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Background: Current guidelines for vancomycin dosing recommend area under the curve to 

minimum inhibitory concentration (AUC/MIC) guided monitoring to optimize efficacy and 

minimize toxicity, targeting a 24-hour AUC/MIC ratio of 400–600 mg·h/L in patients with 

serious MRSA infections or high nephrotoxicity risk. Monitoring approaches include analytic 

one-compartment models and Bayesian methods, but prior studies have not compared these 

methods using known AUC values. 

Objectives: This Monte Carlo study compared the accuracy and agreement of AUC estimates 

for one- and two-compartment models using trough and peak-trough steady-state levels, 

employing Bayesian and non-Bayesian techniques, against the actual AUC of the Goti model. 

Methods: Pharmacokinetic analyses were conducted using Monte Carlo simulations of the Goti 

model. Four hundred eighty thousand simulations were performed per model. Goti model AUCs 

were compared to one-compartment models (analytic, fixed Vd trough), and Bayesian one- and 

two-compartment models (trough, peak-trough). Methods were evaluated for AUC bias, root 

mean squared error (RMSE), Bland–Altman 95% limits of agreement, Pearson’s correlation, and 

clinical decision agreement (CDA) by the percentage of predicted AUCs aligning with Goti 

model AUCs in predefined brackets: <400, 400–600, >600 mg·h/L. 



Results: Bayesian peak-trough methods, both one- and two-compartment, showed superior 

accuracy and precision, with the lowest RMSE, narrowest LoA, and highest CDA (>88%). No 

significant advantage was found for two-compartment Bayesian models over one-compartment 

Bayesian models with sparse sampling. Trough-only and fixed Vd methods had higher RMSE, 

wider LoA, and lower CDA. 

Conclusion and Relevance: Bayesian peak-trough methods provide the most accurate and 

clinically reliable vancomycin AUC estimates, supporting their adoption for therapeutic drug 

monitoring to optimize efficacy and minimize nephrotoxicity. 

 

 
 

 

 

 

  

 

 

 

 

 

 

 

 



Introduction 

Vancomycin, a glycopeptide antibiotic, is recommended for the treatment of serious infections 

caused by methicillin-resistant Staphylococcus aureus (MRSA). However, vancomycin therapy 

is associated with acute kidney injury (AKI) in 5% to 43% of patients, which correlates with 

increased morbidity and mortality.1 The risk of AKI escalates with daily area under the curve 

(AUC) values exceeding 650 to 1300 mg·h/L2, 3, 4 or trough concentrations maintained above 15 

to 20 mcg/mL.5 Factors associated with nephrotoxicity include elevated body weight, preexisting 

renal dysfunction, critical illness, concomitant use of vasopressors, and administration of other 

nephrotoxic agents.4, 6-16 Current consensus guidelines for vancomycin dosing emphasize 

optimizing efficacy while minimizing toxicity through AUC-guided monitoring, targeting a 24-

hour AUC/minimum inhibitory concentration (MIC) ratio of 400 to 600 mg·h/L (assuming an 

MIC ≤1 mcg/mL determined by broth microdilution) in patients with serious MRSA infections 

or those at high risk for nephrotoxicity. Target AUC should be achieved in the first 48 hours of 

therapy. Recommended AUC monitoring approaches include the one-compartment model using 

analytic equations, which requires a post-distribution peak concentration (drawn 1 to 2 hours 

post-infusion) and a trough concentration (drawn at the end of the dosing interval), both obtained 

at steady state and preferably within the same dosing interval. Alternatively, Bayesian methods 

incorporating priors derived from richly sampled vancomycin pharmacokinetic data may be 

employed, utilizing a peak (drawn 1 to 2 hours post-infusion) and a trough (drawn at the end of 

the dosing interval) concentration.17 

Goti et al. studied vancomycin pharmacokinetics (PK) in 1,812 patients with 336 patients 

receiving high flux intermittent hemodialysis and routine clinical monitoring.18 A two-



compartment PK model was developed for vancomycin in non-hemodialysis and hemodialysis 

patients. The Goti model has been shown to have the best predictive performance with a relative 

Bias of -4.41% and a relative RMSE of 44.3% when compared to thirty models.19 

Prior studies have compared vancomycin AUC estimates obtained using first-order analytic 

equations and Bayesian two-compartment models and have described the variability in estimates 

produced from routine serum concentration data; however, these methods have not been 

compared against known AUC values.2,20,21 Analytic approaches to AUC calculation are well 

described.22–24 Therefore, we performed a Monte Carlo simulation to evaluate the accuracy and 

agreement of AUC estimates from one- and two-compartment models using steady-state trough-

only and peak–trough sampling, with both Bayesian and non-Bayesian methods, using the Goti 

two-compartment model AUC as the reference standard. 

Monte Carlo simulation is a computational technique that approximates solutions by repeatedly 

sampling random values from specified parameter distributions (e.g., based on population means 

and standard deviations). Across many iterations, this produces a large set of simulated outcomes 

that can be analyzed to characterize performance and variability. 

Methods 

Study Design and Monte Carlo Simulation 

Pharmacokinetic analyses were performed using Monte Carlo simulations implemented in 

Python.  

This study assesses the influence of the number of steady state serum vancomycin levels 

monitored during a dosing interval and model selected on the accuracy of AUC calculations 



using one-compartment and Goti two-compartment pharmacokinetic models, assuming the Goti 

two-compartment model best characterizes vancomycin pharmacokinetics. This simulation-based 

study utilized Monte Carlo methods to evaluate the accuracy of vancomycin AUC estimations 

with steady state levels. Post-infusion serum levels were evaluated at the following time points: 2 

levels (2 and 10 hours); and 1 level (10 hours). Bayesian fittings were applied to models, with 

additional non-Bayesian methods used for the one-compartment model. Simulations were 

conducted in Python, generating randomized PK parameters from the Goti two-compartment 

model's population means (central and peripheral volume of distribution, intercompartmental 

clearance, and clearance total), assuming normal distribution with variability up to two standard 

deviations. The randomized parameters values were treated as the true parameter values. Patients 

were simulated, with mean Goti clearance total values aligned to Cockcroft-Gault creatinine 

clearance of 120, 90, 60, and 30 mL/min. The dose was adjusted to target an AUC of 500 mg·h/L 

based on the Goti two-compartment population mean clearance total for the creatinine 

clearance. The dosing interval was set at 12 hours, with a 2-hour infusion period. Patient weights 

were set at 110, 90, 70, 50 kg, and a MIC of 1 mcg/mL was assumed. Thirty thousand virtual 

patients were created per weight and were repeated for each creatinine clearance with a total 

number of simulations of 480,000. True serum levels were calculated with the randomized PK 

parameters using standard two-compartment open-model equations for intermittent infusion. 

Randomized values for each true level were generated from a normal distribution to account for 

assay variability with a coefficient of variability of 0.1, representing measured levels. A fixed 

randomization seed ensured reproducibility across simulations. 

Data fitting for each simulation employed Python's least-squares optimization routine with 

bounds to minimize the sum of squared errors between randomized (measured) and predicted 



levels for the two-compartment model, optimizing central volume of distribution, peripheral 

volume of distribution, clearance total, and distribution clearance. Predicted levels and steady 

state AUC were calculated using standard two-compartment open-model equations for 

intermittent infusion. All two-compartment fittings were Bayesian. For the non-Bayesian one-

compartment model, standard open-model equations for intermittent infusion were used to 

estimate volume of distribution (Vd), elimination rate constant (K), clearance, and AUC from the 

2- and 10-hour levels via the Sawchuk-Zaske method. For one-compartment trough-only fitting, 

Vd was fixed at the geometric mean derived from Sawchuk-Zaske calculations excluding values 

calculated less than zero, and clearance was optimized using least-squares fitting. The Sawchuk-

Zaske geometric mean Vd and mean clearance were used as priors in the Bayesian one-

compartment methods. 

Bayesian one-compartment fittings assumed population mean parameter coefficients of variation 

of 0.3. The Goti two-compartment model parameters were: Cl_total = 4.5 × (CrCl/120)^0.8 L/h, 

V_c = 58.4 × (WT/70) L, V_p = 38.4 L, Cl_d = 6.5 L/h. Coefficients of variation were 0.3 for 

V_c, V_p, and Cl_total; and 0.4 for Cl_d. Assay coefficient of variation was 0.1. 

Statistical Analysis 

The accuracy and precision of AUC estimates produced by each dosing method were evaluated 

using several statistical measures. AUC root mean squared error (RMSE) was calculated as 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖 𝐴𝑈𝐶 − 𝑡𝑟𝑢𝑒𝑖 𝐴𝑈𝐶)2 to assess the precision of each method, 

while AUC bias was quantified as 𝐵𝑖𝑎𝑠 =
1

𝑛
∑ (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖 𝐴𝑈𝐶 − 𝑡𝑟𝑢𝑒𝑖 𝐴𝑈𝐶) to assess 

accuracy.26 Clinical decision agreement (CDA) was determined by the proportion of predicted 



AUC values that matched the true AUC within clinically relevant brackets: less than 400, 400 to 

600, and greater than 600 mg·h/L. This categorical approach reflects the practical thresholds 

used in vancomycin therapeutic drug monitoring. 

Agreement between predicted and actual AUC values was further visualized using Bland-Altman 

plots with 95% limits of agreement (LoA). The mean difference and 95% limits of agreement 

were calculated as: Mean difference ±1.96 × 𝑆𝐷 of the differences. Additional statistical 

analyses included McNemar’s Chi-Square test for categorical agreement, paired t-tests for mean 

differences, and calculation of Pearson’s correlation coefficient (r) to assess linear association. 

AUC mean percent error was computed as  𝑀𝑒𝑎𝑛 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐸𝑟𝑟𝑜𝑟 =

1

𝑛
∑𝑛

𝑖=1 (
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖 𝐴𝑈𝐶−𝑡𝑟𝑢𝑒𝑖 𝐴𝑈𝐶

𝑡𝑟𝑢𝑒𝑖 𝐴𝑈𝐶
) × 100  to provide a standardized measure of deviation. 

For pairwise comparisons of continuous AUC predictions between methods, paired t-tests were 

used to compare mean differences. For categorical CDA comparisons between paired methods, 

McNemar’s test was used. Where multiple pairwise tests were performed, Bonferroni correction 

was applied to control the family-wise error rate. Statistical significance was assessed using two-

sided p-values with an alpha of 0.05 (adjusted when Bonferroni correction was applied). 

These statistical approaches collectively enabled a comprehensive comparison of dosing 

methods, focusing on both their quantitative performance and their clinical relevance for 

vancomycin monitoring. 

 

 

 



Results 

Peak-Trough Method Comparisons 

In comparing the one-compartment analytic peak-trough method with the Bayesian one-

compartment peak-trough approach, significant differences were observed in AUC predictions, 

with mean differences of -0.68 for the analytic method and -5.95 for the Bayesian method 

(paired t-test: t = 196.985, p < 0.001; Bonferroni-corrected p < 0.001). RMSE values were 43.15 

and 40.17, respectively, with AUC 95% LoA of (-85.24, 83.88) and (-83.81, 71.90), and 

Pearson's correlation coefficients (r) of 0.977 and 0.979. CDA was 87.2% for the analytic 

method and 88.3% for the Bayesian one-compartment method. CDA classifications showed 

393,073 for the analytic method and 397,887 for the Bayesian method (McNemar's test: χ² = 

1167.589, p < 0.001; Bonferroni-corrected p < 0.001). The Bayesian one-compartment method 

was superior for CDA. 

When evaluating the one-compartment Bayesian peak-trough versus the two-compartment 

Bayesian peak-trough models, AUC mean differences were -5.95 and -5.64 (paired t-test: t = -

3.964, p < 0.001; Bonferroni-corrected p < 0.001), with RMSE values of 40.17 and 40.38, AUC 

95% LoA of (-83.81, 71.90) and (-84.00, 72.73), and r values of 0.979 for both. CDA was 88.3% 

for both methods. CDA classifications were 397,887 and 398,053 (McNemar's test: χ² = 0.381, p 

= 0.537; Bonferroni-corrected p = 1.000). The methods were equivalent for CDA. 

 

 

 



Table 1: Summary of Peak-Trough Model Comparisons 

Models Compared Metric 
Method 

1 

Method  

2 
Statistical Test 

One-Compartment 

Analytic Peak-

Trough vs  

One-Compartment 

Bayesian Peak-

Trough 

AUC Bias -0.68  -5.95 

Paired t-test: t = 196.985, p < 

0.001 (Bonferroni corrected: p < 

0.001) 

AUC RMSE 43.15 40.17  

AUC 95% 

LoA 
 

-85.24, 

83.88 

-83.81, 

71.90 
 

AUC 

Pearson's r 
0.977  0.979  

AUC Mean 

Percent Error 
-0.24% -0.70%   

CDA 87.2% 88.3%  

CDA Correct 

Classifications 
393,073 397,887 

McNemar's Test: χ² = 1167.589, 

p < 0.001 (Bonferroni corrected: 

p < 0.001) 

One-Compartment 

Bayesian Peak-

Trough vs  

Two-Compartment 

Bayesian Peak-

Trough 

AUC Bias -5.95 -5.64 

Paired t-test: t = -3.964, p < 

0.001 (Bonferroni corrected: p < 

0.001) 

AUC RMSE 40.17 40.38  

AUC 95% 

LoA 
 

-83.81, 

71.90 

 -84.00, 

72.73 
 

AUC 

Pearson's r 
 0.979  0.979  

AUC Mean 

Percent Error 
-0.70% -0.59%   

CDA 88.3% 88.3%  

CDA Correct 

Classifications 
397,887  398,053 

McNemar's Test: χ² = 0.381, p = 

0.537 (Bonferroni corrected: p = 

1.000) 

 

 

 

 



Trough Method Comparisons 

For the trough-only comparisons between one-compartment Bayesian and two-compartment 

Bayesian models, AUC mean differences were -12.06 and -4.82 (paired t-test: t = -76.790, p < 

0.001; Bonferroni-corrected p < 0.001), with RMSE of 53.81 and 53.57, AUC 95% LoA of (-

114.85, 90.72) and (-109.38, 99.74), and r values of 0.964 and 0.962. CDA was 84.3% for 

trough-only one-compartment Bayesian method and 84% for the trough-only two-compartment 

Bayesian method. CDA classifications were 380,181 and 378,762 (McNemar's test: χ² = 24.794, 

p < 0.001; Bonferroni-corrected p < 0.001). The Bayesian one-compartment method was 

superior for CDA. 

In the comparison of one-compartment fixed Vd trough versus two-compartment Bayesian 

trough, AUC mean differences were -14.49 and -4.82 (paired t-test: t = -98.312, p < 0.001; 

Bonferroni-corrected p < 0.001), with RMSE of 54.75 and 53.57, AUC 95% LoA of (-117.97, 

88.99) and (-109.38, 99.74), and r values of 0.963 and 0.962. CDA was 83.6% for one-

compartment fixed Vd method and 84% for the trough-only two-compartment Bayesian method. 

CDA classifications were 376,828 and 378,762 (McNemar's test: statistic = 42.712, p < 0.001; 

Bonferroni-corrected p < 0.001). The two-compartment Bayesian trough method was superior 

for CDA. 

 

 

 

 

 



Table 2: Summary of Trough Model Comparisons 

Models Compared Metric 
Method  

1 

Method  

2 
Statistical Test 

One-Compartment 

Bayesian Trough vs  

Two-Compartment 

Bayesian Trough 

AUC Bias  -12.06 -4.82 

Paired t-test: t = -76.790, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE  53.81  53.57  

AUC 95% 

LoA 
 

-114.85, 

90.72 

-109.38, 

99.74 
 

AUC 

Pearson's r 
 0.964 0.962  

AUC Mean 

Percent Error 
-1.20% -0.14%   

CDA 84.3% 84%  

CDA Correct 

Classifications 
380,181 378,762 

McNemar's Test: χ² = 24.794, 

p < 0.001 (Bonferroni 

corrected: p < 0.001) 

One-Compartment 

Fixed Vd Trough vs  

Two-Compartment 

Bayesian Trough 

AUC Bias -14.49  -4.82 

Paired t-test: t = -98.312, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE  54.75  53.57  

AUC 95% 

LoA 
 

 -117.29, 

88.99 

-109.38, 

99.74 
 

AUC 

Pearson's r 
 0.963  0.962  

AUC Mean 

Percent Error 
-2.61% -0.14%   

CDA 83.6% 84%  

CDA Correct 

Classifications 
376,828 378,762 

McNemar's Test: χ² = 42.712, 

p < 0.001, (Bonferroni 

corrected: p < 0.001) 

 

 

 

 



Trough to Peak-Trough Method Comparisons 

In the comparison of one-compartment Bayesian trough versus one-compartment Bayesian peak-

trough, AUC mean differences were -8.24 and -7.02 (paired t-test: t = -21.081, p < 0.001; 

Bonferroni-corrected p < 0.001), with RMSE of 55.19 and 41.46, AUC 95% LoA of (-115.19, 

98.72) and (-87.10, 73.06), and r values of 0.962 and 0.979. CDA was 84.4% for the one-

compartment Bayesian trough method and 88.4% for the one-compartment Bayesian peak-

trough method. CDA classifications were 405,232 and 424,116 (McNemar's test: statistic = 

6267.669, p < 0.001; Bonferroni-corrected p < 0.001). The one-compartment Bayesian peak-

trough method was superior for CDA. 

 

In the comparison of one-compartment Bayesian trough versus one-compartment analytical 

peak-trough, AUC mean differences were -8.24 and -2.43 (paired t-test: t = -72.479, p < 0.001; 

Bonferroni-corrected p < 0.001), with RMSE of 55.19 and 44.39, AUC 95% LoA of (-115.19, 

98.72) and (-89.30, 84.43), and r values of 0.962 and 0.977. CDA was 84.4% for the one-

compartment Bayesian trough method and 87.2% for the one-compartment analytic peak-trough 

method. CDA classifications were 405,232 and 418,766 (McNemar's test: statistic = 2368.931, p 

< 0.001; Bonferroni-corrected p < 0.001). The one-compartment analytic peak-trough method 

was superior for CDA. 

 

In the comparison of two-compartment Bayesian trough versus one-compartment Bayesian peak-

trough, AUC mean differences were -4.77 and -7.02 (paired t-test: t = 24.456, p < 0.001; 

Bonferroni-corrected p < 0.001), with RMSE of 54.54 and 41.46, AUC 95% LoA of (-111.25, 

101.71) and (-87.10, 73.06), and r values of 0.963 and 0.979. CDA was 84.2% for the two-



compartment Bayesian trough method and 88.4% for the one-compartment Bayesian peak-

trough method. CDA classifications were 404,496 and 424,116 (McNemar's test: statistic = 

4380.692, p < 0.001; Bonferroni-corrected p < 0.001). The one-compartment Bayesian peak-

trough method was superior for CDA. 

 

In the comparison of two-compartment Bayesian trough versus two-compartment Bayesian peak-

trough, AUC mean differences were -4.77 and -5.89 (paired t-test: t = 20.196, p < 0.001; 

Bonferroni-corrected p < 0.001), with RMSE of 54.54 and 41.24, AUC 95% LoA of (-111.25, 

101.71) and (-85.89, 74.11), and r values of 0.963 and 0.979. CDA was 84.2% for the two-

compartment Bayesian trough method and 88.4% for the two-compartment Bayesian peak-

trough method. CDA classifications were 404,496 and 424,669 (McNemar's test: statistic = 

7534.994, p < 0.001; Bonferroni-corrected p < 0.001). The two-compartment Bayesian peak-

trough method was superior for CDA. 

In summary, Bayesian one- and two-compartment models exhibited similar performance when 

compared using the same number of levels, whether trough or peak-trough sampling was 

employed. Across all approaches, peak-trough methods, including the one-compartment analytic 

peak-trough, one-compartment Bayesian peak-trough, and two-compartment Bayesian peak-

trough, consistently outperformed both Bayesian one- and two-compartment trough methods. 

Bayesian one- and two-compartment peak-trough methods were equivalent. Notably, the 

Bayesian one-compartment peak-trough method demonstrated superior accuracy and CDA 

compared to the analytic peak-trough method, while the Bayesian one-compartment trough 

method surpassed the one-compartment fixed Vd and Bayesian two-compartment trough 

methods. Overall, Bayesian peak-trough models achieved the lowest RMSE, the narrowest AUC 



95% LoA, and the highest CDA. In contrast, the one-compartment fixed Vd trough method 

performed the worst, with the highest RMSE, widest AUC 95% LoA, and lowest CDA. These 

findings underscore the superior performance of Bayesian one- and two-compartment 

approaches when peak-trough methods are utilized for pharmacokinetic AUC estimation. 

Table 3: Summary of Trough to Peak-Trough Model Comparisons 

Models Compared Metric 
Method  

1 

Method  

2 
Statistical Test 

Two-Compartment 

Bayesian Trough vs  

One-Compartment 

Bayesian Peak-

Trough 

AUC Bias  -4.77 -7.02 

Paired t-test: t = 24.456, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE 54.54 41.46  

AUC 95% 

LoA 
 

 -111.25, 

101.71 

-86.89, 

72.48 
 

AUC 

Pearson's r 
 0.963  0.979  

AUC Mean 

Percent Error 
-0.13% -0.86%   

CDA vr True 

AUC 
84.2% 88.4%  

CDA Correct 

Classifications 
404,496  424,116 

McNemar's Test: χ² = 

4380.692, p < 0.001 

(Bonferroni corrected: p < 

0.001) 

Two-Compartment 

Bayesian Trough vs  

Two-Compartment 

Bayesian Peak-

Trough 

AUC Bias -4.77 -5.89 

Paired t-test: t = 20.196, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE 54.54 41.24  

AUC 95% 

LoA 
AUC 95% 

LoA 
 

-111.25, 

101.71 

-85.89, 

74.11 
 

AUC 

Pearson's r 
 0.963 0.979  

AUC Mean 

Percent Error 
-0.13% -0.62%   

CDA 84.2% 88.4%  

CDA Correct 

Classifications 
 404,496 424,669 

McNemar's Test: χ² = 

7534.944, p < 0.001 



Models Compared Metric 
Method  

1 

Method  

2 
Statistical Test 

(Bonferroni corrected: p < 

0.001) 

One-Compartment 

Bayesian Trough vs  

One-Compartment 

Bayesian Peak-

Trough 

AUC Bias -8.24  -7.02 

Paired t-test: t = -21.081, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE  55.19 41.46  

AUC 95% 

LoA 
 

-115.19, 

98.72 

-87.10, 

73.06 
 

AUC 

Pearson's r 
0.962 0.979  

AUC Mean 

Percent Error 
-0.62% -0.86%   

CDA 84.4% 88.4%  

CDA Correct 

Classifications 
405,232  424,116 

McNemar's Test: χ² = 

6267.669, p < 0.001 

(Bonferroni corrected: p < 

0.001) 

One-Compartment 

Bayesian Trough vs  

One-Compartment 

Analytic Peak-

Trough 

AUC Bias -8.24  -2.43 

Paired t-test: t = -72.479, p < 

0.001 (Bonferroni corrected: p 

< 0.001) 

AUC RMSE 55.19  44.39  

AUC 95% 

LoA 
 

-115.19, 

98.72 

-89.30, 

84.43 
 

AUC 

Pearson's r 
0.962 0.977  

AUC Mean 

Percent Error 
-0.62% -0.51%   

CDA 84.4% 87.2%  

CDA Correct 

Classifications 
405,232 418,766 

McNemar's Test: χ² = 

2368.931, p < 0.001 

(Bonferroni corrected: p < 

0.001) 

 

 

 

 



Discussion 

Accurate estimation of vancomycin AUC is critical for optimizing therapeutic efficacy and 

minimizing toxicity, particularly in patients at risk for nephrotoxicity. Our study demonstrates 

that Bayesian peak-trough methods, whether one- or two-compartment, consistently outperform 

trough-only and analytic approaches, yielding the lowest RMSE, narrowest Bland–Altman 95% 

limits of agreement, and highest CDA. Notably, two-compartment Bayesian models did not 

confer additional benefit over one-compartment Bayesian approaches when sampling was 

limited to one or two concentrations, suggesting that increased model complexity may not 

translate to improved clinical utility in routine practice. These findings reinforce current 

consensus guidelines advocating for AUC-guided dosing and support the integration of Bayesian 

peak-trough approaches into standard therapeutic drug monitoring protocols. In contrast, trough-

only and fixed Vd methods demonstrated inferior performance, underscoring the limitations of 

these approaches for precise vancomycin dosing. 

CDA rates of 87.2%, 88.3%, and 88.3%, RMSE values of 43.15, 40.17, and 40.38 mg·h/L, and 

Bland–Altman AUC 95% limits of agreement ranging from -85.24 to 83.88, -83.81 to 71.90, and 

-84.00 to 72.73 were achieved with peak-trough sampling across models (Sawchuck-Zaske, 

Bayesian one-compartment, and Bayesian two-compartment). Although two-compartment 

models provide a more detailed description of vancomycin pharmacokinetics with intensive 

sampling, this benefit did not extend to sparse steady state monitoring using the Goti model. 

 

For Bayesian trough methods versus peak-trough methods, the actual AUC frequently fell 

outside the target range of 400–600 mg·h/L with a goal AUC of 500 mg·h/L, as reflected by the 



wide Bland–Altman 95% limits of agreement for AUC predictions using one-compartment 

Bayesian (-115.19 to 98.72 mg·h/L) and two-compartment Bayesian (-111.25 to 101.71 mg·h/L). 

In contrast, monitoring with peak-trough concentrations narrowed the Bland–Altman 95% limits 

of agreement (one-compartment analytic: -89.30 to 84.43; one-compartment Bayesian: -87.10 to 

73.06; two-compartment Bayesian: -85.89 to 74.11).  

 

In a real-world study, Olney et al. compared AUC calculations derived from first-order analytic 

equations using steady state peak and trough concentrations to those obtained from Bayesian 

two-compartment models with InsightRxTm software in 978 patients.20 Their analysis included 

both trough-only and peak-trough sampling strategies. The authors reported the following with 

our results listed below theirs, noted with bullets.  

Analytic vs. Two‑Compartment Bayesian Peak‑Trough 

r 0.963, CDA 87.4%, Bias –11.5 mg·h/L, AUC 95% LoA –99 to 76 

● Analytic 

r 0.977, CDA 87.2%, Bias –0.68 mg·h/L, AUC 95% LoA –85.24 to 83.88 

● Two-Compartment Bayesian Peak-Trough 

r 0.979, CDA 88.3%, Bias –5.64 mg·h/L, AUC 95% LoA –84.00 to 72.73 

Analytic vs. Two‑Compartment Bayesian Trough-Only 

 r 0.823, CDA 76.8%, Bias –21.9 mg·h/L, AUC 95% CI –197 to 153 

• Not performed in our study. 



Two‑Compartment Bayesian Peak-Trough vs. Bayesian Trough-Only 

  r 0.931, CDA 88.5%, Bias –10.4 mg·h/L, AUC 95% LoA –92 to 113 

● Two-Compartment Bayesian Peak-Trough 

r 0.979, CDA 88.4%, Bias –5.89 mg·h/L, AUC 95% LoA –85.89 to 74.11 

● Two-Compartment Bayesian Trough-Only 

r 0.963, CDA 84.2%, Bias –4.77 mg·h/L, AUC 95% LoA –111.25 to 101.71 

The authors concluded that the two-compartment Bayesian peak-trough method was comparable 

to linear and Bayesian one-concentration models, but linear and Bayesian two-compartment 

trough models were not comparable. However, our study showed all peak-trough methods were 

superior to trough methods with Bayesian methods performing the best.  

It is important to note that our results are not directly comparable to those of Olney et al., as their 

study estimated AUC using each method and compared models to one another, rather than 

comparing them to reference AUCs. In contrast, our analysis compared estimated AUCs from 

each model to the Goti model AUC. 

Turner et al21 conducted a study comparing AUC accuracy (AUC/AUCref) and bias (median 

absolute relative percent difference (|AUC-AUCref|/AUCref*100), for five commercial two-

compartment Bayesian dose-optimizing software packages and analytic equations to reference 

AUCs calculated by the linear-log trapezoidal rule for 19 adult critical care patients with five 

post dose vancomycin levels. Across all software packages, the median accuracy and bias (25th-

75th percentiles) for trough only and peak-trough monitoring were as follows. Turner et al.21 

reported the following with our results listed below theirs, noted with bullets.  



Trough monitoring 

Accuracy 0.79 to 1.03 (0.75-1.08), Bias 5.1 to 21.2% (3-24.6) 

● One-compartment Bayesian 0.9884 (0.9281-1.0491), 6.09% (2.87-10.38)  

● Two-compartment Bayesian 0.9996 (0.9380-1.0599), 6.09% (2.85-10.43)  

Peak-trough monitoring 

Accuracy 0.87 to 1.02 (0.84 to 1.12), Bias 4.7 to 13.3% (2.9-16.1)  

● One-compartment Bayesian 0.9934 (0.9479-1.0389), 4.57% (2.17-7.80),  

● Two-compartment Bayesian 0.9940 (0.9485-1.0399), 4.58% (2.14-7.81),  

● One-compartment analytic 0.9977 (0.9473-1.0492), 5.09% (2.42-8.72).  

Turner concluded that analytic equations produced similar or better accuracy and bias when 

compared to Bayesian programs with peak-trough monitoring as shown by higher accuracy, less 

bias, and narrower confidence intervals. Our results showed wider confidence intervals for the 

analytic equation as compared to Bayesian peak-trough methods for accuracy and bias. CDA was 

not compared in the study.  

Neely et al.2 combined three data sets totaling 47 patients and constructed two-compartment 

population models using the full reference data set, a peak-trough data set, and a trough data set. 

The objective was to compare trough monitoring to AUCs derived from two-compartment 

models derived from rich data sets AUC. Although the sample size in the study by Neely et al. 

was relatively small, each patient had rich data sampling, with five to thirteen vancomycin levels 

collected after a dose. Bayesian priors were calculated from both the full data set and the peak-



trough data set, and these priors were subsequently applied to the trough model. The full data 

model with Bayesian priors was then compared to the peak-trough and trough models, both with 

and without Bayesian priors. Data from our study is provided in brackets when available [ ]. 

Results from the two-compartment non-Bayesian trough and peak-trough models showed that 

the median difference between the AUC from the full set and the peak-trough data set was 159.3 

(95% CI: 63.6 to 284.6), with mean AUC Peak-trough/AUC Full ratio of 0.86 (0.81 to 0.93). The 

median difference between the AUC from the full set and the trough data set was 341.9 (189.8 to 

553.4), and the mean AUC Trough/AUC Full ratio was 0.78 (0.67 to 0.89), indicating that both 

non-Bayesian models tended to underpredict the reference AUC. 

When Bayesian priors derived from the full data set were applied to the trough model, the 

median difference in AUC between the full set and the full-trough model was much smaller at 

23.1 (95% CI: –21.8 to 71.7) [ mean -4.82 (95% CI: -4.98 to -4.66)], and the  mean AUC Full-

Trough/AUC Full ratio improved to 0.97 (0.93–1.02) [0.9986 (0.9883-0.9989)].  In contrast, 

when peak-trough priors were used for the trough model, the median difference in AUC between 

the full set and the trough model was greater, 229.1 (99.9–352.7), with mean AUC Trough/AUC 

Full ratio of 0.85 (0.79 to 0.91). The trough model with full data set priors was able to accurately 

estimate the AUC, whereas accuracy was reduced when using peak-trough data set priors. 

Neely concluded that when a model based on richly sampled data was used as a Bayesian prior 

trough, data can be used to accurately estimate AUC, whereas our analysis showed this was one 

of the least accurate methods. 



The only overlap between our analyses and those of Neely et al. was in the two-compartment 

Bayesian trough model with full data set Bayesian priors, where the AUC Trough/AUC Full 

ratios were similar.  

In summary, our findings confirm that Bayesian peak-trough methods offer superior accuracy 

and clinical reliability for vancomycin AUC estimation compared to trough-only and analytic 

approaches. These results support the adoption of Bayesian peak-trough strategies as the 

preferred approach for therapeutic drug monitoring in clinical practice. 

There are several limitations of this study. The study was based on Monte Carlo simulations 

utilizing the Goti two-compartment model, which, although developed from a large patient 

cohort, may not fully capture the variability encountered in real-world clinical practice. The 

simulations relied on steady state levels and fixed patient parameters (creatinine clearance: 120, 

90, 60, 30 ml/min and weight: 110, 90, 70, and 50 kg), potentially limiting the generalizability of 

the findings to patients with differing renal function, body weight, or clinical conditions. 

Additionally, the Goti model was constructed from routine clinical monitoring rather than rich 

data sampling, which may affect the precision of pharmacokinetic estimates. Methodological 

differences from other studies further constrain direct comparisons. 

Future studies should aim to validate these results in real-world patient populations, accounting 

for broader clinical variability and exploring alternative pharmacokinetic models to enhance 

generalizability and clinical relevance. 

 

 



Conclusion and Relevance 

This Monte Carlo simulation demonstrates that Bayesian peak-trough methods, whether one- or 

two-compartment, provide the most accurate and clinically reliable estimates of vancomycin 

AUC, outperforming trough-only and analytic approaches in terms of RMSE, AUC 95% LoA, 

and CDA. Notably, two-compartment Bayesian models do not confer additional benefit over 

one-compartment Bayesian models when only sparse sampling is available, suggesting over-

parameterization. These findings reinforce current consensus guidelines advocating for AUC-

guided vancomycin dosing and support the integration of Bayesian peak-trough approaches into 

therapeutic drug monitoring protocols to optimize efficacy and minimize nephrotoxicity. 

While simulation-based, our results align with the compared published clinical studies2, 20, 21 and 

highlight the need for further validation in diverse patient populations and real-world settings. By 

directly comparing true AUCs with estimated values across multiple dosing models, this study 

advances the understanding of vancomycin pharmacokinetic monitoring and provides evidence 

to refine therapeutic drug monitoring practices. Future research should explore the cost-

effectiveness and implementation strategies for Bayesian dosing platforms to ensure broad 

accessibility and impact on patient outcomes. 
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