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Abstract

Purpose of review—Prediction models in critical illness are generally limited to short-term 

mortality and uncommonly include patient-centered outcomes. Current outcome prediction tools 

are also insensitive to individual context or evolution in healthcare practice, potentially limiting 

their value over time. Improved prognostication of patient-centered outcomes in critical illness 

could enhance decision making quality in the ICU.

Recent Findings—Patient-reported outcomes (PROs) have emerged as precise methodological 

measures of patient-centered variables and have been successfully employed using diverse 

platforms and technologies, enhancing the value of research in critical illness survivorship and in 

direct patient care. The learning health system is an emerging ideal characterized by integration of 

multiple data sources into a smart and interconnected health information technology infrastructure 

with the goal of rapidly optimizing patient care. We propose a vision of a smart, interconnected 

learning health system with integrated electronic PROs (ePRO) to optimize patient-centered care 

including critical care outcome prediction.

Summary—A learning health system infrastructure integrating ePROs may aid in the 

management of critical illness associated conditions and yield tools to improve prognostication of 

patient-centered outcomes in critical illness.
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Introduction and purpose: how can we address problems with patient-

centered prediction models?

Imagine being able to predict the future in detail for a critically ill patient who is the focus of 

a treatment decision in the intensive care unit (ICU). What would the patient, their family, 

and their doctor want to know? Survival would naturally be one of the first questions, yet 

many would also wonder what to expect from different choices in terms of their future 

quality of life, ability to interact meaningfully with family, functional independence, and 

symptom burdens. Others may wish to know how likely it is that they can reach certain life 

milestones, such as the birth of a grandchild. The list of prognostic concerns would be 

unique depending on each unique patient, situation, or decision. While families and 

clinicians engage in these discussions daily, extrapolating data from other studies or 

personal experiences, there are few validated prediction models that can add specificity to 

patient-centered outcome prognostication in ICU settings.

In this article, we will discuss the informational needs of ICU decision making participants, 

limitations of current patient-centered prediction models, and describe possible future 

approaches that could address these limitations. We will focus on the development of 

validated and practical patient generated or patient-reported outcome measures (PROs) and 

integration of these measures within electronic health care records (EHR) systems, an 

innovation that could expedite the development of individualized prediction models that are 

sensitive to the outcomes about which patients care most.

Important problems with patient-centered outcomes prediction in the ICU 

exist

Decision making is a universally important element of medicine. The key clinical tasks 

include basic information gathering, the process of deciding, taking action, and then 

evaluating the outcome of the decision. Yet, the first step—understanding what the problem 

is and what might happen next—is perhaps the most challenging.1 There is currently a stark 

contrast between the ideal and the actual state of critical care outcome prediction—the 

scientific approach to quantifying an answer to the question, “What should I expect?”

First, the repertoire of outcomes and the time horizon of our tools are limited. Traditional 

outcome measures in critical care research are often short-term and procedure/process-

driven—28-day mortality, ventilator-free days, and ICU length of stay. Though these 

models can improve physicians’ accuracy in short-term survival estimates2, intensivists are 

fairly good at estimating short-term outcomes without use of these tools, likely because of 

their internal database of experience.3 Intensivists’ accuracy diminishes significantly, 

however, when predicting outcomes at 1 year or longer.4 Few intensivists personally witness 
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ICU patients’ long-term outcomes, which may foster a subconscious disconnect between 

expectations and actual outcomes experienced, potentially limiting their ability to 

appropriately counsel patients and families in an ICU setting. To help address this, some 

have created long-term prediction tools targeting 1-year mortality.5 However, these models 

still fail to provide a multi-dimensional prognostic picture about what to expect for 

functional ability, symptoms, and other patient-centered outcomes in the months to years 

following a course of ICU care.6

Also, many prediction models are poorly sensitive to context and individual circumstance. 

Perhaps the most common reason that physicians fail to incorporate model-based prognostic 

estimates into practice is a sense of uncertainty about their validity as applied to a patient 

who may not have been well represented in the models’ original derivation. These models 

are expensive to develop, though, and can rarely accommodate large inception cohorts with 

numerous statistically robust subgroups. Furthermore, decisional participants often have a 

sense that there are important unmeasured factors that may place someone in the 30% of 

survivors (vs. the 70% of non-survivors) for example.7

Finally, current models are static and not optimized to changing healthcare environments, 

epidemiology, or standards of care because they are derived in one point of time and may 

not be easily updated. Only a minority of the models incorporate continuous data analysis 

(such as through electronic health records) to provide feedback and enhance accuracy. As a 

result, we know little about how prediction models hold up in the face of subsequent 

developments in health care technologies or changes in practice patterns. Many, in fact, are 

simply abandoned as time goes on because of a lack of funding for upkeep. It is 

prohibitively expensive to continually address the shortcomings of current outcome 

prediction with the current paradigm or infrastructure.

Patient reported outcomes measures could play a key role in ICU care and 

prediction models

Patients certainly care about mortality. In fact, they want to be as healthy as possible, 

maximizing productivity and minimizing personal costs and symptom burden. Yet as part of 

this goal, they also care about the personal impact of the potentially profound functional, 

cognitive, neuropsychiatric, and even financial effects of critical illness.8–12 These 

commonly form the core of the discussion during difficult decisions in ICU settings. But 

there is clear evidence of discordance in expectations for survival and functional status 

between physicians and families (as well as between individuals’ expectations and reality).4 

While this discordance may reflect mistrust, inadequate communication, poor understanding 

of medical or prognostic information, or many other factors, we believe this may also reflect 

the fact that current prediction models are not based on patient-centered outcomes—that is, 

outcomes that patients value.13

In contrast to traditional, observed outcomes, a patient generated, or patient reported, 

outcome (PRO) is a patient’s subjective assessment of personal experience and how they 

feel.14 Classically, PROs reflect quality of life, symptoms, satisfaction with care, and other 

experiential concerns; the list is growing. PROs are inherently patient-centered. PRO data 
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can be valuable both as static (cross-sectional) and dynamic (longitudinal, multiple 

measures) reflections of personal outcomes when measuring effectiveness.14 PROs are 

increasingly accepted as precise methodological tools that enhance the value of both clinical 

trials and clinical care.14 They can be assessed using a variety of technologies including 

remotely over the telephone and with electronic interfaces; mixing modes of data collection 

(e.g., paper plus mobile technology solutions) increases the ability to align data collection 

with a patient’s personal needs, and evolving analytic strategies support this approach.15

Information about PRO-based predictors of patient-centered outcomes in critical care is 

emerging. While understanding these predictors might improve the immediate holistic 

management of the critically ill person, there is no current prognostic tool that can predict 

the trajectories of patient-centered long-term functional outcomes. And, the current health 

information technology infrastructure and research paradigm impedes the development of 

such models. Is there a way forward?

Four key current barriers to integrating patient generated outcomes 

measures into our practice

PROs could play an important role in allowing outcome prediction to become more patient-

centered. However, to evolve from their current primary role as a research tool to a 

respected aspect of critical care delivery, PROs must overcome several key challenges. First, 

there are not universally accepted PRO measures applicable for critical care. Lack of a 

common outcomes language, difficulty of prioritizing outcomes for individuals, and 

cognitive and communication difficulties among patients have slowed progress on this front. 

Second, not all current PROs are validated in an electronic format for convenient use and 

data transmission or aggregation; full-scale psychometric testing of every instrument that is 

transitioned from paper to electronic may not be necessary, but better understanding the 

performance of digitally-collected survey instruments among the variety of complex patient 

scenarios encountered in the ICU is fundamental.16 Third, in most health systems, there is 

flood of data from multiple poorly connected sources that cannot be easily integrated and 

viewed by the clinician, researcher, and patient/family users; better integration of PRO data 

with diverse datasets is fundamental to developing longitudinal prediction models that 

incorporate PROs. Finally, most EHRs do not have PRO capabilities; even when patient 

portals are in place, the systems generally do not make it simple and user-friendly to gather 

and present PRO data, as that was not their primary purpose. The sum result is an 

unsupportive, disconnected system of health care data that may frustrate its users.

Smart and connected health systems: a novel way to address the current 

barriers to integrating patient generated outcomes measures within 

electronic health records systems

A smart and connected healthcare system that incorporates web- and mobile-based PROs 

into EHRs could expedite patient-centered care and, subsequently, decision-making for ICU 

patients and survivors. The goal is to make PRO data easily collected, accessible, and 

actionable – driving care in the ICU to be most in line with desired outcomes of patients and 
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families. Simply put, our prosed supportive digital health environment is comprised of a 

series of data inputs (computer, smartphone, clinical activities), storage of continuously 

aggregating data, and data translation into output that can support a variety of clinical tasks.

The system envisioned for tracking PROs following critical illness is one example of what is 

sometimes termed a learning healthcare system, or rapid learning healthcare.17 Such 

infrastructure has been endorsed by a variety of industry and thought leaders in medicine,18 

including the Institute of Medicine.19 Implementing a learning health system has benefits far 

beyond critical illness outcome prediction, but in our current example, the learning health 

system model is intended to be a supportive and shared digital infrastructure than can help 

bridge the gaps in our increasingly complex and fragmented healthcare system.

Figure 1 shows this supportive integrated digital healthcare environment of integrated data 

inputs and outputs addressing dyspnea symptoms, a topic relevance to ICU survivors. In this 

figure as an example, dyspnea is measured using a simple single item scale at pre-defined 

intervals (e.g. once a week while in an inpatient setting, each time the patient comes to the 

clinic, and at least monthly using a personal smartphone). The results for each timepoint are 

summarized as a single clinically-interpretable 0-10 scale that can be monitored over time (0 

= no dyspnea, 10 = severe dyspnea). The 0-10 scale is chosen because it parallels the 0-10 

numerical pain scale with which so many clinicians are familiar. Plotted over time, the 

pattern of the patient’s experience with dyspnea is reflected over the entire trajectory of 

illness and helps to individualize the holistic management of the condition. Note that many 

other symptoms could be assessed similarly, though multi-item instruments may require 

transformation to easily interpretable scales.

In Step 1, data entry and capture, patients could record dyspnea symptoms with a phone or 

computer via web-based portals as frequently as they wished. Inpatient and outpatient 

clinicians could do the same via documentation during clinical interactions in EHRs. Data 

are integrated from myriad sources into a seamless stream; because a common questionnaire 

format is being used, the ePRO data integration process is much more efficient. The 

depression measures are archived within a continuously aggregating pool of data, along with 

other possible measures such as pain, breathlessness, or satisfaction, to name a few; the 

overall stream of PRO data can be integrated with other data sources (e.g. EHR, 

administrative, research databases) to generate a more complete picture of the patient’s 

depression and symptom experience in context.

But how can one use all of these data sensibly? In Step 2, data rules are applied to translate 

this dyspnea score information into a format that is usable by patients, clinicians, and 

researchers. The performance of different clinical tasks (Step 3) requires different uses of 

the same data. For example, all persons with a dyspnea scale score >3 for longer than a week 

or two could be directed toward electronic resources for education (e.g., ‘what to expect 

after a critical illness’). Those with a dyspnea severity scores >5 for over two weeks might 

be offered electronic decision support after the clinical encounter to decide on a preference 

for therapy if warranted. And all with a clinically important persistent burden of symptoms 

could be flagged for researchers to study their course further in the context of surviving 

critical illness. Importantly, each clinical interaction and intervention that is performed, 

Wysham et al. Page 5

Curr Opin Crit Care. Author manuscript; available in PMC 2015 October 01.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



along with the symptom impact, continues to contribute to the database—as well as the 

clinical tools that draw from these data.

From the perspective of a clinician, such a system would present many advantages for the 

efficient management of both individuals and populations in both static (cross-sectional) and 

dynamic (longitudinal) ways. Figure 2 displays a static view in which the clinician and 

patient can both see how, given an anchor to some time reference, the patient compares to 

others. This view could also assist physicians in identifying patients at high risk for poor 

outcomes who need prioritized care in a face-to-face (as opposed to user-directed care) 

setting. Figure 3 shows how a physician could view dynamic PRO data to appreciate 

changes of symptoms over time and the duration of time within a target range, better 

visualizing the symptom burden. Then, both the slope and/or specific ‘alert’ parameters 

could be flagged as demanding a different therapeutic approach. Nurses, social workers, or 

case managers could view these collections of symptoms in a dashboard to efficiently direct 

resources in a timely manner to those in greatest need. This supportive digital data 

environment of smart, connected healthcare using PROs and patient-centered outcomes 

trajectory data tools could also inform the development of the multi-dimensional, patient-

centered predictive models that we noted earlier are currently so few in number.

From a patient/family perspective, these novel, adaptive, patient-centered prediction models 

could then help to better answer their most common question: “What should a person like 

me expect to happen with different treatment choices?” The system-derived multi-

dimensional prognostic information could help to avert potentially burdensome treatments, 

align desired outcomes with the optimal management plan, assist in anticipatory preparation 

for caregiving needs, or identify patients/families who need specific psychological, social, 

and emotional supports. Importantly, this PRO-based data could be aggregated and analyzed 

for predictors of patient-centered outcomes, to inform comparative effectiveness of various 

therapeutic approaches, and to alert patient and clinician users about the financial stresses 

associated with different treatments.20 The applications of this prognostic power could 

expand from the individual patient to the health of populations more efficiently and 

effectively than a series of costly prospective studies.

Challenges and next steps: developing a learning health care system with 

PROs

There are several important barriers to a learning health system with integrated PROs. 

Additional PROs need to be developed and/or validated in critical care populations for ICU-

relevant symptom complexes and disease states, including critical care survivorship. These 

PRO tools should be inexpensive, accessible, acceptable to patients, and useful for the care 

of individuals who interface with the ICU if they are going to gain widespread adoption. We 

must also address regulatory concerns and technical challenges related to privacy of health 

information and data sharing between health care institutions, payers, systems, and EHRs. 

And the siloes that have been erected within the health information technology infrastructure 

need to be torn down21. The good news is that progress is being made on all of these fronts, 

even if currently nascent; acceleration of progress, convergence of goals, and the growing 

expectation of patient-centricity within all healthcare actions will help to lead us there. 
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These preliminary steps, along with buy-in of users, will push us towards a vision where 

integrated prognostic tools that can support individualized patient-centric decision-making 

in the ICU with an eye towards longitudinal outcomes. We must set the vision now so that 

we know for what we are aiming.

Conclusion

The current state of outcome prediction in critical illness is limited by a focus on short-term 

outcomes judged from the perspective of physicians or health systems, not from a patient-

centered view. Many patients will survive their episode of critical illness but suffer severe 

functional limitations and poor quality of life, and we have little to help us predict which 

patients these might be or identify these patients for supportive services to help ameliorate 

their suffering. To address these deficiencies, there is a great potential value proposition for 

developing a supportive digital healthcare environment that integrates PROs with EHR data. 

Not only could this empower patients and bring informational equity to clinical interactions, 

the system’s capabilities could enable to efficient, expedient development of patient-

centered outcomes models that could be continuously improved with the acquisition of data. 

With sufficient aggregated data, this system could be used to develop powerful outcome 

prediction tools adapted to the unique characteristics of the user and better personalize the 

delivery of healthcare.
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Key Points

• Current outcome prediction in critical care does not address many relevant 

patient-centered outcomes.

• Patient reported outcomes could be incorporated in electronic health records to 

improve the care of individual patients.

• A learning health system that employed electronic patient-reported outcomes 

could develop more precise prediction of patient-centered outcomes and 

improve care.
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Figure 1. 

Wysham et al. Page 10

Curr Opin Crit Care. Author manuscript; available in PMC 2015 October 01.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Figure 2. 
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Figure 3. 
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