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Abstract Topic models are currently used in many fields, particularly for market-
ing or medical science data analysis, often where an individual subject is repeatedly
measured. A topic tracking model(TTM) that can consider the persistency of topics
of individual subjects has been already proposed. Although the TTM estimates sev-
eral parameters for each timepoint through online learning, offline learning should
be utilized for analyses of preexisting data sets. Additionally, when a topic model
is used, the number of topics should be decided in advance. However, deciding an
appropriate number of topics is often difficult. Therefore, we propose a TTM with
offline learning and a Bayesian nonparametric TTM (BNPTTM) for time series data
sets where data from individual subjects are repeated measures. The performance of
the proposed topic model is evaluated using an actual prescription data set. Our re-
sults suggest that the TTM with offline learning has better predictive ability than the
existing TTM, and the BNPTTM can deduce the number of topics from a given data
set.

Keywords Repeated measures data - Bayesian nonparametric model - Prescription
data - Latent Dirichlet allocation model

1 Introduction

Topic models are machine learning models, which can extract latent topics based
on clusters of similar words from documents (Blei et al. 2003). Although topic mod-
els are mainly used for natural language processing, they are useful for analyzing
several different kinds of data, e.g., consumer data in marketing or prescription data
in medicine (Zafari and Ekin 2019; Iwata et al. 2009). When a topic model is applied
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to prescription data, it can summarize the prescription patterns of a physician or elu-
cidate the relation of prescribed medicines and diagnosed diseases (Zafari and Ekin
2019; Park et al. 2017). Additionally, when several medicines are included in a large
data set, a topic model can be useful for summarizing it.

When topic models are applied to marketing or prescription data, traits of individ-
ual subjects are often measured repeatedly. When a trait is repeatedly measured, the
correlation of data for each subject should be considered. The topic tracking model
(TTM), a topic model that uses online learning and can consider change of subject
interest and content change of topics over time, has been proposed (Iwata et al. 2009).
The TTM was originally proposed for extracting purchase item topics based on the
change of interest of consumers, and it was designed for data that were obtained se-
quentially. When static, preexisting data sets are available, which is often the case for
repeatedly measured data, it is desirable to consider a model that uses offline learning.

When a topic model is used, the number of topics should be decided a priori;
however, it is often difficult to decide an appropriate number of topics. If the num-
ber of topics is high, many topics are generated with relatively even proportions. To
decide the number of topics computationally based on a given data set, a Bayesian
nonparametric model is appropriate. A Bayesian nonparametric model is a method
for reducing the parametric assumption of a Bayesian model (Miiller and Fernando
2004), and a hierarchical Dirichlet process is often used for topic modeling (Teh et
al. 2006). By using the hierarchical Dirichlet process, only topics that are minimally
essential for data analyses can be extracted. The TTM also needs to be extended to a
Bayesian nonparametric model to decide the number of topics from the data.

With this research, we propose a TTM with offline learning and a Bayesian non-
parametric TTM (BNPTTM) with offline learning and evaluate their performance
using a prescription data set.

2 Method

In this section, we explain the existing TTM and the proposed TTM with offline
learning. Moreover, we show the hierarchical Dirichlet process (HDP) and the pro-
posed BNPTTM with offline learning.

2.1 Topic tracking model

The existing TTM (Iwata et al. 2009) is illustrated in Figure 1. z, 4, represent the
n'"(n=1,.. ..Ni4) prescription count of a subject d(d=1,...,D;) at time #(t=1,...,T),
Wy.q4., Tepresent a prescribed drug for the n™ prescription count of a subject d at time
t, m, 4 represent the topic distribution of each subject d at #* time, and ¢, represent
the drug distribution of topic k(k=1....,K) at time ¢. ;4 represent the degree of asso-
ciation between m,_; 4 and 7,4, and 7, represent the degree of association between
¢ 1 and @y

@, are vectors that are Wx1, and 7, 4 are vectors that are KX1. ;4 and 1 rep-
resent scalars.
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Fig. 1: Graphical model of TTM (Iwata et al. 2009)

Let D, be the number of subjects at time #, K be the number of topics, and N, ; be
the number of prescriptions for a subject d at time . The frames in Figure 1 indicate
that the numbers of parameters and variables in a given frame are the same as the
values shown in the bottom right corner of each frame. In other words, the number of
parameters for z; 4, and w; 4, is N, 4 for a subject d at time ¢; the number of parameters
for ;4 and a;4 is D; for time #; and the number of parameters for 7, and ¢, is K
for time t.

The data generation process of the existing TTM is as follows.

1. For each topic k at time ¢,
(2) Draw @, ~ Dirichlet(n i,y ;)
2. For each subject d at time ¢,
(a) Letm, 4 ~ Dirichlet(a;  7ti-1.4)
(b) For each n™ prescription count,
i. Draw z, 4,~Multinomial(1,7; ;)
ii. Draw w, g,~M ultinomial(l,(b,,zh d,n)

In the above process,(b,’zt’ in denotes the drug distribution of topic z; 4, at time .
qA)H,k and 7,1 4 denote the estimates of ¢,_; , and &1 4, respectively. ¢, and 74
are drawn based on the values of qAbH,k and #,_; 4, respectively. Moreover, similar to
the original topic model (Blei et al. 2003), the model assumes that each prescription
drug, wy4,, is drawn based on topic z, 4, and each topic z; 4, is drawn based on topic
distribution 7, 4.

The parameters are estimated by collapsed Gibbs sampling (Iwata et al. 2009).
They are sequentially estimated in each timepoint ¢ by using online learning. In other
words, the parameters of the timepoint ¢ are estimated after estimating those of the
timepoint # — 1.
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The existing TTM (Iwata et al. 2009) is effective when data are sequentially ob-
tained in real time. However, when data to be analyzed are already obtained, we
should consider a model that uses offline learning. Therefore, we propose a TTM with
offline learning. The data generation process of the proposed method is not largely
different from that of the existing method; however, in the proposed method, ¢, , and
w4 are drawn based on the values of ¢,_; , and ;1 4, respectively, instead of &,_,’k
and 7t,_; 4, respectively. Therefore, in the proposed method, the parameters of all the
timepoints are estimated together in each iteration of Gibbs sampling. The parame-
ters can be estimated by collapsed Gibbs sampling just like they were estimated in
the existing TTM.

2.2 Bayesian nonparametric topic tracking model

In this section, we first explain the HDP that is used to construct the BNPTTM.
Then, we discuss the proposed BNPTTM with offline learning that uses HDP.

2.2.1 Hierarchical Dirichlet process

The building block of HDP is that the random base measure Gy for a Dirichlet
process G; ~ DP(£, Go) is itself a draw from a Dirichlet process Go ~ DP(y, H) (Teh
et al. 2006).

Go | y.H ~ DP(y,H),
Gjl&,Go~ DP(&,Go)
forjelJ

G are group () specific random measures, and H is the base measure of Go. J is the
index set.

The proposed BNPTTM uses the HDP based on the stick-breaking process, and
we show a stick-breaking construction for the HDP. The random base measure G
can be represented in the following equation.

Go = ) Bida
k=1
So+ | H ~ H.

6" represent independent random variables distributed according to Go, where g,
is a probability measure concentrated at 6;**. The random variables f3; are generated
based on the stick-breaking process.

v |y ~ Beta(l,y),
k-1

Br = vk l_[(l L))
I=1

fork=1,...,00



A Bayesian nonparametric topic model for repeated measured data 5

v is the hyperparameter of the first level Dirichlet process. The stick-breaking process
postulates an infinite number of latent classes to a model, and by using this method,
only the proportion of latent classes that are needed to represent the data set increase
significantly.

A set of group () specific random measures G; are also represented by the fol-

lowing equation.
(o9
Gj= Z 7 0g,
k=1

Parameters of each group r;; are also generated based on beta distributions for
the stick-breaking process (Teh et al. 2006).

k
7 i ~ Beta(&Bi, (1 = )" B)
=1

k-1
ik =T jk l_[(l )
=1
fork=1,..., 00.

o ’ ’ T .
7wy = (), ...,nj,K)T) and (7. = (njl, ...,JTjK) ) are group specific vectors, and &
is a hyperparameter for beta distribution of the second level Dirichlet process.

2.2.2 The proposed Bayesian nonparametric topic tracking model

In this section, we propose a novel BNPTTM with offline learning using HDP.
We included a dependent Dirichlet process method that combines the stick-breaking
process with covariates of a subject for the model (Dunson and Park 2008; Hossain
et al. 2013).

The proposed model is illustrated in Figure 2. We extended the proposed TTM by
offline learning, and the parameters for constructing HDP were added to the model.
The parameters vy, &, and 3, are scalars and they act as previously stated. The number
of parameters S, ¢, are oo for time ¢.

The data generation process of the proposed method is as follows:

1. For each topic k,
(a) Draw vi~Beta(l,y)
(b) Let B = v [Ti5 (1 - vy)
(c) For each time ¢,
i. Draw @, ~ Dirichlet(n:$,_ ;)
2. For each subject d at time ¢,
(a) For each k™ topic,
i. Draw 7', a4 ~ Beta(&By, &1 = X1, B)
ii. Let map = 71 papexpit(ram—1.ax) [T} (1 — 7' g expit(aami—1.47))
(b) For each n'" prescription count,
i. Draw z; 4,~Multinomial(1,7; ;)
ii. Draw w, 4,~M ultinomial(l,qﬁzt{ d,n)
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O

Fig. 2: Graphical model of the proposed Byesian nonparametric model

In the above process, expit signifies sigmoid function. A method of a dependent
Dirichlet process that combines the stick-breaking process and covariates of a subject
(Dunson and Park 2008) was used to combine parameters from the stick-breaking
process, Bk, with subject specific @, 4m—1 gx. @ qam—1.4x Was scaled to range from O to
1 by sigmoid function and was multiplied by 7', 44, which were drawn based on .
With this method, topic distributions of specific times are generated from HDP while
taking into account the topic distributions of the previous timepoints.

The proposed method postulates a model that uses offline leaning, which is ap-
propriate for when data of all timepoints are already acquired. The proposed method
can also be formulated to operate as an online-learning model for data that is sequen-
tially acquired. Additionally, the proposed method includes a filtering method, i.e., a
method that estimates parameters of a specific time based on previous time points. If
all timepoints are already collected, estimating parameters with a smoothing method
can be done. In which case, topic distributions and medication (word) distributions
are generated based on not only those at previous timepoints, but also those at sub-
sequent timepoints. This method is referred to as the smoothing method, while the
method shown in Figure 2 shall be referred to as the filtering method.

The smoothing method is shown below. The data generation process of the smooth-
ing method is as follows:

1. For each topic k,
(a) Draw vy~Beta(l,y)
(b) Let B = ve [T/ (1 - vp)
(c) For each time ¢,
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i. Draw @, ,, ~ Dirichlet(n x$; ;-1 )
ii. Draw @, ,, ~ Dirichlet(172,1x$3 1+14)
iii. Let @4 = @14 © bo/ (@14 $2.10)
2. For each subject d at time ¢,
(a) For each k™ topic,
i. Draw 7' qx ~ Beta(&Bi. €(1 = X1, A1)
ii. Let mpax = 7 raxexpit(@r ami—1ap0) 1ot (1= 7 1 a1€Xpit(as nam i—1,4.))
iil. Letmax = 7 ax€Xpit(@aama irap) 12y (1 = T 1 a €Xpit(@a, a7 rs1.41))
() Let g =m0 @ Mopa/ (M1 1a” T204)
(c) For each n' prescription count,
i. Draw z; 4 ,~Multinomial(1,7; 4)

ii. Draw w;g,~Multinomial(1,6, , )

D156 D1 i = Drikts é1..4w)") represent medication distribution of a topic k
at time ¢ estimated from the previous time, and &, ,,(é,,, = (D21k1s oeor P2itw)T)
represent medication distribution of topic k at time ¢ estimated from the subsequent
time. 7714 represent the parameter of degree of association between ¢, ,_;, and @, ,,
and 72, represent the parameter of degree of association between @, ,,; , and @, , ;.

Similarly, 7y, 4(71 10 = (T144.15 ...,m’,,d,K)T) represent topic distribution of each
subject d at time ¢ estimated from the previous time, and 72 ; ¢ (72 10 = (24415 > 214, K)T)
represent topic distribution of each subject d at time ¢ estimated for the subsequent
time. a4 represent the parameter of degree of association between 7y ,_; 4 and 7y ; 4,
and a4 represent the parameter of degree of association between 7, 41 4 and 5 4.
71 1 and o, 4 are vectors of KX1, and ¢, ,, and @, , , are vectors of WX1. 71 sk, 72,1k
1,4, and @y, 4 are scalars.

In this model, ¢, are estimated by normalizing the product of ¢, ,, and @, ;.
and 7, ; are estimated by normalizing the product of 7,4 and 7, ;. Hereinafter, we
denote the Bayesian nonparametric model with filtering as “BNPTTM by filtering
method,” and the Bayesian nonparametric model with smoothing as “BNPTTM by
smoothing method.”

3 Numerical implementation

The numerical computing method for topic models are various, and an expectation-
maximization (EM) algorithm and Gibbs sampling are frequently used. We used Stan
for estimating parameters (Stan Development Team 2018). Stan optimizes each pa-
rameter using the Hamiltonian Monte Carlo method for maximizing likelihood. We
used R3.5.1 (R Core Team 2017) for the analysis, and Stan was conducted with R-
package rstan. The parameters of the existing TTM and the proposed TTM with of-
fline learning were estimated by collapsed Gibbs sampling. The codes for the meth-
ods were written by using an in-house pipeline written with the R package Rcpp
(Eddelbuettel and Francois 2011). Perplexity was also calculated by Rcpp.
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4 Performance evaluation

We evaluated the performance of the proposed methods with real prescription
data using perplexity, which is often used as one of performance evaluation methods
for a topic model. Perplexity evaluates the predictive ability of a model to new data.
We subsampled half of the sum of prescriptions for each subject and designated the
subsampled data set as the training data set and the other as the experimental test data
set. We trained our model using the training data set, and calculated perplexity with
the test data set.

: N,
Zszl Zle Zn:q logp(wt,d,n)
ZtT:I Zil Nia

14 (wt,d,n) =7 t,d,Z;_d.u(pf,Zx.d.u,wr,d,n

Perplexity = exp{— 1,

where 4., ,, denote topic distribution estimated in the training data set, and ‘2’&1/, e
denote medication distribution estimated in the training data set. The lower the per-
plexity is, the higher the predictive ability for the test data set is. Perplexity can also
be calculated by using different subjects from the training data, which is like the
method used by Park et al. (2017). However, in this study, we simply used the stan-
dard method for calculating perplexity (Blei et al. 2003).

Although perplexity is a general method to evaluate topic models, it cannot eval-
uate whether the methods can correctly deduce the number of topics from a data set.
Rather, perplexity may become lower when the number of topics is affected by the
prespecified number of topics. In addition to perplexity, we aggregated the number of
topics with the largest or the second largest proportions for any subject and the mean
of proportions of these topics. We focused on the number of these topics because
topics with high rank proportions for any subject are important when interpreting
the topic distribution. If the number of these topics is not significantly changed by
the prespecified number of topics and values stay small, it can be concluded that the
number of topics is accurately determined by the data set. We prespecified the up-
per limit of the number of topics from a range of 10 to 50 by increments of 10, and
investigated how the evaluation measure results changed at the various increments.

In this study, we used previously-acquired data about kampo medicines, a tradi-
tional type of Japanese herbal medicine, prescribed in a university hospital from 2008
to 2018. We aggregated the data for each clinical department by month and created
count data sets of kampo medicine prescriptions. We used monthly data that had a
sum of prescriptions larger than 10, and used only medicines whose sum of prescrip-
tions were larger than 100 across departments. Additionally, we only included clini-
cal departments with data for all years. Kampo medicines were categorized based on
the drug classification system, KEGG: Kyoto Encyclopedia of Genes and Genomes
(Kyoto Encyclopedia of Genes and Genomes).

Table 1 shows the summary statistics for the data in this study. Although the num-
ber of different medications is 90, the mean of the types of medications for each obser-
vation is 20.72. Therefore, compared with total number of medications, the number of
medications each clinical department prescribes in one month is relatively restricted.
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Table 1: The attributes of data

Items Values
The number of observations* 275
The number of clinical departments* 25
The number of medications* 90
The number of time for each clinical department dataf 11(0.00)
The types of medications for each observationf 20.72(16.52)
The number of prescriptions for each observationf 923.39(1284.47)
" Cases

* Mean(Standard deviations)

Table 2: The result of perplexity

Number of topics

Method 10 20 30 40 50
The existing TTM* 1655 1551 1529 14.84 14.95
The TTM by offline learning 1494 1474 1448 1446 1444

BNPTTM by filtering method 2294 2417 21.87 21.60 23.78
BNPTTM by smoothing method ~ 21.14  20.83 2046 21.23 19.74

* The existing TTM, which are estimated by online learning

Table 3: The number of topics with high rank proportions for any subject and the
mean of the proportions

The number of topics

The topics* Method 10 20 30 40 50
The largest topics onlinef 9(0.57) 18(0.57) 19(0.53) 27(0.58)  32(0.52)
offinet  10(0.611)  16(0.51) 21(0.48) 24(0.46)  23(0.46)

filtering§ 5055  5051)  7(053)  6(054)  5(0.58)

smoothing]  6(0.80)  4(0.64)  4(0.69)  7(0.71)  6(0.68)

Se{gi&ﬁ;&fi;};s onlinet 100.83)  19(0.83) 27(0.78) 34(0.82)  44(0.76)
offline 100.83)  19(0.72)  26(0.68) 32(0.65)  34(0.64)

filtering§ 70.77)  7072) 9075  6(0.76)  7(0.77)

smoothing 8(0.95) 6(0.88) 7(0.91) 8(0.91) 9(0.89)

* The topics to be taken into account for aggregation

T The existing TTM, which are estimated by online learning
¥ The proposed TTM by offline learning

§ The BNPTTM by filtering method

1 The BNPTTM by smoothing method

The result of the perplexity calculation is shown in Table 2. The perplexity val-
ues of the proposed TTM with offline learning were lower than those of the exist-
ing TTMirrespective of the prespecified number of topics. In addition, the values
of perplexity of the BNPTTM by smoothing method were lower than those of the
BNPTTM by filtering method. Furthermore, the values of perplexity of the TTMs
that are not Bayesian nonparametric models were lower than those of the BNPTTMs.
Table 3 shows the number of topics with the largest or second-largest proportions
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for any subject and the mean proportions. The means were approximately 0.5~0.7
for the largest topics and around 0.7~0.9 for the combined largest and second-largest
topics. A topic with the largest or second-largest proportion for an individual sub-
ject accounted for a large percentage in all topics. In our analysis, the numbers were
relatively stable for the BNPTTMs compared with those of the TTMs that are not
Bayesian nonparametric models regardless of the prespecified number of topics With
respect to the TTMs that are not Bayesian nonparametric models, the numbers of
the high rank topics had a tendency to increase with an increase in the pre-specified
number of topics. Although the size of the numbers of the high rank topics of the
BNPTTM by filtering method and the BNPTTM by smoothing method differed with
respect to the prespecified number of topics, the mean proportions of the high rank
topics of the smoothing method were higher than those of the filtering method.

5 Discussion & Conclusion

We proposed a TTM with offline learning and a BNPTTM with offline learning
for time series data sets where traits of subjects are repeatedly measured. When per-
plexity was calculated, the proposed TTM with offline learning showed better pre-
dictive performance compared with the existing TTM. By using information of all
the timepoints to estimate the parameters together, the predictive ability of the model
seems to improve. Therefore, if data to be analyzed are already earned, using the
proposed TTM with offline learning will be meaningful.

The predictive ability of the BNPTTM by smoothing method was better than
that of the BNPTTM by filtering method. A possible explanation for this finding
is that with the smoothing method, the parameters of each specific timepoint are
not only drawn from the previous timepoint but also from the subsequent timepoint
allowing the parameters to be more accurately estimated than those obtained with the
filtering method. In addition, the proportion of topics of each subject is summarized
into fewer topics for the smoothing method than those for the filtering method. The
topic model is a kind of dimension reduction method, and the point of using it is that
multiple variables are summarized into a smaller number of variables (topics). If the
number of topics with large proportions is lower, we are able to focus on fewer topics.
Therefore, using the BNPTTM by smoothing method might be better when using a
Bayesian nonparametric TTM. .

However, predictive ability worsened by using the Bayesian nonparametric mod-
els. Although the largest possible value for perplexity is infinite, if we assign the same
or randomly generated probability to each topic distribution and medication distribu-
tion, the perplexity becomes around 90. This is the same value as the total number of
the prescribed drugs in this study. The lowest perplexity value would be one. There-
fore, using a simple calculation, the perplexity of BNPTTM by smoothing can predict
(90 -1) - (21.14 — 1)) x 100/(90 — 1) = 77.37% of the test data, when we use 10 as
the value of the pre-specified number of topics. In contrast, the perplexity of the of-
fline method can predict (90 — 1) — (14.92 — 1)) x 100/(90 — 1) = 84.36% of the test
data. It is difficult to determine whether this is a serious difference or not, but when
using BNPTTMs, the predictive performance worsened.
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The reason for the result of perplexity might be related to the results in Table
3. Although the number of topics with high rank proportions of the non-Bayesian
nonparametric models was relatively large, the BNPTTMs restricted the number of
topics with high proportions to fewer values. As a result, the overall fitting of the
model might have worsened compared with that of the non-Bayesian nonparamet-
ric models. However, our results suggest that the number of topics for the proposed
Bayesian nonparametric models is accurately deduced from the data set because the
number of topics has relatively small values regardless of an increase in the prespec-
ified number of topics. With respect to the non-Bayesian nonparametric models, the
numbers of the high rank topics had a tendency to increase with an increase in the
prespecified number of topics. In addition, the values of perplexity had a tendency
to decrease with an increase in the prespecified number of topics, and selecting an
appropriate number of topics from the data was difficult. Therefore, the Bayesian
nonparametric method contributed to extracting minimally essential topics from the
data. The results of this study indicate that when analyzing repeated measure data,
deducing the number of topics from the data by the Bayesian nonparametric mod-
els and fitting the proposed TTM by offline learning, whose prespecified number of
topics is the deduced one, might be better.

The limitation of this study is that we evaluated the methods with only one pre-
scription data set. In the future, it will be interesting to see the results of this proposed
method on other data sets as well as other types of data, e.g., consumer data for mar-
keting or text data. The evaluation and summaries from analyzing these data sets may
also provide novel insights into underlying trends.
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