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Purpose: Inflammatory biomarkers associated with peripheral artery disease (PAD) have been examined separately; however, an 
algorithm that includes a panel of inflammatory proteins to inform prognosis of PAD could improve predictive accuracy. We developed 
predictive models for 2-year PAD-related major adverse limb events (MALE) using clinical/inflammatory biomarker data.
Methods: We conducted a prognostic study using 2 phases (discovery/validation models). The discovery cohort included 100 PAD 
patients that were propensity-score matched to 100 non-PAD patients. The validation cohort included 365 patients with PAD and 144 
patients without PAD (non-matched). Plasma concentrations of 29 inflammatory proteins were determined at recruitment and the 
cohorts were followed for 2 years. The outcome of interest was 2-year MALE (composite of major amputation, vascular intervention, 
or acute limb ischemia). A random forest model was trained with 10-fold cross-validation to predict 2-year MALE using the following 
input features: 1) clinical characteristics, 2) inflammatory biomarkers that were expressed differentially in PAD vs non-PAD patients, 
and 3) clinical characteristics and inflammatory biomarkers.
Results: The model discovery cohort was well-matched on age, sex, and comorbidities. Of the 29 proteins tested, 5 were elevated in 
PAD vs non-PAD patients (MMP-7, MMP-10, IL-6, CCL2/MCP-1, and TFPI). For prognosis of 2-year MALE on the validation 
cohort, our model achieved AUROC 0.63 using clinical features alone and adding inflammatory biomarker levels improved 
performance to AUROC 0.84.
Conclusion: Using clinical characteristics and inflammatory biomarker data, we developed an accurate predictive model for PAD 
prognosis.

Plain Language Summary: Inflammatory biomarkers associated with peripheral artery disease (PAD) have been examined 
separately; however, an algorithm that includes an inflammatory protein panel to inform prognosis of PAD may improve predictive 
accuracy. We developed predictive models for 2-year major adverse limb events (MALE) using clinical characteristics (demographics, 
comorbidities, and medications) and a panel of 5 PAD-specific inflammatory biomarkers (MMP-7, MMP-10, IL-6, CCL2/MCP-1, and 
TFPI) that achieved excellent performance on an independent validation cohort (AUROC 0.84). The models developed through this 
study may support PAD risk-stratification and targeted management strategies. 
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Introduction
Over 200 million individuals worldwide are impacted by peripheral artery disease (PAD), which involves atherosclerosis 
and thrombosis of the arteries in the lower limbs.1,2 Despite its important contribution to limb loss and mortality, PAD is 
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poorly treated.3 A key factor contributing to this issue includes the absence of standardized prognostic methods that can 
risk-stratify patients and guide their subsequent evaluation and treatment.

Inflammatory proteins have been demonstrated to contribute to PAD progression, including IL-6 (interleukin-6),4 

MMP-7 (matrix metalloproteinase-7),5 MMP-10 (matrix metalloproteinase-10),6 CCL-2/MCP-1 (monocyte chemoattrac
tant protein),7 and TFPI (tissue factor pathway inhibitor).8 Indeed, over 20 inflammatory biomarkers for cardiovascular 
diseases have been studied.9–12 We analyzed 29 specific inflammatory proteins because they show the strongest 
correlations with cardiovascular diseases with potential applications to PAD.9–12 Although previous work has shown 
associations between these proteins and PAD, few have assessed their prognostic potential by measuring discriminatory 
and predictive metrics.4–8 Additionally, these proteins have primarily been investigated individually, with no prior 
exploration of the prognostic potential of a combined panel of these inflammatory markers. Since PAD is a chronic, 
multifactorial condition with multiple metabolic pathways contributing to disease development,13 we hypothesize that an 
integrated panel of biomarkers in conjunction with clinical characteristics may attain improved accuracy in PAD 
prognosis compared to assessing single proteins alone. By leveraging inflammatory biomarker data alongside clinical 
features correlated with PAD outcomes,14–16 there exists potential to build highly accurate prognostic models for PAD. 
This work combines clinical and inflammatory biomarker data using predictive modelling techniques to support PAD 
prognosis and guide clinical decision-making. Importantly, we link biochemical and clinical data to support risk 
prediction, an aspect that has received limited investigation in PAD. This study has potential to support precision 
medicine by guiding clinical decision-making and tailoring optimal health care decisions around the individual char
acteristics of patients including their biomarker profile which can give useful information about disease susceptibility, 
evolution, and potential response to treatment.17

Materials and Methods
Ethics
The Unity Health Toronto Research Ethics Board approved this study. All patients provided written informed consent and 
all procedures were conducted according to the principles outlined in the Declaration of Helsinki.18

Design
This prognostic study was conducted using a propensity-matched model discovery cohort and unmatched, real-world 
validation cohort. Findings were reported using the Transparent Reporting of a multivariable Prediction model for 
Individual Prognosis or Diagnosis (TRIPOD) statement.19

Patient Recruitment
This study prospectively recruited PAD and non-PAD patients who presented to ambulatory clinics at our institution from 
May 2018 to March 2021. The definition for PAD was ankle brachial index (ABI) below 0.9 or toe brachial index (TBI) below 
0.67 and absent/diminished pedal pulses.20 The definition for non-PAD was ABI ≥ 0.9 and TBI ≥ 0.67 and normal pedal 
pulses.20 Patients with elevated troponin, acute coronary syndrome, acute limb ischemia, or receiving biological anti- 
inflammatory medications, within the previous 3 months were excluded. The PAD cohort only included patients who were 
asymptomatic or had claudication. Patients with chronic limb threatening ischemia (defined as rest pain or tissue loss) were 
excluded as they would have met the primary endpoint of requiring vascular intervention or major amputation at recruitment.

Baseline Characteristics
Baseline characteristics encompassed sex, age, hypertension (defined as diastolic blood pressure ≥ 80 mmHg, systolic blood 
pressure ≥ 130 mmHg, or utilization of blood pressure lowering therapy21,22), dyslipidemia (indicated by triglyceride levels > 1.7 
mmol/L, total cholesterol levels > 5.2 mmol/L, or usage of lipid lowering therapy21,22), diabetes (defined as hemoglobin A1c ≥ 
6.5% or use of antidiabetic medication21,22), current or past smoking status, presence of congestive heart failure (CHF), coronary 
artery disease (CAD), history of stroke, occurrence of leg pain (self-reported and inclusive of both ischemic and non-ischemic 
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pain), and utilization of cardiovascular risk reduction medications.23 Definitions for cardiovascular risk factors were in 
accordance with guidelines established by the American College of Cardiology.21,22

Quantification of Plasma Inflammatory Biomarker Levels
Samples of blood were obtained from participants and concentrations of 29 inflammatory proteins in plasma were assessed 
in duplicate using the LUMINEX assay (Bio-Techne, Minneapolis, United States).24 These proteins were selected because 
of their involvement in metabolic processes associated with atherosclerosis and important associations with cardiovascular 
diseases: chemokine (C-C motif) ligand 1 (CCL1)/TCA-3, tumor necrosis factor alpha (TNF-α), MMP-8, cluster of 
differentiation 163 (CD163), bone morphogenetic protein 10 (BMP-10), BMP-7, BMP-4, CCL3/macrophage inflammatory 
protein-1 alpha (MIP-1a), CCL13/MIP-1 delta, CCL4/MIP-1b, chemokine (C-X-C motif) ligand 16 (CXCL16), insulin-like 
growth factor-binding protein-1 (IGFBP-1), oxteoactivin/glycoprotein (transmembrane) NMB (GPNMB) resistin, CXCL9/ 
monokine induced by gamma (MIG), regenerating family member 3 alpha (Reg3α), carcinoembryonic antigen-related cell 
adhesion molecule 1 (CEACAM1/CD66a), interferon gamma (IFNy), proganulin (PGRN), CCL17/thymus and activation 
regulated chemokine (TARC), HTRA2/Omi, Serpin A12, Serpin B3/squamous cell carcinoma antigen 1 (SCCA1), CCL11/ 
Eotaxin, IL-6, MMP-7, MMP-10, CCL-2/MCP-1, and TFPI. By analyzing a large number of inflammatory proteins, we aim 
to identify novel PAD biomarkers. Before analyzing the samples using the MagPix analyzer,25 it was calibrated with 
Fluidics Verification and Calibration bead kits (Luminex Corp, Texas, United States).26 To reduce intra- and inter-assay 
variability, all analyses were conducted within 24 hours. Sample inter- and intra-assay coefficients of variability were below 
10%. A minimum of fifty beads for each protein were analyzed using Luminex xPonent software.27

Follow-Up and Outcomes
Follow-up clinic visits were conducted at 1-year and 2-years after recruitment. At each visit, a full medical history and 
physical examination was performed including recording of ABI, study outcomes, and changes in clinical status. The 
outcome of interest was 2-year major adverse limb events (MALE; major lower extremity amputation above the ankle, 
need for vascular intervention [open or endovascular lower extremity revascularization], or acute limb ischemia [abrupt 
decrease in limb perfusion [< 14 days] due to arterial thrombosis or embolism]). Initial analysis showed that all adverse 
limb events occurred in PAD patients; therefore, prognostic models were developed only on the PAD cohort.

Model Development and Evaluation
The patient sample was split into 2 groups: a discovery cohort and a validation cohort. In the discovery cohort, optimal propensity- 
score matching without replacement was used to match patients with and without PAD based on baseline demographics and 
comorbidities. Propensity scores were calculated for each variable using log-odds, and a calibration threshold of 0.1 absolute units 
was used to match the groups. The remaining non-matched patients were placed in the validation cohort to assess real-world 
model performance. The purpose of the discovery cohort was to identify proteins that are elevated in PAD patients, while the 
validation cohort was utilized to assess model performance.

The selected predictive model was the random forest, an ensemble learning method that operates through decision 
trees.28 These decision trees organize samples into branch-like segments to construct prediction algorithms using multiple 
covariates.29 Notably, random forest is adept at handling large and intricate datasets owing to its non-parametric nature.29 

This model was chosen due to its widespread application in the literature and its demonstrated excellent performance in 
predicting clinical outcomes.30–32

Using data from the model discovery cohort, the random forest model was trained with ten-fold cross validation to 
predict PAD prognosis (2-year MALE) using the following input features: 1) clinical characteristics (sex, age, dyslipi
demia, hypertension, diabetes, past/current smoking, CHF, CAD, previous stroke, leg pain, ABI, acetylsalicylic acid 
(ASA), statins, angiotensin converting enzyme inhibitor (ACE-I) or angiotensin II receptor blocker (ARB), calcium 
channel blocker, beta blocker, hydrochlorothiazide or furosemide, oral antihyperglycemic agent, and insulin), 2) inflam
matory proteins that were expressed differentially in PAD and non-PAD patients, and 3) both clinical characteristics and 
inflammatory marker panel. The reason for building and testing the models in this manner is to understand the relatively 
importance of the inflammatory marker panel in contributing to risk predictions. This was specifically assessed using net 

Journal of Inflammation Research 2024:17                                                                                          https://doi.org/10.2147/JIR.S471150                                                                                                                                                                                                                       

DovePress                                                                                                                       
4867

Dovepress                                                                                                                                                                 Li et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


reclassification improvement (NRI), which quantifies how well a new model correctly reclassifies subjects.33 Specific to 
this study, NRI quantifies how much the addition of inflammatory markers to clinical features improves model 
performance for predicting PAD prognosis.33 The integrated discrimination improvement (IDI) was also calculated for 
the similar purpose of assessing the added value of inflammatory markers to model performance when compared to using 
clinical features alone.34 Once trained, the models were evaluated on the validation cohort and the primary metric for 
evaluating model performance was area under the receiver operating characteristic curve (AUROC).35 The prognostic 
model was assessed on the PAD cohort only given that all MALE outcomes occurred in PAD patients. The most 
influential predictive features were identified using variable importance scores (gain), which measure the relative 
contribution of individual features to a prediction.36 Model development methods were based on our previous work.37,38

Statistical Analysis
Baseline features were presented as means (standard deviation) or numbers (percentage). Differences between groups 
were evaluated using independent t-tests for continuous variables and chi-square tests for categorical variables. Protein 
levels were compared between PAD and non-PAD patients using independent t-tests. Proteins demonstrating differential 
expression between PAD and non-PAD patients were further analyzed for model development. Event rates were 
compared between patients with and without PAD using chi-square tests. Adjusted hazard ratios (HR) for 2-year 
MALE per one unit increase in each inflammatory marker were determined using Cox proportional hazards analysis, 
adjusting for sex, age, hypertension, dyslipidemia, diabetes, past and current smoking, CAD, CHF, previous stroke, leg 
pain, ABI, ASA, statin, beta blocker, ACE-I/ARB, calcium channel blocker, hydrochlorothiazide or furosemide, oral 
antihyperglycemic agent, and insulin. Using the prognostic model, patients were classified into either low or high risk of 
developing 2-year MALE based on the optimal ROC threshold of 0.41. This threshold was determined using the Youden 
Index, optimizing the performance (sensitivity and specificity) of the prediction model.39 Freedom from MALE over 2 
years in low vs high-risk patients was analyzed using Kaplan-Meier curves and compared with Cox proportional hazards 
analysis. This stratified analysis provided insights into the potential clinical significance of the risk predictions made by 
the prognostic model, helping clinicians understand the divergence in MALE risk trajectories between low and high-risk 
patients over a 2-year period. Patients lost to follow-up were censored. Statistical significance was set at a two-tailed 
p-value below 0.05. All statistical analyses were conducted using SPSS version 23.40

Results
Discovery Cohort for Identification of PAD-Specific Proteins
We performed propensity score matching to create a 200-patient discovery cohort, with patients with and without PAD 
matched on a 1:1 basis. The remaining 509 patients constituted our validation cohort, which was reserved to assess model 
performance. Within the discovery cohort, the average age was 67 (SD 10) years, with 59 (29%) female patients. Among them, 
125 (63%) had hypertension, 136 (68%) had dyslipidemia, 33 (17%) had diabetes, 100 (50%) were former smokers, 46 (23%) 
were current smokers, 3 (2%) had CHF, 46 (23%) had CAD, 50 (25%) had a previous stroke, and 123 (62%) experienced leg 
pain. There were no baseline differences in demographics and comorbidities between PAD and non-PAD patients, supporting 
the effectiveness of our matching process. As expected, patients with PAD had a lower mean ABI (0.58 [SD 0.11] vs 1.01 [SD 
0.02], p<0.001) and a greater proportion received cardiovascular risk-reduction medications including statins (72% vs 57%, 
p<0.001), ASA (79% vs 52%, p<0.001), beta blockers (46% vs 29%, p=0.001), and ACE-I/ARB (69% vs 43%, p=0.001) 
(Table 1).

Inflammatory Protein Levels
From a 29-protein panel, we identified 5 that were significantly elevated in PAD vs non-PAD patients: MMP-7 (4.83 [SD 
0.39] vs 4.40 [SD 0.32] pg/mL, p = 0.004), IL-6 (8.27 [SD 3.01] vs 6.03 [SD 2.10] pg/mL, p = 0.017), MMP-10 (0.69 
[SD 0.26] vs 0.42 [SD 0.30] pg/mL, p = 0.021), CCL2/MCP-1 (658.35 [SD 76.06] vs 573.29 [SD 113.40], p = 0.029), 
and TFPI (22.98 [SD 4.71] vs 19.26 [SD 6.19] pg/mL, p = 0.031) (Table 2). These 5 proteins were used in further 
analyses to build the predictive model.
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Validation Cohort
The 5 proteins identified in the discovery cohort were confirmed to be elevated in PAD patients in the validation cohort. The 
validation cohort consisted of 509 individuals (365 PAD and 144 non-PAD). Given that the cohort was not matched, a greater 
proportion of PAD patients had hypertension (93% vs 80%, p<0.001), diabetes (50% vs 31%, p<0.001), previous stroke 
(18% vs 10%, p=0.016), and leg pain (64% vs 17%, p<0.001) compared to non-PAD patients. The mean age was 69 (SD 9), 
30% were female, 90% had dyslipidemia, 85% were past or current smokers, and 43% had CAD, with no differences in these 
characteristics between groups. A greater proportion of PAD patients received ASA (72% vs 41%, p<0.001), statins (76% vs 
49%, p<0.001), ACE-I/ARB (70% vs 44%, p=0.001), and beta blockers (41% vs 24%, p=0.001) (Table 3).

Table 1 Baseline Characteristics of Propensity-Score Matched 
Discovery Cohort

Non-PAD  
(n = 100)

PAD  
(n = 100)

P

Demographics

Age, mean (SD) 67 (10) 66 (9) 0.139

Sex, female 32 (32) 27 (27) 0.196

Comorbidities

Hypertension 59 (59) 66 (66) 0.064

Dyslipidemia 65 (65) 71 (71) 0.073

Diabetes 19 (19) 14 (14) 0.110

Past smoking 45 (45) 55 (55) 0.061

Current smoking 23 (23) 23 (23) 0.682

Congestive heart failure 2 (2) 1 (1) 0.703

Coronary artery disease 16 (16) 30 (30) 0.362

Previous stroke 24 (24) 26 (26) 0.602

Clinical presentation

Leg pain 58 (58) 65 (65) 0.061

ABI, mean (SD) 1.01 (0.02) 0.58 (0.11) <0.001

Medications

Acetylsalicylic acid 52 (52) 79 (79) <0.001

Statin 57 (57) 72 (72) <0.001

ACE-I/ARB 43 (43) 69 (69) 0.001

Beta blocker 29 (29) 46 (46) 0.001

Calcium channel blocker 23 (23) 27 (27) 0.096

Hydrochlorothiazide or furosemide 10 (10) 13 (13) 0.196

Oral antihyperglycemic agent 6 (6) 8 (8) 0.940

Insulin 4 (4) 6 (6) 0.514

Notes: Values reported as N (%) unless otherwise indicated. 
Abbreviations: PAD, peripheral artery disease; SD, standard deviation; ABI, ankle brachial 
index; ARB, angiotensin II receptor blocker; ACE-I, angiotensin-converting enzyme inhibitor.
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Table 2 Inflammatory Protein Levels in Patients with vs Without Peripheral Artery 
Disease in Discovery Cohort

Non-PAD (n = 100) PAD (n = 100) P

Mean Standard 
deviation

Mean Standard 
deviation

MMP-7 4.40 0.32 4.83 0.39 0.004

IL-6 6.03 2.10 8.27 3.01 0.017

MMP-10 0.42 0.30 0.69 0.26 0.021

CCL2/MCP-1 573.29 113.40 658.35 76.06 0.029

TFPI 19.26 6.19 22.98 4.71 0.031

CCL17/TARC 0.33 0.34 0.34 0.46 0.084

Reg3A 28.97 23.13 31.79 26.65 0.093

CCL11/Eotaxin 0.13 0.10 0.13 0.23 0.099

HTRA2/Omi 0.99 1.16 1.13 1.31 0.11

CCL3/MIP-1a 3.14 2.47 3.28 2.80 0.135

IGFBP-1 9.35 16.13 16.09 43.47 0.14

Resistin 4.62 4.83 5.45 5.85 0.191

2CCL1/TCA-3 2.06 1.57 2.39 3.88 0.258

BMP-4 0.01 0.01 0.01 0.01 0.272

CD163 108.71 153.27 127.15 177.27 0.294

CXCL16 11.99 11.16 12.29 11.52 0.301

TNFa 4.72 5.95 4.54 2.77 0.311

CCL15/MIP-1 delta 1.40 2.51 2.05 4.40 0.319

BMP-10 0.13 0.11 0.12 0.12 0.351

Progranulin/PGRN 18.44 39.93 16.57 19.40 0.434

CEACAM-1/CD66a 17.22 14.35 18.12 14.28 0.525

CXCL9/MIG 6.75 6.46 7.07 6.65 0.533

Osteoactivin/GPNMB 14.19 7.21 14.87 8.22 0.564

IFNy 31.91 15.65 34.63 16.76 0.57

CCL4/MIP-1b 15.90 19.26 16.20 20.26 0.696

MMP-8 354.06 386.24 344.08 414.48 0.774

BMP-7 0.09 0.07 0.10 0.13 0.836

Serpin B3/SCCA1 0.34 0.46 0.42 1.04 0.92

Serpin A12 0.45 2.05 0.65 3.28 0.977

Notes: Protein concentrations reported in pg/mL. 
Abbreviations: IL-6, interleukin-6; MMP-7, matrix metalloproteinase-7; MMP-10, matrix metalloprotei
nase-10; CCL-2/MCP-1, monocyte chemoattractant protein; TFPI, tissue factor pathway inhibitor; CCL17/ 
TARC, chemokine, C-C-motif ligand 17/thymus and activation regulated chemokine; Reg3A, regenerating 
family member 3 alpha; MIP-1a, macrophage inflammatory protein-1 alpha; IGFBP-1, insulin-like growth 
factor-binding protein-1; BMP-4, bone morphogenetic protein 4; CD163, cluster of differentiation 163; 
CXCL16, chemokine, C-X-C motif ligand 16; TNFa, tumor necrosis factor alpha; CEACAM1/CD66a, 
carcinoembryonic antigen-related cell adhesion molecule 1; GPNMB, glycoprotein, transmembrane NMB; 
IFNy, interferon gamma; SCCA1, squamous cell carcinoma antigen 1.
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Table 3 Baseline Characteristics and Inflammatory Protein Levels in Validation 
Cohort

Non-PAD  
(n = 144)

PAD  
(n = 365)

P

Demographics

Age, mean (SD) 69 (8) 69 (9) 0.851

Sex, female 39 (27) 112 (31) 0.423

Comorbidities

Hypertension 115 (80) 340 (93) <0.001

Dyslipidemia 127 (88) 333 (91) 0.295

Diabetes 44 (31) 184 (50) <0.001

Past smoking 74 (51) 216 (59) 0.279

Current smoking 45 (31) 96 (26) 0.279

Congestive heart failure 4 (3) 21 (6) 0.162

Coronary artery disease 54 (38) 166 (46) 0.102

Stroke 14 (10) 67 (18) 0.016

Leg pain 24 (17) 233 (64) <0.001

Medications

Acetylsalicylic acid 59 (41) 262 (72) <0.001

Statin 70 (49) 277 (76) <0.001

ACE-I/ARB 63 (44) 219 (70) 0.001

Beta blocker 34 (24) 149 (41) 0.001

Calcium channel blocker 28 (20) 88 (24) 0.116

Hydrochlorothiazide or furosemide 17 (12) 51 (14) 0.453

Oral antihyperglycemic agent 3 (2) 22 (6) 0.194

Insulin 7 (5) 29 (8) 0.220

Inflammatory proteins

MMP-7, pg/mL, mean (SD) 4.21 (1.07) 4.90 (1.15) <0.001

IL-6, pg/mL, mean (SD) 5.34 (1.67) 7.49 (2.90) <0.001

MMP-10, pg/mL, mean (SD) 0.39 (0.22) 0.69 (0.25) <0.001

CCL2/MCP-1, pg/mL, mean (SD) 578.22 (85.27) 742.64 (33.01) <0.001

TFPI, pg/mL, mean (SD) 20.05 (15.97) 26.23 (4.58) 0.003

Note: Values reported as N (%) unless otherwise indicated. 
Abbreviations: SD, standard deviation; PAD, peripheral artery disease; ARB, angiotensin II receptor 
blocker; ACE-I, angiotensin-converting enzyme inhibitor; IL-6, interleukin-6; MMP-7, matrix metallo
proteinase-7; MMP-10, matrix metalloproteinase-10; CCL-2/MCP-1, monocyte chemoattractant pro
tein; TFPI, tissue factor pathway inhibitor.
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Events
Event rates were determined in the validation cohort. Complete follow-up was obtained on 94% of patients, with 6% lost 
to follow-up. Over a 2-year follow-up period, all adverse limb events occurred in patients with PAD: 85 (23%) patients 
developed MALE, 75 (21%) required a vascular intervention, and 21 (6%) underwent a major amputation. No patients 
developed acute limb ischemia (Table 4).

Association Between Inflammatory Protein Levels and Adverse PAD-Related Events
Within the validation cohort, there was a statistically significant correlation between every 1 unit increase in plasma 
concentrations of inflammatory proteins and 2-year MALE with the following adjusted HR’s (95% CI’s): IL-6 [1.13 
(1.09–1.26), p = 0.026], MMP-7 [1.09 (1.06–1.17), p = 0.030], and MMP-10 [1.05 (1.02–1.11), p = 0.039] (Table 5). 
Given that these proteins were associated with adverse PAD-related events, they were further investigated in the study.

Model Performance in Validation Cohort
In the validation cohort, the random forest model attained the following performance metrics for prognosticating 2-year 
MALE with these input features: clinical features alone (AUROC 0.63), 5-inflammatory marker panel (AUROC 0.79), 
and clinical features and inflammatory marker panel (AUROC 0.84) (Figure 1). The additional of inflammatory markers 

Table 4 Adverse Limb Events Over 2 Years of Follow-Up in 
the Validation Cohort

Non-PAD 
(n = 144)

PAD  
(n = 365)

P

Major adverse limb event 0 (0) 85 (23) <0.001

Vascular intervention 0 (0) 75 (21) <0.001

Major amputation 0 (0) 21 (6) <0.001

Acute limb ischemia 0 0 N/A

Notes: Values reported as N (%) unless otherwise indicated. 
Abbreviation: PAD, peripheral artery disease.

Table 5 Hazard Ratios for 2-Year Major Adverse 
Limb Events for Every 1 Unit Increase in 
Inflammatory Protein Levels in Validation Cohort

Adjusted HR (95% CI)* P

IL-6 1.13 (1.09–1.26) 0.026

MMP-7 1.09 (1.06–1.17) 0.030

MMP-10 1.05 (1.02–1.11) 0.039

CCL-2/MCP-1 1.19 (0.98–1.63) 0.096

TFPI 1.22 (0.87–1.58) 0.196

Notes: *Adjusted for sex, age, dyslipidemia, hypertension, diabetes, 
smoking status, congestive heart failure, coronary artery disease, 
previous stroke, leg pain, ankle brachial index, acetylsalicylic acid, 
statin, angiotensin II receptor blocker or angiotensin converting 
enzyme inhibitor, calcium channel blocker, beta blocker, hydrochlor
othiazide or furosemide, oral antihyperglycemic agent, and insulin. 
Abbreviations: IL-6, interleukin-6; MMP-10, matrix metalloprotei
nase-10; MMP-7, matrix metalloproteinase-7; CCL-2/MCP-1, mono
cyte chemoattractant protein; TFPI, tissue factor pathway inhibitor; 
CI, confidence interval; HR, hazard ratio.
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significantly improved model prognostic performance compared to clinical features alone, with a NRI of 0.64 and IDI of 
0.06. The most important predictive features for the prognostic model were 1) CCL-2/MCP-1, 2) IL-6, 3) TFPI, 4) MMP- 
10, and 5) MMP-7 (Figure 2).

Figure 2 Variable importance scores (gain) for the clinical characteristics and inflammatory markers used as input features for random forest model for prognosis of 2-year 
major adverse limb events in patients with peripheral artery disease. 
Notes: *Higher score indicates greater importance in contributing to an overall prediction. 
Abbreviations: IL-6, interleukin-6; MMP-7, matrix metalloproteinase-7; MMP-10, matrix metalloproteinase-10; CCL-2/MCP-1, monocyte chemoattractant protein; and 
TFPI, tissue factor pathway inhibitor; CAD, coronary artery disease; CHF, congestive heart failure). Number of observations: 365 patients with peripheral artery disease. No 
biological or technical replicates.

Figure 1 Receiver operating characteristic curve for random forest model in predicting 2-year major adverse limb event for patients with peripheral artery disease (PAD) in 
validation cohort. Area represents area under the receiver operating characteristic curve (AUROC), panel refers to inflammatory marker panel consisting of IL-6 
(interleukin-6), MMP-7 (matrix metalloproteinase-7), MMP-10 (matrix metalloproteinase-10), CCL-2/MCP-1 (monocyte chemoattractant protein), and TFPI (tissue factor 
pathway inhibitor). 
Notes: *The prognostic models were built on PAD patients only because all adverse events occurred in the PAD cohort. Number of observations: 365 patients with 
peripheral artery disease. No biological or technical replicates.
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Major Adverse Limb Events in Low vs High-Risk Groups as Predicted by the Model in 
Validation Cohort
In the validation cohort, the random forest model was utilized to classify individuals into high vs low risk of developing 
MALE. On Kaplan Meier analysis, individuals predicted to be at high-risk were more likely to develop MALE at both 
one year (HR 1.78, 95% CI 1.61–1.93) and two years (HR 2.76, 95% CI 2.10–2.98) of follow-up (Figure 3).

Discussion
Key Findings
In this study, we developed a model utilizing both clinical characteristics and inflammatory biomarker levels to 
accurately predict PAD prognosis. Several key findings emerged. Firstly, among a panel of 29 inflammatory proteins, 
five were found to be elevated in PAD compared to non-PAD patients: MMP-7, MMP-10, IL-6, CCL2/MCP-1, and TFPI. 
Secondly, we demonstrated that relying solely on clinical features for PAD prognosis yielded suboptimal results, with an 
AUROC of 0.63. However, integrating the 5-biomarker panel significantly enhanced model performance, achieving an 
AUROC of 0.84. This enhancement was further supported by our feature importance analysis, which highlighted the 
primary influence of inflammatory biomarker levels on predictive accuracy. Given the significance of these inflammatory 
proteins, further basic science and translational research is warranted to elucidate their molecular-level relationships with 
PAD progression, potentially informing targeted therapeutic strategies. Thirdly, we developed predictive models to 
comprehensively assess the combined impact of clinical features and inflammatory biomarkers on PAD prognosis. Our 
model exhibited excellent discrimination for PAD prognosis in a validation cohort, achieving an AUROC of 0.84 for 
2-year MALE. Lastly, leveraging our prognostic model, we categorized patients into low- and high-risk groups for 
adverse events. Kaplan-Meier analysis revealed that patients classified as high risk by our model were 2.76 times more 
likely to develop 2-year MALE compared to those deemed low risk. This underscores the clinical relevance of our 
model, providing clinicians with valuable insights into the future trajectory of their PAD patients in terms of the risk of 
adverse limb events.

Figure 3 Kaplan-Meier analysis of freedom from major adverse limb events in patients predicted to be at low vs high risk by random forest model. The receiver operating 
characteristic curve (ROC) threshold used to classify patients into low vs high risk was 0.41. Number of observations: 365 patients with peripheral artery disease. No 
biological or technical replicates. 
Abbreviations: HR, hazard ratio; CI, confidence interval.
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Comparison to Existing Literature
Ross et al recently published a predictive model for Major Adverse Cardiac and Cerebrovascular Events (MACCE) in 
PAD patients using electronic health records data.41 Their models, developed with retrospectively-collected diagnostic, 
procedural, and medical information, aimed to predict MACCE within 30 days following PAD diagnosis, achieving an 
AUROC of 0.81.41 However, these models had limitations. Firstly, they lacked validation on an independent cohort, 
potentially inflating performance.42 Secondly, they did not incorporate biomarker data, despite its significant influence on 
PAD prognosis, as demonstrated by our study and others.4–8 Our models addressed these shortcomings by including 
inflammatory biomarker levels as predictive features and evaluating performance on an independent validation cohort. 
Consequently, we observed improved model performance metrics, achieving an AUROC of 0.84 for predicting 2-year 
MALE. This underscores the importance of developing predictive models that integrate inflammatory biomarker data, 
potentially enhancing performance compared to relying solely on clinical characteristics. Moreover, assessing model 
performance on independent validation datasets provides a more accurate assessment of real-world applicability.

Explanation of Findings
The 5 inflammatory markers discovered to be elevated in PAD patients in this study were important predictors of PAD 
prognosis. These proteins contribute to several cellular and molecular pathways that are important to PAD progression.4–8 

IL-6 plays a key role in immune activation and systemic inflammation, and Levin et al (2021) showed significant 
associations between IL-6 signalling and PAD.4 Specifically, a missense variant in the IL-6 receptor was protective 
against PAD, demonstrating the importance of IL-6 signalling in PAD development.4 MMP’s are important mediators of 
the synthesis and breakdown of the vascular extracellular matrix, which are critical factors in atherosclerosis.43 Moreno- 
Ajona et al showed that elevated circulating levels of MMP-7 predicts adverse cardiovascular events in individuals with 
carotid artery stenosis.5 Similarly, Martinez-Aguilar et al (2015) demonstrated that MMP-10 levels correlate with disease 
severity in PAD patients.6 CCL-2/MCP-1 is a mononuclear cell attractant that mediates monocytes-macrophage entry 
into atherosclerotic lesions, thereby contributing the plaque development.44 This inflammatory marker was one of the 
most influential predictive features in our model, which corroborates previous findings by Petrkova et al who demon
strated that PAD patients had increased levels of CCL-2/MCP-1.7 TFPI is a protein that inhibits tissue factor, which is an 
important initiator of the coagulation cascade contributing to atherosclerosis and thrombotic complications.45 Blann et al 
showed that reduced TFPI levels contributed to higher levels of tissue factor, thereby contributing to atherogenesis and 
thrombosis in individuals with cardiovascular disease.8 Taken together, these findings explain the importance of these 
inflammatory biomarkers in predicting PAD prognosis. Similarly, Sapienza et al (2019) demonstrated that plasma levels 
of tumour necrosis factor-α, IL-6, and MMP-2 and −9 were predictive for vein graft occlusion and wound healing failure 
after lower extremity arterial bypass.46 These results support the ability for circulating inflammatory biomarkers to 
predict PAD-related complications.46 Furthermore, leg pain was an important clinical predictor of PAD prognosis, 
suggesting that our model may accurately differentiate ischemic from non-ischemic pain to identify PAD patients with 
claudication.47 Second, our study revealed a significant incidence of adverse limb events in PAD patients, with more than 
20% of the cohort experiencing 2-year MALE. These findings underscore the urgent need for proactive measures to 
mitigate adverse outcomes in this population, including the development of more effective prognostic tools. Third, our 
predictive model demonstrated robust performance for several reasons. Unlike traditional statistical models like logistic 
regression, which assume linear relationships between covariates and the dependent variable’s log value, machine 
learning (ML) technology is not bound by such linearity assumptions and can effectively model complex and non- 
linear relationships between inputs and outputs.48,49 This flexibility is particularly advantageous in healthcare data, where 
outcomes are influenced by numerous factors.50 This is also relevant in models that consider biomarker data, as various 
proteins operate in distinct molecular pathways and may interact via complex mechanisms to impact disease processes.51 

Our choice of random forest likely contributed to the model’s excellent performance.52 This ensemble learning method 
aggregates multiple decision trees, reducing variance, efficiently handling large datasets, and mitigating overfitting.52 

Overall, our findings underscore the benefits of employing a predictive model that integrates a panel of biomarkers, 
leading to superior performance compared to models relying solely on individual biomarkers or clinical data. Given 
PAD’s chronic and multifactorial nature, involving numerous biological pathways, previous research has emphasized the 
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importance of a panel-based approach for enhancing PAD prognosis.53 Our study reaffirms this notion, illustrating that by 
employing advanced techniques to analyze clinical data alongside inflammatory biomarkers, highly accurate risk 
prediction tools for PAD can be developed.

Implications
Our predictive models offer practical implications for guiding clinical decision-making across various scenarios. Firstly, 
our tool can be utilized to screen patients for asymptomatic PAD, particularly beneficial in family practice settings. 
General practitioners can integrate a 5-protein plasma panel with their clinical assessment to determine a patient’s PAD 
risk using our automated algorithm.54 Those screening positive can then undergo further vascular evaluation, such as 
arterial duplex ultrasound, to confirm PAD presence and assess blood flow.55 Upon PAD confirmation, our algorithm can 
aid in evaluating a patient’s risk of adverse PAD-related events using the same 5 proteins and clinical data. Patients at 
low risk can continue care with their family physician, focusing on optimizing risk factors through measures like ASA, 
statins, and lifestyle changes.56 Conversely, patients identified as high risk should be referred to a vascular surgeon for 
additional evaluation and management.57 Subsequently, vascular surgeons can utilize the algorithm alongside clinical 
judgment to identify higher-risk individuals for additional vascular imaging,58 medical management with low-dose 
rivaroxaban,59 and/or interventions for limb salvage in the highest risk patients.60,61 Given that our PAD cohort only 
included patients who were asymptomatic or had claudication, our study demonstrates the potential utility of the 
identified biomarkers for prognostication in early stages of PAD. Overall, our automated tool has the potential to 
enhance care for PAD patients in both generalist and specialist settings, streamlining PAD screening, risk stratification, 
and early identification of individuals at high risk for adverse limb events. This, in turn, can minimize unnecessary 
specialist referrals, improve PAD outcomes, and reduce healthcare costs.62

Limitations
Our study has several limitations. Firstly, it was conducted at a single center, necessitating future validation in other 
institutions to assess the generalizability of our model. Secondly, the reported outcomes were based on a 2-year follow-up 
period, highlighting the need for longer-term follow-up to comprehensively understand the prognostic value of our 
algorithm, particularly given the chronic nature of PAD. Thirdly, the biomarkers analyzed in our study are predominantly 
used in research settings, indicating the necessity for further translational research and implementation science to 
demonstrate the clinical value and feasibility of incorporating these inflammatory biomarkers into routine care for 
PAD patients.

Conclusion
In this study, we utilized a panel of 5 inflammatory biomarkers alongside clinical characteristics to construct a model that 
effectively predicts PAD prognosis in an independent validation cohort. Our model holds promise for PAD screening and 
risk-stratification, facilitating early identification and targeted management of the condition. Notably, high-risk patients 
can be promptly referred for further vascular evaluation and may derive significant benefit from more aggressive medical 
interventions. The continuous learning and automation features of our ML algorithms bolster their practicality in clinical 
settings, offering potential enhancements in PAD patient care. Moreover, our findings illuminate directions for future 
research. Sole reliance on clinical characteristics proves insufficient in predicting PAD prognosis, underscoring the 
importance of integrating inflammatory biomarkers into prediction models to optimize performance. This underscores the 
imperative for both basic and translational investigations exploring the mechanistic interplay between inflammatory 
proteins and PAD development/progression. Such endeavors hold promise for advancing our comprehension of under
lying pathogenesis and may guide the development of targeted therapeutic approaches. Crucially, our study furnishes 
compelling grounds for conducting clinical trials evaluating the impact of predictive algorithms on PAD outcomes. By 
assessing the real-world effectiveness of these models, we stand to glean invaluable insights into their potential to inform 
clinical decision-making and enhance PAD prognosis.
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