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Cancer patients admitted to the intensive care unit (ICU) may be experiencing 

complications of disease or treatment-related effects. While acute complications related 

to disease and/or its therapeutic management vary in severity, the approach to ICU-

centered care is complicated by actual versus perceived risks of poor outcomes. 

Prognostic models that inform clinical judgment of nurses and physicians may prove 

helpful in this population. The Acute Physiology and Chronic Health Evaluation II 

(APACHE II), Simplified Acute Physiology Score II (SAPS II) and Sequential Organ 

Failure Assessment (SOFA) are ICU-based models predicting 30-day mortality among 

the general ICU population. Although studies have been published on use of each model, 

prognostic accuracy for predicting 30-day, all-cause ICU mortality in the cancer 

population has yielded mixed results.  

The purpose of this study was to determine which prognostic model demonstrated 

greatest prognostic accuracy among oncology patients. Framed within a derived 

Prognostic Framework, a meta-analysis of prospective and retrospective cohort studies 

using literature searches of CINAHL, Cochrane, PubMed and Web of Science databases 
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spanning 2000 to 2017 timeframe was performed. Meta-regression with a random-effects 

model was used to summarize area under the receiver-operating characteristic curves 

(AUCs) to estimate overall predictive accuracy for the APACHE II, SAPS II, and SOFA. 

After comparing performances, APACHE II demonstrated greatest predictive accuracy.  

Keywords: Prognostic models, intensive care unit, cancer, meta-analysis, meta-

regression 
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Chapter 1  

Introduction 

  Critically ill oncology patients admitted to the ICU are a vulnerable at- risk population 

for clinical bias towards perceived poor prognoses (Bird et al., 2012; Kopterides et al., 2011; 

Neville et al., 2015). Negative preconceived notions about the clinical response of oncology 

patients to aggressive medical management in the critical care environment are reflective of 

biases and misunderstandings related to cancer diagnoses, traditional treatment methods, and 

past approaches to symptom management (Cruz, Camalionte, & Caruso, 2015; Louie et al., 

2013; Mohammed & Peter, 2009). Perception of prognosis is often demarcated between 

specialists (oncology experts versus critical care professionals) sharing ICU patients rather than 

full engagement and thorough information exchange across disciplines (Daly et al., 2016). 

Information and knowledge gaps compromise clinical perceptions, leaving critically ill cancer 

patients vulnerable to subjective opinions regarding patients’ prognoses of cancer patients (Frost, 

Cook, Heyland, & Fowler, 2011; Mohan, Alexander, Garrigues, Arnold, & Barnato, 2010; Uy, 

White, Mohan, Arnold, & Barnato, 2013; Visser, Deliens, & Houttekier, 2014). 

The current state of cancer treatment and improved short-term survival outcomes in acute 

care settings are the catalyst for ensuring objective modes of determining prognoses in the 

oncology population are applied at the bedside. The 21st century ushered in technological and 

biomedical advancements in oncology that date back to the signing of the National Cancer Act 

(NCA) of 1971. Through its legislative edicts, major investments in cancer research have led to 

historic successes in the areas of improved chemotherapies, biotherapeutic developments, 

imaging technology, and enhanced side effect management (Conway, Carragher, & Timpson, 

2014; Gambhir, 2002; Ozols et al., 2007; Tiwari & Roy, 2012; Vogelzang et al., 2012; 
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Weissleder, 2006; Wingo et al., 2003). Some patients diagnosed with cancer can now expect 

favorable prognoses amid serious disease and treatment-related complications requiring intensive 

care management (Schellongowski et al., 2004; Torres et al., 2016). 

Investigation into improving the accuracy of prognostic information is warranted to 

reduce the subjective nature of perceived poor outcomes at the bedside (Hall, 2017). Relying 

solely on subjective notions to discriminate between favorable and unfavorable prognoses early 

into the admission process have not proven to be precise among critical care nurses and 

physicians (Detsky et al., 2017; Hall, 2017). Outcomes from studies examining predictive 

prognostic accuracy and concordance between critical care nurses and physicians revealed low 

accuracy rates and discordance between disciplines (Detsky et al., 2017; Neville et al., 2015). 

Acquisition of models that accurately discriminate prognosis remain promising. When applied 

appropriately, prognostic models can contribute important analytical information to guide the 

clinical care of patients (Detsky et al., 2017; Liu et al., 2015; Sawicka, Owczuk, Wujtewicz, & 

Wujtewicz, 2014). 

Several validated prognostic models (vPMs) are readily available for use in the ICU to 

predict short-term mortality risk (i.e., 30-day ICU stay). Three of the most widely used vPMs in 

the critical care environment are the Acute Physiology and Chronic Health Evaluation II 

(APACHE II), Simplified Acute Physiology Score II (SAPS II) and Sequential Organ Failure 

Assessment (SOFA) (Vincent & Moreno, 2010). The vPMs may be utilized to provide 

information for determining acuity of care among critically ill patients, make nurse-patient 

assignments, and support patient-family decisions about care. To-date, APACHE II, SAPS II, 

and SOFA perform well when discriminating between likely survivors and non-survivors in 

general ICU patient populations (Horster et al., 2012; Keegan, & Soares, 2016; Vincent & 
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Moreno, 2010). A knowledge gap exists about how well vPMs perform in critically ill ICU 

cancer sub-populations (Sawicka, Owczuk, Wujtewicz, & Wujtewicz, 2014). Exploring the 

performances of APACHE II, SAPS II, and SOFA among critically ill ICU cancer patients is an 

opportunity to determine utility of these tools to critical care staff at the bedside.  

Purpose Statement 

Performances of APACHE II, SAPS II, and SOFA emerged as objective measures for 

obtaining a prognosis among critically ill ICU patients. Good performance has been established 

for each vPM in general ICU populations, but overall performances in an ICU sub-population, 

such as critically ill cancer patients, have not been established. The primary aim of this study was 

to identify the vPM demonstrating greatest prognostic accuracy in the critically ill adult 

oncology ICU sub-population. To address the primary aim, meta-analysis was performed to test 

pooled results gathered from the best available research. 

The APACHE II, SAPS II, and SOFA models were selected based on established 

validity, objectivity, wide use, and broad acceptance in the critical care medicine domain 

(Vincent & Moreno, 2010). Each model had been studied in several adult general ICU 

populations and ICU sub-populations resulting in the assumption that study-level data would be 

available in the literature. For that reason, measuring the overall performances of APACHE II, 

SAPS II, and SOFA models using a structured, systematic approach to aggregate the findings of 

published literature was determined to be the best approach to meeting the study purpose.  

Prognostic model performance research commonly includes univariate analysis of 

variables (e.g., covariates) being tested for a relationship to ICU mortality. Covariates are 

prognostic indices not captured in the model of interest but determined to be independent 

outcome determinants of 30-day ICU mortality and/or influence the predictive accuracy of vPMs 
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(Ramsey et al., 2008). Each vPM aggregates several, though slightly different, physiological 

variables to determine mortality risk. Examples of physiological variables not included in any 

vPM algorithms but well-established as indicators of cancer-related mortality outcomes include 

the patient “performance status” score at the time of ICU admission, serum albumin level, and 

hydration status (Li et al., 2017; Nwosu et al., 2016; Wolf et al., 2016). Therefore, the secondary 

aim was to describe covariates reported as independent predictors of 30-day ICU mortality.  

Background 

The topic of vPM application is broad and discussion of significance in the oncology 

population is multifaceted. When considering the complexity of cancer patients admitted to the 

ICU, advances in life-sustaining technology, and changing societal expectations for recovery, 

accurate prognostication in the ICU becomes emotionally charged and challenging for critical 

care staff (McDermid & Bagshaw, 2009). Despite the heterogeneity of oncology patients 

admitted to the ICU, biases against aggressively treating critically ill cancer patients, in general, 

persist in this setting and creates ethical concerns. Conversely, patients and/or families may 

request aggressive measures even when care is futile. It is within this context that the predictive 

accuracy of vPMs has a distinct role to play in the relationship between 30-day intensive care 

mortality and cancer-specific prognosis in the ICU.  

Prognostic Models  

General validated prognostic models (vPMs) are tools that offer a systemized way of 

aggregating physiological variables known to be predictors of survival outcomes in the ICU. For 

the purpose of conducting a meta-analysis, this study was limited to three vPMs: APACHE II, 

SAPS II, and SOFA. As generic prognostic systems, the information yielded by each vPM is 

used to establish 30-day ICU mortality risk among critically ill patient groups (Yu et al., 2014). 
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Mortality risk is quantified using the values of a set of physiological variables routinely observed 

and measured in the ICU by critical care nursing and physician staff. Each physiological variable 

used in a given vPM to generate a prognosis, is measured via ICU-based hemodynamic 

monitoring apparatuses and laboratory specimens (e.g., serum calcium and potassium). These 

same variables are reported regularly in critical care nursing documentation; thus, simplifying 

the steps needed to generate a prognosis at the bedside. 

Every vPM performs statistical calculations to produce a raw severity-of-illness (SOI) 

score and corresponding estimated mortality reported in the form of a percentage. Although the 

bedside nurse collects and documents the information needed in the medical record, either 

critical care nurses (CCNs) or intensivists enter the data into a vPM calculator for a mortality 

probability estimate. A physician then interprets the SOI score and percentage by translating 

these integers into clinical meaningful information. The information gathering and sharing 

process among the nurse-physician teams makes providing a prognosis to patients/families a 

collaborative process between CCNs and intensivists.  

The calculation (SOI score and percentage of estimated mortality risk) is translated into 

terms most appropriate for patient/family levels of education and comprehension. As a 

stipulation, these systems were validated based on measurements obtained within the first 24-

hours of admission for their hypothesized predictive accuracy and must be applied in the same 

manner. As a result, the worst values observed within the first 24 hours are used for baseline 

assessments of patient 30-day survival chances as well as determining baseline prognoses (i.e., 

favorable versus unfavorable).  

The function of vPM calculations resulting in SOI scores are based on vital sign 

measurements and laboratory values of selected physiological variables specified per prognostic 
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system to predict mortality risk. Values of physiological variables (e.g., serum electrolytes, white 

blood cells, arterial blood gases, Glasgow coma scale) included in each vPM are weighted 

according to their known relative impact on 30-day ICU mortality (Vincent & Moreno, 2010). 

Although the physiological variables, along with importance of their corresponding values, 

reasonably vary from one prognostic scoring system to the next, each model combines their 

values for analysis using logistic regression techniques and equations (Vincent & Moreno, 2010). 

Specifically, multiple logistic regression is used in each vPM to provide the probability of 30-

day ICU mortality (Vincent & Moreno, 2010). As a result, vPMs are established objective tools 

capable of stratifying patients into groups in relation to benefit/non-benefit of aggressive care 

measures when admitted into the ICU (Leung, McArdle, & Wong, 2011). 

Cancer Patients in the ICU 

Advances in the delivery of care outside of oncology specialization and the use of life-

saving strategies in the acute care setting contribute significantly to the increase in short-term 

survival outcomes in the ICU. The critical care environment is where specialized knowledge and 

the actions of non-oncology nurse-physician teams make use of advancements in life-saving 

strategies that greatly impact 30-day mortality for critically ill persons. This setting was of 

interest in this study because the number of patients with hematological malignancies and solid 

tumors admitted to this environment has increased (Torres et al., 2016). Past studies report 

improved survival outcomes in several subsets of this patient population while no differences in 

survival outcomes among critically ill cancer patients were observed when compared to general 

critical care patient mixes (Benoit et al., 2003; Torres et al., 2016). 

Similar to the general ICU population, patients admitted to the ICU with a cancer 

diagnosis have situational needs. For example, treatment-related effects due to anti-cancer agents 
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(e.g., sepsis, renal toxicity, coagulopathy) can be very serious yet reversible when timely, 

thoughtful management approaches are delivered in intensive care settings (Parakh et al., 2014). 

Prognosis related to severe insult to health because of treatment is distinctively different from a 

cancer prognosis; rather, prospects of recovery are associated with the severity of 

complication(s) from treatment and how adverse events can be managed best in intensive care 

environments. In addition, certain cancer types are very aggressive at the time of diagnosis and 

respond well to treatment, but carry a poor prognosis when left untreated. For example, a disease 

such as acute promyelocytic leukemia is very aggressive and deadly but “curable”. However, it 

requires appropriate drug combinations administered to a patient under close monitoring 

conditions most conducive to ICU care practices (Rowland et al., 2013; Walker & Held-

Warmkessler, 2010).  

Some cancer treatments, such as immunotherapy administered for malignant melanoma 

requires meticulous nurse monitoring due to life threatening side effects (Yu & Si, 2017). The 

nurse-to-patient ratio and nursing skill levels unique to the ICU environment are supportive of 

rigorous patient care needs. Therefore, the critical care nursing staff is readily available to 

identify serious side effects associated with immunotherapy and facilitate timely care.  In this 

situation, the cancer prognosis is poor due to aggressivenessof disease, while the intent of 

successful treatment is “cure”. Because the physiological demand on the patient is great, ability 

to tolerate therapy is very challenging, and individual response varies; therefore, improved 

prognosis is not guaranteed with this type of treatment (Lefebvre et al., 2017).  

There are case scenarios more clearly indicative of unfavorable prognosis such as cancer 

patients with disease states that are terminal. Terminal illness and poor prognosis are clearly 

established when cancer is no longer responding to available treatments and life-sustaining 
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strategies in the ICU are ineffective. Physiological processes are overwhelmed, health continues 

to decline, and death is imminent with absolute certainty. In this case, a patient receives a poor 

prognosis most befitting of a deteriorating condition and continued efforts to sustain life are 

reasonably futile.  

On the other hand, there are patients with a cancer diagnosis admitted post-operatively 

with complications related to surgery who recover well. In this scenario, both the cancer 

prognosis and 30-day ICU prognosis can be favorable. Moreover, if a post-op patient with cancer 

suffers from a life threatening condition unrelated to the malignancy, it is the 30-day ICU 

prognosis that is unfavorable. The impetus for exploring the different needs of cancer patients in 

the ICU is to establish that prognoses ought to be tailored around the immediate acute 

physiological needs and ICU-specific diagnoses of patients, rather than conditioned beliefs about 

delivering care perceived to be futile. Nevertheless, proficient, high acuity care delivered by 

nursing and medical staff in the ICU makes it the setting best suited for accessing optimum 

nursing care so that critically ill cancer patients have the best chances of survival. 

Significance 

Patient–Family Centered Experience 

Patient ICU experience and family presence at the bedside is a demanding psychological 

event for both (Bolton, 2016; Nikayin et al., 2016). The experience, for patients and family 

members, takes place within an environment of high-tech monitoring apparatuses, alarms, and 

procedures. Studies revealed a lack of emotional support, poor communication, and failure to 

explain prognosis lead to unknowns that create anxiety, psychological distress, and low 

satisfaction with care for both patients and family members (Beckstrand, Lamoreaux, Luthy, & 

Macintosh, 2017; Carlson et al., 2015). The significance of identifying a vPM most predictive of 



9 

 

mortality outcomes in the oncology population is its use as a decision aid to offer emotional 

support, communicate health status, and explain prognosis. 

As decision aids, vPMs use physiological variables to assess severity-of-illness to 

generate SOI scores so that these clinical factors are transformed into an “estimated-risk of 

mortality” or prognosis.  Using hemodynamic parameters and physiological characteristics of the 

patient introduces objectivity into clinical reasoning and decision-making so that the patient and 

family have practical information to make decisions. Observations of hemodynamic monitoring 

and nursing care become contextual for patients and family members when staff explain how 

prognosis is clinically derived from the information collected. Patient and family observers 

believe conclusions are more objective when prognoses appear competently integrated into 

bedside care and communication (Zier et al., 2008). 

Sensitivity to staff presence by patients and families is heightened by a sense of 

vulnerability and awareness of mortality. Mortality becomes deeply reflective for patients and 

chance of survival is a focal point of patient/family discourse and decision-making (Hutchison et 

al., 2016). Information sharing regarding prognosis and demonstrations of competence build trust 

between the nurse, physician and patient-family relationship triad (Carlson et al., 2015; 

Hutchison et al., 2016). According to Hutchison et al. (2016), establishing trust early is 

paramount to limiting conflict that can occur during the care planning process between clinicians 

and patients or their surrogate decision makers when prognoses is not fully understood. 

Discordant prognostic estimates from multiple critical care staff cause patients and/or 

family members to experience doubt, mistrust, and frustration (White, Engelberg, Wenrich, Lo, 

& Curtis, 2010; White et al., 2016; Ziers et al., 2012). The importance of establishing vPM 

performance is to have an objective tool for use as a resource to support predicting prognoses 
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amidst questionable outcomes and uncertainty. A thoughtful approach by the critical care staff is 

essential to managing expectations, particularly when clinical judgment is antithetical to 

patient/family beliefs and desires (Ziers et al., 2012).  

Moreover, communicating accurate information, such as SOI scores and estimated 

mortality risk, are important to allaying concerns patients and families have at a time of critical 

illness; however, it must be framed in understandable terms to be meaningful (Gigerenzer & 

Edwards, 2003; White et al., 2016). The value of vPMs is best realized when the complexities of 

a patient condition are translated into relatable terms by critical care staff that address knowledge 

deficits and promote realistic expectations at the bedside (Gigerenzer & Edwards, 2003).   

Prognosis in the Nursing Process 

  Admission to the ICU is associated with mortality; however, prognosis and related goals 

of care are often excluded from the discussion (Hall, 2017; Turnbull et al., 2014).  Nursing 

research indicates CCNs have concerns about the need to take an active role in communicating 

with patients, families, and physicians the significance of prognosis and setting goals of care 

reflective of pragmatic approaches to its related health outcomes (Milic et al., 2015). 

Establishing a prognosis early into the care process helps CCNs identify role expectations and 

navigate patient/family expectations during the nursing care process. 

Although the bedside nurse does not formulate a prognosis, understanding its relevance 

in the care process promotes the delivery of quality care. The nursing process is central to quality 

patient care and applied holistically at the bedside to ensure patient well-being. In the assessment 

phase, the CCN assesses patient and family understanding of prognosis and its relation to setting 

goals of care. Clinical judgment is exercised to recognize knowledge deficits associated with 

patient prognosis in the diagnosis phase. Determining approaches to patient and family 



11 

 

information needs are then established in the care planning phase of care. Implementation phase 

involves eliciting physician perspectives on prognosis, orchestrating a family meeting with key 

stakeholders, and providing emotional support.  

Overall, the nursing process requires assessing and developing a care plan addressing 

patient and family perspectives such as, knowledge deficits, fears, desires, and expectations 

about treatments and benefits to health. Nurses are advocates ensuring patients and families 

understand the care process and communication remains an open exchange for asking questions 

and verbalizing concerns.  A prognosis is explained within the context of individual needs, 

educational level, understanding, and preferences (Parker et al., 2007). Throughout the care 

process, the bedside nurse supports patients and families wanting aggressive measures employed, 

despite unfavorable prognoses. The bedside nurse also supports patients with favorable 

prognoses who decline certain aggressive measures that would reverse untoward health issues. 

The process is circular whereby the bedside nurse re-assesses the situation, exercises clinical 

judgment, modifies the plan if needed, acts on cues from patient and family, and revisits goals of 

care. 

Remaining respectful of preferences and values is key to maintaining quality nursing care 

regardless of diverging or converging decisions in response to prognosis-related information. 

Regardless of patient and family attitude towards making major health care decisions, 

appropriate nursing and medical management requires careful assessment of the situation. 

Turnbull et al. (2015) stated that intensivists are reluctant to discuss outcomes for critically ill 

patients in the face of prognostic uncertainty and frequently do not ask surrogates about patient 

values. In response, a component of nursing care is ensuring the environment is conducive to 

discussions centered on prognosis so that the patient and family experience resolution of 
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concerns about health-related unknowns. It is through nurse-physician shared understandings of 

prognosis and clinical value that patient well-being remains at the center of decision quality.  

Theoretical Underpinning 

The aim of this study was to identify the vPM demonstrating the greatest prognostic 

accuracy in the critically ill oncology population. The performances of APACHE II, SAPS II, 

and SOFA were the primary focus. The performance of each vPM begins with measurements of 

physiological variables routinely recorded in the ICU. For each model, a mathematical 

computation is performed using physiological measurements to generate a raw score translated 

into an estimated risk profile. The estimated risk profile is objective information used in 

conjunction with clinical reasoning to communicate a prognosis to patients and surrogate 

decision-makers. 

To explain vPM performance at the bedside, a derived Prognostic Framework (Figure 1), 

built on the underpinnings of three theories, guided the study. The borrowing of theoretical 

principles collectively describe vPM function (principles of physiology and homeostasis), vPM 

validity (Bayes reasoning) and vPM objectivity (Sociological Theory of Objectivity) to generate 

a prognosis in this study. Principles of physiology explain how measurable physiological 

variables serve as predictors of mortality. Biostatistics modeling is the logic applied to 

probability testing (conditional probabilities) and estimates of mortality when physiological 

predictors are aggregated using mathematical computations. Probabilities lead to estimates 

converted into mortality risks to provide objective information about prognosis.  All together, 

each component affects the ability of the model to provide an accurate estimate of ICU mortality 

and justify bedside application for individual cancer patients. That is, probability testing applied 
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to human physiological responses to disease can result in objective information such as 30-day 

ICU mortality risk. 

Homeostasis 

Each prognostic model uses physiological variables representative of well-functioning 

homeostatic control in the human body. Homeostatic control or homeostasis is the degree in 

which the human body maintains equilibrium in its internal environment (Rizzo, 2016). 

Homeostatic process is the action of physiological mechanisms controlling human bodily 

functions and monitoring conditions within organ systems. Examples of homeostasis include the 

regulation of body temperature, acid-base balance, and electrolyte concentrations despite 

changes in the internal and external environment. Minor fluctuations in normal blood pressure, 

breathing pattern, and heart rate in response to physiological/psychological stress are signs of 

well-functioning homeostasis. 

Through a series of complex relationships between different human body systems, 

physiological processes undergo constant adjustments through negative feedback mechanisms to 

sustain physiological balance (Rizzo, 2016).Therapeutic interventions in the ICU focus on 

measuring and restoring physiological balance. Issues such as critical illness, severe injury, 

and/or prolonged physiological stress can decrease the adaptive capacity of homeostatic function. 

Decreased adaptive function leads to inadequate homeostatic control and weakened 

compensatory mechanisms resulting in increased risk of death. When homeostatic processes fail 

and/or therapeutic measures are ineffective, deterioration of health continues and death is 

inevitable. Accoring to the Progostic Framework, the initial step requires homeostasis data 

collection and input.  
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Bayesian Reasoning 

Bayes reasoning is the logic that says an external reality (e.g., survival) can be predicted 

when propositions (i. e., physiological variables) that capture the independent and external 

reality (states of health) are in place. Bayesian theorem employs a mathematical method based 

on outcomes from previous studies, prior trials, et cetera to determine the likelihood of that 

observation occurring in the future (Berger, 2010; Gelman et al., 2013). It involves the use of 

mathematical calculations to quantify a situation(s) such as critical illness with an uncertain 

outcome(s) (e.g., 30-day ICU survivor versus non-survivor) as a part of scientific inquiry to 

reveal an external reality (e.g., 30-day prognosis) (Berger, 2010; Gelman et al., 2013). By 

objectively quantifying the probability of an event occurring (death), Bayesian reasoning uses 

probabilistic language and computations to coincide with an independent, external reality 

(observed mortality). It is a way to show correlation between a predicted reality based on 

conditional probabilities and observed reality such as 30-day ICU mortality (Barton, Ethier, 

Duvauferrier, & Burgun, 2017).  

The concepts, mathematical language and rules of probability based in Bayesian logic 

provide the framework for making objective predictions and generating objective prognoses 

(Barber, 2012; Gelman et al., 2013). The aim is to reach sensible conclusions amid complicated 

situations like the unpredictable yet complex needs of critically ill cancer patients. Conducting a 

meta-analysis on this subject matter involved Bayesian indicators of performance: area under the 

receiver operating characteristic curve (AUC); discrimination and calibration; predictive 

accuracy; and objectivity (see the “Definition of Terms”) (Barbini, Cevenini, Furini, & Barbini 

2014; Barton et al., 2017; Marufu et al., 2015).  
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When reviewing and synthesizing the literature for meta-analysis of prognostic systems, 

it is important to understand the performance of each vPM within the context of Bayesian 

indicators of performance. The diagnostic performance statistic used to describe the predictive 

accuracy of vPM is the AUC. This statistic represents how well a vPM uses propositional logic 

to assign mortality probabilities to ICU survivors and non-survivors. Predictive performance is 

assigned a probability measure (AUC values between 0 and 1) based on binary classifications 

(sensitivity and specificity testing) generated by aggregating conditional variables (physiological 

parameters) to objectively determine likelihood of an event occurring. In the derived Prognostic 

Framework, Baysian reasoning guides the creation of an objective indicator based on the 

homeostatis data from step one. 

Objectivity 

According to Fuchs Sociological Theory of Objectivity (1997), objectivity is realized 

when outcomes measuring the same phenomenon independently, correlate strongly with each 

other and across repeated measurements by several investigators. In this context, performing a 

meta-analysis is the methodology for making use of a large collection of results gathered from 

individual studies in order to integrate findings to gain a new objective understanding. It is a way 

of viewing things dispassionately so that reproducible observations are accepted, applied and 

communicated as empirical evidence.  

Fuchs (1997) argues objectivity requires the scrupulous and pedantic work of stripping 

away biases and prejudices, as they exist in a profane world. Through a constructivist lens, 

findings that are inconclusive and/or ambiguous, detract from and hamper objectivity. The nature 

of objectivity is uncovered through correspondence between accurate statements (or facts) and 

the external reality. As a product of objective knowledge, a new language evolves out of 
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reproducible observations; hence, the evidence obtained by means of scientific inquiry 

disciplines (hold in control) subjectivity of observations in lieu of arbitrary ideas (Fuchs, 1997). 

In principle, information communicated to the patient-family must be based in the best available 

evidence rather than influencing factors such as mainstream social ideas, norms, beliefs, 

relationships, or statuses (Fuchs, 1997).  

Objectivity is both empirical and a medium of communication (Fuchs, 1997). Analyzing 

the findings from a collection of studies is the conduit for establishing evidence-based 

conversations about vPM function as an objective tool at the bedside and represents the third step 

in the Prognostic Framework. Through the totality of the evidence, carefully made inferences 

will inform and guide clinical utility. That is, objectivity sets the rules of scientific inquiry, 

represents an independent reality and is a hallmark of transferrable impartiality (Fuchs, 1997). 

As a result, the performances of vPMs act as conduits for objectivity, which produce objective 

information for prognosis-related probabilities available to be shared. This process lay at the core 

of this investigation. 

Objectivity in the Nursing Process. Objectivity is an intellectual phenomenon requiring 

inspecting the methods through which knowledge is formed clinically and subsequently reflected 

in professional attitudes and behaviors (Engebretsen, Heggen, Wieringa, & Greenhalgh, 2016). 

Constructing care that is concordant with patient’s wishes and values must start by framing 

prognosis objectively using information inclusive of best and worst-case scenarios to establish 

balance (Hoerger et al., 2013). Objectivity mediates subjective notions, attitudes, beliefs, and 

planned actions. By providing a balanced approach using objective prognostic information, 

professional biases are reduced and patients receive more than one-sided presentations of clinical 

data (Hoerger et al., 2013).  
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Re-conceptualizing ICU survival requires that estimates of prognosis are the result of an 

objective process. Prognosis is a forecast of clinical outcome and its clinical utility is intertwined 

with patient and family understanding and perspective. Consequently, prognosis makes 

objectivity an essential component of clinical reasoning, medical decisions, and nursing actions 

because of risk of harm to the patient (e.g., withholding care when benefit outweighs risk) (Zier 

et al., 2008; Zier et al., 2012). Nurses and physicians must deliver impartial care and equip 

patients and family members making treatment decisions with accurate information essential to 

making value-based decisions regarding treatment (Dugas et al., 2017). 

Moreover, nurses use aspects of prognosis to explain evidence-based rationale for care 

and to be patient advocates while physicians rely on prognosis to justify treatment 

recommendations. Engebretsen et al. (2016) noted that empirical objectivity is the scientific 

approach to asking, “Did I observe and/or imagine the situation in the right way?” Objectivity 

and tools that help clinicians objectively determine probability of mortality is a way of reducing 

the subjectivity in clinical observations (i.e., predicting short-term prognoses). From this 

position, objective knowledge is important when subjective views are antithetical to the reality of 

either favorable or unfavorable short-term outcomes in the ICU.  

Research Questions 

  The primary aim of this study was to answer the question, “Which prognostic scoring 

system performs 30-day mortality predictions most accurately for critically ill cancer patients 

admitted to the ICU?” Once identified, the tool with optimal performance can subsequently serve 

as the model that augments CCN views and advocacy at the bedside as well as inform clinician 

perceptions, clinical judgment and treatment recommendations. Essentially, the focus was 

identifying performances of vPMs as a source of objectivity for later use to inform nurse 
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knowledge and actions as well as physician-based clinical reasoning, which leads to information 

sharing with patients and families when appropriate. 

  Overall, the objectivity of the outcome serves as evidence for conversations about the use 

of vPMs in reducing the subjective nature of both nurse and physician perceptions about patients 

with a cancer diagnosis in the ICU. Evidence generated from this meta-analysis to answer the 

research question was a way of identifying a vPM that can be used to build concordance between 

nurse-physician perspectives at the bedside and application to decision support for patients and 

families. Because of the availability of three vPMs, the choice of an objective tool offers the 

impartiality needed when sharing prognosis-related information with patients and families during 

the shared decision-making process.  

  The secondary aim was to answer the question, “Among the study sample, what 

physiological variables are reported to be additional independent predictors of 30-day mortality 

for oncology patients in the ICU?” By answering this question, clinicians can use the findings to 

expand clinical knowledge regarding the degree of influence adjunctive physiological variables, 

not captured in the models, play in SOI scores and estimating risk of 30-day ICU mortality. The 

answers to both the primary and secondary questions contextualize the use of prognostic scoring 

systems in critically ill oncology populations. The findings are expected to help CCNs better 

understand the role of vPM use at the bedside and specific application to the care of oncology 

patients. For both CCNs and intensivists, the discussion of findings should expand professional 

knowledge of vPM value to the diversity of ICU patients and how futile care are perceived to 

healthcare professionals at the bedside.  
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Definition of Terms 

 Conducting a meta-analysis centered on the performance outcomes of ICU-based 

predictive tools and explaining the statistical methodology involves understanding the meaning 

of Bayesian terminology. Key terms are defined as follows. 

Area under the ROC curve (AUC). Area under the curve measures the correlation 

between the category predicted by the test and the true category into which the case falls 

and how often predictions and outcomes are concordant (Gonen, 2007; Munro, 2005). 

The closer the AUC is to 1.0 (e.g., 0.80) the better the performance of prognostic model 

is at making accurate predictions. For example, an AUC value of 1.0 means the test is 

perfectly accurate. The practical lower limit for the AUC of a diagnostic test is 0.5 

(Gonen, 2007). 

Calibration. Calibration is the degree of agreement between a model’s predicted 

probabilities and true (or observed) probabilities using general linear model (GLM). 

Cohort.  A cohort is a group of subjects sharing a defining characteristic particularly, 

patients grouped according to the vPM model used to predict mortality. 

Discrimination. Discrimination is the degree to which a probability model is able to 

distinguish between survivors and non-survivors within a 30-day interval (Afessa, 

Tefferi, Dunn, Litzow, & Peters, 2003; den Boer, de Keizer, & de Jonge, 2005).  

Performance. In this study, performance refers to a statistical expression reflecting the 

degree of concordance between predicted outcome and observed outcome (den Boer, de 

Keizer, & de Jonge, 2005; Gonen, 2007). 
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Predictive accuracy.  Predictive accuracay is a statistical phrase referring to a 

calculation of the probability that the test result and prediction agree; the overall 

precision of a test in measuring true findings. (Munro, 2005). 

Summary 

Scientific advancements in recent years have resulted in better treatment protocols, 

greater cure rates and declining mortality rates within the cancer population (NCI, 2015a; NCI, 

2015b; Ryerson et al., 2016; Siegel, Miller, & Jemal, 2015). Despite improvements in treatment 

approaches and supportive care measures, there are instances when patients with active cancer 

diagnoses require care most befitting in the ICU. The heterogeneity of the critically ill cancer 

population and varying nature of disease (i.e., curability, reversibility, control, or terminal) 

makes broad negative assumptions about ICU survival inappropriate. Although the risk of 

delivering futile care is a legitimate concern in the ICU, the extent of medical intervention cannot 

be determined by diagnosis of cancer alone. This reality requires ICU survival be re-

conceptualized because of diversity in clinical presentations, needs, and available resources to 

manage critical illness. 

Based on research, reluctance among critical care nurses and intensivists to admit 

critically ill cancer patients to the ICU is attributed to fatalistic views and beliefs about poorer 

outcomes associated with an active cancer diagnosis (Bird et al., 2012; Kopterides et al., 2011; 

Neville et al., 2015). In addition, critical care staff have reported experiencing apprehension 

towards delivering costly care that is perceived as having no benefit to 30-day survival in the 

ICU (Bos et al., 2015; Cruz, Camalionte, & Caruso, 2015; Kim et al., 2014; Markou, 

Demopoulou, & Myrianthefs, 2008; Sibbald, Downar, & Hawryluck, 2007). These views persist 

in spite of improved management strategies available to reverse untoward treatment effects, 
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control disease, and restore health. Competing factors (set beliefs and perceptions versus patient 

characteristics and advancements in treatments) cause predicting 30-day ICU mortality to be a 

conundrum for critical care staff in the absence of an objective medium. 

Referencing a prognostic tool is an opportunity to weigh the benefits and risks involved 

in ICU admission without bias when triaging cancer patients (Cavallazzi et al., 2009). While 

seeking to provide fair distribution of available ICU resources during triage decisions, clinical 

inclinations are directed towards ICU patients who are mostly likely to survive if admitted 

(Blanch et al., 2016). Unfortunately, triaging is taking place under conditions by which decisions 

for or against ICU admission of cancer patients are often inappropriately focused on the 

underlying malignant disease rather than the physiological parameters representative of mortality 

outcomes (Blanch et al., 2016; Cavallazzi et al., 2009; Horster et al., 2012).  

Nevertheless, the mathematical probabilities of mortality risk, generated by vPMs, inject 

objectivity early into the ICU stay (applied within first 24 hours of admission). When applied at 

admission, the timing of vPM application addresses the subjectivity of traditional beliefs 

influencing how cancer patients are perceived and concerns about futile care in the early hours of 

admission to the unit. When used appropriately, vPMs function as objective tools that inform 

critical care management, critical care nursing action, and support patients and families 

understanding about the direction of care.  

Appropriate use indicates healthcare professionals acknowledge patient-family 

informational needs. Application also reflects attempts to address anxieties in order to better 

facilitate the decision-making process in response to both favorable and unfavorable prognoses. 

The information derived from vPMs does not replace clinical judgment; rather, vPMs add 

impartial information to clinical reasoning and aid the decision-making process. The intent of 
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vPM use is to reduce variability in perceptions between nurses at the bedside and intensivists so 

that patients and family members receive congruent information from staff (Gaeta & Price, 

2010). By reviewing and analyzing the literature, additional insights about the performance of 

vPMs in the cancer population and identification of variables influencing their predictive 

accuracy broadens the understanding of clinical utility among nursing and medical practice. The 

intent is translatable findings applicable at the bedside. 
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Chapter 2 

Review of the Literature 

Admission to the ICU requires consideration for weighing the benefits of providing 

advanced life sustaining measures against the risk of excessive measures that do not reverse 

physiological insult to health. Employing aggressive treatment approaches that do not result in 

quantifiable or qualitative improvements to patient outcomes (i.e., meaningful survival) is 

perceived by many critical care staff to be futile care (Cruz, Camalionte, & Caruso, 2015; Louie, 

et al., 2013; Mohammed & Peter, 2009; von Gruenigen, & Daly, 2005). Moreover, research has 

shown that ICU clinicians (i.e., intensivists, critical care nurses) continue to reluctantly admit 

severely ill cancer patients to critical care units because of perceptions of poor prognoses, 

concern for excessive consumption of resources, and assumptions of delivering costly care that is 

deemed futile (Bird, Farquhar-Smith, Wigmore, Potter, & Gruber, 2012; Horster et al., 2012; 

Sibbald, Downar, & Hawryluck, 2007).  

Advances in the management of malignancies and complications of treatment resulting in 

improved survival outcomes make traditional views of cancer patients as poor candidates for 

admission to the ICU unjustified (Aygencel, Turkoglu, Turkoz-Sucak, & Benekli, 2014; 

Staudinger et al., 2000). Investigations into ICU mortality among critically ill cancer patients 

reveal that survival outcomes are comparable with severely ill non-cancer patients (Bird et al., 

2012; Ñamendys-Silva et al., 2010; Ñamendys-Silva et al., 2015). Moreover, data demonstrating 

increase survival rates support the need to incorporate objective modes of determining prognosis 

into the care planning process.  

Distinguishing between medical and surgical causes as well as underlying co-morbidities 

adds to the complex nature of clinical observation-derived prognoses. Clinical observations in 
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tandem with negative perceptions and assumptions can distort mortality predictions (Gigerenzer 

& Edwards, 2003; Zier et al., 2012). When outcomes are poorly conceptualized (i.e., 

misperceptions of prognosis), patients and families can potentially be harmed by receiving 

inaccurate information (Gigerenzer & Edwards, 2003; White et al., 2016). In addition, the 

existence of inter-professional discordance in observations along with biases between critical 

care nurses and intensivists tend to breakdown collaborative decision-making efforts (Neville et 

al., 2015; Turnbull et al., 2014). Therefore, objective tools that inform nurse and physician 

assessments of complex, somber issues inherent to the care of critically ill patients have 

prognostic implications for guiding care (Neville et al., 2015). 

While it is important to recognize that patients with an active cancer diagnosis, including 

metastatic disease, now have better chances of survival, uncertainty about surviving a 30-day 

stay in intensive care persists for both patients/families and non-oncology ICU nurses and 

physicians (Huffines et al., 2013; LeBlanc, Kenny, O'Connor, &  Légaré, 2009; Torres et al., 

2016). Thoughts of poor prognoses are not unfounded when examining certain patient situations. 

For example, the uncertainty about a poor prognosis is diminished among patients with well-

established terminal illnesses attributed to advancing malignancy and/or irreversible organ 

failure related to treatment. Through variations and differences in cancer patients needs, clinical 

presentations serve as the impetus for re-conceptualizing ICU cancer survivors and non-

survivors. Prognostic models are the objective approach to mediating clinical judgment when 

patients are at-risk for biased beliefs about delivering futile care and related outcomes. 

Prognosis 

Accurate prognosis in the acute care setting is central to clinical decision-making because 

of its direct relationship to patient outcomes (Mallet et al., 2010). As the endpoint of care, 
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nursing processes and medical approaches involve patient health status, disease characteristics, 

and treatment preferences. Together, these factors and related variables determine patient 

treatment options, inform the direction of care and are influential in predicting short-term 

survival outcomes (e.g., 30-day ICU survival) (Bird, Farquhar-Smith, Wigmore, Potter, & 

Gruber, 2012; Bos et al., 2015). Inclusion of prognosis, timeliness of prognostic information, and 

way of communicating prognosis-related information with patients and/or family decision-

makers, serves as the basis for setting realistic expectations in the ICU (Hutchison et al., 2016; 

LeClaire, Oakes, & Weinert, 2005).  

Favorable and unfavorable prognoses in oncology patients are not always apparent at the 

bedside. Cavallazzi et al. (2009) explained that critically ill patients with malignancies are a 

heterogeneous group with varied prognoses and specific factors have been associated with 

different outcomes. Prognostic tools are a way of deciphering between patients most likely to 

survive and critically ill cancer patients who may not benefit from aggressive treatment 

approaches (Bos et al., 2015; Moons et al., 2009; Suhag et al., 2014). In this instance, the 

subjective nature of biases at the bedside are replaced with objective measurements of mortality 

risk with the use of vPMs. However, discussions about the relationship between prognosis and 

the role of vPMs in allaying concerns about delivering futile care in the oncology population is 

absent from the literature. 

Prognostic Models 

The original development of prognostic models began more than 35 years ago as a means 

to predict the short-term risk of death (30-day ICU mortality) for ICU patient groups (Vincent & 

Moreno, 2010). The Acute Physiology and Chronic Health Evaluation II (APACHE II), 

Simplified Acute Physiology Score II (SAPS II) and Sequential Organ Failure Assessment 
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(SOFA), are among a few general ICU vPMs available for the adult population (i.e, 18 years and 

older). These three vPMs are well-established and most frequently used generic prognostic 

indices reported in the literature (den Boer, de Keizer, & de Jonge, 2005; Tang et al., 2005; 

Vincent & Moreno, 2010). As popular prognostic tools, APACHE II, SAPS II, and SOFA are 

readily available online and in the format of “apps” downloaded to personal computers and 

mobile devices (e.g., Smartphone, tablet computer) at no cost or via subscription to individual 

users, institutions, and hospital systems. The requirements of use for each vPM are limited to 

entering the value of the specified physiological variables (e.g., age, hematocrit, temperature) for 

statistical computation similar to a calculator.  

The collection of physiological variables for APACHE, SAPS, and SOFA were selected 

by way of expert consensus, weighted for mortality prediction through use of statistical modeling 

techniques, with estimated risk established using multiple logistic regression models (Knaus, 

Draper, Wagner, & Zimmerman, 1985; LeGall, Lemeshow, & Saulnier, 1993; Vincent et al., 

1996). The overall aim was to quantify the natural disease process within the context of 

therapeutic interventions based on objective criteria. This led to the selection of certain 

physiological variables routinely measured in the ICU and managed therapeutically in response 

to clinical aberrations (see Appendix A). These are the combined physiological variables 

contained in all three vPMs. 

Based on the principles of homeostasis, each physiological variable used in a model is an 

independent predictor of survival outcome. For example, variables representing poor kidney 

function (creatinine > 4mg/dl), compromised immunity (white blood cells [WBC] < 2.0), and 

severe respiratory failure (partial pressure of oxygen [PaO2] <80 mm Hg), are signs of 

homeostatic imbalances driving critical illness and influencing survival outcomes. For clinical 
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feasibility purposes, particular considerations were given to common variables measured in the 

ICU that capture homeostatic disequilibrium. Physiological factors like blood pressure, platelets, 

fraction of inspired oxygen (FiO2), arterial acidity (pH), serum bicarbonate and bilirubin, are 

accessible in intensive care settings yet objective measurements of physiological health. 

 Because of the unique characteristics of care in the ICU, conditions of care such as 

whether or not a patient is receiving mechanical ventilation and use of vasopressors are also 

included in models’ formulae. Specific to model design concerns, focus was directed at simple 

and practical applications at the bedside for all three vPMs. To promote use, clinical 

practicability involved interventions that did not go beyond usual activities performed regularly 

by CCNs and intensivists. For example, the neurological component of the vPMs relies on the 

Glasgow Coma Scale (GCS) routinely performed by the bedside nurse. This led to reasonable 

steps to generate mortality risk predictions that are documented with simplicity in the ICU 

medical record, communicated among healthcare professionals, and shared with patients and 

families.  

The limitation of vPM use entails every field being accurately populated to produce a 

SOI score and corresponding percentage of estimated mortality risk (e.g., SAPS II total score = 

72 points with estimated mortality 86%). Patient needs must align with the physiological 

parameters of the vPMs for clinical usefulness. Appropriate use requires physicians to order 

laboratory values, particularly, a basic metabolic panel (BMP), complete blood count (CBC), and 

bilirubin. In addition, the CCN must receive orders for cardio-respiratory monitoring (including 

arterial blood gases [ABGs]). Missing data interferes with complete assessment of prognosis; 

therefore, calculations cannot be performed.  
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Over time, newer versions of original models (i.e., APACHE to APACHE II and SAPS to 

SAPS II) have been adapted to accommodate changing patient demographics, disease 

prevalence, and advancements in intensive care practices. Because of these factors and 

substantial variations in SOI across different ICU populations, vPMs apply case mix adjustments 

to statistical formulations and estimates (Livingston et al., 2000). That is, each prognostic model 

performs statistical procedures to permit comparison of outcomes between providers with 

differing mix of ICU patients, which allows for validation across multi-unit/site/geographical 

locations. The development of each vPM takes into consideration broad implications for ICU 

admission and contributing factors influencing the probability of change in the outcome measure 

(30-day survivor versus non-survivor) as a means for accommodating heterogeneity in the ICU 

population (Pappachan, Millar, Bennett, & Smith, 1999).  

As stated earlier, vPMs rely on the aggregation of worst values of physiological factors 

(case mix variables) captured within the first 24 hours of admission. These factors are combined 

to generate a score that is predictive of ICU-based mortality for each patient. The raw scores are 

stratified into prognostic indices with higher scores strongly correlating with mortality. Using the 

rule of general linear model (GLM), the score at time 1 (< 24 hours) is considered the strongest 

predictor of outcomes due to regression artifacts (Campbell, 1996). Consequently, the raw score 

(based on worst values) is included in the prediction model for estimating 30-day ICU mortality. 

Repeated measurements beyond the initial 24-hr monitoring period have not shown to improve 

vPMs’ predictive accuracy (Ferreira et al., 2001; Ho et al., 2007; Minne, Abu-Hanna, & de 

Jonge, 2008). 

The reliability and validation (criterion-related and external validity) of each vPMs’ 

performance (predictive accuracy) are based upon “discrimination” and “calibration” (Keegan & 



30 

 

Soares, 2016). Discrimination refers to a model’s ability to make predictions by differentiating 

between 30-day ICU survivors and 30-day ICU non-survivors with accuracy. It is reported using 

the area under receiver operating characteristic curve (AUC) which is expressed in the form of a 

correlation coefficent ranging from 0 to 1 and displayed via a GLM graph.  

Discrimination quantifies the accuracy of predictions whereby perfect accuracy is 

equivalent to an AUC of 1. An AUC closer to 0 is indicative of poor discrimination (e.g., AUC 

0.35). For example, a prognostic model predicted 75% mortality within a sample of 100 patients 

and 75% of the patients died, the AUC will be 1. However, an AUC of .5 indicates the model 

prediction is equivalent to chance (Keegan & Soares, 2016). It is also another way of describing 

sensitivity and specificity (i.e., true positive and true negative cases) within the context of 

prognostic tools. Sensitivity and specificity testing is used to form the receiver operating 

characteristic curve (ROC) and AUC is the product of sensitivity and specificity results. 

Table 1 shows the parameters of the scale. The scale ranges from 0 to 1 with 0.5 equivalent to 

chance. For the scale to be meaningful in the clinical setting, it must perform at 0.7 or better. 

Table 1. 

Classifying Predictive Accuracy of a Prognostic Test* 

Performance Range Rating Grade 

.90 – 1 Excellent  A 

.80 – .89  Good B 

.70 – .79 Fair C 

.60 – .69 Poor D 

.50 – .59 Fail F 

*Reference ranges retrieved from den Boer, S., de Keizer, N. F., & de Jonge, E. (2005). Performance of prognostic models in critically ill cancer 

patients - a review. Critical Care, 9(4), R458-463. https://dx.doi.org/10.1186/cc3765  
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As a complement to discrimination, calibration is the degree of agreement between a 

model’s predicted probabilities and true (or observed) probabilities using GLM. It answers the 

question, “Are the predictions of the model reliable?” (Vergouwe, Steyerberg, Eijkemans, & 

Habbema, 2002). Calibration is reported statistically using the Hosmer-Lemeshow (H-L) 

goodness-of-fit test, which gives a chi-square statistic (den Boer, de Keizer, & de Jonge, 2005). 

When the H-L yields a p value greater than 0.05, it is an implication of good calibration while 

small p values (high H-L statistics) indicate lack of fit (Dreiseitl & Osl, 2012; Hosmer, Hosmer, 

Le Cessie, & Lemeshow, 1997; Vergouwe et al., 2002). When reviewing the literature centered 

on the performance of prognostic models, authors must report discrimination and calibration to 

establish validation of vPMs within the respective studies. 

External validity is strengthened when study settings include different ICUs, institutions, 

and/or countries. Mixed populations also expand models’ generalizability when good 

discrimination and validation are achieved under scientific rigor. When reviewing the literature, 

the aim is to identify validation studies with large samples, diverse populations, multi-sites, and 

varying geographical locations to establish validation of vPMs that will be used to answer the 

primary research question. For the aforementioned reasons, APACHE II, SAPS II, and SOFA 

were presumed to fit the criterion resulting in these models being the focus of the literature 

review. 

APACHE II in the Literature 

The Acute Physiology and Chronic Health Evaluation II (APACHE II) is most widely 

used among prognostic systems around the globe; thus, making it the default gold standard for 

assessing disease severity on admission to the ICU and formulating outcome predictions (Knaus, 

2002; Tang et al., 2005). It currently uses 12 physiological variables and incorporates immuno-
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compromised status into its probability prediction (see Appendix B). The score ranges from 0 to 

71 with a score of 60 points equaling an estimated mortality of 99.5% as well as a score of 30 

and 15 correlating with 75% and 25% risk of mortality, respectively (see Table 2).   

 

The APACHE  prototype was developed in 1981, tested in two ICU settings (a university 

and community hospital) and validated with 805 patients (Knaus et al., 1981). This original 

version contained 34 physiologic variables with an increase in score closely correlating with 30-

day ICU mortality. The model was then revised 4 years later, in 1985 (APACHE II), to simplify 

use and increase clinical utility while maintaining the statistical accuracy of the model (Knaus, 

Draper, Wagner, & Zimmerman, 1985). As a multi-institutional validation study, researchers 

applied APACHE II in 13 mixed medical-surgical ICUs in the United States. This follow-up 

study was conducted prospectively between 1979 and 1982 with an enrollment of 5,815 patients 

(admitted for post-operative, non-operative, emergency, and/or severe chronic conditions 

monitoring); patients with cancer were included (Knaus, Draper, Wagner, & Zimmerman, 1985). 

Specifically, all 13 hospitals had a percentage of cancer patients in the study that ranged from 1-

11% (Knaus et al., 1985). 

Table 2.  

Acute Physiology and Chronic Health Evaluation II*  

**PPuubblliiccaallllyy  aavvaaiillaabbllee  aatt::  hhttttppss::////wwwwww..mmddccaallcc..ccoomm//aappaacchhee--iiii--ssccoorree 



33 

 

Both the developmental and validation studies established APACHE II’s clinical validity 

after it was found to have both good discrimination (> 0.8) and calibration (p > .05) as well as 

generalizable to the ICU population-at-large (Knaus et al., 1981; Knaus et al., 1985). To date, the 

APACHE II continues to be used and its performance studied worldwide in general and selects 

ICU patient mixes that include multi-center locations (Livingston et al., 2000, n = 10,393; Nobile 

et al., 2016, n = 469; Vassar et al., 1999, n = 2,414). As the perceived gold standard among 

vPMs, researchers have sought its appropriateness for application in high mortality risk groups.  

High-risk ICU sub-groups identified in the literature were diverse. Model performance 

among patients with cancer showed good discrimination (Chang et al., 2006, n = 1,263, AUC 

0.86, H-L p = 0.58 ). Model performance among patients with cardiac disease was also good 

(Argyriou et al., 2015, n = 300, AUC 0.84, H-L p = 0.15).  When APACHE II was applied to 

trauma patients (Hwang et al., 2012, n = 706, AUC 0.95, H-L p = 0.3), those with various 

infections (Williams et al., 2016, n = 8,871, AUC 0.90, H-L p = 0.53), and pulmonary embolism 

(Chen et al., 2017; n = 55,967, AUC 0.923, H-L p 0.23), it showed excellent discrimination. The 

ability of APACHE II to discriminate among end stage liver disease patients (Wernly et al., 

2017, n = 4,381, AUC 0.76; H-L not reported), cirrhosis (McPhail et al., 2015, n = 971, AUC 

0.768, H-L p = 0.78), cerebral hemorrhage (Huang et al, 2016, n = 546, AUC 0.76, H-L 0.84); 

after in-hospital cardiac arrest (Senaratne & Veenith, 2015, n = 261, AUC 0.706, H-L not 

reported) and individuals over the age of 90 (Haq et al., 2014, n = 951, AUC 0.74, H-L not 

stated), proved to be less accurate with predicting mortality among the groups studied. 

Some validation studies focusing on sub-groups did not include goodness-of-fit tests 

results. This limited the ability to accept validation solely based on a model’s discrimination 

(reporting AUCs) in those studies. When compared to other generic vPMs (e.g., SAPS II, SOFA) 
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using both prospective and retrospective study designs, the results have shown good and 

comparable discriminative ability for predicting outcomes but APACHE II did not always 

emerge as the superior performing model (Livingston et al., 2000; Nobile et al., 2016; Vassar et 

al., 1999). Mixed results were identified in APACHE II validation studies centered on cancer 

patients making it a challenge to establish it as a superior performing prognostic tool in this 

population (Afessa et al., 2003; Benoit et al., 2003; Berghmans et al.,2004; Schellongowki et al., 

2004; Sculier et al., 2000; Soares et al., 2004).  

Lastly, the literature review included a search for systematic reviews. Only one of the 

three systematic reviews identified discussed oncology patients. In this study, APACHE II 

performance was compared with five other models (including SAPS II but not SOFA) in the 

critically-ill cancer population (den Boer, de Keizer, & de Jonge, 2005).  Among the 10 articles 

reviewed, only six included APACHE II. The authors surmised that large study design variations 

made it difficult to perform meaningful comparisons (den Boer et al., 2005). Because of these 

findings, the optimal performance of APACHE II in the oncology sub-population remained 

unknown. 

SAPS II in the Literature 

The Simplified Acute Physiology Score (SAPS) is a validated tool that uses 14 

physiological variables for its statistical formulation, which produces a raw score. It also 

incorporates “age”, “type of admission” (scheduled surgical, unscheduled surgical, or medical), 

and the presence or absence of three underlying disease variables (acquired immunodeficiency 

syndrome, metastatic cancer, and hematologic malignancy) into its statistical equation (see 

Appendix C). The score ranges from 0 to 163 points with a score of 52 points corresponding with 

50% mortality, 64 points equaling an estimated mortality of 75% while 77 points yields an 
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estimated 90% mortality risk (see Table 3). The reliance on continuous variables and categorical 

variables to devise mortality predictions is the reasoning for GLM statistical approach. 

 

  It was initially developed in 1984 and applied in eight ICUs with 679 patients 

participating (Le Gall et al., 1984). It then underwent revision (SAPS II) in 1991and 1992 to 

refine its probability calculations for converting a raw score into the probability of in-hospital 

mortality (LeGall, Lemeshow, & Saulnier, 1993). The revised version was developed and 

applied prospectively. The study analyzed the predictive accuracy of SAPS II among 13,152 

patients recruited in 137 medical, surgical, and mixed ICUs from 12 countries (North America 

and Europe) spanning a 3 month period in 1992 (LeGall et al., 1993).  

Each study participant got randomly assigned to the “development” data sample (65%) or 

“validation” data sample (35%). The study excluded patients under the age of 18, those who 

were burn victims, and individuals with coronary care needs (including cardiac surgery) from 

both samples. The patient mix included those with malignancies (solid and hematological) and 

receiving chemotherapy. In the findings, LeGall, Lemeshow, and Saulnier (1993) reported good 

discrimination (AUC 0.88) and calibration (H-L p = 0.883) for the developmental sample. The 

validation sample performed similarly with good discrimination (AUC 0.86) and very well with 

its goodness-of-fit test (p = 0.104).  

Table 3.  

Simplified Acute Physiology Score II*  

**PPuubblliiccaallllyy  aavvaaiillaabbllee  aatt::  hhttttpp::////cclliinnccaallcc..ccoomm//IIccuuMMoorrttaalliittyy//SSAAPPSSIIII..aassppxx 
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Since its development, additional validation studies have been conducted to evaluate 

SAPS II performance with other generic vPMs such as comparing it with APACHE II in general 

ICU case mixes (Godinjak et al., 2016). Godinjak et al. (2016) reported good discrimination, 

AUC 0.892 and AUC 0.920, for SAPS II and APACHE II respectively in a sample of 174 

patients. In addition, Pearson’s correlation was used to evaluate the relationship between these 

two vPMs. The researchers found a positive correlation that was statistically significant between 

the values of SAPS II and APACHE II (r = 0.708; p = 0.001). 

 Lemeshow and LeGall (1994) conducted a systematic review to compare prognostic 

tools and determine their clinical usefulness. The authors concluded that the evidence supported 

SAPS II application in assessing prognosis, comparing ICU performance, and stratifying patients 

for clinical trials. Nevertheless, SAP II model performance in the oncology ICU sub-population 

was not discussed. This resulted in an identified gap in the literature and interest in further 

investigation. 

International validation studies exploring the predictive performance of SAPS II were 

also identified in the literature. These studies were conducted inside and outside of the United 

States. Nobile et al. (2016) investigated its clinical validity in 730 ICUs located in 84 countries 

but the sample was small (n = 469 patients) relative to the study design. Livingston, et al. (2000) 

performed a large study in Scotland covering 22 ICUs with 13,291 participants but the 

percentage of cancer patients was not disclosed in the study characteristics or findings. Sakr et al. 

(2008) study was set in a German university hospital with 1,851 patients. In each of these 

validation studies, SAPS II demonstrated the best discrimination in comparison with APACHE II 

but superior calibration over APACHE II was not established. In addition, the investigators did 

not report the distribution of cancer patients. 
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More recently, the performance of SAPS II among ICU sub-groups has also been studied 

to further establish its clinical validity. Outcomes in groups like patients with end stage liver 

disease (Wernly et al., 2017, n = 4,381, AUC 0.78, H-L not stated), cirrhosis (McPhail et al., 

2015, n = 971, AUC 0.781, H-L p = 0.78) and individuals over the age of 90 (Haq et al., 2014, n 

= 951, AUC 0.75, H-L not stated), showed SAPS II performing fair discrimination and good 

calibration when reported. This model also showed excellent discrimination and calibration  

among patients with infectious diseases (Williams et al., 2016, n = 8,871, AUC 0.90, H-L p = 

0.68).  These findings suggest that SAPS II clinical validity and external validation varies among 

sub-groups in the ICU.  

 In the cancer ICU sub-population, SAPS II was matched with APACHE II in patients 

with only hematological malignancies (Benoit et al., 2003) and hematologic/solid tumor case 

mixes (Schellongowki et al., 2004). Benoit et al. (2003) reported fair discrimination for SAPS II 

(AUC 0.77) and APACHE II (0.71) with good calibration, 0.60 and 0.39, respectively. 

Schellongowki et al. (2004) findings showed superior performance for APACHE II (AUC 0.83) 

over SAPS II (AUC 0.78) with good calibration for both (APACHE II = p 0.058; SAPS II = p 

0.066). On the other hand, Sculier et al. (2000) conducted a comparison study that included 

patients with metastatic disease that showed poor discrimination (APACHE II AUC 0.60; SAPS 

II AUC 0.67) and poor calibration (APACHE II p 0.001; SAPS II p 0.001). Collectively, these 

results are mixed resulting in the optimal performance of SAPS II in the oncology population yet 

to be determined. 
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SOFA in the Literature 

The Sequential Organ Failure Assessment (SOFA) is an organ failure based prognostic 

system and an established predictor of mortality in critically ill patients (Akbar, Shahzadi, 

Khurram, & Khar, 2016; Vincent et al., 1996). Differing from APACHE II and SAPS II, the 

SOFA model was created based on the premise that multiple organ failure is a major cause of 

morbidity and mortality in the critically ill patient and can be assessed repeatedly to define a 

patient’s progress (Vincent et al., 1996; Vincent, Ferreira, & Moreno, 2000). Using physiological 

variables representative of six organ systems (lungs, bone marrow, brain, heart, kidney, and 

liver), the SOFA model produces score ranges from 0 to 24 points (see Appendix D). Scores 

closer to 24 are indicative of greater chance of 30-day ICU mortality (see Table 4).  

For example, A score of 12 corresponds with an estimated mortality ranging from 40% to 50% 

versus a score of 17 points equaling an estimated mortality risk  > 90%.  

 

The historical development of the SOFA model began in 1994 with a panel of critical 

care medicine experts. The panel of experts hypothesized that the development of new 

therapeutic interventions aimed at reducing the severity of organ dysfunction in the ICU called 

**PPuubblliiccaallllyy  aavvaaiillaabbllee  aatt::  hhttttpp::////cclliinnccaallcc..ccoomm//IIccuuMMoorrttaalliittyy//SSOOFFAA..aassppxx 

TTaabbllee  44..    

SSeeqquueennttiiaall  OOrrggaann  FFaaiilluurree  AAsssseessssmmeenntt  **   
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for better ways to objectively quantify SOI (Vincent et al., 1996). The group posited that the way 

patients are treated in ICUs as well as therapies used by intensivists to manage organ failure, 

may change over time. Therefore, a model needed to be constructed with deliberation for how 

therapeutic advancements and management strategies influence outcomes. This process required 

a more systematic, objective means for quantifying organ failure to accommodate changing 

paradigms.  

These intentions gave sway to development studies identifying important predictors of 

mortality (i.e., respiratory-, coagulation-, neurological-, cardiovascular-, renal-, and liver-related 

variables). Considerations for treatment response and disease progression were parts of the 

process to successfully establish SOFA’s predictive performance (Vincent et al., 1998; Vincent 

et al, 2000). The actions of model developers subsequently led to validation studies in general 

ICUs (Toma et al., 2007, n = 6,276, 1 ICU; Toma et al., 2008, n = 2,928, 1 ICU; Ho, 2007, n = 

1,311, 1 ICU; Timsit et al., 2002, n = 1,685, 6 ICUs; Rivera-Fernandez et al., 2007, n = 6,409, 55 

ICUs) and ICU sub-populations in mixed medical-surgical ICU settings (Ferreira et al., 2001, n = 

352; Gosling et al., 2006, n = 431; Moreno et al., 1999, n = 1,449; Zygun et al., 2005, n = 1,436). 

In addition, the model has been applied across different institutions and geographical locations 

(Toma et al., 2007, Vincent & Moreno, 2010; Zygun et al., 2005).  

There were four validation studies identified that compared admission SOFA predictions 

with APACHE II’s performance in medical and surgical ICU patients. Ho et al. (2007) reported 

AUCs for SOFA and APACHE II, 0.791 and 0.858, respectively among a population of 1,311 

patients. Holtfreter et al. (2006) also conducted a retrospective investigation (n = 933) into the 

performance of SOFA (AUC 0.72) and found it discriminating more closely to APACHE II 

(AUC 0.785) but with less accuracy in comparison with the Ho study. Peres-Bota et al. (2002) 
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approach was a prospective, observational study with 949 patients whereby both models showed 

good discrimination but APACHE II (AUC 0.88) performed slightly better than SOFA (AUC 

0.872). On the other hand, Gosling et al. (2006) employed a prospective approach (n = 431) with 

both SOFA (AUC 0.61) and APACHE II (AUC 0.62) showing similar, yet poor discrimination.  

Janssens et al. (2000) conducted a prospective investigation (n = 303) with SOFA (AUC 

0.82) demonstrating superior discrimination in comparison with SAPS II (0.77). Granholm et al. 

(2016) performed a post hoc study resulting in SOFA (0.73) not discriminating as well as SAPS 

II (0.80).  There was one study identified that compared all three models in a large general 

hospital in Pakistan. The study enrollment was small with only 96 eligible medical ICU patients 

(Naqvi et al., 2016).  Descriptions of cancer patient makeup were not elucidated in the 

demographics section. Nevertheless, APACHE II showed somewhat better calibration (p 0.866) 

in comparison to SAPS II (p 0.0811) and SOFA (p 0.32). With an AUC of 0.835, the APACHE 

II model showed superior discrimination power to SAPS II and SOFA which both predicted at 

the same degree of accuracy, AUC = 0.75. Based on these findings, further exploration of SOFA 

application and optimal performance in the oncology ICU sub-population are warranted, to add 

to the current body of research. 

Bedside Context for Prognostic Models 

Because clinical judgment alone is difficult and imprecise, the intent of prognostic model 

use is to objectively inform clinical judgment; not to replace clinical interpretations or serial 

assessments (Hamel et al., 1999; Knaus et al., 1995; Teno et al., 2000). Prognostic models are to 

be regarded as adjunct, objective tools rather than substitutes for clinical judgment and are 

available for use in the shared decision-making process (Feltracco et al., 2011). The application 

of prognostic tools within patient-centered clinical pathways and algorithms may assist with 
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informational needs; thus, ensuring  ICU patients receive timely quality care from ICU nurses as 

well as appropriately prescribed treatments by physicians involved in the care process 

(Costantini, Alquati, & Di Leo, 2014; Constantini et al., 2014; Huffines et al., 2013).  

Again, vPMs aid decisional needs by providing objective information about a patient’s 

clinical status within the first 24 hours of admission to the ICU. These decisional needs are at the 

center of patient/family directives and guide nurse-physician actions at the initiation of care 

(Sepucha, Fowler, & Mulley, 2004; Stacey, Samant, & Bennett, 2008; Stacey, Paquet, & Samant, 

2010; van Mol, 2016). When the use of prognostic models are understood and applied, nurses 

use the information for patient advocacy and physicians rely on it to support treatment 

recommendations (Neville et al., 2015) . The prognostic value is that patients and family as 

surrogate decision-makers have objective information to address decisional needs that cause 

uncertainty, reluctance, and desire for additional information (Barbini et al., 2014; Chien et al., 

2014; Djulbegovic et al., 2016; Becerra-Perez et al., 2016). 

Summary 

In summation, APACHE II, SAPS II, and SOFA have been studied in diverse ICU 

settings (i.e., medical, surgical, neurological, trauma, oncology, cardiac, and surgical units) 

which included sample sizes greater than 1000 patients on a worldwide platform (Cholongitas et 

al., 2006; Godinjak et al., 2016; Hosseini & Ramazani, 2016; Naqvi et al., 2016; Pietraszek-

Grzywaczewska et al., 2016). Most importantly, APACHE II, SAPS II, and SOFA have been 

validated using large, prospective, multi-center, multi-national general ICU population mixes (up 

to 16,000+ patients) that included patients with cancer (Cabré et al., 2005; Livingston et al., 

2000; Moreno et al., 1998; Moreno et al., 1999; Salluh & Soares, 2014; Vincent & Moreno, 

2010; Yu et al., 2014). The findings support claims that each vPM is good at predicting patient 
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outcomes (discrimination) and forecasting mortality (calibration) but with differing degrees of 

predictive accuracy in general ICU populations (Godinjak et al., 2016; Knaus, 2002; Salluh & 

Soares, 2014; Vincent & Moreno, 2010).  

Moreover, the review of literature supported the premise that each model quantifies 

disease severity, determines prognosis, and guides therapeutic interventions. Nevertheless, 

optimal performance comparing APACHE II, SAPS II, and SOFA within the ICU oncology sub-

population remained to be determined. A more in depth appraisal of the literature (i.e., 

systematic review) and synthesis (i.e., meta-analysis) was an opportunity to answer the primary 

research question. The process involved focusing solely on research dedicated to APACHE II, 

SAPS II, and SOFA model applications in the critically ill cancer population. Conducting a 

meta-analysis in this area of research serves as a reference for CCNs and intensivists to explore 

how vPMs can be applied clinically when there is uncertainty, concerns about delivering futile 

care, and decision conflicts. 
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Chapter 3 

Methods 

The overall aim was to determine the predictive accuracy of each vPM by combining 

study results from previous investigations evaluating individual performances of vPMs. Follow 

up statistical analysis included pooling the data to compare overall performances to determine 

greatest predictive accuracy among the three vPMs: APACHE II, SAPS II, and SOFA. No 

human subjects were under investigation and no related ethical considerations were involved in 

the process.  

Research Questions 

The following questions were addressed in this study: 

1. Which prognostic scoring system performs 30-day mortality predictions most 

accurately for critically ill cancer patients admitted to the ICU? 

2. Among the study sample, what physiological variables are reported to be additional 

independent predictors of 30-day mortality for oncology patients in the ICU? 

Design 

A meta-analysis using meta-regression with random-effects model to combine and 

summarize the results of prognostic model validation studies was the study design. Validation 

studies are the main way to assess or validate the performance of a vPM on a new patient 

population. The design of validation studies are to compare predicted and observed mortality 

outcomes for groups of patients (calibration) and to quantify the model’s ability to distinguish 

between patients who do or do not experience the event of interest (discrimination) (Moons et 

al., 2009). These studies tend to report performance outcomes in the form of AUCs. 
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Procedures 

The meta-analysis was performed following the Preferred Reporting Items for Systematic 

Reviews and Meta-analysis (PRISMA) criteria (see Figure 2, pg. 45) (Liberati et al., 2009). An 

extensive search of the literature for studies with similar performance aims (i.e., validating 

predictive accuracy when computed within the first 24 hours of admission) were conducted using 

the following search procedure. Literature searches of CINAHL, PubMed, Web of Science, and 

Cochrane Library databases spanning January 2000 to February 2017 timeframe were completed. 

Each literature search was limited to articles reporting critically ill oncology patients as the study 

population and admitted to the ICU setting. Study participants in articles of interest were 

confined to study populations admitted to the ICU for management associated with cancer-

related diagnoses. 

The search included prospective and retrospective observational cohort studies using the 

following key words and medical subject heading (MeSH) terms:  “Acute Physiology and 

Chronic Health Evaluation II (APACHE II)”  “Simplified Acute Physiology Score (SAPS)”, and 

“Sequential Organ Failure Assessment (SOFA)”  with subheading “oncology”, “cancer”, “ICU” 

and its derivates, “critically ill”, “prognostic model”, “prognostic scoring system”, “severity-of-

illness scores”, “prognosis and outcome”, “prediction” and “mortality”. Search terms combining 

key words with “AND” and “OR” were added for broader searches. Studies were full-text 

English-language, peer-reviewed articles published between January 2000 and February 2017. 

To identify additional studies, reference lists of all eligible articles were examined, crosschecked, 

and included if eligibility requirements were met. 
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Figure 2. PRISMA Flow Diagram 

Reference: Moher, D., Liberati, A., Tetzlaff, J., Altman, D. G. The PRISMA Group (2009). 

Preferred reporting items for systematic reviews and meta-analyses: The PRISMA Statement. 

PLoS Med 6(7): e1000097. doi:10.1371/journal.pmed.1000097 

 

Data Extraction and Collection 

 Data extraction followed the Checklist for Critical Appraisal and Data Extraction for 

Systematic Reviews of prediction Modeling Studies (CHARMS) protocol (Figure 3) (Moon et 

al., 2014).  Data collection involved the use of study-level data instead of individual-level data. 
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Study-level data collected were the performance results of APACHE II, SAPS II, and SOFA 

models reported in peer-reviewed literature. Study-level data analyzed refers to the diagnostic 

performance statistics, AUCs (see “Definition of Terms”) with standard error of the estimates 

(SE), reported in each eligible study.  

Area under the characteristics curve was used for data extraction because it represents the 

degree of concordance between vPM prediction and observed mortality in the study population. 

An AUC of 0.70 to 79 is “fair performance” with AUC 0.80 to 0.89 and 0.90 to 1.0 representing 

“good performance” and “excellent performance”, respectively. Including SEs with its 

corresponding AUC accounted for the standard deviations in each study sampling distribution.  

 

Checklist Item  Example  

 1. Prognostic versus 

diagnostic prediction 

model?  

The aim is to predict future events 

The aim is to detect disease status  

 2. Intended scope of the 

review?  

Models to inform therapeutic decision-making 

Models to inform referral or transfer patient  

 3. Type of prediction 

modelling studies?  

Prediction model development with external validation 

External model validation only  

 4. Target population?  Patients with cancer 

Patients with out-of-hospital cardiac arrest  

 5. Outcome to be 

predicted?  

Specific future event such as “in-hospital” mortality 

Specific disease status such deep vein thrombosis  
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 6. Time span of 

prediction?  

30-day ICU mortality 

31-day to 6 month  mortality  

 7. Intended moment of 

using the model?  

Models to be used upon admission to the ICU from ER  

Models to be used post-operatively in ICU  

Figure 3. CHARMS Key Items Checklist to Guide Systematic Review Process. 

 

Based on Moons, K. G. M., et al. (2014) Critical appraisal and data extraction for systematic 

reviews of prediction modelling studies: The CHARMS Checklist. PLoS Med 11(10): e1001744. 

https://dx.doi.org/10.1371/journal.pmed.1001744 

 

The sample included studies focused on the prognostic performance of APACHE II, 

SAPS II, and SOFA models in the ICU-based adult oncology patient population. The shared aim 

across studies was to validate vPMs ability to discriminate between patients who lived from 

those who died. Model performances were based on discrimination (see “Definition of Terms”) 

calculated within the first 24 hours of admission and endpoint was 30-day ICU mortality. Each 

study included in the meta-analysis reported the AUC as its measure of discrimination. A study 

was excluded if information was insufficient for data extraction. 

To address the secondary research question, articles eligible to answer the primary 

research question were reviewed for additional discussions centered on single physiological 

variables explored for a relationship to ICU mortality. Physiological variables of interest were 

limited to covariates in which univariate analyses were performed to detect a statistically 

significant (p < 0.05) influence on ICU mortality. The intent was to identify and describe 

physiological variables not captured in vPM algorithms but were found to be associated with 30-

day ICU mortality risk. 

The principle investigator independently reviewed and extracted data from eligible 

studies entered into a Microsoft Excel spreadsheet. Demographic data included information such 
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as first author, year of publication, country of origin, sample size, setting, cancer type, study time 

period, and study type. Specific performance-related data extracted included AUCs, standard 

errors [SE], 95% confidence intervals, Hosmer-Lemeshow goodness-of-fit p value, and 

estimation of mortality. To ensure data entry accurateness, data were cross-checked and final 

recheck procedure was conducted prior to statistical analysis.  

Statistical Analysis 

Inferential statistical analyses were performed using MedCalc for Windows version 17.2 

statistical software package (MedCalc Software, Ostend, Belgium). The AUCs with SE were 

extracted from each study to calculate pooled AUCs to answer the primary research question. 

When an SE for an AUC was not provided in a study, the reported number of survivors and non-

survivors were used to estimate it with methods described by Hanley and McNeil (1982). 

Publication bias was analyzed using Egger’s test (Egger et al., 1997) and displayed graphically 

with a funnel plot. 

To Test Heterogeneity 

Statistical analyses were conducted on study-level data extracted from the eligible 

articles. Meta-regression using random-effects model to test heterogeneity was performed on this 

data to determine pooled AUCs results for APACHE II, SAPS, and SOFA. Summarizing pooled 

AUCs provided a more precise estimate of model performance for each vPM (Haidich, 2010). 

When heterogeneity is present, summary measures must be interpreted within the context of 

understanding the nature of variability in and across the studies. Statistical heterogeneity is 

implicit because the performance outcomes in the studies are untenable. 

There was also the assumption of no single true effect (i.e., the outcome in each study is 

the same) due to variations in the characteristics of study populations and methodologies applied 
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from study to study. The premise is that clinical and methodological diversity increases the 

chances of statistical heterogeneity (Preuss & Ziegler, 2014). Therefore, random-effects 

modeling was applied because it assumes 1) variability in study designs, 2) that differences in 

underlying study populations exist, and 3) outcomes will vary across studies.  

First, data was grouped according to prognostic model and then random-effects modeling 

was added to statistical analysis to account for between-study variance (τ²). The random 

variation within the studies plus the variation between the different studies was addressed using 

this method. In random-effects modeling, the study variance is inversely weighted with the   

heterogeneity parameter (Cochran’s Q test and Higgins I squared statistic) (Haidich, 2010; 

Preuss & Ziegler, 2014). The summary weighted mean effect (i.e., weighted performance mean 

for APACHE II, SAPS II, and SOFA) was then generated so that a pooled analysis would 

determine greatest predictive accuracy among the three vPMs.  

The heterogeneity of the pooled AUCs was measured using Cochran’s Q test and Higgins 

I squared (I²) statistic. Statistical significance for the Q test was defined as p < 0.1 (because of 

low power) and I² > 50 percentage. Statistical heterogeneity was expected because of the 

methodological differences between the vPMs involved in making mortality predictions. For 

example, the models differ in number and predictor variables such as the SAPS II uses blood 

urea nitrogen versus SOFA uses serum creatinine to represent renal function. However, the 

vPMs measure the same three physiological variables which are Glascow Coma Score for 

neurological assessment and  partial pressure of O2 in arterial blood [paO₂] with fraction of 

inspired oxygen [FiO²]) to determine tissue oxygenation.  

In summation, the random-effects model in this study produced a distribution of true 

effects (a series of AUCs) with no missing data for all studies in each vPM group. The random-
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effects model combined true effects of these studies to estimate the weighted mean performance 

because of τ² in each group distribution. This process resulted in summary AUCs for APACHE 

II, SAPS II, and SOFA with single-value pooled estimates of the weighted mean performance 

(i.e., mean distribution of AUCs) for each model distribution. After generating summary AUCs, 

the pooled effects of APACHE II, SAPS II, and SOFA performances were compared to 

determine the vPM with greatest predictive accuracy. 
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Chapter 4 

Results 

The selection process using PRISMA criteria is shown below (Figure 4). Initially, 227 

published articles were identified using the first search strategy. After screening titles and 

abstracts, 57 potential studies were reviewed in full-text format. After reading these studies, 22 

eligible validation studies met the inclusion criteria. 

Description of Sample 

A minimum of 10 studies for each vPM was sought to obtain meaningful interpretations 

to support an evidence-based conclusion (Borenstein et al., 2009).  The search yielded 22 

validation studies reporting performance outcomes for the three vPMs in the critically ill 

oncology ICU sub-population. Among the 22 validation studies, there were 16 articles, 15 

articles, and 8 articles reporting AUCs for APACHE II, SAPS II, and SOFA models, 

respectively. Some studies included more than one group of study subjects who underwent 

mortality risk estimation by more than one vPM. As a result, the search yielded a total of 21 

reported AUCs for APACHE II, 18 AUCs for SAPS II, and 10 AUCs for SOFA (see Appendix 

E). 

 Key characteristics of the identified studies analyzed are shown in Appendix F. Together, 

the 22 validation studies comprised 13 countries spanning four continents (Asia, Europe, North 

America, and South America) and the Middle East. Study periods spanned the 1990s to 2011 in 

228 hospitals with two independent studies conducted at one hospital in Mexico during the same 

time-period. There were four categories of hospitals identified – university, university-affiliated 

oncology specialty, tertiary oncology specialty, and tertiary community. All studies (12 

retrospective cohorts, 10 prospective cohorts and one combined retrospective and prospective 
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cohort) were set in adult medical and surgical ICUs. Eleven ICUs were dedicated to treating 

oncology-only patients.  
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A majority of the studies were validation studies testing the performance of the vPMs. 

There were three out of the 22 validation studies that included testing a new model (model 

development) while comparing the performance with established vPMs. Sixteen studies reported 

findings for APACHE II (73%), 15 studies included SAPS II (68% ), and 8 studies (36%) 

measured SOFA performance. A combined 14,644 patients with 25 cohorts (three studies had 

two separate groups) comprised this study. The sample sizes ranged from 50 to 7,689 adult 

oncology ICU patients. The oncology patient mix was 10 solid/hematological cohorts, three 

hematological malignancies cohorts, three colorectal cancer cohorts, two solid tumor cohorts, 

and one cohort each for: Acute Myeloid Leukemia, Acute Myeloid Leukemia with Non-

Hodgkins lymphoma, gastric cancers, and gynecological cancers.  

Some validation studies reported AUCs for two or more models. Other studies reported 

AUCs for more than one sample population. This resulted in the performance of a vPM 

sometimes reported more than once in an article to represent predictions performed on different 

patient groups in the study (see Appendix E). For example, Cardenas-Turanzas et al (2012) 

conducted a validation study evaluating the performance of SOFA in two cohorts: n = 540 

medical ICU oncology patients and n = 783 surgical ICU oncology patients. The SOFA 

performance was an AUC of 0.79 (0.024 SE) in the medical ICU group and 0.79 (0.063 SE) in 

the surgical ICU group.  

Models and Predictions in the Sample  

In totality, there were 32,303 combined predictions performed among the three vPMs in 

this meta-analysis. In the APACHE II cohort group, 16,764 mortality predictions were tested for 

predictive accuracy across 22 validation studies. Among the SAPS II and SOFA cohort groups, 

the models made 12, 960 (18 articles) and 2,579 (10 articles) total predictions, respectively. The 



54 

 

combined findings from all predictions led to sorting outcomes into three groups of pooled 

estimates to best summarize the overall performances of APACHE II, SAPS II, and SOFA 

models. 

Models Performance Statistics 

For this study, the focus was on the discriminating power of vPMs. As stated earlier, 

discrimination refers to a model’s ability to make predictions by differentiating between 30-day 

ICU survivors and 30-day ICU non-survivors with accuracy. It is reported via the AUC, which is 

expressed in the form of a correlation coefficent ranging from 0 to 1. Discrimination, measured 

by AUCs, for APACHE II (n = 16,764 predictions) ranged from 0.60 to 0.94 with 0.80 mean 

(95% CI 0.761 to 0.848, 0.095 SD, SEM 0.021, variance 0.008). Discrimination for SAPS II (n = 

12, 960 predictions) ranged from 0.67 to 0.92 with 0.792 mean (95% CI 0.760 to 0.824, 0.063 

SD, SEM 0.015, variance 0.004). Discrimination for SOFA (n = 2,579 predictions) ranged from 

0.68 to 0.91 with 0.785 mean (95% CI 0.735 to 0.834, 0.069 SD, SEM 0.021, variance 0.004).  

The data comes from different studies and diverse populations resulting in the need to 

perform a goodness-of-fit test to account for potential discrepancies between predicted and 

observed outcomes. The D’Agostino-Pearson to test for normal distribution of the true effects 

(AUCs) was p = 0.467 (p > 0.05, accept normality) for the APACHE II model overall 

performance in validation studies (Sheskin, 2011). The D’Agostino-Pearson test for SAPS II and 

SOFA models overall performances were p = 0.983 and SOFA was p = 0.837, respectively. 

Results of the D’Agostino-Pearson test indicate all models had normal distributions. 

Independent samples t-test for assumption of homogeneity of variances was tested 

between APACHE II and SAPS II model groups and APACHE II and SOFA model groups. 

Homogeneity of variances was satisfied via F test for equal variances (p = 0.364). Considering 
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there were unequal numbers in each cohort, the Welch test was performed for unequal variances, 

F (23.4) = - 0.565, two-tailed p = 0.577. These steps were repeated between SAPS II and SOFA 

model groups. Homogeneity of variances was satisfied via F test for equal variances (p = 0.738). 

Welch test for unequal variances showed F (17.5) = 0.271, two-tailed p = 0.789.  The results 

were non-significant confirming no difference between the means of the three model groups.  

Because the vPMs use different, yet similar combinations of physiological variables to 

predict mortality, there was an assumption of independence among the performances of the three 

models. Pearson product-moment correlation coefficient was computed to assess the relationship 

between APACHE II and SAPS II. There was no correlation between the two models (r = -0.016, 

p = 0.950). This step was followed by examining the relationship between APACHE II and 

SOFA. This also showed no correlation between the two models (r = -0.185, p = 0.608).  The 

SAPS II and SOFA showed greater correlation (r = 0.290, p = 0.608) but lacked statistical 

significance. This implies the vPMs are independently, discrete from one another. 

Heterogeneity Testing 

As stated earlier, meta-regression to test heterogeneity using random-effects model was 

performed on study-level data to determine the summary AUCs for APACHE II, SAPS II, and 

SOFA. The random-effects model (Zhou et al., 2002 method) was used to analyze the pooled 

AUCs because heterogeneity was significant for all 3 vPMs (see Table 5) and the study sample 

observed outcomes were expected to be varied. Statistical significance for the Q test was found 

(Q = p < 0.001) and Higgins I² was > 50 percent for all three vPMs.  

Results of the Q test and Higgins I² confirm substantial heterogeneity for all cohorts. 

Together, the Cochran Q test of homogeneity (p = < 0.0001) with Higgins I² (> 50%), which 

quantifies the degree of heterogeneity, determined the studies were not homogeneous. The 
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results showed true heterogeneity between studies for APACHE II (I² = 94.56%), SAPS II (I² = 

94.66%), and SOFA (I² = 80.21%). These finding were expected because the studies were not 

from a common population. 

 

A meta-regression requires weight be assigned to each pooled study. Cochran’s Q is the  

weighted sum of squares and reflects the total dispersion of studies around the grand mean. Each 

Q statistic was evaluated with respect to its degrees of freedom and the weighted pooled studies 

are graphed in forest plots (Figures 5, 6 and 7). To the left of each forest are the studies reporting 

the AUC for the respective cohort group. The studies are listed alphabetically and repeated when 

2 or more AUCs are reported in its outcomes. Each study is represented by a filled square to 

denote its AUC and the horizontal line signifies the corresponding 95% confidence interval. The 

diamond at the bottom of each graph is the pooled estimated mean performance and width 

reflects the precision of that estimate based on random-effects modeling. 

Table 5.  

Test of Heterogeneity 

*Q is the weighted sum of squares on a standardized scale. It is reported with a p value with 

low P-values indicating presence of heterogeneity. I
2
 is the percentage of observed total 

variation across studies that is due to real heterogeneity rather than chance. It is calculated 

as I
2
 = 100% x (Q - df)/Q. A value of 0% indicates no observed heterogeneity and larger 

values show increasing heterogeneity.  
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Figure 5. APACHE II Cohort: Pooled Weighted Studies 

 

Liborio et al. (2011) prospective study (n = 288, hematological/solid cancer) with oncology only 

MSICU patient mix performed best in the APACHE II cohort with AUC 0.940. Sculier et al. 

(2000) had the worst performing study (n = 261, hematological/solid cancer) with oncology only 

MSICU patient mix reporting an AUC of 0.60.The overall pooled magnitude of weighted effect 

in this cohort was 0.804 (95% CI 0.763-0.845). 

EEssttiimmaatteedd    ppeerrffoorrmmaannccee  

mmeeaann 

AAUUCC  ==  ..880044  [[9955%%  CCII  00..776633  ––  

00..884455]] 
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Figure 6. SAPS II Cohort: Pooled Weighted Studies 

 

Soares et al. (2004) prospective study (n = 1,257 patients with hematological/solid cancers) in a 

MSICU performed best in the SAPS II cohort with AUC 0.916. Sculier et al. (2000) prospective 

study had the worst performing outcome (n = 261, hematological/solid cancer) for SAPS II with 

oncology only MSICU patient mix reporting an AUC of 0.67.The overall pooled magnitude of 

weighted effect in this cohort was 0.797 (95% CI 0.763-0.845). 

 

 

 

 

 

 

 

 

 

EEssttiimmaatteedd  ppeerrffoorrmmaannccee  

mmeeaann 

AAUUCC  ==  ..779977  [[9955%%  CCII  00..776666  

––  00..882288]] 
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Figure 7. SOFA Cohort: Pooled Weighted Studies 

 

Liborio et al. (2011), prospective study (n = 288 patients with hematological/solid cancers) in a 

MSICU performed best in the SOFA cohort with AUC 0.910 while the overall pooled magnitude 

of effect in this cohort is 0.794 (95% CI 0.749 – 0.839). Greenberg et al. (2016) had the worst 

performing study (n = 245, hematology cancers) with an AUC of 0.65 that was conducted 

retrospectively in a MICU. This model was being compared to a development model in the 

primary study. 

 

 

 

 

EEssttiimmaatteedd    ppeerrffoorrmmaannccee  

mmeeaann 

AAUUCC  ==  ..779944  [[9955%%  CCII  00..774499  ––  

00..883399]] 



60 

 

 The pooled or summary AUCs for APACHE II, SAPS, and SOFA were 0.804, 0.797, and 0.794, respectively (see Table 6). 

The APACHE II demonstrated good discrimination while SAPS II and SOFA showed fair discrimination. The fixed-effect model was 

invalid because heterogeneity was significant for all three vPMs and confirmed why random-effects modeling was selected (see Table 

5). The random-effects AUCs were then compared (APACHE II with SAPS II, p = 0.7897, APACHE II with SOFA p = 0.7471, SAPS 

II with SOFA p = 0.9147) for all models. The findings led to the statistical conclusion that the performances of AUCs for the three 

cohorts are not significantly different; therefore, the weighted performance means are similar.  

Table. 6. 

Summary AUC with Random-Effects Model 

The pooled Area under the ROC curve with 95% CI is given both for the Fixed effects model and the Random 

effects model.  
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Accounting for Bias 

Publication bias is a threat to the validity of clinical research, which can distort the 

totality of the available evidence on a research question. This can lead to misleading inferences 

in systematic reviews and meta-analyses (Haidich, 2010). The Egger’s test was performed to 

detect publication biases (e.g., only publishing studies with favorable outcomes), which were 

depicted graphically using funnel plots. There are more than 10 articles with statistically 

significant findings in each study included in this meta-regression, making it appropriate for 

testing (Egger et al., 1997; Sterne & Egger, 2001).  

Funnel plots are displayed below for each cohort of vPM studies (Figures 8, 9, and 10). 

The unfilled circles are plotted according to the reported AUCs (x-axis) and corresponding SEs 

(y-axis). Two diagonal lines represent (pseudo) 95% confidence limits (effect ± 1.96 SE) around 

the summary effect for each standard error on the vertical axis. If publication bias is present, the 

funnel plot will be asymmetrical. 

Both APACHE II (Figure 8) and SAPS II (Figure 9) cohorts showed symmetry. The 

SOFA cohort (Figure 10) was expected to be vulnerable to bias due to the smaller number of 

studies (low statistical power) included in this model cohort. It is asymmetrical because the 

majority of the AUCs are not evenly dispersed in the funnel; rather, they collected to the left of 

0.8 median. Low statistical power in the presence of heterogeneity can lead to false claims of 

publication bias (Loannidis & Trikalinos, 2007). The SOFA cohort was asymmetrical implying 

publication bias. However, smaller number of studies (n = < 10) tend to show larger effects that 

mimic bias and reduced heterogeneity may be exaggerated by the small sample size.  
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Figure 8. APACHE II Funnel Plot Asymmetry Test 

 

SSyymmmmeettrriiccaall  pplloott 
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Figure 9. SAPS II Funnel Plot Asymmetry Test 

 

SSyymmmmeettrriiccaall  pplloott 
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Figure 10. SOFA Funnel Plot Asymmetry Test 

 

 

Independent Predictors of Mortality 

The secondary aim of the study was to identify independent predictors of mortality 

measured and reported in the 22 eligible validation studies. Physiological variables of interest 

were limited to physiological covariates in which univariate analyses were performed to detect a 

statistically significant (p < 0.05) influence on ICU mortality. The intent was to identify and 

describe physiological variables not captured in vPM algorithms and were associated with 30-

day ICU mortality risk. 

Physiological variables identified as independent predictors, but already measured in a 

model, were not included in data extraction. As a result, the inquiry yielded no results. For 

 

AAssyymmmmeettrriiccaall  pplloott 
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example, Benoit et al. (2003) identified requiring intubation within the first 24 hours of 

admission, serum creatinine > 1.2, and blood urea nitrogen > 0.75, leucopenia, and the use of 

vasopressors as prognostic indicators of 30-day ICU mortality. These variables are already 

measured in the vPMs; therefore, offer no meaningful insights for this type research question. 

The most frequently occurring independent prognostic indicator of mortality risk was the use of 

vasopressors, which is measured in the SOFA model.  

In the Soares et al. (2004) study (n =1,257), APACHE II (AUC 0.89) and SAPS II (0.92) 

showed good to excellent discrimination without independent prognostic variables explored in 

the analysis. The Liborio et al. (2011) study (n = 288) also showed good (SAPS II, AUC 0.869) 

and excellent (APACHE II, AUC 0.940; SOFA, AUC 0.910) discrimination. In this study, the 

authors identified 13 physiological variables that increased risk for hospital mortality but the 

models also address these predictors. After surveying the articles, there was insufficient data to 

analyze, summarize, or describe independent predictors associated with 30-day ICU mortality 

not captured in the vPMs.  
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Chapter 5  

Summary  

The approach chosen to determine the vPM most suitable for the critically ill cancer 

population was a meta-analysis using meta-regression with random-effects modeling technique. 

Study-level data were extracted from prospective and retrospective cohort-type validation studies 

aimed at the predictive accuracy of APACHE II, SAPS II, and SOFA models. After applying 

PRISMA criteria to the literature search, 22 articles met eligibility criteria. The CHARMS 

protocol guided data extraction. Together, PRISMA criteria and CHARMS protocol was a 

structured approach to organizing the steps to answering the research questions and reporting the 

outcomes. 

Systematically reviewing the literature provided a sufficient amount of data to generate 

diagnostic performance statistics. The processed yielded 32,303 combined predictions performed 

among the three vPMs. The APACHE II, SAPS II, and SOFA cohort groups performed a total of 

16,764, 12,960, and 2,579 mortality predictions respectively. Predictive accuracy for APACHE 

II ranged from 0.60 to 0.94 (0.800), SAPS II 0.67 to 0.92 (0.792), and SOFA 0.68 to 0.91 (0.794) 

across the 22 validation studies.  

Random-effects accounted for between-study variance and heterogeneity, resulting in a 

weighted mean for individual studies and pooled mean effects. Study weights led to APACHE II 

cohort performance mean increasing slightly to 0.804 from the 0.800 after accounting for 

heterogeneity. The SAPS II cohort performance mean increased to 0.797 when compared to the 

0.792 before random-effects modeling.  The SOFA cohort improved most with an initial 0.785 

that changed to 0.794 performance mean effect. The conclusion is APACHE II demonstrated 

good discrimination while SAPS II and SOFA showed fair discrimination.  
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The overall performance means for APACHE II, SAPS, and SOFA were 0.804, 0.797, 

and 0.794, respectively. Based on the findings, the APACHE II demonstrated greatest predictive 

accuracy when compared to SAPS II and SOFA models. Although APACHE II performed best, 

clinical significance is not established based on these findings. Measures of correlation among 

vPMs demonstrated no relationships between the models. Adjunct to vPM research, no 

independent predictors of to 30-ICU mortality were identified in this study.    

Discussion 

Diversity among researchers tends to lead toward different approaches to investigating 

important questions. In this study, examining previous works centered on questions about the 

performances of vPMs in the ICU wasdeemed important to delivering quality bedside care. The 

varying approaches to uncovering the answer to vPM performances created an opportunity to 

integrate the findings from multiple independent studies to inform evidence-based practice. 

Similarities in methodologies and aims centered on the vPM performances in the critically ill 

oncology population resulted in independent studies being aggregated using statistical 

procedures to quantify significance to bedside care.  

Sample 

Following PRISMA guidelines, this study was a systematic attempt at quantifying the 

results of independent research to gain evidence-based knowledge that will further guide clinical 

practice. A limitation of this approach is study-level data. In contrast to data at the subject-level, 

study level data is restricted to information available for extracting from independent reporting 

of findings. Issues such as individual study bias, design flaws, and improper data collection 

techniques cannot be managed using the methodological approach in this study. Nevertheless, 
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the random-effects models accounted for heterogeneity associated with differences in 

characteristics of studies and study populations. 

The CHARMS protocol added scientific rigor because it pre-specified the objectives and 

methods of data extraction. The study sample was limited to validation studies that were testing 

vPMs performances in new populations (i.e., oncology patients) to determine if clinical validity 

was maintained in specific patient groups. A strong point of this approach is the ability to isolate 

the performances in a group for analysis. The limitation of this approach was the lack of model 

performance comparisons with performances in general ICU populations. Whether or not the 

models perform better in the general population remains unknown. 

Following the CHARMS protocol restricted post hoc decisions during the review 

process; thus limiting bias such as selective outcome reporting. Publication bias is a concern for 

publishing only studies that demonstrate favorable outcomes. The Egger’s test showed no 

publication bias associated with the APACHE II and SAPS II cohorts. The AUC performances in 

each group varied: 0.60 to 0.94 (APACHE II), 0.67 to 0.92 (SAPS II), and 0.68 to 0.91 (SOFA). 

The APACHE II cohort demonstrated the widest range gap (0.34) and SOFA had the narrowest 

range gap (0.23). The small sample of studies identified for the SOFA model can be attributed 

low statistical power and reduced heterogeneity.  

Primary Study Aim 

 A validated prognostic model performance is related directly to the ratio between 

accurate predictions and observed outcomes when establishing legitimacy for bedside 

application. In this study, APACHE II performed with greatest accuracy but had significantly 

more predictions in comparison with the other models. It is the gold standard among vPMs, 

which can be attributed to the availability of more studies and greater reporting of prediction 
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events. The least performing vPM, SOFA, had significantly fewer predictions because of fewer 

published studies available for statistical analysis. The SAPS II model’s overall performance was 

closer to APACHE II, which coincided with a comparable number of prediction events.  

The strength of using meta-regression to summarize the findings of multiple studies is its 

scientific approach. It objectively reduces conflict and ambiguity associated with examining the 

evidence based solely on case-by-case analysis. A key limitation is the grouping of performance 

assessed based on study-level data. In this study, the data is based on model overall performance 

(i.e., mean) as reported in individual studies rather than scrutiny of performance at the individual 

level. Predictive accuracy cannot be stratified using study-level data.  

Individual level data is more appropriate for observing performance differences 

representative of physiological extremes and gray areas. For example, a vPM performance 

among terminally ill patient populations is probably greater than 0.9 (i.e., excellent 

discrimination). Likewise, vPM performance for patients admitted for low acuity needs such as 

observation status is also favorable towards high predictive accuracy. Evidence supporting the 

validity of vPMs are important to the bedside nurse and physician. However, research of 

prognostic models outcomes among cancer patients with clinically ambiguous situations may be 

more meaningful. As a result, predictions that are objective for oncology patients who fall in the 

uncertainty category still need to be addressed in future research. 

Secondary Study Aim  

The secondary aim of the study was the identification of independent predictors of ICU 

mortality not included in APACHE II, SAPS II, and SOFA models. The impetus for this 

exploration was to gain new insights into routinely measured physiological variables that may 

improve the predictive performance of any widely accepted vPM. Identifying independent 
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predictors of mortality are important to clinical nursing because early warning signs are a part of 

critical thinking and anticipatory care in nursing practice. After surveying the articles, there was 

insufficient data to analyze, summarize, or describe independent predictors associated with 30-

day ICU mortality not captured in the models.  

Ongoing investigation is required to determine independent predictors of mortality, not 

measured in the models. Restricting the search of independent predictors to reporting along with 

model performances was a limitation of this study. Conducting a meta-analysis of independent 

predictors may better address the secondary aim. This is more salient when examined in the 

context of the primary findings. That is to say, the main effects of vPMs in this study ranged 

from fair to good discrimination (0.0794 – 0.804). Identifying covariates that better capture the 

unique physiological challenges associated with cancer and its related treatment must be 

investigated to determine if the overall performance of model predictions can be improved to > 

0.90 in this population. 

Conclusion 

As the gold standard among vPMs, APACHE II performed with greatest predictive 

accuracy and achieved good discrimination (> 0.80). Its combination of physiological variables, 

prediction algorithm and objectivity remained valid after scrutiny in this study. Heterogeneity 

was established across studies with no publication bias observed. Because the outcome is based 

on study-level data, ongoing research is need to explore the clinical significance and practical 

application of APACHE II in the critically ill oncology ICU sub-population. Pursuing clinical 

significance is an opportunity to examine feasibility, impact of use on staff attitudes, and 

application to decision-making at the bedside.  



71 

 

The overall performance was 0.804 for APACHE II. Nevertheless, a model that predicts 

at 0.9 or better (excellent discrimination) would be ideal. Because the model has not reached its 

full potential, the identification of additional physiological variables associated with ICU 

mortality using a different approach is warranted. In effect, identifying physiological variables 

most predictive of outcomes in the oncology patient will lead to the need to update current 

models. This includes adding variables representative of homeostasis, modifying algorithms, and 

ensuring that model changes improve performance and maintain objectivity. 

Although SAPS II and SOFA did not perform as well, improving performance remains an 

important contribution to critical care management. A contributing factor to SOFA performance 

may be due to it being under-investigated in the cancer population. Cancer is one of the leading 

causes of death worldwide, but the overall number of articles retrieved was small relative to 

disease impact. Having a small number of studies to review was a limitation of conducting meta-

analysis to answer both research questions. Limited information to support evidence-based 

practice supports continued nurse-led investigations centered on prognosis-related research.  

Nursing Implications 

The utility of prognostic models relies on capturing and documenting the physiological 

variables observed by CCNs during hemodynamic monitoring. These physiological variables 

function as prognostic factors by which the intensivists use the information to formulate a 

realistic clinical picture in collaboration with the bedside nurse. Together, the CCNs and 

intensivists use their expertise and practice scopes to demonstrate their collective investment in 

the well-being of the patient and assurance of delivering evidence-based, quality care. Therefore, 

future research should be centered on how prognostic information is shared at the bedside.  
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Prognosis research is central to addressing these types of issues in the clinical setting. 

Nurse-led research should focus on the contextual meaning of prognosis to the nurse and patient. 

Understanding its meaning will help CCNs better function as advocates during the decision-

making process. Nursing investigation exploring vPM use as decision support aids have the 

potential to be far reaching. Particularly, nursing investigation should focus on the ICU setting 

because admission to the ICU is associated with anxiety and fears experienced among patients 

and family members; while nurses and physicians have concerns about delivering futile care.  

Shared decision-making is a process and model use has implications for helping to reduce 

uncertainty experienced by patients, nurses, and physicians during a most critical time. Because 

prognosis involves two-way conversations, careful consideration for how vPMs are introduced 

into communication exchanges is important to advance nursing science. Explanations of 

prognoses should be undergirded by rich information delivered in a systematic, impartial, yet 

empathetic fashion but gaps in the literature exist about the role of nursing. This gap creates an 

opportunity for nurse-led investigation related to prognosis and nursing advocacy, education, and 

policy.  

  



73 

 

References 

Afessa, B., Tefferi, A., Dunn, W. F., Litzow, M. R., & Peters, S. G. (2003). Intensive care unit 

support and Acute Physiology and Chronic Health Evaluation III performance in 

haematopoietic stem cell transplant recipients. Critical Care Medicine, 31, 1715-1721. 

https://dx.doi.org/10.1097/01.CCM.0000065761.51367.2D 

Akbar, A., Shahzadi, S., Khurram, M. & Khar, H. T. B. (2016). SOFA score and outcome: 

experience at a public sector hospital ICU. Pakistan Armed Forces Medical Journal, 66 

(4), 510-514. Retrieved from http://www.scopemed.org/fulltextpdf.php?mno=241310 

Aiello-Bowes, E. J, Boudreau, D. M., Chubak, J., Yu, O., Fujii, M., Chestnut, J., & Buist, D. S. 

(2012). Patient-reported discontinuation of endocrine therapy and related adverse effects 

among women with early-stage breast cancer. Journal of Oncology Practice, 8(6):e149-

57. https://dx.doi.org/10.1200/JOP.2012.000543 

Alfano, C. M., Smith, T., de Moor, J. S., Glasgow, R. E., Khoury, M. J., Hawkins, N. A., … 

Rowland, J. H. (2014). An action plan for translating cancer survivorship research into 

care. JNCI Journal of the National Cancer Institute, 106(11), dju287. 

http://doi.org/10.1093/jnci/dju287 

Altman, D. G., & Royston, P. (2000). What do we mean by validating a prognostic model? 

Statistics in Medicine, 19(4), 453-473. 

 American Society of Clinical Oncology. (2016). The state of cancer care in America, 2016: A 

report by the American society of clinical oncology. Journal of Oncology Practice, 12(4), 

339-383. https://dx.doi.org/10.1200/JOP.2015.010462 

Argyriou, G., Vretto, C. S., Filippatos, G., Sainis, G., Nanas, S., & Routsi, C. (2015).  

Comparative evaluation of Acute Physiology and Chronic Health Evaluation II and 



74 

 

Sequential Organ Failure Assessment scoring systems in patients admitted to the cardiac 

intensive care unit. Journal of Critical Care, 30(4), 752-757. 

https://dx.doi.org/10.1016/j.jcrc.2015.04.014 

Aygencel, G., Turkoglu, M., Turkoz Sucak, G., & Benekli, M. (2014). Prognostic factors in 

critically ill cancer patients admitted to the intensive care unit. Journal of Critical Care, 

29(4), 618-626. https://doi.org/10.1016/j.jcrc.2014.01.014 

Barber, D. (2012). Bayesian reasoning and machine learning. New York: Cambridge University 

Press. 

Barbini, P., Cevenini, G., Furini, S., & Barbini, E. (2014). A naïve approach for deriving scoring 

systems to support clinical decision making. Journal of Evaluation in Clinical Practice, 

20(1), 1-6. https://dx.doi.org/10.1111/jep.12064 

Barton, A., Ethier, J. F., Duvauferrier, R. & Burgun, A. (2017). An ontological analysis of 

medical Bayesian indicators of performance. Journal of Biomedical Semantics, 8(1), 1. 

https://dx.doi.org/10.1186/s13326-016-0099-4 

Becerra-Pérez, M. M., Menear, M., Brehaut, J. C., & Légaré, F. (2016). Extent and predictors of 

decision regret about health care decisions: a systematic review. Medical Decision 

Making, 36(6), 777-790. https://dx.doi.org/10.1177/0272989X16636113 

Beckstrand, R. L., Lamoreaux, N., Luthy, K. E., & Macintosh, J. L. (2017). Critical Care Nurses' 

Perceptions of End-of-Life Care Obstacles: Comparative 17-Year Data. Dimensions of 

Critical Care Nursing, 36(2), 94-105. https://doi.org/10.1097/DCC.0000000000000234 

Benoit, D., Vandewoude, K., Decruyenaere, J., Hoste, E., & Colardyn, F. (2003).Outcome and 

early prognostic indicators in patients with a hematological malignancy admitted to the 



75 

 

intensive care unit for a life-threatening complication. Critical Care Medicine, 31,104-

112. 

Berger, J. O. (2017). Statistical decision theory and bayesian analysis (2nd ed.). New York: 

Springer. 

Berghmans, T., Paesmans, M., & Sculier, J. P. (2004). Is a specific oncological scoring system 

better at predicting the prognosis of cancer patients admitted for an acute medical 

complication in an intensive care unit than general gravity scores? Support Care Cancer, 

12(4), 234-239.  

Bird, G. T., Farquhar-Smith, P., Wigmore, T., Potter, M., & Gruber, P. C. (2012). Outcomes and 

prognostic factors in patients with haematological malignancy admitted to a specialist 

cancer intensive care unit: a 5 yr study. British Journal of Anesthesia, 108(3), 452-459. 

https://dx.doi.org/10.1093/bja/aer449 

Blanch, L., Abillama, F. F., Amin, P., Christian, M., Joynt, G. M., Myburgh, J., Nates, J. L.,… 

Zimmerman, J. (2016). Triage decisions for ICU admission: Report from the Task Force 

of the World Federation of Societies of Intensive and Critical Care Medicine. Journal of 

Critical Care, 36, 301-305. doi: 10.1016/j.jcrc.2016.06.014. 

https://dx.doi.org/10.1016/j.jcrc.2016.06.014 

Bolton, N. (2016). Diaries for recovery from critical illness. Clinical Nurse Specialist, 30(1), 17-

18. https://doi.org/10.1097/NUR.0000000000000171 

Borenstein, M., Hedges, L. V., Higgins, J., & Rothstein, H. R. (2009). Chapter 20. 

Meta‐Regression. Introduction to Meta-analysis, 187-203. Hoboken: John Wiley & Sons, 

Ltd. 



76 

 

Borenstein, M., Hedges, L. V., Higgins, J., & Rothstein, H. R. (2010). A basic introduction to 

fixed‐effect and random‐effects models for meta‐analysis. Research Synthesis Methods, 

1(2), 97-111. 

Borhani, F., Mohammadi, S., & Roshanzadeh, M. (2015). Moral distress and perception of futile 

care in intensive care nurses. Journal of Medical Ethics and History of Medicine, 8. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4733540/ 

Bos, M. M. E. M., Verburg, I. W. M., Dumaij, I., Stouthard, J., Nortier, J. W. R., Richel, D., … 

de Jonge, E. (2015). Intensive care admission of cancer patients: a comparative analysis. 

Cancer Medicine, 4(7), 966–976. http://doi.org/10.1002/cam4.430 

Brinkman, S., Abu-Hanna, A., de Jonge, E., & de Keizer, N. F. (2013). Prediction of long-term 

mortality in ICU patients: model validation and assessing the effect of using in-hospital 

versus long-term mortality on benchmarking. Intensive Care Medicine, 39(11), 1925-

1931. https://dx.doi.org/10.1007/s00134-013-3042-5 

Cabré, L., Mancebo, J., Solsona, J. F., Saura, P., Gich, I., Blanch, L., Carrasco, G.,&  Martín, M. 

C. (2005). Multicenter study of the multiple organ dysfunction syndrome in intensive 

care units: the usefulness of Sequential Organ Failure Assessment scores in decision 

making. Intensive Care Medicine, 31(7), 927-933. https://dx.doi.org/10.1007/s00134-

005-2640-2 

Can, M. F., Yagci, G., Tufan, T., Ozturk, E., Zeybek, N., & Cetiner, S. (2008). Can SAPS II 

predict operative mortality more accurately than POSSUM and P-POSSUM in patients 

with colorectal carcinoma undergoing resection?. World Journal of Surgery, 32(4), 589-

595. 



77 

 

Cárdenas-Turanzas, M., Ensor, J., Wakefield, C., Zhang, K., Wallace, S. K., Price, K. J., & 

Nates, J. L. (2012). Cross-validation of a Sequential Organ Failure Assessment score–

based model to predict mortality in patients with cancer admitted to the intensive care 

unit. Journal of Critical Care, 27(6), 673-680. 

Carlson, E. B., Spain, D. A., Muhtadie, L., McDade-Montez, L., & Macia, K. S. (2015). Care 

and Caring in the ICU: Family Members’ Distress and Perceptions about Staff Skills, 

Communication, and Emotional Support. Journal of Critical Care, 30(3), 557–561. 

http://doi.org/10.1016/j.jcrc.2015.01.012 

Cavallazzi, R., Hirani, A., Vasu, T. S., Pachinburavan, M., & Kane, G. C. (2009). Influence of 

malignancy on the decision to withhold or withdraw life-sustaining therapy in critically 

ill patients. American Journal of Hospice & Palliative Care, 26(6), 464-469. 

https://doi.org/10.1177/1049909109341872 

Chang, L, Horng, C. F., Huang, Y. C., & Hsieh, Y. Y. (2006). Prognostic accuracy of Acute 

Physiology and Chronic Health Evaluation II scores in critically ill cancer patients. 

American Journal of Critical Care, 15(1), 47-53. Retrieved from 

http://ajcc.aacnjournals.org/content/15/1/47.long 

Chen, R.-X., Wang, H.-Z., Dong, J., Ren, H., Chen, X.-J., Xu, J.-X.,…Wang, G.-D. (2017). 

Pulmonary embolism in non-brain tumor patients after surgery—a retrospective study in 

China. World Journal of Surgical Oncology, 15, 22. http://doi.org/10.1186/s12957-016-

1074-3 

Chen, S. L., Wei, I. L., Sang, Y.Y., & Tang, F. I. (2004). ICU nurses' knowledge of, and attitudes 

towards, the APACHE II scoring system. Journal of Clinical Nursing,13(3), 287-

296.https://dx.doi.org/10.1046/j.1365-2702.2003.00864.x 



78 

 

Cheon, S., Agarwal, A., Popovic, M., Milakovic, M., Lam, M., Fu, W., DiGiovanni, J., ...Chow, 

E. (2016). The accuracy of clinicians' predictions of survival in advanced cancer: a 

review. Annals of Palliative Medicine, 5(1), 22-9. https://dx.doi.org/10.3978/j.issn.2224-

5820.2015.08.04 

Chien, C. H., Chuang, C. K, Liu, K. L, Li, C. L., & Liu, H. E. (2014). Changes in decisional 

conflict and decisional regret in patients with localised prostate cancer. Journal of 

Clinical Nursing, 23(13/14), 1959-1969. https://dx.doi.org/10.1111/jocn.12470 

Cholongitas, E., Senzolo, M., Patch, D., Shaw, S., Hui, C., & Burroughs, A. K. (2006). Review 

article: scoring systems for assessing prognosis in critically ill adult cirrhotics. 

Alimentary Pharmacology & Therapeutics, 24(3), 453-464. 

https://dx.doi.org/10.1111/j.1365-2036.2006.02998.x 

Cornet, A. D., Issa, A. I., van de Loosdrecht, A. A., Ossenkoppele, G. J., Strack van Schijndel, 

R. J., & Groeneveld, A. B. (2005). Sequential organ failure predicts mortality of patients 

with a haematological malignancy needing intensive care. European Journal of 

Hematology, 74(6), 511-516. https://doi.org/10.1111/j.1600-0609.2005.00418.x 

Conway, J. R. W., Carragher, N. O., & Timpson, P. (2014). Developments in preclinical cancer 

imaging: innovating the discovery of therapeutics. Nature Reviews Cancer,     

 14, 314–328. https://dx.doi.org/10.1038/nrc3724 

Costantini, M., Alquati, S., & Di Leo, S. (2014). End-of-life care: pathways and evidence. 

Current Opinion in Supportive & Palliative Care. 8(4), 399-404. 

https://dx.doi.org/10.1097/SPC.0000000000000099 

Costantini, M., Pellegrini, F., Di Leo, S., Beccaro, M., Rossi, C, Flego, G., Romoli, 

V.,…Higginson, I. J. (2014).The Liverpool Care Pathway for cancer patients dying in 



79 

 

hospital medical wards: a before-after cluster phase II trial of outcomes reported by 

family members. Palliative Medicine, 28(1), 10-17. 

https://dx.doi.org/10.1177/0269216313487569 

Cruz, V. M., Camalionte, L., & Caruso, P. (2015). Factors associated with futile end-of-life 

intensive care in a cancer hospital. American Journal of Hospice & Palliative Care, 

32(3), 329-334. https://doi.org/10.1177/1049909113518269 

Daly, B., Hantel, A., Wroblewski, K., Balachandran, J. S.
 
Chow,  S., DeBoer, R., Fleming, G. F., 

…Polite, B.N. (2016). No Exit: Identifying Avoidable Terminal Oncology Intensive Care 

Unit Hospitalizations. Journal of Oncology Practice, 12(10):e901-e911. 

https://doi.org/10.1200/JOP.2016.012823 

Denlinger, C. S., Carlson, R. W., Are, M., Baker, K. S., Davis, E., Edge, S. B., … Freedman-

Cass, D. (2014). Survivorship: Introduction and definition: Clinical practice guidelines in 

oncology. Journal of the National Comprehensive Cancer Network : JNCCN, 12(1), 34–

45. 

den Boer, S., de Keizer, N. F., & de Jonge, E. (2005). Performance of prognostic models in 

critically ill cancer patients - a review. Critical Care, 9(4), R458-463. 

https://dx.doi.org/10.1186/cc3765  

Detsky, M. E., Harhay, M. O., Bayard, D. F., Delman, A. M., Buehler, A. E., Kent, S.A., 

Ciuffetelli, I.V., … Halpern, S. D. (2017). Discriminative accuracy of physician and 

nurse predictions for survival and functional outcomes 6 months after an ICU admission. 

JAMA. 317(21), 2187-2195. http://doi.org/10.1001/jama.2017.4078 

Devillé, W. L., Buntinx, F., Bouter, L. M., Montori, V. M., de Vet, H. C., van der Windt, D. A., 

& Bezemer, P. D. (2002). Conducting systematic reviews of diagnostic studies: didactic 



80 

 

guidelines. BMC Medical Research Methodology, 2, 9. http://doi.org/10.1186/1471-2288-

2-9 

Dietel, M. (2016). Molecular Pathology: A requirement for precision medicine in cancer. 

Oncology Research and Treatment, 39(12), 804-810. 

https://dx.doi.org/10.1159/000453085 

Djulbegovic, M., Beckstead, J., Elqayam, S., Reljic, T., Kumar, A., Paidas, C., & Djulbegovic, 

B. (2015). Thinking Styles and Regret in Physicians. PLoS ONE, 10(8), e0134038. 

http://doi.org/10.1371/journal.pone.0134038 

Djulbegovic, B., Tsalatsanis, A., Mhaskar, R., Hozo, I., Miladinovic, B., & Tuch, H. (2016). 

Eliciting regret improves decision making at the end of life. European Journal of Cancer, 

68, 27-37. https://doi.org/10.1016/j.ejca.2016.08.027 

Dreiseitl, S., & Osl, M. (2012). Testing the calibration of classification models from first 

principles. AMIA Annual Symposium Proceedings, 2012, 164–169. 

Dugas, M., Trottier, M.-È., Chipenda Dansokho, S., Vaisson, G., Provencher, T., Colquhoun, H., 

… Witteman, H. O. (2017). Involving members of vulnerable populations in the 

development of patient decision aids: a mixed methods sequential explanatory study. 

BMC Medical Informatics and Decision Making, 17, 12. http://doi.org/10.1186/s12911-

016-0399-8 

Egger, M., Smith, G. D., Schneider, M., & Minder, C. (1997) Bias in meta-analysis detected by a 

simple, graphical test. BMJ 315: 629–634.  

Eisen, T., Sternberg, C. N., Robert, C., Mulders, P., Pyle, L., Zbinden, S., ... & Escudier, B. 

(2012). Targeted therapies for renal cell carcinoma: review of adverse event management 

strategies. Journal of the National Cancer Institute, 104(2), 93-113. 



81 

 

Engebretsen, E, Heggen, K., Wieringa, S., & Greenhalgh, T. (2016).Uncertainty and objectivity 

in clinical decision making: a clinical case in emergency medicine. Medicine Health Care 

and Philosophy, 19(4), 595-603. https://dx.doi.org/10.1007%2Fs11019-016-9714-5 

Ertan, T., Yoldas, O., Kılıc, Y. A., Kılıc, M., Göcmen, E., Koc, M., & Tez, M. (2008). External 

validation of prognostic models among cancer patients undergoing emergency colorectal 

surgery. The American Journal of Surgery, 195(4), 439-441. 

Fan, J., Upadhye, S., & Worster, A. (2006). Understanding receiver operating characteristic 

(ROC) curves. Canadian Journal of Emergency Medicine, 8(1),19-20. 

https://doi.org/10.1017/S1481803500013336 

Fang, Y., Wu, C., Gu, X., Li, Z., Xiang, J., & Chen, Z. (2014). Perioperative mortality and 

morbidity prediction using POSSUM, P-POSSUM and APACHE II in Chinese gastric 

cancer patients: surgical method is a key independent factor affecting prognosis. 

International journal of clinical oncology, 19(1), 74-80. 

Feltracco, P., Brezzi, M., Barbieri, S., Milevoj, M., Galligioni, H., Cillo, U., Zanus, G.,… Ori, 

C.(2011). Intensive care unit admission of decompensated cirrhotic patients: Prognostic 

scoring systems. Transplant Proceedings, 43(4):1079-1084. 

https://dx.doi.org/10.1016/j.transproceed.2011.01.153 

Ferreira, F. L., Bota, D. P, Bross, A., Mélot, C., & Vincent, J. L. (2001). Serial evaluation of the 

SOFA score to predict outcome in critically ill patients. JAMA, 286(14),1754-1758. 

https://dx.doi.org/10.1001/jama.286.14.1754 

Frost, D. W., Cook, D. J., Heyland, D. K., & Fowler, R. A. (2011). Patient and healthcare 

professional factors influencing end-of-life decision-making during critical illness: a 



82 

 

systematic review. Critical care medicine, 39(5), 1174-1189. 

https://doi.org/10.1097/CCM.0b013e31820eacf2 

Fuchs, S. (1997). A sociological theory of objectivity. Science Studies, 11(1), 4-26. Retrieved 

from http://ojs.tsv.fi/index.php/sts/article/download/55101/17936 

Gaeta, S., & Price, K. J. (2010). End-of-life issues in critically ill cancer patients. Critical Care 

Clinics, 26(1), 219-227. https://dx.doi.org/10.1016/j.ccc.2009.10.002 

Gambhir, S. S. (2002). Molecular imaging of cancer with positron emission tomography. Nature 

Reviews Cancer, 2, 683-693. doi:10.1038/nrc882 

Gelman, A., Carlin, J. B., Stern, H. S., Dunson, D. B., Vehtari, A., & Rubin, D. B. (2013). 

Bayesian data analysis (3rd ed). Boca Raton, FL: Chapman and Hall/CRC Press. 

Gigerenzer, G., & Edwards, A. (2003). Simple tools for understanding risks: from innumeracy to 

insight. BMJ : British Medical Journal, 327(7417), 741–744. 

https://dx.doi.org/10.1136%2Fbmj.327.7417.741 

Godinjak, A., Iglica, A., Rama, A., Tančica, I., Jusufović, S., Ajanović, A., & Kukuljac, A. 

(2016). Predictive value of SAPS II and APACHE II scoring systems for patient outcome 

in a medical intensive care unit. Acta Medica Academia. 45(2), 97-103. 

https://dx.doi.org/10.5644/ama2006-124.165 

Gonen, M. (2007). Analyzing receiver operating characteristics curves with SAS. Cary, NC: SAS 

Institute, Inc. 

Gosling, P., Czyz, J., Nightingale, P., & Manji, M. (2006). Microalbuminuria in the intensive 

care unit: Clinical correlates and association with outcomes in 431 patients. Critical Care 

Medicine 34(8), 2158-2166. https://dx.doi.org/10.1097/01.CCM.0000228914.73550.BD 



83 

 

Gramling, R., Fiscella, K., Xing, G., Hoerger, M., Duberstein, P., Plumb, S., Mohile, S., Fenton, 

J. J., Tancredi, D. J., Kravitz, R. L., & Epstein, R. M. (2016). Determinants of Patient-

Oncologist Prognostic Discordance in Advanced Cancer. JAMA Oncology, 2(11), 1421-

1426. https://doi.org/10.1001/jamaoncol.2016.1861 

Granholm, A., Møller, M. H., Krag, M., Perner, A., & Hjortrup, P. B. (2016). Predictive 

Performance of the Simplified Acute Physiology Score (SAPS) II and the initial 

Sequential Organ Failure Assessment (SOFA) score in acutely ill intensive care patients: 

Post-Hoc analyses of the SUP-ICU Inception cohort study. PLoS ONE, 11(12), 

e0168948. http://doi.org/10.1371/journal.pone.0168948 

Greenberg, J. A., David, M. Z., Churpek, M. M., Pitrak, D. L., Hall, J., & Kress, J. (2016). 

Sequential Organ Failure Assessment Score modified for recent infection in patients with 

hematologic malignant tumors and severe sepsis. American Journal of Critical Care, 

25(5), 409-417. https://dx.doi.org/10.4037/ajcc2016281  

Haidich, A. B. (2010). Meta-analysis in medical research. Hippokratia, 14(Suppl 1), 29–37. 

Hall, J. B. (2017). Making Recommendations for Limiting Care in the ICU Based on Sound 

Prognosis. JAMA, 317(21), 2170-2171. . https://dx.doi.org/10.1001/jama.2017.4327 

Hamel, M. B., Davis, R. B., Teno, J. M., Knaus, W. A., Lynn, J., Harrell, F. Jr., Galanos, A. 

N…Phillips, R. S. (1999). Older age, aggressiveness of care, and survival for seriously 

ill, hospitalized adults. SUPPORT Investigators. Study to Understand Prognoses and 

Preferences for Outcomes and Risks of Treatments. Annals of Internal Medicine, 

131(10), 721-728. 



84 

 

Hamric, A. B., & Blackhall, L. J. (2007). Nurse-physician perspectives on the care of dying 

patients in intensive care units: collaboration, moral distress, and ethical climate. Critical 

care medicine, 35(2), 422-429. 

Hampshire, P. A., Welch, C. A., McCrossan, L. A., Francis, K., & Harrison, D. A. (2009). 

Admission factors associated with hospital mortality in patients with haematological 

malignancy admitted to UK adult, general critical care units: a secondary analysis of the 

ICNARC Case Mix Programme Database. Critical Care, 13(4), R137. 

Hanley, J. A., & McNeil, B. J. The meaning and use of the area under a Receiver Operating 

Characteristic (ROC) curve. Radiology, 1982, 143, 29-36. 

Haq, A., Patil, S., Parcells, A. L., & Chamberlain, R. S. (2014). The Simplified Acute 

Physiology Score III Is Superior to the Simplified Acute Physiology Score II and Acute 

Physiology and Chronic Health Evaluation II in predicting surgical and ICU mortality in 

the “Oldest Old.” Current Gerontology and Geriatrics Research, 2014, 934852. 

http://doi.org/10.1155/2014/934852 

Harrison, D. A., Parry, G. J., Carpenter, J. R., Short, A., & Rowan, K. (2007). A new risk 

prediction model for critical care: the Intensive Care National Audit & Research Centre 

(ICNARC) model. Critical Care Medicine, 35(4), 1091-1098. 

https://dx.doi.org/10.1097/01.CCM.0000259468.24532.44 

Hashim, M. J. (2017). Patient-centered communication: basic skills. American Family Physician, 

95(1), 29-34. Retrieved from http://www.aafp.org/afp/2017/0101/p29.html 

Heland, M. (2006). Fruitful or futile: intensive care nurses' experiences and perceptions of 

medical futility. Australian Critical Care, 19(1), 25-31. 



85 

 

Herrmann, J., Yang, E. H., Iliescu, C. A., Cilingiroglu, M., Charitakis, K., Hakeem, A., 

…Marmagkiolis, K. (2016).Vascular Toxicities of Cancer Therapies: The Old and the 

New-An Evolving Avenue. Circulation, 133(13), 1272-1289. 

https://dx.doi.org/10.1161/CIRCULATIONAHA.115.018347 

Ho, K. (2007). Combining sequential organ failure assessment (SOFA) score with acute 

physiology and chronic health evaluation (APACHE) II score to predict hospital 

mortality of critically ill patients. Anesthesia and Intensive Care, 35(4), 515-521. 

Retrieved from http://www.aaic.net.au/document/?D=2006575 

Ho, K., Lee, K., Williams, T., Finn, J., Knuiman, M., & Webb, S. (2007). Comparison of acute 

physiology and chronic health evaluation (APACHE) II score with organ failure scores to 

predict hospital mortality. Anesthesia 2007, 62(5), 466-473. 

https://dx.doi.org/10.1111/j.1365-2044.2007.04999.x 

Hoerger, M., Epstein, R. M., Winters, P. C., Fiscella, K., Duberstein, P. R., Gramling, R., … 

Kravitz, R. L. (2013). Values and options in cancer care (VOICE): study design and 

rationale for a patient-centered communication and decision-making intervention for 

physicians, patients with advanced cancer, and their caregivers. BMC Cancer, 13, 188. 

http://doi.org/10.1186/1471-2407-13-188 

Holtfreter, B., Bandt, C., Kuhn, S., Grunwald, U., Lehman, C., & Schütt, C. (2006).Serum 

osmolality and outcome in intensive care unit patients. Acta Anaesthesiologica 

Scandinavica, 50(8), 970-977. https://dx.doi.org/10.1111/j.1399-6576.2006.01096.x 

Horster, S., Stemmler, H. J., Mandel, P. C., Mück, A., Tischer, J., Hausmann, A., Parhofer, K.G., 

& Geiger, S. (2012). Mortality of patients with hematological malignancy after admission 



86 

 

to the intensive care unit. Oncology, 35(10), 556-561. 

https://dx.doi.org/10.1159/000342672 

Hosseini, M., & Ramazani, J. (2016). Evaluation of Acute Physiology and Chronic Health 

Evaluation II and sequential organ failure assessment scoring systems for prognostication 

of outcomes among Intensive Care Unit’s patients. Saudi Journal of Anaesthesia, 10(2), 

168–173. http://doi.org/10.4103/1658-354X.168817 

Hosmer, D. W., Hosmer, T., Le Cessie, S., & Lemeshow, S. (1997). A comparison of goodness-

of-fit tests for logistic regression model. Retrieved from 

http://www2.stat.duke.edu/~zo2/dropbox/goflogistic.pdf 

Huffines, M., Johnson, K. L. Smitz-Naranjo, L. L.; Lissauer, M. E.; Fishel, M. Angelo, H., Susan 

M.,… Smith, R. (2013). Improving family satisfaction and participation 

in decision making in an intensive care unit. Critical Care Nurse, 33(5): 56-69. 

https://dx.doi.org/10.4037/ccn2013354 

Huang, Y., Chen, J., Zhong, S., & Yuan, J. (2016). Role of APACHE II scoring system in the 

prediction of severity and outcome of acute intracerebral hemorrhage. The International 

Journal of Neuroscience,126(11), 1020-1024. 

https://dx.doi.org/10.3109/00207454.2015.1099099  

Hutchison, P. J., McLaughlin, K., Corbridge, T., Michelson, K. N., Emanuel, L., Sporn, P. H. S., 

& Crowley-Matoka, M. (2016). Dimensions and Role-Specific Mediators of Surrogate 

Trust in the ICU. Critical Care Medicine, 44(12), 2208–2214. 

http://doi.org/10.1097/CCM.0000000000001957 

Huynh, T. N., Kleerup, E. C., Wiley, J. F., Savitsky, T. D., Guse, D., Garber, B. J., &Wenger, N. 

S.( 2013). The frequency and cost of treatment perceived to be futile in critical care. 



87 

 

JAMA Internal Medicine, 173(20), 1887-1894. 

https://dx.doi.org/10.1001/jamainternmed.2013.10261 

Hwang, S. Y., Lee, J. H., Lee, Y. H., Hong, C. K., Sung, A. J., & Choi, Y. C. (2012). 

Comparison of the Sequential Organ Failure Assessment, Acute Physiology and Chronic 

Health Evaluation II scoring system, and Trauma and Injury Severity Score method for 

predicting the outcomes of intensive care unit trauma patients. The American Journal of 

Emergency Medicine, 2012 30(5):749-53. https://dx.doi.org/10.1016/j.ajem.2011.05.022 

Jacobsen, P. B. & Andrykowski, M. A. (2015). Tertiary prevention in cancer care: 

Understanding and addressing the psychological dimensions of cancer during the active 

treatment period. The American Psychologist, 70(2), 134-145. 

https://dx.doi.org/10.1037/a0036513  

Janssens, U., Graf, J., Radke, P., Königs, B., & Koch, K. (2000). Evaluation of the sofa score: A 

single-center experience of a medical intensive care unit 303 consecutive patients with 

predominantly cardiovascular disorders. Sequential Organ Failure Assessment.Intensive 

Care Medicine, 26(8), 1037-1045. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/11030159?dopt=Abstract 

Johansson, A. C., Axelsson, M., Berndtsson, I., & Brink, E. (2014). Illness perceptions in 

relation to experiences of contemporary cancer care settings among colorectal cancer 

survivors and their partners. International Journal of Qualitative Studies on Health Well-

being, 9:23581. https://dx.doi.org/10.3402/qhw.v9.23581 

Keegan, M. T., & Soares, M. (2016). What every intensivist should know about prognostic 

scoring systems and risk-adjusted mortality. Revista Brasileira de Terapia Intensiva, 

28(3), 264.https://dx.doi.org/10.5935%2F0103-507X.20160052 



88 

 

Kim Y. J., Kim, M. J., Cho, Y. J., Park, J. S., Kim, J. W., Chang, H,… Lee, J. S. (2014). Who 

should be admitted to the intensive care unit? The outcome of intensive care unit 

admission in stage IIIB-IV lung cancer patients. Medical Oncology, 31(3), 847. 

http://dx.doi.org/10.1007/s12032-014-0847-1  

Kim, K. W., Lee, J., Choi, S. H., Huh, J., & Park, S. H. (2015). Systematic review and meta-

analysis of studies evaluating diagnostic test accuracy: A practical review for clinical 

researchers--part i. general guidance and tips. Korean Journal of Radiology, 16(6), 1175–

1187. http://dx.doi.org/10.3348/kjr.2015.16.6.1175 

Knaus, W. A., Zimmerman, J. E., Wagner, D. P., Draper, E. A., & Lawrence, D. E. (1981). 

APACHE-acute physiology and chronic health evaluation: A physiologically based 

classification system. Critical Care Medicine, 9, 591-597. 

Knaus, W. A., Draper, E. A., Wagner, D. P., & Zimmerman, J. E. (1985). APACHE II: A 

severity of disease classification system. Critical Care Medicine, 13(10), 818-829. 

Knaus, W. A. ., Harrell, F. E. Jr., Lynn, J., Goldman, L., Phillips, R. S., Connors, A. F. Jr., 

Dawson, N.V., …Wagner, D. P. (1995). The SUPPORT prognostic model. Objective 

estimates of survival for seriously ill hospitalized adults. Study to understand prognoses 

and preferences for outcomes and risks of treatments. Annals of Internal Medicine, 

122(3), 191-203. 

Knaus, W. A. (2002). APACHE 1978-2001: the development of a quality assurance system 

based on prognosis: milestones and personal reflections. Archives of Surgery, 137(1), 37-

41. https://dx.doi.org/10.1001/archsurg.137.1.37 



89 

 

Kobayashi, L. C., & Smith, S. G. (2016). Cancer fatalism, literacy, and cancer information 

seeking in the American public. Health Education & Behavior, 43(4), 461-470. 

https://dx.doi.org/10.1177/1090198115604616 

Kopterides, P., Liberopoulos, P., Ilias, I., Anthi, A., Pragkastis, D., Tsangaris, G.,…Dimopoulou, 

D. (2011). General prognostic scores in outcome prediction for cancer patients admitted 

to the intensive care unit. American Journal of Critical Care, 20(1), 56-66. 

https://dx.doi.org/10.4037/ajcc2011763 

Lamia, B., Hellot, M. F., Girault, C., Tamion, F., Dachraoui, F., Lenain, P., & Bonmarchand, G. 

(2006). Changes in severity and organ failure scores as prognostic factors in onco-

hematological malignancy patients admitted to the ICU. Intensive care medicine, 32(10), 

1560-1568. 

LeBlanc, A., Kenny, D. A., O'Connor, A. M., &  Légaré, F. (2009). Decisional conflict in 

patients and their physicians: A dyadic approach to shared decision making. Medical 

Decision Making, 29(1), 61-68. https://dx.doi.org/10.1177/0272989X08327067 

LeClaire, M. M., Oakes, J. M., & Weinert, C. R. (2005). Communication of prognostic 

information for critically ill patients. Chest, 128(3),1728–1735. 

https://doi.org/10.1378/chest.128.3.1728 

Lee, C.-L., Tsai, C.-H., Yeh, D.-C., Lin, C.-S., Li, Y.-F., & Tzeng, H.-E. (2017). Hemoglobin 

level trajectories in the early treatment period are related with survival outcomes in 

patients with breast cancer. Oncotarget, 8(1), 1569–1579. 

http://doi.org/10.18632/oncotarget.13679  



90 

 

Lefebvre, K. B., Wall, L., Baldwin-Medsker, A., Nguyen, K., Marsh, L., & Baniewicz, D. 

(2017). Immunotherapy Administration: Oncology Nursing Society Recommendations. 

Clinical journal of oncology nursing, 21(2), 5. https://doi.org/10.1188/17.CJON.S2.5-7 

Le Gall, J. R., Loirat, P., Alperovitch, A., Glaser, P., Granthil, C., Mathieu, D., Mercier, P., 

&Thomas, R. (1984). A simplified acute physiology score for ICU patients. Critical Care 

Medicine, 12, 975-977.  

LeGall, J. R., Lemeshow, S., & Saulnier, F. (1993). A new simplified acute physiology score 

(SAPS II) based on a European/North American multicenter study. JAMA, 270, 2957-

2963.https://dx.doi.org/10.1001/jama.1993.03510240069035 

Légaré, F., O’Connor, A. C., Graham, I., Saucier, D., Côté, L., Cauchon, M., & Paré, L. (2006). 

Supporting patients facing difficult health care decisions: Use of the Ottawa Decision 

Support Framework. Canadian Family Physician, 52(4), 476–477. 

Légaré, F., Graham, I. D., O’Connor, A. C., Aubin, M., Baillargeon, L., Leduc, Y., & Maziade, 

J. (2007). Prediction of health professionals’ intention to screen for decisional conflict in 

clinical practice. Health Expectations : An International Journal of Public Participation 

in Health Care and Health Policy, 10(4), 364–379. http://doi.org/10.1111/j.1369-

7625.2007.00465.x 

Lemeshow, S. & Le Gall, J. R. (1994). Modeling the severity of illness of ICU patients. A 

systems update. JAMA, 272(13), 1049-1055. Retrieved from 

http://jamanetwork.com/journals/jama/article-abstract/380091 

Leung, E., McArdle, K., & Wong, L. S. (2011). Risk-adjusted scoring systems in colorectal 

surgery. International Journal of Surgery, 9(2), 130-135. 

https://dx.doi.org/10.1016/j.ijsu.2010.10.016 



91 

 

Li, N., Tian, G.-W., Wang, Y., Zhang, H., Wang, Z., & Li, G. (2017). Prognostic Role of the 

Pretreatment C-Reactive Protein/Albumin Ratio in Solid Cancers: A Meta-Analysis. 

Scientific Reports, 7, 41298. http://doi.org/10.1038/srep41298 

Liberati, A., Altman, D. G., Tetzlaff, J., Mulrow, C., Gøtzsche, P. C., Loannidis, J. P. A., Clarke, 

M.,…Moher, D. (2009) The PRISMA statement for reporting systematic reviews and 

meta-analyses of studies that evaluate health care interventions: Explanation and 

elaboration. PLoS Med 6(7): e1000100. https://dx.doi.org/10.1371/journal.pmed.1000100 

Libório, A. B., Abreu, K. L. S., Silva Jr, G. B., Lima, R. S., Barreto, A. G., Barbosa, O. A., & 

Daher, E. F. (2011). Predicting hospital mortality in critically ill cancer patients 

according to acute kidney injury severity. Oncology, 80(3-4), 160-166. 

Liu, J., Cheng, Q., Yang, Q., Li, X., Shen, X., Zhang, L., ... & Khoshnood, K. (2015). Prognosis-

related factors in intensive care unit (ICU) patients with hematological malignancies: A 

retrospective cohort analysis in a Chinese population. Hematology, 20(9), 494-503. 

https://doi.org/10.1179/1607845414Y.0000000216 

Livingston, B. M., MacKirdy, F. N., Howie, J. C., Jones, R., & Norrie, J. D. (2000). Assessment 

of the performance of five intensive care scoring models within a large Scottish database. 

Critical Care Medicine, 28(6):1820-1827. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/10890627 

Mallett, S., Royston, P., Dutton, S., Waters, R., & Altman, D. G. (2010). Reporting methods in 

studies developing prognostic models in cancer: a review. BMC Medicine, 8:20. 

https://dx.doi.org/10.1186/1741-7015-8-20 

Markou, N., Demopoulou, E., & Myrianthefs, P. (2008). The critically ill patient with cancer - 

indications for Intensive Care Unit admission and outcomes. Journal of Balkan Union of 



92 

 

Oncology, 13(4), 469-478. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Markou%2C+Demopoulou 

Marmé, D. (2016). Advances in cancer therapy: Targeted therapies. Oncology Research and 

Treatment, 39(12), 758-759. https://dx.doi.org/10.1159/000453340 

Marufu, T. C., Mannings, A., & Moppett, I. K. (2015). Risk scoring models for predicting peri-

operative morbidity and mortality in people with fragility hip fractures: Qualitative 

systematic review. Injury, 46(12):2325-2334. 

https://dx.doi.org/10.1016/j.injury.2015.10.025 

McDermid, R. C., & Bagshaw, S. M. (2009). Prolonging life and delaying death: the role of 

physicians in the context of limited intensive care resources. Philosophy, Ethics, and 

Humanities in Medicine, 4(1), 3. https://doi.org/10.1186/1747-5341-4-3 

McPhail, M. J., Shawcross, D. L., Abeles, R. D., Chang, A., Patel, V., Lee, G. H., Abdulla, M,… 

Wendon, J. A. (2015). Increased survival for patients with cirrhosis and organ failure in 

liver intensive care and validation of the chronic liver failure-Sequential Organ Failure 

Scoring System. Clinical Gastroenterology and Hepatology, 13(7), 1353-1360. 

https://dx.doi.org/10.1016/j.cgh.2014.08.041 

Merseburger, A. S., Alcaraz, A., & von Klot, C. A. (2016). Androgen deprivation therapy as 

backbone therapy in the management of prostate cancer. Onco Targets and Therapy, 9, 

7263-7274. https://dx.doi.org/10.2147/OTT.S117176 

Merz, T. M., Schär, P., Bühlmann, M., Takala, J., & Rothen, H. U. (2008). Resource use and 

outcome in critically ill patients with hematological malignancy: a retrospective cohort 

study. Critical care, 12(3), R75. 



93 

 

Minne, L., Abu-Hanna, A., & de Jonge, E. (2008). Evaluation of SOFA-based models for 

predicting mortality in the ICU: A systematic review. Critical Care, 12(6):R161. doi: 

10.1186/cc7160. Retrieved from 

http://ccforum.biomedcentral.com/articles/10.1186/cc7160 

Mohan, D., Alexander, S. C., Garrigues, S. K., Arnold, R. M., & Barnato, A. E. (2010). 

Communication Practices in Physician Decision-Making for an Unstable Critically Ill 

Patient with End-Stage Cancer. Journal of Palliative Medicine, 13(8), 949–956. 

http://doi.org/10.1089/jpm.2010.0053 

Moher, D., Liberati, A., Tetzlaff, J., Altman, D. G.(2009). The PRISMA Group (2009) Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA Statement. 

PLoS Med 6(7): e1000097. doi:10.1371/journal.pmed.1000097 

Moons, K. G., Royston, P., Vergouwe, Y, Grobbee, D. E., & Altman, D. G. (2009). Prognosis 

and prognostic research: what, why, and  how? BMJ, 2009;338:b375. 

https://doi.org/10.1136/bmj.b375 

Moons, K. G. M., de Groot, J.A. H., Bouwmeester, W., Vergouwe, Y., Mallett, S., & Altman, D. 

G., Reitsma, J. B., & Collins, G. S. (2014) Critical Appraisal and Data Extraction for 

Systematic Reviews of Prediction Modelling Studies: The CHARMS Checklist. PLoS 

Med 11(10): e1001744. https://dx.doi.org/10.1371/journal.pmed.1001744 

Moreno, R., Vincent, J. L., Matos, A., de Mendonça, A., Cantraine, F., Thijs, J.,…Willatts, S. 

(1999). The use of maximum SOFA score to quantify organ dysfunction/failure in 

intensive care. Results of a prospective, multicentre study. Working Group on Sepsis 

related Problems of the ESICM. Intensive Care Medicine, 25(7), 686-696. 



94 

 

Moreno, R. P., Metnitz, P. G., Almeida, E., Jordan, B., Bauer, P., Campos, R. A., Iapichino,… 

Le Gall, J. R. (2005). SAPS 3 - from evaluation of the patient to evaluation of the 

intensive care unit. Part 2: Development of a prognostic model for hospital mortality at 

ICU admission. Intensive Care Medicine, 31, 1345-1355. 

https://dx.doi.org/10.1007/s00134-005-2763-5 

Munro, B. H. (2005). Statistical methods for health care research (5th ed.). Philadelphia: 

Lippincott Williams & Wilkins. 

Namendys-Silva, S. A., Texcocano-Becerra, J., & Herrera-Gómez, A. (2010). Prognostic factors 

in critically ill patients with solid tumours admitted to an oncological intensive care unit. 

Anaesthesia and intensive care, 38(2), 317. 

Ñamendys-Silva, S. A., González-Herrera, M. O., Texcocano-Becerra, J., & Herrera-Gómez, A. 

(2012). Outcomes of critically ill gynecological cancer patients admitted to intensive care 

unit. American Journal of Hospice and Palliative Medicine®, 30(1), 7-11. 

Ñamendys-Silva, S. A., Plata-Menchaca E. P., Rivero-Sigarroa, E., Herrera-Gómez, A. 

(2015).Opening the doors of the intensive care unit to cancer patients: A current 

perspective. World Journal of Critical Care Medicine, 4(3), 159-162. 

https://dx.doi.org/10.5492/wjccm.v4.i3.159 

Naqvi, I. H., Mahmood, K., Ziaullaha, S., Kashif, S. M., & Sharif, A. (2016). Better prognostic 

marker in ICU - APACHE II, SOFA or SAP II! Pakistan Journal of Medical Sciences, 

32(5), 1146-1151. https://dx.doi.org/10.12669/pjms.325.10080 

National Cancer Institute. (2014). Targeted cancer therapies. Retrieved from 

https://www.cancer.gov/about-cancer/treatment/types/targeted-therapies/targeted-

therapies-fact-sheet 



95 

 

National Cancer Institute. (2015a). Cancer trends progress report. Retrieved from 

https://progressreport.cancer.gov/ 

National Cancer Institute. (2015b). Report highlights. Retrieved from 

https://progressreport.cancer.gov/highlights 

Nikayin, S., Rabiee, A., Hashem, M. D., Huang, M., Bienvenu, O. J., Turnbull, A. E., & 

Needham, D. M. (2016). Anxiety symptoms in survivors of critical illness: a systematic 

review and meta-analysis. General Hospital Psychiatry, 43, 23-29. 

https://doi.org/10.1016/j.genhosppsych.2016.08.005 

Niederdeppe J., & Levy A. G. (2007). Fatalistic beliefs about cancer prevention and three 

prevention behaviors. Cancer Epidemiology Biomarkers & Prevention, 16, 998-1003. 

https://dx.doi.org/10.1158/1055-9965 

Neville, T. H., Wiley, J. F., Yamamoto, M. C., Flitcraft, M., Anderson, B., Curtis, J. R., & 

Wenger, N. S. (2015).Concordance of nurses and physicians on whether critical care 

patients are receiving futile treatment. American Journal of Critical Care, 24(5), 403-

410. https://dx.doi.org/10.4037/ajcc2015476 

Nobile, L., Taccone, F. S., Szakmany, T., Sakr, Y., Jakob, S. M., Pellis, T., … on behalf of the 

ICON Investigators. (2016). The impact of extracerebral organ failure on outcome of 

patients after cardiac arrest: an observational study from the ICON database. Critical 

Care, 20, 368. http://doi.org/10.1186/s13054-016-1528-6 

Nwosu, A. C., Mayland, C. R., Mason, S., Cox, T. F., Varro, A., & Ellershaw, J. (2016). The 

Association of Hydration Status with Physical Signs, Symptoms and Survival in 

Advanced Cancer—The Use of Bioelectrical Impedance Vector Analysis (BIVA) 



96 

 

Technology to Evaluate Fluid Volume in Palliative Care: An Observational Study. PLoS 

ONE, 11(9), e0163114. http://doi.org/10.1371/journal.pone.0163114 

Oczkowski, S. J. W., Chung, H.-O., Hanvey, L., Mbuagbaw, L., & You, J. J. (2016). 

Communication tools for end-of-life decision-making in the intensive care unit: a 

systematic review and meta-analysis. Critical Care, 20, 97. 

http://doi.org/10.1186/s13054-016-1264-y 

Ozols, R. F., Herbst, R. S., Colson, Y. L., Gralow, J., Bonner, J., Curran, W. J. Jr., …Winn, R. J. 

(2007). Clinical cancer advances 2006: Major research advances in cancer treatment, 

prevention, and screening--a report from the American Society of Clinical Oncology. 

Journal of Clinical Oncology, 25(1), 146-162. 

https://dx.doi.org/10.1200/JCO.2006.09.7030 

Palda, V. A., Bowman, K. W., McLean, R. F., & Chapman, M. G. (2005). “Futile” care: Do we 

provide it? Why? A semistructured, Canada-wide survey of intensive care unit doctors 

and nurses. Journal of critical care, 20(3), 207-213. 

https://doi.org/10.1016/j.jcrc.2005.05.006 

Pappachan, J. V., Millar, B., Bennett, E. D., & Smith, G. B. (1999). Comparison of outcome 

from intensive care admission after adjustment for case mix by the APACHE III 

prognostic system. Chest, 115(3), 802-810. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/10084495 

Parakh, S., Piggin, A., Neeman, T., Mitchell, I., Crispin, P., & Davis, A. (2014). Outcomes of 

hematology/oncology patients admitted to intensive care unit at The Canberra Hospital. 

Internal Medicine Journal, 44(11), 1087-1094. https://dx.doi.org/10.1111/imj.12545 



97 

 

Parker, S. M., Clayton, J. M., Hancock, K., Walder, S., Butow, P. N., Carrick, S., Currow, D.,… 

Tattersall, M. H. (2007). A systematic review of prognostic/end-of-life communication 

with adults in the advanced stages of a life-limiting illness: patient/caregiver preferences 

for the content, style, and timing of information. Journal of Pain and Symptom 

Management. 34(1):81-93. http://dx.doi.org/10.1016/j.jpainsymman.2006.09.035 

Peres-Bota, D., Melot, C., Lopes-Ferreira, F., Ba, V., & Vincent, J. (2002). The multiple organ 

dysfunction score (MODS) versus the sequential organ failure assessment (SOFA) score 

in outcome prediction. Intensive Care Medicine 2002, 28(11), 1619-1624. 

https://dx.doi.org/10.1007/s00134-002-1491-3 

Pietraszek-Grzywaczewska, I,, Bernas, S., Łojko, P., Piechota, A., & Piechota, M. 

(2016).Predictive value of the APACHE II, SAPS II, SOFA and GCS scoring systems in 

patients with severe purulent bacterial meningitis. Anaesthesiology Intensive Therapy, 

48(3):175-179. https://dx.doi.org/10.5603/AIT.a2016.0030  

Petrie, A., Bulman, J. S., & Osborn, J. F. (2003) Further statistics in dentistry. Part 8: systematic 

reviews and meta-analyses. British Dental Journal, 194,73-78.  

Pohlen, M., Thoennissen, N. H., Braess, J., Thudium, J., Schmid, C., Kochanek, M., … Krug, U. 

(2016). Patients with Acute Myeloid Leukemia Admitted to Intensive Care Units: 

Outcome Analysis and Risk Prediction. PLoS ONE, 11(8), e0160871. 

http://doi.org/10.1371/journal.pone.0160871 

Preuss, M., & Ziegler, A. (2014). A Simplification and Implementation of Random-effects Meta-

analyses Based on the Exact Distribution of Cochran’s Q. Methods of information in 

medicine, 53(1), 54-61. https://doi.org/10.3414/ME13-01-0073 



98 

 

Ramsey, S., Lamb, G. W.A., Aitchison, M., & McMillan, D. C. (2008). Prospective study of the 

relationship between the systemic inflammatory response, prognostic scoring systems and 

relapse-free and cancer-specific survival in patients undergoing potentially curative 

resection for renal cancer. BJU International, 101, 959–963. 

https://doi.org/10.1111/j.1464-410X.2007.07363.x 

Rini, B. I., McDermott, D. F., Hammers, H., Bro, W., Bukowski, R. M., Faba, B., Faba, J.,… 

Atkins, M. B. (2016). Society for Immunotherapy of Cancer consensus statement on 

immunotherapy for the treatment of renal cell carcinoma. Journal of Immunotherapy of 

Cancer, 4:81. https://dx.doi.org/10.1186/s40425-016-0180-7 

Rivera-Fernández, R, Nap, R, Vázquez-Mata, G., & Miranda, D. (2007). Analysis of physiologic 

alterations in intensive care unit patients and their relationship with mortality. Journal of 

Critical Care, 22(2), 120-128. https://dx.doi.org/10.1016/j.jcrc.2006.09.005 

Rizzo, D. C. (2016). Fundamentals of anatomy and physiology (4th ed.). Boston:Cengage 

Learning. 

Rowland, J. H., Kent, E. E., Forsythe, L. P., Loge, J. H., Hjorth, L., Glaser, A., … Fosså, S. D. 

(2013). Cancer survivorship research in Europe and the United States: Where have we 

been, where are we going, and what can we learn from each other? Cancer, 119(0 11), 

2094–2108. http://doi.org/10.1002/cncr.28060 

Royston, P., & Altman, D. G. (2013). External validation of a Cox prognostic model: principles 

and methods. BMC Medical Research Methodology, 13, 33. http://doi.org/10.1186/1471-

2288-13-33 

Ryerson, A. B., Eheman, C. R., Altekruse, S. F., Ward, J. W., Jemal, A., Sherman, R. L.,… 

Kohler, B. A. (2016), Annual Report to the Nation on the Status of Cancer, 1975-2012, 



99 

 

featuring the increasing incidence of liver cancer. Cancer, 122, 1312–1337. 

https://dx.doi.org/10.1002/cncr.29936 

Sadaka, F., Cytron, M. A., Fowler, K., Javaux, V. M., & O'Brien, .J (2016). A model for 

identifying patients who may not need neurologic intensive care unit admission: 

Resource Utilization Study. Journal of Intensive Care Medicine, 31(3):193-197. 

https://doi.org/10.1177/0885066614530952 

Sakr, Y., Krauss, C., Amaral, A. C. K. B., Réa-Neto, A., Specht, M., Reinhart, K., & Marx, G. 

(2008). Comparison of the performance of SAPS II, SAPS 3, APACHE II, and their 

customized prognostic models in a surgical intensive care unit. British journal of 

anaesthesia, 101(6), 798-803. 

Salluh, J. I., & Soares, M. (2014). ICU severity of illness scores: APACHE, SAPS and MPM. 

Current Opinion in Critical Care, 20(5), 557-565. 

https://dx.doi.org/10.1097/MCC.0000000000000135 

Sawicka, W., Owczuk, R., Wujtewicz, M. A., & Wujtewicz, M. (2014). The effectiveness of the 

APACHE II, SAPS II and SOFA prognostic scoring systems in patients with 

haematological malignancies in the intensive care unit. Anaesthesiology Intensive 

Therapy, 46(3), 166-170. https://doi.org/10.5603/AIT.2014.0030 

Sculier, J. P., Paesmans, M., Markiewicz, E., & Berghmans, T. (2000). Scoring systems in 

cancer patients admitted for an acute complication in a medical intensive care unit. 

Critical Care Medicine, 28, 2786-2792. 

Schellongowski, P., Benesch, M., Lang, T., Traunmüller, F., Zauner, C., Laczika, K., Locker, G. 

J.,… Staudinger, T. (2004). Comparison of three severity scores for critically ill cancer 



100 

 

patients. Intensive Care Medicine, 30(3), 430-436. https://dx.doi.org/10.1007/s00134-

003-2043-1 

Sekulic, A. D., Trpkovic, S. V., Pavlovic, A. P., Marinkovic, O. M., & Ilic, A. N. (2015). 

Scoring systems in assessing survival of critically ill ICU patients. Medical Science 

Monitor : International Medical Journal of Experimental and Clinical Research, 21, 

2621–2629. http://doi.org/10.12659/MSM.894153 

Senaratne, D. N. S., & Veenith, T. (2015). Age influences the predictive value of Acute 

Physiology and Chronic Health Evaluation II and Intensive Care National Audit and 

Research Centre scoring models in patients admitted to Intensive Care Units after in-

hospital cardiac arrest. Indian Journal of Critical Care Medicine : Peer-Reviewed, 

Official Publication of Indian Society of Critical Care Medicine, 19(3), 155–158. 

http://doi.org/10.4103/0972-5229.152758 

Sepucha, K. R., Fowler, F. J. Jr., & Mulley, A. G. Jr. (2004). Policy support for patient-centered 

care: the need for measurable improvements in decision quality. Health Affairs, (Suppl 

Variation: VAR54-62. Retrieved from https://dx.doi.org/10.1377/hlthaff.var.54 

Shimabukuro‐Vornhagen, A., Böll, B., Kochanek, M., Azoulay, É., & von Bergwelt‐Baildon, M. 

S. (2016). Critical care of patients with cancer. CA: A Cancer Journal for Clinicians, 

66(6), 496-517. 

Sheskin, D. J. (2011). Handbook of parametric and nonparametric statistical procedures [5th ed.]. 

Boca Raton: Chapman & Hall /CRC. 

Sibbald, R., Downar, J.,& Hawryluck, L. (2007). Perceptions of "futile care" among caregivers 

in intensive care units. Canadian Medical Association Journal, 177(10), 1201-1208. 

https://dx.doi.org/10.1503/cmaj.070144 



101 

 

Siegel, R., DeSantis, C., Virgo, K., Stein, K., Mariotto, A., Smith, T., ... & Lin, C. (2012). 

Cancer treatment and survivorship statistics, 2012. CA: a cancer journal for clinicians, 

62(4), 220-241. 

Siegel, R. L., Miller, K. D., & Jemal, A. (2015). Cancer statistics, 2015. CA: A Cancer Journal 

for Clinicians,65(1), 5-29. https://dx.doi.org/10.3322/caac.21254 

Skoetz, N., Trivella, M., Kreuzer, K. A., Collins, G., Köhler, N., Wolff, R., Moons, K., & 

Estcourt, L. J. (2016). Prognostic models for chronic lymphocytic leukaemia: an 

exemplar systematic review and meta-analysis (Protocol). Cochrane Database of 

Systematic Reviews, Issue 1. Art. No.: CD012022. 

https://dx.doi.org/10.1002/14651858.CD012022. 

Soares, M, Fontes, F., Dantas, J., Gadelha, D., Cariello, P., Nardes, F.,…Rocco, J. R. (2004). 

Performance of six severity-of-illness scores in cancer patients requiring admission to the 

intensive care unit: a prospective observational study. Critical Care, 8(4):R194-203. 

Soares, M., Silva, U. V., Teles, J. M., Silva, E., Caruso, P., Lobo, S. M., ... & Salluh, J. I. (2010). 

Validation of four prognostic scores in patients with cancer admitted to Brazilian 

intensive care units: results from a prospective multicenter study. Intensive care 

medicine, 36(7), 1188-1195. 

Stacey, D., Paquet, L., & Samant, R. (2010). Exploring cancer treatment decision-making by 

patients: a descriptive study. Current Oncology, 17(4), 85-93. 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2913835/ 

Stacey, D., Samant, R., & Bennett, C. (2008). Decision making in oncology: a review of patient 

decision aids to support patient participation. CA Cancer Journal for Clinicians, 58(5), 

293-304. https://dx.doi.org/10.3322/CA.2008.0006 



102 

 

Staudinger, T., Stoiser, B., Müllner, M., Locker, G. J., Laczika, K., Knapp, S., ... & Frass, M. 

(2000). Outcome and prognostic factors in critically ill cancer patients admitted to the 

intensive care unit. Critical care medicine, 28(5), 1322-1328. 

Sterne, J. A. C., & Egger, E. (2001) Funnel plots for detecting bias in meta-analysis: guidelines 

on choice of axis. Journal of Clinical Epidemiology 54:1046–1055. 

Suhag, V., Sunita, B. S., Sarin, A. & Singh, A.K. (2014). Intensive care for cancer patients: An 

overview. Austral-Asian Journal of Cancer, 13(4), 193-201. Retrieved from 

http://australasiancancer.org/journal-article-view/intensive-care-for-cancer-patients-an-

overview-683 

Tang, C. H., Yang, C. M., Chuang, C. Y., Chang, M. L., Huang, Y. C., & Huang, C. F. (2005). A 

comparative study of clinical severity scoring systems in ICUs in Taiwan. Tzu Chi 

Medical Journal, 17(4), 239-245. 

Teno, J. M., Harrell, F. E. Jr., Knaus, W., Phillips, R. S., Wu, A. W., Connors, A. Jr., Wenger, N. 

S.,… Lynn, J. (2000). Prediction of survival for older hospitalized patients: the HELP 

survival model. Hospitalized Elderly Longitudinal Project. Journal of American 

Geriatrics Society, 48(5 Suppl):S16-24. 

Timsit, J., Fosse, J., Troché ,G., DeLassence, A., Alberti, C., & Garrouste-Orgeas, M. (2002). 

Calibration and discrimination by daily logistic organ dysfunction scoring comparatively 

with daily sequential organ failure assessment scoring for predicting hospital mortality in 

critically ill patients. Critical Care Medicine, 30(9), 2003-2013. 

https://dx.doi.org/10.1097/01.CCM.0000025210.75241.3E 



103 

 

Tiwari, A. K., & Roy, H. K. (2012). Progress against cancer (1971-2011): How far have we 

come? Journal of Internal Medicine, 271(4), 392-399. https://dx.doi.org/10.1111/j.1365-

2796.2011.02462.x 

Toma, T., Abu-Hanna, A. &, Bosman, R. J. (2007). Discovery and inclusion of SOFA score 

episodes in mortality prediction. Journal Biomedical Informatics, 40(6), 649-660. 

https://dx.doi.org/10.1016/j.jbi.2007.03.007 

Toma, T., Abu-Hanna, A., & Bosman, R. (2008). Discovery and integration of univariate 

patterns from daily individual organ-failure scores for intensive care mortality prediction. 

Artificial Intelligence in Medicine,43(1), 47-60. 

https://dx.doi.org/10.1016/j.artmed.2008.01.002 

Torres, V. B., Vassalo, J., Silva, U.V A., Caruso, P., Torelly, A. P., Silva, E., Teles, J. M. M.,… 

Soares, M. (2016). Outcomes in critically ill patients with cancer-related complications. 

PLoS One, 11(10):e0164537. https://dx.doi.org/10.1371/journal.pone.0164537 

Turnbull, A. E., Krall, J. R., Ruhl, A. P., Curtis, J. R., Halpern, S. D., Lau, B. M., & Needham, 

D. M. (2014). A scenario-based, randomized trial of patient values and functional 

prognosis on intensivist intent to discuss withdrawing life support. Critical Care 

Medicine, 42(6), 1455–1462. http://doi.org/10.1097/CCM.0000000000000227 

Uy, J., White, D. B., Mohan, D., Arnold, R. M., & Barnato, A. E. (2013). Physicians’ decision 

making roles for an acutely unstable critically and terminally ill patient. Critical Care 

Medicine, 41(6), 1511–1517. http://doi.org/10.1097/CCM.0b013e318287f0dd 

van Mol, M. M., Boeter, G.W., Verharen, L., Kompanje, E. J., Bakker, J., & Nijkamp, M. D. 

(2016). Patient- and family-centered care in the intensive care unit, A challenge in the 



104 

 

daily practice of healthcare professionals. Journal of Clinical Nursing, Accepted Author 

Manuscript. https://dx.doi.org/10.1111/jocn.13669 

van Hooft, S.( 2011).Caring, objectivity and justice: an integrative view. Nursing Ethic, 18(2), 

149-160. https://dx.doi.org/10.1177/0969733010388927 

Vassar, M. J., Lewis, F. R. Jr, Chambers, J. A., Mullins, R. J., O'Brien, P. E., Weigelt, J. A., 

Hoang, M. T., & Holcroft, J. W. (1999). Prediction of outcome in intensive care unit 

trauma patients: a multicenter study of Acute Physiology and Chronic Health Evaluation 

(APACHE), Trauma and Injury Severity Score (TRISS), and a 24-hour intensive care 

unit (ICU) point system. The Journal of Trauma, 47(2), 324-329. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/10452468 

Vergouwe, Y., Steyerberg, E.W., Eijkemans, M. J., & Habbema, J. D. (2002).Validity of 

prognostic models: When is a model clinically useful? Seminars in Urologic Oncology, 

20(2), 96-107. Retrieved from 

https://www.researchgate.net/profile/Ewout_Steyerberg/publication/11359865_Validity_

of_prognostic_models_When_is_a_model_clinically_useful/links/02e7e53b25e0cf36460

00000.pdf 

Vifladt, A., Simonsen, B. O., Lydersen, S., & Farup, P. G. (2016). Changes in patient safety 

culture after restructuring of intensive care units: Two cross-sectional studies. Intensive & 

Critical Care Nursing, 32, 58-65. https://doi.org/10.1016/j.iccn.2015.06.004 

Vincent, J. L., Moreno, R., Takala, J., Willatts, S., De Mendonça, A., Bruining, H., …Thijs, L.G. 

(1996). The SOFA (Sepsis-related Organ Failure Assessment) score to describe organ 

dysfunction/failure. On behalf of the Working Group on Sepsis-Related Problems of the 

European Society of Intensive Care Medicine. Intensive Care Medicine. 22(7):707-710. 



105 

 

Vincent, J., De Mendonça, A., Cantraine, F., Moreno, R., Takala, J., Suter, P., & Sprung, C. 

(1998). Use of the SOFA score to assess the incidence of organ dysfunction/failure in 

intensive care units: results of a multicenter, prospective study. Working group on "sepsis 

related problems" of the European Society of Intensive Care Medicine. Critical Care 

Medicine, 26, 1793-1800. 

Vincent, J., Ferreira, F., & Moreno, R. (2000). Scoring systems for assessing organ dysfunction 

and survival. Critical Care Clinics, 16(2), 353-366. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/10768086 

Vincent, J. L., & Moreno, R. P. (2010). Clinical review: Scoring systems in the critically ill. 

Critical Care, 14:207. https://dx.doi.org/10.1186/cc8204 

Visser, M., Deliens, L., & Houttekier, D. (2014). Physician-related barriers to communication 

and patient- and family-centred decision-making towards the end of life in intensive care: 

a systematic review. Critical Care, 18(6), 604. http://doi.org/10.1186/s13054-014-0604-z 

Vogelzang, N. J., Benowitz, S. I., Adams, S., Aghajanian, C., Chang, S. M., Dreyer, Z. 

E.,…Kris, M.G. (2012).Clinical cancer advances 2011: Annual report on progress against 

cancer from the American Society of Clinical Oncology. Journal of Clinical Oncology, 

30(1), 88-109. https://dx.doi.org/10.1200/JCO.2011.40.1919 

Vogenberg, F. R. (2009). Predictive and prognostic models: Implications for healthcare decision-

making in a modern recession. American Health & Drug Benefits, 2(6), 218–222. 

Retrieved from https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4106488/ 

Walker, D. K., & Held-Warmkessler, J. (2010). Acute promyelocytic leukemia: An overview 

with implications for oncology nurses. Clinical Journal of Oncology Nursing, 14(6), 12-

13. https://dx.doi.org/10.1188/10.CJON.747-759 



106 

 

Weissleder, R. (2006). Molecular imaging in cancer. Science, 312 (5777), 1168-1171. 

https://dx.doi.org/10.1126/science.1125949 

Wernly, B., Lichtenauer, M., Franz, M., Kabisch, B., Muessig, J., Masyuk, M., Hoppe, U. C., 

Kelm, M., & Jung, C. (2017). Model for end-stage liver disease excluding INR (MELD-

XI) score in critically ill patients: Easily available and of prognostic relevance. PLoS 

One, 12(2):e0170987. https://dx.doi.org/10.1371/journal.pone.0170987 

Wheeler, M. M. (2009). APACHE: an evaluation.Critical Care Nursing Quarterly, 32(1), 46-48. 

https://dx.doi.org/10.1097/01.CNQ.0000343134.12071.a5 

Wheeler, S. B., Roberts, M. C., Bloom, D., Reeder-Hayes, K. E., Espada, M., Peppercorn, J., 

Golin, C. E., & Earp, J. A. (2016). Oncology providers' perspectives on endocrine 

therapy prescribing and management. Patient Preference and Adherence, 10, 2007-2019. 

https://dx.doi.org/10.2147/PPA.S95594 

White, D. B., Engelberg, R. A., Wenrich, M. D., Lo, B., & Curtis, J. R. (2010). The language of 

prognostication in intensive care units. Medical Decision Making : An International 

Journal of the Society for Medical Decision Making, 30(1), 76–83. 

http://doi.org/10.1177/0272989X08317012 

White, D. B., Ernecoff, N., Buddadhumaruk, P., Hong, S., Weissfeld, L., Curtis, J. R., ... & Lo, 

B. (2016). Prevalence of and factors related to discordance about prognosis between 

physicians and surrogate decision makers of critically ill patients. JAMA, 315(19), 2086-

2094. https://doi.org/10.1001/jama.2016.5351 

White, N., Reid, F., Harris, A., Harries, P., & Stone, P. (2016). A systematic review of 

predictions of survival in palliative care: How accurate are clinicians and who are the 

experts? PLoS One, 11(8):e0161407. https://dx.doi.org/10.1371/journal.pone.0161407 



107 

 

Williams, J. M., Greenslade, J. H., Chu, K., Brown, A. F., & Lipman, J. (2016). Severity scores 

in emergency department patients with presumed infection: A prospective validation 

study. Critical Care Medicine, 44(3),539-547. 

https://dx.doi.org/10.1097/CCM.0000000000001427 

Wolf, R. J., Foerster, R., Bruckner, T., Bostel, T., Schlampp, I., Debus, J., … Group, G. B. R. 

(2016). Survival and prognostic factors in patients with stable and unstable spinal bone 

metastases from solid tumors: a retrospective analysis of 915 cases. BMC Cancer, 16, 

528. http://doi.org/10.1186/s12885-016-2571-z 

Wong, R. S. Y., & Ismail, N. A. (2016). An application of Bayesian approach in modeling risk of 

death in an intensive care unit. PLoS ONE, 11(3), e0151949. 

http://doi.org/10.1371/journal.pone.0151949 

Xing, X., Gao, Y., Wang, H., Huang, C., Qu, S., Zhang, H., … Sun, K. (2015). Performance of 

three prognostic models in patients with cancer in need of intensive care in a medical 

center in China. PLoS ONE, 10(6), e0131329. 

http://doi.org/10.1371/journal.pone.0131329 

Yan, J., Wang, Y. X., & Li, Z. P. (2011). Predictive value of the POSSUM, p-POSSUM, cr-

POSSUM, APACHE II and ACPGBI scoring systems in colorectal cancer resection. 

Journal of International Medical Research. 39(4):1464-1473. 

https://doi.org/10.1177/147323001103900435 

Young, M. R. (2017). Cancer immunology with a focus on understudied cancers as targets for 

immunotherapy. International Journal of Molecular Sciences, 18(1), pii: E127. 

https://dx.doi.org/10.3390/ijms18010127 



108 

 

Yu, S., Leung, S., Heo, M., Soto, G. J., Shah, R. T., Gunda, S., & Gong, M. N. (2014). 

Comparison of risk prediction scoring systems for ward patients: a retrospective nested 

case-control study. Critical Care, 18(3):R132. https://dx.doi.org/10.1186/cc13947 

Yu, L. Y., Tang, J., Zhang, C. M., Zeng, W. J., Yan, H., Li, M. P., & Chen, X. P. (2017). New 

immunotherapy strategies in breast cancer. International Journal of Environmental 

Research and Public Health, 14(1), pii: E68. https://dx.doi.org/10.3390/ijerph14010068 

Yu, Z., & Si, L. (2017). Immunotherapy of patients with metastatic melanoma. Chinese Clinical 

Oncology, 6(2). https://doi.org/10.21037/cco.2017.04.01 

Zhong, X., Lim, E. A., Hershman, D. L., Moinpour, C. M., Unger, J., & Lee, S. M. (2016). 

Identifying severe adverse event clusters using the national cancer institute's common 

terminology criteria for adverse events. Journal of Oncology Practice, 12(3), e270-80, 

245-246. https://dx.doi.org/10.1200/JOP.2015.006106 

Zhou, X. H,, Obuchowski, N. A., & McClish, D. K (2002). Statistical methods in diagnostic 

medicine. New York: Wiley. 

Zier, L. S., Burack, J. H., Micco, G., Chipman, A. K., Frank, J. A., Luce, J. M., & White, D. B. 

(2008). Doubt and belief in physicians’ ability to prognosticate during critical illness: The 

perspective of surrogate decision makers. Critical Care Medicine, 36(8), 2341–2347. 

http://doi.org/10.1097/CCM.0b013e318180ddf9 

Zier, L. S., Sottile, P. D., Hong, S. Y., Weissfield, L. A., & White, D. B. (2012). Surrogate 

decision makers’ interpretation of prognostic information: A mixed-methods study. 

Annals of Internal Medicine, 156(5), 360–366. http://doi.org/10.1059/0003-4819-156-5-

201203060-00008 



109 

 

Zimmerman, J. E. & Kramer, A. A. (2010). A model for identifying patients who may not need 

intensive care unit admission. Journal of Critical Care, 25(2), 205-213. 

https://doi.org/10.1016/j.jcrc.2009.06.010  

Zygun, D., Laupland, K., Fick, G., Sandham, J., Doig, C., & Chu, Y. (2005). Limited ability of 

SOFA and MOD scores to discriminate outcome: A prospective evaluation in 1,436 

patients. Canadian Journal of Anesthesia, 52(3), 302-308. Retrieved from 

https://www.ncbi.nlm.nih.gov/pubmed/15753504?dopt=Abstract 

 

 

  



110 

 

Bibliography 

Affronti, M. L., Woodring, S., Peters, K. B., Herndon, J. E., McSherry, F., Healy, P. N.,  … 

Friedman, H. S. (2017). A Phase II single-arm trial of palonosetron for the prevention of 

acute and delayed chemotherapy-induced nausea and vomiting in malignant glioma 

patients receiving multidose irinotecan in combination with bevacizumab. Therapeutics 

and Clinical Risk Management, 13, 33–40. http://doi.org/10.2147/TCRM.S122480 

Campbell, D. T. (1996). Regression artifacts in time-series and longitudinal data. Evaluation and 

Program Planning, 19(4), 377-389. http://dx.doi.org/10.1016/S0149-7189(96)00025-0 

Chen, H. L., Shen, W.Q., & Liu, P.(2016). A meta-analysis to evaluate the predictive validity of 

the Braden scale for pressure ulcer risk assessment in long-term care. Ostomy Wound 

Management, 62(9):20-28. Retrieved from http://www.o-wm.com/article/meta-analysis-

evaluate-predictive-validity-braden-scale-pressure-ulcer-risk-assessment-long 

de Moor, J. S., Mariotto, A. B., Parry, C., Alfano, C. M., Padgett, L., Kent, E. E., …Rowland, J. 

H.(2013). Cancer survivors in the United States: prevalence across the survivorship 

trajectory and implications for care. Cancer Epidemiology, Biomarkers & Prevention, 

22(4), 561-70. https://dx.doi.org/10.1158/1055-9965.EPI-12-1356 

Destrebecq, V., Lieveke, A., Berghmans, T., Paesmans, M., Sculier, J. P., & Meert, A. P. (2016). 

Are intensive cares worthwhile for breast cancer patients: The experience of an 

oncological ICU. Frontiers in Medicine, 3, 50. eCollection 2016. 

https://dx.doi.org/10.3389/fmed.2016.00050 

Di, M. Y., Liu, H., Yang, Z. Y., Bonis, P. A., Tang, J.L., & Lau, J. (2016). Prediction models of 

mortality in acute pancreatitis in adults: A systematic review. Annals of Internal 

Medicine, 165(7), 482-490. https://dx.doi.org/10.7326/M16-0650 



111 

 

Douali, N., Csaba, H., De Roo, J., Papageorgiou, E. I., & Jaulent, M. C. (2014). Diagnosis 

support system based on clinical guidelines: comparison between case-based fuzzy 

cognitive maps and Bayesian networks. Computer Methods and Programs in 

Biomedicine, 113(1), 133-143. https://dx.doi.org/10.1016/j.cmpb.2013.09.012 

Edwards, B. K., Brown, M. L., Wingo, P. A., Howe, H. L., Ward, E., Ries, L. A.,… Pickle, L.W. 

(2005). Annual report to the nation on the status of cancer, 1975-2002, featuring 

population-based trends in cancer treatment. Journal of the National Cancer Institute, 

97(19), 1407-1427. https://dx.doi.org/10.1093/jnci/dji289 

Elena, J. W., Travis, L. B., Simonds, N. I., Ambrosone, C. B., Ballard-Barbash, R., Bhatia, S., … 

Freedman, A. N. (2013). Leveraging epidemiology and clinical studies of cancer 

outcomes: recommendations and opportunities for translational research. JNCI Journal of 

the National Cancer Institute, 105(2), 85–94. http://doi.org/10.1093/jnci/djs473 

Glass, G. V. (1976). Primary, secondary, and meta-analysis of research. Educational Researcher, 

5(10), 3-8. 

Hamilton, J. G., Lillie, S. E., Alden, D.L., Scherer, L., Oser, M., Rini, C., …Waters,  E.A. 

(2016). What is a good medical decision? A research agenda guided by perspectives from 

multiple stakeholders. Journal of Behavioral Medicine, pp 1-7. Retrieved from 

http://link.springer.com/article/10.1007/s10865-016-9785-z  

Higgins, T. L., Teres, D., Copes, W. S., Nathanson, B. H., Stark, M., & Kramer, A. A. (2007). 

Assessing contemporary intensive care unit outcome: an updated Mortality Probability 

Admission Model (MPM0-III). Critical Care Medicine, 35, 827-835. 

https://dx.doi.org/10.1097/01.CCM.0000257337.63529.9F 



112 

 

Jemal, A., Siegel, R, Xu, J, & Ward, E. (2010). Cancer statistics, 2010.CA: A Cancer Journal for 

Clinicians, 60(5), 277-300. https://dx.doi.org/10.3322/caac.20073 

Kendall, M., Carduff, E., Lloyd, A., Kimbell, B., Cavers, D., Buckingham, S., Boyd, 

K.,…Murray, S. A. (2015). Different experiences and goals in different advanced 

diseases: comparing serial interviews with patients with cancer, organ failure, or frailty 

and their family and professional carers. Journal of Pain and Symptom Management, 

50(2), 216-24. ttp://dx.doi.org/10.1016/j.jpainsymman.2015.02.017 

Larsson, J., Itenov, T. S., & Bestle, M. H. (2017). Risk prediction models for mortality in 

patients with ventilator-associated pneumonia: A systematic review and meta-analysis. 

Journal of Critical Care, 37, 112-118. https://dx.doi.org/10.1016/j.jcrc.2016.09.003 

Lee, J., Kim, K. W., Choi, S. H., Huh, J. & Park, S. H. (2015). Systematic review and meta-

analysis of studies evaluating diagnostic test accuracy: A practical review for clinical 

researchers-part ii. statistical methods of meta-analysis. Korean Journal of Radiology, 

16(6), 1188-1196. https://doi.org/10.3348/kjr.2015.16.6.1188 

LeGall, J. R., Lemeshow, S., & Saulnier, F. (1994). A new simplified acute physiology score 

(SAPS II) based on a European/North American multicenter study. ERRATUM in JAMA, 

271(17),1321. 

Locock, L., Nettleton, S., Kirkpatrick, S., Ryan, S., & Ziebland, S, (2016). 'I knew before I was 

told': Breaches, cues and clues in the diagnostic assemblage. Social Science & Medicine, 

154, 85-92. https://dx.doi.org/10.1016/j.socscimed.2016.02.037 

Mack, J.W., Cronin, A. M., & Kang, T. I. (2016).Decisional regret among parents of children 

with cancer. Journal of Clinical Oncology, 34(33), 4023-4029. Retrieved from 

http://ascopubs.org/doi/pdf/10.1200/JCO.2016.69.1634 



113 

 

Mariotto, A. B., Yabroff, K. R., Shao, Y., Feuer, E. J., & Brown, M. L. (2011). Projections of the 

cost of cancer care in the United States: 2010–2020. Journal of the National Cancer 

Institute, 103,117–128. https://dx.doi.org/10.1093/jnci/djq495 

Meltzer, L. S., & Huckabay, L. M. (2004). Critical care nurses' perceptions of futile care and its 

effect on burnout. American Journal of Critical Care, 13(3), 202-208. Retrieved from 

http://ajcc.aacnjournals.org/content/13/3/202.long 

Mercadante, S., Adile, C., Caruselli, A., Ferrera, P., Costanzi, A., Marchetti, P., & Casuccio, A. 

(2016). The palliative-supportive care unit in a comprehensive cancer center as crossroad 

for patients’ oncological pathway. PLoS ONE, 11(6), e0157300. 

http://doi.org/10.1371/journal.pone.0157300 

Miller, K. D., Siegel, R. L., Lin, C. C., Mariotto, A. B., Kramer, J. L., Rowland, J. H.,…Jemal, 

A. (2016). Cancer treatment and survivorship statistics, 2016. CA: A Cancer Journal for 

Clinicians, 66(4), 271-289. https://dx.doi.org/10.3322/caac.21349 

Moreno, R., Miranda, D. R., Fidler, V., & Van Schilfgaarde, R. (1998). Evaluation of two 

outcome prediction models on an independent database. Critical Care Medicine, 26(1), 

50-61. Retrieved from https://www.ncbi.nlm.nih.gov/pubmed/9428543 

Moses, L. E., Shapiro, D., & Littenberg, B.( 1993).Combining independent studies of a 

diagnostic test into a summary ROC curve: data-analytic approaches and some additional 

considerations. Statistics in Medicine, 12(14), 1293-1316. 

Ñamendys-Silva, S. A., Plata-Menchaca E. P., Rivero-Sigarroa, E., Herrera-Gómez, A. 

(2015).Opening the doors of the intensive care unit to cancer patients: A current 

perspective.World Journal of Critical Care Medicine, 4(3), 159-162. 

https://dx.doi.org/10.5492/wjccm.v4.i3.159 



114 

 

Nekhlyudov, L., Aziz, N. M., Lerro, C., &Virgo, K. S. ( 2014). Oncologists' and primary care 

physicians' awareness of late and long-term effects of chemotherapy: implications for 

care of the growing population of survivors. Journal of Oncology Practice, 10(2):e29-36. 

https://dx.doi.org/10.1200/JOP.2013.001121 

Nelson, J. E., Meier, D. E., Oei, E. J., Nierman, D. M., Senzel, R. S., Manfredi, P. L., … 

Morrison, R. S. (2001). Self-reported symptom experience of critically ill cancer patients 

receiving intensive care. Critical Care Medicine, 29(2), 277-282. 

Nerad, E., Lahaye, M. J., Maas, M., Nelemans, P., Bakers, F. C., Beets, G. L., & Beets-Tan, R. 

G.(2016). Diagnostic accuracy of CT for local staging of colon cancer: A systematic 

review and meta-analysis. American Journal of Roentgenology, 207(5), 984-995. 

https://dx.doi.org/10.2214/AJR.15.15785 

Owczuk, R., Wujtewicz, M. A., Sawicka, W., Wadrzyk, A., & Wujtewicz M. (2005). 

Patients with hematological malignancies requiring invasive mechanical ventilation: 

Differences between survivors and non-survivors in intensive care unit. Supportive Care 

in Cancer, 13(5), 332-338. https://doi.org/10.1007/s00520-004-0750-y 

Park, D. P., Welch, C. A., Harrison, D. A., Palser, T. R., Cromwell, D. A., Gao, F.,…Perkins, G. 

D. (2009). Outcomes following oesophagectomy in patients with oesophageal cancer: A 

secondary analysis of the ICNARC Case Mix Programme Database. Critical Care,13 

Suppl 2:S1. https://dx.doi.org/10.1186/cc7868 

Powe, B. D., & Finnie. R. (2003). Cancer fatalism: the state of the science. Cancer Nursing 

26(6), 454-467. Retrieved from https://www.ncbi.nlm.nih.gov/pubmed/15022977 



115 

 

Rothen, H. U., Stricker, K., Einfalt, J., Bauer, P, Metnitz, P. G., Moreno, R. P., & Takala, J. 

(2007). Variability in outcome and resource use in intensive care units. Intensive Care 

Medicine, 33, 1329-1336. https://dx.doi.org/10.1007/s00134-007-0690-3 

Sivabalan, T. (2013). A Study to assess the side effects and coping strategies adopted by cancer 

patients receiving chemotherapy treatment. International Journal of Nursing Education, 

5(1), 204-207. https://dx.doi.org/10.5958/j.0974-9357.5.1.049 

Souza-Dantas, V. C., Salluh,  J. I., & Soares, M. (2011). Impact of neutropenia on the outcomes 

of critically ill patients with cancer: a matched case-control study. Annals of Oncology, 

22(9), 2094-2100. https://dx.doi.org/10.1093/annonc/mdq711 

Torre, L. A., Siegel, R. L., Ward, E. M., & Jemal, A. (2016).Global cancer incidence and 

mortality rates and trends-an update. Cancer Epidemiology Biomarkers & Prevention, 

25(1), 16-27. https://dx.doi.org/10.1158/1055-9965.EPI-15-0578 

Valdivieso, M., Kujawa, A. M., Jones, T., & Baker, L. H.
 
(2012). Cancer survivors in the United 

States: A review of the literature and a call to action. International Journal Medical 

Sciences, 9(2), 163–173. https://dx.doi.org/10.7150%2Fijms.3827  

Walczak, A., Butow, P. N., Tattersall, M. H., Davidson, P. M., Young, J., Epstein, R. M., … 

Clayton, J. M. (2016). Encouraging early discussion of life expectancy and end-of-life 

care: A randomised controlled trial of a nurse-led communication support program for 

patients and caregivers. International Journal of Nursing Studies, 67, 31-40.  

Wang, Y., & Winters, J. M. (2005). A dynamic neuro-fuzzy model providing bio-state estimation 

and prognosis prediction for wearable intelligent assistants. Journal of NeuroEngineering 

and Rehabilitation, 2, 15. http://doi.org/10.1186/1743-0003-2-15 



116 

 

Weissleder, R. (2006). Molecular imaging in cancer. Science, 312 (5777), 1168-1171. 

https://dx.doi.org/10.1126/science.1125949 

Winer, E., Gralow, J., Diller, L., Karlan, B., Loehrer, P., Pierce, L., …Schilsky, R. L. (2009). 

Clinical cancer advances 2008: major research advances in cancer treatment, prevention, 

and screening--a report from the American Society of Clinical Oncology. Journal of 

Clinical Oncology, 27(5), 812-826. https://dx.doi.org/10.1200/JCO.2008.21.2134 

Wingo, P. A., Cardinez, C. J., Landis, S. H., Greenlee, R.T., Ries, L. A., Anderson, R. N., Thun, 

M. J. (2003). Long-term trends in cancer mortality in the United States, 1930-1998. 

Cancer, 97 (12 Suppl), 3133-3275. https://dx.doi.org/10.1002/cncr.11380 

Yan, S., Liu, Z., Yu, S., & Bao, Y. (2016). Diagnostic value of methylated septin9 for colorectal 

cancer screening: A meta-analysis. Medical Science Monitor, 22, 3409-3418. 

https://dx.doi.org/10.12659%2FMSM.900590 

Yaskowich, K. M., & Stam, H. J. (2003). Cancer narratives and the cancer support group. 

Journal of Health Psychology, 8(6), 720-737. 

https://dx.doi.org/10.1177/13591053030086006 

Zhang, A.Y., Gary, F., & Zhu, H.
 
(2012).What precipitates depression in African-American 

cancer patients? Triggers and stressors. Palliative & Supportive Care, 10(4), 279-286. 

https://dx.doi.org/10.1017/S1478951511000861 

Zimmerman, J. E., Wagner, D. P., Draper, E. A., Wright, L., Alzola, C., & Knaus, W. A.(1998). 

Evaluation of acute physiology and chronic health evaluation III predictions of hospital 

mortality in an independent database. Critical Care Medicine, 26, 1317-1326. 

Zimmerman, J. E., Kramer, A. A., McNair, D. S., & Malila, F. M. (2006a). Acute Physiology 

and Chronic Health Evaluation (APACHE) IV: hospital mortality assessment for today's 



117 

 

critically ill patients. Critical Care Medicine, 34, 1297-1310. 

https://dx.doi.org/10.1097/01.CCM.0000215112.84523.F0 

Zimmerman, J. E., Kramer, A. A., McNair, D. S., Malila, F. M., & Shaffer, V. L. (2006b). 

Intensive care unit length of stay: Benchmarking based on Acute Physiology and Chronic 

Health Evaluation (APACHE) IV. Critical Care Medicine, 34, 2517-2529. 

https://dx.doi.org/10.1097/01.CCM.0000240233.01711.D9 

Zimmerman, J .E., & Kramer, A. A. (2008). Outcome prediction in critical care: The Acute 

Physiology and Chronic Health Evaluation models. 

Zou, K. H., Liu, A., Bandos, A. I., Ohno-Machado, L., & Rockette, H. E. (2011). Statistical 

evaluation of diagnostic performance: Topics in ROC analysis. Boca Raton, FL: 

Chapman and Hall/CRC Press. 

 

 

 

 

 

 

  



118 

 

Appendix A. Combination ICU Mortality Model 

 Use the worst value (US units) for each physiological variable within the past 24 hours. 

VITALS 

HR BP RR Temp GCS 

 
bpm  

/  

mmHg 
 

bpm 
 

C or F  
 

 

ARTERIAL BLOOD GAS 

pH pCO2 pO2 FiO2 

 
 

mmHg
 

 
mmHg

 
% 

Mechanical ventilation or CPAP  
Yes No  

 

CHEM-7 

Na K CO2 BUN SCr 

mEq/L mEq/L mEq/L mg/dL
 

mg/dL
 

Acute renal failure  Yes No  

Combination of APACHE II, SAPS II, and SOFA models to predict hospital mortality. 

Publically available at http://clincalc.com/IcuMortality/Default.aspx 

 

 

http://clincalc.com/IcuMortality/Default.aspx
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Appendix A. Combination ICU Mortality Model (continued) 

CBC 

WBC Hct Plt 

x 109/L % x103/mm3 

MISC METRICS 

Urine output mL 
per hour

 

Bilirubin mg/dL
 

Vasopressors No Yes  

CHRONIC HEALTH 

Age years 

Chronic diseases 

Metastatic cancer  

Hematologic malignancy  

AIDS  

Type of admission  Scheduled (elective) surgical
 

Does this patient have severe organ system 

insufficiency or is immunocompromised? See 

definitions  
No Yes  

Reset Calculate
 

Combination of APACHE II, SAPS II, and SOFA models to predict hospital mortality. 

Publically available at http://clincalc.com/IcuMortality/Default.aspx 

 

 

 

 

  

http://clincalc.com/IcuMortality/Default.aspx#Definitions
http://clincalc.com/IcuMortality/Default.aspx#Definitions
http://clincalc.com/IcuMortality/Default.aspx
http://clincalc.com/IcuMortality/Default.aspx
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Appendix B. Acute Physiology and Chronic Health Evaluation II 

Use the worst value (US units) for each physiological variable within the past 24 hours. 

Age years 

Glasgow coma score  

Vitals  

Temp C or F  

MAP mmHg 

Heart rate bpm  

Resp rate bpm  

Oxygenation  

FiO2 %  

PaO2 mmHg
 

Arterial pH  

Chemistry  

Sodium mEq/L 

Potassium mEq/L 

Creatinine mg/dL
 

Acute renal failure No Yes  

Hematology  

Hematocrit % 

WBC x 109/L 

Severe organ system insufficiency or is 

immunocompromised  No Yes  

Reset Calculate
 

APACHE II model to predict 30-day ICU mortality. Publically available at 

http://clincalc.com/IcuMortality/APACHEII.aspx 

 

  

http://clincalc.com/IcuMortality/APACHEII.aspx
http://clincalc.com/IcuMortality/APACHEII.aspx
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Appendix C. Simplified Acute Physiology Score II 

Age years 

Vitals  

Heart rate bpm  

Systolic BP mmHg 

Temp C or F  

Glasgow coma score  

Oxygenation  

Mechanical ventilation or CPAP Yes No  

 

PaO2 mmHg
 

FiO2 % 

Renal  

Urine output mL 
per hour

 

BUN mg/dL
 

Chemistry  

Sodium mEq/L 

Potassium mEq/L 

Bicarbonate mEq/L 

Bilirubin mg/dL
 

Other  

WBC x 109/L 

Chronic diseases 

Metastatic cancer  

Hematologic malignancy  

AIDS  

Type of admission Scheduled surgical
 

SAPS II model to predict 30-day ICU mortality. Publically available at 

http://clincalc.com/IcuMortality/APACHEII.aspx 

http://clincalc.com/IcuMortality/APACHEII.aspx
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Appendix C. Simplified Acute Physiology Score II (continued)  

Use the worst value (US units) for each physiological variable within the past 24 hours. 

SAPS II model to predict 30-day ICU mortality. Publically available at 

http://clincalc.com/IcuMortality/APACHEII.aspx 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Reset Calculate
 

http://clincalc.com/IcuMortality/APACHEII.aspx
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Appendix D. Sequential Organ Failure Assessment 

Use the worst value (US units) for each physiological variable within the past 24 hours. 

Respiration  

FiO2 % 

PaO2 mmHg 

Mechanical ventilation  No Yes  

Coagulation  

Platelets x103/mm3 

Liver  

Bilirubin mg/dL
 

Neurological  

Glasgow coma score  

Cardiovascular  

MAP mmHg 

Vasopressors No Yes  

Renal  

Creatinine mg/dL
 

Urine output Greater than 500 mL/day
 

Reset Calculate
 

SOFA model to predict 30-day ICU mortality. Publically available at 

http://clincalc.com/IcuMortality/SOFA.aspx 
 

 

 

 

 

 

 

 

 

 

 

http://clincalc.com/IcuMortality/SOFA.aspx
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Appendix E. Overall Predictive Performance of Prognostic Models in the Literature 

Study Prognostic 

Model  

 (validation 

groups only) 

AUC Standard Error 

(SE) 

95% Confidence 

Interval 

Hosmer-

Lemeshow 

goodness-of-fit 

p value 

1.Benoit,  

et al (2003) 
APACHE II 

 0.71 0.043 NP* 0.39 

SAPS II 

 0.77 0.043 NP 0.6 

2. Berghmans,  

et al (2004) 
SAPS II 

 0.72 0.045 NP < 0.001 

APACHE II 

 0.65 0.047 NP 0.002 

3. Can, 

 et al (2008) 
APACHE II 

 0.79 0.083 0.62 – 0.95 NP 

SAPS II  

 0.85 0.056 0.75 – 0.96 NP 

4. Cardenas-Turanzas,  

et al (2012) 
SOFA ¹ 

 0.79 0.024 0.74 – 0.83 0.87 

SOFA ² 
 0.79 0.063 0.63 – 0.94 0.01 

5. Cornet, 

 et al (2005) 
SOFA 

 0.77 0.061 0.65 – 0.90 NP 

SAPS II 

 0.70 0.068 0.56 – 0.84 NP 

6. Ertan,  

et al (2008) 
SAPS II 

 0.83 0.064 NP 0.98 

APACHE II 

 0.78 0.070 NP 0.49 

7. Fang,  

et al (2014) 
APACHE II ³  
 0.87 0.021 0.83 – 0.91 0.13 

APACHE II ⁴ 
 0.83 0.043 0.75 – 0.91 0.13 

¹Validation cohort, n = 540 medical patient group; ² Validation cohort, n = 783 surgical patient group; ³ Validation cohort, n = 

851 patients; ⁴ Validation cohort, n = 665 patients; *NP – Not provided 
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Study (continued…) Prognostic 

Model  

 (validation 

groups only) 

AUC Standard Error 

(SE) 

95% Confidence 

Interval 

Hosmer-

Lemeshow 

goodness-of-fit 

p value 

8. Greenberg, 

 et al (2016) 
SOFA ⁵ 
 0.68 0.038 0.61 – 0.76 0.25 

APACHE II ⁶  

 0.65 0.039 0.58 – 0.73 0.31 

9. Hampshire,  

et al (2009) 

 

 

 

APACHE II 

 0.74 0.006 0.73 – 0.76 < 0.001 

SAPS II 

0.74 0.006 0.73 – 0.75 < 0.001 

10. Kopterides, 

 et al (2011) 
APACHE II 

 0.90 0.030 0.84 – 0.95 0.17 

SAPS II 

 0.83 0.040 0.75 – 0.89 0.22 

SOFA 

 0.87 0.030 0.80 – 0.93 0.14 

11. Lamia, 

 et al (2006) 
SAPS II ⁷ 0.78 0.048 0.69 – 0.88 0.92 

SAPS II ⁸ 0.79 0.047 0.69 – 0.89 0.92 

SOFA⁷ 0.78 0.048 0.69 – 0.88 0.32 

SOFA⁸ 0.79 0.047 0.68 – 0.89 0.32 

12. Liborio,  

et al (2011) 
APACHE II 

 0.94 0.016 0.92 – 0.97 0.24 

SAPS II 

 0.87 0.023 0.83 – 0.91 0.24 

SOFA  

 0.91 0.020 0.88 – 0.94 0.24 

13. Merz, 

 et al (2008) 
SAPS II 

 0.80 0.060 0.70 – 0.90 Og** 

SOFA 0.69 0.067 0.57 – 0.80 Og 

⁵ ⁶ Validation cohort, n = 196 patients; ⁷ Validation cohort, n = 92 patients; ⁸ Validation cohort, n = 81 excluding allogenic 

Hematopoietic Stem Cell Transplantation patients. 
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Study (continued…) Prognostic 

Model  

 (validation 

groups only) 

AUC Standard Error 

(SE) 

95% Confidence 

Interval 

Hosmer-

Lemeshow 

goodness-of-fit 

p value 

14. Namendys-Silva, 

 et al (2010) 
APACHE II 

0.92 0.031 0.88 – 0.96 0.25 

15. Namendys-Silva, 

 et al (2012) 
APACHE II 

 0.83 0.088 0.73 – 0.95 0.62 

APACHE II 

 0.87 0.031 0.88 – 0.96 0.25 

16. Pohlen,  

et al (2016) 
SAPS II 

 

 

0.73 0.034 0.66 – 0.80 NP 

SOFA 

 0.78 0.032 0.71 – 0.86 NP 

17. Schellongowski,  

et al (2004) 
APACHE II ⁹ 

 0.78 0.036 0.71 – 0.83 0.06 

SAPS II ⁹ 

 0.83 0.027 0.77 – 0.88 0.07 

18. Sculier,  

et at (2000) 
APACHE II 

 0.60 0.038 NP < 0.001 

SAPS II  

 0.67 0.037 NP < 0.001 

19. Soares,  

et al (2004) 
APACHE II ¹⁰  

0.89 0.010 0.87 – 0.91 < 0.001 

APACHE II ¹¹  

0.75 0.021 0.71 – 0.79 < 0.001 

SAPS II ¹⁰  

0.92 0.009 0.90 – 0.93 < 0.001 

SAPS II ¹¹  

0.82 0.018 0.78 – 0.85 < 0.001 

20. Soares,  

et al (2010) 
SAPS II ¹² 

 0.84 0.021 0.81 – 0.87 0.007 

SAPS II ¹³ 

 0.77 0.026 0.72 – 0.82 0.94 

⁹ Validation cohort, n = 242 medical cancer patients; ¹⁰ Validation cohort, n = 1257 including scheduled surgery patients; ¹¹ 

Validation cohort, n = 542 medical and emergency surgical patients only. 
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Study (continued…) Prognostic 

Model  

 (validation 

groups only) 

AUC Standard Error 

(SE) 

95% Confidence 

Interval 

Hosmer-

Lemeshow 

goodness-of-fit 

p value 

21. Xing,  

et al (2015) 
APACHE II ¹⁴ 

 0.86 0.036 0.804 – 0.923 0.900 

APACHE II ¹⁵ 

 0.87 0.069 0.774 – 0.958 0.594 

APACHE II ¹⁶ 

 0.83 0.045 0.757 – 0.911 0.594 

22. Yan, 

 et al (2012) 
APACHE II 

 0.78 0.029 0.72 – 0.83 NP 

 

¹Validation cohort, n = 540 medical patient group; ² Validation cohort, n = 783 surgical patient group; ³ Validation cohort, n = 851 patients; ⁴ 

Validation cohort, n = 665 patients; ⁵ˏ⁶ Validation cohort, n = 196 patients; ⁷ Validation cohort, n = 92 patients; ⁸ Validation cohort, n = 81 

excluding allogenic Hematopoietic Stem Cell Transplantation patients; ⁹ Validation cohort, n = 242 medical cancer patients; ¹⁰ Validation 

cohort, n = 1257 including scheduled surgery patients; ¹¹ Validation cohort, n = 542 medical and emergency surgical patients only; ¹² 

Validation cohort, n = 717 patients; ¹³ Validation cohort, n = 336 without scheduled surgical patients; ¹⁴ Validation cohort n = 981; ¹⁵ 

Validation cohort, n = 70, non-scheduled surgery patients; ¹⁶ Validation cohort, n = 911, scheduled surgery patients; *NP – Not provided; ** 

Og = other goodness-of-fit test performed; *** NI = not indicated. 
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Appendix F. Characteristics of the Validated Studies Included in Meta-Regression 

Study Country Location(s) Study 

Period 

Setting(s) Sample 

Size 
 (# of 

patients) 

 

Cancer Type Study Type Type of 

prediction 

modeling  

Statistical 

Software 

 

Benoit,  

et al (2003) 

Belgium 1 university 

hospital 

Jan 1997 to 

June  2000 

Adult 

MICU* 

146 Solid & 

hematologic 

malignancy 

Retrospective 

cohort study 
EVꭞ SPSS 9.0 

Berghmans,  

et al (2004) 

Belgium 1 oncology 

specialty 

hospital 

Jan 1999 to 

June 2000 

Adult**  

MICU-O 

247 Solid & 

hematologic 

malignancy 

Prospective cohort 

study 

EV Not 

indicated 

Can,  

et al (2008) 

Turkey 1 tertiary 

community 

hospital 

Sept 

2003 to 

March 

2006 

Not 

indicated 

224 Colorectal 

cancer (surgical 

resection) 

Prospective cohort 

study 

EV SPSS 11.0 

Cardenas-

Turanzas, 

et al (2012) 

USA 1 university-

affiliated, 

oncology 

specialty 

hospital 

Jan 2006 to 

Dec  2008 

Adult***  

MSICU 

6645 Hematologic 

and solid 

malignancy 

Cross-Validation, 

Retrospective 

cohort study 

PMꭞ ꭞ 
(n = 2069, medical) + 

(n = 3253, surgical) 

with EV 
(n = 540) + 

(n = 783, surgical) 

PASW 17.0 

Cornet,  

et al (2005) 

Netherlands 1 university 

hospital 

Nov 1995 

to Dec 

2002 

Adult 

MICU 

58 Acute Myeloid 

Leukemia and 

non-Hodgkin 

lymphoma 

Retrospective 

cohort study with 

prospective 

follow-up 

EV Not 

indicated 

Ertan,  

et al (2008) 

Turkey 1 university 

hospital 

Jan 1998 to 

July 2004 

Not 

indicated 

102 Colorectal 

cancer 

Retrospective 

cohort study 

EV Not 

indicated 

Fang,  

et al (2014) 

China 1 tertiary 

community 

hospital 

1991 – 

2011 

 

Adult*ꭞ  
ICU-NS 

851 Gastric cancer 

(surgical 

resection) 

Retrospective 

cohort study 

EV STATA 

11.0 

Greenberg,  

et al  (2016) 

USA 1 university-

affiliated 

hospital 

 

Sept 2009 

to Sept 

2014 

Adult 

MICU 

246 Hematologic 

malignancy 

Retrospective 

cohort study 

PM 

 (n = 50) with EV 
(n = 196) 

STATA 

13.1 

Hampshire, 

et al (2009) 

United 

Kingdom 

178 

hospitals 

Dec 1995 

to March 

Adult  

MSICU 

7,689 Solid & 

hematologic 

Retrospective 

cohort study 

EV STATA 9.2 
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2007 malignancy 

Kopterides, 

et al (2011) 

Greece  1 university 

hospital & 1 

tertiary 

hospital 

Jan 2005 to 

Dec 2007 

Adult  

MSICU 

126 Solid & 

hematologic 

malignancy  

Prospective 

observational 

study 

EV SPSS 10.0 

& MedCalc  

16.6 

Lamia, 

et al (2006) 

France 1 university 

hospital 

Jan 2000 to 

July 

2003 

Adult 

MICU 

92 Hematologic 

malignancy 

Retrospective 

cohort study 

EV STATA 8.0 

Liborio, 

et al (2011) 

Brazil 1 oncology 

specialty 

hospital 

May 2006 

to June 

2008 

Adult**ꭞ   
MSICU-O 

288 Solid & 

hematologic 

malignancy 

Prospective 

observational 

study 

EV SPSS 17.0 

Merz, 

et al (2008) 

Switzerland  1 university 

hospital 

July 2001 

to July 

2005 

Adult  

MSICU 

101 Hematologic 

malignancy 

Retrospective 

cohort study 

EV SPSS 13.0 

Namendys-

Silva, 

et al (2010) 

Mexico 1 oncology 

specialty 

hospital 

Jan 2007 to 

Oct 2007 

Adult  

MSICU-O 

117 Solid 

malignancy 

Prospective 

observational 

study 

EV SPSS 15.0 

Namendys-

Silva, 

et al (2012) 

Mexico 1 oncology 

specialty 

hospital  

Jan 2007 to 

Oct 2007 

Adult  

MSICU-O 

52 Gynecological 

cancer 

Prospective 

observational 

study 

EV SPSS 15.0 

Pohlen,  

et al (2016) 

Germany 3 university-

affiliated, 

hospitals 

Nov 2004 

to Sept 

2011 

Adult  

ICU-NS 

451 Acute Myeloid 

Leukemia 

Cross-Validation, 

Retrospective 

cohort study 

PM 

 (n = 187) with 

EV (n = 264) 

 

SPSS 22.0 

 

 

 

Schellongowski 

et al (2004) 

Austria 1 university 

oncology 

specialty 

hospital 

March 

1998 and 

July 2002 

Adult  

MSICU 

242 Solid & 

hematologic 

malignancy 

Prospective 

cohort study 

EV SAS 

Sculier,  

et at (2000) 

Belgium 1 oncology 

specialty 

hospital 

 

Oct 1992 to 

Aug  1995 

Adult  

MICU-O 

261 Solid & 

hematologic 

malignancy 

Prospective 

cohort study 

EV Not 

indicated 

Soares,  

et al (2004) 

Brazil 1 oncology 

specialty 

hospital 

May 2000 

to July 

2003 

 

Adult  

MSICU-O 

1972 Solid & 

hematologic 

malignancy 

Prospective 

observational 

study 

EV SPSS 10.0 
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Study Country Location(s) Study 

Period 

Setting(s) Sample 

Size 
 (# of 

patients) 

 

Cancer Type Study Type Type of prediction 

modeling  

Statistical 

Software 

 

Soares,  

et al (2010) 

Brazil 28 Hospitals Aug 2007 

to Sept 30, 

2007 

Adult  

MSICU 

(n = 23) & 

Adult  

MSICU-O 

(n = 5) 

717 Solid & 

hematologic 

malignancy 

Prospective 

multi-center 

cohort study 

 

 

 

 

EV Not 

indicated 

Xing,  

et al (2015) 

China 1 university-

affiliated, 

oncology 

specialty 

hospital 

Oct 2008 to 

Sept 

2010 

Adult  

MSICU 

981 Solid 

malignancy  

Retrospective 

cohort study 

EV SPSS 16.0 

Yan,  

et al (2012) 

China 2 university-

affiliated, 

hospitals 

Jan 2005 to 

Dec 2009 

Adult  

ICU-NS 

1695 Colorectal 

cancer (surgical 

resection) 

Retrospective 

Cohort study 

EV SPSS 19.0 

*Adult MICU = Adult Medical Intensive Care Unit; **Adult MICU-O = Adult Oncology Medical Intensive Care Unit; ***Adult MSICU = Adult Medical and Surgical Intensive 

Care Unit; *ꭞ Adult ICU-NS = Adult Intensive Care Unit – Not Specified; ** ꭞAdult MSICU-O = Adult Oncology Medical and Surgical Intensive Care Unit; ꭞ External validation = 

to assess and compare the predictive performance of an existing prediction model using new participant data; ꭞ ꭞ Prediction model = the development of the model is followed by 

quantifying the model’s predictive performance in participant data external to the development dataset. 
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