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PRODUCTION NETWORK, AGGREGATE IDIOSYNCRATIC ACCOUNTING 

EARNINGS, AND AGGREGATE OUTPUT 

Zhujin Guo 

Dr. Inder K. Khurana, Dissertation Supervisor 

ABSTRACT 

 

This study examines whether the input-output production network affects earnings 

predictability for aggregate output. Decomposing aggregate idiosyncratic earnings growth 

according to the production network characteristics, I find that aggregate idiosyncratic 

earnings growth of closely connected firms and central firms predict future (one and two 

quarter-ahead) GDP. I also show that the predictive power is not fully anticipated by 

professional macro forecasters. Overall, this paper sheds light on the network-based 

propagation of microeconomic shocks and the origin of macroeconomic fluctuations. 
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1. INTRODUCTION 

Firms form relationships with other firms to obtain inputs and sell their products. 

Such a production network is essential to aggregate output because, contrary to the 

diversification argument, firm-to-firm links can propagate idiosyncratic fluctuations to 

generate a market-wide impact. That is, a firm is likely to be impacted by its supplier when 

the supplier experiences changes and fluctuations in operations. Similarly, if a firm’s 

customers experience negative shocks, as the supplier, the firm is likely to have a decline 

in sales because of less demand. For example, when the United States Environment 

Protection Agency issued a notice of violation of the Clean Air to German automaker 

Volkswagen Group, this firm-level shock to Volkswagen generated market-wide 

turbulence because of negative spillover effects on Volkswagen’s suppliers worldwide 

(Barth et al. 2019). Consistent with the anecdotal example, prior research has emphasized 

the effects of the firm input-output network in amplifying and propagating micro-level 

fluctuations (e.g., Long and Plosser 1983; Jovanovic 1987; Bak et al. 1993; Acemoglu et 

al. 2012; Foerster et al. 2011; Acemoglu et al. 2016a; 2016b).  

Seemingly unrelated to the firm production network, studies in financial reporting 

examine the role played by accounting earnings information on aggregate economic 

activities (e.g., Konchitchki and Patatokas 2014a; Konchitchki and Patatokas 2014b; 

Shivakumar and Urcan 2017). These studies show that accounting information has 

explanatory power in predicting future economic activity and that professional macro 

forecasters fail to fully incorporate such information when issuing their estimates. Along 

these lines, recent studies have begun to delve into specific firm characteristics to explain 

differences in the value relevance of accounting information in predicting future growth in 
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Gross Domestic Product (GDP). Ball et al. (2019) indicate that firms with smoother 

accounting earnings are more informative for macroeconomic activities. In this paper, I 

propose and provide evidence that supply chain network characteristics also modulate the 

relation between accounting earnings and aggregate output.  

I focus on two characteristics of the production network: sparsity and concentration. 

Network sparsity captures the distribution of the inter-firm or inter-sector network and 

measures how dense (or crowded) these linkages are. For example, a supply firm can have 

a strong linkage with a customer when it sells a large portion of its products to that customer. 

Network concentration measures whether the output is dominated by large firms or large 

sectors. When a firm’s output is widely used as an input by other firms, it would have a 

high output share in equilibrium. Building on network characteristics, I define firms with 

dense connections to others as closely connected firms and firms with a central role in the 

production network as central firms.  

Based on the findings in the financial reporting literature which suggest that (i) 

aggregate accounting earnings growth has explanatory power in predicting future GDP, 

and (ii) that professional forecasters fail to incorporate the value of aggregate accounting 

earnings growth in their predictions, and based on the arguments in the economics literature 

that idiosyncratic fluctuations can generate a sizable effect because of the production 

network, I make two predictions. First, the interaction of the idiosyncratic component of 

accounting earnings with the network characteristics of the economy (i.e., connectedness 

and centrality) should have predictive power for future GDP growth. Second, consistent 

with prior literature, professional forecasters would analogously fail to incorporate such 

interaction effects.  
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Using accounting earnings data from the Compustat Quarterly Preliminary History 

dataset and linking it to WRDS Supply Chain data to identify suppliers and customers 

reported in the financial statements, I decompose aggregate accounting earnings growth 

according to the role a firm plays in the production network and classify firms as closely 

connected based on the extent of their connection as supplier and customer. Following prior 

literature (Konchitchki and Patatokas 2014b; Gabaix 2011), I apply the top 100 firms in 

terms of sales as central firms in the production network.  

I find that idiosyncratic accounting earnings growth of closely connected and of 

central firms do not cancel out after aggregation in predicting GDP. In particular, I 

document that aggregate idiosyncratic accounting earnings growth of closely connected 

firms and that of central firms predict one- and two-quarter ahead GDP growth. The 

predictive content of aggregate idiosyncratic accounting earnings growth for both closely 

connected firms and central firms is incremental to the contemporaneous GDP growth. In 

the validation tests when I focus on the idiosyncratic earnings growth of firms that are not 

closely connected firms or firms that are not classified as central firms, I am unable to find 

a significant association between aggregate earnings and future GDP growth. I further test 

whether the predictive content of aggregate idiosyncratic earnings growth of closely 

connected firms and that of central firms are incremental to that of other GDP predictors 

and find supportive evidence. In particular, I document that the informativeness of 

aggregate idiosyncratic earnings growth of closely connected firms and that of central firms 

are incremental to that of treasury yields, term structure, and quarterly market returns. In 

sum, my findings provide empirical support for production network effects on amplifying 

and propagating micro-level fluctuations.   
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Next, I conduct three additional tests to reinforce the main findings. First, my 

results may be driven by the granular effect instead of the production network effect. The 

granular effect states that idiosyncratic fluctuations of a firm remain significant because of 

the size of the firm. The production network is irrelevant in the granular hypothesis. To 

mitigate the concern that the findings are purely driven by firm size, I decompose aggregate 

idiosyncratic accounting earnings growth into four components: idiosyncratic accounting 

earnings growth of closely connected and central firms, of closely connected but not central 

firms, of not closely connected and central firms, of neither connected and nor central firms. 

I find that aggregate idiosyncratic accounting earnings growth can predict GDP only when 

firms are both closely connected and central. Idiosyncratic earnings from large but not 

connected firms fail to predict GDP. The evidence indicates that the production network 

does play a role in amplifying idiosyncratic fluctuations.  

Second, I apply bootstrap simulations to relieve the concern that the findings are 

driven by different levels of diversification. One challenge of my study is that the number 

of firms that might generate market-wide fluctuations is different from that of firms whose 

idiosyncratic fluctuations are washed out. For instance, each quarter, the number of closely 

connected firms is different from the number of not closely connected firms. The difference 

in predictability for future GDP may come from the different levels of diversification. Thus, 

I conduct a bootstrap simulation to control for the number of not closely connected and/or 

not central firms. Each quarter, I obtain the number of firms that are important in the 

production network and randomly draw the same number of remaining firms. Then I run 

regressions and obtain the distribution of estimated slope coefficients on aggregate 

idiosyncratic accounting earnings growth of simulated samples. I find that the probability 
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of detecting a significantly positive estimated loading is rather low. The evidence implies 

that it is unlikely that the main results are driven by the differences in the number of 

underlying firms. 

Third, I consider the cross-sectional difference and examine whether the relative 

contribution of idiosyncratic accounting earnings of closely connected firms to the 

informativeness of the aggregate is tilted towards firms with cash constraints. Cash can 

cushion firms from adverse fluctuations. Prior studies have shown that firms as major 

suppliers or customers in the production network bear higher risks and thus have stronger 

cash needs. Therefore, closely connected firms should be more sensitive to cash changes. 

When cash holdings decrease, managers in these firms are less able to hedge idiosyncratic 

fluctuations. As such, idiosyncratic earnings fluctuations of closely connected firms with 

tighter cash constraints should be more likely to be propagated and have an impact at the 

aggregate level. To explore this conjecture, I apply the Mixed Sampling Data Approach 

proposed by Ball et al. (2019) and introduce a tilt component with respect to cash 

constraints. Consistent with the prediction, I find that there is a statistically significant tilt 

towards firms with tighter cash constraints when estimating the association between 

aggregate idiosyncratic accounting earnings growth of closely connected firms and future 

nominal GDP, which indicates that these firms contribute more to aggregate 

informativeness. I also include a validation test in which I investigate whether idiosyncratic 

earnings growth of central firms with tighter cash constraints contributes more to aggregate 

informativeness. As central firms are inherently profit and large, keeping liquidity to hedge 

risk should not be the priority. I expect no statistically significant tilt and find consistent 

results. 



6 

After establishing the predictive power of idiosyncratic accounting earnings of 

important firms in the production network, I explore whether professional macro 

forecasters fail to fully incorporate the information in idiosyncratic earnings. Using the 

consensus forecasts of GDP growth from the Federal Reserve Bank of Philadelphia’s 

Survey of Professional Forecasters (SPF), I construct forecast errors as the difference 

between realized GDP growth and forecasts of GDP growth.  I find positive associations 

between GDP forecast errors and aggregate idiosyncratic earnings growth of closely 

connected firms and of central firms, suggesting that professional macro forecasters fail to 

incorporate the information in idiosyncratic earnings growth of firms that are essential in 

the production network. The results are robust after including control variables and 

applying alternative model specifications.  

This study contributes to both accounting and economic literature in three ways. 

First, it belongs to a handful of firm-level empirical studies in economics and industrial 

organization about the production network effect in propagating micro-level idiosyncratic 

shocks. Second, this study contributes to aggregate earnings literature by providing a 

deeper understanding of why aggregate accounting earnings growth can predict 

macroeconomic activities. The paper proposes channels through which the individual firms 

can impact aggregate output. Last, my study has implications for macro forecasters. With 

the premise that macro forecasters fail to fully incorporate the information in individual 

firms, my study points to the identity of firms that they should pay attention to in the future.  
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2. RELATIVE LITERATURE AND PREDICTIONS 

2.1 FIRM NETWORKS 

Understanding the sources of macroeconomic fluctuations is the heart of modern 

macroeconomic research. On one hand, classical theories, such as the Law of Large 

Numbers, suggest that idiosyncratic fluctuations are diversified out, as shown in Appendix 

– Diversification Argument. On the other hand, researchers point to different mechanisms 

to explain how small shocks can cause sizable aggregate fluctuations, including but not 

limited to investment and capital accumulation (e.g., Kydland and Prescott 1982), credit 

market frictions (e.g., Bernanke and Gertler 1989; Kiyotaki and Moore 1997; Mian et al 

2013), monetary policy (e.g., Eggertsson and Woodfort 2003; Farihi and Werning 2016), 

and firm size distribution (e.g., Gabaix 2011). A recent stream of literature investigates the 

role of the input-output production network in amplifying and propagating micro-level 

idiosyncratic fluctuations (e.g., Jones 2011; Acemoglu et al. 2012; Barrot and Sauvagnat 

2016; Acemoglu et al. 2020). These studies provide theoretical underpinnings and 

empirical evidence for the production network effect.  

Early studies on the production network effect show that interactions among 

economic agents lead to comovements of sectors and significant aggregate risk from micro-

level fluctuations (e.g., Long and Plosser 1983; Jovanovic 1987; Horvath 1998). In the 

context of Long and Plosser (1983), Acemoglu et al. (2012) introduce the production 

network to explain the propagation of idiosyncratic fluctuations. In particular, Acemoglu 

et al. (2012) quantify the production network effect and show that in the presence of the 

input-output network, micro-level idiosyncratic fluctuations decay at a speed slower than 

expected under the premise that network connection should not play a role in amplifying 
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micro-level shocks. The intuition for the propagation effect of the production network is 

straightforward. When a firm’s supplier experiences turbulence and is unable to deliver 

intermediate goods, the firm’s operation will be affected if it cannot find substitute goods. 

In Figure 1, I graphically illustrate an economy in which firm-level idiosyncratic 

fluctuations can generate sizable shocks to other firms. As Firm 1 is the sole input supplier 

to all other agents, an idiosyncratic fluctuation in Firm 1 spillovers to other agents and 

remains significant after aggregation. I also formally present a model in Appendix – Model 

to show how the production network shapes the association between idiosyncratic shocks 

and aggregate output.  

<Insert Figure 1 about here> 

Prior research has identified two broad factors of production networks in the 

context of essential firms or sectors. One factor is network concentration, defined as 

whether some firms or sectors generate more output relative to others. The Foundation 

Theorem of Hulten (1978) states that the impact of an agent’s micro-level fluctuations on 

the aggregate economy depends on the agent's sales as a share of GDP. In the spirit of 

Hulton, Gabaix (2011) proposes the granular hypothesis and emphasizes the role of large 

firms in propagating micro-level shocks. The other factor is network sparsity, defined as 

whether agents have strong links to other agents. Hovarth (1988) proposes that lack of 

substitution of intermediate goods increases the comovements among disaggregate agents, 

pointing to network sparsity. Baqaee (2018) and Baqaee and Farhi (2019) extend the 

foundation of Hulten (1978) and emphasize the role of microeconomic and network 

production structures in macroeconomic models. Acemoglu et al. (2020) focus on firm 

failure and find the negative shocks travel along the supply chain when a supplier sells 
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more than 10% of its product to one customer. Furthermore, recent literature emphasizes 

the interplay between sparsity and concentration. Huneeus (2018) shows that the 

persistence of linkages increases with firm size. As such, idiosyncratic fluctuations of 

central and closely connected firms are likely to remain significant after aggregation. 

Herskovic et al. (2020) propose a model in which shocks are transmitted from customers 

to suppliers via the production network and demonstrate that large customers have a strong 

influence on their suppliers. Furthermore, recent literature emphasizes the interplay 

between sparsity and concentration (Huneeus 2018) and  

Consistent with the theoretical predictions, several empirical studies speak for the 

production network effect on amplifying and propagating micro-level idiosyncratic shocks. 

At the industry level, researchers apply BEA Input-Output Accounts and document that 

idiosyncratic shocks can explain a nontrivial fraction of aggregate fluctuations (Foerster et 

al. 2011; Acemoglu et al. 2016a; 2016b; Luo 2020). At the firm level, due to the data 

limitation, most studies are conducted outside of the United States. Using the Great East 

Japanese Earthquake in 2011, studies (Boehm et al. 2019; Carvalho et al. 2021) show that 

negative shocks transfer from a firm to its direct suppliers and customers. With the universe 

of French firms, DiGiovanni et al. (2014) document that firm-level shocks contribute to 

aggregate volatility because of the input-output linkages. Giannoulakis et al. (2020) apply 

idiosyncratic changes in sales growth as firm-specific shocks and find pronounced 

production network effects in Greece. Recently, as supplier-customer data become 

available after Regulation SFAS No. 131, researchers have documented spillover effects 

among suppliers and customers and shed light on the network effects in the United States 

(Barrot and Sauvagnat 2016; Carvalho and Draca 2018). Overall, current literature has 
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established theoretical foundations for the production network effect on amplifying and 

propagating micro-level idiosyncratic fluctuations. 

2.2 AGGREGATE ACCOUNTING EARNINGS  

Seemingly unrelated to the macroeconomics literature on business cycle 

fluctuations and network effects, a strand of literature in financial reporting have shown 

that aggregate accounting earnings information has important implication for financial 

markets (e.g., Anilowski et al. 2007) and real economic output (e.g., Konchitchki and 

Patatoukas 2014a). Specifically, the literature connecting earnings and real economic 

output raises two empirical questions. The first question is to what extent aggregate 

accounting earnings growth can predict macroeconomic activities. If the answer is 

affirmative, the following question is to what extent professional macro forecasters 

properly incorporate the information embedded in accounting earnings when providing 

their forecasts.  

Along these lines, studies have documented positive associations between 

aggregate accounting earnings and several macroeconomic variables. Motivated by the 

notion that accounting earnings provide a timely measure of corporate profit, Konchitchki 

and Patatoukas (2014a) document that aggregate accounting earnings growth is a leading 

predictor for nominal GDP up to three quarters ahead. They also find a positive relationship 

between earnings growth and GDP forecast errors. Motivated by these results, other studies 

show that aggregate accounting earnings growth has predictive power for real GDP 

(Konchitchki and Patatoukas 2014b), price index (Shivakumar and Urcan 2017) and future 

real investment (Guo and Zhang 2021). In addition, Abdalla et al. (2021) extract a common 
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factor from accounting earnings measures and show that the factor is relevant for GDP 

forecasting. 

A more recent body of literature explores how the aforementioned relationship 

between accounting information and the macroeconomy is determined by different 

earnings components. For instance, studies have shown that aggregate special items 

(Abdalla and Carabias 2021) and negative earnings (Gaertner et al. 2017) are more 

informative for future GDP. Delving into the heterogeneity of firms, Ball et al. (2019) 

highlight that firms with more smooth earnings play more important roles in predicting 

aggregate outcomes.  

2.3 PREDICTIONS 

Accounting studies have shown that aggregate firm-level earnings growth has 

predictive power for macroeconomic activities (e.g., Konchitchki and Patatoukas 2014a). 

There are two non-mutually exclusive channels for the relationship between aggregate 

earnings and economic activities. The first channel simply reflects the systematic factor 

embedded in aggregate accounting earnings. The second channel follows the argument that 

firm idiosyncratic earnings growth fluctuations fail to wash out and remain significant in 

the relationship with GDP after aggregation. As emphasized by economic literature, the 

input-output networks play a role in propagating firm-idiosyncratic shocks (e.g., Acemoglu 

et al. 2012). The natural conclusion is that the existence of network effect makes aggregate 

idiosyncratic earnings growth informative for future GDP.  

Thus, in this study, I propose that the existence of network effects makes 

idiosyncratic earnings growth be reflected in equilibrium aggregates, especially two 

network characteristics: sparsity and concentration. First, network sparsity measures the 
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degree of input specialization. In terms of firm linkages, it indicates firms have stronger 

connections to other firms. These strong linkages make micro-level idiosyncratic 

fluctuations prolonged (e.g., Foester et al. 2011; Acemoglu et al. 2012; Fadinger et al. 2018; 

Herskovic et al. 2020; Barrot and Sauvagnat 2016). Figure 2 provides examples of network 

structures. Unlike Network (a) in which two firms are equally connected, in Network (b), 

firm 2 relies solely on the output of firm 1. A shock to firm 1 could heavily impact firm 2. 

Second, network concentration refers to the degree to which output is dominated by a few 

large firms or sectors. It is an important production network characteristic that interplays 

with sparsity. After all, strong firm linkages are persistent, which can lead to different sizes 

of firms. When firm size goes up, firm linkages become more persistent and stronger 

because of a higher cost of substitution (Heneeus 2018). As such, firm centrality, defined 

as a firm’s output to total output, should play an important role in amplifying micro-level 

idiosyncratic fluctuations. Network (c) of Figure 2 provides an example for the agents with 

different central roles. In Network (c), firm 1 is relatively larger than firm 2 in the 

intermediate product market. A decline in the output of firm 1 could have a larger impact 

than that of firm 2.  

<Insert Figure 2 above here> 

In sum, the connection of two seemly unrelated arguments is outlined as follows. 

Accounting earnings growth can be decomposed into systematic and idiosyncratic earnings 

growth components. Insofar as the financial reporting literature suggests (i) the predictive 

power of aggregate accounting earnings growth to future GDP growth and (ii) professional 

forecasters’ failure to incorporate the value of aggregate accounting earnings growth in 

their predictions while economic literature argues that idiosyncratic fluctuations can 
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generate sizable effect because of the production network, then it stands to logic that the 

interaction of the idiosyncratic component of accounting earnings with the network 

characteristics of the economy (i.e., centrality and sparsity) should not only have predictive 

power to future GDP growth but also that professional forecasters would analogously fail 

to incorporate such interaction effects. Formally speaking, my predictions can be stated in 

the form of hypotheses: 

H1: The aggregate idiosyncratic accounting earnings growth of closely connected and 

central 

        firms have predictive power to future GDP growth. 

H2: Professional macro forecasters fail to incorporate the implications of aggregate 

        idiosyncratic accounting earnings of closely connected and central firms in 

forecasting future GDP growth.   
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3. RESEARCH DESIGN AND SAMPLE 

 

3.1 TIMELINE 

My hypothesis revolves around GDP predictions and whether macro forecasters 

use the information in accounting earnings data properly in forming expectations about 

future GDP growth. Thus, having an understanding of the timeline of the Survey of 

Professional Forecasters (SPF) and the timing of the availability of accounting information 

to macro forecasters is critical. Each quarter, professional macro forecasters receive the 

survey questionnaires by the end of the first month after the quarter ends and are required 

to submit their response in the middle of the second month after the quarter ends. Therefore, 

the feasible information set of the SPF panelists includes all firms that announce their 

earnings by the middle of the second month after the quarter ends. To ensure that 

professional macro forecasters have sufficient time to process accounting information, I 

follow Konchitchki and Patatoukas (2014a) and restrict my sample to firms that announce 

their earnings by the end of the first month after the quarter ends.  Figure 3 provides an 

illustrative example of the timing of GDP forecasts for Q2:2012. In Q2:2012, the SPF 

panelists obtained the questionnaires at the end of April. The deadline for them to submit 

their estimates is the middle of May 2012. Therefore, I include earnings that are announced 

by the end of April 2012 to construct earnings growth measures.  

<Insert Figure 3 above here> 

3.2 SAMPLE  

I obtain real-time accounting data from Compustat Quarterly Preliminary History 

database. For firm i in quarter q, I measure earnings as quarterly net income scaled by sales. 

To control for seasonality in quarterly earnings, earnings growth is defined as the year-
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over-year change in scaled quarterly net income. I use market capitalization at the end of 

quarter q as the weight to construct value-weighted aggregate accounting earnings growth 

and remove firm-quarters with missing data for market capitalization, quarterly earnings, 

earnings growth, and the quarterly earnings announcement dates. To align fiscal quarters 

with calendar quarters, I only include firms with December fiscal year-ends and firms that 

announce their earnings before the end of the first month after quarter-end.To mitigate the 

effect of outliers, I remove observations that fall into the top and bottom one percentile of 

either aggregate accounting earnings or aggregate accounting earnings growth. 

To construct aggregate idiosyncratic earnings growth of important firms in the 

production network, I classify firms according to firm linkages and firm centrality. For firm 

linkages, I apply data WRDS Supply Chain with IDs to identify suppliers and customers 

reported on Compustat. If a firm is listed as a supplier or customer, I classify it as a closely 

connected firm. The remaining firms are defined as not closely connected firms. For firm 

centrality, I obtain sales from Compustat Quarterly Preliminary History database and group 

the top 100 firms in the sample as central firms and the remaining firms as not central firms.  

  The nominal GDP data is obtained from the Real-Time Data Set for 

Macroeconomists of the Federal Reserve Bank of Philadelphia. Consistent with 

Konchitchki and Patatoukas (2014a), I obtain first and third estimates of realized GDP in 

nominal terms. The first estimates of GDP growth are released by BEA at the end of the 

first month after the quarter-end and are used as contemporaneous GDP growth at quarter 

q.  The third estimates are available at the end of the third month after the quarter-end. 

According to prior studies (Romer and Romer 2000; Faust and Wright 2009; Landerfeld et 

al. 2008), the third estimates are more accurate because they incorporate more and better 
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source data while the first estimates are based on incomplete data. Therefore, the third 

estimates of GDP are used as the realized quarter GDP for quarter q+1, q+2, q+3 and q+4. 

GDP forecast error is measured as the difference between realized GDP and expectations 

of GDP, proxied by the mean consensus SPF forecasts of GDP growth obtained from the 

Federal Reserve Bank of Philadelphia.  

The time period for my sample is the first quarter of 1988 to the fourth quarter of 

2017. The sample starts in 1988 because real-time accounting variables became available 

in the first quarter of 1988. The sample ends in 2017 due to the availability of supplier-

customer data. My final sample consists of 119 quarters because of the missing first 

estimate of nominal GDP in the Real-Time Data Set for Macroeconomists for the fourth 

quarter of 1995 when there was a government shutdown.  

3.3 DECOMPOSING EARNINGS  

To quantify the production network effect, I apply the decomposition method in 

Gabaix (2011). Consider the following decomposition of value-weighted aggregate 

accounting earnings growth1,  

𝛥𝑋𝑞
𝑉𝑊 = ∑ 𝑤𝑖,𝑞𝛥𝑋𝑖,𝑞 =

1

𝑁
∑ 𝛥𝑋𝑖,𝑞
𝑁
𝑖=1 +𝑁

𝑖=1 ∑ 𝑤𝑖,𝑞(𝛥𝑋𝑖,𝑞 − 𝛥𝑋𝑞
𝐸𝑊𝑁

𝑖=1 )⏟                
Δ𝑋𝑞

𝐼𝐷𝐼𝑂

,                     (1) 

where 𝛥𝑋𝑞
𝑉𝑊 is the value-weighted aggregate accounting earnings growth whereas 

𝑤𝑖,𝑞 is the weight for firm i, 𝛥𝑋𝑖,𝑞 is the firm i earning growth, 𝛥𝑋𝑞
𝐸𝑊 is the equal-weighted 

aggregate accounting earnings growth and Δ𝑋𝑞
𝐼𝐷𝐼𝑂  is the aggregate idiosyncratic 

accounting earnings growth. The first equality defines the value-weighted aggregate 

 
1 The value-weighted aggregate accounting earnings growth is the variable that are commonly used in 

aggregate accounting earnings literature (e.g. Konchitchki and Patatoukas 2014a; Konchitchki and 

Patatoukas 2014b).  
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accounting earnings growth and the second decomposes 𝛥𝑋𝑞
𝑉𝑊  into a component 

associated with equal-weighted aggregate accounting earnings growth and a component 

related to the deviation of earnings from its mean value. I further decompose the second 

term, denoted as Δ𝑋𝑞
𝐼𝐷𝐼𝑂 , based on the firm’s role in the production network. Specifically, 

I focus on firms with strong linkages and firms with central roles. For firms with strong 

linkages, I construct aggregate idiosyncratic earnings growth of closely connected firms 

and that of not closely connected firms as,  

Δ𝑋𝑞
𝐼𝐷𝐼𝑂 = ∑ (𝑣𝑤𝑚,𝑞 − 𝑒𝑤𝑚,𝑞)𝛥𝑋𝑚,𝑞

𝐶𝑂𝑁𝑀
𝑚=1⏟                  

Closely Connected

+ ∑ (𝑣𝑤𝑗,𝑞 − 𝑒𝑤𝑗,𝑞)𝛥𝑋𝑗,𝑞
𝑁𝐶𝑂𝑁𝐽

𝑗=1⏟                  
Not Closely Connected

             (2) 

where 𝑣𝑤 and  𝑒𝑤 are value weights and equal weights on each firm, 𝛥𝑋𝑚,𝑞
𝐶𝑂𝑁 and 

𝛥𝑋𝑗,𝑞
𝑁𝐶𝑂𝑁 are earnings growth of closely connected firms and that of not closely connected 

firms.  

The first term on the right-hand side of Equation (2) is aggregate idiosyncratic 

accounting earnings growth driven by closely connected firms. The second is aggregate 

idiosyncratic accounting earnings growth of not closely connected firms. Closely 

connected firms are either a supplier or a customer reported on Compustat. Statement of 

Financial Accounting Standards (SFAS) No. 131 requires firms to report the identity of 

any customer representing more than 10% of the total reported sales. Therefore, when a 

firm is listed as either a supplier or a customer on the Compustat, it has a strong link to the 

other firm via the input-output network. I include both suppliers and customers because 

prior literature (Acemoglu et al. 2016a; 2016b; Luo 2020) suggests that shocks travel from 

suppliers to customers and vice-versa. The remaining firms are defined as not closely 

connected firms. In the rest of the paper, I use notation 𝛥𝑋𝑞
𝐶𝑂𝑁 and 𝛥𝑋𝑞

𝑁𝐶𝑂𝑁 to represent 
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aggregate idiosyncratic earnings growth of closely connected firms and that of not closely 

connected firms, respectively.  

For central firms, following Gabaix (2011), I define the top 100 firms in terms of 

sales as central firms and decompose the second term, Δ𝑋𝑞
𝐼𝐷𝐼𝑂, in Equation (1) as,  

𝛥𝑋𝑞
𝐼𝐷𝐼𝑂  =  ∑ (𝑣𝑤𝑙,𝑞 − 𝑒𝑤𝑙,𝑞)𝛥𝑋𝑙,𝑞

𝐶𝐸𝑁𝐿
𝑙=1⏟                

Central Firms

+ ∑ (𝑣𝑤𝑘,𝑞 − 𝑒𝑤𝑘,𝑞)𝛥𝑋𝑘,𝑞
𝑁𝐶𝐸𝑁𝐾

𝑘=1⏟                  
Not Central Firms

,          (3) 

where 𝑣𝑤 and  𝑒𝑤 are value weights and equal weights on each firm, 𝛥𝑋𝑙,𝑞
𝐶𝐸𝑁 and 

𝛥𝑋𝑘,𝑞
𝑁𝐶𝐸𝑁 are earnings growth of central firms and that of not central firms. The first term 

on the right-hand side of the equation is aggregate idiosyncratic accounting earnings 

growth driven by central firms (𝛥𝑋𝑞
𝐶𝐸𝑁). The second is aggregate idiosyncratic accounting 

earnings growth of not central firms (𝛥𝑋𝑞
𝑁𝐶𝐸𝑁).  

3.4 REGRESSION DESIGN 

To test Hypothesis 1, I follow Konchitchki and Patatoukas (2014a) to estimate the 

following models using Ordinary Least Squares (OLS) estimation:  

Model A: 𝑔𝑞+𝑘 = 𝛼𝑘 + 𝛽𝑘𝛥𝑋𝑞 + 𝜀𝑞+𝑘 

Model B: 𝑔𝑞+𝑘 = 𝛼𝑘 + 𝛽𝑘𝛥𝑋𝑞 + 𝛾𝑘𝑔𝑞 + 𝜀𝑞+𝑘, 

where 𝛥𝑋𝑞 is accounting earnings growth measure for quarter q, 𝑔𝑞 is GDP growth 

for quarter q, 𝑔𝑞+𝑘 is GDP growth k-quarter ahead, and k = {1,2,3,4}.  

Model A tests whether aggregate accounting earnings growth measure is 

informative for future GDP. Model B investigates whether earnings growth has 

incremental information about future GDP growth after controlling for contemporaneous 

GDP growth. The slope coefficient β𝑘 on 𝛥𝑋𝑞 is the coefficient of interest. For forecast 

horizons one to four quarters ahead, a significant estimate of β𝑘 indicates that aggregate 
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accounting earnings growth measure is informative about GDP growth for quarter q+k. I 

test the statistical significance of β𝑘  by using heteroskedasticity- and autocorrelation-

consistent standard errors (Newey and West 1987) to account for heteroskedasticity and 

serial correlation in the residuals.   

To test Hypothesis 2, I first measure GDP growth forecast errors at quarter q+k as 

follows,  

GDP Growth Forecast Error = 𝑔𝑞+𝑘 − 𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘), 

where 𝑔𝑞+𝑘 is macroeconomic variable growth for quarter q+k while  𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘) is the 

mean SPF consensus forecast of macroeconomic variable growth for quarter q+k in quarter 

q.  

I  then run two models to test whether aggregate accounting earning growth is 

related to GDP growth forecast errors. Particularly, I estimate the following models using 

OLS estimation:  

Model A: [𝑔𝑞+𝑘 − 𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘)] = 𝛼𝑘 + β𝑘𝛥𝑋𝑞 + 𝜀𝑞+𝑘 

Model B: [𝑔𝑞+𝑘 − 𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘)] = 𝛼𝑘 + β𝑘𝛥𝑋𝑞 + 𝛾𝑔𝑞 + 𝜀𝑞+𝑘. 

The loading 𝛽𝑘  on 𝛥𝑋𝑞  is the coefficient of interest. If 𝛽𝑘  is insignificant for 

forecast horizon k and aggregate accounting earnings growth is related to future GDP at 

quarter k, it suggests that professional macro forecasters fully impound the information in 

earnings growth. Alternatively, a significant estimate of β𝑘  indicates that professional 

macro forecasters do not fully incorporate the information embedded in the aggregate 

accounting earnings growth.  

To examine the sensitivity of the results to the inclusion of additional control 

variables, I reestimate the above models by including several control variables: Yieldq, the 
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yield on the one-year constant maturity Treasury bill (T-bill) measured one month after 

quarter q ends; Spreadq, the yield on ten-year constant maturity Treasury bond minus the 

yield on the one-year constant maturity T-bill measured one month after quarter q ends; 

and Returnq the quarterly buy-and-hold stock return on the value-weighted CRSP index, 

measured as the three months leading to one month after quarter q ends. The 

macroeconomic control variables (Yield and Spread) are obtained from the Federal Reserve 

Board’s H15 Report and stock returns (Return) are obtained from CRSP. 

3.5 THE GRANULAR EFFECT 

Central firms in the network are large firms in equilibrium. Other than the 

production network effect, the size effect (Gabaix 2011; Jannati 2020) could also play a 

role in driving the association between aggregate idiosyncratic accounting earnings growth 

and macro activities. When firm size distribution is sufficiently heavy-tailed, firm-level 

idiosyncratic shocks do not necessarily cancel out after aggregation. In this argument, the 

input-output network is irrelevant. Network (c) of Figure 2 illustrates the size effect. A 

shock to firm 1 might remain significant after aggregation due to its size, although firm 1 

and firm 2 rely on each other equally. Thus, to distinguish the production network effect 

and firm size effect, I further decompose aggregate idiosyncratic accounting earnings 

growth into four parts. Network (a) to Network (d) of Figure 2 illustrate my strategy of 

classifying a production network: Network (a) contains neither closely connected nor 

central firms; Network (b) consists of only connected firms; Network (c) has only central 

firms; and Network (d) includes closely connected and central firms. Putting into an 

equation, I decompose aggregate idiosyncratic accounting earnings growth as,  

𝛥𝑋𝑞
𝐼𝐷𝐼𝑂 = ∑ (𝑣𝑤ℎ,𝑞 − 𝑒𝑤ℎ,𝑞)𝛥𝑋ℎ,𝑞

𝐶𝐶𝐻
ℎ=1⏟                  

Closely Connected and Central Firms

+ ∑ (𝑣𝑤𝑠,𝑞 − 𝑒𝑤𝑠,𝑞)𝛥𝑋𝑠,𝑞
𝑂𝐶𝑂𝑁𝑆

𝑠=1⏟                  
 Closely Connected and Not Central Firms

                 (4) 
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                 + ∑ (𝑣𝑤𝑚,𝑞 − 𝑒𝑤𝑚,𝑞)𝛥𝑋𝑚,𝑞
𝑂𝐶𝐸𝑁𝑀

𝑚=1⏟                    
Not Closely Connected and Central Firms

+ ∑ (𝑣𝑤𝑗,𝑞 − 𝑒𝑤𝑗,𝑞)𝛥𝑋𝑗,𝑞
𝑁𝑁𝐽

𝑗=1⏟                
Not Closely Connected and Not Central Firms

        

where 𝑣𝑤 and  𝑒𝑤 are value weights and equal weights on each firm. Similarly,  

𝛥𝑋ℎ,𝑞
𝐶𝐶 ,  𝛥𝑋𝑠,𝑞

𝑂𝐶𝑂𝑁 , 𝛥𝑋𝑚,𝑞
𝑂𝐶𝐸𝑁 , 𝛥𝑋𝑗,𝑞

𝑁𝑁 are earnings growth of closely connected and central 

firms, of only closely connected firms, of not closely connected and central firms, and of 

not closely connected and not central firms, respectively. In the rest of the paper, I denote 

aggregate idiosyncratic accounting earnings growth of closely connected and central firms 

as 𝛥𝑋𝑞
𝐶𝐶, of not closely connected and central firms as 𝛥𝑋𝑞

𝑂𝐶𝐸𝑁,  of closely connected and 

not central firms as 𝛥𝑋𝑞
𝑂𝐶𝑂𝑁, and of not closely connected and not central firms as 𝛥𝑋𝑞

𝑁𝑁 

3.6 RANDOM DRAW  

Since the number of important firms in the production network is smaller than that 

of the remaining firms, the diversification effect should be less pronounced for the 

important firms. To mitigate this concern, for each quarter, I obtain the number of 

important firms in the production network. Then I randomly draw the same number of 

remaining firms with replacement and calculate aggregate idiosyncratic earnings growth. I 

repeat this process 10,000 times and obtain 10,000 simulated aggregate accounting 

earnings growth rates that presumably have no predictive power for GDP. The next step is 

to run regressions and test whether the loadings on aggregate idiosyncratic earnings growth 

are significant. If only a small number of regression results point to positive and significant 

associations between aggregate idiosyncratic earnings of the simulated sample and future 

GDP growth, I find supportive empirical evidence for H1.  

3.7 FIRM PRODUCTION NETWORK AND CASH  

In this section, I investigate how cash constraints interact with the firm production 

network effect in amplifying and propagating idiosyncratic fluctuations. Firms retain cash 



22 

for precautious incentives. Presumably, cash constraint firms are less capable of hedging 

risks. Their idiosyncratic fluctuations are likely to spill over via the production network. 

With this conjecture, empirically, I apply a Mixed Sampling Data Approach proposed by 

Ball et al. (2019) to test whether the informativeness of aggregate idiosyncratic accounting 

earnings growth is tilted toward more cash constraint firms.  

Cash detention has both benefits and costs. Theoretically, three models are emerged 

in investigating corporate cash holding. Modigliani and Miller (1958) propose that capital 

structure is irrelevant to firm value when markets are perfectly efficient. Internal capital 

resources, such as cash holdings, should have the same impact as debt and equity on firm 

value. After the MM theory, Myers (1977) introduced information asymmetry and 

proposes the static trade-off theory, highlighting the cost of debt and equity. As a further 

development of the static trade-off theory, the pecking order theory (Myers and Majluf 

1984) suggests that managers follow a hierarchical order for funding, using firstly, internal 

capital resources and secondly, borrowing. Equity financing is the last resort. According to 

the pecking order theory, cash holding, which is one of the internal capital resources, is a 

low-cost resource. Other than the benefits, the free-cash-flow theory (Jensen 1986) builds 

on agency cost and proposes that excess cash flow can potentially harm firm value. When 

managers get access to more cash than required to fund all positive NPV projects, they use 

cash to achieve their personal goals instead of maximizing shareholders’ gain.  

However, classic theories are not sufficient to explain the increase in cash holdings 

since 1980. Improvements in the information system in the last decades should have led to 

a reduction in corporate cash holdings. Potentially, higher agency conflicts can lead to more 

cash reserves. However, whether agency conflicts increase since 1980 remains unanswered. 
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Also, current literature finds limited evidence that agency conflicts are associated with the 

recent increase in cash holdings. For example, Bates et al. (2009) investigate the 

association between the G-index (Gompers et al. 2003) and cash holdings, whether there 

is a decline in the marginal value of cash as cash holdings increase, and the association 

between excess cash and cash holding growth. The authors do not find supportive evidence 

for the free-cash-flow theory in explaining trends of cash holdings.  

Alternatively, researchers propose the precautionary motive in explaining corporate 

cash holdings. The precautionary motive states that firms hold cash as a buffer to protect 

themselves from adverse fluctuations. There are several empirical studies supporting the 

precautionary motive. Opler et al. (1999) find that firms with stronger cash needs, such as 

firms with strong growth opportunities, firms with riskier activities, and small firms, hold 

more cash. Bates et al. (2009) show that cash flow risk is positively associated with cash 

holdings. With hurricane events as exogenous shocks, Dessaint and Matray (2017) 

overcome the endogeneity issue and find that managers increase cash holdings after the 

sudden shock to the perceived liquidity risk. Taken together, current literature has shown 

that firms hold cash to manage and mitigate risk.  

The stream of literature on the supplier-customer relationship has established that 

dense connections between suppliers and customers introduce risk. Suppliers with more 

concentrated corporate customers have a higher cost of equity (Dhaliwal et al. 2016), 

higher interest rate spreads, a larger number of restrictive covenants in bank loans 

(Campello et al. 2017), and higher stock price crash risk (Ma et al. 2020). Thus, managers 

of firms with dense connections have incentives to retain cash and be precautious 

(Kulchania and Thomas 2017). The marginal value of one dollar is higher for closely 
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connected firms. When cash holdings decrease (increase), managers in closely connected 

firms are less (more) able to handle idiosyncratic fluctuations. As such, firm-specific 

shocks are more (less) likely to be amplified and spilled over via the production network. 

Therefore, I hypothesize that changes in cash holdings can impact the predictability of 

aggregate idiosyncratic earnings of closely connected firms for future quarterly GDP.  

To empirically investigate my conjecture, I apply the Mixed Sampling Data 

Approach proposed by Ball et al. (2019). In particular, I introduce a tilt component with 

respect to cash constraints and employ the following simultaneously equations:  

𝐺𝐷𝑃𝑞+1 = 𝛼 + 𝛽𝐸𝑎𝑟𝑛∑𝜔𝑛,𝑞𝛥𝑋𝑛,𝑞
𝐶𝑂𝑁

𝑁

𝑛=1

+ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑞
𝑘 + 𝜀𝑞+1, 

𝑠. 𝑡. : 𝜔𝑛,𝑞 = (𝑣𝑤𝑛,𝑞 −  𝑒𝑤𝑛,𝑞) + 𝜏𝑐𝑜𝑛𝑠
𝐶𝑂𝑁𝐶𝑜𝑛𝑠𝑛,𝑞. 

The regression coefficient βEarn captures the association between aggregate idiosyncratic 

accounting earnings growth and future nominal GDP growth. Following Ball et al. (2019), 

I focus on GDP growth a quarter ahead. Δ𝑋𝑛,𝑞
𝑐𝑜𝑛 is the earnings growth of closely connected 

firms. The term (𝑣𝑤𝑛,𝑞 − 𝑒𝑤𝑛,𝑞)  is the benchmark multiplier applied to construct 

aggregate idiosyncratic accounting earnings growth of closely connected firms. The key 

innovation comes from the cash constraint tilt term τ𝑐𝑜𝑛𝑠𝐶𝑜𝑛𝑠𝑛,𝑞, which shows whether 

the changes in cash holdings incrementally tilt the multiplier applied to each firm away 

from the benchmark.  𝐶𝑜𝑛𝑠𝑛,𝑞  is the changes in cash holdings of a firm in quarter q. 

Specifically, I measure 𝐶𝑜𝑛𝑠𝑛,𝑞 as changes in cash and short-term investments scaled by 

sales in quarter q. My results are similar when I apply total assets as the scale. Then I 

multiply this measure by negative one, such that higher values represent tighter cash 

constraints. Finally, following Ball et al. (2019), in each quarter q, I normalize the cross-
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sectional distribution of my cash constraint measure, 𝐶𝑜𝑛𝑠𝑛,𝑞 , so that it has a mean zero. 

The parameter 𝜏𝑐𝑜𝑛𝑠 is the variable of interests and simultaneously estimated with 𝛽𝑠. If 

𝜏𝑐𝑜𝑛𝑠 is significantly positive, it implies that increasing cash constraints leads to an increase 

in the multiplier applied to a given firm, which is redistributed from firms with lower cash 

constraints. It indicates that idiosyncratic accounting earnings growth of closely connected 

firms with tighter cash constraints is more informative for future GDP. If I find a positive 

𝜏𝑐𝑜𝑛𝑠, I also expect 𝛽𝐸𝑎𝑟𝑛 to increase as more weight is given to more informative firms, 

which makes tilted aggregate idiosyncratic accounting earnings growth more informative.  

I also conduct a placebo test with central firms. The definition of central firms is 

the top 100 firms in terms of sales. That is, they are the most profitable and largest firms 

in the sample. Profitable and large firms are less risky so risk management might not be 

the priority. Also, these firms have less demand for cash (Opler et al. 1999) to hedge risk 

as they have better access to external funds. As such, I conjecture that changes in cash 

holdings are irrelevant to the predictability of aggregate idiosyncratic earnings of large 

firms. Empirically, I run the estimated following equations simultaneously,  

𝐺𝐷𝑃𝑞+1 = 𝛼 + 𝛽𝐸𝑎𝑟𝑛∑𝜔𝑛,𝑞𝛥𝑋𝑛,𝑞
𝐶𝐸𝑁

𝑁

𝑛=1

+ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑞
𝑘 + 𝜀𝑞+1, 

𝑠. 𝑡. : 𝜔𝑛,𝑞 = (𝑣𝑤𝑛,𝑞 −  𝑒𝑤𝑛,𝑞) + 𝜏𝑐𝑜𝑛𝑠
𝐶𝐸𝑁𝐶𝑜𝑛𝑠𝑛,𝑞, 

where 𝛥𝑋𝑛,𝑞
𝐶𝐸𝑁 is the earnings growth of central firms. I expect 𝜏𝑐𝑜𝑛𝑠 to be insignificant as 

tighter cash constraints should not make managers in central firms less capable of dealing 

with idiosyncratic fluctuations.  
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4. DESCRIPTIVE STATISTICS AND EMPIRICAL RESULTS 

4.1 DESCRIPTIVE STATISTICS 

Table 1 presents descriptive statistics for several variables used in the study. Panel 

A focuses on aggregate accounting earnings growth variables2. Panel B is for GDP growth 

rates and forecast errors and Panel C is for other macro control variables. Table 2 reports 

correlations among key variables. Panel A shows the correlation between value-weighted 

accounting earnings growth and contemporaneous GDP growth. Consistent with 

Konchitchki and Patatoukas (2014a), I find the correlation between aggregate accounting 

earnings growth and contemporaneous GDP growth is around 0.40. Panel B reports 

correlations among aggregate earnings growth measures and contemporaneous GDP 

growth. Aggregate idiosyncratic earnings growth of closely connected firms is positively 

associated with value-weighted aggregate earnings growth and contemporaneous GDP 

growth. Aggregate idiosyncratic earnings growth of not closely connected firms, instead, 

is negatively correlated with Δ𝑋𝑉𝑊 and GDP growth. A similar pattern is observed in the 

earnings growth of central firms and not central firms. After further decomposing aggregate 

idiosyncratic accounting earnings growth into four parts, I find a positive association 

between aggregate idiosyncratic earnings growth of closely and central firms and GDP. 

There are no positive correlations between aggregate idiosyncratic earnings growth of other 

firms and GDP. Panel C presents the transaction probabilities of firms grouped by 

production network. I find significant persistence of production network features. For 

instance, around 61% of central firms remain to be central firms next period.  

 
2 In each quarter, on average, there are around 246 closely connected central firms, 533 not closely 

connected firms, 100 central firms, and 679 not central firms. Among 246 closely connected firms, there 

are 63 closely connected and central firms.  
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<Insert Table 1 and Table 2 about here> 

4.2 GDP PREDICTABILITY 

Table 3 reports the regression results for the effect of firm linkage on GDP 

predictions. In Panel A, the key independent variable is aggregate accounting earnings 

growth of closely connected firms.  The results in Panel A suggest that idiosyncratic 

earnings growth of closely connected firms remains informative for future GDP. The 

estimated slope coefficients are significant and positive up to two quarters ahead. 

Specifically, in Model A, the estimated slope coefficients are significantly positive and 

equal to 0.231 and 0.263 for forecast horizons one and two quarters ahead, respectively. 

After including contemporaneous GDP growth as the control variable, the coefficients on 

Δ𝑋𝐶𝑂𝑁  continue to be significant in columns labeled B, indicating that the predictive 

content of aggregate accounting earnings growth of closely connected firms is incremental 

to that of GDP growth at quarter q+1 and q+2. For quarters k = 3 and k = 4, the estimates 

slope coefficients are positive but not significant.  

In Panel B, I report the results of the validation tests in which the key independent 

variable is aggregate idiosyncratic accounting earnings growth of not closely connected 

firms. The estimated slope coefficients are not consistently significant from zero. Panel C 

reports whether loadings on earnings growth measures in Panel A and Panel B are 

significantly different. The wald test statistics suggest that the estimated slope coefficients 

on aggregate accounting earnings growth of closely connected firms are statistically greater 

than the ones on aggregate accounting earnings growth of not closely connected firms. The 

results in Table 2 support H1 and suggest that the idiosyncratic earnings growth of closely 

connected firms does not cancel out after aggregation.   
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<Insert Table 3 about here> 

In Table 4 Panel A, I report the regression estimates when the key independent 

variable is aggregate idiosyncratic accounting earnings growth of central firms. The 

dependent variables are nominal GDP growth rates one to four quarters ahead. I find 

statistically positive estimated coefficients at quarter q+1 (Model A: coefficient = 0.387; 

t-stat = 2.40, Model B: coefficient = 0.278; t-stat = 2.25) and quarter q+2 (Model A: 

coefficient = 0.334; t-stat = 2.09, Model B: coefficient = 0.267; t-stat = 1.98). But I do not 

find statistical significance for three-quarter-ahead and four-quarter-ahead GDP.  

In Panel B, when the key independent variable is aggregate idiosyncratic 

accounting earnings growth of not central firms, I do not find statistically significant 

loadings on earnings measure. The empirical evidence in Table 4 Panel C indicates that the 

differences in the loadings in Table 4 Panel A and Panel B are statistically significant. In 

total, the results provide empirical support for Hypothesis 1. Idiosyncratic accounting 

earnings growth of central firms still has predictive power for future GDP after aggregation.  

<Insert Table 4 about here> 

Taken together, the empirical evidence in Table 3 and Table 4 supports H1. The 

idiosyncratic growth in earnings of closely connected firms and that of central firms fail to 

wash out. Aggregate idiosyncratic earnings growth rates of closely connected firms and/or 

central firms have predictive power for future GDP growth. In addition, the positive 

associations between idiosyncratic earnings and future GDP are driven by firm linkages 

and firm centrality.  

4.3 GDP PREDICTABILITY - ROBUSTNESS 
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Table 5 reports the results of regression models for GDP growth on four 

components of aggregate idiosyncratic accounting earnings growth. The key independent 

variables in Panel A-D are aggregate idiosyncratic accounting earnings growth of closely 

connected and central firms (𝛥𝑋𝐶𝐶 ), of not closely connected firms and central firms 

(𝛥𝑋𝑂𝐶𝐸𝑁 ), of closely connected and not central firms (𝛥𝑋𝑂𝐶𝑂𝑁 ), and of not closely 

connected and not central firms (𝛥𝑋𝑁𝑁), respectively. In Panel A, when the independent 

variable is earnings of closely connected and central firms, I find statistically positive 

estimated coefficients at quarter q+1 (Model A: coefficient = 0.424; t-stat = 2.55, Model 

B: coefficient = 0.305; t-stat =2.45) and quarter q+2 (Model A: coefficient = 0.338; t-stat 

= 2.12, Model B: coefficient = 0.263; t-stat = 2.00). Relative to the insignificant loadings 

reported in Panel D, when the independent variable is earnings of neither closely connected 

nor central firms, the estimated slope coefficients in Panel A are statistically greater, as 

reported in Panel E. I do not find similar results for aggregate idiosyncratic earnings of 

only closely connected firms and that of only central firms, as reported in Panel B and 

Panel C of Table 5. The evidence in Table 5 emphasizes the interaction between firm 

linkages and firm centrality and mitigates the concern that the results are purely driven by 

the firm size effect.  

<Insert Table 5 about here> 

 

Following Konchitchki and Patatoukas (2014a), I conduct a set of robustness 

checks to explore whether the predictive contents of aggregate idiosyncratic accounting 

earnings growth of closely connected firms and that of central firms are incremental to 

well-known GDP predictors and report the regression results in Table 6. In particular, I 
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extend the right-hand side of regression models of future GDP growth and future GDP 

growth forecast errors by including Yield, Spread, and value-weighted stock market returns. 

Table 6 Panel A reports the results for regression models in which the key 

independent variable is aggregate accounting earnings growth of closely connected firms. 

The estimated coefficients remain significant in quarter q+2. Table 6 Panel B shows the 

robustness test for firm centrality. After including a variety of leading predictors of GDP 

growth, I find the inferences on firm centrality remain unchanged. Idiosyncratic earnings 

growth of central firms remains to be a leading predictor for GDP growth two quarters 

ahead. In Table 6 Panel C, the key independent variable is aggregate idiosyncratic earnings 

growth of closely connected and central firms. The empirical evidence in Panel C indicates 

that my inference about the associations between aggregate idiosyncratic accounting 

earnings growth of closely connected and central firms is robust after including leading 

predictors of future GDP.  

<Insert Table 6 about here> 

After showing the predictive power of aggregate idiosyncratic earnings growth of 

important firms in the production network, I conduct three validation tests. Table 7 shows 

the results of random draw in the production network. Three regression models are 

considered. The first regression model shows the association between aggregate 

idiosyncratic accounting earnings growth and future GDP. The second model and the third 

model add controls such as contemporaneous GDP growth, yield and spread at quarter q. I 

focus on one- and two-quarters ahead because Table 3 – Table 6 indicate that aggregate 

idiosyncratic accounting earnings growth of important firms in the production network can 

predict aggregate output up to two-quarters ahead. In Column (1), I report the mean of 
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estimated loadings on aggregate idiosyncratic earnings growth of simulated samples. 

Instead of being positive as in Table 3 – Table 6, the average estimated coefficients are 

negative. The empirical evidence in Column (2) and Column (3) indicates that it is rare to 

find a positive and significant estimated coefficient when earnings are from not closely 

connected or central firms. The probability of finding a positive and significant loading on 

aggregate idiosyncratic earnings of the simulated samples is less than 0.4%. These results 

rule out the possibility that the results in Table 3-5 are driven by the difference of 

diversification.  

<Insert Table 7 about here> 

Table 8 presents the results of the mixed sampling data analysis of closely 

connected firms. Panel A shows the descriptive statistics of cash constraints of closely 

connected firms. Panel B reports the estimated coefficients. The first two (last two) 

columns exclude (include) control variables except for GDP at quarter q3. The first column 

reports results from the baseline model when the cash constraint tilt component is excluded. 

Consistent with the main findings in Table 3, I find a positive and significant estimated 

slope coefficient: 𝛽𝐸𝑎𝑟𝑛 is 0.185 and significant at the 10% level.  

The second column reports the results for the model with the tilt parameter, which 

allows aggregate idiosyncratic earnings fluctuations of closely connected firms to tilt away 

from the benchmark multiplier employed in the first column. The degree of tilt is 

determined by the cash constraints. Two findings are consistent with the conjecture that 

when closely connected firms are more cash constrained, their idiosyncratic earnings 

fluctuations are more likely to be amplified and propagated. First, the tilt parameter equals 

 
3 The sample is slightly different from the full sample as not every firm has non-missing changes in cash 

holdings. Therefore, I first investigate whether the regression results in Table 3 still hold.  
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0.001 and is significant at the 5% level. This implies that the contribution of firm-specific 

earnings growth to the aggregate is tilted towards (away from) firms with tighter cash 

constraints. Second, there is an increase in the estimated slope coefficient, compared to that 

in the baseline model reported in the first column. The estimated cash-constraint-tilted 

slope coefficient (𝛽𝐸𝑎𝑟𝑛 ) is 0.214, which is statistically significant at the 5% level. 

Therefore, incorporating firm-level cash constraint not only tilts the aggregate 

idiosyncratic accounting earnings growth of closely connected firms towards earnings of 

more constraint firms but also improves the informativeness of aggregate idiosyncratic 

accounting earnings growth. These two results are also reflected in an 18.52% increase in 

the adjusted R-square from 0.169, the adjusted R-square from the benchmark model, to 

0.192 when I consider the cash-constraint tilt component. The results are similar after 

introducing additional control variables, as shown in Column (3) and Column (4). 

<Insert Table 8 about here> 

Table 9 shows the results of the mixed sampling data analysis of central firms. Panel 

A reports the descriptive statistics of cash constraints of central firms while Panel B reports 

the estimated coefficients after introducing the tilt component. I expect the tilt component,  

𝜏𝑐𝑜𝑛𝑠
𝐶𝐸𝑁  to be insignificant from zero as central firms have less demand for precautionary cash.  

Table 9 Columns (1) present the regression results for the benchmark model. 

Consistent with Table 4, I find that aggregate idiosyncratic accounting earnings driven by 

central firms have predictive power for future quarterly GDP. The estimated slope 

coefficient is 0.270, which is significant at the 5% level. The second column presents the 

results for the model with the tilt parameter, which allows the benchmark multiplier to tilt 

based on the degree of cash constraints. Unlike the results for closely connected firms, 



33 

when focusing on central firms, I do not find that the contribution of idiosyncratic earnings 

to the aggregate is tilted because of the cash holdings. The tilt parameter is not statistically 

significant (𝜏𝑐𝑜𝑛𝑠
𝐶𝐸𝑁  =  0.003; t-stat = 0.53). Although the estimated cash-constraint-tilted 

slope (𝛽𝐸𝑎𝑟𝑛=0.279; t-stat = 2.24), as reported in Column (2), is slightly larger than the 

estimated loadings on aggregate idiosyncratic earnings growth in the benchmark model 

(𝛽𝐸𝑎𝑟𝑛= 0.270; t-stat =2.29), there is a decrease in adjusted R-square. Taken together, 

consistent with the precautious cash holdings motive,  the evidence implies that 

idiosyncratic earnings fluctuations of central firms are not more informative when cash 

holdings decrease. After introducing more control variables, the results remain the same, 

as shown in Column (3) and Column (4).  

Put together, in this section, I investigate whether cash constraints play a role in the 

production network effect on amplifying firm-specific fluctuations. With the Mixed Data 

Approach, I find that the informativeness of aggregate idiosyncratic earnings growth is 

tilted toward more cash constraint firms when firms have incentives to retain liquid assets. 

<Insert Table 9 about here> 

4.4 GDP FORECAST ERRORS 

Next, I test H2 which focuses on whether GDP forecast errors are associated with 

aggregate idiosyncratic accounting earnings growth of closely connected firms. The results 

are reported in Table 10. When the key independent variable is aggregate idiosyncratic 

earnings growth of closely connected firms, as reported in Panel A, I find a significantly 

positive relation between GDP forecast errors and earnings growth. The estimated slope 

coefficients on earnings growth are 0.167 and 0.255 in Model A for quarters q+1 and q+2. 

The regression results yield similar inferences after introducing the contemporaneous GDP 
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growth as a control variable. The statistical significance of loadings indicates that 

professional macro forecasters fail to fully incorporate information content embedded in 

the earnings growth of closely connected firms when they issue predictions for GDP. When 

the key independent variable is aggregate idiosyncratic earnings growth of not closely 

connected firms, I find no statistically significant associations. Further, the wald tests 

reported in Panel C reinforce the findings in Panel A and Panel B. The estimated slope 

coefficients before idiosyncratic earnings growth of closely connected firms are 

statistically larger than that of not closely connected firms up to three quarters ahead.  

<Insert Table 10 about here> 

Table 11 reports the empirical results for whether professional macro forecasters 

fully incorporate idiosyncratic earnings growth of central firms when they issue predictions. 

The dependent variables of Table 11 are nominal GDP forecast errors up to four quarters 

ahead. The key independent variables are aggregate idiosyncratic earnings growth of 

central firms and that of not central firms in Panel A and Panel B, respectively. I find 

significant and positive associations between GDP forecast errors and earnings of central 

firms one and two quarters ahead. Meanwhile, there is no statistically significant relation 

between GDP forecast errors and earnings of not-central firms. The results in Panel C 

suggest that the differences in the associations between earnings and GDP forecast errors 

in Panel A and Panel B are statistically significant. In sum, my findings in Table 11 support 

H2.  

<Insert Table 11 about here> 

Table 12 reports the results of regression models for GDP forecast errors on four 

components of aggregate idiosyncratic accounting earnings growth. The dependent 
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variables in Table 12 are GDP forecast errors up to four quarters ahead. In Panel A, when 

the independent variable is earnings of closely connected and central firms, I find 

statistically positive estimated coefficients at quarter q+1 (Model A: coefficient = 0.166; 

t-stat = 2.12, Model B: coefficient = 0.186; t-stat =2.32) and quarter q+2 (Model A: 

coefficient = 0.211; t-stat =1.81, Model B: coefficient = 0.226; t-stat =1.90). Relative to 

the insignificant loadings reported in Panel D, when the independent variable is earnings 

of neither closely connected nor central firms, the estimated slope coefficients in Panel A 

are statistically greater, as reported in Panel E. Panel B and Panel C of Table 12 present 

the results models for GDP forecast errors on aggregate idiosyncratic accounting earnings 

of only closely connected firms and that of only central firms. The insignificant loadings 

suggest that these earnings growth rates are irrelevant to GDP forecast errors. In sum, the 

evidence in Table 12 reinforces the findings in Table 10 and Table 11 and points to the 

production network effect.  

Following Konchitchki and Patatoukas (2014a), I check the robustness of Table 10 

to Table 12 by adding additional GDP predictors and applying different model 

specifications. In particular, I run the following regression,  

𝑔𝑞+𝑘 = 𝛼𝑘 + 𝛽𝑘𝛥𝑋𝑞 + 𝛾𝑘
1𝑔𝑞 + 𝛾𝑘

2𝑌𝑖𝑒𝑙𝑑𝑞 + 𝛾𝑘
3𝑆𝑝𝑟𝑒𝑎𝑑𝑞 + 𝛾𝑘

4𝑅𝑒𝑡𝑢𝑟𝑛𝑞 +

γ
𝑘
5𝐸𝑞

𝑆𝑃𝐹(𝑔𝑞+𝑘
𝐺𝐷𝑃) + 𝜀𝑞+𝑘, 

where the dependent variable is the future quarterly GDP growth rate. The key 

independent variable is aggregate idiosyncratic earnings growth. Instead of subtracting the 

expected GDP growth directly from the GDP growth, I use it as an independent variable. 

It allows the slope coefficients before the expected GDP growth to be a free parameter.  

<Insert Table 12 about here> 
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Table 13 presents the results for regression models for forecast errors after 

removing the slope constraint on the GDP forecasts. The evidence in Table 13 implies that 

my inference about forecast errors is robust after introducing control variables and using a 

different specification. Table 13 Panel A reports the findings for aggregate accounting 

earnings growth of closely connected firms. The estimated slope coefficients on aggregate 

idiosyncratic earnings remain significant in quarter q+1 and in quarter q+2. The results for 

aggregate idiosyncratic earnings growth of central firms and that of connected and central 

firms, as shown in Panel B and Panel C respectively, point to the same conclusion as in 

Table 11 and Table 12. Taken together, the empirical evidence in Table 10 to Table 12 

speaks for H2 which predicts macro forecasters do not fully understand information 

embedded in idiosyncratic earnings growth of closely connected firms and that of central 

firms. 

<Insert Table 13 about here> 

4.5 AVENUES FOR FUTURE RESEARCH 

Using idiosyncratic accounting earnings of connected and central firms as the key 

variables of interest, I find micro-level changes have implications at the aggregate level 

when the underlying agents are important in the production network. In conducting these 

tests, I group firms based on their production network characteristics and construct 

measures of firm-level idiosyncratic fluctuations. It is worth noting that these measures are 

relatively coarse. Therefore, one avenue for future research is to introduce continuous and 

quarterly updated explanatory variables. Moreover, it is possible that the nature of 

information in earnings might vary across earnings components. An interesting extension 

of my study would be to focus on shocks to different components of earnings and then 
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examine how these shocks are amplified and propagated via the production network. Lastly, 

because prior research finds that in addition to GAAP earnings, non-GAAP earnings can 

provide a more meaningful picture of firm performance, exploring and comparing the 

predictability of GAAP idiosyncratic earnings and non-GAAP idiosyncratic earnings 

would be another potential avenue for future research.  
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5. CONCLUSION 

Prior literature in economics emphasizes the role of the production network in 

propagating and amplifying micro-level idiosyncratic shocks (e.g., Foester et al. 2011; 

Acemoglu et al. 2012; Fadinger et al. 2018; Herskovic et al. 2020; Barrot and Sauvagnat 

2016). Seemly unrelated literature in accounting examines the information content of 

earnings at the aggregate level for macroeconomic outcomes (e.g., Konchitchki and 

Patatoukas 2014a,b; Shivakumar and Urcan 2017). Given accounting earnings growth 

contains systematic and idiosyncratic components, in this paper, I attempt to connect two 

streams of literature by exploring whether aggregate idiosyncratic accounting earnings 

growth of the important firms in the production network is predictable for future GDP. If 

the answer is affirmative, whether professional macro forecasters fully incorporate the 

information contents in the idiosyncratic earnings growth of these firms.  

I focus on two characteristics of the production network and find supportive 

evidence for the production network effect. First, I find that aggregate idiosyncratic 

accounting earnings growth of closely connected firms and that of central firms have 

predictive power for future GDP. Second, I document that professional macro forecasters 

fail to properly utilize the information in aggregate idiosyncratic earnings growth of these 

firms. Third, I find that the informativeness of idiosyncratic accounting earnings growth of 

important firms in the production network for GDP is incremental to other leading GDP 

predictors.  

My study contributes to both economic and accounting literature by providing firm-

level empirical evidence for the production network effects on propagating micro-level 
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fluctuations. My study also provides a deeper understanding of why aggregate accounting 

earnings growth can predict future GDP and has implications for macro forecasters.   
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APPENDIX 

Table A1. Variable Definitions 

Accounting Variables   

Δ𝑋𝑞
𝑉𝑊 Value-weighted aggregate accounting earnings growth, defined as the year-

over-year change in scaled quarterly net income. I obtain the aggregate 

time-series of earnings growth using value-weighted cross-sectional 

averages with weights based on market capitalization at the end of quarter 

q.  
Δ𝑋𝑞

𝐸𝑊 Equal-weighted aggregate accounting earnings growth is calculated as 

follows. For each firm, I measure earnings at quarter q  as the year-over-

year change in scaled quarterly net income. Then I obtain the aggregate 

time-series of earnings growth with equal weight.   
𝛥𝑋𝑞

𝐶𝑂𝑁 Aggregate idiosyncratic accounting earnings growth of closely connected 

firms is defined as,  

∑(𝑣𝑤𝑚,𝑞 − 𝑒𝑤𝑚,𝑞)𝛥𝑋𝑚,𝑞
𝐶𝑂𝑁

𝑀

𝑚=1

, 

where firm m is either a supplier or customer on WRDS Supply Chain with 

IDs.   

  
𝛥𝑋𝑞

𝑁𝐶𝑂𝑁 Aggregate idiosyncratic accounting earnings growth of not closely 

connected firms is defined as,  

∑(𝑣𝑤𝑗,𝑞 − 𝑒𝑤𝑗,𝑞)𝛥𝑋𝑗,𝑞
𝑁𝐶𝑂𝑁

𝐽

𝑗=1

, 

where firm j is neither a supplier nor customer on WRDS Supply Chain 

with IDs.  

 

𝛥𝑋𝑞
𝐶𝐸𝑁 Aggregate idiosyncratic accounting earnings growth of central firms is 

defined as,               

∑(𝑣𝑤𝑙,𝑞 − 𝑒𝑤𝑙,𝑞)𝛥𝑋𝑙,𝑞
𝐶𝐸𝑁

𝐿

𝑙=1

, 

where firm l is one of the top-100 firms in terms of sales each quarter.  

  
𝛥𝑋𝑞

𝑁𝐶𝐸𝑁 Aggregate idiosyncratic accounting earnings growth of not central firms is 

defined as,  

∑(𝑣𝑤𝑘,𝑞 − 𝑒𝑤𝑘,𝑞)𝛥𝑋𝑘,𝑞
𝑁𝐶𝐸𝑁

𝐾

𝑘=1

, 

, 

where firm k is not one of top 100 firms in terms of sales each quarter.  

 

𝛥𝑋𝑞
𝐶𝐶 Aggregate idiosyncratic accounting earnings growth of closely connected  

and central firms is defined as, 

∑ (𝑣𝑤ℎ,𝑞 − 𝑒𝑤ℎ,𝑞)𝛥𝑋ℎ,𝑞
𝐶𝐶𝐻

ℎ=1 , 

where firm h is one of closely connected and central firms.  
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𝛥𝑋𝑞
𝑂𝐶𝐸𝑁 Aggregate idiosyncratic accounting earnings growth of not closely 

connected  and central firms is defined as, 

∑ (𝑣𝑤𝑚,𝑞 − 𝑒𝑤𝑚,𝑞)𝛥𝑋𝑚,𝑞
𝑂𝐶𝐸𝑁𝑀

𝑚=1 , 

where firm m is one of not closely connected and central firms. 

 

𝛥𝑋𝑞
𝑂𝐶𝑂𝑁 Aggregate idiosyncratic accounting earnings growth of closely connected  

and not central firms is defined as, 

∑ (𝑣𝑤𝑠,𝑞 − 𝑒𝑤𝑠,𝑞)𝛥𝑋𝑠,𝑞
𝑂𝐶𝑂𝑁𝑆

𝑠=1 , 

where firm s is one of closely connected and not central firms. 

 

𝛥𝑋𝑞
𝑁𝑁 Aggregate idiosyncratic accounting earnings growth of not closely 

connected  and not central firms is defined as, 

∑ (𝑣𝑤𝑗,𝑞 − 𝑒𝑤𝑗,𝑞)𝛥𝑋𝑗,𝑞
𝑁𝑁𝐽

𝑗=1 , 

where firm j is one of not closely connected and not central firms. 

𝐶𝑜𝑛𝑠𝑛,𝑞 Normalized negative changes in cash and short-term investments 

scaled by sales in quarter q.  

   

Macroeconomic variables   

𝑔𝑞
𝐺𝐷𝑃 First estimate of GDP growth for quarter q, used as contemporaneous GDP 

growth 

  
𝑔𝑞+𝑘
𝐺𝐷𝑃 Third estimate of GDP growth for quarter q+k, used as realized GDP 

growth at quarter q+k 

 

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘

𝑅𝐺𝐷𝑃) Mean consensus SPF for GDP growth for quarter q+k 

  
𝐹𝐸𝑞+𝑘

𝐺𝐷𝑃 = 𝑔𝑞+𝑘
𝐺𝐷𝑃 − 𝐸𝑞

𝑆𝑃𝐹(𝑔𝑞+𝑘
𝐺𝐷𝑃) Forecast error for GDP growth at quarter q+k 

  
Spread Yield on the one-year Treasury bill with constant maturity measured one 

month after quarter q ends 

Yield Yield on the ten-year minus the yield on the one-year Treasury bill with 

constant maturity measured one month after quarter q ends 

Return Quarterly buy-and-hold stock market return of quarter q.  
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APPENDIX – DIVERSIFICATION ARGUMENT 

In this section, I present proof that firm-level idiosyncratic fluctuations are 

diversified in absence of the firm production network. Suppose at time 𝑡, there are 𝑛 firms 

with idiosyncratic earnings growth rates {𝑔1, ⋯ , 𝑔𝑛}, 𝐸(𝑔𝑖) = 0 and 𝑉𝑎𝑟(𝑔𝑖) = 𝜎
2 . Let 

𝑦𝑛 be the average of 𝑔𝑖, either value-weighted or equal-weighted. That is 𝑦𝑛 =
∑ 𝑣𝑖𝑔𝑖
𝑛
𝑖=1

∑ 𝑣𝑖
𝑛
𝑖=1

, 

where 𝑣𝑖 is the variable that is used as weights on 𝑔𝑖. Assume 𝑣𝑖 are independent of 𝑔𝑖. 

The expectation of 𝑦𝑛 equals to 0 as,  

𝐸(𝑦𝑛) = 𝐸 (
∑ 𝑣𝑖𝑔𝑖
𝑛
𝑖=1

∑ 𝑣𝑖
𝑛
𝑖=1

) = ∑ 𝐸
𝑣𝑖

∑ 𝑣𝑖
𝑛
𝑖=1

𝑛
𝑖=1 𝐸(𝑔𝑖) = 0.  

Next, I want to show 𝑦𝑛(𝑡)  to be a series of constants because for each 𝑡 , 

𝑉𝑎𝑟(𝑦𝑛) = 0 . As Var(yn) = E(yn
2) − E2(yn)  and 𝐸(𝑦𝑛)  =  0 , I only need to show 

E(yn
2) → 0 when 𝑛 is large.  

E(yn
2) = E([

∑ vigi
n
i=1

∑ vi
n
i=1

]

2

) = E(
∑ vigivjgj
n
i,j=1

∑ vi
n
i=1

) 

= 𝐸 (∑𝑣𝑖
2𝑥𝑖

2
1

(∑𝑣𝑖)2
) =∑𝐸(

𝑣𝑖
2

(∑𝑣𝑖)2
)𝐸(𝑥𝑖

2)⏟  
σ2

 

= σ2𝐸 (
∑𝑣𝑖

2

(∑𝑣𝑖)2
), 

By Law of Large Numbers, 
1

𝑛
∑ 𝑣𝑖
𝑛
𝑖=1 → 𝐸(𝑣𝑖)  and 

1

𝑛
∑ 𝑣𝑖

2𝑛
𝑖=1 → 𝐸(𝑣𝑖

2)  almost 

everywhere. Therefore,  

1
𝑛2
∑𝑣𝑖

2

(
1
𝑛
∑𝑣𝑖)

2 =
1

𝑛

1
𝑛
∑𝑣𝑖

2

(
1
𝑛
∑𝑣𝑖)

2 =
1

𝑛

𝐸(𝑣𝑖
2)

(𝐸(𝑣1))
2 → 0. 

With 𝐸 (
∑𝑣𝑖

2

(∑𝑣𝑖)
2
) → 0 and E(yn

2) → 0 as 𝑛 is sufficiently large.  
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APPENDIX- PRODUCTION NETWORK MODEL 

In this section, I consider a model to show how micro-level fluctuations are 

associated with aggregate output due to the production network. Consider a static and 

perfectly competitive economy with 𝑛 firms denoted by {1, 2,⋯ , n}. Each firm produces a 

distinct product and employs Cobb-Douglas production technologies with constant returns 

to scale to transfer labor and intermediate inputs into final output. In particular, the 

production function for firm 𝑖 is,  

                                        𝑦𝑖 = 𝐴𝑖𝑧𝑖ℎ𝑖
α𝑖∏ 𝑥

𝑖𝑗

β𝑖𝑗 ,𝑛
𝑗=1                                            (A1) 

where 𝐴𝑖 is a constant, ℎ𝑖 is the amount of labor hired by firm 𝑖, 𝑥𝑖𝑗 is the quantity 

of good 𝑗 used to produce good 𝑖. The term α𝑖 denotes the share of labor and β𝑖𝑗 is the 

share of good 𝑗 used in the production of good 𝑖. Therefore, αi > 0, βij ≥ 0, and α𝑖 +

∑ β𝑖𝑗
𝑛
𝑗=1 = 1. The term 𝑧𝑖 represents the productivity of firm 𝑖.  

There is a representative household, which supplies ℎ units of labor and has utility 

function,  

u(c1, ⋯ , cn, h) = ∑ γi
n
i=1 log

ci

γi
+ θ log(1 − h),                                    (A2) 

where 𝑐𝑖  is the amount of good 𝑖 consumed, γ𝑖  shows the preference for good 𝑖, 

∑ γi
n
i=1 = 1, and θ > 0. In this economy, the equilibrium is defined as a set of prices and 

wage, 𝑝𝑖 and 𝑤, which (1) each firm chooses the inputs and labor to maximize its profits 

while taking the prices and wage as given, (2) the representative household maximizes its 

utility by choosing consumption of good 𝑖 and amount of labor ℎ, and (3) all markets clear.  

Let’s start with each firm’s problem,  
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max
{ℎ𝑖,𝑥𝑖𝑗}

π𝑖 = 𝑝𝑖𝑦𝑖 − 𝑤ℎ𝑖 −∑𝑝𝑗𝑥𝑖𝑗

𝑛

𝑗=1

. 

With the first order condition, I obtain hi =
αipiyi

w
 and xij =

βijpiyi

pj
. With assumption 

𝐴𝑖 = α𝑖
−α𝑖∏ β

𝑖𝑗

−β𝑖𝑗𝑛
𝑗=1 , after plugging the solution back to Equation (A1),  

1 = zi
pi
w
∏(

w

pj
)

βijn

j=1

 

log (
pi
w
) =∑βij

n

j=1

log (
pj

w
) − log(zi) 

Including all the firms in a system of equations,  

 

Let 𝒑 = (log (
𝑝1

𝑤
) , log (

𝑝2

𝑤
) ,⋯ , log (

𝑝𝑛

𝑤
)) and 𝑒 = (log(𝑧1) , log(𝑧2) , ⋯ , log(𝑧𝑛)), 

the above systems of equations can be re-written as,  

                                                      𝑝 = −(𝐼 − 𝐵)−1𝑒.                                               (A3) 

Equation (A3) shows that productivity fluctuation can influence the relative price. 

The association between relative price and productivity shock is determined by the 

structure of the production network. Let L = [lij] = (I − B)
−1, the log relative price of 

good 𝑖  is log (
pi

w
) = ∑ lij

n
j=1 log(zj) . Then I multiply both sides by γi  and sum up all 

equations to obtain,  

γ𝑖 log (
𝑤

𝑝𝑖
) =∑γ𝑖𝑙𝑖𝑗

𝑛

𝑗=1

log(𝑧𝑗) 
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log(w) = ∑ γilij

n

i,j=1

log(zj) +∑γi

n

i=1

log(pi). 

Consistent with prior literature (e.g., Acemoglou et al. 2012), I set the consumption 

price index 𝑃𝑐 = ∏𝑝𝑖
γ𝑖 = 1. Therefore, ∑ γ𝑖 log(𝑝𝑖)

𝑛
𝑖=1 = 0. I obtain,  

                                                      log(𝑤) = ∑ γ𝑖𝑙𝑖𝑗

𝑛

𝑖,𝑗=1

log(𝑧𝑗)                                             (𝐴4) 

Now, let’s explore the representative household problem, which is,  

max
{𝑐𝑖,ℎ}

∑γ𝑖

𝑛

𝑖=1

log
𝑐𝑖
γ𝑖
+ θ log(1 − ℎ) 

         𝑠. 𝑡.∑𝑐𝑖𝑝𝑖

𝑛

𝑖=1

≤ 𝑤ℎ 

where ℎ is the amount of labor that the representative household is willing to supply. The 

utility maximize strategy yields,  

𝑐𝑖𝑝𝑖 = γ𝑖𝑤ℎ  

ℎ =  1 –  θ 

With ℎ =  1 –  𝜃 and Equation (A4),  

log(𝑤) + log(ℎ) = ∑ γ𝑖𝑙𝑖𝑗

𝑛

𝑖,𝑗=1

log(𝑧𝑗) + log(1 − θ) 

log(𝑤ℎ) = ∑ γ𝑖𝑙𝑖𝑗

𝑛

𝑖,𝑗=1

log(𝑧𝑗) + log(1 − θ). 

In this perfectly competitive economy, the only value-added (GDP) is equal to the 

household’s labor income 𝑤ℎ. Therefore, we can replace 𝑤ℎ with GDP and obtain,  
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log(GDP) = ∑ γ𝑖𝑙𝑖𝑗

𝑛

𝑖,𝑗=1

log(𝑧𝑗) + log(1 + θ). 

Suppose there is a demand shock that reshapes the preference for good 𝑖, which is 

captured by changes in γi. Taking differentiation to obtain,  

                                               𝑑 log(GDP)

=∑𝑙𝑖𝑗

𝑛

𝑗=1

log(𝑧𝑗) 𝑑γ𝑖 .                                                       (𝐴5) 

The Equation (A5) indicates that the association between change in preference for 

good 𝑖 and aggregate output is determined by the feature of the production network.  

Now, let’s assume that there is a change in productivity, log(zj),  

                                                𝑑 log(GDP)

= ∑ γ𝑖𝑙𝑖𝑗𝑑

𝑛

𝑖,𝑗=1

log(𝑧𝑗).                                                      (𝐴6) 

Equation (A6) indicates that the productivity shock of firm 𝑗 is related to GDP 

growth. Also, the association is determined by the characteristics of the production network. 

For production shock, we can take a step further by combining the Equation (A6) and 

market clearing condition 𝑦𝑗 = 𝑐𝑗 + ∑ 𝑥𝑖𝑗
𝑛
𝑖=1 . Multiplying market clearing condition by pj 

𝑝𝑗𝑦𝑗 = 𝑝𝑗𝑐𝑗 +∑𝑝𝑗𝑥𝑖𝑗

𝑛

𝑖=1

 

𝑝𝑗𝑦𝑗 = γ𝑗𝑤ℎ +∑β𝑖𝑗𝑝𝑖𝑦𝑖

𝑛

𝑖=1

 

𝑝𝑗𝑦𝑗

𝑤ℎ
= γ𝑗 +∑β𝑖𝑗

𝑝𝑖𝑦𝑖
𝑤ℎ

𝑛

𝑖=1
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λ𝑗 = γ𝑗 +∑β𝑖𝑗λ𝑖,

𝑛

𝑖=1

 

where λ𝑖 =
𝑝𝑖𝑦𝑖

𝑤ℎ
=
𝑝𝑖𝑦𝑖

GDP
. Rewriting the above equation into matrix form to obtain 

λ = (𝐼 − 𝐵′)
−1

 or λ𝑗 = ∑ γ𝑖𝑙𝑖𝑗
𝑛
𝑖=1 . Thus Equation (A6) can be written as,  

                                              𝑑 log(GDP) = λ𝑗𝑑 log(𝑧𝑗).                                    (𝐴7) 

Equation (A7) implies that the relationship between aggregate output and 

productivity shock is determined by the sales of firms to total output.  
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FIGURE 1 – PRODUCTION NETWORK
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(a)                                                           (b) 

 

 

(c)                                                             (d) 

FIGURE 2 – TYPES OF FIRM NETWORKS 
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FIGURE 3 - TIMELINE 
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TABLE 1 DESCRIPTIVE STATISTICS 

The table presents descriptive statistics for key variables. The sample consists of 119 quarters over the 

period from Q1:1988 to Q4:2017. Panel A shows the summary statistics for measures of aggregate 

earnings growth. Panel B and Panel C reports statistics of GDP-related variables and control variables, 

respectively. All variables are defined in Appendix A.  

  MEAN STD MIN P10 P25 P50 P75 P90 MAX 

Panel A Earnings Growth and its Components 

Δ𝑋𝑉𝑊 0.001 0.027 -0.088 -0.029 -0.011 0.000 0.011 0.032 0.106 

𝛥𝑋𝐸𝑊 0.001 0.036 -0.145 -0.038 -0.011 0.002 0.014 0.043 0.126 

𝛥𝑋𝐶𝑂𝑁 0.001 0.017 -0.065 -0.014 -0.006 -0.001 0.008 0.018 0.047 

𝛥𝑋𝑁𝐶𝑂𝑁 -0.001 0.020 -0.078 -0.023 -0.007 -0.001 0.006 0.017 0.094 

𝛥𝑋𝐶𝐸𝑁 0.000 0.017 -0.068 -0.015 -0.006 0.001 0.007 0.020 0.062 

𝛥𝑋𝑁𝐶𝐸𝑁 -0.001 0.027 -0.105 -0.032 -0.007 0.000 0.005 0.027 0.115 

𝛥𝑋𝐶𝐶 0.000 0.017 -0.069 -0.016 -0.006 0.001 0.006 0.018 0.060 

𝛥𝑋𝑂𝐶𝑂𝑁 0.000 0.003 -0.013 -0.003 -0.001 0.000 0.001 0.003 0.011 

𝛥𝑋𝑂𝐶𝐸𝑁 0.000 0.009 -0.025 -0.008 -0.002 0.000 0.003 0.006 0.065 

𝛥𝑋𝑁𝑁 -0.001 0.020 -0.080 -0.025 -0.007 0.000 0.005 0.019 0.095 

                    

Panel B Macro Variables 

𝑔𝑞
𝐺𝐷𝑃 0.045 0.022 -0.041 0.019 0.034 0.046 0.058 0.068 0.097 

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+1

𝐺𝐷𝑃) 0.046 0.016 -0.038 0.033 0.039 0.045 0.056 0.061 0.084 

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+2

𝐺𝐷𝑃) 0.048 0.011 -0.008 0.039 0.042 0.048 0.057 0.060 0.090 

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+3

𝐺𝐷𝑃) 0.050 0.009 0.020 0.041 0.044 0.050 0.056 0.062 0.080 

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+4

𝐺𝐷𝑃) 0.051 0.007 0.032 0.043 0.045 0.050 0.056 0.060 0.069 

𝐹𝐸𝑞+1
𝐺𝐷𝑃 0.001 0.017 -0.054 -0.019 -0.012 0.001 0.012 0.022 0.047 

𝐹𝐸𝑞+2
𝐺𝐷𝑃 -0.002 0.021 -0.089 -0.026 -0.013 -0.001 0.010 0.024 0.054 

𝐹𝐸𝑞+3
𝐺𝐷𝑃 -0.004 0.022 -0.098 -0.031 -0.014 -0.003 0.008 0.023 0.050 

𝐹𝐸𝑞+4
𝐺𝐷𝑃 -0.005 0.024 -0.104 -0.029 -0.015 -0.004 0.009 0.023 0.051 

𝑔𝑞+1
𝐺𝐷𝑃 0.047 0.024 -0.058 0.022 0.034 0.046 0.062 0.075 0.100 

𝑔𝑞+2
𝐺𝐷𝑃 0.046 0.024 -0.058 0.022 0.034 0.046 0.062 0.075 0.100 

𝑔𝑞+3
𝐺𝐷𝑃 0.046 0.024 -0.058 0.022 0.034 0.046 0.062 0.075 0.100 

𝑔𝑞+4
𝐺𝐷𝑃 0.046 0.024 -0.058 0.022 0.034 0.045 0.062 0.072 0.100 

                    

Panel C Macro Controls 

Yield 0.031 0.026 0.000 0.000 0.003 0.031 0.051 0.063 0.090 

Spread 0.018 0.011 -0.006 0.002 0.009 0.019 0.027 0.034 0.037 

Return 0.028 0.079 -0.237 -0.098 -0.005 0.037 0.073 0.118 0.213 
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TABLE 2 CORRELATION TABLE 

The table reports the Pearson and Spearman correlations among key variables. Panel A shows 

the correlation between value-weighted earnings growth and contemporaneous GDP. Panel B 

presents the correlation among measures of earnings and contemporaneous GDP. The p-values 

are reported in the parathesis. Panel C shows the transaction matrix of firm production network 

characteristics. Con, Cen, Con&Cen present closely connected, central, closely connected and 

central, respectively. All variables are defined in Appendix A.  

Panel A value-weighted aggregate earnings growth and GDP 

  Δ𝑋𝑉𝑊 𝑔𝑞
𝐺𝐷𝑃 

Δ𝑋𝑉𝑊 1.000 0.416 

    (0.00) 

𝑔𝑞
𝐺𝐷𝑃 0.338 1.000 

  (0.00)   

Panel B Aggregate earnings growth measures and GDP 

  Δ𝑋𝑉𝑊 𝑔𝑞
𝐺𝐷𝑃 

  Pearson Spearman Pearson Spearman 

𝛥𝑋𝐶𝑂𝑁 0.690 0.593 0.069 0.047 
 (0.00) (0.00) (0.45) (0.61) 

𝛥𝑋𝑁𝐶𝑂𝑁 -0.559 -0.536 -0.448 -0.227 
 (0.00) (0.00) (0.00) (0.01) 

𝛥𝑋𝐶𝐸𝑁 0.907 0.878 0.254 0.210 
 (0.00) (0.00) (0.01) (0.02) 

𝛥𝑋𝑁𝐶𝐸𝑁 -0.572 -0.562 -0.454 -0.243 
 (0.00) (0.00) (0.00) (0.01) 

𝛥𝑋𝐶𝐶 0.912 0.888 0.278 0.236 
 (0.00) (0.00) (0.00) (0.01) 

𝛥𝑋𝑂𝐶𝑂𝑁 -0.418 -0.413 -0.385 -0.321 

 (0.00) (0.00) (0.00) (0.00) 

𝛥𝑋𝑂𝐶𝐸𝑁 0.129 0.210 -0.087 -0.018 
 (0.16) (0.02) (0.35) (0.85) 

𝛥𝑋𝑁𝑁 -0.568 -0.558 -0.427 -0.198 

 (0.00) (0.00) (0.00) (0.00) 

     

Panel C Transaction Matrix 

 Con Cen Con&Cen 

Con 58.97%   

Cen  61.00%  

Con&Cen   62.35% 
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TABLE 3 EFFECT OF FIRM LINKAGE  

The table reports regression results for the effect of firm linkage on nominal GDP predictions. The dependent 

variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In Panel A, the key independent variable is 

aggregate idiosyncratic earnings growth of closely connected firms. In Panel B, the key independent variable is 

aggregate idiosyncratic earnings growth of not closely connected firms. Panel C shows the test results whether 

loadings on earnings in Panel A and Panel B are significantly different. In Panel A and Panel B, I report t-statistic 

based on Newey West (1987) heteroskedasticity- and autocorrelation- consistent standard error with three lags. 

***, ** and * indicate statistical significance at 1, 5, and 10 percent levels, respectively, using two-tailed tests. In 

Panel C, I report p-values for the test statistics. The sample ranges from Q1:1988 to Q4:2017. All variables are 

defined in Appendix A.  

Panel A Earnings of Closely Connected Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.047*** 0.027*** 0.046*** 0.034*** 0.046*** 0.038*** 0.046*** 0.035*** 

t-stat (15.41) (5.20) (15.69) (7.43) (15.63) (7.94) (15.60) (6.18) 

                  

𝛥𝑋𝐶𝑂𝑁 0.231* 0.186* 0.263** 0.234** 0.154 0.135 0.127 0.101 

t-stat (1.80) (1.88) (2.12) (2.25) (0.90) (0.84) (0.76) (0.63) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.439***   0.282***   0.190**   0.248** 

t-stat   (4.52)   (3.41)   (2.24)   (2.39) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.017 0.169 0.025 0.084 0.003 0.025 -0.001 0.043 

Panel B Earnings of Not Closely Connected Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.046*** 0.030*** 0.046*** 0.035*** 0.046*** 0.039*** 0.046*** 0.036*** 

t-stat (16.60) (7.82) (16.18) (9.04) (15.97) (8.65) (16.00) (6.01) 

                  

𝛥𝑋𝑁𝐶𝑂𝑁 -0.372* -0.223 -0.260 -0.165 -0.199* -0.138 -0.158 -0.067 

t-stat (-1.68) (-1.49) (-1.40) (-1.03) (-1.76) (-1.30) (-1.29) (-0.41) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.380***   0.244***   0.154*   0.233** 

t-stat   (4.79)   (2.96)   (1.67)   (2.07) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.084 0.181 0.037 0.073 0.018 0.028 0.009 0.041 

Panel C Difference between Loadings on Earnings 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

𝛽𝐶𝑂𝑁 − 𝛽𝑁𝐶𝑂𝑁 0.603** 0.409** 0.524** 0.399** 0.353** 0.273** 0.284** 0.168 

p-value (0.006) (0.006) (0.005) (0.013) (0.002) (0.010) (0.020) (0.297) 
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TABLE 4 EFFECT OF FIRM CENTRALITY  

The table reports regression results for the effect of firm centrality on nominal GDP predictions. The dependent 

variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In Panel A, the key independent variable is 

aggregate idiosyncratic earnings growth of central firms. In Panel B, the key independent variable is aggregate 

idiosyncratic earnings growth of not central firms. Panel C shows the test results whether loadings on earnings 

in Panel A and Panel B are significantly different. In Panel A and Panel B, I report t-statistic based on Newey 

West (1987) heteroskedasticity- and autocorrelation- consistent standard error with three lags. ***, ** and * 

indicate statistical significance at 1, 5, and 10 percent levels, respectively, using two-tailed tests. In Panel C, I 

report p-values for the test statistics. The sample ranges from Q1:1988 to Q4:2017. All variables are defined in 

Appendix A.  

Panel A Earnings of Central Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.047*** 0.029*** 0.046*** 0.035*** 0.046*** 0.039*** 0.046*** 0.036*** 

t-stat (16.52) (5.74) (16.57) (8.20) (16.27) (8.50) (16.16) (6.67) 

                  

𝛥𝑋𝐶𝐸𝑁 0.387** 0.278** 0.334** 0.267* 0.249 0.205 0.242 0.182 

t-stat (2.40) (2.25) (2.09) (1.98) (1.51) (1.31) (1.50) (1.16) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.404***   0.251***   0.163*   0.223** 

t-stat   (4.28)   (3.15)   (1.91)   (2.18) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.069 0.191 0.050 0.093 0.024 0.038 0.023 0.055 

Panel B Earnings of Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.046*** 0.030*** 0.046*** 0.035*** 0.046*** 0.040*** 0.046*** 0.036*** 

t-stat (16.80) (7.16) (16.33) (8.98) (16.14) (8.70) (16.13) (6.03) 
         

𝛥𝑋𝑁𝐶𝐸𝑁 -0.277* -0.168 -0.181 -0.109 -0.154* -0.111 -0.139 -0.075 

t-stat (-1.78) (-1.59) (-1.31) (-0.92) (-1.86) (-1.43) (-1.61) (-0.69) 
         

𝑔𝑞
𝐺𝐷𝑃  0.379***  0.250***  0.151  0.222* 

t-stat  (4.52)  (3.14)  (1.65)  (1.92) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.085 0.182 0.032 0.070 0.021 0.029 0.016 0.045 

Panel C Difference between Loadings on Earnings 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

𝛽𝐶𝐸𝑁 − 𝛽𝑁𝐶𝐸𝑁 0.664*** 0.446*** 0.515*** 0.375** 0.403*** 0.316*** 0.381*** 0.257** 

p-value (0.000) (0.000) (0.000) (0.002) (0.000) (0.000) (0.000) (0.019) 
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TABLE 5 EFFECT OF FIRM LINKAGE AND FIRM CENTRALITY  

The table reports regression results for the effect of firm linkage and firm centrality on nominal GDP predictions. 

The dependent variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In Panel A, the key independent 

variable is aggregate idiosyncratic earnings growth of closely connected and central firms. In Panel B, the key 

independent variable is aggregate idiosyncratic earnings growth of not closely connected and central firms. In 

Panel C, the key independent variable is aggregate idiosyncratic earnings growth of closely connected and not 

central firms. In Panel D, the key independent variable is aggregate idiosyncratic earnings growth of not closely 

connected and not central firms. Panel E shows the test results whether loadings on earnings in Panel A to Panel 

C are different from the one in Panel D. In Panel A to Panel D, I report t-statistic based on Newey West (1987) 

heteroskedasticity- and autocorrelation- consistent standard error with three lags. ***, ** and * indicate statistical 

significance at 1, 5, and 10 percent levels, respectively, using two-tailed tests. In Panel C, I report p-values for 

the test statistics. The sample ranges from Q1:1988 to Q4:2017. All variables are defined in Appendix A.  

Panel A Earnings of Closely Connected and Central Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.047*** 0.029*** 0.046*** 0.035*** 0.046*** 0.039*** 0.046*** 0.036*** 

t-stat (16.76) (5.84) (16.65) (8.13) (16.32) (8.46) (16.19) (6.74) 

                  

𝛥𝑋𝐶𝐶 0.424** 0.305** 0.338** 0.263** 0.253 0.205 0.245 0.178 

t-stat (2.55) (2.45) (2.12) (2.00) (1.48) (1.25) (1.50) (1.13) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.397***   0.250***   0.162*   0.222** 

t-stat   (4.28)   (3.15)   (1.89)   (2.19) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.079 0.195 0.048 0.090 0.023 0.036 0.022 0.054 

Panel B Earnings of Not Closely Connected and Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.047*** 0.027*** 0.046*** 0.033*** 0.046*** 0.037*** 0.046*** 0.034*** 

t-stat (15.09) (4.60) (15.11) (6.64) (15.30) (7.49) (15.50) (5.89) 

                  

𝛥𝑋𝑂𝐶𝐸𝑁 -0.380 -0.216 0.561 0.671 0.378 0.452 0.388 0.481 

t-stat (-0.48) (-0.27) (0.66) (0.79) (0.55) (0.63) (0.58) (0.65) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.449***   0.301***   0.201**   0.257** 

t-stat   (4.08)   (3.35)   (2.24)   (2.39) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.006 0.153 -0.004 0.064 -0.006 0.019 -0.006 0.042 
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Panel C Earnings of Closely Connected and Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.047*** 0.029*** 0.046*** 0.034*** 0.047*** 0.039*** 0.046*** 0.036*** 

t-stat (16.50) (5.02) (15.92) (7.08) (16.07) (8.07) (16.10) (6.02) 

                  

𝛥𝑋𝑂𝐶𝑂𝑁 -0.662** -0.392* -0.263 -0.071 -0.341** -0.227 -0.406 -0.256 

t-stat (-2.38) (-1.89) (-0.88) (-0.27) (-2.02) (-1.43) (-1.55) (-0.91) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.405***   0.288***   0.172*   0.224* 

t-stat   (3.71)   (3.37)   (1.95)   (1.98) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.054 0.172 0.002 0.058 0.009 0.023 0.016 0.047 

Panel D Earnings of Not Closely Connected and Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.046*** 0.029*** 0.046*** 0.035*** 0.046*** 0.039*** 0.046*** 0.036*** 

t-stat (16.39) (7.61) (16.10) (9.06) (15.93) (8.70) (15.98) (6.08) 

                  

𝛥𝑋𝑁𝑁 -0.350 -0.207 -0.264 -0.174 -0.200* -0.143 -0.161 -0.076 

t-stat (-1.61) (-1.42) (-1.42) (-1.09) (-1.76) (-1.35) (-1.32) (-0.48) 

                  

𝑔𝑞
𝐺𝐷𝑃   0.386***   0.243***   0.153*   0.230** 

t-stat   (4.79)   (2.92)   (1.67)   (2.06) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.076 0.178 0.040 0.076 0.020 0.029 0.010 0.042 

Panel E Difference between Loadings on Earnings 

  k=1 k=2 k=3 k=4 

𝛽𝐶𝐶 − 𝛽𝑁𝑁  0.774*** 0.512*** 0.601** 0.437** 0.453*** 0.348** 0.406*** 0.254 

𝛽𝑂𝐶𝑂𝑁 − 𝛽𝑁𝑁 -0.030 -0.009 0.824*** 0.845*** 0.578*** 0.595*** 0.549*** 0.557*** 

𝛽𝑂𝐶𝐸𝑁 − 𝛽𝑁𝑁 -0.312 -0.185 0.001 0.103 -0.141 -0.083 -0.245** -0.180 
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TABLE 6 ROBUSTNESS 

The table presents regression results after introducing control variables. The 

dependent variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In 

particular, the regression model is,  

𝑔𝑞+𝑘 = 𝛼𝑘 + 𝛽𝑘𝛥𝑋𝑞 + 𝛾𝑘
1𝑔𝑞 + 𝛾𝑘

2𝑌𝑖𝑒𝑙𝑑𝑞 + 𝛾𝑘
3𝑆𝑝𝑟𝑒𝑎𝑑𝑞 + 𝛾𝑘

4𝑅𝑒𝑡𝑢𝑟𝑛𝑞 + 𝜀𝑞+𝑘. 

The key independent variable is aggregate idiosyncratic earnings growth. Panel A, 

Panel B and Panel C present the OLS results for closely connected firms, central 

firms, and closely connected and central firms, respectively. I report t-statistic 

based on Newey West (1987) heteroskedasticity- and autocorrelation- consistent 

standard error with three lags. ***, ** and * indicate statistical significance at 1, 5, 

and 10 percent levels, respectively, using two-tailed tests. The sample ranges from 

Q1:1988 to Q4:2017, including 119 quarters. All variables are defined in Appendix 

A.     

Panel A Closely Connected Firms 

 k=1 k=2 k=3 k=4 

Intercept 0.022*** 0.027*** 0.031*** 0.025*** 

t-stat (4.55) (5.28) (4.85) (2.76) 

          

𝛥𝑋𝐶𝑂𝑁 0.133 0.191* 0.079 0.098 

t-stat (1.60) (1.83) (0.55) (0.65) 

          

Yield 0.190* 0.174 0.175* 0.105 

t-stat (1.92) (1.63) (1.68) (1.06) 

          

Spread 0.129 0.212 0.241 0.400* 

t-stat (0.70) (1.15) (1.26) (1.71) 

          

Return 0.065** 0.053* 0.076** 0.002 

t-stat (2.09) (1.84) (2.54) (0.07) 

          

𝑔𝑞
𝐺𝐷𝑃 0.322*** 0.191** 0.090 0.244** 

t-stat (3.51) (2.03) (0.91) (2.29) 

          

N Obs 119 119 119 119 

Adj-R2 0.219 0.112 0.086 0.043 
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Panel B Central Firms 

  k=1 k=2 k=3 k=4 

Intercept 0.024*** 0.029*** 0.032*** 0.026*** 

t-stat (5.09) (5.67) (4.86) (3.04) 

          

𝛥𝑋𝐶𝐸𝑁 0.231** 0.224* 0.143 0.171 

t-stat (2.39) (1.83) (1.00) (1.14) 

          

Yield 0.195* 0.182 0.178* 0.108 

t-stat (1.88) (1.65) (1.67) (1.07) 

          

Spread 0.108 0.193 0.228 0.385* 

t-stat (0.58) (1.05) (1.17) (1.66) 

          

Return 0.060** 0.049* 0.073** -0.002 

t-stat (2.05) (1.75) (2.50) (-0.06) 

          

𝑔𝑞
𝐺𝐷𝑃 0.289*** 0.160* 0.069 0.219** 

t-stat (3.08) (1.70) (0.66) (2.09) 

          

N Obs 119 119 119 119 

Adj-R2 0.237 0.119 0.093 0.053 

     

Panel C Closely Connected and Central Firms 

 k=1 k=2 k=3 k=4 

Intercept 0.024*** 0.029*** 0.032*** 0.026*** 

t-stat (5.19) (5.66) (4.81) (3.02) 

          

𝛥𝑋𝐶𝐶  0.257*** 0.219* 0.138 0.170 

t-stat (2.63) (1.86) (0.92) (1.13) 

          

Yield 0.198* 0.185* 0.179* 0.110 

t-stat (1.97) (1.72) (1.72) (1.12) 

          

Spread 0.111 0.198 0.231 0.389* 

t-stat (0.60) (1.08) (1.19) (1.67) 

          

Return 0.058** 0.049* 0.073** -0.002 

t-stat (1.99) (1.73) (2.45) (-0.07) 

          

𝑔𝑞
𝐺𝐷𝑃 0.282*** 0.158* (0.66) 0.217** 

t-stat (3.06) (1.70) 0.217** (2.10) 

     

N Obs 119 119 119 119 

Adj-R2 0.240 0.116 0.091 0.051 
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TABLE 7 RANDOM DRAW  

This table reports regression results for random draw samples. For each quarter, I obtain the number 

of important firms in the production network, randomly draw the same number of remaining firms 

with replacement, generate 10,000 samples and run the following regression models with Newey 

West (1987) heteroskedasticity- and autocorrelation- consistent standard error with three lags,  

Model 1: 𝑔𝑞+𝑘 = 𝛼𝑘 + β𝑘𝛥𝑋𝑞 + 𝜀𝑞+𝑘 

Model 2: 𝑔𝑞+𝑘 = 𝛼𝑘 + β𝑘𝛥𝑋𝑞 + γ𝑘𝑔𝑞 + 𝜀𝑞+𝑘 

Model 3: 𝑔𝑞+𝑘 = 𝛼𝑘 + β𝑘𝛥𝑋𝑞 + γ𝑘
1𝑔𝑞 + γ𝑘

2𝑌𝑖𝑒𝑙𝑑𝑞 + γ𝑘
3𝑆𝑝𝑟𝑒𝑎𝑑𝑞 + γ𝑘

4𝑅𝑒𝑡𝑢𝑟𝑛𝑞 + 𝜀𝑞+𝑘. 

Panel A and Panel B show results for not closely connected firms and not central firms, respectively. 

Panel C reports the regression results for random draws of either not closely connected or not central 

firms. Column (1) reports the average of β𝑘 of 10,000 regressions. Column (2) shows the number of 

positive β𝑘 and Column (3) presents the number of positive and statistically significant β𝑘 at 10% 

level. 

Panel A Random Draw of Not Closely Connected Firms 

    (1) (2) (3) 

    Mean of Coef. # of positive Coef. 

# of signf & positive 

Coef. 

Model 1 q+1 -0.813 0 0 

  q+2 -0.606 0 0 

Model 2 q+1 -0.466 1 0 

  q+2 -0.387 11 0 

Model 3 q+1 -0.629 0 0 

  q+2 -0.502 0 0 

          

Panel B Random Draw of Not Central Firms 

    Mean of Coef. # of positive Coef. 

# of signf &positive 

Coef. 

Model 1 q+1 -0.624 50 0 

  q+2 -0.537 97 0 

Model 2 q+1 -0.174 2,213 14 

  q+2 -0.250 1,285 1 

Model 3 q+1 -0.283 1,006 2 

  q+2 -0.324 913 0 

          

Panel C Random Draw of Not Closely Connected or Not Central Firms 

    Mean of Coef. # of positive Coef. 

# of signf &positive 

Coef. 

Model 1 q+1 -1.326 38 0 

  q+2 -0.866 349 1 

Model 2 q+1 -1.061 747 8 

  q+2 -0.429 1,820 34 

Model 3 q+1 -1.427 474 3 

  q+2 -0.469 1,863 39 
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TABLE 8 EARNINGS TILT - CLOSELY CONNECTED 

This table reports the tilt parameter and estimated coefficients from the following mixed data 

sampling model using a sample of 119 calendar quarter observations between the first quarter 

of 1988 and the fourth quarter of 2017:  

𝐺𝐷𝑃𝑞+1 = 𝛼 + 𝛽𝐸𝑎𝑟𝑛∑𝜔𝑛,𝑞𝛥𝑋𝑛,𝑞
𝐶𝑂𝑁

𝑁

𝑛=1

+ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑞
𝑘 + 𝜀𝑞+1, 

𝑠. 𝑡. : 𝜔𝑛,𝑞 = (𝑣𝑤𝑛,𝑞 −  𝑒𝑤𝑛,𝑞) + 𝜏𝑐𝑜𝑛𝑠
𝐶𝑂𝑁𝐶𝑜𝑛𝑠𝑛,𝑞. 

The dependent variables are GDP growth rates at quarters q+1.The 𝛥𝑋𝑛,𝑞
𝐶𝑂𝑁 is accounting 

earnings growth of closely connected firms. Panel A reports the descriptive statistics of cash 

constraints of closely connected firms. Panel B shows the estimated regression coefficients. I 

report t-statistic based on Newey West (1987) heteroskedasticity- and autocorrelation- 

consistent standard error with three lags. ***, ** and * indicate statistical significance at 1, 5, 

and 10 percent levels, respectively, using two-tailed tests. All variables are defined in 

Appendix A.  

Panel A Descriptive Statistics 

  Mean STD P25 P75 

Cons 0.000 1.580 -0.082 0.068 

          

Panel B Estimated Coefficients 

 (1) (2) (3) (4) 

𝜏𝑐𝑜𝑛𝑠
𝐶𝑂𝑁   0.001**  0.001* 

 t-stat 
 (1.98)  (1.89) 

  
    

𝛥𝑋𝑛,𝑞
𝐶𝑂𝑁 0.185* 0.214** 0.135* 0.165* 

t-stat (1.93) (2.16) (1.66) (1.89) 

  
    

𝑔𝑞
𝐺𝐷𝑃 0.440*** 0.435*** 0.323*** 0.316*** 

t-stat (4.52) (4.43) (3.52) (3.38) 

  
    

Yield 
  0.190* 0.194* 

t-stat 
  (1.92) (1.92) 

  
    

Spread 
  0.130 0.134 

t-stat 
  (0.71) (0.73) 

  
    

Return 
  0.065** 0.066** 

t-stat 
  (2.09) (2.11) 

  
    

Intercept 0.027*** 0.028*** 0.022*** 0.023*** 

t-stat (5.19) (5.28) (4.56) (4.77) 

  
    

N Obs  119 119 119 119 

Adj-R2 0.169 0.192 0.220 0.244 
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TABLE 9 EARNINGS TILT - CENTRAL 

This table reports the tilt parameter and estimated coefficients from the following mixed data 

sampling model using a sample of 119 calendar quarter observations between the first quarter of 

1988 and the fourth quarter of 2017:  

𝐺𝐷𝑃𝑞+1 = 𝛼 + 𝛽𝐸𝑎𝑟𝑛∑𝜔𝑛,𝑞𝛥𝑋𝑛,𝑞
𝐶𝐸𝑁

𝑁

𝑛=1

+ 𝛽𝑘𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑞
𝑘 + 𝜀𝑞+1, 

𝑠. 𝑡. : 𝜔𝑛,𝑞 = (𝑣𝑤𝑛,𝑞 −  𝑒𝑤𝑛,𝑞) + 𝜏𝑐𝑜𝑛𝑠
𝐶𝐸𝑁𝐶𝑜𝑛𝑠𝑛,𝑞. 

The dependent variables are GDP growth rates at quarters q+1 and q+2. The 𝛥𝑋𝑛,𝑞
𝐶𝐸𝑁 is 

accounting earnings growth of central firms. Panel A reports the descriptive statistics of cash 

constraints of central firms. Panel B shows the estimated regression coefficients. I report t-

statistic based on Newey West (1987) heteroskedasticity- and autocorrelation- consistent 

standard error with three lags. ***, ** and * indicate statistical significance at 1, 5, and 10 

percent levels, respectively, using two-tailed tests. All variables are defined in Appendix A.   

Panel A Descriptive Statistics 

  Mean STD P25 P75 

Cons -0.029 0.671 -0.076 0.045 

          

Panel B Estimated Coefficients 

 (1) (2) (3) (4) 

𝜏𝑐𝑜𝑛𝑠
𝐶𝐸𝑁  

 
0.003 

 
0.006 

 t-stat 
 

(0.53) 
 

(0.87)      

𝛥𝑋𝑛,𝑞
𝐶𝐸𝑁 0.270** 0.279** 0.228** 0.237** 

t-stat (2.29) (2.24) (2.46) (2.44)      

𝑔𝑞
𝐺𝐷𝑃 0.406*** 0.412*** 0.289*** 0.297*** 

t-stat (4.31) (4.01) (3.11) (3.03)      

Yield 
  

0.198* 0.196* 

t-stat 
  

(1.90) (1.82)      

Spread 
  

0.114 0.106 

t-stat 
  

(0.61) (0.56)      

Return 
  

0.060** 0.066* 

t-stat 
  

(2.06) (1.93)      

Intercept 0.029*** 0.029*** 0.024*** 0.024*** 

t-stat (5.72) (5.51) (5.03) (4.83)      

N Obs 119 119 119 119 

Adj-R2 0.190 0.187 0.237 0.241 
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TABLE 10 FIRM LINKAGE – FORECAST ERRORS 

The table reports regression results for the effect of firm linkage on nominal GDP forecast errors. The dependent 

variables are GDP growth forecast errors at quarters q+1, q+2, q+3, and q+4. In Panel A, the key independent 

variable is aggregate idiosyncratic earnings growth of closely connected firms. In Panel B, the key independent 

variable is aggregate idiosyncratic earnings growth of not closely connected firms. Panel C shows the test results 

on whether loadings on earnings in Panel A and Panel B are significantly different. In Panel A and Panel B, I 

report t-statistic based on Newey West (1987) heteroskedasticity- and autocorrelation- consistent standard error 

with three lags. ***, ** and * indicate statistical significance at 1, 5, and 10 percent levels, respectively, using 

two-tailed tests. In Panel C, I report p-values for the test statistics. The sample ranges from Q1:1988 to Q4:2017. 

All variables are defined in Appendix A.     

Panel A Earnings of Closely Connected Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.003 -0.002 -0.001 -0.004 -0.004 -0.005* -0.010 

t-stat (0.56) (0.95) (-0.99) (-0.22) (-1.54) (-0.73) (-1.74) (-1.58) 

                  

𝛥𝑋𝐶𝑂𝑁 0.167* 0.171* 0.255** 0.258** 0.171 0.172 0.145 0.133 

t-stat (1.88) (1.98) (2.35) (2.39) (1.03) (1.05) (0.83) (0.78) 

                  

𝑔𝑞
𝐺𝐷𝑃   -0.046   -0.027   -0.007   0.113 

t-stat   (-0.75)   (-0.40)   (-0.08)   (0.95) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.018 0.013 0.034 0.026 0.008 0.000 0.002 0.004 

Panel B Earnings of Not Closely Connected Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.003 -0.002 -0.001 -0.004 -0.003 -0.005* -0.010 

t-stat (0.59) (0.90) (-0.85) (-0.33) (-1.46) (-0.68) (-1.72) (-1.63) 

                  

𝛥𝑋𝑁𝐶𝑂𝑁 -0.016 -0.034 -0.012 -0.019 -0.053 -0.059 -0.075 -0.032 

t-stat (-0.26) (-0.49) (-0.12) (-0.17) (-0.57) (-0.63) (-0.53) (-0.20) 

                  

𝑔𝑞
𝐺𝐷𝑃   -0.046   -0.017   -0.015   0.111 

t-stat   (-0.65)   (-0.25)   (-0.16)   (0.94) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.008 -0.014 -0.008 -0.017 -0.006 -0.015 -0.005 -0.004 

Panel C Difference between Loadings on Earnings 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

𝛽𝐶𝑂𝑁 − 𝛽𝑁𝐶𝑂𝑁 0.183** 0.206** 0.267** 0.277** 0.224** 0.230** 0.220 0.165 

p-value (0.003) (0.003) (0.008) (0.011) (0.015) (0.013) (0.123) (0.310) 
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TABLE 11 FIRM CENTRALITY – FORECAST ERRORS 

The table reports regression results for the effect of firm centrality on nominal GDP forecast errors. The dependent 

variables are GDP growth forecast errors at quarters q+1, q+2, q+3, and q+4. In Panel A, the key independent 

variable is aggregate idiosyncratic earnings growth of central firms. In Panel B, the key independent variable is 

aggregate idiosyncratic earnings growth of not central firms. Panel C shows the test results whether loadings on 

earnings in Panel A and Panel B are significantly different. In Panel A and Panel B, I report t-statistic based on 

Newey West (1987) heteroskedasticity- and autocorrelation- consistent standard error with three lags. ***, ** and 

* indicate statistical significance at 1, 5, and 10 percent levels, respectively, using two-tailed tests. In Panel C, I 

report p-values for the test statistics. The sample ranges from Q1:1988 to Q4:2017. All variables are defined in 

Appendix A.       

Panel A Earnings of Central Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.004 -0.002 0.000 -0.004 -0.002 -0.005* -0.009 

t-stat (0.60) (1.14) (-0.97) (0.11) (-1.56) (-0.49) (-1.79) (-1.43) 

                  

𝛥𝑋𝐶𝐸𝑁 0.158** 0.175** 0.218* 0.231* 0.210 0.218 0.235 0.212 

t-stat (2.06) (2.25) (1.83) (1.90) (1.41) (1.47) (1.44) (1.36) 

                  

𝑔𝑞
𝐺𝐷𝑃   -0.065   -0.050   -0.033   0.085 

t-stat   (-1.01)   (-0.78)   (-0.37)   (0.73) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.017 0.015 0.024 0.019 0.018 0.011 0.021 0.018 

Panel B Earnings of Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.003 -0.002 -0.001 -0.004 -0.003 -0.005* -0.009 

t-stat (0.59) (0.96) (-0.85) (-0.40) (-1.47) (-0.62) (-1.73) (-1.48) 

                  

𝛥𝑋𝑁𝐶𝐸𝑁 -0.010 -0.023 0.002 -0.002 -0.050 -0.056 -0.084 -0.056 

t-stat (-0.17) (-0.38) (0.02) (-0.02) (-0.80) (-0.88) (-0.89) (-0.53) 

                  

𝑔𝑞
𝐺𝐷𝑃  -0.045  -0.012  -0.020  0.097 

t-stat  (-0.70)  (-0.18)  (-0.22)  (0.79) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.008 -0.014 -0.009 -0.017 -0.005 -0.013 0.000 -0.001 

Panel C Difference between Loadings on Earnings 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

𝛽𝐶𝐸𝑁 − 𝛽𝑁𝐶𝐸𝑁 0.168** 0.199** 0.216** 0.233** 0.260*** 0.275*** 0.319*** 0.268** 

p-value (0.005) (0.001) (0.009) (0.008) (0.000) (0.000) (0.001) (0.011) 
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TABLE 12 FIRM LINKAGE CENTRALITY – FORECAST ERRORS 

The table reports regression results for the effect of firm linkage and firm centrality on nominal GDP 

forecast errors. The dependent variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In Panel 

A, the key independent variable is aggregate idiosyncratic earnings growth of closely connected and 

central firms. In Panel B, the key independent variable is aggregate idiosyncratic earnings growth of not 

closely connected and central firms. In Panel C, the key independent variable is aggregate idiosyncratic 

earnings growth of closely connected and not central firms. In Panel D, the key independent variable is 

aggregate idiosyncratic earnings growth of not closely connected and not central firms. Panel E shows the 

test results on whether loadings on earnings in Panel A to Panel C are different from the one in Panel D. 

In Panel A to Panel D, I report t-statistic based on Newey West (1987) heteroskedasticity- and 

autocorrelation- consistent standard error with three lags. ***, ** and * indicate statistical significance at 

1, 5, and 10 percent levels, respectively, using two-tailed tests. In Panel C, I report p-values for the test 

statistics. The sample ranges from Q1:1988 to Q4:2017. All variables are defined in Appendix A.  

Panel A Earnings of Closely Connected and Central Firms  

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.004 -0.002 0.000 -0.004 -0.002 -0.005* -0.009 

t-stat (0.62) (1.18) (-0.94) (0.13) (-1.55) (-0.46) (-1.78) (-1.43) 

                  

𝛥𝑋𝐶𝐶 0.166** 0.186** 0.211* 0.226* 0.209 0.219 0.240 0.216 

t-stat (2.12) (2.32) (1.81) (1.90) (1.36) (1.41) (1.46) (1.38) 

                  

𝑔𝑞
𝐺𝐷𝑃   -0.068   -0.051   -0.035   0.083 

t-stat   (-1.05)   (-0.80)   (-0.39)   (0.72) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 0.018 0.016 0.021 0.015 0.016 0.009 0.020 0.018 

Panel B Earnings of Not Closely Connected and Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.002 -0.002 -0.002 -0.004 -0.004 -0.005* -0.010 

t-stat (0.60) (0.75) (-0.92) (-0.46) (-1.48) (-0.85) (-1.72) (-1.64) 

                  

𝛥𝑋𝑂𝐶𝑂𝑁 0.071 0.058 0.632 0.629 0.436 0.439 0.305 0.350 

t-stat (0.12) (0.10) (0.86) (0.84) (0.69) (0.68) (0.38) (0.42) 

                  

𝑔𝑞
𝐺𝐷𝑃   -0.035   -0.007   0.007   0.123 

t-stat   (-0.52)   (-0.11)   (0.07)   (1.02) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.008 -0.015 0.000 -0.009 -0.005 -0.014 -0.007 -0.003 
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Panel C Earnings of Closely Connected and Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.003 -0.002 -0.002 -0.004 -0.003 -0.005* -0.009 

t-stat (0.60) (0.96) (-0.87) (-0.60) (-1.45) (-0.65) (-1.68) (-1.36) 

                  

𝛥𝑋𝑂𝐶𝐸𝑁 -0.003 -0.029 0.140 0.143 -0.135 -0.143 -0.330 -0.270 

t-stat (-0.01) (-0.12) (0.55) (0.54) (-1.11) (-1.07) (-1.47) (-1.06) 

                  

𝑔𝑞
𝐺𝐷𝑃  -0.039  0.005  -0.013  0.090 

t-stat  (-0.68)  (0.08)  (-0.14)  (0.71) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.009 -0.015 -0.005 -0.013 -0.005 -0.014 0.008 0.005 

Panel D Earnings of Not Closely Connected and Not Central Firms 

  k=1 k=2 k=3 k=4 

  A B A B A B A B 

Intercept 0.001 0.003 -0.002 -0.001 -0.004 -0.003 -0.005* -0.010 

t-stat (0.58) (0.89) (-0.86) (-0.27) (-1.47) (-0.67) (-1.72) (-1.62) 

                  

𝛥𝑋𝑁𝑁 -0.017 -0.034 -0.026 -0.034 -0.061 -0.067 -0.079 -0.039 

t-stat (-0.26) (-0.48) (-0.25) (-0.31) (-0.66) (-0.74) (-0.57) (-0.25) 

                  

𝑔𝑞
𝐺𝐷𝑃  -0.046  -0.022  -0.017  0.109 

t-stat  (-0.65)  (-0.32)  (-0.19)  (0.93) 

                  

N Obs 119 119 119 119 119 119 119 119 

Adj-R2 -0.008 -0.014 -0.008 -0.016 -0.006 -0.014 -0.004 -0.004 

Panel E Difference between loadings on Earnings 

  k=1 k=2 k=3 k=4 

𝛽𝐶𝐶 − 𝛽𝑁𝑁  0.183** 0.220** 0.237** 0.260** 0.270** 0.286** 0.320** 0.255 

𝛽𝑂𝐶𝑂𝑁 − 𝛽𝑁𝑁 0.088 0.092 0.658*** 0.663*** 0.497*** 0.506*** 0.385** 0.389** 

𝛽𝑂𝐶𝐸𝑁 − 𝛽𝑁𝑁 0.014 0.005 0.166 0.177 -0.074 -0.076 -0.251* -0.231 
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TABLE 13 ROBUSTNESS – FORECAST ERRORS 

The table presents regression results for GDP forecast errors after introducing control variables. The 

dependent variables are GDP growth at quarters q+1, q+2, q+3, and q+4. In particular, the regression model 

is,  

𝑔𝑞+𝑘 = 𝛼𝑘 + 𝛽𝑘𝛥𝑋𝑞 + 𝛾𝑘
1𝑔𝑞 + 𝛾𝑘

2𝑌𝑖𝑒𝑙𝑑𝑞 + 𝛾𝑘
3𝑆𝑝𝑟𝑒𝑎𝑑𝑞 + 𝛾𝑘

4𝑅𝑒𝑡𝑢𝑟𝑛𝑞 + γ𝑘
5𝐸𝑞

𝑆𝑃𝐹(𝑔𝑞+𝑘
𝐺𝐷𝑃) + 𝜀𝑞+𝑘 . 

The key independent variable is aggregate idiosyncratic earnings growth. Panel A, Panel B and Panel C 

present the OLS results for closely connected firms, central firms, and closely connected and central firms, 

respectively.  I report t-statistic based on Newey West (1987) heteroskedasticity- and autocorrelation- 

consistent standard error with three lags. ***, ** and * indicate statistical significance at 1, 5, and 10 percent 

levels, respectively, using two-tailed tests. The sample ranges from Q1:1988 to Q4:2017. All variables are 

defined in Appendix A.     

Panel A Closely Connected Firms 

  k=1 k=2 k=3 k=4 

Intercept -0.000 -0.002 0.001 0.027 

t-stat (-0.10) (-0.27) (0.06) (1.23) 

          

𝛥𝑋𝐶𝑂𝑁 0.164* 0.251** 0.139 0.095 

t-stat (1.82) (2.21) (0.92) (0.63) 

          

Yield 0.012 -0.023 -0.038 0.119 

t-stat (0.18) (-0.22) (-0.32) (0.93) 

          

Spread -0.091 -0.043 -0.072 0.424* 

t-stat (-0.59) (-0.22) (-0.33) (1.73) 

          

Return 0.002 0.018 0.059** 0.003 

t-stat (0.08) (0.78) (2.10) (0.08) 

          

𝑔𝑞
𝐺𝐷𝑃 -0.170* -0.054 -0.014 0.248** 

t-stat (-1.66) (-0.48) (-0.12) (2.27) 

          

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘

𝐺𝐷𝑃) 1.217*** 1.078*** 0.935** -0.069 

t-stat (8.23) (3.92) (2.58) (-0.14) 

          

N Obs 119  119  119  119  

Adj-R2 0.493 0.243 0.138 0.034 
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Panel B Central Firms 

  k=1 k=2 k=3 k=4 

Intercept 0.001 0.001 0.003 0.027 

t-stat (0.28) (0.08) (0.18) (1.26) 

          

𝛥𝑋𝐶𝐸𝑁 0.160** 0.217* 0.175 0.170 

t-stat (2.22) (1.78) (1.22) (1.10) 

          

Yield 0.025 0.000 -0.028 0.117 

t-stat (0.34) (0.00) (-0.23) (0.91) 

          

Spread -0.098 -0.046 -0.081 0.399 

t-stat (-0.62) (-0.24) (-0.38) (1.64) 

          

Return 0.002 0.018 0.056** -0.002 

t-stat (0.09) (0.85) (2.04) (-0.05) 

          

𝑔𝑞
𝐺𝐷𝑃 -0.177* -0.069 -0.036 0.221** 

t-stat (-1.79) (-0.62) (-0.30) (2.00) 

          

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘

𝐺𝐷𝑃) 1.181*** 1.015*** 0.916** -0.042 

t-stat (7.33) (3.46) (2.49) (-0.08) 

          

N Obs 119 119 119 119 

Adj-R2 0.493 0.165 0.118 0.044 

     

Panel C Closely Connected and Central Firms 

  k=1 k=2 k=3 k=4 

Intercept 0.001 0.001 0.003 0.027 

t-stat (0.28) (0.08) (0.18) (1.26) 

          

𝛥𝑋𝐶𝐶 0.160** 0.217* 0.175 0.170 

t-stat (2.22) (1.78) (1.22) (1.10) 

          

Yield 0.025 0.000 -0.028 0.117 

t-stat (0.34) (0.00) (-0.23) (0.91) 

          

Spread -0.098 -0.046 -0.081 0.399 

t-stat (-0.62) (-0.24) (-0.38) (1.64) 

          

Return 0.002 0.018 0.056** -0.002 

t-stat (0.09) (0.85) (2.04) (-0.05) 

          

𝑔𝑞
𝐺𝐷𝑃 -0.177* -0.069 -0.036 0.221** 

t-stat (-1.79) (-0.62) (-0.30) (2.00) 

          

𝐸𝑞
𝑆𝑃𝐹(𝑔𝑞+𝑘

𝐺𝐷𝑃) 1.181*** 1.015*** 0.916** -0.042 

t-stat (7.33) (3.46) (2.49) (-0.08) 

          

N Obs 119 119 119 119 

Adj-R2 0.493 0.165 0.118 0.044 
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