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Abstract Many medical organizations have deployed elec-
tronic medical record (EMR) information systems (IS) to
improve medical decision-making and increase efficiency.
Despite their advantages, however, EMR IS may make less
of a contribution in the stressful environment of an emergency
department (ED) that operates under tight time constraints.
The high level of crowdedness in the EDs itself can cause
physicians to make medical decisions resulting in more un-
necessary admissions and fewer necessary admissions. Thus
this study evaluated the contribution of an EMR IS to physi-
cians by investigating whether EMR IS leads to improved
medical outcomes in points of care in EDs under different
levels of crowdedness. For this purpose a track log-file anal-
ysis of a database containing 3.2 million ED referrals in seven
main hospitals in Israel (the whole population in these hospi-
tals) was conducted. The findings suggest that viewing med-
ical history via the EMR IS leads to better admission
decisions, and reduces the number of possibly avoidable
single-day admissions. Furthermore, although the ED can be
very stressful especially on crowded days, physicians used
EMR IS more on crowded days than on non-crowded days.
These results have implications as regards the viability of
EMR IS in complex, fast-paced environments.
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Introduction and background

Emergency departments (EDs) are traditionally associated
with inefficiency and long waits [1]. Overcrowding is a
common phenomenon in EDs globally. Schneider et al. [2]
found that 91 % of hospital ED heads in the USA reported
overcrowding as a problem. They showed that severe over-
crowding in EDs has become the accepted standard of care
[2] and that overcrowding in EDs is not related to a partic-
ular season, since a high volume of referrals were found for
different periods of the year and for different months.

Overcrowding is hard to define but easy to recognize in an
ED [3]. A stroll through an ED with patients in stretchers or
beds in the corridors, conference rooms and offices converted
into patient-care space, a crowded waiting room, and harried
nurses and physicians are clearly the sign of an overcrowded
department. ED crowding is one consequence of the growing
demand for health care and a deficit in available hospital and
ED beds, and has become an increasingly significant public
health problem [4]. Bair et al. [4] studied patients who leave
without being seen; this situation is commonly used as an
indicator of ED efficiency. According to McCabe [3], many
factors contribute to ED overcrowding. The numbers of EDs
and hospital beds have decreased as a result of downsizing,
closing, andmerging of health care institutions. This has led to
an increase in patient volume. Because of the shift to outpa-
tient services, sicker patients reach the ED. This leads to
longer evaluation and treatment times. Similarly, referrals of
uninsured and nursing home patients result in more complex
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and longer use of the ED, due to delays in seeking needed
medical information.

Many hospitals are choosing to admit elective cases
rather than allocating available beds to waiting ED patients.
Emergency physicians often find it difficult to obtain timely
consultations from the hospital medical staff and must make
alternate arrangements or transfer patients to other facilities
for care. This is further exacerbated by the current nursing
shortage. Finally, emergency medicine has evolved as an
intensively diagnosis-oriented specialty that relies heavily
on ancillary services such as radiology and clinical pathol-
ogy that lead to (additional) long delays for patients.

Although ED overcrowding has been a topic of frequent
investigation, recent studies have tended to focus on factors
outside of the ED itself. Hwang & Concato [5] examined how
ED overcrowding is defined in the medical literature. They
found that the majority of articles with explicit definitions had
criteria that were based on hospital factors (e.g., number of
referrals, availability of beds elsewhere in the hospital), exter-
nal factors (e.g., status regarding ambulance diversion), or a
combination of categories. In addition, factors used to define
overcrowding need to be distinguished from possible causes
(e.g., a shortage of nurses for available positions) and effects
(e.g., decreased efficiency of care) of overcrowding. Gillies
and Howard [6] claimed that some of the overcrowding effect
could be overcome by increasing points of care in the com-
munity. Nursing hours are also an indication of the time nurses
have to care for each patient, which thus impacts the quality of
service; i.e., longer nursing hours mean that patients receive
better quality medical care [7].

Currently, overcrowding in EDs often results in inferior
clinical outcomes and medical errors in almost every facet
of emergency care, including diagnostic errors, malfunction-
ing administrative procedures, erroneous documentation,
and wrong pharmacotherapy [8]. The availability of
patients’ long term health records, including information
about medications, diagnoses, recent procedures, and recent
laboratory tests, is critical to forming an appropriate plan of
care [9]. Studies have demonstrated a clear association
between reviewing of medical history and improved medi-
cal care, including admission decisions [10, 11]. For in-
stance, it was suggested that experts are vulnerable to
heuristics such as premature closure, where they reach a
conclusion rapidly and disregard evidence for competing
hypotheses. Reasoning is further taxed when there are large
numbers of patients and a high degree of medical uncertain-
ty [12, 13]. Lack of easy access to a full medical history may
contribute to poor heuristics, although it has been claimed
that a physician can reach valid, reasonable conclusions
regarding medical treatment despite imperfect information
about the patient [14]. It is sometimes argued that the
introduction of extended information and care options com-
pounds rather than simplifies decision complexity [15].

The aim of this study

The main objective of this study was to assess the impact of
EMR IS on admission decisions by physicians in the high-stress
environment of EDs as a function of level of crowdedness.

Specifically, we examined the impact of viewing medical
information from a very large EMR IS on admission deci-
sions. One of the most important decisions in an ED is
whether or not to admit a patient. It was suggested that about
one out of seven admissions to an ED is due to missing
information [16]. Recently it was suggested that EMR avail-
ability was associated with a lower likelihood of hospitaliza-
tion, though the evidence is not inclusive [17]. Finally,
viewing medical history may encourage stricter adherence to
medical guidelines, which have been shown to be associated
with reduced ED visits and hospitalizations [18].

In addition to the proportion of admissions, we examined
how the proportion of single-day admissions fluctuates
when a patient’s medical history is inspected via EMR IS.
We assumed that part of the single-day admissions are
uncalled for, and could be prevented if a comprehensive
medical history were available. These measures have been
used in previous studies [8, 19].

The database for this study comes from the main health
maintenance organization (HMO) in Israel, which is also
one of the world’s largest non-governmental HMOs. This
HMO is a non-profit organization that serves over 3.8 mil-
lion customers and employs more than 9,000 physicians.
The HMO owns seven general hospitals (all surveyed in this
research), and seven other hospitals, including geriatric and
pediatric facilities, and more than 1,300 community clinics.

In 2004, the HMO deployed the EMR IS analyzed here.
The EMR IS retrieves data from many medical systems. This
data retrieval architecture provides a comprehensive, integrat-
ed and real time virtual patient record available at all points of
care of the HMO. The system gathers historical patient data
from the other healthcare information systems at the HMO’s
hospitals and clinics. The data in this study included patients’
demographics, chronic medication, adverse reactions, detailed
lab and imaging results, past diagnoses, healthcare proce-
dures, etc. Actual usage of the system at each of the seven
hospitals is idiosyncratic because of differences in manage-
ment policy relating to the system, electronic order entry in
general, and the influence of other technologies on coopera-
tion among physicians within each hospital. The database for
this study covered 2004 to 2007 (after the EMR IS had been
integrated into all hospitals) from all seven hospitals.

This paper is organized as follows: Section 3 describes
the methodology, section 4 reports the research findings,
section 5 presents the conclusions and discusses the find-
ings, section 6 states the research contribution, and section 7
analyzes the research limitations with some suggestions for
future research.
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Methodology

The research method selected for this study was track log-
file analysis. Track log-file analysis uses statistical tools
such as multivariate logistic regression. The log-files were
based on data from seven main hospitals owned by the main
HMO in Israel, which uses an EMR IS to share medical
information from distributed health suppliers. We drew the
research variables from this log file in a way comparable to
methodologies in similar studies.

The dependent variables

Admission decision

Admission decision was defined as a dichotomous variable to
admit a patient to the ED or not (1 for admit decision and 0 for
discharge decision). This variable has been used in previous
research [20].

Single-day admission

This variable quantified whether a patient, as a result of the
decision to admit, was admitted for a single day (coded 1) or
for a longer period of time (coded 0). Previous works have
shown that such short-term admissions can be reduced using
medical information [19, 21].

The definition of single day admissions filtered out
patients who intentionally sought and received treatment
involving a single day admission. Only admissions from
an ED to a specific hospital department were recorded and
included. In addition, similar to many EDs around the
world, hospitals in Israel maintain observation wards in
which patients are monitored for a period of 12–24 hours.
This period of observation was not included in the calcu-
lations. To assess the impact of interoperability on admis-
sion decisions, medical history which existed at the local
EMR in certain hospitals was differentiated from the med-
ical history which was exclusively provided online from
several decentralized health suppliers.

The dependent variables ‘admission decision’ and ‘sin-
gle-day admission’ are connected since a ‘single-day admis-
sion’ is a subset of ‘admission decision’. However, we were
careful not to use these two variables in the same statistical
test or regression but rather in separate tests and regressions.

The independent variables

Viewed medical history

The patients in our study were divided into two groups: patients
whose medical history was viewed via the EMR IS and patients
whose medical history was not viewed via the EMR IS. Vest

[22] recently found that system access is not random, and that
specific patient factors increased the likelihood of information
access. Vest’s [22] findings show that the more a person’s data
were examined, the more likely that person was to have more
ED visits and inpatient hospitalizations.

The term ‘viewed medical history’ refers to access to at
least one of several medical history components in the EMR
IS (see Table 1). This was measured as a dichotomous
variable (10history viewed, 0 if not).

Crowdedness level

One of the main independent variables in this study was the
crowdedness level of the ED. Richardson [20] distinguished
between the volume of crowdedness in EDs on weekdays
and weekends, and found different levels of referrals (the
number of referrals on weekdays was higher than the num-
ber of referrals on weekends). He divided the days in EDs
into “Busy weekday” vs. “Non-busy weekday” and “Busy
weekend day” vs. “Non-busy weekend day” to capture
different levels of referrals. We chose to extend this sug-
gested division. We defined a “Crowded day” according to
the data for each day individually, corresponding to a spe-
cific hospital, i.e. we tailored a specific “Crowded day”
measurement to a specific healthcare facility on a given
weekday. For instance, the average number of referrals per
day was calculated separately for Sundays (considered the
first day of the week in Israel) for each hospital (controlling
for the differences between hospitals such as facilities, beds
and medical staff members and controlling for the differ-
ences between days such as weekdays, weekend days and
holidays). If the number of referrals in hospital N on a
certain Sunday exceeded the average number of referrals
on Sundays in this hospital, we termed this one Sunday a

Table 1 The different types of patient medical histories available to
physicians via the EMR

Type of medical history Specifics

Encounters Previous encounters and
hospitalizations

Diagnoses Information regarding the patient’s
previous diagnoses

Medications A list of the permanent medications
taken by the patient

Labs Previous lab tests including
blood tests, pathology history

Allergy Problems A list of the patient’s known
allergies

Community Clinics The patient’s medical record,
generated by family physicians

Demographic Information Patient demographics

Surgical History A list of previous surgeries
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“Crowded day”. This yielded 49 distinct “Crowded day”
classifications—matched for each weekday and for each
hospital’s average number of referrals. See Table 2 for the
49 classifications.

For each referral, we assigned the day of the week and
the name of the hospital. Thus here we formulated the
independent variable representing “crowded day” for each
referral in our study as a dichotomous variable (value01 for
a crowded day and value00 for a non-crowded day). This
main variable (crowded day) was assigned a value of 1, if
the number of referrals on that day was above the average
number of referrals per day in the same hospital on the same
day of the week (otherwise the value assigned was 0).1

Health maintenance organization

The EMR IS chosen for this study provides full integrative
information only on patients belonging to the main HMO.
To control for major discrepancies in the quality and the
amount of medical information between the main HMO
patients and other HMO patients, a dichotomous variable
was created (1—if the patient was a member of the main
HMO, for whom full medical history was available via the
IS or 0—if the patient was not a member of the main HMO).

ED department

This variable represented the specific type of unit where the
patient was evaluated in the ED. The EDs in the log-file were
internal medicine, surgery, obstetrics, orthopedics, gynecolo-
gy, ENT (ear, nose & throat), primary, and dermatology.

Hospital

This variable represented the specific hospital where the
patient was evaluated. Each one of the seven hospitals had
a different code represented by this variable (due to specif-
icities such as policies).

Patient age Continuous variable representing the age of the
patient.

Patient gender Male/Female.

Research findings

Descriptive statistics

The log-file consisted of 3,219,910 referrals. The names of
the hospitals are not disclosed for reasons of confidentiality
and privacy.

First, there were slightly more referrals to the hospi-
tals’ EDs during crowded days, which is consistent with
the literature (about 52.4 % of the referrals and 51.8 %
of the admissions). Second, as shown in Table 3 the
distributions of crowded days as compared to non-
crowded days were quite similar for all referrals, sug-
gesting that there were no differences in the crowded-
ness levels between different types of gender or
insurance. Third, and most strikingly, patients’ medical
histories were viewed in the ED in only 16.12 % of all
referrals to all hospitals. Thus, 83.88 % of all referrals
and 76.27 % of all admissions did not involve any use
of medical history. Finally, and contrary to expectations,
physicians used medical information on crowded days
more than on non-crowded days (17.17 % vs. 14.97 %
respectively of all referrals).

Table 3 shows the average referrals per day and hospital.
These averages were used to determine whether a referral
occurred on a crowded day in the ED (if the number of
referrals exceeded the average number of referrals on the

1 We chose the average as the threshold value for determining the
crowdedness level over other alternative threshold candidates such as
the median (consistent with other studies mentioned above). However,
we tested the same regressions with a median threshold and found very
similar results. We also tested several of other levels above the average
(such as one and two standard deviations) and obtained very similar
results.

Table 2 The average number of
referrals per day and per hospital Hospital/Day Total Sun Mon Tue Wed Thu Fri Sat

Total Average 377.67 446.2 383 384.9 375 387.9 337.6 292.7

Hospital1 544.88 643.4 556.2 558.4 546.7 562 480.9 403.6

Hospital2 410.38 482.5 413.1 412.3 402.7 418.9 376 338.4

Hospital3 344.95 414 350.9 358.5 340.7 355.6 297.5 250.2

Hospital4 338.29 396.4 341.5 339 332 343.9 313.3 279.7

Hospital5 330.94 393.9 332 338.1 326.8 337 295.2 263.6

Hospital6 218.28 254.6 223.1 221 216.5 228.3 197.2 165.9

Hospital7 113.85 137 116.8 119 111.7 113.5 100.8 83.6
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same day in the same hospital) or not. For instance, if on a
specific Sunday in Hospital1 the total number of referrals
was above 643.4 (the average number of referrals per Sun-
day in Hospital1) that day was defined as a Crowded Day
(otherwise it was defined as an non–crowded day).

Table 4 suggests that there were some differences in the
level of crowdedness between hospitals.

Table 5 shows the total rate of admissions for the 9 main
ED departments in terms of their different crowdedness
levels. It shows that there were very similar distributions
of crowded days vs. non-crowded days. The percentage of
admissions during crowded days in the Internal medicine
departments was higher than the percentage of admissions
in the surgical departments.

To sum up, there were no striking differences in the levels
of crowdedness for the different EDs, gender or medical
insurance. However, there were minor differences between
distributions for crowded days vs. non-crowded days by
hospital.

The outcomes of the regressions

Logistic regression is a statistical tool which is used exten-
sively in the medical field and the social sciences. The
logistic regression function has a number of advantages
[23]. For example, while not all statistical tools are applica-
ble to the specific dichotomous nature of outcome measures

such as enrollment, persistence and attainment, the logistic
regression can deal with these types of data. The logistic
regression adjusts the outcomes so that each independent
variable is assigned its own true weight in the equation
[24–29].

We ran the logistic regressions using three blocks of
variables: 1) Treatment variables (history viewing, age,
insurance provider, gender and crowdedness), 2) Control
variables for type of department (for example, example
internal medicine and surgery), and 3) Control variables
for different hospitals (due to various differences such as
policies). These regressions reflect the pure contribution of
previous information to the rate of admissions and single
day admissions (Block 2 and Block 3 are not shown here,
but were included in these regressions).

As shown in Table 6, when history is viewed the likeli-
hood of being admitted to the ED increases by 42.6 % (95 %
CI01.416–1.436, adjusted OR01.426).

When the age of the patients increases by 1 year, the
likelihood of admission to the ED increases by 3.3 % (95 %
CI01.033–1.033, adjusted OR01.033).

When the insured patients are not members of the main
HMO, the likelihood of admissions increases by 9.3 %
(95 % CI00.902–0.913, adjusted OR00.907).

For male patients, the likelihood of admissions to the ED
increases by 16.2 % in comparison to female patients (95 %
CI01.155–1.169, adjusted OR01.162).

Table 3 The distribution of referrals by age, gender, insurance and crowdedness levels

Characteristics Total study sample (all referrals) Crowded days Non-crowded days
n03,219,910 (100 %) n01,685,746 (100 %) n01,534,164 (100 %)

Age (years) 38.99±24.95 38.93±24.91 39.07±24.99

Male (%) 1,488,441 (46.3 %) 779,313 (46.23 %) 709,128 (46.22 %)

Insurance (The Main HMO %) 2,358,896 (73.26 %) 1,235,424 (73.29 %) 1,123,472 (73.23 %)

History Viewed (%) 519,132 (16.12 %) 289,472 (17.17 %) 229,660 (14.97 %)

Number of Admissions (%) 921,386 (28.62 %) 477,681 (28.34 %) 443,705 (28.92 %)

Number of Admissions with History Viewed (%) 218,606 (23.73 %) 120,780 (25.28 %) 97,826 (22.05 %)

Table 4 The distribution of
referrals (admissions and dis-
charges) by hospital

Hospital Crowded days Non-crowded days

Number of referrals Percentage of referrals Number of referrals Percentage of referrals

Total 1,685,746 100.00 % 1,534,164 100.00 %

Hospital1 411,376 24.40 % 350,079 22.82 %

Hospital2 299,229 17.75 % 278,082 18.13 %

Hospital3 242,817 14.40 % 236,502 15.42 %

Hospital4 245,957 14.59 % 229,717 14.97 %

Hospital5 238,670 14.16 % 225,126 14.67 %

Hospital6 163,670 9.71 % 141,278 9.21 %

Hospital7 84,027 4.98 % 73,380 4.78 %
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When the current day in the ED is crowded, total admis-
sion likelihood decreases by 3.5 % (95 % CI00.960–0.970,
adjusted OR00.965).

All values were significant at p<0.001.
As shown in Table 7, when history is viewed, the likeli-

hood of single-day admissions to the ED decreases by
16.2 % (95 % CI00.826–0.850, adjusted OR00.838) ad-
justed to the remaining variables.

When the age of the patients increases by 1 year, the
likelihood of a single-day admission decreases by 2.1 %)
95 % CI00.979–0.980, adjusted OR00.979) adjusted to the
remaining variables.

When the insured patients are members of the main
HMO, the likelihood of a single-day admission decreases
by 6.4 % (95 % CI00.924–0.948, adjusted OR00.936)
adjusted to the remaining variables.

For male patients, this likelihood increases by 5.2 % in
comparison to female patients (95 % CI01.040–1.065, ad-
justed OR01.052).

When the current day in the ED is crowded, the likeli-
hood for single-day admissions to the ED increases by
6.6 % (95 % CI01.055–1.077, adjusted OR01.066).

All values were significant at p<0.001.
In order to extend the validation of these results, we

tested all the regressions on many subsets of all various
ED units, all hospitals and all HMOs. The findings were
very similar for almost every subset (data not shown). We
also tested these regressions on a smaller random sample
within our whole population. Very similar results were
found in this random sample as well.

Summary of the main findings

Contrary to expectations, physicians in this study used in-
formation from EMR IS on crowded days more than on non-
crowded days, despite the time pressure. Viewing history
may thus assist physicians in coming to more rapid deci-
sions, which is probably much more necessary on crowded
days.

Another major finding concerns the use of medical
history available on the EMR IS. When patient history
is viewed, the total number of admissions increases
(adjusted to the remaining variables including crowded-
ness level) whereas the number of single-day admis-
sions decreases. Additionally, EMR IS was consulted

Table 5 The distribution of
admissions by type of
department

Main ED unit Crowded days Non-crowded days

Number of
admissions

Percentage of
admissions

Number of
admissions

Percentage of
admissions

All ED units 477,681 100.00 % 443,705 100.00 %

Internal Medicine 226,577 47.43 % 211,386 47.64 %

Obstetrics 88,766 18.58 % 84,129 18.96 %

Pediatrics 59,810 12.52 % 54,329 12.24 %

Surgery 53,904 11.28 % 49,556 11.17 %

Orthopedics 19,985 4.18 % 18,419 4.15 %

Gynecology 17,831 3.73 % 16,225 3.66 %

ENT 5,968 1.25 % 5,588 1.26 %

Primary 3,679 0.77 % 3,022 0.68 %

Dermatology 847 0.18 % 804 0.18 %

Table 6 Logistic regression on the decision to admit

Variables in
the equation2

B S.E. OR 95.0 % C.I. for OR

Lower Upper

History Viewed*** 0.355 0.004 1.426 1.416 1.436

Age*** 0.032 0.000 1.033 1.033 1.033

Insurance*** −0.097 0.003 0.907 0.902 0.913

Gender*** 0.150 0.003 1.162 1.155 1.169

Crowdedness*** −0.036 0.003 0.965 0.960 1.970

Constant −3.770 0.007 0.023

2 ***p<0.001, **p<0.01, *p<0.05, + p<0.1; n/a not applicable (all
similar tables below use the same conventions)

Table 7 Logistic regression for single-day admission

Variables in the
equation

B S.E. OR 95.0 % C.I. for OR

Lower Upper

History Viewed*** −0.177 0.007 0.838 0.826 0.850

Age*** −0.021 0.000 0.979 0.979 0.980

Insurance*** −0.066 0.006 0.936 0.924 0.948

Gender*** 0.051 0.006 1.052 1.040 1.065

Crowdedness*** 0.064 0.005 1.066 1.055 1.077

Constant −0.869 0.022 0.419
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more for patients who were members of the main HMO
health services, for whom more extensive data were
collected.

Discussion and conclusion

One of the most important decisions in an ED is whether or
not to admit a patient. The current literature on the useful-
ness of an ED EMR IS is somewhat ambiguous. On one
hand, it is argued that a patient’s full data are necessary and
even critical for an appropriate plan of care [9], and that
crowdedness and high levels of uncertainty invite premature
conclusions while ignoring invaluable evidence [12]. On the
other hand, it is claimed that physicians can reach valid,
reasonable conclusions regarding medical treatment despite
imperfect information [14]. Extended information can also
promote decision complexity [15].

Our findings suggest that viewing medical history via an
EMR IS contributes to improved admission decisions.
When EMR data were examined, a decision to admit was
more probable. In addition, viewing medical records led to a
significant reduction in the number of unnecessary single-
day admissions. This finding confirms previous studies
showing that such short-term admissions can be reduced
using medical information [19, 21].

One possible explanation for the admission results is that
the decision to admit to an ED following the use of EMR is
that the medical problems tend to be more severe. However,
short unnecessary admissions which are more closely relat-
ed to a lack of viewing information can be prevented, in
significant percentages, by using EMR IS during the evalu-
ation time in the ED.

The second striking finding emerging from this study is
the very low use of the EMR IS in the EDs. A possible
explanation is that the harried environment of an ED curtails
opportunities to view the medical history within the given
time frame of treatment. In fact, there is no need for a
medical history in many ED cases. Viewing medical history
is less frequent when patients present with less serious
problems, and the percentage of medical histories viewed
was greater for the severe cases.

Finally, when the ED is crowded, the total number of
admissions decreases and the number of single-day admis-
sions increases. These results imply that at least some of the
unnecessary admissions may have been prevented by using
EMR IS in the medical decision process. However, the
causal link should be researched in a further research

Interestingly, contrary to our expectations, physicians
appeared to use information on crowded days more than
on non-crowded days. The results show that EMR IS was
used more for patients who were admitted to hospitals on
crowded days at the ED, although the ED can be highly

stressful at those times. Viewing medical history may thus
assist the physicians in managing stressful medical scenarios.

Research contribution

In recent years, the adoption of EMR IS in the healthcare
sector has increased substantially as more organizations
recognize its importance and usability. In the field of health-
care, physicians need information to help them accomplish
the task of providing medical services. One of the major
questions in this context is how information regarding
patients, as supplied by EMR IS under the serious time
constraints and overcrowding of an ED can improve
decision-making and its outcomes. This study attempted to
answer this question and hence provides further insights into
the field of medical informatics.

The main conclusions of this study allow us to better
understand the importance of using EMR IS in EDs. Physi-
cians take advantage of medical history, and are apparently
aware of its importance in crowded situations. Although
medical history may not always be available or relevant,
our research provides insights into the common errors that
may occur in ED without the existence of such data.

In this study, we dealt with the critical question of whether
or not to admit a patient to the ED, which has been raised in
previous research [20]. We expanded our analysis to other
outcomes and showed a reduction in the volume of short-term
admissions and particularly single day admissions (as com-
pared to Cooke et al. [8] and Shabtai et al. [19]). In addition,
we complement findings by Denman-Johnson et al. [21] (in
which the lack of proper information lengthened hospitaliza-
tion time) by exploring the important aspect of crowdedness.

We analyzed a unique and vast DB with a single EMR IS.
This study has its advantages since our sample population of
patients consisted of all the relevant population sectors,
rather than smaller samples as found in other studies.

We investigated the advantages of EMR in the most
critical decision in the ED, whether to admit or discharge
the patient. Other studies have discussed the implementation
of technology in EDs such as the MET system for the
triage of patients [30]. This research contributes by focusing
on the entire sequence of steps comprising the process of
providing medical care in the ED (not only the triage),
and by using an integrative EMR IS from decentralized
medical suppliers.

We showed that physicians retrieve only a certain amount of
information via the system during referrals in the EDs. This
finding is consistent with a study that showed that physicians
retrieve limited information even without any time constraints
[31]. We extended this conclusion to a time pressured environ-
ment and found that medical information is used to a greater
extent in more severe cases and on more crowded days.
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There are also some practical implications. According to
Wyatt & Spiegelhalter [32], evaluating the contribution of
medical IS can provide feedback to the system developers.
Our findings can promote EMR IS usage, and thus prove to
physicians that these systems can improve the service and
care given to patients.

Limitations and future research

The main limitation is that different hospitals have different
policies regarding the use of the system. In addition, in
different hospitals, there are different admission mecha-
nisms. Thus, the nature of the hospital (type of management,
different policy makers, admission policy, vacant beds,
users, the deployment of the EMR IS, etc.) has a far-
reaching impact on the hospital’s ability to fulfill its poten-
tial and utilize a new IS to the maximum. Another limitation
is that we could not control the oral information or the hard
copy information delivered by patients in the ED.

Many other research avenues could be explored in the
future. For instance, the sample could be split into different
time shifts (for the medical staff). There are several different
shifts in the ED during the day. The hours and the number of
the shifts constantly vary across hospitals and between
different clinic professionals. In addition, analyzing specific
medical scenarios is a powerful tool that could be used to
assess end-users’ perceptions and information needs and
provide a solid way of explaining workflow features, chal-
lenges and solutions related to the specifics of the ED,
specifically in the public health context [33]. In particular,
the findings together with future research directions could
be used by developers and designers of EMR IS to design
more user-friendly initial entry screen (minimal dataset) to
fit the specific clinical case requirements, and environmental
variables in the ED unit and patient attributes.
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