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eAppendix. Methods and References 

Methods 

Stratified Block Randomization First, to attempt to balance the number of weeks from 2- and 4-week rotations 
within attending physicians, we randomized eligible attending physicians’ individual schedules. After dividingeach 
attending physician’s year-long service commitment into 4-week segments, we used a computerized random-number 
generator to block randomize these 4-week segments (as single 4-week or paired 2-week rotations) using block sizes 
of 2, the number of rotation types. If attending physicians’ year-long service commitments were not evenly divisible 
by 4-week segments, we removed a single 2-week rotation from either the beginning or end of some sequences. For 
example, an attending physician with a year-long commitment of 6 weeks who was randomized to a 4–2–2 sequence 
was assigned a 4–2 sequence. 

Second, to ensure that patients would have an equal chance of being admitted to a 2- or 4-week rotation, and to 
ensure that 2- and 4-week rotations were balanced across the academic year within ward teams, we randomized the 
calendar for the inpatient general medicine service. We stratified the ward schedule of the inpatient general medicine 
service by firm and randomized 4-week segments to single 4-week or paired 2-week durations with a 1:1 allocation 
ratio using block sizes of 4, the number of admitting groups. 

We then fit individual attending physicians’ randomized sequences of 2- and 4-week rotations into the randomized 
inpatient general medicine servicecalendar. When doing this we attempted to preserve our prespecified washout 
period for the time between attending physicians’ consecutive rotations (see Methods). 

Sample Size Calculation We made the following 3 conservative assumptions to estimate our sample size.1 First, 
we assumed that our data would be collapsed into a single, aggregate percentage for each rotation.2 Second, we set 
the correlation for proportions of 30-day unplanned revisits within attending physicians’ at 0.1, a value which 
exceeds most provider correlations of patient-level outcomes.3 Last, we ignored the efficiency of additional rotations 
beyond simple pairings of rotation types within attending physicians.4 

Mixed-Effects Regression Analysis We used mixed-effects regression models for 3 reasons. First, these models 
explicitly tie together repeated measurements from the same clusters, making them better suited to cluster 
randomized cross-over trials than, say, generalized estimating equations.5,6 Second, these rotations readily allow 
quantifications of adjustments made for the interrelatedness among members of a grouping. These quantifications—
expressed as intraclass correlation coefficients (see below)—are essential for designing future studies.7 Third, unlike 
fixed-effect models andmodels that aggregate measurements from members of groupings, these models allow 
retention of members’ characteristics; these characteristics canthen be incorporated in the analysis.8 

When mixed-effects models are generalized to discrete outcomes, however, the estimated coefficients represent 
average groupings not averages across groupings. Put differently, they are “subject-specific”rather than “population-
averaged” estimates.9, 10, 11 Yet the latter is a more standard interpretation.We therefore“marginalized” the estimated 
coefficients from our ordinal models so that our estimates reflect the average effect across attending physicians 
rather than the effect for an average physician.12, 13,14 

Model Specification The “clusters” in our cluster-randomized cross-over trial were attending physicians. Yet 
our data structure contained other groupings.15 We accounted for these multiple groupings in4 ways. First, since our 
focus was on how change in rotation duration affected outcomes within attending physicians, we selected fixed-
effects for our models that varied within attending physicians over the year-long study. These were firm (A, B, or 
C—represented by 2 “dummy-coded” variables), admitting group (red, yellow, blue, or green—represented by 3 
“dummy-coded” variables), cross-over period (represented by a curvilinear trend5), androtation duration. We used 2 
orthogonal Helmert contrasts16 to isolate the effect of duration among 3 potential rotation types: a 4-week rotation, a 
2-week rotation scheduled in the first-half of a cross-over period, and a 2-week rotation scheduled in the second-half 
of a cross-over period. While 1 of the Helmert contrasts represented the duration effect (2- vs 4-week), the other 
adjusted for whether a2-week rotation was scheduled in the first- or second-half of cross-over period. We used 
group-mean centered and group-mean versions of the duration contrast (using attending physicians as the groups)to 
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account for differing associations within- and between-attending physician.17,18,19 The focus of our study was the 
group-mean centered duration contrast. 

Second, we accounted for memberships in various groupings by adding random-effects to represent members’ 
unique contributions to outcomes (eFigure). In all cases, our random-effects were random-intercepts, which did not 
vary dynamically with other variables.  

Third, we used crossed random-effects to account for cross-classifications.20 Cross-classifications occurred when 
units of analysis were not hierarchically nested within a single grouping but were instead simultaneously cross-
classified into 2 groupings. For example, discharges (the unit of analysis for the primary outcome of 30-day 
unplanned revisits) were classified both by patient (because some patients had multiple discharges throughout the 
year-long study) and by rotation (because all patients discharged from the same rotation likely have interrelatedness 
to account for). Multiplicative crossed random-effects were used for patient outcomes, while additive crossed 
random-effects were used for trainee evaluations; multiplicative versions are generally not considered unless 
samples sizes are large.21 In addition, we added multiple membership weights to our length of stay model, because 
the last uninterrupted stay on the general medicine service (the unit of analysis for this model) are often not nested 
within a single rotation but span across multiple rotations.22 

Finally, for our primary outcome of 30-day unplanned revisits we added patient-level fixed-effects that have been 
associated with readmission23 to adjust for potential imbalances between patients from different rotations, because 
randomization occurred by attending physician, not patient.15,24 These fixed-effects reflect patients’ demography 
(age, sex, race, ethnicity, insurance status, zip-code based median household income), social support (marital status), 
and health care utilization (number of admissions in the last year, current admission length of stay). We did not 
include discharge diagnoses as fixed effects, because these data were not available. 

Model Estimation Procedures We used Markov chain Monte Carlo (MCMC) procedures of estimation.25 With 
non-informative priors these procedures are numerically equivalent to those based on maximum likelihood.19,25,26,27 

For this present study, a major benefit of these procedures over those based on maximum likelihood is that they 
readily handle both crossed random-effects20,28 and discrete outcomes.29,30 Nevertheless, to confirm that the 
proportional odds assumption held for our ordinal models with the standard likelihood ratio test,31 we used full 
maximum likelihood procedures of estimation (using the gllamm command in Stata 12, StataCorp, College Station, 
Texas)32 with simplified models that did not includecrossed random-effects. 

Intraclass Correlation Coefficients To estimate the homogeneity among members of a grouping we generated 
models with onlythe relevant random-intercepts (and no fixed-effects) to estimateintraclass correlation 
coefficients(eTable5). These are the proportions of variance in outcomes that are due to the relatedness 
amongmembers of a grouping.7,33 Larger coefficients represent more relatedness. 
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eTable 1. Housestaff Evaluation of Attending Physician Performance 

Domain Item 

Ability to 
Evaluate 

 1 The attending physician is able to fairly evaluate me? 

Clinical Care  2 The attending physician independently evaluated each patient. 

  3 The attending physician conducted post-call rounds in an effective and efficient manner. 

  4 The attending physician contributed additional clinical information or advice when 
needed. 

  5 The attending physician helped speak with consultants and helped arrange tests in order 
to provide the best care for the patients. 

  6 The attending physician reviewed the care plan of each patient with the team every day. 

  7 The attending physician had a broad, up to date knowledge of the medicine. 

  8 The attending physician personally modeled committing to a working diagnosis. 

  9 The attending physician personally modeled incorporating the best evidence from the 
literature with the patient's unique circumstances and preferences. 

  10 The attending physician was always explicit about his or her reasoning when discussing 
clinical decisions. 

Mentorship  11 The attending physician expected me to be an active learner by requiring me to ask 
focused questions, find the best literature, and share my findings with the team. 

  12 The attending physician expected me to develop a thorough differential diagnosis and 
management plan for each active problem. 

  13 The attending physician gave feedback frequently. 

  14 The attending physician offered learners suggestions for improvement. 

Professionalism  15 The attending physician treated the patients with respect. 

  16 The attending physician treated me with respect. 

  17 The attending physician was sensitive to the emotional, economic, social, and cultural 
aspects of the patients' illnesses. 

Teaching  18 The attending physician effectively taught interviewing and communication skills at the 
bedside. 

  19 The attending physician effectively taught physical examination skills at the bedside. 

  20 The attending physician made sure the teaching sessions pertained to patient problems. 

  21 Aside from work rounds and post-call rounds, the attending physician devoted an 
appropriate amount of time per week specifically to teaching 

  22 The attending physician explained to learners why he/she was correct/incorrect. 

  23 Rate the quality of the attending physician’s teaching. 

Items were taken from a longer instrument developed and validated by our residency program.34 Items 1 through 22 used a 5-point 
response scale from 1 to 5 with 2 anchors: “strongly disagree” at 1 and “strongly agree” at 5. Item 23 also used a 5-point response 
scale from 1 to 5 with 5 anchors: “poor” at 1, “fair” at 2, “good” at 3, “very good” at 4, and “excellent” at 5. Each item included an 
option of “no interaction” that was coded as missing in analysis.
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eTable 2. Medical Student Evaluation of Attending Physician Performance 
Domain Item 

Ability to 
Evaluate 

 1 Rate the ability of this attending physician to fairly evaluate you. 

Clinical Care  2 Rate the clinical skills of this attending physician. 

  3 Rate this attending physician’s bedside interaction with patients. 

Mentorship  4 Rate the availability of this attending physician. 

  5 Rate your relationship with this attending physician. 

  6 Rate this attending physician’s emphasis on providing you with feedback. 

  7 Rate your discussions of patient care or clinical topics with this attending physician. 

Teaching  8 Rate the overall quality of this attending physician’s teaching. 

  9 Rate the educational quality of this attending physician’s rounds. 

  10 Rate this attending physician’s emphasis on education. 

Items used a 9-point response scale from -2 to +6, including 0, with 3 anchors: “poor” at -2, “average” at 0, and “outstanding” at +6. 
Each item included an option of “no interaction” that was coded as missing in analysis.
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eTable 3. Assessment of Attending Physician Burnout and Its Contributors 
Facet Item 

 1 I feel emotionally drained from my work. 

 2 I feel used up at the end of the workday. 

 3 I feel fatigued when I get up in the morning and have to face another day on the job. 

 4 Working with people all day is really a strain for me. 

 5 I feel burned out from my work. 

 6 I feel frustrated by my job. 

 7 I feel I’m working too hard on my job. 

 8 Working with people directly puts too much stress on me. 

Burnout 
Measurement: 
Emotional 
Exhaustion 

 9 I feel like I’m at the end of my rope. 

Burnout 
Measurement: 
Self-Defined 

 10  Using your own definition of burnout, please choose one:  

  i I enjoy my work. I have no symptoms of burnout. 

  ii Occasionally I am under stress, and I don’t always have as much energy as I once did, 
but I don’t’ feel burned out. 

  iii I am definitely burning out and have one or more symptoms of burnout, such as 
physical and emotional exhaustion. 

  iv The symptoms of burnout that I’m experiencing won’t go away. I think about 
frustrations at work a lot. 

  v I feel completely burned out and often wonder if I can go on. I am at the point where I 
man need some changes or may need to seek some sort of help. 

 11 Over the last rotation, how much control did you have over determining your patients’ 
length of hospital stay? 

 12 Over the last rotation, how much control did you have over details of your day-to-day 
work schedule? 

 13 Over the last rotation, how much control did you have over the volume of paperwork that 
you have to do? 

 14 Over the last rotation, how much control did you have over the hours you work? 

 15 Over the last rotation, how much control did you have over work interruptions (e.g., 
answering pages, unscheduled tasks)? 

 16 Over the last rotation, how much control did you have over the volume of your clinical 
work load? 

 17 Over the last rotation, how much control did you have over the pace of your work? 

Burnout 
Contributor: 
Inadequate 
Workplace 
Control 

 18 Over the last rotation, how much control did you have over the allotment of additional time 
for difficult-to-help-patients? 
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eTable 3. Assessment of Attending Physician Burnout and Its Contributors (continued) 
Facet Item 

 19 Over the last rotation, how often have you felt you were unable to control important things 
in your life? 

 20 Over the last rotation, how often have you felt you were confident in your ability to handle 
personal problems? 

 21 Over the last rotation, how often have you felt that things were going your way? 

Burnout 
Contributor: 
Perceived Stress 

 22 Over the last rotation, how often have you felt that difficulties were piling up so high you 
could not overcome them? 

Items 1 through 9 compose the emotional exhaustion domain of the Maslach Burnout Inventory Human Services Survey.35 We used 
the 8-point intensity response scale that ranges from 0 to 7 with 4 anchors: “never” at 0; “very mild, barely noticeable” at 1; 
“moderate” at 4; and “very strong, major” at 7.36 Item 10 is a single-item summary of burnout from the National Job Burnout 
Survey.37 A score of 3 or higher represents burnout.38, 39 Items 11 through 18 are from the Minimizing Error, Maximizing Outcome 
Study.40 They used a 4 point response scale from 1 to 4 with 4 anchors: “slight/none” at 1; “some” at 2; “moderate” at 3; and “great” 
at 4. All items were reverse coded in the analysis to reflect inadequate, rather than sufficient, workplace control. Items 19 through 22 
compose the 4-item version of the Perceived Stress Scale.41 They used a 5-point response scale from 0 to 4 with 5 anchors: “never” 
at 0, “almost never” at 1, “sometimes” at 2, “fairly often” at 3, and “very often” at 4. Items 20 and 21 were reverse coded in the 
analysis to reflect worsened stress with higher response scores.



 Page 10 of 13 
 Supplementary Online Content 

© 2012 American Medical Association. All rights reserved. 

eTable 4. Characteristics of 203 Rotations 
 No. (%) of Rotationsa 

Characteristic 
Overall 

(n = 203) 
4-Week 
(n = 74) 

2-Week 
(n = 129) 

Met minimum washout criterionb  197 (97)  73 (99)  124 (96) 

Median time since attending physician last 
staffed any inpatient service (IQR),weekc 

 8 (4–16)  8 (4–20)  8 (4–14) 

Median discharges (IQR), n  47 (43–84)  86 (83–91)  44 (41–46) 

Proportion of entire inpatient general 
medicine service,d 

 89  47  41 

Quarter of academic calendar    

 First (July to September)  46 (23)  16 (22)  30 (23) 

 Second (October to December)  48 (24)  17 (23)  31 (24) 

 Third (January to March)  64 (32)  25 (34)  39 (30) 

 Fourth (April to June)  45 (22)  16 (22)  29 (22) 

Firme    

 A  70 (34)  25 (34)  45 (35) 

 B  71 (35)  25 (34)  46 (36) 

 C  62 (31)  24 (32)  38 (29) 

Admitting groupe    

 Red  50 (25)  21 (28)  29 (22) 

 Yellow  50 (25)  18 (24)  32 (25) 

 Blue   56 (28)  17 (23)  39 (30) 

 Green  47 (23)  18 (24)  29 (22) 

a Unless otherwise indicated. 

b For a rotation staffed by an outpatient-oriented attending physician, the washout criterion was the sum of the preceding rotation 
duration plus half of the index rotation duration. For inpatient-oriented attending physicians, the washout criterion was 2 weeks 
regardless of rotation type. 

c In addition to the inpatient general medicine service, other inpatient services staffed by study attending physicians included the 
short stay unit, the HIV service, and the medical intensive care unit. 

d The denominator for these proportions is 624 weeks: 12 teams’ worth of the inpatient general medicine service during the year-
long study. 

e The 12 teams which comprised the general medicine service were grouped into 3 firms (A, B, and C). Each firm had 4 admitting 
groups (red, yellow, blue, and green), 1for each day of a 4-day admission cycle. 
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eTable 5. Estimated Percentages of Outcome Variance Due to Groupings in Data 
Structure 

Outcome Intraclass correlation coefficients as percentages (95% CI) 

 Level-3 Units Level-2 Units Level-1 Units 

Patient outcomes Attending 
physician 

Rotation within 
attending 
physician 

Patient Discharge or stay 
on general 

medicine service 

 30-day unplanned 
revisits 

 0.2 (0.01–0.8)  0.3 (0.06–1)  34 (17–38)  66 (61–83) 

 Length of stay  0.3 (0.08–0.9)  2 (0.01–3)  25 (22–28)  75 (72–78) 

Housestaff evaluations 
of attending physician 
performance 

 Attending 
physician 

Housestaff Evaluation 

 Ability to fairly evaluate   14 (7–25)  28 (14–43)  57 (42–73) 

 Clinical care   29 (20–41)  31 (19–43)  39 (30–52) 

 Mentorship   24 (15–36)  31 (18–45)  44 (33–60) 

 Professionalism   18 (9–30)  57 (39–74)  25 (11–42) 

 Teaching   25 (16–36)  35 (23–49)  39 (27–52) 

 Combined   27 (18–38)  32 (1–43)  40 (32–73) 

Medical Student 
evaluations of 
attending physician 
performance 

 Attending 
physician 

Medical Student Evaluation 

 Ability to fairly evaluate   21 (11–34)  41 (19–56)  37 (22–64) 

 Clinical care   24 (14–37)  38 (3–50)  36 (25–78) 

 Mentorship   27 (16–41)  42 (17–58)  30 (15–61) 

 Teaching   38 (25–52)  45 (15–59)  15 (8–52) 

 Combined   28 (17–42)  45 (21–63)  25 (9–54) 

Attending Physician 
Burnout 

  Attending 
Physician 

Assessment 

 Self-Defined    65 (48–78)  35 (22–52) 

 Emotional exhaustion    64 (47–78)  36 (22–53) 

 Inadequate control    55 (38–71)  45 (29–62) 

 Perceived stress    61 (43–75)  39 (25–57) 

     

Intraclass correlation coefficients were estimated from models that include only the relevant random-intercepts and no fixed effects. 
These coefficients represent the proportions of outcome variances that are between members of groupings. Higher coefficients 
represent more homogeneity between members of a grouping. We multiplied coefficients by 100 to convert them to percentages.
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eFigure. Classification Diagrams of Mixed-Effect Models 
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Legend to eFigure: These classification diagrams22 represent the relationships between various groupings (or “clusters”) in our 

data structure: rectangles represent groupings, ovals represent units of analysis, and connecting lines represent nested 

relationships. For patient outcomes, there were 3 nested levels: units of analysis at level 1, rotations and patients at level 2, and 

attending physicians at level 3. For trainee evaluations, we collapsed 3 levels into 2 to stabilize these models given 4 or less 

observations per rotation. For attending physician burnout assessments, only 2 levels were required, because each rotation had 

only 1 assessment. The similarities shared by members of groupings were represented with random-effects that did not vary 

dynamically with other variables (random-intercepts). Crossed random-effects were used when units of analysis were 

simultaneously cross-classified into 2 groupings;20 these are indicated by crossed lines andshadedrectangles in the 

diagrams.Multiplicative crossed random-effects were used for patient outcomes, while additive crossed random-effects were used 

for trainee evaluations. Multiple membership weights were added to our length of stay model,22 because hospitalizations often span 

multiple rotations; these weights are indicated by double connecting lines in the diagrams. aHospitalizations are listed as the units of 

analysis for simplicity. More specifically, the units of analysis for the patient length of stay outcome were patients’ last, uninterrupted 

stays on the general medicine service until discharge. 


