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ABSTRACT we focus on mining association rules between muscular ac-

tivities recorded by the surface electromyographic (EMG)

Time series pattern mining (TSPM) finds correlations or degansors placed on different parts of human body. These types

pendencies in same series or in multiple time series. Whegx 4550ciation rules related to muscular patterns fronemiff
the numerous |r_15tances of mult!ple tlm_e series data are agp; parts of body can be effectively used in designing/inain
sociated with different quantitative attributes, theynfoa prosthetic devices, and monitoring the longitudinal inyero

multiple multi-dimensional framework. —In this paper, wWe et for the patients in rehabilitative environment by giyi
consider real-life time series data of muscular activioés oo\ time bio-feedback information.

human participants obtained from multiple Electromyogram

(EMG) sensors and discover patterns in these EMG dakuess, Onse = 13 01<S,, onset = 10> — <5, 0nset = -9>(SUpport=3 22%.cont=100%)

streams. ‘ E ‘ ' "'Eﬁ)ggggg)rL'?(gff‘lis

Each EMG data stream is associated with quantitative a 25  startof ! ; ‘-:_Eﬂgngg;egmgiﬁdia'isf

tributes such as energy of the signal and onset time which a Aoty ot }_gpeenenis

required to be mined along with EMG time series patterns . °

We propose a two-stage approach for this purpose: in the fir.

stage, our emphasis is on discovering frequent patterns

multiple time series by doing sequential mining across time

slices. And in the next stage, we focus on the quantitativ:

attributes of only those time series that are present in th

patterns discovered in the first stage.

Our evaluation with large sets of time series data from mul

tiple EMG sensors demonstrate that our two-stage approat Y Sgé‘gn s @20 séer)rﬁ)pleslsecon%ié)o 200

;gﬁgi;g;gﬁg;&?ﬁi;ﬁ:{gﬁ'ggr?fsoc'atlon rules in such mllﬂg. 1. An example of pattern discovery within multiple time
pared to other methods anseries for “Raise-Arm” activity

scales up linearly in terms of number of time series involved '

Our approach is generic and applicable to any multiple time

series dataset format.
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As EMG is a non-stationary signal, we represent it as a

linear envelope [1], which is computed by passing low-pass

Index Terms— Association rules, multidimensional data, filter through a full-wave rectification of the original EMG

electromyogram, prosthetics. signal. Further, each EMG time series has important associa
tive quantitative features such as onset timings and esergi
that are useful to analyze the behavior of muscles. A real-
example of a rule from EMG database is shown in Figure 1
and is represented as follows:

1. INTRODUCTION

Analyzing multiple time series and multidimensional d atsdxs
has several real-world applications such as medical, feanc (Pattern(Spiezor), Onset = 13ms)

atnd (tangllneerént_t:]. The ||”na|? t|_nter(;_st lies |trlud|scoc\j/er|qg the  A(Pattern(Sgatensor), Onset = 10ms) =
structural and temporal relationships or tdependencies P -

. o . . tt S i O t=-9 1
hidden inside these data streams. Dependencies give the (Pattern(SGastrocnemius), Onse ms) (1)
information on the frequent co-occurrences of events inmulWe can read this rule as follow&Vhile raising arms, if the
tiple streams of time series data. These dependencies dtexor carpi radialis muscle with patterz;...,- has an on-
expressed in the form ddssociation rules In this paper, setof approximately3ms and extensor carpi radialis muscle



with patternSg..iensor has an onset of approximatelyms  3.1. Multiple time series information
after start of activity, then onset of gastrocnemius leg-mu

cle With PatternSeuasroememine had been activatetims be- Mining multiple time series pattern is difficult, but if theye

fore the start of activityThis rule reveals the fact that, when m_odula_ted mtq strings of representa_tlve symbols using tim
slices, interesting patterns can be discovered and mareove

erson gets ready to raise his/her arms, just few milliseson ~ . . . . ) . :
P 9 y ] mining will be easier. In multi-block ofmultiple time series

before, his/her legs are prepared with muscular contrmactio. X : ;
9 brep nformationof Figure 2, we have shown a string of symbols

to maintain balance while raising arms. To find such kind : . . .
of hybrid rules, previous approaches [2, 3] that computed thfor each yme series of EN_IG sensors famotions. The orig-

data-cubes by aggregating each and every combination of tﬁ%al’ e__qw-_length tw_ne series da_l_ta qf 4 EMG sensors [plceps
multiple dimensions may be too time consuming and ineI’“fi-br_aChII (biceps), triceps brachu (t_nc_eps), flexor Car_pdlr-
cient in terms of storage. alis (flexor), and extensor carpi radialis (extensor)] ptesd

Approach : We propose a two-stage approach to mine higl{(ﬂtof tlmefs?llces :;ntlj hence each time series is represented i
confidence patterns/rules in multiple, multi-attributadi se- € form of 5 Symbols.

ries data. In the first stage, our emphasis is on discoverin~ Multiple Time Series Information ~Multi-attribute Information

frequent patterns in multiple time series by doing seqaénti - A ~ - A ~

mining across time slices using an apriori technique. And ir \ l

the next st_age, we perform mu[ti-dimepsional pattgrn ngnin s JﬁJﬁﬁgﬂj gﬁﬁlﬁi

on the attributes of only those time series that are invoined "meIEd SRR TRA o paribue 2

. . ) Time Slice 2 MM /

the discovered, frequent time series patterns. Timesiice1 \\m&_rg/ﬂg; 0 auibute1
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The traditional association rule mining algorithms to mgco L f:?/“\ o /

nize frequent events in form of item-sets were built on quan LR

titative databases such as market basket. [4] were amoi" " aw 7w W
the first to address the problem of sequential pattern minin T I s e e
across similar data from transaction database, based on t Moticon4

Apriori property [5, 6].

The work on association rules was extended from sequenti
patterns to time series in [7], where authors proposed a rul

discovery that finds the temporal relationships from time se saneet 1 sorr 2500 s S 4 IR TR N

ries using subsequence clustering. In [2, 3], authors exglo [Bisspe]icepal (vor [Stensor

data cube-based rule mining algorithms on sequential diulti ) ) ) ) ) o
mensional databases, where each tuple/transaction taxhsis™i9- 2. A discretized version of multiple time series infor-

of one sequence with multi-dimensional features. In tha aremation with its associated multi-attribute mformatlom_fbe

of multi-dimensional data sets, in [8], authors discussed gatabase of EMG sensors. (Note: A frequent pattern is shown
multidimensional data model, in which the multidimensiona In dark faces)

data was V|e_wed as a va_lu_e in the mu_ltl_d|men5|0nal SPace 5 \iulti-attribute Information

Based on this model, efficient data mining have been per-

formed using data cubes based on aggregates of dimensioAs discussed earlier, each EMG stream is associated with the
were computed in [9, 10]. Decision tree mining is anotherguantitative attributes that are distributed in the cains

well studied data mining problem and over the years manyange of values. For fast and efficient association rule min-
technigues have been designed to construct decision tiees ing, it is necessary to transform these continuous didtohu
mining the patterns in the streaming data [11, 12, 13]. of attributesA,, - - - , Aq into discrete representation such as
symbolswith equiprobability. The discretized version of the
multi-attribute information for each sensor in each moi®n
shown in Figure 2 (for brevity, only two attributes are shpwn
For discretized multi-attribute symbols, super-scrighdi-
cates thg*" attribute.
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3. MULTISTREAM PATTERN MINING
FRAMEWORK

From the mining perspective, for each motion, we hane-

tiple time series |nformat|o!and muIt|-att_r|bute mformatlon 3.3. Discovering Association Rules
that need to be processed in order to discover important rela
tionships between acting muscles while doing movements dro discover the structural patterns in multiple time sediat®
exercises. along with their attributes, we divide the association rale-



ing process into two stages. First, we mine frequent time se 102

ries patterns in multiple time series information usinguset ‘. -*-BUC
tial apriori algorithm [6]. This sequential approach helps in = —~Two-stage (Proposed)
pruning the patterns that are non-frequent in preceding-tim @ e
slice, as they will always be non-frequent for the next it- § 101 ] el
erations corresponding to subsequent time-slices. Next, w L STl
mine frequent attributes from thojected multi-attribute in- O
formationcorresponding to the frequent time series patterns E
The projected multi-attribute informatiolcontains only the o
attributes that are associated with the time series prasent >~

. o= ©
the discovered frequent patterns. The association rutldedo £
givensupport thresholdan be derived by combining frequent
time series patterns and corresponding frequent attritmtte 10—1 ‘ ‘ ‘
terns. 2.5 3 3.5 4 4.5 5

Support Threshold (%)
4. PERFORMANCE EVALUATION Fig. 3. Comparison of running time with BUC across support

4.1. Test environment and datasets thresholds.

All our experiments were performed and tested on a PC with
Pentium IV 2.6GHz processor with 1.5GB main memory un-
der the Windows XP operating system. We collected EM

time series data from 20 different participants that werie un but specific muscular activities/conditions in particifgrOn

formly distributed across ages 20-80, with initial conséxg other hand, we have very general rules with high support (4-
the behavior (movement dynamics) and goal-oriented purz ’ Y9 9 PP

. ST 5%) but average confidence which are necessary to monitor
pose of each experiment/motion is different, we needed tﬁ1 . . o .
) . L . e generic behavior of the muscular activities among garti
discover different sets of association rules correspantbn inants. Thus. the rules that are interesting to the usenine
each experiment. In following Section 4.2, we show the per—p ) ' g

. . on his/her requirements and our approach efficiently pexid
formance of our technique on an experiment where persof

raises his both arms on reacting to a visual cue. With 1281e rules depending on his/her needs.
samples per sec. and nearly 2 seconds for each trialisd

raph shown in Figure 4, we have high confidence rules with
ow support (2.5-3.5%), which are important to discoveerar

motion, we have approximately 50000 samples each fror 40 ‘-O-BUC‘
different EMG sensors (total of 600,000 samples from 2( 9 —=—Two-stage (Proposed)
participants). Each motion is represented by maximum of 1. ° ;307
synchronous time series data, which form theltiple time 3 2
series information To form multi-attribute informationwe 5 3
extracted quantitative attributes lilk@anset’and‘energy’from o %20 i
the each time series of EMG sensor as discussed in Section g o

33
4.2. Experimental results E S10

e

We evaluated the performance of our approach by vary §
ing support thresholds for mining association rules in EMC 0
sensor database that consisted of multiple time series ai 2.5 3 4.5 S

35 4
multi-attribute information. For comparison purpose, we Support Threshold (%)
tested our data set with bottom-up cube computation (BUCIFig. 4. Comparison of percentage of rules with0% confi-

[14] for finding association rules. Since BUC worked ondence

multi-dimensional data and also took advantage of minimum

support pruning property, it was interesting to see the @mp Further, as we get lots of rules for different sets of experi-

ative results with our proposed approach. As seen in Figurments with varying confidences and support, we used the met-

3, our two-stage proposed approach always runs faster thait calledJ-measurgroposed in [15] that gave us the quanti-

BUC by more than an order for all tested support thresholdstative measure of information content present in rules)gisi
Figure 4 shows the comparison between quality of theéhe ideas of information theory. J-measure balances confi-

mined associative rules by our approach with BUC, based odence and support, and moreover, is also the simplified mea-

the 100% confidence rules among the total output rules fosurementas it is dependent on the frequencies of the itésn-se

the tested support thresholds. Based on our observatibe in tpresent in the corresponding rule. For a mined tale> X,



corresponding J-measure is given as,

I =) = )+ |ptely) o (7))
+(0 = plaly)- o (2 ) e

J-measure is the product of two termsgy), which is proba-
bility of the antecedent of the rule (a measurehgpothesis

form multi-attribute information for each sequence or ari
The direct advantage of the proposed method for mining on
EMG streams is in the bio-medical fields such as prosthetic
designs, physical medicines, and rehabilitations.
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