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Time-series analysis

It's an art

How"? Non-systematic

measure data analyse data

“Do what | did during my PhD”

“Use standard analysis methods
from my field”

“Apply a hot new method
| read about this week’

* |s your proposed method best, or can another (perhaps simpler) method outperform it?

* Are ‘new’ methods really new, or do they reproduce the performance of existing
methods (e.g., from another field, or developed in the past)? Is any progress being
made?

* Comparison required, but not done in practice (an average of 0.91 other methods, and
1.85 different datasets™).

*Keogh, E. and Kasetty, S., Data Min. Knowl. Disc. 7, 349 (2003)



Time-series modeling

Case |:“the dream’

“I knew it! My years of mathematical
training are so useful!”

e Domain knowledge

e Some key interactions

* Periodicities

* Noise model

* Analyze and understand
mechanistic / statistical
underpinnings of time series

“Shit.”

e Minimal/no domain knowledge
e Complex interactions
e Just data
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With little hope of making progress with any
mechanistic approach to time-series modeling,
how can we learn about structure in our data?
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Competing interdisciplinary approaches

vast and growing volumes of data and methods
leads to variety of inconsistent opinions
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Collect many scientific time series

Collect many scientific time-series analysis methods

Use performance of methods on data to
organize our methods

Use properties of data as measure by the methods to
organize our data



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

medical CO; fluctuations
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dynamical systems |
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. rainfall
autoregressive processes
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medical: normal sinus rhythm finance: oil prices
audio: brushing teeth

text: sentence lengths

| satellite position

climatology: sea level pressure noise

atmospheric CO; fluctuations

zooplankton growth



> /700 time-series features

Static distribution

Quantiles Trimmed means

Fits to standard distributions

Outliers Moments

Entropy

Rank-orderings
Standard deviation

Stationarity

STAV Sliding window measures

Bootstraps Step detection

Distribution comparisons

Basis Functions

Wavelet transform

Peaks of power spectrum
Spectral measures

Power in frequency bands

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 extrem :
ocal extrema Seasonality tests

Zero crossing rates

Model fits

Local prediction
GARCH models

Fourier fits

. . AR models
Exponential smoothing

State space models

Hidden Markov models Biasedhwallker

Piecewise splines simulations

ARMA models Gaussian Processes

(Phys) Nonlinear

2D embedding structure TSTOOL
TISEAN Fractal dimension

. . . ’ q
Correlation dimension Taken’s estimator

Poincaré sections Surrogate data
Nonlinear prediction error

Lyapunov exponent estimate
False nearest neighbors

Information Theory

Sample Entropy
Automutual information

Entropy rate Approximate

Tsallis entropies Entropy

Others

Transition matrices Local motifs

Dynamical system coupling

Visibility graph
Y 8P Stick angle distribution

Extreme events
Singular spectrum analysis

Domain-specific techniques
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Empirical fingerprints

A flexible, powerful, and data-driven means of comparing time
series, and analysis methods.

= time series of type ‘green’

= operation of type ‘blue’

captures properties measured captures behaviour across a range
by diverse scientific methods of empirical time series




Organizing our methods

Which time-series analysis methods
are similar to the methods | use?

a pair of similar methods
L g from a distant literature

an unexpected
method with similar
behaviour

my favourite
analysis method

Connects scientific methods using
their empirical behaviour
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Shannon
Entropy

ApEn(2,0.2)
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Automatically find
interdisciplinary
connections
between our methods
for time-series
analysis



Organizing our data

What types of real-world and
model-generated time series are
similar to my data?

' my favourite
' time series

matching model-generated data




(a) Duffing Two-Well Oscillator (b) Burger’s Map (C) M5 Stochastic DEs
VANAAA M Mt A
W\/\/\/\/\/\AAAAN\MAAAN\AMWMWN MW
e VYAV, e
T s N
o —
PN
s \ AV ST
il N
(d) Eectroocuiogram (19 (e) Speech (19) (f) Airway CO,
Lo ntan sl | B o SRR Vv
““' H“"m'“" tHorp ot U\M’L_f
"““}""’WW'*M“*WW O - \
A W %
i i N W e
e Netsewal I T e 111
PP
b pa b O et T vy
(g) space:Powerindex (15) (h) congestive Heart Failure Ecas (25) (1) MUS‘: e
A M A bt e ————
WA A ALY | | et
o || T | ———
b s
W yenepry | |
AN bt
Ao P P I, || -

Clusters of time
series
group systems
with common
dynamical
properties



Fishing for data

suggest models, or similar real-world processes to our data
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sine wave
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closer
together



Highly comparative time-series analysis for classification

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

Systems producing What analysis should | use Use hctsa to compare " Extract interpretable
time-series to find differences between over 7700 time-series features insights to diagnose
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) . . : autocorrelation i ]
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A very general problem: what method should | use’



e—series analysis 101:
)ys look at your data




N
time-series analysis

we trust



Seismic data
Simulated chaos

Fetal heart rate

Heart rate intervals

Parkinsonian

speech

—plleptic

(38

—motional speech

BD Fulcher, NS Jones. IEEE KDE (2014),DOI: 10.1109/TKDE.2014.2316504

BD Fulcher, MA Little,and NS Jones. J. R. Soc. Interface, 10:83 (2013), DOI: 0. IO98/rs:f20I3 0048

Second Principal Component
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BD Fulcher, AE Georgieva, C Redman, NS Jones, Annual International Conference of the IEEE, EMBC, 3135 (2012), DOI: 10.1 109/EMBC.2012.6346629
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[15] (ind=461) CO_CompareMinAMI_std2_2_80_mean (-0.97) [correlation,AMI]
[16] (ind=2571) EN_mse_1-10_2_015_sampen_s3 (0.97) [entropy,sampen,mse]

| | |
[17] (ind=3087) ST_LocalExtrema_I50_stdext (0.97) [distribution,stationarity]
[18] (ind=837) EN_rpde_3_1_meanNonZero (-0.97) [entropy] 110 Y - . - Y Y
[19] (ind=836) EN_rpde_3_1_propNonZero (0.97) [entropy]
[20] (ind=2572) EN_mse_1-10_2_015_sampen_s4 (0.97) [entropy,sampen,mse] | | |
[21] (ind=2009) SY_SpreadRandomLocal_100_100_meanstd (0.97) [stationarity]

[22] (ind=6538) PP_ModelFit_ar_2_rmserrrat_p2_20 (-0.97) [preprocessing,trend] | Q o
[23] (ind=6535) PP ModeIFlt_ar_Z_rmserrrat pl_40 (-0.97) [preprocessing,trend] 100
[24] (ind=3089) ST_LocalExtrema_I50_meanabsext (0.97) [distribution,stationarity] o e}
[25] (ind=122) AC_37 (-0.97) [correlation] 08
[26] (ind=299) IN_AutoMutuallnfoStats_40_gaussian_ami40 (-0.97) [information,correlation,AMI] 0
[27] (ind=296) IN_AutoMutuallnfoStats_40_gaussian_ami37 (-0.97) [information,correlation,AMI] 20
[28] (ind=123) AC_38 (-0.97) [correlation] 0o
[29] (ind=297) IN_AutoMutuallnfoStats_40_gaussian_ami38 (-0.97) [information,correlation,AMI]
[30] (ind=121) AC_36 (-0.97) [correlation] o0 <
[317] (ind=124) AC_39 (-0.97) [correlation] 80 - o -
[32] (ind=295) IN_AutoMutuallnfoStats_40_gaussian_ami3é (-0.97) [information,correlation,AMI] Q <
[33] (ind=7186) CP_ML_StepDetect_|lpwc_10_E (0.97) [stepdetection]
[34] (ind=125) AC_40 (-0.97) [correlation] o g
[35] (ind=298) IN_AutoMutuallnfoStats_40_gaussian_ami39 (-0.97) [information,correlation,AMI] - ) fe) o
[36] (ind=294) IN_AutoMutuallnfoStats_40_gaussian_ami35 (-0.97) [information,correlation,AMI] 70 - o 1
[37] (ind=120) AC_35 (-0.97) [correlation]
[38] (ind=5111) TSTL_localdensity_5_40_I_3_medianden (0.97) [nonlineartstool] o0 o o
[39] (ind=119) AC_34 (:0.97) [correlation] o o~ 0
[40] (ind=2504) PH_Walker_runningvar_15_50_w_std (0.97) [trend] 60 - 00 o .
[41] (ind=219) CO_HistogramAMI_std2_2_5 (-0.97) [information,correlation,AMI] o ©_ O g
[42] (ind=293) IN_AutoMutuallnfoStats_40_gaussian_ami34 (-0.97) [information,correlation,AMI] o ¢ o
[43] (ind=292) IN_AutoMutuallnfoStats_40_gaussian_ami33 (-0.97) [information,correlation,AMI]
[44] (ind=2582) EN_mse_1-10_2_015_meanSampEn (0.97) [entropy,sampen,mse] £ - C
[45] (ind=118) AC_33 (-0.97) [correlation] o 8 0 o ©
[46] (ind=291) IN_AutoMutuallnfoStats_40_gaussian_ami32 (-0.97) [information,correlation,AMI] ov o
[47] (ind=5107) TSTL_localdensity_5_40_1_3_iqrden (0.97) [nonlineartstool] < 8 Yo o

o0
[ala}

o
[48] (ind=117) AC_32 (-0.97) [correlation] 8 8
[49] (ind=1993) SY_SpreadRandomLocal_50_100_meanstd (0.97) [stationarity] "OQ ’
[50] (ind=116) AC_31 (-0.96) [correlation] ]
[517 (ind=2570) EN_mse_1-10_2_015_sampen_s2 (0.96) [entropy,sampen,mse] o)
[52] (ind=290) IN_AutoMutuallnfoStats_40_gaussian_ami3| (-0.96) [information,correlation,AMI]
[53] (ind=114) AC_29 (-0.96) [correlation] 30 i B - 4 4 i .
[54] (ind=289) IN_AutoMutuallnfoStats_40_gaussian_ami30 (-0.96) [information,correlation,AMI] 002 0015 0.01 0.005 0 0.005 oM 0015 0.02
[55] (ind=286) IN_AutoMutuallnfoStats_40_gaussian_ami27 (-0.96) [information,correlation,AMI]
[56] (ind=288) IN_AutoMutuallnfoStats_40_gaussian_ami29 (-0.96) [information,correlation,AMI]

[57] (ind=6539) PP_ModelFit_ar_2_rmserrrat_p2_40 (-0.96) [preprocessing,trend] Bt aobdts £ ) ) I ‘ rn. ‘
[58] (ind=115) AC_30 (-0.96) [correlation] Sovantion vt ol | . ’ h | o I ‘
[59] (ind=112) AC_27 (-0.96) [correlation] b ot o 0 ¢ . I i ! l ﬁ il
[60] (ind=285) IN_AutoMutuallnfoStats_40_gaussian_ami26 (-0.96) [information,correlation,AMI] fonsinsstiong met ~eREE | ‘ "" ' " a n
[61] (ind=113) AC_28 (-0.96) [correlation] WaoVpietiond met sw e " , ‘ o
[62] (ind=287) IN_AutoMutuallnfoStats_40_gaussian_ami28 (-0.96) [information,correlation,AMI] :".::‘_‘:‘ bt f‘_,‘g':':_’x“', r " ‘ . ] [‘
[63] (ind=111) AC_26 (-0.96) [correlation] e 7 ‘ il "HI Nl bl | l .h N 1 (g4
[64] (ind=6259) WL_coeffs_db3_5_med_coeff (0.96) [wavelet] Do ey st o ¢ * | ‘ )
(661 (ind [gg% ;I)ndN?%ros IT)LE)I(__MoviEgThreih?)lld_golI_Os(.)Zl_nleanqorver §0(.36:9)6§o[utlie;*s] 1 E’E;;: E ::2 :i ! | | : -
ind= - ._LargestLyap_nl_0Il_001_3_I_4_ expfit_r . nonlinear,tstoo| Sarvevatien mat e 008 £
[67] (ind=284) IN_AutoMutuallnfoStats_40_gaussian_ami25 (-0.96) [information,correlation,AMI] ) A |
[68] (ind=110) AC_25 (-0.96) [correlation] e a4 | -
[69] (ind=7189) CP_ML_StepDetect_|lpwc_10_rmsoff (-0.96) [stepdetection] E:x:.t 208 |
[70] (ind=109) AC_24 (-0.96) [correlation] [ Tt 3 508 |
[71] (ind=2757) EN_Randomize_permute_sampen2_015diff (0.96) [entropy,slow] Berarstion? . 0 31 |
[72] (ind=218) CO_HistogramAMI_std2_2_4 (-0.96) [information,correlation,AMI] :3:'.:.'."5 — e | :'
[73] (ind=108) AC_23 (-0.96) [correlation] Boneamscamny et el £ | -
[74] (ind=283) IN_AutoMutuallnfoStats_40_gaussian_ami24 (-0.96) [information,correlation,AMI] e R T
75] (ind=6257) WL_coeffs_db3_5_mean_coeff (0.96) [wavelet P Vam o vt i €53 -
BanaVanies vat wal 5 )
[76] (ind=2573) EN_mse_1-10_2_015_sampen_s5 (0.96) [entropy,sampen,mse] BansVanmion? ’,'.':.',‘.&Ej'.
[77] (ind=834) EN_rpde_3_1_H (0.96) [entropy] yRapies vat vl 43 |
[78] (ind=835) EN_rpde_3_1_H_norm (0.96) [entropy] SencVambies mat wud 47
79] (ind=282) IN_AutoMutuallnfoStats_40_gaussian_ami23 (-0.96) [information,correlation,AMI SiVontm vt g g3 1
Ty e P § P
[80] (ind=6318) WL_dwtcoeff_sym2_5_stdd_I5 (0.96) [wavelet,dwt] ot g T
81] (ind=3223) EX_MovingThreshold_I|_002_meanqover (0.96) [outliers BarviVerubion mat w0 5°1 |
Deravracres ma mud 3
[82] (ind=2517) PH_Walker_runningvar_15_50_sw_ansarib_pval (0.96) [trend] TR e
[83] (ind=107) AC_22 (-0.96) [correlation] R A §
[84] (ind=281) IN_AutoMutuallnfoStats_40_gaussian_ami22 (-0.96) [information,correlation,AMI] s et v { B
[85] (ind=5299) NL_TSTL_LargestLyap_nl_01_001_3_I|_4_vse_minbad (0.96) [nonlineartstool] i 841 b
[86] (ind=280) IN_AutoMutuallnfoStats_40_gaussian_ami2| (-0.96) [information,correlation,AMI] Surevariien mat 0653 |- -
[87] (ind=106) AC_21 (-0.96) [correlation] SonivinDem wat n3 507 -
[88] (ind=4144) SP_Summaries_welch_rect_wmax_75 (0.96) [spectral] v et <+ {
[89] (ind=2040) SY_DriftingMean20_max (-0.96) [stationarity] v e e e §" F
[90] (ind=831) SY_LocalGlobal_ACI_unicg500 (0.96) [stationarity] ovyanation? mat e §1 1 ¢
[91] (ind=4678) NL_TSTL_acp_mi_I__10_acl_acpf_2 (-0.96) [nonlinear,correlation] Sonovantiens et :Zii
[92] (ind=4489) SY_TISEAN_nstat_z_4_|_3_min (0.96) [nonlineartisean,model,stationarity] vemitn 3d .
93] (ind=4305) SP_Summaries_fft_logdev_linfitsemilog_all_al (0.96) [spectral v et §
S S
[94] (ind=105) AC_20 (-0.96) [correlation] a.::t:::.”: .Z‘ﬁ;".
[95] (ind=278) IN_AutoMutuallnfoStats_40_gaussian_amil9 (-0.96) [information,correlation,AMI] :ﬁif:i}-z‘:}:
[96] (ind=279) IN_AutoMutuallnfoStats_40_gaussian_ami20 (-0.96) [information,correlation,AMI] | oy e § #
[97] (ind=5308) NL_TSTL_LargestLyap_nl_01_001_3_1_4_expfit_rmse (-0.96) [nonlineartstool] S ot e - — e —

T9R1 (ind=104\ AC 19 (.0 94\ Tcarrelatinnl n «0 «w ~0



Time series matching

Cluster and classify short time-series ‘patterns’

A Distances between = Distances between sets
temporal objects of extracted features

i. Time series X W X9 \/\/

— 1000s features — — 1000s features —

reatwrovector 11 LI > I
v v

e.g., 10 selected features e.g., 10 selected features

iii. Reduced - -
> | |featurevector F T NI . NI

B. D. Fulcher & N.S. Jones, Highly comparative feature-based time-series classification. [EEE Trans. Knowl. Data Eng. 26, 3026—-3037 (2014)
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Trace dataset
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Feature 1: Measure of trend direction (14.7%, 15.7%)

Number of features selected



1-NN DTW

test

Test set linear misclassification rate (%)

"Q_ training
O~

2 4 6 8 10 12 14
Number of features selected

automatic

massive dimensionality
reduction

fast classification of new examples

diverse, interpretable features

B. D. Fulcher & N.S. Jones, Highly comparative feature-based time-series classification. [EEE Trans. Knowl. Data Eng. 26, 3026—-3037 (2014)
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local autocorrelation standard deviation

Useful properties come in three main types,
with different spatial maps
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hctsa allows you to leverage a large
interdisciplinary literature on time-series
analysis automatically
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onclusions

e An automated approach to time-series analysis
that compares thousands of interdisciplinary
methods

e Can be viewed as a starting point to guide more
focused time-series analysis

e Results provide insights into underlying
dynamical mechanisms
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