LearnUNI GUIDE

LEARNING SHOULD BE FREE

Professional Certificate in Artificial Intelligence for Nonprofit Fundraising

Data Analysis for Nonprofit Fundraising

Data analysis is the systematic process of inspecting, cleansing, transforming, and modeling data with the
goal of discovering useful information, informing conclusions, and supporting decision-making. In the
nonprofit fundraising context, the purpose of data analysis is to understand donor behavior, optimize
fundraising strategies, and demonstrate impact to stakeholders. Below is a comprehensive list of key terms
and vocabulary that learners will encounter throughout the Professional Certificate in Artificial Intelligence
for Nonprofit Fundraising. Each term is defined, illustrated with an example, and linked to practical
applications and common challenges. The explanations are written in plain text with occasional use of bold
and italic emphasis for short phrases only.

Donor - An individual, corporation, foundation, or other entity that contributes money, goods, or services to
a nonprofit. Example: Jane Doe gives $250 to the annual fund. Practical application: Tracking donor activity
in a Customer Relationship Management (CRM) system enables personalized outreach. Challenge: Donor
records may be duplicated across multiple data sources, leading to inaccurate totals.

Donor segmentation — The process of grouping donors based on shared characteristics such as giving
history, demographics, interests, or engagement level. Example: Segmenting donors into “first-time givers,”
“mid-level supporters,” and “major donors.” Practical application: Tailored email campaigns can be designed
for each segment, increasing relevance and response rates. Challenge: Determining the most predictive
segmentation variables requires iterative testing and validation.

Lifetime value (LTV) — The total amount of money a donor is expected to contribute to the organization over
the entire period of their relationship. Example: A donor who gives $100 annually for ten years has an LTV of
$1,000. Practical application: LTV helps prioritize acquisition spend, focusing on prospects with the highest
long-term return. Challenge: Estimating LTV accurately depends on reliable historical data and assumptions
about future giving patterns.

Retention rate — The proportion of donors who continue to give from one period to the next. Example: If
800 of 1,000 donors from 2022 also gave in 2023, the retention rate is 80 %. Practical application: High
retention rates reduce the need for costly acquisition campaigns. Challenge: Retention metrics can be
misleading if donors move between different giving channels (online, mail, events) without proper data
integration.

Churn — The opposite of retention; it measures the percentage of donors who stop giving within a given
timeframe. Example: A 20 % churn rate means that one-fifth of donors discontinue support each year.
Practical application: Predictive churn models can flag at-risk donors so that stewardship teams can
intervene. Challenge: Churn can be influenced by external factors such as economic downturns, making
prediction more complex.

Acquisition cost — The total expense incurred to attract a new donor, including marketing, staff time, and
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technology. Example: Spending $5,000 on a digital ad campaign that yields 50 new donors results in an
acquisition cost of $100 per donor. Practical application: Comparing acquisition cost to donor LTV
determines the profitability of a campaign. Challenge: Hidden costs such as volunteer time or indirect
overhead are often omitted from calculations.

Return on investment (ROI) — A performance metric that compares the net profit generated by a fundraising
activity to its cost. Formula: ROl = (Net gain + Cost) x 100 %. Example: A gala that raises $200,000 and costs
$50,000 yields an ROI of 300 %. Practical application: ROI guides resource allocation across multiple
campaigns. Challenge: Non-monetary benefits (e.G., Brand awareness) are difficult to quantify but may be
essential for mission-driven organizations.

Key performance indicator (KPI) — A measurable value that demonstrates how effectively an organization is
achieving its fundraising objectives. Common fundraising KPIs include average gift size, donor acquisition
rate, and conversion rate. Example: Tracking the KPI “average gift size” helps assess whether appeals are
encouraging larger donations. Practical application: Dashboards display KPIs in real time, enabling rapid
adjustments. Challenge: Selecting KPIs that align with strategic goals while avoiding data overload.

Metric — Any quantifiable measurement used to assess performance. In fundraising, metrics can be financial
(total revenue) or non-financial (volunteer hours). Example: The metric “email open rate” indicates the
percentage of recipients who open a fundraising email. Practical application: Metrics are the raw inputs for
deeper analysis such as trend identification. Challenge: Metrics must be defined consistently across the
organization to ensure comparability.

Dataset — A collection of related data points organized in rows and columns, often stored in a database or
spreadsheet. Example: A dataset containing donor ID, donation date, amount, and campaign code. Practical
application: Datasets are the foundation for statistical analysis and machine-learning model training.
Challenge: Datasets may contain missing values, outliers, or inconsistent formats that require preprocessing.

Variable — An attribute or characteristic that can take on different values for different observations. In a
donor dataset, variables might include age, income, giving frequency, and communication preference.
Practical application: Variables serve as inputs (features) for predictive models. Challenge: Selecting relevant
variables while avoiding multicollinearity (high correlation between variables) is essential for model stability.

Attribute — Another term for variable, often used when referring to descriptive data about an entity.
Example: The attribute “preferred language” helps tailor multilingual outreach. Practical application:
Attributes enrich donor profiles, supporting segmentation and personalization. Challenge: Attributes
gathered from external sources may be incomplete or inaccurate.

Data cleaning — The process of detecting and correcting inaccurate, incomplete, or irrelevant data. Example:
Removing duplicate donor records and standardizing address formats. Practical application: Clean data
improves model accuracy and reduces false insights. Challenge: Data cleaning can be labor-intensive,
especially when multiple legacy systems are involved.

Data transformation — Converting data from its raw form into a structure suitable for analysis. Common
transformations include normalization, aggregation, and encoding categorical variables. Example:
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Converting donation dates into “days since last gift” to capture recency. Practical application: Transformed
data can be directly fed into statistical software or Al algorithms. Challenge: Inappropriate transformations
can distort underlying relationships.

Normalization — Scaling numeric variables to a common range, typically 0-1 or -1 to 1, to prevent variables
with larger magnitudes from dominating analysis. Example: Normalizing annual income and donation
amount before clustering. Practical application: Normalization is required for many distance-based
algorithms such as k-means clustering. Challenge: Choosing the right scaling method (min-max vs. Z-score)
depends on data distribution.

Aggregation — Summarizing detailed data into higher-level totals or averages. Example: Aggregating daily
donations into monthly totals for trend analysis. Practical application: Aggregated figures simplify reporting
to board members. Challenge: Over-aggregation may hide important variations, such as spikes caused by
specific events.

Encoding — Converting categorical variables into numeric representations that algorithms can process.
Example: One-hot encoding the “donation channel” variable (online, mail, event). Practical application:
Encoding enables inclusion of qualitative information in predictive models. Challenge: High-cardinality
categories (many unique values) can create sparse matrices that increase computational load.

Correlation — A statistical measure that describes the strength and direction of a relationship between two
variables. Values range from —1 (perfect negative) to +1 (perfect positive). Example: A correlation of 0.7
Between “number of event attendances” and “annual giving amount” suggests a strong positive
relationship. Practical application: Correlation analysis helps identify variables that may be predictive of
donor behavior. Challenge: Correlation does not imply causation; spurious relationships can mislead
decision-makers.

Regression — A family of statistical techniques used to model the relationship between a dependent variable
and one or more independent variables. In fundraising, linear regression may predict donation amount
based on donor age and prior giving frequency. Practical application: Regression models provide
quantitative forecasts for budgeting. Challenge: Linear regression assumes a linear relationship and may
perform poorly with non-linear patterns.

Logistic regression — A type of regression used when the outcome variable is categorical, typically binary
(e.G., Donor vs. Non-donor). Example: Predicting the probability that a prospect will convert after receiving a
welcome email. Practical application: Logistic regression outputs probabilities that can be thresholded to
create actionable segments. Challenge: Imbalanced classes (few donors among many prospects) require
techniques such as oversampling or class weighting.

Classification — The task of assigning observations to predefined categories based on input features.
Machine-learning classifiers include decision trees, random forests, support vector machines, and neural
networks. Example: Classifying donors as “high-potential,” “steady,” or “at-risk.” Practical application:
Classification models drive targeted stewardship plans. Challenge: Model interpretability is crucial for ethical
fundraising, especially when decisions affect donor experiences.
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Clustering — An unsupervised learning technique that groups similar observations together without
pre-labeled categories. Common algorithms are k-means, hierarchical clustering, and DBSCAN. Example:
Clustering donors based on giving frequency, average gift size, and event attendance to uncover natural
cohorts. Practical application: Clusters reveal hidden patterns that can inspire new campaign themes.
Challenge: Determining the optimal number of clusters often requires trial and error and domain expertise.

Predictive modeling — The use of statistical or machine-learning techniques to forecast future outcomes
based on historical data. In nonprofit fundraising, predictive models may estimate which prospects are most
likely to become major donors. Practical application: Predictive scores guide allocation of staff time and
marketing spend. Challenge: Model drift—when the underlying data distribution changes over time—
necessitates periodic retraining.

Machine learning (ML) — A subset of artificial intelligence that enables computers to learn from data without
explicit programming. ML algorithms improve their performance as they encounter more data. Example: A
random-forest model that predicts donor churn with higher accuracy than a simple rule-based system.
Practical application: ML automates complex pattern detection, freeing staff to focus on relationship
building. Challenge: ML models can be opaque (“black boxes"), raising concerns about transparency and
accountability.

Supervised learning — A type of ML where the algorithm is trained on labeled data (input-output pairs). The
goal is to learn a mapping from inputs to outputs. Example: Training a model on past donation records
(inputs) and whether the donor gave in the most recent campaign (output). Practical application: Supervised
models are used for classification and regression tasks in fundraising. Challenge: Obtaining high-quality
labeled data can be costly and time-consuming.

Unsupervised learning — ML techniques that work with unlabeled data to discover structure, such as clusters
or associations. Example: Using association-rule mining to find frequent combinations of donation causes
(e.G., "Environment” and "education”). Practical application: Unsupervised learning uncovers insights that
may not be evident through hypothesis-driven analysis. Challenge: Interpreting the results requires domain
knowledge to avoid misclassification.

Neural network — A computational model inspired by the human brain, composed of interconnected layers
of nodes (neurons). Deep neural networks contain multiple hidden layers and can capture complex,
non-linear relationships. Example: A neural network that predicts donation amount based on text data from
donor emails. Practical application: Neural networks excel at processing unstructured data such as
social-media comments or scanned forms. Challenge: They demand large datasets, significant
computational resources, and careful tuning to prevent overfitting.

Overfitting — When a model learns noise and idiosyncrasies in the training data rather than the underlying
pattern, resulting in poor performance on new data. Example: A decision-tree model that perfectly fits the
training set but misclassifies most validation cases. Practical application: Techniques such as
cross-validation, regularization, and pruning mitigate overfitting. Challenge: Balancing model complexity
with generalization is a core skill for data analysts.
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Underfitting — When a model is too simple to capture the underlying structure of the data, leading to low
accuracy on both training and test sets. Example: Using a linear model to predict a highly curved
relationship between donor tenure and giving amount. Practical application: Adding more features or
selecting a more expressive algorithm addresses underfitting. Challenge: Detecting underfitting requires
careful evaluation of training and validation errors.

Cross-validation — A technique for assessing model performance by partitioning the data into training and
testing subsets multiple times. The most common form is k-fold cross-validation. Example: Splitting a donor
dataset into five folds, training on four, and testing on the fifth, then rotating. Practical application:
Cross-validation provides a robust estimate of how the model will perform on unseen data. Challenge: With
limited data, each fold must still contain enough observations to be representative.

Feature engineering — The process of creating, selecting, and transforming variables to improve model
performance. Example: Deriving “recency” (days since last donation) and “frequency” (number of gifts in the
past year) from raw donation dates. Practical application: Well-engineered features often have a larger
impact on predictive power than algorithm choice. Challenge: Feature engineering requires both technical
skill and fundraising domain expertise.

Feature selection — Identifying the most relevant variables for a model, often using statistical tests,
regularization methods, or tree-based importance scores. Example: Removing “postal code” if it shows little
predictive value for donor churn. Practical application: Reducing the number of features simplifies models
and speeds up training. Challenge: Eliminating a feature that appears irrelevant may discard subtle
interactions that benefit the model.

Training set — The portion of data used to fit a model. Example: 70 % Of the donor dataset allocated for
model training. Practical application: The model learns patterns from the training set before being
evaluated. Challenge: Ensuring the training set is representative of the overall population prevents biased
models.

Validation set — A subset of data used to tune hyperparameters and assess model performance during
development, separate from the training set. Example: 15% Of the donor dataset reserved for validation.
Practical application: Validation helps avoid overfitting by providing an unbiased performance estimate.
Challenge: With small datasets, allocating a validation set reduces the amount of data available for training.

Test set — The final hold-out data used to evaluate the model's performance after training and validation are
complete. Example: The remaining 15 % of the donor dataset used for final testing. Practical application: Test
set results are reported to stakeholders as the expected real-world accuracy. Challenge: Leakage—
accidentally using test data during training—can inflate performance metrics.

Hyperparameter — A configuration parameter external to the model that must be set before training, such
as the number of trees in a random forest or the learning rate of a neural network. Example: Setting the
"max depth” of a decision tree to 5. Practical application: Hyperparameter tuning (grid search, random
search, Bayesian optimization) can substantially improve model performance. Challenge: Exhaustive search
can be computationally expensive, especially for deep learning models.
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Algorithm — A step-by-step computational procedure for solving a problem. In data analysis, algorithms
include linear regression, k-means clustering, and gradient boosting. Example: The “XGBoost" algorithm
builds an ensemble of weak learners to create a strong predictor. Practical application: Selecting the right
algorithm balances accuracy, interpretability, and runtime. Challenge: Different algorithms may produce
conflicting insights; cross-checking results is essential.

Bias — Systematic error that skews results in a particular direction. In fundraising analytics, bias can arise
from sampling (e.G., Only online donors) or from model assumptions. Example: A model trained only on
past major donors may overestimate the likelihood of future major gifts. Practical application: Bias detection
techniques, such as fairness metrics, help ensure equitable treatment of all donor groups. Challenge:
Mitigating bias often requires additional data collection and careful model design.

Variance — The variability of model predictions for different training sets. High variance models are sensitive
to small fluctuations in the data, leading to instability. Example: A deep neural network that yields widely
different churn predictions when retrained on slightly different subsets. Practical application: Regularization
and ensemble methods reduce variance. Challenge: Striking the right balance between bias and variance
(the bias-variance trade-off) is a core modeling dilemma.

Fairness — The principle that models should not produce discriminatory outcomes based on protected
attributes such as race, gender, or age. Example: Ensuring that a donor-targeting model does not
systematically exclude certain demographic groups. Practical application: Fairness audits compare model
performance across subpopulations. Challenge: Achieving fairness may require sacrificing some predictive
accuracy, which must be justified to leadership.

Explainability — The degree to which a model’s internal mechanics can be understood by humans.
Explainable models foster trust, especially when decisions affect donor relationships. Example: Using SHAP
(SHapley Additive exPlanations) values to show that “recency” contributed 30 % to a donor’s churn risk
score. Practical application: Explainability tools enable fundraisers to communicate model insights to board
members and donors. Challenge: Complex models like deep neural networks are inherently less transparent,
requiring additional techniques to interpret.

Artificial intelligence (Al) — A broader field encompassing machine learning, natural language processing,
computer vision, and other technologies that enable computers to perform tasks that normally require
human intelligence. Example: An Al-driven chatbot that answers donor inquiries in real time. Practical
application: Al can automate routine tasks, personalize donor communications, and uncover hidden
patterns. Challenge: Implementing Al responsibly requires governance, ethical guidelines, and ongoing
monitoring.

Natural language processing (NLP) — A branch of Al that focuses on the interaction between computers and
human language. In fundraising, NLP can analyze donor emails, social-media comments, and survey
responses. Example: Sentiment analysis that classifies donor feedback as positive, neutral, or negative.
Practical application: NLP helps prioritize donor concerns and tailor messaging. Challenge: Language
nuances, sarcasm, and multilingual content increase processing complexity.
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Computer vision — An Al discipline that enables machines to interpret visual information from images or
video. Example: Using image recognition to automatically tag photos from a fundraising event for archival
purposes. Practical application: Computer vision can verify receipt of in-kind donations by scanning
barcodes on donated goods. Challenge: High-quality image data and privacy considerations are
prerequisites for deployment.

Data warehouse — A centralized repository that aggregates data from multiple sources, optimized for
reporting and analysis. Example: A nonprofit's data warehouse stores CRM records, web analytics, and grant
management data. Practical application: A single source of truth simplifies cross-departmental reporting.
Challenge: Data integration pipelines must handle differing schemas, data refresh schedules, and security
protocols.

Data lake — A storage architecture that holds raw, unprocessed data in its native format, often used for
big-data analytics. Example: Storing raw clickstream logs from the organization’s donation website
alongside structured donor tables. Practical application: Data lakes enable exploratory analysis and
machine-learning experiments without extensive preprocessing. Challenge: Without proper governance,
data lakes can become "data swamps” where information is difficult to locate or trust.

Extract, Transform, Load (ETL) — The workflow for moving data from source systems into a data warehouse
or lake. “Extract” pulls data, “Transform” cleans and reshapes it, and “Load” writes it to the destination.
Example: An ETL pipeline that extracts monthly donation data from the CRM, converts dates to ISO format,
and loads the result into the warehouse. Practical application: Automated ETL ensures timely data
availability for dashboards. Challenge: Maintaining ETL scripts when source systems change requires
ongoing coordination.

Application programming interface (API) — A set of rules and protocols that allow different software
applications to communicate. Example: Using the Stripe API to retrieve real-time online donation
transactions. Practical application: APIs enable seamless integration of third-party tools (e.G., Email
marketing platforms) with the nonprofit's CRM. Challenge: API rate limits, authentication, and version
changes can disrupt data flows.

Dashboard — A visual interface that presents key metrics, charts, and alerts in an at-a-glance format.
Example: A fundraising dashboard showing total donations, donor acquisition trend, and upcoming
campaign deadlines. Practical application: Dashboards empower staff to monitor performance and react
quickly to deviations. Challenge: Overcrowding dashboards with too many widgets reduces clarity; selecting
the most actionable visualizations is essential.

Heat map — A graphical representation that uses color intensity to show the magnitude of a variable across
two dimensions. Example: A heat map of donation amounts by geographic region and campaign type.
Practical application: Heat maps reveal spatial patterns that inform regional outreach strategies. Challenge:
Interpreting heat maps requires careful scaling to avoid misleading visual emphasis.

Funnel analysis — A method for visualizing the steps a donor takes from awareness to conversion,
highlighting drop-off points. Example: A funnel showing 10,000 website visitors — 2,500 email opens — 800

Read online: https://learnuni.com/guides/4124464/data-analysis-for- LearnUNI - 01 Jul 2026
nonprofit-fundraising



LearnUNI GUIDE

LEARNING SHOULD BE FREE

click-throughs — 200 donations. Practical application: Funnel analysis identifies bottlenecks where
interventions can improve conversion rates. Challenge: Accurate attribution across multiple channels
demands reliable tracking mechanisms.

Segmentation tree — A decision-tree diagram that splits a donor population into mutually exclusive groups
based on variables such as giving frequency and engagement score. Practical application: Segmentation
trees make it easy for non-technical staff to understand the logic behind donor categories. Challenge:
Complex trees can become unwieldy; pruning is necessary to keep them actionable.

Churn prediction model — A specific predictive model that estimates the probability that a donor will stop
giving within a defined horizon. Example: A logistic-regression model that outputs a churn risk score
between 0 and 1. Practical application: High-risk donors can be targeted with personalized retention
campaigns (e.G., Phone calls, thank-you notes). Challenge: Model accuracy depends on capturing the right
leading indicators, such as decreased engagement or recent lapsed gifts.

Propensity score — The estimated probability that a prospect will respond positively to a particular
fundraising appeal, derived from historical response data. Example: Assigning a 0.75 Propensity score to a
prospect for a major-gift solicitation. Practical application: Propensity scores enable prioritization of
outreach resources. Challenge: Scores may be biased if historical data reflect past campaign biases.

Donor lifetime value model — A forecasting model that predicts the total monetary contribution a donor will
make over the expected duration of their relationship with the organization. Practical application: LTV
models inform strategic decisions about how much to invest in acquisition versus retention. Challenge:
Predicting future giving behavior requires assumptions about donor attrition rates and changes in giving
capacity.

Event analytics — The systematic examination of data generated by fundraising events, including attendance,
ticket sales, on-site donations, and post-event surveys. Example: Analyzing the correlation between event
ticket price tiers and subsequent recurring donations. Practical application: Event analytics guide pricing,
sponsorship outreach, and follow-up strategies. Challenge: Data may be fragmented across ticketing
platforms, payment processors, and post-event email lists.

Online donation platform — A web-based system that processes electronic contributions, often integrating
with payment gateways and CRM software. Example: A nonprofit's donation page built on the Donorbox
platform. Practical application: Online platforms provide real-time reporting of donation flow, enabling
rapid campaign adjustments. Challenge: Platform fees, data ownership, and integration complexity must be
managed.

Recurring donation — A donation that is scheduled to occur at regular intervals (monthly, quarterly, etc.).
Example: A donor sets up a $25 monthly contribution. Practical application: Recurring gifts provide a
predictable revenue stream and improve donor retention. Challenge: Managing recurring donation churn
requires ongoing communication and value reinforcement.

Matching gift — A donation made by a corporation or foundation that matches an individual donor’s
contribution, typically up to a set limit. Example: An employee’s $100 donation is matched dollar-for-dollar
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by their employer up to $1,000. Practical application: Promoting matching opportunities can double the
impact of a single gift. Challenge: Tracking and verifying matching contributions adds administrative
overhead.

Grant management system — Software that tracks grant applications, award decisions, reporting
requirements, and fund disbursement. Example: Using the Fluxx platform to manage foundation grants.
Practical application: Integration with the donor database enables consolidated reporting of both private
donations and grant income. Challenge: Grants often have distinct reporting cycles and compliance rules,
requiring customized data fields.

Social-media analytics — The measurement and analysis of social-media activity, such as likes, shares,
comments, and click-throughs, to gauge campaign performance. Example: Monitoring the hashtag
#GiveHope to assess reach during a year-end appeal. Practical application: Social-media insights can inform
content strategy and identify influential advocates. Challenge: Data privacy regulations and platform API
changes can limit data accessibility.

Email marketing metrics — Quantitative indicators that evaluate the effectiveness of email campaigns,
including open rate, click-through rate (CTR), conversion rate, and unsubscribe rate. Example: An open rate
of 45% indicates strong subject-line relevance. Practical application: Email metrics guide A/B testing of
subject lines, send times, and content blocks. Challenge: Email deliverability issues (spam filters, bounces)
can distort metric accuracy.

Data governance — The set of policies, procedures, and standards that ensure data is managed responsibly,
securely, and in compliance with regulations. Example: A data-governance charter that defines who can
access donor PIl (personally identifiable information). Practical application: Strong governance protects
donor privacy, builds trust, and avoids legal penalties. Challenge: Establishing governance across multiple
departments can be politically sensitive.

Privacy regulation — Laws that dictate how personal data must be handled, such as GDPR (General Data
Protection Regulation) in the EU or CCPA (California Consumer Privacy Act) in the United States. Practical
application: Implementing consent-management tools to record donor preferences for communications.
Challenge: Keeping up with evolving regulations requires continuous policy review and staff training.

Data silo — A situation where data is isolated within a single department or system, preventing sharing and
holistic analysis. Example: The fundraising team stores donor data in a separate spreadsheet that the finance
team cannot access. Practical application: Breaking down silos through data integration improves insight
quality. Challenge: Organizational culture and legacy systems often reinforce siloed data structures.

Data integration — The process of combining data from different sources into a unified view. Example:
Merging online donation records, mail-in checks, and event ticket sales into a single donor profile. Practical
application: Integrated data enables comprehensive segmentation and more accurate LTV calculations.
Challenge: Inconsistent identifiers (e.G., Varying name formats) complicate matching records.

Data quality — The degree to which data is accurate, complete, consistent, and timely. Example: A dataset
where 5% of donor email addresses are invalid. Practical application: High-quality data reduces errors in
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predictive models and improves communication effectiveness. Challenge: Ongoing data-quality monitoring
is required to catch and correct errors as they arise.

Data enrichment — Adding external information to existing records to enhance their value. Example:
Appending household income estimates from a third-party data provider to donor profiles. Practical
application: Enriched data improves segmentation precision and predictive power. Challenge: Enrichment
must respect privacy laws and be cost-effective.

Anonymization — The process of removing personally identifying information from datasets to protect
privacy while retaining analytical utility. Example: Replacing donor names with random IDs before sharing
data with an external analyst. Practical application: Anonymized data can be used for research or
benchmarking without violating donor confidentiality. Challenge: Over-anonymization may strip away useful
context, reducing analytical insight.

Bias mitigation — Strategies employed to reduce or eliminate systematic errors in models, such as
re-sampling, re-weighting, or algorithmic adjustments. Practical application: Applying fairness constraints to
a donor-targeting model to ensure equitable outreach across demographic groups. Challenge: Mitigation
techniques may reduce overall predictive accuracy, requiring a trade-off analysis.

Model monitoring — Ongoing surveillance of model performance after deployment, checking for drift,
degradation, or unexpected behavior. Example: Weekly dashboards that track churn-prediction accuracy
against actual churn rates. Practical application: Early detection of drift allows timely model retraining.
Challenge: Monitoring requires setting appropriate thresholds and allocating resources for maintenance.

Explainable Al (XAl) — A set of methods and tools that make Al decisions understandable to humans.
Example: Using LIME (Local Interpretable Model-agnostic Explanations) to show why a specific donor
received a high churn risk score. Practical application: XAl builds stakeholder confidence and satisfies
regulatory demands for transparency. Challenge: Some XAl techniques are computationally intensive and
may not scale to large datasets.

Data ethics — The moral principles guiding the collection, analysis, and use of data. In fundraising, ethics
encompasses donor consent, fairness, and the avoidance of manipulative tactics. Practical application:
Establishing an ethics review board to evaluate Al-driven outreach campaigns. Challenge: Balancing
aggressive fundraising goals with respect for donor autonomy can be contentious.

Scalable architecture — System design that can handle increasing data volume, velocity, and variety without
performance loss. Example: Deploying cloud-based storage and compute resources that auto-scale during
peak donation periods. Practical application: Scalability ensures that analytics remain responsive during
large campaigns (e.G., Disaster relief drives). Challenge: Cloud costs can spiral if usage is not monitored and
optimized.

Real-time analytics — The capability to process and analyze data as it arrives, providing immediate insights.
Example: A live dashboard that updates donation totals each minute during a fundraising marathon.
Practical application: Real-time alerts can trigger on-the-fly adjustments, such as boosting social-media
spend when donations lag. Challenge: Streaming data pipelines require robust infrastructure and
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low-latency processing.

Batch processing — The execution of data jobs on a scheduled basis, typically processing large volumes of
data at once. Example: Nightly aggregation of daily donation totals for reporting. Practical application:
Batch jobs are efficient for non-time-critical analytics, such as annual donor reports. Challenge: Delayed
insights may miss opportunities for rapid response.

Data visualization — The graphical representation of data to communicate patterns, trends, and outliers
effectively. Example: A bar chart showing donation growth by quarter. Practical application: Visualizations
simplify complex data for board presentations and grant applications. Challenge: Poorly designed visuals
can mislead; choosing the appropriate chart type is crucial.

Scatter plot — A chart that displays values for two variables as points, revealing correlation or clustering.
Example: Plotting “donation amount” versus “years as a donor” to identify high-value long-term supporters.
Practical application: Scatter plots help assess the linearity assumption before applying regression models.
Challenge: Overplotting can obscure density; techniques like jittering or hexbin plots may be needed.

Box plot — A visual summary of a distribution’s median, quartiles, and outliers. Example: Comparing median
gift sizes across three fundraising campaigns. Practical application: Box plots quickly highlight differences in
central tendency and variability. Challenge: Interpreting outliers requires domain knowledge to decide
whether they represent errors or genuine high-impact donors.

Time series — A sequence of data points collected at successive points in time, often at regular intervals.
Example: Monthly donation totals over the past five years. Practical application: Time-series analysis
supports forecasting, seasonality detection, and anomaly identification. Challenge: Missing timestamps or
irregular intervals can disrupt model accuracy.

Seasonality — Regular, predictable fluctuations that recur over a specific period (e.G., Higher donations
during the holiday season). Practical application: Adjusting campaign budgets to capitalize on seasonal
peaks. Challenge: Over-reliance on seasonal patterns may cause missed opportunities in atypical periods.

Anomaly detection — Identifying data points that deviate markedly from expected patterns. Example: A
sudden spike in donations from a single IP address that may indicate fraudulent activity. Practical
application: Automated alerts flag anomalies for investigation, protecting revenue integrity. Challenge:
Defining thresholds that balance false positives and false negatives is non-trivial.

Sentiment analysis — Using NLP to determine the emotional tone of textual data (positive, neutral, negative).
Example: Analyzing donor survey comments to gauge satisfaction with a recent event. Practical application:
Sentiment scores inform donor stewardship priorities. Challenge: Nuanced language, sarcasm, and
multilingual responses reduce accuracy.

Topic modeling — An unsupervised NLP technique (e.G., Latent Dirichlet Allocation) that discovers abstract
topics within a collection of documents. Example: Identifying recurring themes such as “education,” “health,”
and “environment” in donor letters. Practical application: Topic clusters guide content personalization and
program development. Challenge: Interpreting topics requires human validation to ensure relevance.
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Data pipeline — A series of automated steps that move data from source to destination, including extraction,
transformation, loading, and validation. Practical application: A pipeline that pulls donation data nightly,
cleans it, and loads it into a data warehouse for reporting. Challenge: Pipelines must be resilient to
source-system changes and failures.

Data lineage — The documentation of data’s origins, transformations, and movement through the system.
Example: Tracing a donor’s LTV value back to raw donation transactions, enrichment steps, and aggregation
logic. Practical application: Lineage aids auditability, compliance, and troubleshooting. Challenge:
Maintaining accurate lineage metadata can be labor-intensive.

Version control — Managing changes to code, scripts, and configuration files through a system such as Git.
Practical application: Collaborative development of analytics scripts, with rollback capability if a change
introduces errors. Challenge: Non-technical staff may need training to adopt version-control workflows.

Data scientist — A professional who applies statistical, computational, and domain-specific expertise to
extract insights from data. In a nonprofit, a data scientist may build predictive models, design experiments,
and interpret results for fundraising teams. Practical application: A data scientist creates a propensity-score
model that improves donor targeting efficiency by 15%. Challenge: Limited budgets and competing
priorities may restrict the scope of data-science initiatives.

Data analyst — A specialist focused on cleaning, visualizing, and interpreting data, often using tools like
Excel, Tableau, or PowerBI. Practical application: An analyst prepares monthly donor performance reports for
the executive director. Challenge: Analysts must balance depth of analysis with the need for timely delivery.

Data engineer — An individual responsible for building and maintaining the infrastructure that supports data
collection, storage, and processing. Practical application: Designing an ETL workflow that ingests donation
data from multiple payment gateways. Challenge: Engineering work often requires coordination with IT
security and compliance teams.

Data steward — A role tasked with overseeing data quality, governance, and access policies. Practical
application: A steward reviews new data sources for compliance with privacy regulations before integration.
Challenge: The steward must navigate conflicting priorities between data accessibility and security.

Stakeholder — Any person or group with an interest in the outcomes of data-driven fundraising activities,
including donors, staff, board members, and grantors. Practical application: Engaging stakeholders early in
model development ensures alignment with mission goals. Challenge: Diverse stakeholder expectations can
lead to competing demands on analytics resources.
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