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I. [bookmark: _Hlk88640927]Introduction
Innovations, especially artificial intelligence (AI), are transforming our lives with implications for a range of phenomena, from economic growth and financial markets to climate changes, biotech, production, and family and social life (Acemoglu and Restrepo, 2018; Russel, 2019). It is anticipated that in the months to come, this shift will accelerate (Neopolitan et al., 2018; Xie et al., 2019). 
Figure 1: AI and Bitcoin in the US (2021 - 2022)



Source: authors’ calculations.
Note: Figure 1a plots the relationship between the AI and Bitcoin in the US for 2021-2022. Figure 1b plots the Bitcoin against the AI. 
Figure 1a indicates there is a significant positive relationship between AI and Bitcoin. Undoubtedly, Figure 1 is hardly evidence of causation. Both variables show parallel trends. Figure 1b examines the correlation between the increase in Bitcoin and the increase in the percentage of AI.  Figure 1b shows a significant positive correlation between the two variables. The  interconnectedness among other markets, such as innovations, gross domestic growth (GDP), NASDAQ stock, commodity, labor, and carbon markets is very important for individuals, businesses, institutions, and fiscal and monetary policymakers in the US since it helps clarify one-to-one connectedness (e.g., stock-to-carbon emission connectedness, aggregate macroeconomic connectedness, or total connectedness from others to output growth).

According to some recent studies (West, 2018; Susskind, 2020), AI portends a jobless future, while others believe that the impending AI revolution will increase human productivity and improve the working environment (e.g., McKinsey Global Institute, 2017). Considering limited research on the connectedness of macroeconomics and financial, cryptocurrency, commodity, and labor market innovations of AI, the ongoing existence of these differing visions is not surprising.

Earlier research has relied on incomplete relationships between AI and other markets, which has made it difficult to distinguish the specific macroeconomic connectedness of AI effects from general AI measures. This study fills the gaps in the existing research, offering connectedness measurements of AI, innovations, output growth and labor market, and stock, carbon, and cryptocurrency markets in the United States.

This study’s key novelty is four-fold. First, we add depth to the work of Diebold and Yilmaz (2014), spillover connectedness measures, forecasting and assessing how exogenous policy shocks to AI factors affect the real economy. Second, we add breadth by combining for the first time, and to the best of our knowledge, specific tailored set variables of ESG and key macroeconomic factors. Third, we identify specific risk factors that could potentially act as mechanisms that transmit destabilization. Finally, our evaluation offers novel perspectives by illustrating the dynamic effects of ESG regulations in several hypothetical situations. This study fills the gaps in the existing research, offering empirical measurements of ESG policy shocks and macroeconomic connectedness volatility measures.

The resulting research represents a marked departure from the approaches currently used, in that: (1) adds depth to the work of Diebold and Yilmaz (2014), spillover connectedness measures, forecasting and assessing how exogenous policy shocks to AI factors affect the real economy; (2) expands breadth by combining for the first time, and to the best of our knowledge, specific tailored set variables, combining multiple markets; (3) identifies specific risk factors that could potentially act as mechanisms that transmit destabilization; and (4) offers novel perspectives by illustrating the network dynamic effects of AI and innovations in several hypothetical situations. To the extent to which we have addressed the most acute issues of reversed causality and endogeneity, we believe that our results provide the first evidence that without a substantial regulation of innovations, optimizing the impact of AI is difficult.

This paper is structured according to the following framework: Section 2 outlines the methodology. Section 3 provides results and implications. Finally, a succinct summary of our findings is provided in Section 4.
II. Methodology
[bookmark: _Hlk88642893][bookmark: _Hlk88641843][bookmark: _Hlk90304500]Our method for determining connectedness is based on Diebold and Yilmaz’s (2014) unified framework concept of connectedness. The forecast error variance of a variable is broken into its attributable constituent parts (Aharon and Qadan 2022). Table 1 shows the conceptual framework of the connectedness and relationship measures. We use a new Keynesian macroeconomic model, and the neoclassical production function is used to estimate GDP growth (Giordani 2004). We include AI factors, as shown in Equation (1), with a description of the variables provided in Table 2. Our sample spans the weekly data from January 2021 to December 2022. 

Table 1: Spillover (connectedness) table
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A target variable is represented by a row, and a source shock is represented by a column. By definition, the numbers across a row will add up to 100. The “From others” sum denotes the value that comes from other shocks and is not attributable to endogenous shocks. The sum of the row “To others,” , denotes the shocks transmitted to other target variables. The “From others” column and the “To others” row sum to the same value, denoted by , . Therefore, except for pairwise directional connectedness, from  to , , the off-diagonal total directional connectedness labeled “from” others to  is , ; total directional connectedness “to” others from  is ; and the total connectedness is .  denote the set of variables, and we examine their connectedness.  denotes the cross-variance decomposition of the th  – forecast horizon step. This is the result of Cholesky shocks from a reduced set. 

Table 2: Description of variables
	[bookmark: _Hlk93657468]Variables
	Description
	Source

	
	Gross domestic growth— H.P. filtered gap
	https://fred.stlouisfed.org

	
	Natural logarithm of artificial intelligence
	https://ai-index.info

	
	Natural logarithm of NASDAQ
	https://ai-index.info

	
	Natural logarithm of carbon prices
	https://www.investing.com

	
	Natural logarithm of bitcoin
	https://www.

	
	Natural logarithm of commodity prices 
	https://stooq.com/

	
	Natural logarithm of total factor productivity
	http://www.longtermproductivity.com

	
	Rate of job openings to unemployment
	https://www.bls.gov

	
	
	




[bookmark: _Hlk88642573][bookmark: _Hlk88641001]                                                                                (1)
                                           .
where  is a  vector of endogenous variables. Matrix  is invertible and has coefficients of contemporaneous relations on the endogenous variables.  are matrices  capturing the dynamics of variables, and  is a  structural shock vector.
III. Results
The results suggest a gain from Bayesian methods, using the Normal-flat prior to having the lowest GDP_GAP RMSE (0.912), given the setting  and  (implying a relatively uncertain prior for ).

III.1. Sensitivity analysis
[bookmark: _Hlk88644516][bookmark: _Hlk145488316]For policy modeling purposes, we analyze sensitivity (stress testing) by increasing total factor productivity (TFP, approximate for innovations – scenario 1) AI (scenario 2), bitcoin (scenario 3), carbon market prices (scenario 4), commodity research bureau (CRB) prices (scenario 5), NASDAQ stock prices (scenario 6), and the rate of job openings to unemployment (scenario 7), respectively, by +10%, +20%, +30%, +40%, and ±50% during the five weeks 11/01/2022 – 11/29/2022. 

Figure 2: Forecasts for alternative scenarios


Source: authors’ calculations.
Note: Figure 1a plots the relationship between the AI and Bitcoin in the US for 2021-2022. Figure 1b plots the Bitcoin against the AI. 

The simulation scenarios show: (a) AI and commodity prices impact GDP growth, starting after two weeks, (b)  AI increases job openings immediately, (c) the NASDAQ stock market impacts positively AI, (d) NASDAQ creates oscillations in carbon prices, and CRB increases carbon prices, (e) NASDAQ forecasts to increase CRB prices, (f) AI forecasts to create oscillations in NASDAQ market, and (g) innovations are impacted positively from AI, CRB, and NASDAQ from the first week. Overall, the AI model forecasts to increase in the GDP, jobs to unemployment, innovations, and Bitcoin, from the second week, and lowers carbon and CRB prices. 

III.2. [bookmark: _Hlk88644592]Variance decomposition
We fully account for dynamic effects when we decompose the variation in any endogenous variable into its sources using the estimated model and the calculated impulse response functions for historical shocks.

Figure 3: The sources of variation 



Source: Authors’ calculations.
Note: The figure shows a decomposition of the sources of variables, 10 periods, based on the impulse response functions. The colored segments of each bar represent the fully dynamic contribution of each exogenous shocks to variable fluctuations during that particular period.




The NASDAQ stock market prices contribute a little to the movement of AI: 2.83% in 10 periods. The AI’s contribution to the NASDAQ decomposition is significant even at the very start 68.57% and 82.18% after 10-week horizons.  The AI contributions and their associated shocks to the carbon price increased from 3.94% to 32.22% in 10 weeks. Meanwhile, the Bitcoin and jobs to unemployment to carbon price movement rise to capital stock and human capital contributions and their associated shocks to tourism development rise to 8.13% and 5.46%, respectively, at 10-week horizons. In 10-week horizons, Bitcoin is moved by AI shocks up to 41.74%. At 24-week horizons, the CRB movement proportions resulting from shocks of AI, carbon prices, and NASDAQ reach 23.40%, 15.32%, and 11.38%, respectively. The AI and NASDAQ are the greatest contributors to the movement of innovations: 45.62% and 17.29% in 24-week horizons. Jobs to unemployment are mostly moved from AI, innovations, and Bitcoin: 41.81%, 9.25%, and 9.02% in 24-week horizons. Finally, carbon prices and AI contribute greatly to the movement of output growth: 16.22% and 7.8% at 24-week horizons. The message is clear: AI shocks explain a great share to the movement of all other variables. The dynamics of expectations are forward-looking, revealing a fundamental result: the market adapts quickly to new technologies. In other words, anchoring expectations with the new AI policy platform brings prosperity. 

III.3. Network connectedness and policy analysis
Figure 4 shows the spillover connectedness of the variables. The pairwise connectivity between innovations and GDP_GAP is the strongest (). The second highest pairwise connectivity is from innovations to jobs to unemployment (). Next, pairwise connectivity is from jobs to unemployment to NASDAQ and CRB () and (), respectively. 

[bookmark: _Hlk88643105]Figure 4: Macroeconomic spillover connectedness
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Source: Authors’ calculations.
Note: Figure 4 shows the macroeconomic spillover connectedness of all variables in the model.

The net total connectedness spillover of innovations is the highest, at 223.40% (). Innovations have the potential to generate a lot of spillover connectedness from growth to the labor market since they are “recipients of small’’ and ‘‘transmitters of big” volatility spillover shocks. The message of Figure 4 is clear: innovations are substantial net transmitters, overheating the economy (“to others”–“from others”), potentially leading to hyperinflation. This is confirmed by Figure 5, showing that the highest net spillover connectedness results from innovations.

Figure 5: Net spillover connectedness


Source: Authors’ calculations.
Note: The figure shows the static net “from – to” spillover connectedness.
III.3.1.1. [bookmark: _Hlk145489233]Dynamic policy analysis
The previous analysis is static and does not address the dynamics by design. Figure 6 shows the total dynamic directional connectedness (“net” degrees) for jobs to unemployment and carbon prices. In Figure 6, we notice that idiosyncratic shocks always affect individual institutions and their policies, and these shocks are transmitted to other institutions. These policy shocks become more frequent and each time affect more institutions and therefore are passed on to others in greater quantities than before. In times of crisis relatively more than in non-crisis times, there are a few sectors that receive very little and a few sectors that transmit very much. The job-market balance is not efficient, having more jobs than available workers for work: thus, overheating the economy. Net carbon prices generate dynamic spillovers as in the first two weeks and last week of December 2022. 
Figure 6: Total “net” directional dynamic connectedness


Source: Authors’ calculations
Note: The figure shows the net dynamic spillovers for jobs to unemployment and carbon prices. The spillovers greater than 50% are in yellow-shaded areas. 


III.3.2. Dynamic pairwise connectedness
Figure 7 shows that net traditional energy has the highest correlation with volatility in the pair in climactic months. 

Figure 7: Network pairwise dynamic directed connectedness


Source: Authors’ calculations.
Note: The figure shows the pairwise dynamic spillover connectedness among four pairwise spillovers greater than 80%, which are in yellow-shaded areas. 

If we present the most important observation in Figure 4 it is this: AI spillovers are the ones that have the highest net total connectedness and pairwise volatility in the climactic weeks. The highest pairwise volatility connectedness exists between AI and NASDAQ stock market prices, followed by GDP and innovations. We notice that AI-jobs to unemployment and AI-Bitcoin create dynamic spillover waves greater than 80%. The technological advancement pace is greater and the educational readiness in the US, accounting for the substantial rise in the overheatness of the economy, inflation, and crisis.  

Policy modeling implications of all the results are that the AI sector in the US represents a big opportunity and risk, in the meantime, to increasing sustainable growth and overheating the labor market. The results reveal that the innovation policies and their implementation, through AI and other channels, should be carefully drafted since the risk of excluding the masses from flourishing in innovations is great. This implies and reflects feelings about the extent to which public authority is not calculated properly, and sometimes large-scale corporations “capture” the policies, potentially poised to wreak havoc on the system.

[bookmark: _Hlk145396426]III.4. 	Policy implications and advisory steps
Considering the US's need for a well-defined AI policy plan, the results recommend that regulatory authorities take the following essential steps to narrow the AI risk gap and, consequently, stimulate sustainable economic growth: (1) formulate and enforce comprehensive innovation and AI regulations and standards, (2) develop educational programs and training initiatives aimed at cultivating a skilled workforce proficient in sustainable techniques and technologies, (3) enhance corporate governance regulations to ensure transparency, accountability, and ethical conduct within the corporate sector, and (4) establish mechanisms for monitoring and reporting the implementation of AI initiatives and their influence on macroeconomic factors.
IV. Conclusion
Our novel findings, which were obtained by estimating our model using Bayesian connectedness, support the inclusion of innovation and AI policy modeling in macroeconomic connectedness prediction models. Notably, the introduction of AI in the model firmly reduces the likelihood of misclassifying a clear net contagion spillover distributor as totally healthy.
  
The results indicate first that the US should immediately address the disparity in approaches to innovations and AI policies, in connectedness with NASDAQ, carbon, CRB, and labor markets,  since the dangerous and growing AI imbalance has a very high cost, de-anchoring investor expectations, disrupting markets, destabilizing key macroeconomic factors, and historically running and leading to unhealthy shocks and even great crises in the US. The strategies for sustainable growth should not be only based on conventional technology presumptions, and they also point out key regulatory loopholes in the prudential authorities' framework.

[bookmark: _Hlk145396559][bookmark: _Hlk118724808]Importantly, the outcomes of our analysis have significant policy implications. They underscore the AI sector poses a strong opportunity and threat to designing adequate policy criteria for the US to regain world leadership, indicating an insecure strategic and economic and political approach over the state apparatus in Montenegro.
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