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Introduction
The dataset used for data mining and visualization is “Instagram Analytics Dataset” which is obtained from Kaggle It is a synthetic dataset generated to simulate real Instagram insights by using these types of datasets can avoid privacy issues of the real user’s data. This main purpose of this dataset is to understand and analyse the behaviour of each post and identify meaningful insights by using data mining and visualisation techniques. The dataset gives the ability to understand the patterns, relationships and trends present in between user engagement and post-performance. By analysing those patterns, we can clearly understand the social media analytics, optimisation of content, behaviour of the audience and plan the strategies of content creation accordingly. This dataset contains 29,999 rows and 23 columns which means 29,999 posts of data with different attributes which includes information of post and its performance. As this dataset large, we can apply different datamining techniques like classification, clustering and association rule mining.
Data Preprocessing
The Instagram Analytics Dataset is available in CSV format. I converted the CSV format file into ARFF (Attribute-Relation File Format) which is compatible with WEKA because the attribute names and data types are explicitly defines. As mentioned, Instagram analytics dataset is synthetic dataset, it is cleaned with no null values. As part of initial preprocessing, I verified the attribute types and make sure that dataset was correctly formatted in WEKA and rest of the preprocessing process like splitting the dataset and more is discussed in secondary preprocessing.
Dataset Description
The Instagram Analytics Dataset contain post-performance and engagement data of 29,999 different posts collected from multiple Instagram accounts. Each row contains information of each post that includes post characteristics, account details, audience engagement and content performance in 23 attributes.
Attribute Description:
Post ID – it is a unique identification number for all 29,999 posts. The values are like IG0000001, IG0000002 …… IG0029999. It helps to avoid duplicate recodes and used for tracking individual and not useful for models.
Account ID – it is a unique identification number for Instagram accounts. The dataset contains 20 different Instagram accounts, and the values of this attribute are like 1,2, 3….20. This is not a numerical attribute; it belongs to categorical attributes.
Account type – it tells the category of the Instagram account. The dataset contains 2 different types. The values are brand and creator. 
Follower count – total number of followers to that Instagram account. The values are like 3551, 31095,8167. It helps to measure popularity. 
Media type – this tells type of the post. This dataset contains reels, images, carousel (a post contains multiple images and videos side by side). It may take the strong influence in Instagram algorithm.
Content category – this tells category of the content in the post. This dataset contains 10 different content categories like technology, fitness, beauty, music, photography, food, travel, fashion, comedy and lifestyle. Some categories attract more interactions.
Traffic source – this tells how the audience received the post. The values are home feed, hashtags, reels feed, profile and external sources. Instagram algorithm recommendations will done through reels and marketing campaigns will done through external sources.
Has call to action – this tells if the post included CTA button. CTA is nothing but a button that links to other websites which improves interaction with audience. The values of this attribute are binary 0- no, 1- yes.
Post datetime – this tells exact uploading date and time of the post. The values are like 2024-11-30 06:00:00, 2025-08-15 15:00:00.
Post date – this tells the exact data of the post. The values are like 2024-11-30, 2025-08-15.
Post hour – this tells hour of the day when the post was uploaded. The values are like 0, 1, 2, 3….23.
Day of week – this tell the day on which the post was uploaded. The values are like Sunday, Monday, Tuesday, Wednesday, Thursday, Friday and Saturday. Weekends may get more engagement than weekdays.
Likes – this tells the number of likes received to the post. The values are like 194,449. It is the main engagement metric.
Comments – this tells the number of comments received to the post. The values are like 5, 10, 0. Comments hold more importance than likes. 
Share – this tells the number of shares received to the post. The values are like 7, 21,1. Shares indicate the post is more informative.
Saves – this tells the number of people saved the post. The values are 34, 68, 22. Saves says the post is valuable and informative to the users. 
Reach – this tells the number of unique people who viewed the post. The values are 4327, 7451, 1639. It counts unique viewers only.
Impressions – this tells the total number of times the post was displayed to users. The values are 6230, 8268, 2616. Repeated views are calculated by the difference between impressions and reach. 
Engagement rate – this is based on interactions relative to reach. The values are 0.0385, 0.0663, 0.0531. engagement rate is more important than the follower count.
Followers gained – this tells the number of new followers gained after posting the post. The values are like 899, 805,758. It shows which post converts viewers into followers.
Caption length – this tells the length of the post caption. The values are like 100, 122, 115. Length of the caption makes the user to stay engaged with the post, it plays important role to grab attention of the users.
Hashtag count – this tells the number of hashtags used in the post. The values are like 7, 5, 8. Using more hashtags may cause poor performance of the post.
Performance bucket label – this tells the performance of the post which is classification label. The values are like low, medium, high and viral. It is derived from engagement and reach of the posts.
[image: A screenshot of a computer

Description automatically generated]
Figure 1 visualisation of Instagram analytics dataset without any pre-processing
Descriptive statistics of attributes
The Instagram Analytics Dataset contains combination of categorical and numerical attributes. The numerical attributes are statistically analysed in WEKA.
	Attribute
	Minimum
	Maximum 
	Mean
	Standard deviation

	Account id
	1
	20
	10.56
	5.76

	Followers count
	3083
	31095
	10278.3
	6691.86

	Has call to action
	0
	1
	0.349
	0.477

	Likes
	0
	10632
	287.65
	317.64

	Comments
	0
	339
	8.52
	10.11

	Shares
	0
	516
	14.42
	16.42

	Saves
	0
	1542
	42.51
	47.8

	Reach
	268
	73339
	6272.47
	4985.87

	Impressions
	327
	105203
	8466.95
	6825.9

	Engagement rate
	0
	0.27
	0.042
	0.024

	Followers gained
	0
	1000
	502.153
	290.364

	Caption length
	70
	166
	120.08
	11

	Hashtags count
	0
	21
	7.98
	2.82



By observing the statistics of numerical attributes, the dataset contains data of 20 different Instagram accounts which includes posts with no likes, comments, shares and saves. This dataset also includes an Instagram post which gained 1000 followers to the account. I observed the average followers of the 20 Instagram accounts is 10278, so accounts more than 10278 followers are not just normal accounts they are performing well in content creation and maintaining good relationship with followers. From this dataset I can say that people are posting without hashtags but minimum captions.



Exploration-1
Business Question
Identifying high performing post from Instagram Analytics Dataset and provide recommendations to improve content performance before posting.
The main objective of this question is to identify hidden patterns and group similar high-performing Instagram posts based on the attributes like media type, posting time, hashtag usage, caption length and engagement behaviour. By using clustering, we can group similar high performing posts and generate recommendations to improve Instagram content strategy.
Data Preprocessing
As a part of secondary preprocessing, I did three steps in preprocessing, removing unnecessary attributes, removing low performing posts to focus on high performing posts and find patterns in them and normalise all the numeric values and change nominal attributes to binary values by using nominal to binary filter.
After loading the dataset into WEKA, we can observe that there are no null values in it. Some attributes like post ID, account ID, post-date time are not necessary because post ID is unique for every post and does not provide any information to the model, account ID does not help to find any patterns and the information in post-date time is already available from other attributes like postdate, post hour, and posting content in different dates in month does not lead to high performance. So, post ID, account ID, post datetime and postdate are removed.
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Figure 2 visual representation of media type and reach in tableau
Then by using filter option in WEKA, I removed low performing posts to find patterns in high performing patterns. Low performing posts are posts which have less than mean, posts which gained less than mean and posts with low and medium values in performance bucket label column. So, by using removewithvalue filter in WEKA, I filtered posts with below average likes and followers gained, low and medium performance bucket label to focus on high performing posts. Now high performing posts are remaining in the data. Now remove the likes and followers gained and performance bucket label attributes before clustering to avoid bias. Finally normalise the numeric attributes using normalise filter and nominal attributes to binary values by using nominal to binary filter.
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Figure 3 visual representation of data after preprocessing
Performance Metric
In clustering, traditional accuracy is not suitable to calculate performance, the performance metric is WCSS (Within Cluster Sum of Squared Errors). This metric measures how close data points are to their cluster centroid. A lower WCSS value indicates better cluster compactness and stronger similarity within clusters. Cluster interpretability is also considered important because the clusters needed to produce meaningful business recommendations. Additionally log-Likelihood for EM clustering and dendrogram with distance threshold for hierarchical clustering is used. As clustering is an unsupervised, interpretability and business relevance of clusters were considered as important performance metric. 

Model Training
In model training for clustering, three models are trained in WEKA, SimpleKMeans is a partition-based clustering algorithm, EM (Expectation Maximization) is a probabilistic algorithm and hierarchical clustering algorithm is a tree-based grouping algorithm. All the attributes in data were suitable for distance-based clustering. 
SimpleKMeans Training – It groups similar posts into clusters based on distance similarity. The algorithm calculates cluster centroids and repeatedly updates them until stability is achieved. I used 10 clusters, Euclidean Distance, 500 max iterations, random initialization method and seed value is 10. Euclidean Distance is used to measure similarity between Instagram posts. This algorithm grouped posts with similar engagement metrics, media types, traffic sources and content categories into separate clusters. Binary attributes generated through one-hot encoding remained in 0/1 format because K-Mean requires numeric input for centroid calculations and distance measurement. Cluster centroids were calculated using the arithmetic mean of all data points within each cluster.
EM (Expectation Maximization) Training – It uses probabilistic clustering technique that assigns datapoints to clusters based on probability distributions rather than strict distance separation. Em estimates the likelihood of each instance belonging to a cluster. I used automatically selected number of clusters, 100 maximum iterations, 10 K-Means runs and seed value is 100. EM iteratively perform expectation and maximization steps to improve cluster probability until it reaches stability.  It provides probabilistic grouping based on engagement behaviour, audience reach, content category and traffic sources.
Hierarchical Clustering Training – it is a tree-based clustering technique that creates a hierarchy of clusters using repetitive and combining operations. Agglomerative hierarchical clustering analyses the relation between Instagram posts and visualise the cluster structures through a dendrogram. I used Euclidean Distance function, average linkage type and 10 number of clusters. Initially, it treats each post as different cluster and combine similar clusters based on average linkage distance. It helped in understanding how different post categories were related at multiple levels of similarity.

Model selection
SimpleKMeans is selected as the final clustering model for this business question because it produced clear, well separated and interpretable clusters while maintaining high computational efficiency. Based on engagement metrics, the SimpleKMeans grouped the Instagram posts based on engagement metrics like reach, impressions, saves, shares, comments, and engagements rates. When compared to EM, posts in SimpleKMeans clusters are only in one cluster does not belong to multiple clusters which makes interpretation easy and makes analysis simple. And also, it provides simple clusters unlike complex trees which makes interpretation of the cluster analysis complex. Additionally, it achieved less execution time.
Model Testing
By using 75:25 percentage split the SimpleKMeans model was tested in WEKA, and it was successfully clustered the Instagram posts into valuable clusters using engagement and content performance features. The clusters showed that the balance between clusters, stability in clustering and effectively recognised patterns in high performing posts.

Model Application and Deployment
By using the clusters developed by the model, content creators will be benefited as they can plan their content creation and posting strategies accounting to the patterns of high performing posts. It helps a lot in getting more engagement from the Instagram users and saves times. And regular retraining, keep track on new trends in Instagram algorithm, monitoring user behaviour and updating all the in the dataset is necessary for achieving more reliable and accurate clustering. 
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Figure 4 final clustesr by SimpleKMean
Solution to the business question by observing the cluster clearly- brand who create reel content in food, fashion, travel are recommended to post on Wednesday. (cluster-0, day_of_week_Wednesday- 0.1965, content_category_food,fashion,travel- 0.1354,0.1179,0.1004, media_type=reel- 1). 

Exploration – 2
Business Question
Predicting the performance of the Instagram post before posting by using factors like content type, post time, hashtags, caption length and more.
The main objective of this business question is to predict the Instagram post-performance. Posting content without understanding its possible performance can lead to lower reach, engagement and reduced marketing effectiveness. By analysing all the details of the post, data mining techniques can help predict the success of a post before it is published. This helps content creators and businesses in making better decisions about their content strategy. It helps creators to optimise posts before publishing, increases engagement, reach and audience interaction, saves time and effort by identifying ineffective content early, supports data-driven marketing decisions instead of guesswork. 
Data Preprocessing
After successfully loaded the dataset into WEKA, as a part of secondary preprocessing, I removed some unnecessary attributes from the Instagram Analytics Dataset which are unnecessary to predict the high performing posts. Attributes like post ID, account ID, post datetime, post-date, likes, comments, shares, saves, reach, impressions, engagement rate, traffic source, followers gained are not available before posting content. So, I removed these attributes. By using normalise filter in WEKA, I normalised all the numeric variables and then I converted all the categorical columns into binary values by using Nominal to Binary filter in WEKA except the target column which contains the class values like viral, high, medium and low. It gives the labels to the model to predict which posts performed well and which are not.
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Figure 5 visualisation of data after preprocessing
Performance Metric
For classification problem, multiple performance metrics are selected to evaluate the model effectively, but the main performance metric is accuracy and additionally precision, Recall and F1-Score. Confusion Matrix present detailed information of correct and incorrect predictions for each class. We can understand which performance categories are being classified correctly and where misclassified. Accuracy measures the percentage of correctly classified Instagram post, precision measures how many posts are predicted as high performing are high performed. This may help content creators to know reliable predictions before posting. Recall measures how well the model identifies all actual high performing posts. A high recall ensures that successful posts are not missed b the model. F1- Score combines both false precision and recall into a single metric, it provides a balanced evaluation when both false positives and false negatives are important 
Model Training
After ensuring the data is completely pre-processed, three models are trained for classification in WEKA. The models are J48, random forest and random tree. J48 is a classification algorithm based on C4.5 algorithm, it is used to classify the data by creating a tree like structure of decision rules from the training dataset. It used to predict the performance category of an Instagram post before posting. J48 works by selecting the most important attribute at each node using a splitting criterion such as Gain Ratio or Information Gain. The algorithm then creates branches based on attributes values until the final classification is reached.
Second model for classification of high performing posts is Random Forest; it is an ensemble machine learning algorithm used for classification and prediction tasks. Random Forest is different from single decision tree; it creates many trees and select random features from the data. It works by creating multiple decision trees and take the majority results to produce a final prediction. Here, the prediction accuracy will be increased and less overfitting.
The third model for classification is Random Tree; it selects attributes randomly and classifies by using tree-based structure. Unlike the traditional decision trees, Random Tree introduces randomness while selecting attributes. This helps to reduce bias and allows the model to discover different patterns in the dataset. The data is divided into 10 equal folds and models are trained on 9 folds. 
Model Selection
By understanding the training results of each model all the three models didn’t performed well but comparatively Random Forest better than J48 and Random Tree. As Random Forest combines multiple decision trees and uses majority voting, it provides better prediction accuracy and reduces overfitting compared to J48 and Random Tree. Therefore, Random Forest was identified as the most suitable model for this classification problem. Correctly classified Instances are 7589 among 29999 which means 25.29%.
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Figure 6 confusion matrix of Random Forest
Model Testing
After comparing the classification models, Random Forest was selected as the better performing model for predicting Instagram post-performance. The model was tested using 10-fold cross validation in WEKA to evaluate its ability to classify unseen data accurately. During testing, the dataset was divided into 10 equal folds and in each iteration the model was trained using 9 folds and tested on the remaining fold. This process was repeated 10 times, and the average performance was used as the result. The model performance was evaluated using the metrics mainly accuracy and the testing results showed that random forest achieved better classification performance compared to J48 and Random Tree. The confusion matric also analysed to identify correctly and incorrectly classified predictions for each performance category. 
Model Application and Deployment
The classification models are developed to predict Instagram post-performance before posting using attributes like content type, posting time, hashtags used, caption length and other post information. Among the tested models, Random forest produced the best performance, and the prediction accuracy is not strong enough for fully automated real-world deployment because social media engagement depends on main eternal factors like audience behaviour, trends and platform algorithms. Apart from this, the model can still support content creators and marketers by providing recommendations for improving posts before posting. Further improvements require larger dataset and additional features for better classification.
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Figure 7visual representation of content category and engagement rate.in tableau
Exploration – 3
Business Question
What Feature combinations in Instagram posts are strongly associated with low performing posts that creators should avoid.
Association rule mining is used to identify relationships and pattern between variables in large datasets. In this case, the goal is to discover combinations of Instagram post features that frequently appear together in low-performing posts. These feature combinations may include factors such posting time, captions used, number of hashtags, content category, post type and performance of the post. By using association analysis is to uncover hidden relations between posts attributes and poor performance outcomes so creators can avoid ineffective content strategies.
Data Preprocessing
As part of pre-processing for this business question, first I removed the unnecessary columns like post ID, account ID, post datetime, post date because they won’t provide much information to the model. Second to avoid combinations which is occurred in low performing posts, we should get low performing posts, so by using remove by value filter in WEKA, I removed posts with above average of likes, followers gained. Then I removed the likes, followers gained columns to avoid bias.  Then by using discretise filter in WEKA, I changed all the values into discretise as the association needs discrete value.
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Figure 8 visualising the data after pre-processing for association rule mining
Performance Metric
The performance metrics for this association rule mining problem are support and confidence. Support means how frequently a combination of attributes appears in the dataset. It ensures the discovered patterns are common enough to be meaningful and not based on random occurrence. And confidence tells how often the outcome occurs when a specific feature combination is present. Confidence helps to determine how strongly certain Instagram post features are associated with high- performing posts. As the association rule mining discovers relations between post features, support measures ensure the rules are frequent and confidence measures reliability.
Model Training
To identify the meaningful feature combinations in high-performing Instagram posts, two association rule mining algorithms were trained. Each model is trained on pre-processed data and evaluated using support and confidence. The association rule algorithms are Apriori algorithm and Filtered Associator algorithm. The Apriori algorithm generates frequent item sets by iteratively expanding combinations of features and pruning patterns. By using Apriori, it is to interpret the associations discovered between Instagram post features. The parameters used to train the algorithm are minimum support of 0.05, minimum confidence of 0.60, minimum lift is 1.20 and maximum rule length is 4 items. The second algorithm is Filtered Associator which improves the efficiency by using a compressed tree structure instead of generating itemset repeatedly. It is faster and more scalable than Apriori mainly when handling larger datasets with many feature combinations. I used minimum support of 0.05, minimum confidence of 0.60, minimum lift of 1.20 and maximum rule length is 4 items. 
Model Selection
For association rule, I used Apriori algorithm as it generated the most interpretable and meaningful association rules. The confidence values are high compared to another algorithm and indicating reliable relationships between Instagram post features. The left values showed positive associations between feature combinations.
Model Testing
The selected model, Apriori was tested on the prepared Instagram post dataset after pre-processing and discretisation of numerical attributes. The objective was to identify strong association rules representing feature combinations commonly found in high-performing Instagram posts. It is successfully generated multiple high- confidence association rules. 
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Figure 9 association rules by Apriori
The generated rules achieved very high confidence values with several rules reaching 1.00 confidence, it means very strong association. The model is effective in identifying frequently occurring feature combinations with low performing posts
Model Application and Deployment
Apriori model successfully discovered meaningful association patterns from the low performing posts. The results shows that the association rule mining can find the relation between low performing posts. These results help to content creators to avoid those rules to get high performance from their posts. Rule1 says if comments are low and shares are low then saves will be low, rule2 says if shares are low and saves are low then comments are low, rules3 says comments are low and saves are low then share are low. Overall, low engagement is one metric leads to low engagement in other metrics too. This is also represented by using tableau.
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Figure 10 visual representation of  engagement metrics vs target column in tableau
Summary
The origin of this dataset is to analyse the performance of the Instagram posts and understand the algorithm of Instagram. By understanding the Instagram algorithm using data mining techniques, it becomes possible to solve business questions which can help in real-world situations. In this study, different data mining techniques like clustering, classification and association rule mining are used to identify patterns followed by the Instagram algorithm. Understanding the results from each model gives better understanding about how Instagram content performs and how engagement is affected by different post features. 
In this study, clustering was used to get recommendations that creators can follow before posting content. These recommendations are generated form the patterns observed by the clustering algorithm. Classification was used to predict whether a post is going to become viral or not, which can help creators to improve their content strategies before posting. As humans, we can’t easily predict whether a post become viral, but data mining techniques can analyse large amounts of data and compare patterns from viral posts with new posts. Association rule mining was used to identify combinations of low-performing post features. By avoiding these combinations, creators may increase the chances of getting more engagement on their content.
Personal Reflection
Through this analysis, I learned that understanding social media algorithms using data mining techniques is much easier and more powerful because these techniques can analyse huge amount of data that humans can’t analyse manually. Before, doing this project, I mostly saw Instagram as a normal social media platform, but after this study I understand that there are many hidden patterns behind post-performance, engagement, and visibility.
I also learned how different models solve different business questions. Clustering helped identify groups and patterns of successful posts and gave recommendations before posting content. Classification helped predict whether a post could become viral or not , which I think it helps content creators a lot in improving their performing posting strategies. Association rule mining helped identify combinations of low-performing post features, which can help creators avoid mistakes that reduce engagement.
Another important thing I learned is that preprocessing the dataset is very important before building models. Removing unnecessary attributes, filtering the dataset, discretising numerical values and encoding categorical variables helped improve the analysis results. For future work, I would like to use real social media datasets which contains attributes like emotion and psychology to gain more attention from users. I think analysing user emotions and reactions can give better understanding in social media algorithms to attract and keep user attention.
image3.png
G Allattributes

T e Tt =i
T e p ] e
1560 1917

o 0 0 0 0 0 0 o 0 0 o 0 0 0 0 0 0 0 0 0 0 0 e o 0 0 0 0 0 0 0 0 0 0 0 0 9L
e e TR T

o 0 0 0 0 0 0 0 0 0 0 0 0 S84 o 0 0 0 0 0 0 0 — b0 o0 o0 0 o0 0 0 o o0 o o o [ o 0 0 0 0 0 0 0 0 0 0 0 0 e
AT TR e TR

o 0 0 0 0 0 0 0 0 0 0 0 0 — o 0 0 0 0 0 0 0 S8 o 0 0 0 0 0 0 0 0 0 0 0 e o 0 0 0 0 0 0 0 0 0 0 0 0 S8
i sourceHomeFeed i source i sourc e
P —— i souree e T
do ot do ot e o of e Ty do o e
o of e Sundy o of ek Moy PR —— e
e = == ]
oD T T




image4.png
Clustert

Accribuce Full Data o 1 2 3 s s & 7 H s

(29€4.0)  (225.0)  (32.0)  (175.0)  (381.0)  (158.0) (77.0) (333.0)  (40L.0)  (262.0)  (580.0)
account,_type=brand 0.305 1 1 o o o.3m o o o 1 o
account_type=creator 0.685 o o 1 1 o.es19 1 1 1 o 1
follower_count. 0.2606  0.2382  0.2625 0.282  0.2679  0.2555 0.271  0.2583  0.2685  0.2575 0.255
media_typesresl 0.2487 1 o 1 o o o 1 o o o
media_type-image 0.388 o 1 o 1 o o o 1 o o
media_typescarousel 0.3634 o o o o 1 1 o o 1 1
content,_category=Technology 0.1005  0.0861 0.085  0.087L  0.1202  0.1133 0 0.1021  0.07%8  0.0s78  0.1224
content_category=Fitness 0.0878  0.0873 0.081  0.1314  0.0857  0.1076 0 01051  0.172  0.1068  0.0887
content_category=Beauty 0.0855  0.0817  0.0822  0.0857  0.0821  0.1203 0 0.0801  0.0658  0.0725  0.14s
content_category=Music 0.1046  0.0917  0.0878  0.1257  0.1023  0.1076 0 0Q1l 01022 01107  0.1172
content_category=Photography 0.0968  0.0873  0.1083  0.1029  0.0844  0.1203 0 0.021  0.0s%8  0.0958  0.1086
content_category=Food 0.0875  0.135¢  0.1083  0.087L  0.0821  0.1076 0 0.0811  0.1022  0.1185  0.0879
content_category=Lifestyle 0.1026  0.1088 0.081 0.08  0.1202  0.0758 0 0.0s81  0.1272  0.1063  0.1138
content_category=Travel 0.0985  0.1004  0.1145  0.0914  0.0895  0.0849 0 0.08  0.0888  0.1107  0.1086
content_category=Fashion 0.107  0.1173  0.1088 012 01074 0.13%2 0 0111 0.1187  0.0725  0.1103
content_category=Comedy 0.0852  0.0873  0.1117  0.0686  0.0821  0.0127 1 01021 01022 0.1221 o
traffic_source=ome Feed 0.1586  0.1885  0.1552  0.1543 0 0.68  0.2078  0.1811  0.283 0.135 0.181
traffic_source=Hashtags 0.166  0.1572  0.2033  0.1543  0.3085  0.192  0.1429  0.182 o 0.185  0.1707
traffic_source=Reels Feed 0.1657  0.1703  0.1363  0.1714  0.3171  0.1518  0.2208  0.1652 0 01887  0.1758
traffic_source=External 0.1768  0.1358  0.1568  0.1771 0 0.sss 0.6 0.18%2 0.388 0.185  o0.1862
traffic_source=Profile 0.1758  0.165s  0.1816  0.1714  0.3738  0.151 0.l 0.1522 0 0.2085  0.1883
traffic_source=Explore 0.1572  0.2227 0.162  0.1714 0 0.185  0.0%8  0.1881  0.3167  0.1603  0.1379
has_call_to_action 0.3358  0.3628  0.33%2 1 0.3853  o0.2888  0.363 0 0.3267  0.3168  0.335
post_hour 0.4385 0.544  0.5242  0.4974  0.4804  0.5149  0.5483  0.4867  0.4983  0.4647  0.4882
day_of_wesk=Saturday 0.4  0.173  0.1648  0.1257  0.1304 0 0.0685  0.1622  0.1287  0.1718  0.1724
day_of_wesk=Friday 0.1357  0.1441  0.1453  0.1714  0.1586 0 0.1285  o0.562  0.1087  0.1374  0.163%
day_of_wesk=Thursday 0.143¢  0.1052  0.133 0.16  0.107 1 0285 0502 0.1571 o o
day_of_wesk=Tuesday 0.1478  0.1266  0.1508  0.1314  0.1355 0 0.ese  0.1811  0.2085  0.1412  0.1707
day_of_wesk=Sunday 0.1495  0.1703  0.1229  0.1314  0.2148 0 o0.sse  0.1200  0.1322  0.1794  0.174
day_of_wesk=Monday 0.1339  0.1358  0.1397  0.1371  0.1304 0 o.asse 0471 0.1372 0.187 0.131
day_of_wesk=iednesday 0.1461  0.1%5  0.1357  0.1429  0.1228 0 o0.ss  0.1231  0.1267  0.1832  0.1879
comments 0.0517 0.056  0.0532  0.0555  0.0455  0.0515  0.0438  0.0483  0.0518  0.0548 0.051
shares 0.0578  0.0605  0.0607 0.02  0.0557 0.06  0.0851  0.0563  0.0567  0.0581  0.0567
saves 0.0563  0.0616  0.0587  0.06l8  0.0527 0.052  0.0513  0.0536  0.0557  0.0587  0.0565
zeach 0.1852  0.1571  0.153  0.1881  0.1377  0.1508  0.1357  0.1358  0.1838  0.1521  0.l424
impressions 0.1403  0.1511  0.1477  0.1458 0.133  0.1851  0.1317  0.1315  0.13%4  0.1466  0.1375
engagenent_rate 0.1329  0.1381  0.1331  0.1416  0.138%  0.133  0.1102  0.1353  0.1316  0.1288  0.1317
caption_length 0.5063  0.5067 0.512  0.5013  0.5001  0.4873  0.5212  0.5012  0.5057  0.5116  0.5122
hashtags_count 0.4116  0.4303  0.4001  0.4208  0.4083  0.3346 0.3%8  0.4213  0.4206  0.4003 0.0




image5.png
‘account_type=brand

auss

‘account_type=creator

auss

follower_count

media_type=reel

nnnnnnnnnnnnnnnn.

o 05 '
media_type=carousel

Lnuml .nnnnnnnlnnnnnnnnnnl
o 05 '

content_category=Technology

b o o0 o000 00000000000 0000000000

Iﬂnn
o

content_category=Fitness

Innnnnnnnnnnnnnnnnnnnnnnnnnnn-
o

05 '

o 05 '
content_category=Beauty

b o o0 o000 00000000000 0000000000

o 05 '
content_category=Music

b o o0 o000 00000000000 0000000000

o 05 '
content_category=Photography

b o o00 0000000000 0000000000000 0

05 '
content_category=Food

o 05 '
content_category=Lifestyle

b o o0 o000 00000000000 0000000000

o 05 '
content_category=Travel

b o 000000000000 0000000000000 0

o 05 '
content_category=Fashion

b o 000000000000 0000000000000 0

05 '

Innnnnnnnnnnnnnnnnnnnnnnnnnnn-
o

content_category=Comedy

b o o0 o000 00000000000 0000000000

o 05 PR 05 PR 05 PR 05 b
hes_call_to_action post_hour day_of week=Saturday day_of week=Friday

b o o o 0 o s 0 0 8 0 0 0 s 0 0 e .nInInln.nIn. o 0 0 0 0 0 0000000000000 00000 Em o 0 0 0 0 0 0000000000000 00000 Em
o 05 T 05 T 05 T 05 b
day_of week=Thursday day_of week=Tuesday day_of week=Sunday day_of week=Monday

o 0 0 0 0 0 0000000000000 00000 Em

P apion i P




image6.png
Confusion Matrix

a b ¢ a
1941 1525 1821 1812
1838 1950 1784 1788
1960 1856 1831 1853
2010 1864 1799 1827

< classified as

a0 oe

= medium
viral
high
= low




image7.png
visual representation of content category and engagement rate

Content Cat..

Engagement Rate

Performance Bucket Label
M high
low

medium




image8.png
bucket_label

SIHIRE AP AL Y RS S B T

HIIEE % BT e RS A (N

© 8 Oof TEERT | US| 3] i s i i 9
AR N ] = A N
HE R 1551 G G RS R
8 . 5

impressions engagement slowers_gaicaption lengthashtags_courformance.

likes  comments  shares  saves reach

of_week

_ackerst_hour_day_c

ic_sourcchas_call_to,

account_typefollower_counedia_type content_cated

Plot Matrix

B
3
g
w8 2 i &) &) 4
BRI A AR o ogal cae| e Ed 3
IR & I e O B
1I11IE & 1Nk B DS T e
Bk k3 88 cgmn|  o%E  gts o 0B %] o
SO IR Il 9y S ol A o o
NPT NS WD T I R | R
800y BB REST|REER o cofan| o ohes &) % §
PR 1 Co |0 g RS B B §
8.8 8| oseis | Sde |mbameoo. s Hoo | o 0Bl o ol o o
Si8g ) EeEh| Stk | SRR e me <) 23 ki ki o
808 sils] i \Bew®) o ) fmy ) T ) c o) oE o
5088 suae Suet | IR it i <) ki ki E
o & m 8 Wwﬁw &w&%x w%&w wwowwommw owwm.mw iwww QQQ@ Qw% wM
BINE R TR
IR TN IO RS NS I I I R B
o lig) mels | osen | Bomede) alade| bl o b ) S <
o & m 8 wmm@x x%%x %%&w wwowxwmw ow%mw i%w wao wao
HBIE L 3l R Bk I
§U8%| et BRE |RREEC oy 53 £32 E e %4
g 88| BT ARE PIEER oo 88 el &8 2 2 g
S8 s dber | Enme| b B8] BB o] o 0Bl o B o °f
IR A B PR AR K O
§o88| e Gmie |TEafal O RE fFy By & b
§ 85| GEEG GG |kl 0 BB o B o BB i g
o 88| sl S |emime) foas  Ba| 88 %) %)
IR ) N R R
S8 o et e URBE B CBS o o o
H P - H H
FAR S T 3
£ o . i 1 H




image9.png
Best rules found:

1. comments='(-inf-33.9]" shares='(-inf-51.6]" 28940 ==> saves='(-inf-154.2]" 28842  <conf:(1)> 1ift:(1.03) lev:(0.02) [742] conv:(8.49)
(~inf-51.6]" saves=' (~inf-154.2]" 28942 ==> comments='(-inf-33.9]' 28842  <conf:(1)> Lift:(1.02) lev:(0.02) [644] conv:(7.37)
3. comments='(-inf-33.9]" saves='(-inf-154.2]" 28975 ==> shares='(-inf-5l.6]' 28842  <conf:(1)> 1ift:(1.03) lev:(0.02) [722] conv:(6.39)
4. saves='(-inf-154.2]" 29128 ==> comments='(-inf-33.9]' 28975  <conf:(0.99)> 1ift:(1.02) lev:(0.02) [596] conv:(4.87)

(-inf-51.6]" 2113 (-inf-154.2]" 28942  <conf:(0.99)> lift:(1.02) lev:(0.02) [674] conv:(4.81)

(-inf-51.6]" 29113 (-inf-33.9]" 28340 (0.02) [S7€] conv: (4.31)

7. saves='(-inf-154.2]" 29128 * (-inf-s1.6]" 28942
(-in£-33.9]" 29227 ==> saves=' (-inf-154.2]" 28975
(-inf-51.6]" 28113 (-in-33.9]" save:
saves=' (-inf-154.2]" 28128





image10.png
Performance Bucket La.

visual representation of engagement metrics vs target column [
ig
Performanc.. o
nigh | I I I I W medium
fow | I I I ] W viral
mecir I I I I I
py——— 1 & 5 |
oM w oM MK 20€ 40K 60K 80K 100K(OK s0x 100K 150K K 100K 200K 300K 400K S00KO 100 200 300 400 500

Likes Comments Shares Saves Engagement Rate




image1.png
G Allattributes - X
post id account id account type follower_count
20044
Too many valuesto disply.
a0ss
o o o o o o o o o - o nnnl.nnnnnnnlnnnnnnnnnnl
T 105 o o 1aten 31005
media_type content_category. traffic_source has_cal to_action
ez s s ogee s W0 7o W3 e e a8 e 008 an P
10627
a1
b 0 0 0 0 0 0 0 0 0 0 0 0 s 0 0
o 05 '
post_datetime. post date post_hour day_of week
a4 e el el 05 an o
o o I I I . I I I
o o o o o o
o s =
likes. comments. shares saves
o s e 0 105 ) 5 s 0 m 154
reach impressions engagement rate followers_gained

oo a8 g o aams 105207 o 014 027 o an 1000
caption_length hashtags_count performance_bucket label

e o o o
_.II||||||III"- ....
o e |15 P "





image2.png
Perf Bucket La
visual representation of media type and reach erformance Bucl

Media Type
‘carouse! |
image | W viral
e |
om 5M 10M 151 20 25M 30M 35M aom asm 50M s5M 601 65l 70M 75M

Reach




