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Abstract — Chronic kidney disease (CKD) is the
most common disease of the urinary system that can
threaten the survival of the human body. Early
detection and lifestyle changes can prevent kidney
failure and improve the chance of survival. In West
Malaysia, the prevalence of chronic kidney disease is
estimated to be 9% of the population. However,
screening for chronic kidney disease is still neglected
at the early stages. Many equations for risk estimation
of kidney failure have been developed. Some of the
limitations of these equations are that they may
require many laboratory tests, static and not updated.
In this study, a new risk estimation model for kidney
disease is developed. The risk factors of kidney
disease are first identified according to their energy
levels, which are Low, Medium and High. The new
equation is then developed based on the relationship
and the estimated weight of these risk factors.
Artificial Neural Network (ANN) is utilized in this study
as an alternative to classic risk equations. The
MATLAB software is used to train the neural network.
Retrospective data from 20 subjects are used to
compare the output for the conventional equation and
ANN. Another 20 samples have also been generated
and compared with “Kidney Disease: Improving
Global Outcomes” (KDIGO) 2012 clinical guideline
heat map. The results show a slight difference
between the methods. The conventional method
shows its capability to estimate the risk. The result
also shows the potential of the artificial neural
network (ANN) to improve the accuracy of chronic
kidney disease risk estimation.
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l. INTRODUCTION

Chronic kidney disease (CKD) is caused by the
failure of kidney to filter out the blood from waste
materials, according to National Chronic Kidney

Disease [1]. The main causes of CKD are the
damage and injuries of the nephrons that responsible
for urine filtration. The nephrons can be damaged by
many acute diseases gradually with time. Signs of
CKD may include weakness, shortness of breath,
numbness, muscle cramps and loss of appetite [10].
In the United States, 30 million people (15% of the
adult) are estimated to have CKD. In Malaysia,
kidney diseases considered as one of the top ten
diseases that cause a high number of fatalities. This
indicates that kidney disease is still one of the most
aggressive diseases that needed to be prevented.
Many changes can lead to a reduction of this disease
such as drinking more fluid, diabetes treatments,
changes in diet, reduce the cholesterol level and
physical activity [9]. Risk factors of CKD include
diabetes and hypertension, which can lead to a total
loss of filtration and kidney failure. Other factors such
as race, age, and gender, play a major role in
determining the Glomerular Filtration Rate (GFR).
Creatinine serum and Creatinine to Albumin (ACR)
levels can significantly determine the kidney
condition and determine the stage of kidney failure.
Other related factors such as smoking and drinking
water, can improve kidney filtration and reduce the
risk of being diagnosed with chronic kidney disease.

Early screening, kidney stage classification and
risk estimation of the kidney can help reduce fatality
chances and improve survival rate. By estimating the
kidney functionality, medication and life changes can
be followed to prevent the occurrence of this disease.
Therefore, a higher awareness of kidney screening is
very vital. Many equations and risk estimations are
already being used for risk assessment of kidney
failure and stage classification, for example, the
Tangri equation (4 variables) [2]. Most of these
equations were created by using many variables to
detect the kidney condition. The four variables used
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in the original Tangri equation include age, gender,
race, GFR and albumin/creatinine ratio (ACR).
However, the GFR is calculated using different
equations like CKD-EPI creatinine-based [3],
creatinine-cystatin [4], and MDRD equation [5]. The
estimations and the results from these equations can
be very different for different regions and countries.
Creatinine serum test and cystatin C test are required
to verify the results.

All these equations can lead to different results
between different countries and regions and require
certain modification to be applied correctly. These
equations, which have been created in the past
decade, may not always be updated or fixable. This
may lead to lower results and incorrect outcome in
the future. Moreover, the main issue of this equation
is that they rely on laboratory results like ACR and
serum creatinine, to estimate the functionality and the
possibility of getting CKD. A new approach is needed
to determine an estimation without the need of these
laboratory results.

Many studies have been conducted to investigate
the use of computational intelligence method in
detecting diseases at an early stage by estimating
the risk. Examples of the method being studied are
fuzzy logic [6,7], expert system [8,9,10] and artificial
neural network (ANN) [11,12,13]. These methods
have different expertise requirements, data input,
and output accuracy.

ANN is an adaptive, self-learning computational
technique, mimicking the function of the cerebrum,
which depends on an expansive gathering of neural
units that connected to numerous other units. It has
been used in the medical field for biochemical
analysis [14], diagnostic [15], image analysis [16] and
drug design [17].

ANN is chosen for this study because it has the
ability to learn how to do tasks based on the data
given for training and develop its own organization.
Multiple neural network computations can be
operated in real-time [13]. ANN can be used to
facilitate the screening for kidney classification and to
improve early detection of kidney failure. The new
risk estimation is developed based on energy levels.
The risk estimation model also will be developed to
be dynamic and can adapt to the future. The equation
will include multiple dynamic factors like a database,
weighted risk factor, and interpolation.

The objective of this study is to develop a new
approach to calculate the risk of CKD and using ANN
to create a new risk estimation. In this study, two
methods will be used to estimate the CKD risk. The
first method is a conventional method, where the
development of the static equation will be carried out
based on the retrospective data that has been
gathered from the literature, and the equation will be
designed based on the risk factor energy level. The
second method, which will be using ANN, recognition
of pattern will be utilized to estimate the risk using the
conventional method as the core of this design. This
design will then have the ability to be improved with
time. The expected output of this model is to be able
to estimate the risk without relying on laboratory
results.
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1. METHOD AND MATERIALS

Kidney failure can be caused by multiple risk
factors. These factors interlinked with each other and
indicate the status of the nephrons. Kidney failure is
caused by the inability of the kidney to filter out the
waste product from the blood, which causes harmful
materials to re-enter our body. This may cause by
damaged nephrons, the main unit responsible for
filtration. This tends to happen as age is increased.

Besides age, the non-modifiable factors are
genetics, gender, and race. Since the main cause of
kidney failure is kidney damage, it is very important
to evaluate kidney function by checking the presence
of waste in blood and the presence of protein and
blood in the urine. There are other related factors that
affect kidney function like protein and blood presence
in the urine. Other body systems also involve in
kidney diseases, for example, an increase of blood
sugar and blood pressure that can lead to kidney
failure.

Lifestyle and environment have significant
impacts on the body system and bioenergy
symphony as shown in Figure 1. These factors could
be the amount of fluid or drinks that are consumed,
the amount of physical activities and environmental
effects to the body system. Public awareness of
keeping a healthy lifestyle can greatly reduce the
chances of having kidney diseases.

Blood

FIGURE 1. Block Diagram for Risk Factors of CKD.

From physiology perspective, CKD risk factors
can be classified based on three energy levels: low,
medium and high energy levels. Low energy level risk
factors are related to molecular structure, which is
dependent on non-modifiable factors such as age,
gender, and race. Incidence of CKD has been found
to be directly proportional with age. Medium energy
level risk factors are related to body systems, which
include the cardiovascular system, digestive system,
and urinary system. High energy level risk factors are
related to lifestyle activites such as food
consumption, physical activities and environmental
factors. Table 1 shows the classification of CKD risk
factors.

TABLE 1. Classification of CKD Risk Factors.

Energy Level
Low Energy . High Energy
No. Level (LEL): Medium E”er%’y Level (HEL):
Molecular Level (MEL): Bioenergy
Structure Body System Symphony
1 Gender Hypertension (H) Salt (S)
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Energy Level
Low Energy . High Energy
No. Level (LEL): Medium E”ergy Level (HEL):
Level (MEL): .
Molecular Body Svstem Bioenergy
Structure y =y Symphony
Albumin to
2 Race creatinine ratio Water Intake (WI)
(ACR)
Blood Wastes Physical Activity
3 | Age (BW) (PA)
4 Family History Diabetes (D) Tobacco (T)
Glomerular
5 - filtration rate Stress (St)
(GFR)

A. Database from Literature

As shown in Table 1, CKD relies on multiple risk
factors. Figure 2 shows the result of the National
Health and Nutrition Examination Survey 1999-2004
(NHANES), which found that all stages of CKD are
more prevalent at older ages [18]. There are variety
of conditions that could damage the kidneys, such as
diabetes and hypertension, as well as declining
kidney function due to unknown reasons. The
Baltimore Longitudinal Study of Aging (BLSA) has
also found that kidney functions inclined to
deteriorate with age [19]. The study has measured
and discovers that creatinine clearance reduced on
average by 0.75 ml/min/year. Some of these older
patients with CKD will advance to End Stage Renal
Disease (ESRD). Therefore, it is a major challenge
for healthcare professionals to identify this
population. In the CREDIT study, a population-based
survey in Turkey stated that the odds ratios of CKD
ranged from 1.45 to 2.18 for every 10-years
increased in age among subjects aged above 30
years old in Turkey [20]. This finding will be applied
in the equation developed in this study.

Overall CKD Stages 1 and 2
Survey years

1| O 1988-1004
40| M 1999-2004

Prevalence, %
[\=]
(4]

109 1
54 4 l I
- L 4

20-39 40-59 B60-69 =70 20-39 40-59 60-69 =70
Age Group, y Age Group, y
CKD Stage 3 CKD Stage 4
A a 8 —
20-39 40-59 60-69 =70 20-39 40-59 60-69 =70
Age Group, y Age Group, ¥

FIGURE 2. Prevalence of Chronic Kidney Disease (CKD)
Stages by Age Group (Coresh et al., 2007).
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Studies show that gender is one of the main risk
factors for CKD [21], and generally, the prevalence is
greater in women. Based on the CKD-EPI creatinine
equation [22], it shows that female has a higher risk
of CKD. An annual data report from US Renal Data
System [23] shows that, between the year 2007 and
2012, the incidence of chronic renal failure in women
was higher (15.1%) than in men (12.1%). Swedish
National Study on Ageing and Care [24] has reported
that the percentage of women with CKD was higher
than men. In a sample size of 1252 people, the study
used cystatin C and creatinine as its method for GFR
assessment. While in Switzerland, a cross-sectional
study also reported that women have a higher
prevalence of CKD [25]. Brown et al. [26] (14.4% in
men and 16.2% in women, p = 0.09) and Chadban et
al. [27] 9.3% in men and 13.0% in women, p = 0.002)
both reported higher prevalence in women.

Similarly, the race is considered as one of the risk
factors related to CKD. In a population-based study
in the United States, the incidence of CKD was higher
among African-American adults, compared with
white adults [28]. Figure 3 shows the incidence of
CKD according to race and attained age. It shows
that African Americans demonstrated a higher risk for
every age after 45 years (log-rank test, P 0.001).
Muntner et al. also reported the similar findings,
where African Americans had a two- to three-fold
higher risk of getting CKD compared to white
Americans, due to the higher levels of albuminuria
[29].

Cumulative CKD Incidence (%)

30 40 50 60 70 80 90
Attained Age (yrs)

FIGURE 3. Cumulative incidence of chronic kidney disease
(CKD), in the Second National Health and Nutrition
Examination Survey (NHANES Il), 1976 to 1992 [22]. Solid
line, African Americans; dashed line, whites.

Chronic kidney disease can also be affected by
genetic. Family members of CKD patients have a
high prevalence as found by Song et al [30]. The
association of CKD with other inherited diseases like
diabetes and hypertension may explain some of the
familial factors. In another study, McClellan et al. also
reported a significantly increased risk for CKD
associated with a positive family history (adjusted
hazard ratio of 1.93; 95% confidence interval, 1.22-
3.07) [31].

Medium Energy Level (MEL) risk factors are
related to the human body system, which includes
biomarkers, existing medical conditions, and urinary
test results. The two major indicators that affect CKD
are glomerular filtration rate (GFR) and albumin to
creatinine level (ACR). GFR can represent the
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amount of filtration that has been done in the kidneys.
Kidney function and stage can be determined by the
GFR factor. During the assessment of chronic kidney
disease, GFR can help understand the development
of CKD. GFR can be determined by using many
equations, based on age, gender, race and serum
creatinine of blood. However, the CKD-EPI equation
seems to have higher accuracy than other factors
[32].

Albumin to Creatinine Ratio level (ACR), an
indicator for CKD [33], is obtained by urinary
laboratory analysis. Based on the urinary results, it
can show how much the damage to the kidney has
been done [34]. The presence of albumin in the urine
is one of the major signs of a damaged kidney.
Creatinine levels in the urine can also determine the
filtration quality [35]. Usually, a damaged kidney will
result in a lower creatinine level. The ratio of albumin
to creatinine level is very crucial in the risk estimation.

Diabetic patients are prone to suffer CKD in their
lives. Low production of insulin in diabetic patients
will cause a high blood sugar level [36]. This can
cause damage to the blood vessel supplying the
kidney, which eventually will lead to chronic kidney
failure and increase wastes build up in the body.

High blood pressure is one of the leading causes
of CKD. It increases the force of blood during
circulation [37]. It has been found to occur in 85% to
95% of CKD patients [38]. Conversely, CKD can also
cause hypertension. Uncontrolled hypertension can
lead to damage to the kidney's vasculature. This will
cause a more rapid progression of CKD which then
can exacerbate hypertension.

High Energy Level (HEL) risk factors include
water intake and tobacco smoking. Salt intake, stress
level, and physical activity are HEL risk factors that
associated with hypertension. Studies showed that
there is a significant effect of water intake to CKD. An
antidiuretic hormone or arginine vasopressin (AVP),
is essential to the regulated thirst in humans but it has
a vasoconstrictive effect. Increased AVP level can
have negative effects on renal hemodynamics and
blood pressure [39]. Low water intake (less than 2.1L
per day) have a higher risk of renal failure and CKD,
while increased water intake will suppress the AVP
level.

Tobacco smoking is one of the risk factors for CKD
too. It can lead to reduced renal function, due to
narrowing of the blood vessel and blood flow that
supply the kidneys. This has been shown in a study
by Yacoub et al. [40] where smoking was found to
significantly increase the risk of CKD (Odds Ratio =
1.6, p = 0.009, 95% CI = 1.12-2.29). Figure 4 shows
the relationship between smoking and its risk.

Maintaining a healthy range of blood pressure is
essential in managing or preventing CKD. One of the
factors that can contribute to high blood pressure is
high salt (sodium) intake [41]. Studies show that
excessive sodium intake can increase blood
pressure and lead to fatal diseases. Due to
increasing sodium level in the blood, it will reduce the
ability of the kidney to filter water outside the body,
which results in high blood pressure.
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A study in Sweden shows that lower stress
resilience can relate to hypertension and increase
blood pressure [42], due to the release of some
hormones during stressful events. These hormones
may damage the blood vessel, lead to high blood
pressure and subsequently causing the patient to
suffer CKD. Therefore, daily repeated stressful
events can lead to hypertension, while reducing
stressful events can lower the risk of getting many
diseases.

Smoking & Risk

4.5

y = 0.0016x* + 0.0388x - 0.1727

0 5 10 15 20 25 30 35 40 45
Pack-year

FIGURE 4. Smoking and Risk Relationship.

Physical activity is another factor associated with
hypertension and chronic kidney disease preventions
[43]. Routine physical activity can improve the blood
flow by pumping the blood with minimal work and
reduce the force in arteries. This will lower the blood
pressure and energize the flow to the kidney and
other parts of the body.

B. An Algorithm Using the Classic Risk Equation
and Neural Network

The conventional equation of chronic kidney
disease is based on the relationship between the risk
factors as shown in Figure 5. Each factor has been
assigned a certain weight based on their relationship.

HEL LEL MEL
Family
Race History
A .
il GFR
Gender B
Creatinine
. tension
Nephron
Water Damage
intake
Diabetes
Creatinine ACR
Urine .
Albumin

FIGURE 5. Classic Risk Method.

The accuracy of the risk percentage will be higher
if more inputs are applied to the equation. Based on
the relationship, the equation for the conventional
method is formulated:
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Risk (%)
age)

= [46% (0.8 * ( T

+ 5%(0 or 1)(race) 3% (0 or 1)(gender)
Creatinine blood
+ 46% (
10
+ 4% (water intake) + 5% (tobacco per year)
+ 12%(hypertension) + 3% (family history)
+ 8% (diabetes)

4 [SO‘V (creatinine urine)
0 10

+ 50% (log (albumin urine)/2.48) OR 100% log(

) OR GFR risk] * 34%

ACR
3
= 34%

An example of using Microsoft Excel to calculate the
risk by the conventional method is shown in Figure

6. The risk is classified based on the percentage
range and assigned a specific color.

The conventional method is compared with the
artificial neural network (ANN) method. The ANN
method is first rained using the conventional equation
by using MATLAB. Fed forward pattern recognition
method is used to build a network that able to
produce a risk percentage based on the data input.
The inputs are chronic kidney disease risk factors.
The network has been designed with 16 input, 80
hidden layers and 1 output with a total of two layers,
namely, hidden and output. The design is shown in
Figure 7.

Risk Factor Unit Valie |Notes
Age Years 80 Maximum 100
Gender Female/Male YES 1 for Female and 0 for Male
Race Black or others |NO 1 for Black and 0 for Others
Smoking Pack-Year 3 per day and vears smoking
Water L 22 Maximum 4.4
Salt Gram/Day 3 maximum 25
Dhabetes Yes/No NO Have Diabetes?
Family History | Yes/No NO Family history with CKD
Phyiscial Activity] Yes/No YES YES if Light Physical Activity)
Stress Yes/No NO Stressfull enviornment
Hypertension Yes/No NO Have Hypertension?
Creatinine Blood |mg/dL 0.6 Creatinine Serum
Albumin Urine  |mg/24h 20 Urinary Results
Creatinine Urine |mg/24h 250 Urinary Resulfs
ACR mg/'g 80 Albumin/Creatinine
GFR mL/min/1.73 m"2]86.1 Glomerular Filtration Rate
Rizsk % 39%
Risk Level Low
Rizk Color

Risk Risk Range Risk Color

Very low 0-20%

Low 20-40%

Medium 40-60%

High 50-B0%

Very High B0-100% H

FIGURE 6. Conventional Method Example.

The training function used to update the weights
and bias values is based on the scaled conjugate
gradient method. The performance cross-entropy
method is used for calculation, and the targets have
been divided into three sets by using random indices.

)

E-ISSN: 2682-860X

Initially, a survey is distributed to 20 random healthy
people to collect the required data.

16

FIGURE 6. Neural Network Design.

The resultant data is used to calculate the risk
using both the conventional and artificial neural
network methods. The output generated is classified
into five levels; very low risk, low risk, medium risk,
high risk, and very high risk, which is then
represented by a number, from 1 to 5. Two sets of
artificial neural network methods are used in this
study, based on the number of training samples.

1. RESULTS AND ANALYSIS

The first set of ANN method is trained with 20
samples (Al 20), and the second set is trained with
100 samples (Al 1K). This shows that the sample size
in the ANN method is very important in determining
the accuracy of risk percentage over the conventional
method.

To test these methods, another 20 samples also
have been generated and compared, based on
Kidney Disease: Improving Global Outcomes
(KDIGO) 2012 clinical guideline heat map [8], which
classify the data risk based on their GFR and ACR.
The results are shown in Appendix 3 and 4.

The survey data shows that there are differences
in accuracy during the classification of data using the
equation and ANN. Figure 8 shows the data plotting
for each method with a number of samples. The
results show that there is a slight difference between
the methods. The average data remains below 40%
risk for healthy people. Moreover, by using the
KDIGO 2012 heat map with 20 samples, the data
able to mimic the results for the conventional method
and ANN with a large number of training. The
sensitivity and specificity of the survey data result
have also been analyzed. For calculation using the
equation, the sensitivity is 100%, and the specificity
is 90.9%. For Al 20, the sensitivity is 88.9%, and the
specificity is 63.6%. For Al 1K, the sensitivity is
66.7%, and the specificity is 90.9%.

1 ] 5 7 9 1 13 15 17 19
Sample No.

* AI20 Allk equation
FIGURE 7. Risk Percentage and Sample Number for Survey
Data.

Figure 9 shows the risk and sample for the heat
map. The result shows that the accuracy of the
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equation and ANN method are able to classify the
risk of the samples as intended.

/N
T
e AV

1 3 5 7 9 11 13 15 17 19 21
Sample No.

Risk Level

—e-Al20 —e-Allk —e—equation expected

FIGURE 8. Risk Level and Sample Number for Survey Data.

Figure 10 shows the accuracy comparison
between these methods. Based on the results and
accuracy, it shows that the conventional method has
the potential to be used as estimating only and able
to estimate the risk level as intended.

95 95 95
80
75
I I 60

Al 20 sample

Percentage (%)
-5B8B8823833888

Equation Al 1k sample

®Survey ®Heat

FIGURE 9. Accuracy Comparison.

The conventional method also classifies that
healthy person to be in the very low-risk group while
the unhealthy person to be in the very high-risk
group. However, it is still not suitable for the
diagnostic application.

One of the methods that can be applied is the
artificial neural network (ANN). The results of the
artificial neural network could be improved with an
increased number of samples. This shows the
potential of ANN for risk estimation techniques.

V. CONCLUSION

In this study, the risk estimation of chronic kidney
disease (CKD) has been generated by using
retrospective data and two methods have been
applied. The first method is using a conventional
equation based on retrospective data and designing
an equation based on the risk factors of CKD. The
risk factors have been divided into three energy
levels; low level, medium level, and high level, based
on their effect on the nephron and cells.

The second method is to apply an artificial neural
network (ANN) as one of the potential methods to
improve the conventional method. The results show
that the conventional method was able to generate
results that are similar to the existing methods with
the consideration of the other risk factors. The results
also show that artificial neural network (ANN) is one
of the important tools that can be utilized in order to
improve the estimation accuracy. By increasing the
training sample, the accuracy can be improved. This
makes ANN as a potential method in risk estimation.
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However, more improvement is needed to be carried
out to make this a practical application. One of the
improvements is to train a very high large number of
samples to ensure the accuracy and reliability of the
network.

APPENDIX
APPENDIX 1. Artificial Neural Network Performance.

Confusion Matrix

w
w
a
(8]
£
=3
=
S
o
0 1
Target Class
APPENDIX 2. Artificial Neural Network Comparison.
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APPENDIX 3. Survey data.

Data Number
Feature
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Age 23 21 22 22 53 20 26 36 75 62 53 46 63 43 36 69 26 28 36 37
Gender Male Fema | Male Male Male Male Fema | Male | Fema | Male Male Male Female | Male Male Male Male Fema- | Male Male
-le -le -le le

Race Cau- Cau- Cau- Cau- Cau- African Cau- Cau- Cau- Cau- Cau- Cau- African | African | African | Cau- Cau- Cau- African Cau-

casi- casi- casi- casi- casi- Ameri- casi- casi- | casi- casi- casi- casi- | Ameri- Ameri- | Ameri- | casian | casian | casian | Ameri- casian

an an an an an can an an an an an an can can can can
Smoking | No No No No 0 No No No No 2 No No No No No 1 No No No No
Water 2 3 2 3 3 2 3 2 3 2 3 3 3 2 3 2 3 3 3 3
Salt 5 6 8 7 7 4 6 4 8 6 10 12 10 8 6 10 12 10 6 10
Diabetes No No No No No No No Yes No No No No No No Yes No No No No No
History No No No No No No No No No No No No No No No No No No No No
Activity Yes No Yes No No Yes No No No No Yes Yes No Yes No No Yes No No Yes
Stress Yes No Yes No No Yes Yes Yes Yes Yes No Yes Yes Yes No Yes Yes Yes Yes Yes
Hyperten | No No No Yes No No No Yes No Yes Yes Yes No No No No No No Yes No
-sion
sC 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Alb 11 5 13 15 20 12 6 28 3 17 25 21 4 10 15 18 12 20 5 4
Cr 1050 1200 1300 | 1000 | 950 1100 1800 | 1200 | 2300 900 1100 | 1000 | 1500 1150 1000 900 1200 1000 1500 1300
ACR 10 4 10 15 21 11 3 23 1 19 23 21 3 9 15 20 10 20 3 3
GFR 126 80 127 127 102 149 120 115 95 96 102 107 112 127 133 91 123 100 133 114
Equation
Risk 1 2 1 2 2 1 1 2 1 2 2 2 1 1 2 2 1 2 1 1
Al 20

1 2 1 2 2 1 1 2 2 2 1 2 2 1 2 2 1 2 2 1
Al 1k

1 1 1 1 1 1 1 2 2 2 2 2 1 1 1 2 1 2 1 1
Expected

1 1 1 2 2 1 1 2 1 2 2 2 1 1 2 2 1 2 1 1
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APPENDIX 4. Heat Map Data.

E-ISSN: 2682-860X

Data Number
Feature

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Age 60 21 40 35 35 75 65 79 80 76 85 68 66 72 85 75 81 92 75 42
Gender Fema- | Male Fema- | Male Male Male Fema- | Fema- | Fema- | Male Male Fema- | Fema- | Fema- | Fema- | Male Male Fema- | Male Male

le le le le le le le le le le
Race Cauca | Cauca | Afr. Cauca | Cauca | Afr. Afr. Afr. Afr. Cauca | Afr. Cauca | Afr. Afr. Afr. Cauca | Black Cauca | Cauca | Cauca-
-sian -sian Ameri -sian -sian Ameri | Ameri | Ameri Ameri -sian Ameri -sian Ameri | Ameri | Ameri -sian -sian -sian sian
can can can can can can can can can

Smoking No No No No 2 2 No No 1 2 No No No 2 3 1 2 No No No
Water 4 4 4 4 2 2 2 2 2 2 2 2 3 2 1 2 1 1 4 3
Salt 3 5 3 3 5 6 3 3 5 5 5 8 10 7 10 8 12 8 3 3
Diabetes No No No No No No No No No No No Yes No No Yes Yes Yes Yes No No
History No No No No No Yes No No No Yes Yes No No Yes Yes No No No No No
Activity Yes Yes Yes Yes Yes No Yes Yes No No No No No Yes No No No No Yes Yes
Stress No No No No No No No Yes No Yes No Yes Yes Yes Yes No No Yes No No
Hyperten- | No No No No No No No No Yes Yes No No No Yes Yes Yes Yes Yes No No
sion
sC 0 1 1 1 2 1 1 1 2 1 2 1 2 3 2 5 5 6 0 1
Alb 10 5 80 240 8 180 300 250 37 230 155 300 250 40 340 285 240 30 30 5
Cr 1000 1500 800 1500 500 500 800 1000 1423 700 500 1500 1000 1600 980 750 850 1100 1600 2000
ACR 10 3 100 160 16 360 375 250 26 329 310 200 250 25 347 380 282 27 19 3
GFR 124 86 107 87 55 96 61 55 35 53 36 39 25 21 27 10 12 5 116 82
Equation 1 1 2 2 2 3 3 3 3 4 4 4 4 4 5 5 5 4 1 1
Risk
Al 20 1 1 1 2 2 4 3 3 4 4 4 3 4 4 5 4 4 3 1 2
Al 1k 1 1 2 2 2 3 3 3 3 4 4 4 4 4 5 5 5 4 1 1
Expected 1 1 2 2 2 3 3 3 3 4 4 4 4 4 5 5 5 5 1 1
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