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The arena: what repeated PRO data look like

about 7
daily visits per patient

100 to 1,000
patients per study

autocorrelation
today's score echoes yesterday's

Illustrative simulated data: 100 patients, 7 daily visits each, Colour = 5 highlighted patients.

Each patient gives several scores, and neighbouring visits are alike.



Why the within-person correlation matters

THE BETWEEN-PERSON QUESTION

Do people with more pain also have more fatigue? This 

compares one person with another.

THE WITHIN-PERSON QUESTION

When my pain is above my own usual level, is my fatigue 

above my usual level too?

Illustrative simulated data: 5 patients, 7 visits each (35 measurements). Colour = patient.

Ignore the people and you get the wrong answer. Two methods claim the right one.



Meet the contenders: the tale of the tape

THE ORANGE CORNER  ·  rmcorr  repeated-measures correlation THE GREEN CORNER  ·  MLCorr  multilevel correlation

“If a typical patient's pain goes up, what happens to their fatigue? 
Assumes every patient responds the same way.”

“The same question, and by the way: how much do patients di,er in 
how they respond?”

BOTH   compare each patient with their own usual level, then estimate the average within-person slope

SLOPES   one shared slope for everyone SLOPES   average slope, plus how much patients di2er

AUTOCORRELATION   ignored: visits treated as independent AUTOCORRELATION   modelled: AR(1) or CAR(1) structure

Same target for both: the average within-person r. The key di8erence is autocorrelation.

BEFORE THE MATCH  ·  THE CONTENDERS

rmcorr vs MLCorr
FAVOURITE CHALLENGER



How the judges score: accuracy and precision

Bullseye = the true within-person r.  Dots = estimated r.

ROUND 2. BIAS  ·  ACCURACY

Is the estimated r centred on the true r, on average?

ROUND 3. CI WIDTH  ·  PRECISION

How tight is the 95% Con7dence Interval (CI)?

ROUND 1. COVERAGE  ·  THE MAIN EVENT

Does the 95% CI contain the true r 95% of the time? This needs 

accuracy and precision together.

OUR PREDICTIONS

rmcorr is less accurate (misses more often) because ignoring 

autocorrelation in8ates its estimated r. 

The gap attenuates when patients respond alike, with same slope.

A good method hits the true r, and knows how sure it is.

BEFORE THE MATCH  ·  THE ROUNDS

rmcorr vs MLCorr
FAVOURITE CHALLENGER



The obstacle course: conditions from the literature

Obstacle Levels Grounded in

Patients respond di8erently 
(slope heterogeneity)

SD = 0, 0.25 or 0.75 times the average slope
McNeish & Hamaker 2020; Fisher 2018; 
Bolger & Laurenceau 2013

Visits per person (T) 7 or 14 Ringwald 2022 (about 7 days); 14 brackets it

Missing data
complete, or about 20% Missing At Random (MAR) where a patient 
is more likely to skip after a high score or later in the study

Vachon 2019; Rintala 2019; Diggle & Kenward 
1994; Rubin 1976

Residual autocorrelation (  = 0.3)φ
7rst-order AutoRegressive AR(1), regular visits, or 7rst-order 
Continuous-time AutoRegressive CAR(1), irregular visits

Kuppens 2010; de Haan-Rietdijk 2017

Sample size (N) 100, 300 or 1,000
Ringwald 2022 (300, 1,000); N = 100 as a 
stress test

True within-person r 0.1, 0.2 or 0.3 (and 0, to count false positives) Gignac & Szodorai 2016

Held 7xed: between-person r = 0.3. The outcome is continuous and normal; ordinal scores are future work.

240 conditions  ×  1,000 simulated datasets  ×  2 methods  =  480,000 Ets

BEFORE THE MATCH  ·  THE RULES

rmcorr vs MLCorr
FAVOURITE CHALLENGER



Round 1, coverage: rmcorr loses ground as studies grow

Coverage (accuracy and precision) = how often does the 95% CI around r contain the true r?

MLCorr holds close to 95% throughout. rmcorr gets worse with larger N, larger true r, 7 rather than 14 visits, and 

irregular visits (CAR(1), in backup).

AR(1) residuals, MAR about 20% missing, averaged over slope heterogeneity. Grey band = 95% ± simulation noise (1.96 Monte Carlo SE). All conditions in backup.

The surprise: the bigger the study, the worse rmcorr does.

AFTER ROUND 1  ·  COVERAGE

rmcorr 0 : 1 MLCorr



Rounds 2 and 3, the replay: why rmcorr gets worse with more 
people

COVERAGE  ·  ACCURACY AND PRECISION

How often does the CI around r 
contain the true r?

BIAS  ·  ACCURACY

On average, how far is the estimated 
r from the true r?

CI WIDTH  ·  PRECISION

How wide is the 95% CI around the 
estimated r?

True within-person r = 0.3. AR(1) residuals, MAR about 20% missing, averaged over slope heterogeneity. Grey band = 0.95 ± 1.96 MCSE. Bars = ± 1.96 MCSE.

More data makes a biased method more conEdently wrong. Doubling the visits halves the bias.

AFTER ROUNDS 2 and 3  ·  BIAS ·  1 DRAW

rmcorr 0 : 2 MLCorr

MLCorr: on target

rmcorr at N = 1,000:
tight, o8-centre



The verdict: MLCorr wins on points

Round What the judges ask Winner

1. Coverage Does the 95% CI contain the true r? MLCorr

2. Bias Is the estimate centred on the true r? MLCorr

3. CI width How tight is the interval? draw

4. False positives* At true r = 0, is the error rate 5%? (yes) draw

5. Power* Does it 7nd a real e2ect? (yes) MLCorr

* Backup rounds. Power: MLCorr equal or slightly higher at N = 100 and r = 0.1.

In typical PRO diaries (300 to 1,000 patients, 7 visits), 

rmcorr misses the true r twice as often as MLCorr 

on average, and up to four times as often with 

irregular visits.

Indeed, the 95% CI misses the true r:

rmcorr: 4 to 29% (regular visits), 

5 to 42% (irregular visits)

MLCorr: 4 to 7% (regular visits), 

4 to 9% (irregular visits)

The shortfall grows with study size, where 

researchers trust rmcorr most.

OUR ADVICE

Prefer MLCorr for within-person 

r in repeated PRO data.

None of the 240 simulated conditions favoured rmcorr. MLCorr ties or wins on every measure.

FINAL SCORE  ·  2 DRAWS

rmcorr 0 : 3 MLCorr
FAVOURITE WINNER
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BACKUP

The full

scorecards

IN THIS SECTION

Coverage in every condition

Bias, theory check and CI width

Paired coverage di2erence

rmcorr’s opposite biases cancelling vs honest MLCorr

False positives and power

Centring and autocorrelation

References



Backup: coverage in every condition, AR(1) regular visits

Coverage = how often the 95% CI around r contains the true r. Grey band: 95% target ± simulation noise.

Averaged over slope heterogeneity. Solid = 7 visits, dashed = 14 visits.

MLCorr holds near 95% in every cell. rmcorr falls as N and r grow.



Backup: coverage in every condition, CAR(1) irregular visits

Coverage = how often the 95% CI around r contains the true r. Irregular visits hurt rmcorr more.

Averaged over slope heterogeneity. Solid = 7 visits, dashed = 14 visits.

With irregular visits, rmcorr's coverage falls to 68% on average at the hardest setting.



Backup: bias by number of visits

BIAS  ·  ACCURACY

On average, how far is the estimated r from 

the true r? Shown as % of the true r. 0 = on 

target.

RESULT

MLCorr: close to 0 everywhere. rmcorr: 

about +5 to 6% at 7 visits, +2.4 to 3% at 14.

WHY

Both methods subtract each person's mean. 

rmcorr also assumes independent visits, so 

with autocorrelated residuals, the centring 

removes more noise than signal, so r comes 

out too high.

Averaged over N, true r and slope heterogeneity. Bars = ±1.96 Monte Carlo SE.

Doubling the visits halves rmcorr's bias. Short diaries are where it bites.



Backup: the simulation agrees with theory

WHAT THIS CHECKS

Crosses: bias predicted by a closed-form 

formula. Dots: bias in the simulation.

RESULT

They agree for every r and both visit counts. 

MLCorr sits at the predicted 0.

SO

The bias we report is the bias theory expects, 

not a coding artefact or a result due to 

chance.

Complete data, no slope heterogeneity, AR(1), averaged over N. Bars = ±1.96 MCSE.

The simulation is well calibrated.



Backup: MLCorr does not win by casting a wider net

CI WIDTH  ·  PRECISION

How wide is the 95% CI around r? Lower = 

more precise.

RESULT

Both intervals narrow as N grows. MLCorr's is 

as narrow as rmcorr's, or narrower.

SO

MLCorr covers better because its interval sits 

on the true r. Coverage is about centring, not 

width.

True r = 0.3, averaged over slope heterogeneity.

Same width, better aim.



Backup: paired coverage di8erence, 7 visits per person

rmcorr minus MLCorr coverage, same datasets, in % points. Teal: MLCorr better. * = beyond noise.

MLCorr covers better almost everywhere. The gap is largest at high r and large N.



Backup: paired coverage di8erence, 14 visits per person

Same layout as before. With 14 visits the gaps are about half as large (worst cell: -16 points).

Against our prediction, the gap narrows as slope heterogeneity grows.



Backup: Two opposite errors cancelling in rmcorr versus the honest MLCorr

Two biases cancel in rmcorr: correct by luck, not by design. MLCorr is right on purpose, and its interval is honest.

Method Coverage Bias CI width Conclusion

rmcorr  ↓ poor  →
persistent

↓ centres each person (both methods do), then treat the visits as independent; with 
autocorrelated residuals, centring removes more noise than signal, and the 
independence assumption reads that as a tighter link, so r estimate is inJated. The 
bias is 7xed; larger N just shrinks the CI around it, so coverage falls.

MLCorr  → good  → none ↓ models the autocorrelation and the slope spread, so it stays on target with an honest 
interval.

With increasing N

With increasing slope heterogeneity

Method Coverage Bias CI width Conclusion

rmcorr ↑less bad  ↓ toward 0 → varied slopes add extra between-person spread into the outcome (add noise) which 
dilutes r back down. So the two noise e2ects partly cancel: bias shrinks, coverage 
recovers. But it’s cancellation, not correctness, and the CI ignores the slope spread.

MLCorr  → good  → none ↑widens models the autocorrelation and the slope spread, so it stays on target with an honest 
interval.

Estimated r = signal / √ (signal2 + noise2) 



Backup: false positives at true r = 0

Type I error = at true r = 0, how often a method wrongly calls the correlation signi7cant. Target: 5%.

Bars = ±1.96 Monte Carlo SE. Grey band = 5% ± simulation noise. No slope heterogeneity at r = 0.

No excess false positives. rmcorr's problem is estimating a real e8ect, not inventing one.



Backup: power at the smallest sample (N = 100)

POWER

At true r above 0, how often a method 

detects it. Power of 75% = the e2ect is missed 

25% of the time.

RESULT

From r = 0.2 both are at 100%. At r = 0.1, 

MLCorr is equal or ahead: 87% vs 75% (CAR(1), 

complete, 7 visits).

SO

MLCorr's honest intervals cost no power.

Averaged over slope heterogeneity. At N = 300 and 1,000 both methods are near 100%.

We are not trading sensitivity for validity.



Backup: what both methods do Erst, centre each person

Subtract each patient's own average. The 7ve clouds land on top of each other at zero.

Illustrative simulated data: 5 patients, 7 visits each.

Centring removes between-person di8erences. Both methods start here, but di8er in what comes next.



Backup: residual autocorrelation (  = 0.3)φ

Correlation between the residuals of two visits, for 7 visits. Left: no autocorrelation, for comparison.

CAR(1) panel: one example person; days rounded to 0.1. Gaps between visits are random (mean 1 day).

AR(1) counts visits. CAR(1) uses the real time between visits.
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The sources behind each factor level on the obstacle course (slide 6)
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