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Informational Anchoring and Market Volatility in Agricultural Futures Markets 

Hosung Nam, Jungkeon Jo, and Wonseok Lee 

Abstract 

Public information not only reduces fundamental uncertainty in financial markets; it also coordinates 

dispersed private beliefs around a common reference point. We study this coordinating role in the U.S. corn 

futures market by developing a Bayesian learning framework in which traders form posterior price 

expectations as a weighted average of private priors and the public signal from USDA crop reports. Using 

a novel inverse quantile mapping procedure to extract price expectations from agent-level supply forecasts, 

we estimate that market participants place an average weight of 15 percent on USDA reports relative to 

their private priors. This anchoring weight is highly dynamic. Traders rely less on the public signal when 

USDA forecasts become noisier, and substantially more when private-analyst dispersion rises. Using Local 

Projections with Instrumental Variables (LP-IV), we decompose the effect of each source of uncertainty on 

realized volatility, and uncover a striking asymmetry. Public uncertainty raises volatility primarily by 

weakening the anchor. Private uncertainty, by contrast, does not raise total volatility. Its destabilizing direct 

effect is fully offset by the stabilizing indirect effect of stronger anchoring. The market’s apparent resilience 

to private uncertainty is therefore a product of public information itself.  These findings reveal a trade-off 

facing public agencies between maximizing forecast accuracy and preserving market stability, and show 

that the value of credible public statistics rises with the disorder of private information environments. 

Key words: Public Signal, Informational Anchoring, Bayesian Learning, Price Volatility, Local Projection 

JEL Classification: D83, D84, G14, Q14   
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1. Introduction 

In financial markets, public information not only resolves fundamental uncertainty but also acts as 

a focal point that coordinates market expectations (Morris and Shin, 2002). A large body of 

empirical work in macroeconomics and finance documents this coordination role, building on 

imperfect information models in which agents update beliefs either infrequently due to acquisition 

costs (Mankiw and Reis, 2002) or continuously through signal extraction from noisy data (Sims, 

2003). In both settings, market participants tend to anchor heavily to public signals, producing 

information inertia and the sticky expectations that Coibion and Gorodnichenko (2015) document 

across forecasters and asset classes. 

 This focal point role is exceptionally pronounced in agricultural commodity markets, 

where the public information environment is highly concentrated. A single authoritative source, 

the U.S. Department of Agriculture (USDA), consolidates fundamentals for major commodities 

simultaneously, and its World Agricultural Supply and Demand Estimates (WASDE) report 

commands the field’s informational gravity. This concentrated environment also generates a 

distinct form of informational rigidity. Isengildina-Massa et al. (2017) show that USDA smooths 

its forecast revisions in ways that, while statistically inefficient in narrow terms, sustain credibility 

and stabilize market expectations. A recent systematic review confirms that USDA forecasts 

continue to serve as the benchmark against which market participants evaluate other information 

sources (Isengildina-Massa et al., 2024). Goyal and Adjemian (2023) further suggest that this 

apparent rigidity is a rational response to noisy agricultural production data, and as a result, the 

USDA report effectively anchors the market’s belief structure. 

 If informational anchoring of this kind dominates the agricultural market, how do these 

behavioral mechanisms shape market dynamics and price stability? Previous studies have 
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documented that USDA reports facilitate price discovery (Isengildina-Massa et al., 2008; Karali, 

2012; Adjemian and Irwin, 2018; Karali et al., 2020) and reduce uncertainty (McNew and Espinosa, 

1994; Adjemian, 2012; Goyal and Adjemian, 2021; Cao and Robe, 2022). However, the empirical 

extent of this anchoring behavior, and its consequences for realized volatility, remains relatively 

unexplored. We argue that public information in agricultural commodity markets reduces realized 

volatility not merely through the mechanical resolution of fundamental uncertainty, but by 

inducing market participants to anchor their dispersed private beliefs to a common public signal. 

 To formalize this mechanism, we model participant behavior through a Bayesian learning 

process centered on informational anchoring to public information (Pastor and Veronesi, 2009). In 

our framework, market participants from posterior price expectations as a weighted average of 

their private prior and the public signal from USDA crop reports. The weight placed on the public 

signal—which we define as the informational anchoring parameter—evolves dynamically based 

on the perceived relative precision of public versus private information. 

 Bringing this framework to data from the U.S. corn futures market, we estimate that the 

informational anchoring parameter averages approximately 0.15, indicating that highly 

sophisticated market participants place on a dominant 85 percent weight on their own private 

information. However, this weight moves with prevailing information conditions. Consistent with 

rational Bayesian updating, this anchoring parameter decreases when USDA forecasts become 

more volatile and increases significantly when private uncertainty rises. Market participants rely 

more heavily on the public benchmark precisely when their private models become unreliable. 

 We then address how this anchoring translates into price dynamics. Stronger informational 

anchoring dampens realized volatility. Motivated by the opposing effects of public and private 

information uncertainty, we decompose the total effect of each uncertainty shock on market 
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volatility into a direct channel and an indirect anchoring channel. Public uncertainty raises 

volatility, with this amplification driven predominantly by the indirect channel—that is, by the 

weakening of the public anchor. When private uncertainty surges, by contrast, the total effect on 

volatility is relatively muted. The destabilizing direct effect of private uncertainty is almost entirely 

offset by a stabilizing indirect effect: as private models degrade, participants cluster more tightly 

around the public signal, which suppresses market-wide volatility. The resilience of agricultural 

commodity markets to surges in private uncertainty therefore stems directly from the presence of 

credible public information. USDA’s smoothed information provision and the Bayesian learning 

behavior of market participants jointly establish the USDA crop report as a stabilizing reference 

point that dampens belief dispersion and absorbs idiosyncratic uncertainty in private forecasts. 

 This paper contributes to the literature in three ways. First, to our knowledge, it is the first 

study to empirically quantify the degree of informational anchoring to public signals in agricultural 

futures markets using a Bayesian learning framework. Second, our findings provide a structural 

lens for an otherwise counterintuitive market phenomenon: why surges in external uncertainty do 

not necessarily translate into higher market volatility. By mapping this resilience to the dynamic 

belief updating of market participants, we offer a behavioral mechanism for market stabilization 

that complements existing announcement-effect explanations. Third, our results yield institutional 

implications, highlighting a critical trade-off for public agencies between maximizing forecast 

accuracy and preserving market stability. 

 The rest of the paper is organized as follows. Section 2 establishes the conceptual 

framework of the Bayesian learning model and describes the data and methodology used to 

estimate the informational anchoring parameter. Section 3 presents the dynamic responses of the 

informational anchoring parameter to public and private information uncertainties. Section 4 
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examines the impact of this anchoring parameter on realized volatility, and Section 5 decomposes 

the total effect of uncertainty shocks into direct and indirect channels. Finally, Section 6 discusses 

the economic implications of our findings and offers concluding remarks. 

 

2. Bayesian Learning and Informational Anchoring 

2.1. Conceptual Framework 

We formalize the Bayesian learning process by considering a market participant who updates their 

prior future price (𝑃𝑇 ) expectations in response to a public signal. Let 𝜇𝑡  denote the market’s 

private expectation (prior) and 𝑠𝑡 represents the public signal provided by the USDA report. Under 

the standard Bayesian framework, the posterior expectation is formed as a weighted average: 

𝔼𝑡[𝑃𝑇|𝜇𝑡, 𝑠𝑡] = (1 − 𝜃𝑡)𝜇𝑡 + 𝜃𝑡𝑠𝑡 = 𝜇𝑡 + 𝜃𝑡(𝑠𝑡 − 𝜇𝑡) (1) 

where the weighting factor 𝜃𝑡 , which we define as the degree of informational anchoring, 

represents the perceived reliability of the public signal. The parameter 𝜃𝑡  ranges from 0  to 1 , 

capturing the extent to which market participants anchor their beliefs to public reports. A higher 

value of 𝜃𝑡 indicates that the public signal is perceived as more precise than private information, 

leading to a greater reliance on USDA reports during the belief-updating process.  

A critical property of this Bayesian mechanism is the shrinkage effect, which refers to the 

reduction in the dispersion of beliefs. Mathematically, the variance of the posterior belief is strictly 

smaller than the prior variance 1/𝜏𝜇. Intuitively, as market participants anchor more heavily on a 

reliable public signal (higher 𝜃𝑡), the distribution of their expectations shrinks toward the common 

signal, thereby reducing the idiosyncratic noise and divergence of opinions across the market. For 

example, if both the prior beliefs and the public signal follow normal distributions, such as 

𝑁(𝜇, 𝜎𝜇
2)  and 𝑁(𝑠, 𝜎𝑠

2)  respectively, the posterior precision is given by 𝜏𝑝𝑜𝑠𝑡 = 𝜏𝜇 + 𝜏𝑠 . In this 
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specific case, the posterior variance becomes 𝜎𝑝𝑜𝑠𝑡
2 = 1/(𝜏𝜇 + 𝜏𝑠), which is strictly smaller than 

the prior variance 1/𝜏𝜇, provided the public signal contains non-zero information, 𝜏𝑠 > 0. This 

theoretical shrinkage effect provides the fundamental basis for our hypothesis that stronger 

informational anchoring leads to a significant mitigation of market volatility. 

Following the convention in Bayesian learning, we assume that both the prior beliefs and 

public signals follow normal distributions. This assumption is adopted for analytical tractability 

and intuitive clarity, as it yields a closed-form expression for the informational anchoring 

parameter 𝜃𝑡. Under this normality assumption, 𝜃𝑡 is explicitly defined as the ratio of the signal 

precision 𝜏𝑠 = 1/𝜎𝑠
2 to the total precision 𝜏𝑠 + 𝜏𝜇 = 1/𝜎𝑠

2 + 1/𝜎𝜇
2: 

𝜃𝑡 =
𝜏𝑠

𝜏𝑠 + 𝜏𝜇
=

1/𝜎𝑠
2

1/𝜎𝑠2 + 1/𝜎𝜇2
=

𝜎𝜇
2

𝜎𝑠2 + 𝜎𝜇2
(2) 

 

2.2. Data and Informational Anchoring Identification 

To construct the variables for our Bayesian learning framework, we compile data from three 

primary sources: public information signals, private market expectations, and agricultural futures 

prices. The public information signal is captured using the USDA WASDE ending stock forecasts 

for corn. To represent the private prior, we use proprietary survey data on private analysts’ corn 

ending stock forecasts, collected from the Bloomberg analyst survey. Bloomberg solicits these 

forecasts from agricultural economists and trading firms in the days preceding each WASDE 

release, and aggregates them into a pre-release consensus that traders observe before the public 

report is published. Submission timing is concentrated five to six days before each WASDE release 

(median five days, range zero to seven), which ensures that the private forecasts constitute a prior 

in the Bayesian sense, formed before the public signal arrives.  
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The dataset spans 163 monthly survey rounds from September 2009 to May 2023 and 

includes contributions from 106 different firms over the sample period, with 27.5 analysts 

participating in a typical month. Participating is unbalanced. While a core group of around 24 firms 

appear in at least half of all months, most analysts contribute only intermittently. We structure these 

observations as a pooled cross-section of approximately 4,500 analyst-month forecasts. For the 

market response, we obtain daily closing prices for Chicago Board of Trade (CBOT) corn futures 

contracts from the Bloomberg terminal. To analyze the term structure of market dynamics, we 

collect futures prices across five different maturities, denoted as C1 (nearest) through C5 (farthest). 

 

TABLE 1   Summary Statistics 

Variable Mean Std. dev. Min Max 

USDA Ending Stock Forecast (Mil. bu.) 1649.767 553.2268 602 3323 

Private Ending Stock Forecast (Mil. bu.) 1639.038 564.81 400 3900 

Futures Price C1 (¢/bu) 484.4226 143.3494 319.4125 803.5435 

Futures Price C2 (¢/bu) 485.4017 134.997 324.3875 808.5761 

Futures Price C3 (¢/bu) 484.8862 125.5821 332.5595 809.2174 

Futures Price C4 (¢/bu) 482.1892 114.9144 342 802.6848 

Futures Price C5 (¢/bu) 480.0141 105.0155 354.2381 791.4348 
Note: The sample period covers September 2009 to May 2023. Private forecasts are based on pooled cross-sectional 

surveys of approximately 25 agents per month conducted prior to the WASDE release. 

Source: Authors’ calculations based on data from USDA WASDE reports and the Bloomberg terminal. 

 

 

Table 1 presents the summary statistics for our key variables. The forecast values 

themselves reveal two empirical patterns that motivate our framework. First, the mean private 

forecast (1,639 million bushels) is virtually indistinguishable from the mean WASDE published 

value (1,650 million bushels) over the sample, indicating that the typical analyst is unbiased on 

average and that USDA’s informational advantage over private analysts cannot be read directly 

from forecast levels. Second, the within-month standard deviation across analysts averages 104 

million bushels and ranges from 17 to 337, providing substantial cross-sectional variation in 

private uncertainty that the empirical specification exploits. 
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 To convert production forecasts into price expectations, we match the cross-sectional 

distribution of agent-level monthly forecasts with the time-series distribution of daily futures 

prices within each month. Specifically, for each month, we construct an empirical price distribution 

using all observed daily futures prices. We then apply an inverse quantile mapping procedure: 

agent-level production forecasts are ranked, and those representing higher anticipated supply are 

mapped to the lower quantiles of that month’s realized daily price distribution. Conversely, lower 

supply forecasts are mapped to the higher quantiles of the price distribution. By utilizing the 

realized daily price distribution as the mapping baseline, we grounded the agents’ heterogeneous 

expectations in the prevailing market conditions of the month. 

 Ideally, the Bayesian updating process defined in Equation (1) should be applied directly 

to price expectations. However, both USDA reports and market participants’ forecasts are provided 

in terms of final product supply quantity (𝑄𝑇) rather than the futures price (𝑃𝑇). To bridge this gap, 

we rely on the fundamental economic intuition of the inverse relationship between supply and 

price. We approximate the private prior (𝜇𝑡) and the public signal (𝑠𝑡) as the negative logarithms 

of their respective supply forecasts: 

𝜇𝑡 = − log(𝑄𝑇
𝑝𝑟𝑖𝑣𝑎𝑡𝑒)    and   𝑠𝑡 = − log(𝑄𝑇

𝑈𝑆𝐷𝐴) (3) 

Following this transformation, the empirical specification for estimating the informational 

anchoring parameter 𝜃𝑡 is formulated as: 

𝔼𝑡[𝑃𝑇|𝜇𝑡, 𝑠𝑡] = 𝛼 + 𝜇𝑡 + 𝜃𝑡(𝑠𝑡 − 𝜇𝑡) +∑ 𝛿𝑚𝐷𝑚
12

𝑚=2
+ 𝜖𝑖𝑡 (4) 

where 𝔼𝑡[𝑃𝑇|𝜇𝑡, 𝑠𝑡]  represents the individual-level price expectations assigned through the 

reverse-quantile mapping. We include a constant term (𝛼) and monthly dummy variables (𝐷𝑚) to 
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absorb any systematic errors or level shifts inherent in the empirical mapping process.1 Since our 

proxy for price expectations is derived from quantity forecasts, the intercept serves as a crucial 

control for persistent measurement biases that are not captured by the Bayesian learning 

mechanism itself. 

 To ensure that the estimated 𝜃𝑡 remains bounded within the theoretically consistent range 

of [0,1] , we employ Nonlinear Least Squares (NLS) estimation. Specifically, we represent 𝜃𝑡 

using a sigmoid functional form: 𝜃𝑡 = exp(𝑏) /(1 + exp(𝑏)). Our primary objective is to capture 

the time-varying nature of informational anchoring. To this end, we utilize a 12-month rolling 

window approach, which provides sufficient degrees of freedom while effectively reflecting the 

dynamic updating process of market beliefs over time. For each month 𝑡, the NLS estimation is 

performed using observations within the interval [𝑡 − 11, 𝑡], and the resulting  𝜃𝑡 is assigned to 

the corresponding month 𝑡 to represent the prevailing anchoring intensity at that period. We also 

employ cluster-robust standard errors at the agent (private company) level. While market 

participants within the same month share a common signal, individual agents often exhibit 

persistent forecasting tendencies or idiosyncratic biases that are correlated over time. Clustering 

at the agent level verifies that our statistical inference is robust to such individual-specific 

heterogeneity and temporal autocorrelation within each agent’s expectations. 

 

2.3. Informational Anchoring Estimation Results 

The estimation results for the informational anchoring parameter (𝜃) in the U.S. corn market are 

summarized in Table 1. The parameters are estimated across the term structure, ranging from near-

 
1 The estimated constant remains close to zero for most of the sample period. The sharp fluctuations observed during 

the 2019-2020 period correspond to unprecedented structural shocks, including the U.S.-China trade tensions and 

the COVID-19 pandemic. 
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maturity (C1) to far-maturity (C5) contracts. The mean values of 𝜃 are estimated to be between 

0.1479 and 0.1592, indicating that market participants assign approximately a 15% weight to 

USDA signals when forming new price expectations. Notably, we find a high degree of uniformity 

in 𝜃 across different maturities, suggesting that market participants share a consistent information-

processing framework regardless of the contract’s time-to-maturity. However, a slight downward 

trend in 𝜃  is observed as maturity increases, implying that public information may carry a 

marginally higher weight in short-term belief updating. For the remainder of our analysis, we focus 

on a comparative study between C1 (Near) and C5 (Far) to represent the term structure. 

 

TABLE 2   Informational Anchoring Parameter (𝜃) by Maturity 

Maturity Obs Mean Std. dev. Min Max 

𝐶1 (Near) 152 0.1592 0.0382 0.0458 0.2733 

𝐶2 152 0.1549 0.0381 0.0418 0.2695 

𝐶3 152 0.1518 0.0377 0.0434 0.2677 

𝐶4 152 0.1497 0.0391 0.0433 0.2655 

𝐶5 (Far) 152 0.1479 0.0405 0.0361 0.2604 
Note: The anchoring parameters are estimated via a 12-month rolling NLS window with ID-level clustering. 𝐶1 to 𝐶5 

represent futures contracts ordered by their time-to-maturity. 

 

 

Figure 1 illustrates the time-series dynamics of the informational anchoring parameter 𝜃. 

The 95% confidence intervals for all estimates remain strictly above zero, confirming the statistical 

significance of the anchoring effect throughout the sample period. The observed dynamics reveal 

three distinct episodes of structural shifts in anchoring intensity, each corresponding to significant 

market or institutional shocks. 

The first notable spike occurred during the 2013-2014 period, following the severe U.S. 

drought of 2012. As the market transitioned toward record-breaking bumper crops, the heightened 

exogenous uncertainty regarding the actual magnitude of supply recovery drove participants to 

rely more heavily on official USDA signals. Within our Bayesian framework, this surge in 𝜃 
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represents a rational response to the increased noise in private information, as the market utilized 

the USDA’s aggregate data to anchor volatile price expectations. 

A more complex pattern of anchoring emerged during the 2019-2020 period, which was 

characterized by the convergence of extreme weather conditions and the peak of the U.S.-China 

trade war. This period was further compounded by the longest U.S. government shutdown in 

history, which led to the suspension of the January 2019 WASDE report. The initial spike in 𝜃 can 

be attributed to severe weather and concurrent political factors. However, the subsequent decline 

in 𝜃 suggests that the interruption in the reporting cycle induced a temporary erosion of the report’s 

perceived timeliness, illustrating how institutional disruptions can destabilize the informational 

anchoring mechanism. 

Finally, a pronounced decline in 𝜃 after 2022 suggests a weakening of the anchoring role 

of USDA reports. This decline may be associated with lingering distrust from previous reporting 

disruptions, heightened uncertainty following the Russia-Ukraine war, and the growing availability 

of private forecasting technologies such as AI-based analytics and high-frequency satellite 

imaginary. Together, these factors may have reduced market participants’ reliance on USDA 

reports, contributing to a weaker anchoring effect in the contemporary U.S. corn market. 

 

Figure 1   Informational Anchoring Parameter (𝜃) Dynamics 

 
Note: This figure plots the estimated time-varying informational anchoring parameter (𝜃) over the sample period. The 

blue solid line represents the estimate for the near-maturity contract (C1), while the red solid line corresponds to the 

far-maturity contract (C5). The shaded areas indicate the 95% confidence intervals. 
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3. Informational Anchoring Dynamics Analysis 

3.1. Econometric Model 

Consistent with the Bayesian learning framework delineated in Equation (2), the informational 

anchoring parameter 𝜃  is theoretically predicted to decline as public signal uncertainty 𝜎𝑠
2 

increases, and to increase as private signal uncertainty 𝜎𝜇
2 increases. To empirically investigate this 

relative mechanism, we proxy public signal uncertainty using the three-month rolling volatility of 

USDA WASDE report forecasts, and private signal uncertainty using the dispersion of private 

expectation for ending stocks. 

Following Jordà (2005), we estimate the dynamic impulse response of the anchoring 

parameter to public information uncertainty using the local projection method. To simultaneously 

evaluate the opposing forces of public and private uncertainties, the baseline model for each 

horizon ℎ = 0,1, … ,12 is defined as follows: 

𝜃𝑖,𝑡+ℎ − 𝜃𝑖,𝑡−1 = 𝛼𝑖,ℎ + 𝛽ℎ
𝑠 ⋅ 𝑠𝑑𝑡

𝑠 + 𝛽ℎ
𝜇
⋅ 𝑠𝑑𝑡

𝜇
+∑𝜌𝑘,ℎ𝜃𝑖,𝑡−𝑘

2

𝑘=1

+ 𝚪ℎ𝐗𝑡 + 𝜖𝑖,𝑡+ℎ (5) 

where the dependent variable represents the cumulative change in the anchoring parameter for 

maturity 𝑖 from the pre-shock period (𝑡 − 1) to the future period 𝑡 + ℎ. To ensure comparability 

and account for differences in measurement scales, we utilize the standardized values of the 

anchoring parameter. 

The regressors of interest, 𝑠𝑑𝑡
𝑠 and 𝑠𝑑𝑡

𝜇
, are the standardized volatility of USDA reports 

and the standardized dispersion of private expectations at time 𝑡, respectively. To account for the 

intrinsic persistence of market beliefs, we include two lags of the anchoring parameter 𝜃𝑖,𝑡−𝑘 as 

controls. The vector 𝑋𝑡 incorporates a series of monthly dummy variables to filter out seasonal 

idiosyncratic variations, while 𝜖𝑖,𝑡+ℎ  denotes the horizon-specific error term. The sequence of 



13 
 

estimated coefficients {𝛽ℎ
𝑠}ℎ=0
12  and {𝛽ℎ

𝜇
}
ℎ=0

12
 map out the relative impulse response functions (IRFs) 

of the anchoring parameter. 

 

3.2. Results—Public Uncertainty and Private Uncertainty Effects 

Figure 2 presents the estimated impulse responses of the informational anchoring parameter to 

one-standard-deviation shocks in public and private uncertainty, estimated over a 12-month 

horizon. The left panel reports results for the near-maturity contract (C1) and the right panel for 

the fourth-deferred contract (C5). As theoretically anticipated, a one-standard-deviation positive 

shock to public uncertainty (𝑠𝑑𝑡
𝑠, the blue line) significantly reduces the informational anchoring 

parameter, indicating that market participants place less weight on the USDA signal. An equivalent 

shock to private uncertainty (𝑠𝑑𝑡
𝜇

, the red dashed line) produces the opposite effect. The anchoring 

parameter rises in response to the shock. Combined with the shrinkage effect of Bayesian learning 

formalized in Section 2.1, this finding implies that an increase in private uncertainty strengthens 

informational anchoring, and the higher anchoring weight in turn reduces the cross-sectional 

dispersion of price forecasts. 

 

Figure 2   Relative Importance: Public versus Private Uncertainty 

 
Note: This figure presents the dynamic responses of the informational anchoring parameter (𝜃) to public and private 

uncertainty shocks over a 12-month horizon. The left panel shows the responses for the near-maturity contract (C1), 

and the right panel displays the responses for the far-maturity contract (C5). The blue solid lines represent the response 
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to a public uncertainty shock, while the red dashed lines correspond to a private uncertainty shock. The dark and light 

shaded areas indicate the 68% and 95% confidence bands, respectively. 

 

 The magnitudes of the two responses are asymmetric. The anchoring-enhancing effect of 

a private uncertainty is relatively larger than the anchoring-weakening effect of a public 

uncertainty shock. This asymmetry suggests that when external event raises both forms of 

uncertainty simultaneously, the U.S. corn market may exhibit stronger synchronization toward the 

public signal on net, not weaker. 

The response patterns are broadly similar across contract maturities. However, the 

anchoring-weakening response to public uncertainty is both larger in magnitude and more 

persistent for nearby futures contract than for fourth-deferred futures contract. This is consistent 

with the heightened sensitivity of nearby futures to current-period supply conditions. 

 

4. Informational Anchoring and Price Volatility  

4.1. Analysis Framework 

In this section, we examine how shifts in the anchoring parameter 𝜃 affect realized price volatility 

over time. Realized volatility, denoted as 𝑅𝑉𝑡, is measured as the monthly standard deviation of 

daily corn futures prices. A standard Ordinary Least Squares (OLS) estimation of this relationship 

may suffer from endogeneity issues such as simultaneity or reverse causality. While 𝜃  shapes 

market volatility, heightened price volatility can also change how market participants process 

information and weight public signals, biasing the contemporaneous coefficient. 

 To address this identification challenge, we adopt a Local Projection Instrumental Variable 

(LP-IV) approach (Stock and Watson, 2018; Ramey and Zubairy, 2018). We exploit the persistence 

of belief updating by using the second, third, and fourth lags of the anchoring parameter as 
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instrumental variables for the contemporaneous anchoring parameter.2  The baseline structural 

equation for each horizon ℎ = 0,1, … ,12 is specified as follows: 

𝑅𝑉𝑖,𝑡+ℎ = 𝛼𝑖,ℎ + 𝜙ℎ𝜃𝑖,𝑡 + 𝚪ℎ𝐗𝑡 + +∑ 𝜌𝑘,ℎ𝑅𝑉𝑖,𝑡−𝑘
2
𝑘=1 + 𝑒𝑖,𝑡+ℎ (6)

where the endogenous regressor 𝜃𝑖,𝑡  is instrumented by the vector of lagged beliefs, 𝑍𝑖,𝑡 =

[𝜃𝑖,𝑡−2, 𝜃𝑖,𝑡−3, 𝜃𝑖,𝑡−4]
′
, and 𝜃𝑖,𝑡 is the projected value of 𝜃𝑖,𝑡. The vector 𝐗𝑡 includes the same set of 

monthly dummy variables to control for seasonal effects. 

 The rationale for this instrumental variable (IV) strategy is straightforward. While the 

lagged states of market consensus are highly relevant to the current level of anchoring due to the 

persistence of belief updating, they are predetermined relative to the contemporaneous volatility 

shock (𝑒𝑖,𝑡+ℎ ) and therefore satisfy the exclusion restriction. The sequence of two-stage least 

squares (2SLS) estimates, {𝜙ℎ}ℎ=0
12   traces out the causal dynamic impulse response of realized 

volatility to a shock in informational anchoring. 

 

4.2. Results—Informational Anchoring Channel Effects 

Figure 3 presents the local projection results estimated via OLS. As anticipated, an increase in the 

anchoring parameter 𝜃 reduces realized volatility across both near- and far-maturity corn contracts. 

For far-maturity contracts, a short-term reduction in volatility is observed, but the responses 

dissipate within a few months. The impulse responses are only statistically significant at a single 

standard deviation for both maturities. 

 
2 We conduct standard diagnostic tests for weak instruments (F-test) and overidentifying restrictions (Hansen’s J or 

Robust Score Test). Across all horizons and maturities, the first-stage F-statistics range from 33.89 to 62.2, 

exceeding the conventional threshold of 10. Furthermore, the p-values from the overidentification test are well 

above significance levels, ranging from 0.19 to 0.97. 
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Figure 3   Dynamic Response of Volatility to Changes in Anchoring Parameter (OLS) 

 
Note: This figure presents the ordinary least squares (OLS) estimates of the dynamic response of market volatility to 

changes in the informational anchoring parameter (𝜃) over a 12-month horizon. The left panel shows the response for 

the near-maturity contract (C1), and the right panel displays the far-maturity contract (C5). The solid black lines 

represent the point estimates, while the dark and light shaded areas indicate the 68% and 95% confidence bands, 

respectively. 

 

Figure 4 displays the result from our preferred LP-IV estimation, which addresses potential 

endogeneity. Overall, the results are consistent with the OLS estimates in figure 3: an increase in 

𝜃 reduces realized volatility. Specifically, the impulse responses for near-maturity contracts are 

more precisely estimated than far-maturity contracts, consistent with the Bayesian prediction that 

anchoring matters most for the prices most exposed to current-period supply conditions. In 

addition, the LP-IV estimates are more credible than OLS for measuring this relationship, because 

the IV address the endogeneity between anchoring and realized volatility. 

 
Figure 4   Dynamic Response of Volatility to Changes in Anchoring Parameter (LP-IV) 

 
Note: This figure plots the dynamic response of market volatility to exogenous changes in the informational anchoring 

parameter (𝜃) over a 12-month horizon, estimated using the Local Projections with Instrumental Variables (LP-IV) 

approach. The left and right panels show the response for the near-maturity (C1) and far-maturity (C5) contracts, 

respectively. The solid lines denote the instrumental variable estimates. The dark and light shaded areas represent the 

68% and 95% confidence bands. 
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These empirical findings firmly corroborate the theoretical predictions of our Bayesian 

learning framework: an enhanced reliance on the public anchor, that is, an increase in 𝜃, fosters 

market consensus, which consequently mitigates realized market volatility. Linking this outcome 

to our previous findings in Section 3 yields implications for market dynamics under external 

uncertainty. When public signal uncertainty escalates, information anchoring deteriorates, 

amplifying market volatility. Conversely, we established that an increase in private signal 

uncertainty elevates 𝜃 due to a Bayesian shrinkage effect. Paradoxically, this dynamic suggests 

that while an exogenous surge in private signal uncertainty acts as a direct factor for heightened 

market volatility, this destabilizing shock may be partially offset by the indirect anchoring channel 

effect. Driven by degraded private information, market participants cluster around the USDA 

reports, and this restored consensus structurally absorbs a portion of the initial volatility shock. 

 

5. Uncertainty Effects Decomposition 

5.1. Framework 

Our previous findings suggest that informational anchoring can yield sizable indirect effects on 

realized market volatility. Public and private signal uncertainties typically co-move under elevated 

external uncertainty, and their simultaneous rise generally raises market volatility. Through the 

anchoring channel, however, the two uncertainties exert opposing forces on market stability. An 

increase in public signal uncertainty weakens the anchor 𝜃 and amplifies volatility, whereas an 

increase in private signal uncertainty raises 𝜃 and reinforces the market’s reliance on the public 

signal. Because a weaker anchor raises volatility, the indirect effect of an uncertainty shock on 

volatility is governed by the sign of its effect on 𝜃. Public uncertainty weakens 𝜃, so its indirect 

effect amplifies volatility. Private uncertainty strengthens 𝜃, so its indirect effect, paradoxically, 
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reduces volatility. We therefore hypothesize a structural dichotomy in the anchoring channel: the 

indirect effect of public uncertainty raise volatility, while the indirect effect of private uncertainty 

paradoxically reduces it. 

 To formalize this mechanism, we decompose the total effect of each uncertainty shock on 

market volatility into direct and indirect components, following the omitted variable bias 

framework of Holm et al. (2021). The total effect is estimated as 

𝑅𝑉𝑖,𝑡+ℎ = 𝛼1,ℎ + 𝛽𝑡𝑜𝑡,ℎ
𝜇

𝑠𝑑𝑡
𝜇
+ 𝛽𝑡𝑜𝑡,ℎ

𝑠 𝑠𝑑𝑡
𝑠 +∑𝜌1,𝑘,ℎ𝑅𝑉𝑖,𝑡−𝑘

2

𝑘=1

+ 𝚪1,ℎ𝐗𝑡 + 𝜖1,𝑖,𝑡+ℎ (7) 

To isolate the indirect effect channeled through the informational anchor, we estimate the 

direct effects by controlling for the contemporary and future paths of the anchoring parameter: 

𝑅𝑉𝑖,𝑡+ℎ = 𝛼2,ℎ + 𝛽𝑑𝑖𝑟,ℎ
𝜇

𝑠𝑑𝑡
𝜇
+ ∑ 𝛿ℎ,𝑚𝜃𝑖,𝑡+𝑚

ℎ

𝑚=0

+ 𝛽𝑑𝑖𝑟,ℎ
𝑠 𝑠𝑑𝑡

𝑠 +∑𝜌2,𝑘,ℎ𝑅𝑉𝑖,𝑡−𝑘

2

𝑘=1

+𝚪2,ℎ𝐗𝑡 + 𝜖2,𝑖,𝑡+ℎ (8)

 

Following Equation (5), the response of the mediator 𝜃𝑖,𝑡+𝑚 to the two uncertainty shocks is 

𝜃𝑖,𝑡+𝑚 = 𝛼3,𝑚 +𝜓𝑚
𝜇
𝑠𝑑𝑡

𝜇
+ 𝜓𝑚

𝑠 𝑠𝑑𝑡
𝑠 + 𝚪3,𝑚𝐗𝑡 + 𝜖3,𝑖,𝑡+𝑚   for  𝑚 = 0, … , ℎ (9)

Substituting Equation (9) into Equation (8) and grouping terms associated with both the private 

(𝑠𝑑𝑡
𝜇

) and public (𝑠𝑑𝑡
𝑠) uncertainty shocks yields 

𝑅𝑉𝑖,𝑡+ℎ = 𝛼ℎ + (𝛽𝑑𝑖𝑟,ℎ
𝜇

+ ∑ 𝛿ℎ.𝑚𝜓𝑚
𝜇

ℎ

𝑚=0

) 𝑠𝑑𝑡
𝜇
+ (𝛽𝑑𝑖𝑟,ℎ

𝑠 + ∑ 𝛿ℎ.𝑚𝜓𝑚
𝑠

ℎ

𝑚=0

) 𝑠𝑑𝑡
𝑠 

+∑𝜌2,𝑘,ℎ𝑅𝑉𝑖,𝑡−𝑘

2

𝑘=1

+ 𝚪ℎ𝐗𝑡 + 𝜉𝑖,𝑡+ℎ (10) 

where 𝛼ℎ = 𝛼2,ℎ + ∑ 𝛿ℎ,𝑚𝛼3,𝑚
ℎ
𝑚=0 , 𝚪ℎ = 𝚪2,ℎ + ∑ 𝛿ℎ,𝑚𝚪3,𝑚

ℎ
𝑚=0 , and the composite error term is 

𝜉𝑖,𝑡+ℎ = 𝜖2,𝑖,𝑡+ℎ + ∑ 𝛿ℎ,𝑚𝜖3,𝑖,𝑡+𝑚
ℎ
𝑚=0 . 
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 Equating the coefficients of 𝑠𝑑𝑡
𝜇

  and 𝑠𝑑𝑡
𝑠  from Equation (10) with the total effect 

coefficients in Equation (7) gives the decomposition identities: 

{
 
 

 
 
𝛽𝑡𝑜𝑡,ℎ
𝜇

= 𝛽𝑑𝑖𝑟,ℎ
𝜇

+ ∑ 𝛿ℎ.𝑚𝜓𝑚
𝜇

ℎ

𝑚=0

𝛽𝑡𝑜𝑡,ℎ
𝑠 = 𝛽𝑑𝑖𝑟,ℎ

𝑠 + ∑ 𝛿ℎ.𝑚𝜓𝑚
𝑠

ℎ

𝑚=0

(11) 

The total effect of each uncertainty shock is therefore the exact sum of its direct effect and its 

indirect anchoring channel effect. In a standard OLS setting, the indirect effect could be recovered 

as the difference 𝛽𝑡𝑜𝑡 − 𝛽𝑑𝑖𝑟, but doing so would propagate the reverse causality bias between 𝑅𝑉 

and 𝜃. Instead, we compute the indirect effects directly as the convolution of the impulse responses 

(∑ 𝛿ℎ.𝑚𝜓𝑚
𝜇ℎ

𝑚=0  and ∑ 𝛿ℎ.𝑚𝜓𝑚
𝑠ℎ

𝑚=0 ) using a two-stage estimation procedure. 

 The procedure is executed as follows. First, we estimate the mediator equation (9), via 

standard OLS to obtain the dynamic responses of the anchoring parameter to both uncertainty 

shocks. This provides the sequence of estimated coefficients  𝜓̂𝑚
𝜇

 and 𝜓̂𝑚
𝑠  for horizon 𝑚 = 0,… , ℎ. 

Next, we estimate the direct effect equation (8) by two-stage least squares to address the 

simultaneity between 𝑅𝑉 and 𝜃, instrumenting 𝜃𝑖,𝑡+𝑚 with its second, third, and forth lags. This 

produces estimates of the anchor’s structural impact on volatility,  𝛿ℎ,𝑚, together with the direct 

uncertainty effects 𝛽̂𝑑𝑖𝑟,ℎ
𝜇

 and  𝛽̂𝑑𝑖𝑟,ℎ
𝑠 . Lastly, we compute the indirect anchoring channel effects as 

the convolution of  𝜓̂ and  𝛿 over the forecast horizon. 

 The identification of decomposed effects requires two conditions. First, the 

contemporaneous mediator 𝜃  must note be subject to reverse causality from 𝑅𝑉 . Our LP-IV 

strategy, which instruments 𝜃 with its own lags, isolates the exogenous variation in the anchor and 

satisfies this requirement. Second, the joint inclusion of 𝜃 and the uncertainty shocks in Equation 
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(8) must satisfy the rank condition. A potential econometric concern is that the informational 

anchor 𝜃  is theoretically defined by the signal uncertainties 𝑠𝑑𝑡
𝜇

  and 𝑠𝑑𝑡
𝑠 . If 𝜃  is strictly linear, 

controlling for 𝜃 alongside the uncertainty variables in the direct effect equation would include 

perfect multicollinearity. However, the Bayesian shrinkage factor is governed by a non-linear 

functional form, then theoretical non-linearity guarantees that 𝜃 is not a perfect linear combination 

of uncertainty measures. The Bayesian learning framework therefore provides non-collinear 

variation required to satisfy the structural rank condition. 

 

5.2. Decomposition Results 

Equation (11) formalizes the hypothesis. Because higher anchoring reduces volatility (𝛿ℎ,𝑚 < 0), 

the sign of the indirect effect is determined by the sign of 𝜓. For public uncertainty, the weakening 

of the anchor (𝜓𝑚
𝑠 < 0 ) creates a positive convolution, amplifying volatility. For private 

uncertainty, the strengthening of the anchor (𝜓𝑚
𝜇
> 0) yields a negative convolution, consistent 

with the paradoxical stabilizing role hypothesized in Section 5.1. 

 Figure 5 illustrates the decomposed impacts of public signal uncertainty on market 

volatility. The dashed line represents the total effect, while the solid line indicates the indirect 

anchoring effect. Consistent with the hypotheses derived from our Bayesian learning framework, 

an increase in public uncertainty unambiguously raises market volatility. The trajectory of the total 

effect closely mirrors that of the indirect effect. The close overlap implies that almost all of the 

volatility increase caused by public uncertainty operates through the anchoring channel: public 

uncertainty reduces 𝜃 , and the lower 𝜃  allows traders’ beliefs to drift apart, raising realized 

volatility. Comparing across maturities, the volatility-amplifying effect is more pronounced for 
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near-maturity contracts, suggesting that public-signal noise disrupts short-term trading 

environment (left panel) more severely than the long-term one (right panel). 

 

Figure 5   Public Information Uncertainty Impact Decomposition 

 
Note: This figure decomposes the impact of a public information uncertainty shock on market volatility over a 12-

month horizon. The dashed lines represent the total volatility response, while the solid lines plot the indirect effect 

operating through the informational anchoring channel. The left and right panels display the responses for near-

maturity (C1) and far-maturity (C5) contracts, respectively. All shaded areas denote the 68% confidence bands. 

 

 

 Figure 6 presents the decomposed impacts of private signal uncertainty, yielding the 

paradoxical pattern hypothesized in Section 5.1. The indirect effect (solid line) significantly 

reduces market volatility. In contrast to the public-uncertainty case, the total effect (dashed line) 

of private uncertainty is small and close to zero at short horizons. The decomposition identity 

implies that Direct = Total − Indirect. Since the total effect is near zero while the indirect effect 

is clearly negative, the direct effect must be positive and roughly equal in magnitude to the indirect 

effect. In other words, the volatility-amplifying direct impact of dispersed private forecasts is 

almost entirely offset by the stabilizing indirect effect operating through the anchoring channel. 

Over the forecast horizon, the total effect gradually converges toward the indirect effect, 

suggesting that the indirect stabilization driven by informational anchoring increasingly dominates 

as time progresses. A surge in private uncertainty initially raises volatility through the direct 

channel, but the subsequent rise in 𝜃—and the resulting contraction of belief dispersion via the 
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Bayesian shrinkage mechanism—pulls volatility back toward the indirect path. Across maturities, 

the indirect mitigating effects maintain similar shapes. 

 

Figure 6   Private Information Uncertainty Impact Decomposition 

 
Note: This figure decomposes the impact of a private information uncertainty shock on market volatility over a 12-

month horizon. The dashed lines represent the total volatility response, while the solid lines plot the indirect effect 

operating through the informational anchoring channel. The left and right panels display the responses for near-

maturity (C1) and far-maturity (C5) contracts, respectively. All shaded areas denote the 68% confidence bands. 

 

 

 The decomposition framework shows that an exogenous surge in external uncertainty does 

not unconditionally translate into heightened market volatility. Elevated external uncertainty 

erodes the precision of both public and private expectations simultaneously, but, when the rise in 

private uncertainty is larger than the degradation of public signals, the Bayesian shrinkage 

mechanism is triggered, which rises 𝜃. The resulting contraction of belief dispersion through the 

shrinkage mechanism can suppress the volatility that would otherwise rise from the external shock. 

 In summary, USDA reports operate as a stabilizing reference point that absorbs external 

uncertainty and reduces belief dispersion across market participants. From this perspective, our 

findings challenge the view that agricultural commodity markets exhibit muted responses to 

exogenous shocks simply because they are fundamentally segmented or operated under 

idiosyncratic mechanisms. The resilience of these markets stems instead from the presence of 

authoritative public information.  
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6. Conclusion 

In this study, we investigate how informational anchoring shapes market dynamics in U.S. 

agricultural futures, with a focus on corn. By analyzing expectation formation through the 

Bayesian learning framework, we estimate that market participants place an average weight of 

approximately 15 percent on the USDA signals relative to their private priors. This anchoring 

parameter is dynamic. Consistent with rational Bayesian updating, the reliance on the public 

anchor intensifies when external shocks degrade the precision of private forecasts and weakens 

when the public signal itself becomes more uncertain. 

 To understand the implications of this behavior for price stability, we decompose the total 

effect of public and private information uncertainty shocks on realized volatility. The 

decomposition reveals a stabilizing mechanism that operates asymmetrically across the two 

sources of uncertainty. When private uncertainty rises, its direct upward pressure on market 

volatility is almost entirely offset by the indirect effect of stronger anchoring to the public signal. 

When public uncertainty rises, by contrast, volatility increases unambiguously, driven primarily 

by the dismantling of the public anchor. The capacity of the agricultural commodity market to 

absorb private uncertainty into stable prices is therefore a product of the institutional credibility of 

USDA reports, not an intrinsic feature of commodity trading. 

 These findings point to a trade-off for public statistical agencies between forecast accuracy 

and market stability. During periods of heightened external uncertainty, the market’s reliance on 

public information makes accurate USDA forecasts essential for efficient price discovery. 

However, continuous forecast revisions aimed at maximizing short-run point accuracy can 

themselves elevate public information uncertainty, weakening the anchor and raising market 

volatility. As Morris and Shin (2002) caution, public signals exert coordinating influence beyond 
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their direct informational content; aggressive forecast revisions can lead market participants to 

overweight noisy public information at the expense of more precise private information, with 

destabilizing consequences. USDA and similar agencies must therefore calibrate the frequency and 

timing of revisions to balance the pursuit of accuracy against the imperative to preserve the 

credibility that makes their reports a stabilizing reference point in agricultural commodity markets. 

A complementary path is to invest in the underlying data infrastructure. Goyal and Adjemian (2023) 

show that the smoothing behavior of USDA forecasts is a rational response to noisy production 

data; improvements in the precision of the input information—through advances in satellite-based 

crop monitoring and remote sensing—would loosen this constraint and allow USDA to improve 

both accuracy and stability at the same time. 
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