LSIB

London School of

International
Business, U.K.

Postgraduate Certificate in Al Strategies for NGOs

Ai For Social Impact

Artificial Intelligence (Al) refers to the set of techniques that enable computers to perform tasks that
normally require human intelligence. In the context of social impact, Al is used to amplify the reach of
NGOs, improve the efficiency of service delivery, and generate insights that can drive policy change.
Understanding Al begins with a grasp of the foundational vocabulary that shapes its development and
application.

Machine Learning (ML) is a subset of Al that focuses on algorithms that learn patterns from data. ML
models improve their performance as they are exposed to more examples, without being explicitly
programmed for each decision. For NGOs, ML can predict which communities are most vulnerable to
disease outbreaks, allowing early interventions. However, the quality of predictions depends heavily on the
data used during training.

Deep Learning (DL) extends ML by employing neural networks with many layers, enabling the extraction of
complex features from raw data such as images, audio, or text. A practical example is using DL for satellite
image analysis to identify informal settlements that lack basic services. While DL can achieve high accuracy,
it also requires substantial computational resources and large labeled datasets, which may be a barrier for
resource-constrained NGOs.

Supervised Learning is a training paradigm where models learn from input—output pairs. The

“label” (output) guides the learning process. An NGO might use supervised learning to classify donation
emails into categories like "“medical supplies,” “education,” or “general inquiry.” The challenge lies in
obtaining accurate labels; mislabelled data can degrade model performance and lead to misallocation of
resources.

Unsupervised Learning deals with data that lack explicit labels. Techniques such as clustering and
dimensionality reduction uncover hidden structures. For instance, clustering can reveal natural groupings
among beneficiaries based on socioeconomic indicators, helping NGOs tailor programs to distinct needs. A
key difficulty is interpreting the resulting clusters without domain expertise, which can produce misleading
conclusions if not carefully validated.

Reinforcement Learning (RL) involves an agent that learns to make decisions by receiving rewards or
penalties from its environment. In humanitarian logistics, an RL agent could optimize delivery routes for
food aid, learning to minimize travel time while respecting road safety constraints. RL models are often
data-intensive and may require simulation environments before deployment, raising concerns about realism
and transferability to real-world conditions.
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Natural Language Processing (NLP) enables computers to understand, generate, and translate human
language. NGOs can deploy NLP to automatically extract key information from field reports written in
multiple languages, accelerating data aggregation. Sentiment analysis of social media can gauge public
perception of a campaign, informing communication strategies. However, NLP models can inherit cultural
biases present in training corpora, leading to inaccurate or offensive outputs.

Computer Vision focuses on extracting information from images and video. NGOs working on
environmental conservation may use computer vision to count poaching incidents from camera trap
footage, or to monitor deforestation through satellite imagery. Challenges include the need for
high-resolution data, which may be costly, and the difficulty of annotating large image datasets for
supervised learning.

Data Set refers to the collection of examples used to train, validate, and test a model. A typical ML workflow
includes a training set, a validation set for tuning hyperparameters, and a test set for final performance
assessment. NGOs must ensure that datasets are representative of the populations they serve; otherwise,
models may produce biased outcomes that exacerbate existing inequities.

Training Data is the portion of the dataset that directly informs the model’s internal parameters. In a
health-focused NGO, training data might consist of patient records indicating disease incidence and
associated risk factors. The ethical handling of such data is paramount; consent, anonymization, and
compliance with regulations such as the GDPR must be rigorously observed.

Validation Data is used to evaluate model performance during the development phase, guiding decisions
on model architecture and hyperparameter settings. It helps avoid overfitting, a situation where a model
performs well on training data but poorly on unseen data. NGOs often lack dedicated data science teams,
so automated tools for validation can be valuable, yet they must be paired with domain expertise to
interpret results correctly.

Test Data provides an unbiased assessment of a model’s generalization ability after the final model is
selected. For impact measurement, the test set can simulate future scenarios to estimate how well an
Al-driven intervention might perform under changing conditions. Maintaining a strict separation between
test data and any data used during model development is essential to preserve credibility.

Overfitting occurs when a model captures noise instead of the underlying signal, leading to poor predictive
performance on new data. An example is a model that memorizes specific donor names in a fundraising
campaign, failing to generalize to new donors. Techniques such as cross-validation, regularization, and
simplifying model complexity can mitigate overfitting, but each introduces trade-offs in accuracy versus
interpretability.

Underfitting describes a model that is too simplistic to capture the patterns in the data, resulting in low
performance on both training and test sets. For NGOs with limited data, a simple linear model may underfit
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complex social phenomena, prompting the need for richer feature representations or more expressive
algorithms.

Generalization is the ability of a model to perform well on previously unseen data. It is the ultimate goal of
any Al system intended for real-world deployment. NGOs should assess generalization through rigorous
testing across multiple geographic regions, demographic groups, and temporal windows to ensure that
interventions remain effective beyond the initial pilot phase.

Feature Engineering is the process of selecting, transforming, and creating variables that improve model
performance. In a program targeting school dropout rates, features could include attendance records,
household income, distance to the nearest school, and local conflict intensity. Effective feature engineering
often requires close collaboration between data scientists and field practitioners to capture context-specific
nuances.

Hyperparameter Tuning involves adjusting settings that control the learning process, such as learning rate,
number of hidden layers, or regularization strength. Automated tools like grid search or Bayesian
optimization can streamline tuning, but NGOs must balance computational cost against potential
performance gains. Excessive tuning on limited data can inadvertently lead to overfitting.

Transfer Learning leverages knowledge from a pre-trained model to accelerate learning on a new, related
task. An NGO working on disaster response might adopt a model trained on general image classification to
recognize damaged infrastructure in post-earthquake photos. Transfer learning reduces data requirements
and training time, yet the source domain must be sufficiently similar to avoid negative transfer.

Edge Computing processes data locally on devices rather than sending it to centralized servers. In remote
field operations where connectivity is intermittent, edge Al can run inference on smartphones or low-power
sensors, delivering real-time insights without reliance on cloud infrastructure. However, edge devices have
limited memory and processing capacity, constraining model size and complexity.

Cloud Computing offers scalable resources for storing large datasets and training computationally intensive
models. Major providers supply managed services for ML pipelines, enabling NGOs to focus on domain
expertise rather than infrastructure maintenance. Cost management, data sovereignty, and vendor lock-in
are important considerations when adopting cloud solutions.

Data Preprocessing encompasses cleaning, normalizing, and transforming raw data into a format suitable
for modeling. Common steps include handling missing values, encoding categorical variables, and scaling
numeric features. For NGOs, preprocessing may also involve reconciling disparate data sources, such as
merging health records with geographic information systems (GIS).

Data Labeling or annotation is the act of assigning meaningful tags to raw data, enabling supervised
learning. In a wildlife protection project, volunteers might label images as “elephant,” “poacher,” or “empty.”
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Crowdsourcing platforms can accelerate labeling but require quality control mechanisms to ensure
consistency and accuracy.

Annotation Guidelines provide detailed instructions for labelers to reduce ambiguity. Clear guidelines
improve inter-annotator agreement, which is critical for building reliable datasets. NGOs should invest in
developing concise, culturally sensitive guidelines, especially when working with multilingual communities.

Bias refers to systematic errors that cause a model’s predictions to favor certain groups over others. In
humanitarian aid, a model that underestimates needs in remote areas due to sparse training data would
perpetuate inequity. Bias can arise from data collection practices, feature selection, or algorithmic design.
Identifying and mitigating bias is a core responsibility of responsible Al development.

Fairness is the principle that Al systems should treat all individuals and groups equitably. Quantitative
fairness metrics, such as demographic parity or equalized odds, provide ways to evaluate whether
predictions are balanced across protected attributes like gender, ethnicity, or disability status. NGOs must
align fairness objectives with their mission values, often requiring stakeholder consultation to define
acceptable trade-offs.

Transparency involves making the inner workings of an Al system understandable to its users and
stakeholders. Transparent models, such as decision trees, allow practitioners to trace how input features
lead to a specific output. While high transparency may sacrifice some predictive power compared to
black-box models, it builds trust among beneficiaries and donors.

Explainability (or explainable Al) extends transparency by providing human-readable explanations for
individual predictions. Techniques like SHAP values or LIME highlight the contribution of each feature to a
specific decision. An NGO could use explainability to justify why a particular community was prioritized for a
water-purification project, thereby enhancing accountability.

Algorithmic Accountability is the obligation to monitor, audit, and remediate the performance of Al systems
throughout their lifecycle. Accountability mechanisms may include regular bias audits, impact assessments,
and public reporting. NGOs are increasingly required by funders to demonstrate compliance with
accountability standards, making systematic documentation essential.

Model Audit is a systematic review of a model's design, data provenance, performance, and ethical
implications. Audits may be internal or conducted by third-party auditors. They examine aspects such as
data consent, fairness metrics, robustness to adversarial attacks, and alignment with mission objectives.
Findings guide remediation actions, such as retraining with more diverse data or adjusting decision
thresholds.

Impact Assessment evaluates the social, economic, and environmental outcomes of an Al-driven
intervention. It combines quantitative metrics (e.g., reduction in disease incidence) with qualitative insights
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(e.g., beneficiary satisfaction). A robust impact assessment framework incorporates baseline measurements,
control groups where feasible, and longitudinal tracking to capture lasting effects.

Social Impact Measurement refers to the systematic collection and analysis of data that reflect changes in
well-being attributable to an organization’s activities. Al can automate parts of this measurement by
processing large volumes of text, images, or sensor data. Nonetheless, human judgment remains
indispensable for interpreting nuanced outcomes and ensuring that metrics align with community priorities.

Beneficiary Targeting uses predictive analytics to identify individuals or households most in need of
assistance. Machine learning models can score households based on risk factors, enabling NGOs to allocate
limited resources efficiently. Risks include reinforcing existing power dynamics if the targeting algorithm is
not co-designed with affected communities.

Resource Allocation optimization models determine the best distribution of scarce assets, such as food,
medical supplies, or funding. Linear programming or reinforcement learning can generate allocation plans
that maximize coverage while respecting logistical constraints. Real-world deployment must accommodate
uncertainties like supply chain disruptions or sudden spikes in demand.

Monitoring and Evaluation (M&E) is a continuous process of tracking program performance and assessing
outcomes. Al tools can enhance M&E by automating data ingestion from field apps, generating
dashboards, and detecting anomalies. However, over-reliance on automated metrics may overlook
contextual factors, so a hybrid approach that blends Al insights with field observations is recommended.

Data Privacy protects personal information from unauthorized access or misuse. NGOs handling sensitive
data—such as health records or location traces—must implement encryption, access controls, and data
minimization strategies. Privacy-preserving techniques like differential privacy can enable model training on
aggregated data while reducing re-identification risk.

GDPR (General Data Protection Regulation) sets strict rules for processing personal data of EU citizens,
including rights to access, correction, and erasure. Even NGOs operating outside the EU may encounter
GDPR-covered data when collaborating with European partners. Compliance requires clear consent
mechanisms, data inventory, and documentation of processing activities.

Consent is the explicit permission granted by individuals for their data to be collected and used. In
community-based projects, obtaining informed consent may involve translating forms into local languages,
explaining technical concepts in plain terms, and allowing participants to withdraw at any time. Failure to
secure proper consent can jeopardize legal standing and community trust.

Anonymization removes identifying information from datasets, reducing privacy risk. Techniques range from
simple de-identification (removing names, IDs) to more advanced methods like k-anonymity, where each
record is indistinguishable from at least k-1 others. Anonymization must be evaluated against
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re-identification attacks, especially when datasets are combined with external sources.

De-identification is a specific form of anonymization that replaces personal identifiers with pseudonyms or
random codes. While de-identified data can still be valuable for model training, it may retain indirect
identifiers (e.g., rare disease combinations) that enable re-identification. NGOs should assess the residual
risk and consider additional safeguards such as data enclaves.

Algorithmic Bias Mitigation encompasses strategies to reduce unfair outcomes. Methods include
pre-processing approaches that re-balance training data, in-processing techniques that add fairness
constraints to the learning objective, and post-processing adjustments that modify predictions to satisfy
fairness criteria. Selecting the appropriate mitigation technique depends on the specific bias source and the
acceptable trade-off between fairness and accuracy.

Fairness Metrics provide quantitative measures of bias. Demographic parity assesses whether positive
outcomes occur at equal rates across groups; equalized odds examines whether error rates are balanced,;
and calibration checks whether predicted probabilities align with actual outcomes for each group. NGOs
should report multiple metrics, as focusing on a single metric can mask other forms of disparity.

Explainable Al (XAl) tools help stakeholders understand model decisions. Global explanations describe
overall model behavior, while local explanations clarify individual predictions. Visualizations such as partial
dependence plots or feature importance charts can be incorporated into reporting dashboards for donors
and community leaders, fostering transparency and informed decision-making.

Model Interpretability is the degree to which a human can comprehend the internal mechanics of a model.
Interpretable models, like logistic regression, provide coefficients that directly indicate the direction and
strength of each feature’s influence. In high-stakes contexts like child protection, interpretability is often a
non-negotiable requirement.

Black-Box Models produce accurate predictions but lack readily understandable internal logic. Deep neural
networks are typical black-box models. Their opacity can hinder trust, especially when stakeholders demand
justification for resource distribution. Techniques like surrogate models or attention maps can partially open
the black box, yet full interpretability may remain elusive.

White-Box Models are inherently transparent, offering straightforward mappings from inputs to outputs.
Decision trees and rule-based systems fall into this category. While they may sacrifice some predictive
performance, their clarity can be crucial for compliance with regulatory frameworks or for gaining
community acceptance.

Model Audit processes should be documented in an audit trail, recording data sources, preprocessing steps,
model versioning, and performance metrics. Auditable pipelines enable reproducibility and facilitate
external review. NGOs can adopt version control tools and metadata registries to maintain a comprehensive
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audit trail without excessive overhead.

Impact Evaluation combines quantitative analysis with participatory methods to assess whether Al
interventions achieve intended outcomes. Randomized controlled trials (RCTs) provide high internal validity
but may be impractical in volatile humanitarian contexts. Quasi-experimental designs, such as propensity
score matching, offer alternatives that balance rigor with feasibility.

Cost-Benefit Analysis weighs the financial and resource expenditures of an Al project against the anticipated
social gains. NGOs must consider not only direct costs (e.g., cloud credits, staff time) but also indirect costs
such as data acquisition, training, and potential reputational risks. Benefits may be measured in lives saved,
increased access to services, or enhanced donor confidence.

Partnership Models describe collaborative arrangements between NGOs, technology firms, academia, and
government agencies. Joint ventures can provide technical expertise, data access, and funding, while NGOs
contribute field knowledge and community networks. Clear governance structures, intellectual property
agreements, and shared impact metrics are essential to sustain equitable partnerships.

Funding Mechanisms for Al projects include grants, impact-investment funds, and corporate social
responsibility (CSR) programs. Donors increasingly require evidence of ethical Al practices and measurable
outcomes, prompting NGOs to embed responsible Al principles into proposal narratives and reporting
frameworks.

Open-Source Al platforms, such as TensorFlow, PyTorch, and scikit-learn, democratize access to powerful
tools. NGOs can leverage these resources to avoid costly proprietary licenses. However, open-source
software may lack dedicated support, and organizations must allocate internal capacity for customization,
maintenance, and security updates.

Open Data initiatives promote the sharing of datasets for public benefit. NGOs can contribute anonymized
field data to open-data repositories, fostering collaboration and accelerating innovation. Data sharing
agreements must address consent, privacy, and attribution to protect participants and recognize
contributors.

Data Sharing Agreements formalize the terms under which data can be exchanged between entities. They
define permissible uses, security measures, retention periods, and responsibilities for breach notification.
NGOs should involve legal counsel to ensure agreements comply with local regulations and ethical
standards.

Capacity Building involves developing the skills and infrastructure needed for NGOs to adopt Al responsibly.
Training workshops, mentorship programs, and knowledge-exchange forums empower staff to design,
implement, and evaluate Al solutions. Capacity building should be tailored to varying literacy levels and
include hands-on practice with real datasets.
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Training Workshops can cover topics such as data ethics, model evaluation, and Al governance. Interactive
formats that combine lectures with case-study analyses enhance retention. Providing post-workshop
resources, such as code templates and reading lists, supports continued learning.

Policy Frameworks guide the ethical deployment of Al within NGOs. Frameworks typically address data
governance, algorithmic accountability, stakeholder engagement, and risk management. Aligning internal
policies with international standards—such as the UNESCO Recommendation on the Ethics of Al—helps
NGOs demonstrate compliance to donors and regulators.

Governance Structures establish roles and responsibilities for overseeing Al initiatives. A typical structure
includes an Al steering committee, data protection officer, and ethics review board. Clear escalation
pathways ensure that emerging risks are addressed promptly and that decisions are documented.

Stakeholder Engagement is critical for ensuring that Al solutions reflect community priorities. Participatory
design workshops bring beneficiaries, field staff, and technical experts together to co-create models, define
success criteria, and identify potential harms. Engaging stakeholders early reduces resistance and improves
adoption rates.

Participatory Design emphasizes co-creation, where end-users shape the technology from conception
through deployment. In a water-access project, community members might help define the variables that
indicate water scarcity, ensuring that the model captures locally relevant signals. This approach also
uncovers tacit knowledge that may be invisible in quantitative data.

Human-Centered Al places human values, agency, and well-being at the core of Al system design. It calls for
iterative testing with real users, transparent communication about system capabilities, and mechanisms for
human oversight. NGOs adopting human-centered Al can better align technology with their mission of
empowerment.

Al for Good is a broad umbrella term for projects that apply Al to address societal challenges, ranging from
climate change to health equity. While the phrase conveys optimism, practitioners must guard against
"Al-for-good washing,” where superficial claims mask insufficient impact or hidden harms. Rigorous
evaluation and transparent reporting counteract this risk.

Al for Development focuses on using Al to accelerate progress toward development goals, such as the
Sustainable Development Goals (SDGs). Examples include predictive models for agricultural yield, early
warning systems for disease outbreaks, and automated translation tools for multilingual education.
Alignment with SDG indicators helps NGOs articulate the contribution of Al to broader development
agendas.

Al for Humanitarian Aid applies Al in emergency contexts to improve response speed and effectiveness.
Real-time damage assessment using satellite imagery, crowd-sourced mapping platforms, and automated
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triage systems exemplify this domain. Humanitarian settings impose strict constraints on data quality, time,
and ethical considerations, requiring rapid yet responsible Al deployment.

Predictive Analytics uses historical data to forecast future events. NGOs can forecast school enrollment
trends, migration flows, or the spread of infectious diseases, enabling proactive planning. Predictive models
must be regularly retrained to incorporate new data, as static models quickly become outdated in dynamic
environments.

Risk Assessment models evaluate the probability and impact of adverse events. In conflict-affected regions,
Al can assess the likelihood of violence escalation based on social media sentiment, troop movements, and
economic indicators. Accurate risk assessment informs security protocols for staff and informs strategic
decisions about program locations.

Early Warning Systems combine sensor data, satellite imagery, and machine learning to detect precursors of
crises, such as drought, floods, or disease outbreaks. Timely alerts allow NGOs to mobilize resources before
conditions deteriorate. Challenges include false positives, which can erode trust, and the need for robust
communication channels to disseminate warnings.

Scalability refers to the ability of an Al solution to handle increasing volumes of data, users, or geographic
coverage without degradation of performance. Cloud-native architectures, containerization, and modular
pipeline design support scalability. NGOs must evaluate whether scalability aligns with mission priorities, as
rapid expansion may strain governance and quality-control processes.

Digital Divide describes disparities in access to technology, connectivity, and digital literacy. Al interventions
risk widening the digital divide if they rely on tools unavailable to marginalized groups. Mitigation strategies
include designing low-tech interfaces, providing offline functionality, and offering training to bridge skill

gaps.

Sustainability encompasses environmental, economic, and social dimensions. Al projects should minimize
carbon footprints by optimizing compute usage, consider long-term maintenance costs, and ensure that
benefits persist after external funding ends. Embedding sustainability metrics into project evaluation
promotes responsible resource stewardship.

Stakeholder Mapping identifies all parties affected by or involved in an Al project, from beneficiaries and
field staff to donors and regulators. Mapping clarifies power dynamics, communication needs, and potential
sources of resistance. A clear stakeholder map guides targeted engagement strategies and ensures that
diverse perspectives inform design decisions.

Participatory Monitoring involves community members in data collection and interpretation. Mobile surveys,
voice-recorded narratives, and community dashboards empower locals to track project progress.
Participatory monitoring enhances data relevance, builds trust, and can surface issues that automated
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analytics might overlook.

Data Governance establishes policies for data stewardship, quality, security, and lifecycle management.
Effective governance structures define data ownership, access rights, and responsibilities for data
custodians. NGOs should adopt governance frameworks that balance openness with privacy, ensuring that
data use aligns with ethical commitments.

Ethical Al integrates moral principles—such as beneficence, non-maleficence, autonomy, and justice—into
the entire Al pipeline. Ethical Al practices include conducting impact assessments, obtaining informed
consent, mitigating bias, and providing avenues for redress. Embedding ethics as a continuous process,
rather than a one-off checklist, fosters a culture of responsibility.

Responsible Al expands on ethical Al by incorporating accountability, transparency, and governance
mechanisms. It emphasizes that Al systems must be auditable, that decisions can be traced, and that
organizations are answerable for outcomes. Responsible Al frameworks often include specific metrics,
reporting templates, and certification processes.

Al Governance refers to the structures, policies, and processes that guide Al development and deployment.
Effective governance aligns Al initiatives with organizational mission, legal obligations, and societal
expectations. It typically involves cross-functional committees, risk registers, and regular review cycles.

Model Robustness measures a model’s resilience to variations in input data, such as noise, missing values,
or adversarial attacks. Robust models maintain performance under real-world conditions, which are often
messier than laboratory datasets. Techniques like data augmentation and adversarial training improve
robustness, but they increase computational complexity.

Adversarial Attacks are deliberate attempts to deceive Al models by subtly altering inputs. In a
misinformation detection system, an adversary might modify text to evade classification. NGOs must assess
vulnerability to such attacks, especially when Al systems influence public perception or resource
distribution.

Privacy-Preserving Machine Learning enables model training on sensitive data without exposing raw
records. Methods include federated learning, where models are trained locally on devices and only weight
updates are shared, and secure multi-party computation, which allows joint computation without revealing
individual inputs. These approaches can reconcile data utility with privacy obligations.

Federated Learning decentralizes training by keeping data on local devices while aggregating model
updates. For NGOs operating across multiple field offices, federated learning can train a shared model
without transferring raw beneficiary data to a central server. Communication overhead and heterogeneity of
local data remain technical challenges.
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Secure Multi-Party Computation enables parties to jointly compute a function over their inputs while
keeping those inputs private. It can be used when NGOs need to collaborate with government agencies on
sensitive health data without exposing individual records. The protocol’s complexity can limit scalability,
necessitating careful feasibility analysis.

Data Minimization is the principle of collecting only the data necessary for a specific purpose. By limiting
data collection, NGOs reduce privacy risks and simplify compliance. Data minimization also eases the
burden of data management and can improve community trust.

Data Quality Assurance involves systematic checks for accuracy, completeness, consistency, and timeliness.
Poor data quality propagates errors through Al pipelines, leading to unreliable predictions. NGOs can
implement validation rules, automated anomaly detection, and regular audits to maintain high data
standards.

Bias Audits systematically examine datasets and models for discriminatory patterns. Audits may involve
statistical tests, visualizations, and stakeholder interviews. Findings guide remediation steps, such as
re-sampling, feature removal, or algorithmic adjustments. Conducting bias audits at multiple stages—data
collection, model training, and deployment—provides comprehensive coverage.

Human-In-The-Loop (HITL) designs keep humans actively involved in decision-making processes. In a
crisis-mapping platform, Al may flag potential damage sites, but field staff verify and prioritize them before
action. HITL balances efficiency gains from automation with the contextual judgment that only humans can
provide.

Automation Bias occurs when users over-trust automated recommendations, potentially overlooking errors.
NGOs must train staff to critically evaluate Al outputs and maintain independent verification processes.
Designing interfaces that clearly indicate confidence levels and uncertainty can mitigate automation bias.

Change Management addresses the organizational adjustments required when introducing Al tools. It
includes communication plans, training, and support structures to help staff adapt. Successful change
management reduces resistance, accelerates adoption, and ensures that Al solutions are integrated into
existing workflows.

Ethical Review Boards provide independent oversight of Al projects, assessing potential harms, consent
procedures, and compliance with ethical standards. NGOs may establish internal boards or seek external
review, especially for high-risk interventions. Documentation of board recommendations and subsequent
actions supports accountability.

Regulatory Compliance ensures that Al activities adhere to applicable laws, such as data protection statutes,
sector-specific regulations, and emerging Al-specific legislation. NGOs must stay informed about evolving
legal landscapes, as non-compliance can result in fines, reputational damage, and loss of funding.
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Algorithmic Transparency Report is a public document that details the design, data sources, performance
metrics, and governance processes of an Al system. Publishing transparency reports builds credibility with
donors, beneficiaries, and regulators. Reports should be written in accessible language, avoiding technical
jargon where possible.

Impact Dashboard visualizes key performance indicators (KPIs) related to Al interventions. Dashboards can
display metrics such as prediction accuracy, fairness scores, resource utilization, and beneficiary satisfaction.
Real-time dashboards enable rapid identification of issues and support data-driven decision-making.

Scenario Planning explores alternative futures by simulating how Al models respond to varying
assumptions. NGOs can use scenario planning to assess the resilience of interventions under different
climate, political, or economic conditions. This practice informs strategic planning and risk mitigation.

Ethical Al Toolkit is a collection of resources—checklists, guidelines, case studies, and templates—that assist
NGOs in embedding ethical considerations throughout the Al lifecycle. Toolkits can be customized to reflect
organizational values and local contexts, providing practical support for everyday decision-making.

Community Consent extends individual consent to collective decision-making, recognizing that certain data
reflect group identities or shared resources. Engaging community leaders in consent processes respects
cultural norms and ensures that data use aligns with communal expectations.

Algorithmic Impact Statement (AIS) documents the anticipated social, economic, and environmental effects
of deploying an algorithm. Similar to environmental impact statements, AlSs require systematic analysis,
stakeholder consultation, and mitigation plans. NGOs can adopt AlSs as part of their project approval
workflow.

Data Ethics Committee oversees the ethical dimensions of data collection, storage, and analysis. The
committee reviews proposals for data sharing, ensures compliance with consent terms, and monitors
ongoing data practices. Regular meetings and clear reporting channels keep ethical oversight active.

Model Lifecycle Management tracks a model from conception through deployment, monitoring, and
eventual retirement. Lifecycle management includes version control, performance monitoring, retraining
schedules, and decommissioning procedures. Proper lifecycle management prevents model decay and
maintains alignment with evolving mission goals.

Performance Monitoring continuously assesses a model’s accuracy, fairness, and reliability in production.
Automated alerts can flag drift—when input data distributions shift away from training data—prompting
retraining or recalibration. Ongoing monitoring safeguards against degradation that could undermine
project outcomes.

Concept Drift occurs when the statistical properties of the target variable change over time, reducing model
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relevance. For example, a model predicting malaria risk may become less accurate if climate patterns shift.
Detecting drift requires periodic evaluation against fresh data and mechanisms for rapid model updates.

Model Retraining updates a model using newly collected data to maintain performance. Retraining
schedules should balance the need for freshness with computational cost and data availability. NGOs often
face limited data pipelines, making incremental learning techniques valuable for continuous improvement.

Model Documentation records details such as data sources, preprocessing steps, algorithm choices,
hyperparameters, and evaluation results. Comprehensive documentation supports reproducibility,
auditability, and knowledge transfer, especially when staff turnover is high. Standardized templates, such as
Model Cards, facilitate consistent documentation.

Model Cards are concise summaries that describe a model's intended use, performance across relevant
subpopulations, ethical considerations, and limitations. Model cards help non-technical stakeholders
understand the scope and constraints of an Al system, fostering informed decision-making.

Data Statement similarly provides a structured description of a dataset, covering provenance, collection
methodology, demographic composition, and known biases. Data statements enable users to assess
suitability and anticipate potential pitfalls before training models.

Ethical Impact Assessment evaluates the moral implications of a project, focusing on issues such as
autonomy, dignity, and justice. It complements technical impact assessments by foregrounding values that
may not be captured in quantitative metrics. Conducting ethical impact assessments early in the design
phase helps steer projects toward socially responsible outcomes.

Stakeholder Feedback Loop integrates ongoing input from beneficiaries, staff, and partners into the Al
development process. Feedback mechanisms may include surveys, focus groups, and real-time comment
features in dashboards. Closing the loop ensures that models evolve in line with community needs and
expectations.

Human Rights Impact Assessment examines whether Al deployments could affect rights such as privacy,
freedom of expression, or non-discrimination. NGOs operating in fragile contexts must be especially
vigilant, as Al tools can unintentionally become instruments of surveillance or repression. Aligning
assessments with international human rights standards reinforces ethical legitimacy.

Algorithmic Transparency is not solely a technical attribute but also a social contract. Providing
understandable explanations to affected individuals, publishing source code where feasible, and disclosing
decision logic contribute to a transparent ecosystem. Transparency builds trust, which is essential for
sustained community engagement.

Data Literacy refers to the ability of individuals to read, interpret, and work with data. Building data literacy
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among staff and beneficiaries empowers them to participate meaningfully in Al projects, ask critical
questions, and interpret results. Training curricula should include fundamentals of statistics, data
visualization, and ethical considerations.

Data Stewardship assigns responsibility for data quality, security, and ethical use to designated individuals
or teams. Stewards act as custodians, ensuring that data handling practices align with organizational
policies and external regulations. Clear stewardship roles prevent ambiguity and promote accountability.

Risk Management Framework provides a systematic approach to identifying, assessing, and mitigating risks
associated with Al initiatives. The framework should categorize risks (e.g., technical, ethical, legal,
operational), assign likelihood and impact scores, and define mitigation actions. Regular risk reviews keep
the organization responsive to emerging challenges.

Incident Response Plan outlines procedures for handling adverse events, such as data breaches, model
failures, or unintended harms. The plan designates response teams, communication protocols, and
remediation steps. Having a well-defined incident response plan minimizes damage and demonstrates
organizational preparedness.

Ethical Design Principles guide the creation of Al systems that respect human values. Common principles
include beneficence (doing good), non-maleficence (avoiding harm), autonomy (respecting choice), justice
(fair distribution), and sustainability (environmental stewardship). Embedding these principles into design
checklists ensures they are operationalized rather than abstract.

Algorithmic Transparency Report should include sections on model purpose, data provenance, performance
metrics, fairness analysis, interpretability methods, and governance processes. It may also summarize
stakeholder consultations and mitigation strategies for identified risks. Providing such a report publicly
signals commitment to openness.

Community Benefit Agreement is a contract that outlines how Al projects will deliver tangible benefits to
the communities involved. Agreements may specify data ownership rights, capacity-building commitments,
and mechanisms for sharing insights. Formalizing benefits helps align expectations and reduces the
perception of extractive research.

Data Sovereignty asserts that data generated within a community should be governed by that community’s
laws and norms. NGOs must respect data sovereignty, especially when operating across national borders, by
negotiating data use agreements that honor local jurisdiction and cultural expectations.

Ethical Al Certification programs assess compliance with predefined ethical standards and award
certifications to projects that meet criteria. Certifications can enhance credibility with donors and partners,
but they also require rigorous documentation and third-party verification. NGOs should weigh the benefits
against the resources needed for certification.
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Algorithmic Auditing Tools automate parts of the audit process, offering metrics for bias detection,
performance monitoring, and compliance checks. Open-source tools such as AIF360, Fairlearn, and What-If
can be integrated into NGO workflows, providing accessible means to assess model behavior. However, tool
outputs must be interpreted by domain experts to avoid misdiagnosis.
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