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Abstract

Many areas of economics use subjective data, although it had been known to present prob-
lems regarding its reliability. To improve data quality, researchers may use scoring rules
that reward respondents so that it is most profitable for them to tell the truth. However, if the
subjects are not well informed about the topic or if they do not pay sufficient attention, they
will produce data that could not be dependably used for decision-making even though sub-
jects gave their honest answer. In this paper we show how meta-predictions (respondents’
predictions about choices of others) can be used for identification of respondents who pro-
duce dependable data. We use purchase intention survey, a popular method to elicit early
adoption forecasts for a new concept, as a test bed for our approach. We present results
from three online experiments, demonstrating that corrected purchase intentions are closer
to the real outcomes.

Introduction

Many areas of economics use subjective data, gathered from respondents via traditional sur-
veys as well as via new web-based information exchanges and markets. At the same time, there
has always been concern about the quality and reliability of such data. To motivate honest and
careful answers, researchers can use scoring rules that provide financial or reputational incen-
tives [1, 2]. However, even honest respondents may not be well informed about the topic or
they may not pay sufficient attention to the task. Since during data collection it is usually not
possible to differentiate “bad” respondents from the “good” ones, pooling responses from both
groups can easily produce unreliable data.

In this paper we propose a method for identifying “bad” respondents whose data is not
dependable, and we show that removing the information gathered from them improves the
quality of collected data. As the test bed we use purchase intentions survey, a method fre-
quently used in new product development. Purchase intentions are used to predict future sales
and are collected throughout the product development via easily administered questionnaire
that asks respondents if they want to buy a specific product at a specific price. As purchase
intentions surveys are usually conducted in early phases of product development, respondents
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are shown only a product concept or an early prototype. Therefore they need a certain level of
product and category understanding to produce dependable answers. Aside from that, some
respondents may give untrustworthy answers because they simply do not understand the ques-
tionnaire or they do not pay sufficient attention during the survey. Obviously, mixing informa-
tion from the non-credible group with the information from the credible one will negatively
affect the accuracy of any subsequent inferences and predictions. We propose to identify and
discard the information from the lower-quality respondents, so that inferences can be made
based on the information collected from the high-quality respondents only.

We develop a theoretical model of how credible and non-credible respondents make pur-
chase intention predictions, resulting in an easy to follow algorithm to identify both groups.
The theoretical model is based on the combination of the classic purchase intention question
(“would you buy”) and meta-prediction that is assessed by asking which percentage of others
would buy. Our theoretical model uses this meta-prediction feature to identify people who
produce dependable answers. We show that credible respondents are in fact those people who
are the best in predicting their peers’ intentions.

We illustrate the method on data collected in three online experiments, where we compare
the purchase intentions with real outcomes. In the first experiment the outcomes are repre-
sented by the choices of respondents other than those who provided purchase intentions. In
the other two experiments, outcomes are measured by real purchases of the same respondents
who provided intentions. Results show that the purchase intentions adjusted by our algorithm
approximate the real purchases better than the traditional ones.

Literature review

Here we give a short presentation of the relevant literature.

Purchase intentions literature. Eliciting purchase intention is a very popular technique
to estimate future sales, and as such is widely used in new product development. It is applied
starting from early phases of product development, while product is still in the concept stage.
Purchase intention survey is administered in the following way: first respondents are shown a
product concept, which can be a product sketch, photograph, written description, a short
video, or any combination of those. In later stages of product development they may be shown
or given an actual prototype. After the respondents have been presented with the concept, they
are asked if they would be willing to buy this product at a specific price. As purchase intentions
are used to forecast the demand, traditionally the main research focus here is on ability to use
intention data to accurately predict actual purchase incidence. Consequently, a lot of attention
has been devoted to examining various factors that may affect the accuracy of purchase inten-
tions and the ability to exactly forecast the demand.

Explanations for what factors affect predictive ability range from respondents’ systematic
biases [3, 4], to the effects of time passage between when purchase intention survey is adminis-
tered and when actual purchasing decision is made [5 6]. To improve the ability to forecast
behavior from intentions, researchers have tested alternative scales 7, 8]. In addition, models
were developed that account for biases in the measurement and reporting of intentions, the
heterogeneity across customers, changes in true intentions between the time of the survey and
the time of the purchase, and the stochastic and nonlinear nature of the relationship between
intentions and behavior [9, 10, 11, 5, 6, 12, 13 14, 15]. In order to improve forecasts, Morwitz
and Schmittlein in [16] segmented respondents according to demographic information and
developed separate forecasts for each segment. To unify most of these factors, Sun and Mor-
witz in [17] proposed a model that incorporated “systematic intention biases, changes in true
intentions over time, and the imperfect correlation between true intentions and actual
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purchasing”. Practically, such empirical models require large amount of data for estimation, in
particular the data on past introductions of similar products where first the purchase inten-
tions of consumers are measured and then their actual purchases are tracked. This amount
and type of data is hard to come by, which is why this type of forecasting is usually performed
by large consulting companies (such as Nielsen).

All the above approaches propose to adjust the intention scores by correcting for various
factors, but they all make the same assumption that the people taking part in the survey under-
stand the task, the questions, and the product, i.e. that they produce reliable data. Although
potential subjects are often screened on their interest in product category, that does not neces-
sarily mean that they really understand the concept, especially when it involves more than an
incremental innovation. In this paper we propose to improve the reliability of data by retaining
only the answers from “good” respondents, i.e. those who have necessary understanding and
are paying attention. Our method aims to enhance the quality of collected data before any of
the above models are applied, thus offering additional improvement to purchase intentions
forecasting that is complementary to the existing models. Since we propose to increase data
reliability, application of econometric models to reliable data will achieve better accuracy of
predictions.

Relevant meta-predictions literature. Meta-predictions are respondents’ predictions of
what others will do, and as such contain valuable information. Research in psychology has rec-
ognized that predictions about what others will do are more accurate predictors of individuals’
real behavior than their self-predictions [18]. Consistently with that, in political voting arena
meta-predictions have been shown to produce better accuracy of election forecasts, as shown
in [19] and [20]. In another setting, in [21] authors use “guess of guesses” where respondents
guess the box office and are rewarded for how close their guess comes to the median of all
guesses. Other research uses predictions of predictions to improve on traditional wisdom of
the crowds [22, 23].

Meta-predictions can be used alone, or they can be combined with personal choice report-
ing to produce a mechanism like Bayesian Truth Serum or BTS [1], a game-theoretic scoring
system that provides incentives for honest reporting of private judgments. BTS has been used
successfully in situations where the ground truth is known, as well as in those where it is not
known [1, 24].

The value of information contained in meta-predictions depends on their accuracy. In this
paper we follow [1] that defines a prediction score that measures the quality of meta-predic-
tions. We use this particular score because it is very natural, as it measures relative entropy
between predictions and realizations. In addition, it can be used as a reward mechanism that
incentivizes truthful responding.

Methods
Meta-predictions: The setup

In this section we start with a general game-theoretic setup, and continue with the description
of the survey setting.

Let (ty, t, . . ., t,,,) be player types and Q = {w,, wy, . . ., w,,} states of the world. We assume
that players are independent and identically distributed conditionally on the state of the world.
We also assume that players have tacit knowledge about their peers and about the states of the
world that allows them to make updates in a Bayesian fashion based on their signal. They all
have a common prior P(w;) over states of the world. All posterior beliefs about the states of the
world, P(w;|t;) are assumed to be consistent with Bayesian updating over the prior P(w;).
Assuming two different players, i.e. assuming that r # s, player r can compute the expected of
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his posterior probability which gives the probability that player s is of type k or P(player s is of
type ti|player r is of type t;). Players assume that people of the same type have the same expecta-
tions of type frequencies, and, conversely that different types have different expectations. This
is effectively equating the whole type with a generic respondent (mathematically this is a con-
sequence of the assumed Q - i.i.d. condition for players). For this reason the above expecta-
tions could be written as P(t|t)).

Next we explain how the above game-theoretical framework looks in survey setting. In a
survey, different signals (and consequently different respondent types) are identical with cho-
sen answers to multiple choice questions. Here we follow the setup in [1] and revisit the most
relevant features of that exposition.

Assume that we have a particular question which has a finite number of possible alternative
answers, say (1, t, . . ., t,,,). In survey setting these m answers correspond to m different player
types. Respondents are asked: (1) to choose one and only one answer to the question (i.e. to
declare their type), and (2) to give their estimate of the percentage of other respondents who
chose any of the m alternative answers (i.e. to give their meta-predictions). For a particular
respondent i, from (1) we obtain the vector of answers (xi, x}, .. ., x;,), where >, x{ = 1, and
all the coordinates except the one corresponding to the chosen answer/type are zero. From (2)
we obtain the vector (, ¥, ..., ,,), where y! is the estimated percentage of respondents who
choose answer j as predicted by the respondent i. In other words, while (1) yields respondent’s

own type, (2) gives her estimates of the overall distribution of all answers/types.

1
n—oo p r=1

We define two more variables. By x; we denote the average x; = lim x;. This is

actually the frequency of the chosen answer j in the sample. For this particular answer, by y,

we denote the geometric mean of all player predictions y;, where i goes over all the respon-

1
n—o0 pn

dents. In other words, y, = [[Z, i, or log(y;) = lim i1 log(y}). Now we define the pre-

diction score PS for a respondent i as defined in [1]:
PS =>"" lo Y (1)
- j=1"17 gf]

Note that the prediction score is optimized when the prediction exactly matches the actual
frequencies of the answer (and in that case, the score is zero). The score measures relative
entropy between predictions and realizations, and it is also a truth inducing scoring rule
by itself, as shown in [1]. (In applications we can encounter extreme predictions such as 0%
and 100%. In order to be able to compute predictions scores we change those to 0.1% and
99.9%).

Theoretical model

We start with a theoretical model to produce insights about how to find credible respondents,
which we later validate in a survey. As stated earlier, our key assumption is that there are two
groups of people in the population. Some people are “low-quality” respondents whose answers
are undependable, because they do not understand the product or context, cannot relate to the
questions, do not pay sufficient attention, or any combination of the above. The others are
“high-quality” respondents who provide dependable answers, because they understand the
task and context, are able to accurately judge the product, and they pay attention to the survey.

Model setup. First we define states of the world and respondent types. States of the world
are identical to the product quality: as the product can be either good or bad, we can be in a
high quality state " or a low quality state w'. These states of the world are probabilistic, where
P(o") = p- Researcher does not know which state of the world has been realized.

PLOS ONE | https://doi.org/10.1371/journal.pone.0225432 December 2, 2019 4/16


https://doi.org/10.1371/journal.pone.0225432

@ PLOS|ONE

Using meta-prediction for uncovering credible respondents in surveys

We define the respondent types in the following way. Credible respondents pay attention
and understand the product, and are able to tell whether the product is of high or low quality.
In contrast, the non-credible respondents cannot discern whether the product is good or bad,
and thus they basically guess the state of the world. Both credible and non-credible respon-
dents can choose to buy or not depending on other factors that we do not explicitly model
here. All respondents of the same type are homogeneous: they all give the same responses and
meta-predictions.

Therefore, in the high quality state of the world w" we have the following respondent types:

T, = credible respondents who know the quality is high and want to buy,
T, = credible respondents who know the quality is high but do not want to buy,
Ts = non- credible respondents who want to buy,
Ts = non- credible respondents who do not want to buy.
Similarly, in the low quality state of the world «' we have:
T; = credible respondents who know the quality is low and want to buy,
T, = credible respondents who know the quality is low but do not want to buy,
Ts = non- credible respondents who want to buy,
Ts = non- credible respondents who do not want to buy.

We start by defining the matrix Q of joint probabilities P(w; N Tj) for the chosen respondent
category and the state of the world (here w; is used as a generic label for any of the two states
{0", @'}). We assume that respondents know the joint probability matrix of respondent types
and states of the world Q. This information is private and inaccessible to the researcher who is
able to distinguish only between those respondents who answer Yes and those who answer No.

Qs a 6 x 2 matrix where the first four rows represent credible respondents, the last two
rows represent non- credible respondents, and columns represent the states of the world. The
probability of a respondent being credible is denoted by A. The matrix Q is presented in
Table 1.

Here a is the probability that credible people will buy in the state w”, and c is the probability
that credible people will buy in the state w’. The non- credible respondents are not certain
which state of the world they are in (as they can not tell the product quality), so they express
positive intentions with probability J in both states. Notice that a > 6, since for the same level
of demand, people who know that the product is good will be more likely to buy than those
who are uncertain about the quality. Similarly, people who know that the product is bad will
exhibit smaller probability to purchase, which means that § > c. The associated matrix of

Table 1. Matrix Q of joint probabilities.
h 1

w w
T, Aap 0
T, A(1 - a)p 0
T; 0 Ac(1 - p)
T, 0 A1 - ¢)(1 -p)
Ts (1 -A)dp (1-2)5(1 - p)
Ts (1-A)1-9)p (1-A0-6)(1-p)

https://doi.org/10.1371/journal.pone.0225432.t001
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Table 2. Matrix QP of posteriors.

S

T,
T,
Ts
T,
Ts
Ts
https://doi.org/10.1371/journal.pone.0225432.1002

— |- o o &

o v o o |~ |~

1-p

posteriors QP is presented in Table 2. (matrix QP contains posterior probabilities
__ P(o;NTy)
P(o)|T)) = =

P(T})
Notice that respondents T;, T, “live” only in the high quality state of the world, while T3, T4
“live” only in the low quality state. Percentage of positive purchase intentions (i.e. probability

, w; € {w, ).

of answer Yes) is obtained by adding the contributions from all respondent types who answer
Yes. More precisely, in high quality states w” that probability, denoted by o, comes from
respondents T} and Ts, and is equal to Aa + (1 — 1) = o, while probability of the answer Yes in
low quality states w', denoted by S, is equal to Ac + (1 — 1) = f and comes from types T and
Ts. It is easy to see that a > & implies a > a. Similarly, 6 > c implies 8 > c.

Meta-predictions. It is important to note that all the tacit information that respondents
have and that allows them to engage in Bayesian updating is unobservable. The researcher who
conducts the survey observes only Yes-No answers and respondents’ peer predictions for Yes-
No answers. In order to link the private knowledge with the information that is observable, we
need to understand how respondents use their private knowledge to make predictions.

First, our respondents can use Bayes rule and their private information from matrices Q
and QP to compute conditional probabilities of belonging to a chosen type. These are P(Ty|T)),
and they can be calculated with the help of the formula

by = Yo P e D .,

;

If the respondent of the type T; is credible, she knows which quality level has been realized,
and therefore she knows if she is in high quality state of nature or low quality state of nature.
She knows that in the high quality state positive purchase intentions come from respondents
T, and T, while in the low quality state they come from respondents T3 and Ts. She can use
this information and meta-predictions P(Tk|T;) from the complete information structure to
calculate P(Y|Tj). More precisely:

P(Y|T1) = P(T1|T1) +P(T5|T1)7P(Y|T2) = P(T1|T2) +P(T5‘T2)
in ", and
P(Y|T3) = P(T3|T3) +P(T5|T3)7P(Y|T1) = P(T3|T4) +P(T5‘T1)

L
inw.
Contrary to that, the unreliable respondents are not sure which level of quality has been
actualized, so they are not certain about the state of the world they are in. Therefore they
include respondents from both high and low quality states of the world when they calculate

meta-predictions. This is why unreliable respondents always do the same calculation, and that
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is

P(Y|T;) = P(T\|T;) + P(T;|T;) + P(T;|T;),
for the respondent type Ts, and
P(Y|Ty) = P(T\|T;) + P(T|Ty) + P(T;|Ty),

for the respondent type Ts.

It is easy to show that in W", P(Y|T,) = P(Y|T,) = o, while in ', P( Y|Ts) = P(Y|Ty) = 8. In
other words, in both states of the world the reliable respondents perfectly predict the realized
choices of their peers. This follows from the assumption that the choice distribution is a func-
tion of quality, and reliable respondents know quality. Since ignorant respondents do not rec-
ognize quality, their meta-predictions are the same in both states of the world, and they are
equal to P(Y|Ts) = P(Y|Ts) = pa + (1 — p)B. These predictions are between ¢ and 3, which
means that in both states of the world peer predictions of types Ts and T, are inaccurate.

Identifying credible respondents

As all the information involving respondent types is private knowledge, the outcomes of the
purchase intention questionnaire are only Yes and No answers and respondents’ meta-predic-
tions of these answers. In other words, from the survey administrator’s point of view, there are
only two types of players, those who say Yes and those who say No. These personal answers,

realized shares of votes X, = P(Y|w'), %, = P(N|w'), and peer predictions yy' = P(Y|T,) are
used to compute prediction scores PST = Elog% + @log% in the Yes-No context. Notice
that in practice when the score is applied to surveys it is admissible that members of the same
type differ in their peer-predictions. For example, in the state " we can have that P(Y|T;) # P
(Y|Ts) for different subtypes T and Ts within the type Yes.

Computing the prediction scores in the Yes-No context, we find that the credible respon-
dents have higher scores regardless of their personal answer, which follows from our assump-
tion that they predict perfectly. This is stated in Proposition 1.

Proposition 1.

In both states of the world the respondents achieving highest prediction scores for Yes-No
answers are identical with the credible respondents.

Proof: By assumption, credible respondents know the state of the world, and hence also the
distribution of types. Therefore they will receive the optimal prediction score (zero).

Proposition 1 implies that it is possible to identify credible and non- credible respondents
by computing prediction scores. Once the non-credible respondents are recognized, we can
discard the information provided by them and retain only the data that was collected from the
credible people. In other words, instead of settling for purchase intention estimate being the
ratio of all buyers over all respondents, we produce corrected estimate by using the answers
from credible respondents only. This corrected estimate k is computed as the ratio of credible
buyers in the set of all reliable individuals:

credible buyers

~ all credible responents

By using this corrected purchase intention rate k we eliminate the “noise” coming from
non-credible respondents. If in addition we can use information score to establish which state
of the world has been realized, as shown in the Proposition 2.
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The Proposition 1 allow us to state an easy algorithm for practical use in purchase intention
surveys. The algorithm consists of four easy steps as follows.

Algorithm

o Step 1: Computation of predictions scores and information scores (which form the BTS
scores).

o Step 2: Identification of the respondents with the highest prediction scores: they are the cred-
ible ones.

« Step 3: Computation of the corrected purchase intention rate k.

Generalizations. Our approach can be generalized to situations where there are more
than two possible options. In practice, purchase intentions can be elicited by offering subjects
several positive and negative options (for example “definitely will buy” “likely will buy”, “likely
will not buy”, and “definitely will not buy”). We show that regardless of the number of offered
answers, credible respondents are always those who have the highest prediction scores. Algo-
rithm from above can still be used, with small modifications to accommodate larger number
of options. Detailed discussion is presented in the S1 Appendix.

In this paper we used purchase intention survey as the test bed for our approach. Any sur-
vey related to choice can be approached in the same way, as long as the two states of the world
are related to the respondents’ relevant expertise. In other words, the crucial assumption to be
satisfied is that those people who have the knowledge are able to discern which state of the
world has been realized. For example, voting for a political candidate could be seen in this set-
ting, with some respondents being able to correctly assess the candidate’s overall quality (the
two states of the world being “this is a good candidate” and “this is a bad candidate”).

Further generalization comes in increasing the number of states of the world. One can
argue that there are many nuances in quality (as in everything else), and that specifying just
two outcomes is overly limiting. We show that one can indeed assume as many states of the
world as desired: again the credible respondents in any of those states are identical to the
respondents with the highest prediction scores (proof in the S1 Appendix).

Experimental results

We illustrate the use of the method with the aide of three purchase intention experiments.
Products that were chosen for experiments were very new at that time, and as such they
required a certain amount of knowledge to be properly understood. The products were
described by a short text (one or two paragraphs long) listing the most important features, and
by two or three photographs. To insure that these products are new and non-trivial, we
perused the crowd-funding platforms like IndieGoGo and KickStarter. We were looking for
products that were funded through those platforms, only recently became available commer-
cially, and were relatively affordable. These characteristics ensured that respondents needed to
understand the product and category, and also had to pay attention to the survey. Very basic
descriptions of the products are presented in Table 3.

All experimental work was performed with the online subject panel MTurk. Experiments
were approved by the Massachusetts Institute of Technology Committee on the Use of
Humans as Experimental Subjects (Protocol number: 1802252061). At the beginning of the
questionnaire, respondents were presented with the text informing them about the nature of
the experiment and the payment, which included a bonus for the best predictors. Afterwards
the respondents were asked to press a button if they were 18 years of age and consented to the
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Table 3. Product descriptions.

Product 1 A device that uses smart phone to produce holographic images

Product 2 Foldable flower planter from biodegradable material

Product 3 Charger that allows for simultaneous charging of several electronic devices
Product 4 A small Bluetooth tracker

Product 5 A small perforated board for organizing/keeping small objects

Product 6 A metal USB drive

Product 7 An advanced wireless lighting system in a light bulb

Product 8 A product which turns iPhone and iPad into a smart universal remote
Product 9 Car ionizer that cleans air by producing a stream of negative ions

Product 10 Bluetooth smart watch

https://doi.org/10.1371/journal.pone.0225432.t1003

experimental conditions. All respondents who accessed the questionnaire link also gave their
consent.

In experiments we compared the corrected and traditional purchase intentions with the
real outcomes. In the first experiment we used one group of respondents to provide intentions
and a different group to provide measures of purchase incidence. In contrast, in the second
and third experiment we used purchase incidence by the same group that provided intentions.

We considered each one of the product-price combinations separately. For a given prod-
uct-price combination we asked two questions: “will you buy” and “what percentage of your
peers will buy”. We should point out that our insights were derived from a theoretical model,
but in practical applications we cannot expect that respondent types are homogeneous, i.e. we
cannot assume that all the people of the same type give exactly the same answers. However, we
can assume that the answers from people who belong to the same type belong to the same
distribution.

For a given product-price combination, following the algorithm from section 5, we first
computed prediction scores (step 1) and rank-ordered them from the highest to the lowest
(step 2). By Proposition 1 we know that credible respondents are those with the highest predic-
tion scores. We assumed that participants belonged to two segments that corresponded to two
different distributions (credible respondents, and non-credible respondents), and then we
conducted segmentation of the prediction scores by applying finite mixture models (FMM).
Finite mixture models have been used before in latent segmentation [25,26, 27]. Assuming two
classes, we estimated the following simple model:

f0)=3"" nfo) (3)

where variable y contains prediction scores, 7; is the probability for the i-th class (i.e. segment),
0<m<1,5, 7 =1,andf{(.) is the conditional probability density function for the
observed response in the i-th class model. As candidates for distributions f(.) we used lognor-
mal family, exponential family, and normal family: this means that every segmentation was
carried out by three models that we present in parallel in Tables 4 and 5.

After segmentation was completed, the next step was to determine the corrected purchase
intention rate. Every subject was assigned a probability of belonging to each of the two seg-
ments, which was determined through finite mixture model. Since the prediction scores were
rank-ordered, the segment that contains people with the highest prediction scores can be
assumed to be the segment that contains credible people (denoted as segment R), while the
segment that contains those with the lowest prediction scores is the one populated with non-
credible people (this segment is denoted by U). Therefore the probability of belonging to R can
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Table 4. Corrected rates of purchase intention rates and corresponding errors in Experiment 1—Real purchasing decision is the decision to enter the lottery.

Normal mixture Lognormal mixture Exponential mixture
Product | Price in PINT PINC Error* | Correct. rate Correct. Correct. rate Correct. Correct. rate Correct.
$ Purchase Purchase k error** k error** k error**
intention incidence
P1 5 0.62 0.39 0.23 0.62 0.23 0.62 0.23 0.62 0.23
7 0.44 0.19 0.25 0.34 0.15 n/a n/a 0.37 0.18
9 0.29 0.11 0.18 0.1 0.01 0 0.11 0.1 0.01
P2 5 0.41 0.26 0.15 0.22 0.04 0.42 0.16 0.22 0.04
7 0.22 0.1 0.12 0.09 0.01 0.17 0.07 0.08 0.02
9 0.15 0.06 0.09 0.02 0.04 0.01 0.05 0.02 0.04
P3 7 0.67 0.55 0.12 0.65 0.10 0.62 0.07 0.64 0.09
11 0.54 0.36 0.18 0.49 0.13 0.48 0.12 0.51 0.15
15 0.32 0.24 0.08 0.28 0.04 0.24 0.00 0.28 0.04
P4 6 0.82 0.71 0.11 091 0.20 0.77 0.06 0.9 0.19
10 0.65 0.51 0.13 0.75 0.24 0.7 0.19 0.7 0.19
14 0.33 0.30 0.03 0.17 0.13 0.29 0.01 0.2 0.10
P5 6 0.51 0.35 0.16 0.44 0.09 0.36 0.01 0.46 0.11
10 0.16 0.16 0.00 0.15 0.01 0.08 0.08 0 0.16
14 0.05 0.06 0.01 0.01 0.05 0.05 0.01 0.03 0.03
P6 0.74 0.60 0.14 0.74 0.14 0.71 0.11 0.74 0.14
0.51 0.39 0.12 0.47 0.08 0.51 0.12 0.45 0.06
10 0.25 0.22 0.03 0.15 0.07 0.08 0.14 0.14 0.07
P7 10 0.81 0.62 0.19 0.86 0.24 0.87 0.24 0.87 0.25
15 0.50 0.39 0.11 0.49 0.10 0.48 0.09 0.50 0.11
20 0.25 0.13 0.12 0.24 0.10 0.22 0.09 0.19 0.06
P8 10 0.40 0.38 0.03 0.37 0.01 0.12 0.25 0 0.38
15 0.29 0.26 0.03 0.14 0.11 0.16 0.10 0.12 0.14
20 0.17 0.12 0.04 0.05 0.07 0.12 0.00 0.05 0.07
P9 8 0.65 0.49 0.17 0.71 0.22 n/a n/a 0.70 0.21
11 0.48 0.22 0.26 0.43 0.21 0.44 0.22 0.42 0.20
14 0.24 0.20 0.04 0.15 0.05 0.09 0.11 0.15 0.05
One-tailed Wilcoxon test: error vs. corrected error 0.26 0.32 0.48
One-tailed matched-pair t-test: error vs. corrected error 0.25 0.44 0.65

* Error is computed as the absolute difference between purchase intentions and real purchases

** Corrected error is computed as the absolute difference between the corrected purchase intention rate k and real purchases

n/a denotes cells where the maximization algorithm in fmm package did not converge, so it was not possible to compute corrected intention rates

https://doi.org/10.1371/journal.pone.0225432.1004

be interpreted as the probability of being a credible respondent, and the probability of belong-
ing to U as the probability of being an non-credible respondent. For the respondent j we
denoted the probability to be credible as p/(R). Next we define the variable &' = In# - p/(R),
where Int = 1 if the respondent j expressed intention to purchase, and 0 otherwise. In other
words, ¥’ is the variable that contains probability of being a credible respondent for potential
buyers only. Next we compute the corrected purchase intention rate as

e
YL P(R)
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Table 5. Corrected purchase intention rates and corresponding errors in Experiments 2 and 3.

Normal mixture Lognormal mixture Exponential mixture
PINT PINC Error* | Correct. rate Correct. Correct. rate Correct. Correct. rate Correct.
Purchase Purchase k error* k error** k error**
intentions incidence
Experiment 2-100 subjects per group
Product 1 0.42 0.06 0.36 0.39 0.33 0.14 0.08 0.39 0.33
Product 2 0.22 0.01 0.21 0.2 0.19 0.17 0.16 0.08 0.07
Product 4 0.52 0.08 0.44 0.49 0.41 0.46 0.38 0.5 0.42
Product 5 0.28 0.05 0.23 0.15 0.1 0.13 0.08 0.14 0.09
Product 6 0.36 0.04 0.32 0.18 0.14 0.2 0.16 0.12 0.08
Product 10 0.58 0.11 0.47 0.51 0.4 0.5 0.39 0.5 0.39
Experiment 3-250 subjects per group

Product 1 0.4 0.03 0.37 0.24 0.21 0.40 0.37 0.24 0.21
Product 4 0.44 0.05 0.39 0.34 0.29 0.30 0.25 0.38 0.33
Product 5 0.34 0.02 0.32 0.24 0.22 0.2 0.18 0.29 0.27
Product 6 0.44 0.02 0.42 0.34 0.32 0.28 0.26 0.28 0.26
Product 6 second 0.43 0.02 0.41 0.38 0.36 0.40 0.38 0.37 0.35
time
Product 10 0.6 0.09 0.51 0.57 0.48 0.64 0.55 0.57 0.48
Wilcoxon one tailed test: error vs. corrected error 0.0002 0.0015 0.0002
One-tailed matched-pair t-test: error vs. corrected error 0.0001 0.0011 0.0002

* Error is computed as the absolute difference between purchase intentions and real purchases.
** Corrected error is computed as the absolute difference between the corrected purchase intention rate k and real purchases.
Remark: in a very few cases when prediction score is 0, (this happens only for perfect predictors) we substitute it by 0.0001 so that we can perform lognormal and

exponential fmm without eliminating data from those respondents.

https://doi.org/10.1371/journal.pone.0225432.t1005

where N is the number of all respondents. In this way, we divide the probability that buyers are
credible by the total probability of being credible.

Experiment 1

The number of subjects was 166 persons divided into two groups (one group consisted of 82
respondents, the other one of 84 respondents). Among other things, each group was shown
images and descriptions of the first nine products (products 1-9 in Table 3). The order of the
products was randomized. The products were offered at three price levels, where the highest
one was at most 50% of the real price, and the smallest one was about 25% to 30% of the real
price. The range for the lowest price was $4 to $7, and for the highest price it was $9 to $15.
The lowest price was presented first, followed by the medium price, and finally the highest
price. Each product was seen by one group as available for purchase, and by the other group as
unavailable. In this way for each product we could compare the purchase intentions from one
group with the actual decisions from the other group; the latter was used as a proxy for market
outcome. The actual purchase decision in this experiment involved agreeing to enter a lottery
and committing to buy a product if chosen. The answers from the respondents who saw the
product as unavailable were used to collect purchase intention measures, while the decision to
enter the lottery from those who saw the product as available served as a proxy for real
purchases.

We considered each one of the 27 product-price combinations separately, produced
ordered prediction scores and used finite mixture model segmentation as outlined in (3). We
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corrected purchase intentions using the sum of normal, lognormal and exponential distribu-
tions. The corrected purchase intention rate k for each distribution choice is presented in
Table 4.

We can observe that the corrected purchase intentions k are rather robust across the three
possible distribution types.

In order to examine prediction quality, we consider absolute values of the errors in Table 4
and use matched pairs analysis. As we expected corrected purchase intentions to produce
smaller errors, we use the Wilcoxon one-tailed test and one-tailed matched-pair t-test (pre-
sented in Table 4). The results show that the absolute errors produced by the corrected pur-
chase intention rate are on average somewhat smaller for normal and lognormal model
(average of 0.11 for normal and lognormal model, compared to 0.12 when no correction is
applied), but are not significantly different.

One possible reason for the lack of significance is that lottery is not a good proxy for real
purchases. We used lottery because it was administratively easier to do with an online panel
compared to engaging in multiple real purchasing transactions. Because of such setup, our
respondents were most likely more optimistic in expressing their readiness to purchase (i.e. to
enter the lottery with small probability to win) than they would have been if they had been
faced with the certainty of making a transaction.

For that reason in the next two experiments we decided to measure purchase incidence by
real purchases.

Experiment 2

In this experiment we offered products for sale directly instead of selling them through a lot-
tery. The experiment involved two groups of 100 people, where each group saw three products.
Since the experiment required that we stocked the products that were offered for sale, we
decided to drop the products that were too expensive or too bulky (product 3, product 7, prod-
uct 8, and product 9). We also added product 10 from Table 3. First group of 100 respondents
saw products 1, 2, and 4; the other group saw the products 5, 6, and 10. For each of the prod-
ucts we asked for subjects’ purchase intention; later in the survey we offered the same products
for sale. The order of the products in the questionnaire was randomized, and they were offered
at only one price level. For products that were also used in experiment 1, that was the middle
price level. Results are presented in Table 5.

Experiment 3

This experiment was set up in the same way as experiment 2, but with some minor alterations.
The experiment involved two groups of 250 people, where again each group saw three prod-
ucts. We dropped product 2 because it was shown not to be popular enough in experiment 2,
and replaced it by product 6. So the first group of 250 respondents saw products 1, 4, and 6;
the other group saw products 5, 6, and 10. The products were offered at the same price levels
as in the experiment 2. Results are presented in Table 5.

Matched pairs analysis of the errors in Table 5 yields that the error produced by corrected
purchase intentions is significantly smaller compared to the one produced by initial purchase
intentions, and that is true for all three models. For illustration, matched pairs for both Experi-
ment 2 and Experiment 3 are graphically presented in Fig 1.

It is noticeable that the real sales in Table 5 are very small. After we observed that fact in
experiment 2, we added an open ended question in the experiment 3 where we asked the sub-
jects if anything precluded them in following through with their purchase decisions. In both
subject groups, about 20 subjects reported being deterred by the transactional details: namely
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Fig 1. Matched pairs in Experiments 2 and 3.

https://doi.org/10.1371/journal.pone.0225432.g001

providing a shipping address and writing a check to the university. Some subjects did not uti-
lize checks any more, and some were worried about the privacy issues. If all of those subjects
were not discouraged, the sales in experiment 3 could be expected to rise by about 8%. Even
then, if we increase all real sales by 8%, the corrected estimates will be closer to real outcome
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compared to purchase intentions (one-tailed Wilcoxon tests for all three models are less than
p =0.001).

Conclusion

Many areas of economics use subjective data, despite the misgivings regarding data quality
and reliability. This issue goes beyond truth telling, as subjects may simply lack adequate
understanding of the subject matter or fail to pay sufficient attention. In this paper we show
how meta-predictions can be used to identify credible respondents, thus improving data reli-
ability. As a test bed for this approach we use purchase intention survey, often used for early
sales forecasting of new concepts.

In order to improve data quality and subsequent forecasting precision, we propose to iden-
tify those respondents who are of “higher quality” and use only their data while disregarding
the information from the others. We address this issue by building a theoretical model based
on the predictions score which is used to reward respondents’ meta-knowledge [1], and which
can be used to identify people who are best in predicting their peers’ intentions. We show that
these best predictors are in fact the credible respondents we seek to detect. We develop an easy
algorithm for model application, which allows for correction of purchase intentions by retain-
ing the data from reliable respondents only. It is important to notice that the algorithm
requires only one additional question apart from the purchase intention question, which is the
meta-prediction question.

The theory is tested in three online experiments. In each experiment, we identify and dis-
card data from unreliable respondents, and base our predictions on only the remaining
respondents. The first experiment did not use real purchases, but instead approximated them
by the decision to enter a lottery under the understanding that the lottery winner was expected
to buy the product. This approach resulted in large purchase intentions, perhaps because sub-
jects treated the decision as almost surely hypothetical (the probability of winning the lottery
was small). The other two experiments used real purchases to measure purchase incidence.
Those experiments confirmed the hypothesis that corrected purchase intentions produced sig-
nificantly better predictions of purchase incidence.

Our approach can be generalized to situations where there are more than two possible
options and more than two states of the world. We show that regardless of the number of
offered answers and possible states of the world, reliable respondents are always those who
have the highest prediction scores. In this paper we used purchase intention survey to test the
approach, but any survey can be approached in the same way. The only requirement is that
some respondents have expertise that allows them to determine with certainty which state of
the world has materialized.

A limitation of this paper is that we are not able to directly verify that people whom we iden-
tify as credible are really more informed and more attentive than other respondents: instead we
do this indirectly by comparing our predictions with the actual outcome. In our present setting,
the direct verification would have required additional probing of individual respondents to
assess their level of knowledge and attention, something best done through face-to-face inter-
views, an approach which was not compatible with online panel setting. The direct verification
is an issue that we will address in further research via a different set of experiments.

Supporting information

S1 Appendix.
(DOCX)

PLOS ONE | https://doi.org/10.1371/journal.pone.0225432 December 2, 2019 14/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0225432.s001
https://doi.org/10.1371/journal.pone.0225432

@ PLOS|ONE

Using meta-prediction for uncovering credible respondents in surveys

Author Contributions

Conceptualization: Sonja Radas, Drazen Prelec.

Data curation: Sonja Radas.

Formal analysis: Sonja Radas.

Methodology: Sonja Radas, Drazen Prelec.

Project administration: Sonja Radas.

Resources: Drazen Prelec.

Writing - original draft: Sonja Radas.

Writing - review & editing: Sonja Radas, Drazen Prelec.

References

1.

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

Prelec D. A Bayesian Truth Serum for Subjective Data. Science, 2004; 306: 462—466. https://doi.org/
10.1126/science.1102081 PMID: 15486294

Gneiting T, Raftery AE. Strictly Proper Scoring Rules, Prediction, and Estimation, Journal of the Ameri-
can Statistical Association, 2007; 102(477): 359-378

Balasubramanian S, Gupta S, Kamakura W, Wedel M. Modeling large data sets in marketing. Statistica
Neerlandica, 1998, 52(3): 303.

Kahneman D, Snell J. Predicting a changing task: Do people know what they will like? Journal of Behav-
ioral Decision Making, 1992; 5:187-200.

Chintagunta P, Lee J. A pre-diffusion growth model of intentions and purchase. Journal of the Academy
of Marketing Science, 2012, 40(1): 137—154.

Morwitz VG, Steckel JH, Gupta A. When do purchase intentions predict sales? International Journal of
Forecasting. 2007; 23(3): 347-364.

Reichheld FF. The one number you need to grow. Harvard Business Review, 2003; 81(12): 46-54.
PMID: 14712543

Wansink B, Ray ML. Advertising Strategies to Increase Usage Frequency Journal of Marketing, 1996;
60(1): 31-46.

Bemmaor AC. Predicting behavior from intention-to-buy measures: The parametric case, Journal of
Marketing Research, 1995, 32:176-191

Hsiao C, Sun B, Morwitz VG. The role of stated intentions in new product purchase forecasting, in
Advances in Econometrics. 2002: 11-28.

Juster FT. Consumer buying intentions and purchase probability. Occasional Paper 99, National
Bureau of Economic Research, Colombia University Press; 1996.

Kalwani MU, Silk AJ. On the reliability and predictive validity of purchase intention measures, Marketing
Science, 1982;(1): 243-286.

Manski C. Nonparametric Bounds on Treatment Effects. The American Economic Review, 1990;

80(2): 319-323.

Mittal V, Kamakura WA. Satisfaction, repurchase intent, and repurchase behavior: Investigating the
moderating effect of customer characteristics. Journal of Marketing Research, 2001; 38(1): 131-142.
Morrison DG. Purchase intentions and purchase behavior. Journal of Marketing, 1979; 43: 65-74

Morwitz VG, Schmittlein D. Using segmentation to improve sales forecasts based on purchase intent:
Which “intenders” actually buy? Journal of Marketing Research, 1992; 29: 391-405

Sun B, Morwitz VG. Stated intentions and purchase behavior: A unified model. International Journal Of
Research In Marketing, 2010; 27(4): 356—366.

Helzer E, Dunning D. Why and when peer prediction is superior to self-prediction: The weight given to
future aspiration versus past achievement. Journal of personality and social psychology. 2012; 103 (1):
38-53. https://doi.org/10.1037/a0028124 PMID: 22506647

Rothschild D, Wolfers J. Forecasting Elections: Voter Intentions versus Expectations, NBER Working
Paper.2013. http://users.nber.org/~jwolfers/Papers/VoterExpectations.pdf

PLOS ONE | https://doi.org/10.1371/journal.pone.0225432 December 2, 2019 15/16


https://doi.org/10.1126/science.1102081
https://doi.org/10.1126/science.1102081
http://www.ncbi.nlm.nih.gov/pubmed/15486294
http://www.ncbi.nlm.nih.gov/pubmed/14712543
https://doi.org/10.1037/a0028124
http://www.ncbi.nlm.nih.gov/pubmed/22506647
http://users.nber.org/~jwolfers/Papers/VoterExpectations.pdf
https://doi.org/10.1371/journal.pone.0225432

@ PLOS|ONE

Using meta-prediction for uncovering credible respondents in surveys

20.

21.

22,

23.

24,

25.

26.

27.

Galesic M, de Bruin WB, Dumas M, Kapteyn A, Darling JE, Meijer E. Asking about social circles
improves election predictions. Nature Human Behaviour. 2018; 2: 187-193.

Court D, Gillen B, McKenzie J, Plott CR. Two information aggregation mechanisms for predicting the
opening weekend box office revenues of films: Box office Prophecy and Guess of Guesses. Economic
Theory. 2018; 65(1): 25-54.

Prelec D, Seung HS, McCoy J. A solution to the single-question crowd wisdom problem. Nature. 2017;
541: 532-535. https://doi.org/10.1038/nature21054 PMID: 28128245

Palley AB, Soll JB. Extracting the Wisdom of Crowds When Information is Shared. Management Sci-
ence. 2018 forthcoming.

Weaver R, Prelec D. Creating truth-telling incentives with the Bayesian truth serum. Journal of Market-
ing Research. 2013; 50(3): 289-302.

Wedel M, DeSarbo WS. A mixture likelihood approach for generalized linear models, Journal of Classifi-
cation. 1995; 12: 21-55.

Wedel M, Kamakura WA. Factor Analysis with Mixed Observed and Latent Variables in the Exponential
Family. Psychometrika 2001; 66(4): 515-30.

Leisch F. FlexMix: A General Framework for Finite Mixture Models and Latent Class Regression in R.
Journal of Statistical Software, 2004; 11(8): 1-18.

PLOS ONE | https://doi.org/10.1371/journal.pone.0225432 December 2, 2019 16/16


https://doi.org/10.1038/nature21054
http://www.ncbi.nlm.nih.gov/pubmed/28128245
https://doi.org/10.1371/journal.pone.0225432

