
IR: Evaluation
Evaluation of IR systems
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Standard Test collections for Ad-Hoc retrieval

- Cranfield collection [1950]: Contains 1398 abstracts of journal articles, 225 
queries, exhaustive judgements for all query document pairs.

- Text Retrieval Conference (TREC) [1992]: 1.89 billion documents , relevance 
judgments for 450 information needs. Judgements for top-k documents.

- GOV2: 25 million .gov web pages!
- NTCIR and CLEF: Cross language information retrieval collection has queries 

in one language over a collection with multiple languages.
- Reuters-RCV1, 20 Newsgroups, … 
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Precision

Precision measures how many of the retrieved documents are actually relevant.

- Precision focuses on the quality of results.
- High precision means fewer false positives.

Example:

If you retrieve 10 documents, and 8 of them are relevant, the precision is 8/10=0.8.
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Recall

Recall measures how many of the relevant documents were successfully 
retrieved.

Recall focuses on completeness of results.

High recall means fewer false negatives.

Example:

If there are 20 relevant documents and you retrieved 15 of them, the recall is 
15/20=0.75.
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(True Positives)

(True Positives + False Positives)

(True Positives)

(True Positives + False negatives)
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…

Precision is concerned with minimizing false positives.

Recall is concerned with minimizing false negatives.

When True Negatives Matter

True negatives are useful in other evaluation metrics, like:

● Accuracy:
Accuracy=TP+TN /Total Documents

Accuracy considers all outcomes, including true negatives. However, it can be misleading 
in imbalanced datasets (many irrelevant documents).

● Specificity (True Negative Rate):
Specificity=TN // TN+FP

Specificity measures how well the system avoids retrieving irrelevant documents. It’s less 
relevant for information retrieval tasks but useful in other fields like medical testing.
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Can we do better? 
Can we have one number to express quality?
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Why the Harmonic Mean?

● The harmonic mean penalizes low values.
● If either Precision or Recall is very low, the F1-Score will also be low.
● This ensures that both Precision and Recall are balanced. A system cannot 

perform well overall by excelling in just one of the two metrics.
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Harmonic mean is more 
conservative than geometric 
mean and arithmetic mean

22



23



24



Why harmonic mean for Precision and Recall?

1. For F1 score to go up, we also 
need precision and recall to go 
up.

2. Dealing with the ratios

25



simple harmonic mean of 
precision and recall.
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First retrieval system.

Second retrieval system.
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Which retrieval system is bad and why?

Which IR system will you prefer? Can we do better?
28

Treats this two system 
equally. If we take precision 
and recall.



Can we do better for ranked documents?

- Precision recall and F measure are set based measures.
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● MAP is a standard metric in text retrieval systems to evaluate the ranking of retrieved 
documents.

● Systems like Apache Lucene, Elasticsearch, or academic TREC (Text REtrieval 
Conference) use MAP to benchmark performance.

Example:
Given a dataset of queries and a set of documents (relevant and irrelevant), MAP determines how 
well the system ranks the relevant documents at the top.

Mean Average Precision
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Discounted Cumulative Gain (DCG)

DCG is designed to evaluate:

Ranking quality: The position of relevant items matters; higher-ranked items are 
given more importance.

Graded relevance: DCG accounts for relevance scores that may vary in degree 
(e.g., highly relevant, somewhat relevant, irrelevant).

Unlike precision and recall, which treat relevance as binary (relevant or not), DCG 
allows for a graded relevance score.
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…

How DCG Works

● Items ranked higher contribute more to the overall score due to the logarithmic 
discount.

● The relevance score reli\text{rel}_ireli  reflects how useful or important an item is.

The logarithmic discount means:

● Rank 1 has no discount (most important).
● Rank 2 gets a logarithmic penalty, and so on.

Thus, DCG favors relevant items appearing earlier in the ranked list.
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Normalized DCG (NDCG)

To make DCG comparable across queries or datasets, we normalize it by the 
ideal DCG (IDCG) — the best possible DCG score if all relevant items were 
ranked in perfect order.

NDCGp=DCGp / IDCGp  

● IDCG is the DCG when the most relevant items are sorted in perfect order.
● NDCG ranges from 0 (worst ranking) to 1 (perfect ranking).
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Applications of DCG

Search Engines: Evaluating how well search engines rank relevant documents 
(e.g., Google, Bing).

Recommender Systems: Evaluating the ranking of recommended items (e.g., 
Netflix, Amazon).

Learning to Rank: Machine learning models trained to optimize ranking systems.

Information Retrieval: Systems like Elasticsearch and Lucene use DCG to 
measure performance.
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Why Use DCG?

Graded Relevance: Accounts for varying degrees of relevance (not just binary).

Position-Aware: Rewards systems for ranking relevant items earlier in the list.

Normalization (NDCG): Allows for comparisons across different queries or 
datasets.
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Thank you for your time and attention.
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