can be interpreted as explaining how to move from the
base value E[f(Z)] to the prediction f(z) by distributing the difference across features.
Because exact computation is expensive, the paper also derives practical estimators,
including KernelSHAP, which recovers Shapley values via weighted linear regression

with a specific Shapley kernel.

2.2.3 Counterfactual-based

DiCE: Diverse Counterfactual Explanations
Mothilal et al. [8] propose DiCE, a framework for generating multiple counterfac-
tual explanations for a given instance x and a (binary) classifier f. Their key point
is that actionable counterfactual explanations should be both feasible (close to = and
respecting constraints) and diverse (offering different ways to change the outcome).
Given a desired target class y, DICE generates a set of k& counterfactuals {ci, ..., ¢}

by solving a joint optimisation problem that balances validity, proximity, and diversity:

.....

k
1 . .
{c1,...,cx} = arg m1 1o E: +)\1— E dist(c;, v)— Ao dpp_diversity(cy, . . ., ¢x),

where /(-) encourages counterfactuals to reach the desired outcome, dist(-, -) encour-
ages small changes from z, and diversity is modelled using a determinantal point
process (DPP):

1
1 + diSt(Ci, Cj) '

dpp_diversity = det(K), K;; =



DiCE supports user-specified constraints (e.g., immutable features or feasible ranges)
and is optimised via gradient-based methods for differentiable models, producing
a diverse set of counterfactual examples that can be inspected as example-based

explanations.

2.2.4 Surrogate-based explanations for time series

LEFTIST

LEFTIST (Local Explainer For TIme Series classificaTion) [9] is a model-agnostic
local explainer for time-series classification, designed to explain the prediction of an
arbitrary black-box classifier at the level of an individual instance. The method adapts
the local-surrogate logic of LIME to the time-series setting by treating an arbitrary
segmentation of the input series as the interpretable representation. More specifically,
a time series ¢ is decomposed into m segments and encoded as a binary mask over
segment presence/absence; local neighbors are then generated by flipping mask en-
tries and mapping them back to the original input space through a reconstruction
function h,;, where removed segments are replaced using linear interpolation, a con-
stant baseline, or a random background segment drawn from a background set. On
top of these perturbed samples, LEFTIST fits a local additive surrogate model g;,
whose coefficients quantify the contribution of each segment to the classifier’s deci-
sion. In their experimental evaluation, the authors report that LEFTIST achieves high
local fidelity with respect to both interpretable and complex classifiers, while Random

Background emerges as the most effective transformation overall.

LIMESegment

Sivill and Flach [5] propose LIMESegment, a time-series adaptation of LIME for time
series classification. They argue that applying LIME to time series requires addressing
three practical questions: (i) what a meaningful interpretable representation of a time
series should be, (ii) how to perturb a time series in a realistic way, and (iii) how to
define a local neighbourhood around a time series.

Given a univariate time series x € R? and a black-box classifier f : RT — R,
LIMESegment first constructs an interpretable representation by segmenting x into

T’ “super segments” (via their segmentation method NNSegment) and representing



the instance as a binary vector o(x) € {0,1}”", where each entry indicates whether
a segment is active. To generate perturbed samples, LIMESegment draws random
binary masks o(z) (using a Bernoulli sampler) and maps them back to perturbed
time series z by replacing inactive segments with realistic background content (via their
Realistic Background Perturbation method, based on extracting persistent frequency
content using STFT and inverting it back to the time domain).

To enforce locality, LIMESegment weights perturbed samples using an exponential
kernel applied to the (z-normalised) Dynamic Time Warping (DTW) distance between
the original series x and each perturbed series z. Finally, it fits a weighted linear
surrogate model (ridge regression) on the binary masks o(z) to approximate f locally;
the surrogate coefficients are interpreted as importances of the corresponding super

segments, producing a segment-level explanation for the prediction on z.

2.2.5 SHAP-based explanations for time series

TimeSHAP

TimeSHAP [10] is a post-hoc, model-agnostic explainer for recurrent models that
extends KernelSHAP to sequential inputs by perturbing the entire sequence. The
motivation is that applying KernelSHAP by perturbing only the current input vector
can ignore the effect of perturbations on the recurrent hidden state, and may therefore
miss the contribution of past events. TimeSHAP addresses this by using sequence-
wide perturbations and producing Shapley-style attributions at the event level (time
steps) and the feature level (channels), with an optional cell level (event—feature pairs).

Given an input sequence X € R¥7 TimeSHAP fits a local linear explanation
model g(z) = wy + Y .-, w;z that approximates f(hx(z)), where z € {0,1}"™ is a
coalition vector and wy, = f(hx(0)) is the base score. To generate perturbed sequences,
TimeSHAP replaces removed components with an uninformative background matrix
B (constructed from average feature values). For feature-wise explanations (m = d),
perturbations toggle entire rows across time: h% () = D, X +(I — D.)B. For event-wise
explanations (m = T'), perturbations toggle entire columns: h%(2) = XD, + B(I — D).
Switching between A and h% is the only implementation change between feature
and event explanations.

Because the number of temporal coalitions grows exponentially with the sequence

length, TimeSHAP proposes a temporal-coalition pruning procedure that groups
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older, low-importance events into a single coalition using a tolerance threshold 7,
trading off granularity in the distant past for a substantial runtime reduction. For
cell-level explanations, TimeSHAP further reduces complexity by grouping cells and
focusing on the intersection of the most relevant events and features (selected using
an attribution threshold ), while aggregating the remaining cells into a small number

of coalitions.

WindowSHAP

WindowSHAP [11] is a model-agnostic SHAP-based framework for explaining time-
series classifiers that was proposed to address the limitations of applying standard
SHAP formulations directly to temporal data, particularly the high computational cost
and the dependence among adjacent time points. Instead of estimating Shapley values
for every variable—time-step pair, WindowSHAP partitions the temporal dimension
into windows and computes contributions at the window level; point-wise attribu-
tions are then recovered by uniformly distributing each window’s Shapley value
across its constituent time steps while preserving local accuracy. The framework in-
cludes three variants: Stationary WindowSHAP, which uses fixed non-overlapping
windows; Sliding WindowSHAP, which evaluates overlapping windows through re-
peated inside/outside partitions and aggregates the resulting scores; and Dynamic
WindowSHAP, which iteratively refines the segmentation by splitting windows with
high contribution until a stopping criterion based on a Shapley threshold or a maxi-

mum number of windows is reached.

TSHAP: Fast and Exact SHAP for Time Series

Nguyen and Ifrim [12] propose TSHAP, a SHAP-based attribution method for in-
terpreting black-box time series classification and regression models. The motivation
is that applying SHAP directly at the level of individual time steps quickly becomes
expensive for moderately long sequences, and the choice of background data used
to emulate “missingness” can strongly affect the resulting attributions. The paper
focuses on univariate time series.

TSHAP reduces the attribution problem by aggregating consecutive time steps
using a sliding window. For a window w (and its complement @), time steps inside w

are treated as one aggregated feature and time steps outside w as a second aggregated
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feature, which yields a two-feature tabular view of the original time series. Missingness
is emulated by combining the explained sample x with a background time series = to
form hybrid inputs that swap values inside or outside the window. This construction
enables an exact Shapley value for each window to be computed using four model
evaluations:
ow) = 1 (£@) = F{Twwa}) + F{mw Ta}) — F(2)).

Window attributions are averaged across background samples, and time-step attribu-
tions are obtained by distributing each window score uniformly across its time steps
and averaging over all windows that cover a given index. To reduce runtime, TSHAP
computes window attributions at a stride and interpolates the scores for the windows
in between.

TSHAP has two variants. TSHAP-Window returns the full time-step attribution
profile, while TSHAP-ROI post-processes window attributions to identify contiguous
regions of interest (ROIs) by thresholding and grouping consecutive relevant win-
dows, then assigns an ROI attribution uniformly to the time steps inside the region.
Finally, the authors analyze background selection and propose choosing background
data X, so that the expected model output on the background matches the reference
value: E[f(X,)] = r for regression and E[f(X,)] ~ 0.5 for binary classification when

explaining predicted probabilities.

2.2.6 Counterfactual-based Explanations for time series
Glacier: Guided Locally Constrained Counterfactuals for Time Series

Glacier [13] is a model-agnostic method for generating counterfactual explanations for
univariate time series classification. Given a trained (deep) classifier f(-) and an input
time series X that receives an undesired prediction, Glacier aims to produce a modified
time series X’ such that the prediction crosses the decision threshold, while keeping
the changes to the original signal small. A key idea of Glacier is to support temporal
constraints that guide where modifications should (or should not) occur, improving
reliability and efficiency of the counterfactual search.

Glacier generates counterfactuals using gradient-based optimization (Adam) ei-
ther directly in the original input space (NoAE) or in a learned latent space via
an auto-encoder (encode—optimize—decode). The optimization balances a prediction-

margin term (encouraging validity, i.e., crossing the decision boundary) and a prox-
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imity/constraint term (encouraging small and guided changes), combined with a
weighted loss. The constraints are encoded by a binary vector ¢ € {0,1}", where
¢; = 0 means changing time point ¢ is favoured and ¢; = 1 means changes are discour-
aged. Glacier considers two constraint types: example-specific constraints (derived for
the particular instance, e.g., from a local explainer such as LIMESegment) and global
constraints (derived from the classifier, e.g., via interval importance computed with
a permutation-style procedure). The paper evaluates Glacier on UCR datasets and
reports improvements in proximity and compactness, while maintaining competitive

validity compared to baseline counterfactual methods.

CoMTE: Counterfactual Explanations for Multivariate Time Series

CoMTE [14] is a counterfactual explanation method for multivariate time series clas-
sifiers treated as black boxes. The goal is to explain a prediction for a test sample
Trest € R™*! by identifying a small number of channels (metrics) that, if changed, would
flip the prediction to a target class c.

CoMTE constructs counterfactuals by substituting entire time series channels from
a single distractor sample x4y (a training instance from the target class). Let A €
{0,1}™*™ be a binary diagonal matrix indicating which channels are swapped. The
modified sample is

l’/ - (Im - A) Ltest + Axdist'

The method searches for x4, and A that (i) increase the target-class probability f.(z’)

and (ii) keep the number of substitutions small, using an objective of the form
(1= fe(@)* + Al Al

and the paper notes that the resulting optimization problem is NP-hard. To obtain
practical explanations, COMTE uses heuristics: it first selects a small set of distractor
candidates as nearest neighbors of z.s among correctly classified training samples of
class ¢, and then searches for a good substitution set A either with a sequential greedy
procedure (adding the channel that yields the largest improvement at each step) or
with a faster derivative-free optimizer (random-restart hill climbing) until a target
probability threshold is reached. The final explanation is the resulting counterfactual

z' together with the (typically small) set of substituted channels.
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CHAPTER 3

ProBLEM FORMULATION

3.1 Problem Definition and Notation

3.2 Segmentation granularity: change points vs window length

3.3 Missingness-Background in time series

3.4 Empirical Sensitivity Analysis of Segmentation Hyperparameters

3.5 Motivation for the Proposed Method

In this chapter, we formulate the problem of explaining time series and clarify what
the output of an explanation method represents. First, we formalize missingness via a
background/baseline and explain why such a background is necessary for time-series
explanations. Second, we define how time points can be grouped into features, either
through segmentation or fixed windows. We then show the strong impact that the
chosen granularity has on the resulting explanations—whether it is controlled by the
number of changepoints or by the window length. This motivates our method, which

follows a CP-free segmentation algorithm.

3.1 Problem Definition and Notation
We consider a univariate time series
r=(xy,...,27) € RT, (3.1)
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where z; denotes the measurement at time step ¢ and 7' is the series length. Let
f:RT —0,1] (3.2)

be a trained black-box probabilistic classifier that maps a time series x to a predicted
probability (e.g., f(z) = P(y = 1 | z)). The goal of local attribution methods is to

produce an attribution vector

() = (¢1,-...P1), (3.3)

or, more commonly in time-series settings, attributions over groups of features (seg-
ments/windows), which are subsequently distributed back to the individual time

points.

3.2 Segmentation granularity: change points vs window length

A key question in segmentation-based explainability for time series is: what is an ap-
propriate way to split a time series into meaningful segments without losing the tem-
poral structure, while ensuring that the segments remain semantically meaningful?
As in images, where we typically do not want to explain an output “pixel-by-pixel”
[6] in time series an explanation at the level of individual time points is not very
useful and does not capture salient properties. Similarly, for SHAP-based methods,
treating each time point as an independent feature is computationally infeasible[11].
Therefore, we must transform = into a representation based on segments [5].

In prior work, Guillemé et al. [9], Neves et al. [2], and WindowSHAP [11] all adopt
fixed-length windows as the segmentation strategy, i.e., they perform segmentation
by using arbitrarily defined fixed-length windows.

Other methods use sliding windows [12, 11]. Alternatively, some approaches [5]
obtain segments from segmentation algorithms that require specifying the number of
changepoints in advance, which imposes a predefined number of segments.

Segmenting in the time domain assumes that neighboring observations have a
similar impact on the model’s predictions. Intuitively, we would like the “segments”
of a time series to capture homogeneous regions of behavior [5, 11]. However, with
arbitrary windows, we may (i) “split” a homogeneous region into multiple segments,

or (ii) create a segment that contains conflicting behaviors.
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When the way we define feature groups changes (e.g., window length w, stride, the
number of segments), the explanation also changes. That is, the same model and the
same time series can produce substantially different importance maps simply because

the grouping has changed.

3.3 Missingness-Background in time series

In tabular settings, “removing” a feature often means setting that variable as missing
and estimating its effect on the model output. For example, in LIME for tabular
data [6], an “absent” feature corresponds to disabling the corresponding concept,
and the original input is filled accordingly: (1) Text (bag-of-words representation): if
a word is absent (0), then the feature value is 0 for that word (.e., “the word does
not exist”). (2) Images (super-pixels representation): if a super-pixel is absent (0),
then the corresponding patch in the original image is grayed out.

LIME does this by “turning off” concepts. To apply this intuition to time-series
segments, we must specify what it means to “delete” information from a time se-
ries [5]. However, in most time-series explainers, the model f does not accept truly
missing values at each time point; therefore, “missingness” is implemented indi-
rectly by replacing the “absent” time points (or segments) with values from a base-
line/background. Perturbation approaches for image data include replacing a super-
pixel with a constant value, injecting noise, or blurring the image. These techniques
can also be applied to time series, e.g., replacing segments with mean-valued seg-
ments or replacing segments with randomly selected authentic segments from the
original dataset. In some cases, applying blur, zero, and random perturbations can
result in visually unrealistic samples. Moreover, using an all-zero background can be
problematic in time series, because “0” often does not correspond to the absence of
information and may instead be a highly informative signal.

For SHAP/Shapley-based explainers, the core idea is that we explain a difference
in prediction relative to a reference induced by the background: in the general SHAP
framework, attributions explain the difference between f(x) and a “base value” linked
to the expected prediction under the background distribution [7]. In time-series SHAP
applications, it has been observed empirically that different background choices can

drastically change the explanation [12]. Therefore, “missingness” in time series is not
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a neutral step; it is a design choice (the background) that directly affects the resulting

explanation.

3.4 Empirical Sensitivity Analysis of Segmentation Hyperparam-

eters

We studied the same problem in two different families of explainers: surrogate-based
methods, where a local surrogate is trained on perturbations defined over segments,
and SHAP-based methods with sliding windows. In both cases, we observed that
changing how segments are defined (i.e., using a different number of changepoints or
a different window length) changes the quality of the explanation. We evaluated two
representative methods—one per explainer family—in our experimental study, using
the same classifier for both methods. Specifically, for LIMESegment, we varied the
number of changepoints, which in turn changes the number of produced segments.
For T-SHAP, we varied the sliding-window length. We evaluated both methods using
a commonly used explanation-quality metric, faithfulness. Faithfulness is measured
slightly differently for the two methods.

For LIMESegment, faithfulness measures how much the probability of the origi-
nally predicted class drops when we perturb the most important segment (according
to LIMESegment). The perturbation is performed by reversing the segment with the
largest weight, i.e., reversing the time points within that segment. For each test in-
stance x;, we obtain an explanation consisting of: (i) weights w (one per segment) and
(ii) the corresponding segments. We then identify the top segment, i.e., the segment
with the largest absolute weight. Next, we perturb only that segment by reversing its
time points.

We compute the model probabilities:
original_predictions[i] = p(y | z;), reversed_predictions[i] = p(y | 2i%).  (3.4)
We define the target as the originally predicted class:
¢* = argmax (original_predictionsli]). (3.5)
We then measure the drop in the probability of this class:

d; = | p(e’ | z) — ple* | 2 | (3.6)
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Finally, we report the average over all samples:

N

. 1
faithfulness = N Z d;. (3.7

i=1
A larger value means that perturbing the top segment changes the model’s confidence
substantially, indicating a more faithful explanation (i.e., the segment indeed matters
for the decision). A smaller value means that the perturbation has little effect on
the prediction, suggesting that the top segment may not be truly critical (or that the
perturbation is not sufficiently strong).

For T-SHAP, the comparison between the new prediction (on the perturbed time
series) and the original prediction (on the original time series) indicates the faithful-
ness of the attributions. In our experiments, where f outputs probabilities, faithfulness
is computed as follows: z? is the resulting time series after perturbing the positively
attributed part, and z" results from perturbing the negatively attributed part. The
perturbation is performed by substituting the top 10% most relevant data with zero.

Faithfulness is then defined as

faithfulness = % Z (f(z)= f@®)+ f(a™) = f(z)) = % Z (f(z™)— f(z)). (3.8)

zeX zeX

Tables 3.1 and 3.2 show that sensitivity to hyperparameters can lead to different
segmentations and, consequently, to different importance attributions. In practice,
there is no clear rule for selecting either the number of changepoints or the window
length, and the user must choose these parameters each time. Figures 3.2 and 3.1
are particularly interesting, as they show that different numbers of changepoints in
the LIMESegment explanation lead to different top-1 segments with no overlapping

time points.
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Table 3.1: Faithfulness of LIMESegment under different numbers of changepoints

(cp) across datasets.

Dataset cp Faithfulness
Chinatown 2 0.257591
Chinatown 5 0.305359
Chinatown 7 0.371165
Chinatown 15 0.004218
Coffee 0.203771
Coffee 0.072215
Coffee 0.039778
Coffee 15 0.001110
ECG200 2 0.312392
ECG200 0.191015
ECG200 8 0.027388
ECG200 10 0.015902
GunPointMaleVersusFemale 0.024970
GunPointMaleVersusFemale 0.016695
GunPointMaleVersusFemale 0.009640
GunPointMaleVersusFemale 10 0.000581
Strawberry 5 0.150733
Strawberry 0.251388
Strawberry 10 0.294760
Strawberry 15 0.233272
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Table 3.2: Faithfulness of T-SHAP under different numbers of window length across

datasets.
Dataset frac win-len T-SHAP-Window ROI
Coffee 0.01 3 -0.0237 0.0162
Coffee 0.05 14 0.2689 0.1857
Coffee 0.10 29 0.3385 0.2283
Coffee 0.20 57 0.2250 0.2524
ECG200 0.01 2 0.1210 0.1646
ECG200 0.05 5 0.1532  0.1551
ECG200 0.10 10 0.1137 0.0735
ECG200 0.20 19 0.0940 0.0585
Chinatown 0.01 2 0.1790 0.0038
Chinatown 0.05 2 0.1790 0.0038
Chinatown 0.10 2 0.1790 0.0038
Chinatown 0.20 5 -0.0177 -0.0137
GunPointMaleVersusFemale 0.01 2 0.2771 -0.1485
GunPointMaleVersusFemale 0.05 8 0.2308 -0.0932
GunPointMaleVersusFemale 0.10 15 0.1778 -0.1267
GunPointMaleVersusFemale 0.20 30 0.0264 -0.0238
Strawberry 0.01 2 0.0459 0.2152
Strawberry 0.05 12 0.2981 0.2473
Strawberry 0.10 24 0.3451 0.2849
Strawberry 0.20 47 0.4226 0.2996
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Figure 3.1: GunPointMaleVersusFemale-LIMESegment Explanation
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Figure 3.2: Strawberry-LIMESegment Explanation
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3.5 Motivation for the Proposed Method

The motivation of our method is to remove the user-defined choice of the changepoint
count, because the explanation is highly sensitive to the number of changepoints: a
different changepoint count yields different segments and, consequently, a different
explanation. To address this issue, our method adopts a segmentation strategy that
does not require specifying the number of changepoints. Instead, segmentation is
controlled via a penalty term, and the number of changepoints is determined by the
optimization. As a result, the interpretable representation becomes less dependent on

arbitrary parameter choices.
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CHAPTER 4

Prorosep METHOD

4.1 Preliminaries

4.2 Segmentation with PELT

4.3 Exact Segment SHAP Computation
4.4 Refinement via Iterative Split

4.5 Hierarchical Explanation: From Segments to Time Point

4.1 Preliminaries

We focus on univariate time series. An input instance is an ordered sequence of
measurements over time,

r = (21,29,...,27) € RT,

where z; denotes the measurement at time step ¢, and 7' is the series length.

Given a trained binary probabilistic classifier
f:RT —0,1], (4.1)

which maps a time series x to a predicted probability. Throughout this thesis, the

default prediction to be explained is the probability of the positive class,

f(x) =P(y = pos | z) € [0, 1].

Under this choice, attribution values are interpreted as signed contributions to

the positive-class probability: positive attributions increase P(y = pos | z), whereas
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negative attributions decrease it, relative to a background. Another option is to explain

the probability of the predicted class,

f@) =Py =4(z) | z) € [0,1],
so that explanations address the question “why did the model predict this label with

this confidence?”

Eplanation output. Given a model f, an instance z, a background b, and a segmen-
tation S into M segments. In our experiments, we define the background (baseline)
as the mean time series of the training set. The background (defined in Section 3.3)

is computed point-wise as

1 N
b= N ;Xtrain[za t]?

where N is the number of instances, i.e., for each time index ¢ we take the average of

the values across all training samples. The method returns segment-level attributions

@(m,S) = (¢17"'3¢M) € RM?

where ¢, € R quantifies the contribution of segment k to the explained output f(z)

relative to the background b. The detailed computation is provided in Section 4.3.

4.2 Segmentation with PELT

In this section, we introduce the segmentation step of our approach and explain how
we partition each time series into contiguous segments using PELT. These segments
form the feature units used by the explanation method in the following steps.

From time points we move to segments, where segments are treated as the play-

ers/features. Suppose we have an instance
X; = (21,29, 23,...,27).
After segmentation, we obtain M segments such that
S = {(sk, ex) Fitn-
Specifically, the segmentation method we use is PELT [15].
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We consider the problem of detecting multiple changepoints in large data sets.
PELT is a method for finding the minimum of such cost functions and hence the
optimal number and location of changepoints that has a computational cost which,
under mild conditions, is linear in the number of observations. The pruned Exact
Linear Time (PELT) method has a computational cost that is linear in the number
of data points. It involves a pruning step in the dynamic programming algorithm.
This pruning reduces the computational cost of the method, but does not affect the
exactness of the resulting segmentation. It can be applied to find changepoints under
a range of statistical criteria such as penalised likelihood, quasi-likelihood [16] and
cumulative sum of squares [17, 18].

Changepoint detection can, be considered to be the identification of points within
a data set where the statistical properties change. More formally, let us assume we

have an ordered sequence of data,

Z/l:n - (y17 . 7yn)

Our model will have a number of changepoints, m, together with their positions,

Tian = (T1, -+, Tim)-

Each changepoint position is an integer between 1 and n — 1 inclusive. We define
7o = 0 and 7,41 = n and assume that the changepoints are ordered such that 7; < 7;
if, and only if, i < j. Consequently the m changepoints will split the data into m + 1

segments, with the i-th segment containing

y(Ti,1+1):Ti .

One commonly used approach to identity multiple changepoints is to minimise:

m+1

Z C(y(7'171+1)57'i) + 5f(m) (4.2)

i=1

Here C' is a cost function for a segment and Sf(m) is a penalty to guard against
overfitting. Twice the negative log-likelihood is a commonly used cost function in
the changepoint literature, although other cost functions such as quadratic loss and
cumulative sums are also used, or those based on both the segment log-likelihood
and the length of the segment. Turning to choice of penalty, in practice by far the

most common choice is one which is linear in the number of changepoints, i.e.
Bf(m) = Bm.
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Examples of such penalties include Akaike’s Information Criterion [19] (8 = 2p) and
Schwarz Information Criterion (SIC, also known as BIC, [20]) (8 = plogn), where
p is the number of additional parameters introduced by adding a changepoint. The
PELT method is designed for such linear cost functions.

The optimal partitioning method [21] and [22] propose a search method that aims
to minimise

m+1

3" C(Ymrsrym) + B (4.3)

This is equivalent to 4.2 where f(m) = m.

Following [22] the optimal partitioning (OP) method begins by first conditioning
on the last point of change. It then relates the optimal value of the cost function to
the cost for the optimal partition of the data prior to the last changepoint plus the
cost for the segment from the last changepoint to the end of the data. More formally,

let F'(s) denote the minimisation from 4.3 for data y;.; and
Ts={17:0=19<7n < <Tp < Timp1 = S}

be the set of possible vectors of changepoints for such data. Finally set F'(0) = —f. It

therefore follows that:

m+1
F(s) —mln{ZC’ Yirs 1+1)TZ)+Bm}

TETS
:mtin {E—Iél%tl <ZC Y(ri_141): 7—1) "‘5) +C(y(t+1 ) +5}
= mtin {F(t) + C(y(t—i—l):n) + ﬂ} . (44)

This provides a recursion which gives the minimal cost for data ¥;.; in terms of
the minimal cost for data y;; for ¢t < s. This recursion can be solved in turn for
s =1,2,...,n. The cost of solving the recursion for time s is linear in s, so the overall
computational cost of finding F'(n) is quadratic in n. Steps for implementing the OP
method are given in Algorithm 4.1.

PELT’s computational cost can be linear in n whilst retaining an exact minimi-
sation of 4.3. This exact and efficient computation is achieved via a combination of

optimal partitioning and pruning.
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Algorithm 4.1 Optimal Partitioning (OP)

1: Input: A set of data of the form (y;,vs,...,y,) Where y; € R.

2: A measure of fit C'(-) dependent on the data.

3: A penalty constant 8 which does not depend on the number or location of
changepoints.

4: Initialise: Let n = length of data and set F'(0) = —f, ¢p(0) = NULL.

5. for 7" =1,...,n do

6:  Calculate F(7*) = ming<, <, F(7) + C(y(r1):r+) + B

7. Let 7 = argming<, <« F(7) + C(yYri1):r+) + 5.
8:  Set cp(1*) = (ep(T), 7).
9: end for

10: Output: the change points recorded in cp(n).

A Pruned Exact Linear Time Method

According to [15], pruning can improve the computational efficiency of the OP method
while still ensuring that the global minimum of the cost function 4.3 is found. The
essence of pruning in this context is to remove those values of 7 which can never be
minima from the minimisation performed at each iteration in 4.2 of Algorithm 4.1.

The following theorem gives a simple condition under which we can do such

pruning.

Theorem 4.1 ([15]). We assume that when introducing a changepoint into a sequence of
observations, the cost, C, of the sequence reduces. More formally, we assume there exists a

constant K such that for all t < s < T,

C(y(t+1):s) + C(y(s+1):T) + K < C(y(t+1):T) (4.5)

Then if
F(t) 4+ C(yus1ys) + K > F(s) (4.6)

then 7" <t can never be the optimal last changepoint prior to T, where

m+1

F(s)=min | Y C(Ymrrvm) + BF(m)] .
i=1
holds, at a future time T' > s, t can never be the optimal last changepoint prior to T'.

The intuition behind this result is that if 4.6 holds then for any 7" > s the best

segmentation with the most recent changepoint prior to 7' being at s will be better than
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any which has this most recent changepoint at ¢t. Note that almost all cost functions
used in practice satisfy assumption 4.5. The condition imposed in Theorem 4.1 for a
candidate changepoint, ¢, to be discarded from future consideration is important as it
removes computations that are not relevant for obtaining the final set of changepoints.
This condition can be easily implemented into the OP method and the pseudo-code
is given in Algorithm 4.2. This shows that at each step in the method the candidate
changepoints satisfying the condition are noted and removed from the next iteration.
The computational cost of this method will be linear in the number of observations,

as a result we call this the Pruned Exact Linear Time (PELT) method.

Algorithm 4.2 Pruned Exact Linear Time (PELT) Method
1: Input: A set of data of the form (y1,v2,...,y,) where y; € R.

2: A measure of fit C'(-) dependent on the data.

w

A penalty constant 3 which does not depend on the number or location of
changepoints.

A constant K that satisfies equation 4.5.
Initialise: Let n = length of data and set F'(0) = —f, ¢p(0) = NULL, R, = {0}.

for * =1,....,n do

7. Caleulate F(7*) = minyer.. F(7)+ C(yeri1)r) + B

8: Letn =argmin,cg. F(7)+ C(yYiri1)r) + B-

9:  Set ep(7*) = [ep(m1), T1]-
10:  Set Royy ={7 € R U{r*}: F(7) + C(yrs1..+) + K < F(7)}.
11: end for

12: Output: the change points recorded in cp(n).

4.3 Exact Segment SHAP Computation

Given a trained classifier f and a time series instance = that has been partitioned into
segments S, our objective is to determine how much each segment contributes to the

prediction f(x).

1) What problem it solves. We aim to explain the prediction of a model f for

a time series z. However, if we apply the classical SHAP formulation at the time-
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point level, we obtain 7' features and the computational cost becomes exponential.
Therefore, borrowing the key idea from TSHAP [12], which uses a sliding window
to aggregate time steps, we group time steps within the window into one feature and
those outside into another feature. As a result, we define a two-feature game for each

segment (“exact 2-feature per segment vs. rest”).

2) Exact SHAP for a two-feature game. In general, the Shapley value for a feature
A is the average of its marginal contribution across all permutations/coalitions. For

two features {A, B}, the possible coalitions are:
0. {A}, {B}, {4, B}.

Accordingly, the Shapley value for A is:

64 = S(FEAY = FO) + 5 (FHA BY - FUBD),
where f(5) is the coalition “value”, i.e., the model output when the features in S are
kept “active” and the remaining features are replaced by the baseline/background.
Here, “feature A present” means that within the segment we take values from =z,
while “feature A absent” means that within the segment we take values from the
baseline b. Similarly, the same notion applies to the “rest” feature B.
Thus, we have f(z) as the original output, and we evaluate f(-) for the required

baseline-masked inputs. Concretely:
* inside the segment: we either take x or b,
¢ outside the segment: we either take = or b,

so that we can compute the two-feature exact SHAP term. In this notation, the re-

sulting formula can be written as:

60 = 5(F() = F(ep Uba)) + 3 (F(za Ubs) — F0).

N | —

Therefore, the method returns a single attribution value ¢4 for the entire segment,

i.e., one scalar per segment.

Mapping segment attributions to time points. If we want attributions at the
time-point level, we apply a simple mapping: we distribute the segment attribution

uniformly across all time points of that segment.
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Algorithm 4.3 SegSHAP

1: Inputs: model f, instance x, baseline b, penalty 3, cost function C(-).

2: Output: ® = (¢y,...,dn)-
3: Compute segmentation S = {(sz, ex) 2, via PELT using cost C(-) and penalty (.

for k=1to M do
Compute ¢y via the two-player exact SHAP game (segment s vs. rest).
end for

return ¢ = (¢q,...,0n).

Feature A: selected segment Feature B: rest

T |
g | |
rp Ub, -
T4 U bp NN e

Figure 4.1: Segment-based illustration of the two-feature formulation for exact seg-
ment SHAP. Feature A corresponds to the selected segment, and Feature B to the

rest of the timeline.

Complexity. For each instance, the two-feature formulation requires a constant
number of model evaluations per segment, i.e., O(M) model calls for A/ segments
(with f(x) and f(b) computed once and reused across segments). In contrast, classical
exact SHAP over T time points is exponential in 7', while KernelSHAP replaces the
exponential cost with a sampling-based approximation that typically requires many
model evaluations (scaling with the number of samples and the number of features),

which becomes expensive for long time series.

Additivity Considerations. For a given segment s, we define a two-player cooper-
ative game in which player A corresponds to the segment s (kept as in the original
instance), and player B corresponds to the rest of the time series (denoted as s7). In
this setting, the Shapley values ¢(s) and ¢(s™) satisfy the local accuracy [7] property

for that specific two-player game:
¢(s) +0(s7) = f(z) = [(b),
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where b is the baseline (background) and f(b) acts as the reference value.
This mirrors the additive explanation model view of SHAP, where for a fixed set

of players/features the explanation takes the form

M
9(z") = ¢o + Z ¢i%,
=1

and local accuracy requires the explanation to match the model output for the ex-

plained instance, i.e.,
M
i=1

with ¢y commonly corresponding to the baseline prediction (e.g., f(b)).

However, in the proposed two-player-per-segment computation, the crucial dif-
ference is that the “rest” player is redefined for every segment, and therefore the
underlying cooperative game is not the same across segments. Concretely, if we have

four segments sy, s9, 53, 54, then:
e for j =1, the players are {s1, R1} with Ry = s5 U s5 U s4,
e for j = 2, the players are {sq, Ry} with Ry = 51 U s3 U s4,
¢ and similarly for j = 3,4.

As a result, each attribution ¢(s;) measures how much that specific subsegment
contributes to f(x) relative to the baseline under a different definition of the oppos-
ing player R;. In other words, the attributions ¢(s1),...,¢(sy) are computed from
different two-player games, rather than from a single M -player game in which the
players are {si,...,sum}.

This has two direct implications. First, while local accuracy holds within each
two-player game (.e., ¢(s;) + ¢(R;) = f(x) — f(b)), there is no theoretical guarantee
that the segment attributions obtained from different two-player games form a single
coherent SHAP decomposition over all segments; in particular, there is no guarantee

that
M

S 6ls5) = f(x) — F(b).

j=1
because the ¢(s;) do not originate from the same cooperative game.
Second, this formulation cannot explicitly capture joint effects arising from com-

binations of multiple segments (e.g., when two segments together drive the decision),
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since each computation contrasts one segment against the aggregated remainder. Con-
sequently, the approach provides an exact Shapley attribution for the corresponding
two-player game, but it should be interpreted as a per-segment relevance score rather
than an exact M-player SHAP decomposition; whether the sum of segment attribu-

tions approximates the prediction difference can be assessed empirically.

4.4 Refinement via Iterative Split

After the initial segmentation (global PELT with penalty SBgopa), Some segments may
be too large. A very large segment loses detail, and the granularity is reduced because
the attribution ¢ is distributed uniformly across the entire segment, which spreads the
importance and makes the explanation more generic. Moreover, a large segment may
hide internal structure. Therefore, we apply a refinement step that is length-based.
We identify segments whose length exceeds a maximum threshold L.y, which

depends on the length of each dataset. Concretely, we refine any segment with length
L>p-T,

where p is a percentage of 7. For each such segment, we run PELT again within the

segment, using a smaller local penalty

B global
Blocal = ~ ’

so as to allow more changepoints locally. This is done using a list of candidate ~
values.
We perform this procedure iteratively (in rounds) until one of the following stop-

ping conditions is met:
e there are no remaining “too long” segments, or
* no split occurs in a round, or
* we reach max rounds.

For each segment, we select the first 7 that actually splits the segment, and we
keep that split. If no v produces a split, the segment is left unchanged. We also stop

early if, in a given round, no segment was split.
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Why we chose this algorithm. We did not want to simply decrease the penalty
everywhere, because this would over-segment the entire signal and significantly in-
crease the computational cost. Instead, we wanted a targeted procedure that corrects
only excessively large segments, while keeping the remaining segments unchanged. In
this way, we cut only the overly large regions and obtain more detailed explanations.

A practical issue in many explanation methods is that one must manually specify
“how detailed” the explanation should be, either by setting the number of change-
points K or by choosing a window length. As we have shown, these choices can
strongly affect the results. With our approach, this issue is largely removed: the ini-
tial segmentation is selected automatically using PELT + BIC, and the iterative split
then breaks only the overly large segments when necessary. Thus, the granularity is

driven by the data rather than manual tuning.

How we avoid over-segmentation. We do not split everything—we split only the
excessively large segments. Therefore, we do not aim to produce “more and more”
changepoints, we only correct under-segmentation.

Each split is supported by PELT itself. We run PELT on the sub-signal and keep
the split only if it returns more than one sub-segment (i.e., if the cost model and
penalty support it). If no v returns a split, the segment remains unchanged. This acts
as a brake against over-segmentation.

There is early stopping. If no split occurs in a round, we stop. Therefore, there is

no mechanism that forces additional segments to be created.
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Algorithm 4.4 Iterative Length-Based Refinement

®

10:
11:
12:
13:
14:

1: Inputs: x € RT, Bgiobal» C(+), min_size, p, I' = (71,...,77), max_rounds.
2: Output: final segmentation S.

3: Lmax < [pT']; S <= PELT(x; Bglobal, C, min_size).

b4:
5
6
7

for » = 1 to max_rounds do
changed < False.
for all segments (s,e) € S with e — s > L do
Find first v € I such that

Ssub = PELT(Zs:¢; Bglobar /7, C,min_size) and |Sep| > 1.

If found, replace (s, e) with shifted Sgp; set changed < True.
end for
if not changed then
break.
end if
end for

return S.

Algorithm 4.5 Refinement with IterativeSplit

_— e e
w N = O

Input: z € R7, Bglobal (BIC), min length m, Lmax = [pT]. I' = (71, ...,7s), max rounds R
Output: Final segmentation S
Step 1 (Global): S < PELT(z; Bglobal, C,m)
Step 2 (Iterate): Repeat for up to R rounds
Mark segments (s,e) € S with length e — s > Lyax as long
Step 3 (Local refinement):
For each long segment (s, ¢), try v € I (in order)
Biocal ¢ Bglobal /Y
Ssub < PELT(z[s : €]; Biocal, C, m)

If |Ssub| > 1, replace (s,e) with shifted Sy, and stop trying ~y

: Step 4 (Update): Keep unchanged segments and apply successful splits
: Step 5 (Stop): If no split happened in this round, stop early

: return S
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4.5 Hierarchical Explanation: From Segments to Time Point

Motivation After performing segmentation with IterativeSplit refinement and com-
puting exact two-feature SHAP, we obtain an attribution value ¢, for each segment.
We can then rank the segments and select the top-k segments based on |¢|. However,
if we want point-level importance, the standard step is to distribute each segment’s
attribution uniformly across its time points, i.e., assign ¢/L to each point in the seg-
ment (where L is the segment length). This uniform spreading implicitly assumes that
all time points within the segment are equally important, which reduces granularity
and prevents us from identifying where inside the top-k segments the truly important
time points lie. Our goal is therefore to localize where the predictive information lies
in the time series, but in a hierarchical manner: first coarsely, then more finely.
Concretely, we first apply segmentation (IterativeSplit refinement) to obtain the
parent segments, and we compute exact segment SHAP values ¢; for all parents. We
then sort these parent segments by |¢| and select the top-k parents for refinement.
For each selected parent segment, we split it into child segments by running a local
PELT on the corresponding sub-signal with a smaller penalty. Specifically, we use a

reduced penalty
5local - 6global/ Y

and test y values from a predefined list. If a y leads to a non-trivial split (i.e., produces
n > 2 child segments), we accept it immediately; if no + returns any split, we keep the
parent segment unchanged. In this way we avoid over-segmentation (i.e., producing
an excessive number of children) while still increasing the resolution where it matters.

Next, given this refined segmentation inside the selected parents, we compute
Permutation Shapley within each parent. Outside the parent segment, we keep the
input fixed as the original instance z. Inside the parent, we start by setting the entire
parent interval to the baseline, and then we “turn on” a subset of child segments by
replacing their values with the corresponding values from z. Thus, the game is defined
over the child segments: the “features” are the children, the coalition determines
which children are on (from x) and which are off (from the baseline), and the context
outside the parent remains fixed. To estimate SHAP values for the m child segments,
we construct a base input where all children are off and compute f(Zpase). For each
permutation, we activate children one-by-one in the permutation order, compute the

marginal gain frew — fprev at each step, and accumulate it to the corresponding child’s
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Algorithm 4.6 Hierarchical Segment Attribution

1: Input: « € R”, baseline b, Bgioba, k. I' = [v1,72,---,7s]. B.

2: Output: A € RT.

3: Parents: run PELT with SBgopa and iterative length refinement = parent segments Sp = {(s,e)}
covering [0,7).

4: Parent SHAP: for each (s,e) € Sp, compute exact 2-feature SHAP ¢p(s,e) (segment vs. rest).

5: Top-k: select T C Sp as the k segments with largest |¢p|.

6: Local zoom: for each (s,e) € T, run local PELT on z,,. with

5local = Bglobal/77 RS Fa

and choose the first v returns a non-trivial split into children

So(s,e) = {(sj: )}

If no split, set Sc(s,e) = {(s,e)}.

7: Within-parent Shapley: if m > 1, estimate ¢chilg € R™ via permutation Shapley over children
(outside parent fixed to x; inside parent children on/off vs. b), using B permutations.

8: Rescale: enforce attribution conservation:

op(s,e)

m
—_— = Pehild,j = Pp(s;¢€).
Z;nzl Pehild, Z I (s,¢)

Jj=1

@ehild < Pehild -

9: Replace (s, e) by its children with these ¢chilg. Non-selected parents keep ¢p.

10: Point attribution: for each final segment (s, e) with attribution ¢,

A += ¢ , tes,e).
e—s

attribution. Averaging over Bpern permutations returns ¢eniq € R™, i.e., a distribution
of attribution within the parent. Importantly, this is a local game inside the parent
(not the global segment-vs-rest game).

Finally, we want the children to redistribute the parent attribution while preserv-
ing the parent’s total mass.We then form the final point-level attribution map by
uniformly spreading each final segment’s attribution over its time points. Thus, the
final output is a point-level attribution map produced via a hierarchical segment-
based explanation: coarse at the parent level, and more fine-grained inside the most

important parents through child segments.

Remark. The local permutation game inside a parent produces child attributions

dehia € R™ whose sum does not necessarily match the parent attribution ¢p. To
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preserve the parent’s total attribution mass, we apply a multiplicative rescaling;:

¢p

Gchild < Pchild " =
Z j ¢child, j

so that Zj Gehild,j = Pp.
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CHAPTER DO

GLOBAL EXPLANATIONS

5.1 Global Explanations via Voting

5.2 Global Explanations: Dataset as a Multivariate Instance

Motivation Local, instance-level explanations are particularly valuable in time se-
ries because they identify which regions of the signal were influential for a given
prediction—i.e., which temporal intervals provided evidence in favor of the predicted
class and which intervals acted against it. Moreover, they can further localize impor-
tance within those regions, revealing which specific time points contributed most and
in what direction.

However, in many applications we also require explanations at a higher level of
abstraction, such as for an entire dataset, a specific class, or a group of instances
(e.g., a cluster). Such global explanations address questions of the form: What is
important overall for this dataset (or class/cluster), and which recurring temporal
patterns does the model rely on? In this chapter, we focus on global explanations as
a means of summarizing the model’s overall decision logic using two strategies: (i)
aggregating local explanations via a voting mechanism, and (ii) treating the dataset

as a multivariate instance to extract global importance directly.
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5.1 Global Explanations via Voting

We hypothesize that some instances may share a common segmentation, in the sense
that they contain similar regions that the algorithm identifies as segments. This mo-
tivates the idea of finding time locations where change points (CPs) occur across
many instances simultaneously. To do so, we build a vote histogram that counts how

[3

frequently a changepoint appears at each time position. Specifically, the “vote his-
togram” records how many times an instance “votes” for the presence of a CP at time
t.

To account for imperfect alignment, we introduce a tolerance window: each CP

does not vote only at its exact index, but also within a neighborhood
[ep — window, cp + window).

Thus, if different instances have CPs in approximately the same region (but not at
exactly the same index), the histogram aggregates these votes and amplifies them as
a shared changepoint region. This produces a histogram of length 7", where higher
values indicate “many votes for a CP here”.
We then extract global changepoints from this histogram by applying a threshold.
We set
threshold = p - N,

meaning that we keep only those time positions supported by at least a fraction p of
the N instances (e.g., p = 0.6 corresponds to 60%). The output is a sorted array of
global CP indices.

Once we have identified the global changepoints—i.e., changepoint locations sup-
ported by at least a fraction p of the instances—we automatically obtain the corre-
sponding global segmentation Si. We then proceed as follows. For each instance x(*)
and for each global segment (s,,,e,,) € Si, we compute the exact two-feature Shapley
value (segment vs. rest) using the baseline b. This produces an attribution matrix
d € RV*M where each entry ®,,, corresponds to the attribution of the m-th global
segment for the i-th instance.

To obtain a global attribution score for each global segment at the dataset level,
we aggregate across instances by taking the mean of the segment attributions over
all instances for that segment. Algorithm 5.1 summarizes the proposed voting-based

global segmentation and the Exact-Two segment attribution computation.
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Algorithm 5.1 Global Segmentation via Voting + Exact-Two Segment SHAP

1: Input: dataset X € RV*!*T PELT cost model and global penalty Bgobal. iterative-split parameters,

voting window w, threshold ratio p € (0, 1], baseline b.

N

: Output: global segments S¢; segment SHAP matrix ® € RV*M; dataset-level segment score ¢ €
RM.
3: Local segmentations. For each instance (Y (length 7): run PELT with Beglobal, apply iterative

length-based refinement, obtain S = {(s/,es)}, and convert to changepoints
cpY = {er: (s0,€0) € SO e, < T}.

4: Voting histogram. Initialize h € R” + 0. For each CP(® and each ¢ € CP®: if w = 0, increment

hlc]; else increment h[t] for all
t € [max(1,c— w), min(T — 1,c+ w)].
5: Select global changepoints. Set thr = p/N and define
CPg={te{l,...,T — 1} : ht] > thr }.
6: Global segmentation. Sort CPg = {cp; < -+ < ¢py} and form
Sa = {(0,¢p1), (ep1,epa), ..., (cpm,T)}, M =|S¢|.

7: Exact-Two SHAP on global segments. For each instance () and each (s,,,e,) € Sg, compute

the exact two-feature Shapley value (segment vs. rest) using baseline b and store ®; ., < ®i m.

yielding ® € RV*M,

®

Global segment score + top-k. For each segment m:

_ 1 &

Rank segments by ¢,, and report the top-k.

Class-wise Global Segments via Voting. The algorithm (Algorithm 5.2) is applied
class-wise. For each dataset, and for each class separately, we construct global seg-
ments via voting using only the instances belonging to that class. In other words,
the voting histogram and the resulting global changepoints are computed from class-
specific local segmentations. This returns a set of class-specific global segments, on
which we then compute Exact-Two segment SHAP (segment vs. rest) for the instances

of that class, using the same baseline b.
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Algorithm 5.2 Class-wise Global Segments via Voting

1: Input: test set (Xiest, Yiest)> class of interest ¢, vote window w, threshold ratio p € (0, 1].
2: Output: class-wise global segments Sg ) over [0,T).

3: Filter the test set to the class. Keep only instances with y = c:
X, = {2y = ¢}, | X.| = Ne.

4: Define the explained output:
fe(X) = Py = c| X).

5: Local changepoints (within the class). For each z(?) € X_: run local segmentation (IterativeSplit),
extract its changepoints CP®) c {1,...,T — 1}.

6: Voting histogram. Build A[t] = number of votes for a changepoint around time ¢. If w > 0, each
changepoint also votes in a +w neighborhood (tolerance window).

7: Select class-wise global changepoints. Keep:
CPY) = {t:h[t] > pN. }.
8: Convert to class-wise global segments. Sort C’Pg) ={ep1 <--- < ¢pp,} and form:
56" = {0.cp). (epr,cpa). .. (e, 1)},

which covers [0, 7).

9: Result: Séc ) is class-specific global segmentation (computed only from instances of class c).

5.2 Global Explanations: Dataset as a Multivariate Instance

In this section we present the second algorithm for global explanations, based on
treating the entire dataset as a single multivariate time series. The main idea is to

view a univariate dataset
X € R¥*T (Figure 5.1)
as a multivariate signal by constructing

Y € R™*P with D = N (Figure 5.2)

where YV ; = X, = x%i).

where each column corresponds to one test instance (i.e., one “dimension”), and
time runs along the 7" axis. Equivalently, rows correspond to time steps and columns
correspond to instances : = 1,2,..., N, with each column being a time series.

Under this representation, PELT searches for common changepoints that appear

simultaneously across many dimensions/instances. Conceptually, PELT assumes that
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Figure 5.1: Dataset X € RV*T.
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Figure 5.2: Dataset-as-multivariate instance: Y € R™*" where V;; = X;, = xf).
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the axis being segmented is time, and that at each time step we observe a vector-
valued observation containing the values of all dimensions/features. Therefore, we
use the convention rows = time (7)) and columns = dimensions/features (D).This is
also illustrated in Figure 5.2.

Importantly, if we instead used the layout N x T (rows = instances, columns =
time), then PELT would interpret the axis to be segmented as the instance index, and
the features as the time points, which is not the intended use in this setting.

Before changepoint detection, Y is normalized per dimension across time using
z-score normalization, so that instances with different scales, variances, or amplitudes
contribute comparably to the multivariate PELT cost. In this way, the segmentation is
driven less by absolute magnitude differences and more by shared temporal structure.
The normalization is used only for changepoint detection. PELT is then applied to
the normalized multivariate signal to obtain an initial set of global segments. These

segments are subsequently refined through the IterativeSplit procedure, following the
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same principle as in the univariate case, but operating on multivariate segments.

After this step, we have a list of global segments

{(sm, em)}%[zl-

Next, we compute SHAP in a “segment vs. rest” manner for each instance and

each global segment. Specifically, for each instance 7 and segment m, we compute
Dim < Dim,
where ¢, ,,, is the Exact-Two feature Shapley value with features:
A= [Sm,€m), B = rest of the signal.
This returns an attribution matrix
® € RV,

Finally, we can obtain a dataset-level importance score per segment, for example

by aggregating across instances as

B 1 XY
¢m = N;|q>%m|7

and then ranking segments by ¢,, to report the top-k segments. The procedure de-

scribed above is summarized in Algorithm 5.3.

Class-wise Global Explanations: Class as a Multivariate Instance. We can also ob-
tain global explanations in a class-wise (or cluster-wise) manner using the multivariate-
instance formulation. For each dataset and for each class separately, we keep only the
test instances belonging to that class (i.e., a class subset). On this subset, we construct
class-specific global segments using multivariate PELT, where each instance is treated
as one dimension (Algorithm 5.4).

Starting from

NXx1xT
X e RV

we form

Y c RTXD7 D = N,
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Algorithm 5.3 Multivariate Global Segmentation (Instances-as-Dimensions) + Exact-

Two SegSHAP

1: Input: dataset X € RV*1*T cost model, 3, iterative-split parameters, baseline b € R1*1xT.
RN XM

2: Output: global segmentation S, SHAP matrix ® € , segment importances ¢ € RM.

3: Dataset-as-multivariate signal. Construct
YeR™P  D=N, Yii=X.
Normalize only for changepoint detection:
Y (©) = Normalize(Y).
4: Multivariate PELT. Run multivariate PELT on Y(©) , obtaining global changepoints
CPog={cpr <---<epu} Cql,...., T —1}.
Convert changepoints to global segments:
Sa = {(0,¢pr), (eprsepa), - (epar, TNy, M =[S

5: Exact Two SegSHAP. For each instance i and each global segment m, compute the exact 2-feature

Shapley value (“segment vs. rest”) using baseline b and store
q)i,m < ¢i,m7 VS RNXNI~
6: Dataset-level segment importance. Define per-segment importance:
1
y 7 M
¢7n:N;|¢i,m|a ¢€R .

7: return S, ®, ¢.

so that each instance becomes one “dimension/column”. We then run PELT on Y to
obtain class-specific global segments. For each instance z; and each global segment

(Sm, €m), we compute the Exact-Two Shapley value in a “segment vs. rest” manner:
®; ,, = ¢(x;; segment m Vvs. rest),
using the background X, as the baseline. This returns an attribution matrix

o ¢ RNXM
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Algorithm 5.4 Class-wise Multivariate Global Segmentation (Instances-as-

Dimensions)
1: Input: test set (Xiest, Yiest) With Xiese € RV*T' | cost model, class c , penalty f; iterative-split param-

eters.

N

: Output: class-specific global segmentation Sg covering [0,7).
Filter to class c. Let I, = {i: ywesli] = ¢} and X, + Xest[lc] € RVX1XT Set D < N..

»

4: Dataset-as-multivariate signal. Construct Y € R”*? by
Y,; =X.[j,0,4], t=0,....T—1, j=0,....,D—1.
5: Normalize only for changepoint detection. Compute
Y(©) = Normalize(Y),

and use this normalization only for changepoint detection (not for later explanations).

6: Multivariate PELT. Run PELT on Y(¢) and iterative-split parameters to obtain changepoints
CPg={cpy <---<epy} C{l,..., T —1}.
Convert changepoints to segments:
S ={(0,¢p1), (ep1,epa), ..., (cpm, T)}

7: return Sg .
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CHAPTER O

EXPERIMENTAL SETUP & EVALUATION

METRICS

6.1 Datasets

6.2 Model Under Explanation
6.3 Methods Compared

6.4 Local Evaluation Metrics

6.5 Global Evaluation Metrics

In this chapter, we describe the experimental setup and the evaluation methodology
used throughout our study. We present the datasets and the predictive model under
explanation, as well as the baseline method used for comparison. Finally, we define

the evaluation metrics used to assess both local and global explanations.

6.1 Datasets

We used univariate binary classification datasets from the UCR Time Series Classifi-
cation Archive[23]. Additional dataset information and download links are available

via the Time Series Classification repository website.! We selected datasets that vary in

Ihttps://www.timeseriesclassification.com/dataset.php
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time-series length, classification difficulty, and application domain, to cover a diverse
range of settings. For each dataset, we used the official train/test splits provided by
the UCR archive.The selected datasets, along with a brief description of what each
one measures/classifies and its corresponding type, are summarized in Table 6.1.The

main characteristics of the selected datasets are reported in Table 6.2.
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Table 6.1: UCR binary univariate datasets.

Dataset Short description Type

Coftee Spectral measurements (food spectrographs) to dis- | SPECTRO
tinguish Robusta vs Arabica coffee beans.

Wine FTIR spectroscopy of wine to distinguish Cabernet|SPECTRO
Sauvignon vs Shiraz.

BirdChicken 1D series extracted from image contours (from |[IMAGE
MPEG-7) to distinguish bird vs chicken.

ECG200 Cardiac electrical activity per heartbeat to distinguish | ECG
normal vs myocardial infarction.

Chinatown Pedestrian traffic time series to predict weekday vs| TRAFFIC
weekend.

BeetleFly 1D series extracted from image contours (MPEG-7) | IMAGE
to distinguish beetle vs fly.

SonyAIBORobotSurfacel Robot accelerometer (x-axis) readings to recognize | SENSOR
surface type: cement vs carpet.

ShapeletSim Synthetic dataset: one of five embedded “shapes” is | SIMULATED
injected into noise for classification.

GunPoint Hand motion (x-axis centroid) to distinguish Gun-|HAR
Draw vs Point.

PowerCons Household electricity consumption to distinguish | DEVICE
warm vs cold season.

ToeSegmentation1 Walking motion-capture signals to distinguish nor- | MOTION
mal vs abnormal gait (x-axis).

GunPointAgeSpan GunPoint variant (2003+2018): classifies Gun vs|HAR
Point across different “flavors” (age/year of acquisi-
tion).

GunPointMaleVersusFemale GunPoint variant (2003+2018): classifies Male vs Fe- | HAR
male.

ProximalPhalanxOutlineCorrect | Hand image outlines: whether the proximal phalanx | IMAGE
outline was extracted correctly vs incorrectly.

Strawberry FTIR food spectrographs to distinguish authentic| SPECTRO
strawberry vs non-strawberry/adulterated.

Earthquakes Seismic measurements: predict whether a major | SEISMIC

event (defined as > 5 Richter) is impending vs not.

48




Table 6.2: Dataset statistics (length and split sizes) for the UCR binary univariate

datasets used in our experiments.

Dataset T (Length) | Train size | Test size
Coffee 286 28 28
Wine 234 57 54
BirdChicken 512 20 20
ECG200 96 100 100
Chinatown 24 20 345
BeetleFly 512 20 20
Sony AIBORobotSurface1 70 20 601
ShapeletSim 500 20 180
GunPoint 150 50 150
PowerCons 144 180 180
ToeSegmentation1 277 40 228
GunPointAgeSpan 150 135 316
GunPointMaleVersusFemale 150 135 316
ProximalPhalanxOutlineCorrect 80 600 291
Strawberry 235 613 370
Earthquakes 512 322 139
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6.2 Model Under Explanation

In our experiments, we explain a model from the ROCKET [24] framework of kernel-
based time-series transforms followed by a linear classifier. Specifically, the input time
series is first transformed into a feature vector via MiniROCKET (a convolutional
kernel transform)[25], and a linear classifier (Logistic Regression) is then trained on
the transformed features. This follows the ROCKET approach: transforming time
series using convolutional kernels and training a linear classifier on the resulting
features.

Specifically, MiniROCKET[25] is a very fast and (almost) deterministic transform
for time series classification, which retains the key components of ROCKET and
produces features that are subsequently fed to a linear classifier.

The pipeline used in this thesis is:

§ = LR(Scaler(MiniROCKET(z))).

Training protocol & reproducibility: For each dataset, we used the predefined
train/test splits provided by the archive. The model is trained exclusively on the
train split, and its performance is reported on the independent test split, without
additional resampling or cross-validation. All time series are represented in the three-
dimensional format required by MiniROCKET [25]:

X e RV*OxT (6.1)

where N is the number of samples, 1" is the time-series length, and C = 1 for univari-
ate data. When necessary, we reshape the data from (N,T) to (INV,1,7) by inserting
a channel dimension (without changing the values).

For each dataset, the same classification pipeline was trained: MiniROCKET as the
feature transform, followed by standardization/scaling of the resulting features, and
Logistic Regression as the final classifier.

Reproducibility. To ensure full reproducibility, all sources of randomness were
controlled via fixed random seeds, both at the level of numerical computations (NumPy)
and across the individual stages of the pipeline (MiniROCKET transform and Logistic

Regression classifier).

Output definition (what we explain). The explainability methods we compare re-

quire access to a prediction function f(-) that returns probabilities.
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Table 6.3: Test accuracy of the MiniROCKET + Logistic Regression classifier on the

UCR binary univariate datasets.

Dataset Test Acc.
Coffee 1.000
Wine 0.852
BirdChicken 0.900
ECG200 0.920
Chinatown 0.983
BeetleFly 0.850
Sony AIBORobotSurfacel 0.880
ShapeletSim 1.000
GunPoint 0.993
PowerCons 0.994
ToeSegmentation1 0.965
GunPointAgeSpan 0.975
GunPointMaleVersusFemale 1.000
ProximalPhalanxOutlineCorrect | 0.893
Strawberry 0.978
Earthquakes 0.741

Binary classification. In the binary classification setting, the explanation target is

defined as the probability of the positive class:
fproba(X) = P(§ = pos | X),

i.e., the probability assigned by the model to the “positive” category (as determined
by the label ordering in the trained classifier). This quantity is then used by the
explanation methods to measure changes in the prediction under perturbations.

We report test accuracy to provide performance context for the models under
explanation.We report test accuracy to provide performance context for the models

under explanation. The results are shown in Table 6.3.

Why this model. For the classifier we use MiniROCKET because it is an efficient

and effective time-series classifier. Its stable training behavior supports consistent
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comparisons across datasets and runs. Finally, its computational efficiency is cru-
cial for explainability experiments, since SHAP-style methods require many repeated

model evaluations.

6.3 Methods Compared

As baselines, we included the two official variants of TSHAP[12]: TSHAP-Window
and TSHAP-ROI. Both are based on the same core idea: instead of treating each time
step as a separate feature, they group consecutive time steps using a sliding window,
enabling the computation of exact Shapley values at the “window” level with much

lower cost than exact SHAP over all time steps.

TSHAP-Window (sliding-window attributions). TSHAP-Window formulates the
explanation as a two feature problem: (i) the time steps inside the window w and
(ii) the time steps outside the window w. For each window position, it computes
the exact contribution of the window using a closed-form Shapley expression, with
“missingness” implemented by replacing missing parts with a background series. It
then assigns a score to each time step by averaging the scores of all windows that
contain it. For efficiency, the paper recommends computing window attributions with

a stride s > 1 and interpolating between window positions.

TSHAP-ROI (Regions of Interest). TSHAP-ROI starts from the window attribu-
tions produced by TSHAP-Window and uses them to identify “important regions”
(ROIs), rather than diffusing importance across neighboring (potentially irrelevant)
time steps. Specifically, it marks a window as “relevant” when |¢(w;)| exceeds a
threshold (defined in the paper as a fraction of the maximum |¢|), groups consec-
utive relevant windows, and defines an ROI as the union of the windows in each
group. It then assigns a single attribution to the ROI and distributes it uniformly

across the time steps within the ROI.

Hyperparameters. Following the experimental protocol in the TSHAP paper, we
set the sliding-window length to 0.17 (10% of the series length) and used stride
s = 5. All remaining hyperparameters were kept at their default values in the official

implementation (e.g., interpolation enabled and ROI extraction when applicable).
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Below we provide a summary of our variants used for comparison.

Our variants:
¢ L.ocal variants:

— SegSHAP: PELT segmentation + Exact-Two Feature SHAP (segment vs.

rest) with a fixed baseline.

— SegSHAP (Refine): SegSHAP + IterativeSplit refinement on overly long

segments (reduced local penalty).

— SegSHAP (Hierarchical): Parent Exact-Two attributions + refine top-£ par-
ents into children and compute within-parent local Shapley to localize im-

portance.
e Global variants:

— SegSHAP-Global (Voting): Vote histogram over changepoints — shared

global segmentation — Exact-Two SHAP on global segments.

— SegSHAP-Global (Multivariate): Dataset as multivariate (instances as di-
mensions) — multivariate PELT global segments — Exact-Two SHAP on

global segments.

To ensure a fair comparison across methods, we use shared evaluation settings: all
explainers operate with the same background/baseline definition and explain the same
model output, namely the predicted probability of the positive class P(y = pos | X)

in the binary setting.

6.4 Local Evaluation Metrics

In this section, we describe how we assess the quality of the produced explanations.
After obtaining explanations, a natural question is how we can determine whether
they are “good”. We address this by focusing on two key criteria: (i) faithfulness—
how well the explanations reflect the behavior of the underlying classifier, and (ii)
robustness—how stable the explanations remain under small variations in the input

space.

53



6.4.1 Faithfulness

Faithfulness analysis is a common approach for evaluating attribution methods on
real-world classification datasets[3]. In our experiments, we adopt the faithfulness
protocol used in TSHAP [12], since both TSHAP and our approach produce SHAP-
based explanations. The main idea is to perturb the most relevant parts of the time
series (as identified by the attributions) to create a new input, and then compare the
model’s prediction on the perturbed series to its prediction on the original series.
This comparison provides an indication of how faithful the attributions are to the
classifier’s behavior.

Equations (6.2) show how faithfulness is computed, where f(-) outputs a prob-
ability. Let z,, denote the time series obtained by perturbing the time steps with the
largest positive attributions, and let x,, denote the time series obtained by perturbing
the time steps with the largest negative attributions. The perturbation is performed
by substituting the top » = 10% most relevant time points with zero.Alternatively,
perturbations can be defined at the segment level by masking the top-1 attributed
segment. In addition, instead of zeroing-out, the masked region can be replaced with
noise, providing an alternative perturbation choice under the same evaluation prin-

ciple. Faithfulness is then defined as:
faithfulness = |71| g(f<x> — [(2) + flan) = [(2)) = % g(f<xn> ~ [(z,). (6.2

This faithfulness measure is a signed perturbation test of the form “remove pos-
itive attributions vs. remove negative attributions”, using the top-r time points and
comparing the resulting predictions. Intuitively, perturbing time steps with positive
attributions should reduce the model’s confidence (i.e., f(z)— f(z,) > 0), whereas per-
turbing time steps with negative attributions should increase it (i.e., f(z,)— f(z) > 0).
Higher positive faithfulness scores therefore indicate greater attribution fidelity, since
the direction of the prediction change aligns with the signs of the attributions. The

computation is described in detail in Algorithm 6.1.

Interpretation (what “high” faithfulness means). If the positive attributions in-
deed identify time points that support the positive prediction, then perturbing those
points should reduce the model’s confidence in the positive class. If the negative at-

tributions correctly capture time points that act against the positive class (i.e., push
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Algorithm 6.1 Faithfulness (Top-r perturbation)

1: Inputs: dataset X = {z(¥}N |; point-level attributions ® (per instance); explained model output

f(+); fraction r (e.g., 0.1); perturbation type: zero.

2: Output: faithfulness score.
3: Split attributions into two parts:
q)pos’ ‘I)neg
4: fori=1to N do
5:  Rank time points by attribution magnitude (separately for <I>I(f0)S and @r(lie)g) and select the top-r%
indices.

6:  Construct perturbed inputs:

xl(,’:) — Perturb(m(i), top-r% indices from (I)}(,io)s) ,

xﬁf) — Perturb(:r(i)7 top-r% indices from <I>I(1ie) ) .
7:  Compute predictions:

W < 1(6), 0 (e)
8:  Instance contribution:
AD ) y;)i)'

9: end for
10: return

N
1 .
faithfulness < N g AW,
i=1

the prediction downward), then perturbing those points should increase the positive-
class probability. Therefore, we expect the faithfulness value to be as large as possible:
higher values indicate that the attribution map successfully separates supportive ev-

idence from opposing evidence with respect to the positive class.

6.4.2 Robustness

A natural question then arises: if we add a small amount of random noise to a given
instance, do we obtain essentially the same explanation? Ideally, an end-user would
want explanations to be robust to small changes in the input space, so that anomalous
observations do not influence the resulting explanation. We adopt the robustness
definition used in LIMESegment[5], which measures robustness by observing the

difference between explanations generated for a time series before and after it is
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perturbed with randomly generated noise.
In our setting, robustness is quantified as follows: after adding small Gaussian
noise to the input, we measure how stable the “most important” time points identified

by SegSHAP remain. Stability is measured using the Jaccard similarity between:
* the top-10% time points from the attribution map on the clean input, and
* the top-10% time points from the attribution map on the noisy input.

We then summarize robustness via a robustness rate, defined as the proportion of
trials for which the Jaccard similarity exceeds a threshold 7 (i.e., Jaccard > 7). The
Jaccard similarity measures overlap between two sets and is defined as the ratio of
the number of shared elements (intersection) to the total number of elements that
appear in at least one of the sets (union):
J(a,B) = 4081
|AU B|
It takes values in [0, 1]: a value of 1 means the sets are identical, whereas 0 means
they have no common elements. In our robustness evaluation, the sets consist of the

indices of the top-r% most important time points for the clean and noisy inputs.

Procedure. The inputs are the test set X, the explanation model f, r = 0.10 (top
10% of T), noise standard deviation , stability threshold 7, number of perturbations
per instance nperurb, and a random seed for reproducible noise. For each instance, we
first compute the attribution map on the clean input and form the set S; containing
the top-k indices. We then generate nperurp noisy versions by adding Gaussian noise
with mean 0 and standard deviation opise, Te-run the explanation to obtain a noisy
attribution map, and extract the corresponding top-% index set S;. For each pertur-
bation trial, we compute the Jaccard similarity between S; and S;. If J(5;,S52) > T,
the explanation is considered stable for that trial. Finally, across all instances and
perturbation trials, we report the mean and median Jaccard similarity, as well as the
robustness rate defined

Ngtable
robustness rate = .

Ntotal

We note that segmentation is re-computed each time on the noisy signals. There-

fore, the explanation is evaluated end-to-end:

noise — segmentation — segment SHAP — point-level attribution.
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Algorithm 6.2 Robustness - Top-r Jaccard Similarity

1: Inputs: X, model f, 7 = 0.10, onoise = 0.03, 7 = 0.7, Nperwurp = 10, seed.
2: Initialize empty list J, set stable < 0, total < 0.

3: for each instance z € Xt dO

4:  Compute point-level attributions ¢.

5:  Let Sy « Top, (¢) (indices of top-r fraction by |)).
6: for j =1 to nperwurn do

7: Sample noise ¢ ~ N'(0,02...) and set 21) + x +¢.
8: Compute noisy attributions ¢U) < f(z(1)).

9: Let Sy < Top, (¢\9)).

10: J m, append J to J.
11: if J > 7 then
12: stable < stable + 1.
13: end if
14: total < total + 1.
15:  end for
16: end for

17: meanjaccard < mean(J), medianjaccard + median(7).
18: robustnessrate + stable/total.

19: Output: mean jaccard, medianjaccard, robustness rate.

6.4.3 Runtime

We report runtime because computing Shapley values is generally a computation-
ally expensive procedure. Since our approach relies on exact Shapley values in a
two-feature formulation, measuring runtime allows us to assess whether this exact
computation remains sufficiently fast in practice, and therefore whether the method
is convenient to use. We measure runtime by separating the cost of segmentation
from the cost of explanation, and we report both dataset-level totals and per-instance
averages. Segmentation time is measured per instance as the total time required to
compute the segmentation, including all rounds of IterativeSplit refinement. Expla-
nation time is also measured per instance as the total time required to compute all
segment-level SHAP values for that instance (i.e., all SHAP calls across all segments),
including the final uniform redistribution to obtain point-level attributions when ap-
plicable.

At the dataset level, we report:

¢ the sum of segmentation times across all instances,
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* the sum of explanation times across all instances,

¢ the end-to-end time to produce all attributions, including segmentation, expla-

nation, and any overhead.

We also report mean per-instance times by dividing by N.
Overall, this provides three runtime views—segmentation, explanation, and total—

reported both as dataset-level totals and as per-instance averages.

6.5 Global Evaluation Metrics

Global explanations indicate which segment is most important for an entire dataset,
for a specific class, or for a cluster. A natural question, however, is whether such a
global explanation is truly representative. To evaluate this, we adopt the view that the
best available explanation for a dataset is the collection of local explanations. Under
this assumption, a global explanation can be assessed by how well it approximates
the local explanations across instances. Therefore, in the global setting, “faithfulness”
measures how faithful the global explanation is to the local explanation behavior,
treating the latter as our strongest available reference.

We measure global faithfulness in three ways.

(1) Global top-1 segment deletion. Following the spirit of LIMESegment[5], we
define faithfulness as the decrease in the classifier’s confidence when removing the
most important segment returned by the explanation. Concretely, we identify the top-1
global segment for the entire dataset and perturb (e.g., zero out) that same segment for
all test instances, then measure the mean drop in the positive-class probability. If the
selected segment is indeed globally important, deleting it should cause a large decrease
in prediction confidence across the dataset. We compare this to the corresponding
local faithfulness variant, where we identify the top-1 segment separately for each
instance and measure the drop induced by deleting that instance-specific segment.The

procedure is described in detail in Algorithm 6.3.

(2) Point-level faithfulness. We also compute faithfulness using point-level attribu-
tions obtained from a global segmentation. Specifically, we first compute Exact Two

segment SHAP values on the global segments, and then convert segment attributions
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Algorithm 6.3 Faithfulness for Global Segments (Top-1 Segment Deletion)

1: Input: test set X = {2V}, global segments Sg = {(5m, em)}¥_,, baseline b; explained model

0N

: Output: global faithfulness score.

N

3: Segment attributions on global segments. For each instance () and each global segment
(Sms€m) € Si, compute exact Segment SHAP (segment vs. rest) to obtain ¢; ,.
4: Dataset-level segment importance. Compute per-segment importance as the mean attribution

across instances:
_ 1 X
¢m — N Zzzl ¢i,m~
5: Select the top-1 global segment. Let

m* < arg emax Brms (5*,€*) < (S, emr).

6: Perturb the selected segment for all instances.
7: for i =1 to N do

8 zl) « Perturb(z(), [s*,¢¥)).

9 AW  f (m(i)) — f(xge)l)

10: end for

11: Faithfulness.

N

1 ,

thful <> [a®
faithfulness < N 2

12: return faithfulness.

to a point-level attribution map by uniformly distributing each segment’s attribution
across its time points. We then apply the standard top-r% point perturbation faith-
fulness test on these point-level attributions.The procedure is described in detail in
Algorithm 6.4.

(3)Most-frequent local top-1 deletion. In addition, we report Most-Frequent Local
Top-1 segment deletion as an intermediate baseline between fully local and fully
global explanations. Concretely, we identify the segment that most frequently appears
as the top-1 local explanation across test instances and delete this same segment
for all instances, measuring the mean drop in the positive-class probability. This
allows us to compare a “global” explanation obtained by simple aggregation of local
winners (majority top-1) against our true global segmentation-based explanation,
which is derived by pooling information from all instances. If the global method
is effective, deleting its selected segment should be more impactful than deleting the

most common local top-1 segment, since the former leverages broader dataset evidence
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Algorithm 6.4 Point-perturbation Faithfulness (from Global Segments)

1: Input: X = {2} ; global segments S¢ = {(Sm,em)}_,, baseline b, explained modelf(-);
fraction r.

2: Output: faithfulness score.

3: Use the global segments S (same for all instances).

4: for i =1to N do

5 Compute exact SegmentSHAP on S and obtain segment attributions {¢; ., }2_,.

6

Convert to point-level scores by uniform spreading within each segment:

Qz)gl) — @7’7” Vite [5m767n)~
€m — Sm
7: Keep only positive scores and perturb the top-r% time points — compute yz(ai) — f (x;i)).
8:  Keep only negative scores and perturb the top-r% time points — compute y — f (fﬂg ))-

9:  Store AW « y{¥) — y,(,i).
10: end for

11: return faithfulness « L S°N  A(),

rather than a segment that is top-1 only for a subset of instances.The procedure is
described in detail in Algorithm 6.5.

For the faithfulness evaluation of class-wise global explanations, we do not use
the entire test set jointly. Instead, for each class ¢, we restrict to the test instances
with label ¢, construct the global segments using voting only within that class subset,
and compute prediction drops with respect to the corresponding class probability
P(class = ¢ | x). We then evaluate the different faithfulness modes on this same

class-specific subset.

Robustness for global explanations. The robustness idea is the same as in the local
setting: we add noise to the input and re-run the explanation. Ideally, an end-user
would want explanations to be robust to small changes in the input space. In our case,
we add random noise drawn from a normal distribution and then examine whether

the global explanation remains stable. We measure robustness in two ways.

(A) Robustness of the top-1 global segment. We compare the top-1 global segment
obtained on the clean dataset to the top-1 global segment obtained on the noisy

dataset, and report:

e Exact match rate: how often the exact same segment is returned.
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Algorithm 6.5 Most-Frequent Local Top-1 Segment Deletion Faithfulness

—_

: Input: Xy = {2(V}¥ |, baseline b, explained output f(-), local segmentation.

2: Output: faithfulness score.

3: For each instance z(¥), run local segmentation and compute exact SHAP for each local segment,
obtaining a top-1 local segment (s(*), ().

4: Find the most frequent top-1 segment across instances:

(s*,e*) « mode({(s(i),e(i)) fvzl)

5: Perturb (delete) this same segment for all instances and compute prediction drops:

AW f(x(i)) — f(Perturb(x(i), [s*,e*))) .

6: return faithfulness < & S~ | AW,

e Mean IoU: the average overlap (intersection-over-union) between the clean top-

1 and noisy top-1 segments.
* IoU > 7 rate: how often the overlap exceeds a chosen threshold.

The procedure is described in detail in Algorithm 6.6.

(B) Robustness of the top-10% time points. We convert segment-level SHAP values
to point-level scores via uniform spreading within each segment. We then obtain
dataset-level point importance, select the top-k points (default Tpoints = 0.1), and

measure the Jaccard similarity between the clean and noisy top-k sets. We report:
e Mean Jaccard, and
e Jaccard > 7 rate (default 7 = 0.7).

The procedure is described in detail in Algorithm 6.7.
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Algorithm 6.6 Robustness of the Top-1 Global Segment

1:

N = N N N
S S )

Inputs: test set Xesr,number of noisy runs B, onise; 10U threshold 7., global explanation pipeline.

Outputs: exact match rate, mean IoU, loU > 7, rate.
Run the global pipeline on the clean test set X and obtain the dataset-level top-1 segment top1,.
Initialize counters: match « 0, stable < 0; list Z «+ [ ].
for b=1to B do
Add Gaussian noise to the test set to obtain Xt(ebs)t.
Re-run the global pipeline on Xt(ebs)t and obtain top1,.
Exact match indicator: my ]I[top1b = t0p10}.
IoU: I; < IoU(top1,, top1,), append I to Z.
Stability indicator: s, < 1[I, > Tiou]-

match < match + my; stable < stable + s,.

: end for

: Exact match rate <+ match/B.
: Mean IoU «+ mean(Z).

: IoU > 7oy rate < stable/B.

: Output: exact match rate, mean IoU, IoU > 7, rate.
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Algorithm 6.7 Robustness of Global Top-10% Time Points

1:

Inputs: test set X5, NumMber of noisy runs B, noise onoise, threshold 7, global explanation pipeline,
r = 0.10.

2: Outputs: mean Jaccard, Jaccard > T rate.

11:
12:
13:
14:
15:

16

: Run the global explanation pipeline on the clean test set X to obtain global segments and

Segment SHAP attributions.

Convert segment-level attributions to point-level scores by uniform spreading within each segment,

and select the top—li4 time points (top 10% of T) to obtain the clean set S.
NB

Define J(A, B) + :AUB:

Initialize list 7 < [ ] and counter stable « 0.

forb=1to B do

Add Gaussian noise to X5 to obtain Xg’s)t.

(Jaccard similarity)

Re-run the full global pipeline on Xt(ebs)t to obtain global segments and Segment SHAP attributions.
Convert to point-level scores (uniform spreading) and select the top-k time points to obtain Sj.

Jp < J(S0,5); append J,, to J.
if J, > 7 then
stable < stable + 1.
end if
end for

Mean Jaccard < mean(J).

17: Jaccard > 7 rate < stable/B.

18

Output: mean Jaccard, Jaccard > 7 rate.
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We use the same robustness evaluation for both global-explanation approaches.
Moreover, instead of measuring robustness on the entire test set jointly, we can com-
pute it separately for each class ¢, using only the test instances of that class.

For each dataset and for each class ¢, we form the class subset:

Xe = Xeest [Yrest = ¢].
We then run the global pipeline on X.:
e compute global segments via voting using only X,
e compute Exact SegmentSHAP (segment vs. rest) for each instance/segment,
e identify the dataset-level top-1 segment (using mean |¢)|),

¢ and identify the dataset-level top-10% time-point set (used by the Jaccard met-

ric).
Next, we perform B noisy runs:
e we add Gaussian noise only to X, (not to the full test set),
e and each time we re-run the entire pipeline (segments + exact SHAP).

Finally, we measure: (A) top-1 segment stability (exact match + IoU), and (B)
top-10% time-point stability (Jaccard), and we report robustness metrics per dataset

and per class.

Runtime. A third metric for global explanations is runtime. We report the time
required (i) to construct the global segments for each dataset, (ii) to compute the
corresponding explanations (i.e., segment SHAP on the global segments), and (iii)

the total end-to-end time including both steps.

64



CHAPTER 7

EXPERIMENTAL RESULTS

7.1 Motivation for Refinement: Under-segmentation and Segment-Length Statistics.
7.2 Local Explanation Results
7.3 Global Results

7.4 Ablation Studies

In this chapter, we present the empirical results of our approach and explain how
they arise from the design choices in our method. We report faithfulness, robustness,
and runtime for both local and global explanations, and compare our variants against
the baseline methods. We begin by motivating the refinement step, showing that the
initial segmentation can produce overly long segments and therefore limit explanation
granularity. We then present local results (faithfulness, robustness, runtime) together
with qualitative visualizations of local explanations, followed by the corresponding
global results using the same evaluation protocols. Finally, we provide ablation and
sensitivity studies to quantify the contribution of key components and the effect of

important hyperparameters.
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7.1 Motivation for Refinement: Under-segmentation and Segment-

Length Statistics.

In this section, we test our hypothesis that the initial global segmentation can produce
overly long segments, which reduces explanation granularity due to uniform attribu-
tion spreading within each segment. We therefore analyze segment-length statistics
under the initial segmentation and then examine how these lengths decrease across
Iterative Split refinement rounds.

Round 0O corresponds to the global PELT segmentation, while rounds 1-3 apply
iterative refinement. Refinement substantially reduces the median segment length
(a) and increases the mean number of segments per instance (b), with diminishing
changes after round 2-3.

In Table 7.1, we report the median segment length, maximum segment length, and
the mean number of segments from round 0 to round 3. In Figure 7.1, we visualize
the same trend across datasets using boxplots.

(a) median len across datasets. The y-axis shows the median segment length for each
dataset. At r = 0, the box is high and exhibits large outliers (points near ~ 100-140),
indicating that some datasets contain very long segments. From r = 1 to r = 2, the
median segment length decreases sharply (the box drops towards ~ 5-10), showing
that refinement splits overly long segments and increases granularity. From r = 2 to
r = 3, the change is smaller (the boxes are already low), indicating saturation: after
2-3 rounds, additional gains in granularity are limited.

(b) mean num segments across datasets. The y-axis shows the mean number of seg-
ments per instance for each dataset. At r = 0, there are few segments (typically
~ 4-10), corresponding to a coarse partition. From r = 1 to r = 2 to r = 3, the
number of segments increases steadily (the box moves upward), with some datasets
reaching very high values (outliers > 50), indicating that refinement can unlock a
much finer segmentation where there is room to split. Here as well, we observe di-
minishing returns: the largest increase occurs early, and then the trend stabilizes.

As shown in Table 7.1 and Figure 7.1, the initial global segmentation (r = 0) can be
under-segmented because the global penalty favors a compact partition and therefore
tends to merge multiple local patterns into a single long segment. In the context
of segment-based explanations, such long segments reduce interpretability because

any segment-level attribution must be distributed across many time points, leading
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Table 7.1: Segment-length statistics across IterativeSplit refinement rounds (r0 — r3).

Dataset median_len (r0—r3) | max_len (r0—r3) | mean #segments (r0—r3)
Coffee 40.0 = 5.0 150.0 — 80.0 5.86 — 33.14
Wine 15.0 =+ 5.0 125.0 — 75.0 6.24 — 25.89
BirdChicken 40.0 — 10.0 180.0 — 70.0 11.25 — 41.70
ECG200 16.0 — 5.0 76.0 — 40.0 4.18 — 13.37
Chinatown 5.0—=5.0 10.0 = 5.0 4.99 — 5.00
BeetleFly 30.0 — 10.0 125.0 — 40.0 14.35 — 56.85
SonyAIBORobotSurfacel 15.0 = 5.0 65.0 — 25.0 5.18 = 12.31
ShapeletSim 97.5 — 10.0 500.0 — 220.0 2.87 — 38.76
GunPoint 45.0 -+ 5.0 115.0 — 100.0 3.38 — 10.79
PowerCons 20.0 = 5.0 144.0 — 65.0 4.93 — 16.40
ToeSegmentation1 25.0 = 5.0 140.0 — 70.0 8.95 — 36.17
GunPointAgeSpan 5.0 — 5.0 70.0 — 30.0 21.09 — 28.25
GunPointMaleVersusFemale 5.0 =+ 5.0 85.0 — 35.0 21.08 — 28.24
ProximalPhalanxOutlineCorrect 15.0 =+ 5.0 35.0 — 30.0 4.97 — 12.44
Strawberry 20.0 = 5.0 95.0 — 80.0 5.55 — 22.85
Earthquakes 136.0 — 10.0 512.0 — 290.0 2.55 — 39.72

to coarse importance. IterativeSplit addresses this by selectively revisiting only overly

long segments and lowering the penalty locally, which allows additional changepoints

to be introduced where the signal supports them, while leaving already reasonable

segments unchanged. The stabilization observed after r» ~ 2-3 rounds suggests that

further rounds mainly increase segmentation complexity.
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(a) median_len across datasets (b) mean_num_segments across datasets
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Figure 7.1: granularity vs round.

7.2 Local Explanation Results

In this section, we examine and analyze the results for faithfulness, robustness, and

runtime of the local explanations.

7.2.1 Local Faithfulness Results

We evaluate the faithfulness of local explanations by perturbing the top-10% most
important time points according to each method and measuring the resulting change

in the predicted probability. We compare our method against two TSHAP baselines.

Observed Trends: As shown in Table 7.2 and Figure 7.2, SegSHAP generally im-
proves in faithfulness as refinement rounds are added, with r = 3 often returning the
strongest performance. A natural explanation is that refinement increases granularity
in a targeted way: when the initial segmentation is too coarse, important and non-
important regions may be merged into a long segment, and the resulting attribution
is then spread over a broad interval. By re-segmenting only overly long segments
with a smaller local penalty, IterativeSplit can separate more meaningful temporal
patterns, allowing the attribution map to better isolate the regions that truly drive the
classifier’s output. This effect is particularly visible in datasets where faithfulness in-
creases consistently from round to round, suggesting that each additional refinement
step reveals additional structure that is useful for attribution.

At the same time, Table 7.2 also shows non-monotonic behavior on a small number
of datasets (e.g., Coffee and Strawberry). Such deviations can arise when refinement

introduces boundaries that split a previously coherent predictive region into subseg-
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Faithfulness across datasets (methods comparison)
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Figure 7.2: Faithfulness distributions across datasets for SegSHAP (rounds r =0...3)
and the TSHAP baselines.

ments whose individual contributions are weaker or whose ranking changes under
the top-10% perturbation. In other cases, a finer segmentation can also redistribute
attribution mass across more segments, so that the set of top-ranked time points
changes in a way that does not always increase the signed perturbation score.

Finally, in Table 7.18 we observe that improvements from r = 3 to r = 4 occur in
only a small subset of datasets. This suggests that, for most datasets, the refinement
process has already recovered the main useful structure by r ~ 2-3, and additional
rounds mainly increase segmentation complexity without commensurate benefit in
faithfulness. For this reason, we adopt » = 3 as the default refinement depth in the
remainder of our experiments.

Table 7.2 reports faithfulness per dataset for SegSHAP with refinement rounds
(r =0...3) and for both baselines (TSHAP-Window and TSHAP-ROD).

Figure 7.2 summarizes the across-dataset picture: the distributions for SegSHAP
at r = 2 and r = 3 are shifted toward higher faithfulness compared to the TSHAP
baselines. It also highlights variability across datasets—improvements are not uniform

and some outliers remain—but the overall trend favors using refinement rounds.
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Dataset SegSHAP (iterative split) Faithfulness | TSHAP Faithfulness (baseline)
r=0 r=1 r=2 r=3 Window ROI
Coffee 0.1647 0.1956 0.0523 0.1533 0.3385 0.2283
Wine 0.6490 0.6385 0.5974 0.5748 0.4803 0.2606
BirdChicken 0.1026 0.1611 0.1824 0.1959 0.1301 0.0464
ECG200 0.0781 0.1653 0.1438 0.1422 0.1137 0.0735
Chinatown 0.2311 0.2311 0.2311 0.2311 0.1790 0.0038
BeetleFly 0.2900 0.5224 0.6714 0.6848 0.3568 0.2297
SonyAIBORobotSurfacel 0.1270  0.1665 0.1779 0.1811 0.1697 0.0725
ShapeletSim 0.4083 0.5329 0.5734 0.5805 0.5340 0.3191
GunPoint -0.0734 0.0114 0.0249 0.0434 0.0918 -0.0056
PowerCons 0.3299 0.3017 0.3504  0.3526 0.3462 0.2083
ToeSegmentation1 0.5001 0.5476 0.5715 0.5807 0.3466 0.4047
GunPointAgeSpan 0.1655 0.1943 0.1954 0.1984 0.1431 0.1339
GunPointMaleVersusFemale 0.1566 0.2160 0.2439 0.2527 0.1778 -0.1267
ProximalPhalanxOutlineCorrect | 0.4232 0.2761 0.3619 0.3921 -0.0850 0.3804
Strawberry 0.3364 0.3152 0.2906 0.2036 0.3451 0.2849
Earthquakes 0.0493 0.1346 0.2451 0.2995 0.2045 0.1598

Table 7.2: Faithfulness comparison. We highlight SegSHAP at round r = 3 when it
outperforms both TSHAP baselines (Window and ROI) on the same dataset.

7.2.2 Hierarchical Refinement Results

Table 7.3 compares the faithfulness of SegSHAP across refinement rounds (r = 0-3),
the hierarchical variant (Hier.), and the two TSHAP baselines. Overall, the hierarchical
variant is often slightly better than r = 3 (highlighted by the red cells), and in
several cases it achieves the best overall score among the baselines and the hierarchical
method. In the box plot of Figure 7.3, the distributions of SegSHAP at » = 3 and
SegSHAP (Hier.) are overall shifted toward higher values compared to the TSHAP
baselines, indicating improved dataset-level faithfulness.

We observe in Table 7.3 that the hierarchical variant improves faithfulness because,
within the most important segment, instead of distributing the attribution uniformly,
it redistributes it across the subsegments according to their relative importance. Con-
sequently, faithfulness tends to improve on datasets that already exhibit a pattern
of improvement from round to round. We also observe that the hierarchical step is

useful primarily when the top-1 parent segment can actually be split. In Table 7.24,
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Dataset SegSHAP Faithfulness TSHAP Faithfulness (baseline)
r=0 r=1 r=2 r=3 Hier. | Window ROI
Coffee 0.1647 0.1956 0.0523 0.1533 0.1982 | 0.3385 0.2283
Wine 0.6490 0.6385 0.5974 0.5748 0.5128 | 0.4803 0.2606
BirdChicken 0.1026 0.1611 0.1824 0.1959 0.2123 | 0.1301 0.0464
ECG200 0.0781 0.1653 0.1438 0.1422 0.1355 | 0.1137 0.0735
Chinatown 0.2311 0.2311 0.2311 0.2311 0.2311 | 0.1790 0.0038
BeetleFly 0.2900 0.5224 0.6714 0.6848 0.6915 | 0.3568 0.2297
SonyAIBORobotSurfacel 0.1270 0.1665 0.1779 0.1811 0.1797 | 0.1697 0.0725
ShapeletSim 0.4083 0.5329 0.5734 0.5805 0.5870 | 0.5340 0.3191
GunPoint -0.0734 0.0114 0.0249 0.0434 0.0435 | 0.0918 -0.0056
PowerCons 0.3299 0.3017 0.3504 0.3526 0.3488 | 0.3462 0.2083
ToeSegmentation1 0.5001 0.5476 0.5715 0.5807 0.5830 | 0.3466 0.4047
GunPointAgeSpan 0.1655 0.1943 0.1954 0.1984 0.2005 | 0.1431 0.1339
GunPointMaleVersusFemale 0.1566 0.2160 0.2439 0.2527 0.2538 | 0.1778 -0.1267
ProximalPhalanxOutlineCorrect | 0.4232 0.2761 0.3619 0.3921 0.3947 | -0.0850 0.3804
Strawberry 0.3364 0.3152 0.2906 0.2036 0.2037 | 0.3451 0.2849
Earthquakes 0.0493 0.1346 0.2451 0.2995 0.3158 | 0.2045 0.1598

Table 7.3: Faithfulness comparison. Red background marks the hierarchical variant
when it improves over r = 3. Bold indicates the best score among TSHAP Window,
TSHAP ROI, Hierarchical.

we see that a split is not obtained for all datasets.

In some cases, no split occurs because even with a smaller local penalty /3, the local
PELT run does not produce any additional changepoints, and the parent segment
remains unchanged. Moreover, this behavior differs across datasets, since the top-
1 segments have different characteristic lengths and structures depending on the

dataset.
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Faithfulness across datasets: r=3 vs Hierarchical vs TSHAP
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Figure 7.3: Faithfulness distributions across datasets for SegSHAP (rounds r =0...3)
and the TSHAP baselines.

7.2.3 Local Robustness Results

We evaluate robustness by adding Gaussian noise (¢ = 0.03) to each test instance,
recomputing the explanation, and measuring the Jaccard overlap between the clean
and noisy top-10% time-point sets. We report both the mean Jaccard similarity and the
fraction of perturbations exceeding a threshold 7 = 0.7, using the same perturbation
settings for TSHAP and SegSHAP.

More precisely, for each instance and each noisy explanation, we compute
J = Jaccard(Sy, S1),

where S; and S5; are the top-r% index sets for the clean and noisy attributions,
respectively, and we check whether J > 7. The robustness rate is then defined as

#{J>71}
total noisy explanations’

rate =

i.e., the proportion of perturbation trials for which the explanation is considered
stable.

From the results in Table 7.4, we observe that TSHAP (Window) is almost always
the most stable method (highest robustness rate), while SegSHAP typically ranks
second and outperforms TSHAP (ROI) in nearly all cases. The box plot in Figure 7.4

shows that TSHAP (Window) achieves the highest overall stability across datasets,
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Dataset SegSHAP TSHAP Window TSHAP ROI
Coffee 0.579 0.925 0.268
Wine 0.046 0.065 0.002
BirdChicken 0.380 0.530 0.330
ECG200 0.828 0.964 0.578
Chinatown 0.988 0.999 0.970
BeetleFly 0.455 0.800 0.460
SonyAIBORobotSurfacel 0.687 0.924 0.525
ShapeletSim 0.754 0.946 0.898
GunPoint 0.251 0.189 0.086
PowerCons 0.852 0.991 0.321
ToeSegmentation1 0.848 0.959 0.714
GunPointAgeSpan 0.922 0.998 0.947
GunPointMaleVersusFemale 0.961 1.000 0.966
ProximalPhalanxOutlineCorrect 0.251 0.343 0.198
Strawberry 0.226 0.450 0.107
Earthquakes 0.586 0.806 0.483

Table 7.4: Robustness comparison (Top-10% Jaccard).

whereas TSHAP (ROD) is generally the least stable. SegSHAP lies in between, with
robustness rates that are typically higher than ROI and closer to the Window baseline.

TSHAP (Window) is more stable (Table 7.4) because, although the instance changes
slightly under noise, the window definition remains the same. In contrast, in our
method the noise can change not only the SHAP values computed on a fixed seg-
mentation, but also the segmentation itself, since segmentation is re-computed each

time on the noisy signal.
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Robustness rate across datasets: SegSHAP vs TSHAP

1.0 A S —T1 % . ——
L J f L ]
& -
2-'s
= 0.8 1 L L
L ]
M
E L
1]
E 0.6 « ®
L‘: L
i ™ L
0.4
- . ?
Jgn ]
Q
€ 0.2 " -
-— —_—t
0.0 —e—
WP \\N’\“dmrn TSHRP @OV seQSHP‘P
15

Figure 7.4: Robustness distributions across datasets for SegSHAP (rounds r = 3) and
the TSHAP baselines.

7.2.4 Local Runtime Results

We measure the time required to produce explanations for the entire dataset. Table 7.5
shows that all methods run in practical time across datasets. TSHAP (Window) is
typically the fastest variant, but SegSHAP at r = 3 is close in runtime and is almost
always faster than TSHAP (ROI). Figure 7.5 summarizes the total runtime per dataset.

SegSHAP is generally slower than TSHAP (Table 7.5) because it first performs
segmentation (PELT + iterative splits) and then computes exact segment SHAP on
the resulting segments. In contrast, TSHAP (Window) passes once over each win-
dow position, whereas our refinement typically requires additional time until it either
successfully refines long segments or stops at round r = 3 in any case. Nevertheless,
the differences are not large, and our method remains computationally efficient in
practice. The hierarchical variant incurs extra overhead because it performs an addi-
tional local segmentation and attribution step inside the top parent segment, which

naturally increases runtime.
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Dataset TSHAP (Window) TSHAP (ROI) | SegSHAP r=3 (total) SegSHAP Hier. (total)
Coftee 1.56 5.08 4.66 5.77
Wine 7.10 9.80 8.06 10.94
BirdChicken 10.14 12.05 4.90 7.33
ECG200 3.25 4.20 4.53 6.18
Chinatown 2.43 5.57 3.61 5.52
BeetleFly 11.01 11.59 5.29 10.27
SonyAIBORobotSurfacel 4.09 6.88 21.08 26.49
ShapeletSim 43.76 73.19 47.86 86.64
GunPoint 7.83 11.06 9.33 12.62
PowerCons 9.56 13.60 11.38 14.81
ToeSegmentation1 39.05 43.02 35.60 42.67
GunPointAgeSpan 19.64 21.96 22.78 27.83
GunPointMaleVersusFemale 18.87 21.56 22.06 27.79
ProximalPhalanxOutlineCorrect 6.77 9.20 11.50 15.07
Strawberry 46.24 53.26 46.80 66.07
Earthquakes 68.72 52.90 38.73 66.45

Table 7.5: Total runtime (seconds). TSHAP reports Window-only and ROI(run) totals.

SegSHAP reports end-to-end total time for » = 3 and for the hierarchical variant.

Total runtime across datasets (methods comparison)
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Figure 7.5: Total runtime across datasets.
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7.2.5 Local Explanation Visualizations Examples

In Figures 7.6 and 7.8, we illustrate what an explanation looks like for a single in-
stance. The plots show the segments identified by the segmentation step, together
with the attribution assigned to each segment. Color indicates whether a segment
supports the predicted class (red) or opposes it (blue), while color intensity reflects
the strength (magnitude) of the attribution. In Figures 7.7 and 7.9, we show how
attribution is redistributed within the top-1 segment through the hierarchical refine-

ment procedure.
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7.3 Global Results

In this section, we examine and analyze the results for faithfulness, robustness, and

runtime of the global explanations.

7.3.1 Global Faithfulness Results

In this subsection, we report the faithfulness results for our two global explanation

variants (Voting and Multivariate). We evaluate faithfulness using two settings:

e Deletion-based faithfulness: if we remove (zero out) the most important region,

the model’s predicted probability should decrease accordingly.

¢ Point-perturbation faithfulness: if we perturb the top-r most important time

points, the model output should change in the expected direction.

Table 7.6 presents the top-10% point-perturbation faithfulness scores. Cells high-
lighted in red indicate datasets where the local method outperforms both global vari-
ants, while green highlights which of the two global methods performs best for each
dataset. The corresponding distribution across datasets is summarized in Figure 7.10.

Table 7.7 reports the top-1 segment deletion faithfulness results, together with the
corresponding boxplot in Figure 7.11.

Point-perturb faithfulness: The key point is that the comparison is fair because,
for all methods, we perturb exactly the same fraction of time points (10% of 7).
Therefore, no method “wins” simply by applying a larger perturbation, the only
difference is which points each method considers important. Comparing voting vs
multivariate, the multivariate variant returns better point-level faithfulness. The local
method is better in most cases (Table 7.6) because it is tailored to each instance.

We also observe that the multivariate global approach is often better than the vot-
ing global approach. The reason is that, in the multivariate setting, we detect change-
points on a “multivariate” signal where each instance is treated as a dimension, thus,
changes that are consistent across many samples are retained and this returns more
stable boundaries. In contrast, voting relies on aggregation of local boundaries, and if
there is variability in the local changepoints it may struggle to identify global bound-
aries, this is consistent with the FAILED cases, where it could not find changepoints

supported by 50% of the instances.
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In some datasets we observe negative values (e.g., GunPoint, ProximalPhalanx-
OutlineCorrect). This occurs because the metric computes the mean difference be-
tween perturbing “negative” and “positive” contributions. If the attribution signs are
misaligned (e.g., a region that is truly supportive is labeled as negative by the ex-
planation), then perturbing the “negative” set may reduce the probability more than
perturbing the “positive” set, resulting in a negative mean score.

In the local setting, each instance returns a different top-10% set. For some in-
stances, these selected points can be unrelated to each other and spread across distant
time locations, which can reduce the drop when averaging across many instances.
The local top-10% for a given instance may be distributed across many distant time
points, which can make the perturbation less effective in magnitude than perturbing
the top-10% time points induced by a global segmentation, since those points tend
to be more localized and closer together.

Deletion Top-1:As expected, local per-instance top-1 deletion is typically the most
impactful, because the removed top-1 segment is selected separately for each instance,
and the segmentation is computed specifically for that instance. Between the two
global methods, the multivariate variant achieves higher faithfulness in most cases, al-
though performance remains dataset-dependent. Overall, for segment-deletion faith-
fulness, the strongest global approach is the Multivariate Global variant, because it
derives global segments directly from the structure of the whole dataset: it treats
each instance as a dimension and searches for changepoints that are consistent across

many instances.
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Dataset Voting G2 Multivariate G2 Local top-10% perturb (r=3)
Coffee 0.050 0.200 0.153
Wine 0.295 0.462 0.575
BirdChicken 0.055 0.179 0.196
ECG200 0.147 0.195 0.142
Chinatown 0.042 0.231 0.231
BeetleFly 0.128 0.496 0.685
SonyAIBORobotSurfacel 0.257 0.188 0.181
ShapeletSim FAILED 0.607 0.581
GunPoint -0.066 -0.053 0.043
PowerCons 0.326 0.362 0.353
ToeSegmentation1 0.562 0.547 0.581
GunPointAgeSpan 0.255 0.202 0.198
GunPointMaleVersusFemale 0.238 0.265 0.253
ProximalPhalanxOutlineCorrect -0.179 -0.455 0.392
Strawberry 0.119 0.163 0.204
Earthquakes FAILED 0.209 0.300

Table 7.6: Point-perturb faithfulness comparison (top-10%, zero). Green highlights
the better global between Voting and Multivariate. Red highlights Local when it out-

performs both global.

Point-perturb faithfulness across datasets (Voting vs Multivariate vs Local

> —
0.6 e 1 ep o

w
§ 0.4 1 :
S ol °
£ 4 - ¥
s i ’
E S Nl —_—
£ 0.0
= . —
E
¥=] —1 o
Q —0.2 1

_0.4 -

o
T T T
. G2 . G2 =3)
\jound . \‘aﬁa‘e crurd r
it 10% pe
Loca\ 0¥

Figure 7.10: Point-perturb faithfulness across datasets.
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Dataset Local Voting Multivariate
Per-inst topl Most-freq top1 | Global top1 | Global top1
Coffee 0.138 0.381 0.100 0.381
Wine 0.554 0.410 0.410 0.410
BirdChicken 0.055 0.013 0.129 0.027
ECG200 0.083 0.063 0.042 0.063
Chinatown 0.286 0.290 0.289 0.290
BeetleFly 0.148 0.067 0.386 0.061
SonyAIBORobotSurfacel 0.162 0.118 0.071 0.118
ShapeletSim 0.487 0.041 FAILED 0.056
GunPoint 0.049 0.004 0.387 0.054
PowerCons 0.137 0.071 0.037 0.071
ToeSegmentation1 0.174 0.042 0.029 0.028
GunPointAgeSpan 0.077 0.041 0.035 0.036
GunPointMaleVersusFemale 0.359 0.341 0.129 0.341
ProximalPhalanxOutlineCorrect 0.233 0.263 0.271 0.242
Strawberry 0.194 0.052 0.049 0.052
Earthquakes 0.111 0.037 FAILED 0.033

Table 7.7: Top 1 segment faithfulness metrics. Green highlights the best score among
{Voting Global top1, Multivariate Global top1, Most-freq Local top1}. Red highlights

Local Per-inst top1 when it outperforms all other available columns.
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Figure 7.11: Top-1 deletion faithfulness across datasets.
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7.3.2 Global Class-wise Faithfulness

Tables 7.8 and 7.9 report the class-wise faithfulness results for the two global variants
(Voting and Multivariate), using both the top-10% point perturbation metric and the
top-1 segment deletion metric. The green cells indicate, for each dataset and class,
which of the two global methods achieves the higher score.

In Tables 7.8 and 7.9, we observe that faithfulness scores can differ substantially,
not only between the two methods (Voting and Multivariate), but also between the
two classes within the same dataset. This class-wise asymmetry is expected in time-
series classification, since the two classes may exhibit different patterns and temporal

structure, and in some cases these patterns may be easier or harder to identity.
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Dataset Voting Multivariate
class 0 class 1 | class 0 class 1
Coffee -0.061 0.025 | 0.105 0.511
Wine 0.184 0.253 | 0.379  0.530
BirdChicken 0.151  0.003 | 0.362 0.006
ECG200 0.282 0.099 | 0.355 0.105
Chinatown 0.430 -0.101 | 0.915 -0.027
BeetleFly 0.057 0.548 | 0.214 0.730
Sony AIBORobotSurface1 0.414 0.032 | 0.309 0.027
ShapeletSim FAILED FAILED | 0.682 0.535
GunPoint -0.190 -0.002 | -0.103 -0.003
PowerCons 0.007 0.620 | 0.005 0.718
ToeSegmentation1 0.906 0.196 | 0.888  0.170
GunPointAgeSpan 0.190 0.556 | 0.216  0.187
GunPointMaleVersusFemale 0.002 0.533 | 0.000 0.559
ProximalPhalanxOutlineCorrect | 0.017  0.296 | -0.345 -0.582
Strawberry 0.205 0.023 | 0.394  0.217
Earthquakes FAILED 0.081 | 0.199  0.311

Table 7.8: Class-wise faithfulness scores (top-10% point perturbation, zero). Green

marks the larger value between Voting and Multivariate for the corresponding class.
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Dataset Voting Multivariate
class O class 1 | class O class 1
Coffee 0.003 0.003 | 0.003 0.407
Wine 0.080  0.741 0.080  0.741
BirdChicken 0.127 0.014 | 0.080 0.009
ECG200 0.069  0.039 | 0.069 0.029
Chinatown 0.953 0.028 | 0.982 0.028
BeetleFly 0.004 0.417 | 0.017  0.120
Sony AIBORobotSurface1 0.069 0.009 | 0.172  0.016
ShapeletSim FAILED FAILED | 0.110  0.030
GunPoint 0.007 0.005 | 0.006 0.007
PowerCons 0.001  0.028 | 0.002 0.215
ToeSegmentation1 0.042 0.017 | 0.048 0.021
GunPointAgeSpan 0.014 0.043 | 0.035 0.062
GunPointMaleVersusFemale 0.002 0.083 | 0.002 0.751
ProximalPhalanxOutlineCorrect | 0.747  0.476 0.165 0.046
Strawberry 0.115  0.747 0.114  0.021
Earthquakes FAILED 0.868 | 0.034 0.078

Table 7.9: Class-wise top-1 deletion. Green marks the larger value between Voting

and Multivariate for the corresponding class.
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7.3.3 Global Top-1 Segments Summary

We observe in Tables 7.10 and 7.11 that, in some datasets, the top-1 segments for
the two classes overlap in time points, and in some cases the global top-1 segments
also agree. This indicates that something “important” happens in the time series at
these time points—important for both classes, but in a different way (e.g., one class
may rely on the presence of a pattern, while the other relies on its absence or on a
different manifestation of the same event). In other datasets, we observe different top-
1 segments per class, which is also reasonable, since each class may rely on different
regions to make the decision.

Moreover, Voting and Multivariate sometimes produce very similar top-1 segments
(Table 7.12), for example in Strawberry, GunPointAgeSpan, and GunPointMaleVersusFe-
male; in these cases, the two methods agree, so this interval may indeed be important
for the dataset overall. There are also cases where the two methods identity dif-
ferent top-1 segments. Voting is based on aggregation from local boundaries (and
can therefore be affected by variability in the local segmentations). Multivariate relies
on changepoints that are consistent “horizontally” across many instances. Therefore,
when heterogeneity is high, it is reasonable that Voting “pulls” toward frequently oc-
curring boundaries, whereas Multivariate prefers segments that are more consistent

overall.
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Dataset Global top-1 Most-freq local top-1 | Class A global top-1 | Class B global top-1
seg len seg len  supp. seg len seg len
Coffee (226,234) 8 |(220235) 15 6/28 | (227,233) 6 (172,188) 16
Wine (126,144) 18 | (125,145) 20  24/54 (37,48) 1" (127,143) 16
BirdChicken (376,469) 93 | (395,405) 10 2/20 (377,413) 36 (0,43) 43
ECG200 (41,44) 3 (40,45) 5 16/100 | (41,43) 2 (82,96) 14
Chinatown (0,4) 4 (0,5) 5 310/343 0,3) 3 (0,3) 3
BeetleFly (231,494) 263 | (245,280) 35 1/20 | (407,493) 86 (22,108) 86
Sony AIBORobotSurfacel (11,14) 3 (10,15) 5 130/601 | (51,53) 2 (36,38) 2
ShapeletSim FAILED - |(290,305) 15  4/180 FAILED - FAILED -
GunPoint (0,44) 44 | (95,1000 5  19/150 | (96,98) 2 (0,48) 48
PowerCons (116,119) 3 | (110.115) 5  42/180 | (111,113) 2 (117,119) 2
ToeSegmentation1 (56.69) 13 | (195,210) 15 10/228 (52,68) 16 (202,208) 6
GunPointAgeSpan (131,134) 3 (15,20) 5  28/316 | (46,48) 2 (137,139) 2
GunPointMaleVersusFemale (61,64) 3 (60,65) 5  49/316 (61,63) 2 (62.64) 2
ProximalPhalanxOutlineCorrect | (51,80) 29 (50,80) 30 169/291 | (52.80) 28 (52,68) 16
Strawberry (96,109) 13 | (95.110) 15 35/370 | (97.108) 1 (157,203) 46
Earthquakes FAILED - (20,45) 25 4/139 FAILED - (0,493) 493

Table 7.10: Voting segments summary.Dataset-level Global top-1 segment, the Most-

frequent local top-1, and class-wise Global top-1 segments.

Dataset Global top-1 Most-freq local top-1 | Class A global top-1 | Class B global top-1
seg len seg len supp. seg len seg len
Coffee (220,235) 15 | (220,235) 15 6/28 | (225,240) 15 (225,235) 10
Wine (125,145) 20 | (125,145) 20  24/54 (35,45) 10 (125,135) 10
BirdChicken (385.405) 20 | (395,405) 10 2/20 | (390,420) 30 (385,405) 20
ECG200 (40,45) 5 (40,45) 5 16/100 | (35,40) 5 (40,45) 5
Chinatown (0,5) 5 (0,5) 5 310/343 (0,5) 5 (0,5) 5
BeetleFly (295,315) 20 | (245.280) 35 1/20 | (455,475) 20 (295,315) 20
SonyAIBORobotSurfacel (10,15) 5 (10,15) 5 130/601 | (10,15) 5 (35,40) 5
ShapeletSim (150,170) 20 | (290,305) 15  4/180 | (480,500) 20 (380,395) 15
GunPoint (15,20) 5 | (95,1000 5 19/150 | (90,95) 5 (15,20) 5
PowerCons (110,115) 5 | (110.115) 5  42/180 | (110,115) 5 (115,120) 5
ToeSegmentation1 (200,210) 10 | (195,210) 15 10/228 | (180,190) 10 (200,210) 10
GunPointAgeSpan (130,135) 5 (15,20) 5 28/316 | (45,50) 5 (130,135) 5
GunPointMaleVersusFemale (60,65) 5 (60,65) 5  49/316 (55,60) 5 (65,70) 5
ProximalPhalanxOutlineCorrect | (65,70) 5 (50,80) 30 169/291 | (40,45) 5 (65,70) 5
Strawberry (95,110) 15 | (95,110) 15 35/370 | (95,110) 15 (60,70) 10
Earthquakes (25,500 25 | (2045) 25  4/139 (25,45) 20 (150,180) 30

Table 7.11: Multivariate segments summary.Dataset-level Global top-1 segment, the

Most-frequent local top-1, and class-wise Global top-1 segments.
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Dataset Voting top-1 | Multivariate top-1
seg len seg len
Coffee (226,234) 8 (220,235) 15
Wine (126,144) 18 | (125,145) 20
BirdChicken (376,469) 93 | (385,405) 20
ECG200 (41,44) 3 (40,45) 5
Chinatown (0,4) 4 (0,5) 5
BeetleFly (231,494) 263 | (295,315) 20
Sony AIBORobotSurfacel (11,14) 3 (10,15) 5
ShapeletSim FAILED -- | (150,170) 20
GunPoint (0,44) AA (15,20) 5
PowerCons (116,119) 3 (110,115) 5
ToeSegmentation1 (56,69) 13 | (200,210) 10
GunPointAgeSpan (131,134) (130,135)
GunPointMaleVersusFemale (61,64) (60,65) 5
ProximalPhalanxOutlineCorrect | (51,80) 29 (65,70) 5
Strawberry (96,109) 13 | (95,110) 15
Earthquakes FAILED -- (25,50) 25

Table 7.12: Global top-1 segment (interval and length) under Voting and Multivariate

segmentation.
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7.3.4 Global Robustness Results

Robustness is measured under Gaussian noise by (i) the exact match rate of the global
top-1 segment and (ii) the mean Jaccard overlap of the top-10% most important time
points across perturbation runs. The results are reported in Table 7.13.

Table 7.13 shows that robustness of global explanations is dataset-dependent: on
several datasets the Multivariate variant exhibits higher stability (especially in the
Top-10% mean Jaccard), while on others Voting is comparable or better.

We observe that some datasets remain highly stable (with large robustness scores),
whereas others exhibit much lower stability. For the Voting variant, this behavior may
be due to the fact that it needs to recompute the local explanations and then build
the histogram; these intermediate steps may be more sensitive to noise. Conversely,
when the Multivariate variant performs poorly, this may be because the injected noise

directly affects the segmentation step.
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Dataset Voting Multivariate
Top-1 exact-rate Top-10% Jacc-mean | Top-1 exact-rate Top-10% Jacc-mean

Coffee 1.000 0.954 1.000 0.849
Wine 0.000 0.393 0.000 0.195
BirdChicken 0.000 0.330 0.600 0.537
ECG200 1.000 0.982 1.000 0.867
Chinatown 1.000 1.000 1.000 0.600
BeetleFly 0.900 0.607 1.000 0.993
Sony AIBORobotSurfacel 1.000 0.975 1.000 1.000
ShapeletSim FAILED FAILED 0.800 0.544
GunPoint 0.000 0.073 0.000 0.120
PowerCons 0.100 0.875 1.000 1.000
ToeSegmentation1 0.400 0.822 1.000 0.556
GunPointAgeSpan 0.000 0.071 0.000 0.000
GunPointMaleVersusFemale 1.000 0.967 1.000 1.000
ProximalPhalanxOutlineCorrect 1.000 0.143 1.000 0.455
Strawberry 1.000 0.539 0.000 0.263
Earthquakes FAILED FAILED 1.000 1.000

Table 7.13: Robustness comparison. Green highlights the better score between Voting

and Multivariate, separately for Top-1 exact-rate and Top-10% Jaccard mean.

7.3.5 Global Class-wise Robustness

We also measure robustness per class to examine whether one class returns less stable
explanations and whether stability differs across classes.

Table 7.14 reports class-wise robustness under Gaussian noise: we report the exact
match rate of the global top-1 segment across perturbation runs, computed separately
for each class (higher is better).

Table 7.15 reports the same setting, but summarizes stability using the mean
Jaccard overlap of the top-10% most important time points, higher values indicate
more stable salient regions.

Tables 7.14 and 7.15 show that class-wise robustness is strongly dataset- and class-
dependent.We observe that when robustness is high, this typically holds for both
classes, meaning that the global segments are more stable in those cases. There are
also exceptions where one class is more robust than the other, because segmentation

may be easier and more stable for that class.
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Dataset Voting Multivariate
class 0 class 1 | class 0 class 1
Coffee 0.900 0.900 | 1.000 1.000
Wine 0.000  0.000 | 0.000 0.000
BirdChicken 0.100  0.200 | 0.000  1.000
ECG200 1.000 0.900 | 1.000 1.000
Chinatown 1.000  1.000 | 1.000  1.000
BeetleFly 0.900 0.500 | 1.000  1.000
Sony AIBORobotSurface1 1.000  1.000 | 1.000  1.000
ShapeletSim FAILED FAILED | 0.900 0.800
GunPoint 0.000  0.000 | 1.000 0.000
PowerCons 1.000  0.700 | 1.000  1.000
ToeSegmentation1 0.500 0.800 | 1.000  1.000
GunPointAgeSpan 0.200  0.000 | 0.900 0.000
GunPointMaleVersusFemale 0.000 0.000 | 1.000 1.000
ProximalPhalanxOutlineCorrect | 1.000  1.000 1.000  1.000
Strawberry 1.000  0.000 | 0.000  1.000
Earthquakes FAILED FAILED | 1.000  1.000

Table 7.14: Class-wise robustness (Top-1 exact-rate). Green highlights the better score

between Voting and Multivariate for each dataset and class.
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Dataset Voting Multivariate
class O class 1 | class O class 1
Coffee 0.858 0.909 | 0.836  0.811
Wine 0.298  0.425 | 0.207 0.053
BirdChicken 0.328 0.097 | 0.007 0.765
ECG200 0.948 1.000 | 1.000 1.000
Chinatown 1.000  1.000 | 1.000  1.000
BeetleFly 0.733 0.777 | 0.625  1.000
Sony AIBORobotSurface1 0.975 0.950 | 0.911  1.000
ShapeletSim FAILED FAILED | 0.758  0.812
GunPoint 0.900 0.000 [ 0.500 0.020
PowerCons 0912 0.853 | 1.000 1.000
ToeSegmentation1 0.558 0.558 | 0.545  0.907
GunPointAgeSpan 0.429 0.000 | 0.800 0.000
GunPointMaleVersusFemale 0.283 0.514 1.000  1.000
ProximalPhalanxOutlineCorrect | 0.474  0.143 | 0.455  0.455
Strawberry 0.291  0.702 | 0.092 0.688
Earthquakes FAILED FAILED | 0.903 0.584

Table 7.15: Class-wise robustness (Top-10% Jaccard mean). Green highlights the better

score between Voting and Multivariate for each dataset and class.
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7.3.6 Runtime

Table 7.17 reports a runtime breakdown for global explanation generation. Across
almost all datasets, the multivariate variant is substantially faster than voting in total
time and this is mainly due to the time required for segmentation: it is more time-
consuming to perform local segmentation and then build the histogram in order to

identify and inspect candidate segments.
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Dataset Voting (total time) Multivariate (total time)
Coffee 16.220 2.120
Wine 29.516 2.276
BirdChicken 17.154 1.843
ECG200 29.552 3.338
Chinatown 7.214 2.450
BeetleFly 1.784 2.013
Sony AIBORobotSurfacel 158.357 14.161
ShapeletSim FAILED 22.411
GunPoint 13.603 9.022
PowerCons 25.778 10.056
ToeSegmentation1 95.169 17.017
GunPointAgeSpan 61.191 20.377
GunPointMaleVersusFemale 62.789 20.126
ProximalPhalanxOutlineCorrect 19.516 7.861
Strawberry 79.319 18.779
Earthquakes FAILED 13.034

Table 7.16: Total runtime (seconds) for global explanation generation. Green high-

lights the faster method per dataset.

94



Dataset Voting Multivariate

Seg Expl Total Seg  Expl Total
Coffee 1.775  14.445 16.220 | 0.048 2.073  2.120
Wine 3.290 26.226 29.516 | 0.033 2.244  2.276
BirdChicken 5.640 11.514 17.154 | 0.014 1.829  1.843
ECG200 12144  17.408 29.552 | 0.019 3.320 3.338
Chinatown 0.749  6.465 7.214 | 0.006 2.445  2.450
BeetleFly 0.746 1.038 1.784 | 0.012 2.001 2.013
Sony AIBORobotSurfacel 38.625 119.732 158.357 | 0.007 14.154 14.161
ShapeletSim 19.194 FAILED  FAILED | 0.010 22.401 22.411
GunPoint 5.659  7.944 13.603 | 0.010 9.012 9.022
PowerCons 5.023 20.755 25.778 | 0.004 10.052 10.056
ToeSegmentation1 9.603 85.567 95.169 | 0.016 17.002 17.017
GunPointAgeSpan 2.148 59.042 61.191 | 0.006 20.370 20.377
GunPointMaleVersusFemale 3.003 59.786 62.789 | 0.009 20.117 20.126
ProximalPhalanxOutlineCorrect | 4.439  15.077 19.516 | 0.015 7.846  7.861
Strawberry 19.262 60.057 79.319 | 0.037 18.742 18.779
Earthquakes 16.609 FAILED  FAILED | 0.020 13.015 13.034

Table 7.17: Runtime breakdown (seconds) for global explanation generation.
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7.3.7 Global Explanation Visualizations Examples

Figures 7.13 and 7.12 illustrate global explanations produced with the multivariate
segmentation variant.

In Figure 7.13, the y-axis lists the global segments as intervals (s,,,€e,,), while
the z-axis shows the dataset-level mean signed attribution for each segment. Red
bars correspond to segments that, on average, push the model output toward the
explained class/output, whereas blue bars indicate segments that contribute in the
opposite direction. The bar length reflects the strength of the average effect across all
instances.

In Figure 7.12, we plot the dataset mean signal together with the variability across
instances, and we overlay the global segmentation along the time axis. The colored
background bands indicate the signed contribution of each global segment (red sup-
porting, blue opposing), while their intensity is proportional to the magnitude of
the segment’s average attribution. This highlights which temporal regions are most

influential at the dataset level.
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Figure 7.12: Coffee Global Explanation.
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Figure 7.13: Beetlefly Globar Bar.
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7.4 Ablation Studies

7.4.1 Number of Refinement Rounds

Table 7.18 reports faithfulness across iterative refinement rounds (r = 0...4). Red
shading highlights rounds where faithfulness increases relative to the previous round.
We observe gains from 7 = 0 up to r = 3 in the majority of datasets, whereas
improvements from r = 3 to r = 4 occur in substantially fewer cases (only a small
subset of datasets). Since improvements level off after » = 3, we use r = 3 as the

default refinement depth for the remainder of our experiments.
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Dataset r0 rl r2 r3 r4

Coffee 0.1647 0.1956 0.0523 0.1533 0.2080
Wine 0.6490 0.6385 0.5974 0.5748 0.5552
BirdChicken 0.1026 0.1611 0.1824 0.1959 0.1800
ECG200 0.0781 0.1653 0.1438 0.1422 0.1403
Chinatown 0.2311 0.2311  0.2311 0.2311 0.2311
BeetleFly 0.2900 0.5224 0.6714 0.6848 0.6833
SonyAIBORobotSurfacel 0.1270 0.1665 0.1779 0.1811 0.1794
ShapeletSim 0.4083 0.5329 0.5734 0.5805 0.5999
GunPoint -0.0734 0.0114 0.0249 0.0434 0.0428
PowerCons 0.3299 0.3017 0.3504 0.3526 0.3502
ToeSegmentation1 0.5001 0.5476 0.5715 0.5807 0.5809
GunPointAgeSpan 0.1655 0.1943 0.1954 0.1984 0.1988
GunPointMaleVersusFemale 0.1566 0.2160 0.2439 0.2527 0.2526
ProximalPhalanxOutlineCorrect | 0.4232 0.2761 0.3619 0.3921 0.3958
Strawberry 0.3364 0.3152 0.2906 0.2036 0.1907
Earthquakes 0.0493 0.1346 0.2451 0.2995 0.3355

Table 7.18: Faithfulness across iterative refinement rounds.

7.4.2 Penalty Selection (BIC vs AIC)

In practice, AIC and BIC produced very similar segment-length statistics (e.g., number
of segments, and mean/max segment length) in our experiments. We nevertheless
adopt BIC as the default because its penalty includes a logn term and therefore
depends on the sample size n, making it more adaptive to series length than AIC,
whose penalty is independent of n. The corresponding statistics are summarized in
Table 7.19.

Penalty trade-off (under- vs. over-segmentation). In penalized changepoint detec-
tion, the penalty controls a direct trade-off between under-segmentation and over-
segmentation: a large penalty favors fewer changepoints (and can merge distinct

regimes), whereas a small penalty encourages many changepoints (risking overfit-
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Dataset AIC BIC
mean len max len #segs mean | mean len max len #segs mean

Coffee 7.44 55.0 38.46 8.63 80.0 33.14
Wine 8.73 75.0 26.80 9.04 75.0 25.89
BirdChicken 10.24 45.0 50.00 12.28 70.0 41.70
ECG200 6.47 35.0 14.83 7.18 40.0 13.37
Chinatown 4.80 5.0 5.00 4.80 5.0 5.00
BeetleFly 8.85 20.0 57.85 9.01 40.0 56.85
SonyAIBORobotSurfacel 5.44 20.0 12.87 5.69 25.0 12.31
ShapeletSim 8.77 70.0 57.01 12.90 220.0 38.76
GunPoint 12.04 100.0 12.46 13.90 100.0 10.79
PowerCons 8.07 60.0 17.84 8.78 65.0 16.40
ToeSegmentation1 6.57 55.0 42.19 7.66 70.0 36.17
GunPointAgeSpan 5.19 30.0 28.88 5.31 30.0 28.25
GunPointMaleVersusFemale 5.20 30.0 28.86 5.31 35.0 28.24
ProximalPhalanxOutlineCorrect 6.34 30.0 12.61 6.43 30.0 12.44
Strawberry 8.64 65.0 27.18 10.28 80.0 22.85
Earthquakes 8.96 140.0 57.12 12.89 290.0 39.72

Table 7.19: Segment statistics after round 3 under AIC and BIC penalties.

ting). This corresponds to the standard penalized objective >, C(-) + S f(m), where
the penalty term guards against overfitting, and linear penalties Sm are commonly
used in practice, including AIC and BIC.

Finally, although AIC/BIC are typically motivated for likelihood-based segmenta-
tion costs, in our implementation, this is consistent with using an [, (squared—error)

segment cost.

7.4.3 Sensitivity to the Segmentation Cost Model (12 vs normal)

We use the [, segment cost as the default. The rbf cost is kernel-based rather than a
standard parametric likelihood cost; therefore, its connection to AIC/BIC is less direct.
The [, cost corresponds to mean squared error (SSE within each segment), whereas
normal corresponds to a Gaussian likelihood-based cost. We perform a sensitivity
check by replacing the default I, segment cost with the normal cost model in PELT,
while keeping the rest of the pipeline fixed. The normal cost yields comparable faith-

fulness on several datasets, but it also leads to negative faithfulness values in a few
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Dataset Faithfulness (normal) Faithfulness (l2)
Coffee 0.074 0.153
Wine 0.336 0.575
BirdChicken 0.143 0.196
ECG200 0.195 0.142
Chinatown 0.231 0.231
BeetleFly 0.665 0.685
Sony AIBORobotSurfacel 0.189 0.181
ShapeletSim 0.625 0.581
GunPoint -0.010 0.043
PowerCons 0.353 0.353
ToeSegmentation1 0.588 0.581
GunPointAgeSpan 0.202 0.198
GunPointMaleVersusFemale 0.265 0.253
ProximalPhalanxOutlineCorrect -0.424 0.392
Strawberry 0.162 0.204
Earthquakes 0.312 0.300

Table 7.20: SegSHAP faithfulness under two segmentation cost models (normal vs.

l2).

cases. We therefore use the /5 cost as the default choice, since it provides strong over-

all performance while remaining simple, general, and free of stronger distributional

assumptions. The results are reported in Table 7.20.

7.4.4 Refinement length threshold

We study the sensitivity of IterativeSplit to the refinement length threshold, which

determines when a segment is considered “too long” and thus becomes a candidate

for local re-segmentation. Concretely, we vary the threshold as a fraction of the series

length 7" and refine segments whose length satisfies L > p-T. This ablation evaluates
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Dataset Length threshold (0.03) Length threshold (0.05) Length threshold (0.10) Length threshold (0.15)
Coffee 0.153 0.160 0.128 0.254
Wine 0.575 0.596 0.551 0.536
BirdChicken 0.196 0.197 0.178 0.091
ECG200 0.142 0.142 0.106 0.060
Chinatown 0.231 0.231 0.231 0.231
BeetleFly 0.685 0.550 0.360 0.304
SonyAIBORobotSurfacel 0.181 0.181 0.181 0.171
ShapeletSim 0.581 0.557 0.540 0.531
GunPoint 0.043 0.043 0.068 0.057
PowerCons 0.353 0.353 0.292 0.280
ToeSegmentation1 0.581 0.575 0.541 0.521
GunPointAgeSpan 0.198 0.198 0.170 0.170
GunPointMaleVersusFemale 0.253 0.253 0.225 0.203
ProximalPhalanxOutlineCorrect 0.392 0.392 0.392 0.314
Strawberry 0.204 0.252 0.283 0.323
Earthquakes 0.300 0.278 0.242 0.225

Table 7.21: Faithfulness for different length-threshold settings. Green highlights the

best faithfulness per dataset.

how the choice of p affects faithfulness. The results are reported in Table 7.21.

We additionally report how often the refinement mechanism is triggered with
p = 0.03 (i.e., the number of segments exceeding the length threshold; Table 7.22)
and how often it results in an actual split. This indicates that IterativeSplit does not
enforce refinement uniformly, but performs splits only when the local PELT objective

supports a non-trivial segmentation.
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Dataset Long segments found Split success
Coffee 748 583
Wine 938 756
BirdChicken 527 491
ECG200 2392 764
Chinatown 1723 2
BeetleFly 594 589
Sony AIBORobotSurfacel 15686 3597
ShapeletSim 2634 2618
GunPoint 1585 1036
PowerCons 2569 1590
ToeSegmentation1 6671 4981
GunPointAgeSpan 2631 2007
GunPointMaleVersusFemale 2620 2005
ProximalPhalanxOutlineCorrect 7153 1591
Strawberry 7089 5001
Earthquakes 2298 2059

Table 7.22: Iterative splitting statistics for SegSHAP (cap_frac=0.03, cost_model=ls,
BIO).

7.4.5 Minimum Segment Length

We study the sensitivity of our method to the minimum segment length parameter,
which is a standard parameter of the PELT implementation in ruptures. This pa-
rameter enforces a hard constraint that no segment shorter than min_size is allowed,
thereby controlling how fine-grained the segmentation can become. In this ablation,
we vary min_size and report the resulting changes in faithfulness. Table 7.23 shows
that varying the minimum segment length parameter min_size over the tested range
results in essentially identical faithfulness across all datasets. This indicates that, under
our current refinement setting (p = 0.03 and max_rounds=3), faithfulness is largely
insensitive to min_size. A plausible explanation is that the refinement step dominates

the final segmentation granularity in these experiments.
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Dataset min size=0.01 min size=0.03 min size=0.05 min_size=0.10
Coftee 0.153 0.153 0.153 0.153
Wine 0.575 0.575 0.575 0.575
BirdChicken 0.196 0.196 0.196 0.196
ECG200 0.142 0.142 0.142 0.142
Chinatown 0.231 0.231 0.231 0.231
BeetleFly 0.685 0.685 0.685 0.685
Sony AIBORobotSurfacel 0.181 0.181 0.181 0.181
ShapeletSim 0.581 0.581 0.581 0.581
GunPoint 0.043 0.043 0.043 0.043
PowerCons 0.353 0.353 0.353 0.353
ToeSegmentation1 0.581 0.581 0.581 0.581
GunPointAgeSpan 0.198 0.198 0.198 0.198
GunPointMaleVersusFemale 0.253 0.253 0.253 0.253
ProximalPhalanxOutlineCorrect 0.392 0.392 0.392 0.392
Strawberry 0.204 0.204 0.204 0.204
Earthquakes 0.299 0.299 0.299 0.299

Table 7.23: Faithfulness across different min size values.

7.4.6 Hierarchical refinement statistics.

Table 7.24 summarizes how often the hierarchical actually refines the most influential
(top-1) segment. For each dataset, we report the number of child subsegments pro-
duced by the local re-segmentation and the resulting split fraction (splits/N). Overall,
the table shows that the top segment split is applied selectively (often only when the
top segment is sufficiently long), while some datasets rarely or never trigger a valid

split.
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Split fraction

Dataset (splits/N)
Coffee 5/28
Wine 9/54
BirdChicken 12/20
ECG200 5/100
Chinatown 0/343
BeetleFly 16/20
Sony AIBORobotSurfacel 7/601
ShapeletSim 180/180
GunPoint 5/150
PowerCons 9/180
ToeSegmentation1 14/228
GunPointAgeSpan 13/316
GunPointMaleVersusFemale 3/316
ProximalPhalanxOutlineCorrect 11/291
Strawberry 71/370
Earthquakes 118/139

Table 7.24: Hierarchical split fraction for top-1 segments (splits/N).

7.4.7 Global-Voting tolerance window w

We study the sensitivity of the voting-based global segmentation to the tolerance
window w, which controls how votes are assigned around each detected changepoint.
Concretely, a changepoint at position cp contributes votes not only at cp itself, but
across the neighborhood

[ep — w, ep + w).

Thus, w determines the alignment tolerance for declaring that multiple instances ex-
hibit a changepoint in the same temporal region, even if their detected changepoints

do not appear at the exact same index. We observe in Table 7.25 that as the voting
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Table 7.25: Number of global segments as a function of the voting window size.

Dataset window=0 window=1 window=3
Coffee 27 79 115
Wine 21 61 95
BirdChicken 12 34 196
ECG200 14 40 51
Chinatown 5 13 16
BeetleFly 5 13 159
SonyAIBORobotSurfacel 14 40 44
ShapeletSim 1 1 129
GunPoint 9 25 47
PowerCons 20 58 70
ToeSegmentation1 46 136 153
GunPointAgeSpan 30 88 92
GunPointMaleVersusFemale 30 88 92
ProximalPhalanxOutlineCorrect 1 31 38
Strawberry 22 64 82
Earthquakes 1 1 15

window increases, the number of detected global changepoints (and thus the num-
ber of global segments) also increases.However, when the tolerance window is large,
changepoints that occur at different nearby indices are more likely to be grouped
together, reducing the precision of their temporal localization. Therefore, we use

window = 1 as the default setting.

7.4.8 Global Voting Threshold (p).

The parameter p defines the threshold used to decide how many instances must have
a changepoint at a given location for it to be considered a global changepoint. In other
words, p sets the minimum fraction of instances that must “support” a changepoint
at that position. We study how the number of detected global changepoints—and

consequently the number of global segments—changes for different values of p. We
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Table 7.26: Number of global segments for different p values (vote_window=1).

Dataset p=04 p=0.5 p=0.7 p=0.9
Coffee 85 79 58 46
Wine 64 61 61 58
BirdChicken 106 34 1 1
ECG200 49 40 28 16
Chinatown 13 13 13 13
BeetleFly 31 13 10 1
SonyAIBORobotSurface1 40 40 37 22
ShapeletSim 7 1 1 1
GunPoint 31 25 7 1
PowerCons 70 58 25 1
ToeSegmentation1 160 136 1 1
GunPointAgeSpan 88 88 88 76
GunPointMaleVersusFemale 88 88 88 70
ProximalPhalanxOutlineCorrect 37 31 31 28
Strawberry 73 64 37 16
Earthquakes 1 1 1 1

observe in Table 7.26 that as p increases, the number of global segments decreases,
because an increasingly larger fraction of instances must agree on a changepoint for it
to be considered global. We choose p = 0.5 as the default, since for larger p values we
often observe that the entire dataset is treated as a single segment, i.e., no common

changepoints are detected.
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CHAPTER 8

ConNncLusiON AND FuTurE WORK

8.1 Conclusion

8.2 Future Work

8.1 Conclusion

Explainability in time series remains a challenging problem because information is
strongly temporally dependent, and classical XAI methods rely on assumptions that
do not transfer directly to the time-series setting. Two critical issues are (i) the choice
of background/baseline, i.e., what “absence” of information means when we remove
parts of a time series, and (ii) the choice of segmentation, i.e., which temporal intervals
we map the explanation onto so that it is both interpretable and faithful to the model.

In this thesis, we showed that moving to segment-level explanations—where seg-
mentation is obtained without requiring a manual specification of the number of
changepoints or the window length—substantially improves faithfulness, because re-
placement is applied over coherent temporal intervals that better correspond to mean-
ingful structures in the signal. Moreover, we showed that when the explanation is
constructed hierarchically, the result can become more precise at the level of subseg-
ments: rather than assuming that an “important” segment is uniformly responsible,
hierarchical refinement isolates the most critical sub-interval, leading to more targeted
and interpretable explanations.

For global explanations, the multivariate approach proved particularly strong in

terms of robustness, providing stable explanations at the dataset/class level and a
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clearer picture of which temporal patterns systematically influence the model’s be-
havior. Overall, the results support that a unified combination of (a) adaptive seg-
mentation, (b) hierarchical refinement for more accurate attribution at the subsegment
level, and (c) global explanations for an overall dataset/class-level view constitutes a
practical direction towards more faithful and useful explanations for time series clas-
sification.

Despite these positive results, we identify a clear limitation: segmentation can be
sensitive to noise, meaning that in noisy versions of the same signal, the segmenta-
tion may change and lead to variations in the robustness of the explanation. This
highlights that explanation stability depends not only on the explainer itself, but also

on the stability of the underlying segmentation.

8.2 Future Work

A first direction for future work is to further extend and evaluate the proposed ap-
proach on multivariate datasets. In particular, although the global segmentation stage
has already been adapted using multivariate PELT, a more complete multivariate for-
mulation is still needed, including hierarchical refinement. In the multivariate setting,
such refinement could be especially useful, since the initial coarse explanation may
identify a broader time interval that is important across all features, while a sub-
sequent hierarchical step could further refine this interval into smaller subregions,
potentially in a feature-specific way. This would be meaningful because an impor-
tant event in a multivariate time series may span multiple time points and multiple
channels. Thus, a coarse explanation could indicate when an important event occurs,
whereas a hierarchical refinement could reveal more precisely in which subintervals
and in which dimensions the most critical information is concentrated.

A second, and particularly important, direction is a more systematic study of the
background problem. In time series, replacing “missing” intervals with a simple base-
line may either remove too much information or introduce artificial patterns. Future
work could examine backgrounds that produce realistic but “non-informative” com-
pletions, i.e., completions that match the statistical structure of the time series without
introducing evidence in favour of a particular class. In this context, generative models

that learn the temporal structure of the data and can produce realistic backgrounds
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or complete missing intervals could be explored, with the goal that the replacement
remains natural without injecting additional class-relevant information.

Finally, evaluation across a broader range of models and architectures would help
test whether the conclusions generalize to different types of classifiers. A more exten-
sive experimental study could also relate faithfulness/robustness metrics to domain-
expert—driven evaluation criteria, such as whether explanations are understandable
and useful to users in realistic settings, and—where ground truth is available—to
agreement measures between the highlighted segments and known relevant temporal

regions.
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