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We develop and test an optimization model for maximizing response rates for online marketing research
survey panels. The model consists of (1) a decision tree predictive model that classifies panelists into

“states” and forecasts the response rate for panelists in each state and (2) a linear program that specifies how
many panelists should be solicited from each state to maximize response rate. The model is forward looking
in that it optimizes over a finite horizon during which S studies are to be fielded. It takes into account the
desired number of responses for each study, the likely migration pattern of panelists between states as they are
invited and respond or do not respond, as well as demographic requirements. The model is implemented using
a rolling horizon whereby the optimal solution for S successive studies is derived and implemented for the first
study. Then, as results are observed, an optimal solution is derived for the next S studies, and the solution is
implemented for the first of these studies, etc. The procedure is field tested and shown to increase response rates
significantly compared to the heuristic currently being used by panel management. Further analysis suggests
that the improvement was due to the predictive model and that a “greedy algorithm” would have done equally
well in the field test. However, further Monte Carlo simulations suggest circumstances under which the model
would outperform the greedy algorithm.

Key words : online survey panels; survey response rates; predictive modeling; optimal contact strategy;
customer relationship management

History : Received August 29, 2006; accepted November 10, 2008, by Jagmohan S. Raju, marketing.
Published online in Articles in Advance February 12, 2009.

1. Introduction
Consumer panels have long been a source of respon-
dents for marketing research surveys. Since the ex-
plosion of the Internet, marketers have turned to
online consumer panels (Sudman and Wansink 2002,
Carleton 2006, Thornton 2005, Hogg 2003). Online
panels promise higher response rates because pan-
elists have precommitted to respond. However, there
is evidence that online panels have begun suffering the
same response rate problems as traditional methods
(Stenbjerre and Laugesen 2005). Davis (2003) reported
panel response rates for 2002 as high as 70%, whereas
Harris Interactive (2006) more recently reported re-
sponse rates of 7%–40%. A survey of market research-
ers suggested that a source of dissatisfaction with
online panels is low response rates (Greenfield 2005).
Low response rates raise concern for nonresponse

error (Lehmann et al. 1998, pp. 307–309) and imply

smaller samples, and therefore larger sampling error.
Increasing sample size by inviting more panelists
increases incentive costs and risks panelist “burn out.”
Recruiting more panelists is costly. The key problem
is response rates; in fact, legal proceedings scrutinize
response rates in determining the validity of survey
evidence (Federal Supplement 2002). This suggests
a model for maximizing online panel response rates
would be desirable. In this paper, we present such a
model.
The purpose of this paper is to develop an optimal

contact model for maximizing online panel response
rates. The model is forward looking in that it takes into
account the requirements of future studies in prescrib-
ing the sampling plan for the current study. The model
also incorporates sample composition requirements,
accounts for panel growth, and uses rolling horizon
implementation. Overall, the contribution of our paper
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is as follows:
• We develop and implement a model for increas-

ing online panel response rates.
• To our knowledge, this is the first management

science analysis for improving the practice of online
panel management.
• We show in a field test that the approach is an

improvement over current managerial practice.
• The combination of techniques we use are indi-

vidually simple but collectively constitute a novel,
rigorous, and sophisticated approach to improving
response rates.
• We use Monte Carlo simulation to investigate

the circumstances under which our approach would
improve over a myopic but powerful optimization
heuristic, namely, a “greedy” algorithm.
A key aspect of the model is that it accounts for

dynamics in two ways. First, average response rates
can differ over time, either because individual pan-
elist response rates change or because the process
of inviting some panelists and not others sorts pan-
elists into groups, thus identifying high and low
responders. Second, the required number of responses
can change over time from study to study. To il-
lustrate the importance of this, consider that we
have categorized panelists into four groups (“states”):
females who responded to their previous invitation,
males who responded to their previous invitation,
females who did not respond to their previous invi-
tation, and males who did not respond to their pre-
vious invitation. The response rates for these groups
are 90%, 40%, 35%, and 4%, respectively. The task
is to determine which panelists to invite to partici-
pate in two studies, the first requiring 100 respon-
dents and the second 400. First, we implement the
greedy algorithm, which uses a simple but myopic
rule—invite the highest responders available until the
requirements are fulfilled. This would yield the results
shown in Table 1.
The method invites 2,838 panelists to meet the

500 respondents required, for an overall response
rate of 17.6%. What pulls down the response rate
is that the method had to invite 1,688 “Male No’s”
to garner 67 additional respondents to meet the
400-respondent requirement of study 2. A nonmyopic

Table 1 Illustration of Greedy Algorithm

Study 1 Study 2

Response Expected Expected
State rate Available Invite response Available Invite response

Female Yes 0�90 0 0 0 0 0 0
Male Yes 0�40 500 250 100 350 350 140
Female No 0�35 550 0 0 550 550 193
Male No 0�04 2�000 0 0 2�150 1�688 67

Total 3�050 250 100 3�050 2�588 400

Table 2 Illustration of Nonmyopic Algorithm

Study 1 Study 2

Response Expected Expected
State rate Available Invite response Available Invite response

Female Yes 0�90 0 0 0 100 100 90
Male Yes 0�40 500 0 0 500 500 200
Female No 0�35 550 286 100 450 314 110
Male No 0�04 2�000 0 0 2�000 0 0

Total 3�050 286 100 3�050 914 400

algorithm would take note of the very high response
rate among “Female Yes’s.” None of these females is
available for study 1, but by inviting “Female No’s”
for study 1, we will convert 35% of them to “Female
Yes’s,” and then can exploit this group’s 90% response
rate. The result is shown in Table 2.
The new plan is both efficient and effective: it uses

1,200 invites (286 + 914) to generate the 500 total
required respondents, a response rate of 41.7%, much
higher than the 17.6% generated by the greedy algo-
rithm. The point is, endemic to planning panelist invi-
tations for online surveys is keeping in mind future
as well as current requirements.
Although the above-listed contributions are impor-

tant, it is appropriate to acknowledge several limita-
tions up front to illustrate the complexity of issues.
First, the superior results of our approach were poten-
tially due both to the predictive model that under-
lies the optimization, as well as to the dynamics of
the optimization. In our particular case, the superior
results of our field test were found to be due to the
predictive model, rather than the dynamics of the opti-
mization. We are able to examine this issue through
Monte Carlo simulation. Second, the model maximizes
expected response rates and does not explicitly account
for uncertainty. This could be addressed by using the
Monte Carlo simulation to construct confidence inter-
vals for the response rate. Third, the objective to max-
imize response rates is subject to sample size goals or
“requirements.” Due to uncertainty, we may exceed
the requirements or not meet them. A Monte Carlo
simulation again could be used a priori to quantify
the chances of exceeding or not meeting requirements
and if necessary fine tune the number of panelists
contacted. Finally, in our model, we optimize over-
all response rates over several studies and do not try
to equalize response rates across studies. This could
be accomplished most practically by weighting the
objective function by study. We encourage further field
work to address these important issues.

2. The Model
2.1. Overview
The model’s foundation is similar to catalog planning
models developed by Bitran and Mondschein (1996),



Neslin et al.: An Optimal Contact Model for Maximizing Online Panel Response Rates
Management Science 55(5), pp. 727–737, © 2009 INFORMS 729

Figure 1 Overview of Optimal Contact Model
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Elsner et al. (2003), and Simester et al. (2006). It relies
on a predictive model and an optimization model.
The predictive model defines “states” for classify-
ing panelists and forecasts the response rate if pan-
elists in a particular state are invited to participate
in a study. The optimization is a linear program that
yields a plan of panelist invitations over a series of
S studies that maximizes the overall response rate.
An overview of the model is in Figure 1.
First, to estimate the predictive model, we assemble

data depicting the history of panelist invitations and
responses. The data include the “dependent variable,”
showing whether the panelist responded to an invi-
tation, and a series of potential predictor variables.
We utilize a decision tree predictive model because
this fits the strategy of classifying panelists into states
(see Simester et al. 2006, Blattberg et al. 2008). The
“end nodes” of the tree define the states and expected
response probability of a respondent in that state. One
end node might be “panelists who are female and
were never invited to participate in a study.” Panelists
in this state might have a 20% chance of responding
to a solicitation.
Second, we specify the optimization model. The

optimization assumes that the schedule for the next
S studies is known, and the panel manager wishes to
achieve a target number of responses for each study,
possibly with representation requirements by demo-
graphic group. The optimization is a linear program
that minimizes the number of solicitations to achieve

the participation levels required for each of the stud-
ies in the upcoming S-study horizon.
Third, we use a “rolling horizon” approach to im-

plement the model. Assume the horizon is four stud-
ies. We start with the initial numbers of panelists in
each state. We optimize over studies 1–4, and imple-
ment the plan for study 1. We then observe the results,
update our state classifications, and rerun the model
for studies 2–5, implementing what that optimization
tells us to do for study 2. We then observe the results
for study 2, update our state classifications, and rerun
the model for studies 3–6, etc. To our knowledge,
rolling horizons have not been applied in marketing.1

The concept is well known in the operations man-
agement literature (Baker 1977, McClain and Thomas
1977, Chand et al. 2002). The advantage of rolling
horizons is ease of implementation.

2.2. Detail of the Optimization Model
The input parameters for the model are shown
in Table 3. The transition probabilities—pjk and qjk—
are derived from the definition of states (Dj ) and
the predicted response rates (rj ). For example, state 1
might be male panelists who were never invited to
a study, state 2 might be male panelists who were
invited to a study but did not respond, and state 3
might be defined as male panelists who were invited
to a study and did respond. Assume that r1 = 0�3,
r2 = 0�1, and r3 = 0�8. Then, we would have

p11 = 0 p12 = 0�7 p13 = 0�3 q11 = 1 q12 = 0 q13 = 0

p21 = 0 p22 = 0�9 p23 = 0�1 q21 = 0 q22 = 1 q23 = 0

p31 = 0 p32 = 0�2 p33 = 0�8 q31 = 0 q32 = 0 q33 = 1�

The decision variables for the linear program are as
follows:
Xjs = Number of panelists from state j invited to par-

ticipate in study s.
Ajs = Number of panelists in state j available for par-

ticipation in study s.
Given these decisions, the ps and qs determine the
number of panelists who will be available in various
states to participate in future studies. The optimiza-
tion is then

Minimize
S∑

s=1

N∑

j=1

Xjs

subject to Xjs ≤Ajs j =1�����N�s=1�����S� (1)
∑

j∈Mg

rjXjt ≥Qsg

g =1�����G�s=1�����S� (2)

Aks =
N∑

j=1

pjkXj�s−1+
N∑

j=1

qjk�Aj�s−1−Xj�s−1�+Rks

k=1�����N�s=2�����S� (3)

1 Note that Elsner et al. (2003) refer to Elsner (2002) as proposing
rolling horizons for catalogs.
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Table 3 Definitions of Terms

Input parameters
N = Number of states in which panelists can be classified.
S = Number of studies in the time horizon.
G = Number of demographic groups �G ≤ N�.

j� k = 1� � � � � N index states.
s = 1� � � � � S indexes studies.
g = 1� � � � � G indexes demographic groups.

Dj = Definition of state j , i.e., the values of the predictor variables that
define a particular state.

Mg = Set of states whose panelists are in demographic group g.
Qsg = Target number of responses desired from demographic group g

for study s.
rj = Response rate for panelists in state j .

pjk = Proportion of panelists in state j who migrate to state k if they are
invited to participate in a study.

qjk = Proportion of panelists in state j who migrate to state k if they are
not invited to participate in a study.

Aj1 = Number of panelists in state j available for the first study.
Rjs = Number of new panelists who exogenously enter state j in time to

participate in study s.

Decision variables
Xjs = Number of invitations from state j to participate in study s.
Ajs = Number of panelists in state j available for study s (s = 2� � � � � S).

The objective is to minimize the number of invi-
tations over the horizon. This is equivalent to max-
imizing the overall response rate across studies.
Constraint (1) ensures we cannot invite more pan-
elists from a given state, for a given study, than are
available. Constraint (2) imposes the target number of
responses for demographic groups and studies. Con-
straint (3) calculates the number of panelists available
for each study from each state given the invitation
plan (X), the transition probabilities (p and q), and
the arrival of new panelists (R). Availabilities (Ajs) are
provided as input for s = 1.

3. Application
3.1. Setting and Data
The application is for an online panel maintained
at a university research center that provides respon-
dents for academic research studies. Response rates
had taken a precipitous plunge (Figure 2), and man-
agement wished to increase response rates. Before

Figure 2 Online Panel Response Rates for Recent Studies
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Table 4 Variables Available for Predictive Model

Panelist characteristics
1. Confirmation e-mail status (OK, Not OK, Not asked)
2. Year joined panel
3. Agreed to opt-in e-mail for other solicitations
4. Gender
5. Education
6. Country of origin
7. Acquisition source
8. Age

Previous invitations and behavior
9. Days between joining panel and first invitation
10. Days between 1st and 2nd invitation
11. Days between 2nd and 3rd invitation
12. Days between 3rd and 4th invitation
13. Response to previous invitation (Yes, no, or never been invited)

Invitation-specific
14. Days between previous invitation or joining panel and this invitation
15. Study number
16. Date invitation was mailed
17. Days between previous invitation and this invitation

Notes. Each row of data corresponds to a given panelist’s invitation to par-
ticipate in a particular study. If a panelist was invited to more than one study,
there would be a row for each invitation.

study 38, management sent out a “request for confir-
mation” e-mail to verify the e-mail addresses of all
panel members. A positive response should be a good
predictor of whether the panelist would respond to
invitations to participate in future studies.
Management assembled a database of 38,212 obser-

vations, with an observation corresponding to a given
panel member’s invitation to participate in a particu-
lar study. Table 4 shows the variables. Beginning with
study 38, panel management consistently used a sim-
ple heuristic: select (1) those who responded “yes” to
the confirmation e-mail and (2) those who joined the
panel in the last three months. Thus, we decided to
start the database at study 38. This left 12,129 obser-
vations. Before estimating the model, panel manage-
ment stipulated that they wished to specify response
quotas at the gender level. This meant that G = 2, with
g = 1 signifying male and g = 2 signifying female.
When estimating the decision tree, a variable in-

cluded on one branch needed to be included on the
other branches as well. Consider the case that the
decision tree split first on time since becoming a
member of the panel, with the dividing point “the last
50 days” versus “more than 50 days ago.” Assume the
last-50-days branch then split on gender. We then also
have to include gender as a variable on the more-than-
50-days-ago branch of the tree. The reason is that,
over time, a male panelist who joined during the last
50 days would eventually transition to the more-than-
50-days-ago branch of the tree. To know how this
would affect response rate, we would need the gen-
der variable on that side of the tree as well. To test



Neslin et al.: An Optimal Contact Model for Maximizing Online Panel Response Rates
Management Science 55(5), pp. 727–737, © 2009 INFORMS 731

Table 5 Predictive Model Results and States

Days between last Did panelist Panelist response Raw Pooled Next state if Next state if
invite or join and complete to request to Sample response response invited and invited and do Next state if

State current study previous invite? confirm status Gender size rate rate responda not responda not inviteda

1 0–61 Yes OK M 41 0�5122 0�6328 1 7 19
2 0–61 Yes OK F 22 0�7273 0�6328 2 8 20
3 0–61 Yes Not OK M 3 9 21
4 0–61 Yes Not OK F 4 10 22
5 0–61 Yes Not asked M 38 0�6579 0�6328 5 11 23
6 0–61 Yes Not asked F 27 0�7037 0�6328 6 12 24
7 0–61 No OK M 151 0�1523 0�1731 1 7 25
8 0–61 No OK F 132 0�1515 0�1731 2 8 26
9 0–61 No Not OK M 3 9 27
10 0–61 No Not OK F 4 10 28
11 0–61 No Not asked M 83 0�1807 0�1731 5 11 29
12 0–61 No Not asked F 50 0�2800 0�1731 6 12 30
13 0–61 No invite OK M 1 7 31
14 0–61 No invite OK F 2 8 32
15 0–61 No invite Not OK M 3 9 33
16 0–61 No invite Not OK F 4 10 34
17 0–61 No invite Not asked M 1�519 0�3502 0�3663 5 11 35
18 0–61 No invite Not asked F 1�937 0�3789 0�3663 6 12 36
19 62+ Yes OK M 392 0�4133 0�4133 1 7 19
20 62+ Yes OK F 496 0�4698 0�4698 2 8 20
21 62+ Yes Not OK M 35 0�0286 0�0286 3 9 21
22 62+ Yes Not OK F 51 0�1569 0�1569 4 10 22
23 62+ Yes Not asked M 3 0�0000 0�0000 5 11 23
24 62+ Yes Not asked F 1 0�0000 0�0000 6 12 24
25 62+ No OK M 400 0�1825 0�1825 1 7 25
26 62+ No OK F 420 0�2476 0�2476 2 8 26
27 62+ No Not OK M 101 0�0198 0�0198 3 9 27
28 62+ No Not OK F 109 0�0825 0�0826 4 10 28
29 62+ No Not asked M 2 0�0000 0�0000 5 11 29
30 62+ No Not asked F 2 0�0000 0�0000 6 12 30
31 62+ No invite OK M 1�758 0�2378 0�2356 1 7 31
32 62+ No invite OK F 2�868 0�2313 0�2356 2 8 32
33 62+ No invite Not OK M 323 0�0310 0�0310 3 9 33
34 62+ No invite Not OK F 335 0�0627 0�0627 4 10 34
35 62+ No invite Not asked M 362 0�1381 0�1381 5 11 35
36 62+ No invite Not asked F 471 0�2059 0�2059 6 12 36

aThese are the transitions used for the optimization. They are based on the assumption that (1) the time between any two studies is less than 61 days (so
that any invited panelist moves to states 1–18 for the current study) and (2) the time between any first and third study is more than 61 days (so that any
noninvited panelists move to states 19–36). In the actual field test, the exact timing was 29 days between studies 1 and 2, 28 days between studies 2 and 3,
and 29 days between studies 3 and 4. So there was a slight discrepancy between how the field test was actually run and the second assumption made by the
optimization. As a result, however, noninvited panelists often stayed in states 1–18, contrary to what was being assumed by the optimization. See Table A.1 in
the online appendix.

the impact of this “symmetry” requirement, we inves-
tigated three models:2

• Model 1 allowed all potential variables in Table 4
to be included in the tree, and allowed the tree to be
as deep as the program cutoffs deemed statistically
significant. Symmetry was not imposed.
• Model 2 allowed all potential variables as in

Model 1, but limited the tree to four levels. Symmetry
was not imposed.
• Model 3 used only variables that appeared in the

first two levels of the tree, limited the tree to four
levels, and imposed the symmetry constraint.
From the variables entering the tree at the first two

levels, it was clear that the most important variables

2 Decision trees were estimated using the chi-square automatic
interaction detection (CHAID) procedure in AnswerTree®, dis-
tributed by SPSS.

were confirmation status, response to previous invitation,
days between previous invitation or joining the panel and
the current invitation, and gender. This was fortuitous
because we wanted gender to be in the model any-
way. To determine how much predictive ability we
lost by constraining the model to four levels and sym-
metry, we compared the top decile “lift” for the three
models (e.g., see Neslin et al. 2006). The lifts were
1.796, 1.792, and 1.679 for the three models, respec-
tively. This shows that we lost a little bit of predictive
power, but not much, in constraining the predictive
model as we did.
Table 5 shows Model 3 in tabular form. “Days

between last invite or join and current invitation” was
split at 61 days. A panelist would be placed in the
≤61 days classification if he or she either joined the
panel within the last 61 days, or was last solicited
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for a study within the last 61 days. Generally, the
≤61 days group has a higher response rate. The “did
panelist complete previous invited?” variable was split
into “yes,” “no,” or “not invited.” Generally, “yes’s”
have higher response rates. For the confirmation status
variable, “OK’s” clearly have higher response rates.
Finally, women tend to have higher response rates
than men. The 36 end nodes mean 36 possible states
for each panelist (N = 36).
Certain states have no sample or a very small

sample because certain combinations never or rarely
occurred in the data. We therefore pooled certain
states. For example, we pooled states 1, 2, 5, and 6
so that the predicted response rate was 63.28% for
any panelist in one of those states. Pooling was based
on statistical tests of whether the raw response rates
for the potentially pooled states were equal. However,
there were still some states for which we could not
make a prediction.

3.2. The Optimization Model and
Its Recommended Plan

Table 5 allowed us to calculate transition probabili-
ties for the optimization model. For example, if a pan-
elist in state 1 is invited but does not respond, he
migrates to state 7. The probability this occurs is q1�7 =
1−0�6328= 0�3672. The target number of responses for
each study (Qsg) was 200 males and 200 females, for a
total of 400 desired responses per study. The growth
rate was assumed to be 100 males and 200 females
per month.3 This defined Rjs in Equation (3). Panel
management allocated 33,000 of its 68,329 panelists to
the field test, divided into three equal groups accord-
ing to whether they were to be managed under the
optimization model, management’s current invitation
heuristic, or random selection.
Table 6 shows the optimization plan derived using

the above information. We start with 11,000 panelists,
most of whom were “old” in that they either had
joined or last been solicited >61 days ago. The strat-
egy of the optimal solution is intuitive. It (1) develops
a pool of recently solicited panelists who responded
and whose confirmation status is either “OK” or “not
asked” (states 1, 2, 5, or 6), and (2) because their pre-
dicted response rate is 63.28%, uses them to increase
response in future studies.
The result was that the optimal plan predicted

response rates of 32.3%, 53.3%, 53.7%, and 47.8%
across the four studies.4 The plan in Table 6 was used

3 Management was certain they could add 300 new panelists per
month for the field test.
4 Note that in our specific application, the optimal solution is not
unique. When faced with multiple optima, we can generate a few
equivalent plans and select the one preferred for other managerial
considerations.

to solicit for the first study. Our expectation was that
our actions for study 1 would create a sizable pool of
state 1 and 2 panelists, and combined with the growth
in the panel (this produced more panelists in high-
response states 17 and 18), we would achieve higher
response rates for study 2. This rosy picture needed,
of course, to be confirmed by the field test.

4. The Field Test
The field test compared the optimization model plan
to two benchmarks: random selection from the pool
of all available panel members and the management
heuristic. The heuristic created two groups: (1) those
who responded “yes” to the confirmation e-mail and
(2) those who joined the panel in the last three months.
The groups were merged, and then panelists were
randomly selected with the restriction of obtaining
50% women and 50% men (corresponding to the
requirement of equal numbers of male and female
respondents). From the predictive model, we knew
that in fact e-mail confirmation and joining the panel
in the last few months were strong positive indicators
of response.
To facilitate comparisons, we required each method

to invite the same number of panelists to each study.
That number was determined by the optimal number
prescribed by the model. This did not hamper the
heuristic and random approaches in any way because
they had a large enough pool.
Figure 3 shows the response rates for the field test.

Things went much according to plan. The model per-
formed best for study 1, but not too much better
than the heuristic. This is because the model was
developing its pool of high-response panelists (states 1
and 2). The payoff came in studies 2–4, where the opti-
mization plans achieved roughly double the response
rate of the heuristic. The overall response rate for the
model was 41.2%. The detailed results by state and
study are available in Tables A.1–A.3 in the online

Figure 3 Field Test Response Rate Results: Model, Heuristic, and
Random Methods
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Table 6 Initial Optimization Plan

Predicted
States response Study 1 Study 2 Study 3 Study 4

State Days Prev. Conf. Gender Rate Avail. Inv. Exp. resp. Avail. Inv. Exp. resp. Avail. Inv. Exp. resp. Avail. Inv. Exp. resp.

1 0–61 Yes OK M 0�6328 0 187 187 118 155 155 98 135 135 85
2 0–61 Yes OK F 0�6328 0 200 200 127 191 191 121 194 194 123
3 0–61 Yes Not OK M 0 0 0 0
4 0–61 Yes Not OK F 0 0 0 0
5 0–61 Yes No ask M 0�6328 0 13 13 8 45 45 28 65 65 41
6 0–61 Yes No ask F 0�6328 0 0 9 9 6 6 6 4
7 0–61 No OK M 0�1731 0 589 121 109
8 0–61 No OK F 0�1731 0 226 146 153
9 0–61 No Not OK M 0 0 0 0
10 0–61 No Not OK F 0 0 0 0
11 0–61 No No ask M 0�1731 0 23 68 80
12 0–61 No No ask F 0�1731 0 0 16 3
13 0–61 Noinv. OK M 0 0 0 0
14 0–61 Noinv. OK F 0 0 0 0
15 0–61 Noinv. Not OK M 0 0 0 0
16 0–61 Noinv. Not OK F 0 0 0 0
17 0–61 Noinv. No ask M 0�3663 36 36 13 100 100 37 100 100 37 100 100 37
18 0–61 Noinv. No ask F 0�3663 63 200 25 9 200 200
19 62+ Yes OK M 0�4133 374 196 81 178 89 37 89 89 37 0
20 62+ Yes OK F 0�4698 875 426 200 449 137 64 313 156 73 156 156 73
21 62+ Yes Not OK M 0�0286 306 306 306 306
22 62+ Yes Not OK F 0�1569 741 741 741 741
23 62+ Yes No ask M 0�0000 158 158 158 158
24 62+ Yes No ask F 0�0000 242 242 242 242
25 62+ No OK M 0�1825 653 580 106 73 662 783 106 19
26 62+ No OK F 0�2476 1�203 1�203 1�429 1�575
27 62+ No Not OK M 0�0198 1�034 1�034 1�034 1�034
28 62+ No Not OK F 0�0826 1�806 1�806 1�806 1�806
29 62+ No No ask M 0�0000 502 502 525 593
30 62+ No No ask F 0�0000 774 774 774 790
31 62+ Noinv. OK M 0�2356 74 74 74 74 74 17
32 62+ Noinv. OK F 0�2356 181 181 181 181
33 62+ Noinv. Not OK M 0�0310 463 463 463 463
34 62+ Noinv. Not OK F 0�0627 744 744 744 744
35 62+ Noinv. No ask M 0�1381 298 298 298 298
36 62+ Noinv. No ask F 0�2059 473 536 711 911

Total 11�000 1�238 400 11�300 751 400 11�600 745 400 11�900 836 400
Total men 812 200 389 200 389 200 480 200
Total women 426 200 362 200 356 200 356 200
Expected response rate (%) 32�3 53�3 53�7 47�8

Note. Prev., previous response; noinv., never previously invited; conf., response to confirmation e-mail; no ask, was not sent confirmation e-mail; avail., number
available in each state; inv., number invited from each state; exp. resp., number of expected responses from each state.

appendix (provided in the e-companion).5 For each
study, we also compared (1) the characteristics of
the respondents and (2) the mean values of their
responses. These numbers do not differ significantly
across approaches. Although the differences were not
significant, we did note that the model achieved a
sample closer to the desired 50–50 male–female split
(online appendix, Tables B and C). These findings do
not eliminate the possibility of frame or nonresponse
bias. Management would need to compare the demo-
graphics of panel members, panel responders, and the
general public to monitor this issue.

5 An electronic companion to this paper is available as part of
the online version that can be found at http://mansci.journal.
informs.org/.

Overall, the model yielded a higher response rate
and the substantive results of each study did not differ.
The benefit is that the sample size was appreciably
higher because the response rate was higher. This
would yield smaller standard errors and more pow-
erful statistical tests (online appendix, Table E). Alter-
natively, we could have used the optimal contact
model to invite fewer panelists and achieve roughly
the same sample size as management’s heuristic.

5. Analysis of Panelist
Response Rates

As noted in the Introduction, an important dynamic
presumed in our analysis is that average panelist
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Table 7 Analysis of Panelist Response Rates

Panel A

Actual response rate Actual response rate
next study � respond next study � did not

and invited respond and invited
Actual response for

each state

Predicted Predicted Predicted
response response rate response rate
rate for next study � next study � did

each state Response Sample respond and Response Sample not respond and Response Sample
State (Table 5) (%) rate (%) size invited (Table 5) (%) rate (%) size invited (Table 5) (%) rate (%) size

7 17�3 (d) (d) 63�3 50 2 17�3 15�4 26
17 36�6 40�0 25 63�3 (c) 0 17�3 0 1
18 36�6 40�5 37 63�3 (c) 0 17�3 0 1
19 41�3 35�6 135 63�3 100�0 8 17�3 20�0 10
20 47�0 33�1 175 63�3 100�0 5 17�3 50�0 6
21 2�9 8�7 92 (a) (c) 0 (a) 0 11
22 15�7 11�0 146 (a) (c) 0 (a) 0 7
23 (b) 27�5 51 63�3 100�0 1 17�3 0 5
24 (b) 37�3 51 63�3 100�0 1 17�3 0 2
25 18�3 10�6 218 63�3 100�0 3 17�3 3�6 28
26 24�8 15�1 199 63�3 50�0 2 17�3 0 7
27 2�0 2�1 330 (a) 100�0 0 (a) 0 28
28 8�3 1�8 342 (a) (c) 0 (a) 0 20
29 (b) 9�0 178 63�3 66�7 3 17�3 4�8 21
30 (b) 6�4 140 63�3 (c) 0 17�3 0 11
31 23�6 20�0 20 63�3 100�0 1 17�3 10�0 10
32 23�6 12�5 32 63�3 (c) 0 17�3 0 3
33 3�1 2�1 146 (a) (c) 0 (a) 0 13
34 6�3 2�3 133 (a) (c) 0 (a) 0 8
35 13�8 9�8 123 63�3 100�0 1 17�3 0 11
36 20�6 13�6 118 63�3 0�0 1 17�3 0 5

Panel B

Predicted direction of Predicted direction of
Predicted response rate Actual response rate change � responded and Actual increase change � did not respond and Actual increase

State for each state (%) for each state (%) invited to next study or decrease invited to next study or decrease

7 17�3 (d) Increase Increase No change (e)
17 36�6 40�0 Increase (c) Decrease Decrease
18 36�6 40�5 Increase (c) Decrease Decrease
19 41�3 35�6 Increase Increase Decrease Decrease
20 47�0 33�1 Increase Increase Decrease Decrease
25 18�3 10�6 Increase Increase Decrease Decrease
26 24�8 15�1 Increase Increase Decrease Decrease
31 23�6 20�0 Increase Increase Decrease Decrease
35 13�8 9�8 Increase Increase Increase Decrease
36 20�6 13�6 Increase Decrease Decrease (f)

(a) Cannot predict response rate because panelist would move to a cell for which we had zero observations in the calibration data.
(b) Cannot predict response rate due to insufficient sample size (n = 3 for state 23; 1 for state 24; 2 for state 29; 2 for state 30).
(c) Cannot calculate response rate because sample size= 0.
(d) Did not calculate initial response rate because panelist could be in that state either because they were invited or had been in that state for a previous

study.
(e) Predict no change, so not relevant to assess increase or decrease.
(f) No definitive answer—depends on whether predicted or actual response rate is used as base.

response rates can change over time. We now investi-
gate whether in fact (1) average panelist response rates
differ as they move from state to state over time and
(2) these rates differ in the manner we predict. We use
the random sample condition from the field test for
this analysis. The sample sizes become small because
less than a tenth of panelists are invited for any
single study (Table A.2, online appendix). However,
our strategy is to find the states for which we can
predict and then observe the direction in which these

response rates should change. Though the sample
sizes are often small, we examine whether the pattern
of increases in decreases in response rates is in accord
with our predictions.
We first had to eliminate states 1–6 and 8–16 from

this analysis because either we did not have any
observations on these states when we estimated the
predictive model (states 3, 4, 9, 10, and 13–16), or we
had no observations for the state transitions where we
would predict a change in response rate (states 1, 2,
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5, 6, 8, 11, and 12). We were however able to assemble
Table 7.
Consider state 19 in Table 7 (panel A). The predic-

tive model predicts a 41.3% response rate for pan-
elists in this state. For panelists who respond, the
model predicts an increased response rate, 63.3%, if
they are also invited to the next study. For pan-
elists who do not respond, the model predicts a lower
response rate, 17.3%, if they are also invited to the
next study. Table 7 (panel A) shows that the actual
response rate for panelists in state 19 was 35.6%, the
response rate for panelists in state 19 who responded
and were invited to the next study was 100% (8 out
of 8), and for those who did not respond yet were
invited to the next study it was 20% (2 out of 10). So
the response rates differed longitudinally, and in the
predicted direction.
Our goal was to do a similar analysis for the other

states. However, this was not possible for all the states
in Table 7 (panel A). We eliminated from further anal-
ysis states 23, 24, 29, and 30 because there were only
one to three observations in the predictive model for
those states; we eliminated states 21, 22, 29, 30, 33,
and 34 because panelists invited from these states
moved to states for which the sample size in our
predictive model was too small to forecast response
rates; we eliminated state 32 because either panelists
invited from this state moved to a state for which the
sample size in our predictive model was too small,
or because they would move to a state for which there
is no definitive prediction of increase or decrease (the
predictive model said decrease, whereas the actual
observed response rate said increase).
Fortunately, we are able to observe “clean” results

for the 10 states shown in Table 7 (panel B). In total, we
make 16 predictions regarding the direction of change
in response rates where we can observe what actually
happened. These predictions are correct 14 times, and
incorrect two times. A two-sided sign test indicates
that the probability of observing a result this extreme,
if we were only guessing (50% success rate), is 0.0042
(http://graphpad.com/quickcalcs/binomial1.cfm).
Overall, there is a clear pattern. We were able to

predict correctly 14 out of 16 times the direction in
which average response rates change as customers
are invited to a study and progress to another state
because of that invitation. These results suggest that
(1) average response rates differ over time as cus-
tomers move from state to state, and (2) we predict
the direction of these changes with consistent accu-
racy. This provides support that the predictive model
captures the dynamics of how response rates change.

6. Monte Carlo Simulation
As mentioned at the beginning of the paper, our
model optimizes expected response rates and does

not take into account uncertainty. We conduct a Monte
Carlo simulation to generate the distribution of poten-
tial outcomes for a given application of the model.
The simulation takes into account two sources of
uncertainty: (1) the predicted response rates (Table 5)
are based on a finite sample size and hence subject
to sampling error; (2) we invite a finite number from
each state, and hence the actual number of respon-
dents follows a binomial distribution. The simulation
runs as follows: First, we address the first source of
uncertainty by drawing an actual response rate for
each state i from a normal distribution with mean
�i and variance �i(1− �i)/ni, where ni is the pooled
sample size used in Table 5.6 Define pi as the ran-
domly generated response rate for state i. Second,
we use the pis to run the optimization, and assume we
invite xi panelists from state i for the first study. Third,
we account for the second source of uncertainty by
drawing the actual number of responses from a bino-
mial distribution with parameters xi and pi. This
yields the actual number of panelists in each state as
we plan for the second study. Fourth, we use the pis to
run the optimization for the second study, generating
the xis for that study. We then repeat the process for
the third and fourth studies, using the rolling horizon
method. Fifth, we use 1,000 replications of steps 1–4
to derive the distribution of response rates.
The first important result is that, using the field test

demands of 400 for each study (400-400-400-400), the
mean response rate across the four studies is 43.8%
with a standard deviation of 2.9%. Because the distri-
bution across replications was approximately normal,
this means a prediction for the overall response rate
would be 43�8% ± 5�8%. The actual overall response
rate, as mentioned earlier, was 41.2%. This means
the Monte Carlo simulation accurately predicts what
actually occurred in the field test.
We conducted simulations to compare our model

to the greedy algorithm, which is a formidable com-
petitor to systematic optimizations (see Ansari and
Mela 2003). The greedy algorithm selects panelists
from states that have the highest response rates, until it
predicts it has selected enough panelists to satisfy the
sample requirements (Table D in the online appendix).
It does not take into account future demands. The
field test, with the same sample requirements for each
study, did not impose a challenge on the dynamic
aspect of our model. Hence, it was not surprising that
the Monte Carlo simulation found that the greedy
algorithmwould have outperformed the model (44.9%

6 We assume the pooled response rates, which are the response rates
we used for the optimization in the field test, are unbiased and
hence use them for the true response rate �i . The important point
is that we incorporate sampling error in estimating �i by using its
sampling distribution.
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response rate versus 43.8% for our model).7 This find-
ing shows that the gain over management practice
in the field test was due to the power of the pre-
dictive model, not to dynamics in the optimization.
However, we simulated a second set of demands,
150-200-200-400,8 and the model outperformed the
greedy algorithm (47.8% to 45.6%). Clearly this is due
to the requirements pattern that made it important to
plan ahead for the 400-response requirement of the
fourth study. The 150-200-200-400 scenario was real-
istic given the demands the sponsor of our research
had experienced. To gain further insight, we assumed
a 1,000-1,000-1,000-1,324 scenario. Interestingly, the
greedy algorithm generated feasible solutions in only
313 of the 1,000 replications. That is, by the time it got
to the fourth study, it could not generate 400 respon-
dents even if it solicited all available panelists. The
model generated feasible solutions in 997 instances.
In the 313 instances where both algorithms generated
feasible solutions, the model outperformed the greedy
algorithm (30.7% to 28.3%).
The above suggests (1) Monte Carlo simulation

accurately predicted the field test; (2) the gains in the
field test were due to the predictive model, not to
the forward-looking optimization; (3) a greedy algo-
rithm can work at least as well as the model when
demands are constant; (4) the model works better
when demands are not constant; and (5) the model can
generate feasible solutions in cases of high demand
requirements where the greedy algorithm does not.

7. Summary
We have developed an optimal contact model for
maximizing online panel response rates and demon-
strated that the model works in a real-world field test.
In particular, it outperformed two benchmarks: ran-
dom selection of respondents and a well-grounded
heuristic. It generated this higher response without
changing the sample characteristics of each study or
the overall substantive responses.
Our work has important implications for research-

ers. First is that simple decision tree predictive models
work well enough in application to improve perfor-
mance. Second is that the rolling horizon approach is
viable in a real-world marketing setting. Third is that
simplifying an infinite horizon dynamic program to a
finite horizon linear program produces strong results,
i.e., there is “low hanging fruit” that can be captured
by a simple model that captures essential phenom-
ena. For practitioners, the most important implication
is that response rates for online panels can be signifi-
cantly improved through optimal contact models. The

7 This and other comparisons in this section are statistically signif-
icant, given 1,000 replications in the simulation.
8 This was just simulated for the female panelists for simplicity.

method is not black box. Both the predictive model
(Table 5) and the optimal plan (Table 6) make intuitive
sense.
Monte Carlo simulations suggest that the superior-

ity of our model in the field test stemmed from the
power of the predictive model, not to its forward-
looking abilities. A myopic optimization heuristic, the
greedy algorithm, would have done slightly better
than our model in the field test. However, the field
test, with a pattern of constant respondent demands
from study to study, did not tax the forward-looking
aspects of our model. Simulations of nonconstant
demand patterns suggest that, in these cases, the
model would outperform the greedy algorithm. The
general lesson is that simple myopic algorithms work
fine when the demands of the application do not
require forward-looking optimization. However, the
model advanced in this paper works well both in sit-
uations that require or do not require forward-looking
optimization.

8. Electronic Companion
An electronic companion to this paper is available as
part of the online version that can be found at http://
mansci.journal.informs.org/.
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