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Abstract

INDIVIDUAL CONTRIBUTION

Federated nonprofits face unique AI implementation challenges due to data fragmentation across
autonomous entities. Existing governance frameworks address corporate hierarchies rather than
decentralized nonprofits requiring voluntary coordination. This research adapts and synthesizes
established data governance frameworks (Alation, 2024; DAMA International, 2017; Khatri &
Brown, 2010) specifically for federated nonprofit organizations preparing for Al implementation.
The adapted framework comprises three components: a three-tier governance architecture
defining decision rights across central, federated, and autonomous levels; a five-level maturity
model establishing Al readiness thresholds; and implementation principles balancing
standardization with organizational autonomy.

GROUP PROJECT APPLICATION

The framework was validated through a field lab engagement with Caritas Portugal, a federation
of 20 autonomous dioceses. The team conducted organizational assessment, developed technical
solutions for data aggregation and quality monitoring, and created implementation
recommendations. Assessment revealed Level 1 maturity despite sophisticated technical
infrastructure, confirming that technical platforms alone do not ensure governance readiness. The
team developed a 24-month roadmap addressing governance structure, data standardization, and
early Al use cases.

Keywords: Data governance, federated nonprofits, Al readiness, organizational autonomy,
maturity model

This master's thesis was developed under the Social Sector Database project, led by the Nova SBE
Data, Operations & Technology Knowledge Center. The project is part of the Social Equity
Initiative - a partnership between the ''la Caixa'" Foundation, BPI Bank, and Nova School of
Business and Economics.

GROUP PROJECT

Introduction

Céritas Portuguesa maintains a unique position of influence throughout Portugal's social
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intervention and humanitarian assistance sector. The organization serves as the Catholic Church's
national body to coordinate charitable work between ecclesiastical missions and social policy
frameworks and civil society organizations. The analysis of Caritas Portuguesa becomes essential
because of its historical significance and its current role in addressing evolving poverty patterns
and social weaknesses and community strength. The thesis requires an accurate introduction to

Céritas Portuguesa because it establishes the institutional context needed for future analysis.

Social requirements in Portugal have developed into more complex issues throughout the previous
several decades. The combination of economic downturns with increasing expenses and population
changes and migration patterns and environmental threats requires social protection systems to
achieve both close relationships and flexible responses and unified coordination. The nationwide
institution Caritas Portuguesa leads local network activation through its national framework which
supports international partnerships. The organization maintains its effectiveness through its
extensive reach and decentralized system and established reputation which enables it to deliver

transparent interventions that fulfill social objectives.

Historical Emergence and Institutional Identity

Caritas Portuguesa established itself in 1956 during a period when Portugal lacked sufficient
welfare programs, and its citizens faced widespread poverty in both rural and urban areas
while lacking access to public social services. The institution began as a national charity
initiative grounded in Catholic Church traditions to support marginalized groups. It was created

to organize



charitable work, establish a system for diocesan coordination, and strengthen the Church’s
capacity

to respond to emergencies and persistent social challenges.

The entity bases its identity on Catholic teachings about caritas, which require practical
expression through solidarity and service to promote human dignity. It stands apart from
secular service organizations because its foundation is rooted in Catholic principles. Its work is
guided by religious teachings that define charity as an essential aspect of Christian life and a
catalyst for social transformation.

Caritas emphasizes in its official documents that it supports the Church’s mission by helping
build caring communities that protect vulnerable people, advocate for justice, and promote the
dignity of every person. Caritas Portuguesa functions as a social sector institution operating
under both ecclesiastical and civic frameworks.

Over time, the entity has strengthened its operational capabilities through professionalization
and expanded its service range to address emerging patterns of poverty and social fragility. It
upholds its ethical foundations through its dual role as a religious institution and a civic actor,

allowing it to collaborate with public bodies, private organizations, and international partners.

Organizational Structure and Governance Model

Céritas Portuguesa operates through several organizational levels that combine national
coordination with local autonomy. The governance model follows the principle of subsidiarity

because it supports decision making at the level that is closest to those who require assistance.



The national office acts as the central institution that brings together the twenty diocesan Céritas
structures. It prepares national activity plans, maintains relations with the Conferéncia Episcopal
Portuguesa, represents Portugal within Caritas Internationalis and Caritas Europa, and supports
communication across dioceses. Although the national office promotes coherence in administrative
matters such as training and general project management procedures, its responsibilities do not
include defining technical data concepts or creating formal data rules. These areas remain
uncoordinated across dioceses, which is consistent with findings that Céritas has an established
organizational governance system but does not have a formal structure dedicated to data

governance.

The governance model relies on four statutory bodies: the National Board, the General Council,
the Permanent Commission, and the Fiscal Council. These bodies carry out tasks related to
institutional planning, oversight, representation, and compliance. Their scope concerns overall
organizational administration rather than data management. This means that authority over data

processes is not formally assigned at the national level.

Each of the twenty Caritas Diocesanas operates with legal and canonical autonomy. This autonomy
allows each diocese to adapt national orientations to its own context and develop programs that
match local circumstances. However, it also contributes to variation in data practices because
dioceses manage AidHound data independently. There is no national system that harmonizes these

procedures.

At the local level, Céaritas Paroquiais units and parish groups maintain community presence. They
identify needs, provide immediate forms of assistance, and refer more complex cases to diocesan

services. Their proximity to communities strengthens the local dimension of Caritas but also results



in diverse data routines, since information is recorded according to the practices of each parish and

diocese.

This governance model supports national coordination while allowing dioceses and parishes to
address local needs. At the same time, the absence of formal data governance explains why Céritas
has well-defined organizational bodies without a unified approach to data definitions or data

management.

The IV Strategic Framework

The 1V Strategic Framework for 2024-2030 serves as the current strategic direction of Caritas
Portuguesa. The institution uses this framework to achieve its mission through a long-term strategy
which adapts to Portugal's social and economic changes and international developments. The
framework establishes a systematic structure for planning activities, resource distribution, and
performance assessment. Caritas bases its first strategic objective on developing a unified method
to achieve Integral Human Development through multiple approaches. The entity works to improve
its ability to detect and handle various poverty forms while building ecological sustainability and
developing emergency readiness systems. The institution dedicates itself to addressing both urgent

requirements and the fundamental elements which create vulnerability.

Caritas dedicates its second strategic objective to building up its network structure. The entity
works to strengthen diocesan partnerships while developing shared spiritual values, deepening
organizational unity, and promoting synodality which enables Church members to listen and
participate in collective decision-making. The network development process receives support from

training programs and successful practice-sharing initiatives.



The institution focuses on sustainability and transformation as its third strategic objective. It works
to develop effective leadership through younger generations while seeking diverse funding sources
and implementing governance standards in its operations. Digital transformation has become its
fundamental element for organizational growth. The framework recognizes that social
organizations need to master technological change to stay effective and transparent while
maintaining coherence in today's fast-paced environment. The strategic framework functions as a
directional tool which leads Céritas Portuguesa operations while preserving its mission throughout

social changes.

Main Areas of Intervention

Caéritas Portuguesa delivers its services through multiple intervention areas which address the
various social requirements of Portugal and delivers preventive and remedial and transformative
services to its clients. Social intervention stands as the main focus of its operational activities.
Caritas organizations in diocesan and parish areas deliver assistance to families dealing with
economic problems and food shortages and housing problems and multiple sources of stress. The
organization provides individualized social support through trained professionals who create
personalized plans to help clients access public and community resources. Caritas Portuguesa
supports elderly people who experience social isolation and financial challenges and dependency

while running programs to enhance social connections in both urban and rural areas.

Furthermore, it provides humanitarian assistance through its domestic social intervention
programs. The entity activates its disaster response system to help families in need while joining
international emergency relief efforts through Caritas Internationalis. This demonstrates its

dedication to help people in need through its international humanitarian work.



Céritas dedicates resources to educational programs and institutional growth initiatives. The
organization runs training sessions for staff members and volunteers while sharing methodological
resources and establishing thematic practice communities for employability and senior support and
migration programs. The training programs at the organization teach staff members both practical

skills and ethical and spiritual service principles to maintain network unity.

The organization maintains international cooperation as one of its essential activities and works
with multiple countries to execute development projects which focus on food security and
psychosocial care and community development. The institution supports these international
partnerships through national and international funding which helps build stronger civil society

organizations worldwide.

The Observatério Caritas conducts social research to generate reports which track poverty and
exclusion patterns and provide data for internal planning and public discussions. The research
activities of the organization help it better understand new social problems while enabling its

participation in European and national policy discussions.

As Caritas Portuguesa continues to expand its interventions and manage its social programs, the
organization faces several challenges in handling vast amounts of sensitive data while maintaining
accountability and transparency. Ensuring trust among beneficiaries, donors, and partner
institutions requires ethical management of information as well as the adoption of technologies that

respect privacy of individuals and support informed decision-making. In this

context, integrating human-centered Al systems can be critical in enhancing operational efficiency,
providing insights, and supporting staff and volunteers through intelligent tools. Addressing issues

such as Al literacy, trust, transparency, and data privacy is therefore essential for Caritas to



Group Part

8. GDPR in a Social Context

Data has become a central part of today’s world, leaving behind digital traces with nearly every
action, interaction, or transaction. These data trails are stored, analyzed, and often used for
commercial purposes, from profiling behavior to predicting actions, rather than improving society
in more meaningful ways (Saqr, 2024). In order to address the growing privacy and ethical
concerns, the European Union introduced the General Data Protection Regulation (GDPR),
adopted in 2016 and put in action in May 2018. The regulation aims to protect individual rights,
uphold ethical data use, and harmonize privacy standards across public and private sectors,
including finance, healthcare, research, and digital services (Saqr, 2024). GDPR’s influence has
extended globally, inspiring countries such as Japan, South Korea, Kenya, Chile, and Argentina to

adopt similar privacy frameworks.

Our client, Caritas routinely processes highly sensitive personal data related to health, housing,
migration status, financial hardship, and family conditions in order to design and deliver targeted
social support. As the organization increasingly explores digital tools to improve its operations, the
risks associated with data misuse, profiling, and automated decision-making become important. In
this context, GDPR functions as both a protective shield for beneficiaries and a guiding framework

for Céritas to ensure that innovation remains aligned with the value needed to protect individuals.

The GDPR is built on strong principles such as lawfulness, transparency, purpose limitation, data
minimisation, fairness, and accountability (Voigt & VVon dem Bussche, 2017). It also grants people
concrete rights: the right to access their data, correct it, erase it, restrict processing, and object to
automated decision-making (Kuner, 2020). This legal framework actually came into life before the

modern Al innovation, but it plays a central role in regulating how Al systems use and process
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personal data. Many discussions on Al governance in Europe start from the assumption that GDPR

is still the backbone of data protection in an Al-driven environment (Sartor, 2020).

Today, several apps rely heavily on personal data. On one hand, personal information is often used
to train machine-learning models. On the other hand, those same models are then applied to new
personal data to make predictions or decisions about individuals. Al uses almost any kind of
personal information, whether it is behavioural, biometric, social, or even just inferred to predict
patterns or produce insights. This turns personal data, and the insights derived from it, into valuable

assets (Sartor, 2020).

Al also automated decision-making much easier in areas that traditionally required human
judgment, combining many variables and criteria. In several domains, automated decisions can be
more consistent, cheaper, or even more accurate than human decisions because machines do not
suffer from cognitive biases. However, it would be incorrect to say that these systems do not make
mistakes. Al systems can sometimes rely on existing social inequalities for judgement, or, amplify
biased training data, or create new forms of discrimination. This leads us to concerns about
surveillance, manipulation, and a broader shift toward what is now called “surveillance capitalism”

or even a “surveillance state” (Zuboff, 2019).

Zuboff (2019) defines surveillance capitalism as an economic system that turns human experience
into data that can be monitored, analysed, and even sold to third parties for profit. Instead of relying
on physical labour to generate money, this new model, adopted by big tech companies, extracts
value directly from people’s personal lives, namely tracking every single action that they do in
order to monetize it. The model keeps recording what people click on, where they go, who they

talk to, and even what they might think or feel. Companies collect behavioural traces, often without
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clear consent, and feed them into predictive models designed to forecast and influence future
behaviour. In this sense, surveillance capitalism is not just a business strategy but rather a form of
power that grows by knowing individuals better than they know themselves and producing accurate
information about them. Zuboff (2019) also argues that this creates a massive imbalance:
companies know more about us than we know about them, and this imbalance allows them to shape

choices and dictate actions.

This perspective points directly into GDPR values, because this regulation was created to address
exactly these risks. The GDPR’s core principles, which are transparency, purpose limitation,
minimisation, and accountability, push back against the idea that companies can collect unlimited
amounts of data simply because it is profitable or technologically feasible. Under GDPR,
organisations must justify every purpose for which they process personal data, show that
individuals understand what is happening, and limit data collection to what is strictly necessary.
These rules that companies must follow under GDPR are not consistent with the approach that they
are now taking, which is to collect as much information as possible for potential later use, or even

for monetization purposes (Sartor, 2020; Zuboff, 2019).

In addition to that, GDPR gives control to individuals on how their data is used. It gives them the
exclusive right to access, delete, or challenge the processing of their data, and it places strict limits
on automated decision-making. In truth, the GDPR regulations cannot overthrow surveillance
capitalism but they act as a counterforce by setting legal and ethical boundaries in a world that

naturally pushes toward ever more digital control over our lives.

9. Al Under the GDPR

Although the GDPR does not explicitly treat Al or mention it as a potential threat to how personal
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data is used,, many of its rules implicitly apply to Al systems. There is a natural tension between
GDPR principles, like purpose limitation, data minimisation, and restrictions on automated
decisions, and the realities of Al that we see on a daily basis, which thrive on large, flexible datasets

used to train models and improve performance (Sartor, 2020).

However, we can manage these tensions intelligently. For example, purpose limitation, which
states that the data can only be used for the original purpose for which it was collected, can be
applied flexibly: data can sometimes be reused if the new purpose is compatible with the original
one. Also, data minimisation does not always mean using fewer data points. It can also mean
reducing identifiability through data anonymization techniques. However, information obligations
still apply because individuals have to understand what the system does and why their data is

processed despite the complexity of these Al systems.

Furthermore, profiling and automated decision-making are allowed when certain safeguards are
present, even though there is still debate about how much explanation organisations must provide
to the user. However, privacy is by default a must-have feature in Al systems, otherwise, personal

data is at risk and companies might be in violation of GDPR.

10. The Problem of Data Inference

Data inference can be defined as a data security threat in which valuable information about
individuals can be inferred from data acquired by the system, even if this data was not directly
collected (Wang et al., 2025). For example, retail stores can infer information about customers’

age, income level, or interests based on their shopping history.

Over time, this kind of threat has grown to a high degree, particularly in the age of artificial
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intelligence. One example is the Cambridge Analytica scandal in 2014, when several information
such as personality traits and political preferences of millions of Facebook users were drawn from
psychological tests, allowing for targeted advertising during the US presidential elections in 2016.
More recently in 2022, DiDi Global, a giant ride-hailing company in China, was fined over 1.2
billion USD by Chinese authorities for the illegal collection and inference of user travel patterns,
highlighting that such threats are not just theoretical but have concrete consequences today (Wang

et al., 2025).

Data inference can be grouped into three types. State inference, which uses real-time and dynamic
data to predict the current states of targets, such as vehicle movements for location, or social
behaviors for recommendations. Parameter inference relies on long-term data to deduce deeper
information like personality traits Finally, joint inference combines both approaches, enabling
simultaneous insights into dynamic behaviors and static attributes. Wang argues that although there
is extensive research that focuses on specific theoretical problems around data inference, this
narrow focus tends to underestimate the broader risks and complexity of inference threats in real-
world situations, especially today in the artificial intelligence era. Moreover, since traditional data
security frameworks often evaluate only the instant value of the data itself, like guessing a password
or decrypting a bank account credentials, the risks of inference attacks, which is data that can be

collected beyond what we have in our hands, are often overlooked (Wang et al., 2025).

There are three potential factors limiting the effectiveness of traditional inference methods,
according to Wang (2025). Firstly, data heterogeneity presents a challenge because information
collected from different sources can be in different formats and quality, making it difficult to
combine and to detect hidden relationships. Secondly, the ambiguity of data relationships, and the

fact that two pieces of data may seem distinct, makes it hard to draw links between the data and
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consequently make inferences. Finally, the complexity of inference increases proportionally as the
number of data categories increases, making it challenging to explore all possible links between
the data points. These technical obstacles have always presented real challenges, shaping data-
protection frameworks that assume conventional inference methods cannot fully overcome these
obstacles. However, Al systems are actually starting to challenge these obstacles, since they are

now able to infer better and more accurate insights with improved efficiency.

11. The Modern Challenges of GDPR and Atrtificial Intelligence

There are several challenges that have been discussed in research papers about the implementation

of GDPR principles, and how they can possibly collide with Al systems.

Data minimization is a principle under GDPR that requires organizations to collect, process, and
store only the personal data that is strictly necessary for a specific purpose (Yang et al., 2025). The
aim is to reduce privacy risks such as unlawful use of data, unauthorized access, and data breaches
by limiting exposure in the first place (Ganesh et al., 2025). Although this principle is widely
followed by global regulations along with GDPR such as CPRA, and LGPD, its practical
implementation remains challenging because the principle is still lacking a clear picture about
where data minimization ends and how we can establish a framework for Al systems to take into

consideration this principle (Ganesh et al., 2025).

Garnish (2025) argues that current debate about data minimization ignores two key points: first of
all, data minimization is a principle applied at an individual level. This means that a data point that
is deemed irrelevant for one person could be crucial for another, and secondly, minimization is
closely linked to privacy risks, especially risks associated with re-identification attacks. This means

that the more data we have about an individual, the easier it becomes to identify them (Ganesh et
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al., 2025).

This research about data minimization also reviews regulatory foundations and identifies two
pillars: purpose limitation (data must be collected only for a clear, specific purpose and used only
for that purpose) and data relevance (we can only keep the data that is truly necessary for the
purpose). In machine learning, this translates to selecting only the data that helps the performance

of the model while ignoring the rest (Ganesh, 2025).

The authors highlight three major implications. First, data minimization is by default individualized
because different individuals require different types or amounts of information. For example, loan
applications in banks usually rely on income, job history, job security, and possibly other
information which may or may not be relevant based on each person’s application. Secondly,
minimization depends on the data, especially in situations where companies select relevant
attributes from already collected large datasets. Thirdly, while regulations such as GDPR implicitly
assume that minimization improves privacy, this assumption is not always realistic, simply because
datasets often contain correlations between attributes. Therefore, removing a feature does not

always prevent data inference through reconstruction techniques (Ganesh et al., 2025).

Diana Camdes (2024), in her paper entitled “The Challenges of the GDPR in the Era of Artificial
Intelligence: What Can We Expect From the Future?”, believes that the GDPR remains the
fundamental legal framework for protecting people’s data even after the introduction of the
European Union’s Al Act in 2024. Camdes (2024) argues that although the Al Act adds a new
modern layer to the regulatory landscape by specifically addressing risks posed by Al systems, it
does not replace the original framework or the baseline, that is GDPR. Instead, the two legal bases

operate together, sometimes harmoniously and sometimes in tension, depending on the type of the
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Al system and the data in question.

Camdes (2024) also believes that one of the key challenges today is determining when each law
applies. If an Al system processes personal data, for example in credit scoring, hiring, or
algorithmic profiling, then both the GDPR and the Al Act must be respected simultaneously. If the
system uses no personal data at all, then only the Al act is in place. In the same manner, some
research or academic literature may fall outside the Al Act but remains fully covered by the GDPR
in the case of studies conducted on people. This shows that the modern regulatory ecosystem is

complex and also proves the difficulty of ensuring consistent protection across different use cases.

In her paper, Camdes (2024) focuses deeply on Article 22 of the GDPR, which regulates decisions
made solely through automated processing that have legal or significant effects on individuals.
According to the article, people have the right to not be subject to decisions made exclusively by
automated processing if such processing will have a significant impact in their lives (Barbosa &

Félix, 2022).

There has been extensive debate on whether Article 22 should be interpreted as a right by which
individuals can object to automated processing, or a prohibition that restricts companies by default
unless specific conditions are met. Camdes (2024) suggests that Article 22 is fundamentally a
general prohibition against fully automated decision-making. This interpretation significantly
enhances user protection because it places the burden on companies that are required to justify the

use of automated decisions, and ensures safeguards like human intervention whenever necessary.

In 2023, the Court of Justice of the European Union ruled that automated decisions with significant
effects fall under Article 22 and are considered lawful only if one of the three exceptions applies:

contractual necessity, explicit consent, or a specific legal authorization (Camdes, 2024). The author
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considers this judgment a major milestone because it reinforces a strict interpretation of Article 22
at a time when Al systems are becoming more complex. The ruling emphasises that individuals
must not be subject to invisible or algorithmic evaluations that are difficult to challenge, and that

organisations must design Al processes with transparency and accountability in mind.

Despite its broad reach and ambitious goals, GDPR has proven challenging to interpret and

implement. Organizations must comply with detailed requirements, including maintaining

records of processing activities, notifying breaches, appointing data protection officers, and
adhering to ambiguous concepts such as “undue delay” or “disproportionate effort” (Saqr, 2024).
These clauses often allow for varying interpretations, as seen when Facebook delayed breach

notifications for nearly two months while claiming compliance (Saqr, 2024).

High-profile enforcement actions highlight GDPR’s authority, but fines often fail to deter large
corporations. Amazon was fined 877 million Euros in 2021 for cookie policy violations, while
Meta and Google faced hundreds of millions in penalties for breaches involving WhatsApp,
YouTube, and other services (Saqr, 2024). Compounding the issue, enforcement is slowed by
limited resources, legal complexities, and the increasing volume of complaints, leaving many

unresolved since GDPR’s inception.

Saqgr (2024) believes that these challenges do not mean that GDPR itself is failing, but they show
how complex it is to apply privacy rules in data-heavy environments. For an organization like
Céritas, this highlights the need for tools that can handle data responsibly while helping them work

more efficiently and ethically.
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Enabling Al adoption in federated nonprofit organizations requires addressing multiple
interdependent challenges simultaneously. Recognizing this complexity, our research team
collaborated to develop a comprehensive Al enablement roadmap for Caritas Portugal, a federation

of 20 legally autonomous dioceses.

Through engagement with Caritas leadership via exploratory meetings and collaborative
assessment, we evaluated the organization's current state across these dimensions while developing

integrated recommendations.

This section presents our team's validation of the data governance framework and its application to
Caritas Portugal. While other team members addressed technical architecture, -ethical
considerations, and implementation planning, this component examines the governance
foundations that enable Al adoption, assessing Caritas's current governance maturity and validating

whether the adapted framework accurately diagnoses readiness in federated nonprofit contexts.

1. Preliminary Framework Application

1.1 Validation Approach

This section presents a preliminary application of the framework to Caritas Portugal rather than
comprehensive empirical validation. Given time constraints inherent in the Field Lab format, the
assessment demonstrates the framework's diagnostic utility while acknowledging methodological

limitations that future research must address.
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The Caritas assessment draws on two semi-structured interviews with national coordination
leadership conducted in September and October 2025, supplemented by review of organizational
documentation including the AidHound platform structure and internal reports. This data collection
strategy enabled evaluation of federation-level governance structures, which represent the primary
diagnostic criteria for maturity assessment. The presence or absence of Tier 1 coordination
mechanisms, documented federation-wide standards, and systematic quality monitoring processes
can be definitively established through central leadership interviews, as these structures would
necessarily be visible to national coordination. However, this national-level assessment cannot
speak to operational realities within individual dioceses, informal coordination mechanisms at
regional levels, or actual data collection practices across the 20 autonomous entities.
Comprehensive validation would require diocese-level interviews, observation of data
management processes, and quantitative quality assessment across the federation.

Within these constraints, the assessment establishes that Caritas lacks documented federation-wide
standards, operates without a formal governance council, and has no systematic quality monitoring
processes. These absences constitute Level 1 maturity regardless of diocese-level variations. This
application serves as proof-of-concept that the framework provides diagnostic utility while leaving

implementation feasibility, timeline accuracy, and generalizability for future empirical testing.

1.2 Framework Positioning

The adapted framework builds on established data governance principles while adapting them for
nonprofit contexts where hierarchical enforcement is unavailable. The three-tier architecture adapts
corporate federated governance concepts (Alation, 2025; Khatri & Brown, 2010) for voluntary
coordination rather than mandated compliance, a distinction validated through the Caritas

assessment where dioceses operate as legally independent entities with no hierarchical relationship
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to national coordination. The maturity model addresses technical requirements for successful Al
implementation identified by Miller et al. (2025) and Saeed et al. (2025), who emphasize that
federated systems require standardized schemas while avoiding data heterogeneity that degrades
model performance. The framework's progression from Level 1 heterogeneity to Level 3

standardization systematically addresses these technical prerequisites.

The framework differs from corporate models that assume hierarchical authority and financial
incentives, relying instead on value-based participation incentives appropriate for mission-driven
organizations. Unlike centralized nonprofit governance guidance (NetHope, 2025) that assumes
unified organizational structures, this framework explicitly addresses legal independence of entities
and designs coordination mechanisms appropriate for autonomous organizations. The Caritas case
confirmed that generic guidance proved inadequate for federated structures, requiring the
specificity that the three-tier architecture provides while maintaining necessary flexibility. The
framework also addresses nonprofit-specific constraints identified by TechSoup and Tapp Network
(2025): 76% of nonprofits lack Al strategy and only 6% have internal expertise. These constraints
informed the framework'’s phased 24-month roadmap and emphasis on basic standardization before

technical integration.
1.3 Application to Caritas Portugal

Project Context and Assessment Methodology:

This framework application was conducted as part of a field lab engagement developing a data and
Al enablement strategy for Caritas Portugal, a federated nonprofit comprising 20 legally
autonomous dioceses operating under shared mission. Assessment occurred through structured

interviews with national Caritas leadership utilizing the evaluation methodology outlined in

79



Group Part

Section 3.3's self-assessment framework, focusing on the four key dimensions: infrastructure,

standards, quality management, and governance structures.
Current State Assessment:

Caritas Portugal presents a critical disconnect between technical infrastructure and governance
maturity. The organization has implemented a third-party data management platform (AidHound)
with standardized forms deployed across all 20 dioceses, suggesting technical infrastructure
capabilities associated with Level 2-3 maturity. However, detailed operational assessment reveals

fundamental governance deficiencies that conclusively place Caritas at Level 1 maturity.

Infrastructure Assessment:

While technical integration exists through AidHound, the data aggregation process exhibits
fundamental quality issues. Data flows from individual dioceses to the central office where it
undergoes a second aggregation process, creating compounding risks of quality degradation at each
transformation stage. More critically, while data cleaning occurs within this pipeline, national
coordination cannot identify who performs this function or what procedures govern the process.
This represents complete absence of governance oversight for mission-critical data quality
activities. When evaluated against the self-assessment framework's infrastructure dimension,
Caritas demonstrates "some integration” (Level 2 indicator) but cannot reliably aggregate data due

to unknown cleaning procedures and double-aggregation inconsistencies.

Standards Assessment:

Assessment revealed complete absence of standardized data definitions across the federation. No

documented definitions exist for core concepts such as "beneficiary," "emergency assistance," or
"service type." Different dioceses interpret these fundamental terms inconsistently, making cross-
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diocese data aggregation unreliable despite technical integration. The centralized dashboard
represents the "common denominator” data elements all dioceses report, but no federation-wide
standards mandate what data must be collected or how it should be defined. This finding directly
validates the framework’'s emphasis on semantic consistency as prerequisite for federated Al
applications. Caritas's lack of standardization creates exactly the "data heterogeneity” that
"degrades model performance" (Saeed et al., 2025). Against the standards dimension, Caritas falls

clearly into Level 1: no documentation of core definitions.

Quality Management Assessment:

No systematic data quality monitoring exists within the federation. Quality issues are discovered
reactively when they cause operational problems rather than through proactive monitoring
processes. No defined metrics assess accuracy, completeness, or consistency. The unknown data
cleaning procedures compound this challenge, quality management cannot occur without visibility
into quality processes. Additionally, no impact analysis utilizes the collected data, representing
fundamental failure to leverage data for organizational learning or evidence-based decision-
making. Against the quality dimension, Caritas clearly demonstrates Level 1 characteristics:

reactive-only quality management with no proactive monitoring.
Governance Structure Assessment:

Assessment revealed absence of formal governance structures coordinating data management
across dioceses. No federation council establishes standards (Tier 1 coordination absent), no
regional working groups facilitate peer learning (Tier 2 coordination absent), and while individual
dioceses maintain local control (Tier 3 autonomy exists by default), this operates without

coordination mechanisms or minimum standards. Decision rights remain undefined: no clear
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authority determines what data should be collected, how terms should be defined, or what quality

standards apply.

Maturity Level Determination:

Despite technical infrastructure suggesting Level 2-3 capabilities, operational assessment
conclusively places Caritas Portugal at Level 1 maturity. The organization exhibits all defining
characteristics: data managed without formal coordination processes, no standardization of
definitions across autonomous entities, no quality monitoring beyond reactive error correction, and
absence of governance structures or defined decision rights.

This assessment validates a critical framework insight: technical infrastructure does not equal
governance maturity. Organizations can possess sophisticated platforms while remaining at Level
1 if they lack the governance structures, standardized processes, and quality management that
enable effective data utilization. Caritas exemplifies this disconnect, AidHound provides technical
capability, but absence of governance prevents its effective deployment for Al applications or even

basic federation-wide analytics.
Discussion

2.1 Theoretical Contribution

This research makes three theoretical contributions to data governance and nonprofit management
literature.

First, it extends federated data governance theory from corporate to nonprofit contexts,
demonstrating how governance frameworks must adapt when hierarchical enforcement and
financial incentives are unavailable. While Alation (2025) and others have established federated

governance principles, they assume organizational contexts fundamentally different from
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nonprofits. This research shows that federated governance in nonprofits requires explicit design for
voluntary coordination, consensus-based decision-making, and mission-driven rather than profit-
driven incentives. The three-tier architecture operationalizes these adaptations, providing a model
for future research on governance in decentralized mission-driven organizations.

Second, the research addresses a critical gap by connecting data governance frameworks to Al
readiness requirements in federated contexts. Existing Al readiness literature (Hiniduma et al.,
2024; Saeed et al., 2025; Miller et al., 2025) identifies technical data requirements but does not
address how federated organizations can achieve these requirements across autonomous entities.
This framework bridges these literatures, demonstrating how governance structures can
systematically address technical requirements like semantic consistency, data quality thresholds,
and sufficient data availability in federated contexts.

Third, the five-level maturity model provides a practical assessment tool for federated nonprofits,
filling a methodological gap in the literature. While maturity models exist for centralized
organizations (DAMA International, 2017), few address federated structures, and none specifically
address Al readiness in nonprofit contexts. This model enables both assessment and planning,

making abstract concepts like "data quality” and "governance maturity" concrete and measurable.

2.2 Practical Implications

For nonprofit practitioners, this adapted framework provides actionable guidance for Al
preparation that has been largely absent from the field.

The framework resolves a critical challenge facing federated nonprofits: how to achieve sufficient
data standardization for Al while respecting entity autonomy. The three-tier architecture shows that
this is not an either or choice but a matter of clearly delineating decision rights. Central coordination

can establish minimum standards enabling Al applications without controlling local operations.
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Regional coordination can facilitate voluntary learning without imposing uniformity. Local entities
can maintain operational control while benefiting from federation-wide Al capabilities.

The maturity model provides realistic expectations about Al readiness timelines. The TechSoup
and Tapp Network (2025) finding that only 7.4% of nonprofits have successfully adopted Al
reflects, in part, organizations attempting Al without adequate data foundations. By clearly defining
Level 3 as the minimum threshold and providing a 24-month roadmap to reach it, the framework
helps organizations avoid premature implementation that wastes limited resources.

The framework also addresses resource constraints realistically. Phase 1 requires no technical
infrastructure, only governance structure establishment and definition development—activities
feasible even for small nonprofits with limited budgets. Phase 2 introduces quality monitoring and
templates, requiring some investment but not sophisticated technology. Only Phase 3 requires
substantial technical investment, and by this point organizations have 12 months of governance

maturity demonstrating commitment and feasibility.

2.3 Limitations

Several significant limitations must be acknowledged. Most fundamentally, the framework
presents theoretically-grounded guidance with preliminary application rather than rigorous
empirical validation. The Caritas assessment relied on two interviews with national leadership and
organizational documentation review, providing visibility into federation-level governance
structures but limited insight into diocese-level operations, informal coordination mechanisms, or
practitioners' lived experience. The Level 1 finding reflects observable absence of formal
mechanisms at the national level but cannot comprehensively characterize the federation's full

governance landscape.
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Comprehensive validation would require longitudinal case studies following multiple federations
through implementation to test the 24-month timeline and maturity progression, cross-
organizational comparison to establish generalizability, and diocese-level data collection to
validate whether federation-level assessments reflect entity realities. Such work represents a multi-
year research agenda beyond master's thesis scope but essential for establishing empirical
soundness.

The framework assumes baseline organizational capacity that resource-constrained federations
may lack and focuses narrowly on governance structures without deeply engaging change
management challenges, organizational culture barriers, or political dynamics of voluntary
coordination among autonomous entities. While this framework addresses governance
prerequisites for Al implementation, it does not substantively engage Al ethics, algorithmic
fairness, or responsible Al considerations for organizations serving vulnerable populations,
dimensions addressed by other team members in the collaborative project. The framework's value
lies in providing theoretically-sound structural guidance for an under-addressed problem while
acknowledging substantial empirical work remains necessary to validate practical utility and refine

implementation guidance.

2.4 Future Research Directions

This research opens several avenues for future investigation. Empirical validation studies
implementing this framework across multiple federated nonprofits would provide crucial insights
into actual implementation challenges, realistic timelines, and necessary adaptations. Comparative
research examining how different organizational characteristics affect governance implementation
success would enable more targeted adaptation guidance. Integration research connecting this data

governance framework to Al ethics frameworks would provide comprehensive guidance for
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responsible Al implementation. Tool development research creating practical implementation
resources would lower barriers to adoption. Cross-sector research examining framework

applicability to other federated structures would test broader applicability.

Conclusion on Data Governance

Federated nonprofit organizations face critical Al implementation challenges due to data
fragmentation and inconsistent governance. This research adapts established data governance
frameworks (Alation, 2024; DAMA International, 2017; Khatri & Brown, 2010; Miller et al., 2025;
Saeed et al., 2025) to design a comprehensive framework for voluntary, consensus-based
coordination in federated contexts. The framework's three-tier architecture and five-level maturity
model provide a practical implementation path.

Application to Caritas Portugal validated the framework's core insight: technical infrastructure does
not equal governance maturity, and this disconnect is the primary barrier to Al readiness. The
significance extends beyond operational considerations, federated nonprofits serve vulnerable
populations and deploying Al on inadequate data foundations risks harm through biased predictions
or inequitable resource allocation. By establishing governance prerequisites through framework
adaptation, this research enables responsible Al deployment that upholds the dignity and rights of

those served.
Overview of Caritas Portuguesa’s Data and Al Challenges

Caéritas Portuguesa is at an intriguing turning point. On paper, it already has a contemporary data
platform (AidHound) distributed across all 20 dioceses, indicating some degree of digital maturity.
In practice, however, after some interviews we had with their data sector team they continue to

operate with severely fragmented data practices: there are no standard definitions for essential
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concepts, no institutional governing body for data, and no regular data quality monitoring. As a
result, while possessing infrastructure that seems to be in Levels 2-3, the company is classified as

Level 1 - Ad Hoc according to our maturity model.

This mismatch between infrastructure and governance is not limited to Céritas. Data governance
research emphasizes that technology alone does not provide data value. Organizations must also
establish who has decision-making authority over data, how standards are developed, and who is
accountable for quality (Khatri & Brown, 2010). When these components are lacking, data is
viewed as a byproduct of activities rather than a controlled asset. That is exactly the pattern found
at Caritas: data flows exist, but the organization has yet to formalize who owns definitions, who

may update forms, and how quality concerns are handled.
1.1 Al, Data, and Nonprofits: The Broader Picture

Caritas's challenges are part of a larger trend in the charity sector. According to TechSoup and
Tapp Network's 2025 "State of Al in Nonprofits" benchmark assessment, over 80% of nonprofits
are using or exploring Al tools, but only about a quarter have a formal Al strategy (DiGiovanni,
2025). Many are experimenting with Al but lack clear governance, ethical guidelines, and internal
expertise, creating an “Al governance gap” between experimentation and responsible use.
Initiatives like NOVA SBE’s Social Sector Database and Leadership for Impact Knowledge Center
demonstrate how data is being positioned as a foundation for social impact (NOVA SBE
Leadership for Impact, 2017; Nova School of Business and Economics, 2020). Caritas operates in
this evolving landscape but, from an internal governance standpoint, still functions at a
foundational level. The following analysis details the specific data and Al challenges identified

within this context.
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Our team’s diagnostic assessment (Section 4.3) confirmed that Céritas, while possessing a modern
data platform, lacks the governance structures needed to translate data into strategic value. This
insight directly informed our objective: to develop a Proof-of-Concept application that addresses
these gaps by enhancing data utility and embedding responsible Al principles into the user

workflow.

1.2 Why These Challenges Matter for Al Implementation

Al and these governance gaps are fundamentally linked. Evidence from federated learning shows
that data heterogeneity and inconsistent quality, such as that found at Céritas, compromise model
performance and risk biased outcomes. Simultaneously, the sector-wide “Al governance gap”
increases the likelihood of deploying tools that are misaligned with organizational values or that
expose vulnerable beneficiaries to unfair decisions (DiGiovanni, 2025). For an organization like
Caritas operating in welfare support, this is not only an operational risk but a legal one: the EU Al
Act classifies such systems as ‘high-risk,” necessitating robust governance to ensure compliance
(Lomba & Roldao, 2025). Beyond compliance, deploying Al without guardrails risks undermining
the values of justice, dignity, and fairness that international principles for trustworthy Al are
designed to protect (OECD, 2019). This underscores a core lesson from data governance literature:
without explicit decision rights, standards, and accountability frameworks, Al initiatives are prone
to ethical and operational failure (Khatri & Brown, 2010; Bento, 2021; Van Grembergen et al.,
2004). The remainder of this section outlines targeted strategies to address these gaps and build a

responsible foundation for Al adoption.

2. Improving Communication and Governance
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The lack of a defined governance structure that is applicable to all dioceses is a problem for Céritas
Portuguesa's present data practices. Although the organization has technological tools in place,
there isn't a structured entity in charge of setting data standards, organizing data quality procedures,
or making sure dioceses utilize and interpret data consistently. This kind of gap tends to cause long-
term fragmentation in federated organizations since each independent unit develops its own
procedures, terminology, and priorities. Over time, these variances complicate coordination and
skew aggregated analysis. According to governance studies, coherence in decentralized systems
requires regular communication channels, shared decision-making powers, and predictable
structures (Khatri & Brown, 2010). These ideas clearly apply to Caritas, where autonomy is crucial
yet coordination is becoming more and more important for data-driven work and the use of Al in

the future.

2.1 Federation Data Governance Council (Level 1)

Establishing a Federation Data Governance Council (FDGC) is a useful first step for Caritas. It is
not necessary for this entity to be big or bureaucratic. It only has to be acknowledged as the body

in charge of making decisions that have an impact on every diocese.

Composition:

A rotating group of diocesan members and representatives from national coordination should serve
on the council. This guarantees that all members see government as something that is co-created

rather than something that is imposed from above, and that smaller dioceses are not left out.
Mandate and responsibilities

The FDGC would have the authority to make decisions regarding:
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- establishing and upholding fundamental data definitions utilized throughout the federation.

- establishing minimal requirements for data quality in important domains.

- verifying any modifications made to data gathering templates.

- setting guidelines for sharing and accessing data.

- supervising the creation of Céritas's acceptable-use policies and Al strategy.

Functioning as a coordinating body, the FDGC ensures definitional and quality consistency,

preventing drift in line with federated governance principles (Van Grembergen et al., 2004).

2.2 Tier 3 Local Data Stewards

Accountability for data is frequently still implicit at the local level. Formalizing each diocese's

local data steward position offers a clear point of reference without introducing undue bureaucracy.

Definition of a role

The data steward is not an expert in information technology. Coordination is more important in this

role:

- ensuring that employees comprehend the significance of indicators and fields.

- examining data for glaring mistakes before submission.

- taking part in regional gatherings.

-recording local codes or exceptions.
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This is consistent with the larger body of research on data governance, which shows that better data
quality and more successful application of central standards are linked to operational role clarity

(Khatri & Brown, 2010).

2.3 Communication Protocols and Shared Tools

Governance frameworks function only through consistent communication, which can be enabled
by simple, practical tools. A key example is establishing a shared knowledge database: a central
repository for housing essential materials like formal data definitions, process documentation,
policy documents, and training resources. This creates a single, accessible source of truth that
supports consistent practice across the organization. Caritas can keep this central repository that
includes, the data dictionary, documentation for dashboards, guidelines for quality checks and short
explanatory videos, for example. This does not need complicated software. An organized Google

Drive or SharePoint setup could be sufficient.

Any update to the dashboards or forms should be accompanied by a date, description, and action
required. This will prevent misinterpretation and ensure that all dioceses have the same
information. Good governance requires standard communication that can be operationalized

through basic, practical tools-just like a change-log implementation.

Finally, a regular quarterly data forum. A 90-minute online meeting with representatives from
all dioceses-allows the organization to discuss reoccurring difficulties, share improvements from

various dioceses, and present new projects, including Al pilots.

3. Building Data Literacy and Al Awareness
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Céritas Portuguesa cannot go forward with more advanced data practices or appropriate Al usage
until data literacy is improved across the federation. Our online meeting revealed that many
employees are confused about the significance of important fields, lack confidence in reading
dashboards, and frequently regard data entry as an administrative chore rather than a vital
component of service delivery. This is not uncommon in the charity sector: research suggests that
organizations frequently underinvest in staff competencies compared to their objectives for data-
driven work (Van Grembergen et al., 2004). Even well-designed governance mechanisms fail to
affect behavior unless they are accompanied by focused training and explicit explanations of how

data supports the objective.

The idea isn't to turn social workers into analysts. Instead, Caritas requires a foundational level of
common understanding so that employees can enter data accurately, analyze information
consistently, and grasp the ethical implications of Al tools. Building this foundation is critical for
attaining Level 3 of the maturity model, when standardization and governance become operational

rather than theoretical.

3.1 A Three-Level Data Literacy Programme

A planned yet lightweight data literacy training can bring clarity and alleviate anxiety about data
activities. The emphasis should be on practical learning that is directly relevant to Caritas'

environment.
Level 1: Foundations (for all staff)

Staff must grasp what data is and why it matters. Training at this level should include:
- the goal of data collecting in social assistance services
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- fundamental notions including fields, records and time periods.
- common errors and how to avoid them.
- the relationship between reliable data and improved services.

Short sessions with basic examples work well. Many NGOs have seen considerable advantages by

implementing quick, repeated learning rather than lengthy technical seminars.

Level 2: Operational Data Use (for Data Stewards and Coordinators).

For individuals who often work with data, the next step is to establish operational competence.
- reading and Interpreting AidHound Dashboards.

- understanding how indicators are calculated.

- identifying outliers or contradictory values.

- documenting local customs and deviations.

This level assures that each diocese has at least one person capable of connecting everyday

operations with governance requirements.

Level 3: Data for Decision-Making (Management and National
Coordination)

The leadership level is focused on using data for planning and oversight.
- interpreting trends with confidence.

- understanding the limits of available data.
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- using fundamental analytical reasoning.
- raising knowledge of Al principles like prediction, categorization, and model limits.

Senior leadership is important to the long-term success of data culture. When leaders utilize data
to make decisions and speak openly about constraints, staff attitudes frequently change more

rapidly (Bryson et al., 2015).

4. Strengthening Data Foundations: Definitions, Documentation and
Quality

4.1 Clarifying Definitions and Indicators

Céritas faces challenges in advancing beyond basic reporting due to a lack of clarity around key
concepts. Interviews revealed that different dioceses have varying interpretations of terms like
“beneficiary,” “service,” and “emergency assistance.” In a federated structure, these differences
lead to inconsistencies that hinder effective analysis across the organization. Research on data
governance indicates that such variability can adversely affect data quality and compromise the
reliability of future Al applications (Khatri & Brown, 2010). A great way to tackle this would be
by developing a focused federation data dictionary (FDD) for core operational concepts, defining
each with its scope, valid values, and an owner. Also, we could complement this with a dashboard
indicator glossary that explains calculations and limitations on site, reducing confusion and

building trust.
4.2 Documentation Standards for New Fields

To foster a consistent and bright future, we encourage Caritas to implement a straightforward

standard for documenting any new data fields added to AidHound or local forms. Each field should
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define its purpose, include a clear definition, and outline the possible values it can hold. By ensuring
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that only fields that meet this documentation standard receive approval from the governance
council, we can embrace clarity and reduce local variations. This proactive approach will empower

the federation, paving the way for a more unified and effective system.

4.2 Local and Federation-level Quality Assurance

At the local level, dioceses should implement simple review routines, such as a second-person
check before submission, to catch obvious errors and maintain data integrity. Complementing this,
a quarterly federation-wide quality dashboard would enable each diocese to monitor performance
indicators (completeness, error rates, timeliness), fostering transparency, peer awareness, and

targeted improvement across the organization (Bryson et al., 2015).
5. Impact Assessment, Al Risk and Early Use-Cases

5.1 Strengthening Impact Measurement and Al Risk Awareness

Caritas currently collects extensive operational data, but the lack of universal outcome metrics
prevents accurate federation-wide comparisons. Implementing a simple, realistic set of indicators,
such as improvements in basic needs, access to long-term support, or duration of aid, would enable

the organization to consistently measure success and understand beneficiary progress over time.

When discussing impact today, it is impossible to ignore Al. Any organization handling sensitive
social data has to consider the risks that automated tools may create. Even basic systems might
accidentally promote prejudices or affect judgments that should be made entirely by humans. To
avoid this, Céritas requires an established Al Impact and Risk Assessment methodology that
applies to any new Al tools, including informal experiments. This doesn't have to be complex. A

simple survey asking what data the system uses, if it affects vulnerable populations, how human
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control is assured, and what its potential risks are would already put Céritas ahead of many other
NGOs. This form of review is compatible with international guidelines emphasizing openness,

justice, and accountability in Al systems (OECD, 2019).

5.2 Early, Safe Al Use-Cases and a Responsible Path Forward

With these precautions in place, Caritas may begin testing early, low-risk Al use cases. The
simplest and safest apps are those that support rather than replace employees. For example, Al-
generated summaries of case notes can decrease administrative labor while leaving full professional
judgement to humans. Another useful application is anticipating service demand using aggregated,
anonymized data. This helps the federation prepare resources without affecting decisions for
individual beneficiaries. Al can also assist with quality checks, flagging unusual patterns or clear
inconsistencies before reports are completed. These early use-cases allow Caritas to learn how Al

behaves in practice, using controlled scenarios with minimal risk.

By linking impact assessment with Al governance, Caritas builds a responsible path forward. It
avoids the common mistake of rushing into Al without understanding what technology is meant to

achieve or what risks it may introduce.

6. Technical Readiness, Partnerships and a Practical Roadmap

6.1 Stabilizing Infrastructure and Leveraging Partnerships

Technical improvements are necessary, but they should be realistic and aligned with Caritas’s
actual capacity. The most urgent demand is to consolidate data flows so that information flows
smoothly from dioceses to the federation, avoiding needless transformations. Today, some data is

processed twice before reaching the national level, which increases the chance of errors and makes
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the process difficult to understand. Mapping the entire data pipeline and defining one “source of
truth” for federation-wide reporting would resolve many of these issues. Ensuring that each record

contains a consistent beneficiary identifier also supports more reliable analysis over time.

Partnerships are another essential part of technical readiness. Céritas does not need to develop
everything internally. Universities, particularly NOVA SBE, can support training, impact
evaluation and early Al development in a controlled environment. Technology partners can help
improve dashboards, validation rules and secure data storage without taking over the organization’s
autonomy. What matters is establishing clear agreements about data protection and decision-

making so that Caritas remains responsible for the direction of its digital transformation.
6.2 A Sustainable Growth Blueprint

With these foundations in place, Céaritas can implement a straightforward, phased roadmap that is
appropriate for its size and resources. In the short term, the top objective is to create governance
structures, publish the data dictionary, establish minimal documentation requirements, and
implement basic quality checks. The following step focuses on integration: stabilizing the pipeline,
enhancing dashboards, and testing one or two Al tools with close human supervision. The last step
entails growing successful processes, recording lessons gained, and ensuring that governance
procedures become part of daily operations rather than one-time projects. This grounded approach
avoids overpromising, reduces risk, and enables steady progress toward a more coherent, evidence-

based, and Al-ready environment (Bryson et al., 2019).

Ultimately, meaningful transformation for Caritas begins not with advanced technology, but with
stronger coordination, clearer standards, and greater confidence around data. By building this

foundation of governance and trust, the organization can responsibly adopt Al, starting with low-
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risk use cases, ensuring that innovation aligns with its mission of serving vulnerable communities

with dignity and fairness.

Caritas on the news

It was reported by Jornal de Noticias, the Portuguese newspaper, in November 2025 that Céritas is
about to kick off a house-building campaign for victims of violence. The project received around
€700,000 in funding, as is expected to be launched during the Christmas season. During this
campaign, Caritas will be selling candles, with the hopes of allocating 65% of total funds to finance

the construction of these shelters (Costa, 2025).

The journal also reported at an earlier date that Céritas assisted more than 1,500 people last year,
of which 874 were new requests for assistance. Caritas was able to leverage its facilities as well as
supporting entities host migrants in search of shelter, children, young people and families from
ethnic minorities. The same institution reported a delivery of 363 food baskets, and provided
financial support amounting to 32,000 euros to support housing, food, health, education, mobility,

and other needs (Costa, 2025).

By looking at the above information provided by the journal, we notice that Caritas is keeping track

of its fund-raisings, expenses and future plans with clear figures, as reported by the journal.

Céritas, just like social organizations that operate nationally or globally, pays close attention to the
way it handles and tracks its projects, which is important for keeping things transparent and
accountable. Setting clear targets like this also helps build trust with donors, who can see exactly

where their money is going.

However, it’s not just about big projects. Caritas also keeps tabs on its day-to-day assistance
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programs. Last year, it helped over 1,500 people, including migrants, children, and minority
families, and it tracked the number of food baskets distributed and the €32,000 in financial aid
given for things like housing, health, and education (Costa, 2025). Keeping track of all these
numbers allows Caritas to figure out early needs, and also which social groups are in critical

conditions and might need urgent support.

According to Expresso (2025), Céritas Portugal recently stressed the urgent need for renewed
efforts to combat poverty and social exclusion, as recent progress has been limited and vulnerable
to reversal due to global geopolitical risks. The organization also ran an assessment of national
conditions using indicators from the National Institute of Statistics (INE) and Eurostat. While the
population at risk of poverty or social exclusion dropped by a low percentage, from 21.1% in 2019
to 19.7% in 2024, Caritas warns that this improvement is fragile and largely driven by favorable
economic conditions, such as small employment growth, rising wages, pensions, and social

transfers.

The evaluation that Céritas performed also highlights some weaknesses in Portugal’s social support
system, namely low contributions from social transfers, particularly for children, and calls for
increased investments and more effective public policies dedicated to the social context. Caritas
also points to a rising number of requests from immigrants, whose vulnerabilities are sometimes
underestimated by official statistics or completely ignored, which is preventing these marginalized

groups from housing services, labor market integration, and access to social support.

On top of that, housing deprivation remains a major issue, which is part of the general housing
crisis in the country. The number of homeless people has risen sharply, from 6,000 in 2018 to

13,100 in 2023, and access to adequate housing has become increasingly difficult due to rising
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rents and overcrowding. Children and low-income families are also affected, with long-term
consequences for education, health, and future opportunities. Céritas emphasizes that in order to
overcome these challenges, the efforts must be multidimensional, structural, and targeted to

hopefully prioritize the most excluded groups (Expresso, 2025).

Taking into consideration these on-going projects at Caritas, an Al-supported application could
significantly strengthen the organization’s ability to plan, prioritize, and monitor its social
intervention projects, especially given the importance and urgency of the challenges it is currently
addressing in relation to housing, poverty, and fund-raising. One of the most immediate benefits
would be the platform’s ability to analyze the organization’s existing data, such as food basket
deliveries, financial support amounts, housing requests, and migrant assistance cases, and generate
structured recommendations based on the data. Instead of manually reviewing spreadsheets, staff
could receive automated insights about emerging patterns, such as neighborhoods where requests
are increasing, demographic groups showing higher vulnerability, or services that may soon exceed

capacity. This would allow decision-makers to shift resources more efficiently, anticipate demand,

and justify funding requests using clear evidence.

The app could also help Caritas improve the way it manages its financial support systems. Since
the organization allocates funds for housing, healthcare, food, mobility, and education, an our
dashboards could break down spending by category, identify repeated assistance patterns, and flag
cases where deeper intervention might be needed. This level of visibility helps prevent resource
misallocation and ensures that support aligns with the organization’s mission and strategic
priorities. In particular, during large campaigns, such as the recent housing initiative, the system

could track how funds are being used in real time, monitor progress toward construction milestones,
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11.1

Examples of KPIs

Sheet Type

Example KPIs

Description

Pedido Apoio Pontual

Number of requests; Total
amount requested

Measures demand for
emergency financial assistance

Pedido Prioridade as Criancas

Age distribution; Types of
expenses

Captures patterns in child-
focused support

Pedido Vales

Count of 5€ and 10€ vouchers

Tracks material assistance
volumes

Pedido Cartbes

Total top-up amount; average
per card

Shows cash-equivalent support
workload

Vales

Voucher inventory

Measures stock and flow of
vouchers

Atribuicdo Vales

Allocation by Caritas branch;
demographic distribution

Monitors who receives
vouchers and why

Group Part (continued)

12. Advanced KPI Framework

The KPI framework implemented in the Caritas Data Explorer functions as the analytical

backbone of the application. Its purpose is to transform raw data records into actionable indicators

that can be easily interpreted by operational staff, programme managers and strategic decision-

makers. Each KPI is designed to reflect the specific characteristics and operational goals associated
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with the different datasets used by Céritas. While the underlying computations may appear
relatively straightforward from a programming perspective, they form a crucial interpretative layer

that converts numerical data into meaningful organisational insights.

12.1 Principles Behind KPI Design:

The KPI structure used in the dashboard follows four guiding principles that ensure their usefulness

across the organization:

Relevance

KPI selection was determined by how relevant an indicator would be for the organization’s
operational context. Metrics such as the total value of “Verba Solicitada” (requested financial
support) or the motive of the request provide Caritas with a greater practical value than more
abstract statistical measures. This ensures that every indicator directly contributes to programme

monitoring or resource allocation discussions.

Interpretability

KPIs are expressed in clear and unambiguous units (e.g., number of requests, euros allocated). This
allows stakeholders without statistical or technical expertise to easily interpret results with

accuracy.
Comparability

Where possible, KPIs are structured so they remain consistent across different sheet types. For
instance, demographic distributions appear in multiple dashboards, enabling cross-programme

comparisons and facilitating a unified understanding of beneficiary profiles. Such alignment
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improves the overall coherence of the analytical environment and supports multi-programme

evaluation.

Efficiency

The KPI engine is designed to operate efficiently by performing calculations only on the filtered
subset of data selected by the user. This approach ensures that the dashboard remains responsive,

even when larger files are uploaded.

Together, these principles shape both the numerical summaries and the visual components of the
dashboard. As a result, the KPI system extends beyond visual reporting and becomes a functional

decision-support tool that strengthens Caritas’ capacity to analyse, interpret, and act upon its data.
13. KPI Logic by Sheet Type

The Caritas Data Explorer processes six dataset categories, each reflecting a distinct operational
workflow. Accordingly, the KPI logic was designed to capture the essential characteristics and
decision-relevant patterns of each dataset. The following sections summarise the key indicators

implemented in each of the datasets.

Pedido Apoio Pontual (Emergency Financial Support Requests)

This sheet represents urgent assistance cases, typically involving financial instability or inability
to meet essential expenses. KPIs focus on quantifying demand and identifying core drivers of

vulnerability.

a) Volume of Requests: Count of records, used to assess workload and detect

seasonal fluctuations.
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b) Total Value Requested: Sum of Verba Solicitada, indicating financial

pressure on emergency support budgets.

¢) Gender Distribution: Proportion of male/female beneficiaries,
highlighting demographic patterns such as prevalence of single-

parent households.

d) Motive Distribution: Categorisation of reasons for support (e.g., Baixos
rendimentos, Saude, Desemprego), revealing dominant socioeconomic

stressors.

Pedido Prioridade as Criancas (Child-Focused Support Programme)

This sheet concerns a national programme focusing on minors. KPIs quantify programme usage
and the types of needs presented.

a) Total Number of Cases: Measures the programme’s reach.
b) Total Value of Requests: Indicates the overall intensity of financial demand.

¢) Requested Value from the Programme: Isolates the amount expected to

be funded through this specific programme.

d) Disability Status Prevalence: Identifies cases involving children with

additional vulnerabilities (e.g., disabilities).

e) Types of Expenses Requested: Summary of categories such as
healthcare, school materials, or emergency items, usually visualised in bar

charts.

f) Age Distribution: Histogram-based view of age groups most represented

among requests.
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Pedido Vales (Voucher Request Form)

This sheet records requests for vouchers (typically 5€ or 10€).
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a) Total number of 5€ and 10€ vouchers requested
b) Total monetary value represented by these vouchers
¢) Proportional distribution between voucher types

Together, these indicators reflect material needs, food insecurity patterns and household

budget constraints.

Pedido Cartdes (Rechargeable Financial Cards)

This sheet documents the use of prepaid or rechargeable support cards.
a) Number of cards loaded
b) Total amount loaded onto these cards
¢) Average load per card
d) Distribution of motives for support

These KPIs help identify recurring needs, financial strain among households, and operational

trends in card-based assistance.

Vales (Voucher Inventory Dataset)

This sheet functions as the voucher stock inventory.
a) Number of vouchers
b) Total value of stored vouchers

¢) Average voucher value
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d) Distribution of voucher values across denominations

These metrics support supply management and internal financial accountability.
Atribuicdo Vales (Voucher Allocation Records)

This sheet captures the actual distribution of vouchers to beneficiaries.
a) Number of allocations
b) Total value allocated
¢) Value distributions by Caritas diocesan units
d) Demographic patterns (age group, gender)

e) Beneficiary categories (“Novo”, “Recorrente”, etc.)

f) Motive for allocation

These KPIs provide insights into how material support is delivered and which populations benefit

most from it.

14. Visualisation Strategy

The visualisation strategy in the application focuses on presenting KPIs in a clear and
straightforward manner, ensuring that users can easily interpret the information derived from each
dataset. The chart types used are simple and usual, such as bar charts, pie charts, and histograms,
chosen according to the characteristics of data. Categorical variables, such as motives for support

or voucher types, are displayed using bar charts to highlight differences in frequency, while
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demographic proportions are typically shown through pie charts to provide an immediate sense of
distribution. Histograms, on the other hand, are used to present age-related information or voucher
value distributions. By matching each KPI with the most suitable visual form, the dashboard
ensures that patterns and trends are quickly recognisable and that users can extract the intended

insights without difficulty.

15. User Interface and Interaction Design

The dashboard employs a layered user interface designed to maximise transparency, simplicity,
and accessibility for users. When a file is uploaded, each detected sheet type is presented as a
separate tab, allowing users to navigate between datasets without losing context. Within each tab,
the interface opens with a preview of the first 200 rows, masked when PI1I protection is enabled,
helping users verify if the correct file has been uploaded and acknowledge the available fields
before examining the KPIs. Filters, implemented through Streamlit’s st.expander, facilitate data
exploration, allowing users to work the dataset by selecting date ranges, demographic categories
such as gender or nationality, or specific parishes and diocesan units. The computed KPIs are
displayed using Streamlit’s metric component, providing a simple way to interpret the most
important indicators. Finally, an insight generation panel is placed at the bottom of each tab,
ensuring that users first engage with the information displayed before reading Al-generated
interpretations, reducing the risk of cognitive bias, in which users solely rely on narrative

explanations without contextual understanding.
16. Synthetic Data Rubric (Main Section)

Because Caritas’ operational data could not be used for development due to privacy restrictions,

the project relied entirely on synthetic datasets that imitate the structure and statistical patterns of
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the real data without containing identifiable information. The purpose of synthetic data was to
enable realistic testing, replicate standard operational scenarios, and validate both KPI logic and
filtering behaviour while maintaining full anonymity. The data therefore needed to balance realism

with anonymity, functioning as a structurally accurate but non-sensitive substitute for real records.

To achieve this, each sheet type was generated according to its required structure, including the
consistent positioning of mandatory fields, realistic value ranges such as ages between 0 and 100,
authentic categorical labels like “Feminino” and “Masculino” and typical values for monetary
fields. Categorical variables, such as age groups, motives, gender and nationality, were produced
through weighted sampling to reflect realistic distributions. Numerical variables, including
requested amounts, voucher quantities, and card top-up values, were generated using truncated
normal, Poisson, or uniform distributions depending on the variable type. Textual descriptions were
constructed using templates representing common situations such as employment instability,

health-related expenses or rental pressure.

Although artificial, the datasets preserved internal logic: totals matched quantities and unit values,
chronological sequences were maintained, and records mirrored typical operational workflows.
This ensured that the synthetic data behaved like real data from a functional perspective, allowing

the dashboard to be tested and validated effectively without compromising privacy.
17. Analytical Insight Module

The analytical insight module serves as the interpretive component of the Céritas Data Explorer,
transforming the descriptive outputs of KPIs and charts into higher-level observations. It analyses
only the currently filtered dataset and builds a structured, context-aware prompt that ensures the

resulting narrative remains directly relevant to Caritas’ operational needs. To ensure this, the
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module generates a compact data profile containing row counts, column names, top categories for
qualitative variables, numerical aggregates and frequency distributions. This profile allows the
system to identify patterns such as demographic concentrations, unusual financial amounts, or

distinctive motive distributions without exposing raw data.

The profile is constructed by transforming the filtered DataFrame into a compact JSON object that
includes the sheet name, number of rows, column structure, and summaries of categorical and
numerical variables. This approach protects confidentiality while ensuring that insights always
correspond to the user’s active filters. The prompt incorporates this JSON profile and follows a
defined structure that encourages the analysis to produce multi-paragraph insights, contextual
interpretation and operational recommendations, with explicit constraints, such as specific number
of insights and recommendations or academic quality writing, to guarantee depth and consistency

across sheet types.

In the Streamlit interface, the module is positioned at the end of each sheet tab within an expandable
panel, reinforcing a workflow in which users first explore the data preview, then the KPIs and
charts, and only afterwards consult the interpretive insights. This ordering mitigates the risk of
over-reliance on the Al output and fosters comparison between narrative interpretation and the
previously observed evidence. Overall, the insight module enhances organizational decision-
making by highlighting trends, detecting patterns in demographic and financial data, and

identifying potential operational issues.
18. System Limitations

Despite its advantages, the Caritas Data Explorer has several structural and operational limitations

that must be acknowledged. Starting with data-related constraints, the system relies on consistent
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uploaded file structures, therefore, if diocesan submissions significantly modify templates,
automated detection could fail. Additionally, although the application can detect them, it cannot
correct substantive data-entry errors, and the synthetic data used during development, while

structurally accurate, cannot fully capture the totality of nuances that real operations may face.

Secondly, technical limitations arise from the application’s need to run on local machines or secure
servers, making performance dependent on user hardware and potentially slower with large
datasets. Furthermore, Streamlit reruns the script at each interaction, which may feel unfamiliar to
some users, and the lack of persistent storage prevents long-term data retention or multi-user

dashboards without further development.

Moreover, the performance of the system may be harmed if there are variations in the data
governance framework between dioceses, for instance, if dioceses collect or record data with
different methods it weakens the comparability power of the app. Likewise, incomplete data
submissions within dioceses limit national-level insights. Finally, the insight module cannot
integrate external contextual factors, such as sudden regional crises, therefore, observed trends
must not be mistaken for causal relationships, and Pll masking, although essential, limits granular

analyses involving individual-level timelines or repeated cases.

19. Overall Assessment

The Streamlit-based architecture successfully delivers a functional, user-friendly and analytically
robust dashboard that addresses directly to Caritas’ core challenges, including fragmented data
submissions, the need for rapid reporting, limited technical infrastructure, confidentiality
requirements and the demand for strategic insights. While the system has recognized limitations,
the overall approach remains technically sound, ethically appropriate, and feasible within the

organization’s operational context. Its modular design further ensures long-term adaptability,
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allowing new datasets, KPIs, or analytical components to be added with minimal disruption.
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What Now?

From Insight to Action at Céritas Portuguesa

We’ve diagnosed the problem, defined the frameworks, and built a prototype. The question shifts

from what could be done to what should happen next.

1. Starting small, but starting now.
Governance doesn’t require a big budget, it requires commitment.

Next week: Our straightforward suggestion starts by scheduling the first Federation Data
Governance Council meeting. Invite one representative from five dioceses. Use the meeting to

agree on single definitions, for example of the term “beneficiary.”
That’s it. One clear definition is the first brick in a trustworthy data foundation.
2. Pilot with purpose, not perfection.

The team already has AidHound. The Streamlit dashboard we built is a functional prototype. Next
month: Running a three-diocese pilot. Use the dashboard to summarize Cérita's July aid requests.

Not aiming for flawless integration, but rather for learning.

What works? What confuses people? The goal isn’t a perfect report, it’s a shared understanding of

what Al can and cannot do for Céritas Portuguesa teams.
3. Building literacy by doing, not just training.

Data literacy grows when people use tools that make their jobs easier.
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Next quarter: Host a “data lunch” where staff from one diocese share how they used the dashboard
to spot a trend in voucher requests. Learning happens peer-to-peer. Their local stewards will

become their best trainers.

4. Treating ethics as a practice, not a policy.

An Al Acceptable Use Policy is essential, but policies gather dust unless they’re lived.

Next step: Before deploying any Al tool, there are three questions to address:

1. Who could this affect unfairly?
2. Where is the human in the loop?

3. What will we do if it's wrong?

This is crucial. Ethics is how you act when no one is watching.

5. Leveraging partnerships with clear boundaries.

NOVA SBE, tech providers, and other Caritas networks are ready to help, but Caritas must steer.

Next conversation: Implementation of a one-page collaboration charter for any external partner:

e \What data stays inside Caritas servers
e \Who owns the outputs

e How decisions get made

6. Measuring what matters: impact, not activity.

It’s easy to count reports generated or hours saved. Harder to track dignity preserved or trust
strengthened.

Next evaluation: Pick one pilot and measure:
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e Did staff feel more confident in decisions?
e Were beneficiaries heard more clearly?

e Did resources reach people faster?
The real risk isn’t moving too slowly. It’s standing still.

Céritas Portuguesa has the mission, the network, and now the roadmap. What they do next will
determine whether Al remains a buzzword or becomes a genuine force for good in the communities

they serve.
Our suggestion is simple:

Start where you are. Use what you have. Do what you can. The rest will follow.

Important Sidenote

A distinctive characteristic of the current document is its descriptive orientation. This is consistent
with the objectives of a field lab, where the emphasis lies in understanding an organisational
problem, designing a solution, and demonstrating its practical relevance. The report follows this
logic by presenting the operational context of Caritas Portuguesa, detailing the system’s
architecture, and explaining the rationale behind its technical components. Such an approach is
appropriate for a project of applied nature as the primary goal is to articulate how the developed
tool responds to the institution’s data management needs. Nonetheless, it is important to
acknowledge that a more evaluative dimension could strengthen the analytical depth of the work.
While the descriptive sections provide clarity on how each subsystem functions, they do not
extensively assess the implications of those choices or compare them to alternative pathways. A

more evaluative approach would include reflection on the trade-offs made throughout the
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development process, particularly regarding performance, usability, scalability, and
organisational fit. This kind of examination not only demonstrates technical awareness but
also signals an appreciation for the broader strategic factors influencing system deployment
within a humanitarian organisation such as Caritas. For instance, with more time a further
discussion could address whether different architectural decisions could have reduced long-
term maintenance costs and simplified onboarding for regional teams. It could also consider
whether more advanced data validation procedures might have reduced manual cleaning
efforts, or also how a more integrated design could have supported closer alignment with
AidHound or other internal systems for the future. Please note that these reflections would
not be criticizing the system as inadequate but rather situate the final design within a wider

set of potential avenues and constraints.

Introduction Individual

Successful implementation of Al requires foundational data governance infrastructure that many
organizations lack. Despite widespread Al adoption efforts, 95 percent of Al initiatives fail
(Challapally and MIT NANDA 2025). These challenges extend beyond technical limitations to
encompass workflow compatibility, organizational dynamics, and system characteristics.
Challenges are particularly acute within federated nonprofit structures—organizations composed
of multiple autonomous entities operating under a shared mission, such as the American Red
Cross (769 chapters), United Way (1,800 local organizations), and faith-based networks like
Caritas Portugal—where data fragmentation and inconsistent governance create additional

implementation barriers.
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1.1 The Gap in Literature

While federated structures are common in the nonprofit sector, there is limited research
addressing data governance frameworks specifically designed for these decentralized
organizations preparing for Al implementation. Existing literature on federated data governance
focuses primarily on for-profit enterprises (Alation, 2024), where hierarchical authority and
financial incentives enable compliance enforcement mechanisms unavailable in nonprofit
federations. Humanitarian organizations have developed comprehensive data protection
frameworks addressing privacy and ethical considerations in Al deployment (Beduschi et al.
2024), but these focus on compliance safeguards rather than the operational governance

structures required to standardize data quality and schemas across independent entities.

This gap is particularly critical as federated nonprofits increasingly seek to implement Al and
advanced analytics, which require consistent data quality and standardized schemas across all
autonomous entities. Without appropriate governance frameworks that respect organizational

autonomy while enabling coordination, these organizations risk implementing Al prematurely

with inadequate data foundations.

1.2 Research Objective and Contribution

This research addresses this gap by adapting established data governance frameworks specifically
for federated nonprofit structures preparing for Al implementation. The adapted framework
synthesizes corporate federated governance principles (Alation, 2024; Khatri & Brown, 2010),
data maturity progression models (DAMA International, 2017), and recent Al readiness
requirements (Miller et al., 2025; Saeed et al., 2025) to establish operational standards and
coordination mechanisms necessary for Al readiness while preserving entity independence. This

work forms part of a larger team effort examining Al implementation at Caritas Portugal, where
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this governance framework provides the foundational data standards required for the Al

applications proposed in the team's broader Al strategy roadmap.

Research Question: What governance framework can enable Al readiness in federated nonprofit

organizations while respecting the autonomy of independent entities?

Section 2: Background

2.1: Data Governance Basics

2.1.1: Defining Data Governance
This research defines data governance as the system of decision rights, accountabilities, and

processes that ensures appropriate management of data assets to meet organizational objectives
(adapted from DAMA International, 2017; Khatri & Brown, 2010). In federated nonprofit

contexts, this definition emphasizes the critical question of decision rights—determining which
standards and processes are decided centrally versus locally—while maintaining accountability

across autonomous entities.

2.1.2: Why Data Governance Matters in Al preparation

Data governance is the essential bridge between an organization's raw data and its capacity to
successfully implement Al. The primary purpose of data governance in an Al context is to ensure
a fundamental prerequisite: data quality. Al models are critically dependent on the quality of the

data they are trained on; as the adage states, "garbage in, garbage out."

A comprehensive survey of data readiness for Al by Hiniduma et al. (2024) categorizes data
quality as the foremost pillar of Al readiness. The authors state, "Data quality ensures that the
data used to train Al models is accurate, complete, and consistent. High-quality data minimizes

the risk of errors in Al outputs, leading to more reliable and trustworthy models" (Hiniduma et
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al., 2024). When this quality is compromised, the direct result is "inaccurate and unstable

models."

In a federated nonprofit structure, where data is fragmented across autonomous entities, data

governance is the only mechanism to address this challenge. It provides the "decision rights and
accountabilities" (as defined in 2.1.1) necessary to create the consistent, standardized, and high-
quality data that Al models require to function effectively. Without this governance framework,

any Al initiative will fail because it lacks a usable data foundation.

2.1.3 Ideal Data Quality Standards
Al itself is just machine learning, and the key ways to make sure that we do not end up with the

"garbage in, garbage out" failure of Al and machine learning models is by establishing the most
"ideal" data standards put into place for our federated organizations. The "Gold Standard" of data
standards across multiple organizations is "well represented across all frameworks" as

"accuracy", "completeness", "consistency", and "timeliness". To better understand a clearly

defined definition of each of these standards, the following are how we will define them:

e Accuracy: Data must be correct, precise, and valid. This includes both the values

themselves and the labels.

o Completeness: Data must be free of missing values.

o Consistency: Data must be uniform and free of contradictions across different systems or

entries.

e Timeliness (or Currentness): Data must be recent enough to be relevant to the model's

task.
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2.1.4 Adding Data Quality Standards for Al
While the foundational dimensions of accuracy and completeness are essential, modern Al

models—and federated systems in particular—introduce stricter and more complex requirements.
Simply having clean data at each node is not enough. The "gold standard" for a federated context

must also include:

Homogeneity and Representativeness. This is perhaps the most critical requirement. The ideal
state is a dataset that is homogenous and representative, meaning the data is similarly distributed
across all nodes and accurately reflects the real-world problem (Saeed et al., 2025). This ideal
stands in direct contrast to the key challenges of "data heterogeneity," "statistical heterogeneity,"
"class imbalances," and "data skew," which are all known to degrade model performance and lead

to unreliable predictions (Saeed et al., 2025).

Semantic Consistency and Interoperability. For data to be aggregated from different
autonomous sources, as in a federated nonprofit, it must have a shared meaning. This requires
"semantics" and "portability" (Miller et al., 2025). In practical terms, data schemas, definitions,
and categories must be standardized so that a "client" in one chapter's database means the exact
same thing as a "client" in another's. This semantic link is what allows models to "understand and

process" the combined data (Miller et al., 2025).

Sufficient Quantity and Availability. A small, siloed dataset, even if high-quality, is often
insufficient. Modern Al models "require large quantities of available and accessible data to learn
from" (Miller et al., 2025). This need for large-scale data makes the aggregation of data from all

federated entities not just beneficial, but necessary.
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2.2 Challenges for non-profits

While nonprofits show a growing interest in Al, they face significant hurdles in adoption. Many
organizations are still in the early stages, and successful, comprehensive implementation remains
limited. A 2025 benchmark report from TechSoup and Tapp Network provides a clear statistical
picture of these internal challenges. The primary findings show a widespread lack of strategy,
with 76% of nonprofit organizations having no Al strategy and 80% having no Al-acceptable use
policy; furthermore, 10% of respondents are unsure if their organization even has a strategy. This
is compounded by limited in-house expertise, as Al exploration is often driven by just a few
individuals; only 5.9% of respondents identify as Al experts, and in 42% of organizations, only
one or two people are trying to learn how to use Al. Decision-making is also siloed and
overburdened, with one staff member responsible for these decisions in 43% of organizations.
Consequently, successful adoption rates are low, as only 7.4% of nonprofits report they have
successfully adopted Al to address core challenges, while 26.2% are not currently using Al at all.
Finally, beyond these technical barriers, respondents expressed ethical and qualitative concerns:
over half (53.4%) find it "too early" to determine if Al will prioritize ethical principles, citing
specific fears of "privacy breach, data leakage," the "untrusted" accuracy of Al, and "losing the

personal touch" critical to their mission. (TechSoup & Tapp Network, 2025)

Section 3: Adapted Framework - Three-Tier Governance Model for
Federated Nonprofits

This section presents a three-tier data governance framework adapted specifically for federated
nonprofit organizations preparing for Al implementation. The framework synthesizes established
corporate governance principles with nonprofit operational realities to address the unique
challenges of establishing data standards across legally autonomous entities while respecting
organizational independence. It consists of three components: (1) a three-tier governance
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architecture defining decision rights at central, federated, and autonomous levels; (2) a five-level
data quality maturity model for assessing Al readiness; and (3) an implementation roadmap

guiding organizations through the governance development process.

3.1 Framework Development Approach and Foundational Models

This governance framework builds upon and adapts several established models rather than
developing entirely novel concepts. The three-tier architecture draws heavily from Alation's
(2025) corporate federated governance principles, adapting their decision rights framework for
nonprofit contexts where hierarchical enforcement is unavailable. The maturity model structure
follows DAMA International's (2017) established progression methodology, while incorporating
Al-specific requirements identified by recent federated learning research (Miller et al., 2025;
Saeed et al., 2025). Khatri and Brown's (2010) seminal work on governance decision rights

provides the theoretical foundation for delineating central versus local authorities.

The innovation lies not in creating new governance concepts, but in synthesizing these
established approaches to address the specific intersection of federated nonprofit structures and
Al readiness, a context not adequately addressed by existing frameworks designed for either

corporate environments or centralized nonprofits.

3.2 Three Tier Governance Architecture

Data governance models for federated structures typically follow three organizational
approaches: centralized (corporate model), decentralized (affiliate model), or hybrid (franchise
model) (Blackbaud, 2023). While these models address IT purchasing and organizational
coordination, they do not specifically address data governance for Al readiness. Similarly,
federated data governance frameworks exist in corporate contexts (Alation, 2024), but these

assume hierarchical enforcement mechanisms and financial incentives unavailable in nonprofit
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federations. This framework adapts a three-tier DATA GOVERNANCE architecture specifically
designed for federated nonprofits preparing for Al implementation, emphasizing decision rights
and accountability structures appropriate for autonomous mission-driven organizations where

coordination is voluntary.

Tier 1, the Central Coordination Layer, exists to establish minimum standards that enable
cross-entity Al applications. Its decision rights include: standardizing core data definitions (e.g.,

nmn

"beneficiary," "service") to ensure the semantic consistency required for Al models to process
combined data (Miller et al., 2025); setting minimum quality thresholds for accuracy (>95%),
completeness, and consistency, as poor quality yields "inaccurate and unstable models"
(Hiniduma et al., 2024); establishing a baseline for privacy compliance and consent protocols
(TASC, 2023); and managing dispute resolution for standards. This tier is governed by a
federation council with entity representation, operating through consensus rather than mandate.
Standards are voluntary, but participation in federated Al requires compliance. For example,
Caritas national coordination could define "emergency assistance" consistently across all 20

dioceses, enabling cross-diocese demand prediction while each diocese controls its own local

service delivery.

Tier 2, Federated Governance, is designed to enable peer coordination and shared learning
among entities. Its key rights involve developing shared data collection templates adapted to
regional contexts, establishing peer-to-peer working groups for common challenges (e.g.,
homeless services data), negotiating data sharing agreements between entities, and coordinating
the adoption of shared platforms. This tier operates through voluntary structures like regional
working groups and cross-entity data steward networks, not hierarchical authority. For instance,

Northern Portugal dioceses could coordinate on homeless services data standards, sharing
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insights while maintaining independent operations, which addresses the challenge that federated

systems work best when data is "similarly distributed" (Saeed et al., 2025).

Tier 3, the Autonomous Entity Layer, preserves local decision-making and operational
flexibility. Entities retain all key rights beyond the Tier 1 minimums, including: defining all local
program-specific data fields, maintaining direct control over beneficiary relationships and data
collection consent, choosing their own operational data systems and collection methods (provided
they meet or exceed Tier 1 standards), and implementing additional or higher quality standards
based on local needs. Governance at this level is managed by local data stewards and entity-
specific policies. For example, individual Caritas dioceses would continue to control their own
volunteer management systems and local demographic data collection, independent of the

national minimums.

This three-tier architecture balances the competing demands of federated nonprofit governance.
Tier 1 provides sufficient standardization for Al applications, addressing the technical
requirement for "semantics and portability" across autonomous sources (Miller et al., 2025). Tier
2 facilitates voluntary coordination and learning. Tier 3 preserves the entity autonomy essential to
mission-driven organizations. By clearly delineating decision rights at each level, the framework
avoids the ambiguity that causes governance failures while respecting the voluntary coordination

model inherent to nonprofit federations.

3.3: Five-Level Data Quality Maturity Model

To assess Al readiness and guide governance implementation, this framework includes a five-
level data quality maturity model adapted from established data management maturity
frameworks (DAMA International, 2017). Organizations progress through these levels as they

develop capabilities in data infrastructure, standardization, quality management, and governance
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structures. Level 3 represents the minimum threshold for Al implementation, addressing the
requirement that Al models "require large quantities of available and accessible data" with
sufficient quality and consistency (Miller et al., 2025). Organizations at Levels 1 or 2 must

implement the three-tier governance architecture to progress toward Al readiness.

Level 1: Ad Hoc (Not AI-Ready)

Organizations at Level 1 manage data without formal processes or coordination. Each
autonomous entity maintains separate spreadsheets or basic databases with no standardization
across the federation. Data definitions vary significantly—one chapter's "beneficiary" may mean
something different than another's—making aggregation impossible. There is no quality
monitoring beyond reactive correction when errors cause operational problems. No governance
structure exists; data management decisions are made individually by whoever handles the data at

each entity.

Al Feasibility: None. The data heterogeneity and lack of standardization at Level 1 creates
exactly the conditions that "degrade model performance and lead to unreliable predictions"
(Saeed et al., 2025). Without consistent definitions and quality standards, any attempt at federated

Al will fail.

Typical State: Most small federated nonprofits begin at Level 1, especially those that grew

organically without central coordination.

Level 2: Aware (Not AI-Ready)

Organizations recognize the need for better data management but lack implementation. Some
entities have migrated from spreadsheets to databases, but systems remain disconnected with

minimal integration. Informal standards may exist—perhaps documented in an email or shared
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document—but are inconsistently applied across entities. Quality checks are manual and
irregular, often triggered by specific reporting needs rather than systematic monitoring.
Governance structures are discussed in meetings, and a working group may have been formed,

but formal decision rights and accountability remain undefined.

Al Feasibility: Very limited. While awareness is growing, the lack of implementation means data
still cannot be reliably aggregated. The "inconsistent labeling and quality variance" that persists

at Level 2 significantly degrades potential Al model performance (Saeed et al., 2025).

Typical State: Many medium-sized federations operate at Level 2, having recognized data
challenges but struggling with resource constraints and competing priorities that prevent full

implementation.

Level 3: Defined (Minimum AlI-Ready Threshold)

This level represents the minimum threshold for Al implementation. Organizations have
documented data standards covering core definitions, and a majority of entities (typically 70-
80%) have adopted these standards in their operational systems. Integrated databases enable
cross-entity data aggregation for at least mission-critical data elements. Regular quality
monitoring with defined metrics occurs quarterly or monthly, identifying issues proactively rather
than reactively. The three-tier governance structure described in Section 3.2 is operational: a
central coordination council meets regularly, regional working groups facilitate peer learning, and

local data stewards are appointed and active.

Al Feasibility: Basic Al applications are possible. The standardization and quality management
at Level 3 addresses the fundamental requirement that federated systems need "completeness,

consistency, accuracy, and representativeness" (Saeed et al., 2025). However, Al applications
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remain limited to well-defined use cases with tolerance for some data quality issues. Advanced

applications requiring real-time data or complex aggregations are not yet feasible.

Typical State: Mature federations that have invested 18-24 months in governance

implementation typically reach Level 3, representing a significant organizational achievement.

Level 4: Managed (Fully AI-Ready)

Organizations at Level 4 have mature data governance fully implemented across all entities. A
unified data platform enables seamless federation-wide aggregation and analysis. Standards are
consistently enforced with metrics tracking compliance, and entities failing to meet standards
receive support. Automated quality processes catch and correct issues in real-time or near-real-
time. Clear accountability structures with defined roles ensure sustained governance—data
stewards have authority and resources, governance councils have executive support, and the

system operates smoothly with minimal intervention.

Al Feasibility: Full. Organizations at Level 4 can successfully implement advanced Al
applications including predictive analytics, resource optimization, and beneficiary matching. The
automated quality management ensures the "proper data preparation, including cleaning,
normalization, and augmentation" essential for Al success (Saeed et al., 2025). The unified
platform provides the "large quantities of available and accessible data" that modern Al models

require (Miller et al., 2025).

Typical State: Only the most sophisticated federated nonprofits currently operate at Level 4,
typically those with dedicated data teams and executive commitment to data-driven decision-

making.

Level 5: Optimizing (AI-Native)
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The highest maturity level represents organizations where data governance is strategic, proactive,
and continuously improving. Real-time federated learning infrastructure enables advanced Al
applications across the organization. Standards themselves evolve based on data-driven
insights—the organization learns from its Al implementations and refines governance
accordingly. Al drives quality improvement through automated monitoring, anomaly detection,
and even automated correction of certain error types. Governance is anticipatory, identifying
future data needs before they become critical. The organization views data as a strategic asset and

governance as a competitive advantage.

Al Feasibility: Advanced and innovative. Organizations at Level 5 can implement cutting-edge
Al applications and contribute to the field's advancement. They serve as models for other

federated nonprofits.

Typical State: Very few organizations currently operate at Level 5. This represents an
aspirational state for most federations, achievable only after years of sustained investment in data

governance and Al capabilities.

Most federated nonprofits currently operate at Level 1 or 2. Reaching Level 3 typically requires
18-24 months of focused governance implementation following the roadmap in Section 3.4.
Organizations should not attempt Al below Level 3, as inadequate data foundations lead to 95%

failure rates (Challapally and MIT NANDA 2025).

3.4 DATA GOVERNANCE ROADMAP

Implementing this adapted governance framework requires a phased approach. The following 24-
month roadmap guides federated nonprofits from their current state to Level 3 Al readiness

(minimum threshold), organized into four sequential phases.
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Phase 1: Assessment & Foundation (Months 1-6) Organizations conduct maturity assessment
across all entities, map the current data landscape, establish the Tier 1 governance council, define
10-15 core data definitions for mission-critical concepts, and identify 2-3 pilot entities. This
phase delivers a maturity assessment report, governance charter, and core definitions document,
with success requiring full entity participation, operational governance council, and consensus

approval of definitions.

Phase 2: Standardization (Months 7-12) Organizations roll out core definitions to all entities with
training, establish data quality monitoring with defined metrics (accuracy >95%, completeness
>95%), create Tier 2 regional coordination groups in 2-3 regions, deploy standardized data
collection templates, and appoint local data stewards. Success requires 75% entity adoption of

core definitions, operational quality monitoring, and active data stewards at all entities.

Phase 3: Integration (Months 13-18) Organizations implement a unified data platform, integrate
data from at least 80% of entities, establish data sharing agreements, conduct the first
comprehensive cross-entity quality audit, and pilot a basic Al application (e.g., demand
forecasting) with volunteer entities. Success requires 80% entity integration, cross-entity data

quality score >70%, and Al pilot demonstrating technical feasibility

Phase 4: Optimization (Months 19-24) Organizations expand the Al pilot to production
deployment, implement automated quality monitoring for critical fields, establish
continuous improvement processes, document lessons learned, and create a 3-year
governance sustainability plan. Success is confirmed when Level 3 maturity is achieved, the
Al application delivers measurable operational value, and governance becomes self-

sustaining.
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Roadmap Adaptation Guidance:

This roadmap assumes a medium-sized federation (10-30 entities) with limited technical

resources. Organizations should adapt the timeline based on:

Size: Smaller federations (<10 entities) may compress to 15-18 months; larger federations (>50

entities) may require 30-36 months

Resources:

Organizations with dedicated data staff can accelerate; volunteer-dependent organizations should

extend timelines to avoid burnout

Starting Point: Level 1 organizations need the full 24 months; Level 2 organizations already

discussing governance can begin at Phase 2

Critical Success Factors:

Executive sponsorship, adequate resourcing (even if minimal), entity buy-in through inclusive

governance, and realistic expectations about timeline

Common Pitfalls to Avoid:

Organizations should avoid four critical mistakes: (1) imposing standards without assessment
undermines buy-in from excluded entities; (2) overly complex standards fail without adequate
resources; (3) attempting Al before Level 3 wastes resources and damages confidence; and (4)
treating governance as a one-time project rather than allocating resources for ongoing

maintenance ensures degradation to lower maturity levels.
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Individual Work Conclusion

Federated nonprofits face unique Al implementation challenges where the 95% failure rate is
amplified by data fragmentation and entity autonomy. Existing corporate governance models

cannot address these voluntary coordination structures.

This research adapts and synthesizes established data governance frameworks specifically for
federated nonprofits. The Three-Tier Architecture balances minimum standardization with entity
autonomy, while the Five-Level Maturity Model defines clear readiness thresholds and a 24-

month implementation roadmap.

By establishing governance before technology, this adapted framework provides federated
nonprofits a practical blueprint to collectively build the data infrastructure required for successful

Al implementation while fulfilling their mission.
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Appendix

Roadmap Implications

Given Level 1 assessment, Caritas requires the full 24-month governance implementation

roadmap. The organization must progress sequentially through all four phases:

Phase 1 (Months 1-6): Caritas must establish the Tier 1 governance council, conduct
comprehensive maturity assessment across all dioceses, and define core data definitions for
fundamental concepts. The current "common denominator" dashboard approach must evolve into

deliberate standardization with documented definitions and mandated data collection standards.

Phase 2 (Months 7-12): Address the data cleaning opacity by appointing local data stewards at
each diocese, documenting quality procedures, and establishing proactive quality monitoring with
defined metrics (accuracy >95%, completeness >95%). The double-aggregation process requires

redesign to ensure single-point aggregation with transparent quality controls.

Phase 3 (Months 13-18): Leverage existing AidHound infrastructure but implement proper
integration protocols, data sharing agreements between dioceses, and comprehensive quality

audit processes. The technical platform exists; governance processes do not.
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Phase 4 (Months 19-24): Establish continuous improvement processes and demonstrate Al value

through pilot applications, but only after governance foundations become operational.

Any attempt to implement Al applications before achieving Level 3 maturity would fail due to

inadequate data foundations—precisely the scenario this framework prevents. Caritas's current

state validates the framework's core thesis: federated nonprofits require governance structures

before pursuing Al, regardless of technical infrastructure sophistication.

Maturity Model Overview Table

Level | Data Infrastructure | Standards and Quality Al Ready?
Definitions Management
1 Siloed spreadsheets | No documented Reactive error No
standards correction
2 Minimal Integration | Informal, inconsistent | Manual Spot No
standards checks
3 Majority of Core standards Regular Yes (Minimum
information adopted monitoring Threshold)
integrated
4 Complete unified Standards enforced Automated Yes
Platform processes
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Level | Data Infrastructure | Standards and Quality Al Ready?
Definitions Management

5 Real-Time Federated | Standards enforced Al-driven quality | Yes (Advanced Al

data but consistently capabilities)
refined
3 Tier Governance Structure

Decision Type Tier 1 Central Tier 2 Regional Tier 3 Local

Establishes Defines for everyone | Uses definition Uses definitions

definitions

Minimum data

Quality

Sets the Floor (ex

95% accuracy)

Can exceed if desired

Must meet floor, can

exceed

Privacy & consent

rules

Creates baseline

policy

May add regional

requirements

Obtains actual consent,

follows policy

Local Program

Details

No authority

Can coordinate with

peers

Full control

Sharing Data

between entities

Approval power on

frameworks

Negotiate specific

agreements

Decides whether to

participate

Self-Assessment Framework
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Organizations can assess their current maturity level by answering four key questions:

1. Infrastructure: Can we currently aggregate data from all our entities into a unified view for

analysis?

* No integration = Level 1

* Some integration = Level 2

* Majority integrated = Level 3

* All integrated = Level 4+

2. Standards: Are our core data definitions documented and consistently applied across entities?

* No documentation = Level 1

* Documented but inconsistent = Level 2

* Documented and mostly adopted = Level 3

* Fully standardized and enforced = Level 4+

3. Quality: Do we have regular, proactive monitoring of data quality with defined metrics?

* Reactive only = Level 1

* Manual spot-checks = Level 2

* Regular monitoring = Level 3

* Automated monitoring = Level 4+

4. Governance: Are roles, responsibilities, and decision rights clearly defined and operational?

* No governance = Level 1
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* Discussed but not implemented = Level 2

* Basic structure operational = Level 3

» Mature with clear accountability = Level 4+
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