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Figure 1. Overal framework of urban crash severity prediction model
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Figure 2. Distribution of types of accident severity based on number and percentage
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Figure 4. The number of crashes based on the type of collision
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27 Traveldirection_Two 10 3387
28 Unitaction_Two 24 3387
29 Unitaction_Two 23 4753 . .
30 AlcoholUse_Drv2 2 4753 Figure 10. Decision tree
31 DrugUse_Drv2 2 4753
32 Latitude 15143 326
33 Longitude 14484 326 3.8.2.Random Forest
Random forest is a supery
3.8. Selection of models and classification t hat ef ficieditrthen shiaonndalle sd a
algorithms and mitigatoevsertfhe tningk df

Thi s research empl oys él’fvé’emqallset11necatrn1mﬁ1§hl§}necomb1
learning al gor itthhemsr, pcrhgogs% ’f)ﬁe rith er
effectiveness in classification ta%?( JP esg
al gorithms were metlCulousylymastealmeterds.batsheed nounma
comprehensive review of Stih%® .r eshd riche preREeHuaf.
The implemented al gor it hfnpst easrte eansh afnoclel sobwpr®@ de ©d g o1
the predictions from mult:i
3.8.1. Decision tree st by [M&Fimonetrated

A udy
Decision trees a(ppTr)oxamgt, eﬁl&&ﬁil pﬁ&)rveisdted superior
di s evraeltueed objective func 1({)ns by creating

t r-leiek e mo d e | of decisiohn's Cgécrllg rnoafd Ctruarseh s eV
values. The main challennéaChl neselleeacrtqln%gt?l]eg%b]ttllh
feature for classificatfbdlndeln a miemecdh conroadseh st eywpeirciat]
addressed using stat i sbtoitcha ls t anteiasstuirceasl alnidk ema ¢ h
iof mation gain,s q@iamic, i mdraly 1 u dcihng t hat machine
ent rBpsyhah 2 & mHil bl ed DEypdifrmed statistical methods. Amonﬁlthe four

4
model the severity of cr
examining 18,288 as h lte%ﬁnlaugseva{ué{edliFjD% S\}I\/Inan
n

cr oach
achieved a accuracy ra tRlé ach'efved athﬁ the%t )gch{laﬁ:yt -ghfsﬂeﬁgog %,
highlighting the effect Usedasadmgdele in thepnpetahguriti gptimizer n
predi csth nsge werrai t y outcomagerithmIn a di fferent
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Classifier Class Precision Recall F1-Score Overal Accuracy  Overal Score
Fatal 12% 14% 13%
Suspected Serious 7% 12% 8%
Incapacitating 8% 10% 9%
DT Suspected Minor 25% 30% 27% 54% 24%
Non Incapacitating 23% 27% 25%
Possible injury 20% 22% 21%
No injury 71% 65% 68%
Fatal 4% 12% 6%
Suspected Serious 5% 18% 8%
Incapacitating 3% 15% 6%
ANN Suspected Minor 22% 60% 33% 42% 23%
Non Incapacitating 23% 53% 32%
Possible injury 20% 13% 16%
No injury 77% 50% 61%
Table 2 Comparison of the results of the Model
TP+TN analyzed the relationship beteve crash types and
ACCUraCY= - TN (5 variables such as time, weather, lighting conditions,
surface conditions, and driver and vehicle attributes
Precisior= (6 qsing a dataset of 1_6,000 c_rash records. Their
TP+ FP findings showed that intersections were the most
o P probable crash sites,_with crashmost likely to
Sensitivity=—— (7 occur on the last working day of the week.
TP+ FN
Sensitivity= 4. Result
ensitvity= =N (3 4.1. Evaluation of classification algorithms
o and selection of optimal algorithm
F1 score=2 & I?rfeusmn Recall (9 4.1.1.Evaluation criteria
Precision+ Recall >

3.8.3. Artificial Neural Network

Artificial neural networks (ANNs) have been
extensively used in transportation due to their
ability to mimic the human brain and their strong
learningcapabilities. They handle many variables
well, with irrelevant variables typically obtaining
negligible weight values, while significant
variables receive substantial weights. Unlike
parametric methods, ANNs do not require
assumptions about the function@drm of the
relationship between predictor and response
variables. This study utilizes various types of
Artificial Neural Networks (ANNS) to determine
the most effective model for predicting crash
severity. The typical architecture of an ANN
includes an iput layer, an output layer, and one or
more hidden layers. For this research, the input
layer contains 10 neurons, each representing
explanatory variables derived from previously
identified risk factors and available data.

Akin and Ekbad30] designed an ANN to predict
intersection crashes in Macomb, Michigdrhey

530

The model s p @assdssed msing ¢ e
several fundamental metrics, including accuracy,
recall, precision and the F1 score. These metrics can
be computed from the confusion matrix this
context, true positives (TP) indicate instances where
both the predicted and actual label® positive,
while true negatives (TN) refer to instances where
both labels are negative. A FN occurs when a true
positive label is mistakenly predicted as a false
negative. A FP is generated when a true negative tag
is mistakenly predicted as a positiulnderstanding
these definitions is critical to calculating various
performance metrics and ensuring accurate model

evaluation[31.I n t his sectien, we
depth evaluation and c¢comp:
analysis model and machine
our study. First, we compa
of feér€nt model s and clar
strengths and weaknesses.

of di fdfeecri-snton f
ma k ipnrgoc e s s of the model

features. Through this app
a compr enhdeenrssitvaendu ng of t h
of o umo dbeels,t t hus wuncoverin g
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Figure 11. The confusion matrix and the precsion andecall diagram of the decision treenodel.

Precision Recall

1.0 Micro-ayerage, AUC=0.54
— PR 1 C=0.7"

Precision

Recall

Confusion matrix

Class 0 18b2 Qi(i 626 131 7 22
[ 6000
|
7

Class 1 ~1503 5965 33 233 36 3 9
i 5000
Cla 737 305 412 [} 60 [} 4
J— 1 4000
F3 |
2 Class3 —420—220 o 29 [ a5 5
2 ; 3000
Class 4 » %) 56 O 19 0 3
: 2000
Class 5 —27—a1 o4 o 1p 1
l 1000
Class 6 13 4 6 6 5 3 3
|

Class0 Class1 Class2 Class3 Class4 Class5 Class6

Predicted label

Figure 12. The confusion matrix and the precsion and recall agram of the ANModel.

Among these models, although there are no
significant differences in the accuracy measure, DT
achieved the highest overall accuracy, reaching
54%. The following models were obtained with
overall accuracy valuesf 42% corresponding to
ANN. Also, in the F1 score criterion, we are faced
with exactly the same ranking, that the DT
algorithm is the best, and then ANN is in the next
ranks. Table Zhows the comparison of models.
hould be noted thahe performance evaluation of
the selected machine learning models was
performed focusing on balanced data and therefore,
the results are very close to reality.

4.1.2. Analysis of confusion matrix and
precision-recall graph

As you can see in the figureslland 2 in left, the
horizontal axis of this graph indicates the correct
positive rate(Sensitivity), and the vertical axis
indicates the value of the false positive rate.
Different classification redts indicate different
points on this graph and finally form a curve.
According to the figures, in the best case and
assuming 100% correct classification in both
categories, the corresponding point is the upper left
corner point, i.e. poinf0,1) and assuimg random
classification, the corresponding point in the curve,
one of the points on the line connecting the point
(0,0) and the pointL,1) will be
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Figure 13. The importance of features in the superior model

Regarding theonfusion matrix, the numbers along been quantified rad finally, by using the

the main diagonal represent the correctly classified Permutation feature importance method, the effect

instances. If all the ofiagonal values are zero, it  Of different paameters in predicting the severity of
means the algorithm has achieved maximum crashes has been quantified. Therefore, based on

e Figure 13, it is clear that the variables of year,
accuracy. To calculate the accuracy of a classifier, spatial characteristics distance, year, collision
you simply divide the sum of the diagonal elements  mannerweek day, distance have a great impact on
(correct classifications) by the total number of the prediction radel and therviolation, lighting
elemens in the matrix (the total number of and weather conditions, undgiction, alcoholuse

classifications). This ratio provides a  @ndunittype are next.

straight forward measure of the classifier’”s overa
performance. 5. conclusion

The comprehensive model proposed in this study is

a model that predicts the severity of crashes based
on the analysis of multiple variables such as
feature individual characteristics, weather conditions, road
We assess the significance of a tfea by conqlitions_, driver's_ conditio_n and te_zmporal and
determining how mu c h t hsgatlal}{%la(ﬁ)lgslusmsg m W”% I&aiml‘ng me6h8ds'
error increases when t ﬁl.%yearfa%mgetntlggtaefro the %tanOW'Z@na a:pq e
altered. A feature i s ety 9f fempe were H?ﬁd Afcqorg”ﬂgtto’me largp
changing its values causes a notable rise in the Volume of data, the necessary-precessmg was

model’s error, indicat:i ndgne ﬁfﬁé’etmtpehsgnoﬁgn@aéapceW@lcﬁgeﬂtd S
this feature for making accurate predictions. ~ SEVerity a@ia, the SMOTE Technique is applied.

Conversely, a feature 1 sThecf%?W_rsﬁe'ﬁ(?HOP ES gone‘_uﬁ'qgst@eé”ﬂol fican
if shuffling its values metaheurisficoptimigey algogithm, and (RE.as ., 4 ¢

error, suggesting that the model disregards the modeler that 16 features were selected. The_n th_e
feature in its predictions. This approach to selected fea}tures enter the next stage, 'WhICh is
measuring feature importae was first introduced pattern prediction, in wbh 2 different algorithms

by Breiman[32] for random forests. Building on of machine learning clas_s_lflca_Ltlon include DT and
this concept, Fisher, Rudin, and Domin[&3] ANN are u§ed for cIaSS|f|cqt|on, and then mo_del
developed a more general, moéfelependent eyalqatlon is done. According to the eval_uatlon
version of this metric, which they termatbdel criteria of the model as well as the comparison of

reliance. Finally, by using the permutation feature ~ the overall accuracy of the usedbdels, the DT
importance method, the effect of different algorithm was recognized as the best model for

parameters in predicting the severity of crashes has Predicting the severity of crashes with overall

4.2. Explanation of features
4.21. The importance of the permutation
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accuracy of the 54% and the following models  severity prediction,'Journal d safety researchyol. 80,
were obtained with overall accuracy valoé42% pp. 254269, 2022.

C?frre$p°gd'”9 toh ANNénl Or%er to ‘?pr'r‘;""_‘ ”]]]? [6] W.-H. Chen and P. P. Jovanis, "Method for identifying
efiective data in the model and quantity their effect factors contributing to drivenjury severity in traffic

in the m_odel, the permutation f(_aature importance crashes, Transportation Research Recoval. 1717, no.
method is used, and the analysis of the important

) . 1, pp. 19, 2000.
effects between the features is done. variables of 3 ' '
year, spatial characteristics distance, year, [71 M. T. Kashifi, M. Al-Turki, and A. W. Sharify, "Deep
collision manner, week day, distance have a great hybrid leaning framework for spatiotemporal crash
impact on the prediction model and then violation, ~ Prediction using big traffic datalfiternational journal of

lighting and weather conditions, uniaction, transportation science and technologgl. 12, no. 3, pp.

alcoholuse and unitype are next. Similar results 793808, 2023.

have been obtained in previgus, 34, 35] [8] W. Shunshun, Y. Changshun, and S. Yong, "A review
of road traffic accident nediction methods,American

6. Limitations and suggestions Journal of Management Science and Engineexng,8,

However, several limitations of this study should  no. 3, pp. 7377, 2023.
be noted. The traffic accident data set used may not [9] X. Wen, V. Xie, L. Wu, and L. Jiang, "Quantifying

fully represent different traffic scenarios around the 4 comparing the effects of key risk factors on various

world. This is a common issue in traffic accident a5 of roadway segment crasheshviitghtGBM and
datasets, which often lack comprehensiveness and gpap » Accident Analysis & Preventiowol. 159, p.

consistency due to differences in data collection and 106261, 2021.

reporting standards across countries. Such

limitations in the dataset can affect the robustness [10] I. Ahmad, M. Basheri, M. J. Igbal, and A. Rahim,
and generalizability of predictive models. "Performance comparison of support_ vector m_achlne,
Furthermore, while DT random forgst, gnd extrgme clearping ymachine - for
performancy, icnomphairsi ssot nusdNysion detectgn1gEE accessyol. 6, pp. 33789

with a limited number o 32018 ne learning model s.
Ot her complex model s e x[1]sH Nassrinsdl. Mohamatpbur, aid™lDahaghiny €
performance <can vary b a"foeeshstingtime trédnds 6f fatal ndotor ehicte cragdhBsdn
quality of the data s et .lranusinganensemblelearning algorithraffic injury

In addition, it 1 s e X p e greventidnyol 24, mot 1, pp. 449,2023.¢ s ul t s of
study Ilcpano thhee r researcheg i.n buil di n, _
accident severity predi LlZ[]r{\/%.anCherﬂoarHjj\/lIC.SC%er\}v.I\%olchallnghroad her

. . ) 1
accurac and b includi naCCIderplt Ser\/eélty V\{Ith 5O arrls ng 0nI gisti r%g%ests%un,r € s
y y o%cision?ree and rangircl)% oresnformation,vol. 11, no. '

5, p. 270, 2020.
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