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Introduction
Current health care delivery relies on complex, computer-generated risk models constructed
from insurance claims and medical record data. However, these models produce inaccurate
predictions of risk levels for individual patients, do not explicitly guide care, and undermine
health management investments in many patients at lesser risk. Therefore, this study prospectively validates a concise patient-reported risk assessment that addresses these inadequacies of computer-generated risk models.
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Methods
Five measures with well-documented impacts on the use of health services are summed to
create a “What Matters Index.” These measures are: 1) insufficient confidence to self-manage health problems, 2) pain, 3) bothersome emotions, 4) polypharmacy, and 5) adverse
medication effects. We compare the sensitivity and predictive values of this index with two
representative risk models in a population of 8619 Medicaid recipients.

Results
The patient-reported “What Matters Index” and the conventional risk models are found to
exhibit similar sensitivities and predictive values for subsequent hospital or emergency
room use. The “What Matters Index” is also reliable: akin to its performance during development, for patients with index scores of 1, 2, and 3, the odds ratios (with 95% confidence
intervals) for subsequent hospitalization within 1 year, relative to patients with a score of 0,
are 1.3 (1.1–1.6), 2.0 (1.6–2.4), and 3.4 (2.9–4.0), respectively; for emergency room use,
the corresponding odds ratios are 1.3 (1.1–1.4), 1.9 (1.6–2.1), and 2.9 (2.6–3.3). Similar
findings were replicated among smaller populations of 1061 mostly older patients from nine
private practices and 4428 Medicaid patients without chronic conditions.
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Summary
In contrast to complex computer-generated risk models, the brief patient-reported “What
Matters Index” immediately and unambiguously identifies fundamental, remediable needs
for each patient and more sensibly directs the delivery of services to patient categories
based on their risk for subsequent costly care.

Introduction
The increasing prevalence of non-communicable, chronic disease is a major global health
problem. The dominant strategy applied to control the escalating cost of chronic disease management is based on computer-generated risk models (CRMs) constructed from insurance
claims and medical record data that designate a few patients at greatest risk for requiring costly
care; these patients become targets for intensive interventions. Unfortunately, considerable
evidence has exposed the substantial limitations of the CRM strategy [1–7].
Three deficiencies render CRM-based interventions inherently ill-advised. First, CRMs
cannot make accurate predictions for individual patients [8]. For example, a minority of the
highest-risk decile use the hospital within two years, in contrast to almost three times as many
patients not designated high-risk who nonetheless require hospital resources [9,10]. In practice, this large false positive rate wastes scarce resources on the many patients in the highestrisk subgroup who will not use costly care, while care is relatively rationed for those not designated as at-risk, including the many false negatives destined to use costly services. From a public policy perspective, CRM-based targeting may perpetuate underinvestment in chronic
disease prevention and management [11].
Second, CRMs based on demographics, diagnoses, and past use do not provide specific,
real-time guidance for needs that matter to patients. Rather, CRMs output a general, asynchronous designation of risk, offered with the implicit assumption that clinicians can select and
apply corrective action that will mitigate that risk. This generality supports neither clinicians
nor patients, who must struggle during a time-constrained visit to identify a few current concerns that might respond to a management plan and thus decrease risk.
Third, CRMs are based on “what is the matter” (such as diagnoses and test results), rather
than “what matters” to patients (such as bothersome symptoms, specific functional limits, and
their quality of life). Thus, CRMs are often too abstract, untimely, or irrelevant to support
patient engagement in care, and patient engagement in care is increasingly recognized as a
highly effective strategy for delivering health care in the face of rising demand and shrinking
budgets [12].
The authors of this research report recently tested the hypothesis that a clinical prediction
rule based on a few self-reported measures may address the inadequacies of current CRMbased interventions for patients with chronic conditions [13]. We named this clinical prediction rule the “What Matters Index” (WMI) because it proved to be an appropriate indicator of
patients’ quality of life—that is, what matters to patients. The WMI is based on a concise set of
memorable measures that can be addressed by immediate actions and a management plan,
and for which there is significant evidence that action can positively impact patient outcomes
[14–21]. The proposed index is evaluated by summing the five binary scores, with an index of
0 representing a patient with the fewest reported problems and an index of 5 representing a
patient with the most reported problems. The five WMI measures are listed in Table 1.
In addition to its foundation in clinical evidence for likely impact on patient outcomes, the
WMI proved to be strongly associated with a history of emergency and hospital use when
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Table 1. Patient-reported measures in the “What Matters Index” (WMI).
Patient-Reported Measure
Insufficient Health Confidence
How confident are you that you can manage and control most of your health problems?
(Not very confident or somewhat confident, scored as 1; versus very confident, scored as zero)
Pain
During the past four weeks, how much bodily pain have you generally had?
(Extreme or moderate pain, scored as 1; versus none, very mild, or mild, scored as zero)
Emotions
During the past four weeks, how much have you been bothered by emotional problems such as feeling anxious,
irritable, depressed, or sad?
(Extremely or quite a bit, scored as 1; versus not at all, a little, or somewhat, scored as zero)
Polypharmacy
How many prescription medicines are you taking more than three days a week?
(More than five, scored as 1; versus 5 or less, scored as zero)
Adverse Effects from Medicines
Do you think any of your pills are making you sick?
(Yes or maybe, scored as 1; versus no, scored as zero)
https://doi.org/10.1371/journal.pone.0192475.t001

retrospectively tested in three populations: ages 18–64 (n = 8619), 50–64 (n = 7408), and 65+
(n = 3566). For example, regardless of a patient’s financial status, a WMI  2 was associated
with approximately twice the odds of costly health care usage compared to a WMI = 0; for
WMI  3, usage was approximately three times higher than for WMI = 0. The WMI’s positive
predictive value was found to be comparable to a CRM based on multiple diagnoses and medications [13]. These preliminary results suggested that the WMI can adequately stratify risk
levels (relative to a CRM) and immediately guide care that matters to patients. However, retrospective results guarantee neither future performance nor applicability in practice. Therefore,
this report prospectively compares the WMI to two representative CRMs and illustrates how
the WMI can be used to promote health care provider and patient engagement in improving
health care delivery and health outcomes.

Materials and methods
Participants, data sources, and outcomes
Patient members and office practices of a Midwestern statewide Medicaid program were asked to
complete a comprehensive, free, online health assessment called HowsYourHealth (www.
HowsYourHealth.org) [22]. The branching logic of the online assessment includes the five WMI
items, in addition to queries regarding demographics, symptoms, concerns, function, conditions,
experience of care, preventive interventions, and past use of services. Of the 26,130 adults who
completed the survey in 2014, 8771 fulfilled the eligibility criteria for this prospective assessment,
which were identical to those used to develop the WMI and were based on patient self-identification of at least one of five chronic conditions—hypertension, cardiovascular disease, diabetes,
respiratory disease, or arthritis—or use of at least one chronic medication. Subsequent emergency
and hospital utilization information based on insurance claims data was available for all patients;
however, the claims data indicated only the occurrence of emergency or hospital use, not frequency of use. Of the 8771 eligible Medicaid patients with one year of outcome data, 152 had
incompletely responded to the WMI variables and were eliminated from the analysis.

Predictors
The predictors listed in Table 1 are identical to those used to develop the WMI. We selected
five binary (yes or no, 1 or 0) measures from a previous distillation of patient-reported “vital
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signs” [23]. By design, these measures are immediately available from patients, without requiring data retrieval from electronic health records or insurance claims; easily interpretable and
translatable; and limited in number so that they are more easily memorized [24]. The sum of
the five measures, a number from 0 to 5, constitutes the WMI—a direct expression of what
matters to patients.
First, insufficient health confidence is an easy-to-measure representation of a patient’s lack
of ability to manage health problems. A low level of self-management capacity predicts poor
engagement in self-care and is associated with increased use of costly health care services [14–
17]. The second and third predictors—emotional problems and pain—significantly impact the
attainment of health confidence over time [18]. These measures are fundamental to the human
condition and considerably influence health and use of services. Furthermore, emotional problems and pain often respond to simple behavioral interventions and are frequently assessed as
vital signs in clinical settings [19,20]. The final two predictors, polypharmacy and medication
side effects, account for a large percentage of preventable hospital and emergency department
uses [21]. Multiple medications can cause harmful interactions, and even without such interactions, perceived side effects can reduce adherence [15].

Representative CRMs
To evaluate the advantages or disadvantages of the WMI, we compared it to two representative
CRMs commonly employed to assess risks for patients with chronic conditions. First, the
Centers for Medicare and Medicaid Services in the United States suggest the use of a CRM to
select patients for complex care reimbursement. In our study, to simulate the Medicare CRM
requirement, we considered patients complex and at-risk when they reported both that they
are taking three or more medications and that they had two or more chronic conditions.
Second, a proprietary CRM, the 3MTM Clinical Risk Groups, uses insurance claims to assign
individuals to one of a set of risk groups based on historical clinical and demographic characteristics; these risk groups can be combined to predict costly care [25].

Analysis
Predictive reliability of the WMI. The number of patients in the study population who
were expected to require emergency or hospital care easily surpassed the minimum of five to
ten observations per measure predicted emergency or hospital uses) that has been suggested
for the development and validation of clinical prediction rules [26,27]. To test the association
between the WMI sums and emergency or hospital use during the year after the patient selfassessments, odds ratios compared the likelihood that patients with higher WMI sums would
use emergency or hospital care versus patients with a WMI of 0.
We do not know the characteristics of patients who were not solicited or who were either
unable or unmotivated to complete the assessment. Therefore, we used logistic regression to
examine if the WMI’s capacity to predict emergency or hospital use might have been vitiated
by variations in the respondents’ self-reported characteristics of age, gender, number of
chronic conditions (listed above), and poverty (i.e., sometimes or always not able to pay for
essentials such as food, clothing, or housing). To supplement this validation, we also examined
the WMI’s replicability in two very different patient groups: 1061 mostly older patients from
nine private practices and 4428 Medicaid patients without chronic conditions. Tables A and B
in S1 File provide a detailed comparison of these supplemental analyses with the primary analysis focused on Medicaid patients with chronic conditions.
Comparison of the WMI to representative CRMs. In the Medicaid patients with chronic
conditions, we compared the WMI and representative CRMs in three respects. First, we
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compared the models’ sensitivities and positive predictive values for costly care. Sensitivity is
defined as the proportion of patients who actually used costly care who were correctly designated as at-risk by the model. Positive predictive value is defined as the proportion of patients
designated as at-risk who actually became users of costly care. Because predictive values are
influenced by prevalence, we adjusted the WMI or CRM test cut-points so that the comparisons would be based on similar proportions of “at-risk” patients.
Second, we analyzed the distribution of the five WMI measures among patients designated
by the CRMs to be at higher or lower risk. Third, we examined the relationship between true
positives and false positives using the area under the receiver operation characteristic curve
(AUROC) expressed as the concordance statistic (c-statistic), which is frequently used to compare CRMs. The c-statistic approximates the overall accuracy of a binary classifier as its discrimination cut-point is varied: the c-statistic of a perfect classifier is 1.0, and a c-statistic of
0.50 indicates that the classification is no better than chance.

Results
Patient characteristics
Despite this Medicaid population’s youth (40% aged 18–49 and none over 65), it has a high
prevalence of serious chronic conditions such as diabetes (31%), respiratory diseases (39%),
and atherosclerosis (17%), and more than a third (35%) report taking more than 5 prescription
medications. Most (70%) are sometimes unable to pay for food, clothing, and housing. More
than 40% report that they lack confidence that they can manage and control most of their
health problems. Additional characteristics of this population are described in Table A in
S1 File.

Predictive reliability of the WMI
During the year following their completion of the WMI assessment, half of the patients used
the emergency department and 20% were admitted to a hospital. There was a strong association between WMI magnitude and increased use of hospital or emergency services during the
subsequent year (Fig 1). The odds ratios (with 95% confidence intervals) for subsequent hospitalization of patients with WMI sums of 1, 2, and  3 were 1.3 (1.1–1.6), 2.0 (1.6–2.4), and 3.4

Fig 1. Odds ratios for subsequent use of costly care comparing patients with WMI > 0 to those with WMI = 0.
Sample population: 8619 Medicaid patients; 95% confidence intervals.
https://doi.org/10.1371/journal.pone.0192475.g001
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(2.9–4.0); for emergency room use, the corresponding ratios were 1.3 (1.1–1.4), 1.9 (1.6–2.1),
and 2.9 (2.6–3.3). These findings validate the pattern observed during the development of the
WMI [13].
Logistic regression models considering age, gender, number of chronic conditions, and
poverty indicated that, among these variables, the WMI was the one most highly associated
with subsequent emergency or hospital use (p < 0.001).

Comparison of WMI to representative CRMs
In Table 2, the proportions of patients designated at-risk by the WMI and by each CRM have
been matched so that their sensitivities and predictive values can be compared. The Medicare
CRM identifies roughly half the population as being at-risk, and to approximate the Medicare
CRM target population, the WMI cut-point was set to  2. For comparably sized populations,
the WMI and Medicare CRM sensitivities and positive predictive values for future hospital use
were essentially the same. The predictive performances of the proprietary CRM and the WMI
were also equivalent for comparably sized at-risk populations, implemented by setting the
WMI cut-point for higher risk to  3. The overall accuracies (c-statistics) of the proprietary
CRM and the WMI were the same (0.63). (The c-statistic cannot be calculated for Medicare
CRM because its cut-point is fixed.)
Although either a CRM or the WMI can provide actuarial stratification to identify future
risks for costly care, resource allocation based on only these forecasts is inefficient because of
their low positive predictive values. However, Fig 2 shows that needs identified by the WMI
are distributed among all patients and are not confined to the higher risk patients designated
by the CRMs. For example, the proprietary CRM designated 984 and 1586 patients reporting a
WMI score  3 as being in the higher and lower risk groups for hospital use, respectively.
Thus, using CRMs to target resources ignores a large proportion of patients at risk for requiring future costly care. Moreover, CRMs are indifferent to potentially remediable risk factors
that are easily identifiable from patient self-reports.
When a CRM based on clinical and laboratory data is combined with patient-reported data,
an increase in the c-statistic is often documented [9,10,28]. However, in practice, incorrect
classification persists even with such hybrid models, and the c-statistic gain is offset by the considerable effort required to combine the clinical, laboratory, and patient-reported inputs such
that the output can be made available in a manner that is timely and useful for clinical practice.
For example, when a hybrid risk model is established by combining a WMI  3 with the proprietary CRM’s highest risk decile, 290 (67%) and 186 (43%) of the 431 patients thus classified
as the highest risk subgroup subsequently used emergency or hospital services, respectively.
These predictive values represent only small improvement over those of the CRM highest riskdecile alone (59% and 37%, respectively).
Table 2. Sensitivities and predictive values for subsequent hospital use of the WMI and CRMs.
Method

WMI  2

Medicare CRM

WMI  3

Proprietary CRM

Proportion of all patients designated “at-risk”

0.53

0.52

0.30

0.30

Sensitivity of method for emergency use

0.62

0.56

0.38

0.35

Sensitivity of method for hospital use

0.69

0.64

0.45

0.43

0.58

0.54

0.63

0.58

0.26

0.25

0.30

0.28



Positive predictive value for emergency use


Positive predictive value for hospital use


Positive Predictive Value: The proportion of patients designated by the method as “at-risk for emergency or hospital use” who actually used such care in the year
following the assessment.

https://doi.org/10.1371/journal.pone.0192475.t002
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Fig 2. Distribution of WMI measures for Medicaid patients in relation to CRM risk levels.
https://doi.org/10.1371/journal.pone.0192475.g002

Discussion
Implications
Despite extensive evidence to the contrary, the idea that population health and associated costs
can be effectively managed with CRM-based interventions is entrenched in current practice.
This report prospectively demonstrates the superior performance of the WMI in relation to
two representative CRMs in terms of providing easily interpretable personal guidance for each
patient as well as a sensible basis to allocate resources for many patients. Moreover, the WMI
is both reliable and comparable to these CRMs in its capacity to forecast risk for costly care.
The WMI offers the following additional advantages:
• It has no direct cost.
• It equitably assesses the remediable needs of all patients, not only a designated few.
• It is unambiguous and is therefore much less likely to produce high variances in interpretation compared to the list of patients generated by a CRM.
• It correlates strongly with overall quality of life and can therefore be used to monitor the
impact of interventions designed to improve patients’ quality of life.
• It applies in any setting because it is patient-reported and does not require insurance claims,
electronic medical records, or complicated scoring methods.
• By design, the WMI is consistent with the intent of Article 22 of the European Union’s General Data Protection Regulation that requires decision logic to be explicable [29].
Self-reported instruments have long been applied to populations of community-dwelling
older adults at risk for hospitalization, functional decline, institutionalization, and death [30].
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Recent studies also document the value of patient report for the management of cancer. [31]
The WMI broadens the use of self-reporting beyond these narrow circumstances, emphasizing
just a few items to identify remediable needs for all adults.

An illustration: Applying the WMI in a clinical setting
Each WMI item is meant to elicit an action that meets each patient’s needs. A very common
and remediable risk factor included in the WMI is a patient’s lack of confidence in their ability
to manage most health concerns; this risk factor is associated with many adverse health experiences, including more frequent (and often avoidable) emergency or hospital care use, lost time
from work, and medical harm [15,16]. Applying the WMI model, patients who say they are
not confident that they can control and manage most of their health problems are then asked
by medical assistants or the online health assessment (www.HowsYourHealth.org) to answer
the query, “What would it take for you to be able to say that you are very confident that you
can control most of your health problems during the next two months”? The patients’ verbatim responses are included in a summary report for the clinicians who provide their care.
Examples of queries for the other WMI items are listed elsewhere [13].
To illustrate how the WMI identifies population needs in a clinical setting, we summarized
the verbatim responses to the online assessment of 1915 adult patients from across the United
States. These patients met the identical selection criteria that were used to select the Medicaid
population sample. (Table A in S1 File) The verbatim responses, in which patients identified
the health care interventions that they perceived would be most effective, could be generally
classified into the following four categories.
1. Professional help. Patients most often request better medical information and education,
such as clarification of their diagnoses, timely sharing of test results, and when possible,
additional relief of symptoms. Examples: (a) “Help of a doctor who will actually listen and
take my problems seriously without just pushing medication.” Michigan; WMI = 2. (b) “If I
got an accurately diagnosis of my illness, and able to get a specific course of treatment I
could control and manage my health problems.” Texas; WMI = 2.
2. Personal change. Patients acknowledge their need to improve time-management, motivation, and lifestyle. Examples: (a) “Staying focused on what is required to be healthier.” New
Hampshire; WMI = 2. (b) “More time and attention to my diabetes.” North Carolina;
WMI = 2.
3. Non-professional support and guidance. Patients request coaching or support in the workplace, home, and/or community; financial assistance may also be needed. Examples: (a)
“Finances are stopping me from getting medical help. Co-pays for doctors and medications
has taken most of my life savings.” Rhode Island; WMI = 2. (b) “Need some coaching.”
Minnesota; WMI = 2.
4. Non-response or uninterpretable response.
Fig 3 compiles 1915 patients’ verbatim responses regarding changes they require to improve
their health confidence, and illustrates how their needs vary in relation to their WMI sums.
For this sample population of adult patients with chronic conditions, higher WMI sums are
strongly associated with an increased likelihood that the respondents identify a need for professional assistance, and with a reduced likelihood that they consider their personal behavior
as the primary remediable cause for their low confidence. Logistic regression confirms the persistence of this pattern (p < 0.001) regardless of patient age, gender, financial status, or number of chronic conditions. For patients who used hospital or emergency care in the past year
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Fig 3. Influence of What Matters Index (WMI) on patient reports of changes needed to improve their health confidence.
https://doi.org/10.1371/journal.pone.0192475.g003

and had a WMI  3, half (70/142) believed that the event may have been avoidable; for those
having a WMI = 1, approximately one in five (15/76) shared that belief.
In summary, people simply answer each question and bring their responses to the attention
of someone who can help them address each problem, such as a health professional, a support
group, a knowledgeable friend, or even a website like www.HowsYourHealth.org used to
develop the WMI (22). Services appropriate for the level of risk based on “what matters” is the
goal. Thus, this illustration demonstrates that to improve a patient’s low health confidence,
more attention to medical diagnostics, therapeutics, and education is indicated when the WMI
is high, whereas more support for behavioral change is indicated when the WMI is low. (An
example of a WMI interface for public distribution is included in Table C in S1 File)

Limitations
Several limitations of the WMI deserve comment. First, these prospective results were derived
from a self-selected sample of Medicaid patients with chronic conditions who completed a
health assessment; whether the WMI would perform similarly for different patients is a valid
concern. To address this point, we examined the WMI in 1061 mostly older patients from nine
private practices, selected using the same criteria for chronic conditions, as well as in 4428
patients with no chronic conditions from the Midwestern statewide Medicaid program.
Among the private practice patients with chronic conditions, the odds ratios (with 95% confidence intervals compared to a WMI of 0) for subsequent emergency room use were 1.8 (1.1–
2.8), 2.1 (1.2–3.6), and 3.0 (1.4–6.3) for patients with WMIs of 1, 2, or 3, respectively. For
WMIs of 1 or  2, the odds ratios of subsequent hospitalization were 1.4 (0.8–2.6) and 2.4
(1.2–4.5), respectively. In the Medicaid population without chronic conditions, the odds ratios
(with 95% confidence intervals compared to a WMI of 0) for subsequent emergency room use
were 1.2 (1.03–1.40), 2.2 (1.73–2.76), and 3.2 (2.01–5.21) for patients with WMIs of 1, 2, or
3, respectively. For WMIs of 1 or  2, the odds ratios of subsequent hospitalization were 1.1
(0.87–1.48) and 1.6 (1.10–2.26), respectively. To summarize, the WMI’s prospective prediction
of costly usage was replicable in three very different populations. Tables A and B in S1 File further detail the characteristics of all patients and the supplemental analysis procedures.
The WMI’s capacity to improve health outcomes and reduce costs is additionally limited by
the extent to which CRMs are entrenched in health management practice. In other words, a
critical sociological limitation of the WMI is, ironically, the challenge it represents to the
flawed but widely adopted status quo. It is true that a small proportion of patients account for
a large proportion of the costs of care; that CRMs can identify some patients who will cost
more than others; and that payers can use computer algorithms to generate lists of these
patients almost effortlessly and send them to medical practitioners who will, with incentives,
act on the lists. However, evidence suggests that this approach is ineffective at controlling care
costs, does nothing to specifically guide care for individual patients, and probably has negative
consequences for those not targeted [1–7,13]. Similar inadequacies have been previously documented for intensive care management based on targeting distinct diseases, an antecedent to
the current CRM-based interventions [32].
Finally, although a controlled cost-effectiveness trial has not yet been conducted to compare
the value of the WMI and CRM-based strategies, and descriptions of the optimum intervention types and timing for the different WMI levels are not yet available, the WMI’s advantages
strongly suggest that it is ethically more justifiable and economically more sensible to
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implement simple, self-reported measures to determine what matters to all patients and to use
those results to guide care. Patient reporting is increasingly recognized as the most appropriate
basis for chronic care management because of its ease of implementation and benefits for patients
and the providers who serve them [22,33]. The WMI results validate the utility of parsimonious
patient-reported measures in guiding the delivery of services that matter to patients [34].

Conclusion
By considering what people say about their own health, the WMI identifies both important
needs that matter and risks for costly health care use. In contrast to the complex CRM algorithms, which leave by far the greatest share of patients who use costly care in the low-risk category and do not provide standardized follow-up procedures for high-risk patients, the brief,
unambiguous WMI can guide care plans that mitigate risks for all patients with chronic conditions and probably for people with no chronic conditions as well.
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(Table C) Sample of a WMI Interface for Public Use.
(DOCX)

Acknowledgments
To further confirm the reliability of the What Matters Index in a private-practice population,
the following physicians provided baseline and subsequent utilization data for 1061 patients: J.
Antonucci, MD; A. Arena, MD; S. Behtash, DO; J. Bloomer, MD; L. Denny, MD; G. Hanson,
MD; J. Hearst, MD; L. Ho, MD; K. Oaks, MD; M. Nunlist, MD; and A. Wood, MD. S1 File
contains additional information comparing the Medicaid and private practice populations.

Author Contributions
Conceptualization: John H. Wasson.
Data curation: John H. Wasson, Lynn Ho, Laura Soloway, L. Gordon Moore.
Formal analysis: John H. Wasson, Laura Soloway.
Investigation: John H. Wasson, Lynn Ho.
Methodology: John H. Wasson, Laura Soloway.
Project administration: John H. Wasson.
Resources: John H. Wasson.
Supervision: John H. Wasson, L. Gordon Moore.
Validation: John H. Wasson, Lynn Ho, Laura Soloway.
Visualization: John H. Wasson.
Writing – original draft: John H. Wasson, Lynn Ho, Laura Soloway, L. Gordon Moore.
Writing – review & editing: John H. Wasson, Lynn Ho, Laura Soloway, L. Gordon Moore.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192475 February 22, 2018

11 / 13

What Matters Index

References
1.

Stokes J, Panagioti M, Alam R, Checkland K, Cheraghi-Sohi S, Bower P. Effectiveness of case management for ’at-risk’ patients in primary care: a systematic review and meta-analysis. PLOS ONE 2015;
10(7): e0132340. https://doi.org/10.1371/journal.pone.0132340 PMID: 26186598

2.

Damey S, Flanagan S, Combes G. Does integrated care reduce hospital activity for patients with
chronic diseases? an umbrella review of systematic reviews. BMJ Open 2016; 6: e011952. https://doi.
org/10.1136/bmjopen-2016-011952 PMID: 27872113

3.

Billot L, Corcoran K, McDonald A, Powell-Davies G, Feyer A-M. Impact evaluation of a system-wide
chronic disease management program on health service utilisation: a propensity-matched cohort study.
PLOS Med. 2016; 13(6): e1002035. https://doi.org/10.1371/journal.pmed.1002035 PMID: 27270663

4.

Peterson GG, Zurovac J, Brown RS, Coburn KD, Markovich PA, Marcantonio SA, et al. Testing the replicability of a successful care management program: results from a randomized trial and likely explanations for why impacts did not replicate. Health Serv. Res. 2016; 51:6, Part I.

5.

Härter M, Dirmaier J, Dwinger S, Kriston L, Herbarth L, Siegmund-Schultze E, et al. Effectiveness of
telephone-based health coaching for patients with chronic conditions: a randomised controlled trial.
PLOS ONE 2016; 11(9): e0161269. https://doi.org/10.1371/journal.pone.0161269 PMID: 27632360

6.

Zulman DM, Chee CP, Ezeji-Okoye SC, Shaw JG, Homes TH, Kahn JS, Asch SM. Effectiveness of an
intensive outpatient program to augment primary care for high-need veteran’s affairs patients: a randomized trial. JAMA Intern. Med. 2017; 177(2): 166–175. https://doi.org/10.1001/jamainternmed.2016.
8021 PMID: 28027338

7.

McWilliams M, Chernew ME, Landon BE. Medicare ACO Program Savings Not Tied To Preventable
Hospitalizations Or Concentrated Among High-Risk Patients. Health Affairs. 2017; 36 (12): 2085–
2093. https://doi.org/10.1377/hlthaff.2017.0814 PMID: 29200328

8.

Levine SH, Adams J, Attaway K, Dorr D, Leung M, Popesqu B, et al. Predicting the financial risks of seriously ill patients. California Healthcare Foundation 2011. Available from: http://www.chcf.org/~/media/
MEDIA%20LIBRARY%20Files/PDF/PDF%20P/PDF%20PredictiveModelingRiskStratification.pdf

9.

Wherry LR, Burns ME, Leininger LJ. Using self-reported health measures to predict high need cases
among Medicaid eligible adults. Health Serv. Res. 2014; 49: 2147–2172. https://doi.org/10.1111/14756773.12222 PMID: 25130916

10.

Hippisley-Cox J, Coupland C. Predicting risk of emergency admission to hospital using primary care
data: derivation and validation of QAdmissions score. BMJ Open 2013; 3: e003482. https://doi.org/10.
1136/bmjopen-2013-003482 PMID: 23959760

11.

Bierman AS. Averting an impending storm: can we reengineer health systems to meet the needs of
aging populations? PLOS Med. 2012; 9(7): e1001267. https://doi.org/10.1371/journal.pmed.1001267
PMID: 22815655

12.

Laurance J, Henderson S, Howitt PJ, Matar M, Al Kuwari H, Edgman-Levitan S, Darzi A. Patient
engagement: four case studies that highlight the potential for improved health outcomes and reduced
costs. Health Aff. 2014; 33(9): 1627–1634. https://doi.org/10.1377/hlthaff.2014.0375 PMID: 25201668

13.

Wasson JH, Soloway L, Moore LG, Labrec P, Ho L. Development of a care guidance index based on
what matters to patients. Qual Life Res. 2018; 27(1): 51–58. https://doi.org/10.1007/s11136-017-1573x PMID: 28401418

14.

Wasson JH, Coleman EA. Health Confidence: A simple, essential measure for patient engagement and
better practice. Fam. Prac. Manag. 2014; (Sept-Oct): 8–12.

15.

Wasson JH. A patient-reported spectrum of adverse health care experiences: harms, unnecessary
care, medication illness, and low health confidence. J Ambul. Care Manage. 2013; 36(3): 245–2503.
https://doi.org/10.1097/JAC.0b013e3182955b22 PMID: 23748273

16.

Greene J, Hibbard JH, Sacks R, Overton V, Parrotta CD. When patient activation levels change, health
outcomes and costs change, too. Health Aff. 2015; 34(3): 431–437.

17.

Hibbard JH, Greene J, Sacks R, Overton V, Parrotta CD. Adding a measure of patient self-management
capability to risk assessment can improve prediction of high costs. Health Aff. 2016; 35(3): 489–494.

18.

Wasson JH, Johnson DJ, Mackenzie T. The impact of primary care patients’ pain and emotional problems on their confidence with self-management. J. Ambul. Care Manage. 2008; 31: 120–127. https://
doi.org/10.1097/01.JAC.0000314702.57665.a0 PMID: 18360173

19.

Ahles TA, Wasson JW, Seville JL, Johnson DJ, Cole B, Hanscomb BI. A controlled trial of methods for
managing pain in primary care patients with or without co-occurring psychosocial problems. Ann. Fam.
Med. 2006; 4(3): 341–350.

20.

Rollman BL, Belnap BH, Mazumdar S, Abede KZ, Karp JF, Lenze EJ, Schulberg HC. Telephone-delivered stepped collaborative care for treating anxiety in primary care: a randomized trial. J. Gen. Intern.
Med. 2017; 32(3): 245–255. https://doi.org/10.1007/s11606-016-3873-1 PMID: 27714649

PLOS ONE | https://doi.org/10.1371/journal.pone.0192475 February 22, 2018

12 / 13

What Matters Index

21.

Budnitz DS, Lovegrove MC, Shehab N, Richards CL. Emergency hospitalizations for adverse drug
events in older Americans. N. Engl. J. Med. 2011; 365: 2002–2012. https://doi.org/10.1056/
NEJMsa1103053 PMID: 22111719

22.

Nelson EC, Eftimovska E, Lind C, Hager A, Wasson JH, Lindblad S. Patient reported outcome measures in practice. BMJ 2015; 350: g7818. https://doi.org/10.1136/bmj.g7818 PMID: 25670183

23.

Wasson JH, Bartels S. CARE vital signs supports patient-centered collaborative care. J. Amb. Care
Manage. 2009; 32: 56–71.

24.

Miller GA. The magical number seven, plus or minus two: some limits on our capacity for processing
information. Psychol. Rev. 1956; 63(2): 81–97. PMID: 13310704

25.

Hughes JS, Averill RF, Eisenhandler J, Goldfield NI, Muldoon J, Neff JM, Gay JC. Clinical Risk Groups
(CRGs): a classification system for risk-adjusted capitation-based payment and health care management. Med. Care 2004; 42(1): 81–90. https://doi.org/10.1097/01.mlr.0000102367.93252.70 PMID:
14713742

26.

Wasson JH, Sox HC, Goldman L, Neff RK. Clinical prediction rules: applications and methodological
standards. N. Engl. J. Med. 1985; 313(13): 793–799. https://doi.org/10.1056/NEJM198509263131306
PMID: 3897864

27.

Bouwmeester W, Zuithoff NPA, Mallett S, Geerlings MI, Vergouwe Y, Steyerberg EW, et al. Reporting
and methods in clinical prediction research: a systematic review. PLOS Med. 2012; 9(5): e1001221.
https://doi.org/10.1371 /journal.pmed.1001221 PMID: 22629234

28.

Cunningham PJ. Predicting high-cost privately insured patients based on self-reported health and utilization. Am. J. Manag. Care 2017. Available from: http://www.ajmc.com/journals/issue/2017/2017vol23-n7/predicting-high-cost-privately-insured-patients-based-on-self-reported-health-and-utilizationdata?p=2

29.

European Union. General data protection regulation, article 22: automated individual decision-making,
including profiling. Available from: https://gdpr-info.eu/art-22-gdpr/

30.

O’Caoimh R, Cornally N, Weathers E, O’Sullivan R, Fitzgerald C, Orfila F. Risk prediction in the community: a systematic review of case-finding instruments that predict adverse healthcare outcomes in community-dwelling older adults. Maturitas 2015; 82: 3–21. https://doi.org/10.1016/j.maturitas.2015.03.009
PMID: 25866212

31.

Basch E, Deal AM, Kris MG, Scher HI, Hudis CA, Sabbatini P, et al. Symptom monitoring with patientreported out- comes during routine cancer treatment: a randomized controlled trial. J Clin Oncol 2016;
34:557–65. https://doi.org/10.1200/JCO.2015.63.0830 PMID: 26644527

32.

McCall N, Cromwell J. Results of the Medicare Health Support Disease-Management Pilot Program. N.
Engl. J. Med. 2011; 365: 1704–12. https://doi.org/10.1056/NEJMsa1011785 PMID: 22047561

33.

Nunlist M, Blumberg J, Uiterwyk S, Apgar T. Using health confidence to improve patient outcomes. J.
Fam. Prac. Manag. 2016; 21–24.

34.

Wasson JH. A troubled asset relief program for the patient-centered medical home. J. Amb. Care Manage. 2017; 40(2): 89–100.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192475 February 22, 2018

13 / 13

