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The Accuracy and Utility of Using 
Paradata to Detect Interviewer 
Question-Reading Deviations
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Presentation Outline

• Motivation for Research
• Background 
• Data and Methods
• Results
• Conclusion
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Motivations for Research 
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• Interviewers’ behavior 
at training vs. behavior 
in field 



Background

• Interviewers and measurement error

• How to reduce measurement error? 
• Training interviewers to read questions verbatim
• Supervising and monitoring interviewers

• Do interviewers read question verbatim?
• Studies show question-reading deviations range from 4.6% - 84.0%
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Monitoring Interviewer Question-reading Behavior

• Listen to interview recordings 
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Monitoring Interviewer Behavior with Paradata
• Timestamp is as a proxy for how the interviewer reads the question 
• Estimate how long it should take interviewers to read a question

• Create question administration timing threshold (QATT) 

• Compare the QATT to the question timestamp

• Known studies that use timestamps and QATTs
• Saudi National Mental Health Survey

• Flagged questions that have timestamps under 1 second
• China Mental Health Survey

• Calculated QATT using the number of words in the question and reading pace of 110 
millisecond per Chinese Character
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Advantages of Using Timestamps to Monitor 
Question-reading Behavior

• Automate process

• Fast

• Target QC efforts
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Present Study
• Accuracy and utility of method currently used?
• More accurate method for developing QATTs?

• WPS Range

• Standard deviation 

• Model-based 
• Study attempts to identify ‘cheating’ in web-surveys (Munzert & Selb, 2015)

• Latency as indicator for potential cheating 

• Response times are mostly likely both person and item specific

• Model response times as a function of person specific random intercepts and fixed effects for 
items specific factors to isolate “suspicious latency” 

• Extracted residuals and classified top 2% as cheaters 8



Data
• Wave 3 of the Understanding Society Innovation Panel

• Multi-stage probability sample

• 1621 CAPI interviews

• Interviewers are trained to read all questions verbatim

• Sections of the interview were recorded with permission of respondent

• Interview recordings
• 820 recordings were available for analysis

• Interviewers were told which sections would be recorded

• Paradata: timestamps for all questions across all interviews
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Methods
• Randomly selected two recorded interviews from each interviewer (n=81) 

and behavior coded all selected questions in the recording 

• Selected questions based on following criteria

• Question was intended to be read out loud

• Did not contain ‘fills’

• Were administered to both males and females

• Had one-to-one matching with timing file questions (i.e., did not loop)

• Had same response options for all regions

• Total sample size: 10,345 questions
10



Methods: Behavior Coding
• Interviewer’s first reading of the question was coded

• Verbatim or Deviation

• Magnitude of deviation

• Minor

• Major 
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More Details on Behavior Coding
• Deviations were coded as major deviations under any of the 

following circumstances:
• Key nouns, verbs or adjectives/qualifiers were omitted
• Key nouns, verbs or adjectives/qualifiers were subbed with words that did not have 

equivalence in meaning
• Key nouns, verbs or adjectives/qualifiers were added that altered the context or added 

additional (inaccurate) meaning
• Definitions or examples were omitted that were needed to give context to the question 
• Definitions or examples were subbed with words that did not retain equivalence in 

meaning
• Unfamiliar response options were omitted that were needed to ensure all respondents 

were received same range of options (e.g., “Do you work for a private firm or business 
or other limited company or do you work for some other type of organization?”)
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Methods: Constructing QATTs
• Minimum QATTs based on words per second 

• 2wps, 3wps, 4wps

• Minimum and maximum QATTS based on 
• Range WPS

• 2-3wps, 2-4wps, 1-3wps, 1-4wps
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Methods: Constructing QATTs
• Standard deviation

• ±0.5 SD, ± 1 SD, ± 1.5 SD, ± 2.0 SD

• Model-based
• Timestamps (logged) to each question are predicted by a model with 

random intercept for interviewer and fixed effects for the respondent 
and question ID

• Residuals standardized into a t-score and categorized the upper and 
lower t-distribution as possible deviations

• 1%, 2%, 3%, 5%, 10%, and 25%
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Methods: Variables and Analysis
• Detection method variable 

• Question timestamp compared to the question QATT for each detection method 

• 0=Verbatim, 1=Deviation

• Behavior coding variable 
• 0=Verbatim, 1=Minor deviation, 2=Major deviation

• Crosstabs to determine accuracy of each detection method
• Produces rates for

Χ False – (incorrectly identified deviation as verbatim)
Χ False + (incorrectly identified verbatim as deviation)
True – (correctly identified verbatim as verbatim)
True + (correctly identified deviation as deviation)
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Question Reading (n=10345) Count
Verbatim 5435 52.5
Minor Deviation 3567 34.5
Major Deviation 1343 13.0

What Does the Behavior Coding Tell Us?
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Accuracy Rate (%) for Correctly Identifying Questions as 
Major Deviations and No Major Deviation (i.e. verbatim/minor)

(n=10345)
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Detection Rate (%) for Correctly Identifying Major Deviations (n=1343) 
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Overall
Accuracy

Detection 
Rate

False  - False + True - True +

4WPS 87.2 46.9 6.9 6.0 81.1 6.1
2-3WPS 39.6 81.0 2.5 57.9 29.1 10.5

Accuracy Rate (%) of Detecting Deviations: 
QATT Detection Methods by Major Deviation (n=10345)



Utility of the QATT Methods

• False positive and false negatives may be reduced if the data is 
aggregated up to the interview level

• Data was aggregated to the interview level (n=168)

• All interviews contained at least one minor deviation and 139 (82.7%) 
of interviews contained at least one major deviation

• Which method is best at reducing QC efforts, but still identifies all 
interviews that contain at least one major deviation?
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• Some methods correctly flagged all interviews that contained at least 
one major deviation…..but flagged all interviews for review

• 4WPS shows promise

• Correctly flagged 132 of the 139 interviews that contained at least one major 

deviation

• Correctly flagged 17 or the 29 interviews with no major deviations

• 85.7% of interviews flagged for review  

Interview Level Analysis



Discussion: Summary
• As overall accuracy increases, false negatives also increase

• As detection rate increases, false positives also increase 

• 4WPS  has the highest overall accuracy rate - 87.1%, but only detects 
46.9% of the major deviations

• 2-3WPS method is best at detecting potential major deviations 81.0%, 
but produces the highest rate of false positives – 57.9%

• 4WPS shows the most utility at the interview level

• WPS range, SD, and model-based methods did not do as well as the 
WPS Method

22



• Special Thanks
• Tarek Al Baghal, Supervisor
• Peter Lynn, Supervisor
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Thank you!  Feedback is welcomed and appreciated!

Contact info: jennifer.kelley@essex.ac.uk
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Additional Slides for Discussion
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Future Research
• Second Paper: What drives question-reading deviations? 

• Question, respondent and interviewer characteristics 

• Third Paper: Data quality
• So interviewers make deviations from reading verbatim – does it mater? 

• Accuracy and Utility 2.0
• Test different models
• Use data from previous waves to create QATTs
• Use paradata files that have timestamps in milliseconds rather than 

seconds
• Can timestamps and QATTs be used for methodological research? 
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More Details on Behavior Coding
• Deviations were coded as minor deviations under the following circumstances : 

• Omitted, subbed or added articles (e.g., the, an, this, etc.)
• Omitted or subbed a time reference (e.g., “Since we last interviewed you [omit: on January 22, 2008] did…”)
• Interview instructions omitted, subbed  or added that did not give meaning or context to question (e.g., please look at the card) 
• Interviewer omitted response options starting on the second question of a series of questions (e.g., always, very often, quite often, 

not very often, never) 
• Respondent interrupted the interviewer to signal their correct response for previously heard response options (e.g., agree, neither 

agree nor disagree, disagree)
• Skipped the entire question, but response was given in previous answer

• Deviations were coded as major deviations under any of the following 
circumstances:

• Key nouns, verbs or adjectives/qualifiers were omitted
• Key nouns, verbs or adjectives/qualifiers were subbed with words that did not have equivalence in meaning
• Key nouns, verbs or adjectives/qualifiers were added that altered the context or added additional (inaccurate) meaning
• Definitions or examples were omitted that were needed to give context to the question 
• Definitions or examples were subbed with words that did not retain equivalence in meaning
• Non-common response options were omitted that were needed to give context to the question to ensure all respondents were 

received same range of options (e.g., “Do you work for a private firm or business or other limited company or do you work for some 
other type of organization?”)
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Detected 'Too fast' Detected 'Too slow' Total Deviations Detected

False  - False + True - True +
Overall

Acc
False  - False + True - True +

Overall
Acc

False  - False + True - True +
Overall

Acc

2WPS 2.6 40.7 46.3 10.4 56.8 2.6 40.7 46.3 10.4 56.8
3WPS 4.9 14.5 72.6 8.1 80.7 4.9 14.5 72.6 8.1 80.7
4WPS 6.9 6.0 81.1 6.1 87.2 6.9 6.0 81.1 6.1 87.2
2-3WPS 4.9 14.5 72.6 8.1 80.7 10.6 43.5 43.6 2.4 46.0 2.5 57.9 29.1 10.5 39.6
1-3WPS 4.9 14.5 72.6 8.1 80.7 12.3 12.4 74.6 0.7 75.3 4.2 26.9 60.1 8.8 69.0
2-4WPS 6.9 6.0 81.1 6.1 87.2 10.6 43.5 43.6 2.4 46.0 4.5 49.4 37.6 8.5 46.1
1-4WPS 6.9 6.0 81.1 6.1 87.2 12.3 12.4 74.6 0.7 75.3 6.2 18.4 68.7 6.8 75.4
SD 0.5 5.9 21.2 65.8 7.1 72.9 11.0 21.7 65.3 2.0 67.3 3.9 42.9 44.1 9.0 53.1
SD 1.0 9.7 3.8 83.2 3.3 86.5 11.5 14.3 72.7 1.5 74.2 8.2 18.1 68.9 4.8 73.7
SD 1.5 12.0 0.4 86.6 1.0 87.5 11.8 10.3 76.7 1.2 77.9 10.8 10.8 76.2 2.2 78.4
SD 2.0 12.8 0.0 87.0 0.2 87.2 12.1 8.0 79.1 0.9 80.0 11.9 8.0 79.0 1.1 80.1
Model 1 11.3 1.5 85.5 1.7 87.2 12.3 3.8 83.2 0.7 83.9 10.6 5.3 81.7 2.3 84.0
Model 2 10.7 2.5 84.5 2.3 86.8 12.1 5.4 81.7 0.9 82.6 9.8 7.8 79.2 3.2 82.4
Model 3 10.3 3.5 83.5 2.6 86.2 12.0 6.7 80.3 1.0 81.3 9.3 10.2 76.8 3.7 80.5
Model 5 9.8 5.3 81.7 3.1 84.9 11.8 8.7 78.3 1.2 79.5 8.6 14.0 73.0 4.4 77.4
Model 10 8.8 10.3 76.7 4.2 80.9 11.2 13.1 73.9 1.8 75.7 7.0 23.5 63.5 6.0 69.6
Model 25 6.9 23.9 63.1 6.1 69.2 9.9 24.8 62.2 3.1 65.3 3.8 48.7 38.4 9.2 47.5

Accuracy Rate (%) of Detecting Deviations: QATT Detection Methods by Major Deviation (n=10345)
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Count of Interviews 
Correctly Flagged As 

Containing:

Count of Interviews 
Incorrectly Flagged as 

Containing:

Overall 
Accuracy

(%)

% of Interviews 
Deviation 
Detected

n=139

Interviews 
Method Flagged 

for Review
(%)Detection Method Deviation No Deviation Deviation No Deviation

2WPS 139 0 29 0 82.7 100.0 100.0
3WPS 137 6 23 2 85.1 98.6 95.2
4WPS 132 17 7 12 88.7 95.0 82.7
2-3WPS 139 0 29 0 82.7 100.0 100.0
1-3WPS 139 0 29 0 82.7 100.0 100.0
2-4WPS 139 0 29 0 82.7 100.0 100.0
1-4WPS 138 4 25 1 84.5 99.3 97.0
SD 0.5 139 0 29 0 82.7 100.0 100.0
SD 1.0 139 3 26 0 84.5 100.0 98.2
SD 1.5 134 10 19 5 85.7 96.4 91.1
SD 2.0 124 13 16 15 81.5 89.2 83.3
Model 1 127 6 23 12 79.2 91.4 89.3
Model 2 133 2 27 6 80.4 95.7 95.2
Model 3 137 2 27 2 82.7 98.6 97.6
Model 5 139 1 28 0 83.3 100.0 99.4
Model 10 139 0 29 0 82.7 100.0 100.0
Model 25 139 0 29 0 82.7 100.0 100.0



Behavior Coding: Types of Deviations
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Minor Deviations (n=3567) Major Deviations (n=1343)
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