Visualizing and
understanding complex
neural time series
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Advanced Statistical Methods and Dynamic Data Visualizations for Mental Health Studies, June 2021

Dr Ben Fulcher, Dynamics and Neural Systems Group, School of Physics, The University of Sydney.
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{312} MD_EEG_UniBonn_F012_LP40Hz.dat [epileptogenic] (4097) eyesClosed
. . . eyesOpen

{323} MD_EEG_UniBonn_F023_LP40Hz.dat [epjleptogenic] (4097)

hippocampus 4

{345} MD_EEG_UniBonn_F045_LP4QHz.dat [epileptogenic] (4097)
{367} MD_EEG_UniBonn_F067_LP40Hz.dat [epileptogenic] (4097)
{389} MD_EEG_UniBonn_F089_LP40Hz.dat [epileptogenic] (4097)

{400} MD_EEG_UniBonn_F100_LP40Hz.dat [epileptogenic] (4097)

{101} MD_EEG_UniBonn_0001_LP40Hz.dat [eyesClosed] (4097)

{112} MD_EEG_UniBonn_0012_LP40Hz.dat [eyesClosed] (4097)

123} MD_EEG_UniBonn_0023_LP40Hz.dat [eyesClosed] (4097)

{134} MD_EEG_UniBonn_0034_LP40Hz.dat [eyesClosed] (4097)
{145} MD_EEG_UniBonn_0045_LP40Hz.dat [eyesClosed] (4097’
{156} MD_EEG_UniBonn_0056_LP40Hz.dat [eyesClosed] (4097)

{167} MD_EEG_UniBonn_O067_LP40Hz.dat [eyesClosed] (4097)

{178} MD_EEG_UniBonn_0078_LP40Hz.dat [eyesClosed] (4097)

{189} MD_EEG_UniBonn_0089 tP40Hz.dat [eyesClosed] (4097)

{200} MD_EEG_UniBonn_0O100_LP40Hz.dat [eyesClosed] (409
{1} MD_EEG_UniBonn_Z001_LP40Hz.dat [eyesOpen] (4097) \
{12} MD_EEG_UniBonn_Z012_LP40Hz.dat [eyesOpen] (4097)

{34} MD_EEG_UniBon n_2$4_LP4OHz. dat [eyesOpen] (4097)

{45} MD_EEG_UniBonn_Z045_LP40Hz.dat [eyeste n] (4097)

{66} MD_EEG_UniBonn_Z056_LP40Hz.dat [eyesOpen] (4097)

{67} MD_EEG_UniBonn_Z067_LP40Hz.dat [eyesOpen] (4097)

{78} MD_EEG_UniBonn_ZO78_LP§0Hz.dat [eyesOpen] (4097)

{89} MD_EEG_UniBonn_Z089_LP40Hz.dat !eyes pen] (4097)
{100} MD_EEG_UniBonn_Z100_LP40Hz.dat [eyesotsn] (4097)
201} MD_EEG_UniBonn_N001_LP40Hz.dat [hippocampus] (4097)

{234} MD_EEG_UniBann_N034_LP40Hz.dat [hippocampus] (4097)
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{256} MD_EEG_UniBonn_N056_LP40Hz.dat [hippocampus] (4097)
{267} MD_EEG_UniBonn_N067_LP40Hz.dat [hippocampus] (4097)
{278} MD_EEG_UniBonn_N078_LP40Hz.dat [hippocampus] (409

{289} MD_EEG_UniBonn_N089_LP40Hz.dat [hippocampus] (4097)

{300} MD_EEG_UniBonn_N100_LP40Hz.dat [hippocampus] (409

{401} MD_EEG_UniBonn_S001_LP4 t[selzure] (4097) » ; ” "
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{423} MD_ EEG UniBonn _S023_| LP40Hz dat [s ure] 4097)
PR TNV YAV VY mv\nw VNN WYV WY P NN
{434} MD_EEG UnlBonn _S034_LP40Hz.dat [selzure] (4097)
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{445} MD EEG UnlBon 5 LP Hz dat [seizure] (4097)
AN Jr‘\J” NN O TN NN N N N L NP, »\pﬁ.n4 NN vk\1 ««ff\wf\mﬁ
{456} MD EEG UnlBonn 8056 LP40Hz.dat [selzure] (409}2/ l ‘ { l j J
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{478} MD_EE! UmBonn 8078 LP40Hz dat [seizure] (4097
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{489} MD_EEG_UniBonn §089 LP40Hz dat [seizure] (4097)
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{500} MD_EEG_UniBonn_S100 LP40H{ .dat [seizure] (4097)
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Setting

» Modern datasets often contain a large number of time series:
- EEG, MEG, fMRI, calcium imaging, ...
- ECG, accelerometer, self-reports, ...

» Common scientific questions:
» |s there interesting structure in the dataset?

» What time-series properties distinguish different classes of
data (e.g., schizophrenia/control

» How accurately can | classify conditions (‘biomarkers’)?

Interactive visualizations can help to understand complex
time-series datasets.



Today

Feature-based time-series analysis (representing time-series using properties)
IS powerful

» We have developed a range of tools for doing this systematically.

I’ll give an overview of the tools available, focusing on two key analyses:

* Finding structure in a dataset through a

. a dataset (and understanding why).

I’'ll give a quick demo of an interactive low-dimensional projection of a time-

series dataset (we’ll try it together in the interactive session).



Neuroscience

e

Time-series analysis is a very interdisciplinary field

We should learn from each other...

How can we reduce the barriers to meaningful
interdisciplinary exchange?
(rapid knowledge transfer across fields)



Many of our measurements of the world are in the form of time series

Repeated measurements of some system over time: (x1, X2, X3, ...)

: : dynamical systems
medical CO; fluctuations
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Characterizing time series using features

How can | reduce complex time-varying patterns to informative summary statistics?

time-series data
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We consider features, which map a
time series onto a single real number

These numbers are often
interpretable:

- ‘periodic’, ‘unpredictable’,
‘nonlinear’, ‘stationary’,
‘Intermittent’, ‘bursty’, ...

Feature-based time series analysis
INnvolves representing time series as
a set of features.



What feature(s) should | use?

Methods for time-series analysis have been developed across diverse scientific literature for decades

The hctsa feature set contains a sample of >7000 features

Static Distribution

Quantiles Trimmed means

Fits to standard distributions

Outliers Moments

Rank-orderings BTEERY

Standard deviation

Stationarity
StatAv

Sliding window measures

Step detection
Distribution comparisons

Correlation

Linear autocorrelation
Decay properties
Additive noise titration

Nonlinear autocorrelations
Time reversal asymmetry

Generalized self-correlation
Recurrence structure

Autocorrelation robustness
Scaling and fluctuation analysis

Permutation robustness

Local extrema Seasonality tests

Zero crossing rates

Basis Functions

Wavelet transform
Peaks of power spectrum

Spectral measures

Power in frequency bands

Information Theory

Sample Entropy
Lempel-Ziv Complexity
Automutual information

Information Approximate
dynamics Entropy
Tsallis entropies

(Phys) Nonlinear

2D embedding structure

Taken’s estimator [ractal dimension

Correlation dimension

Poincare sections Surrogate data

Nonlinear prediction error
Lyapunov exponent estimate

False nearest neighbors

Model Fitting

Local prediction GARCH models

Fourier fits

, , AR models
Exponential smoothing

State space models
Hidden Markov models

Piecewise splines Biased walker

simulations
ARMA models
Gaussian Processes

Others

Transition matrices
Local motifs

Dynamical system coupling
Visibility graph
Stick angle distribution
Extreme events
Singular spectrum analysis

Domain-specific techniques



The highly comparative approach

Compare the performance of a comprehensive library of scientific time-series methods: pick those that best suit your problem

system — time-series dataset ——» massive feature extraction using hctsa — statistical learning

Use hctsa to compare

Systems producing What analysis should | use
over 7700 time-series features

time-series to find differences between

Extract interpretable

Insights to diagnose

phenotype data phenotypes A and B? /data distribution correlation properties ) disease, deduce gene
. : : median autocorrelation function, etc.
model organism | //\} N\ ckewness automutual information
movement data 7/, , | s power spectral properties
! Wy Vf Yoy I . ! fime-series entropy . . .
|
: M.,me : model fitting linear autoregressive & others | eatures:
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| — > > 7700 features | dimension 1

Fulcher & Jones (2017). hctsa: A Computational Framework for Automated Time-Series Phenotyping Using Massive Feature Extraction. Cell Systems, 5, 527-531.



Our Feature Sets and Tools

hctsa

Compute >7700 time-series features

Low-dimensional projections

Classification, ...

4

https://github.com/benfulcher/hctsa

(8)
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theft R

Feature computation,
analysis, and visualization
for feature-based time-
series analysis

https://github.com/hendersontrent/theft

UNDER
CONSTRUCTION

SOOI

catch22

Compute 22 time-series features

o~ Fast-coded in C

Rcatch22

A.1 Rcatch22 and catch22.jl

4 A @ julia

https://github.com/chlubba/catch22

22 theft web portal

D e

UNDER
CONSTRUCTION

L SN,

Drag-and-drop online access to
theft functionality

https://dynamicsandneuralsystems.shinyapps.io/
timeseriesfeaturevis/

A

m Multivariate Time-Series Features

UNDER
CONSTRUCTION

SOOI

Extension to multivariate datasets:
measures of complex interactions

CompEngine

Drag-and-drop time-series data

Explore connections across diverse

scientific data

2

https://comp-engine.org/

™~

CompEngine Features

UNDER
CONSTRUCTION
RN

Drag-and-drop time-series features

2

https://www.comp-engine-features.org/

Explore connections across
diverse features

Others have done work in this space also:

https://github.com/benfulcher/hctsa/wiki/Related-time-series-resources



Low-Dimensional Feature-Space Projections

How are my time-series data structured?

Represent each time series as a set of features (interpretable structural properties), and look for patterns in
the low-dimensional feature space: time series with similar properties are close in the space.

WYV - 3 hand-picked features (e.g., power in a
YTy few spectral bands)
I Iy - Small feature set (e.g., catch22)
Major Depressive Disorder — re=i=rjf=ejr—rjirm - Large feature set (e.g., hctsa)
L0 Ut 00 i L - | low dimensional
Mw Feature ks ' i e ‘ T i, FHER g ik i 4‘ ; SthCtUI'e7
Wy Y™ extraction

Dimensionality

Reduction lype A

x X
X X
% O

$x x O typeB
X © O
o 0 99

dimension 2

Healthy Control [ Tw—vsrs i dimension 1




Low-dimensional feature-space projections

-SNE dimension 2
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Fulcher et al. A self-organizing, living library of time-series data. Scientific Data 7, 213 (2020).



Swedish Leaves iles in a Tube

Swedish Leaf feature space embedding;
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Fulcher et al. (2013)

Fulcher et al. (2017)
Fulcher et al. (2014)

Kepler Light Curves
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abe Chemogenetic manipulations in mouse

contact

dSct wt-hSyn (A1) ~AMK (7
detached wt-CAMK (1) o | J PVCre (A1)
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gonvar « control (A1) control (A1) qp control (A1) (activity) . time (sampzles) time (samples)
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Fulcher et al. (in prep)
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Markicevic et al. (2020)




Classification

What types of features distinguish classes in my dataset?

(straightforward extension to real-valued labels: regression)

WYY - 3 hand-picked features (e.g., power in a
L) few spectral bands)
PN I - Small feature set (e.g., catch22)

Major Depressive Disorder — reirvjtejr=—vjiirm - Large feature set (e.g., hctsa)
LIt 0 R

i Atabacs e i o Feature
WY ™ extraction

Train classifier

>

Healthy Control I hy—ysssayts




Classifying Parkinsonian Speech Classifying Emotions from Speech Data-Driven Labour Interventions

Low pH (6.83--7.09) Normal pH (7.28--7.32)

happiness {§
sadness
boredom

neutral FEes

spread of windowed maximums (36%)

StatAv (L150) (26%)

Fulcher et al. (2013) Fulcher et al. (2013) Fulcher et al. (2012)

Structure-function coupling in mouse
Chemogenetic manipulations for mouse fMRI Szt etork ropartes f L Sxtactpropates o

each node in the structural rs-fMRI time-series at

connectome each brain r eg/on I an d h u m an

A Training (Supervised Learning) Prediction (Fragile-X model)
/P\/Cre-hSyn-hM4Di right SSp Machine e e Cortical rs-fMRI signals "\

Control T ; Learning , ‘ @W
: AR i l — k Fmr1Y” (Knockout)
. Y,

RUIE O A T 6930 time-series faturs
Fmr1 (Controls) | = b

[N
o

Desikan-Killiany y ' ' Superior Parietal
Pars Triangularis
Medial orbitofrontal

=)

Feature-Vector

Power spectral density (Hz")

Relative low-frequency power (residual)

' 2 © m (s L= ~ pv =053 °
. . 2, | ; ‘ - 0 10 .
[[I |[I[|]l] Balanced CIaSS|ﬁcat|0n % 2, /nveStigate 1 Node strength (residual) Frequency (Hz)
Accuracy (% 3 relationships B i '
y ( ) Cortical Subplate |§ between
\ Striatum I-_=;= topology
and
dynamics

184 brain regions

184 brain regions

Markicevic et al. (2020).

Medulla |._—_——__

Cerebellar Cortex = Bl gl —_— A - Pl
Cerebellar Nuclej ——— 08 & S_ g T

Seth1 et al. (2017) Fallon et al. (2020)

https://github.com/benfulcher/hctsa/wiki/Publications-using-hctsa



Distinguishing types of energy use in buildings e, Distinguish multiple sclerosis MEPs

'&Q
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Fan | 38 | 1 s oo 200 1o ] o]0 200 _ e pnoms!
Fridge | 5 0 6 7 7 8 0 0 0 6
Hairdryer 0 0 0 0 1 0 5 0 0 0 150
Heater | o | o0 | 0 | 0 | 28 0|l o] o ]| o] o
: ILB | 11| 0 [26] 0 | 4|0 0 [ o] o] o0
Assess stress-induced changes
. . . Laptop 0O (10| 0| 0] 0| 0 0 : 0 | 0o [ o0
In astrocyte calcium dynamics |
Microwave 1 0 2 5 2 0 1 4 'l 5 0 f : "
50 Approximate entropy
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QJ . .
2 Washing Machine IS o IERIER ;| » IERE © |'; 0 Yperman et al. Dec1pher1ng the Morphology of Motor
Z Evoked Potentials. Front. Neuroinform. 14:28 (2020).

Fig. 7. Confusion matrix of the proposed model.

True class

Stress

28% 72%

Assess the stress controllability of Hand-gesture recognition

Nneurons & % « il | % Q
© d) © n : ©

. b
h . (b)

Naive Stress
Predicted class

(0.28, 0.72)

unC

Positive class: 0
AUC =0.80

True class
Accuracy (%)

AV

True positive rate

=== ROC curve

[ Area under curve (AUC)
o Current classifier

0 0.2 04 0608 1
False positive rate
Murphy-Royal et al. Stress gates an astrocytic
energy reservoir to impair synaptic plasticity.
Nat Commun 11, 2014 (2020).

-
-

o
o
o

(0.19, 0.82) (0.18, 0.81)

LDA-IMUonly

SVM-IMUonly
s | D A-AllSensors
s SVM-AllSensors

o
o
o

AUC = 0.91

AUC = 0.91

>

o o
o

True positive rate
True positive rate
o O O O

o

10 15 20

0 02040608 1 0 02040608 1
False postive rate False postive rate Number of features

Daviu et al. CRH neurons encode stress controllability Siddiqui et al. Multimodal hand gesture recognition

and regulate defensive behavior selection. Nat Neurosci using single IMU and acoustic measurements at wrist.
23, 398—-410 (2020). PLoS ONE, 15, 0227039 (2020).




Finding Connections

Are other scientists studying similar data to me?

L Drag your data } We'll compute
O time series
\O properties
-
¥ ()
--------------- J [COMP| |----QEEO-.....
CO_O O O ¢ ENGINE| 570D
] ]
Q--0O-0O----- Qe
N

L Keep exploring! }

www.comp-engine.org

\_

wWe'll find
matches to
similar data

~

_______

* CompEngine Time Series is a self-organizing database of
interdisciplinary time-series data

* Connects diverse scientists through the structure of their data

* Bulk download functionality, and API for custom time-series
data download: facilitates comprehensive empirical
phenotyping of time-series analysis algorithms

Fulcher et al. A Self-Organizing, Living Library of Time-Series Data. Scientific Data 7: 213 (2020)



Step 1: Drag on your data Step 2: Interactively Explore Similar Scientific Data

CompEngine. Home About v Contribute Explore Q Del I IO

& MUS_Gobbledigook_444s_F0.05_b8 HELP v Colour key
o Autoregressive with noise
Drag and drop a file to get started W W. o
(.csv, xlsx, xls, .txt, .dat, wav or mp3 up to 500mb) W. W. Finance
: : . Unassigned
Maximum time-series length: 10,000 samples
Birdsong

Powerlaw noise

Moving average process

Chua's circuit

o
(1 0 Mmb MO %.M W‘ Henon-Heiles System

L Drag your data } We'll compute ]

time series @
- © { properties m \Mﬁ. w'. V Display neighbours
| W‘ ®

W. Current Value: 20

. e
_____________ %T comp | |- ‘m@‘ _______ ) m. ww. M‘ O Graph view List view

CO_ 0O O 0O ( ENGINE| '5-56> | ‘W‘ Iy
=
- M‘ 'M. \ Share

OYOEE v

%
A
R

— e X - +
we'll find
. matches to Neighbour node Target node
L Keep exploring! similar data
Name MUS_Gobbledigook_444s_F0.05_b8 Category Music Tags sound, music, downed
Description Source Ben music downsampled Sampling rate N/A

Step 3: Contribute your data

Unit N/A Contributor N/A

-0.003
Highcharts.com

Interesting Information @



If you don’t have data on-hand, you can still explore

Browse the full time-series library Interactively Explore Scientific Time Series
Browse by source Browse by category Browse by tag -0.01
-0.02

Highcharts.com

AS_s4.8_f2_b8_lg580_42327

QBIRDSONG)
(SOUND) GNIMALSOUNDS)

Visualize their inter-connections

| 7!"1’” U
> Display neighbours graph view

ol -
Current Value: 20 HMMMMJWMMMM ‘
Graph view O List view

i
MMAWWM ’f\P.‘{‘:’J!W;ﬂ].

MMMMMM Browsing by all time series within the *Birdsong" category

HhakR
o w A
WUMHH*Q it indith
lM yJ“f“;'\ . CsvV (Z|pped) v Q)OWNLOAD ALL ON PAGE)

list view

Wil And keep exploring...!

FIND NEIGHBOURS DOWNLOAD

Download any/all data you find:
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epileptogenic .

{312} MD_EEG_UniBonn_F012_LP40Hz.dat [epileptogenic] (4097) eyesClosed
{323) MD_EEG_UniBonn_ F023 LP40Hz.dat [epjleptogenic] (4097) eyesOpen
hippocampus

(334} MD_EEG_UniBon:J F03$ LP40Hz.dat [epileptogenic (4;{97) seizure
{345} MD_EEG_UniBonn_F045_LP4QHz.dat [epileptogenic] (4097)
56} MD_EEG_&niBo n_F056_LP40Hz.dat [epileptogenic] (4097) v
3
{378} MD_EEG_UniBonn_F078_LP4QHz.dat [epileptogenic] (4097)
{389} MD_EEG_UniBonn Foag_pron.dat [epuileptogenic] (4097) 1

{101} MD_EEG_UniBonn_O001_LP40Hz.dat [eyesClosed] (4097)

MD_EEG_UniBonn_F067_LP40Hz.dat [epileptogenic] (4097)

(112} MD_EEG_UniBonn_oo1“2_LP40ﬁrat [ehy&sCIosed] (4097, il v

123} MD_EEG_UniBonn_0023_LP40Hz.dat [eyesClosed] (4097)

{134} MD_EEG_UniBonn_0034_LP40Hz.dat [eyesClosed] (4097)
{145} MD_EEG_UniBonn_0045_LP40Hz.dat [eyesClosed] (4097
{156} %_Ege“ _UniBonn_'OOSS_ngtOHzi.da’t [eyesClosed] (4097) t ‘ i w
{167} MD_EEG_UniBonn_0067_LP40Hz dat [eyesClosI ed] (!097) H l “ l'

{178} MD_EEG_UniBonn_0078_LP40Hz.dat [eyesClosed] (4097)

{189} MD_EEG_UniBonn_O089_| P40Hz.dat [eyesClosed] (4097)
{200} MD_EEG_UniBonn_O100_LP40Hz.dat [eyesClosed] (409

{1} MD_EEG_UniBonn_Z001_LP40Hz.dat [eyesOpen] (4097)

{12} MD_EEG_UniBonn_Z01 2_LP40Ez.dat [eyesOpen] (4097)
{23} ME_EEG UniEonn_ZOZS_LPztOHﬁdat [eyesOpen] ‘*097) "
{34} MD_EEG_UniBonn_Z034_LP40Hz.dat [eyesOpen] (4097)
{45} MD_EEG_UniBonn_Z045_LP40Hz.dat eyesgpen] (4097)
{56} MD_EEG_UniBonn_Z056_LP40Hz.dat [eyesOpen] (4097)

{67} MD_EEG_UniBonn_Z067_LP40Hz.dat [eyesOpen] (4097)

{78} MD_EEG_UniBonn_ZO78_LP)OHz.dat [eyesOpen] (4

{89} MD_EEG_UniBonn_Z089_LP40Hz.dat eyes!tpen (4097)

{100} MD_EEG_UniBonn_Z1 gO_LP4OHz.dat [eyesOpen) (4097) '

201} MD_EEG jniBo n_Noo1_LP40Hz.¥t [hippocampus] (4097) N I '
WW

{267} MD_EEG_UniBopn_N067_LP40Hz.dat [hippocampus] (4097)

{289} MD_EEG_UniBgnn_N089_LP40Hz.dat [hippocampus] (4097)

{300} MD_EEG_UniBonn_N100_LP40Hz,dat [hippocampus] (409
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1 Prepare Dataset: INP Bonn EEG.mat

Labels 500x1 cell strings uniquely identify each time series

timeSeriespData 500 x 1 cell vectors of time-series data

keywords 500x 1 cell class labels

Initialize (default hctsa feature set): TS_Init(‘INP_Bonn_EEG.mat’)

Initialize (catch22 feature set): TS_Init(‘INP_Bonn_EEG.mat’,'INP_mops_catch22.txt','INP_ops_catch22.txt',true, 'HCTSA_catch22.mat')

Generates: HCTSA.mat TS DataMat 500 (time series) x 22 (features) matrix [empty]
TimeSeries 500-row table with information about time series

Operations 22-row table with information about operations/features

3

Compute all features (without parallelization): TS_Compute(false);
(very fast for catch22)

Normalize features to a similar scale (and filter poor performers). TS_Normalize();

° Visualize! Analyze! E.g., Play with a low-dimensional representation!: TS_LowDimInspect();

(Many other visualizations: see https://qgithub.com/benfulcher/hctsaTutorial BonnEEG)



https://github.com/benfulcher/hctsaTutorial_BonnEEG

. Low-dimensional feature-based projection (500 time series; 7034 features)
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Going Further

Comprehensive documentation on GitBook + wiki

2N Highly comparative time-
4 series analysis using h...

Introduction

List of included code files
Example analysis code

Installing and setting up
Running hctsa computations
Analyzing and visualizing results

Working with a mySQL database

Introduction

This manual outlines the steps required to set up and implement highly comparative time-

series analysis using the hctsa package, as described in our papers:

1. B.D. Fulcher and N.S. Jones. hActsa: A computational framework for automated time-
series phenotyping using massive feature extraction. Cell Systems 5, 527 (2017).

2. B.D. Fulcher, M.A. Little, N.S. Jones. Highly comparative time-series analysis: the
empirical structure of time series and their methods. J. Roy. Soc. Interface 10,
20130048 (2013).

An updated list of papers related to hctsa, or using hctsa is maintained on the hctsa wiki

here.

An overview tutorial on applying hctsato a 5-class EEG dataset is here.

List of included code files

ﬂ D & @&

https://hctsa-users.gitbook.io/hctsa-manual/

https://github.com/benfulcher/hctsa/wiki

Work through the full suite of hctsa functionality
for this dataset:

»

https://github.com/benfulcher/hctsaTutorial_BonnEEGQG)

Work through other hctsa analyses for fly and
worm phenotyping (open code and pre-computed
data):

O https://github.com/benfulcher/hctsa_phenotypingFly

0 https://github.com/benfulcher/hctsa_phenotypingWorm




FYI . Using reduced feature sets (like catch22), there is similar functionality in theft or through a drag-and-drop
" online interface

FEATURE CALCULATION QUALITY ADDITIONAL VISUALISATIONS CLASSIFICATION PERFORMANCE ABOUT

| ow Dimension Visualisation theft Q

[6)

Low Di ion Plot ’ :
Page Information Ll ¢ il wu Feature COmpUtathn,

This page visualises the time series features in a low-dimensional representation. th é ft an alys i S, an d V i S u al izat i O n
Plotting Controls ' for feature'based t|me'

Select a rescaling function to apply prior to performing dimension reduction . .
. series analysis

UNDER
CONSTRUCTION
SOOI

RobustSigmoid v 0.5-

https://github.com/hendersontrent/theft

Select a low dimension method to use
® PCA O t-SNE

PC 2 (13%)
©
e
o
O

If using t-SNE, select a perplexity hyperparameter value

2 m 100 ] °

©

18]
!

O

theft web portal

UNDER
CONSTRUCTION
SRSINRNINNN

Select a unique time-series ID to explore further -1.0-

MD_EEG_UniBonn_F001_LP40Hz.dat v

B 1 ; i e Drag-and-drop online access to
®No O Yes PC 1 (46%) theft functionality

Do you want to highlight this specific ID on the low dimension plot?

epileptogenic eyesClosed eyesOpen @ hippocampus seizure
Download Controls

The button below downloads the calculated features as a tidy formatted .csv file.

& Download Calculated Feature File

Raw Time Series

https://dynamicsandneuralsystems.shinyapps.io/
timeseriesfeaturevis/
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