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From Financial Data To Alternative Data

Financial data are not stationary simply because the economic world is not: international
relations, business models, habits, regulations, etc. change. The financial system itself has its own
habits and regulations, and the evolution of financial instruments (from linear to always more
sophisticated in di�erent directions) produces a changing environment, shrouded in a mean field
of liquidity.

Market participants try to identify local areas of stationarity via changes of variables (returns are “more
stationary” than prices; excess returns and cross-sections over well-chosen pools of instruments are
more stationary than raw returns); nevertheless economic objects exhibit memory (simply because a
physical inertia of economic entities), as well as objects form the financial system.

But some new datasets (known as Alternative Data) exhibit far more stationarity:

• Using satellite images to estimate the biomass under each pixel of daily images of the globe
exploit the way quality of corn is caused by the way its mass grow.

• Using the supply-chain between factories and car manufacturers exploit how the capability of
building, end hence selling, more cars is caused by the availability of its parts.
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Alternative Datasets Have Mixed And Unknown Interventions i

Alternative datasets are rarely built for a usage by market participants; they stem from
improvements of logistics, marketing or business intelligence purposes. Typically

• Airlines or hotel booking helps travel agents to operate,

• Credit Card datasets mainly helps banks and budget Apps to target the best clients,

• Job-posting databases help employees to chose their next job and companies to adjust their
o�ers.

They can hence often been considered as i.i.d. samples of the correct distribution from the viewpoint
of their primary users, but not for a usage on financial markets:

• Coming from budget Apps, Credit Card datasets have younger and weathlier people than the
clients of retail facing companies,

• Larger companies have more need to advertise their job o�ers than smaller ones.
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Alternative Datasets Have Mixed And Unknown Interventions ii

All these datasets are partial and come from di�erent sources having di�erent collection process
and conditions of collections, that are all partially unknown.

Seen from a standard statistical viewpoint: these datasets have biases, and need to be post-stratified
(in the language of Survey Theory). The correct variable to be used for this post-stratification have to
be discovered in a trial-and-error way, that can be defined as active post-stratification.

It raises the question of merging them. You observe P(X,Y), with no a priori on what Y and X are, and
you try to model it, then:

1. Semi-Supervised Learning: you get a sample P ′(X),

2. Transfer Learning: you get another sample P ′(X,Y),

3. You simply get more outputs P ′(Y).

How can you get a better model of the true P(X,Y)? A Causal Graph can help, indeed, it may be the
only way to rigorously formalize how to combine them [@scholkopf2012causal].
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Biases Of Nowcasting i

Most often, datasets are collected for a specific purpose. For instance

• web tra�c to optimize the navigation of web sites
• credit card tickets to target financial services
• suppliers and clients as declared to regulators
• etc.

In all these examples the dataset is (almost) an i.i.d. sample of the distribution of interest, because
data are collected close to the populaion of interest: users of web sites, users / usages of credit cards,
companies under a specific regulation, etc.

But to implement nowcasting, your distribution is made of all the economic or physical entities of this
kind: all web sites, all consumers spending in shops, all companies, etc.

As a consequence these dataset have a collection bias: part of the population of interest is not
considered at all during the collection process (only users using internet to get awareness on a
company, only consumers having credit specific use of their cards, a specific type of companies, etc).

C.-A. Lehalle 6/31



Biases Of Nowcasting ii

But it is not all: for systematic investment you need to connect (to map) entities in your dataset to
tradable instruments. Here again there is another bias, a blind spot bias. You will only have tra�c on
companies using a specific web technology, credit card expenses will not make sense for all
companies,

To handle these biases, you need to be creative during your investigation, going back and forth in
testing di�erent comparisons with reference datasets.

Once it is done, you can

• estimate the biases and propose a correction, that is the porpose of post-stratification,

• you do it an interactive way, that introduces an exploration-exploitation process

C.-A. Lehalle 7/31



Dealing With Unknown Bias:
From Post-Stratification To
Optimal Transportation

Post-Stratification



Post-stratification i

å Broadly speaking, post-stratification refers to any method of data analysis which involves forming units into
homogeneous groups after the sample has been taken. æ [Zhang, 2000]

The way it is usually expressed in the literature (Survey Theory) is

• You start with strata s ∈ S that are disjoint subsets created from a categorical variable (a state, an
industry, the age, etc),

• You want to apply weights (ws)s to these strata such that the weighted average of an
observations (xs)s is as close as possible to the desired expected value X̄:

∑
swsxs ' X̄. Keep in

mind that X̄ and each xs can be a vector is you want to control simultaneously for several biases.
• But you want the weights ws to be as close as a := 1/#S as possible; you express this using a
distance function

∑
s aG(wi/a) (see [Deville et al., 1993]).

• Hence you end up with a constrained optimization that, when G(r) := (r − 1)2/2 boils down to

wi = a ·
{
1 +

(
X̄ −
∑
s
axs
)(∑

axTs xs
)−1xTi

}
.

C.-A. Lehalle 8/31



Post-stratification ii

A lot of variations have been proposed. In essence this approach allows,

• once you identified groups of observations on which you have an external reference,

• to adjust weights on your observed sample to get them as close as possible to this external
reference.

� It can probably be reformulated as optimal transportation problem...

I am not sure of the added value, and in any case

• uncertainty due to the size of your sample has to be taken into account,

• it is “easy” as long as you restrict youself to groups of observations.
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It Is The Same For Seasonalities (example of a “NLP sentiment”)

Note that not desired seasonalities can be considered as biases and processed the same way (NLP
have other biases [Li and Lehalle, 2021]).
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If A Bias Was Nothing Else Than A Covariate Shift?

A covariate shift happens [Sugiyama and Kawanabe, 2012] when

• you trained a model on a distribution Ptr

• you have to use it on another distribution Pte .

Ideally you want to learn the change of measure from Ptr to Pte . Indeed, give an loss function `(x, y, θ),
where θ are the parameters of a lodel, you can formally write

(1) E(x,y)∼Pte (`) = E(x,y)∼Ptr

(
Pte

Ptr
· `
)
.

You face the usual diificulties:

• what if the support of Pte is not included in the one of Ptr?
• how to discretize? [Birgé and Rozenholc, 2002]

� it is not very di�erent of the bias correction problem (but now it is its continuous version).
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Kernel Methods For Covariate Shift i

Following [Gretton et al., 2009], if you focus on the e�ect of the expectation operator
µ(P) := Ex∼P(Φ(x)), restricting yourself to mappings Φ into a feature space that is a Reproducing
Kernel Hilbert Space (i.e. it can naturally be represented by a kernel k(x, y) := 〈Φ(x), Φ(y)〉),

then the weight function β(x) solution of

(2)
min ‖µ(Pte) − Ex∼Ptr (β(x)Φ(x))‖
s.t. β(x) ≥ 0,

Ex∼Ptr (β(x)) = 1

is the desired one.

I.e. when Pte is absolutely continuous with respect to Ptr , then Pte(x) = β(x)Ptr(x).

Moreover, this problem is convex in β.

Note that it is again a transportation problem.
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Kernel Methods For Covariate Shift ii

Moreover, in practice, setting

Ki,j := k(xtri , x
tr
i ) = 〈Φ(xtri ), Φ(xtrj )〉, κi :=

Ntr

Nte

∑
j
k(xtri , x

te
j ) =

Ntr

Nte

∑
j
〈Φ(xtri ), Φ(xtej )〉;

one can write ∥∥∥∥∥ 1
Ntr

tr∑
i=1

βiΦ(xtri ) −
1
Nte

te∑
i=1

Φ(xtei )

∥∥∥∥∥ =
1
N2

tr
βTKβ −

2
N2

tr
κTβ + c.

This allows, once a kernel is chosen, to find the weight function β as a solution of this problem (for a
well chosen ε that is of the order of the standard deviation of teh empirical average of β)

min 1
2β

TKβ − κTβ

s.t. 0 ≥ β(x) ≥ B,
|
∑

i βi −Ntr| ≤ Ntrε

.

� Any similar approach is welcome, but notice that this one is not very concerned by a discretization
problem (indeed ε is taking care of this).
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DAG For A Joined Probability Distribution

The goal of Causal Inference is to find “simple expressions” for P(X1, . . . ,Xd). Simplicty is not a well
defined concept, here we talk about splitting the joined distribution in independent blocks.
(Peters, Janzing, and Schölkopf 2017) proposes to focus on the causal (or disentangled)
factorization:

P(x1, . . . , xd) =
d∏
j=1

P(xj|PAj),

following the seminal formal work done by (Pearl 2009) and (Spirtes et al. 2000).

Moreover, they propose to use Structural Causal Models as generative model (showing that their can
represent all reasonnable distributions), allowing to write

Xj := fj(PAj,Nj); i 6= j⇒ Ni ⊥⊥ Nj,

where PAj are the parents of Xj in a Directed Acyclic Graph (DAG). The simplest example being:
X = NX , Y = f (X) +NY , where NX ⊥⊥ NY .
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SCM: Structural Causal Models = Adjacency Matrix + Functions

A simple parametric model for a Structural Causal Model is

1. An adjacency matrix Bij connecting E�ect Xi to its parents Xj when Bij = 1;
2. For each E�ect Xi , a function fi(PAi) such that Xi = fi(PAi) +Ni .

In this formulation, we have few nice immediate properties:

• (Xi − fi(PAi)) ⊥⊥ PAi . This will be useful to check that the correct parents of Xi have been found.
• One can test interventions on the model: setting Ni to zero or fi(·) = 1 for instance.
• It is also possible to understand what are the consequences of having access to another sample
of PAi (i.e. Semi-Supervised Learning), or to another sample (Xi, PAi) (i.e. Transfer Learning).

C.-A. Lehalle 15/31



Correspondence Between Causality Inversion And Gaussianity

In the 50ties, the Darmois-Skitovic theorem made an equivalence between invertision of causality
and Gaussianity the following way (Theorem 4.3 of (Peters, Janzing, and Schölkopf 2017)):

Let X1, . . . ,Xd be independent, non-degenerate random variables. If there exist non-
vanishing coefficients a1, . . . ,ad and b∗1, . . . ,bd (that is, for all i : ai 6= bi such that the
two linear combinations: `1 =

∑
i ai Xi and `2 =

∑
i bi Xi are independent, then each Xi is

normally distributed.

The Independent Component Analysis exploits also the non-invertibility of non-Gaussian sources. It
does exactly the reverse of the Darmois-Skitovic theorem; quoting (Oja, Erkki and Hyvarinen, A. 2000):

The Central Limit Theorem, a classical result in probability theory, tells that the distribution of
a sum of independent random variables tends toward a gaussian distribution, under certain
conditions. Thus, a sum of two independent random variables usually has a distribution that
is closer to gaussian than any of the two original random variables. [. . . ] Therefore, we could
take as w a vector that maximizes the nongaussianity of wTx [to recover the independent
original sources].

The FastICA algorithm maximizes approximations of the neg-entropy (i.e. the entropy of a Gaussian
approximation of a random variable minus its empirical entropy) to recover independent
non-Gaussian sources that are mixed a linear way.C.-A. Lehalle 16/31



Hand Waving The Characterisation Of Anticausality i

Figure 1: A natural deep learning model
for SCM

Before being technical, have a look at the simplest model for a
Cause to E�ect without any noise: C = NC and E = f (C). It is
interesting to notice that, provided that f (·) and the cause NC
are “independent enough”, the distribution of the e�ect E is
concentrated around regions where f (·) is “flat”.
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Hand Waving The Characterisation Of Anticausality ii

To be more accurate, following (Daniusis et al. 2012), it is useful to define “independent enough” as

Cov(log f ′,pC) =
∫1
0
log f ′(x)pC(x)dx −

∫1
0
log f ′(x)dx = 0,

This is equivalent to
∫1
0 log f ′(x)pC(x)dx =

∫1
0 log f ′(x)dx.

Using the notation g := f−1 , the upper equality reads also
∫1
0 log g ′(y)pC(y)dy =

∫1
0 log g ′(y)g ′(y)dy,

and hence

Cov(log g ′,pE) =
∫
(g ′(y) − 1) log g ′(y)dy = D(g ′‖v) +D(v‖g ′),

where v is a uniform distribution on [0,1] And D(·‖·) is the relative entropy. As a consequence
D(g ′‖v) +D(v‖g ′) ≥ 0. This formalizes the fact that “when f ′ and the cause are independent, the
derivative of the invert of f and the e�ect are not”. This is one more not invertibility property of
cause and e�ect seen from an SCM perspective.
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A Clean Characterization Of Non Invertibility Of Causality i

Following (Hoyer et al. 2008), it is starightforward to characterize the invertibility of the relation
between cause x and e�ect y by the existence of function solving an ODE:

• set y = f (x) + n and x = g(y) + ñ,

• we will derive a joined di�erential equation for f , ν = logpn and ξ = logpx when the causality is
invertible by di�erentiating two expressions of π(x, y) := logp(x, y),

• one corresponds to the causal expression of (x, y): logp(x, y) = logpn(y − f (x)) + logpx(x) and the
other to the anticausal one: logp(x, y) = logpñ(x − g(y)) + logpy(y).

• that for we need a notation for ν̃ = logpñ and η = logpy .
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A Clean Characterization Of Non Invertibility Of Causality ii

The goal is to make the ration between two partial derivatives of the anticausal version of π to cancel
any influence of x: ∂2π

∂x2
∂2π

∂x∂y

=
ν̃ ′′(x − g(y))

−ν̃ ′′(x − g(y))g ′(y)
=

1
g(y)

.

It implies that, provided the anticausal expression is valid:

∂(
∂2π

∂x2
/
∂2π

∂x∂y
)/∂x = 0.

And now if doing the same on the causal version of π, one reads:

∂2π

∂x2
∂2π

∂x∂y

=
ν ′′(f ′)2 − ν ′f ′′ + ξ ′′

−ν ′′(y − f (x))f ′(x)
.
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A Clean Characterization Of Non Invertibility Of Causality iii

The partial derivative of this expression with respect to x is a little heavy; it boild down to

(3) ∂

 ∂2π
∂x2
∂2π
∂x∂y

 /∂x = −2f ′′ + ν ′f ′′′

ν ′′f ′
−
ξ ′′′

ν ′′f ′
+
ν ′ν ′′′f ′

(ν ′′)2
−
ν ′(f ′′)2

ν ′′(f ′)2
− ξ ′′

ν ′′′

(ν ′′)2
+ ξ ′′

f ′′

ν ′′(f ′)2
.

That has to be zero if the causal and anticausal expressions for p(x, y) both hold.
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A Clean Characterization Of Non Invertibility Of Causality iv

Before simplifying this ODE, have a look at it when the noises are Gaussians,
i.e. ν(x) = c − x2/2, ν ′(x) = −x, ν ′′ = −1 and ν ′′′ = 0. The same for ξ. It is immediate that one should
have

−2f ′′ + x f
′′′

f ′
− x (f

′′)2

(f ′)2
+

f ′′

(f ′)2
= 0.

This entirely describes the set of causal relations that are invertible in a Gaussian setup. Of course
linear functions are part of this set, but not only. Indeed some intrications between the causal
function f and the noises are possible that allows causal inversion; see Theorem 1 of (Hoyer et al.
2008).
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A Clean Characterization Of Non Invertibility Of Causality v

Coming back to the generic ODE (3), we can read it as

ξ ′′′(x) = ξ ′′(x)G(x, y) +H(x, y), G := −
ν ′′′f ′

ν ′′
+
f ′′

f ′
, H := −2ν ′′f ′′f ′ + ν ′f ′′′ + v ′v ′′′f ′′f ′

ν ′′
−
ν ′(f ′′)2

f ′
.

That can be solved in z := ξ ′′ that is specified by z(x0) as soon as ν ′′(y − f (x))f ′(x) 6= 0.

This means that

• once a relation y = f (x) + n exists (keep in mind that ν = logpn)

• if you find ξ = logpx , the solution of the upper equation,

• then it specifies the distributions of x such that the anticausal relation x = g(y) + ñ is true too.

(you can play with f (x) = −x and Gumbel distributions for x and n if you want an example)
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In Practice: Have A Look At Simple Inversions i

A notebook available at (Lehalle 2022) simulate two very simple examples: a discrete simple SCM
and a continuous one. These figures show how E − f̂ (C) is more independent of the cause C than
C − ĝ(E) is independent of E.

The continuous model is simply X = NX,Y = 1 + X + X2 + 1.5NY .

Figure 2: The simple “linear” additive model
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In Practice: Have A Look At Simple Inversions ii

Figure 3: Residuals of linear regression on the continuous model

One sample of 1,000 realizations of the
model, seen from a Y = f (X) (left panel)
or from a Y = g(X) perspective (right
panel).

On the Top: The scatter plots of the
regression of Y by X (left Panel) or of X
by Y (right Panel), on the bottom: The
conditioning by values of the potential
“cause" of the e�ect; the right
distributions seem less i.i.d. than the left
ones.

This e�ect is very interesting from a statistical perspective since it means that the correct (i.e. causal)
representation recovers i.i.d. or stationarity properties that financial datasets lack. It should also
provide ways to be robust to covariate shift.
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In Practice: Have A Look At Simple Inversions iii

In a linear setup, it is worthwhile to note that the asymmetry between a regression of Y by X or of X by
Y is obvious (because the corresponding projections are orthogonal). From a generalization
perspective keep in mind that confidence intervals of a linear regression are larger (philosophically
corresponding to an extrapollation):

y(x) ∈
[
ŷ ± τn−2 σy

√
1 +

1
n

+
(x − x̄)2

(n − 1)σ2x

]
.

With causality you expect it to be independent from the distance to x̄, the empirical middle of the
sample of n occurrences of x, since the prediction Y(X) ⊥⊥ X.
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It is how it looks in reality

Same dataset: three models and their Prediction Intervals
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Theoretical Advantages: Interpolation, Extrapolation, and Counterfactual Questions

As stated earlier, natural datasets have (domain) shifts or unknown interventions, especially when they
are collected from di�erent sources. Seen from a statistical viewpoint they exhibit biases, that
stems from the fact that they are collected from (slightly) di�erent distributions P ′(C),P ′(E) or P ′(E,C)
than the ground true ones.

Understanding the causal graph can help to patch these distributions together to obtain a better
estimate of the true P(E,C) (see (Schölkopf et al. 2012)). For instance having more data on the
e�ects is more useful than having more data on the causes, simply because observations of the
e�ects contains information on the joined distribution of the causes and e�ects, while observations of
the cause contains no information on this joined distribution.

Moreover, without a causal representation of a dataset, a learnt relation is only accurate within
identical experimental conditions.
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Focus: From Semi-Supervised Learning To Unsupervised Learning In A Causal Setup

Another advantage of a Structural Causal Model is that it tells what you do when you obtain more
data. Here we focus on the supplementary information of occurences of the cause C but not of the
e�ect, that is the Semi-Supervised Learning (SSL) case. Usually, under regularity conditions, one
hopes that when a new cause is close to a known cause, then both effects are close.

A typical case for that is when one operate a clustering on variables X, say using a mixture of K
Gaussians or a Self-Organizing Map of K prototypes (leading to a Voronoï split of the space around
these prototypes, see (Kohonen 2001)), and then associate a label Y to each observation. Idealy they
are K di�erent labels, corresponding to a one-to-one mapping between classes and clusters.

If the label Y is the e�ect and the X contains the causes plus noise, an ideal (additive) model is:
X = C +NX, C = NC,Y = f (C) +NY . It is indeed clear that a non supervised clustering is e�cient if
the variables to be clustered contained all the information on the labels, i.e. if they contain
information on the e�ects more than on the cause. The trivial case is of course a clustering on labels. . .

The SCM tells us that Y − f (C) is independent of the cause C, and hence more information on the
cause will not help to understand the labels / e�ect Y . The natural smoothness assumption of SSL is a
way to link information on the cause and information on the e�ect. It is of course linked with the
needed correlation of (f−1) ′ and pE previously seen.
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Data Curation Via Causality Detection

As explained before, Data Curation for financial markets goes further than data integrity. It needs to
perform what could be called Active Post-Stratification, at the middle of Active Learning and
standard Post-Stratification. The goal is to identify biases usually coming from

• the collection bias (on the inputs) that is often directed towards mainstream economic entities
(users of technology, large companies, large cities, etc),

• blindspots on some outputs of these data (activity of non-retail facing companies will not be
caused by credit card tickets, governmental entities are often exempted from reporting, etc),

• covariate shifts (changes of economic context, or in the collection methodology, leading to
unknown interventions),

• heterogeneity of data sources (News articles come from mainstream press and local newspapers,
as from governmental agencies).

We have seen that bias identification (post-stratification) is close to optimal transportation and that
recent progresses in causality identification could help to design strategies to combine di�erent
instances of the same phenomena (cf. (Schölkopf et al. 2012)).
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A Lot Of Open Questions

å How the link between post-stratification and optimal transportation can help?
å What is the e�ect of interative explorations during post-stratification?
� There is a link with active learning)
å When to stop post-stratification?

å Causality identification seems to boil down to good test of independence,
what are the proper ones?

å How to avoid spurious causality detection?

Þ What is the link between causality and control?

C.-A. Lehalle 31/31



Thank you for your attention...

Any question?
charles.lehalle@adia.ae

Nothing is new: The day to day work of a data scientist was already well
defined in the early XXth century (1930). In The Man without Qualities,
Robert Musil writes:

[...] as happens so often in life, you [...] find yourself facing a phenomenon about which
you can’t quite tell whether it is a law or pure chance; that’s where things acquire a
human interest. Then you translate a series of observations into a series of figures,
which you divide into categories to see which numbers lie between this value and that,
and the next, and so on [...]. You then calculate the degree of aberration, the mean
deviation, the degree of deviation from some arbitrary value [...] the average value [...]
and so forth, and with the help of all these concepts you study your given phenomenon.
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