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ABSTRACT

Burnout of physicians and other medical personnel is a major problem in the economics of 
healthcare systems, potentially costing billions of dollars. Knowledge of the determinants and 
costs of burnout at the organization level is sparse, making it difficult to assess the net benefits of 
interventions to reduce burnout at the level where arguably the greatest change can be affected. In 
this paper, we use data from a midsize healthcare organization with about 500 clinicians in 
2021-22 to  advance analysis of clinical burnout in two ways. First, we estimate the costs of 
clinician burnout beyond the widely studied losses due to turnover. Including hard-to-measure 
and potentially long-term costs that arise from reduced patient satisfaction and lower productivity 
of burnt-out clinicians at work, our analysis suggests a much higher cost of burnout per clinician 
than previous estimates that exclude these costs. Second, we use standard medical billing and 
administrative operating data to forecast turnover and productivity of clinicians to serve as an 
early warning system. Accurate estimates of both the cost of burnout now and of likely future 
costs should help decision-makers be proactive in their approach to solving the burnout crisis 
currently affecting the healthcare industry. While our empirical analysis relates to a particular 
healthcare organization, the framework for quantifying the costs of burnout can be used by other 
organizations to assess the cost-effectiveness of ameliorative policies.
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1 Introduction

Burnout is defined as the psychological syndrome emerging from a prolonged response to chronic interpersonal

stressors on the job (Maslach and Leiter, 2016). It is estimated to impact half of all U.S. healthcare workers (Prasad

et al., 2021). Burnout consists of three dimensions: an overwhelming exhaustion, feelings of cynicism and detachment

from the job, and a sense of ineffectiveness and lack of accomplishment (Maslach and Leiter, 2016). The standard

tool for assessing burnout is the Maslach Burnout Inventory, which was the first survey that measured all three

dimensions of burnout. 1 Over two decades of research have identified a plethora of workplace and individual-level

drivers of burnout that Maslach and Leiter (2016) usefully organize into six key domains of a workplace: workload,

control, reward, community, fairness, and values.

While there is ample evidence on drivers of burnout and its relation to work behavior, the cost side of clinician

burnout is relatively neglected. The well-known Han et al. (2019) paper gathers evidence from diverse sources on

the cost of burnout in terms of reduction of clinical hours and turnover/replacement costs, and notes that physicians

who feel burnt-out are twice as likely to leave their job as other physicians (Shanafelt et al., 2012). The American

Medical Association STEPS Forward module on joy in medicine offers a calculator for organizations to project the

cost of physician burnout, based on findings from Shanafelt et al. (2017). These estimates, while a useful starting

point, are conservative. They exclude some hard-to-measure and potentially large costs such as the productivity loss

from burnt-out working clinicians, costs associated with replacing a burnt-out clinician who leaves, and the ensuing

lower medical care quality, increased malpractice risk, reduced patient satisfaction, and damage to the organization’s

reputation as it struggles to deal with clinician burnout.

In this paper, we develop a new method to quantify these costs and use machine learning algorithms to predict

turnover probabilities for individual clinicians that carries the analysis to the individuals whose behavior identifies

the problem. The method yields improved cost estimates for decision-making. We validate our models with historical

data from a midsize healthcare organization of approximately 500 clinicians. Our method answers the call from the

American Medical Association for more accurate and comprehensive models on the business impact of burnout (Berg,

2019), which can increase support for innovative policies for clinician well-being.

Our approach for estimating the impact of burnout is two-pronged. First, we quantify the full turnover cost when

a clinician leaves by analyzing the net loss from a burnt-out clinician’s absence, the cost of recruiting a replacement

clinician, and the onboarding cost associated with getting a new clinician up to speed. Second, we quantify the

impact of burnout on working clinicians’ productivity, the satisfaction of their patients, and the subsequent cost to

the organization. Compared to estimates in existing literature which focus solely on turnover costs, our estimates

provide a more comprehensive measure of the cost of burnout in the medical setting that can guide discussion on

how to budget wellness programs to alleviate burnout and turnover.

1Five other surveys - the Bergen Burnout Inventory, the Oldenburg Burnout Inventory, the Stanford Professional Fulfillment
Index, the Mini Z instrument, and the Mayo Clinic Wellbeing Index - measure burnout in similar ways.
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2 The Cost of Clinician Burnout

Although clinician burnout is associated with many identifiable negative outcomes, its economic impacts are poorly

understood because many of the outcomes are multifaceted with costs that are difficult to measure. Some negative

consequences directly impact the bottom line of healthcare organizations, while others affect patient safety and the

individual clinician’s well-being which are typically neglected in existing estimates of costs. Table A1 in the appendix

summarizes the wide range of consequences of burnout documented in the existing literature, which we have organized

into clinical and non-clinical impacts. Most studies examine the non-clinical cost of burnout related to turnover by

surveying clinicians about their intention to keep practicing, change jobs, etc. and find that the intent to leave

increases with burnout. The studies also show that burnout and intent to leave are related to actual turnover. For

instance, Hamidi et al. (2018) found that at baseline, 26% of physicians reported experiencing burnout and 28%

reported Intention to leave within the next two years. Two years later, when 13% of surveyed physicians had actually

left, those who reported an intent to leave were more than three times as likely to have left than those who did not

report an intent to leave. Those who reported experiencing burnout were more than twice as likely to have left than

those who reported not experiencing burnout.

The cost of clinician burnout, however, goes beyond turnover. Other consequences exist which measurably affect

the healthcare organization’s productivity and revenue. Numerous studies have documented how clinicians suffering

from burnout take more sick days, reduce clinical hours, produce less academic publications, and are less effective

in teams (Soler et al., 2008; Shanafelt et al., 2016; Turner et al., 2017; Welp et al., 2016; Galletta et al., 2016).

Patient satisfaction is likely to be significantly lower for those treated by burnt-out clinicians, which in turn affects

customer loyalty and the reputation of the organization, both of which affect revenue growth (Windover et al.,

2018; Halbesleben and Rathert, 2008). For individual clinicians themselves, burnt-out clinicians have lower career

satisfaction, may increase the use of alcohol/drugs, and are more likely to retire early (Lu et al., 2015; Busis et al.,

2017; Shanafelt et al., 2009; Kuerer et al., 2007; Nørøxe et al., 2019; Yao et al., 2021; Jackson et al., 2016; Shanafelt

et al., 2002; Dewa et al., 2014).

Burnout also has adverse effects on clinical outcomes. Many studies stress that burnout compromises quality

of care (Brunsberg et al., 2019; Williams et al., 2007; Shanafelt et al., 2010; Welp et al., 2016; Klein et al., 2010;

Fahrenkopf et al., 2008; Zantinge et al., 2009; Kushnir et al., 2014). Notably, clinicians who are burnt-out have

reported the tendency to discharge patients too early, not discuss treatment options properly, and order more tests

than necessary (Lu et al., 2015). Hospital infections and patient recovery times have been shown to increase as

burnout increases, and medical errors (such as procedure or medication mistakes) also rise with burnout (Galletta

et al., 2016; Halbesleben and Rathert, 2008; Fahrenkopf et al., 2008). Finally, patient satisfaction is significantly

lower for patients treated by burnt out clinicians (most likely due to the lower quality of care), which in turn affects

their loyalty to the organization and its reputation, with adverse effects on revenue growth (Halbesleben and Rathert,
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2008; Windover et al., 2018).

The absence of cost calculations for many of the documented impacts of clinician burnout can lead to erroneous

decision-making and budgeting by healthcare organizations, such as deciding against implementing a policy that

seems too expensive based solely on the cost of turnover when in fact the policy would pass a benefit-cost test based

on the full costs of burnout. While the costs of some impacts such as patient satisfaction are long term and hard

to quantify, ignoring them underestimates the burnout impact on the organization and the economic payoff from

investing in programs to reduce burnout. The focus of most existing studies on what happens after a clinician leaves

can also lead to erroneous decisions because that assumes clinician resignation is an inexorable event, when in fact

policies exist which can reduce quitting. Being able to predict the probability of an individual’s departure can help

healthcare organizations plan for targeted interventions, which has proven to be a challenging task. Responding to

this shortcoming, we developed a set of predictive models for forecasting turnover at the individual clinician level.

Feeding these predictions into our cost calculations produces more realistic projections of turnover costs than using

hypothetical scenarios which assume broad levels of turnover at the organizational level, while opening the door for

developing cost-effective interventions.

3 Methods and Data

To better assess the economic impact of burnout at healthcare organizations, we develop a framework that examines

the cost of burnout along two separate channels. The first channel is the effect of burnout on clinicians still working

at the organization. To quantify this effect, we analyze the loss in productivity and reduced patient satisfaction

among those clinicians experiencing burnout. We recognize there are likely additional costs due to spillover effects

from the departure of the burnt-out clinician onto others in the health system, but we do not have the data available

to support such an analysis. The second channel is the financial impact of a clinician quitting due to burnout. For

each individual clinician, historical data allow us to estimate the replacement cost of their leaving the organization.

Replacement cost here is defined as the sum of lost revenue from the number of months a position remains unfilled,

recruitment costs, and the lower productivity during the onboarding/training of the new clinician. Combining the

two channels gives a better estimate of the cost of the burnout an organization is facing. To compute a projected

future replacement cost due to burnout, we factor in individualized quit probabilities (as computed by our machine

learning models) with replacement cost and consider different levels of turnover due to burnout. We explain the

calculations in greater detail below.

3.1 Machine Learning Models

The individual quit probabilities used in making cost projections were calculated using an ensemble of machine

learning techniques, including tree-based learning algorithms. All computations were performed using R statistical
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software. The models were trained on 10 years of historical data from the partner health system, which included 678

clinicians in total (494 active and 184 resigned). Out-of-sample predictions for the work status (active or quit) of all

678 clinicians in the data set were made by using a 5-fold cross-validation as follows. First, the data were randomly

partitioned into 5 folds. One of the folds was selected as a holdout/ test set, and the model was trained on the other

four folds. Once the training was complete, the model was validated by making predictions on the status of the

clinicians in the test set. The process was repeated four more times, each time selecting a different fold as the test

set. In this manner, we made a prediction for each clinician in the data while avoiding overfitting. There were 184

clinicians who had quit in the data, and we correctly labeled 152 of them as quitters for a sensitivity of 82.6%. There

were 494 active clinicians, and 380 of them were correctly labeled as active for a specificity of 76.96%. The models

were calibrated to favor sensitivity over specificity since the cost of misidentifying a quitter is higher than the cost

of misidentifying an active clinician. The balance between sensitivity and specificity can be easily adjusted if desired

based on the relative costs of misidentifying resigning and active clinicians.

3.2 Burnout Assessment

To estimate the level of burnout at the partner health system, we developed and administered a comprehensive wellness

assessment, composed of 15 items, covering the three theoretical dimensions of burnout: exhaustion, cynicism, and

inefficacy (Maslach and Leiter, 2006). The literature describes exhaustion as wearing out, loss of energy, depletion,

debilitation, and fatigue. The cynicism dimension was previously known as depersonalization (given the nature of

human services occupations), and constitutes negative or inappropriate attitudes towards clients, irritability, loss of

idealism, and withdrawal. The inefficacy dimension is described as reduced productivity or capability, low morale,

and an inability to cope.

We used five items to reflect each of the dimensions, scoring each item on a six-point Likert scale (Likert, 1932)

from “strongly agree” to “strongly disagree.” Each dimension included a combination of positively and negatively

valenced items, with the latter reverse scored as appropriate. To test whether the data fit well with this theoretical

framework, we conducted a confirmatory factor analysis (CFA) using Mplus software (version 8; Muthén and Muthén,

1998-2011). We computed a three-factor CFA in which the five items from each dimension were loaded onto the three

dimensions of burnout for a total of 15 items. We retained all subscales with a factor loading greater than or equal to

0.4 (Stevens, 2012). If a factor loading was below the 0.4 cut-off, we removed the item and re-ran the CFA without

it in the model. All of the items for the three-factor model met inclusion criteria with the exception of a positively-

valenced (and reverse scored) item from the cynicism dimension and one negatively-valenced item from the inefficacy

dimension. As such, the two items were removed from the model and the CFA was re-run with an improved fit. We

calculated a composite score by averaging the 13 remaining items, which reflects wellness across all three dimensions

of burnout. Composite scores above three indicate overall negative feelings (“slightly disagree”, “disagree”, “strongly

disagree”) and higher burnout.
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Finally, for simplicity we label clinicians with composite scores greater than three as burnt-out, and those with

composite scores less than or equal to three as not experiencing burnout. We use this threshold throughout our

various analyses when comparing groups. Recognizing that burnout can be experienced on a continuum and that the

severity of the burnout matters, especially when interventions may aim to reduce the level of burnout an individual

experiences versus eliminating it entirely, we also analyze burnout as a continuous variable. This provides us with

estimates of the effects of incremental changes in burnout.

3.3 Cost Framework

Our framework separates clinicians experiencing burnout into two groups: those who continue to work at the health-

care organization as of July 1, 2022 (channel one) and those who left the organization between July 1, 2021 and June

30, 2022 (channel two). We estimate costs associated with active burnt-out clinicians by comparing the difference

in productivity levels and rates of patient satisfaction of clinicians experiencing burnout versus those who are not.

We estimate the costs from quitting by aggregating the net loss due to vacant positions, recruitment costs, and

onboarding costs.

3.3.1 Channel One: Burnt-Out but Actively Employed

Hypothesis 1: Clinicians experiencing burnout are less productive on the job.

We computed composite burnout scores for 195 clinicians at the partner midsize health system. A clinician’s compos-

ite burnout score is the average of their scores on the three dimensions: exhaustion, cynicism, and inefficacy. Each of

the three dimensions is scored on a six-point Likert scale as follows: strongly agree (1), agree (2), slightly agree (3),

slightly disagree (4), disagree (5), strongly disagree (6). Given the negative valence beyond three on the Likert scale

used here, we classify a clinician as burnt-out if the composite burnout score is greater than three. There were 90

clinicians thus categorized as experiencing burnout and 105 categorized as not. We use the total RVU (relative value

unit) sum from the previous 12 months as a proxy for a clinician’s productivity. RVUs provide a standard measure

of the time, effort, and resources required for a clinician to perform a service or procedure. Both the Centers for

Medicare & Medicaid Services (CMS) and private payers use the RVU system to determine clinician payment. In

September 2022, the conversion factor for a single RVU was $34.6062/RVU (AASM, 2022). Taking the yearly sum

of the total RVU for each clinician and multiplying by the conversion factor enables us to quantify the clinician’s

annual productivity in dollars (Samuel et al., 2020).

Hypothesis 2: Clinicians who are burnt-out have lower patient satisfaction.

We test the hypothesis that clinicians who experience burnout engage with patients less effectively as those who do

not experience burnout and thus register a lower patient satisfaction score. To estimate the effect of burnout on

patient satisfaction, we obtained patient survey data from September 2021 through April 2022. After each patient
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encounter, the partner healthcare organization sent a survey to the patient asking them to rate their experience. The

survey contains 13 inquiries ranging from comfort levels surrounding COVID-19 protocols to in-office wait time. To

gauge patient satisfaction with the attending clinician, we looked at responses to the following three items:

• “Quality of your medical provider (or tech, if not seen by a provider)”

• “Quality of your medical care”

• “Please rate your overall experience with us”

We chose these three items because they directly relate to the attending clinician, while all other items relate to

things outside the influence or control of the clinician. Patients rated each item by choosing one of the following five

descriptors: poor, fair, good, very good, or excellent. In our analysis, we used the percentage of “excellent” reviews

each clinician received for the three items above as the response variable 2. The percentage of excellent reviews is

a natural choice to measure patient satisfaction that is widely used in literature (Richter and Muhlestein, 2017).

We also recognize the potential spillover effects burnt-out clinicians have on their coworkers, but we lacked the data

available to undertake such an analysis.

3.3.2 Channel Two: Burnt-Out and Quit

We estimate the ith individual clinician’s quitting probability, Qi, based on the clinician’s attributes and work

behavior. The individual level estimates allow for more accurate projections of turnover and burnout costs at the

organizational level. We estimate the likely cost consequences of individuals leaving based on their replacement cost

according to their role and the regions they operate in. We define individual replacement cost, Ci, as the sum of

revenue lost if the clinician leaves the organization (Li), the recruitment cost (Ri), and the onboard/training cost

(Ti) for his/her new hire:

Ci = Li +Ri + Ti

Li, the total revenue lost, is computed by multiplying the average number of months, Mi, it takes to fill the

vacancy (depending on job role and region) and the difference between the monthly revenue, RV Ui, brought in by

the clinician less the clinician’s monthly salary, Si. That is,

Li = (RV Ui − Si)×Mi

Monthly revenue, RV Ui, is calculated by converting the monthly RVU sum of the clinician to dollars. In many

healthcare systems, the loss in revenue from a leaving clinician can be mitigated by moonlighting physicians or

traveling nurses. However, the partner health system who provided the data for this study rarely, if ever, employed

any of these temporary services. Some of the workload from the quitting clinician was likely shifted to existing

2We also considered the percentage of “poor” or “fair” reviews, but those were so sparse as to make analysis infeasible (only
2.26% of reviews on the items above were rated “poor” or “fair”).
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clinicians nearby, but it was not possible for us to estimate how much nor the risk of increased burnout from the

shift.

Recruitment cost, Ri, comes from a variety of sources (O’Brien-Pallas et al., 2006; Hawkins, 2019). In addition

to revenue lost and recruitment cost, new hires typically take a full year to reach normal productivity levels. The

productivity lost over the time it takes a clinician to reach full productivity is considered onboarding or training costs,

Ti. To calculate the onboarding/training cost, we work on a rolling 12 month window. We first compute the highest

12 month RVU total for each individual given their employment history, Hi, which indicates the full productivity the

clinicians have at our partner healthcare organization. We then calculate the first 12 month RVU total, Fi, for each

individual. We define the onboarding/training cost to be:

Ti = Hi − Fi

The actual annual turnover cost for an organization is then ΣNCi, where the summation is taken over the N

clinicians who actually quit. The projected annual turnover cost factors in the individual quit probabilities, Qi; this

is ΣA(Ci ·Qi) where the summation here is taken over all active clinicians, A. We test our method by comparing the

actual turnover costs during a one-year period to the projected costs for that time period (see Table 6). Given the

assessment of burnout at the partner healthcare organization, we then estimate what percentage of turnover can be

attributed to burnout and quantify costs accordingly.

4 Results

4.1 Burnout Assessment

Using our dichotomous division of clinicians by whether their composite burnout score was above or below three,

we estimate that 46.2% (90/195) of respondents suffer from burnout. This percentage is in line with the national

estimates of 38.2% - 62.8% between 2011 and 2021 (Shanafelt et al., 2022). Figure 1 shows that the distribution of

the composite burnout scores has the approximate shape of a normal distribution, and the center and spread of the

distribution indicate a wide range of severity on the burnout continuum.

Table 1 shows that exhaustion and cynicism are the main aspects of burnout at this organization, though we

will see that inefficacy also has a large impact despite being less frequent. It should not be surprising that the three

dimensions of burnout do not mirror each other. Leiter and Maslach (2016) note that the three dimensions of burnout

are interrelated but distinct and do not always correlate. Indeed, Thomas et al. (2020) posit that burnout “begins

with exhaustion and ends with inefficacy,” implying that the fewer clinicians who suffer from inefficacy may be in

more severe, later stages of burnout. As the composite score is an average of the three dimensions of burnout, it is

reasonable to get the approximately normal shape of Figure 1 even with the skewed distributions of each dimension.

9



Figure 1: Distribution of composite burnout scores at the partner healthcare organization. The composite
score is the average of the three dimensions: exhaustion, cynicism, and inefficacy.

Table 1: Burnout severity at the partner healthcare organization

Burnout Dimension Clinicians Afflicted
Exhaustion 55.4% (108/195)
Cynicism 62.6% (122/195)
Inefficacy 6.7% (13/195)
Composite Score 46.2% (90/195)

4.2 Burnt-Out but Active

To test Hypothesis 1 that clinicians experiencing burnout are less productive on the job, we first compare the mean

productivity of the non-burnout group, x̄N (n=102), to the mean productivity of the burnout group, x̄B (n=90). 3

Productivity in this case was measured as the total RVU output of a clinician over the one-year period beginning at

the start of Q3 2021. A simple test for the difference in means shows that x̄N − x̄B = $80,979 (p = .08 from the

two-sided t-test). Hence, on average, clinicians suffering from burnout are nearly $81,000 less productive per year at

this particular healthcare organization. Assuming the proportion of clinicians experiencing burnout in the assessment

(46.2%) holds across the organization of 494 clinicians, we estimate that approximately 228 clinicians are burnt-out.

With the estimated average loss in productivity due to burnout at $80,979, this would put the aggregate productivity

loss due to burnout at $18,463,212 annually.

3Note that three clinicians, all from the non-burnout group, were unable to be included in our analysis due to missing work
records.
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The second approach is to view burnout as a continuous outcome. Measuring burnout along a continuum allows

us to assess the effects of incremental changes in burnout levels and thus to examine potential interventions which may

mitigate the severity of burnout rather than “flip” a clinician from one group to another. We measure productivity as

described above, using the same data as in the analysis of burnout as a dichotomous variable. We control for age and

clinician type when analyzing RVU output. It must be noted that the relationship between productivity and age is

non-linear due in large part to the fact that working clinicians tend to decrease their hours in a non-linear fashion as

they get older and approach retirement. Figure 2 displays the age-productivity curve, controlling for clinician type.

The curve shows that productivity begins to decrease around age 50, with the drop-off becoming more precipitous as

age increases.

Because age is an important factor with a highly non-linear relation to productivity, we use a Generalized Additive

Model (GAM). GAMs are a generalization of linear regression which allow for non-linear dependencies. Here, the

relation to age is estimated from the data using multiple curves. The effective degrees of freedom (edf) for age is 2.147

(p-value = .0453). This value indicates what Figure 2 displays, a highly non-linear relationship with productivity.

The relationships between productivity and all other dependent variables are assumed linear and have the standard

interpretation of their coefficients. In our model, the response variable is the total RVU output of a clinician over the

one-year period beginning at the start of Q3 2021. In addition to age and clinician type, we regress on the individual

dimensions of burnout: exhaustion, cynicism, and inefficacy. Our model has a particularly good fit with 89.9% of the

deviance explained.

Table 2: Summary of Generalized Additive Model (Model 1). Annual RVU totals are regressed on the three
dimensions of burnout and clinician type, as well as age which has a non-linear relationship. The effective
degrees of freedom (edf) of age is 2.147, indicating a roughly quadratic relationship. Because the GAM deals
with non-linearity, R2 is an inappropriate measure of goodness-of-fit, and instead the deviance explained is
used. The deviance explained is 89.8%, meaning the model is a good fit.

Term Coefficient p-value
Cynicism -1032.2 0.264
Inefficacy -1996.2 0.101
Exhaustion 1181.1 0.195
Associate Physician 27736.2 < .001
Certified Nurse Midwife 26108.0 < .001
Nurse Practitioner 14939.4 < .001
Physician Assistant 31886.9 < .001
Senior Physician 29767.1 < .001
Age edf = 2.147 p = .0453
deviance explained = 89.8%

Table 2 shows the results of the GAM (Model 1). The model examines the relation between productivity and the

three components of the burnout while controlling for age and clinician type. The estimated coefficients for cynicism

and inefficacy show that they are associated with lower productivity. On average, an increase of one unit on the

cynicism score reduces annual RVU output by 1032.2 RVUs, which amounts to $35,720.52 annually per clinician using
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Figure 2: Productivity versus age curve, controlling for clinician type, where shading indicates confidence
intervals. The scale on the y-axis is arbitrary as it measures relative productivity. The relationship between
age and productivity is clearly non-linear, which justifies the use of a Generalized Additive Model.

the conversion factor above. Similarly, an increase of one unit on the inefficacy score reduces annual RVU output by

1996.2 RVUs, which amounts to $69,080.9 less revenue per clinician. By contrast, exhaustion is positively associated

with productivity: an increase of one unit on the exhaustion scale is associated with an increase in productivity of

1181.1 RVUs or $40,873.38 per clinician per year. The likely reason for the positive coefficient of exhaustion is that

the cause and effect may be reversed: a heavy workload will almost surely raise exhaustion.

While the impact of cynicism and inefficacy dominate the overall negative link from burnout to productivity found

in the comparison of means given earlier, probing beneath the difference in mean productivity in the dichotomous

burnout measure highlights the need for going beyond the burnout variable in analysis of cause and effects. Absent a

model that deals with the dual causality of exhaustion and workload, we estimated an alternative GAM (Model 2 of

Table 3) which removes exhaustion, given the opposite association exhaustion has with burnout. Inefficacy obtains a

substantial negative coefficient while cynicism has only a modest and statistically insignificant coefficient. Additional

work on the effect of burnout on productivity of working clinicians should concentrate on inefficacy, probing the

measures going into it, and seeking other measures, as well as estimating more structured models than ours.

In addition to the potential value of increasing the focus of research on inefficacy, the message we take from this

calculation is that the burnout score, while an invaluable indicator of the problem that ties together its main features

as a phenomenon, is not well-suited to assess what burnout does to productivity, absent a more complicated model

and measures focused on the actual work behavior of clinicians. This leads us to consider other avenues beyond
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Table 3: Summary of alternative Generalized Additive Model (Model 2). This time exhaustion is left out of
the model and annual RVU totals are regressed on cynicism and inefficacy, controlling for clinician type and
age. The effective degrees of freedom (edf) of age is 2.191

Term Coefficient p-value
Cynicism -294.0 0.686
Inefficacy -1682.1 0.159
Associate Physician 28251.6 < .001
Certified Nurse Midwife 27227.5 < .001
Nurse Practitioner 15826.6 < .001
Physician Assistant 32312.1 < .001
Senior Physician 30490.3 < .001
Age edf = 2.191 p = .0375
deviance explained = 89.8%

burnout surveys that we take in later sections.

To test Hypothesis 2 that burnt-out clinicians have lower patient satisfaction, we compare the percentage of

“excellent” reviews a burnt-out clinician received to that of a clinician not experiencing burnout. We examined the

differences between these two groups across all dimensions of burnout, including the composite score. Recall that

inefficacy has been conjectured to indicate some of the most severe stages of burnout (Thomas et al., 2020). We

find that the difference between the groups in this dimension is substantial, with clinicians who are burnt-out on the

inefficacy scale significantly less likely to garner an “excellent” review from a patient encounter than those who are

not burnt-out.

The plot of patient satisfaction versus clinicians categorized by their inefficacy score in Figure 3 shows a wide

difference in the mean of the two groups. The mean patient satisfaction of the non-burnout group, x̄PN (n=106),

is 81.8% whereas mean patient satisfaction of the burnout group, x̄PB (n=11), is 67.8% 4. Despite the disparity in

sample sizes of the two groups, this difference of x̄PN − x̄PB = 14% is highly significant (p = .01 from the two-sided

t-test). Thus, on average we expect a clinician experiencing burnout on the inefficacy dimension to be 14% less likely

to receive an excellent review than a clinician not experiencing burnout.

4.2.1 Moving Beyond Burnout Surveys

The results of the previous section establish the link between burnout and productivity, which quantifies some of the

effects that are often discussed but rarely measured, while also highlighting the problem of using a broad indicator

of the phenomenon to differentiate the causal links between feelings of burnout and productivity. To the extent that

the productivity of a clinician reflects that person’s current burnout level, it can serve as an early warning of the

clinician leaving the workplace, and give an organization insight on potential burnout and future turnover absent

another burnout survey. Indeed, productivity data has several advantages over surveys typically used for inferring

how employees feel and may possibly behave in the future. Productivity data are objective and can be obtained for

4Note that here the sample size is 117 because patient reviews do not exist for every clinician.
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Figure 3: Patient satisfaction compared with burnout in the inefficacy dimension.

all clinicians within the health system, including those who do not fill out a burnout survey. Surveys can be costly to

implement and process across an entire organization, especially when taking the clinician’s time into account, whereas

productivity data is collected at no additional cost to the organization and at no expense to the clinician. Finally,

”survey fatigue” often leaves organizations with low response rates and unreliable estimates while the self-reporting

aspect of burnout surveys also casts doubt on the accuracy of the results.

Following this line of thinking, we developed a machine learning algorithm to forecast future productivity from

the past pattern of productivity. Using monthly RVU totals to measure clinician productivity, we use the monthly

RVU sums from January 2021 to March 2022 to predict the RVU sum six months later in September 2022 for each

clinician. We chose to predict RVU six months later so the forecasts would be plausibly actionable, giving leadership

time to strategize and intervene if necessary. Tree-based regression was used to predict monthly RVU output six

months in advance using the same standard data furnished by the partner health system. As in section 3.1, we

cross-validated our models using a 5-fold scheme. We first randomly partition the data into 5 folds. One of the folds

is chosen as a test set, and the other four folds are used to train the model. After the model was fit using the 4

folds, we use said model to predict RVU for the clinicians in the test set. This process was repeated four more times,

enabling us to predict the RVU for every clinician in the data set. We then compared our predicted RVUs to the

actual RVUs logged by the clinicians to assess the quality of our forecasts.

Table 4 breaks down the accuracy of the results by role type of the clinician. Our predicted values are strongly

correlated with the actual values (r = .77) with a mean absolute error (MAE) of 474.89 RVUs. To put this number
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in context, the mean and standard deviation of the productivity totals for September 2022 are 1656.99 and 1080.90

RVUs, respectively. Note that in most cases the MAE is roughly half or less than half of the standard deviation.

Accuracy of this caliber means leadership can feasibly predict when productivity will drop six months in advance, and

given the association lower productivity has with burnout, this can serve as a proxy for burnout assessments. Indeed,

this productivity monitoring and forecasting has the distinct advantage over surveys in that it allows leadership to

be proactive in their approach to mitigating burnout.

Table 4: Monthly Productivity Forecasting Results

Role Type Average Monthly Total (RVUs) Standard Deviation (RVUs) Mean Absolute Error (RVUs)
Senior Physician 2098.29 1014.26 534.12
Associate Physician 1727.19 1200.71 558.03
Certified Nurse Midwife 862.55 685.60 353.46
Nurse Practitioner 961.28 596.51 313.08
Physician Assistant 1132.02 857.91 411.24
All 1656.99 1080.90 474.89

Cross-validated correlation between predicted and observed values is r = .77.

4.3 Turnover and Burnout Cost

Table 5 shows the actual turnover costs from July 1, 2021 to June 30, 2022 at the partner healthcare organization.

Note that during this time period, 55 clinicians left the organization, a turnover rate of 11.3%. The largest single

turnover cost from an individual clinician’s departure was measured at $391,000, and the total cost of all turnover

during this time frame was $7.8 million. As clinicians may leave for reasons other than burnout, however, it would

be wrong to associate all of that cost to burnout. Accordingly, we estimate the proportion of leaving clinicians likely

due to burnout as opposed to other factors. Using the overall turnover rate (11.3%) together with the estimate of

burnout at this organization (46.2%), and the assumption that burnt-out clinicians are twice as likely to have left

(Shanafelt et al., 2012), we calculate the turnover rate of burnt-out clinicians to be 15.2%. Using these turnover

rates, we further estimate that 35 of the 55 clinicians who quit (63%) were burnt-out. 5 Based on these calculations,

a conservative estimate for the cost of turnover attributable to burnout is $4,912,510. This estimate is on the order

of 2% of the total annual revenue of this midsize healthcare organization. Given that the labor cost of clinicians

alone at this midsize health system was approximately 45% of revenue, the turnover costs due to burnout represent

a significant portion of this health systems profits.

5The assumption that burnt-out clinicians are twice as likely to leave is actually a conservative one; other studies put the
odds ratio of burnt-out clinicians leaving at 2.19 (Windover et al., 2018) and 2.68 (Hamidi et al., 2018). Using the odds ratios
of 2.19 and 2.68 yields estimates of 65% and 70%, respectively, of turnover attributable to burnout.
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Table 5: Turnover and Burnout Costs (Q3 2021 - Q2 2022)

Turnover Cost Clinician Churn Rate
Actual $7,778,140 11.3% overall
63% Attributable to Burnout $4,912,510 15.2% for burnt-out clinicians
65% Attributable to Burnout $5,074,715 15.7% for burnt-out clinicians
70% Attributable to Burnout $5,419,085 16.8% for burnt-out clinicians

4.3.1 Projected Turnover Costs

We break down the cost of a clinician quitting as the sum of the recruitment cost, onboarding cost, and revenue lost

as outlined in Section 3.3.2. Using the quitting probability for each individual clinician generated by our predictive

model, we can compute projected costs for the entire organization. We trained our predictive model on data provided

by our partner healthcare organization up through the end of the second quarter 2022. We then projected costs for

the next calendar year, July 1, 2021 through June 30, 2022.

Table 6: Projected Turnover Cost vs Actual Turnover Cost (Q3 2021 - Q2 2022)

Turnover Cost Projected Actual
Recruitment $1,470,683 $1,505,000
Onboarding $2,860,469 $2,754,309
Lost Revenue $4,649,753 $3,518,831
Total $8,980,905 $7,778,140

Table 6 shows how the projections for the calendar year from the beginning of third quarter of 2021 compared to

the actual costs. The projection totals are off by 13.4%, with the largest discrepancy coming from the lost revenue

calculations. The reason actual lost revenue was not as high as projected may be because other clinicians “pick up

the slack” when a coworker has quit, which arguably may result in the burnout severity increasing for those clinicians

who take on additional burdens. Nonetheless, the modest error here is further validation that the predictive model

is accurate.

5 Discussion

Burnout in the medical field is widely studied, but its economic consequences have been only crudely estimated.

This paper seeks to quantify these consequences through a novel conceptual and computational framework. We

conceptualize burnout impacting a healthcare organization in two distinct ways, via the impact on active clinicians

who are burnt-out and through the turnover costs of clinicians quitting due to burnout. Both impacts are difficult to

quantify, but we have laid out a computational framework for better estimates of each. Furthermore, we go beyond
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just measuring burnout to forecasting burnout and its consequences. We show that accurate forecasts are possible

using only the standard data health systems already possess. In this manner, decision-makers have the ability to

plan ahead instead of being forced to look retroactively using traditional surveys.

Nearly half of reporting clinicians experience burnout at our partner healthcare organization, in line with national

estimates (Shanafelt et al., 2022). Our findings indicate that the impact of burnout on active clinicians is sufficiently

large to justify major interventions and workplace alterations to reduce this problem. On average, a burnt-out clinician

is less productive than their non-burnt-out counterpart by nearly $81,000 per year. Depending on the dimension,

an increase of just one unit on the burnout scale is associated with a productivity loss of up to $69,000 per year.

Different dimensions of burnout have different relations to productivity, with inefficacy being most important and

exhaustion showing a positive relation to productivity in the short term, likely reflecting the reverse impact of heavy

work effort on exhaustion. Moreover, clinicians experiencing burnout as measured by inefficacy are 14% less likely

to receive an “excellent” review after a patient encounter. Burnout is affecting not only the balance sheet of the

healthcare organization, but also the quality of patient care.

The most burnt-out clinicians quit. We quantify the aftermath by calculating recruitment costs, onboarding

costs, and lost revenue based on actual data from our healthcare partner. Depending on the type of clinician and

the specific region, when a clinician quits it can cost the healthcare organization up to $391,000. Aggregate turnover

costs are well into the millions of dollars annually, and even conservative estimates of turnover due to burnout put

the impact of quitting due to burnout at nearly $5 million annually at our midsize partner health system.

Limitations of our study are as follows: at the time of administering the burnout assessment, 195 of the 487 active

clinicians responded (seven more clinicians were hired subsequent to the completion of the assessment, bringing the

total to 494). Possible nonresponse bias may exist. In certain cases, matching financial records were not available in

the data (three non-burnt-out clinicians). Because patient reviews do not come in regularly and are sparse relative to

the number of patient encounters, we were unable to generate a sample size large enough linking reviews to financial

records. Furthermore, we attempted to quantify the monetary impact of lower patient satisfaction but were unable to

do so with the existing data. Patient reviews do not come in regularly and are sparse relative to the number of patient

encounters, so matching to existing profit/loss records did not yield a sample size large enough for analysis. There

also could exist response bias from the patients leaving the reviews. Indeed, the limitations of our study are tied

to the limitations of surveys in general. These limitations underscore the need to analyze burnout using non-survey

data, which we have done by focusing on productivity measures. Surveys are necessary to guide interpretation of the

productivity behavior, but using productivity data has the virtue of directly measuring the economic consequence of

burnout via standard business reporting that does not require clinician input.

Future work should analyze the financial impact of lower patient satisfaction when data becomes available.

Pending further longitudinal data on burnout, we would also want to study the long-term effects of burnout on

clinicians, such as long-term productivity changes over time, and the likelihood of quitting based on burnout level.
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Additionally, we would also like to investigate the redistribution of work to the coworkers of a quitting clinician after

the clinician’s departure.

Even with our limitations, these results justify an investment in clinician well-being. Han et al. (2019) used

simulations at the national level to estimate the cost of burnout to be $7,600 per physician. Given the size of

our healthcare partner (494 clinicians), this would place the aggregate cost of burnout at just over $3.75 million.

According to our analyses, a conservative estimate of the cost of turnover from burnout alone is over $4.9 million; if

we include costs of productivity loss from active burnt-out clinicians the total cost of burnout could be four times as

high, on the order of $20 million annually at our midsize partner health system. Even this is likely to be lower than

the real cost as it does not consider the effects of lower patient satisfaction, the impact of which we did not have

sufficient data to quantify. Moreover, we have demonstrated that it is possible to get ahead of the burnout situation

by estimating the probability individual clinicians leave and forecasting declining productivity as a proxy measure for

burnout. This gives decision-makers an early warning of sorts so they may intervene, as opposed to accepting high

rates of turnover and burnout as inevitable. It is our hope that the framework we have laid out here will be applied

by other healthcare organizations when making the business case for investing in programs and preventive measures

to mitigate clinician burnout.
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Appendix

A.1 Literature Review

Table A1: Summary of Documented Impacts of Clinician Burnout

Type Category Impact References
Non-clinical Turnover burnt-out clinicians are less likely to intend to keep practicing Hoff et al. (2002)
Non-clinical Turnover burnt-out clinicians are more likely to intend to change jobs Soler et al. (2008)
Non-clinical Turnover burnt-out clinicians are more likely to intend to leave Moreno-Jiménez et al. (2012)
Non-clinical Turnover burnt-out clinicians are more likely to leave Hamidi et al. (2018); Shanafelt et al. (2012)
Non-clinical Productivity burnt-out clinicians take more sick days Soler et al. (2008)
Non-clinical Productivity burnt-out clinicians have less work ability (self-reported) Ruitenburg et al. (2012)
Non-clinical Productivity burnt-out clinicians reduce clinical hours Dewa et al. (2014)
Non-clinical Productivity burnt-out clinicians reduce academic publications Turner et al. (2017)
Non-clinical Productivity burnt-out clinicians engage less in teamwork Welp et al. (2016); Galletta et al. (2016)
Non-clinical Patient-focused burnt-out clinicians have lower patient satisfaction Halbesleben and Rathert (2008); Windover et al. (2018)
Non-clinical Clinician-focused burnt-out clinicians have less career satisfaction Shanafelt et al. (2009); Yao et al. (2021)
Non-clinical Clinician-focused burnt-out clinicians are more likely to increase alcohol/drug use Jackson et al. (2016)
Non-clinical Clinician-focused burnt-out clinicians are more likely to retire early Dewa et al. (2014)
Clinical Care Quality burnt-out clinicians give suboptimal care Lu et al. (2015)
Clinical Care Quality burnt-out clinicians have higher referral rates Kushnir et al. (2014)
Clinical Care Quality burnt-out clinicians have lower perceived quality of care from patients Klein et al. (2010)
Clinical Care Quality Hospital infections increase in patients with burnt-out clinicians Galletta et al. (2016)
Clinical Care Quality Psychological evaluations and consultation lengths increase with burnt-out clinicians Zantinge et al. (2009)
Clinical Care Quality Recovery times are longer for those who were treated by burnout clinicians Halbesleben and Rathert (2008)
Clinical Patient-safety burnt-out clinicians are associated with decreased patient safety measures Welp et al. (2016)

A.2 List of Data

The following data was furnished by the partner health system for the analyses in this paper. Note that all data was

de-identified to protect the identities of all clinicians.

• Demographic data: age, gender, ethnicity, marital status

• Average commute time to and from work

• Employment data: role type, date of hire, date of termination

• Medical billing data: procedure type, RVU totals, time and date

• Financial data: profitability of departments, compensation of clinicians

• Departmental data: region, number of employees

• Scheduling data: dates and times clinicians worked

• Patient satisfaction data
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