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Abstract. Researchers typically collect experimental data sequentially, allow-
ing early outcome observations and adaptive treatment assignment to reduce ex-
posure to inferior treatments. This article reviews multi-armed-bandit adaptive
experimental designs that balance exploration and exploitation. Because adap-
tively collected experimental data through bandit algorithms violate standard
asymptotics, inference is challenging. We implement an estimator that yields
valid heteroskedasticity-robust confidence intervals in batched bandit designs and
compare coverage in Monte Carlo simulations. We introduce bbandits for Stata,
a tool for designing experiments via simulation, running interactive bandit ex-
periments, and implementing and analyzing adaptively collected data. bbandits
includes three common assignment algorithms—ε-first, ε-greedy, and Thompson
sampling—and supports estimation, inference, and visualization.
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2 Batched Bandits

1 Introduction
Randomized controlled trials remain the gold standard for causal inference, but fixed
and balanced assignment can be costly when treatments directly affect participants’
productivity, health, or welfare. In such settings, one-shot experiments expose too
many participants to inferior treatments, incurring financial, ethical, or opportunity
costs. If data arrive sequentially—as is common in practice—researchers can instead
use early outcomes to adapt treatment assignment, improving participant welfare while
still learning about treatment effects. Applications range from pharmaceutical dosing
and medical procedures to labor market programs, ad campaigns, pricing policies, and
portfolio choice. Adaptive designs help reduce the ex-post regret of allocating partici-
pants to inferior treatments when this information could have been learned earlier.

When treatments or participants are costly, traditional designs may also be infeasible
because too few observations per arm prevent exploration of options that look less
promising ex ante. Even when the goal is purely ex-post inference, fixed budgets and
time horizons often require researchers to preselect a small set of treatments, which is
problematic in settings with many possible dosages, advertising variants, or vignette
profiles. Adaptive designs can deliver conclusive causal evidence quickly and allow
treatment choices to be determined by data rather than assumptions.

Most sequential designs can be implemented as multi-armed bandits: a decision
maker repeatedly chooses among actions (“treatment arms”) with unknown reward dis-
tributions and faces a trade-off between exploring all arms and exploiting the best-known
option. Bandit algorithms balance this trade-off by minimizing regret. Regret is the loss
from not always choosing the best arm. Bandit algorithms trading off exploration and
exploitation have been widely studied in statistics, machine learning, and increasingly in
applied fields such as medicine, economics, political science, and education. Examples
include (Bibaut and Kallus 2025; Hirano and Porter 2025; Chen and Andrews 2023;
Caria et al. 2023; Hadad et al. 2021; Avivi et al. 2021; Zhan et al. 2021; Athey and
Imbens 2019; Hoffmann et al. 2023; Camerer et al. 2024; Chapman et al. 2024) for eco-
nomics, (Offer-Westort et al. 2021) for political science, (Gaul et al. 2025) for survey
methods research, (Lei et al. 2022) as an example for medicine, (Rafferty et al. 2019) for
education, (Schulz et al. 2020) for psychology, etc. The advantages of such algorithms
have also led to a rapid growth of interest by practitioners (Hill et al. 2017; Scott 2015;
Agarwal et al. 2014; Chapelle and Li 2011; Scott 2010; Graepel et al. 2010).

In this paper, we make three contributions: i) we provide an accessible introduction
to treatment assignment using batched adaptive experiments, ii) we introduce bbandits,
a new Stata package for designing, running, and analyzing batched bandit experiments,
and iii) we offer guidance and best practices for applied researchers based on Monte
Carlo results.

More specifically, we analyze this exploration–exploitation trade-off using popular
sequential assignment algorithms, including ε-first, ε-greedy, and Thompson sampling.
Because adaptive sampling leads to unequal assignment probabilities, classical inference
fails. We study experiments conducted in batches and show how valid causal inference
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can be obtained using batched OLS (BOLS) in the case of heteroskedasticity (Kemper
and Rostam-Afschar 2025; Hirano and Porter 2025; Zhang et al. 2020). A Monte Carlo
study evaluates the performance of BOLS relative to the usual OLS estimator across
different batch sizes, numbers of batches, and effect sizes.

These simulations reflect scenarios common in applied work. We find that inference
in adaptive experiments requires sufficiently large batch sizes—around 20 observations
per batch in a two-armed design. The number of batches matters much less. Usual
confidence intervals or bootstrap methods may perform poorly when true effects are
small and overreject the hypothesis of no difference between arms. This is because the
asymptotic variance depends on the treatment assignment probability that does not
concentrate. Intuitively, if differences in outcomes across treatments are very small, a
natural consequence of experiments with small changes in doses or granular interaction
terms, it is hard to decide which arm to assign over the other. BOLS corrects this issue
(Kemper and Rostam-Afschar 2025; Zhang et al. 2020). In practice, both estimators
yield similar point estimates, even in small samples. We recommend computing both
OLS and BOLS and using BOLS for small margins.

Moreover, adaptive experiments routinely generate heteroskedastic per-batch variances—
for example, when treatment probabilities become highly imbalanced, when outcomes
are binary with different success probabilities, or when one treatment induces inherently
higher variance (such as riskier investments or more variable health responses). Under
such conditions, the homoskedastic BOLS statistic is invalid and leads to systematic
size distortions. In contrast, the heteroskedastic BOLS statistic remains asymptotically
normal and delivers correct rejection rates across all designs. For this reason, researchers
should always use heteroskedasticity-robust BOLS.

Finally, we introduce the Stata command bbandits, which integrates python rou-
tines to provide a simple interface for simulating, running, and analyzing batched bandit
experiments. It implements ε-first, ε-greedy, and Thompson sampling; supports Monte
Carlo design; and offers valid inference, diagnostics, and visualization tools for adap-
tively collected data.

In the next section, we introduce the ε-greedy and Thompson sampling algorithms
and describe the data structure of batched experiments. In Section 3 , we discuss
batched regression as a method for correct causal inference. In Section 4, we show
results from Monte Carlo simulations to assess the properties of the BOLS. In Section 5,
we describe the syntax and options of the new bbandits command and provide a
step-by-step guide for how to run batched bandit experiments. We provide empirical
applications in Section 6 and show how to run own bandit experiments with bbandits
in section 7. Section 8 concludes.
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2 Methods
2.1 Adaptive experimental designs and algorithms
We consider a finite set of treatment arms k ∈ {1, . . . ,K}. For each experimental unit
i, let Ai ∈ {1, . . . ,K} denote the assigned arm, and let Yi be the observed outcome
(e.g., success vs. failure, or a continuous response). In batched experiments, units are
grouped into batches indexed by t = 1, . . . , T , and we write Ai,t and Yi,t for unit i in
batch t.

In some applications, there is only one observation per batch. In most real world
applications, however, batch sizes can be substantial, e.g., more than 40,000 participants
in a clinical trial. The batch size is typically set to be constant or random.

Consider a policy maker that asks a researcher to design an experiment to find out
which of several information campaigns about vaccines effectively reduces infections.
The question is now how to learn which arm reduces infections most effectively without
exploring treatment arms that are less effective too often.

In many applications, treatments are costly to administer or units are scarce, so
researchers face a trade-off between exploration (learning which arms have high expected
outcomes) and exploitation (assigning more units to arms that already look promising).
Multi-armed bandit algorithms provide data-driven treatment assignment rules that
explicitly manage this exploration–exploitation trade-off.

We focus on three popular algorithms: ε-first, ε-greedy and Thompson sampling.
These algorithms are well established in the reinforcement learning literature. A classical
reference is Sutton and Barto (2018). For an overview, see Burtini et al. (2015).

These can be implemented at the unit of observation level or at the batch level, in
which observations are grouped. In the batched setting, the assignment in batch t + 1
is based only on the information up to batch t for all units.

ε-first (explore-then-commit). The ε-first strategy is closely related to classical A/B
testing. Fix a fraction ε ∈ (0, 1) of the total number of observations to be used for
exploration. In the exploration phase, units are assigned uniformly at random to each
arm. Let µ̂explore

k denote the sample mean outcome for arm k over the exploration phase:

µ̂explore
k =

1

N explore
k

∑
i:Ai=k

Yi,

where N explore
k is the number of observations assigned to arm k during exploration.

In the remaining (1 − ε) fraction of the experiment, the algorithm commits to the
arm with the highest empirical mean, assigning all units to

k∗ = argmax
k

µ̂explore
k .
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Example of explore-then-commit: successive arm-elimination. For cases
in which there are two arms and the number of batches is small (2-5) and fixed, Perchet
et al. (2016) compare several algorithms to optimally chose the batch sizes. Esfandiari
et al. (2021) extend the results of Perchet et al. (2016) to more than two arms and
provide a simple rule for successive elimination of arms. In batch t, each active arm is
pulled roughly qt times, where q = N1/T increases geometrically with the batch number.
This schedule ensures that early batches are small (allowing coarse but inexpensive
estimation), while later batches grow large enough to sharply distinguish the remaining
arms.

After each batch, the algorithm computes the empirical mean of each active arm and
removes those that are demonstrably worse than the current best arm by more than
a confidence buffer. Because each arm is sampled qt times by the end of batch t, the
confidence intervals tighten at a geometric rate, allowing the algorithm to eliminate bad
arms early while ensuring the optimal arm is not mistakenly removed.

ε-greedy. The ε-greedy algorithm interleaves exploration and exploitation over the entire
experiment. A greedy policy is a myopic rule that always selects the arm with the largest
current estimate of the expected outcome, ignoring any value of information from further
exploration. ε-greedy perturbs this purely greedy rule by adding random exploration.

Let εt ∈ [0, 1] be the exploration probability in batch t and let µ̂k,t be the empirical
mean of arm k based on all data up to batch t:

µ̂k,t =
1

Nk,t

∑
(i,s): s≤t, Ai,s=k

Yi,s,

where Nk,t is the number of times arm k has been played up to and including batch t.

For each unit in batch t + 1, ε-greedy assigns: with probability 1 − εt, the greedy
arm

k∗t = argmax
k

µ̂k,t,

and with probability εt, one of the arms k is chosen uniformly at random.

If εt is constant, the algorithm continues to explore forever, which ensures some
robustness but prevents convergence to always playing the empirically best arm. A
common choice is to let εt decrease over time (e.g. εt ∝ 1/t), so that the algorithm
explores more in early batches and gradually exploits more as information accumulates.

Compared to ε-first, ε-greedy typically achieves a more balanced trade-off between
exploration and exploitation when the time horizon is uncertain or when nonstationarity
is a concern. When rewards are stationary and the horizon is known ex ante, ε-first
may be more efficient because it concentrates exploration in an initial phase.

Thompson sampling. A classical heuristic known as Thompson sampling was developed
for allocating experimental effort in bandit problems arising in clinical trials (Thompson
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1933, 1935). Thompson sampling models uncertainty about the shape of the distribution
from which the observed outcomes are drawn and the expected outcome explicitly.

Figure 1 illustrates the cumulative mean outcome of always playing the optimal
arm (oracle benchmark), Thompson sampling, and a traditional fixed balanced design.
Thompson sampling sacrifices some reward to explore but substantially less than a
non-adaptive design.

Figure 1: Cumulative mean outcome under Thompson sampling vs. fixed design
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Notes: The simulated experiment consists of three arms with true success probabilities 0.5,
0.4, and 0.3. The Bernoulli Thompson sampling algorithm with a clipping rate of 0.05 and
a decay rate of the clipping rate of 0.9 was applied. The simulation underlying the fig-
ure was generated by bbandits_sim 0.5 0.4 0.3, size(100) batch(100) clipping(0.05)
decay(0.9) thompson.

For Bernoulli outcomes (e.g., success vs. failure), we assume that for each arm k,
outcomes are conditionally independent drawn from

Yi | Ai = k ∼ Bernoulli(θk),

where θk ∈ [0, 1] is the unknown success probability of arm k.

Let Ht = {(Ai,s, Yi,s) : s ≤ t} denote the history up to batch t. Define Sk,t and Fk,t
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as the number of successes and failures, respectively, observed for arm k up to batch t:

Sk,t =
∑

(i,s): s≤t

1{Ai,s = k, Yi,s = 1}, Fk,t =
∑

(i,s): s≤t

1{Ai,s = k, Yi,s = 0}.

We adopt independent Beta(1, 1) priors (uniform on [0, 1]) for the θk. By conjugacy,
the posterior after batch t is

θk | Ht ∼ Beta(αk,t, βk,t), αk,t = Sk,t + 1, βk,t = Fk,t + 1.

Thompson sampling proceeds as follows for batch t+ 1:

1. For each arm k, draw a single posterior sample

θ∗k,t ∼ Beta(αk,t, βk,t),

independently across arms.

2. Assign each unit in batch t+ 1 with probability pk,t for arm k

pk,t = Pr(At+1 = k | Ht) = Pr

(
θ∗k,t = max

j=1,...,K
θ∗j,t

∣∣Ht

)
.

In practice, this assignment probability is not computed via the corresponding mul-
tidimensional integral; drawing one sample θ∗k,t per arm and choosing the arm with the
largest draw yields an exact Monte Carlo sample from the distribution (p1,t, . . . , pK,t).
For alternative approaches, see Scott (2010).

Starting from the uniform prior Beta(1, 1), each observed success increases αk,t by
one and each failure increases βk,t by one. As Sk,t + Fk,t grows, the posterior becomes
more concentrated around the true θk, and the assignment probabilities pk,t converge
toward playing the empirically best arm with a high probability. Figure 2 shows how
the posterior distributions for a given arm become more peaked with additional batches.

2.2 Data structure of adaptive experiments
We consider batched adaptive experiments with periods t = 1, . . . , T . In each period,
N1,t treated and N0,t control units are assigned based on past outcomes, and we observe
outcomes Yi,k,t for arm k ∈ {0, 1}. Within each period t, outcomes satisfy

Yi,k,t = mk,t + εi,k,t, E[εi,k,t] = 0,

with independent observations across individuals and possibly arm-specific variances
σ2
1,t and σ2

0,t; see Kemper and Rostam-Afschar (2025).

Treatment assignment across periods is adaptive (e.g., via a bandit algorithm), so
the probability of receiving treatment depends on the realized history.
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Figure 2: Posterior evolution under Beta–Bernoulli Thompson sampling
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Notes: Thompson sampling with Bernoulli rewards and true success probabilities of 0.5,
0.4, and 0.3 for arms 1–3, respectively. The vertical line indicates the true success proba-
bility of each arm. The figure was generated using bbandits_sim 0.5 0.4 0.3, size(200)
batch(10) clipping(0.1) thompson plot_thompson.

In each period t we summarize the causal effect by the difference in sample means

∆̂t = Ȳ1,t − Ȳ0,t,

equivalently obtained as the coefficient on a treatment indicator from an OLS regression
of Yi,t on the indicator within period t. Because sampling is i.i.d. within each period,
standard OLS properties apply to ∆̂t.

Table 1 illustrates a stylized data structure with two arms, here labeled A and B,
corresponding to arms 1 and 0. The columns “Batch-Wise OLS” report ∆̂t for each
batch, while the last column shows weights that are proportional to the period-specific
precision used in the BOLS estimator.

The adaptive assignment of treatments makes naive pooling across periods prob-
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Table 1: Stylized data structure. Here arm 1 corresponds to A and arm 0 to B.

Obs Selected arm Batch Outcome True Expected Outcome OLS Batch-Wise OLS ωt

1 A 0 0 0.5 0.600 0.500
√

2×2
2+2

2 B 0 0 0.2 0.167 0.000
√

2×2
2+2

3 A 0 1 0.5 0.600 0.500
√

2×2
2+2

4 B 0 0 0.2 0.167 0.000
√

2×2
2+2

5 A 1 0 0.5 0.600 0.500
√

2×2
2+2

6 B 1 1 0.2 0.167 0.500
√

2×2
2+2

7 A 1 1 0.5 0.600 0.500
√

2×2
2+2

8 B 1 0 0.2 0.167 0.500
√

2×2
2+2

9 A 2 0 0.5 0.600 0.667
√

1×3
1+3

10 A 2 1 0.2 0.600 0.667
√

1×3
1+3

11 A 2 1 0.5 0.600 0.667
√

1×3
1+3

12 B 2 0 0.2 0.167 0.000
√

1×3
1+3

13 A 3 1 0.5 0.600 0.667
√

1×3
1+3

14 A 3 0 0.2 0.600 0.667
√

1×3
1+3

15 A 3 1 0.5 0.600 0.667
√

1×3
1+3

16 B 3 0 0.2 0.167 0.000
√

1×3
1+3

OLS ̂Outcome = 0.6− 0.433× 1arm B

BOLS −0.443 =

√
2×2
2+2×0.5+

√
2×2
2+2×0+

√
1×3
1+3×0.667+

√
1×3
1+3×0.667√

2×2
2+2+

√
2×2
2+2+

√
1×3
1+3+

√
1×3
1+3

̂Outcome = 0.6− 0.443× 1arm B

Note: Fictional data for a batched adaptive experiment with two arms A and B. Batch 0 is ran-
domized; later batches are assigned adaptively (e.g. by Thompson sampling). “Batch-Wise OLS”
reports ∆̂t and ωt are weights proportional to period-specific precision under homoskedasticity.

lematic: standard OLS that ignores that endogenous treatment assignment may lead
to asymptotic non-normality and invalid tests (Zhang et al. 2020). To address this,
Kemper and Rostam-Afschar (2025) propose a heteroskedasticity-robust batched OLS
(BOLS) estimator that aggregates the ∆̂t using precision weights.
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For each period t, the variance of ∆̂t is

vt =
σ2
1,t

N1,t
+

σ2
0,t

N0,t
.

Define the period weights wt = 1/
√
vt and S =

∑T
s=1 ws. The BOLS estimator is the

precision-weighted average

∆̂ =

T∑
t=1

wt

S
∆̂t.

Intuitively, periods that are larger, more balanced, and less noisy receive more weight.
Under homoskedasticity, wt is proportional to

√
N1,tN0,t/(N1,t +N0,t), which is the

quantity shown as ωt in Table 1.

3 Inference about causal effects
Following Zhang et al. (2020), Kemper and Rostam-Afschar (2025) show that the com-
bined estimator ∆̂ is asymptotically normal under large-batch asymptotics in adaptive
experiments. By construction,

Var(∆̂) =
T

S2
, SE(∆̂) =

√
T

S
.

In practice, vt and wt are replaced by consistent estimates v̂t and ŵt = 1/
√
v̂t, and

Ŝ =
∑

t ŵt.

For testing H0 : ∆ = c, the feasible BOLS test statistic is a combination of period
z-scores zt,het = ∆̂t−c√

vt
. In other words, it is the difference of the margin to the test value

∆̂− c weighted with its aggregate standard error ŜE(∆̂) =
√
T
Ŝ

:

Ẑhet =
∆̂− c

ŜE(∆̂)
=

1√
T

T∑
t=1

zt,het =
1√
T

T∑
t=1

∆̂t − c
√
vt

,

which is asymptotically standard normal. Hence a two-sided (1−α) confidence interval
for ∆ is

CI1−α = ∆̂± z1−α/2 ŜE(∆̂),

which in applications can be well approximated by

CI ≈ ∆̂± 1.96 ·
√
T

Ŝ
.

4 Properties of estimators for batched bandits: Evidence
from Monte Carlo simulations

The Monte Carlo simulations in Tables 2 and 3 evaluate the finite-sample behavior of
OLS and heteroskedasticity-robust BOLS estimators for the batched difference in sample
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means, ∆̂t = Ȳ1,t − Ȳ0,t, under adaptive treatment assignment. Three main findings
emerge that provide clear guidance for the design of batched bandit experiments.

First, the simulations show that batch size is the key determinant of valid inference.
Table 2 varies the number of observations per batch and demonstrates that standard
OLS exhibits substantial size distortions when batches are small. For example, when
Nt = 5 and the true effect ∆ = 0, OLS rejects the null hypothesis almost 8% of the time
rather than the nominal 5%, see Table 2, ∆ = 0.0, Nt = 5. BOLS remains markedly
closer to correct size under the same conditions. As batch sizes increase, both estimators
stabilize, but BOLS reaches nominal size considerably earlier. With Nt ≈ 20, BOLS
performs well even in small-margin settings, consistent with the theoretical large-batch-
size asymptotics of Kemper and Rostam-Afschar (2025).

Table 2: Bernoulli Thompson Sampling - Small batch size

OLS/Batch BOLS/Batch
Nt ∆[Yt,k] 10 25 50 100 10 25 50 100
5 0.0 0.001 0.001 0.000 0.000 0.000 0.001 0.000 0.000

(0.076) (0.067) (0.060) (0.058) (0.062) (0.057) (0.052) (0.051)
5 0.1 0.105 0.107 0.107 0.105 0.101 0.102 0.102 0.101

(0.075) (0.063) (0.055) (0.048) (0.058) (0.056) (0.047) (0.049)
5 0.2 0.213 0.205 0.205 0.202 0.205 0.200 0.202 0.201

(0.066) (0.056) (0.051) (0.051) (0.056) (0.052) (0.052) (0.050)
10 0.0 -0.001 0.000 -0.000 0.000 -0.001 0.001 -0.000 0.000

(0.066) (0.060) (0.054) (0.055) (0.058) (0.053) (0.049) (0.050)
10 0.1 0.106 0.105 0.104 0.103 0.102 0.102 0.101 0.101

(0.060) (0.056) (0.050) (0.049) (0.051) (0.051) (0.050) (0.052)
10 0.2 0.208 0.204 0.201 0.201 0.204 0.201 0.200 0.200

(0.059) (0.048) (0.051) (0.047) (0.053) (0.049) (0.051) (0.045)
20 0.0 0.001 0.001 0.000 -0.000 0.001 0.001 0.000 -0.000

(0.058) (0.060) (0.055) (0.055) (0.052) (0.053) (0.050) (0.050)
20 0.1 0.105 0.104 0.102 0.100 0.102 0.102 0.101 0.100

(0.056) (0.056) (0.048) (0.046) (0.048) (0.053) (0.051) (0.050)
20 0.2 0.203 0.202 0.201 0.200 0.200 0.201 0.201 0.200

(0.049) (0.049) (0.053) (0.049) (0.051) (0.049) (0.054) (0.049)
100 0.0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

(0.056) (0.058) (0.051) (0.058) (0.048) (0.051) (0.046) (0.054)
100 0.1 0.102 0.100 0.100 0.100 0.101 0.100 0.100 0.100

(0.050) (0.053) (0.048) (0.048) (0.053) (0.053) (0.047) (0.049)
100 0.2 0.200 0.200 0.200 0.200 0.200 0.200 0.200 0.200

(0.052) (0.053) (0.046) (0.052) (0.049) (0.053) (0.047) (0.051)

Note: The Monte Carlo simulation is based on 10,000 iterations. Type-I error (α) for the 95-
percentile in parentheses. The true 95-percentile of the standard normal distribution implies
a rejection rate of 0.05. ∆[Yt,k] is the true margin between the two arms.
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Second, the simulations underscore the importance of heteroskedastic precision weight-
ing when treatment assignment probabilities evolve adaptively. When the true effects
are small, assignment probabilities do not concentrate, and the variance of the pooled
OLS estimator depends on stochastic treatment shares, producing systematic overrejec-
tion. This pattern is particularly visible in the ∆ = 0 and ∆ = 0.1 rows of Table 2.
In contrast, BOLS aggregates the batchwise estimates ∆̂t using estimated variances
that remain valid even with small margins. Point estimates from OLS and BOLS are
nearly identical across all designs, but their inferential properties differ sharply. For
this reason, BOLS should be used for hypothesis testing.

Table 3: Simulation 2 - Many batches

OLS/Batch BOLS/Batch
Nt ∆[Yt,k] 10 25 50 100 10 25 50 100
100 0.0 0.001 -0.000 -0.000 0.000 0.001 -0.001 -0.000 0.000

(0.056) (0.057) (0.054) (0.055) (0.055) (0.053) (0.051) (0.052)
100 0.1 0.100 0.102 0.102 0.102 0.100 0.101 0.101 0.100

(0.054) (0.053) (0.052) (0.051) (0.052) (0.052) (0.051) (0.053)
100 0.2 0.199 0.202 0.2 0.199 0.199 0.202 0.200 0.199

(0.056) (0.050) (0.053) (0.048) (0.053) (0.050) (0.054) (0.049)
200 0.0 0.001 0.000 0.000 -0.000 0.001 0.001 0.000 -0.000

(0.055) (0.052) (0.055) (0.057) (0.054) (0.050) (0.052) (0.050)
200 0.1 0.100 0.101 0.102 0.101 0.100 0.101 0.101 0.100

(0.052) (0.052) (0.045) (0.048) (0.051) (0.054) (0.049) (0.052)
200 0.2 0.200 0.200 0.200 0.200 0.200 0.199 0.200 0.200

(0.050) (0.048) (0.053) (0.052) (0.049) (0.050) (0.051) (0.053)
500 0.0 -0.000 0.000 -0.000 0.000 -0.000 -0.000 -0.000 -0.000

(0.059) (0.052) (0.054) (0.054) (0.058) (0.050) (0.051) (0.050)
500 0.1 0.100 0.100 0.100 0.100 0.100 0.100 0.100 0.100

(0.050) (0.048) (0.048) (0.050) (0.049) (0.050) (0.049) (0.052)
500 0.2 0.200 0.200 0.200 0.200 0.200 0.200 0.200 0.200

(0.053) (0.049) (0.050) (0.050) (0.053) (0.049) (0.049) (0.048)
1000 0.0 -0.000 0.000 0.000 -0.000 -0.000 0.000 0.000 -0.000

(0.049) (0.056) (0.050) (0.057) (0.049) (0.053) (0.048) (0.051)
1000 0.1 0.100 0.100 0.100 0.100 0.100 0.100 0.100 0.100

(0.046) (0.049) (0.048) (0.048) (0.046) (0.047) (0.049) (0.048)
1000 0.2 0.200 0.200 0.200 0.200 0.200 0.200 0.200 0.200

(0.049) (0.051) (0.050) (0.047) (0.048) (0.051) (0.052) (0.048)

Note: The Monte Carlo simulation is based on 10,000 iterations. Type-I error (α) for the 95-
percentile in parentheses. The true 95-percentile of the standard normal distribution implies a
rejection rate of 0.05. ∆[Yt,k] is the true margin between the two arms. The clipping rate is 0.2.

Third, Table 3 shows that the number of batches matters much less than batch size.
When batch sizes are sufficiently large (Nt ≥ 100), both OLS and BOLS achieve correct
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size even with as few as one or three batches. Increasing the number of batches from 1
to 8 yields only minor improvements, whereas increasing the batch size has a substantial
effect. This is consistent with the theoretical results for BOLS, which rely primarily on
large-Nt asymptotics rather than large-T asymptotics.

Taken together, the evidence suggests clear practical advice. Researchers should
prioritize adequately large batch sizes to ensure unbiased estimation of ∆ and valid
inference for adaptively collected data. While both OLS and BOLS produce similar
point estimates of the treatment effect, only BOLS consistently delivers correct size
and coverage, especially when treatment effects are small. Our results also show that
OLS gives correct coverage when margins are large. For applied work, we therefore
recommend reporting both estimators but relying on BOLS confidence intervals for
inference.

5 The bbandits commands
The bbandits package provides four commands to analyze, simulate, and conduct adap-
tive experiments with batched bandits. i) bbandits, ii) bbandits_sim, iii) bbandits_initialize,
iv) bbandits_update.

The bbandits command relies on a Python backend. On first use, the required
Python environment is initialized, which may take a few moments. Subsequent calls
typically execute without delay.

Before using the package, users must install Python (version 2.7 or higher) and the
following Python packages: scikit-learn, numpy, pandas, scipy, statsmodels, and
sfi. Installation instructions for Python and its packages are available at https://www.python.org/.
An additional step-by-step installation guide for using Python with Stata is provided
by Achim Ahrens, Christian Hansen, Mark Schaffer, and Thomas Wiemann.

Once Python is installed, the bbandits package can be installed in Stata via

. net from https://rostam-afschar.de/bbandits

. net install bbandits.pkg

5.1 Analyzing bbandit data
The bbandits command provides the BOLS and OLS estimates with correct confidence
intervals. Additionally, it provides a graphical analysis.

Syntax

Batched bandit analysis can be implemented in Stata using the following command
syntax:

bbandits reward chosen_arm batch
[

, reference_arm(integer) test_value(#)

https://www.python.org/
https://statalasso.github.io/docs/python/
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plot_thompson stacked no_plot twooptions_thompson(string)
twooptions_bols(string) twooptions_ols(string)
twooptions_sharebybatch(string) twoptions_stackedsharebybatch(string)
twooptions_cumsharesbyybatch(string)

]
The bbandits syntax requires three variables. It takes the dependent variable re-

ward a measure of the outcome or regret, typically of success or failure. The second
input requires a categorical variable, chosen_arm, that indicates which of the k arms
was assigned to the unit. As a third input, bbandits takes a categorical variable, which
indicates in which batch t of T batches the reward was observed.

Options

reference_arm(integer) specifies which arm is taken as a reference arm (control
group). The treatment effects are then calculated with respect to the reference
arm. The default reference arm is arm 0 (first of K arms).

test_value(#) specifies the null-hypothesis. The default value is 0.

plot_thompson plots beta distributions for each of the treatments.

stacked plots beta distributions for each of the treatments but vertically stacked.

no_plot specifies that only the output table without any plots is displayed.

twoptions_thompson(string) takes user-specific two-way options for the two-way Thomp-
son plot.

twoptions_bols(string) takes user-specific two-way options for the plot of the BOLS
treatment effects.

twoptions_ols(string) takes user-specific two-way options for the plot of the BOLS
and the OLS treatment effects.

twoptions_sharebybatch(string) takes user-specific two-way options for the plot of
the shares assigned to each treatment arm by batch.

twoptions_stackedsharebybatch(string) takes user-specific two-way options for the
plot of the shares assigned to each treatment arm by batch but stacked as an area.

twoptions_cumsharesbyybatch(string) takes user-specific two-way options for the
plot of the cumulative shares assigned to each treatment arm by batch stacked as
an area.
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Returned results

Scalars
e(N) number of observations

Matrices
e(res) matrix with all output results
e(batch_ols_coefficients) matrix with all batched OLS coefficients
e(batched_ols_weights) matrix containing the BOLS weights
e(reward_evaluation) Matrix comparing rewards in adaptive and classic experiments

The matrix e(res) includes for each arm the OLS margins, the BOLS margins,
the z statistics, the p-values, the BOLS 95% confidence intervals, the observations
of the reference arm, the observations of the treatment arm, the heteroskedasticity-
robust BOLS standard errors, the treatment arm indicator and the OLS 95% confidence
intervals. In addition, all returned results from regress are returned.

5.2 Simulate bandit experiments
Syntax

The following command can simulate a bandit experiment to explore the data structure
and mechanism of the algorithm. Additionally, it allows the user to conduct a simple
Monte Carlo study to examine the inference in different scenarios.

bbandits_sim true_expected_values
[

, batch(integer) size(integer) eps(#)
decay(#) clipping(#) exploration_phase(integer) greedy thompson
plot_thompson twopts(string) stacked monte_carlo n(integer)
reference_arm(#) arm(integer) standard_deviations(numlist)

]
The bbandits_sim syntax requires the scalar parameters true_expected_values,

for example, success parameters 0.2 0.3 0.4, to specify the reward distributions. For
the ε-greedy algorithm rewards are drawn from a normal distribution with the specified
expected value and a standard deviation of 1. For Thompson Sampling, the rewards are
drawn from a Bernoulli distribution. Two arms are required but there could be more.
A series of options are allowed to further calibrate the algorithm. The two popular
classes of bandit algorithms, ε-greedy and Thompson sampling, can be chosen in the
options. The default algorithm is ε-greedy. The default case is to simulate a single
bandit experiment and the return of the simulated data set. Users can also run a simple
Monte Carlo study which is specified by the respective option.

Options

batch(integer) specifies the number of batches. The default is 25 batches.

size(integer) specifies the batch size. The default is 100 observations per batch.

eps(#) specifies the ε parameter for the ε-greedy algorithm. The default ε is 10%.
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decay(#) is a linear decay rate for the ε-greedy algorithm. The default value is 1.

clipping(#) specifies the clipping rate for the Bernoulli Thompson algorithm. The
default value is 5%.

exploration_phase(integer) specifies the number of batches where the algorithm
assigns the treatment uniformly. The default value is 0.

greedy specifies the ε-greedy algorithm instead of the Bernoulli-Thompson algorithm.
The default is ε-greedy.

standard_deviations(numlist) specifies the standard deviations as parameters of the
rewards of the normal distribution for the ε-greedy simulated data.

thompson specifies the Bernoulli-Thompson Sampling algorithm instead of the ε-greedy
treatment assignment algorithm.

plot_thompson generates plots of the beta distribution under the Thompson sampling
algorithm.

stacked plots the beta distribution under the Thompson sampling algorithm but ver-
tically stacked.

monte_carlo specifies a Monte Carlo simulation with 1,000 repetitions. Only two arms
can be compared to each other even if multiple arms are specified.

n(integer) specifies the number of repetitions for the Monte Carlo simulation.

reference_arm(integer) specifies the reference arm for the Monte Carlo simulation.

arm(integer) specifies the arm which is compared against the reference arm in the
Monte Carlo simulation. The Monte Carlo simulation function only allows to com-
pute the test statistic for two arms but the data can be drawn from a multi-arm
simulation.

twopts(string) takes user-specific two-way options.

Return

The simulation returns a simulated data set. The Monte Carlo simulation returns the
test statistics for the OLS and BOLS. Additionally, the stored result e(decay_rate) is
returned. It captures the ε or clipping rate for each batch and should become smaller
when a decay rate is determined.

Matrices
e(decay_rate) ε or clipping rate for each batch.

To easily conduct a bandit experiment, our package provides two commands. Below,
in section 7, we provide an example of how to use these commands. First, the bban-
dits_initialize command helps to set up a compatible data structure for an adaptive
experiment and the package. Second, the bbandits_update function implements the
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bandit algorithms and returns which treatment arms to assign for the next batch based
on the chosen bandit algorithm. Both commands are briefly explained below.

Syntax

bbandits_initialize
[

, batch(integer) arms(integer)
exploration_phase(integer) sae

]
For bbandits_initialize the user must load a data set where each row is one of

the potentially treated units.

Options

batch(integer) specifies the number of batches. The default number is 3.

arms(integer) specifies the number of treatment arms. The default is 2.

exploration_phase(integer) specifies the number of batches where the algorithm
assigns the treatment uniformly. The default value is 1.

sae specifies initialization according to the arm-elimination algorithm described in Es-
fandiari et al. (2021), see section 2.1.

Return

This command generates the following three new variables. First, the variable reward
is generated but contains missings, because the experiment has not yet started. The
user must fill this variable later with the experimental data. Second, the variable cho-
sen_arm is generated. This variable contains the assigned treatment arms. For explo-
ration_phase, treatment arms are assigned uniformly and during the adaptive portion
of the experiment algorithmically. Third, the variable batch indicates the respective
batch. bbandits_initialize generates batches with equal batch sizes.

Syntax

The bbandits_update command has the following syntax:

bbandits_update
[

, thompson greedy sae clipping(#) epsilon(#)
active_arms(numlist) batch_sae(#) excel("path")

]
During the adaptive portion of the experiment, the bandit algorithm chosen by the

user assigns the treatment for the next batch. After having carried out the treatment,
the user records the reward. The user then enters the newly observed rewards into the
data set and runs bbandits_update again to start the next iteration of the algorithm
that assigns units again to treatments for the next batch based on the history of rewards.
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Once all units are treated and the rewards are recorded, the bbandits command can
be used to analyze the data.

Options

thompson specifies Bernoulli Thompson sampling algorithm.

greedy specifies the ε-greedy algorithm.

sae specifies updating according to the Successive Arm Elimination (SAE) algorithm
in section 2.1.

clipping(#) specifies the clipping rate for the Bernoulli Thompson algorithm. The
default value is 0.05.

epsilon(#) specifies the ε rate for the ε-greedy algorithm. The default value is 0.1.

active_arms(numlist) is a numlist indicating the active arms according to the succes-
sive arm-elimination algorithm.

batch_sae(#) requires the total number of batches in the successive arm elimination
setting.

excel("path") indicates that the updated data is saved as an Excel file under the
specified path. The saved file can be used to impute the newly observed rewards.

Return

The bbandits_update command returns a data set that contains the treatment as-
signments for the next batch according to the selected bandit algorithm. It also gen-
erates a variable chosen_arm_numeric, a numeric code that identifies the assigned
treatment arm for each observation.
Scalars

e(current_batch) Returns the current batch.
Matrices

e(arm_labels) Numeric label
e(probabilities) Share that the corresponding arm should be played in the next batch.

The returned matrix e(arm_labels) is a numeric label that corresponds to the nu-
meric label for the assigned arm from the newly generated variable chosen_arm_numeric.
The order of e(probabilities). corresponds to the e(arm_labels). So, the first value is
the share of arm 0, the second is the share of arm 1, and so on.

6 Examples with empirical application
In this section, we present applications of the bbandits command to analyse and con-
duct inference about effect sizes ex-post using data from adaptive experiments. The
applications differ mainly in terms of treatment assignment algorithm and the number
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of treatment arms.

The first application is taken from Kasy and Sautmann (2021) and uses exploration
sampling (explained below) for six treatment arms. The second application is based on
Gaul et al. (2025) and uses Thompson sampling for 32 treatment arms.

6.1 Six call methods to enroll rice farmers (Kasy and Sautmann
2021)

Kasy and Sautmann (2021) designed an experiment using exploration sampling (see
below and Section 4 in their paper) to help Precision Agriculture for Development
(PAD) choose among a variety of different call methods to enroll rice farmers in one
state in India. PAD is an NGO that works with government partners to provide a
phone-based personalized agricultural extension service to farmers.

The outcome (reward) is a binary variable describing call completion:

call completed =

{
1 if call recipient answered five questions asked during call,
0 otherwise.

PAD tested six automated voice calls treatments. Call time varied to be either in
the morning (10 am) or in the evening (6:30 pm). The calls were made with SMS text
message alerts sent 1 hour ahead, 24 hours ahead, or without SMS alerts.

Voice Call Treatments

SMS alerts 1h ahead

10 am 6:30 pm

SMS alerts 24h ahead

10 am 6:30 pm

No SMS alert

10 am 6:30 pm

Kasy and Sautmann (2021) base their algorithm on Thompson sampling and propose
a modified treatment assignment algorithm which they call exploration sampling. In
Thompson sampling, the probability that arm k is best in terms of reward at time t pkt =
P (Eθ[Rk, t] = max{Eθ[R1], . . . , Eθ[RK ]}|Rt) can be used for treatment assignment.
Exploration sampling replaces the Thompson assignment shares

(p1t , p
2
t , ..., p

k
t )

with the following transformed shares qkt =
pk
t (1−pk

t )∑
k pk

t (1−pk
t )

.

This modification shifts weight away from the best performing option to its close
competing treatments. Since there is at most one k for which pkt > 1/2, qkt monotonically
increases and is concave in pkt .
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A list of 10,000 valid phone numbers were randomly assigned to one of 16 batches
with 600 numbers each (and one with 400). Starting on June 3, 2019, a new experimental
wave was started every other day and completed the next day.

The success rate of each treatment arm was estimated starting with a uniform prior
in order to determine the assignment frequencies for each consecutive wave using explo-
ration sampling.

. use "example data\kasy_sautmann_2021.dta", clear

. bbandits outcome treatment date
BOLS calculation for arm: 1
BOLS calculation for arm: 2
BOLS calculation for arm: 3
BOLS calculation for arm: 4
BOLS calculation for arm: 5

N = 10000
Best-arm total = 1926 Best-arm mean = 0.1926
Actual total = 1804 Actual mean = 0.1804
Uniform total = 1709 Uniform mean = 0.1709

Share b Mean reward arm b

0.0903 0.1606

Share k Arm/Est. Marg. Robust SE z P>|z| [95% CI]

0.3931 1-0
OLS 0.0320 0.0137 2.33 0.020 [0.0051, 0.0589]
BOLS 0.0405 0.0149 2.72 0.007 [0.0113, 0.0697]

0.2234 2-0
OLS 0.0185 0.0147 1.26 0.208 [-0.0103, 0.0472]
BOLS 0.0248 0.0162 1.53 0.127 [-0.0070, 0.0565]

0.0366 3-0
OLS -0.0158 0.0221 -0.71 0.475 [-0.0591, 0.0275]
BOLS -0.0289 0.0254 -1.14 0.254 [-0.0787, 0.0208]

0.1081 4-0
OLS 0.0078 0.0167 0.47 0.641 [-0.0250, 0.0405]
BOLS 0.0187 0.0193 0.97 0.332 [-0.0191, 0.0566]

0.1485 5-0
OLS 0.0192 0.0158 1.22 0.223 [-0.0117, 0.0501]
BOLS 0.0242 0.0171 1.41 0.157 [-0.0094, 0.0578]

Cumulatively, 39.31% of farmers received the most successful type of call. The least
successful call (at 6:30 pm without a text message alert) was received by only 3.66%.
Based on the posterior estimated success rates, exploration sampling not only improved
learning, but also increased overall success rates within the experiment (18.04%) com-
pared to a standard design with equal assignment to treatment arms (where the esti-
mated success rate based on posterior means would be 17.09%).

The OLS results can be interpreted as follows: With over 75% probability, calling
farmers at 10 am after a text message an hour ahead of time has the greatest success rate,
estimated to be 19.3% (16.06%+3.20%). Across treatments, higher success rates are
associated with a higher number of observations, and correspondingly smaller posterior
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Figure 3: BOLS Treatment effect for the six call methods to enroll rice farmers

Notes: The Figure shows the BOLS estimates of margins relative to the control arm with
their respective asymptotic 95% confidence intervals. The estimated margin for arm 1 is
3.20% (OLS) and 4.06% (BOLS). The figure was generated using kasy_sautmann_2021.dta
and running bbandits outcome treatment date.

Figure 4: Treatment assignment of the six call methods to enroll rice farmers over
batches

(a) Batchwise shares (b) Cumulative shares

Notes: This figure shows the shares assigned over the experiment to each of the 32 arms in
each batch and cumulatively by batch. The treatment assignment algorithm is Exploration
sampling. Arm 1 is selected most frequently with 39.31% overall. The cumulative shares
show a quite balanced exploration. The figure was generated using kasy_sautmann_2021.dta
and running bbandits outcome treatment date.
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standard deviation. Both point estimates and standard errors from BOLS are very
similar to those obtained with OLS. Figure 3 shows the treatment margins for each
treatment compared to the reference treatment (10 am without SMS alert).

The Figures 4a and 4b show that one treatment was assigned to the most participants
from wave 2 onwards, but some closely competing treatments received a high share of
observations, especially in early waves. The number of observations per wave assigned
to each of the treatments stabilized in later waves.

6.2 32 invitation messages for business surveys (Gaul et al. 2025)
Gaul et al. (2025) designed an experiment using Thompson sampling (see Section 2.1
and Section 3 in their paper) to support the German Business Panel (GBP) in select-
ing among a variety of different invitation messages to survey firm decision makers in
Germany. The GBP is a web-based survey of firm decision makers in Germany that
distributes email invitations on each working day (see Bischof et al. 2025, Hack and
Rostam-Afschar 2024 for details).

The outcome (reward) is a binary variable describing the start of the survey:

survey started =

{
1 if the email invitation recipient started the survey,
0 otherwise.

The GBP tested five components of invitation letters and their full interactions in
25 = 32 treatments. The first treatment varies personalization by mentioning or not
mentioning the firm name, the second varies the authority of the sender by listing the
official full academic titles along with the senders’ names or their names only, the third
varies the position of the URL to start the survey between being at the top or at the
bottom of the invitation message, the fourth emphasizes data protection either in a
separate paragraph with two strongly phrased sentences or in a single sentence, and the
fifth varies the message frame by either pleading for support for the survey or simply
offering to participate.

Invitation Message Treatments

Personalization

Firm name P1 No firm name P0

Authority

Titles A1 No Titles A0

URL Position

Top U1 Bottom U0

Data Protection

Paragraph D1 Sentence D0

Message Frame

Plea M1 Offer M0

Gaul et al. (2025) apply the Thompson sampling algorithm and use an assignment
rule based on the posterior probability that arm k is optimal in terms of reward at time
t.

A total of 176,000 contacts from public and private firms in Germany entered the ex-
periment and were assigned to 15 weekly batches between August 16, 2022 and Novem-
ber 25, 2022. During the first four batches, a fixed and balanced burn-in phase was
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implemented in which each treatment was assigned with probability 1/32. Starting
from batch 5, success rates were estimated weekly and the assignment frequencies of
the 32 treatments were updated according to the Thompson sampling rule for each
subsequent batch.1

The results can be interpreted as follows: The invitation message combining per-
sonalization, high authority, a top position of the URL, no strong emphasis on data
protection, and pleading for support yields the highest success rate (P1A1U1D0M1).
The least successful invitation message is its exact opposite (P0A0U0D1M0). Across
treatments, higher success rates are associated with a higher number of observations, and
correspondingly narrower confidence intervals due to the adaptive allocation mechanism.
Figure 5 shows the estimated margins relative to the reference arm P0A0U0D0M0.

Cumulatively, 18.40% of firm decision makers received the most successful invitation
letter, while the least successful invitation letter (P0A0U0D1M0) was received by only
about 1%. Based on the posterior estimated success rates and the realized assignment
shares, Thompson sampling not only improved learning but also increased overall success
within the experiment. Relative to a counterfactual design with equal assignment to all
treatment arms, the realized adaptive design generated about 5-7% more survey starts.

Focusing on the five components instead of the full interaction effects of the invi-
tation messages, personalization increases the starting rate significantly by 0.41 per-
centage points (p-value: <0.001). High authority and pleading for help also increase
the starting rate by 0.16 (p-value: 0.039) and 0.25 percentage points (p-value: 0.004),
respectively. Emphasizing data protection has a negative effect on the starting rate,
while the position of the URL has no statistically significant effect. Given the overall
low baseline starting rate, these effects are also economically meaningful. For example,
relative to the marginal mean with an unpersonalized invite of about 4%, personalizing
the message increases the propensity to start answering the questionnaire by roughly
10%.

Figures 6 shows that one treatment (P1A1U1D0M1) was assigned to the most par-
ticipants from batch 5 onwards, while several closely competing treatments received
substantial shares in the early waves. Thompson sampling increasingly allocated more
observations per batch to the better performing arms over time.

7 Designing and conducting bandit experiments
A suggested workflow to run your own adaptive experiments with bbandits is as follows.
First, you need to initialize the experiment: i) create a list of all potentially treated units,
ii) separate them into batches using bbandits_initialize, iii) determine the number of
batches for the exploration phase, and iv) decide on the number of treatments (in the
exploration phase the treatment arms will automatically be randomly assigned). Next,

1. In the burn-in phase, the treatment P0A0U0D1M0 performed particularly poorly and therefore re-
ceived a very small assignment probability thereafter. In the main experiment, a clipping constraint
ensured a strictly positive minimum assignment probability for each arm.



24 Batched Bandits

Figure 5: BOLS and OLS Treatment effects for 32 invitation messages

Notes: This figure shows BOLS estimates along with corresponding OLS estimated margins
relative to the reference arm for each of the 32 arms. The treatment assignment algorithm
is Thompson sampling. The figure illustrates that the best-performing arms exhibit both
higher estimated starting rates and narrower confidence intervals due to higher effective
sample sizes. The figure was generated using gaul_et_al_2024.dta and running bbandits
reward selected trial.

v) enter the rewards from the first iteration, and vi) configure the updating algorithm
with bbandits_update, specifying the clipping rate when using Thompson sampling
or epsilon when using ε-greedy.

After initialization, i) assign treatments according to the weights provided by the al-
gorithm, ii) enter the observed rewards and update the algorithm with bbandits_update,
and iii) repeat this process until rewards are observed for all units. Finally, iv) analyze
the adaptively generated data using bbandits.

7.1 Initialization
The bbandits package provides two functions to run batched bandits experiments. To
illustrate the standard workflow think of a setting like in Duflo et al. (2012) where the
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Figure 6: Treatment assignments for 32 invitation messages

(a) Total frequency of treatment assignment (b) Cumulative shares

Notes: This figure shows the shares assigned over the experiment to each of the 32 arms and
the cumulative shares assigned to each arm by batch. The treatment assignment algorithm is
Thompson sampling. The best-performing arm (P1A1U1D0M1) is selected most frequently
with 18.40% overall. The cumulative shares show that this arm was selected more frequently
immediately after the burn-in phase. The figure was generated using gaul_et_al_2024.dta
and running bbandits reward selected trial.

outcome variable is the absence of a school teacher and the two treatment arms are
financial incentives for attending class and video surveillance. A control arm receives
no incentives. Instead of running a classic field experiment as Duflo and co-authors do,
one could use the bbandits package to conduct an adaptive experiment.

To start the experiment, compiling a list of all participating units is recommended.
In the illustrative example, these would be school teachers where some are control units
while others receive one of the two treatment arms (surveillance or financial incentives).
The rewards will be simulated here. Once the list of all participating subjects is loaded
into Stata, the bbandits_initialize command can be used to generate the required
data structure and separate the list of subjects into equally sized batches. Additionally
the number of treatment arms and the exploration phase has to be specified. The
exploration phase defines the number of batches where the treatment is just uniformly
distributed.

The bbandits_initialize function will randomly assign the treatment arms in the
specified exploration phase. For our simulated example, consider 1,000 school teachers,
who will be separated into ten batches with an exploration phase of two batches. In
Figure 7 the generated data structure is shown. Each ID corresponds to a level of the
variable chosen_arm. Since we have not collected any data for the reward yet, the
variable reward is set to missing. Once observations come in, this variable holds the
realized rewards from the assigned treatments. For example, treatment 3 (surveillance
camera) is assigned to school_1. The observed reward (attendance of the teacher) needs
to be recorded in the column for the variable reward for school_1. Application of the
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Figure 7: Initial data structure

Sequential Arm Elimination algorithm described in section 2.1 requires inclusion of the
SAE option.

. bbandits_initialize, batch(10) arms(3) exploration_phase(2)

7.2 After initialization
In the next step the user has to run the first batches of the experiment and observe the
rewards (outcome). To produce a new assignment scheme based on the realized rewards
so far, the data including the newly observed rewards need to be reloaded into Stata.

The bbandits_update function can now be used to assign the treatment according
to a bandit algorithm for the next batch. In our example, the outcome variable is
binary, so we could specify the Bernoulli Thompson Sampling algorithm with the option
Thompson. Additionally, the clipping parameter has to be specified for the Thompson
Sampling algorithm. For the ε-greedy algorithm specifying the parameter ε is required.
To apply the Sequential Arm Elimination (SAE) algorithm (see section 2.1), the number
of active arms, the batch structure, and the SAE option must be specified.

. bbandits_update reward chosen_arm batch, thompson clipping(0.2)
> excel("mypath")

The clipping rate sets the minimum probability that an arm is played. Without
setting a clipping rate, inference can become a problem because in some batches, some
treatment arms may not be assigned which leads to a non-defined margin in these
batches. Regardless of the chosen algorithm, the bbandits_update function will re-
turn i) the treatment arms which should be played in the next batch and ii) the according
treatment probabilities for each arm. Now, the user has to assign the treatment to the
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Figure 8: Data structure for updating

treatment arms according to the algorithm and observe the results. Then, the observed
rewards are read into Stata. The easiest way to implement this procedure is to save the
data set into a file and then add the rewards to the file. This can either be done in Stata
or in a different program. The bbandits_update function has the option Excel which
saves the data set into an Excel file in the specified folder. For small-scale experiments
one convenient option would be to record the rewards in an Excel file and then read
the file back into Stata. Figure 8 shows the data structure exported in Excel where
the rewards can be recorded in the shaded cells. The chosen_arm column in the figure
displays which treatment arm is assigned according to the bandit algorithm. The cho-
sen_arm_numeric column will automatically be generated and entails an integer which
corresponds to the ”chosen_arm” category to facilitate the transfer to other programs.
The user has to fill-in the observed rewards into the variable rewards and then load the
file back into Stata.

Subsequently, the bbandits_update is applied again and all steps are repeated un-
til the experiment is completed. Finally, the results can be analyzed with the bbandits
command.

8 Conclusions
This article demonstrates how batched bandit designs can make adaptive experiments
both practically feasible and statistically credible. Beyond the specific estimators and
algorithms discussed, our results highlight several broader implications for future applied
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work.

First, adaptive experiments can substantially reduce the ethical and financial costs
of experimentation, but only when implemented with careful attention to inference. Our
findings indicate that the number of observations per batch is the key determinant of
unbiased estimation and valid inference. This insight suggests that future experimental
designs should prioritize sufficiently large batch sizes, especially in settings with small
effect differences.

Second, the comparison of OLS and BOLS estimators underscores the importance of
methods that remain robust under adaptive sampling. While both estimators are consis-
tent, their performance differs across effect sizes and assignment dynamics. Researchers
designing new adaptive experiments may therefore benefit from simulation-based de-
sign analysis before data collection, using tools such as bbandits to assess estimator
behavior under plausible scenarios.

Third, the bbandits command lowers the barrier to implementing adaptive exper-
iments in practice. A promising direction for future research is to extend these tools
to settings with covariate-adaptive assignment, contextual bandits, or non-stationarity,
enabling richer experimental designs.

This paper introduces a new Stata command bbandits for batched bandit experi-
ments. bbandits makes simulating, interactively running, and analysing batched ban-
dit experiments easy. The command runs Monte Carlo simulations for three popular
treatment assignment algorithms: ε-first, ε-greedy, and Thompson sampling. With
bbandits, researchers can implement their own batched bandit experiments. bban-
dits provides valid statistical inference and correct coverage as well as a wide range of
statistics and illustrations to analyse adaptively collected data.
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