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Supplemental Appendices:  
Describing the emotional exhaustion, depersonalization, and low personal accomplishment 

symptoms associated with Maslach Burnout Inventory subscale scores in US physicians: an item 
response theory analysis 

 
Supplemental Appendix 1: Methods of Assessing IRT Model Assumptions 
 
1.1 Unidimensionality Assessment 

We assessed the unidimensionality assumption using unidimensional and bifactor exploratory and 

confirmatory factor analyses (CFA). Use of the bifactor model in dimensionality assessments preceding 

IRT calibration is an important diagnostic tool for evaluating the degree to which items are essentially 

unidimensional for a unidimensional IRT model.1-3 We used bifactor exploratory factor analyses (EFAs) 

and bifactor CFAs first to evaluate the feasibility of fitting a unidimensional IRT model to a composite 

burnout measure (i.e., all 22 MBI items or, separately, all 14 EE and DP items). This was performed 

because, to the extent that the burnout items under investigation are explained by one general underlying 

construct, the scaling of substantively broad (versus narrow) burnout constructs may be more meaningful 

and actionable to healthcare leaders (and reduce inconsistencies in determining categorical burnout 

outcomes on the MBI).1,4 Essential unidimensionality is defined by the existence of a major latent 

dimension that accounts for common variance among all the items in a scale, despite the presence of other 

minor, nuisance dimensions (e.g., those caused by clusters of items with similar item content).5 When 

items are found to be essentially unidimensional, the IRT assumption of unidimensionality is tenable if 

imposing a unidimensional latent structure to the data do not significantly bias item parameter 

estimates.3,6-8 To examine the extent to which scaling each subscale in a unidimensional IRT model would 

distort item parameter estimates due to unmodeled multidimensionality, we examined the relative bias in 

factor loading estimates from the unidimensional CFA model compared to the factor loadings estimates 

from the bifactor CFA of the same items. Relative parameter bias was calculated for each item as the 

absolute difference between the item’s unidimensional and bifactor general factor loadings divided by the 

item’s general factor loading.6 We considered relative parameter bias of less than 15% acceptable and as 

evidence that a composite scale was unidimensional enough to justify the scaling of the items in a 
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unidimensional IRT model.6,9 Conversely, we considered relative parameter bias of ≥15% as 

demonstrative that unmodeled multidimensionality among composite scale items was distorting item 

parameter estimates.6  

If a composite scale solution was too multidimensional for unidimensional IRT (determined using 

the methods/criteria above), we estimated unidimensional CFAs on subscale items separately. 

Exploratory and confirmatory bifactor analyses were subsequently conducted if subscale items showed 

inadequate fit to a unidimensional CFA model. In this case, exploratory bifactor analyses were first 

conducted to evaluate excess correlation among subsets of subscale items. Once specific factors were 

identified in an exploratory bifactor solution, we estimated a confirmatory bifactor model on the latent 

structure identified in the exploratory bifactor analysis. If the confirmatory bifactor solution fit the 

subscale items adequately, we examined relative parameter bias using the same methods described above. 

Exploratory bifactor models were estimated using maximum likelihood and polychoric 

correlation matrices in the R psych package.10 Bifactor and unidimensional CFA models were estimated 

using mean- and variance-adjusted weighted least squares (WLSMV) and polychoric correlation matrices 

on pairwise complete observations in the R lavaan package (version 0.6-3).11 Adequate fit in the CFA 

models was defined as a scaled Root Mean Square Error Approximation (RMSEA) of ≤0.10, a scaled 

Tucker-Lewis Index (TLI) of ≥0.90, a scaled Comparative Fit Index (CFI) of ≥0.90, and a Standardized 

Root Mean Square Residual (SRMSR) of ≤0.08 (scaled fit indices replace the uncorrected chi-square 

statistic with the WLSMV robust chi-square in the formulas for the RMSEA, CFI, and TLI).2,12-18  

1.2 Local Independence 

The assumption of local independence was evaluated using Chen and Thissen (1997) local 

dependence (LD) X2 statistics.19 The Chen and Thissen (1997) LD X2 tests for the association between 

pairs of items based on the marginal tables of observed and expected response frequencies for item 

pairs.19 We report LD X2 values and standardized LD X2 statistics in the form of Cramer’s V 

coefficients.19,20 The Cramer’s V coefficient represents the strength of the association between pairs of 

categorical items, where 0 = no association and 1 = complete association. We considered item pairs with a 
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Cramer’s V coefficient of ≥0.20, representing moderate association or more,21 to be a violation of the 

local independence assumption. Violations of local independence were remedied by combining the 

offending items into a new single item and recalibrating the IRT model. We did this by summing the 

response scales for the offending items (e.g., two items with response scales coded 0 to 6 would become a 

single item with a response scale coded from 0 to 12). This approach avoids the problem of having to 

remove items from an IRT calibration because of local dependence violations. The ability to retain all 

items from a scale in an IRT calibration was critical given the goal of the analysis, which is to evaluate 

the psychometric performance of an existing scale (versus developing a new scale). 

1.3 Monotonicity  

To evaluate monotonicity, we calculated mean rest-scores for each item’s response categories 

(calculated for each item category as the mean of raw scores minus the score for the item under 

investigation for persons who endorsed the item category) and examined whether mean rest-scores were 

increasing as the score category increased.2,18,22 If a response category (m) showed a lower mean rest-

score than its lower adjacent category (m-1), we performed an independent samples t-test to test the null 

hypothesis of equal population means (two-sided, # < 0.05).22 We considered a significant result a 

violation of monotonicity. 

1.4 IRT Model Calibration and Fit 

In the calibration phase, we estimated the IRT item parameters for each subscale using a 

unidimensional, graded response model (GRM) and marginal maximum likelihood (MML) estimation.23 

We considered a SRMSR of ≤0.05 and ≤0.08 as indicative of good and adequate overall IRT model fit, 

respecitvely.24  

1.5 Examining Item Fit 

Item fit examines the degree to which observed and predicted response frequencies across 

persons are consistent for each item.25 For each calibrated IRT model, we initially examined item fit using 

the generalized signed Pearson’s X2 (S-X2) statistic for polytomous data.26-29 The generalized S-X2 

statistic computes a chi-square-based statistic from comparisons of observed and model-predicted 
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response category frequencies across each raw (sum) score group for the item of interest.29 The null 

hypothesis is that there are no significant differences between the observed and expected response 

category frequencies across levels of the raw score, indicating appropriate item fit; whereas, the 

alternative hypothesis is that there are significant differences. A significant S-X2 is suggestive of item 

misfit and requires further investigation. To control for Type I error, we applied a Benjamini-Hochberg 

correction to the S-X2 associated p-values. Item misfit was defined as # < 0.01 after Benjamini-Hochberg 

correction.  

Because small deviations between expected and observed response frequencies can result in a 

significant S-X2 with large sample sizes, we performed several additional analyses. First, we calculated 

the S-X2 statistic again based on a random subsample of 800 observations drawn from the larger 

calibration sample for each measure and evaluated whether misfit remained significant (p < 0.01 after 

Benjamini-Hochberg correction).30 Second, we evaluated the magnitude of item misfit using empirical 

item plots. Empirical item plots plotted the expected item score across the latent ($) distribution against 

observed scores for groups of approximately 400 respondents across the latent distribution (observed 

scores within each ability group were calculated as the mean item score among persons in the group). The 

presence of item misfit following all of these evaluations was criteria for item removal (and warranted 

recalibration of the scale post removal). In accordance with NIH PROMIS standards, a misfitting item 

could be retained if its content was important conceptually to the latent construct and/or if no better 

alternative item was available.2  

1.6 Examining Person Fit 

 Person fit examines the degree to which observed and predicted responses across items (i.e., 

response patterns) are consistent for each person.25 Person misfit is indicative of aberrant response 

patterns, which can be caused, for example, by carelessness or cognitive errors.25,31 When person misfit 

occurs, the latent score estimated for the response pattern may be invalid.32 We used the Drasgow et al. 

(1985) Zh index, a standardized likelihood-based index, to examine person fit.33 The Zh statistic has an 

approximate standard normal distribution, with values <-2 indicative of person misfit.34 We defined 
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significant misfit as a Zh value ≤ -3, which uses a more conservative cutoff to exclude only cases with 

extreme misfit. Cases with significant misfit were removed from the analysis and the IRT model was 

recalibrated on the basis that these individuals cannot be meaningfully scaled.25,30,35  

 

Supplemental Appendix 2: IRT Assumption Assessment Results 

2.1 Essential Unidimensionality Assessment 

Comparison of unidimensional and bifactor CFAs on all 22 items and, separately, on all 14 EE 

and DP items demonstrated that several items would be distorted by unmodeled multidimensionality if a 

unidimensional IRT model were fit to all 22 MBI items or to all 14 EE and DP items. Mean relative 

parameter bias in the unidimensional model with all MBI items was 27.72% (SD = 38.12%), with 12 

items (EE1, EE2, EE7, DP1, DP2, PA1, PA2, PA3, PA5, PA6, PA7, PA8) demonstrating ≥15% relative 

parameter bias. Mean relative parameter bias in the unidimensional model with all 14 EE and DP items 

was 13.37 (SD = 7.8), with 6 items (EE1, EE2, EE8, DP1, DP2, DP4) demonstrating ≥15% relative 

parameter bias. Given this result, we subsequently assessed unidimensionality of each MBI subscale and 

separately. The final CFA models for each subscale are listed below. All models supported the 

unidimensionality (or essential unidimensionality) of each subscale.  

 
Supplemental Appendix 2.1 Table 1. Final CFA Model Fit Indices 

Model TLI CFI RMSEA 
 

SRMSR Mean 
relative 
parameter 
bias (SD) 

Bifactor EE model: items EE1-EE3, EE5-EE7, 
EE4EE8, EE9 on general factor; EE6 and EE7 on 
specific factor 1; EE1 and EE2 on specific factor 2  

0.997 0.998 0.074 0.017 1.71 (0.91) 

Bifactor DP model: items DP1-DP5 on general factor; 
DP2 and DP3 on specific factor 1; DP1, DP4, DP5 on 
specific factor 2  

0.983 0.998 0.096 0.014 5.63 (4.35) 

Unidimensional PA model: PA1-PA8 on factor 1  0.900 0.929 0.102 0.066 n/a 
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2.2 Local Independence Evaluation 

Supplemental Appendix 2.2 Table 1. MBI Emotional Exhaustion LD matrix (lower triangle) and Standardized LD 
Statistics (Cramer’s V Coefficients, upper triangle) 

 mbi_ee1 mbi_ee2 mbi_ee3 mbi_ee5 mbi_ee6 mbi_ee7 mbi_ee4ee8 mbi_ee9 
mbi_ee1 NA 0.11 -0.06 -0.08 -0.06 -0.08 -0.10 -0.09 
mbi_ee2 431.39 NA 0.10 -0.09 -0.08 0.06 -0.10 -0.10 
mbi_ee3 -152.54 360.48 NA 0.07 -0.09 -0.08 0.10 -0.07 
mbi_ee5 -231.93 -320.90 166.07 NA -0.09 -0.09 0.11 0.10 
mbi_ee6 -157.31 -253.72 -277.14 -284.24 NA 0.13 -0.12 0.08 
mbi_ee7 -243.64 130.20 -253.70 -283.08 648.18 NA -0.10 -0.08 

mbi_ee4ee8 -414.35 -361.55 369.52 432.76 -498.85 -375.92 NA 0.09 
mbi_ee9 -307.82 -362.73 -207.62 367.91 221.11 -257.56 294.33 NA 

 
 
Supplemental Appendix 2.2 Table 2. MBI Depersonalization LD matrix (lower triangle) and Standardized LD 
Statistics (Cramer’s V Coefficients, upper triangle) 

 mbi_dp1 mbi_dp2 mbi_dp3 mbi_dp4 mbi_dp5 

mbi_dp1 NA -0.09 -0.11 0.11 0.07 

mbi_dp2 -344.63 NA 0.17 -0.10 -0.06 

mbi_dp3 -447.67 1124.78 NA -0.10 0.07 

mbi_dp4 438.70 -410.63 -399.84 NA 0.07 

mbi_dp5 180.96 -158.16 198.19 169.26 NA 
 
Supplemental Appendix 2.2 Table 3. MBI Personal Accomplishment LD matrix (lower triangle) and Standardized 
LD Statistics (Cramer’s V Coefficients, upper triangle) 

 mbi_pa1 mbi_pa2 mbi_pa3 mbi_pa4 mbi_pa5 mbi_pa6 mbi_pa7 mbi_pa8 

mbi_pa1 NA 0.08 0.06 -0.06 0.07 -0.07 -0.06 0.06 

mbi_pa2 267.91 NA 0.08 -0.08 0.10 -0.09 -0.08 0.08 

mbi_pa3 120.08 252.94 NA -0.07 -0.09 -0.08 0.07 -0.07 

mbi_pa4 -139.57 -233.64 -163.56 NA -0.09 0.10 0.07 -0.07 

mbi_pa5 205.51 374.95 -283.20 -270.11 NA 0.12 -0.09 0.10 

mbi_pa6 -199.86 -314.57 -252.47 337.22 506.54 NA 0.13 -0.09 

mbi_pa7 -121.75 -232.42 178.77 169.20 -328.62 629.99 NA -0.08 

mbi_pa8 148.81 235.84 -196.00 -185.09 340.90 -312.08 -218.69 NA 
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2.3 IRT Model Fit 
 
Supplemental Appendix 2.3 Table 1. Square Root Mean Residual (SRMR) for each calibrated IRT Model 

 EE model DP model PA model 
SRMR 0.028 0.046 0.065 

 
2.4 Item Fit 
 
Supplemental Appendix 2.4 Table 1. MBI Emotional Exhaustion Scale S-X2 statistics in complete sample (n = 
6,264) 

Item S-X2 S-X2 df S-X2 
RMSEA S-X2 p-value 

Benjamini 
Hochberg 

corrected S-
X2 p-value 

mbi_ee1 182.05 140 0.0069 0.0097 0.0115 
mbi_ee2 290.39 148 0.0124 0.0000 0.0000 
mbi_ee3 184.29 183 0.0011 0.4593 0.4593 
mbi_ee5 203.38 159 0.0067 0.0100 0.0115 
mbi_ee6 311.93 187 0.0103 0.0000 0.0000 
mbi_ee7 315.04 202 0.0095 0.0000 0.0000 

mbi_ee4ee8 663.95 306 0.0137 0.0000 0.0000 
mbi_ee9 334.52 198 0.0105 0.0000 0.0000 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
 
Supplemental Appendix 2.4 Table 2. MBI Depersonalization Scale S-X2 statistics in complete sample (n = 6,403) 

Item S-X2 S-X2 df S-X2 
RMSEA 

S-X2 p-
value 

Benjamini Hochberg 
corrected S-X2 p-

value 
mbi_dp1 212.44 100 0.0133 0.0000 0.0000 
mbi_dp2 296.34 81 0.0204 0.0000 0.0000 
mbi_dp3 362.56 89 0.0219 0.0000 0.0000 
mbi_dp4 274.25 103 0.0161 0.0000 0.0000 
mbi_dp5 125.01 101 0.0061 0.0529 0.0529 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
 
Supplemental Appendix 2.4 Table 3. MBI Personal Accomplishment Scale S-X2 statistics in complete sample (n = 
6,201) 

Item S-X2 S-X2 df S-X2 
RMSEA 

S-X2 p-
value 

Benjamini Hochberg 
corrected S-X2 p-value 

mbi_pa1 336.55 147 0.0144 0.0000 0.0000 
mbi_pa2 312.50 142 0.0139 0.0000 0.0000 
mbi_pa3 158.21 128 0.0062 0.0361 0.0361 
mbi_pa4 202.84 142 0.0083 0.0006 0.0007 
mbi_pa5 269.94 146 0.0117 0.0000 0.0000 
mbi_pa6 285.48 123 0.0146 0.0000 0.0000 
mbi_pa7 198.44 119 0.0104 0.0000 0.0000 
mbi_pa8 304.60 146 0.0132 0.0000 0.0000 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
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Supplemental Appendix 2.4 Table 4. MBI Emotional Exhaustion Scale S-X2 statistics in random subsample (n = 
800) 

Item S-X2 S-X2 df S-X2 
RMSEA S-X2 p-value 

Benjamini 
Hochberg 

corrected S-
X2 p-value 

mbi_ee1 84.91 91 0.0000 0.6600 0.7543 
mbi_ee2 100.12 91 0.0112 0.2408 0.6421 
mbi_ee3 119.40 117 0.0051 0.4210 0.6799 
mbi_ee5 102.98 104 0.0000 0.5100 0.6799 
mbi_ee6 141.00 120 0.0148 0.0924 0.3697 
mbi_ee7 133.58 134 0.0000 0.4939 0.6799 

mbi_ee4ee8 232.03 186 0.0176 0.0123 0.0983 
mbi_ee9 105.07 127 0.0000 0.9225 0.9225 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
 
Supplemental Appendix 2.4 Table 5. MBI 5-item Depersonalization Scale S-X2 statistics in random subsample (n = 
800) 

Item S-X2 S-X2 df S-X2 
RMSEA 

S-X2 p-
value 

Benjamini Hochberg 
corrected S-X2 p-value 

mbi_dp1 89.37 71 0.0180 0.0694 0.1397 
mbi_dp2 68.80 57 0.0161 0.1360 0.1397 
mbi_dp3 97.93 65 0.0252 0.0052 0.0259 
mbi_dp4 79.57 67 0.0153 0.1397 0.1397 
mbi_dp5 100.73 83 0.0164 0.0901 0.1397 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
 
Supplemental Appendix 2.4 Table 6. MBI 8-item Personal Accomplishment Scale S-X2 statistics in random 
subsample (n = 800) 

Item S-X2 S-X2 df S-X2 
RMSEA 

S-X2 p-
value 

Benjamini Hochberg 
corrected S-X2 p-value 

mbi_pa1 102.87 68 0.0253 0.0041 0.0324 
mbi_pa2 75.10 50 0.0251 0.0123 0.0494 
mbi_pa3 72.74 58 0.0178 0.0921 0.1842 
mbi_pa4 81.99 74 0.0116 0.2455 0.3165 
mbi_pa5 78.11 66 0.0152 0.1461 0.2338 
mbi_pa6 83.95 81 0.0067 0.3893 0.3893 
mbi_pa7 81.65 64 0.0186 0.0676 0.1803 
mbi_pa8 80.73 74 0.0107 0.2770 0.3165 

*bolded Benjamini-Hochberg corrected p-values indicate significant item misfit at p <0.01. 
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Supplemental Appendix 2.4 Figure 1. MBI Emotional Exhaustion Empirical Item Plots 
EE1 

 

EE2

 

EE3

 

EE5

 
EE6

 

EE7

 

EE4EE8

 

EE9

 
*Solid line represents the item score across the ! distribution predicted by the IRT model; dots represent observed item scores for groups of approximately 400 respondents across 
the latent distribution. Observed scores within each severity (traditionally called “ability”) group were calculated as the mean item score among persons in the group. Higher 
scores indicate more emotional exhaustion. 
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Supplemental Appendix 2.4 Figure 2. MBI 5-item Depersonalization Scale Empirical Item Plots 
DP1 

 

DP2 

 

DP3 

 

DP4 

 
DP5 

 

   

*Solid line represents the item score across the ! distribution predicted by the IRT model; dots represent observed item scores for groups of approximately 400 respondents across 
the latent distribution. Observed scores within each severity (traditionally called “ability”) group were calculated as the mean item score among persons in the group. Higher 
scores indicate more depersonalization. 
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Supplemental Appendix 2.4 Figure 3. MBI 8-item Personal Accomplishment Empirical Item Plots 
PA1 

 

PA2 

 

PA3 

 

PA4 

 
PA5 

 

PA6 

 

PA7 

 

PA8 

 
*Solid line represents the item score across the ! distribution predicted by the IRT model; dots represent observed item scores for groups of approximately 400 respondents across 
the latent distribution. Observed scores within each severity (traditionally called “ability”) group were calculated as the mean item score among persons in the group. Higher 
scores indicate a higher sense of personal accomplishment. 
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2.5 Person Fit 

Supplemental Appendix 2.5 Figure 1. EE, DP, and PA Subscale Person Fit Zh Distributions a 

(a) EE subscale 

 

(b) DP subscale 

 

(c) PA subscale 

 
 
 

an = 88, 29, and 88 physicians in the EE, DP, and PA samples with Zh values ≤-3. These individuals were removed from the final calibrated IRT models. 

  

Zh Zh Zh 
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2.6 Monotonicity Evaluation 

Supplemental Appendix 2.6 Table 1. EE subscale Mean Rest-Scores across Item Response Categories a 
 Item Response Category Mean Rest Scores 

Item Never 

(0) 

A few 

times a 

year or 

less (1) 

Once a 

month 

or less 

(2) 

A few 

times a 

month 

(3) 

Once a 

week (4) 

A few 

times a 

week 

(5) 

Every 

day (6) 

EE1 3.47 8.43 13.28 18.35 23.64 29.89 38.51 
EE2 3.60 7.36 11.96 16.08 21.63 27.40 36.15 
EE3 8.01 12.94 17.82 22.55 27.20 31.57 38.69 
EE5 7.47 14.14 19.91 23.77 28.43 31.86 39.44 
EE6 4.72 9.17 13.20 18.14 22.78 27.80 34.94 
EE7 6.60 10.53 14.29 18.41 23.08 27.23 33.87 
EE9 15.10 22.32 28.54 32.68 34.38 37.72 40.87 

aBolded values indicate a significant Welch’s two sample t-test for differences between adjacent item response 
category mean rest scores at alpha < 0.05. Mean rest scores for item EE4EE8 for categories 0-12 are: 14.16, 16.89, 
18.51, 22.00, 24.89, 27.01, 28.48, 30.43, 30.91, 33.13, 34.65, 36.71, 39.34. 
 
Supplemental Appendix 2.6 Table 2. DP Subscale Mean Rest-Scores across Item Response Categories a 

 Item Response Category Mean Rest-Scores 

Item Never 

(0) 

A few 

times a 

year or 

less (1) 

Once a 

month 

or less 

(2) 

A few 

times a 

month 

(3) 

Once a 

week (4) 

A few 

times a 

week (5) 

Every 

day (6) 

DP1 4.34 6.64 9.05 11.10 12.77 13.99 14.72 
DP2 2.59 4.57 6.91 8.68 10.93 12.76 15.27 
DP3 2.54 4.36 6.44 7.85 9.17 10.62 12.32 
DP4 5.32 8.46 11.05 13.08 15.65 16.69 13.67 

DP5 3.10 3.79 5.44 6.60 7.84 9.30 11.73 
aBolded values indicate a significant Welch’s two sample t-test for differences between adjacent item response 
category mean rest scores at alpha < 0.05. 
 
Supplemental Appendix 2.6 Table 3. PA subscale Mean Rest-Scores across Item Response 
Categories a 

 Item Response Category Mean Rest-Scores 

Item Never 

(0) 

A few 

times a 

year or 

less (1) 

Once 

a 

month 

or less 

(2) 

A few 

times a 

month 

(3) 

Once a 

week (4) 

A few 

times a 

week (5) 

Every 

day (6) 

PA1 30.86 29.74 28.35 29.01 30.43 32.35 36.27 
PA2 30.28 24.11 24.10 25.71 27.64 31.51 36.35 
PA3 23.65 23.40 25.55 27.73 29.95 33.44 37.52 
PA4 30.52 29.92 31.21 32.97 33.91 37.11 39.45 
PA5 28.43 24.43 25.92 27.04 29.73 32.97 37.16 
PA6 28.64 29.56 30.84 33.20 34.50 37.28 39.76 
PA7 18.57 25.70 26.97 30.26 32.03 35.16 38.31 
PA8 28.76 29.38 27.94 29.99 30.84 34.29 36.88 

aBolded values indicate a significant Welch’s two sample t-test for differences between adjacent item response 
category mean rest scores at alpha < 0.05. 
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Supplemental Appendix 3:  
Supplemental Appendix 3 Figure 1. Probability of a US physician endorsing each subscale item at a frequency of “once a week” or more across IRT z-scores a 

(a) EE subscale 

 
(b) DP subscale 

 
  

DP1 impersonal objects 
DP2 callous 
DP3 job hardening me 
DP4 don’t care 
DP5 blame 

Between z-scores of 0.38 to <0.78 
(raw score of 10 to approximately 
<14) a physician has <0.50 
probability of endorsing any DP 
items (symptoms) at frequency of 
once a week or more 

0.38 0.78 

Above z-score 0.78 (raw 
score of approximately ≥14) 
a physician has >0.50 
probability of endorsing one 
DP symptom (DP3) at 
frequency of once a week or 
more 

Between z-scores of 0.07 to 
<0.27 (raw score of 27 to 
approximately <31) a physician 
has <0.50 probability of 
endorsing feeling burned out 
(EE5) at frequency of once a 
week or more 

Above a z-score of 0.27 (raw 
score approximately ≥31) a 
physician has >0.50 probability of 
endorsing feeling burned out 
(EE5) at frequency of once a 
week or more 

0.07 

0.27 

EE1 emotionally drained 
EE2 used up 
EE3 fatigued 
EE5 burned out 
EE6 frustrated 
EE7 working too hard 
EE4EE8 stress/strain 
EE9 at end of rope 
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(c) PA subscale 

 
a Higher scores indicate higher EE, DP, and PA on each respective subscale. Higher scores on the EE and DP subscales indicate a higher burnout symptom burden. Lower scores on the PA subscale indicates a higher burnout 
symptom burden.  EE and DP items located further to the right of the scale are items that represent a higher burnout symptom severity compared to items located further to the left of the scale. For example, at a probability of 
0.50, item EE2 (left most curve in pane A) represents a below average level of EE and the least severe EE symptom (i.e., item) among all EE symptoms (i.e., items); item EE4EE8 (right most curve in pane A) represents an 
above average level of EE and the most severe EE symptom among all the EE symptoms; item DP3 (left most curve in pane B) represents an above average level of DP but the least severe DP symptom (i.e., item) among all 
DP symptoms (i.e., items), and item DP4 (right most curve in pane B) also represents an above average level of DP but the most severe DP symptom among all the DP symptoms. PA items located further to the left of the PA 
scale represent a higher burnout symptom severity compared to items located further to the right of the scale. For example, at a probability of 0.50, item PA1 (left most curve in pane C) represents a below average level of PA 
and the most severe indicator of burnout (when it is unlikely to be endorsed) among all the PA items; item PA6 (right most curve in pane C) also represents a below average level of PA but the least  severe indicator of 
burnout (when it is unlikely to be endorsed) among all the PA items. 
 
 
  

-1.22 -0.96 

Between z-scores of > -1.22 to 
-0.96 (raw scores of >30 to 33, 
respectively) a physician has 
>0.50 probability of endorsing 
feeling accomplished (PA7) at 
frequency of once a week or 
more 

Below a z-score of -1.22 
(raw score ≤29) a 
physician has <0.50 
probability of endorsing 
feeling accomplished 
(PA7) at frequency of 
once a week or more 

PA1 easily understand 
PA2 deal effectively 
PA3 positively influencing 
PA4 very energetic 
PA5 relaxed atmosphere 
PA6 exhilarated 
PA7 accomplished 
PA8 deal with emotional 
problems 
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Option Response Functions for the EE, DP, and PA subscales 
Supplemental Appendix 3 Figure 2. MBI EE Scale Option Response Functions a 

EE1: Emotionally drained from work 

  

EE2: Used up at the end of workday  

 
EE3: Fatigued when get up  

 

EE5: Burned out from work  

 
EE6: Frustrated by job 

 

EE7: Working too hard on job 
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EE9: At the end of my rope 

   
a Option response functions describe the probability of a random physician responding in a particular response category given a particular IRT z-score (!). The x-axis (!) 
corresponds with physicians’ IRT z-scores. These ORFs can be used as an alternative to the response profiles to predict what particular response category a physician is likely to 
score in on a particular item given a particular score (whereas, for a particular item, the response profiles predict whether a physician is likely to endorse the response category of 
“once a week” or a higher response category given a particular score). 
 
 
 
 
 
 
 
 
 
Supplemental Appendix 3 Figure 2. Depersonalization Subscale Option Response Functions a 

DP1: Treat patients as impersonal objects 

 

DP2: More callous toward people 
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DP3: Worry job hardening me emotionally 

 

DP4: Don’t really care what happens to some patients  

 
DP5: Patients blame me for some problems 

 
a Option response functions (ORFs) describe the probability of a random physician responding in a particular response category given a particular IRT z-score (!). The x-axis (!) 
corresponds with physicians’ IRT z-scores. These ORFs can be used as an alternative to the response profiles to predict what particular response category a physician is likely to 
score in on a particular item given a particular score (whereas, for a particular item, the response profiles predict whether a physician is likely to endorse the response category of 
“once a week” or a higher response category given a particular score).  
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Supplemental Appendix 3 Figure 3. Personal Accomplishment Subscale Option Response Functions a 
PA1: Easily understand how patients feel 

 

PA2: Deal effectively with problems of patients

 
PA3: Positively influencing other people’s lives through work 

 

PA4: Feel very energetic 

 
 

PA5: Can easily create a relaxed atmosphere with patients  

 

 
PA6: Exhilarated after working closely with patients  
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PA7: Accomplished worthwhile things in job  

 

PA8: Deal with emotional problems very calmly 

 
a Option response functions describe the probability of a random physician responding in a particular response category given a particular IRT z-score (!). The x-axis (!) 
corresponds with physicians’ IRT z-scores.These ORFs can be used as an alternative to the response profiles to predict what particular response category a physician is likely to 
score in on a particular item given a particular score (whereas, for a particular item, the response profiles predict whether a physician is likely to endorse the response category of 
“once a week” or a higher response category given a particular score)
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Supplemental Appendix 4:  
Supplemental Appendix 4 Figure 1. Probability of a US physician endorsing each subscale item at a frequency of “a few times a 
month” or more across IRT z-scores a 

(a) EE subscale 

 
(b) DP subscale 

 
  

DP1 impersonal objects 
DP2 callous 
DP3 job hardening me 
DP4 don’t care 
DP5 blame 

At a z-score of 0.38 (raw score of 
10) a physician has <0.50 probability 
of endorsing feeling any DP 
symptoms (DP1-DP5) at frequency 
of a few times a month or more 

0.38 

0.54 

Above a z-score 0.54 (raw score 
approximately ≥12) a physician 
has >0.50 probability of endorsing 
feeling callous (DP2), hardened 
emotionally by his/her job (DP3), 
and that patients blame him/her 
(DP5) at a frequency of a few 
times a month or more 

Above a z-score of -0.10 (raw score 
approximately ≥24) a physician has >0.50 
probability of endorsing feeling burned out 
(EE5) at frequency of a few times a month or 
more. At a z-score of 0.07 (raw score of ≥27), 
a physician has >0.50 probability of endorsing 
feeling burned out (EE5) at frequency of a 
few times a month or more. 

-0.10 0.07 

EE1 emotionally drained 
EE2 used up 
EE3 fatigued 
EE5 burned out 
EE6 frustrated 
EE7 working too hard 
EE4EE8 stress/strain 
EE9 at end of rope 
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(c) PA subscale 

 
 
a Higher scores indicate higher EE, DP, and PA on each respective subscale. Higher scores on the EE and DP subscales indicate a higher burnout symptom burden. 
Lower scores on the PA subscale indicates a higher burnout symptom burden.  EE and DP items located further to the right of the scale are items that represent a higher 
burnout symptom severity compared to items located further to the left of the scale. PA items located further to the left of the PA scale represent a higher burnout 
symptom severity compared to items located further to the right of the scale.  
 

-1.77 -0.96 

PA1 easily understand 
PA2 deal effectively 
PA3 positively influencing 
PA4 very energetic 
PA5 relaxed atmosphere 
PA6 exhilarated 
PA7 accomplished 
PA8 deal with emotional 
problems 

Below a z-score of -1.77 (raw score ≤23) a 
physician has <0.50 probability of endorsing 
feeling accomplished (PA3) at frequency of a 
few times a month or more. Between z-scores 
of > -1.77 to -0.96 to (raw scores of >23 to 33, 
respectively) a physician has >0.50 probability 
of endorsing feeling accomplished at 
frequency of a few times a month more. 
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