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Abstract

We examine the role of price discovery in the U.S. Treasury market
through the empirical relationship between orderflow, liquidity, and the
yield curve. We find that orderflow imbalances (excess buying or selling
pressure) can account for as much as 26 percent of the day-to-day
variation in yields on days without major macroeconomic announcements.
The effect of orderflow on yieldsis permanent and strongest when
liquidity islow. All of the evidence points toward an important role of
price discovery in understanding the behavior of the yield curve.
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The use of riskless interest rates permeates amost every facet of economics and finance. A
critical issue within these disciplinesis therefore to understand the behavior of the term structure
of riskless interest rates, or the yield curve, which gives the mapping between the maturity of a
riskless loan and itsrate. Much of the term structure literature focuses on factor models in which
at each point in time the yields on all bonds with different maturities are determined by the
realizations of afew common factors (e.g., Vasicek, 1977; Cox, Ingersoll and Ross, 1985). The
general consensus is that more than one, but not many more than three common factors capture
the day-to-day variation in the yield curve. Although these factors are typically not uniquely
identified, it is common to think of the factors as the level, slope, and curvature of the yield
curve (e.g., Litterman and Scheinkman, 1991).

Economists are ultimately interested in understanding why and how the yield curve
changes from one day to the next, which, in the context of factor models, amounts to
understanding why and how the factors change over time. From atheoretical standpoint, there
are two contrasting mechanisms describing changesin the yield curve. On one hand, yield curve
changes can be due to public information flow, such as periodic macroeconomic announcements.
The underlying assumption is that both the factor structure and the impact of public information
on the factors are common knowledge among market participants. Given everyone has the same
interpretation of public information, the factors and hence the yield curve immediately adjusts to
new information releases, and trading in this modél is strictly due to portfolio rebalancing.
Empirically, thereis evidence in support of this public information view in Fleming and
Remolona (1997, 1999), Balduzzi, Elton, and Green (2001), and Green (2002). Moreover,
acceptance of this mechanism appears to be growing, as announcement effects have recently

been incorporated into term structure models (e.g. Piazzesi, 2001).

On the other hand, yield curve changes can be due to the aggregation of heterogeneous
private information viathe price discovery process. The assumption underlying this mechanism
isthat market participants either have heterogeneous information signals or different models
through which public information in processed. Market participants trade when their private
bond valuations differ from the market prices and through the orders they place their information
isincorporated into the factors and the yield curve. Empirically, this mechanism implies that
yield curve changes are not necessarily concentrated around the release of public information.



Figure 1 provides evidence consistent with thisimplication. The left plot displays changesin the
yield of the on-the-run five-year bond on the three days surrounding the ten most influential
macroeconomic announcements.” Consistent with the results of Fleming and Remolona (1997),
there are large changes in the yield curve on days when materia information isreleased. The
right plot shows the corresponding yield changes on all other days. It is clear that thereis still
substantial variation in yields even in the absence of identifiable public information rel eases.
Ultimately, we conclude that both mechanisms are likely to play arole in determining why and

how the yield curve changes from one day to the next.

The term structure literature is rather agnostic about the mechanism by which the yield
curve changes. Rather than analyze the underlying economic mechanisms, the majority of the
literature tends to model the factors as exogenously driven stochastic processes that could
represent either public information flow or price discovery. We know from many event studies
that the yield curve responds to macroeconomic announcements (e.g., Fleming and Remolona,
1997, 1999; Balduzzi, Elton, and Green, 2001; Green, 2002), but there is only tangential
evidence from other markets that asset prices move in response to aggregate orderflow, most
notably the recent work on exchange rates by Evans and Lyons (2002a).> Our goal in this paper
isto explore empirically therole of price discovery in the U.S. Treasury market by investigating
how the yield curve changes in the absence of material public information flow. Our hypothesis
isthat the impact of orderflow imbalances (i.e., excess buying or selling pressure) on the yield
curve as well as the interaction between orderflow and liquidity provides the conduit through
which price discovery takes place, and that price discovery accounts for a substantial portion of
the day-to-day fluctuations of the yield curve.®

Our empirical results strongly support this hypothesis. We find that orderflow
imbal ances account for up to 26 percent of the day-to-day variation of yields on days without
major macroeconomic announcements. A one standard deviation excess buying (selling)
pressure is associated with yields dropping (rising) by more than 2.5 basis points, which is
approximately half the standard deviation of daily yield changes. We show that these changesin

! The announcements pertain to civilian unemployment, consumer confidence, consumer prices, FOMC meetings,
housing starts, industrial production, NAPM report, non-farm payroll, producer prices, and retail sales.

2 See also Lyons (2001a, 2001b) and Evans and Lyons (2002b).

3 This hypothesis can be derived from a number of theoretical models that are reviewed in Lyons (2001a).



yields are permanent, at least over atwo-week period following the orderflow imbalance, and are
not attributed to a liquidity/inventory premium. Furthermore, we find that the relationship
between yields and orderflow becomes even stronger when we condition on the liquidity in the
Treasury market being low. A one standard deviation orderflow imbalance in the presence of
low liquidity produces yield changes of more than 3.3 basis points and an adjusted R? of up to 26
percent. Thisis consistent with market participants paying more attention to orderflow when the
true valuations are relatively uncertain (and liquidity istherefore low). Finally, weillustrate the
multi-dimensional aspect and practical relevance of our results in the context of common fixed

income trading strategies.

Our results have a number of important implications for both theorists and practitioners.
From a modeling perspective, our findings suggest that the price discovery mechanismisa
critical aspect of the factor dynamics. It follows that existing term structure models can be
improved by better understanding the information structure and the way heterogeneous
information is aggregated in the Treasury market. On amore fundamental level, the results help
to bridge the gap between asset pricing and microstructure by demonstrating that microstructure
issues, such asliquidity, can have macro implications. Finally, practitioners can use our results
to determine the way their trading strategies will impact the yield curve and thereby find
strategies that minimize transaction costs.

Section | describes the data and the structure we use for measuring the yield, liquidity and
orderflow variables. Section Il discusses the impact of orderflow on the yield curve. Section Il
then examines the interaction of orderflow and liquidity. Section IV analyzes the effect of
common fixed income trading strategies on the yield curve, and Section VV concludes.

. Data and Preliminaries
A. Raw Data

We useintra-day U.S. Treasury security quotes and transactions for all Treasury issues. The data
are obtained from GovPX, which consolidates quotes and transaction data from five of the six



major inter-dealer Treasury security brokers.* Fleming (1997) estimates that these five brokers
account for approximately two-thirds of the inter-dealer broker market, which in turn represents
roughly 45 percent of the trading volume in the secondary market for Treasury securities. Our

sample period covers January 1992 through December 1999.

The GovPX dataset contains security identifier information, including the CUSIP,
coupon, maturity date, as well as an indicator of whether the security is trading when-issued, on-
the-run, or off-the-run. The quote data contains the best bid and ask prices, associated yields,
and respective bid and ask depths, al time-stamped to the nearest second. The transaction data
include the time, initiator (i.e., signed trades), price and quantity. These data allow usto calculate
changesin yields, net orderflow, and liquidity measures at an intra-day frequency. Our data
includes 97.0 million records (89.9M quotes and 7.1M trades) on 949 CUSIPs, accounting for

69.5 trillion dollars in traded volume.

We supplement the GovPX data with information on macroeconomic announcements
from Money Market Services (MMS). We have data on announcements of the latest consumer
price index (CPI), producer price index (PPI), housing starts, civilian unemployment, non-farm
payroll, retail sales, industrial production, consumer confidence, the NAPM reports, aswell ason
all FOMC meetings. For each announcement, we have the date and time of the release, the

market’ s expectation, and the announced statistic.
B. Aggregation and Timing

To analyze the interaction among yields, orderflow, and liquidity, we must first impose a
structure on the analysis that is detailed enough to capture the diversity of the data yet
parsimonious enough to be manageable. Following the lead of past research we adopt atwo-

dimensional partition of the data. The first dimension quite naturally is the remaining time-to-

* GovPX covers the following inter-dealers brokers: Liberty, Tullett & Tokyo, Garban, ICAP and Hilliard Farber.
Cantor Fitzgerald isthe only mgjor inter-dealer broker that is missing from the GovPX dataset. The omission of
Cantor Fitzgerald resultsin systematically sparse data for the 30-year bond, given the prominence of Cantor
Fitzgerald within the long end of the yield curve.



maturity of asecurity, which we split into six categories. one day to six months, six to 12

months, 12 months to two years, two to five years, five to ten years, and ten to 30 years.”

The second dimension is the seasonedness of a security, which describes how recently a
security was auctioned. Similar to past research, we separate bonds into on-the-run and off-the-
run. However, given the heterogeneity that exists within the set of off-the-run bonds, we further
partition the off-the-run category into just off-the-run and off-the-run. Our decision to partition
seasonedness in this way stems from two facts. First, the periodic auctions of the Treasury
Department creates a possible link between the current on-the-run security and the incoming
(when-issued) on-the-run security that we want to account for explicitly. Second, our partition is
consistent with the repurchase agreement (repo) market, which is closely connected to Treasury
market; where rates are segmented into on-the-run, just off-the-run and general collateral (i.e. all
other securities).® Technically, we make the distinction between the off-the-run bonds by
counting the auctions of similar maturities that occurred since the bond’ sissue date. Securities
within one or two auctions are just off-the-run while securities outside of two auctions are off-
the-run. Thus, taking the two dimensions together, we separate the data into 18 categories (six
time-to-maturity categories by three seasonedness categories). Notice that the six on-the-run
categories correspond simply to the six on-the-run securities (i.e., each category only includes a
single CUSIP), while the just off-the-run and off-the-run categories contain a variety of securities

with different issue dates and coupons (and hence different duration, convexity, etc.).

Another critical issueis the definition and proper measurement of the variables of
interest. We measure net orderflow by summing the signed trade volume (purchases have a
positive and sales have a negative sign) within each category over the relevant period. Because
we know the initiator of the trade explicitly, thisis a clean calculation, in contrast to equity
market studies where the initiator of the trade often needs to be estimated (e.g., Lee and Ready,
1991). Theliquidity variables, spread and depth, are measured using quote records. The quoted
spread variable is defined as the difference between the ask and bid prices divided by the bid-ask

spread midpoint price using only two-sided quotes for the calculation (i.e., the percent price

® Each category is made wide enough to include the when-issued trading of the i ssuing-maturity security.
® See Brandt, Kavajecz and Underwood (2003) for a description of the repo market and its link to the Treasury
market.



spread). The quoted depth variable is the average of the bid and ask depth, where both one and
two-sided quotes are used in the calculation. Both the percent quoted spread and quoted depth

variables are then averaged for all bonds within each category over the relevant period.

Yield observations are obtained from transactions and bid-ask spread midpoints. The fact
that theyield isalevel variable (in contrast to the orderflow and liquidity variables) makesit
more susceptible to contamination due to isolated transactions and stale quotes. To addressthis
issue, we impose afilter on the yield observations at the individual security level. In particular,
for each date t, we record yield observations at date t and t+1 (to later compute changes) for all
bonds that are traded or quoted on these two consecutive days. Computing aggregate yield
changes within each category with these filtered yield observations results in much less noisy
series than computing yield changes with the raw yield observations, especialy for off-the-run
securities, because it avoids taking differences between two isolated transactions of two very

different bonds (with different seasonedness, coupons, or liquidity, for example).

Finaly, we employ an intra-day sampling scheme for the measurement of our variables
that is driven by both institutional and technical rationales. First, the Treasury market tendsto be
most active in the morning, which suggests that the orderflow is likely to be concentrated in the
morning. Second, because orderflow, changesin liquidity, and changesin yields do not in
general occur simultaneously, there is a concern that the impact of orderflow on yields may be
masked or even reversed if we measure these variables concurrently. Thus, to account for the
concentration of trade in the morning as well as to minimize concerns over non-synchronous
measurement, we are careful to measure our variables over separate and digoint intervals over
the course of the day. Specifically, for each category and each day in our sample, we aggregate
net orderflow and average liquidity variables from the beginning of the day until 2:30 PM. In
contrast, yields are averaged from 2:30 PM until the end of the trading day (See diagram below).
Aggregating the variables in this way measures orderflow and liquidity during the active trading
period and provides orderflow every opportunity to impact yields without the potential

confounding effects of non-synchronous movements in the variables.
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C. Summary Statistics and Factor Structures

Table | provides univariate summary statistics for the yields, net orderflow, bid-ask spreads, and
quoted depth in our sample. Yields display the usua upward sloping nature of the yield curve.
Net orderflow tends to be positive signifying net purchases, however, the standard deviations are
particularly large revealing substantial variations and potential for large negative net orderflow.
Lastly, the liquidity measures confirm the common notion that the more seasoned a security is,
the more illiquid the market, since spreads rise and depth falls as securities move from on-the-

run to just off-the-run to off-the-run.

To get asense for the multivariate structure of the data across time-to-maturity categories
in a given seasonedness category, which is how the term structure literature tends to look at the
data, we begin our analysis by performing standard factor decompositions. In particular, we use
principle components analysis to extract the orthogonal factors F(t) from the covariance matrix
of the vector X(t), such that X(t)=A+BxF(t), where and A and B are matrices of constants and
factor loadings, respectively. We let X(t) be the (6x1) vector of yields, net orderflow, bid-ask
spreads, or quoted depth within a given seasonedness category.”

Table Il presents the results for on-the-run securities (the results for just off-the-run and
off-the-run securities are very similar and are thus omitted). Consistent with the term structure
literature, three factors emerge to explain 73, 26 and one percent of the variation in yields,
respectively. Thefirst factor, called the level factor, loads about equally on all maturities, with a

"It should be noted that our results are not sensitive to whether the factors are constructed from yields or changesin
yields as has been done in the previous literature.



slight emphasis on the one- to five-year range. The second factor |oads positively on long and
negatively on short maturities and is called the slope factor. The third factor, called the curvature

factor, loads positively on long and short maturities and negatively on medium maturities.

It is natural to conjecture that the same three factors explain the variation in the on-the-
run net orderflow and liquidity variables. However, the factor decomposition for net orderflow,
bid-ask spreads, and quoted depth suggest otherwise. For net orderflow, there appears to be only
one predominant common factor explaining approximately 32 percent of the variation. This
factor loads about equally on the net orderflow of all bonds, with a slight emphasis of the two- to
five-year maturities. The remaining five factors explain approximately equal amounts of the
variation of net orderflow, ranging from 16 to 11 percent. The importance of all six factors as
well as the fact that net orderflow is not highly correlated across maturities, with correlations
ranging from 0.1 to 0.2, suggest that the net orderflow for each maturity potentialy contains
independent signals for the price discovery process. The factor structures of the liquidity
variables appear similar to each other and to the net orderflow factors. Like the net orderflow
factors, spreads and depth contain a predominant common factor explaining between 47 and 56
percent of the variation in spreads and depth while the remaining five factors explain between
three and 17 percent. Despite the similarities among some of the factors, formal pairwise
comparisons of the yield, net orderflow, spreads and depth factor spaces, using the test of Chen
and Robinson (1989), are rejected at the one-percent level.

In summary, the heterogeneity of yields across maturities can be effectively described
using three orthogonal factors. In contrast, net orderflow, bid-ask spreads, and quoted depth all
have a single dominant factor and the remaining factors al play non-trivia rolesin describing
the cross-sectional variation within those series. Moreover, all the factor spaces of our variables
are statistically distinct suggesting that the information contained in yields, net orderflow,

spreads and depth are different. We use these results to guide our modeling choices below.



[1. Orderflow and theYield Curve

A. Baseline Yield Dynamics

Motivated by the linear conditional expectationsimplied by the general class of affine term
structure models and by the extensive macroeconomic literature modeling yields using vector
autoregressions (VARS), we use as baseline model for the daily dynamics of yields afirst-order
VAR. However, rather than regress yields Y; on a constant and lagged yields Y1, we regress
them on a constant and the lagged common factors (level, slope, and curvature) F.1=LX Yy,
where L denotes the factor loadings.® Intuitively, since the three factors contain virtually all of
the information in the cross-section of yields, using the factors as regressors resultsin an
equivalent but more parsimonious description of the yield dynamics (it also overcomes the
multicolinearity problem of the full VAR). More formally, our model is arestricted version of
the full VAR in which the slope coefficients B" satisfy B'x L=B", where B" denotes the slope
coefficients of the full VAR. We therefore refer to our baseline model as arestricted VAR.

Table 11 presents the slope coefficients, residua standard deviations, and equation-by-
equation adjusted R? of the restricted VAR for each seasonedness category. The signs and
magnitudes of the coefficients are consistent with highly persistent yields and the characteristics
of the factors from Table I1. A test of the restriction B'x L=B" is not rejected at any conventional
significance level, lending formal support to our modeling choice. The most striking feature of
the results is that when the regressions are expressed in yield levels the adjusted R are dl in
excess of 98 percent but when the regressions are equivalently expressed in yield changes (by
subtracting Y;.1 on both sides) the adjusted R? are virtually zero. Thisindicates that the yields are
closeto following arandom walk and that the lagged yields (or factors) explain virtually none of

the day-to-day changesin yields.

8 Because the off-the-run categories have at times a small number of observations, there are a few instances when
there isinsufficient datato form the yield factors for these categories. In order to have afull set of independent
variables, we interpolate the missing off-the-run yields from the corresponding on-the-run yields to form the factors.
Note that the interpolation is confined to the factors alone and no dependent variable datais interpolated.



We conclude that our baseline model for the yield dynamicsis successful at capturing the
yield levels but effectively leaves al of the day-to-day changesin yields unexplained. The
residual standard deviations indicate that the magnitude of these unexplained yield changesis
substantial from an economic perspective, with standard deviations ranging from 5.1 to 9.6 basis
points. Finally, Figure 1 and similar plots for the other maturities suggest that these unexplained
yield changes are not solely attributed to the arrival of new information via macroeconomic
announcements. Taken together, these empirical facts motivate our hypothesis that some

fraction of the day-to-day yield changesis attributed to price discovery.
C. Response of Yields to Orderflow Imbalances

More specifically, our hypothesisisthat orderflow, and its interaction with liquidity, are the
conduit through which price discovery takes place. Wefirst investigate the link between
orderflow and yields by including orderflow imbal ances, indicating excess buying or selling
pressure, as an explanatory variable in the restricted VAR model. More specifically, for each
seasonedness category, we regress the yields at time t+1 on a constant, the three yield factors at
timet, and the net orderflow (demeaned and standardized) for all six bondsin that seasonedness

category betweentimet and t+1 (recall the sampling scheme illustrated in the diagram above).

The presence of price discovery predicts a negative correlation between net orderflow
and yields (excess demand pushes up prices and therefore lowers yields). One might think that
such negative correlation can aso be consistent with the public information flow view of yield
curve movements, as long as the new information that instantaneously lowers yields
simultaneously causes market participants to rebal ance their portfolios such that demand exceeds
supply. Strictly speaking, this argument isinternally inconsistent. If the new information shifts
market prices from one set of equilibrium prices to another, then by the definition of an
equilibrium price as one that clears the market, portfolio rebalancing due to the new information
cannot be systematically associated with excess demand or supply. The market should
instantaneously clear at the new set of equilibrium prices. Nonetheless, we address this critique
technically by excluding from the regressions the three days surrounding the CPI, PPI, and
unemployment announcements as well as the Federal Open Market Committee (FOMC) meeting

dates, which are the four most influential events for bond markets according to Fleming and

10



Remolona (1997). Focusing on the remaining non-announcement days is more in line with our

goal of understanding how bond prices move in the absence of identifiable public information.

Table IV presents the coefficients on net orderflow along with statistics describing the
regression fit (the intercept and coefficients on the lagged factors are ailmost identical to the ones
presented in Table |11 and are therefore omitted). The results show overwhelmingly that net
orderflow for virtually all maturities and in al three seasonedness categoriesis significantly
negatively related to yields. Excess buyside orderflow or bond purchases raise Treasury prices
and in turn lower Treasury yields and vice versa for excess sellside orderflow.? Furthermore, the
magnitude of the coefficientsis economically significant. For on-the-run bonds, for example, the
coefficients on net orderflow are as large as -0.0166, which indicates that a one-standard

deviation orderflow imbalance is associated with a 1.66 basis point drop in yields.

To measure the contribution of orderflow imbalance to explaining the day-to-day changes
in yields, we compute for each regression an incremental adjusted R? that has the interpretation
of the fraction of the variance of the residuals from the restricted VAR (i.e., the variation in yield
not explained by the factors) that is explained by net orderflow. In all cases, these incremental
R? are substantial, ranging from five to 25 percent. Interestingly, the relationship between yields

and orderflow is strongest for on-the-run bonds, an issue we revisit below.

Consistent with the fact that the yields for different maturities are related by a common
factor structure and that price discovery in the bond market isreally concerned with the whole
yield curve and the underlying factors, al yields react to net orderflow for all maturities (with
only afew insignificant coefficients), as opposed to each bond reacting only to its own
orderflow. Closer inspection reveals an intriguing pattern in the result. Each maturity range has
astrong reaction to it own orderflow imbalance, relative to adjacent maturity ranges, but an even
stronger reaction to the orderflow imbalance at the two- to five-year maturity range. The
prominence of this maturity range may be institutional because the majority of fixed income
portfolios, such as CMOs, are likely to have a duration near five years (the middle of the yield
curve), which corresponds to the most recently issued five-year Treasury notes. Furthermore,
futures trading is concentrated in the five-year note, which is consistent with the five-year future

being used as a hedge instrument. The relative importance of the two- to five-year maturity

® Our results are consistent with Fleming (2001) who also investigates the impact of net orderflow on bond prices.
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range may therefore be a product of it containing a bellwether security that is universally held
and easily hedged.

Another interesting result is that the incremental R? are highest for the two- to five-year
range and decrease monotonically for shorter and longer maturities. This pattern is exactly
opposite to the pattern in the R for the restricted VAR explaining yield changesin Table 1.
Even after accounting for the fact that thereis more residua variance to be explained, orderflow
imbal ances are most important for explaining the yield changes for bonds that are relatively
difficult to forecast with the yields-only baseline model.

It isworth reiterating that the resultsin Table 1V are for non-announcement days only
and are therefore unlikely to be driven by portfolio rebalancing due to transparent public
information flow, which we interpret as evidence of price discovery in the private information or
heterogeneous interpretation (of public information) view of how the yield curve changes. To
provide further evidence in support of this view, we estimate the model with net orderflow using
datafor al days rather than just non-announcement days. Consistent with the hypothesis that
transparent public information causes yields to shift instantaneously to a new equilibrium level
and that the resulting orderflow due to portfolio rebalancing is balanced and uninformative, the
relationship between yield changes and net orderflow is weaker in the all-days sample than in the
non-announcement days sample. Specifically, theincremental R? for all days (also shownin

Table IV) are as much as 4.5 percent smaller than for the non-announcement days.

Finally, recall from the factor analysesin Table Il that net orderflow contains a common
factor that accounts for about 32 percent of its variation across maturities and that the remaining
variation is maturity-specific. It istherefore sensible to ask whether the relationship between
orderflow imbalances and yields is due to the common component of net orderflow, the maturity
specific components of net orderflow, or both. To examine this question, we replace in the
regressions above (for non-announcement days) the net orderflows for all six maturities with the
common factor in net orderflow. The results are shown in the last three columns of Table V.
Comparing the incremental R? across specifications, it is clear that most (upward of 80 percent)
of the effect of orderflow imbalances on yields is due to the common factor in orderflow.
Furthermore, the coefficients on the net orderflow factor are substantially larger than the
coefficients on the individual net orderflows. For example, a one-standard deviation shock to the

12



common factor (which is roughly speaking an average across maturities with a slight emphasis
on the two- to five-year range — see the factor loadings in Table 1) is associated with one to ten
year yields changing by 2.5 basis points or more. Theinterpretation is that excess buying or
selling across the whole curve is much more informative about the level of yields than excess
buying or selling of a particular maturity range. Thisis perhaps not too surprising given that
parallel shifts dominate the day-to-day changesin the yield curve, an issue we return to shortly.

In summary, the resultsin Table IV show that the negative relationship between net
orderflow and yields predicted by our hypothesis of price discovery is both statistically and
economically significant. Orderflow imbalances explain as much as 25 percent of the day-to-day
variation in yields and a one-standard deviation imbalance across all maturities, as captured by
the common factor in net orderflow, can move yields by as much as 2.8 basis points. We now

explore in more depth the relationship between orderflow and yields.

As mentioned in the introduction, understanding how the yield curve changes, in the
context of afactor model, amounts to understanding how the underlying factors change. We
therefore examine next the relationship between orderflow imbalances and the three yield
factors. TableV reports the results of regressing each on-the-run yield factor on a constant, the
lagged yield factors, and on-the-run net orderflows (asin Table IV we only show a subset of the
coefficients). Orderflow imbalances are strongly negatively related to changesin the level
factor, with coefficients that are large in magnitude and highly significant and with an
incremental R? of 28 percent. A one standard deviation orderflow imbalance across all
maturities, as captured by the common factor in net orderflow, leads to a 5.5 basis point drop in
the level factor, more than half of the standard deviation of its day-to-day changes.

The relationship between net orderflow and the slope and curvature factors is weaker.
Although the coefficients have the expected signs (excess buying of short-term bonds steepens
the yield curve, excess buying of long-term bonds flattens the curve, and excess buying of
medium-term bonds reduces the concavity of the curve), many of the coefficients are statistically
insignificant. Furthermore, the incremental R? of eight and five percent are not only low but
must also be interpreted with some care because there is afairly strong mechanical correlation

between changesin the level and changes in the slope and curvature factors due to the loadings
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of the slope and curvature factors not summing to zero.’> For example, if net orderflow explains
28 percent of the changesin the level factor and if there exists amechanical correlation of 0.2
between changes in the level and slope factors, close to the empirical correlation, net orderflow

mechanically explains about six percent of the variation in the slope factor.

We conclude from the results in Table V that the information contained in orderflow
imbalances relates primarily to the level of the yield curve, explaining nearly one-third of the
variation in the level factor. According to Jones (1991), approximately 87 percent of the returns
on Treasury portfolios are attributed to parallel shiftsin theyield curve. Together, these two
facts suggest that about one-quarter of the returns are associated with price discovery.**

D. Price Discovery or Liquidity Premium?

Price discovery is not the only hypothesis consistent with a negative correlation between
orderflow imbalances and yield changes. An ex-ante equally sensible alternative isthat yields
react to orderflow imbalances to compensate market participants for providing liquidity to
uninformed traders, as formalized by Garman (1976) and Campbell, Grossman, and Wang
(1993). For risk averse liquidity providersto be willing to absorb excess selling pressure, for
example, the expected return on the offsetting long position must increase. Holding fixed the
future payoffs of the securities, the only way for the expected return to increase is through a
temporary drop in price and hence arisein yield, thereby inducing the negative correlation we
observe in the data. In this section, we provide three pieces of evidence that help differentiate

our hypothesis of price discovery from the aternative of aliquidity/inventory premium.

Thefirst piece of evidence isthe observation in Table IV that each yield respondsto
orderflow imbalances across the entire yield curve as opposed to just an imbalance in its own
maturity category. While this result is consistent with our notion that the market aggregates
information about the underlying yield factors, it is more difficult to explain in the context of
liquidity/inventory premiums. For example, why should market participants receive a greater
expected return on the 12-month Treasury bill in exchange for providing liquidity in the five-

19 suppose the yield curve isflat at eight percent and all yields change by 25 basis points. Given the factor loadings
in Table |1, the slope factor increases from 1.92 to 1.98 and the curvature factor increases from 2.33 to 2.41 although
the slope and curvature of the yield curve have not changed.

1 This calculation also links the incremental R? in Table V to the onesin Table 1V.
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year bond? One possibility isthat they provide liquidity across all maturities, but even theniitis
difficult to understand why thisincrease in the expected return is amost twice as large as the

corresponding increase for providing liquidity in the 12-month bill itself.

More direct evidence comes from comparing the results for on-the-run bonds to those for
just off- and off-the-run bonds. Besides differencesin liquidity and coupon rates, bonds with
different seasonedness but the same maturity are substitutes. Empirical studies on dually traded
stocks as well as on spot and futures markets (e.g., Garbade and Silber, 1979, 1983) suggest that
price discovery where substitutes are present tends to take place in the market that is most liquid.
Liquidity premiums, on the contrary, are by definition more prevaent in illiquid markets.
Comparing the resultsin Table IV across seasonedness categories, which are substitutes with
decreasing liquidity, the incremental R? are substantially greater for on-the-run bonds than for the

just off- and off-the-run bonds, consistent with price discovery in the liquid on-the-run bonds.

Taking this argument one step further, we include in the regressions for just off- and off-
the-run yields the net orderflow for the on-the-run bonds in addition to the just off- and off-the-
run net orderflow (i.e., the seasonedness category’ s own net orderflow), respectively. Under the
hypothesis that price discovery takes place in the liquid on-the-run bonds, the on-the-run net
orderflow should be more informative. In contrast, under the liquidity premium hypothesis, the
changein yields should be more related to orderflow imbalances in the own seasonedness
category. Theresults presented in Table VI favor overwhelmingly the price discovery
hypothesis. Just off- and off-the-run yields respond much more strongly to the on-the-run net
orderflow than to the own net orderflow. In fact, the own net orderflows are almost al

insignificantly different from zero, suggesting that they contain no additional information.*?

For the third piece of evidence, we exploit the different intertemporal predictions of the
two hypotheses. While the impact of price discovery on yieldsis permanent, the liquidity
premium hypothesis requires that yield changes revert quickly for liquidity providersto realize
the abnormal returns over their holding period. Given the high turnover in the Treasury market,
especialy for on-the-run bonds, we expect this reversal to occur over the next day, which

predicts a positive correlation of yield changes from dates t to t+1 with orderflow imbal ances

12 The off-the-run ten- to 30-year category is the only exception for which the own orderflow remains significant.
However, the data for this category is very sparse due to the exclusion of Cantor Fitzgerald from GovPX.
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between dates t-1 and t that roughly offsets the observed negative correlation with orderflow

imbal ances between datest and t+1.2°

In Table VII we formally test this prediction of the liquidity premium hypothesis by
including in the regressions one-day lagged net orderflows in addition to contemporaneous net
orderflows as explanatory variables. Thereisvirtualy no evidence that the yield changes
associated with orderflow imbalances revert the subsequent day. The vast majority of the
coefficients on the lagged net orderflows are negative, and the few positive coefficients are
relatively small in magnitude. Lessthan ten percent of the coefficients are statistically different
from zero at the ten percent level (which is consistent with the null of zero coefficients at that
significance level). The adjusted incremental R? increase only marginally (in some cases even
decrease) relativeto theresultsin Table 1V. Finadly, to address the possibility of more gradua
reversals, we aso included further lagged net orderflows. The results, which are omitted in the
tables but are available on request, show no sign of a systematic positive correlation between
lagged orderflow imbalances and yield changes at any lag ranging from one day to two weeks.

Thus, the yield changes associated with orderflow imbalances appear to be permanent.

Considering the three pieces of evidence together, we are confident that the yield changes
associated with orderflow imbalances are not attributed to liquidity/inventory risk premiums.
The evidence isinstead fully consistent with (and further supportive of) our hypothesis of price
discovery. However, this conclusion in no way suggests that liquidity drops out of the picture

because, as we show next, liquidity playsits own role in the price discovery process.
[I1. Interaction of Orderflow and Liquidity

While orderflow imbalances are a critical component of the price discovery mechanism, we
argue so too is the state of liquidity in the market. Specificaly, orderflow imbalancesin the
presence of an illiquid market are likely to have a more pronounced and potentially different
impact on yields than orderflow imbalancesin aliquid market. A useful analogy for our view of

the interplay between orderflow, liquidity, and yields is the relation between a beam of light, a

3 Our one day reversal assumption stems from the high turnover rates in the Treasury market. Asan example, the
daily average transaction volume in early 2003 was $417 hillion. This transaction volume is approximately 12% of
the outstanding marketable debt held by the public and five times the on-the-runissues. For more on these statistics
see www.ustreas.gov and www.publicdebt.treas.gov.
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prism, and the color spectrum. Just as the prism aters the way the beam of light is seen, so too

does the state of liquidity alter the impact of orderflow imbalances on the yield curve.

We model this interaction between orderflow and liquidity in the price discovery process
by alowing in theregressionsin Table IV different coefficients on net orderflow depending on
whether liquidity ishigh or low. We proxy high or low liquidity by the bid-ask spread being
below or above its median or by the quoted depth being above or below its median, respectively.
Furthermore, we consider two alternative ways of conditioning on liquidity. We let the net
orderflow coefficients depend either on the liquidity of the bonds for which the orderflow
imbalance occurs or on the overall liquidity as proxied for by the common factor in the bid-ask

spreads or quoted depths.

Figure 2 presents graphically the results of conditioning on the bid-ask spread of the
bonds for which the orderflow imbalance occurs for the on-the-run category. (The results are not
tabulated because there are 36 regressions per seasonedness category.) Each plot shows three
sets of bars representing the yield changes across maturities resulting from a one standard
deviation net orderflow imbalance in one of the six maturity categories. The black bars represent
the unconditional reaction of the yield curve, corresponding to theresultsin Table IV. The gray
and white bars represent the reaction when the liquidity of the bonds in which the orderflow

imbalance occursis high or low, respectively.

The plots reveal anumber of interesting features of the data. First, consistent with the
resultsin Table 1V, positive orderflow imbalances in any of the six maturities are
unconditionally associated with substantial dropsin yields across the whole yield curve (black
bars). Second, the reaction of the yield curve to orderflow imbalances is much stronger during
periods of low liquidity than unconditionally and during periods of high liquidity, supporting our
view of the interaction between orderflow and liquidity in the price discovery process. When
liquidity islow (white bars), yields change by as much as 2.25 basis points in response to one
standard deviation net orderflow, as opposed to 1.75 basis points unconditionally and 1.25 basis
points when liquidity is high (gray bar). Inrelativeterms, the yield changes during low liquidity
are between 11 and 130 percent greater than unconditionally and between 39 and 241 percent
greater than during high liquidity. Third, despite the differences in magnitude, the general shape
of the reaction along the yield curve is similar across the results for different liquidity states. In
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particular, for each orderflow imbalance the largest reaction is for the maturity in which the
imbalance occurs and the reaction diminishes the further the maturity is away from the origin of
the buying pressure, thereby taking on av-shape. Interestingly, the reaction appears to be
skewed in the sense that the reaction for maturities shorter than the origin of theimbalanceis
muted relative to the reaction for longer maturities. Lastly, orderflow imbalances for different
maturities are associated with different changes in the shape of the yield curve. Positive net
orderflow at the short end of the yield curve (Treasury bills of one year or less to maturity) tends
to steepen the curve. Excess buying in the middle of the yield curve (two- and five-year notes)
tends to invert the curve and |leads to the most pronounced reaction in magnitude. Positive net
orderflow at the long end of the curve (ten-year note and 30-year bond) tends to flatten the curve

and has the smallest effect in magnitude, especially for the ten-year note.

To get asense for the statistical significance of the interaction between orderflow and
liquidity, we present in Table V111 the results from conditioning on the overall liquidity as
proxied for by the common factor in bid-ask spreads (panel A) or quoted depths (panel B).**
The table shows the coefficients on net orderflow for high liquidity and the incremental
coefficient for low liquidity (i.e., the low-liquidity coefficient is the sum of the two coefficients
and the t-statistic on the incremental coefficient measures the statistical significance of the
difference between the high- and low-liquidity coefficients). It also shows the adjusted
incremental R? of the regression and the change in the adjusted incremental R? relative to the
unconditional resultsin Table IV. Finaly, to reduce the number of regressors and ease the
interpretation of the result, we focus on the regressions with the first net orderflow factor instead
of the entire set of net orderflows, corresponding to the last three columnsin Table V. The

other results are qualitatively the same and are available on request.

The incremental coefficients for low liquidity are all negative, confirming that the drop
inyieldsin response to excess buying is greater when liquidity is low, and most of the
incremental coefficients are statistically significant at the five percent level (in 16 of 24 cases),

suggesting that the difference between the high- and low-liquidity coefficients is indeed non-

14 Panel B only shows results for on-the-run bonds because the quoted depth for just off and off-the-run bondsis at
the median most of the time, resulting in insufficient variation in the conditioning variable.
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zero. Inrelative terms, the low-liquidity coefficients are between 29 and 98 percent larger in
magnitude than the high-liquidity coefficients. Thisdifference is somewhat |ess pronounced
than when the coefficients depend on the bond-specific liquidity (in Figure 2), which is
consistent with our view of the interaction between orderflow and liquidity and suggests that the
statistical inferences are conservative. The adjusted incremental R of the regressions increase
substantially, relative to the unconditional resultsin Table IV, especially for the on-the-run
bondsin panel A (two to five percent). Finaly, theresultsin panel B are qualitatively the same
as the corresponding resultsin panel A, but they are quantitatively weaker because thereisless
variation in quoted depth than in bid-ask spreads.

In summary, the resultsin Figure 2 and Table V111 demonstrate that liquidity plays an
important role in the price discovery process. When there is uncertainty about the true
valuations, market participants provide less liquidity and update substantially their private
valuations given the information revealed by the orderflow, hence yields respond about twice as
strongly to an orderflow imbalance. When thereislittle uncertainty about the true valuations, in

contrast, liquidity is high and market participants pay relatively little attention to orderflow.
V. Common Trading Strategies

The marginal effect of an orderflow imbalance for one maturity on yields across all maturities, as
illustrated in Figure 2, for example, abstracts from the fact that orderflow tends to be spread
across maturities through the use of fixed income trading strategies designed to place focused
bets on changesin the level and shape of the yield curve. Anintuitive and practically more
relevant way to get a sense for the multi-dimensional relationship between yields, orderflow, and

liquidity is therefore to examine the way yields change in response to these trading strategies.

We consult the fixed income literature for the choice of common trading strategies to
consider. Jones (1991) and Fabozzi (2000) describe directional interest rate trades (ladders,
bullets, and barbells) as well asrelative rate trades (term spreads), and Grieves (1999) examines
different ways of constructing convexity trades (butterfly spreads). Guided by these discussions,
we consider the following five trading strategies: (i) aladder —an equal investment in each
issuing maturity along the yield curve; (ii) abullet — an investment at one maturity on the yield
curve (note that the marginal resultsin Figure 2 can be interpreted in the context of bullets); (iii)
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abarbell —an investment in two non-adjacent maturities with the same duration as an
intermediate maturity; (iv) a duration-neutral term spread — an opposite investment in the long
and short-end of the yield curve with canceling duration; and (v) a duration-neutral and duration-
balanced butterfly spread — an opposite investment in extreme (long and short) maturitiesand in
an intermediate maturity with canceling duration and such that it can be split into two duration-
neutral term spreads. Given the relative prominence of the five-year bond, we center all trades at
the five-year maturity. We consider afive-year bullet, a barbell with the duration of afive-year
bullet involving the two- and ten-year maturities, aterm spread with the two- and ten-year
maturities, and a butterfly spread with the two-, five-, and ten-year maturities. Finally, we set the
absolute (long and short) orderflow to be $100M, which represents a fraction of the hourly

volume in on-the-run securities and is not uncommon for large market participants.™

For each of these five common fixed income trading strategies, we examine the changein
yieldsimplied by the regression results, both unconditionally and under high- or low-liquidity
conditions as captured by the common factor in bid-ask spreads. Figure 3 presentsthe resultsin
the same format as Figure 2 (i.e., the black, white, and gray bars are the unconditional, low-, and
high-liquidity responses, respectively). Consider first the ladder, five-year bullet, and five-year
barbell strategies, which all involve positive orderflows and are therefore associated with adrop
inyields across all maturities. Of these three strategies, the bullet has the strongest effect on
yields (as much as 1/3 basis point), especialy for medium maturities and when liquidity is low.
However, not only is the magnitude of the response for the ladder and barbell smaller, but the
way the shape of the yield curve changesis aso very different. The bullet has av-shaped
response, centered at the five-year maturity, and therefore leads to a downward shift and
straightening (i.e., decrease in concavity) of theyield curve. Theladder and barbell, in contrast,
have relatively small effects on very short maturities (one year and less) and roughly equal
effects on all other maturities, resulting in a parallel shift of the yield curve with aflattening (i.e.,
decrease in slope) at the very short end. Finaly, the response to the bullet is somewhat more

sensitive to liquidity than the responses to the ladder and barbell.

> More specifically, the five trading strategies involve the following positions: (i) ladder — long $16.67M in each of
the six-month and one-year hills, two-, five-, and ten-year notes, and 30-year bond; (ii) bullet —long $100M in the
five-year note; (iii) barbell —long $54.9M in the two-year note and $45.1M in the ten-year note; (iv) term spread —
short $80.4M in the two-year note and long $19.6M in the ten-year note; and (v) butterfly spread —long $48.1M and
$11.7M in the two- and ten-year notes, respectively, and short $40.2M in the five-year note.
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The differences between the results for the bullet and barbell strategies are particularly
intriguing because the barbell has by design the same duration and hence the same first-order
exposure to short-term interest rate movements as the bullet. The fact that the response to the
bullet is between 33 and 119 percent greater (46 and 135 percent when liquidity islow) and that
the shape of the responsesis quite different suggests that excess buying or selling of the five-year
bond carries information beyond a directional bet on short-term interest rates. From a practical
perspective, it also implies that the barbell is a considerably cheaper way of buying five-year

duration because it involves a smaller price impact and therefore lower transaction costs.

The term spread, which involves buying the ten-year bond and selling the two-year note
such that the durations of the two positions cancel, leads to an upward shift and bowing (i.e.,
increase in concavity) of the yield curve. Mechanically, the upward shift is consistent with the
fact that the term spread involves more negative than positive orderflow because the duration of
the ten-year bond is roughly four times that of the two-year note. At amore conceptua level,
however, the fact that a duration-neutral trading strategy is associated with a shift in the yield
curve is somewhat surprising and suggests again that the information contained in orderflow is
more complex than a directional bet on short-term interest rates. The bowing of the yield curve
ismore intuitive. Since the term spread represents a bet that the two-year yield will rise (its price
will drop) relative to the ten-year yield, the yield increase in response to the orderflow is 71
percent greater at the two-year maturity than at the ten-year maturity. The results for the
butterfly spread are equally intuitive. The butterfly spread involves selling the five-year note and
buying the two-year note and ten-year bond such that the durations cancel and the position can
be split into two duration-neutral term spreads. It represents a bet that the yield on the middle
maturity will rise relative to the yields on the extreme maturities, resulting in a more concave
yield curve. Consistent with this bet, the orderflow leads to an increase in the medium maturity

yields and |leaves the short- and long-maturity yields unchanged.

Comparing rows in Figure 3, the role of liquidity is very different for the directional
strategies in the first row than for the spread strategies in the second row. For the directional
strategies, the yield response is much more pronounced when liquidity islow than when it is
high, consistent with the results in the previous section and our view that market participants pay
more attention to orderflow when the true valuation is uncertain and liquidity islow. For the
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spread strategies, in contrast, the yield responseis far less sensitive to liquidity. The relative
difference between the low- and high-liquidity responses for the term spread, for instance, ranges
from six to 64 percent, compared to 78 to 150 percent for the bullet strategy. The reason for this
differenceisthat for the spread strategies each leg of the position has a more pronounced effect
on yields when liquidity is low but in aggregate the low-liquidity increments partially cancel.

In summary, the results for the common fixed income trading strategies show how
different combinations of orderflow can lead to substantialy different changesin the level and
shape of the yield curve. Even two strategies with the same duration elicit distinct yield
responses. Furthermore, a sequence of realistic trades can account in magnitude for the typical
day-to-day changesin the yield curve. For example, a sequence of ladder trades totaling $2B,
which accounts for asmall fraction of the daily volume in on-the-run Treasuries, shifts the yield
curve by four basis points unconditionally and by six basis points when liquidity islow, whichis
approximately the daily standard deviation of yield changes. Finaly, therole of liquidity
depends on the context of the orderflow and is very different for directional strategies with

strictly positive or negative orderflow than for spread strategies with mixed orderflow.
V. Conclusion

We examined the role of price discovery in the U.S. Treasury market through the empirical
relationship between orderflow, liquidity, and the yield curve. Our hypothesisisthat, in the
absence of materia public information flow, orderflow imbalances account for a substantial
portion of the day-to-day fluctuations of the yield curve and that the role of orderflow depends
on the liquidity in the Treasury market.

Our empirical results strongly support this hypothesis. Unconditionally, orderflow
imbal ances account for up to 21 percent of the day-to-day variation of yields on days without
major macroeconomic announcements. A one standard deviation excess buying (selling)
pressure is associated with yields dropping (rising) by more than 2.5 basis points, which is
approximately half the standard deviation of daily yield changes. The changesin yields appear
permanent and are not attributed to aliquidity/inventory premium. The evidenceiseven
stronger when we condition on the liquidity in the Treasury market being low. Net orderflow
then accounts for up to 26 percent of the day-to-day variation of yields, and a one-standard

22



deviation imbalance is associated with yields changing by more than 3.3 basis points. We
argued that thisfinding is consistent with market participants paying more attention to orderflow
when the true valuations are uncertain. Finaly, weillustrated the multi-dimensiona aspect and

practical relevance of our resultsin the context of common fixed income trading strategies.
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Tablel: Summary Statistics

This table presents means and standard deviations [in brackets] of yields, net orderflow (purchases less sales),
percentage price bid-ask spreads, and quoted depth over the period January 1992 through December 1999 for the
GovPX dataset. Securities are grouped by the remaining time-to-maturity and seasonedness, where seasonednessis
separated into on-the-run (when-issued trading plus the most recently auctioned security), just off-the-run
(securities having either one or two new issues of similar maturity auctioned since being issued), and off-the-run
(securities having three or more new issues of similar maturity auctioned since being issued).

Remaining Time to Maturity

Seasonedness 0-6 months 6-12 months  1-2 years 2-5 years 5-10years  10-30 years
Yields (%)
4.787 4.984 5432 5.826 6.313 6.751
On-the-Run [0.928] [0.948] [0.874] [0.797] [0.801] [0.806]
4.841 4.964 5.419 5.815 6.515 6.970
Just Off-the-Run [0.912] [0.937] [0.889] [0.803] [0.739] [0.623]
Off-the-Run 4.764 4.985 5.290 5.806 6.412 6.977
[0.926] [0.948] [0.912] [0.789] [0.800] [0.748]
Net Orderflow ($Mil.)
Onthe Run 20.443 752.082 246009  307.857 144651 22.884

[322.111]  [372:891]  [594.361]  [604.659]  [343.624]  [121.397]

12.250 -6.662 29.838 21.797 7.555 4.494

Just Off-the-Run [145323]  [110529] [115934]  [89.382]  [46.129]  [39.263]

Ot -theRun 20,945 67.652 86.873 52243 5.371 0.958
[3871.440] [228883]  [250.132]  [138.983]  [54497]  [20.840]
Bid-Ask Spreads (% of Midpoint Price)
On-the-Run [828?] [82828] [82823] [8%4212] [8232(55] [82?22]
Just Off-the-Run 00 (0019  [0oor  [ome (oM  [0211]
Ot -theRun 0.123 0.210 0.329 0.508 0.736 0.740
[0.049] [0.077) [0.105] [0.148] [0.203] [0.214]
Quoted Depth ($Mil.)

On-the-Run [15'721055 [1:212972? [178.5073;] [giﬁg] [g:gg] [g%;]
Just Gff-the-Run [igg] [giigé] [421:;;2] [g:ggg] [igg] [igéé]

5.434 3.923 1.892 1122 1.223 1.419

Off-the-Run [2.374] [1.749] [0.538] [0.350] [0.769] [1.075]




Tablell: Factor Structures

This table presents the loadings of orthogonal factors extracted from the covariance matrix of on-the-run yields, net
orderflow (purchases |ess sales), percentage bid-ask spreads, and quoted depth for six maturity categories. The
factors are ordered by the percent of the total variation explained by each factor (% Explained).

Factors
Maturity 1% 2" 3 4" 5 6"
Yields
0-6 months 0.3956 -0.4358 0.6403 0.2925 0.3899 0.0785
6-12 months 0.4231 -0.3686 0.0820 -0.2713 -0.7074 -0.3230
1-2 years 0.4644 -0.1793 -0.4273 -0.3366 0.1501 0.6586
2-5 years 0.4715 0.1178 -0.4348 0.1023 0.4164 -0.6252
5-10 years 0.3887 0.4602 -0.0272 0.6549 -0.3778 0.2543
10-30 years 0.2745 0.6453 0.4593 -0.5368 0.0943 -0.0158
% Explained 0.7274 0.2648 0.0058 0.0013 0.0006 0.0001
Net Orderflow
0-6 months 0.3201 -0.5345 0.7325 -0.1456 -0.2320 0.0172
6-12 months 0.4001 -0.1994 -0.1395 0.8740 0.0316 0.1257
1-2 years 0.4351 -0.3094 -0.4034 -0.4197 0.3407 0.5099
2-5 years 0.5172 -0.0019 -0.2044 -0.1575 0.1116 -0.8084
5-10 years 0.4085 0.4244 -0.1371 -0.1152 -0.7588 0.2127
10-30 years 0.3374 0.6314 0.4699 0.0240 0.4908 0.1587
% Explained 0.3237 0.1602 0.1451 0.1360 0.1294 0.1057
Bid-Ask Spreads
0-6 months 0.3679 -0.2156 0.6911 0.5778 0.0798 -0.0181
6-12 months 0.4067 -0.0029 0.4510 -0.7785 -0.1332 0.0859
1-2 years 0.4354 0.4406 -0.1974 0.0486 0.6346 0.4150
2-5 years 0.4916 0.1146 -0.2593 0.0087 0.0397 -0.8224
5-10 years 0.4697 0.0431 -0.3265 0.2160 -0.7043 0.3580
10-30 years 0.2178 -0.8628 -0.3258 -0.1050 0.2747 0.1247
% Explained 0.5610 0.1651 0.1166 0.0810 0.0452 0.0311
Quoted Depth

0-6 months 0.2681 0.1801 -0.8110 -0.4820 0.0700 -0.0265
6-12 months 0.3717 0.2151 -0.3124 0.8339 0.1494 0.0118
1-2 years 0.5267 -0.0076 0.1927 -0.0660 -0.4747 -0.6750
2-5 years 0.5281 -0.1374 0.1408 -0.0897 -0.3785 0.7288
5-10 years 0.4810 -0.1996 0.2965 -0.1898 0.7751 -0.0643
10-30 years -0.0478 -0.9287 -0.3158 0.1543 -0.0585 -0.0909

% Explained 0.4711 0.1706 0.1537 0.1113 0.0553 0.0380




Tablelll: Responseof Yieldsto Lagged Factors

This table presents the results of regressing yields of six maturity categories at datet on the first three yield factors
(level, dlope, and curvature) at datet-1. The regressions include intercepts that are not tabulated. The subpanels are
for three different seasonedness categories — on-the-run, just off-the-run, and off-the-run bonds. The table also
shows adjusted R for regressionsin both levels and changes. * (**) [***] represent significance levels of 10%, 5%,
and 1%, respectively.

Factors Adjusted R?
Maturity Level Slope Curvature Res Std Levels Changes
On-the-Run
0-6 months 0.3806*** -0.4313*** 0.6210***  0.0505 99.70% 1.09%
6-12 months 0.4400*** -0.3826*** 0.0669***  0.0672 99.50% 0.61%
1-2 years 0.4719*** -0.1747*** -0.4390***  0.0577 99.57% 0.46%
2-5 years 0.4519*** 0.1193*** -0.4268***  0.0595 99.44% 0.41%
5-10 years 0.3864*** 0.4531*** -0.0625***  0.0675 99.28% 0.55%
10-30 years 0.2808*** 0.6464*** 0.4608***  0.0509 99.60% 0.64%
Just Off-the-Run
0-6 months 0.3911*** -0.4253*** 0.5935*** 0.0584 99.59% 0.53%
6-12 months 0.4243*** -0.3893*** 0.1336*** 0.0642 99.53% 0.51%
1-2 years 0.4534*** -0.2109*** -0.3827*** 0.0825 99.14% 0.34%
2-5 years 0.4366*** 0.0779*** -0.6339*** 0.0738 99.15% 0.18%
5-10 years 0.4003*** 0.4682*** 0.0689*** 0.0838 98.72% 0.29%
10-30 years 0.3208*** 0.6327*** 0.3563*** 0.0639 98.95% 0.42%
Off-the-Run
0-6 months 0.4018*** -0.5504*** 0.5573*** 0.0538 99.66% 0.73%
6-12 months 0.4118*** -0.4187*** -0.0386*** 0.0530 99.69% 0.59%
1-2 years 0.4172%** -0.1937*** -0.5463*** 0.0720 99.37% 0.52%
2-5 years 0.4092*** 0.2418*** -0.5171*** 0.0720 99.16% 0.44%
5-10 years 0.4125*** 0.4344*** 0.0519*** 0.0958 98.55% 0.58%
10-30 years 0.3852*** 0.4847*** 0.6091*** 0.0801 98.86% 0.69%




TablelV: Response of Yieldsto Orderflow

Thistable presents the results of regressing yields of six maturity categories at date t on net orderflow (purchases less sales) between datest-1 and t. The
regressions are for non-announcement days and include intercepts and coefficients on the first three yield factors at date t-1 that are not tabulated. The subpanels
are for three different seasonedness categories — on-the-run, just off-the-run, and off-the-run bonds. The adjusted R? measures the incremental contribution of
net orderflow relative to regressions that include only the lagged yield factors. For comparison, the table also shows the adjusted R? for all days and the results
of regressing yields on the first net orderflow factor. * (**) [***] represent significance levels of 10%, 5% and 1%, respectively.

Net Orderflow by Maturity

1% Net Orderflow Factor

All Days
Maturity 0-6mths 6-12mths  1-2yrs 2-5yrs 510yrs  10-30yrs ResStd AdjR? Adj Rg Factor ResStd Adj R
On-the-Run
0-6 months ~ -0.0072*** -0.0030**  -0.0060*** -0.0090*** -0.0010 -0.0013 0.0438 10.61% 9.57% -0.0147*** 0.0540  10.21%
6-12 months  -0.0050*** -0.0091*** -0.0070*** -0.0114*** -0.0028 -0.0031*** 0.0596 15.37% 13.51% -0.0229*** 0.0599  13.80%
1-2years  -0.0061*** -0.0062*** -0.0096*** -0.0133*** -0.0030*  -0.0042*** 0.0476 21.15% 18.83% -0.0248*** 0.0478  19.79%
2-5years  -0.0068*** -0.0057*** -0.0092*** -0.0166*** -0.0032** -0.0049*** 0.0496 24.67% 20.19% -0.0263*** 0.0498  21.37%
5-10years  -0.0038*** -0.0043*** -0.0070*** -0.0149*** -0.0050** -0.0054*** 0.0590 19.15% 17.61% -0.0278*** 0.0593  17.81%
10-30years  -0.0022 -0.0028**  -0.0064*** -0.0097*** -0.0047*** -0.0064*** 0.0461 1558% 12.31% -0.0165*** 0.0463  13.42%
Just Off-the-Run
0-6 months ~ -0.0056*** -0.0047*** -0.0055*** -0.0083** -0.0028 0.0004  0.0540 4.68% 3.51% -0.0091*** 0.0544 3.62%
6-12months  -0.0041*** -0.0088*** -0.0069*** -0.0116*** -0.0035*  -0.0056*** 0.0571 15.10% 14.93% -0.0236*** 0.0573  14.78%
1-2years  -0.0043** -0.0086*** -0.0095*** -0.0140*** -0.0045*  -0.0061*** 0.0731 16.00% 13.65% -0.0304*** 0.0733  14.85%
2-5years  -0.0059*** -0.0081*** -0.0104*** -0.0184*** -0.0052** -0.0046** 0.0619 17.37% 15.94% -0.0273*** 0.0620  16.34%
5-10years  -0.0091*** -0.0077*** -0.0098*** -0.0131*** -0.0075*** -0.0039** 0.0739 15.69% 14.30% -0.0234*** 0.0742  14.46%
10-30years  0.0000 -0.0057**  -0.0057*  -0.0094*** -0.0053** -0.0033*  0.0548 16.07% 15.70% -0.0231*** 0.0554  15.25%
Off-the-Run
0-6 months  -0.0051*** -0,0043*** -0.0029*  -0.0036**  -0.0002 -0.0016 0.0482  509% 4.40% -0.0099*** 0.0484 4.72%
6-12months  -0.0044*** -0.0072*** -0.0068*** -0.0074*** -0.0027*  -0.0063 0.0430 16.45% 16.19% -0.0193*** 0.0434  15.42%
1-2years  -0.0054*** -0.0065*** -0.0096*** -0.0137*** -0.0035** -0.0037*  0.0612 16.33% 14.27% -0.0283*** 0.0614  15.91%
2-5years  -0.0050*** -0.0056*** -0.0082*** -0.0168*** -0.0038** -0.0064*  0.0614 14.53% 13.81% -0.0252*** 0.0616  13.88%
5-10years  -0.0064**  -0.0042*** -0.0100*** -0.0120**  -0.0043*** -0.0079** 0.0856 13.41% 12.97% -0.0240*** 0.0862  11.78%
10-30years  0.0084 -0.0035 -0.0200%** -0.0050 -0.0024**  -0.0081** 0.0713 12.60% 11.39% -0.0270*** 0.0752 9.79%




TableV: Response of Yield Factorsto Orderflow

This table presents the results of regressing the first three on-the-run yield factors (level, dope, and curvature) at datet on net orderflow (purchases less sales)
between datest-1 and t. The regressions are for non-announcement days and include intercepts and coefficients on the yield factors at date t-1 that are not
tabulated. The adjusted R* measure the incremental contribution of net orderflow relative to regressions that include only the lagged yield factors. For
comparison, the table also shows the results of regressing the yield factors on the first net orderflow factor. * (**) [***] represent significance levels of 10%, 5%
and 1%, respectively.

Net Orderflow by Maturity 1% Net Orderflow Factor
Factors 0-6 mths  6-12 mths 1-2 yrs 2-5yrs 5-10yrs  10-30yrs ResStd  Adj R Factor  ResStd Adj R
Level -0.0121 *** -0.0157 *** -0.0184 *** -0.0286 *** -0.0070 ** -0.0100 ***  0.0863 28.14% -0.0550 *** 0.0868 27.68%
Slope 0.0018 -0.0010 -0.0022 * -0.0051 *** -0.0033 *** -0.0010 0.0346 8.27% -0.0071*** 0.0348 7.67%

Curvature 0.0003 0.0016 ** 0.0014 ** 0.0029 ***  -0.0006 0.0007 0.0204 4.95%  0.0042 *** 0.0204 3.77%




Table VI: Response of Off-the-Run Yieldsto Own versus On-the-Run Orderflow

This table presents the results of regressing off-the-run yields of six maturity categories at date t on off-the-run and on-the-run net orderflow (purchases less sales)
between datest-1 and t. The regressions are for non-announcement days and include intercepts and coefficients on the first three yield factors at date t-1 that are
not tabulated. The subpanels are for two different seasonedness categories — just off-the-run and off-the-run bonds. The adjusted R? measure the incremental
contribution of net orderflow relative to regressions that include only the lagged yield factors. AAdj R? denotes the change in the adjusted R? relative to the results
inTablelV. * (**) [***] represent significance levels of 10%, 5% and 1%, respectively.

Own Net Orderflow by Maturity On-the-Run Net Orderflow by Maturity
Maturity 0-6 mths 6-12mths  1-2yrs  2-5yrs  5-10yrs 10-30yrs 0-6mths 6-12mths  1-2yrs 2-5yrs  5-10yrs  10-30yrs Adj R? AAd| R
Just Off-the-Run
0-6 mths -0.0013 -0.0004 -0.0006 -0.0003 -0.0002 0.0046*  -0.0021*** -0.0037*** -0.0069**  0.0043** -0.0028 -0.0030 5.03% 0.35%
6-12 mths -0.0080* 0.0015 -0.0016 0.0008 -0.0004 0.0015 -0.0015**  -0.0056*** -0.0047*** -0.0108*** -0.0054 -0.0034 15.28% 0.18%
1-2yrs -0.0042 0.0000 -0.0031 -0.0004 -0.0046* -0.0064* -0.0061** -0.0052** -0.0099*** -0.0177*** -0.0098** -0.0045* 15.98% -0.02%
2-5yrs  -0.0070 -0.0001 -0.0059 0.0033 0.0011 -0.0002 -0.0042**  -0.0040** -0.0082**  -0.0132** -0.0125*** -0.0072** 17.32% -0.05%
5-10yrs 0.0025 -0.0010 -0.0059 -0.0035 -0.0033 -0.0040 -0.0093** -0.0032 -0.0057 -0.0100*** -0.0146*** -0.0108** 15.69% 0.00%
10-30yrs -0.0024 00037* -00055 00021 00002 -0.0003 -0.0002  -0.0055* -0.0033  -0.0139** -0.0109*** -0.0113*** 16.33% 0.26%
Off-the-Run

0-6 mths -0.0142 -0.0101 -0.0011 -0.0001 -0.0052 0.0065  -0.0025*** -0.0059** -0.0016 -0.0079 -0.0032 -0.0029** 5.44% 0.35%
6-12mths  0.0015 -0.0156 -0.0067 0.0004  -0.0076* 0.0068* -0.0053** -0.0031*** -0.0061** -0.0081** -0.0017 -0.0069* 16.64% 0.19%
1-2yrs 0.0151* -0.0060 -0.0064* 0.0011 -0.0053 -0.0017 -0.0017**  -0.0038*** -0.0079*** -0.0134** -0.0083 -0.0081* 16.37% 0.04%
2-5yrs  -0.0276* -0.0162* -0.0031 -0.0092* -0.0054 0.0096* -0.0072* -0.0024*  -0.0013** -0.0136*** -0.0106* -0.0096**  14.52% -0.01%
5-10yrs  0.0188* -0.0289* -0.0040 0.0007 -0.0084*  0.0032 -0.0014 -0.0090 -0.0076 -0.0114** -0.0146** -0.0104*** 13.48% 0.07%
10-30yrs -0.0068 0.0030 -0.0005 -0.0026 -0.0031 -0.0127* -0.0117 -0.0040 -0.0065 -0.0107** -0.0183** -0.0125** 12.71% 0.11%




TableVII: Response of Yieldsto Contemporaneous and L agged Net Orderflow

This table presents the results of regressing yields of six maturity categories at date t on contemporaneous net orderflow (purchases less sales) between datest-1
and t and on lagged net orderflow between datest-2 and t-1. The regressions are for non-announcement days and include intercepts and coefficients on the first
three yield factors at date t-1 that are not tabulated. The subpanels are for three different seasonedness categories — on-the-run, just off-the-run, and off-the-run

bonds. The adjusted R? measure the incremental contribution of net orderflow relative to regressions that include only the lagged yield factors. AAdj R? denotes
the change in the adjusted R? relative to the resultsin Table IV. * (**) [***] represent significance levels of 10%, 5% and 1%, respectively.

Contemporaneous Net Orderflow by Maturity

Lagged Net Orderflow by Maturity

Maturities 0-6 mths  6-12mths  1-2yrs 2-5yrs 5-10yrs 10-30yrs 0-6 mths 6-12mths  1-2yrs 2-5yrs  5-10yrs 10-30yrs Adj R? AAdj R?
On-the-Run
0-6 mths -0.0065*** -0.0041** -0.0054*** -0.0061*** -0.0007  -0.0013 0.0008 -0.0011 -0.0003 -0.0009 0.0009 -0.0019 10.06% -0.55%
6-12 mths -0.0055*** -0.0102*** -0.0066*** -0.0097*** -0.0022  -0.0065***  0.0022 -0.0038*  -0.0030 -0.0015 -0.0008 -0.0029 15.68% 0.31%
1-2yrs  -0.0062*** -0.0072*** -0.0095*** -0.0110*** -0.0022** -0.0047***  0.0027 -0.0009 -0.0029* -0.0007 -0.0012 -0.0052* 21.38% 0.23%
2-5yrs  -0.0068*** -0.0079*** -0.0102*** -0.0122*** -0.0029** -0.0038** 0.0015 -0.0017 -0.0021 -0.0019 0.0003 -0.0045* 25.18% 0.51%
5-10yrs -0.0044** -0.0097*** -0.0067*** -0.0154*** -0.0022*** -0.0043** 0.0011 -0.0057*  -0.0016 -0.0055* -0.0017 -0.0020 19.85% 0.70%
10-30yrs -0.0019 -0.0045** -0.0064*** -0.0066*** -0.0043*** -0.0038** 0.0030* -0.0004 -0.0028 -0.0003 -0.0005 -0.0025* 15.96% 0.38%
Just Off-the-Run
0-6 mths -0.0051*** -0.0058*** -0.0059*** -0.0018* 0.0025 0.0008 -0.0022  -0.0007 0.0018 0.0054 0.0017 0.0010* 5.36% 0.68%
6-12 mths -0.0044*** -0.0102*** -0.0068*** -0.0102*** -0.0029*** -0.0063***  0.0019 -0.0035 -0.0025 -0.0013 -0.0021  -0.0030* 15.78% 0.68%
1-2yrs  -0.0059*** -0.0080*** -0.0087*** -0.0175*** -0.0048*** -0.0066** 0.0076  -0.0036 -0.0024*  -0.0073 0.0007 -0.0046  17.16% 1.16%
2-5yrs  -0.0057*** -0.0086*** -0.0119*** -0.0116*** -0.0028** -0.0037**  -0.0007  -0.0002* -0.0041 0.0034 -0.0028 -0.0022  17.14% -0.23%
5-10yrs -0.0098*** -0.0090*** -0.0077*** -0.0095*** -0.0045** -0.0032** 0.0028 -0.0094 -0.0014  -0.0022 0.0068 -0.0023  15.46% -0.23%
10-30yrs 0.0011 -0.0051** -0.0063* -0.0071** -0.0098* -0.0039** 0.0000  0.0029 -0.0047  -0.0046  -0.0023 -0.0032 14.12% -1.95%
Off-the-Run
0-6 mths -0.0051*** -0.0034** -0.0034* -0.0032* -0.0009 -0.0010 0.0002 -0.0031 -0.0017 0.0036  0.0003 -0.0017 4.78% -0.31%
6-12 mths -0.0044*** -0.0079*** -0.0070*** -0.0068*** -0.0030** -0.0059 -0.0003 -0.0016 -0.0008 0.0005 -0.0010 -0.0027  16.94% 0.49%
1-2yrs  -0.0047*** -0.0081*** -0.0089*** -0.0151*** -0.0026** -0.0034 0.0017 -0.0016 -0.0032 -0.0046 -0.0024 -0.0023  16.07% -0.26%
2-5yrs  -0.0054*** -0.0066*** -0.0100*** -0.0129*** -0.0034*** -0.0053** 0.0030 -0.0009 -0.0005 -0.0010  0.0000 -0.0058  15.28% 0.75%
5-10yrs -0.0072** -0.0055*** -0.0101*** -0.0051** -0.0045*** -0.0060** 0.0021 -0.0115 -0.0019 0.0042  0.0021 -0.0009  12.55% -0.86%
10-30yrs 0.0100 -0.0035** -0.0251*** -0.0028 -0.0021*** -0.0088** 0.0040  0.0046 0.0032 -0.0032 -0.0136 -0.0047  11.57% -1.03%




TableVIII: Responseof Yieldsto Orderflow Conditional on Liquidity

Thistable presents the results of regressing yields of six maturity categories at date t on the first net orderflow
factor and on the product of the first net orderflow factor with adummy variable for low liquidity between datest-1
and t. The dummy variable equals one when liquidity islow and zero otherwise, where low liquidity is proxied by
the first factor in bid-ask spreads being above its median (in panel A) or the first factor in quoted depth being below
its median (in panel B). The regressions are for non-announcement days and include intercepts and coefficients on
thefirst three yield factors at date t-1 that are not tabulated. The subpanels are for three different seasonedness
categories — on-the-run, just off-the-run, and off-the-run bonds. The adjusted R? measure the incremental
contribution of net orderflow relative to regressions that include only the lagged yield factors. AAdj R? denotes the
change in the adjusted R? relative to the resultsin Table IV. * (**) [***] represent significance levels of 10%, 5%
and 1%, respectively.

1% Net Orderflow Factor
Maturities High Liquidity Low Liquidity Increment Adj R? AAdj R?

Panel A: Liquidity Proxied by Bid-Ask Spreads

On-the-Run
0-6 months -0.0102 *** -0.0077 ** 12.47% 2.26%
6-12 months -0.0177 *** -0.0093 *** 16.93% 3.13%
1-2 years -0.0189 *** -0.0107 *** 24.84% 5.05%
2-5 years -0.0208 *** -0.0117 *** 26.34% 4.97%
5-10 years -0.0209 *** -0.0130 *** 21.40% 3.59%
10-30 years -0.0150 *** -0.0042 * 16.15% 2.73%

Just Off-the-Run

0-6 months -0.0074 *** -0.0041 * 4.65% 1.03%
6-12 months -0.0186 *** -0.0118 *** 16.96% 2.18%
1-2 years -0.0251 *** -0.0122 *** 17.34% 2.49%
2-5 years -0.0217 *** -0.0131 *** 19.15% 2.81%
5-10 years -0.0204 *** -0.0096 ** 16.51% 2.05%
10-30 years -0.0206 *** -0.0070 * 16.37% 1.12%

Off-the-Run
0-6 months -0.0062 *** -0.0061 * 4.79% 0.07%
6-12 months -0.0149 *** -0.0087 ** 16.96% 1.54%
1-2 years -0.0226 *** -0.0117 *** 17.83% 1.92%
2-5 years -0.0206 *** -0.0092 ** 15.56% 1.68%
5-10 years -0.0206 *** -0.0060 * 12.73% 0.95%
10-30 years -0.0107 *** -0.0047 10.12% 0.33%

Panel B: Liquidity Proxied by Quoted Depth

On-the-Run
0-6 months -0.0107 *** -0.0065 10.24% 0.03%
6-12 months -0.0218 *** -0.0071 ** 14.75% 0.95%
1-2 years -0.0223 *** -0.0080 ** 20.93% 1.14%
2-5 years -0.0224 *** -0.0083 ** 22.54% 1.17%
5-10 years -0.0155 *** -0.0072 ** 18.84% 1.03%
10-30 years -0.0181 *** -0.0029 13.89% 0.47%




Figure 1: Changein theYield of the 5-year Treasury Note
The left plot shows yield changes for the 5-year Treasury note on the three days surrounding the ten most influential
macroeconomic announcements (civilian unemployment, consumer confidence, consumer prices, FOM C meetings,

housing starts, industrial production, NAPM report, non-farm payroll, producer prices, and retail sales). The right
plot shows the corresponding yield changes on al other days.
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Figure 2: Thelmpact of Orderflow on theYield Curve

The plots display the reaction of the yield curve to a one standard deviation net orderflow (purchases less sales) in
each of the six issuing maturities. The black bars represent the unconditional reaction. The gray and white bars are
for periods of high or low liquidity, respectively, where low liquidity is characterized as the bid-ask spread of the

maturity in which the orderflow imbalance occurs being above its

median.
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Figure 3: Thelmpact of Common Fixed Income Trading Strategieson the Yield Curve

The plots display the reaction of the yield curve to a five commond fixed income strategies (ladder, five-year bullet,
five-year barbell, duration-neutral term spread, and duration-neutral and duration-weighted butterfly spread). Each
strategy involved an absolute (buy and sell) orderflow of $100M. The black bars represent the unconditional
reaction. The gray and white bars are for periods of high or low liquidity, respectively, where low liquidity is
characterized as the bid-ask spread of the maturity in which the orderflow imbal ance occurs being above its median.
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