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Background: Individual lifestyle varies in the real world, and the comparative
efficacy of lifestyles to preserve renal function remains indeterminate. We
aimed to systematically compare the effects of lifestyles on chronic kidney
disease (CKD) incidence, and establish a lifestyle scoring system for CKD
risk identification.

Methods: Using the data of the UK Biobank cohort, we included 470,778
participants who were free of CKD at the baseline. We harnessed the light
gradient boosting machine algorithm to rank the importance of 37 lifestyle
factors (such as dietary patterns, physical activity (PA), sleep, psychological
health, smoking, and alcohol) on the risk of CKD. The lifestyle score was
calculated by a combination of machine learning and the Cox proportional-
hazards model. A CKD event was defined as an estimated glomerular
filtration rate <60 ml/min/1.73 m2, mortality and hospitalization due to
chronic renal failure, and self-reported chronic renal failure, initiated renal
replacement therapy.

Results: During a median of the 11-year follow-up, 13,555 participants
developed the CKD event. Bread, walking time, moderate activity, and vigorous
activity ranked as the top four risk factors of CKD. A healthy lifestyle mainly
consisted of whole grain bread, walking, moderate physical activity, oat cereal,
and muesli, which have scored 12, 12, 10, 7, and 7, respectively. An unhealthy
lifestyle mainly included white bread, tea >4 cups/day, biscuit cereal, low drink
temperature, and processed meat, which have scored —12, -9, —7, —4, and
—3, respectively. In restricted cubic spline regression analysis, a higher lifestyle
score was associated with a lower risk of CKD event (p for linear relation
< 0.001). Compared to participants with the lifestyle score < 0, participants
scoring 0—-20, 20-40, 40-60, and >60 exhibited 25, 42, 55, and 70% lower risk
of CKD event, respectively. The C-statistic of the age-adjusted lifestyle score
for predicting CKD events was 0.710 (0.703-0.718).
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Conclusion: A lifestyle scoring system for CKD prevention was established.
Based on the system, individuals could flexibly choose healthy lifestyles and
avoid unhealthy lifestyles to prevent CKD.

lifestyle, chronic kidney disease, machine learning, scoring system, cohort study

Introduction

Chronic kidney disease (CKD) is a progressive condition,
which affects approximately 10% of adults worldwide (1). As
a growing public health problem, CKD not only increases the
risk of end-stage kidney disease (ESRD) and cardiovascular
disease (1) but also exerts a major effect on global mortality
(2). A healthy lifestyle is important for the preservation of
kidney function, while the quality of evidence-based lifestyle
recommendations for CKD remains weak.

On the basis of cardiovascular risk, a healthy lifestyle was
defined as eating a high-quality diet, moderate- to vigorous-
intensity physical activity (PA), modest body mass index,
never smoking, and drinking alcohol in moderation (3-8).
Although CKD and cardiovascular disease are closely connected
by similar epidemiological risk factors and mechanisms, a
straightforward extrapolation of cardiovascular healthy lifestyle
to CKD prevention needs to be cautiously handled (9). Recently,
the relationship between CKD incidence and certain lifestyle,
such as dietary patterns (10-12), physical activity (13, 14),
alcohol consumption (15-17), cigarette smoking (18, 19), sleep
(20), and psychological health (21, 22), has been investigated
in some studies with a limited sample size, and the results
were equivocal. Furthermore, individual lifestyle varies greatly
in the real world. Currently, a comprehensive comparison of
the relationship between individual lifestyle and CKD in a large-
scale population is lacking.

Traditional approaches are difficult to analyze large datasets
with multidimensional variables and non-linear relationships
among risk factors and outcomes (23, 24). As a common form
of artificial intelligence, machine learning successfully predicted
long-term outcomes and selected suitable interventions, mainly
depending on its high efficiency in handling tremendous
variables and capturing high-dimensional relationships (24—
28). Harnessing the cohort of UK biobank and supercomputer
platform, we aimed to establish a machine learning-based CKD
lifestyle-recommendation system, and test its performance via
predicting the incidence of CKD.

Methods

This study was an analysis of the UK Biobank cohort, which
received approval from the National Information Governance
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Board for Health and Social Care and the National Health
Service North West Multicenter Research Ethics Committee.
All participants provided informed consent through electronic
signature at the baseline assessment (29). The current analysis
was approved by the UK Biobank with an ID of 66,536.

Study population

The UK Biobank cohort recruited more than 500,000
community dwelling participants, aged 40-69 years, from across
the United Kingdom. At baseline, we excluded participants with
estimated glomerular filtration rate (eGFR) < 60 ml/min/1.73
m? chronic renal failure [International Classification of
Diseases-10 (ICD-10) code: N18; or ICD-9 code: 5,859], self-
reported chronic renal failure (code: 1,192), initiated renal
replacement therapy (30), and subjects with <5% of whole

lifestyle data.

Assessment of lifestyle behaviors

We included diet, physical activity, smoking, alcohol
drinking, sleep, and psychological health as the main six
lifestyle behaviors (3, 31). For the assessment of dietary intakes,
participants completed a questionnaire which included diet
items with the frequency of consumption. Fruit, vegetable,
bread, cereal, and muesli were recorded in slices per week, table
spoons per day, pieces per day, and bowls per week (integer
units). Intakes of meat, fish, and cheese responses were recorded
as “less than once a week,” “once a week,” “two to four times a
week,” “five or six times a week,” “once or more daily,” or “never”
(polytomous variables). Tea or water intake was recorded in
integer units of cups/glasses per day. We further categorized
bread as white, brown, and whole-grain bread; cereal as bran,
biscuit, oat cereal, or muesli; vegetable as raw and cooked
vegetable; meat as pork, beef, and lamb; fish as oily fish and non-
oily fish. The frequency of alcohol intake was recorded as “daily

» «

or almost daily,” “three or four times a week,” “one or two times a
week,” “special occasions only or never” (polytomous variables).
Smoking status and alcohol drinking status were categorized
into current and non-current (such as never and former) at the
time of assessment. An adequate sleep was defined as having a

sleep duration of 7-9 h/day. We defined psychological health as
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participants who did not suffer from illness, injury, bereavement,
and stress in the past 2 years.

For physical activity, participants were asked with “in the
last 4 weeks did you spend any time doing the following:
walking for pleasure, other sports (swimming/cycling/keeping
fit), strenuous sports (requires sweat or hard breathing), light
do it yourself (DIY) (e.g., pruning and watering the lawn)
and heavy DIY (e.g., weeding, lawn mowing, carpentry, and
digging).” In addition, we included variables of “frequency of
stair climbing in the last 4 weeks (ranged from none to >20 times
a day).” Time spent in vigorous, moderate activity, and walking
was weighted by the energy expended for these categories
of activity, to produce metabolic equivalent of task (MET)
min/week of physical activity (calculation procedure of MET
were provided in supplements). Vigorous activities included
running, cycling uphill, carrying heavy furniture upstairs,
martial arts, competitive sports, or intensive exercise. Moderate
activities included walking upstairs, going the gym, jogging,
energetic dancing aerobics, general sports, using heavy power
tools, and other physically demanding DIY and gardening. For
non-physical activities time, participants were asked with “in a

» «

typical day, how many hours do you spend on driving,” “how
many hours do you spend using the computer;” and “how many
hours do you spend watching the television.” Details on other

covariates are described in the supplement.

Outcomes

We used the equation of the Modification of Diet in Renal
Disease study (MDRD) to calculate the eGFR. We defined
CKD event incidence as one of the following conditions: eGFR
< 60 ml/min/1-73 m® during the follow-up, mortality and
hospitalization due to chronic renal failure and self-reported
chronic renal failure (N18 of ICD-10 or 5,859 of ICD-9; or
1,192 of self-report code), initiation of renal replacement therapy
(299.2,794.0 and Z49 of ICD-10) (30). Secondary outcomes
included cardiovascular diseases and all-cause mortality.

Statistical analysis

We implemented the model training and parameter tuning
in machine learning with Python 3.8.3. Cox proportional
hazards models and other statistical analyses were conducted
using R 4.0.3. We conducted all the statistical analyses on the
supercomputer platform (inspur M5).

Machine learning

Participants who developed CKD events were grouped as
incident CKD. We classified those who were free of CKD events
as non-CKD. We used the baseline lifestyle factors in both
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groups to perform the procedure of machine learning. Taking
the accuracy of varied machine learning methods, speed and
memory consumption into account, we chose the light gradient
boosting machine (LightGBM) algorithm for machine learning.
LightGBM is a gradient boosting framework that uses tree-
based learning algorithms. We conducted the whole procedure
with LightGBM Python-package (https://lightgbm.readthedocs.
io/en/latest/Python-Intro.html), and parameters setting were
provided in the supplement. In ranking the importance of
individual variables, we adopted the conditional importance
to avoid bias generated from multiple variables with different
scales and variable collinearity in our dataset. The mean decrease
impurity (MDI) of LightGBM was used as a measure of

feature importance.

Cox proportional hazards models

Cox proportional hazards models were used to validate the
association of individual lifestyle factors with incident CKD
events. The duration of follow-up was calculated as the time
between the baseline and the first occurrence of main outcome
for participants who developed CKD events, or the end of
follow-up for the current data release for those who were free
of CKD events. Age and gender were adjusted as confounders.
R 4.0.3 was used for the Cox proportional hazards regression
(package “survival”) and proportional subdistribution hazards
regression (package “cmprsk”). We used the ggsurvplot function
in the survminer package to plot the cumulative hazard function.

Lifestyle score

The lifestyle scoring system was established based on the
combination of machine learning and the Cox proportional-
hazards model. The hazard ratios (HRs) were used to identify
a healthy or unhealthy lifestyle factor, and the modified MDI
(MDI/1,000) was adopted as the lifestyle score for every factor.
The total lifestyle score equals to the scores of healthy lifestyle
factors minus the scores of unhealthy lifestyle factors. We
used restricted cubic spline regression analysis to explore the
relationship between total lifestyle score and the incident CKD
event. Receiver operator characteristic (ROC) curves and C-
statistics were adopted to evaluate the performance of the
lifestyle scoring system.

Results

Complete data were available for 470,778 participants who
were free of CKD in the UK Biobank study. After a median of
11-year follow-up, there were 13,555 participants who developed
CKD events and 457,223 participants who stayed free of CKD.
The baseline characteristics of these two groups are summarized
in Table 1.
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TABLE 1 Baseline characteristics of participants who kept free of CKD and during follow-up.

Keep free of CKD events Develop CKD events

No. of Participants 457,223 13,555
Male (%) 5391 50.87
Age (years) 57 (8) 62 (6)
Ethnic background

White (%) 94.57 94.04

Mixed (%) 0.60 0.44

Asian (%) 1.96 233

Black (%) 1.63 2.32

Chinese (%) 0.33 0.18
History of diabetes (%) 8.05 28.85
History of hypertension (%) 27.74 69.92
Body mass index (kg/m?) 27.29 (4.73) 29.39 (5.38)

Systolic blood pressure (mmHg)
Diastolic blood pressure (mmHg)
Mean arterial blood pressure (mmHg)
Fasting blood glucose (mmol/L)
Glycated hemoglobin (%)
Estimated GFR (ml/min/1.73 m?)
Urea nitrogen (mmol/L)

Uric acid (wmol/L)

Total cholesterol (mmol/L)
Triglycerides (mmol/L)

HDL cholesterol (mmol/L)

LDL cholesterol (mmol/L)
Current Smoking (%)

Current Alcohol Consumption (%)

137.52 (18.44)
82.25 (10.05)
100.67 (11.86)

144.01 (19.88)
83.06 (10.49)
103.38 (12.26)

5.10 (1.18) 5.62 (2.13)
5.43 (2.75) 5.44 (3.17)
85.63 (14.97) 76.24 (14.48)
528 (1.22) 5.86 (1.39)

305.11 (78.21)

335.34 (82.02)

5.71 (1.13) 5.44 (1.26)
1.73 (1.02) 1.98 (1.12)
1.46 (0.38) 1.35(0.37)
3.57 (0.86) 3.39 (0.94)
10.74 11.60
92.22 87.78

Data are represented as median (interquartile range). The glomerular filtration rate (GFR) was estimated with the use of the Modification of Diet in Renal Disease equation. CKD, chronic

kidney disease; GFR, glomerular filtration rate; HDL, high density lipoprotein; LDL, low density lipoprotein.

The importance of 37 lifestyle factors on incident CKD event
was ordinally presented in Supplementary Figure 1. Bread, MET
minutes of walking, MET minutes of moderate physical activity,
tea, MET minutes of vigorous physical activity, water, cereal, raw
vegetable, cooked vegetable, and fresh fruit ranked the top ten
lifestyle factors associated with CKD.

In the age and gender adjusted Cox proportional hazards
models, higher intakes of following dietary factors were
associated with the lower risk of CKD event: whole grain bread
(HR 0.77, 95% confidence interval (CI) 0.74-0.79), oat cereal
(0.92, 0.89-0.96), muesli (0.74, 0.71-0.77), raw vegetable (0.99,
0.98-1.00), cooked vegetable (0.98, 0.97-0.99), fresh fruit (0.98,
0.97-0.99), dried fruit (0.68, 0.62-0.74), cheese (0.56, 0.49-
0.65 for one time or more daily), oily fish (0.72, 0.68-0.77 for
two times or more in a week), and non-oily fish (0.87, 0.79-
0.95 for two times or more in a week); while higher intakes
of following dietary factors were associated with the higher
risk of CKD event: white bread (1.36, 1.31-1.41), biscuit cereal
(1.17, 1.12-1.22), processed meat (1.40, 1.31-1.50 for two times
or more in a week), salt added to food (1.17, 1.08-1.26 for
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always), pork (1.20, 1.12-1.30 for two times or more in a
week), poultry (1.29, 1.18-1.42 for two times or more in a
week), beef (1.46, 1.34-1.60 for two times or more in a week),
and lamb (1.23, 1.12-1.35 for two times more in a week). For
physical activity, walking MET >2,000 min/week (0.94, 0.90-
0.99), moderate PA MET >800 min/week (0.96, 0.93-1.00),
climbing stair (0.62, 0.57-0.68 for more than 20 times per day),
usual walking pace (0.33, 0.32-0.35 at brisk pace), walk for
pleasure (0.69, 0.67-0.72), swimming/cycling/keeping fit (0.72,
0.70-0.75), light DIY (0.65, 0.60-0.70), heavy DIY (0.86, 0.83-
0.89), and strenuous sports (0.78, 0.75-0.81) were associated
with the lower risk of CKD event. In addition, the longer
time of mild to moderate physical activity did the subjects
reported, the lower the risk of CKD they had. Subjects with
current smoking (1.28, 1.21-1.35), tea >5 cups/day (1.12, 1.07-
1.18), lower drinking temperature (1.06, 1.00-1.13), variation
in diet (1.33, 1.25-1.41), and psychological stress (1.27, 1.23-
1.31) showed the higher risk of CKD event, while current alcohol
drinking (0.66, 0.62-0.69) and adequate sleep (0.81, 0.78-0.84)
were associated with a lower risk (Supplementary Figure 2).
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A Recommended healthy lifestyle Against unhealthy lifestyle
Individual Score - Individual Score
1
Intake of whole grain bread High Intake of white bread High
2 Intake of oat cereal E Intake of biscuit cereal
:qj Intake of muesli = Processed meat
- ]
g Intake of cooked vegetable iow Intake of poultry Low
> Intake of fresh fruit E Intake of pork
.g Intake of dried fruit 1 Intake of beef > once a week
fa) Intake of cheese i Salt
Intake of oily fish . Intake of lamb
Intake of non-oily fish _E
Walking MET min > 2000/week : Tea > 4 cups per day _
1
Moderate PA MET min > 800/week ! Low drink temperature 4
K} Climbing stairs : Variation in diet :
> Brisk walking pace E Srmake
(7,) .
‘s_’ Otherexercises H Psychological stress
= Walking for pleasure ]
o Light DIY '
=
= Alcohol consumption !
o Heavy DIY '
Adequate sleep :
1
Strenuous sports :
1
Sp = Sum of healthy individual score i Sd = Sum of unhealthy individual score
Lifestyle score = Sp - Sd
B . N
Lifestyle score Grading
0~20 Lifestyle score grade1
20 ~ 40 Lifestyle score grade2
40 ~ 60 Lifestyle score grade3
FIGURE 1
Score of lifestyle factors. (A) Healthy and unhealthy lifestyles are categorized according to the hazard ratios (HRs) in Supplementary Figure 2.
The mean decrease impurity (MDI)/1,000 was adopted as the lifestyle score for every factor. Moderate PA included walking upstairs, going the
gym, jogging, energetic dancing aerobics, most sports, using heavy power tools, and other physically demanding DIY and gardening. Light DIY
included pruning, watering the lawn; other exercises included swimming, cycling, keeping fit, and bowling; Heavy DIY included weeding, lawn
mowing, carpentry, and digging. PA, physical activity; DIY, do-it-yourself; MET, Metabolic Equivalent Task. (B) The lifestyle score was categorized
as <0, 0-20, 20-40, 40-60, corresponding to grade O, grade 1, grade 2, grade 3 and grade 4 respectively.

Adopting the modified MDI (MDI/1,000) as the individual
lifestyle score for healthy and unhealthy lifestyle factors, we
summarized the lifestyle score in Figure 1. As the restricted
cubic spline regression analysis showed, the relationship
between the lifestyle score and the risk of CKD event was
manifested as linear (p for linear <0.001) (Figure2A). A
higher individual lifestyle score was significantly associated
with a lower risk of cardiovascular diseases (Figure 2B) or
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all-cause mortality (Figure 2C). Compared with participants
with lifestyle score < 0, participants scoring 0-20, 20-40, 40-
60, and >60 exhibited 25% (20%, 29%), 42% (39%, 46%), 55%
(52%, 58%) and 70% (64%, 74%) lower risk of CKD event,
respectively (Figure 2E). For predicting CKD events by the age-
adjusted lifestyle score, the area under the curve (AUC) of
ROC was 0.710 (0.703, 0.718) and C-statistics 0.706 (0.704,
0.708) (Figure 2D).
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Hazard ratio of CKD events
Hazard ratio of CVD events

Hazard ratio of all-cause mortality
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Lifestyle score

Lifestyle score
005
== Lifestyle score graded
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== Lifestyle score grade2
Lifestyle score grade3
0041 == Lifestyle score graded
075 §
o
x
Qo003
2z S
2 AUC: 0.710(0.703-0.718) -
F 050 L g
c .
& E 002
=
5
H
0.25 3
001
0.00 > 000
0.00 0.25 050 0.75 1.00

30 60 30 0 30 60
Lifestyle score

HR 1[Reference]

HR 0.75(0.71,0.80)

HR 0.58(0.54,0.61)

HR 0.45(0.42,0.48)

HR 0.30(0.26,0.36)

1 - specificity

FIGURE 2

lifestyle factors) and the risk of CVD events or all-cause mortality.

Validation of the lifestyle score in long-term outcomes. Panel (A) shows a restricted cubic spline regression analysis, which indicates a linear
relationship between the total lifestyle score (equals to the scores of healthy lifestyle factors minus the scores of unhealthy lifestyle factors) and
risk of CKD events. Panel (B) shows the categorization for risk of CKD event according to the total lifestyle score. Panel (C) shows the receiver
operator characteristic curves (ROC) of the age-adjusted lifestyle score. Panel (D) or (E) is a restricted cubic spline regression analysis, which
indicates a linear relationship between the total lifestyle score (equals to the scores of healthy lifestyle factors minus the scores of unhealthy

Years

Discussion

With a systematic comparison of 37 lifestyle factors effects
on CKD risk by machine learning, we established a lifestyle
scoring system for CKD risk identification. The relationship
between the lifestyle score and the risk of CKD event was linear,
and an ROC analysis proved that the system was effective in
predicting the CKD incidence. Our study not only confirmed
that the majority of CVD-based healthy lifestyle factors were
applicable to the prediction of CKD, but also, for the first time,
provided unified hierarchies of evidence for preventing CKD
by lifestyle.

Recent studies involved in the relationship between diet and
CKD have exhibited inconsistent results. In some cohort studies,
healthy dietary patterns such as Dietary Approaches to Stop
Hypertension (DASH) and multicomponent diet were shown
to be associated with the lower risk of CKD incidence (32, 33).
However, other cohort studies indicated that a healthy dietary
pattern (DASH or American Heart Association recommended
dietary pattern) was not associated with the incident CKD (11,
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12). Using a large-scale cohort of UK Biobank, we confirmed that
whole-grain bread, oat cereal, muesli, cheese, fruit, vegetable,
and fish were associated with the lower risk of CKD incidence,
supporting that healthy dietary patterns are beneficial in CKD
prevention. Previous studies suggested that both low and high
intake of water were not beneficial in CKD (34), while no
significant association was observed between tea and the risk of
CKD (35, 36). In our dataset, an excessive intake of tea (>5 cups
per day) or water (>4 glasses per day) was associated with the
higher risk of developing CKD, which argued for an appropriate
consumption of tea or water.

Previous studies suggested that a higher level of total
physical activity was associated with a lower risk of developing
CKD or ESRD (13, 37), which were also validated in our
study. Beyond total physical activity, our analysis of individual
physical activity showed that spending any time for walking,
swimming/cycling/keeping fit, stair climbing, and light/heavy
DIY were associated with the lower risk of CKD event, indicating
that occasional light physical activity was also helpful in the
prevention of CKD. In addition, a meta-analysis showed that

frontiersin.org


https://doi.org/10.3389/fnut.2022.918576
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org

Luo et al.

both short- and long-sleep durations were associated with a
higher risk of CKD (20), and psychological distress was also
shown to be positively associated with the CKD risk (38).
Both sleep and psychological health were validated to be the
predictors of CKD event in our analysis.

Previous studies on the relationship between alcohol intake
and the risk of CKD were inconsistent. A cohort study
showed that regular and occasional binge alcohol drinking
were associated with a higher risk of CKD progression when
compared with non-drinking (15). In contrast, a meta-analysis
indicated that compared to participants with a minimum alcohol
consumption, those who had light to heavy (>12 g/day) intake
of alcohol were associated with a lower risk of CKD (16). In
our study, although the importance of alcohol consumption
on CKD was not as high as diet or physical activity, a higher
intake of alcohol was associated with a lower risk of CKD,
arguing a protective effect of alcohol consumption on the
CKD progression. It was suggested that a higher level of high-
density lipoprotein cholesterol (HDL-C) and a lower level of
plasminogen activator inhibitor-1 might explain the protective
role of alcohol (16). Apart from alcohol, our results also
demonstrated the detrimental effect of smoking on CKD, which
is similar to previous findings (18).

The main strengths of this study included a large-
scale population with more than 450,000 participants, long
follow-up time, and a comprehensive lifestyle evaluation.
More importantly, we wused supercomputer to analyze
multidimensional variables and non-linear relationships by
machine learning, which might be more efficient and accurate
than traditional methods. Our study also had some limitations.
On one hand, most lifestyle factors were evaluated only at
baseline. Although the large-scale population diminished the
impact of one-time evaluation bias, repeat assessments often
leads to more convincing results. On the other hand, most
participants adopted the western lifestyle, which is different
from Asia, Africa, and other areas. Whether the lifestyle scoring
works well in different populations needs to be further verified.
In addition, more than 90% of our participants were Whites.
There are significant ethnic disparities in CKD progression
(39), and the influence of lifestyle factors on CKD was shown
to be varied among different ethnicities (40). Although the
homogeneity of race is helpful for controlling confounders, our
findings need to be replicated in other populations, such as
Asians and blacks.

Conclusion

In conclusion, a lifestyle scoring system for CKD prevention
established by integrating dietary patterns, physical activity,
sleep, psychological health, smoking, and alcohol was associated
with an increased risk of CKD. On the basis of the lifestyle
scoring system for CKD risk, people could flexibly choose
healthy lifestyles and avoid unhealthy lifestyles. Further study is

Frontiersin Nutrition

07

10.3389/fnut.2022.918576

needed to verify whether the system will improve clinical care
and patient outcomes.

Practical application

Harnessing the cohort of UK biobank and supercomputer
platform, we established a lifestyle scoring system for CKD
prevention. Based on the system, individuals could flexibly
choose healthy lifestyles and avoid unhealthy lifestyles to
prevent CKD.
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