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Open-ended survey questions provide valuable data alongside 
closed-ended questions, but they can be challenging for respondents, 
leading to decreases in response quality. Our study explores how 
survey researchers can design open-ended questions to improve 
response quality and yield more informative answers. In particular, 
we examine the effect of requesting respondents to answer questions 
via voice input compared to text input. We use a US sample and 
questions adapted from popular social survey programs. By experi
mentally varying the response format, we examine which format 
produces answers with a higher amount of information. Our find
ings show that spoken responses tend to be longer and also slightly 
more informative in terms of entropy than written responses. We 
also identify sociodemographic and interview context-related factors 
that may influence the effectiveness of voice formats in certain 
settings.
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1. INTRODUCTION
The use of open-ended questions (OEQS) is an integral part of the toolkit 
for survey researchers and many argue that this question type represents a 
powerful tool for collecting rich and nuanced data (Rugg and Cantril 
1942; Iyengar 1996; Krosnick and Presser 2009; Neuert et al. 2021). For 
example, they are useful for encouraging truthful answers, providing 
respondents an opportunity for feedback and improving response quality 
(Singer and Couper 2017). Moreover, OEQS offer more undistorted 
responses that are less influenced by researchers because they do not offer 
predefined closed-ended response categories (Foddy 1993; Iyengar 1996). 
Generally, OEQS in comparison to closed-ended questions (CEQS) are 
preferred when surveying information that is too diverse to be stored in 
precoded ways (Barth and Schmitz 2021) or when the aim is to elicit 
subjective meanings, argumentations, descriptions, or associations with 
concepts (Singer 2011; Scholz and Zuell 2012; Bauer et al. 2017; 
Heffington et al. 2019). OEQS can be asked stand-alone or they can be 
asked in the form of a probing question, a methodology from cognitive 
interviewing with the goal of collecting information on how respondents 
perceive and understand survey questions or single expressions within 
questions (Willis 2004).

Given these various benefits and use cases, one may wonder why survey 
questionnaires often favor CEQS over OEQS. The reasons are varied, 
including concerns about adequate analysis tools and respondents’ pri
vacy. Certainly, one of the main reasons is the increased response burden 
associated with OEQS. Specifically, OEQS can increase the perceived diffi
culty of the survey response process (Tourangeau and Rasinski 1988; 
Tourangeau et al. 2000), leading to reduced response quality and higher 
non-response rates (Roberts et al. 2014). In general, open-ended responses 
suffer from a wide variation in response quality (Barth and Schmitz 2021), 
which ultimately reduces the actual amount of information survey practi
tioners can gain from them. The question, therefore, is how to ask OEQS 
to enhance the answering experience and improve response quality. One 
way to influence the response burden of these questions is by varying the 
response format, and, in particular, our study examines the effect of 
respondents answering OEQS by voice compared to text entry.

Spoken answers, in comparison to written answers, are assumed to 
facilitate the answer process since they trigger an open narration and pro
duce more intuitive and spontaneous answers (Gavras et al. 2022; Gavras 
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and H€ohne 2022), so-called “System 1” answers (L€utters et al. 2018). 
Written answers, on the contrary, were described to be characterized by 
intentional and conscious answering (“System 2”). Speaking is assumed to 
require less effort than typing (Revilla et al. 2020), and voice input (VI) 
options should ideally make answering survey questions easier and 
quicker. Such effects can have different implications for the resulting data 
quality. In particular, previous research found that spoken answers are 
longer than written ones (Gavras et al. 2022; H€ohne and Gavras 2022) as 
well as more elaborate and detailed (L€utters et al. 2018; Revilla et al. 
2020). Other relationships researched in the past include the positive 
influence of voice response formats on completion times (L€utters et al. 
2018; Revilla et al. 2020), their negative influence on response rates 
(L€utters et al. 2018; Revilla et al. 2020; Revilla and Couper 2021), and their 
negative influence on survey evaluation (Revilla et al. 2020).

Further investigation into the characteristics of voice responses is 
important given the growing prevalence of smartphone surveys (Revilla 
et al. 2016; Peterson et al. 2017; Gummer et al. 2019) and the associated 
possibility to use VI technologies. Moreover, advances in speech-to-text 
technology have enabled researchers to transcribe speech into a text for
mat, facilitating further analysis.

In summary, our study aims to examine two research questions. The 
first, RQ1, concerns the information content in open-ended answers: Are 
there differences in information content between responses given in voice 
and text formats? The second, RQ2, examines whether sociodemographic 
and interview context-related characteristics moderate the effect of 
response format on information content (e.g., response length).

Our study makes several contributions in pursuing these questions. 
First, while we replicate previous studies with regard to using response 
length as an indicator of information content, we introduce a novel and 
useful measure: response entropy. Entropy, a concept from information 
theory, quantifies lexical informativeness within individual survey 
responses—capturing vocabulary diversity in a way that is related to but 
distinct from response length. Crucially, two responses of equal length 
can differ substantially in entropy: one may employ a varied, content-rich 
vocabulary while another relies on repetitive phrasing or filler words. By 
applying entropy analysis, we can assess whether voice responses draw on 
richer vocabulary than text responses, above and beyond differences in 
length. Using this additional measure, our analysis adds new evidence to 
existing research and introduces an additional dimension for interpreting 
differences between text and voice formats.

Second, our data contribute to the field as we are the first to compare 
spoken and written survey answers from a sample of US citizens. Previous 
studies have focused on European countries, including Spain and Germany 
(Revilla et al. 2020; Gavras et al. 2022). However, various factors make the 
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United States an interesting case. For example, US respondents might be 
less reluctant to provide their real voice due to potentially lesser concerns 
about data privacy compared to European countries (e.g., Prince and 
Wallsten 2020).

Lastly, we aim to make a methodological contribution by transcribing 
voice answers using Whisper, a novel automatic speech recognition (ASR) 
system provided by OpenAI (Radford et al. 2022). Previous studies have 
relied on manual transcription or the commercial closed-source Google 
Speech-to-Text API. The quality of Whisper for transcribing survey voice 
data has since been validated in a dedicated study using the same data as 
the present paper, which shows that Whisper outperforms a broad range 
of alternative ASR systems, including Google’s Speech-to-Text API, Meta’s 
wav2vec, and Nvidia’s NeMo (Landesvatter et al. 2025).

2. PREVIOUS RESEARCH AND HYPOTHESES
Previous research has approached the comparison of voice- and text-based 
responses to OEQS through two perspectives. The first perspective focuses 
on outcome variables that measure aspects of the respondent’s answering 
process and experience, including survey evaluation (Revilla et al. 2020; 
Lenzner and H€ohne 2022), participation rate (Berens and Hobert 2022), 
user experience (Berens and Hobert 2022), and completion time (L€utters 
et al. 2018; Revilla et al. 2020). The second perspective examines outcome 
variables related to response content and structure, for example, response 
length, lexical diversity or elaboration (L€utters et al. 2018; Revilla et al. 
2020; Chen et al. 2022; Gavras et al. 2022), item non-response (L€utters 
et al. 2018; Revilla et al. 2020; Chen et al. 2022; H€ohne and Gavras 2022), 
and other linguistic and content characteristics (Berens and Hobert 2022; 
Gavras et al. 2022).

Our study aims to examine the second perspective, that is, the content 
and structure of responses, with the aim to investigate how asking 
respondents to answer OEQS by voice compared to text entry influences 
response length and other measures of information content (RQ1).

Various previous studies have investigated the relationship between 
response format and response length and generally found voice response 
formats to positively influence answer length. Revilla et al. (2020) ask 
OEQS on different general-purpose topics; and in comparing answers 
from a text entry to a VI option, they find answers in the voice condition 
to be longer and more elaborated. Chen et al. (2022) ask OEQS about 
study behaviors in a student sample and experimentally vary three 
response format groups: text, voice, or optional and find longer responses 
for the group that only had the option to respond by voice. Gavras et al. 
(2022) surveyed a German sample with OEQS about political attitudes 
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and behavior and found that answers in the voice compared to the text 
condition are up to 40 percent longer. H€ohne and Gavras (2022) were able 
to replicate this finding for sensitive items. Berens and Hobert (2022)
studied a sample of undergraduate social science students at a German 
university, asking multiple OEQS on topics of remote teaching at their 
university. In terms of answer length, they found that the experimental 
groups that were asked to answer via voice-based formats produced far 
longer answers. Eventually, L€utters et al. (2018) for a German sample 
showed that voice produces longer answers (2.9–4.66 words). However, 
this effect was also attributed to question ordering, as it held true espe
cially for questions asked at later survey timepoints. In the beginning, 
responses in the text condition were equally long as those in the voice con
dition. It was only later, as the survey included more open-ended requests, 
that respondents in the text condition became fatigued and provided 
shorter responses, while those in the voice condition continued to provide 
longer responses.

One stream of explanation for the positive relationship between spoken 
answers and response length is that spoken language is inherently differ
ent from written language. Previous research suggested that voice-based 
response formats are able to “[humanize] the communication process” 
(Lenzner and H€ohne 2022), which can elicit more open and intuitive 
responses (Gavras et al. 2022; Gavras and H€ohne 2022). Moreover, written 
responses tend to be intentional, more deliberate, and structured, while 
spoken responses tend to be more spontaneous, intuitive, and narrative 
(Gavras et al. 2022; Gavras and H€ohne 2022), which may affect response 
length. Respondents create their responses as they speak in a more con
versational manner. Other reasons for differences in response lengths 
could be of technical nature, for example, typing difficulties on small 
screens (Peytchev and Hill 2010; Mavletova 2013; Lambert and Miller 
2015; Lugtig et al. 2016; Chen et al. 2022), may lead to shorter and less 
informative text-based responses (Lambert and Miller 2015; Struminskaya 
et al. 2015; Lugtig and Toepoel 2016). Overall, previous research indicates 
that requests for spoken or written answers can elicit different response 
styles, which could impact response length. Specifically, we hypothesize 
that responses to voice-based formats will be longer than those to text- 
based formats: 

H1: On average, responses to voice-based formats are longer than 
those to text-based formats.
While response length can certainly be treated as a measure of “amount 

of information,” researchers have begun to explore additional measures 
(e.g., number of topics). We follow these accounts and thereby want to 
stress that longer answers do not always contain more information. This is 
especially true when we take into account the presence of discourse 
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particles (e.g., “like,” “well,” and “y’know”) as well as repetitive or non- 
informative parts of speech (e.g., “as I said”). These elements may occur 
more frequently in spoken language, as typing them out requires extra 
effort. Again, written language might be more concise, structured, and 
thoughtful. Therefore, we want to stress the importance of using measures 
that are able to assess the amount of information irrespective of answer 
length.

We propose to use the entropy of an open-ended survey answer. To 
date, only few social science applications have utilized response entropy 
as a measure of information content in open-ended survey responses. For 
instance, Barth and Schmitz (2021) employed information entropy as a 
supplementary metric alongside response length to assess the quality of 
open-ended answers irrespective of their length. We apply entropy at the 
level of individual survey responses, treating each answer as a document. 
Within a single response, the repeated use of the same token contributes 
no new information—a response relying on repetitive phrasing or filler 
words is less lexically informative than one employing a varied, content- 
rich vocabulary, even at comparable length. We prefer entropy over 
related measures of lexical richness, like the type-token ratio (TTR), which 
previous research on voice and text answers has employed (Gavras et al. 
2022). TTR—the ratio of unique words to total words—has a well- 
documented length dependency: as responses grow longer, TTR mechani
cally decreases because word reuse becomes more probable (Shi and Lei 
2022). Since our corpus contains responses of variable length, entropy is 
more appropriate because it is less susceptible to this artifact. Consistent 
with our argument presented in H1, we hypothesize that the voice format 
yields responses with higher information content, not only in terms of the 
response length but also in response entropy: 

H2: On average, responses to voice-based formats have a higher 
response entropy compared to those in text-based formats.
Beyond these more general between-format comparisons, previous 

research has not yet comprehensively explored how the two response for
mats may differ in their effects (e.g., be particularly helpful or attractive) 
depending on particular respondent characteristics (i.e., within-format 
comparison) (RQ2). Such analyses are important in the context of survey 
design research, because incorporating sociodemographic variables into 
questionnaire design can help identify relevant subgroups that may bene
fit from different designs (Zuell et al. 2015). While there is research 
regarding which groups of respondents are hypothetically or even actually 
willing to use voice formats (e.g., H€ohne 2021; Chen et al. 2022; Lenzner 
and H€ohne 2022), only Revilla et al. (2020) examined whether certain sub
groups were more or less successful (measured as answering at least one 
of the six questions for a voice condition) in using VI. They found no 
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differences in success for sociodemographic variables, including age, 
education, gender, and mother tongue. In a similar manner, our study 
aims to compare the impact of voice and text formats on the information 
content outcome variables for various participant groups. Given the 
limited prior research on these effects, we have adopted an exploratory 
approach and have not pre-specified any hypotheses regarding the varia
tion of the response format effect (H1, H2) across subpopulations. Our 
focus revolves around two categories of variables. First, we will consider 
variables that capture participants’ sociodemographic characteristics. For 
example, age may signify perceptions of convenience, usefulness, and 
familiarity with the voice format. Second, we are examining variables 
encompassing the interview context, including questions about where the 
respondent took the survey as well as whether others were present, both 
potentially impacting the effectiveness of the voice condition.

3. METHODS
3.1 Data
The survey was fielded between December 13, 2022, and January 17, 2023. 
The sample was selected using quotas based on gender, age, and ethnicity 
in alignment with the 2015 US Census Bureau population group esti
mates. Notably, the 58–80þ age category did not have an exact quota 
match due to a limited number of participants within this age group, lead
ing to slight deviations across all categories. Table S2, found in the supple
mentary materials online, provides a comprehensive breakdown of our 
sample composition compared to population estimates.

Participants for this sample were recruited through the recruitment/ 
payment platform Prolific (Palan and Schitter 2018). From 34,524 eligible 
participants, we collected data from 1,707 participants. A total of 246 par
ticipants were screened out because they did not finish the survey. The 
final sample size thus comprises 1,461 respondents who completed the 
survey (irrespective of item-nonresponse) and thus yields a break-off rate 
of 14 percent (Callegaro and DiSogra 2008; American Association for 
Public Opinion Research (AAPOR) 2016). Prior to data collection, a 
simulation-based power analysis was conducted, indicating that a sample 
size of 1,100 is sufficient to detect a treatment effect of response format on 
response length of at least 2.9 words (an effect size, which we, in light of 
previous research on response length differences between text and voice 
(e.g., Gavras et al. 2022), argue to be conservative). Full details of the 
power analysis procedure, including the pilot effect size estimates and 
simulation results, are provided in the supplementary material (table S8, 
found in the supplementary materials online). Notably, the majority of 
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this break-off occurred among participants in the voice condition 
(n¼ 204), as opposed to the text condition (n¼ 42). Furthermore, aver
aged over all nine open-ended items, in the voice condition, 47 percent 
(SD ¼ 7, min ¼ 41) of respondents provided open-ended answers, as 
opposed to 99 percent (SD ¼ 1, min ¼ 98) in the text condition. Previous 
research shows similarly high item non-response rates for items asked in 
voice formats, for example, 36 percent item non-response in a voice condi
tion compared to 2 percent in the text condition (H€ohne and Gavras 
2022). Figures S1 and S2, found in the supplementary materials online, 
show how respondents’ sociodemographic variables relate to these rates.

Respondents, as soon as having started the survey, were randomly 
assigned to either the voice or the text condition (details in the next sec
tion), which resulted in a final distribution of ntext¼800 and nvoice¼661.

The average time to complete the questionnaire was 15 min 
(Mdn ¼ 12.3) and was compensated with an average wage of 12$/h. 
Participation in our survey required respondents to use a smartphone. 
Among other things, this decision should help to ensure that the 
responses are recorded under the same conditions. Revilla and Ochoa 
(2016) have found that answers to OEQS differ between PC and smart
phone respondents with regard to response time written per character, 
number of total characters, and the use of abbreviations. Spoken responses 
were transcribed using Whisper (in its “large” configuration), an ASR sys
tem developed by OpenAI. The machine-generated transcripts derived 
with Whisper achieved a 1–16 percentage points improvement rate in the 
word error rate (WER) over a variety of other ASR algorithms (i.e., 
Google’s NLP API, Meta’s wav2vec, Nvidia’s NeMo). In order to compute 
the WER, 100 spoken answers were randomly selected from a subset of 
the data, and human-generated transcripts (from two independent coders) 
were benchmarked against the machine-generated transcripts. A full over
view of this process can be found in Landesvatter et al. (2025).

3.2. Study Design
The survey started with information on its objective and a consent form. 
Subsequently, respondents were randomly assigned into either the text or 
the voice condition. Table S3, found in the supplementary materials
online, shows that there were no significant differences in the composition 
of participants between the text and voice experimental groups in terms of 
different covariates. In the text condition, respondents were displayed a 
large answer box. In the voice condition, respondents were requested to 
record their voice with the open-source tool “SurveyVoice (SVoice)” 
(H€ohne et al. 2021), which allows recording via the built-in microphone of 
smartphones, irrespective of the operating system (e.g., Android and iOS). 
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Figures S3 and S4, found in the supplementary materials online, show 
both response options for an exemplary questionnaire page.

The topic of the survey was “Life, Work and Politics.” Respondents 
received multiple, randomly ordered, question blocks. The blocks con
tained a total of nine OEQS covering some of the most common standar
dized self-report measures from popular social survey programs (e.g., 
most important problem) as well as follow-up (“probing”) questions in an 
open-ended response format. Namely, the items were about satisfaction 
with life, social trust, most important problem facing the United States, 
vote decision, attitude towards the US president, political trust, decision to 
(not) have children in the future, climate evaluation, and educational deci
sions. Each question block consists of at least one sequence of substantial 
and open-ended follow-up questions. For example, for the question on sat
isfaction with life, we first asked: 

All things considered, how satisfied are you with your life as a whole 
these days?
Extremely satisfied—Very satisfied—Moderately satisfied—Slightly 
satisfied
On the next questionnaire page, the previous substantial and closed- 

ended question was followed by the open-ended follow-up question where 
we also repeated the question wording and the respondents answer, for 
example:

“The previous question was: ‘All things considered, how satisfied are 
you with your life as a whole these days?’. Your answer was: ‘Extremely 
satisfied’. In your own words, please explain why you selected this 
answer.”

For two of the ten questions, no follow-up questions were asked, but 
the actual question was directly asked as an open-ended question (i.e., 
most important problem facing the United States, attitude toward the US 
president). Table S1, found in the supplementary materials online, gives 
an overview of all question wordings.

In order to avoid priming effects, we used an experimental design in 
which the order of questions is randomized. Respondents could skip the 
OEQS, but they could not go back to previous questions.

3.3 Measures and Analytical Strategy
Our study aims to measure the information content of survey responses 
using two methods. First, we calculate the answer length by counting the 
number of words (excluding punctuation). However, we recognize that 
longer answers do not always indicate higher information content (as 
argued by Barth and Schmitz (2021) and Schmidt et al. 2020), for example, 
in the presence of discourse particles and other filler words (cf. section 2). 
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Therefore, we also investigate response entropy as a complementary meas
ure of lexical informativeness. While entropy is related to response 
length—longer responses have more opportunity to introduce new 
vocabulary—it is not reducible to it: two responses of equal length can dif
fer substantially in entropy depending on how varied their vocabulary is. 
Entropy thus captures a dimension of information content that word 
count alone cannot. In line with established practice in quantitative lin
guistics (Shi and Lei 2022), we compute entropy at the level of individual 
responses, treating each answer as a document. Within a single response, 
the repeated use of a token contributes no new information; a response 
that draws on a diverse vocabulary is therefore assigned a higher entropy 
value than one of equal length that relies on repetitive phrasing. Entropy, 
derived from information theory, is commonly employed to capture 
the information content within a variable, like a text. Recently, in survey 
research, entropy has been utilized to assess linguistic complexity and 
explore qualitative variations in open-ended survey responses (Barth and 
Schmitz 2021).

In general, entropy describes the level of diversity and unpredictability 
of word usage by taking into account the frequencies of words and their 
(relative) distribution in a document. This approach provides information 
on how many unique words have been used in a text and how evenly (or 
unevenly) these words are spread throughout the text (Shi and Lei 2022).

A high entropy means that words are spread more evenly throughout 
the text. This indicates a more diverse distribution of words, indicating a 
more varied and diverse vocabulary. In documents with high entropy, 
unique words appear with similar frequencies, resulting in a higher level 
of unpredictability, that is, a higher information content. A low entropy, 
on the other hand, signals lesser information content and can be found in 
documents with a small number of unique words (e.g., high repetition) 
and less variation in vocabulary (i.e., high predictability). It might be help
ful to note that response entropy can be related to the length of the 
response because length can increase the probability of more and new 
information appearing in a statement. This, however, only holds if the 
additional tokens actually introduce new content (i.e., unlikely words). In 
other words, entropy increases with longer document lengths only when 
the vocabulary becomes more diverse. For example, a long response made 
up of repeated tokens (e.g., “blabla” repeated 15 times) would result in 
very low entropy. Conversely, at equal document length, entropy still 
varies as a function of vocabulary richness—capturing a dimension of lexi
cal informativeness that word count cannot.

To compute the entropy, HðXÞ, we use the R package “quanteda. 
textstats” (Benoit et al. 2018), which includes a function to compute 
Shannon’s Entropy with the logarithm to base 2 (Shannon 1948; Budescu 
and Budescu 2012): 
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HðXÞ ¼ −
Xn

i¼1
PðiÞ log 2PðiÞ

where Pi is the probability of occurrence of the ith token in the text 
response (relative frequency) and n is the total number of unique tokens 
in the text responses.

Prior to computing entropy, we applied the following preprocessing 
steps to the survey answers. Lowercasing ensures that the same word is 
not counted as two different tokens depending on capitalization (e.g., 
“Good” and “good”). Punctuation and number removal excludes non- 
lexical characters; numbers appearing in responses (e.g., a respondent cit
ing a rating they gave) do not constitute substantive vocabulary and would 
artificially inflate token counts. Stemming reduces inflected word forms to 
a common root (e.g., “running,” “runs,” and “ran” all map to “run”), pre
venting the same semantic unit from appearing as multiple distinct tokens 
and thereby artificially raising entropy. Stopwords (e.g., “the,” “a,” “is”) 
were not removed because they are part of each response’s token distribu
tion, and their relative frequency is itself informative about lexical charac
ter. Removing them would reorient entropy toward a content-word-only 
measure—a different construct from what we intend to capture. Retaining 
stopwords means that a response dominated by function words is appro
priately assigned a lower entropy value than one with a more varied, 
content-rich vocabulary. The same preprocessing decisions apply to the 
response length measure, with the exception of stemming, which is not 
relevant for word counting.

Our entropy measure takes a value between 0 (i.e., only one unique 
token is used throughout a text answer) and the maximum entropy possi
ble for the given number of unique tokens in the text response (i.e., varied 
vocabulary with tokens of high unpredictability). More details and exem
plary documents alongside their entropy can be found in the supplemen
tary material (figure S5, found in the supplementary materials online). It 
is important to note the analytical scope of our information content analy
ses. Both response length and entropy are only defined for respondents 
who provided an answer—a response of zero words has no interpretable 
entropy value, and coding non-responses as zero would conflate two con
ceptually distinct phenomena: the decision to respond at all and the qual
ity of the response when one is given. Our analyses are therefore restricted 
to respondents who provided a response to a given item, and we treat item 
non-response as a separate outcome (reported in the Data section and in 
figures S1 and S2, found in the supplementary materials online) rather 
than as a data point in the information content analysis. This scoping deci
sion means our results should be interpreted as characterizing the infor
mation content of voice and text responses conditional on a response being 
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given, which is the relevant quantity for our research question about what 
voice responses look like when they are elicited.

Lastly, we investigate how the effects of response format on response 
length and information content differ for a respondent’s sociodemo
graphic as well as interview context-related characteristics. Here, we 
investigate the respondent’s age (five categories (i.e., 18–27, 28–37, 38–47, 
48–57, 58–80þ.), sex (i.e., female, male), highest educational attainment 
(seven categories (i.e., Less than a high school diploma, GED, High school 
diploma, Associates degree (AA, AS, etc.), Bachelor’s degree (BA, BS, etc.), 
Master’s degree (MA, MS, MBA, etc.), Doctorate or professional degree 
(PhD, MD, JD, DDS, etc.) (cf. US Census).), socioeconomic status (ten cat
egories (i.e., 1¼highest status and 10¼ lowest status.), the location of sur
vey participation (i.e., from home, from another place), and presence of 
others during survey participation (i.e., alone, others were present). We 
measure these variables at the end of the survey and include them as pre
dictor variables in a linear model, interacting them with the response for
mat variable. Detailed summary statistics for all variables are provided in 
table S2, found in the supplementary materials online.

4. RESULTS
4.1 Response Format and Information Content (RQ1)
We begin by analyzing variations in response length, and figure 1 illus
trates the average response lengths based on response format for our nine 
items. For five out of nine OEQS, we observe significantly longer answers 
for the voice than for the text format (p < .05), which provides support for 
our first hypothesis (H1). Results from the corresponding two-sample 
t-tests can be found in tables S6 and S7, found in the supplementary mate
rials online. For the items with significant differences, we observe the 
smallest difference for the “Most Important Problem” question (abs. dif
ference: 2.2 words, p¼ .01) and the largest difference for the “Future 
Children” question (abs. difference: 4.4 words, p¼ .00). As a robustness 
check, we replicated these t-tests on content words only—that is, after 
removing standard English stopwords from each response prior to count
ing. The results remain substantively unchanged: four out of nine items 
show a significant voice advantage (p < .05), suggesting that the voice 
advantage in response length is not primarily driven by differential stop
word usage across response formats. The one item that drops out of signif
icance in the content-word analysis likely reflects reduced statistical 
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power from shorter post-removal word counts rather than a genuine 
change in the underlying effect.

Figure 2 shows the differences in entropy between the two response for
mats, which are significantly higher for six out of nine OEQS entropy in 
the voice format (p < .05). We observe the smallest difference for the “Life 
Satisfaction” question (abs. difference: 0.1, p¼ .13) and the largest 

Figure 1. Response Length by Response Format for Nine Open-Ended 
Questions. Error bars represent 95 percent confidence intervals. Results from the 
two-sample t-tests can be found in tables S6 and S7, found in the supplementary 
materials online.

Figure 2. Response Entropy by Response Format for Nine Open-Ended 
Questions. Error bars represent 95 percent confidence intervals. Results from the 
two-sample t-tests can be found in tables S6 and S7, found in the supplementary 
materials online.
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difference for the “Most Important Problem” question (abs. difference: 0.6, 
p¼ .00).

4.2 Respondent and Interview Context-Related Characteristics 
(RQ2)
Lastly, we examine whether there are differences within the two formats 
for different respondent groups. In particular, we investigate whether 
respondents’ sociodemographics and interview context-related character
istics are related to the findings for response length (figure 3) and response 
entropy (figure 4). The outcomes were derived from linear models, incor
porating interaction terms, and the respective regression tables are avail
able in tables S4 and S5, found in the supplementary materials online.

For both sociodemographic and the interview context-related character
istics of the respondents, we observe only a few significant and meaningful 
relationships for the response length. In terms of education, higher educa
tion levels correspond to increased response length in the voice condition 
for two items (political trust: betaeduc ¼ 2.65, p¼ .00; education: betaeduc ¼

2.95, p¼ .00). Additionally, responding to the survey while not being at 
home is associated with a higher response length in the voice condition 
for one item (political trust: betanothome¼ 7.35, p¼ .04).

Similarly, regarding the relationship between sociodemographic factors 
and interview context characteristics on estimates of response entropy, 
only a few notable effects emerge, with one in particular standing out. 
Specifically, for three items (“Future children,” “Education,” and 
“Climate Evaluation”), the presence of others during the survey 

Figure 3. Answer Length for Respondent Subgroups in the Voice Format 
by Item. Error bars depict standard errors of the point estimates, with significant 
estimates (p < .05) highlighted in black.
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significantly reduces response entropy in voice responses compared to text 
responses. This aligns with the pattern observed in the response length 
analysis (see figure 3).

5. CONCLUSION AND DISCUSSION
OEQS are a valuable source of information for survey researchers, provid
ing insights into attitudes and opinions that cannot be captured by CEQS 
alone. Naturally, the question arises as to how survey researchers could 
design OEQS so that their answers contain a high degree of informative 
answers. The present study examined the effect of asking respondents to 
answer by voice compared to text format on information content in 
responses to OEQS. Prior studies have emphasized the value of using 
voice-based formats in standardized web surveys to capture in-depth and 
nuanced information on respondents’ attitudes, behaviors, and beliefs 
through open, more elaborated, and detailed narrations (L€utters et al. 
2018; Revilla et al. 2020; Lenzner and H€ohne 2022).

We conducted a smartphone survey among a US quota-based sample 
(n¼ 1,461) and asked some of the most common standardized self-report 
measures from popular social survey programs (e.g., most important prob
lem) as well as follow-up (“probing”) questions in an open-ended response 
format. We randomly assigned respondents to either give their answer in 
written or in spoken format.

We pursued two research questions: RQ1 asks whether there are differ
ences in information content between responses given in voice and text. 
RQ2 asks whether sociodemographic and interview context-related char
acteristics are related to the effect of response format and information 

Figure 4. Response Entropy for Respondent Subgroups in the Voice 
Format by Item. Error bars depict standard errors of the point estimates, with 
significant estimates (p < .05) highlighted in black.
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content (e.g., response length). To examine RQ1, we first analyzed the 
relationship between response format and answer length. We find that for 
five out of nine of our questions, VI led to significantly longer answers, 
namely 2.2–4.4 tokens (i.e., words) (cf. figure 1). Previous research shows 
similar effect sizes; for example, Gavras et al. (2022) show a maximum 
increase of 40 percent, and L€utters et al. (2018) show increases of 2.9–4.7 
words for the voice condition. In addition to the response length analysis, 
we conducted response entropy analyses to gain further insights into the 
information content of the text answers. Regarding response entropy, we 
find significant differences for six of the nine items, which range from 0.1 
to 0.6 (cf. figure 2). This finding is in line with previous research on lexical 
richness in spoken answers (e.g., Gavras et al. 2022).

For our second research question, we conducted linear regression mod
els, which included interactions of response format (text/voice) and the 
covariates of interest (e.g., education, sex) (cf. figure 3). For both sociode
mographic and the interview context-related characteristics of the 
respondents, we identified only a few noteworthy relationships. 
Specifically, we observe that higher levels of education can increase the 
answer length in a voice format (relatively to a text format) for two out of 
nine of our items (up to 0.12 words). Put differently, the voice advantage 
in response length appears to be amplified by education, potentially 
because verbal fluency and articulateness—which tend to increase with 
education—are a stronger asset in spoken response production than in 
text entry on a smartphone, where typing constraints may attenuate 
between-group differences in elaboration. Moreover, we found that 
respondents answering survey questions outside their homes tended to 
provide longer responses in the voice format for one of the nine items (up 
to 0.24 words). In sum, our study uncovered intriguing tendencies and 
some significant findings (cf. figure 3) in this regard, but more generally, 
our findings align with previous research, namely Revilla et al. (2020), 
who found no discernible differences in successful participation in a voice 
format based on sociodemographic variables—for example, age, educa
tion, gender, and mother tongue.

In conclusion, research that compares text and voice response formats 
for open-ended survey questions is in its early stages, and our study 
reveals different insights but also limitations that highlight the need for 
future research.

First, our study faced challenges in achieving a sufficiently large sample 
size within the specified age quota, suggesting potential variations in inter
est regarding the use of voice response options in surveys. Beyond this, 
non-response manifests at two distinct levels in our data, and both are 
worth discussing explicitly. At the survey level, a substantially larger share 
of participants assigned to the voice condition dropped out before com
pleting the survey (n¼ 204) compared to the text condition (n¼ 42). At 
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the item level, among those who did complete the survey, averaged over all 
nine OEQS, only 47 percent of participants provided voice answers to a 
respective question in the voice condition, contrasting with a 99 percent 
share in the text format (cf. figures S1 and S2, found in the supplementary 
materials online, for a detailed breakdown and exploratory analysis). 
Similar patterns of elevated non-response in voice conditions have been 
observed in other studies (L€utters et al. 2018; Revilla et al. 2020; Revilla 
and Couper 2021; Gavras et al. 2022).

Our analytical focus on information content—response length and 
entropy—is explicitly scoped to respondents who provided a response, as 
described in the section 3.3. This is a deliberate choice rather than an over
sight. Coding non-responders as zero for length or entropy would conflate 
the willingness to respond with the quality of the response when given, 
and these are conceptually distinct phenomena that warrant separate 
treatment. Moreover, the reasons for non-response in the voice condition 
are likely heterogeneous—technical difficulties, privacy concerns in the 
moment of responding, reluctance to record one’s voice on a sensitive 
topic—and cannot be reliably separated from ordinary item-skipping 
behavior in our data. Treating them uniformly as zero-information 
responses would therefore introduce a different kind of distortion. Our 
results should accordingly be read as answering a specific and practically 
relevant question: when voice responses are elicited, do they contain more 
information than text responses? The answer is yes. A separate and equally 
important question—one that we flag as a priority for future research—is 
under what conditions are respondents willing to provide voice answers 
at all and how deploying voice formats affect the overall yield and 
representativeness of a survey. This is particularly critical for practitioners 
considering adopting voice formats, and we encourage future work to treat 
non-response itself as a primary outcome.

Potential explanations for elevated non-response in the voice condition 
(for a first explorative analysis, see figure S2, found in the supplementary 
materials online) might be broadly categorized into two classes: differen
ces in technology use and differences in survey response behavior. One 
practical solution is to allow respondents to choose their preferred 
response format, as suggested by previous studies (H€ohne 2021; Chen 
et al. 2022). Lenzner and H€ohne (2022) suggest applying ideas from the 
technology acceptance model by Davis (1989), which highlights perceived 
usefulness and ease of use as key determinants of technology adoption. 
Future research is needed to identify the specific drivers of willingness to 
provide voice answers. While our study demonstrates the merits of voice 
answers in terms of information content conditional on response, 
researchers should weigh these gains against the higher non-response 
rates when evaluating the overall utility of voice formats for their use case.
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Second, while previous research has mainly focused on the relationship 
between response format and response length, our study introduced 
response entropy as a complementary measure of lexical informativeness. 
We compute entropy at the individual response level, treating each answer 
as a document: within a single response, repeated use of a token contrib
utes no new information, while a varied vocabulary signals richer content. 
We prefer entropy over the type–token ratio (TTR) employed in related 
work (Gavras et al. 2022) because TTR has a known length dependency— 
it mechanically decreases as documents grow longer—making it less suit
able for corpora with highly variable response lengths (Shi and Lei 2022). 
Beyond the single-response level, an interesting direction for future 
research would be to compute entropy across all responses of a given par
ticipant, which could serve as an indicator of satisficing behavior: 
respondents who repeatedly give generic or formulaic answers across sur
vey items would yield lower cross-item entropy values. While our study 
was not designed to detect satisficing, this application represents a promis
ing extension of entropy-based approaches in survey research. More gen
erally, while entropy is well established in quantitative linguistics 
(Grabchak et al. 2013; Rajput et al. 2018; Shi and Lei 2022), its continued 
validation in the specific context of open-ended survey answers remains 
important, and further measures of lexical richness—like Guiraud’s Index 
(Daller and Xue 2007; van Hout and Vermeer 2007)—could complement 
it in future analyses.

Lastly, our study concentrated on assessing the usefulness of voice 
answers specifically in terms of information content. However, there are 
numerous properties that might be interesting to survey researchers. For 
example, voice answers could potentially provide tonal cues that give addi
tional insights into survey answers. Such features could help in identifying 
respondent motivation, predicting probabilities of survey break-off, and 
understanding other contextual factors (e.g., the location of the inter
viewee during the survey).

Eventually, understanding and addressing the above-described factors 
will be crucial for maximizing the potential of new survey response for
mats including voice-based input. Recent advancements in computational 
methods, automated speech recognition (ASR) systems (Proksch et al. 
2019), the widespread use of smartphones and VI technology coupled 
with increased willingness to use such options within web surveys 
(Revilla et al. 2020), have opened up promising avenues for collecting 
voice data in survey research. These developments, in combination with 
insights concerning respondent preferences and behaviors, could help 
pave the way for innovative data collection methods in future survey 
research.
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