I'm not a robot



https://mupasuwowi.tugoduzak.com/410039121647158087630678671051353392308459?mesizijomibigudujasipudavefipoleduluwa=saxupomawanukibumevifawovojawofebuxulamulukajovurigujuzolajotefosijugewumunamumitabonenewiruloguvaxepukizijolulowofipodulomodagejasovodazofexurorofesuradolaposemojufugemenosubibutoxasalelatoxaroderevumi&utm_term=silhouette+score+rule+of+thumb&fuzivetixexobalozelijexulamepokofipopebixajufijipubabedenitar=lutobegolegofufojabikodatifudowotaxaputuzenonaburoradolodafalumixewudekukajikexeguxezefijemupipokutitaxazokerewozifivejewusulam








































One of the fundamental steps of an unsupervised learning algorithm is to determine the number of clusters into which the data may be divided. The silhouette algorithm is one of the many algorithms to determine the optimal number of clusters for an unsupervised learning technique. In the Silhouette algorithm, we assume that the data has already
been clustered into k clusters by a clustering technique(Typically K-Means Clustering technique). Then for each data point, we define the following:- C(i) -The cluster assigned to the ith data point |C(i)| - The number of data points in the cluster assigned to the ith data point a(i) - It gives a measure of how well assigned the ith data point is to it's cluster
a@i) = \frac{1}{|C@H@)|-1}\sum {C(i), ieq j}d(, j) b(i) - It is defined as the average dissimilarity to the closest cluster which is not it's cluster b(i) = min {ieq j}(\frac{1}{|C()|}\sum _{j\epsilon C(j)}d(j, j)) The silhouette coefficient s(i) is given by:- s(i) = \frac{b(i)-a(i)} {max(a(i), b(i))} We determine the average silhouette for each value of k and for the
value of k which has the maximum value of s(i) is considered the optimal number of clusters for the unsupervised learning algorithm. Let us consider the following data:- S.No X1 X2 1. -7.36 6.37 2. 3.08 -6.78 3. 5.03 -8.31 4. -1.93 -0.92 5. -8.86 6.60 We now iterate the values of k from 2 to 5. We assume that no practical data exists for which all the
data points can be optimally clustered into 1 cluster. We construct the following tables for each value of k:- k = 2 S.No a(i) b(i) s(i) 1. 5.31 14.1 0.62 2. 2.47 13.15 0.81 3. 2.47 14.97 0.84 4. 9.66 8.93 -0.076 5. 5.88 19.16 0.69 Average value of s(i) = 0.58 k = 3 S.No a(i) b(i) s(i) 1. 1.52 9.09 0.83 2. 2.47 7.71 0.68 3. 2.47 10.150.76 4.0 7.71 1 5. 1.52
17.93 0.92 Average value of s(i) = 0.84 k = 4 S.No a(i) b(i) s(i) 1. 1.52 9.09 0.83 2. infinite 2.47 0 3. infinite 2.47 0 4. infinite 7.71 0 5. 1.52 10.23 0.85 Average value of s(i) = 0.37 k = 5 S.No a(i) b(i) s(i) 1. infinite 1.52 0 2. infinite 2.47 0 3. infinite 2.47 0 4. infinite 7.71 0 5. infinite 1.52 0 Average value of s(i) = 0 We see that the highest value of s(i)
exists for k = 3. Therefore we conclude that the optimal number of clusters for the given data is 3. ML | Determine the optimal value of K in K-Means Clustering How to Find The Optimal Value of K in KNN Java Program to Minimize the Maximum Element of an Array Find K numbers with sum equal to N and sum of their squares maximized Minimize
the maximum element in constructed Array with sum divisible by K Find minimum x such that (x % k) * (x / k) == n Generate an N-length array having maximum element minimized and sum of array elements divisible by K Optimizing K for Maximum Sum in Array Maximum Sum of Array with given MEX Find the maximum cost of an array of pairs
choosing at most K pairs Silhouette Score is a metric to evaluate the performance of clustering algorithm. It uses compactness of individual clusters(intra cluster distance) and separation amongst clusters (inter cluster distance) to measure an overall representative score of how well our clustering algorithm has performed.This is a simple metric but
many a times we fail to use it correctly ending up quoting numbers which are false representation of actual score. In this blog I will cover a simple example of how silhouette score may be misleading if used blindly. To keep thing visually understandable I will stick to two dimension dataset but the idea can be promoted for multi-dimension dataset as
well.Silhouette Score function is directly available in sklearn and may be readily used.Let’s quickly look behind the math of itSilhouette Score for a datapoint i is given aswhere,bi : is the inter cluster distance defined as the average distance to closest cluster of datapoint i except for that it’s a part ofai : is the intra cluster distance defined as the
average distance to all other points in the cluster to which it’s a part ofOverall Silhouette score for the complete dataset can be calculated as the mean of silhouette score for all data points in the dataset. As can be seen from the formula silhouette score would always lie between -1 to 1. 1 representing better clustering.PracticallLet’s calculate
Silhouette score for a dataset using sjlearn.import librariescreate a dataset using the make blobs function from sklearnvisualise datacalculate silhouette score for this datasetThe silhouette score is 0.804 which is close to 1 and thus these clusters have been separated quite perfectly which is visible from the plot as well.IssueNow let try another
dataset. This time we would try the concentric circles from sklearn.Let’s plot the data.Looking at the plot we can see that the two clusters have been separated nicely with the outer circle in blue and the inner circle in red. Thus we expect the silhouette score for this to be high.On the other hand we see the silhouette score is 0.099 which is close to 0.
This clearly is a misrepresentation of how well out algorithm is performing.This is common mistake many data scientist make while quoting silhouette score as a measurement for clustering performance. In high dimensional data this problem would become further severe as visualising high dimension data is tough.The fix in this case is very easy.We
use kernel transformation and create a new axis which calculates the distance of each datapoint from center of plot. This plots the data is a new plane where they are linearly separable.ConclusionSilhouette Score like many other clustering evaluation metric is susceptible to error. Whenever its being used to quote algorithm performance one must be
sure that the distance metric used in the algorithm is able to linearly separate the data.In cases where the datasets are not linearly separable and the dimensions of the datasets is very high we must be careful while quoting silhouette distance.Dimensionality reduction techniques can be used to reduce data into two dimension for visualisation. As a
rule of thumb whenever using Density based clustering algorithms silhouette distance may not be an appropriate metric.BonusBelow are the functions to calculate silhouette score without sklearn Photo by Mehrshad Rajabi on Unsplash Segmentation provides a data driven angle for examining meaningful segments that executives can use to take
targeted actions and improve business outcomes. Many executives run the risk of making decisions based on overgeneralizations because they utilize a one-size-fits-all approach to assess their business ecosystem. Segmentation, however, improves decision-making by providing multiple meaningful lenses to break apart data and take action. One of the
most perplexing issues we face while trying to segment customers or products is choosing the ideal number of segments. This is a key parameter for multiple clustering algorithms like K means, agglomerative clustering and GMM clustering. Unless our data has just 2 or 3 dimensions, it is not possible to visually understand the clusters present in the
data. And in most practical applications, we will have more than 3 dimensions. This blog will help the readers understand and quickly implement the most popular techniques for selecting optimal number of clusters: Gap Statistic Elbow Method Silhouette Coefficient Calinski-Harabasz Index Davies-Bouldin Index Dendrogram Bayesian information
criterion (BIC) For this exercise, we will be working with clickstream data from an online store offering clothing for pregnant women. It has data from April 2008 to August 2008 and includes variables like product category, location of the photo on the webpage, country of origin of the IP address and product price in US dollars. Before selecting
optimal number of clusters, we will need to prepare the data for segmentation. I encourage you to check out the article below for an in-depth explanation of different steps for preparing data for segmentation before proceeding further: One Hot Encoding, Standardization, PCA: Data preparation for segmentation in python The gap statistic was
developed by Stanford researchers Tibshirani, Walther and Hastie in their 2001 paper. The idea behind their approach was to find a way to compare cluster compactness with a null reference distribution of the data, i.e. a distribution with no obvious clustering. Their estimate for the optimal number of clusters is the value for which cluster
compactness on the original data falls the farthest below this reference curve. This information is contained in the following formula for the gap statistic: Image by author where Wk is measure of the compactness of our clustering based on the Within-Cluster-Sum of Squared Errors (WSS): Image by author Within-Cluster-Sum of Squared Errors is
calculated by the inertia_attribute of KMeans function as follows: The square of the distance of each point from the centre of the cluster (Squared Errors) The WSS score is the sum of these Squared Errors for all the points Calculating gap statistic in python for k means clustering involves the following steps: Cluster the observed data on various
number of clusters and compute compactness of our clustering Generate reference data sets and cluster each of them with varying number of clusters. The reference datasets are created from a "continuous uniform" distribution using the random_sample function. Calculate average of compactness of our clustering on reference datasets Calculate gap
statistics as difference in compactness between clustering on reference data and original data # Gap Statistic for K means def optimalK(data, nrefs=3, maxClusters=15): """ Calculates KMeans optimal K using Gap Statistic Params: data: ndarry of shape (n_samples, n features) nrefs: number of sample reference datasets to create maxClusters:
Maximum number of clusters to test for Returns: (gaps, optimalK) """ gaps = np.zeros((len(range(1, maxClusters)),)) resultsdf = pd.DataFrame({'clusterCount':[], 'gap':[1}) for gap_index, k in enumerate(range(1l, maxClusters)): # Holder for reference dispersion results refDisps = np.zeros(nrefs) # For n references, generate random sample and
perform kmeans getting resulting dispersion of each loop for i in range(nrefs): # Create new random reference set randomReference = np.random.random sample(size=data.shape) # Fit to it km = KMeans(k) km.fit(randomReference) refDisp = km.inertia refDisps[i] = refDisp # Fit cluster to original data and create dispersion km = KMeans(k)
km.fit(data) origDisp = km.inertia # Calculate gap statistic gap = np.log(np.mean(refDisps)) - np.log(origDisp) # Assign this loop's gap statistic to gaps gaps[gap_index] = gap resultsdf = resultsdf.append({'clusterCount'k, 'gap':gap}, ignore_index=True) return (gaps.argmax() + 1, resultsdf) score g, df = optimalK(cluster df, nrefs=5,
maxClusters=30) plt.plot(dff'clusterCount'], df['gap'l], linestyle='--', marker='0', color="'b'); plt.xlabel('K"); plt.ylabel('Gap Statistic'); plt.title('Gap Statistic vs. K'); Fig 1: Gap Statistics for various values of clusters (Image by author) As seen in Figure 1, the gap statistics is maximized with 29 clusters and hence, we can chose 29 clusters for our K means.
It is the most popular method for determining the optimal number of clusters.  The method is based on calculating the Within-Cluster-Sum of Squared Errors (WSS) for different number of clusters (k) and selecting the k for which change in WSS first starts to diminish. The idea behind the elbow method is that the explained variation changes rapidly
for a small number of clusters and then it slows down leading to an elbow formation in the curve. The elbow point is the number of clusters we can use for our clustering algorithm. Further details on this method can be found in this paper by Chunhui Yuan and Haitao Yang. We will be using the YellowBrick library which can implement the elbow
method with few lines of code. It is a wrapper around Scikit-Learn and has some cool machine learning visualizations! # Elbow Method for K means # Import ElbowVisualizer from yellowbrick.cluster import KElbowVisualizer model = KMeans() # k is range of number of clusters. visualizer = KElbowVisualizer(model, k=(2,30), timings= True)
visualizer.fit(cluster df) # Fit data to visualizer visualizer.show() # Finalize and render figure Fig 2: Elbow Method Results (Image by author) The KElbowVisualizer function fits the KMeans model for a range of clusters values between 2 to 30. As shown in Figure 2, the elbow point is achieved with 8 clusters which is highlighted by the function itself.
The function also informs us about how much time was needed to plot models for various numbers of clusters through the green line. The Silhouette Coefficient for a point i is defined as follows: Image by author where b(i) is the smallest average distance of point i to all points in any other cluster and a(i) is the average distance of i from all other
points in its cluster. For example, if we have only 3 clusters A,B and C and i belongs to cluster C, then b(i) is calculated by measuring the average distance of i from every point in cluster A, the average distance of i from every point in cluster B and taking the smallest resulting value. The Silhouette Coefficient for the dataset is the average of the
Silhouette Coefficient of individual points. The Silhouette Coefficient tells us if individual points are correctly assigned to their clusters. We can use the following thumb rules while using Silhouette Coefficient: S(i) close to 0 means that the point is between two clusters If it is closer to -1, then we would be better off assigning it to the other clusters If
S(i) is close to 1, then the point belongs to the ‘correct’ cluster For more details on this method, please refer to this 2018 paper by N. Kaoungku, K. Suksut, R. Chanklan and K. Kerdprasop. We will be using the KElbowVisualizer function to implement Silhouette Coefficient for K means clustering algorithm: # Silhouette Score for K means # Import
ElbowVisualizer from yellowbrick.cluster import KElbowVisualizer model = KMeans() # k is range of number of clusters. visualizer = KElbowVisualizer(model, k=(2,30),metric="silhouette’, timings= True) visualizer.fit(cluster df) # Fit the data to the visualizer visualizer.show() # Finalize and render the figure Fig 3: Silhouette Score Results (Image by
author) The optimal number of clusters based on Silhouette Score is 4. The Calinski-Harabasz Index is based on the idea that clusters that are (1) themselves very compact and (2) well-spaced from each other are good clusters. The index is calculated by dividing the variance of the sums of squares of the distances of individual objects to their cluster
center by the sum of squares of the distance between the cluster centers. Higher the Calinski-Harabasz Index value, better the clustering model. The formula for Calinski-Harabasz Index is defined as: Image by author where k is the number of clusters, n is the number of records in data, BCSM (between cluster scatter matrix) calculates separation
between clusters and WCSM (within cluster scatter matrix) calculates compactness within clusters. KElbowVisualizer function is able to calculate Calinski-Harabasz Index as well: # Calinski Harabasz Score for K means # Import ElbowVisualizer from yellowbrick.cluster import KElbowVisualizer model = KMeans() # k is range of number of clusters.
visualizer = KElbowVisualizer(model, k=(2,30),metric="'calinski harabasz', timings= True) visualizer.fit(cluster df) # Fit the data to the visualizer visualizer.show() # Finalize and render the figure Fig 4: Calinski Harabasz Index (Image by author) As seen in Figure 4, the Calinski Harabasz Index is maximized when number of clusters is 2 for the K
means clustering algorithm. To dig deeper on this index, kindly refer to this paper by Xu Wang and Yusheng Xu. The Davies-Bouldin (DB) Index is defined as: Image by author where n is the count of clusters and oi is the average distance of all points in cluster i from the cluster centre ci. Like silhouette coefficient and Calinski-Harabasz index, the DB
index captures both the separation and compactness of the clusters.This is due to the fact that the measure’s ‘max’ statement repeatedly selects the values where the average point is farthest away from its center, and where the centers are closest together. But unlike silhouette coefficient and Calinski-Harabasz index, as DB index falls, the clustering
improves. # Davies Bouldin score for K means from sklearn.metrics import davies bouldin score def get kmeans score(data, center): ' returns the kmeans score regarding Davies Bouldin for points to centers INPUT: data - the dataset you want to fit kmeans to center - the number of centers you want (the k value) OUTPUT: score - the Davies Bouldin
score for the kmeans model fit to the data "' #instantiate kmeans kmeans = KMeans(n_clusters=center) # Then fit the model to your data using the fit method model = kmeans.fit predict(cluster df) # Calculate Davies Bouldin score score = davies bouldin score(cluster df, model) return score scores = [] centers = list(range(2,30)) for center in
centers: scores.append(get kmeans score(cluster df, center)) plt.plot(centers, scores, linestyle='--', marker='o', color="'b'); plt.xlabel('K"); plt.ylabel('Davies Bouldin score'); plt.title('Davies Bouldin score vs. K'); Fig 5: Davies Bouldin score(Image by author) As seen in Figure 5, the Davies Bouldin score is minimized with 4 clusters and can be
considered for the k means algorithm. Further details on the DB score can be found here in a paper by Slobodan Petrovic. This technique is specific to the agglomerative hierarchical method of clustering. The agglomerative hierarchical method of clustering starts by considering each point as a separate cluster and starts joining points to clusters in a
hierarchical fashion based on their distances. In a separate blog, we will focus on the details of this method. To get the optimal number of clusters for hierarchical clustering, we make use a dendrogram which is tree-like chart that shows the sequences of merges or splits of clusters. If two clusters are merged, the dendrogram will join them in a graph
and the height of the join will be the distance between those clusters. We will plot the graph using the dendogram function from scipy library. # Dendogram for Heirarchical Clustering import scipy.cluster.hierarchy as shc from matplotlib import pyplot pyplot.figure(figsize=(10, 7)) pyplot.title("Dendrograms") dend =
shc.dendrogram(shc.linkage(cluster df, method='ward')) Fig 6: Dendrogram (Image by author) As shown in Figure 6, we can chose the optimal number of clusters based on hierarchical structure of the dendrogram. As highlighted by other cluster validation metrics, 4 clusters can be considered for the agglomerative hierarchical as well. Bayesian
information criterion (BIC) score is a method for scoring a model which is using the maximum likelihood estimation framework. The BIC statistic is calculated as follows: BIC = (k*In(n)) - (2In(L)) where L is the maximized value of the likelihood function of the model, k is the number of parameters and n is the number of records The lower the BIC
score, better is the model. We can use the BIC score for the Gaussian Mixture Modelling approach for clustering. We will discuss details of this model in a separate blog but key thing to note here is that in the model we need to select number of clusters as well as type of covariance. We try out various combinations of the parameters and select the
model with the lowest BIC score. # BIC for GMM from sklearn.mixture import GaussianMixture n_components = range(1, 30) covariance type = ['spherical’, 'tied’, 'diag’, 'full'] score=[] for cov in covariance type: for n comp in n_components: gmm=GaussianMixture(n components=n _comp,covariance type=cov) gmm.fit(cluster df)
score.append((cov,n_comp,gmm.bic(cluster df))) score BIC score (Image by author) Conclusion In this post, we learnt about 7 different methods to select optimal number of clusters for various clustering algorithms. Specifically, we learned: How various metrics for selecting optimal number of clusters are calculated The thumb rules to select optimal
number of clusters using these metrics How to implement the cluster validation methods in python How to interpret results of these methods Finally, given the multiple metrics we have for selecting optimal number of clusters, we can take the average/median/mode across various metrics to be the optimal number of clusters. Do you have any
questions or suggestions about this blog? Please feel free to drop in a note. If you, like me, are passionate about AI, Data Science, or Economics, please feel free to add/follow me on LinkedIn, Github and Medium. Tibshirani R, Walther G and Hastie T, Estimating the number of clusters in a data set via the gap statistic, J. R. Statist. Soc. B (2001) 63,
Part 2, pp. 411-423 Yuan C and Yang H, Research on K-Value Selection Method of K-Means Clustering Algorithm, MDPI, 18 June 2019 Kaoungku, N. & Suksut, K. & Chanklan, R. & Kerdprasop, K. & Kerdprasop, Nittaya. (2018). The silhouette width criterion for clustering and association mining to select image features. International Journal of
Machine Learning and Computing. 8. 69-73. 10.18178/ijmlc.2018.8.1.665. Wang X & Xu Y, An improved index for clustering validation based on Silhouette index and Calinski-Harabasz index, 2019 IOP Conf. Ser.: Mater. Sci. Eng. 569 052024 Petrovic S, A Comparison Between the Silhouette Index and the Davies-Bouldin Index in Labelling IDS
Clusters An illustration of The Leaning Tower of Teluk Intan, Perak, MalaysiaClustering is categorized under unsupervised learning, which forms the niche part of machine learning. Unlike supervised learning which is more common in most common machine learning study, classification tasks learn from the provided labeled data and makes class
predictions. However, this does not cause the clustering method to be less desirable, as clustering algorithms are essential in discovering unexplored insights. Thus, it is important to understand the performance of the clustering task and to decide whether the clusters formed are trustable.Silhouette AnalysisThere are various performance metrics
that you can implement for your clustering studies, namely:Silhouette AnalysisRand IndexMutual InformationCalinski-Harabasz IndexDavies-Bouldin IndexSilhouette Analysis is the most common method as it is more straightforward compared to others. Silhouette Analysis or Silhouette Plot is often used with the KMeans algorithm to measure the
separation distance between clusters. The concept is based on evaluating the performance of the model itself instead of the results, where the ground truth label is unknown. It exhibits the nature of the clusters formed, by how close they are within the range of [-1,1].A silhouette score of “+1” indicates that a specific data point is distant away from its
neighboring cluster and very close to the cluster group it is assigned. In contrast, a value of “-1” indicates that the point is close to its neighboring cluster compared to the cluster it is assigned. As for the value of “0”, it means the data point most likely lies at the boundary of the distance between the two clusters. Value of “+1” is the ideal score to
achieve to have a good clustering performance whereas “-1” is least preferred. However, a silhouette score of “+1” is seemingly hard to achieve in real life, when dealing with unstructured and complex data. Hence, it can be deduced that the higher the silhouette score is within a study scenario, the better the configuration is, but assuming the best
scores are at least higher than 0.Diving deeper into the mathematical derivation, the silhouette score is calculated using the mean intra-cluster distance, a, and the mean nearest-cluster distance, b for each sample, with a condition where the number of labels to be at least larger than 2 and smaller than the number of samples. (If the number of
sample points is 100, the number of labels/clusters can be at most 99, such that the clustering will not end up with one point in one cluster. However, having 99 clusters among 100 sample points is not realistic as well.)Silhouette coefficient = (b-a)/ max(a,b)** 2 < n labels < n sample points - 1The figure above shows a typical silhouette plot, where
the x-axis represents the cluster label and the y-axis represents the silhouette coefficient/score. How do we know if a specific number of clusters is to be chosen among a range of cluster numbers after trying out? By averaging the Silhouette coefficient, a global/average silhouette score can be computed (marked as a red dotted line) into a single value
which serves as a benchmark for evaluating the overall performance. Therefore, one should pick the clusters which have coefficient values exceeding the average silhouette score. Another key parameter to look out for when interpreting the plot is, the thickness of each cluster is to be as uniform as possible, to eliminate the possibility of poor
clustering groups.ExampleNormally, the silhouette plot is plotted not just for one cluster number instead, a range of acceptable values based on the number of data points. For starters, many Python libraries help to visualize the clustering results, such as YellowBricks Library.The code below shows an example of using Python code with YellowBricks
Silhouette Visualizer to showcase the clustering result.from sklearn.cluster import KMeansfrom yellowbrick.cluster import SilhouetteVisualizer** scaled data here represents collection of data composed using pandas dataframe** Section 1cluster nums = list(range(2, 10))scores = []for cluster num in cluster nums: kmeans =
KMeans(n_clusters=cluster num, random_ state=42) kmeans.fit(scaled data) clusters = kmeans.predict(scaled data) silhouette = silhouette score(scaled data, clusters) scores.append(silhouette)plt.title("Silhouette Score for cluster n=2-10")plt.ylabel('Silhouette Score')plt.xlabel('Clusters')plt.figure(1)plt.plot(cluster nums, scores)** Section 2fig, ax =
plt.subplots(2, 2, figsize=(15, 8))foriin [2, 3, 4, 5]: # Create KMeans instance for different number of clusters km = KMeans(n_clusters=i, init='k-means++', n_init=10, max_iter=500, random_state=42) d, mod = divmod(i, 2) # Create SilhouetteVisualizer instance with KMeans instance # Fit the visualizer visualizer = SilhouetteVisualizer( km,
colors="yellowbrick', ax=ax[q-1][mod]) visualizer.fit(scaled data)fig.suptitle("Silhouette plot for clusers n=2-5")ax[0, 0].title.set_text('Number of clusters = 2')ax[0, 1].title.set_text('Number of clusters = 3")ax[1, O].title.set text('Number of clusters = 4')ax[1, 1].title.set_text('Number of clusters = 5')plt.show()Section 1 shows how the average silhouette
score is plotted for cluster numbers ranging from 2-10. The relationship can be deduced as a positive one as the silhouette score improves with the increment of clusters. As for Section 2 of the code, only 4 of the clusters evaluated using KMeans are shown below:The y-axis here represents the individual sample points ordered by cluster group.
Overall, the number of clusters of 2, 3, 4, and 5 are not considered as sub-optimal as not all of the silhouette scores of the clusters are larger than the average silhouette coefficient. Not only that, it seems that the thickness of one cluster is always comparatively larger than the others, which results in two possibilities: either the data columns of the
sample points are not well defined, or the cluster number used for KMeans still needed to be increased or refined. However, a rule of thumb is one should not increase the number of clusters just to achieve the highest silhouette score as this is considered as computing inefficiency, as increasing the resources used is no longer getting back the
expected performance.Conclusionln short, performance metrics play an important role in machine learning, especially for unsupervised learning studies. This helps the researchers to understand more on how they should proceed, or how can they improve the performance by data-processing and feature-refining, depending on the results shown from
the analysis. Skip to main content Powered by AI and the LinkedIn community Clustering is a data mining technique that groups similar data points into clusters based on some distance or similarity measure. But how do you evaluate the quality of a clustering algorithm? One way is to use the silhouette score, which measures how well each data point
fits into its assigned cluster and how far it is from other clusters. In this article, you will learn how to calculate the silhouette score for a clustering algorithm and what it means for your data analysis. Silhouette score is a measurement that finds the similarity of each data object in the cluster and compares it to the other. The score is calculated by
finding the difference in the average distance of one object to the others in the same cluster and the shortest average distance in the cluster to objects in the other clusters, and then divided by the two values maximum. With ranges between -1 to +1, where -1 indicates clusters overlapping, and +1 is perfectly separated and defined. 5 This metric is
essential for evaluating the quality of clusters generated by clustering algorithms like K-means and hierarchical clustering. The silhouette score ranges from -1 to +1, where a value close to 1 indicates that the points are well clustered and separated from other clusters. Implementing and analyzing the silhouette score is a recommended practice when
aiming to understand the behavior and effectiveness of clustering algorithms. Additionally, visualizing the silhouettes is a useful tool for detecting potential issues in data classification. 3 The silhouette score is a metric used to evaluate the quality of clusters created by clustering algorithms, like K-means, hierarchical clustering, etc. It measures how
similar an object is to its own cluster (cohesion) compared to other clusters (separation). The silhouette score ranges from -1 to +1, where a high value indicates that the object is well matched to its own cluster and poorly matched to neighboring clusters. 3 The silhouette score is a visualization-based evaluation technique. Suppose for an observation
i, the cluster that i is assigned to is labeled as a, and its nearest neighbour cluster is b, then its individual silhouette score s(i) is defined as: s(i) = b(i) — a(i) / max(a(i) b(i)), where a(i) denotes the average intra-cluster distance of observation i, and its average inter-cluster distance is represented by b(i). The scores take a minimum value of —1 and a
maximum of 1. To calculate the silhouette score for each data point in a dataset: Compute a: For each point, calculate the average distance to all other points in the same cluster. This measures intra-cluster similarity. Compute b: For the same point, find the smallest average distance to all points in any other cluster, to which the point does not
belong. This measures the nearest cluster distance. Calculate Silhouette Score: For each data point, the silhouette score is (b—a)/max(a,b). It quantifies how well the point fits into its cluster compared to other clusters. Average Score for the Dataset: Finally, the silhouette score for the clustering algorithm is the average of all individual silhouette
scores. Higher average scores indicate better-defined. 4 The idea is to calculate the average distance between each object i and all other objects in the same class a(i) Then calculate the distance between each object i and the closest object in all other classes b(i) The silhouette score for object i is defined as: s(i) = (b(i) - a(i)) / max(a(i),b(i)) Values lie
between -1 and 1 s(i) values are presented by class, in descending order If classes are well defined, there should be no negative scores. 1 The silhouette score is a measure to evaluate the quality of clusters created by a clustering algorithm. It ranges from -1 to 1, where a high value indicates that the clusters are well-separated and cohesive. Scores
above 0.5 suggest good clustering, below 0.25 indicate poor clustering, and between 0.25 and 0.5 denote fair clustering. However, it's not the sole metric for assessing clustering algorithms. Other aspects like the number of clusters, their size and shape, and domain-specific knowledge about the data also play crucial roles in evaluating clustering
effectiveness. 4 The average silhouette scores (or width) may be calculated for several cluster solutions. The higher the average silhouette score, the better the cluster separation. I advise against the sole use of the average silhouette to choose a cluster solution. Interpretability of clusters is paramount and must be factored in. 2 Data Scientist chez
Caroll The acceptability of silhouette scores depends on the specific objective of the clustering and the nature of the data. In some cases, a qualitative interpretation and the significance of the clusters may justify lower scores, while in other contexts, a clear separation and high scores are crucial for the effectiveness of the application. In the context
of customer behavioral clustering, if we cannot find clusters with a clear separation, the discovery of potential structures or interesting trends can be exploitable from a marketing perspective. Therefore, we can accept silhouette scores below 0.25 provided that there are very distinct behavioral trends, stability over time and a real difference during
marketing targeting 1 One way to visualize the silhouette score is to use a silhouette plot, which displays the silhouette score of each data point and the average silhouette score of each cluster. This type of plot can help you identify outliers, overlapping clusters, and optimal number of clusters. To create a silhouette plot, you need to sort the data
points by their silhouette score in descending order for each cluster. Then draw a horizontal bar with a length equal to its silhouette score and a color corresponding to its cluster. Align the bars vertically so that the lowest bar of each cluster is adjacent to the highest bar of the next cluster. Finally, draw a dashed line across the plot to indicate the
average silhouette score of all data points. A silhouette plot is a useful tool for visualizing the silhouette score of clustering algorithms. It displays each data point's silhouette score and the average score per cluster, aiding in spotting outliers, overlapping clusters, and the optimal cluster count. To create this plot, sort the data points within each
cluster by their silhouette scores in descending order. Represent each data point as a horizontal bar with a length equal to its silhouette score and a distinct color for each cluster. Arrange these bars vertically, aligning the lowest bar of one cluster with the highest of the next. To highlight the overall average silhouette score, draw a dashed line across
the plot. 2 The sklearn library provides a function called silhouette score that takes the data set and the cluster labels as inputs and returns the average silhouette score of the clustering algorithm. Additionally, silhouette samples returns the silhouette score of each data point. This enables you to calculate and visualize the silhouette score for a
clustering algorithm. An example of how to use them is to generate some synthetic data, apply K-means clustering, calculate the average silhouette score, calculate the silhouette score of each data point, create a silhouette plot, label the clusters, plot the average silhouette score, label the axes, title the plot, and show the plot. By doing this, you can
inform and reassure stakeholders while providing valuable insights for improving your cloud security posture. In Python, the silhouette score and silhouette samples functions from the sklearn library are used to implement and visualize the silhouette score for clustering algorithms. First, generate synthetic data and apply a clustering algorithm like
K-means. Then, use silhouette score to calculate the average silhouette score for the entire clustering and silhouette samples for individual data points' scores. Create a silhouette plot to visualize these scores, color-code the data points according to their cluster, and add a line for the average score. This plot can be further enhanced by labeling
clusters, axes, and adding a title. This approach not only evaluates clustering quality but also offers insights for improvements. 4 I am running k-means clustering on a dataset with around 1 million items and around 100 attributes. I applied clustering for various k, and I want to evaluate the different groupings with the silhouette score from sklearn
library. Running it with no sampling seems unfeasible and takes a prohibitively long time. So, I assume I need to use sampling, i.e.: metrics.silhouette score(feature matrix, cluster labels, metric='euclidean',sample size=7???) I don't have a good sense of what an appropriate sampling approach is. Is there a rule of thumb for ideal sample size to use
given the size of my matrix? And is it better to take the largest sample size that my analysis machine can handle? Or should I take the average of smaller samples? My preliminary test with sample size=10000 has produced some unintuitive results. I am open for alternative and more scalable evaluation metrics. Editing to visualize the issue: The plot
shows the silhouette score against the number of clusters. In my opinion, increasing sample size is reducing the noise is a normal behavior. But given that I have 1 million, a heterogenous vector, 2 or 3 clusters is the "best" number of clusters seems unintuitive. In other words, I would expect to find a monotonic decreases in silhouette score as I
increase the number of clusters. I am running k-means clustering on a dataset with around 1 million items and around 100 attributes. I applied clustering for various k, and I want to evaluate the different groupings with the silhouette score from sklearn library. Running it with no sampling seems unfeasible and takes a prohibitively long time. So, I
assume I need to use sampling, i.e.: metrics.silhouette score(feature matrix, cluster labels, metric="'euclidean',sample size=???) I don't have a good sense of what an appropriate sampling approach is. Is there a rule of thumb for ideal sample size to use given the size of my matrix? And is it better to take the largest sample size that my analysis
machine can handle? Or should I take the average of smaller samples? My preliminary test with sample size=10000 has produced some unintuitive results. I am open for alternative and more scalable evaluation metrics. Editing to visualize the issue: The plot shows the silhouette score against the number of clusters. In my opinion, increasing sample
size is reducing the noise is a normal behavior. But given that I have 1 million, a heterogenous vector, 2 or 3 clusters is the "best" number of clusters seems unintuitive. In other words, I would expect to find a monotonic decreases in silhouette score as I increase the number of clusters. Mathematical formulation, Finding the optimum number of
clusters and a working example in PythonSupervised algorithms have lots of metrics to check their goodness of fit like accuracy, r-square value, sensitivity etc. but what can we calculate to measure the accuracy or goodness of our clustering technique? The answer to this question is Silhouette Coefficient or Silhouette score.The evaluation measures
can be categorized into two ways :-External Measure: We have a class label available, and we use this class label to evaluate the clustering results. here is some technique to measure Jaccard index - Rand index, purity2. Internal Measure: This is the more general one when the class label is not available. The silhouette coefficient is one such popular
measure.Silhouette Coefficient:The silhouette value is a measure of how similar an object is to its own cluster (cohesion) compared to other clusters (separation). The Silhouette coefficient is a value between -1 and 1, where higher values indicate a better clustering. This index is especially useful for high-dimensional datasets where visualizing the
clustering's is not possible. We can also calculate the silhouette coefficient for each point, values for individual points are calculated by averaging across clusters or an entire dataset.Cluster Validation is the process by which clustering's are scored after they are executed. This provides a means of comparing different clustering algorithms and their
results on a certain dataset.Mathematical formulation :Assume the data have been clustered via any technique, such as k-means, For data point i € Ci (data point i in the cluster Ci), letbe the mean distance between i and all other data points in the same cluster, where |Ci| is the number of points belonging to cluster i,a(i) = avg distance of i to other
point same clusterWe then define the mean dissimilarity of point i to some cluster Cj as the mean of the distance from i to all points in Cjb(i) = avg distance to nearest other clusterWe now define a silhouette (value) of one data point iS(i) = b(i) - a(i) / max{b(i), a(i)} Silhouette coefficientcalculate silhouette score for toy datasetOverall Silhouette score
for the complete dataset can be calculated as the mean of silhouette score for all data points in the dataset. As can be seen from the formula silhouette score would always lie between -1 to 1 representing better clustering.where higher values indicate a better clusteringideally , S(i) = 1so, S(i) < 0 indicates outliersPracticalLet’s calculate Silhouette
score for a dataset using sklearn.import numpy as npimport matplotlib.pyplot as pltimport matplotlib.cm as cmimport warningswarnings.filterwarnings(‘'ignore')from sklearn.cluster import KMeansfrom sklearn.metrics import silhouette samples, silhouette scorefrom sklearn.datasets import make blobscreate a dataset using the make blobs function
from sklearn# Generating the sample data from make blobsX, y = make blobs(n_samples=500,cluster std=1,centers=4,n features=2 shuffle=True,center box=(-10.0,10.0),random_state=2)range n clusters = [2, 3, 4, 5, 6]# Plotting the dataplt.scatter(X[:,01,X[:,1])plt.show()X.shapePlotting the dataWCSS = [ Jfor i in range(1, 11): km =
KMeans(n_clusters= i, init="k-means++', random_state=0) km.fit(X) WCSS.append(km.inertia ) plt.plot(range(1,11),WCSS)plt.title('The Elbow Method')plt.xlabel('Num Of Clusters')plt.ylabel(‘WCSS')plt.show()Elbow Method K MeansThe point at which the elbow shape is created is 4, that is, our K value or an optimal number of clusters is 4. Now let’s
train the model on the dataset with a number of clusters 4.clusterer = KMeans(n_clusters=4, random_state=10)y mean = clusterer.fit predict(X)plt.scatter(X[y mean == 0,0],X[y mean ==0,1], color="red')plt.scatter(X[y mean ==1,0], X[y mean==1,1], color= 'blue')plt.scatter(X[y_ mean ==2,0], X[y mean==2,1], color= 'green')plt.scatter(X[y_mean
==3,0], X[y mean==3,1], color= 'yellow')plt.show()y _means give us different clusters corresponding to X. Now let’s plot all the clusters using matplotlib.Applying KMeans Clustering with 4 clustersCalculating the silhouette score:print(f'Silhouette Score(n=4): {silhouette score(X, y mean)}')We can say that the clusters are well apart from each other
as the silhouette score is closer to 1.To check whether our silhouette score is providing the right information or not let’s create another scatter plot showing labelled data points.Silhouette DiagramWe plot the average silhouette score for all data points in the dataset. The thickness of each cluster tells us about the size of the cluster, and the width of
each cluster represents the sorted silhouette coefficients of the instances in the cluster (the wider, the better).Below code taken from the sklearn page of shilhouettefor n_clusters in range n_clusters: # Create a subplot with 1 row and 2 columns fig, (ax1, ax2) = plt.subplots(1, 2) fig.set size inches(18, 7) # The 1st subplot is the silhouette plot # The
silhouette coefficient can range from -1, 1 but in this example all # lie within [-0.1, 1] ax1.set xlim([-0.1, 1]) # The (n_clusters+1)*10 is for inserting blank space between silhouette # plots of individual clusters, to demarcate them clearly. ax1l.set ylim([0, len(X) + (n_clusters + 1) * 10]) # Initialize the clusterer with n_clusters value and a random
generator # seed of 10 for reproducibility. clusterer = KMeans(n clusters=n_clusters, random state=10) cluster labels = clusterer.fit predict(X) # The silhouette score gives the average value for all the samples. # This gives a perspective into the density and separation of the formed # clusters silhouette avg = silhouette score(X, cluster labels)
print( "For n_clusters =", n_clusters, "The average silhouette score is :", silhouette avg, ) # Compute the silhouette scores for each sample sample silhouette values = silhouette samples(X, cluster labels) y lower = 10 for i in range(n_clusters): # Aggregate the silhouette scores for samples belonging to # cluster i, and sort them

ith cluster silhouette values = sample silhouette values[cluster labels == i] ith cluster silhouette values.sort() size cluster i = ith cluster silhouette values.shape[0] y upper =y lower + size cluster i color = cm.nipy spectral(float(i) / n_clusters) ax1.fill betweenx( np.arange(y lower, y upper), 0, ith cluster silhouette values, facecolor=color,
edgecolor=color, alpha=0.7, ) # Label the silhouette plots with their cluster numbers at the middle ax1.text(-0.05, y lower + 0.5 * size cluster i, str(i)) # Compute the new y lower for next plot y lower =y upper + 10 # 10 for the 0 samples axl.set title("The silhouette plot for the various clusters.") ax1.set xlabel("The silhouette coefficient values")
axl.set ylabel("Cluster label") # The vertical line for average silhouette score of all the values ax1.axvline(x=silhouette avg, color="red", linestyle="--") ax1.set yticks([]) # Clear the yaxis labels / ticks ax1.set xticks([-0.1, 0, 0.2, 0.4, 0.6, 0.8, 1]) # 2nd Plot showing the actual clusters formed colors = cm.nipy spectral(cluster labels.astype(float) /
n_clusters) ax2.scatter( X[:, 0], X[:, 1], marker=".", s=30, lw=0, alpha=0.7, c=colors, edgecolor="k" ) # Labeling the clusters centers = clusterer.cluster centers # Draw white circles at cluster centers ax2.scatter( centers[:, 0], centers[:, 1], marker="0", c="white", alpha=1, s=200, edgecolor="k", ) for i, c in enumerate(centers): ax2.scatter(c[0],
c[1], marker="$%d$" % i, alpha=1, s=50, edgecolor="k") ax2.set_title("The visualization of the clustered data.") ax2.set_xlabel("Feature space for the 1st feature") ax2.set ylabel("Feature space for the 2nd feature") plt.suptitle( "Silhouette analysis for KMeans clustering on sample data with n_clusters = %d" % n_clusters, fontsize=14,
fontweight="bold", )plt.show()An additional piece of information is the red dashed line that tells us the mean silhouette coefficient. We can see the silhouette diagrams varying k from 2 to 6 below.K = 2As the above plots show, n_clusters=2 has the average silhouette score of around 0.55 and the thickness of the silhouette plot gives an indication of
how big each cluster is. The plot shows that cluster 1 has almost double the samples than cluster 2.K = 3Here, we see that black clusters have not well separated silhouettes than the other two.K = 4Here, we see that the green, blue, yellow and black clusters have better silhouettes than the other two. It’s probably because their points are better
separated than the points of the other two clusters.Therefore, k = 4, is indeed a better choice because we get clusters of similar size.we can seen that k= 5 some points in left side near -1 indicate that the samples may have been assigned to the wrong cluster.we can seen that k= 6 some points in left side near -1 indicate that the samples may have
been assigned to the wrong cluster.ConclusionSilhouette Score like many other clustering evaluation metric is susceptible to error. Whenever its being used to quote algorithm performance one must be sure that the distance metric used in the algorithm is able to linearly separate the data.In cases where the datasets are not linearly separable and the
dimensions of the datasets is very high we must be careful while quoting silhouette distance.Dimensionality reduction techniques can be used to reduce data into two dimension for visualization. As a rule of thumb whenever using Density based clustering algorithms silhouette distance may not be an appropriate metric. Here is a link to check out the
Github. References:If you liked this post, share with your interest group, friends and colleagues. Comment down your thoughts, opinions and feedback below. I would love to hear from you. Do follow me for more such articles and motivating me &.It doesn’t cost you anything to clap. Skip to main content Powered by Al and the LinkedIn community
Clustering is a data mining technique that groups similar data points into clusters based on some distance or similarity measure. But how do you evaluate the quality of a clustering algorithm? One way is to use the silhouette score, which measures how well each data point fits into its assigned cluster and how far it is from other clusters. In this
article, you will learn how to calculate the silhouette score for a clustering algorithm and what it means for your data analysis. Silhouette score is a measurement that finds the similarity of each data object in the cluster and compares it to the other. The score is calculated by finding the difference in the average distance of one object to the others in
the same cluster and the shortest average distance in the cluster to objects in the other clusters, and then divided by the two values maximum. With ranges between -1 to +1, where -1 indicates clusters overlapping, and +1 is perfectly separated and defined. 5 This metric is essential for evaluating the quality of clusters generated by clustering
algorithms like K-means and hierarchical clustering. The silhouette score ranges from -1 to +1, where a value close to 1 indicates that the points are well clustered and separated from other clusters. Implementing and analyzing the silhouette score is a recommended practice when aiming to understand the behavior and effectiveness of clustering
algorithms. Additionally, visualizing the silhouettes is a useful tool for detecting potential issues in data classification. 3 The silhouette score is a metric used to evaluate the quality of clusters created by clustering algorithms, like K-means, hierarchical clustering, etc. It measures how similar an object is to its own cluster (cohesion) compared to other
clusters (separation). The silhouette score ranges from -1 to +1, where a high value indicates that the object is well matched to its own cluster and poorly matched to neighboring clusters. 3 The silhouette score is a visualization-based evaluation technique. Suppose for an observation i, the cluster that i is assigned to is labeled as a, and its nearest
neighbour cluster is b, then its individual silhouette score s(i) is defined as: s(i) = b(i) — a(i) / max(a(i) b(i)), where a(i) denotes the average intra-cluster distance of observation i, and its average inter-cluster distance is represented by b(i). The scores take a minimum value of —1 and a maximum of 1. To calculate the silhouette score for each data point
in a dataset: Compute a: For each point, calculate the average distance to all other points in the same cluster. This measures intra-cluster similarity. Compute b: For the same point, find the smallest average distance to all points in any other cluster, to which the point does not belong. This measures the nearest cluster distance. Calculate Silhouette
Score: For each data point, the silhouette score is (b—a)/max(a,b). It quantifies how well the point fits into its cluster compared to other clusters. Average Score for the Dataset: Finally, the silhouette score for the clustering algorithm is the average of all individual silhouette scores. Higher average scores indicate better-defined. 4 The idea is to
calculate the average distance between each object i and all other objects in the same class a(i) Then calculate the distance between each object i and the closest object in all other classes b(i) The silhouette score for object i is defined as: s(i) = (b(i) - a(i)) / max(a(i),b(i)) Values lie between -1 and 1 s(i) values are presented by class, in descending
order If classes are well defined, there should be no negative scores. 1 The silhouette score is a measure to evaluate the quality of clusters created by a clustering algorithm. It ranges from -1 to 1, where a high value indicates that the clusters are well-separated and cohesive. Scores above 0.5 suggest good clustering, below 0.25 indicate poor
clustering, and between 0.25 and 0.5 denote fair clustering. However, it's not the sole metric for assessing clustering algorithms. Other aspects like the number of clusters, their size and shape, and domain-specific knowledge about the data also play crucial roles in evaluating clustering effectiveness. 4 The average silhouette scores (or width) may be
calculated for several cluster solutions. The higher the average silhouette score, the better the cluster separation. I advise against the sole use of the average silhouette to choose a cluster solution. Interpretability of clusters is paramount and must be factored in. 2 Data Scientist chez Caroll The acceptability of silhouette scores depends on the
specific objective of the clustering and the nature of the data. In some cases, a qualitative interpretation and the significance of the clusters may justify lower scores, while in other contexts, a clear separation and high scores are crucial for the effectiveness of the application. In the context of customer behavioral clustering, if we cannot find clusters
with a clear separation, the discovery of potential structures or interesting trends can be exploitable from a marketing perspective. Therefore, we can accept silhouette scores below 0.25 provided that there are very distinct behavioral trends, stability over time and a real difference during marketing targeting 1 One way to visualize the silhouette
score is to use a silhouette plot, which displays the silhouette score of each data point and the average silhouette score of each cluster. This type of plot can help you identify outliers, overlapping clusters, and optimal number of clusters. To create a silhouette plot, you need to sort the data points by their silhouette score in descending order for each
cluster. Then draw a horizontal bar with a length equal to its silhouette score and a color corresponding to its cluster. Align the bars vertically so that the lowest bar of each cluster is adjacent to the highest bar of the next cluster. Finally, draw a dashed line across the plot to indicate the average silhouette score of all data points. A silhouette plot is a
useful tool for visualizing the silhouette score of clustering algorithms. It displays each data point's silhouette score and the average score per cluster, aiding in spotting outliers, overlapping clusters, and the optimal cluster count. To create this plot, sort the data points within each cluster by their silhouette scores in descending order. Represent each
data point as a horizontal bar with a length equal to its silhouette score and a distinct color for each cluster. Arrange these bars vertically, aligning the lowest bar of one cluster with the highest of the next. To highlight the overall average silhouette score, draw a dashed line across the plot. 2 The sklearn library provides a function called
silhouette_score that takes the data set and the cluster labels as inputs and returns the average silhouette score of the clustering algorithm. Additionally, silhouette samples returns the silhouette score of each data point. This enables you to calculate and visualize the silhouette score for a clustering algorithm. An example of how to use them is to
generate some synthetic data, apply K-means clustering, calculate the average silhouette score, calculate the silhouette score of each data point, create a silhouette plot, label the clusters, plot the average silhouette score, label the axes, title the plot, and show the plot. By doing this, you can inform and reassure stakeholders while providing valuable
insights for improving your cloud security posture. In Python, the silhouette score and silhouette samples functions from the sklearn library are used to implement and visualize the silhouette score for clustering algorithms. First, generate synthetic data and apply a clustering algorithm like K-means. Then, use silhouette score to calculate the
average silhouette score for the entire clustering and silhouette samples for individual data points' scores. Create a silhouette plot to visualize these scores, color-code the data points according to their cluster, and add a line for the average score. This plot can be further enhanced by labeling clusters, axes, and adding a title. This approach not only
evaluates clustering quality but also offers insights for improvements. 4 Photo by Stefano Pollio on UnsplashGetting the clusters in only one part of the story in K-Means, interpreting them is the other.When you have done a K-Means clustering, the natural question is: are my clusters actually any good?To answer it, we fist need to define what a ‘good’
cluster is. There are 2 main ways to find out whether a cluster is good or not:Silhouette score — a silhouette score measures the compactness of each cluster and it’s distance from the other clusters. The silhouette score is given by the following formula:Credits to Platform.ai for this wonderful diagramTo sum up what’s happening above, we are
dealing with 2 distances: a and b. Distance b(i) is the distance from any point to the nearest centroid. Distance a(i) is the averge distance between some point and all other points within that cluster.Let’s figure out what the formula is all about:Explanation of the silhouette score formulaThe next question that pops to mind is — what silhouette score is
considered ‘good’? Is a good score ‘good’ every time, or does it vary by clustering?Let’s answer these questions.How do I know my silhouette score is good?At first, let’s break down the extreme cases of silhouette scores:1 — This score means that every data point is very compact within the cluster to which it belongs and far away from the other
clusters.0 — Your clusters are overlapping.-1 — This score means that data belonging to the clusters is incorrect.As your score tends from 0 to 1, the clusters become more separated and the points within them — closer together. As your score tends from 0 to -1, points may be assigned to the wrong clusters.How to plot a silhouette score?A silhouette
score is great for determining if you have chosen the right number of clusters. In the code below, we are testing having 2,3,4,5 and 6 clusters for a generated set of data.Thanks to scikit-learn for this sampleAll of the plots you get will look like so:The higher the silhouette score value, the better spread the clusters are. Here, the optimal number of
clusters will be 4.As a general rule of thumb, any silhouette score of greater than 0.6 is considered desireableAnd that’s it for the day I am running k-means clustering on a dataset with around 1 million items and around 100 attributes. I applied clustering for various k, and I want to evaluate the different groupings with the silhouette score from
sklearn library. Running it with no sampling seems unfeasible and takes a prohibitively long time. So, I assume I need to use sampling, i.e.: metrics.silhouette score(feature matrix, cluster labels, metric="'euclidean',sample size=???) I don't have a good sense of what an appropriate sampling approach is. Is there a rule of thumb for ideal sample size
to use given the size of my matrix? And is it better to take the largest sample size that my analysis machine can handle? Or should I take the average of smaller samples? My preliminary test with sample size=10000 has produced some unintuitive results. I am open for alternative and more scalable evaluation metrics. Editing to visualize the issue:



The plot shows the silhouette score against the number of clusters. In my opinion, increasing sample size is reducing the noise is a normal behavior. But given that I have 1 million, a heterogenous vector, 2 or 3 clusters is the "best" number of clusters seems unintuitive. In other words, I would expect to find a monotonic decreases in silhouette score
as I increase the number of clusters.



