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Summary

Objectives We aimed to assess whether routine data produced by an

electronic prescribing system might be useful in identifying doctors at

higher risk of making a serious prescribing error.

Design Retrospective analysis of prescribing by junior doctors over 12

months using an electronic prescribing information and communication

system. The system issues a graded series of prescribing alerts (low-level,

intermediate, and high-level), and warnings and prompts to respond to

abnormal test results. These may be overridden or heeded, except for

high-level prescribing alerts, which are indicative of a potentially serious

error and impose a ‘hard stop’.

Setting A large teaching hospital.

Participants All junior doctors in the study setting.

Main outcome measures Rates of prescribing alerts and

laboratory warnings and doctors’ responses.

Results Altogether 848,678 completed prescriptions issued by 381

doctors (median 1538 prescriptions per doctor, interquartile range [IQR]

328–3275) were analysed. We identified 895,029 low-level alerts (median

1033 per 1000 prescriptions per doctor, IQR 903–1205) with amedian of 34%

(IQR 31–39%) heeded; 172,434 intermediate alerts (median 196 per 1000

prescriptions per doctor, IQR 159–266), with a median of 23% (IQR 16–30%)

heeded; and 11,940 high-level ‘hard stop’ alerts. Doctors vary greatly in the

extent to which they trigger and respond to alerts of different types. The rate

of high-level alerts showed weak correlation with the rate of intermediate

prescribing alerts (correlation coefficient, r= 0.40, P=<0.001); very weak

correlation with low-level alerts (r= 0.12, P= 0.019); and showed weak (and

sometimes negative) correlation with propensity to heed test-related
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warnings or alarms. The degree of correlation between generation of

intermediate and high-level alerts is insufficient to identify doctors at high

risk of making serious errors.

Conclusions Routine data from an electronic prescribing system should

not be used to identify doctors who are at risk of making serious errors.

Careful evaluation of the kinds of quality assurance questions for which

routine data are suitable will be increasingly valuable.

Introduction

The use of routine data for monitoring quality in
health systems is well established. The advantages

are many: the data are readily available and can be

used at far less cost than prospectively designed
studies.1 Much of the academic literature has

focused on use of routine data for making com-

parisons across hospitals and enabling detection
of variation in process measures and outcomes.2

The increasing use of large-scale information tech-

nology (IT) systems across healthcare presents
new opportunities to use routine data to direct

quality monitoring and improvement activities

within organizations.
The absence of data on individual professional

practice has been identified as a significant barrier

to greater physician involvement in quality
improvement3 yet the potential of using routine

data for this purpose has remained largely uneval-

uated. An important question concerns whether
some doctors are more likely to make serious

errors than others.4 One possibility is that individ-

uals who demonstrate a pattern of multiple low-
level or moderate-level errors are at increased

risk of making a higher-level, more consequential,

error. If individuals at higher risk of making
dangerous errors could be identified, they could

be offered additional monitoring and support.

Electronic systems that capture routine data
about practitioners’ behaviours provide opportu-

nities for exploring whether different types of

behaviours may be correlated with different
outcomes.

Prescribing practice is a particularly good area

in which to focus such study both because it is
an important source of preventable harm5–7 and

because prescribing errors with a low risk of

resulting in harm are much more frequent, at a
population level, than serious errors.8,9 We

aimed to identify the extent to which routine

prescribing data might be useful in identifying

individuals who are at higher risk of making a

serious prescribing error.

Methods

Setting and study population

The study was carried out in a large NHS Foun-

dation Trust with two teaching hospital sites.
The Trust has a locally-developed electronic pre-

scribing system known as PICS (Prescribing, Infor-

mation and Communication System), which is in
use throughout all (approximately 1200) inpatient

beds and for all prescribing except some che-

motherapy regimens.
The system was first installed in the renal unit

more than a decade ago,10 and now covers

general and specialist medical and surgical spe-
cialties apart from obstetrics, paediatrics and

mental health. A key feature of the system, for pur-

poses of our study, is that it provides decision
support by generating messages alerting prescri-

bers to potential problems. Programmed into the

system are approximately 5000 alerts for contrain-
dications, 3400 alerts relating to dose limits, and

1800 for drug interactions. The algorithms that

generate the rules are based on the British
National Formulary (BNF),11 but are locally con-

figured and updated regularly by a committee of

medical and pharmacy specialists.
Computer-generated alerts relating to pre-

scriptions are graded as follows (examples in

Table 1):

• Low-level alerts, where the user is requested to

‘tick a box’, indicating that the message has

been considered;
• Intermediate alerts, where the user must supply

a password before the prescription can be

continued;
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• High-level alerts, where the user is not per-
mitted to continue with the prescription (‘hard

stop’) and prescription is thus disallowed. We

used these as a surrogate for major prescription
errors with the potential to cause serious harm.

The system also prompts doctors to respond to

selected abnormal laboratory test results, as follows:

• Warnings: Most abnormal laboratory results

generate no warning, but more seriously abnor-

mal values, for example, a potassium concen-
tration between 5.5 and 6.5 mmol/L, produces

a warning when the doctor logs into a patient’s

record;
• Alarms: The most serious abnormal values,

such as a potassium concentration above

6.5 mmol/L, produce an interruptive alarm

whenever doctors enter the electronic system

(regardless of which patient they are viewing)

to prompt them to affirm that they have noted
and reacted to the specific abnormal result.

The system contains 415 distinct laboratory
result warnings and 77 distinct alarms. When

responding to them, doctors can either click a

button on the electronic system to ‘accept’ the
message (and thus show explicitly that they have

acknowledged the clinical implications of the

decision to proceed) or click a button to ‘ignore’
the message. PICS has a comprehensive audit

database of actions, including all prescriptions,

messages seen by doctors and responses to warn-
ings or alarms.

In UK hospitals, most prescribing is done by

junior doctors below the grade of registrar, and
they were therefore chosen as the population of

interest for this study. We used the database to

evaluate associations, for each doctor, between
numbers of low-level and high-level prescribing

alerts, and between the numbers of intermediate

and high-level alerts. Response to prescribing
alerts was classified as either ‘heeding’, where a

prescription was altered or abandoned so that

the alert was no longer generated, or ‘overriding’,
where the prescription proceeded to completion

despite the alert. Similarly, response to laboratory

messages was classified as either ‘accepting’ or
‘ignoring’.

Permission to perform this evaluation was

obtained from the Clinical Governance Support

Unit of the University Hospitals Birmingham
NHS Foundation Trust, which deemed this study

to be service evaluation not requiring research

ethics committee approval.

Data capture

To ensure the study focused on a relatively stable
group of doctors over the annual rotation, which

begins each year in August, we analysed data

from PICS between 8 August 2007 and 31 July
2008. Data were extracted for each junior doctor

on all prescriptions generated by PICS, together

with information on date and directorate (clinical
service division), type and level of any alert, and

whether the prescription was completed with or
without modification. Only those doctors making

more than 20 completed prescriptions during the

study period were included (to exclude very
short term attachments such as locum doctors pre-

scribing during a few shifts only). All data were

fully anonymized.
Information on completed prescriptions was

matched to corresponding data on the alerts gen-

erated. So too was information on total numbers
of completed prescriptions made by each doctor

within each directorate. Where matching was not

possible, data on such alerts or prescriptions
were excluded. The number of laboratory warn-

ings and alarms posted to the doctor and associ-

ated responses (accepting/ignoring) were also
extracted from the database. All inpatient hospital

directorates were included, with the exception of

the oncology directorate, where PICS was not
fully operational at the time.

Analysis

Rates of prescribing alerts for every 1000 com-

pleted prescriptions were calculated for each

doctor, by grade of alert, type of warning (e.g.
drug–drug interaction), and directorate. The

slopes (with standard error and P value) and cor-

relation coefficients for associations between rates
of high-level alerts and rates of intermediate and

of low-level alerts were evaluated using general-

ized linear models, weighted by the number of
completed prescriptions made. Similar methods

were used to measure associations between rates

of high-level alerts and propensity to override

J R Soc Med 2011: 104: 208–218. DOI 10.1258/jrsm.2011.110061
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intermediate alerts and low-level alerts. These
methods were also used to measure association

between prescribing alerts and ignoring a

warning or alarm triggered by an abnormal lab-
oratory result. To reduce errors due to multiple

comparisons, P values of less than 0.01 were

taken to indicate a statistically significant
association.

Funnel plots of rates of high-level alerts against

number of completed prescriptions were evalu-
ated with 95% and 99% confidence bands in

order to explore heterogeneity between doctors.

Prescribers outside these confidence bands may
be thought of as outliers, in the sense that they

are at the extreme of what would be considered

a normal high-level alert rate. To further explore
associations between high-level alerts and inter-

mediate or low-level alerts, indicator variables

for doctors falling outside the 99% confidence
bands for intermediate and low-level alerting

rates were superimposed on the funnel plots.

Results are presented for all directorates combined
and for the three directorates where most prescrip-

tions were completed.

Results

Altogether 849,153 completed prescriptions were

issued and 1,094,693 prescribing alerts were gen-

erated by PICS during the one year study period.
In total, 432 junior doctors used the system (and

made 70.8% of all prescriptions in the Trust over

this period), but data relating to 50 doctors who
completed fewer than 20 prescriptions each over

the study period were excluded, along with their

369 prescriptions and 419 alerts. Matching of one
further doctor, 93 prescriptions, and 14,856 alerts

proved technically impossible and related data

were excluded. In addition, 13 prescriptions
(associated with 15 alerts) that erroneously

entered the database from the oncology directo-

rate were excluded. Available for analysis there-
fore were 1,079,403 alerts relating to 381 doctors,

who completed 848,678 prescriptions over the

study period.

Prescribing alerts generated

Most (895,029; 83%) of the 1,079,403 prescribing

alerts generated by PICS were low-level alerts.
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Fewer (172,424; 16%) were intermediate alerts. A
very few (11,940; 1%) were high-level alerts indica-

tive of a serious prescribing error.

Rates of heeding prescribing alerts

Of the 1,079,403 prescribing alerts, 352,025 (33%)

overall were heeded (i.e. the prescription was

abandoned or changed so that an alert was no
longer generated). The remaining alerts were over-

ridden. Of the 172,434 intermediate alerts, 38,007

(22%) were heeded, while of the 895,029 low-level
alerts, 302,078 (34%) were heeded. All 11,940 high-

level alerts had to be heeded as the alert could not

be overridden (‘hard stop’ warnings).

Issues generating prescribing alerts

Of all prescribing alerts, 621,142 (58%) related to

dose-range anomalies, 340,286 (31%) to drug–
drug interaction messages, and 117,975 (11%) to

contraindications (Table 2). For dose-range

anomalies, 47% (99%CI 46.1–47.2%) of intermedi-
ate alerts and 45% (99%CI 45.0–45.3%) of low-

level alerts were heeded. For contraindications,

32% (99%CI 30.0–33.6%) of intermediate alerts
and 21% (99%CI 20.4–21.0%) of low-level alerts

were heeded. For drug interactions, doctors were

less likely to heed intermediate alerts (8.7%
heeded; 99%CI 8.5–8.9%) than low-level alerts

(12.8%, 99%CI 12.6–12.9%).

High-level alerts accounted for only a very
small proportion of each category: 908/117,975

(0.76%) of all alerts for contraindications; 503/

340,286 (0.15%) for drug interactions; and
10,529/621,142 (1.7%) for dose-range anomalies.

Laboratory test result warnings and

alarms

Doctors failed to acknowledge 206,580 of the

342,929 warnings (median percentage ignored
per doctor 57%; IQR 28–88%) and 49,746 of the

60,062 alarms (median 90%; IQR 70–100%) relat-

ing to abnormal laboratory results.

Variations by directorate

The number of completed prescriptions varied

considerably by directorate. For example, 274,774
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completed prescriptions were issued over the
period in the general medical directorate, com-

pared with just 6,791 in the burns surgical direc-

torate (Table 3). The rate of prescribing alerts
per 1000 completed prescriptions also varied

between directorates. For example, there were

eight high-level alerts for every 1000 completed
prescriptions in the vascular surgery directorate,

compared with 34 per 1000 in the critical care

directorate. Rates of low-level alerts varied from
837 per 1000 completed prescriptions in the ear,

nose and throat directorate to 1451 in haematol-

ogy. Rates of heeding of prescription warnings
also varied by directorate, for example, 24% of

34,288 low-level warnings generated in the

cardiothoracic surgical directorate were accepted,
compared with 38% of 60,736 warnings generated

in the cardiology medical directorate.

Variation among doctors

The median number of low-level alerts per 1000
completed prescriptions per junior doctor was

1033 (IQR 903–1205), of which 34% (IQR 31–39)

were heeded. The median number of intermediate
alerts per junior doctor was lower, at 196 (IQR

159–266), of which 23% (IQR 16–30) were

heeded. The median number of high-level alerts

Figure 1

Funnel plots of rates of high-level (hard stop) alerts against number of prescriptions. Rates of high-level

(hard stop) alerts per 1000 completed prescriptions with mean (solid line) and 95 (dashed lines) and 99

(dotted lines) percent confidence bands. Doctors whose rate of intermediate (password) alerts exceeds

the corresponding 95% confidence band aremarkedwith ‘x’ and doctors whose rate of low-level (tickbox)

alerts exceeds the 95% confidence band are marked with a solid dot. a. All Directorates. b. General

Surgery Directorate. c. Trauma/Orthopaedic Directorate. d. General Medicine Directorate
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(resulting in the prescription being disallowed)
was 13 per 1000 prescriptions (IQR 9–20).

A funnel plot of rate of high-level alerts

against the number of completed prescriptions
reveals considerable heterogeneity in rates of pre-

scribing alerts between doctors (Figure 1). Out-

liers on the high-level alerts funnel plot were
not consistently identified as outliers for inter-

mediate or low-level alerts (Figure 1a). When

stratified by directorate, funnel plots showed
less heterogeneity and fewer outliers

(Figure 1b–d), but again outliers for high-level

alerts were not consistently identified as outliers
for rates of low-level or intermediate alert.

Rates of intermediate alerts were statistically

associated with the rate of high-level alerts
(Table 4), but the correlation was weak (r= 0.40,

P= 0.000), and the correlation between rates of

low-level and high-level alerts was even weaker
(r= 0.12, P= 0.019). Correlations between rates

of high-level alerts and rates of not heeding low-

level or intermediate alerts were also low, (or
even negative), ranging from 0.04 to –0.22 across

directorates.

Correlations between rates of failure to heed
intermediate alerts and failure to heed low-level

alerts were weak (ranging from 0.21 to 0.50
between directorates) (Table 5). Not heeding

prescription-associated alerts correlated poorly,

and sometimes negatively, with ignoring labora-
tory warnings or alarms (Table 5). Analysis of

prescribing alerts by category – dose-range

anomaly, interaction and contraindication –
gave broadly similar findings (Table 6).

Discussion

This single NHS foundation trust generated over
a million prescribing alerts in the one-year

period. Only 1% of prescriptions produced high-

level alerts, but this amounts to over 10,000 such
instances per year. If high-level alerts are reason-

able surrogates for serious prescribing errors,

then error in hospitals is frequent, as others
have also found.12,13 In targeting serious errors,

it would of course be useful if it were possible

to screen or monitor individuals most at risk of
making a catastrophic prescribing error. Our

data suggest that some doctors trigger intermedi-

ate alerts more frequently than others, and some
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doctors trigger high-level alerts more frequently
than others, but these ‘outliers’ tend not to be

the same doctors, and nor is there a relationship

between tendency to provoke alerts or warnings/
alarms and ‘heeding’ behaviour in response. Our

analysis suggests that it is not possible to use

routine prescribing data recording behaviour in
relation to alerts, warnings and alarms to identify

doctors who are more likely to generate an alert

indicative of a serious prescribing error.
Our study does have a number of limitations. It

was conducted in a single NHS Teaching Hospital

Trust, using a specific computer system. Other IT
systems might produce different findings, and it

may be useful to replicate the same study in

other systems and to use methods of triangulation
to assess more holistically issues of individual

variation in prescribing behaviour.

Our data reveal considerable variation between
doctors in rates of high-level alerts: some doctors

generate such alerts frequently, while others do so

infrequently. Similarly, doctors vary widely in rates
of low and intermediate level alerts they generate,

and in rates of generated alerts that they heed. The

numberof high-level alerts a doctor generated corre-
lates only weakly with the number of intermediate

alerts, or the number of low-level alerts the same
doctor generates. Furthermore, there is little or no

correlation between the number of prescribing

alerts of any grade a doctor generates, and the
doctor’s propensity to heed intermediate or low-level

alerts. This means that doctors who are at highest

risk of making serious prescribing errors, as
reflected by triggering high-level alerts, cannot be

identified from the rate of low-level or intermediate

alerts they generate, or from whether they heed
them. One interpretation is that the search for the

phenotype of a generally error-prone person may

prove as elusive in medicine as it has been else-
where,14–19 but the available data do not allow

more certain conclusions to be drawn.

More generally our analysis demonstrates some
of the limitations of using routine data from a com-

puterized prescribing system as away of detecting

‘error’ or aspects of individual performance. The
extent to which different levels of alert are reason-

able surrogates for varying gravity of error is, for

example, poorly understood. Doctors routinely
override prescribing alerts20 as most can be

safely ignored. Our analysis suggests that there

are clear risks of using electronic traces of
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rule-breaking (such as apparent breaches of proto-
cols or overrides of warning recorded on IT

systems) as an indication that something that

might injure a patient has occurred. For example,
we found no association between doctors breaking

the rule that a box should be ticked to confirm that

an abnormal laboratory result has been noted and
the chance that they will make a serious prescrib-

ing error indicated by a ‘hard stop’ on the compu-

ter system. Here not only is there no positive
correlation, but the correlations turn negative.

Such an observation supports the possibility that

some rule-following may be little more than a
ritualised display of compliance rather more

than a signal of safe practice. This finding points

to the possible risks of using data from hospital
IT systems to try to alter behaviour. For example,

our data provide some indications that encoura-

ging doctors to respond to low-level computer-
generated warnings will have little impact on

major errors, and risks diverting efforts from pre-

venting low-frequency high-harm events to events
that are high-frequency but low-harm or no-harm.

Further, encouraging staff to respond to such

prompts, which they may see as purely bureau-
cratic, could damage the overall legitimacy of the

patient safety enterprise.

IT systems are widely and increasingly used
to collect routine data in healthcare organiz-

ations. Organizations may see these data as a

potential source of quality assurance infor-
mation, but need to consider what criteria need

to be met before acting on it. Evaluations of

what kinds of questions such systems should
be used for will become increasingly valuable.

There is little evidence, on the basis of our analy-

sis, that routine prescribing systems can or
should be used to detect doctors who are more

likely to make a serious prescribing error.

Though caution is required in this particular
application, use of routine data from such

systems may, nonetheless, have an important

role in monitoring quality in healthcare organiz-
ations, and future studies should investigate

their potential in this area.
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