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a b s t r a c t 

Background: Decompression for lumbar spinal stenosis (LSS) is the most frequently performed spine surgery in 

Denmark. According to the Danish spine registry DaneSpine, at 1 year after surgery, about 75% of patients expe- 

riences considerable pain relief and around 66% improvement in quality of life. However, 25% do not improve 

very much. We have developed a predictive decision support tool, PROPOSE. It is intended to be used in the 

clinical conversation between healthcare providers and LSS patients as a shared decision-making aid presenting 

pros and cons of surgical intervention. This study presents the development and evaluation of PROPOSE in a 

clinical setting. 

Methods: For model development, 6.357 LSS patients enrolled in DaneSpine were identified. For model validation, 

predictor response and predicted outcome was collected via PROPOSE from 228 patients. Observed outcome at 1 

year was retrieved from DaneSpine. All participants were treated at 3 Danish spine centers. The outcome measures 

presented are improvement in walking distance, the Oswestry Disability Index, EQ-5D-3L and leg/back pain on 

the Visual Analog Scale. Outcome variables were dichotomized into success (1) and failure (0). With the exception 

of walking distance, a success was defined as reaching minimal clinically important difference at 1-year follow- 

up. Models were trained using Multivariate Adaptive Regression Splines. Performance was assessed by inspecting 

confusion matrix, ROC curves and comparing GCV (generalized cross-validation) errors. Final performance of the 

models was evaluated on independent test data. 

Results: The walking distance model demonstrated excellent performance with an AUC of 0.88 and a Brier score 

of 0.14. The VAS leg pain model had the lowest discriminatory performance with an AUC of 0.67 and a Brier 

score of 0.22. 

Conclusions: PROPOSE works in a real-world clinical setting as a proof of concept and demonstrates acceptable 

performance. It may have the potential of aiding shared decision making. 
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Fig. 1. Example case. PROPOSE results for a woman, 74 years, diagnosed with lumbar spinal stenosis. Leg pain for 3 - 12 months, back pain for 24 months or more, 

walking distance less than 100 meters, can only walk with cane or crutch, calculated life quality index of 0.159 (EQ-5D-3L), 90 and 60 leg/back pain on the Visual 

Analogue Scale. The green and orange proportion of the pie charts signifies the calculated probability of improvement and non-improvement respectively. 

s  

a  

2  

t  

t  

d

 

p  

t  

f  

i  

t  

t  

a  

p

 

a  

a  

b  

a  

s  

p

 

a

M

S

 

s  

v  

l  

p  

t  

e  

d

P

 

a  

b  

i

l  

w  

c  

S  

t  

7

O

 

w  

a  

v  

f  

w  

a  

r

 

t  
urgery, about 75% of patients experienced considerable pain relief and

round 66% reported improvement in their quality of life. However,

5% of patients reported that they did not improve very much [2] . Due

o several factors that may impact outcomes after spine surgery, iden-

ifying patients who will or will not have a successful result may be

ifficult. 

DaneSpine collects patient-reported data before surgery and at 1 year

ostoperatively. The data consists of PROMs and demographic informa-

ion. This allows for identification of relationships among preoperative

actors and outcomes after surgery in order to make predictions at an

ndividual level. We have developed a patient-oriented decision support

ool, PROPOSE, based on data collected in DaneSpine. PROPOSE is in-

ended to be used by the healthcare provider in the clinical conversation

s a shared decision-making aid in accordance with patient preferences

resenting pros and cons of the surgical intervention. 

PROPOSE works in 2 stages. The individual patient’s baseline factors

re entered in an electronic questionnaire and the underlying predictive

lgorithms calculates dichotomized probabilities of success or failure

ased on the input. At the user’s command the results are presented

s pie charts with accompanying numbers indicating the proportions of

uccessful outcome and failure ( Fig. 1 ). Baseline values and predicted

robabilities are saved on a secure server for future reference. 

The purpose of the study is to present the development of PROPOSE

nd to evaluate its performance in a clinical setting. 

ethods 

ample size and data source 

For model development, 6,357 patients operated for lumbar spinal

tenosis from 2010 to 2018 enrolled in DaneSpine were identified. To
2

alidate the models, predictor response and predicted outcome was col-

ected via PROPOSE from January 15th 2019 to May 31st 2021 from 228

atients and one-year follow-up was retrieved from DaneSpine. All par-

icipants were treated at 3 Danish spine centers (Spine Centre of South-

rn Denmark, Elective Surgery Centre, Silkeborg and Dept. of Orthope-

ic Surgery, Aalborg University). 

redictors 

A total of 72 predictors from the DaneSpine registry were evalu-

ted. These included basic demographics and patient-reported data at

aseline. The codebook can be found at the following link (in Dan-

sh): http://drks.ortopaedi.dk/wp-content/uploads/2019/12/Kodebog- 

%C3%A6nd.pdf . As PROPOSE is intended to be used in a clinical setting

here there is little time to enter the amount of information required to

alculate compound scores such as the component scores of the 36-Item

hort Form Survey (SF-36) [3] only individual questionnaire items and

he EQ-5D-3L questionnaire [4] was chosen. The final models contained

 predictors ( Table 1 ). 

utcome 

The outcome measures presented to the patient are improvement in

alking distance, the Oswestry Disability Index (ODI) [5] , EQ-5D-3L

nd leg/back pain on the Visual Analog Scale (VAS) [6] . The outcome

ariables were dichotomized into 2 possible results, either success (1) or

ailure (0). With the exception of walking distance, a successful outcome

as defined as reaching minimal clinically important difference (MCID)

t 1-year follow-up. MCID thresholds were identified using anchor-based

eceiver operating characteristic curve (ROC) method [7] . 

The anchor used for ODI and EQ-5D-3L was the SF-36 health transi-

ion item 2 where patients are asked to rate their health compared with

http://drks.ortopaedi.dk/wp-content/uploads/2019/12/Kodebog-lceC3ceA6nd.pdf
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Table 1 

Predictors in the final predictive models and their encoding. 

Predictors Encoded 

Quality of life (EQ-5D-3L) -0.594 to 1.0 

Preoperative VAS pain (legs) 0–100 

Preoperative VAS pain (back) 0–100 

Walking distance 

Walking distance, less than 100 m 1 

Walking distance, 100–500 m 2 

Walking distance, 0.5–1 km 3 

Walking distance, > 1 km 4 

Duration of pain in legs 

Duration of pain in legs, No pain 0 

Duration of pain in legs, < 3 mo 1 

Duration of pain in legs, 3–12 mo 2 

Duration of pain in legs, 1–2 y 3 

Duration of pain in legs, > 2 y 4 

Duration of pain in back 

Duration of pain in back, No pain 0 

Duration of pain in back, < 3 mo 1 

Duration of pain in back, 3–12 mo 2 

Duration of pain in back, 1–2 y 3 

Duration of pain in back, > 2 y 4 

Functional impairment, Walking (ODI section 4) 

Pain does not prevent me walking any distance 0 

Pain prevents me from walking more than 1 km 1 

Pain prevents me from walking more than 500 m 2 

Pain prevents me from walking more than 100 m 3 

I can only walk using a stick or crutches 4 

I am in bed most of the time 5 

Abbreviations: VAS, visual analogue pain scale; ODI, Oswestry Disability Index. 
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 year ago with the following possible responses: “much better,’’ “some-

hat better,’’ “about the same,’’ or “somewhat worse,’’ or “much worse’’.

 cutoff defining success and failure was set between “somewhat better ”

nd “about the same’’. 

Anchors for VAS leg and back pain were the Global Assessment ques-

ions on leg pain/sciatica and back pain where patients are asked to

ompare their pain today in comparison with what they felt a year ago.

esponses are “completely gone,’’ “much better,’’ “somewhat better,’’

unchanged,’’ or “worse’’ [8] . Cutoff for success or failure was set be-

ween the responses “somewhat better’’ and “unchanged.’’ 

MCIDs were estimated by inspecting the coordinates of the ROC

urves using the point closest to the top-left corner in the ROC curve

s guideline. Cutoff points were established as 0.105 for EQ-5D-3L (sen-

itivity: 76.1; specificity: 64.5), 14 for ODI (sensitivity: 75.9; specificity:

4.5), 16 for VAS leg pain (sensitivity: 75.9; specificity: 74.5) and for

ack pain 14 (sensitivity: 71.3; specificity: 70.1). 

Successful outcome for walking distance was defined as an improve-

ent in the patient reported responses for walking distance from base-

ine to follow-up for the question: “How far can you walk at a normal

ace?.’’ Possible answers are “Less than 100 meters,’’ “100 to 500 me-

ers,’’ “500 meters to 1 km,’’ “More than one kilometer.’’ 

issing data 

Complete-case analysis was used during model development. Miss-

ngness was evenly distributed over predictors (22%) and outcome vari-

bles (40%) and assumed missing at random (MAR) [9] . Imputation of

issing data was not attempted. The data collected to validate PROPOSE

id not contain missing values. 

tatistical analysis and methods 

ata handling 

The development data were screened for erroneous entries in accor-

ance with the ranges and values given in the codebook. To identify un-

sual cases k-Nearest Neighbors (kNN) distance-based outlier detection
3

as performed [10] . A few anomalies in BMI were found, with values in

xcess of 60, and replaced with blanks. Target variables representing the

utcome were encoded according to the previously mentioned definition

f success and failure. Minor class imbalances were found in favor of the

ositive class ranging from 56% to 66%. To prevent this from affecting

he model’s ability to discriminate correctly between classes synthetic

inority oversampling (SMOTE) was applied [11] . The prepared data

ere then randomly split into a training and test set by a 70/30 % ratio.

ll data handling was done in RapidMiner Studio 9.1.0 [12] . 

redictive modeling 

A priority when selecting the predictive algorithm for PROPOSE was

ase of implementation and use. Multivariate adaptive regression splines

MARS) is a transparent multivariate nonparametric machine learning

ML) algorithm capable of solving non-linear regression problems [13] .

t is an extension of the stepwise linear regression and also handles clas-

ification problems. A further advantage of the algorithm is its built-in

utomatic feature selection. It is independent of predictors that do not

dd predictive performance to the model. MARS works by piecewise

tting together an ensemble of local linear functions thus adapting to

onlinearities [14] . 

The majority (80%) of the predictors consisted of categorical data

ith more than 2 levels. They were initially compared with the out-

ome variables by chi-square. To reduce computational modeling time,

onsignificant predictors were excluded from the analysis with a thresh-

ld of p ≥ .1. To identify multicollinearity, a mutual information matrix

as produced [15] . 

A large number of models were trained for each outcome. Noninfor-

ative predictors were automatically detected by the MARS algorithm

nd removed in iterations. Predictors that contributed very little were

lso removed to reduce model complexity. Tuning of the models was

one by manipulating the 2 parameters associated with MARS: maximal

umber of retained terms and the degree of the features that are added

o the model. Degree of features limits the number of input variables

hat are considered for each piecewise function to reduce model com-

lexity. Maximal number of terms was set at 5,000 and automatically

educed by MARS with the pruning option during training. To prevent

verfitting and save computational time, degree of features was set at a

aximum of 2. 

Model performance was assessed by inspecting the resulting con-

usion matrix, ROC curves and comparing GCV (generalized cross-

alidation) errors. The final performance of the models was evaluated by

pplying them to the independent test data. The default threshold value

f 0.5 was used for all outcomes. A predicted probability ≤ 0.5 corre-

ponds to a failure (0) and if it is > 0.5 a success (1). Threshold-moving

o adjust for imbalanced classification was not performed. Model de-

elopment was done in R version 3.5.3 using the CRAN package earth

 16 , 17 ]. Earth is a free General Public Licensed implementation of the

rademarked MARS algorithm. 

odel performance assessment 

The performance of the dichotomous classification models was eval-

ated by discriminative ability, agreement between observed and pre-

icted outcome and overall probabilistic accuracy. Discrimination was

easured by the area under the receiver operating characteristic curve

ROC) by plotting true positive rate (sensitivity) against false positive

ate (1 - specificity) at all classification thresholds. The area under the

urve (AUC) provides an aggregate metric of the models ability to rank

andom positives higher than random negatives, or degree of separation

etween classes. [18] . 

Agreement between observed and predicted outcome was assessed

y calibration plots where predicted probabilities are plotted on the x-

xis and observed outcome on the y-axis [19] . For binary outcomes, data

ust be converted into ratios by binning outcome and predictions into
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Table 2 

Descriptive statistics of the study samples as mean (SD) or proportions. 

Characteristic Validation cohort Development data p-value 

Number of patients, (n) 228 6.357 

Age, years, mean (SD) 68.2 (10.2) 66.8 (11.4) .030 

Gender, females, n (%) 118 (51.8) 3.408 (53.6) .470 

Smoker, n (%) 52 (24.6) 1.224 (23.5) .741 

BMI, mean (SD) 28.6 (11.3) 27.8 (3.9) .690 

Comorbidity, n (%) 35 (17.2) 23.1 (1.221) .053 

Previous operated, n (%) 63 (31.0) 1.537 (29.2) .571 

No. of operated levels 

One level, n (%) 123 (54.2) 3.337 (53.5) .629 

Two levels, n (%) 82 (36.1) 2.155 (34.5) 

Three levels, n (%) 17 (7.5) 640 (10.3) 

Four levels, n (%) 5 (2.2) 102 (1.6) 

Five levels, n (%) 0 (0.0) 9 (0.1) 

Quality of life (EQ-5D-3L), mean (SD) 0.407 (0.297) 0.390 (0.313) .634 

Functional impairment (ODI), mean (SD) 40.9 (15.1) 42.3 (15.5) .191 

Preoperative VAS pain (legs), mean (SD) 65.6 (23.6) 64.0 (24.7) .445 

Preoperative VAS pain (back), mean (SD) 56.8 (26.4) 54.6 (28.1) .360 

Walking distance, less than 100 m, n (%) 57 (28.2) 1.866 (35.6) .192 

Walking distance, 100–500 m, n (%) 81 (40.1) 1.849 (35.3) 

Walking distance, 0.5–1 km, n (%) 34 (16.8) 797 (15.2) 

Walking distance, > 1 km, n (%) 30 (14.9) 728 (13.9) 

Duration of pain in legs, No pain, n (%) 3 (1.5) 120 (2.3) .647 

Duration of pain in legs, < 3 mo, n (%) 7 (3.5) 288 (5.5) 

Duration of pain in legs, 3–12 mo, n (%) 70 (34.8) 1.858 (35.4) 

Duration of pain in legs, 1–2 y, n (%) 54 (26.9) 1.289 (24.6) 

Duration of pain in legs, > 2 y, n (%) 67 (33.3) 1.691 (32.2) 

Duration of pain in back, No pain, n (%) 8 (4.0) 358 (6.9) .237 

Duration of pain in back, < 3 mo, n (%) 3 (1.5) 173 (3.3) 

Duration of pain in back, 3–12 mo, n (%) 45 (22.4) 1.217 (23.3) 

Duration of pain in back, 1–2 y, n (%) 41 (20.4) 926 (17.7) 

Duration of pain in back, > 2 y, n (%) 104 (51.7) 2.549 (48.8) 

Δ Quality of life (EQ-5D-3L), mean (SD) 0.287 (0.352) 0.269 (0.358) .281 

Δ Functional impairment (ODI), mean (SD) 18.0 (17.2) 16.1 (17.3) .101 

Δ VAS pain (legs), mean (SD) 33.3 (35.8) 29.0 (34.7) .119 

Δ VAS pain (back), mean (SD) 19.3 (33.0) 20.3 (32.0) .649 

Abbreviations: SD, standard deviation; ODI, Oswestry Disability Index; VAS, visual analogue pain scale. 
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qually sized subsets and calculating the average on both. Points on the

5-degree diagonal represents perfect calibration. 

Overall probabilistic accuracy was measured by the Brier score. The

rier score is calculated as an average of the mean squared errors be-

ween predicted probabilities and observed values [20] . It quantifies the

oodness of the predicted probabilities against outcome where a perfect

odel has a score of 0 and the worst possible model has a score of 1. 

pplication development 

The decision support tool PROPOSE was coded in visual basic for

pplication (VBA) in a Windows PC only environment. The application

ntegrated with and relied on an external Excel file containing model

pecifics. Pie charts was chosen for graphical representation based on

he results of a pilot-study with qualitative interviews including 20 pa-

ients. 

esults 

tudy population 

Baseline characteristics and outcome at 1-year of the study popula-

ion are summarized in the second table ( Table 2 ). Differences between

evelopment data and the validation cohort were small, the latter being

lightly older. 

erformance measures 

An assessment of model performance is given as various metrics for

he model testing set and the PROPOSE validation cohort in the third

nd fourth tables ( Table 3 , Table 4 ). As indicated by the Brier score
4

he mean squared errors between predicted probabilities and observed

alues ranged from 0.16 to 0.22 in the model test data, and 0.14 to 0.22

n the validation set. Score rankings were consistent between test and

alidation data. The best accuracy of probabilities was demonstrated by

he walking distance model. The VAS leg pain model had the lowest

egree of accuracy. 

Agreement between observed and predicted outcome (calibration)

y PROPOSE is illustrated in the second figure ( Fig. 2 ). The models

redicting EQ-5D, back pain and walking distance demonstrated fair

oncordance on a group level. Models for ODI and leg pain were less

oncordant. 

The discriminative ability of PROPOSE is also demonstrated for all

 outcomes ( Fig. 3 ). For EQ-5D, ODI, back pain and walking distance

he AUC level is good to excellent ranging from 0.76 to 0.88. The per-

ormance of the leg pain model is less convincing with an AUC level of

.67 and a lower confidence interval value of 0.57 ( Fig. 3 ). 

iscussion 

Systematic data collection of PRO-based registry data enables the de-

elopment of predictive prognostic models that can support shared deci-

ion making and possibly align expectations in the preoperative discus-

ion of treatment options between patients and surgeons. Variability in

linical outcome following LSS surgery often makes it a difficult task for

he surgeon to provide the patient with precise information on what to

xpect. Often, the surgeon must rely on clinical experience or knowledge

n estimated average success rates in the literature. Predictive models

ased on existing cases makes it possible to estimate the most likely

utcome on an individual case level. If implemented in an easy to inter-

ret application understood by both patients and surgeons, such models
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Fig. 2. Calibration curves for PROPOSE. 

Table 3 

Performance of predicted outcome measures – model test data. 

Metrics EQ-5D-3L ODI VAS Leg pain VAS back pain Walking distance 

Number of patients, (n) 1.035 954 1.054 1.047 1.082 

AUC, (CI) 80.4 (77.7; 83.0) 74.3 (71.2; 77.4) 70.6 (67.4; 73.8) 75.7 (72.7; 78.7) 81.9 (79.3; 84.5) 

Sensitivity, % 69.0 62.7 65.2 69.5 70.0 

Specificity, % 78.2 70.3 84.3 79.6 89.0 

Classification error, % (CI) 27.8 32.4 32.6 28.3 25.0 

Accuracy, % 72.2 67.6 67.4 71.7 75.0 

Precision, % 85.9 53.5 97.0 92.5 95.0 

Recall, % 69.0 62.7 65.2 69.5 70.0% 

F-score 0.77 0.58 0.78 0.79 0.81 

MCC 0.45 0.32 0.32 0.41 0.51 

Youden’s J 0.47 0.33 0.49 0.49 0.59 

Cohen’s kappe 0.45 0.22 0.58 0.55 0.53 

Brier score 0.20 0.21 0.22 0.20 0.16 

PPV, % 69.0 62.7 65.2 69.5 70.2 

NPV, % 78.2 70.3 84.3 79.6 88.8 

Abbreviations: AUC, area under the curve; CI, confidence interval; MCC, Matthews correlation coefficient; PPV, positive 

predicted value; NPV, negative predicted value. 
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ould supplement the knowledge and experience of the surgeon and po-

entially improve the decision on treatment. 

We have developed and validated a decision support tool PROPOSE

hich incorporates ML models predicting likelihood of improvement in

Q-5D-3L, ODI, VAS leg, VAS back and walking distance at 12 months

ostoperatively. To our knowledge, this is the first shared decision-

aking support tool of its kind in Denmark. PROPOSE was tested by

urgeons in a real-world clinical setting. Predictive performance was on

ar with our findings during model development and testing. The Walk-

ng distance model demonstrated excellent discriminatory performance

ith an AUC of 0.88 and a Brier score of 0.14. 
5

The lowest discriminatory performance was seen with the VAS leg

ain model with an AUC of 0.67 CI (57.2; 76.1) and a Brier score of 0.22.

he difficulty of predicting leg pain outcome may be related to vari-

bility in individual day-to-day activities. Leg pain is often aggravated

y standing, walking or lumbar extension. Therefore, VAS leg scores

eported at baseline could probably differ considerably depending on

ecent physical activities. 

A deciding factor when choosing the predictive ML algorithm MARS

as intelligibility and ease of implementation during the development

f PROPOSE. More advanced ML methods such as deep learning neural

etworks, support vector machines, and random forests are well suited
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Table 4 

Performance of predicted outcome measures – PROPOSE validation. 

Metrics EQ-5D-3L ODI VAS leg pain VAS back pain Walking distance 

Number of patients, (n) 158 133 157 157 144 

AUC, (CI) 81.3 (74.2; 88.4) 79.0 (71.2; 86.7) 66.6 (57.2; 76.1) 75.9 (21.0; 35.1) 88.3 (82.1; 94.6) 

Sensitivity, % 77.6 69.3 72.4 84.2 80.0 

Specificity, % 73.3 67.2 57.7 60.5 78.0 

Classification error, % (CI) 24.0 (17.0; 31.0) 23.0 (24.0; 39.0) 32.5 (25.2; 39.8) 28.0 (21.0; 35.1) 20. (14.0; 27.0) 

Accuracy, % 75.9 68.4 67.5 72.0 79.0 

Precision, % 82.6 73.2 77.6 66.7 90.0 

Recall, % 77.6 69.3 72.4 84.2 80% 

F-score 0.80 0.71 0.75 0.74 0.85 

MCC 0.50 0.36 0.29 0.46 0.53 

Youden’s J 0.51 0.37 0.30 0.45 0.57 

Cohen’s kappe 0.48 0.39 0.48 0.41 0.58 

Brier score 0.17 0.21 0.22 0.19 0.14 

PPV, % 77.5 69.3 72.4 84.2 79.8 

NPV, % 73.3 67.2 57.7 60.5 77.5 

Abbreviations: AUC, area under the curve; CI, confidence interval; MCC, Matthews correlation coefficient; PPV, positive 

predicted value; NPV, negative predicted value. 

Fig. 3. ROC curves for PROPOSE. 
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v  
or handling high dimensional data, less vulnerable to missingness and

re claimed to outperform traditional algorithms [ 21 , 22 ]. This may not

lways be the case. A systematic review by Christodoulou et al. [23] of

1 studies on clinical prediction found no evidence of superior perfor-

ance of advanced ML algorithms over logistic regression (LR). In a

revious study conducted on DaneSpine data we reached the same con-

lusion after comparing the predictive abilities of LR and MARS to sev-

ral advanced algorithms, with MARS performing slightly better than

R in most cases [24] . It is not inconceivable that alternative algorithms

ncluding advanced ML techniques could enhance future predictions de-
6

ending on added variables. However, one of the shortcomings of many

dvanced ML algorithms are their lack of transparency. It is often not

ossible to comprehend their complex inner workings, commonly re-

erred to as “black boxes ” [25] . This makes it difficult for surgeons to

ommunicate to the patient what caused a particular prediction. 

imitations 

Although PROPOSE performed on par with results from model de-

elopment tests, the study is limited by the small sample size used to
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alidate the tool. Furthermore, validation should preferably be done on

n external data source unrelated to model development (eg, other spine

enters). For this reason, PROPOSE may not generalize well to patients

utside the spine centers participating in this study. 

Missingness in the development data could be a source of selection

ias. Although the data validity of the DaneSpine registry appears to

e largely unaffected by loss of follow-up [26] , there is still a subset of

atients with incomplete data at baseline. 

In this study MCID was used to dichotomize outcome. Alterna-

ive methods such as minimal clinically important improvement (MCII)

27] could lead to different results. Finally, in determining cut-off values

or MCIDs we deemed sensitivity and specificity as equally important.

his might not reflect patient’s preferences. Ideally, threshold setting

hould take both prevalence and the risk associated with misclassifica-

ion into account [28] . 

Besides, decision curve analysis the arguably most important part

f the performance evaluation of the predictive model is lacking [29] .

ence, the true net benefit of PROPOSE is unknown. 

Lastly, any benefit of the predictive model PROPOSE will depend on

he users. If performance expectancy (the degree to which an individual

elieves that using a new technology will help them attain gains in job

erformance) or usability is non-satisfactory or the use of a predictive

odel like PROPOSE is not advocated by the leadership in all probability

t will not be used in the clinical setting [30] . 

uture research 

Introducing new variables to model development may enhance pre-

ictive performance, for example, educational level which is usually as-

ociated with better health outcome. Carefully tuning the default binary

lassification threshold of 0.5 could yield better balanced prediction of

lasses [31] . Handling missing data by multiple imputation [31] thus

ncreasing available data might produce slightly better results. The clin-

cal utility of tools like PROPOSE cannot be evaluated by their predic-

ive performance alone. Therefore, it would be beneficial to quantify the

et benefits of PROPOSE before being introduced into clinical practice.

his can only be achieved by decision curve analysis [32] . For ease of

aintenance and future implementation it would be desirable to rewrite

ROPOSE into a platform independent web-application. 

onclusion 

We have developed a clinical prediction tool to estimate individual-

zed likely improvements in quality of life, leg and back pain, functional

isability and walking distance following surgery for lumbar spinal

tenosis. PROPOSE works in a real-world clinical setting as a proof of

oncept and demonstrates acceptable performance. If thoroughly exter-

ally validated on a sufficient large sample, it may have the potential

f aiding shared decision making between patients and surgeons when

iscussing treatment options. 
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