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ABSTRACT or predict an actual value. All those-salled supervised learning

Data mining techniques have become central to many applica methods require labeled datasets, i.e., datasets with examples
containing the class informatiantypically called label§ or val

tions. Most of those applications rely on salled supervised o . ! Ly -
learning algorithms, which learn from given examples in the form Ue€s, of sufficiently high quality for training an estimator (mode).
Fowever, in many applications, acquiring the class label of the

of data with predefined labels (e.g., classes such as spam, no ‘ ! .
spam). Labeling, however, is oftentimes expensive, as it typically 9at@ is much more expensive than getting the datd (esel, as

requires manual work by human experts.ivetearning systems  Since the labeling is done manually).

reduce the human effort by choosing the most informative in ACtive learning methods have been proposed to reduce the label
stances for labeling. Unfortunately, research in psychology hasNd effort of human experts: based on the initially available la

shown conclusively that human decisions are inaccurate, easily?€/€d instances and information about the unlabeled data those
biased by circumstances, and far from the ordefzision making algorithms chose only the most informative instances for label

assumed in active learning research. Based on these findings wid- They have been shown to significantly reduce the size of the

show experimentally that (human) mistakes in labeling can sig reduired labeled dataset to generate a precise model [20} How
nificantly deteriorate the performance of active learing systems.& V€', active learning framework a
To solve this problem, we intrade consideran informationi a is not truein practice (e.g., [25, 26]). In particular, an empirical

concept from marketing into an active learning system to bias study_ for hanewritten digit recognition [6] has shpwn that active

and improve the humanés | ab e [l®pRNg wasks paorly when g human lageleg i§ used Thysyas; p,
simulated and human labelers) show that consideration informa 2ctive Tearning enters the realm of practical applications, it will

tion can indeed be used to exert a bias. Furthermee find that need to confront the practicalities and inaccuracies of human ex

the choice of appropriate consideration information can be used toP€'t decisiormaking. Specifically,active learning approaches

positively bias an expert and thereby improving the overall per will have to deal with the problem that human experts are likely
formance of the learning setting. to make mistakes when labeling the selected instances

Prior suprvised learning research has addressed the issues of

Categories and Subject Descriptors modeling noisy human labelers in real learning systems. Common
1.2.6 [Artificial Inteligence]: Leaming; 1.5.1 Pattern approaches include estimating the quality of labelers [9, 24, 26] or
Recognitior]: Models; H.2.8 Patabase Managemerjt Database learning with uncertain labels [16, 22, 23]. However, most of
Applicationsi data mining these larning systems only contain mechanisms to model inaccu

racies of labelers, but do not contain approaches to improve accu
racies of labelers. As far as we know, only very few papecsisis

Ge_neral Terms ) ) possible approaches to improve the general accuracies of human
Active learning, supervised learning labeler. One example is [21], where repeated labeling has been
shown to be able to improve the labeling accuracy, thereby
Keywords increasing the whole | earning sys
Consideration information, human experts strategy of repeated labeling is only practical if the labeling cost is
low.
1. INTRODUCTION In this paper we show thiat a wide range of problenggsven non

The ability to extract knowledge from data gathered and make Systematic) mistakes inbaling can significantly deteriorate the
predictions from it is absolutely central to many applications such performance of active learning below the one of the simple
as customer relationship management, target marketing, and fraugupervised learning setting, where only the initially labeled
detection. At the center of such predictions, typically, lie predic instances are considered. Based on the psychology and marketing
tion modés that classify new entities into different classes; pro literature we present a solution ftitis problem: we argue that

vide a probability distribution predicting their class membership, act i ve | earning algorithms shoul
human expert labelers into account and help them to improve their

rating performance by providing adidhal consideration
University of Zurich, Department of Informatics, Dynamic and information [11, 12, 19] for each instand® be labeled. The

Distributed Information Systems Group Working Paper. purpose of this consideration information is to bias the human
www.ifi.uzh.ch/ddis/nc/publications.



decision maker into making fewer labeling tales. To this goal of assessing probabilities and predicting values to Isinjpdg

we extend the active learning framework withCansideration ment operations. According to their theory, people normally use
Information Selection Function(CISF) to detanine the two heuristics for categorization: representativeness and- avail
consideration information. Using a simulated expert (labeler)y wea b i | i t y . To answer the question |

show that consideration information can indeed be used to exert§ e c t A belongs to cl asderég”o huma
bias. Furthermore, we show that an appropriate CISF based orsentativeness heuristickere probabilities are evaluated either by

insights from the psychology can positively bias bathr the degree to which A is representative of B or by the similarity
simulated and human experts thereby improving the overall between A and B. Alternatively, people assess the probability of a
performance of the learning setting. class by the ease with which examples carbfoeight to mind,

which corresponds to thavailability heuristic Tversky and
Kahnemann show experimentally that both heuristics bias people
in some way and can lead to severe judgment errors. Representa
tiveness has been demonstrated to be insensitiyeido prob
ability of outcomes and sample size. Availability is excessively
sensitive (among other things) to the retrievability of instances,
imaginative instances, and illusory correlation.

Thus, as human experts are subject to the same limitaticars in

2. Theory and Hypotheses active learning setting they are likely to make mistakes when la
To illustrate our approach thigaion first introduces the tradi beling instances. Hence, we postulate our first hypothesis:

tional active learning framework. It then continues to discuss the
limitations of human experts and its implications on active fearn
ing providing the basis for the development of the hypotheses
underlying this paper.

In the remainder, we introduce the traditional active learning
framework and discuss the underlying psychology theory to de
velop our consideration informati hypotheses. Next, we intro
duce the consideration information active learning approach and
present the experimental setup/results. We close with the discus
sion of the limitations and implications.

Hypothesis la:The active learning performance with a human
expert is general lsettngwithare & dhraa t |
c | degision maker.

Hypothesis 1b:With lower human labeling precision active
2.1 Active Learning learning is not better than learning with random sampling, and
In traditional classification or class probability estimation (CPE) (Hypothesis 1¢;in the worst case, even worse than simple super
data mining approaches an induction algorithm is given an ini Vvised learning with an initially laeled dataset.
tially labeled dataset and produces a prediction model. GiventhatEx t endi ng Khanemann and Tverskybo
labeled instances are, usually, difficult t@me by an active human thinking and decision making can be explained as the pro
learning procedure uses the labeled and unlabeled data to proposeedure of choosing between options based on evidences and per
a set of instances whose labels would be most fruitful in improv sonal goals [5]. His searéhference framework asserts that-hu
ing the overall learned model and proposes them for labeling byman thinkhg and decision making consists of first searching for
an expert[4]. To that end it uses an effereness scoring ap possibilities (i.e., candidate answers to questions or resolutions to
proach (such as chdag instances that minimize tHecal vari a doubt), goals (i.e., criteria to evaluate possibilities), as well as
ance[20]) to compute how effective any unlabeled instance might evidences (i.e., beliefs that help determine whether alplitysis
be in improving the oAJoemalDeft mikedlyetd aghsevera gaalj amd tern cheosing among the possibilities
nition of the procedure can be defined albdws: based on the evidences, which are weighed by the goals.-Conse
quently, human decision making can be biased to a certain extent

Definition 1: Active Learning by (intentionally) making certain types of evidereeailable to

Input: an effectiveness scor&g) calculation approachA, an the human decision maker (while suppressing others). This is
initial labeled setlL, an unlabeled set), an inducer validated in marketing [11, 12, 19], where it has been shown that
Inducer, astopping criterion andan integem specifying consumers with a consistent set of goals can be convinced into
the number oéctively selected examples in each stage.  puying a good with a carefully chosen consideratiet) i.e., the

Pseudo code set of goods under consideration as alternatives. Hauser found

0. T:= L. [12] that the consideration set concept is highly consistent with a
1. WHILE stopping criterion is not met number of central theories and results in behavioral science
2 Apply Inducer to T, create Model M [2][14][17][22]. Thus, consideration sets canws& as -ficount
3. FOR each element e ' Ucompute ES with A biasingo instruments to ameliorat
4. Select UL from U using ES where| UL|= n probability estimation. _ ) _
5. FOReache lement e * UL We propose to use this flr_1d|n_g in a practical active learning pro
6. have expert label e cedur(_e: a system cogld blasllnfl_u_ence a human expert Iabel_er by
. selectively showig him/her additional evidence with each in

7. Remove UL from U andadd UL (wi th expert4gs . . o . .

labels) to T stance to be labele®WVe will call this additional evidence consid

eration information, which can have the form of labeled or-unla

beled instances, the currently inferred model (or any subset
thereof), oreventhe nst ancesd® prior distrib
statistics). Formally, we postulate our second hypothesis:

Output modelM induced withinducer from the final seT.

2.2 Active Learning with Human Experts

The limitations of human decision makers have beerstigect
of various research streams. In their Nobel Prize winning work Hypothesis 2:An active learning system can biasntan experts
Tversky and Kahneman [14] argue that people rely on a limited by showing them consideration infortimmn. Depending on the
number of simple heuristic principles to reduce the complex tasksconsideration informatio hunan experts will be biased in differ



ent directionsi either increasing or decreasing the active learn Inducer, a stopping criterion an integern specifying the

ing systemsdé overall per f or man c enumber of actively selected examples in each stagithe
While Hypothesis 2 states that the overall system performance can  integersi as well asm specifying tke number of instances
be improved by presenting the human expert withable consid respectively, the size of the model the expert is able to
eration information, the question is which information should be absorb

chosen. We address this issue in our final hypothbsisntro- Pseudo code

duces the notion of a consideration information selection function 0. T := L.

for choosing the ideal composition of thensideration informa 1. WHILE  stopping criterion is not met

tion 2. Apply Inducer to T, create Model M

Hypothesis 3aThere exists a consideratigmformation selection 3. FOR each element e ' Ucompute ES with A
function thatimproves ahuman lale | epredision and in turn 4. Select UL from U using ESwhere| UL= n
the overall active l.earning sy§tFoRabelegent f o mHlnc e

Hypothesis 3b:The setup described in Hypothe8ia improves 6. have expert label e using the

: . consideration information
the learning performance beyond that of a purely supervised CM, T, U, e, i, m)

learning approacH(i.e.,learningon thelnltlal!y Iapeled dataset 7. Remove UL from U andadd UL (with expertos
Note that the traditional -activeipbig@@r ni.ng approach with a A#

lesso oracle expert pr opessibles ogdle MYEM ihducdd WithRdicer frd'the indl &

learning performance of an active learning system. Hypothesis 1 . . . .
states that this upper bound is an idealized situation and any rea(’itrhe only dlffergnce _betvv_een the_tradmo_nal active learning setup
and the consideration information active learning framework

istic human(i.e., errorprong labeler is likely to lower the overall . - . . CE . .
systemos perfor man cstrengthgns dhish e( IiA in Iaegnmorp %|§ W%(_:é)nsmeratlon informatioelection

statement by c¢claiming that, F&P 'gﬁ'@*ltgr‘? Srey)o“ﬂ thlstshe .aft%:lét achyve Ieeagpl SYSt 6 s
mistakes in labeling, performance will fall even lower, in the tem‘has picked a se_t of unlabele(%lngta ﬁ]o_be Iabeledagy

worst case (Hypothesis 1c) below the performance of the-superthe expert, the consndera}tlon informatidp (CM? Is selected for

vised learning with the initially labeled datasehioh serves as a  €ach elemene of UL and is shown together witato human ex

baseline performance. Hypothesis 2 now states that careful choic®ert o aidor bias)himherwith the labeling decision.

of provided consideration information can bias a human expert to

increase (or decrease) the overall learning performance. Hypothe ™" = . i
sis 3 makes the even stronger argumentttiere exists a consid This section introduces the experimental setup and shows the first

eration information selection function, which will improve the results. The experiments can be divided into two groups. The first

overall systemds perf ocrcasa(Hye PebOf EXPETHNENs is sRecificallygigned to gdsress the hypothe

pothesis 3a) but over the basee (Hypothesis 3b). ses developed in section 2Phe choice of a simulated labeler
limits the generalizability of the fiings Therefore, we conduct a
. . . . second experiment with human labelers to show that the human
3. The Consideration Information Active expertsd | ab eithithegmulatedoneonsi st ent
Learning Framework . .
Following our hypotheses, we extended the active learning 4.1 HypOtheseSTeStmg: EXpe”mental Setup

framework with a consideration information selection function 4.1.1 Consideration Information Selection
(CISF) to choose the biasing consideration informatidre de Functions

flne_th? ClS_F as f_OHOWS_: . ) ) The central element for the performance of the CIAL framework
Definition 2: Condderation Information Selection Function (apart from the human labeler) is the appropriateness of the CISF.

4. Experiments

Given (see Definition 1): the (currently learned) mode¥, the e, therefore, dsigned a number of practical CISFs, to be used
labeledtraining datasef, the unlabeled dataset (or test data) in our experiments. We limited the consideration information to
U, theunlabeled instanced, andthe parametersandm. labeled instances as research in marketing has shown that the use
A consideration information selection functiGris defined as of consideration sets (i.e., sets of labeled instances) is sufficient to
(,CM)=C(M, T, U, e, i, m) strondy bias people [11, 12, 19]. Consequently, we limit our cur

rent explorations to CISFs, which (using Definition 1) always
havem=0 and, hence, retur@M= @. In the remainder we will,
thus, use the following simplified notation for the CISFs:

which returns a set of consideration instancésand a
consideration modeCM (part of M). Herei limits the number of
biasing instanced) andm the size of thenodel(CM).

: o . , . CM,T,U,ei
Consequently, the consideration information selection function
(CISF) C returnsl, a set ofi instancesandCM, a part ofM (i.e., To validate Hypotheses la/b/c we define the specific function
a partial modele.g.,a pruned sub tree dhe induced decision CISF1, which always returns the empty set @ of instances. Thus:
tree) limited bym. A good CISF choosed andM to entice the CISF1(M, T, U, e, 0)= @.

expert to correct labeling. Given this definition we can now
extend the traditional active learning framework.

. ) ' ) ) ] learning curve produced by a trad i on al iideal 6 ac
Definition 3: Consideration Information Active Learning algorithm. To evaluate Hypothesis 1a, we compare this curve with
Input:  an effedveness scoreES) calculation approachA, an the curves generated when combing CISF1 with an arbitrary hu

fl

When combining CISF1 with an HAor

initial labeled setlL, an unlabeled seU, an inducer man | abel er. To validate Hypothe



active sampling step to random samglifi.e., we change the the prediction.

active sampling functiol to a function, which returns random Clearly, the agent simulates the primary characteristics of the
effectiveness scores). Hypothesis 1b can now be validated byhuman judgment theor{l4] as it emulates both representative
comparing the performance of the resulting learning curve with heuristics (withiM) and availability heuristics (witRM). It also

the ones already generated for the validavérHypothesis 1a. inherits the gestalt of cogive architecturesWe initialize the

We can also validate 1c by showing that some learning curvesagent 6 s e x RM andIM )nwithetwo(randomly sampled
actually decrease their performance over the initial (starting) subsets of the dataset. We call the sizes of thesplesesr for
point. experience size rules amdifor experience size §tances.

We validate Hypothesis 2 with experimental evidence showing Dgfinition 4: The Simulated .Labeling Agent
that randomly selected consideration informatiwill bias the Given a rule modeRM and instance modéM
human expert (disorderly). Correspondingly, we design CISF2 to Input: an instancee to be labeledgonsideration infomation |.

randomly picki labeled instances as consideration information Pseudo code
CISF2(M, T, U, e, i) :={p: p' T @p = randomselect (T)}, 1. apply RMto e
such thai = |{p: p * T @p = randomselect (T)}|.Assuming that 2. If (matched rules produce impasse)
Hypothesis 2 is correct then the randomly selected labeled in 3. add | to IM
stances will bias the human labeler randomly and the related 4. labe | e with IM
learning curves should distributesdrderly. Hence, the average 5. remove | from IB
learning curve (for a sufficient number of repetitions; we will use 4. else
100) should approximate the one using CISF1. This effect is lim 5. label e with matched rules

ited by the extent of the influence of consideration information. If Output a label fore

it has no influence, the@ISF1 and CISF2 will also have similar . . .

results, as the consideration information returned by CISF2 will 4.1.3 Implementation: Learning Algorithms,

be ignored by the expert. In this case CISF2 is not sufficient to Datasets, and Parameters Used

validate Hypothesis 2. We implemented the entire learning framework based on Weka
[27]. We chose the BOOTSTRAPV active sample selection

Studies in psychology and marketing found that similar ins&nc .
provide the strongest decision making bias (see section 2). Hencer,nethOOI [20] as ES calculation methadAs Inducer we chose an

we designed CISF3 to pick tlenost similar instances ®from unprune d. Jag de ciston tree (Weka
the labeled datf. Thus: other active learning methods and inducer could be used.

) ] For our agent design, we chose the PART rulenkraf10] to
CISF3(M, T, U, e, i):= knn(T, i), generate the rule mod&@8M and the knn [ 1] for
where knn adopts the-kearest neighbor algorithm][bn T to stance modedlM. Again, any rule or instandeased learner could
find thei nearest neighbors. Using CISF3 we get an active-dearn be used to initialize the ClAhgent. We also had to choose the
ing curve, where the human labeler is biased by similar instancessizesesr and esi (experience size rules and expedersize in
from data (already) labeled at the current phase of the activestances). Given that the knowledge stored in thebrased model

learning procedure. If this curve shows a signifibadifferent is more condensed than in the instabhased model and assuming
performance compared to the curves generated with CISF1 therthat human memory is limited we choserto be larger thaesi
we validated Hypothesis 2. To ensure the robustness of our results we rasitdgty analyses

for all simulations. Specifically, we used 1688% of the bench
CISF3 has one drawback. If we assume that human labelers A% ark dat a 5 et yt o -based moodel and @0 agent

errorprone (even with consideration information) then the set of .

labeled | % wil - . : b Iy instances to c rbased rmodeh Bfeativielp, sve i nst
abeled instance3 will contain an increasing number of ineor < L ated differen t ittle] erperience as o f A e

rectly labeled ins_tances._ Choosing considerat_ion information from esE10% & esi50; lots of experience assi=90% & esi450.

T th_us, ha_s an ncreasing chance of Choosmg_wr_ongly labeled Finally, considering the limitation of the human memory, we

consideration information a_nd, hence, wrongly blasmg_the e_xpert. prunedRM to at most 20 rules.

We, the_refore, choose F"."!“a' CISF to choose con_s,lderatlon All of the datasets we used were from the UCI machine learning
mf_ormatlon from thg set initially and correctly labeled instarices repository [7]. Of tle large number of datasets available from the

akin to CISF3Thus: repository we selectel datasets with which the BOOTSTRAP

CISF4(M, L, U, e, i):= knn(L, i). LV method exhibited superior performance than random sampling
[19]. We varied the learning phases between 20 and 30 steps
4.1.2 The Simulated Decision Maker Agent depending on the size of each dataset. At each stage, the same
To evaluate the CIAL framework we would need a hutaieler numbers of instances were added to the current mbtlel

with endless patience and expert knowledge in multiple applica Furtherm(_)re, We_ay_eraged the results over 100 partitions of the

tion domains within the available datasets. Given the sheer impos datasets into an inifidabeled dataset, an unlabeled datasef,

sibility of finding such subjects we empleya simulated decision and a test dataset. To ensure comparability the same partitions
makerbased on a cognitive architecture [3][15]. Sfieally, we were used by all CISFs.

combined a rukbased and an instanbased modelRM andIM, The final parameter was the number of instam¢ede chosen by

in Definition 4) for the simulated labeling agent. When the agent the CSIF. Based on research in marketing [11], which finds that

labels an instance it first checks the thised model. When a  sizes in the range of-8 instances will give the maximum influ
rule-conflict arises, our agent uses the instanased modeltodo ence on the consumerds purchasi ng



our simulations with = 3. Correspondingly, we séth e a g e Buméarizing, our experiment confirmed Hypothesis 1. Specifi

instancebased model as a 3NN model. cally, we showed that active learning looses its advantage over
] ) basic supervised learning (or randomly sampled additional labels)
4.2 HypothesesTesting: Design and Results in environments wh errorprone labelersThus, the key for using

active learning in practical environments is to improve the accu
racy of the labelers.

Labeling Agents vs Oracle Labeler

4.2.1 Confirming Hypothesis 1

To validate Hypothesis 1 we compared the performance afuari
simulated labelers with the CISF1 (i.e., no consideration in 0.14
formation) wthhe one of an fioracleodo lakeler which represents
the traditional setup. We varied the previous experience of the x\ T e

simulated labeler fronfi n o v ies=8084 e¢F50. i Agent 10 %
500) etx @ esm90% e(=450 i Agen#80%®) -i n 2€%Y]
distant steps of 10%espectively, 50 instances. Figure 1 plats =

0.06 -

selection (to ensure readability) thie learning curvem terms of 0.04 N

BMAE (bestestimate mean absolute erf{@0]) for each of the3 SO IS cous i — —==—
datasets (omitting some of the agent experience settings-to im T e R

prove readabity). As the graphs clearly show the overall learning O o o vy ameon con ais oy omr 116 1ot
performance with the simulated learner is much wdths@ with Training dataset size

the fAoracledo | abeler <conf i r miFigge 2H ¢gmpariry ethe iLearnidgaPerformance of Aotife t he
datasetst he finovi c-&MeveA gees uplsigritying a Sampling and Random Sampling with Typical Labeling

learning performare that is even worse than simple supervised Agents on he Car Dataset.

Iearning with the Inltlally labeled dataset. For the other dataset To confirm Hypotheses 2 and 3 we confronted the range of_possi
(optidigits) Agent10%50 shows little better performance than ple agents (i.e., simulated labelers with different levels of experi

simple supervised learning with the initially labeledadat con ence) with the four consideration information selection functions

firming Hypothess 1c  As t he | abeling a@sm,iciE2, BSFP Bnd CISFUCT® endtiie succinctness of
creases so does the systembs gyerptebsafsthaveohe@eni ngi PetrhOr Mas
In 3 of the 8 datasets (Sicluthyroid, Hypothesis, Kvskp), little experience (Ager20%100) and an expert labeler with a
however, even the agent with Ffigh®besof eRpbrierRe(RgedDdofo0)C €0 (M Agent 90%
4500) p e r ftloan the simple supevised case. These . .

results clearly confirm Hypotheses 1a and 1c. 4.2.2 Performance of a Simulated Novice Labeler

To confirm Hypothesis 1b we compared the performance of aFi_gure_ 3 plots the _Wning curves obtained on each of$ datasets

novice Es=20% esE100 Agent20%100) as well as expert with ;lmula_lted novice Igbeler Age_ﬂO%lOO_, where the dlﬁerent_
(es=80%, esF400 Agent80%400) simulated labeler usin con5|der§1t|on information selection functions are_used. A first

CISF1 (i.e., no consideration information) with the one of an OPServation shows that the performance when using CISF1 and
Roracled labeler, which repr eS/ghftsscomparable foall datasets, which ndicatesthatythe £ o ¢
labeler we tested BOOTSTRAEY and a random selection as the average influence of randomly selected instances on Afirbt
effectiveness scoring functiok. Figure 2 plots the results fifte 100 (a lower level knowledge agent) is negligible. On the as

car dataset (the others performed similarly but are omitted due toSUMPtion that any instance will bias simulated agents this result

space constraints). As the graph clearly shows the simulated laSU99ests that consideratianformation in the form of randomly
belersdé performance when -Rasi ntflected RSRPCRS Pasesntha simylgted agent indisgriminately at
domd in Figure-L2V) (or. eBA@OFARERREY labeling step. The repeated random influences by th_e _CISF
practically indistinguishable. Only the oracle labeler seems to S€€M to car_1ce| each othe_r ou_t Ieadmg to a performance similar to

profit from the activesampling method confirming Hypothesis.1b  the setup with no coiteration information (i.e., CISF1).

A reason for this observation might be that the labeling errors

cancel out the advantages of the active learning algorithms capa

bility to adaptively select fiuseful o instances.
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Fiaure 4: Influence of Consideration Information on the Expert (80%-400)Labeling Agentd Performance

Investigating the learning curves further we note that CISF3, however, where CISF3 dominantly chose correctly labeled in

which chooses the instances most similar to the one to be labeledstances as the consideration information, the learning performance

performs significantly different to the case where no considerationis significantly better than when using CISF1. The data also
information is provied (CISF1). Clearly, CISF3 supplies a set of shows that th@robability of choosing a wrongly labeled instance

instances that strongly bias the novice labler. We can, thus, conis small at the onset and only rises as the active learning system

clude that similar instances can indeed be used to bias a labeleprogresses through its stages. In the car,-8itkyroid, and Kr
Combining these observations with the result of using CISF2 we vs-kp datasets the performance of CISF3 initially starts out to be

can confirm ourHypothesis 2 for all 8 datasets and the novice at least as good as the one of CISF1 but eventually, presumably

labeling simulation. Furthermore, the experiment also shows thatdue to the choice of wrongly labeled instances, deteriorates to
the influence exerted by CISF3 is unreliable as the direction of levels, which are worse than the one of CISF1.

influence differs among. For example, the car dataset learningaddressing this issue CISF4 picks its consideration information

curve clearly Bows that CISF3 initially seems to provide the-cor

instances only fromhe initially labeled dataset, which are pre

rectly labeled instances, but then, probably due to dominantly symed to be correct. As the graphs show CISF4 consistently
choosing wrongly labeled instances as consideration informationseems to bias novice labeler correctly, resulting in an overall bet
by CISF3, deteriorates to ultimately end up close to the initial ter performance than with the other consideration information
(i.e., superised learning) performance. For the pendigits dataset, selection functions. Ne that this superior performance is



achieved even though the pool of instances from which the con experience (i.e., Btancebased model): we chose a random set of
sideration information is chosen is much smaller than with CISF3.i nst ances, wher e humans adaptive
The experiments for the novice labeler seem to reconfirm ourinstances (syposedly, according to some evolutionary criteria).

Hypothesis 3a for our datasetsd a novice labeler. CISF4 is not  Tg reconfirm that an automated procedure could bias humans to
optimal. In particular, we find that CISF4 only confirms Hypethe  correct labeling we raa second experiment with human experts.
sis 3b for 4 of the 7 datasets, which is insufficient as a validation. Speciﬁca”y’ we designed a handwritten d|g|t recognition experi
Nevertheless, CISF4 seems to approach a desirable consideratioghent where 7 human subjects were asked to recognize images of
information selectio function, as it confirms Hypothesis 3b for  handwritten digits. We choose the MNIST digit handwritter im

some of the datasets. age dataset, which is apigal digit recognition benchmark in the
: machine |l earning and pattern reco
4.2.3 Performance of a Simulated Expert Labeler images of handwritten digits with their correct labels (i.e., their

The learning results fathe simulated expert labeler AgeB@%

400 show similar tendencies as the results of the novice labeler
(see Figure 4), ab confirming our hypotheses. However, the
results also show some significant differences. First, the learning
curves of CISF1 are considerably better for the simulated expert
labeler (Figure 4) than the novice agent (Figure 3) reconfirming
ourassumptomn t he influence of the
overall learning performance. Second, the influence of using
CISF3 or CISF4 is not as obvious as in Figur&areme exam

ples are theCar and Optidigits datasets, where CISF3 or CISF4
have astronginience on the simulated novice | abelerds (and the
overall algorithmbds) performance. With the simulated expert |
beler, however, the influence is practically impossible to discern.

This result supports peoplebdbs everyday experience that experts
more difficult to bias than novices, as their experience provides

them with a larger pool of examples to ground their decisions.

Furthermore, as clearly shown in the Hypothyroid, Siokhy

roid, and Krvs-kp datasets, we find that the positive influence a)

provided ly CISF4 over CISF1is only marginal while the negative

influence of CISF3 is quite clear. We believe that this is due to the

limited pool of information (i.e., the set of initially labeled- in

stances), which CISF4 can explore. Hence, as the experience of

the agent increases the contribution of the information in the ini

tially labeled data decreases.

correct number ) . Since we couldn
706000 i ma egdacsreduce thedowerail skt of examples.

To that end we preprocessed all the image files and reduced the
number of image features from 728 to 50 using a principal com

ponent analysis (pca) [13]. We then trained a support vector ma

chi|1e ( vm)I [Sé and onlyonsidered pictures where the ﬁu%oort

vecto? maching faidd to reec)ﬁé)m%erf r ou? (et Usolnrd this proece

dure we identified 288 images that were very difficult to classify

for the support vector machine.

4.2.4 Summary of the Expgenents
From the above simulation results with both the simulated novice b)
and expert labeler we find that similar instances can indeed be Figure 5: Human Labeler Experiment User Irterface

usedas consideration information to bias the labeler. We also 7 randomly selected human subjects were then asked to classify
demonstrated that randomly selected instances bias the agenhe 288 digits using the user interface shown in Figure 5a) without
aimlessly. Most importantly, we showed that using correctly 1a  any consideration information (i.e., according to CISFO). We then
beled similar instances (e.g., from the initial dataset) does biasg | j ghtly adapted CI SF 4lassifisationhi s t
(simulated) labelers in the correct direction. The influence of the a5k such as all the experiments with the automated labeler as
bias is, however, more dominant with novice labelers than with fo|iows: rather than choosing the k (in the experiments 5) nearest
experienced labelers. Consequently, we can confirm Hypothesispeighbors from the whole dataset we chose the nearest neighbor
3a for the 8 datasets and our labeling simulation. Unfortunately, from each of the 10 classes (numbers 0, .ar@) then discard the
we cannot confirm Hypothesis 3b, as the performance for three 5 most dissimilar ones. As a measure of similarity we used the
out of the eight datasets is actually worse than the purely-super gyclidian distance on 10 features of the images determined using
vise_d case. We be!ieve tr_lat this is due to deficiencies in_ our agenyrincipal component analysis from the 728 original ones. 5 differ
design (see also discussion below) but have to leave thiajues  ent randomly selected subjects classifiee 288 digits using the
open to further investigation. interface shown in Figure 5b). Table 1 shows the error count and

. ) error rate for the subjects determining the labels of the images
4.3 Experiments Showing the Congruence of without consideration informatior
the Human and Simulated Labeler sideration i nf orAmtestiadusted foy dmall &, vy
The biggest limitation of the experiments so far is the simulated Numbers of samples confirms that relative error values fgestsb
labeler. The human decision making process is arguab|y toe com with consideration information are drawn from a Sample with a
plex to be conclusily simulated by a computbased agent lim
iting the generalizability of our findings. Specifically, our labeling
agent design incorporated many design decisions. As an example,
consider t he choice of instances t o popul at e t he agent o6s



