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Abstract

We analyze the web access log of Zillow.com — one of the largest real estate website and present a
hierarchical mixture model which learns clusters of users and sessions from the combination of web usage
and content data. The model is able to exploit the hierarchical structure of the usage data, and learns
stereotypical session types and user segments such as high end or low end house buyers. We show that
our model produces better clusters both qualitatively and quantitatively comparing to a 2-phase baseline
model.

1 Introduction

In this paper, we perform clustering analysis on the web usage data and web content data from Zillow.com —
one of the biggest real estate web portals in the U.S. This study leads to a novel latent variable model that
is able to exploit the hierarchical structure of the web log data, where users have multiple sessions which
have multiple pageviews, and automatically learns clusters that represent different stereotypical browsing
patterns.

Understanding user’s preference is crucial to online business. For web-based companies, user-website
interaction contains rich information about customers’ depth and range of interest in the product space. A
great amount of such interaction are captured by the web server access log. However, such data are often
under utilized in many companies possibly due to its high noise to signal ratio as well as the lack of effective
processing and modeling tools.

The online real estate market has experienced a rapid growth over the past years: according to latest
reports from National Association of Realtors [5], 90% of home buyers use internet for house research, 76%
physically visited homes viewed online, and 41% bought homes they found first online; In May 2013, the
number of unique visitors to the top 10 online real estate sites is 223 millions, with 74 visits per user [13].
Therefore, a better understanding of such a large web user base is valuable for improving the online house
shopping experience.

Learning from web access log is not a new topic and a great amount of work has been developed and
applied to various applications such as click stream prediction [6, 10], personalization [11, 4] and recommen-
dation systems [8]. See [14] for an overview of early work. However, these work generally focus on learning
from the usage data alone without the considering the web content information. Therefore, even reasonable
prediction rate is achieved, the users’s underlying interest or intent cannot be fully explained.

The work closest to ours is the one from Jin, Zhou, and Mobasher [9] using pLSI [7] to jointly model
the access data and web content data in an unified generative framework. The difference is that their model
operates on individual session level and does not model the correlation of sessions for the same user.

Generally speaking, our latent session model clusters pageviews into session based latent classes, and
based on which users are further clustered into groups. The model simultaneously learns 1.) latent classes of
sessions that represent stereotypical browsing pattern driven by different user interest; and 2.) soft clustering
of users over the latent session classes, which can be used as low dimensional features for classifications or
recommendations to improving ads targeting and personalization.



2 The Zillow Dataset

2.1 Raw data and preprocessing

The raw data comprise two sources: the server access log and the home property database. We preprocessed
the web logs from Feb 9 to Jun 5, 2013 which contains the users’ requests to home detail pages (HDP) in
Washington State.!. Each row in the data corresponds to one request from a user to an HDP with timestamp
and 3 IDs:

e guid: global unique id of a user. Guid is associated with a cookie set to never expire when the user
first went to the site.?

e session id: identifier of a browser session. Session is set to expire in 30 mins without new requests.

e property id: identifier of a home property.

Figure 1 shows the distribution of the number of pageviews per user (and per session) which follow the
powerlaw distribution typically seen in the web traffic [3].

Because of the skewness of the web log data, we restrict our analysis to users who have at least 5
pageviews. The pruned log data has 274636 unique users, 12946030 unique sessions, and 5482595 total
requests. User averages with 4.7 sessions and 20 pageviews; each session has 4.23 pageviews.

Frequency plot of guid Frequency plot of sessionid
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Figure 1: Fit Power-law distribution for number of pageviews per user (left) and per session (right).

The home property data contain features of the home properties such as the size, number of bedrooms,
lot size, estimated value, etc. To keep the model general and without relying on heavy feature engineering,
we choose 4 most basic features which we believe describes a home property:

SQFT, the finished size of in square feet.

lotsize, the lot size (if any) in square feet.

zestimate, the Zillow estimated market value in dollar.

isSFR, whether the home is a single family residence(SFR) or a condo apartment.

Ll s

Finally, we join the log data and the home property data and collapse the same HDP views in each
session. To capture the motivation underlying an HDP view, we also include 2 additional features to the
combined dataset:

1We filtered out bot traffic which is identified using a blacklist

21t is impossible to identify a physical user from the web log because a user can clear cookie anytime or using multiple
browsers. Therefore, even though a real user may have more than one “guid”, in this analysis we will assume “guid” and “user”
are interchangeable.



5. isforsale (Binary), whether the home is listed for sale at the time of the page view;
6. isrepeated (Binary), whether the pageview is repeated during the same session.

The intuition is that “isforsale” indicates user’s underlying interest, e.g. to buy or to sell a house, and
“isrepeated” provides behavioral evidence of the action. Table 1 lists an example of the combined data for
a user with 2 sessions.

guid sessionid sqft lotsize zest issfr forsale isrepeated
ffa7a546866b467... 55FE6C8200EE9... 2550.00 8712.00 655048.00 1 0 0
ffa7a546866b467... 55FE6C8200EE9... 3230.00 7725.00 681007.00 1 0 0
ffa7a546866b467... 55FE6C8200EE9... 2670.00 12196.00 719513.00 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 3170.00 8712.00 705076.00 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 3700.00 14754.00 620250.00 1 0 0
ffa7a546866b467... 9D478E84AD5SE6... 3033.00 8712.00 663147.00 1 1 0
ffa7a546866b467... 9D478E84ADSE6... 2220.00 11804.00 667096.00 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 2540.00 10890.00 511360.00 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 2490.00 14374.00 800051 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 2430.00 9191.00 684356.00 1 1 0
ffa7a546866b467... 9D478E84ADS5SE6... 3150.00 14461.00 800065.00 1 1 0
ffa7a546866b467... 9D478E84AD5SE6... 3170.00 9583.00 726414.00 1 1 0

Table 1: An example user with two sessions in the combined dataset.

2.2 Feature Distribution

Among the 2457970 homes properties in the home property data, zestimate ranges from 32950 to 4198000
with an average of 270400; 78 percent of the properties are Single Family Residence. Figure 2 illustrates the
estimated density of the home property features fitted with LogNormal distribution, which is widely used
for modeling asset prices both theoretically and empirically. The zestimate and SQFT are well fitted with
LogNormal distribution except for the outliers at the high end. The heavy tail effect seen at lotsize and the
upper end of zestimate can be explained by spatial heterogeneity [12].

The final feature space captures two orthogonal aspects of a pageview: the type of the interest described
by SQFT, lotsize, zestimate, isSFR and the intent described by isforsale and isrepeated. Figure 3 shows
the density of of each feature averaged by user and by session in the combined dataset. It is important to
notice that the density shape of forsale and isrepeated are significantly different in two settings. The session
level density are highly concentrated. Forsale is strongly trimodal, meaning sessions are either spent at only
forsale home, only forsale homes, or half half; and most of sessions do not repeat any pageviews. However,
at user level, density of forsale ratio smooths out across the rest of the domain; isrepeated has a big density
region between 0 and 0.5.



Fit of log(zest) with Normal Dist.
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Figure 2: From top to bottom are the estimated density of zestimate, SQFT, and lotsize with LogNormal
distribution.
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Figure 3: Density plots of the features in the combined dataset averaged by user (a) and by session (b).

3 Model

3.1 A simple 2-phase baseline model

It is natural to start with a 2-step procedure, where we first cluster all the sessions and then aggregate the
counts of the session clusters for each user.
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A simple way to create session level feature is to average the pageview level features by sessionid and
standardize to have unit variance. Then we can choose one of the cluster algorithms, e.g. K-Means in
this case, to obtain a hard clustering of sessions over K latent classes (z;;). In the second step, we simply
aggregate and normalize the sessions’ cluster counts to obtain the user’s mixture: p;; = M

Despite the simplicity of K-Means, it performs relatively well at clustering sessions intomlfepresentative
groups [11]. However, when the goal is to cluster the users, the key problem of such ad-hoc procedure is that
sessions are clustered independently from the users. As we see in figure 3, the distributions are differently
at user level and session level. As an example, there are 7% of the sessions in which all pageviews are
repeated; on the contrary, only 2% users have more than half repeated pageviews. Consequently, the session
clusters could be “overfitted”, e.g. having a cluster with just high ratio of repeated pageviews. On the
other hand, when the session clusters aggregate into user level mixture, such high-repeated-ratio cluster
is not representative and the corresponding component size is small. In addition, this procedure cannot
model the correlation between features, e.g., zestimate, SQFT and lotsize. It also lacks unified probabilistic
interpretation, making it difficult to add priors knowledge and tune parameters.

To overcome these problems, we propose a hierarchical mixture model which 1) jointly models users and
sessions to share information among sessions of the same user, 2) allows flexible choice of distribution to
model different feature types and 3) is able to capture correlation between features.

3.2 Latent Session Model

As mentioned in previous sections, the difference between the distribution of session level features and that
of user level features suggest that a user’s intent within a single session is relatively consistent comparing to
those across sessions.

To capture such intuition, we start by modeling sessions with a discrete latent class variable taking
values from 1--- K. The latent class represents the user’s goal or intent for a single session. Next, users are
modeled as (sparse) multinomial distribution over K latent session class. The reason is that, users could
have different intent or goals in different context, but the overall usage should be concentrated within a few
goals depending on the long term interest.

Finally, conditioning on the session’s topic, pageviews within the same session are assumed to be i.i.d.
generated from the topic specific distribution, forming a naive bayes structure. The choice of distribution
depends on the actual type of the feature. We use multivariate normal distribution to jointly model the
continuous features, i.e. log of zestimate, lotsize, and SQFT, denoted as «; Poisson distribution for the number
of unique pageviews denoted as n; and independent Bernoulli distribution for binary variables denoted as
b (e.g. isSFR, isforsale and isrepeated). For simplicity, we use conjugate priors on all model parameters.
Specifically, the Dirichlet prior over the user’s multinomial distribution can be used to control the sparsity
of the session classes at the user level.

Such model can be viewed as a variant of the topic model[2], or an equivalent pLSI model [7], where we
can draw analogy between user and document, latent session class and topics, and pageviews and words.
The difference lies in the choice of distribution and the naive bayes structure between the session class and
the pageviews of that session. More formally, we define the generative model as follows:

m; ~ Dir(ap)
zijlmi  ~  Cate(m;)
A~ Gamma(aq, 1)
nijlzij ~ Poisson(\;,;)
pi X~ NIW(po, ko, vo, ¥o)
Lijk |Zij ~ N(“Zij ) Zzij)
p ~ Beta(as, B2)
bijrlzi; ~ Bern(pzij)

Figure 4 lists the notation table and draws the graphical model in the plate diagram.
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Figure 4: Latent Session Model

3.3 Inference

There are three sources of uncertainties to be inferred from the data:

1. distribution over session classes for each user: m; fori=1: V.
2. the topic assignment for each session: z;; for j =1 : V;.
3. the distribution over features conditional on the latent class: g, g, A, Pk

The complete likelihood is:
P(w,b, ,n’uzvﬂ-aAupvllﬂE)
= P(u, )P (p) PN, P(mi) I Pzij]m3) P(nij| Az, )2 P(@jk| e, e, ) P(bijlpey,)

We treat the topic assignments z;; as latent variable Z, the rest as parameters © = {7, u, ¥, p, A}, and apply
expectation maximization to learn the model. In the E-step, we fix the estimated © and compute p(Z|0).

Nij

log q(zi = I|X, 0) o< log p(nij|\i) + Y log p(@iji| i, £1) + log p(bijklpi) (1)
k=1

In the M-Step, we fix ¢(Z|©), and find MAP estimation of the parameters.

Weighted Sufficient Statistics (2)

T = > 4z = DEije (3)
ijk

by = > 4z = Dby (4)
ijk

?l = Zn”q(z” = l) (5)
17

S = D aqlz =) (wijn — B (@ijn — 7)) (6)

ij k=1

ﬁl = Z q(zij = l)nw (7)
ij

(8)
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During the M-Step, we also infer the missing data using the MAP estimate. The model is learned by
alternating the E-step and M-step, until the expected log likelihood converges.

In the context of clustering, the model learns 1.) soft clustering of session over classes; 2.) soft clustering
of user over session classes; and 3.) soft clustering of features over session classes.

4 Evaluation

We initialize the baseline model using K-Means++ [1], which guarantees to produce results close to the
global minimum with high probability. After that, the result of the baseline model is used to initialize the
full model.

Before jumping into the evaluation, there are two important questions we need to answer: how to choose
the number of latent session classes K, and how stable is the clustering result. Choosing K is still an active
research area, and the actual choice depends various from case to case. Here, we choose the number of
clusters which has the best trade-off between stability and objective value. This will also address the second
question about the cluster stability.

4.1 Sensitivity Analysis and Model Selection
For given K, the K-Means algorithm minimizes the total within-cluster sum of squares (TWISS):
1
. - . L . 2
min ;@%ﬂK I1X; — ¢ (18)

where ¢; € R%1 < j1 < K are the cluster centers. To measure the distance between the two set of cluster
centers, we define the following matching distance:

K
. 1 ™ k
C: Cy) = mip 7 21T = CHlh (19)
where Il is the set all possible permutations of {1,---, K'}. The distance metric d defines the [; distance

between two sets of cluster centers C; and C; under the best matching of cluster ids. Figure 5 illustrates the
mean and standard deviation of TWISS (top) and matching distance (bottom) for K € {5, 10, 15,20} and
n = 20 experiments for each K. The sample for the latter measurement is taken from all unique pairs from
1,--- ,n. We see the “elbows” for TWISS at K = 10 and for the matching distance at K = 15.

For the best trade-off between stability and good local minimum, we choose K = 10. The rest of the
results are based on the experiment for K = 10 with the lowest TWISS.



4.2 Characteristics of Latent Session Classes

Figure 6 visualizes the latent session classes by plotting the features from each latent session class. For the
baseline model (left), we plot the mean and the standard deviation of the features in each cluster. For the
latent session model (right), we plot the parameters of the feature distribution. While two results are similar
at the first glance, the main difference lies in the forsale and isrepeated where the baseline model learns
extreme values. For example, the cluster 5 and 6 in the baseline model has 80% repeated pageviews but the
ones in the latent session model only have 30%. Such difference suggest that the baseline model suffers from
overfitting due to its 2-phase procedure. There are sessions within which pageviews are always repeated,
however, most of them are very small sessions, e.g., sessions with just a click and a refresh. Therefore these
sessions alone are not significant enough to form its own cluster in the full model where parameters are
shared among other sessions of the same user.

Another way to visualize the latent session classes is via hierarchical clustering of the parameter space,
as shown in figure 7a. From the dendrogram, it is easy to read out the characteristics of each session class
and assign them the corresponding stereotypes:

e Class 2 and 7 are for Condo researching and shopping.

e Class 1 and 10 are for low end SFR researching and shopping.

e Class 4 and 9 are for the Power Sessions featuring high pageview counts, averaging 150 and 30 unique
pageviews respectively.

e (Class 5 and 6 are for SFR shopping and SFR researching featuring repeated views on medium value
houses.

e Class 3 and 8 are for Special Interests featuring non-repeated pageviews on high value and big lot
houses respectively.

The latent session model also enables us to visualize the covariance structure between the features. As
is shown in figure 8, clusters have different covariance structures among zestimate, SQFT and lotsize. For
example, the size of the house influences zestimate more in the “low end SFR” cluster 1 than it does in the
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Figure 5: The mean and standard deviation of the total within-cluster sum of square (top), and the matching
distance (bottom) for K = 5,10,15,20 and over 20 experiments for each K.



4

“higher end SFR” cluster 3. Another example is that the lot size does not affect zest as much in the
big lot” cluster 8 as it does in other clusters with normal lot size.

We can also visualize the distribution of session classes within different user groups. We obtain user
metadata for a subset of the users and label each user with one of the four groups:

‘very

. Professional: real estate agent, broker etc.

. Internal Employee: Zillow internal employees identified using IP addresses.
. Active buyer: users who have taken actions to contact a local agent.

. Unknown: the rest of the users.

=W N =

It is worth mentioning that the first three groups are not mutually exclusive as people might take different
roles in different times. For simplicity, we only assign one group to each user in the order of Internal >
Professional > Active buyer > Unknown. This results in 11327 professionals, 466 internals, 3444 active
buyers and 259399 unknowns.

Figure 7b illustrates the distribution of the latent session classes averaged by the group label. It is not
surprising to see that internals has the highest probability mass in class 3, which is for high value houses
and the lowest mass in class 1, which is the low end and not forsale houses. Also, active buyers have higher
mass in class 5 and 7 which are medium SFR, shopping and condo shopping.

4.3 User Purity

In a 90-day time window, it is reasonable to assume that users only have a few session types, for example, it
is less common that a user is simultaneously seriously interested in both high end and low end houses. We
define the purity of a user as the number of distinct classes taken for his sessions. For example, the possible
purity values for a user with 5 sessions are 1 to 5, the smaller the purer.

Figure 9 summarizes the density of user purity for both models. We omit the trivial case where users
have only one session, and combine the cases where the session count is greater than the number of classes.
Because the latent session model outputs soft clustering of sessions over latent classes, we plot the sampled
mean with standard error.

For the baseline model, the user purity exhibits normal-like density shape because the session classes are
learned independent of the user constraint. However, because the full model jointly learns the user cluster
and session cluster, the resulting user purity is higher, even for people with 10 sessions, 20 percent take on
only one session class and the mode is 2 classes, which is more realistic.

4.4 Classifying User Groups

Although the main focus of unsupervised generative models is to assign data points into groups and enable
exploratory analysis, predictive tasks can still be useful for model selection and assessment. For both
models, we treat the user’s distribution over session class as low dimensional features, and train Support
Vector Machines to classify which group the user belongs to. We run the experiments 100 times, each time
with 100 users uniformly sampled from each group. In each experiment we train SVM to discriminate all
possible pairs of the groups using 5 fold cross validation, and report the mean accuracy per group pair. For
comparison, we also show the accuracy of SVM trained using raw features averaged by user. The results are
summarized in figure 10. The latent session model significantly outperforms the baseline model in all cases
except for agent v.s unknown. The largest improvement in accuracy is 10% for internal v.s unknown. On
average, the accuracy of latent session model is 4.5% higher than that of the baseline model. Raw features
score the highest accuracy in all cases, and the improvement over the latent session model ranges from 0.7%
to 6.74%, averaging 2.8% across all cases. However, the raw features can not be used for clustering and
summarizing the data.
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Figure 8: Contours of the estimated covariance between zestimate and SQFT (left), and zestimate and lotsize
(right) for session class 1,2,3, and 8.
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5 Conclusion and Future Work

We present a generative model for learning the user web interaction from the combination of web server logs
and web contents. We applied our model to a novel dataset obtained from a large online real estate website
and automatically learned the stereotypical sessions such as shopping or researching on different types of
houses. We evaluated our model by comparing it to a 2 phase baseline model qualitatively at exploratory
tasks and qualitatively at classification tasks. The model can be easily generalized to other types of web
traffic, e.g., books or travelings to gain a better understanding of the user base.

Current model assumes exchangeability for sessions, and a naive bayes model between sessions and their
pageviews. Future work includes modeling the sequence structure of sessions and the correlation among
pageviews.
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