e ——

22 UNIVERSITY

< =

HEDG

HEALTH, ECONOMETRICS AND DATA GROUP

THE UNIVERSITY 0f /7K

WP 22/19

Team composition and productivity: evidence from nursing teams in the
English National Health Service

Elaine Kelly; Carol Propper and Ben Zaranko

July 2022

http://www.york.ac.uk/economics/postgrad/herc/hedg/wps/



Team composition and productivity: evidence from nursing

teams in the English National Health Service

Elaine Kelly, Carol Propper and Ben Zaranko*

May 2022

Abstract
We study the impact of team composition on productivity in a setting where team
production is particularly important: nursing teams in the English National Health
Service (NHS). Composition is measured both in terms of the quantity of staff and
the quality of staff, as measured by qualifications, rank and experience. We use a
panel dataset that links daily staffing rotas with inpatient mortality records for a
single NHS Trust that includes 3 large hospitals and 52 wards. Our results show
that the probability of a patient death is lower for teams with a greater number of
qualified and senior nursing staff, but find no statistically significant impacts of in-
creased numbers of support staff or agency workers. There are returns to experience
for qualified staff, with a lower probability of a patient death in teams where nurses
have more experience in the Trust, and returns to both team- and ward (physical
location)-specific experience, with a lower probability of death for patients treated
by staff who regularly work together and on the ward in question. Our results also
provide evidence of the value of bosses, with higher mortality rates when there is an

unexpected absence of a senior nurse who leads the team.
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1 Introduction

Teams play an essential role in the world of work. Teamwork, collaboration and co-
ordination is central to the production process in a broad range of sectors and industries,
from construction and manufacturing to software development and corporate law. In
all of these settings, teams form because they make possible gains from specialisation,
knowledge sharing, and complementarities between the skills of different workers (Lazear
and Shaw, 2007). Team production can be more productive than individuals working
alone, but the size, structure, composition, experience and incentives of the team will
determine whether and to what extent this is the case.

Given the pervasiveness of teams and team production in the workplace (Deloitte,
2016, 2021), understanding the determinants of team productivity is of considerable
economic importance. Yet despite this, the academic literature on team production and
the determinants of team productivity remains surprisingly sparse. Previous studies
have often focused on the impacts of team composition, team incentives and peer effects
on individual workers’ performance in relatively low-skilled settings, such as teams of
garment plant workers (Hamilton et al., 2003), supermarket cashiers (Mas and Moretti,
2009; Friebel et al., 2017) and fruit pickers (Bandiera et al., 2009, 2013). In these
settings, although work is organised in teams, and incentives may be offered to the team
as a whole, the measured output is typically individual rather collective. Other studies
have examined settings where output is collective, but these have either focused on
highly specialised settings with limited applicability to larger and more general settings
(Arcidiacono et al., 2017; Jones, 2021) or have focused on issues of task reallocation and
financial incentives (Burgess et al., 2010, 2017) rather than team composition.

In this paper, we study the impact of team composition on productivity in a large,
teamwork-intensive industry where outputs are collective: nursing teams in the English
National Health Service (NHS). Productivity is measured by the inpatient mortality
rate, which is both a high stakes outcome and measured with minimal error. Nurses
are the largest single clinical staffing group in the English NHS, with 316,000 full-time
equivalents employed in October 2021, supported by a further 277,000 nursing support
staff (Digital, Digital). Internationally, healthcare workers account for more than 10%
of the workforce in several developed countries, and nurses are the largest profession
within that group (OECD, 2016).

Nursing teams, comprising both registered (degree qualified) nurses and nursing sup-
port staff, play a critical role in the delivery of healthcare, including monitoring patients,

implementing and adjusting treatment plans, and the co-ordination of overall care. Col-



laboration is essential, as patients are clinically vulnerable and require round the clock
care, and some tasks cannot be carried out by a single member of staff. Collaboration
is potentially easier for teams with more experience — whether that be through qualifi-
cations, general experience working in nursing teams, experience working in the specific
hospital or ward, or experience working with fellow team members. The composition
of the team is therefore likely to be an important determinant of productivity and the
quality of patient care.

We employ a panel dataset that links daily staffing rotas with inpatient mortality
records for a single NHS hospital group (known as an NHS Trust) that includes 3 large
hospitals and 52 wards. We identify daily fluctuations in the size, skill-mix and work his-
tory of nursing teams, and link these to the outcomes for patients under their care.! In
our empirical framework, we control for both time-varying patient characteristics (such
as age and clinical diagnoses) and hospital ward fixed effects, such that our identification
comes from within-ward variation in staffing over time. We address concerns about the
potential endogeneity of team composition to patient severity based on the institutional
structure of how shifts are allocated and by controlling for patient severity. For robust-
ness, we also examine the impact of short-term staff absences due to sickness, which are
plausibly unrelated to patient case mix, and find consistent results.

We find evidence that both the size and composition of nursing teams matters for
their productivity. For the average team, an additional Registered Nurse (RN) reduces
the odds of a patient death by approximately 10%. In contrast, the addition of an extra
Nursing Assistant (NA), who do not have the formal training of their RN counterparts,
has no impact on patient mortality. Teams with higher levels of general human capital
— as measured by having a greater share of RNs rather than NAs — are more productive.
We also show evidence of substantial returns to firm-specific experience (in this setting,
experience working within the NHS Trust). Conditional on the quantity and skill-mix of
the team, increasing the average firm-specific experience among RNs by one year reduces
the odds of a patient death by 7.2% (equivalent to roughly two-thirds of the impact of
adding an extra nurse). We no find no evidence of such an effect for NAs, which indicates
the existence of complementarities between general and firm-specific human capital. Our
results are also suggestive of returns to both ward- and team-specific human capital, with
a lower probability of death for patients treated by staff who regularly work together

and on the ward in question. Finally, we find that the most senior nursing staff within

!This is unlike other contexts where the size of the team is fixed and only the composition changes,
such as professional basketball (Arcidiacono et al., 2017) or two-person physician teams within hospitals
(Chen, 2021).



the team are, on average, around 2.2 times more productive than their newly qualified
counterparts. Teams in which a senior nurse is absent due to a short-term sickness have
a 63% increase in the odds of a patient death. Thus managers are important in team
production in a healthcare setting.

The implications of our findings are that under-staffing by qualified staff matters
for patient outcomes, but that even holding the total volume of healthcare inputs fixed,
reorganising nursing teams based on work histories could improve patient survival.

This work contributes to a number of academic literatures. First, we contribute to
the literature on team production and the relationship between human capital and team
productivity in healthcare. Our paper is most closely related to Bartel et al. (2014),
who examine the impacts of month-to-month variations in general and ward-specific
human capital on the productivity of nursing teams in the US. The authors find that
experience working in the specific hospital unit (ward) is more important than general
experience. We add to this work by exploiting the granularity and higher frequency of
our data to additionally examine the pivotal role of senior nurse managers (‘bosses’)
and team-specific human capital in determining nursing team performance. Our paper
also relates to Chen (2021), who examines the impact of team-specific human capital on
the performance of two-person doctor teams, finding that higher levels of shared work
experience between the doctor performing a heart procedure and the doctor who provides
subsequent care is associated with reduced patient mortality. In a non-healthcare setting,
Jaravel et al. (2018) show that the premature death of an inventor significantly lowers
the subsequent innovation and earnings of their co-inventors, pointing to an important
role for team-specific human capital. We extend these papers to examine the role of
team-specific human capital and complementarities between different types of human
capital for nurses, who represent a much larger fraction of the overall workforce. Our
paper relates to previous studies into the role of peer effects (Mas and Moretti, 2009;
Guryan et al., 2009; Cornelissen et al., 2017), learning from co-workers (Jarosch et al.,
2021), credit-sharing within teams (Jones, 2021), productivity spillovers (Arcidiacono
et al., 2017) and team incentives (Hamilton et al., 2003; Bandiera et al., 2009, 2013;
Burgess et al., 2010, 2017; Friebel et al., 2017).

Secondly, we contribute to the literature on the role of nurses in health care produc-
tion, building on papers such as Friedrich and Hackmann (2021), who exploit the labour
supply effects of a parental leave program in Denmark to quantify the impacts of nurse
employment on patient outcomes; Gruber and Kleiner (2012), who examine the impacts
of nursing strikes; Propper and Van Reenen (2010), who exploit variation in outside

wage options for nurses induced by centralised pay regulation to examine the impacts



on hospital performance; and Lin (2014), who exploits legislative changes to minimum
staffing requirements in nursing homes. Our data, which is both more granular and more
high frequency than that used in most previous studies, provides new evidence on the
impacts of both the quantity and quality of nurses on patient outcomes.

Finally, our paper contributes to the literature on the importance of management
(Bloom et al., 2013) and the ‘value of bosses’ (Lazear et al., 2015). Of particular relevance
is Fenizia (2020), who exploits the rotation of public sector managers across offices of
the Italian Social Security Agency to examine the impact of managerial talent on office
productivity. We similarly find an important role for senior managers in a public sector
setting.

The paper proceeds as follows. Section 2 describes the institutional setting and
introduces the data used in our analysis. Section 3 outlines a simple model of team
production in a nursing setting and defines various measures of human capital. Section
4 presents descriptive statistics. Section 5 presents our empirical strategy. Section 6 sets
out our results, looking first at the impact of the overall level of staffing, before turning
to the human capital of the team and the impact of unexpected absences. Section 7

concludes.

2 Institutional background and data

2.1 The role of nursing teams in healthcare production

Nursing teams play a crucial role in healthcare delivery. These teams are responsi-
ble for monitoring patients, administering medicine, implementing treatment plans and
co-ordinating the delivery of care more generally. This pivotal role relies on effective
teamwork, communication, knowledge sharing and co-ordination. Collaboration is re-
quired for the simple reason that some tasks cannot be carried out by a single member
of staff. In addition, while a typical shift lasts 12 hours, nursing care needs to provided
24 hours a day, 7 days a week, and so the information on patients’ conditions and treat-
ments shared by nurses on one shift with nurses on another is a crucial ingredient to
team production in this setting.

Nursing teams are made up of two broad groups. Nursing assistants (NAs) are per-
sonnel without formal training or registration requirements, who are typically employed
as health care assistants or other support workers, with responsibility only for basic
patient tasks. Registered nurses (RNs) are fully qualified nurses on the Nursing and

Midwifery Council register, who have completed formal training and hold a university



diploma or degree-level qualification. Within the broad groups of NAs and RNs, there
are multiple levels of seniority and responsibility, organised and paid according to a
national set of pay bands. Promotion between these pay bands is based on experience
and may require specific training or qualifications. Each ward is led by a senior nurse
manager. NAs and RNs are typically contracted to work a set number of hours in a
particular ward, though many choose to work additional shifts either in their usual ward

or elsewhere, and hospitals can also employ staff via an external agency.

2.2 Data sources and sample construction

This study exploits a novel data linkage between electronic staff roster data and electronic
patient records for a large National Health Service (NHS) Trust in England. We combine
routinely recorded administrative information on the size and composition of nursing
teams with information on the characteristics and outcomes of patients under their care.
Our data covers the period between 1 January and 31 December 2017.

The NHS Trust used in our study includes three large hospitals with a total of 98
wards. To reduce heterogeneity we focus on inpatient wards responsible for treating
adult patients. We exclude: all maternity and paediatric wards (which employ very
different staffing models); wards that regularly closed (defined as having an entire day
with no patients in the ward 30 times or more over the year); wards that employed no
registered nurses; and wards that had zero patient deaths over the calendar year. For
each of the remaining 52 hospital units (corresponding to one or sometimes two wards),
we construct various measures of staffing, patient characteristics and patient outcomes
at the daily level. The unit of analysis is the hospital ward-day.? The final sample
was 18,922 observations.? Each of these can be thought of as a distinct team: the staff
members who worked together on a given calendar day (including the handover between
those doing the night shift and those who take over the following morning). 4,484 unique
staff members worked across these teams, working 3,533,583 hours and 294,044 shifts
over the course of the year. These teams were responsible for treating 44,485 unique
patients with 66,662 separate hospital spells.

Nursing shifts are generated automatically by the e-rostering system several (gener-
ally 3) months ahead of time, in order to provide staff with at least 8 weeks notice of

their shift patterns. The roster is generated so as to ensure that each team contains the

2In what follows we refer inter-changeably to unit and ward.

3Note that the sample does not contain 365 observations for each of the 52 wards (18,980 observations)
because on 58 days (across 26 wards) no patients were treated, and these days are excluded from our
sample.



appropriate number and mix of staff, with the appropriate or ‘target’ level of staffing
determined by hospital managers.* These shifts are then allocated to individual staff
members either by the system or manually by managers. The mean length of a shift is
11.5 hours; more than 70% of shifts are 12 hours long. Not all planned shifts are ulti-
mately worked, because of staff absences (due to sickness or annual leave, for instance),
because there is a staff vacancy, or for another reason. We construct the hours worked
in each team and compare this to the planned (or rostered) number of hours.’ Staff
absences are recorded in a separate dataset, with information on the start date, end
date and reason for absence.

For those shifts that are worked, they can be worked by a ‘local’ staff member (one
who is directly employed by the NHS Trust, working their contracted hours in the ward
to which they are attached), a ‘bank’ staff member (one who is employed by the NHS
Trust but doing extracontractual or overtime work via the NHS ‘staff bank’, in their usual
ward or elsewhere) or an agency worker (who is working in the Trust but employed via an
external agency and is generally contracted at short notice). Student nurses are treated
as supernumerary and excluded from our analysis.

NHS employees are paid according to a national pay structure, known as ‘Agenda for
Change’ (AfC). The electronic staffing records include information on the AfC pay band
of the staff member who worked each shift. Staff in AfC pay bands 2—4 are identified as
NAs; those in pay bands 5-8 are identified as RNs. Individual pay bands also identify
staff of different levels of seniority within each group. Within the category of RNs, Band
5 includes newly qualified and less experienced nurses; Band 6 includes more senior and
experienced nurses, including deputy ward managers; and Band 7 and 8 includes the
most senior nurses and ward managers with the most responsibility. For staff members
employed by the Trust, the staff records include the month and year in which their
employment commenced, which we use to construct a measure of experience within the
NHS Trust. Agency workers, who are not employed by the Trust, are given a value of 0
on this measure.

To capture team performance and productivity, we focus on an important and high-
stakes outcome: inpatient mortality. Death at discharge is recorded in electronic patient
records, which we link to the team responsible for treating them at the point of death.

The outcome is treated as binary, with an indicator coded as 1 if a team (ward-day)

“There are no mandated national nurse to patient staffing ratios in the UK.

5Note that because we define a team as a ‘hospital ward-day’, a night shift that spans midnight will
contribute to the staffing of more than one team. For instance a shift that starts at 20:00 on day t and
ends at 08:00 on day t+1 will contribute 4 hours to the staffing of the first team and 8 hours to the
staffing of the second.



had a patient death occur, and coded as 0 otherwise. Patient mortality is a commonly
used performance measure in the medical literature (Needleman et al., 2011), and has
the advantage of being unambiguous and of being accurately and consistently recorded
across wards. Deaths occur at all hours of the day (Appendix Figure Al), with the only
noticeable spike occurring between 19:00 and 20:00 (when the handover between day
and night shifts takes place) which suggests that there is no systematic misallocation of

patient deaths to workers whose shifts span more than one calendar day.

3 Human capital in a nursing setting

3.1 A model of nursing team production

In this section, we present a simple model of team production to motivate and structure
the empirical analysis which follows. In our setting, a team is a group of nursing staff
(two or more) who work together in a particular location (hospital ward) with the same
group of patients; the final output of the team is the medical care provided for those
patients. Teams are ultimately made up of individuals. We begin by outlining a model
of individual productivity in a nursing setting, before aggregating up to the team.

Let T be a team consisting of n members T' = {1,2,...,n}, which in our setting is
the group of nurses working in a ward (k) on a particular day (t), such that a specific
team can be denoted as Tys. |Tj¢| is the number of staff in the team, which is not fixed
and varies across both wards and time.5

Each team is composed of individuals. We assume that the productivity of an indi-
vidual ¢ depends on their innate ability (denoted by 6;) and four types of human capital,
each of which is accumulated through different types of experience: general, firm-specific,
task-specific and team-specific capital. Specifically, let the productivity P of individual
i, working in firm (hospital) h, in ward k on day ¢ be equal to:

Pt = f(0i, Wi, Xint, Yinkts Z—inkt) (1)
where:

e W;; denotes general human capital for worker ¢ at date ¢.

e X, denotes firm-specific human capital: worker i’s experience working in firm
(hospital) h at date ¢.

5This is a key difference between nursing and other settings in which team size is fixed, such as
professional sports (Guryan et al., 2009; Miller et al., 2013; Arcidiacono et al., 2017).



e Yi1i: denotes ward-specific human capital: worker i’s experience working in
ward k£ within hospital h at date t.

e Z_;nit denotes team-specific human capital: worker ¢’s shared work experience
with the other individuals working in ward k within hospital h at date ¢ (i.e. with

the other team members).

Each of these variables is formally defined in Section 3.2 below.

Nursing teams are formed of individuals, who vary in their productivity. In some
settings, the output of each team member can be observed and recorded separately (e.g.
in the case of the teams of fruit pickers examined by Bandiera et al. (2009, 2013)).
But in many other settings — such as health care or professional sports — the output is
a team output and cannot be directly attributed to individuals: providing high-quality
patient care is a team effort, as is winning a basketball match. What matters, therefore,
is team productivity, which will depend on the size and composition of the team, and
on interactions between team members.

In many team settings, there is an ‘optimal’ team size. In football, for example, it is
optimal to have 11 players, and teams with fewer players (due to red cards or injuries)
tend to perform worse. In a kitchen, a team with too few chefs may struggle to prepare
meals of adequate quality in the time available, while a team with too many cooks may
spoil the broth. In nursing, the ‘optimal’ or ‘target’ team size is determined by hospital
managers based on factors like the ward’s size, medical specialty (because intensive care
units require more staff per patient, for instance), physical layout, and so on. The size of
the team, relative to this optimum, will affect productivity. Here, we denote the optimal
size of team T}, as |T},].

The composition of the team will also matter. In particular, we might expect teams
with higher levels of human capital — whether general, firm-specific, task-specific or
team-specific — to perform better.

We model team productivity as follows. Let the productivity of team Tj; be given
by:

P(Ty)= g <w’f|,9kt7wkt,th7th,Zkt> (2)
T

where the first term inside function g captures the impact of the size of the team. |Tj|

/ |T%;| € [0,1] represents the ratio between actual team size and optimal team size, and

thus captures the size of the team relative to ‘target’. We impose that |Tj| < |T75]. If
T
T

short-staffed teams are less productive, this implies that dg / 0 > 0. The remaining



variables inside g capture the average characteristics of team members, where:

_ 1 — 1
b= o S0, W= > Wi,

Tomagt T ma g

kt 1€ 1 gt
_ 1 — 1
kt 1€ Tkt

— 1
L= — Z_;

k‘t |Tkt| l; ’Lhk}t

k

Of these variables, 6y, is unobservable to the researcher, because it represents the average
innate ability of team members. The remaining variables are empirically calculable
and observable, and are defined below. the relationship between these human capital
measures and team performance is theoretically ambiguous, and therefore an empirical

question, which we return to later in the paper.

3.2 Human capital definitions
3.2.1 General human capital

In nursing, as in many other settings, general-purpose human capital - such as overall
education and experience - will contribute to individual productivity (Becker, 1964;
Mincer, 1974). As discussed in Section 2.1, nursing teams can be split into two broad
groups: nursing assistants (NAs) and registered nurses (RNs). RNs, who have com-
pleted formal training and hold a university diploma or degree-level qualification, can be
considered to have more general human capital.” Similarly, those in a higher pay band
— who are promoted based on experience and in many cases undergo advanced training
and hold additional qualifications — can be thought of as possessing more general human
capital.

In this study, we proxy for general human capital W;; using the pay band of each team
member. This allows to separately identify NAs and RNs (NAs are in NHS Agenda for
Change pay band 2—4, while all RNs are in pay bands 5 and above) and also to distinguish
between qualified nurses of different levels of seniority and experience (a newly qualified

nurse would be in pay band 5, while the most senior nurses and managers would be in

"Bartel et al. (2014) proxy for nurses’ general human capital with their education level, and find that
greater amounts of general human capital in nursing teams improves patient outcomes. Distinguishing
between NAs and RNs is a similar approach, as only the latter are required to have a degree-level
qualification. Studies in the nursing and medical literature have examined the impacts of substituting
RNs with NAs (Rafferty et al., 2007; Griffiths et al., 2016, 2019) and typically find that a greater share
of RNs is associated with improved patient outcomes.

10



pay band 7 or 8).

3.2.2 Firm-specific human capital

Human capital theory typically distinguishes between general and specific human capital,
the latter being skills that are not portable across jobs (Parsons, 1972). The idea is that
with experience at a particular firm, workers develop firm-specific skills and knowledge
that make them more productive at that firm, but not necessarily at other firms.

There are good reasons to suppose the existence of returns to firm-specific human
capital in a nursing context. Different hospitals (firms) often employ their own systems,
processes and protocols. The longer an individual has worked at a particular hospital,
the more familiar they will be with those systems, processes and protocols.® If they
were to move to another hospital, it may take time to build up a similar amount of
hospital-specific knowledge.

In this study, firm-specific human capital, is denoted as X;p; and represents the
experience of individual ¢ in firm (hospital) A at time ¢t. We define this simply as the
amount of time an individual has been employed in the firm, which in this context is
the NHS Trust (which contains 3 large hospitals).”

3.2.3 Ward-specific human capital

Hospital-specific experience may yield productivity benefits, but within a hospital, wards
are far from uniform. Experience in one ward may be less applicable to others. It is
useful to distinguish between location-specific and task-specific human capital. The
former comes from familiarity with one’s physical surroundings: a nurse accustomed to
the layout of a particular intensive care ward may find it initially more difficult to monitor
patients if she moves to a different, less familiar intensive care ward in another hospital.
The latter comes from task-specific learning by doing, where some of the experience and
human capital that an individual acquires on the job may be specific to the task being
performed, rather than specific to the firm as a whole (Gibbons and Waldman, 2004).
This can be thought of as task-specific learning by doing (Levitt et al., 2013; Haggag

8Huckman and Pisano (2006) provide evidence of returns to hospital-specific experience for surgeons
carrying out cardiac surgery.

9For 89% of individuals in our sample (who work 87% of all shifts) tenure is directly observable
in staff records, as these contain the date at which the individual’s employment at the Trust started.
For the remaining 11% of individuals, for whom this information is missing, experience in the Trust is
imputed based on: their pay band; the % of shifts they work as overtime via the staff ‘bank’; the % of
shifts they work at night; and whether they are an agency worker (agency workers are assigned a value
of zero, as they are not employed by the Trust).

11



et al., 2017), and these accumulated skills may not be transferable if a worker moves to
a different part of the firm where they perform a different task. For example, a nurse
familiar with the treatment protocols on the haemotology ward may not be any more
productive if she moves to the neurology ward.

In this study, we cannot observe the tasks performed by each member of the nurs-
ing team and so cannot disentangle task- and location-specific experience. Instead, we
construct a measure of ward-specific experience, which will capture both of these fac-
tors (and is distinct from team-specific human capital, which is explored below). This
approach also follows Bartel et al. (2014), who provide evidence of returns to hospital
unit-specific human capital for nurses in a US setting.

We define task-specific human capital as follows. First, let K (h) be the set of wards
in hospital h. Then for all £k € K(h) we define Y;,x; as the task-specific human capital

for worker i in ward k on day t as:

t—1

Vi = »_ L €Tr) Vk € K(h) (4)
T7=t—90

where 1(i € Trk) is an indicator equal to one if individual i was part of team T, and
zero otherwise. Yjpis therefore represents the number of times the individual has worked
in ward k in the previous 90 days.!°

We construct several further measures for use in our empirical analysis. We define:

WardShiftsl, = 1(Yipe > 5)  and  WardShiftsiy, = 1(Yipee > 10) (5)

as binary variables equal to one if the individual has worked at least 5 and 10 shifts in

the ward in the past 90 days, respectively. We additionally define:

FirstShifting = ]1(Yihkt =0A1€ Tkt)

: (6)
NewJoiner;piy = 1( Z FirstShiftign > 0N 1 € Tiy)

T7=t—30

where 1(Y;pie = 0N € Tyy) is an indicator equal to one if an individual is working in team

10We measure ward-specific experience based on the past 90 days for two reasons. One, one might
expect the effects of experience to decay over time. T'wo, our sample covers a single calendar year and in
order to construct a backwards-looking measure of experience, we have to discard a portion of the data at
the start of the period (for which such a backwards-looking measure cannot be calculated). Using shared
work experience over the previous 90 days strikes a balance between capturing how familiar workers will
be with the ward, and having to discard no more than a quarter of our sample.

12



Ty, having not worked in ward k in the previous 90 days. 1(23—:1&—30 FirstShiftpn, >
0 N i € Ty) is therefore an indicator equal to one if an individual in team Ty, did their
first shift (in at least 90 days) in this ward on date 7 € [t — 30,¢] — i.e. at some point in
the last 30 days. That is, it is equal to one if an individual is within their first 30 days

on the ward: we define these individuals as ‘new joiners’.

3.2.4 Team-specific human capital

Collaboration, communication and co-ordination are inherent to team production. The
costs associated with each of these may fall with shared experience (Lazear and Shaw,
2007). In a nursing setting, many tasks cannot be done by a single person and require
multiple team members to work together. In addition, patients require round-the-clock
care and so the sharing of information when nurses are handing over between shifts is of
critical importance. Such collaboration and information sharing may get easier the more
times two individuals have worked together. This is distinct from experience working in
a particular location.

We define team-specific human capital as follows. First, let K(h) be the set of
wards in hospital h. Let F(i, j,t) represent the (recent) shared work experience between

workers ¢ and j, as of date ¢, where:

t—1

E(i,jt)= > Y 1(€TuAjeTy) (7)
kEK(h) T=t—90

where 1(i € Ty Aj € Tri) is an indicator that equals one if both workers i and j worked
in ward k on day 7 € [t — 90,¢ — 1] (i.e. equals one if both ¢ and j were in team T;).
E(i,j,t) therefore represents the number of shifts i and j have worked together, in any

ward, over the past 90 days prior to day ¢.!!
We can then define an individual’s average shared work experience with fellow team

members (team-specific human capital) as:

1 o
Z ikt = Tl =1 TZ'#'E(%JJ) (8)
J€Tt,j#i

where T} is the set of team members (in ward k on date t), |Tj¢| is the size of the team,
and E(i,7,t) is defined as above. Z_;,x; therefore captures the average number of shifts

that individual ¢ has worked with their team members in the most recent 90 days.

' As above, we measure shared work experience based on the past 90 days to allow for the effects of
experience to decay over time, and to strike a balance between defining a suitably backwards-looking
measure and having to discard a substantial portion of our sample.

13



We define a further variable for use in empirical analysis:

SharedExp® i = L(Z_jpge > 5N i € Tiy) (9)

which is a binary variable equal to 1 if an individual in team T}; has worked with their
fellow team members 5 or more times, on average, in any ward, over the previous 90

days.

4 Summary statistics

4.1 Staffing and team composition

Table 1 presents summary statistics for the quantity and composition of team staffing.
The average team (unit-day) had 194.8 rostered hours. Within that, an average 53.4
hours were rostered for NAs, and 141.4 for RNs. This is equivalent to around 16 staff
members working 12-hour shifts, with around 4 NAs and 12 RNs in the average team.
Note that not all of these staff members will be working at any one time; shifts overlap
in order to ensure continuous care over the full 24 hours.

In just over half (51.2%) of teams, the actual number of hours worked was less than
the number of planned/rostered hours. In the average team, 8 hours of planned staffing
was ‘unfilled’, equivalent to two-thirds an average shift. This is equivalent to saying that
in the average team, 95.7% of planned hours were actually worked.'? This is slightly
lower for NAs (94.6%) than for RNs (96.4%).

Table 1 also shows the share of planned hours worked by staff of different contract
type and seniority. The majority of hours — 67.9% of all those planned — were worked by
local staff in their regular ward to which they are attached and in which they do their
contracted hours. A further 20.6% were worked by bank staff, and a further 7.2% by
agency workers.

Nurses in NHS AfC pay band 5 are the largest staffing group. These are recently
qualified RNs in the lowest seniority band. Band 5 nurses work almost half (47.1%)
of all hours and more than two-thirds (68.4%) of rostered RN hours. Agency work is
concentrated in band 5. Almost all hours worked by (the more senior) Band 6-8 nurses
are in their regular ward as local staff. Band 7 and 8 staff — the most senior nurses
responsible for managing their ward — work around 5% of all rostered RN hours.

A little over a tenth (12.2%) of all planned hours are worked by ‘new joiners’: those

12This measure — the actual number of hours worked divided by the number of rostered hours — is
routinely collected and published by the NHS Trust as the ‘fill-rate’.

14



who are within their first month on a ward, having not worked there for the previous 90
days or more. In the average team, the average staff member had 6.3 years of experience
within the NHS Trust (5.6 years for NAs; 6.7 for RNs); the average team member had
done 30.3 shifts in the ward in the past 90 days (27.8 for NAs; 31.5 for RNs); and the
average team member had worked 14.5 shifts with their fellow team members in the
previous 90 days.

Importantly, there is considerable day-to-day variation in both the level and com-
position of staffing. This includes variation in the degree of firm (Trust)-, ward- and
team-specific human capital amongst the team. This within-ward variation is key to our
identification strategy and is documented in Table 3. In part, this variation is because
of staff rotations, arrivals and departures which contribute to turnover. But in addition,
most staff members work across multiple wards (Figure 1). More junior staff, in partic-
ular, tend to work across multiple hospitals and wards within the Trust. The average
Nursing Assistant worked 76.3 shifts across 6.8 different wards over the course of the
year. The average Band 5 RN worked 51.6 shifts across 4.5 unique wards.'® In contrast,
the most senior nurses in Band 7 and 8 move around little, and did 96.7% of their shifts

in their usual unit (versus 72.4% for Band 5s).

4.2 Patients and patient outcomes

The average team in our sample was responsible for treating 20.6 patients (Table 2). As
well as the number of patients, the clinical acuity of those patients is an important con-
tributor to a team’s workload. Our analysis therefore controls for time-varying patient
characteristics (discussed in more detail in Section 5). The average patient was 64.1
years old, 46% were female, and 52% were recorded with an ethnicity other than White
(including ‘unknown’). The average Elixhauser Comorbidity Score, a well-established
measure of clinical severity (Elixhauser et al., 1998), was 28.53.'% 6.3% of the teams
in our sample recorded a patient death, with a mean mortality rate of 3.58 per 1,000

patients.

13Note that the average Band 5 works fewer shifts because they are more likely to be part-time, and
more likely to be an agency worker (who could appear as little as once in our sample).

We calculated the Elixhauser Cormorbidity Score for each patient using their recorded diagnoses,
with coding from the International Classification of Diseases, tenth edition (ICD-10).
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Table 1: Summary statistics: ward staffing levels and team composition

All nursing staff Nursing Assistants Registered Nurses
Mean SD Mean SD Mean SD
Planned (rostered) hours 194.8 89.8 53.4 30.7 141.4 91.4
Actual hours worked 186.7 88.8 50.2 29.1 136.6 90.6
Unfilled hours 8.0 10.1 3.2 6.1 4.8 7.6
Share of planned hours worked (%), of which: 95.7 5.4 94.8 10.9 96.4 5.8
Local/regular staff 67.9 15.7 63.9 26.4 70.5 16.9
Bank staff 20.6 12.7 28.8 23.8 16.3 12.7
Agency staff 7.2 8.2 2.0 8.4 9.5 11.0
Band 2 staff 23.9 14.6 78.0 25.5 - -
Band 3 staff 3.7 5.4 15.7 23.6 - -
Band 4 staff 0.2 1.0 0.9 3.8 - -
Band 5 staff 47.1 11.5 - - 68.4 15.8
Band 6 staff 17.0 12.5 - - 22.8 13.3
Band 7 and 8 staff 3.8 4.5 - - 5.2 5.8
Band 5 local staff 30.7 12.0 - - 44.0 16.0
Band 5 bank staff 10.1 8.5 15.1 13.0
Band 5 agency staff 6.2 7.6 9.2 11.0
Band 6 local staff 15.6 10.6 - - 21.2 11.9
Band 6 bank staff 1.1 3.3 - - 1.2 3.7
Band 6 agency staff 0.3 2.0 - - 0.3 2.0
Band 7 and 8 local staff 3.8 4.5 - - 5.2 5.8
Band 7 and 8 bank staff 0.0 0.0 - - 0.0 0.1
Band 7 and 8 agency staff 0.0 0.0 - - 0.0 0.0
New joiners to the ward (%) T 12.2 9.4 16.4 19.7 10.7 10.6
Non-new joiners (%) 83.5 10.7 8.4 21.9 85.6 11.9
Years of experience in the NHS Trust 6.3 2.0 5.6 3.2 6.7 2.5
Shifts in the ward in the past 90 days 30.3 5.2 27.8 9.7 31.5 5.9
Average shared work experience (shifts) with other 14.5 5.0 13.5 6.3 14.9 5.1
team members (in any ward) in the past 90 days
Average shared work experience (shifts) with other - - - - 15.2 5.7
RNs in the team (in any ward) in the past 90 days
Observations 18,922 18,922 18,922
Hospitals 3 3 3
Wards 52 52 52

T New joiners are defined as those who are within 30 days of starting on the unit for the first time, having not done so in (at
least) the past 90 days.

Note: Unit of analysis is the hospital unit-day. Nursing support staff are personnel without formal training or registration
requirements, identified as those in NHS Agenda for Change pay bands 2-4), and typically employed as health care assistants or
other support workers. Registered Nurses (RNs) are fully qualified nurses on the Nursing and Midwifery Council register, who have
completed formal training and hold a university diploma or degree-level qualification, identified in our data as those in NHS Agenda
for Change pay bands 5-8, with bands 5 and 8 representng the least and most senior nurses, respectively. Mean characteristics of
team members are weighted by the number of hours worked.
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Figure 1: Staff movements across teams, wards and hospitals
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Table 2: Summary statistics: patient outcomes and characteristics

Mean Std. Dev.

Number of patients treated in the unit 20.61 8.46
Age 64.18 9.86
Female (%) 0.46 0.18
Non-White (%) | 0.52 0.16
Elixhauser Comorbidity Index score 3.69 1.17
Average length of hospital stay (days) ¥ 28.53 17.08
Patient death (binary) 0.063 0.243
Death rate per 1,000 patients 3.58 16.20
Observations 18,922
Hospitals 3

Wards 52

Note: Unit of analysis is the hospital unit-day. Patient characteristics weighted by the hours spent in the unit
on the day in question.

T Non-white includes those patients for whom ethnicity was recorded as unknown.

¥ Calculated as the average for the patients treated in a given unit on a given day, rather than the average for
the universe of patients.

Table 3: Summary statistics: within-ward and between-ward standard deviation (SD)

Mean SD Within SD  Between SD

Share (%) of all planned hours worked 95.7 5.4 4.9 2.2
Share (%) of planned NA hours worked 94.8 10.9 10.3 3.8
Share (%) of planned RN hours worked 96.4 5.8 5.3 2.3
Share (%) of all planned hours worked by:

Band 5 staff 471 11.5 8.2 8.1

Band 6 staff 17.0 12.5 6.3 10.8

Band 7 and 8 staff 3.8 4.5 3.3 3.1

Local staff 67.9 15.7 11.7 10.6

Bank staff 20.6 12.7 10.4 74

Agency staff 7.2 8.2 6.5 5.1
Patient death (binary) 0.06 0.24 0.24 0.06
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5 Empirical strategy

5.1 Baseline model

We estimate the following baseline fixed-effects logit model:

vit = 1(y; > 0)

(10)
vy = P1FillRateN Ay + PoFillRate RNy + 6 PatientCharsi; + A + 1; + €t

where y;; is a binary indicator of a patient death in ward i on day ¢t. The ward-day — the
team — is the unit of analysis, to reflect the centrality of teams to healthcare production:
patient outcomes are the product of the efforts of the team as a whole and cannot be
attributed to any individual team member.

In our baseline specification, we measure team composition by the share of planned
NA and RN hours that were actually worked, denoted by Fill Rate N A;; and Fill Rate RNy,
respectively. These capture both the size of the team relative to ‘optimal’ (corresponding
to |Txe|/ T}, in equation 2) and, because it’s is defined separately for NAs and RNs, the
skill-mix and level of general human capital of the team. They are defined as:

FillRateN Ay = 100 # Hours worked by NAs in ward i on day ¢

Planned NA hours in ward 7 on day ¢

(11)

Hours worked by RNs in ward ¢ on day ¢

FillRateRN; =1
il Rate RN 00 Planned RN hours in ward 7 on day ¢

B1 and (9 are the coefficients of interest, and represent the impact of a change in the level
of NA and RN staffing on the odds of a team experiencing a patient death, respectively.
We present our results as odds ratios.

PatientChars; captures time-varying characteristics of patients in ward ¢ on day
t, weighted by the amount of time that each patient spent under the care of the team.
These include: the mean age of patients; the mean age squared; the female share; the
share of patients who are non-white; the mean patient Elixhauser Comorbidity Index
score (a standard measure of clincial severity); pairwise interactions between each of
these variables; the average length of hospital stay for the patients in the ward; and
the number of patients treated in the ward that day (a proxy for nurse workload). X,
captures time effects (day of week; month; and a dummy variable indicating a public
holiday).

We include ward fixed effects (7;) to capture time-invariant differences across hospi-

tal wards (such as their medical specialty, patient mix, Trust and hospital management
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quality, and physical layout). Our results are therefore identified from within-ward vari-
ation in staffing levels and team composition. The extent of this within-ward variation
is illustrated in Table 3.

€t 18 an error term, assumed to be logistically distributed, with standard errors
clustered at the ward level.

One concern is that nurse staffing is endogenous to patient severity: when a ward has
an influx of sicker patients (making a patient death more likely), the ward manager may
respond by increasing the number of staff on the ward, or by adjusting the skill mix of the
team. As discussed in Section 2, nurse rosters are planned months in advance, but some
last-minute adjustments may still be possible. This would lead to an upwards bias in our
estimates of the relationship between nurse staffing and patient mortality.'> Where we
estimate a negative association between nurse staffing and mortality, this would mean
that we are underestimating the ‘true’ benefits of higher nurse staffing and/or higher
levels of human capital.

While such endogenous staffing decisions are theoretically possible, staff shortages
are endemic within the English NHS and within the hospitals used in our study. Even
following an influx of sick patients, additional nurses may simply not be available. There
certainly is no pool of experienced nurses lying idle in case they are needed. Furthermore,
the primary means of finding an additional nurse at short notice is via an external agency,
but due to budgetary concerns and constraints, this requires approval from a manager
external to the ward. This approval may not be granted in time to fill an unexpected
vacancy — or may not be granted at all. In any case, agency staff are almost exclusively
Band 5 nurses (Figure 1), and so cannot be used as a like-for-like replacement when a
more senior nurse is absent.

We take three main steps to further alleviate this concern. First, to the extent that
such changes in patient severity are observable (e.g. a change in patient age structure,
or in recorded diagnoses) this will be captured in PatientChars;;, and any change in
the volume of patients is directly controlled for. Second, any differences in unobservable
patient severity that are time-invariant across wards will be soaked up by our inclusion
of ward fixed effects. Third, in addition to our main results, we directly examine the
impact of plausibly unexpected staff absences — those caused by a short-term sickness
— to estimate the impact of staffing changes that cannot be related to any changes in

patient mix, and find consistent results.

15Indeed, many cross-sectional studies into the impact of nurse staffing in the medical literature suffer
from this shortcoming — see Griffiths et al. (2016) for a discussion.
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5.2 Extensions

The baseline model examines the separate effects of NA and RN staffing on team per-
formance. Differences between the coefficients on these variables would reflect the differ-
ential impacts of staff with more or less general human capital. We employ a number of
other specifications to examine different aspects of team composition and human capital.
These include, for example, the average amount of firm-specific experience in the team,
and measures of the proportion of the team who have recent ward- and team-specific ex-

perience. Precise definitions for each of these variables is provided in Appendix Section
Al

6 Results

We start by presenting the estimated impacts of overall staffing levels on team perfor-
mance, including how this impact varies according to the skill mix and general human
capital of the team. To explore the returns to different types of human capital we exam-
ine different aspects of team composition. Finally, we examine the impact of unexpected

staff absences, with a particular focus on that of the senior nurse managers.

6.1 Overall staffing and skill-mix

Table 4 reports our baseline results. The first column regresses a binary indicator of a
patient death on the share of planned Nursing Assistant (NA) and Registered Nurse (RN)
hours that were actually worked, along with the controls discussed above. A one-unit
(one percentage point) increase in each of these variables is equivalent to an additional
0.53 and 1.41 hours, respectively, for the average team (as per Table 1), though this will
vary according to the size of the ward.

We find that an increase in NA staffing has no statistically significant impact on the
odds of a patient death. In contrast, higher levels of RN staffing are associated with
lower patient mortality: a one percentage point increase in the RN fill-rate reduces the
odds of a patient death by 1.3% (with an odds ratio of 0.987). These results suggest
that for the average team, an extra RN doing a 12-hour shift would reduce the odds of
experiencing a patient death by around 10%.'6 The size of the team therefore matters.

But just as important is the composition of the team. There are significant returns

16The average team has 141.4 rostered RN hours (Table 1). A one percentage point increase would
therefore add approximately 1.4 hours, and an extra staff member working a 12-hour shift would increase
staffing by 12/1.4 & 8.6 percentage points of planned RN hours. Using the results from Table 4,
0.987486 ~ 0.9, equivalent to a 10% reduction.
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to qualifications and experience: teams with higher levels of general human capital (as
measured by a greater share of RNs rather than NAs in the team) are more productive.

The second column distinguishes between nurses of different seniority within the
broad category of RNs. Again, our results provide evidence of significant returns to skill
and general human capital. A one percentage point increase in the share of planned
RN (band 5-8) hours worked by a band 5 nurse reduces the odds of a patient death by
1.1%, increasing to 1.6% for band 6, and 2.4% for band 7 and 8. This means that for the
average team, adding an extra nurse in the most senior pay bands reduces the odds of a
patient death by more than twice as much as adding a newly qualified nurse: our central
estimates suggest that the average band 7-8 nurse is about 2.2 times as productive as a
band 5 nurse.

The third column of Table 4 distinguishes between RNs of different contract types:
local, bank and agency. The results show that only RNs directly employed by the Trust —
local and bank staff — have a statistically significant impact on patient mortality. Agency
RNs are also almost exclusively in Band 5 so this result could just be reflecting the skill
and seniority mix. The fourth column therefore controls for Band 6, 7 and 8 staffing,
but separates Band 5 staffing into agency and non-agency. The results provide some
weak suggestive evidence that agency RNs are less productive than their non-agency
(local and bank) counterparts, but the general human capital of the team (as measured

by seniority) appears to be more important than contract type.

6.2 Firm-specific, ward-specific and team-specific human capital

We now turn to an examination of the impact of different types of human capital and
the returns to different types of experience, over and above the returns to seniority.
Table 5 focuses on the impact of firm-specific (in our case, NHS Trust-specific) expe-
rience, after controlling for the quantity and seniority mix of staffing. The first column
shows that a greater amount of firm-specific experience — as measured by mean years of
experience working in the NHS Trust — is associated with better team performance. The
second column shows that there are returns to firm-specific experience only for RNs,
with no impact for NAs. Increasing the average firm-specific experience among RNs in
the team by one year reduces the odds of a patient death by 7.2% (equivalent to roughly
two-thirds of the impact of adding an extra nurse). In contrast, a greater level of firm-
specific experience among the (less highly skilled) NAs has no statistically significant
impact. The third column of Table 5 shows that the returns to firm specific experience

are increasing with years of experience more or less monotonically.

22



Table 4: Impact of nurse staffing levels, contract type and seniority on patient mortality

Outcome: patient death

(1 2 ®3) 4)
1.003 1.003 1.003 1.003
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004) (0.004)
[0.360] [0.356] [0.348] [0.348]
0.987**
Share (ppt) of planned Registered Nurse (RN) hours filled (0.006)
[0.038]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.989*
Band 5 nurses (0.006)
[0.087]
0.984** 0.984**
Band 6 nurses (0.007) (0.007)
[0.020] [0.020]
0.976** 0.976**
Band 7 and 8 nurses (0.011) (0.011)
[0.025] [0.026]
0.987**
Local (regular) nurses (0.006)
[0.037]
0.986**
Bank nurses (0.007)
[0.038]
0.991
Agency nurses (0.006)
[0.140]
0.989*
Band 5 Local and Bank nurses (0.006)
[0.084]
0.991
Band 5 Agency nurses (0.006)
[0.139]
Patient volume and characteristics v v v v
Time controls v v v v
Hospital ward fixed effects v v v v
N 18,922 18,922 18,922 18,922
Clusters 52 52 52 52

®H% b < 0.01, ** p < 0.05, * p < 0.1

Coeflicients shown are odds ratios from a fixed-effect logit regression, with hospital ward fixed effects. Robust
standard errors, clustered at the hospital unit level, are shown in parentheses; p-values are shown in square
brackets. The unit of analysis is the hospital unit-day. All regressions control for the mean patient age; the mean
patient age?; the female share of patients; the non-white share of patients; the mean Elixhauser Comorbidity
Index; pairwise interaction terms between age, female share, non-white share and Elixhauser Cormorbidity Index;
the mean hospital length of stay of patients treated in the unit that day; the number of patients treated in the
unit that day; a dummy for each day of the week; a dummy for month of the year; and a dummy indicating

whether the day was a bank holiday.
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Table 5: Impact of firm-specific experience on patient mortality

Outcome: patient death

(1) (2) 3)
1.003 1.003 1.003
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.003) (0.003) (0.003)
0.386] [0.331] [0.365]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.989* 0.989* 0.988*
Band 5 nurses (0.006) (0.006) (0.006)
[0.082] [0.062] [0.067]
0.986** 0.986** 0.987**
Band 6 nurses (0.007) (0.007) (0.007)
[0.037] [0.036] [0.049]
0.979* 0.980%* 0.980%*
Band 7 and 8 nurses (0.011) (0.011) (0.011)
[0.066] [0.078] [0.088]
0.939*
Average experience in the Trust (years) (0.034)
[0.079]
1.017
Average experience in the Trust for NAs (years) (0.015)
[0.246]
0.928%**
Average experience in the Trust for RNs (years) (0.021)
[0.001]
Percent of Registered Nurses (RNs) with: T
0.991**
1-3 years Trust experience (0.004)
[0.047]
0.990**
3-7 years Trust experience (0.005)
[0.034]
0.987***
7-11 years Trust experience (0.004)
[0.003]
0.988%*
11-15 years Trust experience (0.005)
[0.016]
0.985%**
15+ years Trust experience (0.005)
[0.005]
Patient volume and characteristics v v v
Time controls v v v
Hospital ward fixed effects v v v
N 18,922 18,922 18,922
Clusters 52 52 52

*** p < 0.01, ** p < 0.05, *p < 0.1

Coefficients shown are odds ratios from a fixed-effect logit regression, with hospital ward fixed effects. Robust
standard errors, clustered at the hospital unit level, are shown in parentheses; p-values are shown in square
brackets. The unit of analysis is the hospital unit-day. See notes to Table 4 for a full list of controls.

T Reference group is those with less than one year of experience in the Trust.
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These results suggest that, consistent with Huckman and Pisano (2006), teams with
workers with more firm-specific human capital perform better in a healthcare setting.
This indicates that familiarity with hospital-specific systems and processes can yield
substantial benefits. But within a hospital, wards are far from uniform. For example,
experience in monitoring patients on a cardiology ward may be of less use in an intensive
care ward. A nurse familiar with the treatment protocols on the haemotology ward may
not be any more productive if she moves to the neurology ward. Therefore ward-specific
experience may be important.

To examine this, we split out RNs into those who have newly joined the ward!'”
and those who have worked on the ward for longer and thus have more ward-specific
experience. The results in the first column of Table 6 indicate that teams with more
ward-specific experience are more productive. An additional 1% of planned RN hours
worked by a new joiner (who by definition has little-to-nothing in the way of recent
ward-specific experience) has no statistically significant impact on the odds of a patient
death, while there is a statistically significant 1.6% reduction following the addition of
a RN who is not new to the ward.

More senior nurses (band 6 and above) move around less than band 5 nurses (Figure
1) and the estimated reduction in the odds from death from additional filled shifts is
larger for more senior nurses (Table 4). To avoid the estimation of familiarity effects
being confounded by seniority effects, we next focus just on Band 5 RNs. The sec-
ond column shows reductions in mortality when a higher share of Band 5s have recent
experience in the ward (non-new joiners), although the estimated coefficient is only sta-
tistically significant at the 10% level. The estimated coefficients remain unchanged when
we condition on working together for at least 5 shifts (column 3) and 10 shifts (column
4) in the last 90 days. This suggests that any effect of ward specific experience is not
increasing in the extent of that experience.

As well as familiarity with the ward in which a nurse is working, there may be returns
to greater familiarity with a nurse’s team members. Collaboration, communication and
co-ordination — all crucial ingredients to a successful nursing team — may be easier
when individual nurses have experience working with one another. This is distinct from
familiarity with one’s physical surroundings: two nurses may have experience working
together elsewhere in the hospital.

To address this question, we construct a measure of shared work experience for each

pairing of RNs within a team, which measures the number of times the two individuals

17As per Table ??, we define someone as a new joiner if they are within their first 30 days on the
ward, having not worked there in the previous 90 days.
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Table 6: Impact of ward-specific experience on patient mortality

Outcome: patient death

(1 2 ®3) 4)
1.001 1.001 1.001 1.001
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004) (0.004)
[0.835] [0.823] [0.819] [0.826]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.989
RN new joiners to the unit (0.008)
[0.147]
0.984**
RNs who are not new joiners (0.008)
[0.037]
0.990
Band 5 new joiners T (0.008)
[0.202]
0.985*
Band 5 nurses who are not new joiners (0.008)
[0.059]
0.990
Band 5 nurses with <5 shifts in unit in past 90 days (0.008)
[0.222]
0.985*
Band 5 nurses with >5 shifts in unit in past 90 days (0.008)
[0.057]
0.989
Band 5 nurses with <10 shifts in unit in past 90 days (0.008)
0.160]
0.985*
Band 5 nurses with >10 shifts in unit in past 90 days (0.008)
[0.058]
0.982%* 0.982%* 0.982%*
Band 6 nurses (0.008) (0.008) (0.008)
[0.023] [0.023] [0.023]
0.977* 0.977* 0.977*
Band 7 and 8 nurses (0.012) (0.012) (0.012)
[0.059] [0.059] [0.058]
Patient volume and characteristics v v v v
Time controls v v v v
Hospital ward fixed effects v v v v
N 14,290 14,290 14,290 14,290
Clusters 52 52 52 52

¥k p < 0.01, ¥* p < 0.05, * p < 0.1

T New joiners are defined as those who are within 30 days of starting on the unit for the first time, having not
done so in (at least) the past 90 days.

Coefficients shown are odds ratios from a fixed-effect logit regression, with hospital ward fixed effects. Robust
standard errors, clustered at the hospital unit level, are shown in parentheses; p-values are shown in square
brackets. The unit of analysis is the hospital unit-day. See notes to Table 4 for a full list of controls.
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have worked together in the past 90 days (in any ward).'® We use this as our proxy for
team-specific human capital, and look separately at the impact of RNs with more and less
shared work experience (and thus more or less team-specific human capital). The results
in Table 7, column 1, show that after controlling for the seniority mix of the team, the
average amount of shared experience in the team does not have a statistically significant
effect on team productivity. However, without controls for seniority, having more RNs
with shared work experience of over 5 shifts is statistically significant associated with
reductions in patient mortality (column 2). Column 3 shows this is also the case for
Band 5 nurses conditional on seniority mix, although the coefficient in column 3 on
higher shared experience is less precisely estimated. As with the results in Table 7, this
is because: (i) senior RNs (Band 6 and above) work in fewer wards, resulting in higher
levels of team familiarity; and, (ii) senior RNs also have greater impacts — and in the

case of Band 6 RNs, better defined impacts — on mortality rates.

6.3 Unexpected absences

Variation in staffing levels and team composition can be caused by staff absences. Some
forms of absences are likely to result in a greater degree of disruption to a team than
others. When absences are known about in advance (such as a pre-agreed period of
holiday or training leave), rosters can be re-arranged in advance with little disruption.
Unexpected absences, such as those due to short-term sick leave, may be harder to adjust
to, as managers may struggle more to find an appropriate replacement at short notice.
In Table 8, we examine the impact of staff absences on the productivity of the team.
We construct a dummy for an absence lasting < 7 days due to sickness, and one for an
absence lasting < 7 days due to any other reason. The only difference between these two
should be that the former is more likely to be unexpected and thus harder to adapt to.
The column shows that, conditional on staffing levels and seniority mix, a short-term
absence of an RN for a reason other than sickness is not associated with a statistically
significant increase in patient mortality. The second column shows that the same is true
for a non-sickness absence of a Band 7 or 8 nurse. The third column shows no impact of
having an RN absent due to short-term sickness. The final column, though, shows that
teams in which a senior nurse (in Band 7 or 8) is absent due to a short-term sickness
perform substantially worse: the odds of a patient death is 63% greater. This points
to the important role played by the senior nurses who manage the ward in which they

work.

'8 This is similar to the measure used for doctors in Chen (2021).
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Table 7: Impact of shared work experience on patient mortality

Outcome: patient death

) 2) ®3)
1.001 1.001 1.001
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004)
[0.821] [0.839] [0.843]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.986*
Band 5 nurses (0.008)
[0.073]
0.982** 0.986**
Band 6 nurses (0.008) (0.007)
[0.022] [0.046]
0.977* 0.980%*
Band 7 and 8 nurses (0.012) (0.012)
[0.056] [0.094]
0.989
RNs with average shared work experience of <5 shifts (0.008)
[0.147)
0.983**
RNs with average shared work experience of >5 shifts (0.008)
[0.033]
0.994
Band 5s with average shared work experience of <5 shifts f (0.007)
[0.389]
0.988*
Band 5s with average shared work experience of >5 shifts T (0.007)
[0.085]
0.998
Mean shared work experience among RNs (0.009)
[0.791]
Patient volume and characteristics v v v
Time controls v v v
Hospital ward fixed effects v v v
N 14,290 14,290 14,290
Clusters 52 52 52

*¥** p < 0.01, ** p < 0.05, * p < 0.1

T Shared work experience is defined as the number of times two RNs worked together in the same team over the
previous 90 days, in any unit. The average is calculated with respect to all other RNs in the team.

Coefficients shown are odds ratios from a fixed-effect logit regression, with hospital ward fixed effects. Robust
standard errors, clustered at the hospital unit level, are shown in parentheses; p-values are shown in square
brackets. The unit of analysis is the hospital unit-day. See notes to Table 4 for a full list of controls.
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Table 8: Impact of staff absences on patient mortality

Outcome: patient death

(1) (2) (3) (4)
1.003 1.003 1.003 1.003
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004) (0.003)
[0.345] [0.346] [0.349] [0.357]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.989* 0.989* 0.989* 0.990*
Band 5 nurses (0.006) (0.006) (0.006) (0.006)
[0.081] (0.006) [0.073] [0.099]
0.984%* 0.984%* 0.984%** 0.978%*
Band 6 nurses (0.007) (0.007) (0.007) (0.011)
[0.017] [0.021] [0.014] [0.040]
0.975%* 0.977* 0.975%* 0.978%*
Band 7 and 8 nurses (0.011) (0.012) (0.011) (0.011)
[0.024] [0.056] [0.025] [0.040]
Absence for a reason other than sickness, lasting < 7 days:
1.041
RN of any band (0.073)
[0.565]
1.030
Band 7-8 nurse (0.085)
[0.717]
Absence due to sickness, lasting < 7 days:
0.966
RN of any band (0.076)
[0.656]
1.632%**
Band 7-8 nurse (0.239)
[<0.001]
Patient volume and characteristics v v v v
Time controls v v v v
Hospital ward fixed effects v v v v
N 18,922 18,922 18,922 18,022
Clusters 52 52 52 52

*¥** p < 0.01, ** p < 0.05, * p < 0.1

Coefficients shown are odds ratios from a fixed-effect logit regression, with hospital ward fixed effects. Robust
standard errors, clustered at the hospital unit level, are shown in parentheses; p-values are shown in square
brackets. The unit of analysis is the hospital unit-day. See notes to Table 4 for a full list of controls.
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7 Conclusion

This paper examines the role of team production in healthcare, a labour- and teamwork-
intensive sector that accounts for a substantial fraction of employment in developed
economies. We focus on teams of nurses, for whom collaboration, communication and
knowledge sharing are crucial. Employing a novel, high-frequency dataset that links
electronic staffing rotas to inpatient mortality records in a large NHS hospital Trust in
England, we examine the impact of both the size and composition of nursing teams on
team productivity, as measured by inpatient mortality rates among patients under their
care.

We use qualifications and rank as a proxy for general human capital, and find that
teams with higher levels of general human capital are more productive. An additional
Nursing Assistant (NA) has no impact on the likelihood of a patient death, but a greater
number of hours worked by Registered Nurses (RNs) is associated with lower inpatient
mortality, with the magnitude of these effects increasing with qualifications and experi-
ence. The most senior nurses, who are responsible for managing their ward, are around
2.2 times as productive as their newly qualified counterparts. These results demonstrate
that staffing shortages — endemic to the English NHS — have adverse consequences for
patient care, but suggest that efforts to substitute less highly skilled NAs for RNs are
unlikely to boost team performance.

We also find evidence that teams perform better when its constituent members are
more familiar with their surroundings and each other. A greater amount of firm-specific
human capital — as proxied by years of employment within the NHS Trust — is associ-
ated with better team performance. This effect exists only for RNs and not for NAs,
indicating a complementarity between firm-specific and general human capital. There is
suggestive evidence of separate returns to recent experience working in the ward (ward-
specific human capital) and with other team members (team-specific human capital)
which can partially offset a lack of general human capital. These findings suggest sub-
stantial benefits associated with continuity and limiting the disruptions to teams from
high levels of staff turnover. If shared work experience were taken into account in the
rostering of nursing staff, patient outcomes could improved even while holding the total
volume of healthcare inputs fixed. More broadly, this work demonstrates that the overall
size and skill mix of teams matters, but that location- or team-specific human capital

can also improve team performance.
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A Appendix

A.1 Additional definitions
Staffing variables used in Table 4

Hours worked by NAs in ward i on day ¢

FillRateNA;; = 1
il Rate t 00 Planned NA hours in ward ¢ on day ¢

Hours worked by RNs in ward ¢ on day ¢

FillRateRNy = 1
il Rate RNy 00 Planned RN hours in ward ¢ on day ¢

FillRate RNZ™5 — 100 + Hours worked by Band 5 RNs in ward 4 on day ¢

Planned RN hours in ward ¢ on day ¢
. Hours worked by Band 6 RNs in ward ¢ on day ¢

FillRate RNF™% = 1
illRateRN;; 00 Planned RN hours in ward 7 on day ¢

Hours worked by Band 7 and 8 RNs in ward ¢ on day ¢
Planned RN hours in ward ¢ on day ¢
Hours worked by Local (regular) RNs in ward i on day ¢

Fill RateRNFmd7end8 — 100 «

Fill RateRNE°% = 100 *

Planned RN hours in ward ¢ on day ¢

FillRate RN — 100 + Hours worked by Bank RNs in ward ¢ on day ¢

Planned RN hours in ward 7 on day ¢

H ki A Ns i ]
FillRateRN{?gency 100 % ours worked by Agency RNs in ward ¢ on day ¢

Planned RN hours in ward ¢ on day ¢

Fill Rate RN becelBands _ 1 Hours worked by Local Band 5 RNs in ward 4 on day ¢

Planned RN hours in ward ¢ on day t
Hours worked by Bank Band 5 RNs in ward ¢ on day ¢
Planned RN hours in ward ¢ on day ¢
Hours worked by Agency Band 5 RNs in ward i on day ¢

FillRate RNBam*Bands — 100 «

Fill " NAgencyBandE) -1
illRate RN, 00 Planned RN hours in ward 7 on day ¢

Additional staffing variables used in Table 5:

— 1
Average experience in the Trust = Xy = m g Xint
tl .
ZETkt

— 1
Average experience in the Trust for RNs = X thN = W Z Xint
kt|

RN
€Ty

— 1
Average experience in the Trust for NAs = X ZA = — Z Xint
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where Ty, is the team working in ward k£ on day ¢, T,gN is the set of RNs working in
ward k on day t, and Té\tf 4 is the set of NAs working in ward k on day t. X;p; is defined
(as per Section 3) as the amount of time (in years) that individual ¢ has been employed
in the NHS Trust at date t.

Additional staffing variables used in Table 6:
In Section 3, we define:

t—1
Yinee = Y 1(i € Trp)Vk € K(R)
T=t—90
WardShiftsd, = 1(Yinee > 5) and WardShiftsl, = 1(Yipg: > 10)
FirstShiftipge = L(Yipke = 0N € Tiyt)
t
NewdJoiner;pe: = 1( Z FirstShiftign: > 0N i € Tiy)
T=t—30

where Yjji+ represents the number of times the individual has worked in ward k in the
previous 90 days. We define a ‘new joiner’ as any member of staff with NewJoiner;pi; =
1. We can then define the following staffing variables:

Fill Rate RN New.Joiners = 100 + Hours worked by new joiner RNs in ward ¢ on day ¢

Planned RN hours in ward ¢ on day ¢

Fill Rate RN nonNew Joiners = 100 + Hours worked by non-new joiner RNs in ward ¢ on day ¢

Planned RN hours in ward ¢ on day ¢
Hours by RNs with WardShifts?hkt =1 in ward 7 on day t
Planned RN hours in ward ¢ on day ¢
Hours by RNs with WardShi fts},?kt =1 in ward ¢ on day ¢
Planned RN hours in ward ¢ on day ¢
Hours by RNs with WardShi fts?hkt =0 in ward ¢ on day ¢
Planned RN hours in ward ¢ on day ¢
Hours by RNs with WardShi fts},?kt =0 in ward ¢ on day ¢t
Planned RN hours in ward ¢ on day ¢

FillRate RN ShiftsMoreb;; = 100 %

FillRateRN ShiftsMorel0;; = 100 *

FillRate RN ShiftsLessb;; = 100

FillRateRN ShiftsLess10; = 100 =

Additional staffing variables used in Table 7:

In Section 3, we define:
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t—1

E(iajat): Z Z ﬂ(iGTTkAjETTk)

keK (h) =t—90

1
AT — E E(i, ]
thkt ’Tkt‘ _ 1 f ?é (2?J7t)
J kt)J 71

— 1
Ze=—— Y Zinke
1Tl ;e
kt

SharedExpiihkt = 1(Z_inkt = 5Ni € Tyy)

where Z_ ;1 represents average shared work experience with other team members over
the past 90 days (in any ward). We can then define:

Hours by RNs with S haredExp?hkt =1 in ward ¢ on day ¢t

FillRateRN SharedMoreb;; = 100
wiate aredaroreoi i Planned RN hours in ward ¢ on day ¢

Hours by RNs with S haredE:cp?hkt =0 in ward ¢ on day t
Planned RN hours in ward ¢ on day ¢

FillRateRN SharedLessb;; = 100

FillRateRNSharedMoreSga"ds — 100 % Hours by Band 5s with SharedEwp?hkt =1 in ward 7 on day ¢t

Planned RN hours in ward ¢ on day ¢

Fill Rate RN SharedLess5B — 100 « Hours by Band 5s with SharedExzp,,, = 0 in ward i on day ¢
it =

Planned RN hours in ward ¢ on day ¢

A.2 Additional results
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Table Al: Robustness of main results to inclusion of unit-month fixed effects

Outcome: patient death

(1 2 ®3) 4)
1.002 1.002 1.002 1.002
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004) (0.004)
[0.533] [0.532] [0.525] [0.525]
0.988*
Share (ppt) of planned Registered Nurse (RN) hours filled (0.007)
[0.065]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.990
Band 5 nurses (0.007)
[0.117]
0.984** 0.984**
Band 6 nurses (0.008) (0.007)
[0.040] [0.038]
0.975%* 0.975%*
Band 7 and 8 nurses (0.011) (0.011)
[0.022] [0.021]
0.987*
Local (regular) nurses (0.007)
[0.053]
0.987*
Bank nurses (0.007)
[0.063]
0.993
Agency nurses (0.007)
[0.304]
0.989
Band 5 Local and Bank nurses (0.007)
[0.100]
0.992
Band 5 Agency nurses (0.007)
[0.278]
Patient volume and characteristics v v v v
Time controls v v v v
Hospital ward — month fixed effects v v v v
N 13,362 13,362 13,362 13,362
Clusters 440 440 440 440

®H% b < 0.01, ** p < 0.05, * p < 0.1

Coeflicients shown are odds ratios from a fixed-effect logit regression, with hospital ward — month fixed effects.
Robust standard errors, clustered at the hospital unit — month level, are shown in parentheses; p-values are shown
in square brackets. The unit of analysis is the hospital unit-day. All regressions control for the mean patient age;
the mean patient age?; the female share of patients; the non-white share of patients; the mean Elixhauser Comor-
bidity Index; pairwise interaction terms between age, female share, non-white share and Elixhauser Cormorbidity
Index; the mean hospital length of stay of patients treated in the unit that day; the number of patients treated
in the unit that day; a dummy for each day of the week; and a dummy indicating whether the day was a bank

holiday.
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Table A2: Robustness of main results to inclusion of unit-quarter fixed effects

Outcome: patient death

(1 2 ®3) 4)
1.003 1.003 1.003 1.003
Share (ppt) of planned Nursing Assistant (NA) hours filled (0.004) (0.004) (0.004) (0.004)
[0.454] [0.450] [0.445] [0.444]
0.987**
Share (ppt) of planned Registered Nurse (RN) hours filled (0.006)
[0.041]
Share (ppt) of planned Registered Nurse (RN) hours filled by:
0.988*
Band 5 nurses (0.007)
[0.080]
0.984** 0.984**
Band 6 nurses (0.007) (0.007)
[0.029] [0.029]
0.975%* 0.975%*
Band 7 and 8 nurses (0.011) (0.011)
[0.019] [0.019]
0.986**
Local (regular) nurses (0.006)
[0.034]
0.986**
Bank nurses (0.007)
[0.041]
0.991
Agency nurses (0.007)
[0.210]
0.988*
Band 5 Local and Bank nurses (0.007)
[0.069]
0.991
Band 5 Agency nurses (0.007)
[0.206]
Patient volume and characteristics v v v v
Time controls v v v v
Hospital ward — quarter fixed effects v v v v
N 17,398 17,398 17,398 17,398
Clusters 191 191 191 191

®H% b < 0.01, ** p < 0.05, * p < 0.1

Coefficients shown are odds ratios from a fixed-effect logit regression, with hospital ward — quarter fixed effects.
Robust standard errors, clustered at the hospital unit — month level, are shown in parentheses; p-values are shown
in square brackets. The unit of analysis is the hospital unit-day. All regressions control for the mean patient age;
the mean patient age?; the female share of patients; the non-white share of patients; the mean Elixhauser Comor-
bidity Index; pairwise interaction terms between age, female share, non-white share and Elixhauser Cormorbidity
Index; the mean hospital length of stay of patients treated in the unit that day; the number of patients treated
in the unit that day; a dummy for each day of the week; and a dummy indicating whether the day was a bank

holiday.
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Figure Al: Distribution of time of recorded patient death
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Figure A2: Relationship between Registered Nurse staffing levels and patient comorbid-
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(a) Elixhauser Comorbidity Index
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(b) Charlson Comorbidity Index
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Note: each point denotes an observation (i.e. a team, defined as a hospital unit-day). Values are calculated
relative to the unit mean, as our baseline specification includes unit fixed effects, and so all results are identified

from within-unit variation.
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