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Types of Model Uncertainty

⋄ Parameter Uncertainty:
▶ Variability due to estimation from limited data.

⋄ Structural Uncertainty:
▶ Inadequate model to capture system complexities fully.
▶ Simplifications that may oversimplify or miss critical aspects.

⋄ Data Uncertainty:
▶ Errors in data collection or measurement.
▶ Outliers affecting model stability or accuracy.

⋄ Model Formulation Uncertainty:
▶ Choice of mathematical model structure.
▶ Assumptions about relationships between variables.

Some types of uncertainty can be handled by researchers, some can’t.
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Let’s consider a simple example

⋄ Imagine we want to know the effect of one variable x1, on an output
variable y.

⋄ Example: x1 is the effect of inequality on y, state-level crime rate.

⋄ That is to say: our ‘estimand’ is 𝛽1 in the following regression:

yi = 𝛼 + 𝛽1xi,1 + 𝜀i (1)

RobustiPy:The next generation of model uncertainty software 5 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

RobustiPy:The next generation of model uncertainty software 6 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

But don’t we also need to correct for things like age?
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What about if we build out a fuller model, in order to help this estimation
meet assumptions for the Gauss-Markov theorem?
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(Are there any social theorists here? Do we expect inequality to be
positively or negatively associated with crime?)
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Researcher

Include x2?

What's the association

between y and x1?
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This type of problem has enormous implications for p-hacking,
HARKing, and the validity of the scientific record.
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Introducing the ‘Feasible Model Space’

⋄ From this simple choice of four auxiliary control variables, we have 16
possible models.

▶ In general, this is 2n+1.

▶ The ‘+1’ comes from models with or without a constant.

▶ With a choice of eight possible controls: 29 = 512 models.

▶ This can quickly get large.

▶ With 20 possible controls: 221 = 2, 097, 152 models.

⋄ In an age of high performance computing: no problem!
▶ Do, however, spare a thought for the carbon cost...

⋄ The main challenge: systematically reporting all these results.
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Introducing the ‘Feasible Model Space’

⋄ What’s critical here is that we consider only a ‘feasible model space’.

⋄ We should not be including in this space noisy variables.

⋄ This is where the role of ‘Theory’ becomes critical.

⋄ Systematic inclusion/omission allows holistic tests of theory.

⋄ This does not prohibit us from having one preferred model.

▶ This could be the one that is classically built in isolation.

▶ But, now we can compare it with all others.
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However, these existing tools are limited

⋄ They don’t include any real indication of model fit.

⋄ They simply visualise distributions of the estimand.

⋄ There is no out-of-sample validity.

⋄ There’s no way to identify individual models easily.

⋄ They place a uniform likelihood over all models.

⋄ Some of them are actually quite difficult to use. . .
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We set ourselves the task:

Can we create a reliable tool to conduct this/adjacent analysis?
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Toolkit Comparison

Feature
multiverse

(R)
specr

(R)
MULTIVRS

(Stata)
spec_curve

(Py)
Boba

(Py DSL)
RobustiPy

(Py)

Multiverse analysis ✓ – ✓ – ✓ ✓L

Specification curve
analysis

– ✓ – ✓ – ✓

High-abstraction
syntax

✓ ✓P — – ✓ ✓

Visualisation of results ✓ ✓I ✓K ✓B ✓ ✓C

Joint inference – ✓ – ✓ ✓ ✓
Influence analysis – – ✓ – ✓ ✓
Bootstrapping – ✓ – ✓ ✓P ✓
Out-of-sample – – – – – ✓
Multiple estimands – ✓L – ✓P – ✓

P = partial; L = limited; I = built-in; K = kdensity; B = basic; C = custom.
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RobustiPy: The formal problem

Consider the key association between variables Y and X, where a set of
covariates Z can influence the relationship between the former as follows:

Y = F(X,Z) + 𝜀. (2)

Let’s now observe that:

⋄ Usually Y and X are imprecisely defined latent variables.

⋄ The covariate set Z can also be composed of imprecisely defined
variables; the number of them can be unknown and/or non-finite.

⋄ Finally, F() is an unknown data generating function.
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RobustiPy: The formal problem

Let’s define the set of reasonable operationalisations of Y, X, Z and F() as
←→
Y ,

←→
X ,
←→
Z and

←→
F(). Then, we have:

←→
Y kY =

←→
F kf (
←→
X kX ,

←→
Z kZ) + 𝜀. (3)

⋄ Eq. 3 corresponds to a single possible choice 𝜋 from the set of all possible
choices Π, such that 𝜋 ∈ Π.

⋄ The total number of estimations is the number of distinct combinations
obtained by selecting:

1. One (composite) outcome operationalisation,
2. One functional form (or estimator),
3. One focal predictor specification,
4. One subset of candidate controls.
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RobustiPy: The formal problem
Let

mF B |Π←→F() |, mX B |Π←→X |.

If there are dZ candidate control variables and dY candidate components of a
composite dependent variable, then

|Π←→Z | = 2dZ , |Π←→Y | = 2dY − 1.

Hence:
|Π| = (2dY − 1)mF mX 2dZ . (4)

For example, with two functional forms (mF = 2), two target variables (dY = 2),
two alternative focal predictors (mX = 2), and four candidate controls (dZ = 4), we
have

|Π| = (22 − 1) × 2 × 2 × 24 = 192.

⋄ The main problem with current research is that the sample of Π reported by
researchers is not random.
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How The Code Works I: Package Layout

⋄ prototypes.py: abstract base classes plus shared setup. This file
defines Protomodel, Protoresult, and especially BaseRobust.

⋄ models.py: the execution layer. This is where OLSRobust.fit() and
LRobust.fit() actually build and estimate specifications.

⋄ utils.py: low-level helpers such as all_subsets,
sample_y_masks, sample_z_masks, stripped OLS/logit routines, and
result concatenation.

⋄ figures.py: plotting/reporting methods that read from stored result
objects rather than from live fitted models.
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How The Code Works II: BaseRobust

⋄ Every user-facing model inherits from BaseRobust(y, x, data,
...). The constructor does the boring but important work first: type
checks, column existence checks, and missingness warnings.

⋄ Composite outcomes are not hard-coded by hand. multiple_y()
standardizes candidate outcome columns, enumerates or samples
subsets, and stores the resulting composite series in
self.y_composites.

⋄ The object also keeps a parameters dictionary, so the run
configuration, sampled masks, and generated specifications can travel
with the eventual results object.
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How The Code Works III: Fitting Engine

⋄ OLSRobust.fit() and LRobust.fit() turn the abstract design into
many concrete design matrices: one choice of Y, one focal predictor,
one estimator, one control mask.

⋄ For controls, the code can enumerate the full power set or sample it
using sample_z_specs() and sample_z_masks(), which matters
when the full space is too large to run exhaustively.

⋄ Each specification is then sent to a lean numerical routine such as
stripped_ols() or the statsmodels-based logistic path, with extra
handling for fixed effects, constants, and collinearity.
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How The Code Works IV: Parallelism and Resampling

⋄ The heavy work is not a giant for loop in notebook code; it sits inside
models.py and is dispatched with joblib.Parallel using seeded
batches.

⋄ Bootstrap draws go through helpers such as
_run_parallel_seed_batches() and grouped-bootstrap utilities, so
clustered resampling and ordinary resampling share the same engine.

⋄ Out-of-sample evaluation also plugs into that machinery via KFold,
GroupKFold, and StratifiedKFold, instead of being a separate
subsystem.
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How The Code Works V: Result Objects

⋄ The stable abstraction is the result container, not the transient fitted
model. OLSResult stores coefficients, p-values, fit metrics, bootstrap
outputs, and the metadata telling us which specification produced
each row.

⋄ That is why the user API is mostly methods on results objects:
summary(), plot(), serialization, and merging via MergedResult or
concat_results().

⋄ In other words, the Python architecture is: validate in BaseRobust,
execute in models.py, support the numerics in utils.py, and
expose analysis through result objects.
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Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality and Examples

⋄ RobustiPy undertakes five novel types of common research design.

⋄ It comes with:

▶ Five simulated examples

▶ Ten empirical examples

▶ Full time profiling

⋄ It gives you back:

▶ Static but comprehrensive visualisations

▶ Vast summary printouts

▶ Output results for custom analysis

RobustiPy:The next generation of model uncertainty software 34 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality 1: Vanilla Computation

⋄ Baseline case: single outcome Y, single predictor X, and varying
controls Z.

⋄ Data generating process:

Y = 𝛼 + 𝛽X + 𝛾Z + 𝜀

⋄ Specification space reduces to Π←→Z only.

⋄ Estimation: OLS with k-fold CV and bootstrap resampling.

⋄ Outputs: distribution of 𝛽̂ across 2|Z| models, with null vs full model.
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Code Block 1: Vanilla computation
import numpy as np
import pandas as pd
from robustipy.models import OLSRobust

def sim1(project_name):
# 1. Setup
n = 100
rng = np.random.default_rng(192735)
z = [f"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]), columns=["x1"] + z)

# 3. Generate outcome y1
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, seed=192735)

# 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()

if __name__ == "__main__":
sim1('sim1_example')
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==========================
1. Model Summary
==========================
Model: OLS Robust
Inference Tests: Yes
Dependent variable: R
Independent variable: Inequality
Number of possible controls: 7
...
==========================
2. Model Robustness Metrics
==========================
2.1 Inference Metrics
==========================
Median 𝛽 (specs, no resampling): 0.6976 (null-calibrated p: 0)
Min Adj-R2 : -0.0310, Specs: [‘Age’, ‘Unemployment’]
...
Share 𝛽 <0 & significant (specs, no resampling): 0.0000
Share 𝛽 <0 & significant (bootstraps × specs): 0.0163 | null-calibrated p: 0.001998
Stouffer’s Z = 29.1123 (two-sided p = 2.51e-186)
==========================
2.2 In-Sample Metrics (Full Sample)
==========================
Min AIC: 507.5432, Specs: [’Unemployment’, ’Expenditure’, ’N’, ’Wealth’, ’Males’, ’Age’, ’Ed’]
Max Adj-R2 : 0.6922, Specs: [’Expenditure’, ’Wealth’, ’Males’, ’Age’, ’Ed’]
Min Adj-R2 : -0.0310, Specs: [’Age’, ’Unemployment’]
==========================
2.3 Out-Of-Sample Metrics (pseudo-r2 averaged across folds)
==========================
Max Average: 0.4925, Specs: [’Age’, ’Unemployment’, ’Expenditure’, ’Ed’]
Min Average: -0.5057, Specs: [’Age’, ’Unemployment’, ’Ed’, ’Males’]
Mean Average: 0.12
Median Average: 0.2026
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Importantly, note the opportunity to highlight individual
specifications!

This allows us to consider where classical models live in the
permissible model space.
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Functionality 2: Array of Never-Changing Variables

⋄ Some predictors are fixed (always included in
←→
X ).

⋄ Reduces computational cost by shrinking the specification space.

⋄ Empirical motivation: theoretically indispensable covariates.

⋄ Specification space:

Π = Π←→Z with fixed Xf

⋄ Results: interpretable estimates with reduced variance and runtime.
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Functionality 3: Fixed Effects OLS

⋄ Designed for panel/longitudinal data with grouping variable g.

⋄ Within-transformation removes group-specific heterogeneity:

Yit − Ȳi = 𝛽(Xit − X̄i) + 𝜀it

⋄ Implemented by demeaning variables by g.

⋄ Π←→Z still varied, but estimation is within-groups.

⋄ Useful for causal inference in repeated-measures data.

RobustiPy:The next generation of model uncertainty software 42 / 49



Introduction and Motivation What are we doing? Uncertainty RobustiPy Examples Conclusion

Functionality 3: Fixed Effects OLS

⋄ Designed for panel/longitudinal data with grouping variable g.

⋄ Within-transformation removes group-specific heterogeneity:
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Functionality 4: Binary Dependents

⋄ Logistic regression estimator for binary Y ∈ {0, 1}.

⋄ Model:
Pr(Y = 1 | X,Z) = 1

1 + exp(−(𝛽X + 𝛾Z))

⋄ Π←→Z explored as before, with log-likelihood fit.

⋄ Supports odds ratio interpretation of 𝛽̂.

⋄ Alternative: linear probability model with OLSRobust.
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Functionality 5: Multiple Dependents

⋄ Allows multiple operationalisations of Y.

⋄ Construct composites by averaging z-scored outcomes:

Ycomp
i,S =

1
|S|

∑
j∈S

Ỹ(j)i

⋄ Specification space enlarges: Π←→Y ×Π←→Z .

⋄ Provides robustness to measurement uncertainty in the outcome.

⋄ Outputs: specification curves across all dependent
definitions/composites.
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Conclusion

⋄ Model uncertainty: measurement/functional form/covariate choices.
▶ A feasible specification space makes assumptions explicit.

⋄ RobustiPy automates exploration of Π across
←→
Y ,
←→
X ,
←→
Z ,
←→
F().

▶ CV, bootstraps, spec curves, averaging, selection, etc.

⋄ Spotlight preferred models or undertake joint inference.

⋄ Workflow encourages transparent, theory-led reporting.
▶ It reduces room for p-hacking or HARKing.
▶ Open-source and ready to use: github.com/RobustiPy.

⊙ Try the notebooks and tell us what to add next!
⊙ We’re specifically looking for help with more estimators!
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Sincere thanks to my wonderful co-authors!
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