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Abstract

Purpose The study purposes were to mathematically link

scores of the Brief Pain Inventory Pain Interference Sub-

scale and the Short Form-36 Bodily Pain Subscale (legacy

pain interference measures) to the NIH Patient-Reported

Outcome Measurement Information System (PROMIS�)

Pain Interference (PROMIS-PI) metric and evaluate

results.

Methods Linking was accomplished using both equiper-

centile and item response theory (IRT) methods. Item pa-

rameters for legacy items were estimated on the PROMIS-

PI metric to allow for pattern scoring. Crosswalk tables

also were developed that associated raw scores (summed or

average) on legacy measures to PROMIS-PI scores. For

each linking strategy, participants’ actual PROMIS-PI

scores were compared to those predicted based on their

legacy scores. To assess the impact of different sample

sizes, we conducted random resampling with replacement

across 10,000 replications with sample sizes of n = 25, 50,

and 75.

Results Analyses supported the assumption that all three

scales were measuring similar constructs. IRT methods

produced marginally better results than equipercentile

linking. Accuracy of the links was substantially affected by

sample size.

Conclusions The linking tools (crosswalks and item pa-

rameter estimates) developed in this study are robust

methods for estimating the PROMIS-PI scores of samples

based on legacy measures. We recommend using pattern

scoring for users who have the necessary software and

score crosswalks for those who do not.

Keywords Pain � Pain measurement � Patient outcome

assessment � Psychometric methods/scaling � Item response

theory � Instrument calibration/equivalency among scales

Introduction

The Pain Taxonomy of the International Association for

the Study of Pain defines pain as an ‘‘unpleasant sensory

and emotional experience associated with actual or po-

tential tissue damage, or described in terms of such dam-

age’’ [1]. Unrelieved pain is recognized as ‘‘a major global

healthcare problem’’ [2]. A common symptom of many

chronic conditions, pain is not only highly prevalent [3],

but it exacts a substantial toll on quality of life by inter-

fering with mental, physical, and social activities [4–7].

Because of its prevalence, impact, and relevance to pa-

tients, pain is increasingly used as a primary or secondary

outcome in clinical trials [8].

A plethora of measures of pain are in use, complicating

comparisons across studies. In response, researchers have

used linking methodologies to create crosswalk tables that

associate scores from one pain measure to the corre-

sponding scores of another. In a sample of older adults,

Edelen and Saliba [9] linked scores from a 0–10 pain in-

tensity item to verbal descriptors of pain. Using a sample of

individuals living with multiple sclerosis, Askew et al. [10]

associated scores from the Brief Pain Inventory Pain In-

terference (BPI-PI) Subscale [11] to the metric of the Pa-

tient-Reported Outcomes Measurement Information

System (PROMIS) Pain Interference (PROMIS-PI) metric.

& Karon F. Cook

karon.cook@northwestern.edu

1 Department of Medical Social Sciences, Northwestern

University Feinberg School of Medicine, 625 Michigan Ave,

27th Floor, Chicago, IL, USA

123

Qual Life Res (2015) 24:2305–2318

DOI 10.1007/s11136-015-0987-6

http://crossmark.crossref.org/dialog/?doi=10.1007/s11136-015-0987-6&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s11136-015-0987-6&amp;domain=pdf


A shortcoming of these studies is that they were completed

using narrow demographic and clinical subsamples and

applied a single linking methodology. The purpose of the

current study was to link scores of the BPI-PI [11] and SF-

36 Bodily Pain (SF36-BP) Subscale [12] to the PROMIS-

PI metric. We tested the robustness of the linkings by

comparing results across multiple linking strategies and

recommended the best-performing methods for linking

scores to the PROMIS-PI T-score metric. Additionally, we

compared the results we obtained linking BPI-PI scores to

the PROMIS-PI metric to results obtained by Askew and

colleagues, whose data were limited to individuals living

with MS [10].

This study is part of a larger body of work aimed to

produce multiple PRO crosswalks that link similar instru-

ments to a common metric, creating a Rosetta Stone link-

age (PROsetta Stone�; 1RC4CA157236-01, PI: David

Cella). The primary aim of the PROsetta Stone� project

was to link the scores of ‘‘legacy measures’’ to PROMIS’

score metric. The PROMIS metric uses the T-score metric,

which has a mean of 50 and a standard deviation of 10. The

metric is anchored at the mean of a sample matched to the

2000 US general population census with respect to mar-

ginal distributions for gender, age, race/ethnicity, educa-

tion, marital status, and income [13]. The centering of the

metric to the US general population creates a convenient

interpretive context for scores. For example, a person re-

ceiving a PROMIS-PI T-score of 60 can be interpreted as

having worse pain, by 1 SD, compared to the US ‘‘aver-

age.’’ Though the general population norms are embedded

within the PROMIS metric, norms for subpopulations also

can be generated [14, 15].

Methods

Measures

PROMIS Pain Interference

Measures of pain interference quantify the impact of pain

on a wide range of life activities including social function,

physical function, work, recreation, leisure, family roles,

activities of daily living, and sleep. The PROMIS Pain

Interference item bank consists of 41 items with a 7-day

time frame. It uses a 5-point rating scale (1—‘‘not at all’’ to

5—‘‘very much’’), with higher scores indicating more pain

interference. Details of the development of the bank and its

psychometric evaluation have been published [16]. Briefly,

a database of items was created that included published

items and items written based on feedback from patients.

BPI and SF36-BP items were included in the database but

not included in the candidate item bank because they are

proprietary measures and because their response scales are

inconsistent with those selected for PROMIS items. Can-

didate items were evaluated based on patient interviews

and review by clinical experts in pain. Item responses were

calibrated using the graded response model [17], an item

response theory (IRT) model appropriate for modeling item

responses that have more than two ordered response cate-

gories. Tests of model fit, differential item function, pre-

cision, and validity were conducted, and the item bank was

reduced on the basis of the results. Findings supported the

psychometric soundness of the item bank. Calculation of

trait-level-specific test information indicated reliability

greater than 0.95 for all levels of pain interference except

for extremely low levels. Correlations with scores of other

measures supported the concurrent validity of PROMIS-PI

scores (e.g., 0.78 with BPI; 0.73 with SF-36 BP) and their

discriminant validity (e.g., 0.48, 0.35, and 0.33 with scores

on PROMIS measures of fatigue, anxiety, and depression,

respectively) [16]. The content and response options of all

PROMIS items and items of other measures are reported in

‘‘Appendix 1.’’

Brief Pain Inventory Pain Interference Subscale

Substantial evidence has accumulated for both the re-

liability and validity of the BPI [11, 18, 19]. For example,

the BPI-PI has been found to correlate highly with the

WHO Disability Assessment Schedule 2.0 (0.69–0.81,

from 1 to 12 months) [20], to discriminate between re-

current and non-fallers (sensitivity = 84.4 % and speci-

ficity = 57.8 % with a cutoff score of 4.6) [21], and to

have good inter-item consistency (alpha = 0.89) and re-

sponsiveness (standardized response mean = 0.91) [22].

The measure has been used in a substantial range of dis-

eases and conditions and has been translated into many

languages [23]. Developed using traditional methods, the

BPI produces pain severity and pain interference scores

that range from 0 to 10, with higher scores indicating worse

pain. The interference subscale, BPI-PI, consists of seven

items scored on an 11-point response scale that ranges from

0 = ‘‘no interference’’ to 10 = ‘‘complete interference’’

(see ‘‘Appendix 1’’). Scores are computed as the sum of all

item responses (range 0–70). The context for the items is

‘‘average pain’’ over the past week.

Short Form 36 (SF-36) Bodily Pain Subscale

The SF-36 is a 36-item health survey comprised of eight

subscales measuring functional health and well-being [24].

By 2000, the SF-36 had been cited in more than 1000

publications [25]; its psychometric properties have been

evaluated across many diseases and conditions [26].

Among the eight SF-36 subscales is the Bodily Pain
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Subscale (SF-36 BP), which consists of two items:

(a) ‘‘How much bodily pain have you had in the past

4 weeks?’’ and (b) ‘‘during the past 4 weeks, how much

did pain interfere with your normal work (including both

work outside the home and housework)?’’ The first item is

scored from 1—‘‘None’’ to 6—‘‘Very severe’’, and the

second is scored from 1—‘‘Not at all’’ to 5—‘‘Extremely’’

(see ‘‘Appendix 1’’). For the current study, we scored the

SF36-BP as the sum of the raw item scores, resulting in a

range of 2–11.

Samples

Data for use in the PROsetta linking studies came primarily

from secondary data sources. For some linking projects,

new data were collected. For the current study, only data

collected for calibration of the first PROMIS item banks

were used [16]. The PROMIS sample was recruited from

the US general population by internet panel survey provi-

ders and from clinical populations by individual PROMIS

investigators. In the PROMIS data collection strategy, a

subsample of participants responded to every candidate

item of a PROMIS measure as well as to all items of one or

more ‘‘legacy instruments’’ that measured the same or a

similar domain. Individuals who responded to the PRO-

MIS-PI candidate items also completed the BPI-PI and the

SF-36 BP.

After evaluating the candidate PROMIS-PI items, 41

were retained for the calibrated bank [16]. For the current

study, we have included in each linking sample only data

from persons who completed all 41 of these items and all

the items of the respective linked scales (BPI-PI and SF-36

BP).

Analyses

Assumption tests

Details of the PROsetta analytic strategy have been pub-

lished [27]. The approach begins by testing several linking

assumptions. One of the assumptions is that scores from the

measures to be linked are strongly associated. We

evaluated this assumption using correlational analyses.

Dorans recommended a threshold r C 0.86 between scores

on two measures as indicating strong enough association

for scale linking [27]. We also calculated the item-to-total

correlations (adjusted for overlap) for the combined set of

PROMIS and legacy items.

A second linking assumption is that scores on the scales

to be linked measure the same (or very similar) constructs.

This is also an assumption for employing some of the

linking methods used in the study, i.e., those requiring

calibration to an IRT model, specifically, the graded

response model [17]. Unidimensionality of the data was

evaluated using confirmatory and exploratory factor ana-

lyses on combined item response data (PROMIS-PI and

linked scale items). In confirmatory factor analyses (CFA),

all items of the PROMIS-PI and the legacy instrument were

modeled as loading on a single factor. These analyses were

conducted using the WLSMV estimator of MPlus [28].

Because MPlus allows a maximum of ten response cate-

gories per item, BPI-PI responses (0–10) had to be recoded

from eleven possible responses to ten. This was accom-

plished by collapsing the top two response categories (9

and 10) into a single category. Polychoric correlations were

used to account for the ordinal nature of the data. We

calculated fit statistics to help quantify the fit of a unidi-

mensional model, including the Comparative Fit Index

(CFI), the Tucker Lewis Index (TLI), and the root mean

square error of approximation (RMSEA). A number of

criteria have been proffered for classifying degrees of

model fit based on these statistics. There is no general

consensus regarding these criteria, and in fact, recom-

mendations often are misstated [29]. Further, fit statistics

can be influenced substantially by extraneous factors [30,

31]. For our purposes, we used the following criteria:

RMSEA\ 0.08 [32], TLI[ 0.95, and CFI[ 0.95 [33,

34]. We acknowledge the limitations of such standards; we

applied them as informative guides for judging the relative

unidimensionality of item responses and not as canonical

benchmarks.

We also estimated omega hierarchical (xh), the pro-

portion of total variance attributable to a general factor [35,

36], using the psych package [37] in R (version 1.2.8) [38].

This was accomplished using a bifactor model [39–41].

The bifactor model method estimates xh from the general

factor loadings derived from an exploratory factor analysis

and a Schmid–Leiman transformation. Values of 0.70 or

higher for xh suggest that the item set is sufficiently uni-

dimensional for most applications of unidimensional IRT

models [41]. In addition, we calculated explained common

variance (ECV), the ratio of the common variance ex-

plained by the general factor to the total common variance,

using version 1.5.1 of the psych package [42] in R. The

ECV estimates the relative strength of a general factor

compared to group factors. Reise recommended ECV

values C0.60 as a tentative benchmark.

In addition to unidimensionality, IRT calibrations as-

sume local independence. Local independence is the as-

sumption that, once the dominant factor is accounted for,

there should be no significant associations among item

responses [43]. Because the linked scales had similar

content, there was concern that there could be local de-

pendency between item pairs comprised of a PROMIS item

and an item of one of the linked scales. We tested for this

inter-scale, local dependency in two ways. We estimated a
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unidimensional confirmatory factor analysis model and

then flagged pairs of items with residual correlations

[0.20. In addition, we calculated the LD statistic [44].

Described earlier for dichotomous responses, the LD

statistic was generalized for polytomous responses in

IRTPRO [45]. LD statistics C10 may indicate problematic

local dependency.

To further explore the strength of the relationship be-

tween PROMIS scores and scores on legacy measures, we

evaluated invariance across subpopulations by calculating

the root expected mean square differences (REMSDs) for

subsamples. REMSD is estimated by subtracting stan-

dardized mean differences for two subgroups. Scores were

categorized by gender and by age (\65 and C65 years).

Dorans and Holland [46] suggested that, when less than

8 % of the total variance is explained by differences in

subpopulations, invariance is supported.

Cross-method comparisons

Applying different analytic strategies is an effective way to

test the sensitivity of results to linking method [47]. In the

current study, two families of methods were used—e-

quipercentile linking [47, 48] and IRT linking. Within each

family of links, we conducted several variations. Good

agreement among results of these methods was judged as

indicating a robust linking relationship.

In equipercentile linking, a nonlinear linking relation-

ship is estimated that matches scores from two linked

scales based on their percentile ranks. For example, the

median BPI-PI score for the sample would be associated

with the PROMIS-PI median score for the same sample. By

matching across percentile ranks, a best fitting function is

derived. The equipercentile linking was conducted using

the LEGS program [49]. To reduce the impact of random

sampling error [47, 49, 50], equipercentile linking can be

conducted in conjunction with a pre- or post-smoothing

method. Pre-smoothing involves smoothing the observed

score distributions from the two measures to be linked,

prior to their linking; post-smoothing involves smoothing

the equipercentile equating function that is a product of the

unsmoothed observed score distributions. In the current

study, we applied the LEGS cubic-spline post-smoothing

algorithm with which a smoothing cubic-spline function is

fit to the obtained equipercentile equating function, with

the degree of smoothing to be conducted set by a

smoothing parameter ‘‘s’’ [51]. Setting ‘‘s’’ to 0.0 creates a

‘‘no smoothing’’ condition, while ‘‘s’’ settings of 0.3 and

1.0 represent ‘‘less’’ and ‘‘more’’ smoothing, as defined by

Brennan [49]. For the current study, we compared results

based on three smoothing conditions: 0.0, 0.3, and 1.0.

With this algorithm, linear interpolation is used to deter-

mine score equivalents for some extreme high and low

scores for which the smoothing cubic-spline function

cannot be computed [51].

When scale data met IRT assumptions, we also used

‘‘fixed-parameter calibration.’’ The items for each legacy

scale were combined with the PROMIS-PI items (PRO-

MIS-PI ? BPI-PI; PROMIS-PI ? SF36-BP). These com-

bined item pools were calibrated in single runs with

PROMIS-PI item parameters fixed at their previously

published values [16]. This approach produces parameter

estimates for the items of the legacy scale that are on the

same metric as PROMIS-PI scores. In IRT, scores can be

estimated using any subset of items (the basis for computer

adaptive testing). Using the item parameters obtained for

the legacy instruments, we estimated PROMIS-PI scores

based only on individuals’ patterns of responses to legacy

instrument items, hereafter referred to as ‘‘IRT pattern

scoring.’’ IRT pattern scoring requires users to have item-

level data and software that can derive score estimates

based on input item responses and item parameters.

We also constructed ‘‘crosswalks’’ to associate summed

item scores on legacy measures to their most closely as-

sociated PROMIS T-scores, basing the association on the

established IRT calibrations. This was accomplished by

applying an expected a posteriori (EAP) summed scoring

approach, which takes into account the fact that more than

one response pattern can result in a given summed (or

average) score. For example, there are many response

patterns that would result in a score of ‘‘6’’ on the SF-36

BP including: an item score of ‘‘3’’ on both items; a score

of ‘‘4’’ on one item and ‘‘2’’ on another; and the unlikely

pattern of ‘‘5’’ on one item and ‘‘1’’ on another. Though all

these patterns result in the same summed score, they would

each have a different IRT-scaled score. Summed score

EAP (SSEAP) weights the likelihood of the different re-

sponse patterns for a given summed (or averaged) score

and identifies its mean IRT-scaled score [52]. EAP sum-

med scoring was used in the current study, and the results

were tabulated into a crosswalk table. Hereafter, we refer to

these results as ‘‘IRT crosswalk.’’

Sample size comparisons

From each linking, we obtained predicted PROMIS-PI

scores based on each of the legacy instruments. In addition,

we had actual PROMIS-PI scores from all participants. The

accuracy of each linking method was evaluated by esti-

mating correlations between actual and predicted scores

and calculating the means and standard deviations of dif-

ferences in scores. To evaluate bias, estimate a standard

error, and assess the impact of different sample sizes, we

conducted random resampling with replacement across

10,000 replications with sample sizes of n = 25, 50, and

75. The mean of the difference scores (PROMIS-PI
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observed score minus link-predicted PROMIS-PI score)

was computed for each replication. The mean of the

replication means and their standard deviations were used

as estimates of bias and empirical standard error, respec-

tively. After reviewing the results across linking methods, a

recommended link was chosen, and crosswalk tables were

constructed that associated summed scores on the BPI-PI

and the SF36-BP with PROMIS-PI T-scores. Finally, the

results from the BPI-PI crosswalk were compared to the

crosswalk constructed by Askew and colleagues, which

was also based on the fixed item parameter linking of the

BPI-PI but used a more homogenous sample (individuals

living with MS) and was based on a PROMIS-PI short form

[10].

Results

Samples

The numbers of respondents in the samples used to link

SF36-BP and BPI-PI scores to the PROMIS metric were

694 and 736, respectively. All participants answered the

PROMIS items. Those answering the other two measures

were not unique samples, and in fact, the SF36-BP sample

was a subsample of the BPI-PI sample. Table 1 presents

sample demographics by linking sample. As the table

shows, there were more female than male respondents in

the data sets (53.4–53.9 %). Respondents were pre-

dominately white (80.6–81.3 %) and most (82.8–82.9 %)

had at least some college.

Assumption tests

Linking assumptions

Inspection of item content revealed substantial overlap

among PROMIS-PI and pain legacy measures. The seven

items of the BPI-PI ask about the impact of pain ‘‘during

the past week’’ on general activity, mood, walking ability,

normal work (includes work outside the home and house-

work), relations with other people, sleep, and enjoyment of

life. In the PROMIS-PI item bank, there are analogous

items that target each of these areas. For example, items in

the PROMIS-PI bank ask about the impact of pain on ‘‘day

to day activities,’’ walking, working, socializing, relation-

ships, sleeping, and enjoyment of life. In addition, PRO-

MIS-PI items ask about how much (or how often)

respondents were tense, worried, or ‘‘felt depressed’’ be-

cause of pain. The SF36-BP subscale has an item about

interference with work in and outside the home. As already

noted, a similar item is included in both the PROMIS-PI

and the BPI-PI. The other item of the SF36-BP is an

intensity item, ‘‘How much bodily pain have you had in the

past 4 weeks?’’ Though PROMIS and the BPI measure

pain intensity using different scales, pain intensity and pain

interference are strongly correlated pain domains [53].

Table 2 provides item and scale score correlations for

the PROMIS-PI, the two legacy scales, and the combined

PROMIS and legacy scale items. The unadjusted correla-

tions between PROMIS-PI T-scores and legacy instrument

scores were above (BPI-PI: r = 0.93) or just slightly below

(SF36-BP: r = 0.84) Dorans’ recommended threshold

(r C 0.86). [54]. Item-to-total correlation estimates (ad-

justed for overlap) were high for the 41 PROMIS-PI items

alone (range 0.59–0.89) and when combined with legacy

items (range 0.59–0.90).

Table 1 Demographics by sample

Variable Brief Pain

Inventory Pain

Interference

(n = 736)

Short Form-36

Body Pain

(n = 694)

Age 50.1 (18.46) 50.1 (18.58)

Gender

Male 339 (46.1) 323 (46.5)

Female 397 (53.9) 371 (53.4)

Marital status

Never married 135 (18.3) 130 (18.7)

Married 412 (55.9) 384 (55.3)

Co-resident with partner 61 (8.3) 60 (8.7)

Separated 9 (1.2) 8 (1.2)

Divorced 85 (11.6) 79 (11.4)

Widowed 34 (4.6) 33 (4.8)

Education

Eighth grade 2 (0.27) 1 (0.14)

Some high school 15 (2.0) 13 (1.8)

High school grade/GED 110 (14.9) 105 (15.1)

Some college 241 (32.8) 226 (32.6)

College degree 214 (29.1) 202 (29.1)

Advanced degree 154 (20.9) 147 (21.2)

Income

Less than $20,000 69 (9.6) 61 (9.0)

Between $20k and $50k 253 (35.3) 239 (35.4)

Between $50k and $100k 279 (38.9) 270 (39.9)

$100k or more 116 (16.2) 106 (15.7)

Race

White 593 (80.6) 564 (81.3)

Black 62 (8.4) 54 (7.8)

Asian 3 (0.41) 3 (0.43)

Native American 3 (0.41) 3 (0.43)

Pacific Islander 2 (0.27) 1 (0.14)

Other 38 (5.2) 37 (5.3)

Multiracial 35 (4.8) 32 (4.6)
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IRT assumptions

Results relevant to tests of dimensionality are included in

Table 2. For the combined item sets of PROMIS and legacy

items, CFA fit statistics ranged from adequate to very good,

depending on the fit statistic referenced (see Table 2). The

combined PROMIS-PI and BPI-PI (48 items) fit values

were: CFI = 0.951, TLI = 0.948, and RMSEA = 0.093.

For PROMIS and SF36-BP (43 items), fit values were:

CFI = 0.97, TLI = 0.97, and RMSEA = 0.081. These re-

sults suggest essential unidimensional data-model fit. High

values of xh estimates, 0.83 and 0.84 for BPI-PI and SF36-

BP, respectively, suggest the presence of a dominant general

factor for each instrument pair [55]. ECV values also were

high at 0.76 and 0.78 for BPI-PI and SF36-BP items com-

bined with PROMIS-PI items, respectively.

We also tested for local dependence between pairs of

items representing PROMIS and linked scale items. This

analysis was conducted with both combined items sets—

the 41 PROMIS-PI items combined with the two SF36-BP

items and the 41 PROMIS-PI items combined with the

seven BPI-PI items. No cross-scale item pair had residual

correlations exceeding 0.20, nor did any have an LD Chi-

square statistic value C10.0.

Low REMSD values confirmed invariance of scores

across gender and age subgroups. For the BPI-PI and SF36-

BP, gender differences accounted for 0.6 and 0.2 % of the

variance, respectively. Age accounted for 3.9 and 1.6 % of

the variance in BPI-PI and SF36-BP scores, respectively.

These values are well below the recommended cutoff of

B8 % recommended by Dorans and Holland [46].

Accuracy comparisons

Comparison of linking methods Table 3 presents the results

from our comparisons between linked scores and actual

PROMIS T-scores. The method labeled ‘‘IRT pattern

scoring’’ refers to IRT scoring based on item parameter

estimates and the pattern of responses given by individuals

to those items; it requires a software program and use of the

item parameter estimates included in the appendices. The

appendices report legacy instrument item parameters as

obtained from the fixed-parameter IRT calibrations.

IRT pattern scoring and crosswalk scoring provided the

most successful links between BPI-PI and PROMIS-PI

scales (Table 3). The correlations between linked and actual

scores were[0.90 for all methods, but the IRT pattern score

resulted in the smallest mean differences in scores. How-

ever, both IRT links and all three equipercentile links also

produced good results, with RMSD values around 4. The

linkings between SF36-BP and PROMIS-PI were slightly

less successful than those for the BPI-PI. For example,

correlations between BPI-PI linked and actual PROMIS-PI

scores were approximately 0.90 for all methods, compared

to approximately 0.85 for SF36-BP linked scores. Com-

parison of the SF36-BP linking strategies also revealed

differences. The IRT methods produced the most highly

correlated results, the lowest RMSD values, and the least

variation in difference scores (SD difference). Smoothing

tended to reduce the accuracy of the equipercentile links.

This may be because short form scores have few possible

values, thus increasing the impact of smoothing.

The crosswalks for both legacy pain instruments are

displayed in the appendices. BPI-PI summed scores

(‘‘Appendix 1’’) and SF36-BP raw summed scores (‘‘Ap-

pendix 2’’), along with their corresponding PROMIS T-s-

cores, are presented. Standard errors associated with the

scaled scores also are reported.

Impact of sample size To evaluate the impact of sample

size on linked score estimates, we conducted random re-

sampling with replacement across 10,000 replications with

sample sizes of n = 25, 50, and 75. The findings are pre-

sented in Table 4. Recall that the mean differences re-

ported in the tables are calculated by first computing the

Table 2 Correlational and dimensionality analysis results

PROMIS-PI BPI-PI PROMIS-PI ? BPI-PI SF36-BP PROMIS-PI ? SF36-BP

Correlational analyses

Cronbach’s alpha 0.99 0.95 0.98 0.82 0.99

Item-to-total r (corrected for overlap) 0.61–0.89 0.61–0.89 0.61–0.89 0.71–0.71 0.59–0.90

Unadjusted Pearson correlation

with PROMIS-PI

0.93 0.84

Disattenuated Pearson correlation

with PROMIS-PI

0.96 0.93

CFA

Omega hierarchical (xh) 0.83

CFI 0.97 0.97

TLI 0.97 0.97

RMSEA 0.082 0.081
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mean difference within each of the 10,000 samples for a

given sample size. Next, the mean of these means was

calculated. The results reported in Table 4 center on the

‘‘mean differences’’ for each sample size condition. As

expected, accuracy of linked scores was better for larger

sample sizes. The bigger gain in accuracy was for a sample

size increase from n = 25–50 (compared to the increase

from n = 50–75). The distribution of mean differences

indicated little bias (\1 T-score unit for all sample sizes, all

methods, and both scales).

Of greater relevance to future use of the linking results is

the variability of results by linking method obtained across

the 10,000 replications with different sample sizes. For the

BPI-PI link, IRT crosswalk scoring resulted in the lowest

empirical standard deviations (e.g., 0.439 for n = 75), fol-

lowed by equipercentile link with the most smoothing (e.g.,

0.439 for n = 75). The trend was slightly different for the

SF36-BP link. For sample sizes of n = 75, the standard

deviations were lowest for IRT pattern scoring and next

lowest for IRT crosswalk scores. Note that these standard

errors can be used to create confidence intervals around

linking results. That is, if the PROsetta Stone crosswalk

tables were used to estimate PROMIS-PI scores from BPI-PI

scores, there would be a 95 % probability that the difference

between the mean of this linked PROMIS-PI T-score and the

mean of the actual PROMIS-PI T-score (if obtained) would

be within ±1.53, 1.07, and 0.86 T-score units, respectively,

for samples sizes of n = 25, 50, and 75 (i.e., 1.96 9 SD of

Table 3 Comparison of linking methods

Correlation Mean difference Standard deviation of difference Root mean squared deviation

BPI-PI to PROMIS-PI

IRT pattern scoring 0.904 -0.012 4.014 4.014

IRT crosswalk 0.904 0.188 4.007 4.012

EQP raw-scale SM = 0.0 0.902 0.271 4.120 4.129

EQP raw-scale SM = 0.3 0.903 0.173 4.093 4.096

EQP raw-scale SM = 1.0 0.904 0.120 4.039 4.041

SF36-BP to PROMIS-PI

IRT pattern scoring 0.860 -0.165 4.667 4.668

IRT crosswalk 0.852 -0.132 4.785 4.787

EQP raw-scale SM = 0.0 0.850 -0.095 4.860 4.861

EQP raw-scale SM = 0.3 0.840 0.720 5.445 5.492

EQP raw-scale SM = 1.0 0.836 0.958 5.678 5.759

BPI-PI Brief Pain Inventory Pain Interference, PROMIS-PI Patient-Reported Outcomes Measurement Information System Pain Interference

Scale, SF36-BP Short Form-36 Bodily Pain, IRT item response theory, EAP expected a priori, EQP equipercentile

Table 4 Summary of results from resampling with replacement (10,000 samples per sample size condition)

Samples of 25 Samples of 50 Samples of 75

Mean

differences

Standard deviation

of mean differences

Mean

differences

Standard deviation

of mean differences

Mean

differences

Standard deviation

of mean differences

BPI-PI to PROMIS-PI

IRT pattern scoring -0.004 0.787 -0.010 0.553 -0.013 0.445

IRT crosswalk 0.184 0.792 0.190 0.539 0.188 0.438

EQP raw-scale SM = 0.0 0.264 0.815 0.278 0.570 0.269 0.453

EQP raw-scale SM = 0.3 0.173 0.789 0.180 0.563 0.179 0.450

EQP raw-scale SM = 1.0 0.135 0.795 0.126 0.547 0.119 0.441

SF36-BP to PROMIS-PI

IRT pattern scoring -0.149 0.923 -0.177 0.629 -0.169 0.506

IRT crosswalk -0.144 0.931 -0.127 0.654 -0.123 0.522

EQP raw-scale SM = 0.0 -0.105 0.962 -0.099 0.657 -0.090 0.530

EQP raw-scale SM = 0.3 0.723 1.069 0.707 0.741 0.730 0.602

EQP raw-scale SM = 1.0 0.959 1.131 0.966 0.759 0.962 0.615

BPI-PI Brief Pain Inventory Pain Interference, PROMIS-PI Patient-Reported Outcomes Measurement Information System Pain Interference, SF-

36 Short Form-36 Bodily Pain, IRT item response theory, EQP equipercentile
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mean differences). [For SF36-BP, the values would be: 1.82,

1.28, and 1.02.] These ranges compare favorably with the

estimated minimally clinically important difference for the

PROMIS-PI of 4–6 points [56].

Comparison of BPI-PI link to MS link The results of

Askew et al. [10] in linking BPI-PI scores to the PROMIS-PI

metric were compared with the results from the current

study. Figure 1 is a plot of the crosswalk results from both

studies. The figure includes a table that compares PROMIS-

PI crosswalked values for whole number BPI-PI scores from

0 through 10. Differences between crosswalk scores were

small (REMSD = 0.93), ranging from 0.00 to 1.40.

Discussion

We obtained substantial consistency between results based

on IRT and those based on equipercentile linking, sug-

gesting robustness of the results. The similarity of the BPI-

PI linking results to those obtained by Askew and col-

leagues suggests robustness across samples. This was

particularly heartening since the previous sample was

clinical (individuals with MS), and our sample was drawn

from the general population. However, linking studies

should be conducted in additional populations to further

define the generalizability of these results.

Taken as a whole, the links obtained based on IRT pattern

scoring and the IRT crosswalks were superior for both the

SF36-BP and the BPI-PI. For researchers who have access to

the necessary software and access to item-level data (i.e.,

scores for every item, not just total scores), we recommend

use of this method to link scores to the PROMIS-PI T-score

metric because missing data can be handled without impu-

tation. When such resources are not available, the IRT

crosswalk is recommended. Though equipercentile links

without smoothing produced good results, IRT crosswalk

scoring results were better, especially when means across

samples of n = 25, 50, and 75 were compared.

Our study had a number of strengths. We used a single-

group design, which produces more robust links [57];

multiple methods were compared; calibrations were an-

chored on externally derived estimates [16]. Despite these

strengths, scores linked to the PROMIS metric based on

legacy scores will have more error than scores obtained

directly from the PROMIS-PI measure since linking error

is added to measurement error. This error is mitigated in

larger sample sizes, but estimates based on samples of less

than n = 50 may not be adequate for some purposes.

Further, though we compared multiple linking methods,

not every approach was applied. Recently, Thissen et al.

[58] have proposed the use of calibrated projection, a

method that accounts for item score association due to

similar wordings. We anticipate future research in which

this promising method is compared to the linking methods

applied in the current study.

Our resampling analysis allowed us to estimate the error

associated with different sample sizes, but a more precise

approach is to evaluate the robustness of the linking rela-

tionship in an independent sample. We were able to com-

pare the BPI-PI crosswalk results because of prior work but

had no such comparison for the SF36-BP measure. The

resampling technique may underestimate the error intro-

duced by linking.

In conclusion, this is the first study in health measure-

ment to link multiple legacy measures to the PROMIS-PI

metric. Based on the results, we constructed tools re-

searchers can use to link scores from BPI-PI or the SF36-

BP to the PROMIS-PI metric—parameter estimates for the

items of each scale calibrated to the PROMIS-PI metric

and crosswalks that associate legacy scores to the PRO-

MIS-PI metric. Future studies will use similar methods to

construct and evaluate score links to the PROMIS metric.

The resulting tools will substantially increase researchers’

ability to compare results across studies that used different

instruments to measure the same health outcome.

Acknowledgments This research was part of the PROsetta Stone�

project, which was funded by the National Institutes of Health/Na-

tional Cancer Institute grant RC4CA157236 (David Cella, PI). For

more information on PROsetta Stone, see www.prosettastone.org.

Appendix 1

See Table 5.
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Appendix 2

See Table 6.

Appendix 3

See Table 7.

Table 6 Crosswalk between Short Form-36 Bodily Pain (SF36-BP)

summed scores and Patient-Reported Outcome Measurement Infor-

mation System Pain Interference (PROMIS-PI) T-score metric

SF36-BP

Raw score

PROMIS-P

T-score

Standard error

2 37.8 6.2

3 45.1 4.5

4 49.9 4.1

5 53.3 3.9

6 56.6 3.7

7 60.1 3.6

8 63.5 3.7

9 67.0 3.7

10 71.1 4.0

11 76.0 4.6

Table 7 Crosswalk between Brief Pain Inventory Pain Interference

(BPI-PI) summed scores and Patient-Reported Outcome Measure-

ment Information System Pain Interference (PROMIS-PI) T-score

metric

BPI-PI score PROMIS-P

IT-score

SE

0 38.5 5.7

1 44.6 3.4

2 46.3 3.2

3 47.4 3.1

4 48.4 2.9

5 49.3 2.8

6 49.9 2.8

7 50.6 2.7

8 51.1 2.8

9 51.7 2.6

10 52.2 2.6

11 52.7 2.4

12 53.2 2.3

13 53.7 2.3

14 54.1 2.2

15 54.5 2.2

16 54.9 2.1

17 55.3 2.1

18 55.7 2.1

19 56 2.1

20 56.4 2.0

21 56.7 2.0

Table 7 continued

BPI-PI score PROMIS-P

IT-score

SE

22 57.1 2.0

23 57.4 2.0

24 57.7 2.0

25 58.1 2.0

26 58.4 2.0

27 58.7 2.0

28 59 2.0

29 59.3 1.9

30 59.6 1.9

31 59.9 1.9

32 60.2 1.9

33 60.5 1.9

34 60.8 1.9

35 61.1 1.9

36 61.4 1.9

37 61.7 1.9

38 62 1.9

BPI Pain Interference score PROMIS

T-score

SE

39 62.3 1.9

40 62.6 1.9

41 62.9 1.9

42 63.2 1.9

43 63.6 1.9

44 63.9 1.9

45 64.2 1.9

46 64.5 1.9

47 64.8 1.9

48 65.2 2.0

49 65.5 2.0

50 65.8 2.0

51 66.2 2.0

52 66.6 2.0

53 66.9 2.0

54 67.3 2.0

55 67.7 2.0

56 68.1 2.0

57 68.5 2.0

58 68.9 2.1

59 69.4 2.1

60 69.9 2.1

61 70.4 2.1

62 70.9 2.1

63 71.5 2.2

64 72.1 2.2

65 72.8 2.2

66 73.5 2.3
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