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Yet the sort of epistemological shift towards quantitative data and

We present results from a case study of the use of busines§Oomputational thinking that is embodied by Bl systems isnOt

intelligence systems in a human services organization.
characterize four mythologies of business intelligence that

informants experience as shared organizational values and are

core to their trajectory towards a Oculture of dataO:ddsim,
predictive and proactive, shared accountability, and inquisitive.

Yet, for each mythology, we also discuss the ways in which being

We

without its critics. boyd and Crawford, for example, argue that the
shift towards quartitive data changes assumptions about the
meaning of knowledge and about how people OshouldO engage
with information [8]. They contend that there is an increasingly
pervasive OmythologyO of big data:

...the widespread belief that large data sets offer a higher

actiondle is impeded by a disconnect between the aggregate form of intelligence and knowledge that can generate

views of data that allows them to identify areas of focus for

insights that were previously impossible, with the aura of

decision making and the desired Odrill downO views of data that fruzh, objectivity, and accuracy. [8]

would allow them to understand how to ant a datadriven
context These finings contribute initial empirical evidence for

This mythology, they argyemust become more transparent in

the impact of business intelligence®s epistemological biases offS€arch about big data and, we argue, related technologies.

organizations and suggest implications for the design of
technologies to better support daft@en decision making.
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1. INTRODUCTION

Systems commonly referred to as Obusiness intelligenced (Bl) a

being adopted by organizations asaectors of society. Studies
have found that the use of these systems can lead to th
optimization of production and manufacturing work, reductions in
customer attrition, increased profitability, better decision support
and the creation of competitive \ahtage [26][35][52]. Bl
systems are the most prominent ufsming manifestation of Obig
dataD and its related compuataal turn in thinking within
organizations As Gary King, director of HarvardOs Institute for
Quantitative Social Sciences asserts:

The march of quantification, made possible by enormous
new sources of data, will sweep through academia, business
and government. There is no area that is going to be
untouched. (quoted in [29])
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Despite the extensive market share of Bl tools and their
prominence in organizations, theresigrprisingly little research
about BI tools inhumarbomputer inteaction or its related
disciplines We address this gap in the research liter&ture
studying the human experience of technologies that manifest the
computational turn in thinking in organizatioria. doing so, we
also strive to givéehe HCI community a voiin the discourse and
design for big dataWe focus, in particular, on understanding the
mythologies that informants in one human services organization
experience as shared organizational values asuibe to their
organizationOs investment in businesalligence, which multiple
informants referred to as a trajectory toward a Oculture of data.O

the mythologies of business intelligenege pervasive in the
marketing of thesesystems which claim to enablebetter
nformeddecision makingfaster and moragile decision making,
aggregation of all key data, emder empowerment, etc.

With Domo, it's easy to see the information you care about
in one place and use it to make faster, better-informed
decisions?

Imagine what your business could achieve if everyone had
the information they need when they need it. You could
enable more agile, fact-based decision-making throughout
your organization.’

Empower your people with 24/7, user-friendly access to the
business intelligence and Big Data mining tools they need to
make faster, more informed decisions.*

! Global revenue from Bl ananalyticstools is projeted to reach
$16.9 billion n 2016, a 5.2% annual incred4&].

2 http://iwww.domo.comi/

? http://go.sap.com/solution/platfortechnology/business
intelligence.html

“ http://sisense.com/



However, our findings suggest that as individuals use theseOGetting data out® is also commonly referred to as business
systems tdranslatedata into action, they experience disconnects intelligence or, sometimes, analytics. Organizations normally pay
between the drill downs provided in business intelligence systemsmore attention to gghg data out as Oonly when users and
and the kinds oflata that individuals are looking for in order to applications access the data and use it to make decisions does the
make actionable, datdriven decisions. organization realize the full value from its data wareho(s2[0

We refer to business analytics as a set of individuad a
collaborative sociotechnical practices related to the appropriation
of data through visualization, exploration, and analysis.

When a student enrolls, they bring with them all kinds of
characteristics—their age, their gender, their race—so their
demographic information, right? But they also carry with

them... their family situation: Are they... with parents? Are Previous researdmas identified various benefits of using business
they on their own? Are they married? Are they, do they have intelligence, including the optimization of production and
kids? What ages are they? So they carry all those. (I8) manufacturing work, reductions in customer attrition, reductions

in data redundancy, facilitation aew genres of questions by end
users, increased profitability, better decision suppand the

&,reation of competitive advantaf#6][35][52]. Factors correlated

ith the successful adoption of Bl systems include committed

anagement suppod,clear vision and weléstablished business
case,a highly skilled team, sustaable data quality and integrity,
and useioriented managemeri23][45][55]. As business users
move from reactive to préctive analysis, the level of benefits

The data collected by this organization and aggregated into
visualization widgets on the dashboards of its middiad upper
level management does not represent anonymous masses.
represents the clients they serve and the employees who carry oyt
the mission of the organization. In the drill dawof the business
intelligence tools that they use, these informants imagine the
human who underlies the analyfiteach individual who

metaphorically stands beneath awdries his or her dat#l8). Yet become more global in scope and difficult to quar(®]; there

the human context they imagine is largely or entirely missing is still, however,a need to better understahglv businesses reap
from the business ialligence systems they use, creating a crucial these’benefit[§18’]

disconnect in their datdriven decision making.
Researchers have also identified numerous technical and social

challenges in the adoption and use of business intelligence. There
are substantial challenges that exist in the data warehousing
processthat forms the baclend of many business intelligence
systens, with relevant data found across diverse and distributed
data sources; these challenges are exacerbated by information
management issues such as redundant data entry, lack of data
, . uality, legacy systems, and politics of data owner .
dowrOdata that would allow them to unders_tand how to act in qOrgar)llizaticg']ma)l/iss){Jes like the agsence of support from SI{eﬁ(';li-s(i:iership,
ways th_at .ShOW care and concern fqr_ their (_:Ilents and_ ernplweesintraorganizational politics and a lack of available expertise also
These_flndln_gs cc_)ntnbutg !nltlal emplrlcal_ewdence forl_thp_act add to these challeng§g|[11][23][45]. Other challenges include

of business intelligence@gstemological biasesen organizations employees® resistance to change, preferences for qualitative

and suggest implications for the design of technologies to betterand/or quantitative data, and difficulty acting on dat[38].
support datadriven decision making '

In this paper, we characterize foumluedN each of which aligns
with one of the mythologies of Bl systelfihat these informants
describe as being core to theiajectory towards a Oculture of
data® in their organization. Yet, for each mythology, we also
discuss the ways in which being actionable is impeded by a
disconnect between the aggregataws ofdata that allow them to
identify areas of focus for beingtamable and the imagine@irill

Researchers recommend both technical and social efforts to help

2. RELATED WORK organizations overcome barriers to adoption, including improving
This research draws from three strands of related work includingthe efficiency of infrastructures, aligning organizational policies
research in business intelligendeta, mythology,and valuesand and workflows with business intelligence needs aallies, and
data andnformation management in the nonprofit sector. providing committed leadership and experfis§44][55][56].

2.1 Business Intelligence 2.2 Data, Mythology and Values

Business intelligence includes the Otechniques, technologiesboyd and Crawford argue that Obig distadd interplay of three
systems, practices, methodologies, and applications that analyzelements: technology that gathers, links, and analyses large data
critical businesgdata to help an enterprise better understanq its sets; analysis for economic, social, technical and legal patterns;
business and market and make timely business decisjd@5O  and mythology that data can offer a higher form of intelligence
Although definitions vary, we use Obusiness intelligenceO to refesind knowledgg8]. Similarly, Morgan®s seminal scholarship on

to this holistic understanding of these multifieck sociotechnical ~ the metaphors through which we understand organizations
practicessituated within the ecology of tools used for ddiaven highlights quantitative data as one of the mythologies shaping
decision making. organizational life, lending decision making a semblance of

Bl is characterized as having two interdependent components:Tationality [33]. Although definitions of big data vary, researchers
Qerting data in® andglring data ourO[52]. GBetting datain,® increasingly acknowledge that _blg data is less aboutith®f the
more commonly known as data warehousing, includes extractingdata and more about gleaning knowledge from of the data
data from heterogeneous source systeaswell ascleaning, [8][6][6]. Big data represents a social and cultural shift in how we
transforming, consolidating and loading data into databases toCréate and usenowledge

enable organizations to have a Osingle version of the truth.O Big Data reframes key questions about the constitution of
Watsa and Wixom suggest that data warehousing is the most  knowledge, the processes of research, how we should
challenging part of Bl since it incurs more than 50 percent of the  engage with information, and the nature and categorization
unexpected costs and requires 80 percent of the time and effort; of reality. [8]

the challenges of data warehousing arise from Opoor data qualit

in the source systems, politics around data ownership, and |egacﬁecause big data is a sociotechnical phenomenon, it entails all the
technology52]. biases that come from Ohuman des[dB8D There is, however, a

dearth of enpirical evidence of the nature of these biases and how



they play out in practice. Multiple researchers have raised pressures in the nonprofit context highlight challertgesarying
concerns about the potential misuse of data, whether due to itout datadriven work. Helping Hand ia large, local affiliate of a
decontextualized nature or due to the epistemological biases thahational human servise organization that assists lemcome
big dat&l and, we argue business intelligence systérambody populations through a range of programs and services:

[81[9][13][48]. ¥ Business Services. Helping HandOs business serice
Previous research has also raised concerns about the biases of big department ogrates small businesses with employees who are

data leding to new digital divides between d#i@ves and have often clients &the organizationThe information management
nots and between individuals and organizations that do and do not needs of tis departmentinclude employee scheduling,
have computational literaci¢8][14][25]. Marovich suggests that production, inventory, and revenue.

in this era of big data, there are three types of people: those wh
create data (both consciously and by leaving digital footprints),
those who have the means to collect it, and those who have
expertise to analyze [i81].

q-é Education Services. The educationservices department at
Helping Handmanages charter schools for kimcome atrisk
youth. Their information needs include demographic
information about their student population, class scheduling,

No data is truly@awQ the identification of what data are to be records of student attendance and achievement, job placement,
measured and how data are categorized are political acts, and salary of placeemt.

motivated implicitly or explicitly by different valug86][39][47]. . . _

As data are aggregated in business intelligence systems, values afe Mission Services. Although all departments operate within the
embodied by the design of the syst§lb][32]. Values are also same, over_archlng missiotthe mission Services _department_
enacted in practice, thrgh the use of the technologg8][50]. offers a variety of programs to support the resiliency of their
And researchers have advocated for understanding values tensions Cli€nts. Ths department rés on information management to
in contexts where the same values may be shared by both undestand theimpact that the organization has on clients.

technology design and end users butwehthe logics behind how Significant information challenges center around questions
those values are enacted are diffefsai. about how to assess the impact of its programs and what

] . information should be collected to do so.
2.3 Data and Information Management In In early 2013, Helping Hand was awarded aakmgrant to fund

Noan’OfIt Sector the purchase of 50 licenses for the business intelligence system
The nonprofit sector serves many critical functions and offers Domo, as well as salary support for a business intelligence staff
services that are underprovided by theveajoment and the for position. Informants attributed the grant proposalOs origin to the
profit sector [19][34][42][43][49]. Nonprofit organizations are confluence othreeevents a senior maager joining the staff with
under increasing pressute demonstrate their performance and a corporate backgroundand experience using business
impact to funding agencie®l]. So while data collection is a intelligence tools in that contexdenior managers attending a data
substantial part of the work that most nonprofits do, there is analytics conference during which they identified Domo as the
increasing evidence of the costdlaprofits are often colleaty right Bl tool for their organization, and aerendipitous
heaps of dubious data, at great cost to themselves and ultimatelgonversation with thsoonto-be-hired Bl manager.The primary

to the people they servgdB]. Research about performance and motivation for the adoption of Domo was to promote a Oculture of
accountability in nonprofitorganizationssuggests that as data dataO within the organization, to support their actions Ousing
collection becomes the focutis focuscan diminish the quality sound evidenceO (I112Yo this end,the Bl Managerheld

of service to client42][3][4][5]. Kong also notes that it is not numerous individual meetings and focus groups with various
helpful to apply management strategtieat work in the foiprofit organizational stakeholders to identify and prioritize key metrics,
organization to organizations in the nonprofit sector because thosestart to wrangle data from across a breadth of sources into their
strategies typically fail to address the social dimension of mission data warehouse, and coordinate-esdr training. Based amsage
driven organizationf27]. log data at the time of the interviews in the fall of 2014, Helping
Hand estimated that of the 50 licenses that were purchased, Domo
had 15 daily or weekly users; 15 monthly users (accessed
rprimarily for monthly reporting activities), 5 users whodhaot

More generally, nonprofits often perate under significant
constraints in technicalesourcesand expertise that can make
collecting, managing, and using data a challenging endeavo

[41][51] logged in since their initial training; and 15 users who were still
' waiting for their data to be added to or configured in the backend
3. METHODS data warehouse. There aatso 7 additionalpotentialusers who

We conducted a case study of thee of business intelligence in  have requested licenses.

one human services organization. Case studies are a powerfUksch Domo user accessesadgia a dashboard, initially setup by
method for deriving irdepth insights in an organizational context ipe manager of Ble(g., Figure 1a). The dashboard is tiled with
[57]. Existing case studies of Bl in the private sector have &mtus  &Gard€xhat represerthe results of query pgormed on the data
on characterizing challenges of and success factors for B'Clicking on a card reveals an aggregteeel view of the data
adoption[20][22][53]. Here, our focus is on the mythologies of Bl resulting from a gien filter or query, offering higlevel trends
use and the ways in which the designBofsystems supports or g pattern analysise ., Figure 1b).Clicking further on the
thwarts these mythologies. aggregatdevel view accesses the drill dowrwhich provides
3.1 Research Context more granularity to the quantitative dééag.,Figure 1c).

Helping Hand is one of a relatively small number of nonprofit Domo is currently usedt the highest levels of Helping Hand
organizations using Bl tools, and the particular data needs andmanagement and across the leadership of all departments. Other
Bl software is used with varying degrees of success and varying
degrees of redundanily across different subsets departments.

® The name of the organization and all of its internal departments
have been anonymized.



Retail Barometer

1,999

s77.22m

Figure la. Dashboards in Domo are
customizable to provide snapshots of
aggregated views of data.

provide high-level visu

Educationservices for example, also us@ablead. As suggested
by previous research, informants in all departmenstd their Bl
systengs) as one small part @& broa@r ecology ofinformation
managementoolsN using various Excel spreadsheets, Outlook
Address books, and papbased systems to accommodate the
needs and individual styles of their knowledge W@ [51].

3.2 Informants and Data Collection

We conducted semistructured interviews (76 minuteson
average) wh 17 individuals § femalg who have endiser
licenses to use Domo asdmetimeotherBI tools for their work

at Helping Hand 13 informants held positions in nabk:- and
upperlevel management across several departments of Helping
Hand; 4 informants woed in the IT and Bl departments and
were responsible for the backend data warehousing and the fron
end data analytics.

We conducted senrstructured interviews with each informant
using a protocol focused on the following are&gquiry:

¥ The nature of He participants® work, their roles in the
organization, and how the participants understood their work to
fit into the mission of the organization;

¥ The different data sources they use in their work; how they
collect, extract, analyze and explore that datag the ways
they make decisions with or without that data;

Figure 1b. Aggregate views in Domo

(e.g., national retail data).

e © Q88 e © Q98

Retail Barometer

Figure 1c. From the aggregate view,
users can drill down into quantitative
data with more granularity (e.g., retail

data from a specific state).

alizations of data

analysis, we identified a series of disconnects between aggregate
and drill downviews of data that fundamentally shape and are
shaped by understandings of what da&Oactionable.O

4. RESULTS

In the following setions, we introduce four core mythologies
business intelligence data-driven, predictive and proactive,
shared accountability, and inquisitiveness. Informants most
frequently experienced these mythologies in terms
organizational values, both instremtal and termingl0]. These
mythologies align with the common marketing of big data and
business intelligence. Yet, through our discussion of each
mythology, we highlight the ways in which the enactment of each
is problematied by recurring disconnects between aggregate
views ofdata and its drildown in business intelligence systems.
These disconnects relate to informants® understandings of what it
means for data to be actionalled valid for datadriven decision
making

of

Note that the informants frequently used the phrase Odrill downd
both in a literal sen$éto use the drill down feature in the Bl tool

to get finer granularity quantitative dftand also, more
commonly, in a metaphorical sef\sto get more information that
does not actually exist in their Bystem. We use the term Odirill
down® in the same muftticeted fashion.

4.1 Data-Driven

¥ The ways that the data they use relates to the mission of therne middie and uppetlevel management informants at Helping

organizatioM whether it supports or complicates the mission;
and

Hand all speak positively and optimistically about the
organizationOs aityl to use data moving forward to improve

¥ Their experiences of the constraints and benefits of businessprogram strategies, personnel evaluations, and workflow to serve

intelligence.

The interviews were transcribed on a rolling basis to facilitate
ongoing analysis.

3.3 Data Analysis

We analyzed data iteratively and inductively using grounded
theowy [12]. Our initial open coding foregrounded what a @rdt

of data meant to our informants, resulting 38 valuesrelated
coding categories. Througherative affinity diagramming and
axial coding, we identified four core values:data-driven,
predictive and  proactive, shared  accountability, —and
inquisitiveness. We returned to the data related to these core
values, conducting another round of coding focused specifically
on understanding the role of technology as it supports or thwarts
these valuesnoting that these values also aligned with the
mythologies asdbed to big data and Bl toolsThrough this

® http://www.tabl@usoftware.com

their overarchig mission better than beforéet, informants have
differing and sometimes conflicting perspectives about what kinds
of data should & considered legitimate for substantiating the
organizationOs impact and/or actionable for decision making.

Most informants conveyed a significant inclination towards using
quantitative data to OproveO the effectiveness of their individual
performance othe impact of the organizationOs work. For these
informants, quantitative data is seen as the only acceptable
indicator or OpictureO of performance for many stakeholders:

It’s really a prove-it-to-me type of mentality and I think it’s
data that’s going to help us do that. (113)

So that’s what we are going to try—to use the data to really
drive us, and you can’t quantify everything, that’s just the
reality, we are aware of that... but it does paint a pretty nice
picture. (13)

From the informantsO perspeesiv quantitative data OpyovesO
impact whereas qualitative data helps people Oconnect



emotionallyO to the mission of the organizatiOMve want them  everything wedoEO (I5). Yet, the aggregation of data in Domo
toE connect emotionally to what we are doing. SoE we tell supports only part ofvhat is desired for acting on that daTis
specific storiesO (117). same informant continues to emphasize the complementary need
to Odrill downO to the context surrounding the individual clients

Most informants do notxlicitly point to qualitative data as a . :
RICTY P q who are beingserved. And, he emphasizes that the aggregate

legitimate basis for datdriven decision making. For these ™ > .
individuals, qualitative datdriven decision making isnOt ViEWS ofquantitative dataremost valuable whetheyareused in

authoritatively substantiated, it i©just based onE anecdoteO service of the Odrill downdews ofdata that, ideally, enable them
(112) to understand why an individual has been successful or not:

Our ability to measure outcomes dramatically affects how
we can serve an individual. So knowing across the board
where we are successful generally speaking and being able
to drill down and look at on an individual basis how that
success came about and we can do that. And that supports

Only oneinformantarticulated a view of qualitative data as being

a OsomewhatO legitimate form of empirical data for serving as the
basis of datalriven decision making. He describes qualitative
data as Oobservational® and OunstructuredO:

There is data input to every decision but some of it like I say our mission in everything from the heart to the wallet. (I5)

is not in digital form, it’s just observation, observational ) ) ) ) )
data... So that’s somewhat data driven but [it’s] For these informants, the relationship between being data driven
unstructured data. And so that generates another and being actionable manifests through the conflicted interplay
conversation or decision point. (I6) between quantitative and qualitative data. Témegliage that the

) ) - informants are almost uniformly using to characterize the
Here, though, the strongest hedge ime informantOs language relationship is a metaphor borrowed from the business intelligence
isnOt related to the qualitative nature of the data but the fact thajoo| they us8l a relationship between the aggregate and the drill
the data is not in digital form. He describes the use of gown. Yet, intriguingly, while the informants sgeof the drill
observational, unstructured data as actionable because it enablegown as ideally providing qualitative, actionable evidence of the
him to take action, for example t@vea follow-up conversation.  hymancontext surrounding the quantitative data, Domo (as with
Other informants questioned whether data had been appropriately,early all analytics tools) only provides quantitative Odrill down®

vetted and whetherthey were a reasonable basis for gata, the individualevel quantitative datthat is the basis for the
communication and decision making tifey were notdigitized aggregatdevel quantitative data.

andincluded in Domo. . - T
While the performance and legitimacy of the organization is

Although most informants didat explicitly identify qualitative supported by aggregateiews of quantitative data, being
data as being a legitimate basis for being daitzen, nearly all  sctionable is supported by individdalel, qualitative Odrill
informants recounted experiences of ddi@en decision making down® datahat is important for responding to the unique
that centered around the use qualitative data. 111, for examplecijrcumstances of individuals. The informants use both qualitative
reflected on an instanca which he wanted to troubleshoot ang quantitative data but are unsure whether qualitative data is
production issues and expressed frustration that the data availablgonsidered legitimate since this qualitative data doesn®t actually
to him in the Bl system lacked the qualitative, Ohuman elementQyist in tre business intelligence system. And it is frequently not

that he wanted: even found in digital form. As such, its legitimacfiat besi
I can see if, you know, you're missing [production] because contested; at worst, the validity of this data as an actionable basis
you don’t have enough people producing or the people you for decision making is threatened.
do have producing are producing at half. And then when 1 4.2 Predictive & Proactive

am, you know, coaching... there is also that human element:
“Well there was a death in that family, you know. I lost two
people; I haven’t been able to replace them yet. I’'m working
on that.” That, you know, [there are] usually good reasons
behind it and they’re addressing it and they get right back
up but, you know, if I could drill a little bit deeper. (111)

As informants work towards achieving a Oculture of dataO® within
their organization, they envision that a predictive use of data will
also enable them to be more proactive. As they ramp up their
business intelligence efforts, one informant characterizes the
trajecory towards being proactive as the Oreal valueO of these
systems:
This informant explains how quantitative dataised for keeping
t‘raCk of the" production, bu_t he WiShQS he could dril down_ at data to a predictive data.... The real value comes... when
Odeeper,O beyond the quantitative dat_a in the system to qualitative . actually start to predict things that are going fo
dgta that could explain the context behln(_:i the numbers. In order to happen and then intervene before they do. (I8)
drill down to the depth that he needssthiformant has to speak
to the site leaders to incorporate the Ohuman elementO into hisccording to this informant, the Oreal valueO of business
understanding. The drill down data that he seeks is not actuallyintelligence doesnOt come just from the ability to aggregate
captured in the Bl tofl nor could it easily be given the historical data, but from being able to predict what is going to
guantitative emphasis of existing Bl tooldere, the Bl system happen so he can act on it. This pcdde capability, he
seems t@xacerbate the uncertainty that the informants experiencecontinues, comes from being able to compare the-aiyiin
in consideing whether qualitative datare alegitimate basis for OcharacteristicsO of individuals with aggregagsvs of data,
datadrivendecision making asking questions like: OWhat are the common characteristics of
n people who have graduated? Who have dropped @&e@et, to

act on tlese aggregateviews of data on behalf of individuals

means walking a fine line between capitalizing on the predictive
apabilities of the BI system and respecting the lived experiences
f their clients:

I think we are on the cusp... of shifting from a reactive look

Among the informants at Helping Hand, Domo is held up as a
embodiment ofthe promise of the datdriven organization,
particularly as it represents the aggregation of their acti@#t
the core of our approach, one of our central tenets is measurin
outcomes with data and with this system, Domo, that aggregates



If we say that if you are an African American male, that’s out of the park with that; and let’s do some coaching there.”
23 or under, who has two kids, you know, who comes to us (18)

with fewer than 10 credits, you are highly unlikely to
graduate. Right? It doesn’t mean that the next African
American male that shares these characteristics is not going
to graduate but what we can do is start to surround him
with additional support early to raise his chances, right? So
it’s... it is profiling... but it’s what we hope is profiling in a
really, really positive manner. (18)

Although the focus here is on the employee rather than the client,
there is the same emphasis on understanding and supporting the
individual who underlies the data. Here, aggregétevs of data

are helpful in comparing employee productivity, btite drill

down views of quantitative datare more deeply understood and
acted on in conjunction with extensive qualitative data provided
through the mentoring process, outside the Bl tool.

The informant recognizes the 9"'?‘“‘3“ be_tween the quantitative,  ag ith the multiple tenors of data use that emerge from shared
aggregated data and the individuals with real relationships and

| h d be sinaled b | ded .haccountability in data review meetings, there are also multiple
strugg es that stand to be single OL.Jt . ut also surrounde Withienors of data use resulting from the shared accountability of data
additional support as a result of predictive analytics. Despite the

" . . > with management. The middleand uppeilevel management
recognition of this uncomftable disconnect, and without clear 9 bp J

b he riah h d he right | informants raise questions about how data should relate to
answers a out the ng! t pat orwar 9” e right language to _useemployee® incentives and evaluation. Here, OperformanceO is
to describe the proactive work that is likely to happen at the drill

d individual level. inf ik b h used to reflect the more qualitative or subjective perceptions about
own, indvidual level, in orrr_lants are st _Keen a out the employeesO work whereas OoutcomesO are reflections of work that
proactl\r/le_us? of predio® analyticsto guide their actions as they 5y pheen metricized for the business intelligence system:

serve their clients.

. I read a quote the other day.... It basically said something
4.3 Shared ACCOUﬂtablhty to the effect of... you cannot connect pay with performance
For the informants at Helping Hand, a Oculture of data® should because performance is circumstantial. But I think you can
foster shared accountability among individuals across the connect pay and data and incentives to outcomes... right?
organization as well as with external fundemsd community So performance and outcomes, I think, are different... Our
members. Since the mission of all ithdepartments is to assist perceived performance of something... our perception of
low-income populations, one informant points out how important  somebody’s performance could be totally different... but the
it is to keep all the programs accountable to the shared outcomes could still be great. Or my perception is that the
organizational mission: performance is great but the outcome is horrible.... And so

My job is to use all of these programs plus all the resources that.’s what we 'd like to do, is really make sure however you
that exist in [Helping Hand]... using sound evidence-based decide to achieve your goal... we can really start to tailor

programming.... It is all these contributing. We have to some things. (I3)

work together or it doesn’t work. (112) This informant is still wrestling with the sometimesnflicting

The value of shared accountability is manifested in many of the forms of data that he receives about employeesO watk a

informants@ork practices, but most significantly in data reviews: acknowledges that observational data might not align with the
quantitative data in the system. But he is still optimistic about

Data reviews we started because—it’s actually fundamental finding some evidenebased means to evaluate employees
to, I think, the model. We want everybody to be accountable against their goals.

for their own data and to understand their own data (112). . . o
Here, aggregateviews of data enablethe identification of

Most informants viewdata reviews as an opportunity to address employees whose productivity levels are outliditse mythology
their performance and any issues associated with it in aor value of shared accountabilithen raises questions about how
transparentmanner with other members of the organization, different individuals with access to data treat ithdividuals who
providing some additional context to the quantitative data. While are identified irthe data.

the shared visibility of datand the open discussion in data L

reviews may enablgaluableforms of professional facework, it 4.4 Inqu'tlveneSS

may also foster competitiveness within some subcultures internalAS more datareintegrated into the data warehouse and as more
to the organization: users have access through Domo to the data that they want to use
for datadriven decision makingthe informants hope that the
system will enable them to be more inquisitive about the data. A
few informants reported already having conducted hypothesis
driven mini experiments by studying aggregated, longitudinal data
for certain trends. In one instance, the informant created a card in
Domo to OproveO the effect of missing quota on productiels:le

They are hyper competitive... and they're like one of the
most data crazy groups that you ever see... so like data
hungry. [They] will go through and say, “Well, I had this
percentage of my students earn credit this past term year
and you only had 10% lower than I did...” And I'll sit in
meetings and they’ll just totally call each other out... It’s
crazy! (14) I have a rolling twelve-month card that runs production
along with the sales... and the reason why we did that was
because our production... was super low and we weren’t
making quota. And we were trying to prove to the regional
managers, well if you make quota, the next week
immediately your sales are up. (11)

From a management perspective, access to aggregats of
data also enables the leadership to identify outliers in the
productivity of their workforce and coordinate mentors and other
resources to help address whatever productiaty might exist:

If we see an issue at one school and success at another, we
can say to them, the school leader that’s struggling, “Hey,
you need to go talk to the school leader who is knocking it

The readinesat-hand of the data, in this case, empowered this
user to ask questions of the data thatwas curious about.
Another informant discusses a similar hypothesigen study of
data toanswer his question about whether more communication



about the mission of the organization makes their customers wanto decision making33]. He claims that quantitative data in formal

to donate by rounding up their payment at the stores: organizations plays the same role as magic in primitive societies,
enabling cleacut decisions to be made in situations that might
otherwise be opemnded Even though these techniques donOt
reduce risks, the mythmgy of rationality as supported by
quantitative analysis provides credibility to organizational actions.
Similarly, the mythology of big data is believed to provide higher
levels of intelligence with an aura of objectivity, trutand
accuracy[8]. These mythologies compel us to questiom values

and biases that are embedded in organizational data and to
critically examine the data that becomes legitimized through
The ability to act on a value of inquisitiveness, however, relies on organizational actiok what data is collected, what data is

a certain level of technical and information literacy. digitized, what data is aggregated and visualized in business
Approximately 75% ®all cards seen by all but one useere intelligence systemg36][47]. It also compels us to question what
created by the IT or Bl staff, who identify data sources, select akinds of action it may support or thwart.

visualization widget, and configure the scope of the visualization.
Both of themini-studies described earlier rely on data presented in
cards thathad already been pwmnfigured in ways that were
suitable for the questions they wanted to ask. Individuals who
create their own cards have done so only after requesting anc
receiving multiple hours of oren-one training from the IT or Bl
staff.

One thing I'm curious about is that the stores that have that
increased communication... are people rounding up any
more frequently at those stores because they’re theoretically
learning more about the mission than they would at stores
where we don’t have those communication efforts? The
reason why I'm interested in that is because there could be
a couple of different hypothesis on that... This data can help
us to... prove that one way or another. (113)

If users consider the data business intelligence systems to be
the only validrepresentationsf organizational ground truth for
publically admissible datdriven decision making, as data
reflecting informants® uncertainty about qualitative and
unstructured data suggests, thesesdsa stand to propagate
through their actionsJust as the interplay of inclusion and
exclusion of data in measurements can create a space for possible
Creatirg a new cardequires some degree of scripting skills. At action [36], the space for action within an organization dan

the time of the study, only one user had created his own cards byconstrained by the data and visualizations contained in the
modifying the scripting from existing cards; the Bl staff is unsure business intelligence systerspecially for a human services
whether his cards have been configured correctly. If organization serving atsk individuals, it is important to question
inquisitiveness persists as being an organizational value, it is onewhat data is included and excluded from measurement to
that likely will privilege users who learn new skills to support the undestand how the values embodied by data shape rational action
dynamic creation of new cards to answer new kinds of questions. and organizational culture.

Users who do not yet have these skills or who prefer to explore5 2 Disconnects Between Aggregate and Drill-
their data in other wajsthe majority of our informants use Down Views

Excel spreadsheetsr their data analysis, either by collecting data - ) o S
redundantly in their own spreadsheets or by exporting data fromInformants in this study were optimistic about the organizationOs

the BI tool or other source systenThey feel it enables a Her ability to foster datalriven decision makirly action grounded in
and more accessible set of features for sensemaking than the driffvidence. Yetthere is aisconnect between the kind of data these
down that is the sole analytic feature possible given algfieed informants had available to them in the drill down of the business
set of cards: intelligence system and the kind of data they were looking for to
provide context for their actionsor the informants in this study,
I can’t look at this [card] formatting. For me, I find it too quantitative data alone was not sufficient rteake actionable
hard. I think this is my problem, not the system’s problem.... decisions foreachclientds oemployeeOs unique circumstances;
If I am not in control of the columns... it’s too hard to look they sought out qualitative data to provide more context.

at, so I reformat everything. (117) ) ) ) )
£ yihing. { Sociological scholarship predating bofBl systems and the

Most of the informants noted that their Bl tools, including Domo, sociotechnical turn towards big data has highlighted the
do not provide sufficient or sufficiently accessible control and importance of conducting interpretive work around aggregate
flexibility for exploring and understanding their data. Even with a quantitative datg16] (see alsd30]). Even so, existing Bl tis
general understanding of the affordances of business intelligencehave an exclusive or nearly exclusive focus on supporting
tools, there is still a perceived disconnect between the resourcegjuantitative interpretive work. Our researichthis new context
and expertise required to make use of thedefined aggregat echoes existing scholarship about the importance of interpretive
views of data and the dynamicallgxplorable data, ideally  work around quantitative data and highlights how essential it is
something beyond the drill down. In order to be inquisitive and that rhe ecology of organizational information management

ask questions of their data beyond thsualization widgets systems supporting big data be redesigned to support qualitative
currently set up in their dashboardbe Bl tools assume both  dara. But further, our research suggests that nor fully
scripting and data literacy skills beyond the current expertise of supporting the interpretive work of the users, the BI system
these users. Fostering inquisitiveness and supporting sensemakingrther exacerbates the uncertainty that our informants expressed

through different _dri“ dOV\_/nS is beyond the_ scopeaofessible in considering whether qualitative data should be considered

featuredor the majority of informants at Helping Hand legitimate. Despite the uncertainty, informants continue to use
qualitative data collected outside the BI sydiean form of

5. ON BEINC? ACTIOI_\IABLE . shadow datd becaus it supports their work and enables them to

5.1 Mythologies of Business Intelligence and take action

the Space for Action Aggregateviews of datahaveenabled these informants to present

Morgan refers toquantitative data as one of the mythologies consistent data about the organizationOs impact to external
shaping organizational life biendinga semblance of rationality ~— Stakeholders:



It’s saying, “Look. Here is the impact the [programs] are research extend beyond the Bl tools, then, and implicate the entire
having. Here is the investment you are making.” We’d like pipeline of information management toolsathconstitute the
to grow the investment and we will give more impact. (18) ecology of systems being adopted by ethigen organizations.

Aggregateviews ofdata in the Bl systerareactionable, then, for ~ Addressing the entire ecology of systems becomes even more
the advocacy, education, and fundraising work that the critical as we reflect on the ways that Bl system use differed
organization isconstantly doing. Aggregateiews of data hae betweenmiddle- and upperlevel management informes The

also been found to be useful by somi@rmantsfor validating or ~ Upperlevel management informants in this study found much
refuting certain hypotheses through thecwemulation of their ~ more value in having data aggregated into a single Bl tool. The
activity. For example, as thBl team at Helping Hand was able to  Middle-level management informants juggled many more tools in
import productdn and sales data into Domo, the management wastheir work, using the Bl tool to report up and other infornmatio
able to OproveO to the site leaders that as they meet their daifj}anagement systeiissometimes data sources for the Bl tool,

production quota, their sales incremseBy verifying such but more often siloed systefiso manage down. So while the
hypothess with aggregateiews of data, individuals can focus ~ adoption of the Bl system was intended by the ujpesi

their efforts inmore strategicways Aggregate viewof data hae management to unify the organizationsO data into a singular
also enabled these informants to see similarities and disparitiesPlatform that woul represent organizational ground truth, this
among data, enabling them to identify outliers, huaisitive and value did not extend far down the organizational chart. More
negative. While aggregatéews ofdata in Bl systems stand as a  often, informants were working to enact a Oculture of dataO from
valuable preursor to acting on data, tteggregatedjuantitative ~ Within a messy ecology of tools, some of which contained data
dataalone is typically insufficient. that became less valdiebecause it wasnOt validated by being

included in the data warehouse backing the Bl tool.
When these informants talk about drilling down to see individual 9

level data, what they are looking for is much more experiential Organizations donOt exist in a vacuutiey exist among an

and qualitative than the drill dowprovided by the Bl system.  €ecology of organizationaechnologiespractices and expectations
This idealized Odrill downO serves to enable action with clients[37]- Any attempts to legitimize qualitative datthen, must be
and employees (who have been identified through aggregatedddressed more broadigcross this ecologylf the field of
views of data). Here, for data to be actionable, it has to provide humarbcomputer interaction does not help to design better
enough of the Ohuman elementO to iigethie right trajectory of ~ ecologies of systems, then we become complicit in propagating
action for each unique individual®s circumstaieesether that  the epistemologicaliases of big data.

is through mentorship, counseling, programming or otherwise.  Especially for human services organizations, there is an increased
At Helping Hand, informants are struggling to balance both Pressure to produce evidence of impact and outcomes for key
guantitative aggregatdevel data and quaitive, individuatlevel stakeholders and fundef46]. However, researche have argued

data in their datariven decision making and action. Their that it is imperative to account for the human, social element of
instantiation of Domo, however, only provides quantitative Mata missiondriven organizations, since human services organizations,
in both the drill down and aggregate. As such, this system reifiesin particular, invest in people rather than prof7]. While

an epistemological bias about the kindé data that are unpacking the bies that are embedded in business intelligence
appropriately Orational® and Olegitimate® for making groundedystems may be particularly important in the organizational
decisions in organization§33]N an epistemological bias that context of this case study, the kinds of epistemological biases
these informants at Helping Hand are pushing back against, albeiflighlighted in this researcltould be of relevance to other

uncetainly. organizations across secs of society.

5.3 Design Implications and Future Work 6. CONCLUSION

For the design of business intelligence and data analytics systemd;or the informants at Helping Hand, the mythologié$usiness

it is critical to find ways to moreobustly and accessibly support intelligenceare experienced as powerful commitments to a set of
the collection, aggregation and exploration cfnbinations of organizational values. But as they attempt to enact these values

qualitative ad quantitative data. Future research should explore through the use d8l tools, the ful complement of data that they

the potentially varied relationships among quantitative and Need to translate data into acti@me not supported by their
qualitative data in datdriven decision making and the actionable informationsystens. And when datarenot in the systes) there

use of data across a variety of different organizations to provide ai$ clear uncertainty about whether data OcountsO as a legitimate
more canprehensive understanding of the design sp&mer basis for datalriven decision raking. Just as workflow systems
empirical work suggests value in linking aggregate views of Were found to overconstrain work practices in organizatjéits

quantitative data to finegranularity, unstructured case notes, for (in response t§54]), we find thatthis class of system (BI) also
example. overconstrains work practicemd ways of thinking about the

work. The mythologies of business intelligence scope data in and
out of the system, scope understandings about legitimacy, and
scope the actions that are made based on data.

More significantly, this research is also a calf¢oonsider degn
for qualitative dathl structured and unstructurldacrass the
entire ecosystem of informationystems used for datdriven
decision making. This research challenge has implications for theln this research, we have made the following contidipst

user interface down to the underlying infrastructure, as wétiras v |dentified four core mythologies that characterize an
the interoperability of these systems. There need to be accessible organizational culture of data: dadaven, predictive and

ways ofcollectingN thus validating\ qualitativedata so that they proactive, shared accountability and inquisitiveness;

stand a chance of making it into aggregations of data in the first B ) ) o )

place as well as accessible ways of aggregatinditatizge data ¥ |dentified breakdowns idatadriven decision makinthat stem
across multiple systems, which in nonprofit organizationg bea from disconnects lteeen the aggregate and ddibwn views

quite niche or even custoebuilt. The design implications of this of data in business intelligence systems



¥ Provided empirical evidence dfie epistemologicabiasesof

business intelligence systems propagating into confusion about

what data is and should be considered legitirfatdatadriven
decision making; and

¥ Offered the first case study of the use of business intelligence

and data analytics in a nonprofirganization highlighting

[10] Chen, H., Chiang, R. HandStorey, V. C. 2012. Business
intelligence andnalytics: Frombig data tobig impact.MIS
Quarterly. 36,4, 11651188.

[11] Chen, L. D.andFrolick, M. N. 2000. Welbasel data
warehousing: Fundameais, challenges, arsblutions.
Information Systems Management. 17, 2, 7€82.

tensions in Bl use that arise from the hursarvices context. [12] Corbin, J. and Strauss, A. 20@8usics of qualitative

Our empirical evidence suggsstthat the enactment of research (3rd Ed.) SAGE Publications, Los Angeles, CA

mythologies surrounding a datiiven culture require more  [13] Crawford, K. 2013April 1. The hidderbiases in big data.
comprehensive support for diverse types and co!nbinations of data Harvard Business Review. Retrieved orJune28, 2016 from:
thanare currently suppord by this organizationOs ecosystem of https://hbr.org/2013/04/thkiddenbiasesin-big-data

information management tool$-or the infomants at Helping
Hand, when they Odrill down,0 they want to understand thd14] Ferguson, R., Clow, D., Macfadyen, L., Essa, A., Dawson, S.,
andAlexander, S. 2014. Setting learning analytics in context:

Ohuman elementO represented by the data and they rely on that . ; . .
human element to help them know how ttanslatedata into Overcoming the barriers to largeale adoption. IRroceedings
of the Fourth International Conference on Learning Analytics

action. Given the recognition that there is a human being wh
underlies data, the question of how to act becomes a and Knowledge. ACM, New York, NY, 258253

fundamentally moral one. And the design challenge we face is to[15] Friedman, B., Kahnr.,, P. H., Borning, A.andHuldtgren, A.

re-envision the ecology ofnformation managemergystems in

ways that enable organizations to legitimize data that is most
meaningful fo being actionable, where what it means to be
actionable may very well hinge on the moral treatment of the

individuals who underlie data.
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