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We describe our work of developing non-monetary incentives for
increasing motivation and improving productivity and engagement for
single users. We elaborate on our research and implementations of
harnessing a recommendation-based method focusing on increasing
engagement and satisfaction by matching tasks to users. Our
recommendation methods are diversity aware by generating
recommendations based on users’ behavioural patterns as opposed to
their fixed demographic characteristics. We extend this research by
designing adaptive explanations based on user’s characteristics and
behaviour in the system. In our research we take a computational based
approach, which uses participants’ interaction histories in the system to
predict their future responses to considered incentives. Our
implementations and trials point to the potential of these approaches and
to the promise of designing adaptive explanations for these environments.
In this research we work with systems in a large-scale volunteer-based
crowdsourcing domain which serves as a fertile ground for our
experimentations in the wild.
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EXECUTIVE SUMMARY
We report on our next step in developing non-monetary incentives for increasing motivation
and improving productivity and engagement for single users in online systems. Specifically,
we focus in this report on providing explanations for recommendations supplied to different
user diversities based on their behaviour in an online system. We elaborate on our
research and implementations of a recommendation-based method focusing on increasing
engagement and satisfaction by matching tasks to users and on adapting explanations for
each recommendation presented to users. We take a computational based approach,
based on users' histories in the system.
Our recommendation-based work matches thousands of volunteers with Citizen Science
projects in which people contribute online to scientific research. As a first step, we work
with SciStarter, a leading citizen science portal on the web, which offers more than 3,000
projects and recruits volunteers through media and other organizations, bringing citizen
science to people. We note that this work will be integrated into the WeNet system once
enough usage data is available in WeNet. Given the sheer size of available projects in
SciStarter, it faces two major challenges. First, how to find the right project, which best
suits the user preferences and capabilities. This is deemed essential for keeping volunteers
motivated and active. Second, once a project is recommended to a user, how to explain
this recommendation to the user based on their characteristics and behaviour in the
system. This user adapted explanation is considered necessary from both an ethical
perspective as well as in order to increase adoption and contribution.
We develop a novel approach for supplying the right recommendation to volunteers based
on their profile and logged activities. We use methods from the field of recommendation
systems, including collaborative filtering methods and matrix factorization. We then develop
a state-of-the-art approach for selecting the best explanation for each recommendation per
user. This approach considers the ranked recommendation list of items created for each
user, multiple available explanation types per item and the manner in which the
recommendations and explanations will be presented to users. This research develops a
new approach for personalized recommendations and explanations in the SciStarter
ecosystem, in order to increase their engagement and motivation to contribute to citizen
science platforms. We lay the foundation to enhance participants’ motivation and learning
in online systems by aligning interests with projects through AI recommendation and
explanation tools.
We evaluated our explanation approach in the SciStarter system, based on data collected
from thousands of users who previously participated in an online study involving AI based
recommendation of new projects. In the online study, volunteers were randomly divided
into different cohorts, which varied the recommendation algorithm that was used to
generate suggested projects. We were able to show that: 1) our recommendation system
was able to engage people in new projects that they had never tried before; 2) the
recommendation system led to increased participation in SciStarter projects; and 3) the
cohort of volunteers receiving recommendations created by the SVD algorithm (matrix
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factorization) exhibited the highest levels of contributions to new projects, when compared
to the other cohorts. This was the first study using AI based recommendation tools in large
scale citizen science platforms.
We used the data from the online study to develop our explanation algorithm and test it in
an offline setting. We show that the newly developed algorithm outperforms alternative
approaches offline. We then worked with SciStarter to design and prepare an online study
for testing the explanation algorithm in the wild. This study will launch in the coming month.
Transferability of the developed approaches to the WeNet system will be achieved by
mapping items (which are projects in the case of SciStarter) to the activities offered in
WeNet apps.
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1 INTRODUCTION
Citizen science engages people in contributing to the science by collecting,
categorizing, transcribing, or analyzing scientific data [4, 11, 5]. These platforms1 offer
thousands of different projects which advance scientific knowledge all around the world.
With this wide variety of projects, finding the right project, which best suits the user
preferences and capabilities, has become a major challenge [22, 6] and is essential for
keeping the user motivated, active and satisfied. In this research we aimed to test how a
personalized AI-based recommendation system can address this challenge and
incentivise users, increase their motivation and satisfaction with the projects they choose
to contribute to. We focus on two problems which complement each other: generating
personalized recommendations and explaining these recommendations to an end user in
an adaptive manner.
Recommendation systems have been used in other domains, such as e-commerce,
news, social media, content aggregation and censorship systems [14, 8]. Personalized
recommendations have been shown to constitute strong incentivising mechanisms in
monetary based systems, where they are used and studied extensively [29]. Specifically,
past work has shown that personalized recommendations are incentivising and leading to
increased motivation, higher engagement levels, extended consumption level and
increased purchasing behaviour [31,32]. Additionally, applying personalized
recommendations in online educational settings has shown promising impact on the
motivation and learning gains of target learners [30]. Thus, such mechanisms are
deemed important in the context of a diversity focused social project such as WeNet,
where non-monetary policies are to be used for incentivising users and achieving system
goals.
In our past report we developed a new approach for personalized recommendations
in citizen science platforms, in order to increase their engagement and motivation to
contribute. Our recommendation system delivered personalized recommendations to
signed-in users by recommending them with new projects based on their past history on
the site and based on projects’ characteristics. We applied this approach in the wild in
the SciStarter platform (https://scistarter.org). SciStarter offers more than 3,000 projects
and recruits volunteers through media and other organizations, bringing citizen science
to people. Our results pointed to the potential of the proposed recommendation based
approach and algorithms to incentivize users in voluntary non-monetary domains, such
as the WeNet system.
In this report we extend our work by using data from our past study to develop
explanation algorithms for recommendation systems. Specifically, we develop post hoc
explanation approaches for black box recommendation algorithms which are hard to
explain. This approach generates adaptive explanations while addressing different
characteristics of the user's diverse behaviour in the system. We show that our proposed
1

E.g zooniverse.org, scistarter.org
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algorithm outperforms alternative approaches in offline settings. We now work with
SciStarter to design and prepare an online study for testing our approaches in the wild.
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2 PAST WORK
This work relates to past work in citizen science research as well as recommendation
and explanation systems. We first discuss work from the field of citizen science, and the use
of AI in this domain in order to increase users' engagement. Then we describe in detail the
field of recommendation systems and their applications. Finally we present relevant past
work on explanations for recommendation systems.

2.1 CITIZEN SCIENCE – MOTIVATION AND LEVEL OF ENGAGEMENT
Online participation in citizen science projects has become very common [18]. Yet, most
of the contributions rely on a very small proportion of participants. This group of participants
is highly engaged with the projects and makes thousands of tasks. However, in most citizen
science projects, the majority of participants carry out only a few tasks. Many researches
have explored the incentives and motivations of participants in order to increase
participants' engagement. Kragh et al. [15] claimed that participants in citizen science
projects are motivated by personal interest and desire to learn something new, as well as by
the desire to volunteer and wish to contribute to science. Raddic et al. [20] support the
above claim and discuss that participants' engagement is mostly originated in pure interest
in the project topic, such as astronomy. Arazy et al. [18] have explored this by separating
the question to the quantity of contribution and quality of contributions. They showed that
quantity of contribution is mostly determined by the user interest in the project and by social
norms. In contrast, the quality of contribution is determined by understanding the
importance of the task and by the user’s reputation. In our work, we aim to increase both
the quantity and quality of contributions, based on the described factors.
Significant prior work was done in order to increase participants engagement, which is
influenced by the discussed motives. Segal et al. [27] have developed an intelligent
approach which combines model-based reinforcement learning with off-line policy
evaluation in order to generate intervention policies which significantly increase users’
contributions. Laut et al. [17] have demonstrated how participants are affected by virtual
peers and showed that participants’ contribution could be enhanced through the presence
of virtual peers.
Ponciano et al. [19] characterized volunteers’ task execution patterns across projects
and showed that volunteers tend to explore multiple projects in citizen science platforms,
but they perform tasks regularly in just a few of them. They have also shown that volunteers
recruited from other projects on the platform tend to get more engaged than those recruited
outside the platform. This finding is a great incentive to increase user engagement through
platform instead of targeted projects like we do in our research.
In this research, we attempt to enhance participant engagement to citizen science
projects by recommending the user projects which best suit the user preferences and
capabilities.

2.2 RECOMMENDATION SYSTEMS
Recommendation systems aim to provide the most relevant items to users by learning
their choices and producing the results that correlates to their interests and needs [21].
Generally, recommendation systems are based on two main approaches: a content-based
approach and collaborative filtering approach.
© 2019-2022 WENET

Page 11 of 43

The content-based strategy [3] is based on shared items and users’ characteristics. For
example, item’s characteristics - a project in the SciStarter case - can include the project
task, location and targeted age group. The user is recommended with items according to
these characteristics. Alternatively, collaborative filtering (CF) strategy [25] is based only on
users’ past activities, and recommendation is based on analyzed relations between users
and items. Recommendations based on CF rely on different types of input. Preferably,
explicit data, which is based on some sort of user-item rating. Generally, this type of input is
not available in many domains. Therefore, implicit data is taken into consideration, where
user-item interactions are inferred from user behaviour, such as participation, clicks, search
patterns etc. A good discussion on collaborative filtering based implicit feedback is given by
Hu. et al. [13]. Hu. et al. discuss the unique characteristics of implicit data, which justify the
replacement of explicit based algorithms. In the educational domains, other works also tried
to increase users’ engagement and participation by personalized recommendations.
Labarthe et al. [7] built a recommender system that recommends relevant and rich-potential
contacts based on user profile and activities. They have shown that by recommending this
list of contacts, students were much more likely to persist and engage in MOOCs. A
subsequent work of Dwivedi et al. [16] has developed a recommender system that
recommends online courses to students based on their grades in other subjects. This
recommender was based on collaborative filtering techniques and particularly item based
recommendations.
Some other works that concern user engagement with recommendation systems have
shown how early intervention significantly increases user engagement [9]. Wu et al. [28],
have shown how tracking user’s clicks and return behaviour succeeds to increase user
engagement with the recommendation system. They have formulated the optimization of
long-term user engagement as a sequential decision making problem, where a
recommendation is based on both the estimated immediate user click and the expected
clicks results from the users’ future return.
All the systems described above are designed for different goals. In this work, we
introduce a recommendation system with the goal of increasing user engagement and
satisfaction with a new focus on citizen science projects. This system will take into
consideration the special factors relevant to a volunteer based domain (such as SciStarter,
WeNet and the likes), and by this, we develop a new strategy for keeping the user engaged
with citizen science projects.

2.3 EXPLANATIONS FOR RECOMMENDATION SYSTEMS
Explanations introduced into recommendation systems can improve their prediction accuracy
as well as increase recommendations acceptance by users. McAuley et al. [43] extracted
topics in users’ reviewed text which were used to explain the users' variation in rating. This
improved the product rating prediction accuracy as well as produced a valid explanation.
Bilgic et al. has shown that an effective explanation can help the user evaluate the quality of
suggested items according to their own preferences. This increases the likelihood that users
discard irrelevant options while helping them to recognize good ones [44]. Explanations can
also improve the transparency, persuasiveness, effectiveness, trustworthiness, and user
satisfaction from the recommender system [45].
Various forms of explanations have been explored in prior work, including sentences, word
clouds, as well as different kinds of visualizations [46].
© 2019-2022 WENET
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One way to categorize explainable recommendation research is by the model used for
generating explanations. Abdollahi et al. [47] proposed explainability constrained Matrix
Factorization technique that computes the top-n recommendation list from items that are
explainable. The model produces neighbor-style explanations (user-based and item-based
collaborative filtering) for items and users that meet threshold conditions. The threshold
constraints lead to a lack of explanations for certain items and can harm the model predictions.
Another approach to provide explanations for complex models as Matrix Factorisation and
other non explainable recommendation systems is a post hoc method. This approach seeks
to interpret a black-box model after it has been trained, by extracting explanations from the
output of the model while no changes are made to the black-box model itself [48]. Musto et al.
[49] used aspect extraction of users' product reviews with natural language processing and
sentiment analysis techniques. They generated automatic natural language explanations using
aspects extracted from the reviews text. Note that this work generates explanations with the
help of reviews written for items, which may not always be available.
The most relevant paper to our study is [37] which used post hoc explanations for Matrix
Factorization based recommendations. Their method used common explanations such as
neighbor style explanations and content-based explanations. Given the output of the
recommender, the authors run a set of explainable recommendation algorithms which provide
a score for the items recommended by the black box Matrix Factorization recommender. When
this score is sufficiently high, it means that the explainable recommender agrees with the black
box recommender and its explanation can be used. As stated in [37], their approach depends
on the manually tuned thresholds for the acceptability of the explanations for a given Item.
These thresholds are application dependent and hard to finetune. We are avoiding this
constraint altogether by normalizing the scores of all models and by choosing explanations
based on a ranking criteria. We are also extending [37] by developing a wider range of
explanations and by targeting a large scale experiment in the wild.
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3 RECOMMENDATION EXPERIMENT DESIGN
We focus on whether intelligent recommendation of citizen science projects will result in
increased engagement and improved contributions as compared to existing SciStarter
tools. We then move to consider different explanation methods for the presented
recommendations and their impact on contributions and engagement. To address
recommendations and explanations, we use and compare several recommendation
algorithms that are based on existing state-of-the-art tools, adapted to the citizen science
domain.

3.1 INPUT DATA
During the generation of personalized project recommendations, we consider a number
of data sources. (1) Interactions with affiliate projects: data generated as a result of
users’ activities with affiliate projects, e.g., joining a project, making a contribution to a
project or participating in a project. An affiliate project is one that uses a specific API to
report back to SciStarter each time a logged in SciStarter user has contributed data or
analyzed data on that project’s website or app. (2) Direct interactions with projects on
Scistarter’s website; any type of click a user performs in Scistarter is recorded. The clicks
that are considered as an interaction with a project are any clicks related to the project could be searching the project, filling a form about the project, etc. The data is
represented as a binary matrix R[U * I], where U is the number of users, and I is the
number of projects. R[i, j] = 1 indicates that user i had some interaction with project j,
and R[i, j] = 0 otherwise. (Interaction is either an interaction with affiliate project or
interaction with projects on SciStarter). Consequently, our system is a top-N
recommender system rather than a predictor.

3.2 RECOMMENDATION ALGORITHMS
We design four different algorithms: CF user based, CF Item based, Matrix Factorization
- SVD, Popularity based.

3.2.1 User Based Collaborative Filtering
In this algorithm, the recommendation is based on user similarities [25]. The ranking of
a project for a target user is computed by comparing users who have done similar
projects. For example, the algorithm recommends the iNaturalist project (an online
biodiversity project offered in SciStarter) to user A, because similar users to the target
user have contributed to this project.
We use KNN algorithm to find similar users. We choose K = 100, which we found to
be the optimal k for this problem. At first, we encounter a problem by choosing this K,
since in our data, we have users who act exactly the same. Therefore, when we try to
find the most similar projects of k similar users to user i, we get exactly the projects user i
has already participated in. For this reason, we increase the value of K to K + 100 in
each iteration, until we have a sufficient variety of projects from similar users (where
similar is now a more broader definition).
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3.2.2 Item Based Collaborative Filtering
In this algorithm, the recommendation is based on projects similarities [25]. The
algorithm ranks a project for the target user by comparing its similarity to other projects.
For example, many users engaging in CoCoRaHS (an outdoor precipitation monitoring
project) also sustained engagement in StallCatchers (an online project designed to
accelerate Alzheimer’s research).
Therefore, Stall Catchers will be recommended to a user who engages in CoCoRaHS
if they have not yet already engaged in Stall Catchers. The similarity is calculated by
cosine similarity.

3.2.3 Matrix Factorization - SVD
This algorithm predicts the user’s rating for each project and projects with the highest
predicted ratings are recommended to the user [24].
T

SVD states that any matrix R can be factorized as: R = USV .
This algorithm is used in recommendation system in order to find the multiplication of the
T

three matrices U, S, V , to estimate the original matrix R and hence, to predict the
missing values in the matrix. (The matrix R includes missing values since users did not
participate in all projects, and therefore we would like to estimate how much will a user
like an unseen project). In the settings of recommendation system, the matrix U is a left
singular matrix, representing the relationship between users and latent factors. S is a
T

diagonal matrix describing the strength of each latent factor, while V
is a right singular
matrix, indicating the similarity between items and latent factors. Latent factors describe
a property or concept that a user or an item have. For example, a latent factor can refer
to where the project takes place (indoors or outdoors, online or offline, etc.). SVD
decreases the dimension of the utility matrix R by extracting its latent factors. It maps
each user and item into a latent space with r dimensions and with this, we can better
understand the relationship between users and projects, as they become directly
comparable.
For example, the project Asteroid Mappers (an online project designed to identify
craters on the asteroid Vesta) is recommended to user A, since this project has the
highest predicted rating than all other projects, for this target user. It has the highest
predicted rating mainly because the user has participated in the past in projects Moon
Mappers (an online project designed to perform science tasks on Mars) and
StallCatchers (described above), which are similar to project Asteroid Mappers and also
because project Asteroid Mappers best describes the correlation of the target user with
other users.

3.2.4 Popularity Based
In this algorithm, all projects are sorted by popularity level [1]. Popularity is measured by
the number of users who contribute to the project. For example, the project Globe at
night (a project designed to measure the night sky brightness) is one of the most popular
© 2019-2022 WENET
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projects in SciStarter, and many users participate in it. Therefore, this project is
recommended for users assigned to this algorithm.

3.3 OFFLINE EVALUATION
In this section, we evaluate the different recommendation algorithms on historical data
from SciStarter. We used data that included logged-in SciStarter-users, who interacted
with at least two projects. (Interaction is defined above). The experiment included 6353
users, where each user was assigned to each one of the algorithms.

Evaluation Methodology
We chronologically split the data into train, and test sets such that 10% of the latest
interactions from each user are selected for the test set and the remaining 90% of the
interactions are used for the train set.
We evaluate the top-n recommendation result. We use two of the most common top-n
metrics: Precision and Recall. Precision: the proportion of recommended projects that
are relevant (Relevant projects are the projects that the user eventually interacted with,
either by clicking and/or participating), Recall: proportions of relevant projects that were
recommended. In addition, we also examined a new metric named Refined Precision,
which was suggested in [10]: out of the rejected items (recommended but not interacted),
Refined Precision describes the sum of max similarities to interacted projects. Precision,
Recall and Refined Precision were measured at 3, where 3 is the number of
recommended projects. The number 3 was chosen since SciStarter presents three
recommended projects by default.

3.4 ONLINE SETTING
After evaluating the algorithms in an offline setting, we also wanted to test their
performance online. We performed three online experiments. The first experiment took
place between 16.9.2019 and 11.10.2019. The second experiment took place between
11.10.2019 - 2.12.2019 and included recommendations based on user’s physical
location. In the first experiment, users were provided with recommendations which were
not necessarily close to the user’s physical location. Therefore, it was not possible for
users to participate in such projects. For example, the project "Vermont Atlas of Life on
iNaturalist" takes place in Vermont, U.S, and users from Europe could not participate in
this project. Hence, we restricted our algorithms to recommend only projects that are
physically close to the user’s physical location. By taking into account the IP address with
which the user enters SciStarter, we could infer her landmark, and use it as a restriction
for the recommendations. For each such user, we filtered the recommended projects by
this restriction and recommended on the top n projects which are in the same region as
the user or projects which are taken online. Lastly, the third experiment took place
between 2.12.2019 - 17.2.2020. In this experiment, we initialized users’ allocation to
cohorts from fresh, since the clicks stream data which our algorithms were based on,
was unreliable before. In this paper, we will describe only the last experiment.

3.4.1 Participants
© 2019-2022 WENET
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A total of 1331 logged-in users have participated in the online experiment, which was
conducted between December 2019 and February 2020. Out of the 1331 users, only 131
users interacted with at least two projects. These users were assigned equally into five
cohorts, while the rest of the users got the default recommendation of the Popularity
algorithm. The users allocation to cohorts was round robin allocation since we wanted
the cohorts to be of the same size. Each cohort was provided with recommendations
based on the different algorithm: (1) Item-based Collaborative filtering, (2) User- based
Collaborative filtering, (3) Matrix Factorization - SVD,(4) Popularity based, (5) Baseline,
where ‘Baseline’ is a cohort which did not get any recommendation from the system and
instead, provides the user with Scistarter’s promoted projects as an alternative to the
recommendations.

FIGURE 1: SCREENSHOT OF RECOMMENDATION TOOL FROM ONLINE EXPERIMENT

3.4.2 Evaluation Methodology
In our system, we use live evaluation via A-B testing to evaluate the recommendation
system performance. Users are assigned to one of the five cohorts described above,
where the baseline cohort is the control group. We measure precision, recall and refined
precision metrics in the online experiment as well. However, in our domain, the number of
recommended items presented to the user changes. Users are presented with three
projects and can choose to get more recommendations. Thus, instead of calculating
precision, recall and refined precision at 3, where 3 is the number of recommended
projects, we calculate these metrics at the actual number of recommendation each user is
exposed to.
In order to evaluate recommendation quality in the online experiment, we use a number of
different metrics:
- RecE - number of users’ actions of clicking on a recommended project and/or
interacting with it later.
- NoRecE - number of users’ actions where the user did not click on a recommended
project but did interacted with the project later.
- NoRecNoE - number of users’ interactions with projects that were not recommended to
her, and
© 2019-2022 WENET
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-

ToolE - number of any user’s engagement with the recommendation tool (e.g. clicking
the project, clicking on the project’s image or ’next’, ’prev’ buttons).

With these metrics, we evaluate system changes on live traffic and also track the system
performance at an ongoing basis.
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4 RECOMMENDATION RESULTS
4.1 OFFLINE RESULTS
Table 1 contains results of off-line evaluation for the 4 examined algorithms, where the
described metrics are precision, recall and refined precision at 3. User-based collaborative
filtering and SVD outperform the other algorithms. Popularity algorithm generates the lowest
performance on precision and recall.

Algorithm

Precision@3

Recall @3

Refined
Precision@3

Item Based
Collaborative
filtering

4.6%

43.2%

41.7%

User Based
Collaborative
filtering

22.7%

68.6%

53.7%

Popularity

11.1%

33.3%

44.5%

SVD

18.6%

54.9%

45.0%

TABLE 1: OFF-LINE RESULTS FOR RECOMMENDATIONS ALGORITHM TYPES.

4.2 ONLINE RESULTS
The recommendation tool was active on SciStarter for over 41 days and gave the following
results:
26-27 users were allocated to each cohort, and no user has chosen to opt out from the
experiment. A total of 624 clicks on recommendations were recorded, which is about 5.6%
Click Through Rate (CTR) (including users with less than 2 interactions). Table 2 presents the
described recommendation quality metrics for each examined algorithm. We can see that
SVD algorithm has the best performance in all metrics.
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Algorithm

#Users

RecE NoRecE NoRecNoE ToolE

Precision

Recall

Refined Precision

Item Based
Collaborative
filtering

25

13

3

56

25

2.9%

8.8%

25.3%

User Based
Collaborative
filtering

25

36

6

37

72

11.3%

28.2%

35.4%

Popularity

25

38

1

29

99

9.1%

22.5%

36.7%

SVD

25

54

8

64

124

11.4%

24.4%

37.8%

Baseline

25

15

1

29

29

9.3%

24.2%

37.0%

TABLE 2: ON-LINE RESULTS FOR RECOMMENDATION ALGORITHM TYPES

Some correlation exists between the offline and the online experiments. In both
experiments SVD and User based collaborative filtering were the best algorithms. However,
the performance of Item based collaborative filtering algorithm was significantly lower in the
online experiment as compared to the offline experiment, while popularity algorithm proves
itself better in the online experiment. We can see that 3 out of 4 algorithms (User based
collaborative filtering, SVD and popularity) are better than the baseline algorithms in all tested
metrics. Users are much more engaged with SciStarter and the projects as compared to the
baseline approach.
We can reason SVD’s good performance according to the literature, where SVD is
considered as a leading algorithm in the domain of recommendation systems [12, 23]. In
addition, in this particular work, SVD generates recommendations that are more rare (less
familiar to users) than other algorithms do. A user study we have performed has shown that
users are more interested in projects they have never heard about: "I did not click on either
project because I have looked at both projects (several times) previously", "I am more
interested in projects I didn’t know exists before". This finding is another reason that explains
why SVD performs better than the other algorithms. We can demonstrate the difference in
the recommendations of SVD, which recommends more rare projects than other algorithms.

User A, who is assigned to User based collaborative filtering algorithm receives the
recommended projects: [167,734,2992], which their popularity scores are [11,16,19]
respectively.
User B, who is assigned to Item based collaborative filtering algorithm receives the
recommended projects: [2992,83,114], which their popularity scores are [19,12,25]
respectively.
User C, who is assigned to SVD algorithm receives the recommended projects:
[890,671,87], which their popularity scores are [3,1,6] respectively.
We can see that SVD recommends less popular projects than other
algorithms.
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5 RECOMMENDATIONS USER STUDY
In order to learn what are the users’ opinions about the recommendations, and their
level of satisfaction, we conducted a survey with SciStarter’s users. Our survey was
sent to all SciStarter community users.
One hundred and thirty eight users have filled the survey, where each user was
asked about the recommendations presented to him by the algorithm he was assigned
to. The survey included questions about users’ overall satisfaction with the
recommendation tool as well as questions about their pattern of behavior before and
after the recommendations. See Appendix A for the survey details. The majority of
users (75%) were very satisfied with the recommendation tool and claimed that the
recommendations were suitable for their personal interests and goals. The majority of
users (54%) reported they have clicked on the recommendations and visited the
project’s site (Figure 2), while only 8.8% of users did not click the recommendation or
visited the project site, users who were not familiar with the recommended projects
before, clicked more on the recommendations, as well as users who previously
performed a contribution to a project.
Users who did not click on the recommendations can be divided into 3 main themes:
(1) Users who don’t have the time right now or will click the project in the future. (2)
Users who feel that the recommendations are not suitable for their skills and materials:
"Seemed out of my league", "I didn’t have the materials to participate". This behaviour
was also discussed in [26], and was named "classification anxiety". (3) Users who feel
that the recommendations are not suitable for their interests: "No interest in stall
catchers", "The photos and title didn’t perfectly match what I am looking for". Not many
users have also performed a contribution to the recommended projects (only 15%), but
they reported their desire to do so in the future. About 93.4% of users reported they
would use the AI recommendations tool in the future, while 92% of them are familiar
with the search engine.
The survey demonstrated how powerful the impact of AI is. We got some very
enthusiastic feedback on the recommendations: "I am very impressed by the new
Artificial Intelligence feature from SciStarter! Your AI feature shows me example
projects that I didn’t know before exist", "I like how personalized recommendations are
made for citizen science users", etc.
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FIGURE 2: DID YOU CLICK ON ONE (OR MORE) OF THE RECOMMENDED PROJECTS?
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6 USER AWARE EXPLANATIONS
We now move to describe our explanation approach. We strive to develop an
explanation system that will use the recommendations generated for each user,
provide different types of explanations while also considering the presentation
constraints of the system. Specifically, the algorithm should address the following two
challenges: (1) generate an explanation for every <user, project> recommendation
tuple based on all historical information available on the user in the system, i.e. while
being aware of the user historical data and behaviour in the system, and (2) organize
recommendations and explanations in groups prior to presentation to users. This
second challenge is a requirement presented by our SciStarter partner and it follows
similar approaches for explanation presentation in recommendations engines. E.g the
standard recommendations in Netflix are group based, aggregated per different
explanation types. E.g, some series are recommended to you “because you liked
Bridgerton” and these are grouped and presented together, in separation from series
recommended “because you may like movies made in Italy”. Any explanation algorithm
developed will need to take such grouping into consideration.

6.1 IMPROVED RECOMMENDATION SYSTEM
Our recommendation algorithms so far (sections 3 and 4) did not consider the content
available for each project in the system, namely the project’s title, description etc.
To address this gap, we extend a well known Matrix factorization(MF) BPR algorithm [29,
34] with a content-based component to create a hybrid BPR-Content algorithm. This
extended algorithm works as follows:
A content-based recommendation is generated based on several features extracted for
each project. Specifically, these include the duration of each contribution activity
(seconds), the project's platform ( indoor/outdoor), the project's topics (textual values),
and the project's tags (textual values). These features are defined by the projects' owner
and pre-processed by us. The features are then encoded by one-hot encoding and
cosine similarity [35] between feature pairs is calculated by measuring the angle between
vectors. For binary settings, the cosine similarity may be computed using:

where
is the set of features that projects has.
We then compute a score for item that user has not yet interacted with:
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The final Hybrid recommendation model combines the content recommendation score
and the BPR recommendation score for each <user, item> tuple. Specifically, it computes
a weighted average of both scores with weights of 0.8 and 0.2 for BPR and content,
respectively. These weights were optimized to achieve a maximal precision@3 metric on
the research dataset, which is the number of recommendations that the users receive on
the SciStarter home page.

6.2 OFFLINE ANALYSIS OF HYBRID MODEL
We compared our content based algorithm with the algorithms presented previously.
Specifically, we measured hit rate and precision as defined earlier. Figure 3 presents
both metrics as computed on the latest dataset provided to us by SciStarted.

FIGURE 3: HIT RATE @N RECOMMENDATIONS ON TEST DATA (LEFT); PRECISION ON TEST DATA (RIGHT)

As can be seen from the Figure, the hybrid model outperforms all alternative algorithms
on both metrics.
We note that the hybrid algorithm was implemented using the LightFM library [36] with
the BPR (Bayesian Personalised Ranking) loss function.

6.3 DESIGNING EXPLANATIONS
The BPR matrix factorization approach uses latent features to generate project
recommendations for each user. As such, there is no straightforward way to create
meaningful explanations for the projects recommended by our hybrid recommendation
model. To address this challenge, we instead take a post-hoc approach [37]. Our Posthoc approach takes the following high level steps: (1) first, a target recommendation list
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is generated using a (hard to explain) recommendation algorithm (2) then, alternative
recommendation lists are generated using easy to explain alternative algorithms (e.g.
item based collaborative filtering, feature based recommendation) (3) Finally, items in the
target recommendation list are explained by using explanations from one of the
alternative algorithms, based on some preference criteria. Such a criteria may be (e.g.):
“explain this item based on the alternative algorithm which gave the highest score to the
item among all alternative algorithms”.
Thus, we use several explainable recommendation models to explain each item
recommended by our hybrid model. We now move to describe the different explainable
models we use.

6.3.1 Topics Associations Model
Association Rule Mining is a data mining technique used to identify relationships between
categorical items in a collection. An example of an association rule is the implication
{Health & Medicine ⇒ Cell & Molecular} where Health & Medicine are the antecedent of
the rule and Cell & Molecular is the consequent of the rule.
In this explanation type we use associations to explain recommendations generated for
users. Specifically, newly recommended projects are associated with projects the users
already contributed to. For this type we use the Apriori algorithm [38] to mine association
rules on projects' topics from the users’ interactions data. We consider association with
support higher than 0.01. This value was set empirically to ensure interesting rules can
be generated for topics in the long-tail with low support (as suggested by [39]). The
output of this technique is a set of antecedent and consequent topics and the
explanations are generated according to antecedent topics of the user’s past interactions.

6.3.2 Feature Based Model
For this explanation type we built recommendations based on textual features available
for each project (e.g. the description of the project, its topic etc.). Features were encoded
by one-hot encoding and the cosine similarity between projects is calculated for vector
pairs. Explanations are then generated based on feature similarity between projects the
user has already visited and new projects for this user.

6.3.3 CF-ItemItem Model
In item-based K-Nearest-Neighbor, we compute for each project a neighbourhood of
other projects that similar users have interacted with [25]. For example, our data shows
that 83% of users who have contributed to the project Never-Home-Alone (a project
surveying wildlife in the home) have also contributed to project iNaturalist. Therefore we
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may recommend iNaturalist for a user who has already contributed to Never-HomeAlone.
Again, we require a similarity metric between items. The cosine similarity for items can be
computed using:

where is the set of users who have contributed to project .
We then compute a score for item that user has not yet interacted with:

Explanations based on this model will then explain a new project using its consumption
by users which also consumed another project which was also consumed by the target
user.

6.3.4 CF-UserUser Model
Collaborative filtering assumes that users with a history of contributing to the same
projects would prefer to contribute to the same projects in the future. A user-based KNN
collaborative filtering algorithm [40], identifies for each user a set of “neighbors"
(users with similar histories as , in that they interacted with the same projects). Then, we
can recommend to new projects that other users in her “neighborhood" have interacted
with. For example, if both users and have contributed in the past to projects
CoCoRaHS and Globe at Night, and has also contributed to project Stall Catchers,
then Stall Catchers may be a suitable recommendation for . To determine whether
users belong to the same neighborhood, we need to measure how similar they are in
their past interactions with projects.

6.3.5 Popularity Model
Popularity explanations will state that a specific project is recommended due to its
popularity. Thus, the popularity list can be generated by ranking all projects by the
number of users who contribute to them.
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6.4 EXPLANATION GENERATION ALGORITHM
Algorithm 1 presents the explanation algorithm developed as part of this project. The
post hoc explanation approach received k recommended projects (generated by the
hybrid BPR-Content algorithm) and returns the most suitable explanation for each
recommended project for each user.
The algorithm further prioritise certain explanation types over others: specifically,
Previous studies have shown that most users prefer content-based related explanations
[37] compared to “neighborhood-style” explanations for collaborative filtering [41].
Moreover, rule mining approaches (such as association rules), have advantages for
explainable recommendations, since in many cases they can generate very
straightforward explanations for users [42]. Our hypothesis is then that the users will be
more satisfied with topics based associations explanations. Therefore, our algorithm
seeks to explain recommended projects in the following order: (1) first by the topicsassociations rules model (2) then by either feature based or neighborhood based
algorithms, according to higher recommendation score (3) then by popularity (4) and
lastly, if any other explanation is not available, by a general generic explanation
message.
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6.5 GROUPING AND REORDERING OF RECOMMENDATIONS
AND EXPLANATIONS
As described above, our method assigns an explanation type for each user's
recommendation. Thus, the overall list of projects recommended to a specific user will
typically include several explanation types. For example, a user may be recommended
with three projects: (1) iNaturalist, (2) never-Home-Alone, and (3) Globe at Night in this
order. These best explanations for these projects for this user may be by ContentFeatures, Association rules, and again Content-Features, respectively. As explained
earlier, projects need to be organized into groups of explanation types. This is due to a
requirement from our SciStarter partner and in accordance with explanation grouping
practices in other recommendation services (e.g. Netflix). Such grouping may also
change the ranking of the recommended projects presented to users. E.g, in the previous
example, if the system prefers to have the largest group first, it will first present the two
projects explained by the Content-Features explanation type, thus now ranking “Globe at
Night” higher than “iNaturalist”. Alternatively, if the system first presents the Association
rules explanation type, based on our hypothesis about users’ explanations preferences,
then the “Globe at Night” project will be presented first followed by the two other projects.
While improving the presentation to users, this reordering of project recommendations
might harm the quality of recommendations for users since the ordering is now different
from the optimization performed by the ranking algorithm. To analyze this impact and
decide on the grouping policy for our domain, we tested several grouping methods and
their effect on the recommendation ranks as described in the following section.

6.5.1 Re-order by Leader
In this grouping approach the order of the explanation groups is kept as close as possible
to the original recommendation order. For each K-ranked recommendations and their
explanation types, we are grouping the explanation types and ordering them according to
the rank of the first project of each group.

6.5.2 Re-order by max size
In this grouping approach, the larger groups of explanations are present first. For each
K-ranked recommendations and their explanation types we are grouping the explanation
types and ordering them according to the size of the groups.

6.5.3 Re-order by explanation priority
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As described earlier, according to existing literature, collaborative filtering approaches
are less intuitive to explain compared with content-based algorithms.
Previous studies show [37] that most users prefer content-based explanations over
collaborative filtering explanations or popularity-based explanations.
Thus, in this grouping method for each K-ranked recommendations and their
explanations types we are grouping the explanation types and ordering the
recommendations according to the following explanation priority:
1.
2.
3.
4.
5.
6.

Topics Association rules
Content Feature-based
Collaborative Filtering ItemItem
Collaborative Filtering UserUser
Non-personalized popularity based
Non-personalized general message

We evaluate the impact of the various grouping methods using the Precision@k,
Recall@K, and HitRate@k for each method compared to the baseline - the BPR-Content
Hybrid recommendation method. We aim to measure the negative impact on these
metrics from every grouping (and reordering) method.

FIGURE 4: REORDER METHODS ON TEST DATA: PRECISION AND RECALL@N (LEFT); HITRATE @N (RIGHT)

Figure 4 presents the Precision and Recall metrics for K= 3, 5, 7, 10 recommendations
(left) and the HitRate @N (right). Metrics were computed on a pre-split train/test of
90%/10% for every user’s interactions. As seen in the figures, the grouping by the
explanation priority methods outperforms all other grouping methods on all metrics. This
is consistent with our hypothesis as to the preferred grouping method and provides an
initial validation in an offline setting. Thus, this is indeed the grouping method which we
will also use for our experimentation in the wild.

© 2019-2022 WENET

Page 30 of 43

An interesting result is that for K=3, the number of projects recommended on the
SciStarter homepage, the explanation priority grouping method outperforms the BPRContent Hybrid baseline. This result needs further investigation, optimally with larger
sample sizes. If persistent, one hypothesis here may be that users have latent
preferences for items which are captured, at least partially, by the underlying explanation
mechanism.

6.6 MAPPING EXPLANATION TYPES TO WENET’S DIVERSITY
DIMENSIONS
The WeNet project addresses diversity through the lens of social practices. Social
practices are routine behaviour like going to work, cooking and showering, which
integrates different kinds of elements, such as bodily activities, material artefacts, skills,
and associated meaning [50]. This view of diversity ventures away from a shallow notion
of demographic differences between people (based on gender, race, geographic location,
and the likes) to a deeper view, which considers multiple aspects of human existence
and behaviour. Specifically, the literature defines the different aspects of social practices
as follow:
● Material covers all physical aspects of the performance of practice encompassing
objects, infrastructures, tools, hardware including the human body.
● Competence incorporates skills, know-how, (background) knowledge as well as
social and relational skill which are required to perform the practice
● Meaning incorporates understanding, beliefs, values, norms, lifestyle, emotions,
and social and symbolic significances
We now consider the different explanation types used in our algorithm and their relations
to the Material, Competence and Meaning aspects. Table 3 presents the social practices
aspects associated with each explanation type. As detailed in the table, all dynamic
explanation types considered by our algorithm are covering social practices and are thus
matching explanations to users based on their deep (and changing) behaviour in the
system. Only if no explanation is obtained by any of these algorithms, our approach falls
back to a popularity based or general based explanation. Indeed, in these two
explanation types, the user's uniqueness and diversity is not taken into consideration,
and a “one size fits all” solution is utilized as a last resort.
Explanation Type
Topics Association Rules
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Justification
Projects associated together
indicate latent relations
between topics. These relations
are the result of users' behaviour

in the system which in turn are
influenced by deep aspects of the
users: the material they possess,
their skills, and the meaning they
attribute to different topics.
Content Feature Based

Competence, Meaning

Similar projects are identified
using textual relations between
project metadata. This
metadata, available to the user,
describes the expected effort of
each project (competence) and
its overall intentions (meaning).

Collaborative Filtering
Item-Item

Material, Competence,
Meaning

Similar projects are identified by
matching consumption
patterns between users. These
patterns may be a result of any
latent characteristic of users, not
restricted to their demographic
features.

Collaborative Filtering
User-User

Material, Competence,
Meaning

Similar projects are identified by
matching consumption
patterns between users. These
patterns may be a result of any
latent characteristic of users, not
restricted to their demographic
features.

Popularity Based

Shallow

Explanation is ignoring the user’s
unique behaviour in the system,
using instead a fall back solution
of “one size fits all” solution.

General Message

Shallow

Explanation is ignoring the user’s
unique behaviour in the system,
using instead a general message.

Location Based

Shallow

Recommendation and
explanations based on location
are using a shallow demographic
feature, failing to refer to the
wider user’s social practices.

Table 3: EXPLANATION TYPE ANALYSIS - DIVERSITY DIMENSIONS
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6.7 TOWARDS DIVERSITY AWARE DXPLANATIONS IN THE WILD
We now report on the planned online experiment for our diversity aware explanation
approach.
In this experiment, users who log on to SciStarter will be randomly assigned to one of
two cohorts. One cohort will present project recommendations without explanations, and
the second cohort will present project recommendations as well as explanations based
on our described approach. The random allocation of users to cohorts will consider past
covariates (e.g. past activity in the system) to decrease experiment bias to minimum.
Each cohort will be provided with recommendations based on the BPR-Content hybrid
model. The online experiment will address the following research questions:
1. What is the impact of explanations on users? Specifically:
a. Are user who receive explanations contributing more to projects than
users who do not receive explanations (but rather only recommendations)
b. Do users who receive explanations press more on recommended projects
than users who do not receive explanations (but rather only
recommendations)
2. What is the opinion of users about explanations in a post-experiment study?
Both groups will be exposed to three recommended projects on the SciStarter home
page and 20 projects on the recommendation page. Explanations will be presented by a
header for each explanation group and by a tooltip for each recommended project - the
question mark next to the project name. The tooltip will provide a more detailed
explanation for the recommended project - see Figure 5.

FIGURE 5: RECOMMENDED PROJECTS WITH HEADER (“PROJECTS WITH FEATURES THAT FIT YOU”
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As seen in the figure, Daniel received three projects explained by the header “Projects
with features that fit you”. These headers are generated based on the explanation type
chosen for the presented projects. Table 4 presents the different explanation types and
the headers and tooltip examples (detailed explanations) for each one of them.

Type

Header

tooltip Example

Topics
Association
Rules

Try projects with
new topics

People who did Nature
projects liked Forest
projects.

Content
Features

Projects with
features that fit you

Nature Watch may fit your
schedule. <or>
You were interested in topic
<topic> in the past

Items Similarity

Similar to projects
that you like

People who liked Monarch
Watch also liked Stall
Catchers.

User Similarity

Others Like you
like those projects

Popularity

Hot on SciStarter

Location Base

Projects near you

General

Try something new

72% of SciStarter users love
StallCatchers!

TABLE 4: AVALIBLE EXPLANATION TYPES

We are now working with SciStarter to finalize the details of the online experiment. A blog
post updating the community of the upcoming experiment is due to be released shortly.
Following this, we will move to introduce these algorithms into the WeNet solution based
on data that will be generated by the WeNet community.
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APPENDIX A: QUESTIONNAIRE
Hello there, SciStarter community member!
We have recently released a tool providing you with personalized project recommendations.
This tool uses AI technology to provide you with new project ideas that are best suitable for
your enjoyment! You can see an example of the tool below.
You can help us out to evaluate the effectiveness of the recommendation tool. We will hand
out $10 Amazon gift cards to the first 100 responders . You can read more about the
recommendation tool at this link To be eligible for the gift card please do the following:
1. Log on to SciStarter with your username and take notice of your personalized
recommendations.
2. Fill out the survey below when you are done with your SciStarter session.
----------------1. Were you familiar with any of the projects that were recommended for you? *
Yes
No

2. Did you click to find out more information on one (or more) of the recommended projects?
*
Yes, and I also visited the project site
Yes, but I decided not to visit the project site No, but I intend to visit the project site
Later
No, and I do not intend to visit the project site

3. If you did NOT want to click on any of the recommended projects, can you tell us why?
...............................................................................................................
4. If you decided to visit any of the recommended projects, did you also make a contribution
to that project?
Yes
No

5. How satisfied are you from the recommendation tool (1-Not satisfied at all; 5 – Very
satisfied)? *
1
2
3
4
5

WENET | Dx.x: Deliverable Title (V x.x)

6. How suitable were the recommended projects for your personal interests and goals (1not suitable at all; 5 – Very suitable)? *

1

2

3

4

5

7. Do you plan to use the AI recommendation tool in the future?
Yes
No
8. What are your main reasons for choosing to contribute to a project? *
The topic of the project interests me (topic could be physics, birds, insects,
education, etc.) The task of the project interests me (photography, classification,
transcription, etc.)
The project is nearby
The project can be done online
The project is similar to projects I contributed to in the past
The project is well known and popular
Other
9. How many total projects have you contributed to in SciStarter? *
I didn’t contribute to any project
I contributed to 1-2 projects
I contributed to more than 2 projects

10. Have you ever used the SciStarter project search tool? *
Yes
No

11. Please let us know about any other comments and ideas you have regarding project
recommendations in SciStarter. Your ideas are appreciated!
...............................................................................................................
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...............................................................................................................
...............................................................................................................
...............................................................................................................

12. What gender do you identify as? *
Male
Female
Prefer not to say
13. What is your age? *
0-15 years old
16-30 years old
31-45 years old
46-60 years old
61+
14. What is the highest degree or level of education you have completed? *
In

middle school
In high school
High school degree or equivalent Bachelor’s degree (e.g. BA, BS)
Master’s degree (e.g. MA, MS, MEd)
Professional degree (e.g. MD, DDS, DVM) Doctorate (e.g. PhD, EdD)
Prefer not to say

15. Please check the box to confirm that you filled out the survey and are eligible for $10
Amazon gift card *
I confirm
Thank you! The first 100 respondents are eligible to receive a $10 Amazon gift card via
email. Please enter your email address below so we can send you the card if you match!
To protect your anonymity, we cannot make any connection between your email and your
survey.
......................................................................................................
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