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Abstract

This study investigates how elements of a survey invitation message targeted to businesses
influence their participation in a self-administered web survey. We implement a full factorial
experiment varying five key components of the email invitation. Unlike traditional experimental
setups with static group composition, however, we employ adaptive randomization in our sequen-
tial research design. Specifically, as the experiment progresses, a Bayesian learning algorithm
assigns more observations to invitation messages with higher starting rates. Our results indicate
that personalizing the message, emphasizing the authority of the sender, and pleading for
help increase survey starting rates, while stressing strict privacy policies and changing the
location of the survey URL have no response-enhancing effect. The implementation of adaptive
randomization is useful for other applications of survey design and methodology.
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1 Introduction

Voluntary business surveys, like household surveys, often suffer from low participation. Even

worse, recent studies indicate a downward trend in response rates for business surveys (König

et al., 2021; Küfner et al., 2022; Pielsticker and Hiebl, 2020). This decline must be considered in

light of the growing reliance on web-based surveys. For researchers, web surveys offer significant

advantages—such as speed, flexibility, scalability, and cost-efficiency—but they are also particularly

prone to lower response rates compared to other survey modes (Manfreda et al., 2008). Despite the

opportunities associated with web surveys in business contexts, such as an increasing digitization of

enterprises and higher web literacy among respondents, the limitations of web surveys remain notable

(Daikeler et al., 2020). These limitations include the impersonal nature of online survey requests

(Evans and Mathur, 2005), privacy concerns (Sax et al., 2003), organizational gatekeepers restricting

access to decision-makers (Snijkers et al., 2013), and the complex, time-consuming response process

(Haraldsen, 2018), which often results in a lack of capacity, motivation, or authorization to engage

with the survey request (Langeland et al., 2023).

Low survey participation can be problematic as it may be linked to non-response bias (König and

Sakshaug, 2023) and counteracting low response rates, for example, by increasing sample sizes, can

significantly drive up costs and increase bias. Thus, researchers are encouraged to use cost-effective

measures to increase response rates while being mindful not to introduce bias. Naturally, much of the

focus has been on optimizing the content and layout of the questionnaires themselves. Yet, effective

communication with potential respondents is also crucial for encouraging response due to a general

lack of prior connection between a potential respondent and the organization conducting the survey

(Einarsson et al., 2021). In this context, the design and layout of the survey invitation message are

particularly important. If the invitation fails to spark the recipient’s interest in responding, the

best questionnaire design will be of no use.

Consequently, a large body of literature has tested the impact of several characteristics of

invitation messages on participation behavior in self-administered surveys (e.g., Heerwegh and

Loosveldt, 2002; Kaplowitz et al., 2012; Trespalacios and Perkins, 2016). However, these studies

predominantly focus on household surveys, and their findings may not extend to the context of

businesses due to their specific dynamics and unique constraints (Langeland et al., 2023). First, the

flow of information within organizations is more complex than in household settings. There may be

multiple potential respondents within a single organization, making it necessary to identify the most

appropriate individual to complete the survey. In addition, the release of data often requires proper
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authorization, which may involve coordination across different departments or hierarchical levels.

Second, the cost-benefit analysis for businesses differs from that of individuals. While the benefits

of participation tend to be less obvious, the costs are immediate and include the time and resources

devoted to the survey as well as the opportunity cost of diverting attention from core business

activities. Third, the response process itself can be intricate, sometimes requiring calculations or

the retrieval of information that is not readily accessible, and may necessitate collaboration among

multiple people to gather the necessary data.

The peculiarities of the business context, which make insights from household surveys not

automatically transferable, must be addressed already in the initial communication with potential

respondents, even if these peculiarities primarily affect the survey response process (Snijkers et al.,

2013). Yet, determining the most effective way to phrase and design an invitation message for

businesses remains an open empirical question, especially in light of the lack of any unifying theory

of survey participation (Dillman, 2021; Keusch, 2015). Although various theoretical perspectives,

such as social exchange theory, cognitive dissonance theory, and leverage-salience theory, suggest

that certain elements of an invitation message may enhance participation, their relevance has

been inconsistently assessed by survey methodologists (Keusch, 2015). Furthermore, traditional

survey invitation message experiments test only a small set of alternatives, limiting conclusions

about interaction effects and alternative design choices. At the same time, it is often prohibitively

costly—given fixed terms and limited budgets—for experimental approaches to find the best message

design choice from a comprehensive set of alternatives.

This study addresses these gaps by investigating how to design a survey invitation message that

specifically targets business decision-makers and by offering an approach to mitigate key challenges

in survey production. To this end, we conduct a sequential experiment that varies the content

and layout of survey invitation messages issued by the German Business Panel (GBP). The GBP

systematically surveys a probability sample of all legal entities operating in Germany. Over the

course of our 15-week experimental phase, 176,000 firms opened their GBP survey invitation email,

enabling a large-scale experimental setup. Our research design varies five key elements of the survey

invitation message: (1) personalization, (2) emphasis on the authority of the sender, (3) survey

link placement, (4) compliance with data protection, and (5) distinct request styles, either offering

potential survey respondents the opportunity to share their opinion or issuing a plea for help. We

implement each of these items in two different ways, resulting in an experiment with a full-factorial

total of 32 (= 25) unique message alternatives.
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One central innovation in our experimental design is the application of a reinforcement learning

algorithm. This algorithm continuously adjusts the experimental group sizes toward better per-

forming invitation messages—those that generate higher starting rates—unlike traditional setups

with static group composition. As the experiment progresses, we apply a Bayesian decision rule

known as randomized probability matching, which incrementally allocates more observations to the

invitation messages with the highest likelihood of being optimal (Scott, 2010). To maximize output,

the basic principle of this adaptive randomization, often referred to as multi-armed bandit (MAB)

optimization, is straightforward: Allocate more efforts (observations) to actions (invitation message

alternatives) that appear most rewarding.

Our results underscore the significant impact of invitation message design on participation

rates in web surveys targeting business decision-makers. We find that our most effective survey

invitation message can increase starting rates by up to 44%. Specifically, we demonstrate that

personalization, stressing the authority of the invitation’s sender, and pleading for help result

in higher survey starting rates. By contrast, placing the URL near the top of the message and

emphasizing strict data protection policies do not seem to significantly benefit survey participation.

The latter result is particularly surprising as it suggests that an extended data protection statement

does not unanimously heighten the trustworthiness of the survey invitation. Instead, extensive

privacy assurances may also raise concerns about sharing sensitive information, reducing recipients’

willingness to respond in the first place. Moreover, by employing adaptive randomization we were

able to increase the number of survey starts by 6.66% compared to a traditional fixed-group design,

illustrating the practical benefits of this dynamic approach in optimizing survey output.

We support our main findings with a series of supplementary analyses. First, we examine the

effect of different invitation messages on the likelihood that a recipient not only starts but also

completes the questionnaire. We demonstrate that once a respondent has begun answering the

questionnaire, there is no significant difference in completion rates based on the invitation message

received. Thus, the impact of optimizing survey invitations extends beyond simply increasing the

survey starting rate and also increases the completion of the survey. Second, we investigate whether

responses to the invitation messages vary based on firm size. Our analysis reveals that smaller

businesses are particularly responsive to pleading frames and invitations from authoritative sources.

By contrast, larger businesses exhibit higher starting rates when the survey is personalized, but

emphasizing the GBP’s compliance with privacy regulations appears to deter their engagement.

Despite these heterogeneous treatment effects, we confirm that our experiment did not introduce
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size-related nonresponse bias. Specifically, we find no significant difference in staffing levels between

respondents and non-respondents across the different experimental treatments. Third, we show

that our main findings are robust to the exclusion of participants from previous surveys conducted

by the GBP. Finally, to address potential concerns about bias in the standard errors due to the

adaptive randomization, we validate our findings by employing batched regressions (Zhang et al.,

2020; Kemper and Rostam-Afschar, 2024).

We make several contributions to the literature. First, we provide evidence from a full-factorial

experiment with 32 invitation messages. This allows us to simultaneously compare five individual

message elements and to study their interaction effects. By contrast, prior studies have considered

a maximum of 16 invitation message alternatives (Kaplowitz et al., 2012). Additionally, we examine

the effect of emphasizing compliance with data privacy regulations, an area with limited prior

evidence despite its relevance for any self-administered survey. Second, we respond to calls for

experimental research in establishment surveys, given that findings from household surveys do not

necessarily generalize to business contexts (Langeland et al., 2023). In this regard, we offer novel

insights, demonstrating, for example, that personalization can enhance response rates even when

using business names rather than person names. Third, we show how MAB optimization can be

effectively implemented to increase survey starting rates by dynamically optimizing the allocation

of invitation messages. This research design is made possible by the staggered roll-out of invitation

messages, which enables a regular adjustment of the randomization scheme. In doing so, we provide

a practical example of how MAB optimization can readily be applied in survey research, showcasing

an approach that is transferable to other settings. For instance, this method may be used when

the ex-ante elimination of alternative questions is not desirable or possible, or when survey content

needs to be tailored to the characteristics of (potential) respondents.

We proceed as follows. In Section 2, we describe prior findings on survey invitation message

design, while in Section 3 we introduce the concept of MAB optimization. In Section 4, we

outline our experimental procedure. Our main findings are presented in Section 5. After providing

supplementary analyses in Section 6, we conclude in Section 7.

2 Invitation Messages for Self-Administered Surveys

The decision to participate in a survey is linked to a trade-off between the benefits and costs, both

of which can be influenced by the organization conducting the survey (Hill and Willis, 2001). While

this cost-benefit framework applies to both household and business surveys, its specifics differ.
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In household surveys, benefits might include monetary incentives or the value of a personalized,

engaging survey experience (Fan and Yan, 2010). To reduce response burden in household surveys,

organizations should carefully monitor factors such as the inclusion of sensitive or cognitively

challenging questions and the length of the questionnaire (Hill and Willis, 2001). By contrast,

business surveys rely less on monetary incentives, typically offering largely indirect benefits tied to

broader economic mechanisms (Snijkers et al., 2013). Beyond the resources required to complete the

survey, response burden for businesses often stems from complex computations, a lack of competence

or authorization to answer certain questions, and, similar to household surveys, the overall length

of the questionnaire (Haraldsen, 2018).

Beyond the characteristics of the questionnaire itself, which may alter the actual costs and

benefits of participation, the design of survey invitations plays a critical role in shaping the

expected costs and benefits perceived by potential respondents (Fan and Yan, 2010). Prior research

from household surveys suggests that optimizing the structure and phrasing of survey invitations

represents an effective strategy for increasing response rates (Keusch, 2015). Key design choices

include personalizing invitation messages, emphasizing the power and status of the sender, placing

the survey link strategically, stressing compliance with data protection, and adopting a distinct

request style. In the following, prior research on each of these elements is reviewed and contextualized

within the business setting.

Personalization. Personalizing survey invitations has been widely investigated in household

and student contexts, across different survey modes. In these studies, personalization is typically

operationalized by addressing the recipient by their first and/or last name. In mail surveys, this

approach has been shown to raise response rates (Heberlein and Baumgartner, 1978; Yammarino

et al., 1991). Yet, evidence from web-based invitations is mixed. Several studies suggest that

personalization enhances participation (Cook et al., 2000; Heerwegh, 2005; Heerwegh and Loosveldt,

2006, 2007; Heerwegh et al., 2005; Joinson and Reips, 2007; Muñoz-Leiva et al., 2010; Sánchez-

Fernández et al., 2012; Sauermann and Roach, 2013), however, others do not (Kent and Brandal,

2003; Porter and Whitcomb, 2003; Trespalacios and Perkins, 2016; Wiley et al., 2009). Positive

effects of personalization are often linked to reciprocity, where respondents feel a need to reciprocate

a personal salutation (Dillman, 2007), or responsibility theory, which suggests that individuals feel

more obligated to help if they perceive others as less able (Barron and Yechiam, 2002).

While these findings are already inconclusive, their applicability to business contexts remains

uncertain. In business surveys, the flow of information is more complex: Gatekeepers often control
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access to potential respondents, and multiple individuals within an organization may be qualified

to answer the survey (Snijkers et al., 2013). This makes respondent selection less straightforward

and typically beyond the direct control of the survey organization, complicating the use of personal

names in salutations.1

Authority. Digital exchanges are typically characterized by high levels of anonymity. In the

context of survey invitations, a lack of social information about the sender could lead to widespread

disregard of the request. Stressing the high social status of the sender, however, may serve as a

heuristic for decision-making, where recipients are more likely to trust and comply with requests

from authoritative sources (Cialdini, 2001). While several studies identify a positive response

rate effect of making authority salient in survey invitation messages targeting individuals and

households (Guéguen and Jacob, 2002; Kaplowitz et al., 2012), others indicate no beneficial impact

of emphasizing the high social status of the invitation’s sender (Heerwegh and Loosveldt, 2006;

Petrovčič et al., 2016; Porter and Whitcomb, 2003). In the business context, authority can stem

from the mandatory nature of certain surveys conducted by governmental institutions or national

statistical institutes. However, in voluntary surveys—such as the one used for this experiment—the

effect of authority signals, like the sender’s status or institutional power, remains an open question.

While authoritative senders might increase the sense of obligation to participate as a contribution

to the broader business community, businesses also perceive participation as a nonproductive cost

(Snijkers et al., 2013), making the influence of authority uncertain.

URL Position. To increase participation in web-based surveys, organizations are advised to lower

participation hurdles as much as possible (Crawford et al., 2001). If URL links are integrated into

the invitation message, links with embedded identifiers are, thus, considered to achieve a higher

willingness to participate as compared to links demanding the (burdensome) manual entry of an

identification or password (Crawford et al., 2001). Beyond the URL’s structural form, research

is concerned with the optimal placement of the participation link within the invitation message.

On the one hand, Couper (2008) recommends placing the URL near the top of the invitation to

avoid requiring recipients to scroll down for accessing the survey. For businesses, where costs are an

immediate concern, a top-placed URL may seem advantageous by reducing perceived effort. On the

other hand, Kaplowitz et al. (2012), in a university context surveying students and faculty, find
1In a small-sample study, Ramirez (1997) addressed this issue by using telephone pre-contacting to personally

identify and target the most suitable respondents within organizations, which subsequently increased starting rates.
However, in large-scale surveys this approach seems not viable.
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that placing the URL at the bottom of the invitation is associated with increased participation, as

this placement encourages potential participants to read more of the invitation, thereby increasing

the perceived trustworthiness of the request. In business surveys, building trust is crucial, as

companies often question why they have been selected for participation and how their data will be

used (Snijkers et al., 2013). A later URL placement that prompts careful reading of the invitation

may help alleviate these concerns.

Data Protection. Emphasizing strict data protection policies could also enhance the trustwor-

thiness of a survey invitation. Information systems research indicates that the presence of a privacy

statement on a firm’s website increases the likelihood that customers will share personal information

(Hui et al., 2007). Similarly, Al-Natour et al. (2020) show that privacy uncertainty is negatively

associated with consumers’ intention to download an app. If these observations apply to invitations

for voluntary business surveys, highlighting the survey organization’s strict data protection policies

could encourage firms to participate. However, stressing data protection may also alert firms to

the possibility that they could be sharing proprietary or sensitive information, potentially reducing

their willingness to respond. Additionally, particularly in larger organizations, emphasizing data

protection may introduce (perceived) procedural hurdles, as decisions about who is authorized to

respond can delay or prevent the invitation from reaching the appropriate recipient, ultimately

lowering response rates.

Offer vs. Plea Framing. Finally, survey participation behavior may be influenced by the way

participation requests are framed. Researchers typically distinguish between an ‘offer’ frame, which

invites recipients to share their opinions, and a ‘plea’ frame, which appeals for assistance. Considering

the importance of the social norm of helping in online communities (Tanis, 2007), several studies

suggest that framing participation requests in a way that leverages recipients’ inherent willingness to

assist can increase response rates in household surveys (Petrovčič et al., 2016; Porter and Whitcomb,

2003; Trouteaud, 2004). Yet again, this finding is not unanimously supported. For instance, Felix

et al. (2011) find no significant differences in survey starting rates depending on the framing of the

invitation. In business surveys, the relevance of the social norm of helping is less clear, as firms tend

to view participation more transactionally, perceiving it as an investment in the response process

that needs to pay off (Snijkers et al., 2013).

In sum, prior evidence on optimal survey invitation message design is largely inconclusive. Addition-

ally, whether emphasizing a strict adherence to data protection rules increases survey participation
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has—to the best of our knowledge—not yet been examined. While existing studies on survey

invitation design are predominantly focused on household or student surveys, the GBP targets

business decision-makers of firms operating in Germany, whose participation decisions likely differ

substantially from those of individuals approached in their private sphere (Snijkers et al., 2013).

Given the absence of a unifying theory on survey participation (Keusch, 2015), determining which

elements of invitation messages in the context of business surveys influence participation rates

remains an open empirical question.

3 Adaptive Randomization in Experiments

All prior studies examining the impact of invitation message design on survey response rates share

a feature in their research design: They are carried out as non-adaptive experiments using fixed and

balanced randomization. This approach is characterized by an experimental phase consisting of

plain exploration, i.e., learning about the effectiveness of different treatment conditions. Crucially,

any of the information that is gathered during the experiment remains disregarded for the purpose of

the ex-ante defined randomization strategy, and the exploitation of potentially identified treatment

effects, i.e., earning on the knowledge that has been gained, only occurs after the experiment has

concluded.2 This setup reflects a common evaluation criterion in research, where experiments are

typically deemed efficient based on their statistical power to detect treatment effects (Breur, 2016).

Yet, in case of sequential experiments, sticking with the maxim of fixed and balanced random-

ization might sacrifice output, in our context survey starts, for the sake of exploration. Even if

preliminary results clearly point to superior performance in one experimental group early in the trial,

this data is typically not leveraged until after the experiment has concluded. This lack of flexibility

and the disregard of interim results make traditional experiments less attractive for organizations

and firms, which tend to evaluate experiments based on their outputs not only after, but also during

the trial phase (Kaibel and Biemann, 2021).

In contrast to experiments using treatment and control groups with pre-determined, fixed

sizes, response-adaptive randomization addresses these concerns by merging the exploration and

exploitation phases of an experiment, so that any knowledge gathered during the experiment is

already taken into account while it is still ongoing. To maximize some outcome, the basic idea of

response-adaptive randomization is to assign more observations to treatments that appear most
2While exploration is also used to describe early research phases with undefined research questions or hypotheses,

we retain the terms in their standard multi-armed bandit context. In this study, exploration refers to the learning
phase of the experiment, where the algorithm seeks new information, and exploitation denotes the earning phase,
where the knowledge gain is applied.
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rewarding. The challenge of identifying a sequential randomization scheme that yields the largest

possible (desirable) output from a set of potential treatments with unknown reward probabilities has

become widely known as multi-armed bandit (MAB) problem—a metaphor referring to a gambler

in a casino who needs to decide which slot machine to play for maximizing their monetary payoff.3

Determining response-enhancing design features in survey invitation messages directed at firm

decision-makers represents a prime example of a MAB problem: While the reward probabilities

(starting rates) of the individual message versions are unknown ex-ante, a goal of the GBP and,

more broadly, of survey organizations is to increase overall survey participation.4 Rather than

relying on traditional static experimental designs, this objective can be achieved through adaptive

randomization in sequential setups, for which a vast number of MAB algorithms have been introduced

in the literature.5

From the array of available MAB algorithms, we implement a policy called randomized probability

matching to manage the exploration-exploitation trade-off in our experiment. As introduced by

Scott (2010), this algorithm belongs to the class of Bayesian decision rules, which have recently

gained popularity for solving MAB problems (see, e.g., Ferreira et al. (2018), Kandasamy et al.

(2018), or Schwartz et al. (2017)).6 The general idea behind algorithms that apply a Bayesian

decision rule is the following: Assuming some prior distribution on the parameters that characterize

the reward distribution of each available option (in this case, invitation message alternatives), at

every decision point, these options are chosen according to their posterior probability of being

optimal (Agrawal and Goyal, 2012). In our experiment, this implies better-performing messages

are sent out more often than those performing poorly. The term ‘Bayesian decision rule’ originates

from the practice of updating the conjectured reward distributions after observing the successes

and failures for each option according to Bayes’ rule.

Optimizing survey invitations can be modeled as a Bernoulli bandit problem due to the binary

nature of the primary outcome measure: Either a firm decision-maker starts the survey in response to

receiving a particular invitation message or not. To formalize the concept of randomized probability

matching for Bernoulli bandits, consider an experiment with i ∈ {1, . . . , k} arms that promise ex-
3When the available slot machines have varying mean reward probabilities, the gambler faces a choice between

exploiting the machine with the highest expected payoff and exploring others to learn more about their reward
potential. Pulling all available arms at equal rates mirrors an experiment with fixed and balanced randomization. By
contrast, an adaptive randomization strategy yields a gambling sequence that increasingly favors machines with the
highest expected rewards.

4From a bias perspective, solely increasing survey starts might of course not be the only objective. We test for
potential bias induced by our randomization procedure in Section 6.2.

5Bouneffouf and Rish (2019) provide a detailed discussion of existing classes of MAB algorithms.
6Despite this recent trend in using Bayesian MAB algorithms, they have the longest tradition among the group of

decision rules available for dealing with MAB problems. In fact, Bayesian decision rules date back to the seminal
work by Thompson (1933), which is why they are commonly referred to as Thompson sampling.
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ante unknown, independent reward probabilities θi ∈ {θ1, . . . , θk}.7 As priors, reward probabilities

for each arm are assumed to follow a Beta distribution. Recall that any Beta distribution is defined

within the interval [0, 1] and is characterized by two parameters, α > 0 and β > 0. The expected

value of a Beta random variable X ∼ Be(α, β) is given by α/(α + β). Thus, the distribution is

skewed to the left if α > β and skewed to the right otherwise. Larger values of α and β correspond

to reduced variance in the distribution.

Prior to the start of the experiment, all arms i are assumed to have Beta priors θi ∼ Be(1, 1),

representing a uniform distribution over the interval [0, 1]. This premise reflects the lack of ex-ante

knowledge about the arms’ individual reward probabilities. What makes Beta distributions a

convenient choice is that they are conjugate to Bernoulli likelihoods, meaning that if you assume a

Beta prior and conduct an experiment with Bernoulli outcome, the posterior will also be Beta. More

formally, let Sit denote the number of successes and Fit the number of failures observed for arm i

until period t. The posterior distribution of θi is updated as Be(θi|1 + Sit , 1 + Fit). Accordingly,

the joint posterior distribution of θ = (θ1, . . . , θk) is

p(θ|st) =
k∏

i=1

Be(θi|1 + Sit, 1 + Fit), (1)

where st = (s1, . . . , st) represents the sequence of rewards observed up to time t across all arms.

Following Scott (2010), by way of integration or simulation, the probability that arm i is optimal at

time t can be derived as

ωit =

∫ 1

0
Be(θi|1 + Sit, 1 + Fit)

∏
i̸=j

Pr(θj < θi|1 + Sjt, 1 + Fjt)dθi. (2)

These probabilities determine the adaptive randomization scheme during the experiment, serving

as distribution weights according to which each invitation message alternative is sent out. Their

derivation in (2) reflects a simple intuition: While the integral of the Beta posterior for arm i’s

reward probability density function within [0, 1] naturally equals 1, the probability of selecting

arm i—and also its corresponding distribution weight—decreases as the posteriors of other arms

indicate higher expected rewards based on their observed successes and failures.

Randomized probability matching is characterized by a number of desirable properties. First,

calculating the individual distribution weights is rather simple, requiring only the input of successes
7In our experiment, invitation message alternatives represent these arms. Their individual starting rates constitute

the associated reward probabilities.
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(surveys started) and failures for each arm (invitation message alternative).8 Second, randomized

probability matching has been proven to be effective in maximizing the desired outcome. Scott

(2010) shows that this decision rule outperforms simpler heuristics and other MAB algorithms. This

might be due to the fact that using a Bayesian decision rule reduces the likelihood of becoming

trapped with an early bad choice (Agrawal and Goyal, 2012). To further mitigate this risk, it

is common to implement Bayesian algorithms with a burn-in phase, during which all arms are

chosen at equal rates (Du et al., 2018; Kaibel and Biemann, 2021), and to impose a clipping

constraint forcing a minimum distribution weight on each message alternative. By introducing

a burn-in phase, the impact of outliers on the resulting sampling scheme is averaged away and

statistical power is strengthened (Kaibel and Biemann, 2021).9 Third, randomized probability

matching is compatible with batch updating, i.e., when arms are not chosen one at a time. For

these batches, treatment allocation occurs proportionally to the calculated distribution weights.

Finally, randomized probability matching does not require discretionary tuning parameters to reduce

exploration over the course of the experiment (Scott, 2010). Instead, the randomization scheme

evolves endogenously based on each arm’s posterior probability of being optimal.

4 Experimental Procedures and Data

Infrastructure. We implement our experiment within the infrastructure of the German Business

Panel (GBP).10 The GBP operates on a recurring six-month cycle, contacting a random sample

of firms across Germany for which digital contact information is available. The contact pool

is primarily sourced from Bureau van Dijk’s Orbis database, a large commercial data platform

providing extensive coverage of both public and private firms in Germany. The sampling process

follows simple random sampling, and as Bischof et al. (2024) demonstrate, respondent firms closely

resemble their population counterparts in key characteristics such as industry, firm size, and legal

form. The target population comprises the universe of legal entities included in the official German

Statistical Business Register. To address potential coverage error, the GBP provides survey weights

calibrated to the marginal distributions of this target population.11

8However, numerical integration must be tested with great care. Some algorithms are approximate methods whose
accuracy and stability are not always guaranteed. Our experiment is not affected by such issues during the 15-week
analysis period.

9Alternatively, to reduce exploitation in favor of exploration, Kasy and Sautmann (2021) propose an algorithm
which they call exploration sampling. Exploration sampling is based on Thompson sampling but replaces the
Thompson distribution weights with transformed weights. This modification moves weight of the best performing
arm to its closely competing arms.

10For a detailed description of the GBP’s objectives, survey methodology, and scope, see Bischof et al. (2024).
11The GBP’s survey weights, applied ex-post to adjust the respondent sample to the target population based on

key characteristics, are not utilized in our experiment. These weights should not be confused with the distribution
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For its web survey, the GBP engaged its entire contact pool exclusively via email, with invitations

distributed daily over the course of each six-month interval, excluding weekends and public holidays.

Each workday, a randomly drawn subset of firms is contacted, and non-respondents receive reminders

after seven, 14, and 28 days. Importantly, firms are only contacted once per wave and are not

reintroduced into the contact pool during the same period. The survey infrastructure of this study

is fully web-based.12 Thus, answering the survey is self-administered, typically taking respondents

between five to 15 minutes to complete. No monetary incentives are provided for participation.

Broadly speaking, the GBP’s goal is to gather insights from firm decision-makers on topics related to

accounting, taxation, and transparency regulation. Most responses come from top-level executives,

including owner-managers, CEOs, and CFOs (Bischof et al., 2024).

For the purposes of our experiment, which ran from August 16, 2022, to November 25, 2022,

we utilized a 15-week window within one of the GBP’s six-month survey intervals. The structural

features of the GBP make it an ideal environment for implementing an MAB approach. Distributing

survey invitations in daily batches, rather than all at once, enables the use of adaptive randomization.

Moreover, the GBP’s infrastructure provides prompt feedback on successes (survey starts) and

failures (non-participation), enabling us to track the performance of each invitation message. For

every firm contacted, the system logs timestamps that record when the email was sent, opened, and

whether the survey was started and completed, allowing for timely adjustments of the randomization

scheme during the experiment. During the 15 weeks of the experiment, a total of 176,000 contacts

opened their invitation message within one week after receiving the email, 7,833 started and 3,733

completed the survey.

Message Design Alternatives. We vary five invitation message characteristics that are poten-

tially relevant for influencing survey starting rates in voluntary business surveys. As outlined in

Table 1, each of these five treatment elements is implemented in two forms, which are coded as

0 or 1 for tracking purposes. By compiling all combinations of these characteristics, we generate 32

(= 25) distinct invitation message alternatives. Thus, our experiment has a full-factorial design.

A key distinction of this experiment, compared to prior studies, is its focus on a business survey

context, which necessitates tailoring the personalization treatment for firm decision-makers. We

consider an invitation to be personalized if it includes the name of the legal entity the respondent is

reporting on (e.g., "[...] we would like to cordially invite you—on behalf of your business [business

weights in our adaptive experimental design, which determine the probability with which each invitation message is
sent out in a given week.

12The GBP survey is implemented using the commercial software Qualtrics.
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Table 1: Overview of Treatments

(1) Characteristic (2) Acronym (3) Coding: 0 (4) Coding: 1

Personalization P No mentioning of business
name

Mentioning of business
name right after salutation

Authority A Sender: Names (without
titles) and GBP

Sender: Names with titles,
universities and GBP

URL U Bottom: Before signature Top: After brief
introductory paragraph

Data Protection D No emphasis: Single
sentence within a textblock

Emphasis: Separate
textblock with two strongly
phrased sentences

Message Frame M Offer Plea

Notes: This table summarizes the five distinct message treatments that generate the experimental variation in
our study. Column (1) lists the characteristics that are modified to create the set of invitation messages, with
abbreviations for each characteristic shown in column (2). Columns (3) and (4) describe the two specifications for
each characteristic, coded as 0 or 1. A combination of these acronyms and codes is used to reference a particular
invitation message alternative. For example, the invitation message P0A1U1D0M0 excludes the recipient’s business
name, includes the senders’ academic titles and university affiliations, places the participation link near the top of the
message, does not emphasize data protection, and invites participants to share their opinions. For the exact wording
of each treatment in its two versions, see Appendices B.1 and B.2 as well as B.3 and B.4.

name]—to participate [...]"). While surveys of individuals typically personalize invitations using the

recipient’s name, this method is not appropriate for business surveys, where multiple decision-makers,

such as CEOs or CFOs, may be equally eligible to respond. As a result, targeting a specific individual

risks addressing someone who may not be the most relevant respondent. Moreover, personal names

may not be included in the sampling frame, or the available contact details could be outdated,

further complicating the use of personal salutations.

In addition to personalizing the invitation message, we generate experimental variation by

manipulating the authority of the invitation’s sender. To signal higher authority, the email signature

explicitly lists the full academic and honorary titles of the GBP’s principal investigators, along with

their university affiliations. By contrast, a lower-authority version presents the senders’ plain names,

omitting titles and affiliations. We also vary the placement of the survey URL link, displaying it

either in the upper part of the message, after a brief introductory passage, or at the bottom, before

the email signature. Furthermore, the invitation messages differ in their emphasis placed on data

protection. One version briefly mentions the GBP’s strict data protection policies within a larger

text block, while another version features a separate text block with a bold headline, specifically

highlighting the GBP’s commitment to privacy protection. Lastly, we modify the phrasing of

the participation request by altering the message’s framing. In the offer condition, recipients are
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invited to take part in the survey and share their insights on the perceived effects of tax and

accounting-related regulation ("[...] we would like to cordially invite you [...]"; "The information

you provide helps us to understand the effects [...]"; "Thank you for your participation!"). In

comparison, the plea condition frames the message as a call for advice and help ("[...] we ask you for

participation [...]"; "Only with your information can we help to understand the effects [...]"; "Please

help by participating!").

As indicated in Table 1, we use a combination of acronyms and codes to reference the 32

distinct message alternatives in later analyses. For instance, the invitation message labeled as

P0A1U1D0M0 does not include the recipient’s business name, but it does mention the academic

titles and university details of the sender. In this version, the participation link is positioned in the

upper part of the message, and no emphasis is placed on data protection. Finally, this message

offers recipients an opportunity to share their opinions rather than issuing a plea for help. The

exact wording of each treatment variation is detailed in Appendices B.1 and B.2, which contain

the original German versions of the invitation messages. Their English translation is provided

in Appendices B.3 and B.4. An important caveat from prior literature is the observation that

participation rates may be influenced not only by the content of an invitation message, but also by

its length (Kaplowitz et al., 2012). To avoid such confounding effects, we refrain from modifications

that materially alter the length of the invitations.

Timeline. When implementing a Bayesian decision rule for MAB optimization, it is generally

advisable to incorporate a burn-in phase to lower the risk of getting locked into sub-optimal

randomization decisions in the beginning of the experiment (Du et al., 2018). During this phase, all

invitation message alternatives are distributed at equal rates. The optimal length of the burn-in

phase involves a trade-off: While a longer phase reduces the likelihood of premature, inefficient

exploitation, it may also result in avoidable foregone survey starts by not prioritizing better-

performing messages sooner. Recommendations on the optimal length of the burn-in phase vary

drastically depending on the research objective and the conjectured differences in effect sizes between

the experimental groups. For instance, Kaibel and Biemann (2021) suggest that adequate burn-in

phases range from only ten or 20 subjects per treatment condition, if an experimenter is primarily

interested in identifying the most effective treatment condition, to half of the total sample size, if

the experimenter aims at determining significant treatment effects for all experimental treatment

conditions. Extended burn-in phases are particularly advisable when effect size differences are

expected to be small and a substantial number of experimental groups are being compared. Based
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on prior survey waves of the GBP, we know that starting rates are typically below 10%. While

we expect the phrasing of invitation messages to influence firms’ likelihood of participation, we

anticipate that these effects will be moderate. To avoid any negative impact of the experiment on

the number of survey starts stemming from inefficient, early MAB choices (that would be the result

of unfortunate coincidence), we adopt a conservative strategy, extending the burn-in phase to four

out of the overall 15 experimental weeks.

Figure 1 schematically illustrates the experimental procedure. During the initial four experimental

weeks, all invitation messages are sent out at equal rates, i.e., the email distribution weights are

constant and amount to 1
32 . During these four weeks, the procedure mirrors an experiment with

fixed and balanced randomization. From week five onwards, we implement the MAB algorithm as

outlined in Section 3. Each week, the algorithm evaluates the participation data for all invitation

messages likelihood of maximizing survey starting rates. As a result, better-performing invitations

are sent out more often as the experiment progresses. The MAB algorithm continuously incorporates

additional data to refine the distribution weights. For instance, in determining the distribution

weights for week five, the algorithm factors in the outcomes from the initial four weeks. For week

six, it relies on data from the previous five weeks, and this pattern continues on a weekly basis

throughout the experiment.

Data. The application of the MAB procedure requires an assessment of the participation statistics

per invitation message alternative on a recurring basis. To determine the weekly distribution weights

in our experiment, the MAB algorithm relies on two inputs: a vector that represents the number of

firms who received and subsequently opened the survey invitation message, and another vector that

indicates how many of these firms began answering the questionnaire after opening the respective

invitation message.13 The success measure for each invitation message alternative is defined by its

starting rate, calculated as the proportion of firms that start the survey out of those that previously

opened the respective message version. We use opened messages as the baseline for this calculation,

as the invitation message can influence survey participation decisions only if it has been opened.

Operationally, this data is accessible via the GBP’s survey infrastructure. At the end of each

experimental week, we retrieve the distribution history of prior emails, which specifies whether firms

received and opened the survey invitation, as well as whether they subsequently started answering

the questionnaire. This data is then matched with stored information on which invitation message
13These inputs are equivalent to the ones presented in Section 3. The number of failures simply corresponds to the

difference between the amount of trials and successes.
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Figure 1: Stylized Experimental Procedure with Adaptive Randomization

Notes: Each column in this stylized figure represents the distribution of the 32 invitation message alternatives on a
single workday. The size of each rectangle illustrates the distribution weight of an individual message alternative.
During the first four weeks—the burn-in phase—all messages are distributed equally. From week 5 onward, the MAB
algorithm adjusts the weighting of each message version based on its posterior probability of being optimal. Within
a given week, these weights remain constant. A clipping constraint ensures that each message alternative receives
at least four allocations per day, with the remaining daily contacts distributed randomly among the other message
versions according to their weights.

alternative was randomly assigned (according to the calculated distribution weights) to each business

contact. By combining these data points, the MAB algorithm generates updated weights, which are

applied to the distribution of invitation messages for the following week.

Realized Distribution Weights. Figure 1 illustrates our experimental procedures schematically.

By contrast, Figure 2 displays the realized cumulative distribution shares of each invitation message

alternative throughout the course of the experiment. During the initial four weeks—the burn-in

phase—the distribution weights remained constant by design. In this 4-week period, approximately

1,500 firms opened each invitation message, resulting in a total of roughly 48,000 observations.

Beginning in week 5, the MAB algorithm assessed the success rate of each message version,

defined as the proportion of opened emails that led to a survey start, and gradually allocated more

weight to the more successful invitation alternatives. Over time, the message version P1A1U1D0M1

was particularly favored by the algorithm. Another example of a message that received a dispropor-

tionately high number of observations is P1A0U1D0M1. These shifting distribution weights reflect

the observed differences in starting rates across the invitation message alternatives, as outlined in

Section 5.1. Importantly, we ensured that at least four invitations of each message alternative were
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Figure 2: Realized Cumulative Distribution Weights of Message Alternatives

Notes: This figure shows the cumulative distribution share of the 32 invitation message alternatives over the course
of the experiment. Each blue and white segment represents the cumulative distribution share of a specific message
version. As per the experimental design, distribution weights remained constant at 1

32
during the first four weeks.

Afterward, the MAB algorithm adjusted the distribution, increasing the weight for better-performing alternatives
and decreasing it for message versions with weaker performance.

sent per workday, placing a clipping constraint on the distribution weights to guarantee that each

option was tested in every batch.

Randomization Checks. From the GBP’s overall half-year contact pool, firms are randomly

assigned to specific workdays throughout the survey wave. On each workday, these contacts are then

randomly allocated to invitation message variants according to their weekly updated distribution

weights. This procedure is intended to balance firm characteristics across the experimental groups.

The effectiveness of our randomization process is validated in Figure A.1, which shows that the

average number of employees per firm, logged due to the high skewness in firm size, and the

geographic distribution of recipient firms, measured by the share located in the former East

Germany, are comparable across all message variants sent during the optimization phase of the

experiment. Figure A.2 provides a more granular view of the spatial distribution of sent invitations,

ranked by each message version’s cumulative distribution share. Naturally, as the share of invitations

increases, more firms are reached, particularly in densely populated areas. However, the spatial

pattern remains consistent, even as distribution weights expand, indicating no specific geographic

clustering for any message variant.
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When evaluating the performance of each invitation message version and updating the distribution

weights, we only consider a firm contact if the respective message was opened. Two concerns related

to this procedure may arise. First, there could be inaccuracies in the survey software’s ability to

detect whether a message was opened, but this would only be problematic if the detection errors were

message-specific. Second, there may be differences in the likelihood of individual messages being

opened, for example, if spam filters respond differently to the placement of the URL link. If spam

filtering or other message characteristics were affecting opening rates, we would expect systematic

differences across message alternatives. Figure A.3 addresses these concerns and demonstrates that

the opening rates are very similar for each message version. Both a Wald test and pairwise t-tests

on the equality of observations across message versions show no significant differences (smallest

p-value = 0.456), alleviating concerns about biases in opening rates.

5 Results

5.1 Which Invitation Messages Yield More Survey Starts?

To structure the analysis of the experiment’s results, we first evaluate the performance of the

individual invitation message alternatives. Figure 3 displays the linear prediction of each message’s

starting rate, conditional on participants opening the survey invitation email. The graph also

highlights two mean values: the average realized starting rate (in red), which incorporates the

varying distribution weights assigned through MAB optimization, and the equally-weighted mean

starting propensity (in black), which assumes uniform distribution across all message alternatives,

i.e., 1
32 . The latter mean value serves as a natural benchmark for assessing the performance of MAB

optimization, which is discussed in greater detail in Section 5.3.

After 15 experimental weeks, we observe considerable differences in starting rates between

the individual message alternatives. While the equally-weighted average starting propensity (in

black) amounts to 4.2%, individual starting rates range from 3.4% to 4.9%. Thus, sending the

best-performing invitation, P1A1U1D0M1, instead of the message alternative with the lowest

starting rate, P0A0U0D1M0, increases the likelihood of a manager starting the survey upon having

opened the invitation message by 43.9%.

An examination of Figure 3 and the confidence intervals for each invitation’s predicted starting

rate reveals a noteworthy trend: Messages with higher starting rates tend to have narrower confidence

intervals, while weaker-performing messages show wider confidence bands. This pattern reflects the

MAB optimization’s weighting procedure, which allocates greater weight to messages associated with
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Figure 3: Prediction of Starting Rates

Notes: This figure presents OLS margins for the starting rates of each message alternative as well as their 95%
confidence intervals with robust standard errors. The starting rate is defined as the share of firms that commence the
survey after opening the invitation email. The two dashed vertical lines represent different mean values: the red line
indicates the average starting rate based on the realized distribution during the experiment (with MAB optimization),
while the black line shows the equally weighted average starting rate across all message versions. Thus, the black line
approximates the starting rate of an experiment with fixed and balanced randomization.

higher survey starts.14 For instance, the invitation message alternatives with the highest predicted

starting rates (P1A1U1D0M1 and P1A0U1D0M1) received disproportionately high distribution

weights through adaptive randomization, as shown in Figure 2.
14Under OLS, if the margin (the difference between the starting rates of two arms) is close to zero, standard

inference is not valid, because the OLS estimates are asymptotically not normal. As proposed by Zhang et al.
(2020), we therefore complement our analysis with batched OLS using the Stata command bbandits (Kemper and
Rostam-Afschar, 2024). As illustrated in Figure A.4, our results are generally robust to using this alternative
specification, which also mitigates concerns about unreliable confidence bands in our later conjoint analyses.
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5.2 Which Treatments Increase Starting Rates?

Upon closer examination of Figure 3, it appears that the observed ranking of the invitation message

alternatives is driven by differences in performance of the treatment elements, rather than occurring

by chance. Notably, the message version with the highest average starting rate, P1A1U1D0M1, is

the exact inverse of the worst-performing invitation, P0A0U0D1M0, with each treatment having

the opposite specification. Moving beyond the comparison of individual messages, we next examine

the specific treatment attributes underlying the message designs. Specifically, we conduct a conjoint

analysis, regressing a binary variable indicating whether a firm started the survey after opening the

invitation (1 if started, 0 otherwise) on the individual characteristics of the received message (P,

A, U, D, M). Figure 4 presents the corresponding Average Marginal Component Effects (AMCEs),

which indicate the causal impact of each treatment characteristic on the starting rate.15

The results of the conjoint analysis suggest that personalization, high authority, and pleading

for help are associated with higher survey starting rates. Figure 4 shows that personalization

significantly increases the starting propensity by 0.41 percentage points (p-value: <0.0001). High

authority and pleading for help also increase starting rates by 0.16 (p-value = 0.0394) and 0.25

percentage points (p-value = 0.0036), respectively. In relative terms, these effects represent modest

increases given the overall low baseline starting rate. For instance, compared to the marginal mean

of 4.12% for unpersonalized invitations, personalizing the message increases the starting rate by

approximately 9.95%.

The placement of the URL link, whether near the top or at the bottom of the invitation, does not

significantly impact the starting rate.16 By contrast, emphasizing data protection in the invitation

is negatively related to the starting rate. Highlighting strict data protection policies reduces the

starting propensity by 1.8 percentage points (p-value = 0.0336), which contradicts the expectation

that such emphasis would alleviate privacy concerns and encourage participation. Instead, it seems

that stressing compliance with data protection makes data security issues more salient—particularly

in a business context—causing managers to be more cautious about sharing proprietary information.

This heightened awareness might reduce their willingness to respond to the survey.
15The numerical estimates of this conjoint analysis are reported in Table A.1.
16These findings contrast with Kaplowitz et al. (2012), who report that placing the URL at the bottom of the

invitation improves response rates. However, this discrepancy may stem from differences in operationalization. In the
study by Kaplowitz et al. (2012), the URL in the ’top’ condition appears immediately after the salutation, whereas in
our ’top’ condition, the URL follows an introductory paragraph. This less immediate placement may have diminished
the distinction between the two placements, as the URL is still sufficiently embedded within the content to build
trust and prompt engagement with the message.
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Figure 4: AMCEs on the Starting Rate
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Notes: This figure presents Average Marginal Component Effects (AMCEs) from a conjoint analysis. The dependent
variable is a dummy coded as one if a message recipient, who opened the invite, subsequently started answering the
questionnaire (0 otherwise). The AMCE denotes the marginal effect of changing an invitation message’s attribute
averaging over the joint distribution of the remaining attributes. Whiskers indicate 95% confidence intervals with
standard errors that are clustered at the message level. The number of observations (firms that opened the survey
invitation message) amounts to 176,000.

5.3 MAB Optimization vs. Static Experiment

MAB optimization balances exploration and exploitation in sequential experiments and, thus, should

improve outcomes as compared to experiments with static group composition. In this section, we

quantify the gain in additional survey starts that we achieved through reinforcement learning using

randomized probability matching. For that purpose we construct a counterfactual group that mimics

the properties of a fixed and balanced randomization scheme. By design, in a static experiment

the distribution weights per invitation message would have remained constant ( 1
32) throughout the

entire experimental phase.

Because the burn-in phase uses fixed and balanced randomization, optimization—and thus any

performance gains—begins only after this period, when the algorithm adjusts distribution weights.

Using each message’s mean starting rate, we predict the expected number of survey starts under a

purely fixed and balanced randomization scheme and compare this to the realized survey starts

under the MAB procedure. Table A.2 contains the detailed results. Relative to the 5,735 survey
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starts that were recorded after the burn-in phase of the experiment, a static design would have been

expected to generate 5,377 starts over the same period. As intended, MAB optimization reduced

the number of foregone responses by prioritizing better performing invitations. Specifically, MAB

optimization resulted in 358 additional survey starts, representing a 6.66% increase compared to

a traditional static randomization setup. These gains have to be viewed in light of the heavily

exploration-focused design of the experiment. A more exploitation-focused design with a shorter

burn-in phase, lower batch size, and fewer arms could have increased starts further.

6 Supplementary Analyses

6.1 Treatment Effects on the Completion Rate

Our main analysis has shown that specific characteristics of a survey invitation message targeted

at businesses influence their propensity to start answering the questionnaire. In this section, we

examine whether these effects persist beyond the decision to start the survey, focusing on the

Figure 5: AMCEs on the Completion Rate
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Notes: This figure presents AMCEs from a conjoint analysis, where the dependent variable is a binary indicator set
to one if a survey respondent completed the questionnaire after starting the survey (0 otherwise). Whiskers indicate
95% confidence intervals, with standard errors clustered at the message level.
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likelihood of completing it. To do so, we condition our analysis on businesses that began the survey

and replace the dependent variable with a binary indicator set to one if a firm decision-maker

completed the questionnaire. Figure 5 presents the corresponding AMCEs from a conjoint analysis

on the completion rate.

The results indicate that, once a manager has started the survey, the specific characteristics of

the invitation message no longer significantly affect the probability of completing the questionnaire.

None of the AMCEs are statistically significant at conventional levels, suggesting that, after the

decision to start, message attributes do not influence the likelihood of survey completion. Thus,

considering both the impact on survey starts and completions, improvements in message design

ultimately increase the total number of completed responses by motivating more managers to begin

the survey, without negatively affecting the likelihood of finishing it once started.

6.2 Heterogeneous Treatment Effects

This section explores heterogeneous treatment effects, focusing on whether firms of different sizes

respond differently to specific invitation message characteristics. To investigate this, we split the

sample according to the number of employees, using staffing data available from Bureau van Dijk’s

Orbis database for 138,380 out of the 176,000 firms that opened their invitation message. The

median number of employees within this sample is four. Figure 6 presents the AMCEs of different

invitation message characteristics on the starting rate for firms with employee counts at or below

the median as well as for firms with above-median employees.

The results indicate that smaller firms appear to be particularly receptive to messages issued by

a source with high authority or framed as a plea for help. By contrast, larger firms are more likely

to engage with personalized invitations, while emphasizing data protection appears to reduce their

willingness to participate. One possible explanation for this finding is that larger firms face higher

risks when sharing sensitive information. Additionally, highlighting data protection may create the

impression that employees may not be authorized to respond, introducing perceived procedural

hurdles that can discourage survey participation.

In Appendix A, we analyze whether these heterogeneous treatment effects result in any nonre-

sponse bias. The statistics in Table A.3 show that the staffing numbers between firms that started

the questionnaire and non-starting firms do not significantly differ across the treatment characteris-

tics.17 In aggregate, these effects did not introduce nonresponse bias, likely due to the high number

of observations in each experimental group and the moderate size of the treatment effects. Using
17Hack and Rostam-Afschar (2024) provide evidence that the composition of respondents is stable even across days.

23



Figure 6: AMCEs Depending on a Firm’s Size
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Notes: This figure presents the Average Marginal Component Effects (AMCEs) from two separate conjoint analyses,
where the outcome variable is an indicator equal to one if a respondent initiated the survey and zero otherwise. The
sample is stratified by firm size, based on the number of employees as reported by Bureau van Dijk’s Orbis database
for 138,380 of the 176,000 survey recipients. The median number of employees is four. Error bars represent 95%
confidence intervals, with standard errors clustered at the message level. Unlike previous figures, this one omits the
baseline levels, but instead highlights the marginal effect of activating each attribute for the two subgroups.

contextualized bandits, messages could be tailored to recipients based on characteristics like firm

size (Hoffmann et al., 2023). However, using this extension is more likely to introduce bias.

6.3 Excluding Prior Participants

Due to the panel structure of the GBP, some businesses approached during this experiment had

participated in previous survey waves. In principle, potential confounding effects from prior partici-

pation are mitigated through our randomization procedure, which ensures that prior participants

and non-participants are proportionally distributed across the experimental groups. Additionally,

we conduct a robustness test that excludes all 1,208 firms that had previously completed a GBP

questionnaire from consideration.

The results of the corresponding conjoint analysis are shown in Figure 7. They remain largely

consistent with those in the main specification. Personalization and pleading for help significantly
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Figure 7: AMCEs Given No Prior Participation
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Notes: This figure presents AMCEs from a conjoint analysis. The dependent variable is a binary indicator set to
one if a respondent who opened the invitation subsequently started the questionnaire (0 otherwise). The analysis is
limited to businesses that had not participated in any prior GBP survey. Of the 176,000 recipients who opened the
invitation, 1,208 had previously completed a GBP survey and are excluded from this analysis. Whiskers represent
95% confidence intervals, with standard errors clustered at the message level.

increase response rates compared to unpersonalized invitations and offer frames. The effects of

emphasizing authority and data protection are no longer statistically significant at the 5% level.

Nonetheless, the analysis still suggests that emphasizing data protection in the invitation message

does not improve survey participation.

7 Conclusion

This study investigates which elements of an email invitation encourage business decision-makers

to participate in a self-administered survey. Understanding this is important because findings

from household surveys do not automatically transfer to the business context, where unique

constraints influence the decision-making process to engage with a survey request. In our full-

factorial experiment, we find that personalizing the message, highlighting the sender’s authority,

and framing the invitation as a plea for help enhance the likelihood that managers begin the

survey. Importantly, personalization is achieved by referencing the company name rather than an
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individual, underscoring the adaptability of this strategy in a corporate context. In contrast to

these response-enhancing effects, changing the location of the survey URL within the email has no

discernible impact on participation rates. Notably, emphasizing data protection in the invitation

message appears to discourage participation, especially among larger firms. This may be due to

concerns about sharing sensitive information or the perception that responding requires additional

internal authorization, raising perceived procedural hurdles.

Caution is warranted when transferring these findings to other contexts, as this study examines

a German corporate environment. For example, operationalizing high authority in different cultural

settings may involve approaches other than referencing academic titles or university affiliations.

Additionally, the economic significance of our results must be carefully considered. The effects we

observe are modest. This is expected, given the generally low levels of engagement in web surveys,

the subtle nature of the tested interventions, and the large number of message alternatives. In fact,

a large number of groups in a factorial experiment mechanically leads to smaller effect sizes. In

large-scale surveys like the GBP, even small improvements in starting rates can lead to meaningful

increases in overall responses. This does not imply, however, that smaller surveys cannot benefit

from these findings. In contrast, many MAB algorithms including Thompson sampling are designed

to work in settings with few observations per batch. Generally, the decision to implement these

strategies involves balancing the potential gains against the costs of application. For instance,

leveraging a high-authority sender or adjusting the framing of the invitation requires minimal

effort and textual adjustments, promising cost-effective gains. In comparison, personalization, while

impactful, entails higher administrative costs, such as obtaining company-specific data, and thus

requires careful weighing of the expected benefits and costs.

Our experimental design is innovative by using MAB optimization rather than relying on

traditional fixed and balanced randomization. The core idea of MAB optimization is to balance

learning about the performance of experimental groups (exploration) with capitalizing on the

knowledge gain already during the experimental phase (exploitation). To manage this trade-off, we

employ a Bayesian decision rule, randomized probability matching, that offers several advantages.

This approach not only maximizes output more effectively than simpler heuristics but also maintains

acceptable levels of statistical power (Scott, 2010). With a sufficiently large burn-in phase, a clipping

constraint that ensures a minimum level of exploration, and a sufficiently large batch size (we

recommend at least 20 observations), the algorithm minimizes the risk of prematurely locking into

suboptimal choices. The input required is simply the successes and failures of each experimental
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group, and because the decision rule does not require tuning parameters, it avoids assumptions

about reducing exploration over time. Applying this decision rule, we were able to increase survey

starts by 6.66% compared to a traditional fixed and balanced randomization scheme.

While MAB optimization offers advantages, it also involves administrative costs and requires

specific prerequisites for implementation. First, MAB optimization is only feasible in sequential

experiments where the randomization scheme can be updated. In settings where this is not naturally

possible, partitioning the sample or identifying outcomes that can be measured early may offer a

way to enable sequential updates. Second, MAB optimization relies on having a clear output to

optimize, which may not always be the case in experiments lacking well-defined research questions

or hypotheses. When an experiment is output-oriented, it becomes crucial to carefully select the

right variable for optimization. In our experiment, focusing on the number of survey starts per

opened message appeared to be a natural choice. However, if certain message characteristics had

negatively affected completion rates, using the starting rate as optimization variable would have

been suboptimal. Third, MAB optimization requires timely data collection and an infrastructure

that allows to adjust the randomization scheme dynamically. This necessitates not only the recurring

calculation of distribution weights, but also the integration of randomization scheme adjustments

into the experimental process, generating implementation costs. Fourth, when margins are small—

particularly with many arms—usual hypothesis tests based on OLS fail. Therefore, it is useful to

report the results of the batched OLS estimator as well (Zhang et al., 2020; Kemper and Rostam-

Afschar, 2024). Lastly, most algorithms assume that the reward distributions remain stable over

time. If seasonal response patterns or other non-stationary factors come into play, the algorithm

may over-explore and underperform (Liu et al., 2023). Addressing this would require additional

modeling of time dynamics, imposing further analytical and administrative challenges.

Despite these challenges, MAB optimization is a promising alternative to fixed and balanced

randomization, particularly in experiments where maximizing output is a priority. Researchers often

assess the efficiency of experiments by focusing on statistical power, whereas firms and organizations

are more concerned with maximizing outcomes. MAB optimization balances these two objectives

and, thus, provides a way forward to conducting more experiments within business contexts and

surveys. Potential fields of application lie, for instance, in the area of questionnaire design, adaptively

randomized information provision, or vignette experiments. These future applications might consider

extensions of our experimental design. One possible extension is the use of contextual bandits,

which incorporate additional information, such as the characteristics of survey participants, into the
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decision-making process. For instance, tailoring the randomization scheme based on firm size could

have further enhanced the effectiveness of our experiment. However, contextualizing the bandit

requires prior (data) knowledge about the firms and introduces additional complexity. Since a larger

number of experimental groups reduces the differences between effect sizes, taking into account

contextual variables in addition could lead to less conclusive results. Furthermore, in scenarios

where identifying the best-performing experimental group quickly is the priority, pure exploration

bandits might be a useful alternative, even when it implies sacrificing short-term output. Generally,

MAB optimization might become a cost-effective option for conducting experiments in surveys once

commercial software providers begin integrating this feature into their platforms.
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Appendix

A Extensions and Robustness

Table A.1: Conjoint Analysis

Dep. var.: dummy variable set to one if survey was started after invitation has been opened.

AMCE MM

Est. SE
(P-Value)

SE
(P-Value)

SE
(P-Value) Est. SE

Personalization

No − − − − 0.0412 0.0007

Yes 0.0041 0.0011
(0.0001)

0.0010
(0.0001)

0.0008
(0.0000) 0.0461 0.0010

Authority

Low − − − − 0.0432 0.0012

High 0.0016 0.0010
(0.1046)

0.0010
(0.1029)

0.0008
(0.0394) 0.0454 0.0012

URL

Bottom − − − − 0.0434 0.0009

Top 0.0010 0.0010
(0.3317)

0.0010
(0.3278)

0.0008
(0.2446) 0.0453 0.0014

Data Protection

Unaccentuated − − − − 0.0457 0.0012

Emphasized -0.0018 0.0010
(0.0800)

0.0010
(0.0773)

0.0008
(0.0336) 0.0427 0.0009

Message Frame

Offer − − − − 0.0423 0.0009

Plea 0.0025 0.0011
(0.0197)

0.0010
(0.0181)

0.0008
(0.0036) 0.0456 0.0011

Clustered SE − No Respondent Message − Message

N 176,000 176,000 176,000 176,000 176,000 176,000

Notes: This table presents Average Marginal Component Effects (AMCEs) and Marginal Means (MMs) from a conjoint
anaysis. The dependent variable is a dummy coded as one if a respondent, who has opened the invitation message, subse-
quently started answering the questionnaire (0 otherwise). For the AMCEs, we show non-clustered standard errors as well
as standard errors that are clustered on the level of the respondents and the message alternatives.
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Table A.2: Static Experiment vs. MAB Optimization

Static MAB

(II) (III) (IV) (V) (VI)
Mean Start.

Rate (>Week4)
Distribution

Weight
Predicted

Starts
Distribution

Weight
Realized
Starts

P0A0U0D0M0 0.0426 0.0313 170.85 0.0134 73

P0A0U0D0M1 0.0373 0.0313 149.45 0.0184 88

P0A0U0D1M0 0.0377 0.0313 151.37 0.0017 8

P0A0U0D1M1 0.0380 0.0313 152.55 0.0111 54

P0A0U1D0M0 0.0415 0.0313 166.61 0.0049 26

P0A0U1D0M1 0.0353 0.0313 141.77 0.0097 44

P0A0U1D1M0 0.0372 0.0313 149.16 0.0136 65

P0A0U1D1M1 0.0422 0.0313 169.45 0.0433 235

P0A1U0D0M0 0.0384 0.0313 154.15 0.0174 86

P0A1U0D0M1 0.0445 0.0313 178.55 0.0263 150

P0A1U0D1M0 0.0397 0.0313 159.13 0.0283 144

P0A1U0D1M1 0.0353 0.0313 141.53 0.0071 32

P0A1U1D0M0 0.0453 0.0313 181.54 0.0053 31

P0A1U1D0M1 0.0441 0.0313 176.83 0.0315 178

P0A1U1D1M0 0.0298 0.0313 119.39 0.0052 20

P0A1U1D1M1 0.0425 0.0313 170.28 0.0273 149

P1A0U0D0M0 0.0441 0.0313 176.97 0.0079 45

P1A0U0D0M1 0.0468 0.0313 187.73 0.0489 294

P1A0U0D1M0 0.0436 0.0313 174.79 0.0107 60

P1A0U0D1M1 0.0418 0.0313 167.69 0.0306 164

P1A0U1D0M0 0.0413 0.0313 165.82 0.0138 73

P1A0U1D0M1 0.0478 0.0313 191.62 0.0866 531

P1A0U1D1M0 0.0431 0.0313 172.98 0.0332 184

P1A0U1D1M1 0.0459 0.0313 184.20 0.0183 108

P1A1U0D0M0 0.0443 0.0313 177.70 0.0603 343

P1A1U0D0M1 0.0371 0.0313 148.67 0.0235 112

P1A1U0D1M0 0.0429 0.0313 172.20 0.0234 129

P1A1U0D1M1 0.0473 0.0313 189.83 0.0663 403

P1A1U1D0M0 0.0509 0.0313 204.05 0.0256 167

P1A1U1D0M1 0.0481 0.0313 193.08 0.2405 1,486

P1A1U1D1M0 0.0389 0.0313 155.88 0.0150 75

P1A1U1D1M1 0.0451 0.0313 180.81 0.0308 178

1.0000 ∼5,377 1.0000 5,735

Notes: This table provides an approximation of the survey starts that have been gathered through MAB optimiza-
tion relative to a static experiment with fixed and balanced randomization. Column (II) presents the mean starting
rates per message alternative during the optimization phase of the experiment (week five to 15). Column (III) con-
tains the distribution weights in a static experiment, which are constant per assumption ( 1

32
). By contrast, column

(V) shows the cumulative distribution weights that were realized through reinforcement learning following week 4.
The predicted starts in column (IV) are calculated as the product of the mean starting rate (II), the distribution
weight (III), and the number of opened invitation messages after the burn-in phase of the experiment (128,364).
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Table A.3: Number of Employees by Response Status

Starters Non-Starters Mean Diff.

N Mean SE N Mean SE T-Stat.
Abs. Empl.

T-Stat.
ln(Empl.)

P=1: Personalized 4,071 40.62 24.68 89,106 23.29 3.77 -0.6938 -1.5494

A=1: High Authority 3,573 45.32 28.13 79,036 25.43 4.57 -0.6980 -0.0027

U=1: Top 3,460 15.99 1.08 76,341 19.54 0.99 2.4109** -0.8538

D=1: Emphasized 2,256 18.40 2.30 53,440 22.84 2.94 1.1889 0.3929

M=1: Plea 3,984 43.98 25.28 87,684 20.84 1.78 -0.9134 -1.0895

Notes: This table presents statistics from two-sample t-tests with unequal variances depending on whether a
firm has started the survey or not. Employee data is available for 138,380 among the overall 176,000 message
receivers. In terms of absolute staffing numbers, starters and non-starters only differ when receiving a URL
that is displayed at the top of the invitation message (95% significance level). Since staffing numbers are highly
skewed, we also log-transform the variable. When considering these natural logarithms, there are no significant
differences between starters and non-starters. This analysis provides support that our experiment did not lead
to a specific selection of survey respondents.
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Figure A.1: Balancing Checks

(a) Employee Numbers
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(b) Geographic Distribution
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Notes: This figure evaluates the success of the randomization procedure in balancing key firm characteristics across
invitation message alternatives during the experiment. The panels display (a) the average logged number of employees
and (b) the proportion of invitations sent to firms located in the former East Germany for each message version. Whiskers
represent 95% confidence intervals, and the black dashed line indicates the unweighted average across all message versions.
Employee numbers are presented in logarithms to account for the high skewness in firm size across the sample, which
includes both private and public firms. Wald-tests indicate no significant differences in staffing numbers or geographic
distribution across the 32 message versions.
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Figure A.2: Spatial Distribution of Sent Invitations

(a) Rank 1 (b) Rank 4 (c) Rank 8

(d) Rank 12 (e) Rank 16 (f) Rank 20

(g) Rank 24 (h) Rank 28 (i) Rank 32

Notes: The maps in this figure display the spatial distributions of survey invitations sent to businesses located in
Germany for nine selected message variants. The message versions are ranked by their cumulative distribution share in
the experiment and shown in increments of four, also mapping out the lowest-ranked version (P0A0U0D1M0). Each red
dot represents a firm that received a particular invitation message. As the cumulative distribution share increases, more
firms are reached, particularly in densely populated areas. However, the spatial pattern remains consistent, indicating no
specific geographic clustering for any message variant.
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Figure A.3: Share of Opened Invitations per Message Variant
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Share of Opened Messages

Notes: This figure displays the share of overall opened survey invitations attributed to each individual message alternative.
The analysis includes only data from the burn-in phase of the experiment, during which all message variants were
distributed at equal rates. If certain message characteristics had influenced the likelihood of invitations being opened,
we would expect significant differences in the share of opened invitations across message alternatives. However, visual
inspection does not indicate such discrepancies. Additionally, a Wald-test for equality of the number of observations
across message alternatives cannot be rejected.
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Figure A.4: Predicted Difference in Starting Rates using OLS and Batched OLS

Notes: This figure illustrates margins, i.e., the difference in expected starting rates between a invitation message alternative
and the reference message (P0A0U0D0M0) using Ordinary Least Squares (OLS) and batched OLS (BOLS) as proposed
by Zhang et al. (2020). OLS predictions are shown in gray, while BOLS predictions are presented in red. Whiskers
indicate 95% confidence intervals. The starting rate is defined as the percentage of firms that commence the survey after
opening the invitation email. The results using OLS and BOLS are mostly comparable. For the message alternative
P1A1U1D0M1, BOLS suggests a higher reward than OLS.

40



B Invitation Message Alternatives

Figure B.1: Invitation Message P0A0U0D0M0 (Original Language, German)

Notes: This figure shows the invitation message P0A0U0D0M0 in its original German form. The highlighted passages
indicate treatment characteristics that are altered in other message variants. This version is unpersonalized (green), has a
low-authority sender (yellow), provides the participation link at the bottom (red), does not emphasize data protection
(purple), and offers the opportunity to share opinions (grey). The message containing the exact opposite treatment
specifications is presented in Appendix B.2. The English translation of this message is provided in Appendix B.3
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Figure B.2: Invitation Message P1A1U1D1M1 (Original Language, German)

Notes: This figure shows the invitation message P1A1U1D1M1 in its original German form. The highlighted passages
indicate treatment characteristics that are altered in other message variants. This version is personalized (green), has a
high-authority sender (yellow), provides the participation link near the top (red), emphasizes data protection (purple),
and pleas for help (grey). The English translation of this message is provided in Appendix B.4
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Figure B.3: Invitation Message P0A0U0D0M0 (English Translation)

Notes: This figure shows the invitation message P0A0U0D0M0 in its English translation. The highlighted passages
indicate treatment characteristics that are altered in other message variants. This version is unpersonalized (green), has a
low-authority sender (yellow), provides the participation link at the bottom (red), does not emphasize data protection
(purple), and offers the opportunity to share opinions (grey).
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Figure B.4: Invitation Message P1A1U1D1M1 (English Translation)

Notes: This figure shows the invitation message P1A1U1D1M1 in its English translation. The highlighted passages
indicate treatment characteristics that are altered in other message variants. This version is personalized (green), has a
high-authority sender (yellow), provides the participation link near the top (red), emphasizes data protection (purple),
and pleas for help (grey).
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