
FindItOut: a Crowdsourcing Discriminative Tacit Knowledge Elicitation 
Multiplayer Game using Pictures

Andrea Hu1 , Agathe Balayn1 , Ujwal Gadiraju1 , Jie Yang1

1TU Delft

Abstract
Despite the ever-growing advances in artificial
intelligence (AI), common sense acquisition and
reasoning is still comparingly in their early stages
to other fields in AI. To further advance this field,
it is necessary to collect large amounts of common
sense facts or tacit knowledge to train such AI
models. One effective way is to use crowdsourcing
and games to make the collection process both
widely available and fun at the same time.
Currently, there are no tools to collect
discriminative tacit knowledge efficiently and
accurately. In this work, we propose FindItOut:
a crowdsourcing tacit knowledge elicitation
solution with multiplayer gamification and images
to collect general-purpose and discriminative tacit
knowledge. We show that using FindItOut, we
can both efficiently and accurately collect
discriminative tacit knowledge while also being
fun and engaging.

Keywords— Common sense, Tacit knowledge elicitation,
Crowdsourcing, GWAP, Gamification, Web-based games,
ConceptNet 5, HCI

1 Introduction
Human intelligence is in large part attributed to its common sense
reasoning abilities. Common sense is what we rely on to navigate
concrete, everyday situations; concepts like “it is inappropriate to
wear swimwear to a job interview” or “it is fine to leave a closet
door open while it is not for a fridge door”, etc. AIs can be
augmented with common sense to make more human-like and
appropriate conversations, decisions and actions[1, 2].
Rachel Alexander[3] classifies knowledge into three categories:

Explicit Knowledge knowledge that is easy to articulate, write
down, and share.

Implicit Knowledge the application of explicit knowledge. Skills
that are transferable from one job to another.

Tacit Knowledge knowledge gained from personal experience that
is more difficult to express.

“Common sense” can be a synonym of “tacit knowledge”, but it also
usually includes implicit knowledge; these two terms will be used
interchangeably in this paper. Discriminative knowledge instead is

the knowledge that allows us to differentiate one object or concept
from another.

Crowdsourcing, generally speaking, is a sourcing model that
collects data through a large and open group of participants often
via the internet. In the context of common sense, it refers to the
offloading to the crowd of computationally expensive or difficult
tasks that are trivial to humans, so that they can contribute to the
solution of such a task. One successful example of a crowdsourcing
task is reCAPTCHA[4], designed originally by Luis von Ahn to
digitize books and later purchased by Google. It used recognition
of distorted words to distinguish between human and automated
process and prevent abusive activities. It was designed to help
recognise words in old books that were not clear and that could not
be confidently recognised by the Optical Character Recognition
(OCR).

Since the late 20th century, many common sense formal models
have been built as well as different ways to elicit them[5]. The
earliest models and systems were manually compiled by experts,
knowledge engineers and lexicographers. Although very accurate,
it was slow and required specialised personnel. In later works,
crowdsourcing systems were introduced to tacit knowledge
elicitation that allowed many non-specialists to enter commonsense
knowledge quickly. Some of these are: Open Mind Common Sense
(OMCS)[6] and ConceptNet[7]. Under this category of
crowdsourced systems, there is a subcategory that specifically uses
games to elicit commonsense knowledge[8]. These games are
commonly known as Game With A Purpose (GWAP) as first coined
by Luis von Ahn[9]. The data collected from these games are then
usually used to train machine learning models.

These resources and tools mostly collected general purpose
common sense knowledge. But none of these tools can directly
collect discriminative knowledge. Although some tools such as
ConceptNet can be used to achieve discriminative
differentiation[10], it still fails on some tasks. Robyn Speer
provides two such examples[11]: ‘cappuccino’ and ‘americano’
regarding ‘milk’, ‘train’ and ‘subway’ regarding ‘rails’. Currently,
there are no tools specifically targeted to elicit and collect both
general and discriminative knowledge.

In this work, we propose a new GWAP called FindItOut: a
competitive multiplayer game that uses images to elicit general
purpose and discriminative tacit knowledge. It is in big part based
on ConceptNet 5[12], a revised version of the original ConceptNet.
FindItOut specifically collects discriminative knowledge on
closely related concepts. Although a GWAP based on images,
FindItOut is designed to collect knowledge primarily on the
concepts rather than the images themselves (conceptual VS
perceptive). It uses images to help the users visualise the concepts,
which is most useful when played on a harder difficulty.
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1.1 Research Question
This research is conducted on the following research question:

“How to best design and implement a workflow of a
multiplayer game for knowledge elicitation using
pictures?”

Within this research question the following subquestions will also
be answered:
SQ1 How to design a game that can elicit general and

discriminative knowledge?
SQ2 What gamification elements can be added to make the game

more fun and engaging?
SQ3 How to empirically evaluate the quality (efficiency, accuracy,

engagement) of the designed game?
SQ4 What are some of the drawbacks or limitations of such a

game?
The main objective is to make an engaging game that as a side

effect of being played can produce valuable data about
commonsense. SQ1 and SQ2 help design a game that is relevant
and fun, while SQ3 and SQ4 are critical evaluations and analysis of
the produced game both on the quality of the collected data and on
the user engagement.

1.2 Methodology
The undertaking of this research will follow the following tasks:

1. Research and analyse existing multiplayer tacit knowledge
elicitation games.
• Type of data (tacit knowledge) collected
• Game template and added gamification features
• Game performance

2. Research and collect gamification techniques.
3. Design a game that can collect new tacit knowledge using

multiplayer gameplay and images.
4. Implement the designed game.
5. Execute user evaluation and collect data.
6. Evaluate the game based on the collected data.
In this paper, we will show that the final designed game is able

to efficiently collect accurate general and discriminative knowledge.
Moreover, using a user engagement form, we demonstrate that the
game is also deemed engaging and entertaining.

We first provide a description of related works in Section 2. Then
a detailed description of the designed game is presented in Section
3, followed by the experimental setup in Section 4. In Section 5 we
show and discuss the results of the research. Responsible research
is described in Section 6. Finally, we analyse the limitations and
propose future work in Section 7 and end with the conclusions in
Sections 8.

2 Related Work
Over the years, many ways of collecting common sense knowledge
have been devised. We describe some of the most relevant ones and
their differences.

2.1 Knowledge models
Knowledge models are models capable of representing in digital
form various types of knowledge that are interconnected, such as
language, concepts, procedures, etc. They are computer
interpretable hence enable software to interpret and make use of
this knowledge. Their knowledge can be manually or automatically
collected.

ConceptNet 5
As mentioned in the introduction, ConceptNet 5[12] is a revised
version of the original ConceptNet[7]. It is a multilingual semantic
network that captures commonsense knowledge using words
(concepts) connected by labeled edges (relations). Its data is
collected from multiple sources, including Open Mind Common
Sense, DBpedia, Wiktionary and a couple of GWAPs.

WordNet
WordNet[13, 14] was first developed in 1985 and is an English
lexical database that organises words into sets of cognitive
synonyms (synset) interlinked with conceptual relations. A
characteristic feature of WordNet is that it considers and
distinguishes the different meanings each word might have (word
sense).

2.2 GWAP
GWAPs generally come into two types: text-based and
image-based, but later works also extended to include auditory,
colors, etc. Text-based GWAPs collect tacit knowledge about the
concepts each word represents. An example of text-based GWAP
is: Verbosity[15]. Image-based instead can collect both conceptual
and perceptive knowledge (image recognition and labelling). Most
notably are: the ESP game[16], Peekaboom[17], Phetch[18].

Verbosity
A text-based two-player cooperative game for collecting general
common sense facts with roles Narrator and Guesser. The Narrator
is given a concept and tasked to give hints by filling in template
sentences that are then presented to the Guesser, who has to guess
the concept.

The ESP Game
An image-based two-player cooperative game for collecting labels
of images. Both players are presented with the same image and must
agree on the shown image by typing the same word. It also uses
taboo words to restrict the possible labels and elicit more specific
ones.

Peekaboom
An image-based two-player cooperative game for locating objects
in images with roles Peek and Boom. Boom is shown an image and
a word related to it, while Peek sees an empty board. Boom then
has to reveal parts of the image to Peek so that Peek can guess the
associated word. Boom can help Peek by giving hot/cold feedback
to Peek’s guesses or use the ping feature to highlight a spot on the
image.

Phetch
An image-based three-to-five-player cooperative game for collecting
descriptions and captions of images. There is a single Describer and
the rest are Seekers. The Describer receives an image and has to type
a description of the image such that the Seekers can find that image
using an internal image search engine.

All the aforementioned models and GWAPs collect either
general knowledge about concepts or specific knowledge about
images like labels and captions. Moreover, the image-based
GWAPs all use a single image each round and are not able to
directly collect discriminative knowledge.

3 FindItOut
The designed game mechanic has to be able to elicit discriminative
knowledge between closely related concepts. The data collection
has to be both efficient and accurate. Furthermore, the game needs
to be engaging and enjoyable.



3.1 Game mechanics
FindItOut is the name of the game designed to answer the
research question. It is a competitive game played by two players
who are matched randomly and take turns being the “Asker” and
the “Replier”. At the start of the game, both players are presented
with a board of multiple cards, containing pictures of various
objects. The game assigns one of the cards on the board to each
player as their “IT card”. The main goal of each player is to guess
the opponent’s IT card by asking questions and reducing the
possible candidates. The cards on the board can be flipped, which
help the players keep track of the possible choices.

Fig. 1. Game screen of the asker during the asking/guessing stage of
the game. Shows the asker posing a “HasProperty” type of question.

3.2 Game Flow
The game flow is described next; the diagram of which can be found
in Appendix A.

1. The two players are assigned a role randomly. One being the
ASKER and the other the REPLIER.

2. Start of new round. The Asker chooses an action between
”ASK” and ”GUESS”:

• ASK: choose a question type and fill in the question, then
confirm (Fig. 12). Proceed to point 3.

• GUESS: choose the card that matches your guess of the
Replier’s IT card on the board and confirm (Fig. 15).
This action will end the game, proceed to point 6.

3. Replier receives the question and replies YES/NO according
to his IT card (Fig. 16).

4. Asker receives the reply and flips the cards that don’t match
the reply (Fig. 17).

5. Asker confirms and this round ends. The two players switch
roles. The next round will start, go back to point 2.

6. End of game, if the guess was correct the Asker wins (Fig. 18)
and the Replier loses (Fig. 19), otherwise it’s the opposite.

Using this workflow, discriminative knowledge can be collected
for each game round based on the question, reply and flipping of
cards. Specifically, the turning of cards tells us whether a card
matches the question and answer pair, therefore discriminating
between cards that were flipped and not. In Figure 1 an example of
the Asker’s game screen is shown. All the game screens currently
present in the game can be found in Appendix B.

3.3 Gamification techniques
To enhance the gameplay, the following gamification techniques
were designed:

• Scoring system

– Leaderboard (weekly, monthly, all time)

• Level system

– Unlock new question types
– Unlock harder difficulties
∗ More cards per session (16, 24, 32)
∗ Objects are more similar (harder to discriminate)
∗ Only a subset of question types allowed each round

• Timer (default 30 seconds)

• Input limit (default 2 words)

• Achievements

– Win within X rounds (X ∈ {2, 4, 6, 8, 10})
– Y number of games played (Y ∈ {5, 10, 25, 50, ...})
– Reached new level
– Unlocked new relation/difficulty

• Winning Streak (1x, 2x, 3x, 4x)

• Daily Streak

Many of these techniques are taken from Luis von Ahn’s article
“Designing games with a purpose”[19] and from previous GWAPs
and adapted to fit FindItOut’s game mechanics. The article
describes 3 design principles and various gamification techniques.
These gamification techniques not only can increase the fun factor
of games but can also encourage players into playing honestly and
deter undesirable actions such as random inputs, spamming, etc.

To incentivise players to keep playing and therefore continue
producing tacit knowledge competitively, the scoring system with a
leaderboard is implemented[20]. Winning streaks, daily streaks
also contribute to this end. On a more individual sense, level
(difficulty) system and achievements are included. These provide
the players with a progression system and can give a sense of
accomplishment the more they play the game. The timer is added
both as a difficulty measure, but also to ensure that the rounds don’t
last too long and become boring for the other player waiting. When
a player’s timer runs out, some points are deducted from the player
total score as a penalty. Lastly, word limit and input validation are
implemented to ensure correct gameplay and clean data.

Taboo words were not included because it is not valuable for the
player to ask the concept of a specific card since by asking directly
one of the concepts on the board, the player only gets to cut down
that one option. It might also happen that the concepts presented
include a general term and its sub-types (e.g. cat and names of
species of cats). In this case, the user might want to ask whether the
IT card is a cat, therefore this feature was deemed unsuitable.

Given the length of the project and the implementation time
constraints, only a few of these designed techniques were applied;
namely the difficulty setting (currently not available to users to
configure) and input limit.



3.4 Collected knowledge
ConceptNet 5 provides in total 34 relations1, but for the extent of
FindItOut only a subset of 8 relations is used. These 8 relations
were chosen based on these criteria:

1. does the relation apply to nouns?
2. is the relation easy to understand intuitively?

The 8 relations and their corresponding explicit questions are shown
in Table 1.

Relation Explicit question

IsA Is your object a(n) ?
HasA Does your object have a(n) ?

HasProperty Is your object (property)?
UsedFor Can your object be used for ?

CapableOf Can your object ?
MadeOf Is your object made of ?

PartOf Is your object part of (a) ?
AtLocation Can your object be found at ?

Table 1: List of relations used in FindItOut

The knowledge is collected each turn, which is composed of
three stages: ASK/GUESS, REPLY, FLIP. The actions in each stage
contribute to the final collected knowledge.

Consider the following example question:
“Does your object have a handle? NO”

Relation R = “HasA”, Target T = “handle”,
Answer A = “NO (False)”, Concept C = object in the card

From To Action Knowledge Weight
Uncov Uncov Unchanged R(C, T ) = A Medium
Uncov Cov Flipped R(C, T ) = ¬A Medium
Cov Uncov Unflipped R(C, T ) = A High
Cov Cov Unchanged R(C, T ) = False Low

Table 2: Collected knowledge based on player actions.
R = Relation, T = Target, C = Concept, A = Answer

Based on the Replier’s answer, the relation’s knowledge is
negated. The weight describes how reliable the notion is. In the
case when a previously covered card is flipped around again, the
weight is high because this action is considered highly intentional.
Instead, the weight is low when a covered card is kept covered, as
players don’t often flip back already covered cards. In this case, the
knowledge result is always set as False. This might lead to false
negatives and should be taken into account when using the low
weight assertions.

This collected knowledge is both general, but also discriminative
since covering some cards while leaving others unchanged
discriminates the knowledge between the two types of cards.

Furthermore, it is also possible to collect typicality knowledge.
This is especially true towards the end of the game when the cards
that are still uncovered are most probably very similar (imagine a
bass clarinet and a bassoon).

At the end of a game session, the rounds data is turned into the
following tacit knowledge format:

1https://github.com/commonsense/conceptnet5/wiki/Relations

Relation type One of the 8 relations shown in Table 1.
Target The free text input inserted by the Asker (max 2 words).
Object The object the relation applies to (the object in the card).
Result 1 if relation applies positively or -1 if negatively (or

True/False). Shown in Table 2.
Weight Confidence of this assertion, can be one of the following

values:
• I: Invalid
• L: Low
• M: Medium
• H: High

3.5 Cheating
As with most games, there will be players who try various ways to
cheat or disrupt the correct execution of the game. As for
FindItOut, the aspect that is most vulnerable to this kind of
behaviour is the free text input when the Asker asks. In this case, it
is not in the best interest of the user to insert random or irrelevant
information as it will prevent the player to progress the game. But
to further prevent irregular actions, the inserted words are limited to
2 words and can be matched with a dictionary to ensure that they
are English words or invalidate offensive words.

On the other hand for the Replier, it is in his best interest to lie
when replying to a proposed question, such that the Asker will be
misled. Fortunately, the game design allows to identify and account
for this.

Keeping in mind the Replier’s IT card and the question (relation
R), after the Asker ends turning the cards, the following cases can
happen:
• If the Replier’s IT card is still uncovered on the Asker’s board
⇒ the collected knowledge is valid

• If the Replier’s IT card is covered by the Asker ⇒ there are
two possibilities:

– Replier did not reply truthfully (this relation can be
ignored).

– Asker made a mistake (this relation can be ignored).
Therefore, when the opponent’s IT card is flipped by the Asker,

that round’s data can be seen as invalid and ignored.
In general, the game was designed to be very restrictive: not

allowing players to perform any actions while not their turn,
limiting the word input to 2 words and preventing special
characters. This contributes to the quality of the collected data.

In future updates, the history of questions asked can be shown to
the players at the end of a game and report the opponent if he did
not reply truthfully. These game sessions can then be inspected by
the game team and invalidated if not accurate.

4 Experimental Setup
The assessment of the game will happen on two ends: the collected
data and user engagement. The data is analysed quantitatively and
qualitatively on efficiency and accuracy. To measure efficiency we
will determine the throughput, which is the number of problem
instances solved per human minute (or hour). A problem instance
in FindItOut is one assertion collected from a question and
answer pair and the flipping of a single card (e.g. if the board has
16 cards, 16 assertions will be made each round). Regarding
accuracy, we will randomly sample 10 assertions for each question
type and manually evaluate their quality and correctness. Lastly,
the user engagement will be evaluated according to the user
engagement scale short form[21]. In this section, we describe the
details of the implementation and game generation algorithms.

https://github.com/commonsense/conceptnet5/wiki/Relations


4.1 Implementation
FindItOut is implemented as a web app (or web game) and can be
played at https://finditout.vercel.app. The web app platform ensures
convenience and portability: the game can be served on any platform
as long as it has a browser. It is implemented to be responsive, such
that it can adapt to any screen size whether it is mobile or desktop.

The general structure of FindItOut is divided into two
components: backend API for managing most of the game logic
and the frontend that renders the game screens. The communication
between the two ends consists of two methods: classic HTTP
REST API for user information, JWT authentication and
WebSocket for game lobbying and gameplay. The use of
WebSockets allows for continuous and bidirectional data flow
between server and client, perfect for real-time gameplay.

The backend server is written in Python and served with Flask
for its simplicity and fast setup. It provides access points for JWT
authentication. All the game states are stored in the server, so the
connections between the two players always run through the server.
This allows the players to stay in the game even in case of a
network interruption. The authentication data, game sessions and
collected knowledge are persisted in a PostgreSQL database, which
only the server accesses. The passwords are hashed and kept safe as
to current security standards. The server/client WebSocket
communication is implemented using the Socket.IO library.

The frontend is written using React javascript library in
conjunction with Redux state library, which allows unidirectional
data flow; therefore predictable, easy to test and flexible.

4.2 Game session generation
FindItOut in great part builds upon the works of ConceptNet 5.
Specifically, it uses its relationships to find related words. The
variables of a game session are: difficulty d ∈ [0, 1], the number of
cards n ∈ {16, 24, 32}. The generation proceeds as follows:

1. Generate a set of related words (Algorithm 1)

2. Choose n cards based on the game’s difficulty. (Algorithm 2)

3. Collect images for each object in the set using Google Image.

4. Choose 2 distinct objects as IT cards for players 1 and 2.

5. Start game

Algorithm 1: Generation of set of related words
Input: n = num cards
Result: Set of related words R

1 R← set()
2 s← Choose one random seed word from a

predetermined list of 200 picturable words[22]
3 R.add(s)
4 while size(R) < n do
5 w ← random word from R
6 T ← retrieve a list of 100 related words to w using

ConceptNet 5’s API
7 T ← filter T by Noun using WordNet pos
8 T ← filter by concreteness using empirical dataset

of word concreteness[23]
9 R.update(T )

10 end

The generation of a game starts from a seed word that is taken
from a list of 200 picturable words[22]. Then using ConceptNet

5.8’s related concepts API, a list of related concepts is parsed.
These concepts come with a weight value in the range of [0,1]; it
represents how confident ConceptNet 5 is about the validity of
relatedness between the seed word and the new word. In other
words, how many times an assertion with the two concepts have
appeared together from different sources. The later Algorithm 2 is
sorted based on this weight measure. Then two stages of filtering
are applied to make sure that the concepts are also picturable nouns.
The algorithm is repeated if not enough concepts are left after the
filtering. In the case this happens, the weights of the new concepts
are multiplied by the chosen seed word’s weight.

Algorithm 2: Choose n from ordered list with
gaussian weights

Input: d = difficulty, R = elements
Result: List of n elements from a list R

1 size← size(R)
2 µ← size ∗ (1− clamp(0, d, 1))
3 σ ← size/F (F = 3 default)
4 norm← normal distribution(center=µ, var=σ)
5 W ← norm.pdf(n) for n = 0→ size
6 W ← normalize W

Once a set of related concepts are collected, a subset of n cards
has to be selected for the game session. The variable n is
determined by the difficulty of the game. The difficulty variable is
defined as a decimal number within [0,1], with 0 being the easiest
setting and 1 the hardest. The input list is sorted with decreasing
weight (relatedness confidence). The weighted choice of items is
based on a gaussian distribution with varying centre. The Gaussian
distribution has two variables: centre and variance. The centre is
the size of the input array multiplied by 1-difficulty, meaning the
harder the difficulty (d → 1) the more closely related the terms
(w → 0). The variance is calculated by dividing the size by a
difficulty range factor F > 0. As F increases, the resulting normal
distribution’s width decreases (narrows). The default value of 3 is
chosen to make 3 σ of one side fit the whole list. In the end, a list of
n items is returned.

For the next step, the images of each concept are collected using
Google Image Search API. The search is performed directly on the
concept’s name and is filtered with transparent background and png
file type. For each concept, 5 images’ links are stored in the database
for caching and faster retrieval in future. For every game, one of the
5 images is chosen uniformly randomly as the object’s image.

The last step before starting the game is to choose two objects
for the players. This choice is a uniform exclusive choice, so the
players will not have the same object. By using an exclusive
choice, the collected knowledge can be more diverse per game.
From preliminary internal testing, it was found that players tended
to ask the same questions. Thus, having different cards would help
diverge the answers even if the same questions were asked.

For the actual experiment, some variables that would be otherwise
adjustable by the player were fixed because of implementation time
restraints. The variables used for the game generation are 16 cards
per game and 0.2 for difficulty (centre of normal distribution).

5 Results and Discussion
5.1 Efficiency
The data collection lasted for five days for 36 game sessions. From
these 36 game sessions, a total of 3408 assertions were collected. An
overview of the usage of relation types in these assertions is shown

https://finditout.vercel.app


in Figure 2. The invalid values represent all the knowledge points
that were invalidated for the reasons mentioned in Section 3.5.

Fig. 2. Occurences of each relation by weights.

The two most used relations are HasProperty and IsA. This might
be because these two relation types apply best to objects and are the
most general. Also, when the objects are similar, they often share
some properties such as use, location, material, etc. Therefore it is
harder to use those relations to distinguish the objects.

Of all the assertions, 6.6% of them were marked invalid.
Analysing the invalidated data, most of them were because of
interpretation mistakes, meaning the Replier answered truthfully,
but either the two players have perceived the question differently or
because the question could not be answered with a straightforward
yes or no (ambiguous or it depended). An example of such a
question with “mattress” as Replier’s IT card is: “Can your object
be used for sitting? Yes”. The Asker flipped the mattress card, most
probably because the primary use of mattresses is to lie down and
not for sitting (some of the other cards were chair related).

The efficiency is calculated as the amount of problems instances
solved per human minute. From the 36 game sessions, FindItOut
was able to obtain on average 11.17 (std. dev. = 4.22) assertions
per minute with two players, including invalidated assertions (Figure
3). Excluding the invalided data, the game achieved an efficiency
of 10.45 (std. dev. = 4.36) assertions per minute (Figure 4). In
comparison, The ESP game was able to collect on average 3.89 (std.
dev. = 0.69) labels per minute with two players[16].

Fig. 3. Boxplot of assertions per minute with two players including
invalidated data.

Fig. 4. Boxplot of assertions per minute with two players excluding
invalidated data.

The standard deviation is moderately high mostly because of two
reasons: the timer was not yet implemented to urge players and
regulate the time, but especially the players had to spend time
looking up the concepts they were unfamiliar with and dragged the
game time on. This leads to game sessions that usually ended up
lasting for quite a long time, but in cases where the concepts were
relatively well known, the game was able to collect at the highest
20.9 assertions per minute. If the timer and the word dictionary are
implemented, this figure is expected to increase, also as the players
get more familiar with the game (learning factor).

5.2 Accuracy
To evaluate the accuracy of the collected knowledge we randomly
sampled 10 assertions from each relation type and checked whether
they were valid and made sense. The full list can be found in
Appendix D. The table contains a column marked as “Incorrect”
and can have three values: empty if correct, ‘/’ if it is debatable and
‘X’ if clearly incorrect. We can confidently say that almost all
assertions are valid; specifically, out of 80 sampled questions, 4
were ‘/’ and 4 were ‘X’. Some of the Low weight assertions are not
accurate, most probably because they were turned in earlier rounds
and the player chose not to flip them back even if the question
applied to that object. This behaviour is expected and should be
accounted for when using the collected data. As for the clearly
incorrect, most often it happened because of two possible reasons:
the image was an incorrect representation of the concept so mislead
the Asker or the Asker did not know the concept clearly. As an
example of the former case, the assertion 〈PartOf, auricula, ear,
False, M〉 was incorrect because the image was a heart but auricula
is the outer ear. An example of the latter case is the assertion
〈CapableOf, pintle, screwing something, True, M〉 where the Asker
might have mistaken a pintle for a tool to screw. If played by
enough people, these mistakes and outliers will be mitigated under
the assumption that the images correctly represent the concept.

5.3 Player engagement
To evaluate the player engagement, an anonymous 12-question user
engagement scale short form[21] was given to the players to fill out
after experiencing the game. The questionnaire also included at the
end one optional question asking for comments and
recommendations, which provided insight into the questionnaire
ratings. At the end of the experiment, 8 players have filled out the
form. The final results are shown in Table 3 and the detailed results
can be found in Appendix C.



Subscale Average score Percentage
FA Focused Attention 3.79/5 75.8%
PU Perceived Usability 2.63/5 52.5%
AE Aesthetic Appeal 3.58/5 71.7%
RW Reward 4.29/5 85.8%
Final engagement 3.57/5 71.5%

Table 3: Results of the user engagement scale short form

The lowest scoring subscale is Perceived Usability, specifically
the PU-S.1 and PU-S.3 questions. These questions are “I felt
frustrated while using FindItOut ” and “Using FindItOut was
taxing”. The replies to the last optional question showed that
players found having to look up the lesser-known terms very
cumbersome and broke the immersion. It was also mentioned that
sometimes the images would not be representative of the concepts,
therefore confusing or misleading. Comparingly, the Reward RW
subscale is scored highest. The players responded that by using
FindItOut they learned many new terms and that winning was
very satisfying.

Another behavioural measure is the replay value. 16 times out
of the 36 (44%) game sessions the players played again. A possible
contributing factor of this figure is the near-win[24] or near-miss[25]
effect. As the game progresses, each player is left with fewer and
fewer cards open on the board. When the game ends, the loser most
often will be left with a single or just a few choices left. This leads
to a feeling of almost winning, which in turn increases the desire to
continue playing a new game or a rematch[25].

6 Responsible Research
When collecting data from crowds, it is necessary to consider the
type of data that is being collected. FindItOut collects and stores
authorization credentials with encrypted password, their inputted
tacit knowledge and gameplay-related data such as playtime,
scores, etc. According to the GDPR, only the credentials can be
regarded as indirectly personally identifiable information. To
ensure that this information is kept private, all connections with the
users and their credentials will be removed at the end of the
experiment when the tacit knowledge is compiled. The game
infrastructure is also implemented following cybersecurity
standards to minimize the possibility of data breaches and attacks.

Although not open-source, the game flow, game rules,
gamification techniques and game generation algorithms of
FindItOut are clearly described in Section 3, therefore the game
and experiment are easily reproducible. Throughout the game
pipeline, multiple random values are used, but they don’t have a
huge impact on the quality of data collected since they are used for
generating a random game session. If played by enough people,
most concepts will be covered.

FindItOut makes use of various APIs, like ConceptNet 5,
Wordnet and Google Image Search. These are all public APIs and
therefore available to everybody. Regarding Google Image Search,
the images are never downloaded nor stored on the server or
locally, instead the original link of the image resource is saved and
sent to the players. This ensures that the images are correctly
attributed to the source.

It is worth noting that what FindItOut achieves is only limited
to elicitation and collection of tacit knowledge, but in no part trains
machine learning models or uses AI. It is though to some extent
limited by the resources it uses, namely ConceptNet 5, Wordnet pos,
word concreteness and Google Image Search.

7 Limitations and Future Work
The game design of FindItOut can be applied to other languages
as well and not just limited to English. Since ConceptNet 5 is a
multilingual semantic network, the game generation can be easily
changed to another language just by changing the API query
language setting. It is necessary though to update the other stages
of the game generation, such as the seed word list and concreteness
filtering (which can be skipped if concrete nouns are not required).
As for WordNet, although originally an English-only resource, it
can be extended with Multilingual Wordnet[26], which includes
over 100 languages.

Implementation
The weakest link in the chain of FindItOut’s game generation is
the image parsing stage. Currently, it uses Google Image Search
(GIS) to parse the first few most relevant results, but sometimes the
obtained image is either not an accurate representation of the
concept or is an invalid resource (not displayable). Originally the
choice of using GIS was made because there is currently no
publicly available dataset of clean images (transparent background)
of objects. This problem can be fixed if such a dataset is created or
made publicly available.

Furthermore, the issue of image parsing is not just this simple.
FindItOut faces many of the challenges that natural language
processing (NLP) faces. For example, words can have multiple
meanings. Take “nut” as an example, it can be both a fruit and a
hardware (nut and bolt). Since FindItOut works with single
concepts and not sentences or corpus, there is no contextual
information to distinguish one meaning from the other. One
possible direction is to use Wordnet’s word sense to distinguish the
specific sense. But this would then require being able to search
images depending on the word sense, which can be on its own
rather challenging. Moreover, if word senses were to be
implemented, then the relatedness measure used during the game
generation can also be substituted by WordNet’s similarity feature,
of which WordNet provides three types[27]. These measures can be
a better representation of concept similarity over ConceptNet 5’s
confidence weight.

A possible solution to the two above problems is the hint feature.
It allows the Asker to automatically turn around a single wrong
card at the cost of a bonus task. This feature should be limited to a
single use in a game. To get access to this hint, the player has to
complete an image labelling task: the player is shown an image and
a concept (plus its definition if word sense is taken into account)
and has to choose whether this image is an appropriate
representation of the concept. Through this feature, FindItOut can
slowly build up a dataset of images of concepts and over time
overcome the aforementioned problems.

Another limitation of FindItOut is the list of seed words, which
currently amounts to 200 words. Despite the expansion of concepts
using ConceptNet 5, this expansion is still within the circle of
related concepts to these 200 words. This means that only a subset
of all possible concrete nouns/objects is available to the game. To
overcome this, the game could add new words to the seed list based
on a metric. For example words with enough assertions and that the
game is confident in its concreteness (e.g. without many
contradicting assertions). This would need further testing.

On a more general note, the players can exhibit a sort of
“anchoring effect”, where the produced tacit knowledge is tightly
related to the specific image shown to the player and not the general
concept itself; an example of this is the colour of the objects. The
current implemented solution to this is to randomise the shown
image for every object. If applied over a large number of players
this effect will be mitigated. Besides, at the start of a game, the



players are shown a disclaimer saying that the images might not be
an accurate representation of the concepts, therefore the questions
made should be primarily based on the concepts and only if
necessary based on the images.

To improve user experience, some ‘Quality-of-Life’ features can
also be implemented. We list three of such features.

1. A dictionary definition can be added to each card. When a
player clicks or hovers on a card, its concept’s definitions are
shown. This can greatly reduce the game time since, during
the evaluation, the players spent a considerable amount of time
looking up the lesser-known words. Not only it can reduce
game time and therefore perceived usability, but also increase
the reward of playing FindItOut as players can both have fun
and learn new words.

2. In addition, a question and reply history can be provided to
players to help them keep track of the questions already asked.
This history can also be shown at the end of the game to let
players confirm that the opponent replied truthfully, otherwise
they can report the other player.

3. At the end of a game, if the Asker wins, the Replier can have
a chance to still make a guess. If he guesses correctly then he
will also be rewarded a smaller amount of points, or else no
points are given. This can have adverse effects on the
engagement, as it might reduce the near-win effect. This
would need further experimenting.

A possible problem that players have brought up is that
sometimes the concepts are synonyms, thus too similar and hard to
discriminate. To solve this, synonyms within a board can be first
grouped and seen as one concept. If this synonym group is chosen
during the game generation, then a random synonym within that
group is selected. To find these group of synonyms we can use the
synsets available in WordNet, described in Section 2.1.

To reduce the possibility of invalid, unclear or ambiguous
questions, a “NOT CLEAR” answer can be added as an option for
the Replier. In this way, if the Replier chooses NOT CLEAR, the
Asker has to ask a new question again or rephrase the previous
question. This feature is shown in Appendix A. It is worth noting
that a NOT CLEAR answer can also provide the Asker with
valuable insight about the Replier’s IT card. This is because it
should be very straightforward to give a yes/no answer for most of
the objects, but a NOT CLEAR answer can let the Asker know that
the opponent’s IT card can be ambiguous regarding that question
and greatly reduce the options. This feature would need extensive
testing to determine if valuable and if it can be exploited.

Evaluation
Due to the short time frame of the project, we were not able to collect
many game sessions and questionnaire replies. Therefore, the results
are not very conclusive but do give a rough idea of the quality and
performance of the game.

In regards to the efficiency, Luis von Ahn proposes another
measure: the expected contribution[19]. It is calculated as
throughput multiplied by average lifetime play(ALP). Throughput
is the number of problem instances solved per human hour (similar
to the evaluation measure used in this work), while ALP is the
average time a player plays the game overall. Because of the lack
of evaluation data and high variance, this measure was deemed
unsuitable for this experiment.

For accuracy instead, since the collected knowledge is
generative, there are no ground truths available to test the accuracy
on. A possible future direction is to either check a more indicative
amount of samples or devise a discriminative knowledge test suite.

8 Conclusion
In this work we have presented FindItOut, a two-player
competitive game to elicit general and discriminative knowledge.
The collected discriminative knowledge can allow software and AI
to distinguish between similar concepts. We have shown in the
evaluation that the game is both fun to play and capable of
efficiently and accurately collecting discriminative knowledge.
Even though the evaluation period lasted only for less than a week
with a dozen players, we were able to collect over 3000 assertions.
We have also thoroughly discussed multiple ways to improve the
current game architecture. FindItOut shows considerable
potential, both as an engaging game and as a tacit knowledge
eliciting tool.

Common sense knowledge (and its elicitation) is becoming
increasingly important as AI approaches in achieving human-like
conversations, decisions and actions. We believe that FindItOut
can largely contribute to this end.
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A Game flow

Fig. 5. Game flow of FindItOut.



B Game screens

Fig. 6. Login page Fig. 7. Register page Fig. 8. Main menu Fig. 9. Lobby page Fig. 10. Game starting

Fig. 11. Initial game
screen

Fig. 12. Asker asking Fig. 13. Asker
question type

Fig. 14. Asker full
question

Fig. 15. Asker guesses

Fig. 16. Replier replies Fig. 17. Asker flips Fig. 18. Win screen Fig. 19. Lose screen Fig. 20. Instructions
page



C User evaluation form

# UES dimension
identifier Question Strongly disagree ..-.. Strongly agree Avg. Var. Dev. Med.

1 FA-S.1 I lost myself in this experience 3.8 1.1 1.0 4

2 FA-S.2 The time I spent using FindItOut
just slipped away 4.0 1.1 1.1 4

3 FA-S.3 I was absorbed in this experience 3.6 0.8 0.9 4

4 PU-S.1 I felt frustrated while using
FindItOut 2.1 1.3 1.1 2

5 PU-S.2 I found FindItOut confusing to
use 1.8 0.5 0.7 2

6 PU-S.3 Using FindItOut was taxing 3.3 1.4 1.2 4

7 AE-S.1 FindItOut was attractive 3.5 1.4 1.2 4

8 AE-S.2 FindItOut was aesthestically
appealing 3.5 0.9 0.9 3.5

9 AE-S.3 FindItOut appealed to my senses 3.8 0.8 0.9 4

10 RW-S.1 Using FindItOut was worthwhile 4.0 1.1 1.1 4

11 RW-S.2 My experience was rewarding 4.5 0.3 0.5 4.5

12 RW-S.3 I felt interested in this experience 4.4 1.1 1.1 5

Table 4: User evaluation results



D Accuracy test

Relation Object Target Result Weight Image (with link) Incorrect

IsA

frequency modulation land transport False M

bifurcation fish False M

penthouse building True M

divan title False L

pussycat sound False L

kitten dog False M

frequency modulation public transport False M

purr sound True M

hearthstone videogame True M

bow tie clothing item True M

HasA

gasket tightening effect True M

cashew shell False M

hickory nut package False M

hickory nut multiple seeds False L

horsecar wheel True M

flatcar horse False L

brandy lid True M

couch arms cushions False M

socket wrench tightening effect False M /

howdah armrests False M

https://kids.kiddle.co/images/6/6d/FM_Modulation_-_en.png
https://www.researchgate.net/profile/Alwardoss-Raviprakash/publication/223237777/figure/fig2/AS:570226937995264@1512964104428/Bifurcation-buckling.png
https://mir-s3-cdn-cf.behance.net/project_modules/max_1200/9ef41a85850029.5def64731c407.png
https://habufa-res.cloudinary.com/t_n/m/7bd079d5a5bd6c01e0536518408bbdf4.png
https://static.wikia.nocookie.net/robotwars/images/3/3f/Pussycat_EX2.png/revision/latest?cb
https://petsrus.ie/wp-content/uploads/2019/02/whiskas-kitten-poultry-selection-in-gravy-12-x-100g-636821998833761997.png
https://kids.kiddle.co/images/6/6d/FM_Modulation_-_en.png
https://static.wikia.nocookie.net/lolsurprise/images/f/ff/P-035_purrr_baby.png/revision/latest?cb
https://images.blz-contentstack.com/v3/assets/bltc965041283bac56c/blt25d472f4aa3951e6/5eebd59169a03212218fdc2e/logo.png
https://shop.strato.com/WebRoot/StoreLGB/Shops/62030553/5248/489E/A441/1EDB/D5E2/C0A8/2971/5FFE/costume_bowtie_red.png
https://www.faiauto.com/content/uploads/2016/03/MLS-Gasket-With-Board.png
https://www.nuttydelights.ie/media/catalog/product/cache/052e96e70bca80964ff2420d873b960a/c/a/cashewbutter_01_1_1.png
https://smallfarmersjournal.com/wp-content/uploads/2019/05/sfj_hickory_nut_00.png
https://smallfarmersjournal.com/wp-content/uploads/2019/05/sfj_hickory_nut_00.png
https://images.twinkl.co.uk/tr/image/upload/illustation/Tudor-Horse-And-Cart-With-Goods.png
https://ngtrains.com/shop/wp-content/uploads/2019/08/Kit-20a_web.png
https://cdn.shopify.com/s/files/1/0414/4057/5646/products/bols_apricot_brandy_70cl_large_1465cf14-64d6-431b-96d9-78aff4f4c2db_209x.png?v
https://images.selency.com/6597ff26-cd13-42ec-841f-6da43489c48f/couch-2-seater-leather_original.png?bg_color
https://sonic-equipment.com/Files/Images/PerfionImages/ProductImageLarge/4931f38f-a97a-44fd-bbd6-4cc4ada2544e.png
https://wiki.totalwar.com/images/a/a9/Mar_i_east_war_elephant_musketry_howdah_info_pike.png


Relation Object Target Result Weight Image (with link) Incorrect

HasProperty

wind chime digital False M

pasture enclosed False M

swaddling clothes alive False L

neonate alive True M

matrimony intertwined False M

crib biologic False M

pintle heavy False M

sock black False L /

bomber jacket black True M

shoemaking brown False M

UsedFor

deafness healing False M

headquarters living/working True M

caldron cooking True M

sofa sitting True M

crescent wrench tightening True M

slipcover sleeping False M

coffee maker cooking False M

pedestal sitting False M

moccasin walking True M

tongs cooking True M

https://drf7w0l2eu3s1.cloudfront.net/productImages/_articleThumb/WV18_01.png?mtime
https://goldcrop.ie/wp-content/uploads/2020/04/pasture.png
https://upload.wikimedia.org/wikipedia/commons/thumb/3/3b/3_week_old_swaddled_infant.png/440px-3_week_old_swaddled_infant.png
https://static.wikia.nocookie.net/whitewolf/images/7/7c/AgeNeonate.png/revision/latest/scale-to-width-down/355?cb
https://images.squarespace-cdn.com/content/v1/5c1e41fd3c3a533b7199694b/1548275177698-753O1FVVOM4T5WOBCO9K/ke17ZwdGBToddI8pDm48kCMIJADrG9C9B2Pa-4NX1hBZw-zPPgdn4jUwVcJE1ZvWEtT5uBSRWt4vQZAgTJucoTqqXjS3CfNDSuuf31e0tVE8d2X2HGplyGZyV6gYJVtwcvFoWzs5pBRD9bYIv4tPFt1lH3P2bFZvTItROhWrBJ0/Matrimony.png
https://novummed.com/wp-content/uploads/2019/08/E1965CL-MF-Front-Down-no-background-e1565117233488.png
https://www.miamihitches.com/media/catalog/product/cache/1/image/9df78eab33525d08d6e5fb8d27136e95/6/3/63041.png
https://static.nike.com/a/images/t_default/xvvaghsdzan2ylohkutu/everyday-cushioned-training-ankle-socks-lZ03sD.png
https://cdn.shopify.com/s/files/1/0318/4253/3515/products/SS21-500730-472_1.OsakaBomberDarkNavy_768x.png?v
https://icanmakeshoes.com/wp-content/uploads/2021/05/Lasts-510.png
https://static.projects.iq.harvard.edu/files/styles/os_files_xxlarge/public/centerforhereditarydeafness/files/original_logo_with_title.png?m
https://static.thenounproject.com/png/3308857-200.png
https://cdn1.iconfinder.com/data/icons/halloween-set-2/512/Halloween_-_Icon_24-512.png
https://thesofafactory.com/wp-content/uploads/2020/01/howard-web-1.png
https://www.applied.com/webmedia/product_assets/h9d/h02/9209960759326.png
https://www.decorist.com/static/cache-thumbnail/54/b2/54b2376aaa0f608620941262e83c5aa7.png
https://media.croma.com/image/upload/v1605181670/Croma%20Assets/Small%20Appliances/Coffee%20Tea%20Makers/Images/8981056618526.png
https://www.bocadolobo.com/images/products/pietra-pedestal-01-zoom-boca-do-lobo.png
https://i.ebayimg.com/images/g/VRsAAOSwMl5fZdJ7/s-l300.png
https://upload.wikimedia.org/wikipedia/commons/3/32/Kitchen-tongs.png


Relation Object Target Result Weight Image (with link) Incorrect

CapableOf

klaxon produce lowpitch False L

tureen make coffee False L

socket wrench screwing something True M

trumpeter produce lowpitch False L

shofar produce lowpitch False L

belt make noise False M

metro transmitting information False L

pintle screwing something True M X

broadcast transmitting information True M

pendant make noise False L

MadeOf

placenta previa organic material True M

death knell many pieces True M

organ pipe plastic False M

sideboard metal False L

smokestack plastic False M

computerized tomography plastic False M

boiler metal True M

beer glass False M

carton glass False M

boiler plastic False M

https://en.klaxon-klick.com/wp-content/uploads/2019/09/9.-Monster-Standard.png
https://images.selency.com/9f75df6d-b642-43b9-97a8-b70a75ea4418/xix-creil-earthenware-soup-tureen_original.png?bg_color
https://sonic-equipment.com/Files/Images/PerfionImages/ProductImageLarge/4931f38f-a97a-44fd-bbd6-4cc4ada2544e.png
https://cdn.shopify.com/s/files/1/0538/2923/8944/products/TrumpeterMalbec_1800x1800.png?v
https://www.babashofar.com/wp-content/uploads/2018/12/33.png
https://www.prada.com/content/dam/pradanux_products/2/2CM/2CM188/053F0216/2CM188_053_F0216_SLF.png
https://upload.wikimedia.org/wikipedia/commons/thumb/5/59/Copenhagen_Metro_2020.svg/220px-Copenhagen_Metro_2020.svg.png
https://www.miamihitches.com/media/catalog/product/cache/1/image/9df78eab33525d08d6e5fb8d27136e95/6/3/63041.png
https://www.mailrail.net/images/broadcasting-img.png
https://media2.bulgari.com/f_auto,q_auto/production/dwb0d820ed/images/images/459610.png
https://upload.wikimedia.org/wikipedia/commons/thumb/1/12/Placenta_previa-en.svg/1200px-Placenta_previa-en.svg.png
https://www.wfonts.com/sample-character/data/2017/10/16/death-knell/Death%20Knell.otf.png
https://www.researchgate.net/profile/Peter-Rucz/publication/298965962/figure/fig1/AS:341416845824009@1458411527846/Structure-of-a-reed-organ-pipe.png
https://images.selency.com/62d66696-e6a7-4844-9d9d-a3d1518cc8db/fine-danish-sideboard-or-chest-by-svend-langkilde-1950s_original.png?bg_color
https://cdn.iconscout.com/icon/premium/png-512-thumb/smokestack-1401470-1187690.png
https://www.researchgate.net/profile/Daisuke-Kondoh/publication/320115779/figure/fig2/AS:601513957289986@1520423511697/Computerized-tomography-CT-images-of-Holstein-calf-with-polysplenia-syndrome-a-Schema.png
https://www.inventum.com/wp-content/uploads/2020/01/Inventum-MAXTANK-Indirect-gestookte-boiler-1-681x1024.png
https://www.craftbeersdelivered.com/image/cache/catalog/beer/Wild%20Beer%20Millionaire%20Can%202-600x600.png
https://5.imimg.com/data5/YB/DD/MY-5558008/export-carton-box-500x500.png
https://www.inventum.com/wp-content/uploads/2020/01/Inventum-MAXTANK-Indirect-gestookte-boiler-1-681x1024.png


Relation Object Target Result Weight Image (with link) Incorrect

PartOf

vermis brain False L X

auricula ear False M X

earshot ear False M

nose plane False M /

fuselage bird False L

nostril human True M

shopfront window/door False M

bunion feet True M

spinal fluid brain True M

achilles tendon feet True M

AtLocation

spoon kitchen True M

thunderstorm high altitude True M

sky earth False L X

dust earth True M

samovar kitchen False M /

engagement the neck False L

switchblade kitchen False L

earring upper body True M

toaster oven kitchen True M

interplanetary dust earth False M

https://cdn-cfpnp.nitrocdn.com/CzhqckxwXkMSGajRdsdeuJeoGMEvyyqY/assets/static/optimized/human-memory.net/wp-content/uploads/2019/10/fb09d6f89acaff99f6f074e8b635283e.cerebellum-anatomy.png
https://upload.wikimedia.org/wikipedia/commons/thumb/b/b2/Diagram_of_the_human_heart_%28cropped%29_pt.svg/1200px-Diagram_of_the_human_heart_%28cropped%29_pt.svg.png
https://www.comrex.com/wp-content/uploads/2018/04/EarShot-IFB-Front-with-LEDS-e1552928783781.png
https://www.theplasticsfella.com/content/images/2021/03/Surface-Landmarks-of-the-Nose-3.png
https://www.f-one.world/app/uploads/2018/08/Hydrofoil-fuselage-alu-60.png
https://www.mariatash.com/media/catalog/product/cache/1/image/500x500/e17659eb503a3a77158dff95f64cc54b/N/S/NSQ3DTR-ROSE_GOLD_model_2.png
https://rustlabs.com/img/items180/wall.frame.shopfront.metal.png
https://cdn.shortpixel.ai/client/q_glossy,ret_img,w_705/https://www.bunionsurgeon.co.uk/wp-content/uploads/2018/12/Severity-Comparison-4-705x441.png
https://smart.servier.com/wp-content/uploads/2016/10/Fluide_cerebrospinal.png
https://www.fitasaphysio.com/uploads/4/3/3/4/43345381/1097328.png?218
https://res-3.cloudinary.com/christofle/s--Rqc7_NRo--/c_limit,dpr_2.0,f_auto,h_500,q_auto,w_500/media/catalog/product/S/t/Standard_20table_20spoon_20Albi_20_20Sterling_20silver_01407022000101_F_2_1.png
https://www.air-worldwide.com/siteassets/airimages/models/severe_thunderstorm/europe_thunderstorm_infographic.png
https://upload.wikimedia.org/wikipedia/en/thumb/a/a6/Sky_Group_logo_2020.svg/1200px-Sky_Group_logo_2020.svg.png
https://www.powdertechnologyinc.com/wp-content/uploads/2012/08/test-dust-history.png
https://i.pinimg.com/originals/b5/46/f4/b546f49714bd9ddae9a9d7001961be49.png
https://www.maastrichtuniversity.nl/sites/default/files/styles/full_width_image/public/engagement_0.png?itok
https://bloximages.newyork1.vip.townnews.com/qconline.com/content/tncms/assets/v3/editorial/7/fd/7fd025e3-2d6f-5b73-a40a-7110df1edb20/5c7869d33ff4c.image.png
https://cdn.shopify.com/s/files/1/1574/7985/products/DETAIL-HOOP-EARRING-SET-18K-ROSE-GOLD-PLATED-01_2f9a969c-8610-485d-b790-1b499bd574da_1000x.png?v
https://www.yourbestdigs.com/wp-content/uploads/2019/09/cuisinart-oven-cta.png
https://media.springernature.com/lw685/springer-static/image/art%3A10.1007%2Fs11214-019-0597-7/MediaObjects/11214_2019_597_Fig9_HTML.png
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