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                                   Abstract 
 Non-communicable diseases are fast assuming signifi cance due to an increase in incidence and related secondary complica-

tions. Cardiovascular diseases (CVD) are one of the most signifi cant examples of  organ crosstalk  interference. Over time, 

patients with cardiovascular diseases express markers that lead to dysfunction of other organs. Due to CVD onset, patients 

suff er from acute or chronic kidney dysfunction, causing bidirectional cardiac and renal interaction leading to cardio-renal 

diseases. Despite current testing methods, models for personalized CVD diagnosis and its association with renal diseases 

are inadequate. In this view, we designed a preliminary algorithm to stratify CVD patients’ biomarker expression according 

to their ethnicity, gender, and age. In this study, we performed a systematic review of the clinical data of CVD patients. A 

preliminary algorithm for precision diagnosis is developed using baseline clinical factors, history, and CVD proteomic mark-

ers and correlated with and without modelling. Pathway analysis is also performed for assessing co-expression of kidney-

specifi c biomarkers with CVD markers to indicate bi-directional interaction of heart and kidney. The results show that the 

expression of CVD biomarkers is dependent on both the gender and ethnicity of an individual. Algorithm modelling of CVD 

markers with a patient-specifi c history and characteristic shows a new set of markers to be considered when diagnosing an 

individual and predict the onset of other complications. Personalized diagnosis is important to provide tailored treatment 

as it may prevent multiple organ dysfunction due to organ crosstalk. The base model can be extended to a more extensive 

algorithm and implemented as a guided treatment and timely decision tool for clinicians to assess the risk of developing 

CVD and CVD-dependent renal complications in a more personalized way. 

   Keywords     Personalized approach    ·  Biomarkers    ·  Network analysis    ·  Algorithm    ·  Cardio-renal diseases    ·  Organ crosstalk  

      Introduction 

 Several strategies have been implicated in identifying diag-

nostic and prognostic biomarkers for cardiovascular diseases 

(CVD). There has been an alarming number of increase in 

cardiovascular disease patients developing renal complica-

tions over time, leading to cardio-renal diseases (CRD). The 

organ crosstalk between heart and kidney complicates the 

treatment further (Jahng et al.  2016 ) due to multiple organ 

dysfunction. Patients suff ering from both CRDs develop 

complex and multifactorial pathophysiology (Restin et al. 

 2016 ). Over time, patients show various secondary clinical 

complications, such as increased or decreased blood pres-

sure, dehydration, stroke, kidney failure, bone degeneration, 

etc. These conditions manifest themselves making treatment 

choice even more diffi  cult and leading to postponed treat-

ment initiation and optimization of the complications and 

hence, increased mortality rate. Therefore, the prediction 
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of the onset of secondary complications due to CVD is the 

need of an hour. 

 CVD is progressive with multifactorial pathophysiologi-

cal states (Ronco et al.  2012 ). Both interplay of traditional 

CVD specific risk factors expressed in cardiovascular 

patients associate with an increased risk of developing mul-

tiple organ dysfunctions, predominantly renal complications 

overtime. It is becoming necessary to clinically address 

patients individually, considering their clinical history, 

gender, age, and proteomic expression profi les. Hence, to 

predict CVD patients’ risk of developing renal complica-

tions, large-scale biomarker identifi cation studies should be 

performed and linked to an individual’s medical profi le to 

provide patients a guided therapy. Individual data from the 

heterogeneous population can be modelled for predicting the 

risk of developing CVD and CVD-dependent renal compli-

cations (Segata et al.  2011 ; Antoranz et al.  2017 ). Individual 

profi les of patients and proteomic biomarker expression in 

patient fl uids, under clinical settings, should be stratifi ed for 

more personal diagnosis to prevent CVD and renal onset. 

 Most importantly, sex, race, obesity, type II diabetes 

(T2D), blood pressure, and other lifestyle conditions or 

diseases associate diff erently with clinical phenotypes and 

essential factors of clinical outcome among subgroups of the 

population. E.g., Asian and African communities diff er in 

their response to alpha- or beta-blockers. Their sensitivity 

towards C-reactive protein (CRP) levels is also positively 

infl uenced by the gender of an individual and obesity and 

may aff ect the expression levels of other clinical biomarkers 

(Eadon et al.  2018 ; Khera et al.  2009 ). With many daunting 

issues that make personalized diagnosis more challenging, 

many statistical techniques and approaches can be used for 

the model-building algorithm to defi ne biomarkers suitable 

for diagnostic or prognostic purposes (Mamtani et al.  2006 ; 

Ahmad et al.  2014 ). In this case, modelling can predict risk 

factors associated with developing renal failure as elevated 

CRP leads to other secondary complications depending 

on age and ethnicity. Each case based on their phenotype 

or genotype is usually diff erent (Tibbetts et al.  2017 ), and 

hence every biomarker fi rst should be assessed for its poten-

tial association with individuals conditions, phenotype and 

subcategorize them according to the treatment to be off ered 

(Ramaswami et  al.  2017 ). This way, highly significant 

associations predicted through algorithmic approach may 

unmask other relevant clinical associations. 

 Decision tree-based algorithms are famous as classifi -

cation algorithms and can determine and extract essential 

features from clinical data required for its stratifi cation. 

Decision tree-based algorithms have several advantages. 

It simplifi es complex relationships between input features/

attributes and class labels assigned by splitting the original 

dataset into signifi cant subgroups, robust to outliers, and 

easily handles missing values and skewed data. The decision 

tree classifi er divides the data into two or more classes based 

on thresholds of the attribute values of biomarker expres-

sion and other clinical variables. The root node attribute 

exhibits the highest discrimination; internal nodes show 

decision rules on one or more attributes, and leaf nodes 

provide the class labels. Decision tree-based algorithms are 

the simplest ways to analyze critical paths and have deci-

sion-making (Murthy  1998 ). A decision tree can be con-

sidered an approach to constructing a decision-path model 

(Visweswaran et al.  2015 ). 

 Similarly, diff erent pathways employed using decision 

tree analysis and modelling for proteomic and genomic 

markers may help the clinicians in the decision-making 

process of diagnosing a patient more precisely (Martel-Pel-

letier et al.  2019 ). In the present study, we have developed 

a personalized path model using decision trees to prioritize 

each clinical biomarker’s importance based on its expression 

due to ethnicity and gender. To derive important biomark-

ers for cardiovascular and renal complications that must be 

prioritized for personalized diagnosis at the initial stage to 

diagnose patients for the onset of CVD and CVD-based 

renal complications. We then defi ned the system based on 

the diff erent paths followed by biomarkers based on their 

priorities obtained. 

 Overall, to justify the building of personalized diagnosis 

for tailored treatment for a signifi cant non-communicable 

disease such as CVD, the paper has considered the following 

aspects towards designing a preliminary algorithm: (1) Iden-

tifying CVD patients and associated secondary clinical and 

biomarker data; (2) Stratifying and modelling data according 

to ethnicity and gender of CVD patients; (3) Correlating 

the patient background and environmental factors with pro-

teomic biomarker expression in blood, and (4) Performing 

network analysis and correlating CVD biomarkers with renal 

biomarkers expressed in renal complications or diseases. 

Each biomarker was assessed for its potential association 

with the CVD disease status of the population considered. 

The study also measures the index parameters and creates a 

stand-alone decision support system for clinical settings. The 

present model can also allow multi-disease comparisons and 

assign drugs and tests accordingly.  In lieu  of the challenges, 

we tried to make the modelling approach a preliminary and 

straight forward for CVD and its infl uence on renal outcome 

for more precise and tailored diagnosis. 

    Methods 

   Data selection 

 The database search yielded relevant biomarkers used for 

the present preliminary algorithm design. Manuscripts that 

measured patient blood samples were analyzed, focusing on 
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patients at risk with CVD. Seven documents were used to 

collect data to take into account considerations for large-

scale CVD biomarker selection. A systematic literature 

review of published work in clinical settings was per-

formed. Sudies that investigated the circulating biomark-

ers in patients at risk of CVD were searched. The literature 

search was predominantly investigated from MEDLINE and 

EMBASE for algorithm development. 

    Search protocol 

 The following search terms were applied as well as one of 

the next title/abstract phrases: “biomarker,” “cardiovascu-

lar diseases,” “CVD,” “risk factor,” “patients,” and “phe-

notypes,” “basic variables,” “blood,” “serum,” “ethnicity,” 

“gender,” “sex.” All titles and abstracts were screened for 

articles’ suitability, and the articles’ full texts were assessed 

for data collection. After evaluating the publications, infl am-

mation, and lipoprotein and adipocyte metabolism were 

considered predominant metabolic pathways operating in 

CVD patients expressing clinically signifi cant biomarkers. 

Patients base variables (described in the “ Data collection ” 

section) were chosen, which were commonly evaluated in 

all publications selected. 

    Study eligibility 

 Studied were deemed eligible if, (i) patients were at risk of 

CVD and with CVD with base variables as mentioned in 

Table  1 ; (ii) the study reporting of circulating biomarkers 

in the blood; (iii) the patients were African American (AA) 

or White (WH), men and women both. Specifi c exclusion 

criteria considered (i) animal model and cell culture stud-

ies; (ii) studies with patients reporting chronic CVD; (iii) 

paediatric population.  

    Data collection 

 The overall workfl ow of the analysis is depicted in Fig .  1 . 

The clinical data were collected from all eligible studies: (i) 

Participants characteristics and ethnic diff erences based on 

various base variables such as- age (years), body mass index 

(BMI) (kg/m 2 ), total cholesterol (TC) (mg/dl), HDL choles-

terol (mg/dl), systolic BP (mmHg), diastolic BP (mmHg), 

smoker (%), diabetes (%), previous history (PH) of myocar-

dial infarction (MI) or stroke (%), Statin usage (%), Aspirin 

use (%), Physical activity (PA), alcohol consumption (oz./

month), (2) Circulating markers for (a) infl ammation, (b) 

lipoprotein, and (c) adipocyte metabolism (LAM). (3) Data 

was also assessed for gender-dependent clinical variables 

and biomarker expressions in both men and women. Due 

to study limitations on other ethnicities, AA and WH popu-

lations were chosen to test the algorithm. The decision to 

incorporate infl ammatory and LAM specifi c markers and 

base variables were that most of the studies focus on the 

relevant clinical markers. Most of the CVD markers studied 

and reported belong to the infl ammation and LAM category.         

    Algorithm development 

 We utilized greedy top-down construction where the global 

mutual information of the whole tree was maximized. The 

generalized algorithm is shown below:

   1.      Check the current node:

   If all training tuples belong to one class, create a leaf 

���� � � �

  Else  

  Compute the score for each possible split.  

  Choose the best score to split the data into child nodes.  

  End IF      

  Table 1       Studies evaluated for detailed analysis for at risk CVD 

patients for infl ammatory and LAM biomarkers and basic variables  

  S. no.    Author (s)    Year  

  1    Kim et al.     2010   

  2    Ridker et al.     1997   

  3    Vasan et al.     2001   

  4    Costello et al.     2016   

  5    Pai et al.     2004   

  6    Roger et al.     2011   

  7    Kurian and Cardarelli     2007   

  Fig. 1       Schematic representation of fl owchart database and literature 

search performed for relevant studies meeting the inclusion criteria. 

Data was collected and categorized according to inclusion criteria. 

Seven relevant papers were formally reviewed for the present study  
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  2.      Check the child node

   If the child node is pure stop  

  Else  

  Repeat the step 1 for the impure child node taking it 

as the current node.        

 To derive important biomarkers for cardiovascular and 

CVD dependent renal complications that must be studied 

at the initial stage to diagnose patients, we defi ned the sys-

tem based on the diff erent paths followed by biomarkers 

based on their priorities. As per the p-values obtained, the 

biomarkers have been classifi ed into two diff erent classes 

{signifi cant, non-signifi cant}. The decision tree has been 

created with each biomarker as the root node, i.e., assuming 

each biomarker has the highest priority. The decision tree 

with minimum resubstituting error has been considered for 

prioritizing the biomarkers. The rank is considered until the 

node with a signifi cant split value. The generalized block 

diagram of the methodology followed has been depicted in 

Fig .  2 a.         

 The regression tree was also used to split the data into 

two or more classes based on continuous class labels. The 

piece-wise constant function was utilized to approximate the 

  Fig. 2        a  Representation of the basic methodology followed for the 

preliminary studies of biomarkers using decision trees. Based on 

p-values the signifi cance of biomarkers was classifi ed in two class 

labels. The decision tree with minimum re-substitution error was 

selected to prioritize the biomarkers. The same decision tree is used 

to validate the predicted class labels with the assigned labels. Further 

the study was co-related clinically.  b  The preliminary studies of bio-

markers based on decision tree was divided into three categories: (1) 

Infl uential markers based on ethnicity, (2) infl uential markers based 

on gender, (3) infl uential basic variables based on ethnicity. α is the 

tuning parameter lies in the range (0.01, 0.1) set as 0.02  
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division of dataset in diff erent courses. The split criterion 

for regression was based on the average predicted value for 

the split, and the error was defi ned as the square root of the 

sum of the square of the diff erence of each member of that 

split from the predicted average. The separability of split 

value (SSV) is one of the effi  cient heuristics to rank the dif-

ferent features/attributes. The block diagram presented in 

Fig .  2 a shows the generalized fl ow of the algorithm. For all 

the cases considered.’ α’ is the tuning parameter lies in the 

range (0.01, 0.1). Matlab R2017 has been used to implement 

the algorithm. This is used to provide the weight to decide 

the signifi cance of diff erence for a factor among women 

and men with the same ethnicity. Higher is the diff erence; 

more should be the weightage. In the present experiment, 

the value of α is set to 0.02. The three cases are as follows:

   1.      To rank infl uential infl ammatory and LAM biomarkers 

in ethnicity irrespective of gender as depicted in Fig .  2 b.   

  2.      To rank infl uential infl ammatory and LAM biomarkers 

in gender regardless of ethnicity: For an illustration, the 

basic variable BMI of women says,(w) and men (m) 

for ethnicity ‘WH’ is 30.8 and 30.7 kg/m 2  respectively. 

Therefore, w = 30.8 kg/m 2  and m = 30.7 kg/m 2 

       

     If  (D 1  <  D 2 ) assign the label as "Non-Signifi cant" else 

assign "Signifi cant" to BMI marker). Once the labels are 

assigned to each biomarker, proceed with the same steps 

as given in Fig .  2 b.   

  3.      To rank infl uential basic variables considering ethnicity: 

The regression model has been applied where R com-

putes the feature importance given as

      

where N is the total number of samples, N_t is the num-

ber of samples at the current node, N_t_L is the number 

of samples in the left child, and N_t_R is the number of 

samples in the right child.     

    Protein–protein network construction of CVD 
markers associated with kidney-specifi c markers 

 After applying the algorithm to rank relevant markers 

expressed in CVD, the co-expression and active interaction 

sources with kidney-specifi c markers were analyzed using 

the search tool for the retrieval of interacting Genes/Proteins 

database (STRING) (Szklarczyk et al.  2016 ). STRING was 

employed to seek potential interactions among CVD mark-

ers and kidney-specifi c markers expressed in CVD patients. 

Species were limited to  Homo sapiens . Based on the seed 

D1 = |m − w| = 0.1 is one factor and D2 = 𝛼∗Average(m + w) = 0.02∗(30.8 + 30.7)∕2 = 30.75

N_t∕N ∗ (impurity − N_t_R∕N_t ∗ right_impurity − N_t_L∕N_t ∗ left_impurity)

proteins as input, we fi rst constructed the PPI network (Sup-

plementary data). STRING generated the PPI network con-

sisting of all these proteins and all the CVD and kidney 

markers’ interactions. All the interactions between them 

were derived from high-throughput lab experiments and 

previous knowledge in curated databases at a high level of 

confi dence (sources: experiments, databases; score ≥ 0.90). 

     Results 

   Database search 

 Initial database searches yielded seven potentially eligible 

manuscripts for the inclusion criteria (Table  1 ). The stud-

ies were further analyzed for CVD biomarker specifi city 

for the population (Table  2 ). The manuscripts were chosen, 

which show reviews of circulating biomarkers and hence 

were further considered for analysis. The overall workfl ow 

of the present analysis is depicted in Fig .  3 . Manuscripts 

were intensely assessed for covering the important clinical 

variables and evaluated for this current study using complete 

data from Kim et al. ( 2010 ) (Tables  3 ,  4 ).               

    Data ranking 

 Clinical data were compared before and after modelling for 

the CVD population of both ethnicity and gender. Several 

variables infl uenced the onset of CVD without modelling. 

However, we decided to rate and correlate the biomark-

ers and base variables, which may aff ect the outcome of 

CVD based on an individual’s base variables, ethnicity, and 

gender. The decision, as mentioned earlier, the tree algo-

rithm model was used to rank the data. Biomarkers without 

modelling were not prioritized and showed many factors 

common among the population under study. The data set 

for ethnicity and gender were analyzed in accordance with 

two single split decision trees dividing three cases and 

compared to the data without modelling. The reason for 

analyzing individuals as a homogenous population was 

to observe and correlate self-induced or lifestyle history 

clinical variables. The clinical variables may be infl uencing 

the expression of infl ammatory and LAM biomarkers and 

the further onset of CVD and renal complications. Hence, 

the approach can give a more personalized approach to 

diagnosis. 
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   Correlation analysis without algorithm modelling 

 We set our clinical correlations and observations averaged 

from the clinical data and predicted higher levels of infl am-

matory markers in men than the women. The age factor 

revealed that the AA population were older and had higher 

BP levels. The community was also found to be the most 

diabetes-prone and had lower physical activity (PA). Smok-

ers were also seen to be most in AA men and WH women. 

The adjusted-geometric means of the protein markers among 

ethnicity groups in men and women are shown in Figs .  4  

&  5 . Conventional risk factors and basic variables were 

associated with high levels of infl ammatory markers (CRP, 

SAA, ICAM, HSP27, IL-18, TNFRI, MMP-2 & 9, etc.) and 

increased LAM factors. Women showed lower infl amma-

tory factors but high LAM factors when compared to men. 

AA ethnicity was associated with CRP, MCP-1, P-selectin, 

HSP27, MPO, MMP-2, and TIMP-2). The complete com-

parison analysis of the biomarkers increased and decreased 

without algorithm modelling concerning gender and ethnic-

ity presented as heatmaps (Fig .  6 ).                         

    Correlation analysis with algorithm modelling 

 As shown in Figs.  4  and  5 , standard and repeated variables 

among the population were stratifi ed based on ethnicity and 

gender. After giving the rank and priority to the biomarkers, 

we observed that women express more infl ammatory and 

LAM markers for CVD than men using the proposed algo-

rithm. However, Adiponectin was a common factor that was 

predominant in all patients, irrespective of race, and gender. 

AA showed more number of CVD biomarker expression 

compared to the WH population. HSP27 and APoB were 

variably signifi cant in WH ethnicity. VLDL and LDL was 

a common factor among the AA ethnicity. Data were fur-

ther categorized according to gender women (AA and WH) 

were found to express P-selectin, TIMP-1, IL-18, ApoE as 

CVD biomarkers in blood circulation. Males (AA and WH) 

showed ICAM and CRP as circulatory CVD biomarkers. 

 Further, in the case of base variables, alcohol, PH, smok-

ers, systolic pressure were determining factors in both the 

ethnicity and also irrespective of gender. Diabetes and age 

were more predominant factors for causing CVD in AA 

  Table 2       Biomarkers and basic 

variables studied and their 

abbreviations  

  Infl ammatory  

   P-Selectin    TNFRI  

   E-selection    IL-18, interleukin 18  

   CRP, C-reactive protein    MCP-1, monocyte chemotactic protein-1  

   SAA, serum amyloid A    RANGE, receptor for advanced glyca-

tion end products  

   TIMP-1/2, tissue inhibitor of metalloproteinases-2    Hsp27, heat shock protein 27  

   ICAM, intercellular adhesion molecule    MMP-2/9, matrix metalloproteinase  

   VCAM, vascular cell adhesion    ApoA/B/E, apolipoprotein B  

   MPO, myeloperoxidase    LDL, low-density lipoprotein  

  Basic variables  

   Age, years    Smokers, %  

   BMI, kg/m 2     Previous history of MI or stroke (PH)  

   Total cholesterol, mg/dl    Statin usage, %  

   HDL cholesterol, md/dl    Aspirin usage %  

   Systolic BP, mmHg    Physical activity, %  

   Diastolic BP, mmHg    Alcohol (oz)/month  

  Fig. 3       Flowchart database and literature search performed for rel-

evant studies meeting the inclusion criteria. Data was collected and 

categorized according to inclusion criteria. Seven relevant papers 

were formally reviewed for the present study  
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ethnicity; however, in the WH population, the model pre-

dicted alcohol, PH, systolic, and smoking base variables to 

be the predominant cause of CVD attaining higher rank than 

other variables. Diabetes spanned as one of the base vari-

ables in AA men and women and WH women alone, but not 

in WH men. As aspirin and statin use was predominant in 

WH ethnicity, statin was the only prioritized factor found 

among WH ethnicity (Tables  7 ,  8 ). Hence, algorithm model-

ling revealed more stratifi ed and clinically signifi cant data 

to be considered for a personalized diagnosis of CVD based 

on an individual’s ethnicity and gender in connection with 

lifestyle/environmental based variables.    

     Pathway/co-expression analysis of CVD biomarkers 
with associated renal molecules 

 We further wanted to correlate whether CVD biomarkers are 

associated with markers or signalling molecules expressed in 

kidneys. Usually, CVD patients predominantly express renal 

specifi c markers in their circulation, indicating their infl uence 

on kidney function and indicating the risk of developing CVD 

dependent renal complications. Pathways and co-expression 

analysis was performed using STRING (Fig.  7 ). STRING 

analysis revealed a direct association of CVD biomarkers with 

clinically relevant markers usually expressed during AKI or 

  Table 3       Circulating CVD biomarker expression and their variation according to ethnicity and gender (Kim et al.  2010 )  

  AA  African American,  WH  White 

 p-value of < 0.05 is considered statistical signifi cant 

    Women (n = 1638)    Men (n = 923)  

  AA (n = 936)    WH (n = 702)    p-value    AA (n = 388)    WH (n = 535)    p-value  

  Infl ammation  

   CRP, mg/L    3.59***    3.33***    0.1528    2.91    2.1    < 0.0001  

   SAA, μg/mL    22.63***    22.77***    0.9013    16.91    15.94    0.3587  

   ICAM, ng/mL    274.48*    284.74    0.0334    260.41    279.91    0.0015  

   VCAM, ng/mL    570.21    687.62    < 0.0001    558.63    670.71    < 0.0001  

   IL-6, pg/mL    7.98    7.3    0.0053    7.9    7.78    0.7422  

   IL-18, pg/mL    60.49    69.58**    < 0.0001    61.58    75.7    < 0.0001  

   TNFRI, pg/mL    1027.66    1266.95    < 0.0001    1046.58    1302.81    < 0.0001  

   TNFRII, pg/mL    1731.16    1857.16    0.0012    1751.27    1889.1    0.0029  

   MCP-1, pg/mL    978.56    859.33*    < 0.0001    980.77    901.42    0.0012  

   E-selectin, ng/mL    68.85    69.36    0.6689    70.69    72.19    0.3334  

   P-selectin, ng/mL    30.09**    27.66***    0.0016    32.8    32.87    0.9512  

   Hsp27, ng/mL    1726.27    1484.84**    0.0041    1721.46    1274.73    < 0.0001  

   MPO, ng/mL    36.56    28.54**    < 0.0001    34.7    25.08    < 0.0001  

   RAGE, pg/mL    437.96***    597.53    < 0.0001    359.32    560.34    < 0.0001  

   MMP-2, ng/mL    1807.08    1693.05    0.0015    1808.72    1705.78    0.0142  

   MMP-9, ng/mL    29.18    34.66    < 0.0001    30.01    36.16    < 0.0001  

   TIMP-1, ng/mL    68.47***    83.92***    < 0.0001    75.18    92.97    < 0.0001  

   TIMP-2, ng/mL    156.29    148.24    0.0013    152.29    146.87    0.0556  

  Lipoprotein metabolism  

   ApoA-I, mg/dL    164.85***    169.53***    0.0358    137.75    139.3    0.515  

   ApoB, mg/dL    92.22    97.61    0.0001    89.77    97.96    < 0.0001  

   ApoC-III, mg/dL    14.02***    18.19***    < 0.0001    12.98    16.32    < 0.0001  

   ApoE, mg/dL    5.26***    5.14***    0.2681    4.68    4.79    0.3739  

   LDL size, nm    269.34***    270.60***    < 0.0001    267.89    269.28    < 0.0001  

   Lp(A), mg/dL    46.83***    15.76*    < 0.0001    35.8    13.85    < 0.0001  

   Ox-LDL, U/L    62.31    65.59    0.0024    63.48    65.94    0.0882  

   Lp-PLA 2  mass, ng/mL    204.34*    242.36**    < 0.0001    211.39    253.29    < 0.0001  

   Lp-PLA 2  activity, ng/mL    119.30***    129.67***    < 0.0001    137.11    154.89    < 0.0001  

  Adiopocyte metabolism  

   Leptin, mg/mL    26.51***    22.46***    < 0.0001    9.62    8.81    0.0337  

   Adiponectin, μg/mL    10.11***    13.07***    < 0.0001    7.62    9.56    < 0.0001  

   Resistin, ng/mL    3.62**    3.76***    0.1519    3.24    3.39    0.1975  
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CKD. The biomarkers expressed in at-risk patients interest-

ingly showed every CVD marker to be co-expressing markers 

associated with kidneys. P-selectin was found to be associated 

with ITGB2, VWF, ITGB2, STAT6, and SELP. As mentioned 

above, P-selectin was found to be the prioritized marker in 

CVD women irrespective of ethnicity. Further, TIMP-1 and 

IL-18 co-expressed signalling molecules such as TGFB1 and 

NFKB1 are found to be expressed in many kidney diseases. 

Renal specifi c markers were identifi ed, and a summary of 

CVD associated renal specifi c markers given in Table  9 .           

 From the above results, it is clear that CVD biomarkers’ 

expression is infl uenced by an individual’s lifestyle, clinical 

history, or ongoing condition. Further, their ethnicity and gen-

der may play a signifi cant role. These infl uencing factors can 

aid in the personalized diagnosis of an individual and plan a 

precision therapeutic approach in a more tailored way. Circu-

lating markers should also be tested for other markers relevant 

to various organs to determine patients at risk of developing 

complications due to organ crosstalk. The above-assessed 

markers for CVD and kidneys should be put under test under 

a clinical setting to assess the community at risk of develop-

ing CVD-dependent renal complications. Hence, statistical 

methods and algorithm modelling applied to clinical data can 

reveal the potential risk of patients developing multi-organ 

complications or failure. This can help take early actions to 

curb the mortality rate. 

     Discussion 

 CVD is a signifi cant cause of morbidity, and it is increas-

ing at an alarming rate and causing other complications 

such as renal diseases (AKI or CKD), T2D, obesity, thy-

roid, etc. From age, sex, ethnicity, genetic make-up to 

other sub-phenotype or self-induced clinical complications 

of an individual makes the basis of personalized diagnosis 

for tailored therapy. Unbiased techniques yield essential 

data to develop an approach to discover new biomarkers 

for clinical utility (Gerszten and Wang  2008 ). Potential 

biomarkers can be identifi ed for risk prediction or used 

as preventive signatures for early diagnosis of multiple 

organ complications. Algorithm modelling can further 

aid in validating biomarkers for (a) new treatment targets, 

(b) modify therapeutic interventions, and (c) give right 

guiding precision medicine decisions for CVD patients 

and predict the risk of developing renal complications 

(Mehta et al.  2013 ). Recently, the FDA has approved 12 

algorithms to diagnose heart diseases. No combined per-

sonalized algorithm of both cardio and renal biomarker 

studies exists to date or developed for the personalized 

option for the at-risk or diseased population. We, there-

fore, present the fi rst preliminary algorithm using heterog-

enous secondary clinical data of CVD patients. The study 

  Table 4       Base variables considered for the present study and their values according to ethnicity and gender (Kim et al.  2010 )  

  AA  African American,  WH  White 

 p-value of < 0.05 is considered statistical signifi cant 

    Women (n = 1638)    Men (n = 923)  

  AA (n = 936)    WH (n = 702)    p-value    AA (n = 388)    WH (n = 535)    p-value  

  Age, years    63.3 ± 9.4    58.4 ± 10.3    < 0.0001    64.3 ± 9.0    59.5 ± 10.0    < 0.0001  

  BMI, kg/m 2     32.5 ± 7.0    30.8 ± 7.1    < 0.0001    29.2 ± 4.9    30.7 ± 5.1    < 0.0001  

  Total cholesterol, mg/dL    205.9 ± 41.0    202.8 ± 34.9    0.1078    191.9 ± 41.0    190.0 ± 32.7    0.4335  

  HDL cholesterol, mg/dL    61.0 ± 18.1    57.4 ± 15.4    < 0.0001    49.3 ± 15.6    44.5 ± 11.4    < 0.0001  

  Systolic BP, mmHg    139.5 ± 21.2    131.7 ± 17.9    < 0.0001    136.3 ± 20.1    130.3 ± 15.9    < 0.0001  

  Diastolic BP, mmHg    78.2 ± 10.6    72.8 ± 9.2    < 0.0001    81.1 ± 10.9    75.3 ± 9.1    < 0.0001  

  Ever smoker, %    289 (30.9)    284 (40.5)    0.0001    250 (64.4)    326 (60.9)    0.2787  

  Diabetes, %    282 (30.1)    92 (13.1)    < 0.0001    109 (28.1)    93 (17.4)    0.0001  

  Previous history of MI or stroke    78 (8.3)    37 (5.3)    0.0164    53 (13.7)    55 (10.3)    0.1149  

  Statin use, %    170 (18.2)    165 (23.5)    0.008    76 (19.6)    197 (36.8)    < 0.0001  

  Aspirin use, %    287 (30.7)    243 (34.6)    0.0906    149 (38.4)    267 (49.9)    0.0005  

  Physical activity score    9.6 ± 3.1    12.8 ± 4.9    < 0.0001    10.2 ± 4.1    14.1 ± 5.6    < 0.0001  

  Alcohol (oz)/month    0.8 ± 3.9    3.1 ± 6.0    < 0.0001    3.2 ± 7.9    9.1 ± 14.1    < 0.0001  
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correlated environmental, lifestyle, and clinical profi les of 

CVD patients with ethnicity and gender to CVD biomark-

ers’ type expressed in blood. Using the algorithm model, 

biomarkers were ranked according to their priority and 

features, which aff ect their expression. 

 Further, the study correlated the CVD markers with renal 

markers. The co-expression of CVD markers and renal 

markers indicated the possibility of patients posing the risk 

of developing renal complications. This tool can be modifi ed 

and updated as more datasets get presented over the years. 

The algorithm can be used as a baseline model and provide 

the and initial model for a more extensive algorithm. We 

analyzed data from various studies and included infl amma-

tory and LAM for the preliminary analysis to establish a cor-

relation and probability model for the algorithm developed. 

Based on updated data-sources we have used in our research, 

the current work can be used as a guided treatment decision 

for clinicians as to which biomarkers should be given prior-

ity based on ethnicity and gender. We stratifi ed biomarkers 

expressed due to CVD based on race and gender of African 

Americans (AA) and non-Hispanic whites (WH). Due to 

fewer and incomplete data available for Asians and Hispan-

ics, we used only AA and WH, as known in the literature, 

for the present analysis. 

 Based on our modeling approach, we found that infl am-

mation markers expressed due to CVD are well-associated 

with ethnicity (Ruediger et al.  2018 ; Paalani et al.  2011 ). 

Approximately 90% of the expressed infl ammatory markers 

show signifi cant expression in the AA population. This 

proportion, especially P-selectin, VCAM, ICAM, TIMP-1/

IL-18, CRP, puts the population at risk of developing renal 

complications in CVD patients. CVD markers have shown to 

be co-related to renal specifi c markers such as ITGB2, VWF, 

ITGB2, STAT6, SELP, as depicted in our model. Patients 

are at risk of developing CVD and AKI with elevated 

serum concentrations of cell adhesion molecules (CAMs) 

such as ICAM-1, vascular adhesion molecule-1 (VCAM-

1), E-selectin (ESEL), and P-selectin (PSEL) (Jansen et al. 

 2018 ). Previous studies have also established that P-selectin 

activation is more in women than men irrespective of ethnic-

ity, and it is a more sensitive marker for CVD (Stohlawetz 

et al.  1998 ). Suppose P-selectin is expressed coherently with 

factors aff ecting kidney function, i.e., ITGB2, VWF, ITGB2, 

STAT6, SELP. In that case, it may put women at more risk 

of developing CVD dependent renal complications, making 

the marker more gender-specifi c. Their expression during 

CVD is co-expressed with AKI-markers such as MMP-9, 

VEGFA, TGFB, CASP1, NFKB1, IL1, especially after car-

diac surgery (Musiał and Zwolińska  2014 ) indicative of dis-

ease dependent organ crosstalk. Our fi ndings strongly sug-

gest that AA ethnicity is more prone to renal complications 

after nearing CVD. 

 The Angiotensinogen system of the kidneys, as a prog-

nostic marker, has substantial implications on infl ammation. 

The expression of HSP27 attaining the highest priority with 

the white population remains to be clinically validated, as 

  Fig. 4       Decision-tree based model shows biomarker ranking accord-

ing to ethnicity and gender. Adiponectin is expressed irrespective of 

gender and ethnicity. AA population with CVD expressed VCAM and 

LDL, with males expressing ICAM and CRP and females express-

ing P-selectin, TIMP-1, IL-18 and ApoE. WH population expresses 

HSp27 and APoB irrespective of gender, whereas males and females 

expressed markers similar to males and females of AA ethnicity, 

respectively  
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shown. However, this factor’s appearance in the present 

study strongly suggests that its increased levels in WH 

make them less prone to CVD compared to AA. This may 

be due to their increased statin consumption, one of the pri-

oritized markers in this study after modelling. AA does not 

show HSP27 as the prioritized factor but shows increased 

LDL size levels both with and without algorithm model-

ling. HSP27 expression in CVD may serve as both a poten-

tial biomarker of diagnosis towards injury or as a potential 

therapeutic target (Ghayour-Mobarhan et al.  2012 ). It plays a 

crucial role in stimulating autophagy and lipid droplet clear-

ance under in vivo conditions (Shen et al.  2016 ). Over time, 

it prevents CVD’s event risks by increasing LDL clearance 

(Nielsen and Nordestgaard  2015 ). Also, single nucleotide 

polymorphism (SNP) in the Apo-E  ε 3 allele is associated 

with lowering LDLc using statins (Voora et al.  2008 ). Over-

expression of HSP27 may be contributing to lower LDL 

size and higher LDL size in WH and AA, respectively, as 

observed. This further needs validation by genome-wide-

association studies (GWAS). However, patients having lower 

levels of HSP27 and increased LDLc should be tested for 

HSPA1A, MAPK, APK3, HSPA8 for predicting the risk of 

CVD dependent renal complications. 

 Studies show that body fat measures are strongly asso-

ciated with circulating CRP levels and fi brinogen in men 

and not in women. In our modelled research, we see that 

CRP is predominantly expressed in AA men. It may be due 

to BMI being a more dominant basic variable in men as 

the association of body composition measures with respect 

to CRP is found to be stronger in men than women (Festa 

et al.  2001 ). This data further necessitates the association 

of smoking, BMI, and interrelation of CRP expression with 

respect to gender. CRP is an infl ammatory factor is associ-

ated with AA ethnicity and their higher risk of developing 

CVD (Costello et al.  2016 ). 

 Further addressing the risk of CVD in relation to smoking 

aff ecting the systolic pressure in both AA men and women, 

a strong correlation has been shown that 10-mmHg diff er-

ence in systolic blood pressure has an 8% increase in the 

stroke of the white population and 8% higher risk compared 

to 24% AA population (Howard et al.  2013 ). Furthermore, 

signifi cant interactions were found in women, such that the 

relationship between CAMs and lipid concentrations and 

WHR were stronger in smokers than non-smokers. Specifi c 

clinical settings in which the infl ammatory markers, with 

respect to smokers (irrespective of ethnicity), will be most 

useful. This need will defi ne a mandate to look at the history 

of patients who are smokers, consume alcohol, and or have 

diabetes, especially in the case of AA men and women and 

women WH, as also these variables infl uenced CVD marker 

expression as observed in our predictive model. 

 The presence of early expressing infl ammatory markers, 

especially when considering African descents, should be 

observed. It seems evident that the expression of infl am-

matory markers in AA ethnicity refl ects the level of estab-

lished CVD risk due to adiponectin in all populations. 

  Fig. 5        Decision-tree based model shows base variables infl uencing 

CVD onset. Alcohol consumption, PH, smoking and systolic pressure 

are determining factors for CVD onset in all populations irrespective 

of age, ethnicity and gender. Diabetes and age infl uences CVD onset 

AA males and females, whereas BMI and PAS infl uences CVD onset 

in WH. According to gender, AA males with high BMI have more 

risk of developing CVD, whereas WH males having TC determine 

the CVD risk. In AA females have TC and PAS determining CVD 

onset, and TC alone determining CVD onset in WH females  
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Recent studies show adiponectin as a novel risk marker of 

CVD in patients with stages 1–5 for CKD (Kumada et al. 

 2003 ). Our modelled algorithm also emphasizes a similar 

need for testing adiponectin as the fi rst expression marker 

in the population at risk for both CVD and CKD, as evident 

in results obtained in our modelled algorithms. In vitro and 

in vivo data show greater lipolytic sensitivity of abdomi-

nal subcutaneous fat and lesser lipolytic sensitivity of fem-

oral and gluteal subcutaneous fat in women than in men 

(Williams  2004 ). The model algorithm showing LAM as 

  Fig. 6        Heatmap of modelled biomarkers and base variables show variation in levels according to ethnicity and gender of the CVD patients.  I  
Increase;  D  Decrease;  ND  No diff erence in biomarker or base variable expression or level, respectively  
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a signifi cant prioritized biomarker and highly expressed in 

women of both ethnicities and alcohol consumption and dia-

betes is a major dominant factor in developing CVD. Also, 

ApoE and ApoA1 are dominant in the case of women. T2D 

was seen pronounced in the female population; however, it 

has become prevalent among both the genders (Gale and 

Gillespie  2001 ). World Health Organization (WHO) has 

reported African regions to have the largest proportional 

increase (90.5%) in the number of an adult aff ected with 

diabetes by 2030 (Whiting et al.  2011 ). Diabetes has attained 

one of the priority base variables when accounted for mathe-

matical modelling. A direct correlation is seen between lipid 

metabolism and diabetes in both genders of African origin. 

The homogenous groups of both AA males and females 

show diabetes as one of the prioritized clinical variables, 

along with smoking and alcohol, to be critical determinants 

of CVD onset. 

 The racial and gender disparities of CVD and renal com-

plication outcomes have been tremendously contributing to 

the biomarker expressions. Mortality and morbidity risk are 

higher in AA than their white counterparts, putting them as 

a population prone to developing renal diseases. The varia-

tions of the biomarker expressions among the population can 

be correlated with dramatic eff ects on the life expectancy 

for AA men and women, which is comparatively less for the 

white population, whether American or Caucasian whites, 

as stroke mortality in the former show a two-fold greater 

risk (Lackland  2014 ). End-stage renal disease is fi ve times 

more likely to be developed again in AA men and women 

(Ford  2011 ). Co-expressed renal biomarkers should be tested 

regularly once the individual develops or expresses CVD 

markers. This can eff ectively reduce the risk of developing 

CVD dependent renal complications and provide a more 

tailored and timely intervention to the patient. However, the 

predicted model we have developed needs to be validated for 

kidney biomarkers under clinical settings. 

 The calculation of the absolute risk (incidence) for vari-

ous strata of these markers would facilitate adjustments 

to the markers’ predictive value and the relative risk of 

developing CVD dependent renal complications due to 

organ crosstalk. These predictive models will allow the 

consistency of the association of both the prevalent for the 

highest-ranked non-communicable diseases and all-cause 

mortality. Personalized algorithms can play an important 

role in clinical settings making diagnosis more individual 

friendly and selective about target therapy. Also, assigning 

personalized tests and treatments reduces human trails. 

Larger samples from all ethnicities will allow a description 

of biomarkers pertaining to other disease sub-groups and 

secondary complications arising due to patients at risk of 

developing CVD and renal complications. 

 In conclusion, The preliminary algorithm is a useful 

base-model tool for clinicians to make diagnosis more 

precise, given that CVD patients are heterogeneous in 

  Table 7       Clinical data evaluation 

using algorithm shows 

biomarkers expressed and to 

be considered according to 

ethnicity and gender  

  AA  African American,  WH  White 

  Ethnicity    AA + WH    AA + WH    AA    WH  

  Gender    Women    Men    Men + women    Men + women  

  Type of biomarkers  

   Infl ammation    P-selectin    ICAM    VCAM    HSP27  

    TIMP-1/IL-18    CRP    CRP    

        TIMP-1    

   LAM    Adiponectin    Adiponectin    LDL    ApoB  

    ApoE        

    ApoA-1        

  Table 8       Clinical data evaluation using algorithm shows base variables to be considered according to ethnicity and gender  

  AA  African American,  WH  White 

  Ethnicity    AA + WH    AA + WH    AA    WH    AA    AA    WH    WH  

  Gender    Women    Men    Men + women    Men + women    Women    Men    Women    Men  

  Basic variables    Systolic    Systolic    Smokers    Aspirin    Alcohol    Alcohol    Alcohol    Alcohol  

    Total cholesterol      Total cholesterol    Smoker    PH    PH    PH    PH  

        Age    Systolic    PAS    Diabetes    PAS    PAS  

        PH    HDL    Diabetes    BMI    Diabetes    BMI  

          Alcohol    Aspirin      BMI    Statin  

                Statin    
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their clinical features with progressive symptoms and 

self-induced basic variables. Not only should their treat-

ment be decided according to their symptoms, but on a 

more extensive version, there should be a gradual follow 

to diagnose their disease progress. The natural approach 

deployed to personalize a patient’s diagnosis and predict 

renal event risks used discriminant analysis. The present 

tool may be expanded and reduce long-term complica-

tions, which may lessen the burden of CVD induced renal 

complications. It may also prove to be much cost-eff ective 

with the available current treatments and imply new health 

care policies. 

   Study limitations 

 Limitations of the study is that the pooling of the data 

from a large population, gender, ethnicity, or variable 

based perspective studies likely is needed to more robustly 

describe the correlations between biomarkers in relation 

to CVD and kidney disease event risks. Also, it does not 

include Asian, Hispanic, and Caucasian populations, 

which the authors consider to expand the study respective 

to other ethnicities and variable factors. More data and 

types of biomarkers, such as genomics and metabolomic 

�� Fig. 7       STRING analysis (  http:// string- db. org    ) carried out for fi nding 

association of CVD biomarkers co-expressing renal specifi c mark-

ers;  a  P-selectin/SELP;  b  TIMP-1;  c  IL-18;  d ,  e  ICAM & VCAM; 

 f  CRP;  g  HSP-27;  h  ApoB. STRING analysis reveals that markers 

expressed in CVD patients are associated with renal specifi c mark-

ers in the circulation as well. Renal markers were chosen and com-

piled which have direct association with CVD markers (Table   9 ). 

STRING was used to visualize predicted protein–protein interac-

tions of the identifi ed CVD markers carrying highest rank and pri-

ority using decision tree analysis. Nodes directly linked to the input 

are indicated with diff erent colors. Edges or predicted functional links 

consist of up to eight lines, with a diff erent color representing each 

type of evidence (e.g., neighborhood, gene fusion, cooccurrence, co-

expression, experiments, databases, text mining, and homology). Leg-

ends and color coding: Cyan—Known Interaction from curated data-

base; Purple—Experimentally determined interactions; Green—Gene 

neighbourhood; Red—Gene fusions; Blue—Gene co-occurrence; 

Yellow—Texting; Black—Co-expression; Light Blue; Protein homol-

ogy. STRING analysis of the ranked CVD markers were carried out. 

(Color fi gure online)  

  Table 9       Summary of the associated CVD markers co-expressed with 

renal specifi c/relevant markers analysed using STRING analysis  

    CVD markers    Kidney specifi c markers/signalling 

molecules co-expressed with CVD 

markers  

  Infl ammation    P-selectin/SELP    ITGB2, VWF, ITGB2, STAT6, 

SELP  

    TIMP-1    MMP-9,VEGFA, TGFB1  

    IL-18    CASP1, NFKB1, IL1B  

    ICAM    ICAM-1, ICAM-2  

    CRP    C1S, SERPINE1, TNF, IL-6  

    VCAM    ICAM1 NFKB1 SELE, SELPLG  

    HSP27    HSPA1A, MAPKAPK3, HSPA8  

  LAM    ApoB    APOE, CETP, LPL, APOC3, 

MTTP  
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markers, are needed to be considered to make the decision 

more precise. 

                   Supplementary Information     The online version contains supplemen-

tary material available at   https:// doi. org/ 10. 1007/ s43538- 021- 00026-5    .  

  Acknowledgements     The authors thank the study sponsored by funds 

from Chitkara University and providing the facility for bioinformatics 

analysis.  

  Author contributions     Study concept and design: VS and RR. Analysis 

and interpretation of data: VS, AS. Drafting of the manuscript: VS. 

Critical revision of the manuscript for important intellectual content: 

VS, AS. Statistical analysis: VS, AS. Study supervision: VS.  

  References 

                                                                                  Ahmad, T., Fiuzat, M., Pencina, M.J., Geller, N.L., Zannad, F., Cleland, 

J.G., Kim, J.B.: Charting a roadmap for heart failure biomarker 

studies. JACC Heart Fail.  2 (5), 477–488 (2014)  

                                                          Antoranz, A., Sakellaropoulos, T., Saez-Rodriguez, J., Alexopoulos, 

L.G.: Mechanism-based biomarker discovery. Drug Discov. Today 

 22 (8), 1209–1215 (2017)  

                                                                                  Costello, B.T., Silverman, E.R., Doukky, R., Braun, L.T., Aggarwal, 

N.T., Deng, Y., Volgman, A.S.: Lipoprotein (a) and increased car-

diovascular risk in women. Clin. Cardiol.  39 (2), 96–102 (2016)  

                                                  Eadon, M.T., Kanuri, S.H., Chapman, A.B.: Pharmacogenomic studies 

of hypertension: paving the way for personalized antihypertensive 

treatment. Expert Rev. Precis. Med. Drug Dev.  3 (1), 33–47 (2018)  

                                                                                  Festa, A., D’Agostino, R., Jr., Williams, K., Karter, A.J., Mayer-Davis, 

E.J., Tracy, R.P., Haff ner, S.M.: The relation of body fat mass 

and distribution to markers of chronic infl ammation. Int. J. Obes. 

 25 (10), 1407 (2001)  

                               Ford, E.S.: Trends in mortality from all causes and cardiovascular dis-

ease among hypertensive and nonhypertensive adults in the United 

States. Circulation  123 , 1737–1744 (2011)  

                                          Gale, E.A., Gillespie, K.M.: Diabetes and gender. Diabetologia  44 (1), 

3–15 (2001)  

                                       Gerszten, R.E., Wang, T.J.: The search for new cardiovascular biomark-

ers. Nature  451 (7181), 949 (2008)  

                                                  Ghayour-Mobarhan, M., Saber, H., Ferns, G.A.: The potential role of 

heat shock protein 27 in cardiovascular disease. Clin. Chim. Acta 

 413 (1–2), 15–24 (2012)  

                                                                                  Howard, G., Lackland, D.T., Kleindorfer, D.O., Kissela, B.M., Moy, 

C.S., Judd, S.E., Howard, V.J.: Racial diff erences in the impact 

of elevated systolic blood pressure on stroke risk. JAMA Intern. 

Med.  173 (1), 46–51 (2013)  

                                               Jahng, J.W.S., Song, E., Sweeney, G.: Crosstalk between the heart and 

peripheral organs in heart failure. Exp. Mol. Med.  48 (3), e217 

(2016)  

                                                  Jansen, M.P., Florquin, S., Roelofs, J.J.: The role of platelets in acute 

kidney injury. Nat. Rev. Nephrol.  14 (7), 457–471 (2018)  

                                                                                     Khera, A., Vega, G.L., Das, S.R., Ayers, C., McGuire, D.K., Grundy, 

S.M., de Lemos, J.A.: Sex diff erences in the relationship between 

C-reactive protein and body fat. J. Clin. Endocrinol. Metab.  94 (9), 

3251–3258 (2009)  

                                                                                  Kim, C.X., Bailey, K.R., Klee, G.G., Ellington, A.A., Liu, G., Mosley, 

T.H., Jr., Kullo, I.J.: Sex and ethnic diff erences in 47 candidate 

proteomic markers of cardiovascular disease: the Mayo Clinic 

proteomic markers of arteriosclerosis study. PloS One  5 (2), e9065 

(2010)  

                                                  Kumada, M., Khihara, S., Sumitsuji, S.: Association of hypoadi-

ponectinemia with coronary artery disease in men. Arterioscler. 

Thromb. Vasc. Biol.  23 (1), 85–89 (2003)  

                                       Kurian, A.K., Cardarelli, K.M.: Racial and ethnic diff erences in car-

diovascular disease risk factors: a systematic review. Ethn. Dis. 

 17 (1), 143 (2007)  

                                  Lackland, D.T.: Racial diff erences in hypertension: implications for 

high blood pressure management. Am. J. Med. Sci.  348 (2), 135–

138 (2014)  

                                                                               Mamtani, M.R., Thakre, T.P., Kalkonde, M.Y., Amin, M.A., Kalkonde, 

Y.V., Amin, A.P., Kulkarni, H.: A simple method to combine mul-

tiple molecular biomarkers for dichotomous diagnostic classifi ca-

tion. BMC Bioinform.  7 (1), 442 (2006)  

                                                                            Martel-Pelletier, J., Maheu, E., Pelletier, J.P., Alekseeva, L., Mkinsi, 

O., Branco, J., et al.: A new decision tree for diagnosis of osteoar-

thritis in primary care: international consensus of experts. Aging 

Clin. Exp. Res.  31 (1), 19–30 (2019)  

   Mehta, R.L., Rabb, H., Shaw, A.D., Singbartl, K., Ronco, C., 

McCullough, P.A., Kellum, J.A., Acute Dialysis Quality Ini-

tiative: Cardiorenal syndrome type 5: clinical presentation, 

pathophysiology and management strategies from the eleventh 

consensus of the Acute Dialysis Quality Initiative (ADQI) In: 

ADQI Consensus on AKI Biomarkers and Cardiorenal Syn-

dromes, vol. 182, pp. 174–194. Karger Publishers (2013)   

                                  Murthy, S.K.: Automatic construction of decision trees from data: 

a multi-disciplinary survey. Data Min. Knowl. Discov.  2 (4), 

345–389 (1998)  

                                          Musiał, K., Zwolińska, D.: Pleiotropic functions of TIMP-1 in 

patients with chronic kidney disease. Cell. Mol. Life Sci.  71 (8), 

1547–1548 (2014)  

                                          Nielsen, S.F., Nordestgaard, B.G.: Negative statin-related news sto-

ries decrease statin persistence and increase myocardial infarc-

tion and cardiovascular mortality: a nationwide prospective 

cohort study. Eur. Heart J.  37 (11), 908–916 (2015)  

                                                       Paalani, M., Lee, J.W., Haddad, E., Tonstad, S.: Determinants of 

infl ammatory markers in a bi-ethnic population. Ethn. Dis. 

 21 (2), 142 (2011)  

                                                                                  Pai, J.K., Pischon, T., Ma, J., Manson, J.E., Hankinson, S.E., 

Joshipura, K., Rimm, E.B.: Infl ammatory markers and the risk 

of coronary heart disease in men and women. N. Engl. J. Med. 

 351 (25), 2599–2610 (2004)  

                                               Ramaswami, R., Bayer, R., Galea, S.: Precision medicine from a pub-

lic health perspective. Annu. Rev. Public Health  39 , 153–168 

(2017)  

   Restin, C.B., Pereira, B.F., Geleilete, T.M.: Free Radicals and bio-

markers related to the diagnosis of cardiorenal syndrome. In: Free 

Radicals and Diseases. In Tech (2016)  

                                                                  Ridker, P.M., Cushman, M., Stampfer, M.J., Tracy, R.P., Hennekens, 

C.H.: Infl ammation, aspirin, and the risk of cardiovascular disease 

in apparently healthy men. N. Engl. J. Med.  336 (14), 973–979 

(1997)  

                                                                               Roger, V.L., Go, A.S., Lloyd-Jones, D.M., Adams, R.J., Berry, J.D., 

Brown, T.M., Fox, C.S.: Heart disease and stroke statistics—2011 

update: a report from the American Heart Association. Circulation 

 123 (4), e18 (2011)  

                                                  Ronco, C., Cicoira, M., McCullough, P.A.: Cardiorenal syndrome type 

1: pathophysiological crosstalk leading to combined heart and 

kidney dysfunction in the setting of acutely decompensated heart 

failure. J. Am. Coll. Cardiol.  60 (12), 1031–1042 (2012)  

                                                                                  Ruediger, C.D., John, B., Kumar, S., Lim, H.S., Rangnekar, G., 

Roberts-Thomson, K.C., Willoughby, S.R.: Infl uence of ethnic 

background on left atrial markers of infl ammation, endothelial 

function and tissue remodelling. Indian Pacing Electrophysiol. 

J.  18 (1), 1–5 (2018)  



189Proceedings of the Indian National Science Academy (2021) 87:175–189 

1 3

                                                                               Segata, N., Izard, J., Waldron, L., Gevers, D., Miropolsky, L., Garrett, 

W.S., Huttenhower, C.: Metagenomic biomarker discovery and 

explanation. Genome Biol.  12 (6), R60 (2011)  

                                                                                  Shen, L., Qi, Z., Zhu, Y., Song, X., Xuan, C., Ben, P., Yin, Z.: Phospho-

rylated heat shock protein 27 promotes lipid clearance in hepatic 

cells through interacting with STAT3 and activating autophagy. 

Cell. Signal.  28 (8), 1086–1098 (2016)  

                                                                                  Stohlawetz, P., Hergovich, N., Stiegler, G., Eichler, H.G., Hocker, P., 

Kapiotis, S., Jilma, B.: Diff erential induction of P-selectin expres-

sion on platelets by two cell separators during plateletpheresis and 

the eff ect of gender on the release of soluble P-selectin. Transfu-

sion  38 (1), 24–30 (1998)  

   Szklarczyk, D., Morris, J.H., Cook, H., Kuhn, M., Wyder, S., Simon-

ovic, M., Santos, A., Doncheva, N.T., Roth, A., Bork, P., Jensen, 

L.J.: The STRING database in 2017: quality-controlled protein–

protein association networks, made broadly accessible. Nucleic 

Acids Res.  45 (D1), D362–D368 (2016)   

                                               Tibbetts, E.A., Mullen, S.P., Dale, J.: Signal function drives phenotypic 

and genetic diversity: the eff ects of signalling individual identity, 

quality or behavioural strategy. Philos. Trans. R. Soc. B Biol. Sci. 

 372 (1724), 20160347 (2017)  

                                                                                  Vasan, R.S., Larson, M.G., Leip, E.P., Evans, J.C., O’donnell, C.J., 

Kannel, W.B., Levy, D.: Impact of high-normal blood pressure 

on the risk of cardiovascular disease. N. Engl. J. Med.  345 (18), 

1291–1297 (2001)  

                                                               Visweswaran, S., Ferreira, A., Ribeiro, G.A., Oliveira, A.C., Cooper, 

G.F.: Personalized modelling for prediction with decision-path 

models. PloS One  10 (6), e0131022 (2015)  

                                                                               Voora, D., Shah, S.H., Reed, C.R., Zhai, J., Crosslin, D.R., Messer, C., 

Ginsburg, G.S.: Pharmacogenetic predictors of statin-mediated 

low-density lipoprotein cholesterol reduction and dose response. 

Circ. Cardiovasc. Genet.  1 (2), 100 (2008)  

                                                       Whiting, D.R., Guariguata, L., Weil, C., Shaw, J.: IDF diabetes atlas: 

global estimates of the prevalence of diabetes for 2011 and 2030. 

Diabetes Res. Clin. Pract.  94 , 311–321 (2011)  

                                  Williams, C.M.: Lipid metabolism in women. Proc. Nutr. Soc.  63 (1), 

153–160 (2004)    



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2250
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


