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Highlights 

● ETF flows reflect both fundamental and non-fundamental demand shocks 

● The fundamental component of ETF flows shows short-term or insignificant return 

predictability 

● The non-fundamental component of ETF flows exhibits long-term price reversals 

● Fund flows in ETFs that track the same index exhibit low commonality on a daily basis 

 

Abstract 

This study introduces a novel approach to using exchange-traded funds (ETF) flows as a tool 

for identifying both fundamental and non-fundamental demand shocks in underlying asset 

markets. We propose a theoretical framework that decomposes ETF flows and emphasize the 

importance of this decomposition. In the empirical analysis, we investigate the return 

predictability of the decomposed flows to understand the term structure of demand shocks. Our 

findings reveal that while daily fundamental flows have either insignificant or negative return 

predictability over short-term, non-fundamental flows exhibit significantly negative 

predictability across various time horizons. Additionally, we observe greater commonality in 

weekly and monthly ETF flows compared to daily flows, suggesting that lower frequency 

measurements are more effective in capturing demand shocks. Overall, we demonstrate that 

ETF flows offer a valuable means of detecting demand shocks that are otherwise challenging 

to observe. 
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1. Introduction 

Exchange-traded funds (ETFs) are investment vehicles listed on exchanges that are 

designed to track the performance of specific indices. Since the launch of the SPDR S&P 500 

ETF Trust (commonly referred to as ‘SPY’ or ‘spider’), which tracks the S&P 500 index, the 

ETF market has experienced continuous growth in both the number of funds and the total assets 

under management (AUM). This growth accelerated significantly after the COVID-19 

pandemic, driven in part by a surge in retail investor activity. ETFs have become highly 

attractive to both retail and institutional investors due to their relatively low costs, high liquidity, 

and access to a wide range of asset classes. The unique structural characteristics of ETFs create 

a close relationship between ETFs and their underlying asset markets, with information flow 

between the two even observable at the intraday level (Bhattacharya and O’Hara, 2018; Box et 

al., 2021). Particularly, ETF fund flows capture important information about demand shocks in 

the underlying markets, making ETF flows a valuable source of information for financial 

institutions and portfolio managers seeking to understand market dynamics. While mutual fund 

flows, often considered an alternative to ETF flows, also reflect information about demand 

shocks (Kamstra et al., 2017), they are influenced by the skill of the fund managers (Chen, 

Jegadeesh, and Wermers, 2000; Wermers, 2000; Berk and Green, 2004). Additionally, mutual 

fund flows and ETF flows differ in their ability to predict future asset returns (Ben-Rephael, 

Kandel, and Wohl, 2012; Lou, 2012; Brown, Davies, and Ringgenberg, 2021). Due to the more 

complex nature of mutual fund flows, they are less suitable for analyzing the term structure of 
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demand shocks. Despite the growing importance of ETF flows in understanding the dynamics 

of underlying asset markets, research on the informational content embedded in ETF flows 

remains limited. In response to this gap, this study aims to explore how ETF flows reflect 

information about demand shocks in underlying asset markets. 

Among the two types of demand shocks that occur in underlying asset markets—

fundamental and non-fundamental demand shocks—non-fundamental demand shocks play a 

crucial role. These shocks induce temporary mispricing relative to the fundamental value, and 

over the long term, they exhibit predictability as prices revert to their fundamental values. 

Despite their significance, non-fundamental demand shocks are difficult to observe directly, 

making their estimation a key, yet unresolved, challenge. Brown, Davies, and Ringgenberg 

(2021) are the first to suggest that ETF flows could serve as an observational tool for detecting 

non-fundamental demand shocks in underlying asset markets, providing a breakthrough in this 

area. They argue that ETFs and their underlying assets respond differently to non-fundamental 

demand shocks, which results in mispricing between the ETF’s net asset value (NAV) and its 

market price. This mispricing triggers ETF flows, which signal the presence of non-

fundamental demand shocks. In this paper, we extend and refine the theoretical framework 

introduced by Brown, Davies, and Ringgenberg (2021). We not only investigate how ETF 

flows capture information about non-fundamental demand shocks but also explore how they 

incorporate information about fundamental demand shocks. Additionally, we theoretically and 

empirically examine the term structure of demand shocks by analyzing return predictability 

linked to ETF flows. 

We pose several research questions regarding the informational content of ETF flows. 

Brown, Davies, and Ringgenberg (2021) assume that fundamental demand shocks affect both 

ETFs and their underlying asset markets equally, implying that they do not cause an imbalance 



4 

 

between NAV and ETF prices. Therefore, these shocks are not reflected in ETF flows and they 

do not consider fundamental demand shocks in their analysis. However, when fundamental 

demand shocks occur, both ETFs and underlying asset markets may overreact or underreact 

(Shiller, 2003). If ETFs and their underlying assets differ in their sensitivity to fundamental 

demand shocks, ETF flows may indirectly capture information about fundamental demand 

shocks. Ben-David, Franzoni, and Moussawi’s (2018) price discovery hypothesis supports this 

idea, suggesting that ETFs and NAVs respond differently to fundamental shocks. This 

hypothesis reinforces the potential for ETF flows to reflect fundamental shock indirectly. This 

leads to our first research question: Can the influence of fundamental-driven flows truly be 

disregarded? If not, how can we disentangle fundamental-driven flows from aggregate ETF 

flows? By providing both theoretical and empirical evidence in response to this question, we 

aim to enhance our understanding of the term structure of demand shocks in underlying asset 

markets and refine the interpretation of the information embedded in ETF flows. 

Our second research question arises from the contradictory findings in the prior 

literature regarding the return predictability of ETF flows. Brown, Davies, and Ringgenberg 

(2021) demonstrate a negative correlation between ETF flows and future asset returns at the 

monthly level. In contrast, Xu, Yin, and Zhao (2022) present empirical evidence showing a 

positive correlation between ETF flows and future returns over a short-term, one- to four-day 

horizon at the daily level. Xu, Yin, and Zhao (2022) argue that this positive return predictability 

is driven by authorized participants (APs) incorporating private information into their trading 

decisions, which is reflected in daily ETF flows. Holding large ETF units created by APs 

without immediate consumption can be costly, suggesting that liquidity and other factors play 

a crucial role in such information-based trading through ETFs. Given these dynamics, the noise 

introduced by factors such as APs’ private information, liquidity constraints, and various costs, 
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can distort high-frequency ETF flow signals. Consequently, the empirical findings may vary 

depending on the frequency at which ETF flows are measured and whether periods of market 

instability, such as financial crises, are included in the analysis.1 These conflicting findings in 

previous research likely stem from the unique arbitrage mechanism within ETFs. 

In addition, we believe that to properly assess whether ETF flows can serve as reliable 

indicators of demand shocks, it is essential to examine flow dynamics across multiple ETFs 

that track the same or similar indices. If ETF flows effectively capture information about 

demand shocks, then ETFs tracking the same or similar indices should exhibit common 

fluctuations. This analysis is particularly important in today’s ETF market, where the number 

of ETFs tracking similar indices has grown exponentially. Therefore, our second research 

question is: Whether there is a common movement among fund flows of ETFs that track the 

same index? Whether this commonality varies depending on the frequency at which flow is 

measured? By addressing this question, we aim to further clarify the value of ETF flows as an 

observational tool for demand shocks. 

The key findings and contributions of this paper are as follows. First, this is the first 

study to separate information related to fundamental demand shocks from aggregate ETF flows. 

Through a theoretical model, we demonstrate that ETF flows consist of two orthogonal 

components: one driven by non-fundamental demand shocks and the other by fundamental 

demand shocks. These two types of flows exhibit distinct return predictability patterns due to 

the different underlying information they reflect, emphasizing the importance of decomposing 

ETF flows. Our empirical analysis supports the model’s predictions. Using recent ETF data, 

                                           
1 Ben-David et al. (2018) discuss the variation in arbitrage activity due to various market frictions, such as the bid-ask spread 

and stock lending fees. 
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which largely does not overlap with previous studies, we find that ETF flows driven by non-

fundamental demand shocks exhibit significant return predictability over long horizons – at 

daily, weekly, and monthly intervals. In contrast, flows driven by fundamental demand shocks 

show return predictability only over short horizons at the daily level. Furthermore, we 

demonstrate that the decomposed flows associated with non-fundamental demand shocks 

exhibit more pronounced negative return predictability over long horizons than aggregate ETF 

flows. Our findings provide empirical evidence that the speed of price reversals caused by non-

fundamental demand shocks slows over time, with reversals occurring over periods of one year 

or longer, particularly at the monthly level. Both our theoretical and empirical findings 

highlight that fundamental demand shocks are indeed reflected in ETF flows and that their 

influence cannot be ignored, underscoring the critical importance of flow decomposition in 

ETF flow analysis. These findings complement prior literature, which has largely overlooked 

fundamental demand shocks and suggest that both fundamental and non-fundamental demand 

shocks can be observed through ETF flows. 

Second, we explore the value of ETF flows as indicators of demand shocks in 

underlying asset markets. For ETFs to serve as effective observational tools for demand shocks, 

there should be common movements across fund flows in ETFs tracking the same index. While 

previous studies are limited by the lack of multiple ETFs tracking the same indices, the current 

ETF markets provide a more suitable environment for such analysis. We analyze five major 

market indices replicated by numerous ETFs and find that ETF flows driven by non-

fundamental demand shocks show low commonality across ETFs tracking the same index at 

the daily level but higher commonality at the monthly level. In contrast, ETF flows driven by 

fundamental demand shocks exhibit high flow commonality even at the daily level, consistent 

with the predictions of our theoretical model. Although the number of significantly correlated 
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pairs decreases at the monthly level, the commonality of monthly ETF flows driven by 

fundamental demand shocks remains higher than at the daily level. These findings suggest that 

daily ETF flows contain not only information about demand shocks in underlying asset markets 

but also significant noise from other factors, such as individual ETFs’ liquidity conditions and 

the arbitrage decisions of APs. As ETF flows are aggregated over longer periods, the common 

movements across flows become clearer, indicating that ETF flows should be analyzed at 

monthly or longer intervals to effectively capture information about demand shocks in 

underlying asset markets. We emphasize the distinct differences in flow commonality between 

fundamental and non-fundamental flows, highlighting ETF flows as signals of demand shocks. 

To our knowledge, no prior research has explored the commonality of ETF flow, making our 

findings a novel contribution to the literature on ETF flows and their signaling properties. We 

believe our results will not only deepen the understanding of ETF flows but also provide 

practical insights for policymakers, financial institutions, and asset managers by offering 

guidance on how to interpret ETF flows in underlying asset markets.2 

This paper is organized as follows: Section 2 presents the theoretical framework and 

develops the hypotheses related to ETF flows. Section 3 describes the data and variables used 

in the study. Section 4 discusses the empirical results, and Section 5 concludes. 

 

2. Theoretical background 

 In this section, we modify the ETF trading model of Brown, Davies, and Ringgenberg 

(2021) (hereafter BDR model) to explain how ETF flows reflect information about both 

                                           
2 The only study related to fund flow commonality is the working paper by Nguyen and Rakowski (2023), which examines 

commonality in mutual fund flows. 
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fundamental and non-fundamental demand shocks. The primary distinction between our model 

and the BDR model is that we incorporate information from fundamental demand shocks, in 

addition to non-fundamental shocks. The BDR model argues that fundamental demand shocks 

do not create mispricing because both ETF prices and NAVs share the same fundamental value, 

and thus no arbitrage opportunities arise from these shocks. Based on this reasoning, the BDR 

model asserts that ETF flows are driven solely by non-fundamental demand shocks and 

analyzes return predictability using aggregate flows without decomposing them. However, 

differences in liquidity can lead to varying responses from ETFs and their underlying asset 

markets to fundamental demand shocks. Under this scenario, arbitrage opportunities arising 

from the fundamental demand shocks may emerge and eventually be reflected in ETF flows. 

Then, using aggregate flows to test return predictability is inappropriate for analyzing the term 

structure of non-fundamental demand shocks. 

 How could information about fundamental demand shocks be reflected in ETF flows? 

Shiller (2003) explains that investors may overreact or underreact to fundamental changes due 

to behavioral biases. Similarly, Brown, Davies, and Ringgenberg (2021) suggest that 

fundamental demand shocks can lead to over- or under-reactions in both ETFs and NAVs. 

These arguments imply that part of the price pressure observed in ETFs and NAVs is driven by 

fundamental demand shocks. Furthermore, Israeli, Lee, and Sridharan (2017) demonstrate that 

ETFs, being more liquid than their underlying securities, are more attractive to uninformed 

traders, making them potentially more susceptible to demand-driven shocks than the 

underlying assets. Ben-David, Franzoni, and Moussawi's (2018) price discovery hypothesis 

further suggests that ETFs and NAVs respond differently to fundamental shocks. Previous 

studies indicate that ETFs tend to react more quickly to fundamental demand shocks, while the 

underlying assets may not fully reflect these shocks immediately due to lower trading volumes 
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and liquidity constraints. As a result, over- or under-reactions to fundamental demand shocks 

manifest differently in ETFs and NAVs. These discrepancies, in turn, lead to arbitrage activity 

by APs, which reflects information about fundamental demand shocks in ETF flows. 

Before detailing our model, we briefly outline the sequence of events in the ETF trade 

model. We construct a four-period model where 𝑇 = 0, 𝑇 = 1, 𝑇 = 2, and 𝑇 = 𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚 

represent different time points. At 𝑇 = 0, both the ETF price and NAV are aligned with the 

initial fundamental value. At 𝑇 = 1, both a non-fundamental demand shock and a fundamental 

demand shock are realized. At 𝑇 = 2, arbitrage activity by APs occurs due to the mispricing 

between the ETF price and NAV that arose from the demand shocks at 𝑇 = 1. Finally, at 𝑇 =

𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚, the NAV converges to a new fundamental value, which incorporates both the 

initial fundamental value from 𝑇 = 0 and the fundamental shock realized at 𝑇 = 1. Figure 1 

visualizes four scenarios based on the ETF’s sensitivity to the demand shocks. High sensitivity 

indicates that the ETF exhibits greater volatility compared to the NAV, while low sensitivity 

means the ETF shows less volatility compared to the NAV. The top half of the figure represents 

the case of a non-fundamental demand shock occurs, while the bottom half represents the case 

of a fundamental demand shock. 

[Figure 1 here] 

We now provide a detailed explanation of each point in time. First, at 𝑇 = 0, the ETF 

price, NAV, and fundamental value satisfy the following equation. 

𝑝0 = 𝜋0 = 𝛺0, (1) 

where 𝑝𝑡, 𝜋𝑡, and 𝛺𝑡 are indicate the ETF price, NAV, and fundamental value at time 𝑡, 

respectively. At 𝑇 = 0, the market is in a stable state before any demand shocks are realized. 

During this period, the ETF price, NAV, and fundamental value are equal, indicating that the 
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market is in equilibrium. At 𝑇 = 1, both a non-fundamental demand shock and a fundamental 

demand shock occur, affecting the ETF price and NAV. The ETF price and NAV at time 𝑇 =

1 are governed by the following equations. 

𝛺1 = 𝛺0 + 𝑤𝑓,   𝑤𝑓~𝑁(0, 𝜎𝑓
2), 

(2) 𝑝1 = 𝛺1 + 𝜀𝑒𝑡𝑓 + 𝛾𝑒𝑡𝑓𝑤𝑓,   𝜀𝑒𝑡𝑓~𝑁(0, 𝜎𝑒
2), 

𝜋1 = 𝛺1 + 𝜀𝑛𝑎𝑣 + 𝛾𝑛𝑎𝑣𝑤𝑓,   𝜀𝑛𝑎𝑣~𝑁(0, 𝜎𝑛
2), 

where 𝑤𝑓 is the fundamental demand shock, while 𝜀𝑒𝑡𝑓 and 𝜀𝑛𝑎𝑣 are the non-fundamental 

demand shocks affecting the ETF and NAV, respectively. The parameters 𝛾𝑒𝑡𝑓  and 𝛾𝑛𝑎𝑣 

capture the over- or under-reaction of investors to the fundamental demand shocks. Our model 

is a generalized ETF trading model, accounting for the possibility that aggregate ETF flows 

may include portions driven by fundamental demand shocks. In this setup, we separate the 

variation caused by fundamental demand shocks from the overall demand shocks, ensuring that 

𝑤𝑓 is independent of both 𝜀𝑛𝑎𝑣 and 𝜀𝑒𝑡𝑓 (𝐶𝑜𝑣(𝑤𝑓 , 𝜀𝑛𝑎𝑣) = 𝐶𝑜𝑣(𝑤𝑓 , 𝜀𝑛𝑎𝑣) = 0). We omit 

time subscripts for simplicity because demand shocks only occur at 𝑇 = 1. 

 According to equation (2), the mispricing between the ETF price and NAV at 𝑇 = 1, 

denoted as 𝜇1, and the fundamental mispricing between the NAV and the fundamental value, 

denoted as 𝜑1, are defined as follows. 

𝜇1 = 𝑝1 − 𝜋1 = 𝜀𝑒𝑡𝑓 − 𝜀𝑛𝑎𝑣 + (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓, (3) 

𝜑1 = 𝜋1 − 𝛺1 = 𝜀𝑛𝑎𝑣 + 𝛾𝑛𝑎𝑣𝑤𝑓. (4) 

Due to the arbitrage activity of APs at 𝑇 = 2 , ETF flows are generated.3  From 

                                           
3  Events occurring at 𝑇 = 1  and 𝑇 = 2  happen rapidly and repeatedly. To help clarify, our model aims to distinguish 

between the stage of demand shocks realization and arbitrage activities that occur at the intraday level (Bassiouny and Tooma, 

2021; Box et al., 2021). 
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equation (3), we see that the aggregate ETF flow is divided into two orthogonal components: 

𝜀𝑒𝑡𝑓 − 𝜀𝑛𝑎𝑣  and (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓 . We define the ETF flow driven by 𝜀𝑒𝑡𝑓 − 𝜀𝑛𝑎𝑣 as the 

non-fundamental flow and the ETF flow driven by (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓 as the fundamental flow. 

We can estimate the relationship between non-fundamental flow, fundamental flow, and the 

fundamental mispricing that occurs at 𝑇 = 1  as shown in equation (4). This estimated 

relationship provides insight into the return predictability of both fundamental and non-

fundamental flows as the NAV converges to the latent fundamental value at 𝑇 = 𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚. 

Let 𝜌 represent the correlation coefficient between 𝜀𝑛𝑎𝑣 and 𝜀𝑒𝑡𝑓. Then, equations (5) and 

(6) illustrate the relationships between non-fundamental flow and fundamental mispricing, and 

between fundamental flow and fundamental mispricing, respectively. 

𝐶𝑜𝑣(−𝜑1, 𝜀𝑒𝑡𝑓 − 𝜀𝑛𝑎𝑣  ) = 𝐶𝑜𝑣(−(𝜀𝑛𝑎𝑣 + 𝛾𝑛𝑎𝑣𝑤𝑓), 𝜀𝑒𝑡𝑓 − 𝜀𝑛𝑎𝑣 ) 

= −𝐶𝑜𝑣(𝜀𝑛𝑎𝑣, 𝜀𝑒𝑡𝑓) + 𝜎𝑛
2 = 𝜎𝑛(𝜎𝑛 − 𝜌𝜎𝑒), 

(5) 

𝐶𝑜𝑣(−𝜑1, (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓 ) = 𝐶𝑜𝑣(−(𝜀𝑛𝑎𝑣 + 𝛾𝑛𝑎𝑣𝑤𝑓), (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓 ) 

= −𝛾𝑛𝑎𝑣(𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝜎𝑓
2. 

(6) 

Based on equations (5) and (6), we emphasize that there is a distinct difference in the 

return predictability of fundamental and non-fundamental flows. This distinction strongly 

supports the need to separate aggregate flows to analyze the term structures of demand shocks 

more accurately. From equation (5), we find that when the condition 𝜎𝑛 < 𝜌𝜎𝑒 holds, the non-

fundamental flow exhibits negative return predictability. This condition is consistent with the 

one established by the BDR model, where 𝜌 = 1 and 𝜎𝑛 < 𝜎𝑒, and can be considered a more 

general case. As mentioned earlier, prior studies suggest that ETFs’ liquidity advantage enables 

them to respond more quickly and significantly to non-fundamental demand shocks. Therefore, 

it is expected that non-fundamental flows exhibit negative return predictability. In contrast, 
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from equation (6), we see that the direction of return predictability for fundamental flows is 

determined by the coefficients 𝛾𝑛𝑎𝑣 and 𝛾𝑒𝑡𝑓, which remain largely obscured. This formula 

presents one of the primary objectives of this study: exploring the return predictability of 

fundamental flows. 

Our ETF trade model highlights that if the return predictability of non-fundamental 

flows differs significantly from that of fundamental flows, then analyzing the aggregate flows 

may yield results that differ substantially from those obtained using decomposed flows. In 

situations where most variables are unobservable, how can we empirically isolate fundamental 

flow from aggregate flow using observable factors? We propose a simple method to decompose 

aggregate ETF flows, drawing from our theoretical framework. The basic idea is to utilize the 

common term 𝑤𝑓 , which represents fundamental demand shocks, in conjunction with the 

observable and relatively stable value – NAV return. Equation (7) expresses the observable 

value of NAV returns, denoted as ∆𝜋.4 

∆𝜋 = 𝜋1 − 𝜋0 = 𝛺1 + 𝜀𝑛𝑎𝑣 + 𝛾𝑛𝑎𝑣𝑤𝑓 − 𝛺0 = 𝜀𝑛𝑎𝑣 + (1 + 𝛾𝑛𝑎𝑣)𝑤𝑓. (7) 

First, we estimate the portion of the aggregate flow that can be explained by NAV 

returns. 

𝐶𝑜𝑣(𝜀𝑒𝑡𝑓−𝜀𝑛𝑎𝑣+(𝛾𝑒𝑡𝑓−𝛾𝑛𝑎𝑣)𝑤𝑓,𝜀𝑛𝑎𝑣+(1+𝛾𝑛𝑎𝑣)𝑤𝑓)

𝑉𝑎𝑟(𝜀𝑛𝑎𝑣+(1+𝛾𝑛𝑎𝑣)𝑤𝑓)
=

(1+𝛾𝑛𝑎𝑣)(𝛾𝑒𝑡𝑓−𝛾𝑛𝑎𝑣)𝜎𝑓
2+𝜎𝑛(𝜌𝜎𝑒−𝜎𝑛)

(1+𝛾𝑛𝑎𝑣)2𝜎𝑓
2+𝜎𝑛

2 = 𝛾. (8) 

Based on the conventional understanding that the magnitude of non-fundamental 

demand shocks affecting NAV is relatively small, we can deduce that the estimated value, 𝛾, 

approximates (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)/(1 + 𝛾𝑛𝑎𝑣). Second, we multiply the estimated value, 𝛾, by the 

                                           
4 Since the size of underlying asset markets is significantly larger than that of the ETFs, the price pressure resulting from 

arbitrage activity is substantially greater for ETFs. Therefore, we assume for the sake of computational convenience that the 

ETF price converges to the NAV, given that the impact of arbitrage activity on NAV is relatively small. For more detailed 

information related to this, please refer to https://www.ishares.com/us/insights/global-etf-facts-q1-2024. 

https://www.ishares.com/us/insights/global-etf-facts-q1-2024
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NAV return. The resulting value is as follows. 

𝛾∆𝜋 ≈
(𝛾𝑒𝑡𝑓−𝛾𝑛𝑎𝑣)

(1+𝛾𝑛𝑎𝑣)
{𝜀𝑛𝑎𝑣 + (1 + 𝛾𝑛𝑎𝑣)𝑤𝑓} = (𝛾𝑒𝑡𝑓 − 𝛾𝑛𝑎𝑣)𝑤𝑓 +

(𝛾𝑒𝑡𝑓−𝛾𝑛𝑎𝑣)

(1+𝛾𝑛𝑎𝑣)
𝜀𝑛𝑎𝑣. (9) 

Equation (9) shows that multiplying 𝛾  by the NAV return yields a form of the 

fundamental flow with some added noise. Since 𝜀𝑛𝑎𝑣 is relatively small, the resulting value 

from this calculation closely approximates the fundamental flow. While this method introduces 

some noise into the exact measurement of the fundamental flow, it provides an efficient 

approximation using observable factors in an ETF trade model where most variables are 

unobservable. In the remainder of this paper, we empirically explore the decomposition of 

aggregate flows into fundamental and non-fundamental components, based on the theoretical 

framework outlined above, and analyze their characteristics and term structures. 

 

3. Data and flow decomposition 

3.1. U.S. ETF sample 

We evaluate the return predictability of fundamental flows and non-fundamental flows 

using data from the U.S. market, which has the largest and most diverse range of ETFs globally. 

Our empirical analysis focused on non-leveraged passive equity ETFs listed on the U.S. market. 

To gather the necessary information, we merge data from multiple sources. Daily ETF prices, 

shares outstanding, and NAVs are collected from Bloomberg, which is widely recognized for 

providing the most accurate ETF data (Ben-David, Franzoni, and Moussawi, 2018; Xu, Yin, 

and Zhao, 2022). We also obtain ETF identification details, such as inception dates and CUSIP 

numbers. The daily AUM for each ETF is calculated as the product of daily NAV and daily 

shares outstanding. We compute the daily aggregate ETF flow as described in equation (10). 
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𝐴𝐹𝑖,𝑡 =
𝑆ℎ𝑎𝑟𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡−𝑆ℎ𝑎𝑟𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡−1

𝑆ℎ𝑎𝑟𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡−1
, (10) 

where 𝐴𝐹𝑖,𝑡 and 𝑆ℎ𝑎𝑟𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡 are the aggregate ETF flow and shares outstanding 

at time 𝑡, respectively. Additionally, we collect data on the daily buy value, sell value (both in 

dollars), and the dollar value-weighted percent effective spread from the NYSE Trade and 

Quote (TAQ) Millisecond Tools.5 The daily dollar trading volume is calculated as the sum of 

the daily buy value and sell values. Using the ‘Daily TAQ CRSP Link’ provided by Wharton 

Research Data Services, we merge the Bloomberg data with TAQ data by matching 

Bloomberg’s CUSIP numbers with TAQ’s identifier, ‘sym_root.’ To calculate risk-adjusted 

NAV returns, we collect daily, weekly, and monthly data on the risk-free rate, market excess 

return, SMB, and HML factors from Ken French’s Data Library.6 We exclude all observations 

with missing values. Given that data on odd-lot trading, which significantly impacts market 

characteristics (O'Hara, Yao, and Ye 2014), only started being recorded in the TAQ database on 

December 9, 2013, we collect data from January 1, 2014, to December 31, 2023. This period 

offers a rich dataset, covering significant market events such as the end of quantitative easing 

in the U.S., China’s economic slowdown, the COVID-19 pandemic, and the Russo-Ukrainian 

War. Notably, our sample period does not significantly overlap with those of prior studies on 

ETF flows,7 and it is particularly relevant due to the rapid expansion in the number and size 

of ETFs following the COVID-19 pandemic.8 

                                           
5 These variables are constructed and provided by the TAQ database using the Lee and Ready (1991) algorithm. More detailed 

information can be found in the TAQ Daily Manual. 

6 Detailed information is described in https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 

7 Sample period of Ben-David, Franzoni, and Moussawi (2018) spans from 2000 to 2015. Sample period of Brown, Davies, 

and Ringgenberg (2021) spans from 2007 to 2016. Sample period of Xu, Yin, and Zhao (2022) spans from 2001 to 2016. 

8 According to a report by the Statista Research Department in 2024, the number of ETFs listed in the U.S. increased from 

902 in 2010 to 2,235 in 2020, marking a rise of 1,333 over the decade. In contrast, the number grew by 1,008 in just three 

years, reaching 3,243 in 2023. 

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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To construct the final sample for our empirical analysis, we apply the data filtering 

procedure outlined by Xu, Yin, and Zhao (2022). First, we exclude all ETFs with a survival 

period of less than 2.5 years (504 trading days). Second, we remove flow data from the first 

six months following each ETF’s inception to avoid unstable flow patterns during the early life 

cycle (Broman and Shum, 2018). Lastly, we only include ETFs where non-zero fund flows 

account for more than 20% of their trading history. As a result, our final sample consists of 336 

actively traded, non-leveraged passive equity ETFs listed on the U.S. market. 

 

3.2 Flow decomposition 

 In Section 2, we introduce a method for separating fundamental flow using NAV 

returns. In this section, we explain how to empirically apply that method. To estimate daily 

fundamental flow and daily non-fundamental flow, we employ the following regression model. 

𝐴𝐹𝑖,𝑡 = 𝛽𝑖,0 + 𝛽𝑖,1𝑟𝑖,𝑡 + 𝜀𝑖,𝑡. (11) 

In equation (11), 𝑟𝑖,𝑡 represents the NAV returns at time 𝑡 and the constant term 

accounts for fixed fund flows that occur in the ETF market independently of demand shocks.9 

To avoid look-ahead bias, we apply a 1-year rolling window approach for each ETF, estimating 

the 𝛽𝑖,1 coefficient at each time point. The estimated coefficient multiplied by NAV returns 

defines the fundamental flow. Non-fundamental flow is then defined as the aggregate flow 

minus both the fundamental flow and the constant term. 

 Table 1 reports the summary statistics and pairwise correlations for aggregate flow, 

                                           
9 We also conducted the decomposition using a model without a constant term. The resulting fundamental flow and non-

fundamental flow are found to have correlations of 0.999 and 0.999, respectively, with those estimated from the model with a 

constant term. This indicates that the inclusion or exclusion of the constant term in the regression model has negligible impact 

on the decomposed flows. 
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fundamental flow, and non-fundamental flow. The results indicate that a large portion of the 

aggregate flow consists of non-fundamental flow, with a high correlation between the two 

flows. This finding aligns with our expectation that fundamental flow, which is driven by 

fundamental demand shocks, represents a relatively smaller portion of the total flow compared 

to non-fundamental flow. It is important to note that fundamental flow, reflects only the visible 

part of the fundamental demand shock, much like the ‘tip of the iceberg’. Therefore, the small 

proportion of fundamental flow in aggregate flow does not imply that the impact of 

fundamental demand shocks is small. Rather, it suggests that we should pay attention to even 

small variations in fundamental flows. Moreover, the correlation between fundamental flow 

and non-fundamental flow is -0.053, which is extremely low, indicating that the two 

decomposed flows exhibit the theoretical characteristics we described. This further underscores 

the importance of separating these flows to more accurately analyze the term structures of 

demand shocks. 

[Table 1 here] 

 Figure 2 displays the cross-sectional averages of the daily estimated fundamental flow, 

non-fundamental flow, and 𝛽𝑖,1 (hereafter referred to as sensitivity to NAV returns) for each 

ETF. The lower part of Figure 2 shows that the cross-sectional average of the estimated 

coefficients is positive, indicating that ETFs tend to exhibit a stronger response to fundamental 

demand shocks. This heightened sensitivity, similar to the larger response to non-fundamental 

demand shocks, likely arises from the greater liquidity of ETFs compared to their underlying 

assets. Furthermore, the sensitivity appears to decrease following the COVID-19 pandemic. 

[Figure 2 here] 

 We also investigate whether this trend is evident in the leading ETFs that track various 
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major indices. Figure 3 displays the daily fundamental flow, non-fundamental flow, and 

sensitivity for the top four ETFs (excluding sector ETFs) in our sample, ranked by daily dollar 

trading volume.10 Notably, despite differences in the underlying indices tracked by these ETFs, 

the sensitivity trend is consistent with the pattern observed in Figure 2. From these results, we 

infer that the sharp increase in the number of ETFs following the COVID-19 pandemic has 

contributed to a decrease in the sensitivity of individual ETFs. This can be interpreted as the 

effect of multiple ETFs emerging to track similar underlying asset markets, causing the over- 

or under-reaction to fundamental demand shocks to be spread across several ETFs. 

[Figure 3 here] 

 

4. Empirical Results 

4.1 Panel regression 

 To investigate the return predictability of fundamental and non-fundamental flows, we 

examine the relationship between decomposed ETF flows at daily, weekly, and monthly levels 

and future NAV returns using panel regression analysis. We estimate the following panel 

regression models. 

𝑟𝑖,𝑡+ℎ = 𝛽0 + 𝛽1𝐹𝐹𝑖,𝑡 + 𝛽2𝑋𝑖,𝑡
′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, (12) 

𝑟𝑖,𝑡+ℎ = 𝛽0 + ∑ 𝛽1,𝑑𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡
𝑝
𝑑=2 + 𝛽2𝑋𝑖,𝑡

′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, (13) 

𝑟𝑖,𝑡+ℎ = ∑ 𝑟𝑖,𝑘
𝑡+ℎ
𝑘=𝑡+1 , (14) 

where 𝑟𝑖,𝑡  denotes the NAV returns of ETF 𝑖  at time 𝑡 , and 𝐹𝐹𝑖,𝑡  represents the flow 

                                           
10 Among the top six ETFs by trading volume, the Financial Select Sector SPDR Fund (ETF Ticker: XLF) and the VanEck 

Gold Miners ETF (ETF Ticker: GDX) are sector ETFs. 
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variable, indicating either fundamental flow or non-fundamental flow.11 𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡 is a 

decile (or quintile) dummy variable, which equals 1 if ETF 𝑖 falls into the 𝑑-th decile (or 

quintile) group based on the fund flow at time 𝑡; otherwise, it equals 0. 𝑝 is 10 for decile 

dummies and 5 for quintile dummies. Hereafter, we will refer to each quantile group simply as 

‘Decile d’ for deciles and ‘Quintile d’ for quintiles. Since we obtained similar results using 

quintile dummies, the main manuscript reports the results only for decile dummies.12 

 We derive results at both the ETF level and the portfolio level using equations (12) and 

(13).13  𝑋𝑖,𝑡
′   represents a set of control variables, which include two lags of NAV returns, 

logarithmic dollar trading volume, logarithmic AUM, and dollar value-weighted percent 

effective spread. Our models include both time-fixed effects and ETF-fixed effects. When 

constructing weekly variables from daily data, we define the week as starting on Saturday and 

ending on Friday, consistent with the definition used in Ken French’s Data Library, rather than 

based on trading days. This approach ensures consistency in capturing information on a weekly 

basis. For the weekly and monthly variables, we calculate the flow variable as the sum of daily 

values, while the control variables (excluding the two lags of NAV returns) are computed as 

averages. We analyze various horizons, from ℎ = 1  to ℎ = 12,  and to account for 

                                           
11 Although not included in the main text, we also conduct panel regression analysis using both raw returns and risk factor-

adjusted returns through the capital asset pricing model and the Fama-French three-factor model (Fama and French, 1993). 

We obtain similar results with the exception that fundamental flow exhibited long-horizon return predictability at the daily and 

weekly levels when using abnormal returns derived from the Fama-French three-factor model. 

12 The results for the quintile dummy can be found in the Online Appendix. 

13  Since the analysis of the long-short portfolio is deemed less reliable due to the inability to reflect the time-invariant 

characteristics of ETFs, we did not include it in the main text. However, we construct decile portfolios based on the previous 

period’s ETF flow, going long on the portfolio with the highest inflow and short on the portfolio with the lowest inflow, 

creating value-weighted long-short portfolios at daily, weekly, and monthly frequencies for performance analysis. In the case 

of the non-fundamental flow based long-short portfolio, significantly negative Jensen’s (1968) alpha and alpha from the Fama-

French three-factor model (Fama and French, 1993) are observed across all horizons. For the fundamental flow based long-

short portfolio, significantly negative Jensen’s alpha and alpha from the Fama-French three-factor model are noted only in the 

daily portfolio. Detailed results can be found in the Online Appendix. 
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overlapping return periods, we use Driscoll and Kraay’s (1998) standard errors with a lag 

corresponding to the return horizon. We standardize the control variables (excluding the two 

lags of NAV returns) and the flow variables by subtracting the sample mean and dividing by 

the sample standard deviation during the estimation period to estimate the panel regression 

model. 

 Table 2 shows the estimation results at the daily level. Panels A and C display the 

estimated coefficients for fundamental flow and non-fundamental flow, respectively, while 

Panels B and D present the estimated coefficients for the decile dummy variables based on 

fundamental flow and non-fundamental flow, respectively. According to the results in Panels 

A and C, fundamental flow exhibits significantly negative return predictability up to a four-

day horizon, whereas non-fundamental flow shows significantly negative return predictability 

for all horizons beyond the one-day horizon. In both cases, the coefficients follow a monotonic 

trend: for fundamental flow, the absolute value of the coefficients begins to decrease after the 

three-day horizon, while non-fundamental flow reaches its largest negative coefficient at the 

12-day horizon. In Panels B and D, the estimated coefficients for the decile dummy variables 

represent the differences from Decile 1. By examining the coefficient estimates for Decile 10, 

we can assess the differences between the highest inflow group and the lowest inflow group. 

In Panel B, Decile 10 exhibits a significantly larger negative return compared to Decile 1 for 

horizons up to two days (e.g., at ℎ = 2, an annualized return of -2.73%). In Panel D, Decile 

10 shows a significantly larger negative return compared to Decile 1 for all horizons beyond 

two days (e.g., at ℎ = 12, an annualized return of -2.06%).14 

                                           
14 In the analysis using quintile dummy variables, the estimated coefficient for Quintile 5 shows significance for fundamental 

flow up to the three-day horizon, while for non-fundamental flow, significance is observed for all horizons beyond the three-



20 

 

[Table 2 here] 

Table 2 provides empirical evidence that fundamental flow is associated with short-

horizon negative return predictability, while non-fundamental flow exhibits long-horizon 

negative return predictability. Notably, despite the substantial influence of noise beyond 

demand shocks at the daily level, non-fundamental flow demonstrates significant price 

reversals and long-horizon negative return predictability over approximately seven days. This 

suggests that even at the daily level, ETF flows effectively reflect information about demand 

shocks and reveal the daily structure of non-fundamental demand shocks. 

 Table 3 presents the estimation results at the weekly level. Panels A and B show that 

weekly fundamental flow does not exhibit significant return predictability at any horizon. This 

lack of predictability suggests that the fundamental mispricing caused by fundamental demand 

shocks dissipates within a week, preventing weekly fundamental flow from demonstrating 

long-term predictive power. In contrast, Panel C shows that non-fundamental flow exhibits 

significantly negative return predictability for all horizons up to nine weeks, except for the 

four-week and eight-week horizons. Additionally, Panel D reveals that Decile 10 exhibits 

significantly larger negative returns compared to Decile 1 at nearly all horizons, except for the 

three-week horizon (e.g., at ℎ = 12, an annualized return of -1.89%).15 

[Table 3 here] 

 Table 4 reports the estimation results at the monthly level. Panels A and B show that, 

similar to the findings at the weekly level in Table 3, fundamental flow does not exhibit any 

                                           

day horizon. 

15 In the results for the quintile dummy, Quintile 5 exhibits significantly larger negative returns compared to Quintile 1 across 

all horizons. 



21 

 

significant predictive power. In contrast, Panel C shows that non-fundamental flow 

demonstrates significantly negative return predictability for all horizons beyond the three-

month horizon. Additionally, Panel D reveals that for all horizons after the two-month horizon, 

Decile 10 exhibits significantly larger negative returns compared to Decile 1 (e.g., at ℎ = 12, 

annualized return of -2.10%).16 The results for non-fundamental flow in Table 4 indicate that 

monthly non-fundamental demand shocks lead to price reversals lasting nearly a year or longer. 

Furthermore, the coefficients follow a monotonic trend, consistent with the expected behavior 

of price reversals due to fundamental mispricing. These findings suggest that fundamental 

mispricing arising from non-fundamental demand shocks in underlying asset markets 

undergoes a slow and continuous convergence process. Ultimately, non-fundamental flow 

effectively captures information about non-fundamental demand shocks in underlying asset 

markets, illustrating the gradual convergence of fundamental mispricing. 

[Table 4 here] 

 Theoretical and empirical results from our study provide the following key 

implications: Aggregate ETF flow can be decomposed into two orthogonal components, 

fundamental flow and non-fundamental flow, each with distinct return predictability. This 

decomposition is critical because aggregate flow includes fundamental flow, which lacks long-

horizon return predictability. As a result, using aggregate flow as a signal for non-fundamental 

demand shocks misrepresents the true term structure of non-fundamental demand shocks (in 

the absence of fundamental demand shocks). 

To examine whether aggregate flow accurately captures the long-term convergence of 

                                           
16  The results for the quintile dummy indicate that for all horizons beyond the four-month horizon, Quintile 5 shows 

significantly larger negative returns compared to Quintile 1. 
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fundamental mispricing driven by non-fundamental demand shocks, we estimate coefficients 

for aggregate flow using our panel regression model and compare its return predictability to 

that of the decomposed flows. Figure 4 displays the estimated coefficients and 90% confidence 

intervals from equation (12) for aggregate flow, fundamental flow, and non-fundamental flow 

at daily, weekly, and monthly levels.17 The first row shows the results for daily fund flows, the 

second row for weekly flows, and the third row for monthly flows. Each row is arranged from 

left to right, showing the results for aggregate flow, fundamental flow, and non-fundamental 

flow. 

[Figure 4 here] 

 According to the results in the first row of Figure 4, at the daily level, there is no 

significant difference in the return predictability of future NAV returns between aggregate flow 

and non-fundamental flow. However, in the second row, at the weekly level, aggregate flow 

shows significant predictability only at the one-week and two-week horizons, with smaller 

coefficient magnitudes compared to non-fundamental flow. This difference becomes more 

pronounced over longer horizons, as the magnitude of coefficients for weekly aggregate flow 

gradually decreases, while that for weekly non-fundamental flow increases monotonically. The 

third row, showing results at the monthly level, highlights a stark contrast between aggregate 

flow and non-fundamental flow. Monthly aggregate flow exhibits significantly negative return 

predictability only between the four-month and six-month horizons, with coefficient 

magnitudes starting to shrink from the five-month horizon onward. In contrast, monthly non-

fundamental flow exhibits significantly negative return predictability for all horizons beyond 

                                           
17 We display the figures instead of tables for a clear and visually striking comparison. Detailed tabular results for the figures 

can be found in the Online Appendix. 
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the three-month horizon, with coefficients remaining stable up to the 12-month horizon. The 

overall difference in coefficient magnitude is striking: at the 12-month horizon, the predicted 

future NAV return difference between aggregate flow and non-fundamental flow, when each 

increases by one standard deviation, is 15.6 basis points. Moreover, the 90% confidence 

intervals for long-horizon non-fundamental flow are noticeably narrower than those for long-

horizon aggregate flow. 

We also compare the coefficients of the quantile dummies. For monthly aggregate flow, 

fundamental flow, and non-fundamental flow, we construct quintile and decile dummies, 

respectively, and estimate equation (13) to determine the coefficients for Quintile 5 and Decile 

10.18 The estimation results are displayed in Figure 5. The first row of Figure 5 reports the 

coefficients for Quintile 5, while the second row shows the coefficients for Decile 10, with 

error bars representing the 90% confidence intervals. Figure 5 clearly illustrates the significant 

differences in future return predictability between aggregate flow and non-fundamental flow. 

In the first row, for quintile dummies based on aggregate flow, Quintile 1 and Quintile 5 exhibit 

significant negative return differences at long horizons beyond the four-month mark. However, 

at the 12-month horizon, the coefficient for aggregate flow is -0.871 (t-statistic is -1.742), 

compared to -1.404 (t-statistic is -3.240) for non-fundamental flow, highlighting a substantial 

difference between the two flows. This difference becomes even more pronounced in the Decile 

10 comparison. For aggregate flow, there is almost no significant return difference between 

Decile 1 and Decile 10, whereas non-fundamental flow continues to exhibit a monotonic trend, 

with a clearer return difference beyond the two-month horizon. At the 12-month horizon, the 

                                           
18 For the daily and weekly levels, constructing quintile and decile portfolios based on aggregate flow results in overlapping 

ETFs at the boundary thresholds, making it challenging to properly form portfolio dummy variables. Therefore, the analysis 

is conducted only at the monthly level. 
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coefficient for Decile 10 based on aggregate flow is -1.083 (t-statistic is -1.366), while for non-

fundamental flow, it is -2.097 (t-statistic is -3.227).  

[Figure 5 here] 

If fund flows effectively capture information about non-fundamental demand shocks, 

the process of fundamental mispricing convergence should be reflected in return predictability. 

However, our empirical findings suggest that aggregate flow does not exhibit the typical price 

reversal pattern associated with non-fundamental demand shocks, as the significance of the 

quantile dummy coefficients diminishes and no clear monotonic trend emerges. In contrast, the 

non-fundamental flow extracted through our decomposition process effectively reflects the 

term structure of non-fundamental demand shocks, as demonstrated by the results in Figures 4 

and 5. 

 We also investigate whether the return predictability of ETF flows varies over time, 

considering the significant changes in the information about fundamental demand shocks 

reflected in ETF flows around 2019 (see Figures 2 and 3), and the sharp increase in both the 

number and size of ETFs. Figure 6 displays the daily total AUM and the average illiquidity of 

our ETF sample, measured by the dollar-weighted percent effective spread, over the entire 

period. Since there is an inverse relationship between the illiquidity measure and liquidity, a 

lower value of the illiquidity measure indicates higher liquidity. Figure 6 shows a steady 

increase in ETF AUM and liquidity, with a particularly notable shift around 2019. The ability 

of ETFs to effectively reflect non-fundamental demand shocks in underlying asset markets is 

largely attributed to their high liquidity compared to underlying asset markets. If ETF liquidity 

is low, it might hinder the quick and accurate reflection of non-fundamental demand shocks, 

making the signaling power of ETF flows less clear. This suggests that the clarity of the 
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information contained in ETF flows may differ between the past and present. Moreover, mutual 

fund flows, which serve as substitutes for ETFs, also reflect non-fundamental demand (Edelen, 

1999; Barber, Odean, and Zheng, 2005; Frazzini and Lamont, 2008). When mutual funds were 

still dominant, the information reflected in ETF flows may have been more dispersed. However, 

as more funds have shifted from mutual funds to ETFs,19 and with the growing number of 

ETFs, their interactions, and higher liquidity, ETF flows today are likely better at capturing 

demand shocks in underlying asset markets. Consequently, we expect that the return reversals 

observed through ETF flows to become more pronounced over time, which we further explore 

through a subperiod analysis. 

[Figure 6 here] 

 Figure 7 presents the estimation results from equation (12), comparing the period 

before 2019 (before January 1, 2019) with the period after 2019 (starting January 1, 2019). 

Since the results for daily, weekly, and monthly flow show similar trends, we report only the 

monthly flow results. The results are organized from top to bottom, showing aggregate flow, 

fundamental flow, and non-fundamental flow, with the left side representing the period before 

2019 (‘Pre-2019’) and the right side representing the period after 2019 (‘Post-2019’).  

[Figure 7 here] 

The findings indicate that, before 2019, most flows do not exhibit significant return 

predictability. However, in the period after 2019, non-fundamental flow shows significantly 

negative return predictability across all horizons. For aggregate flow, there is no significant 

predictability beyond the four- and five-month horizons in the post-2019 period, and the 

                                           
19 See, https://insight.factset.com/etf-trends-familiar-direction-but-bigger. 

https://insight.factset.com/etf-trends-familiar-direction-but-bigger
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magnitude of the coefficients is also smaller compared to non-fundamental flow, returning to 

near zero at longer horizons. From Figure 7, we observe a marked difference in return 

predictability between aggregate flow and non-fundamental flow. The term structure displayed 

by aggregate flow does not significantly capture the characteristics of return reversals caused 

by fundamental mispricing. In contrast, non-fundamental flow exhibits significant changes in 

both the significance and magnitude of the estimated coefficients around 2019, indicating that 

increased accessibility to ETFs allows non-fundamental demand shocks in underlying asset 

markets to be more effectively reflected in ETF flows. 

 

4.2 Flow commonality 

 In panel regression analysis, we examine the future asset return predictability of 

fundamental and non-fundamental flows, comparing these with aggregate flow and analyzing 

how their behavior differs between the past and present. Our empirical results indicate that, on 

average, non-fundamental flow exhibits significantly negative return predictability over long 

horizons, while fundamental flow exhibits insignificant return predictability. Notably, at the 

monthly frequency, price reversals caused by non-fundamental demand shocks last for a year 

or more. We suggest that non-fundamental flows more effectively capture information about 

non-fundamental demand shocks in underlying asset markets compared to aggregate flows. 

Building on this, it is essential to address several key questions: Is there commonality in the 

flows of individual ETFs tracking the same index? At what frequency should flows be observed 

to accurately capture real demand shocks? And do fund flows in leading ETFs exhibit a high 

correlation with those in other ETFs? Answering these questions is crucial for understanding 

the value of ETF flows as an observational tool for demand shocks. 
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 In the past, the limited number of actively traded ETFs tracking the same index 

restricted analysis of flow commonality. However, today, numerous ETFs track several well-

known major market indices, providing an appropriate environment to analyze the flow 

dynamics among ETFs that track the same index. To address the questions above, we collect 

additional data on global ETFs listed on exchanges worldwide that track five major indices: 

S&P 500, NASDAQ 100, EUROSTOXX 50, FTSE 100, and DAX using Bloomberg.20 We 

gather daily NAV and shares outstanding for these global ETFs over our sample period and 

apply the same methodology from Section 3 to estimate aggregate, fundamental, and non-

fundamental flows. 

 Figure 8 visually represents the annual number of global ETFs tracking each index 

before applying the ETF filtering process from Section 3. All five indices are tracked by 

numerous ETFs, with the number of ETFs tracking the S&P 500 and NASDAQ 100 indices 

increasing sharply after 2019. This surge likely reflects the strong global performance of the 

U.S. market, driving higher demand for ETFs tracking these indices. After filtering, the final 

number of ETFs used for analysis is 34 for the S&P 500 index, 13 for the NASDAQ 100 index, 

10 for the EUROSTOXX 50 index, five for the FTSE 100 index, and seven for the DAX index. 

These include well-known ETFs such as the SPDR S&P 500 Trust ETF, Vanguard S&P 500 

ETF, and iShares Core S&P 500 ETF for the S&P 500 index, and the Invesco QQQ Trust for 

the NASDAQ 100 index. 

[Figure 8 here] 

                                           
20 We use the underlying index tickers provided by Bloomberg to select global ETFs tracking each index. For the S&P 500 

index, we use ‘SPX,’ ‘SPXT,’ ‘SPTR,’ and ‘SPTR500N’; for the NASDAQ 100 index, ‘NDX’ and ‘XNDX’; for the 

EUROSTOXX 50 index, ‘SX5T’ and ‘SX5E’; for the FTSE 100 index, ‘UKX,’ ‘TUKXG,’ and ‘UKXNUK’; and for the DAX 

index, ‘DAX’ and ‘DAXNR.’ 
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 To estimate the commonality in ETF flows, we use pairwise correlations a regression-

based commonality estimation method widely used in finance. Following Chordia, Roll, and 

Subrahmanyam (2000), Karolyi, Lee, and Van Dijk (2012), Dang, Moshirian, and Zhang 

(2015), and Brockman, Chung, and Snow (2023), we estimate the following regression model 

for each ETF and use the R-squared as a measure of flow commonality. 

𝐹𝐹𝑖,𝑡 = 𝑐0 + 𝑐1𝐹𝐹𝑚,𝑡−1 + 𝑐2𝐹𝐹𝑚,𝑡 + 𝑐3𝐹𝐹𝑚,𝑡+1 + 𝜀𝑡, (15) 

where 𝐹𝐹𝑖,𝑡 represents the ETF flow (aggregate flow, fundamental flow, or non-fundamental 

flow) for ETF 𝑖 at time 𝑡, 𝐹𝐹𝑚,𝑡 is the market ETF flow at time 𝑡. The model includes the 

lagged, concurrent, and lead terms of the market ETF flow. For each underlying index, the 

market ETF flow for ETF 𝑖  is calculated as the equal-weighted average of ETF flows, 

excluding ETF 𝑖. We estimate the pairwise correlations and R-squared values from equation 

(15) using daily, weekly, and monthly flows of the ETFs that track each underlying index. 

Table 5 reports the results on the commonality of aggregate flow. Panels A, B, and C 

correspond to the results for daily, weekly, and monthly flows, respectively. Table 5 shows that 

both the average R-squared and the average absolute correlation increase from daily flows to 

monthly flows, suggesting that flow commonality strengthens as the observation frequency 

decreases. The lower commonality in daily ETF flows can be attributed to APs’ arbitrage 

decisions, which are heavily influenced by individual ETF characteristics, such as liquidity, at 

the daily level. When ETF flows are aggregated over longer time frames, this limit to arbitrage 

effect diminishes, allowing information from underlying asset markets to be more effectively 

reflected in ETF flows. Notably, this pattern is consistent across all underlying indices. 

[Table 5 here] 

 Table 6 reports the results on the commonality of fundamental flow. Similar to 
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aggregate flow, the results show that as we move to monthly flows, both the average R-squared 

values and the average absolute correlations increase. However, despite the increase in 

commonality at the monthly level, the number of significantly correlated pairs decreases. For 

fundamental flow, high levels of commonality are evident even at the daily level, and the 

significance of pairwise correlations remains strong across all underlying indices. This high 

commonality in fundamental flow is driven by ETFs’ relative sensitivity to fundamental 

demand shocks, as the underlying indices are unified. The key takeaway here is that the time-

varying sensitivity of individual ETFs moves in a highly similar manner. 

[Table 6 here] 

 Table 7 reports the results on the commonality of non-fundamental flow. Although 

aggregate and non-fundamental flows are highly correlated, they differ in terms of 

commonality. This difference likely arises because aggregate flow contains information on 

fundamental flow, which exhibits different commonality characteristics from non-fundamental 

flow. In the case of the S&P 500 and NASDAQ 100 indices, which are tracked by many ETFs, 

the average R-squared values and average absolute correlations for weekly and monthly flows 

are higher for non-fundamental flow than for aggregate flow with more significantly correlated 

pairs. For the S&P 500 index in particular, while the number of significantly correlated pairs 

for aggregate flow remains fairly consistent across daily, weekly, and monthly flows (as shown 

in Table 5), this number increases noticeably for non-fundamental flow when moving from 

daily to monthly frequencies. Since non-fundamental flow is influenced by both APs’ arbitrage 

decisions and the specific non-fundamental demand shocks affecting individual ETFs, which 

are impacted by limits to arbitrage, non-fundamental flows should show stronger common 

movements over longer periods, assuming they effectively reflect non-fundamental demand 

shocks effectively.  
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[Table 7 here] 

Our commonality analysis suggests that decomposed non-fundamental flow more 

accurately captures information about non-fundamental demand shocks compared to aggregate 

flow. Observing non-fundamental flow at the monthly level provides more accurate insights 

into non-fundamental demand shocks in underlying asset market than daily observations. 

 To further investigate whether leading ETFs play a dominant role in ETF flow 

dynamics, we examine the correlation between the decomposed flows of the most popular 

ETFs tracking the S&P 500 index and NASDAQ 100 index—namely, the SPDR S&P 500 Trust 

ETF and the Invesco QQQ Trust—and the decomposed flows of other ETFs. Figure 9 displays 

the results for SPDR S&P 500 Trust ETF’s fundamental and non-fundamental flows, followed 

by Invesco QQQ Trust’s fundamental and non-fundamental flows, with red indicating negative 

correlations and blue indicating positive correlations. 

[Figure 9 here] 

As expected, fundamental flows often show high correlations due to their sensitivity 

to fundamental demand shocks. However, non-fundamental flows do not exhibit noticeable 

correlations. This suggests that leading ETFs do not play a dominant role in ETF flow dynamics, 

which aligns with Nguyen and Rakowski's (2023) findings that major U.S. mutual funds do not 

dominate flow commonality. 

 

5. Conclusion 

 ETF flows contain valuable information about both fundamental and non-fundamental 

demand shocks in underlying asset markets. In this study, we make the first attempt to 
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decompose ETF flows into two orthogonal components to separately observe the effects of 

these demand shocks: fundamental flow and non-fundamental flow. We provide both a 

theoretical framework and empirical evidence supporting the use of decomposed ETF flows as 

an observational tool for analyzing fundamental and non-fundamental demand shocks. 

Through this decomposition, we address key research gaps in the term structure of demand 

shocks and the speed of price reversals, as highlighted by Brown, Davies, and Ringgenberg 

(2021). Our theoretical model suggests that fundamental and non-fundamental flows exhibit 

distinct return predictability, necessitating separate consideration. Empirically, we find that 

daily fundamental flow shows short-horizon negative return predictability, while weekly and 

monthly fundamental flows show no significant return predictability. In contrast, non-

fundamental flow demonstrates significant long-horizon negative return predictability at daily, 

weekly, and monthly frequencies. Our findings reveal that fundamental mispricing caused by 

non-fundamental demand shocks tends to revert over an extended period. Specifically, the 

results from monthly non-fundamental flow suggest that price reversals driven by non-

fundamental demand shocks occur over a long horizon, typically one year or more, with the 

speed of reversal gradually decreasing. This price reversal process is more significant and 

prolonged than what is observed through aggregate flow, indicating that non-fundamental flow 

effectively reflects pure information about non-fundamental demand shocks in underlying asset 

markets. 

We also analyze the commonality of ETF flows tracking the same index and find that 

both fundamental and non-fundamental flows exhibit greater commonality at weekly and 

monthly levels compared to daily flows. Leading ETFs play a less dominant role in this 

commonality. We suggest that monthly flows, compared to daily flows, are less affected by 

noise from individual ETF characteristics and APs’ arbitrage decisions. This allows low-
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frequency flows to more effectively capture information from demand shocks. 

Overall, our study emphasizes that ETF flows can serve as a valuable tool for detecting 

demand shocks in underlying asset markets, particularly those that are challenging to observe 

through other means. We hope future research will explore more efficient methods of 

disentangling the various pieces of information embedded within ETF flows. 

 

Supplementary material 

Supplementary data are available. 
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Figure 1. Mechanism of ETF flow 

This figure visualizes four scenarios of our four-period theoretical model based on the sensitivity of the ETF 

to the demand shocks. High (low) sensitivity means that the ETF exhibits greater (smaller) volatility compared 

to the NAV. The above presents the case where a non-fundamental demand shock occurs, and the below 

presents the case where a fundamental demand shock occurs. The dashed line and the solid line indicate ETF 

price and NAV, respectively. At 𝑇 = 0, both the ETF and NAV are aligned with the initial fundamental value. 

At 𝑇 = 1, both non-fundamental demand shock and fundamental demand shock are realized. At 𝑇 = 2, the 
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arbitrage activity by APs occurs due to the mispricing between the ETF price and NAV. At 𝑇 = 𝐿𝑜𝑛𝑔 𝑇𝑒𝑟𝑚, 

the NAV converges to a new fundamental value.  
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Figure 2. Time-varying fundamental flow, non-fundamental flow, and sensitivity 

The top of this figure displays the cross-sectional average of the daily fundamental flow and daily non-

fundamental flow. The black solid line represents fundamental flow, while the gray dashed line represents 

non-fundamental flow. The bottom of this figure presents the cross-sectional average of NAV return’s 
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coefficients, estimated by regressing aggregate flow on NAV returns using a one-year rolling window 

approach. The sample period spans from 2015 to 2023. 
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Figure 3. Time-varying fundamental flow, non-fundamental flow, and sensitivity of leading ETFs 

This figure displays the daily fundamental flow, non-fundamental flow, and sensitivity of the top four ETFs 

(excluding sector ETFs) within our sample, ranked by daily dollar trading volume, over the period from 2015 

to 2023. The black dotted line, black solid line, and gray dashed line represent sensitivity, fundamental flow, 

and non-fundamental flow, respectively. 
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Figure 4. Comparison of return predictability among aggregate flow, fundamental flow, and non-fundamental 

flow 

This figure plots the estimated coefficients and 90% confidence intervals from equation (12) for aggregate 

flow, fundamental flow, and non-fundamental flow at daily, weekly, and monthly levels. The first row displays 

results for the daily fund flows, the second row for the weekly fund flows, and the third row for the monthly 

fund flows, with the results arranged from left to right for aggregate flow, fundamental flow, and non-

fundamental flow. 90% confidence intervals are estimated from Driscoll and Kraay’s (1998) standard errors 

using a lag that corresponds to the return horizon. 
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Figure 5. Portfolio-level comparison of return predictability among aggregate flow, fundamental flow, and 

non-fundamental flow 

We construct quintile and decile dummies for monthly aggregate flow, monthly fundamental flow, and 

monthly non-fundamental flow, and estimate equation (13). The first row of the figure plots the coefficients 

for Quintile 5, while the second row plots the coefficients for Decile 10, with the error bars representing the 

90% confidence intervals. 90% confidence intervals are estimated from Driscoll and Kraay’s (1998) standard 

errors using a lag that corresponds to the return horizon. The left column of the figure presents the results for 

quantile dummies based on aggregate flow, the middle column of the figure presents the results for quantile 

dummies based on fundamental flow, and the right column of the figure presents the results for quantile 

dummies based on non-fundamental flow. 
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Figure 6. The trend of ETF AUM and illiquidity 

This figure displays the daily total AUM and the daily cross-sectional average of illiquidity, measured by the 

dollar-weighted percent effective spread, within our sample over the period from 2015 to 2023. The black 

solid line represents AUM, while the gray dotted line represents illiquidity. 
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Figure 7. Pre-post comparison of return predictability among aggregate flow, fundamental flow, and non-

fundamental flow 

This figure plots the estimated coefficients and 90% confidence intervals from equation (12) for monthly 

aggregate flow, monthly fundamental flow, and monthly non-fundamental flow. Arranged from top to bottom, 

the figure displays results for monthly aggregate flow, followed by monthly fundamental flow, and then 

monthly non-fundamental flow. The left side of the figure presents the estimation period before 2019 (‘Pre-

2019’), while the right side presents the results for the estimation period after 2019 (‘Post-2019’). 90% 

confidence intervals are estimated from Driscoll and Kraay’s (1998) standard errors using a lag that 

corresponds to the return horizon. 
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Figure 8. Annual number of global ETFs tracking the same index 

This figure represents the annual number of global ETFs tracking each index—S&P 500 index, NASDAQ 

100 index, EUROSTOXX 50 index, FTSE 100 index, and DAX index—before applying the ETF filtering 

procedure. 
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Figure 9. Flow correlation between leading ETFs and other ETFs 

The top of this figure displays the correlation of fundamental and non-fundamental flows of SPDR S&P 500 

Trust ETF with those of other ETFs tracking the S&P 500 index. The bottom of this figure displays the 

correlation of fundamental and non-fundamental flows of Invesco QQQ Trust with those of other ETFs 

tracking the NASDAQ 100 index. Each row in the heatmaps represents daily, weekly, and monthly flows, 

respectively. Red indicates a negative correlation, while blue indicates a positive correlation. 
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Table 1. Summary of ETF flows 

This table summarizes the information about daily aggregate flow, fundamental flow, and non-fundamental 

flow. Panel A displays the number of observations (‘Number of Obs’), average (‘Avg’), standard deviation 

(‘Std’), 25th percentile (‘Q25’), median (‘Median’), and 75th percentile (‘Q75’) of daily fund flows. Panel B 

displays the pairwise correlation between ETF flows. 

Panel A. Summary statistics 
 Aggregate Flow Fundamental Flow Non-Fundamental Flow 

Number of Obs 645,775  645,775  645,775  

Avg 0.061% 0.001% -0.015% 

Std 2.369% 0.358% 2.367% 

Q25 0.000% -0.019% -0.170% 

Median 0.000% 0.000% -0.027% 

Q75 0.034% 0.021% 0.102% 
    

Panel B. Pairwise correlations 
 Aggregate Flow Fundamental Flow Non-Fundamental Flow 

Aggregate Flow 1.000      

Fundamental Flow 0.097  1.000    

Non-Fundamental 

Flow 
0.983  -0.053  1.000  
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Table 2. Return predictability of daily ETF flows 

This table reports the estimated coefficients of daily fund flow variables. We estimate the following panel regression models for horizons from ℎ = 1 to ℎ = 12: 

𝑟𝑖,𝑡+ℎ = 𝛽0 + 𝛽1𝐹𝐹𝑖,𝑡 + 𝛽2𝑋𝑖,𝑡
′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = 𝛽0 + ∑ 𝛽1,𝑑𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡
𝑝
𝑑=2 + 𝛽2𝑋𝑖,𝑡

′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = ∑ 𝑟𝑖,𝑘
𝑡+ℎ
𝑘=𝑡+1 , 

where 𝑟𝑖,𝑡 denotes the NAV returns of ETF 𝑖 at time 𝑡, and 𝐹𝐹𝑖,𝑡 represents the flow variable, indicating either fundamental flow or non-fundamental flow. 

𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡 is a decile dummy variable (𝑝 is 10), which equals 1 if ETF 𝑖 falls into the 𝑑-th decile group based on the fund flow at time 𝑡; otherwise, it 

equals 0. 𝑋𝑖,𝑡
′  represents a set of control variables, which include two lags of NAV returns, logarithmic dollar trading volume, logarithmic AUM, and dollar 

value-weighted percent effective spread. The models include both time-fixed effects and ETF-fixed effects. We standardize the control variables (excluding the 

two lags of NAV returns) and flow variables by subtracting the sample mean and dividing by the sample standard deviation during the estimation period to 

estimate the panel regression model. Panels A and C display the estimated coefficients for daily fundamental flow and non-fundamental flow (‘FF’). Panels B 

and D present the estimated coefficients for the decile dummy variables based on daily fundamental flow and non-fundamental flow (‘Decile d’). ***, **, and * 

denote significance levels at 1%, 5%, and 10% based on Driscoll and Kraay’s (1998) standard errors using a lag that corresponds to the return horizon, respectively. 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel A. Daily fundamental flows 

FF 
-0.004*  -0.005*  -0.008*  -0.008*  -0.008  -0.007  -0.002  -0.004  -0.002  -0.001  -0.001  0.000  

(-1.87) (-1.73) (-1.84) (-1.73) (-1.55) (-1.36) (-0.32) (-0.64) (-0.24) (-0.17) (-0.08) (0.05) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.001  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.003  0.003  0.003  
 

            
Panel B. Daily fundamental flow decile dummies 

Decile 2 
-0.017**  -0.021**  -0.019  -0.030**  -0.033**  -0.040**  -0.042**  -0.044**  -0.049**  -0.050*  -0.047*  -0.045  

(-2.40) (-2.01) (-1.46) (-2.04) (-1.96) (-2.17) (-2.04) (-1.97) (-2.05) (-1.93) (-1.72) (-1.56) 

Decile 3 
-0.008  -0.006  -0.002  -0.008  -0.004  -0.008  -0.009  -0.016  -0.017  -0.021  -0.018  -0.020  

(-1.02) (-0.51) (-0.15) (-0.48) (-0.20) (-0.37) (-0.37) (-0.60) (-0.58) (-0.65) (-0.52) (-0.53) 
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Decile 4 
-0.010  -0.008  -0.004  -0.016  -0.018  -0.026  -0.016  -0.033  -0.038  -0.040  -0.041  -0.038  

(-1.08) (-0.63) (-0.26) (-0.84) (-0.79) (-1.03) (-0.58) (-1.07) (-1.11) (-1.10) (-1.07) (-0.93) 

Decile 5 
-0.016*  -0.021  -0.012  -0.024  -0.022  -0.024  -0.019  -0.033  -0.040  -0.043  -0.047  -0.044  

(-1.66) (-1.46) (-0.64) (-1.13) (-0.86) (-0.85) (-0.62) (-0.98) (-1.06) (-1.09) (-1.13) (-0.99) 

Decile 6 
-0.022**  -0.029*  -0.028  -0.045**  -0.046*  -0.052*  -0.036  -0.052  -0.058  -0.058  -0.061  -0.066  

(-2.20) (-1.86) (-1.47) (-2.00) (-1.78) (-1.78) (-1.13) (-1.47) (-1.49) (-1.42) (-1.38) (-1.41) 

Decile 7 
-0.019*  -0.023  -0.024  -0.035*  -0.037  -0.042  -0.031  -0.044  -0.047  -0.045  -0.043  -0.045  

(-1.87) (-1.58) (-1.34) (-1.66) (-1.51) (-1.54) (-1.03) (-1.32) (-1.31) (-1.20) (-1.06) (-1.05) 

Decile 8 
-0.017*  -0.021  -0.019  -0.032*  -0.028  -0.032  -0.023  -0.038  -0.041  -0.039  -0.038  -0.043  

(-1.83) (-1.56) (-1.18) (-1.71) (-1.26) (-1.28) (-0.82) (-1.28) (-1.27) (-1.15) (-1.05) (-1.12) 

Decile 9 
-0.019**  -0.027**  -0.031**  -0.039**  -0.041**  -0.038*  -0.033  -0.043*  -0.046*  -0.048*  -0.046  -0.053*  

(-2.29) (-2.15) (-2.00) (-2.21) (-2.10) (-1.76) (-1.39) (-1.71) (-1.70) (-1.73) (-1.59) (-1.75) 

Decile 10 
-0.018**  -0.022*  -0.025  -0.018  -0.020  -0.017  -0.006  -0.007  -0.006  -0.010  0.003  -0.007  

(-2.05) (-1.73) (-1.58) (-1.01) (-0.98) (-0.82) (-0.27) (-0.28) (-0.23) (-0.36) (0.10) (-0.25) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.001  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.003  0.003  0.003  
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Table 2. (Continued) 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel C. Daily non-fundamental flows 

FF 
-0.002  -0.008**  -0.009**  -0.007*  -0.010**  -0.012**  -0.015**  -0.014***  -0.014***  -0.014**  -0.014**  -0.017**  

(-0.89) (-2.43) (-2.55) (-1.93) (-2.32) (-2.43) (-2.55) (-2.72) (-2.63) (-2.33) (-2.21) (-2.45) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.001  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.003  0.003  0.003  
 

            
Panel D. Daily non-fundamental flow based decile dummies 

Decile 2 
-0.007  -0.019**  -0.017  -0.023  -0.020  -0.020  -0.027  -0.030  -0.037  -0.045*  -0.050*  -0.057*  

(-1.25) (-2.18) (-1.49) (-1.76) (-1.37) (-1.25) (-1.50) (-1.49) (-1.64) (-1.85) (-1.87) (-1.93) 

Decile 3 
-0.006  -0.017*  -0.018  -0.024*  -0.025  -0.032*  -0.040**  -0.043*  -0.050*  -0.055**  -0.059**  -0.066**  

(-0.92) (-1.81) (-1.55) (-1.71) (-1.56) (-1.82) (-2.02) (-1.89) (-1.95) (-1.99) (-1.97) (-2.04) 

Decile 4 
-0.005  -0.019**  -0.022*  -0.025*  -0.017  -0.020  -0.028  -0.026  -0.028  -0.030  -0.034  -0.036  

(-0.84) (-2.01) (-1.77) (-1.73) (-1.03) (-1.04) (-1.34) (-1.12) (-1.09) (-1.07) (-1.13) (-1.11) 

Decile 5 
-0.006  -0.016*  -0.022*  -0.026*  -0.026  -0.028  -0.032  -0.032  -0.043  -0.047  -0.054  -0.054  

(-0.96) (-1.70) (-1.75) (-1.74) (-1.54) (-1.45) (-1.48) (-1.34) (-1.54) (-1.56) (-1.63) (-1.51) 

Decile 6 
-0.008  -0.021**  -0.026**  -0.028*  -0.026  -0.036*  -0.038*  -0.036  -0.046*  -0.056*  -0.062**  -0.064*  

(-1.31) (-2.22) (-2.07) (-1.85) (-1.51) (-1.87) (-1.77) (-1.53) (-1.76) (-1.92) (-1.96) (-1.88) 

Decile 7 
0.003  -0.005  -0.013  -0.020  -0.024  -0.023  -0.033  -0.030  -0.035  -0.041  -0.047  -0.050  

(0.44) (-0.52) (-1.01) (-1.32) (-1.32) (-1.12) (-1.43) (-1.16) (-1.23) (-1.33) (-1.38) (-1.38) 

Decile 8 
-0.001  -0.007  -0.015  -0.021  -0.023  -0.031  -0.045*  -0.047*  -0.056*  -0.067**  -0.072**  -0.080**  

(-0.13) (-0.67) (-1.09) (-1.22) (-1.13) (-1.41) (-1.82) (-1.72) (-1.89) (-2.02) (-2.05) (-2.11) 

Decile 9 
-0.004  -0.017  -0.023  -0.039**  -0.048**  -0.050**  -0.066***  -0.068  -0.078**  -0.089**  -0.098**  -0.103**  

(-0.58) (-1.61) (-1.58) (-2.30) (-2.42) (-2.21) (-2.63) (-2.43) (-2.47) (-2.56) (-2.57) (-2.47) 

Decile 10 
-0.003  -0.019  -0.028*  -0.032*  -0.043**  -0.054**  -0.059**  -0.059**  -0.076**  -0.084**  -0.091**  -0.099**  

(-0.45) (-1.62) (-1.81) (-1.71) (-2.04) (-2.26) (-2.23) (-2.00) (-2.27) (-2.27) (-2.33) (-2.33) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.001  0.002  0.002  0.002  0.002  0.002  0.002  0.002  0.003  0.003  0.003  0.003  
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Table 3. Return predictability of weekly ETF flows 

This table reports the estimated coefficients of weekly fund flow variables. We estimate the following panel regression models for horizons from ℎ = 1 to ℎ =
12: 

𝑟𝑖,𝑡+ℎ = 𝛽0 + 𝛽1𝐹𝐹𝑖,𝑡 + 𝛽2𝑋𝑖,𝑡
′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = 𝛽0 + ∑ 𝛽1,𝑑𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡
𝑝
𝑑=2 + 𝛽2𝑋𝑖,𝑡

′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = ∑ 𝑟𝑖,𝑘
𝑡+ℎ
𝑘=𝑡+1 , 

where 𝑟𝑖,𝑡 denotes the NAV returns of ETF 𝑖 at time 𝑡, and 𝐹𝐹𝑖,𝑡 represents the flow variable, indicating either fundamental flow or non-fundamental flow. 

𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡 is a decile dummy variable (𝑝 is 10), which equals 1 if ETF 𝑖 falls into the 𝑑-th decile group based on the fund flow at time 𝑡; otherwise, it 

equals 0. 𝑋𝑖,𝑡
′  represents a set of control variables, which include two lags of NAV returns, logarithmic dollar trading volume, logarithmic AUM, and dollar 

value-weighted percent effective spread. The models include both time-fixed effects and ETF-fixed effects. We standardize the control variables (excluding the 

two lags of NAV returns) and flow variables by subtracting the sample mean and dividing by the sample standard deviation during the estimation period to 

estimate the panel regression model. Panels A and C display the estimated coefficients for weekly fundamental flow and non-fundamental flow (‘FF’). Panels B 

and D present the estimated coefficients for the decile dummy variables based on weekly fundamental flow and non-fundamental flow (‘Decile d’). ***, **, and * 

denote significance levels at 1%, 5%, and 10% based on Driscoll and Kraay’s (1998) standard errors using a lag that corresponds to the return horizon, respectively. 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel A. Weekly fundamental flows 

FF 
0.003  0.016  0.015  0.017  0.005  -0.004  -0.007  -0.009  -0.007  -0.012  -0.016  -0.022  

(0.24) (0.83) (0.62) (0.67) (0.15) (-0.15) (-0.27) (-0.32) (-0.21) (-0.39) (-0.51) (-0.82) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.002  0.003  0.004  0.005  0.007  0.008  0.008  0.010  0.011  0.012  0.014  0.014  
 

            
Panel B. Weekly fundamental flow based decile dummies 

Decile 2 -0.014  -0.043  -0.048  -0.096  -0.087  -0.095  -0.115  -0.148  -0.126  -0.092  -0.104  -0.159  
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(-0.46) (-0.91) (-0.81) (-1.43) (-1.05) (-0.99) (-1.05) (-1.28) (-0.97) (-0.67) (-0.72) (-1.04) 

Decile 3 
-0.010  0.004  -0.029  -0.074  -0.045  -0.045  -0.074  -0.077  -0.066  -0.063  -0.113  -0.134  

(-0.26) (0.07) (-0.42) (-0.94) (-0.46) (-0.40) (-0.58) (-0.56) (-0.42) (-0.38) (-0.64) (-0.72) 

Decile 4 
-0.037  -0.043  -0.052  -0.137  -0.118  -0.124  -0.156  -0.152  -0.147  -0.101  -0.115  -0.153  

(-0.94) (-0.76) (-0.71) (-1.64) (-1.11) (-1.02) (-1.18) (-1.07) (-0.92) (-0.60) (-0.63) (-0.77) 

Decile 5 
-0.018  -0.030  -0.088  -0.152  -0.132  -0.168  -0.176  -0.210  -0.202  -0.184  -0.185  -0.243  

(-0.42) (-0.45) (-1.08) (-1.63) (-1.13) (-1.23) (-1.21) (-1.29) (-1.11) (-0.94) (-0.91) (-1.11) 

Decile 6 
-0.038  -0.035  -0.078  -0.154  -0.144  -0.147  -0.172  -0.173  -0.163  -0.134  -0.124  -0.157  

(-0.83) (-0.52) (-0.91) (-1.48) (-1.12) (-1.05) (-1.16) (-1.06) (-0.88) (-0.68) (-0.59) (-0.70) 

Decile 7 
-0.024  0.005  -0.020  -0.082  -0.098  -0.128  -0.161  -0.163  -0.173  -0.151  -0.182  -0.232  

(-0.56) (0.08) (-0.25) (-0.91) (-0.87) (-1.03) (-1.19) (-1.10) (-1.00) (-0.83) (-0.95) (-1.13) 

Decile 8 
0.001  0.025  0.007  -0.067  -0.084  -0.114  -0.124  -0.134  -0.138  -0.121  -0.114  -0.157  

(0.02) (0.40) (0.09) (-0.79) (-0.82) (-0.97) (-0.95) (-0.93) (-0.86) (-0.70) (-0.63) (-0.85) 

Decile 9 
-0.048  -0.069  -0.050  -0.133*  -0.178*  -0.185*  -0.223**  -0.225*  -0.233*  -0.239*  -0.277*  -0.318**  

(-1.25) (-1.25) (-0.72) (-1.77) (-1.86) (-1.76) (-1.97) (-1.80) (-1.72) (-1.67) (-1.87) (-2.15) 

Decile 10 
0.052  0.067  0.061  0.061  -0.028  -0.043  -0.027  -0.017  -0.029  -0.043  -0.105  -0.130  

(1.21) (1.04) (0.81) (0.68) (-0.27) (-0.36) (-0.21) (-0.12) (-0.18) (-0.26) (-0.63) (-0.73) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.002  0.003  0.004  0.005  0.007  0.007  0.008  0.010  0.011  0.012  0.014  0.014  
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Table 3. (Continued) 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel C. Weekly non-fundamental flows 

FF 
-0.028**  -0.036**  -0.034*  -0.034  -0.043*  -0.043**  -0.043*  -0.035  -0.046*  -0.044  -0.048  -0.044  

(-2.43) (-2.31) (-1.68) (-1.64) (-1.89) (-1.99) (-1.87) (-1.39) (-1.71) (-1.44) (-1.53) (-1.16) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.002  0.003  0.004  0.005  0.007  0.008  0.009  0.010  0.011  0.012  0.014  0.014  
 

            
Panel D. Weekly non-fundamental flow based decile dummies 

Decile 2 
-0.044  -0.059  -0.065  -0.120*  -0.135*  -0.171**  -0.267***  -0.293***  -0.307***  -0.323***  -0.317***  -0.364***  

(-1.45) (-1.49) (-1.25) (-1.76) (-1.81) (-2.24) (-3.10) (-3.16) (-3.04) (-3.12) (-2.82) (-3.00) 

Decile 3 
-0.065**  -0.120***  -0.137**  -0.180**  -0.231**  -0.306***  -0.370***  -0.387***  -0.431***  -0.477***  -0.506***  -0.567***  

(-2.19) (-2.60) (-2.14) (-2.30) (-2.56) (-3.30) (-3.60) (-3.57) (-3.63) (-3.72) (-3.59) (-3.62) 

Decile 4 
-0.049  -0.076  -0.099  -0.134*  -0.168*  -0.227**  -0.289***  -0.289***  -0.318***  -0.319***  -0.318**  -0.372***  

(-1.56) (-1.63) (-1.60) (-1.70) (-1.89) (-2.44) (-2.88) (-2.83) (-2.98) (-2.69) (-2.50) (-2.69) 

Decile 5 
-0.049  -0.044  -0.065  -0.106  -0.162*  -0.200**  -0.252**  -0.268**  -0.288**  -0.315**  -0.360**  -0.426**  

(-1.62) (-0.98) (-1.09) (-1.37) (-1.69) (-1.99) (-2.26) (-2.27) (-2.35) (-2.36) (-2.37) (-2.58) 

Decile 6 
-0.054*  -0.067  -0.090  -0.131  -0.155  -0.180*  -0.243**  -0.235*  -0.253**  -0.275**  -0.300**  -0.390**  

(-1.66) (-1.41) (-1.42) (-1.59) (-1.61) (-1.71) (-2.07) (-1.95) (-2.03) (-2.02) (-2.04) (-2.38) 

Decile 7 
-0.063**  -0.093*  -0.113*  -0.167**  -0.211**  -0.251**  -0.292**  -0.291**  -0.326**  -0.344**  -0.388**  -0.463***  

(-2.02) (-1.93) (-1.73) (-2.02) (-2.18) (-2.39) (-2.53) (-2.39) (-2.46) (-2.33) (-2.40) (-2.66) 

Decile 8 
-0.077**  -0.099**  -0.122*  -0.170*  -0.219**  -0.221*  -0.282**  -0.294**  -0.300**  -0.345**  -0.402**  -0.478***  

(-2.37) (-1.97) (-1.78) (-1.88) (-2.09) (-1.92) (-2.23) (-2.17) (-2.07) (-2.19) (-2.41) (-2.62) 

Decile 9 
-0.066*  -0.097*  -0.151**  -0.210**  -0.255**  -0.314***  -0.382***  -0.374***  -0.401***  -0.426***  -0.469***  -0.565***  

(-1.81) (-1.83) (-2.04) (-2.17) (-2.31) (-2.71) (-3.04) (-2.84) (-2.98) (-2.93) (-2.99) (-3.33) 

Decile 10 
-0.089**  -0.111*  -0.132  -0.190*  -0.221*  -0.243*  -0.325**  -0.314**  -0.355**  -0.374**  -0.399**  -0.453**  

(-2.17) (-1.75) (-1.57) (-1.94) (-1.92) (-1.90) (-2.33) (-2.06) (-2.18) (-2.14) (-2.13) (-2.20) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.002  0.003  0.004  0.005  0.007  0.008  0.009  0.010  0.011  0.012  0.014  0.015  
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Table 4. Return predictability of monthly ETF flows 

This table reports the estimated coefficients of monthly fund flow variables. We estimate the following panel regression models for horizons from ℎ = 1 to ℎ =
12: 

𝑟𝑖,𝑡+ℎ = 𝛽0 + 𝛽1𝐹𝐹𝑖,𝑡 + 𝛽2𝑋𝑖,𝑡
′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = 𝛽0 + ∑ 𝛽1,𝑑𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡
𝑝
𝑑=2 + 𝛽2𝑋𝑖,𝑡

′ + 𝛼𝑖 + 𝛿𝑡 + 𝜀𝑖,𝑡+ℎ, 

𝑟𝑖,𝑡+ℎ = ∑ 𝑟𝑖,𝑘
𝑡+ℎ
𝑘=𝑡+1 , 

where 𝑟𝑖,𝑡 denotes the NAV returns of ETF 𝑖 at time 𝑡, and 𝐹𝐹𝑖,𝑡 represents the flow variable, indicating either fundamental flow or non-fundamental flow. 

𝑄𝑈𝐴𝑁𝑇𝐼𝐿𝐸𝑖,𝑑,𝑡 is a decile dummy variable (𝑝 is 10), which equals 1 if ETF 𝑖 falls into the 𝑑-th decile group based on the fund flow at time 𝑡; otherwise, it 

equals 0. 𝑋𝑖,𝑡
′  represents a set of control variables, which include two lags of NAV returns, logarithmic dollar trading volume, logarithmic AUM, and dollar 

value-weighted percent effective spread. The models include both time-fixed effects and ETF-fixed effects. We standardize the control variables (excluding the 

two lags of NAV returns) and flow variables by subtracting the sample mean and dividing by the sample standard deviation during the estimation period to 

estimate the panel regression model. Panels A and C display the estimated coefficients for monthly fundamental flow and non-fundamental flow (‘FF’). Panels 

B and D present the estimated coefficients for the decile dummy variables based on monthly fundamental flow and non-fundamental flow (‘Decile d’). ***, **, and 
* denote significance levels at 1%, 5%, and 10% based on Driscoll and Kraay’s (1998) standard errors using a lag that corresponds to the return horizon, 

respectively. 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel A. Monthly fundamental flows 

FF 
-0.029  -0.030  -0.069  -0.078  0.011  0.028  0.034  0.005  -0.019  -0.067  -0.130  -0.192  

(-0.66) (-0.53) (-1.10) (-1.02) (0.13) (0.27) (0.29) (0.05) (-0.16) (-0.54) (-0.91) (-1.32) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.006  0.011  0.017  0.023  0.028  0.033  0.038  0.043  0.048  0.054  0.060  0.065  
 

            
Panel B. Monthly fundamental flow based decile dummies 
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Decile 2 
-0.261**  -0.312  -0.580***  -0.802***  -0.730***  -0.863***  -1.000***  -1.105***  -0.943**  -0.936**  -0.962*  -1.112*  

(-1.97) (-1.43) (-2.96) (-4.30) (-3.25) (-3.27) (-3.06) (-2.84) (-2.08) (-2.07) (-1.82) (-1.85) 

Decile 3 
-0.210  -0.108  -0.079  -0.199  0.000  -0.100  -0.113  -0.169  -0.152  -0.327  -0.510  -0.694  

(-1.46) (-0.49) (-0.35) (-0.80) (-0.00) (-0.25) (-0.23) (-0.30) (-0.25) (-0.52) (-0.73) (-0.94) 

Decile 4 
-0.178  -0.269  -0.327  -0.463  -0.078  -0.121  -0.050  -0.198  -0.111  -0.171  -0.390  -0.583  

(-1.09) (-1.08) (-1.43) (-1.82) (-0.23) (-0.29) (-0.09) (-0.32) (-0.16) (-0.24) (-0.50) (-0.78) 

Decile 5 
-0.204  -0.186  -0.256  -0.316  0.039  0.035  -0.010  -0.033  -0.242  -0.398  -0.646  -0.854  

(-1.12) (-0.65) (-1.03) (-1.16) (0.12) (0.11) (-0.02) (-0.07) (-0.46) (-0.70) (-1.01) (-1.26) 

Decile 6 
-0.286*  -0.315  -0.356  -0.473**  -0.163  -0.205  -0.083  -0.011  -0.061  -0.210  -0.413  -0.564  

(-1.84) (-1.30) (-1.60) (-2.05) (-0.69) (-0.73) (-0.22) (-0.03) (-0.12) (-0.41) (-0.70) (-0.96) 

Decile 7 
-0.355**  -0.429*  -0.448*  -0.547**  -0.251  -0.388  -0.383  -0.384  -0.247  -0.339  -0.327  -0.566  

(-2.20) (-1.71) (-1.92) (-2.07) (-0.80) (-1.06) (-0.81) (-0.73) (-0.42) (-0.55) (-0.47) (-0.76) 

Decile 8 
-0.270*  -0.272  -0.220  -0.394  -0.195  -0.298  -0.198  -0.296  -0.265  -0.459  -0.691  -0.772  

(-1.73) (-1.11) (-0.89) (-1.38) (-0.58) (-0.75) (-0.36) (-0.50) (-0.42) (-0.75) (-0.95) (-1.10) 

Decile 9 
-0.229  -0.257  -0.326  -0.422  -0.281  -0.458  -0.468  -0.598  -0.593  -0.896*  -0.922  -0.995  

(-1.22) (-1.03) (-1.46) (-1.44) (-0.84) (-1.16) (-0.91) (-1.07) (-1.05) (-1.73) (-1.59) (-1.61) 

Decile 10 
-0.292  -0.377  -0.703*  -0.451  -0.375  -0.513  -0.702  -0.678  -0.514  -0.728*  -0.719  -0.803  

(-1.34) (-1.24) (-1.71) (-1.03) (-0.78) (-1.07) (-1.26) (-1.21) (-1.08) (-1.72) (-1.51) (-1.64) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.007  0.013  0.020  0.026  0.031  0.037  0.041  0.046  0.050  0.055  0.060  0.065  
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Table 4. (Continued) 

  h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=9 h=10 h=11 h=12 

Panel C. Monthly non-fundamental flows           

FF 
-0.014  -0.066  -0.104  -0.195*  -0.269**  -0.270**  -0.279**  -0.241*  -0.294**  -0.261**  -0.255*  -0.280*  

(-0.35) (-1.00) (-1.36) (-1.90) (-2.03) (-2.06) (-2.21) (-1.69) (-2.09) (-2.01) (-1.82) (-1.95) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.006  0.011  0.017  0.023  0.029  0.034  0.038  0.043  0.049  0.054  0.060  0.065  
 

            
Panel D. Monthly non-fundamental flow based decile dummies        

Decile 2 
-0.337**  -0.593**  -0.570*  -0.745*  -0.998**  -0.789  -0.736  -0.685  -0.749  -0.893*  -0.958*  -1.044*  

(-2.49) (-2.56) (-1.91) (-1.93) (-2.02) (-1.53) (-1.30) (-1.22) (-1.33) (-1.75) (-1.77) (-1.80) 

Decile 3 
-0.229*  -0.480**  -0.502  -0.672  -0.966*  -0.731  -0.617  -0.692  -0.835  -0.850  -0.976*  -0.851  

(-1.76) (-2.13) (-1.60) (-1.55) (-1.82) (-1.37) (-1.05) (-1.26) (-1.51) (-1.63) (-1.76) (-1.42) 

Decile 4 
-0.176  -0.540**  -0.711**  -1.006**  -1.332**  -1.340**  -1.321**  -1.255*  -1.435**  -1.460**  -1.561**  -1.384*  

(-1.12) (-2.20) (-2.34) (-2.33) (-2.40) (-2.28) (-2.09) (-1.90) (-2.22) (-2.21) (-2.33) (-1.95) 

Decile 5 
-0.197  -0.467*  -0.571  -0.775*  -1.123**  -1.012  -1.034  -1.162  -1.348*  -1.328*  -1.425*  -1.455*  

(-1.19) (-1.80) (-1.64) (-1.70) (-1.97) (-1.63) (-1.44) (-1.55) (-1.82) (-1.75) (-1.78) (-1.68) 

Decile 6 
-0.220  -0.378  -0.481  -0.749  -1.121**  -1.149*  -1.104  -1.103  -1.323*  -1.293*  -1.241*  -1.206  

(-1.37) (-1.35) (-1.33) (-1.57) (-1.97) (-1.81) (-1.57) (-1.50) (-1.74) (-1.74) (-1.70) (-1.54) 

Decile 7 
-0.143  -0.323  -0.494  -0.762*  -1.083**  -1.023*  -1.021  -1.145*  -1.322**  -1.322**  -1.281*  -1.218*  

(-0.88) (-1.20) (-1.60) (-1.75) (-2.09) (-1.84) (-1.58) (-1.70) (-2.01) (-2.02) (-1.85) (-1.65) 

Decile 8 
-0.181  -0.305  -0.540  -0.904**  -1.206**  -1.146*  -1.110  -1.140  -1.383*  -1.491**  -1.567**  -1.368*  

(-1.11) (-1.13) (-1.59) (-2.00) (-2.12) (-1.86) (-1.57) (-1.53) (-1.89) (-2.05) (-2.08) (-1.78) 

Decile 9 
-0.226  -0.457*  -0.583  -0.947**  -1.232**  -1.222**  -1.201**  -1.254**  -1.529***  -1.684***  -1.759***  -1.653***  

(-1.40) (-1.66) (-1.64) (-2.11) (-2.23) (-2.12) (-1.99) (-2.03) (-2.65) (-2.89) (-2.90) (-2.70) 

Decile 10 
-0.200  -0.483  -0.778**  -0.992**  -1.474***  -1.596***  -1.701***  -1.658***  -1.953***  -1.949***  -2.007***  -2.097***  

(-1.02) (-1.60) (-2.08) (-2.23) (-2.61) (-2.77) (-2.94) (-2.81) (-3.28) (-3.70) (-3.42) (-3.23) 

Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.007  0.013  0.020  0.026  0.033  0.038  0.042  0.046  0.052  0.056  0.061  0.066  
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Table 5. Flow commonality of aggregate flows 

This table reports the flow commonality estimated by R-squared from a regression model and pairwise 

correlation of aggregate flows in ETFs tracking the same index. For each ETF, we estimate the R-squared 

using the following regression model: 

𝐹𝐹𝑖,𝑡 = 𝑐0 + 𝑐1𝐹𝐹𝑚,𝑡−1 + 𝑐2𝐹𝐹𝑚,𝑡 + 𝑐3𝐹𝐹𝑚,𝑡+1 + 𝜀𝑡, 

where 𝐹𝐹𝑖,𝑡 represents aggregate flow in ETF 𝑖 at time 𝑡, 𝐹𝐹𝑚,𝑡 is market ETF flow at time 𝑡. For each 

underlying index, when calculating the market ETF flow for ETF 𝑖, we use the equal-weighted average of the 

ETF flows, excluding ETF 𝑖. Panels A, B, and C report the results of daily, weekly, and monthly aggregate 

flow, respectively. For each underlying index (S&P 500 index, NASDAQ 100 index, EUROSTOXX 50 index, 

FTSE 100 index, and DAX index), each row presents the number of ETFs (‘N of ETFs’), the average of R-

squared (‘Avg of R2’), the median of R-squared (‘Median of R2’), the standard deviation of R-squared (‘Std of 

R2’), the number of pairs (‘N of Pairs’), the number of positively correlated pairs (‘N of (+)’), the number of 

negatively correlated pairs (‘N of (-)’), and the average of absolute pairwise correlations (‘Avg of Abs’). The 

number of significant pairwise correlations is reported in parentheses. 

  S&P 500 NASDAQ 100 EUROSTOXX 50 FTSE 100 DAX 

Panel A. Daily aggregate flows 

N of ETFs 34  13  10  5  7  

Avg of R2 0.60% 0.50% 0.40% 0.20% 1.20% 

Median of R2 0.50% 0.10% 0.40% 0.20% 0.40% 

Std of R2 0.60% 1.20% 0.30% 0.20% 1.50% 

N of Pairs 546  78  45  10  21  

N of (+) 299 (56) 50 (10) 35 (9) 6 (4) 14 (6) 

N of (-) 247 (31) 28 (2) 10 (1) 4 (0) 7 (0) 

Avg of Abs 0.036  0.047  0.028  0.035  0.044  
      

Panel B. Weekly aggregate flows 

N of ETFs 34  13  10  5  7  

Avg of R2 2.80% 1.60% 3.30% 1.60% 4.60% 

Median of R2 1.90% 0.60% 2.90% 1.40% 2.30% 

Std of R2 3.30% 2.10% 2.40% 0.60% 4.60% 

N of Pairs 546  78  45  10  21  

N of (+) 327 (61) 46 (9) 32 (12) 10 (2) 17 (7) 

N of (-) 219 (21) 32 (3) 13 (1) 0 (0) 4 (0) 

Avg of Abs 0.075  0.093  0.067  0.064  0.104  
      

Panel C. Monthly aggregate flows 

N of ETFs 34  13  10  5  7  

Avg of R2 8.90% 8.70% 9.40% 10.70% 12.90% 

Median of R2 5.40% 4.60% 9.70% 10.00% 12.10% 

Std of R2 12.70% 13.90% 4.50% 5.50% 9.60% 

N of Pairs 546  78  45  10  21  

N of (+) 335 (58) 52 (5) 33 (10) 10 (4) 15 (6) 

N of (-) 211 (31) 26 (3) 12 (1) 0 (0) 6 (1) 

Avg of Abs 0.160  0.185  0.158  0.174  0.185  
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Table 6. Flow commonality of fundamental flows 

This table reports the flow commonality estimated by R-squared from a regression model and pairwise 

correlation of fundamental flows in ETFs tracking the same index. For each ETF, we estimate the R-squared 

using the following regression model: 

𝐹𝐹𝑖,𝑡 = 𝑐0 + 𝑐1𝐹𝐹𝑚,𝑡−1 + 𝑐2𝐹𝐹𝑚,𝑡 + 𝑐3𝐹𝐹𝑚,𝑡+1 + 𝜀𝑡, 

where 𝐹𝐹𝑖,𝑡 represents fundamental flow in ETF 𝑖 at time 𝑡, 𝐹𝐹𝑚,𝑡 is market ETF flow at time 𝑡. For each 

underlying index, when calculating the market ETF flow for ETF 𝑖, we use the equal-weighted average of the 

ETF flows, excluding ETF 𝑖. Panels A, B, and C report the results of daily, weekly, and monthly fundamental 

flow, respectively. For each underlying index (S&P 500 index, NASDAQ 100 index, EUROSTOXX 50 index, 

FTSE 100 index, and DAX index), each row presents the number of ETFs (‘N of ETFs’), the average of R-

squared (‘Avg of R2’), the median of R-squared (‘Median of R2’), the standard deviation of R-squared (‘Std of 

R2’), the number of pairs (‘N of Pairs’), the number of positively correlated pairs (‘N of (+)’), the number of 

negatively correlated pairs (‘N of (-)’), and the average of absolute pairwise correlations (‘Avg of Abs’). The 

number of significant pairwise correlations is reported in parentheses. 

  S&P 500 NASDAQ 100 EUROSTOXX 50 FTSE 100 DAX 

Panel A. Daily fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 2.30% 14.60% 4.90% 2.20% 9.40% 

Median of R2 0.80% 7.50% 3.20% 1.80% 7.90% 

Std of R2 3.40% 23.00% 5.90% 2.00% 6.30% 

N of Pairs 546  78  45  10  21  

N of (+) 287 (217) 39 (20) 21 (19) 5 (4) 11 (9) 

N of (-) 259 (170) 39 (20) 24 (22) 5 (5) 10 (8) 

Avg of Abs 0.195  0.211  0.285  0.302  0.258  
      

Panel B. Weekly fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 3.10% 14.90% 7.10% 5.60% 14.80% 

Median of R2 2.30% 3.90% 5.10% 5.10% 10.70% 

Std of R2 3.40% 25.30% 8.10% 4.00% 9.80% 

N of Pairs 546  78  45  10  21  

N of (+) 296 (221) 38 (31) 21 (16) 4 (4) 12 (8) 

N of (-) 250 (170) 40 (26) 24 (20) 6 (6) 9 (7) 

Avg of Abs 0.288  0.362  0.275  0.314  0.298  
      

Panel C. Monthly fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 23.80% 16.70% 10.00% 13.20% 22.80% 

Median of R2 14.80% 6.50% 8.20% 16.80% 25.50% 

Std of R2 26.80% 24.80% 8.20% 9.80% 19.70% 

N of Pairs 546  78  45  10  21  

N of (+) 308 (161) 40 (23) 21 (9) 4 (3) 13 (10) 

N of (-) 238 (94) 38 (21) 24 (15) 6 (3) 8 (5) 

Avg of Abs 0.310  0.404  0.249  0.350  0.351  
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Table 7. Flow commonality of non-fundamental flows 

This table reports the flow commonality estimated by R-squared from a regression model and pairwise 

correlation of non-fundamental flows in ETFs tracking the same index. For each ETF, we estimate the R-

squared using the following regression model: 

𝐹𝐹𝑖,𝑡 = 𝑐0 + 𝑐1𝐹𝐹𝑚,𝑡−1 + 𝑐2𝐹𝐹𝑚,𝑡 + 𝑐3𝐹𝐹𝑚,𝑡+1 + 𝜀𝑡, 

where 𝐹𝐹𝑖,𝑡 represents non-fundamental flow in ETF 𝑖 at time 𝑡, 𝐹𝐹𝑚,𝑡 is market ETF flow at time 𝑡. For 

each underlying index, when calculating the market ETF flow for ETF 𝑖, we use the equal-weighted average 

of the ETF flows, excluding ETF 𝑖. Panels A, B, and C report the results of daily, weekly, and monthly non-

fundamental flow, respectively. For each underlying index (S&P 500 index, NASDAQ 100 index, 

EUROSTOXX 50 index, FTSE 100 index, and DAX index), each row presents the number of ETFs (‘N of 

ETFs’), the average of R-squared (‘Avg of R2’), the median of R-squared (‘Median of R2’), the standard 

deviation of R-squared (‘Std of R2’), the number of pairs (‘N of Pairs’), the number of positively correlated 

pairs (‘N of (+)’), the number of negatively correlated pairs (‘N of (-)’), and the average of absolute pairwise 

correlations (‘Avg of Abs’). The number of significant pairwise correlations is reported in parentheses. 

  S&P 500 NASDAQ 100 EUROSTOXX 50 FTSE 100 DAX 

Panel A. Daily non-fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 0.60% 0.50% 0.30% 0.30% 1.20% 

Median of R2 0.30% 0.10% 0.30% 0.30% 0.40% 

Std of R2 0.60% 1.20% 0.20% 0.20% 1.50% 

N of Pairs 546  78  45  10  21  

N of (+) 301 (63) 48 (12) 33 (8) 5 (4) 16 (6) 

N of (-) 245 (30) 30 (2) 12 (1) 5 (1) 5 (0) 

Avg of Abs 0.037  0.045  0.028  0.042  0.044  
      

Panel B. Weekly non-fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 3.10% 1.90% 2.80% 2.70% 4.60% 

Median of R2 1.80% 0.90% 2.00% 1.60% 1.80% 

Std of R2 3.30% 2.20% 2.50% 2.30% 4.80% 

N of Pairs 546  78  45  10  21  

N of (+) 347 (79) 46 (15) 31 (12) 6 (2) 17 (6) 

N of (-) 199 (14) 32 (3) 14 (1) 4 (1) 4 (0) 

Avg of Abs 0.080  0.107  0.064  0.081  0.110  
      

Panel C. Monthly non-fundamental flows 

N of ETFs 34  13  10  5  7  

Avg of R2 11.50% 11.20% 7.70% 9.30% 12.40% 

Median of R2 6.40% 7.50% 7.00% 13.10% 8.90% 

Std of R2 13.10% 12.60% 4.30% 5.90% 10.00% 

N of Pairs 546  78  45  10  21  

N of (+) 354 (99) 49 (10) 31 (8) 7 (2) 12 (6) 

N of (-) 192 (21) 29 (1) 14 (1) 3 (1) 9 (0) 

Avg of Abs 0.180  0.196  0.152  0.168  0.184  

 


