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Motivation



The Tobin Tax Debate

Keynes (1936) / Tobin (1978):

• Transaction costs curb short-term speculation

• Higher costs ⇒ fewer noise traders ⇒ lower volatility

• “Throw sand in the wheels of finance”

Friedman (1953):

• Transaction costs discourage stabilizing arbitrage

• Higher costs ⇒ less efficient prices ⇒ higher volatility

• Costs reduce market liquidity and informational efficiency

This paper: provides causal evidence using a natural experiment.
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Why Prior Evidence Is Inconclusive

• Cross-country studies: different market microstructure, regulation, investor composition ⇒
omitted variable bias

• Event studies (e.g. Swedish tax 1984): tax changes coincide with other reforms ⇒ confounding

• Endogeneity: volatile stocks naturally have wider spreads

• Core problem: cannot separate cause from effect

⇒ Need exogenous variation in transaction costs.
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Natural Experiment



The Paris Bourse Tick Size Rule

The Paris Bourse imposed a discontinuous minimum tick size:

Price < FF 500 Price ≥ FF 500

Minimum tick FF 0.1 FF 1.0

Relative tick (at FF 500) 0.02% 0.20%

• At the FF 500 threshold: 10× jump in relative tick size

• Stocks just above vs. just below the cutoff are otherwise similar

• Creates quasi-random assignment of transaction costs
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Measuring Transaction Costs



Effective Spread

The effective spread captures the actual cost of a round-trip trade:

ESPREADt = 200 × |PT
t − PM

t |
PM
t

where:

• PT
t = transaction price at t

• PM
t = midpoint of bid-ask quote at t

• Factor 200 = doubling (half-spread → full) × 100 (percentage)

For regressions, use log transform: LESPREADt = ln(ESPREADt)
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Table 2: Spread Distribution

Key observations:

• Median LSPREAD: −1.849 (small) vs

−1.667 (large tick)

• ⇒ median effective spread ∼20% higher

for large-tick stocks: e0.182 ≈ 1.20

• Large ticks: skewness 1.47 (strongly

right-skewed) vs −0.16 for small ticks

• Censoring effect: tick constraint

truncates left tail
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Figure 2: Spread vs. Price Level

What to see:

• Each dot = one trade (random sample of

20,000)

• Below FF 500: many bands at 2, 4,

6. . . bp

• Above FF 500: bands below 20 bp vanish

— tick constraint binds

• Sharp discontinuity right at FF 500, not

gradual
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Figures 3–4: Spread Distributions

Key features:

• Small ticks (solid): broad distribution

with peaks at 2, 4, 6. . . bp

• Large ticks (dashed): huge censoring

spike at 20 bp (= minimum possible

spread)

• Near-zero density below 17 bp for large

ticks

• ⇒ tick constraint is binding — forces

wider spreads than market would set
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Volatility Measurement



Standard Deviation Bias — Setup

Observed price = true price + rounding error: P ′
t = P∗

t (1 + et), where et ∼ U[− 1
2
PTS, 1

2
PTS].

True return: Rt = (P∗
t+1 − P∗

t )/P
∗
t . Observed return:

R ′
t =

P∗
t+1(1 + et+1)− P∗

t (1 + et)

P∗
t (1 + et)

Since P∗
t+1/P

∗
t = 1 + Rt :

R ′
t =

(1 + Rt)(1 + et+1)− (1 + et)

1 + et

Expanding: (1 + Rt)(1 + et+1)− (1 + et) = Rt + et+1 − et + Rtet+1.

Since et is small and Rt · et+1 ≈ 0, and 1/(1 + et) ≈ 1:

R ′
t ≈ Rt + et+1 − et
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Standard Deviation Bias — Variance

Taking variance of both sides, with et independent of Rt and et+1:

Var(R ′
t ) = Var(Rt) + Var(et+1) + Var(et) = Var(Rt) + 2σ2

e

Since et ∼ U[− 1
2
PTS, 1

2
PTS]:

σ2
e =

PTS2

12
=⇒ Bias = 2× PTS2

12
=

PTS2

6

⇒ Standard deviation is severely biased for large-tick stocks ⇒ need a robust alternative.
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Measurement Bias — Standard Deviation

From the variance bias Var(R̃t) ≈ Var(Rt) +
1
6
PTS2, define:

Measurement Bias =
SD(R̃t)− SD(Rt)

SD(Rt)

Substituting:

= −1 +

√
Var(R̃t)

Var(Rt)
≈ −1 +

√
1 +

1
6
(PTS)2

Var(Rt)

The bias is always positive and increasing in PTS, decreasing in true volatility.

At median daily σ = 1.2%:

• Small tick (PTS = 0.02%): −1 +

√
1 + 0.00022/6

0.0122
≈ 2%

• Large tick (PTS = 0.20%): −1 +

√
1 + 0.0022/6

0.0122
≈ 23%

⇒ Standard deviation is unusable as a volatility measure for large-tick stocks.
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Figure 1: Monte Carlo Confirmation

Monte Carlo setup:

• 1 million random draws from uniform

initial distribution

• Normally distributed return innovations

• Compared true vs. measured volatility

under small tick (PTS = 0.1/500) and

large tick (PTS = 1/500)

Results (at median hourly σ = 1.2%):

• Small tick: std. dev. bias ∼2%

• Large tick: std. dev. bias ∼23%

⇒ confirms analytical derivation
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The Range Estimator — Solution

Hau uses the intraday range as a volatility measure:

RANGEt = 200 ×
max{s∈It} P

M
s − min{s∈It} P

M
s

max{s∈It} P
M
s + min{s∈It} P

M
s

where It is the set of all transactions within hourly trading period t, and PM
s is the midquote price at

transaction s.

Why is this better?

• At median volatility: range bias < 5% vs. std. dev. bias up to 23%

• Can be further corrected by controlling for PTS in regressions

Log transformation: LRANGEt = ln(0.1 + RANGEt)
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Results



Table 3: Per-Stock Volatility

Key observations:

• 19 out of 21 stocks trading in both

regimes show higher LRANGE under

large ticks

• All stocks: mean LRANGE −0.542

(small) vs −0.423 (large tick)

• Example — Sanofi: mean LRANGE

jumps from −0.679 to −0.226 (+70%

range increase)

• Pattern is nearly universal, not driven by

outliers

15



Volatility: Percentile Comparison

The LRANGE distribution for large-tick stocks stochastically dominates the small-tick distribution:

Percentile Small tick Large tick Difference

25th 0.94 1.17 +24%

50th 1.27 1.56 +23%

75th 1.68 1.95 +16%

⇒ Higher transaction costs ⇒ higher volatility at every quantile.

Exception: 1st percentile is lower for large ticks (more zero-range hours due to coarser price grid).
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Figure 5: CDF Comparison

Interpretation:

• Large-tick CDF (dashed) lies to the right

of small-tick CDF (solid) ⇒ first-order

stochastic dominance

• Difference largest at median (∼20%

range increase)

• Effect visible across entire distribution,

not just the mean

• Exception only at <2nd percentile

(zero-range hours)
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Regression Analysis



From OLS to FGLS — Why It Matters

OLS (Ordinary Least Squares): minimizes
∑

ε2i . Assumes all errors have the same variance and are

uncorrelated.

Problem: financial data violates both assumptions:

• Heteroskedasticity: some stocks are inherently more volatile ⇒ their residuals have larger

variance

• Autocorrelation: volatile hours cluster together ⇒ residuals within a stock are correlated

GLS (Generalized Least Squares): weights observations by the inverse of their error variance. Gives

more weight to precise observations, less to noisy ones. Requires knowing the exact error structure Ω.

FGLS (Feasible GLS): in practice, Ω is unknown. FGLS estimates the error structure from the data

(first run OLS, estimate Ω̂ from residuals, then run GLS with Ω̂). Used by Hau to allow stock-specific

autocorrelation patterns.
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Regression Setup

Panel regression (many stocks × many hours) with fixed effects:

LRANGEi,t = αi︸︷︷︸
stock FE

+ γt︸︷︷︸
hour FE

+β · TICKi,t + δ · Xi,t + εi,t

What each part does:

• αi (stock fixed effects) — absorb permanent differences between stocks (sector, size, liquidity).

Like giving each stock its own baseline.

• γt (hour fixed effects) — absorb market-wide shocks (news, macro events). Compares stocks

within the same hour.

• TICKi,t = 1 if stock i has large tick on day t; this is the key variable

• Xi,t — controls: lagged LRANGE, index volatility, proportional tick size

⇒ β captures the effect of large tick after removing stock characteristics and market conditions.
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Table 5: Regression Results

Three specifications:

I Basic: TICK = 0.2535∗∗∗

II + index volatility controls: TICK = 0.2258∗∗∗

(barely changes ⇒ not driven by market

conditions)

III + 7 lagged LRANGE: TICK = 0.1241∗∗∗

(short-run effect; permanent effect requires

rescaling)

Index volatility coefficient: 0.568∗∗∗ ⇒ strong

co-movement, but doesn’t explain TICK effect.
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Short-Run vs. Permanent Effect

In Spec. III, lagged LRANGE captures volatility clustering (volatile hours follow volatile hours). The

TICK coefficient (0.1241) is only the one-period shock.

In steady state, today’s shock feeds into tomorrow via lags:

LRANGE∗ = α+ β · TICK + (ρ1 + ρ2 + . . .+ ρ7) · LRANGE∗

Solving: permanent effect =
β

1−
∑

ρk
=

0.1241

1− 0.4587
= 0.2293

TICK coefficient Implied range increase

Spec. I (static) 0.2535 ∼35%

Spec. II (+ index vol.) 0.2258 ∼31%

Spec. III (permanent) 0.2293 ∼31%

⇒ All three converge: large tick increases volatility by ∼30%.
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Policy Implications



Implications for the Tobin Tax Debate

• Results support Friedman’s view: higher transaction costs increase volatility

• The effect is causal (natural experiment, not correlation)

• Mechanism: costs discourage stabilizing arbitrage more than speculation

• A Tobin-style financial transaction tax would likely increase rather than decrease price volatility

Caveat: the experiment captures a specific type of cost (tick-induced spread). A flat-rate tax might

have different distributional effects across trader types.
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