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Abstract

The use of data mining technology provides access to information and data in
databases. Data mining techniques are based on future predictions,
knowledge discovery and behavior, allowing for the right decisions to be made
in a timely fashion.

Traffic Accident Data Analysis Model is a model based on the analysis of accident
data based on certain factors.

The idea of the project is based on data mining. The project aims at analyzing a set of
traffic accident data for the state of Khartoum and the training of some algorithms of
learning algorithms and comparing the results of these algorithms with each other.
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Time taken to build model: 0.48 seconds

=== Stratified cross-validation ===

=== Jummary ===

Correctly Classified Instances 1188 97.5369 %

Incorrectly Classified Instances 30 2.4631 %

Kappa statistic 0.9238

Mean absolute error 0.0244

Root mean squared error 0.1569

Relative absolute error T.433 %

Root relative squared error 38.5741 %

Total Number of Instances 1218

=== Detailed Accuracy By Class ===
TF Rate FF Rate Frecision Recall F-Measure MCC ROC Area PRC Area Class
0.993 0.080 0.977 0.993 0.985 0.9825 0.951 0.975 injured
0.310 0.007 0.971 0.310 0.93% 0.925 0.951 0.302 dead

Weighted Awg. 0.375 0.073 0.875 0.375 0.3875 0.825 0.851 0.980

=== Confusion Matrix ===

a b <-- classified as
7 a2 = injured
b = dead

(3,3,1) 5 5

Dol &l s clily Je naive Bayes 4 )l sa cu )X

daad & sall clly e naiive Bayes 4wl sa <l weka 3.8.1 sl cuadinl -
slal apdi &3 5 (test) LAY clily e o jlial) iy byl Caias L (train )
Capiail) 8 QAU Y] Jane 5 Usdll Gy Corieatll 283 i P& (o Ciial)
- Y Gl Gliiad) 385 Cls (Says

GOlandl A masia 5 Adiadl classd) <Ol da (precision) dslasall 4 -
. class JI & ddiadll

Ol e ) msia JS0 Adiadl classd) s A (recall) sleaiw¥) A -
class J 4

dapadidall 8 a5 43S Ll e clilnd) Cagiat oy of (FP) 43D dplay) -

L lange A3l A Ay dania il e caiat () 43S0 Lulid) -

s dagall 8 4 s dasa gl e COlall Caial (TP) ddaball 4! -

(g diiall b a5 Claaga Lel e cdlad) Cagal () Aalall dpludl -
QIS Y Jaae e lalddie ) Caiiaall 48y Glua &4
¢ ol LS gyl il cul€ g pall g il Canll 138 ki)
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Predicated class
Actual class Class dead | Class injured
Class dead 851 1
Class injured 61 367

23 naive bayes 4w lsa JLidl) &5 Ua g cliall cypaill jLadl s weka () bl Jia) ey
(3,3,2) )by pall Je J guaall

=== 3Jtratified cross-valication ===

=== Summary =—=

Correctly Classified Instances 1188 97.3727 1

Incorrectly Classified Instances 32 2.6273 %

Kappa statistic 0.91%9

Mean absolute error 0.0308

Root mean sgquared error 0.1544

Relative absolute error 9.2373 %

Boot relative squared errcr 37.594%98 3%

Total Number of Instances 1218

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure MCC ROC Rrea PRC Area Claas
0.991 0.080 0.976 0.991 0.9284 0.920 0.953 0.975 injured
0.910 0.00% 0.963 0.910 0.835 0.820 0.953 0.943 dead

Weighted RAwg. 0.974 0.073 0.974 0.874 0.973 0.820 0.953 0.968

=== Confusion Matrix ===

a b <-- claszified as
954 9 ] a = injured
23 232 | b = dead

(3,3,2) d) 3,5l
p oAl s iy o jA8 dae ) sa

Ll (train ) Jasd &alsall clly e j48 4l sa <y ail weka 3.8.1 8ol caendii)
48 Gl MR (e Caiaall 311 i 3 o3 (test) JLERY) by e o jlia) & 5 bl Ciicas
-1 Y Gl Cildiaall 483 Clua Sy s Capiaill 8 Uadl) du y Capeal)
Sl ) masia Q5 Asiadl classd) s das (precision) dsheall s -
. class JI & ddiaqll
) ) sae ) sa JG Asiadl classd) O A (recall) slevin) A -
class J 4
dapadadall 8 4 43S Ll e clild) Cagiat oy of (FP) 438D dplay) -
L Adal) A a5 A gl e iyl () A0S0 Apld) -
Aapaa didall 8 g daaaia Ll o cOlall Ciieal (TP) dBalall dulagy) -
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Predicated class
Actual class Class dead | Class injured
Class dead 956 7
Class injured 23 232
accuracy | recall FP Fn TP TN | Precision
97.5% | 99.2% | 9% | 0.7%| 99.2% | 81.8% 97.6%
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supper vector machine 4w )& 4wy ansill 2

Predicated class
Actual class Class dead | Class injured
Class dead 851 0
Class injured 0 367
Accuracy | recall FP Fn TP TN | Precision
100% 70% 0% 0% | 100% | 100% 100%
naive bayes 4 ), 531 duailly aniil) 3
Predicated class
Actual class Class dead | Class injured
Class dead 850 1
Class injured 61 306
accuracy | recall FP Fn TP TN | Precision
94.9% | 99.9% | 16.6% | 0.11% | 99.8% | 26.2% 93.3%
axlill A cliaj Al Al 1,134
accuracy recall FP FN TP TN | Precision
II;la'l've 94.9% 99.9% 16.6% 0.11% 99.8% 26.2% 93.3%
ayes
J48 97.5% 99.2% 9% 0.7% | 99.2% 81.8% 97.6%
Supper 100% 70% 0% 0% 100% 100% 100%
vector
machine
The pest Supper Naive Supper Supper Supper Supper Supper
algorithm vector Bayes vector vector vector vector vector
machine machine machine machine machine machine
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