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MOTIVATION FOR THIS PAPER
In fast moving consumer goods, market simulations based on Conjoint Analysis/DCM have
some model limitations which are well known among researchers and end users. The main
limitation is the lack of real market circumstances such as awareness, distribution and out of
stock effects because choice models are not able to capture such effects due to the synthetic
interview situation.
In order to adjust choice models to these market circumstances and therefore better interpret
the results, researchers often apply revealed preference data (past data from sources such as sales
data, scanner or household panels) to the choice data. Usually this revealed preference data
represents the average of a certain period of time (e.g., last year, until now) in a certain
distribution channel. However, if we look into the detailed data points within any given time
period, we can see that volume sold, or market shares of single SKUs can vary dramatically over
time:
Figure 1. Time series for single product over the period of 157 weeks.

Looking at the above times series represented in Figure 1, one could wonder if conjoint
results are really free of context effects. Is the derived share of choice really not related to the
point in time a study was conducted, i.e., at moments of intense advertising, social media
reaction or holiday season?
Hypothesis: The point in time when the survey was conducted might have a significant
influence on the model results, i.e., shares of choice or price elasticities.
The above hypothesis does not address “simple context effects” like different weather
conditions that might influence the choice behavior. Many papers show that conjoint models are
relatively stable against such effects. It is rather the general market situation in a certain time
period in which the conjoint interviews were conducted.
In order to understand the possible influence on model results, it seems quite desirable to
apply revealed preference data (past data from sources such as sales data, scanner or household
panels) in order to improve survey-based models. For “Price Only Discrete Choice” models it
might be furthermore useful to include observed market reactions (e.g., past effects of price
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increase or promotions) from revealed preference data, in order to better simulate and predict
pricing scenarios in the future.
The erratic increase of data (within the last 10 years the amount of data increased by factor of
1,000 and latest developments such as IOT [internet of things] or smart cities will ensure that this
trend will continue), larger and scalable computation power and improved forecast models
provide new opportunities to combine survey-based models with revealed preference data.

RPSP MODELS (REVEALED PREFERENCE/STATED PREFERENCE MODELS)
Depending on the objectives of predictive analytics, RPSP models may consist of up to three
data sources:

The interview data from the conjoint/DCM exercise are defined as the stated preference data
(SP) and represent the basis for simulating “what-if scenarios” in the marketplace. The revealed
preference data (RP) are the past market actions recorded in scanner panels, sales and other data
collected in the market reality. The stated preference data allow to simulate situations which
never have been seen in the real world so far e.g., introduction of new products or pricing
strategies which haven’t been tested in the real market. Revealed preference data are perfect
representations of the market’s past and report all actions which could be observed in the real
world. On that basis, past price changes or introduction of products could be modeled. The third
source which could be included in analysis are social media data. With this data we get insights
in the reaction of consumers on past actions. For example, how price changes were recognized
and perceived or how customers communicate about promotional campaigns or discounts.

INDICATION FOR RPSP MODELS
SP Models are widely used in market research and have a great academic background. We all
believe (and a large number of validation studies showed) that Conjoint/DCM provides reliable
information about preferences and elasticities in the simulation model. Price-only discrete choice
models mimic the marketplace pretty well and are close to decisions respondents make every day
when buying products. No other methodology allows to simulate and compare the effect of
several new products which are currently not available in the marketplace and allows to simulate
the effect of price changes that were never seen in the real market. But due to the lack of
awareness and distribution information the results could be different from market data. RP data
are closer to market reality, but do not allow simulating the future. Therefore, the desire of
combining the two information sources into one large model is quite logical.
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However, in order to combine the SP model with RP data, we need a basic understanding
about similarities and differences between revealed and stated preference!
Why do we expect that stated and revealed preferences show different results?
Beside volume, distribution, and out of stock effects there further might be a difference in the
way consumers make their choices:
·

Sales and Store Data (RP):
o High complexity of “choice task” (real decision) and many alternatives (e.g.,
large and sometimes incomplete shelves, shop assistants at the counter, second
placements at check out)
o Varying context (e.g., different retail channels or store types)
o Time pressure, distractions (e.g., shopping trip during lunch break, stop at a
drive-in)
o Budget constraints (e.g., end of the month)
o Cross-category-decision (e.g., What should I cook today?)

·

Price-only Discrete Choice (SP):
o Clear description of attributes and levels (creating 100% awareness)
o Lower motivation to answer the exercise carefully (e.g., panel burnout)
o ICT (Individual Choice Task Threshold: lower attention after too many choice
tasks)

Before planning an RPSP model in a specific marketplace one should therefore try to answer
the following questions:
1. Would we expect that stated and revealed preferences show different results?
If we assume that both data sources deliver the same results, we better stay with RP-data.
2. Could we identify if stated and revealed preferences show different effects?
Before combining RP-data we should look into our SP-data and identify the effects we
can model with this data. Usually, many of the effects we see in our SP-data could also be
seen in the RP-data. Only if we identify some effects in the RP-data that could not be
modeled in our SP-Model we should think about combining them. One should always
keep in mind, that a combined model has a much larger complexity and therefore needs
to be a significant added value from including the additional RP effects.
3. Is the available RP data source sufficient to separate and explore preferences from
context effects and constraints (e.g., availability, out of stock)?
Most RP-data show effects which could not be modelled by SP-data. Unfortunately, these
effects can also not be isolated in the RP data. A peak in the RP-data may be caused by a
combination of circumstances which occurred at the same point of time. Such overlay of,
e.g., price changes, advertising campaigns, press coverage or others could make the RPdata quite useless for forecasting purposes. RP-data which can really be decomposed to
see single effects are rather rare.
If the answers to these questions are not positive, one should proceed with the SP-Model
only, thus avoiding the complexity of adding the two data sources.
If the underlying decision process is different for SP and RP data and it matters for our
predictions, then one should consider combining the two data sources.
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SOURCE OF RP-DATA
Time series data (sales, scanner data, panels etc.) provide different levels of depth and
insights on a single product (SKU) level:
·

Retail scanner data or sales data might only show volumes (units or value) of the clients’
product at different moments of time and at different prices.

·

Time series from a company with its own distribution channel (e.g., fast-food chain) can
record market shares of all offered SKUs including information about the price and other
factors such as outlet type or region.

For those products with price changes during the recorded period, price- and cross-priceelasticities based on the RP-data can be derived.

COMPONENTS OF RP-DATA
A useful abstraction for selecting forecasting methods is to separate a time series into
systematic and non-systematic components. Systematic components of the time series show
consistency and/or recurrence and can therefore be described and modeled. Non-Systematic
components of the time series are the ones that cannot be directly modeled or explained.
A given time series usually is thought to consist of three systematic components: level, trend
and seasonality. In addition, there is one non-systematic component called “noise.”
Level is the average value in the series. That could be best described as the baseline without
any time-dependent change over the period of the data.
Trend describes increasing or decreasing values over time.
Seasonality describes cyclic effects that can be iterative and observed during the
measurement period. For example different buying behavior during the summer season which
occurs every year. This component could be isolated from the baseline (Level) and an overall
increase or decrease over the complete period (Trend) and represents short-term cycles within the
time-series.
Noise is the non-systematic component in each time series, also called the random variation.
This component is the share which could not be described by the actual model used to
decompose the components.

SEPARATION OF RP-DATA COMPONENTS
In time series analysis we usually try to identify the systematic components by separating the
level, general trend, seasonality and the noise from the observed data on SKU level.
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Figure 2. Decomposition of a time series for single SKU over past 157 weeks.
Observed Data
Noise
Trend

Seasonality

One of the most common models for seasonal decomposition of time series is the LOESS
model described by Robert Cleveland, William Cleveland, Jean McRae and Irma Terpenning in
the early 90s. For our RP-data in this paper we applied this model for decomposing level, trend,
seasonality and noise and to apply the components to our SP-data.

NOISE (RANDOM COMPONENT) IN RP-DATA
The random component is a very important part of the decomposition. It shows the amount of
unexplained information in the data. The lower the random component in the model, the better
the decomposition. The random component can therefore be used to compare and benchmark
different decomposition models in order to find the best fit (lowering the random component).
The goal of each decomposition is to retrieve a small random component so that the systematic
components explain most of the data. Furthermore, one can calculate the confidence intervals
from the size of the random component in order to understand how well trend and seasonality fit.

STATED PREFERENCE DATA

Stated preference data is usually derived through a conjoint or discrete choice model and the
part-worth utilities estimated from this experiment. Based on either point estimates, draws or an
upper-level model, market scenarios can be modeled, and consumers’ reactions simulated (e.g.,
to changes in pricing of individual SKUs). Most models in everyday work are using pseudoindividual estimates based on hierarchical Bayes regression.

219

The results of the what-if scenarios simulated based on part-worth models are the basis for
combining SP- and RP-Data. Therefore, it is crucial to derive valid SP-models as well as reliable
and meaningful what-if scenarios. Only if the simulated scenarios are comparable to the real
market situation one can take out advantage of combined models.

LEVEL OF AGGREGATION IN SP-DATA
Choice experiments such as Conjoint/DCM allow to derive cross-price elasticities and
preference information for a large number of possible scenarios on a nearly individual level. In
contrast, most of our RP-sources have only aggregate-level data. And usually even if we have
individual information in our RP-data we seldom have the same individuals in our SP-data.
Therefore, in order to compare the SP-data with aggregated RP-data we need some kind of
aggregation of the SP-data (for instance Channel, Store, Customer Segment). However, we know
from previous studies that “the ignorance of heterogeneity in the aggregate model leads to biased
forecasts” (Feuerstein, Natter, Kehl 1999). When merging the RP- and SP-models together one
should therefore take great care about a proper aggregation level. The closer we can bring our
two data sources and the closer we are to the individual level, the better the two models could fit
and correct the SP-data in a meaningful way. The results of the study from Feuerstein, Kehl and
Natter (1999) showed, “that scanning data are useful to improve external validity of CBC models
by introducing dynamics of the static conjoint models . . . .” The real advantage of RPSP-models
is the dynamic from the RP data that enhance the static SP data with this component.

COMBINING TIME SERIES
General Trend
From our choice model we can derive the shares of choice for an actual market scenario. For
each SKU within this scenario we can then use the respective decomposed RP-sales data (level,
trend, seasonality). The level is used to calibrate the share of choice from the base case (actual
market simulation) to sales units. The decomposed general trend from the SKUs’ sales data is
used to modify the units for the forecasting period (e.g., 12 weeks). This results in (12) different
scenarios which show the influence of the trend in the forecasting period.
Figure 3. Volume + Trend = Volume Sales
corrected for the 12 weeks forecasting period 37/17–48/17;
Cheeseburger @ Price 1.10€/Share of Choice 12.35%

Result of this correction is a forecast for the development of the unit sales for the 12 weeks
forecasting period.
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Seasonal Component
Applying the seasonal component of the sales data allows further correction of the
forecasting period with the seasonality effect. The approach is very simple, because one only
needs to apply the extracted time series component on top of the trend corrected unit sales.
Figure 4. Volume + Trend + Seasonality = Volume Sales
corrected for the 12 weeks forecasting period 37/17–48/17;
Cheeseburger @ Price 1.10€/Share of Choice 12.35%

After this correction the result is a dynamic simulation model for the 12-week forecasting
period. We don’t assume any longer that the static results from the choice model are sufficient in
order to forecast the market because the integrated dynamics from the RP-data results in a much
more realistic time course.
Special Effects
The challenge is not to use all information. Some seasonal effects are decomposed on
periodic events in the past, which have only an effect for exactly the same event in the future!
Figure 5. Seasonal-effect for sales of Sandwiches in a Drive-In Restaurant
at a highway over the 157 weeks’ time period.

This doesn’t cause problems if the event is repeated in every period and its occurrence can be
predicted, like our example of Good Friday, where consumers buy fewer sandwiches with meat
on this day of the year. But if we see periodical effects like traffic jams that cause higher sales at
fast food restaurants close to highways, we never would know, if such an event occurs during our
forecasting period and if, when.

HANDLING A HUGE AMOUNT OF INFORMATION
Typically, one ends up with a very large number of time-series, at least with one series for
each product/SKU. However, in addition there are often also different sales channels, store types,
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geographical areas and locations. As a result, there are multiple different trend and seasonality
components.
Imagine the fast food industry: A drive-in close to a highway has a completely different
profile (holiday season, traffic jams, . . .) than a restaurant at a downtown area or an outlet in a
shopping mall. The reduction of this complexity to an amount of information which could be
handled is the challenge researchers face when integrating time-series models by deciding which
systematic components should be included or not. Some periodic effects might be systematic or
only random due to the usually short reference period used in market research. Usually one
suggests having 40 to 50 cycles for analyzing seasonal effect. In market research we are happy if
we have two to three years (e.g., 2 to 3 replicates) to run our models.
Figure 6. Sales figures for 97 different items over the 157 weeks time period.

Forecast on Sales: In Statistic Markets RP Data Fits Well
In most of our simulations we have no information about cannibalization, cross-selling or
even how many customers we would lose completely when changing the current market
environment. Time series could help to analyze past events and project them to the future, e.g., if
there was a price change two years ago, one may predict from past customer reactions what will
happen in the future.
Figure 8. Sales figures for single SKU over the 157 weeks time period.
Identifying the two past price increases.

But there is no chance to forecast effects of future price changes if we did not observe
comparable actions in the past. Also, if we introduce new products, we have no valid mean to
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derive forecasts from the RP-data. Here we need the results from SP-models, which are based on
survey data and therefore allow to simulate scenarios with new products, multiple price changes
or even cannibalization between products.

FORECAST ON SALES/REVENUE/PROFIT
In the following example from a company with its own distribution channel, sales data
including market shares of all offered SKUs, information about the price and other factors such
as outlet type or region is available. This allows a forecast based on DCM simulation taking the
decomposed RP data (market, trends and seasonal effects) for each single SKU into account in
order to predict revenue and profit:
Figure 9. Sales in units based on DCM simulation (blue) and corrected for
trend (orange) and seasonal effects (grey) (12 weeks period forecast) and multiplied
by price 1.10€ = Revenue and subtract the cost of 0.52€ = Profit.

The static DCM shows the constant amount of sales throughout the whole period. Correcting
with RP data we include dynamic into the forecast, evaluating the simulated performance under
the assumption that trend and seasonality will be the same as in the past.

RPSP SIMULATIONS
Simulations of different market scenarios demonstrate the power of the RPSP approach.
Figure 10. SP and RPSP Sales and Profit under different pricing for Chickenburger
and Cheeseburger (12 weeks period forecast).

Figure 10 shows the influence of two price changes for cheeseburger and two price changes
for chickenburger during our simulated time period of 12 weeks. As price changes did not occur
at the same time in the past, the cross elasticities for a simultaneous price change could not be
estimated from the RP-data. This is the real strength of the RPSP-model.
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GENERAL EVALUATION OF RPSP MODELS
·
·
·

SP models have their strength in simulating dynamic markets.
RP models are usually preferred in static markets.
The strength of RPSP models is to combine accurate information from the past with the
power of dynamic simulations.

But,
·
·
·

RPSP models are not suitable for “new to the world products,” due to the obvious lack of
RP-data for these SKUs. In addition, there is often only limited data available for recently
introduced products, so seasonal effects cannot be measured.
RPSP-models usually do not gain much insights if we miss data on SKU and channel
level. Aggregate sales data seldom improve the model when we only have them on an
aggregated market level.
Price only discrete choice models based on HB Draws can already drive super-computers
to their edge of capacity. The combination of DCMs and RPSP models further multiply
complexity if we include our RP-information in the upper level of the hierarchical Bayes
estimation. The data challenge is resulting in an unsolvable optimization problem should
we try to simulate multiple changes in multiple SKUs during our forecasting period.
RPSP models therefore still need project specific adaptations in order to make them
feasible.

Summary: Benefits of RPSP Models
The application of Time Series Corrections (RP) on our Share of Choice Simulations (SP)
has a big impact, especially if we derive revenue or profit predictions:
Figure 12. Comparison for the different simulations (12 weeks period forecast).

Compared to the simulation based on the DCM only (share of choice)—the corrections for
trend and seasonality (RP) lead to an improved prediction of revenue and profit. This shows the
relevance of such corrections for business decisions. The application of RPSP models showed
also a significant impact of the point in time on dynamic market simulations such as simulation
of price reactions:
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Figure 13. Comparison of Relative Change in Units and EoP over 12 weeks
after correction for trend and seasonality.

If there are no data or resources for RPSP models, one should nevertheless consider the
possible impact of the point in time the study was conducted. As we saw in this paper the point in
time can have a significant impact on the predictions if we ignore time series information.

Peter Kurz

Stefan Binner
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