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ABSTRACT

Objective: We aimed to assess associations of physician’s work overload, successive work shifts, and work ex-

perience with physicians’ risk to err.

Materials and Methods: This large-scale study included physicians who prescribed at least 100 systemic medi-

cations at Sheba Medical Center during 2012–2017 in all acute care departments, excluding intensive care units.

Presumed medication errors were flagged by a high-accuracy computerized decision support system that uses

machine-learning algorithms to detect potential medication prescription errors. Physicians’ successive work

shifts (first or only shift, second, and third shifts), workload (assessed by the number of prescriptions during a

shift) and work-experience, as well as a novel measurement of physicians’ prescribing experience with a spe-

cific drug, were assessed per prescription. The risk to err was determined for various work conditions.

Results: 1 652 896 medical orders were prescribed by 1066 physicians; The system flagged 3738 (0.23%) pre-

scriptions as erroneous. Physicians were 8.2 times more likely to err during high than normal-low workload

shifts (5.19% vs 0.63%, P< .0001). Physicians on their third or second successive shift (compared to a first or sin-

gle shift) were more likely to err (2.1%, 1.8%, and 0.88%, respectively, P< .001). Lack of experience in prescrib-

ing a specific medication was associated with higher error rate (0.37% for the first 5 prescriptions vs 0.13% after

over 40, P< .001).

Discussion: Longer hours and less experience in prescribing a specific medication increase risk of erroneous

prescribing.

Conclusion: Restricting successive shifts, reducing workload, increasing training and supervision, and imple-

menting smart clinical decision support systems may help reduce prescription errors.

Key words: adverse drug events, prescription errors, physician fatigue, clinical decision support system

INTRODUCTION

Prescription errors result in substantial morbidity and mortality and

are associated with preventable healthcare costs. Error rates have

been documented in the range of 2%–14% of all medication pre-

scriptions in the US and UK.1–4 Several factors have been reported

to contribute to the risk of error, although the professional experi-
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ence of the prescribing physician is reportedly key. This is evidenced

by the higher risk to err among junior compared to experienced

physicians.1,5,6 Several reports have emphasized the impact of the

working environment on prescription errors.2,7–9 Accordingly, fa-

tigue and work overload have been shown to increase the risk to err,

among both junior and experienced physicians.6,8,10–13 The nature

of the medication prescribed has also been shown to be associated

with the risk to err.6,8,13–18 However, whether a physician is at

higher risk to err when prescribing a medication that s/he had never

or seldom prescribed is yet to be determined.

In the abovementioned studies, prescription errors were detected

manually by pharmacists or by decision support systems. Manual

detection is difficult to implement at large scale, is biased to ‘human

errors,’ and entails substantial variability between pharmacists in

their classification and characterization of errors. Decision support

systems are known for their high alert burden and low accuracy in

error detection. This is evident by the high rate of false alerts, which

results in “alert fatigue” and inevitably disrupts workflow.19–23 A

probabilistic method of error identification remains constant

through all settings and is thus not biased by human error. This can

enable considering objective aspects of the physician’s condition at

the time of prescribing, independent of his/her memory and percep-

tion and independent of pharmacists’ interpretation. Due to the rela-

tively low rate of alerts, a large-scale study is essential to identify

significant trends in patterns of prescribing by junior physicians—

particularly their drug-specific prescribing experience.

This is the first study to use “big data” to identify prescription

errors at scale, by means of a probabilistic, machine-learning, ap-

proach-based system. The aim was to assess associations of both

physicians’ general and medication-specific prescribing experience,

with erroneous prescribing. In addition, we assessed associations of

high workload and successive shifts with error risk.

MATERIALS AND METHODS

Study setting
This study was conducted at Sheba Medical Center, a 1900-bed aca-

demic medical center in Israel, 1200 of which are acute beds. Data

were obtained from the center’s electronic medical records (MedA-

ware, Ra’anana, Israel) and include the prescribing physician’s ano-

nymized unique ID, the prescribed drug, the route of administration,

and the error associated to the prescription, if such exists.

The drugs in this study are represented by Anatomic Therapeutic

Chemical (ATC) classification code (http://www.whocc.no/atc_

ddd_index/). This classification groups all brand names of the same

drug under the same type and enables analysis of the alert rate of in-

dividual drugs, drug families, and the organs or systems on which

they act.

The prescriptions included in this study were systemic medica-

tions (ie, route of administration: oral, intravenous, subcutaneous,

intramuscular, or transdermal) prescribed for patients hospitalized

at Sheba Medical Center between 2012 and 2017 in all acute care

departments, excluding intensive care units. The physicians included

in this study were residents or senior attendings who prescribed at

least 100 medications (as described above) during the study period.

A prescription error was considered if it was immediately reported

after the prescription was recorded. Accordingly, only errors that

were relevant to the physicians’ knowledge at the time of the pre-

scribing were included.

We treated the first 2 years of the data (2012–2013) as the “run-

in” period and performed the analysis on the data from 2014 to

2017. This enabled deducing each physician’s prescribing experience

at every time point.

Identification of prescription error
MedAware (Ra’anana, Israel) is a commercial software screening

system that was developed for the identification and prevention of

prescription errors. The system uses machine-learning algorithms to

identify and intercept potential medication prescribing errors with

high accuracy (> 80%). MedAware was validated in several retro-

spective and prospective studies.24–27 After analyzing historical elec-

tronic medical records, the system automatically generates, for each

medication, a computational model that captures the population of

patients that are most likely to be prescribed a certain medication

and the clinical environment and temporal circumstances in which it

is likely to be prescribed. This model can then be used to identify

prescriptions that are significant statistical outliers given patients’

clinical situations. The system flags potential medication errors of

several types: patient-drug incompatibility, lab result-dependent ir-

regularities, dosage outliers, and duplicate therapy. In this study, the

high accuracy of MedAware’s system enabled using its identifica-

tions as a surrogate for prescription errors that are relevant for this

study.

The physician’s prescribing experience
A physician’s overall prescribing experience (a surrogate marker for

the length of time a physician had been practicing in the institution)

was assessed by the time lapsed from the date of his/her first

recorded prescription. For this analysis, we only considered physi-

cians who prescribed their first prescription after the “run-in” pe-

riod.

A physician’s medication-specific prescribing experience was

assessed by the number of prescriptions of the specific medication

that were prescribed prior to the erroneous prescription. We ana-

lyzed only medications that were first prescribed after the “run-in”

period, to better assess physicians’ experience.

Work conditions
Workload and successive shifts were assessed as potential predictors

to physicians’ risk to err. A physician’s workload was defined as the

number of prescriptions issued during a shift.

The number of successive shifts was considered at the time of

prescribing, whereby every shift is 8 hours long. Morning shifts be-

gin at 8 am and end at 4 pm. Residents and interns who perform

evening and night shifts mostly start with the morning shift and con-

tinue to the evening/night shift, working a total of about 26 hours.

For every physician’s shift, the ordinal of that shift was calculated

(ie, first (or only) shift and second or third successive shift). Shift

type (morning, evening, or night) was also considered. These work

condition-related variables were calculated for each physician’s

shift, after the “run-in” period.

The risk of making a prescription error
To assess the risk to err in different work shifts, workload levels,

and successions of shifts, the shifts in which an error was made was

compared with shifts in which no errors were made. To assess the

correlation between the physician’s prescribing experience and the

risk to err, an error rate (the number of erroneous prescriptions di-
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vided by the total number of prescriptions issued) was calculated per

defined timeframe of practice or per experience range.

Statistical analysis
Statistical analysis was performed using Pandas library for Python

programming language (Created by Wes McKinney) and R version

3.4.1 (2017-06-30).28 Continuous variables were expressed as

means 6 1 standard deviation (SD) and as medians [interquartile

ranges] as appropriate. Categorical variables were presented as per-

centages. The correlation between physicians’ alert rate and their

work experience was assessed using Spearman correlation coeffi-

cient calculation. Alert rates were compared according to the type of

shift, the shift ordinal, shift workload, and drug specific experience,

using the chi-square test. The negative binomial model was used to

model the data. Although the outcome (number of alerts) is a count

variable, the data were better modeled by the negative binomial dis-

tribution than the Poisson distribution, due to over dispersion. The

Poisson distribution assumes equal means and variances (condi-

tional). Over dispersion happens when the variance is larger than

the mean. For this analysis, the data were restructured to be orga-

nized by physicians (experience, shift, drug experience, and work-

load). Shift type (morning, evening, or night) and shift ordinal (first

shift, or second or third successive shift) are very highly correlated.

Thus, to avoid multicollinearity, only shift ordinal was used in the

model. A multivariate analysis was performed to ascertain the effect

of the number of successive shifts, workload, physicians’ general ex-

perience, and drug-specific experience on the likelihood of making a

prescription error.

For all tests, a P value of < 0.05 was considered significant.

RESULTS

During the study period (2014–2017), 1 652 896 medical orders

were prescribed by 1066 physicians. Over 94% of physicians had

less than 3 years of prescribing experience in the medical center. The

mean number of prescriptions per physician was 1550 (þ/� 2558)

and the follow-up period for each physician was 1.76 (þ/� 1.12)

years. The mean number of drug types prescribed per physician was

98 (þ/� 99). In total, 2827 physicians prescribed a medication for

the first time. Among the medications prescribed, MedAware’s sys-

tem flagged 3738 (0.23%) as erroneous. Most of the flagged errors

were lab result-dependent (44%), followed by dosage outliers

(34%) and patient–drug incompatibilities (16%) (Table 1).

During the study period, 46% of the conducted shifts were

morning shifts, 32% evening shifts, and 22% night shifts. Of the to-

tal shifts, 68% were the first or only shift conducted the same day

by a physician, 24% were the second successive shift, and 8% were

the third successive shift. These results are compatible with the

known working schedule of the physicians in the study.

Prescription error rate correlated with long duty hours. Specifi-

cally, physicians were more than twice as likely to err during their

second or third successive shift than in their first (or only) shift

(1.88% vs 0.88% respectively, P< .0001). Furthermore, physicians

during their third successive shifts had a 17% higher chance to err

than in their second shift (2.10% and 1.80% vs 0.88%, P< .0001).

Physicians’ workload, as assessed by the number of medications

prescribed by the physician during the assessed shift, was also asso-

ciated with an increased risk to err: Physicians were 8.2 times more

likely to err during high-workload shifts than during normal–low-

workload shifts (5.19% vs 0.63%, P< .0001).

The risk to err was found to decline as physician’s job experience

and seniority in the workplace grew. The risk was 0.16% in the first

6 months of employment, which decreased to 0.10% after 2 years (r

¼ �0.88 P¼ .003, Figure 1).

Physicians’ lack of experience in prescribing a specific drug was

associated with a significantly higher risk of error (risk of 0.37% for

the first 5 prescriptions, which decreased to 0.27% for the sixth to

tenth prescriptions (P< .0001), and down to 0.13% after over 40

prescriptions of the particular medication (P< .0001, Figure 2).

Successive shifts were associated with more lab result-dependent

errors (62.7% lab result-dependent errors in their third successive

shift, P< .0001, Figure 3). Physicians’ inexperience in prescribing a

specific medication was associated with greater dosage errors (46%

of errors in the first 5 prescriptions vs 30% in subsequent prescrip-

tions, P< .0001).

In the multivariate analysis, high workload, performing succes-

sive shifts, and limited experience with the prescribed drug were as-

Table 1. Physicians, prescriptions, and work environment charac-

teristics during the study period (2014–2017)

Parameter Value

Number of medications prescribed throughout the

study period

1 652 896

Number of participating physicians 1066

Total number of individual physician shifts con-

ducted throughout the study period

264 958

Morning shifts 46%

Evening shifts 32%

Night shifts 22%

Shifts per physician (median [interquartile range]) 139 [80; 316]

Prescriptions per physician per shift (median [inter-

quartile range])

3 [1,7]

Follow up period per physician (years) (median

[interquartile range])

1.6 [0.7; 2.7]

Drug types per physician (median [interquartile

range])

78 [7; 152]

Prescription error rate 0.23%

Error types (%)

Lab result-dependent 44.5

Dosage outliers 34

Patient-drug incompatibility 16.5

Other 5

Shift conditions (% of prescriptions issued under the designated condition)

Shift type

Morning 42

Evening 37

Night 21

Work overload

No high-workload shifts 78

High-workload shifts 22

Successive shifts performed

One shift only or the first shift 54

2 successive shifts 32

3 successive shifts 14

Experience prescribing a specific medication

Less than 6 orders 21

6 or more orders 79

General work experience during the study period (%)

0–12 months 42

12–24 months 32

24–36 months 20

Over 36 months 6
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sociated with higher error rate (Table 2). Lack of overall experience

was not significantly associated with higher error rate (P< .0001).

DISCUSSION

Using a large-scale data set, we showed that junior physicians (with

less than 3 years of prescribing experience) were at increased risk to

prescribe erroneously: during high workload shifts, when working 2

or more successive shifts, and when prescribing a medication that

they seldom prescribed. Most of the errors found were related to in-

compatibility between the medication prescribed and laboratory

results. To identify prescription errors in a large data set, we used a

machine learning based decision-support system that flags potential

prescription errors, analyzes large scale prescribing patterns, and

detects possible causes for prescription errors.

Some studies that attempted to identify the root cause for errone-

ous prescribing described knowledge gaps in drug dosage, formula-

tions, administration routes, the duration of antibiotic treatment,

and legal requirements of opiate prescriptions, in addition to gaps

regarding the patient’s condition and existing medications.8,12,18 All

the studies cited herein based their results on interviews with physi-

cians conducted days after the incidence and comprised small sam-

ples of 30–40 junior physicians. We showed here that physicians are

more likely to err when prescribing a medication that they seldom

prescribed, and that most of the errors in such circumstances were

related to drug administration characteristics, such as dosage or

route, rather than to the patient’s existing lab results. This is the first

time such a conclusion is drawn based on a large-scale database, in-

dependent of self-reporting and memory bias, which were major

limitations of previous studies.

Currently available clinical decision support systems (CDSSs)

targeted to address prescription errors are rule-based and have sev-

eral flaws including high alert burden, low coverage (ie, identifica-

tion of only a small predefined subset of errors, such as dosage, drug

interactions, and allergies) and high false-alarm rates.29 These result

in “alert fatigue,” causing physicians to ignore these alerts alto-

gether.19,22,30 A probabilistic method for detecting prescription

errors, such as the 1 used in this study, enables the use of an outlier

detection mechanism to spot random errors that are hard to antici-

pate. It also reduces the alert burden and improves clinical relevance

and accuracy by accounting for patient medical history, while per-

sonalizing the alerts. This study showed that the physician’s

medication-specific experience and current setting when prescribing

(the number of continuous shifts and workload) affect the risk to

err. Thus, decision support systems that consider characteristics of

the prescriber as well as the patient may help reduce medication-

related harm.26,27,31

Concerns have been raised in recent decades regarding the im-

pact of the physician’s workload on their own well-being and on

their patients’ safety. In 2009, The Institute of Medicine’s Commit-

tee on Optimizing Resident Hours and Work Schedules to Improve

Patient Safety (US) recognized the negative effect of long hours on

physicians’ burnout, professionalism, personal risk of injury, and

driving accidents.32 The committee recommended focusing on in-

creasing opportunities for sleep during resident training, to prevent

acute and chronic sleep deprivation, and limiting the average weekly

work hours to 80. Of note, the committee mentioned that while resi-

dent fatigue might pose a risk to patient safety, determining the ex-

tent of this risk is difficult. Bilimoria et al33 showed that flexible,

less-restrictive duty-hour policies for surgical residents were associ-

ated with noninferior patient outcomes, without any differences in

residents’ satisfaction and their overall well-being and education

quality. A similar trial of internal medicine first-year residents also

failed to associate flexible duty hours with worse patient out-

comes.34 Here, with the first-time use of a large-scale database, we

showed that physicians who are in a second or third successive shift

and who are caring for more patients during their shift are at in-

creased risk to err. Together with previous reports of noninferiority

of flexible duty-hours,33,34 these results highlight the importance of

improved work conditions, including regulated working hours of

resident physicians, for reducing medication-related harm and im-

proving patient safety.

This study has several limitations. First, we assessed physicians’

experience based on their prescribing history, as data for actual

years of medical practice were not available for analysis. Another

limitation is the difficulty in assessing institution-specific and

medication-specific confounders, such as medication-specific learn-

ing curves, error risks that are specific to the electronic medical

records, and local supervision by clinical pharmacists, nurses, and

physicians. Future studies should aim to replicate results in other

hospitals with various work conditions to improve generalizability.
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Figure 1. Physicians’ overall experience and the risk to err. The risk declines as physician’s job experience and seniority in the workplace grow. * Error rates are

statistically different than for “over 24 months” experience (P value < .05).
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Table 2. Risk to err under various conditions

Univariate analysis Multivariate analysisa

Parameter IRR (CI 95%) P Value IRR (CI 95%) P Value

Second successive shift

(compared to first or

only shifts)

1.37 (1.24, 1.51) < .0001 1.38 (1.25, 1.52) < .0001

Third successive shift (com-

pared to first or only

shift)

1.25 (1.10, 1.42) < .0001 1.40 (1.24, 1.59) < .0001

Low prescribing experience

of a specific medication

(prescribed less than 6

times)

2.57 (2.32, 2.85) < .0001 2.81 (2.53, 3.13) < .0001

Low overall prescribing ex-

perience (First 6 months

of prescribing)

0.93 (0.84, 1.03) .16

Work overload (over 13

prescriptions issued)

1.31 (1.19, 1.45) < .0001 1.39 (1.26, 1.54) < .0001

aThe variables appearing in the table were included in the multivariate analysis.
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Also, the physicians’ workload was assessed using a surrogate

marker (ie, the number of patients treated and the number of pre-

scriptions). This marker is limited in its ability to assess the subjec-

tive workload that the individual physician experiences. Finally, the

rate of flagged prescriptions in this study (0.23%) is considerably

lower than the previously described error rates2–4 and is probably an

underestimation of the real number of prescription errors. This

represents the limited ability of the probabilistic system to flag all

errors in prescriptions. Still, based on previous studies mentioned

here,25–27 we believe that the probabilistic system is an accurate sur-

rogate marker for prescription errors and, thus, enables drawing

conclusions on very large data sets.

CONCLUSIONS

In this study we showed that less experienced and overworked

physicians are at increased risk of prescription errors. Interventions

aimed at mitigating these risks should be taken. Data are still lacking

regarding the ability of real-time computerized decision support

tools to provide a safety net for clinicians and their patients by re-

ducing the risk of error. Future studies should aim to replicate

results in other hospitals with various work conditions.

SIGNIFICANCE

For the first time by means of a large-scale data set, we showed that

physicians are at higher risk to err after more consecutive shifts.

This is also the first time that lack of experience prescribing certain

medications was found to be associated with risk of error. Our

observations stress the importance of probabilistic, personalized,

computerized decision support tools as a safety net for physicians

and patients in reducing medication-related harm and improving pa-

tient safety.
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