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Abstract

Constructing decision trees online is a classical ma-
chine learning problem. Existing works often as-
sume that features are readily available for each in-
coming data point. However, in many real world
applications, both feature values and the labels are
unknowna priori and can only be obtained at a
cost. For example, in medical diagnosis, doctors
have to choose which tests to perform (i.e., mak-
ing costly feature queries) on a patient in order to
make a diagnosis decision (i.e., predicting labels).
We provide a fresh perspective to tackle this prac-
tical challenge. Our framework consists of an ac-
tive planning oracle embedded in an online learning
scheme for which we investigate several informa-
tion acquisition functions. Speci cally, we employ

a surrogate information acquisition function based
on adaptive submodularity to actively query feature
values with a minimal cost, while using a poste-
rior sampling scheme to maintain a low regret for
online prediction. We demonstrate the ef ciency
and effectiveness of our framework via extensive
experiments on various real-world datasets. Our
framework also naturally adapts to the challeng-
ing setting of online learning with concept drift and
is shown to be competitive with baseline models
while being more exible.

Introduction

ehreghani@chalmers.se

classical models are typically néilly trained online, where
labels are assumed to be known for each point in the data
steam[Shimet al., 2018. In contrast, our work takes feature
acquisition cost (formally de ned in section 3) into consider-
ations and aim at the more challenging fully online case: we
receive a data point at each step, and need to make accurate
prediction of its label with low feature acquisition cost; the
true label will only be observedlfter we make the prediction.
Concretely, consider the medical diagnosis problem: at
each round, a patientx' comes in, and the system is asked
to predict the treatment for the patient. Naturally, we take
results of medical tests (e.g., a CT scan) as patients' features:
assume that there existmedical tests, each patient can be

sults. To reiterate, the problem has two crucial charateristics,
making the setting challenging yet more practical: ¢a¥t

of feature query: we assume that features of a data point is
initially unknown but can be acquired with a cost; (2)lly)

online learning: we assume that we only have prior belief on
the data and have to re ne it via online interaction with the
data streams (i.e., patients) whose labels (i.e., treatments) are
initially unknown in each round.

Our goal is to construct online decision trees ef ciently.
Speci cally, we interpret the ef ciency of our framework
from two aspects: rst, it requires less streaming data points
(or time steps) to learn a well-performed decision tree, i.e.,
faster learning; second, it incurs lower cost for the label pre-
diction for each data point, i.echeaper prediction. We refer
our framework a8JFODT, i.e., Utility of Features foOnline
learning ofDecisionTrees. Our framework can be interpreted

Decision trees constitute one of the most fundamental an@s an active planning oracle nested within an online learning
crucial machine learning models, due to their interpretabiImOdeL

ity and extensibility. An important variant developed for

For the online learning part (in the outer loop), we employ

online setting has been employed in various impactful realposterior samplingOsband and Van Roy, 20]L1 learn the
world applications such as medical diagnd&tedgoreleet

al., 2004, intrution detectior{Jianget al., 2013, network

troubleshootingRozaki, 2015, etc.

online decision tree model. In addition to the established re-
gret guarantee in the canonical online learning setting, an-
other advantage is that posterior sampling can effectively

Classical models aim to construct online decision trees inleverage data-dependent prior knowledge, which the classi-

crementally with streaming data. However, such models haveal online decision tree models often fail to capture.

several disadvantages.

First, they require that all features The active planning oracle adopts a decision-theoretic de-
are presented to determine splitting nofaset al., 2019;

sign: we aim to optimize thatility of the features, (infor-

Féraudet al., 2016). However, querying feature values can mally) de ned as the expected prediction error for the incom-
be costly in real-world scenarios, e.g., conducting medicaing data point in the data stream, should we observe the value
tests for medical diagnosis can be quite expensive. Secondf the chosen features. In order ébciently optimize the
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utility of features, we consider adaptive surrogate objectiveAgrawal and Jia, 2017; Fan and Ming, 202iply posterior
functions following the key insight diGolovinet al., 2010  sampling and prove its ef ciency in reinforcement learning;
to sequentially query features and their values, which enablethis line of work is generally referred to as PSRL. Our work
us to predict accurately with low cost. In particular, the se-is closest tdChenet al., 2017, which adapts PSRL to solve
guential feature query based on our surrogate objective is anline information acquisition problems; however, in contrast
natural analogy to the information gain node splitting crite-to our work,[Chenet al., 2017b consider a more constrained
rion in the classical decision tree literature. application domain of interactive troubleshooting, and fail to
Our contributions are summarized as folldws tackle concept drift which is often crucial in data-streaming

« We introduce a novel setting of online decision treescenario; in addition, it tackles the hypothesis space in more

learning where the learner does not haveriori access restricted ways.

to both the feature values and the labels, and propose #ictive feature acquisition. The line of work on active fea-
ef cient algorithmic framework for constructing online ture acquisition (AFA) seeks to solve speci ¢ tasks like clas-
decision trees in a cost-effective manner. si cation \{vhen data fea_tures are acqw(able ata désipoor

. .. ._and Horvitz, 2009 consider the restrictive setting where fea-

* Our framework consists of several novel algorithmic .o - abels are booledigilgic and Getoor, 20017pro-
contributions, including a novel surrogate objective as, (. - jacision-theoretic strategy with Bayesian networks to
node splitting criterion (section 4.2), an extension to ef - .+ 216 ‘the value of information of featurd§him et al.
C|eptly handle real-valued fe_at_ure value_s (section 4'3.)’ akOla suggest a joint framework to dynamically train the clas-
variant to handle concept drift in streaming data (Sectiony;'e " iniie’ acquiring features. Conducting AFA online has
4.4), and an online feature selection scheme that furthe oo giscussed until recently, for exampReyeret al.
reduces Fhe computaﬂonal cost.(appendlx).. 2024 apply classical information acquisition techniques like

* We provide a rigorous theoretical analysis and justi-jnformation gainto handle streaming data with missing fea-
cation of our algorithm, in terms of both a prior- ¢, es
independent and a prior-dependent regret bound. Adaptive information acquisition for decision making. As

* We perform extensive experiments on diverse real-worlfundamentals of sequential decision making, the goal of those
datasets to verify that our framework is able to achieveworks is to design an adaptive policy to identify an unknown
competitive (or even better) accuracy with much lowertarget (i.e., a decision) by sequentially picking tests and ob-

cost, compared to baseline models. serving outcomes (i.e., acquiring information). There are
well-known greedy heuristics for the adaptive policy such
2  Related Work as Information Gain (IG]JDasgupta, 2005and Uncertainty

. . " ) . Sampling (US) which greedily maximize the uncertainty re-
Online Decision Tree. Traditional models consider to build y,ction (over different random variables). Recently, re-
online decision tree (ODT) incrementallfDomingos and  gearchers propose to optimize w.r.t. submodular surrogates,
Hulten, 200(_]) rst propose VFDT to I.earn decision tree e.g., EG [Golovinet al., 2010, HEC [Javdaniet al., 2013

from streaming data, and use Hoeffding bound to guarane ~Enrchenet al., 20174 which are proven to have near-

tee the model performance; VFDT later becomes the OI%ptimal performance with low information acquisition cost.

facto base[lnet Itn thsd(?omaln.[HltJI:je(}tetbatl.,th2001 ptro- iy e above-mentioned policies naturally t into our problem
poseé a variant lo handle concept drift, but the construction,,y .o 4| be used in the active planning phase.

for the tree growing process is complicated to implement. : : : :
[Manapragadat al., 2018 design Hoeffding Anytime Tree istil:\] Tg%l?r hg\r/:tﬁrrgwde a comparison of our work with ex
as an improvement for VFDT[Das et al., 2019 suggest 9 '
a bootstrap strategy to enhance the memory ef ciency of .

VFDT. It is important to note that all those models are not3 Problem Formulation

fully online, nor do they consider featurt_a query cost. An-3 1 Efcient Online Decision Tree Learning

other line of work considers applying reinforcement learn- _, : . .
ing to build decision trees onlinEGarlapatiet al., 2015; SIMPly put, our task is to predict labels (classes) of streaming
Blake and Ntoutsi, 2018 However, these works do not have data points by building a decision tree online with low feature
any theoretical guarantees, nor do they utilize prior knowl-""cqu's't“On cost. At each epoch (timg)we receive a data
edge (e.g., on the underlying state transition distributions). POINtx", whose feature values and label are unknown. To
Posterior sampling based online learning.Posterior sam- Make prediction fok”, we can gather information by query-
pling, also called Thompson sampling, is rst proposed in'N9 feature values; each query incurs a cost. The labef of
[Thompson, 1938to solve bandit problems in clinical trials, Will only be revealed at the end of each epoch after we make
and the central idea is to select actions according to its postd® prediction. ,

rior probability to be optimal. It later becomes an important  Formally, letx = (xi;x2;:::;x,) be thedata point
policy in online learning problems, showing excellent perfor-with n features. LetX; € X = {0;1} denotes the ran-
mance empirically and theoreticallfOsbandet al., 2013; dom variable for thdfeature valueof the ith featuré, and

'An extended version of this paper is available at 2For simplicity, in this section we assume features are binary.

arxiv.org/abs/2305.02093. The reader may refer to that version fo©ur setting is extended to multicagorical or continuous feature cases
appendices. in Section 4.3, where more details can be found in appendix.
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Algorithms Learningsetting Cost of feature query
Onlinedecisiontree (e.g.[Daset al., 2019) Semi-online (labels received in foresight) No
Bandit tree (e.g[Féraudet al., 2016) Online (no labels but rewards received) No
Active feature acquisition (e.dShimet al., 2018)  Of ine or semi-online (labels received in foresight) Yes
UFODT (Ours) Online (labels received only in hindsight) Yes

Table 1: Comparison of our framework with existing ODT literature. We make the rst concrete attempt on taking feature acquisition cost
into online decision tree learning problems.

for the label of the data point. The superscriptdenotes rally de ne the utility of y asu £ —I and theconditional

that the data is received at epochWe adopt the common  expected utilityof y upon observing » asU (y | x z) £

nave Bayes assumption to model ugderlying probf’;\bilistiq[.gytrue [U(Yirue Y) | X 7). Note that we could de ne the utility

strucutre:P[Yj ; X1; 01, Xn] = P[Y1][izy P[Xi | Yjl.i.e.,  similarly uponh, sinceh is the full realization of features.

features are conditionally independent given the class. Sch tion 1. (Utility of feat

we are in the online setting, we assume thaidir& distribu- enition 1. (Uiility of featuresx r)

tion P[Y; Xq;:::; Xn]is initially unknown (though we may U(xz) 2max U(y|xx):

have prior knowledge on that) and needs to be learned via our yey

online interactions. _ Here, U(x ) represents the maximal expected utility
We dene j = P[X;=1]Yj], and assume thatis  achievable give ». This formulation is similar to the value

follows a Beta distributionBeta( j; ). We use = ofinformation[Howard, 1968, and can connect with the gen-

[ij]l,xm to denote the probabilistic table for the data dis-grgjization error of the classical empirical risk minimization

tribution and assume ~ Beta( ; ). Under the above framework[Vapnik, 1992, however, what we would like to

probabilistic model, each query on a feature value will pro-emphasize here is that such utility relies on pagtial real-

vide some information aboitt. We de ne the set ofjueries  ization of features, that we seek to nd the cheapest query set

asQ = {1;2;:::;n}, and a quenji € Q will reveal the F to achieve the maximal utility.

value of theith feature. We de necostof the feature query We then de ne the decision region fgras the set of hy-

asc : @ — R>g. Upon information gathered from feature potheses for whicly is the optimal label prediction:

query, we make a prediction. We de ne the loss of our predicpe pition 2. (Decision region fory)

tionasl : Y x Y — R4 . Our goal is to reach low prediction

loss with low query cost on data stream. Ry = {h:U(y | h)= U(h)}:

variable for thehypothesisf a data point. Thus, each hypoth- gre[)e'[jeycﬂﬁucr’igtt'{g‘s'ﬁ'ggy% z )r e gjgt?;'ylr;”f;zc;agf 'WZ”JJm
esish corresponds to a full realization of the outcome of all show how we may use surrogate objectivef U(x ») by

fae A .
queries inQ. Leth € # = {0;1}". Importantly, the sel.  {he notion of decision regions to achieve near optimal query
can be partitioned intm disjoint decision regions, that each Jalanning.

class in) corresponds to a decision region. Later, we ma

u;gstge term “decision region” to implicitly refer “label” or 4 Proposed Framework
Under this construction, our goal then becomes building/Ve now present our UFODT framework for ef cient online

a decision tree which identi es théecision regiorfor each  decision tree learning. The high-level structure can be con-

data point arriving to us. Such identi cation of decision re- ceived as aractive planning oraclenested within oronline

gion should be done with lowost. This enables a decision- !€arning model. We use the posterior sampling strategy for
theoretic perspective as follows. the online learning model, and a surrogate optimization algo-

rithm on utility of features for the active planning oracle.

Algorithm 1 Online Decision Tree Learning

input: Prior B(Y) and?( ). 4.1 Online Learning by Posterior Sampling

1 fort=1:2:::Tdo Assume that we have access to the prior of the environment
2:  Sample t ~Beta( 1; t~1) and receive; parameter . Firstly, at the beginning of each epothwe
3:  Call Algorithm 3 with ¢ to sequentially query features and sample ! from the (posterior) distribution of. Then, we
predict the |af)e| (online); . run a adaptive policy which sequentially queries features (i.e.,
4 Observexy and true labey; splitting nodes) o', in order to optimize some objectives
5. Call Aigorithm 2 to obtairBeta( *; ') (e.g., information gain, utility of features, etc.); importantly,
- such a policy can be conceived as an of ine oracle, as its plan-
3.2 Utility of Features ning is xed upon each sampled. The policy will suggest

At each epoch, we perform a set of quefisC Q, and letthe  a label prediction foxt. Finally, the true label fok! is re-

outcome vector b& =, which can be conceived as a partial vealed, and is then used to update the posteriortofyether

realization for the hypothesksof x. with the query observatiox . The pseudo-code is provided
Let y be our label prediction, and denote its associatedn Algorithm 1.
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Algorithm 2 PosteriotUpdate

Input: 'yt (7 ).
1: for each(i; x;) € x'z do
2. ifxi=1then § « ['+1
3 else |« "'+l
4: Return( % 1Y)

4.2 Planning by Surrogate Optimization

Algorithm 3 Planningby Surrogate Optimization

Input: Prior P(Y) and .
1. Sample hypotheses by calling Algorithm 4
2:0=10
3: while stopping condition for EEnot reachedlo
Use EC to determine next featuiec Q

in Algorithm 4. In this algorithm we rst sample a decision
region using the prior distribution over the classes and then
we exploit the current estimate ofto build a new sample.

Algorithm 4 HypothesesSampling
Input: Prior P(Y) and .

1A+ 0

2: Sample decision regions frof(Y)

3: for each sampled decision regipmo

4: h«10

5: for eachi € Q do

6: SampleX; ~ Ber( j ) and add tch
7

8:

H=HUhK
Return®

Algorithm 5 Thresholdselection
Input:

4
2: ggj?{.fia)‘t?é% 1 Si(f) < Ofor all features and thresholdk
7 y 2:fort=1;2;:::;Tdo

) 3:  for each featuré do

8: 4: if featurei can be queriethen

5:

Calculate the threshold sampling distribution:

UpdateP(h | ©) based or®(Y) and
Return the decision region

In the planning phase, we seek to optimize an objective

of U(x ) given the sampled environment. We propose to i (k) = _en(si )

C S . i S exp( ST D)
optimize for thesurrogate objectivef U(x ). Speci cally, * k! _
we focus on the E€algorithm[Golovinet al., 2010, which 6: Sample threshol@; ~  and observe gain g
uses the equivalence class edge cut as the surrogate objec- CalculateS;” :

tive of U(x x). Importantly, this surrogate objective function

is adaptive submodular, and hence a greedy algorithm could
attain a near optimal solution, allowing us to make accurate ) )

prediction with low query and computational cost. 4.3 Handling Continuous Features

In EC?, we de ne a weighted grapt = (#;E), where  one way to extend our framework for handling continuous
E = Uy {{hih'} th € Ry;h" € Ry}, denoting the pairs  data is to “binarize” real-valued features. In particular, for
of hypotheses with different labels. The weight of eacheach feature we considkr different thresholds for binariza-
edge isw ({h;h’}) £ P(h) - P(h’). Speci cally, P(h) can tion, and in each training time step, we select the threshold
be conceived as posterior distribution upon query of existthat maximizes the gain based on the information acquisi-
ing feature values. We de ne the weight of a set of edgedion function (e.g., gc 2). By collecting the history for each
asw(E’) & Z{hh yees W ({h;h"}). Therefore, perform- threshold, we can easily calculate the posterior distribution qf
ing afeature quer&is considered asutting an edge, which the parameters associated to the binary feature corresponding

can also be conceived as removing inconsistent hypothesi?\that threshold. We provide the details in the Appendix D.

s = sf ¥+ HBuZL v forallk

with all their associated edges. We thus have the edge séf!iS naive way oexhaustivelysearching for the best thresh-

E (x;) cut after observing the outcome of a feature query qd causes a signi cant computational running time in each

E(x) £ {{hh'}€E P |h]=0VP[x |h]=0} time step. Thereby, we propose a more ef cient algorithm for
1 - 1 . I - | - .

Based on the graptG, we formally dene the EG learningthe best discretization for each feature.
objective asfec:(x7r) 2 w (Uvef E (Xv)) : and the Learning discretizations for continous features. We
score of feature query is dened asgc: (U|xr) 2 model the threshold selection process for each feature as an
B,y [Fec? (Xruqu) —fecz (x7)]: The policy ge adversarial bandit problerfAuer et al., 2002 with arms and

X o |% U{u . ; ; ;
will greedily query the feature which maximizes the gain Costreyvgrd; belngRthe threshold; aknd_gaiunsg rﬁ]spectl\éelg_.l Let
ratio gc= (V| xr) =qv) and stops when only one decision _ 1 - [_ ] >0 (ZkEIK] t ,( ) = 1) be the probabil-
region exists. We present the algorithm in Algorithm 3. Notelty distribution accor_dlng to which we select the binarization
that the EE objective in the line 3 and line 4 can be exi- threshold_for featuré at time stept. Then, we do thresh.—
bly replaced by other active information acquisition functions©!d selection and update; with the procedure sketched in
like Information Gain (IG) and Uncertainty Sampling (US), A'QOV'thmt5 (adapted from the Exp3 algorithiAuer et al.,
which we elaborate in the appendix. 2007). Si(k) is the sum of estimated gains for theh thresh-
old of thei-th feature until timet. In time t, we use a thresh-

methods such as Information Gain and Uncertainty Samplin (,)Id sampled from  and observe the gain for that threshold.

-1
and also E€ require enumeration of hypothesis space, whichThen we Cé}lf?u'atési(;) based ons{ ™" and the observed
can be computationally challenging. Thereby, to reduce th@ain. Speci cally, for each feature, we add unbiased esti-
number of hypotheses, we use a sampling procedure sketchathtes of gains {B“‘t;'(‘k% ) for different thresholds to the

Hypothesis Sampling Procedure. Information acquisition
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previous sum of gains. suf cient, such that all hypotheses with non-zero probability
i ) in the hypothesis space are enumerated. The expected total
4.4 Handling Concept Drift regret at epocHl” for Algorithm 1 with theEC? objective is:

Concept drift is a crucial problem in streaming scenarios,

where the dependency of features on the data label is chang- E[Regret(T)] = O(LS v/nLT log(SnLT)):

ing over time. Classical ODTs use complicated updating cri-

teria to handle concept drifHulten et al, 2003]. Thanks We provide the proof in Appendix C.1.

to our posterior sampling scheme, we are able to adopt an The above regret bound depends on the worst-case cost
exceptionally easy solution to tackle the concept drift prob-L, which could potentially be huge, and the bound is also
lem, by simply adding two lines of code upon Algorithm 2, prior-independent such that the bene t of a good prior knowl-
which is shown in Algorithm 6. This inspiration comes from edge by the posterior sampling scheme is not re ected (as
non-stationary posterior samplifgussoet al., 2017. The  we illustrate in the experiments of Appendix F.5 on the im-
central idea is that we need to keep exploring in order to learpact of priors). In the appendix, we in addition provide a
the time-varying concept. This technique encourages explaprior-dependent bound based on the results fiRusso and
ration by adding a discount parametefor the history, and Van Roy, 201$and[Lu et al., 202].

injecting a random distributioBeta( ; ) toincrease uncer-
tainty. Algorithm 6 HandlingConcept Drift

Input: X% yfs (U ().

5 Theoretical Analysis

1 te(1- ) e
In this section, we discuss the bound of the expected regret?: ‘@ - ) Ht"
for our fully online framework (Sections 4.1 and 4.2). Here 2' for i‘:]’:axc_hg’lxit?]gnxf do
we focus on the E€objective function due to its theoretical . IR S )
guarantees. 6 else. !
Let U( ) = Ep[maxyey By, [u(yuuey) | SC;HI] be ! je gl
the expected utility of features achieved by a poligyhere, 8: Return( ;1Y)

S(;h) represents the set of features and their values queried
by policy upon a hypothesid. As proved by[Golovin .

and Krause, 2011by the submodularity of the E@bjective 6 Experimental Results

function, ES is able to achieve the same utility as the opti- We now empirically validate our framework with real-world
mal policy * does under a same environmentvith at most ~ datasets. Unless otherwise speci ed, we assume that we have
(2In(1=pmin) + 1) - ¢ - query cost, wher@n, denotesthe a uniform prior on . We evaluate the methods introduced
minimal probability of a hypothesib across environments in Section 4 from different aspects. We compute the average
andc - represents the cost of the optimal policy. number of queries per online session to compare the costs
De nition 3. Let ? denote the true environment, and Iét of algorithms. We also evaluate the generalization power of
denote the sampled environment at epods in line 2 of ~ Classi €rs via holdout test sets. Also, in the appendix F, we
Algorithm 1. Let %. denote the optimal policy for?, and ~ Measure the prediction performance on training sets together

. . . . with various other aspects of our framewotk.
EC” denote the policy witEC? as in Section 4.2. We de ne P
the immediate regret at epottior Algorithm 1 with theEC? Datasets. We have used three stationary datasets in

objective as: our experiments that are standard binary classication
‘A . c? datasets taken from UCI repositolpua and Graff, 201J7
=U( 6) —U( g7 ): Furthermore, we conduct experiments on the ProPublica
We then de ne the total regret at epothas: recidivism (Compas) datasdtarson et al., 2016 and
T the Fair Isaac (Fico) credit risk datasffICO et al.,
B ‘. 2014 as in [Hu et al, 2019. In Compas dataset, we
RegretT)= ) " predict the individuals arrested after two years of release,
t=1 and in Fico we predict if an individual will default on
5.1 Prior-Independent Regret Bound a loan. For concept drifting experiments, we adopt the

Based on the result dOsbandet al., 2013, we have the non-stationary Stagger datagstidmer and Kubat, 1996;
; ; . Lopez Lobo, 202} where each data has three nominal

following regret bound for Algorithm 1: . ;

o B attributes and the target concept will change abruptly at
Theorem 4. (Prior-independent regret bound) Lét = gome point. For extensions to continuous features (as well
(210 (1=pin ) + 1) -C - denote the worst-case cost (i.e., NUM- a5 for feature selection in the appendix), we use Prima
ber of queries) for Algorithm 1 with theC* objective inany  |ndians Diabetes DataskSmithet al., 1988, Breast Cancer
epoch, whereni, denotes the minimal probability of a hy- Wisconsin DatasefStreetet al., 1999 and Fetal Health
pothesish across environments ard - represents the cost of Datase{Ayres-de Campost al., 2000.
the optimal policy. LeB be the number of possible realiza-
tions ofL queries anch be the total number of features. As-
sume that the sampling of decision regions by Algorithm 4 is *Source code of UFODT is available here on GitHub.
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UFODT-EC? 075 Zoo SPECT Heart 0.70 Compas Fico
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—— UFODT-US 2055 2055 20
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Figure 1: Test utilities during training: UFODT reaches test utilities comparable with those from VFDT and EFDT but with signi cantly
lower costs. UFODT performs even better than VFDT and EFDT on LED, Heart and Fico datasets.

LED Display Domain Zoo SPECT Heart Compas Fico

—— UFODT-EC? 75 1 20 12 };g
—— UFODT-IG 7.0 Sy o 10 :
12,5
—— UFODT-random ~gg ik 12 15 =8 100
X 0no. lIJ1O 1723 173 173 .
UFODT-US 855 S . &1 S pw 875
VFDT/EFDT 5.0 8 S, — e 5.0

45 O it i 5 e UGS 4 2.5 IR Sre—

e Zéo%w

40 2 00

1000 3000 5000 0 10 20 30 40 50 60 70 0 50 100 150 0 2000 4000 6000 0 2000 4000 6000 8000

Time step Time step Time step Time step Time step

Figure 2: Querying costs during training: UFODT-E@elds the lowest cost during training for all datasets. The cost of our framework is
signi cantly lower than the VFDT and EFDT algorithms which require all feature values during training steps.

Algorithms. The VFDT algorithmDomingos and Hulten, framework is cost-effective and fully online. We observe that,
2004 is used as a classical baseline ODT model. We alsavith exceptionally lower cost, our framework with different
compare our method with the EFDT algorithiiManapra-  algorithms still reaches comparable or even better test utili-
gadaet al., 2018. Within our proposed UFODT framework, ties, compared with VFDT and EFDT. The number of sam-
we use four different information acquisition functions. The pled hypotheses in UFODT are 95, 161, 34, 500 and 50 for
rst one is EC which is proved to have near-optimal cost LED Display Domain, Zoo, SPECT Heart, Compas and Fico
in of ine planning. In addition to EE, we use Information respectively. In Appendix F, we investigate other aspects of
Gain (IG) which selects the feature that maximizes the reduceur UFODT framework using these datasets.

tion of entropy in labels. Moreover, we conduct experiments ) ]

with Uncertainty Sampling (US) which nds the feature caus-6.2 EXtension to Continuous Features

ing the highest reduction in entropy of hypotheses. We als@ye here experimentally investigate the effectiveness of our
use random feature selection which randomizes the order QjFODT framework for non-binary real-valued features (see

querying features. Section 4.3). We conduct our experiments on three different
. . classi cation datasets: i) Prima Indians Diabetes dataset (D)
6.1 Experiments on Stationary Datasets which has several medical predictor variables and two classes

Figure 1 shows the average utility achieved in each trainingndicating the onset of diabetes mellitus, ii) Breast Cancer
time step by different methods over a holdout test set. To/Visconsin dataset (B), and iii) Fetal Health dataset (F). We
compute the test utility for our UFODT framework (with dif- €mMPploy the two methods discussed in Section 4.3 to handle
ferent objectives) we use the current estimation of the pacontinuous features, i.e., exhaustive search over thresholds
rameters of the conditional distributions (i.e., the estimatedNd learning best the thresholds via Algorithm 5 (shown by
at timet) to obtain the test predictions. For VFDT and UFODT-criterion-Exp3, e.g., UFODT-IG-Exp3). The num-
EFDT, we use the last version of the tree at timelf a  Per of sampled hypotheses in UFODT are 120, 500 and 500
dataset is balanced we use accuracy as the utility, whered@r Diabetes, Breast Cancer and Fetal Health respectively. We
we use f-measure for imbalanced datasets. Figure 2 show§€ = 0:01in Algorithm 5.
the average cost (i.e., the number of features queried) in each IN Figure 3(a), we illustrate the average cost (number of
training time step for different algorithrhsFor all datasets, dueried features) in each time step of training. We com-
we observe that our UFODT framework reaches a very compare the UFODT framework with EFDT and VFDT. In Fig-
petitive test utility during training with a much lower cost. ure 3(b), we show the test utility during the training process
UFODT-EC yields the lowest cost among other information (Similar to Figure 1). We repeat these experiments with 5
acquisition functions which is compatible with the theoreti- different random seeds and report the averaged results to-
cal results. As discussed earlier, VFDT and EFDT are Cosﬂ)gether with one-standard error. The results demonstrate again
(i.e., require access to all features) and not fully online (labeldhat our framework (UFODT-E€and UFODT-IG) has com-
are known in advance during training), while our proposedPetitive prediction accuracy compared to EFDT and VFDT
while having an exceptionally lower feature acquisition cost.
“To make the results more clear, we do not show the results o/ FODT-EC’ generally has the lowest cost for feature query-
UFODT-random and UFODT-US for Fico and Compas datasets a1g; UFODT-IG yields a slightly higher cost than UFODT-
they have higher query costs and generally lower test performancdsC> but reaches the same or even better test utilities than
compared to UFODT-IG and UFODT-EC EFDT and VFDT algorithms. Moreover, we observe that
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Figure 3: The aversge cost (3(a)) and average test utility (3(b)) during training for data sets (left to right) D, B and F. Our framework enjoys
signi cantly lower cost while maintaining competitive prediction accuracy. Using Algorithm 5 for learning thresholds yields competitive
results with those of exhaustive search, but with signi cantly lower running time.

the incurred querying costs and test utilities achieved byadopt the uniform prior. We can observe that all the three

the threshold learning algorithm (Algorithm 5) is competi- methods with non-stationary posterior sampling can adapt to
tive with the exhaustive search method with a signi cantly the abrupt concept drift much faster, and also achieve higher
lower running time. For instance, in case of UFODT?E®e  test utility. We also compare these three methods against
see that UFODT-EGExp3 yields even better test utility with  EFDT in the right part of Figure 4. Though, initially, EFDT

slightly higher cost. can achieve higher utility than our methods, it has a big drop
. . . in utility after both the rst and second concept drifting. This
6.3 Experiments with Concept Drift Dataset demonstrates advantages of our methods in quickly adapting

to new concepts over EFDT. In addition, we also report the
Method UFODTEC? UFODTIG UFODT.US EFDT averaged total number of feature queries as a cost measure in
Table 2. We observe that our approaches require signi cantly

(Adaptive) (Adaptive) (Adaptive) ¢ : ies (or | )b I achi high
; ; ewer feature queries (or lower cost) but still achieve higher
Cost| 343:3+110 3506+51 4770+139 7200 utility than EFDT.

Table 2: Average feature querying costs for Stagger dataset Whel? .
UFODT-based methods incur signi cantly lower costs. Conclusion
We make the rst concrete step towards learning deci-
sion trees online with incorporating feature acquisition cost.
) e ) T ag pie) —— Fror Within the proposed framework, to learn ef ciently with less
Comparison with EFDT time, we utilize a posterior sampling scheme; to predict ef-

Adaptive;vs. NonTAdaptive
‘ ? ciently with lower cost, we employ various information ac-

"

20.75 7ZA - i 5 - - . . X
= / / quisition objectives including a surrogate objective function
*gOSO' ‘ on utility of features, enabling near-optimal feature acquisi-
= | tion cost with competitive prediction accuracy. Our frame-

0 Ti 100 0 100 work also provides several novel algorithmic contributions
ime step Time step . . . . . f
including a simple and exible solution to the concept drift

Figure 4: Time step vs. test utility on Stagger dataset. Each shaddfoblem, an extension to ef ciently handle real-valued fea-

area corresponds to one concept; the vertical dashed line shogres and a computationally ef cient online feature selection

when the drift happens. scheme. In general, our work opens a new and practical di-

rection of online decision tree learning on cost-sensitive ap-

In this section, we demonstrate the effectiveness and exiplications, and we demonstrate the great potential of active

bility of our framework under the concept drift setting. Here, information acquisition strategies in such applications.
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