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Analyzing Patterns of Social Responsibility: A Clustering Approach to B
Corporation Performance

Rodolfo Slay Ramos

Abstract

This thesis explores applying hierarchical clustering techniques to assess patterns

and impacts among B Corporations, certified by B Lab for meeting rigorous social

and environmental performance standards, accountability, and transparency. The

study uses a comprehensive dataset of B Corporation impact assessments to explore

the underlying structures and relationships within the data, aiming to categorize

companies based on operational metrics and impact assessments.

The investigation uses data science methodologies, including various clustering

techniques and silhouette scoring for validation; the research identifies distinct

clusters of B Corporations. These clusters represent companies with varying levels of

stakeholder engagement, operational strategies, and impact on social and environmental

spheres. The findings suggest significant variations in performance and operational

strategies across different clusters, highlighting the influence of worker participation

and ownership on overall company performance and sustainability.

This study contributes to the broader understanding of how corporate governance

structures, particularly worker involvement and ownership, affect corporate

performance and stakeholder impact. The implications of this research are significant

for policymakers, corporate leaders, and researchers interested in the sustainability and

effectiveness of socially responsible business models.
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This chapter sets the stage for a comprehensive

exploration of B Corporations and their impact on

various stakeholders. It outlines the research objectives,

which aim to understand the operational metrics,

impact assessments, and the overall performance of

B Corporations. Through advanced data science

methodologies, including hierarchical clustering and

machine learning algorithms, this study will analyze

collected data to examine the correlations and

dependencies among various operational metrics.

The methodological approach is segmented into
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phases, starting with a review of existing literature

and culminating in the application of predictive

modeling to uncover patterns within the data. The

anticipated impact on stakeholders is complex, promising

contributions to academic literature, policy implications,

and operational enhancements for B Corporations.

1.1 Introduction

B Corporations are not merely a new type of business;

they signify a profound transformation in the global

economic landscape. They redefine traditional business

objectives, merging profit-making with broader social

and environmental responsibilities. These enterprises,

which meticulously consider the impact of their decisions

on a comprehensive array of stakeholders, embody a

sustainable business model endorsed and certified by

B Lab. Since its inception in 2006, B Lab has been

a catalyst for this global movement, advocating for

businesses to operate as a force for good.

In an era where data is the lifeblood of strategic

decision-making, data science has emerged as a potent

tool for fostering social innovation. It plays a pivotal

role in quantifying and analyzing the impact across

various domains. Data-driven approaches empower B

Corporations to monitor and enhance their operations,

and they serve as a living testament to the viability of a

stakeholder-focused business model, thereby advocating

for its wider adoption. Data science not only provides
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a clear view of complex systems but also generates

insights for formulating impactful strategies, thereby

contributing to the progress of social innovation and

economic growth.

Incorporating data science into the appraisal and

stewardship of B Corporations transcends a mere

technological enhancement—it reflects a fundamental

shift towards a redefined conception of economic

prosperity. This nexus allows for the empirical

measurement of traditionally qualitative dimensions

of business influence, furnishing an expansive

perspective on organizational efficacy and supporting

the construction of a sustainable and inclusive economic

future 1. 1 Rajendra Sisodia, David Wolfe, and
Jagdish Sheth. Firms of endearment: How
world-class companies profit from passion
and purpose. Wharton School Publishing
/ Pearson Education, 2007

Against this backdrop, the rise of B Corporations

signifies a strategic reorientation within the corporate

sector, advocating for a harmonious balance between

profit and social accountability. The present study

investigates the effectiveness of B-Lab’s B Impact

Assessment (BIA), which incorporates a metrics

framework that aligns with the Social and Solidarity

Economy (SSE) principles. These metrics are crucial

in calculating impact scores that influence certification

decisions. This analysis strives to quantitatively

assess the participation in SSE organizations, such as

cooperatives, and the extent of shared capital or employee

ownership, thereby highlighting the importance of these

elements in the certification process.
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The research presented herein is pivotal for delineating

the distinctive features of B Corporations, with

a particular focus on worker involvement and

proprietorship. It seeks to enrich the dialogue on

enduring business practices and the impact of employee

participation on corporate governance. The outcomes of

this study are anticipated to shed light on the relative

merits and potential obstacles of the B Corporation

framework compared to conventional corporate models.

1.1.1 Research Objectives and Questions

This thesis seeks to explore the intricate dynamics within

B Corporations through rigorous data analysis, aiming

to answer the following research questions:

1. How do B Corporations vary in terms of operational

metrics and impact assessments?

2. What patterns or classifications can B Corporations

identify through clustering based on their impact

assessments?

3. How do these clusters correlate with the companies’

overall performance and impact?

The study utilizes data science methodologies,

including hierarchical clustering and machine learning

algorithms, to parse data collected from B Corporations.

This methodological approach facilitates a detailed

exploration of the relationships and dependencies among

various operational metrics and their impacts.
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The research specifically focuses on identifying

potential subgroups within B Corporations based on

crucial metrics, particularly worker participation and

shareholding. The core aim is to ascertain whether

distinct clusters of B Corporations can be discerned

through hierarchical clustering and how these clusters

correlate with overall performance and impact.

The driving hypothesis of this study is that

worker participation in ownership and decision-making

significantly affects the performance and impact of B

Corporations. By applying hierarchical clustering, the

research seeks to reveal patterns and subgroups that

illustrate quantitative differences among B Corporations,

concentrating on aspects of employee ownership.

The study pays special attention to employee

ownership and participation, rigorously examining

how these factors impact the overall performance and

effectiveness of B Corporations. It aims to determine

whether companies that empower their workers through

ownership and decision-making processes exhibit

distinct characteristics or performance metrics compared

to those that do not. Furthermore, the research will

explore companies that have experienced changes in

their ownership models, specifically those that have

transitioned towards or away from shared ownership.
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1.1.2 Methodological Approach

The study will be structured in several phases, as detailed

in the timeline and methods outlined as follows:

• Phase 1: Review existing literature on B Corporations

globally and locally to establish a theoretical

framework.

• Phase 2: Data collection and preprocessing from local

B Corporations.

• Phase 3: Application of clustering techniques and

predictive modeling to analyze the data and identify

patterns.

• Phase 4: Integration of qualitative analyses with

quantitative findings to provide a comprehensive

understanding of the operations and impacts of B

Corporations.

1.1.3 Impact on Stakeholders

The findings of this research are expected to have

multiple impacts:

• Academic Contribution: This thesis advances

academic literature by adding a robust quantitative

analysis to the field of social economy companies,

employing statistical and data science methods

to provide a structured, empirical foundation

for studying B Corporations, thereby expanding



introduction 21

methodological approaches and offering scalable

models for further research.

• Policy Implications: Offering insights that

could inform policy decisions related to corporate

responsibility and sustainable business practices.

• Operational Implications for B Corporations:

Providing them with data-driven insights to optimize

their operational strategies and enhance their social

and environmental impacts.

1.2 Literature review

B Corporations represent a movement of enterprises

redefining the purpose of business in society, still facing

different tensions when managing different identities

due to their hybrid model. Unlike traditional companies,

B Corps must consider the impact of their decisions

on all stakeholders, not just shareholders, including

workers, customers, suppliers, the community, and

the environment. B Lab, a nonprofit organization

founded in 2006, introduced B Corps to create a global

movement of people using business as a force for good
2. B Lab certifies B Corps based on rigorous social and 2 B Lab. About b lab.

https://www.bcorporation.net/

en-us/movement/about-b-lab/, 2024environmental performance standards, accountability,

and transparency. The certification process assesses a

company’s impact on its workers, customers, governance,

community, and environment. Additionally, the

company must legally embed its commitment to a

https://www.bcorporation.net/en-us/movement/about-b-lab/
https://www.bcorporation.net/en-us/movement/about-b-lab/
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purpose beyond profit in its articles of incorporation
3. 3 Ryan Honeyman and Tiffany Jana. The B

Corp Handbook: How you can use business as
a force for good. Berrett-Koehler Publishers,
Inc., Oakland, 2019

The role of B Corps in the economy is multifaceted.

They strive to demonstrate that businesses can operate

profitably while addressing social and environmental

issues. B Corporations are part of a new economic model

that challenges conventional success metrics, suggesting

that companies can and should compete not only to be the

best in the world but also the best for the world. There

is a significant global presence with over 8,470 certified

B Corps across 95 countries in various industries 4. 4 B Lab. About b lab.
https://www.bcorporation.net/

en-us/movement/about-b-lab/, 2024The emergence and exponential certification growth

of B Corps signal a shift towards a more inclusive

and sustainable economy. This movement aligns

with broader economic theories, such as stakeholder

theory, which argues for considering the interests

of all stakeholders in a company’s decision-making

process, contrasting with the traditional shareholder

primacy model that prioritizes shareholder returns above

everything else.

1.2.1 Data Science and B Corporations

The intersection of data science and sustainable business

practices is increasingly critical as companies seek to

align with broader societal goals. B Corporations, with

their voluntary commitment to higher transparency,

accountability, and performance standards, are at the

forefront of this movement. The role of data science

https://www.bcorporation.net/en-us/movement/about-b-lab/
https://www.bcorporation.net/en-us/movement/about-b-lab/
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in driving these enterprises towards sustainability is

pivotal, as it equips them with the necessary tools

to measure, analyze, and report on the social and

environmental impact they strive to achieve. B

Corporations are distinguished by their commitment

to being the best in the world and the best for the

world. This certification, as detailed in "Why do

companies obtain the B corporation certification?"

involves rigorous social and environmental performance

standards, accountability, and transparency 5. Data 5 Maretno Harjoto, Indrarini Laksmana,
and Ya-wen Yang. Why do companies
obtain the b corporation certification?
Social Responsibility Journal, 15, 12 2018.
doi: 10.1108/SRJ-07-2018-0170

science is pivotal in helping these companies meet and

exceed these standards. By leveraging data analytics, B

Corporations can effectively track their supply chains,

reduce waste, improve efficiency, and enhance their

overall impact on society and the environment. Using

data from over 743 small businesses that received

B Corporation certification between 2007 and 2014,

researchers have begun to unravel the factors that drive

companies towards sustainable practices6. Similarly, 6 Maretno Harjoto, Indrarini Laksmana,
and Ya-wen Yang. Why do companies
obtain the b corporation certification?
Social Responsibility Journal, 15, 12 2018.
doi: 10.1108/SRJ-07-2018-0170

the research detailed in "Sustainability" discusses

how sustainable practices are integrated into the core

strategic functions of companies and the role of advanced

analytics in ensuring these strategies are effective 7. 7 Valerie Paelman, Philippe
Van Cauwenberge, and Heidi
Vander Bauwhede. The impact of b corp
certification on growth. Sustainability,
13(13), 2021. ISSN 2071-1050. doi:
10.3390/su13137191. URL https:

//www.mdpi.com/2071-1050/13/13/7191

Data scientists employ various methodologies to analyze

these practices, including predictive analytics to forecast

trends in sustainability, machine learning models to

optimize resource allocation, and network analysis

to enhance supply chain transparency. These tools

https://www.mdpi.com/2071-1050/13/13/7191
https://www.mdpi.com/2071-1050/13/13/7191
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enable B Corporations to comply with certification

requirements and innovate in their approaches to

business challenges. One of the significant challenges B

Corporations face is measuring and reporting the impact

of their sustainability initiatives. Data science provides

a framework for quantifying this impact through detailed

metrics and indicators. For example, the sustainability

document elaborates on using Environmental, Social,

and Governance (ESG) criteria to assess corporate

behavior and guide investors on which companies

are performing well in sustainability8. Data-driven 8 Valerie Paelman, Philippe
Van Cauwenberge, and Heidi
Vander Bauwhede. The impact of b corp
certification on growth. Sustainability,
13(13), 2021. ISSN 2071-1050. doi:
10.3390/su13137191. URL https:

//www.mdpi.com/2071-1050/13/13/7191

approaches offer tangible benefits in the form of

comprehensive dashboards. These dashboards, which

integrate data from various sources, provide a holistic

view of the company’s impact. Stakeholders, including

investors, customers, and regulatory bodies, can use

these dashboards to evaluate the company’s performance,

thereby fostering transparency and accountability. The

integration of data science in B Corporations is not

without challenges. Issues such as data privacy, the

accuracy of data collection, and the need for skilled

personnel to interpret and manage big data are prevalent.

However, the transformative power of data science in

these companies is undeniable. It can revolutionize

how companies approach sustainability, shifting it from

a compliance requirement into a core part of their

business strategy that drives innovation and growth.

The application of data science in B Corporations is

https://www.mdpi.com/2071-1050/13/13/7191
https://www.mdpi.com/2071-1050/13/13/7191


introduction 25

transforming the landscape of sustainable business

practices. As these companies continue to push the

boundaries of what it means to be a responsible business,

the role of data science will only grow in importance.

It enables these companies to achieve their goals of

being profitable and positive forces for social and

environmental change.

1.2.2 Realities of B Corporation and Employee Ownership

First, the section explores the realities of B corporations

and employee ownership as studied by Hernández 9. 9 Gonzalo Gutiérrez Hernández. B-corps
y propiedad de empresas, estudio de
casos en empresas con propósito en
guadalajara-méxico, 2020

The study delves into the complexities of being a B

Corporation, focusing on their impact on stakeholders

and the phenomenon of employee ownership within

these organizations. Collaborating with Hernandez, the

investigation extends more quantitatively. Hernandez’s

study employed a qualitative approach, conducting

four case studies of B-Lab-Certified companies in

Guadalajara, Mexico, providing in-depth insights

into these organizations’ unique challenges and

opportunities. Expanding on Hernandez’s investigation,

this research adopts a quantitative approach and applies

it on a general scale rather than a focused one.

The key findings of this study are summarized in

three main points. First, it examines B Corporations’

purpose and impact, specifically how they fulfill their

purpose and the effects on their stakeholders. Second,

the study highlights employee ownership’s fragile,
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limited, and heterogeneous nature in these organizations.

Lastly, it identifies B Corporations’ challenges and

tensions in transmitting core values and implications

to internal stakeholders. The findings suggest that

while B Corporations strive to fulfill their purpose, they

encounter significant challenges due to their hybrid

nature with multiple objectives. The study also reveals

that employee ownership in these companies is not

always a broad exercise in democracy or social economy,

often remaining a top-down managerial strategy.

1.2.3 Integration of Motivation and Life Purpose in Modern Organizations

Kurezyn’s research on integrating motivation and life

purpose in modern organizations 10 focuses on the impact 10 Crishelen Kurezyn. Impacto de la
motivación-sentido de vida en, 2018

of these factors on academic professionals’ perceptions

of performance and their personal and professional

development.

The study investigates the effect of combining

motivation and life purpose constructs on the perception

of performance and academic professionals’ personal

and professional development across various countries

and contexts. Additionally, the chapter outlines the

theoretical and methodological approach that guided the

study, key results, and their interpretation.

The study utilized a mixed, cross-sectional, quasi-

experimental, and exploratory design with 305

participants from higher education institutions in

Mexico, Spain, and Colombia. The participants were
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divided into experimental, control, and comparison

groups. The experimental group underwent a series

of interventions focused on integrating motivation and

life purpose, while the control and comparison groups

received either no intervention or a different one. The

methodology encompassed three group sessions and

two face-to-face sessions per participant from 2017 to

2018. Data collection methods included questionnaires,

interviews, diaries, and observation.

The study yielded three key findings: the integration

of motivation and life purpose, the impact on the

perception of performance, and the influence of various

factors. Firstly, the study introduces a combined

construct of motivation and life purpose, examining

its effect on personal and professional development.

Secondly, a significant difference was observed in

the perception of academic performance and personal-

professional development following the interventions.

Finally, the study highlights economic, social, and

emotional factors influencing academics’ perceptions,

including the pursuit of recognition, well-being, and

higher status.

The study discovers that integrating motivation-life

purpose into one’s worldview enhances perceptions

of personal and professional development, impacting

self-concept and aligning with life and career plans.

This enhanced perception holds significant implications

for organizational human resource development and
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employee engagement strategies.

Goldstein’s findings indicate a relationship between

employee share-ownership and motivation 11, “although 11 S. Goldstein. Employee share-
ownership and motivation. Journal of
Industrial Relations, 20(3):311–330, 1978share-ownership alone may not be sufficient to

ensure motivation. Employee share-ownership and

participation in planning are often required to

achieve desired outcomes”. Integrating these insights,

particularly in the context of certified B Corps, suggests

that companies with shared ownership are likely to have

a deeper purpose driving their employee-owners.

1.2.4 Employee Ownership, Stakeholder Management, and the Sustainability
of Global Capitalism

Winkler 12 explores the relationship between broad 12 Anne-Laure Winkler. An exploration
of broad employee ownership and
responsible stakeholder management in
b corporations, 2014

employee ownership and responsible stakeholder

management (RSM) in B Corporations. This study

critically examines the sustainability of the current

global capitalism model, especially in light of the sharp

contrast between rising corporate profits and executive

pay versus the stagnation of average worker wages and

high unemployment rates. It raises questions about

whether alternative corporate governance and ownership

models, such as B Corporations, can create profitable

companies that distribute benefits more equitably.

The research utilized a sample of 347 private,

primarily small-to-medium-sized firms that have

sought B Corporation assessment or certification.

This sample facilitated an analysis of variations in
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employee ownership and its relationship with responsible

stakeholder management (RSM). Additionally, the

study analyzed the concept of responsible stakeholder

management and its implementation in organizations

with varying ownership structures.

The study investigates the sustainability of global

capitalism by challenging the current stakeholder model

and exploring alternative models for a more equitable

distribution of profits and benefits. It zeroes in

on B Corporations to understand the relationship

between employee ownership and responsible stakeholder

management (RSM). The research also examines the

impact of employee involvement in firm operations

on the dynamics between organizational structure and

stakeholder management practices.

The findings indicate that firms committed to

responsible employee treatment tend to share ownership

more broadly with employees. Moreover, these firms

are more likely to engage in responsible management

of external stakeholders. The research highlights the

critical role of enhanced employee involvement in firm

operations, reinforcing the connection between broad

ownership and effective RSM.

1.2.5 Group incentive pay and its impact on workplace culture and firm
performance

Kruse, Blasi, and Freeman’s study 13, titled "Does 13 Douglas L. Kruse, Joseph R. Blasi, and
Richard B. Freeman. Does linking worker
pay to firm performance help the best
firms do even better? National Bureau of
Economic Research, 2012

Linking Worker Pay to Firm Performance Help the
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Best Firms Do Even Better?", investigates the dynamics

between group incentive compensation methods, labor

practices, worker assessments of workplace culture,

turnover, and firm performance. This research utilizes

a specialized sample of companies that participated

in the "100 Best Companies to Work For in

America" competition from 2005 to 2007, which is not

representative of all firms.

The study delves into the dynamics of group incentive

pay systems and their broader impact on workplace

culture and firm performance. It examines how these

systems affect employee involvement, decision-making,

trust in supervisors, and workplace culture when paired

with empowering policies.

Analyzing firms that extensively use group incentive

pay, particularly those applying for the "100 Best

Companies to Work For" list, provided a diverse sample

for studying variations in workplace practices and

employee perceptions. The research observed significant

variation among companies in applying group incentive

pay systems, workplace practices, and workplace culture

assessments by workers.

It found that firms employing shared capitalist

compensation modes tend to implement policies that

allow greater employee participation in decision-making,

enhanced information sharing, and fostered a more

positive workplace culture. Furthermore, the study

linked the integration of group incentive pay with



introduction 31

policies that empower employees and promote a positive

workplace culture to increase employee intent to stay,

reduce voluntary turnover, and improve return on

equity.

The analysis suggests combining group incentive pay

with employee empowerment and a positive workplace

culture can significantly benefit both employees and

firms. These benefits include reduced turnover, increased

employee loyalty, and enhanced financial performance,

highlighting the importance of shared ownership and

group incentive pay in empowering employees.

The synthesis of the four pivotal studies presented

in this investigation offers a nuanced understanding of

the interplay between employee-centric organizational

models and their broader socioeconomic impact. These

studies collectively provide critical insights into

the evolving landscape of social economics and the

role of alternative corporate structures, forming a

cornerstone for this investigation. Hernandez’s

study on B Corporations in Mexico 1.2.2 lays the

essential groundwork by highlighting the complexities of

balancing profit-making with social and environmental

responsibilities. It points out the challenges in

implementing employee ownership within these hybrid

organizations. This study is particularly crucial as it

provides a real-world context for theoretical discussions

around alternative corporate models and their potential

to address socioeconomic challenges.
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Kurezyn’s research 1.2.3 introduces a human-centric

perspective, emphasizing the importance of aligning

individual employee aspirations with organizational

goals. It underlines the significance of motivation

and life purpose in enhancing employee performance

and development, which is integral to understanding

employee-centric models like B Corporations. Winkler’s

dissertation 1.2.4 delves into the sustainability of

traditional corporate models compared to B Corporations,

focusing on employee involvement and its impact on

responsible stakeholder management. This work offers

insights into the effective implementation of employee-

centric models and their potential to reshape global

capitalism. It provides a comprehensive view of how

organizations can evolve to be more inclusive and

sustainable.

The study by Kruse, Blasi, and Freeman on

group incentive pay 1.2.5 provides empirical evidence

supporting the benefits of employee-centric compensation

models. It demonstrates how empowering employees

through participative decision-making and fostering a

positive workplace culture can enhance organizational

performance and well-being. These studies collectively

contribute to a comprehensive understanding of how

employee-centric models, particularly B Corporations,

can be leveraged to promote more equitable, sustainable,

and socially responsible business practices. They present

a multifaceted view of the challenges and opportunities



introduction 33

in implementing these models, highlighting the

significance of employee involvement, motivation, and

well-being in achieving organizational success and

making a societal impact.
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This chapter delves into the methodological specifics of

clustering, an unsupervised machine learning technique

crucial for analyzing the B Corporation data. The

focus is on distinguishing between hierarchical and

non-hierarchical clustering methods to find inherent

structures within B Corporations. Various linkage

methods and distance metrics used in hierarchical

clustering are detailed, alongside the explanation of

dendrograms and their utility in visualizing data

structures. The silhouette score, a key metric for

assessing the quality of the clustering, is introduced

to evaluate the cohesion and separation within the data,

providing a scientific basis for the analysis conducted.
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2.1 Clustering

Cluster analysis is an unsupervised machine learning

method that groups objects more similar to each other

in the same group than those in other groups; it is

considered an unsupervised learning method because

it operates without reference to labeled outcomes or

predictions. This process is essential where the dataset

is unlabeled, meaning there is no prior knowledge of the

group to which an object might belong. The aim is to

discover inherent structures in the data, therefore finding

patterns and relationships without the guidance of a

predetermined outcome or target variable. The primary

distinction in clustering approaches lies between non-

hierarchical and hierarchical algorithms 1. 1 L. Rokach and O. Maimon. Clustering
methods. In Data Mining and Knowledge
Discovery Handbook. Springer, Boston,
MA, 2005

2.2 Non hierarchical

Non-hierarchical clustering is a machine learning

algorithm that organizes n data points into k distinct

groups based on similarities without establishing a

hierarchy between the clusters. This approach is direct

and non-iterative, assigning each data point to a single

cluster in one step. A representative non-hierarchical

clustering method is K-means, a widely used algorithm

known for its efficiency and simplicity.

K-means clustering partitions data into K distinct

clusters. It begins by selecting K data points as initial

centroids—the notional centers of the clusters. Each



theoretical framework 37

data point is then assigned to the nearest centroid, with

proximity typically measured by Euclidean distance.

Once the points are assigned, K-means recalculates the

centroids by taking the average of all points in a cluster,

thereby refining the cluster’s center 2. Objects are then 2 Suhap Gülagiz, Fidan Kaya; Sahin.
Comparison of hierarchical and
non-hierarchical clustering algorithms.
International Journal of Computer
Engineering and Information Technology, 9

(1):6–14, 2017

reassigned to the centroids closest to them. This process

repeats iteratively until the centroid positions stabilize,

indicative of well-defined and consistent clusters. Due

to its nature, K-means is especially powerful in scenarios

where the number of clusters is predetermined or can be

estimated.

2.3 Hierarchical

This hierarchical method is invaluable for exploratory

data analysis, offering insights into the data’s inherent

grouping and structure. It allows for examining

clusters at different levels, providing flexibility when

the number of clusters is not predetermined. The

hierarchical clustering process is visualized through

dendrograms 2.3.3. These tree-like diagrams illustrate

the sequence of cluster mergers or divisions, representing

the hierarchical structure within the data 3. 3 Frank Nielsen. 8. Hierarchical Clustering,
chapter 8, pages 195–211. Springer, 2016.
ISBN 978-3-319-21903-5In contrast to the divisive approach of non-hierarchical

clustering, hierarchical clustering algorithms, such

as agglomerative clustering, employ a unifying

methodology. Agglomerative clustering treats each

object as an individual cluster at the outset and merges

the closest pairs of clusters iteratively. This process
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continues until all objects are consolidated into a single

cluster, forming a hierarchy of clusters at various levels

of resolution.

The recursive nature of hierarchical clustering—partitioning

the dataset into increasingly finer clusters—facilitates

various applications, from identifying communities in

social networks to analyzing phylogenetic relationships.

It underscores the importance of developing efficient

algorithms for hierarchical clustering, which remains a

significant challenge in fields such as machine learning,

big data analytics, and bioinformatics, highlighting the

method’s critical role in uncovering complex patterns in

data.

2.3.1 Linkage Methods

Linkage criteria determine how the distance between

clusters is calculated, thereby influencing the shape of

the clusters formed in hierarchical clustering. Four

primary linkage methods are commonly used 4: 4 Agglomerative hierarchical clustering |
stat 505. https://online.stat.psu.edu/
stat505/lesson/14/14.4. Accessed:
March 2024• Ward’s Linkage: This method is distinctive in its

approach to cluster formation, focusing on minimizing

the total within-cluster variance. At each step of

the clustering process, Ward’s method evaluates all

possible pairings and selects the merger that results in

the smallest increase in total within-cluster variance.

This criterion can also be understood through an

ANOVA-based approach, which aims to minimize the

sum of squared differences within all clusters. By

https://online.stat.psu.edu/stat505/lesson/14/14.4
https://online.stat.psu.edu/stat505/lesson/14/14.4
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doing so, Ward’s linkage tends to create compact and

relatively equal clusters.

TDc1∪c2 = ∑
x∈c1∪c2

D (x, µc1∪c2)
2 (2.1)

• Complete Linkage (Maximum Linkage): Defines

the distance between two clusters as the maximum

distance between any single data point in the first

cluster and any single data point in the second cluster.

This method tends to produce more compact clusters.

The function used to calculate this distance is 2.2

dx,y = max
i,j

d(Xi, Yj) (2.2)

• Average Linkage: Calculates the distance between

clusters as the average distance between each data

point in one cluster and every data point in the other.

This method balances between the single and complete

linkage methods, avoiding either extreme.

dx,y =
1
kl

k

∑
i=1

l

∑
j=1

d(Xi, Yi) (2.3)

• Single Linkage (Nearest Point): The distance

between two clusters is defined as the shortest distance

from any data point in the first cluster to any data

point in the second cluster. This method can result in

elongated, "chain-like" clusters.
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dx,y = min
i,j

d(Xi, Yj) (2.4)

2.3.2 Distance Metrics

The choice of distance metric plays a crucial role in

determining the structure of the clusters formed. Several

metrics are commonly employed:

• Euclidean Distance: The most commonly used

distance metric calculates the "ordinary" straight-line

distance between two points in Euclidean space.

d(x, y) =

√
n

∑
i=1

(xi − yi) (2.5)

• Manhattan Distance: Measures the distance

between two points in a grid based on a strictly

horizontal and vertical path (as opposed to the

diagonal distance). This metric is useful in urban

settings or grid-like structures.

d(x, y) =
n

∑
i=1

|Xi − Yi| (2.6)

• Cosine Distance: The cosine distance is typically

used as the complement of the cosine similarity. Given

two vectors A and B, the cosine distance would be

DC(A, B) = 1 − SC(A, B) where SC is the Cosine

similarity; it measures the cosine of the angle between

two points. This metric is beneficial in text analysis

and high-dimensional data, where the orientation
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of data points might be more important than their

absolute distance.

SC(A, B) = cos θ =
A · B

||A||||B|| =
∑n

i=1 AiBi√
∑n

i=1 A2
i ·

√
∑n

i=1 B2
i

(2.7)

2.3.3 Dendrograms

A dendrogram is a tree-like diagram that displays the

arrangements of the clusters produced by hierarchical

clustering 2.3. The primary components and

considerations include:

• Structure: Each leaf represents a data point, and

as one moves up the tree, leaves begin to fuse into

branches, representing the clusters formed at each

level of the hierarchy.

• Reading a Dendrogram: The height at which two

branches merge represents the distance or dissimilarity

between these clusters. Therefore, a taller merge

implies a more considerable distance.

• Interpreting Clusters: One can determine the

number of clusters by cutting the dendrogram at a

specific height. This method is advantageous when the

number of clusters is unknown a priori, providing a

visual insight into the data’s natural grouping.

Dendrograms serve as a powerful tool for understanding

the data structure revealed by hierarchical clustering,
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offering a visual summary of the clustering process and

facilitating the decision-making process for selecting the

number of clusters.

2.4 Silhouette Score

The Silhouette Score represents a metric to gauge the

quality of clustering in a dataset, providing insight into

the degree to which each point in a cluster is similar to its

cluster compared to neighboring clusters. The silhouette

score serves as a crucial metric in this context, adeptly

quantifying the similarity of an object to its cluster

relative to other clusters. It precisely measures the

clustering effectiveness, showcasing its importance in

evaluating the cohesion and separation of the identified

clusters 5. 5 P.J. Rousseeuw. Silhouettes: a graphical
aid to the interpretation and validation of
cluster analysis. Journal of Computational
and Applied Mathematics, 20:53–65, 1987

The Silhouette Score is grounded in the concept of

intra-cluster and inter-cluster distances. If there is only

one data point in the cluster, it is assigned a zero value.

The score for a single sample is calculated as follows:

• a: The mean distance between a sample and all other

points in the same cluster.

• b: The mean distance between a sample and all other

points in the nearest cluster that the sample is not a

part of. 6
6 Yusef Iskandar. Evaluation of whole
graph embedding techniques for a
clustering task in the manufacturing
domain, 2022

The Silhouette Score S for each point is then calculated

as:

S =
b − a

max a, b
(2.8)
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This formula yields a score ranging from -1 to 1,

where a high value indicates that the sample is well-

matched to its cluster and poorly matched to neighboring

clusters. The clustering configuration is appropriate if

most objects have a high value. If many points have a

low or negative value, the clustering configuration may

have too many clusters.

The utility and applicability of the Silhouette

Score as a measure for validating and determining

the optimal number of clusters. Shahapure and

Nicholas (2020)7 delve into the efficacy of Silhouette 7 Ketan Rajshekhar Shahapure and
Charles K. Nicholas. Cluster quality
analysis using silhouette score. 2020
IEEE 7th International Conference on
Data Science and Advanced Analytics
(DSAA), pages 747–748, 2020. doi:
10.1109/DSAA49011.2020.00096

Scores in endorsing the number of clusters proposed

by the k-means clustering algorithm across diverse

datasets. Their research underlines the significance of

the Silhouette Score in ascertaining the most suitable

number of clusters, thereby refining the accuracy of

cluster analysis within the realm of data mining.

Concurrently, Januzaj, Beqiri, and Luma (2023) 8
8 Ylber Januzaj, E. Beqiri, and A. Luma.
Determining the optimal number of
clusters using silhouette score as a
data mining technique. Int. J. Online
Biomed. Eng., 19:174–182, 2023. doi:
10.3991/ijoe.v19i04.37059

explore the application of Silhouette Scores to determine

the optimal cluster count in unstructured job vacancy

data, offering insights into its practical advantages in

real-world data mining scenarios. Collectively, these

studies attest to the critical role of Silhouette Scores

in enhancing cluster quality analysis, presenting it

as a pivotal tool in validating the k-means clustering

outcomes and in the pragmatic determination of cluster

numbers in varied datasets.
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The methodology chapter describes the comprehensive

data acquisition strategies and the rigorous data

preprocessing steps necessary for the analysis of B

Corporation impact data. It outlines the challenges and

considerations involved in handling the dataset, such as

dealing with missing values and the standardization of

data. The chapter progresses to discuss the application

of various clustering techniques to explore inherent

groupings within the dataset. It aims to provide a

robust framework for the analysis, ensuring that the

insights derived are grounded in a sound methodological

approach that can support the overarching research

objectives.
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3.1 Data Acquisition and Methodology

The dataset is a comprehensive collection of historical

data on B Corporation certification, covering a wide

range of features from company identification and

certification details to in-depth metrics across various

impact areas. However, it lacks financial information

and data on workers’ sense of professional and personal

satisfaction, which could provide valuable insights

into the economic and humanistic dimensions of B

Corporations.

This dataset 1 fully represents all companies certified 1 B Lab. B corp impact data. https://

data.world/blab/b-corp-impact-data,
August 2023by B Lab, offering a complete overview of the B

Corporation landscape as of 2023. Its limitation,

however, is its exclusive focus on B Corporations,

leaving out companies that still need this certification.

The data quality is generally reliable, particularly for

overarching scores and primary subject areas.

The data collection, managed solely by B Lab, ensures

a consistent methodology across different companies

and periods. However, the evolution of the B Lab

assessment over six different versions poses a challenge
2, as the dataset treats these versions similarly, which 2 B Lab. B corp impact data. https://

data.world/blab/b-corp-impact-data,
August 2023could potentially obscure changes in assessment criteria

and company performance over time. Given the public

nature of this dataset, there are no immediate concerns

regarding privacy or confidentiality, as the data is

intended for open use, negating the need for additional

https://data.world/blab/b-corp-impact-data
https://data.world/blab/b-corp-impact-data
https://data.world/blab/b-corp-impact-data
https://data.world/blab/b-corp-impact-data
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ethical considerations.

In light of the previous description, the objective is to

group different companies based on the defined features,

particularly to identify subgroups within B Corporations

and discern whether shared ownership differentiates

companies. Data preprocessing is a crucial phase in

any data science project, entailing the transformation of

raw data into a format ripe for analysis. This section

elaborates on the preprocessing steps taken to analyze B

Corporation certification data, employing Python as the

basis for data cleaning, transformation, and preparation

for clustering analysis.

The burgeoning field of B Corporations represents

a significant paradigm shift in the business world.

As delineated by the B-Lab’s B Impact Assessment

(BIA), the core pursuit of profit is now being balanced

with a deep-rooted commitment to social responsibility
3. This study seeks to evaluate the effectiveness of 3 The altruistic entrepreneurs:

How socially conscious
startups are redefining success.
https://newschentrappinni.com/2023/

05/31/the-altruistic-entrepreneurs-

how-socially-conscious-startups-

are-redefining-success

the BIA, which integrates a wide array of metrics

and indicators that reflect the values inherent in the

Social and Solidarity Economy (SSE), alongside other

certifications such as Fair Trade, the GRI Standards,

ISO 26000, ISO 14001, and LEED. These metrics play a

pivotal role in determining impact scores and ultimately

shaping the potential outcomes of certifications.

Quantitatively, the study focuses on the extent of

involvement in SSE organizations, such as cooperatives,

and examines the degree of shared capital or employee

https://newschentrappinni.com/2023/05/31/the-altruistic-entrepreneurs-how-socially-conscious-startups -are-redefining-success
https://newschentrappinni.com/2023/05/31/the-altruistic-entrepreneurs-how-socially-conscious-startups -are-redefining-success
https://newschentrappinni.com/2023/05/31/the-altruistic-entrepreneurs-how-socially-conscious-startups -are-redefining-success
https://newschentrappinni.com/2023/05/31/the-altruistic-entrepreneurs-how-socially-conscious-startups -are-redefining-success
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ownership. These elements are considered critical within

the BIA framework, highlighting their importance in the

overall assessment process. By doing so, this research

aims to provide a thorough analysis of how these factors

influence certification results and contribute to the

broader goals of social and environmental responsibility

in business practices.

This research focuses on a specific aspect of B

Corporations: exploring potential subgroups within

these entities based on critical metrics. The primary

objective is to determine if distinct clusters of B

Corporations can be identified through hierarchical

clustering, particularly concerning worker participation

and shareholding, and how these clusters correlate with

the companies’ overall performance and impact. The

metrics under consideration are the following:

3.2 Wrangling, Exploration and Cleaning

These visualizations and tables are instrumental in

gaining an initial understanding of the dataset’s

structure and key trends. The dataset is overwhelmed by

nulls in most of the fields inside the B Lab Assessment

section, but these were investigated to know that these

could be substituted as 0 because for this specific case,

having no registry is equivalent to having a 0 in that

section.

The pie chart 3.1 shows the distribution of the status of

the companies in the dataset. The dataset is unbalanced,
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Metric Description
Overall Score Reflecting on a company’s cumulative

performance across approximately 200

assessment questions.
Impact Area Scores Evaluating a company’s positive

impact in specific domains like
Community, Customers, Environment,
Governance, and Workers.

Company Size Based on the number of full-time
equivalent workers.

Miscellaneous NA Score Accounting for scenarios where
specific assessment questions were not
applicable.

Certification Cycle Informing how recent the assessment
was.

Current Status Distinguishing between certified and
decertified B Corporations.

Employee Ownership Metrics Assessing the extent to which workers
are engaged through ownership
models like cooperatives or ESOPs.

Table 3.1: Overview of Metrics Used in B
Corporation Assessment

with 78.3% of the movies being classified as Certified

and 21.7% as De-certified.

The horizontal bar chart 3.3 has two categories

per area: one representing the count of companies

with scores and the other, denoted with na_score,

representing companies without available scores. This

means that the latter score represents points that the

company should have in that given pillar, but that the

current assessment test doesn’t take the specific action

into consideration. Therefore these can be considered

as miscellaneous points that are more related to some

feature, but overall they are mainly unclassified.

The provided pair plot 3.4 is a multifaceted

visualization tool that encapsulates the inter-variable
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Figure 3.1: Current classification status
distribution of the dataset.

Figure 3.2: Bar chart representing the
distribution of companies by size
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Figure 3.3: Horizontal bar chart showing
the distribution of companies by impact
area.

Figure 3.4: Pairplot visualizing
the distribution, relationships and
correlation between the five main pillars.



52

dynamics within a dataset. In the array of scatter

plots, the absence of clear patterns generally indicates

weak relationships among most variables, except for

impact_area_customers and impact_area_environment,

which display a moderate negative correlation p =

−0.48, hinting that as customer impact scores increase,

environmental impact scores tend to decrease. This

particular relationship stands out amidst an otherwise

low level of linear correlation, as suggested by the

proximity of other correlation coefficients to zero.

The density plots positioned along the pair

plot’s diagonal reveal each variable’s distribution

characteristics independently. These distributions are

predominantly right-skewed, implying a concentration

of lower scores with fewer entities achieving higher

scores in each impact area. Specifically, the variable

impact_area_community shows a pronounced skew,

indicating that most companies have a lower community

impact score, with fewer entities scoring higher.

Similarly, the impact_area_workers density plot

suggests that most companies score lower in this domain,

with a tail stretching towards higher scores.

In essence, the pair plot visually encapsulates the

dataset’s statistical properties, emphasizing individual

and joint distributions. The variation across the

dataset is captured through the density plots that

indicate commonality and spread and the scattered

representations of pairwise interactions, with the



methodology 53

correlation coefficients providing a quantitative measure

of these relationships.

3.2.1 Data Preprocessing and Transformation

The preprocessing steps involve several vital transformations:

• Handling of Categorical Data: The ’size,’

’certification_cycle,’ and ’current_status’ columns

undergo one-hot encoding, a process that converts

categorical variables into a form that could be provided

to machine learning algorithms.

• Missing Value Treatment: NaN values are replaced

with zeros, ensuring numerical consistency across the

dataset; this transformation was validated by revising

the score published on the B Corp website with that of

the dataset.

• Feature Engineering: New features are created

by summing up specific columns. For example,

columns containing ’na’ are aggregated into a

’miscellaneous_na_score’ feature since these columns

refer to all the extra points a company can receive for

reasons different from those evaluated in the test.

• Data Standardization: The StandardScaler

from sklearn is used to standardize features like

’overall_score,’ ’impact_area_community,’ and other

quantitative features. This standardization is crucial

for clustering algorithms to perform effectively, as they

are sensitive to the scale of the data.
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3.3 Clustering Techniques on B Corp Impact Data

In this section, the application of clustering techniques

to the preprocessed B Corp Impact Data dataset is

explored. The focus lies on uncovering the inherent

groupings within the dataset through the use of KMeans

and Agglomerative Clustering methods. The analysis

is enriched by employing dendrograms 2.3.3 to visualize

the hierarchical clustering structure.

At the heart of the analytical methodology lies

the clustering_comparison function, which plays

a pivotal role. This function systematically applies

KMeans and Agglomerative Clustering techniques

across various parameters, critically assessing each

model’s performance based on the silhouette score 2.4.

The KMeans Clustering approach methodically

divides the dataset into K distinct, non-overlapping

subgroups or clusters. Altering the number of

clusters (K) from 2 to 5 facilitates the determination

of the optimal cluster arrangement for the dataset,

as elucidated by MacQueen 4. On the other hand, 4 J. MacQueen. Some methods for
classification and analysis of multivariate
observations. In Proceedings of the
5th Berkeley Symposium on Mathematical
Statistics and Probability, pages 281–
297, Los Angeles, 1967. University of
California

the Agglomerative Clustering approach begins this

exploration by assessing a variety of linkage criteria2.3.1,

aiming to discern the cluster configuration that yields

the greatest coherence 5. 5 R R Sokal and C D Michener. A
statistical method for evaluating systemic
relationships. University of Kansas Science
Bulletin, 38:1409–1438, 1958

The clustering experiments meticulously compiled the

results into a detailed comparison Table 3.2, providing

a clear view of the clustering configurations that
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Method Metric Silhouette Score Linkage n_clusters
Agglomerative euclidean 0.60 average 3.0
Agglomerative manhattan 0.55 complete 3.0
Agglomerative manhattan 0.51 single 5.0
Agglomerative euclidean 0.48 average 4.0
Agglomerative euclidean 0.38 single 5.0
Agglomerative euclidean 0.36 complete 4.0

KMeans euclidean 0.16 - 4.0
KMeans euclidean 0.16 - 3.0

Agglomerative euclidean 0.14 ward 5.0
Agglomerative cosine 0.13 average 4.0
Agglomerative manhattan 0.05 complete 5.0
Agglomerative cosine -0.22 single 5.0

Table 3.2: Samples of the Comparison of
Clustering Methods and Their Metrics

achieve the most favorable silhouette scores. This

exhaustive analysis is grounded in seminal works and

methodologies, as evidenced by studies from MacQueen

and Rousseeuw , and integrates insights from Sokal and

Michener’s. examination of hierarchical clustering. This

approach ensures that the investigation is firmly rooted

in a robust theoretical framework; presenting a clear

overview of the clustering configurations that achieve

the highest silhouette scores.

In the dendrogram displayed in Figure 3.5, we observe

the results of applying agglomerative clustering that

utilizes an average linkage approach and the Euclidean

metric for distance measurement, as delineated in

Section 2.3. The efficacy of this particular clustering

configuration is underscored by its positioning at the

summit of the comparison table, specifically in Table 3.2,

where it is associated with the optimal silhouette score,

details of which are expounded upon in Section 2.4.

Within the dendrogram, each leaf corresponds to an
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individual company, denoted by either an ID number for

standalone entities or a parenthetical numeric value

indicating the total number of companies within a

cluster. The dendrogram’s branch lengths indicate the

level of similarity between clusters; shorter branches

suggest more significant similarity within the companies.

Furthermore, the dendrogram is color-coded to delineate

general cluster categories, thereby providing a clear

visual demarcation of the clustering structure and

facilitating the interpretation of the data’s inherent

groupings.

Figure 3.5: This dendrogram illustrates
the hierarchical clustering of companies.

3.3.1 Similarity to Centroid

The central objective of this analytical approach is

to transform spatial relationships into measurable

metrics that significantly enhance the scope of

subsequent analyses. By assessing the proximity

of each data point to predetermined centroids, this
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methodology adeptly converts non-categorical data into

a structured dimensional framework. Within this

framework, similarities can be methodically quantified

and compared, a process particularly advantageous in

clustering, anomaly detection, and various domains

where understanding the “proximity” or “similarity”

to established benchmarks can offer profound insights.

Notably, this approach underscores the degree of

similarity each company exhibits towards three distinct

centroids, employing a scale where 100% symbolizes

maximum closeness to a centroid, and 0% reflects the

utmost distance.

This method of quantifying similarity provides a clear,

interpretable metric, necessitating several key procedural

steps to effectively incorporate the similarity_to_centroid

measure. Initially, the Euclidean distance 2.5 between

each data point and the centroid is calculated where x

and y represent the coordinates of the points in an n-

dimensional space. This calculation is the foundation

for assessing the spatial relationships within the dataset.

Subsequently, the distances are normalized to scale

between 0% (indicating the farthest) and 100%

(indicating the closest), facilitating a standardized

comparison across centroids. This normalization process

is achieved through the formula:

normdist =
d − min(d)

max(d)− min(d)
(3.1)

which effectively scales the distance into a uniform
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similarity metric.

Finally, the normalized distances are converted into

percentages using the transformation:

SimiPerc = (1 − normdist)× 100 (3.2)

This conversion offers an intuitive measure of

similarity, where higher percentages denote closer

proximity to the centroids.
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The final chapter synthesizes the findings from the

application of clustering algorithms to B Corporation

data. It categorizes the enterprises into distinct clusters

based on their operational characteristics and impact

metrics. The chapter discusses the implications of

these findings, highlighting how different B Corporation

models (such as community-conscious enterprises or

scaled innovators) achieve various levels of success

and impact. It critically examines the role of worker

ownership in enhancing company performance and

stakeholder impact. Conclusions are drawn regarding

the effectiveness of B Corporations in balancing

profit-making with broader social responsibilities, and
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recommendations are provided for future research

directions.

4.1 Results

This section presents the results of applying clustering

algorithms to the B Corp Impact Data. Each cluster

is characterized based on critical metrics such as

Certification Cycle, Overall Score, Main Impact Areas,

Worker Ownership, and Worker-Owned. These clusters

provide insightful categorizations of enterprises based

on their focus areas and operational characteristics.

4.2 Exploring Dynamics of Modern Business Practices

The representation of the selected clustering model,

Agglomerate Hierarchical Clustering with average

linkage and euclidean metric that resulted with the

highest silhouette score is represented in a 3D and 2D

2.4; the three clusters differentiate each cluster by color

and marked centroids, depicting the relationship between

overall score, business ownership, and business score as

dimensions of analysis.

The Table 4.2 categorizes enterprises into three clusters

based on employee size, community impact, performance,

and worker ownership scores. In exploring the dynamics

of modern business practices, three distinct clusters

emerge, each with unique characteristics that define their

interaction with employees, communities, and broader
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Figure 4.1: 3D and 2D scatter plots
illustrating a 3 clustered dataset.

performance metrics. Community-Conscious Small

Enterprises are characterized by a high community

impact but lower overall performance. Employee-Driven

Midsize Leaders show the highest performance scores

and a strong balance between profitability and impact.

Scaled Innovators represent larger companies with

moderate community impact, high overall performance,

and a tendency towards innovative and non-equity

employee engagement.

Figure 4.2: Cluster Analysis of
Enterprises by Size and Impact

4.2.1 Community-Conscious Small Enterprises

The first cluster, labeled "Community-Conscious Small

Enterprises," 4.2 encapsulates entities with a deep

commitment to their local communities despite their
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smaller scale. These organizations frequently rely on

non-traditional structures with a workforce ranging

primarily between one to forty-nine employees and

a notable proportion operating without traditional

employees. This could include using volunteer

workforces or automation to compensate for the lack

of staff. These enterprises exhibit the highest community

impact scores, signaling their strong integration and

active engagement within their localities. However,

their lower overall performance scores may reflect small

enterprises’ inherent challenges, such as scaling their

impact or securing necessary resources. Moreover, these

entities place limited emphasis on employee ownership,

suggesting that while community-centric, they need to

extend their operational model to include workers in

ownership or governance to the extent seen in larger,

more employee-focused businesses.

4.2.2 Employee-Driven Midsize Leaders

Moving to the mid-sized spectrum, the "Employee-

Driven Midsize Leaders" in table 4.2 represent a

successful blend of robust operational performance

with a significant emphasis on worker involvement.

Companies in this cluster typically have a more

considerable workforce, falling between fifty and over

a thousand employees, indicating a stage of established

business growth. These entities stand out with the

highest overall performance scores, a testament to their
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operational success across various business dimensions.

Their approach to business extends beyond profitability,

striking a balance between community impact and

environmental stewardship. A hallmark of this cluster

is the pronounced focus on worker ownership, with

high scores reflecting the degree to which employees

are stakeholders in the business. This emphasis

indicates a business culture that prioritizes inclusive

and empowering work environments, which may be a

key factor underpinning their success.

4.2.3 Scaled Innovators

Finally, the "Scaled Innovators" 4.2 cluster is

characterized by its larger company sizes and effective

scaling of business operations. With nearly half of the

entities employing between fifty to two hundred and

forty-nine staff members and a substantial segment

operating with up to and over a thousand workers,

these organizations are significant players in their

respective industries. They showcase high overall

performance scores comparable to the "Employee-Driven

Midsize Leaders," maintaining a balanced focus on

community involvement. Interestingly, they achieve

high worker participation scores despite the absence

of direct worker ownership models. This indicates the

presence of alternative employee engagement strategies,

such as profit-sharing or decision-making participation,

that do not involve traditional equity stakes. These
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practices hint at innovative business and employee

engagement approaches that could contribute to their

high-performance metrics.

4.3 Discussion

Throughout the document, the evaluation of the B

Lab Impact Assessment encompasses five main pillars:

community, customers, environment, governance, and

workers. Visual assessment of the clustering results

reveals insightful patterns, particularly regarding

companies with worker ownership structures or worker-

owned. As seen in the results 4.2.1 Cluster group

0 serves as the baseline for B Corp Companies,

representing standard behavior. In Cluster 1, worker-

owned companies are highlighted, while gray represents

companies that share ownership with workers. Notably,

companies with shared ownership outperform the

standard by almost three times. However, these

companies face their most significant opportunity for

improvement in the community aspect, with a slight gap

also observed in the environment pillar.

4.3.1 Performance Quartile

Whether wholly or partially, companies with shared

ownership demonstrate a significant presence in the top

percentile of B Corps. Conversely, companies labeled

with 0 represent the standard behavior among these

entities. Labels 1 and 2 encompass companies that
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Figure 4.3: Stacked bar chart representing
the composition of performance quartiles
across three clusters.

integrate shared ownership with their employees in some

capacity. Figure 4.3 shows Cluster 0 (blue) having a

significant presence in the lower quartiles, Cluster 1

(orange) dominating the highest quartile, and Cluster 2

(green) displaying relatively even distribution across the

second to fourth quartiles.

The B Lab Assessment score serves as a comprehensive

metric for evaluating companies, revealing a stark

contrast in performance between those classified

under agglomerative clustering groups predominantly

characterized by shared ownership. Specifically,

companies sharing ownership are three times more

likely to belong to the top performance quartile within

the entire B Corps population. This underscores the

profound impact of shared ownership structures on these

companies’ overall performance and success.
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4.3.2 Impact on Companies

Within the dataset under investigation, a subset of

companies exhibited transitions across clusters during

the evaluation period. These transitions are documented

in the subsequent table, which enumerates the companies

alongside their corresponding overall scores. The

scores are strategically color-coded to signify alterations

in company structure pertinent to worker ownership

dynamics. Specifically, instances of transition that

yielded beneficial outcomes are highlighted in green,

whereas years marked by adverse effects on company

performance are denoted in red. This color coding

facilitates an intuitive understanding of the impact

that shifts in worker ownership have on organizational

performance.

Most of the companies listed 4.4 are still certified

by B Lab, representing instances of cluster changes.

It is observed that the groups identified as Employee-

Driven Midsize Leaders and Scaled Innovators share

characteristics related to shared ownership, either

directly or through creative methods of employee

ownership. Hence, for this discussion, cluster changes

are unified as transitions from Community-Conscious

Small Enterprises to one of the other clusters and vice

versa. The table is arranged in descending order based

on the magnitude of change.

Highlighted within the list are two companies, with

particular attention drawn to The Green Engineer,
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Figure 4.4: Table showing a company’s
yearly overall score from 2007 to 2022.

Inc. This company stands out due to its unique color

coding, as it has undergone two distinct changes since

its certification. Initially transitioning to a shared

ownership cluster, it achieved its peak score of 142.

Subsequently, it reverted to a non-shared ownership

cluster, resulting in a decrease of 20 points. This is the

only instance where a transition to a shared ownership

cluster harmed the company’s overall score.

The other highlighted company is Praxis Consulting

Group, it is the only company that had a negative impact

when changing to a shared ownership cluster.

The box plot visualizes the distribution of

changing ownership in the dataset, with the orange

box representing companies transitioning to shared
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Figure 4.5: Box plot showing the
distribution of changes in company
ownership.

ownership and the yellow box depicting companies

removing shared ownership.

For the "Changing to shared ownership" category, the

box plot illustrates a median value (indicated by the X

inside the box) at approximately 30.98, with the edges

of the box representing the first quartile (approximately

19.45) and the third quartile (approximately 47.05). The

whiskers extend to the minimum value at approximately

-15.2 and the maximum value at approximately 66.9,

indicating the range of the data. It suggests a relatively

widespread data point with a skew towards higher values,

implying that changes to shared ownership have varied

effects but are generally positive.

In the "Remove shared ownership" category, the

median value is around -22.13, with a narrower

interquartile range, as shown by the shorter box, from

-21.55 to -29.675. The whiskers in this category extend
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from about -38.1 to -10.9, indicating a negative impact

overall when shared ownership is removed, as all values

are below zero.

In summary, the box plot suggests that entities

that change to shared ownership experience a wide

range of positive impacts, while entities that remove

shared ownership uniformly experience negative impacts.

Moreover, in many cases, those that change to shared

ownership have a more significant overall impact than

the points corresponding to shared ownership.

The clustering results intriguingly align with the

initial research questions, particularly in examining

the performance of enterprises with shared ownership

versus those without this characteristic. The findings

reveal that B Corps with shared ownership are three

times more likely to be in the top quartile for overall

scores, a significant insight that underscores the impact

of ownership structures on corporate performance.

Integrating broader social objectives into business

models is perceptible when one examines varied

organizational models through case studies. McCabe

Promotional Advertising serves as a quintessential

example of community-focused small enterprises.

Starting from its modest inception, McCabe has

expanded to become a prominent player in its

industry while maintaining its core community

ethos. This evolution reflects the broader trend in

social entrepreneurship, showcasing the possibility of
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interlacing community values within the business

operations framework, thus enabling significant

contributions to local economies and the overall societal

welfare. 1. 1 McCabe. The company. https://

www.mccabepro.com/aboutus, 2024

Transitioning from small-scale Employee-Driven

Midsize Leaders, Senversa provides a compelling

narrative on the effectiveness of worker-centric business

models. With a solid commitment to employee

ownership and work-life balance, Senversa encapsulates

contemporary theories on worker-centric practices.

This approach boosts employee satisfaction and drives

the company to deliver high-quality services, setting

Senversa apart as an exemplar in its field 2. 2 Senversa People. Our people. https:

//senversa.com.au/people/, 2024

On the larger end of the spectrum, Chroma Technology

stands out within the ’Scaled Innovators’ cluster,

presenting a case that both challenges and confirms

current notions about sustainability in large-scale

operations. By integrating employee ownership with

a proactive stance on community and environmental

issues, Chroma demonstrates how profitability and social

responsibility can go hand in hand. This approach is

particularly noteworthy in high-tech manufacturing,

where balancing commercial success with environmental

stewardship and social consciousness is challenging and

essential 3. 3 CHROMA. Our company. https://

www.chroma.com/company, 2024

These cases underscore a shift in business paradigms

where companies of various sizes and across industries

actively seek to harmonize economic success with social

https://www.mccabepro.com/aboutus
https://www.mccabepro.com/aboutus
https://senversa.com.au/people/
https://senversa.com.au/people/
https://www.chroma.com/company
https://www.chroma.com/company
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and environmental sustainability.

4.4 Conclusions

The exploration of B Corporations through the lens

of data science methodologies, particularly hierarchical

clustering, reveals profound insights into the structure

and performance of these entities. By categorizing B

Corps into distinct clusters based on metrics such as

worker participation, ownership, and overall impact, this

research illuminates the nuanced ways in which these

enterprises contribute to a more inclusive, equitable, and

sustainable economy.

4.4.1 Key Findings and Implications:

1. Diverse Models of Success: The classification

of B Corporations into “Community-Conscious

Small Enterprises,” “Employee-Driven Midsize

Leaders,” and “Scaled Innovators” underscores the

diversity of successful business models. These

categories highlight how companies can balance profit

with purpose, each taking a unique approach to

stakeholder engagement, community involvement, and

environmental sustainability. Practitioners within the

B Corp community can leverage these insights to refine

their strategies, emphasizing employee engagement,

community impact, or innovation as pathways to

enhanced performance and social contribution.
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2. Data preprocessing: The study effectively

demonstrated the crucial role of data preprocessing

in enhancing the quality and reliability of the

clustering analysis applied to B Corporation data.

The techniques employed, including handling missing

values, feature engineering, and data standardization,

are foundational for preparing the dataset for advanced

analytical processes. This approach can be further

explored in dynamic systems modeling by applying

similar preprocessing techniques to time-series data

from dynamic systems to improve the accuracy of

subsequent analyses.

3. Analysis of qualitative, quantitative, and

mixed variables: Through the employment of

clustering techniques that analyze both qualitative and

quantitative variables, the thesis showcases how mixed

variable analysis can provide a deeper understanding

of complex datasets. This method can be adapted

for dynamic systems by analyzing qualitative

behaviors (like system states or regimes) alongside

quantitative metrics (such as amplitude or frequency

of oscillations), enabling more comprehensive system

identification and modeling.

4. Clustering Models: The application of hierarchical

clustering to categorize B Corporations into

meaningful groups based on performance and

operational characteristics reflects an implicit use of
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classification techniques. This methodology can be

extended to the study of non-linear dynamic systems

by developing regression models that predict system

behavior based on past performance and by employing

classification models to distinguish between different

dynamic regimes or system states based on observed

data.

5. Worker Ownership and Participation: A

central finding of this research is the positive

correlation between worker ownership, participation,

and company performance. Companies with

shared ownership structures, especially those in the

“Employee-Driven Midsize Leaders” cluster, exhibit

higher overall scores, suggesting that employee

involvement in governance and equity can be a

significant driver of in B Lab impact assessment

success. This has practical implications for businesses

seeking to improve their B Corp score or impact more

broadly, suggesting a strategic focus on employee

empowerment and ownership models.

6. Application in Practice: The framework developed

through this study offers a practical tool for B

Corporations and Social and Solidarity Economy

Organizations to assess their performance across

multiple dimensions. By identifying their position

within the clusters, companies can benchmark

against peers and pinpoint areas for improvement or
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investment, such as enhancing worker participation

or community engagement strategies.

7. Further Research: While this study substantially

contributes to our understanding of B Corps, it

also opens avenues for further research. Future

studies could explore the long-term sustainability

of the identified clusters, the impact of regulatory

environments on B Corp practices, or the influence of

cultural factors on the adoption of shared ownership

models. Additionally, research could extend to

comparing B Corps with traditional corporations to

assess the broader economic implications of these

business models.

8. Limitations: This research acknowledges several

limitations, including the focus exclusively on B

Corporations, which may limit the generalizability

of findings to other types of organizations. The

dataset’s lack of financial performance metrics and

qualitative data on employee satisfaction represents

another constraint, potentially overlooking factors

critical to understanding the full impact of B Corps.

The niche nature of existing research on B

Corporations and their economic models limits the

capacity to apply findings to broader economic contexts.

In order to dive more deeply into the analysis, it may

focus on publicly traded companies or those above a

certain value threshold, enabling a more standardized
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comparison with traditional business models.

In conclusion, this study reaffirms the potential

of B Corporations as a transformative force within

the modern economic landscape, capable of driving

substantial social and environmental change through

innovative business practices and organizational

structures.
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