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Executive summary

Results in a nutshell

The research of 4.599 million LinkedIn posts in 193 countries
determined that only 3 factors (out of 6 considered) have a statistically
significant impact on content virality:

•

•

The size of the network

•

The word count

•

The number of emojis

However, the impact of these 3 factors differs widely. The size of the
network explains 33.99% of the effects, the number of words 19.4%,
and the number of emojis only 2.4%.

•

The mathematical model also shows that hashtags, the post's language,
or the country of residence have no significant effect.

•

•

•
•

•

•
•

Only 3 factors have a
statistically
significant
influence on the visibility of
Linkedin posts; the number
of people in your network,
the word count, the number
of emojis
Variables such as hashtags,
the post's language, or the
country do not have a
significant influence on the
visibility of LinkedIn posts
the size of your network
explains 34% of the visibility
of your LinkedIn posts
the number of words used
in your LinkedIn posts
explains 19.1% of their
visibility
emojis only account for
2.4%
51,04% of the contents are
put online by users with
less than 1442 connections,
only 7% by those with more
than 10000 and 1,3% more
than 20000
80.3%
of
messages
published on LinkedIn are
less than 92 words long
2.2% of LinkedIn posts are
over 200 words
80.12% of posts on LinkedIn
do not contain emojis

4
Les informations contenues dans ce rapport peuvent être réutilisées à la condition expresse qu’un hyperlien soit fait vers le
site d’IntoTheMinds https://www.intotheminds.com. Toute utilisation non conforme sera poursuivie.

Results

5
Les informations contenues dans ce rapport peuvent être réutilisées à la condition expresse qu’un hyperlien soit fait vers le
site d’IntoTheMinds https://www.intotheminds.com. Toute utilisation non conforme sera poursuivie.

1. Introduction
Understanding the factors that influence visibility on social networks has become a significant challenge for
businesses. The rapid increase in the amount of content has imposed recommendation algorithms that decide
on the content visibility. However, the functioning of these algorithms is opaque, and the rules that govern
them are not known with certainty. Therefore, a research effort is necessary to observe, from the outside, the
dynamics of content publication and deduce the determining factors in their success.
This research aims to answer these questions for a social network specialized in professional exchanges:
LinkedIn. With 756 million users (2021 figures), LinkedIn was acquired by Microsoft in 2016. It is estimated
that 3 million users are active every week and that 358 billion updates of the LinkedIn feed took place in 2019.
LinkedIn's 2020 algorithm update conditions the recommendation of posts (and thus their visibility within the
network) to the interest they generate. This interest is measured through the "dwell time," i.e., the time spent
interacting with a particular content.
Without being recommended by the algorithm, LinkedIn content has little chance of being visible. It is
therefore essential to produce content that will
be "liked" and commented to send a signal to
the algorithm that it should be recommended
to others. However, only 3.59% of the content
on LinkedIn gets more than 100 reactions (Likes
ONLY 3,59% OF THE CONTENTS
and comments combined).

ON
LINKEDIN GET MORE THAN 100 REACTIONS

There are many theories about what
determines the "success" of a LinkedIn post. To
objectify the factors that really play a role, we
realized using a dataset of 4.599 million
LinkedIn posts in 193 countries. The data was provided by Linkalyze and the data science tools by TIMi.

6
Les informations contenues dans ce rapport peuvent être réutilisées à la condition expresse qu’un hyperlien soit fait vers le
site d’IntoTheMinds https://www.intotheminds.com. Toute utilisation non conforme sera poursuivie.

2. The dynamics of comments and likes
In this first part of the document, you will find statistics on engagement on LinkedIn. A new reading, by country
and by language, is proposed, which highlights essential differences.

What is the average number of likes and comments per LinkedIn post?
The average number of Likes and comments varies depending on the language. In our dataset, we could find
LinkedIn posts in 15 languages. The figure below shows the results. Czech was the least represented language
with 6256 posts, and English the most represented with 2.556.617 posts.

Figure 1: Average number of comments and likes per LinkedIn post by language
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We can see that French is the language for which LinkedIn posts get the least amount of likes on average: 2.1
comments and 17.8 likes. Indonesian is at the other end of the spectrum, with 8.7 comments and 48.5 likes.

Distribution of the number of comments on LinkedIn according to language
The analysis of the distribution of comments by language offers a different reading of the phenomenon.
Regardless of the language, the majority of LinkedIn posts receive no comments. But this reality is contrasted
as shown in Figure 2 (in red, the proportion of LinkedIn posts that receive no comments; in green, the
proportion that receives more than 20 comments).

Figure 2: Distribution of comments on LinkedIn posts according to the language.

30 different points can be observed between Finnish, Czech, and Swedish on the one hand and French, English,
or Spanish on the other.
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Distribution by language of the number of Likes on LinkedIn
The disparities by language are also observable for Likes. The difference is particularly noticeable between
Arabic and Finnish. In English, French, and Spanish, almost 1/4 of the posts do not get any likes, a ratio that is
exceeded only by posts in Arabic (33.16%).

Figure 3: Distribution of the number of likes according to the language

In which countries do we get the most likes on LinkedIn on average?
Not all countries are equal in terms of likes on LinkedIn. We can see this by the analysis of posts in 193
countries.
To disregard the extreme data in some micro-territories, the data was represented as quartiles. In other
words, the data was normalized and then assigned to a segment based on its value.
This visualization by quartile is useful when specific extreme values (outliers) "erase" the differences that may
exist.
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The map below makes it easy to visualize which quartile each country belongs to and become aware of the
differences between territories in terms of likes.

Figure 4: Distribution of the number of likes by quartile and by country

In which country are LinkedIn posts most commented on average?
We repeated the same analysis with the average number of comments on LinkedIn. As can be seen (Figure 5),
differences appear between the two maps. With an average of 3.3 comments on each LinkedIn post, Russia,
for example, is in the top quartile while it is in the 2nd quartile for likes (10 likes on average per post).
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Figure 5: Distribution of the number of comments by quartile and by country

Statistics on comments and likes by country
Finally, I propose to visualize on a "scatter plot" the position of each country regarding the average number of
likes and comments (Figure 6). Some extreme values (Virgin Islands, Tonga, Belize) have been eliminated so
that the graph remains readable.
For each country of the world, you can access the statistics for the LinkedIn posts published there. Their ISO
code indicates the countries.

Next page: Figure 6. Average number of comments and likes per LinkedIn post by country
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3. Results of predictive modeling
We studied the influence of 6 variables on the number of reactions received. The mathematical modeling
shows that only 3 variables have a statistically significant impact on the probability to get at least 100 reactions
(likes and comments) on a LinkedIn post:
•

The size of the post author's network

•

The number of words in the post

•

The number of emojis contained in the post

The 3 other variables taken into account in the model (number of hashtags, language, country) did not
significantly impact.

a) Relative effects of the 3 significant variables
The collection of 100 or more reactions does not depend equally on the 3 variables (network size, word count,
number of emojis). For example, emojis only contribute to 2.4%, while the size of the network explains 33.99%
of the result obtained. The word count accounts for 19.1%.
These differences are best seen in Figure 7. In the form of areas, this visualization represents the relative "
impact " of the different variables on the result.

Figure 7. Visualization of the relative effects of the 3 significant variables on the probability of collecting at
least 100 reactions on a LinkedIn post.
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a) Effect of the size of the network
The database content analysis gives an insight into the asymmetry within the LinkedIn network in terms of
network size. Thus 51.14% of the contents are put online by users with less than 1442 connections. Users
make only 1.3% with more than 20,000 connections (Figure 8).

Figure 8. Distribution of LinkedIn posts according to the size of the author's network
The analysis of the 4.599 million LinkedIn posts (Figure 9) clearly shows the effect of the network size. This is
quite logical: the more extensive the network of a LinkedIn member, the higher the probability of getting 100
reactions on one of his posts.
What is surprising, however, is to see the weight that this variable play: 33.99%. In other words, reaching the
100-reaction mark on a LinkedIn post is conditioned for 1/3 by the size of your network.
For most LinkedIn users, the prospect of getting 100 reactions remains very hypothetical. 50% of LinkedIn
users have less than 1442 connections. With 1442 connections, you have one chance in 50 to get 100
likes/comments (2%). However, when you have a network of 24000 contacts, the probability rises to 19%.
That's almost 10x more.
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Figure 9. Effect of the network size on the probability of getting at least 100 reactions on a LinkedIn post

These effects are visible in Figure 9. We can make a linear relationship between the number of connections in
the network and the probability of reaching the result (dotted line). The likelihood of getting 100 reactions
increases by 1% for every 500 connections.

b) Effect of the number of words
The second factor that we can prove to have a significant effect is the word count of the LinkedIn post. This
factor influences almost 20% of the probability of reaching 100 likes or comments.
We can see that the distribution of LinkedIn posts according to the number of words they contain is far from
average (see Figure 10). Half of the LinkedIn posts have less than 36 words, and 1.26% (or 50341 posts) contain
only 2 words. At the other end of the spectrum, 0.12% of posts have between 222 and 225 words.
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Figure 10. Statistical distribution of LinkedIn posts according to the word count
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The modeling (Figure 11) shows that a post containing 232 words is 6x more likely to get 100 likes/comments
than the average.
However, the effect is not linear. An inflection point is visible around 150-170 words. This means that there is a
definite interest in exceeding this limit when writing content.

Figure 11: Influence of the word count on the probability of getting 100 reactions to a LinkedIn post

This effect is explained by the changes made to the LinkedIn algorithm in 2019. The "dwell time" has become
the variable that conditions the visibility of a post within the LinkedIn network and, therefore, its ability to be
liked or commented. The "dwell time" measures the time spent interacting with content. The more time the
user spends on content, the more the algorithm infers that this content is exciting and deserves to be exposed
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to other network people. A 232-word piece of content is more likely to engage a user for a more extended
period than a 50-word piece of content. So, the effect was predictable but is quantified for the first time.
As for the inflection point visible around 150-170 words, we can only note its existence without explaining its
meaning.

c)

Effect of the number of emojis

The last variable with a significant effect is the number of emojis.
The descriptive statistics analysis shows again a distribution that is far from average since 80.12% of LinkedIn
posts do not contain any emoji (Figure 12). Only 9.58% of LinkedIn posts include 3 or more emojis. The
maximum observed in a single post was 1190 emojis.

Figure 12. Statistical distribution of the number of LinkedIn posts according to the number of emojis contained.
The modeling of the effect of emojis on reaching the 100 reactions threshold is presented in Figure 13. We can
see a positive impact from the 1st emoji. In other words, putting a single emoji in a LinkedIn post already
increases your chances of getting 100 likes/comments.
This statistical effect is explained by the distribution of emojis in LinkedIn posts. Indeed, 80.2% of the posts do
not contain emojis. The effect is therefore observed as soon as the threshold of 0 is exceeded.
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Including 16 emojis, as shown in Figure 13, is optimal. With 16 emojis, your chances of exceeding 100 reactions
are multiplied by 2.5 compared to the average.
The analysis does not say where these emojis should be included or which emojis they should be.

Figure 13. Influence of the number of emojis on the probability of getting at least 100 reactions on a LinkedIn
post

d) Correlations between variables
At first sight, one could think that the variable "number of emojis" is redundant with the variable "number of
words." Doesn't a post of more than 200 words have a higher probability of containing the "right" number of
emojis?
The analysis shows that these 2 variables are indeed correlated (the linear correlation between the 2 variables
is 19%). Therefore, the question is to know which of these two variables influences the virality of a LinkedIn
post and if both are necessary for the prediction.
We can appreciate the effect induced by the deletion of the "number of emojis" variable directly in the results
delivered by "TIMi Modeler." The removal of the variable "number of emojis" from a predictive model
containing the variable "number of words" leads to a loss of "predictive power" of the model, materialized by a
decrease of 2.4% of the AUC (Area Under the Curve).
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This proves that the variable "number of emojis" has a direct and different influence from the variable
"number of words" on the probability of reaching the 100 reactions threshold. We must therefore keep it in
the model.
In practice, when writing a post on LinkedIn, we have to focus on the length of the post and the correct
number of emojis (16).

e) Variables with no significant effect
Country and language do not influence your likelihood of getting 100 reactions on a LinkedIn post. This is good
news because it means that you don't have to live in the United States or write in English to achieve this feat.
This result is obtained based on a dataset covering all the countries on the planet but still shows wide
disparities in penetration rates. The data set includes 604241 users in the United States but only 746 in Estonia
(see Figure 14 and Figure 15).

Figure 14. Geographical distribution of users in the dataset (based on the country entered on their LinkedIn
profile)
However, the surprise that appears when all variables are taken into account in the same model is that
hashtags have no statistical influence. In other words, hashtags do not significantly influence the probability
of getting 100 reactions. In a first model that did not include emojis, hashtags showed a significant effect. But
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as soon as we took emojis into account in the model, their impact, although modest (2.4% of the total),
surpassed that of hashtags. This finding, therefore, undermines a common assumption about the effect of
hashtags on the virality of LinkedIn posts.

Figure 15. 70.3% of the total LinkedIn users in the data base are concentrated in 22 countries
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Methodology
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4. Methodology
a) Data preparation
The data was prepared by reconciling 2 databases in JSON format containing:
•
•

Content data (with 4.599 million lines extracted and a JSON file of 3.1 GB)
The data on the authors (with 407,737 lines extracted and a 781 MB JSON file)

The reconciliation was performed based on the author's unique identifier using the Anatella software provided
by the company TIMi.

Figure 16. Schematic of data preparation using Anatella

After reconciliation, content data enrichment was realized using Anatella's "DetectLanguage" box, which uses
the language detection algorithm named "CLD2" (see Lui and Baldwin, 2014).
The whole data preparation procedure runs in 457 seconds (the "DetectLanguage" box consumes 23% of the
computation time). The consumed RAM is 2260MB.
To avoid side effects created by known users or users with many subscribers, people with more than 25,000
connections were eliminated from the dataset (leaving 3.999 million usable lines).

b) Modeling
c)
The modeling was realized using Modeler from the company TIMi. Modeler allows to test millions of models
(auto-ML) and to find the one that gives the best results automatically.
The modeling is realized using the raw data exported in .gel format (TIMi's proprietary format) and by
designating the "target," i.e., the independent variable to model. For this research, we chose a binary target by
separating the dataset into 2 parts: posts that had received less than 100 reactions (likes + comments) and
those that had received 100 or more. The analysis, therefore, provides results on the probability of reaching
the 100 reactions threshold.

________________________________
1

Lui, M., & Baldwin, T. (2014, April). Accurate language identification of twitter messages. In Proceedings of the
5th workshop on language analysis for social media (LASM) (pp. 17-25).
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On this dataset of 3.999 million lines, the "Modeler" tool builds several thousand predictive models, selects and
delivers the best model, and generates all the analysis reports (in .docx, .xlsx, and .html format) in a few seconds.
The quality of a predictive model that has a "binary" target (i.e., a target with 2 states: either the post has
reached 100 reactions or the post has not reached 100 reactions) is typically illustrated using a lift curve. The
details of the lift curve obtained using the predictive model built with the TIMi Modeler are given on the blue
curve in Figure 17.
Axe Vertical = Pourcentage
de cibles trouvées = "Recall"

Point “1” (3.59 ; 100)

Point “3” (85 ; 100)

Point “4” (12 ; 50)
Point “5” (50 ; 50)
Point “7” (10 ; 43)
 Nous avons une “lift” de 4.3

Point “2” (90 ; 0)
Point “6” (10 ; 10)

Axe Horizontal =
Taille de la
sélection (en [%])

Figure 17. Fit of the prediction model used in this research

To explain the lift in the graph above, we have a "perfect" predictive model that makes no errors. Now let's use
this perfect model to order our entire population (i.e., all of our "posts") on the X-axis. This order is not random:
it is based on our predictive model, i.e., we will place...
•
•

...on the left, the "posts" that, according to our model, have a very high chance to be in the target
(those that have an increased opportunity to reach the 100 reactions).
...on the right, the "posts" that have a meager chance to be in the target

In Figure 17, the "perfect" predictive model is illustrated by the green lift curve. This curve represents the quality
of our scheduling. Ideally, all "targets" (posts that have reached 100 reactions) should be located on the left.
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Here, our target size is 3.59% (i.e., 3.59% of the posts get 100 reactions). This means that the "perfect" predictive
model will detect 100% of our targets by selecting only 3.59% of the population (this information is represented
by point "1" in Figure 17).
The green curve (the perfect predictive model) is composed of 2-line segments. The first segment connects the
coordinates (0; 0) and (3.59; 100). It represents what happens when we use a perfect predictive model to select
a larger and larger population (from an empty selection of 0% to a size representing 3.59% of all analyzed posts).
With a perfect model, when we have finally selected 3.59% of the population (i.e., when we reach point "1"),
we have "found" 100% of the targets (the posts that have more than 100 reactions).
In contrast, a "normal" predictive model must "recruit" many more posts than the minimum 3.59% of the
population to find 100% of the target. Its "ordering" is not perfect. The ordering is based on the results of the
model: the posts that have (according to our "normal" model) the highest probability of being in the target (100
reactions or more) are placed on the X-axis on the left.
On the graph above, the pink curve shows the different probabilities calculated by the predictive model for each
of the known posts. By construction, the pink curve is constantly decreasing from left to right. For example,
thanks to the point "2" with coordinates (90; 5), we know that there are 10% of the posts that have (according
to our model) a null probability to be in the target (these are the 10% of posts located on the right of the point
"2").
In Figure 17, the quality of the predictive model built here is represented by the blue "lift curve." The
predictive model realized using "TIMi Modeler" must:
•
•

... select 85% of the population to find all targets: this is point "3" on the graph with coordinates (85;
100).
... select 12% of the population to find half of the targets: this is the point "4" on the graph with
coordinates (12; 50).

In Figure 17, the last yellow curve represents the quality of a terrible predictive model since this model orders
the posts according to a perfectly random order. For example, by the simple effect of chance, this utterly
random model will succeed in finding 50% of the target when we select 50% of the population: This is the
point "5" on Figure 11, with coordinates (50; 50).
Let us now look at point "6" in Figure 17, with coordinates (10; 10). Located on the yellow curve, it represents
the performance of a random model. The model obtained with "TIMi Modeler" (blue curve) is better than a
random model because it does not pass through the point "6" but through the point "7" of coordinates (42;
10). As the point "7" is 4.2 times higher than the point "6", we will say that the TIMi model is 4.2 times better
than the random model. Or that the "lift" of the TIMi model is 4.2.

To estimate the quality of a predictive model, we are typically interested in 2 measures:
•
•

the "lift" of the predictive model (which here is 4.2)
the AUC (Area Under the Curve) of the predictive model.

In TIMi, the AUC is defined as the shaded area in Figure 18 below.
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AUC du modèle
Prédictif TIMi : 62%

Figure 18. Definition of the AUC of a TIMi predictive model

By convention:
- the AUC of the "perfect" predictive model in green is set to AUC=100%.
- the AUC of the "random" predictive model in yellow is AUC=0%.
The table below compares the two most common measures of quality (lift and AUC) when working with binary
predictive models.
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Mesure Positive aspects
Easy to understand, this measure allows us
Lift
AUC

to assess the extent to which the delivered
model is superior to the random model.
Very reliable mesure because it uses the
entire lift curve from X=0% to X=100%.

Negative aspects
This measure is not very reliable because it only
represents what happens at a single point on the lift
curve (at X=10% for example).
This is a more abstract measure and more difficult to
understand, but there are still possible explanations.
For example, when we use another convention that
sets the AUC of the random model to 50% (instead
of 0%), we can say:
"The AUC is the probability that, taking at
random 2 posts located on the X-axis, these
2 posts are ordered in the right order (the
one with the highest probability of being
"viral" is located on the left)."

In the TIMi modeler, all calculations aim to maximize the "AUC top" (an improved variant of AUC). For example:
•
•

TIMi Modeler creates thousands of models and selects the model with the highest AUC.
TIMi Modeler simplifies the model (during the optional pruning procedure) by removing from the
predictive model all variables that do not influence the AUC.

Thus, in this analysis, the "country" variable was automatically removed from the final predictive model
delivered by TIMi Modeler. On the other hand, the variable "network size" must be kept in the predictive model
because its absence removes 33.99% of AUC from the model.
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About the TIMi suite
The LinkedIn data analysis presented in this White Paper was realized using two tools from the TIMi
Suite:

et

Anatella is the first tool used: It is a tool dedicated to "data preparation."
The main advantages of Anatella are:
•

•
•
•

FAST: Anatella handles tables with billions of lines and thousands of columns on a small
infrastructure. This power allows for deeper analysis of the data to get better, more relevant
results. Anatella is so fast that a simple laptop can already analyze tables with billions of
lines, almost in real-time. Anatella is a little like "Excel" but on steroids.
EASY: develop complex data transformations faster with an intuitive interface that requires
no code.
AUTOMATED: Automate any business, IT, or other processes. With just a few clicks, you can
put your graphs into production and run them repeatedly.
OPEN: with over 400 boxes available, anything is possible, almost instantly. If necessary, use
the collaborative framework and the integrated revision tool to easily create new boxes (in
R, Python, JavaScript, or C).

Modeler is the second tool used: it is an "Automated Machine Learning (auto-ML)" tool.
The main advantages of Modeler are:
•

•
•
•

ACCURATE & FAST: Modeler delivers the best predictive models in seconds. With these
models, you get the best conversion and retention rates for all your marketing campaigns and
the best risk estimate to protect your business.
POWERFUL: No limit to the training dataset: Modeler handles tens of thousands of variables
and millions of lines.
AUTOMATED: With just a few clicks, benefit from over 20 years of data science expertise built
directly into Modeler.
ACTIONABLE: Modeler guarantees that your models will leave the data lab and go into
production with a simple drag&drop.
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About Linkalyze
Linkalyze is a LinkedIn influencer research and analysis solution. Linkalyze identifies LinkedIn
influencers on specific topics and helps brands define the value of a post based on different criteria.

Contact:

Sylvain Tillon
sylvain@linkalyze.app
+33 609 924 038
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Conclusions of the
research
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5. Conclusions and future research
The 4.599 million LinkedIn posts research allows us to draw clear and statistically objective lessons
on the role of different factors. We prove that among the variables taken into account, only 3 have a
significant impact on the probability to reach the 100 reactions threshold: the size of the network
(measured in the number of connections), the word count, the number of emojis.
However, one should not consider these conclusions as definitive. First of all, the number of
variables taken into account was limited; therefore, they do not represent all the factors that play a
role. Secondly, it is impossible at this stage to prove a causal link between the variables studied and
the achievement of the 100 reactions threshold. Does the LinkedIn recommendation algorithm take
these variables into account to show the post to a more significant number of people? Or is the
content of the post itself that, by its word count and the emojis it contains, attracts more attention
and thus influences the recommendation algorithm?
Our following analyses will explore the dataset in more depth. In addition to considering new
variables, we plan to analyze the semantics of LinkedIn posts to find out if the themes or the style
are differentiating factors of successful LinkedIn posts.
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Go to www.timi.eu for a free trial of TIMi Suite
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