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oABSTRACT o

This study aims to forecast the growth rate of Syria’s Gross Domestic Product
(GDP) for the period 2024-2029 using a Convolutional Neural Network (CNN)
model. The model is trained on annual GDP data spanning from 1961 to 2023,
obtained from the World Bank and the Syrian Central Bureau of Statistics. The time
series data were transformed into a supervised learning format using a sliding
window approach. The CNN model was trained on 95% of the dataset and tested on
the remaining 5%. The results demonstrate high predictive accuracy, with error
metrics in the test set reaching RMSE = 2.64 and MAPE = 1.09%, indicating the
model’s ability to generalize and forecast accurately in an unstable economic
environment. The forecasted values for the target period showed a downward trend
in economic growth, accompanied by 95% confidence intervals that reflect the
degree of uncertainty in the predictions. This study represents one of the first
practical applications of CNN models to Syrian economic data and highlights the
potential of deep learning techniques in economic forecasting within Arab contexts.
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Year Predicted GDP Lower 95% ClI Upper 95% ClI
2024 -1.6737 -4.5234 1.1760
2025 -2.2926 -5.1422 0.5571
2026 -2.5705 -5.4202 0.2792
2027 -3.2494 -6.0991 -0.3997
2028 -3.5866 -6.4363 -0.7369
2029 -3.9464 -6.7961 -1.0967
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slaadl (Gl Sl Ao eVl laaY) Aaall gl bty (1) Gake

GDP DATE GDP DATE GDP DATE
6.215077835 | 2005 | 2.320339937 | 1983 10.8330639 1961
5.046195556 | 2006 | -7.610630212 | 1984 | 24.52129717 | 1962
5.674591777 | 2007 | 9.350807332 | 1985 | -8.652746672 | 1963
4.476672736 | 2008 | -7.952928955 | 1986 | 9.271363802 | 1964
5.912042793 | 2009 | 1.682282346 | 1987 | 2.299373875 | 1965
5.191905841 | 2010 18.0111401 1988 | -7.65906551 | 1966
2.850002844 | 2011 | -13.64728218 | 1989 | 8.257682647 | 1967
-26.33901708 | 2012 | 3.739555902 | 1990 | 3.729080221 | 1968
-26.30008766 | 2013 | 7.666468187 | 1991 | 18.76791521 | 1969
-10.31033991 | 2014 | 12.97279007 | 1992 | -1.796852875 | 1970
-4.179791613 | 2015 | 6.150895573 | 1993 | 8.955814563 | 1971
-6.405590739 | 2016 | 7.213029205 | 1994 25.6607152 1972
-0.723281777 | 2017 | 7.026589543 | 1995 | -10.46985494 | 1973
1.393176078 | 2018 | 9.825569405 | 1996 | 25.79577285 | 1974
1.220705221 | 2019 | 5.023804508 | 1997 | 16.35157606 | 1975
-0.697154504 | 2020 | 6.785304524 | 1998 12.2544466 1976
1.854215901 | 2021 | -3.553449871 | 1999 | -1.799517878 | 1977
0.732781302 | 2022 | 0.675642589 | 2000 | 9.942590124 | 1978
-1.207264203 | 2023 | 1.047287102 | 2001 | 0.887988823 | 1979
3.954831927 | 2002 | 14.50811695 | 1980
7.204435053 | 2003 | 7.755343865 | 1981
6.902959435 | 2004 | 2.789086648 | 1982
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