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Overcrowding is a phenomenon commonly ob-
served at emergency departments (EDs) in many 
hospitals. ED overcrowding refers to patient needs 
exceeding the capacity of the department in terms 
of patient volume, patient severity, physical space 
and on-duty staff5). The effect of overcrowding on 
patient welfare is of particular interest to hospital 
administrators and the community. 

Several studies have investigated the causes, 
the mechanisms or processes, and the effects of 
ED overcrowding1). ED overcrowding has been 
associated with delay in treatment administration11), 
delivery of sub-standard care for patients with 
severe pain12,18), and an increase in the mortality 
rate of patients treated at ED7,13,19). The availa-
bility of ambulance services can also be impacted 
by ED overcrowding, as ambulances are occupied 
while waiting to transport their patients to an 
open ED10). ED overcrowding also contributes to 
long patient waiting times in ED and patient 
dissatisfaction7).

ED overcrowding also impacts on the workforce 
and administration of hospitals. Staffs are 
exposed to high workloads and pressure to treat 
patients as quickly as possible in crowded EDs. It 
is likely that working in crowded EDs could result 
in staff ‘burnout’, a high staff turnover or diffi-
culties in recruiting new staff. A study by Bayley 
et al4) demonstrated that ED crowding can result 
in financial loss to hospitals, specifically due to 
missed opportunities to treat patients. Bayley et 
al4) showed that if a patient with a chest pain 
occupied an ED bed for more than three hours 
before hospital admission, it could result in a loss 
of potential revenue of US$204 due to missed 
opportunities to treat other patients.

While there are several reported solutions for 
addressing ED overcrowding13), one solution 
involves understanding the patterns of ED 
demands, forecasting future ED presentations, 
and acting proactively to cope with the expected 
patient volume at ED. For example, mobilising 
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increasing exponentially (as explained by 0.004t + 0.00005t 2 with t representing time, p<0.001). 
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during winter (as explained by -0.046 sin(2�t/12)-0.083 cos(2�t/12), p<0.001). In addition, the 
variation of the oscillations was increasing over time (as explained by -0.002t*sin(2�t/12)-
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will assist health care managers to prepare resources and environment more effectively to cope 
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Analysis
There is a wide range of analytical methods 

available to analyse time series data, for example, 
the methods presented by Bowerman et al6). A 
linear regression approach was adopted for this 
study because regression analysis allows for the 
identification of patterns of f luctuation in ED 
patient flow. In addition, based on the identified 
patterns (or a model), prediction of future patterns 
is possible.

There are two approaches in a linear regression 
framework that are used to model time series data 
that have patterns of variation. One is to use 
trigonometric functions and the other is to use 
dummy codes for months. To model the trends of 
ED presentations, a linear regression analysis 
with trigonometric functions was considered more 
appropriate for this study than regression with 
dummy codes. The reasons are two-fold. First, 
modelling with trigonometric functions allows us 
to represent smooth variation of the changes in 
data, whereas the dummy-code approach allows us 
to compare only the differences in the frequencies 
between months. Second, fewer parameters are 
required to model the patterns of frequencies in 
the trigonometric approach than the dummy-code 
approach, as the dummy-code approach requires 
at least 11 parameters (i.e., the dummy codes for 
February to December) to be fitted in a model. The 
parsimony and efficiency of the model was crucial, 
as there were only 60 time-points (July 2003 to 
June 2008) available for data analysis. 

Trigonometric functions as well as linear and 
curvilinear functions are useful to illustrate 
various trends of time-series data. Combining 
them, thus, allows us to capture the complex 
patterns of ED flow. The functions used in the 
current analysis are presented in Table 1. Using 
these functions, a model was initially tested 
against the following full model with a variety of f 
and p values: 

where et represents unexplained errors (Note. The 
analysis was also conducted by replacing  
with ln(t)). The model development involved 
f itting and re-f itting all or a subset of the 
predictors above until a set of meaningful 
predictors was identified. In all the analyses, a 
significance level was set at <0.05 (two-tailed).

Ethical consideration
This study was reviewed and approved by the 

RCH Human Research Ethics Committee as a 
project that is compliant with the National Health 
and Medical Research Council (Australia) criteria 
for audit/quality assurance.

health care professionals according to the forecast 
of ED flow could help the department to cope with 
a large volume of ED visits without compromising 
patient treatments. 

There are several studies that have attempted 
to model and forecast patient f low at EDs or 
outpatient departments. However, they have 
largely focused on disease-specific presentations of 
adults or the elderly15,16), and there are limited 
publ icat ions that  examine the pattern of 
paediatric ED presentations. A recent study by 
D’Souza et al9) investigated the seasonal variation 
of ED presentations for children in the Australian 
Capital Territory. Their study compared the rates 
of presentations with a limited range of disease/
symptoms across four seasons, and the pattern of 
presentations was not modelled. Hence, there are 
limited data available on the pattern of ED 
demands in paediatric settings. The aim of this 
study was, therefore, to identify the patterns of 
patient flow at a paediatric ED in order to assist 
the management of the department.

MATERIALS AND METHODS

Study design
The current study adopted a retrospective, 

observational study design. Data on patient 
presentations at ED were collected retrospectively 
to investigate patterns in the patient flow. 

Data
Data were provided by the Royal Children’s 

Hospital (RCH) in Melbourne, Australia. The 
RCH is the major specialist paediatric hospital in 
the state of Victoria, which has an estimated 
population of 5.6 million (in Year 2011)2). The 
RCH provides a full range of tertiary care for 
children living in Victoria as well as other states. 
The ED at the RCH serves as the only paediatric 
trauma centre in Victoria, and treats approximately 
70,000 patients annually20).

Data on patients, who presented at the ED in 
the RCH during July 2003 to June 2008 (i.e., five 
financial years), were collected from the Decision 
Support Unit, which compiles electronic patient 
information at the RCH. Data were available to 
the researchers only for this period. The following 
data were collected: the age, gender, the place of 
residency, the diagnostic classification (ICD-10) 
and triage category of patients, the date and the 
time of the ED presentation, waiting time at the 
ED, and whether or not a patient was admitted to 
the hospital. The frequency of ED presentations in 
each month was divided by the number of days in 
each month to produce daily averages for each 
month (i.e., the average presentations per day for 
each month).
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Table 1. Functions of time used in the current analysis, and their descriptions

Function of time# Description Exemplary figure

y = β t This function illustrates an increasing 
or decreasing linear trend of y with 
respect to time, t. The direction of the 
slope depends on the sign (either 
positive or negative) of the coefficient, 
β. The figure on the right-hand side 
illustrates an increasing function, 
when β is positive.
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y = β t p,  or
y = β ln(t)

Both a power and a logar ithmic 
function describe either increasing or 
decreasing curvilinear trends of y with 
respect to time, t. The direction of the 
slope depends on the sign (either 
positive or negative) of the coefficient, 
β. The figure on the right-hand side (a 
solid line) illustrates an increasing 
function, when β is positive, and p=2 
for the power function. 0
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y =βcos(2�ft)+
βsin(2�ft)

A pair of a cosine and a sine function 
of a time characterises a cyclic oscil-
lation spanning a specific period of 
time. The f is the frequency of a cycle. 
When f=1/12, it exhibits cycles spanning 
over 12 months. When f=1/6, it illustrates 
half-a-yearly cycles.
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Example of half-yearly cycles

y =β[t*cos(2�ft)]
+ β[t*sin(2�ft)]

An interaction term between time (t) 
a nd  a  t r i g onomet r i c  f u nc t i on s 
(cos(2�ft)+sin(2�ft)) is also useful to 
characterise either an increasing or a 
decreasing osci l lation of a cycl ic 
waves. A figure on the right-hand side 
shows a linearly increasing trend with 
a greater oscillation in frequency over 
time.
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#Note. Time is represented by t, regression coefficients are represented by β, and the predicted ED patient 
volume is represented by y.
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10, were Respiratory diseases (i.e., Code J, 
comprising 18.87% of the patients), infectious and 
parasitic diseases (i.e., Codes A and B, comprising 
17.49%), injuries (i.e., Code S, 17.36%), and 
unidentified causes (i.e., Code R, 15.79%). Overall, 
1.46% of patients were recorded as residents 
outside the state of Victoria where Melbourne is 
located. 

Figure 1 shows the pattern of ED presentations 
over 60 consecutive time points during July 2003 
and June 2008. The figure shows that there were 
clear seasonal differences in the volume of ED 
presentations, as high frequencies were usually 
observed in winter (i.e., June to August in 
Australia) and low frequencies in summer (i.e., 
December to February). The figure also shows 
that the frequency of ED presentations was 
increasing with a greater variability in the later 
years. In particular, high frequencies of ED 
presentations were observed at three time points 
(listed in order of decreasing frequency): Time 50 
(i.e., August 2007), Time 2 (i.e., August 2003), and 
Time 24 (i.e., June 2005) (see Fig. 1). A high 
frequency of patients who had a primary diagnosis 
of an infectious disease visited ED around these 
times.

RESULTS

Summary characteristics of ED context
Table 2 summarises ED presentations, admis-

sions, waiting time and patient characteristics for 
the financial years of 2003 to 2008 at the RCH. 
Within these five years, there was a total of 
296,249 presentations at the ED, of whom 68,014 
(22.96%) patients were admitted to the RCH. The 
number of ED presentations and admissions via 
the ED had increased over time. The proportion of 
patients who required immediate medical 
attention (Triage Category 1 and 2) also increased 
over time, while the number of patients who 
showed less acuity (Triage Category 5) decreased 
(Table 2). The average waiting time for patients to 
be seen by a doctor was approximately 70 mins 
between July 2003 and June 2005, approximately 
60 mins between July 2005 and June 2007, and it 
increased to 66.9 mins in 2007-08. 

Table  2  a lso  presents  the  demog raphic 
characteristics of patients. The average age of 
patients presenting at the ED was relatively 
constant over time, and the gender proportion of 
patients also showed little change over time. The 
main diagnoses of these patients, based on ICD-

Table 2. Summary characteristics of ED context by financial year#1

Financial year 2003-04 2004-05 2005-06 2006-07 2007-08
Average presentations 
per day 150.02 153.18 157.43 165.32 185.29

Presentations by 
Triage Category (%)

Triage 1 0.30 0.33 0.32 0.35 0.45
Triage 2 3.28 3.38 3.67 3.54 4.05
Triage 3 26.46 27.19 28.50 26.70 27.03
Triage 4 54.44 53.09 55.21 57.87 57.87
Triage 5 15.50 15.99 12.28 11.53 10.59
Triage 6 0.02 0.02 0.02 0.02 0.02

Average admissions
per day 32.69 36.59 37.82 40.55 38.60

Admission rate (%) 21.79 23.89 24.02 24.53 20.83
Average waiting
time#2 (min) 68.52 72.07 62.53 57.44 66.90

Average patient 
age (year)#3 4.58 4.72 4.74 4.72 4.54

Patient’s sex (%)
Male 56.50 55.51 55.87 55.87 56.32
Female 43.50 44.49 44.13 44.13 43.68

Note. #1 Summary is based on data between July & December, 2003. #2 The “time seen by a 
doctor” was missing for 30426 patients (see the reasons in Appendix B), thus they were excluded 
from the analysis. In addition, there was one patient who was recorded as seen by a doctor one 
month after the ED presentation. Thus, this patient was also excluded from the analysis. #3 ED 
record showed that patient's age, calculated by the elapsed time between the date-of-birth and 
ED presentation date, ranged from 0 to 106 years old. The above figure excluded patients whose 
ages were calculated as being above 30 years old (n = 648, accounting for 0.22% of the total 
presentations) and whose records for the date-of-birth were missing (n = 9).
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several time-points, which appeared as outliers in 
the solution, and could significantly influence the 
model specification. These time-points were 
August 2003 (Time 2), June 2005 (Time 24), and 
August 2007 (Time 50), which represented the 
high peaks, and were mentioned previously. 

In order to remove undue inf luence of the 
outlying points on the model estimation, dummy 
variables were introduced into the model to 
account for the unusually high frequencies at 
Time 2, 24 and 50. In addition, a dummy variable 
for January was included in the model to better 
predict low frequencies in this month. The results 
of this revised model are presented in Table 3. 
This model explained 96% of the variance.

Table 3 shows that the coefficient on the linear 
term of time (i.e., t) is significant. Table 3 also 
shows that the coefficient on the quadratic term of 
time (i.e., t2) is significant. This indicates that the 
daily average ED presentations were increasing, 
and the rates of increment had been accelerating 
with greater increment at the later time. The 
model also indicated that there was a yearly 
oscillation in the frequency of ED presentations, 
as indicated by significant coefficients on cos(2�ft) 
and sin(2�ft), where f=1/12. This oscillation 
demonstrated that the frequency of ED presen-
tations was lower in summer and higher in winter. 
In addition, the significant coefficients on the 
interaction terms between time and the trigono-
metric functions (i.e., t*cos(2�ft)+ t*sin(2�ft) where 
f=1/12) indicated that the oscillations of patient 
flow had been increasing over time, as consistent 
with the last figure in Table 1. When the patterns 
of the patient presentations by the ICD-10 were 
examined, yearly cyclic patterns were observed in 
the presentations of patients with the Codes B and 
J. Moreover, the increasing trend was observed in 
the Codes R and S.

The diagnostic tests in the revised model 
showed no violations of the model assumptions, as 
a constant variance and normal distribution of the 
residuals were satisfied, and there were no 
remarkable outlying time-points observed. Durbin-
Watson d stat ist ic  a lso  showed no ser ia l 
correlations between the residuals (x2 = 0.666, p = 
0.414). Hence, this model was retained as the final 
model.

As stated previously, the model shown in Table 
3 was based on a logarithmic transformation 
of the daily average ED presentations. By ex-
ponentiating the model, the predicted values on 
the original scale can be obtained. Figure 3 
illustrates the prediction of the ED presentation 
during 2003 to 2008 on the original scale. Figure 
3 also presents the predicted values for the next 
12 months.

Model estimation
The distribution of the frequencies in ED presen-

tations was positively skewed, thus a logarithmic 
transformation of the frequencies was made to 
normalise the distribution prior to data analysis. 
Several attempts for model-fitting tentatively 
identified the following model, 

where t stands for scale-centred time-points. 
This model meaningfully explained the fre-

quencies in ED presentations while containing the 
minimum set of variables. This model accounted 
for 80% of the total variance of the frequencies in 
ED presentations (the adjusted R2 = 77.3%). 
Diagnostic model-checking and the comparison of 
observed frequencies with the frequencies predicted 
by the above model (see Fig. 2) showed that the 
model constantly over-estimated the frequencies 
in January, where the lowest frequency in a year 
was observed. There was also under-estimation at 
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Fig. 1. ED presentations over time
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Fig. 2. The plots of the predicted ED presentations vs. 
the observed frequencies 

Note. The predicted values were back-transformed to the 
original scale.
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more likely to be caused by the presentation of 
patients with respiratory and infectious diseases. 
These types of diseases tend to flourish in winter 
periods when temperatures are low, and subside in 
summer. Thus, they often create a seasonal 
variation in the presentation of patients17). On the 
other hand, the increase in the total number of ED 
presentations was found to reflect the increase in 
the numbers of children, who needed treatment for 
injuries or symptoms with unidentified causes. 
These groups of patients accounted for 17.36% (for 
the injuries) and 15.79% (for the unidentified 

DISCUSSION

Although the data used in this study are dated, 
the present study demonstrated that patients’ 
presentations at a paediatric ED have distinctive 
patterns, which can be reasonably modelled with a 
linear regression. The findings showed that there 
was a seasonality in ED presentations, which 
were characterised by a yearly cyclic pattern with 
an increasing trend in patient volume. A yearly 
cycle in the pattern of the ED presentations was 

Table 3. The results of regression analysis for logarithmic transformed ED 
presentations with trigonometric functions

Predictors Coefficient
β

Std. Error p 95% Confidence
Interval

Constant 5.06600 0.00600 0.000 5.05400 5.07700

t 0.00400 0.00020 0.000 0.00400 0.00500

t2 0.00005 0.00002 0.001 0.00002 0.00008

sine(2�t/12) -0.04600- 0.00600 0.000 -0.05700- -0.03500-

cosine(2�t/12) -0.08300- 0.00600 0.000 -0.09500- -0.07100-

t*sine(2�t/12) -0.00200- 0.00030 0.000 -0.00200- -0.00100-

t*cosine(2�t/12) -0.00100- 0.00030 0.018 -0.00140- -0.00013-

Time_2_50 0.25300 0.02200 0.000 0.20900 0.29800

Time_24 0.14200 0.03000 0.000 0.08100 0.20200

January -0.11000- 0.01500 0.000 -0.14000- -0.08000-

R2 0.95800 Adjusted R2         0.951

Note. Dependent variable is the average ED presentations per day for a month on a 
logarithmic scale. The abbreviations for the predictors are as follows: t=Time with the 
mean adjusted to 0, Time_2_50=A dummy code for Times 2 & 50 where a value of 1 was 
assigned to Times 2 & 50 and 0 for elsewhere, Time_24=A dummy code for Time 24 where 
a value of 1 was assigned to Time 24 and 0 elsewhere, and January=A dummy code for 
January where a value of 1 was assigned to all time-points representing January and 0 
elsewhere. The quadratic term of t was supported by fractional polynomial regression.
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Fig. 3. The plots of the predicted ED presentations vs. the observed 
frequencies based on the revised model

Note. The predicted values were back-transformed to the original scale.
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overcrowding. Equally important to resolving ED 
overcrowding is to take proactive measures, such 
as the introduction of disease prevention programs 
to reduce a number of sick children. For instance, 
our results as well as others9) indicated that the 
large volume of patients who presented in winter 
was due to respiratory diseases and viral infec-
tion. Thus, educating children about hygiene-
measures (e.g., hand-washing, gargling, and wearing 
a mask) might contribute to the prevention of 
infectious disease among children, thus reducing 
the number of presentations at EDs.

The above managerial implications are made 
based on the data from one paediatric hospital in 
Australia. However, the current study findings 
may also have some implications for a Japanese 
paediatric emergency context, since a seasonal 
variation in patient presentations at EDs has also 
been observed in other hospitals9,14).

There are three limitations inherent in this 
study. First, the model development was made 
based on data available from only five years. Due 
to this short observation period, the estimated 
model captured only a basic trend in time (i.e.,  
a linear or curvilinear increment) and some 
seasonal cycles observed within a year. A longer 
observation period might have allowed longer 
cyclic trends, such as 3-4 year-cycle of the patterns 
in ED presentations, to be explained. 

Second, careful utilisation of the identified 
model is necessary. For instance, there may be an 
unexpected event that causes a high volume of 
patients to present at EDs. For instance, the 
pandemic of H1N1 inf luenza signi f icantly 
increased the number of ED presentations in 
20093). Such an event, however, cannot be fore-
casted by the current model, which was developed 
based on a time factor alone. The identified models 
also cannot be used for a long-term prediction. For 
example, the model for ED presentations shown in 
Table 3 indicated an escalating number of ED 
visits in the later years. This does not mean, 
however, that the number of ED presentations will 
keep increasing exponentially forever. The 
patterns of ED presentations can be altered as a 
result of changes in hospital /public policies, 
population size, and environmental changes (e.g., 
meteorological changes and the changing level of 
air pollution8)). Therefore, constant revisions and 
re-estimations of the models are required by 
including new observations at the ED as well as 
by taking other influential variables into consid-
eration. 

Third, the present project did not conduct a 
validation study, where the accuracy of the model 
predictions is examined by comparing them with 
future observed values. We could have modelled 
the pattern of ED presentations on four years of 
data, and reserved the fifth-year data for the 
model validation. Doing so, however, would reduce 

causes) of the total ED presentations, respectively, 
and were identified as the second and the third 
largest patient groups, following that with disease 
of the respiratory system (18.87%), during 2003-
2008. Although the causes of the injuries and the 
symptoms were unidentified, the increase in the 
number of these patients can be explained by a 
simple fact. According to the Australian Bureau of 
Statistics2),  Victoria has observed natural 
population growth as well as growth by overseas 
migration. Accordingly, the population of children 
under the age of 18 has also shown an upward 
curvilinear increase with growth rates of 0.3 to 
1.2%. Since, the RCH is the only specialist 
paediatric hospital with a trauma centre in 
Victoria, growth in the young population could 
have resulted in more children suffering from 
injuries and symptoms with unidentified causes, 
and to their being transferred to the RCH ED.

The identified model can be used to improve 
paediatric emergency services. Providing timely 
services to children is important, as they cannot 
tolerate a long waiting-time until they are 
attended by a physician. Children may not also 
accurately monitor and express their conditions21). 
Thus, they are more likely to progress into severe 
health condit ions,  i f  appropr iate medical 
intervention is not given. Understanding the 
pattern of ED presentations will assist in 
identifying future patient flow, which subsequently 
helps to manage human and material resources 
more effectively. Without fine ED management, 
quality care cannot be provided to the public. In 
this regard, the present study provided precious 
information for ED management. The potential 
managerial implications arising from the findings 
of this study are as follows:

• Mobilisation of health care professionals is 
necessary to cope with the increase and the 
greater variability in the number of future 
ED presentations. For instance, additional 
(casual) healthcare professionals should be 
called in to help cope during a period in which 
a large volume of patients is expected (i.e., in 
winter) at the ED. 

• The physical environment of the ED may need 
to be improved to accommodate more patients, 
as ED overcrowding is not only a consequence 
of patient volume, patient acuity and staff 
allocation, but also of the physical space of the 
ED4).

• The time in which the flow of ED presenta-
tions is at a minimum can be used for staff 
education to provide better services at the ED 
(especially for casual staff). 

• Establishing a network with local General 
Practitioners (GPs) is necessary to divert less 
urgent patients to GPs.

A better management of EDs is essential to deal 
with a large volume of patients and to alleviate 
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López, R., Lage, M.B. and Otero, A. 2001. A 
model for forecasting emergency hospital admis-
sions: effect of environmental variables. J. Environ. 
Health 64(3): 9-15.

9. D’Souza, R.M., Bambrick, H.J., Kjellstrom, 
T.E., Kelsall, L.M., Guest, C.S. and Hanigan, I. 
2007. Seasonal variation in acute hospital admis-
sions and emergency room presentations among chil-
dren in the Australian Capital Territory. J. Paediatr. 
Child Health 43: 359-365. 

10. Eckstein, M. and Chan, L.S. 2004. The effect of 
emergency department crowding on paramedic 
ambulance availability. Ann. Emerg. Med. 43: 100-
105.

11. Fee, C., Weber, E.J., Maak, C.A. and Bacchetti, 
P. 2007. Effect of emergency department crowding 
on time to antibiotics to patients admitted with 
community-acquired pneumonia. Ann. Emerg. Med. 
50: 501-509. 

12. Hollander, J.E. and Pines, J.M. 2007. The 
emergency department crowding paradox: The 
longer you stay, the less care you get. Ann. Emerg. 
Med. 50: 497-499. 

13. Hoot, N.R. and Aronsky, D. 2008. Systematic 
review on emergency department crowding: causes, 
effects, and solutions. Ann. Emerg. Med. 52: 126-136.

14. Jones, S.A., Joy, M.P. and Pearson, J. 2002. 
Forecasting Demand of Emergency Care. Health 
Care Manag. Sci. 5: 297-305. 

15. Lee, H.-C., Tsai, S.-Y. and Lin, H.-C. 2007. 
Seasonal variations in bipolar disorder admissions 
and the association with climate: A population-
based study. J. Affect. Disord. 97: 61-69. 

16. Lin, H.-C. and Xiraxagar, S. 2006. Seasonality of 
hip fractures and estimates of season-attributable 
effects: a multivariate ARIMA analysis of popula-
tion-based data. Osteoporos. Int. 17: 795-806. 

17. Moineddin, R., Nie, J.X., Domb, G., Leong, A.M. 
and Upshur, R.E.G. 2008. Seasonality of primary 
care utilization for respiratory diseases in Ontario: 
A time-series analysis. BMC Health Serv. Res. 
8:160. 

18. Pines ,  J . M .  a nd Hol la nder,  J . E .  2 0 0 8 . 
Emergency department crowding is associated with 
poor care for patients with severe pain. Ann. 
Emerg. Med. 51: 1-5. 

19. Richardson, D.B. 2006. Increase in patient 
mortality at 10 days associated with emergency 
department overcrowding. Med. J. Aust. 184: 213-
216. 

20. Royal Children’s Hospital homepage. Available 
from: http://www.rch.org.au/rch/home.cfm.

21. Yoshihara, S., Kanno, N., Fukuda, H., Yamada, 
Y., Fukuda, N., Tsuchiya, T. and Arisaka, O. 
2011. Development and validation of a nighttime 
sleep diary in asthmatic children. Pediatr. Allergy 
Immunol. 22: 667-670.

the number of time-points available for the model 
estimation, thus undermining the accuracy of the 
model. Further studies are needed to capture accu-
rately the pattern of paediatric ED presentations.

CONCLUSION

The patient f low in paediatric ED showed 
seasonal variations, which can be reasonably 
modelled by regression analysis. Understanding 
the trend in patient flow and predicting the future 
by a regression model assist effective management 
of human and material resources, thus enhancing 
patient care.
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