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ABSTRACT
Risk indicators are metrics that are widely used in risk management to indicate how risky
an activity is. Among different types of risk indicators, early warning systems are designed
to help decision makers predict and be prepared for catastrophic events. Especially, in
complex systems where outcomes are often difficult to predict, early warnings can help
decision makers manage possible risks and take a proactive approach. Early prediction of
catastrophic events and outcomes are at the heart of risk management, and help decision
makers take appropriate actions in order to mitigate possible effects of such events. For
example, physicians would like to prevent any adverse events for their patients and like to
use all pieces of information that help accurate early diagnosis and interventions.
In this research, first we study risk assessment for occupational injuries using accident
severity grade as an early warning indicator. We develop a new severity scoring system
which considers multiple injury severity factors, and can be used as a part of a novel threedimensional risk assessment matrix which includes an incident’s severity, frequency, and
preventability. Then we study the predictability of health outcome based on early risk
indicators. A systems model of patient health outcomes and hospital length of stay is
presented based on initial health risk and physician assessment of risk. The model
elaborates on the interdependent effects of hospital service and a physician’s subjective
risk assessment on length of stay and mortality. Finally, we extend our research to study

the predictive power of early warning systems and prognostic risk indicators in predicting
different outcomes in health such as mortality, disease diagnosis, adverse outcomes, care
intensity, and survival. This study provides a theoretical framework on why risk indicators
can or cannot predict healthcare outcomes, and how better predictors can be designed.
Overall, these three essays shed light on complexities of risk assessments, especially in
health domain, and in the contexts where individuals continuously observe and react to the
risk indicators. Furthermore, our multi-method research approach provides new insights
into improving the design and use of the risk measures.
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1. Introduction
Design and utilization of appropriate risk metrics are crucial in accurate risk assessment as well as
taking actions to mitigate potential undesired consequences. Risk assessment is “a systematic
process for describing and quantifying the risks associated with hazardous substances, processes,
actions, or events” [1]. Accurate risk assessments help to improve awareness of hazards and risks,
and determine if existing control measures are adequate or if more should be done. Furthermore,
risk assessment can prevent catastrophic events when it is performed at the design or planning
stage. Risk assessment methods are also used to prioritize hazards and control measures, which
help better resource allocation and crisis management.
There are various examples of utilizing risk assessment techniques in different industries. For
example, risk assessment has been used frequently to estimate the probabilities of possible
consequences of accidents at a nuclear power plant [2]. Or in food industry, risk assessment can
be used to quantify and describe the risks involved with diseases that have been linked to
consumption of poultry products [3]. More examples of risk assessment techniques exist in
healthcare and occupational safety. These techniques have been used to determine and assess the
risk of specific diseases, e.g., cardiovascular disease, for different patient groups, risk assessment
methods have been used [4], and in occupational health and safety to prevent injuries that may
happen in the workplace [5, 6].
A wide range of methods exists for design and implementation of risk metrics, Different
organizations may use different indicators. Subjective risk indicators, i.e., person’s perception of
the likelihood of a risky event, are also common and extensively used in different industries to
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quantify the risk of hazard. However, unlike the objective measures, all subjective metrics are
prone to individual biases and mistakes since one cannot precisely calculate the actual probability.
In this dissertation, we tackle the big question of how risk assessment techniques can be improved
in complex healthcare and occupational contexts. In other words, our research objective is to
investigate the power of risk indicators in predicting the actual outcome, and to help improve the
existing risk assessment processes. We narrow down this big objective into three more specific
complementary studies and 1) offer, a new objective risk indicator for evaluating the risk of
occupational injuries, 2) assess a common risk indicator in healthcare systems using a novel dataset
that we gathered from a large hospital, and 3) examine the predictive power of early warning
systems under different conditions and for different purposes. Our focus is on human health using
data from an occupational safety context and health service domain. More information about these
three studies are provided in the following.

1.1 Risk Indicators of Occupational Injuries
Occupational accidents are responsible for many fatal and nonfatal injuries in the United States.
The Bureau of Labor Statistics reports that about 3 million nonfatal workplace injuries and
illnesses occurred in 2012 [7], while fatal injuries in the same period were reported to have a rate
of 3.2 cases out of every 100,000 full-time workers [8]. The National Institute for Occupational
Safety and Health (NIOSH) states that one of its main missions is to reduce work-related injuries,
illnesses, and death through periodic surveillance [9], in an effort to increase the utility of
information gathered from different stakeholders regarding injuries and hazards in the workplace.
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The relative severity of an accident is a common surveillance metric that is used to determine the
magnitude of an incident [10]. An accident’s severity is often defined based on the number of lost
or restricted workdays resulting from the incident [10, 11]. However, the definition of severity,
e.g., OSHA’s Severity Rate formula, used by current risk management tools does not consider
important employee and workplace factors, such as age, gender, and weather with potential
significant impacts on accident severity.
The need to formally monitor an accident severity metric regarding to possible worker and
workplace characteristics has been brought to the forefront in the literature [12]. Moreover, many
authors have studied the effect of different factors on occupational injuries [13-15]. Therefore,
introducing a new severity scoring system that considers multiple influential factors will improve
the risk assessment of occupational accidents.

1.2 Risk Indicators in Healthcare
Different methods have been developed to identify the areas of actual or potential risk in patients,
and to reduce the incidence of adverse events and their consequences in hospitals. Ideally, we
would like to predict health risks early during hospital admission. An early warning system is a
measurement tool to assess patients’ health risk objectively and quickly determine the degree of
illness. They aim at reducing the risk of sudden, life-threatening events for patients with the help
of hospital rapid response teams [16]. These systems help nurses or patient family members call
for a designated group of healthcare professionals to a patient’s bedside to react immediately to a
deteriorating condition.
The main use of these measures is to provide early warnings to health providers to spur quick
preventive reactions. Some have argued that these measures have much more to offer, such as
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helping to predict patients’ length of stay (LOS) in hospitals or health outcomes such as the chance
of in-hospital mortality [17-19]. Given the importance of LOS and mortality in assessing
healthcare quality, resource allocations, and costs [20], the hope is that early warning scores can
make it possible to predict and improve hospital utilization and outcomes.

1.3 Predictive Power of Early Warning Systems in Healthcare
Early warnings in healthcare are aimed at providing timely predictions of high consequent and
catastrophic events [17, 21]. They are often used to prevent catastrophic events such as intensive
care unit (ICU) admission and in-hospital mortality [22]. Especially, in complex systems where
outcomes are often difficult to predict, early warnings can help decision makers manage possible
risks and take a proactive approach. All decision makers would like to receive early and trustable
warnings, however, the question is that with the growing complexities and uncertainties in
healthcare domain, how useful these early warning systems are, or under which conditions they
are better predictors of outcomes? The concern is whether early warning systems and prognostic
indicators are sensitive and specific enough to predict health outcome.

1.4 Research Approach
Pursuing our main research question needs a portfolio of approaches which encompass theory
building, empirical analysis, and design. This objective was followed in three complimentary
essays, as following: First, given the importance of subjective risk assessments, the risk assessment
of occupational injuries using accident severity grade as an early warning indicator was studied,
and a framework to translate subjective assessments to a more objective analysis was
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provided. These techniques involved risk assessment to identify potential hazards and the expected
severity of injuries that may result from these hazards, usually based on the severity of similar past
injuries. A new severity scoring system was introduced which considers multiple injury severity
factors, and was used as part of a novel three-dimensional risk assessment matrix which includes
an incident’s severity, frequency, and preventability.
In the second study, a systems model of patient health outcomes and LOS was presented based on
initial health risk and physician assessment of risk. The model elaborates on the interdependent
effects of hospital service and a physician’s subjective risk assessment on LOS and mortality. The
model was used to offer hypotheses about the predictive power of early warnings that were
empirically tested by analyzing a detailed dataset of 1,031 patients admitted to a large hospital in
the southeastern United States.
In the third study, the first and second studies were extended to investigate the predictive power
of early warning systems in the domain of healthcare. The available literature, published during
the past 15 years, was systematically reviewed to assess the predictive power of early warning
systems and prognostic risk indicators in predicting different outcomes in health such as mortality,
disease diagnosis, adverse outcomes, care intensity, and survival.
Overall, this dissertation contribute to the theoretical and empirical foundations of risk assessment
and especially early warning systems, offer a new way to engineer more powerful risk assessment
tools, and brings more insights into predictive power of early warning systems in healthcare.
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2. Risk Assessment of Occupational Injuries Using Accident Severity Grade 1
2.1 Abstract
Problem: In spite of recent efforts to improve occupational health and safety, many occupational
accidents result in serious injury and death every year. Continued efforts are therefore necessary
to improve current safety initiatives and reduce the frequency and severity of these incidents. To
identify workplace hazards, many safety surveillance techniques have been used, including
severity metrics to determine the significance of an accident. These techniques involve risk
assessment to identify potential hazards and the expected severity of injuries which may result
from these hazards, usually based on the severity of similar past injuries. However, these severity
metrics do not consider important employee and workplace risk factors, such as age, gender, and
weather, which may have significant impacts on accident severity. Method: A new severity scoring
system is introduced which considers multiple injury severity factors, and is used as part of a novel
three-dimensional risk assessment matrix which includes an incident’s severity, frequency, and
preventability. A case study using the proposed methodology with real data is presented.
Discussion: The consideration of additional severity factors improves risk assessment and the
estimation of injury severity. A three dimensional risk assessment matrix allows for the analysis
of an incident’s degree of preventability, frequency, and severity all at once. Practical
Applications: This study demonstrates that organizations, industries, and regulatory bodies can
improve workplace safety surveillance tools by incorporating this new severity metric in a threedimensional risk assessment matrix.

1 The following manuscript by Nasibeh Azadeh-Fard, Anna Schuh, Ehsan Rashedi, and Jaime Camelio,

has been published in Safety Science journal in July 2015.
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2.2 Introduction
Occupational accidents are responsible for many fatal and nonfatal injuries in the United States.
The Bureau of Labor Statistics reports that about 3 million nonfatal workplace injuries and
illnesses occurred in 2012 [1], while fatal injuries in the same period were reported to have a rate
of 3.2 cases out of every 100,000 full-time workers [2]. The National Institute for Occupational
Safety and Health (NIOSH) states that one of its main missions is to reduce work-related injuries,
illnesses, and death through periodic surveillance [3], in an effort to increase the utility of
information gathered from different stakeholders regarding injuries and hazards in the workplace.

Severity as a Surveillance Metric
The relative severity of an accident is a common surveillance metric that is used to determine the
magnitude of an incident [4]. An accident’s severity is often defined based on the number of lost
or restricted workdays resulting from the incident [4, 5]. According to the dictionary of scientific
and technical terms, an accident severity rate is defined as “the number of worker days lost due to
a disabling accident per thousand worker-hours of exposure” [6]. Similarly, the Occupational
Safety and Health Administration (OSHA) defines the Severity Rate (SR) of an incident as [4]:
𝑆𝑅 =

(𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑜𝑠𝑡 𝑜𝑟 𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑 𝑤𝑜𝑟𝑘𝑑𝑎𝑦𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑎𝑠𝑡 12 𝑚𝑜𝑛𝑡ℎ𝑠)∗200,000
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑘 ℎ𝑜𝑢𝑟𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡ℎ𝑒 𝑝𝑎𝑠𝑡 12 𝑚𝑜𝑛𝑡ℎ𝑠

(2.1)

The numerator in Eq. (2.1) represents the number of lost or restricted workdays in specific
department in a 12-month period, multiplied by 200,000 to normalize the number of observed
workers to a standard form of 100 employees working 50 weeks per year. SR is a generic metric
that can be used in different industries and work environments to quantify injury severity.
9

Prevention and control of occupational injuries require information about the leading causes of
incidents or risk factors. Literature has shown the causal role of work and environmental conditions
in the occurrence of occupational accidents [7]. Further, employee factors such as age and gender
may have effect on accident occurrence [8]. Notably, any correlation between the SR and employee
factors such as age and gender is not considered in Eq. (2.1). Other commonly used severity
metrics such as odds ratios [9] and the Injury Severity Score [10] do not include these factors
either. Including the impact of these predictors as part of a regular injury surveillance can
eventually help safety managers identify potential safety hazards before they lead to severe injuries
[11]. For example, the most common finding in the literature associated with age is that accident
severity tends to increase with age. In terms of gender, comparisons between male and female
workers suggest that men tend to have a comparable average days away from work per injury to
women, but higher rates of permanent disabilities and fatalities were observed [8]. Furthermore, it
has been noted that the rate of serious injuries increases with age, however, the total number of
injuries decreases for older ages [9, 12-14]; in recognizing this, it is clear that instituting agespecific injury prevention interventions may help reduce both the rates of serious injuries in older
employees and the number of serious injuries in younger employees. Likewise, gender-specific
practices and data collection has been shown to improve safety processes in workplaces [15],
which may result in less injuries and fatalities.
In addition, it may be desirable to consider workplace factors such as the weather, job location,
and the condition of work environment. For instance, cold weather has been shown to increase
injury severity in the US Army [16]. Moreover, climate may also affect the slip and fall injuries
among construction workers, and rainy weather has a significant effect on workplace fatalities in
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this industry [17, 18]. Hot weather during summer can increase the risk of electrocution in various
industries [19].
The location of the worksite is another important factor that can affect an employee’s injury risk
in various jobs such as underground mining [20]. More severe injuries might be experienced if an
emergency team cannot help an injured person in a timely manner due to limitations of the location
or accessibility issues.
The condition of the work environment may also be of interest. Several studies have investigated
the effect of surface conditions on occupational accidents [21-23]. Slippery surfaces often result
in falls, which cause workplace injuries among construction and mining workers. Thus, the effect
of surface condition on occupational accidents should be studied as a potential risk factor,
especially in these industries.
Moreover, occupational tasks can influence an employee’s risk for workplace injuries. For
instance, several studies have found a positive correlation between repetitive motion tasks and
occupational injuries such as musculoskeletal disorders [24, 25].
The condition of equipment is another factor that can affect the risk of occupational injuries. One
study showed that the risk of hand injuries was increased by using tools and equipment that are
not working properly [26].
Therefore, identifying the potential risk factors similar to the ones that are discussed in this section
can improve the risk assessment processes. Clearly, many factors can influence the severity of an
occupational injury and should therefore be considered in injury surveillance metrics. The new
surveillance metric is flexible and can be adjusted for different industries, accounting for unique
sets of risk factors.
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Severity in Risk Assessment
Once collected, all of this employee and workplace data can be used for health risk assessment
purposes and surveillance. Several scoring systems have been developed to assign relative impact
scores to healthcare incidents for the purpose of improved surveillance. Patient scores in
healthcare, such as the Parsonnet score, Cleveland Clinic score, French score, Euro score, and
Ontario Province risk scores, were introduced to monitor medical outcomes (e.g., mortality rate)
following surgery [27-30]. Studies have shown that the development of these distinct scoring
systems can enhance the quality of patient care [31, 32]. However, there are very few risk
assessment scoring systems for occupational injuries. The fishing industry and the Alaska Marine
Safety Education Association have generated a risk assessment score sheet to reduce the accidents
in fishing vessels [33]. Numerical risk values can be assigned to influential factors based on the
assessment criteria for each factor. Darby et.al. [34], used five different fleet driver assessment
scores (i.e., exposure to risk score, attitude to safe driving score, behavioral score, knowledge of
the rules of the road score, and hazard perception score) to identify, target, and reduce occupational
road safety risks. These methods identify high risk factors so that injury prevention strategies can
be prioritized.

Aim
Occupational injury risk scores that include employee and workplace risk predictors are necessary
for the improvement of current risk assessment tools. Because the current methods for determining
accident severity do not include several important factors such as age, weather, and gender, a new
severity scoring system is introduced which will be incorporated into a risk assessment tool. This
scoring system can be utilized by a variety of industries to quantify injury severity since the method
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is generic, and can be modified according to the specific risk factors in the work environment. The
proposed severity scores will then be used to create an occupational injury risk scoring system that
includes an accident’s severity, frequency, and preventability. A three-dimensional risk
assessment matrix will be used to analyze these factors.
The remainder of this paper is structured as follows. In Section 2.3, a severity scoring method is
developed. Section 2.4 discusses the traditional two-dimensional risk assessment matrix and
introduces a new three-dimensional risk assessment matrix. A case study using mining
occupational injuries is presented in Section 2.5. Results of the severity scoring method and threedimensional risk assessment matrix are discussed in this section, followed by practical applications
in Section 2.6. Conclusions and future work are discussed in Sections 2.7 and 2.8.

2.3 Accident Severity Grade (ASG)
In this section, a method is developed to quantify a new occupational injury risk score, the Accident
Severity Grade (ASG), based on employee and workplace risk factors.

Risk Factors Associated With Accident Severity
There are several factors that will influence the severity of an accident. Table 2.1 represents
common risk factors as well as the scoring method that can be used to better quantify the severity.
The ASG score sheet in Table 2.1 can be completed for different incidents in order to predict the
injury severity.
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Approach
It should be noted that the weights of the factors may vary among different occupations and
working environments. Thus, it is essential to address any dataset-specific considerations by
assigning appropriate weights for each factor. The weights can be determined based on the average
number of lost work days from a similar historical dataset. For example, if advanced age is
historically correlated with a high number of days away from work, then it should be assigned the
highest weight when compared with other factors. Let 𝑚𝑖 be the average number of days away
from work for factor i. Then, the weight of each factor, 𝑤𝑖 , is calculated according to Eq. (2.2)
𝑚𝑖

𝑤𝑖 = ∑𝑛

(2.2)

𝑖=1 𝑚𝑖

where ∑𝑛𝑖=1 𝑤𝑖 = 1 and n represents the total number of factors considered.
The level of impact, 𝑙𝑖 , for each factor should be assigned as either 0, 0.5, 1, 1.5, or 2, with 0 having
the least impact and 2 having the highest impact. Similar scales have been used in other scoring
systems such as the Parsonnet score and the fishing risk assessment score sheet [27, 33]. The
impact level is assigned empirically based by safety practitioners after observing the incident.
Table 2.1 Accident Severity Grade (ASG) Score Sheet
Factor
(i)

Assessment
Criteria

Age

(a) <20 years
(b) 20-59 years

Level of Impact
(𝒍𝒊 )

(c) >59 years
Gender

Weather

(a) Female
(b) Male
(a) Rainy
(b) Snowy / Icy
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Weight
(𝒘𝒊 )

Weighted
Score
(𝒍𝒊 𝒘𝒊 )

(c) Windy
(d) Hot
(a) Heavy equipment

Equipment

(b) Old machine
(c) Have proper safety
equipment?
(d) Examined during last
year?

Surface
Condition

(a) Slippery
(b) Hard/Soft
(c) Surface fall

Repetitive

(a) High frequency

Movement

(b) Low frequency

Location

(a) Underground
(b) Ground level
(c) Above ground
(d) Location of equipment

Training

(a) No training
(b) Classrooms and Hands-on
training
(c) Previous training
experience
(d) Workplace training
ASG

Factors that do not contribute to the accident will have an impact score of 𝑙𝑖 = 0. In addition, for
every incident with an impact score of 𝑙𝑖 = 1, the impact of factor i will be equal to the weight of
that factor (i.e., 𝑤𝑖 ), which is equivalent to the average number of workdays away from work,
based on the previously reported accidents. The ASG is calculated as follows:
𝐴𝑆𝐺 = ∑𝑛𝑖=1 𝑤𝑖 𝑙𝑖 , 0 ≤ 𝑙𝑖 ≤ 2

(2.3)

The ASG needs to be categorized for different levels of severity that are shown in Table 2.2 (four
categories are used in this example). If the ASG falls between (∑𝑛

𝑐𝑗

,

𝑐𝑗+1

𝑛
𝑖=1 𝑚𝑖 ∑𝑖=1 𝑚𝑖
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) , 𝑗 = 0, … ,4, then

it belongs to severity category of j+1. We define 𝑐𝑗 as the maximum number of acceptable days
away from work for category j, which can be determined based on the probability of a case having
more lost days than a given magnitude (an example case study is presented in Section 2.5).
It should be noted that individual industries or companies may use different factors to quantify the
severity of an incident in their specific work environments. The predictors presented in Table 2.1
are some of the most common factors that affect occupational injuries in the workplace, but if an
organization would prefer to consider other factors, the proposed ASG method can be adjusted
accordingly. This flexibility enables industries with dissimilar predictors to specialize the ASG
scoring method as their individual data collection allows. The case study in Section 2.5
demonstrates more details about modifying the ASG scoring technique.

2.4 Risk Assessment
Two-Dimensional Risk Assessment Matrix
Risk assessment has been traditionally involved in quantifying the risk of an incident based on two
or more aspects, such as the likelihood of a risk (frequency) and the impact or consequence of the
risk occurring (severity). In the context of risk assessment matrix, the risk of an activity represents
the amount of injury that is expected to occur as a result of a potential accident associated with an
activity. It can be estimated by multiplying the severity level and the occurrence probability of an
accident. Two-dimensional risk assessment matrices have been widely used to define different
levels of risk [35]. Table 2.2 shows an example of a commonly used two-dimensional risk
assessment matrix which considers an accident’s severity and frequency. The color codes in this
matrix correspond to various levels of risk (low, medium and high). This matrix has been criticized
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for being subjective and qualitative [36]. Assigning numerical values for severity and frequency
can provide quantitative risk values for the matrix.
Table 2.2 An example of two-dimensional risk assessment matrix

Severity

Frequency
Negligible
Marginal
Critical
Highly Severe

Frequent
Medium
High
High
High

Probable
Medium
Medium
High
High

Occasional
Low
Medium
Medium
High

Remote
Low
Medium
Medium
Medium

Improbable
Low
Low
Low
Medium

Adding a New Dimension: Preventability
Inherent risk is defined as “the probability of loss arising out of circumstances or existing in an
environment, in the absence of any action to control or modify the circumstances” [37]. In other
words, inherent risk indicates the gross risk or risk of an accident before any controlling or
preventing action, i.e., Inherent Risk = Severity × Frequency, which can be determined using a
risk assessment matrix similar to the one in Table 2.2. However, the risk of an injury or death that
remains after the elimination of known risks can provide a better estimation of the need for further
corrective actions in the workplace. Eq. (2.4) shows the calculation of this residual risk, which is
very common in economics and information security risk assessment [38-40]. Therefore, although
frequency and severity are the primary characteristics used to monitor risks, the degree of residual
risk (also known as the preventability of a risky event) can have a significant impact on risk
estimation and further management safety decisions.
Residual Risk = Inherent Risk × Preventability

(2.4)

Preventability has been discussed frequently in the healthcare literature. Gurwitz et.al. [41] studied
the preventability of adverse drug events among older persons in the ambulatory setting. Other
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studies concluded that adverse drug events among hospitalized adults in nursing homes are often
preventable [42, 43]. Likewise, pre-hospital trauma deaths were found to be preventable [44]. Most
occupational injuries are considered to be preventable using injury-prevention strategies [45].
Incorporating preventability as a new risk assessment dimension can enhance the risk estimation,
which can in turn lead to more informed safety decision making.
The next section presents a novel risk assessment matrix which has been developed to consider a
particular injury’s frequency, severity, and preventability in order to quantify the degree of residual
risk.

Categorizing Severity, Frequency, and Preventability
Severity levels have been defined by several industries for safety management purposes. For
example, NASA’s hazard analysis program defines three levels of severity as catastrophic, critical,
or marginal depending on the loss/damage to the ground facility or flight vehicle elements [35,
46]. Utilizing a similar approach [17, 23, 24], we use the following definitions for categorizing
severity and assign the quantified values of each category in Section 2.4:
a) Highly Severe: an extremely harmful accident that could result in fatality, permanent total
disability, or a greater than 30 number of lost workdays,
b) Critical: an accident which could result in serious injury such as permanent partial
disability and 10 to 30 number of lost workdays,
c) Marginal: an accident that could cause minor injury with 5 to 10 number of lost workdays,
d) Negligible: an accident or injury that has none to 5 lost workdays or could be treated by
applying first-aids.
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Quantified values of severity for each category will be calculated based on the new ASG severity
scoring method introduced in Section 2.3.
In order to categorize frequency, the probabilities of accident occurrence and quantitative values
are defined in five categories (Table 2.3) [47].
Preventability is considered in the proposed risk stratification model by categorizing an accident
into three levels of preventability: highly preventable, moderately preventable, and unlikely to be
preventable, with their respective numerical values to be 0.5, 1, and 1.5, respectively. These values
can be assigned by safety practitioners to incorporate the preventability of an incident. According
to Eq. (2.4), a highly preventable accident would decrease the predicted risk of injury by 50%
while for the least preventable accident, the predicted risk would increase by 50%. Assessing the
preventability of an accident can be based on the possible alterations in work environment. For
instance, whether slight changes in work place such as drying the floor can prevent the occurrence
of slip and fall, we can assume this accident to be highly preventable. The National Safety Council
provides a list of the top 10 preventable workplace incidents and the controlling actions that can
be done to prevent these accidents [48]. We use this list (Table 2.4) to recognize and categorize
the highly and moderately preventable incidents. Any type of incident that is not classified in Table
2.4 is assumed to be unlikely to be preventable.
To represent the three-dimensional risk assessment matrix, we use three two-dimensional matrices
(Tables 2.7, 2.8, and 2.9) for each possible level of preventability (highly, moderately, and unlikely
to be preventable). By calculating residual risk values according to Eq. (2.4), the risk of an accident
can be assessed using this three-dimensional risk assessment matrix. A case study using this threedimensional risk assessment matrix with residual risk scores and color codes is presented in the
next section.
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Table 2.3 Frequency descriptors
Frequency

Chance

Probability

Frequent

very likely to occur in the time
period of an event

Probable

likely to occur in the time period
of an event

>65%

occurs sometimes in the time
period of an event

>35%

unlikely but still possible to
happen in the time period of an
event

<35%

Occasional

Remote

Improbable

>95%

unlikely and it can be assumed
that the accident will not occur
in the time period of an event.

<5%

Table 2.4 Top preventable workplace incidents
Preventability

Incident

Action

Highly preventable

On the job violent acts:
attacks caused by office
politics and other personal
arguments have led to
serious physical injuries.

Provide violence training
for employees.

Moderately preventable

Repetitive motion
injuries: such as typing
and excessive use of
computer can strain
muscles and tendons.

Provide proper
ergonomic equipment
and training.

Moderately preventable

Machine entanglement:
loose clothing, shoes,
jewelry, fingers, and
unbound hair may become
caught in machinery.

Provide protective
barriers/equipment and
train employees.

Moderately preventable

Vehicle crashes:
employees who drive for
business purposes are often
injured in auto crashes.

Define safe driving
policies and provide
safe-driver training.
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Highly preventable

Walking into injuries:
when a person
unintentionally runs into
static objects such as walls,
doors, cabinets, etc.

Maintain a neat
workplace, clearly mark
potential
obstacles/hazards.

Highly preventable

Falling object injuries:
objects that fall from
shelves or are dropped by
another person.

Store/stack materials in a
safe and secure manner,
use signage and
protective equipment.

Moderately preventable

Reaction injuries: caused
by slipping and tripping
without falling and can
cause muscle injuries, and
body trauma.

Address slippery areas
around the facility by
clearing snow, and
placing no slip rugs near
entrances/exits.

Moderately preventable

Falling from heights: falls
that happen from an
elevated area such as roofs,
ladders, and stairways.

Use of proper personal
protection equipment,
installation of guard
rails, training.

Moderately preventable

Slipping/Tripping:
slipping on wet floors or
tripping over a foreign
objector uneven surface.

Use of non-slip rugs in
potentially slippery
areas, use signage to
indicate slippery areas,
and training on keeping
the floors clean.

Highly preventable

Overexertion injuries:
pulling, lifting, pushing,
and holding activities at
work.

Train employees on the
proper ways to perform
physical activity, use of
proper equipment.

2.5 Case Study - Severity of Injuries in the Mining Industry
In this section, calculations for the proposed ASG scoring methodology are presented using a
historical dataset of mining accidents. Moreover, the three-dimensional risk assessment matrix will
be discussed regarding to ASG values. The publically available mining accident injuries and
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illnesses dataset used in this analysis includes data reported by mine operators and contractors
from 1983 to 2013 [49].

ASG Score
Table 2.5 shows the weights of important risk factors in the mining industry that were calculated
using Eq. (2.2). Around 100 incidents were randomly selected from the dataset. The number of
incidents and the total number of lost workdays were used to calculate the average number of lost
workdays as a result of each factor, and the contributing factor was determined by reading text
descriptions of the accidents. Table 2.6 shows the modified ASG score sheet for this data. Due to
the limited description records in the mining dataset, it is assumed that there was only one
contributing risk factor for each accident, so that one factor is given an impact score of 2 while
impact score for each of the other factors will be 0.
The following accident description is used as an example: “Employee was loading a dust truck.
As he began to walk down the catwalk, the employee’s foot caught on the non-stick surface. The
employee grabbed the handrail to keep from falling and in the process, twisted his right knee [49].”
In this case, “Surface condition” was recorded as the major contributing risk factor. Since the
employee twisted his knee due to non-stick surface condition, it can be assumed that surface
condition highly impacted the accident outcome. Because this analysis is assigning each factor an
impact score between 0 and 2, the level of impact for surface condition is recorded as 2, or the
equivalent of two times of the factor weight.
The maximum acceptable number of lost workdays for each severity range is calculated based on
the probability of an incident resulting in a given number of lost workdays. For simplicity, we
assume four categories for the accidents that result in less than one month of lost workdays and
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one category for the accidents that contribute to more than thirty lost workdays. Probabilities of
1.00, 0.80, 0.50, and 0.20 are assigned, which correspond to 𝑐0 = 0, 𝑐1 = 5, 𝑐2 = 10, 𝑐3 = 30,
and 𝑐4 ≥ 30 lost workdays, in accordance with NIOSH mining injury statistics for 2000-2004
[50]. In other words, the probability of an injury resulting in more than ten lost workdays is 0.50,
while the probability of thirty or more lost workdays is only 0.2. The severity ranges for ASG for
the case study dataset are calculated as follows.
𝑐

𝑐



0
1
Negligible: [89.58
, 89.58
] = [0,0.056]



1
2
Marginal: [89.58
, 89.58
] = (0.056, 0.112]



2
3
Critical: [89.58
, 89.58
] = (0.112, 0.335]



3
4
Highly Severe: [89.58
, 89.58
] = (0.335, ∞)

𝑐

𝑐

𝑐

𝑐

𝑐

𝑐

Considering the ASG from the example in Table 2.6, the value 0.74 falls into the Highly Severe
range of the ASG scoring system, since it has a value greater than 0.335. Therefore, this incident
would be expected to result in more than thirty lost workdays. This accident did, in fact, result in
155 lost workdays. The accurate estimation of an accident’s total number of lost workdays
immediately following its occurrence will allow real-time surveillance tools to incorporate this
measure of severity, in addition to frequency and preventability, without needing to wait until a
certain number of days has elapsed for the accident to be categorized.
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Table 2.5 Risk Factors in Mining Dataset
Risk Factor

Number of
incidents

Total number of
lost workdays

Average number of
lost workdays (𝒎𝒊 )

Weight (𝒘𝒊 )

Weather

49

379

379⁄ = 7.73
49

7.73⁄
89.58 = 0.086

Training

10

88

88⁄ = 8.8
10

8.8⁄
89.58 = 0.098

Equipment

12

223

223⁄ = 18.58
12

18.58⁄
89.58 = 0.207

Surface

9

298

298⁄ = 33.11
9

33.11⁄
89.58 = 0.370

Location

5

14

14⁄ = 2.8
5

2.8⁄
89.58 = 0.031

Repetitive
Movement

20

371

371⁄ = 18.55
20

18.55⁄
89.58 = 0.098

Total

89.58

Risk Scores and Risk Assessment Matrix
Residual risk scores for this case study are calculated using the ASG ranges in Section 2.4 and Eq.
(2.4). Tables 2.6, 2.7, and 2.8 represent the residual risk scores and color codes for mining case
study. Light grey cells show the low risk levels, while grey cells correspond to medium levels of
risk, and dark grey cells represent the high levels of risk.
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Table 2.6 ASG Score Sheet for Mining Dataset
Factor
(i)

Assessment Criteria

Level of
Impact (𝒍𝒊 )

Weight
(𝒘𝒊 )

Weighted Score
(𝒍𝒊 𝒘𝒊 )

Weather

(a) Rainy
(b) Snowy / Icy
(c) Windy
(d) Hot

0

0.086

0

Equipment

(a) Heavy
(b) Old Machine
(c) Have proper safety equipment
(d) Examined during last year

0

0.207

0

Surface
Condition

(a) Slippery
(b) Hard/Soft
(c) Surface Fall

2

0.370

0.74

Repetitive
Movement

(a) High frequency
(b) Low frequency

0

0.207

0

Location

(a) Underground
(b) Ground level
(c) Above ground
(d) Location of equipment

0

0.031

0

Training

(a) Classrooms and Hands-on
training
(b) Previous training experience
(c) Workplace training

0

0.098

0

ASG

0.74

The following ranges for residual risk of an injury in this case study are proposed.


Low risk ( light grey cells): [0, 0.036]



Medium risk (grey cells): (0.036, 0.2]



High risk (dark grey cells): (0.2, ∞)

These ranges are based on the current case study’s residual risk scores and the severity, frequency,
and preventability of the incidents in the dataset. For example, it is assumed that only highly severe
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and frequent accidents contain high level of residual risk (see Table 2.7). For a high ASG, i.e.,
(0.335, ∞), if the risk score is greater than 0.2, the risk level is designated as high. However, if the
residual risk score is less than 0.2, the risk level is categorized as medium or low. For the highly
severe accident (i.e., ASG can be any number greater than 0.335), when the lower bound of risk
score is less than 0.2 (i.e., not high risk), the upper bound is assumed to be 0.2.
Table 2.7 Risk Assessment Matrix for Highly Preventable Incidents

Severity

Frequency
Negligible
Marginal
Critical

Frequent
(0, 0.028]
(0.028, 0.06]
(0.06, 0.17]

Probable
(0, 0.0266]
(0.018, 0.053]
(0.036, 0.16]

Occasional
(0, 0.018]
(0.009, 0.036]
(0.019, 0.109]

Remote
(0, 0.009]
(0.001, 0.019]
(0.003, 0.06]

Improbable
[0, 0.001]
[0, 0.003]
[0, 0.008]

Highly Severe

(0.17, ∞)

(0.11, 0.2]

(0.059, 0.2]

(0.008, 0.2]

[0, 0.2]

Table 2.8 Risk Assessment Matrix for Moderately Preventable Incidents

Severity

Frequency
Negligible
Marginal
Critical
Highly Severe

Frequent
(0, 0.056]
(0.053, 0.112]
(0.11, 0.335]
(0.335, ∞)

Probable
(0, 0.053]
(0.036, 0.11]
(0.072, 0.318]
(0.218, ∞)

Occasional
(0,0.036]
(0.019, 0.073]
(0.039, 0.22]
(0.12, ∞)

Remote
(0, 0.019]
(0.003, 0.039]
(0.006, 0.12]
(0.017, 0.2]

Improbable
[0, 0.003]
(0, 0.006]
(0, 0.017]
(0, 0.2]

Table 2.9 Risk Assessment Matrix for Unlikely to be Preventable Incidents

Severity

Frequency
Negligible
Marginal
Critical
Highly Severe

Frequent
(0, 0.084]
(0.079, 0.168]
(0.160, 0.503]
(0.480, ∞)

Probable
(0, 0.079]
(0.055, 0.16]
(0.110, 0.477]
(0.327, ∞)

Occasional
(0, 0.055]
(0.029, 0.109]
(0.059, 0.327]
(0.176, ∞)

Remote
(0, 0.029]
(0.004, 0.059]
(0.10, 0.176]
(0.2, ∞)

Improbable
[0, 0.004]
(0, 0.008]
(0, 0.025]
(0, 0.2]

2.6 Practical Applications
Organizations and industries can implement the proposed method to quantitatively assess the risk
of activities within the workplace. An important consideration is how to use the results of the three-
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dimensional risk assessment matrix to make decisions that improve workplace safety. In order to
use these matrices, different combinations of inherent risk and preventability should be considered.
The residual risk scores can be used to prioritize the implementation of safety improvement
practices. For example, if the accident is highly severe, frequent, and highly preventable, it will
have a lower residual risk score and be considered less risky than an accident which is also highly
severe and frequent, but unlikely to be preventable. It would be logical for organizations to first
investigate ways to mitigate the most severe and frequent preventable events, even though the
residual risk score might be lower than the score for the less preventable incidents. Next, the highly
severe and frequent incidents which are moderately preventable should be investigated. Obviously,
the accidents that are categorized as improbable, negligible, and unlikely to be preventable should
receive the least investigation. In this way, organizations can optimize their investments in safety
improvement processes according to the risk scores while reducing the number of injuries and
fatalities.

2.7 Conclusions
This work proposes a new severity metric that incorporates employee and workplace risk factors,
as well as a new three-dimensional risk assessment matrix based on residual risk scores, in an
effort to include more information in the injury risk assessment process. Using the new Accident
Severity Grade (ASG) in the proposed three-dimensional risk assessment matrix, industries can
quantify an accident’s severity immediately after the incident occurs. This approach allows for
real-time monitoring of severity, which will lead to more timely implementation of hazard controls
that are specifically targeted toward the most severe accident types and their causes. In order for
the proposed system to be as effective as possible, it will be necessary for industries to collect
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more detailed data related to worker and workplace factors. The ASG scoring criteria can also be
adjusted to accommodate the collection of specialized data that may be relevant in certain
industries, locations, or employee demographics. This individualized data will increase the
accuracy of the organization’s ASG, which will consequently improve the estimation of accident
risk. This metric improves upon current severity scores, since severity is now predicted using
several risk factors.

2.8 Future Work
There are some limitations of the current study that are worth acknowledging. Due to restrictions
associated with publically available occupational injury data, not all potential risk factors could be
considered in the case study analysis. For example, information like an employee’s lack of training
is usually not included in an accident description. Additionally, it is clear that current data
collection methods such as the OSHA 300 log were not designed for risk assessment purposes and
therefore provide limited data appropriate for this type of surveillance. It was therefore necessary
to make some assumptions about the contributing factors to injuries included in the case study,
since the accident description rarely states this information explicitly. The collection of more
detailed data will allow organizations to avoid these assumptions, and consider the possibility of
more than one contributing factor to an incident.
The risk factors discussed in Section 2.3 are common factors derived from literature. However,
practitioners can identify relevant risk factors to their work environment, and use this method to
predict injury severity. Safety practitioners can determine quantitative severity and risk ranges
according to the collected data specific to their industry or industrial setting. The best methods for
determining these ranges should be honed in future implementations of this strategy.
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There is limited empirical evidence of the validity of the available definitions of preventable
workplace accidents. Safety practitioners need to apply the proposed method (i.e., quantifying
preventability), and validate the numerical values that are used for different levels of
preventability.
Finally, the amount of calculation and data tracking is another limitation of this study. However,
the design of a good computer software or a web-based application to calculate the scores and
track the metrics will make the surveillance process more convenient for organizations.
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3. Can objective early warning scores and subjective risk assessment predict
a patient’s hospital length of stay and mortality?
3.1 Abstract
During admission, can a patient’s in-hospital length of stay (LOS) and mortality be predicted by
early risk factors? This paper presents a systems model of patient health outcomes and LOS based
on initial health risk and physician assessment of risk. The model elaborates on the interdependent
effects of hospital service and a physician’s subjective risk assessment on LOS and mortality. The
model is used to offer hypotheses about the predictive power of early warnings that are empirically
tested by analyzing a detailed dataset of 1,031 patients admitted to a large hospital in the
southeastern United States. We find that early warnings are not good predictors of LOS and
mortality; rather, LOS is associated more with physicians’ subjective risk assessments. Notably,
physicians’ early assessments of mortality risk are negatively associated with the actual mortality
rate, potentially depicting a feedback mechanism that compensates for high values of early risk
assessments. Furthermore, controlling for patient-related health risks, we find that different
physicians assign different risk values for medically similar patients.
Keywords: Early warning scores; MEWS; Risk management; Length of stay (LOS); Mortality

3.2 Introduction
Risk evaluation and control have been important components of healthcare operations. Ideally,
providers would like to predict health risks early during hospital admission and take controlling
actions. Different methods and techniques have been developed for this purpose, one of which is
the early warning system.
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An early warning system is a measurement tool to assess patients’ health risk objectively and
quickly determine the degree of illness. They aim at reducing the risk of sudden, life-threatening
events for patients with the help of hospital rapid response teams [1]. These systems help nurses
or patient family members call for a designated group of healthcare professionals to a patient’s
bedside to react immediately to a deteriorating condition.
There are several major early warning systems; they slightly differ in the parameters they use for
risk assessment. The Modified Early Warning Score (MEWS) [2] is a commonly used triage tool
to determine quickly the severity of a hospitalized patient’s illness [2-5]. Its score is an aggregate
number calculated from five major vital signs of the patient: temperature, systolic blood pressure
(SBP), heart rate, respiratory rate, and patient’s level of consciousness (or AVPU). (We describe
the measure in more detail later in this paper.) Other early warning systems follow a similar logic.
The Standardized Early Warning System (SEWS) [6] adds oxygen saturation level (SpO2%) to
the five MEWS vital signs to detect a patient’s deterioration. The Decision-Tree Early Warning
Score (DTEWS) [7] is a decision-tree analysis based on a database of vital signs. The National
Early Warning Score (NEWS) [8-11] uses seven variables to identify deteriorating patients:
respiratory rate, oxygen saturation, any supplemental oxygen, temperature, SBP, heart rate, and
level of consciousness.
The main use of these measures is to provide early warnings to health providers to spur quick
preventive reactions. Some have argued that these measures have much more to offer, such as
helping to predict patients’ length of stay (LOS) in hospitals or health outcomes such as the chance
of in-hospital mortality [4, 6, 12]. Given the importance of LOS and mortality in assessing
healthcare quality, resource allocations, and costs [13], the hope is that early warning scores can
make it possible to predict and improve hospital utilization and outcomes.
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The purpose of this study is to assess whether a patient’s admission MEWS and vital signs are
informative in predicting LOS and in-hospital mortality. We build on other studies that have
investigated a similar problem (e.g., [13-17], but with a very rich dataset that includes a wide range
of variables about patients and physicians. We develop hypotheses derived from a conceptual
systemic model of patients’ health risk.
We analyze the predictive power of physicians’ subjective risk assessments early after admission.
Put simply, is there a correlation between physicians’ assessment of patients’ health risks and what
happens to those patients? To that end, we employ in this study two common subjective measures
assessed by doctors at the time of admission to emergency departments: severity level and
mortality risk. We also analyze factors that influence physicians’ subjective risk assessment of
patients’ illness and their assessment of mortality likelihood.
Table 3.1 Modified Early Warning Score (MEWS) [4]
3

2

1

0

<70

71-80

81-100

101-199

Pulse Rate (bpm)

<40

41-50

51-100

101-110

111-129

≥130

Respiratory Rate (bpm)

<9

9-14

15-20

21-29

≥30

Temperature (℃)

<35

35-38.4

SBP (mm Hg)

Alert

AVPU score

1

2

3

≥200

≥38.5
Reacting
to voice

Reacting to
pain

Unresponsive

AVPU (A: alert, V: responding to voice, P: responding to painful stimuli, U: unresponsive); SBP (systolic blood
pressure)

Obtaining a MEWS involves assigning a number between 0 and 3 to each of the five vital signs
mentioned above, as depicted in Table 3.1 [12]. For example, as Table 3.1 shows, the nurse assigns
a score of 2 to a patient’s SBP that is between 71 and 80 or more than 200. Value 0 is assigned
when a vital sign is normal. The sum of the five vital signs yields the patient’s total MEWS
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between 0 and 15. The total score of 4 or greater than 4 prompts the nurse to call the patient’s
physician or the hospital’s rapid response team.
Mathematically, MEWS for each patient is calculated as an additive function of vital signs, as
follows:
𝑀𝑗 = ∑𝑖 𝑃𝑖𝑗 , ∀𝑖 = 1, 2, . . . , 5
(1)
𝑃𝑖𝑗 (0 ≤ 𝑃𝑖𝑗 ≤ 3) represents the score of vital sign 𝑖 for patient 𝑗;
𝑀𝑗 (0 ≤ 𝑀𝑗 ≤ 15) represents the value of MEWS for patient 𝑗.
While a warning system can be an efficient and rapid way of reducing or preventing lifethreatening events, there is mixed evidence regarding the predictability of outcome and LOS using
different types of early warning scores. On the one hand, MEWS can predict increased risk of
death or admission to an intensive care unit (ICU) or high dependency unit (HDU) [2]. Moreover,
MEWS can be used to identify patients needing hospital admission as well as those at higher risk
of in-hospital death [12]. The proportion of patients admitted to the hospital and who died in the
hospital was significantly higher for higher values of MEWS [12]. Furthermore, Standardized
Early Warning Score (SEWS) is correlated with a patient’s LOS in a hospital [6]. On the other
hand, though, some studies suggest further work is needed to derive and validate early warning
scores, and that scores that utilize inappropriate parameters and cut-off points should be replaced
with ones having higher diagnostic accuracy [18, 19]. However, a potential limitation to these
studies is a lack of detailed administrative-level data on patients’ characteristics. This can
introduce methodological limitations such as the omitted variable bias, and reduce the predictive
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power of statistical methods even where significant values are found. Our study differs by taking
a systems approach, looking at the entire process, and employing a detailed rich dataset.
The study proceeds as following. In Section 3.3, we develop the hypotheses based on a systems
model of risk assessment. We describe the data and our empirical approach in Section 3.4, and
report the empirical results in Section 3.5. Our discussions and conclusions are in Sections 3.6 and
3.7.

3.3 Conceptual Model
A systems approach to assessing how predictable early risk indicators are requires considering
different reactions within a system to the indicators throughout the provision of healthcare service.
In this section, we develop a coherent theory about the predictability of outcomes using early
warning scores in healthcare systems.
A linear approach might assume the healthcare system as a black box system, simply turning inputs
(i.e., early indicators) to outputs (i.e., mortality and LOS). By contrast, in a systems approach we
consider the possibility that the system reacts “endogenously” to the inputs and adapts itself to the
observed level of risk [20]. In a systems approach, given risk preventability [21], people’s
perception, communication, and reaction to risk indicators are central in final outcome [22, 23].
On the one hand, perception is a complex construct based on various environmental and
demographic queues [24, 25], and on the other hand, human sensitivity to warnings is not fixed
but can change over time due to various reasons such as experiencing too many false alarms [26,
27]. In our specific problem, following a systems approach, physicians and nurses are not simply
passive components of the system; rather, by evaluating the risk indicators, their level of attention
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to patients and their reactions may change patients’ health status. Here, we offer a conceptual
model that can still demonstrate the system response to the risk indicators, including the human
element of the system.
Figure 3.1 depicts a model of how early risk indicators may influence health outcome (here,
mortality) through different paths.

Hospital
At-Risk
Patients

H1

MEWS

Mortality

H3a
H3b

H6

Severity Level
Mortality Risk

H4

LOS

H2
H5

Figure 3.1 Risk assessment steps in hospital -proposed hypotheses graph
The figure shows three major steps inside the hospital and four potential paths through which the
final outcome (mortality) might be influenced. The first step is hazard identification for at-risk
patients by measuring vital signs and calculating an early warning score; it happens very early, as
soon as the patient enters the system. Such early warning scores can be associated with outcome
(e.g., a less-sick patient is likely to have a better health outcome) and can also trigger a wide range
of reactions from providers that potentially influence the final outcome. What we call the “direct”
path (the dashed line in Figure 3.1) is what is usually investigated in simple correlational analysis
of MEWS versus mortality. Overall, it is expected that patients who enter the hospital with more
severe conditions are more likely to have severe outcomes. The same logic dictates that there
should be an association between MEWS and LOS, that is, for higher MEWS values we should
have extended LOS.
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Therefore, we investigate the following hypotheses:
H1: There is a positive association between MEWS and in-hospital mortality.
H2: There is a positive association between MEWS and hospital LOS.
Healthcare processes involve much more complex actions such as continuous assessment of
patients, controlling actions, and treatment procedures that follow physicians’ subjective
assessments. One major characteristic of such processes is that the high level of “human”
(physicians, nurses, etc.) involvement – which includes continuous observation, potential
reactions, and changes in decisions in response to sudden changes in patient health status – renders
the system more complex and uncertain.
Considering that healthcare is not a passive system, we argue that it can potentially react to early
warnings and adapt itself to patients’ conditions by offering more intensive care to those who need
it. As described in the social judgment theory, the way that human (here, physicians) evaluate
various information cues and form a subjective perception of health risks become important [24].
Physicians’ risk perception can influence both process-level measures (such as LOS) and outcome
measures (such as mortality). In some cases, early risk factors that trigger physicians’ subjective
assessments and, potentially, the level of service a patient receives in a medical setting can even
weaken the first “direct” path.
We hypothesize that physicians are careful observers of patients’ initial conditions and so their
early subjective assessments should be correlated with objective measures. MEWS in particular
may affect physicians’ subjective assessments of patients, and those assessments along with
several other patient-related variables and physicians’ characteristics influence processes. Past
studies focused on this part of the system have suggested that clinician judgment alone has a low
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sensitivity for detecting critical illness in the pre-hospital environment, and that adding MEWS
improves detection at the cost of reduced specificity [28]. Thus, we are particularly interested to
see how those subjective measurements are constructed, and whether MEWS affects a physician’s
subjective assessment. Thus we offer the following hypothesis:
H3: There is a positive association between MEWS and the subjective assessment of physicians.
As there are two measures of subjective assessment (severity level and mortality risk), we
investigate the association between MEWS and each of those separately, referring to them as
Hypothesis 3a and 3b, respectively.
Following the path, physicians’ risk assessment can influence process-level variables. This is the
human component of the system, depicting that the healthcare system is not a pure technical
(medical) system but in fact a socio-technical system in which physicians’ perceptions of risk may
be as important as or even more important than objective measures about patients. LOS represents
the process intensity in our model. While we agree there may be other variables that can better
represent the level of attention to patients, LOS is more accessible and comparable across patients.
Thus, simply put, we assume that longer care represents more attention to patients and offer the
following hypothesis:
H4: There is a positive association between a physician’s subjective assessment of a patient and
LOS.
Such subjective assessments and process intensity can influence outcomes. They may even
compensate for the initial condition by making it that patients with high-risk initial indicators
receive more care. If such an endogenous reaction exists in the system, we expect higher
assessment of mortality risks to result in lower mortality incidents. If physicians are incapable of
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reacting properly to the conditions despite risk assessments, we may observe a positive relation
between the assessments and mortality. Whether the association is negative or positive is an
empirical question we investigate in this hypothesis:
H5: There is an association between a physician’s subjective assessment of a patient and inhospital mortality.
Finally, we expect a relation between the severity of health conditions and LOS and mortality.
Patients with worse health situations may stay in the hospital longer and may have a higher
likelihood of death. Thus we offer the following hypothesis:
H6: There is a positive association between LOS and in-hospital mortality.
Investigating these six hypotheses helps reveal the dominant path in the healthcare system. If
patients’ initial conditions and the direct path are dominant, we expect H1 and H2 to be significant.
If internal human dynamics are dominant, we expect H4, and H5 to be significant and H3 will help
uncover how those internal human dynamics are triggered. H6 may be significant in both cases.
We also supported our hypothesis with a dynamic, stochastic simulation model which can be found
in Appendix A of this dissertation.

3.4 Methodology
Data
Our hypotheses are tested empirically using patient-level data. We collected detailed data for 1,031
randomly selected patients admitted between January and September 2014 to a 500-plus-bed
medical center in the state of Virginia, United States. Patient records were accessed through the
electronic patient management systems (MEDITECH and Crimson), which contain full patient
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demographic data along with individual records and medical documents including vital signs (i.e.,
blood pressure, pulse rate, temperature, respiratory rate, and AVPU) and MEWS. We also had
access to clinician judgment measures – specifically, severity level and mortality risk – assigned
to each patient by the attending physician, as well as patient outcomes such as hospital LOS and
disposition conditions through the MEDITECH system. Physicians’ identifiers were included in
the data. Newborns and patients admitted to the ICU were excluded from our study. Of the initial
sample of 1,031 randomly selected patients, we dropped the data of 10 patients since their MEWS
values were not reported.
Table 3.2 shows the descriptive statistics for some of the main variables in our analysis. In addition,
we controlled for gender, weight, height, BMI, physician, and additional physiological
measurements including oxygen saturation level and diastolic blood pressure (DBP). The variable
physician is a nominal variable assigned to each attending physician who makes the subjective
measures. AVPU is a categorical and nominal variable with four values (A, P, V, and U).
Table 3.2 Descriptive Statistics of Some Variables
Variable

Sample N

Mean

Std. Dev.

Min

Max

1021

2.12

0.87

1

4

1021

1.91

0.94

1

4

1021

0.04

0.18

0

1

Length of Stays
(Days)

1021

4.72

4.29

1

31

MEWS

1021

1.60

1.17

0

9

Age

1021

66.55

16.94

18

101

Temperature

1021

97.69

4.48

33.7

103.2

Pulse Rate

1021

82.63

19.09

20

160

Respiratory Rate

1021

18.43

3.07

8

44

SBP

1021

135.97

24.72

79

243

Severity Level
(1 to 4)
Mortality Risk
(1 to 4)
Mortality (0 or 1)
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We also investigated the correlations between any pairs of variables. The results are in the
Appendix B, Table B.1. We found no serious correlation between the variables other than that
between BMI and weight (𝑟 = 0.89) and between two subjective assessments of physicians, that
is, mortality risk and severity level (𝑟 = 0.73) – which were expected.

Statistical Model and Data Analysis
We ran four different sets of regression analyses with different dependent variables to explore our
hypotheses. For the first and second analyses, the dependent variables were the physician’s
judgments of severity level and mortality risk. These models explored hypotheses 3a and 3b and
are ordinary least square models. LOS was the dependent variable for the third analysis, in which
we explored hypotheses H2 and H4. The models were also ordinary least square models. In the
fourth analysis, the dependent variable was mortality. Mortality is a binary variable and refers to
the patient who died before discharge. We used logistic regression models and explored
hypotheses H1, H5, and H6.
For each analysis, we ran several models with different predictors. At the first stage, every
outcome variable was regressed over MEWS, and then we added other predictors such as vital
signs and patient features in every step. We compared the models and monitored the significance
of each predictor.
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3.5 Results
Assessment of Severity Level
Table 3.3 shows the regression analysis for the severity level for six different models. In model 1,
we controlled severity over MEWS, and added vital signs and additional physiological measures
in models 2 and 3. Patient features were added in model 4, and physician was added as a fixed
effect in model 5. Finally, in model 5’ we controlled for the patient’s disease and other health
issues. In our analysis, we used attending physicians who are ultimately responsible for all patient
care, and assumed primary care for each patient. As soon as they arrive at the hospital, patients are
assigned to an attending physician randomly based on their availability. A patient’s disease group
was specified according to the attending physician’s specialty. Our data included 105 physicians
and 25 disease groups.
The results show MEWS to be a significant variable in three of the analyses, meaning that higher
severity values are assigned to patients with higher MEWS values. All vital signs are significant
predictors of severity in model 2. However, after adding patient demographics (model 4) and
controlling for physician and disease group (models 5 and 5’) as model predictors, MEWS loses
its predictive power. In the final model, which has a considerably higher 𝑅2 , MEWS is not
significant, while age, three of the vital signs, and a physiological measure are significant
predictors of physicians’ subjective assessment.
Notably in model 5, when we run a fixed effect model controlling for physician as dummy
variables, the predictive power of the model almost doubles, reaching to 𝑅2 = 0.38. In this model,
physician is significant. Simply put, controlling for patients’ characteristics, physicians show
variation in their assessment, meaning that different physicians potentially assign different severity
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levels to patients with similar physiological conditions. We observe similar results in model 5’,
where the type of disease is controlled along with vital signs. However, physician is a better
predictor of severity level than the type of disease, since the 𝑅2 value decreases to 0.31 in model
5’.
Moreover, patient characteristics such as age and gender are significant predictors of severity level
in model 5. This implies that older patients are assigned higher values of severity than younger
patients, and females are assigned lower values of severity than males.
In summary, the analysis shows that MEWS is not a good predictor of severity level (no support
for hypothesis H3a) once we control for demographic characteristics of patients, especially age
and gender, and for physician. Controlling for physician doubles the predictive power of our
model, depicting significant variation across physicians.
Table 3.3 Regression analysis for the severity level
Source (𝒙𝒊 )
Patient Features

M1

M3

M2

Age
Gender
Weight
Height
BMI

MEWS

0.22***
(0.02)

M4

M5

M5’

0.01***
(0.001)
-0.09**
(0.03)
0.004
(0.01)
-0.003
(0.01)
-0.01
(0.02)

0.01***
(0.002)
-0.06*
(0.03)
0.003
(0.01)
-0.001
(0.01)
-0.003
(0.02)

0.01***
(0.002)
-0.07**
(0.03)
0.002
(0.01)
-0.002
(0.01)
-0.001
(0.02)

0.07**
(0.04)

0.07**
(0.04)

0.06
(0.04)

0.03
(0.03)

0.04
(0.03)

0.1**
(0.01)
0.01***
(0.002)
0.02**
(0.01)
-0.004***

0.01**
(0.01)
0.01***
(0.002)
0.02*
(0.01)
-0.001

0.01*
(0.01)
0.01***
(0.001)
0.02*
(0.01)
-0.002**

0.01
(0.01)
0.01***
(0.002)
0.02*
(0.01)
-0.004***

0.01
(0.01)
0.01***
(0.001)
0.01
(0.01)
-0.003**

Vital Signs
Temperature
Pulse Rate
Respiratory
SBP
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(0.001)
Significant

AVPU

(0.001)
Significant

(0.001)
Significant

(0.001)
Significant

(0.001)
Significant

-0.01***
(0.002)
-0.01
(0.01)

-0.01***
(0.002)
-0.002
(0.01)

-0.01**
(0.002)
-0.003
(0.01)

-0.01***
(0.002)
-0.003
(0.01)

Additional
Physiological
Measures
DBP
SpO2%
Physician
Disease Group
Intercept
𝑅2
𝑅 2 adjusted
Observations

Significant
1.85***
(0.04)
0.09
0.09
1021

0.80
(0.62)
0.15
0.14
1021

1.95
(1.07)
0.16
0.16
1010

1.48
(1.92)
0.20
0.19
1010

1.74
(1.92)
0.38
0.30
1010

Significant
1.90
(1.83)
0.31
0.28
1010

***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1
Note: Standard errors are in parentheses.

Assessment of Mortality Risk
Mortality risk is another subjective measure of physician. Table 3.4 represents the regression
analysis for the mortality risk for six different models. We followed steps similar to those discussed
in Section 3.5.1 and controlled mortality risk over MEWS, vital signs, patient features, physician,
and disease group in every step.
The results show that MEWS is a significant variable in four of the analyses, meaning that higher
mortality risk values are assigned to patients with higher MEWS values. Other than respiratory
rate, four of the vital signs are significant predictors of mortality risk in model 2. Age is a
significant predictor of mortality risk in models 4, 5, and 5’. Adding physician as a fixed effect to
model 5 eliminates the significance of MEWS but improves 𝑅2 from 0.27 to 0.42. Every physician,
however, has different criteria for assigning mortality risk values. In other words, different
physicians have different perceptions of mortality risk for similar patients. Controlling for patient’s
disease in model 5’ reduces the 𝑅2 value.
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In summary, after controlling for physician, MEWS loses its significance (no support for H3b).
Controlling for physician increases the predictive power of our model, depicting significant
variation across physicians on how risk of mortality is assessed even though we control for a wide
range of vital signs.
Table 3.4 Regression analysis for the mortality risk
Source (𝒙𝒊 )
Patient Features

M1

M2

M3

Age
Gender
Weight
Height
BMI

MEWS

0.24***
(0.02)

M4

M5

M5’

0.02***
(0.002)
-0.09**
(0.04)
-0.004
(0.01)
0.007
(0.01)
0.01
(0.03)

0.02***
(0.002)
-0.06
(0.04)
-0.01
(0.01)
0.01
(0.01)
0.02
(0.03)

0.02***
(0.002)
-0.07*
(0.04)
-0.01
(0.01)
0.01
(0.01)
0.03
(0.02)

0.11**
(0.04)

0.11***
(0.04)

0.08**
(0.04)

0.06
(0.04)

0.05
(0.04)

0.02***
(0.01)
0.01**
(0.002)
0.01
(0.01)
-0.002***
(0.001)
Significant

0.01**
(0.01)
0.01***
(0.002)
0.01
(0.01)
0.00
(0.001)
Significant

0.01**
(0.01)
0.01***
(0.001)
0.01
(0.01)
-0.004***
(0.001)
Significant

0.01
(0.01)
0.01***
(0.002)
0.01
(0.01)
-0.004***
(0.001)
Significant

0.01
(0.01)
0.01***
(0.002)
0.01
(0.01)
-0.004***
(0.001)
Significant

-0.01***
(0.002)
-0.01
(0.01)

-0.002
(0.002)
-0.001
(0.01)

0.00
(0.01)
-0.01
(0.01)

0.00
(0.002)
-0.005
(0.01)

Vital Signs
Temperature
Pulse Rate
Respiratory
SBP
AVPU
Additional
Physiological
Measures
DBP
SpO2%
Physician
Disease Group
Intercept
𝑅2

Significant
1.53***
(0.05)
0.09

0.22
(0.68)
0.12

1.90
(1.19)
0.13
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-1.75
(1.99)
0.27

1.74
(1.92)
0.42

Significant
-1.63
(1.92)
0.36

𝑅 2 adjusted
Observations

0.09
1021

0.11
1021

0.13
1010

0.26
1010

0.34
1010

0.33
1010

***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1
Note: Standard errors are in parentheses.

Length of Stay
Table 3.5 summarizes the main results of our hospital LOS analysis. We controlled for similar
variables as described earlier, in addition to physicians’ two subjective assessments (severity level
and mortality risk).
The first column in Table 3.5 shows that MEWS is a significant predictor of LOS. Controlling for
vital signs, though, renders MEWS no longer significant. Temperature, pulse rate, and SBP are the
significant control variables in model 2, which means that patients with higher temperatures and
pulse rates and lower SBPs stay longer in hospital. Oxygen saturation level (SpO2) and DBP are
added as predictors in model 3, in which SBP is no longer significant and DBP turns to be a
significant variable. This implies that patients with lower DBPs will stay longer in hospital. DBP
loses its significance after patient demographics were added in model 4. Age, gender, height and
BMI are significant patient characteristics of LOS. Therefore, older, female, and taller patients, as
well as patients with large BMI values, have higher hospital LOS compared to others.
Notably, Model 5 shows that while MEWS – an objective assessment tool – is not a significant
predictor of length of stay, severity level and mortality risk – both subjective measures – are
significant predictors of LOS (support for H4). This suggests that physicians’ early assessments
of risk are associated with LOS.
In model 6, controlling for physician fixed-effect, 𝑅2 more than doubles and physician becomes a
significant predictor of LOS. Simply put, physician is as good a predictor as all other variables in
our model in predicting LOS, which implies that patients of specific physicians stay longer than
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those of other physicians. Controlling for disease group in model 6’ shows that disease is a
significant predictor of LOS, meaning that patients with special health issues stay longer in the
hospital, even though all vital signs are controlled. However, overall, physician seems to be a better
predictor of LOS, since the 𝑅2 value in model 6’ is reduced in compare to model 6.
In summary, our analysis shows that LOS can be predicted at the time of admission according to
some predictors – gender, weight, height, BMI, severity level, and mortality risk – but not MEWS.
So, while MEWS itself is not a good predictor of LOS (no support for H2), some of its components
(vital signs) can be used to predict hospital LOS. Conversely, our analysis provides evidence that
a clinician’s judgment is a better predictor of LOS than is MEWS.
To examine the robustness of our findings, we use the log transformation on the dependent
variables and replicate the models. Table B.2 in the Appendix B summarizes the results. The model
𝑅2 improved slightly and similar results were obtained: physicians’ subjective assessments and
physician are still significant predictors of LOS. Moreover, DBP and pulse rate contribute
significantly to LOS prediction. Patients with lower values of DBP and higher pulse rates stay
longer in the hospital.
Table 3.5 Regression analysis for length of stay
Source (𝒙𝒊 )

M1

M2

M3

M4

M5

M6

M6’

0.02**
(0.01)
0.32*
(0.19)
-0.07
(0.05)
0.09*
(0.05)
0.22*
(0.13)

-0.003
(0.009)
0.51***
(0.17)
-0.07*
(0.04)
0.09**
(0.05)
0.23*
(0.22)

0.004
(0.01)
0.32*
(0.18)
-0.08*
(0.04)
0.09*
(0.05)
0.24*
(0.13)

-0.0004
(0.01)
0.43**
(0.18)
-0.07*
(0.04)
0.09*
(0.05)
0.24*
(0.12)

Patient Features
Age
Gender
Weight
Height
BMI
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0.57**
*
(0.11)

MEWS

0.16
(0.18)

0.26
(0.18)

0.17
(0.18)

0.09***
(0.03)
0.03***
(0.01)
-0.001
(0.05)
-0.004
(0.01)
Not
Significant

0.07**
(0.03)
0.01
(0.01)
-0.04
(0.05)
0.002
(0.01)
Not
Significant

0.06
(0.03)
0.01
(0.01)
-0.05
(0.05)
0.01
(0.01)
Not
Significant

0.06**
(0.03)
0.01
(0.01)
-0.04
(0.05)
0.004
(0.01)
Not
Significant

-0.02
(0.01)
0.05
(0.05)

-0.01
(0.01)
0.05
(0.04)

-0.01
(0.1)
0.05
(0.04)

-0.01
(0.01)
0.05
(0.04)

1.76***
(0.22)
0.47**
(0.21)

1.77***
(0.23)
0.53**
(0.22)

1.72***
(0.22)
0.56***
(0.21)

0.27
(0.19)

0.28
(0.19)

0.30
(0.19)

0.1***
(0.03)
0.02**
(0.01)
0.01
(0.05)
-0.01*
(0.01)
Not
Significant

0.09***
(0.03)
0.03***
(0.01)
0.01
(0.05)
0.00
(0.01)
Not
Significant

-0.03***
(0.11)
0.03
(0.05)

Vital Signs
Temperature
Pulse Rate
Respiratory
SBP
AVPU

Additional
Physiological
Measures
DBP
SpO2%

Subjective
Assessments
Severity Level
Mortality Risk

Significant

Physician

Significant

Disease Group
3.80**
*
(0.22)
0.02

Intercept
𝑅2

-27.02***
(9.52)

-26.22***
(9.92)

-26.72***
(9.56)

0.06

0.21

0.33

0.24

-4.47
(3.23)

-6.55
(0.25)

-25.21**
(10.34)

0.05

0.05

𝑅2 adjusted

0.02

0.04

0.04

0.05

0.20

0.24

0.21

Observations

1021

1021

1010

1010

1010

1010

1010

***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1
Note: Standard errors are in parentheses.

Mortality
Table 3.6 shows the results of our analysis of mortality. We controlled for the same variables as
those described in Section 3.5.3. The results indicate that MEWS is significant only in model 1.
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Adding vital signs and additional physiological measures to the model reveals respiratory rate,
level of consciousness, and oxygen saturation level as significant predictors of in-hospital
mortality. Weight, height, BMI, mortality risk, and LOS are significant in three of the models
(models 5, 6, and 6’).
The significance of LOS implies a correlation between LOS and mortality (support for H6).
Physician in model 6 is not a significant predictor of mortality, meaning that despite all variations
among physicians regarding how patients are assessed and how long they stay in the hospital, we
see no significant variation across physicians when it comes to mortality.
It is interesting to note that there is a negative association between physicians’ subjective
assessments and mortality. Physicians’ subjective assessment of severity level in model 5 is
slightly significant with a negative sign. Moreover, physicians’ subjective assessment of mortality
risk is negatively correlated with actual mortality. This leads to the conclusion that patients with
higher mortality risk values at the time of admission are less likely to die. This evidence points to
a possible feedback mechanism that compensates for high values of early risk assessment, since
patients assessed as high risk at admission are likely to receive more attention. In other words,
higher risk assessment at admission leads to lower risk of mortality at exit.
Finally, controlling for disease group in model 6’ shows that a patient’s disease is not a significant
predictor of mortality, which implies that patients with special health issues do not die more than
others.
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Table 3.6 Regression analysis for mortality
Source (𝒙𝒊 )

M1

M2

M3

M4

M5

M6

M6’

-0.05***
(0.02)
0.62**
(0.29)
-0.14**
(0.07)
0.13*
(0.07)
0.45**
(0.20)

-0.02
(0.02)
0.47
(0.32)
-0.15**
(0.07)
0.14*
(0.07)
0.48**
(0.22)

-0.02
(0.02)
0.39
(0.36)
-0.25**
(0.10)
0.22**
(0.10)
0.77***
(0.30)

-0.02
(0.02)
0.53
(0.33)
-0.18**
(0.08)
0.16**
(0.08)
0.56**
(0.25)

Patient Features
Age
Gender
Weight
Height
BMI

MEWS

-0.52***
(0.09)

-0.13
(0.22)

0.04
(0.23)

0.14
(0.24)

0.22
(0.27)

0.29
(0.39)

0.35
(0.29)

0.02
(0.02)
-0.005
(0.01)
-0.09*
(0.05)
0.01
(0.01)

0.03
(0.02)
-0.01
(0.01)
-0.11*
(0.05)
0.004
(0.01)

Significant

Significant

0.04*
(0.02)
-0.01
(0.01)
-0.14**
(0.06)
0.01
(0.01)
Not
Significant

0.06*
(0.03)
-0.01
(0.01)
-0.11*
(0.06)
0.003
(0.01)
Not
Significant

0.29
(0.25)
-0.01
(0.08)
-0.11
(0.08)
0.001
(0.01)
Not
Significant

0.18
(0.18)
-0.01
(0.02)
-0.13**
(0.06)
0.002
(0.01)
Not
Significant

-0.003
(0.02)
0.12**
(0.05)

-0.01
(0.02)
0.10*
(0.05)

0.00
(0.02)
0.09
(0.07)

-0.01
(0.02)
0.011*
(0.06)

-0.79*
(0.43)
-1.36***
(0.39)

-0.82
(0.51)
-1.50***
(0.52)

-0.78*
(0.43)
-1.43***
(0.40)

0.13**
(0.05)

0.19***
(0.07)
Not
Significant

0.15***
(0.05)

Vital Signs
Temperature
Pulse Rate
Respiratory
SBP
AVPU

Additional
Physiological
Measures
DBP
SpO2%

0.01
(0.02)
0.12***
(0.05)

Subjective
Assessment
Severity Level
Mortality Risk

LOS
Physician
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0.12

-10.87**
(5.24)
0.15

-31.22**
(13.21)
0.23

-28.39**
(14.09)
0.42

-50.16
(16318.33)
0.56

Not
Significant
-29.09
(27034.22)
0.46

-137.4

-132.60

-118.95

-90.21

-69.07

-84.66

1021

1010

1010

1010

1010

1010

Disease Group
2.35
(2.18)

𝑅2

4.40***
(0.29)
0.09

Log Likelihood

-141.71
1021

Intercept

Observations

***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1
Note: Standard errors are in parentheses.

3.6 Discussion
Figure 3.2 summarizes our findings. Briefly, the analysis shows that mortality can be predicted
ahead of time by some predictors such as weight, height, physicians’ assessment of mortality risk
(though, in the opposite direction!), and LOS. These provide support for H5 and H6. In other
words, after controlling for LOS and physician’s subjective assessment on mortality (i.e., mortality
risk), MEWS and its components are not good predictors of mortality (no support for H1).

Hospital

At-Risk
Patients

0.35

MEWS

Mortality

0.04
0.05

Severity Level

1.72***

Mortality Risk

0.56***

0.17

0.15***
LOS

-1.43***

Figure 3.2 A summary of the results of analysis (***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1)
Our results contradict findings from previous studies [4, 12]. We believe this is because we control
for a much greater number of variables in our analysis than in other studies, and we have a better
control of in-hospital processes such as physicians’ subjective assessments, which trigger the
intensity of healthcare services. In particular, in our models the significance of MEWS disappears
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as we add patients’ characteristics and physicians’ subjective assessments. Our results imply that
although LOS and risk of mortality may increase for the higher values of MEWS where only
patient’s physiological data is used, MEWS is not as an effective predictor on its own when the
role of humans in the system is added. Our study differs theoretically from previous studies
because we analyze the entire process, taking a systems approach and including how physicians
react to initial vital signs and how those reactions may prevent catastrophic events such as
mortality. Our analysis shows that such hospital-level processes are effective in preventing
undesired outcomes. In sum, these differences from previous studies comprise our investigation’s
main contributions to risk analysis in healthcare.
This study has several implications for designing risk assessment systems. While research on the
effectiveness of early warning scores in predicting healthcare outcome and LOS rely heavily on
the consideration of patient’s physiological factors, it typically fails to consider the contributions
of healthcare providers (physicians and nurses) in the hospital. Overall, our study shows that early
warnings are not good predictor of final outcome. In a sense, this finding can be encouraging, since
the primary goal of developing early warning scores is early reaction to and prevention of
catastrophic outcomes. For the purpose of outcome prediction, other metrics are needed as part of
the final outcome prediction tool, including physicians’ reactions and the healthcare system’s
performance.
This study has several limitations that suggest future avenues of research. While we used a rich
data source, we cannot rule out all potential variables that might affect the outcome and patients’
LOS. While we tried to use most of the available variables, including patient’s demographic data
and physician’s subjective assessments, it could be useful to study the effect of organizational
variables as well as insurance payers on LOS. Future studies could analyze multiple hospitals with
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different patient demographics and over a longer period. Keeping track of what happens to patients
after discharge could also enrich the analysis. We also suggest an analysis of risk indicators over
the length of a patient’s hospital stay, that is, how patient health risks change over the period in
the hospital – including the potential side effects of long hospital stays.

3.7 Conclusions
We analyzed the predictability of hospital LOS and in-hospital mortality by using MEWS, vital
signs, demographic data, and physicians’ subjective assessments. Our main hypothesis was that
LOS is extended for the higher values of MEWS and the probability of mortality increases. In
addition, we analyzed the effect of patients’ MEWS on physicians’ subjective assessments and the
effects of those assessments on LOS and mortality rate. We show that MEWS is not a good
predictor of hospital LOS and mortality. Physicians’ subjective assessments of patients (i.e.,
severity level and mortality risk) are better predictors of both outcome (mortality) and LOS.
Furthermore, unobservable physicians’ characteristics (represented as fixed-effect controls) are
very strong predictors of LOS, which means that patients of specific physicians may stay longer
in the hospital. Moreover, how humans (physician) react and make judgments are better predictors
of both LOS and outcome than patient physiological measures (MEWS). Overall, subjective
assessment in our context were better predictors of the process (represented in LOS), and were
inversely predictors of death, while MEWS as an objective measure was not associated with LOS
or death.
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4. An Analysis of Mixed Evidence for the Predictive Power of Early Warning
Systems in Healthcare
4.1 Abstract
Early warning systems have been widely used in healthcare to predict adverse outcome. The
objective of this study is to systematically review the available literature to assess the predictive
power of early warning systems and prognostic risk indicators in predicting different outcomes in
health such as mortality, disease diagnosis, adverse outcomes, care intensity, and survival. Web of
Science database between January 2000 and March 2015 was searched for relevant papers.
Inclusion criteria were original empirical studies that assessed prediction tests by reporting
sensitivity and specificity, or area under the receiver operating characteristic curve (ROC AUC).
Exclusion criteria were previous reviews, conference proceedings, and non-English studies. A total
of 44 papers met our criteria. We analyzed their methods of study and results. Our analysis shows
that the reviewed papers provide mixed evidence indicating that there is no robust trend in
predictive power of these early indicators. Average ROC AUC and sensitivity of these tests were
relatively low. Based on the analysis, we propose a dynamic model of healthcare risk assessment
which hypothesizes a potential source of mixed evidence.
Keywords: Early warning system, clinical outcome, mortality, adverse outcome, health risk
management

4.2 Introduction
Early prediction of adverse outcomes are at the heart of risk management, and help decision makers
take appropriate actions to mitigate the potential risks. For example, physicians would like to
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prevent any adverse outcomes such as cardiac arrest, or mortality for their patients, and like to use
all pieces of information that help accurate early diagnosis and interventions. A systematic way to
be proactive and be prepared for risky events is to develop and use an early warning system which
encompass a wide range of indicators and offer an accurate prediction [1-3].
Early warnings in healthcare are aimed at providing timely predictions of high consequent and
catastrophic events [4, 5]. They are often used to prevent catastrophic events such as intensive care
unit (ICU) admission and in-hospital mortality [2]. In simple words, early warning systems consist
of judgment and decision making models which utilize various pieces of information as input and
predict chances of specific critical events as outputs. Strength of such systems depend on the
accuracy of predictions as well as preventability of outcome. All decision makers would like to
receive early and trustable warnings, however, the question is that with the growing complexities
and uncertainties in healthcare domain, how useful these early warning systems are? The concern
is whether early warning systems and prognostic indicators are sensitive and specific enough to
predict health outcome.
A wide range of studies have been conducted to develop early warning indicators or assess the
predictive power of common warning indicators in predicting healthcare outcome. The results are
mixed [6]. In our recent empirical investigation of predictive power of early warnings, we found
that the Modified Early Warning Score (MEWS) [1], a common early warning system, cannot
predict hospital length of stay and mortality when one controls for subjective assessments of
physicians. This brings up the question that how useful early warning measures are and how they
can be improved. Understanding the state of knowledge and offering an overall analysis of the
results can help further develop better warning systems. This is the main goal of this study. We
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will offer a comprehensive analysis of the existing empirical evidence and evaluate conditions
where early warning measures have had a better predictive power.
In addition, this study connects to the previous papers of this dissertation [6, 7], by taking a step
back and providing a theoretical framework on why risk indicators can or cannot predict healthcare
outcomes, and how better predictors can be designed.
In following we layout our research method and results of the study, and then discuss how early
warning systems could be improved to help risk management in healthcare.

4.3 Research Method
Search Strategy
We conducted a systematic review to assess the predictive power of early warning scores in
predicting adverse outcomes. We did not limit our study to ones that specifically mention the term
“early warning” but we also included studies that use any predictor or prognostic variables to
assess the predictability of a clinical outcome. We looked for relevant papers listed in Web of
Science. Search terms included: (early warning score or prognostic indicator or leading indicator)
and prediction.

Inclusion/Exclusion Criteria
Peer reviewed full-text papers written in English published between January 2000 and February
2015 were included. The inclusion and exclusion criteria were fully specified in the review
protocol before conducting the review. Papers had to conduct an empirical analysis on
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predictability of outcome variables using early warning scores or prognostic indicators. Papers
were excluded if they did qualitative studies, conceptual design, or did not report sensitivity,
specificity, or the area under receiver operating characteristic curve (ROC AUC) in their analysis.

Review Process and Search Results
The review process is represented in Figure 4.1. Using our keywords we identified 976 papers
from Web of Science. After removing 148 duplicate papers, and conference proceedings, titles and
abstracts of 828 papers were screened and reviewed. After excluding non-empirical studies, review
papers, and studies not implemented in healthcare domain, 269 papers remained. We then focused
on study design and results; 99 papers were remained that evaluated the predictive power of risk
indicators in predicting outcome variable. In the next step, by reviewing the full text of these 99
papers, 54 studies were excluded because they did not report sensitivity and specificity, or ROC
AUC measures in their analysis. Finally, 44 papers satisfied our inclusion criteria. A brief
information on these measures are offered in Section 4.2.5.
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WoS journal articles in English, 2000-2015,
“Early Warning Score + prediction,
prognostic indicator + prediction, leading
indicator + prediction”
N=976
Duplicate papers, conference
proceedings removal (148)
Title/Abstract review, N=828
Conceptual design
N=22 excluded
Mathematical design
N=150 excluded
Simulation modeling
N=42 excluded
Irrelevant
N=200 excluded
Empirical studies
Study purpose and context review
N=414

Economy
N=45 excluded
Environment
N=81 excluded

Other applications
N=19 excluded
Healthcare
Methodology and results review
N=269

Papers that studied the power of input
variables in predicting outcome
N=99

Studies that reported specificity
and sensitivity, or ROC analysis
N=44

Figure 4.1 Flow diagram of Study selection process
62

The list of the final selected papers and their characteristics are presented in Table 4.1. In addition
to authors and publication date, the table provides information about their sample of study (sample
size and patient group). The table reports risk indicators and the predicted outcome variable for
each paper. We categorize risk indicators into three different groups that include MEWS, other
type of early warning score, and physiological measure.
Out of 44 papers, 7 papers studied the predictive ability of MEWS in predicting health outcome,
9 studies focused on other early warning scores, and 37 papers studied other physiological
measures as outcome predictors. Furthermore, eight papers studied MEWS or other early warning
score in addition to a physiological measure. A complete list of the excluded studies is available
from the authors upon request.

Data Collection and Data Analysis
The data extracted from each study includes the source and full reference, main topic area, sample
size, patient group, risk indicators, outcome measures, sensitivity and specificity measure, or ROC
AUC, and overall conclusion on predictability of risk indicators.
Table 4.1 Characteristics of 44 healthcare papers studying the power of risk indicator in
predicting outcome variable
Sample Characteristics

Design Characteristics

Author(s), Date
Sample Size
Almaraz et al. 2009 [8]

227

Alvarez et al. 2013 [9]

7,466

Patient Group
Comatose post
cardiac arrest

General medical and
surgical
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Risk Indicators
P

P, M

Outcome Variables
Neurological
outcome
Out of ICU
cardiopulmonary
arrest; acute
respiratory
compromise;
unexpected death

Sample Characteristics

Design Characteristics

Author(s), Date
Sample Size
Andrijevic et al. 2014 [10]

101

Asadollahi et al. 2011 [11]

550

Badreldin et al. 2013 [12]

5,207

Patient Group
Community
acquired pneumonia
(CAP)
General medical and
surgical
Postoperative
cardiac surgical
Pregnant women
with severe
gestational diabetes
on insulin therapy in
the third trimester

Risk Indicators

Outcome Variables

P

30-day mortality

P

Mortality

P

Bhorat et al. 2014 [13]

29

Bradman et al. 2014 [14]

946

ED

P

Cattermole et al. 2009 [15]

330

ED

P

On the wards

P

ED with sepsis

E

Mortality in sepsis

E

Surgical site
infection outcomes

P

ICU admission

Churpek et al. 2014 [16]
Cildir et al. 2013 [17]
Clements et al. 2007 [18]
Cuthbertson et al. 2006 [19]
Fullerton et al. 2012 [20]

269,999
230
43,611
140
3,504

13 common surgical
procedures
General surgical
high dependent
ED

M, P

Gaebel et al. 2012 [21]

339

Schizophrenia
outpatients

Geier et al. 2013 [22]

151

ED suspected sepsis

Ghanem-Zoubi et al. 2011 [23]

1,072

E

Clinical
deterioration
Adverse prenatal
outcome, e.g.,
death; change in
cardiac function in
fetus
Need for hospital
admission
Early ICU
Admission; death
Cardiac arrest; ICU
transfer; death

Sepsis

P
P, M, E

In-hospital mortality

M, E

In-hospital mortality

Goodell et al. 2006 [24]

104

Women at the time
of their initial
definitive surgery
for ovarian cancer

Hauzman et al. 2004 [25]

150

IVF pregnancy

P

Hayashida et al. 2014 [26]

495

Post cardiac arrest
registry

P

Hendriks et al. 2004 [27]

109

Hu et al. 2012 [28]

From 20052010

Ito et al. 2005 [29]

197

Occurrence of an
adverse event with
24hr of admission
Occurrence of
prodromal
symptoms

P

P

Ovarian cancer
survival
Outcome of IVF
pregnancies
Neurological
outcome
Ovarian
hyperresponse

Chickenpox
infectious

P

Infectious disease

Gastric cancer

P

Peritoneal relapse

64

Sample Characteristics

Design Characteristics

Author(s), Date
Sample Size
Jalali et al. 2014 [30]

104

Jalkanen et al. 2013 [31]

Patient Group

Risk Indicators

Outcome Variables

Brain injury

E

Mortality

Operative and nonoperative ventilated

P

Mortality; acute
lung injury; sepsis;
renal replacement

P

Disease progression

Kim et al. 2010 [32]

103

Non-muscle
invasive bladder
cancer

Lam et al. 2009 [33]

122

Laryngosocopically
confirmed

Lee et al. 2014 [34]

1,049

Liu et al. 2014 [35]

546

ICU

M, P

P

Chest pain in ED

M, P

Airways
intervention; ICU
admission
Organ failure status
in ICU patients;
mortality
Acute cardiac
complications

42,701

Admitted for more
than 24 hours

P

Imminent death

Merle et al. 2009 [37]

25

Acute liver failure

P

Need of
transplantation

Mishra et al. 2007 [38]

76

Mizuguchi et al. 2011 [39]

105

Oku et al. 2002 [40]

40

Rectal cancer

Ong et al. 2012 [41]

925

Critically ill in ED

Loekito et al. 2013 [36]

Cirrhosis (chronic
liver disease)
Hepatocellular
carcinoma
underwent
hepatectomy

E, P

P

Severity of liver
disease; survival
after hepatectomy

P

Rectal cancer

M, P

Cardiac arrest

Purkayastha et al. 2007 [42]

529

Rectal cancer

P

Rozen et al. 2013 [43]

28

Implantable cardiac
defibrillators (ICD)

P

Smith et al. 2012 [44]

572

General and trauma
surgery wards

E

Suppiah et al. 2013 [45]

146

Ugajin et al. 2014 [46]

Umscheid et al. 2015 [47]

445

4,575

P
Aged>64 and
hospitalized because
of nursing home
acquired pneumonia

P

Adult non-ICU

E
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Death

Preoperative
evaluation of
circumferential
margin involvement
Imminent
ventricular
arrhythmias
Major adverse
clinical events
Acute pancreatitis
Nursing home
acquired
pneumonia;
community acquired
pneumonia
Composite of ICU
transfer, RRT call,
or death

Sample Characteristics

Design Characteristics

Author(s), Date
Sample Size

Patient Group

Risk Indicators

Men with prostate
cancer
Undergoing IVF
treatment

Vis et al. 2002 [48]

81

P

Vladimirov et al. 2004 [49]

17

Yildirim et al. 2007 [50]

704

With positive
axillary lymph
nodes (PN)

P

Yu et al. 2014 [51]

328

Non-ICU wards

P

P

Outcome Variables
Tumor features
Poor ovarian
response
Distant recurrence;
locoregional
recurrence; diseasefree survival
Clinical
deterioration (ICU
admission, or death)

Note: M: MEWS, E: Other Early Warning Scores, P: Physiological measures

Measures of Predictive Power of Early Warnings
There are different measures of evaluating the predictive power of early warning systems such as
𝑅2 value [52], and likelihood ratios [53]. Here, our main variables of interest are binary variables,
and we focus on measures that are commonly used to evaluate the predictive power of screening
tests, i.e., the sensitivity, specificity, and ROC AUC of the tests.
Sensitivity and specificity measure the predictive power of a test that classifies a set into two
groups (e.g., sick vs. healthy) [54]. In clinical epidemiology and medical testing, they are used to
determine whether a patient has a certain disease. Sensitivity or true positive rate refers to the
percentage of patients who are correctly identified as having the disease. Specificity or true
negative rate is the percentage of healthy group who are correctly identified as not having the
disease. So if in our sample of study, there are 300 people, and 100 of them are sick, and our test
can find 80 sick people, the test’s sensitivity is 80/100 = 0.8. If the same test misdiagnose 50
healthy people as being sick, it means that it has correctly diagnosed (200-50) people as healthy,
so the specificity of the test is (200-50)/200 = 0.75. In general terms, we can write:
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𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
(𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠)

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
(𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠)

For any clinical test, there is a trade-off between sensitivity and specificity. This means that in a
given accuracy, if we increases sensitivity, specificity decreases, and vice versa. For example, in
a hospital setting in which one is testing for a potential cancer risk factors in a patient, physicians
may consider low-risk signs like the variation of body temperature (low specificity), to reduce the
risk of missing signs that do pose a threat to a person’s health status (high sensitivity). Although
temperature could be an important sign in identifying other types of diseases but in order to
diagnose a cancer physicians may conduct more specific tests. In the simple example that we
provided above, if the hospital becomes more conservative about risk indicators, they can
potentially find more than 80 people as true-sick people, but in the expense of misdiagnosing more
than 50 healthy people. If each of these numbers increases by 20%, sensitivity will change from
0.8 to 96/100=0.96, and specificity will change from 0.75 to (200-60)/200=0.7. In this simple
numerical example, sensitivity increases in the expense of losing specificity.
The trade-off between sensitivity and specificity can be illustrated graphically by the ROC curve.
The curve is a fundamental tool for evaluation of diagnostic tests and represents the “accuracy” of
a test type in which the x-axis is [1-specificity] (false positive rate) and the y-axis is sensitivity
[55]. ROC AUC is the area under the ROC curve and is a measure that shows how well the test
can discriminate between sick patients versus healthy group. Mathematically, it is the cumulative
distribution function of the probability of true positive rate (or detection) in the y-axis over the
cumulative distribution function of the false positive rate in x-axis. Figure 4.2 represents the ROC
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curve of three sample predictors for different sensitivity and specificity thresholds. The best
possible condition is the point in coordinate (0,100), representing 100% sensitivity (no false
negatives) and specificity (no false positives), but obviously almost all curves don’t pass that point.
The diagonal line (𝑦 = 𝑥), also known as no-discrimination line, in the graph represents a test that
is equivalent to a random guess. Specifically, the point that corresponds to (0.5, 0.5) on this curve
(line) is equivalent to flipping a coin. The accuracy of the tests increases as we move to the curves
on the left, shown by the arrow in Figure 4.2.
After clarifying which curve belongs to a specific test, decision makers have to pick a threshold to
discriminate between positive and negative cases. In simple words, based on Figure 4.2, on any
specific curve, we can pick a point that corresponds to a threshold. For example, if the yellow
curve represents the accuracy of our test, point A is a potential threshold which corresponds to
sensitivity of 38% and specificity of 85%. If we move A upward, on its current ROC curve,
sensitivity will increase but specificity will decrease. Decision analysis, first figure out the ROC
curve, and then pick the threshold (e.g., point A) that maximizes their payoff function.

Figure 4.2 ROC curve of three sample predictors

68

4.4 Results
We categorize the outcome variables into four different groups of adverse outcome, care intensity,
disease prediction, and survival. Table 4.2 depicts the number of papers in each category as well
as the classification criteria. Out of 44 paper, 20 studied adverse outcomes such as mortality,
cardiac arrest, and surgical site infection; 5 papers looked at care intensity (e.g., ICU admission,
rapid response team call, or need for hospital admission) that a patient may need during
hospitalization; 16 papers studied the predictability of clinical conditions (disease prediction) such
as neurological outcome or organ failure status based on different risk indicators; 3 papers studied
survival predictions (for example for cancer cases) based on early risk indicators. Furthermore,
based on the format of their reports, we can group the studies into the ones that report sensitivity
and specificity of their tests, and ones that report the ROC AUC.
Figures 4.3, 4.4, and 4.5 depict the distributions of sensitivity, specificity, and ROC AUC in the
reviewed papers. Using the results presented in distribution analysis, the average sensitivity is
68.4%, the average specificity is 78.4%, and the average ROC AUC is 73.1%. The results show
that ROC AUC data are less varied (𝜎 = 8.6%) than sensitivity (𝜎 = 20.6%), and specificity (𝜎 =
16.7%). Figures 4.3 and 4.4 show that 50% of papers reported a sensitivity of at least 73% and
specificity of 82%. The minimum of sensitivity and specificity were 11% and 30.4%, respectively.
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Table 4.2 Categorizing health outcome variables: number of papers and definitions based
on findings from 44 included studies
Outcome category

No. of studies

Adverse outcome

20

Classification criteria
In-hospital mortality
30-day mortality
Cardiac arrest
Surgical site infection
Disease progression

Care intensity

5

ICU admission
Rapid response team call

Disease prediction

16

Need for hospital admission for ED
patients
Neurological outcome
Outcome of IVF pregnancies
Organ failure status
Acute cardiac complications
Severity of disease
Cancer
Poor ovarian response
Need for transplantation
Pneumonia
Sepsis

Survival

3

Cancer survival
Survival after hepatectomy
Disease free survival
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Figure 4.3 Distribution of
sensitivity

Figure 4.4 Distribution of
specificity

Figure 4.5 Distribution of ROC
AUC

Figures 4.6 and 4.7 demonstrate the distributional characteristics of sensitivity and specificity,
respectively for outcome categories. Figure 4.6 shows that overall, papers reported relatively
higher sensitivity values for predicting survival where 50% of the papers found a sensitivity value
greater than 78%. On the other hand, the graph suggests that papers report quite different
sensitivity values for predicting adverse outcome and diseases. The top 50% of papers reported at
least 74.4% sensitivity for predicting adverse outcome, and 72% for disease prediction. For the
care intensity prediction, papers found very similar sensitivity values for the most positive quartile
group, and sensitivities were varied among the least positive quartile group. The median of
sensitivity for predicting care intensity is 72%.
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Figure 4.6 Reported sensitivity (in percentage) by health outcome category
Figure 4.7 shows that the overall average of reported specificities (i.e., 79%) is higher than the
overall average of sensitivities (i.e., 64%). Overall, papers reported relatively higher specificity
values for predicting care intensity where 50% of the papers found a specificity value greater than
89%, and all papers reported a specificity of at least 72%. Moreover, this graph shows that papers
report quite different specificity values for predicting adverse outcome. The top 50% of papers
reported at least 80.4% specificity for adverse outcome prediction. It is notable that papers found
very similar specificity values for the most positive quartile group, but specificities were varied
among the least positive quartile group. For disease prediction, 50% of studies reported at least
82% specificity, however, the variation is high among the lower 10%.
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Figure 4.7 Analysis of specificity (in percentage) by health outcome category

Figure 4.8 represents the distribution of the results for the ROC AUC by outcome category for
papers that reported ROC AUC metric in their results. The results show that the ROC AUC values
for predicting survival is lower than overall mean (73%). 50% of papers found an ROC AUC
greater than 76.7% for predicting adverse outcome, however, the variation between values is high.
For disease prediction, papers report a relatively low ROC AUC values where the median is 69.5%.
Finally, there was only one study that used ROC AUC measure for care intensity prediction with
the value of 71%.
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Figure 4.8 Analysis of ROC AUC (in percentage) by health outcome category
We also categorized the outcome variables to two setting classes, i.e., hospital and non-hospital.
If outcome prediction is related to hospital processes, actions, or triage tools then it is classified as
a hospital setting. The ROC AUC values are calculated for all papers based on their sensitivity and
specificity measures. We assume the ROC curve function to be 𝑦 = 𝑥 𝛼 , 𝛼 ≤ 1, where 𝑦 is
sensitivity and 𝑥 is (1-specificity). Then ROC AUC can be calculated as follows:
1

𝑅𝑂𝐶 𝐴𝑈𝐶 = ∫ 𝑥 𝛼 𝑑𝑥 =
0

𝑅𝑂𝐶 𝐴𝑈𝐶 =

1
, 𝛼≤1
𝛼+1

1
1
=
Ln(𝑦)
Ln(𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)
1+
1+
Ln(𝑥)
Ln(1 − 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)

Table 4.3 contains information that compare the mean and standard deviation of ROC AUC values
in different outcome categories between the two settings. We also categorized adverse outcome to
mortality and non-mortality outcomes. The results show that the accuracy of tests that predict non-
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mortality adverse outcomes in a non-hospital setting is high. Also, accuracy of the tests that predict
care intensity such as ICU admission in a hospital setting is higher than adverse outcome
prediction.
Table 4.3 Average of ROC AUC (%) in each outcome category and setting type (standard
deviations are in parentheses)
Setting Type
Hospital

Healthcare Services
Care Intensity
79.38
(9.20)

Non-hospital

–

Adverse Outcome
Non-mortality
Mortality
74.80
77.79
(12.84)
(9.50)
Disease
Non-mortality
Survival
Mortality
Prediction
98.30
77.19
87.28
79.5
(1.50)
(11.20)
(12.22)
(2.80)

While we don’t aim at claiming a statistically significant effect as the sample size is small, but
looking at the differences in average ROC AUC provides first-order insights, a base for future
investigation. For example, it seems that these are better in predicting the care intensity in hospitals
that is in-hospital outcomes. These resonates with our findings from the previous paper.
Furthermore, the risk measures provide higher average scores from non-hospital outcomes. This
might be due to the fact that when a high risk situation is perceived in a hospital, preventive
interventions take place.
Figures 4.9, 4.10, and 4.11 represent the results of sensitivity, specificity, and ROC AUC analysis
for hospital and non-hospital settings. The median of sensitivity, specificity, and ROC AUC for
non-hospital group is higher than hospital group. There is more variation in sensitivity values
reported by non-hospital setting papers, however, these studies had more agreement on
specificities. Therefore, models of papers that predicted diseases, survival, and adverse outcome
for non-hospital setting category are more specific than other group.
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Figure 4.9 Analysis of sensitivity (in percentage) by setting type

Figure 4.10 Analysis of specificity (in percentage) by setting type
ROC AUC values for hospital setting papers varied between 61% and 93.5%, and for non-hospital
setting was between 60% and 81.7%. Figure 4.11 shows that although the maximum ROC AUC
value reported for non-hospital papers is lower than hospital papers, but the upper 50% of papers
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in non-hospital category reported similar ROC AUC values than hospital category. Overall, there
is a large variation in ROC AUC values for hospital setting papers.

Figure 4.11 Analysis of ROC AUC (in percentage) by setting type

4.5 Discussion
The review has shown that there is a variety of published papers that studied the predictability of
health outcome according to risk indicators with little evidence of their agreement on prediction.
Although this review only considered published early warning systems that used sensitivity,
specificity, and ROC AUC measures, there are many more early risk indicators being used in a
variety of healthcare systems, which have not been published or used another measures to evaluate
their prediction capabilities.
Our results show that sensitivities were relatively low. This may be due in part to rapidly changing
health status, especially in the context of acute diseases, and infrequent and non-standardized risk
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measures. Sensitivities could potentially be improved at the cost of decreased specificities, by
reducing the early warning trigger threshold [56].
Our results show that early warnings for survival had high specificity and acceptable sensitivities,
however this contradicts the fact that the ROC AUC was relatively low. A former risk
identification model provides a benchmark at ROC AUC = 77% [57]. Our ROC AUC analysis of
survival, from the evaluation of available two papers, indicates that the probability of true survival
rate against the false survival rate is not high (ranged from 67.2% to 72%). One paper was
concerned about survival prediction for patients with positive axillary lymph nodes1, and the other
paper studied the survival prediction after hepatectomy2. Both of these procedures involve a
surgery for a type of cancer patients, and it may be that the current early warning systems of these
outcome variables developed is not the ideal. Other early warning systems that predict adverse
outcome, care intensity, and diseases had more varied sensitivities than specificities and would
require further validation in different patient groups and settings.
Considering the mixed evidence in predictive power of warning measures, we offer a dynamic
model to help make sense of the variation in results. One potential source of variation in results is
in the purpose of using early warning systems. Early warning systems are generally used to identify
deteriorating patients based on their health risk status.
Decision makers desire to have a system that would predict health outcome accurately. On the
other hand, preventive actions and their effects on decreasing the probability of adverse outcome
play an important role in preventability of catastrophic event.
1: Positive axillary lymph node: a lymph node in the area of armpit that cancer has spread and determined by
surgical procedure [58].
2: Hepatectomy: liver surgery on patients with liver cancer [59].
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Figure 4.12 demonstrates the predictability and preventability of adverse outcome according to
risk measure accuracy, attention to risk, human intervention, and risk mitigation. We expect to see
more adverse outcomes for high risk patients (in the figure, the bold arrow line from Risk Status
to Adverse Outcome). However, the risk status will result in series of reactions in the healthcare
setting which can compensate for effect of initial risks by providing better care for patients.
Notably, in Figure 4.12, risks are measured (dependent on how accurate the risk measures are), are
perceived by healthcare providers (if they pay enough attention to the risk measures), result in
preventive actions (dependent on resource availability), and mitigate the chance of adverse
outcome (dependent on how proper the interventions were).

+
+

Risk status

–

+
Accuracy

Adverse Outcome

Effects of preventive
actions on mitigating
adverse outcome

Measured risk

+

Proper
intervention

+

+

Risk perception

Attention
to risk

Preventive
actions

Resource availability for
intervention

Figure 4.12 Conceptual representation of predictability and preventability of health outcomes in
hospital
The overall result is mitigating adverse outcome, compensating and working in the opposite
direction of the bold line. As stated, the effect of this line depends on 1) how good the warning
system is (in Figure 4.12, Accuracy), 2) if healthcare providers such as physicians use and pay
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attention to these measures (in Figure 4.12, Attention to risk), 3) if the resources are available for
intervention (in Figure 4.12, Resource availability for intervention), and 4) if the interventions are
correctly selected and implemented (in Figure 4.12, Proper intervention).
Since these two effects (paths) can work simultaneously, it may result in confusion on the
predictive power of early warning score. At the end, the overall objective is to increase the extent
to which early warning systems in healthcare achieve their objectives, i.e., predicting and
preventing adverse outcome. Figure 4.13, demonstrate the potential source of conflict.
In the case where outcome is predicted and is happened we conclude a successful prediction but
poor prevention. In contrary, we have poor prediction for the system where outcome is not
predicted but is happened.
The main source of confusion is the cell with outcome predicted of “Yes”, and outcome happened
of “No”. There are two different reasons to be in this cell. Either we observed a poor prediction,
or the system could successfully predict and prevent the outcome should be investigated to achieve
an accurate conclusion. Notably, an ideal powerful early warning system not only would predict
the adverse outcome successfully but would prevent it too. Finally, a system could successfully
predict the outcome where outcome is not predicted and is not happened.

Outcome
Happened

Outcome Predicted
Yes

No

Yes

Successful Prediction,
Poor Prevention

Poor Prediction

No

Poor prediction
OR
Successful prediction,
Successful prevention

Successful Prediction

Figure 4.13 Evaluation of early warning systems
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4.6 Conclusions
In conclusion, this review finds mixed evidence on the predictive power of early warning or
diagnostic scores. We hypothesize that the variation may relate to the purpose of use of these
measures, i.e., prediction vs. prevention. We found better prediction for healthcare intensity than
outcome, which resonates with our finding in the previous paper. We also hypothesize that poor
evidence on predictive power of these measures may relate to accuracy, attention to measures,
and proper interventions. We suggest that future research focus on improving accuracy as well as
attention and intervention, looking at early warning systems as a part of a “whole system” which
influence healthcare response to measured risks.
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5. Conclusions
Risk assessment is a systematic procedure for describing and quantifying the risks associated with
hazards or catastrophic events. Risk assessments are very important as they help create awareness
of hazards and risks, and determine if existing control measures are adequate or if more should be
done. Risk indicators are metrics that are widely used in risk management to indicate how risky an
activity is. Among different types of risk indicators, early warning systems are designed to help
decision makers predict and be prepared for catastrophic events. Especially, in complex systems
where outcomes are often difficult to predict, early warnings can help decision makers manage
possible risks and take a proactive approach.

5.1 Risk Assessment of Occupational Injuries
The consideration of additional severity factors improves risk assessment and the estimation of
injury severity of occupational injuries. A three dimensional risk assessment matrix allows for the
analysis of an incident’s degree of preventability, frequency, and severity all at once. A new
severity metric that incorporates employee and workplace risk factors, as well as a new threedimensional risk assessment matrix based on residual risk scores was proposed, in an effort to
include more information in the injury risk assessment process. Using the new Accident Severity
Grade (ASG) in the proposed three-dimensional risk assessment matrix, industries can quantify an
accident’s severity immediately after the incident occurs. This approach allows for real-time
monitoring of severity, which will lead to more timely implementation of hazard controls that are
specifically targeted toward the most severe accident types and their causes. In order for the
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proposed system to be as effective as possible, it will be necessary for industries to collect more
detailed data related to worker and workplace factors.

5.2 Predictability of Mortality and Hospital LOS
Risk evaluation and control have been important components of healthcare operations. Ideally,
providers would like to predict health risks early during hospital admission and take controlling
actions. Different methods and techniques have been developed for this purpose, one of which is
the early warning system.
We analyzed the predictability of hospital LOS and in-hospital mortality by using MEWS, vital
signs, demographic data, and physicians’ subjective assessments. In addition, we analyzed the
effect of patients’ MEWS on physicians’ subjective assessments and the effects of those
assessments on LOS and mortality rate. We showed that MEWS is not a good predictor of hospital
LOS and mortality. Physicians’ subjective assessments of patients (i.e., severity level and mortality
risk) are better predictors of both outcome (mortality) and LOS. Furthermore, unobservable
physicians’ characteristics (represented as fixed-effect controls) are very strong predictors of LOS,
which means that patients of specific physicians may stay longer in the hospital. Moreover, how
humans (physician) react and make judgments are better predictors of both LOS and outcome than
patient physiological measures (MEWS). Overall, subjective assessment in our context were better
predictors of the process (represented in LOS), and were inversely predictors of death, while
MEWS as an objective measure was not associated with LOS or death.
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5.3 Analyzing the Predictive Power of Healthcare Early Warning Systems
Early warning systems have been widely used in healthcare to predict adverse outcome. The
available literature was systematically reviewed to assess the predictive power of early warning
systems and prognostic risk indicators in predicting different outcomes in health. Inclusion criteria
were original empirical studies that assessed prediction tests by reporting sensitivity and specificity,
or area under the receiver operating characteristic curve (ROC AUC). Mixed evidence was found
on the predictive power of early warning or diagnostic scores. We hypothesized that the variation
may relate to the purpose and use of these measures, i.e., prediction vs. prevention. It is also
hypothesized that poor evidence on predictive power of these measures may relate to accuracy,
attention to measures, and proper interventions. We suggested that future research should focus on
improving all these measures, looking at early warning systems as a part of a “whole system”
which influence healthcare response to measured risks.

5.4 Summary
In summary, a new objective risk indicator for evaluating the risk of occupational injuries was
introduced. Moreover, a risk indicator in healthcare systems, i.e., MEWS, was studied in compare
to physician’s subjective risk measures to predict the health outcome in hospital. Finally, the
predictive power of specific risk indicators, i.e., early warning systems, in predicting risky events
was examined in healthcare.
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Appendix A: A Simulation Model of Health Risk Assessment
We developed a dynamic, stochastic, simulation model of patients admitted to hospital to examine
lasting effects of their initial risk factors depicted by early warning scores. A patient level model
is designed to simulate hospital LOS and mortality based on patient’s initial health risk and
physician’s subjective assessment of risk. The goal of this was to develop a coherent theory about
predictability of outcome by using early warning scores in healthcare systems.
In this simulation model, patients with initial health risks are admitted to hospital. The initial health
risk values of patients at time 0 are assumed to be a type of early warning score which are
characterized by normally distributed random numbers between 0 and 1 (𝜇 = 0.5, 𝜎 = 0.25).
At each time period, physicians visit their patients, assign subjective risk scores (also, between 0
and 1), and offer service accordingly. Physician’s subjective risk score is a function of true risk
score and an error. As in reality, we assume that receiving hospital service usually improves
medical state, however, patient’s medical state may get worse despite receiving healthcare service.
At the end of each time period, if physicians’ assessment of risk values for their patients is lower
than a specific threshold (discharging threshold), the patient will get discharged from the hospital.
We run this model for 10,000 patients who are randomly assigned to 100 physicians over a 30 day
time period. The goal of the model is to examine how long patients stay in the hospital and what
proportion die as a function of their initial health risk and physician’s initial assessments. In
following we describe the model formulation in more details.

89

Model Formulation
We want to define a function that describes the actual health risk of patient over time, from the
time of hospital admission to discharge. We index a particular patient by 𝑖 and let the health risk
of patient 𝑖 at time 𝑡 be 𝑟𝑖,𝑡 . We can write patient’s health risk as
𝑟𝑖,𝑡 = 𝑟𝑖,𝑡−1 + ∆𝑟𝑖,𝑡 ,

0 ≤ 𝑟𝑖,𝑡 ≤ 1, ∀𝑖 = 1. . 𝑁, ∀𝑡 = 1. . 𝑇,

(A.1)

where ∆𝑟𝑖,𝑡 is the rate of change in medical condition at time 𝑡. Thus, ∆𝑟𝑖,𝑡 > 0 represents a
deteriorating condition for patient 𝑖 at time 𝑡. Furthermore, we define a function that characterizes
physician’s subjective assessment of patient’s health risk over time. That is,
𝑟̅𝑖,𝑡 = 𝑟𝑖,𝑡 + 𝜀 + 𝑏𝑑 ,

0 ≤ 𝑟̅𝑖,𝑡 ≤ 1, ∀𝑖 = 1. . 𝑁, ∀𝑡 = 1. . 𝑇, ∀𝑑 = 1. . 𝐷,

(A.2)

where 𝑟̅𝑖,𝑡 is the value of physician’s subjective assessment of health risk for patient 𝑖 at time 𝑡. In
this equation, 𝜀 is a normally distributed error term (𝜀~𝑁(0, 𝜎)) that describes the deviation of
subjective risk value from its true value of health risk, and 𝑏𝑑 refers to the systematic bias of
physician 𝑑 in her patients’ examination. In this equation 𝑏𝑑 represents difference in physicians’
style and characteristics assumed to be constant during our simulation period.
Hospital service and interventions can change the value of the risk defined in Eq. (A.1).
Mathematically the following difference equation, Eq. (A.3), represents change in 𝑟𝑖,𝑡 :
∆𝑟𝑖,𝑡 = 𝐾. 𝑓(𝑟𝑖,𝑡−1 , 𝑆𝑖,𝑡 ),

∀𝑖 = 1. . 𝑁, ∀𝑡 = 1. . 𝑇,

(A.3)

where 𝑆𝑖,𝑡 refers to the service that patient 𝑖 receives at time 𝑡. It is notable that, ∆𝑟𝑖,𝑡 will increase
as 𝑟𝑖,𝑡−1 increases, representing cascading patterns of health in critical conditions, but ∆𝑟𝑖,𝑡 will
decrease as 𝑆𝑖,𝑡 increases, i.e.,

𝜕
𝜕𝑟

𝜕

𝑓 > 0, 𝜕𝑆 𝑓 < 0. In Eq.(A.3), 𝐾 is a constant parameter
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representing all other factors and assumed to be the same for all patients. Let 𝑟𝑑 represent the
discharging threshold, so the risk value below 𝑟𝑑 indicates that patients are safe and can be
discharged from hospital. For the purpose of parsimony, we assume the following simple function
for 𝑓(𝑟𝑖,𝑡−1 , 𝑆𝑖,𝑡 ):
𝑓(𝑟𝑖,𝑡−1 , 𝑆𝑖,𝑡 ) = (𝑟𝑖,𝑡−1 − 𝑟𝑑 ) − 𝑆𝑖,𝑡 .

(A.4)

The equation has two terms. The first term represents deteriorating conditions as a function of
one’s current health risk, i.e., with no health service, sick patients get sicker. The second term
represents the service that one receives in hospital. In Eq. (A.4), whether the first term
(deteriorating effect) is stronger or the second term (health service) determines if one heals or not.
Such services is assumed to be proportional to the level of attention that physicians pay to a patient,
(𝑟̅𝑖,𝑡−1 − 𝑟𝑑 ). We formulate health service as:
𝑆𝑖,𝑡 = 𝐾 ′ (𝑟̅𝑖,𝑡−1 − 𝑟𝑑 ),

𝑆𝑖,𝑡 ≥ 0.

(A.5)

In this equation, 𝐾 ′ is a coefficient that represents proportional power of the second term, and
helps us to simulate different healthcare performance functions. As it is notable, higher values
of 𝐾 ′ depict better health service quality. While as shown in Eq. (A.4), 𝑓 is assumed to be a simple
linear model, our analysis for a range of non-linear conditions for each of the terms provides
qualitatively similar results.
By substituting Eq. (A.5) in Eq. (A.4), we determine the change in medical state for each patient
over time.
We can calculate LOS for each patient in our model by adding up the time periods that patient
have been hospitalized as presented in Eq. (A.6):
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𝐿𝑖,𝑡 = ∑𝑇𝑡=1 ∆𝐿𝑖,𝑡 , ∀𝑖 = 1. . 𝑁,

(A.6)

where ∆𝐿𝑖,𝑡 is a binary variable that represents whether patient 𝑖 stayed in the hospital at time
period 𝑡 (∆𝐿𝑖,𝑡 = 1) or not (∆𝐿𝑖,𝑡 = 0). It is worth to note that, the patient stays in the hospital if
physician’s subjective risk value is greater than the discharge threshold, and if patient is already
in the hospital in previous time period (we assume no return to hospital after discharge). This is
represented in Eq. (A.7):
1, 𝑖𝑓 𝑟̅𝑖,𝑡 > 𝑟𝑑 𝑎𝑛𝑑 ∆𝐿𝑖,𝑡−1 = 1
∆𝐿𝑖,𝑡 = {
,
0, 𝑖𝑓 𝑟̅𝑖,𝑡 ≤ 𝑟𝑑 𝑜𝑟 ∆𝐿𝑖,𝑡−1 = 0

∀𝑖 = 1. . 𝑁, ∀𝑡 = 1. . 𝑇.
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(A.7)

Appendix B: Additional Analysis
Here, we present more information about our data and variables and report additional analyses of
LOS prediction. Table B.1 shows the matrix for correlation coefficients between control variables.
Table B.2 depicts the results of regression analysis in which we did a 𝑙𝑛 transformation on
dependent variable, as follows:
ln(𝑦) = 𝛽0 + 𝛽𝑖 𝑥𝑖 + 𝜀𝑖

(B.1)

The results in Table B.2 are consistent with Table 3.4, which shows that the findings are robust.

Age

1.00

Weight

-0.29

1.00

Height

-0.15

0.45

1.00

BMI

-0.26

0.89

0.00

1.00

MEWS

-0.02

0.01

0.10

-0.04

1.00

Temperature

0.03

0.02

-0.00

0.02

-0.26

1.00

Pulse Rate

-0.11

0.02

0.04

0.00

0.48

0.05

1.00

Respiratory

0.02

0.11

0.08

0.08

0.51

-0.00

0.27

1.00

SBP

0.13

0.05

-0.03

0.08

-0.13

0.01

-0.14

-0.01

1.00

DBP

-0.18

0.12

0.13

0.08

-0.04

-0.02

0.10

-0.01

0.55

1.00

SpO2%

-0.12

-0.06

0.03

-0.08

-0.15

-0.05

-0.14

-0.11

0.03

0.06

1.00

Severity Level

0.15

-0.01

0.06

-0.05

0.30

-0.00

0.26

0.18

-0.17

-0.18

-0.09

1.00

Mortality Risk

0.35

-0.10

0.05

-0.14

0.30

-0.00

0.22

0.17

-0.12

-0.14

-0.10

0.73

1.00

LOS

0.06

-0.01

-0.01

0.00

0.16

0.05

0.15

0.08

-0.09

-0.10

-0.02

0.43

0.36

1.00

Mortality

0.10

-0.04

0.04

-0.07

0.21

-0.15

0.06

0.12

-0.06

-0.05

-0.13

0.26

0.30

0.01
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Mortality

LOS

Mortality Risk

Severity Level

SpO2%

DBP

SBP

Respiratory

Pulse Rate

Temperature

MEWS

BMI

Height

Weight

Age

Table B.1 Correlations between variables

1.00

Table B.2 Regression analysis for length of stay with logarithm transformation
Source (𝒙𝒊 )

M1

M2

M3

M4

M5

M6

Patient Features
Age

Gender

Weight

Height

BMI

MEWS

0.01***

0.004**

(0.002)

(0.002)

0.07**

0.07**

(0.03)

(0.03)

-0.01

-0.01*

(0.01)

(0.01)

0.01*

0.02*

(0.01)

(0.01)

0.04

0.04**

(0.02)

(0.02)

0.08***

-0.10

0.03

0.03

0.01

0.02

(0.02)

(0.58)

(0.03)

(0.03)

(0.03)

(0.03)

0.01**

0.01**

0.01**

0.01

0.003

(0.01)

(0.01)

(0.01)

(0.01)

(0.006)

0.003**

0.01***

0.01***

0.002

0.003**

(0.001)

(0.002)

(0.002)

(0.001)

(0.001)

0.01

0.01

0.004

-0.002

-0.01

(0.01)

(0.01)

(0.01)

(0.01)

(0.01)

-0.002*

0.001

-0.001

0.00

0.001

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

Not

Not

Not

Not

Not

Significant

Significant

Significant

Significant

Significant

-0.01***

-0.01**

-0.002

-0.003*

(0.002)

(0.002)

(0.002)

(0.002)

0.003

0.01

0.01

0.01

(0.01)

(0.01)

(0.01)

(0.01)

Vital Signs
Temperature

Pulse Rate

Respiratory

SBP

AVPU

Additional Physiological
Measures
DBP

SpO2%
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Subjective Assessments
Severity Level

Mortality Risk

0.33***

0.31***

(0.04)

(0.04)

0.07**

0.10***

(0.04)

(0.04)

Physician
Intercept

Significant
1.12***

-0.18

-3.79**

-4.16**

-4.06**

(0.04)

(1.01)

(1.82)

(1.66)

(1.69)

𝑅2

0.02

0.03

0.05

0.08

0.23

0.38

𝑅2 adjusted

0.02

0.03

0.04

0.06

0.22

0.30

Observations

1021

1021

1010

1010

1010

1010

***𝑝 < 0.01, **𝑝 < 0.05, *𝑝 < 0.1
Note: Standard errors are in parentheses.
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