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Genetic Mapping Overview 

 “A genetic map is a list of genetic elements ordered according 

to their co-segregation patterns” [Computational approaches and software tools for 

genetic linkage map estimation in plants.(2009)]  
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Genetic Mapping Overview 

 “The problem of genetic mapping can essentially be divided 

into three parts: grouping, ordering, and spacing” [Computational 

approaches and software tools for genetic linkage map estimation in plants.(2009)]  

 



Problem 

 State-of-the-art mapping tools don’t scale well 

 Hundreds of thousands of genetic markers available, but 

current software can only handle up to ~10,000 markers 

 Bottleneck is the linkage-group-finding phase 

 Popular mapping tools all handle this phase the same way, with 

an 𝑂(𝑚2) clustering algorithm for 𝑚 markers 
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 Our solution: A fast, scalable clustering algorithm tailored 

to genetic marker data 

 

 



Our Approach: “Lod score bubbles” algorithm 

 Similarity function:  LOD score 

  a logarithm of odds that two markers are genetically linked 

 

 Assume: clusters have a “linear” structure 
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Our Approach: “Lod score bubbles” algorithm 

 Similarity function:  LOD score 

  a logarithm of odds that two markers are genetically linked 

 

 Assume: clusters have a “linear” structure 

 

 

 

 

 Key idea: Maintain a set of representative points per 

cluster, the union of which “spans” a entire cluster 
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Our Approach: “Lod score bubbles” algorithm 

m 

Iteration i: 

      find 𝑟𝑀𝐴𝑋 ∶= 𝑟𝑗 for which 𝐿𝑂𝐷(𝑚, 𝑟𝑗) is maximal; 

      set 𝐶𝑀𝐴𝑋  ≔ 𝐶𝐾 ∈ 𝐶 containing 𝑟𝑀𝐴𝑋 

𝐿𝑂𝐷(𝑚, 𝑟𝑗) 

𝑟𝑗 
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If (𝐿𝑂𝐷 𝑚, 𝑟𝑀𝐴𝑋 < 𝑳𝑶𝑫_𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅) 
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If (𝐿𝑂𝐷 𝑚, 𝑟𝑀𝐴𝑋 < 𝑳𝑶𝑫_𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅) 
 𝐶 = 𝐶 ∪ {𝑚} 
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Our Approach: “Lod score bubbles” algorithm 
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𝐶𝑀𝐴𝑋 = 𝐶1 𝐶2 

Else If ( IS_INTERIOR 𝑟𝑀𝐴𝑋  ) 
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Our Approach: “Lod score bubbles” algorithm 
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Else If ( IS_INTERIOR 𝑟𝑀𝐴𝑋  ) 
 𝐶𝑀𝐴𝑋 = 𝐶𝑀𝐴𝑋 ∪ {𝑚} 
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Our Approach: “Lod score bubbles” algorithm 
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Else If ( IS_EXTERIOR 𝑚, 𝑟𝑀𝐴𝑋  ) 
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Our Approach: “Lod score bubbles” algorithm 

m 

Else If ( IS_EXTERIOR 𝑚, 𝑟𝑀𝐴𝑋  ) 

 Add 𝑚 to representative points of 𝐶𝑀𝐴𝑋 
  Add 𝑚 to 𝐶𝑀𝐴𝑋 
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Our Approach: “Lod score bubbles” algorithm 
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Else  // 𝑚 is interior to the outer point 𝑟𝑀𝐴𝑋  
  

     

 

𝑟𝑀𝐴𝑋 
𝐶𝑀𝐴𝑋 = 𝐶1 𝐶2 



Our Approach: “Lod score bubbles” algorithm 
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Else  

 Add 𝑚 to 𝐶𝑀𝐴𝑋 
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Our Approach: “Lod score bubbles” algorithm 

m 

If the marker has a LOD score above the threshold to two clusters 

𝐶𝑀𝐴𝑋 = 𝐶1 𝐶2 



Our Approach: “Lod score bubbles” algorithm 

If the marker has a LOD score above the threshold to two clusters,   

merge the clusters and add m to the merged cluster 

m 

𝐶𝑁𝐸𝑊 = 𝐶1 ∪ 𝐶2 



Evaluation Metric for Cluster Quality 

 F-score  

 

 

 



Evaluation Metric for Cluster Quality 

 F-score  

 range: 0 to 1 

 Given a “golden standard clustering”, the F-score measures the 

quality of another clustering by comparing it to the golden 

standard  

 The F-score is a harmonic mean of precision and recall 

 An F-score of 1 indicates perfect precision and perfect recall for 

EVERY golden standard cluster 

 

 

 



Data 

 Real dataset: switchgrass 

 ~100,000 markers 

 Jarrod Chapman at JGI provided us with his clustering results 

 

 Simulated data: 𝑆𝑃𝐴𝐺𝐻𝐸𝑇𝑇𝐼[1]  

 In our simulations, marker numbers varied from 1,000 to 

100,000 markers 

 Missing data experiments performed on 100,000 marker 

dataset, with missing data rate varying from 5% to 50% 

 Error rate was ~1% 

[1] SPAGHETTI: Simulation Software to Test Genetic Mapping Programs. Nicholas A. Tinker 



Results: Our Algorithm Applied to Real Data 

 Switchgrass dataset 

 ~113,000 markers 

 ~37% missing data 

 No existing mapping tools could handle this much data 

 “golden standard clusters” are those provided by Jarrod 

Chapman 

 

 Overall F-score: 0.989806 



Results: Clustering Algorithm Comparison 

F-score 
1000 markers 5000 markers 10000 markers 100000 markers 

JoinMap 0.99545 1.0000 0.994972 

MSTMap 0.883453 0.994564 0.995023 

lod bubbles 0.849952 0.977142 0.989465 0.998628 

Simulated Data 
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Preliminary Results: Runtimes 

Runtime 
 

JoinMap MSTMap lod bubles 

25,000 
markers ~20 minutes  > 1 hour ~10 seconds 

100,000 
markers ~ 1 minute 

Simulated Data: 35% missing 



Results: Robustness in the presence of 

missing data 
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Simulated data: F-scores for various missing rates 



Conclusions 

 By exploiting the structure underlying genetic marker 

clusters,  we were able to design a fast algorithm tailored 

to genetic data 
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 By exploiting the structure underlying genetic marker 

clusters,  we were able to design a fast algorithm tailored 

to genetic data 

 

 While remaining highly accurate, we outperform existing 

mapping tools in runtime and scalability 

 



THANK YOU! 
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LOD Score 

 Compares the likelihood of obtaining test data if the two loci 
are indeed linked, to the likelihood of observing the same data 
purely by chance 

𝐿𝑂𝐷 =  log10
𝑃(𝑙𝑖𝑛𝑘𝑎𝑔𝑒)

𝑃(𝑛𝑜 𝑙𝑖𝑛𝑘𝑎𝑔𝑒)
 

 

𝐿𝑂𝐷 =  log10
(1 −  𝜃)𝑁𝑅𝜃𝑅

0.5𝑅+𝑁𝑅
 

Where: 

𝑅 = number of recombinant offspring 

𝑁𝑅 = number of nonrecombinant offspring 

𝜃 = recombination fraction, i.e. 
𝑅

𝑅+𝑁𝑅
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 (1) Compute the similarity between all 𝑂(𝑚2) pairs of 

markers, producing a complete graph with 𝑚 vertices   

 Similarity function is the “LOD score”, a logarithm of odds that 

two markers are genetically linked 

 (2) Cut all edges below a LOD threshold  

 (3) The resulting connected components = linkage groups 
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Why use an 𝑂 𝑚2  algorithm? 

 LOD score is a nonlinear similarity score, and not a true 

distance metric 

 i.e. 𝑙𝑜𝑑 𝑚1, 𝑚3 ≠ 𝑙𝑜𝑑 𝑚1, 𝑚2 + 𝑙𝑜𝑑(𝑚2, 𝑚3) 

 Therefore, fast clustering algorithms which rely on the embedding of 

vertices into an n-dimensional space do not work 
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 More importantly, data is not perfect 

 Lots of missing data, ~35%  

 Missing data can cause truly unlinked markers to appear to be 

genetically linked  

  A high LOD threshold ensures that the only edges that remain in 

the completely connected graph are between markers that are 

extremely likely to be genetically linked 



Evaluation Metric for Cluster Quality 

 F-score (range: 0 to 1) 

 Given a “golden standard clustering”, the F-score measures the 

quality of a clustering as follows: 

 The F-score between a golden standard cluster 𝑔 and a test 

cluster 𝑐 is a harmonic mean of precision 𝑃 and recall 𝑅: 

𝐹𝑠𝑐𝑜𝑟𝑒 𝑔, 𝑐 =  
2𝑃𝑅

𝑃 + 𝑅
 

 The overall F-score between the golden standard clustering G 

and a test clustering C is a weighted average of the F-scores for 

each golden standard cluster 𝑔: 

𝑜𝑣𝑒𝑟𝑎𝑙𝑙_𝐹𝑠𝑐𝑜𝑟𝑒 𝐺, 𝐶 =  
1

𝑚
 𝑔 ∗ max

𝑐 ∋𝐶
𝐹𝑠𝑐𝑜𝑟𝑒(𝑔, 𝑐)

𝑔 ∋ 𝐺

 



(Near!) Future Work  

 Use an efficient data structure to store representative 

points for each cluster 

 Test on larger simulated and real datasets  

 Test for varying error rates, population sizes 

 Obtain experimental timing results for our clustering 

algorithm 

 Build upon the “LOD-bubbles” idea in order to quickly 

and accurately order the markers within each cluster 

 


