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T'™M SUPPOSED BUT WHAT ARE THOSE TOOLS?
10 GIVE YOU THE | [ METHODOLOGY IS HARD AND

T00LS TO DO THERE ARE 50 MANY LAYS

GOOD SCIENCE. To GET INCORRECT RESULTS,
iy WHAT [S THE MAGIC INGREDIENT
e THAT MAKES FOR GOOD SCIENCE?
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TO FIGURE IT OUT, I RAN A REGRESSION WITH
ALL THE FACTORS PEOPLE SAY ARE IMPORTANT:

OUTCOME VARIABLE:
» CORRECT SCENTIFIC RESULTS

PREDICTORS:

¢ COLLABORATION

» SKEPTICISM OF OTHERS' CLAIMS
o QUESTIONING YOUR OWN BEUEFS
¢ TRYING TO FALSIFY HYPOTHESES
o CHECKING CITATIONS

* STATISTICAL RIGOR

» BLINDED ANALYSIS

A A o FINANCIAL DISCLOSURE
a OPEAl DATA
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THE REGRESSION SAYS
TWO INGREDIENTS ARE
THE MOST CRUCIAL:

|
) GENUINE CURIOSITY
ABOUT THE ANSWER
To A QUESTION, AND

2 HMP’IONIUll"I HYDROXIDE

WAIT WHY DID AMMONIA
SCORE 50 HIGH? HOW DID
IT EVEN GET ON THE LIST?

...AND NOW YOURE
DOING GOOD SCIENCE!

\
<

b
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“I used to be interested in uncertainty,
but now I’'m not even sure what that means,

RobustiPy is finished! A visual celebration 5/21



Intro
o

Some Fun A nicely complete stack Why RobustiPy? The Team

0000 @000 0000000000 [e]e]

Introducing RobustiPy: An efficient next generation multiversal library with
model selection, averaging, resampling, and explainable artificial intelligence

Daniel Valdenegro Ibarra® 2, Jiani Yan' % 3, Duiyi Dai' 2, and Charles Rahal® % %

! Leverhulme Centre for Demographic Science, University of Oxford
2ESRC Centre for Care, University of Oxford
*Wolfson College, University of Oxford
“Nuffield College, University of Oxford

June 24, 2025

Abstract

‘We present RobustiPy, a next generation Python-based framework for model-uncertainty quantification
and multiverse analysis, released under the GNU GPL v3.0. Through the integration of efficient bootstrap-
based confidence intervals, combinatorial exploration of dependent-variable specifications, model selection
and averaging, and two complementary joint-inference routines, RobustiPy transcends existing uncertainty-
quantification tools. Its design further supports rigorous out-of-sample evaluation and apportions the predic-
tive contribution of each covariate. We deploy the library across five carefully constructed simulations and
ten empirically grounded case studies drawn from high-impact literature and teaching examples, including
a novel re-analysis of ‘unexplained discrepancies’ in famous prior work. To illustrate its performance, we
time-profile RobustiPy over roughly 672 million simulated linear regressions. These applications showcase
how RobustiPy not only accelerates robust inference but also deepens our interpretive insight into model
sensitivity across the vast analytical multiverse within which scientists operate.

Keywords: Model Uncertainty, Statistical Software, Open Science
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% RobustiPy

License GNU3.0 || DOI 10.5281/zenode.15700698

Welcome to the home of Robustipy , a Python library for the creation of a more robust and stable model
space. RobustiPy does a large number of things, included but not limited to: high dimensional visualisation,
Bayesian Model Averaging, bootstrapped resampling, (in- and)out-of-sample model evaluation, model
selection via Information Criterion, explainable Al (via SHAP), and joint inference tests (as per Simonsohn et al.

2019).

Full documentation is available on Read the Docs. The first release is indexed onto Zenodo here.

RobustiPy performs Multiversal/Specification Curve Analysis which attempts to compute most or all
reasonable specifications of a statistical model, understanding a specification as a single attempt to create an
estimand of interest, whether through a particular choice of covariates, hyperparameters, data cleaning
decisions, and so forth.

Mare formally, lets assume we have a general model of the form:

§= flx,z) +e.
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‘@ RobustiPy

A simple, minimal website for RebustiPy!
View the Project on GitHub here!
View the Python Documentation here!

View the RobustiPy working paper here!

RobustiPy is finished! A visual celebration
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Welcome to the RobustiPy homepage!

RobustiPy is an efficient multiversal library with bootstrapping, model
selection, averaging, resampling, in-and-out-of-sample analysis
(/explainable AI), and joint inference tests. It analyses various output
spaces, in addition to the control variable space (e.g. multiple dependent
variables, estimands of interest, etc). Developed for Python, it is designed to
be both accessible and computationally efficient.

Note: This site (and project!) are a work in progress!

Installation: Installation is as simple (in Python) as:

git clone https://github.com/RobustiPy/robustipy.git
cd robustipy
pip install .

and - as we get towards more stable releases - as:
pip install robustipy

Examples: A series of simulated examples which might be useful to get you
up and running can be found here. A series of empirical examples which
might be useful can be found here.

The Team
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A RobustiPy

robustipy package
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# / Welcome to RobustiPy’s documentation!

Welcome to RobustiPy’s documentation!
Contents:

« robustipy package

o Submodules
robustipy.bootstrap_utils module

= stripped ols()

o robustipy.figures module
robustipy.models module
o robustipy.prototypes module

= BaseRobust
= MissingvalueWarning
= Protomodel
= Protoresult

robustipy.utils module

= all_subsets()

View page source

The Team
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Comparison of Toolkits for Multiverse and Specification Curve Analysis

Feature / Toolkit multiverse specr MULTIVRS spec_curve RobustiPy
(R) (R) (Stata) (Python) (Python)
Multiverse analysis v - v - v
Specification curve analysis  — v - v v
High-abstraction syntax v —(partial) —(limited) - v
Visualisation of results v v (built-in) v (kdensity)  v'(basic) v (custom)
Joint inference - v - v v
Influence analysis - - v - v
Bootstrapping - v - v v
Out-of-sample - - - - v
Multiple estimands - v (limited) - v (partial) v
RobustiPy is finished! A visual celebration 10 / 21
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,———— Code Block 1: Vanilla computation —_—

N

import numpy as np
import pandas as pd
from robustipy.models import OLSRobust

def siml(project_name):

# 1. Setup
np.random.seed (192735)
n = 100

rng = np.random.default_rng(0)
z = [£"z{i}" for i in range(1, 5)]

# 2. Simulate covariates

X = rng.standard_normal((n, 1))

Z = rng.standard_normal((n, len(z)))

df = pd.DataFrame(np.hstack([X, Z]1), columns=["x1"] + z)

# 3. Generate outcome y
df["y1"] = (1 + 2 * df["x1"] + 0.5 * df [z].sum(axis=1)
+ rng.standard_normal(n) * 0.5)

# 4. Fit robust OLS with cross-validation
vanilla_obj = OLSRobust(y=["y1"], x=["x1"], data=df)
vanilla_obj.fit(controls=z, draws=1000, kfold=10)

# 5. Retrieve and plot results

vanilla_res = vanilla_obj.get_results()

vanilla_res.plot(specs=[z[1:3]], figsize=(16, 16), ci=0.95,
ic="bic", ext="svg", figpath='../figures',
project_name=project_name)

vanilla_res.summary ()

_main__

sim1('sinl_example')

RobustiPy is finished! A visual celebration
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All specs, with resamples | All specs, no resamples | Stouffers | 00S R* |
Replication Min  Median Max | Min  Median Max BICt | Z p | Min  Max | Notes
Union Dataset -0.6 136 237 8.1 135 328 938 159.9 0.0 0.0 0.3 | See Young and Cumberworth, 2025
Acemoglu et al. (2001) 0.19 0.44 0.62 0.39 0.44 053 042 | 3017 0.0 | 059 0.7 Constant in
Acemoglu et al. (2001) 0.23 0.44 0.62 0.39 0.81 123 042 | 4432 00 |-043 07 Constant in
Vandervale (1987) -0.93 0.62 211 -0.23 0.70 1.09 073 | 2821 0.0 | -0.51 0.49 See also Erlich (1973)
Mankiew et al. (1982) 068 047 229 026 041 131 030 | 2528 00 | 031 0.80 = [log-, log(n + g+ 9)]
Mankiew et al. (1982) 376 -032 241 182 021 027 -017 | 173 004|031 08 = [log(n + g+ 9), log ]
ISER (2024) 0.01 0.01 0.01 0.01 0.01 001 001 | 91.93 00 | 0.01 0.01 Grouping variable
Zhang et al. (2021) -0.01 020 037 0.17 0.20 024 018 | 1437 0.0 0.0 001 Grouping / multiple
Zhang et al. (2021) -0.241 0.14 0.46 -0.099 0.14 035 020 | 17.79 0.0 | -0.00 0.01 Resampling
Dawber et al. (1951) -0.06 0.03 0.1 0.0 0.02 006 001 | 60.88 00 | 0.01 0.1 LRobust
Dawber et al. (1951) -0.01 0.00 0.01 -0.0 0.00 001 000 | 46.67 0.0 | 0.01 0.09 OLSRobust
Passenger Satisfaction 0.01 0.01 0.02 0.01 0.01 0.02 0.01 325 0.0 | 0.02 023 LRobust
Passenger Satisfaction 0.00 0.00 0.00 0.00 0.00 0.00 0.00 325 0.0 | 044 049 OLSRobust
Gino et al. (2020) -0.61 -0.2 0.22 -0.24 -0.2 -0.14 n/a 4354 0.0 | 0.02 0.07 Promotion, published
Gino et al. (2020) -0.19 0.33 0.85 0.20 0.33 042 n/a 7769 0.0 | 086 0.99 Prevention, published
Gino et al. (2020) -0.41 0.03 0.49 -0.01 0.03 0.09 n/a | -13.05 1.0 |-0.00 0.02 Promotion, original
Gino et al. (2020) -0.63 -0.2 0.23 -0.2 -027  -0.14 n/a 40.78 0.00 | -0.00 0.02 Prevention, original
Gino et al. (2020) 0.21 -021  0.64 0.20 0.21 024 n/a 1539 0.00 | 0.04 0.06 Promotion, published*
Gino et al. (2020) -0.77 -0.37 011 -0.41 -037  -0.28 n/a 28.8 0.0 | 0.04 0.06 Prevention, published*
Gino et al. (2020) -0.05 -0.44 038 -0.06 -007 -003 n/a -1.53 094 | -0.01 0.01 Promotion, original*
Gino et al. (2020 -0.54 0.37 -0.14 -0.09 -0.01 n/a 296  0.00 | -0.01 0.01 Prevention, original®
Orben and Przybylski (2020)  -0.20 -0.02 0.12 -0.18 -0.02 0.1 n/a | 47271 0.0 | 038 0.77 Multiple Dependents
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