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Introduction 
This report describes the development of a predictive model to identify patients at 
increased risk for chronic kidney disease (CKD) and discusses the construction of an 
effective screening tool to help identify those at risk of the illness. CKD is a progressive 
condition that can have serious impacts on quality of life. Latent CKD can lead to end-stage 
renal disease and ultimately kidney failure, requiring dialysis or a kidney transplant. These 
treatments are costly and increase exponentially with latent stages of CKD  ($12,700 per 1

person per year with stage 4). In the United States CKD affects roughly 14% of the overall 
population, however less than 10% of patients with stage 1-3 CKD know they have the 
disease (see Appendix A) (National Institute of Diabetes and Digestive and Kidney Diseases, 
2016). Undetected CKD leads to greater overall healthcare costs and increased rates of 
morbidity and mortality as patients with undetected CKD advance through to end-stage 
renal disease. Screening entire populations for CKD is a costly undertaking. Therefore, it is 
a priority in the field of public health to identify a targeted population for CKD screening, to 
reduce costs and target those at highest risk. 

For each patient correctly identified as having CKD (“true positive”), we were rewarded 
$1,300; each patient incorrectly identified as having CKD (“false positive”) costs us $100.  
The predictive model and our chosen factors was utilized to create our survey instrument. 
We then used our predictive model to build our screening tool. Our aim is to develop an 
easy to use tool that can be interpreted by someone without statistical training. 

 

Background 
The CKD case study  contained 33 demographic (age, sex, etc) and health factors 2

(cholesterol, hypertension, etc) from 8,819 adults aged 20 to 85 (see Appendix B). This case 
study population is a non-random sample of U.S. adults and therefore our predictions 
cannot be extrapolated to any population systematically different than those in our training 
set. 

In addition, we reviewed relevant literature to provide context for CKD health outcomes 
and to inform our prediction methodology. One of the key pieces of research was a critical 
assessment of multiple CKD risk models  completed in 2012 from the National Center for 3

Biotechnology Information (NCBI). This report analyzed not only the methodologies of 

3 "Risk Models to Predict Chronic Kidney Disease and Its ... - NCBI - NIH." 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3502517/. Accessed 26 Feb. 2019. 

2 "Screening for Chronic Kidney Disease - Darden Business Publishing." 11 Jul. 2007, 
http://store.darden.virginia.edu/screening-for-chronic-kidney-disease. Accessed 26 Feb. 2019. 

1 "Medical Costs of CKD in the Medicare Population | American ... - JASN." 
https://jasn.asnjournals.org/content/24/9/1478. Accessed 26 Feb. 2019. 

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3502517/
http://store.darden.virginia.edu/screening-for-chronic-kidney-disease
https://jasn.asnjournals.org/content/24/9/1478
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various CKD prediction models but also their relative effectiveness. Additionally, we 
reviewed other CKD prediction assessment tools to get a better understanding of risk 
factors associated with CKD (age, race, blood pressure). A good example of this would be 
the CKD Risk Map  created by the National Kidney Foundation. Lastly, we looked at already 4

existing screening tools and questionnaires for CKD prediction. We then considered this 
foundation in the literature to pave decision-making for our analysis. Both the questions 
included and how they were asked (categorical, rating, etc) helped to inform our the 
creation of our final patient screening tool. 

 

Methods 
Given the outcome of CKD is dichotomous, we decided to utilize logistic regression as our 
key method for our predictive model. We ran simple summary statistics to evaluate any 
major differences among our patients with a known CKD status and those without and ran 
a correlation matrix. Initially, some strong correlations became apparent, SBP is highly 
correlated with hypertension; stroke is highly correlated with CVD. We noticed instances of 
multicollinearity, which would help to inform some of the factors we removed (total 
cholesterol and LDL). 

We minimized and modified variables in our dataset to reduce 33 variables down to 21 
variables for many reasons (see appendix E). These efforts improve our confidence in our 
model. For example, we removed some variables that measured similar phenomena, 
through collinearity. Variables were removed if collinearity was present in our correlation 
matrix (see Appendix F). Another example is with age which is highlighted for its 
importance later in our report. 

We did not standardize our data to improve interpretability for non-statistical personnel 
(average patient). Given the multiple stakeholders-patients, providers, family members, 
etc.-involved in a project like this, we wanted to keep the varying scales and units for each 
of the variables that were relevant to our model. For example, standardized weight and 
blood pressure variables could be very difficult to interpret for those with limited statistical 
knowledge.  

Another key step of logistic regression and building our model was determining the 
probability threshold at which someone has an increased chance of developing CKD based 
on our model. We based our initial threshold in our review of other screening tools 
currently in use and summary reports. Through some trial and error, we eventually settled 
on a threshold of 30% as it provided the best balance between cost reduction and not 
having an outsized number of false positives and false negatives. We decided to be more 

4 "Quick Reference Guide on Kidney Disease Screening | National ...." 
https://www.kidney.org/kidneydisease/siemens_hcp_quickreference. Accessed 26 Feb. 2019. 

 

https://www.kidney.org/kidneydisease/siemens_hcp_quickreference
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inclusive of patients that may not have CKD (false positives), than to focus more on 
financial return. 

With our 21 variables, we leveraged stepwise regression through backward elimination on 
only patients with complete values across our variables of interest. As such, variables with 
p-values > 0.15 were removed. We then chose to utilize our best performing model, based 
upon a combination of accuracy and costs. After some trial and error, we identified a set of 
variables that revealed statistically significant relationships based on their probabilities and 
potential contribution towards someone having the disease. We verified our updated, 
refined model and the variables we included based on looking at their confidence intervals.  

Our final model included the following variables and their odds interpretation (reasonings 
for this modification are explained later): 

●​ Sex: Someone who answers that they are female has about 1.5 times the odds of 
having CKD than someone who answers they are not female, holding all other 
variables constant. 

●​ Hispanic: Someone who answers that they are hispanic have about 0.5 times the 
odds of having CKD than someone who answers they are not hispanic, holding all 
other variables constant. 

●​ Age: Someone who answers that they are 0-40, 41-50, 51-60, 61-74, and 75+ have 
about 0, 3, 5.5, 16, and 53 times the odds of having CKD than someone who answers 
they are not in that age group, holding all other variables constant. 

●​ Hypertension: Someone who answers that they have hypertension have about 2 
times the odds of having CKD than someone who answers they do not have 
hypertension, holding all other variables constant. 

●​ Anemia: Someone who answers that they have anemia have about 3 times the odds 
of having CKD than someone who answers they do not have anemia, holding all 
other variables constant. 

●​ CVD: Someone who answers that they have CVD have about 2 times the odds of 
having CKD than someone who answers they do not have CVD, holding all other 
variables constant. 

●​ HDL: Someone who answers that they are female has about 1.5 times the odds of 
having CKD than someone who answers they are not female, holding all other 
variables constant. 

●​ DBP: Someone who answers that they have high blood pressure has about 1 times 
the odds of having CKD than someone who answers they do not have high blood 
pressure, holding all other variables constant. 

●​ HDL: Someone who answers that they have high cholesterol have about 1 times the 
odds of having CKD than someone who answers they do not have high cholesterol, 
holding all other variables constant. 
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●​ PVD: Someone who answers that they have PVD have about 1.5 times the odds of 
having CKD than someone who answers they do not have PVD, holding all other 
variables constant. 

●​ Diabetes: Someone who answers that they have diabetes have about 2 times the 
odds of having CKD than someone who answers they do not have diabetes, holding 
all other variables constant. 

●​ Activity Level: Someone who answers that they are very active have about 1 times 
the odds of having CKD than someone who answers they are not very active, 
holding all other variables constant. 

We can see that age is an extreme predictor in our model for CKD which is supported by 
the literature. After developing a finalized model based upon the patients with complete 
data in our model’s variables patients in the training dataset, we performed imputations on 
the 2819 patients with no disease status. We leveraged the DMwR package in R for 
k-nearest neighbor imputation, where k=3. For a given patient with missing values, we 
compared their attributes across the dataset with 3 other similar patients and replaced 
missing values with averages of those nearest neighbor patients. Given that our model 
greatly reduced the dataset, we relied less on imputation techniques for our prediction.  

 

Prediction Results 
For predicting CKD status for the 2819 patients without a status, we relied on our 
imputation technique for about 6% of the NA values in the 2819 patients for overall CKD 
prediction (see Appendix D).  

The final model on the training set identified 92.19% of patients with true positive and true 
negative disease statuses (our accuracy). However, our model incorrectly identified 197 
false positives (type I error) patients and 178 false negative (type II error) participants. The 
entire outputs and results of our model can be found in Appendix G. The resulting financial 
implications of our model were: 

●​ Total Revenue: $205,400 
●​ Total Costs Incurred: ($55,300) 
●​ Total Returns: $150,100  

We ran our model on the 2,819 sample group and predicted a 9% CKD disease prevalence. 
While this is higher than the overall prevalence in the entire dataset, it is reasonably close 
to 7% and also allows us to catch more that do not have the disease and we say that they 
do (false positive), instead of missing more that do have the disease that we did not catch 
(false negatives). 

After discussing our model and its predictions, we designed a simple and transparent 
screening tool. Our questions are based on our final variables in our model and use the 
coefficients to score our instrument. We transformed the log odds to odds to determine 
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the weights for each variable, and our scores for each answer are based on these weights: 
firstly, we transform log odds to odds (eβ1) = The odds of having CKD in relation to X1 (see 
Appendix H). For example, the odds of Anemia was 2.77, rounded up to 3 for simplicity and 
ease of calculation for screening taker; therefore, if a person answered yes to our question 
“Do you have anemia or have you been told by a doctor that you have anemia?”, they would 
be assigned 3 points. The wording of each screening question was very deliberate given the 
previously stated focus on simplicity and ease of use. Ultimately, an individual, based on 
their age, can evaluate if they are at an increased chance for CKD, and therefore whether 
they should consult their doctor about further CKD testing. 

In order to determine the compatibility of our predictive model probabilities and our 
screening tool totals, we calculated each individuals totals from our training set as if they 
had filled our our screening tools. We then ran a correlation between the computed odds 
or each persons screening tool point totals and the associated probabilities given by our 
prediction model for the training set patients. Our screening tool scoring system 
appropriately reflects our fitted model with a strong correlation of 0.87 the two variables. 

 

Limitations 
This analysis has five concerning limitations.  

First, some of the main CKD risk factors we came across in our literature research such as 
family history of kidney disease, serum creatinine, frequent NSAID usage, and others, were 
not included in our dataset.  

Second, by prioritizing ease of use for our screening tool, we removed some potential 
factors that were represented in our predictive model.  

Third, we had no control over the population that comprised our training and test data; all 
we knew was that it was not a true representation of the global population. Therefore, 
external validity for our results is low and it would not be valid for certain geographies or 
regions, especially if their population differed greatly from our sample.  

Fourth, because this was a cross sectional dataset, we are only drawing conclusions on a 
certain point in time. We therefore cannot determine whether or not the variables actually 
puts patients at a higher risk and had no insight into patterns or trends associated with 
some of the variables. Risk in epidemiological research implies causation. As such, our 
model predicts increased chances of having CKD based on a population similar to our 
training dataset.  

Lastly, the meta analysis from NCBI we leveraged in our background research noted the 
varying quality of the predictive models. The report suggested that a lack of historical 
investment and focus on nephrology might be a factor explaining the limited success of 
models built. 
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Appendix 
Appendix A - Percent of Disease Awareness based CKD Stage  

 

Appendix B - Initial Variables in the Data Set  
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Appendix C - Factors Included in Models of Risk Prediction for Chronic Kidney Disease  

 

 

Appendix D 

Total NA’s before 
Imputation 

Total Population Missing 
CKD Status 

% Relying on Imputation for 
CKD Status Prediction 

173 2819 173/2819 = 6% 

 

Appendix E - Variable and Reason for Removal From Analysis Data 

Age (continuous)  

We decided that the continuous Age variable would be misleading 
for age groups where disease prevalence is far higher than for 
lower age groups. We cut this variable in the following age 
categories: 20-40, 41-50, 51-60, 61-74, and 75-85. These age groups 
display the following disease prevalence: 0.4%, 1.7%, 4.3%, 12.4%, 
and 35.7%, respectively. 

SBP 

SBP & Stroke strongly correlated 0.61. 
Literature supports that those with CKD are at higher risk for 
stroke. Given this we have chosen to remove SBP. 

Total Cholesterol 

Total Cholesterol and LDL are essentially the same variable with 0.9 
correlation. This is removed because it would be redundant to keep 
this variable in our model. 

Unmarried 

The literature does not describe unmarried as a risk factor for CKD. 
This variable was discarded to reduce spurious associations in our 
model. 

BMI 
BMI was an indicator created to generalize at the population level 
and not intended for individualistic predicting. In addition, we 
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discussed as a group that BMI can be misleading in regards to one’s 
health status. 

Weight & Obese 

Waist is strongly correlated with weight (0.87) and obese (0.67). Also 
given that obese is a categorical variable based from BMI, it also 
makes additional sense to remove redundancies in the model. 

Waist & Height 

Numerous studies have posed that a waist to height ratio is a 
strong predictor for CKD and even stronger than that of just waist 
and a better measure than obesity/BMI. Therefore Height & Waist 
were transformed into a ratio variable and then removed from the 
overall dataset (He et al., 2016)*. 

Poor Vision 
This variable is self-reported and is also not represented by a 
majority of the literature that we researched. 

Family History of 
Hypertension 

Because we are predicting current CKD status and already have 
Hypertension of patient, we removed family history of hypertension 
as it is further associated to CKD risk than that of the person's 
status of hypertension. 

*He, Y., Li, F., Zhao, X., Zeng, Q. (2016). The association of chronic kidney disease and waist 
circumference and waist-to-height ratio in Chinese urban adults. MEDICINE, 95(5), doi: 
10.1097/MD.0000000000003769 

Appendix F - Correlation Matrix of Dataset (after removing variables) 

 

 

 

https://dx.doi.org/10.1097%2FMD.0000000000003769
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Appendix G - Log Odd to Odds 

No Variables Coefficients (Log Odds) Odds 

1 Female 0.328918 1.389464 

2 DBP -0.007363 0.992664 

3 HDL -0.017887 0.982272 

4 PVD 0.347834 1.415997 

5 Activity -0.268132 0.764807 

6 Hypertension 0.720830 2.056139 

7 Diabetes 0.522653 1.686496 

8 CVD 0.644443 1.904926 

9 Anemia 1.020318 2.774077 

10 Race group hispa -1.002519 0.366954 

11 Age 41 to 50 1.111882 3.040074 

11 Age 51 to 60 1.700906 5.478909 

11 Age 61 to 74 2.793364 16.33588 

11 Age 75 to 86 3.966306 52.78917 

 

Appendix F: R Code Detailing Results and Costs 
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Appendix H - linear regression 
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Appendix I  
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Appendix J 
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