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Abstract 

This paper examines foreign exchange trading at the dealer level. The dealer we track 
averages $100 000 in profits per day on volume of $1 billion per day (or one basis point). The 
half-life of the dealer's position is only 10 min, providing strong support for inventory 
models. A methodological innovation allows us to identify his speculative position over time. 
This speculative position determines the share of profits deriving from speculation versus 
intermediation: intermediation is much more important. 0 1998 Elsevier Science Ltd. All 
rights reserved. 

JEL classifications: G15; F31 

Empirical work on FX microstructure is still in its early stages. The earliest work 
used futures data since that was available at high frequencies.' In FX, however, the 
futures market is both much smaller than spot and tightly linked to spot through 
arbitrage. Moreover, early data sets did not have sufficient granularity to capture 
agent heterogeneity, the hallmark of the microstructure approach. Work on the 
spot market itself grew in the early 1990s with the availability of quotes on an 
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intraday basis (specifically, the indicative quotes from Reuters called FXFX).' 
These quotes provide a quite accurate picture of price dynamics. More important, 
they also speak to heterogeneity issues since the names and locations of the 
quoting banks are also included. A number of interesting questions could thus be 
addressed that earlier data did not permit. The FXFX data did not, however, leave 
much room for direct testing of theory since they provide no direct measures of 
quantity (order flow) ~ and quantity's role in determining price is central to 
microstructure theory. As quantity data became available, more direct tests became 
possible.' 

This paper extends earlier work by answering a number of key quantity-depen- 
dent questions. Answering some of these is rather straightforward. For example, 
how profitable is dealing in FX? And how rapidly do FX dealers dispose of risky 
inventory compared to, say, NYSE equity specialists? Other questions are less 
straightforward, requiring some methodological progress. For example, what share 
of dealer profits come from speculation versus intermediation? To answer this, one 
needs a method for measuring dealer speculation over time. This paper introduces 
a method for doing this. 

Our answers to the more straightforward questions are striking. First consider 
dealer profits: the dealer we track averages $100000 profit per day (on volume of 
$1 billion per day). By comparison, equity dealers average about $10 000 profit per 
day (on volume of roughly $10 million per day).4 Next, consider the pace of 
inventory management: the half-life for the dealer we track is only 10 min. This is 
remarkably short relative to half-lives for equity specialists of 1 week (Madhavan 
and Smidt, 1993). Inventory theory is clearly essential to understanding trading in 
this market. Though striking, these results also present a challenge: why do equity 
and FX markets look so different in these dimensions? That is an issue this paper 
raises, but does not resolve. 

As stated above, addressing some of the less straightforward questions ~ e.g. 
the share of profits from speculation - requires some methodological progress. 
For perspective we turn to the relevant theory. Note that microstructure theory is 
composed of two distinct branches. The earlier branch of inventory models began 

'See Goodhart and Figliuoli (1991) and Bollerslev and Domowitz (19931, among many others. At the 
daily frequency, early work includes Glassman (1987) and Bossaerts and Hillion (1991). 
'See Lyons (1995), Goodhart et al. (1996), and Yao (1996). For an emerging experimental literature see 
Flood et al. (1996). For work on information networks embedded in FX trading technologies see Zaheer 
and Zaheer (1995). 
4We use the numbers from Hansch et al. (1994) for the London Stock Exchange because, unlike the 
NYSE, this is a pure dealership market and therefore more comparable to FX. They find dealers 
average a profit of roughly 10 basis points on each transaction. Though the authors do not provide an 
average turnover by dealer, they do provide data that allow a rough estimate. The average daily 
turnover for FTSE-100 stocks is about $10 million ($6.9 million). This total turnover is divided among 
dealers, but active dealers make markets in many stocks. Given the market shares the authors report for 
the more active dealers, and given the number of stocks in which each makes markets, the estimated 
average turnover of $10 million per dealer is about right. 
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in the 1 9 7 0 ~ ~  The later branch of information models developed in the 1 9 8 0 ~ ~  
Underlying assumptions kept these branches distinct: inventory models include no 
information asymmetries, and information models include no inventory costs (e.g. 
no risk aversion). Consequently, a dealer’s position in inventory models is purely 
non-speculative, while in information models it is purely speculative. In the data, of 
course, positions include both speculative and non-speculative components. Disen- 
tangling them is an important step for empirical work since theory is clear that the 
respective driving forces are different. 

The methodological progress we make here is our means of disentangling 
speculative and non-speculative positions. We are certainly not the first to effect 
this decomposition. The difference is that our approach draws from economics 
rather than being purely statistical (see Madhavan and Smidt, 1993; Hasbrouck and 
Sofianos, 1993). Specifically, our method identifies the dealer’s speculative position 
by projecting his total position on an information set, one that contains non-public 
information useful for speculation. A second, crucial ingredient is that this infor- 
mation set is selected such that its contents are orthogonal to the dealer’s 
non-speculative position. This instrumental-variables approach provides the identi- 
fication we need. 

In general, the information driving speculative positions comes from two key 
sources: incoming orders and incoming quotes. To drive speculation, it is important 
that this information not be public information, which it is not in this case: quantity 
and price information from FX dealer trades are not available to the market at 
large (for more on this see Lyons, 1996). The first of these two sources, incoming 
orders, is the standard source of dealer information in information models. The 
second source, incoming quotes, is a special feature of multiple-dealer markets (see 
Leach and Madhavan, 199317 In fact, our position decomposition would not be 
possible without this feature: in single-dealer models there is typically a single 
determinant of both speculative and non-speculative positions - namely order 
flow ~ and a single determinant cannot serve as an instrument for disentangling 
these two position components; with multiple-dealers, however, incoming quotes 
provide a second determinant of speculative position, one that may be uncorrelated 
with non-speculative position, and can therefore serve as an instrument. 

Performing the decomposition allows us to pin down the degree to which profit 
is due to intermediation (i.e. the spread) versus speculative gains. We find that 
intermediation, at least for the dealer we track, is much more important, account- 
ing for roughly 90% of his profits. To this we should add, however, that our dealer 
is described by his peers as a ‘liquidity machine’, by which they mean that his style 
focuses on high volume at competitive prices. In addition, more than 90% of our 
dealer’s trading is with other dealers (as opposed to non-dealer customers), 

‘See Garman (19761, Amihud and Mendelson (19801, Ho and Stoll (19831, and O’Hara and Oldfield 
(19861, among others. 
‘See Copeland and Galai (19831, Kyle (1985), Glosten and Milgrom (19851, and Admati and Pfleiderer 
(1988), among others. 
’It could be argued that limit orders play a similar role within specialist markets. 
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whereas the average interdealer share is closer to 80%. Thus, in terms of the 
source of his profits, our dealer should not be viewed as representative of all 
dealers in this market.8 

Though many empirical papers address dealer behavior, two are especially 
relevant here due to their focus on quantity data. Each examines implications of 
microstructure models using data on equity specialist inventories. Madhavan and 
Smidt (1993) use their inventory data to test whether inventories revert toward a 
target (as theory predicts). Their model of the target to which inventory reverts is 
statistical, based on systematic patterns in residuals. They find that allowing the 
target to vary intensifies mean reversion. Nevertheless, the shortest half-life they 
estimate is 1 week. Hasbrouck and Sofianos (1993) also focus on the inventory 
series itself. And their model of target inventory is also statistical, in this case 
driven by inventory's time-series properties." Like Madhavan and Smidt (19931, 
they find allowing the target to vary helps account for earlier findings that 
inventory control is weak. 

Before proceeding we want to clarify our terms, in particular our use of 'position 
control'. Here position control refers to management of both speculative and 
non-speculative positions. The more traditional term 'inventory control' is nar- 
rower, referring only to management of non-speculative positions. Since this 
paper's scope spans both, we adopt a more flexible terminology. 

The paper is organized as follows: Sec. 1 outlines our method for disentangling 
speculative and non-speculative positions; Sec. 2 describes the data; Sec. 3 disen- 
tangles the position components and estimates dealer profits; Sec. 4 concludes. 

1. Decomposing speculative and non-speculative position components 

1.1. Linking target position to information 

Consider the equation used by Madhavan and Smidt (1993) to estimate mean 
reversion in dealer positions (Appendix A sketches the optimizing model underly- 
ing it): 

'See, for example, Yao (19961, who chronicles the trading of a commercial bank dealer who receives 
much more customer order flow than our dealer. 
"The three time-series properties of inventory highlighted by Hasbrouck and Sofianos (1993) are 
short-term variation, discrete long-term variation, and smooth long-term variation (p. 1570). Their view 
is that the short-term variation reflects classic dealer behavior (non-speculation) whereas long-term 
variation of both types reflects investment holdings (speculation). The position series for an FX dealer 
displays only short-term variation by their standards since in general the daily closing position is zero. 
Thus, by their logic our position series must be devoid of any speculative components. Our discussions 
with FX dealers convince us otherwise. 
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where I ,  is the dealer’s total position, and I: is the dealer’s target position, both at 
time t. The position disturbance E , + ~  is realized at t + 1 and is uncorrelated with 
I, - I: (a property deriving from the assumption that quotes are regret-free in the 
sense of Glosten and Milgrom (1985)). The difficulty in estimating p comes from 
the unobservability of I:. Since most models specify order flow as the only source 
of variation in both I ,  and I:, it is impossible to identify 1: on the basis of order 
flow alone, hence the past reliance on statistical models of I:. 

We need to be precise about the term target position. The dealer’s target 
position can be decomposed into a speculative demand component I> and a 
non-speculative component I: ’ I .  

I,’ = I; + I,”“. (2) 

For an FX dealer, it is reasonable to presume that I:” equals zero. In particular, 
it is unclear why a non-zero non-speculative position would aid a major-market FX 
dealer in the provision of immediacy (e.g. an FX dealer does not worry about 
stock-out as he might in a less liquid market). Also supportive is the fact that FX 
dealers generally close each day with a position of zero (unlike NYSE specialists). 
Under the assumption that I:” equals zero, we can therefore write: 

I ,+,  ~ I ,  = p(1, ~ 1;) + & , + I .  (3) 

Note that we are not assuming the non-speculative component of total position 
I, is zero, only that the non-speculative component of the target position is zero. 
Accordingly, we decompose the total position at any time t into speculative and 
non-speculative components: 

(4) I, = I; + I,“, 

where I,“ denotes the time t non-speculative component. 
The speculative component is the dealer’s speculative demand which we model 

in the usual way (see O’Hara, 1995, pp. 156-158). The demand for the risky asset 
in a competitive two-asset economy, one riskless and one risky, with utility defined 
over end-of-period wealth is: 

( 5 )  

where P, is the price of the risky asset (FX) at time t ,  0, is the dealer’s 
information set at time t ,  and 6 is a constant. The constant 6 depends on the 
coefficient of absolute risk aversion and the conditional variance of the risky asset 
price. For now, we assume a constant conditional variance, though we return to 
this issue below. 

1; = 8E[P,+, - P,lql> 

1.2. Consistent estimation of p 

The usual difficulty in extracting I: from I ,  is due to the correlation between I: 
and I,”. To see this, consider the canonical specialist who draws inferences about 
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the risky asset's value from the incoming order flow. In this context, incoming 
order flow is driving both I: and I;', the latter due to order flow's information 
content. Consequently, order flow alone is insufficient for disentangling these two 
components of I,. Instruments are needed for I;': variables correlated with I;' but 
uncorrelated with I:. 

A richer specification of 0, provides the needed instruments. Partition 0, into 
three components: (i) a set of public signals Of, (ii) a set of non-public signals 
correlated with I:, or, 0," and (iii) a set of non-public signals orthogonal to I:, or 
fly: 

( 6 )  

is thus purged of any correlation with 
inventory changes due to I:. Let t denote this projection. We can then consis- 
tently estimate the half-life of the non-speculative position component from: 

P ON 0 N l  0,= {0,> , > , I .  

The least-squares projection of I ,  on 0; 

(7) 

since is by construction orthogonal to 
associate with inventory control in the classic models. 

1.3. A consistent covariance matrix of f i  

This is the mean reversion we 

Though an OLS estimate from (Eq. (7)) is consistent, the OLS standard errors 
are incorrect. To see this, define the projection error of @ as 7,. 

A 

I; = I;' + 7,. (8) 

If we denote the variance of the disturbance from (Eq. (3)) as a:, then the 
variance of the disturbance in (Eq. (7)) is a: + p'a.. The probability limit of the 
OLS estimate of the residual covariance matrix from (Eq. (7)) is a:, which clearly 
understates the asymptotic standard errors. Pagan (1984) shows that Two-Stage 
Least Squares (2SLS) produces a consistent estimator of the variance of f i .  This is 
the estimator we use to calculate standard errors for estimates of (Eq. (7)). 

2. Data 

The dataset is an augmented version of that used in Lyons (1995), the principal 
addition being the non-dealt quotes we use to identify the dealer's speculative 
position. Here we provide a broad overview, with detail only where necessary to 
augment that in Lyons (1995). 

The dataset consists of two linked parts, each covering the activity of a DM/$ 
dealer at a major New York bank. The sample spans the 5 trading days of the week 
August 3-7,1992. Each of the 5 trading days begins at 08:30 h and ends on average 
at 13:30 h, Eastern Standard Time. The first part comprises the dealer's position 
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T' Tb T' To T' 

e. e. Q e .  
I 1  I I 1 1  I I I 1 1  I I 1 1  I 
1 1  I I l l  I I 1 1 1  I 1 1 1  

Q* Q Q ' Q P P  Q Q Q P Q '  

f -2  1-1 1 
I - I I 

I 

Fig. 1. Diagram of data structure. Definitions: Q is an outgoing interdealer quote (i.e. a quote made) 
and, if the quote is hit, T L  is the incoming dealer trade. QL is an incoming interdealer quote (i.e. a quote 
received) and, if the quote is hit, To is the outgoing trade. T" is a brokered interdealer trade. Brokered 
trades do not align vertically with a quote because the data for brokered trades come from the dealer 
position sheets, and the broker-advertised quotes at the time of the transaction are not recorded. 'I) 
appears whenever a trade occurs; 'I) appears whenever a non-dealt quote occurs. The disjoint segment 
below the top time-line represents the dealer's position over the same interval. The time-line at the 
bottom clarifies the timing relevant to the regression subscripts; namely, periods are defined over 
incoming transactions. 

cards. His position cards include all his trades, with transaction quantities and 
prices. The second part is narrower but deeper: narrower because it contains only a 
subset of his trades, his direct (meaning non-brokered) interdealer trades; deeper 
because it contains all his direct quotes, irrespective of whether dealt. Figure 1 
provides a diagram of the data flow through time. 

2.1. Dealer data: position cards 

Because the position cards include all of the dealer's transactions, they are 
sufficient for constructing the dealer's position I ,  through time. An average day 
consists of approximately 20 cards, each with about 15 transaction entries. Each 
card includes the following information for every trade: 

1. the signed quantity traded (which determines I l l ;  
2. the transaction price; 
3. the counterparty, including whether brokered. 

Note that the bid/ask quotes at the time of the transaction are not included on 
the position sheets. Note also that each entry is not time-stamped, though the 
dealer does record the time at the outset of every card (to the minute), and 
occasionally within the card too. This part of the dataset includes 1720 transactions 
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Table 1 
Diagram of position sheet structure, first 14 trades on Monday, August 3, 1992 

Trade date: 8/3 
Value date: 8/5 
Position Position rate Trade Trade rate Source Time 

1 
2 

28 
- 10 
- 10 
- 10 
-3 

3 1.4796 

-2 1.4797 
0.5 
0.75 
3 

- 10 

2 

5 
-7 

2 1.4791 

-8 1.4797 

-6 1.4797 

-8 1.4808 

1.4794 r 830 
1.4797 r 

1.4795 
1.4797 
1.4797 
1.4797 
1.4797 

1.4794 
1.4790 
1.4791 

1.4791 

1.4799 

1.4805 
1.4810 

The dealer’s position sheets provide the dealer with a running record of his net position and the 
approximate cost of that position. This dealer fills it in by hand as he trades. Each sheet (page) covers 
about 15 transactions. The ‘Position’ column accumulates the individual trades in the ‘Trade’ column. 
Quantities are in millions of dollars. A positive quantity in the Position column corresponds to a net 
long dollar position. The ‘Trade rate’ column records the exchange rate for the trade, in deutschemarks 
per dollar. The ‘Position rate’ column records the dealer’s estimate of the average rate at which he 
acquired his position. The Position and Position rate are not calculated after every trade due to time 
constraints. The ‘Source’ column reports whether the trade is direct over the Reuters Dealing 2000-1 
system (r = Reuters) or brokered (b = Broker). 

amounting to $7.0 billion. Table 1 provides a diagram of the position sheet’s 
structure. The only part of an actual position sheet that is not in the diagram is the 
names of the counterparties. Counterparty names are considered highly confiden- 
tial to this dealer’s institution. 

2.2. Dealer data: direct quotes and trades 

The second part of the dataset includes the quotes, transaction quantities, and 
transaction prices for all the non-brokered interdealer interactions. These data 
derive from bank dealing records from the Reuters Dealing 2000-1 system. This 
system is different from the system that produces the Reuters FXFX indications 
used elsewhere in the literature (see, for example, Goodhart and Figliuoli, 1991). It 
allows dealers to communicate quotes and trades bilaterally via computer rather 
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than verbally over the telephone. This dealer uses Dealing 2000-1 for more than 
99% of his non-brokered interdealer trades. 

Each record from the Dealing 2000-1 system includes the first five of the 
following seven variables. The last two are included only if a trade takes place. 

1. The time the communication is initiated (to the minute, with no lag) 
2. which of the two dealers is requesting the quote 
3. the quote quantity 
4. the bid quote 
5. the ask quote 
6. the quantity traded 
7. the transaction price. 

This part of the dataset includes 952 transactions amounting to $4.1 billion. 
Though it does not include the dealer’s brokered transactions, it has two key 
advantages over the data from the position cards: it provides quotes rather than 
just transaction prices and it identifies which counterparty is the aggressor. It also 
provides a means of error-checking the data from the position cards. Perhaps most 
important for our purposes, this part of the dataset provides the incoming quotes 
that did not generate a trade. We use these non-dealt quotes to identify the 
dealer’s speculative position. Over our sample week, only 5% of incoming quotes 
generated a trade. (In contrast, 34% of outgoing quotes generated a trade, an 
indication that our dealer is not the average dealer in this respect.) 

2.3. The resulting position series 

Figure 2 provides a plot of the dealer’s position over the sample’s 5 trading days. 
Mean reversion is evident. Note too the range of the position: rarely did open 
positions rise above $40 million ($40 million is well below the intraday position 
limits imposed on senior dealers at major banks, typically in the $100-$150 million 
range). Each of the 5 days the dealer closed his trading day with a position of zero. 
(A common overnight limit is about $75 million; most dealers, however, close their 
day at zero. Two common rationales for closing at zero are that (1) carrying an 
open position requires monitoring it through the evening and (2) a dealer’s 
comparative advantage in speculation is when she is seated at her desk observing 
order flows and quotes.) The relative width of the days is a reflection of the relative 
trading activity. Monday and Friday are the highest volume days. 

3. Results: profits and position components 

3.1. Dealer profits 

A summary of the dealer’s profitability over the week appears in Table 2. Note 
that the daily volume is well over $1 billion each day. Profits for the week total 
$507929, Friday being the most profitable day. Friday is also the highest volume 
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6o 3 

-60 ‘  I I I 
Man Tua Wed. Th. Fri. 

Fig. 2. Plot of DM/$ dealer’s position I ,  (in millions of dollars) from Monday, August 3 to Friday, 
August 7, 1992. These positions are constructed from the dealer’s position sheets. Short dollar positions 
correspond to long DM positions, and vice versa. The vertical lines designate the four overnight periods 
through which the dealer did not trade. The relative width of the days is a reflection of the relative 
trading activity. The two horizontal lines bracketing zero are two standard deviations from the mean 
long position of two million dollars. 

day. Of course, if profits derive primarily from speculative positions, then volatility 
is more important than volume. Friday also has the highest volatility in the 5-day 
sample. 

We turn now to the question of whether profits tend to come from intermedia- 
tion or speculation. As a first step, we impute the intermediation component of 
profits using an assumption that the dealer himself felt is reasonable. Specifically, 
we assume that the cost of laying off an incoming order is one-third of the dealer’s 
bid-ask spread. For example, if the dealer quotes his median spread of three pips at 
DM 1.4750/$-DM 1.4753/$ and the incoming order is a purchase of dollars at DM 
1.4753/$, then on average the dealer must provide price improvement on the bid 
side of DM 1.4751 to induce an offsetting customer sale. This translates into an 
average profit of one pip on every transaction. 

The results appear in the ‘Profit: Spread’ column of Table 2. The profits imputed 
to intermediation correspond quite closely to total profits: the two differ by less 
than 10%. Given the dealer himself feels the assumption driving this comparison is 
reasonable, intermediation appears to be a much more important source of profits. 
Still, to get a more complete picture, we need to examine whether his speculative 
positions are profitable. 

3.2. Position decomposition 

Per Sec. 1, disentangling the speculative and non-speculative position compo- 
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Table 2 
Summary of DM/$ dealer's trading and profits from Monday, August 3 to Friday, August 7, 1992 

Transactions Volume (mil) Profit: actual Profit: spread 

Monday 333 $1403 
Tuesday 301 $1105 
Wednesday 300 $1157 
Thursday 328 $1338 
Friday 458 $1966 
Total 1720 $6969 

$124 253 $95 101 
$39 273 $74 933 
$78 575 $78 447 
$67 316 $90 717 

$198 512 $133 298 
$507 929 $472 496 

The '$ Profit: spread' column reports the profit the dealer would have realized if he  had cleared 
one-third of his spread on every transaction. It is calculated as the dollar volume times one-third the 
median spread he quoted in the sample (median spread = D M  0.0003/$), divided by the average DM/$ 
rate over the sample (DM 1.475/$). 

nents requires instruments that are correlated with the speculative component but 
uncorrelated with the non-speculative component. The instrument sets we consider 
rely exclusively on non-dealt, incoming quotes (specifically, lagged changes)."' 
These quotes are not public information, so they are arguably relevant for 
speculative position taking. On the other hand, they do not produce a transaction, 
so there is no direct relation to the non-speculative component of our dealer's 
position. Of course, no direct relation does not rule out an indirect relation. One 
rationale for ruling out even an indirect relation is embedded in the model of 
Lyons (1997). In that model, past price change is orthogonal to non-speculative 
position because dealers ~ being risk averse ~ set price to avoid non-speculative 
positions; though non-speculative positions still arise, optimal use of past informa- 
tion brings the correlation with price to zero. 

Nevertheless, incoming quote changes cannot identify the speculative component 
I;' if they are uncorrelated with the dealer's total position. Column two of Table 3 
(rows 2-4) verifies that these instruments are indeed correlated with IL." The R2s 
indicate that e, which is the projection of I on the information set 0, accounts for 
about one-quarter of the variation in the dealer's total position. Put differently, SZ 
contains information useful to the dealer in determining his speculative demand. 
The first row of the table is included as a benchmark. With an empty information 
set, it is equivalent to assuming that target position e equals zero. (Hence, there is 

"'In our data set, typically incoming quotes d o  not elicit a transaction: more than 80% of incoming 
quotes lapse without a deal. This large share of 'non-dealt' quotes suggests that dealers gather quotes 
because they are informative, not simply because they provide immediacy. For lack of data, previous 
work has had to identify no-trade 'events' as  the elapsing of a given amount of time without a 
transaction (e.g. 5 min in Easley e t  al., 1997). An important strength of our dataset is that it includes 
non-dealt events explicitly. 
I '  The last of the three information sets - row 4 of Table 3 - includes a squared lagged price change 
in addition to  the signed lagged price changes. Though this can only improve the first-stage fit, the 
orthogonality of this variable is more difficult to defend on theoretical grounds. 
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Fig. 3. Plot of DM/$ dealer's total position I ,  and speculative position I;' (in millions of dollars) on 
Friday from 09:OO to 12:OO h, August 7, 1992. The total position I ,  is constructed from the dealer's 
position sheets. Short dollar positions correspond to long D M  positions, and vice versa. The speculative 
component I,' is estimated as the projection of I ,  on the information set 0, with 0 = ( A P , , , ) ,  where 
A<, ,  is the cumulative change in the non-dealt quotes received by the dealer over the period spanning 
five incoming trades prior to the incoming trade at t .  

no first stage projection, and the R2 is not applicable.) Figure 3 plots the 
speculative demand and total position corresponding to row 2 of the table (we 
include a three-hour interval for greates resolution). 

Table 3 also presents estimates of the half-life of non-speculative positions.'2 A 
half-life of 10 min is extremely short relative to position half-lives estimated in 
equity markets; for example, the lowest estimate for equity specialists in Madhavan 
and Smidt (1993) is 7 days. Our finding of 10 min is clear evidence of aggressive 
inventory control. Of course, the FX market is not the NYSE. Why they trade so 
differently, however, is still an open question. Results like this reinforce the fact 
that the FX market is distinctive at the microstructural level." 

3.3. Regression diagnostics 

Some regression diagnostics are in order. First, there is no evidence of serial 
correlation (Durbin-Watson and Ljung-Box Q tests) or heteroskedasticity (White 
test). A natural next step is to examine structural stability, in particular, with 
respect to time-of-day. To do so, we split the sample into two subsamples, early and 

Note that these regressions are estimated in transaction time rather than real time. For a discussion 

Though not as short as FX, other multiple-dealer markets also exhibit shorter half-lives than the 

12 

of this issue in the context of the FX market see Lyons 1995, pp. 345-346). 

NYSE. See Reiss and Werner (1997) and Hansch et 31. (1994). 

11 
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Table 3 

Mean reversion in dealer positions I,+I - I, = p ( I ,  - t) + 

Information set R2 of projection s Implied half-life 

-0.10 12 min 

-0.12 10 min 

-0.12 10 min 

-0.13 9 min 

( -  5.63) 

( - 5.73) 

( -  5.64) 

( -  5.97) 

Definitions: I ,+I is the dealer's position following the incoming trade at time t + 1, where each 
incoming trade in the sample defines a single period (i.e. transaction time). I,' is an estimate of the 
dealer's speculative position at  time t ,  defined as a projection on  an information set 0. The information 
sets we consider appear in column 1. AP,,, is the cumulative change in the non-dealt quotes received by 
the dealer over the period spanning five incoming trades prior to the incoming trade at t .  Note that the 
first of the information sets implies I,' = 0. The error term gi+ I represents disturbances to the dealer's 
position from the provision of jmmediacy. 
Estimation: first, we estimate I,' as  the OLS projection of I ,  on a. Then, we use $ to estimate p from 
the above equation using OLS. Column 2 presents the R2s from the projection of I ,  on 0. In rows 2-4, 
the t-statistics in parentheses are calculated from 2SLS standard errors to account for the use of a 
generated regressor. The implied half-life is ̂ calculated as the mean intertransaction time (1.8 min) 
times the half-life in transactions implied by p (defined as  -ln(2)/ln(l + p)). 
Sample: 838 observations from Monday, August 3 to Friday, August 7, 1992. 

late, where early is defined as all observations occurring before the midpoint of the 
trading day (median transaction time). A Wald test of the equality of p across the 
two subsamples is rejected at the 1% level. Clearly, time-of-day is related to 
inventory control, which is not surprising given the dealer starts and ends each day 
with a zero net position. 

To capture this time-of-day effect, we include an additional term in the model of 
(Eq. (1)):14 

where the proxy '%Day,' is defined over each day as (observation #, day n )  divided 
by (total # observations, day n), with n = 1,. . . ,5." The results appear in Table 4. 
Note that the time-independent component of mean reversion is insignificantly 
different from zero ( p,). In contrast, the time-dependent component, pz, now does 
all the work. The estimates imply that the time-dependent component of mean 

I4Note that while (Eq. (1)) is derived from an optimizing model, the same cannot be said of our  
adjustments to it. The technical challenge of doing so is formidable, and the payoff, in our  judgment, 
marginal. 

We refer to this as a proxy because the denominator - total transactions for the day - is not known 
to the dealer in advance. 

15 
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Table 4 
Time-dependent mean reversion in dealer positions 

I , , ]  - I ,  = BIU, - C )  + B2(%Day,)(I, - C )  + & , + I  

Information set P I  P 2  Implied half-life 

25% 50% 75% 

= {AP,,,) 0.02 - 0.30 16 8 5 min 

= {AP,,5,API-5,51 0.03 - 0.32 16 7 5 min 
(0.29) (- 3.06) 

(0.46) (-3.13) 

Definitions: I , ,  is the dealer’s postion following the incoming trade at time t + 1 where each incoming 
trade in the sample defines a single period (i.e. transaction time). I;‘ is an estimate of the dealer’s 
speculative position at time t ,  defined as a projection on an information set R. The information sets we 
consider appear in column 1. A&, ,  is the cumulative change in the non-dealt quotes received by the 
dealer over the period spanning five incoming trades prior to the incoming trade at t. The variable 
‘%Day,’, is defined over each day as (observation #, day n)/(total # observations, day n) n = 1,. . . ,5. 
The error term E,+ I represents disturbances to the dealer’s position from the provision of immediacy. 
Estimation: first, we estimate I;‘ as the OLS projection of I ,  on R. Then, we use 0 to estimate p from 
the above equation using OLS. The t-statistics in parentheses are calculated from 2SLS standard errors 
to account for the use of a generated regressor. The three half-life columns report the implied half-life 
when the dealer’s day (%Day) is 25% done, 50% done, and 75% done. The implied half-life js 
calculated as the mean intertransaction time (1.8 min), times the half-life in transactions implied by 
(defined as -ln(2)/ln)(l + &)I, times ‘%Day,’. 
Sample: 838 observations from Monday, August 3 to Friday, August 7, 1992. 

reversion moves from zero at the start of each day to about -0.3 at the end. The 
implied half-lives at three points within the dealer’s day appear in the last columns. 
On the whole, this time profile squares nicely with the fact that FX dealers 
typically close their positions at the end of each trading day. 

Another important consideration is the impact of price volatility on the pace of 
mean reversion. It is not a priori clear, however, how volatility should affect mean 
reversion. On one hand, the higher volatility, the greater the benefit of inventory 
control. On the other hand, the higher volatility, the greater the cost of inventory 
control (spreads at brokers widen, as do direct spreads quoted by other dealers; for 
some evidence from indicative quotes, see Bessembinder, 1994; Bollerslev and 
Melvin, 1994). To capture this, we estimate the following linear model: 

where the dummy variable ‘HighVul,’ is equal to one if (AP,_ , I2  is above its 
median, zero otherwise. The first regressor is the same as the second regressor in 
the model of (Eq. (9)) (recall that the first regressor in (Eq. (9)) produced an 
insignificant coefficient). The results appear in Table 5. The coefficient p 2  is 
significant at the 5% level but not at 1%. The size and sign of p 2  imply that mean 
reversion is lower when volatility is high. This suggests that when volatility 



R.K. Lyons /Journal of International Money and Finance 17 (19923) 97-1 15 111 

Table 5 
The impact of volatility on time-dependent mean reversion in dealer positions 

I , + ]  - I ,  = ~ I ( % D ~ y , ) ( Z ,  - I;‘) + B2(HighVol,)(%Day,)(I, - I;‘) + &,+I 

Information set P I  a 2  Implied half-life 

High vol. Low vol. 

= {AP,,5) - 0.36 0.21 13 

= {AP,,5,AP,-5,51 - 0.37 0.21 13 
(- 4.56) (2.09) 

(- 4.72) (2.11) 

6 min 

6 min 

Definitions: I,,] is the dealer’s position following the incoming trade at time t + 1, where each 
incoming trade in the sample defines a single period (i.e. transaction time). I;‘ is an estimate of the 
dealer’s speculative position at time t ,  defined as a projection on an information set R. The information 
sets we consider appear in column 1. A&, ,  is the cumulative change in the non-dealt quotes received by 
the dealer over the period spanning five incoming trades prior to the incoming trade at t. The variable 
‘%Day,’ is defined over each day as (observation #, day n)/(total # observations, day n), n = 1,. . . ,5. 
The dummy variable ‘HighVol,’ is equal to one if (AP,-,)* is higher than its median, zero otherwise. 
The error term el+ I represenSs disturbances to the dealer’s position from the provision of immediacy. 
Estimation: first, we estimate I,‘ as the OLS projection of I ,  on R. Then, we use I,‘ to estimate p from 
the above equation using OLS. The t-statistics in parentheses are calculated from 2SLS standard errors 
to account for the use of a generated regressor. The two half-life columns report the implied half-life 
when the dealer’s day is 50% done and volatility is high (HighVol, = 1) and low (HighVol, = 0). The 
implied half-life is calculated as the mean intertransaction time (1.8 rnin), times the half-life in 
tLansa;ctions implied by a, and b, (defined as -ln(2)/ln(l + a), where b = b, with low volatility and 
p = PI + p 2  with high volatility), times 0.5 to account for ‘%Day,’. 
Sample: 838 observations from Monday, August 3 to Friday, August 7, 1992. 

increases, the added cost of inventory control dominates the added benefit. The 
implied half-lives at high and low volatility appear in the last columns (calculated at 
%Day = 50%). The half-life is about twice as long with high volatility than with 
low volatility. 

3.4. Profits f;om speculutiue component 

Though Sec. 3.1 provides estimates of profit from intermediation, our measure of 
the dealer’s speculative position allows us to estimate speculative profit directly. 
We proceed in two stages. First, we determine whether the dealer’s speculative 
position forecasts future price changes. In particular, we test whether speculative 
position Granger causes price changes. Though not a sufficient condition for 
profitable speculation, the result provides useful perspective. Then, in stage two, 
we mark the speculative position to market using the midpoint of the incoming 
quote closest to the measured speculative position change. The accumulated 
changes in net value provide an estimate of speculative profit. (Unlike our exact 
measure of total profit in Table 2, it is not possible to calculate speculative profit 
exactly since our measured changes in speculative position are not linked one-for- 
one with market transactions.) 
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On both counts, our results do not evince speculative profits. We find no 
evidence of Granger causality running from speculative position to prices. Further, 
even using quote midpoints, the speculative position does not generate profits; in 
fact, over the week the dealer suffered negligible losses on the speculative position. 
It is important to keep in mind, however, that we are working with only 1 week of 
data, which may not be representative with respect to speculative profits. To be 
sure, speculative profits are much more volatile than profits from intermediation. 
Nevertheless, our findings are consistent with those from the much lower fre- 
quency analysis of Ammer and Brunner (1997). Nevertheless, our findings are 
consistent with those from the much lower-frequency analysis of Ammer and 
Brunner (1997). 

4. Conclusions 

We are able to address a number of questions that have not yet been examined 
in empirical work on FX microstructure. And our answers to these questions are 
striking. First the dealer we track is quite profitable: he averages $100000 profit 
per day (on volume of $1 billion per day). By comparison, equity dealers average 
about $10000 profit per day (on volume of roughly $10 million per day). Second, 
we also find quite rapid inventory management: the half-life for the dealer we track 
is only 10 min. This is remarkably short compared to half-lives for equity specialists 
of 1 week. Why do equity and FX markets generate such different results at the 
microstructural level? This is an important topic for future research. 

The paper also makes methodological progress. Specifically, we develop a 
method for measuring speculative position-taking over time. Unlike past ~ purely 
statistical - methods for doing this, our measure is based on the information flows 
that drive speculation. We use this measure of speculative position to pin down the 
extent to which dealer profits derive from speculation. In the end we find that 
intermediation is a much more important source of profits, at least for the dealer 
we track over the week we are able to track him. 

Appendix 1 

Sketch of Madhavan and Smidt (1993) derivation of (Eq. (1)) 

Agents 

1. Risk neutral informed trader. 
2. Liquidity traders. 
3. Risk neutral dealer, with inventory carrying cost (proportional to the variance of 

wealth). 
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Preferences 

The dealer and informed trader maximize the expected value of terminal wealth. 
Liquidity trader preferences are not modeled (their trading can be generated as 
optimizing in the context of endowment shocks). 

Market 

There is a single risky asset that trades in a series of auctions. There is a 
constant probability (1 ~ p )  that a given time T will be the liquidation time. The 
asset’s fundamental value follows a random walk. This value is known by the 
informed trader. 

Notation 

u, : 

P, 
0, : 
w, : 
I ,  : 
P, : 
2, : 

Q, : 
x, : 
D, : 

fundamental value at time t 
dealer’s conditional expectation of v, 
dealer’s information set 
dealer’s wealth 
dealer’s position 
price 
excess demand, a function of P, 
demand of informed trader, a function of P, 
demand of liquidity traders (aggregate), not a function of P, 
intercept of demand schedule, informed plus uninformed. 

The informed trader’s demand is proportional to the gap between fundamental 
value and price. 

Q,(v,,P,) = 6(v1 - P,). (A1 ) 

It is helpful to define the intercept of the excess demand schedule as the 
following: 

D, = 6v, + X, .  (A21 

When divided by 6 ,  this variable D,, provides an unbiased signal of the 
fundamental value v, (since X ,  is mean zero): 

D,/6 = v, + X, /6  (A3) 

Now, the updating equation can be expressed as a weighted average of this signal 
and the dealer’s prior expectation 
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This evolution of the dealer’s expectation can then be integrated with the 
dealer’s stochastic programming problem 

3C 

The solution to this stochastic programming problem yields (Eq. (1)) in the text: 

where the error term in the regression corresponds to the dealer’s estimate of 
liquidity-trader X ,  in the model: 
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