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Abstract

This paper proposes a nonparametric Bayesian method ftorexpry data anal-
ysis and feature construction in continuous time series; ethod focuses on
understanding shared features in a set of time series th#iiegignificant indi-
vidual variability. Our method builds on the framework afdat Diricihlet alloca-
tion (LDA) and its extension to hierarchical Dirichlet passes, which allows us
to characterize each series as switching between latgrit¥h where each topic
is characterized as a distribution over “words” that spettie series dynamics.
However, unlike standard applications of LDA, we discoVvertords as we learn
the model. We apply this model to the task of tracking the mhggical signals
of premature infants; our model obtains clinically sigrafit insights as well as
useful features for supervised learning tasks.

1 Introduction

Time series data is ubiquitous. The task of knowledge disgavom such data is useful in many sci-
entific disciplines including understanding disease pa¢hesis from longitudinal studies, mining
social interactions, and wildlife monitoring. Dynamic nadslthat can succinctly capture generation
of measured data as a function of underlying latent statesseave as a lens into understanding
series structure. For example, generation of physiologfia by latent disease states can help reveal
how the set of diseases manifest and uncover novel disessei@ons.

Traditional generative models for time series data (suchwdiching Kalman filters[1]) do not ex-
plicitly model generation of a continuum of heterogeneowsplar series. However, in the domain
of modeling disease physiology, the set of clinical diagrsad®r most diseases is not naturally dis-
crete; patients suffer from diseases to varying extentseaan within disease labels, patients exhibit
significant variability. Furthermore, often the diagnasishe result of a clinical observation with
significant uncertainty regarding both the onset and theraaif the disease. Increasing representa-
tion granularity by increasing the number of classes cap, it ad hoc discretization into a fixed
set limits our ability to model instance-specific varialyiliMoreover, the combinatorics quickly get
out of hand when one considers combinations of differergadiss, a situation that is unfortunately
quite common in practice.

In the domain of natural language processing, topic modele found great success as a represen-
tation for uncovering the underlying structure of docunmmrpora [2, 7]. A document is associated
with a distribution over latent variables calltmics, each of which defines a distribution over words.
At a high level, this paradigm extends naturally to applarat such as disease modeling: individual
patients maintain their own distributions over diseaséc®so each patient can be expressed as
a point lying in the continuous disease (topic) simplex. lEapic defines a distribution over dy-
namic behaviors observed in the time series. These dynaghaviors, play the role of “words” in



this framework; these words are shared across topics, ialious to uncover relationships between
different disease states.

To construct this approach, we build on the frameworkiefarchical Dirichlet processes, which
was designed to allow sharing of mixture components withimudti-level hierarchy. While concep-
tually straightforward, this extension involves some #figant subtleties. Most obviously, current
implementations of topic models assume that the expressgdrés are pre-specified and only the
latent topic variables are inferred. To apply this framédwiorcontinuous data such as physiologic
time series, we must define a notion of a “word”. Loosely sjrgglka word specifies the parameter-
ization of the function that generates the system dynamicthe duration of the word. Moreover,
the duration of the word is also not fixed in advance, and mayfvam one occurrence to the next.
Hence, our representation of a time series in terms of worgds aiso postulate word boundaries.

In the remainder of this paper, we define our generditimeseries topic model (TSTM), and provide
an efficient block Gibbs sampling scheme for performing Bdlyesian inference over the model.
We then present results on our target application of armadyghysiological time series data, demon-
strating its usefulness both for analyzing the behavioriféént time series, and for constructing
features that are subsequently useful in a supervisedmhegtask.

2 Related Work

An enormous body of work has been devoted to the task of nagigine series data. Probabilistic
generative models, the category to which our work belorygécally utilize a variant of a switching
dynamical system [1], where one or more discrete stateblasaletermine the momentary system
dynamics, which can be either linear or in a richer parametdss. However, these methods typ-
ically utilize a single model for all the time series in thet@aet, or at most define a mixture over
such models, using a limited set of classes. These methedtlsaaefore unable to capture significant
individual variations in the dynamics of the trajectoriesdifferent patients, as required in our data.

Recent work by Fox and colleagues [5, 3, 4] uses nonpararigiyesian models for capturing
generation of continuous-valued time series. Conceptuhk present work is most closely related
to BP-AR-HMMs [5], which use Beta processes to share observenodels, characterized by au-
toregressive processes (AR), across series. Thus, itreaptariability between series by sampling
subsets of low-level features that are specific to indivichesies. However, BP-AR-HMMs are
aimed at capturing individual variation that manifests asds (features) that are unique to a partic-
ular time series. By comparison, we aim to capture highestleoncepts that occur broadly across a
subpopulation (e.g., physiologic characteristics exbibbyLung disorders) while modeling series-
specific variability in terms of the extent to which theseh@glevel concepts are expressed (e.g.,
transient respiratory disorder versus long term respiditdress). Other works [3, 4] have utilized
hierarchical Dirichlet process priors for inferring thenmibier of features in hidden Markov models
and switching linear dynamical systems, but these modetsodtry to represent variability across
exemplar series. Temporal extensions of LDA [19, 20] moglelion of topic compositions over
time in text data but not continuous-valued temporal data.

A very different approach to analyzing time series data isttempt to extract meaningful features
from the trajectory without necessarily constructing aayative model. For example, one standard
procedure is to re-encode the time series using a Fourieaeelet basis, and then look for large
coefficients in this representation. However, the resgltioefficients do not capture signals that are
meaningful in the space of the original signal, and are foeechard to interpret. Features can also
be constructed using alternative methods that produce mtagretable output, such as the work
on sparse bases [11]. However, this class of methods, asaselihers [13], require that we first
select a window length for identifying common features, mas no such natural granularity exists
in many applications. Moreover, none of these methods aulisttover higher level structure where
words are associated with different “topics” to differextants.

Our specific domain of neonatal monitoring has been prelyaisdied in a machine learning set-
ting [21, 14], but focusing on the different task of monitagifor known events (e.g., sensor drops).



3 Time Series Topic Model

Time Series Topic Model (TSTM) is an extension of Latent &itet Allocation (LDA) [2] for
time-series data. Latent Dirichlet Allocation (LDA) is arg@ative probabilistic model for text
corpora. It makes the assumption that there is an underiyied set of topics that is common to the
heterogeneous collection of documents in the corpus. Atispa distribution over the vocabulary
of all words present in the corpus. A document is generatefitétychoosing a document-specific
mixing proportion over the topics. To sample each word, daragopic, and then sample a word
from that topics’ distribution over words.

Unlike text, in time series data often the features to beaextd are structurally not obvious (see
figure 2). Pre-segmenting the sequence data into “words$ dot offer sufficient flexibility to
learn from the data, especially in the realm of exploration Knowledge discovery. Thus, we
integrate feature discovery into a temporal extension oAL\e describe below each of the TSTM
components (in a bottom-up fashion).

Data generation model:We assume that the continuous-valued datat timet is generated using
a function f;, from a finite setF of generating functions. These functions take as inputsalues
dependent on current and previous time slices, and gentbmtautput ag; = fi(x¢;0k). fr, @an
expressive characterization of the time series dynaméesbe thought of as thth word in the time-
series corpus vocabulary. Hereafter, we weeds andgenerating functions interchangeably. The
parameterization of;, depends on the choice of the observation model. We choossetwactor
autoregressive processes, which are used for temporallimgdie numerous domains, including
medical time series of fMRI and EEG. Other observation me@slich as an SLDS with mixture
model emissions [3]) can also be used.

In an ordemp autoregressive process, given a functfgwith @
parameter§ A*, V*1, the observation is generated as: OO
g = APX] + 4, v ~ N(0,VF) (1)

wherej; € R™*! for an m-dimensional series. The inputs@
X, = [§i-1,.-.,¥i—p|. Parameterst* ¢ R™*?, andV* is @@
anm x m positive-semidefinite covariance matrix. Thik

word then corresponds to a specific instantiation of theigen

ating function parametefsd*, V*}. For TSTM, we want the

words to persist for more than one time-step. Thus, for ea@
word, we have an additional parametgrthat specifies mean
length of the word ag /wy. Our goal now is to uncover this

set of functionsF, via instantiations of the generating funcl':igure 1: Graphical representation

tion parameters, denoted more generallfas ©. of the time series topic model

©

D

Word and Topic descriptions: To uncover the finite generating function sgf such that these
functions are shared across latent topics, we use the tiécal Dirichlet process[18] (HDP). A
Dirichlet process (DP), denoted by DR, H), yields a distribution on discrete measurgsis a base
(continuous or discrete) probability measure@and~ is the concentration parameter. Sethuraman
[17] shows thatGy ~ DP(~, H), a sample drawn from the DP, is a discrete distribution bseau
with probability one:

k—1
Go=3218k00, Ok~ H  B=0][0-8) Bi~Betal,y) (2
=1

Draws fromH yield the location of “sticks™ dy, , in the discrete distribution. The generation of the

stick weightss;, is denoted bﬁ ~ GEM(y). Thus, we use the DP to place priors on the mixture
of generating functions by associating a generating fonatiith each stick irGy. In addition, by
associating each data sample (time pointin a series) witleeific generating function via indicator
variables, the posterior distribution yields a probapfiistribution on different partitions of the data.
The mixing proportion (the stick weights) in the posterigtdbution are obtained from aggregating
corresponding weights from the prior and the assigned datgpkes.

HDPs [18] extend the DP to enable sharing of generating fomgbetween topics. If discrete mea-
suresG; are sampled with the discrete measGigas its base measure, the resulting distributions
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Figure 2: Heart signal (mean removed) from three infantbdairffirst few hours of life

have non-zero probability of regenerating the same stitleseby sharing generating functions be-
tween related topics. Thus, a dra&ly from the HDP withG as its base measui@, ~ DP(n, G,),
can be described as:

Ga = X721 parde, ¢q ~DP(n,B), B~GEM(vy), 60, ~H (3)

whereg, represents the topic specific mixing proportions over theegating functions and rep-
resents the global mixing proportion. Similar to [5], we as@atrix-normal inverse-Wishart on the
parameter§ A*, V*} and a symmetric Beta prior an, as our base measurés

Dynamics of words and topics: Given the wordsF, topics¢,.p and series-specific transition
matricesr,,, the series generation is straightforward. For each time sk 1,---, T, we generate:

1. Current latent topic state given topic at previous tireggl; ~ Mult(7y, dee )

2. Switching variable®,, which determine whether a new word is selected. A new word
is always generated{ = 0) if the latent state has changed from the previous time step;
otherwise,o, is selected from a Bernoulli distribution whose parametetednines the
word length. Thusg; ~ I(d; = d;—1)Bernoulli{w,,_, ), wherel is the indicator function.

3. The identity of the generating function (word) to be apgfiif o; = 1, we havez; = 2,1,
otherwisez; ~ Mult(¢q, ).

4. Observation given the generating function indeasy; ~ f., (x¢-1;0.,).

The-series specific topic transition distributiep is generated from the global topic transition dis-
tribution,. Hyperparameters; controls the degree of sharing across series in our bel@itahe
prevalence of latent topic states. A lakgeassigns a stronger prior and allows less variability across
series. To generats,, each row is generated from D(bmr') whereqri is theith row of the global
topic transition distribution. Given hyperparametargs,and/fv Ty ~ Dzr(ag + kd;). Kk controls the
degree of self-transitions for the individual topics.

4 Approximate Inference using block-Gibbs

Several approximate inference algorithms have been desdlfor mixture modeling using the
HDP; see [18, 3, 10] for a discussion and comparison. We udeck-Gibbs sampler that relies
on thedegree L weak limit approximation presented in [8]. This sampler has the dgentd being
simple, computationally efficient and shows faster miximgrt most alternate sampling schemes [3].

The block-Gibbs sampler for TSTM proceeds by alternatirtavben sampling of the state variables
{ds, z:}, the model parameters, and the series specific transitidrices To introduce notation
briefly, we usel : T to mean all indiceg throughT'. n indexes individual series. We drop sub-
indices when all instances of a variable are used (for e,9v,1.7, is written asz for short). We
drop the index: when explicit that that the variable refers to a single seriéfe detail the update
steps of our block-Gibbs inference algorithm below.

Sampling latent topic descriptionsg, ¢,: The DP can also be viewed as the infinite limit of the
orderL mixture model [8, 18]:

Bly ~ Dirichlet(~/L,---,~v/L) ¢a ~ Dirichlet(n3) O ~ H 4)

We can approximate the limit by choosiiigto be larger than the expected number of words in the
data set. The prior distribution over each topic-specificdadistribution is then:

$alB,m ~ Dir(npy,---,nBL) %)



Within an iteration of the sampler, let,; be the counts for the number of times . sampled
the ith word" for the dth disease topic; that is, leta; = >, _1.x >y—1.p, [(zne = DI(dn, =
d)I(on: = 0)andm ; = >, ,.pmaq,. The posterior distribution for the global and individual
topic parameters is:

Blz,d,y ~Dir(y/L+m_1,---,v/L+m_r) (6)

bar|z,d,n, B ~ Dir(nBy + mar 1, -+, nBr + ma L) (7

Sampling word parametersw; and 6;: Loosely, the mean word length of tlith word is 1/w;.

A symmetric Beta prior with hyperparameigrconjugate to the Bernoulli distribution, is used as
a prior over word lengths. The sufficient statistics neededHe posterior distribution af; are
the countsy; = >, 1. x> 1.y, L(dnt = dn—1)I(2n4—1 = 1)I(0n = i) wherei € {0, 1},
representing the number of time steps, across all sequenagbich the topic remained the same,
the word was initiallyl, and the word either changed,(, = 1) or not (o,,,; = 0). Thus,

wiler,., p ~ Betdp/2 + 1, p/2 + Cro) 8)

For sampling the AR generating function parameters, natiectinditioned on the mode assignments
z, the observationg;.r 1.x can be partitioned into sets corresponding to each urligué.. This
gives rise tal independent linear regression problems of the fotm= A' X! + E! whereY' is the
target variable, with observations generated from mipdtacked column-wiseX ' is a matrix with

the corresponding lagged observations arfd is the corresponding noise matrix. The parameters
Al and V! are sampled from the posterior given conjugate priors ofMiagrix-Normal Inverse-
Wishart, similar to [5].

Sampling global and series-specific transition matricesy, and 7,,: Since the number of topic
statesD is known, and we use conjugate priors of Dirichlet distribfor each row of the transition
matrix, the posterior update simply involves summing uptsérom the prior and the data. The rel-

evant count vectors are computedes, = >°,", I(dn—1 = i)I(dn, = k) andci, = S0 ¢
which aggregates over each seriés= {ct,--+,c%} andi indexes a row of the transition matrix:

772|d, ag, k ~ Dir(ag + k0; + c_l’) wfl|7rg, d,ap ~ Dir(omr; + cihl:D) 9)

Sampling state variables: If all model parameters (topic and word descriptions) arecsied,
then one can exploit the structure of the dependency grapbrtgpute the posterior over the state
variables using a single forward-backward pass. This iskdhemotivation behind using block
Gibbs. The joint posterior can be computed recursivelywaod sampling is used to sample the
variables in each time slice given samples for the previimoe slice:

P(leT,d1:T|y1:T,7?) = HP(Ztvdt|zt713dt717y1:T7ﬁ) (10)
t

Top-down sampling is used within a given time slice. See agpeA for details.

5 Experiments and Results

We demonstrate the utility of TSTM on physiologic heart rg#®R) signal collected from prema-
ture infants of gestational age 34 weeks and birth weight 2000 grams admitted to the XXX
(anonymized) neonatal ICU within the first few hours of li@ur inclusion criteria resulted in data
from 145 infants? These infants are continuously monitored as part of routare and data ag-
gregated at the minute-level granularity was stored. Thfs@ts are extremely vulnerable, and
complications during their stay in the NICU can adversefgcflong term neurological develop-
ment. Clinicians and alert systems implemented on ICU moosititilize coarse information based
on thresholding of the signal mean (e.g., BIR160 bpm) and discard the dynamics as noise. We
use TSTM to discover whether there is information contaiimetthe signal dynamics. As infants

within this approximation, words get re-ordered such thiaivards that are observed in the corpus are
assigned indices less than Thus,! indexes théth observed word which can correspond to different parameter
instantiations over different iterations.

2All work was performed under protocol 8312 approved by XXg&sonymized) Panel on Human Subjects.



mature, they become less vulnerable; their base heartlsatéosvers. We preprocess the signal to
remove thebasal signal computed from taking a 40 minute moving average windemoving the
base signal allows us to capture characteristics onlya@ltt the dynamics of the signal (see raw
signal in figure 2).

Partially-supervised training: We first experimented with a partially-supervised trairmegime of
labeled LDA [15], where during training, we constrain infapecific transition matrica®ot to have
topics corresponding to complications that they did notxsBgmptoms for. This form of training
has the advantage of biasing the topics into categoriesthatoherent and more easily interpreted.
We define four broad clinically meaningful topickung for primarily lung related complications
such as RDSHemorrhage for head related complications such as IMHlti as the catch-all class
for severe complications that often affect multiple orggstsms; andHealthy.

For each infant in a randomly chosen subsetinfants, we assign a vectar, of lengthD = 4,
where we have @ at index:i when this infant is known not to have complications relatetheith
category. All infants are marked to have the healthy togipresenting the assumption that there is
some fraction of their time in the NICU at which they exhibéHaviors of a healthy baby.

Each row of the infant-specific transition matrix is genedaas:

, , L2 Ap
i ~ Dir <al7rg7> Anli) =1 (11)

<l An >

where® denotes the element-wise vector product. We used an AR@EEps as our observation
model and set thé to 15. We experimented with a few different settings of the hypeameters;
upon visual inspection, the relative distribution of wofds each infant looked similar. For the
reported experiments;, v andn were each set tb0, x = 25 andp = 20. We run 2000 iterations
for each Gibbs chain.

Qualitative evaluation: We fix the topic distributions.p to that of the 200th Gibbs iteration and
run inference on our larger set b5 infants. Here, no supervision is given; that is, betrandn,
are initialized from the prior and are left unconstrainedimiy the inference process (using block
Gibbs). We ran three separate Gibbs chaing0 iterations. Given the topics, the block-Gibbs
sampler appears to mix with200 iterations.

In figure 3, we analyz80 randomly selected infants from this test set at4heth iteration from
chainl. In panel (a), we plot the word distribution for days 1,2 {tapd days 7,8 (bottom). Several
interesting observations arise: the infants follow a emntim of word distribution profiles. Infants
with no complications, shown as red squares at the bottoranélya), express words 9 and10

in much greater proportion than the other infants. As canele@ $n (b), these words are primarily
associated with thElealthy topic. Figure 3d shows examples of words extracted from #te.drhe
words with the highest mutual information with tHealthy topic appear to have higher frequencies.
Words with AR parameter > 1 generally represent heart rate accelerations (e.g., &vehdwn in
gray); words where is positive and close t0 represent periods with significantly lower dynamic
range (e.g., wor@ shown in purple). Thus, our model seems to imply a correatabetween the
health of the infant and the extent to which their heart ratelsts significant variations.

Respiratory distress (RDS), a common complication of ptearitg, usually resolves within the first
few days as the infant stabilizes and is transitioned to raoniThis is reflected by the decrease in
relative proportion of wor@, only associated with thieung topic. Exceptions to this are infanis
and30, both of whom have chronic lung problems.

To demonstrate the insights provided by this represemtati@ examine the clinical evolution of
three sample infants -2, 16 and 23 — chosen to be illustrative of different trajectories of the
word distributions. In figure 3c, we show the posterior fag tHrealthy topic being expressed from
averaging oveB0 Gibbs chains. The bold line shows the smoothed posteriartoue. Infant2 (12)
was born with a heart defect called VSD (can be acutely hifedtening) and a moderate size patent
ductus arteriosus (PDA), both of which cause left to rightrging and disrupt blood flow to the
body. 12 was ligated on day 4, a procedure performed to red@lA. She was also on dopamine
starting day 2 due to hypotension, had a renal failure on3apst indomethacine (medication
for PDA) and was on a ventilator during this entire time. Orya her state started to resolve
significantly, and on day 8 her ventilator settings were madiand she was taken off dopamine. Her
empirical evolution closely tracks her medical historyparticular, her state continually improves
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Figure 3: (a) Inferred word distributions for 30 infants ohgrtheir stay at the NICU, (b) distribution
over disease topic given words for the population, (c) igerposterior (and smoothed version
shown in bold) over latent statelealthy, (d) examples of inferred features extracted from the data.

after day4. Infant 16 was a healthier preemie with few complications of prematuaind was
discharged on day. Infant23, on the other hand, got progressively sicker and eventdalg on
day4. The figure shows that their inferred posterior predictitmsely tracks their medical history
as well. Of note, the ventilator controls only oxygen supgohyl does not directly control the heart
rate, so the inferred topics are not just uncovering thedsfit ventilator settings.

Quantitative evaluation: To provide a more quantitative evaluation, we extract gsadg that
represent an infant's health based on his final outcome eadifibd retrospectively by a clinician.
Grade 0 represents no complications; grade 1 to isolatedrmomplications frequently associated
with prematurity; grade 2 to multiple minor complicatiomgade 3 to major complications at low
grade; and grade 5 to major complications at severe gradeslefihed a “health ranking over
infants, based on their relative frequency of Healthy topic. The rank score for a rankirf is:

rankscorgr = XN 2N _ 1(H(n) > H(m))(Gp — G) (12)

The maximal achievable score for our datasex2i892 for the perfect ordering while a random or-
dering has an expected scorefofFor comparison, we compute the rank score from SNAP [16], a
validated and highly accurate score that characterizesstl severity based on birth characteristics,
laboratory tests and monitor datal&thours of life. SNAP achieves a scorel#030, correspond-

ing to 78.3% of the overall range. Based on dynamics alon&M $8n the median from three
Gibbs trials) achieves a score t1432 corresponding to 72.69% at the firk2 hours andl 1314
corresponding to 74.6% from the fir8tdays. Although SNAP achieves a slightly higher score, it
incorporates multiple biomarkers including invasive sest

Comparison to Fourier features: The preceding analysis ranked babies using only a singlertea
extracted from the TSTM model — the frequency of thealthy topic. To test whether informa-



tion is present in the entire topic distribution, we use aesuiged learning regime where we train
a support vector machine with a ranking objective [9] to mEthe infant's disease grade. In this
supervised setting, we wanted to compare to features cmtstl by the fast Fourier transform,
a commonly used feature processing scheme for time-segitas dhe FFT seems appropriate in
this setting, since we observed earlier that words assatiaith theHealthy topic tend to exhibit
higher frequencies. The frequencies of the resulting FFefifimeents spar /v forv € {1,---,T}.
Based on preliminary data analysis, we compute FFT feafuoes a grid of periods betweemh
and40 minutes in increments of minutes. We use each of the FFT coefficients as a feature in the
ranking SVM. To make for a fairer comparison, we estimatephimeters of TSTM without any
supervision, using 6 topics; we use the proportions for ed¢he 6 topics as features of the time
series in the ranking SVM. We report results averaged oaérrandom folds with 50-50 train/test
splits. The SVM tradeoff parametér was set using cross-validation. S\My; and SVMeeT
achieve mean performance (relative to maximum rank for eptt) of 72.74% and63.5% respec-
tively (with a random order having a mean scores0f0%). This suggests that the inferred topic
distributions provide a useful feature representatiomsahthat can be employed within supervised
objectives as an alternative or in addition to the FFT.

Comparison to BP-AR-HMM: As discussed in section 2, BP-AR-HMMs is the generative rhode
for time series data that is most closely related to our wbdt.a visual comparison of the difference
between TSTM and BP-AR-HMM, we used the BP-AR-HMM to inferndiaistributions over the
same30 infants shown in figure 3a. Since BP-AR-HMM is sampling in $pace of binary matrices,

it takes much longer to mix. Thus, due to computational resmaonstraints, we were only able to
run BP-AR-HMMs on the first four days of data.

We experimented with different values of the parametersfdund that the model generally tends
to encourage the generation of multiple unique, seriesipéeatures (see example figure in sup-
plementary materials). This behavior is not surprisinggsithe notion of individual series variation
in BP-AR-HMMs is quite different from that in TSTMs: TSTMské topic models, encourage

sharing by having all series utilize the same set of topiastdodifferent extents; by contrast, BP-

AR-HMMs have some features that are shared and others thatxaticitly series-specific. Thus,

the two models are likely to be useful for fairly differenps of exploratory data analysis.

We also performed a quantitative comparison regardingftiligy wf these features for a supervised
learning task. We trained an SVM classifier, using leave-autecross-validation, to distinguish
Healthy vs Not healthy, using the labels shown at the bottom of figure 3a. We compheefbatures
derived from BP-AR-HMM from those inferred in an unsupeedsmanner using TSTM for &
topic model. The SVM using th¢ features learned by TSTM has an accuracg@f while the
SVM using the43 features inferred by BP-AR-HMM has an accuracy76%. Again, this is not
surprising, since the fragmentation of the data acrossipteiindividual features is bound to hurt
performance, especially for such a small data set.

6 Discussion and Future work

In summary, the primary contribution of this paper is a neasslof models for time-series data
that emphasizes the modeling of instance specific varigbilhile discovering population level
characteristics. We demonstrate its use in a novel and liegghlication of modeling heterogeneous
patient populations over time. Towards this end, we exteige existing topic modeling framework
to also simultaneously discover the finite set of featurew@a) expressed in the data. We believe
that TSTM provides a significant departure from current ficas and a flexible tool for exploratory
time series data analysis in novel domains. Furthermoaenéal topic or word distributions can
serve as features within supervised tasks. We demonsttaadility of TSTMs on medical time
series, but the framework is broadly applicable to otheetseries applications.

Clinically, our work independently validates existing kvledge about heart rate dynamics contain-
ing information for characterizing health of a fetus [22[daoredicting infection and death near
onset time in premature infants[6]; furthermore, it suggdisat information contained in the dy-
namics might be informative for a broader set of compligaithan infection and death.

3Due to the size of our corpus, the topic descriptions wereriati from only30% of the data and fixed at
the 2000th iteration. Thereafter, we infer series-specific topic pmipns based on these fixed settings of the
model parameters.



Several extensions of LDA that model additional structur¢hie data [19, 20, 12] can add to the
expressiveness of TSTMs. In particular, modeling diseaseposition over time (analogous to
[19]) and disease evolution within a single patient (anategyto [20]) should provide interesting
insight. We leave these next steps for future work.
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