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	U OBJECTIVE: To predict 30- and 180-day improve-
ments in disability and pain for patients seeking 
physical therapy care for low back pain (LBP).

	U DESIGN: Longitudinal cohort.

	U METHODS: Baseline assessment was com-
pleted by 259 patients with chief complaint of 
LBP, and the assessment includes psychosocial 
measures (Keele STarT Back Screening [SBST] 
and the Optimal Screening for Prediction of Refer-
ral and Outcome Yellow Flag [OSPRO-YF] tools), 
the Optimal Screening for Prediction of Referral 
and Outcome Review of Symptoms (OSPRO-ROS) 
and the Review of Symptoms Plus (OSPRO-ROS+) 
tools, the Charlson Comorbidity Index (CCI), the 
Area Deprivation Index (ADI), and the National 
Institute of Health Chronic Pain Criteria (NIH-CP). 
Using the Modified Low Back Disability Question-
naire (MDQ) and the Numeric Pain Rating Scale 
(NPRS) as primary outcomes, statistical analysis 
determined multiple sets of predictor variables 
with similar model performance.

	U RESULTS: The parsimonious “best model” for 
prediction of the 180-day MDQ change included 3 
predictors (Admit MDQ, NIH-CP, and OSPRO ROS+) 
because it had the lowest penalized goodness-of-fit 
statistic (BIC = −35.21) and the highest explained 
variance (R2 = 0.295). The parsimonious “best mod-
el” for 180-day NPRS change included 2 variables 
(Admit NPRS and OSPRO-ROS+) with the lowest 
penalized goodness-of-fit statistic (BIC = −18.2) and 
the highest explained variance (R2 =  0.190).

	U CONCLUSION: There were many model options 
with similar statistical performance when using 
established measures to predict MDQ and NPRS 
outcomes. A potential variable set for a standard 
predictive model that balances statistical perfor-
mance with pragmatic considerations included the 
OSPRO-ROS+, OSPRO-YF, NIH-CP definition, and 
admit MDQ and NPRS scores. J Orthop Sports Phys 
Ther 2022;52(10):685-693. Epub: 12 August 2022. 
doi:10.2519/jospt.2022.11018

	U KEY WORDS: back pain, disability, OSPRO, 
outcomes, pain, prediction, STarT Back 

H
igh-quality evidence syntheses support managing low back 
pain (LBP) with nonpharmacologic interventions.34,35,43 In US 
health systems, some patients benefit from receiving physical 
therapy treatment, yet between 4 and 7 in every 10 patients, 

they do not achieve a minimal clinically important improvement 
in back-related disability by the end of an episode of care.14,18,19 
Identifying patients, early in the episode of care, who are less likely to

psychosocial measures are recommend-
ed in contemporary practice guidelines 
as prognostic factors for patients with 
LBP.2,10 The STarT Back Screening Tool 
(SBST) is recommended for stratifying 
patients into high, medium, or low risk for 
prolonged LBP-related disability.4,11,17,27,28 
One advantage of risk stratification with 
the SBST is that it facilitates opportuni-
ties for tailoring treatment based on the 
risk level.12,42 

One limitation of risk stratification 
is that it does not predict how much im-
provement in disability or pain one might 
expect. Broad prognostic categories do not 
account for predicting improvement at the 
level of the individual patient.17,47 A second 
limitation is that the role of psychosocial 
factors has been emphasized, whereas oth-
er relevant prognostic factors have been 
neglected. Factors other than psychosocial 
could play a role in the patient’s potential 
for improvement in disability and pain 
outcomes.53 Other prognostic factors that 
merit investigation for predicting treat-
ment outcomes include socioeconomic 
status,30,48 comorbidities,3,37 and symptoms 
from other body systems.23 Including these 
factors along with established psychosocial 
risk tools offers an opportunity to further 
refine and/or improve prediction of disabil-
ity and pain outcomes.24

The purpose was to identify parsimoni-
ous predictive models for 30- and 180-day 

Four Variables Were Sufficient for Low 
Back Pain: Determining Which  

Patient-Reported Tools Predicted Pain  
and Disability Improvements

respond to usual physical therapy inter-
ventions, would fast-track decisions about 
alternative clinical care pathways (eg, psy-
chologically informed interventions) and/
or referral to other providers.15,28

Multiple prognostic tools for manag-
ing LBP, including but not limited to the 
PICKUP tool and Örebro Musculoskel-
etal Pain Screening Questionnaire, have 
been well studied.21,38,44,55 Psychologic and 
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improvements in disability and pain for 
patients seeking physical therapy care for 
LBP. The predictive models we investigat-
ed considered established measures from 
psychosocial and other clinically relevant 
domains. Our goal was to inform clinical 
decision-making by providing tailored out-
come prediction using the fewest measures 
necessary to achieve reasonable clinical 
usefulness. 

METHODS

T
his study included a longitudi-
nal cohort of survey data for 259 
participants presenting with a chief 

complaint of LBP with or without leg 
pain. Participants were recruited through 
email contact prior to their initial phys-
ical therapy (PT) appointment. At the 
end of each week, a report was generated 
that included the names and emails of 
patients who were scheduled for an ini-
tial evaluation, at any one of the 8 par-
ticipating outpatient PT clinics across 
the Intermountain Healthcare network. 
Patients were then sent an institutional 
review board (IRB)-approved email in-
forming them of the opportunity to par-
ticipate in the study. Interested patients 
were invited to follow a secure link to a 
survey where they completed and signed 
an informed consent form and the base-
line questionnaires. Survey data were 
collected and managed using REDCap 
electronic data capture tools hosted at 
Intermountain Healthcare.25,26 

All follow-up data were collected elec-
tronically through a secure link in an auto-
matically generated email using REDCap 
sent at 30-, 90-, and 180-days after base-
line. The 30- and 180-day Modified Low 
Back Disability Questionnaire (MDQ) and 
Numeric Pain Rating Scale (NPRS) scores 
were primary endpoints in the analysis 
and reported in the manuscript; the 90-
day MDQ and NPRS scores were reported 
in the SUPPLEMENTAL FILE.

Predictors
Psychosocial predictors included the SBST28 
and the total score for the Optimal Screen-

ing for Prediction of Referral and Outcome 
Yellow Flag (OSPRO-YF) tool.6 The SBST 
has a total of 8 yes/no questions and a ninth 
question with a range of responses from 
“not at all” to “extremely.” Items included 
on the SBST are referred to as leg pain, 
comorbid pain, disability, loathsomeness, 
catastrophizing, fear, anxiety, and depres-
sion. The scoring of the SBST tool includes 
1 point for an answer of yes on questions 
1-8 and an additional point for an answer 
of “very much” or “extremely” on question 
9, for a total range of 0-9. A higher score is 
correlated with high psychosocial distress 
and poorer prognosis.28 The reliability, 
validity, and predictive capabilities of the 
SBST in primary care and physical therapy 
settings have been well established.4,32,51,52 

The OSPRO-YF includes 3 psychoso-
cial domains (ie, negative mood, negative 
coping, and positive affect/coping). It dif-
fers from the SBST by allowing for a range 
in responses using a 10-point Likert scale 
and including psychosocial constructs, 
such as self-efficacy, that are not mea-
sured in the SBST. We used the 10-item 
scale, which has acceptable test-retest 
reliability and internal consistency and 
factorial, convergent, and know-groups 
validity.6,46 We calculated the simple sum-
mary score,24 with a higher score indicat-
ing higher psychosocial involvement, and 
a total range of 3-53. 

A measure of contributing symptoms 
from other body systems was collected 
using the Optimal Screening for Predic-
tion of Referral and Outcome Review of 
Symptoms (OSPRO-ROS) and the Re-
view of Symptoms Plus (OSPRO-ROS+) 
tool.23,24 Together, these measures cover 
23 yes/no questions. Scoring is 1 point 
for every “yes” response so a higher score 
is more indicative of other body systems 
contributing to the patient’s current pain 
problem (total range of 0-23). The pre-
dictive validity for the OSRPO-ROS+ 
tool has been established for persistent 
musculoskeletal pain 12 months after a 
physical therapy episode.5 

Two additional measures were collect-
ed automatically through electronic med-
ical record data at the time of participant 

initial assessment in PT: a measure of 
comorbidities present using the Charlson 
Comorbidity Index (CCI),7 and a measure 
of socioeconomic status using the Area 
Deprivation Index (ADI).33,49 The CCI is 
a tool that assigns a point value based on 
a patient’s current comorbidities. The tool 
is scored from 0 to 33 with a higher score 
indicating more comorbidities. In a re-
cent review of the clinometric properties 
of the CCI, the inter-rater reliability was 
excellent with extremely high agreement 
between self-report and medical charts. 
Additionally, the CCI had concurrent va-
lidity with several other prognostic scales 
or to result in concordant predictions and 
clinometric sensitivity in a variety of med-
ical conditions.36 The ADI is a standard-
ized measurement of social determinants 
of health based upon United States cen-
sus data with the intent of characterizing 
a patient’s socioeconomic condition giv-
en their neighborhood. The ADI includes 
factors for the domains of income, edu-
cation, employment, and housing quality 
and is frequently reported in quintiles, 
with 1 indicating the least deprived neigh-
borhoods and 5, the most deprived.33 

Chronic pain state was determined 
using the National Institute of Health 
Chronic Pain (NIH-CP) criteria.13 These 
predictive variables align with recent 
recommendations for predicting LBP 
outcome.24 The NIH-CP criteria includes 
2 questions to define chronic LBP, clas-
sifying it by its impact (defined by pain 
intensity, pain interference, and physi-
cal function).13 We classified individuals 
as having chronic LBP or not (a binary 
measure) at initial physical therapy as-
sessment.  Despite the recommendation 
to use the NIH-CP criteria in clinical 
practice and research, there are no pub-
lished studies that have used this variable 
to predict clinical outcomes. 

Outcomes
Primary outcomes were a measure of pa-
tient-reported functional disability and 
patient-reported pain using the MDQ20 
and the NPRS.9 The MDQ is a modified 
version of the Oswestry Disability Index 
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and has 10 questions related to the impact 
of LBP on physical function. All 10 items 
are scored on a 0-5 scale and summed, for 
a total score of 0-50, which is then report-
ed as a percentage of the total sum score 
(0-100%). Higher ODI scores represent 
higher self-report of disability. The MDQ 
has higher levels of test-retest reliability 
and responsiveness compared with the 
Quebec Low Back Disability Scale.20 The 
NPRS is a numeric scale for pain intensity 
ranging from 0-10. Patients can indicate 
their level of pain intensity from 0, being 
no pain to 10 being the worst imagined 
pain. The total range of scores  for the 
NPRS is from 0 to 10, with acceptable 
levels of reliability, validity, and respon-
siveness reported in the literature.1,8,29

Analysis
The leaps package54 for the R statistical 
software45 was used to find the “best fit” 
linear regression models for each pos-
sible number of predictors to compare 
competing models. The exhaustive search 
method was used for best subsets regres-
sion and is equivalent to fitting every pos-
sible combination of candidate variables 
into the prediction models. This is prefer-
able to methods like forward or backward 
selection by showing multiple similar 
models that could be used interchange-
ably. The primary outcomes (one out-
come for each set of model fit) were the 
30- and 180-day change scores in MDQ 
and NPRS (subtract baseline score from 
corresponding 30- or 180-day score) and 
were considered dependent variables in 
our analysis. Candidate predictor vari-
ables were measured at admission (base-
line) and all predictors were considered 
in the models. The same approach was 
taken with the 90-day scores reported in 
the SUPPLEMENTAL FILE. 

Regression models were compared 
using the Bayesian Information Criteri-
on (BIC), which measures goodness of fit 
penalized by model size. For the BIC cri-
terion, lower values indicate better fitting 
models. Linear regression R2 values were 
also used to assess model performance. 
For the R2 criterion, larger values indicate 

better fit but there is no penalty for num-
ber of predictors. We planned to identify 
multiple sets of predictor variables that 
give similar quality of predictions, and 
in recommending “best” models placed 
a premium on parsimonious models 
(ie, fewest predictor variables for model 
performance).

RESULTS

FIGURE 1 provides a summary of re-
cruitment, and TABLE 1 provides a de-
scriptive summary of this cohort of 

patients seeking initial consultation for 
LBP (n = 259). The follow-up rate was 85% 
(n = 220) at 30 days, 82% (n = 212) at 90 
days, and 78% (n = 201) at 180 days. Data 
from the 30- and 180-day outcomes are re-

ported in the paper; the 90-day outcomes 
are reported in the SUPPLEMENTAL FILE. 

The focus of the study was the use of 
psychosocial and baseline characteristics. 
We looked at age and sex as predictors, and 
the best subsets regression models did on 
occasion include them as predictors, with 
age included more often than sex. Howev-
er, they were not included in any of the best 
fitting parsimonious models (ie, those with 
4 or fewer items), so they were not includ-
ed in associated graphs and tables. 

Individual Predictors for 30-Day 
Improvement Scores 
Multivariate regression models including 
all predictor variables were first investi-
gated for MDQ and NPRS improvement 
at 30 days (TABLE 2). In these models, the 
variables with the highest association 
with MDQ improvement, based on re-
gression coefficients in TABLE 2, included 
the baseline MDQ score, the SBST, the 
OSPRO-YF, and the CCI. Variables with 
the highest association with NPRS im-
provement, based on regression coeffi-
cients in TABLE 2, included baseline NPRS 
score, the ROS score, the CCI score, and 
the OSPRO-YF. Please see TABLE 2 for 
details. 

Model Selection for 30-Day 
Improvement Scores 
Predictive models were then explored for 
improvement in 30-day MDQ (TABLE 3) 
and NPRS (TABLE 4) scores. Variable com-
binations between 2-8 predictors were 
considered. For these models, the lowest 
BIC and highest R2 combinations were 
for predictive models with 2-4 variables. 

For the MDQ, the parsimonious pre-
dictive model that was selected as a “best 
model” included 2 variables (Admit MDQ 
and OSPRO-ROS+) with the lowest pe-
nalized goodness-of-fit statistic (BIC = 
−21.5) and the highest explained variance 
(R2 = 0.21). Other predictive models for 
the MDQ reported in TABLE 3 were con-
sidered “candidate models.” These mod-
els included 2-4 variables based on BIC 
(ranging from –19.6 to –14.4) and R2 val-
ues (ranging from 0.20 to 0.22). 

Potential 
participants 

contacted via email 
n= 2017 

Informed 
consent and 

baseline 
complete

n = 259

N = 220
(85%)

N = 201
(78%)

n = 1758

n = 39

n = 11

Yes

No

Yes

No

Yes

Yes

No

Completed 
30-day

follow-up

Completed 
180-day
follow-up

FIGURE 1. Participant recruitment and retention flow.
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For the NPRS, the parsimonious pre-
dictive model that was selected as a “best 
model” included 2 variables (Admit NPRS 
and OSPRO-YF) with the lowest penal-
ized goodness-of-fit statistic (BIC = −28.0) 
and the highest explained variance (R2 = 
0.238). Other predictive models for the 
NPRS reported in TABLE 4 were considered 
“candidate models.” These models includ-

ed 2-4 variables based on BIC (ranging 
from −26.0 to −20.4) and R2 values (rang-
ing from 0.228 to 0.250). 

Individual Predictors for 180-Day 
Improvement Scores 
TABLE 2 also reports the multivariate re-
gression models for MDQ and NPRS 
improvement at 180 days. In regression 

models for the MDQ, predictor variables 
included the baseline MDQ, the ROS+, 
and chronic LBP state, and for the NPRS, 
predictor variables included the baseline 
pain, CCI, ROS+, ROS, and OSPRO-YF 
for 180-day NPRS change. 

Model Selection for 180-Day 
Improvement Scores 
Multiple predictive models were explored 
for 180-day improvement in MDQ scores 
(TABLE 3) and NPRS (TABLE 4). Variable 
combinations between 2-8 predictors 
and model fit were again considered. 
The lowest BIC and highest R2 combi-
nations were associated with predictive 
models with 2-4 variables. For the MDQ, 
the parsimonious predictive model that 
was selected as a “best model” included 
3 predictors (Admit MDQ, NIH-CP, and 
OSPRO ROS+) because it had the lowest 
penalized goodness-of-fit statistic (BIC = 
−35.21) and the highest explained vari-
ance (R2 = 0.295). Other predictive mod-
els for MDQ reported in TABLE 3 were 
considered “candidate models.” These 
models included 2-4 variables based on 
BIC (ranging from –31.16 to –29.04) and 
R2 values (ranging from 0.267 to 0.296)

For the NPRS, the parsimonious pre-
dictive model selected as “best model” 
included 2 predictors (Admit NPRS and 
OSPRO-ROS+) because it had the lowest 
penalized goodness-of-fit statistic (BIC = 
−18.2) and the highest explained variance 

	

Abbreviations: ADI, mean total score on the Area Deprivation Index; Baseline, results at the time of the initial physical therapy assessment; CCI, mean total 
score on the Charlson Comorbidity Index; MDQ, mean score on the Modified Low Back Disability Questionnaire; + NIH-CP, percentage of patients who met 
the National Institute of Health Chronic Pain criteria; NPRS, mean score on the Numeric Pain Rating Scale; ROS, mean total score on the Optimal Screening 
for Predication of Referral and Outcome Review of Symptoms tool; ROS+, mean total score on the Optimal Screening for Predication of Referral and Outcome 
Review of Symptoms Plus tool; SBST, mean total score on the STarT Back Screening Tool; YF, mean total score on the Optimal Screening for Predication of 
Referral and Outcome Yellow Flag tool.
aMean (standard deviation).

TABLE 1 Baseline Descriptive Summary of Cohort Demographicsa

Age Female + NIH-CP Visits MDQ NPRS CCI ADI ROS ROS+ YF SBST

Baseline 46.9 (16.47) 168 [65%] 142 [56%] 3.6 (2.88) 28.3 (15.96) 4.4 (2018) 0.9 (0.040) 91.5 (19.88) 3.8 (2.15) 2.5 (2.18) 20.6 (7.53) 4.1 (2.36)

30-day 
follow-up

19.5 (17.59) 3.6 (2.25) 2.2 (2.14) 1.3 (1.93) 15.5 (9.64) 2.5 (2.41)

180-day 
follow-up

16.7 (15.47) 3.0 (2.43)

	

Abbreviations: ADI, Area Deprivation Index; BIC, Bayesian Information Criterion; Baseline MDQ, 
Modified Low Back Disability Questionnaire at initial physical therapy assessment; Baseline pain, 
numeric pain rating at initial physical therapy assessment; CCI, Charlson Comorbidity Index; 
NIH-CP, National Institute of Health Chronic Pain criteria; OSPRO-ROS, Optimal Screening for 
Predication of Referral and Outcome Review of Symptoms tool; OSPRO-ROS+, Optimal Screening for 
Prediction of Referral and Outcome Review of Symptoms Plus tool; OSPRO-YF, Optimal Screening for 
Predication of Referral and Outcome Yellow Flag tool; R2, linear regression R2 values; SBST, STarT 
Back Screening Tool.
aPredictor raw coefficient value (standard error).
bIndicates P<0.05 for coefficient.

TABLE 2
30- and 180-Day MDQ and NPRS Improvement 

(Linear Regression Results)a

30-Day MDQ  
Change

30-Day NPRS  
Change

180-Day MDQ  
Change

180-Day NPRS 
Change

R2 0.192 0.213 0.258 0.176

BIC 1283 687 1288 723

Baseline MDQ 0.40 (0.092) −0.02 (0.014) b 0.52 (0.093) −0.01 (0.016) b

Baseline pain 0.70 (0.623) 0.64 (0.096) −0.32 (0.633) 0.62 (0.107)

ADI −0.06 (0.049) b 0.00 (0.008) b −0.03 (0.050) b −0.00 (0.008) b

CCI −3.35 (3.340) 0.18 (0.513) −0.80 (3.394) 0.93 (0.574)

OSPRO-ROS −0.36 (0.613) −0.02 (0.094) b −0.14 (0.623) −0.09 (0.105)

OSPRO-ROS+ −1.15 (0.703) −0.10 (0.108) −1.38 (0.715) −0.18 (0.121)

NIH-CP −3.04 (1.941) −0.15 (0.298) −5.19 (1.972) −0.16 (0.333)

OSPRO-YF −0.03 (0.194) −0.04 (0.030) b 0.16 (0.197) −0.02 (0.033) b

SBST 0.04 (0.567) −0.02 (0.087) −0.10 (0.576) −0.01 (0.097)
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(R2 = 0.190). Other predictive models for 
the NPRS reported in TABLE 4 were con-
sidered “candidate models.” These mod-
els included 2-4 variables based on BIC 
(ranging from –16.8 to –12.8) and R2 val-
ues (ranging from 0.183 to 0.213).

DISCUSSION

W
e used established measures 
to identify parsimonious models 
that predicted 30- and 180-day 

improvement in disability and pain for 
patients seeking physical therapy for LBP. 
The analysis meant we could recommend 
“best parsimonious model” options using 
BIC and R2 criteria. Recommended mod-
els explained 18%-21% and 27%-30% 
variance for 180-day change in pain inten-
sity and disability scores respectively while 

including 2-4 of the established measures. 
However, there were many other candi-
date models that performed similarly sta-
tistically to the recommended models.

Baseline Scores Are an Important 
Part of Each Prediction Model
The variation observed in the number 
and type of variables included in the pre-
dictive models suggests there are various 
implementation options for forecasting 
30- and 180-day outcomes. One common 
feature across all models was the impor-
tance of baseline MDQ and NPRS scores, 
which are typically the strongest predic-
tor of 30- and 180-day improvements. 
This is not a surprising finding, but it is 
worth reinforcing the predictive value 
of baseline scores for frameworks where 
predicting patient outcomes is the goal.24 

Our results converge with other analyses 
indicating that psychosocial risk stratifi-
cation measures have less predictive val-
ue when admit scores are included in the 
model.16 A novel finding of our study was 
that the NIH-CP definition for chron-
ic LBP13 and the OSPRO-ROS+ tool22,23 
were consistently included in parsimoni-
ous prediction models for 30- and 180-
day disability outcome.

Potential for Clinical Application 
Collectively, our results suggest 3 import-
ant findings: (1) there was only a modest 
amount of variance explained by these 
models; (2) for these outcomes, there 
appears to be an upper limit of accuracy 
for 4 predictors when using these estab-
lished measures; and (3) there is notable 
flexibility in which established measures 

	

TABLE 3 Predictor Subsets: 30-Day (30) and 180-Day (180) MDQ Change Scoresa

Abbreviations: ADI, Area Deprivation Index; BIC, Bayesian Information Criterion; CCI, Charlson Comorbidity Index; MDQ, Modified Low Back Disability 
Questionnaire; NIH-CP, National Institute of Health Chronic Pain criteria; NPRS, Numeric Pain Rating Scale; OSPRO-ROS, Optimal Screening for Prediction 
of Referral and Outcome Review of Symptoms tool; OSPRO-ROS+, Optimal Screening for Prediction of Referral and Outcome Review of Symptoms Plus tool; 
OSPRO-YF, Optimal Screening for Prediction of Referral and Outcome Yellow Flag tool; R2, linear regression R2 values; SBST, STarT Back Screening Tool. 
aRaw coefficient values are for baseline data. 
bDark gray shading indicates important variables in “best model” and “candidate models” for 30-day MDQ change scores.
cLight gray shading indicates important variables in “best model” and “candidate models” for 180-day MDQ change scores.

No. of variables MDQ NPRS NIH-CP CCI ADI OSPRO-ROS OSPRO-ROS+ OSPRO-YF SBST BIC R2

30-Day MDQ Improvement Scoresb

2 0.43 −1.10 −21.5 0.206

2 0.36 −0.07 −19.6 0.196

2 0.40 −0.71 −19.5 0.196

3 0.44 −2.96 −1.22 −18.9 0.218

3 0.43 −0.06 −1.06 −18.1 0.214

3 0.42 −3.03 −1.08 −17.3 0.211

4 0.44 −2.97 −0.06 −1.17 −15.5 0.227

4 0.40 0.54 −3.20 −1.40 −14.6 0.222

4 0.43 −2.79 −2.49 −1.19 −14.4 0.221

180-Day MDQ Improvement Scoresc

2 0.43 −4.70 −33.9 0.266

2 0.50 −1.22 −32.4 0.259

2 0.51 −0.93 −30.4 0.249

3 0.52 −5.35 −1.44 −35.2 0.295

3 0.48 −4.87 −0.80 −31.2 0.276

3 0.50 −0.80 −4.46 −30.7 0.274

4 0.50 −5.38 −1.56 0.11 −30.6 0.296

4 0.54 −0.35 −5.19 −1.32 −30.5 0.296

4 0.52 −5.35 −0.02 −1.42 −30.4 0.296
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(eg, CCI, SBST, OSPRO, etc) can be used 
in models predicting these outcomes. 
Clinically, this flexibility could be ad-
vantageous for implementation efforts 
that want to support decision-making 
at the patient level. Our results support 
healthcare delivery systems, with estab-
lished measures in their standard clinical 
workflow, which may have some predic-
tive value. The flexibility means different 
health systems might use different mea-
sures to generate outcome predictions 
with similar predictive accuracy. 

Proposed Standard Prediction Model
There are advantages to implementing a 
single prediction model that would en-
able prediction of both 30- and 180-day 
MDQ and NPRS improvement scores. We 
found statistical evidence to recommend 

using a standard predictive model. The 
foundation for the model would include 
the baseline MDQ and NPRS scores as 
these were the strongest individual pre-
dictors in the corresponding 30- and 180-
day change scores. The third variable to 
consider in a standard model would be 
the OSPRO-ROS+ tool as it consistently 
contributed to models predicting 30- and 
180-day improvement scores.

Two other variables worth considering 
in a standard predictive model are the 
NIH-CP status and/or the OSPRO-YF 
tool(s). The NIH-CP variable contribut-
ed to all models predicting 180-day MDQ 
improvement, whereas the OSPRO-YF 
variable contributed to all models predict-
ing 30-day NPRS improvement. Based on 
our findings, a standard prediction mod-
el that could be implemented and tested 

clinically for further refinement would 
include the OSPRO-ROS+, NIH-CP sta-
tus, and/or OSPRO-YF tool in addition 
to the baseline MDQ and NPRS scores. 
The findings for the OSPRO tools con-
verge with results from a musculoskeletal 
pain cohort in which the OSPRO-YF tool 
predicted 12-month function and pain 
outcomes,23 whereas the ROS+ predicted 
persistent pain state at 12 months.5 This 
study is the first prospective validation of 
these OSPRO tools, but future research is 
necessary to validate the accuracy of the 
proposed standardized model and its abil-
ity to support clinical decision-making. 

SBST or OSPRO-YF as Part of the Model?
Psychosocial factors are an important part 
of clinical decision-making, so these mea-
sures may still need to be incorporated 

	

TABLE 4  Predictor Subsets: 30-day (30) and 180-day (180) NPRS Change Scoresa

Abbreviations: ADI, Area Deprivation Index; BIC, Bayesian Information Criterion; CCI, Charlson Comorbidity Index; MDQ, Modified Low Back Disability 
Questionnaire; NIH-CP, National Institute of Health Chronic Pain criteria; NPRS, Numeric Pain Rating Scale; OSPRO-ROS, Optimal Screening for Prediction 
of Referral and Outcome Review of Symptoms tool; OSPRO-ROS+, Optimal Screening for Prediction of Referral and Outcome Review of Symptoms Plus tool; 
OSPRO-YF, Optimal Screening for Prediction of Referral and Outcome Yellow Flag tool; R2, linear regression R2 values; SBST, STarT BACK Screening Tool.
aRaw coefficient values are for baseline data. 
bDark grey shading indicates important variables in “best model” and “candidate models” for 30-day NPRS change scores. 
cLight grey shading indicates important variables in “best model” and “candidate models” for 180-day NPRS change scores.

No. of variables MDQ NPRS NIH-CP CCI ADI OSPRO-ROS OSPRO-ROS+ OSPRO-YF SBST BIC R2

30-Day NPRS Improvement Scoresb

2 0.54 −0.07 −28.0 0.238

2 −0.03 0.58 −26.0 0.228

2 0.52 −0.21 −23.3 0.215

3 −0.02 0.61 −0.05 −25.4 0.250

3 0.58 −0.12 −0.06 −24.5 0.245

3 0.57 −0.08 −0.07 −23.9 0.242

4 −0.02 0.63 −0.10 −0.04 −21.5 0.255

4 −0.02 0.62 −0.06 −0.05 −20.9 0.252

4 −0.02 0.60 0.17 −0.05 −20.4 0.250

180-Day NPRS Improvement Scoresc

2 0.54 −0.27 −18.2 0.190

2 0.51 −0.22 −16.8 0.183

2 −0.03 0.54 −15.0 0.173

3 0.53 1.04 −0.27 −16.8 0.208

3 −0.02 0.61 −0.23 −15.2 0.200

3 0.57 −0.13 −0.20 −14.9 0.199

4 −0.02 0.60 0.95 −0.23 −13.2 0.215

4 0.56 1.05 −0.22 −0.03 −12.9 0.214

4 0.56 0.95 −0.11 −0.21 −12.8 0.213
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for intervention type and/or care process 
(eg, psychologically informed physical 
therapy,31,40 multidisciplinary care, con-
sultation with other healthcare providers, 
etc). In this analysis, candidate models for 
predicting short-term MDQ improvement 
included admit MDQ, NIH-CP, and/or 
CCI, and either the SBST or OSPRO-YF 
tool. Neither the SBST nor the OSPRO-YF 
were significant factors in predicting 180-
day outcomes. From a clinical standpoint, 
it may be prudent to include yellow flag as-
sessment tools in a predictive framework, 
as there already exist treatment pathways 
that are related to these assessments, in-
cluding but not limited to psychologically 
informed PT interventions.31,40 

The decision as to which yellow flag 
tool to implement is not aided by sta-
tistical findings and instead should be 
determined by what is readily available 
and meets the needs of the patient pop-
ulation. While the OSPRO-YF tool per-
formed slightly better in some models, 
there was no clear statistical advantage 
over the SBST. This means clinical use of 
the OSPRO-YF or SBST should be made 
based on what is needed to support deci-
sion-making. If risk stratification and ap-
plying matched treatment is the primary 
goal, use the SBST.41 If there is interest 
in characterizing the number of yellow 
flags across positive coping, negative 
coping, and negative mood measures to 
support subsequent clinical actions, use 
the OSPRO-YF tool.50

OSPRO-ROS+ and NIH-CP May 
Have Predictive Value 
Some other clinically relevant findings 
included the OSPRO-ROS+ tool and 
the NIH-CP criteria both showing up re-
peatedly in many of the 30- and 180-day 
outcome prediction models. The OS-
PRO-ROS+ is intended as a comprehen-
sive red flag screening tool, but from our 
analysis, it appears to also be an import-
ant variable in predicting 30- and 180-day 
pain and MDQ improvement. Interest-
ingly, this finding for the OSPRO-ROS+ 
tool converges with it being a predictor 
of musculoskeletal pain in an analysis 

of another physical therapy cohort.5 The 
NIH-CP variable being included in these 
models was expected, but other variables 
such as the ADI and the CCI did not have 
the impact on forecasting models that 
we expected. This could be because the 
recruitment area for participants in our 
study did not have significant social de-
terminants of health disparities and our 
population cohort was relatively healthy 
with minimal comorbidities.

Limitations
We were unable to do separate analyses 
for patients who met the NIH-CP criteri-
on. Originally, we had planned to recruit 
sufficient participants to allow for sep-
arate analyses. However, due to SARS-
CoV-2 changes in research protocols, 
we had to end enrollment in our study 
sooner than anticipated. We modified 
our original plan by incorporating the 
NIH-CP status in the predictive mod-
els. Another limitation is an absence of 
measures to capture constructs that could 
explain individual variance beyond the 
measures used in our predictive models. 
These additional constructs would involve 
measures other than self-report and could 
include biological markers, functional im-
aging (ie, cortical activity), and/or patient 
behaviors. 

Participants represented 1 geograph-
ical area of a relatively healthy popula-
tion. Accordingly, our findings may not 
generalize to other geographical areas or 
to populations with higher comorbidity 
rates. Finally, because we aimed to de-
termine the extent to which prediction 
tools could provide prognostic value, the 
type and quantity of physical therapy 
interventions provided to study partic-
ipants was left to the discretion of the 
treating physical therapist, and treat-
ment parameters were not included in 
the statistical analysis. Future research 
should include validation of model per-
formance in an independent cohort by 
comparing predicted to actual patient 
outcomes.39 Furthermore, whether clin-
ical implementation of these predictive 
models better guides clinical pathway 

options could also be a topic for future 
research. 

CONCLUSION

T
he derived predictive models 
typically included 2-4 variables for 
predicting 30- and 180-day MDQ 

and NPRS improvement scores. While 
“best fit” parsimonious models could be 
identified, there were many other model 
options with similar statistical perfor-
mance and the overall variance explained 
was modest. A suggested variable set for a 
standard predictive model that balances 
statistical performance with pragmatic 
considerations included OSPRO-ROS+, 
OSPRO-YF, and the NIH-CP definition, 
in addition to baseline MDQ and NPRS 
scores. t

KEY POINTS
FINDINGS: Baseline ratings were the 
strongest predictors of 30- and 180-day 
improvements in back pain. Our rec-
ommended models for forecasting pain 
and disability improvement explained 
18%-21% and 27%-30% of variance in 
180-day outcomes, respectively. 
IMPLICATIONS: There is notable flexibil-
ity in which measures can be used in 
models predicting pain and disability 
outcomes. Four variables were often the 
upper limit for model accuracy. A model 
consisting of baseline pain and disabil-
ity ratings, NIH task force definition of 
chronic LBP, OSPRO-YF, and Review 
of Systems + tools was suggested as a 
standard model to consider for clinical 
implementation. 
CAUTION: The purpose of this study was 
to determine the extent to which and 
what number of existing tools could 
provide prognostic value; the type and 
quantity of physical therapy interven-
tions were not controlled or included 
in the analysis. There are other tools 
that have been studied for predicting 
outcomes in LBP that were not part of 
this study. Future research is needed to 
validate the performance of the suggest-
ed model in an independent cohort by 
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comparing predicted to actual patient 
outcomes.
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