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Abstract

This paper illustrates a strange property that was en-
countered when analysing keyword query data. The
objective of this work was to observe the temporal
properties of keyword queries. However, we found
that generic keyword queries that have large enough
volumes tend to follow the same “attractor” distribu-
tion. This phenomenon was discovered in a 3-month
dataset. However, a visually similar phenomenon was
also apparent when the keywords were searched on
Google.

1 Introduction

The temporal nature of keyword searches over inter-
net search engines carry useful information about their
semantics. As a result, analysing the temporal signa-
tures of queries has been attracting increasing atten-
tion in recent times [1, 5, 7, 9].

The shape of the temporal signature of a keyword
can be an indicator to a class of queries that it belongs
to, giving us insights into when, where and how much
of the keyword to expect at any time.

For instance, on Google Trends1, the queries vldb
and icde display predictable spikes corresponding
to submission deadlines, paper deadlines and the
conference, in their overall shape. Similarly, while
the keyword tsunami previously had very little vol-
umes, December 26 2004, shows a huge spike for this
keyword. After this event, the keywords tsunami
and earthquake both show similar patterns. Fig-
ure 1 shows another pair of queries: watersport and
aircondition, which display similar temporal shapes.

However, while observing these query patterns, we
discovered another deeper pattern. Keyword queries
tend to have the same overall temporal shape, when-
ever their volumes are high enough, no matter what
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they are querying for. Figure 2(a) shows daily key-
word volumes for two query terms: yahoo and access.
While the temporal signatures look vastly dissimilar on
an absolute scale, they are remarkably similar when
normalised. Figure 2(b) shows the same two queries,
where query volumes are normalised by removing the
mean and dividing by the variance. This shape seems
to be recurrent across different query terms and is
more likely to be seen as query volumes increase.

We call this temporal shape the “attractor pattern”
or the “heartbeat” of web keyword queries. To sub-
stantiate our findings, we also found an inverse corre-
lation between query volumes and the DTW (dynamic
time warp) dissimilarity between a given query pattern
and the attractor pattern.

We describe the process we used that led to this
discovery in the next section.

2 Temporal Signature Generation

The primary objective of our work was to cluster key-
words based on the shape of their temporal signatures.

In order to capture the shape of a temporal graph
of a keyword query, we need to perform the following:

1. Remove the scale factor from the shape

2. Encode the shape in a form that makes them pair-
wise comparable

We will first explain query shape encoding before
taking up the first point concerning normalisation.

Query logs were first aggregated to a day-wise res-
olution, by adding up the number of queries in a day
to represent its volume.

In order to encode the temporal shape of queries
to make them pairwise comparable, we considered the
quantum of change in query volumes from one day to
the next. The quantum change was then projected
onto a set of seven primitives labelled A through G.

The primitive A represents a sharp increase in query
volumes, while the primitive G represents a sharp de-
crease in query volumes from one day to the next.
Primitives B, C, E and F represent lesser amounts of



Figure 1: Google Trends for the queries watersport and aircondition

Figure 2: Absolute and normalised volumes for the terms yahoo and access on the AOL dataset

Figure 3: Primitives for representing quantum of
change

increase and decrease in volumes respectively. Primi-
tive D represents an insignificant or no change in query
volumes from one day to the next.

The primitives are assigned by mapping the slope
of the query graph in one time interval onto a radial
region as shown in Figure 3. The mapping process is
described below.

The slope of the line depicting change in query vol-
umes can be determined as:

∆q =
qt+1 − qt

∆t
(1)

where qt is the query volume at time t. The de-
nominator ∆t defines the resolution. For a low value
of ∆t the ∆q value or the slope would be high and all
changes would concentrate near A and G and similarly
for a high value of ∆t all changes would be low and
the slope would be in D region. In order to minimise
such biases in the calibration, we need to set ∆t to
a value such that it maximises the entropy of points
falling across the different radial regions.



The information entropy of a discrete random vari-
able X that can take values x1, x2, . . . , xn is given
by [3]:

H(X) = −
n∑

i = 1

p(xi)log2(p(xi)) (2)

where p(xi) is the probability that X takes the value
xi.

In our case, the entropy in the distribution of prim-
itives is calculated as:

H(∆q) = −
∑

∆q ∈ [A...G]

p(∆q)log2(p(∆q)) (3)

Once a suitable resolution factor is found, the time
series for each query is represented as a string made
from the alphabet of the seven primitives.

However, representing the query volumes in terms
of these primitives does not capture their overall
shape characteristics unless the query volumes are
normalised. Keyword queries on web search engines
are known to follow a power-law distribution, charac-
terised by theoretically infinite variance in their vol-
umes. There are a few search terms having enormous
volumes, and a large number of terms having very little
volume.

Given this wide variation in volumes, it is very plau-
sible for similar variations at different scales to be clas-
sified under different primitives.

For instance, Figure 2 shows query volumes for two
terms namely: yahoo and access in the dataset on
which the experiment was performed. The graph at
the top shows the actual volumes of the queries, mak-
ing the two time series look vastly different. However,
when the time-series was normalised by removing the
mean and adjusting for the variance, we see that they
depict enormous similarity in their overall shape.

Hence, before reducing the time series to primitives,
the volumes data is normalised as follows:

x′t =
xt − µ
σ

(4)

where xt is the query volume for term x at time t,
µ is the mean and σ is the standard deviation of the
query volume data for term x.

In order to compare strings of primitives, a dis-
tance metric is introduced across all pairs of primitives.
Table 1 depicts the distance matrix between pairs of
primitives.

Given the distance function, pairs of queries are
compared using dynamic time warp technique to com-
pute a distance measure between the respective time
series.

DTW is an algorithm for measuring similarity be-
tween two temporal sequences [6]. The algorithm finds
an optimal match between two given sequences with

A B C D E F G
A 0
B 1 0
C 2 1 0
D 3 2 1 0
E 4 3 2 1 0
F 5 4 3 2 1 0
G 6 5 4 3 2 1 0

Table 1: Distance between pairs of primitives

Figure 4: Illustration of the DTW process

certain restrictions. The two signals to be compared
are placed in a matrix, with one signal forming the
columns and the other, the rows. DTW then attempts
to find the shortest “warping path” that minimises the
overall distance from the start to the end. But since
the number of paths can grow exponentially, we do not
search for the best path in the entire matrix. The re-
gion for calculating the best path is bounded as shown
in Figure 4. A line is drawn from the top left of the
matrix to the bottom right such that at each step, the
row, column or diagonal neighbour is chosen, that has
the smallest distance.

The overall DTW distance at any cell (i, j) in the
matrix is given by

α(i, j) = d(qi, cj)+min(α(i−1, j−1), α(i−1, j), α(i, j−1))
(5)

Details of the experimentation and the dataset on
which it was run, is given in the next section.

3 Evaluation Results

The dataset used for experimentation were a set of
keyword queries from AOL2 with the following char-
acteristics:

1. The collection consists of around 20 million web
queries.

2. The collection is done over 650,000 users.

2http://research.aol.com/pmwiki/pmwiki.php?n=Research.
500kUserQueriesSampledOver3Months



3. The data is collected over a period of three months
from 1st March, 2006 to 31st May, 2006.

The dataset contains some sensitive user informa-
tion which has been removed before performing the
analysis. We used only the query aggregates and elim-
inated the user id field completely. As at the time of
submitting this paper, the dataset is no longer avail-
able at its original source.

For each keyword in the dataset, a temporal sig-
nature, namely a time series, was prepared with a
resolution of one day. The volumes depicted in this
time series were normalised according to equation 4
and were reduced to primitives. For this dataset, we
found that ∆t = 1

1.6 gave the maximum entropy in the
distribution across primitives.

When the keywords were clustered, we consistently
encountered the formation of one large cluster. Based
on this, we suspected that the temporal shapes of key-
words were similar.

When we compared the time series from different
keywords we observed that they were identical. This
was in spite of the lack of any similarity between
the keywords semantically. The only common factor
seemed to be the volume of the queries. The higher the
volume of a pair of keywords the more their similarity
was.

This similarity in shape was also visible on Google
Trends (now on Google Insights3). Figure 5 shows
Google Trends for the queries: book, california,
women, hair and access in order from top. Figure 6,
shows a more recent query on Google Insights for the
same keywords. In Figure 7, we queried for each of
the five words separately on Google Insights and over-
lapped them using an image processing tool.

Even though they are strikingly different from the
trends from Figure 1, all of them have very similar
shapes. We called this strange temporal shape, as the
“heartbeat” of web queries.

The “heartbeat” on the AOL dataset is shown
in Figure 8 where the respective search terms are:
google, yahoo, ebay, sale, lyric. The respec-
tive query volumes are 552 332, 417 368, 215 302, 174
773, 200 2844. Figure 9 shows these queries after their
volumes were normalised as shown in equation 4.

More examples of the “heartbeat” observed on
AOL dataset are shown in Figure 9 where the respec-
tive search terms are : google, book, car, picture
with respective volumes being 552 332, 93 649. 147
993, 291 505 and in Figure 11 where the respective
search terms are : google, house, school, mexico
with respective volumes being 552 332, 118 010, 245
838, 31 687.

Figures 12 and 13 shows these queries when their
volumes were normalised as shown in equation 4.

3http://google.com/insights/search
4The volumes are the number of queries observed on that

keyword in the dataset.

The important factor here was the volume; while
the mean daily volume for the query watersport was
around 5, the term book was queried at an average of
around 1100 times in a day.

In order to verify the correlation with volume, we
plotted the DTW distance between all queries q in
our dataset with the query having the highest volume
(which, incidentally was the keyword google in the
AOL dataset).

Figure 14 shows how the DTW distance between a
keyword q against the keyword google changes as the
difference in the respective query volumes increase. It
is apparent that as query volumes increase, the DTW
distance to the “heartbeat” exemplified by google de-
crease. When the correlation between the log of the
query volume and the corresponding DTW distance
with google was computed, we obtained a value of -
0.7865, indicating a high negative correlation between
volumes and the DTW dissimilarity with the heart-
beat. This correlation is also evident in figure 15,
which shows the variation of DTW distance of each
of the approximately 20 million queries against the log
of query volume.

The similarity between the volume of all the queries
put together and the volume of google is very high,
as shown in figure 16. Even though the volume of all
the queries put together and the volume of google
are vastly different, the “heartbeat” emerges when the
volumes of all the queries are summed up.

Another common factor across these queries show-
ing the “heartbeat” is that, they all represent generic
terms that don’t have periodic spikes and are not af-
fected by external events. One of the high volume
queries in AOL was the term myspace, whose time
series was significantly different from the heartbeat.
A major source of distortion was the occurrence of
sudden spikes in the query volumes. We estimated
the dates when some of the major spikes occurred
and searched the Web for any events corresponding
to myspace around that time. Sure enough, we found
the following events corresponding to some of the ma-
jor spikes:

1. On March 31st 2006, the market share of visits to
Myspace Video was reported as having increased
by 1242%5.

2. On May 2nd 2006, Myspace denied access to a
user who had created a profile in the name of
Barack Obama, a Chicago Senator6.

3. On May 22nd 2006, two teenagers were charged
with illegal computer access into Myspace and at-

5http://weblogs.hitwise.com/leeann-
prescott/2006/04/myspace video a youtube killer.html

6http://www.thatpoliticalblog.com/serendipity/archives/827-
Barack-Obama-steals-a-fans-MySpace-page.html



Figure 5: Google Trends for the queries: book, california, women, hair and access in order from top retrieved
on August 10, 2007.

Figure 6: Google Insights for the queries: book, california, women, hair and access in order from top retrieved
on August 7, 2008.

Figure 7: Manual overlap for the queries: book, california, women, hair and access in order from top retrieved
from Google Insights on August 7, 2008.

Figure 8: Attractor Distribution on AOL dataset

tempted extortion worth $150,0007.

Hence, the heartbeat seems to be the characteristic
of generic search terms having large enough volume
and which are unlikely to be affected by periodicity or

7http://www.theregister.co.uk/2006/05/25/myspace hack
charges/

external events.

One interesting characteristic, of the heartbeat ob-
served, was its rise and fall pattern across all queries
as shown in table 2. The conditional probability that a
rise in volume would be followed with a fall in volume
was more than double that of the conditional probabil-
ity that a rise would be followed by a rise. A similar



Figure 9: Normalised Attractor Distribution on AOL dataset

Figure 10: Attractor Distribution on AOL dataset

Figure 11: Attractor Distribution on AOL dataset

Figure 12: Normalised Attractor Distribution on AOL dataset

pattern was observed after a fall where it was more
likely there would be a rise in the volume immediately
after the fall. The heartbeat tended to oscillate more
between peaks and troughs in volume rather than con-
tinually exhibiting an increasing or a decreasing trend

in volume.

It would be very interesting to discern other such
characteristics of the heartbeat and perhaps also ob-
tain a generative model using the hints given by the
rise and fall pattern. Typically datasets depicting



Figure 13: Normalised Attractor Distribution on AOL dataset

Figure 14: Plot showing change in DTW distance to google against query volume

P (fall|rise) 0.68
Rise P (rise|rise) 0.27

P (constant|rise) 0.05
P (rise|fall) 0.60

Fall P (fall|fall) 0.28
P (constant|fall) 0.12

Table 2: Transition probabilities

large number of autonomous processes, display long
range dependencies (LRDs) or self similarity in their
structure. Unfortunately, the dataset we had was only
for 3 months, which was too little information to ver-
ify long-range dependencies. It would be desirable to
verify the heartbeat on a larger dataset.

4 Related Literature

Vlachos et al. [10] propose a method for finding tem-
poral similarity between queries based on Euclidean
distance between query demand patterns over time.

They also propose a method to detect bursts in query
demand. But, euclidean distance is brittle when com-
paring temporal sequences [4].

Chein and Immorlica [2] use correlation coefficient
to find similar queries with respect to a given query.
They also propose a mapping function which helps in
finding related queries in real time. Liu et al. [5] use
cross correlation as a distance measure. They partition
the queries into periodic groups and then cluster them.
Due to this, queries with no periodic behaviour will
not belong to the same cluster. C. Silverstein et al. [8]
try to find correlations between keywords in queries.
They use chi-squared test and correlation coefficient to
find the related queries and strength of the correlation.
As an example, the keywords www and com are highly
correlated. Keywords that occur in a phrase are con-
sidered similar and their correlations are calculated.

X. Shi et al. [7] define similar queries to be queries
which can be reformulated by adding, deleting or
changing some words of the original query string.



Figure 15: Plot showing the DTW distance to google against log of query volume

Figure 16: Absolute and normalised volumes for the total volume of all queries and the query google on the
AOL dataset

They use a modified version of the traditional ap-
proach of mining association rules to find statistical
associations between a given input query and other
queries. They use levenshtein distance to calculate
the similarities between queries. For example, they
consider ”adobe” and ”adobe photoshop as similar
queries. But queries like tsunami and earthquake
which have a similar temporal behaviour will not be
considered similar.

Ji-Rong Wen et al. [11] propose an approach to
cluster queries using user logs . In this approach,
queries are considered similar if users clicked on the
same documents. Also, they consider queries and se-
lected documents to have a stronger relationship than
between these queries and other documents. They do
not match temporal behaviour of queries, but rely on
keyword similarity and target documents.

Qiakun Zhao et al. [13] use click-through data



from query logs to find similar queries. They use a
marginalised kernel function to find similarity between
any two temporal sequences. In the marginalised ker-
nel function, they compare the keywords in queries
to find the similarity between queries. They also use
click-through data for different queries to compute the
similarity measure.

Zhiyong et al. [12] propose two methods to find
query recommendations from query logs. They con-
sider the similarities between keywords present in
queries. In the first method, they first calculate the
similarity between all queries by computing their sim-
ilarity in every session. In the second method, they
calculate the similarity between the terms in queries
and their inverse document frequency.

Eytan Adar et al. [1] present a study where they
compare query logs, blog posts and news articles.
They use [11] to cluster queries and find topics. They
use events from one source and try to predict those
in another. They use the cross correlation function to
find the correlation between two time series.

In [9], re-finding behaviour among users is studied.
A behaviour is considered re-finding if users click on
the same result for different queries.

In figure 1, we see that queries watersport and
aircondition show a similar temporal behaviour.
Though they have no common keywords and also may
not lead the user to select the same documents, we can
still say that they are similar. In this work, we con-
sider only the temporal behaviour of queries, by which
we can find similarity between disparate queries.

5 Conclusions

In this work, we showed that disparate keyword queries
on the Web across disparate sources exhibit strange
central limit properties. This work also shows that
the volume of the query determines the closeness of
the query distribution with the attractor distribution.
In the near future, we also intend to find the generative
model for the attractor distribution.
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