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Abstract

In this work we explore three methods for estimating treatment effects from ob-
servational data using interpretable decision trees: the outcome variance tree, the
propensity tree and the linear dependence tree. Each tree attempts to split the co-
variate space into balanced partitions from which treatment effects can be inferred.
The outcome variance tree focuses on reducing the variance in the outcome variable,
and makes use of a sensitivity analysis based on the residual standard deviation
in the outcome. The propensity tree attempts to build a tree that approximates a
separate estimate of the propensity score whilst remaining interpretable. The linear
dependence tree measures the linear dependence in the partitions and attempts to
minimize it directly. The three methods are compared, along with other benchmark
methods, on two data sets: a synthetic data set generated from a simple model
and the more realistic semi-synthetic IHDP data set. Performance is evaluated by
comparing interval widths and coverage for confidence and sensitivity intervals. A
functionally-grounded evaluation of interpretability is given with tree size as prox-
ies. The results show that the outcome variance tree and the linear dependence tree
perform better than the benchmarks in terms of sensitivity intervals but worse in
terms of confidence intervals. The propensity tree however did not perform as well
as expected and requires more work to better understand its behavior.

Keywords: decision trees, causality, interpretability
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1

Introduction

1.1 Motivation

Causal inference is the act of estimating the causes and effects of phenomena from
data. Estimating these is an important task in many fields such as genomics and
personalized medicine [1] [2], economics and marketing [3], and recommendation
systems [4]. Causal inference allows one to make better predictions of the effect
of an intervention on a system, perform counterfactual estimation and deal with
selection bias [5].

Cause and effect relationships can be estimated either from experimental data, for
instance via Randomized Control Trials (RCTs), or from observational data. RCTs
correspond to the classic scientific experiment: data is gathered in carefully con-
trolled settings which allow one to make strong assumptions about the influence
of external factors on the assignment of treatment and the outcome. However, in
many domains it is often prohibitively expensive or outright impossible to perform
such experiments for either practical or ethical reasons. Instead, researchers have
to rely on observational data, which is passively collected and therefore does not
have the same strong guarantees required for causal estimation. More specifically,
observational data may be subject to confounder bias, where external factors may
affect both treatment assignment and the outcome, as represented in Figure 1.1.

Several techniques have been developed for adjusting for confounder bias in obser-
vational data, each with their own set of advantages and disadvantages. Regression
adjustment accounts for confounder bias by fitting a model to the outcome, but can
suffer from model miss-specification and typically does not perform well on small
sample sizes [6]. Propensity score weighting attempts to model how the covariates
affect treatment assignment, and weigh the data accordingly [7]. These methods
often rely on accurate models of the propensity score, and may overly exaggerate
the importance of extreme samples, effectively reducing the sample size. Matching
methods find similar pairs of individuals across treatment groups in order to make
the distribution of the treatment and control group more alike [8]. Individuals are
considered "similar" if they would have the same response when given the same
treatment, which can be hard to measure from available data. These methods also
often reduce the sample size when good enough matches are not found and tend to
be sensitive to the distance metric used.
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External
Factors

Treatment Outcome

Figure 1.1: A causal graph with confoudning. Observed correlation between 7" and
Y may be due to either the direct relationship between T and Y or by the effect of
XonTandV.

Another concern that many current techniques for causal estimation ignore is model
interpretability. Broadly, interpretability is defined as "the ability to explain or to
present in understandable terms to a human" [9] (although other definitions exist
in the literature). Interpretability can be thought as the bridge between the formal
objectives used to train the model and the real-world objectives the model encounters
in deployment. Since these can differ significantly, it is important to design models
to be understandable in order to trust that the model will meet the real-world
objectives [10]. Decision tree models are often considered to be interpretable [11],
especially when small and when the features are themselves easily interpretable.

In this project, we develop three methods for estimating causal treatment effects
from observational data using interpretable decision trees: linear dependence trees,
outcome variance trees and propensity trees. Each method uses decision trees with
custom splitting and pruning criteria to partition the data such that each partition
is unconfounded, or balanced (as if the data in the partition comes from a random
experiment). The partitions learned by the tree are then used to compute the
treatment effects and associated confidence and sensitivity intervals.

1.2 Context and Limitations

The application of decision trees and other tree-based algorithms from the machine
learning world to causal inference has started to be explored in the past few years.

Causal trees are a partitioning estimator developed by Susan Athey and Guido Im-
bens to estimate heterogeneous treatment effects [12]. This work uses the potential
outcome framework and assumes that the data is already unconfounded, so bal-
ancing the partitions is not considered. They approach the problem by adapting
regression trees to optimize for goodness of fit in treatment effects and define an
"honest" approach to estimation, where a sample is either used to construct the par-
titions or to estimate the treatment effect. This work was later extended to consider
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causal forests, which adapt the random forest algorithm for heterogeneous treatment
estimation [13], and to using R-learners in order to use observational data [14].

In "Bayesian nonparametric modeling for causal inference', Jennifer Hill demon-
strates the use of tree-based techniques for estimating treatment effects which fo-
cuses on estimating the relation between the covariates and the outcome [15]. This
technique is based on Bayesian Additive Regression Trees (BART) [16] which yield
coherent uncertainty intervals and can deal with many covariates of different kinds.
However, this is an ensemble tree model which could lead to models with many weak
learners that are difficult to interpret.

A different method for estimating treatment effects from observational data with
decision trees was proposed in a paper by Yahoo researchers [17]. This method
focuses on the relation between the treatment assignment and the covariates in-
stead of the relation between the outcome and the covariates. The algorithm they
present involves several steps. First, a tree model is trained to predict treatment
assignment based on covariates measured before the intervention. The tree is used
to partition the covariate space to ensure constant propensity in each leaf in or-
der to eliminate the dependence between treatment assignment and other factors.
The training parameters for the tree are tuned using 10-fold cross-validation. Next,
they compute the treatment effect within the leaves, which varies depending on the
nature of the treatment assignment. Finally, the treatment effects are aggregated
through weighted averaging to estimate the Average Treatment Effect. The paper
also highlights the use of bagging (bootstrap aggregating) to enhance the model’s
robustness against small fluctuations in the data that could significantly impact the
construction of a single tree. Bagging also provides a confidence interval for the ATE.
However, the paper does not address sensitivity nor attempts to model it within the
leaves. They also employ standard tree-based models without incorporating custom
splitting criteria that optimize the sensitivity interval for the ATE. Finally, they
make no mention of the interpretability of their model.

Causal Decision Trees use decision trees to uncover causal relationships from data
(causal discovery) [18]. They are based on Causal Bayesian networks, but take
advantage of tree-based to increase efficiency. Their goal is different from our own: to
create a causal relationship tree which aims to provide interpretable and actionable
information, rather than to estimate the causal effect of an intervention from data.
However, they use decision trees in the same way by splitting the data according to
a statistical test in order to obtain efficient and interpretable results.
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Background

This chapter provides some of the necessary theoretical background which underpins
the rest of the thesis. Section 2.1 introduces decision trees and describes a potential
implementation in a regression context. Section 2.2 discusses the theoretical frame-
work and the key assumptions behind causal effect estimation. Section 2.3 presents
balancing and propensity scores as well as Inverse Propensity Weighting, a common
method of confounder adjustment. Section 2.4 discusses two methods for comput-
ing confidence intervals, one based on the Central Limit Theorem and the other on
bootstrapping. Section 2.5 discusses methods to deal with unobserved confounders,
an important source of uncertainty in causal effect estimation. Finally, Section 2.6
contains an overview of interpretability in machine learning models.

2.1 Decision Trees

Decision trees are a simple but powerful machine learning technique that allows one
to learn a piece-wise constant function from a data set. They are a non-parametric
regression, in that the model form adapts to the data and no assumption is made
about the underlying distribution of the data. Decision trees are typically trained
in a supervised setting with a data set of input and label pairs {(x;,y;)}. Classifi-
cation trees are a subclass of decision trees where the output variable y is discrete
(i.e. where each input belongs to a particular class). Decision trees where the out-
put variable y is continuous are called regression trees. This work focuses on the
latter.

The piece-wise constant function learned by regression trees can be thought of as a
mapping from some d-dimensional input x € R? to some continuous output y € R.
The model first recursively splits the input space into contiguous partitions, and
then assigns each partition a value learned from the training data. Inputs in the
same partition are always mapped to the same value. Splits are represented by
branch nodes with two children nodes which are stacked hierarchically to form a
tree structure. Each node splits the partition represented by its parent into two by
thresholding on a particular feature of the input data f € {1..d} with a threshold
t € R. In other words, input samples x = (21, 22, ..., z4)7 where x; < ¢ are sent to
the left child, whereas samples where xy > ¢ are sent to the right child. Splitting
stops at leaf nodes which assign an output value to the partition defined by the
path from the root node to the leaf node.
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Figure 2.1 shows an example of a small decision tree. The tree maps inputs vectors
with two integer features x € [0,10]* to a continuous output y € [0,1]. This tree
has 7 branch nodes (the boxes) and 8 leaf nodes (the circles). The top-most node
is called the root node and represents the top-level split. In this case, the root
node assigns inputs x = (z1,79)? where x; < 4 to the left child, and inputs where
x1 > 4 to the right child. The final partition of the input space given by the tree is
represented in Figure 2.1b.

10
0.9
0.3 0.6
0.6
Xo
04 0.8
0.1
0.6
0 X, 10

(a) A regression tree

(b) The implied partitions

Figure 2.1: Example of a small decision tree mapping a 2-dimensional integer input
(z1,29) € [0,10]% to a continuous output y € [0, 1]. The left image shows the graph
of the tree, with the root node at the top. The right image shows the partitions in
the input space implied by the tree

Training optimal decision trees from a data is known to be NP-complete [19]. There-
fore, instead of attempting to find an optimal smallest tree directly, decision trees
are typically trained using a greedy algorithm. At each splitting step, the best-
performing split is chosen by ranking all possible splits of the training data according
to some splitting criterion. Splitting criteria measure the performance of a split
by comparing the performance of the child partitions of the training data to the per-
formance of the parent partition by some metric. Once a best split is selected, the
algorithm then recursively repeats the splitting procedure on the two children nodes.
The recursion stops when some stopping criteria is met in the leaf. A summary of
this algorithm is given by Algorithm 1.

Once the tree is fully grown, the training data is partitioned into the various leaves
of the tree and a constant prediction for the outcome is computed for each partition
(the values observed in Figure 2.1b). When a decision tree receives a new input, it
first finds the leaf the new input belongs to and then returns the outcome prediction
for that leaf. For example, imagine we give a new input x = (6,2) to the tree
in Figure 2.1a. The model would then find the partition the new input belongs
to (the large square one on the bottom right), and give a prediction of 0.8 for the
outcome. In this way, decision trees act like a piece-wise constant approximation of
the relationship between the inputs and their labels.

6
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Algorithm 1: Greedy splitting algorithm
Function BuildTree(X, Y):
splityest <— Criterion(X, Y)
if splityess = None then
0 < Predict(X, Y)
return Leaf (o)
end
XL; XR <— Spllt (Splitbest, X)
YL7 YR — Split(Spl’itbeSt; Y)
nodey, <+ BuildTree (X, Y.)
nodegr < BuildTree (Xg, Yr)
return Branch (splity.s:, noder, nodeg)
Function Main():
X,Y < LoadData()
return BuildTree(X, Y)

A common splitting criterion used to train regression trees is variance reduction
[20]. This criterion aims to find splits that reduce the variance of the output variable
Y as much as possible. Under assumptions of smoothness, decision trees with less
output variance in the leaves will be more performant, since the constant approxi-
mation for the outcome in each leaf is more likely to be close to the true value of
Y. Given the output values of the training data at a node, Y = yy, s, ..., yn, its
variance can be estimated as:

The variance reduction for a particular split s is then defined as the difference
between the variance in the parent node and the average variance in the child nodes:

VR(Y;s)=Var(Y) — @Var(YL) - @Var(YR)

where Y are the output values in the parent node, Y7, are the output values in the
left child and Y are the output values in the right child.

When using variance reduction as the splitting criteria, the algorithm will tend
to want to continue splitting the training data into increasingly smaller partitions
to reduce the variance as much as possible, potentially leading to overfitting [12].
Although the goal of decision tree learning is to find a tree that is large enough to
approximate the distribution of the underlying data well, it also needs to be small
enough to generalize well [21]. Pruning methods help reduce the complexity of tree
models by removing redundant or non-critical nodes [22].
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2.1.1 Pruning

Pruning methods are broadly split into two classes: pre-pruning and post-pruning
methods. Pre-pruning methods introduce an early stopping criterion which prevents
further splits while the tree is growing. These methods can suffer from the horizon
effect, where potentially useful splits are not explored and the tree remains underfit-
ted. Instead, Breiman et al [20] suggest post-pruning, a method which splits learning
into two phases: a growing phase with loose stopping criteria (potentially allowing
the tree to overfit the data), and a pruning phase which removes non-critical nodes.
These methods tend to perform better than pre-pruning, since they allow the tree
to explore structure which is not immediately apparent in the splitting criteria, but
may be more computationally expensive [21].

A common pruning method for post-pruning is cost-complexity pruning [20]. In
the first stage, a set of candidate trees Ty, 17, ..., T}, is constructed where Tj is the
original tree, T} is the root node and each T}, tree is constructed by removing one
or more nodes from 7T;. Nodes are removed according to a pruning criterion which
finds the least performant leaf node. In the second stage, the generalization error
is estimated for each candidate tree and the best-performing one is selected. Figure
2.2 shows an example of cost-complexity pruning.

TO T1 T2 T3 T4

a a a a o

CN e b de
A?AA

GE=08 |GE =0.37| GE =0.55 GE = 0.83 GE =1.15

Figure 2.2: Example of post-pruning using cost-complexity pruning. Ty represents
the original tree that is being pruned. 7Tj... T4 is the set of possible pruned trees
generated in the first phase. GE is the estimate for the generalization error of
each tree. In the second phase T} is chosen as the pruned tree as it has the best
generalization error.

A drawback of regression trees is that creating splits based on thresholds may pro-
duce sharp borders between partitions (as seen in Figure 2.1b). This could lead to
instability, where small differences in the training data can produce large changes
in the regression tree. Random forests [23] are a more robust method which trains
many simple trees and then aggregates the predictions.

8



2. Background

2.2 Causal Effect Estimation

Imagine that DrugCorp, a pharmaceutical company, just developed a new treatment
for some disease (a vaccine, for example). Before moving to production, they want
to know whether the new treatment actually has the desired effect or not. To answer
this question, the company could find a population of test units and start gathering
some data. To measure the impact of the new treatment, they need to compare
the health outcome of administering the new treatment to a unit with the health
outcome when the treatment is not administered. In a perfect world, they would be
able to have access to both outcomes for each unit. However, in practice this is not
possible: it is not possible to measure the outcome of both administering and not
administering a treatment on the same unit. This problem was termed by Holland
as the Fundamental Problem of Causal Inference [24], and is what makes causal
inference particularly tricky.

The potential outcome framework [25] is a well established framework for reasoning
about this problem. Let T' € {0,1} be a random variable that indicates whether a
unit was assigned the treatment. Let Y € R be a random variable that indicates
how well the patient recovered from the disease (larger Y is better). The potential
outcome framework then denotes Y;(1) as the outcome measured for unit i had they
been administered the treatment and Y;(0) as the outcome measured for unit ¢ had
they not been administered the treatment. The "had' is important, as Y;(1) and
Y;(0) are counterfactual quantities that describe what could have happened rather
than what actually happened. With this notation, the individual treatment effect
can be described as the difference of the two potential outcomes:

ITE(i) = Y;(1) — Yi(0)

A positive ITE indicates that taking the treatment would have a net positive effect
on unit ¢. The ITE can be aggregated into the average treatment effect (ATE) in
order to find the treatment effect of the whole population:

7 =E[ITE(i)] = E[Y;(1)] - E[Y;(0)] (2.1)

Causal effects can also be computed for a particular subpopulation described by
some constraint on a set of covariates. Covariates are additional variables that
are measured before treatment is assigned. These are modelled as a vector of ran-
dom variables X = Xi, Xs,..., Xy. For example, DrugCorp might be interested
in understanding the effect of the new treatment on women between the age of 25
and 35. In this case, the two covariates would be the age X; € It and the sex
Xy € {male, female} of each unit. The set of covariates would be X = {X;, Xs}.
The average treatment effect in a subpopulation is known as the conditional average
treatment effect (CATE) and is formally defined as:

r(x) = EITE() | X = x] = E[Yi(1) | X =x] —E[Yi(0) | X =x]  (2.2)

9
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O— OGN C

(a) T direct affects Y (b) X confounds T" and Y

Figure 2.3: Figure demonstrating two possibilities of causal dependencies when an
association is observed between a treatment assignment 7" and an outcome Y. In
(a), T has direct causal effect on Y. In (b), a confounder X affects both 7" and Y,
giving the illusion of a direct causal relation between the two.

However, the fundamental problem of causal inference is still at play here: Y (1) and
Y (0) cannot be observed simultaneously for the same unit ¢ or the same population!
One way around this problem is to split the population into two groups: a treatment
group which will receive the treatment and a control group which will not. Then,
the outcomes of the two groups can be measured and compared to estimate the
effect of the treatment.

To get a good estimate of the treatment effect using this method, it is imperative
that the two groups be as similar as possible with respect to factors that affect the
outcome, since they are supposed to represent the same population. For example,
imagine that DrugCorp wants to assess whether their new treatment lowers the
severity of the symptoms in sick patients. Let’s say that age is an important factor
for the severity of symptoms: older people tend to have worse symptoms than young
people. If age also influences how the treatment and control groups are formed, for
example by assigning the older half of the population to the treatment group and
the younger half to the control group, then it becomes impossible to tell whether the
observed difference in severity of symptoms between the two groups is due to the
effect of the treatment or due to the age difference of the units. Such factors which
affect both treatment assignment and outcome are called confounders, and are the
reason behind the famous adage "correlation does not imply causation". Figure 2.3
shows a graphical representation of confounders.

Note that having factors that affect only the treatment assignment or the outcome
but not the other do not impact treatment effect estimation. For example, assume
hair color does not affect symptom severity. Then, by assigning treatments based
on hair color would make no difference since people with different hair colors still
appear the same to the process that generates the outcome.

One approach to prevent confounders from affecting the estimation of causal effects
are randomized control trials (RCTs), where the treatment and control groups
are chosen at random from the population. Choosing at random prevents all other
factors from affecting treatment assignment, ensuring there is no confounding. The
average outcome of the two groups becomes a good estimate for the average of the
potential outcomes:

10
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iti= 0 4:4;=0

Provided there are enough samples, it becomes reasonable to compare the outcome
of the two groups to estimate the treatment effects as shown in Equation 2.1 and 2.2.
Correlation implies causation. Well-blinded RCTs are considered the gold standard
for clinical trials and can provide strong evidence for causal effects [26].

Formally, RCTs work by guaranteeing two important properties: positivity and
ignorability.

Assumption 1 (Positivity). Fach unit under study has a chance of being treated
and a chance of not being treated:

0<PT=1|X=x)<1 Vx (2.3)

Positivity, also known as overlap or common support, guarantees that with a large
enough sample size there will be units in both the treatment and control group for
any subpopulation. This is important because treatment effects are defined as the
difference between the outcomes of the two groups; if we only observe the outcome
of one of the groups we have nothing to compare it to! This is guaranteed by
RCTs since one can always set the probability of being assigned the treatment to be
between 0 and 1.

Assumption 2 (Ignorability). Potential outcomes are independent of treatment
assignment:

Y(1),Y(0) LT (2.4)

Ignorability, also known as unconfoundedness or exchangeability, guarantees that
there are no confounders. If there were to be a confounder which affects both the
treatment assignment and the outcome, then they would not be independent as they
would both vary with the confounder. Ignorability is guaranteed by RCTs via the
randomization process described earlier.

The third and final assumption necessary for estimating treatment effects is consis-
tency:

Assumption 3 (Consistency). The observed outcome for a treatment is the same
as the potential outcome had the unit been assigned to the same treatment:

T=teY=Y(#) Vvte{01} (2.5)

Consistency ensures that the treatments are consistent, in that there is only one
outcome per treatment assignment. In the DrugCorp study, consistency takes into
account situations such as units not taking the new treatment even though they were
assigned to the treatment group, maybe because of some external reason like what
they read on the internet that day. Situations like these would bias the estimate
for the average outcome of the treatment group, since there would be more than
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one outcome per treatment assignment. Consistency also eliminates dependence
between treatment assignment of one unit and the potential outcome of other units
(interference).

These three assumptions - positivity, ignorability and consistency - allow the con-
struction of an identification proof for the treatment effect, which relates the poten-
tial outcome to observable quantities:

E[Y(t)] = Ex[E[Y(t) | X = x]] by law of iterated expectation
=Ex[E[Y(t) | X =x,T =] by conditional ignorability
=Ex[E[Y | X =x,T =t]] by consistency and positivity

Given the assumptions and the identification proof, we can construct estimators
for the ATE and the CATE which only use observable values for each unit: the
covariates X (assumed to form an adjustment set), the treatment assignment 7" and
the observed outcome Y.

r=E[Y |T=1—E[Y|T =0

Tx)=EY |T=1,X=x]-E[Y|T=0,X=x]
In practice, these quantities are estimated as follows:

.M No
T = N yl N 1§Oyl

i:t; =1

VN Ny
=y L vty 2
z;q::lx l:t):i::OX

where Ny is the number of units in the treatment group, Ny is the number of units
in the control group and N is the total number of units.

2.2.1 Observational Studies

Although useful for generating unconfounded data, RCTs may be prohibitively dif-
ficult or impossible to implement due to excessive cost, ethical concerns or other
reasons. In these situations, one often has to rely on observational studies where
data is gathered passively; that is, when the data generating process is out of the
control of the experimenter. Since treatment assignment cannot be randomized,
observational data may be confounded, which weakens the ignorability assumption.
However, one can still achieve conditional ignorability for parts of the population
by measuring and controlling for all relevant confounders. Then, one can estimate
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the conditional average treatment effect for each part of the population, and aggre-
gate the conditional estimates to find the average treatment effect for the whole
population. In other words, it’s as if the units in each sub-population came from a
randomized experiment.

Assumption 2’ (Conditional Ignorability). The outcome is independent of the treat-
ment effect given a set of covariates X:

Y(1),Y(0) LT |X

A set of covariates X for which conditional ignorability holds is called an adjust-
ment set.

Finding a valid adjustment set in practice can be challenging. One might be tempted
to condition on as many covariates as possible in order to try to eliminate as much
confounding as possible. However, it is not always the case that conditioning on
more covariates decreases the amount of confoundedness in the data. This is known
as collider bias [27]. Additionally, increasing the dimensionality of the covariate set
weakens the positivity assumption due to the curse of dimensionality [28]. When
the covariate space increases in dimensions, the number of possible combinations
of the covariates also increases. This leads to the data being split into increasingly
smaller partitions, since units are grouped by their covariates. In turn, this reduces
the chances of groups containing units from both the treatment and control groups,
which violates positivity. This is known as the Positivity-Unconfoundedness Trade-
off [29]. Section 2.3 discusses methods to reduce the dimensionality of the covariate
space in order to combat this problem.

2.3 Balancing Scores and Propensity Methods

As discussed in the Section 2.2, estimating causal effects from observational data
requires assuming conditional ignorability on a valid adjustment set. Under this
assumption, units can be grouped by their covariates into partitions where the out-
comes of the treatment and control groups can be compared directly. However,
conditioning on the covariates directly may be difficult or even impossible if the
covariates are too high-dimensional, since there will not be enough data to fill all
the partitions meaningfully.

To get around this problem can use balancing scores [7]. Balancing scores are defined
as a function of the covariates, b(x), for which:

Y(#) LT|bx) Vte{o1}

The simplest balancing score is the one-to-one identity function b(x) = x, which is
always a balancing score by definition of conditional ignorability. More interesting
balancing scores are many-to-one functions which group together some of the fine-
grained partitions whilst maintaining conditional ignorability. It can be shown that
the coarsest such function is the propensity score e(x) [7], defined as the probability
of assigning a unit to the treatment group given some covariates x:
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e(x)=plt=1]|X=x)

The shape of the propensity score tells us whether there is some causal dependence
between the covariates and the treatment assignment. In an RCT, there is no
association between the covariates and the treatment assignment, resulting in a
uniform (flat) propensity score. A non-uniform propensity score implies an effect of
the covariates on the treatment assignment. A visual example of the effect of the
propensity score is given in Figure 2.4.

X1 X1
(a) e(z) =0.5 (b) e(x) = (1 + z2)/2

Figure 2.4: An illustration of the effect of the propensity score. Orange squares
are units assigned to the control group, whilst blue squares are units assigned to
the treatment group. In the left image, the propensity is constant (i.e. does not
depend on the covariates). As one can see, units from all over the covariates space
are assigned to both groups. In the right image, the propensity is linearly dependent
on the two covariates, leading units in the control group to tend to be on the bottom
left corner and units in the treatment group to tend to be in the top right corner.
This would be a problem if X; and X, also affect the outcome, since it would be
unclear whether the measured difference in outcomes between the two groups is due
to the treatment or the covariate effect.

The propensity score allows one to side-step the Positivity Unconfoundedness trade-
off by squashing the covariate space into a single dimension. This works particularly
well when one has access to the propensity score directly, for example by knowing
how the treatment was assigned in the data generating process. In most cases,
however, the propensity score is not known beforehand and needs to be estimated.
A popular method for estimating the propensity score are logistic regression models,
but other methods such as neural networks or decision tree models have also been
used [30].

Once acquired, the propensity score can be used to remove confounding effects from
the data using Inverse Propensity Weighting (IPW) [31]. In IPW, one creates
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Figure 2.5: Diagram demonstrating the effect of Inverse Propensity Weighting.

a balanced pseudo-population by re-weighting the outcomes by the inverse of the
propensity score. Multiplying by the inverse ensures that samples that had a low
probability of receiving treatment are given more importance than samples with high
probability of receiving treatment. In this way, the effect of the covariates on the
treatment assignment in the regular population is reversed in the pseudo-population
and conditional ignorability is restored. Figure 2.5 shows a graphical representation
of the effect of IPW.

Mathematically, the re-weighting is described as:

P(T =1)

Mwsz[e@)

Y|T= t]
Then, the ATE is given by:

p(T =0)

p(T'=1)
1 —e(x)

T:mwn—ymnzﬁlek)

viT=1|-g|

2.4 Confidence Intervals

Managing uncertainty is important for any predictive endeavor. In frequentist statis-
tics, uncertainty may arise from small sample sizes that don’t reflect the underlying
distribution well, or from the variability of the quantity of interest. In order to
communicate this uncertainty, point predictions are often paired with a confidence
interval. Confidence intervals are a range of estimates in which the model thinks
that the true answer might lie. They are constructed based on a particular confi-
dence level, which corresponds to the likelihood that the true value resides within
the confidence interval. For example, for a confidence level of 95% one would expect
the true value to be within the confidence interval 95% of the time.

In this project, we will consider two methods (among many) to compute confidence
intervals for our point estimates of the ATE. Given a tree fitted on the training data
set and a estimation data set, the goal is to generate a confidence interval for the
global ATE. The major challenge for generating confidence intervals is that they
need to be independent of the underlying distribution of the data since it is often
not known. The estimation data set does not overlap with the training data set,
following the honesty approach from Athey [12].

15



2. Background

A popular approach for constructing confidence intervals is to make a large-sample
assumption. This allows one to use the Central Limit Theorem, which says that,
for independent and identically distributed samples with finite variance, the sample
mean is normally distributed independently of the underlying distribution of the
samples as the number of samples goes to infinity. Here, "large-sample" is intended
to mean 'large enough for the Central Limit Theorem to apply'. Exactly how
large this needs to be depends on the underlying distribution and is domain-specific.
Normal distributions use standard deviations to describe the spread that the values
of a random variable can take. A confidence interval can then be described in terms
of the standard deviation. For example, an interval with a confidence level of 95%
centered around a mean corresponds to saying that 95% of the time the true mean is
expected to be about 2 standard deviations from the mean. However, often one does
not have access to the true standard deviation of the distribution of the mean either.
Instead, this can be approximated by the standard error, the standard deviation of
the sampling mean.

An alternative method for constructing confidence intervals is bootstrapping, a
methodology for computing standard errors and confidence intervals pioneered by
Efron in 1979 [32]. Like the large-sample approaches, it is non-parametric and makes
no assumption about the underlying distribution of the data. They also rely on
assumptions of independent and identically distributed samples with finite variance.
However, rather than using the Central Limit Theorem, they rely on a re-sampling
approach to estimate the standard error of the statistic in question. The central
analogy of these methods is: the population is to the sample as the sample is to the
bootstrap samples [33, Chapter 21].

Given a sample X = x1,2s,...,xx from an unknown distribution, bootstrapping
methods have the following structure:

1. For B = 1000 times:

(a) Create a bootstrap sample X, by re-sampling with replacement from
original sample X

(b) Compute the relevant statistic for X
2. Compute the confidence interval from the bootstrap statistics

Bootstrap methods can be asymptotically more accurate than the standard large-
sample intervals obtained with assumptions of normality [34]. Their plug-and-play
nature also lends itself well to estimating bounds from complex sampling designs
such as stratification [34]. However, bootstrapping methods can be computationally
intensive, and only work if the original sample is large enough. More bootstrap
samples do not give more information than is contained in the original sample, but
can help to mitigate random variations. Bootstrap methods can also be more difficult
to reason about theoretically.
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2.5 Sensitivity Analysis

In causal effect estimation, noise may come from another source: unobserved con-
founders. As discussed in Section 2.2, causal effect estimation in observational
studies requires the assumption of conditional ignorability. In turn, to justify this
assumption, the researcher needs to observe enough confounders to form a valid ad-
justment set - but what happens when some of the confounders remain unobserved?
Figure 2.6 shows a graphical representation of this problem: the unobserved con-
founders U are not contained within X, yet still affect both treatment assignment
T and outcome Y.

Observed Unobserved
Confounders Confounders

Treatment Outcome

Figure 2.6: A causal graph with observed and unobserved confounders

Sensitivity analysis methods help researchers understand the robustness of causal
estimates to unobserved confounders in observational studies by asking the question:
how wrong do I have to be about my assumptions for my treatment effect estimate
to be qualitatively different? [35] A well-known example of sensitivity analysis is
a study by Cornfield et al. from 1959, in which they showed that the association
between smoking and lung cancer was robust: an unobserved confounder, such as a
genetic factor, would have to increase the probability of smoking nine-fold in order
to explain away the association between smoking and lung cancer [36].

2.5.1 Additive Bias Model

One way to think about unobserved confounders is as a violation of conditional
ignorability. With unobserved confounders, X is no longer a valid adjustment set
and conditional ignorability with respect to X ceases to hold:

Y(1),Y(0) LT X
In turn, this implies:

EY(t) |T=1X=x]£EY({#)|T=0X=x] Vte{0,1}
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The difference between the two equations above is known as the confounding bias.
One approach to reason about the bias is to model is as an unknown additive quantity
dependent on the covariates that balances out the two sides:

EY(#) | T=1X=x]=E[Y(®)|T=0X=x]—n(x) Vte{01}

Some intuitions for what the biases 1(x) and 7;(x) represent (assuming that larger
Y is better):

e No(x) <0=E[Y(0)|T=1X] <E[Y(0)| T = 0,X]: the control outcome
for people in the treatment group is worse than the control outcome in the
control group. People in the treatment group were more likely to need the
treatment since they would be worse-off without it. An example of a unob-
served confounder with this effect could be age for heart-attack medication
where the treatment group was on average older than the control group and
therefore are more likely to need the treatment.

e N(x) < 0and m(x) < 0= EY(®) | T=1X <EY(@) |T=0X]
regardless of whether people got the treatment or not, people in the treatment
group are less healthy than their control group counterparts. Treatment is
assigned to overall unhealthier people.

« p(x) <mx) = EY(1)-Y(0)|T=0X] <EY1)-Y(0) [T =1X]
the treatment effect for the treated group is larger that for the control group.

The treatment was preferentially assigned to people for whom it would have
a larger effect.

By quantifying the the bias in this fashion, one can derive equations for the expected
value of the potential outcomes in terms of observable values and 7;(x):

EY(#) | X=x]=E[Y |T=tX=x] - nx)P(T=(1—-1)|X=x) (2.6)

Intuitively, this equation say that, in the presence of unobserved confounders, the
expected value of the potential outcomes are what would be observed under ignora-
bility with some added bias scaled by the probability of being in the other outcome.
The full derivation for the equations above is given in Appendix A.1. Notice that
there is a sign change in the two equations because of how 7y(x) is defined.

Let 7*(x) be the naive conditional average treatment effect we would observe under
conditional ignorability:

7(x)=E[Y |T=1,X=x] —E[Y | T =0,X = x|

Then, Equation 2.6 can be used to find a definition for the conditional average
treatment effect 7(x) in terms of 7%(x) and the biases:

7(x) =77 (%) = mx)P(T =0 | X =x) —n(x)P(T = 1] X =x)
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X]_ Xl
(a) Smooth (b) Jagged

Figure 2.7: Comparison of a smooth vs. jagged outcome space. Diagram (a) shows
a smooth space where the outcome does not vary quickly. In this case it reasonable
to assume that the range of the samples (the black dots) will represent the range
of the outcome well. Diagram (b) shows a jagged outcome space. In this case, the
range of the samples is unlikely to represent the full range of the outcome since
sampling the small region of covariate space with high values (the top-right corner)
is unlikely.

Similarly, let 7 = E[7*(x)] be the global average treatment effect under ignorability.
Then we can decompose the global average treatment effect as follows:

T=7"=Emx)P(T=0]X=x)+nxP(T=1]X=x)]

Yet, there’s still a problem: the biases cannot be estimated directly, since they de-
pend on unobserved confounders, which by definition there is no data for. One
approach to solve this problem is to assume smoothness and regularity (absence
of sharp spikes) in the outcome variable (see Figure 2.7 for an example). If these
assumptions hold - and given enough samples - the samples collected are represen-
tative of the entire space of outcome, including the highest and lowest values of Y.
The largest observed Y in the sample will be close to the maximum possible Y, and
the smallest observed Y approximates the minimum Y. With these assumptions,
we can then parametrize the unknown biases as a constant of the residual standard
deviation o,(x):

o(x) = VY1) | T=t,X=x] Vte{0,1}

The biases can then be parameterized as follows:

m(x) = Moy(x)  Vte{0,1} (2.7)
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This parameterization follows a similar logic to Variance Reduction from Section 2.1.
After adjusting for the observed confounders, any remaining variability in Y can be
explained as a combination of noise and effects from the unobserved confounders.
By parameterizing on the remaining standard deviation, this approach is making
the pessimistic assumption that all remaining variability in the outcome is due to
unknown confounders.

The parameterization of the biases can now be used to define the conditional average

treatment effect 7(x) and the average treatment effect 7 in terms of observable values,
A1 and Ag:

7(x) =7°(x) = Mo (X)P(T' =0 | X =x) — Aoo(x)P(T' =1 | X =x)

T=1"=ME[01(x)P(T = 0| X =x)] — AE[0o(x)P(T =1 | X = x))]

In practice, it is useful to work with a sensitivity interval which informs the user
of the impact of the bias, similar to the confidence interval. The above definitions
can be used to compute the sensitivity interval for the average treatment effect for
various levels of A\; and Ag:

SI = [inf T, sup T]

ALAO AN

For example, one question of interest is: for what values of \; and )y does the
sensitivity interval include potential values for the average treatment effect of both
signs? That is, how large do the potential unobserved confounding effects need to
be in order for one to draw the wrong conclusion from the data? This information
can then be paired with other evidence in order to make better decisions, such as
the Cornfield et al. [36] study linking smoking cigarettes with lung cancer.

2.5.2 Marginal Sensitivity Model

Another approach to sensitivity analysis is the Marginal Sensitivity Model, which
instead of looking at the effect of the unobserved confounders on the outcome, uses
the propensity score to explore the effect of unobserved confounders on the treatment
assignment. Inverse Probability Weighting (Section 2.3) can be used to re-weight the
observed outcomes based on the propensity score to eliminate confounding effects
assuming that X is an adjustment set:

P(T =t)

B[ ()] =E | —

Y |T=t

which in turn leads to the following estimator:
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The key question here is: how does this estimate change in the presence of unknown
confounders U (when X is not a valid adjustment set)? Let e(x) = P(T =1 |
X = x) be the nominal propensity score which only includes observed confounders.
Let e(x,u) = P(T' =1 | X = x,U = u) be the complete propensity score which
includes both observed and unobserved confounders. Assuming that X U U forms a
valid adjustment set, then IPW still holds for the complete propensity:

P(T=1) e(x)
e(x) e(x,u)

In the case when X forms a valid adjustment set, then e(x) = é(x, u) and their ratio
goes to 1. The impact of the unobserved confounders can be seen as the difference
between the true E[Y(1)] and E*[Y'(1)] when X is assumed to be a valid adjustment
set:

~1
Y|T:]:E[ Y |T=1

P(T =1)
e(x)

P(T=1) 7e(x)

EY Ol - E Y] =E | — 5 s

Y|T:1]—E[ Y |T=1

Similarly to the additive bias model, the complete propensity é(x,u) cannot be

directly estimated since U is unobserved (by definition). Instead, one can bound
e(x)

e(x,u)

the ratio by some parameter:

<w(x) = <T

M| =

Like in the previous method, this parameter can be used to compute a sensitivity
interval for the treatment effect estimate to explore its robustness to unobserved
confounders:

P
k| = wx)Y | T=1 <E[Y(1)] < g}l(&}(}){E )

2.6 Interpretability

The objectives of the real-world tasks that machine learning models are created
to solve are often at odds with the formal objectives used to design and train the
model. These differences could occur when the offline training data distribution
is not the same as the data distribution of the real-world task, for example when
one attempts to predict events far in the future. Alternatively, the real-world task
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might be difficult to formalize in the first place, leading to incomplete models. The
real-world task might also introduce other more informal objectives, such as the
ability of citizens to contest a decision that the model made or ethical choices in the
model’s decision making process, which become particularly important in contexts
such as courtrooms or hospitals.

Lipton writes in "The Mythos of Model Interpretability’ [10] that interpretability
can mitigate this gap: if we can understand how the model works, we can begin to
answer these difficult questions, which in turn lets us trust the model more. They
propose to divide properties of interpretable methods into two classes: Transparency
(how does the model work?) and Post-Hoc Explanations (what else can the model
tell me?). Notions of transparency include simulatability, decomposability and algo-
rithmic transparency. Sometimes, these be at odds with what we want from Al in
the first place: to solve problems that are too difficult for humans. Notions of post-
hoc explanation include text explanations, visual explanations, local explanations
and explanation by example.

Doshi-Velez proposes a 3-tier taxonomy for evaluation of the interpretability of ma-
chine learning models [9]:

1. Application-grounded - human experiments with domain experts in a real
application. The golden standard. These types of experiments are great to
directly evaluate how a model will perform, but can be costly or outright
impossible to perform.

2. Human-grounded - human experiments with laypeople in simpler applications.
Good for more general notions of interpretability.

3. Functionally-grounded - use formal definition of interpretability (e.g. the size
of a network) as a proxy for explanation quality. The most imprecise of the
classes, but the least costly. Works best with model classes that have already
been human-verified, such as decision trees or rule-based models.
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Methods

The aim of the project is to develop methods to estimate causal treatment effects
from observational data which result in an interpretable model. This presents two
main challenges: to create interpretable models and to estimate treatment effects in
the presence of confounders. Interpretability generally requires models to be small
and simple enough for humans to understand, or to be able to effectively explain
how they work. This adds an extra constraint to estimating causal effects that has
not been explored by many existing models.

In this work, we focused on creating small and simple models that are relatively
transparent to humans. To this effect, we base our methods on decision trees, a
model class considered to be fairly interpretable [11]. Decision trees rely on the
notion of model simulatability as discussed in [10], where a model is interpretable
if a human can make inferences from the model and input data in reasonable time.
They can be intuitively presented to human users in a visual manner, the decision
path for making inferences is usually much shorter than the total model size, they
often only use a subset of the features and leaves are mutually exclusive which
reduces confusion. The inbuilt hierarchy can also give the user some idea of the
relative importance of features, although it is argued that a better metric for feature
relevance is to see how many units pass through a particular node instead [11]. For
decision tree models to be interpretable, however, it is important that the user is
able to understand the meaning behind the input features, which discounts certain
types of feature pre-processing. Additionally, as noted in [10], decision trees are
not inherently interpretable as sufficiently large or deep trees are not simulatable by
humans in reasonable time. We will therefore use a functionally-grounded evaluation
of the interpretability of our model based on the size and depth of the tree. Although
it provides the weakest form of evaluation for interpretability, application-grounded
and human-grounded evaluation methods were not considered in the interest of
resources and time.

For our purposes, decision trees are used to identify balanced partitions of the co-
variate space from training data. Then, causal effects are estimated based on the
balanced partitions and estimation data. From another perspective, the trees are
used to automatically identify balanced strata of the population from which treat-
ment effects can be estimated. The trees can also be understood as piece-wise
constant balancing scores which map regions of covariate space to constant values.
Larger trees will partition the covariate space more finely, and therefore have more
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expressive power. However, this is balanced by our need for models to be inter-
pretable: models have to be large enough to find balanced partitions, but small
enough to still be interpretable.

Given the limited expressive power of the models and (potentially) limited amounts
of data, the trees might not be able to find perfectly balanced partitions, leaving
some residual confounding bias in the leaves. To take this bias into account, the
final output of our methods includes a sensitivity interval as well as a point estimate
for the global ATE. The sensitivity interval gives the user an idea of how much the
confounding bias might be impacting the estimate of the causal effect.

In this work, we developed three separate methods for estimating treatment effects
from observational data. All three methods do this by first training a decision tree
and then estimating treatment effects and the sensitivity interval from the balanced
partitions. However, the methods differ in their assumptions, approach to training
the tree and in their sensitivity analysis. Section 3.1 introduces the common struc-
ture shared by the three approaches. Section 3.2 describes our first method which
attempts to directly measure and minimize dependence in the leaves by reducing
the correlation between the treatment assignment and the covariates. Section 3.3
discusses our second method which focuses on minimizing the outcome variance and
uses the Additive Bias Model described in Section 2.5.1. Section 3.4 talks about our
third method, which focuses on using the tree to estimate the propensity and uses
the Marginal Sensitivity Model from Section 2.5.2. Finally, Section 3.5 discusses
constructing confidence intervals from decision trees by applying the large-sample
and bootstrapping techniques from Section 2.4.

3.1 Decision Trees for Causal Estimation

All three methods considered share a common structure: they are all variations
of regression trees with post-pruning. However, the way regression trees are used
differs slightly from the usual applications. The goal of most regression trees is to
approximate a function from data (see Section 2.1). Once trained, the typical use-
case is then to give a prediction of the function output for single new units. The
regression tree model does this by categorizing each unit into a leaf and returning
the associated value for the leaf learned during training. In our case, we don’t use
the trees to make predictions for unseen individual units. Rather, we use the model
to group units from the available data into balanced partitions, which can then be
used to estimate treatment effects. All three algorithms are therefore split into two
stages, as represented in Figure 3.1:

1. Learn Balanced Partitions - Minimize the impact of confounders on treat-
ment effect estimates by creating balanced partitions using decision trees and
the training data.

2. Estimate Treatment Effects - Estimate a confidence and sensitivity interval
for the population ATE by aggregating estimates of the ATE from the balanced
partitions.
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Figure 3.1: Flowchart of the top-level algorithm. The first phase takes training data
as input and produces a tree which splits the data into balanced partitions to reduce
the effect of confounders, The second phase estimates the Average Treatment Effect
(ATE) and produces a confidence interval (CI) and a sensitivity interval (SI) from
the balanced partitions and evaluation data.

This difference is also reflected in how the available data is used. In typical appli-
cations of regression trees, data is split into training used to learn the regression
tree model and test data used to evaluate the performance of the model. In our
application, however, we split the data into training data and estimation data.
The training data is still used to learn the regression tree model. However, rather
than providing an idea of how the model will perform on new data, the estimation
data is used directly to estimate the causal treatment effects. It should be noted
that it is also possible to use the training data directly to estimate the treatment
effect. However, as Athey argues in [12], maintaining honesty facilitates analysis
and eliminates some forms of bias leading to better coverage.

Finding balanced partitions by learning trees from training data is done with a
greedy recursive algorithm in the same way regular regression trees are trained, as
described in Section 2.1. When growing the tree, the only difference between the
three methods is the splitting criterion used to decide which split is best for
each branch. A simple early stopping criterion is used: a branch is not considered
valid if it reduces the number of treatment groups in one of the children, or if the
number of samples in a treatment group in one of the children goes below a pre-
specified min_group_size. After the growing phase, cost-complexity pruning is used
to shrink the tree. The total number of nodes in the tree is used as a proxy for model
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complexity. Again, the only difference between the three methods in the pruning
phase is the pruning criterion used to evaluate the performance of a particular
node.

The second phase of all three methods consists of estimating the global average
treatment effect from the tree and some estimation data. A tree can be described
as a partitioning IT of a covariate space X, where #(II) is the number of partitions
in the partitioning (the number of leaves in the tree):

#(1)
II = {l17l27...,l#(1—[)}, where U lz =X
i=1

A leaf (or partition) is balanced if conditional ignorability holds given only that X
is in the leaf. In other words, a leaf [ is balanced if the following holds:

YA)LT|Xel Vte{o,1}

Given a partitioning II, we can define the conditional average treatment effect in
a particular leaf [ as the expectation of the potential outcomes over the covariate
partition described by (:

(1) = CATE(l) = Exy[Y(1) | X €l] - Exy[Y(0) | X €], 1€l

The global average treatment effect is given by the expectation of the conditional
average treatment effect over all the leaves [ € II:

7= ATE = Eq[r(1)]

Given estimation data and assuming conditional ignorability in the leaves, we can
estimate the conditional average treatment effect 7(), where N;; is the number of
samples in group ¢ € {0,1} in leaf [ € II:

1
)= v 2w
0 Nt Nio i:xzi‘él
ti= t;=0
The average treatment effect 7 can be estimated as follows, where N; is the number
of samples in leaf [ and N is the total number of samples in the estimation data:

. o Vi
P S APE =) = X AN

lell lell

However, in order to compute this estimate we need each leaf to have at least
one sample in both the treatment and the control group. This is not guaranteed,
as we only have a finite amount of samples in the estimation data. This is also
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not guaranteed by the min_group_size hyper-parameter in the tree learning phase,
since that only ensures that there are min_group_size samples in each group in each
leaf for the training data, not the estimation data. To solve this problem, we further
prune the tree. For each leaf in the tree, if the leaf does not contain enough samples
in each group, then its parent is pruned. This effectively groups the samples from
the leaf with the samples from its sibling leaf. This process continues until there
are enough samples in each group in each leaf. A visual example of this algorithm
is shown in Figure 3.2.

a a
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Figure 3.2: An example of pruning the estimation data set in order to have at least
one sample per group per leaf. In this case, the estimation data is made up of
8 samples in the treatment group (blue) and 8 samples in the control group (red).
Node d is pruned from the original tree (left) since there are no samples in the control
group. Similarly, node ¢ is pruned since there are no samples in the treatment group.
The resulting pruned tree is depicted on the right.

3.2 Linear Dependence Trees

The goal of our methods is to find an interpretable tree that splits the covariate
space into balanced partitions where Y(¢) L T' | X € [. The central idea behind
our first method is to directly measure the dependence between the covariates and
the treatment assignment in the partitions created by the tree, and then use the
dependence measurement to grow and prune the tree.

We define a new splitting criterion, the direct dependence criterion, which com-
putes the decrease in dependence between a covariate and the treatment assignment
for a particular split s. Let x. and t be the covariate ¢ and the treatment assignment
of the units in the parent node respectively. Let x.; and t; be the covariate and
treatment assignment of units in the left child node, and x. z and tz be the covari-
ate and treatment assignment in the right child node. Then, the direct dependence
DD(x.,t;s) for a particular split s and a dependence measure Dep : X, x T — R is
given by:
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#(tr)
#(t)

#(tr)
#(t)

DD(x.,t;s) = Dep(x.,t) — Dep(X..r,tr) — Dep(Xcr.tr) (3.1

Note that here the dependence measure only measures the dependence between a
single covariate and the treatment assignment. To find the best split, the dependence
decrease is computed for all possible thresholds for each covariate at a node, and
the split with the highest dependence decrease is chosen.

The pruning criterion is also defined in terms of the dependence measure. In this
case, we want a measure that summarizes the relationship between all covariates and
the treatment assignment. We define our pruning criterion PC' : X x T — R as the
average dependence in the node between covariates and the treatment assignment,
where C' is the total number of covariates and the average is taken with a uniform
prior:

C
PC(x,t) = éz Dep(x,,t)
-1

As for the dependence measure, there are many possible options. We opted for a
measure based on the Spearman Rank Correlation Coefficient 7, and defined our
dependence measure as:

Dep(x,t) = |rs| = |Spearman(x,t)|

We chose to use the Spearman Rank Correlation Coefficient because it is simple and
intuitive to understand, but has more expressive power than the Pearson Correlation
Coefficient as it encompasses correlations between all monotonic functions rather
than just linear functions. This measure of dependence however assumes that the
dependence in the partitions is monotonic, which might not always be the case.

Another potential measure for dependence between covariates and treatment as-
signment is the Maximum Mean Discrepancy (MMD). For a particular leaf [, let
m(x)=PX=x|x€L)and q(x,t) = P(X=x|T =t,x € L). Assuming that
the mean outcome belongs to a certain function class F, E[Y | X =x,T =t] € F,
then it can be shown that the MMD is connected to an upper bound based on the
mean outcome:

ElY(t) | Xel] <E}Y |T=tXell+MMDr(p(x),q(x,t))

See Appendix A.2 for the full derivation.

The MMD is a more powerful dependence measure than the Spearman Rank Cor-
relation Coeflicient, since one is not limited to define F as the class of monotonic
functions. However, we didn’t have enough time in our project to fully explore this
avenue, so we decided to use the Spearman based measure of dependence instead.
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As this method focuses on directly measuring violations of ignorability, we used the
Additive Bias Model as the sensitivity model for this method.

3.3 Outcome Variance Trees

Rather than directly measuring the dependence between the outcome and the treat-
ment assignment, outcome variance trees use the outcome variance in order to rank
the performance of nodes by using variance reduction as the splitting criteria. Vari-
ance reduction also serves to optimize the sensitivity interval constructed by the
additive bias model discussed in Section 2.5.1 since it seeks to minimize the vari-
ance in each leaf.

The additive bias model looks at the repercussions of violations of ignorability in
terms of covariates X. The central result was a decomposition of the true average
treatment effect 7 into the observed treatment effect under ignorability in terms of
X, 7*(x), and a bias term dependent on the residual variance of the outcome. In
other words, when Y'(¢t) £ T | X:

T=7"—ME[o1(xX)P(T=0| X =x)] — ME[oo(x)P(T =1| X =x))]
In our case, rather than violations of ignorability in terms of X, we are interested
in violations of ignorability in terms of the leaves of the tree: Y (¢t) £ T | X € L.
Therefore, we adapt the additive bias model to condition on the partitions rather

than the individual xs, effectively using a coarser balancing score. We define the
additive bias in terms of the leaves:

EY®)|T=1,Xecl]=EY({#)|T=0Xel—n() Vte{01}

Assuming consistency, this leads to the following decomposition of the average treat-
ment effect:

=7~ ME[oi()P(T = 0| X € )] = ME[oo()P(T = 1] X € 1))]

where in this case 7, the average treatment effect under ignorability, is defined as
an expectation over the leaves of a particular partitioning II:

T =En[r ()] =En[EY | T =1,Xe€l]-E[Y | T=0,X €]

and the variances oy(() are also defined in terms of the leaves:

o(l)=\VY(t)|T=tXel] vte{0,1}
We can then compute estimates for 7 from the estimation data:
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1 1
7)) = — ;= —— i
( ) val ZXZ‘EZ NZ,O z:xzi;Ly
t;i=1 t;=0
Ak Ak A% NL
—ZT (l)P(Lzl)=Z (Z)W
lell lell

U ogix; €l i:x; €l
ti=t ti=t
N, N,
7ﬁ:7ﬁ*—)\1201(l) ]\1/10 —)\020'0([) ]\l/ll
lell lell

Since 0 < 0y(l) and 0 < P(T =t,L =) < 1 for all values of ¢t and [, then the sign of
the two bias terms is fully determined by their \;. If we let A, \g € [=\, A], where
A is a free parameter informed by domain knowledge, then we can easily compute
the sensitivity interval as:

A
T=sup7=7+— [m(l)Nz,o + Uo(l)Nm]
A1, Ao N i
£ 7o A (1)Nyo + oo(D)N, }
7= inf 7 =7"—— o ot
a1 A do N = 1 1,0 0 1

Then, the sensitivity interval can be computed as:

SI=|z 7|

To construct the tree that minimizes the width of the sensitivity interval we need to
choose appropriate splitting and pruning criteria. This is simple in this case: since
the bias is entirely described by the variance in the outcome, we can just use the
variance reduction on the outcome variable as described in Section 2.1.

Algorithm 2 shows a summary of how to compute the sensitivity interval using the
outcome variance method. It is worth noting that this method focuses solely on
the outcome variable and does not consider the relationship between the covari-
ates X and the treatment 7. This approach also requires the same assumptions of
smoothness and large-enough sample size as the Additive Bias Model from Section
2.5.1.
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Algorithm 2: Outcome Variance Method
Inputs
e Dyrain - Training data
e D.gim - Estimation data
e ) - Sensitivity parameter
Outputs: Upper and lower bound of SI for the ATE

tree <— QutcomeVarianceTree() .fit (Dyrain)

L + tree.partition (D sim))

N « size(D.sim)

7% sum(7*([)N;/N for l€ L)

bias < sum(oy(I)Nio/N + 0o(l)Nii /N for e L)
lower <— 7* — X\ bias

upper < 7 4+ \ bias

return lower, upper

3.4 Propensity Trees

Rather than focusing on the relationship between the covariates and the outcome
variance like the outcome variance trees, propensity trees take inspiration from In-
verse Propensity Weighting (Section 2.3) and the Marginal Sensitivity Model (Sec-
tion 2.5.2) and focus on the relationship between the covariates and the treatment
assignment.

First, two definitions:

Definition 1 (Nominal propensity). The true propensity including only observed
confounders, defined as e(x) = P(T =1 | X = x). Reweighting by this propensity
will not yield a balanced pseudo-population due to the remaining confounding bias
coming from the unobserved confounders. However, this propensity can be estimated
from data since it only relies on observed quantities.

Definition 2 (Leaf propensity). The estimate of the propensity from the leaf of
the tree, defined as ¢, = P(T' =1 | X € [). Given estimation data partitioned by
a tree, the leaf propensity for leaf [ can be estimated as e, = N;;/N;, where N is
the number of samples in the treatment group in leaf [ and N, is the total number
of samples in leaf [. Although less accurate than the nominal propensity e(x) since
it relies on leaves rather than the full covariate space, this propensity remains more
interpretable because it can be estimated directly from the tree.

The nominal propensity e(x) and the leaf propensity e; can be visualized on a spec-
trum represented in Figure 3.3. The most fine-grained balancing score is the identity
function on the far left, which follows from the fact that x is a valid adjustment set.
The coarsest balancing score is the nominal propensity score e(x). Everything to
the left of the nominal propensity score is an approzimation of the nominal propen-
sity. These functions only approximately balance the data, and the coarser they are
the worse the approximation. The leaf propensity is a piece-wise constant approx-
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Figure 3.3: Spectrum of balancing scores in terms of how fine-grained they are.

imation of the nominal propensity and therefore lives in this space. A larger tree
will produce a more detailed and expressive piece-wise approximation, and the leaf
propensity will move to the left in the diagram. However, interpretability becomes
a concern here: the tree cannot become too large. Therefore, the estimate e; cannot
just approximate e(x) as closely as possible, but must take into account the size
of the tree as well. The coarsest approximation of the nominal propensity is the
constant function which uses no information from the covariates. In the case where
ignorability holds, e(x) is a constant function (since treatment assignment is not
influenced by the covariates) and the gap between e(x) and b(x) disappears.

As seen in Section 2.3, classical IPW re-weights the samples according to their
nominal propensity to create a balanced pseudo-population from which treatment
effects can be estimated:

P(T =t)

E[Y ()| X] = E | =

Y |T=tX=x

In our case, rather than a re-weighting of the whole population we are interested in
a per-leaf re-weighting, effectively creating per-leaf pseudo-populations. Assuming
consistency and that X is a valid adjustment set, per-leaf re-weighting can be done
as follows:

€

EW@|X€Q:E6@>

Y|T=tXcl (3.2)

For a full derivation of the result above see Appendix A.3.

Taking inspiration from the Marginal Sensitivity Model, we can start looking at what
would happen if X is not a valid adjustment set. We introduce a set of unknown
confounders U such that Y (¢t) £ T | X but Y(¢) L T | X, U. Then, we define the

following;:

Definition 3 (Complete propensity). The true propensity when including both the
observed and unobserved confounders, defined as é(x,u) = P(T'=1| X =x,U =
u). Reweighting the population by the inverse of the complete propensity would
yield a balanced pseudo-population since all relevant confounders are taken into
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account. However, this function cannot be estimated from data since we don’t have
access to the unobserved confounders U (by definition).

The complete propensity can be used to correct Equation 3.2 for unobserved con-
founders:

e e(x)

E[y(1)| X €] =E

YI|IT=1,Xel
o) i) | R

This decomposition presents two potential sources of error:

1. The coarsening of the leaf propensity relative to the nominal propensity implies
that e(e)l( ) # 1. This might be due to the tree model being unable to fully
model the propensity score due to sample size limitations or interpretability
constraints. This effect can be corrected for since both €, ~ ¢, and é(x) ~ e(x)
can be estimated.

2. The bias due to unknown confounders implies that -<*- = 1. This effect

e(x,u)
cannot be corrected for since é(x,u) cannot be estimated from the available
data. Instead, we can perform a sensitivity analysis by bounding é'gf{xl)l) by
some I' and observing how changing the bounds affects the final sensitivity

interval.

This leads to the following formulation:

€

BIY(1) [ X el = |

WY |T=1Xel

The upper and lower bounds of E[Y (1) | X € [] for a particular I' can be computed
by taking the supremum and infimum over the weights:

.
E[Y(1) | Xel]= sup E
L<w<r e(x)

WY |T=1Xel

WY |T=1Xel

_el

EY(1)|Xel= inf E

law<r  |e(x)

These can be computed efficiently by splitting the outcomes Y in the leaf into
two groups, one with positive outcomes and the other with the negative outcomes,
taking advantage of linearity of expectations. For the upper bound, we maximize
the positive values by setting W = I" and minimize the negative values with W = %
For the lower bound we do the opposite: we minimize the weights for positive values
and maximize the weights for negative values.
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Figure 3.4: An illustration of the marginal sensitivity interval for estimating the
average Y (1) in leaf [. Point a represents the estimate of Y'(1) assuming ignorability,
E[Y | T = 1,X € [|. Point b represents the estimate when making the e;/e(x)
correction and assuming that X is a valid adjustment set, E[e(e)l{) WY |T=1X¢el.
The interval around b shows the range of possible values the estimate b could take if
the weight W = % was bounded by some I'. Notice that in this case point a lies
outside of the interval around b, and therefore the interval is extended to the left to

include point a.
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The sensitivity interval for the estimate of the potential outcome Y (1) can be com-
puted as the interval between the upper and lower bounds:

SI(1) = [E[y(1) | X e I,E[y(1) [ X €] |

However, there is a problem in this approach. As shown in Figure 3.4, there
are two potential ways to estimate the average treatment effect with this model:
point a = E[Y | T = 1,X € [] which assumes that the leaves are balanced
and point b = E[%Y | T = 1,X € ] which weights the outcome based on
the propensity in the leaves and the estimated propensity. The former is simpler
and more interpretable than the latter since it does not rely on the opaque esti-
mate for the nominal propensity é(x), but it might not be included in the interval

[E[Y(1) | X €l],E[Y(1) | X €] ] if enough confounding bias is left in the leaf. For
this reason, we chose to use the smallest interval which both contains the estimate
assuming ignorability and the upper and lower bounds:
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SI(1) = max (E[Y | T=1,X €l], E[Y(1)| X €] )

Sh(1) =min (E[Y | T=1,X€el], Ey(1) | X €] )

The upper and lower bounds for the expected value of the potential outcome where
the treatment was not given in leaf [, S1;(0), can be computed similarly by noting
that P(T = 0| X) =1— P(T =1 | X). Then, the sensitivity for the average
treatment effect in leaf [ is computed as:

SI, = SI(1) — SI(0)

SI; = SI(1) — S1i(0)

S]l: [S']la‘SIZ]

Finally, given a tree partitioning II, the sensitivity interval for the global average
treatment effect is given by the weighted average of the sensitivity intervals in the
leaves:

SI =Y P(L=1)8I,

lell

As for the splitting and pruning criteria, similarly for the outcome variance method
the goal is to optimize the tree in order to minimize the sensitivity interval. In
turn, this involves both minimizing the upper and lower bounds for the potential

outcomes, E[Y (t)] and E[Y (¢)], as well as the distance between E[Y | T = ¢, X €[]
and E[-4.Y | T = t,X € []. To minimize these quantities directly, we opted to

é(x
base the splitting and pruning criteria on the width of the sensitivity interval, as it
reflects both quantities. Specifically, the best split was chosen as the split that most
decreased the width of the sensitivity interval in the children nodes on average. The

pruning criteria was set to the width of the sensitivity interval in each node.

3.5 Confidence Intervals for Trees

In this section we describe two methods for constructing confidence intervals for the
tree methods described above.
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3.5.1 Large-Sample Confidence Intervals

The general structure of the large-sample method for generating confidence intervals
from a tree is to first find the confidence intervals for the average treatment effect in
the leaves of the tree, and then aggregating those intervals into a single interval for
the global average. From the Central Limit Theorem, the per-leaf average treatment
effects are assumed to be normally distributed. One can then compute then the
confidence interval for the global average treatment effect as follows:

1. In each leaf, estimate the standard error of the average treatment effect.
2. Aggregate the per-leaf standard error to find the global sample standard error.
3. Use the global standard error to find a confidence interval for the global ATE.

When constructing the confidence intervals in the leaf partitions, we assumed that
the tree produces balanced partitions and therefore that the data is unconfounded.
Let p+ and o0;; be the mean and standard deviation of the outcome Y in group
t € {0,1} in leaf [. Given balanced leaves, the average treatment effect in leaf [ is
given by 7(t) = w1 — puo. The standard error of the average treatment effect in leaf
l, SE(7(l)), is defined as the standard deviation of the sampling distribution of 7(I).
A common technique to compute the sample standard deviation of the difference of
means if the Student’s t test. However, we cannot assume that ol, 1 = 0y, since the
distribution of the treatment and control groups might differ. Therefore, the Welch
t test is used instead of the Student’s t test, which defines SE(7(l)) as:

2 2
of op
SBCO) =\ 5, + Mg

where Ny ; is the number of samples in the treatment group in leaf [ and N is
the number of samples in the control group in leaf . When 0;; and o070 are not
known, these can be approximated by the sample standard deviations s;; and s;
computed from the treatment and the control group. The standard error can then
be approximated by:

51271 312’0
SE(r(l)) ~ N + N

Given a tree partitioning II, the point estimate for the global average treatment
effect is estimated as the weighted average of the point estimates for the ATE in
each leaf:

N,

7 =En[r(l)] = ZT(Z) N

lell

where N, is the number of samples in leaf [ and N is the total number of samples.
The standard error of the global average treatment effect can be derived as follows:
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SE(r) =Y SE (]X;T(Z)) -y %SE (~(1))

lell lell

This derivation assumes that 7(l)s are independent from each other. This is a
plausible assumption since we assume that the units are i.i.d., and the growing of
the tree which creates the leaf partitions is done on a separate data set (the training
data). This is related to confidence intervals in stratified sampling, where in our
case the stratifications are the partitions given by the leaves.

Finally, given a large enough sample size we can say that the distribution of 7 is well-
approximated by a normal distribution. Therefore, the (1 — a) confidence interval
can be computed as:

CI(T) =T % 24/25E(T)

where 2,5 is the critical value computed from the z-distribution (the standard nor-
mal distribution). The full algorithm for computing the large-sample confidence
interval is summarized in Figure 3.

Algorithm 3: Large-Sample Confidence Interval
Inputs

o tree - Trained tree

e Dgyu - Evaluation data set

e CL - Confidence Level
Outputs: Lower and upper bounds for ATE

leaf means < [ ]

leaf vars < [ |

X, T,Y < Deya

for p € tree.partition(X) do

Y1, Y0 < SplitTreatmentGroups (Y, 7},)
M1, Sp1, Np1 — Mean (Y1), Std (Y1), Len(Y};)
Mpos Spo, Npo — Mean (Y,0), Std(Y,0), Len(Y,0)
My <= Mp1 — Mpo

sp < UnpooledVariance (S,i, Spo, Mp1; Npo)
leaf_means.append(m,)
leaf_vars.append(s,)

end

m, s*> < WeightedAverage (leaf means, leaf vars)
I < GaussianInterval(m, s, CL)

lower <—m — I

upper < m + [

return lower, upper
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3.5.2 Bootstrap Confidence Intervals

Algorithm 4 shows the algorithm used to compute the bootstrap confidence in-
tervals. The evaluation data set has the same shape as the training data set:
Devar = (Xevats Tevat, Yevar)- In order to compute the mean, there must be at least
one sample in both the treatment and the control group (i.e. set(Teva) = {0,1}.
Sampling is done with replacement and per treatment group since they may have
different distributions. The proportion of samples in each group is kept the same: if
the original sample has 70 units in the treatment group and 30 units in the control
group then the bootstrapped samples will also have 70 units in the treatment group
and 30 units in the control group. Percentiles are computed by returning the value
in pus at the index corresponding to the confidence level. For example, if we had
1000 bootstrap samples and a two-tailed confidence level C'L = 0.975, then the lower
bound corresponds to the value in ps at index 25 and the upper bound would be
the value in ps at index 975.

Algorithm 4: Bootstrap Confidence Interval
Inputs

e tree- Trained tree

e D,y - Evaluation data set

o CL - Confidence Level

e B - Number of bootstrap samples
Outputs: Lower and upper bounds for ATE

Function Sample(D):
Dy, Dy < SplitTreatmentGroups (D)
Sy < SampleWithReplacement (D;)
So +— SampleWithReplacement (D)
return S; + 5y

ps =[]
for b € B do
Sy < Sample (Deyar)
[ < tree.predict_ATE (Sp)
pis . append (y)
end
s < Sort (us)
lower = Percentile(us, (1 —CL)/2)
upper = Percentile(us, (1+CL)/2)
return lower, upper
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Experiments

In order to evaluate the linear dependence tree, outcome variance tree and propen-
sity tree we ran three experiments. Each experiment is executed on two data sets:
a synthetic data set with a simple, well-defined data generating process and THDP,
a semi-synthetic data set which is closer to what one might encounter in the real
world. The trees are compared to benchmark models which use similar assumptions
where appropriate. We begin by providing a description of the data sets in Section
4.1. Next, we examine the relationship between tree size (our proxy value for in-
terpretability) and model performance in Section 4.2. Section 4.3 looks at how the
SI parameters affect the interval width and coverage probability for the different
models. Finally, Section 4.4 compares the confidence intervals constructed by the
various models.

4.1 Data Sets

In this section we describe the two data sets used in the experiments: a synthetic
data set generated from a simple linear propensity model and IHDP, a semi-synthetic
data set with more realistic properties that is commonly used for benchmarking in
the causal inference community.

4.1.1 Synthetic Data Set

The aim of the synthetic data experiments is to explore the methods while having
more control over the data. We can use a model that is simple to reason about and
remove the effects of noise in the outcome. Using synthetic data also lets us have an
exact equation for the propensity which we can use as an estimate in the Propensity
Method for best-case scenario performance.

The data for this experiment is generated randomly from the simple model described
in Figure 4.1. The model has a single continuous uniformly distributed covariate
X € [0,1]. The propensity is a linear function of X, and it ensures positivity as the
line never crosses 0 or 1. The outcome Y is generated as a linear function of X and
T. The outcome is therefore confounded by covariate X since it affects both the
treatment effect and the outcome. The true average treatment effect in this model
is 4. The average treatment effect assuming ignorability is 5%, meaning there is a
confounding effect of 5% —4 = 11—15.
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Figure 4.1: The linear propensity model

4.1.2 IHDP Data Set

The goal of the semi-synthetic experiment is to provide insights into the performance
of the methods in a more realistic setting. For this purpose, we utilize the IHDP data
set [15]. This data set comprises of 6 continuous and 19 binary covariates, with 139
units in the treatment group and 608 units in the control group. While the covariate
and treatment assignment data originate from a real-world randomized experiment
called the Infant Health Development Program, the outcome is generated based on
these covariates (hence the semi-synthetic label). This ensures ignorability, as the
outcome is only dependent on the measured covariates. To introduce confounding
bias, a non-random portion of the treatment group is removed, simulating data from
an observational study. The advantage of semi-synthetic data set over a real world
data set is that we still know the true treatment effect while still being more realistic
that the simple model from Section 4.1.1. The true average treatment effect in this
model is 4, whilst the average treatment effect assuming ignorability is unknown.

4.2 Experiment: Cost-Complexity Parameter

This experiment focuses on the relationship between interpretability and model per-
formance. The size of the tree is used as a proxy for interpretability: the smaller the
tree, the more interpretable it is assumed to be. Note that this is a strong assump-
tion: there may be many other factors that contribute to the interpretability of trees
other than the tree size, as outlined in Section 2.6. Model performance is measured
by the point-estimate for the ATE and the sensitivity interval. A performant model
would have ATE estimates close to 4 (the true treatment effect set in the model)
and small sensitivity intervals with good coverage. As the tree size decreases we
expect the models to become less expressive and therefore less able to effectively
split the data into balanced leaves. The ATE estimate would be expected to drift
upwards towards the estimate for the ATE which assumes ignorability. Similarly, the
sensitivity interval is expected to increase in width for the same sensitivity interval
parameter.
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The experiment involves varying the cost-complexity parameter, which controls the
post-pruning of the trees. The higher the cost-complexity parameter, the more the
pruning stage will give importance to the tree size and will tend to select smaller
trees. First, the tree is trained on the data without post-pruning. Then, the same
tree is copied and post-pruned for N = 50 different values of the cost-complexity
parameter, ranging from close to 0 to 1. After pruning, the model is used to estimate
the ATE, sensitivity interval and tree size. This entire process is repeated for M = 30
different trees to get an idea of the variance in the results. The sensitivity intervals
for the outcome variance and linear dependence trees are computed with A = 1.
I' = 1.1 is used for training and estimating the sensitivity interval for the propensity
tree.
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Figure 4.2: Relationship between the cost-complexity parameter, the tree size and
the sensitivity interval for the synthetic data

Figure 4.2 shows the results for the synthetic data set. As predicted, in all three
cases the tree size (represented in blue) decreases as the cost-complexity parameter
increases: the more importance is given to the size in the pruning, the more the
pruning is likely to select smaller trees. All trees eventually reach size 1, where the
selection pressure for smaller trees outmatches the performance gains from more
nodes due to larger cost-complexity parameters. However, for small values the trees
do not start at the same size: the outcome variance tree starts with around 90 nodes
on average, the linear dependence tree with around 12 and the propensity tree with
just under 4. The outcome variance tree is therefore much more expressive at lower
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Figure 4.3: Relationship between the tree size and the sensitivity interval for the
synthetic data

values of the cost-complexity parameter, which is reflected in it’s better ATE point-
estimates and smaller SI width. The propensity and linear dependence trees reach
tree size 1 between 107! and 10°, at which point the ATE point-estimate jumps to
the estimate assuming no confounding bias (5%) This is because trees of size 1
assume that all the data belongs to the same leaf and therefore assume the data is

already unconfounded.

In all three cases, the performance of the model in terms of the sensitivity interval
and ATE estimate also worsens as the cost-complexity parameter increases. The
ATE estimate moves further from the true value of 4 (the dashed line) and towards
the estimate assuming ignorability. The interval width also steadily increases as
the tree size decreases, leaving to a right-facing trumpet-like shape. This pattern
of the interval width increasing as the tree size decreases is also demonstrated by
the negative shape of the curves in Figure 4.3. The large jump in the propensity
tree is also reflected here as a sharper angle in its relationship between tree size and
interval width.

Figures 4.4 and 4.5 show the results for the IHDP data experiment. As with the
synthetic data, the tree size decreases as the cost-complexity parameter increases
for all three trees. However, likely due to the higher amounts of noise in the data,
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Figure 4.4: Relationship between the cost-complexity parameter, the tree size and
the sensitivity interval for the IHDP data

both the tree size variance and the sensitivity intervals are significantly wider than
before.

The outcome variance tree starts smaller than for the synthetic data at around 55
nodes, and also stays larger for much longer than before, with the drop-off occurring
at ~ 1072 instead of ~ 1073. The outcome variance tree also still has the expected
negative correlation between interval width and tree size.

The linear dependence tree also starts smaller at ~ 5 nodes in the tree on average.
However, contrary to the outcome variance tree, the tree size drop off occurs sooner
than its synthetic counterpart, with the tree reaching size 1 already at 1072. In fact,
we had to extend the range of the cost-complexity parameter for the IHDP data to
include values of the order of 107 in order to capture some of the drop-off to tree
size 1. The negative correlation between tree size and interval width also holds for
the linear dependence tree, although the interval width varies much less than before.
These differences could be due to the fact that the values computed by the direct
dependence criterion from Equation 3.1 are all very close to each other for the IHDP
data, possibly due to the increased noise. In turn, this implies that improvements
to the sensitivity interval due to growing the tree are only slight and easily affected
by the cost-complexity parameter.
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Figure 4.5: Relationship between the tree size and the sensitivity interval for the
[HDP data

Contrary to the other two trees, the propensity tree started out at a similar size
as in the synthetic data experiment. Similarly to before, it still has a slow drop-off
to tree size 1 from 1072 to 10~!. However, the variance for the tree size is much
more pronounced in this experiment. The propensity tree also breaks the pattern
in terms of the interval width. Whereas all the models trained on synthetic data
and the other two trees trained on IHDP data all have a negative curve in the tree
size vs. interval width graph, the propensity tree has a positive curve in Figure
4.5. This is strange, as it implies that increasing the size of the tree decreases the
performance of the sensitivity interval. Our hypothesis is that this behaviour comes
from the e(il( ) ratio in Equation 3.3. Similarly to IPW, dividing by the propensity e(x)
exacerbates the impact of outliers with propensities close to 0. At the same time,
subdividing the population has a chance of increasing some of the leaf propensities
e; since there are fewer samples in each leaf. These two effects sometimes interact
multiplicatively with each other, leading to very large sensitivity intervals for some of
the leaves, which negatively affect the final sensitivity interval. This effect becomes
more pronounced when I is set to 1 for both training and estimation (as show in
Figure 4.6) which effectively reduces Equation 3.3 to:
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Figure 4.6: Relationship between the cost-complexity parameter, the tree size and
the sensitivity interval for the propensity tree trained on IHDP data

4.3 Experiment: Sensitivity Parameter

The goal of the sensitivity parameter experiment is to evaluate the quality of the
sensitivity intervals computed by the tree models. A good sensitivity interval is
the smallest interval that has the wanted coverage properties. For example, for a
confidence level of 95%, the ideal interval is the smallest interval which contains
the true value 95% of the time. To this end, intervals are often evaluated on two
metrics: the interval width and the coverage. The interval width is simply the
difference between the upper bound and the lower bound. The coverage is the
probability that the interval will contain the true value of the measurement.

In our context, the sensitivity interval directly depends on a free parameter we
(creatively) call the sensitivity parameter. In the Additive Bias Model (Section
2.5.1) the sensitivity parameter is A, the multiplier in front of the bias computed
from the outcome variance. In the Marginal Sensitivity Model (Section 2.5.2) the
sensitivity parameter is I', which defines the bounds for the weight associated with
the unknown confounders.

The central idea of the experiment is to vary the sensitivity parameter and compare
the width and coverage of the sensitivity intervals produced by the models for the
same parameter. However, since the function of the parameter varies significantly
for the different sensitivity models, they are difficult to compare directly. Instead,
we limited ourselves to comparisons between models which use the same sensitivity
analysis method. In the case of the Linear Dependence Tree, which is not associated
with a particular sensitivity analysis method, the sensitivity interval was computed
for both sensitivity analysis methods. In the experiment we also compared the
tree models to two benchmark models: a T Learner with regression trees for the
additive bias model class and a classical IPW with a regression tree estimate of the
propensity score for the marginal sensitivity model class. The benchmark models
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were chosen to be simple, not constrained to be interpretable and to rely on similar
base assumptions as the tree models.

The experiment was conducted as follows. For each model type, M = 30 models were
trained and evaluated on different realizations of the data sets. For the synthetic
data, new data was generated to train each model (500 samples). For the IHDP
data, each model was trained on a different realization of THDP with a 50/50 split
between training and evaluation sets, maintaining the same proportions of treated
and control units. For each trained model, the sensitivity interval was computed for
N = 50 sensitivity parameters. The As were varied between 0.01 and 0.7, whereas
the I's were varied between 1 and 1.3. The training I" for the propensity tree was set
to the same value as the estimation I'. The trees were given a small cost-complexity
parameter of 0.00001 in order to produce larger and more expressive trees. The
only exception was the IPW regression tree, which was given a cost-complexity
parameter of 0.01 in order to avoid extreme propensity predictions (predictions of
0 or 1). Finally, the interval width and coverage metrics were computed from the
sensitivity intervals for each sensitivity parameter. Coverage was computed as the
percentage of sensitivity intervals which contained the true treatment effect (4 in
each case). Interval width was computed as the unweighted average interval width.
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Figure 4.7: Relationship between the SI parameter and the sensitivity interval width
and coverage probability for the synthetic data for models using the Additive Bias
Model

Figure 4.7 shows the results for the additive bias sensitivity models run on the syn-
thetic data set. The interval width for all three models scales linearly with the
sensitivity parameter, which follows directly from Equation 2.7. The outcome vari-
ance tree has a smaller gradient and variance for the interval width, which indicates
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slightly better performance. This is likely due to the outcome variance tree opti-
mizing directly for minimal sensitivity intervals constructed by the additive bias
method. The two tree models were comparable in terms of coverage. The T Learner
however has wider average interval width and higher coverage than the other two
models. One reason for this could be that T Learners train two models, one on the
data from the control group and the other on the data from the test group, and then
uses the output of the models to estimate the treatment effect. Splitting the data
in this manner gives less data to each individual model, which tends to introduce
more variance in the output and increases the size of the sensitivity interval.
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Figure 4.8: Relationship between the SI parameter and the sensitivity interval width
and coverage probability for the synthetic data for models using the Marginal Sen-
sitivity Model

The results for the models using the marginal sensitivity analysis are displayed in
Figure 4.8. Here, as in Figure 4.7, the sensitivity interval width seems to grow lin-
early with the sensitivity parameter I'. In the marginal sensitivity analysis, I' defines
bounds for the weights representing the bias from the unobserved confounders. The
upper bound is defined as I' and the lower bound as % The upper bound is linear
with the sensitivity parameter and the lower bound is approximately linear (since
for the restricted domain of [1,1.3] y = % is approximately linear, which explains the
apparent linearity of the interval width. In terms of variance of the interval width,
the linear dependence tree has a remarkably lower variance than the other two mod-
els. The coverage is also markedly better for the linear dependence tree than for the
other two models, converging to 1 much faster than the rest. The propensity tree
and inverse propensity weighting behave similarly, with the coverage plateauing at
1. However, the propensity tree is the only model that has an above-zero coverage
and interval width for I' = 1. This is due to the fact that the sensitivity interval
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for the propensity tree also takes into account the unbiased estimate for the average
treatment effect, which widens the interval and increases coverage for small values

of I.
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Figure 4.9: Relationship between the SI parameter and the sensitivity interval width
and coverage probability for the IHDP data for models using the Additive Bias Model

Figure 4.9 shows the results of the experiment for the additive bias sensitivity models
on the THDP data. All three models performed similarly. The interval widths
are linearly related to the sensitivity parameter as before, but their variance has
significantly increased. The coverage is also poorer overall, only reaching ~ 0.85
at A = 0.7. These effects could be explained by the fact that the IHDP data is
much noisier than the synthetic data, which interferes with the algorithms’ ability
to identify and remove confounding bias.

Finally, the results of the experiment for the marginal sensitivity analysis models
are shown in Figure 4.10. Similarly to the synthetic data, the interval widths seem
to grow approximately linearly with the sensitivity parameter, although the non-
linearity becomes more apparent in the interval width variance. The interval width
variance and coverage are also worse than before, likely due to the noisiness of the
[HDP data relative to the synthetic data. The interval width variance however also
seems to grow considerably with the sensitivity parameter which was not the case
before. Another similarity with the models trained on synthetic data is that the
linear dependence tree is the clear best performer, with much better coverage and
smaller interval width than the other two.
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Figure 4.10: Relationship between the SI parameter and the sensitivity interval
width and coverage probability for the IHDP data for models using the Marginal
Sensitivity Model

4.4 Experiment: Confidence Intervals

The goal of this experiment is to compare the confidence intervals generated by
the three methods over 500 realizations of each data set. Confidence intervals give
a different perspective from sensitivity intervals, as they concern themselves with
all sources of noise rather than just confounding bias. We chose to evaluate the
methods over two types of confidence intervals: large-sample (Section 3.5.1) and
bootstrap (Section 3.5.2). We also compared the methods to the two benchmarks
from the sensitivity parameter experiment from Section 4.3, as well as the estimation
of the ATE without any correction for confounding bias (which we call the "Basic'
algorithm). In training, we used a cost-complexity parameter of 0.01 for the tree
models. A training gamma of 1.2 was used for the propensity tree. Similarly to
Experiment 4.3, the quality of the confidence intervals was evaluated by recording
the coverage and the average interval width. We used a 95% confidence level when
evaluating both confidence intervals, and a bootstrap sample size of 1000 for the
bootstrap confidence intervals.

The results of the experiments can be found in Table 4.1 (synthetic data) and Table
4.2 (IHDP data). Overall, the bootstrap confidence intervals had a tendency to be
much more confident than the large-sample confidence intervals with much smaller
average interval widths across the board. However, coverage tended to go in favor
of large-sample confidence intervals, especially for the IHDP data.
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Large-Sample Bootstrap
Algorithm Width | Coverage 1 Width | Coverage 1
Basic 0.285 0.000 0.284 0.000
IPW 0.668 0.998 0.209 0.932
T Learner 0.313 1.000 0.075 0.190
Outcome Variance Tree 0.048 0.424 0.100 0.674
Propensity Tree 0.406 0.000 0.400 0.000
Linear Dependence Tree 0.109 0.054 0.158 0.106

Table 4.1: The large-sample and bootstrap confidence intervals for models trained
on the synthetic data set

Large-Sample Bootstrap
Algorithm Width | Coverage 1 Width | Coverage 1
Basic 2.106 0.616 1.105 0.416
IPW 2.106 0.616 1.164 0.452
T Learner 2.047 0.694 1.122 0.540
Outcome Variance Tree 15.759 0.884 1.496 0.600
Propensity Tree 21.748 0.936 1.562 0.522
Linear Dependence Tree  21.749 0.936 1.554 0.528

Table 4.2: The large-sample and bootstrap confidence intervals for models trained
on the IHDP data set

In the synthetic data set, the coverage for the basic model was zero for both confi-
dence intervals, meaning that the confidence intervals never contained the true value.
This is because there is a distance of 1% between the true treatment effect and the
estimated treatment effect assuming ignorability, but the average interval width is
much smaller. Since there is relatively little noise in the data and the model is
unaware of the confounding bias, the confidence intervals are overconfident. When
trained on the noisier IHDP data, the basic model is more conservative and produces
larger confidence intervals and with better coverage.

In contrast, the Inverse Propensity Weighting algorithm performed significantly bet-
ter for the synthetic data than for the IHDP data. Here, the confounding bias is
adjusted using an estimate of the propensity score, and therefore becomes much
less of a factor. The noise in the IHDP data set likely decreased the performance
of the regression tree estimate of the propensity score, which in turn worsened
the performance of the model. A similar trend can also be observed for the T
Learner: its large-sample confidence interval performs very well for the synthetic
data set, whereas the two confidence intervals for the IHDP data set perform less
well. However, the bootstrap confidence interval in the synthetic data set is the
worst performer with very small average interval width and a coverage of 0.19.

The tree models had quite different performance on the synthetic data. The out-
come variance tree produced confidence intervals with small average interval width
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and lower coverage than the IPW model. The linear dependence tree also had very
low interval widths, but with very low coverage compared to the outcome variance
tree. The propensity tree obtained a coverage of 0 for both confidence intervals.
One reason for this behaviour could be that the outcome variance tree is the most
effective of the three at reducing confounding bias in the data, whilst the propensity
tree struggled the most (just like the basic model). However, the tree models had
very similar performance for the IHDP data. The large-sample confidence intervals
had large average interval widths with high coverage, with the outcome variance
tree being a little smaller and with lower coverage than the other two. This could
be due to the fact that the large-sample intervals are explicitly based on the out-
come variance which the outcome variance tree optimizes for directly. Note that the
interval widths for the trees increased much more than for the benchmarks, indicat-
ing that the trees might not be as confident in the presence of noisier data. The
bootstrap confidence intervals for the large-sample confidence intervals are all very
comparable.

51



4. Experiments

52



O

Conclusion

This work presents three methods for estimating causal treatment effects from obser-
vational data using interpretable decision trees. The three methods share a common
structure. First, a decision tree is learned from training data with a greedy split-then-
prune algorithm. The goal of the tree is to split the covariate space into balanced
partitions, where units from the treatment and control groups in the same partition
share the same distribution. Then, the per-leaf populations are used to estimate
the average treatment effect as well as confidence and sensitivity intervals. Finally,
these measures are aggregated into global estimates by a weighted average over the
per-leaf populations, where the weights reflect the population size.

Given this structure, each method proposed a different approach to the splitting
and pruning criteria used to train the tree, as well as the sensitivity models used
to compute the sensitivity intervals. The outcome variance model uses the rela-
tionship between the covariates and the outcome and splits the tree by minimizing
the outcome variance. It is associated with the additive bias sensitivity model.
The propensity method instead uses the relationship between the covariates and
the treatment assignment, focusing on approximating a black-box estimate of the
propensity. Propensity trees are associated with the marginal sensitivity model. In
both the outcome variance and propensity trees, the splitting and pruning criteria
are explicitly optimized in order to minimize their associated sensitivity model. The
linear dependence method however explicitly measures the dependence between the
covariates and the treatment assignment and splits the tree in order to minimize the
measured dependence in the leaves.

The three methods were tested on a synthetic and a semi-synthetic data set. The
results of the methods are discussed in Chapter 4 alongside three benchmarks: the av-
erage treatment effect estimate assuming ignorability, Inverse Propensity Weighting
with a regression tree estimate of the propensity and a T Learner with a regression
tree estimate of the outcome.

A common thread observed throughout the experiments was that the amount of
noise not related to confounding interferes with the models’ ability to remove con-
founding bias. Sensitivity intervals and model size for models trained on noisier
IHDP data were always larger and more conservative than for the synthetic data.
The tree models also struggled to reduce the sensitivity interval as they grew larger
in noisier environments, especially the linear dependence tree. However, the lack of
noise in synthetic data lead many of the models to produce overconfident confidence
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intervals with low interval width and low coverage, whereas the noise in the IHDP
data forced the models to produce more conservative intervals with higher coverage.
This was particularly apparent for the basic model and the propensity tree, which
produced intervals with a coverage of 0 for the synthetic data. Also, whereas the
tree methods outperformed the benchmarks in terms of sensitivity intervals, the
benchmarks outperformed in terms of the confidence intervals, especially for the
synthetic data.

In terms of sensitivity intervals, the outcome variance tree was successfully able
to optimize the intervals constructed by the additive bias method, outperforming
the other models. It also seemed to produce the largest and most reliable trees in
the cost-complexity experiment. The linear dependence tree also performed well,
achieving comparable results with the outcome variance tree and significantly out-
performing the other models for the marginal sensitivity intervals. However, the
propensity tree did not manage to outperform the other models even though its
splitting and pruning criteria explicitly optimize for the sensitivity interval width
computed via the marginal sensitivity method. Instead, it performed comparably
to the IPW benchmark in the sensitivity parameter experiment and exhibited a sur-
prising behaviour in the cost-complexity parameter experiment where increasing the
size of the tree actually increased the size of the sensitivity interval. Our hypothesis
is that this occurs due to the imperfections in the estimates for ¢; and e(x). However,
more work needs to be done to fully understand the problem.

Finally, the cost-complexity experiment showed that, for the outcome variance and
linear dependence trees, decreasing the cost-complexity parameter increases tree size
and also increases the performance of the sensitivity interval and average treatment
effect prediction. Therefore, the cost-complexity parameter can be thought of as a
knob that allows a potential user to decide how performant vs. interpretable they
want the model to be. Sweeping the parameter also reveals interesting behaviour.
By observing how the sensitivity interval width changes with tree size, one can get
an idea about how much confounding bias there is relative to other noise in the data.
For relatively noiseless data, like the synthetic data set, the interval widths shrunk
significantly as the trees grew larger. For noisy data, such as the IHDP data set,
the sensitivity intervals stayed relatively constant.

5.1 Improvements and Future Work

There are many potential avenues for improvements to the methods. In this work,
we used relatively simple methods for constructing confidence intervals, and a large
literature exists for improving both large-sample methods and bootstrap methods.
For the large-sample methods one could investigate as to why the intervals were
so much larger for the trees than for the benchmarks in the ITHDP data set. For
the bootstrap methods, one could consider implementing bias corrections and accel-
eration [37], which should help alleviate bias and skewness between the bootstrap
distribution and the sample distribution.

Another methodological improvement for the propensity method in particular is
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to improve the propensity estimate é(x). In our work we used a Logistic Regres-
sion model, which although popular and powerful assumes a linear relationship be-
tween the covariates and the logit of the treatment assignment. Several alternatives
have been proposed in the literature such as neural networks, random forests or
meta-learners [38]. These alternatives could help the performance of our propensity
method, particularly in cases where e(x) is more complex or when the propensity
approaches 0 or 1 where small errors in the estimation are greatly magnified in the
weights.

Improvements could also be made in the evaluation of the methods. For the syn-
thetic data experiments, with would be interesting to characterize how the size of
the tree scales with the complexity of the relations between the covariates and the
treatment assignment and outcome. Intuitively, more complex confounding relation-
ships necessitate that the trees be more expressive in order to capture enough detail
to balance the leaves, which in turn implies bigger and potentially less interpretable
models. To answer the question, one could imagine creating synthetic data gener-
ating processes with increasing confounder complexity, for example by increasing
the order of the polynomial which describes the propensity or by increasing the
dimensionality of the covariates in different ways. Then, one could compare the
performance of the models for the different synthetic data sets and try to identify
scaling relations between confounder complexity and model performance.

Another avenue for improvement for the synthetic data experiments is to look at
how noise in the outcome affects model performance. Outcome noise is present in
most real-world scenarios. How does increasing the amount noise affect the perfor-
mance of the methods? How will it affect the scaling relationships between the cost
complexity parameter and the model performance and the sensitivity parameter and
model performance? How do these relationships change for different kinds of noise
(Gaussian, Uniform, etc.)?

As for the semi-synthetic data experiment, it would be interesting to apply the
methods to other benchmark data sets with different properties. For example, how
would the outcome variance and propensity methods perform on the Jobs data set
[39] where the outcome is binary rather than continuous? Several other benchmark
data sets are listed in [5]. One could also look at the sample efficiency of the methods.
How well do they perform for smaller data sets? This could be tested on the IHDP
data set by randomly removing units to make the data set smaller.

Improvements could also be made to our evaluation of interpretability. We used
a functionally-grounded evaluation, where we used the tree size as a proxy for the
interpretability of the whole method and the tree depth as a proxy for the inter-
pretability of making predictions using the models. It would be interesting however
to evaluate the models using an application-grounded evaluation. For example, given
a particular problem for which the assumptions for all three models are applicable,
once could form a blind experiment where test subjects are asked to use and rate
the models produced by the three methods. Then, the interpretability of the model
would be given by the average score of the test subjects for the model.

There are several potential avenues for extending the models. A straight-forward
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extension would be for data with more than two groups. This would necessitate a
generalization of the splitting criteria and for how the propensity function is used.
Finally, another avenue that was hinted at in Section 3.2 is to explore another
method based on direct dependence as measured by the Maximum Mean Difference.
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Appendix

A.1 Derivations for the Additive Bias Model

E[Y (1) | X] (A1)
—EY(1)|T=1,X|P(T=1|X)+EYQ1)|T=0,X]P(T=0]|X) (A.2)
=EY() |T=1LX]P(T=1[X)+ E[}Y1)[T=1,X]-m(X)P(T=0]X)
(A.3)
=EY(1) [T=1,X]-m(X)P(T=0]X) (A.4)
—EY |T=1X]-mn(X)P(T=0]|X) (A.5)
E[Y(0) | X] (A.6)
—EY(0)|T=1X|P(T=1|X)+E[Y(0)|T=0,X]P(T=0]|X) (A7)
= (E[Y(0) | T =0,X]+n0(X)P(T =1 | X)+E[Y(0)|T=0,X|P(T=0]|X)
(A.8)
=E[Y(0) | T=0,X]4+n(X)P(T =1|X) (A.9)
=E[Y [T=0,X]+n(X)P(T=1]X) (A.10)

CATE(X) =E[Y(1) | X] — E[Y(0) | X]
=EY(1) [T =1,X]-mX)P(T=0]X)
—E[Y(0) | T = 0,X] - 5o(X)P(T = 1| X)
— CATE*(X) —m(X)P(T =0 | X) — o(X)P(T =1 | X)
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ATE = E[CATE(X))
— E[CATE"(X)] - El (X)P(T = 0 | X) +m(X)P(T = 1| X))
— ATE" — Elpi(X)P(T = 0| X) + no(X)P(T = 1| X)]

A.2 Derivations for the Direct Dependence Method

E[Y(t) | X €]

=Ex[Ey[Y(t) | X e€l,X]| X el]

=Ex[Ey]Y | Xel, X, T=t|Xel

—Ex[Ey[Y | X e, X,T=1t]|Xecl]+E[Y |Xel,T=t-E[Y |Xel,T=t
—E[Y | X el,i] +Ex[Ey[Y | X e, X,{] | X €l] - Ex[E[Y | X €, X,{] | X € 1,{]
:E[Y|Xel,t]+§ijy[Y|x,t] (p(z | X e€l)—plz| X elt))

unknown

<E[Y |Xelt]+

SB[V | 28] (o | X € 1) — ple | X € z,t>>]

<E[Y | X el t]+sup
feFr

S fa) (ple | X € 1) = pla | X € z,t>>|
_E[Y | X € 1,4 + MMD(p(z | X € 1), p(z | X € 1,1))

IT



A. Appendix

A.3 Derivations for the Propensity Method

Ey[Y(t) | X €]

=Y yPY(t)=y|Xe€l)

=Y S yPX =2, Y () =y|X €l

=z, Y(t)=y|Xel,T =1t

:Zz:zy:yigzxﬂf(t) =y|Xel,T:t)P<X:x7Y(t)=y\XEl)

X=zY(t)=y[|Xel)

P
%:zy:yP(sz,Y(t):mXel,T:t) (X =zY({)=y|Xel, )

— Exy _P(;(;((’S/‘(g)(g;l): Y X LT = t]

= Bxy P(X | ;(Q?E gigg I §§ i ?T = t)Y(t) | X el T=t
By _P()f(‘);g;”: SV X e l,T:t]

—Exy :P;T(T::t LT;)Z)Y@) X el,T = t]

—Exy :P;T(T::”t}f;)l)y X el,T= t]
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