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• A simulation study was conducted with the following objectives:

• Objective 1: Evaluate the performance of CCC based on a Poisson3 GLMM versus a LMM2 as an agreement metric for count data

• Objective 2: Compare CCC with alternative approaches originally designed for continuous data, such as Pearson's correlation and t-test, and 
with commonly used metric of mean absolute percentage error (MAPE) to assess inference consistency under different levels of agreement 
(true CCC<0.7 and true CCC≥0.7)

Intercept (b0) Systematic bias (b1) Sample size (n) Agreement (true CCC)

8.9 0.001 50, 200,1000 0.594, 0.687, 0.785, 0.879, 0.999
Abbreviations: CCC: Concordance correlation coefficient; GLMM: Generalized linear mixed model.
b₀ is the intercept of the linear predictor: the average number of steps (in log scale) based on the manual count; b₁ is the average difference (in log scale) between the manual step count and the step 
count based on the algorithm under evaluation.
The between-measurement method variability was fixed to 0.0000007; The true CCC was calculated based on different values of the between-subject variability: 0.700, 0.031, 0.022, 0.017, 0.014
The main difference between CCCGLMM and CCCLMM is that the former is mean dependent and requires the variance terms to be exponentiated in order the CCC to refer to the original scale (given that the 
GLMM Poisson model is on log scale).

Table 1: Selected parameters of the GLMM model
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Objectives

• Data-generating mechanism: A Poisson GLMM (assuming this is a more representative distribution than normal distribution for step count) 
with random subject and fixed measurement method effects was used to simulate step counts (500 datasets) on selected parameters 
(see Table 1). The selected CCC values were closely aligned with observed values from previous analytical validation studies for step counts 
(e.g., 0.9914, 0.8375, 0.7505, 0.6206, 0.5706)

Methods

• Estimates of interest: In each simulated dataset, the following estimates were derived:

- CCC, which represents the agreement between the step counts produced by the algorithm vs the manual step count

- Pearson’s correlation, p-valuet-test and MAPE which are used to assess inference consistency with CCC

• Method: Each simulated dataset was analyzed in two ways: via LMM and GLMM

• Objective 1: The performance of CCCGLMM and CCCLMM was assessed using absolute bias and mean square error

• Objective 2: Consistency in inference across the metrics was assessed based on the percentage of times (denoted as P1) that each metric 
provided supporting evidence of agreement (CCC≥0.77, correlation≥0.78, p-valuet-test >0.05, MAPE<0.059) across 500 datasets

• CCCGLMM performed better (i.e., lower absolute bias and mean square error) than CCCLMM, especially when true CCC<0.7 (see Figures 1-2) 
• As the true CCC decreases, the impact of sample size becomes more evident for both CCCGLMM and CCCLMM (see Figures 1-2)

Objective 1 
Figure 1: Absolute bias for CCCGLMM and CCCLMM under different scenarios Figure 2: Mean square error for CCCGLMM and CCCLMM under different scenarios

Results

Low values indicate that the estimated CCC is close to the true 
CCC value on average

Low values indicate that the average squared difference between 
the estimated CCC and the true CCC is low

Conclusions and limitations
• Conclusions: CCCGLMM is an appropriate metric for count-based parameters, accounting for the subject effect (unlike MAPE) and measurement method effect. It should be complemented 

with other agreement metrics (e.g., MAPE) and preferred over CCCLMM, unless expected agreement is high (e.g., CCC>0.9) or data are near normal. Pearson correlation or t-test should be 
used only as a supplementary assessment for comparing the two measures.

• Limitations: The results of the current simulation study were based on Poisson GLMM, which gave an advantage to the CCCGLMM estimator. Other data generating mechanisms could be 
also considered for future work.

Figure 3: Heat map for P1 for each agreement metric under different scenarios

• When true CCC>0.7, Pearson’s correlation and MAPE 
provided supportive evidence of agreement with the gold 
standard measure in most datasets, while t-test provided 
variable results (see Figure 3)

• As expected, when true CCC<0.7, all the metrics less 
frequently provided supportive evidence of agreement with the 
gold standard measure (except for MAPE and t-test; see 
Figure 3)

• For n=50 and 200 and true CCC=0.687, CCCGLMM provided 
notably less frequent supportive evidence of agreement with 
the gold standard measure than CCCLMM (see Figure 3)
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