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Abstract
Age is a crucial factor regarding both, the willingness of people to donate and the most effective
modes of communication in order to motivate them to do so. 1 Hence, it is of uttermost importance
for any NGO to know the age distribution of their donor base. The Swiss development organization
Helvetas has age information only for parts of its donor base. Here we present a machine learning
model that allows them to estimate the birth years of the other donors. The model is available as a
Python package allowing for straightforward future reuse and enhancements.
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Introduction

Alone in 2019 the Swiss NGO Helvetas provided help to 3.8 million people within 29 countries across the
globe. 2 23 % of its annual financial resources were obtained from donations. 2 Hence, fundraising is of
immense importance for the work of Helvetas and the well-being of their beneficiaries.
A solid understanding of an NGOs donor base is crucial in order to design impactful fundraising
campaigns and to foresee the future evolution of its financial resources. An essential factor regarding this,
is the age of their (potential) donors: First, people tend to donate more with increasing age. 1 Still, there
are also generational differences, with, e.g., the generation of the baby boomers (birth years 1952 to 1966)
being less engaged than their predecessors were at the same age. 3 Finally, different generations prefer
different channels of communication and types of information when being approached by fundraisers. 1
The donor database of Helvetas, however, does not include birth years for the majority of the donors.
We aimed to fill these blanks via machine-learning. Based on this, in the following, we provide an
analysis of the geographical and age-related structure of the Helvetas donor base with which we hope to
help enhancing the impact of future fundraising initiatives.
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Methodology

The data set consists of information about approximately 300.000 donors comprising their postal code,
gender, first name, and donation history. For a third of them the birth year is included.
We enriched this raw data set by integrating external information: First, we exploited our knowledge
of the donors’ postal codes. In particular, we included average education level, 4 income, 5 wealth 6 and,
most importantly, birth year per region. 7 Furthermore, we added age predictors extracted from the first
names and their age-dependent frequency in Switzerland. 8,9
To solve the problem of inferring the age of the donors, for whom it was not included in the data
set, we took advantage of the power of machine learning (ML). Machine learning models are statistical
models that learn from data and are therefore suitable for this task. Approaching the problem as a
regression task, a variety of models from the open source libraries scikit-learn 10 and tensorflow 11
were implemented and tested.
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Results and Deliverables

To begin with, we explored both, the raw and the enhanced data set, to gain a better understanding of
the Helvetas donor base. For example, we investigated the geographical distribution of the donors across
Switzerland. As can be seen from Figure 1, it is uneven. This could be addressed in targeted fundraising
campaigns.

Figure 1: Share of Helvetas donors in the population of Swiss municipalities. Gray regions contain missing
data.
To predict the age of the donors, we implemented multiple machine learning regression algorithms.
With a mean absolute error of 7.8 years, our model showed the best performance with a random forest
regressor, which was fine-tuned with a grid search of hyper-parameters. A result summary is provided in
Table 1.
Table 1: Model performance in terms of the mean absolute error. The baseline model represents the
MAE obtained by simply predicting the mean age of the training set for all donors.
Regression Model
Baseline model
Neural Net
Elastic Net
Random Forest

Mean Absolute Error (years)
13.2
11.5
9.1
7.8

Further algorithms, such as deep neural nets and support vector machines, could be easily integrated
into our pipeline (vide infra), leaving room for future model improvements. However, the model with the
achieved accuracy can already provide useful insights for Helvetas. Hence, we are in firm belief that it
sets a positive example for solving similar problems.
Besides the model result as such, it is also insightful to investigate which features of the dataset proved
to be the most influential. Feature importance inference of the numerical features within the random
forest model (see Figure 2), identified two features extracted from the donors’ names in combination with
external data to be the most relevant for age prediction. This result underlines the importance of the
data enhancement. In addition, the date of acquisition of the donors’ information, the source of contact,
and the life long donation value made by donors proved to be highly important.

3.1

Deliverables

The final product of our project is a Python package that integrates data engineering, data science
and machine learning pipelines. It provides easy-to-use functionality for fully automated data cleaning,
model training, model testing and prediction of the age of donors. The core framework of our package is
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Figure 2: Feature importance of the dataset represented by the Gini impurity of the random forest.
The higher the impurity, the more relevant the feature is for the age of donors. The feature ”name”
is the expected age of a donor purely based on his first-names age-dependent frequency in Switzerland;
”generation name” refers to the probability of the first name belonging to a certain generation. ”LTV
donations” is the life-time donation value of a donor.

Kedro. 12 Due to the integration of MLFlow, 13 model metrics can be tracked easily. Both of these opensource packages allow for the implementation of a reproducible, maintainable and validatable pipeline.
In addition to the Python package, Jupyter notebooks, e.g., allowing for straightforward data visualizations, will be provided to Helvetas.
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Difficulties, Limitations and Risks

The first challenge we faced was the unbalanced age structure of the dataset: The comparison of the
age distribution of the donors database to the population pyramid of Switzerland (see Figure 3) shows
an over-representation of young adults. This is especially striking considering that it is known 1 that,
in general, older generations tend to donate more. This bias could affect the prediction performance
of our model. Nevertheless, the use of external information and the regression machine learning model
approach achieved a good prediction performance, also in the under-represented age ranges of the training
dataset, and recovered an age structure for the Helvetas donors database with a higher abundance of
older generations.
A limitation of our model is the exclusive use of Swiss based information to enhance the dataset. This
information might not be accurate for Helvetas donors from other countries. However, the proportion of
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Figure 3: Age distribution of a) the Swiss population 2019 7 b) the Helvetas dataset with birth date
recorded, c) the Helvetas dataset with predicted age by our machine learning model.
non-Swiss donors in our dataset was very small (3.4 %). Also, this limits the transferability of our model
to non-Swiss organizations.
The external datasets should be updated when major changes in demographics are to be expected.
However, we anticipate our data enrichment pipeline to be representative for the Swiss population for
the next years.
The model pipeline can be easily applied to a new dataset due to its modular implementation in
Kedro. 12 Although the model is adapted to the current data variables from the Helvetas donors database,
the enrichment with external data only requires the first name and postal code of the donors.
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Conclusions
• We heavily enriched the Helvetas donor database with external information. Based on this, we
generated detailed visualizations of the donors geographic and age distribution. These allow for
deeper insights into the donor base composition and, hence, might be of use for future fundraising
initiatives.
• We have developed a machine learning model to predict the birth year of the donors. With this
approach, we are able to recover an age distribution for Helvetas donors closer to what is expected
from other Swiss donor studies. 1
• The final product is straightforward to use and reproducible. The full workflow, including data
engineering and data modeling is implemented in a Python pipeline with Kedro 12 and MLflow. 13
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