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Evaluation Metrics for 
Information Retrieval
Quantitative measures that assess how effectively search and retrieval systems 

rank documents in response to queries, balancing relevance, ranking position, and 

coverage across modern search engines and semantic retrieval pipelines.
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Why IR Metrics Matter

The Core Question
Every search engine ranks results, but the real question is: did it 

satisfy the user's query? Offline metrics give us quantitative 

answers by comparing ranked lists against labeled relevance 

judgments.
These distinctions matter both in academic IR and in semantic SEO, 

where metrics guide whether we're meeting semantic relevance and 

capturing central search intent.

Critical Considerations
• Do we care about all relevant documents or just the first one?

• Do we care about graded relevance or just binary?

• Are we optimizing for purity of top-k results or coverage at scale?

The choice of metric depends entirely on the task at hand and the 

user behavior you're trying to optimize for.
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The Five Essential Metrics

Precision
Proportion of retrieved documents that 

are relevant. Focuses on the quality and 

purity of results.

Recall
Proportion of relevant documents that 

are retrieved. Measures breadth of 

coverage.

MAP
Mean Average Precision - average 

ranking quality across all relevant 

documents per query.

nDCG
Normalized Discounted Cumulative Gain - evaluates ranking 

order with graded relevance.

MRR
Mean Reciprocal Rank - measures how quickly the first relevant 

result appears.
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Precision: Quality Over Quantity

Definition & Formula
The fraction of retrieved documents that are relevant.

Key Characteristics
Precision@k focuses only on the top-k results (e.g., top-10 SERP)

• High precision = clean results with minimal noise

• In SEO, this means fewer irrelevant pages ranking for a query intent

• Critical for user satisfaction in navigational queries
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Recall: Comprehensive Coverage
Definition
The fraction of relevant documents 

that were retrieved from the total set 

of relevant documents available.

Strategic Importance
Recall@k measures how many 

relevant docs appear in the top-k 

results. High recall means broad 

coverage of intent, which is crucial 

for long-tail queries where capturing 

rare entity matches is key to topical 

authority.

SEO Application
For semantic SEO, high recall 

ensures your content network 

surfaces across diverse query 

variations, strengthening your 

domain's topical authority and entity 

coverage.
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The Precision-Recall Tradeoff

Balancing Act
Precision and Recall often work in opposition. Increasing one typically decreases the other:

High Precision, Low Recall: Very selective, returns only the most confident matches but misses 

many relevant documents

Low Precision, High Recall: Casts a wide net, captures most relevant docs but includes many 

irrelevant ones

The Sweet Spot: Finding the optimal balance depends on your use case and user needs

Pro Tip: Don't rely on a single metric. Pair Precision@10 with Recall@100 to understand 

both top-rank quality and deeper coverage potential.
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Mean Average Precision (MAP)
Combining Precision with Rank Order

MAP rewards systems that place relevant documents earlier in the ranking, not just anywhere in the results. It combines precision with rank 

order sensitivity.

01

Calculate Precision at Each Relevant 
Position
For each position where a relevant document 

appears, calculate the precision up to that 

point.

02

Average Precision (AP) Per Query
Take the average of all precision values at 

ranks where relevant items occur for a single 

query.

03

Mean Across All Queries
MAP is the mean of AP scores across all 

queries in your evaluation set.

When to Use MAP

Best for: Queries with many relevant 

documents

Strength: Ad-hoc search tasks in 

enterprise or academic retrieval

SEO Value: Aligns with query optimization 

by balancing coverage and ordering
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Normalized Discounted 
Cumulative Gain (nDCG)
nDCG evaluates graded relevance—recognizing that not all relevant documents 

are equally valuable. It's the gold standard for modern IR evaluation.

The Formula

where gain_i = 2^{rel_i} - 1

IDCG is the best possible DCG 

score (ideal ranking)

Why nDCG Matters
Position Sensitive: Higher ranks matter 

exponentially more
Graded Labels: Supports "highly 

relevant", "partially relevant", "not 

relevant" scales
Industry Standard: Default metric in most 

modern IR benchmarks (BEIR, MS MARCO)

SEO Application: Judges whether your 

semantic content network surfaces the 

most relevant entities early in the SERP
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Mean Reciprocal Rank (MRR)

User Submits Query
Looking for a specific answer or entity

System Returns Ranked Results
Documents ordered by relevance score

First Relevant Result Found
MRR = 1 / (rank of first relevant)

Reciprocal Rank Calculation

Reciprocal Rank (RR) per query = 1 / (rank of first relevant document)

MRR = mean of RR across all queries in the evaluation set

When to Use MRR

QA Systems

Perfect for question answering where users need 

one precise answer

Navigational Queries

When users are looking for a specific page or entity

Entity Lookups

Tightly aligned with query semantics for single-answer 

scenarios

Important: MRR ignores additional relevant results beyond the first, focusing solely on "first success." This makes it less suitable for exploratory search tasks.
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Cutoff Choices: Why @k Matters
The cutoff parameter @k fundamentally changes what you're measuring. Different values reveal different aspects of system performance.

@10
Mirrors User Behavior

Most SERP clicks happen in the top-10 

results. This cutoff reflects real-world 

user engagement patterns.

@100
Re-ranking Coverage

Useful for checking whether relevant 

documents are available for downstream 

re-ranking stages.

@1000
RAG Pipeline Depth

Important for retrieval-augmented 

generation systems that need deep 

candidate pools.

Semantic SEO Strategy

For semantic SEO, evaluate both nDCG@10 (top-SERP quality) and Recall@100 (breadth of coverage across your entity graph). This dual 

evaluation ensures you're optimizing for both immediate user satisfaction and comprehensive topical authority.
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Mini Example: Binary Relevance
Let's walk through a concrete example with the top-5 results labeled [1, 0, 1, 0, 1] where 1 = relevant and 0 = not relevant. Assume 4 total 

relevant documents exist in the corpus.

0.6
Precision@5

3 relevant out of 5 retrieved = 3/5 

= 0.6

0.75
Recall@5

3 relevant retrieved out of 4 total 

= 3/4 = 0.75

0.756
Average Precision

(1/1 + 2/3 + 3/5) / 3 ≈ 0.756

1.0
MRR

First relevant at rank 1, so 1/1 = 

1.0

For nDCG@5, we would need graded labels (e.g., 0-3 scale), but with binary relevance, gains = 1 at positions 1, 3, and 5, each discounted by 

log₂(position+1). This demonstrates how different metrics capture different aspects of the same ranking.
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Common Pitfalls When Using IR Metrics
Even strong metrics can mislead if applied carelessly. Here are the traps most teams fall into and how to avoid them.

1

Binary vs. Graded Relevance Mismatch
MAP and MRR assume binary labels (relevant vs. not relevant), while nDCG is 

designed for graded relevance (e.g., 0–3 scale). Misaligned labels lead to 

misleading scores.
Solution: Always match your judgments to the metric type. For SEO teams, 

this aligns with semantic relevance scoring—not all matches are equally useful.

2

Pooling and Incompleteness
Benchmarks like TREC and BEIR use pooling (collect top results from many 

systems, then label). Unjudged documents are treated as non-relevant, which 

can unfairly depress Recall and MAP.
Solution: Always compare on the same pools. In semantic SEO evaluations, 

pooling from your semantic content network ensures you aren't penalizing 

new or uncovered entities.

3

DCG Variant Confusion
Multiple definitions exist: gain = rel vs. 2^rel - 1; discount base = log₂ vs. natural 

log. Changing either can shift absolute scores significantly.

Solution: Always document which variant you use, especially in query 

optimization pipelines. Consistency is critical for reproducibility.

4

Ignoring Tail Queries
Precision@10 looks good for head queries, but long-tail queries may suffer 

silently.

Solution: Combine metrics (nDCG@10 + Recall@100) to test both central 

search intent and rare queries. This is critical for sites pursuing topical 

authority across entity-rich domains.
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Benchmark Practices in 2025
Modern IR benchmarks (TREC, MS MARCO, BEIR, MIRACL) have converged on standard practices that mirror real user behavior and system 

requirements.

nDCG@10
The default for top-rank evaluation, especially with graded judgments. 

Captures both relevance quality and position sensitivity in a single metric.

Recall@100/1000
Checks whether the system retrieves enough candidates for re-ranking or 

RAG pipelines. Essential for multi-stage retrieval architectures.

MAP
Still useful for classic ad-hoc retrieval where multiple relevant documents 

matter and ranking quality across all positions is important.

MRR@10
Reported for QA tasks where only the first relevant hit is critical. Perfect 

for navigational and factoid queries.

This approach mirrors user behavior: most users scan only the top-10, but engines must ensure deeper recall for downstream passage ranking or RAG 

applications.
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Implementation Tips for Practitioners

1. Metric Pairing Strategy
Don't rely on a single score. Pair metrics to cover multiple aspects:

nDCG@10 → top-rank graded precision

Recall@100 → coverage for re-ranking

MAP → depth quality when multiple docs are relevant

MRR → speed to first hit

This triangulation mirrors how search engines balance semantic 

relevance with coverage.

2. Report @k Explicitly
Precision@5 vs. Precision@10 can tell very different stories. Always 

specify cutoffs—especially in SEO experiments where click depth 

varies by query type.

3. Macro-Averaging
Compute metrics per query, then average. Avoid concatenating 

results across queries (micro-averaging), which overweights 

frequent head queries.

This ensures fair representation of long-tail queries, reinforcing your 

central search intent coverage.

4. Integrate User Feedback
Metrics should be cross-validated against click models and dwell 

time as implicit signals.

For live SEO systems, supplement offline metrics with 

CTR/dwell-based evaluations (debiased with click models).
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Practical Playbook: Research Pipeline

Train Retrieval Model
Develop your retrieval system using training data with relevance judgments

Evaluate with nDCG@10 and Recall@100
Measure both top-rank quality and candidate pool coverage

Compare with MAP for Robustness
Validate that multiple relevant documents are ranked well, not just the top few

Diagnose Failures
Inspect queries with low nDCG but high Recall—means relevant docs are found but poorly ranked

Key Insight: The gap between Recall@100 and nDCG@10 reveals re-ranking opportunities. If you're retrieving the right documents 

but not surfacing them early, focus on improving your ranking model rather than retrieval coverage.
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Practical Playbook: Enterprise/SEO Evaluation
01

Segment Queries by Type
Separate head queries from long-tail queries. Different query types require different optimization strategies and metric priorities.

02

Use Precision@5 for High-Traffic Navigational Queries
For queries where users know exactly what they want, focus on precision at the very top of results. These queries drive significant 

traffic and brand perception.

03

Use Recall@100 for Exploratory, Entity-Driven Queries
For informational and exploratory queries, ensure comprehensive coverage across your entity graph. This builds topical authority.

04

Map Poor-Performing Queries to Entity Graph
Identify coverage gaps by analyzing which entities or topics consistently underperform. This reveals content opportunities and 

semantic gaps in your site architecture.

Pro Tip: Create a query performance matrix that plots nDCG@10 vs. Recall@100 for each query segment. This visualization quickly 

reveals whether you have a ranking problem or a coverage problem.
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Practical Playbook: RAG Pipeline
Retrieval-Augmented Generation systems require careful evaluation at each stage to ensure high-quality outputs.

Retrieval Stage
Metric: Recall@100

Ensures the right passages are available 

in the candidate pool. Without good 

recall here, downstream stages cannot 

recover.
• Optimize for coverage across diverse 

query formulations
• Monitor recall across different entity 

types and topics

Re-ranking Stage
Metric: nDCG@10

Ensures the best passages are placed at 

the top for the generation model to 

consume. Position matters critically here.

• Focus on graded relevance to 

distinguish highly relevant from 

partially relevant
• Validate that context windows 

receive optimal passages

Generation Stage
Metric: User Satisfaction

Validate against implicit signals like 

clicks, dwell time, and explicit feedback. 

Offline metrics guide development, but 

user satisfaction is the ultimate measure.

• Track answer accuracy and 

completeness
• Monitor hallucination rates and 

factual consistency
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Frequently Asked Questions

Which is better: MAP or nDCG?
MAP is great when multiple relevant documents exist and you 

care about ranking quality across all positions. nDCG is better 

when graded relevance and top-rank quality matter most. Use 

both when possible for comprehensive evaluation.

Why does my MRR look inflated?
If most queries have one obvious relevant document at the top, 

MRR spikes—but this hides poor coverage of other relevant 

documents. Pair with Recall@100 to get the full picture of 

system performance.

How do I handle graded labels in MAP?
Use graded AP variants, but note that nDCG handles graded 

relevance more natively. If you have graded judgments, nDCG 

is generally the better choice for evaluation.

What metrics should I report for SEO 
experiments?
nDCG@10 for SERP quality + Recall@100 for content coverage. 

Supplement with CTR/dwell for live validation. This combination 

captures both immediate user satisfaction and long-term topical 

authority.
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The Complete Metric Selection Framework

Single Answer Needed?
Use MRR for QA and navigational queries 

where users need one precise result 

quickly.

Multiple Relevant Docs?
Use MAP when many documents are 

relevant and ranking quality across all 

positions matters.

Graded Relevance?
Use nDCG when documents have varying 

degrees of relevance and position 

sensitivity is critical.

Coverage Critical?
Use Recall@k to ensure comprehensive retrieval for re-ranking or 

RAG pipelines.

Top Results Only?
Use Precision@k when only the top-k results matter and you want 

minimal noise.

Remember: Don't rely on a single metric. The most robust evaluations combine multiple metrics to capture different dimensions of system 

performance.
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Final Thoughts: Metrics and Query Quality

The Foundation of Evaluation
IR metrics are only as good as the queries they measure. Upstream query rewriting ensures clarity, while downstream 

metrics like nDCG, MAP, and Recall confirm whether intent was satisfied.

Together, they let you evaluate semantic retrieval in a way that balances precision, coverage, and trust—ensuring your 

rankings reflect true user satisfaction, not just surface clicks.

Balance Multiple Dimensions
Combine metrics to evaluate precision, recall, ranking quality, and 

user satisfaction simultaneously.

Match Metrics to Tasks
Different query types and use cases require different evaluation 

approaches. Segment and measure accordingly.

Validate with Real Users
Offline metrics guide development, but implicit and explicit user 

feedback provides the ultimate validation.

Key Takeaway: The most successful IR systems don't optimize for a single metric—they optimize for user satisfaction by carefully balancing multiple evaluation dimensions across different query types and use cases.
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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

Pinterest: https://www.pinterest.com/SEO_Observer/
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