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Extant literature provides strong evidence that service quality (e.g., patient outcomes) deteriorates at high

levels of workload. In this paper, we use a detailed dataset from the delivery unit of a major teaching

hospital to better understand how workload impacts quality. We consider two mechanisms: direct impact

through deterioration in the quality of task execution and indirect through the choice of care pathway. First,

we demonstrate that workload has an effect on the care pathway – discretionary but resource-intensive

interventions, such as pain relief, are less likely to be administered at high workloads. Second, we show that

workload increases the propensity of some adverse outcomes, such as perineal tears, and reduces others,

such as emergency cesarean sections. The effect on perineal tears is predominantly direct, while the effect on

cesarean sections is indirect. We also examine post-birth length of stay and find that the direct and indirect

effects work in opposite directions; while both effects are individually significant, they cancel each other out

on aggregate. Our results provide a better understanding of how workload affects quality in service settings

and we demonstrate how they can be used to predict changes in outcomes and costs under different demand

and staffing scenarios.
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1. Introduction

In recent years, hospitals have been under sustained pressure to reduce costs. In the US, for

example, the 2010 Affordable Care Act contained specific measures aimed at slowing or reversing

the growth of healthcare costs (ACA 2010). Similarly, the UK’s National Health Service (NHS)

was instructed to make savings of 4% per year over 2011-2014 (Hurst and Williams 2012). Since

labor cost constitute more than half of hospital expenses (Guerin-Calvert 2011, Hurst and Williams

2012), the almost uniform response has been to cut front-line staff in hospitals and re-prioritize

patient care so that only the most urgent cases receive hospital treatment. These structural changes
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continue to have a significant impact on the workload of individual hospital-based healthcare

providers such as nurses and doctors.

It can be argued that running acute hospitals at high utilization is desirable as it improves

efficiency. However, due to the stochastic nature of both emergency demand and service duration,

hospitals running close to full capacity will occasionally have to deal with an unmanageably high

level of workload. Hospitals use a number of strategies to cope with such periods of excessive

demand, including ambulance diversions (Deo and Gurvich 2011), cancelations of elective surgical

procedures (Nasr et al. 2004), premature discharges (KC and Terwiesch 2012), and admission to a

less appropriate level of care (Chan et al. 2012). Nevertheless, there is empirical evidence to suggest

that increased workload has an adverse impact on operational performance and service quality.

For example, as workload increases the accuracy of hospital discharge coding deteriorates (Powell

et al. 2012), nurse absenteeism rises (Green et al. 2013), and, perhaps most importantly, patient

outcomes deteriorate (Needleman et al. 2011, Kuntz et al. 2014).

The above body of research treats the hospital environment largely as a “black box” and seeks

to estimate the aggregate effect of system load, usually measured by bed occupancy, on outcomes

such as mortality, readmission, length of stay, reimbursement, and absenteeism. While these studies

provide evidence that workload is a quality-critical factor, they have done little to identify the

mechanisms through which workload impacts outcomes. The goal of this study is to address this

limitation by opening the “black box” and examining one mechanism through which workload

affects outcomes: the chosen care pathway for a given condition.1 More specifically, our aim is to

first understand how workload affects the care pathway decisions made by providers and then to

establish to what extent a workload-induced deterioration in outcomes is the result of a change in

the quality of execution along the chosen care pathway – which we call the direct effect of workload

– or due to a change in the care pathway itself – which we call the indirect effect of workload.

Our attempt to identify the mechanism by which workload affects outcomes, and specifically

to disentangle the direct effect from the indirect effect, is econometrically challenging for two

reasons. The first challenge has to do with the level of data granularity required. We require not

only detailed staffing and patient-level outcome data but also information on the possible care

pathways for a condition and the actual path taken in each case. This information is usually not

available in the standard discharge records utilized in the literature. The second challenge stems

from the fact that patients are not randomly assigned to care pathways. Instead, this decision

takes into account patients’ medical history, complications, and comorbidities (some of which may

not be observable to us as researchers). Therefore, patients who may be considered more likely to

1 Care pathways are discrete treatment paths distinguished by the type of care provided and the amount of resources
dedicated to patient care.
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experience a particular outcome may also be more likely to be sent down a particular care pathway.

This endogeneity complicates our attempt to identify the impact of the choice of care pathway on

outcomes, and through that the indirect effect of workload.

To overcome the first challenge, we assembled a detailed dataset from a maternity unit of a large

UK-based teaching hospital over a four-year period, amounting to over 18,000 births. The delivery

unit (DU), which we describe in more detail in §3, offers several econometric advantages. First, once

we exclude scheduled cesarean sections (C-sections), the arrival process is random (homogeneous

Poisson), and since women in labor are emergent patients, they cannot be selectively canceled

or re-prioritized. This provides statistically exploitable exogenous variation in workload. Second,

the DU offers a set of well-defined and easy-to-observe care pathways that differ substantially in

terms of the resources required for patient care. The least resource-intensive pathway is a natural

birth. Interventions that are more resource intensive include pain relief, such as epidural analgesia,

and instrumental deliveries. Third, the data contains a number of well-defined outcome measures

that are frequently used for cross-hospital comparisons. For our study we use three outcomes,

two of which are clinical and one operational: third- or fourth-degree perineal tears, emergency

C-sections,2 and post-birth length of stay (LOS).

To address the second challenge, we specify and estimate econometric models that account

and correct for non-random assignment: recursive bivariate probit, Heckman treatment effect, and

endogenous switching regression (Tobit-5). These models estimate simultaneously (i) the propensity

of a patient being assigned to a specific care pathway and (ii) the outcome given the selected care

pathway. The simultaneous estimation takes into account that the error terms might be correlated,

i.e., that there exist unobservable factors that affect both the assignment and the outcome. To

estimate these models consistently it is desirable to identify at least one variable that affects the

selection equation but has no direct effect on the outcome equation: a condition known as “exclusion

restriction” (Wooldridge 2002). We identify such a variable – the average operating theater use in

the hours prior to delivery – which takes advantage of the fact that decisions that affect the care

pathway are typically separated by a significant time lag from outcomes.

We obtain two main results. First, workload has a pronounced impact on the care pathway.

Women delivering when the DU is at the 90th percentile of workload are 6.3% less likely to receive

an intervention than those at the 10th percentile. Decomposing this further we find that this

workload effect is concentrated at discretionary decision points, such as whether to administer

2 An emergency C-section could be viewed as an intervention rather than an outcome. In this analysis we use the
term intervention for less severe treatments such as epidural analgesia and instrumental delivery. This is discussed
further in §3.
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epidural analgesia for pain relief; interventions for which there are strong clinical indications, such

as instrumental deliveries, are not significantly affected by workload.

Second, the impact of workload on outcomes is also significant but more nuanced.

1. In the case of perineal tears, we find that workload has a positive and significant effect. We

observe a 20.1% increase in the incidence of tears at the 90th percentile of workload as compared

to the 10th percentile. Furthermore, the effect is primarily direct, i.e., due to midwives having to

look after more patients simultaneously rather than a change in care pathway.

2. The impact of workload on the incidence of emergency C-sections is negative, suggesting that

at high workload fewer emergency C-sections are performed. At the 90th percentile of workload,

an emergency C-section is 2.5% less likely to occur than at the 10th percentile. We find that this

effect is predominantly indirect, i.e., is a result of a change in the care pathway.

3. The impact of workload on post-birth LOS is, on average, statistically indistinguishable from

zero. Nevertheless, our analysis suggests that workload does have a positive direct effect, but only

for women who do not receive an epidural: Those delivering at the 90th percentile of workload stay

4.4% longer than those at the 10th percentile. Furthermore, workload has a negative indirect effect

on post-birth LOS: Women who receive an epidural stay 44.3% longer and workload reduces the

epidural rate.

These results have important managerial implications. First, we find that the impact of workload

is easily misunderstood if not properly decomposed into direct and indirect effects. This is most

obvious in the case of post-birth LOS, where one might erroneously conclude that workload does

not matter. While this is true on average, workload does matter for some patients. In particular,

managerial interventions that target the positive effect of increased workload on LOS for those

patients that do not receive epidural analgesia would lead to an overall reduction in LOS. Further-

more, without decomposition it could be understood that there is a workload-related reduction

in the provision of emergency C-sections. Based on this, recommendations to management might

include examining the robustness of the emergency C-section decision-making process and adding

C-section capacity to avoid this apparent rationing at busy periods. These recommendations would

be incorrect. The decomposition shows that the workload-related reduction in the incidence of

emergency C-sections is indirect, i.e., is caused by a reduction in more benign interventions, such

as epidural analgesia, made earlier on in the care process.

Second, our findings can be used to complement capacity planning by predicting how outcomes,

as well as the cost of patient care, are likely to change with different staffing levels or demand

scenarios (for an example in a similar context see Green and Liu 2013). For instance, through a

counterfactual analysis we demonstrate that if the hospital we study increased staffing to provide

the desired one-to-one care 95% of the time, up from the 30% currently achieved, then the epidural
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rate would increase by 4.6% leading to a 1.7% increase in the incidence of emergency C-sections,

while the rate of perineal tearing would decrease by 10.8%. Using recent cost figures (Curtis 2012,

NICE 2012), this increase in staffing, which would cost the hospital approximately £1,460,000

p.a. to implement, would also lead to a net increase in the cost of patient care by approximately

£70,000 p.a. (or 4.8% of the additional staffing cost), due mainly to the increase in the number of

emergency C-sections.

In summary, opening the organizational “black box” and studying workload effects at the level of

a sequential process with appropriate econometric methods has uncovered a surprising richness of

phenomena. Beside the insights we obtain in our context, our methodology is generally applicable

to sequential processes in healthcare and beyond and can help managers identify where “quality”

bottlenecks occur.

2. Literature Review

Our research contributes to the literature on the effect of system load on system performance in

contexts where servers have some discretion over service provision. Oliva and Sterman (2001) were

among the first to systematically study how workers begin to cut corners when workload pressure

increases. Whether and how this happens matters because systems with discretionary completion

times can exhibit surprising and even paradoxical effects. Hopp et al. (2007), for example, demon-

strate that in such systems an increase in capacity can lead to an increase in waiting times. Much

of the subsequent empirical literature has focused on healthcare systems, where data is increasingly

available and the implications, specifically in terms of morbidity or mortality, can be particularly

serious. In the context of patient transport, KC and Terwiesch (2009) show that in the short term

the system responds to an increase in workload by reducing service times, while in the longer term

a sustained increase in load has a detrimental effect. By contrast, Berry-Jaeker and Tucker (2013)

show that in the context of in-patient care, workload can prolong service times and increase patient

LOS and that there are spillover effects across patient types. In the context of emergency care,

Batt and Terwiesch (2012) show that simultaneous speed-up and slow-down mechanisms come into

play as workload changes, with task reduction being counterbalanced by a general slowdown in

common treatment processes. These studies provide clear evidence that service times change in

response to workload, albeit that the direction of the change depends on the context.

In addition to service times, researchers have also studied the relationship between workload

and other operational, financial, and service quality metrics. Green et al. (2013) show that nurse

absenteeism rates are linked to anticipated workload. Powell et al. (2012) find that patients dis-

charged at higher workload levels are less likely to be classified as “high severity” for reimbursement

purposes, which can have a significant detrimental effect on a department’s revenues. In addition,
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several studies have focused on the impact of workload on quality of care. KC and Terwiesch (2009)

estimate the effect of workload on the mortality of cardiothoracic patients and find that load,

as measured by bed occupancy, has no significant effect, while long periods of increased load are

correlated with higher mortality rates. Kuntz et al. (2014) suggest that the lack of an occupancy

effect in KC and Terwiesch (2009) may be due to the assumed linear relationship and argue that

organizational workload affects mortality in a non-linear fashion. Using a large data set of 85 Ger-

man hospitals, they provide evidence for a tipping point effect, where mortality is unaffected by

occupancy variation until occupancy crosses a threshold, beyond which it affects mortality signif-

icantly. A similar effect of workload has been identified by Tan and Netessine (2012), who find a

non-linear effect between the number of diners assigned to waiting staff and staff sales performance

in the context of a restaurant chain. In this case, sales initially increase with load as staff become

more motivated but ultimately decline as staff become overworked.

These workload studies in the operations literature are complemented by several studies in the

medical literature. Needleman et al. (2002) find that higher nurse staffing levels can reduce the

prevalence of poor nurse-sensitive patient outcomes such as urinary tract infections and “failures

to rescue.” In a study of 232 Californian acute care hospitals, Cho et al. (2003) calculate that a

one-unit increase in the ratio of registered nurses per patient-day can reduce the odds of acquiring

pneumonia by 8.9% among surgical patients. More significantly, higher load has been consistently

shown to increase the mortality rate (see e.g., the review in Kane et al. 2007). In one of the most

comprehensive studies to date and using a sample of nearly 200,000 patient records, Needleman

et al. (2011) find a significantly increased mortality risk when staffing levels fall below their acuity-

adjusted targets and when patient turnover is high.

The aforementioned literature has focused primarily on extricating the aggregate effect of work-

load on services and outcomes without explicitly distinguishing between the exact mechanisms

behind the effect. The exception to this is recent work on intensive care units (ICUs) by Chan et al.

(2012) and KC and Terwiesch (2012). At higher levels of ICU occupancy the former study finds

that there is a decrease in the chance of ICU admission, while the latter shows that there is an

increase in the chance that a patient will be discharged early. Together these papers indicate that

workload affects patient physical routing decisions and that this has an adverse effect on patient

outcomes; e.g., they find that re-routed patients are more likely to require readmission to the ICU.

In summary, our work integrates two streams of research: work on the aggregate effect of workload

on outcomes and research on the effect of workload on decisions regarding the type of care a

patient receives. Specifically, we propose a methodology that allows us to study how workload

affects outcomes through its effect on both the decision of which care pathway to send a patient

down and the quality of execution along the chosen care pathway.
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3. Clinical Setting

The setting for this study is the delivery unit (DU) in the maternity department of a large UK

teaching hospital. The DU is the primary location for childbirth and immediate post-natal care and

is made up of standard delivery rooms, clinical rooms for higher-risk patients, obstetric theaters,

and a recovery bay. It sits within a typical maternity hospital that also contains an ante-natal

unit, which provides care for patients with problematic pregnancies, a post-natal unit, in which

women and babies are observed in the period post-birth but before discharge, and a neonatal unit,

which specializes in providing additional care for babies (DH 2013). This setting is important as

childbirth is the most common cause of hospital admission and accounts for 2.8% of all healthcare

expenditure in the UK (NAO 2013).

The DU deals essentially with two types of patients: scheduled and unscheduled. Scheduled

patients, who make up 14.6% of the total observations, are those admitted for an elective C-

section. For these patients the date of delivery is pre-booked and the care pathway is locked-in

in advance. Elective C-sections are performed in a dedicated operating theater, attached to the

DU, by a dedicated team of specialists. As a result, these elective procedures are not likely to be

affected by workload conditions at the DU. We therefore exclude these deliveries from our main

sample. Unscheduled patients, who make up the remaining 85.4% of total observations, consist of

those who either anticipate a natural birth or have arrived before their scheduled elective C-section

(e.g., because of the early onset of labor). For these patients the arrival date cannot be accurately

predicted and the care pathway is not fixed in advance. The unpredictable nature of these births,

as evident from Figure 1, makes the arrival process largely random and uncontrollable, without

any significant seasonal or daily variations. This unpredictability, which also makes it difficult to

plan staffing levels, gives rise to econometrically useful variation in workload.

Setting aside elective C-sections, there are three main routes into the DU: (i) directly if in labor

on arrival, (ii) transfer from the ante-natal unit, and (iii) transfer from a waiting lounge. The main

route out of the DU is into the post-natal unit. This routing is illustrated in Figure 2. When an

unscheduled patient arrives at the DU she is assigned a primary midwife who is responsible for

her well-being, as well as that of the baby, throughout labor and childbirth. The midwife must

attend the patient regularly in order to observe the frequency of contractions, monitor the fetal

and maternal heart rate, record temperature and blood pressure, determine whether there is need

for a doctor to intervene, and perform other related activities. For an uncomplicated birth, the

midwife will also perform the delivery, carry out an initial examination of the baby, and provide

the immediate post-natal care for the mother.

Depending on individual patient circumstances, there are a range of interventions that can be

used. The most common of these are induction of labor, epidural analgesia, and instrumental
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Figure 1 Number of births by hour of day and month of year (mean with 95% confidence intervals and 25th

and 75th percentiles), and time series of number of births per day in 2011.

Figure 2 Standard patient flow through the maternity hospital.

delivery. A patient that experiences any of these procedures is said to have deviated from the

“normal delivery” pathway and outcomes for births with intervention are frequently compared to

those for natural births (MCWP 2007).

Induction of labor is the use of a vaginally administered drug to start contractions. It is most

commonly performed when the baby is overdue, although other factors, such as maternal health

or waters breaking early, may indicate induction. The decision to induce is almost always taken

in advance of the patient arriving at the hospital and is performed in the ante-natal unit, with

the patient being transferred to the DU when labor begins. This process typically takes more than

10 hours (Griffiths et al. 2002), meaning that DU workload conditions are unlikely to influence

the induction decision. We note that inductions are occasionally canceled due to workload-related

pressure; however, this is due mainly to a lack of available beds in the ante-natal unit rather

than DU workload. For this reason, we control for induction in our empirical analysis but do not

explicitly examine whether the induction rate is affected by DU workload.
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Epidural analgesia is usually administered to improve patient experience when gas and other

painkillers provide insufficient pain relief. It involves the injection of painkilling drugs into the lower

back, which aims to block the nerves and reduce or eliminate labor pain. This form of intervention

is highly discretionary; it is typically given no later than two hours before delivery and must be

administered by an anesthesiologist at the recommendation of an obstetric doctor, who assesses

suitability based on the progress of labor and any presence of contraindications. The procedure

takes approximately 20 minutes to perform, and post-provision there must be a midwife with the

patient at all times in order to take her blood pressure at regular intervals and to monitor the baby’s

heart rate (continuously for at least 30 minutes) to ensure that no complications arise. The need

for specialist doctors and post-procedure supervision makes an epidural highly resource-intensive.

From a medical perspective, an epidural can also have disadvantages, such as reducing maternal

blood pressure (which may affect the flow of oxygen to the baby), the potential for drugs to cross the

placenta (which can affect the baby’s breathing and cause drowsiness), slower labor, and increased

risk of further interventions such as augmentation (speeding up of labor) and instrumental delivery

or an emergency C-section (Anim-Somuah et al. 2011).

Instrumental deliveries and/or emergency C-sections are carried out if labor is prolonged or if

there is an observed deterioration in the health of the mother or baby that indicates that a natural

birth is unlikely. For an instrumental delivery the baby is delivered manually using instruments

such as forceps or a vacuum pump. The decision to assist will be made either on arrival at the DU

or at some point during labor when medical circumstances demand it. The intervention itself is

carried out by an obstetric doctor usually in the operating theater (although instrumental deliveries

may occasionally take place in the delivery room). The procedure takes on average 45 minutes to

perform and requires the presence of at least one midwife and, on occasion, a team of specialists,

including an anesthesiologist and a pediatrician.

Emergency C-sections are performed when the physician believes that the delivery will not occur

vaginally without placing the woman or baby under undue risk. An emergency C-section is clinically

essential in the light of the perceived risk to the patient’s health, which distinguishes it from an

instrumental delivery. Emergency C-sections are major surgeries carried out under regional or,

occasionally, local anesthetic and take 30-45 minutes to perform. Furthermore, they are one of the

most resource-intensive and costly processes in the DU; they carry significant risk for the patient

– such as hemorrhage, infection, thrombosis, and an increased risk of complications in subsequent

pregnancies (Bragg et al. 2010) – and have a significant effect on both post-birth recovery times and

patient experience (Henderson et al. 2001). After delivery, women who have had an instrumental

delivery or emergency C-section remain in the recovery bay for a short time to be looked after by

specialist nurses before being transferred to the post-natal unit.
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In addition to well-defined interventions (which constitute the care pathway), we can also observe

a number of well-defined outcome measures. For our study we use two clinical outcomes, (i) severe

(third- or fourth-degree) perineal tears and (ii) emergency C-sections, as well as one operational

outcome: (iii) post-birth LOS. The rate of perineal tearing is commonly used as an indicator for

cross-hospital comparison and features on the list of 26 hospital safety indicators compiled by the

US Department of Health & Human Services Agency for Healthcare Research and Quality (AHRQ

2013). There is also extensive evidence on the associated risk factors (see e.g., Handa et al. 2001,

de Leeuw et al. 2001, Eskandar and Shet 2009). Our second outcome metric is delivery by emergency

C-section. In contrast to instrumental delivery, which we consider to be a form of intervention, we

consider emergency C-section as an outcome in its own right. The considerable variation between

emergency C-section rates across hospitals, even after patient risk-adjustment (Bragg et al. 2010),

suggests that organizational factors, such as workload, may explain the occurrence of this outcome.

Our third outcome metric, post-birth LOS, is an operational measure of quality of care that captures

the aggregate effect (if any) that DU workload has on the utilization of hospital resources further

downstream in the post-natal unit.

Finally, we note that hospital staff in the UK that work for the NHS receive a fixed-rate salary;

remuneration is not linked to performance or results (either clinical nor financial). Therefore, staff

have no personal financial incentive to recommend or warn away from any particular course of

treatment on the grounds of cost (Lilley 2003).

4. Hypothesis Development

For a healthy woman and baby, a natural, unmedicated birth is the most desirable outcome. Since

the arrival process for high-risk women and babies is exogenous, workload conditions in the DU

would be expected to have no impact on the rate of natural births. However, in practice DU work-

load may affect the choice of care pathway – natural or interventional birth – in two ways: First, at

low-workload conditions there may be an over-treatment effect, with patients receiving unnecessary

intervention as a result of excess resource availability. Simply put, unoccupied staff may create work

to fill their time: an idea that gives rise to the idiom “the devil makes work for idle hands” (Tan and

Netessine 2012). Moreover, low-workload conditions may result in over-monitoring, leading to false

alarms and a higher likelihood of adopting an “act-early” rather than a “wait-and-see” approach,

which triggers unnecessary medical interventions. Second, at high workload levels resources become

stretched and so rationing must occur in order to cope with the increased demand. For example,

more time-consuming treatment options may become infeasible to administer due to a shortage of

staff. Combined, these two effects suggest that interventions are less likely to occur as workload

increases, leading to our first hypothesis:
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Figure 3 Hypothesized effect of workload on patient outcomes.

(H1a) As workload increases the likelihood that a patient will follow a less resource-intensive

care pathway, such as a natural birth, increases.

The main interventions in a DU (induction, epidural analgesia, instrumental delivery, and emer-

gency C-section) are described in §3. To examine the workload effect on processes more closely, we

focus specifically on epidural analgesia and instrumental delivery.3 From hereon in, the term “inter-

vention” refers solely to these two procedures. An intervention is highly resource-intensive and

places additional demands on midwives’ time in the form of additional monitoring and one-to-one

care. At the same time, there is a degree of flexibility and discretion in the decision to intervene.

Epidural analgesia is administered primarily for comfort purposes and is not typically indicated by

clinical concerns over the health of the woman and baby. At times of low workload, the option to

have an epidural is made more available, which may result in higher uptake by patients. Conversely,

although the decision to deliver instrumentally is not always clear-cut, it is less discretionary. Indi-

cations for instrumental delivery are outlined in clinical guidelines and include fetal compromise,

medical conditions (e.g., cardiac disease) that require a shortening of the second stage of labor,

and inadequate progress based on clearly defined progress times (RCOG 2011). As a result of the

discretionary element, we anticipate that the decision to administer an epidural is affected more

by workload than the decision to deliver instrumentally.

(H1b) Workload affects largely discretionary interventions, such as epidural analgesia, more

than less discretionary interventions, such as instrumental delivery.

Hypotheses 1a and 1b are concerned with workload effects on pathway decisions – whether or not

to intervene in the natural birth process. We next consider the effect of workload on three outcomes:

perineal tears, emergency C-sections, and post-birth LOS. The potential adverse effect of workload

on outcomes is discussed in a series of papers (Needleman et al. 2011, KC and Terwiesch 2009,

Kuntz et al. 2014). In contrast to these papers, we will consider how workload affects outcomes.

3 This is due to the fact that DU workload is not expected to affect or be affected by inductions and emergency
C-sections are considered an outcome, as discussed in §3.
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Specifically, we wish to understand whether a workload effect on outcomes is due primarily to

a deterioration in the quality of execution over a patient episode or to a discrete decision made

during care delivery, i.e., the chosen care pathway.

Since we posit in Hypothesis 1b that workload affects the rate of epidural analgesia more than

that of instrumental delivery, and since the epidural decision has been identified by midwives in

the DU as the critical decision that “set women off on a path to further intervention,” we focus

specifically on the effect of epidural analgesia on outcomes. We argue that the incidence of perineal

tearing and emergency C-sections is affected differently by workload. Consider the path diagram

shown in Figure 3. We claim that the effect of workload on the incidence of tearing is positive and

predominantly direct, i.e., increased incidence is the result of deteriorating quality of execution

brought about by higher workload. Precautionary action against tearing is difficult owing to the

challenge in predicting if and how it will occur prior to labor (Williams et al. 2005); however,

there is evidence that appropriate midwifery care during labor can reduce the likelihood of a tear

(Aasheim et al. 2011). Furthermore, medical literature on the effect of epidural analgesia on the

propensity of tearing is sparse and the findings are mixed (Albers et al. 2007, Donnelly et al. 1988).

This leads us to our next hypothesis:

(H2a) Higher workload increases the propensity of perineal tears. The effect is primarily direct,

i.e., related primarily to deteriorating quality of execution brought about by increased workload,

rather than indirect.

Emergency C-section rates are less likely to be directly affected by DU workload for two reasons:

First, senior obstetricians are involved in the decision-making process for an emergency C-section;

and second, an emergency C-section is a serious intervention in response to severely compromising

or potentially life-threatening clinical indications (NICE 2012). However, it is possible that an

earlier decision as to whether to administer an epidural will affect the likelihood of an emergency C-

section: epidural analgesia slows down contractions and prolongs labor, which may cause additional

distress for the woman or baby and lead to an emergency C-section. In addition, women who

receive epidural analgesia are connected to a fetal heart rate monitor, which has been shown to

increase the likelihood of an emergency C-section (Alfirevic et al. 2013). Therefore, in contrast to

perineal tears, the effect of workload on the rate of emergency C-sections is hypothesized to be

largely indirect. Since we have already hypothesized that the epidural propensity is reduced with

increased workload, we can infer that workload has a negative indirect effect on the propensity

of emergency C-sections due to the presumed increase in the likelihood of further escalation that

epidural analgesia brings.

(H2b) Higher workload reduces the propensity of emergency C-sections. The effect is primarily

indirect, i.e., related to the earlier decision to administer epidural analgesia, rather than direct.
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Turning to the impact of DU workload on post-birth LOS, we expect that workload will have

a positive direct effect. As argued in Hypothesis 2a, higher workload leads to a deterioration in

the quality of execution, which manifests as an increase in the propensity of complications such as

tears. A woman who experiences such complications will require a longer LOS in the post-natal

unit to recover, which leads us to our next hypothesis:

(H3a) The direct effect of an increase in DU workload is an increase in post-birth LOS, caused

by deterioration in the quality of execution.

In addition to the positive direct effect, we also expect DU workload to have a negative indirect

effect. As argued in Hypotheses 1a and 1b, higher workload reduces the rate of interventions,

particularly the administering of epidural analgesia. Women who receive such interventions often

experience side effects, such as nausea, vomiting, urinary retention, and respiratory depression,

and are also more likely to receive an emergency C-section (Anim-Somuah et al. 2011). Since these

complications will prolong post-birth LOS, an increase in DU workload will lead to an indirect

reduction in post-birth LOS.

(H3b) The indirect effect of an increase in DU workload is a decrease in post-birth LOS, caused

by a reduction in the number of epidurals administered.

It is not possible to hypothesize whether the direct effect of Hypothesis 3a or the indirect effect

of Hypothesis 3b dominates.

5. Data and Variable Description

Our primary data set contains information on all births that occurred in the hospital we study

between January 1, 2007 and March 1, 2012. In total 18,128 births occurred in the DU during our

observation period. For each patient we have information on (i) arrival and departure times and

time stamps for any transfers between units, (ii) pregnancy-related diagnoses, classified according

to the WHO’s International Classification of Diseases ICD-10 (WHO 2011), and (iii) the procedures

performed, classified according to the Classification of Interventions and Procedures OPSC-4.6

(HSC 2013), the UK equivalent of the American Medical Association’s CPT coding system (AMA

2013). The ICD-10 data provides a detailed overview of any health-related conditions that the

patient was diagnosed with prior to or during their stay. In addition to serving as indicators and

contra-indicators for the choice of procedures, these factors allow us to account for much of the

across-patient heterogeneity. The OPSC-4.6 codes provide information on a range of interventions,

such as inductions and epidural analgesia, and the delivery method. On the staffing side, we have

data from April 1, 2008 onwards detailing every shift worked by midwives, nurses, and maternity

care assistants in the maternity hospital during this period. Therefore, the time window for our

analysis is April 1, 2008 to February 1, 2012 (the last month of data is discarded to avoid problems
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Table 1 Descriptive Statistics and Correlation Table

Descriptive statistics Correlation table

Variable Mean SD Min Max (2) (3) (4) (5) (6) (7)

(1) Workload 1.18 0.37 0.22 3.28 -0.032∗∗∗ -0.036∗∗∗ -0.005 0.022∗ -0.011 -0.006
(2) Intervention 0.43 – 0 1 0.855∗∗∗ 0.556∗∗∗ 0.031∗∗∗ 0.041∗∗∗ 0.109∗∗∗

(3) Epidural analgesia 0.36 – 0 1 0.255∗∗∗ -0.011 0.121∗∗∗ 0.122∗∗∗

(4) Instrumental delivery 0.19 – 0 1 0.072∗∗∗ -0.244∗∗∗ 0.036∗∗∗

(5) Perineal tear 0.05 – 0 1 – 0.024∗∗

(6) Emergency C-section 0.20 – 0 1 0.345∗∗∗

(7) Post-birth LOS (hours) 44.0 41.3 0.4 578.7

***p < 0.001, **p < 0.01, *p < 0.05

associated with, for example, delayed data entry). Together the data sources give us a detailed

insight into the conditions surrounding each birth.

Our goal is to investigate the impact of workload on outcomes through its effect on both the

choice of care pathway and the quality of execution along the chosen care pathway. To identify

changes to the care pathway, we study natural vs. interventional (INTERV ) births. We define

an interventional birth as one in which epidural analgesia (EPI) and/or an instrumental delivery

(INSTR) was used. As reported in Table 1, approximately 9 in 20 births was interventional, with

7 in 20 births involving an epidural and 4 in 20 requiring an instrumental delivery.

The first outcome variable of interest is the occurrence of perineal tearing (TEAR). Cases of

tearing were identified using any of the following: ICD-10 codes O70.2-3 and O71.3-5 or OPSC-4

codes R32.1-2 and R32.8 with Z42.1. Since emergency C-section patients do not experience vaginal

delivery or, subsequently, perineal tearing, we exclude them from the TEAR analysis, leaving

12,080 observations. Approximately 5% of these remaining patients experienced third- or fourth-

degree perineal tearing. The low incidence of tearing reflects the relatively safe nature of childbirth

in developed countries; however, it also makes the estimation of our models more challenging. The

second outcome, emergency C-section, is identified by the OPSC-4 codes R18.1-9 and was observed

in approximately 20% of births. For the analysis pertaining to emergency C-sections we use the

full sample of 15,117 births. In order to quantify our final outcome, post-birth LOS (PBLOS), we

take the difference between time of birth and hospital discharge time, both of which are accurately

reported in our data. This measure is heavily skewed, as shown in Figure 4 (left), with a median

and mean of 32 and 44 hours, respectively. To reduce heteroskedasticity, for our main regressions

we use its natural logarithm. The full sample of 15,117 non-elective C-section patients is used again

for this investigation.

We also need to construct an accurate measure of workload. Other studies of hospital workload

(e.g., KC and Terwiesch 2012, Kuntz et al. 2014) use occupancy, i.e., the number of patients present

in the unit, to represent load. One problem with this measure is that it does not accurately account



Freeman, Savva and Scholtes: Decomposing the Effect of Workload on Patient Outcomes 15

Figure 4 Histogram of post-birth LOS (left) and workload (right).
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for differences in staffing. Instead, these studies argue that staffing levels are stable over time and

use day-of-the-week and shift-level dummy variables to capture any variation in the numbers and

experience-mix of staff on duty. While these fixed-effect corrections are a good first approximation,

especially for variations in physician staffing, they often fail to account for differences in nursing

levels. Nursing levels exhibit a higher degree of variability than physician levels due to, for example,

the chronic shortage of nurses, illness, holidays, maternity leave, restrictions due to labor laws and

regulations, the availability of temporary agency staff, and requests for re-deployment to other

areas of the hospital. Our detailed staffing data, which includes real-time information on how many

midwives were present in the DU, allows us to overcome these limitations. For our study we use

the patient count divided by the number of midwives on duty as our workload measure.

The workload that we assign to each patient is the time-weighted average load for the period

two hours prior to birth. Two hours is chosen to capture both the majority of the time the patient

spends in active labor, which is typically when the epidural decision is made, and the workload

around the time of birth, which is the most critical when examining the direct effect on our chosen

outcomes. It is also a short enough period to allow sufficient variation to enter into the workload

variable.4 IfN(t) is the number of patients in the DU at time t (including elective C-section patients,

since they are also assigned a midwife) and MW (t) is the number of midwives, the instantaneous

workload at any time t can then be expressed as

LOAD(t) =
N(t)

MW (t)
.

4 Instead of calculating the time-weighted average load over a fixed interval (two hours in this case), it might seem
more natural to do so by averaging over the whole duration of labor. We do not do this, because it has the potential of
introducing bias. In particular, as the time spent in labor is correlated with complications, the risk profile of a patient
with a short labor will differ from that of a patient with a longer labor. Since averaging workload over a shorter time
frame is more likely to generate more extreme levels of average workload, this would cause our dependent variables
to be spuriously related to workload.
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We calculate the time-weighted average load for a patient i who gives birth at time bi using the

following averaging formula

LOADi =
∑

k∈L(si,bi)

k

bi − si

∫ bi

si

1[LOAD(t) = k]dt , (1)

where si is the time two hours prior to birth, L(si, bi) is the set of all observed values of LOAD(t)

between t= si and t= bi and 1[·] is the indicator function.

As reported in Table 1 the average workload is 1.18 patients per midwife, and its histogram is

shown in Figure 4 (right). Since the ideal target is to have one midwife present per woman in labor

(NAO 2013), this suggests that the DU is under-provisioned for 70% of deliveries. Furthermore,

the positive correlation (coef. 0.114, which is significant at the 0.1% level and remains significant

even after we control for time-of-day fixed effects) between occupancy and the number of midwives

on duty (note that both occupancy and the number of midwives are, for the same reasons as

described for workload, calculated as their time-weighted average in the two-hour period prior

to birth) suggests that the hospital tries but fails to perfectly adjust the supply of resources to

meet demand. This reinforces the importance of including information about staffing (and not just

occupancy) in workload measures.

6. Econometric Models and Results: Interventions

We begin our empirical investigation by seeking to identify whether workload has an impact on

the care pathway. We do so by estimating the likelihood of receiving an intervention at different

levels of load.

6.1. Econometric Specification

To determine whether the prevalence of interventions changes with workload we build a latent-

variable model (probit) for interventions with the time-weighted average load of (1) as the explana-

tory variable of interest, controlling for a wide range of maternal, contextual, medical, and other

factors. A full list of controls can be found in Appendix A. This takes the form

INTERV ∗
i =α0 +Wiα1 +LOADiα2 + δi (2)

INTERVi =1[INTERV ∗
i > 0] (3)

δi ∼N (0,1) ,

where 1[·] is an indicator function taking value one if the condition inside the brackets is satisfied

and zero otherwise and the vector Wi contains the set of individual and environmental controls

relevant for patient i. If higher workload has the effect of reducing the likelihood of receiving an

intervention, as is hypothesized in (H1a), then we should expect that α2 < 0.
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Next, we unbundle the intervention variable and consider the workload effect on the rate of

epidural analgesia and instrumental deliveries. In this section we model epidural analgesia and

instrumental delivery as independent events. In §8.2 we show that this simplifying assumption does

not have a material impact on our results. We model the impact of workload on epidural analgesia

using the same set of exogenous covariates as for interventions, i.e.,

EPI∗i =β0 +Wiβ1 +LOADiβ2 +ωi (4)

EPIi =1[EPI∗i > 0] (5)

ωi ∼N (0,1) .

We proceed in the same way for instrumental deliveries but include epidural analgesia as an

additional control. This is done to allow for the possibility that an epidural, which if administered

would always be given prior to an instrumental delivery, may increase the risk of a patient requiring

an instrumental delivery (Liu and Sia 2004). This takes the form

INSTR∗
i =γ0 +Wiγ1 +LOADiγ2 +EPIiγ3 + ϵi (6)

INSTRi =1[INSTR∗
i > 0] (7)

ϵi ∼N (0,1) .

For completeness we will consider both the model where γ3 is restricted to 0 and that where it

is a parameter for estimation. We are interested in whether workload has a greater effect on the

rate of epidural analgesia than the incidence of instrumental delivery, due to the greater level of

discretion, as hypothesized in (H1b). If this is the case, then we would expect to find that the

marginal effect of LOAD on the epidural rate is greater than on the instrumental delivery rate.

The models described in this section were estimated using maximum likelihood estimation tech-

niques (Greene 2002, p. 508-512), implemented in the cmp function in Stata 12.1 (Roodman 2011).

6.2. Results

Table 2 reports the estimated coefficients with robust standard errors. In discussing the findings

we define a low-workload scenario as one that occurs at the 10th percentile of workload in the

sample (0.752) and a high-workload scenario as one that occurs at the 90th percentile of workload

(1.651). We compare outcomes under these two scenarios.

We find that there is a significant effect (coef. −0.097, p-value = 0.008) of an increase in workload

on the likelihood of a patient receiving an intervention; this is in line with our hypothesis (H1a)

that care pathways are modified as operational conditions change. Our model predicts that a

patient who arrives in the DU when workload is high is 6.3% less likely (relative, 2.8% absolute)

to receive an intervention than one who arrives when workload is low.
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Table 2 Coefficient Estimates in Statistical Models for Interventions

Probit

(1) Intervention (2) Epidural (3) Instr. Delivery (4) Instr. Delivery

Workload -0.097∗∗ -0.079∗ -0.057 -0.041
(0.037) (0.037) (0.042) (0.043)

Epidural – – – 0.714∗∗∗

– – – (0.031)

N 12080 12080 12080 12080
Log-Lik -6746.28 -6853.96 -4790.23 -4524.16
Pseudo-R2 0.181 0.106 0.281 0.321

Robust standard error in parentheses. Likelihood ratio (Pr >χ2) < 0.0001 in all models.
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

We break this down further to look at the workload effect on the individual processes captured

within the intervention variable. In doing so we find evidence that supports (H1b): The observed

workload effect results primarily from a change in the rate of epidural analgesia, which is more

discretionary and has a statistically significant coefficient; there is no statistically significant effect

on the rate of instrumental delivery, which is a less discretionary intervention. If all patients arrived

in the DU when workload was high, 31.9% could expect to receive an epidural. At low workload

conditions, however, the expected epidural rate rises to 34.2%: 7.1% higher in relative terms.

7. Econometric Models and Results: Outcomes

Turning next to outcomes, we first identify any aggregate effect of workload and then divide this

into its direct and indirect components.

7.1. Econometric Specification

To measure the direct effect we construct latent-variable models for perineal tears and emergency

C-sections and a linear regression model for post-birth LOS, with workload as the main independent

variable. To measure the indirect effect of workload through the choice of care pathway we perform

a mediation analysis by adding the intervention as a mediator variable. Given that the sizes of

the effect of workload on the constituent components of an intervention (i.e., epidural analgesia

and instrumental delivery) are hypothesized to differ, epidural analgesia and instrumental delivery

could also be treated as separate regressors. The model for perineal tearing takes the form

TEAR∗
i =ϕ0 +Xiϕ1 +LOADiϕ2 +EPIiϕ3 + INSTRiϕ4 +µi (8)

TEARi =1[TEAR∗
i > 0] (9)

µi ∼N (0,1) .

The model of the impact of workload on emergency C-sections is the same as for perineal tears
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except that in (8) we replace Xi with Yi and the vectors of coefficients ϕ with θ. The model for

post-birth LOS takes the form:

PBLOSi =ψ0 +Ziψ1 +LOADiψ2 +EPIiψ3 + INSTRiψ4 + νi (10)

νi ∼N (0, σ2
ν) .

In these outcome models 1[·] is the indicator function and Xi, Yi, and Zi are the vectors of

controls that we describe in Appendix A. In (H2a) and (H2b) the aggregate effects of workload

on the rate of perineal tearing and emergency C-sections were assumed to be positive and negative,

respectively. To find support for the former would require that ϕ2 > 0 in (8) when we restrict

ϕ3 = 0. Similarly, to find support for the latter would require that θ2 < 0 when we restrict θ3 = 0.

For post-birth LOS we do not speculate on the overall direction of the workload effect but note

that it will be given by the coefficient ψ2 in equation (10) when we restrict ψ3 = 0. By restricting

ϕ3, θ3, and ψ3 to 0, the coefficients ϕ2, θ2, and ψ2 estimate the aggregate effect of workload without

parsing out the indirect impact through the epidural decision.5

We next discuss the decomposition into direct and indirect effects. This is simple to achieve in a

linear model such as that for post-birth LOS. To see this we call the value of ψ2 when we restrict

ψ3 = 0 the total effect and denote this by ψt
2. When we constrain ψ3 to 0 we are effectively excluding

the mediator variable; therefore, ψt
2 captures both the direct and indirect effects of workload. When

we include the mediator in the model, i.e., by removing the restriction ψ3 = 0 in (10), we can

estimate a new ψ2, ψ
d
2 . This is the unmediated component or the direct effect, i.e., the portion of

the workload effect that does not occur through the intervention decision. The difference between

the total effect and the direct effect is the mediated component, i.e., the indirect effect that occurs

due to workload-driven changes in the intervention propensity. Therefore, if the direct effect of an

increase in workload is an increase in the post-birth LOS, as hypothesized in (H3a), we should

find that ψd
2 > 0 in (10). If the indirect component reduces the post-birth LOS, as per (H3b), then

we should find that (ψt
2 −ψd

2)< 0 in (10).

These decomposition principles do not apply to non-linear binary probability models such as

those used to model the occurrence of perineal tearing or an emergency C-section. This is because

the regression coefficients and error variance are not identified separately. Instead, the estimated

coefficients are scaled by a parameter that is a function of the standard deviation of the error.

If the scaling parameter differs across models, then the decomposition of the total effect is not

straightforward (MacKinnon and Dwyer 1993, Winship and Mare 1983). To get around this problem

5 Note that it is not necessary to restrict ϕ4, θ4, or ψ4 to 0 since there is no significant effect of workload on the rate
of instrumental deliveries.
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we use a method that holds the scale and the distribution of the errors constant (Breen et al.

(2013)). This is implemented in the khb Stata module (Kohler and Karlson 2013). This methodology

is used to test empirically for the primary workload effect hypothesized in (H2a) and (H2b).

7.2. Accounting for Endogeneity

While it is possible to estimate the intervention model presented in §6.1 and the outcome models

presented in the previous section independently, this would not be advisable due to the non-

random assignment of patients to interventions. More specifically, there are some factors – which

are observable to the care providers but may be unobservable to us the researchers – that make a

patient more likely to experience a specific outcome and also more likely to receive some type of

intervention. Examples include congenital anomalies in the baby, any previous history of tearing,

and other complications not reported in our data but observable to the provider. As we have

already shown that workload has no effect on the likelihood of a patient receiving an instrumental

delivery we only need to correct for endogenous selection for epidural analgesia.

7.2.1. Endogeneity-corrected Models The endogeneity-corrected models that we consider

are the simultaneous recursive bivariate probit (BivProbit) model for perineal tears and emergency

C-sections and the Heckman treatment effects (HeckTreat) model for post-birth LOS (Maddala

1983, p. 123–129).

For tears and emergency C-sections, the main change when moving to the BivProbit model is

in the structure of the errors, which will be jointly distributed according to a standard bivariate

normal distribution with correlation coefficient ρ. Using tears as the example, the first stage will be

as given in (5) and second stage as in (9), with error structure (ωi, µi)∼N
((

0
0

)
,

(
1 ρωµ

ρωµ 1

))
.

This model is identified and can be estimated efficiently by ignoring the simultaneity using full

information maximum likelihood (e.g., Greene 2002, p. 716).

The HeckTreat model for post-birth LOS is similar to BivProbit, with the first stage as in

(5) and second stage as in (10) and with error structure (ωi, νi)∼N
((

0
0

)
,

(
1 ρων

ρων σν

))
. Note

that HeckTreat differs from the standard Heckman sample selection model in two ways: First, the

dummy variable indicating the treatment appears in the outcome equation; second, the outcome

variable is observed regardless of whether or not the individual receives the treatment. Estimation

is made using full information maximum likelihood (Fraser and Guo 2009).

The correlation between the error terms in the two models allows for the possibility that each

equation is comprised of an unobserved individual heterogeneity component common to both. If

there were no correlation (i.e., ρ= 0), then any unobserved effects would be unique to each equation,

in which case it would be safe to estimate the model for perineal tears or emergency C-sections using

the standard univariate probit model and for post-birth LOS using the OLS regression model. On
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the other hand, significant positive correlation would indicate that the unobserved components act

on the outcome in the same direction in both equations, while negative correlation would indicate

that they act in opposing directions.

While BivProbit and HeckTreat help us to account for potential endogeneity, they are restrictive

as they assume that the effect of the exogenous variables on the outcome, as well as the unobservable

variables (i.e., the error term), are the same regardless of which regime the patient is in (i.e.,

whether or not they received an epidural). However, often the fact that a patient is placed on one

of these two pathways can imply a difference in the influence of the exogenous factors. To overcome

this limitation we use an endogenous switching regression (SwitchReg) model. The SwitchReg

model for the linear post-birth-LOS outcome can be expressed as (Winship and Mare 1983)

EPIi = 1[EPI∗i > 0], (11)

PBLOS0i = ψ0
0 +Z0

iψ
0
1 +LOADiψ

0
2 + INSTRiψ

0
4 + ν0i if EPIi = 0, (12)

PBLOS1i = ψ1
0 +Z1

iψ
1
1 +LOADiψ

1
2 + INSTRiψ

1
4 + ν1i if EPIi = 1, (13)

(ωi, ν
0
i , ν

1
i ) ∼ N

 0
0
0

 ,

 1 ρ0σ0 ρ1σ1

ρ0σ0 σ2
0 x

ρ1σ1 x σ2
1

 ,

where EPI∗ is as given in (4) and where σ2
0 = V ar(ν0), σ2

1 = V ar(ν1), ρ0σ0 = σω0 =Cov(ω,ν0) and

ρ1σ1 = σω1 =Cov(ω,ν1). Note that the covariance between the errors in the two outcome equations,

i.e., x = Cov(ν0, ν1), is not identifiable, because only one of the two outcomes is ever observed.

This is not a problem as estimates of the other parameters in the model do not depend on x. This

model can be extended to the case where the outcome is binary.

The correlations ρ0 and ρ1 give the degree and direction of non-random selection of individuals

into positions. If ρ0 < 0, then there is positive selection of patients into the state in which they do

not receive an epidural, meaning that post-birth LOS is higher for those patients who are selected

to not receive an epidural than for the average individual in the population had random assignment

of positions occurred. In other words, there are some unobservable characteristics of those patients

that do not receive an epidural that make them more likely to stay longer in the hospital post-birth.

ρ0 > 0 indicates negative selection. The direction of the influence is reversed for ρ1, with ρ1 > 0

indicating positive selection and ρ1 < 0, negative selection.

SwitchReg models can be estimated efficiently by maximum likelihood (Lee and Trost 1978).

One drawback of the SwitchReg model is that we lose power since we are effectively estimating two

different outcome equations. This makes it difficult to estimate this model when perineal tearing is

the dependent variable due to the relatively rare occurrence: there are only 184 patients that both
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received an epidural and experienced a tear. Instead, for tears we estimate a model where we add

the interaction term between workload and the epidural dummy in (8), i.e.

TEAR∗
i = ϕ0 +Xiϕ1 +LOADiϕ2 +EPIiϕ3 + INSTRiϕ4 +(LOADi ×EPIi)ϕ5 +µi (14)

and estimate (9) and the BivProbit model with this new latent variable equation.

7.2.2. Exclusion Restriction In general, the simultaneous equation structure of models such

as those defined in the previous section leads to identification problems. Overcoming them often

necessitates the inclusion of at least one exogenous covariate that is present in the first-stage

(selection) but not the second-stage (outcome) equation. This condition is often referred to as

an exclusion restriction and the covariate as an instrumental variable (IV). In the BivProbit,

HeckTreat, and SwitchReg models, however, this is not necessary as it is possible to identify the

coefficients using the functional form of the recursive model (Wilde 2000, Maddala 1983, Mare

and Winship 1988). While this may be the case, identification via non-linearity is generally not

recommended and Monfardini and Radice (2008) show that (i) it may lead to problems in the

empirical identification of the parameters and (ii) it is not robust to misspecification of the error

distribution (i.e., deviation from the assumption of bivariate normality). As a result, we propose

introducing an IV in the selection equation.

The IV used in our study is the average operating theater use other than for the focal patient

in the period from six to two hours prior to the time of birth. An operating theater is taken to

be in use in the hour prior to and 30 minutes post-birth of a baby delivered in theater. The times

that we use are selected based on interviews with consultants and midwifery staff; the hour prior

to birth accounts for the time that is required for the procedure to be performed, and the 30

minutes post-birth allows time for the patient to recover and the operating theater to be cleaned

and prepared following the delivery. Operating theater use is expected to be influential in the

intervention equation since, for example, an epidural can only be given when certain resources are

available. Specifically, as discussed in §3, an epidural must be administered by an anesthesiologist

at the recommendation an obstetric doctor. These resources become less available when operating

theaters are busy, which may affect the likelihood of a patient receiving an epidural. Note that

in calculating this measure we include both elective and emergency C-section patients since both

types of patient affect the availability of specialist staff.

For operating theater use to be a valid IV it is also necessary that it is not correlated with

the error in the outcome equation, i.e., that the IV has no effect on outcomes, either directly or

indirectly through correlated omitted variables. The time lag between the measurement of the

operating theater use (six to two hours before birth) and outcomes (which occur near to the time of
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Table 3 Descriptive Statistics and Correlation Table for the Instrumental Variable

Descriptive statistics Correlation table

Variable Mean SD Min Max (1) (2) (3) (4) (5) (6) (7)

(8) Op. Tht. Use 0.28 0.32 0 2.06 0.096∗∗∗ -0.003 -0.012 0.018∗ 0.016† 0.040∗∗∗ 0.023∗∗

(1) Workload, (2) Intervention, (3) Epidural, (4) Instr. Delivery, (5) Tear, (6) Emerg. C-section, (7) Post-birth LOS
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

birth) makes it unlikely that it will have any direct impact on outcomes. As for the effect through

omitted variables, we note that how busy operating theaters are will be primarily driven by time-

related effects and the health characteristics of the other patients in the DU. We account for the

former with time fixed-effects in our outcome equations. The latter is an omitted variable but not a

correlated omitted variable since it cannot directly affect the outcome of the focal patient. As such,

we believe that this proposed IV satisfies the necessary exclusion restriction. In §8.3 we strengthen

this discussion with a formal test. Table 3 presents summary statistics of operating theater use

(Op. Tht. Use), along with correlations with the variables presented earlier in Table 1.

7.3. Results

Tables 4, 5, and 6 report the estimated coefficients, standard errors, and model summary statis-

tics of the outcome-related regressions. All controls have been omitted from the tables in order to

concentrate on the three factors of interest: workload, interventions (which are potentially endoge-

nous), and operating theater use (which serves as the IV). As in §6.2, in discussing the results we

use the 10th (90th) percentile of workload to denote the low- (high-)workload scenario.

7.3.1. Perineal Tears When a baby is delivered by emergency C-section it is not possible

for a perineal tear to occur and so the sample deployed to study perineal tears (Table 4) includes

only non-C-section patients. The Probit (1) and BivProbit (1) models in Table 4 show the impact

of workload and operating theater use on the epidural rate. The former ignores the problem of

endogenous selection while the later explicitly corrects for it as explained in §7.2.1. We note that

the instrumental variable in the selection equation is negative and highly significant (coef. −0.13,

p-value = 0.002), as expected. Nevertheless, the results of the two models are nearly identical and

the correlation coefficient ρ in the BivProbit is not significant at conventional levels (coef. 0.273,

p-value = 0.133). This suggests that endogeneity is not important for perineal tears. For this reason

we focus our discussion on the simpler Probit models using standard mediation analysis.

The Probit (2)–(5) models in Table 4 show the results of four different models for tears. We

present all four to illustrate why it is necessary to carefully consider the care pathway when

exploring the workload effect. In Probit (2) we include the workload variable only, while in Probit

(3) we add the intervention regressor. In Probit (4) we split the intervention into epidural analgesia
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Table 4 Coefficient Estimates in Statistical Models for Perineal Tears

Probit BivProbit

(1) Epidural (2) Tear (3) Tear (4) Tear (5) Tear (1) Epidural (2) Tear

Workload -0.079∗ 0.108∗ 0.108∗ 0.101† 0.138∗ -0.078∗ 0.084
(0.037) (0.057) (0.057) (0.057) (0.066) (0.037) (0.058)

Workload×Epidural – – – – -0.117 – –
– – – – (0.119) – –

Op. Tht. Use -0.133∗∗ – – – – -0.135∗∗ –
(0.043) – – – – (0.043) –

Intervention – – -0.019 – – – –
– – (0.050) – – – –

- Epidural – – – -0.213∗∗∗ -0.074 – -0.653∗

– – – (0.048) (0.150) – (0.281)
- Instr. Delivery – – – 0.372∗∗∗ 0.373∗∗∗ – 0.363∗∗∗

– – – (0.073) (0.073) – (0.072)

N 12080 12080 12080 12080 12080 12080
Log-Lik -6853.96 -2229.59 -2229.52 -2207.82 -2207.32 -9061.35
Pseudo-R2 0.106 0.062 0.062 0.071 0.072 –
ρ – – – – – 0.272 (0.174)

Robust standard error in parentheses; Likelihood ratio (Pr >χ2) < 0.0001 in all models
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

and instrumental delivery. Finally, in Probit (5) we include an interaction between workload and

epidural analgesia. We find that in all four models there is evidence of a positive direct effect of

workload on the tear rate, in line with (H2a). The Probit (2) and (3) models are very similar,

initially suggesting that interventions do not mediate the workload effect. However, Probit (4)

shows that the insignificance of the intervention variable recorded in Probit (3) is due to the

opposing effects of administering an epidural and receiving an instrumental delivery on the tear

rate. Considering these separately reveals that perineal tearing is less likely to occur to a patient

that receives an epidural but is more likely for one who experiences an instrumental delivery. In

Probit (5) the interaction is insignificant, indicating that there is no discernible difference in the

workload effect on the tear rate between patients that did and did not receive an epidural.

To calculate the impact of workload on tears further we focus on the Probit (4) model. The model

predicts that the total effect of moving from a low- to high-workload environment would be a 0.91%

increase in the tear rate, or a relative increase of 20.1%. We also find that the average treatment

effect (ATE) of epidural use is 1.94%.6 In other words, had all patients received an epidural, the

tear rate is predicted to have been 3.8%: 34.1% lower in relative terms than the projected 5.7% tear

rate had none been given an epidural. Since workload affects the incidence of epidural analgesia

and whether a patient receives an epidural affects the tear rate, we can conclude that there is an

indirect effect of workload on tearing.

6 ATEs are calculated under the assumption that all covariates except the binary variable (treatment) of interest
remain the same but also that there is an exogenous factor that causes all observations to either receive or not receive
the treatment.
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Table 5 Coefficient Estimates in Statistical Models for Emergency C-sections

Probit BivProbit

(1) Epidural (2) C-section (3) C-section (1) Epidural (2) C-section

Workload -0.068∗ -0.035 -0.031 -0.069∗ -0.008
(0.033) (0.040) (0.040) (0.033) (0.039)

Op. Tht. Use. -0.168∗∗∗ – – -0.140∗∗∗ –
(0.039) – – (0.039) –

Epidural – – 0.132∗∗∗ – 0.900∗∗∗

– – (0.031) – (0.104)

N 15117 15117 15117 15117
Log-Lik -8445.20 -5243.02 -5233.86 -13669.88
Pseudo-R2 0.145 0.309 0.310 –
ρ – – – -0.461∗∗∗ (0.059)

Robust standard error in parentheses; Likelihood ratio (Pr >χ2) < 0.0001 in all models
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

We proceed to decompose the total effect of workload into the direct (due to quality of admin-

istered care) and indirect (via the epidural decision) effect as described in §7.1. We find that the

contribution of the direct effect of moving from low- to high-workload on the tear rate is 0.87% and

the indirect is 0.04%. Therefore, the effect of workload on the rate of perineal tearing is primarily

(95% of the total) being driven by the direct effect, as hypothesized in (H2a).

7.3.2. Emergency C-sections We next turn our attention to the results of the emergency

C-sections models in Table 5. For these results we use the full sample.

As in the tear models in Table 4, the Probit (1) and BivProbit (1) models in Table 5 show

the impact of workload and operating theater use on the rate of epidurals. Unlike for tears, the

correlation coefficient ρ in this case is negative and highly significant (coef.−0.461, p-value< 0.001).

This indicates that there exist unobservable variables that result in a patient who is less likely to

receive an epidural being more likely to receive an emergency C-section and vice versa. This is not

too surprising: if the unobservable factors are medical indicators of risk, then it seems reasonable

that higher-risk patients would be less likely to receive an epidural – the epidural may exacerbate

any existing complications (Anim-Somuah et al. 2011). For this reason, the more appropriate model

for examining the impact of workload on emergency C-sections is the BivProbit.7 Unlike for the

tear models, instrumental deliveries are not included as a control in the outcome equation in this

case as patients cannot receive both an instrumental delivery and an emergency C-section (i.e.,

they are mutually exclusive).

The BivProbit (2) finds that there is no direct effect of workload on the chance of a patient

receiving an emergency C-section. On the other hand, the effect of receiving an epidural on the

7 A SwitchReg model was also estimated, although is not reported since the findings are in line with those of the
BivProbit model.
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Table 6 Coefficient Estimates in Statistical Models for Post-birth LOS

OLS SwitchReg

(1) LOS (2) LOS (3) LOS (4) LOS (1) Epidural (2) LOS-0 (3) LOS-1

Workload -0.001 0.008 0.007 0.024 -0.067∗ 0.049∗ -0.022
(0.016) (0.016) (0.016) (0.019) (0.032) (0.022) (0.022)

Workload×Epidural – – – -0.047 – – –
– – – (0.031) – – –

Op. Tht. Use – – – – -0.138∗∗∗ – –
– – – – (0.035) – –

Intervention – 0.311∗∗∗ – – – – –
– (0.012) – – – – –

- Epidural – – 0.227∗∗∗ 0.283∗∗∗ – – –
– – (.013) (0.039) – – –

- Instr. Delivery – – 0.293∗∗∗ 0.294∗∗∗ – 0.314∗∗∗ 0.248∗∗∗

– – (0.017) (0.017) – (0.025) (0.021)

N 15117 15117 15117 15117 15117 9678 5439
Prob > F < 0.0001 < 0.0001 < 0.0001 < 0.0001 – – –
Adj. R2 0.339 0.364 0.371 0.369 – – –
ρ – – – – – -0.674∗∗∗ -0.046

– – – – – (0.033) (0.033)

Robust standard error in parentheses; Likelihood ratio (Pr >χ2) < 0.0001 in all models
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

probability of needing an emergency C-section is highly significant (coef. −0.140, p-value < 0.001).

Our model indicates that had none of the patients received an epidural, the predicted percentage

of patients who would have required an emergency C-section would have been 13.9%, while had all

of the patients received an epidural, this number instead increases to 33.8%: an absolute increase

(or ATE) of 20.0% (144% relative).

Using the same decomposition as for tears, we can estimate the indirect effect of workload on

the emergency C-section rate through changes in the provision of epidural analgesia. Overall there

is a small but significant reduction in the emergency C-section rate (a relative decrease of 2%)

at high-workload conditions as compared to low-workload, and since there is no direct effect, the

effect is exclusively indirect through the change in the epidural rate. This is evidence in support

of hypothesis (H2b).

7.3.3. Post-birth LOS The final outcome we examine is post-birth LOS. As with the emer-

gency C-section results, we work with the full sample. The two types of model we examine are OLS

and SwitchReg (Tobit-5). The former ignores non-random assignment while the latter accounts for

it. Model coefficients are presented in Table 6.

For our discussion we will focus on the SwitchReg model as there is evidence of non-random

selection. This is indicated by the significant value of ρ0 (coef. −0.674, p-value < 0.001). The

negative sign indicates that post-birth LOS is higher for those patients that are selected to not

receive an epidural than if random assignment had occurred. Based on our earlier discussion this is
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reasonable: since an epidural increases the chance of adverse outcomes, it is less likely to be given

to a high-risk patient, and since these patients are higher risk, they also have a higher expected

post-birth LOS. In contrast, there is no evidence of a selection effect for those patients that received

an epidural, as indicated by the insignificant ρ1.

Estimating the size of the direct and indirect effects of workload under the SwitchReg model is

complex. For ease of exposition we defer the description to Appendix B. We find that there is a

direct workload effect, but only for those patients that do not receive an epidural. When moving

from low- to high-workload conditions there is a 4.4% increase in post-birth LOS for those patients

that did not receive an epidural and no change otherwise. This finding supports hypothesis (H3a).

Note that this does not appear in the basic OLS models, even where we interact the workload

variable with the epidural effect in OLS. This result illustrates the need to use the SwitchReg

model, which not only controls for endogeneity but also allows for differential effects across different

groups within the population.

In addition to the direct effect, there is a further indirect effect that occurs through the change

in epidural rate. The average treatment effect (ATE) of epidural analgesia on post-birth LOS is

15.3 hours: a relative increase of 44.3%. As a result, the indirect effect (through the reduction in

the epidural rate) of moving from low- to high-workload conditions is a 1.6% decrease in post-birth

LOS for those patients that did not receive an epidural and no change otherwise. This finding is

in line with (H3b). Combining the direct and indirect effects of workload, the aggregate effect

of moving from a low- to high-workload scenario is an increase of 2.8% for patients that did not

receive an epidural and no change otherwise. When averaged across all patients the total effect is

close to 0, as indicated by the OLS (2)-(4) models, where workload does not have a statistically

significant aggregate effect on outcomes.

8. Robustness Checks
8.1. Alternative Workload Measures

The time-averaged workload employed throughout the empirical analysis was measured over the

two-hour window prior to delivery. Since the choice of two hours is arbitrary, in this section we

repeat the analysis using two alternative assumptions: 1.5 and 2.5 hours. We find no significant

changes in the results (results not reported here).

8.2. Endogeneity of Instrumental Deliveries

In estimating the impact of workload on the likelihood of a patient receiving an epidural or instru-

mental delivery in §6.1 we assumed that the two events, epidural or instrumental delivery, are

independent. In this section we relax this assumption.
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Table 7 Coefficient Estimates in the Bivariate Probit
Model for Instrumental Deliveries

BivProbit

(1) Epidural (2) Instr. Delivery

Workload -0.081∗ -0.061
(0.037) (0.040)

Op. Tht. Use -0.143∗∗∗ –
(0.041) –

Epidural – -0.280
– (0.194)

N 12080
Log-Lik -22376.62.00
ρ 0.570∗∗∗ (.105)

Robust standard error in parentheses.
***p < 0.001, **p < 0.01, *p < 0.05, †p < 0.10

To see why the independence assumption may be problematic note that this is a sequential

decision process in which an epidural, if administered, would be given in advance of an instrumental

delivery (Liu and Sia 2004). If there exist unobservable variables that drive both the decision to

administer an epidural and the decision to choose an instrumental delivery, then the estimated

effect of the epidural on the likelihood of a patient receiving an instrumental delivery, given by the

epidural coefficient of Probit (4) in Table 2, would be biased. Furthermore, if workload happens

to be correlated with the epidural variable, then the estimated coefficient of workload may also be

affected. To overcome this problem we construct a BivProbit model, with the epidural decision in

the first stage and instrumental delivery decision in the second, following the methodology of §7.1.

The results of this model are reported in Table 7. We find no change in the impact of workload.

There is, however, evidence that the unobservable variables that increase the chance of a patient

receiving an epidural also increase the likelihood that the patient will receive an instrumental

delivery. This is indicated by the positive and significant ρ (coef. 0.570, p-value < 0.001). After

accounting for this we find that contrary to the finding in Table 2, epidural analgesia does not

increase a patient’s chance of receiving an instrumental delivery. Overall the BivProbit model

reaffirms that workload affects epidurals but not instrumental deliveries (and, furthermore, that

epidurals do not affect instrumental deliveries directly). Therefore, it is sufficient to control for

instrumental delivery in the outcome estimations, as we have done in §7.1.

8.3. Validity of Instrumental Variable

The IV used in §7.1 needs to be related to the outcome in the first-stage equation (after we control

for observables) but unrelated to the error term (which captures unobservable factors) in the

outcome equation. With weak instrumental variables, i.e. those that are only weakly correlated with

the endogenous variables, estimates may be inconsistent, tests for the significance of coefficients
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Table 8 Tests for Weakness of the Instrumental Variable

Instr. Delivery Tear Emerg. C-section Post-birth LOS

F-statistic 18.20 17.91 18.22 20.89
Cragg-Donald F 17.87 17.50 17.92 20.44

Critical value for F-statistic is 10; for Cragg-Donald F-statistic is 16.38

may lead to the wrong conclusions, and confidence intervals will be incorrect. Therefore, it is

important to formally test for the validity of our instrument. Since the majority of tests are based

on a linear IV regression model where the dependent variable in the outcome equation is continuous,

in performing these tests we follow convention and relax the assumption of a binary outcome.

We perform two tests for weak instrumental variables. In the first we calculate the F-statistic

from the OLS regression of the endogenous variable on the instrument, as per Staiger and Stock

(1997). This is typically compared to the “rule of thumb” value of 10. Any value greater than

10 suggests that the instrument is not weak. A more formal approach proposed in Stock and

Yogo (2005) is a test on the null hypothesis that the maximum relative bias (i.e., the furthest the

coefficient estimate of the endogenous variable may be away from its true value) is at least 10%.

To use this method we compare the Cragg-Donald F-statistic to the 5% critical values given in

Table 1 of Stock and Yogo (2005). Results are presented in Table 8.

The critical value of the Cragg-Donald F-statistic is identical (16.38) across the models since the

number of endogenous regressors is the same (one in each case). We find that the F-statistics are

greater than the critical values using both methods, indicating that there is no evidence to suggest

that our models suffer from the problem of weak instruments.

8.4. Non-linear Workload

Other work has shown that the workload effect may be non-linear (see e.g., Kuntz et al. 2014, Tan

and Netessine 2012). Therefore, it is a useful exercise to check whether there is any indication of

a non-linear workload effect in the DU setting.

We could use a number of methods to look for this, from dividing the workload variable into

a number of binary variables with cuts made at arbitrary percentiles to fitting a piecewise-linear

(segmented) regression model with knots (or breakpoints) as additional parameters for estimation.

Since our dataset is relatively small, however, we eschew these methods in favour of an approach

using generalized additive models (GAMs). These models are similar to the standard OLS or

probit specification, except that the dependent variable is allowed to depend on some (unknown)

smooth function of one or more of the predictors. This allows us to estimate a non-linear effect

of workload on each of the outcome equations by applying a smoothing function to this variable

during estimation. To avoid going into the technical details, we mention only that these models
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Figure 5 Examining non-linear workload effects.
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are estimated using a local scoring algorithm by iteratively fitting weighted additive models by

backfitting using the Gauss–Seidel method (Wood 2011). This is implemented by the gam function

in the mgcv package within the statistical software R version 3.0.0 (Wood 2013).

The plots in Figure 5 show the component smooth function from the fitted GAMs on the scale of

the linear predictor, with two standard error bounds (approx. 95% Confidence Intervals) indicated

by the shaded region. The estimated degrees of freedom (EDF), reported in the vertical-axis labels,

approximately correspond to the highest order of a polynomial transformation of the workload

variable that would need to be included in the standard OLS/Probit model in order to capture the

non-linear relationship. The EDF of interventions, tears, and emergency C-sections are close to 1,

suggesting that there is no deviation from linearity. Workload appears to have a small non-linear

effect on post-birth LOS, although the confidence bounds around the component smooth function

are wide. Since the deviation from linearity occurs far into the right tail (recall the 90th sample

percentile is 1.651), however, it is unlikely to substantially affect the results.

8.5. Non-Maternal Outcomes

The nature of conducting a study on the DU means that there are actually two patients to consider:

the mother and also the baby that is being delivered. Although we have focused on maternal

outcomes, it is possible that there may also be an affect of workload on outcomes related to the

baby. Since neonatal mortality is too rare an occurrence to be a useful outcome measure, discussions

with obstetricians indicated two alternative outcome measures: (i) Apgar score at birth and (ii)

neonatal intensive care unit (NICU) admission rate for babies born after 37 weeks of gestation.
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The Apgar score is a commonly used measure for evaluating a newborn baby based on five

criteria on a combined scale from 0 to 10, with higher values indicating a better health assessment

(Papile 2001). Regarding NICU admissions, babies will only be admitted to a NICU if they need

additional support in the early stages of their life. Term babies (i.e., those born after 37 weeks)

should have developed fully and are therefore less likely to be admitted to a NICU. It is therefore of

interest to consider whether the Apgar score or the propensity of NICU admissions differ based on

workload levels. To investigate this we specified and estimated a series of models similar to those

defined of §7.1. We did not find any link between workload, either direct or indirect, and outcomes

for the baby (results not reported here).

9. Discussion

This study contributes to the ongoing debate on the effect of system state on system performance,

with system load as the critical state variable. As in the existing literature, we use a detailed

data set from a healthcare context, the delivery unit of a maternity department. In contrast to

prior studies that considered the system itself as a “black box,” in this study we open the box by

considering the different effects of workload on discrete decisions about the type of service that a

customer receives (e.g., the care pathway) and the potential deterioration in service quality (e.g.,

adverse medical outcomes) at elevated workload levels. We find that workload affects both and

uncover a rich interaction between these two effects that provides valuable insight into the nature

of interventions that might help safeguard service quality as workload varies.

First, our data provides strong evidence that care pathway decisions that have a significant

degree of discretion, such as epidural analgesia, are most affected by workload. At elevated workload

levels such decisions are affected by a “cutting-corners” effect (Oliva and Sterman 2001), while

at low workload levels a “devil-makes-work-for-idle-hands” phenomenon results in over-treatment

(Tan and Netessine 2012). Workload therefore exhibits a monotone effect on resource use at such

decision points.

Second, we find that clinical outcomes, such as tears and emergency C-sections, and operational

outcomes, such as post-birth LOS, are affected by workload either directly, through impaired care

provision, or indirectly, as a consequence of changes at specific decision points along the care

pathway. In our context, the first effect occurs in relation to perineal tearing. Continuous monitoring

and timely interventions in response to developing maternal health during the final phase of labor

are important to avoid tearing (Aasheim et al. 2011) and the unit’s ability to provide this is reduced

at high midwife workload. The data provides strong evidence of this effect, while the evidence that

workload affects tears through the decision to administer an epidural is much less pronounced. By

contrast, emergency C-section rates do not seem to be directly affected by midwife workload. The
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occurrence of an emergency C-section is predominantly driven by biological factors that are outside

the control of midwives. However, this does not mean that workload does not affect emergency

C-section propensity; the effect is indirect through the workload effect on the earlier decision to

administer epidural analgesia, which is positively associated with emergency C-section rates.8 This

demonstrates that clinical outcomes can be affected by workload at decision points that are quite

detached from the point at which outcomes are finally observed. The impact of workload on post-

birth LOS is even more nuanced. While workload has no statistically significant aggregate effect,

we find that higher workload levels lead to a positive direct effect, possibly due to impaired care

provision, which leads to complications such as tears, and a negative indirect effect through the

care pathway decision (i.e., workload reduces the propensity of receiving epidural analgesia, which

is associated with longer post-birth hospital stays). This emphasizes the need to appropriately

decompose the impact of workload in order to truly understand how it affects operational outcomes.

Our work has implications for managerial decisions such as capacity planning. More specifically,

it allows management to predict how the incidence of interventions, such as epidural analgesia, and

outcomes, such as tears, emergency C-sections, and post-birth LOS, would change under different

staffing and/or demand scenarios. We illustrate this point by estimating how interventions and

outcomes would changes for the DU we study if it was to move from the current staffing practice

that achieves the desired one-to-one (or better) level of care 33% of the time to a staffing level that

achieves this 70% or 95% of the time. The number of additional staff required to achieve this was

recently investigated by the National Audit Office (NAO 2013) – see also (Green and Liu 2013)).

As shown in Table 9, our results imply that increasing staffing levels to achieve 70% one-to-one

care (Column 1) is associated with a relative change in the propensity of epidural analgesia by

+2.85%, tears, by −6.93%, and emergency C-sections, by +1.04% at the mean workload, com-

pared with current practices. In the case of 95% one-to-one care (Column 2) the resulting changes

would be +4.58%, −10.90%, and +1.66% for epidural analgesia, tears, and emergency C-sections,

respectively. The average post-birth LOS would not be materially affected by any of these changes

as the direct and indirect effects cancel each other out. Furthermore, the difference in the incidence

of interventions and outcomes is more pronounced for women delivering when the DU is very busy,

e.g., when the DU operates at the 90th percentile of workload. Motivated by this observation we

also examine a perfectly flexible staffing regime in which the DU adds staff only when workload

exceeds the desired one-to-one level of care and up to a maximum of 14 staff members. As shown

in Column 3, this purely hypothetical way of staffing has the potential to mitigate the adverse

8 In the words of a senior midwife on this unit, epidural analgesia sets the patient on a “path to further intervention.”
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Table 9 Relative Change in Expected Outcomes under Alternative Staffing Scenarios.
Effect Estimated at the 10th%ile, mean, and 90th%ile of Workload Scenarios

Fixed 11 MW Fixed 14 MW Flexible MW

10th%ile Mean 90th%ile 10th%ile Mean 90th%ile 10th%ile Mean 90th%ile

Workload Value 0.576 0.873 1.176 0.452 0.686 0.924 0.752 0.914 1.000
Pr(Workload> 1) 0.287 0.043 0.043
Avg. MW per Obs. 11 14 10.40

Epidural Analgesia 1.57% 2.85% 4.46% 2.68% 4.58% 6.87% 0% 2.46% 6.14%
Perineal Tears -4.05% -6.93% -10.20% -6.80% -10.90% -15.26% 0% -6.03% -13.77%
Emerg. C-sections 0.58% 1.04% 1.59% 1.00% 1.66% 2.44% 0% 0.90% 2.18%
PB LOS (hours) -0.32% -0.58% -0.89% -0.54% -0.92% -1.35% 0% -0.50% -1.21%
- |EPI = 0 -0.56% -0.99% -1.52% -0.94% -1.58% -2.31% 0% -0.86% -2.07%
- |EPI = 1 0.02% 0.03% 0.05% 0.03% 0.05% 0.08% 0% 0.03% 0.07%

impact of workload for those patients that experience a busy DU, without significantly increas-

ing the average number of staff required. Implementing such flexible staffing procedures, however,

requires substantial organizational changes.

From a purely financial perspective, it is sometimes argued that the costs associated with expand-

ing capacity (e.g., increased staffing) may be partially offset by cost savings due to improvements

in the quality of care (e.g., a lower incidence of complications and adverse outcomes). Our results

can be used to estimate whether this is the case. In our setting, the cost of an unplanned C-section

is estimated to be £3,042 versus £1,512 for a vaginal delivery, while an epidural birth costs £87

extra on average and tearing has an associated cost of £504 (NICE 2012). The full economic cost

of an additional nurse is £66,365 per annum (Curtis 2012). Using these numbers, we find that

moving to a fixed midwife level of 11 or 14 or to a flexible level as in Table 9, which would have

added £398,000, £1,460,00, and £331,825, respectively to the staffing bill per annum, would also

lead to an increase in direct patient costs of approximately £45,000, £71,600, and £38,400 p.a.,

respectively. This increase is mostly due to the increase in emergency C-sections.

We conclude this study by noting that the idea of decomposing the impact of workload into

direct and indirect effects may be important in other service settings where servers have, at least

to some extent, discretion over the type of service they provide. In order to understand and devise

appropriately targeted interventions to cope with the impact of high workload, managers respon-

sible for such services need to understand which parts of the process are affected by workload. The

modeling methodology used in this paper provides an approach to this end.

Appendix
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A. Controls

In Table 10 we list all of the exogenous regressors (controls) for the models presented in Tables 2–6. These

can broadly be broken down into six categories: factors related to the mother, those specific to the pregnancy,

those that relate to the baby, time controls, a subset of the medical conditions that may affect outcomes

(chosen from the relevant medical literature), and other relevant clinical procedures. The number following

the variables specified as categorical indicates the number of categories. We indicate the models in which

they were included by either the direction of their effect, as indicated by the sign and significance of the

estimated coefficient (+ for positive and significant, − for negative and significant, 0 for insignificant, all at

the 5% level), and for categorical variables by Y if one or more of the levels was significant at the 5% level

and 0 otherwise. N means the factor was not included as a control in the corresponding model. A useful

exercise is to check that the direction of the reported effects in the models correspond with intuition and with

medical literature (e.g., Bragg et al. 2010, Renfrew et al. 1998, Eason et al. 2000). For example, larger babies

are associated with a higher likelihood of causing tearing, therefore, we should expect a positive coefficient

for the “Baby Weight” variable in the “Tears” equation, which we find. Medical complications in general

have been shown to lead to poorer outcomes (in terms of tears, emergency C-section rates, and required

LOS), which again we see.

B. Effect Size Calculations for Post-birth LOS (§7.3.3)

In this Appendix we estimate the average treatment effect (ATE) of epidural analgesia on post-birth LOS

and the direct and indirect effects of workload on post-birth LOS. To determine the ATE we calculate the

expected post-birth LOS of each patient under two scenarios: the first assumes that the patient did not

receive an epidural while the second assumes that she did. More specifically, for a patient that did not receive

an epidural we first calculate the actual expected LOS (i.e., the expected LOS if they had not received an

epidural given that in actuality they did not) and then the counterfactual expected LOS (i.e., the expected

LOS if they had received an epidural given that in actuality they did not). We follow a similar procedure for

patients that did receive an epidural. We then take the difference between the expected values under the two

scenarios and average across all patients to estimate the ATE (Poirier and Ruud 1981, Mare and Winship

1988). Using the notation of equations (11)–(13), the actual expectations can be written as

E [PBLOS0i|EPIi = 0] = ψ0
0 +Z0

iψ
0
1 +LOADiψ

0
2 + INSTRiψ

0
4 −σω0λ1i ,

E [PBLOS1i|EPIi = 1] = ψ1
0 +Z1

iψ
1
1 +LOADiψ

1
2 + INSTRiψ

1
4 +σω1λ2i ,

and the counterfactual expectations, as

E [PBLOS1i|EPIi = 0] = ψ0
0 +Z0

iψ
0
1 +LOADiψ

0
2 + INSTRiψ

0
4 −σω1λ1i ,

E [PBLOS0i|EPIi = 1] = ψ1
0 +Z1

iψ
1
1 +LOADiψ

1
2 + INSTRiψ

1
4 +σω0λ2i ,

where σω0 and σω1 are the estimated covariances described in §7.2.1, λ1i =
ϕ(Wiβ)

1−Φ(Wiβ)
, and λ2i =

ϕ(Wiβ)

Φ(Wiβ)
,

where ϕ(·) and Φ(·) are the standard normal pdf and cdf respectively, Wi are the exogenous regressors, and

β are the fitted values from the epidural (selection) equation. These equations account for the dependence
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Table 10 Table of Controls.

Type Interventions Tears C-sections LOS

(Wi) (Xi) (Yi) (Zi)

Maternal Characteristics
- Age Categorical (4) Y Y Y Y
- Num. Prev. Births Categorical (4) Y Y Y Y
- Previous C-section Binary + + + +
Pregnancy Characteristics
- Gestation Categorical (5) Y Y Y Y
- Multiple Birth Binary N Y + +
- Medicine Binary 0 0 + Y
- History Binary + 0 0 +
- Ante-natal Problems Binary 0 0 + +
Baby Characteristics
- Baby Weight Continuous 0 + 0 −
Temporal
- Year-Qtr Categorical (16) Y Y Y Y
- Hour of Birth (4-hourly) Categorical (6) Y Y Y Y
- Weekend Binary 0 0 0 Y
Medical Complications
- Breech Binary 0 0 + 0
- Dystocia Binary + + + +
- Pre-existing Diabetes Binary 0 + + 0
- Gestational Diabetes Binary 0 − 0 +
- Pre-existing Hypertension Binary 0 0 + +
- Eclampsia Binary + 0 + +
- PROM Binary + 0 0 +
- Placenta Praevia Binary N N + 0
Other Procedures
- Induction Binary + 0 0 +
- Episiotomy Binary N − N N
- Emerg. C-section Binary N N N +
Other Operational
- Post-birth Workload Continuous N N N +

Medicine indicates that a patient was prescribed medicine during pregnancy for complications

History indicates that a patient has a history of experiencing complications during childbirth

Ante-natal Problems indicates that a patient experienced complications in the ante-natal period

PROM indicates that a patient experienced premature rupture of membranes

of post-birth LOS on observable regressors (captured by Z,LOAD,INSTR) and by non-random selection

(captured by λ1i and λ2i). Using this methodology and after retransforming back to the original scale by

taking the exponential of the fitted values and rescaling by multiplying with the Duan smearing estimator

(Duan 1983), the ATE of epidural analgesia on post-birth LOS is 15.3 hours, or a relative increase of 44.3%.

The conditional effect of workload can be written as

∂E [PBLOS0i|EPIi = 0]

∂LOADi

=ψ0
2 +β2σω0λ1i(Wiβ−λ1i) ,

∂E [PBLOS1i|EPIi = 1]

∂LOADi

=ψ1
2 −β2σω1λ2i(Wiβ+λ2i) ,

where β2 is the estimated coefficient of workload in the epidural equation. The conditional direct effect

of workload is given by the first term and the indirect effect by the second term. The term ψ0
2 (ψ1

2) is

the coefficient of the workload variable in the post-birth LOS equation for EPIi = 0 (EPIi = 1) of the

SwitchReg model. Thus, the direct workload effect on post-birth LOS conditional on not receiving an epidu-

ral is estimated to be ψ̂0
2 = 0.049 (p-value = 0.028) and conditional on receiving an epidural it does not
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significantly differ from 0 (p-value = 0.324). The conditional indirect effect is patient specific and so we report

the average, i.e., we average β2σω0λ1i(Wiβ − λ1i) across all patients who did not receive an epidural and

−β2σω1λ2i(Wiβ+λ2i) across all those who did. The indirect workload effect is estimated to be −0.0174 on

average for a patient who did not receive an epidural and −0.001 for one who did. The small indirect effect

for those patients that did not receive an epidural is due to the fact that ρ1, the correlation between the

error terms in the epidural equation and the post-birth LOS equation for those patients who did not receive

an epidural, is estimated to be very close to 0 (coef. −0.046, p-value = 0.161).

The log-linear structure of the model for post-birth LOS means that the direct and indirect conditional

workload effects on post-birth LOS can be interpreted as a percentage change. Therefore, to estimate the

size of the effect when moving from low- to high-workload conditions we multiply the conditional direct and

indirect workload effects by the difference between the 90th and 10th percentiles of workload (0.890).
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