
95-865 Unstructured Data Analytics

Slides by George H. Chen

Lecture 8: Clustering (cont’d)



News Flash: Quiz 1 is Happening This Friday 😱

• No electronics may be used during the exam 
(e.g., do not use a laptop, tablet, phone, calculator)

• In person, on paper

Reminder regarding the format:

• Open notes (must be on paper and not electronic)

• Late exams will not be accepted

• Quiz length: 80 minutes

Topic coverage: up to and including end of lecture last Friday Nov 10

• There is no limit on how many pages you bring

during the recitation slot!



Other Things

• The Quiz 1 review session is tomorrow (Wednesday Nov 15), 
7:30pm-8:30pm over Zoom (the link is in Canvas)

• I’ve already released many past Quiz 1s 
(see my Nov 8 & Nov 14 Canvas announcements for details)

• To get the most out of this review session, please attempt the 
Spring 2023 Quiz 1 beforehand!

• This review session will be recorded so if you can’t make or want to 
watch the recording afterward, it will be available



Today

2. A simple strategy for choosing the number of clusters for k-means and 
GMMs

1. Wrap of code demo from last Friday’s lecture

3. Clustering on unstructured data



Automatically Choosing the Number of Clusters k

For k = 2, 3, … up to some user-specified max value:

Fit model (k-means or GMM) using k

Compute a score for the model

Use whichever k has the best score

But what score function should we use?

No single way of choosing k is the “best” way



Here’s an example of a score 
function you don’t want to use



Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Cluster 2



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Measure distance 
from each point to 
its cluster center



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1
sum of squared purple lengths

Measure distance 
from each point to 
its cluster center

Residual sum of squares for cluster 1:



Cluster 2

Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Residual sum of squares for cluster 1:

Measure distance 
from each point to 
its cluster center

<latexit sha1_base64="XeyR/wzwCdueVTx8KVyJY1Bo3QQ="></latexit>

RSS1 =
X

x2cluster 1
kx� µ1k2



Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Cluster 2

Repeat similar calculation for 
other cluster

Residual sum of squares for cluster 2:

Measure distance 
from each point to 
its cluster center

<latexit sha1_base64="2OE4eNeC4cEh5ATNRHYMEIWWFG4="></latexit>

RSS2 =
X

x2cluster 2
kx� µ2k2



Residual Sum of Squares

Look at one cluster at a time

Cluster 1

Cluster 2

Repeat similar calculation for 
other cluster

Residual sum of squares for cluster 2:

Measure distance 
from each point to 
its cluster center

RSS2 =
∑

x∈cluster 2

‖x − µ2‖2

In general if there are k clusters:

Remark: k-means tries to minimize RSS for a fixed value of k 
(it does so approximately, with no guarantee of optimality)

RSS does not account for clusters having, for instance, ellipse shapes

<latexit sha1_base64="wQfQRROeHp1kz6HfqlGJ6+upcYU="></latexit>

RSS = RSS1 + RSS2 =
X

x2cluster 1
kx� µ1k2 +

X

x2cluster 2
kx� µ2k2

<latexit sha1_base64="YUAxqueSsAZD7vvQKnpjFF/zzrM="></latexit>

RSS =
kX

g=1

RSSg =
kX

g=1

X

x2cluster g

kx� µgk2



Why is minimizing RSS a bad 
way to choose k?

What happens when k is equal to the number of data points?



A Good Way to Choose k

Want to also measure between-cluster variation

RSS measures within-cluster variation

mean of all points

A good score function to use for choosing k:

 = total # points<latexit sha1_base64="ECUxwPN7hkI9et5CV/NWPu9cWAU=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdfAQ8OIxAfOAZAmzk95kzOzsMjMrhCVf4MWDIl79JG/+jZNkD5pY0FBUddPdFSSCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDf1W0+oNI/lgxkn6Ed0IHnIGTVWqsteqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa88TMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1W5rF+Uq7d5HAU4hhM4Aw+uoQr3UIMGMEB4hld4cx6dF+fd+Zi3rjj5zBH8gfP5A9iDjPY=</latexit>n

(Choose  among 2, 3, … up to pre-
specified max)

<latexit sha1_base64="RA0BTD958xwP8U994nKi9frKIWM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdfAQ8OIxAfOAZAmzk95kzOzsMjMrhCVf4MWDIl79JG/+jZNkD5pY0FBUddPdFSSCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDf1W0+oNI/lgxkn6Ed0IHnIGTVWqo96pbJbcWcgy8TLSRly1Hqlr24/ZmmE0jBBte54bmL8jCrDmcBJsZtqTCgb0QF2LJU0Qu1ns0Mn5NQqfRLGypY0ZKb+nshopPU4CmxnRM1QL3pT8T+vk5rwxs+4TFKDks0XhakgJibTr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFbfHmZNM8r3lXlsn5Rrt7mcRTgGE7gDDy4hircQw0awADhGV7hzXl0Xpx352PeuuLkM0fwB87nD9P3jPM=</latexit>

k

Called the CH index 
[Calinski and Harabasz 1974]

<latexit sha1_base64="gkhI/jdu0MLigQJYU5dqh7PrifU="></latexit>

W = RSS =
kX

g=1

RSSg =
kX

g=1

X

x2cluster g

kx� µgk2

<latexit sha1_base64="PARJcyaPtGOHoA9hiy/XqIPoLFc="></latexit>

B =
kX

g=1

(# points in cluster g)kµg � µk2

<latexit sha1_base64="k6eKg9Xim2Nd1ihl30QqwfpxjY0=">AAACG3icbVDLSsNAFJ34tr6qLt0MFqFdWJLia6EgdtNlBWuFppTJdKJDJpMwcyOWkP9w46+4caGIK8GFf+O0zUJbD1w4c869zL3HiwXXYNvf1szs3PzC4tJyYWV1bX2juLl1raNEUdaikYjUjUc0E1yyFnAQ7CZWjISeYG0vqA/99j1TmkfyCgYx64bkVnKfUwJG6hVrLrAHSOuNrBxU8Bl2fUVoeuHSfgS4LPeDSpa281eA97FTyXrFkl21R8DTxMlJCeVo9oqfbj+iScgkUEG07jh2DN2UKOBUsKzgJprFhAbklnUMlSRkupuObsvwnlH62I+UKQl4pP6eSEmo9SD0TGdI4E5PekPxP6+TgH/STbmME2CSjj/yE4EhwsOgcJ8rRkEMDCFUcbMrpnfEpAMmzoIJwZk8eZpc16rOUfXw8qB0fprHsYR20C4qIwcdo3PUQE3UQhQ9omf0it6sJ+vFerc+xq0zVj6zjf7A+voBOBue/g==</latexit>

CH(k) =
B · (n� k)

W · (k � 1)

Pick  with highest
<latexit sha1_base64="RA0BTD958xwP8U994nKi9frKIWM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdfAQ8OIxAfOAZAmzk95kzOzsMjMrhCVf4MWDIl79JG/+jZNkD5pY0FBUddPdFSSCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDf1W0+oNI/lgxkn6Ed0IHnIGTVWqo96pbJbcWcgy8TLSRly1Hqlr24/ZmmE0jBBte54bmL8jCrDmcBJsZtqTCgb0QF2LJU0Qu1ns0Mn5NQqfRLGypY0ZKb+nshopPU4CmxnRM1QL3pT8T+vk5rwxs+4TFKDks0XhakgJibTr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFbfHmZNM8r3lXlsn5Rrt7mcRTgGE7gDDy4hircQw0awADhGV7hzXl0Xpx352PeuuLkM0fwB87nD9P3jPM=</latexit>

k
<latexit sha1_base64="EcwzWgf4AEP6c33oEkEtzejV2M0=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BItQLyURvw4eCr30WMF+QBPKZrttl242YXciltC/4cWDIl79M978N27bHLT1wcDjvRlm5gWx4Bod59vKra1vbG7ltws7u3v7B8XDo5aOEkVZk0YiUp2AaCa4ZE3kKFgnVoyEgWDtYFyb+e1HpjSP5ANOYuaHZCj5gFOCRvI8ZE+Y1urT8vi8Vyw5FWcOe5W4GSlBhkav+OX1I5qETCIVROuu68Top0Qhp4JNC16iWUzomAxZ11BJQqb9dH7z1D4zSt8eRMqURHuu/p5ISaj1JAxMZ0hwpJe9mfif101wcOunXMYJMkkXiwaJsDGyZwHYfa4YRTExhFDFza02HRFFKJqYCiYEd/nlVdK6qLjXlav7y1L1LosjDydwCmVw4QaqUIcGNIFCDM/wCm9WYr1Y79bHojVnZTPH8AfW5w+EdZFW</latexit>

CH(k)



Automatically Choosing the Number of Clusters k

Demo



What about unstructured data?



Clustering on Images

Demo



Clustering on Text

Cluster 1 Cluster 2

Basic visualization strategy

Compute most 
probable words 

(just like in 
Lecture 2 using 

raw counts)

Top words for cluster 2Top words for cluster 1

⟹ We can then compare top words across clusters

Per cluster, can compute other information aside from top words 
(such as the distribution of document lengths per cluster, or some co-occurrence 
information per cluster—an example of these ideas is in the Spring 2023 Quiz 1)



Last Remarks on Clustering

• There are lots of clustering methods out there!

• After you run a clustering algorithm, make visualizations to interpret 
the clusters in the context of your application!

• Do not just blindly rely on numerical metrics (e.g., CH index)

• We only saw two clustering methods (k-means, GMM)

• We only saw one general strategy to automatically choose # of clusters

• You must specify a score function — no score function is perfect

• Many do not require specifying # of clusters (DP-means, DP-GMM, 
many variants of hierarchical clustering, DBSCAN, OPTICS, …)

• Ultimately, you have to decide on which clustering method and number 
of clusters make sense for your data


