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Abstract. The Automatic Statistician project aims to automate data
science, producing predictions and human-readable reports from raw
datasets with minimal human intervention. Alongside basic graphs and
statistics, the generated reports contain a curation of high-level insights
about the dataset, that are obtained from (1) an automated construc-
tion of models for the dataset, (2) a comparison of these models, and
(3) a software component that turns these results into natural language
descriptions. This chapter describes the common architecture of such Au-
tomatic Statistician systems, and discusses some of the design decisions
and technical challenges.

1 Introduction

Machine learning and data science are closely related fields of re-
search developing and deploying algorithms for learning from data.
These algorithms also underpin many of the recent advances in ar-
tificial intelligence (AI), which have had a tremendous impact in
industry, ushering in a new golden age of AI. However, many of
the current approaches to machine learning, data science, and AI,
suffer from a set of important but related limitations.

Firstly, many of the approaches used are complicated black-boxes
that are difficult to interpret, understand, debug, and trust. This
lack of interpretability hampers the deployment of ML systems.
For example, consider the major legal, technical and ethical conse-
quences of using an uninterpretable black-box system that arrives
at a prediction or decision related to a medical condition, a crim-
inal justice setting, or in a self-driving car. The realisation that
black-box ML methods are severely limited in such settings has led
to major efforts to “explainable AI”, “interpretability”, and “trust
and transparency”.

Secondly, the development of ML systems has turned into a cottage
industry where ML experts tackle problems by hand-designing so-
lutions that more often than not reflect a set of ad-hoc manual
decisions, and the preferences and biases of the expert. It is ironic
that machine learning, a field dedicated to building systems that au-
tomatically learn from data, is so dependent on human experts and



manual tuning of models and learning algorithms. Manual search
over possible models and methods can result in solutions that are
sub-optimal across any number of metrics. Moreover, the tremen-
dous imbalance between the supply of experts and the demand for
data science and ML solutions, is likely resulting in many missed
opportunities for applications that could have a major benefit for
society.

The vision of the Automatic Statistician is to automate many as-
pects of data analysis, model discovery, and explanation. In a sense,
the goal is to develop an AI for data science – a system that can
reason about patterns in data and explain them to the user. Ideally,
given some raw data, such a system should be able to:

– automate the process of feature selection and transformation,

– deal with the messiness of real data, including missing values,
outliers, and different types and encodings of variables,

– search over a large space of models so as to automatically dis-
cover a good model that captures any reliable patterns in the
data,

– find such a model while avoiding both overfitting and underfit-
ting,

– explain the patterns that have been found to the user, ideally
by having a conversation with the user about the data, and

– do all of this in a manner that is efficient and robust with
respect to constraints on compute time, memory, amount of
data, and other relevant resources.

While this agenda is obviously a very ambitious one, the work
to date on the Automatic Statistician project has made progress
on many of the above desiderata. In particular, the ability to dis-
cover plausible models from data and to explain these discoveries in
plain English, is one of the distinguishing features of the Automatic
Statistician [18]. Such a feature could be useful to almost any field
of endeavour that is reliant on extracting knowledge from data.

In contrast to much of the machine learning literature that has
been focused on extracting increasing performance improvements
on pattern recognition problems (using techniques such as kernel
methods, random forests, or deep learning), the Automatic Statis-
tician needs to build models that are composed of interpretable
components, and to have a principled way of representing uncer-
tainty about model structures given data. It also needs to be able
to give reasonable answers not just for big data sets but also for
small ones.
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Fig. 1. A simplified flow diagram outlining the operation of a report-writing Automatic
Statistician. Models for the data are automatically constructed (from the open-ended
language of models), and evaluated on the data. This evaluation is done in a way that
allows models to be compared to each other. The best models are then inspected to
produce a report. Each model can be used to make extrapolations or predictions from
the data, and the construction blue-print of the model can be turned into a human-
readable description. For some models, it is also possible to generate model criticism,
and report on where the modelling assumptions do not match the data well.

2 Basic anatomy of an Automatic Statistician

At the heart of the Automatic Statistician is the idea that a good
solution to the above challenges can be obtained by working in the
framework of model-based machine learning [2, 9]. In model-based
ML, the basic idea is that probabilistic models are explanations for
patterns in data, and that the probabilistic framework (or Bayesian
Occam’s razor) can be used to discover models that avoid both
overfitting and underfitting [21]. Bayesian approaches provide an
elegant way of trading off the complexity of the model and the
complexity of the data, and probabilistic models are compositional
and interpretable as described previously. Moreover, the model-
based philosophy maintains that tasks such as data pre-processing
and transformation are all parts of the model and should ideally all
be conducted at once [35].



An Automatic Statistician contains the following key ingredients:

I. An open-ended language of models – expressive enough
to capture real-world phenomena, and to allow applying the
techniques used by human statisticians and data scientists.

II. A search procedure to efficiently explore the language of
models.

III. A principled method of evaluating models, trading off
complexity, fit to data, and resource usage.

IV. A procedure to automatically explain the models, mak-
ing the assumptions of the models explicit in a way that is
simultaneously accurate and intelligible to non-experts.

Figure 1 shows a high-level overview of how these components could
be used to produce a basic version of a report-writing Automatic
Statistician.

As will be discussed later in this chapter, it is possible to build
Automatic Statistician systems that exchange ingredient IV for
procedures that produce other desirable outputs, for example raw
predictions or decisions. In such cases, the language, search, and
evaluation components may be modified appropriately to prioritise
the chosen objective.

2.1 Related work

Important earlier work includes statistical expert systems [37, 11],
and equation learning [26, 27]. The Robot Scientist [16] integrates
machine learning and scientific discovery in a closed loop with
an experimental platform in microbiology to automate the design
and execution of new experiments. Auto-WEKA [33, 17] and Auto-
sklearn [6] are projects that automate learning classifiers, making
heavy use of Bayesian optimisation techniques. Efforts to automate
the application of machine learning methods to data have recently
gained momentum, and may ultimately result in practical AI sys-
tems for data science.

3 An Automatic Statistician for time series
data

Automatic Statistician systems can be defined for a variety of dif-
ferent objectives, and can be based on different underlying model
families. We’ll start by describing one such system, and discuss the
wider taxonomy later, with comments on common design elements
and general architecture.

An early Automatic Statistician for one-dimensional regression tasks
was described by Lloyd et al. [18]. Their system, called Automatic



Bayesian Covariance Discovery (ABCD), uses an open-ended lan-
guage of Gaussian process models through a compositional gram-
mar over kernels. A Gaussian process (GP) defines a distribution
over functions, and the parameters of the GP – its mean and its
kernel – determine the properties of the functions [25]. There is a
broad choice of available kernels that induce function distributions
with particular properties; for example distributions over functions
that are linear, polynomial, periodic, or uncorrelated noise. A pic-
torial overview of this system is shown in Figure 2.

3.1 The grammar over kernels

As mentioned above, a grammar over GP kernels makes it possible
to represent many interesting properties of functions, and gives a
systematic way of constructing distributions over such functions.
This grammer over kernels is compositional: it comprises a set of
fixed base kernels, and kernel operators that make it possible to
compose new kernels from existing ones. This grammar was care-
fully chosen to be interpretable: each expression in the grammar
defines a kernel that can be described with a simple but descriptive
set of words in human language.

The base kernels in the grammar are: C (constant) Lin (linear),
SE (squared exponential), Per (periodic), and WN (white noise).
The kernel operators are: + (addition), × (multiplication), and CP
(a change point operator), defined as follows:

(k1 + k2)(x, x′) = k1(x, x′) + k2(x, x′)

(k1 × k2)(x, x′) = k1(x, x′)× k2(x, x′)

CP(k1, k2)(x, x′) = k1(x, x′)σ(x)σ(x′) + k2(x, x′) (1−σ(x)) (1−σ(x′))

where σ(x) = 1
2

(
1 + tanh l−x

s

)
is a sigmoidal function, and l and s

are parameters of the change point. The base kernels can be arbi-
trarily combined using the above operators to produce new kernels.

The infinite space of kernels defined by this grammar allows a large
class of interesting distributions over functions to be searched, eval-
uated, and described in an automated way. This type of grammar
was first described in [10] for matrix factorization problems, and
then refined in [5] and [18] for GP models.

3.2 The search and evaluation procedure

ABCD performs a greedy search over the space of models (as de-
fined by the grammar). The kernel parameters of each proposed
model are optimised by a conjugate-gradient method; the model



An automatic report for the dataset : 10-sulphuric

The Automatic Statistician

Abstract

This report was produced by the Automatic Bayesian Covariance Discovery
(ABCD) algorithm.

1 Executive summary

The raw data and full model posterior with extrapolations are shown in figure 1.
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Figure 1: Raw data (left) and model posterior with extrapolation (right)

The structure search algorithm has identified nine additive components in the data. The first 4
additive components explain 90.5% of the variation in the data as shown by the coefficient of de-
termination (R2) values in table 1. The first 8 additive components explain 99.8% of the variation
in the data. After the first 6 components the cross validated mean absolute error (MAE) does not
decrease by more than 0.1%. This suggests that subsequent terms are modelling very short term
trends, uncorrelated noise or are artefacts of the model or search procedure. Short summaries of the
additive components are as follows:

• A very smooth function.
• A constant. This function applies from 1964 until 1990.
• An approximately periodic function with a period of 1.0 years.
• A smooth function. This function applies from 1969 until 1977.
• A smooth function. This function applies from 1964 until 1969 and from 1977 onwards.
• A periodic function with a period of 2.6 years. This function applies until 1964.
• Uncorrelated noise. This function applies until 1964.
• Uncorrelated noise. This function applies from 1964 until 1990.
• Uncorrelated noise. This function applies from 1990 onwards.

Model checking statistics are summarised in table 2 in section 4. These statistics have revealed
statistically significant discrepancies between the data and model in component 1.

The rest of the document is structured as follows. In section 2 the forms of the additive components
are described and their posterior distributions are displayed. In section 3 the modelling assumptions
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An automatic report for the dataset : 03-mauna

The Automatic Statistician

Abstract

This report was produced by the Automatic Bayesian Covariance Discovery
(ABCD) algorithm.

1 Executive summary

The raw data and full model posterior with extrapolations are shown in figure 1.
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Figure 1: Raw data (left) and model posterior with extrapolation (right)

The structure search algorithm has identified five additive components in the data. The first additive
component explains 98.6% of the variation in the data as shown by the coefficient of determination
(R2) values in table 1. The first 2 additive components explain 99.9% of the variation in the data.
After the first 3 components the cross validated mean absolute error (MAE) does not decrease by
more than 0.1%. This suggests that subsequent terms are modelling very short term trends, uncor-
related noise or are artefacts of the model or search procedure. Short summaries of the additive
components are as follows:

• A very smooth monotonically increasing function.

• An approximately periodic function with a period of 1.0 years.

• A smooth function.

• Uncorrelated noise.

• A rapidly varying smooth function.

Model checking statistics are summarised in table 2 in section 4. These statistics have not revealed
any inconsistencies between the model and observed data.

The rest of the document is structured as follows. In section 2 the forms of the additive components
are described and their posterior distributions are displayed. In section 3 the modelling assumptions
of each component are discussed with reference to how this affects the extrapolations made by the
model. Section 4 discusses model checking statistics, with plots showing the form of any detected
discrepancies between the model and observed data.
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An automatic report for the dataset : 02-solar

The Automatic Statistician

Abstract

This report was produced by the Automatic Bayesian Covariance Discovery
(ABCD) algorithm.

1 Executive summary

The raw data and full model posterior with extrapolations are shown in figure 1.
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Figure 1: Raw data (left) and model posterior with extrapolation (right)

The structure search algorithm has identified eight additive components in the data. The first 4
additive components explain 92.3% of the variation in the data as shown by the coefficient of de-
termination (R2) values in table 1. The first 6 additive components explain 99.7% of the variation
in the data. After the first 5 components the cross validated mean absolute error (MAE) does not
decrease by more than 0.1%. This suggests that subsequent terms are modelling very short term
trends, uncorrelated noise or are artefacts of the model or search procedure. Short summaries of the
additive components are as follows:

• A constant.
• A constant. This function applies from 1643 until 1716.
• A smooth function. This function applies until 1643 and from 1716 onwards.
• An approximately periodic function with a period of 10.8 years. This function applies until

1643 and from 1716 onwards.
• A rapidly varying smooth function. This function applies until 1643 and from 1716 on-

wards.
• Uncorrelated noise with standard deviation increasing linearly away from 1837. This func-

tion applies until 1643 and from 1716 onwards.
• Uncorrelated noise with standard deviation increasing linearly away from 1952. This func-

tion applies until 1643 and from 1716 onwards.
• Uncorrelated noise. This function applies from 1643 until 1716.

Model checking statistics are summarised in table 2 in section 4. These statistics have revealed
statistically significant discrepancies between the data and model in component 8.
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Automatic construction and description of nonparametric models
James Robert Lloyd1, David Duvenaud1, Roger Grosse2,

Joshua B. Tenenbaum2, Zoubin Ghahramani1
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This analysis was automatically generated Modelling structure through
Gaussian process kernels

• The kernel specifies which structures are likely under the GP prior
- which determines the generalisation properties of the model.

Squared
Exponential (SE)

Periodic
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(Lin)

local variation repeating structure linear functions

• Composite kernels can express many types of structure
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SE ⇥ Lin Lin ⇥ Per SE1 + SE2 SE1 ⇥ SE2
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growing
amplitude

f1(x1) +f2(x2) f (x1, x2)

• Building composite kernels previously required human expertise

We can build models by a greedy search

No structure

SE Lin

Lin + Per Lin ⇥ SE

Lin ⇥ SE + SE . . . Lin ⇥ (SE + Per)

. . . . . . . . .

. . .

. . . Lin ⇥ Per

Per

Automatically describing model properties

How to automatically describe arbitrarily complex kernels:

• The kernel is distributed into a sum of products

• Sums of kernels are sums of functions so each product is described separately

• Each kernel in a product modifies the model in a consistent way. . .

• . . . so one kernel is described by a noun phrase, and the others modify it

• Text descriptions are complemented by plots of the posterior

Kernels can be distributed into a sum of products

SE ⇥
�
Lin + Per + SE

�

becomes (after simplification)

(SE ⇥ Lin) + (SE ⇥ Per) + (SE).

Sums of kernels correspond to sums of functions

entire signal

= + +

SE ⇥ Lin SE ⇥ Per SE
smooth trend + periodicity + short-term deviation

If f1(x) ⇠ gp(0, k1) and f2(x) ⇠ gp(0, k2) then f1(x)+f2(x) ⇠ gp(0, k1+k2).
Therefore, a sum of kernels can be described as a sum of independent functions.

Each kernel in a product roughly corresponds to an adjective

Kernel How it modifies the prior

SE functions change smoothly
Per functions repeat
Lin standard deviation varies linearly

Example description

SE|{z}
approximately

⇥ Per|{z}
periodic function

⇥ Lin|{z}
with linearly growing amplitude

Per has been chosen to act as the noun while SE and Lin modify the description

Code available at github.com/jamesrobertlloyd/gpss-research
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that the test statistic was larger in magnitude under the posterior compared to the prior unexpectedly
often.

ACF Periodogram QQ
# min min loc max max loc max min
1 0.502 0.582 0.341 0.413 0.341 0.679
2 0.802 0.199 0.558 0.630 0.049 0.785
3 0.251 0.475 0.799 0.447 0.534 0.769
4 0.527 0.503 0.504 0.481 0.430 0.616
5 0.493 0.477 0.503 0.487 0.518 0.381

Table 2: Model checking statistics for each component. Cumulative probabilities for minimum of
autocorrelation function (ACF) and its location. Cumulative probabilities for maximum of peri-
odogram and its location. p-values for maximum and minimum deviations of QQ-plot from straight
line.

The nature of any observed discrepancies is now described and plotted and hypotheses are given for
the patterns in the data that may not be captured by the model.

4.1 Moderately statistically significant discrepancies

4.1.1 Component 2 : An approximately periodic function with a period of 1.0 years

The following discrepancies between the prior and posterior distributions for this component have
been detected.

• The qq plot has an unexpectedly large positive deviation from equality (x = y). This
discrepancy has an estimated p-value of 0.049.

The positive deviation in the qq-plot can indicate heavy positive tails if it occurs at the right of the
plot or light negative tails if it occurs as the left.

QQ uncertainty plot for component 2
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Figure 17: ACF (top left), periodogram (top right) and quantile-quantile (bottom left) uncertainty
plots. The blue line and shading are the pointwise mean and 90% confidence interval of the plots
under the prior distribution for component 2. The green line and green dashed lines are the corre-
sponding quantities under the posterior.

4.2 Model checking plots for components without statistically significant discrepancies

4.2.1 Component 1 : A very smooth monotonically increasing function

No discrepancies between the prior and posterior of this component have been detected

8

2.4 Component 4 : An approximately periodic function with a period of 10.8 years. This
function applies until 1643 and from 1716 onwards

This component is approximately periodic with a period of 10.8 years. Across periods the shape of
this function varies smoothly with a typical lengthscale of 36.9 years. The shape of this function
within each period is very smooth and resembles a sinusoid. This component applies until 1643 and
from 1716 onwards.

This component explains 71.5% of the residual variance; this increases the total variance explained
from 72.8% to 92.3%. The addition of this component reduces the cross validated MAE by 16.82%
from 0.18 to 0.15.
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Figure 8: Pointwise posterior of component 4 (left) and the posterior of the cumulative sum of
components with data (right)

Figure 9: Pointwise posterior of residuals after adding component 4
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(a)

(b) (c)

(d)

Fig. 2. A flow diagram describing a report-writing Automatic Statistician for time-
series data. (a) The input to the system is data, in this case represented as time series.
(b) The system searches over a grammar of models to discover a good interpretation
of the data, using Bayesian inference to score models. (c) Components of the model
discovered are translated into English phrases. (d) The end result is a report with text,
figures and tables, describing in detail what has been inferred about the data, including
a section on model checking and criticism [8, 20].

with optimised parameters is then evaluated using the Bayesian
Information Criterion [29]:

BIC(M) = −2 log p(D |M) + |M | logN (1)

where M is the optimised model, p(D |M) is the marginal likeli-
hood of the model integrating out the latent GP function, |M | is the
number of kernel parameters in M , and N is the size of the dataset.
The Bayesian Information Criterion trades off model complexity
and fit to the data, and approximates the full marginal likelihood
(which integrates out both latent functions and hyperparameters).

The best-scoring model in each round is used to construct new pro-
posed models, either by: (1) expanding the kernel with production
rules from the grammar, such as introducing a sum, product, or
change point; or (2) mutating the kernel by swapping out a base
kernel for a different one. The new set of proposed kernels is then
evaluated in the next round. It is possible with the above rules
that a kernel expression gets proposed several times, but a well-
implemented system will keep records and only ever evaluate each
expression once. The search and evaluation procedure stops either
when the score of all newly proposed models is worse than the best



model from the previous round, or when a pre-defined search depth
is exceeded.

This greedy search procedure is not guaranteed to find the best
model in the language for any given dataset: a better model might
be hiding in one of the subtrees that weren’t expanded out. Finding
the globally best model isn’t usually essential, as long as a good in-
terpretable models is found in a reasonable amount of time. There
are other ways of conducting the search and evaluation of models.
For example, Malkomes et al. [22] describe a kernel search proce-
dure based on Bayesian optimisation. Janz et al. [14] implemented
a kernel search method using particle filtering and Hamiltonian
Monte Carlo.

3.3 Generating descriptions in natural language

When the search procedure terminates, it produces a list of kernel
expressions and their scores on the dataset. The expression with the
best score is then used to generate a natural-language description.
To convert a kernel to a description in natural language, the kernel
is first converted to a canonical form, using the following process:

1. Nested sums and products are flattened into a sum of products
form.

2. Some products of kernels can be simplified into base kernels
with modified parameters, for example: SE× SE→ SE∗, C×
k → k∗ for any k, and WN×k →WN∗ for any k ∈ {C,SE,WN,Per}.

After applying these rules, the kernel expression is a sum of product
terms, where each product term has the following canonical form:

k ×
∏

m

Lin(m) ×
∏

n

σ(n) (2)

where σ(x, x′) = σ(x)σ(x′) is a product of two sigmoid functions,

and k has one of the following forms: 1, WN, C, SE,
∏

j Per
(j),

or SE ×∏j Per
(j). The notation

∏
j k

(j) stands for products of
kernels, each with separate parameters.

In this canonical form, the kernel is a sum of products, and the
number of terms in the sum is described first: “The structure search
algorithm has identified N additive components in the data.” This
sentence is then followed by a description of each additive compo-
nent (i.e. each product in the sum), using the following algorithm:

1. Choose one of the kernels in the product to be the noun de-
scriptor. A heuristic recommended by Lloyd et al. [18] is to pick
according to the following preference: Per > {C,SE,WN} >∏

j Lin
(j) >

∏
j σ

(j), where Per is the most preferred.



2.4 Component 4 : An approximately periodic function with a period of 10.8 years. This
function applies until 1643 and from 1716 onwards

This component is approximately periodic with a period of 10.8 years. Across periods the shape of
this function varies smoothly with a typical lengthscale of 36.9 years. The shape of this function
within each period is very smooth and resembles a sinusoid. This component applies until 1643 and
from 1716 onwards.

This component explains 71.5% of the residual variance; this increases the total variance explained
from 72.8% to 92.3%. The addition of this component reduces the cross validated MAE by 16.82%
from 0.18 to 0.15.

Posterior of component 4
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Figure 8: Pointwise posterior of component 4 (left) and the posterior of the cumulative sum of
components with data (right)

Residuals after component 4
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Figure 9: Pointwise posterior of residuals after adding component 4

Fig. 3. Extract from an automatically generated report that describes the model com-
ponents discovered by ABCD. This part of the report isolates and describes the approx-
imately 11-year sunspot cycle, also noting its disappearance during the 16th century,
a time period known as the Maunder minimum. This figure is reproduced from [18].

2. Convert the chosen kernel type to a string using this table:

WN “uncorrelated noise” SE “smooth function”
Per “periodic function” Lin “linear function”

C “constant”
∏

j Lin
(j) “polynomial”

3. The other kernels in the product are converted to post-modifier
expressions that are appended to the noun descriptor. The post
modifiers are converted using this table:

SE “whose shape changes smoothly”
Per “modulated by a periodic function”
Lin “with linearly varying amplitude”∏

j Lin
(j) “with polynomially varying amplitude”∏

j σ
(j) “which applies from / until [changepoint]”

4. Further refinements to the description are possible, including
insights from kernel parameters, or extra information calculated
from the data. Some of these refinements are described in [18].

More details on the translation of kernel expressions to natural
language can be found in [18] and [19].

3.4 Comparison with humans

An interesting question to consider is to what extent predictions
made by an Automated Statistician (such as the ABCD algorithm)
are human-like, and how they compare to predictions made with



other methods that are also based on Gaussian processes. To an-
swer that question, Schulz et al. [28] presented participants with
the task of extrapolating from a given set of data, and choosing a
preferred extrapolation from a given set. The results were encour-
aging for composite kernel search in two ways: Firstly, the partici-
pants preferred the extrapolations made by ABCD over those made
with Spectral Kernels [36], and over those made with a simple RBF

(radial basis function) kernel. Secondly, when human participants
were asked to extrapolate the data themselves, their predictions
were most similar to those given by the ABCD’s composite search
procedure.

One of the design goals of a report-writing Automatic Statistician
is the ability to explain its findings in terms that are understand-
able by humans. The system described earlier restricts itself to a
space of models that can be explained in human language using
simple terms, even though this design choice may come at the cost
of predictive accuracy. In general, it is not straight-forward to mea-
sure the interpretability of machine learning systems; one possible
framework is suggested by Doshi-Velez and Kim [4]. We note in
passing that not all machine learning systems require such function-
ality. For example, when the results of a system have little impact
on society, especially in terms of social norms and interactions, it
is acceptable to optimise for performance or accuracy instead (e.g.
recognising post codes for automatic mail sorting).

4 Other Automatic Statistician Systems

The ability to generate human-readable reports is perhaps one of
the distinguishing features of Automatic Statistician systems. But,
as mentioned earlier, software of this nature can serve other pur-
poses as well. For example, users might be interested in raw predic-
tions from the data (with or without explanations), or they might
want to the system to make data-driven decisions directly on their
behalf.

Also, it is possible to build Automatic Statistician systems for
model families that are different from Gaussian processes or gram-
mars. For example, we built Automated Statistician systems for
regression [5, 18], classification [23, 12], univariate and multivariate
data; systems based on various different model classes, and systems
with and without intelligent resource control. This section discusses
some of the design elements that are shared across many Automatic
Statistician systems.



4.1 Core components

One of the key tasks that an Automatic Statistician has to perform
is to select, evaluate, and compare models. These types of task can
be run concurrently, but they have interdependencies. For example,
the evaluation of a set of models might influence the selection of
the next set of models.

Most generally, the selection strategy component in our system
is responsible for choosing models to evaluate: it might choose from
a fixed or open-ended family of models, or it might generate and
refine models based on the evaluation and comparison of previously
chosen models. Sometimes, the types of the variables in the dataset
(whether inferred from the data or annotated by the user) influence
which models might be chosen by the selection strategy. For exam-
ple, one might want to distinguish continuous and discrete data,
and to use different treatments for categorical and ordinal data.

The model evaluation task trains a given model on part of the
user-supplied dataset, and then produces a score by testing the
model on held-out data. Some models do not require a separate
training phase and can produce a log-likelihood for the entire dataset
directly. Model evaluation is probably one of the most important
tasks to parallelise: at any given time, multiple selected models can
be evaluated simultaneously, on multiple CPUs or even multiple
computers.

The report curator component is the piece of software that de-
cides which results to include in the final report. For example, it
might include sections that describe the best fitting models, along
with extrapolations, graphs, or data tables. Depending on the eval-
uation results, the report curator might choose to include addi-
tional material, such as data falsification / model criticism sections,
recommendations, or a summary. In some systems the deliverable
might be something other than a report, such as raw predictions,
parameter settings, or model source code.

In interactive systems, a data loading stage provides an instant
summary about the uploaded dataset, and allows the user to cor-
rect any assumptions about the format of the data. The user can
make type annotations, remove columns from the dataset, choose
an output variable (e.g. for classification), and specify the analyses
that should be run.

4.2 Design challenges

User interaction. While the aim of an Automatic Statistician
is to automate all aspects of data handling (from low-level tasks



such as formatting and clean-up, to high-level tasks such as model
construction, evaluation, and criticism), it is also useful to give users
the option to interact with the system and influence the choices it
makes. For example, users might want to specify which parts or
which aspects of the data they are interested in, and which parts
can be ignored. Some users might want to choose the family of
models that the system will consider in the model construction
or evaluation phase. Finally, the system may want to engage in a
dialogue with the user to explore or explain what it found in the
data. Such interactivity needs to be supported by the underlying
system.

Missing and messy data. A common problem with real-world
datasets is that they may have missing or corrupt entries, unit or
formatting inconsistencies, or other kinds of defects. These kinds
of defects may require some pre-processing of the data, and while
many decisions could be made automatically, some might benefit
from interaction with the user. Good models can handle missing
data directly, and as long as the missing data is detected correctly
by the data loading stage, everything should be fine. But there
are some data models that cannot handle missing data natively. In
such cases, it might be useful to perform data imputation to feed
these models a version of the dataset that has the missing values
filled in. This imputation task itself is performed by a model that
is trained on the data. Examples of such techniques include e.g.
MissForest [31], MissPaLasso [30], mice [3], KNNimpute [34], and
Bayesian approaches [7, 1].

Resource allocation. Another important aspect of an Automatic
Statistician is resource usage. For example, a user might only have
a limited number of CPU cores available, or might be interested to
get the best possible report within a fixed time limit, e.g. before
a given deadline. To make good model selection and evaluation
choices, an intelligent system might take into account such resource
constraints. The ability to do so will affect the overall usability of
the system.

Even when there are no direct contraints on computation time,
CPU cores, or memory usage, an intelligent system might benefit
from allocating resources to models whose evaluation is promising
for the chosen deliverable. Such functionality can be implemented
for models that support some form of gradual evaluation, for exam-
ple by training incrementally on increasingly large subsets of the
dataset. One of our systems used a variant of Freeze-thaw Bayesian
optimisation [32] for this purpose.



5 Conclusion

Our society has entered an era of abundant data. Analysis and
exploration of the data is essential for harnessing the benefits of
this growing resource. Unfortunately, the growth of data currently
outpaces our ability to analyse it, especially because this task still
largely rests on human experts. But many aspects of machine learn-
ing and data analysis can be automated, and one guiding principle
in pursuit of this goal is to “apply machine learning to itself”.

The Automatic Statistician project aims to automate data science
by taking care of all aspect of data modelling, from data pre-
processing, modelling and evaluation, to the generation of useful
and transparent results. All these tasks should be performed in a
way that requires little user expertise, minimises the amount of user
interaction, and makes intelligent and controlled use of computa-
tional resources.

While this aim is ambitious, and a lot of the work still needs to
happen, encouraging progress has been made towards the creation
of such automated systems. Multiple Automatic Statistician sys-
tems have been built, each with slight differences in purpose and
underlying technology, but they all share the same intent and much
of the same design philosophy. We hope that the creation of such
instruments will bring the ability to gain insights from data to a
larger group of people, and help empower society to make great use
of our data resources.
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