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Objectives—This analysis sought to determine factors (including adiposity-related factors) most
associated with HF-type symptoms (fatigue, shortness of breath, and edema) in adults with chronic
kidney disease (CKD).

Background—Symptom burden impairs quality of life in CKD, especially symptoms that
overlap with HF. These symptoms are common regardless of clinical HF diagnosis, and may

be affected by subtle cardiac dysfunction, kidney dysfunction, and other factors. We used machine
learning to investigate cross-sectional relationships of clinical variables with symptom scores in a
CKD cohort.

Methods—~Participants in the Chronic Renal Insufficiency Cohort (CRIC) with a baseline
modified Kansas City Cardiomyopathy Questionnaire (KCCQ) score were included, regardless
of prior HF diagnosis. The primary outcome was Overall Summary Score as a continuous
measure. Predictors were 99 clinical variables representing demographic, cardiac, kidney and
other health dimensions. A correlation filter was applied. Random forest regression models were
fitted. Variable importance scores and adjusted predicted outcomes are presented.

Results—The cohort included 3,426 individuals, 10.3% with prior HF diagnosis. BMI was the
most important factor, with BMI 24.3 kg/m? associated with the least symptoms. Symptoms
worsened with higher or lower BMls, with a potentially clinically relevant 5 point score decline at
35.7 kg/m? and a 1-point decline at the threshold for low BMI, 18.5 kg/m2. The most important
cardiac and kidney factors were heart rate and eGFR, the 41 and 51 most important variables,
respectively. Results were similar for secondary analyses.

Conclusions—In a CKD cohort, BMI was the most important feature for explaining HF-type
symptoms regardless of clinical HF diagnosis, identifying an important focus for symptom
directed investigations.

Keywords
CKD; body mass index; heart failure; symptoms; machine learning

Introduction

Symptom burden impairs quality of life for persons with chronic kidney disease (CKD),
even in the early stages, and identification and amelioration of symptoms is a crucial
goal.(1) However, the large burden of comorbidities and complications in CKD make
investigating relationships of risk factors with symptoms in individuals challenging,
complicating management and clinical investigation.

Fatigue, shortness of breath, and edema—referred to herein as HF-type symptoms—are
common in CKD populations, and can be caused by kidney, cardiovascular, and other
processes. Fatigue is the most common symptom in CKD, affecting most individuals.(1, 2)
Shortness of breath has been estimated to affect 28% of persons with CKD.(1, 3) Peripheral
edema is a bothersome symptom common to more advanced or proteinuric CKD and HF.
The complex comorbidities often present in persons with CKD leads to uncertainty about the
causes of these HF-type symptoms.(4) Improved understanding of these relationships may
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be an important step towards developing effective clinical interventions to reduce symptom
burden.

Especially relevant to HF-type symptoms, cardiovascular comorbidities and overt and subtle
cardiac abnormalities are prevalent even in early stage CKD, and structural abnormalities
progress in tandem with CKD.(5, 6) Cardiac hypertrophy, which develops early and
underlies much of the diastolic dysfunction observed in CKD, can manifest with HF
symptoms.(7, 8)

To assess HF-type symptoms and their impact on functioning and quality of life
—uparaphrased as HF-type symptoms/health status—the Kansas City Cardiomyopathy
Questionnaire (KCCQ) has been developed and validated for use in HF. It has subsequently
been approved by the US Food and Drug Administration (FDA) as a Clinical Outcome
Assessment for clinical trials in HF.(9) In CKD populations without diagnosed HF, scores
from a modified KCCQ instrument in the Chronic Renal Insufficiency Cohort (CRIC)

were associated with higher risk of incident HF hospitalization, independent of kidney
function and other HF risk factors.(10, 11) A previous cross-sectional analysis of CRIC data
used multivariable logistic regression with stepwise selection to investigate how a set of
clinical variables related to a dichotomous outcome of significant HF-type symptoms. BMI
(along with demographics, smoking status, asthma, coronary artery disease, diabetes, and
peripheral arterial disease) was independently associated with risk of low KCCQ score, with
a BMI >35 kg/m? associated with approximately 4-fold higher odds of having significant
symptoms compared to a BMI <27 kg/m2.(10)

The complexity of the CKD disease process means that numerous pathways have the
potential to influence HF-type symptoms, most prominently, cardiovascular health, kidney
health, and anemia. To learn more about how diverse health processes relate to HF-

type symptoms in CKD, simultaneous analysis of comprehensive health metrics in a
highly measured cohort may enable novel insight. To perform these analyses, where
parameterizations of relationships are unknown, interactions are unknown and likely
complex, and multiple related variables may provide complementary information yet be
collinear, certain machine learning algorithms have demonstrated success.(12) Machine
learning methods are available that can implicitly handle uncertain complex relationships
and enable investigation in a data-driven, interpretable way (including ranking of variables
in terms of importance), and these techniques have revealed novel insights in other complex
areas in medicine.(13, 14)

To study the relationships of kidney, cardiac, and other clinical parameters with subjective
HF-type symptom burden in CKD (a patient-centered metric) in a data-driven way without
imposing assumptions about presence or lack of interactions, specific relationships, and
parameterizations, we conducted a cross sectional analysis in a CKD cohort using the
machine learning technique random forests.

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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Materials and Methods

Participants

We included persons enrolled in the CRIC study during Phase 1 & 2: adults 21-74 years old
with CKD by eGFR thresholds (eGFR 20-70 ml/min/1.73m? for ages 21-44 years, 20—60
ml/min/1.73m2 for 45-64 years, and 20-50 ml/min/1.73m? for 65-74 years) at seven clinical
sites, 2003-2007, who attended the Year 1 visit (n=3520).(15, 16) Exclusion criteria were
missing analysis baseline (CRIC Year 1) Overall Summary Score (n=30) and kidney failure
with replacement therapy at baseline (n=64), resulting in 3,426 persons. Participants with
and without prior clinical HF diagnosis were included. Sensitivity analyses were performed
separately in those with and without prior HF diagnosis. Baylor College of Medicine’s
Institutional Review Board determined the analyses of de-identified data to not be human
subjects research.

Outcomes

The primary outcome was the cross-sectional KCCQ Overall Summary Score as a
continuous variable. A 5 point change is considered significant, and scores <75 are
considered to reflect clinically important symptoms.(9, 11, 17, 18) The KCCQ is a 23-item
self-administered questionnaire that quantifies physical limitations, symptom stability, self-
efficacy, and social limitations related to dyspnea, fatigue, and edema.(19) The KCCQ
was designed and validated to assess health status in persons with HF, and the FDA has
determined that components of the KCCQ are appropriate clinical outcome assessments in
HF.(20, 21) For application to persons with CKD regardless of HF diagnosis, the KCCQ
administered in CRIC had minor modifications to remove references to HF diagnosis;
scoring was not changed.(10) Secondary outcomes were the other KCCQ summary score
(Clinical Summary) and 6 domain scores (Symptoms, Physical Function, Quality of Life,
Social Limitation, Symptom Stability, and Self-Efficacy), treated as continuous variables.
A sensitivity analysis was performed with dichotomized Overall Summary Score as the
outcome (=75 vs. <75), as this threshold has been used to distinguish clinically important
symptoms.(9)

Predictors

Predictors were clinical and demographic variables related to kidney, cardiovascular, and
general health status and functioning, in addition to social factors, that were available at
the analysis baseline and that were missing for <20% of participants. This resulted in 99
variables categorized into demographics, social factors, comorbidities, medications, vital
signs, laboratory measures, echocardiographic measures, and ECG measures (Table 1). To
allow meaningful assessment of variable importance scores by reducing variable dilution,
predictors were winnowed using an unsupervised correlation filter.(22) Sensitivity analyses
were performed using different predictor sets: all predictors, a narrow subset of predictors
(10) selected based on clinical reasoning of relevance to HF-type symptoms, and these 10
selected predictors plus N-terminal pro-brain natriuretic peptide (NT-proBNP) level, which
was only available from CRIC Year 0 (one year prior to the analysis baseline). Finally, a
post-hoc analysis was run which replaced BMI with waist circumference among the main set
of predictor variables.

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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Statistical Methods

Analysis steps were 1) predictor selection, 2) missing value imputation, 3) random forest
modeling, and 4) generation of interpretable summaries showing how clinical variables
relate to symptom scores, including model performance metrics, variable importance scores,
and partial dependence plots (Supplemental Figure 1). Partial dependence plots show the
average predictions from the model when the variable of interest alone is varied for all
participants (the marginal effect of changing the variable of interest).

Random forests is a non-parametric technique widely used in machine learning for its
versatility and robustness, and can be used for regression or classification (Supplemental
Figure 2).(23, 24) Although most widely known for prediction, random forests are widely
used for descriptive learning in studying complex variable relationships in biomedical

and other fields, as we use it.(12, 13, 25, 26) Random forests use sets of decision trees
generated by recursive sampling of bootstrapped samples of data, with the ultimate goal of
minimizing variance through averaging many noisy but unbiased models.(23, 27) Individual
trees partition data into smaller groups that get progressively more homogeneous with
respect to the outcome variable.(28) Individual trees, however, tend to overfit the data, so the
ensemble method of random forests was developed. The random forest algorithm generates
multiple bootstrapped samples of the original data and trains one decision tree on each
sample. To train a decision tree, the algorithm selects at each split the best predictor from

a random subset of the original predictors. The size of the random subsets we used was the
total number of predictors divided by 3 for the regression models, and the square root of the
number of predictors for the classification model. We checked for improvement with altering
the number of predictors, but found none. Splitting is continued for each tree until a stopping
criterion is met. This process is repeated the number of times set by the investigator, and
then the final model is constructed by averaging the results from these trees. For this
analysis, we chose to use 1000 trees for each model.(28) We then assessed qualitatively the
overall relationship between the model and the primary and secondary outcomes using the
percentage of variance explained and root mean squared error for regression, and the error
rate for classification, which were calculated using out-of-bag predictions. Out-of-bag refers
to the predictions being calculated using the observations randomly excluded from each
tree’s training data, thus serving as internal validation data.

We used variable importance scores to assess which variables were most strongly related

to KCCQ scores. The variable importance scores measure total decrease in node impurity
from splitting on a variable, measured by residual sum of squares (regression) or decrease in
the Gini index (classification).(29) As variable importance scores can be diluted by highly
correlated variables, for the primary analysis we selected a subset of variables using a
correlation filter. This filter was an unsupervised algorithm to select a group of variables
with no pairwise correlations >0.5 (Spearman method), a threshold set by the investigators.
We also ran sensitivity analyses using the different sets of predictors discussed above. We
reran the primary analysis separately in those with and without clinically diagnosed HF.

We assessed relationships between clinical variables and symptom scores qualitatively
using two and three dimensional partial dependence plots, which allow visualization of
the complex, non-parametric modeled relationships.

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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Missing predictor values were imputed separately for each analysis using random forest
imputation, which uses proximity matrices derived using random forests (with 300 trees
and 5 iterations) to impute values.(29) Analyses were performed using R Version 4.0.2
(www.r-project.org) and the packages randomForest, caret, and recipes.

In the 3,426 included participants, median (IQR) Overall Summary Score was 90 (IQR:
70-98). Clinical HF diagnosis was present in 354 (10.3%). Predictor values, stratified by
Overall Summary Score =75 (low symptoms, n = 2,446 [71.4%]) versus <75 (significant
symptoms, n = 980 [28.6%]), are summarized in Supplemental Table S 1. Standardized
differences in predictor values (by Overall Summary Score <75 vs. >75) are shown in
Figure 1. For the primary analysis, the random forest regression model explained 27.1%

of the variance in Overall Summary Score (root mean square error 18.1) (Supplemental
Table S 2). The model performance for other outcomes and sensitivity analyses were largely
similar, except for the Self-Efficacy and Symptom Stability scores (0.1% and 0% variance
explained), and the model for Overall Summary Score limited to persons with diagnosed HF
(10.0% variance explained; RMSE 23.4).

BMI had the highest variable importance score in the primary analysis, and in all but one
sensitivity analysis, and a marked difference in variable importance score was observed
between BMI and the other variables (Figure 2, Supplemental Figures 3-6). The one
sensitivity analysis where BMI did not have the highest variable importance was the model
that included all predictors, including several highly correlated with BMI (weight, waist
circumference, and body surface area), which diluted the variable importance score of BMI.
In this model, income category had the highest importance, and BMI had the second highest.
(Supplemental Figure 7).

Predicted Overall Summary Score was highest at BMI = 24.3 kg/m?2, and monotonically
declined for higher BMIs, reaching a 5 point (that is, clinically important) decline at BMI
= 35.7 kg/m? (Figure 3). A lesser decline in Overall Summary Score occurred with BMI
<24.3 kg/m?, with a 1.0-point decline at the low threshold for healthy BMI, 18.5 kg/m2,
and maximal decline of 1.9 points at the lowest BMI (15.1 kg/m2). Hemoglobin level

had the second highest variable importance score in the primary analysis (Figure 4). The
highest score was with hemoglobin of 14.5 g/dl, followed by substantial decrease with
lower hemoglobin levels, reaching a 5 point decline at 8.5 g/dl. With higher hemoglobin, a
maximal decline of 2.0 points was observed with maximal hemoglobin (19.5 g/dl). There
was no visual evidence of interaction between BMI and hemoglobin level (Supplemental
Figure 8). Higher education level was associated with higher predicted Overall Summary
Score, with highest attainment (college degree) having an adjusted predicted score 4 points
higher than lowest attainment (no high school diploma).

Individual characteristics from each predictor category were represented among the most
influential variables. Of kidney health/function metrics, eGFR demonstrated the highest
variable importance (51" most important variable). Of cardiovascular metrics, heart rate was
the most important (41 most important overall). The social variable educational category

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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was the 3™ most important variable in the primary analysis. In the analysis limited to
persons with diagnosed HF, heart rate was the 2"d most important variable, following BMI,
and the drop off in importance score after BMI was less marked than in other analyses
(Supplemental Figure 5).

In the post hoc analysis which replaced BMI with waist circumference among the main
predictor variable set, waist circumference had by far the highest variable importance score.
The increase in node purity with for the 2" most important variable, hemoglobin, was 42%
that of waist circumference, and the shape of the relationship with Overall Summary Score
was similar to that observed with BMI (Supplemental Figure 9).

Discussion

We have found that, among a large collection of clinical variables, BMI had by far the
strongest relationship with a score targeting HF-type symptoms and related health status
in a cohort of people with CKD with and without diagnosed HF. The modest performance
of the models, however, suggests that other characteristics beyond what were evaluated in
these analyses—for example, depression and depressive symptoms—may be important in
explaining the observed variation in HF-type symptoms/health status.(30, 31)

It is notable that BMI, rather than cardiovascular or kidney metrics or hemoglobin level,

had the strongest relationship with a HF-type symptom/health status score focused on the
burden of fatigue, dyspnea, and edema. This cohort did have substantial kidney disease,
clinical and subclinical cardiovascular abnormalities, diabetes, and anemia, and numerous
metrics for these were included in the analyses, so insufficient variance in or capture of these
factors do not seem likely explanations. What is striking is not the importance BMI, which
has been previously reported, but that this factor could be the most important predictor.(10)
Nevertheless, the study results do not imply causality.

First, we note that, as with almost all biometrics, extreme BMIs at either end were associated
with worse outcome. This was most pronounced on BMI’s long right tail, although the
decline is notable with more modest BMI increases: at BMI of 35 kg/m?, the 71.7t
percentile in this cohort, the expected Overall Summary Score had dropped by nearly 5
points from the maximum, a potentially clinically relevant difference. Certainly the cross-
sectional nature of our analysis does not help to point any causal arrows, but in the context
of other evidence it seems possible that adiposity itself may be driving the symptoms. BMI
may also be influenced by extracellular fluid volume, particularly relevant to HF symptoms,
but it seems likely that the major share of BMI variance in this community dwelling cohort
was due to adiposity, supported by the unchanged findings in the primary model when BMI
was replaced by waist circumference. BMI remained the most important factor in subgroups
with and without previously diagnosed HF.

In general populations, obesity is associated with fatigue, shortness of breath, and reduced
quality of life. Fatigue is very common in obese US community dwelling individuals,(32)
and a cohort study found that this relationship remained even after adjustment for depression
and cytokine levels.(33) Obesity may contribute to fatigue through sleepiness driven by

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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sleep-related breathing disorders,(34) through depression,(35) and through neuromuscular
pathways.(36) Obesity is strongly associated with shortness of breath as well, with

multiple possible mechanisms, including alterations in respiratory mechanics and diaphragm
structure and possibly airway obstruction.(37, 38) Obesity can also predispose to edema,
through venous insufficiency, lymphedema, and other mechanisms.(39, 40) Mechanisms
operating in the reverse direction—with fatigue, shortness of breath, and edema causing
increased adiposity and obesity—may play an important role in our findings as well, and
additional longitudinal investigations may help address this question. Finally, while the
KCCQ was designed to identify social limitations and quality of life due specifically to
HF-type symptoms, obesity itself may lead to social limitations and impaired quality of life,
perhaps influencing KCCQ scores independently of the HF-type symptoms.(41)

Our findings expand on prior findings from CRIC showing that BMI, among other factors,
was independently associated with HF-type symptoms/health status.(10) This prior analysis
used a logistic regression model with the outcome of Overall Summary Score dichotomized
at <75 versus 75 and above, and with forward and backward stepwise selection and found
that of 11 variables, 8 were independently associated with the risk, including BMI. In this
analysis, BMI was used as a categorical variable, with a baseline category of <27 kg/m?,
and other categories of 27 to <30, 30 to <35, and =35 kg/mZ. In this analysis, adjusted odds
of having an Overall Summary Score <75 were increased by 1.52 for BMI 27 to <30, 1.78
for 30 to <35, and 3.99 for >35 kg/mZ. In other CKD cohorts obesity has been shown to be
associated with more general reduced health-related quality of life metrics.(42, 43)

Further studies are needed to determine how longitudinal weight changes relate to HF-type
symptoms/health status in CKD, and to determine the degree to which weights and weight
changes in CKD cohorts reflect adiposity versus extracellular fluid volume and other factors.
This BMI finding has potential importance for investigation as a target for symptom
management in CKD given that several effective interventions are available for weight
management, some of which have already demonstrated improvements in kidney outcomes.

After BMI, hemoglobin concentration was the most important variable in the primary model,
with an optimal hemoglobin concentration (14.5 g/dl) substantially above the anemia cutoff.
Therapeutic increase of hemoglobin levels into the normal range in CKD has previously
been shown to improve subjective health status but not measures of cardiovascular health
such as left ventricular mass, and thus the observed association may provide evidence that
the KCCQ Overall Summary Score is more reflective of general subjective health status
rather than cardiac health status in this cohort.(44) Education level was next in the primary
model, likely reflecting the important relationship of sociodemographic factors and health
status. Heart rate, influenced by relevant processes such as neurohormonal activation and
cardiac function, and eGFR, a primary measure of kidney health/function, round out the 5
most important variables.

Ours was a cross sectional study. Outcomes were self-reported and subject to underlying
biases based on participants’ other lifestyle factors that may not be captured; however, the
subjective nature of the outcome may increase its relevance as a patient-centered metric.

Int J Obes (Lond). Author manuscript; available in PMC 2023 April 01.
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The outcome is subject to recall bias. NT-proBNP levels were not available in the cross-
sectional data (thus values from 1-year prior were used in sensitivity analyses). The models
performance was modest, and much of the variation in KCCQ scores remained unexplained.
The KCCQ has not been validated for use in non-HF populations. The CRIC study enrolled
persons specifically with CKD, raising issues of potentially biased associations, including
through collider bias.(45)

Conclusion

Adiposity-related measures, rather than kidney health/function or cardiovascular health/
function measurements, showed the strongest relationship with subjective HF-type
symptoms and related health status in a CKD cohort. Future investigations assessing whether
adiposity is a potential modifiable causal factor for HF-type symptoms in CKD may be
warranted.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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These variables have higher values in those
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These variables have higher values in those with
significant symptoms (score<75)
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Figure 1. Standardized differences of predictor

variables: KCCQ Overall Summary Score <75

(clinically important symptoms) vs. 275 (absence of clinically important symptoms)
Notes: Because of the large number of variables, values are labeled for variables with

absolute value of standardized difference =0.3 and for selected variables of clinical interest.

Standardized mean differences were used for

continuous variables, and raw difference

in proportion was used binary variables. Categorical variables were divided into binary
subcategories to calculate standardized differences.

Abbreviations: KCCQ, Kansas City Cardiomyopathy Questionnaire; ACEI, angiotensin-
converting enzyme inhibitor; ARB, angiotensin Il receptor blocker; BMI, body mass index;
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BSA, body surface area; SBP, systolic blood pressure; eGFR, estimated glomerular filtration
rate; CRIC, Chronic Renal Insufficiency Cohort; LVEDV, left ventricular end diastolic
volume; LVEF, left ventricular ejection fraction.
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Figure 2. Variable importance scores for predicting KCCQ Overall Summary Score, for the 20

most important variables

Notes: Overall Summary Score reflects total symptoms (fatigue, shortness of breath,
peripheral edema), and their effects on physical function, social limitation, and quality of
life. Increase in node purity is the total decrease in the residual sum of squares from splitting
on a variable, and can be interpreted in terms of relative values among the variables.
Abbreviations: BMI, body mass index; ECG, electrocardiogram; eGFR, estimated
glomerular filtration rate; CKD EPI, Chronic Kidney Disease Epidemiology Collaboration;
UPCR, urine protein-to-creatinine ratio; Ur. vol., urine volume; LVIDD, left ventricular
internal diameter-end diastole; SBP, systolic blood pressure; DBP, diastolic blood pressure.
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BMI histogram
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Figure 3. Adjusted* KCCQ Overall Summary Scores over BMI from the primary model (line),
and distribution of BMI in the study cohort (bars)

*Partial dependence plots demonstrating the predicted score adjusted for the 63 other
variables in the primary model (bolded variables in Table 1). Partial dependence plots show
the average predictions from the model when the variable of interest alone is varied for all
participants.

Note: The region between the two vertical gray lines highlights the middle 95% of the BMI
distribution. The BMI distribution is provided to demonstrate participant BMIs available
for model fitting, and does not represent the participants used for predicted scores (all
participants were included to create predicted scores at all BMISs).

Abbreviations: KCCQ, Kansas City Cardiomyopathy Questionnaire; BMI, body mass index
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Figure 4. Adjusted* KCCQ Overall Summary Scores over hemoglobin from the primary model
(line), and distribution of hemoglobin in the study cohort (bars)

*Partial dependence plots demonstrating the predicted score adjusted for the 63 other
variables in the primary model (bolded variables in Table 1). Partial dependence plots show
the average predictions from the model when the variable of interest alone is varied for all
participants.

Note: The region between the two vertical gray lines highlights the middle 95% of the
hemoglobin distribution. The hemoglobin distribution is provided to demonstrate participant
hemoglobins available for model fitting, and does not represent the participants used for
predicted scores (all participants were included to create predicted scores at all hemoglobin
levels).
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Abbreviations: KCCQ, Kansas City Cardiomyopathy Questionnaire; Hgb, hemoglobin
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