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MEASUREMENT UNCERTAINTY — WHAT IS AT STAKE?

I Accurately quantifying uncertainty in estimates key for reliable inference
I Rely on survey data for attitudes and behavior that are not directly observable

I Norms, preferences, private or illegal behavior,...

I What if different, seemingly equivalent ways of measuring the same thing give
fundamentally different answers?

I Our context: Tax non-compliance reports among 3,400 entrepreneurs in Uganda,
validated through administrative tax records

I Between-measure uncertainty dominant source of inferential uncertainty but not accounted
for at all in traditional Cls

I Battery of experiments lifts curtain on mechanisms: respondent behavior and
implementation heterogeneity

I Develop method incorporating measurement uncertainty into inference: shields against
overcon dent research conclusions
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SOURCES OF INFERENTIAL UNCERTAINTY

I Total inferential uncertainty
= Within-method uncertainty + Between-method uncertainty

I Within-method uncertainty
= Sampling variation + heterogeneous measurement error
I Traditional con dence intervals capture this

| Between-method uncertainty = Measured outcomes differ across equally plausible
measures

I Sometimes investigated via robustness checks
I Not accounted for when conducting single-method inference

I If between-method uncertainty is large: overcon dent inference and potentially
awed conclusions
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BENCHMARK & SURVEY

I Collaborate with both tax authorities that businesses in Kampala are liable to

I Link at rm-level between both registries using unique tax identi er

I Double-check accuracy via name and contact details
I Result: cross-linked tax records (whether or not tax paid/ led + date) for 138,000+ rms

I Track down sample of SMEs in extensive eldwork effort & conduct two surveys (N =
3,383 businesses)

I Oct/Nov 2023 (N = 1,460): validate different measures of tax non-compliance
I Nov/Dec 2024 (N = 1,923): replicate & mechanism experiments
I Verify at start of every interview that we have correct rm

I Interview person most knowledgeable about tax affairs (87% of cases)

I Test tax knowledge (results robust)
I Read out standardized info text to level knowledge
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MEASURING SENSITIVE BEHAVIOR

I Indirect questioning
I List experiment (LE)

I Randomized response technique (RRT)
I Second-order beliefs (2024 only)

I Incentivize truthful reporting
I Bayesian Truth Serum (BTS)

| Direct question (DQ)

I Enumerator guess (2024 only)

» Implementation
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HORSE RACE: WHAT APPLIED RESEARCH SEES
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WHAT WE CAN MEASURE: PARTITION VALIDATION

I Challenge: Accuracy determined at respondent level — unobservable with LE, RRT

| Solution: Partition validation

1. Split sample by true compliance (from admin data)
2. Estimate non-compliance rate within each group

I Key metrics:

I True positive rate: % true non-compliers correctly identi ed
| False positive rate: % true compliers wrongly classi ed
I Correct classi cation rate: Overall accuracy

I Contrast with “more is better” heuristic: higher estimate 6= more accurate
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SINGLE-METHOD INFERENCE MISSES DOMINANT SOURCE OF UNCERTAINTY

I Aggregate: Would con dently choose
LE or RRT with common heuristics

I Reality: Four methods differ greatly
in estimates but not in accuracy

I Confuse # in strategic misreporting
with " in non-strategic misreporting

I Not reliably caught by standard
internal validity checks

I Within-method uncertainty tiny
fraction of total uncertainty

I Ignored when conducting
single-method inference
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EXPERIMENTAL EVIDENCE ON MECHANISMS

I Two experiments to isolate non-strategic measurement error at respondent level
I Separate from sampling uncertainty / true outcome differences

» Consistency check » Recall check

I Use individual-level error measures to investigate mechanisms
1. Survey design variations

I Cognitive complexity: non-strategic errors increasing with respondent burden a=D
I Mental response models: subtle framing variations activating different response heuristics [ > Desion J

2. Implementation differences: exploit random allocation of enumerators @D
I Method-as-designed vs. method-as-implemented
I Between-enumerator variation in implementation (diligence & effort)
| Differential susceptibility across methods
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MARGINAL INCREASE IN COMPLEXITY CAUSES LARGE INCREASE IN ERROR

| Matters enough to produce
completely non-sensical
estimate in practice
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SUBTLE FRAMING DIFFERENCES: VERY DIFFERENT RESPONSE MODELS
Inverting phrasing (tax compliance vs. hon-compliance)
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Difference in means: 8.9pp (25%)
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(a) Respondent feedback recorded

(diligence recording responses)

(b) Net interview length

(effort in elicitation)
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ENUMERATORS MATTER FOR DATA QUALITY WHERE ROOM FOR DISCRETION
(a) Reporting consistency check (b) Recall check
(enumerator discretion: low) (enumerator discretion: high)
|
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S0, WHAT NOW?

I Problem: Traditional Cls re ect only within-method uncertainty

I Sampling variation + measurement error heterogeneity

I Miss between-method uncertainty entirely
I Between-method differences dominate total uncertainty in our setting

I Order of magnitude larger than within-method standard errors

I Common in wide range of scenarios
I Ignoring this source produces dramatically overcon dent inference
I Our solution: Bayesian hierarchical model aggregates across methods

I Captures both within-method and between-method uncertainty

I Credible intervals faithfully represent true inferential uncertainty
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KEY RESULTS RECAP

1.

Vast between-method variation in tax non-compliance estimates — much greater than
within-method uncertainty

. Aggregates suggest clear “front runner” method

I Reality: virtually nothing separates methods in actual accuracy
I Trading off different sources of measurement error without noticing

. Single-method inference completely misses this

I Traditional Cls only capture within-method uncertainty
I Grossly underestimate total inferential uncertainty

. Underlying cause: respondent behavior very sensitive to survey design choices

(complexity, framing); implementation heterogeneity between enumerators

. Better accounting for total inferential uncertainty via BHM shields against overcon dent

conclusions
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TAKEAWAYS FOR MEASUREMENT AND APPLIED RESEARCH

I Study design: Shield against speci cation searching and overcon dent inference

I When? accuracy unobservable, no clear best practice, multiple plausible measures
I Gap in pre-registration: Commit to single measure removes researcher df but creates other trap
I Register entire inference process, including joint inference procedure

I Survey design & eldwork: High returns to good measurement!
I # complexity, understand mental models, # scope for enumerator discretionary choices

I Results interpretation: Genuine differences or unrecognized measurement uncertainty?
I “More-is-better' unreliable heuristic, need to look past aggregates

I Two roles for methods research:

I Quantify uncertainty space more fully
I Validated best-practices to narrow space of plausible measurement options
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MAIN CONTRIBUTIONS

I Measurement uncertainty: First-order issue for reliable inference — quantify and identify
sources
I implications for reliable inference
I gap in pre-registration practice
I Inference: Develop Bayesian aggregation approach that better accounts for total
uncertainty
I evidence aggregation via Bayesian hierarchical model
I principled, yet exible
I shields against overcon dent policy conclusions

I Survey methodology: Identify critical aws in techniques used in 100s of studies — most
comprehensive validation to date via rare, individual benchmark

I Broader implication: Fundamental results about economic preferences and behavior may
ra acct 1inrecoanizad meaciireameaent rincartaintyy rather than triite nhenomena'



APPENDIX
O 0O®00000000000000000000

WHY STUDY SENSITIVE ATTITUDES?

I Ideal context for studying measurement uncertainty

I Relying on survey self-reports: often only data source on issue (high stakes)
I Among hardest challenges for survey research: respondents have incentives to misreport
I No clear consensus on “best” measurement approach, multiple plausible options

I Relevant for descriptive & experimental research, often directly informs policy

I Our context: tax non-compliance among Ugandan entrepreneurs

I Catch: link survey responses to tax registry data from two tax authorities

I Compare methods against exogenous benchmark, not “more is better
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