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Executive Summary
This year’s study yields some important insights into the transformation and digitization of supply chains. The
impact of the COVID-19 pandemic on supply chain transformation cannot be ignored, as moreindividuals have
had to work from home and are more likely to be conducting many supply chain activities (negotiation, supplier evaluation, risk mitigation, logistics planning, contract administration, etc.) remotely instead of in person at
their work locations. Although organizations are at various stages of transforming their supply chains, many still
lack the confidence in their data that support digital capabilities and technologies that will allow them to pivot
towards true digitization. In fact, our results provide evidence that data, when used, is applied more frequently
in a tactical manner, and is not truly leveraged for development of strategic decisions that have a greater impact
on the design and management of supply chains. The results also suggest that organizational efforts to perform
predictive applications of data may be hampered by data limitations.

•
This year’s study reveals ongoing progress on how data is being used in the supply chain function. While
more organizations are using data to make decisions, we observed only incremental progress on levels of application to strategic decision-making in the last three years (1998, 1999, 2020).
•
Organizations are continuing to spend less time looking for and cleansing data. This is a positive sign that
data quality and availability are improving. While improving, both data cleaning and organizing are significant
workloads for data analysts.
•
The majority of organizations do not assign the same priority to data assets as they do to physical assets.
Only 45% of organizations in our sample fully realized the value of data and assigned the same priority to data
assets. An important indication was that organizations who understand the value of data were advancing their
use of a data governance organization assigned to the curation and management of organizational data.
Organizations still struggle to assign a value to their data and are not addressing the need for data audits.
•
Data literacy is a fundamental building block for supply chain digitization. But appears to be sporadically
present among organizations in our sample. (Data silos exist not only within the supply chain function but across
most functions within the responding organizations.) Only about a third of organizations consider themselves to
have advanced data literacy, even among organizations that have revenue >$2B annually.
•
Another key finding of this year's study is the lack of evidence that company supply chain functions have
a clear/defined data strategy. Only 42% or survey responders include their data requirements when issuing RFP’s
to suppliers. Even fewer have contractual measures that require supplier cyber security standards be in place.
•
The results suggest that decision latency is significantly impacted due to the lack of data literacy and data
quality amongst decision makers and decision contributors.
•
Embedded AI technologies, such as those in supply chain control towers, can offer organizations a
valuable tool for connecting and correlating both internal and external data from disperse sources across the
supply chain to drive organizational improvements in data quality and data literacy.
Our 2019 study is available for review and comparison at (https://scm.ncsu.edu/scm-articles/article/3rd-annual-state-of-supply-chain-data-governance-report-released)
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Introduction
We are pleased to report on the results of the 4th Annual Data Quality & Governance Study (2020), which
focuses on the application of data quality and governance as a basis for analytics in the supply chain. Our original
first annual study was initiated in 2017 and was created to establish base line metrics related to the status of
data quality employed in supply chain applications, as well as the relative improvement in analytics skills within
the supply chain profession. Our original intent was to assess year over year shifts in supply chains adoption and
utilization of data best practices to assist in the transformation to digital supply chains.
(Subsequent annual studies have been conducted in 2017, 2018, 2019.) We are excited to present this year’s
results, and share the insights developed through this research.
The study has gained prominence over recent years and has expanded its focus to include data’s impact on the
deployment of artificial intelligence (AI), machine learning (ML) data decision latency and data driven decision
making (DDDM). In this report, we begin by describing the importance of data literacy, and then examine the
extent to which organizations have truly delineated the requirements they have for data to their supply chain
partners. These two capabilities (data literacy and data requirements) are linked, as you can’t ask for something
if you don’t know what you are asking for! We then describe how organizations are storing and managing their
data, (an important foundational requirement for establishing analytical and AI capabilities.) Next, we examine
data governance programs, and explore the adoption of meaningful data governance initiatives.
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What Is Data Literacy?
We define data literacy as the ability to derive meaningful information from data. It is the ability to read,
understand, create, and communicate data as information. This is an important component of the supply chain
digital transformation, as it gets to the heart of the matter: do individuals within an organization know how
to work with data effectively and efficiently and do they trust the data? A secondary significance of data literacy is that it increases an individual’s responsibility for collecting, integrating interpreting, sharing and acting
upon available data. The lack of data literacy prevents effective communication with a common level of data
understanding amongst internal and external data users. On the other hand, a strong foundation in data literacy
that is pervasive in an organization can create the emergence of an analytical culture. Our results suggest that
management’s commitment to an analytic culture is likely to invest in training, involving investments in data
scientists and data analysts with specialized skills for developing useful analytic insights. Moreover, supply chain
professionals equipped with the right analytic skills (e.g., statistical analysis using large data sets) will be better
able make sense of system-generated analytics alerts and recommendations on notable, unusual, or erratic
supply chain activities and can act quickly to drive performance improvements
Data literacy is a fundamental requirement to become a data driven decision making (DDDM) organization.

Data Literacy
extremely limited
novice
average
advanced

The degree of self-assessed data literacy shows that 33% of organizations in our sample consider
themselves at the “extremely limited” and “novice” levels. Only 17% consider themselves as “advanced”. The
study results suggest a significant training/educational opportunity coinciding with the adoption of AI and ML
(Machine Learning) which could assist in making up for this deficit.
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The sample distribution suggests that the degree of data literacy varies by company, geographic location,
and size. As shown below, data literacy is growing in the Americas including the U.S., as well as in Africa/Middle East, but is lagging in Asia and Europe. Lagging levels of data literacy are apparent in organizations where
data is withheld in functional siloes, a lack of data standards prevents common interpretation of data even
when shared, data is only shared in batches, and managers follow a top-down hierarchy for decision approval,
preventing real-time decision-making using real-time data. It is not uncommon to find that in low data literacy
environments, data is first downloaded into Excel, formatted into presentations, emails, or memos, reviewed,
and eventually approved by senior managers. Such governance structures serve to delay decisions, which in
turn impacts the ability to and act quickly when an opportunity or disruption occurs in the supply chain. This
year’s study reveals that the European and Americas (excluding U.S.) regions have the most to gain by focusing
on data literacy.

Data Literacy Across The World

U.S Domestic
only

Rest of Americas
(excluding U.S)

Extremely limited

Europe
(excluding Russia &CIS)

Novice

Average

Africa &
Middle East

Asia - Pacific
(excluding China)

Advanced
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Data Literacy By Revenue

<USD 10 Million

USD 10.1 Million
to 100 USD Million

Extremely limited

USD 100.1 Million
to USD 500 Million

Novice

USD 500.1 Million
to USD 2 Billion

Average

USD 2.1 Billion
to 10 Billion

>USD 10 Billion

Advanced

Data literacy also appears to be sporadically distributed among organizations of various sizes. Only about a
third of organizations consider themselves to have advanced levels of data literacy, even among organizations
that have revenue that exceed $2B in revenue. This can largely be attributed to senior management’s leadership
style, as a commitment to data literacy requires a purposeful plan and investment strategy to enable individuals
to access and make sense of data. For instance, Ransbotham and Kiron (2017) note that organizational innovation is associated with a culture that makes data available to stakeholders, suppliers, and customers, effectively
supporting the ability to act quickly based on reliable data.
There are a number of additional attributes of organizations that have low data literacy levels:
1.
Data quality is not prioritized by departments, allowing individuals to upload or input data in a
random fashion. There is often complete access to data bases by anyone, leading to large volumes of data errors due to lack of control over how data and content is input into critical databases. (Human error is often the
largest root cause of poor data quality.)
2.
There is a strong presence of irrelevant/redundant data, that is input without thinking about the
need to control the types of data that go into a system.
3.
Lack of standards, spend classification systems, and poor integration between systems
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Ransbotham, B.S. and Kiron, D. (2018), “Using Analytics to Improve Customer Engagement”, MIT Sloan Management Review, Vol.

January, available at: https://sloanreview.mit.edu/projects/using-analytics-to-improve-customer-engagement/.
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These three (3) areas were found to be statistically significant in this year’s study. These findings also provide clear evidence that increasing data literacy, improving data quality can significantly reduce decision latenc
which is crucial to complete supply chain digitization. Without a strong leadership push towards improved
data quality and data literacy, the vision of digital transformation remains a difficult objective.
Organizations embarking on a sustainable transformation and/or digitization would be well served to focus
on data literacy as a first step before embarking on other activity. This will require strengthening of the existing training, as well as new hires (with analytical and statistical skills) that can establish a cultural bias towards
using data as part of the daily workflow.

Data Requirements
This year’s study identified for the first time that organizations still lack clear evidence they have a clear
and detailed supply chain data strategy for both internal and external data. While internal data strategies, in
most cases, are mutually agreed to between internal business functions, there is also a need for supply chain
personnel to cast an eye with their supply chain partners and explore how well data can flow bi-directionally
between parties throughout the supply chain. In many cases, supply chain managers will discover that their
suppliers and distributors may not have a strong bias or capabilities for receiving and sharing data. In such
cases, it would make sense for supply managers to begin the process of clearly specifying their data requirements to their suppliers in their RFI’s, RFP’s and RFQ’s, as well as in their contractual statements of work. Our
survey results suggest that only 42% of this year’s survey responders identified any type of data requirements
in their RFI/RFP/RFQ communications to suppliers. This is a lost opportunity, as doing so can clearly eliminate
suppliers, early on in the sourcing process, who are not effectively improving their own data quality and data
collaboration with their customers.

Data Requirements
Specified As Part of
RFI/RFP/RFQ
We Do Not Specify Data
Requirements In Rfqs
We Specify Data Requirements
Only For Strategic Rfqs
We Specify Data Requirements
For Most/All Strategic Rfqs
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In cases where supplier data is not being specified in contracts or RFQ’s, our analysis shows that the resulting
ability of suppliers to share reliable data with your organization is very low. Many suppliers do not have a robust data governance program, so any information they share with your organization will likely lead to reduced
information flows, poor data integration, and errors in decision-making. Our survey suggests that more than
half (56%) of organizations believe that three quarters (70%) of their supply base is unable to provide reliable
data that meets standard data requirements. This is a significant barrier to supply chain integration, suggesting
that the lack of reliable supplier data can have. This lack of external supplier data can have significant negative
impacts on both tactical and strategic outcomes, both in the short term and the long-term competitiveness of
a company.

Percent of respondents in each category

Percent of Suppliers Currently Able To Satisfy Data Requirements?
31%
25.5%

24.5%
18%

Percent of Suppliers in Supply Base

When asked how best to leverage data in supply chain applications and decisions, most organizations are focused on the tactical usage of data as opposed to strategic approaches such as supplier management, resource
planning and risk mitigation. These results show that most organizations focus on a short-term view of how data
can be used for strategic purposes in the supply chain. Most organizations focus their attention and application
of data around applications like inventory management, order shipping, shipment tracking, dispute resolution
and optimization of returns.
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% of Responders

Activity

Tactical

Strategic

28%

Inventory Optimization

23%

Supplier Management

14%

Order Shipment/Invoice
Reconciliation

13%

Resource Planning

X

8%

Risk Mitigation

X

6%

Shipment Tracking

X

2%

Dispute Resolution

X

< 1%

Returns Optimization

X

X
X

X

When asked what functions could most benefit from automation, tactical applications prevailed as well. The
only exception was the identification of risky suppliers, and alerts, but this too in a sense involves reacting to a
situation. We did not see applications of how analytics were being used to optimize networks, identify redundancies in the supply chain, and conduct “war gaming” applications that lead to future supply network redesigns.
This will become increasingly important in a post-COVID world when many organizations are seeking to explore
supply base diversification and re-shoring of manufacturing networks.
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% of Responders

Activity

Tactical

28%

Reconciling Invoices/
Releasing Payments

23%

Identification of Risk Suppliers
and Potential Disruption Alerts

14%

Notification of Suppliers Issues, Errors, Anomalies

X

13%

Balancing/Rerouting
Inventory

X

8%

Resource Planning

6%

Incoming Order Processing

2%

Supplier Selection

< 1%

Selecting/Accepting Freight
Tenders

Strategic

X

X

X

X

X

X

When asked what kind of information is considered missing or inaccessible which could help to improve
decision making, the following priorities were identified:

% of Responders

Activity

Tactical

31%

Measure Tier 2&3
Supplier Performance

X

21%

Data On Logistics Events,
Customs, Traffic

X

21%

Accurate Inventory Data

X

10%

Socio-economic Information

8%

Order Fulfillment Accuracy
and History

X

7%

Weather Forecasts

X

Strategic

X
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As you can see from the three preceding matrices, most of the survey responders think of data as a resource
that can be used for immediate, short-term supply chain decisions. However, data can not just be a decision-making resource, but also a source of long-term strategic planning resource. Few of the organizations
we surveyed are fully leveraging their data to establish trends, explore risks, develop network re-configuration strategies, or improving material velocity in their global supply chains. This tactical focus will hinder the
movement towards continuous learning and transformation into digital supply chains. However, tactical data
capabilities could be critical to the use of AI and ML within the supply chain organization. Tactical data should
not be discarded, but rather used/mastered in an end-to-end and holistic manner .

Data Storage and Availability
Data storage defined as location, media, formats, etc. have a significant effect on data availability. Data silos
are common in many organizations, due to a lack of central governance that treats data as an asset. Data silos
are the main cause of poor supply chain visibility. Many organizations do not have data governance either at
the corporate level or functional level. Data can be stored anywhere across different systems and platforms, in
different formats, acquired at different time intervals and use different data definitions. In about 11% of firms,
data is stored locally and not centralized across the organization. Only about 30% of firms have a centralized
source of data storage that can be accessed by platforms across the system.
Every organization will need to work with their IT department to identify how best to store and access data
that aligns with their ways of working. For instance, one organization we benchmarked adopted the following
approach:
•
The organization created data repositories at different levels of the organization, due to the high reliance
on data as a source of truth in an engineering dominated, B2B culture.
•
Data marts were created for very specific categories of data for specific user groups, with customized
hierarchies to meet local, geographic, and departmental needs.
•
Only data that was needed to share across the enterprise was moved into the Enterprise Data Warehouse
•
IT analysts were asked to work directly with business users to understand the challenges they had in
accessing data and provide solutions that could directly address these challenges.

Internal And External Data
COVID-19 has significantly exposed the weakness in the collection, use and
interpretation of internal and external supply chain data. These weaknesses were identified in our study and
are reflected in the following graphs.
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Data Practices Regarding Internal Data
Centralized Data
Source/Service

No database/unknown 13%
Centralized data
source/service 30%

Data resides in analyst’s
desktop/cloud storage
Centralized Data Source
Available, but not used

ERP system 20%

No database/unknown

Centralized data
source available, but
not used 5%

data resides in analyst’s
desktop/cloud storage 11%

Organization/department
controlled database
ERP system

organization/department
controlled database 21%

Data Practices Regarding External Data
Don’t know 15%

Central data
source/service 34%

Emails/cloud sharing
mechanisms 29%

Use edi, but may or
may not store data 6%

Mix of central source
and external data
sources 16%

(External data is critical to mitigating external risk. Most external data (approximately 80% or more) is
unstructured. The supply chain organizations will need to utilize both AI & ML in order to intelligence from
this source of data. External data discovery and utilization will increase significantly going forward.
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Data Consumption
Data is consumed in different ways. The majority of organizations (41%) build their own dashboards that they
can trust and easily access. About 21% of firms have users running their own reports, while 15% have other
departments run reports for them. This represents a real opportunity in many firms, to provide a singular set of
business intelligence dashboards that can be consumed or operated across the organization.
Another best practice is offered here. One organization we interviewed set out on a journey to evolve its
approach to business intelligence (BI) solutions for their worldwide sales organization to enable rapid delivery
of advanced self-service BI and data visualization capabilities. Their former engagement process followed the
traditional “waterfall” software development cycle that relied on detailed BI business requirements, leading to
modeling of data in the enterprise data warehouse (EDW). The result was a lengthy, labor-intensive process
required for each sales report, causing delays in the entire end to end supply chain responsiveness for new products. There was also a lack of capability to product insight into related, follow-up questions after answering the
specific initial query.
After recognizing that the BI solution delivery process designed to meet a specific report no longer met the sales
group’s needs, leaders set out to enable a user-centric model that made data readily available in forms the sales
group could understand. This required the following critical success factors:

•
Partnerships between IT and business analysts, to “walk a mile in the business analyst’s shoes”
and understand the types of obstacles business users face. This led to the IT group building a closer, more
trusting relationship with the sales groups, and learning first-hand what users need to be effective.
•
Agile Scrum Methodology for completing projects where work is divided into two-to-four week
iterations called ‘sprints’. The methodology promotes frequent dialogue with users for timely feedback and
help in promoting change.
•
Agile Data Architectures that made data agile-available in days and not months and delivered it
in formats that business users could readily access and understand.
•
Intuitive Self-Service Business Intelligence and Data Visualization Tools. Three different
levels of self-service BI solutions were developed, including Provisioned (minimum to create an ad hoc report),
Standalone (ad hoc analysis on a mix of local and enterprise data, requiring additional security), and Integrated
(users who need traditional BI solutions for large-scale efforts).
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How Supply Chain Decision Makers Consume Data
don’t know/can’t say

DEPENDENT ON OTHER RESOURCES/DEPARTMENTS

RUN THE REPORT THEMSELVES

TEAMS HAVE SOME TOOLS, BUT I DO NOT USE THEM
MY TEAM BUILDS OUT DASHBOARDS AND
REPORTS THAT I TRUST, AND CAN BE ACCESSED EASILY...
0.0% 5.0%

10.0% 15.0% 20.0% 25.0% 30.0% 35.0% 40.0% 45.0%

Data Access and Organization
Data is frequently stored in multiple data silos throughout a company and a frequent lack of standardized data
classifications contribute to the difficulty in finding and organizing required data. As a result, data users, analysts
and data scientists spend a considerable amount of time just locating the data they need.
The charts below show trends on how long individuals spend looking for data, across 2018, 2019 and 2020
studies. In general, finding the data one needs to use in a task is problematic for the majority of individuals,
and represents significant opportunities for improving productivity. However, this is getting better over time.
In 2020, 23% of individuals spent less than 5% of their day trying to find the data they needed, and 50% overall
spent less than 10% of their time. However, 30% of individuals spend 1 to 2 hours a day looking for data they
need to create reports or make decisions. This is unchanged since 2019.
Any digital transformation effort should seek to develop a path that leads to the following outcomes:
•
A single version of the “truth” which prevents internal debate on internal operations and
eliminates the need for checking veracity of data
•
Reduced duplication of effort involved when multiple personnel try to solve the same problems
using disparate systems
•
Improved productivity by elimination of time-consuming compilation activities, and improved
efficiency and responsiveness to data analysis queries
•
Increasing revenue and cost savings opportunity through increased analytical insight obtained in
a timely manner
Creating a “higher digital IQ” and solving the above business problems will have a profound positive impact on
the level of improvements that arise from improved data governance.
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Time Spent Looking For Data (Yearly Comparison)
2018

14%

2019

14.27%

30%

24.08%

24.33%

22.6%

2020

20%

25.8%

25.0%

0.0%

Less than 5%

6% - 10%

13.7%

50.0%

11% - 20%

24%

2%

13.12%

15.54%

8.66%

15.3%

15.3%

7.3%

10%

75.0%

21% - 25%

More than 25%

100.0%
i don’t know
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Data Quality
The overall perception of the data used within supply chain functions continues to improve resulting in
less time cleaning and looking for data.

2020 - Overall Data Quality Trend
1%
23%
33%

Significantly
improved

Improved

Remained
the same

Worsened

42%

Data quality is an ongoing issue in any supply chain transformation and/or digitization. While the overall
quality of data is improving, this year’s study is consistent with all previous studies which highlights the significant work effort required to clean the data before it is useable.
On average, 11% - 20% of peoples’ time is involved with cleaning data. Cleaning means correcting errors,
removing duplicate entries, correcting extra characters inserted into a field, and other actions. Of the total
responders 53% of respondents spend less than 10% of their time cleaning the data they need while 11% of
respondents spend more than 25% of their time cleaning the data.Data cleansing is a critical activity to enable
real-time information sharing to improve the agility and efficiency of decision making. Real-time data can impact the activities of team coordination and decision-making alignment. Such technologies comprise datasets
which are dynamically updated, collected, and connected across an organization to provide “control towers”
with different analytical summaries and visualizations. Executives we interviewed emphasized the need to
update the information with a “single press of the button”, to ensure metrics reflect the most up-to-date conditions of supply chain processes, which allow decision-makers to “drill down” into the data to determine what
is driving variance in performance.3

2

Handfield, R., Choi, T. and Jeong, S. (2019), “Emerging Procurement Technology: Data Analytics and Cognitive Analytics”,

International Journal of Physical Distribution and Logistics Management, Vol. In press.
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As noted earlier, real-time analytic technologies (RTAT) employ a wide variety of platforms, control towers, visualization tools, and data governance technologies to improve decision support and create access to
real-time data reflecting the present state of supply chain processes. Executives note that creating RTAT’s involves multiple technologies, which begins by identifying the key leverage points in the supply chain network
where data is collected, collecting relevant data from multiple legacy systems using API’s and integrating this
data into a single access point (e.g. a “data lake”), cleansing the data, and transmitting derived metrics in logical
fashion through mobile technologies. Application of RTAT technologies extend to a number of areas, including procurement, logistics and transportation, manufacturing, as well as supply chain risk. A common theme
across these functions is the focus on making decisions based on readily available information collected from
a critical leverage point in the process. (Examples of leverage points might be at customer delivery, in-bound
receiving dock at a factory, hand-off to a transportation provider, etc.) Our assessment of data quality did not
focus on a single functional application within the supply chain but assessed the degree to which information
systems virtually integrated data from multiple supply chain processes in real-time for decision-making. For
instance, a multi-tier supply chain system (the “Pulse”) was discussed by CSCO of the contract manufacturer
Flex; this system provides an excellent example of how participants can work together to make decisions in real-time across multiple tiers in the supply chain network as they collect key in-bound and out-bound inventory
data from all of their 180 factories worldwide and transmit this information to relevant decision-makers based
on their role.

3
4

https://scm.ncsu.edu/scm-articles/article/siemens-bt-every-analytical-transformation-requires-a-jonah-hill
https://scm.ncsu.edu/scm-articles/article/siemens-bt-every-analytical-transformation-requires-a-jonah-hill; https://scm.ncsu.edu/

scm-articles/article/ups-supply-chain-innovation-keynote-presentation-at-scrc
5

https://scm.ncsu.edu/scm-articles/article/scrc-meeting-tom-lintons-supply-chain-eight-and-golden-winged-warblers-questions-ev-

ery-new-csco-should-ask-their-ceo
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Time Spent Cleaning Data (Yearly Comparison)

2018

22%

2019

25.51%

2020

29.0%

0.0%

20%

20%

23.73%

16.75%

24.2%

25.0%

14.5%

50.0%

14%

10%

10.28% 10.15%

13.58%

14%

11.3%

75.0%

11.3%

9.7%

100.0%

The overall perception of the data used within supply chain functions continues to improve resulting in less
time looking for and cleaning data.
The development of real time analytic technologies cannot occur in conditions where data cannot be
located or accessed when needed or is not of high quality and thus cannot be trusted by users. Individuals may
question the integrity of the data and be unwilling to make decisions if it contains errors.

Data Governance
Data quality is inherently a function of the degree to which data governance is present. Data governance is defined as the disciplined processes that involve the organization, standardization, classification, and coding of data
into a database (or data lake) that can be commonly applied and used across multiple functional applications
across the organization. Data governance is not a single activity that occurs during the initial stages of a digital
transformation, but rather is an on-going disciplined activity that integrates data consumption and storage into
on-going functional processes. To be enforced and managed, data governance must be funded and resourced
to provide ongoing predictable outcomes, and ownership of data governance must be assigned to the functional owners at the source. It is not IT’s job to ensure data governance, but rather individuals are responsible for
producing reliable data at the source, and ensuring that it is captured in a manner that is commonly acceptable
across the organization.
In 2019, 43% of our respondents reported having a data governance function in their organization, while in
2020 this had increased to 58% of respondents reporting having an established data governance function within
their company. This is a remarkable improvement, which reflects the recognition by analytic organizations that
the source of solid analytics is reliant on solid data.
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Structure of Data Governance Programs
Don’t know/can’t say

Data governance exists, but our
organization is not covered

Multiple data governance programs,
specific to each organization

Informal program

Formal data governance program

0.0%

10.0%

20.0%

30.0%

40.0%

50.0%

60.0%

70.0%

It is critical that data governance initiatives are led by senior executives at the enterprise level to assure
acceptance and sustainability. However, deployment should also provide access to individuals who can begin
to innovate and experiment with data on their own and have access to data lakes that can provide them to explore trends and problem-solve on their own. Gartner notes that the analytics platform market is undergoing
a fundamental shift. During the past ten years, BI platform investments have largely been in IT-led consolidation and standardization projects for large scale systems of record reporting. These have tended to be highly
governed and centralized, where IT-authored production reports were pushed out to inform a broad array of
information consumers and analysts. Now, a wider range of business users are demanding access to interactive styles of analysis and insights from advanced BI visualization tools, without requiring them to have IT or
data science skills. As demand from business users for pervasive access to data discovery capabilities grows, IT
wants to deliver on this requirement without sacrificing governance.
Gartner also notes that as “…organizations implement a more decentralized and bimodal governed data discovery approach to BI, business users and analysts are also demanding access to self service capabilities beyond data discovery and interactive visualization of IT curated data sources. This includes access to sophisticated, yet business user accessible, data preparation tools. Business users are also looking for easier and faster
ways to discover relevant patterns and insights in data.”

6

Gartner, “Magic Quadrant for Business Intelligence and Analytics Platforms” 23 February 2015 ID:G00270380.
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Organizations are beginning to create the title of Chief Data Officer (CDO) to design and manage their data
assets, which includes both centralized and “self-serve” data access models. The CDO often reports to the CIO or
COO and is viewed as a senior position. The CDO is often tasked with leading the company wide data governance
efforts. Any digital initiative must have a clear vision for the role of intelligence and analytics in the business. As
noted in our earlier reports, analytics is fundamentally about making better business decisions. There is also a
plethora of research that suggests that business owners are not always able to differentiate between data they
want versus data they need, so it is important to think about the latter in more detail. The mission should provide a clear set of goals that the pursuit of analytics will fulfill, which may differ by organizational role, business
function, or global location.

Governance Leadership

CDO

19%

39%

CIO

SVP Level

Other Levels

30%

12%

The makeup of any governance body is also critical. Having procurement be involved as an active member of
the data governance committee is essential. Procurement is uniquely positioned to understand and communicate the requirements for integrating supplier and distributor data into the analytic function and can also be
instrumental in establishing the content of control tower for managing the end to end supply chain. However,
too many organizations are overlooking procurements’ contribution only 14% of the governing boards have
procurement representation).

19

Composition of Data Governance
it 19%

other 29%

finance 14%
risk/compliance/legal 0%
no data governance 4%
sales & marketing 9%

procurement 14%
operation 11%

Across our sample, the majority of executives (92%) agree that a data governance program is necessary for
transformation of their organization. A lower number (87%) believe it is useful, and a minority (47%) believe
it is bureaucratic. Whether it is cumbersome or not, data governance is an essential element for creating a
digital capability in organizations going forward in order to establish trust and credibility in the data.
This attitude largely reflects the success of an organization’s transformation to a digitally led culture. Data
governance ensures that data becomes trusted; trusted data leads people to have confidence in the reliability
and accuracy of the data; confidence in the data leads to exploratory work that seeks to discover new and
important discoveries in the business that ultimately lead to business innovation. Many of the first set of
innovations will occur internally, within existing business processes, as our findings suggest. Over time, these
efforts will lead to more extensive data engagements with suppliers and distributors in the supply chain.

percentage

topic

92%

Agree or strongly agree that a data governance program is “Necessary”

87%

Agree or strongly agree that a data governance program is “Useful”

47%

Agree or strongly agree that a data governance program is “Bureaucratic”
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Adoption Rates of Data Governance Programs
Our research suggests that data governance is a differentiating feature of analytics proficiency. Specifically,
performers with advanced analytics strategies are considerably more likely to enjoy growth in revenues and
operating margins of 15% or more, along with significant improvement in their risk profile.
To promote wide acceptance and adoption of advanced analytics among business personnel, data must be
accessible and easy to use. This means organizations should focus on offering tools with interfaces that present
findings in highly visual formats that are well integrated within the primary applications business personnel
use to perform their jobs. A large number—42% of organizations—are taking a more fundamental approach
by redesigning business processes. Unfortunately, given how vital the human element is, many organizations
don’t have the personnel resources they need for intervention design. Organizations at all maturity levels cited
a lack of skills among people responsible for acting on insights. Related to this, nearly a third of respondents
say they struggle with poor interactions among the various people and groups that consume the insights derived from advanced analytics. Conversely, less mature organizations are more likely to see pockets of analytics
proficiency.
When organizations begin adoption of data governance, there frequently are a number of barriers that arise,
including the budgeting process for data governance, a lack of full commitment from senior management and
inadequate leadership support for the effort. Over time, some of these issues may be addressed, but will lead
to other sorts of problems if not addressed; a lack of buy-in and collaboration from other functions is often a
challenge. However, as organizations move towards a culture of making decisions that are grounded in data,
the role of data governance will lead to an increased trust in the data as a source of truth.
A clear-eyed view of competitive challenges, along with a willingness to do what’s culturally and financially
necessary, are essential for improving advanced analytics strategies and taking full advantage of analytics-related resources. This is best exemplified by the following comment from a large food manufacturing company:
We recognized the importance of marrying different kinds of data in a data lake to establish linkages between
otherwise disjointed sources of data. Hypothesis development from key business owners is important: “taking a belief and putting a number to it” was important. We also learned that a single, well-defined question,
and the ensuring analysis using the right data, can lead to significant business process change and business
transformation. Spending time on getting the right question using subject matter experts is important before
launching into a lengthy and complicated analysis.
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Functions Involved in the Data Governance Effort
Promoting an enterprise-wide, data-driven culture requires a common understanding of what different
functions are hoping to develop in terms of analytic insights, and thus marketing, operations, finance, and
others should participate on an enterprise-wide team. This is important, as each business function will also be
responsible for ensuring data quality is captured at the source of entry into the system. To balance enterprise
strategy and departmental needs, leading organizations disperse advanced analytics expertise throughout the
organization, allowing line of business managers to help identify analytical insights required for effective decision-making. This requires organizations to reorient their focus on solving important problems and making
quicker decisions by using data, rather than a particular technology. To date, our study found that most data
governance efforts are focused on internal company data, and there appears to be little effort to integrate data
governance across a broader supply base. This represents an important opportunity for leading organizations
to explore how to improve supplier data and make it part of a more integrated supply chain analytic transformation.
Analysis of the data in our study appears to indicate that there is no influence to date of data governance
improvements on external supplier data integration efforts . This leads us to conclude that organizations are in
a nascent stage of applying data governance across their extended supply chains and have only a limited influence on how suppliers improve and cleanse their data. This is a real opportunity for most organizations, as external supply chain integration is dependent on having all parties in a set of transactions working with reliable,
trusted data. The emergence of block chains may lead to significant improvements in this area in the future.

Data Audits
Data audits are a key function of any data governance program. Our study reflects that only 40% of organizations conduct periodic data quality audits. This lack of continuous ongoing auditing can allow new contaminated data to enter into operational and strategic databases. Data audits are important to ensure that data
entry activities are consistently being performed based on documented procedures, and that sources of rogue
data that has not been vetted are not being leaked into the system. In particular, data that resides in data lakes
should be audited more often, as this is often the source data that is used to feed control towers, business intelligence dashboards, and in some cases, automated transactions.

7

This statement is based on the results of an ANOVA analysis of how organizations obtain their external data to the functions of data

governance did not yield any significant results. This made us conclude that data governance does not appear to have any influence
over external suppliers within the functions we measure in our survey
8

Specifically, an ANOVA analysis examining how organizations obtain their external data and the level of functionality of data gover-

nance did not yield any significant results.
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Data Tools & Consumption
Excel continues to remain in the pole position as the leading #1 tool for data cleansing, organization and interpretation of data. Our survey once again has Excel as the leading tool used by 65% or the respondents. (This
is down from 2019 where Excel was used by 83%. Organizations are starting to increase their usage of more
advanced data visualization tools (PowerBI, Qlik, etc. that exceed Excels graphical capabilities.) Respondents use
Excel all the time. These tools will be important in developing advanced applications of analytics, including more
predictive applications, control towers, and dashboards that show real-time activities in supply chain processes.
AI technologies, such as those embedded in supply chain control towers, can offer organizations a
valuable tool for collecting and correlating internal and external data across the supply chain to drive
organizational improvements in data quality, governance and literacy.
Control towers leveraging these advanced technologies can help organizations break through data silos,
reduce or eliminate manual processes, and get real-time visibility and intelligent insights to drive action. An
advanced control tower will enable collaboration across cross-functional teams and partners – and preserve
organizational knowledge (supply chain playbooks) to improve and accelerate decision-making and outcomes.

Data Driven Decision Latency
Data quality and trust have a significant impact on decision making. Until organizations have faith and confidence in the data they have, decision making will be affected in a negative way. The transition to decision-making by managers that is made based on data, and not on “gut feel”, occurs over time, and it a challenging journey. Only 25% of organizations in our sample stated they are currently making data driven decisions. This is
important, as this data suggests that organizations who invest in technology without fully comprehending the
human resource investments required may miss out on fully exploiting the performance benefits derived from
real-time technologies

31%
44%

When Will Your Organization Be Ready To Make
Solely Data Based Decisions
don’t know

doing this now

6-12 months

25%
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Large organizations appear to be more affected by decision latency than other size organizations.
One organization we interviewed stated this succinctly:

‘An important lesson for our analytics team was that predictive analysis begins by listening to the concerns of business partners, who provide the direction and types of questions
to investigate. To be predictive, you have to be able to test the strength of the correlations
shown by the data. This is only something you can do when you have constructed the big data
environment by pulling in the right variables and putting all of your trusted data into a data
lake. We began to use the big data in the data lake, looking for predictors of sales forecasts
that would close. This would help sales engineers and manufacturing planners to focus their
attention on the orders that had a higher probability of closing and not spend a lot of time on
deals that were not likely to drop down.’
The data shown below states that between 53% - 81% of the time poor data in many cases has a negative
effect on decision latency. The study suggests that over 30% of decisions are delayed due to data quality issues.
Combining technology with the right analytical culture in the workforce creates the motivation for individuals
to learn and invest in the analytical skills required for a digital transformation. An open analytics culture creates
a filter for individuals to distinguish the essential elements of information, cognitively process the information,
and derive benefits in the form of quicker response to shifts in their environment that produces tangible performance benefits.
Data Latency Among Organizations of Different Size
100.0%
90.0%
80.0%

0% RESPONSES

70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%
0.0%
<USD 10
Million

USD 10.1
Million
to 100 USD
Million

USD 100.1
Million
to USD 500
Million

USD 500.1
Million
to USD 2
Billion

USD 2.1
Billion
to 10
Billion

>USD 10 Billion

YEARLY REVENUE
always

most of the time

about half the time

sometimes

never
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Data Quality Effects On Decision Making
70.0%
62.0%

60.0%
50.0%
40.0%
30.0%
20.0%
10.0%

10.0%

12.0%

8.0%

8.0%

0.0%
Never

Sometimes

Half the time

Most of the time

Always

Data quality effects on decision making

Decision Latency Across Different Geographies
120.0%

Never

100.0%
80.0%

33.3%

20%
20%

60.0%

7.3%
Sometimes

65.9%

63.6%
About half the time

40.0%

44.4%

40%

20.0%

22.2%

20%

Rest of Americas
(excluding U.S)

Europe (excluding
Russia & CIS)

0.0%

7.3%
14.6%
4.9%
Africa & Middle East

9.1%
9.1%

Most of the time

18.2%
Asia - Pacific
(excluding China)

Always
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High Experienced Practitioners

Decision Latency by Levels of Employment
100.0%

13.0%

12.0%

5.0%

5.9%

Never

80.0%
Sometimes

47.8%
60.0%

72.0%

65.0%

61.8%
About half the time

40.0%

13.0%
20.0%
0.0%

21.7%
4.3%

2.9%
4.0%
4.0%
8.0%

20.0%

20.6%

10.0%

8.8%

Most of the time

Always

Mid Experienced Emerging Practitioner
Chief Supply Chain High Experienced
Practitioner
Practitioner
(9 years (less than 9 years)
Officer/Chief
(15
years
or
more)
to
15
years)
Procurement Officer

The chart above also suggests that data latency is the least significant problem for experienced practitioners, specifically those with 9 – 15 or more than 15 years of experience. These individuals are most likely
to be able to make “sense” of the data and have the right level of knowledge that helps them interpret data
and convert it into actionable decisions. The emergence of “Industry 4.0” technologies has exponentially
escalated the volume of data flowing across supply chains, but the ability of managers to process information may not have necessarily kept up. We assume that organizations seek information to manage complex
environments and base their actions on that information, but this in turn depends on the creation of the
shared meaning of data and convergence on the agreed outcome of this interpretation. In the face of massive amounts of data being exchanged, a question arises regarding whether organizations have developed
the skills and governance mechanisms for deriving meaning from such large volumes of data? For instance,
each “nested” component of an organization may scan data and derive local environmental interpretations
(production, logistics, procurement, demand management, etc.), but the convergence of derived meaning
and agreed on actions across supply chain functions are essential for impacting supply chain performance
overall. It would appear that more experienced practitioners have the experience and knowledge that allows
them to absorb and interpret data more quickly and convert it into insight that leads to effective decisions.
Interestingly, CPO’s may not be the best at interpreting data, as they have less day-to-day experience working
directly with data in many cases.
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Data Analytics Maturity Levels
The typical data analytics maturity level progression is comprised of 5 categories. The categories are
as follows:
1) Descriptive analytics – What happened - Hindsight
2) Diagnostic analytics – What and why that happened - Insight
3) Predictive analysis – What, why and when that happened (the beginning use of AI) - Foresight
4) Prescriptive analysis – What should we do - Foresight
5) Cognitive self-learning analysis – Combines predictive and prescriptive analysis (the beginning use of
Machine Learning - ML) - Foresight
The data analytics maturity level progression looks as follows:
Data analytics maturity is a function of the amount of quality and trust in the data, the resource commitment a company is willing to make to both train the staff the provide the necessary data analytic tools
the company is willing to provide.
When comparing the responses to training budgets to responses, the results exhibited significant
correlations with the number of fulltime employees dedicated to analyzing data, and the data literacy
of an organization. 40% of organizations that had rapidly increasing training budgets also had extremely
limited data literacy. A reverse analysis also confirmed that 31% of organizations that had recognize extremely limited data literacy had rapidly increasing training budgets. Hence organizations that feel limited
by data literacy are reacting by rapidly increasing their training budgets. On the other hand, organizations
that respondents considered having advanced data literacy, had only moderate increases in their training
budgets. While organizations that had average data literacy, mostly kept their training budgets same or
decreased their budgets.

Training
Training is a critical function for organizations to be able to successfully migrate to a digital supply
chain. Training budgets are decreasing from 2019 to 2020.
Data Analytics Training Budgets 2019 vs 2020
Increasing rapidly

2019

5.7% 29.9%

45.0%

19%
Increasing

Stays the same

2020

13.8%
0.0%

42.2%
20.0%

40.0%

33.9%
60.0%

80.0%

10.1%
100.0%

Decreasing
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Organizations are rapidly increasing training expenses in 2020, compared to 2019. The increase comes
from organizations that have revenue <$10M, as these organizations often rely on analytics as a core part of
their business model. Supply chain managers need to process large amounts ofdata to make decisions that
reduce costs and increase product availability to customers. Individuals must have the ability to rely on a
variety of emerging classes of prevailing technologies, including visualization, simulation, machine learning,
automation, and other related analytic technologies. As such, individuals must be able to convert insights
into actions and have insights on what to change to makesupply chain decisions. This enables organizations
to increase their information processing capacity by compressing data from a variety of sources into a digital
format (such as dashboards, control towers, and visualizations) that allow supply chain managers to gain insights and make decisions.

Training Expenses by Revenue
^33.3%

>USD 10 Billion
USD 2.1 Billion
to 10 Billion

6.7%

6.8%

9.1%
2.7%

10%

Increasing rapidly

20%

USD 500.1 Million
to USD 2 Billion

18.2%

21.6%

10%

Increasing

USD 100.1 Million
to USD 500 Million

22.7%

24.3%

10%

Stays the same

USD 10.1 Million
to 100 USD Million
<USD 10 Million

13.3%

18.2%

8.1%

^40%
Decreasing

46.7%

25%

29.7% 20%

Approximately 58% of organizations have 5 or less individuals dedicated to data analysis. These limited
resources are, in most cases, probably insufficient to perform the degree of data cleaning, organizing, labeling
and analyzing necessary to drive a supply chain digitization initiative. However, if data cleansing is performed
by a third party, a team of five may be sufficient to conduct the analyses required on a case-by-case basis for
different analytics projects. Very often, a small team is a good place to start, and the team can grow as greater
expertise and success on how to run analytics projects become known. As it grows, a master data team may
be put in charge of cleansing all data that is allowed to go into the centralized analytics data lake. This was
the case with a large food manufacturer that we interviewed:
We initially started the pilot with two data scientists that were assigned to my team. We wanted to prove out that
there was value from analysis of “big data”, which would lead to the justification of a more significant investment. We
gave them access to all the connectivity and testing data and provided them with three or four concrete scenarios to
model, and challenged them to come up with an example of how there would be value created for the business as a
result of different decision-making. The two data scientists came up with the analytics scenario on their own, and that
was the only resource we put on it that led to a decision. As a result of the test case, we put together a cross-functional
team, and determined that we would begin by creating the data lake and begin to stand up the infrastructure for a big
data system. An important part of this process was deciding what data would go into the data lake that would become
part of the big data system. To do this, we went to every functional group in the company and asked them to pull only
that data from their own systems they believed was important to enterprise performance.
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As a result, we began to pull in financial data, engineering data, cell phone data, service records, etc. The data governance was established such that each functional group became responsible for the accuracy and veracity of the data
that went into the data lake. But once their data was integrated and coded into the data lake – the Big Data team had
responsibility over it. Over time, we had more and more data feeds going into the lake from different information pods.
And we also found that once people had put their data into the lake, they wanted to use it! A key lesson learned was
that the master data team is of critical importance in taking data from functional groups, cleansing it, standardizing
it, and enriching it, before it is integrated into the lake. The master data governance team also has authority over the
security of the data.

Employees Dedicated to Data Analysis
45%

41%

40%
35%

29%

30%
25%
20%

17%
13%

15%
10%
5%
0%

Don’t know

<5 employees

Between 2-15
Employees

>15 employees
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Conclusions
The supply chain functions are under severe pressure worldwide to add value beyond just cost savings.
This value creation can only be achieved through the enhanced use of data for all aspects of the supply chain.
Investing in technology and software tools, either through licensing or through online services (SaaS), is not
enough – organizations must begin to adopt approaches that focus on data governance and creating the basis
for an analytics culture rooted in trusting in data as the source of truth.
Data is the lowest level of known facts. Data leads to information which in turn leads to knowledge. It is this
level, knowledge, that supply chain functions thrive to achieve. Knowledge can be either “explicit” or “tacit”.
It is the “explicit” (documented) knowledge that organizations are attempting to achieve through the utilizing
data.
An analytics culture is not reliant necessarily on significant investments in supply chain technologies but
rather depends on the extent to which managers are comfortable making decisions using analytics, versus
relying on traditional mechanistic routines for decision-making (such as checking with their supervisor for
approval before making supply chain decisions). Research suggests that developing a culture for embracing
analytics is not an easy task. In studies of procurement decision-making, advanced organizations expressed
how managers’ first line of defense in making decisions relied on data rather than their “gut feeling”. In an
age where technology is ubiquitous in our daily lives, many supply chain professionals lack both analytics
proficiency and affinity to become effective analytical decision-makers. This has to change for organizations
to move into a digitally driven supply chain transformation. Specifically, supply chain organizations cannot
achieve or sustain excellence without constant renewal of data that possesses the attributes of quality, relevance, completeness and accuracy renew and validate their tactics and strategies.
The 2020 “Data Quality & Governance” study suggests that while progress has been made in the last year,
there is a significant amount of work to be performed before significant progress on data governance can be
achieved to ensure the drive to an analytical culture. Both data literacy and data governance are needed as
the foundations for successful digitization of your supply chain.
The use of AI & ML will be a necessity to keep up with both the total volume of data available, as well as
to gain operational and strategic benefits from unstructured data.
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APPENDIX: Survey Demographics
*No responses from Russia & China

Asia - Pacific
(excluding China)
10%

U.S. Domestic only
39%

Africa & Middle East
38%

Rest of Americas
(excluding U.S)
8%

Europe (excluding
Russia & CIS)
5%

Respondent Industries
Manufacturing

16.7%

Education

13%
8.3%

Other (Please Specify)

7.4%

Energy/Oil & Gas Utilities

6.5%

Consulting/Professional Services
Software/Hi-Tech

5.6%

Government: State/Local

5.6%

Banking/Financial Services

5.6%

Agriculture/Forestry/Livestock/Farming

5.6%

Retail/Wholesale Distributor

4.6%

Telecommunications/Communications/Internet

3.7%

Advertising/Marketing/Public Relations

3.7%

Food/Beverage

2.8%

Bio-technology/Pharmaceuticals
Healthcare

2.8%
1.9%

Government: Federal/National

1.9%

Construction/Engineering/Real Estate

1.9%

Mining

0.9%

Logistics/Transportation

0.9%

Insurance

0.9%
0.0%

5.0%

10.0%

15.0%
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Organization Structure

4%

5%
Non Profit
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Public

Private
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Experience leve of respondents

Emerging Practitioner
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33%
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19%
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(15 years or more)
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