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Occam’s Razor for Bond 
Trade Costs
Vlad Rashkovich and Andrei Iogansen

KEY FINDINGS

n Trade cost in corporate and government bonds can be explained with R2 = 30%–35%
by applying a few of the most powerful factors from bond market microstructure.

n The aforementioned factors exhibit behaviors dissimilar from other asset classes, thus
breaking traditional TCA canons.

n Trade cost in bonds has a skewed and unusual distribution (half normal, half Laplace),
naturally reflecting dealers’ P&L.

ABSTRACT

Inability to accurately project transaction cost is one of the main drags on alpha and perfor-
mance for bond investors. We introduce a framework for bond trade cost analysis that reflects 
bond characteristics as well as order information. This framework leverages historical and 
real-time data to deliver solid explanatory power. The authors goal is to help buy-side traders 
and dealers to build liquidity trees, while assisting portfolio managers to make investment 
decisions that include trade costs. We lean on 20 years of experience modeling transaction 
cost for equities, as well as intimate knowledge of the bond market microstructure. Our work 
covers investment grade and high yield corporate bonds, issued in USD, EUR, and GBP, as 
well as government bonds in developed and emerging markets globally. 

Trade cost has a very significant impact on investment alpha across asset classes. 
For equities, Coppejans and Madhavan (2007) show that outperformance of 
equity funds is halved when transaction costs are considered. According to Perry 

(2018), 95% of US equity funds underperformed their benchmarks.
For bonds, Dobrescu, Li, and Möttölä (2018) analyzed 25 Morningstar categories, 

including funds from the US, Europe, Asia, and Africa. They found that net-of-fees 
median returns were negative in all 25 categories studied for the period 2002–2017.

When the top 20% of these bond funds are selected in each category, the median 
of the best funds outperforms the underlying benchmark in just 13 out of 25 categories. 
The median fund outperformed by more than 0.5% in only two categories over a rolling 
three-year period. None of the categories showed more than 1% outperformance. It is 
worth noting that compound 0.5% outperformance over three years translates to less 
than 0.15% annual outperformance. Thus, only the best 10% of bond funds (median 
of top 20%) and only in 2 out of 25 categories outperform by more than 0.15% a year.

According to the aforementioned research by Dobrescu, Li, and Möttölä (2018), 
besides fees, transaction cost is the heaviest factor weighing down on performance 
of bond funds. In contrast to equity indexes, which are often rebalanced annually 
or quarterly, the majority of bond indexes need to be rebalanced monthly to capture 
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new bonds that are issued and to exclude bonds reaching maturity or being “called,” 
or those no longer complying with rating or term criteria of an index. In the 2014–16 
period, for instance, the average turnover rate for the Bloomberg Barclays US Aggre-
gate Bond Index was 40% annualized.

Since we established that transaction costs could account for half of the alpha 
for the best bond funds and cause an underperformance for an average fund, we 
decided to study them in depth. 

After all, equity investors have been enjoying trade cost estimates in their portfolio 
optimizers for almost two decades. It is time for bond investors and traders to have 
transaction cost models as well.

DATA SETS

Data Set 1: Post-Trade TCA Platform

We have used a unique pool of historical transactions from Bloomberg’s post-
trade TCA platform, with more than 5 million parent orders for corporate and sovereign 
bonds. More than 250 buy-side firms generated these orders during the period of 
Jan 1, 2016—Oct 31, 2020.

We have applied filters to remove small odd lots and outliers, keeping the fol-
lowing:

§	Placement Size > 1,000 (We have left small sizes to study asymptotic behav-
ior for the size factor, which is not trivial for bonds. See our initial findings 
below.)

§	For corporate bonds, include only bonds issued in USD, EUR, and GBP cur-
rencies.

§	For sovereign bonds, exclude US government bonds since they are super 
liquid and measuring trade cost for them would require a more microscopic 
scale.

§	For sovereign and investment grade corporate bonds, include orders with 
trade cost (see definition of trade cost below) between -200 basic points 
(bps) and +200 bps in the currency (not spread) space. Upper bound for Bid/
Ask spread is also defined as 200 bps.

§	For high yield corporate bonds, we keep trades with trade cost between -500 
and +500 bps. Upper bound for Bid/Ask spread is also defined as 500 bps.

§	Bond prices between 50 and 150.
§	Placement type = Market.
§	No voice trades were used.

After applying filters, we end up with 2.2 million parent orders: 1.15M for corpo-
rates and 1.05M for sovereigns. 

Orders can be executed over multiple placements, some taking several days. 
Multi-day orders add more noise to data since they are affected by price momentum. 
Therefore, we decided to deal with placements executed the same day. We combine 
placements for a given bond, firm, side within a trading day, thus generating daily 
orders. An arrival price for this daily order corresponds to the earliest placement, 
and execution price is a size-weighted average execution price of all placements. 
This approach allows us to keep many large orders with their underlying placements 
intact, while reducing the modeling noise from multi-day transactions.

As an arrival price of a placement we use Composite Bloomberg Bond Trader 
(CBBT) mid-price (m), since it is a bond-specific real-time benchmark based on 
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executable quotes from all qualifi ed dealers on Bloomberg. To calculate Bid/Ask 
spreads, we use CBBT bid and ask prices.

We defi ne the trade cost as slippage in basis points ‘bps’ in the currency (not 
spread) space. 

( ) = -= -= -= -= -= -= -= -= -= - 



x

m
Trade Cost  B( )  B( )Cost  BCost ( )uy( ) 10= -10= - 14  (1)

for investor buys, and

x
m

Trade Cost  SCost  SCost l 10 140 140 1( )  S( )  Sel( )ell 1( )l 1= -0 1= -0 1= -l 1= -l 10 1= -0 10 10 10 1= -0 10 1= -0 10 10 10 1= -0 10 1= -0 10 1= -0 10 1= -0 10 1= -0 10 1= -0 1 



  (2)

for investor sells, where x stands for average execution price. 

Data Set 2: Bloomberg Venue Data

We have used RFQ quotes and trades from Bloomberg trading venues across 
various geographies.

In this data set we don’t aggregate child orders by client but rather focus on cal-
ibration of smaller trades. The smaller trades have the largest noise, so using one 
venue with consistent time stamps signifi cantly improves the signal.

After applying the same fi lters as in the aforementioned post-trade TCA platform, 
we have 3.11 million events left: 1.95 million for corporate bonds and 1.16 million 
for sovereign bonds. These data cover the span of 14 months from June 2020 to 
July 2021.

INITIAL ANALYSIS OF BOND TRADE COSTS

Given that equity markets are well studied and have models with a good fi t, we 
decided to start there and to fi nd where bond markets are different. Rashkovich and 
Verma (2012) showed that the main factors responsible for trade cost in equities are

§	Bid/Ask spread
§	Participation rate
§	Execution time interval
§	Size/ADV (average daily volume)
§	Stock volatility

NB: We exclude trend from our discussion since for the pre-trade model it is 
unknown.

It is easy to see that among the top equity factors responsible for transaction 
cost, bonds lock three out of fi ve factors—participation rate, execution time interval, 
and ADV. Thus, bonds will naturally require a different approach.

A variety of ideas on how to measure trade cost in fi xed income has been summa-
rized well by Sharif et al. (2018). In addition, “imputed round-trip cost” (IRC) introduced 
by Feldhutter (2012) gained traction. In this approach, researchers try to fi nd buys 
and sells in the same bond with the same volume within a short period of time. It is 
a good idea for approximation when the order data are not available. 
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INITIAL FINDINGS

Below are initial findings from our research that will guide our trade cost modeling 
for bonds:

	 a)	 Asymmetry in trade cost of buys compared to sells
		  Our research confirms that buys have more impact than sells, similar to 

findings of Hendershott and Madhavan (2015), Mizrach (2015), and Ruzza 
(2016). As a reminder, we define trade side from the investor perspective.

	 b)	 Large orders are not necessarily more expensive
		  Odd lots might cost more, especially for buys.
		  For example, Edwards, Harris, and Piwowar (2007) show that large trades are 

less costly than small trades.
	 c)	 1% of outstanding is a good proxy for ADV
		  Since ADV to normalize sizes is not available for bonds, our research shows 

that using 1% of outstanding is a good proxy, except for newly issued bonds 
and those close to maturity. Similarly, FINRA’s research shows 1% of out-
standing is a good proxy for ADV (Mizrach 2015).

	 d)	 Grouping for Ratings
		  While we clearly see correlation between lower rating and higher trade cost, we 

found delineation between IG and HY to be too crude for trade cost modeling. 
At the same time, there might not be enough AAA-rated corporate bonds to 
calibrate the model for them separately.

In our research we have found that all A-rated bonds could be grouped together. 
BBBs are still IG but should be calibrated separately since they are on the cusp with 
HY bonds. The rest of Bs could be grouped together, followed by Cs & Ds as a sep-
arate group. Non-rated bonds (NR) are a mix of junk and some good companies that 
have chosen not to pay for rating (e.g., smaller companies with a limited number of 
bond issuances).

As a result, we used five categories for bond ratings:

§	AAA-A
§	BBB
§	BB-B
§	CCC-D
§	NR

BUILDING A MODEL

To measure trade cost we need to define an arrival price as our starting point. 
As we have mentioned above, we have decided to use CBBT mid-price, because it is 
a bond-specific real-time benchmark based on executable quotes from all qualified 
dealers on Bloomberg. Since we want our model to cover many geographies, an 
additional advantage of using CBBT is that it has global coverage.

We have numerous factors to consider for trade cost modeling for bonds,  
including:

§	Side
§	Size (non-monotonic)
§	Bid/Ask spread
§	Bond’s outstanding amount
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§	Rating
§	Currency
§	Term
§	Age
§	Time to maturity
§	Industry/country

Chacko et al. (2005) found that credit quality, the maturity and age of a bond, 
the size of a bond issue, industry segment, and provisions such as a call, put, or 
convertible options all have a strong impact on liquidity.

As William of Occam famously stated: “Non sunt multiplicanda entia sine neces-
sitate” (Entities are not to be multiplied without necessity.)

To echo William of Occam, Guo, Lehalle, and Xu (2019) found that the Bid/Ask 
spread is explicable by other factors including volatility, trading activity, total volume, 
and years-to-maturity.

As we simplify the model, the main continuous factors are Bid/Ask spread, size, 
and outstanding, while categorical factors are side, rating, and currency. NB: corpo-
rate and government bonds were studied separately. For all other aforementioned 
factors, adding them to the model resulted in no statistically signifi cant improvement. 
Essentially, we found that many potential factors mentioned above are highly cor-
related with Bid/Ask spread, and hence their effect is already captured in the model 
by the Bid/Ask spread factor.

If we defi ne the cost as “bps” in the currency (not spread) space, our proposed 
equation for expected trade cost is

= - ϕ

















= -= -















+ ϕ





























 














 +



























α

Trade Cost S= -t S= -prea= -prea= -d A= -d A= -d A= -d A= -d A= -= -d A= -= -
q
q

B+ ϕB+ ϕ
q
q

Size
V

C   e C   e Cos   ost S   t S 1= -1= - 1
0

2
0

 (3)

Here spread stands for CBBT Bid/Ask spread, q is order size, >q 00  is a 
scale parameter characterizing sensitivity of trade cost for odd lots, and V is 1% 
of amount outstanding. As we have mentioned in the initial fi nding, empirically we 
have found that 1% of amount outstanding is a reasonable scale for average daily 
trading volume. 

Functions ϕ1 and ϕ2 monotonically interpolate from 0 to 1 when q/q0 changes 
from 0 to infi nity. They allow for controlling behavior at the round-lot size interval. 
A detailed discussion and further research might be warranted on an appropriate 
choice of ϕ1 and ϕ2 since they may vary by currency, rating, and asset class while 
evolving over time.

The fi rst term in Equation 3 in the brackets is responsible for higher observed 
costs for retail trades. That phenomenon was previously observed in several publi-
cations, including Edwards, Harris, and Piwowar (2007) and Harris (2015). It can be 
interpreted as smaller investors not getting the best prices for their trades and smaller 
orders from larger fi rms being routed to retail desks. From the dealer perspective, 
there is a cost of doing business per transaction, so when this cost is divided by the 
smaller size, the odd lot might result in the higher relative cost.

It is also important to note that the upswing cost effect for smaller orders is 
stronger for investor buys. The reason is that the dealer has to buy a round lot and 
then sell only its fraction as an odd lot to the client. By increasing the cost of the odd 
lot, the dealers try to recoup the cost of the larger position they had to pay for. When 
an investor sells an odd lot, the dealers can just place this position on the balance 
sheet, in case they can’t sell it right away. It is worth noting that with increasing elec-
tronic trading in bonds, the effect of higher cost for odd lots might erode over time.
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The second term in Equation 3 describes the dif-
fi culty of expecting orders as they grow in size. This 
is a classical TCA factor of trade cost increasing with 
transaction size. We found that the parameter α <
1, and hence, a dependence of trade cost on large 
sizes is sublinear. Square root of size is an industry 
proxy for the size factor. Our research for bonds shows 
even more sublinear relationship corresponding to the 
power of 0.4. 

The third term in Equation 3 is a constant and can 
be interpreted as a cost of doing business for dealers. 
It roughly corresponds to the smallest round lot, or 
so-called social size, where the cost is the lowest. In 
our analysis, we allow the coeffi cient C to be sector 
dependent for corporate bonds and country-dependent 
for sovereign bonds. For sector classifi cation, we use 
BICS1, which is Bloomberg Industry Classifi cation 
Standard. 

We found that an introduction of sector depen-
dence of C does not add any improvement in correla-
tions between estimated and actual costs.

This is an indirect evidence that sector depen-
dence is already incorporated into Bid/Ask spread. In 
contrast, we found relatively signifi cant improvement 
in correlations for normalized trade costs, that is,  for 
ratio Trade Cost/Spread, that supports the above 
statement. This fi nding is consistent with conclusions 
of Hendershott and Madhavan (2015).

For Sovereigns, we found that the effect of country 
dependence on coeffi cient C adds on average 3.2% 
correlation improvement, while ranging between 0% 
and 10% depending on the currency, rating, and side; 
it is systematic and statistically signifi cant. These 
improvements are found both for trade costs and nor-
malized traded costs. This observation implies that 
the Bid/Ask spread does not incorporate full informa-
tion on countries that issued those bonds.

For illustration, Exhibit 1 shows actual and esti-
mated Buy Trade Cost vs. order size for corporate 
bonds with rating BB-B (dots correspond to medians 
of 300 order bins) for venue data. One can see that 

dispersion tends to grow with order size. That is an important observation in modeling 
trade cost, as we will see below. 

TRADE COST DISTRIBUTION

So far, we have discussed our fi ndings regarding expected trade cost. However, 
it might be more informative to analyze and model a cost distribution as a function 
of selected factors. Below we describe our fi ndings for posterior cost distributions 
conditional on ability to fi nd the required trade size.

Histograms of trade cost within various bond categories traditionally have been 
approximated as asymmetric Laplace distributions (e.g., Kotz, Kozubowski, Podgórski 
2001). For illustration, marginal histograms for corporate and sovereign bonds are 
shown in Exhibits 2 and 3. 

EXHIBIT 1 
Actual and Estimated Trade Cost vs. Order Size (MM) 
for Corporate Bonds, Buys, Rating BB-B 
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A detailed analysis shows that a more relevant 
class of distributions are those with normal left tail 
and an exponential right tail. As a result, we model 
trade cost distributions as a combination of half-nor-
mal (left tail) and half-Laplace (right tail) that coalesce, 
or originate, at the mode. More formally we denote 
trade cost as x,

         f x
h

x
2

2
exp

2
 at  ,

2

2

2

( )x( )x( )f x( )f x =
πσ

-
( )- µ( )

σ
















































 < µ  (4)

            f x
h x

x
1

 exp  at  ,( )f x( )f x =
-
ρ

-
- µ
ρ

h xh x


h x


h x

h xh x


h xh x















 > µ  (5)

where

h
2 /

=
σ

σ + ρ πρ π2 /ρ π2 /

Left/right widths σ and ρ are parametrized as functions of the same factors used 
in the equation for expected trade cost, that is, 

σ = - ϕ









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




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
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

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
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
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
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
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
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

























α

Spread a
q
q

b+ ϕb+ ϕ
q
q

Size
V

c  1


  1

  1


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  1



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1 11 1

  11 1  1


  1
1 1

  1


  11 1  1
  1

1 1
  1

 0
1 2+ ϕ1 2+ ϕ

0
1

 (6)

ρ = - ϕ


























+ ϕ





























 














 +



























α

Spread a
q
q

b+ ϕb+ ϕ
q
q

Size
V

c  1


  1

  1




  1




  1Spread  1Spread a  1a2 1- ϕ2 1- ϕ
2 12 1

  12 1  1


  1
2 1

  1


  12 1  1
  1

2 1
  1

 0
2 2+ ϕ2 2+ ϕ

0
2  (7)

The motivation for this ansatz follows from empirical analysis of trade cost dis-
tributions in various domains of the factor space: widths of trade cost distributions 
increase with Bid/Ask spread, and uncertainties in cost increase both for larger order 
sizes and for smaller order sizes. Typically, minimal uncertainties correspond to social 
sizes. For illustration, see Exhibit 6.

One can see that in this model, both skewness and kurtosis are nonlinear func-
tions of order size as well as of discrete factors such as rating, currency, and industry, 
and they do not depend on Bid/Ask spread.

In this ansatz, mode µ is also proportional to Bid/Ask spread since

= µ ρ - σ πσ πtrade cost h+ -t h+ -t h= µt h= µ + -t h+ -   e c   e cos   ost h   t h= µt h= µ   = µt h= µ (1t h(1t h+ -t h+ -(1+ -t h+ - )  ρ -)  ρ - h)  h 2/σ π2/σ π  (8)

Empirically, we fi nd that ρ > σ. Therefore, expected trade cost is higher than mode, 
and median trade cost is between mode and expected trade cost. 

This result allows us to describe a trade cost distribution for any given factor 
values. With such a distribution, one can estimate a probability to trade with cost 
smaller than any fi xed value, given that required liquidity can be found in the market. 
An example of trade cost distribution density is shown in Exhibit 4. 

These fi ndings also imply that mode and median are less sensitive to trade size 
than mean trade cost as visualized in Exhibit 5. One can also see that the widths of 
the distribution grows with trade size and spread, and hence with expected trade cost.

EXHIBIT 3 
Trade Cost Histogram for Sovereign Bonds
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The business reason for such an unusual distri-
bution is that the dealer behavior naturally diverges 
in trades where they make a substantial profi t com-
paring to a situation where they trade at a loss. When 
investors need to trade a bond urgently and are ready 
to pay up for it, they will fi nd a dealer to execute this 
trade at a premium price, thus creating a right tail that 
is heavy. Left tail represents a dealer either trying to 
offl oad a certain position or aggressively pursuing a 
bond when there is a taker on the other side. In these 
cases, the dealer will reluctantly reduce the trade cost 
because it directly eats into the profi t. Thus, the left 
tail is quickly falling.

In Exhibit 6, we illustrate the behavior of left and 
right dispersions as functions of order size. One can 
see that widths of trade cost distributions diverge for 
large orders and for odd lots as well. 

GOODNESS OF FIT

Observed trade costs are very noisy, and the left 
tail of distribution has negative values, which corre-
spond to trading through the mid, with average costs 
being positive (see Exhibits 2 and 3). Moreover, the 
level of noise varies substantially across the factor 

space. In reality, these histograms correspond to mixtures of distributions corre-
sponding to different market segments. While the trade cost histograms look quite 
discouraging, it is possible to detect statistically signifi cant signals by analyzing data 
separately in different market segments and different domains of the factor space. 
A detailed analysis uncovers a nontrivial dependence of trade cost distributions on 
factors as discussed above. 

Another diffi culty is that the data set is very non-uniform with respect to order 
sizes. Many orders correspond to sizes below round lots. Thus, any global fi tting 
method would suppress contributions of low-populated factor domains unless one 
artifi cially overweighs those contributions. Moreover, as discussed above, the trade 
cost distributions are skewed and heteroscedastic. 

To overcome these diffi culties, we iteratively use the Migrad algorithm (James 
and Roos 1975), which earned its reputation in high-energy physics. This approach 
allowed us to separately fi t different domains asymptotically in factor space and 
combine them without any artifi cial distortion of data. More precisely, this algorithm 
was applied to maximize the likelihood of observed events using our ansatz. 

For estimating goodness of fi t, one standard method is to calculate correlations 
between actual and expected values. We should note that correlation coeffi cients 
are not always reliable indicators because they converge slowly with sample size and 
their signifi cance depends on underlying distributions that are typically unknown.

Besides the usual drawbacks, correlation and rank correlation of expected and 
actual trade costs are not quite adequate indicators because both noise and observed 
density of data signifi cantly vary across the factor space. Moreover, distributions of 
coeffi cients A, B, C have heavy tails, and the error intervals for predicted trade costs 
depend on order characteristics. In fact, it is more instructive to analyze trade cost 
distributions conditional of factor values as discussed in the previous section. 

While imperfect in use for nonlinear models, R2 or correlation metrics are com-
mon. Therefore, to get an initial feeling of the quality of the model and to compare 

EXHIBIT 4 
Trade Cost Distribution Density for Corporate Bonds, 
Buys, Rating AAA-A

NOTE: Currency EUR, Bid/Ask spread 50 bps (in the price 
space), amount outstanding 700 million, time-to-maturity 
5 years, age 2 years, order size 5 MM.
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with fi ndings reported in the literature, we focus here on traditional correlation and 
rank correlation analysis of actual and modeled trade costs.

It turns out that correlation in various bond subclasses and geographies ranges 
from 21% to 63%. See Exhibits 7 and 8.

EXHIBIT 5 
Order Size Dependence of Trade Cost Distribution Density for Corporate Bonds, Buys, Rating AAA-A 

NOTE: Currency EUR, Bid/Ask spread 50 bps (in the price space), amount outstanding 700 million, time-to-maturity 5 years, 
age 2 years. 

EXHIBIT 6 
Average Trade Cost and Left/Right Deviations vs. Order Size for Corporate Bonds, Buys, Rating AAA-A

NOTE: USD, Bid/Ask spread 50 bps (in the price space), amount outstanding 1 billion, time-to-maturity 5 years, age 2 years. 
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We also calculate rank correlations that are 
more robust and less sensitive to outliers (though 
non-parametric). They range in the same intervals, thus 
confi rming the statistical signifi cance of our fi ndings. 

It is worth noting that we investigated the ability 
of sophisticated machine learning algorithms, such as 
neural networks and Bayesian Monte Carlo methods, 
to extract a stronger signal with the inclusion of other 
potential factors. However, the results turn out to be 
quite unstable with respect to fi ltering/outliers and 
out-of-sample selection, and eventually those algo-
rithms do not provide any reliable improvements.

It is interesting to compare our results with those 
reported in the literature. In particular, Hendershott and 
Madhavan (2015) show R2 of 0.05 to 0.10 in modeling 
trade costs for US investment grade corporate bonds. 
More specifi cally, they reported R2 of 0.10 in their 
Models 2 and 3 (with a smaller R2 in their Model 1). 
This research was focused on odd lot and round lot 
trades of Investment Grade corporate bonds in the US 
market. Therefore, the effect of increased costs for 
oversized trades was not visible.

In contrast, our models cover a much wider range 
of bonds and include both investment grade and high 
yield corporate bonds issued in USD, EUR, and GBP. In 
addition, our model extends beyond corporate bonds 
and covers government bonds globally across devel-
oped and emerging mkets. 

Regarding a benchmark, Hendershott and Mad-
havan seem to use interdealer prices in TRACE. This 

benchmark might be helpful for post-trade analysis but is unavailable in real-time in 
most markets to most participants, especially on the buy side. Since our goal is to 
provide clients with a real-time pre-trade tool, we use Bloomberg’s CBBT which, offers 
a commonly accepted real-time benchmark with global coverage. 

When we apply our model for the same market domain of Investment Grade US 
corporate bonds, correlations are shown in Exhibit 7. One can see that the R2 values 
in our model are around 0.18–0.20 (correlation of 43%–45%). When we look at odd 
lots and round lots only, we get even higher explanatory power of up to  R2 = 0.30 
(correlation of 55%) in Exhibit 9. When we apply the model to sovereign bonds, we 
get R2 of up to 35% (correlation of 59%) as shown in Exhibit 8. Zooming into odd lots 
and rounds lots for sovereigns reveals similar high explanatory power per Exhibit 10.

LIQUIDITY THROUGHOUT THE TERM STRUCTURE

Liquidity is an important aspect in estimating trade cost and probability of exe-
cution. The data show clear dependence of observed daily trade volume on age of 
bond, for both corporate and sovereign markets.

In Exhibit 11, we show an example of such dependence. The multiplier is defi ned 
as daily trade volume normalized by average daily volume for age and time-to-maturity 
greater than one year calculated separately for each bond.

The estimated multiplier is a result of a nonlinear regression against the ratio age/
term. Though trades in the Bloomberg database constitute only a subset of trades 
in the market, we can reasonably expect it to be representative, and hence, can use 
it as a good proxy for volume/age dependence in the entire market.

EXHIBIT 7 
Correlations of Actual and Modeled Trade Costs 
for Corporate Bond Market

EXHIBIT 8 
Correlations of Actual and Modeled Trade Costs for 
Sovereign Bond Market

Currency

USD
USD
USD
USD
EUR
EUR
EUR
EUR
GBP
GBP
GBP
GBP

Side

Buy
Buy
Sell
Sell
Buy
Buy
Sell
Sell
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Sell

Rating

IG
HY
IG
HY
IG
HY
IG
HY
IG
HY
IG
HY

Correlation (%)

45
49
43
34
52
63
44
32
55
61
23
24

Rank Correlation (%)

46
40
29
21
44
47
38
28
54
64
24
28

Side

Buy
Buy
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Sell

Rating

IG
HY
IG
HY

Correlation (%)

59
50
43
42

Rank Correlation (%)

53
41
28
36
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EXHIBIT 9 
Correlations of Actual and Modeled Trade Costs for Various Order Sizes for Corporate Bond Market

EXHIBIT 10 
Correlations of Actual and Modeled Trade Costs for Various Order Size Intervals for Sovereign Bond Market 

Currency

USD
USD
USD
USD
EUR
EUR
EUR
EUR
GBP
GBP
GBP
GBP

Rating

IG
HY
IG
HY
IG
HY
IG
HY
IG
HY
IG
HY

Side

Buy
Buy
Sell
Sell
Buy
Buy
Sell
Sell
Buy
Buy
Sell
Sell

<0.1M

57
51
51
41
57
52
49
37
64
49
41
14

0.1M–0.5M

44
51
40
32
54
63
44
30
55
62
23
25

0.5M–1M

52
52
53
29
52
62
46
35
51
67
25
17

1M–3M

55
57
40
30
48
66
45
37
55
65
25
43

>3M

41
53
22
21
43
51
39
28
51
55
11
23

Side

Buy
Buy
Sell
Sell

Rating

IG
HY
IG
HY

<0.1M

62
65
53
66

0.1M–0.5M

61
53
37
38

0.5M–1M

58
46
44
44

1M–3M

61
52
46
47

>3M

58
48
42
46

EXHIBIT 11 
Liquidity Profile for Sells, Rating BBB, Currency EUR

NOTE: Each point represents an average value in a bin of 100 orders.
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OUR FINDINGS 

Below are the main findings of our research on trade cost for corporate and sov-
ereign bonds. Many of these findings are intuitive for bond traders and our goal is to 
support traders’ experience and intuition with a model that reflects, market dynamics.

Finding #1: The main explanatory factor for trade cost is Bid/Ask spread. After 
dividing the data by discretionary factors, such as rating, currency, and side, the 
most influential factor responsible for slippage versus CBBT’s mid is Bid/Ask spread. 
It should make sense to traders that for bonds with similar rating and currency, the 
bond with a larger Bid/Ask spread will have a higher trade cost.

Finding #2: Buys are more expensive than sells, especially for larger sizes. Side 
asymmetry of the bond market is the result of bond market microstructure. Dealers 
taking positions on their balance sheet accrue a cost. If dealers can’t offload a trade 
in the intra-dealer market, then they have to place the acquired bond on their balance 
sheet. The cost could be even higher if the dealer shorted the bond to sell it to the 
client. Thus, investor buys are on average more expensive than investor sells, because 
of a high cost and risk for dealers.

Finding #3: Order size and trade cost relationship is non-monotonic. Odd lots cost 
more in some markets and for some asset subclasses, especially for investor buys. 
Trade cost decreases as order size grows to round lot or so-called social sizes. Then 
the trade cost starts growing in a sublinear manner, for example, when the order size 
doubles the trade cost increases less than twice.

NB: As a result of electronification of bond trading, the cost of odd lots might be 
decreasing over time.

Finding #4: Bond’s outstanding amount has negative correlation to trade cost. The 
larger a bond’s issuance, the easier it is to source this bond and to trade larger 
sizes. With all other factors being equal between any two bonds, the one with a larger 
outstanding amount will have, on average, lower trade costs. We confirm that 1% 
of the outstanding amount is a reasonable proxy for average daily trade volume. In 
addition, we found a clear U-shape dependence of observed daily trade volume on the  
bond’s age.

Finding #5: Trade cost differs across five rating groups. In addition to supporting 
the common wisdom that trading HY bonds is more expensive than IG bonds, even 
if Bid/Ask spread and outstanding amount are the same, we refined rating groups 
into five cost categories.

We have shown that, in terms of trade cost, all As trade similarly and thus could 
be calibrated together. BBBs trade separately and so do the rest of Bs. Cs and Ds 
could be grouped together, and NRs contain a mishmash of junks bonds and bonds 
of solid companies that never applied for rating.

Our suggestion is to use four categories and to estimate an appropriate rating 
for non-rated companies. 

Finding #6: Trade cost varies by currency. For corporate bonds, trade cost behaves  
differently across currencies, given the same Bid/Ask spread, side, size, and out-
standing amount. For sovereigns, trade cost is lower for bonds issued in EUR and 
GBP, compared with USD and other currencies. As we have noted in the data sets 
section above, we had excluded US government bonds from our analysis.

Finding #7: Market structure varies by currency. For corporate bonds, we see tighter 
Bid/Ask spreads for EUR denominate bonds compared with USD and GBP. At the 
same time, on average, it costs less to trade larger sizes for USD bonds versus EUR 
ones. It might mean that quotes in the EUR market are more indicative, while USD 
dealers show firmer quotes.
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Finding #8: Corporate and sovereign bonds should 
be calibrated separately. While the nature of bond trad-
ing is consistent and the cost of trading corporate and 
sovereign bonds can be estimated with Equation 3 
above, our research shows that corporate and sover-
eign bonds should be calibrated separately.

Finding #9: Trade cost has a non-standard distri-
bution. Traders seem to have more leeway in trad-
ing bonds than in trading equities, because they can 
potentially substitute a less liquid bond with a similar 
bond that is readily available. This fl exibility results 
in many trades executed at a price better than the 

average cost expected. At the same time if the trader has to execute a bond that is 
not liquid, the trade cost could be very punishing.

As a result, one can expect an average cost to be higher than the median. This 
is a skewed distribution combining normal and exponential tails. See Exhibit 4.

Finding #10: Z-Spread is a decent proxy for rating. Many companies are not rated 
by major rating agencies. By using logistic regression, we found a statistically signif-
icant relation between our 4-group rating and z-spread. We used AAA-A, BBB, BB-B 
and CCC–D groups.

Out-of-sample test statistics are shown in Exhibit 12. We show the percentage 
of cases in which z-spread predicted exactly the correct rating group, and a case in 
which we were exact or off by one rating group, for example, z-spread predicts As, 
while the bond is rated as BBB.

CONCLUSION

Trade cost could be half of your alpha and might be impossible to avoid. However, 
trade costs should be considered in portfolio construction and investment decisions 
as well as measured during trade execution.

The goal of this article was to take a step forward in understanding the nature of 
trade cost for bonds and modeling their impact. This additional transparency in OTC 
markets could lead to improved market effi ciency and trade cost reduction.

The next logical step would be to try minimizing trade costs. We are actively work-
ing on quantitative tools that aim to assist bond traders to optimize trading decisions.
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of Estimates
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