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What is Stemming in NLP?
Stemming is the process of truncating words to their stem or root form by 

removing affixes—suffixes, prefixes, and infixes. Unlike lemmatization, stemming 

doesn't rely on dictionaries or deep morphological analysis. Instead, it applies 

heuristic or rule-based transformations to reduce words to a shared 

representation.
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The Core Challenge: Language Flexibility
Language is inherently flexible—words change form to reflect tense, number, or 

grammatical function. For machines, however, this variation creates complexity. 

Stemming was one of the earliest solutions to this problem in Natural Language 

Processing (NLP) and information retrieval (IR).
Stemming reduces words to their root or base form—not necessarily a dictionary 

word, but a shared representation that conflates related forms. For instance, 

"connecting", "connected", and "connection" all reduce to "connect".

In classic search engine pipelines, stemming boosted recall by ensuring that 

variations of a query word matched the same documents. Today, stemming 

continues to play a role in semantic search, although it is often compared with the 

more sophisticated process of lemmatization.

Key Insight
By normalizing word forms, stemming 

strengthens semantic similarity, improves 

query rewriting, and enhances indexing 

efficiency—key pillars of information 

retrieval.
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How Stemming Works: A Simple 
Example

Original Words
"studies"

"studying"

"connection"

Stemming Process
Remove suffixes using predefined rules

Resulting Stems
"studi"

"study"

"connect"

Notice that stems may not always be valid words ("studi"). This highlights the trade-off between 

efficiency and accuracy that underpins stemming. In semantic SEO pipelines, stemming helps 

consolidate topical coverage by reducing variations, making content networks easier to align with 

query semantics.
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Rule-Based Stemming
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Rule-Based Stemming: The Foundation
Rule-based stemming applies a predefined set of linguistic rules to remove suffixes or prefixes. Early algorithms like the Lovins Stemmer 

(1968) used longest-suffix matching to strip words systematically.

Example Rule 1
If word ends with "sses", replace with "ss"

Example: "caresses" → "caress"

Example Rule 2
If word ends with "ies", replace with "i"

Example: "ponies" → "poni"

Example Rule 3
If word ends with "ing", strip suffix if base 

contains a vowel

Example: "running" → "run"
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Rule-Based Stemming: Pros and Cons

Advantages
Lightweight and efficient: Fast processing with minimal computational overhead

Simple implementation: Works well in languages with limited inflections

Transparent logic: Easy to understand and debug

Limitations
Over-stemming risks: "universe" and "university" both reduce to "univers"

Irregular forms: Struggles with exceptions and edge cases

Language-specific: Requires careful tuning for each language

SEO/NLP Implication: Rule-based stemming can improve crawl efficiency by reducing redundant term variants. However, in semantic applications, it risks weakening entity connections if stems deviate too far from valid words.
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The Porter Stemmer
The Classic Benchmark Since 
1980
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Porter Stemmer: The Industry Standard
Developed by Martin Porter in 1980, the Porter Stemmer is one of the most influential stemming algorithms in NLP. It defines a series of suffix-stripping rules, 

applied in sequential phases, guided by the measure (m)—a metric representing vowel-consonant sequences.

1

1980
Martin Porter develops the algorithm

2

Sequential Phases
Rules applied in ordered steps

3

Measure (m)
Vowel-consonant sequence metric guides decisions

4

Today
Remains a benchmark in query optimization

Example Transformations
• "caresses" → "caress"

• "ponies" → "poni"

• "ties" → "ti"

• "caressingly" → "caress"

Key Strengths
• Moderate aggressiveness balances recall and precision

• Transparent and well-documented

• Widely adopted across industries
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Porter Stemmer: Limitations and Impact
Unnatural Stems
Sometimes leaves stems that aren't real 

words, such as "relational" → "relat". 

While this doesn't affect machine 

processing, it can complicate human 

review and debugging.

English-Centric Design
The algorithm was specifically designed 

for English and is not ideal for 

morphologically rich languages like 

Finnish, Turkish, or Arabic where words 

carry multiple affixes.

Impact on Search
The Porter Stemmer remains a 

benchmark in query optimization for 

English text. Its conservative approach 

helps avoid excessive over-stemming 

errors, making it reliable in building 

semantic content networks.
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Lancaster Stemmer
The Aggressive 
Approach
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Lancaster Stemmer: Speed vs. Precision
Also known as the Paice/Husk Stemmer, the Lancaster Stemmer was developed at Lancaster University. It is known for its 

aggressiveness—truncating words more aggressively than Porter or Snowball.

Example Transformations
• "maximum" → "maxim"

• "presumably" → "presum"

• "sportingly" → "sport"

Key Strengths
• Extremely fast processing

• Useful when high recall is prioritized over 

precision

Critical Limitations
Lancaster's aggressiveness creates a high rate of over-stemming, collapsing 

unrelated words into the same stem. This can significantly harm semantic 

relevance.

Warning Example
"policy" and "police" may reduce to the same stem, diluting search 

engine trust and weakening alignment with query intent.

SEO/NLP Implication: Lancaster's aggressive approach may harm semantic 

relevance by conflating unrelated terms, which weakens alignment with query 

intent and reduces precision in semantic search applications.
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Snowball Stemmer
The Modern Multilingual Solution
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Snowball Stemmer (Porter2): The Evolution
The Snowball Stemmer, often referred to as Porter2, is a refined version of the Porter Stemmer. It was developed by Martin Porter as part of 

the Snowball framework—a language for writing stemming algorithms.

Unlike the original Porter Stemmer, which was English-specific, Snowball generalizes the process across multiple languages, including French, 

German, Spanish, Russian, and Dutch.

Cleaner Implementation
More maintainable codebase with improved structure and 

documentation

Better Edge Cases
Improved handling of linguistic exceptions and irregular 

forms

Balanced Aggressiveness
Less aggressive than Lancaster, slightly more flexible than 

classic Porter

Multilingual Support
Works across French, German, Spanish, Russian, Dutch, and 

more
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Snowball: Examples and SEO Impact

Example Transformations
• "running" → "run"

• "studies" → "studi"

• "sportingly" → "sport"

SEO/NLP Implications
Snowball is widely adopted in search engines because it balances accuracy and recall across languages. In 

semantic search engines, Snowball supports cross-lingual indexing and preserves semantic relevance 

better than Lancaster.

The balanced approach makes it the modern choice for large-scale NLP applications where both precision 

and efficiency matter.
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Comparing the Three Major Stemmers
Criterion Porter Snowball (Porter2) Lancaster

Aggressiveness Moderate Balanced Very aggressive

Readability of Stems Sometimes odd (e.g., "relat") More natural Often truncated

Multilingual Support English-only Multilingual Primarily English

Over-stemming Risk Moderate Low to Moderate High

Adoption in IR/SEO Classic benchmark Widely used in production Limited

Porter
Reliable and conservative, widely used in 

early IR systems

Snowball
Modern choice with multilingual support, 

ideal for large-scale NLP

Lancaster
Useful in very high-recall applications, but 

risks damaging semantic content networks

Empirical studies show that Snowball often outperforms Porter and Lancaster in classification and retrieval tasks, particularly when query 

augmentation is applied to strengthen intent coverage.
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Challenges and Trade-offs in 
Stemming

1. Over-stemming vs Under-stemming
Over-stemming: "policy" and "police" → "polic"

Under-stemming: "connect" and "connection" remain separate

Both lead to misalignment in query mapping and can harm retrieval accuracy.

2. Morphologically Rich Languages
Stemmers built for English fail in languages like Finnish or Turkish, where words carry multiple 

affixes. For these languages, stemming must integrate with morphological analysis to achieve 

acceptable results.

3. Semantics Loss
Stems may collapse unrelated words, weakening entity graph construction. This is particularly 

problematic in semantic search where precise entity relationships matter.

4. Evaluation Difficulty
Unlike lemmatization, stems don't have a single "correct" form. Their quality is judged by 

downstream performance—e.g., better passage ranking or higher retrieval accuracy.
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The Future of Stemming
The future of stemming is evolving toward hybrid and adaptive systems that combine the best of 

multiple approaches:

Hybrid Stemming + Lemmatization
Combine suffix stripping with dictionary lookups to reduce error rates while maintaining 

efficiency

Domain-specific Stemmers
Tailored for technical or medical corpora where precision matters more than speed

Context-aware Stemming
Using embeddings to guide when and how to apply truncation based on semantic 

context

Vocabulary-free Models
Neural approaches (e.g., subword tokenization + embeddings) may replace 

traditional stemming in modern NLP, aligning better with distributional semantics
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Frequently Asked Questions

Is stemming still useful in modern NLP?
Yes, especially in lightweight IR systems where speed matters. 

However, deep models and sequence modeling often bypass 

stemming in favor of embeddings.

Which stemmer is best for SEO-driven search 
systems?
Snowball (Porter2) is the most balanced choice for semantic SEO 

pipelines because it preserves topical integrity while 

consolidating forms.

Why not just use lemmatization instead?
Lemmatization is more accurate but slower. In real-time indexing 

or crawl efficiency-sensitive tasks, stemming remains practical.

How do stemmers impact entity recognition?
Aggressive stemmers can damage entity type matching by 

collapsing unrelated terms, reducing precision in semantic 

search.
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Final Thoughts on Stemming
Stemming was one of the earliest text normalization strategies in NLP, and despite its simplicity, it remains valuable in 

modern pipelines.

Porter Stemmer

A conservative, English-focused standard that established 

the foundation

Lancaster Stemmer

Aggressive, high-recall but error-prone approach for 

specific use cases

Snowball Stemmer

Balanced, multilingual, widely adopted in semantic systems

In practice, stemming strengthens recall and efficiency, but when precision and semantics matter, it should be paired with 

or replaced by lemmatization and subword tokenization.

The Core Trade-off

Stemming represents the trade-off between speed and 

accuracy—and in the age of semantic search, its role has shifted 

from being a standalone solution to a complementary step in the 

broader text normalization pipeline.
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Key Takeaways
Efficiency Matters
Stemming remains valuable for lightweight, speed-critical applications

Choose Wisely
Snowball offers the best balance for modern semantic search systems

Hybrid Approach
Combine stemming with lemmatization for optimal results

Evolving Role
From standalone solution to complementary step in NLP pipelines
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Meet the Trainer: NizamUdDeen
Nizam Ud Deen, a seasoned SEO Observer and digital marketing consultant, brings 

close to a decade of experience to the field. Based in Multan, Pakistan, he is the founder 

and SEO Lead Consultant at ORM Digital Solutions, an exclusive consultancy 

specializing in advanced SEO and digital strategies.

Nizam is the acclaimed author of The Local SEO Cosmos, where he blends his 

extensive expertise with actionable insights, providing a comprehensive guide for 

businesses aiming to thrive in local search rankings.

Beyond his consultancy, he is passionate about empowering others. He trains aspiring 

professionals through initiatives like the National Freelance Training Program 

(NFTP). His mission is to help businesses grow while actively contributing to the 

community through his knowledge and experience.

Connect with Nizam:

LinkedIn: https://www.linkedin.com/in/seoobserver/

YouTube: https://www.youtube.com/channel/UCwLcGcVYTiNNwpUXWNKHuLw

Instagram: https://www.instagram.com/seo.observer/

Facebook: https://www.facebook.com/SEO.Observer

X (Twitter): https://x.com/SEO_Observer
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