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Purpose: To evaluate a random forest (RF) algorithm of lower urinary tract symptoms (LUTS) as a predictor of all-cause mortality in
a population-based cohort.

Materials and Methods: A population-based cohort of 3143 men born in 1924, 1934, and 1944 was evaluated using a mailed
questionnaire including the Danish Prostatic Symptom Score (DAN-PSS-1) to assess LUTS as well as questions on medical conditions
and behavioral and sociodemographic factors. Surveys were repeated in 1994, 1999, 2004, 2009 and 2015. The cohort was followed-
up for vital status until the end of 2018. RF uses an ensemble of classification trees for prediction with a good flexibility and without
overfitting. RF algorithms were developed to predict the five-year mortality using LUTS, demographic, medical, and behavioral factors
alone and in combinations.

Results: A total of 2663 men were included in the study, of whom 917 (34%) died during follow-up (median follow-up time 15.0
years). The LUTS-based RF algorithm showed an area under the curve (AUC) 0.60 (95% CI 0.52-0.69) for five-year mortality. An
expanded RF algorithm, including LUTS, medical history, and behavioral and sociodemographic factors, yielded an AUC 0.73 (0.65—
0.81), while an algorithm excluding LUTS yielded an AUC 0.71 (0.62-0.78).

Conclusion: An exploratory RF algorithm using LUTS can predict all-cause mortality with acceptable discrimination at the group
level. In clinical practice, it is unlikely that LUTS will improve the accuracy to predict death if the patient’s background is well
known.
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Introduction

Lower urinary tract symptoms (LUTS) are common and the prevalence of LUTS increases with age." The etiology of
LUTS is multifactorial, as symptoms can be due to bladder outlet obstruction, detrusor overactivity or underactivity, or
prostatic inflammation, but also non-urological conditions including cardiovascular diseases, metabolic syndrome, and
neurological symptoms.**

Considering that LUTS can be associated with multiple comorbidities, the association of LUTS with premature death
has been a topic of considerable research efforts. However, the association of LUTS with aging and several comorbidities
makes it difficult to determine the value of LUTS as a prognostic factor for premature death. Nevertheless, there is
growing evidence that LUTS are a potential indicator and risk factor for mortality but most of the previous studies have
focused exclusively on nocturia.*® However, some studies have shown that urgency, increased daytime urinary
frequency and any urinary incontinence increase the risk of death but the evidence is sparse and somewhat
controversial.>”** Prediction models for general population have been developed but not adopted for common use unlike
those for specific medical conditions (eg coronary heart disease, breast cancer, and cardiovascular disease) which are

included in clinical guidelines to guide management.”
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The aim of the current study is to evaluate the usefulness of LUTS as a prognostic marker for mortality on its own as
well as in combination with demographic, medical, and behavioral factors. We approach this aim by a random forest (RF)
algorithm to identify the complex prediction patterns among multiple variables in a population-based cohort of middle-
aged and elderly Finnish men. Machine learning (ML) techniques, including RF, have been shown to improve the
accuracy of premature all-cause mortality prediction compared to standard methods.’ Therefore, it is important to
evaluate their usability in common study designs, such as cohort studies.

Materials and Methods

Study Population

This report is part of the population-based Tampere Ageing Male Urologic Study (TAMUS) focusing on urological
symptoms and sexual functioning among middle-aged and elderly men consisting of 50-, 60-, and 70-year-old men at the
beginning of the study. The study was launched in Pirkanmaa County, Finland, in 1994 with repeated rounds in 1999,
2004, 2009, and 2015. Self-administered questionnaires were mailed with an informed consent form to the study cohort
at all rounds. The study details have been published previously.'*'> The study protocol was reviewed by the ethics
committee of the Pirkanmaa Hospital District (tracking number 99050) and was conducted in accordance with the
Declaration of Helsinki.

Data Collection and Variables

The Danish Prostatic Symptom Score (DAN-PSS-1) was used to evaluate LUTS.'® An exception was made in the 1994
assessment, which lacked the questions concerning slow stream and straining. Consequently, questions concerning slow
stream and straining in the subsequent rounds were dropped from the current analysis, leaving ten of twelve items of the
DAN-PSS-1. Each item contains two elements as parts A and B cover symptom severity and symptom-related bother,
respectively. Every man providing answers to at least eight of the ten items of the DAN-PSS-1 in part A in at least one
questionnaire round was included in the study.

The variables derived from the questionnaire were grouped into four categories for the current study: LUTS
(hesitancy, feeling of incomplete emptying, post-micturition dribble, daytime frequency, nocturia, urgency, urgency
incontinence, dysuria, stress incontinence, mixed incontinence, and total DAN-PSS-1 score), medical (diabetes, cardiac
disease, hypertension, cerebrovascular disease, and cancer), behavioral (body mass index (BMI) and smoking), and
sociodemographic (age, education, marital status, and occupation status) factors. Age was calculated when the ques-
tionnaire was completed. In addition, we computed total DAN-PSS-1 score by taking the product of A and B and
summing up the products for all items.

Information on the date and cause of deaths were obtained through Statistics Finland until the end of 2018.

Statistical Analyses

The study period was divided into five-year time windows following each questionnaire round. The main outcome
variable was death from any cause (yes/no) during that period. Thus, each man had a minimum of one observation of the
questionnaire and outcome and a maximum of five observations if they survived the entire study period and participated
in each round.

In medical research, ML is used in the field of diagnostics and prognosis with promising results.'”* Therefore, we
chose to use one of the ML methods, the RF, to evaluate the usefulness of LUTS in predicting mortality. The RF
algorithm has the advantage over standard statistical methods in that no particular structure for the predictive model has
to be assumed or pre-specified (eg proportionality assumption, linearities, or interactions). Instead, the RF algorithm uses
an ensemble of classification trees for the prediction.®* In a single tree, the dataset is split into two groups using
a threshold value of a variable. The threshold is chosen such that homogeneity within the groups is maximized. After the
first split, the process is applied to each group recursively until the groups reach a minimum size or until no improvement
can be made. Each tree is constructed using a random subset of individuals and variables. The final predictions are based
on a large number of developed trees.
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We trained nine different RF algorithms to determine LUTS usefulness in mortality prediction using RF. First, RF
algorithms using each category (LUTS, medical, sociodemographic, and behavioral factors) alone were fitted. Second,
RF algorithms using information of LUTS combined with one of the other categories one at a time were created. Finally,
RF algorithms using other variables than LUTS and LUTS combined with other variables were trained. Additionally, RF
algorithms predicting death due to cardiovascular deaths, cancer deaths, pulmonary disease deaths and deaths caused by
falling were developed. For this purpose, three different RF algorithms were developed: on LUTS alone, on other
variable categories than LUTS, and LUTS combined with other categories.

The RF was initially designed for independent observations. Recent extensions to dependent data have coupled the
RF with an appropriate generalized mixed model.”> 2" We implemented another approach to avoid any modelling
assumptions and to develop an RF algorithm that makes use of all data in its training but does not require longitudinal
input data for prediction. To meet this purpose, we used a specific resampling variant of the RF algorithm. First, we
sampled 90% of men to the training set of the RF algorithm. Second, we fitted the algorithm to that set of data so that for
each tree, one observation per man was used (ie stratified sampling from each man), in which the last observation prior to
death was sampled with a probability of 0.5, if present, and one of the other observations also with 0.5 probability. Thus,
the observations used for the construction of a single tree were independent, and observations preceding death were
sampled more frequently than those preceding “no death” to reduce imbalance between outcomes. Five hundred trees
were grown in this manner and thus, all the observations for a man in the training set were (in practice) used multiple
times in the development of the forest. Third, we assessed the performance of the RF on an independent test set
consisting of 10% of the men and one randomly chosen observation per man. Performance was assessed using sensitivity,
specificity, and area under the curve (AUC) on the test dataset. Finally, we conducted resampling and RF fitting steps (1—
3) with 90—10% splits of men 200 times to ensure that the vast majority of the men were part of the test set at least once.
The estimated performance measures were aggregated over the resamples. We used 20% as the threshold probability of
death in the calculation of the sensitivity and specificity. The quantiles of the resampled AUCs were used to estimate the
confidence intervals. The RF algorithm was implemented in R with the randomForest package.

After every resampled training and test sample, missing data were imputed with the rflmpute algorithm, which used
proximity in the RF to impute missing values.”® To reduce the known possibility of a slight overestimation of the
algorithm prediction performance, we implemented these independently to the training and test samples, as well as
repeatedly at every resampling step, resulting in a distribution of imputed values for a missing value rather than a single
value.

Results

A total of 2067 questionnaires (66% of those mailed) were returned in 1994, 2133 (75%) in 1999, 1905 (76%) in 2004,
1424 (66%) in 2009 and 1146 (66%) in 2015. A flow chart of population formation for the current study is shown in
Figure 1. Among the total eligible 2663 men (85% of those mailed), 690 (26%) provided data in all five questionnaire
rounds, 525 (20%) in four, 461 (17%) in three, 470 (18%) in two, and 517 (19%) in one round. Demographic and medical
information based on the questionnaires is summarized in Supplementary Table 1. The median follow-up time was 15.0
years (Ql = 10.0, Q3 = 21.0). During the follow-up from 1994 to the end of 2018, 917 (34%) men included in the
analysis died.

When considering 20% as the threshold probability for a high risk of 5-year mortality, the RF showed a sensitivity of
0.42 and specificity of 0.72 when using LUTS alone for the algorithm (Table 1). The corresponding AUC 0.60 (95% CI
0.52-0.69) indicates some predictive ability for LUTS for all-cause mortality. With the same threshold, the sensitivity in
detecting men at high risk of death was lower for sociodemographic, medical, or behavioral factors alone compared to
the use of LUTS alone: sensitivities were 0.17, 0.03 and 0.02 for sociodemographic, medical and behavioral factors,
respectively. Unsurprisingly, a low sensitivity was associated with high specificities of 0.94, 0.99, 1.00 for RFs based on
sociodemographic, medical, and behavioral factors, respectively. Sociodemographic variables showed the highest
potential with AUC 0.60 (0.53-0.68) among sociodemographic, medical, or behavioral factors used alone but was
comparable to the AUC with LUTS alone.
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Figure | Flow chart of the formation of the study population.

Adding any other set of variables to the RF with LUTS resulted in some improvement in the predictive ability

(Table 1). It made little difference which variable group was used. The best-performing RF algorithm contained all

variable groups, including LUTS, and demonstrated a marked increase in the AUC (0.73, 0.65-0.81), reaching an

acceptable level of discrimination.”® Additionally, the confidence interval nearly excludes that of LUTS alone.

The most important predictor variables were age and body mass index (Supplementary Figure 1). Other important

variables included marital status, educational level, cardiac disease, and smoking status. Of the LUTS variables, the total

Table 1 AUC, Sensitivity and Specificity of the Random Forest by Using Different Variable Groups

Variable Groups Included in the Algorithm AUC (95% CI) | Sensitivity | Specificity
LUTS 0.60 (0.52-0.69) 0.42 0.72
Medical factors 0.56 (0.50-0.62) 0.03 0.99
Sociodemographic factors 0.60 (0.53-0.68) 0.17 0.94
Behavioral factors 0.55 (0.47-0.64) 0.02 1.00
LUTS + Medical diseases 0.65 (0.56-0.67) 0.58 0.67
LUTS + Sociodemographic factors 0.68 (0.61-0.75) 0.62 0.63
LUTS + Behavioral factors 0.64 (0.56-0.72) 0.54 0.66
Medical diseases + Sociodemographic factors + Behavioral factors 0.71 (0.62-0.78) 0.58 0.73
LUTS + Medical diseases + Sociodemographic factors + Behavioral factors | 0.73 (0.65-0.81) 0.74 0.60

Abbreviations: AUC, area under the curve; Cl, confidence interval; LUTS, lower urinary tract symptoms.
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DAN-PSS-1 score, daytime frequency, feeling of incomplete emptying, hesitancy, and nocturia were the most important
ones. Variations in the predicted probability of death by age, BMI, DAN-PSS-1 total score, and marital status are

presented in Figure 2, and for specific LUTS (daytime frequency, feeling of incomplete emptying, and nocturia) in

Supplementary Figure 2. Naturally, the probability of death increased with age. Both extremes of BMI, underweight and

overweight, were associated with an increased risk of death, as BMI showed a U-shaped curve. Widowers had a higher

mortality rate than other men. The probability of death also increased with the DAN-PSS-1 score, but with a plateau at 75

points. Considering LUTS variables, nocturia severity was associated with a clear increase in the probability of death, but

other symptoms also showed an effect though weaker.
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Figure 2 The variation of predicted probability of death between the variable values for age, BMI, DAN-PSS-| total score and marital status.

Clinical Interventions in Aging 2024:19

https:

Dove:

241


https://www.dovepress.com/get_supplementary_file.php?f=432368.pdf
https://www.dovepress.com
https://www.dovepress.com

Akerla et al

Table 2 AUC of the Random Forest by Using Different Variable Groups to Predict Death Due to

Specific Cause

Variable Groups Included in the Algorithm

AUC (95% CI)

Cardiovascular deaths

LUTS

Medical diseases + Sociodemographic factors + Behavioral factors

LUTS + Medical diseases + Sociodemographic factors + Behavioral factors
Cancer deaths

LUTS

Medical diseases + Sociodemographic factors + Behavioral factors

LUTS + Medical diseases + Sociodemographic factors + Behavioral factors
Pulmonary disease deaths

LUTS

Medical diseases + Sociodemographic factors + Behavioral factors

LUTS + Medical diseases + Sociodemographic factors + Behavioral factors
Deaths caused by falling

LUTS

Medical diseases + Sociodemographic factors + Behavioral factors

LUTS + Medical diseases + Sociodemographic factors + Behavioral factors

0.57 (0.46-0.70)
0.71 (0.61-0.79)
0.73 (0.63-0.82)

0.56 (0.46-0.70)
0.68 (0.54-0.81)
0.67 (0.54-0.79)

0.57 (0.32-0.76)
0.62 (0.42-0.82)
0.65 (0.41-0.79)

0.65 (0.44-090)
0.68 (0.48-0.90)
0.73 (0.52-0.89)

Abbreviations: AUC, area under the curve; Cl, confidence interval; LUTS, lower urinary tract symptoms.

The predictive ability of RF was also evaluated for four groups of causes of death: cardiovascular diseases, cancers,
respiratory diseases, and falls. An algorithm including only information of LUTS showed little predictive ability for
cardiovascular diseases, cancers, or respiratory diseases with the AUC values close to 0.5 (Table 2). The RF including
variables other than LUTS was a moderate predictor of cardiovascular diseases (AUC 0.71, 0.61-0.79). Adding LUTS to
the RF slightly increased the AUC (0.73 0.63—0.82). For deaths due to respiratory diseases or cancers, the RF algorithm
showed AUC values below 0.7. There were few deaths due to falls, which led to a zero sensitivity to predict death caused
by falls for the RF with all the variables when the threshold was 20% probability. Nevertheless, the AUC values for
predicting deaths caused by falls were comparable to those for other causes of death: 0.68 (0.48—0.90) for the RF
algorithm including variables other than LUTS and 0.73 (0.52-0.89) for the RF algorithm including also LUTS.

Discussion

Our population-based follow-up study shows that RF incorporating LUTS can reasonably predict five-year risk of death.
However, LUTS alone was not a good predictor of five-year mortality (AUC 0.60), although it showed a similar
predictive capacity as demographic and medical variables alone. Combining LUTS with demographic, medical, or
behavioral factors increased the ability of the RF algorithm to predict five-year mortality to some degree, but the AUCs
were still quite low (0.64 to 0.68). Only a combination of all demographic, medical, and behavioral factors provided
a moderate predictor with an AUC of 0.71 (as AUC values over 0.7 can be considered to describe an acceptable
discrimination).”” Adding information of LUTS into an algorithm with the other three variable groups showed the highest
AUC of 0.73, although with overlapping confidence intervals with the RF without LUTS.

Even though ML methods are increasingly used in medical research, few studies have investigated all-cause mortality
in a population-based cohort. Instead, most studies have focused on narrow special situations, like perioperative mortality
or mortality in specific acute conditions such as infections or cardiovascular events. Weng et al used a large population
cohort from the United Kingdom, including 502,628 women and men, to compare the predictive ability of the RF with
that of the Cox regression model and another ML method (deep learning) for premature all-cause mortality.” They found
that the ML methods (RF and deep learning) were more accurate in predicting mortality than the Cox model (AUC 0.69
compared to RF AUC 0.78 and deep learning AUC 0.80). These results are quite similar to our results regardless of the
difference in the number of predictor variables. The study cohort provided approximately 60 predictor variables, which is
a notably greater number than the 22 predictor variables in our study, of which 11 involved LUTS. In another study, Reps
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et al developed a model using ML to predict patients’ death based on the Observational Medical Outcomes Partnership
(OMOP) Common Data Model (CDM) by using over 88,000 predictor variables with good results.*®

In previous studies, LUTS, especially nocturia, have been suggested as predictors for premature death.*>=' To our
knowledge, the present study is the first to employ LUTS and ML methods such as RF to predict all-cause mortality in
a population-based cohort. The weaker prediction accuracy of LUTS compared to the findings of previous LUTS
association studies on mortality can be explained by the more efficient elimination of confounding factors compared
to traditional regression models.

In the present study, combining LUTS with other predictors resulted in the highest AUC, although the confidence
intervals overlapped with the AUC of the combination of the other three variable groups. This suggests that the predictive
information from LUTS is captured by other characteristics, with little independent contribution from LUTS. The
association between LUTS and mortality can result from its association with comorbidities, such as cardiovascular
disease, metabolic syndrome, and diabetes.®*?3* Therefore, when comorbidities are included in the algorithm, LUTS
add very little. One of the potential benefits of the RF method, the detection of non-linear associations, was confirmed in
our study by identifying and characterizing non-monotonous associations for BMI and LUTS.

The main limitations of the study are the small number of men and outcome events in the study population as well as
a relatively limited set of predictor variables. This may limit the accuracy of the RF. The RF including all variables
showed the highest AUC but with broad confidence intervals. With a larger study cohort, one could obtain more precise
results and a better estimate of the contribution of LUTS to the discrimination ability. ML was developed to deal with
vast amounts of data and ideally learns from those data masses, but our analysis contained only 22 variables for two and
a half thousand men. The behavioral factors contained only two variables (smoking and BMI). With more extensive
information (eg medication, physical activity, and family history), the predictive capability would probably be improved.
When interpreting the findings of population-based studies, the validity of the estimates and their applicability in real-
world practice must always be considered. The study cohort represents primarily a Caucasian population including both
urban and rural residents. Therefore, the results of the current study can be generalized to the Caucasian population. The
study findings can only be applied to male patients because the etiologies of various LUTS vary between men and
women. In the study sample, factors associated with both LUTS and mortality, such as prostate cancer, were likely to
affect some individuals. Furthermore, factors that can be protective against both LUTS and mortality, such as a history of
care-seeking, probably affected a small proportion of men. However, we did not apply any selection criteria for the
cohort because of the complex causal pathways between various health issues, LUTS, and mortality, as well as the risk of
wasting information resulting in weaker statistical power. Finally, the data on the variables included in the analyses were
based on self-reports and could therefore be subject to response bias.

Conclusions

In conclusion, the RF algorithm is a good but not a groundbreaking tool for predicting all-cause mortality based on LUTS
and a limited set of key risk factors. However, an algorithm based on LUTS alone has a poor discriminative capacity. In
clinical practice, it is unlikely that LUTS will improve the accuracy to predict death if the patient’s background is well
known. Therefore, the management of male LUTS should include the assessment of men’s general health, risk factors,
and major comorbidities.

Abbreviations
LUTS, Lower urinary tract symptoms; RF, random forest; ML, machine learning; TAMUS, Tampere Ageing Male
Urologic Study; DAN-PSS-1, Danish Prostatic Symptom Score; BMI, body mass index; AUC, area under the curve.
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