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oABSTRACT o

This study aimed to predict the returns of insurance companies listed on the
Damascus Securities Exchange. This study targeted the insurance sector, where the
study sample consisted of two companies: United Insurance and Al-Ageelah Takaful
Insurance. The study period extended during the period 2015-2022, and the monthly
returns of the two mentioned companies were used. The research adopts the
statistical analysis approach by training the long short-term memory deep learning
model LSTM on the data and predicting future returns after training. One of the most
important results that the study reached is that the LSTM model is able to predict the
returns of insurance companies in the Damascus Securities Exchange accurately and
reliably. Where an average predictive accuracy of 90% was achieved, indicating that
the model is able to predict the direction of future returns for these companies
accurately. The results of this study contribute to the development of financial
forecasting tools and improve the ability of investors and analysts to make informed
and scientifically based investment decisions. The results of this study can also be
used to develop investment strategies and risk management in the insurance market
in Syria.
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Exploring the effectiveness of deep neural networks with technical analysis
applied to stock market prediction:
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Python
import pandas as pd

# Load the data

data = pd.read csv('data.csv’)

# Check the data
data. heaa’()
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Python

# Convert the data to a time series array

returns = aataf'returns’].to_numpy()

Al adl) (pe ddghiae ol ) 138 5350
zagaill Caydi 1Y 3ghadl)
Python.gj Keras 3iSa aaaiuls oty LSTM zigad i gy elilal) jagad da
Python
import keras
# Define the mode/
model = keras.models. Sequential([
keras.layers.LS T/l//(64, return_sequences=True )
keras.layers.LS T/l//(32 )
keras.layers.Dense(1)
J)
# Compile the mode/
model.compile(optimizer='adam’, loss='mse
# Train the model
model.fitreturns[:~12], returns[-12:], epochs=100)
YOYY ale Y10 Lle e dilsall iy ahasinls LSTM zdga cupsi ) 138 (s350us
anl) oY sgladl
Aadiil i LYYY Gle el Al A58 Slgas sall dadadind i ordsaill Cup ey
Keras. wpredict() ik
Python
# Predict the returns for 2023
predictions = model.predict(returns(—12:])

# Check the predictions

predictions
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Llas Goladl DA e Y TY Gle 6 cdill €50 Silgal gl (e ddstiae olii) ) 38 5350
A il e Jaany 7 dgall iy st (Jg¥) 35Sl DA (e Al o suslly Apuagll clslanyl) e

bl e LSTM gz isal quai il 1(Y) Jsaad)
Model: "sequential"

Layer (type) Output Shape Param #
Istm (LSTM) (None, 50) 10400
dense (Dense) (None, 1) 51

Total params: 10,451
Trainable params: 10,451

Non-trainable params: ()

LOsb daapl) Al o Aoyl all) i) (a1 jadl)
b LS 8 LSTM zisai adle ¢
bl o lghukt o sasie Cilide (e (sS4 e Lee o Lulid zigai 58 zisaille
~all
5 Sad) Lppae) AGEN Gl (e 55 A5 LSTM dih & zisalll 3 ) dadall o
Al @bl (e aleill deaas (RNN)
L SIa b dad 00 a0 Lo Lel i Les cang 00 Lgl 3sall 38 A LSTM didae
Pl Al dyuaal) 4S040 Glak (e gl =Y «Dense ik & sl A Agl) VA

Llgal) A gl
IO aaly 5 Al Lei€a Wl e Lae cBasly Bang leadl #3saill 13a & Dense dike
Lol dabias

Bl ULl e alenll aiq 4l ey L eyl LB dalea V4,800 e (gging 7 3gal

el e b Al bl e #dgail) il (epochs) aladll 8)50 axiiul 26 seladll Genam
Z3salll padis Baslg Bpe Algall (& QUL aies o 2 3gaill e )50 JS & (generator).alsall Pla
zisall e Ul Gy B Alatl Lyas)) A gardind A A5V oy catlaes Gaadl il
Jmn Gy 3 (e (pne (Gn ) oy 7 5f (€POChS) s33ml Cygal) sae Y sy s oyl
) dasd) e

Y
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asd Wi ) Jeai Cun Sl 30 ae dadgial) will e € (S8 )l gy L) adll o LDl
coass Gaelil] Banially Aaleall ASHA] Aadgially Abedl) all (e JSEN (ge age WS il <l L5 pe 3
D3 (gl ) gl A8 il Y alail) 8 aadin oD bt a9 RMSE Uadll ajal el j3al)
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n

P fnss Ay Ob dsay Aad 8 Ul 2SI PIA 00 jelag

from sklearn.metrics import mean_squared_error

from math import sqrt

rmse=sqrifmean_squared_error(test[AlT] test[ Predictions]))

prinf(rmse)
Dhie Wadll ) daa z3gal) o e Lee Baaiall vooYo g dlaall 01524 = daidll Lual el
B Aa sda Lsaaiall ASHal Mlgey Sl die vl oY g el Alal) A8 Nlgay sl die angidl 80.15
Al Sl e lgale Jeaniall aidll (e i sag WA alaas b Tas e Vo e Jif RMSE o
sle panll (Ko il da 335 )+ e ST gl ALl Cluball DA o sy g Bded Goms Bl

;) 2sSY) e slaeWl JEl Joaall Gy Yo YT ale e dadll gl ¥ J el dlial) 4S54 ilse

Yy
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plt.plot(testfAIT], label="Actual’)
plt.plot(test'Predictions ], label="Predicted’)
plt.plot(predictions_future, label="Future’)

plt.legend()
plt.show)
YoYY ale e ugdl v g Aldally Saniall opalil) AL g Liial) ijgal) 1(Y) Jgaad
v 1 ° ¢ ¥ Y | Bl
7.123 9.192 5.137 0.051 -4.0301 -2.096 -0.08 Aleell Nilad)
2.918 15.241 3.541 7.554 1.282 -7.551 -1.245 sasiall i)

Ol Aol AR (o aldieYl Aald) ) Ga 2 jdadl)
cOoselil] Algal) A58 Nilgal Aoyl Uil e 4y @3 G LSTM z3sas ) gl il s
S s e A AN Leal) b duls AN cdle GsS o aligh zisall of ) i) s
G b DA ol aml daga 8l z3gaill yiay Mol Adnal) daY) jedl) B dulay) Glgie
Ao By ) AN sdgl iy dgag aie dai W sl 5 il o) LA GhOU B
il gl ey Gl L Bigiall ASY) DA e Bas clily ¢l g s b oSl daid Yo YT

tlua gilly clalisiudy) —1

relalingy) 1-)

G oomlll Gl Nl gl e 508 LSTM zigai o) i) cjelil -
oA+ Aany Ausm 483 Jangie 3Ra3 o5 Cus. Gisey G JS& W) LU Bhed (o
Gy S8 AN 23] bl Blgall olails sl e ol z3sail o ) uds Lae

AN eall 8 Al oaelill ALl A58 cilsle G585 of o adsm -y
O ) a3sm 5 Ayen 8 Aseal) AolaY) Cagyll) G @l (YAYY Lle e Y
Cag bl pueat Cans @llyg calall (g Akl das¥) et 8 dulay) Clisine ) Sloall aiti
Asalaidy|

A el b dule sasiall cpalill A58 wilsle (68 o) ) adsm al
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