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Background
• Safety:

40,000/year
X

$9.1 M/human life

$364 billion/year
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Serious Challenges

Source: fhwa.dot.gov

• Tennessee Fatality Rates:
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Framework – Learn 
from success & failures/mistakes
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Crash Frequency Models

Source: HSM



Safety Performance Functions

Source: HSM

• ࡲࡼࡿࡺ ࡸࢃ	ࢇ࢛࢘࢘ ൌ ܶܦܣܣ ∗ ܮ ∗ 365 ∗ 10ି ∗ ݁ି.ଷଵଶ

• Calibration done for:
• Base case conditions (AADT & SL only), assuming all other CMFs 

equal 1
• Adjusting HSM base condition (with AADT & SL) predictions with 

appropriate CMFs
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Key Issue: How to correctly capture the complex non‐linear 
dependencies in SPF development?

Goal: To enhance real‐world crash prediction accuracy

Key Challenge: Connect advanced empirical methods to 
state‐of‐the‐practice



Methodological Frontier

Inferential 
Econometrics

Machine 
Learning

Descriptive
Methods

Models Automated 
Intelligence

Trend analysis

Discovery of new knowledge by fusing  ML & advanced 
econometric techniques



Data Assembly
• ETRIMS
• Crash data for segments
• Rural 2W2L (seg length >= 0.10 miles) https://e-trims.tdot.tn.gov
• N = 14, 777 roadway segments (total 22,000+)
• Random sample: 336 homogenous roadway segments 
• Five years (2011-2015) crash summary reports (total and by crash 

severity)



Data Assembly
• ETRIMS Exposure Data
• AADT for 2015 & segment length extracted
• Linked 2011-2014 AADT with 336 segments 

https://www.tdot.tn.gov/APPLICATIONS/traffichistory



Data Assembly
• ETRIMS-Inventory Image Viewer Web Applications
• Detailed geometric data manually extracted and coded
• Data elements:



Descriptive Statistics

Variable N Mean SD Min Max

Key variables

Total crashes (5 years) 336 7.7 11.4 0.0 79.0
Total injury crashes (5 years) 336 2.6 4.4 0.0 33.0

Average AADT/Year 336 3101 2451 74 14610
Total AADT (5 years) 336 15505 12256 368 73051

Total AADT (5 years) in 1000s 336 15.0 12.3 0.4 73.1
Segment length 336 0.93 1.14 0.10 5.66

Additional 
variables

Presence of passing lane 336 0.39 0.49 0 1
Lane width 336 11.04 0.83 9 12

Combined shoulder width 336 3.90 3.00 1 12
Gravel 336 0.07 0.26 0 1
Paved 336 0.76 0.42 0 1
Turf 336 0.16 0.37 0 1

Lighting 336 0.26 0.44 0 1
Speed Limit 336 46 9 20 55



Matrix Plot



Applied Generalized Additive Models
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Selected Results:
Category 1 NBGAMs

Category 1 NBGAM

Variables
Parameter 
estimate t‐statistic/F‐statistic p‐value

Models for total crashes
Intercept  1.53 38.25 < 0.0001
Spline (AADT) DF = 6.63 F‐value = 191.32 < 0.0001
Spline (Segment length) DF = 5.52 F‐value = 432.15 < 0.0001
Paved shoulder ‐‐‐ ‐‐‐

Combined Shoulder Width ‐‐‐ ‐‐‐
Lane width ‐‐‐ ‐‐‐
Dispersion parameter 0.35 1.41 ‐‐‐

Model for injury crashes 
Intercept  0.39 6.5 < 0.0001
Spline (AADT) DF = 4.93 F‐value = 124.17 < 0.0001

Spline (Segment length) DF = 5.40 F‐value = 300.29 < 0.0001
Paved shoulder ‐‐‐ ‐‐‐

Combined Shoulder Width ‐‐‐ ‐‐‐
Lane width ‐‐‐ ‐‐‐
Dispersion parameter 0.36 1.31 ‐‐‐



Selected Results: Category 1 NBGAMs
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Selected Results:
Category 2 NBGAMs

Category 2 NBGAM

Variables
Parameter 
estimate t‐statistic/F‐statistic p‐value

Models for total crashes
Intercept  2.74 4.08 < 0.0001
Spline (AADT) DF = 6.33 F‐value = 167.52 < 0.0001
Spline (Segment length) DF = 5.04 F‐value = 447.08 < 0.0001
Paved shoulder 0.41 3.72 0.0003
Combined Shoulder 
Width ‐0.05 ‐5.02 0.0067
Lane width ‐0.12 ‐2.03 0.0152
Dispersion parameter 0.3 0.97 ‐‐‐

Model for injury crashes 
Intercept  0.86 0.81 0.3016
Spline (AADT) DF = 4.55 F‐value = 103.07 < 0.0001
Spline (Segment length) DF = 5.44 F‐value = 312.66 < 0.0001
Paved shoulder 0.41 2.85 0.0096
Combined Shoulder 
Width ‐0.07 ‐3.51 0.0018
Lane width ‐0.01 ‐0.91 0.5353
Dispersion parameter 0.29 1.19 ‐‐‐



Selected Results: Category 2 NBGAMs



Selected Results: Category 2 NBGAMs



Connecting the method to practice...

Generalized Additive Models  Piecewise Linear Count Data Models 



Piecewise Linear SPFs 

AADT Spline Transformations



Piecewise Linear SPFs 

Segment Length Spline Transformations



Results:
PLNB SPFs

Total Crashes



So What Test……



In‐sample forecasts
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Out‐of‐sample forecasts
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Out‐of‐sample forecasts



So What….?

Prediction  Accuracy
Model Comparisons

AADT + Segment length only
NBGLM NBGAM PLNB

Total Crashes

P‐Index Training Testing Training Testing Training Testing
MAE 5.8 6.29 3.79 3.56 3.91 3.82
RMSE 15.2 18.34 6.36 6.36 6.36 7
AIC 1299.47 1246.78 1242.92
AICC 1299.64 1248.29 1246.12
BIC 1313.3 1289.7 1270.49



So What….?

Prediction  Accuracy
Model Comparisons

AADT + Segment length only
NBGLM NBGAM PLNB

Total Crashes

P‐Index Training Testing Training Testing Training Testing
MAE 5.8 6.29 3.79 3.56 3.91 3.82
RMSE 15.2 18.34 6.36 6.36 6.36 7
AIC 1299.47 1246.78 1242.92
AICC 1299.64 1248.29 1246.12
BIC 1313.3 1289.7 1270.49

Total Injury 
Crashes

MAE 2.25 2.45 1.65 1.59 1.63 1.55
RMSE 5.52 5.95 2.82 2.72 2.77 2.75
AIC 869.8 831.92 826.13
AICC 869.98 833.04 829.25
BIC 883.64 868.81 854.38



So What….?

Percentage reductions in out‐of‐sample 
prediction (testing) errors

Models PR % reduction

Total Crashes
NBGAM

MAE 43
RMSE 65

PLNB
MAE 39

RMSE 62

Total Injury 
Crashes

NBGAM
MAE 35

RMSE 54

PLNB
MAE 37

RMSE 54



Take‐Aways

• Quantification of non-linear dependencies  Fusing machine learning & 
statistical frontiers

• Methodological advances to improve HSM procedures

• More accurate predictions  Help TDOT in screening and implementation of 
countermeasures

• NBGAMs accurate but hard to interpret

• Feed knowledge from NBGAMs to PLNBs for friendly but more accurate 
practical use
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