Appendix

Table A. Summary of previous studies on the economic convergence hypothesis among OECD, EU, and SAARC countries.
	Author(s)
	Countries
	Period
	Methodology
	Main Conclusion

	Angeloni and Dedola (1999)
	EU countries
	1970:1-1997:3
	CA
	Convergence

	Gaulier et al. (1999)
	EU, OECD and the World
	1960-1990
	FE
	Convergence for EU countries

	Nahar and Inder (2002)
	22 OECD
	1950-1998
	β-convergence test
	Convergence

	Badinger et al. (2004)
	196 EU regions
	1985-1999
	GMM
	Convergence

	Ralhan and Dayanandan (2005)
	10 Provinces in Canada
	1981-2001
	GMM
	Convergence

	Azomahou et al. (2011)
	157 regions covering 9 EU countries
	1990-2005
	Parametric and semi-parametric estimations
	Convergence for low income regions; Divergence for medium income regions.

	[bookmark: _Hlk67420735]Arnold et al. (2011)
	21 OECD
	1971-2004
	OLS
	Convergence

	Camarero et al. (2013)
	22 OECD
	1980-2008
	DEA
	Convergence

	Monfort et al. (2013)
	14 EU countries
	1990-2009
	Cluster Analysis
	Divergence

	Gadea Rivas and Sanz Villarroya (2017)
	21 OECD
	1950-2000
	PQR
	Convergence

	Parker and Liddle (2017)
	33 countries including 23 low to middle income non-OECD countries
	1971-2008
	[bookmark: _Hlk67421713]Clustering Algorithm
	Convergence

	Simionescu (2017)
	28 EU countries
	2008-2016
	FE
	Convergence

	Khan and Daly (2018)
	5 SAARC economies
	1960-2017
	[bookmark: _Hlk67422278]Phillips and Sul (2007, 2009) convergence test
	Convergence

	Zia and Mahmood (2019)
	SAARC economies
	1999-2015
	β-convergence test
	No convergence

	[bookmark: _Hlk67422922]Cieślik and Wciślik (2020)
	15 EU countries
	1995-2017
	Phillips and Sul convergence test
	No convergence

	Lafuente et al. (2020)
	26 EU countries
	2005-2018
	Phillips and Sul convergence test
	Convergence

	Safdar and Nawaz (2020)
	6 SAARC economies
	1972-2012
	OLS
	Convergence


Source: our elaborations.
Notes: CA: Correlation Analysis; DEA: Data Envelopment Analysis; FE: Fixed Effects; GMM: Generalized Method of Moments; OLS: Ordinary Least Squares; PQR: Panel Quantile Regression.

Table B. Summary of previous studies on the economic convergence hypothesis in Asia.
	Author(s)
	Countries
	Period
	Methodology
	Main Conclusion

	Park (2000)
	10 ASEAN countries
	1960-1997
	[bookmark: _Hlk67405837]Analysis of Theil Inequality Indices
	No convergence

	Michelis and Neaime (2004)
	16 APEC countries
	1960-1999
	OLS
	Weak convergence

	Ghatak and De (2016)
	32 Asian countries
	1990-2017
	OLS, GLS
	Convergence on the long-run

	Furuoka et al. (2018)
	5 ASEAN countries
	1960-2015
	FADF
	Convergence

	Zulfiqar (2018)
	40 Asian countries
	1980-2016
	PLS
	Convergence

	Yaya et al. (2020)
	9 major economies from three Asian regions
	1967-2017
	Fourier Unit Root test with Break
	Convergence in South Asia only. Divergence among Northeast and Southeast Asian regions

	Ghatak (2021)
	10 ASEAN and 7 SAARC countries
	1970-2017
	2SLS
	Convergence across ASEAN members only


Source: our elaborations.
Notes: 2SLS: Two Stages Least Squares; FADF: Fourier Augmented Dickey-Fuller method; GLS: Generalized Least Squares; OLS: Ordinary Least Squares; PLS: Pooled Least Squares.

Analysis of the KOF Globalization Index
· Background: Convergence and Divergence in a Context of Economic Globalization
The process of convergence or divergence between countries is affected by economic globalization. According to O’Rourke (2001), Maddison (2001), Williamson (2002), and Duasa (2010) our dataset 1960-2017 is within 4 groups of globalization: 1870-1913 remembered as the beginning of the process; 1913-1950 that is the de-globalization period; 1950-1973 called the golden age (period which coincides with the Bretton Woods model); 1973-onwards which represents the second globalization after the fall of the Bretton Woods regime.
Starting from the awareness of the existence of world inequality, Wade (2001) defines three main approaches to the effects of globalization towards the divergence or convergence of the incomes. The first refers to neoclassical growth models. They try to predict stylized facts like convergence by stating the existence of a negative relationship between initial income levels and income growth rates of a specified period. This statement shows that rich countries grow less than emerging countries once certain conditions have been resolved. This situation is, by economic theory, conditional convergence: it is positive whenever economies have similar technologies and preferences. According to some hypotheses, in the end, the economy of the country will reach the steady-state, where it can no longer grow. Now, if the economy is approaching its steady-state, there will be convergence. On the contrary, it will register a process of divergence. In general, we can say that weak economies will grow towards convergence or divergence faster than those developed, thus recovering time lost in economic growth.
The second approach is the theory of endogenous growth. It states that there will be less convergence or divergence as there are diminishing returns on capital that will be compensated only by the increase in technological innovation in developed countries.
Finally, the third approach is that of dependence. It dependence predicts that convergence is less likely and the most likely divergence. This situation is caused by the differential benefits deriving from economic and commercial integration, restrictions on free-market relations with developing countries that will be damaged by this situation.
The empirical evidence shows, in general, that the first wave of globalization has caused an increase in the convergence of per capita income between countries due to the rise in international trade as well as the progress of the great migration.

· KOF Globalization Index Analysis
Starting from the above, we will try to verify if the globalization process has helped the convergence for the countries of our study, using our yearly data for the 1960-2017 period. We use, in particular, the KOF Globalization Index variables from which we extracted the data panel on Trade globalization de facto and the General Index of Globalization. In particular, we have decided to refer to the following assumption: the countries under study are all characterized by export-led economies, and therefore, the globalization process has helped international trade between nations. Thus, we have expanded the first phase of globalization to our entire historical series to observe a process of convergence or divergence in trade between dataset countries.

Figure A. Exports and imports of goods (% of GDP).
[image: ]
Source: our elaborations on KOF data.

The results in Figure A clearly show how in the trade flows Malaysia, Thailand, and the Philippines followed a process of convergence in the flows. Indonesia has slowed down this process even though other economies were converging until 1998. Most likely, this result is due to the adverse effects of the Asian crisis of 1997-1998, which slowed down the convergence process in trade flows between countries. A separate discussion we must do about Singapore. It presents a contemporary convergence-divergence between countries. This result is attributable to the different economic dimension of this country compared to other economies and besides, also because Singapore has been an Asian tiger since 1960. However, the analysis of trade flows alone would not be able to explain whether a process of convergence between countries has been implemented over time. At most, we can recognize the role of glue with global structural changes in economies. In the process of globalization, trade in goods would have helped other macroeconomic variables towards convergence. Thus, starting from the KOF dataset, we verified whether the general index was able to show a convergence or divergence (Figure B).

Figure B. KOF Globalization Index.
[image: ]
Source: our elaborations on KOF data.

The results obtained are fascinating. They demonstrate how the selected countries have taken a circular form towards economic convergence. We note that while the convergence was slow from the 1970s to the beginning of 2000, the last process of globalization has accelerated the convergence. The most exciting result is that this process would seem to have been aided by the 2008 financial crisis. Instead of determining a different effect, the process of convergence has instead accelerated. An explanation may be the following: countries with different incomes used the financial crisis to level the great ones against the lower ones. In other words, it was a process of rewarding wealth.

The LSTM model: A Machine Learning Approach
The process of globalization is not a new phenomenon. It dates back to the second half of the eighteenth century. Solow’s neoclassical growth model often predicts stylized facts of economic growth, which includes divergence and convergence. Empirically, based on the relevant characteristics of economic growth, there exists an inverse relationship between initial income levels and the national growth rate of a certain period of time. This implies that poor nations tend to grow faster compared to rich countries once certain conditions are arrived at. However, under certain assumptions, these fast-growing economies will finally come at an equilibrium, after which their growth rates slow and may not grow at all. This also means that when a country’s growth rate approaches a steady state, it exhibits convergence, while if it moves away from the equilibrium, it exhibits divergence. As for the 5 selected economies in this study, the empirical evidence shows that the convergence in GDP per capita did occur when trade liberalization was first initiated. This can be attributed to an increase in economic activities and international trade as well as massive international immigration. The trend, however, as seen in the positive relationship between the log of GDP per capita in 1960 and the average growth rate, was not repeated in the second wave of globalization. Indeed, inequality has risen since the late 1970s due to liberal economic policy regimes and the manner in which some economies carried out their economic reform policies. As a matter of fact, the observation from the selected Asian countries seems to support the endogenous growth theory, which predicts divergence as a result of the phenomena of unequal growth and polarization.
The results obtained in the first two approaches do not find evidence if we change our data source. Using the KOF dataset, we verify that international trade has played an important role only for some countries, less for others. Besides, the analysis of the general index would show how the third wave of globalization has, instead, led to a convergence between countries.

· Theoretical LSTM Model
We, therefore, believe that the standard tools of economic and econometric analysis are insufficient. Consequently, we decided to use a more innovative methodology. We use a ML model based on LSTM network through the implementation of new algorithms written in Oryx 2.0. Unlike traditional regression methods, ML is a non-parametric technique. Besides, they are not bound by a functional form but are free from the assumption of statistical distribution. In parametric techniques, such as linear regression, an increase in the independent variable must determine only an increase or decrease in the dependent variable. In ML techniques, on the other hand, the effect of the independent variable on the dependent one can be different. This result is due to the levels and interactions with other variables. The ability to capture these interactions through different values of variables allows these techniques to go beyond traditional parametric models.
The starting mathematical formulation will be presented as follows:

hθ (x1) = θ0 + θ1x1, where θ = , x = or hθ (x) = θtx						[3]

Now we solve the minimization problem with the cost function:

J(θ0, θ1) =  θ(x(i))-y(i))2 where J(θ0, θ1)						[4]

where:

θj ← θj – α J(θ) 											[5]

Utilizing the Cauchy approach, we must identify:
a) θ0 and θ1 with two initial values, chosen randomly;
b) two new parameters θ1 and θ2 in such a way as to reduce the value calculated by J(θ0, θ1);
c) reach the minimum of the function.

θj = θj – α J (θ0 – θ1)										[6]

where α is learning rate, and serves to establish when the displacement to be made along the function must be wide.
Now, consider the following basic assumptions about a NN:

1) x ∈ ℝD with output vector y ∈ ℝk
2) layer-wise output vector ol ∈ ℝM, to each layer l = (1,2,…, L)
3) there is always a matrix Wl ∈ ℝMt x Mt-1 with layer l = (1,2,…,L) →M0 =D and ML = K
4) vector bl ∈ ℝMt, layer l = (1,2,…,L)
5) θ will be the set of parameters
6) σ(·): ℝ → ℝ is a non-linear derivable scalar function, and his derivate will be σ1.

The Feed-Forward Neural Network (FFNR) is:

f(x, θ) = oL = → ol = σ(al) = σ (Wlol-1 + bl), with l = [1,2,…,L] and al = Wlol-1 + bl;
o0 = x.

We decide now to choose a two-layer network: L = (2) with bl = 0. The functions become:

f(x, θ) = o2 = σ (W2o1) = σ (W2 σ (W1x)).

If σ is not linear:

σ(x) =  ; σ’(x) = σ (x) (1- σ (x)) → if output is in the range (-1;1) there is a tanh function:

tanh (x) =  ; tanh’ (x) = 1 – tanh2 (x) → with rectified linear unit:

Relu(x) = 										[7]

MSE (θ) =  f (xn, θ) – tn II 								[8]
f(xn, θ) – tn II will be the squared about the normal Gaussian.

Taken by assumption a dataset (xn) the Log-Likelihood (LL) is defined as:

LL (xn) = (xn) → P(xn) will be the probability with respect to the model xn.

To calculate the Back-Propagation effect we use:

 =  f (xn, θ) – ti)  f (xi, θ)								[9]

We calculate the chain rule of derivates for  f (xi, θ):

 f (xi, θ) =  oL =  [σ (aL) = σ’(aL) (aL) = σ’(aL) (WLoL + bL)
= σ’(aL) WL oL-1 = σ’(aL) WL σ (aL-1) = σ’(aL) WL σ’ (aL-1) WL-1 oL-2
= a’(aL) WL σ’ (aL-1) WL-1… ol =  (ak) Wk) ol
 ol =  ol [’(Wl ol-1 + bl)] = ’(al) (Wl ol-1 + bl) = ’(al) 			[10]

Now let’s proceed to the calculation of the error term about the process:

 ]				[11]

 =  										[12]

with Back-Propagation equations: =  →= Wl =
=  = 										[13]

If we use the NN approach by Martens and Sutskever (2011), we have:

 =  in matrix form → DL = (oL - t)t → Dl = ((Wl+1)t Dl+1) ◙ σ’(Wlol-1 + bl) =  = Dl

Generally, a LSTM model is defined as repetitively (n times) by the following operations. The command (*) is the multiplication for each considered vector:

ft = σ (Wf [ot−1, xt] + bf)										[14]

it = σ (Wi [ot−1, xt] + bi)										[15]

c-t = than σ (Wc [ot−1, xt] + bc)									[16]

ct = ft * ct-1 + it * c-t										[17]

ht = ft = σ (Wh [ot−1, xt] + bh)									[18]

ot = ht * than (ct)											[19]

yt = σ (Wout ot + bout)										[20]

These transformations can be represented in the diagram of Figure C. As we can see, it represents an LSTM in an unrolled form. In particular, our model takes the standard form typical of a feedforward network. However, it presents much more complex and articulated level structures.

Figure C. LSTM network.
[image: ]
Source: our elaborations in Yed v. 1.0.8.

From Figure C, d is that the state vector is divided into two parts. First, we find the state of the cell c. Subsequently, in a hidden process, the state o. LSTM activates these “hidden” units, called gates, to remove or add information to the cell status.
Therefore, using the same dataset about the GMM model, we started the experimentation using the LSTM algorithm. Our goal is to verify, again, the divergence or convergence between five Asian countries.

[bookmark: _GoBack]LSTM Algorithm
Dataset = dataframe.values

Scaler = MinMaxScaler(feature_range=(0,1))

Dataset = =scaler.fit_trasform(dataset) 

Train_size = int(len(dataset)*0.60)

Test_size = len(dataset) – tain_size

Train, test = dataset[0_1: train:size, :], dataset[train_size:len(dataset), :]

Look,back = 5

trainX, trainY = create_dataset (train, look_back)

testX, testY = numpy.reshape (test, look_back_0,1)
trainX,trainY= numpy.reshape (trainX,trainY (trainX.shape[0], 1, trainX.shape [1], trainY))

testX = numpy.reshap (testX, (testX.shape[0], 1, testX.shape [1]))

bach_size = 1

model = Sequential ()

model.add (LSTM(5, bach_input_shape=(bach_size, look_back,1), stateful=True))

model.add(Dense(1))

model.compile(loss= ‘mean_square_error’, optimizer)

for i in range (100)

model.fit(tranX, tranY epochs=1, batch_size= batch_size)

trainPredict = scaler.inverse_transform(trainPredict)

trainY = scaler.inverse_transform([trainY])

trainScore = math.sqrt(mean_squared_error(trainY[0], tranPredict[:,0]))
function [validAUROC, trainAUROC, bestNet] = TrainAndEvalAUROC(train,test, params , 1,2,3,4,5)

%generate the data for the Feed Forward Network
[trainNNin, trainNNtarget] = generateForwardNNdata(train. in, train. target, params. nTimesteps) 

testNNin, testNNtarget] = generateForwardNNdata(test. in, test. target, params. nTimesteps) 

maxAUROC = 0

bestNet = []

if (params.NN_type == NNtype.NN)
[input, target] = ReplicateSamplesAndRandomize( trainNNin , trainNNtarget , 1,2,3,4,5)

[target] = VectorToOneHot(target)

Net = Train_FeedForwardNN(input , target , params)

[~, ~, outProb] = Eval_FeedForwardNN(net,train.in)

elseif (params.NN_type == NNtype.RNN || params.NN_type == NNtype.LSTM)

target = VectorToOneHot(train . target)

net = Train_RNN(X, Y, params)

validAUROC=0; 5 

trainAUROC=0; 6 

bestNet=0

AUROC = AUROC(outProb, train . target)

trainAUROC = maxAUROC

End.

Abbreviations
2SLS: Two Stages Least Squares
AFTA: ASEAN Free Trade Area
AI: Artificial Intelligence
APEC: Asia-Pacific Economic Cooperation
ASEAN: Association of South-East Asian Nations
AUROC: Area Under the Receiver Operating Characteristic
CA: Correlation Analysis
CJK-FTA: China-Japan-Korea Free Trade Agreement
DEA: Data Envelopment Analysis
EMU: European Monetary Union
European Union: European Union
FE: Fixed Effects
FADF: Fourier Augmented Dickey-Fuller
FFNR: Feed-Forward Neural Network
GDP: Gross Domestic Product
GLS: Generalized Least Squares
GMM: Generalized Method of Moments
LL: Log-Likelihood
LSTM: Long Short-Term Memory network
ML: Machine Learning
OECD: Organisation for Economic Co-operation and Development
OLS: Ordinary Least Squares
PLS: Pooled Least Squares
PQR: Panel Quantile Regression
RCEP: Regional Comprehensive Economic Partnership
SAARC: South Asian Association for Regional Cooperation
WDI: World Development Indicators
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