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Abstract
Purpose This study investigated the PROMIS Self-Efficacy Measure for Managing Chronic Conditions (PROMIS-SE) 
domain distributions and examined the factor structure of the PROMIS-SE.
Methods A total of 1087 individuals with chronic conditions participated in this study. PROMIS-SE’s item banks and two 
short forms (eight-item and four-item) measuring five behavioral domains (daily activities(DA), Emotions(EM), medica-
tions and treatments(MT), social interactions(SS), and Symptoms(SX)) were examined. PROMIS-SE’s T-score ranges and 
distributions were examined to identify domain metric distributions and confirmatory factor analysis (CFA) was conducted 
to test a multidimensional model fit to the PROMIS-SE.
Results PROMIS-SE domains showed different T-score ranges and distributions for item banks and two short forms across 
all five domains. While PROMIS-SE EM demonstrated the highest T-scores (least negatively skewed), MT had the lowest 
T-scores (most negatively skewed) for all three forms. In general, respondents were more likely to achieve highest self-
efficacy ratings (very confident) for domains DA, MT, and SS as compared to domains EM and SX. CFA confirmed that a 
multidimensional model adequately fit all three PROMIS-SE forms.
Conclusion Our results indicate that self-efficacy T-distributions are not consistent across domains (i.e., managing medica-
tions and treatments domain was more negatively skewed difficult than other domains), which is a requirement for making 
inter-domain comparisons. A multidimensional model could be used to enhance the PROMIS-SE’s estimate accuracy and 
clinical utility.
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Bandura defines self-efficacy as individuals’ confidence in 
performing a required behavior or task to achieve a desired 
outcome [1]. To be specific, individuals’ self-efficacy is not 
related to the skills they have, but their confidence in what 

they can perform [2]. For example, a patient may have the 
skills needed to manage medications but may not be confi-
dent to do so.

Self-efficacy has consistently predicted the initiation 
of behavioral changes and maintenance of acquired health 
behaviors [3]. Several studies have demonstrated that self-
efficacy is associated with individuals’ health outcomes Electronic supplementary material The online version of this 

article (https ://doi.org/10.1007/s1113 6-019-02116 -w) contains 
supplementary material, which is available to authorized users.
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(e.g., physical ability, behavioral dysfunction, depression, 
and anxiety) and disability [4–8]. For example, Meredith 
et al. [7] reported that pain self-efficacy was more predictive 
of patients’ disability than pain intensity. As such, self-effi-
cacy is currently used to tailor self-management programs 
for managing health conditions (e.g., via goal setting, cop-
ing, or problem-solving skills) [9, 10].

It is important to note that self-efficacy is entirely behav-
ior- and task-related [11]. For instance, an individual can 
have high self-efficacy for getting out of bed and low self-
efficacy for climbing Mount Everest [3]. This is because 
the range of skills required for different behaviors and tasks 
vary by context [1]. Sometimes, self-efficacy is evaluated at 
a global level [12], or even with a single item [13], but these 
global judgements of self-efficacy can overlook variations 
across individuals’ behavioral complexity [1]. Inferences 
from general self-efficacy measures have less explanatory 
and predictive power [1]. Thus, when measuring individuals’ 
self-efficacy, we need to consider assessing it with respect to 
a specific behavior or task.

The patient-reported outcome measurement information 
system self-efficacy measure for managing chronic condi-
tions (PROMIS-SE) is a behavior-specific self-efficacy 
measure for managing chronic conditions. Funded by the 
National Institute of Health (NIH), PROMIS-SE is a pub-
licly available self-reported measure that is efficient and 
valid for individuals with chronic conditions [14]. Various 
qualitative methodologies (i.e., Delphi, focus groups, and 
cognitive interviews) were used to determine the PROMIS-
SE’s five domains. The PROMIS-SE’s five domains measure 
respondents’ self-efficacy for managing (1) daily activities; 
(2) emotions; (3) medications and treatments; (4) social 
interactions; and (5) symptoms [14, 15]. The PROMIS-SE 
estimates respondents’ self-efficacy for each domain [14].

It is reasonable to expect patient’s responses across 
PROMIS-SE domains to be influenced by multiple domains. 
That is, a therapeutic program aiming to enhance patient 
self-efficacy for managing emotions might improve not only 
the patient’s self-efficacy levels for managing emotions, but 
also their self-efficacy levels for managing social interac-
tions. This would indicate that perhaps these domains are not 
as unidimensional as previously assumed [14] and that other 
psychometric models (i.e., multidimensional models) might 
be more appropriate for calibrating these domains. It has 
been argued by some investigators that this might be the case 
for many of the existing patient-reported outcomes [16–18]. 
This multidimensionality of a construct (e.g., self-efficacy 
for managing chronic conditions) indicates that the level of 
one domain (e.g., self-efficacy for managing emotions) can 
also provide information about the level of another domain 
(e.g., self-efficacy for managing social interaction). Thus, 
simultaneous examination of PROMIS-SE domains might 
help clinicians better understand their patients’ self-efficacy. 

Patients’ self-efficacy profiles can be created based on inter-
actions among domains. Profiles can be used by clinicians to 
develop targeted interventions that might include multiple 
strategies across domains. For instance, in education, stu-
dent mathematics profiles for the division of fractions can 
help teachers design individually tailored instructional math 
programs by identifying target skills for improvement (e.g., 
ability to convert mixed numbers, multiply fractions) [19].

However, the current PROMIS-SE provides individ-
ual scores for each domain with no possibility of obtain-
ing a global SE profile for managing chronic conditions. 
PROMIS-SE measures that are not in the same metric (i.e., 
they are individually calibrated) do not account for the 
potential influences of interrelated domains. Our previous 
study reported high correlations among all PROMIS-SE 
domains, suggesting individuals’ responses to a particu-
lar domain (e.g., managing symptoms) are heavily associ-
ated with their responses to another domain (e.g., manag-
ing emotions and social interactions, r > 0.75) [14]. While 
some advantages exist for treating domains as independent 
factors (less computational demands, smaller sample size 
requirement, and simpler outcome interpretation), when the 
correlations are strong among domains, incorporating inter-
actions across domains can result in more accurate estima-
tions [20, 21], in turn, leading to better therapeutic evalua-
tion and planning.

Multidimensional models estimate respondents’ abilities 
or functions based on the premise of having more than one 
conceptually and empirically defined latent construct that 
influences their responses to items on the measure; thus, 
correlations among domains can be integrated into measure 
estimations. In the context of PROMIS-SE, these models 
would allow measures to account for inter-domain corre-
lations in the calibrations while preserving self-efficacy’s 
behavior-specific characteristic (i.e., obtaining scores for 
each domain). Applying a multidimensional model to our 
PROMIS-SE patient data would enable users to (1) obtain 
simultaneous self-efficacy domain estimates that account for 
domain correlations; and (2) create a common metric for 
meaningful comparisons across domains. However, in order 
to apply a multidimensional model to a measure, one must 
first evaluate the assumption that multiple dimensions (i.e., 
factors; latent traits) underlie the item response data matrix. 
This can be evaluated by fitting a multidimensional model 
that evaluates model fit to the data.

Therefore, the purpose of the study is to (1) investigate 
current domain metric discrepancies in PROMIS-SE; (2) 
test the PROMIS-SE’s multidimensional model fit; and 
(3) examine PROMIS-SE domain and item psychomet-
ric properties under a multidimensional framework. This 
study is part of a larger study that employs a multidimen-
sional model to develop patient self-efficacy profiles con-
currently across domains. Our two subsequent manuscripts 



1597Quality of Life Research (2019) 28:1595–1603 

1 3

use patient responses to demonstrate the feasibility of 
using a multidimensional model to estimate patient self-
efficacy for managing chronic conditions.

Methods

Data collection

A total of 1087 patients were recruited from two sites. 
Patients were recruited from a clinical practice at the 
University of Maryland Neurology Ambulatory Center 
(n = 837), and a national online recruitment company 
n = 250; (see op4g.com for more detail). Patients recruited 
from the University of Maryland Neurology Ambula-
tory Center had chronic neurologic conditions, whereas 
patients recruited from Op4G had general chronic condi-
tions. Recruited patient participation was from April 2013 
to April 2014 at the University of Maryland Neurology 
Ambulatory Center and from August to September 2013 
from online recruitment.

Inclusion criteria for participants at the University of 
Maryland Neurology Ambulatory Center (treated by neu-
rologists) were the following: 18 years of age or older, 
resided in the community, and diagnosed with one of the 
following chronic conditions: epilepsy, multiple sclerosis, 
Parkinson’s disease, peripheral neuropathy, and stroke. 
Patients with cognitive impairment (i.e., scored below 20 
on the Montreal Cognitive Assessment), inability to give 
informed consent, severe or unstable medical conditions, 
pregnant women, prisoners, and institutionalized patients 
were excluded from the sample at the University of Mary-
land Neurology Ambulatory Center.

For online recruitment, participants were randomly 
selected from approximately 250,000 Op4G subjects. The 
selected subjects completed web-based surveys using their 
personal devices. Inclusion criteria for the online sample 
were (1) 18 years of age or older, (2) community residence, 
and (3) having one of the following general chronic condi-
tions: coronary artery disease, heart failure or congestive 
heart failure, heart attack (myocardial infarction), stroke or 
transient ischemic attack (TIA), liver disease, hepatitis, or 
cirrhosis, kidney disease, arthritis or rheumatism, asthma, 
chronic obstructive pulmonary disease (COPD), chronic 
bronchitis or emphysema, migraines or severe headaches, 
diabetes or high blood sugar or sugar in your urine, can-
cer (other than non-melanoma skin cancer), HIV or AIDS, 
spinal cord injury, multiple sclerosis, Parkinson’s disease, 
neuropathy, or epilepsy. Participants were eligible for the 
study as long as they had at least one of the conditions listed 
above; additional health conditions (other than those listed) 
were allowed.

PROMIS‑SE

The PROMIS-SE has three test forms (Computerized Adap-
tive Test (CAT), eight-item and four-item short forms) and 
five behavioral domains (daily activities (DA), Emotions 
(EM), medications and treatments (MT), social interactions 
(SS), and Symptoms (SX)). Test forms were created using 
domain-specific item banks. The five item banks included 
a total of 137 items (DA-35 items, EM-25 items, MT-26 
items, SS-23 items, and SX-28 items). With CAT, individual 
item responses determine the selection of subsequent items 
from the item bank. Respondents are required to answer a 
minimum number of four and a maximum number of 12 
items to obtain scores for each PROMIS-SE domain. The 
CAT stops when it reaches a standard error (of an estimated 
score) below 0.3 or the maximum number of administered 
items (i.e., 12). Short form items were selected based on 
item discrimination, item difficulty, and local independence 
from each domain item bank. The structural model for the 
original PROMIS-SE is illustrated in Fig. 1.

Our previous article reported that patient scores from 
two PROMIS-SE short forms were highly correlated with 
results using item banks (r > 0.85 for four-item and r > 0.90 
for eight-item forms) [14]. Lists of items are provided in 
Online Appendix. Our previous article also reported that 
none of the items in our five item banks had sufficient dif-
ferential item functioning (McFadden’s pseudo R2 > 10%) 
to bias item estimates by age (under 65/over 65 years old), 
gender (male/female), race (white/non-white), or data source 
(the University of Maryland Neurology Ambulatory Center 
vs Op4G) [14].

All final patient scores are estimated based on the Item 
Response Theory (IRT) Graded Response Model (GRM). 
GRM links items to a latent construct. In our analysis, 
GRM links items to each PROMIS-SE domain (i.e., DA, 
EM, MT, SS, or SX). All calibrations were conducted sep-
arately for each domain, and all results were provided as 
T-scores (centered at 50 with a standard deviation of ten). 
These T-scores are standardized based on the distribution 
of our clinical sample and will be referred to as  Tclin-scores 
hereafter. Higher scores indicate higher levels of self-effi-
cacy for the particular domain. CAT directly provides users 
with  Tclin-scores, but for short forms, scoring conversion 
tables should be used to convert the summated raw scores 
to  Tclin-scores. Scoring tables are provided in the PROMIS 
website (http://www.healt hmeas ures.net/image s/promi s/
manua ls/PROMI S_Self_Effic acy_Scori ng_Manua l.pdf).

Statistical data analysis

For descriptive statistics, PROMIS-SE’s  Tclin-score ranges 
and distributions were examined to identify domain discrep-
ancies across item banks and four-item and eight-item short 

http://www.healthmeasures.net/images/promis/manuals/PROMIS_Self_Efficacy_Scoring_Manual.pdf
http://www.healthmeasures.net/images/promis/manuals/PROMIS_Self_Efficacy_Scoring_Manual.pdf
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forms. In addition, a frequency analysis of item ratings was 
conducted to compare percentages for each item rating (i.e., 
total response numbers for each item rating/total response 
number) to investigate response patterns across PROMIS-
SE domains.

The multidimensionality of the PROMIS-SE was tested 
using confirmatory factor analysis (CFA) for the item banks 
and the four-item and eight-item short forms (see Fig. 2) 
with the following criteria for fit-statistics: RMSEA (< 0.06 
good, < 0.08 acceptable), CFI and TLI (> 0.95 good, > 0.90 
acceptable), and SRMR (< 0.05 good, < 0.08 acceptable) 
[22]. Weighted least square mean and variance (WLSMV) 
was used as the estimator to accommodate the Likert 
responses of PROMIS-SE, and to maximize the efficiency of 
the measure, we used pairwise deletion. We also examined 
domain correlations, item factor loadings, and R-squares 
under a multidimensional model for PROMIS-SE item 
banks. For statistical analyses, R version 3.4.3, R studio 
version 1.1.414, and R packages (lavaan, dplyr, tidyr, and 
ggplot2) were used.

Results

Demographics

On average, participants had 3.8 chronic conditions. The 
top five commonly shared chronic conditions were hyper-
tension (40%), arthritis or rheumatism (33%), depression 
(33%), anxiety (29%), and migraines or severe headaches 
(26%). Table 1 provides the prevalence for 25 chronic condi-
tions. The mean age of the sample population was 53.6 years 
old (SD = 14.7). The proportion of gender was 42.1% for 
male and 55.1% for female participants (2.8% missing data). 
Please see Hong et al. [15] and Gruber-Baldini et al. [14] for 
additional demographic information.

Descriptive statistics

Our results indicate that the PROMIS-SE  Tclin-score ranges 
had inconsistent patterns across the five domains. While 

Fig. 1  PROMIS structural models

Fig. 2  Hypothesized PROMIS structural models
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PROMIS-SE EM had the highest (least negatively skewed) 
 Tclin-scores (69, 65, and 63), MT had the lowest (most nega-
tively skewed)  Tclin-scores (13, 19, and 22) for item banks, 
eight-item short forms, and four-item short forms, respec-
tively. Overall,  Tclin-scores ranged from 13 to 69 for item 
banks, from 19 to 65 for eight-item short forms, and from 
22 to 63 for four-item short forms. The average ranges of 
 Tclin-scores were 51.2, 41.4, and 36.8 for item banks, eight-
item short forms, and four-item short forms. Table 2 pro-
vides PROMIS-SE  Tclin-score ranges and Fig. 3 illustrates 
 Tclin-score distributions for PROMIS-SE domains.

Frequency analyses identified that patients were more 
inclined to report higher self-efficacy ratings for DA, MT, 
and SS as compared to EM and SX. The most frequently 
reported rating was “very confident” for all domains, and 
for three domains (DA, MT and SS), “very confident” had 
higher than 50% of the total responses. The percentage dif-
ference between the most and the second most frequently 
reported ratings (“very confident” and “quite confident”) 
were 48.24%, 45.30%, and 37.10% for DA, MT, and SS, 
whereas they were 6.76% and 14.19% for EM and SX, 
respectively. Figure 4 demonstrates the response frequen-
cies for each rating for each PROMIS-SE domain.

Confirmatory factor analysis

Out of 148,919 (1087 respondents with 137 items) responses, 
a total of 147,859 (1,060 missing, < 0.01%) responses were 
used for the analysis. CFA confirmed that the multidimen-
sional model adequately fit item banks and two short forms. 
Corresponding fit indices for item banks, eight-item forms, 
and four-item forms were RMSEA (0.045, 0.069, and 0.070), 
CFI (00.911, 0.952, and 0.976), TLI (0.909, 0.949, and 
0.972), and SRMR (0.061, 0.051, and 0.037), respectively. 
Overall, all domains also demonstrated high correlations 
under the multidimensional model (r > 0.652). PROMIS-SE 
EM and SX domains showed the highest correlations among 
all bivariate combinations (r = 0.788), closely followed by 
SX and SS (r = 0.783) and MT and SS (r = 0.782). Please 
see Table 3 for additional domain correlations. Moreover, 
all items highly or moderately loaded on their respective 
domains ( λ > 0.675), and equal or larger than 45.6% of the 
variance of all items was explained by the model. Online 
Appendix PROMIS-SE Item-Level Information provides 
additional item-level information.

Discussion

This study confirmed that the  Tclin-score ranges and distribu-
tions varied across the five PROMIS-SE domains and that 
a multidimensional model adequately fit the PROMIS-SE. 
Differences in  Tclin-score ranges and distributions verified 
our notion that  Tclin-scores from each PROMIS-SE domain 
should not be compared. Also, adequate fit-statistics for the 
multidimensional model indicated that applying a multidi-
mensional model is viable and recommended for estimating 
multiple domains of PROMIS-SE.

Some might assume that  Tclin-scores can be compared 
across PROMIS-SE domains because  Tclin-scores are 
standardized scores. Standardized scores represent an indi-
vidual’s percentage with respect to a reference population 
(in our case, individuals with chronic conditions). The 
same  Tclin-score, indeed, indicates the same percentage. 

Table 1  Chronic conditions

Chronic conditions Count (%)

High blood pressure (hypertension) 437 (40.2)
Arthritis or rheumatism 362 (33.3)
Depression 358 (32.9)
Anxiety 314 (28.9)
Migraines or severe headaches 284 (26.1)
Neuropathy 258 (23.7)
Sleep disorder 232 (21.3)
Stroke or transient ischemic attack (TIA) 201 (18.5)
Epilepsy 193 (17.8)
Diabetes or high blood sugar or sugar in your urine 187 (17.2)
Multiple sclerosis 183 (16.8)
Asthma 181 (16.7)
Parkinson’s disease 177 (16.3)
Cancer (other than non-melanoma skin cancer) 124 (11.4)
Osteoporosis 118 (10.9)
Chest pain (angina) 99 (9.1)
Hardening of the arteries (coronary artery disease) 61 (5.6)
Chronic lung disease (COPD), chronic bronchitis or 

emphysema
59 (5.4)

Heart attack (myocardial infarction) 52 (4.8)
Spinal cord injury 50 (4.6)
Kidney disease 46 (4.2)
Alcohol or drug problem 38 (3.5)
Heart failure or congestive heart failure 38 (3.5)
Liver disease, hepatitis, or cirrhosis 37 (3.4)
HIV or AIDS 10 (0.9)

Table 2  Tclin-score ranges of PROMIS-SE domains

() indicates the upper and lower limits of  Tclin-scores

Domains Item bank 8-item 4-item

Daily activities 50 (16–65) 38 (24–61) 34 (26–59)
Emotions 51 (19–69) 43 (23–65) 39 (25–63)
Medications and treatments 51 (13–63) 43 (19–61) 37 (22–58)
Social interactions 52 (14–65) 41 (20–60) 36 (23–58)
Symptoms 52 (18–69) 42 (23–64) 38 (25–62)
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However, each domain  Tclin-score was calibrated on 
a different  Tclin-score distribution, resulting in varied 
 Tclin-score ranges, which may cause inaccurate interpreta-
tions of patient self-efficacy. For example, the maximum 
 Tclin-scores for the MT and EM domains of the four-item 
short forms were 58 and 63, sequentially. Different maxi-
mum  Tclin-scores correspond to different portions of the 

population. For instance, responding “very confident” to 
all items on MT (21.19%) and EM (9.68%) may indicate 
that, overall, EM is more difficult than MT for this popula-
tion. When a patient receives a  Tclin-score of 58 on the MT 
and EM domains of the four-item short forms, some might 
interpret that this patient has the same level of self-efficacy 
for MT and EM. However, whether this patient has the 

Fig. 3  Tclin-score distributions of PROMIS-SE item banks (box plot)

Fig. 4  Histogram of ratings for PROMIS-SE domains
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same level of self-efficacy for MT and EM is questionable, 
since the difficulties of the two domains may not remain 
the same. We suggest that  Tclin-score interpretation should 
be done with caution or that practitioners be trained exten-
sively in how to interpret these norm-referenced scores, 
especially when multiple domains are used together (i.e., 
the  Tclin-scores can be compared to see how far away a 
person lies from the average score in standard deviation 
units of that domain scale, but this information should 
not be compared across domains as the average score and 
standard deviation of scores can vary across domains).

Multidimensional psychometric models that take into 
account inter-domain dependencies can be used to avoid 
confusion when comparing  Tclin-score distributions across 
domains. Our results indicate the factor structure for the 
different forms of the PROMIS-SE (the item banks and 
two short forms (four-item and eight-item)) can be con-
sidered multidimensional. This was expected based on the 
high correlations reported in our original study [14]. Of 
note, while our multidimensional model showed satisfac-
tory fit-statistics for all four indices (CFI, TLI, RMSEA, 
and SRMR), in our original study (treating domains as 
independent constructs) not all fit indices were adequate 
[14]. Using a model with better fit-statistics is desired 
because it allows for less biased measurement estimates. 
Fayers [23] reported that multidimensional models are 
more useful when domains have high correlations (as is 
the case with the PROMIS-SE) by allowing users to iden-
tify unusual scoring patterns that are often hidden under a 
unidimensional framework.

Along these lines, health-related items typically represent 
multiple domains and those domains are often highly cor-
related. Chang and Reeve [16] argue that almost all health-
related outcomes are multidimensional. Multidimensional 
IRT (MIRT) models have demonstrated enhanced measure-
ment precision and efficiency for various health-related out-
comes including quality of life, pediatric functional skills, 
depression, anxiety, and global physical health [24–27]. In 
addition to MIRT, other multidimensional models, such as 
the bifactor model, locally dependent unidimensional mod-
els, and diagnostic classification models (DCMs), have also 
been introduced in education and psychology [28, 29].

A MIRT model can provide a patient PROMIS-SE profile 
and an overall set of scores (calculated concurrently across 
domains) (e.g., a profile of 59-50-58-50-50 for DA, EM, 
MT, SS, and SX, respectively). Similarly, multidimensional 
categorical models such as DCMs can provide categorical 
PROMIS-SE profiles (e.g., high-low-high-low-low self-effi-
cacy) for five domains (DA, EM, MT, SS, and SX, respec-
tively), where high/low or other appropriate thresholds 
indicate the level of proficiency. These patient profiles can 
be used to examine common self-efficacy patterns across dif-
ferent demographic groups, such as diagnosis, gender, age, 
and others. Clinical decisions for certain interventions could 
be inferred from patient profile results.

With rapid advances in computational power and the 
development of new software applications, these more 
complicated models, such as MIRT or DCMs, are expected 
to be more frequently applied to health-related constructs. 
Future studies are encouraged to apply these more compli-
cated models and investigate practitioner perceptions of the 
different scoring results.

Our study confirmed the multidimensional nature of the 
PROMIS-SE. Important information about the relationship 
among domains that might lead to improvements in self-
efficacy can be obtained when applying a multidimensional 
model. Clinicians can use this information to customize 
treatment and provide interventions that target the most 
appropriate items across domains to improve a patients’ 
self-efficacy to manage their chronic condition. Other 
patient-reported outcome measures might face similar chal-
lenges. For example, we might expect measures such as the 
PROMIS depression and anxiety scales to be highly corre-
lated. We suggest future studies to apply multidimensional 
models (e.g., Multidimensional IRT, Diagnostic Classifica-
tion Modeling) to other health-related measures and further 
investigate the clinical utility of the measures from the clini-
cians’ and patients’ perspectives.
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Development and Validation of a Self–Efficacy Item Bank (Grant No. 
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study are independent from the funding source. The fully developed 

Table 3  Domain correlations 
under a multidimensional model

a Indicates medications and treatments
b Indicates social interactions

Domains Daily activities Emotions Medicationa Socialb Symptoms

Daily activity 0.652 0.729 0.652 0.723
Emotion 0.652 0.709 0.755 0.788
Medication 0.729 0.709 0.782 0.754
Social 0.652 0.755 0.782 0.783
Symptom 0.723 0.788 0.754 0.783
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measures of self-efficacy for self-management of chronic diseases can 
be found at http://www.healt hmeas ures.net/.
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