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I.

INTRODUCTION

In this paper, we examine three Google search trends
and ask whether or not we can predict them using delaycoordinate embedding. Usually we cannot measure, or
may not even know, every state variable of a dynamic
system. Often, and in this case, all we have is a time series of just one of the system’s observable state variables.
A method for trying to reconstruct the state space of
the system is called delay-coordinate embedding. The
technique dates back to Packard et al.’s [17] work constructing a set of vectors using time-delayed coordinates
of the original time series. Shortly thereafter, Takens [19]
proved that this method resulted in a topologically correct representation of the true dynamics of the system.
Building off this work, researchers have used the Lorenz
Method of Analogues (LMA) to generate successful forecasts of a wide range of time series: from childhood rates
of the chicken pox and measles, to predictions of computer performance [5, 14, 16]. In this paper, we use
delay-coordinate embedding and LMA to see if we can
accurately forecast Google search trends.

In order to obtain the highest resolution data set possible, while still reflecting the underlying trend, we needed
to identify the scaling factor between points across two
time windows. By making requests by the week, we were
able to access hourly data. We also asked for the same
hour at the beginning and ending of two requests, to
identify the scaling factor. Then we stitched together a
coherent time series reflecting relative search interest of
a topic within hourly precision.
Hourly data is only available dating as far back as
January 1st, 2015. Our data contains hourly snapshots
up to April 20th, 2017 resulting in each time series
containing 20,280 points total. It should be noted that,
unlike calculations of the Lyapunov exponent or fractal
dimension which require preservation of the diffeomorphism between real and reconstructed dynamics, there is
no hard limit on the number of data points required [18].
These time series can be generated for any keyword.
In this paper we study three periodic trends in particular: (1) “influenza,” (2) “full moon,” and (3) “baseball”.

B.
II.

METHODS

The code used to generate the data and plots for this
paper can be found on Github [15].

A.

Data Collection

In 2007, Google Trends [11] was published to allow
users to explore trending search topics. As a search engine, Google uses search history to return personalized
search results [9] and predict search requests [10]. These
time series are generally non-linear, with an unknown
number of state variables.
In this paper, we use an unofficial Google Trends client
written in Python [7]. We pass the API a keyword and
a time frame for which to return search results across.
The trend returned represents relative search interest,
scaled across the window of time requested. Furthermore,
the resolution of the time series varies with the window
requested (see Fig. 1).
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Weighted Permutation Entropy

Permutation entropy (PE) involves constructing sets
of ranked ordinals across a time series [1]. Calculating
PE requires the tuning of three parameters: the number
of points in the ranked ordinal set l, the spacing between
each point in the ranking τ , and the number of points to
look across N . A variant of PE, weighted permutation
entropy (WPE), takes into account not only the ordering of the time series but also its amplitude [3]. The
probability of seeing an ordinal ranking π is
P
l
l
i≤N −l w(xi+1 ) · δ(φ(xi+1 , π))
P
pw (π) =
l
i≤N −l w(xi+1 )
where the weight associated with an ordinal ranking is
i+1

w(xli+1 ) =

2
1X
xj − x̄li+1
l j=1

the average difference between each point in the series
and the average of the whole series. Altogether, weighted
permutation entropy over a window of length N from the
set Sl of ordinal rankings π is
X
WPE = −
pw (π) log2 pw (π)
π∈Sl
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FIG. 1. Search interest in “full moon” from January 1st 2015 to present day (left), and from April 19th through 26th (right).
Notice the change in scale and different resolutions. In Fig. 4, the stitched together trend is shown.

For WPE ≈ 0, the trend is totally predictable, whereas
for WPE ≈ 1, the trend is unpredictable. For all three
calculations of weighted permutation entropy, we chose
l = 4, τ = 24, and N = l! ∗ 100 = 2400 [4].

C.

Lorenz Method of Analogues

Lorenz method of analogues (LMA) is essentially a
k-nearest neighbor search in the embedding space [14].
First we divide our time series into training (80% of the
time series) and prediction (remaining 20% of the time
series) sets. Then the prediction set is delay-coordinate
embedded, by appropriate choices of delay parameter τ
and embedding dimension m using the TISEAN package [12, 13]. Next, for each point in our prediction set,
we will choose the k nearest neighbors to that point in
our full embedding. The choice of k represents a tradeoff between bias and variance in our prediction task. As
k increases, we better suppress noise in our data, but
we also lose precision. Once we have chosen the k nearest neighbors to a point in our test set, we follow those
points from our training set and return their average. In
the simplest case we follow the points for one step in
time. We could also generate a multi-step forecast, following those points multiple steps forward in time [6]. In
this paper, we present single-step forecasts with k = 5.

D.

Mean Absolute Scale Error

To measure our prediction accuracy, we will calculate
the mean absolute scaled error (MASE) between our prediction and the true signal as such:

M ASE =

k+n+1
X
k
j=n+1 n−1

|pj − cj |
Pn
i=2 |xi − xi−1 |

The numerator of MASE represents the average prediction error (|pj − cj |/k), and the denominator represents the average error under a random walk prediction
(|xi − xi−1 |/(n − 1)), using the previous value in the observed signal as the forecast. A MASE < 1 means our
prediction error was on average smaller than a random
walk forecast. On the other hand, MASE > 1 means
that our prediction method did worse on average when
compared to a random walk. Furthermore, (1/MASE)
represents the factor by which we did better than a random walk [6].

III.
A.

RESULTS
Influenza

In this paper, search interest in influenza was chosen
because there is scientific interest in predicting how many
people will be sick next year, how much of next year’s flu
vaccine should be made, etc. Search interest in the flu
has shown to be well correlated with historical cases of
the flu [8], but also have been shown to be poor predictors
of the 2011-2013 US flu seasons [2]. The trend in relative
search interest is shown in Fig. 2.
We plotted WPE across the trend in Fig. 3 using l = 4,
τ = 24, and N = 100 ∗ l! = 2400. Since WPE is so
high (average of 0.7946), this time series appears largely
unpredictable.
In order to run LMA, we need to delay-coordinate embed our data under appropriate choices of delay τ and
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FIG. 2. Hourly search interest in “influenza” from January
1st 2015 to April 20th 2017

FIG. 4. Hourly search interest in “full moon” from January
1st 2015 to April 20th 2017

In Fig. 5, WPE for our trend is shown under the same
parameters l, t and N as mentioned earlier. WPE is
significantly lower than it was for influenza (average of
0.5360). This suggests that search interest in full moon
is more predictable than interest in influenza.

FIG. 3. Weighted permutation entropy for search interest in
“influenza”

embedding dimension m. The mutual information oscillates quite a lot around its overall shape. We chose the
very first minimum at τ = 13. Using this value of τ , we
plotted the percentage of false nearest neighbors (FNN)
as a function of embedding dimension. We chose m = 5
such that FNN dropped below 10%.
Our prediction is shown at the top of Fig. 8. The
MASE is 1.2518, meaning that on average we did worse
than a random walk.

B.

Full moon

Search interest in the full moon was chosen because
we were curious if a trend with a much smaller period of
oscillation would affect prediction accuracy. The trend is
shown in Fig. 4.

FIG. 5. Weighted permutation entropy for search interest in
“full moon”

Before running LMA, we plotted mutual information
with respect to the location within the data. The first
minimum occurs at τ = 14. Using this τ , we plotted the
percentage of FNN as a function of embedding dimension.
We chose m = 5, where FNN just begins to drop below
10%.
Our prediction is shown in the middle plot of Fig. 8.
The MASE is 0.9079, meaning than on average our prediction did slightly better than a random walk.
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C.

Baseball

Finally, the last data set we considered was search interest in baseball. As you can see in Fig. 6, search interest rises over the summer months.

Again, we first need to embed our data. The delay
parameter τ was found by plotting mutual information.
The first minimum value occurs for τ = 5. The percentage of FNN drops below 10% for an embedding dimension
of m = 4.
Our prediction is shown at the bottom of Fig. 8. The
MASE is 0.3872, the lowest error of all predictions made.
In other words, we performed 2.5826 times better than a
random walk forecast.

IV.

DISCUSSION

Circling back to our original research question: Are
Google search trends predictable? We have only considered three search trends, but it appears that some search
trends are predictable. Interest in baseball, even though
it has the highest weighted permutation entropy, has the
lowest prediction error. Predictions of search interest in
full moon also perform relatively well as compared to a
random walk. Though, like Google, we could not predict
search interest in influenza better than a random walk.

FIG. 6. Hourly search interest in “baseball” from January 1st
2015 to April 20th 2017

From Fig. 7 we can see how WPE varies across the series. The WPE is the highest for all of the trends considered (average of 0.8647), suggesting that baseball should
be least predictable.

FIG. 7. Weighted permutation entropy for search interest in
“baseball”
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FIG. 8. The true points in our test data (blue circles), and predictions (red pluses) using one-step forecasts of LMA under
k = 5. From top to bottom, search interest in “influenza,” “full moon,” and “baseball.”

