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Abstract Search data can be used to forecast macroeconomic measures. The
present study extends this research direction by drawing on real sales data from a
household panel over two years. Specifically, the study analyzes whether search
data improves forecasts for seven products groups of durable goods. The forecast
model also includes the average weekly price and a dummy for the Christmas
season. Forecast accuracy is indeed improved when search data is included even
for product groups that have a short information and search phase. The product
groups, however, need to be chosen carefully, because some durable goods show
no lag between online search and purchase.
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1 Introduction

One part of the consumer decision process is the information and search phase
(Schultz, 2007). Consumers search to retrieve information, e.g. on product
features and retail conditions. Consumers consequently base most of their
decisions on the information obtained and thus predetermine their choices
during this phase (Schultz, 2007). Online searching has become a primary
source of information for people, drastically reducing individual search costs.
Consumers draw, e.g., on product reviews (Fan et al., 2017), social media
(Asur and Huberman, 2010; Hennig-Thurau et al., 2015), and search engines
(Kulkarni et al., 2012). In particular, search engines, such as Baidu, Bing, and
Google, provide fast access to the information sought for.

Beyond informing consumers, the underlying consumer behavior has become
itself a source of information for companies and researchers. One stream
of research addresses the potential of such information for the purpose of
forecasting. For example, Fan et al. (2017) extract a sentiment index from
product reviews to augment product forecasts. Social media has similarly been
used to forecast the success of cinema movies (Asur and Huberman, 2010;
Hennig-Thurau et al., 2015) and to predict stock performance (Tirunillai and
Tellis, 2012; Sul et al., 2017). Another source of information in this research
stream is search data.

Search data relates to the search queries users enter in search engines
during their search process. Search data has previously been used to forecast
automobile sales (Fantazzini and Toktamysova, 2015), cinema admissions
(Hand and Judge, 2012; Kulkarni et al., 2012), economic indicators (Choi
and Varian, 2012; Vosen and Schmidt, 2011), housing prices (Oestmann and
Bennöhr, 2015; Dietzel, 2016), influenza epidemics (Ginsberg et al., 2009),
tourism demand (Önder and Gunter, 2016; Park et al., 2017), and unemployment
rates (D’Amuri and Marcucci, 2017). For the prediction of risks and returns
in stock markets see Calomiris and Mamaysky (2019). These studies indicate
that search data may be useful for forecasting macroeconomic measures. For
product sales, these forecasts serve as the basis for planning activities concerning
multiple company functions, such as production, procurement, communication,
and distribution.

The present study explores the use of such search data to forecast sales of
durable goods. More precisely, the study draws on panel data for seven product
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groups: audio books, blu-ray-players, calendars, children’s books, hifi systems,
smartphones, and televisions from a two-year period. Compared to automobiles
and housing, the consumer search process is considerable shorter in these
product categories. This study thus contributes to the applicability of search
data in case of short search decision phases.

The retail perspective further motivates this approach. Retailers, especially
stationary retailers, have limited shelf and storage space. Increasing forecast
precision reduces overstock due to overestimating product sales and reduces
revenue loss due to product shortage when underestimating product sales. In
particular, retailers may increase storage and shelf efficiency. The research
question of this study, thus, is: Does search data help forecasting sales in case of
product groups with a rather short information and search phase?

The remainder of the paper is organized as follows. Section 2 relates this
study to the existing literature on using search data for forecasting purposes.
Section 3 first outlines the data sample. This section also addresses the modeling
approach. Then, the data is analyzed and the empirical results are presented. The
paper concludes with a discussion and an outline for future research directions.

2 Related Literature

Online data have been used to predict product sales, such as product reviews
(Fan et al., 2017) and social media (Asur and Huberman, 2010; Hennig-Thurau
et al., 2015). The present study relates particularly to research on integrating
search data in forecasting tasks. This section, thus, focuses on studies closely
related to the research question.

Two influential works are Ginsberg et al. (2009) and Choi and Varian (2012).
Ginsberg et al. (2009) demonstrate that search data helps forecasting influenza
levels in nine regions of the United States. The reporting lag is about one day
and, thus, one to two weeks ahead of the competing surveillance report. The
authors fit a linear model using the log-odds of the percentage of physician
visits V and of the related fraction of search queries Q where 𝛼 is a coefficient
and 𝜖 is the error term:

logit(𝑉 (𝑡) = 𝛼 · logit(𝑄(𝑡)) + 𝜖 . (1)
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Based on earlier technical reports, Choi and Varian (2012) show the broad
applicability of search data to social and economic indicators. These indicators
refer to trends in automotive, unemployment, travel, and consumer confidence
indices. For example, search data categories (in particular related to SUVs and
automotive insurance) can improve the forecast on monthly sales for vehicles
and parts by the Census Bureau of the United States:

sales𝑡 = 𝛼 + 𝛽1 sales𝑡−1 +𝛽2 sales𝑡−12
+ 𝛽3 search(SUV) + 𝛽4 search(Insurance)
+ 𝜖 .

(2)

In these cases, a seasonal autoregressive model including search data performs 5
to 20 percent better than its benchmark without search data. Subsequent research
has addressed these areas in more detail.

Using monthly automobile sales, search data is also applicable with forecast
horizons of up to two years (Fantazzini and Toktamysova, 2015). The authors also
include notable economic indicators and compare a variety of competing models.
In these long-term forecasts, search data may explain some part of the nonlinearity
of sales data. Similarly, models including search data outperform alternative
indicators, improving forecast horizon for unemployment rate (D’Amuri and
Marcucci, 2017). For the unemployment rate U, autoregressive models with
other explanatory variables X are adopted, including lag polynomials such that
𝛽1(𝐿)𝑈𝑡 =

∑𝑝

𝑗=1 𝛽1, 𝑗𝑈𝑡− 𝑗 and 𝛽2(𝐿)𝑋𝑡 =
∑𝑞

𝑗=1 𝛽1, 𝑗𝑋𝑡− 𝑗 :

𝑈𝑡+ℎ = 𝛼 + 𝛽1(𝐿)𝑈𝑡 + 𝛽2(𝐿)𝑋𝑡 + 𝜖 . (3)

Search data also augments travel predictions (number of tourists) in comparison
to standard time series, for example, to Austria (Önder and Gunter, 2016)
and South Korea (Park et al., 2017). Here, Önder and Gunter (2016) find that
textual search data performs better than data from image search, but that both
may complement each other. The authors base their forecasts for tourists T on
autoregressive distributed lag models including previous tourist numbers, web
search W, image search I, monthly dummy, and a deterministic linear trend:
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ln(𝑇)𝑡 = 𝛼+
12∑︁
𝑔=1

𝛽1,𝑔 ln(𝑇)𝑡−𝑔 +
12∑︁
ℎ=1

𝛽2,ℎ ln(𝑊)𝑡−ℎ

+
12∑︁
𝑖=1

𝛽3,𝑖 ln(𝐼)𝑡−𝑖 +
11∑︁
𝑗=1

𝛽4, 𝑗month 𝑗 + 𝛽5 trend

+𝜖 .

(4)

In times of economic stability and high internet usage, search volume increases
the explanatory power to predict house prices (Oestmann and Bennöhr, 2015;
Dietzel, 2016). The authors use quarterly data and thus provide an approach of
aggregation for the weekly search index. Oestmann and Bennöhr (2015) use a
lagged fixed-effect regression to model house prices P. In particular, the authors
include independent controls such as inflation, interest rates, and unemployment
(denoted as vector X), seasonal dummies, a crisis dummy, and search data
categories:

ln(𝑃)𝑖,𝑡 = 𝛼 +
3∑︁

𝑔=1

𝛽1,𝑔 (𝑋)𝑖,𝑔,𝑡−1 +
3∑︁

ℎ=1

𝛽2,ℎ seasonℎ,𝑡−1

+ 𝛽3 crisis+𝛽4 search𝑖,𝑡−1 + 𝜖𝑖,𝑡𝜇𝑖 .

(5)

Similarly, Hand and Judge (2012) use fixed monthly seasonal dummies, a time
trend, search data, and previous admissions to forecast cinema admissions. Here,
search data refer to the predicted cinema admissions of the same week, thus
nowcasting without any lag:

ln(admission𝑡 ) = 𝛼 + 𝛽1 ln(admission𝑡−1) + 𝛽2 ln(admission𝑡−12)

+ 𝛽3 search𝑡 +
11∑︁
𝑗=1

𝛽4, 𝑗 season 𝑗 +𝛽5 trend+𝜖𝑡
(6)

In consequence, with considerably shorter search phases, search data increases
the accuracy of forecasts on general cinema admissions (Hand and Judge, 2012)
and box office revenues (Kulkarni et al., 2012). Similarly, Boone et al. (2015)
find no lag for food products in their exemplary introduction. Table 1 presents
an overview of related studies that integrate search data in sales forecasting tasks.
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3 Methodology

3.1 Data Sample

The present study draws on two data sources. The GfK household panel provides
sales data for seven groups of durable goods: Audio books, blu-ray players,
calendars, children’s books, hifi systems, smartphones, and TVs. All of these
product groups have rather short search behavior processes, but show differences
in other areas. For example, purchases of calendars predominantly happen at the
end of a year and purchase decisions for TVs take more time compared to all
other product groups. The panel consists of 15,515 households over a two-year
period (01.01.2014 – 31.12.2015) and includes 43,720 data entries. A data entry
is one transaction for one household and day. Consumers bought 1,955 audio
books, 1,595 blu-ray players, 12,732 calendars, 16,007 children’s books, 2,265
hifi systems, 6,002 smartphones, and 3,164 TVs.

Search volume is registered by Google Trends. The data service provides
a time series index [0...100] of query volume that users enter into the search
engine (Choi and Varian, 2012). Each time series is normalized by dividing
the count for each query in a week by the total amount of online search queries
(Ginsberg et al., 2009). The higher the index, the higher the search volume
for the query selected. These query fractions are provided on a weekly basis
stemming from Germany. The search volume is retrieved for the seven product
categories introduced above (search queries (in German): Hörbücher, Blu-ray
Player, Kalender, Kinderbücher, Hifi Anlage, Smartphone, and Fernseher). A
single search term represents these seven product groups well linguistically. To
consider a corresponding lag between search volume and sales, the data period
runs from 01.12.2013 to 31.12.2015.

Table 2 provides an overview of the sales and search data. Following the search
volume, data is aggregated on a weekly base. For example, 967 households
bought a total of 1,955 audio books with an average weekly price between 5.08
and 25.20 Euros over the 105 weeks. The search index ranged from 56 to 100
in those two years. Figure 1 displays the sales and search series for the seven
product groups.
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Figure 1: Sales and Search Series for the Product Groups.
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Table 2: Weekly Data Overview.

Product Group Households Sales Price Search Volume
min max avg sd min max avg sd min max avg sd

Audio book 967 5 57 18.6 9.06 5.08 25.20 13.68 3.89 56 100 73.5 9.16
Blu-ray player 1,372 3 37 15.2 6.47 28.56 170.55 95.17 31.49 15 79 33.7 12.85

Calendar 6,568 2 430 121.3 130.89 2.05 14.98 8.03 2.51 50 99 66.4 13.61
Children’s book 6,159 74 373 152.5 55.07 5.92 13.48 8.93 1.53 27 100 50.8 13.83

Hifi system 1,865 5 58 21.6 9.91 42.00 339.24 142.67 51.34 23 100 45.1 18.12
Smartphone 4,522 33 105 57.2 13.88 111.62 263.90 172.66 28.82 61 93 72.8 7.02

TV 2,838 11 62 30.1 10.35 362.68 949.54 517.34 96.76 35 99 54.0 12.13
Notes: N = 105 weeks per product group.

3.2 Model

For the comparison of sales forecasting with and without search data, the present
study draws on simple autoregressive models (e.g., Choi and Varian, 2012).
The baseline model A refers to sales in a given week as a function of sales in the
previous week. For model B, we additionally include a dummy to account for the
peaks in the Christmas season. The dummy constitutes the month of December.
An alternative model C includes the average weekly price per product group as
managers deliberately determine prices in advance. The last model D includes
all explanatory variables. The model takes on the following form including the
search volume:

sales𝑡 = 𝛼 + 𝛽1 sales𝑡−1 +𝛽2Christmas + 𝛽3price + 𝛽4 search𝑡−𝑑 +𝜖 (7)

where 𝛼 and 𝛽 are parameters to be estimated and 𝜖 is the estimation error. d is
at least 1 to secure practical application. Based on a simple linear regression of
sales as a function of search volume, the product groups audio books, calendars,
hifi systems, and smartphones show the highest 𝑅2 for the same week compared
to a lag d of 1, 2, 3, and 4 – termed nowcasting by Choi and Varian (2012).

sales𝑡 = 𝛼 + 𝛽 search𝑡−𝑑 𝜖 (8)

However, to compare models under practical application, we use search𝑡−1 for
model estimation. Blu-ray players and children’s books demonstrate highest 𝑅2

(d = 1), whereas 𝑅2 for TVs was highest for d = 3.
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4 Results

To compare the fit with and without search data, model estimates are calculated
on the entire period as well as a split of 88 weeks for testing and 17 weeks
for validation. The study also uses the SPSS expert modeler to identify an
alternative ARIMA model for sales of every product group.

For the seven product groups, Table 3 displays the results for Model D with
and without search data over the entire data period of 105 weeks. The table also
reports 𝑅2, the p value for the Ljung-Box Q statistics, the Root Mean Square
Error (RMSE), the Mean Absolute Percentage Error (MAPE), and Normalized
Bayesian Information Criterion (BIC).

Even though forecasting accuracy should be improved further, search data
considerably improves sales explanations. The average improvement in 𝑅2 is
17.03 %, ranging from 3.49 % for calendars to 39.64 % for children’s books. The
relative percentage improvement in RMSE is -7.68 % and -7.92 % in MAPE.
The average weekly price in a product group does not provide any substantial
forecast improvement. A potential explanation is that this study used the average
weekly price in a product group. Retailers may specifically include the actual
planned prices. The results are altogether similar for models A, B, and C without
and with search data. Similar results are also obtained in all cases for the test
and validation split.

For the product group calendar, Ljung-Box test (p = .001) indicates some form
of residual autocorrelation. The present study considers calendars as somewhat
of a control group because the purchasing behavior is very predictable. Calendars
are predominantly bought at the end of the old year and the beginning of the
new year. Consequently, Figure 1 shows a two-u-shaped figure for calendars.
Sales also spike in every other product group at the end of the year, although
these spikes are less pronounced for television sales. The intra year movement
could alternatively be explained with seasonal or monthly dummy variables.
Similarly to previous results (Fantazzini and Toktamysova, 2015), search data
explains part of the variance in sales data, as search data significantly adds to the
results in all product groups. However, further research should address whether
alternative approaches beyond the straightforward approach confirm this result.
Even though these approaches will not identify relevant consumer trends, they
will provide some insights into the development of product demand with short
lead time.
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For an alternative ARIMA model, SPSS expert modeler is applied to model B –
thus dropping the average weekly price. The dummy for the Christmas holiday
season is treated as an event handle. An ARIMA (0,0,0) may represent sales of
audio books and hifi systems. The ARIMA (1,0,0) is suggested for children’s
books and smartphones. The product group of blu-ray players seems to follow
an ARIMA (1,0,1) process in the present sample, whereas TVs follow an (0,1,1)
process. The modeler proposes an ARIMA (0,1,4) for calendars. Overall, the
data-driven approach suggests directions for modeling improvement indicating
various processes for the different product groups. However, the data-driven
results also indicate opportunities for improvement - most apparently apparent
in the constant estimation in the case of audio books. Table 4 presents these
model results.

5 Outlook

Motivated by the retail perspective to improve storage and shelf efficiency, search
volume is considered in forecasting durable product sales. The results indicate
that search data from user queries in search engines is useful for sales forecasting.
In general, search data from search engines is freely available, detailed, and
available in real time. As demonstrated, the application is simple and it increases
forecast quality. However, an important point to note is that search data is only
indicative of consumer interest, but is not necessarily causal. In particular, the
shorter the information and decision phases, the lesser the likelihood of search
data to add forecasting accuracy. In other words, the expected variance of such
data increases and, simultaneously, the forecast horizon shortens. These effects
pose some primary challenges for companies, when applying search data in the
case of durable goods with short decision phases.

Researchers and managers could probably improve the data quality by drawing
on search data from online retailers, such as Amazon or Alibaba. Instead of
household panel data, similar data is alternatively available from customer cards,
point-of-sale scanning, and inventory management systems.

Naturally, additional data can improve the forecasting accuracy further.
Researchers and managers will include additional and available causal data
that affects either sales or search volume. Advertising, for example, can affect
both sales and search volume. Print advertising has been shown to influence
sales directly as well as indirectly via search engines (Olbrich and Schultz, 2014).
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38.68

46.76
39.83

8.12
7.56

12.04
11.86

8.76
8.37

M
A

PE
40.97

40.50
35.39

33.04
88.67

82.11
22.98

20.44
33.96

29.57
17.34

16.65
24.70

22.93
BIC

4.40
4.41

3.49
3.44

7.80
7.53

7.87
7.59

4.37
4.27

5.15
5.17

4.52
4.47

Notes:
∗p

<
.05;d

=
3

forTV
and

d
=

1
in

allotherproductgroups;n:105
w

eeks.
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Table 4: Data-driven ARIMA Models suggested by SPSS Expert Modeler.

Product
Group

ARIMA Suggestion

(p,d,q) Var(𝐸𝑡 )

Audio book (0,0,0) sales𝑡 = 2, 773 + 0.483 Christmas –

Blu-ray
player

(1,0,1) sales𝑡 = 14, 976 + 0, 899 sales𝑡−1 +𝐸𝑡

+ 0.654𝐸𝑡−1 + 7.085Christmas
24.737

Calendar (0,1,4) Δ
√
sales𝑡 = 𝐸𝑡 − 0.275𝐸𝑡−4 + 2.753Δ

√
sales𝑡−1

− 1.811Δ
√
sales𝑡−3

1.663

Children’s
book

(1,0,0) ln sales𝑡 = 2.134 + 0.352 ln(sales𝑡−1)
+ 0.407 ln(search𝑡−1) + 𝐸𝑡

+ 1.251𝐸𝑡−1 − 0.811𝐸𝑡−2

0.046

Hifi system (0,0,0) ln sales𝑡 = 0.796 ln(search𝑡−1) –

Smartphone (1,0,0) sales𝑡 = 55.354 + 0.279 sales𝑡−1 +17.088Christmas –

TV (0,1,1) Δ sales𝑡 = 𝐸𝑡 + 0.687𝐸𝑡−1 78.058 –
Notes: n: 105 weeks; Christmas represented as an event.

Consumer characteristics, such as purchase experience, further impact buying
decisions. For example, as purchase experience increases or similar purchase
involvement decreases, consumers reduce their information and decision time
and are less likely to employ search engines. One challenge of consumer
characteristics is the availability of such data in good time, especially for short
decision phases. Potential ways to infer such data are household panel data and
customer cards. Customer relationship management systems may also provide
such characteristics, but are generally more available for durable goods with
longer decision phases or in business to business settings.

As subsequently pointed out, the forecasting accuracy will additionally depend
on characteristics of the product groups. To increase shelf and storage efficiency,
target product groups need to be of relevance regarding their profit margin as
well as taking up shelf or storage space. Consequently, the saving potential from
shelf and storage efficiency is expected to be higher in product groups such as
hifi systems and televisions than with audio and children’s books. Similarly,
products should not only possess some decision time but also have a reasonable
purchase frequency, generally measured by their turnover rate. Product groups
thus need to be relevant considering their contribution margin, turnover rate, and
space requirements to have the potential to create monetary efficiency through
shelf and storage management.
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Using household panel data to predict sales of durable goods follows the idea
of general economic indicators as discussed in previous studies (see Table 1).
However, the present study moves one step further by drawing on real sales data
on a household level. Household panel data provides a predictive indicator of
market development. Further research is directed at the retailer level.

From the retail perspective, research should address the short-term applicability
of the approach proposed here. For example, does search data also improve
existing forecasting approaches and what is its relative contribution to these
approaches? Research may further provide some insights about the potential
volume of (monetary) storage and shelf efficiency. Another open question is
what are appropriate product groups? Space requirements and turnover ratios
are likely to influence the choice of product groups beyond the extent of the
information and search phase.

As for the application of the approach presented, retailers need to identify
product groups with the discussed attributes, such as decision time, space
requirements, turnover rates, and contribution margins. Search data can then be
included in the forecasting approach regarding procurement and distribution.
Retailers can also extend the time series and thus improve forecasting. Shelf
efficiency can be realized if retailers are able to assign the necessary space for
the product group and potentially create new space to extend their product range.
Storage efficiency, on the other hand, may be realized if storage space can be
freed to store alternative products that are likely to run out of stock.
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