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Research Purpose

« Examine how both structural and socioeconomic factors impact
bridge condition

« Understand how structural and community variables affect bridge
longevity

« Explore how funding decisions are influenced by more than just
structural integrity



Introduction

* 6,827 bridges in New Jersey analyzed

 Two-part study: structural and socioeconomic analysis

» Methods used: Kaplan-Meier, Cox PH, K-means, MLR, Random Forest

« Key factors: Part 1. Live Loads, Bridge Features, Environmental Loads/Conditions
Part 2. AADT, Population, Business Density, Median Income
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Methodology




Kaplan Meier

*Non-parametric survival analysis
method

Estimates probability of survival
(bridge condition) over time

* Accounts for censored data
(bridges still in service)

*Used to compare survival across
bridge material categories under
different load scenarios.
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Reliability and Failure Probability:
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Presenter Notes
Presentation Notes
The analysis examines the reliability of bridges under various load scenarios, including Average Daily Traffic (ADT), live loads, and environmental conditions. This comprehensive assessment provides valuable insights into the structural integrity of different bridge materials and designs.

 The Kaplan-Meier estimator is used to estimate the survival function from lifetime data. Modeling of survival data usually employs the hazard function or the log hazard. In simpler terms:


Cox Proportional Hazard

* Semi-parametric survival model. Estimates hazard ratios for
covariates

* Interprets effect size: hazard ratio >1 means higher risk

* Adjusts for multiple factors simultaneously


Presenter Notes
Presentation Notes
The Cox Proportional Hazards model builds on Kaplan-Meier by quantifying how much each factor increases the risk of failure, while adjusting for other variables. In our case, AADT had the highest impact—bridges with higher traffic loads failed sooner. Population density and business activity also contributed substantially, indicating that both structural load and socioeconomic stressors influence deterioration. This analysis directly points us toward the most critical variables to address for targeted maintenance.

Why use Cox PH after Kaplan–Meier (KM → Cox)?
KM first
Kaplan–Meier is non-parametric and purely descriptive — it gives you survival curves without assuming any relationship between covariates and survival time.
It’s useful as an exploratory step to see the shape of the survival distribution, median survival times, and whether different groups appear to differ.
Then Cox PH
Cox PH is semi-parametric and allows you to quantify the effect of multiple covariates on survival while adjusting for confounders.
After KM shows that survival differs between groups, Cox PH can statistically test and model those differences while controlling for other factors.
💡 Analogy: KM is like looking at a map to see where mountains are. Cox PH is like measuring the slope and elevation gain mathematically.

Why not Kaplan–Meier after Cox PH?
Once you fit a Cox model, you already have estimates of hazard ratios, p-values, and adjusted survival curves if needed.
Doing KM after Cox doesn’t add new statistical insight — it would just be a descriptive re-plot of something you already modeled.
KM doesn’t adjust for covariates, so doing it after an adjusted analysis is like going back to a less detailed tool.

Why not use just one?
Just KM:
You miss the ability to adjust for multiple predictors and confounding variables. KM only works well for one grouping variable at a time.
Just Cox PH:
You don’t get the pure descriptive, assumption-free view first. If your data violates Cox assumptions (e.g., proportional hazards), you might not notice without KM curves.
Together:
KM helps you see the survival patterns.
Cox PH helps you explain those patterns and test them statistically.



COX Proportional Hazard Model Results

Columnl coef n exp{coef se coef Z Pr{>|z =
Average.Daily.Traffic 1.12E-06 1.000001122 1.04E-07 10.75854248 5.40E-27
factor{Main.Span.Material)Concrete Continuous 0.227588066 1.255568007 0.031927722  7.12822758 1.02E-12
factor(Main.Span.Material)Masonry -1.073546183 1 0.341794301 0.104874512 -10.23648327 1.36E-24
factor{Main.Span.Material)Other Material Main or N/A (No Other Span)  -0.419894012 0.657116463 0.177352191 -2.367571605 0.017905255
factor{Main.Span.Material)Prestressed Concrete 0.623918939 1.866227362 0.015648213  39.8715775 <0.0001

factor{Main.Span.Material)Prestressed Concrete Continuous 0.655727327| 1.926543234 0.06696245 9.792463173 1.21E-22
factor(Main.Span.Material)Steel 0.222473329 1.249162502 0.014464156 15.38100984 2.19E-53
factor{Main.Span.Material)Steel Continuous 0.305130612 1.356802206 0.020723414 14.72395478 4.52E-49
factor{Main.Span.Material)\Wood or Timber 0.185420413 1.203724395 0.023171325 8.002149841 1.22E-15
Number.of.Spans.in.Main.Unit 0.004920736 1.004932863 0.000305721 16.09551025 2.74E-58
Skew.Angle..degrees. 0.007056249 1.007081202 0.000156592 45.06147868 <0.0001

Structure.Length..ft.. 0.000174657 1.000174672 1.80E-05 9.678232289 3.73E-22
Deck.Area..sq..ft.. -2.14E-06 0.999997857 2.51E-07 -8.526713285 1.51E-17
Length.of.Maximum.Span..ft.. 0.000530985 1.000531126 3.73E-05 14.25028683 4.46E-46
Average.Daily.Truck.Traffic..Percent.ADT. 0.027851974 1.028243466 0.0007667/62 36.32412075 6.7/3E-289
Number.of .Freeze. Thaw.Cycles -0.006757174 0.993265604 0.000228534 -29.56743887 3.92E-192
Total.Precipitation -0.000103613 0.999896392 1.48E-05 -6.982071767 2.91E-12,
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Presenter Notes
Presentation Notes
Prestressed Concrete (HR = 1.87) and Prestressed Concrete Continuous (HR = 1.93) were associated with higher hazard ratios, indicating increased failure risk. This means that Prestressed Concrete has an 87% risk of failure, while prestressed continuous concrete has a 93% risk of failure. Environmental factors, such as the number of freeze-thaw cycles (HR ≈ 0.993) and total precipitation (HR ≈ 0.9999), were associated with reduced failure risk


The Cox proportional hazards model is a regression model for survival data, which assesses the effect of covariates on the hazard rate.
The Cox proportional hazards model, (or simply the Cox model), is a statistical technique used in survival analysis to investigate the relationship between the survival time of subjects and one or more predictor variables. Here is an overview of what the Cox model does:
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Presenter Notes
Presentation Notes
Prioritizing Maintenance
The findings from the reliability analysis, combined with the insights into socioeconomic factors, suggest prioritizing specific bridge types in low-income areas to prolong their lifespan despite limited funding resources. This strategic approach aims to optimize infrastructure management and ensure equitable access to safe and reliable transportation.
 
The percentage of bridges in fair condition and household income had a negative connection ((r = -0.45)), according to a Pearson correlation analysis. The negative coefficient supports the hypothesis that areas with lower median household incomes are associated with a higher proportion of bridges in fair condition




K-means Clustering

Unsupervised machine learning
Groups bridges with similar characteristics

|dentifies patterns without predefined categories
Helps target interventions for similar bridge clusters

75 K 100 K 150 K
Good 26% (441) 36% (607) 38% (643)
Fair 29%, (1293) 33% (1503) 38% (1697)
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Presenter Notes
Presentation Notes
K-means clustering allowed us to explore the natural groupings among bridges without pre-labeling them. For example, we found clusters where low-income areas often had poorer bridge conditions, while higher-income areas maintained better-performing bridges. This pattern reveals inequities and can guide equitable funding allocation, so structurally similar and socioeconomically disadvantaged clusters receive priority.


		 

		75 K

		100 K

		150 K



		Good

		26% (441)	Comment by Trias Blanco, Adriana Carolina: Let’s include the number of bridges in the parenthesis. This helps understand the magnitude 

		36% (607)

		38% (643)
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Random Forest

 Ensemble machine learning method

» Builds multiple decision trees and aggregates results

* Provides variable importance ranking

« Captures nonlinear relationships between predictors and bridge
condition

Results:
Socioeconomic Factor
Business 16.55%
Population 21.26%
Average Annual Daily Traffic 31.37%
Median Income 1.03%
Business and AADT 13.08%

Population and AADT 16.70%


Presenter Notes
Presentation Notes
Random Forest is powerful because it handles nonlinear relationships and interactions between variables. We used it to rank which factors matter most for predicting bridge condition. AADT stood out as the most influential, followed by population and business activity, with median income having a smaller but notable role. These rankings help prioritize which factors to focus on in predictive maintenance planning.



Multiple Linear Regression

* Predicts bridge condition rating
using multiple predictors

* Provides coefficients to measure
contribution of each factor

« Controls for multicollinearity
between socioeconomic variables

« Supports policy recommendations
with quantitative evidence

Socioeconomic Factors

Business

Median Household Income

Population

Average Annual Daily Traffic
Business:Median Household Income
Business:AADT

Median Household Income: Population
Median Household Income: AADT
Population : AADT
Business Median
Population

Business: Median Household Income: AADT
Business:Population:AADT
Median Household Income
AADT,
Business:MedInc:Population:AADT

Household

Income:

:Population:

Coefficie
nt
0.32432
0.05758
-0.29066
0.07707
-0.36691
1.02211
0.23296
-0.30220
-0.96037
-0.01940

-0.16318
-0.03741
-0.27221

-0.13805

Pvalue

0.00216*
0.09569
0.01729*
0.02025*
0.01337*
3.74e-07*
0.27219
3.92e-05*
1.17e-06*
0.35348

0.04204*
0.05050
0.06600

0.00936
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Presenter Notes
Presentation Notes
Multiple Linear Regression gave us a quantitative measure of how socioeconomic variables—like median income and business activity—relate to bridge condition ratings. By controlling for correlations between variables, we ensured accurate estimates. These results strengthen the argument that funding allocation shouldn’t only consider structural needs but also account for the socioeconomic environment surrounding the bridge.

Your dependent variable is binary or categorical
For example, bridge condition = Good (1) or Poor/Fair (0).
MLR estimates the probability of an event happening based on several predictors (e.g., material type, age, traffic volume, span length).
You have multiple independent variables
Unlike simple logistic regression (one predictor), MLR lets you evaluate simultaneous effects of many features while controlling for confounding.
You want to measure strength & direction of association
MLR produces odds ratios, showing how much each variable increases or decreases the odds of the event, adjusting for others.
You want statistical significance testing
You can check p-values for each predictor to see which ones significantly contribute to the model.



Reliability Analysis and Socioeconomic Analysis Results

Socioeconomic factors and Bridge Conditions

The study investigates the relationship between different socioeconomic factors in each county and
the condition of bridges within those areas.

Integrated Insights

By combining the reliability analysis with the understanding of socioeconomic impacts, the study
provides a comprehensive framework for optimizing bridge infrastructure management. This holistic
approach enables policymakers and transportation planners to make informed decisions that address
both structural integrity and social equity considerations.
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Presenter Notes
Presentation Notes
Structural analysis alone is insufficient
Equity-based funding needed for long-term resilience
High-traffic & underserved areas need prioritized maintenance
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