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Abstract—Data quality is a critical problem in modern For both paper forms and direct electronic entry, we posit&h
databases. Data entry forms present the rst and arguably bes data-driven and more computationally sophisticated aggro

opportunity for detecting and mitigating errors, but there has .5, signi cantly outperform these decades-old static mesh
been little research into automatic methods for improving data . .
in both accuracy and ef ciency of data entry.

quality at entry time. In this paper, we propose USHER an end- A ’ ;
to-end system for form design, entry, and data quality assurane. The problem of data quality is magni ed in low-resource
Using previous form submissions,USHER learns a probabilistic  data collection settings. Recently, the World Health Oiggn

model over the questions of the form.UsHER then applies this  tion likened the lack of quality health information in devpt
model at every step of the data entry process to improve data ing regions to a “gathering storm,” saying, “[to] make peopl

quality. Before entry, it induces a form layout that captures the "
most important data values of a form instance as quickly as count, we rst need to be able to count” [4]. Indeed, many

possible. During entry, it dynamically adapts the form to the health organizations, particularly those operating witthited
values being entered, and enables real-time feedback to guide theresources in developing regions, struggle with collectigh-
data enterer toward their intended values. After entry, it re-asks  quality data. Why is data collection so challenging? First,
guestions that it deems likely to have been entered incorrectly. many organizations lack expertise in paper and electramio f

We evaluate all three components oUSHER using two real-world desi d rel dh . f ired dat Id
data sets. Our results demonstrate that each component haseéh esign and rely on ad hoc mapping or require ala elds

potential to improve data quality considerably, at a reduced cost {0 data entry widgets by intuition [5], [6]. Second, in the
when compared to current practice. paper form transcription process, double entry is too gostl

and takes too long — we witnessed an HIV/AIDS program
running clinical care on paper forms while researchers and
Organizations and individuals routinely make importarfunders receive the output of clean, double-entered didétn
decisions based on inaccurate data stored in supposedly rauch later. Finally, even organizations in developing oagi
thoritative databases. Data errors in some domains, suchaes beginning to use mobile devices like smartphones fa dat
medicine, may have particularly severe consequences.eThesllection, with community health workers doing direct ithd)
errors can arise at a variety of points in the lifecycle ofagatdata entry in remote locations. Electronic data entry dssvic
from data entry, through storage, integration and cleating offer different affordances than those of paper, displadhe
analysis and decision-making [1]. While each step presemtde of traditional form design and double entry [5]. We ofte
an opportunity to address data quality, entry-time offérs t saw that there were no data quality checks at all in thesesgase
earliest opportunity to catch and correct errors. The detab Patnaik et al. found mobile data entry quality to be ten times
community has focused owlata cleaningonce data has worse than dictation to a human operator [7].
been collected into a database, and has paid relatively litt To address this spectrum of data quality challenges, we have
attention to data quality at collection time [1], [2]. Cunte developed WYHER an end-to-end system that can improve
best practices for quality during data entry come from thiel e data quality and ef ciency at the point of entry by learning
of survey methodology, which offers principles that in@udprobabilistic modelsrom existing data, which stochastically
manual question orderings and input constraints, and éoubtlate the questions of a data entry form. These models form
entry of paper forms [3]. Although this has long been the principled foundation on which we develop information-
de facto quality assurance standard in data collection athetoretic algorithms for form design, dynamic form addptat
transformation, we believe this area is ripe for reconsitien. during entry, and question veri cation after entry:

I. INTRODUCTION



1) Since form layout is often ad hoc,JHER optimizes Hellerstein [8]. By the time such retrospective data clegni
any exibility for question ordering according to a is done, the physical source of the data is typically unatde!
probabilistic objective function that aims to maximize— thus, errors often become too dif cult or time-consuming t
the information content of form answers as early ase recti ed. UsHERaddresses this issue by applying statistical
possible — we call this thegreedy information gain data quality insights at the time of data entry. Thus, it caticlc
principle. errors when they are made, and when ground-truth values may

2) During entry, the model's probability estimates are useslill be available for veri cation.
to dynamically reorder questions, again to maximize
information gain according to the same principle. Thi§- User Interfaces
is appropriate in scenarios where the form is presentedPast research on improving data entry is mostly focused on
one question at a time, or in small batches. adapting the data entry interface for user ef ciency imgrov

3) After the submission of a complete form instance, th@ents. Several such projects have used learning techniques
model is consulted to predict which responses may l@ automatically Il or predict a top-k set of likely values
erroneous, so as te-askthose questions in order to[9], [10], [11], [12], [13], [14], [15]. For example, Ali and
verify their correctness — we call this ttentextual- Meeks [9] predicted values for combo-boxes in web forms and
ized error likelihoodprinciple. This focused re-askingmeasured improvements in the speed of entry; Ecopod [15]
approximates the bene ts of double entry at a fractiogenerated type-ahead suggestions that were improved by geo
of the cost. graphic information; Hermens et al. [10] automaticallyed

In addition, UsHERs approach provides a framework forleave-of-absence forms using decision trees and measured
reasoning about and organizing feedback mechanisms Bfgdictive accuracy and time savings. In these approaches,
the data-entry user interface. During data entrgHER can learning techniques are used to predict form values based on
predict the likelihood of unanswered elds given entere@ast data, and each measures the time savings of particular
answers. Using these probabilities, and following theifitn ~ data entry mechanisms and/or the proportion of values their
that multivariate outliers are values warranting reexatigm model was able to correctly predict. SHERs focus is on
by the data entry worker, $HER can guide the user with muchimproving data quality, and its probabilistic formalismbiased
more speci ¢ and context-aware feedback. In Section VI, won learning relationships within the underlying data thatig

offer initial thoughts on design patterns forsHer-inspired the user towards more correct entries. In addition to ptiedjc
data entry interfaces. question values, we develop and exploit probabilistic n®de

The contributions of this paper are fourfold: of user error, and target a broader set of interface adaptati

1) We describe our designs for two probabilistic models f¢P" imProving data quality, including question reorderiagd
an arbitrary data entry form that model both questio’i?'aSk'ng* and widget customizations that provide feeklibac
ordering and error likelihood. the user based on the likelihood of their entries. Some of the

2) We describe how BHER uses these models to proVideenhancements we make for data quality could also be applied

three forms of guidance: static form design, dynami improve the speed of entry.

guestion ordering, and re-asking.
3) We present experiments showing thatHiR has the po- ) ) ) o .
tential to improve data quality at reduced cost. We stud Data quality assurance is a prominent topic in the science

two representative data sets: direct electronic entry 8f clinical trials, where the practice of double entry hasrbe
survey results about political opinion, and transcriptioﬂuesuoned and dissected, but nonetheless remains the gold

of paper-based patient intake forms from an Hiv/AIDSt@ndard [16], [17]. In particular, Kleinman takes a prabsb
clinic in Tanzania. tic approach toward choosing which forms to re-enter based

4) Extending our ideas on form dynamics, we propose néf? the individ.uallperformance of data entry staff [18]. This
user interface principles for designing contextualize§0SS-formvalidation has the same goal as our approach of
intuitive feedback about the likelihood of data as it is ef€ducing the need for complete double entry, but does so

tered. This provides a foundation for incorporating daf@dl @ much coarser level of granularity. It requires histaric
cleaning visualizations directly into the entry process_performance records for each data entry worker, and does not

offer dynamic recon rmation of individual questions. Inrco

C. Clinical Trials

Il. RELATED WORK trast, USHERS cross-questiorvalidation adapts to the actual
Our work builds upon several areas of related work. Wéata being entered in light of previous form submissions, an
provide an overview in this section. allows for a principled assessment of the tradeoff betwesh ¢
) (of recon rming more questions) versus quality (as prestict
A. Data Cleaning by the probabilistic model).

In the database literature, data quality has typically been )
addressed under the rubric ddta cleaning(1], [2]. Our work D- Survey Design
connects most directly to data cleaning via multivariatdieu The survey design literature includes extensive work on
detection; it is based in part on interface ideas rst pregubsy proper form design for high data quality [3], [19]. This



literature advocates the use of manually speciamhstraints 50 LS I S
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on response values. These constraints may be univarigte (e.

a maximum value for amge question) or multivariate (e.g.,

disallowinggenderto be male and pregnantto beyeg. Some i

constraints may also be “soft,” and only serve as warnings

regarding unlikely combinations (e.@gebeing 60 andreg- o

nant beingyes. 2
The manual specication of such constraints requires a

domain expert, which can be prohibitive in many scenariogig. 1. Bayesian network for theatient dataset, showing probabilistic

By relying on prior data, YHER learns to automatically infer relationships between form questions.

many of these same constraints without requiring theiriepl

speci cation. When these constraints are violated duririgyen

UsHERcan then ag the relevant questions, or target them f@sks an interviewee only a feimportantquestions, and then

re-asking. uses those responses to complete the remainder of a form
However, UsHER does not preclude the manual speci cawhile sitting on the curb outside the home. The constructive

tion of constraints. This is critical, because previousagsh insight here is that a well-chosen subset of questions can

into the psychological phenomena of survey lling has yeld often enable an experienced agent to intuitively prediet th

common constraints not inherently learnable from priomdatémaining answers. $HERs question ordering algorithms

[3]. This work provides heuristics such as “groups of topfformalize this intuition via the principle of greedy infoetion

cally related questions should often be placed togethed adain, and use them (scrupulously) to improve data entry.

“questions about race should appear at the end of a survey.USHERS learning algorithm relies on training data. In prac-

USHER complements these human-speci ed constraints, a¢ce, a data entry backlog can serve as this training sehen t

commodating them while leveraging any remaining exilyilit @bsence of suf cient training data,d#ER can bootstrap itself
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to optimize question ordering in a data-driven manner. ~ ©n & “uniform prior,” generating a form based on the assump-
tion that all inputs are equally likely. Subsequently, antirey
. SYSTEM set can gradually be constructed by iteratively capturiatad
A. A Data-driven Approach from designers and potential users in “learning runs.” lais

USHER builds a probabilistic model for an arbitrary datgf@mmon approach to rst t to the available data, and then
entry form in two steps: rst, by learning the relationship€Vvolve a model as new data becomes available. This process
between form questions via structure learning; and sedmnd, of semi-automated form design can help institutionalizes ne
estimating the parameters of a Bayesian network, which thE#ms before they are deployed in production.

allows us to generate predictions and error probabilites f USHERadapts to a form and dataset by crafting a custom
the form. model. Of course, as in many learning systems, the model

After the model is built, $HER uses it to automaticallpr- l€arned may not translate across contexts. We do not claim

der a form's questions fogreedy information gainSection vV that each learned model would or should fully generalize to
describes both static and dynamic algorithms, which empléyfferent environments. Instead, each context-speci cdelo
criteria based on the magnitude of statistical informatiain 1S used to ensure data quality for garticular situation,
that is expected in answering a question, given the answars tWhere we expect relatively consistent patterns in input dat
have been provided so far. This is a key idea in our approadhiaracteristics. In the remainder of this section, we titats
By front-loading predictive potential, we increase the elsti USHERS functionality with examples. Further details, partic-
capacity in several ways. First, from an information théore Ularly regarding the probabilistic model, follow in the eirg
perspective, we improve our ability to do multivariate preSections.

d?ction and outlier dgtgction for subsequent qugstion;yvAs B. Examples

discuss in more detail in Section VIII, the predictive afian _ . .

be applied by parameterizing data entry widgets (type-@ghea We offer two running examples. .F'rSt’ tmatlentdatz_iset
suggestions, default values), assessing answers (oailjs, comes from paper patient-registration forms, 'Franscrlbgq
and performing in- ight cross-validation (survey desigarp data entry workers, from a HIV/AIDS program in Tanzahia.
lance for re-asking of questions). Second, from a psychoibg Second, thesurvey dataset comes from a phone survey of

perspective, front-loading information gain also addessthe political opflnlop n lch.Sa?l F'ratnmscolBa;y Arezfa, entered by
human issues of user fatigue and limited attention Spart;h'vhlsurvey protessionals cirectly Into an electronic form. .
In each example, a form designer begins by creating a sim-

can result in increasing error rates over time, and unareiver |  cati £ 1 " d thei i
questions at the end of the form. ple speci cation of form questions and their prompts, resm

Our approach is driven by the same intuition underlying th%ata tfy pes, and constr:gnts. Th.e tr?rl]mr}g da‘Fa setl IS r.r:ﬁdé up
practice ofcurbstoning which was related to us in discussiorP" 0" Torm responses. By running the learning aigorithms we

with survey design experts [6]. CUVbStO”'”Q is a way in which 1We have pruned out questions with identifying informationapatients,
an unscrupulous door-to-door surveyor shirks work: he er shs well as free-text comment elds.



;;ﬁfj/"j 758+)87" dering shown in Figure 3. We can see in Figure 3 that the
' structure learner predicteldegionCodeo be correlated with

R DistrictCode It happens that our data set comes mostly from

=HOHESA clinics in a single region of Tanzania, so RegionCode has low
p— information entropy. It is not surprising then, thatsHERS
suggested ordering has DistrictCode early and RegionCode

last — once we observe DistrictCode, RegionCode has very

@ little additional expected conditional information gaifthen it

is time to input the RegionCode, if the user selects an iecorr
Py, value, the model can be more certain that it is unlikely. # th
5%#3)36- user stops early and does not Il in RegionCode, the model can

infer the likely value with higher con dence. In generalatt

guestion orderings are appropriate as an of ine process for

paper forms where there is latitude for (re-)ordering goast
within designer-speci ed constraints.
During data entry, YHER uses the probabilistic machinery
to drive dynamic updates to the form structure. One type of
update is the dynamic selection of the best next questiogko a
among questions yet to be answered. This can be appropriate
in several situations, including surveys that do not expsets
to nish all questions, or direct-entry interfaces (e.g. biite
phones) where one question is asked at a time. We note that

Fig. 2. Bayesian network for theurveydataset. The probabilistic relation- it is still important to respect the form deS|gne|as prion

ships are more dense. Some relationships are intuitive i@olideclogy - SPeci ed question-grouping and -ordering constraints nvhe
Political Party), others show patterns incidental to thtaskt (race - gender). form is dynamically updated.

UsSHER is also used during data entry to provide dynamic

79")3-#%

ReferredFrom feedback, by calculating the conditional distribution tbe

DistrictCode __ question in focus, and using it to assess the likelihood of
DateConfirmedHIVPositive . .

DateOfBirth the user's entry. Contmlumg the example above, we could,

MaritalStatus before entry, use a “split” drop-down menu for RegionCode

PriorExposure that features the most likely answers “above the line,” dtet a
DateFirstPositiveHIVTest P . .

Sox entry, color the chosen answer red if it is a conditionalieutl
RegionCode We discuss in Section VIII the design space and potential

impact of data entry feedback that is more speci c and cdntex
Fig. 3. Example question layout generated by our orderingrdlgn. The gware.
arrows re ect the probabilistic dependencies from Figure 1 At the end of a data entry run, S¥iER calculates error
probabilities for the whole form and for each question. Ehes
. . . ) probabilities are dependent on all available values fonglsi
present in Section IV, BHER builds a Bayesian network of form instance provided by the data entry worker. For each
probabilistic rel_ationships from the data, as shown in Fégu form question, \$HER predicts how likely that the response
1 and 2. In this graph, an edge captures a close stochagfigyided is erroneous, by examining whether it is likely to
dependency between two random variables (i.e., form quegs a multivariate outlier, i.e., that it is unlikely with yesct
tions). Two questions with no path between them in the gragh the responses for other elds, If there are responses with
are probabilistically independent. Figure 2 illustratedeaser orror probabilities exceeding some thresholdsHER re-asks

graph, demonstrating that political survey responses t@h@ nose questions, ordered by the highest error probabdiy,
highly correlated. Note that a standard joint distributieould  yescribed in Section VI.

show correlations amongll pairs of questions; the sparsity

of these examples re ects conditional independence patteC. Implementation

learned from the data. Graphically encoding independesice i\we have implemented $HER as a web application (Fig-

a now-standard method in machine learning that clari es thge 4). The Ul loads a simple form speci cation le, which

underlying structure, mitigates data over- tting, and iyes  contains form question details and the location of the ingin

the ef ciency of probabilistic inference. data set. Form question details include question name,gitom
The learned structure is subject to manual control: a dgata type, widget type, and constraints. The server iristast

signer can override any learned correlations that arevsgli®o a model for each form. The server passes information about

be spurious, or that make the form more dif cult to administequestion responses to the model as they are lled in; in ex-
For the patient dataset, YHER generated the static or-change, the model returns predictions and error probiisilit



random variables, given already entered question response
&y 53+, + G°= g°for that instance, i.eP (G j G°= g9. Constructing
this network requires two steps: rst, the induction of the
@ graphstructureof the network, which encodes the conditional
independencies between the question random vari&hlesd
second, the estimation of the resulting netwoné&rameters
The néave approach to structure selection would be to
assume complete dependence of each question on every other
0 Jes guestion. quever, this would blow up the number of fr_ee
parameters in our model, leading to both poor generaliza-
tion performance of our predictions, and prohibitively velo
model queries. Instead, we learn the structure using thoe pri
form submissions in the databasesikRr searches through
the space of possible structures using simulated annealing
i ) and chooses the best structure according to the Bayesian
Fig. 4. USHER components _and data ow: 1) m0(_jel a form and_lts dataD. . . . . N .
(2) generate question ordering according gedy information gain (3) irichlet Equivalence criterion [23]. This criterion optizes
instantiate the form in a data entry interface, (4) duringl ammediately for a tradeoff between model expressiveness (using a richer
after data entry, provide dynamic re-ordering, feedback r@adon rmation dependency structure) and model parsimony (using a smaller
according tocontextualized error likelihoad . e . .
number of parameters), thus identifying only the promipent
recurring probabilistic dependencies. This search isoperéd

Models are created from the form speci cation, the trainingsing the BANJO software toolkit [20]. Figures 1 and 2 show
data set, and a graph of learned structural relationshis. Automatically learned structures for two data domains.
perform structure learning of ine with BANJO [20], an open In certain domains, form designers may already have strong
source Java package for structure learning of Bayesian né@mmon-sense notions of questions that should or should
works. Our graphical model is implemented in two variation§10t depend on each other (e.g., education level and income
one is based on a modi ed version of JavaBayes [21] — &€ related, whereas gender and race are independent). As a
open-source Java software for Bayesian inference. Beca@§stprocessing step, the form designer can manually tume th
JavaBayes only supports discrete probability variables, wesulting model to incorporate such intuitions. In fact #n-
imp|emented the error prediction version of our model usirfge structure could be manually constructed in domainsrehe

Infer.NET [22], a Microsoft .NET Framework toolkit for an expert has comprehensive prior knowledge of the question
Bayesian inference. interdependencies. However, a casual form designer ikelpli

to consider the complete space of question combinationswhe

identifying correlations. In most settings, we believe #yfu
The core of the WHER system s its probabilistic model of automatic approach to learning multivariate correlatioosild

the data, represented asBayesian networlover form ques- yield more effective inference.

tions. This network captures relationships between a ®rm' Given a graphical structure of the questions, we can then

question elements in a stochastic manner. In particulaengi estimate theconditional probability tablesthat parameterize

input values for some subset of the questions of a particugich node in a straightforward manner, by counting the

form instance, the model can infer probability distribugo proportion of previous form submissions with those respons

over values of that instance's remaining unanswered questi assignments. The probability mass function for a singlesque

In this section, we show how standard machine learningn F; with m possible discrete values, conditioned on its set

techniques can be used to induce this model from previogparent node® (F;) from the Bayesian network, is:

form entries.
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IV. LEARNING A MODEL FORDATA ENTRY

We will useF = fFy;:::;F,g to denote a set of random P(Fi=fijfF =1 :F 2P(F)9g)
variables representing the values mfquestions comprising _ N(Ri=fi;fF =1 :F 2P (F)g). 1)
a data entry form. We assume that each question response N(fFj = f; : F; 2P (Fi)g)

takes on a nite set of discrete values; continuous valuis

are discretized by dividing the data range into intervald argf(te?lsstontorfzt::%r;{gt('g:walz :c;bfa t]:IFt] ;f fje;t'gj tzkz (Fia)llg)e
assigning each interval one valtido learn the probabilistic - P ity of questispiaking valu

model, we assume access to prior entries for the same forh‘]i rg'vﬁln )t(hati e?r? h r?urisbt'orﬁj fm rT(rFif) rﬁkesb?:i Vaillunéj that
USHER rst builds a Bayesian network over the form ere, N(X) is the number of prior form submissions tha

guestions, which will allow it to compute probability dis—match the c_ond|t|on9( —n the d_en(_)mlnator, we count the
tributions over arbitrary subsels F of form question number of times a previous submission had the suB¢&t)

of its questions set according to the lisfgdvalues; and in the
2Using richer distributions to model elds with continuous ordinal

answers (e.g., with Gaussian models) could provide additionprovement, 31t is important to note that the arrows in the network wot represent
and is left for future work causality, only that there is a probabilistic relationshgiween the questions.



Input: Model G with questionsF = fFy;:::;Fng can more accurately predict missing values for incomplete

Output: Ordering of question® = (O1;:::;0p) form submissions.

o ; We can quantify uncertainty usingformation entropy A

while jOj <n do _ question whose random variable has high entropy re ects
Fargmax; 2o H(Fi j O); greater underlying uncertainty about the responses theg-qu
O  (O;F); tion can take on. Formally, the entropy of random varidfle

end is given by:

Algorithm 1. Static ordering algorithm for form layout.

X

H(Fi) = P(fi)log P (fi); 3)
numerator, we count the number of times when those previous :
submissions additionally halg; set tof ;. where the sum is over all possible valugsthat questiorF;

Because the number of prior form instances may be limiteégn take on.

and thus may not account for all possible combinations @irpri  As question values are entered for a single form instance,
question responses, equation 1 may assign zero probabilitfhe uncertainty about remaining questions of that instance
some combinations of responses. Typically, this is undes@hanges. For example, in the race and politics survey, kipwi
able; just because a particular combination of values has Hae respondent's political party provides strong evideaiceut
occurred in the past does not mean that combination canhigt or her political ideology. We can quantify the amount
occur at all. We overcome this obstacle syoothingthese Of uncertainty remaining in a questioRj, assuming that

parameter estimates, interpolating each with a backgroupidher questionsG = fFy;:::;F,g have been previously
uniform distribution. In particular, we revise our estisto: €encountered, with itsonditional entropy

P(Fi:fiijj :fj ZFj 2P(Fi)g) H(FijG>)( X

- N(Fi = fi;fF = :Fj 2P (F)g) , . @ = P(G = g;Fi = fi)logP(Fi = f; j G = g);

N(fFj = fj :Fj 2P(Fi)g) m g=(fyf o) fi

wherem is the number of possible values questibn can 4)
take on, and is the xed smoothing parameter, which Wasyhere the sum is over all possible question responses in
setto 0.1 in our implementation. Th|s qpproach is esséntiajhe Cartesian product d¥;;:::;Fn;F;. Conditional entropy
a form (_)f Jelinek-Mercer smoothing with a uniform backoff,easures the weighted average of the entropy of questisn
distribution [24]. conditional distribution, given every possible assignmeh

Once the Bayesian network is constructed, we can infgfa previously observed variables. This value is obtaingd b
distributions of the formP(G j G° = ¢ for arbitrary performing inference on the Bayesian network to compute the
G:G° F — that is, themarginal distributions over sets of necessary distributions. By taking advantage of the cindit
random variables, optionally conditioned on observed e&lujndependences encoded in the network, we can typically drop
for other variables. Answering such queries is know as thgany terms from the conditioning in Equation 4 for faster
inferencetask. There exist a variety of inference techniquegomputatiorf

In our experiments, the Bayesian networks are small enoughyyy fy|| static orderingalgorithm based on greedy infor-

that exact techniques such as fhaction tree algorithm25]  ation gain is presented in Algorithm 1. We select the entire

can b_e used. For larger models, faster approximate 'nfere%estion ordering in a stepwise manner, starting with the

techniques may be preferable. rst question. At theith step, we choose the question with

the highest conditional entropy, given the questions tlaaeh

] ) ) already been selected. We call this ordering “static” bseau
Having described the Bayesian network, we now tum to itfe algorithm is run of ine, based only on the learned Bagasi

applications in the WHER system. We rst consider ways of network, and does not change during the actual data entry

automatically ordering the questions of a data entry forhe T gggsion.

key idea behind our ordering algorithmgseedy information |, many scenarios the form designer would like to specify

gain— that is, to reduce the amountoficertaintyof a single 54,141 groupings of questions that should be presented to
form instance as quickly as possible. Note that regardiéssiRe ,ser as one section. Our model can be easily adapted
how questions are ordered, the total amount of uncertaifty handie this constraint, by maximizing entropy between

about all of the_z responses taken together_— and hence_ cied groups of questions. We can select these groups
total amount of information that can be acquired from anrenti
form Sme'szon — is xed. By reducmg. this uncertainty as 4congitional entropy can also be expressed as the increndiffeance in
early as possible, we can be more certain about the valuegooi entropy due td;, that is,H (F; j G) = H(F;;G) H(G). Writing
later questions. The benets of stronger certainty aboterla out the sum of entropies for an entire form using this ex_;imesyields_ a

i t fold. First. it all ¢ t telescoping sum that reduces to the xed vakiéF). Thus, this formulation
ques_ Ions are wo-fold. FIrst, it allows us fo _more accuyate;on rms our previous intuition that no matter what ordering walect, the
provide data entry feedback for those questions. Second, w@! amount of uncertainty is still the same.

V. QUESTION ORDERING



according to joint entropy:

arg mGaxH(G jFi R 1) %)

Y
~/

whereG is over the form designers' speci ed groups of ques-
tions. We can then further apply the static ordering alganit

to order questionsvithin each individual section. In this way,
we capture the highest possible amount of uncertainty while
still conforming to ordering constraints imposed by thenfor &
designer.

Form designers may also want to specify other forms of
constraints on form layout, such as a partial ordering over
the questions that must be respected. The greedy approach
can accommodate such constraints by restricting the clodice
elds at every step to match the partial order.

Ve

A Reorde”ng Questions dur'ng Data Entry Fig. 5. A graphical model with explicit error modeling. Hek2; represents

In electronic form settings, we can take our ordering notidhe_actual input provided by the _data entry wc_)rker for thpquestlon, and

. . . F; is the true value of that question that we wish to predict. Td®angular

a step further, and dynamlcaliyeorder questions in a fo_rm plate around the center variables denotes that those lesiabbe repeated
as they are entered. This approach can be appropriate fi@leach of theN form questions. Thé& variables are connected by edges

scenarios when data entry workers input one value at a tinfke2 Z. representing the relationships discovered |n_th_e streckearning

h Il mobile devi Wi n lv th rocess; this is the same structure l_Jse_d fqr the qL_Jest_lomlmgdmmponent.

suc a? on Sma 0 e e Ces'_ € C&} apply th€ SaWiriaple ; represents the “error distribution, which in our currentdab

greedy information gain criterion as in Algorithm 1, but @pel is uniform over all possible values. Variabi is a hidden binary indicator

the calculations with the previous responses in the sanme foyariable specifying whether the entered data was erronésysrobability |
is drawn from a Beta prior with xed hyperparametersand .

Is selected by maximizing: entry worker. Our approach is a data-driven alternativenéo t

H (Fi>j(G = Q) expensive practice of double entry, wheseeryquestion is re-
_ e e~ asked — we focus re-asking effort only on question responses
- . P(Fi=1i]G = g)logP(Fi =1 ]G = g): (6) that are unlikely with respect to the other form responses.
o _ o _ USHER estimatescontextualized error likelihoodor each
Notice that this objective is the same as Equation 4, exceflestion response, i.e., a probability of error that is delpet
using the actual responses entered into previous questii}$ every other eld response. The intuition behind error
rather than taking a weighted average over all possibleegalugetection is straightforward: questions whose responses a
Constraints speci ed by the form designer, such as topicg|nexpected,” with respect to the rest of the input respsnse
grouping, can also be respected in the dynamic framework B more likely to be incorrect.
restricting the selection of next questions at every step. To formally incorporate this notion, we extend our Bayesian
In general, dynamic reordering can be particularly useful hetwork from Section IV using a more sophisticated model
scenarios where the input of one value determines the vajyg; ties together intended and actual question responses.
of another. For example, in a form with questions g@nder  gpec; cally, each question is augmented with additionades
and pregnant a response ofnale for the former dictates the capturing a probabilistic view of entry error. Under this

value and potential information gain of the latter. Howevepay, representation, thith question is represented with the
dynamic reordering may be confusing to data entry Workeféllowing set of random variables:

who routinely enter information into the same form, and have
come to expect a specic question order. Determining the
tradeoff between these opposing concerns is a human factors
issue that depends on both the application domain and the use
interface employed.

Fi: the correctvalue for the question, which is unknown
to the system, and thustaddenvariable.

D;: the question response provided by the data entry
worker, anobservedvariable.

i - the probability distribution of values that are entered

V1. QUESTIONRE-ASKING as mistakes, which is a single xed distribution per
After a form instance is entered, the probabilistic model is ~ guestion. We call; the error distribution
again applied for the purpose of identifyirgrors made during Ri: a binary variable specifying whether an error was

entry. Because this determination is made immediately afte Made in this question.

form submission, WHER can choose toe-ask questions for Additionally, we introduce a random variableshared across
which there may be an error. By focusing the re-asking effaatl questions, specifying how likely errors are to occur for
only on questions that were likely to be mis-enteredHdRis a typical question of that form submission. Note that the
likely to catch mistakes at a small incremental cost to the daelationships between eld values discovered during stmec



learning are still part of the graph, so that error detection Once we have inferred a probability of error for each
based on the totality of form responses. We call the Bayesiguestion, actually performing the re-asking is a simpletenat
network augmented with these additional random varialbles tQuestions whose error probability estimates exceed ahtbie:s
error model value, up to a customizable limit, are presented to the data
Within an individual question, the relationships betweeentry worker for re-entry; if the new value does not match
the newly introduced variables are shown in Figure 5. Nodke previous value, the question is agged for further manua
R;i 2 f 0; 1g is a hidden indicator variable specifying whethereconciliation, as in double entry.
an error will happen at this question. Our model posits that a
data entry worker implicitly ips a coin folR; when entering VIl. EVALUATION
a response for question with probability of one equal to
. If Ri = 0, no error occurs and the data entry worker We evaluated the benets of 4HER by simulating two
inputs the correct value fdD;, and thusF; = D;. However, data entry scenarios to show how our system can improve
if Ri =1, then the data entry worker makes a mistake, arfhta quality. We focused our evaluation on the quality of our
instead chooses a response for the question from the xed ermodel and its predictions, factoring out the human-compute
distribution ;. In our present implementation is a uniform interaction concerns of form widget design by automatycall
distribution over all possible values for questioh simulating user entry. As such, we set up experiments to
Formally, the conditional probability distribution of éac measure our models' ability to predict users' intended arsw
random variable is de ned as followR (F; j :::) is still and to catch arti cially injected errors. We believe thag hata
de ned as in Section IV. entry user interface can also bene t from value predictias,
PointMas¢F;) if R, =0, we discuss in Section VIII. We rst d.escrib'e the expgrimdanta
) , (7) data sets, and then present our simulation experiments and
Discretd ;) otherwise, results.

Di jFi; i;R;

All of D;'s probability is concentrated arourkd (i.e., a point
mass af;) if R; is zero; otherwise its probability distributionA. Data Sets and Model Setup

is the error distribution. ) ) .
We examine the bene ts of 8HERs design using two data

Ri j Bernoulli( ) (8) sets, previously described in Section Ill. Therveydata set
. ) o . comprises responses from a 1986 poll about race and politics
Conditioned only on its parent, the probability of making &, ihe san Francisco-Oakland metropolitan area [28]. The UC
mistake in an arbitrary question is the value Berkeley Survey Research Center interviewed 1,113 persons
Betd ; ) © by random-digit teleph(_)ne diaIi_ng. Trrmtient data set was
collected from anonymized patient intake records at a rural
The probability of mistake is itself an unknown random HIV/AIDS clinic in Tanzania. In total we had fteen questien
variable, so we model its exibility by de ning it as @eta for the survey and nine for the patient data. We discretized
distribution, which is a continuous distribution over theak continuous values using xed-length intervals, and trdatee
numbers from zero to one. The Beta distribution takes twabsence of a response to a question as a separate value to be
hyperparameters and , which we set to xed constants. predicted.
The use of a Beta prior distribution for a Bernoulli random For both data sets, we randomly divided the available prior
variable is standard practice in Bayesian modeling, gbrtiasubmissions intaraining and test sets, split 80% to 20%,
because this combination is mathematically convenient [26respectively. For the survey, we had 891 training instances
The ultimate variable of interest in the error modelRs.  and 222 test; for patients, 1,320 training and 330 test. We
we wish to induce the probability of making an error for eacherformed structure learning and parameter estimationgusi
question, given the actual question responses: the training set. As described in Section 1V, the resultinthie
P(RijDy::::: D.): (10) graphical models shown in Figures 1 and 2. The test portiqn
’ of each dataset was then used for the data entry scenarios
This probability represents a contextualized error Ihetid presented below.
due to its dependence on other eld values through the
Bayesian network. Again, we can use standard Bayesigh Simulation Experiments
inference procedures to compute this probability. In our im
plementation, we use the Infer.NET toolkit [22] with the In our simulation experiments, we aim to verify hypotheses

Expectation Propagation algorithm [27] for this estimatio régarding two components of our system: rst, that our data-
driven question orderings ask the most uncertain questions
5A more precise error model would allow the model to be especiallyst, improving our ability to predict missing responses)da
wary of common mistakes. However, learning such a model is issédfge  gecond, that our re-asking model is able to identify erraseo
undertaking, involving carefully designed user studiethvai variety of input tel that t t th i
widgets, form layouts, and other interface variations, ambst-hoc labeling res_pons_:es accurately, so that we can target those quesirons
of data that is to be considered in error. This is another fmetuture work.  veri cation.
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1) Ordering: For the ordering experiment, we posit alynamic ordering yields slightly greater predictive powsan
scenario where the data entry worker is interrupted whitee static ordering. Because the dynamic approach is able
entering a form submission, and thus is unable to complete o adapt the form to the data being entered, it can focus
entire instance. Our goal is to measure how well we can plies question selection on high-uncertainty questions ispec
dict those remaining questions, under four different qoast to the current form instance. In contrast, the static apgroa
orderings: WHERS pre-computed static ordering, SWERs effectively averages over all possible uncertainty paths.

dynamic ordering (where the order can adjust in response toz) Re-asking:For the re-asking experiment, our hypothet-
individual question responses), the original form designe . '

ical scenario is one where the data entry worker enters a

ordering, and a random ordering. In each case, prechCtIOtgbsmplete form instance, but with erroneous values for some

are made by computing the maximum position (mode) of tr?nﬁjestion responses. Speci cally, we assume that for eatzh da
probability distribution over un-entered questions, givbe value, the entry worker has sorr'1e xed chanzef making a
known responses. Results are averaged over each inStanCr%iH?ai(e. When a mistake occurs, we assume that an erroneous
the test set. value is chosen uniformly at random. Once the entire ingtanc
The left-hand graphs of Figure 6 measures the averagentered, we feed the entered values to our error model, and
number of correctly predicted un lled questions, as a fiortt compute the probability of error for each question. We then
of how many responses the data entry worker did enter befggeask the questions with the highest error probabilitées]
being interrupted. In each case, theHER orderings are able measure whether we chose to re-ask the questions that were

to predict question responses with greater accuracy thém bgctually wrong. Results are averaged over 10 random tidals f
the original form ordering and a random ordering for mogiach test set instance.

truncation points. Similar relative performance is ext@ti

when we measure the percentage of test set instances WheF lgure 7 plots the percentage of instances where we chose
. b 1ag S W% ask all of the erroneous questions, as a function of the
all un lled questions are predicted correctly, as shown in the

right side of Figure 6 number of questions that are re-asked, for error prob@silit
' of 0.05, 0.1, and 0.2. In each case, our error model is able

The original form orderings tend to underperform theifp make signi cantly better choices about which questianms t
UsHER counterparts. Human form designers typically do nek_ask than a random baseline. In fact, foe 0:05, which
optimize for asking the most dif cult questions rst, ingté s 3 representative error rate that is observed in the eld [7
often focusing on boilerplate material at the beginning of @syer successfully re-asks all errors over 80% of the time
form. Such design methodology does not optimize for greedthin the rst three questions in both data sets. We observe
information gain. that the traditional approach of double entry correspomds t

As expected, between the twoSHER approaches, the re-asking every question; under reasonable assumptiang ab
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the occurrence of errors, our model is often able to achietaxonomize some of these design options as follows:
the same result as double entry of identifying all eIroneous 1) Time of exposure: friction and assessmenfThe prob-

responses at a substantially reduced cost, in terms of numbe
of questions asked.

VIIl. DI1SCUSSION DYNAMIC INTERFACES FORDATA

ENTRY

In the sections above, we described howsHER uses
statistical information traditionally associated withioé data
cleaning to improve interactive data entry via question or-
dering and re-asking. This raises questions about the human
computer interactions inherent in electronic form- llinghich
are typically device- and application-dependent. For edam
in one of our applications, we are interested in how data
quality interactions play out on mobile devices in devehgpi
countries, as in the Tanzanian patient forms we examined
above. But similar questions arise in traditional onlinenfe
like web surveys. In this section we outline some broad aesig
considerations that arise from the probabilistic power e t
models and algorithms in §HER We leave the investigation
of speci ¢ interfaces and their evaluation in various coage
to future work.

While an interactive YHER-based interface is presenting
guestions (either one-by-one or in groups), it can infer a
probability for each possible answer to the next questioosé
probabilities are “contextualized” (conditioned) by pimys
answers. The resulting quantitative probabilities can ke e

ability of an answer can be exposed in an interface
beforethe user chooses their answer. This can be done
to improve data entry speed by adjusting ftietion of
entering different answers: likely results become easy
or attractive to enter, while unlikely results require
more work. Examples of data-driven variance in friction
include type-ahead mechanisms in text elds, “popular
choice” items repeated at the top of drop-down lists,
and direct decoration (e.g. coloring or font-size) of each
choice in accordance with its probability. A downside
of beforehand exposure of answer probabilities is the
potential to bias answers. Alternatively, probabilities
may be exposed in the interface ondifter the user
selects an answer. This becomes a formasgessment
— for example, by agging unlikely choices as potential
outliers. This assessment can be seen as a soft proba-
bilistic version of the constraint violation visualizati®
commonly found in web forms (e.g. the red star that
often shows up next to forbidden or missing entries).
Post-hoc assessment arguably has less of a biasing affect
than friction. This is both because users choose initial
answers without knowledge of the model's predictions,
and because users may be less likely to modify previous
answers than they would be to change their minds before
entry.

posed to users in different manners and at different times. W 2) Explicitness of exposure: Feedback mechanisms in



3)

Fig. 8. Mockups of some simple dynamic data entry widgets iatstg various design options.

adaptive interfaces vary in terms of how explicitly
they intervene in the user's task. Adaptations can be
consideredelective versusmandatory For instance, a
drop-down menu with items sorted based on likelihood
is mandatory with a high level of friction; whereas, a
“split” drop-down menu, as mentioned above, is elective

— the user can choose to ignore the popular choices.

probabilities is an interesting design consideration. For
example, “type-ahead” text interfaces have this avor,
showing the likely sufx of a word contextualized by
the previously-entered pre x. More generally,SHER
makes it possible to show a history of the already-
entered answers to questions that correlate highly with
the value at hand.

Another important consideration is the cognitive com-

plexity of the feedback. For instance, when encoding Note that th desi " ¢ i callv tied
expected values into a set of radio buttons, we can ote that Ihese design properties are not speci cally te

directly show the numeric probability of each choic t,o any particular interface widgets, nor do they necessaril

forcing a user to interpret numbers. Alternatively, wgnotvate gew mterflace ;et(;]hngzjlogle;ﬂ F|gut;e d?j V‘ée. ?how
can scale the opacity of answer labels — giving th ome crude examples ot the ideas R embedded into

user an indication of relative salience, without the neé&ad't'onal W'dQEtS: the drop-dqwn menu in part A featurest
for quantitative interpretation. Even more subtly, wéan elective split-menu adaptation before entry, and a color-

can dynamically adjust the invisible size of answe ncoded valueassessmenafter entry; the text gld .in part
labels' clickable regions according to its likelihood B shows type-ahead suggestions ordered by likelihood, thus

introducing an almost imperceptible form of adaptivi ecreasing the phys!cal dlstange (a form .of friction) forre@o
guidance. ikely values; the radio buttons in part C directly commuaté

Contextualization of interface: USHER correctly uses quantitative probabilities to the user.

conditional probabilities to assess the likelihood of_ While these broad design properties help clarify the poten-
subsequent answers. However, this is not necessagily yser experience bene ts of $HERSs data-driven philoso-
intuitive to a user. For example, consider a questighhy there are clearly many remaining questions about how to
asking for “favorite beverage,” where the most likelyyg this embedding well for different settings and users.sEho
answers shown are “milk” and “apple juice.” This mighiy,estions are beyond the scope of this paper. In future werk w
be surprising in the abstract, but would be less so inigtend to pursue them via a few different scenarios — notably
case where a previous question had identi ed the age jgf 5 repetitive data entry program supporting rural headttec

the person in question to be under 5 years. The way thatgast Africa, and in a web survey — via controlled user
the interface communicates the context of the curregf,gies.



IX. SUMMARY AND FUTURE WORK

In this paper, we have shown that probabilistic approaches]
can be used to design intelligent data entry forms that ptemo[z]
high data quality. YHER leverages data-driven insights to
automate multiple steps in the data entry pipeline. Beforg]
entry, we nd an ordering of form elds that promotes rapid n
information capture, driven by a greedy information gaimpr
ciple. During entry, we use the same principle to dynamycall [5]
adapt the form based on entered values. After entry, we
automatically identify possibly erroneous inputs, guided (g
contextualized error likelihood, and re-ask those quastiom
verify their correctness. Our empirical evaluations destaie 7]
the data quality bene ts of each of these components: quresti
ordering allows better prediction accuracy and the rerapki [8]
model identi es erroneous responses effectively. ]

There are a variety of ways in which this work can be ex-
tended. A major piece of future work alluded to in SectionlVI11[10]
is to study how our probabilistic model can inform effective
adaptations of the user interface during data entry. Wendhte[ll]
to answer this problem in greater depth with user studies and
eld deployments of our system. (12]

On the modeling side, our current probabilistic approach
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