PRESSURE ULCER
PREDICTIVE STUDY
Long Term Case Study - 12 Months

Outcomes

180 new patients were selected from 4 facility
sites to follow and record outcomes for pressure
ulcer development. Of the original 180 patients,
50 were released from the study due to attrition,
leaving 130 net patient outcomes. These results
were scored against the 835 patient training data
with the following results:

From the 130 patients, using 10-fold cross valida-
tion data from 835 data set obtained clinically rele-
vant results of NPV (95.59%); PPV (98.39%),
sensitivity (95.31%), specificity (98.48%), percent
accurately classified (96.92%) for pressure ulcer
prediction for the 130 patients.

These results were statistically higher than would
have been anticipated given the parameters of
predictors in the training data. Further analysis of
outcomes reveals the reasons for this phenome-
non:

1. Although the 835 patient data was collected
from 12 facility sites representing 10 separate
acuity levels, where as The 130 patients in the
long term study case were selected almost exclu-
sively from long term care sub acute facility sites.
2. Data fitted — The long term care data subset
represents 10.2% of the overall population for the
835 patients. Long term care data subset was
88% of the overall population for the 130 patient
model. All long term care facilities in this subset
had an overall pressure ulcer incidence of 21% to
as much as 43%. This represents a higher inci-
dence in this model than in the 835 patient set.
Additionally, these patients fit the classic, tradi-
tional profile of at-risk patients, i.e., prolonged
compromised health issues compounded with co-
morbid conditions such as end-of-life, neurologic
and deteriorating mobility. This produces better
accuracy in the smaller 130-patient model.

3. 130 population had 44% history of pressure ul-
cers versus a 13% history of pressure ulcers in
the 835 training data population.

Conclusion

Research is ongoing, and the complexity of multi-
ple variable entanglement demonstrates a need
for even more specific predictive models to be cre-
ated to express the variables cleanly through pro-
gressive model development and algorithm
optimization. Results demonstrate a need to
break down patient populations into separate acu-
ity groups to develop more specific variables rele-
vant to their needs.

With repeatable validation in large prospective se-
ries, these models could then be implemented in
clinical setting for improved patient selection
based on a patient’s individual medical profile and
specifically tailored to the level and breadth of
their clinical acuity, which would lead to better
quality of care for patients and optimization of re-
source allocation for healthcare facilities.
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History of Problem
According to the Centers for Medicare and Medicaid, industry experts, government agencies, healthcare advocacy groups, and various
research institutions:
1 million people develop pressure ulcers every year
- Total annual cost for treating pressure ulcers in the US is estimated between 1.3 billion and $11 billion.
« 2.5 million patients being treated for pressure ulcers in US acute care facilities annually
* Pressure ulcer incidence rates vary considerably by clinical setting —
ranging from:
* 0.4 percent to 38 percent in acute care
* 2.2 percent to 23.9 percent in long-term care
* 0 percent to 17 percent in home care
* Pressure ulcers can increase a patient’s acuity and hospital stay, and cause an estimated 60,000 patient deaths annually
from related complications

Complexity of Problem

Considering the depth, breadth and enormous number of dynamic variables in play in medical situations where patients’ health is compro-
mised by one or more factors, and where pressure ulcers are concerned, the complexity of sorting through all the variables is daunting. Data
information collected has multiple attributes and is obtained from multiple data sources across several facility sites with several acuity levels
and within multiple time series. This study focuses on how multi-source, multi-attribute information about pressure ulcers is integrated and
how the data information for the situation was fitted, and hence a solution can be extrapolated. This approach can assess the patient’s individ-
ual medical situation through integrating obtained information and analyzing all related data sources.

In practice, clinical judgment exercised by a clinician in the choice of treatment for an individual patient is based to an extent on theoretical
considerations derived from an understanding of the nature of the illness. But it is based also on an appreciation of statistical information
about diagnosis, treatment and prognosis acquired either through personal experience or through medical education. The important argument
is whether such information should be stored in a rather informal way in the clinician’s mind, or whether it should be collected and reported in a
systemic way. No clinician — no matter how thorough and intelligent they may be — has the ability to acquire by personal experience, enough
factual information over the entire range of medicine to be able to do what can be done with technology and statistical models. And it is partly
by the collection, analysis and reporting of statistical information that a common body of knowledge is built and solidified. The truth is that the
amount of on-hand knowledge needed in order to deliver appropriate care and treatment has become so vast that even highly specialized cli-
nicians have trouble keeping current with new information germane to their professional area of focus.

Former Secretary of the Department of Health and Human Resources Tommy Thompson stated the problem succinctly in 2003: “One of our
challenges is the explosion of new knowledge resulting from research, which has surpassed the ability of individual practitioners to absorb and
apply it while actually delivering care. This knowledge is only as useful as the ability of a provider to remember it when it really matters.”8 In
other words, no matter how good a physician or clinician is, the vast expanse of medical knowledge is just not readily available at bedside. At
a first glance, many studies and projects initiated, funded, endorsed and encouraged by the government appear to have been fairly fruitful, as
evidenced in the abundance of research and burgeoning technology. Many hospitals, in particular, boast wonderful new electronic data trans-
fer methods and highly technological methods of treatment. But there is still that difficult gaping chasm that needs to be bridged: Bring it to
the point of care; those few face-to-face minutes where a clinician needs to quickly use all available medical information to make a critical de-
termination of the direction of care for their patient who is counting on them to do it right.

Harnessing all this data for instant care planning and on-the-spot diagnosis will take a Herculean effort and all the muscle of today’s latest
technology. Too much information, too much data, and no reasonable way to deliver answers to the bedside of the patient in a manageable,
quick and accurate way is still a considerable problem. Compounding this care delivery issue are the following issues inherent to healthcare:

Patient factors: Personnel factors: Facility factors:

1. Ever changing patient status 1. Level of clinical expertise 1. Mushrooming cost of care Technology factors:

2. Varying clinical settings 2. Flux of individual clinician judgment 2. Shrinking finances 1. Limited access to clinical informatics

3. Patient acuity complexity (subjective observation) 3. Lack of standardized continuum of 2. Limited understanding of how to use
3. Staffing shortages care across healthcare acuity spectrum new technology

4. High turnover rates
5. Increasing workloads

Even the vast amounts of data being collected through the healthcare system -- which could provide facilities with some pathway to reaching out
ahead of the problems with accurate risk assessments and preventative care -- is falling short in application. If clinicians don’t have sensitive
enough assessment tools, they cannot accurately assess a patient’s care/treatment needs in a timely manner, resulting in a failure to match up
patient acuity levels with accurate reimbursement. This is the very essence of the healthcare crisis.

Existing risk assessment tools are inadequate because they only use sums (V1 + V2 +V3 = Sv ) of the variable without taking into

account the interaction of all the variables and how their weights factor in to the outcome of the Sum (V1*/-/+ V2,V3,V4,V5,V6,,, = Sv)

in part because they were developed years ago and do not utilize current technology. These tools have many limitations, including the following:
1. They usually weight each risk factor equally, when in fact certain responses are far more predictive of risk.

2. They do not capture resident history, e.g., the cumulative effects of chronic conditions and diagnoses that contribute to risk.

3. They fail to weigh interactions of smaller risk factors that add up to high risk.

4. They fail to account for non-linear relationships between predictors and outcomes.

In this time of diminishing healthcare dollars available to apply to each healthcare need, precision tuning of the system that officiates
that process — the risk assessment — is critical. When it comes to accurately matching acuity levels with reimbursement dollars, the healthcare in-
dustry is in need of an instant, point-of-care, highly specific and sensitive risk assessment.
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