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Evaluation in topic modeling

Evaluation in topic modeling is crucial for several reasons:

e Quality Assessment: It helps assess the quality and effectiveness of the topic modeling algorithm

or approach. This is essential to ensure that the topics generated are meaningful, coherent, and
aligned with the underlying structure of the data.

e Model Selection: Evaluation aids in selecting the best-performing model or algorithm from a set
of candidates. Different topic modeling techniques may yield different results, and evaluation
helps choose the one that best suits the application.

e Parameter Tuning: Many topic modeling algorithms have hyperparameters that need to be
tuned for optimal results. Evaluation provides guidance on selecting the most appropriate values
for these hyperparameters.



Evaluation in topic modeling

e Interpretability: The interpretability of topics is a critical aspect of topic modeling. Evaluation
helps verify that the topics are human-interpretable and align with domain knowledge or
expectations.

e Comparison: Evaluation allows for the comparison of different models or approaches. It enables
researchers and practitioners to assess the relative strengths and weaknesses of various topic
modeling techniques.

e Feedback Loop: Evaluation provides a feedback loop for improving topic modeling algorithms. By
analyzing the results and understanding where a model falls short, researchers can iterate and

enhance their algorithms.



How Good are My Topics? (Without Manual Inspection)

Popular evaluation metrics

e Perplexity: Perplexity is a widely used metric that measures how well a topic model predicts a
held-out test dataset. Lower perplexity values indicate better model performance. Libraries like
TensorFlow and PyTorch provide functions to compute perplexity for language models.

e Coherence: Coherence measures how semantically coherent the terms within a topic are. There
are various coherence metrics, such as Pointwise Mutual Information (PMI), Normalized Pointwise
Mutual Information (NPMI), and C_V, which assess the relatedness of terms within topics. You can
calculate these metrics using the CoherenceModel classin Gensim.



Popular evaluation metrics

e Topic Diversity: Topic diversity metrics assess how distinct or diverse the topics are from each
other. High topic diversity indicates that topics do not overlap too much in terms of terms or

concepts. You may need to write custom code to calculate topic diversity based on your specific
needs.

e Topic Intrusion: Topic intrusion is a human-based evaluation metric where human evaluators are
given a set of topics and one term that does not belong to any of the topics. Evaluators are asked
to identify the intruder term. A lower intrusion rate indicates better topic quality. There's no

standard Python library for conducting human-based evaluations, but you can use frameworks
like Amazon Mechanical Turk to set up such experiments.



Popular evaluation metrics

e Topic Coherence: Topic coherence measures the extent to which the most probable words in a
topic are related to each other. Higher topic coherence values indicate more coherent topics. You
can calculate these metrics using the CoherenceModel class.

e Silhouette Score: The silhouette score assesses how similar documents within the same topic are
compared to documents in different topics. A higher silhouette score suggests better topic
separation. Scikit-learn, a widely used machine learning library, offers the silhouette score as a
metric for evaluating the quality of clustering. For instance, from sklearn.metrics import

silhouette score.

e Topic Stability: Topic stability measures the consistency of topics across different runs or
subsamples of the dataset. Stable topics are more likely to be reliable. here's no specific library for
topic stability, but you can implement it using your topic modeling tool of choice (e.g., Gensim,

LDAvis ).

e Document Clustering: Topics can be used for document clustering, and clustering evaluation
metrics like Adjusted Rand Index (ARI), Normalized Mutual Information (NMIl), or Fowlkes-Mallows
Index (FMI) can be applied to assess the quality of document clusters. Scikit-learn provides
various clustering evaluation metrics like Adjusted Rand Index (ARI), Normalized Mutual
Information (NMI), and Fowlkes-Mallows Index (FMI).



