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Leveraging front-line employees’ knowledge
for operational data-driven decision-making:
A multi-level perspective

Ruggero Colombari, Paolo Neirotti

Abstract—With the digitalization of manufacturing, firms can
now increasingly access and analyze data in real-time, enabling
data-driven decision-making (DDM) also at the operational level.
Using a multi-level perspective and a mixed-methods research, this
article aims to test whether production workers’ involvement (or-
ganizational level) and front-line managers’ competency (individ-
ual level) are associated with the use of operational DDM. The re-
sults of the regression models based on a survey of Italian auto
suppliers show that high-involvement lean production practices
are associated with a higher probability of DDM adoption when
controlling for Team Leaders’ and Supervisors’ competency level,
which have a positive moderation effect. Triangulated with quali-
tative interview data, these findings suggest that firms with skilled
front-line managers are more likely to adopt DDM as they can lev-
erage their production workers’ context-dependent knowledge for
sensemaking, information processing, and knowledge creation.
Also, the moderation effect is stronger for Team Leaders, suggest-
ing a central role for them in firms’ digitalization. This study con-
tributes to literature with a socio-technical model that describes
operational DDM by integrating organizational and individual di-
mensions into the data-information-knowledge-decision-making
cycle. Organizational and individual implications of this skill-bi-
ased technological and organizational change are discussed, and
recommendations are offered to managers and education policy-
makers.

Index Terms—Data-driven Decision-Making, Industry 4.0,
Knowledge Management, Lean Manufacturing, Operations
Management.

1. INTRODUCTION

NDUSTRY 4.0 represents an unprecedented opportunity

for the evolution of manufacturing firms and the organizing
principles of their operational activities. Digitization technolo-
gies for real-time data generation (such as sensors for produc-
tion lines management, RFID for internal logistics, or machine
vision for quality management) and integration (higher connec-
tivity, data lakes, ERP and Manufacturing Execution Systems)
are enabling the digitalization of shop-floor operations, gener-
ating high expectations about the impact of data-driven deci-
sion-making (DDM) on organizational performance [1]. Ac-
cording to recent literature, firms that derive their strategic or
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operational decisions on big data and analytics can improve
their business process outputs and achieve superior operational
and financial performance [2], [3], [4]. It is worth mentioning
that data have long been used to manage operations. However,
the current technological wave marks a difference, as the in-
creasing volume and quality of operational data — captured in
digital form at their inception and available in real time — is now
enabling a new and game-changing concept of “real-time data-
driven decision-making” [5], [6].

This new paradigm shifts the focus toward front-line produc-
tion managers, who monitor operational KPIs and use manufac-
turing real-time data on a daily basis for operational decisions
related to the continuous improvement of efficiency in produc-
tion and internal logistics, and of process and product quality.
These decisions become crucial with the operational complex-
ity faced by firms today, where shorter product life cycles lead
to reduced learning times and increased product variety. Also,
the diffusion of IT technologies calls for more empowerment
and decentralization of the operational line [7]. With their inter-
personal, informational, and decisional roles, front-line manag-
ers are in the position to play a key role for creating value in the
age of digitalization, where the use of digital technologies on
the shop floor generates opportunities for a bottom-up
knowledge creation and decentralized decision-making [8], [9].
They also play a key role in the involvement of production
workers — who are in even more direct contact with operations
— in the continuous improvement of production processes, and
are in the position to leverage on their context-dependent
knowledge [10].

However, despite their importance for firm performance,
front-line managers have been neglected in studies dealing with
team effectiveness and operational performance [11], [12].
Then, organizational literature has focused on the complemen-
tarity of production workers with new information technolo-
gies, but not on the role of their involvement and participation
in decision-making and its effect on operational outcomes,
about which empirical studies are lacking in literature [13],
[14]. Also, despite wide evidences that a socio-technical ap-
proach is needed to capture the complex implications brought
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by the digitalization of manufacturing, its impact is often ana-
lyzed under a pure technological perspective, disregarding or-
ganizational and managerial perspectives [15], [16]. As aresult,
little is known about possible organizational and individual fac-
tors which could enable DDM at the operational level. There-
fore, this article adopts a multi-level approach focused on the
role of the social system at the meso level (organizational struc-
ture) and micro level (people’s individual capabilities) [17],
[18]. The unit of analysis of this firm-level study is the manu-
facturing shop floor. In particular, the objective is to study high-
involvement organizational practices as enablers of operational
DDM, and test the hypothesis for which the competency levels
of front-line managers — Production Supervisors and Team
Leaders — play a moderation role. Regression models based on
quantitative survey issued in the Italian auto supplier industry
were supported by semi-structured interviews to improve the
constructs and support the discussion of the results. The com-
plementarity between high-involvement practices and individ-
ual front-line managers’ skills is interpreted using a Knowledge
Management (KM) perspective on DDM as a result of data
sensemaking, information processing and knowledge creation.

The rest of the article is structured as follows. Section II out-
lines the theoretical background and the conceptual multi-level
framework. In Section III, the research setting and the processes
of data collection and analysis are explained. The descriptive
statistics and the results of the regressions are presented in Sec-
tion IV, and discussed in Section V from theory and practice
standpoints. Section VI concludes the article and outlines the
opportunities for future research.

II. THEORETICAL AND CONCEPTUAL FRAMEWORK

The complex changes induced by digitalization in firms go
beyond technology; to understand them, organizational and
managerial aspects need to be considered [15]. With this aim, a
comprehensive and rigorous theoretical framework can be pro-
vided by the socio-technical systems theory, according to which
firms are described by the interplay among components of their
technical systems (technologies and tasks/processes) and social
systems (organizational structures and people) [19]. Within this
study, DDM is the decision-making task/process driven by op-
erational data obtained through digitization fechnologies; there-
fore, Section II. A is focused on the fechnical system, using KM
theories and models to conceptualize DDM as driven by cycles
of data-information-knowledge. In Section II.B, organizational
literature helps introduce the two elements of the social system
hereby tested as factors associated to the adoption of opera-
tional DDM: at the meso level, the shop-floor organizational
structure and management through formal practices for produc-
tion workers’ involvement; at the micro level, the people com-
ponent, i.e. front-line production managers’ competencies for
their managerial roles.

A. Data-driven decision-making: A Knowledge Management
perspective

Data-driven decision-making (DDM) is defined as “the de-
gree to which decisions are based on data” — collected and ana-
lyzed to augment and automate human decision-making — over
intuition [20], [21]. Informed and timely decision-making de-
pends on the availability and quality of data, and refining low-

level data into real-time useful information can enhance a firm’s
competitiveness and lead to data-driven optimization [5], [22],
[23]. Since the knowledge “mined” has a huge potential for de-
cision-making, but “the quality of decision-making algorithms
depends on the quality of the knowledge extracted from data
sets”, the challenge is data management and transformation into
information and knowledge to drive — and eventually automa-
tize — decisions [22], [24], [25].

In order to associate the concept of DDM to the agents in
charge of it, it is necessary to disentangle the process that leads
from data to decision-making. Leveraging organizational theo-
ries of Information Processing, Knowledge Creation and Sense-
making, prior KM literature has theorized Data-Information-
Knowledge models [9], [26], [27], [28], [29], [30]. The latter
have been often conceptualized in pyramidal form due to their
sequential selection process: there is more data than infor-
mation, and more information than knowledge [30], [31], [32],
[33]. In his “knowing cycle” Choo analyzed how each step pre-
cedes the other; however, since prior information and
knowledge intervene in the observation and selection of the sig-
nals to transform into data, the sequence as “more like a circle
than a hierarchy” [34]. In all these models, KM is a mean to
“provide intelligence to the organization for use in decision
making”, corroborating the view for which the ultimate goal of
transforming data into information and then knowledge is deci-
sion-making [33]. Fig. 1 synthesizes the cited KM models and
Choo’s organizational knowing cycle: through sensemaking,
data are interpreted and become information; combined with
tacit knowledge, information (also identified as “explicit
knowledge” [32]) contributes to the creation of new knowledge,
used in turn for decision-making; the latter implies action on
operations (e.g., process improvement), from which new data
will be generated and enter the “D-I-K-DM cycle” again.

‘ SENSEMAKING H KNOWLEDGE CREATION ‘ DECISION-MAKING ‘

\-) INFORMATION -/ \% KNOWLEDGE -//

DATA ¢———— OPERATIONS ¢——— ACTION

Fig. 1. The D-I-K-DM cycle (own elaboration from Ackoff [1989], Choo
[1996] and other authors).

Concerning the other component of the technical system,
“technology”, a “revised knowledge pyramid” was proposed to
consider big data and mechanical data-capturing sensors such
as the Internet of Things (IoT) [33]. KM leverages different in-
formation systems in the D-I-K-DM process: data are used in
transaction processing systems, information in management in-
formation systems, knowledge in decision support systems
[32]. Similarly, different operational roles have different de-
grees of involvement at each stage of the process.

B. The agents of operational decisions: front-line workers and
managers

The cycle outlined in Fig. 1 disentangles the task/process
component of the technical system through which decision-
making is driven by data. This section introduces the social sys-
tem in charge of this process — i.e., the main literature gap iden-
tified — at two levels: the organizational meso level (the struc-
ture) and the individual micro level (people and their compe-
tencies).

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Transactions on Engineering Management. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TEM.2023.3291272

TEM-22-1573.R2

Meso level: organizing the shop floor to leverage workers’
knowledge

At the shop-floor level, front-line managers are in charge of
handling production data and take operational decisions,
whereas production workers possess the tacit knowledge that is
required to process big and “small data”, i.e. those collected
through their direct interactions and relationships with the ob-
ject of their operations [13], [35]. Then, sensemaking from in-
formation is a collective process (in the case of production shop
floors, between front-line managers and workers) [36]. Seeing
the D-I-K-DM cycle from a socio-technical perspective allows
to add the structure dimension and point out the joint role of
front-line managers and workers in the sensemaking and
knowledge creation that lead to operational decision-making.
Fig. 2 synthesizes the concept for which production workers are
those who are closer to the place where data are generated, and
are fundamental in their sensemaking, other than contributing
to knowledge creation through their tacit knowledge about the
process.

managers

DECISION-MAKING

workers

KNOWLEDGE CREATION
SENSEMAKING

\-) INFORMATION

DATA ¢——— OPERATIONS ¢ ACTION

Production | Front-line

KNOWLEDGE

Fig. 2. The D-I-K-DM cycle from a socio-technical perspective — meso level.

When knowledge has to be created from big data, their ve-
racity has a positive impact [37], making it fundamental having
them input properly by production workers in charge of docu-
menting defects, breakdowns, line slowdowns. Involving them
could increase veracity of data and thus the propensity to use
them to create explicit knowledge for operational decision-
making. This view is shared by lean production, or lean manu-
facturing, a high-involvement management system that gives a
central role to the involvement of production workers for
knowledge creation [38], [39], [40]. Lean manufacturing envis-
ages a bottom-up collection of qualitative and quantitative data
for continuous improvement, i.e. root-cause analyses carried
out by front-line managers are based on quality circles, kaizen
weeks and formal programs for workers’ suggestions, collec-
tively analyzed with production workers for a better sensemak-
ing of operational problems [41]. The described joint decision-
making among production workers and their supervisors is de-
fined as “participation in decision making” [42], [43]. In lean
manufacturing, “teamwork and group problem solving allow
decision-making to be decentralized and therefore variance and
uncertainty is managed more easily” [10]. Lower uncertainty is
associated to “structuredness” that, boosted by technologies for
data integration and analytics, make DDM a better approach to
achieve higher performance [1], [21], [44]. Lean manufacturing
was associated to operational DDM also by [45], who suggested
it as a proper management method to achieve faster and decen-
tralized effective decision-making, and claimed that firms

should “revise their organizational structure to lay down an ad-
equate foundation for Industry 4.0”. To resume: involved pro-
duction workers (“soft” lean, see [46]) input better data, con-
tribute to better sensemaking of small data thanks to experience
and contextual knowledge, and give invaluable insights for the
recombination of tacit and explicit knowledge by participating
in kaizen events, quality circles and suggestion programs. Their
involvement brings tacit knowledge into the knowledge cycle.
In addition to this, lean practices force the use of analytical tools
for problem solving and continuous improvement (“hard” lean)
that can bring analyzability to uncertain situations and make
DDM a more trustable approach, such as Kanban, statistical
process control, Pareto diagrams, A3 problem solving, and KPI
dashboards placed throughout the shop floor.

Hence, the first hypothesis of this article is that all these ele-
ments contribute to make DDM more reliable as an approach in
the shop floor, making the formal involvement of production
workers through lean manufacturing practices a factor that is
associated with a higher probability of adopting and trusting op-
erational decisions driven by data:

H1. A greater involvement of production workers through lean manu-
facturing practices is associated with a higher probability of using
DDM in operations.

Micro level: the individual role of front-line managers

As anticipated in the previous section, those in charge of in-
volving production workers are front-line managers, who also
have a liaison role with data analysts that process the big data
coming from new digitization technologies [10], [47]. With an
increasing volume, variety and velocity of data, front-line man-
agers and workers need increasingly higher competencies to
make sense of them and understand which operational problems
should be addressed to improve quality, increase capacity utili-
zation, reduce downtimes, optimize production processes and
maintenance cycles [48]. Indeed, employees that interact with
digital technologies need adequate competencies to embrace
data-driven approaches, and lean manufacturing literature
showed that team leaders’ skill gaps can lead to worse perfor-
mance [49], [50].

However, front-line production management has more than
one layer, and it is necessary to distinguish between two key
figures: Supervisors (SVs) and Team Leaders (TLs). In lean
manufacturing practices, for every five or six production work-
ers there is a hancho (TL) leading the han (team), and for every
two or three hans there is a kumicho (SV) [12]. Both of them
are “lower-level managers responsible for operational control,
maintaining day-to-day interaction with blue collar workers”
[12]. Having to deal with operational control and monitoring,
materials handling, and decision-making, many front-line indi-
vidual roles contain both managerial and supervisory elements
[51]. Especially with lean production, many functions (e.g.
maintenance, problem solving) have moved to the line. Super-
visors are in charge of training workers for discipline, multi-
skilling and continuous improvement [12], and of performing
managerial (“control and schedule”, [52]) activities without
working on the line: they manage workers’ vacancies, prepare
statistical process control charts, revise standard operating pro-
cedures, acquire information about failures and give instruc-
tions to act accordingly (from the “group leader” job description
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of [11]). Also, they are in charge of creating a climate that en-
courages continuous improvement [10]. Team Leaders, on the
other hand, are in charge of the micro-management of the line
by responding to malfunctions, keeping the production flowing
and facilitating kaizen activities; moreover, when a vacancy oc-
curs, they substitute the production worker and join the line
[11], a peculiarity for which they need to know the standard op-
erating procedures as they were production workers. As aresult,
TLs develop the necessary context-dependent knowledge to
carry out a proper sense-making and, potentially, preliminary
data analysis.

TLs have ‘primary responsibility of process improvement’,
they set the work pace and the training activities [52], [53]. TLs
also perform a “transformational leadership” role of facilitating
team members’ creativity leveraging on their capabilities and
team knowledge [50]. At the micro-level, TLs’ competency is
fundamental as they directly involve and motivate production
workers, with whom they exchange information [42] to share
their knowledge [9], [12]. Also, they are in charge of prelimi-
nary data analysis for operational decision-making (e.g. shop-
floor problem solving). Leveraging on previous literature on
operations management and on-field interviews, it was possible
to identify which sense-making, knowledge-creating and deci-
sion-making activities are carried out by each organizational
component of the front-line “operating core”: Production
Workers, TLs, and SVs [54]. Their roles in the operational D-I-
K-DM processes are systematized in Fig. 3, which expands on
Fig. 1 and Fig. 2 by adding the social-system dimensions (or-
ganizational structure and people) to the model.

Data labelling

Implementing cont.
improvement actions

Exchange of information:
horizontal "external" (e.g.
with Quality) & vertical

Filtering and prioritizing
relevant operational data

Medium-term allocation

Prod. Supervisors

(volumes, failures, defects)

(with senior management)

Gemba walks, lean tools (A3,
PDCA, Ishikawa, 5 whys...)

Production data analytics to
generate explicit knowledge

of resources (weekly/daily
production planning,
people assignment...)

Fig. 3. The D-I-K-DM cycle from a socio-technical perspective — micro level.

Data cleaning, interpretation Horizontal "internal" commu- ||| Short-term resource allocation
g and preliminary analysis with| | ||nication (with other TLs), li- (tools, materials, workers)
< i i - — -
g basic IT tools (e.g. Excel) aison between PWs and SVs Tntra-shift decisions (Stopping
= ||Monitoring real-time Reporting operational data lines for setup changes, prob-
£ ||production indicators (volumes, failures, defects) lem solving, troubleshooting)
<
& ||Active production workers’ Recombining explicit infor- Real-time disturbance

involvement and engagement| |||mation and tacit knowledge handling with workers
w
& ||Data understanding (contextu-| ||| Transfer explicit knowledge Easy autonomous
'?‘6 al knowledge and experience) || || (with suggestion programs) maintenance
2 ||Data awareness ||Data input | ||| Transfer tacit knowledge (kai-
'g (real-time produ-||(according| |||zen events and quality circles)
£ ction indicators) ||to labels)

SENSEMAKING KNOWLEDGE CREATION DECISION-MAKING

/\\) INFORMATION /\ ¥ KNOWLEDGE //

DATA ¢——————— OPERATIONS ¢————— ACTION

The overarching hypothesis is that the ability of front-line
managers in performing their managerial roles (competency
level) enhances the engagement in lean activities and further
increase the probability to use DDM approaches. Consistently
with the previous section, the aim is to investigate the comple-
mentarity of front-line managers’ roles and their organizational
context, rather than separating the meso and micro levels of

analysis. Therefore, the second hypothesis tests their compe-
tency level as a moderator in the relationship between Produc-
tion Workers’ involvement and DDM adoption:

H2. The competency level of front-line managers has a positive mod-

eration effect on the relationship between Production Workers’ In-
volvement and the probability of using DDM in operations.

However, the present section shows, with the support of Fig.
3, that SVs’ and TLs’ organizational roles in information pro-
cessing, knowledge creation and operational decision-making
are different. As a result, different outcomes should be ex-
pected, and the moderating role of front-line managers’ compe-
tency level might vary between SVs or TLs. Taking into con-
sideration the differences between the two, H2 will be tested
separately for each categoryl and rephrased as: “The compe-
tency levels of production Team Leaders (H2.1) and Supervi-
sors (H2.2) have a positive moderating effect on the relation-
ship between Production Workers’ Involvement and the proba-
bility of using DDM in operations”.

III. METHODS

To address the research hypotheses, this article relies on sur-
vey data collected in the Italian automotive suppliers’ industry,
supported by semi-structured interviews for a more accurate in-
terpretation of the quantitative results. A mixed-method ap-
proach allows to integrate multiple sources of data to provide a
more complete understanding of complex research questions,
increase the validity and rigor of findings by overcoming a
method’s limitations, and provide stronger conclusions through
convergence (triangulation) of findings. [55], [56], [57].

A. Empirical setting and data collection

The automotive industry's international competition gener-
ates strong pressure on efficiency, which is passed on to the
supply chain. Suppliers are pressured by car makers to use and
share data to improve collaboration and shorten time-to-market,
leading to increased efficiency, transparency, and traceability
of production. Furthermore, car makers transfer knowledge of
organizational practices such as lean production to suppliers,
who heavily rely on shop-floor manufacturing operations. Thus,
auto suppliers are an insightful setting to study the joint in-
volvement of first-line managers and workers in operational
DDM, given their reliance on data and lean practices on shop-
floor manufacturing operations, unit of analysis of this study.

A multi-respondent and comprehensive survey — investigat-
ing the digitalization from a socio-technical perspective — was
issued to HR managers, plant managers and sales managers of
Italian auto supplier firms between March 2019 and February
2020. The survey was issued to the entirety of firms making part
of national automotive trade associations, a sampling that al-
lowed to avoid selection bias. Throughout the process, firms
that did not answer were re-contacted prioritizing them based
on plant sizes, geographical regions, and supply chain positions
that were under-represented in the sample, with the aim of ob-
taining a sample representative of the population. Finally, a to-
tal of 101 auto suppliers participated in the survey, with re-
sponse rates of 7% over the population and 20% over the sam-
pling frame.
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The quantitative analysis was complemented by a set of
twenty-seven semi-structured interviews conducted with oper-
ational figures such as production managers, lean manufactur-
ing engineers, and front-line managers of Italian auto supplier
firms meeting criteria relevant to the hypotheses while also rep-
resenting a diverse range of characteristics. The qualitative ev-
idences served two purposes in a recursive and complementary
qual-quan process [57]. First, they allowed to understand the
setting and complement the literature on the activities outlined
in Fig. 3 prior to developing the hypotheses, as well as establish
the construct validity and reliability of the production workers’
involvement and competency level measures. Second, they
were used to interpret the quantitative findings, and expressed
by means of quotations in the discussion section, to contextual-
ize it and make it more insightful for the reader.

B. Model and measures

Logistic regressions were used to determine the probability
of using DDM in production plants using production workers’
involvement (PWI) and the competency levels of Team Leaders
(TL) and Supervisors (SV) as continuous predictors. Fig. 4
shows the moderation models chosen to test the hypotheses: the
effect of PWI on adopting DDM (H1) and the moderating ef-
fects of TL (H2.1) and SV (H2.2), tested separately by means
of their interaction with PWI. A margins analysis was eventu-
ally computed with the STATA software, and its results were
drawn in two interaction plots to allow for a clearer discussion
upon the results.

Competency level of

Team Leaders (TL)
Production Workers’ H2.1 1+ + Data-driven Decision
Involvement (PWI) H1 Making (DDM)

Competency level of
Supervisors (SV)

R H2.2|+
Production Workers’ , +

Involvement (PWI) H1

_| Data-driven Decision
Making (DDM)

Fig. 4. Research hypotheses and the two theoretical moderation models.

The dependent variable is data-driven decision-making
(DDM), operationalized, as in previous literature [1], as a
dummy variable indicating whether the use of intuition and ex-
perience (0) or data (1) is predominant in the operational deci-
sion-making process. This variable is meant to be purely man-
agerial, assessing the inclination toward a data-driven mindset
rather than the presence of big data analytics technologies.
However, to further validate its capability to represent the ac-
tual use of data in operations, a pairwise correlation of this
measure with the number of employees using data analytics
software was performed (r = 0.4, p = 0.0001).

The two independent variables are organizational and indi-
vidual. At the meso level, Production Workers’ Involvement
(variable PWI) was obtained with a Principal Components
Analysis of five variables related to the involvement of produc-
tion workers in the management of shop-floor operations, re-

duced to one component that was validated for internal con-
sistency (Cronbach’s Alpha = 0.82, interitem correlation =
0.47). The five items (see detail in Table I) were computed as
binary variables with diverse rationales. Given its objectivity,
the existence of formal programs (items 1 and 2) was asked di-
rectly through a binary variable. Concerning the other items, to
avoid “social desirability bias”, the respondents were asked to
provide the percentages of workers involved in formal meetings
and trainings. Since the objective was not to identify any vari-
ance, but rather to confirm actual involvement, and due to the
low reliability of such “gut” percentages provided, the answers
were meant to be used as proxy to discriminate between 0 (0%)
and 1 (>0%). The same control for social desirability bias was
conducted for the transparency in data diffusion at the shop-
floor level, measuring the participation of workers in monitor-
ing operational data through a 1-5 scale incorporated as binary
in the construct.

TABLEI
OPERATIONALIZATION OF PRODUCTION WORKERS’ INVOLVEMENT.

Scale items Operationalization

« 0 (if no)
« 1 (if yes)

Formal program to collect lean suggestions from
production workers [52]

Formal lean production programs for the involve-
ment of production workers in formal meetings
(quality circles and kaizen weeks, see [52], [58])

« 0 (if no)
1 (if yes)

% of production workers who took part in the men- « 0 (if 0%)
tioned formal-lean meetings in the past six months .« 1 (if >0%)

% of production workers who carried out formal
training activities on lean production methodolo-
gies and/or continuous improvement [52]

- 0(if 0%)
. 1 (if >0%)

“Performance is continuously tracked and commu-
nicated, both formally and informally, to all staff
(including production workers) using a range of
visual management tools” (adapted from [59], and
[52]: “work teams receive detailed information
about quality, performance and accidents”).

« 0(f1or2or3)
« 1(if4or5)

At the micro level, two measures of competency were com-
puted for production Team Leaders (variable 7L) and produc-
tion Supervisors (variable SV) using Likert scales through
which HR managers assessed how adequate these employees
are to perform the specific tasks referred to their professions.
The scale was tested using a single item to increase its reliability
by making it as transversal as possible across firms. Extensive
literature comments how single-item measures can be as valid
as multiple-item measures [60], [61], [62], if not even superior
to them when the concept to measure is straightforward [63]. In
particular, [63] and [64] back the use of single-item measures
for raters to estimate how well ratees “perform their job in gen-
eral”.

Last, a set of control variables was added. Firm Size (number
of employees) isolates the effect of bigger manufacturing plants
having access to more digitization technologies and data. Tier-
I (1if tier-1, 0 if tier >2) measures whether a firm ships directly
to the car maker, since the latter may require suppliers to use
and share their data to meet quality standards. Employees Aver-
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age Age controls for long-standing workforce’s biases in pre-
ferring experience rather than data. DT breadth (breadth of dig-
itization technologies) was included to measure the use of shop-
floor data independently from the level of digitalization, which
might induce a bias in the DDM measure; the measure was
computed following [1], i.e. a summated scale of technologies
used to collect data related to production, logistics and quality:
sensors on equipment (IoT), tracking technologies (RFID), and
machine vision for quality control. Last, the regressions are
controlled in terms of Educational level (both of TLs and SVs)
being 3 = post-secondary degree, 2 = high school diploma, 1 =
any lower degree; this ensures that the competency variable is
related to capability to carry out front-line managers’ tasks, ra-
ther than their educational attainment.

IV. RESULTS

A. Descriptive statistics

In the sample used for the regressions, 38.6% of firms ship
directly to car makers (Tier-1). The average firm size is 156
employees, with an average age of 43.2. DDM is the prevalent
approach in 55.2% of the cases, and front-line managers are
predominantly schooled, with secondary or post-secondary ed-
ucation attainments (Fig. 5).

21%

SVs 64% 5%

TLs 74% 5%

m Post-secondary
(university degree)

Upper-secondary

Lower-secondary
(high school diploma)

(or lower)

Fig. 5. Average educational attainment of TLs and SVs in the sample.

However, skill gaps are widely diffused: low competency
levels (values < 2 out of 5) are frequent for both TLs (34.2% of
firms) and SVs (31.6%). Table II shows the descriptive statis-
tics concerning the rest of the measures used in the regressions
(note: the values have been normalized to facilitate comparison;
pre-normalized ranges are shown in the fifth column).

TABLE II
DESCRIPTIVE STATISTICS OF THE VARIABLES USED
IN THE REGRESSIONS (NORMALIZED VALUES).

Variable Mean Std. Dev. Range Range (pre-norm.)
DT breadth .627 351 [0;1] [0;3]
Educational level

of Team Leaders 575 250 (0:1] [1:3]
Educational level ) )

of Supervisors .634 269 [0;1] [1:3]
Production Workers 584 385 (0:1] [-1.4:12]
Involvement

Competency level . .

of Team Leaders (TL) 496 299 [0:1] [1:5]
Competency level 511 309 (0:1] (1:5]

of Supervisors (SV)

A. Descriptive statistics

Table III shows the results of the three logistic regression
models: H1 (PWI), H2.1 (PWIXTL) and H2.2 (PWIXSV). Var-
iance Inflation Factors were computed to test for multicolline-
arity, absent in the three models (mean VIF 1.40, 1.35 and 1.35;
highest value 2.02, 2.07, 2.04). Note that all the variables were
standardized to allow for comparability of coefficient values.

TABLEIII
OUTPUT OF THE LOGISTIC REGRESSION MODELS.

Dependent Variable: DDM (H1) (H2.1) (H2.2)
Tier-1 1719 1104 .0013
(.3462) (.4073) (.3917)
Firm Size 1.242 ##* 1.499 *#* 1.362 *#*
(.4009) (.5265) (.4639)
Average Age -.0468 -.2201 -.1294
of employees (.3210) (.4531) (.4928)
1136 .0527 1352
DT breadth (3721) (3852)  (3642)
Education Level .0040 -.1121 -.1100
of Team Leaders (.3339) (.3272) (.3261)
Education Level .0551 .1605 1345
of Supervisors (.3824) (.3455) (.3605)
Production Workers’ 5452 7598 ** 7546 **
Involvement (PWI) (.3562) (.3808) (.3827)
Competency level -.6320
of Team Leaders (TL) (.3847)
1.119 ##:*
PWIx TL (4313)
Competency level -.5844
of Supervisors (SV) (.3963)
1917 *%*
PWIx SV (.3820)
Constant -.0097 -.1345 -.0459
(.3086) (.3477) (.3446)
N 68 68 68
Pseudo R2 .2960 .3923 .3766

Coefficients expressed in log-odds; standard errors in parentheses.
"p<0.10," p <0.05, " p <0.01.

The results show that the effect of PWI on DDM is not sta-
tistically significant unless controlled for TL and SV; therefore,
HI is confirmed only partially. On the other hand, both H2.1
and H2.2 have been confirmed; the acquisition of significance
by PWI strengthens the argument of complementarity between
PWTI and, respectively, TL and SV. The third observed result is
that PWIXTL has a much higher point estimate and relevance
than PWIXSV, suggesting a stronger effect of the role of TL
than the one of SV. In Model H2.2, the effect of the interaction
is lower, and supported by a weak statistical significance. As a
result, the effect is attenuated, resulting in less steep curves in
the interaction plot based on the margins analysis (Fig. 6).
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T T T

-1.4 0 1.2
Production Workers’ Involvement
TL=2 TL=3 TL=4 ——TL=5

Pr (DDM)

T T T

-14 0 1.2
Production Workers’ Involvement
...... SV=1 SV=2 SV=3 SV=4 ——SV=5

Fig. 6. H2’s predictive margins: PWI vs DDM probability, at different levels of TL and SV.

V. DISCUSSION

The results of the regression models are discussed at the
meso (H1) and micro (H2) levels in Section V.A, supported by
qualitative evidence. Section V.B provides the contributions to
theory and the implications for practice at the organizational
and individual level.

A. Discussion of the results

The first sub-section provides a two-step discussion of the
results: first, an overall discussion of the moderation effect of
front-line managers’ competency level; second, the rationales
for which such an effect is stronger for TLs than SVs, with a
focus on the central role of TLs.

High involvement and DDM: the moderating role of front-line
managers

At the meso level of analysis, the lack of statistical signifi-
cance when testing H1 suggests that introducing high-involve-
ment practices cannot be automatically associated with a higher
probability of using data-driven approaches to operational de-
cision-making. However, H1 was partially confirmed, since the
effect of PWI on DDM becomes statistically significant when
TL and SV are considered in the regressions (the two versions
of model H1 with TL and SV as control variables not interacted
with PWI were not included in Table III, as they were not rep-
resentative of the hypotheses; however, in both cases PWI ac-
quired statistical significance). This result is highly relevant, as
it confirms that, in line with the objective of the multi-level
analysis, the effects of organizational and individual factors on
the adoption of DDM need to be analyzed together. The inter-
play between PWI and DDM is evident in Fig. 6: the probability
of having data-driven operations increases at increasing degrees

of production workers’ involvement. The involvement of pro-
duction workers in lean practices can increase the probability of
trusting data and therefore contributing to DDM approaches in
operations. This not only corroborates previous literature (e.g.,
[15], [65]), but also contributes to the body of knowledge on the
interplay between lean manufacturing and digitalization, ex-
plaining how the former can enable practices (DDM) that mo-
tivate firms’ investments in the latter.

At the micro level of analysis, H2 has been confirmed: higher
competency levels of front-line managers are associated with
higher marginal effects of PWI on the probability to adopt of
DDM. This finding is highly insightful, as it unveils a comple-
mentarity between organizational and individual social-system
factors linked to DDM. In presence of highly skilled front-line
production managers (see curves TL=5 and SV=5), operations
tend to be driven by data only when there is a high level of PW
involvement. Competent front-line managers leverage involved
production workers’ tacit knowledge to process shop-floor data
[13], and are able to recombine it with explicit knowledge (or
information) to create operational knowledge to feed decision-
making. On the other hand, low levels of involvement are asso-
ciated to a lower veracity of data that enters the cycle, leading
competent front-line managers to a lower propensity toward us-
ing them in decision-making. As a result, high competency lev-
els of TLs and SVs are associated to a zero probability of adopt-
ing DDM in correspondence with low levels of PWI. These re-
sults suggest that if a firm has not put in place formal programs
to involve production workers, skilled front-line managers pre-
fer to rely on their intuition, rather than on ill-informed Data-
Information-Knowledge-Decision-Making (D-I-K-DM) cy-
cles. Unskilled front-line managers, on the other hand, seem to
be less sensitive to the importance of involved production work-
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ers in the sensemaking of data and knowledge creation from in-
formation; as a result, the probability of having data-driven de-
cisions is less dependent on the variation of PWI levels.

Information-processing and decision-making happen by hor-
izontal communication among front-line employees, who pos-
sess the relevant domain knowledge and need support from in-
telligent knowledge management systems to enhance their
skills and competencies [66]. Production workers’ involvement
in operational decision-making is empowered by in-creasing
the exchange of information with TLs and SVs [42]. Front-line
managers, in turn, can facilitate continuous process improve-
ment by fostering an organizational climate where workers feel
safe and “obliged” to contribute their knowledge and sugges-
tions [12]. Doing so, they can extract value from production
workers and create knowledge by combining ‘strategic, macro,
universal information and hands-on, micro, specific infor-
mation’ [9]. A great deal of interview data supports this finding,
well summarized by the following excerpt:

Surely, having as much data as possible on the plant allows the ma-
chine operator to be able to make decisions also on the quality of the
material. [...] The more information we give them, the more they can
become autonomous in their own area of work [...] he is authorized to
make a decision both in terms of quality and maintenance and above
all to manage it (Production Supervisor of a Tier-1 supplier)

Such a collaborative process (involvement of production
workers and their tacit knowledge) is moderated by the compe-
tency of front-line managers who combine it with data to create
and use operational explicit knowledge for DDM. These results
can support the view for which production workers’ tacit
knowledge and experience are fundamental in the sense-making
of shop-floor data [13], and that involving them could increase
the propensity toward DDM.

Team Leaders and Supervisors, two different roles in the D-I-
K-DM cycle

At the micro level, another relevant finding is that H2.1 was
found to be backed by a higher statistical significance than
H2.2. The difference between the two interaction plots (Fig. 6)
is particularly evident at high levels of PWI, where the differ-
ence in probability of DDM adoption between competent and
unskilled managers is higher for TLs than it is for SVs. Firms
with very competent TLs are those who are most likely to use
data in their operations, suggesting that involving production
workers for a “bottom-up” DDM might depend more on TLs
than on SVs.

Even though both TL and SV show managerial and supervi-
sory elements [51], their roles are different [11], [12], [50], [52].
TLs are more engaged in interpersonal and decisional roles of
disturbance handling and short-term resource allocation (real-
time changes to planned setups and reallocation of workers). On
the other hand, SVs’ managerial roles are mostly informational
and mainly focused on medium-term resource allocation (e.g.,
shift-based production planning and people assignment). Re-
garding lean manufacturing, SVs’ focus is on the “hard” part of
continuous improvement actions, rather than the “soft” compo-
nent of involvement [12]; for instance, their personnel manage-
ment duties include training and multi-skilling, rather than mo-
tivation and engagement. Also, SVs have a greater span of con-
trol over the production process as a whole, and perform their
activities without working on the line. On the other hand, TLs

are closer to production workers, and horizontal communica-
tion flows more naturally, human relationships are stronger,
sensemaking about shop-floor events is more aligned. TLs di-
rectly encourage participation of front-line workers in continu-
ous improvement and exchange information with them to share
their knowledge. A better understanding of these concepts is
provided by a continuous improvement engineer of a medium
Tier-1 firm:

Team leaders’ main role is that of collaborating in the working group

to bring, let's say, the problems that come right from the field, because

perhaps he, knowing that there is a focus on that line, spends time near

the machine when he has time [...] They need to be able to use the

Pareto analysis to say what is the major cause of loss on that machine

to then go on to think about what to do [...] The fact of having to ana-

lyze more data has also forced him to take a growth step towards the
analysis of numbers, for instance about cycle times and OEE.

TLs know which operators are more skilled and experienced
and that human and machine are two different types of re-
sources [67], and take this into account when assigning them
tasks related, for instance, to data collection and labelling. As
emerged in several interviews, the same machine could provide
the same data, but different operators may be differently expe-
rienced or motivated in making sense of them, labelling, inter-
preting and even reporting them, generating variable degrees of
propensity to trust them in DDM at higher managerial levels:

It is not enough to focus on the data, you need to have a clinical eye
and an ability to use them with significant experience about the pro-
cess. This is very important. I can’t take a figure by itself and say some-
thing about it [...] I have to understand why, I need to be able to ana-
lyze it, to have a clinical eye because sometimes data can be fake. We
still enter them by hand. One must understand almost immediately if
that is an error or a process drift. If I have entered them incorrectly,
there has been a change or they are not up-to-date, we can throw away
our Industry 4.0 data. (operations manager at a Tier-1 car key manu-
facturer)

Being directly involved in leveraging front-line workers’ in-
volvement, TLs have a more prominent role in the integration
of operational data and domain knowledge for D-I-K-DM. Sup-
porting previous studies according to which Team Leaders’
skill gaps can lead to worse operational performance [50], and
assuming that DDM can increase firm performance [2], [3], [4],
we conclude that, in manufacturing sectors where high-involve-
ment lean practices are increasingly diffused, firms with com-
petent TLs are those that are closer to fully capitalize on the
potential benefits offered by digitalization.

B. Contributions to theory and implications for practice

By providing empirical evidence about organizational and
individual factors related to DDM, this study contributes to the-
oretical aspects of knowledge creation and management litera-
ture, and offers valuable recommendations to practitioners in-
cluding production managers, HR managers, and educational
policymakers.

A socio-technical view of the “bottom-up D-I-K-DM cycle”

Both organizational and individual factors were found to be
associated to the probability of adopting DDM approaches.
From a socio-technical perspective, the results suggest that the
propensity toward operational DDM depends on social varia-
bles, confirming the interplay between social and technical sys-
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tems. The importance of involving production workers in a col-
laborative DDM process is explained with organizational and
ecological KM perspectives, focused on organizational design
and individuals’ interaction to facilitate knowledge creation
processes. Also, empirical evidence is provided to enrich the
knowledge-based theory of the firm, which interprets
knowledge creation for decision-making as a collaborative pro-
cess integrating information coming from interpretation of data
and context-dependent knowledge.

This article’s main contribution to theory is the development
of the “three-dimensional” D-I-K-DM model introduced in Sec-
tion II, where socio-technical theory’s concepts have been inte-
grated into KM literature by adding a social system dimension.
We adapted the “organizational knowing cycle” [28] model of
KM to operational decision-making and dis-entangled the roles
of different organizational levels (production workers and
front-line managers) in sense-making of, and knowledge crea-
tion from, the analysis of operational da-ta. Answering the
question “who creates and exploits operational knowledge?” al-
lows for a shift from generic dynamics to focused perspectives
on specific operative and managerial profiles. This study also
contributes to overcome genericity limitations of the infor-
mation-processing theory by specifying — or, better, prioritizing
— which categories of managers must urgently acquire the com-
petencies to create knowledge from big data and context-de-
pendent knowledge.

Ultimately, this article’s findings contribute to reconcile or-
ganizational, operations management and information system
literatures (as advised by [15]) through the use of theories on
sensemaking, information processing and knowledge creation.
In 1988, Nonaka [68] advanced the idea of a “middle-up-down
management”’, highlighting the importance of middle managers
in resolving the contradictions between visionary top managers
and experience-driven shop-floor employees. The findings of
this article suggest that, with DDM enabled also at the opera-
tional level by digitalization, the organizational performance of
firms will rely on their capacity to leverage production workers’
knowledge creation with skilled front-line managers, often dis-
regarded by similar literature streams in favor of a focus on
middle and top managers [69]. The result is a shift from the
middle line to the front line, re-vamping the importance of bot-
tom-up (and decentralized, [7]) knowledge creation.

Implications for practice: lean programs and Team Leaders’
upskilling

Even in small and Tier-2 firms that are not explicitly required
to adopt them, formal lean programs can be crucial to exploit
the benefits of digitalization, whose ultimate goal is not collect-
ing data per se, but to inform better decisions. In this vein, a
main recommendation is that of introducing formal lean prac-
tices to foster a culture where front-line employees' knowledge
can be leveraged for operational DDM. Insisting on the im-
portance of production workers’ active contribution to opera-
tional DDM, typical of lean production, this work con-tributes
to the literature stream that explores the interplay between dig-
italization and lean practices (e.g., [65], [70], [71]). Another as-
pect that unites lean practices and digitalization is decentraliza-
tion, which is in turn associated with more autonomy and dele-
gation of decision-making. Our findings suggest that these syn-
ergies are more likely to happen in firms with competent front-

line managers. The shift from intuitive to data-driven decision-
making is a “skill-biased technological and organizational
change” [72]:

The organization of the workplace has changed a lot, so we did train-
ing, because before the operator didn’t even know how to read the
drawings, while now there is the totem, the drawing, the core defects,
as envisaged by Lean; there is all the information the operator must
have in order to make the most of the product in terms of quality, or-
ganization, management. (Owner at a medium Tier-1 supplier)

According to the information-processing theory, these new
information-processing needs have to be matched by the capa-
bilities to do so, and the results of this article suggest to focus
on TLs. The latter not only need a new set of analytical skills to
carry out their decisional roles and participate purposefully in
information processing and knowledge creation (informational
roles) for medium-term operational and strategic decisions
made at higher levels. They also need to stress on their interper-
sonal roles to involve production workers and have their “loy-
alty” in correct data input, participation through suggestions,
information exchange and knowledge sharing [9], [12], [42], a
concept well exemplified by the plant manager of a Tier-1 firm:

The datum that they have to provide is what starts everything and
therefore has great importance; this must be told to them, and they
must be very responsible for this datum [...] So we ask them not only
“tell me when the car stops or breaks down”, but also “tell me what
you would do to improve it, and what you would do to improve safety”.
So the data we ask for, the flow of data, we also ask for suggestions,
improvements, things that are wrong. And this makes the data credible.

A formal upskilling of production TLs is needed to exploit
the benefits of digitalization through DDM. In our sample, the
TL role is carried out with an upper-secondary education level
in 74% of the firms (Fig. 5), and 89.8% of the firms envisage
additional training after their hiring, i.e. the canonical definition
of “middle-skill jobs” [73], [74]. For these jobs, the digital
transformation is generating a demand for digital and interac-
tion skills that is not being met, inducing a so-called “middle-
skills gap” also in skilled blue collars and front-line production
managers threatening productivity and competitiveness of ad-
vanced countries’ manufacturing industries [75], [74], [76].
Therefore, our findings show to HR managers the importance
for operational roles to acquire, develop and retain the compe-
tencies required to create knowledge from big data and context-
dependent knowledge. Job rotation and knowledge sharing can
increase competencies related to DDM [77]; notwithstanding,
specific and soft-skill training courses are offered by a low
number of firms. When posed with the question of whether their
TLs received training to manage data, a lean production engi-
neer in a Tier-1 firm answered:

Yes, a little something, in a slightly lighter way than their supervisors.
They have taken general courses about people management and also a
bit of problem-solving. Their problem-solving approach is to under-
stand what is the cause, like the classic “5 whys”, then try to go a little
more specific and understand if there have been any deviations in the
process [...] they are currently trained on this sort of analyses; we’re
not yet at the level of having them prepared for a more quantitative
approach.

The recurrence of such responses during the interviews em-
phasizes the imperative need for prompt action. Policymakers,
universities, and secondary education systems need to be
aligned and cooperate among themselves and with firms, and
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engage in the co-creation, for instance, of ad-hoc educational
curricula and training programs [76], [78]. Industrial learning
and challenge-based innovation programs can contribute to de-
velop the needed competences in living labs, learning factories,
or even online to optimize firms’ resources [79], [80]. In this
vein, this work contributes to literature by providing evidence
on how digital transformation influences the processes of new
knowledge search by firms and the need for new competencies,
an area that recent literature suggested to investigate [81]. Since
“an organization processes information to make sense of its en-
vironment, to create new knowledge, and to make decisions”
[28], investing in front-line DDM capabilities is an increasingly
fundamental priority.

C. Limitations and future developments

This study presents limitations that must be taken into ac-
count. One such limitation relates to its generalizability, which
may be affected by the relatively small sample size and the fact
that only one industry in a single country was considered. How-
ever, to enhance the internal validity of the quantitative find-
ings, several control variables were utilized to mitigate the in-
fluence of confounding factors. For instance, the impact of pro-
duction workers' involvement was isolated from the statistically
significant effect of firm size on DDM adoption, which can be
explained by the fact that larger firms typically have greater
production volumes, increased availability of data, and more
standardized operations. Another limitation of this study is that
it was not possible to establish causality in the quantitative anal-
ysis, as a unidirectional effect of PWI leading to DDM could
not be determined. It is possible that a reverse effect cannot be
ruled out, leading to an additional interpretation of the results
for which a data-driven environment can, in turn, motivate and
increase the development of formal programs to involve pro-
duction workers. Nonetheless, this would not affect the conclu-
sions drawn regarding the moderating role of team leaders and
supervisors in the interplay between PWI and DDM, which is
the most significant and insightful finding of this article.

The results of this study, along with its limitations, have
highlighted areas that require further investigation. Specifi-
cally, this study presents an opportunity for future qualitative
research that aims to characterize the specific skill gaps in
sensemaking, knowledge creation, and decision-making in big
data contexts, while exploring ways to address the upskilling
needs of TLs. Also, the question of how educational systems
can respond to the emerging need for upskilled TLs remains
unresolved and is an important avenue for future research. Fur-
ther considerations on employees’ training practices will be re-
quired to develop a more comprehensive theoretical and empir-
ical understanding of the challenges and benefits associated
with the adoption of new digital technologies for data-driven
decision-making.

VI. CONCLUSIONS

With more data available to production lines, information-
processing tasks will be increasingly decentralized, making it
relevant to study what factors are associated to DDM at the
shop-floor level. This article found a complementarity between
production workers’ involvement and front-line managers’
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competency level in the adoption of operational DDM. The in-
terpretation of the results through KM models, with the limita-
tions outlined in Section V.C, suggest that competent team lead-
ers can leverage the experience and tacit knowledge of produc-
tion workers — as long as the latter are involved in the process
— in the sensemaking of data, processing of information, and
knowledge creation that precede operational decision-making.
These results offer two main recommendations to managers in-
terested in capitalizing on their investments in digitalization and
improve their firms’ operational performance. First, as Team
Leaders are acquiring a central role through operational DDM,
firms are advised to prioritize their upskilling over that of other
front-line employees such as production workers or supervi-
sors. Second, organizations are called to embrace lean produc-
tion with its high-involvement management principles and bot-
tom-up approach to knowledge creation. Finally, this article en-
riches well-known KM models by accounting for the organiza-
tional structures and the individuals involved in DDM’s constit-
uent steps of data-to-information-to-knowledge. Such a socio-
technical approach reconciles KM models, organizational theo-
ries and literature streams on digitalization, thus providing a
solid basis for future theoretical and empirical studies on oper-
ational data-driven decision-making.
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