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Abstract

Purpose To investigate whether the quality-adjusted life years (QALYs) of the patients who underwent bariatric surgery
could be predicted using their baseline information.

Materials and Methods All patients who received bariatric surgery in Sweden between January 1, 2011 and March 31, 2019
were obtained from the Scandinavian Obesity Surgery Registry (SOReg). Baseline information included patients’ sociode-
mographic characteristics, details regarding the procedure, and postsurgical conditions. QALY's were assessed by the SF-6D
at follow-up years 1 and 2. The general and regularized linear regression models were used to predict postoperative QALYSs.
Results All regression models demonstrated satisfactory and comparable performance in predicting QALY's at follow-up
year 1, with R? and relative root mean squared error (RRMSE) values of about 0.57 and 9.6%, respectively. The performance
of the general linear regression model increased with the number of variables; however, the improvement was ignorable
when the number of variables was more than 30 and 50 for follow-up years 1 and 2, respectively. Although minor L1 and L.2
regularization provided better prediction ability, the improvement was negligible when the number of variables was more
than 20. All the models showed poorer performance for predicting QALY's at follow-up year 2.

Conclusions Patient characteristics before bariatric surgery including health related quality of life, age, sex, BMI, postop-
erative complications within six weeks, and smoking status, may be adequate in predicting their postoperative QALY's after
one year. Understanding these factors can help identify individuals who require more personalized and intensive support
before, during, and after surgery.
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Introduction

Globally, the obesity rate is the second-highest in the Euro-
pean region (24% in women and 22% in men) after the
American region (30% in women and 24% in men) [1]. In

Key points

e Quality-adjusted life years (QALYSs) is informative for patients
after bariatric surgery.

o Patient characteristics before bariatric surgery can be used to
predict postoperative QALY's.

o Regularized linear regression models may identify significant
predictors for QALYs.
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Sweden, this rate has doubled within the past 10 years [2],
and the prevalence of morbid obesity (body mass index
(BMI) > 40 kg/m?, or BMI > 35 kg/m? plus at least one
obesity-related comorbidity) has increased markedly [2, 3].
Obesity is a cause of early mortality, reduced health-related
quality of life (HRQoL), and increased risk for cancer, diabe-
tes mellitus, and cardiovascular disorders [4]. Bariatric sur-
gery is the most effective treatment for weight reduction in
people living with morbid obesity [5]. This surgery improves
obesity related comorbidities including diabetes [6] and car-
diovascular disease [7]. A steady increase in the utilization
of bariatric surgery has been observed worldwide, with more
than 600,000 procedures now being performed annually [8].

Risk prediction models are used to guide clinicians and
patients in a joint decision-making process for the selection of
appropriate treatments [9]. For bariatric surgery, postsurgical
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weight [10], remission of associated comorbidities [11], and
postsurgical complications [12] are the common predicted
outcomes, and risk predictors include patient characteristics
(e.g., age, sex, and baseline weight), socioeconomic status,
medical history (e.g., comorbidities), and genetic mark-
ers. However, as the ultimate goal of bariatric surgery is to
improve health, understanding how bariatric surgery might
affect HRQoL is important. A few studies have investigated
this issue [13—16], and there is a scarcity of studies developing
prediction models for HRQoL. The two available prediction
models developed by Cao et al. predict HRQoL measured by
the Obesity-related Problems Scale and SF-36 (including both
sub-domain scores and summary scores) at 2 and 5 year [17,
18], respectively. These models are useful in terms of support-
ing clinicians and patients in making decisions. However, for
resource allocation decision-making within the health sector,
it would also be useful to have a single overall measure such
as quality-adjusted life years (QALYs).

QALYs are a summary measure that incorporates both
life years and quality of life, which enables comparisons
across different disease areas and populations. QALY are
required for economic evaluation involving treatment com-
parisons by many national reimbursement agencies and
advisory bodies, such as the National Institute for Health
and Clinical Excellence (NICE) in the UK and the Dental
and Pharmaceutical Benefits Agency in Sweden [19, 20].
QALYs are calculated by multiplying the duration of time
spent in a health state by its health utility. Health utility,
which preference for a particular health state, is a numeric
value that varies between 0 and 1, where O represents “dead”
and 1 represents “full health”. Health utility can be estimated
by the standard gamble, time trade-off or rating scale meth-
ods. However, as these direct valuation methods are often
difficult to implement, in practice, a pre-scored preference-
based measure (PBM) [21], such as the EQ-5D [22], SF-6D
[23], or the health utilities index (HUI) [24], is applied. The
psychometric properties of the SF-36 instrument has been
estimated among patients with obesity, the validity and reli-
ability of the instrument was accessed with other clinical
indicators and disease specific instrument [25, 26]. SF-36 is
the most commonly applied generic measure among patients
with obesity [25, 26], as well as in Sweden [27]. However,
as the SF-36 is not a preference measure, the SF-36 scores
cannot be used to access health utility score. The short form
six-dimensions (SF-6D) was developed to obtain health util-
ity score from the SF-36 [28] or its 12-item version (SF-12),
using a standard gamble method [29].

There is an association between weight reduction following
bariatric surgery and enhancements in HRQOL. However, this
may not always be the case due to post-surgery complications
or emotional/functional difficulties [30]. The psychological
consequences of bariatric surgery need further investigation.
Previous studies have mainly reported on HRQOL for up to

one-year post-surgery, with only a few studies reporting on
longer-term follow-ups (>2 years) [14], It has been found
that HRQOL is more likely to improve within the first two
years post-surgery, but further investigations is needed to fully
understand HRQoL in the longer term. The study aimed to
investigate whether QALY s of the patients who underwent bar-
iatric surgery could be predicted using baseline information.

Methods
Data sources

Data of all patients who received bariatric surgery in Sweden
between January 1, 2011 and March 31, 2019 (n=47,653)
were obtained from the Scandinavian Obesity Surgery Reg-
istry (SOReg) for the current study. SOReg is a national
quality registry for bariatric surgery in Sweden with a
coverage of >98% nationwide [31]. Information including
patients’ sociodemographic characteristics, details regard-
ing the procedure and postsurgical conditions, HRQoL
assessed by the RAND-36 and Obesity-related Problems
Score. HRQoL data were reported by the patients prior to
surgery and at 1, 2, and 5 years postoperatively. Due to the
large proportion of missing data (>60%), QALYs at 5 years
were not analyzed in the current study. Ethical permission
for analyzing the data was granted by the Ethics Authority
in Sweden (reference number: 2019-03666).

Health outcomes

The SF-36 measures HRQoL in eight domains (social
functioning, physical function, role-physical, bodily pain,
general health, vitality, social functioning, role-emotional,
and mental health), and the SF-36-v1 has been applied in
the SOReg [15, 21]. The short form six-dimensions (SF-
6D) was developed to derive a preference-based score from
the SF-36 [28] or its 12-item version (SF-12) [29]. A brief
description of the method was provided below: firstly, 11
items from the original SF-36 were selected to construct the
SF-6D six domains, which including pain, mental health,
physical functioning, social functioning, role limitations,
and vitality, with each domain described on 4—6 functional
levels. The combination of the different domains and sever-
ity levels defines in total 18 000 health profiles. Step 2, a
subset of 249 health profiles were selected, and valued by
a representative sample from the general population, using
standard gamble (SG) method. Step 3, various econometric
models were tested, to estimate a social value set. Such value
sets have been established in several countries, in the current
study, the UK tariff were applied [28] since no local Swedish
tariff was available.
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QALYs were calculated using the area under the curve
(AUC) method: the SF-6D index at each time point was
represented as data points, which were first connected by
straight lines to define the “curve”. Then, the AUC was
calculated by adding the areas under the curve between
each pair of consecutive observations [32].

Predictors

The following variables were included as predictors in
the current study:

Baseline demographic and health characteristics
(including age, sex, height, weight, BMI, waist cir-
cumference, HbAlc, education level, and smoking sta-
tus), year of operation, operation time (in minutes),
postoperative care period (in days), comorbidities
(including sleep apnea, hypertension, diabetes, dys-
lipidemia, dyspepsia, diarrhea, depression (defined
as pharmacological treatment for depression in the
present study), and other illnesses), history of deep
vein thrombosis (DVT) or pulmonary embolism (PE),
previously cholecystectomy, previously anti-reflux
surgery, surgery type, primary surgery, initially
planned two-step operation, surgical access, reason
for conversion, operation method, other simultaneous
surgery (including cholecystectomy, gynecological
surgery, incisional hernia or umbilical hernia repair,
splenectomy, clearing of adhesions more than 10 min,
cruroplasty, and other surgeries), specific intra-
operative complication (including bleeding, leakage,
abscess/deep infection, wound rupture, other wound
complications, bowel obstruction/ileus, band-related
complications, port-related complications, stricture,
marginal ulcer, cardiovascular complication, DVT/
PE, pulmonary complication, urinary tract infection,
other complications), severity of complication, and
baseline operation score and the 11 SF-36 items for
constructing SF-6D (including three items for physical
function, one for role-physical, two for bodily pain,
one for vitality, one for social functioning, one for
role-emotional, and two for mental health).

Binary and multi-nominal variables were converted
into one or multiple dummy variables, and continuous and
ordered variables were standardized to have a mean of 0
and a standard deviation of 1. HbAlc was log transformed
before standardization due to its asymmetric distribution.

Missing values in the predictors were imputed using
the multiple imputation method in R using the “mice”
package [33]. This involved predictive mean matching
with chained equations and k-nearest neighbors to draw
imputed values, and five imputed datasets were generated
for the later prediction analysis [34].

@ Springer

Prediction models

A general linear regression model and regularized linear
regression models, including Lasso regression (with L1
regulation), ridge regression (with L2 regulation), and elas-
tic net regression (with L1 and L2 regulations together) [35]
were used to predict postoperative QALY's at follow-up years
1 and 2.

A recursive variable elimination (RVE) method was used
during model training, which selected variables by recur-
sively considering smaller and smaller sets of variables
[36]. The models were first trained on the initial set of vari-
ables, then the importance of each variable was evaluated,
and lastly the least important variables were pruned from
the current set of variables. The procedure was recursively
repeated on the pruned set until the desired number of vari-
ables that maximized the R? was eventually reached. The
desired optimal number of variables were arbitrarily set to 1,
11, 21,31,41, 51, 61, and 71 in the current study. For hyper-
parameter tuning during the training of the Lasso regres-
sion, ridge regression, and elastic net regression models, the
exhaustive grid search method over the penalty parameter A
and L1 penalty ratio to maximize the R? was used to deter-
mine the optimal parameters [37]. The relative importance
of the variables selected in each model was evaluated used
the permutation importance [38].

Model training, validation and test

The whole dataset was randomly split into two parts: a train-
ing dataset with 80% of the patients and an external test
dataset with 20% of the patients. For the training dataset,
k-fold (k=35 in the current study) cross-validation was used.
This approach involved randomly dividing the training data
into k groups of equal size. Afterwards, the models were
trained on the k-1 folds, and the remaining one fold was used
to validate the models. The process was repeated until the
models were validated on all the k folds. For each patient
in the training dataset, the predicted value was that he/she
obtained during in the validation. The final models were then
evaluated using the test dataset [39].

Model performance metrics

The performance of the models was evaluated using R? and
relative root mean squared error (RRMSE) [40]. R? is the
percentage of the variation in the outcome variable that is
explained by the predictors. It is commonly used to check
how well-observed results are reproduced by linear models,
depending on the proportion of total deviation of results
explained by the models. Although adjusted R? is recom-
mended for comparing performance between models, there
was no detectable difference between the R? and adjusted
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R? due to the considerable number of variables included in
the final models [41]. RRMSE is another common way of
measuring the performance of the prediction in statistical
modelling, particularly regression analyses. RRMSE quanti-
fies deviations from the true values relative to the mean of
the true values. The smaller the RRMSE is, the better. A
model is considered excellent when RRMSE < 10%, good
if 10% <RRMSE <20%, fair if 20% < RRMSE <30%, and
poor if RRMSE > 30% [40].

Because five test datasets were used for prediction pur-
poses, the final R? and RRMSE of a model were calculated
as the average values of those from the five datasets.

All analyses were conducted in Python 3.7 (Python
Software Foundation, Beaverton, OR, U.S.) and R 4.1.1 (R
Foundation for Statistical Computing, Vienna, Austria).

Results
Patient characteristics

After excluding patients with age < 18 years, BMI <30 kg/
m2, HbAlc< 10 mmol/mol, postoperative care
period > 365 days, and incomplete HRQoL form, 32,232
and 16.141 patients were included in the final analysis for
follow-up years 1 and 2, respectively. The average age of
the patients was 41.2 years, with a standard deviation (SD)
of 11.3 years, and most were women (76.6%, Table 1). The
standardized differences (SDDs) between all the patients and
the patients included in the study at follow-up years 1 or 2
were less than 0.1, except for operation time (Table 1 and
supplementary Table S1). In general, the included patients
were a representative sample of those who received bariatric
surgery in Sweden.

Similarly, although statistically significant differences
were found in the SF-36 item scores, in general, the dif-
ferences were not of clinical significance. Nevertheless,
the inverse probability weighting (IPW) method was used
in later analyses to account for the probability of a patient
being included in the prediction.

The mean QALYs of the included patients at follow-up
years 1 and 2 were 0.72 (SD=0.10) and 1.50 (SD=0.20),
respectively (Tables 1 and S1).

Model performance

In general, all the models showed equivalent performance
by means of R? for both training and test data, without any
observed overfitting (Figs. 1-5). For the general linear
regression model, the performance of the model increased
with the number of variables; however, the improvement
was ignorable when the number of variables was more than
30 and 50 for follow-up years 1 and 2, respectively (Fig. 1).

The results indicated that L1 regularization could not
improve model performance because R? decreased with the
larger penalty parameter A used in the larger Lasso regres-
sion model (Fig. 2).

Although L2 regularization may improve the model per-
formance, indicated by the increased R? with a larger pen-
alty parameter A, the improvement was negligible when the
number of variables was more than 30 and 40 for follow-up
years 1 and 2, respectively (Fig. 3).

The elastic net regression models showed similar results:
less L1 regularization and a smaller L1 penalty parameter A
corresponded to a larger R2 (Figs. 4 and 5). This meant that
less regularization presented better prediction ability. When
more variables were included, the performance improved.
However, the improvement was negligible when the number
of variables was more than 20 (Figs. 4 and 5).

The performance metrics of the optimal models are sum-
marized in Table 2. In general, the four models showed
equivalent prediction ability for QALY at follow-up year
1, with an R? of approximately 0.57 and an RRMSE of
approximately 9.6%. The results indicated that the linear
regression model, whether regularized or not, may explain
about 60% of the variance of 1-year QALY after bariatric
surgery, and the relative error of prediction is less than 10%,
suggesting an excellent prediction ability.

However, all the models showed poorer performance for
predicting 2-year QALYSs. Although the RRMSEs (approxi-
mately 16%) indicated a good performance of the models,
the R? of the models was only approximately 35%.

The selected variables for the optimal models are also
presented in Table 2. In general, baseline SF-36 items, sex,
age, height, weight, ongoing treatment, postoperative com-
plications, and postoperative complications within 6 weeks
etc., were the critical variables for predicting postoperative
QALYs. The most parsimonious model was the elastic net
regression model, which used fewer variables to predict the
QALYs at follow-up year 1 while providing almost equiva-
lent performance (Table 2).

The relative importance of the variables selected in each
model for follow-up year 1 is shown in the supplementary
Figure S1, which indicates that baseline SF-36 items BP2,
SF2, VT2, PF10, MH1, MH4, RP3, RE2, and BP1 are rela-
tively more important for the prediction. However, other var-
iables contributed little to the prediction, which was partially
due to that each of the multinominal variables was split into
several dummy variables.

Discussion
In the current study, baseline indicators of importance

for predicting post bariatric surgery QALYs were identi-
fied, including health-related quality of life, age, sex, BMI,
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Table 1 Baseline demographic characteristics and SF-36 item scores of the patients (follow-up year 1)

Variable All Excluded Included SDD
N (%) 46,753 (100.0) 14,521 (31.1) 32,232 (68.9)
Age (mean (SD)) 41.21 (11.33) 42.92 (11.16) 40.44 (11.31) 0.068
Sex (%) Female 35,820 (76.6) 11,271 (77.6) 24,549 (76.2) 0.012
Male 10,933 (23.4) 3250 (22.4) 7683 (23.8)
Height, cm (mean (SD)) 168.92 (8.99) 168.85 (8.87) 168.95 (9.05) -0.003
Weight, kg (mean (SD)) 119.08 (21.38) 119.23 (20.90) 119.02 (21.60) 0.002
BMI, kg/m? (mean (SD)) 41.58 (5.63) 41.67 (5.45) 41.54 (5.71) 0.007
Belly circumference, cm (mean (SD)) 124.53 (13.97) 124.57 (13.57) 124.51 (14.15) 0.001
HbA1c, mmol/mol (median [IQR]) 37 [34, 41] 38 [35, 42] 37 [34, 41] 0.001
Smoking (%) Yes 4765 (10.2) 1340 (9.2) 3425 (10.6) 0.047
No 28,781 (61.6) 8663 (59.7) 20,118 (62.4)
Occasionally 862 (1.8) 141 (1.0) 721 (2.2)
Quitted recently 7213 (15.4) 2620 (18.0) 4593 (14.2)
Unknown 5130 (11.0) 1757 (12.1) 3373 (10.5)
Education (%) Missing 28,104 (60.1) 7353 (50.6) 20,751 (64.4) 0.088
9-12 years 9985 (21.4) 3836 (26.4) 6149 (19.1)
<9 years 2141 (4.6) 850 (5.9) 1291 (4.0)
> 12 years 6523 (14.0) 2482 (17.1) 4041 (12.5)
Sleep apnea (%) 4773 (10.2) 1602 (11.0) 3171 (9.8) 0.015
Hypertension (%) 11,865 (25.4) 4128 (28.4) 7737 (24.0) 0.040
Diabetes (%) 6152 (13.2) 2024 (13.9) 4128 (12.8) 0.015
Dyslipidemia (%) 4559 (9.8) 1570 (10.8) 2989 (9.3) 0.027
Dyspepsia (%) 5010 (10.7) 1422 (9.8) 3588 (11.1) 0.021
Diarrhea (%) 726 (1.6) 202 (1.4) 524 (1.6) 0.023
Depression (%) 7481 (16.0) 2057 (14.2) 5424 (16.8) 0.030
Other illness (%) 5017 (10.7) 1347 (9.3) 3670 (11.4) 0.033
PF1 (%) 1 31,202 (66.7) 9757 (67.2) 21,445 (66.5) 0.005
2 13,566 (29.0) 4177 (28.8) 9389 (29.1)
3 1985 (4.2) 587 (4.0) 1398 (4.3)
PF2 (%) 1 5743 (12.3) 1556 (10.7) 4187 (13.0) 0.024
2 26,101 (55.8) 8082 (55.7) 18,019 (55.9)
3 14,909 (31.9) 4883 (33.6) 10,026 (31.1)
PF10 (%) 1 3581 (7.7) 832 (5.7) 2749 (8.5) 0.038
2 16,276 (34.8) 4848 (33.4) 11,428 (35.5)
3 26,896 (57.5) 8841 (60.9) 18,055 (56.0)
RP3 (%) 1 21,503 (46.0) 6034 (41.6) 15,469 (48.0) 0.040
2 25,250 (54.0) 8487 (58.4) 16,763 (52.0)
RE2 (%) 1 17,845 (38.2) 4697 (32.3) 13,148 (40.8) 0.036
2 28,908 (61.8) 9824 (67.7) 19,084 (59.2)
SF2 (%) 1 1799 (3.8) 365 (2.5) 1434 (4.4) 0.071
2 5363 (11.5) 1283 (8.8) 4080 (12.7)
3 10,281 (22.0) 2861 (19.7) 7420 (23.0)
4 11,000 (23.5) 3348 (23.1) 7652 (23.7)
5 18,310 (39.2) 6664 (45.9) 11,646 (36.1)
BP1 (%) 1 6725 (14.4) 2229 (15.4) 4496 (13.9) 0.033
2 5687 (12.2) 1926 (13.3) 3761 (11.7)
3 7081 (15.1) 2211 (15.2) 4870 (15.1)
4 16,595 (35.5) 5210 (35.9) 11,385 (35.3)
5 8434 (18.0) 2413 (16.6) 6021 (18.7)
6 2231 (4.8) 532 (3.7) 1699 (5.3)
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Table 1 (continued)

Variable All Excluded Included SDD
BP2 (%) 1 12,134 (26.0) 4145 (28.5) 7989 (24.8) 0.041
2 11,295 (24.2) 3693 (25.4) 7602 (23.6)
3 12,221 (26.1) 3691 (25.4) 8530 (26.5)
4 8161 (17.5) 2293 (15.8) 5868 (18.2)
5 2942 (6.3) 699 (4.8) 2243 (7.0)
MHI1 (%) 1 947 (2.0) 205 (1.4) 742 (2.3) 0.056
2 2136 (4.6) 478 (3.3) 1658 (5.1)
3 4423 (9.5) 1116 (7.7) 3307 (10.3)
4 7360 (15.7) 2117 (14.6) 5243 (16.3)
5 13,607 (29.1) 4225 (29.1) 9382 (29.1)
6 18,280 (39.1) 6380 (43.9) 11,900 (36.9)
MH4 (%) 1 952 (2.0) 192 (1.3) 760 (2.4) 0.060
2 2434 (5.2) 522 (3.6) 1912 (5.9)
3 4278 (9.2) 1086 (7.5) 3192 (9.9)
4 7237 (15.5) 2054 (14.1) 5183 (16.1)
5 15,424 (33.0) 4864 (33.5) 10,560 (32.8)
6 16,428 (35.1) 5803 (40.0) 10,625 (33.0)
VT2 (%) 1 1023 (2.2) 352 (2.4) 671 (2.1) 0.047
2 4248 (9.1) 1532 (10.6) 2716 (8.4)
3 7103 (15.2) 2391 (16.5) 4712 (14.6)
4 11,120 (23.8) 3702 (25.5) 7418 (23.0)
5 13,868 (29.7) 4093 (28.2) 9775 (30.3)
6 9391 (20.1) 2451 (16.9) 6940 (21.5)
Operation score (median [IQR]) 70.8 [50.0, 83.3] 66.7 [45.8, 83.3] 70.8 [50.0, 87.5] 0.053
Operation time, minutes (median [IQR]) 58 [43, 43] 65 [50, 86] 55 [40, 40] 0.132
Postoperative care period, days (median [IQR]) 1[1,2] 21[1,2] 1[1,2] 0.001
QALYs at 1 year (mean (SD)) - - 0.72 (0.10) -

Student’s t test or the Mann—Whitney U test were used for continuous variables, and the chi-squared test was used for categorical variables.
BP, bodily pain; MH, mental health; PF, physical function; RE, role-emotional; RP, role participation; SF, social function; VT, vitality.
SDD: standardized difference
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Table 2 Performance of the models in terms of R and RRMSE

Model

RRMSE (%) Variables selected

General linear regression

Lasso regression

Ridge regression

Elastic net regression

Follow- R?
up year

1 0.573
2 0.344
1 0.572
2 0.350
1 0.574
2 0.350
1 0.569
2 0.347

9.58

15.98

9.72

15.90

9.58

1591

9.58

15.82

Male, smoking, education, ongoing treatment, surgery type, non-laparoscopy, reason
of convert, non-GBP, previous anti-reflux surgery, primary surgery, step 1 in a
duodenal switch operation, other simultaneous surgery, postoperative complica-
tions within 6-weeks, intra-operative complications, bleeding amount, severity of
postoperative complication, and SF-36 items,

Height, weight, BMI, smoking, education, surgery type, non-laparoscopy, reason of
convert, non-GBP, operation duration, ongoing treatment, previous anti-reflux sur-
gery, initially planned 2-step operation, step 1 in a duodenal switch operation, other
simultaneous surgery, postoperative complications within 6-weeks, intra-operative
complications, severity of postoperative complication, and SF-36 items

Age, height, weight, BMI, belly circumference, HbAlc, operation duration, post-
operative care period, year of operation, depression, annual procedure volume of
hospital, and SF-36 items

Age, male, height, weight, BMI, belly circumference, HbAlc, smoking, education,
surgery type, non-laparoscopy, reason of convert, non-GBP, operation duration,
postoperative care period, year of operation, ongoing treatment, DVT or PE,
previous cholecystectomy, previous anti-reflux surgery, primary surgery, initially
planned 2-step operation, annual procedure volume of hospital, and SF-36 items,

Male, smoking, education, surgery type, non-laparoscopy, reason of convert, non-
GBP, ongoing treatment, previous anti-reflux surgery, primary surgery, step 1 in a
duodenal switch operation, other simultaneous surgery, postoperative complications
within 6-weeks, bleed amount, severity of postoperative complication, and SF-36
items, intra-operative

Height, weight, BMI, smoking, education, surgery type, non-laparoscopy, reason
of convert, non-GBP, operation duration, ongoing treatment, previous anti-reflux
surgery, primary surgery, initially planned 2-step operation, step 1 in a duodenal
switch operation, other simultaneous surgery, postoperative complications within
6-weeks, intraoperative complication, bleed amount, severity of postoperative
complication, and SF-36 items

Bleed amount, severity of postoperative complication within 6-weeks, and SF-36
items

Height, weight, BMI, male, belly circumference, HbA ¢, operation duration, postop-
erative care period, year of operation, and SF-36 items
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smoking, glycemic control, pre- and post-operative compli-
cations within 6 weeks, may provide important information
to predict postoperative QALY's of the patients. Additionally,
factors unrelated to the patient, in particular year of surgery
and annual hospital volume are also of importance. The
results of the study could be useful for supporting decision-
making in health resource allocation. The QALY's improved
after bariatric surgery both at year 1 and year 2 relative to
the baseline, with a slightly higher improvement from year
1 to 2 (1.50-0.72=0.78) compared with that from baseline
to year 1 (0.72). This finding is in line with previous stud-
ies showing that bariatric surgery is effective in improving
health among patients with morbid obesity [42].

The current study focused mainly on baseline character-
istics and their prediction ability on postsurgical QALYs.
The ability of baseline characteristics to predict post-surgical
QALYs was generally effective at year 1 but showed a rela-
tive decrease at year 2. This indicates that relying solely on
baseline characteristics may be useful to predict QALYs
related to the initial weight-loss phase, but remains insuf-
ficient to predict long-term QALY's for which information
on post-surgical weight, complications, behavioral traits and
comorbidities may also be necessary [17, 18]. Additionally,
other factors such as mental health and social support are
likely to play significant roles in patients' HRQoL also [43,
44]. Baseline HRQoL (defined by the SF-36 items) was
found to be important for both year 1 and 2’s QALY's across
all the models, in line with previous studies [17, 18]. This
was also confirmed by the relative importance of the HRQoL
variables for the prediction of follow-up year 1 (Figure S1).

Both socioeconomic status and lifestyle factors are known
to be strongly associated with health [20]. Specifically, age,
sex, BMI, and socioeconomic status have all been associ-
ated with HRQoL changes in post bariatric surgery [13,
15]. These associations were confirmed in the present study
(Table 2). In addition, smoking was an important predictor
for postoperative health, which also concurred with a pre-
vious study [13]. Knowledge about these factors can help
identify groups in need of more intense and individualized
support in the preoperative, perioperative and postopera-
tive settings. However, it remains important to stress that
while some factors are associated with lower improvement
in perceived health, all groups benefited from the surgi-
cal intervention and thus should not be excluded from this
important treatment. In addition, suffering from a surgical
complication was associated with reduced HRQoL improve-
ment. This finding supports a previous study suggesting that
patients who suffer from a serious postoperative complica-
tion have a higher use of antidepressants and opioids, as well
as a higher rate of readmissions over two years after surgery
[45]. On the other hand, preoperative use of antidepressants
or chronic opioid use might be associated with increased
risk for overall and serious postoperative complications [46,

@ Springer

47]. Increased awareness of the mental impact of a serious
postoperative complication and the availability of increased
support for patients who suffer from such complications may
be important.

Our findings indicated that L1 or L2 regularization might
improve the performance of the linear models used to pre-
dict the 1-year postoperative QALY's of bariatric patients;
however, the improvement was minor. Twenty would be a
proper number of the variables to be used to predict the
1-year QALY based on the current data available. Although
RRMSE is less than 10%, an R? of 60% is moderate, which
might be improved with more information at baseline.

Strengths and limitations

QALYs combine both quality of life (health utility) and
quantity of life (life years) simultaneously and can sum-
marize health outcomes from multiple follow-ups, which
might provide a better overall measure of health improve-
ment. Information from this study is useful for economic
evaluation studies. The variables used in the study were all
based on data from high-quality sources that are continu-
ously validated.

However, there are also limitations in the current study.
First, QALYs’” weights were based on the UK population,
as no Swedish SF-36 tariff is currently available. Therefore,
potential deviation in the QALY's estimates for the Swedish
patient population might be exist, which needs to be verified
in the future. Second, missingness in the current HRQoL
data is substantial, especially for follow-up year 2, which is
common in HRQoL studies. Although we did not detect a
significant difference in baseline characteristics between the
whole patient population and the patients who had follow-up
information, the assumed missing at random mechanism for
multiple imputation might not hold, and potential sampling
bias could not be ruled out [48].

Conclusions

Patient characteristics before bariatric surgery including
health-related quality of life, age, sex, BMI, smoking, gly-
cemic control, pre- and post-operative complications within
6 weeks, may provide important information to predict post-
operative QALY of the patients. Additionally, factors unre-
lated to the patient, in particular year of surgery and annual
hospital volume are also of importance. Knowledge of these
factors can help identify groups in need of more intense and
individualized preoperative, perioperative and postoperative
support.
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