
 Journal of 

Genetic Genealogy 
  Volume 10   Number 1   (Fall 2022) 

Fibroblasts with Mitochondria in Green.  Credit: D. Burnette, J. Lippincott-Schwartz/NICHD 



 
 

  
https://www.jogg.info                                                                                                                                  © 2021.  This work is licensed under a 

CC BY-NC-SA 4.0 license 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Inside this Issue (table is clickable in PDF Readers): 

101.001 Editor’s Corner: The Issue Is.. 

     By J. David Vance 

 

101.002 BLOOD AND PAPER: Connections between the 

Sotomayor, González de la Cruz, Soto de las Cuevas, 

and Lugo Sotomayor from Puerto Rico from the 

Sixteenth to the Eighteenth centuries 

      By Antonio Sotomayor, PhD  

 

101.003 Graphs for Genealogists 

      By David A Stumpf, MD, PhD 

 

101.004 Calculating Autosomal DNA Match Coverage:  A 

Generalized Additive Recursive Method       

      By Wesley Johnston 

  

101.005 From the X-Files:  Are X-DNA matches usually more 

distant than autosomal matches? 

       By Brit Nicholson 

 

101.006 Book Review:  DNA for Native American Genealogy, 

By Roberta Estes 

       Review by J. David Vance 

 

101.007 Word to the Ys:  The Trezise Family and its Origins 

in Cornwall 

       By David Trezise 
 

 

Review Board 

 T. Whit Athey, 
Ph.D. 
 
Steven C. Perkins, 
J.D., M.L.L. 
 
Ann Turner, M.D. 
 
David A. Stumpf, 
M.D., Ph.D. 
 
Brit Nicholson, 
M.S. 

  

 
Editor 

 J. David Vance 
 
 

 

Journal Issue Page 2 of 131

https://www.jogg.info/
https://creativecommons.org/licenses/by-nc-sa/4.0/


                

  
https://www.jogg.info                                                                          Page 1 of 1                                    © 2021.  This work is licensed under a 

CC BY-NC-SA 4.0 license 
 
 

EDITOR’S CORNER:  THE ISSUE IS… 
 
By J. David Vance 
 
 
…Released!  Another year, another issue (and yes, 
we said we’d publish these more frequently and we 
expect more frequent issues in future!).   
 
Still, what we lost in time I think we made up for in 
quality.  This issue includes several examples of 
applying DNA to exploring genealogical challenges, 
from short, focused writeups to full studies.    
 
We also have a detailed explanation of a package for 
graph analysis of genealogical relationships and 
DNA information, and a new recursive method for 
calculating autosomal match coverage.    Plus a 
review of Roberta Estes’ book on DNA for Native 
American Genealogy!   
 

Our field in the meantime is certainly not standing 
still.  While the pace of DNA testing has slowed 
somewhat, more advanced testing techniques (WGS 
and long-read genetic testing) are making inroads 
into consumer DNA testing, advances like the new 
T2T reference genome continue to spark paper and 
new discoveries, vendors continue to release new 
analytical capabilities, and DNA testing of ancient 
bones is expanding our knowledge of ancient 
migrations and connections between populations.   
 
Since our field is not standing still, the Journal of 
Genetic Genealogy should not be, either.  What 
advances are you working on in your genealogical 
analyses?  What new tools or analysis techniques 
have you found effective?  Let us know with an 
article!
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BLOOD AND PAPER: CONNECTIONS BETWEEN THE SOTOMAYOR, 
GONZÁLEZ DE LA CRUZ, SOTO DE LAS CUEVAS, AND LUGO 
SOTOMAYOR FROM PUERTO RICO FROM THE SIXTEENTH TO THE 
EIGHTEENTH CENTURIES.1 
By Antonio Sotomayor, PhD  
Associate Professor – University Library, History, and Spanish and Portuguese 
University of Illinois at Urbana-Champaign 

 
International and Area Studies Library 
313 Main Library, M/C 522 
Urbana, IL 61801 
USA 
Tel: 1-217-300-4812 
Email: asotomay@illinois.edu 
 

*To the best of my knowledge, there are no conflicts of interests to report.  

Keywords: Sotomayor, Puerto Rico, Y-DNA, González de la Cruz, Soto de las Cuevas, Lugo Sotomayor, 
Eighteenth Century, Seventeenth Century, Sixteenth Century.  

 

Abstract 

This article analyzes results from advanced Y-DNA testing to reconstruct genealogies for a set of Puerto Rican 
families. Men with verified genealogies to the eighteenth century in northwest Puerto Rico matched in the Y 
chromosome with a time to most recent common ancestor (TMRCA) in the middle of the seventeenth century. 
Given the lack of parish records for the towns from where these families came, isolated archival records, in 
addition to mentions of dispensations in later years, were used to reconstruct the genealogies that genetics had 
matched. Important in this reconstruction was the legitimate adoption of maternal surnames, often from several 
generations back, which aligns with a documented practice in the larger Spanish anthroponymy tradition. In the 
reconstruction of these genealogies, we can observe a pattern in the reproduction of privileges among the elite 
families that carried a deep historical past, from the Caribbean in the Early Modern times to the Iberian 
Peninsula in the Middle Ages. 

Names and details discussed in this article are provided with agreement from group participants. 

 
1 The author wishes to thank Mrs. Daisy López de Pujols, Mrs. Zenaida González, Mr. Ángel David González and Mrs. Iris A. Santiago 
Vélez for their important collaboration in the study of the González de la Cruz family. Thank you Mr. Ricardo Vélez for his help with 
the study of the Vélez del Rosario family. The author also owes much gratitude to Dr. Hilda Blanch-Miranda for her extensive and 
critical reading of this work prior to submission. Thank you to Mr. Dave Vance and the anonymous reviewers for their insightful and 
important suggestions, which only improved the paper. Any error or omission is the responsibility of the author.  
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Introduction 

 In 2019, a study demonstrating the genetic genealogy for a Y-DNA match between men of the 
Sotomayor and Colón de Santiago families from Moca, Puerto Rico was published.2 The study identified Pedro 
Mexía de Lugo and Isabel de Sotomayor, married circa 1573, as the ancestors of the descendants of Juan de 
Soto Hernández and Cristóbal Colón de Santiago, who lived between the seventeenth and eighteenth centuries 
in the towns of Aguada, Moca, and San Sebastián (see image 1). The author used isolated documentation 
available then to reconstruct the genealogy that genetics had connected. In this essay, we discuss new findings 
that support the documentation of the Sotomayor genealogy with recently found data. This new information 
includes parish and archival records (paper), and new and surprising Y-DNA results (blood), which confirm the 
2019 study.  
 

 
Image 1. Map of Towns in Puerto Rico, highlighting the corridor of Aguada, Moca, and San Sebastián. 

  

We have been able to identify the militia officers Soto de las Cuevas as the ancestors of  these 
Sotomayors from Aguada. We reached this conclusion thanks to an unexpected genetic result: the Sotomayors 
from Aguada are agnatic cousins of the González de la Cruz family, who trace their genealogy back to the 
founder of the town of San Sebastián in the eighteenth century. These results have not only allowed us to 
corroborate and clarify certain genealogies, but also have permitted us to demonstrate, once again, the 
importance of maternal lineages in Spanish anthroponymy. As such, we can observe the reproduction of 
privileges of the local elite classes and how powerful families concurrently expanded with the establishment of 
new towns in Puerto Rico during the early modern era.  

 

Background 

 Genetic genealogy—blood and paper—was the methodological framework used in the 2019 study that 
demonstrated that the Sotomayor and Colón de Santiago agnatic cousins from the eighteenth century coincided 

 
2 Antonio Sotomayor. “Genetic genealogy for the study of Puerto Rican, Spanish, and Portuguese family history: lessons from the 
Sotomayor, Colón, and Pereira families.” The Journal of Genealogy and Family History, Vol. 3, No. 1 (2019): 1-22. 
https://www.qualifiedgenealogists.org/ojs/index.php/JGFH/article/view/62 
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in the marriage between Captain Pedro Mexía de Lugo and Isabel de Sotomayor from the sixteenth century (see 
image 3). Advanced Y-DNA testing, which is inherited exclusively from father to son, was used to identify the 
ancestor in common between these two families. Two sons from this marriage were Captain Juan de Lugo 
Sotomayor I and Captain Guillermo de Lugo Figueroa I, who in turn had sons using different combinations of 
surnames that include Lugo Sotomayor, Sotomayor, and Soto (for Juan), and Lugo, Lugo Figueroa, Figueroa, 
Lugo Buenaventura, Ramos Colón, and Colón (for Guillermo). This repertoire of surnames demonstrates the 
importance of maternal surnames and a holistic approach to Puerto Rican and Spanish anthroponymy. 
 
 It is important to note that the Sotomayor surname, be it in Spain, Puerto Rico, or elsewhere in the 
Spanish speaking world, shows up in records as Sotomayor and/or Soto. Given that this is a compound surname, 
the two words, Soto (grove) and mayor (great or big), are often separated, or the “mayor” omitted altogether. 
This also occurred with other compound surnames in Puerto Rico such as González de la Cruz, which often 
appears as González; Ramírez de Arellano as Ramírez or Arellano; López de Segura as López; López de 
Victoria as López or Victoria; Lorenzo de Acevedo as Lorenzo or Acevedo; Ponce de León as Ponce; among 
many others. As for the Sotomayors, in 2019 there was only documentation to Juan de Soto Hernández born in 
Aguada—husband of Rosa Lorenzo de Acevedo—who died in Moca on August 6, 1791 at the age of 112 (born 
1679).3 Rosa passed away in Moca on March 8, 1793, at the age of 106 years old (born in 1687).4  What 
follows is the documented agnatic genealogy of the volunteers of the Sotomayor family discussed in 2019. 
Starting with the volunteer’s grandfather, Antonio Soto Méndez, he was the son of Alberto Soto Soto, son of 
Alberto Sotomayor Tirado, son of Juan de la Cruz de Sotomayor, son of Alberto de Sotomayor, son of Juan de 
Sotomayor, son of Juan de Soto Hernández. 
 
Grandparents, Great-Grandparents, and Great Great-Grandparents 
Civil Registry, Moca, f.[ilegible], No. 592. 
Antonio Soto Méndez, 13 January 1915 
Son of Alberto Soto and Yldefonsa Méndez Cortés 
Paternal Grandparents: Alberto Sotomayor and Magdalena Soto 
Maternal Grandparents: Marcelino Méndez Cabán and Monserrate Cortés 
 
3rd and 4th Great-Grandparents 
Nuestra Señora de la Monserrate Parish, Marriages, B.8, f.419 
Ramón Alberto Soto 
Son of Juan Soto and Balbina Tirado 
Married to Magdalena Soto 
Daughter of Eduardo Soto and Rosa de Torres 
Dispensed in 2nd degree of consanguinity.  
 

 
3 Rafael Reichard. Libreta Sotomayor No. 1, photocopy of unpublished notebook, Haydee Reichard de Cancio Collection. 
4 This data was transcribed by the lawyer and renowned genealogist Rafael Reichard Sapia during the early twentieth century; the 
original books are no longer existent. However, these relationships have been corroborated thanks to a dispensation of 3rd and 4th 
degree of consanguinity between don Juan de Sotomayor and doña Balbina Tirado Acevedo from 1842. Antonio de Sotomayor Carlo. 
“Dispensa, endogamia y milicia: Historia social para la genealogía de algunas familias de Aguada, Puerto Rico. Siglos XVII y XVIII.” 
Hereditas: Revista de Genealogía Puertorriqueña, Vol. 22, No. 1, (2021), 91-119. 
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Nuestra Señora de la Monserrate Parish, Baptism Index, 1826-1857. 
[No date] f.139 
Soto=mayor Tirado, Ramón Alberto 
Son of Juan Sotomayor y Balbina Tirado 
 
4th and 5th Great-Grandparents 
Nuestra Señora de la Monserrate Parish, Marriages, B.4, f.296 
December 15, 1842 
Juan de la Cruz de Sotomayor 
Son of Alberto de Sotomayor and Dionisia Ximénez 
Married to Balbina Tirado 
Daughter of Manuel Tirado and María Merced Acevedo 
Dispensed in 3rd and 4th degree of consanguinity. 
 
5th and 6th Great-Grandparents.  
Nuestra Señora de la Monserrate Parish, Marriages, B.2, f.66 
 
7 February 1798 Alberto de Soto 
Son of Juan de Soto and Serafina de Lugo 
Married to Dionisia Ximénez 
Legitimate Daughter of Cristóbal and Antonia  
 
7th Great-Grandparent  
Nuestra Señora de la Monserrate Parish, Deaths, B.1, f.123. 
6 August 1791 
Juan de Soto Hernández, 112 years old, born in Aguada 
Husband of Rosa Lorenzo de Acevedo. 
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Image 2. Agnatic Ancestors of Antonio Soto Méndez 

 
 
 In the 2019 article, soldier Juan Francisco de Soto (1679) was identified as Juan de Soto Hernández’s 
possible father. Similarly, kinship with the Soto de las Cuevas militia officers from the seventeenth and 
eighteenth century in Aguada (landowners in Moca in the eighteenth century) was rejected because there was 
not the slightest documented clue that they were related to the Lugo Sotomayor family. However, the data that 
will be discussed in this article demonstrates that these Soto de las Cuevas officers descended from Captain 
Juan de Lugo Sotomayor I, born about 1575. What follows is a review of the new genetic results, which provide 
surprising information for the genealogical reconstruction of these families.  
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Image 3. Genealogical chart from 2019 showing the genetic genealogy of the Sotomayor and Colón de Santiago families. 
 

Journal Issue Page 9 of 131

https://www.jogg.info/
https://creativecommons.org/licenses/by-nc-sa/4.0/


 

 
https://www.jogg.info                                                  Page 7 of 33                                  © 2022.  This work is licensed under a 

CC BY-NC-SA 4.0 license 
 

 

New Data: González de la Cruz Y-DNA and Documentation  

With the help of Daisy López de Pujols and Zenaida González Soto, we found revealing data on one of 
the most powerful families in Puerto Rico’s northwest. They both descend from Cristóbal González de la Cruz 
(born around 1738, died after 1807), and due to the lack of information on his agnatic ancestors, they searched 
for male agnatic González descendants of Cristóbal González de la Cruz to do the Y-DNA test. Their interest 
was purely exploratory, knowing the potential of Y-DNA testing for the clarification of agnatic ancestry, as the 
2019 article showed. They were fortunate to recruit one, Ángel David González, who, surprisingly, was a Y-
DNA match with a descendant of Juan de Soto Hernández.5 In other words, a descendant of Cristóbal González 
de la Cruz (known as founding Captain of San Sebastián) had the same agnatic root as a descendant of Juan de 
Soto Hernández. The documented agnatic genealogy of Ángel David González begins with his grandfather, 
Pedro Wenceslao González Fuentes, who was a son of Prudencio Vidal González Fuentes, son of Laureano 
González Soto, son of José González de la Cruz Ortiz de Peña, son of Cristóbal González de la Cruz (see image 
4). 

 
 Grandparents and Great-Grandparents 
 
Civil Registry, San Sebastián, Marriages, B. 8-15, f. 71, No.21 
23 January 1915 
Pedro Wenceslao González Fuentes 
Son of Prudencio Vidal González and Juana Ramona Fuentes 
Married to 
María Otilia Vélez Soto 
Daughter of Pablo Vélez y María Eleuteria Soto 
 
Great-Grandparents and 2nd Great-Grandparents 
 
Civil Registry, San Sebastián, Deaths, B. 26-33, f. 118, No.582 
28 December 1917 
Prudencio Vidal González Fuentes, 64 years old, married to Juana Ramona Fuentes, 11 children: Ángel, Juan 
Bautista, Estebanía, Pedro, Mercedes, Prudencio, Cristina, Ramona, Manuel de Jesús, Francisco, and Carmela.  
Son of Laureano González and María del Carmen Fuentes, de San Sebastián.  
Paternal Grandparents: José González and Marcelina Soto 
Maternal Grandparents: Marcelino Fuentes and Nieves López, from San Sebastián. 
 
2nd Great-Grandparents and 3rd Great-Grandparents 
 
San Sebastián Mártir Parish, Marriages, B.1, f.6 
13 April 1825 
José González de la Cruz-Ortiz Vélez 

 
5 Both subjects used the Big-Y advanced tests offered by Family Tree DNA laboratories. 
6 Information provided by Luis Moreno in a transcription archived in the Sociedad de Ancestros Mocanos (SAM).  
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Son of D. Cristóbal (deceased) and Da. Josefa 
Married to 
Marcelina Soto-Medina 
Daughter of D. Cristóbal y Da. Juana 
 
General Archive of Puerto Rico 
3 August 18527 
Last will and testament of Don José González de la Cruz, born and neighbor of San Sebastián, legitimate son 
of D. Cristóbal González de la Cruz and of Doña Josefa Ortiz de Peña Vélez, deceased. Brother: D. Manuel 
de Jesús. Married to Doña María Marcelina de Sotomayor, legitimate daughter of D. Cristóbal Sotomayor and 
Da. Juana de Medina, deceased. They had 12 children. He was married in San Sebastián on 13 April 1825. Died 
on 25 March 1855 at 79 years of age. 
 

 
Image 4. Agnatic Ancestors of Pedro Wenceslao González Fuentes. 

 

 
7 Sonia Méndez, Sociedad Puertorriqueña de Genealogía, Archivo General, Aguadilla, Judicial Civil, Caja #24, legajo #34, 1855-1856 
- 3 de agosto 1852 – Testament of D. José González de la Cruz. 
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 In 2019, the magazine Guácara of the Cultural Center of San Sebastián, published biographical data 
about Cristóbal González de la Cruz. Genealogist Iris Santiago Vélez reported that Cristóbal was the founding 
Captain of the town of San Sebastián de las Vega del Pepino in 1752, serving as territorial judge in 1796 and 
then as teniente a guerra (Lieutenant at War) and Mayor in 1798, 1800, and 1805. In 1778, Cristóbal wrote a 
report on the state of the parish church and declared being from Aguada and 40 years old, that is, born in 1738.8 
As stated above, Cristóbal González de la Cruz married Josefa Ortiz de Peña Vélez, a marriage that also appears 
in several parish records in San Sebastián. This couple had a least seven children: María Antonia (married to 
Juan Antonio Vélez del Rosario), Teresa, Manuel Sixto, Manuel (married to María Eusebia López de Victoria 
Segarra), José Antonio (married to María Marcelina de Sotomayor Hernández), María (married to Francisco 
Pérez de la Cruz) and Manuel de Jesús (married to María Gabriela Segarra Ortiz de la Renta).9 
 

What is interesting about the González de la Cruz and the Sotomayor Y-DNA match is the genetic 
distance—that is, how many mutations have occurred between both sequences of chromosomes that help us 
determine the approximate time of the common ancestor. The genetic distance between the González de la Cruz 
and the Sotomayor descendants is 5 (596 out of 601 markers or 330 to 400 years ago), compared to the genetic 
distance between the Sotomayor and the Colón de Santiago which is 7 (533 out of 540 markers or 400 to 600 
years ago). Altogether, the Y-DNA samples of all the men in this long study (Sotomayor, González de la Cruz, 
Colón de Santiago and Colón),10 when run through the Discover tool (combines SNPs and STRs) in the labs of 
Family Tree DNA indicate that their Time to Most Recent Common Ancestor (TMRCA) ranges from 1564 to 
1855 at a 95% confidence level (see image 5).  

 
Another independent Y-DNA tool, SAPP (uses STRs as provided in the DF41 group of samples),11 

concurred with Family Tree DNA’s Discover tool in that the TMRCA between these four samples was between 
1600 and 1850 (see image 6). It must be noted that according to the 2019 study, the available documentation for 
the Sotomayor and Colón de Santiago pointed to a man born circa 1575 as the probable common ancestor, 
fitting with the oldest date in the error ranges from these tools, 1564-1600. The most recent date in the error 
ranges as estimated in the tools, 1855/1850 can be ruled out given our documentation, which traces the 
genealogy of all these men to the mid/early 1700s. Larry Walker, DF41 research group administrator for the 
project at Family Tree DNA (FTDNA) analyzed the BigY samples from these cases and stated that the 
Sotomayor and “the González de la Cruz may have shared an ancestor about 1620-1690, and the two of [them] 
may have shared an ancestor with [their] other match [Colón de Santiago] about 1460-1560”.12 In other words, 
the error ranges from the two analysis tools were very close to the genealogical data we have found. Our study 

 
8 Iris A. Santiago Vélez. “Cristóbal González de la Cruz: Capitán fundador del Pepino.” Guácara, Vol. 6, No. 2  
 (enero-junio 2019): 12. 
9 Ibid, 13. 
10 Sotomayor tested BigY-500, González de la Cruz tested BigY-700, Colón de Santiago tested at 37 markers, and Colón de Santiago 
tested at 67 markers. Another Sotomayor tested Big Y-700, three other Sotomayor tested at 111 markers, three have paper trail that 
connect them to the Sotomayor in this study at Juan de Sotomayor Lorenzo de Acevedo (c.1730-aft.1821) with a genetic distance of 1, 
the other connects in 1818 with a GD also of 1. 
11 For the SAPP tool see http://www.jdvsite.com/, retrieved September 22, 2022. The DF41 haplogroup group is a research project 
from Family Tree DNA and can be visited at  https://www.familytreedna.com/groups/r-df-41/about/background.   
12 Comment on the group R-DF41/R-CTS2501 in FTDNA on 19 June 2021, 
 https://www.familytreedna.com/groups/r-df-41/activity-feed. 
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strongly suggests that the latter years of the error range can be ruled out due to our documented evidence, which 
narrows further the dates of the common ancestor and actually shows the genealogical trail. 

 
Image 5. Analysis of the Sotomayor, González de la Cruz, Colón de Santiago, and Colón Y-DNA samples (8) using the “Scientific 

Details” section of the Discover tool from Family Tree DNA.  
 

 
Image 6. Analysis of the Sotomayor, González de la Cruz, Colón de Santiago, and Colón Y-DNA samples (4) using the SAPP tool. 

 
 

It could be argued that the surname difference between the Sotomayor and Gonzalez de la Cruz was due 
to an illegitimate union, i.e. bastardy. Given the agnatic Y-DNA match, the bastardy would have come through 
a different mother, either a Sotomayor or González de la Cruz. However, given the profile of the men and the 
families in question, this scenario is hardly possible and goes contrary to the documentation found. These men 
were all military officials, and bastard men would not have the nobility (hidalguía) necessary to be eligible for 
these high-ranking military posts, as legally stipulated in a stratified monarchical regime such as the Spanish-
American regimes of the early eighteenth century.13 Additionally, and as will be discussed later, an 
ecclesiastical dispensation from 1822 involving these two families does not mention the bastardy in any of the 

 
13 Manuel Pardo de Vera. "La filiación y la nobleza. Pleitos de Hidalguía.” Presentation given at the IV Coloquio Internacional 
Nobleza, Real Asociación de Hidalgos de España, Madrid, April 22, 2022, https://youtu.be/OYcuPQdU7lA, retrieved on September 
22, 2022.  
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two lines that connect as it would have been obliged to do. Therefore, in that legitimate marriage between the 
Sotomayor and González de la Cruz families the ancestor in common was the same set of parents. 

If the town of San Sebastián was established in 1752, then Cristóbal would have been 14 years old (born 
in 1738), which would be too young to be a founding Captain. Given that the declarations of age during those 
years were approximations, we suppose Cristóbal was born before 1738, at least 1732, which would place him 
about 20 years old at the time of the founding of the town. However, the other problem is his position as Mayor 
in as late as 1805. That is, he would have been in command of the town on various occasions from 1752 to 
1805, spanning 53 years. Although holding the same position in the same town for 53 years (even 
intermittently) is plausible, it seems to us that the founder of San Sebastián was his father of the same name, 
Cristóbal González de la Cruz I.  

Cristóbal II’s father was the other “Cristóbal González de la Cruz” who lived in a similar time period in 
Aguada/Moca, and he would be the true founder of San Sebastián.  Tracing two men with the same name and 
political/military positions has created confusion among genealogists. Cristóbal González de la Cruz I and 
Manuela Menéndez were the parents of Francisco González de la Cruz according to his marriage to Ana Pérez 
Gerena, daughter of Juan Pérez de Gerena and Catalina Velázquez, from Moca, July 26, 1776.14 They also 
appear as parents of Lorenza González de la Cruz Menéndez in her death record in Camuy on May 11, 1835 
(born 1755).15 Francisco appears as a native of Aguada and his father, Cristóbal I, was a teniente a guerra 
reformado (Reformed Lieutenant at War). It is not indicated to which town Cristóbal I served as Reformed 
Lieutenant at War, but since the groom was from Aguada, it can be assumed that he was from that town as well 
(Aguada is adjacent to Moca, see image 1). Francisco’s sister, Lorenza, was born in San Sebastián circa 1755, 
confirming that Cristóbal I in fact had a residence in San Sebastián at the time of its foundation. Given the date 
of Francisco’s marriage, if we assume that generations span from 25 to 30 years (this is very variable16), 
Francisco must have been born in 1745/50, and his father Cristóbal I in or before 1720/25.  It seems to us that 
Cristóbal I was, in effect, the founder of San Sebastián, since the age fits much better. The source we have 
regarding the founding of San Sebastián is a report on the political and economic situation of San Sebastián 
written by Governor Miguel de la Torre on May 24, 1824.17 We believe that the “Cristóbal González de la 
Cruz” that is mentioned in Governor de la Torre’s report refers to Cristóbal II’s father, who after founding San 
Sebastián returned to his hometown of Aguada and served there again as a Lieutenant at War. 

We believe that there is enough contextual data to conclude that both Cristóbal were father and son, in 
addition to the genealogy that will be discussed later. The first obvious aspect is the first name, Cristóbal, but 
we know that proper names were common. However, when we add the ranks, the father being Captain and 

 
14 Moca, Marriages, Book 1, according to a transcription in Andrés Méndez Muñoz. “Pobladores en los procesos de fundación de 
pueblos en el Partido de San Francisco de la Aguada durante el siglo XVIII.” Hereditas, Vol. 5, No. 1 (2004): 13. This marriage had a 
dispensation of 4th degree of consanguinity.  
15 She was 80 years old at the time of death (which indicates a birth date of 1755). Camuy, Deaths, Book 2, Folio 33v. Thanks to Dr. 
Hilda Blanch Miranda for sharing this information.  
16 David Stark indicates that in Arecibo between 1708 and 1791 the average age of men varones at the moment of marriage was 24.9 
months. In other words, some married before or after the age of 25. David M. Stark. “Crossing the Threshold from Adolescence to 
Adulthood in Eighteenth-Century Puerto Rico: The Baptismal Sponsorship of Enslaved Infants in Arecibo, 1735-1772.” Hispanic 
American Historical Review, Vol.100, No.4 (2020): 638. 
17 Archivo General de Puerto Rico. Fondo: Gobernadores Españoles, Serie: Asuntos Políticos y Civiles (Visitas) Caja No. 190. 
Governor Miguel de la Torre visit to Pepino, 24 May 1824; see Walter A. Cardona Bonet. San Sebastián: Notas para su historia. San 
Juan, Puerto Rico, 1985, 19, n10p29. 
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Lieutenant at War and the son Lieutenant at War, we see the tradition of inheriting military ranks, characteristic 
of Spanish American stratified societies,18 and certainly in Puerto Rico in the seventeenth and eighteenth 
centuries.19 Both Cristóbal are mentioned in the documentation as natives of Aguada, but with ties to Moca and 
San Sebastián (both successively adjacent to Aguada to the east). Thus, the elder, making use of his social 
stature, was rewarded with the foundation of San Sebastián, paving the way for his son to become a Lieutenant 
at War decades later, thus reproducing the family’s prestige and leadership. The dates also reveal their 
relationship, the youngest born around 1738, a date close to that of Francisco. Cristóbal II was then the eldest of 
the “González de la Cruz Menéndez” children, and his father, therefore, would have been born around 1715. 
Lastly, the three men in question, Cristóbal I and II and Francisco, were from Aguada, placing them in the same 
town, with the same ranks/office duties, onomastic chain, compound surname, and generational dates. 

 

Genealogical connection of the González de la Cruz and the Sotomayor 

 We have found documentary evidence that when read with our genetic data show that these Sotomayors 
and González de la Cruz were close agnatic relatives in the early eighteenth century. If we assume that Cristóbal 
González de la Cruz I was the brother of Juan de Sotomayor Lorenzo de Acevedo, then he was another son of 
Juan de Soto Hernández and Rosa Lorenzo de Acevedo. This difference in surnames would seem strange, but 
we must not forget that in Spanish societies well into the eighteenth century there was still the practice of using 
different surnames for different children or the alternation of surnames in different documents.20  

 There are several dispensations in the first book of marriages of San Sebastián and Moca parishes that 
reveal the genealogical connections of these González de la Cruz and Sotomayor Lorenzo de Acevedo families, 
all officials of Aguada’s militia. The fact that they were militia officers makes it clear that they were not just 
any González, Acevedo, and/or Soto in those towns, but rather a limited set of families carrying out strategic 
marriages. The dispensations involve the González, Lorenzo de Acevedo, and Soto Hernández families, and 
indicate that the González de la Cruz recently descended from the Lorenzo de Acevedos through the 
Soto/Sotomayors. In the first dispensation, the change of surname between Sotomayor and González de la Cruz 
is evident and confirmatory. In the others, according to the genealogy traced in each case, the kinship of 3rd, 
3rd with 4th or 4th degree of consanguinity is explained, despite some gaps. At this juncture, it is important to 
introduce another seventeenth century Aguada family that has not been adequately studied, but that is vital to 
our study, the Soto de las Cuevas militia officers. 

  The Soto de las Cuevas’s military ranks and municipal positions in Aguada—Sergeants Majors, 
Captains, Lieutenants, Sergeants, Corporals, alcaldes de la Santa Hermandad—indicate that they were from the 
principal families of the region (just like the Sotomayor and González de la Cruz in this study), but genealogists 

 
18 For regidores and veinticuatrías in Córdoba see Margarita Cabrera Sánchez. “Los regidores de Córdoba en 1480. Aproximación 
prosopográfica.” Meridies, Vol. III (1996): 65-66; Andújar Castillo, “El fuero militar en el siglo XVIII,” 16; see also Francisco M. 
Burgos Esteban. “Las bases sociales del poder de la élite del estamento hidalgo. El linaje hidalgo de los Barrón (Logroño. Siglos XVI 
y XVII). Brocar: Cuadernos de Investigación Histórica, No. 15 (1989): 91-94. 
19 Ángel López Cantos. Los puertorriqueños: Mentalidad y actitudes. Siglo XVIII. San Juan, Puerto Rico: Ediciones Puerto, 2001, 
122. 
20 George R. Ryskamp. “The Intergenerational Transmission of Surnames in Spain, 1500-1900.” La Vie Genealogique, 28 (Acts of the 
24 International Congress on Genealogical and Heraldic Sciences, Besançon, France, May 5-7, 2000). 317-330. 
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have not been able to identify, until now, their ancestry or descendants. The only descendants identified from 
any of these Soto de las Cuevas was found by Méndez Muñoz in the General Military Archive of Segovia 
through the marriage record of Naples Infantry Second Lieutenant Miguel Palatino who requested authorization 
to marry María Casimira Morales del Río in 1774. Since 1701, and re-established in 1760, the marriages of 
Spanish military officers had to be approved by the authorities, given that “unequal” classes were not allowed to 
marry. The idea was the preservation of nobility of the contracting family.21 María Casimira Morales del Río 
was the daughter of the Reformed alférez (Ensign) Eusebio Morales del Río and María de la Rosa Velasco. 
Eusebio was the son of the Sergeant Major of Añasco, Cristóbal Morales del Río and Juana Francisca de la 
Cruz, who was in turn the daughter of the Reformed Sergeant Major and Lieutenant at War Manuel de Soto de 
las Cuevas and Andrea de la Cruz.22 It is this marriage between Manuel de Soto de las Cuevas and Andrea de la 
Cruz that we will now move to.  

 We first note the surnames, Soto and Cruz, with the daughter inheriting the mother's surname. Manuel 
de Soto de las Cuevas was born in 1645 according to his own declaration in 1678 when he was an Ensign.23 We 
do not know Andrea de la Cruz’s age, but Manuel was Sergeant Major in 1699 and 1700, and held the 
municipal position of Reformed Lieutenant at War in 1707, which should have been Lieutenant Captain at 
War.24 This position, Lieutenant Captain at War, had considerable military and civil authority in the towns and 
coastlines that it supervised; “reformed”25 means that he was already retired. Another member of this family 
was called Juan de Soto de las Cuevas (born in 1681 and captain in 1721), and it is this man who must have 
been the son of Manuel and Andrea, and, according to our investigation, he is the same Juan de Soto Hernández 
husband of Rosa Lorenzo de Acevedo.  

Given that the Sotomayor-Hernández-Lorenzo de Acevedo and the González de la Cruz family shared a 
common agnatic ancestor probably in the seventeenth century, the Soto de las Cuevas-de la Cruz marriage 
would imply that Juan de Soto de las Cuevas, born in 1681, that is, a generation after Manuel, was in other 
words Soto de las Cuevas-Hernández de la Cruz. We already know that the surname "Hernández de la Cruz" 
existed in Aguada in those years. One of the militiamen in the Aguada muster roll was Andrés Hernández de la 
Cruz (born around 1644), one of the few militiamen with the surname Hernández in Aguada in 1700. And it is 
known that other marriages at the end of the eighteenth century in Moca, Aguadilla, and Isabela commonly 
included, families from the Aguada militia of the 1700s (e.g., Soto, Lorenzo de Acevedo, López de Segura, 
Luciano de Fuentes, Ximénez, Hernández del Río/de la Cruz, Román, etc.), showing clear endogamic patterns. 
One of Andrés’s probable sons was Manuel Hernández del Río (1669), who also appears in the militia muster 
rolls as Manuel Hernández.26 Another probable son was Andrés Hernández de la Cruz, born in 1661, who 

 
21 Enrique de Ocerín. Índice de los expedientes matrimoniales de militares y marinos que se conservan en el Archivo General Militar 
(1761-1865). Tomo VII. Madrid: Consejo Superior de Investigaciones Científicas, Instituto Jerónimo Zurita, 1959, LVII-LIX. 
22 Andrés R. Méndez Muñoz. “Carta Abierta. Eusebio Morales del Río y María de la Rosa-Velazco: Naturales del Partido de la 
Aguada.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 3, No. 2 (2002): 9-10. 
23 Ibíd, 10. 
24 Luis A. Caldera Ortiz. “La orden administrativa de los pueblos en Puerto Rico: Siglos XVI y XVII.” Hereditas: Revista de 
Genealogía Puertorriqueña, Vol. 29, No. 2 (2019): 102. Manuel de Soto de las Cuebas appears as “teniente y capitán a guerra” 
(Lieutenant Captain at War) in Aguada in 1704. AGI, Escribanía de Cámara, Legajo 128A, f.673.  
25 Ibid, 108.  
26 Andrés R. Méndez Muñoz. “Resistencia a curatos en el Partido de San Francisco de la Aguada.” Hereditas: Revista de Genealogía 
Puertorriqueña, Vol. 6, No. 1 (2005): 82. 
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appears as alcalde de la Santa Hermandad in San German in 1692.27 Therefore, given the context of this study, 
Andrea de la Cruz was the sister of Andrés the elder, that is, Andrea Hernández de la Cruz. In this way, and 
given the irregularity of surnames, the descendants of Manuel and Andrea could have inherited at least the 
surnames Soto, Cuevas, Hernández and/or Cruz.  

There are other prosopography data that allow us to identify Juan de Soto Hernández as Juan de Soto de 
las Cuevas. First, Juan de Soto Hernández was a native of Aguada and died in Moca on March 6, 1791 at the 
age of 112.28 If we take this age literally, Juan de Soto Hernández was born in 1679. Juan de Soto de las Cuevas 
reported in 1709 being 28 years old “more or less”, that is, born in 1681.29 The dates of birth are extremely 
close. While living to 112 years is uncommon, there are enough documented cases of people having lived a 
century or more in Puerto Rico. A contemporary example is Benjamín Sotomayor from Aguadilla who turned 
100 in 2016 and still drove his car and led an active life.30 A lady in Puerto Rico at the age of 98 in 2017 was 
still trimming trees in her yard, while Carmen Burgos from Orocovis, at the age of 110, eagerly awaited 
Christmas.31 In Cuba in 2017 there lived around 2,000 people over 100 years old, and three people between the 
ages of 113 and 115.32 Recently, Emilio Flores Marquez, from Carolina, Puerto Rico was certified as the oldest 
man in the world on June 30th, 2021, a few weeks before his 113th birthday.33 We must take the age indicated 
earlier in Juan’s life as more accurate, that is, born around 1681 or soon after. 

Second is the connection between the border towns of Aguada and Moca. As indicated before, Juan de 
Soto Hernández was a native of Aguada, but died in Moca. Captain Juan de Soto de las Cuevas was born in 
Aguada and declared in 1707 to be the owner of one part of a large possession of cattle and another of sows in 
Moca.34 As an owner of cattle in Moca, it is not a stretch to think that Juan de Soto de las Cuevas had properties 
and residence in said town and died there. Third, we can clearly see a connection to the “military castes”35 of 
Aguada, given that Juan de Soto de las Cuevas was a Captain and alcalde de la Santa Hermandad (son of a 
Sergeant Major and Captain),36 the González de la Cruz were Lieutenants at War and Captains, the Sotomayor 
with militia ranks like Sergeants, etc., all engaging in endogamic “quality” marriages.37 Looking at the available 

 
27 Andrés R. Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada en los juicios de residencia para finales del siglo 
XVII.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 7, No. 2 (2006): 68. 
28 Rafael Reichard. Libreta Sotomayor No. 1, unpublished notebook, Haydee Reichard de Cancio Collection. 
29 Méndez Muñoz, “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII,” 64. 
30 Lester Jiménez. “Aguadillano celebrará su centésima Nochebuena.” Primera Hora, 17 December 2016. 
http://www.primerahora.com/noticias/puerto-rico/nota/aguadillanocelebrarasucentesimanochebuena-1194863/  
31 Shared link by Kelley Robles, “Señora de 110 años muestra que sigue con espíritu navideño y espera recibir el 2018.” Noticias24/7 
from 29 December 2017. Retrieved 31 December 2017. 
32 Agencia EFE. “Cuba tiene más de dos mil habitantes que superan los cien años.” Cibercuba Noticias, 31 May 2017. 
https://www.cibercuba.com/noticias/2017-05-31-u141144-e129488-cuba-tiene-2153-habitantes-superan-cien-anos-segun-datos  
33 David Williams. “A 112-year-old in Puerto Rico sets Guinness World Record as oldest living man.” CNN, 4 July 2021, retrieved 27 
July 2021, http://lite.cnn.com/en/article/h_221853538273b43705ea615053ef1b2e.  
34 Andrés R. Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII.” Hereditas: 
Revista de Genealogía Puertorriqueña, Vol. 8, No. 1 (2003): 64. 
35 I use the term “military castes” (castas militares) as coined by Francisco Andújar Castillo when he referred to the military officials 
with fuero in Spain and the way they kept this privilege among the same class of military nobles. Francisco Andújar Castillo. “El fuero 
militar en el siglo XVIII. Un estatuto de privilegio.” Chronica Nova, Vol. 23 (1996): 17. 
36 Andrés R. Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada en los juicios de residencia para principios del 
siglo XVIII.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 8, No. 1 (2007): 9. 
37 Antonio Sotomayor. “Dispensa, endogamia y milicia: Reconstrucciones genealoógicas de algunas familias de Aguada, Puerto Rico, 
siglos XVII y XVIII.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 22, No. 1 (2021): 91-119. 
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muster rolls from 1817,38 all the white Soto/Sotomayor Sergeants and Corporals in Puerto Rico (except one 
Soto Captain in Hato Grande/San Lorenzo) were all from companies in Moca, Aguada, Aguadilla and Añasco, 
including a son of Juan de Sotomayor Lorenzo de Acevedo, Alberto (Sergeant in Moca in 1817). Therefore, 
Captain Cristóbal González de la Cruz was the son of a Captain, grandson of a Captain and Sergeant Major and, 
as we shall see later, a descendant of a lineage full of men of such military rank. Let us remember that these 
military ranks were inherited, or at least that was the expectation in a stratified society such Puerto Rico in the 
eighteenth century. In other words, sons of military officers were expected to be military officers. 

Endogamous marriages between the military castes of Aguada and surrounding towns are reflected in 
the numerous dispensations in the marriage books of the late eighteenth and early nineteenth centuries that have 
survived. Unfortunately, we do not have the ecclesiastical records where the relationships were explained, but 
the mention of the dispensation itself can be very helpful in the reconstruction of genealogies, particularly when 
we observe marriage patterns among the same families in this study: González, Acevedo, Soto, and Cruz. 
Indeed, we have been able to use the mentions of various dispensations in the first book of marriages of Moca 
as evidence of the kinships outlined above. Through mentions of marriage dispensations, we can corroborate the 
genetic evidence between Juan de Sotomayor Lorenzo de Acevedo and Cristóbal González de la Cruz, whose 
father, according to the Y-DNA results, was born in the seventeenth century. These consanguinity dispensations 
fit with the genetic and genealogical data where Juan de Soto de las Cuevas Hernández was the husband of 
Rosa Lorenzo de Acevedo, and the son of Manuel de Soto de las Cuevas and Andrea de la Cruz.  

We have been able to identify the source of the surname González of this family. There were several 
“González de Acevedo” militiamen in Aguada in 1700 and 1709, who also show up in the documents on the 
founding of the town of Añasco in 1727. One of these “González de Acevedo” was, without a doubt, the father 
of Rosa Lorenzo de Acevedo, since it is the explanation of the close agnatic genetic conjuncture between the 
Sotomayor Lorenzo de Acevedo family on the one hand and the González de la Cruz family on the other at the 
beginning of the eighteenth century in the same town. These militiamen were Silvestre González de Acevedo 
(1669),39 Lorenzo González de Acevedo (1669),40 Corporal Juan González de Acevedo (1673),41 Martín 
González de Acevedo (1681),42 Julián González de Acevedo43 and Sergeant Francisco González de Acevedo,44 
all born between the 1660s and 1680s. It is probable that all these militiamen were sons of Juan Lorenzo de 
Acevedo born around 1649.45 Corporal Juan González de Acevedo played a leading role in the foundation of 
Añasco by being one of the five guarantors who mortgaged part of his properties to support the foundation 

 
38 Urban Militias List, Fondo de Gobernadores Españoles, Archivo General de Puerto Rico compiled and published by Andrés 
Méndez Muñoz and Fabián Méndez Rodríguez. 
39 “Silvestre de Acevedo” in Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo 
XVIII,” 57, and “Silvestre González” in Fabián Méndez Rodríguez. Raíces puertorriqueñas, 276. 
40 Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII,” 60 
41 Méndez Rodríguez, Raíces puertorriqueñas, 209, 226. 
42 “Martín de Acevedo” in Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII,” 
58, and “Martín González de Acevedo” in Fabián Méndez Rodríguez. Raíces puertorriqueñas, 209. 
43 Méndez Rodríguez, Raíces puertorriqueñas, 209. 
44 Méndez Rodríguez, Raíces puertorriqueñas, 266. 
45 Méndez Muñoz, “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII,” 57. 
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process.46 Sergeant Francisco de Acevedo was another of the militiamen from Aguada appointed to be part of 
the military officials of the new town of Añasco.47  

In the marriage dispensations that we will see below, we note a clear and sustained strategy of 
endogamous marriages between the Soto, Acevedo, and González families. The first of these marriage 
dispensations is of singular importance, because it shows without a doubt that these Sotomayor and González de 
la Cruz were agnatically related. In fact, in this dispensation, we can observe that there was another son of Juan 
de Soto de las Cuevas Hernández and Rosa Lorenzo de Acevedo named Antonio. In the subsequent 
dispensations, although the records only indicate the parents of the groom and the bride, given the methodology 
used in this essay and what was found in the first dispensation, we have been able to reconstruct—albeit 
imperfectly—the common ancestor. We see that, on two different occasions, several brothers and/or cousins 
married on the same day, making it clear that these marriages were more than a family celebration, they were a 
concerted strategy to maintain close ties with each other. The fact that they were families of the military castes, 
and/or with the courtesy title of don or doña, allows us to see more than the social stature of the bride and 
groom—it was not just any male or female González or Acevedo or Soto—, they belonged to the same small 
social circle and, given the dispensations, the same family. 

 Dispensation # 1: April 18, 1822, San Sebastián, marriage between Manuel de Jesús de Soto Borrero 
and María Josefa Vélez del Rosario González de la Cruz, dispensed twice in 3rd degree of consanguinity.48 In 
this marriage and its dispensation, we see the kinship of brothers between Juan de Sotomayor and Antonio 
González de la Cruz, both sons of captain Juan de Soto de las Cuevas Hernández and Rosa Lorenzo de Acevedo 
(identified with an oval on Image 7), given that we already knew the ancestors of the other branches.49 Antonio, 
like his brother Cristóbal González de la Cruz (founding captain of San Sebastián), inherited his surnames from 
his paternal grandmother and maternal grandfather. This is confirmed by the agnatic genetic result between the 
Sotomayor and González de la Cruz.  The other 3rd degree of consanguinity took place through the families 
“Vélez-Borrero” and “Vélez del Rosario.” It is said that the Vélez-Borrero and Vélez-del Rosario had the same 
genealogical origins at the beginning of the seventeenth century.50 We included another table (Image 8) which 
shows a better and more visible relationship in the 3rd degree of consanguinity. 

 

 
46 Méndez Rodríguez, Raíces puertorriqueñas, 260-261. Ciénaga is a sector in the town of Añasco. 
47 Ibíd., 266. 
48 San Sebastián Mártir Parish, Marriages, Book 1, folio 63. 
49 For Serafina de Lugo’s parents see Antonio de Sotomayor y Carlo, “Dispensa, endogamia y milicia: Historia social para la 
genealogía de algunas familias de Aguada, Puerto Rico. Siglos XVII y XVIII.” Hereditas: Revista de Genealogía Puertorriqueña Vol. 
22, No. 1 (2021): 102, 104-111; María Narcisa appears as a daughter of Tomás Vélez-Borrero and Manuel Micaela Ortiz de la Peña in 
Rafael Reichard Sapia, “Libreta Vélez Borrero,” folio 1 (this notebook, which dates From the early twentieth century, has been 
accepted as a legitimate source in a certification of Genealogy in the Sociedad Puertorriqueña de Genealogía, given that the sources 
cited in said notebook no longer exist. Moreover, we know that María Narcisa was a “Vélez-Borrero” given a dispensation from 1839 
in San Sebastián that involves this lady and a relative of the surname “Vélez-Borrero”); Francisco Vélez del Rosario shows up as a son 
of Antonio and Catalina in Isabela in his death record from October 13, 1847 in Camuy, Deaths, Book 3, folio 102, No. 657 and as a 
widow of María de la Concepción González de la Cruz in his second marriage with María Manuela Vélez del Rosario del Río From 
September 13, 1821); María Concepción González de la Cruz was a daughter of Antonio and Margarita according to the research of 
Francisco “Paco” Corretjer and Dr. David Stark (Margarita dies on December 19, 1839 in Camuy, Book 2, folio 151-151v, at the age 
of 85). 
50 Ricardo Vélez Acevedo. “Rodrigo Ortiz Vélez. Una revaluación genealógica.” Hereditas: Revista de Genealogía Puertorriqueña, 
Vol. 20, No. 2 (2019): 115-134. 
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Image 7. Table of the Sotomayor Vélez del Rosario marriage dispensed twice in 3rd degree of consanguinity 
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Image 8. Simple Table of the Sotomayor Vélez del Rosario dispense twice in 3rd degree of consanguinity. 

  

The following dispensations serve as additional evidence of the relationship between the Sotomayor and 
González de la Cruz. We emphasize that we are aware that there are gaps in the names of certain generations, 
and future research should concentrate on filling in these gaps. But given both the genetic and documentary 
data, we are confident that the dispensations stem from the change of surname between Sotomayor and 
González de la Cruz. 

 Dispensation #2: December 29, 1781, Moca, marriage between Christobal [sic] de Soto Ximenez and 
Feliciana Ramos González,51 dispensed in 3rd degree of consanguinity and another for public honesty. In this 
dispensation we see the change of surname between Soto and González. Given the 3rd degree of consanguinity, 
the common relative were Juan de Soto de las Cuevas Hernández and Rosa Lorenzo de Acevedo, root of the 
change in the agnate surname of Soto/Sotomayor and González de la Cruz (identified with a rectangle in the 
Image 9). We can observe again the marriage was among families of the same stature given that all four parents 
appear with the courtesy addresses of don and doña. 

 
51 Méndez Muñoz. “Pobladores en los procesos de fundación de pueblos en el Partido de San Francisco de la Aguada durante el siglo 
XVIII,” 16. 
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Image 9. Table of the Soto Ramos marriage dispense in the 3rd degree of consanguinity. 

 

 

Dispensation #3:  December 29, 1781, Moca, marriage between Joseph González and Polonia Ramos, 
dispensed in 3rd degree of consanguinity (identified with a rectangle in Image 10).52 Once again, we see the 
change of surname between Soto and González, and given that it was the same day as the previous marriage, we 
think that they were also Soto siblings (Cristóbal and Josefa) marrying the Ramos González sisters (Polonia and 
Feliciana). The groom’s father, Joseph González appears as Lieutenant Captain in Moca in 1791 for the 
marriage of his son Luis.53 The marriage of Lieutenant Captain Joseph González and Josefa de Soto was of the 
same class, at the same time marrying his son to another Captain's granddaughter. This Lieutenant Captain 
Joseph González was not the son of Cristóbal González de la Cruz because the other Joseph González was 
married to Marciana de la Chanza.54 

 
52 Ibíd., 16. 
53 Nuestra Señora de la Monserrate Parrish, Moca, Marriages, Book 2, folio 39, 26 November 1793, Luis González, legitimate son of 
Lieutenant Captain Joseph González and Josefa de Soto, married Juana María Rodríguez, legitimate daughter of Patricio Rodríguez 
and Juana Rodríguez. The couple was dispensed in a 4th degree of consanguinity. Thank you to Dr. Hilda Blanch Miranda for sharing 
this information. 
54 See as an example the following transcriptions by Luis Moreno, Moca, Marriages, Book 2, 10 September 1800, José González, 
legitimate son of José and Marciana de la Chanza, married María Juliana Barreto, legitimate daughter of Francisco and Juana 
Francisca Rivera, witnesses were Juan Barreto and Rosa de la Cruz; 27 july 1795, folio 57v, Domingo de Vargas-Román, legitimate 
son of Domingo and Antonia married María González de la Cruz-Chanza, legitimate daughter of D. José and Marciana, witnesses 
Manuel de Jesus Torres and María de Vargas. 
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 Image 10. Table of the González Ramos marriage dispensed in 3rd degree of consanguinity 

 

Dispensation #4:  May 29, 1780, Moca, marriage between Juan Cordero and María Acevedo, dispensed 
in 3rd with 4th degree of consanguinity.55 Although the mother of the bride is Díaz de la Cruz, and therefore the 
dispensation could come through the Cruz, we think that given the current established kinship (genetic and 
documented) between the Sotomayor and the González de la Cruz, the dispensation came through these 
families. Therefore, we can observe that the common ancestor was a “González de Acevedo” (identified with an 
oval in the Image number 11), showing the González de la Cruz lineage up to Manuel de Soto de las Cuevas 
and Andrea de la Cruz and son of Rosa Lorenzo de Acevedo. Again, the marriage took place among the military 
castes of Aguada.  

 
55 Méndez Muñoz. “Pobladores en los procesos de fundación de pueblos en el Partido de San Francisco de la Aguada durante el siglo 
XVIII,” 15. 
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Image 11. Table of the Cordero Acevedo marriage dispensed in 3rd with 4th degree of consanguinity. 

 

Dispensation #5:  May 29, 1780, Moca, marriage between Manuel Ramos and Luisa Acevedo, 
dispensed in 3rd with 4th degree of consanguinity.56 We can see that the common ancestor was a “González de 
Acevedo” (identified with an oval in Image 12) showing his González de la Cruz lineage up to Manuel de Soto 
de las Cuevas and Andrea de la Cruz and son of Rosa Lorenzo de Acevedo. The marriage took place on the 
same date as before, and between the same two families, González de la Cruz and Lorenzo de Acevedo. Again, 
the marriage took place between military families. 

 
56 Ibid, 15.  
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Image 12. Table of the Ramos Acevedo marriage dispensed in 3rd with 4th degree of consanguinity. 

 

Dispensation #6:  December 29, 1792, Moca, marriage between José Lorenzo de Acevedo and Josefa 
González, dispensed in 3rd with 4th degree of consanguinity and 4th degree of consanguinity.57  We can see that 
the common ancestor was a “González de Acevedo” (identified with an oval in Image 13).  We can also observe 
that this marriage has all families under study: Acevedo, González, Cruz, and Soto. It is possible that the 
dispensation of 4th degree of consanguinity came from the mother of the bride, Ana de Soto, as possible 
granddaughter of Manuel de Soto de las Cueva, but without other data on her, it is difficult to propose kinship 
with two unidentified generations in between. We think that Gabriel Lorenzo de Acevedo and Margarita Díaz 
were siblings of Juan Lorenzo de Acevedo and Martina Diaz, respectively (like the dispensation above), 
brothers marrying sisters, a common practice at that time.  

 
57 Nuestra Señora de la Monserrate Parish, Marriages, Book 2, folio 34v. Thank you to Dr. Hilda Blanch Miranda for sharing this 
information. 
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Image 13. Table of the Acevedo González marriage dispensed in 3rd with 4th and 4th degrees of consanguinity. 

 

Dispensation #7:  August 28, 1780, Moca, marriage between Eusebio Ximénez and María Monserrate 
González dispensed in 3rd with 4th degree of consanguinity.58 We can see once more that the common ancestor 
was a “González de Acevedo” (identified with an oval in Image 14), showing a González de la Cruz as the 
grandchild of Manuel de Soto de las Cuevas and Andrea de la Cruz and son of Rosa Lorenzo de Acevedo. We 
can observe once again that the marriage took place among military families. The importance of this 
dispensation is that it clears doubt of the common kinship in the two previous matches through Martina Díaz de 
la Cruz because the families involved continue to be Lorenzo de Acevedo and González de la Cruz. 

 
58 Méndez Muñoz. “Pobladores en los procesos de fundación de pueblos en el Partido de San Francisco de la Aguada durante el siglo 
XVIII,” 15. 
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Image 14. Table of the Ximénez González marriage dispensed in 3rd with 4th and 4th degrees of consanguinity. 

 
We must remember that these dispensations are not intended to uncover the names of ancestors 

“González de Acevedo”, it is clear that there are gaps in relation to the Acevedo, Soto, and González ancestors. 
The purpose of the dispensations is to show a clear pattern of endogamic marriages between the Soto, González, 
and Acevedo families, which aligns with dispensation #1 where we see the change in the surname de Sotomayor 
to González de la Cruz. In the seven cases found and discussed above we can in effect put first names and 
surnames to the central axis linking both the irrefutable biological connection and the maternal surnames 
adopted in the agnatic branches. In this way, we have been able to thread isolated data in such a way that 
genetics and genealogy confirm each other. 

 

Soto de las Cuevas and Lugo Sotomayor 

Another finding contributes to what we have discussed up to now, particularly that Juan de Soto de las 
Cuevas Hernández from Aguada was a descendent of the Lugo Sotomayor family from San Juan, confirming in 
turn the findings from 2019. As stated above, in the 2019 article the militiamen Soto de las Cuevas had been 
ruled out as the ancestors of Juan de Soto Hernández because there was not the slightest suggestion that they 
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descended from the Lugo Sotomayors. In that study, the coincidence between a descendant of a Colón de 
Santiago family from Moca was traced back along the agnatic line to Captain Guillermo de Lugo Figueroa. The 
change of the surname from Lugo Figueroa to Colón family occurred with the marriage between Captain 
Andrés de Lugo Figueroa (son of Captain Guillermo de Lugo Figueroa, who was born at the end of the 
sixteenth century) and Clemencia Ramos Colón in the seventeenth century (see image 3). For the present study, 
new evidence links the Soto de las Cuevas officers from Aguada with the Lugo Sotomayor/Figueroa officers of 
the sixteenth/seventeenth centuries. 

In 1691, Isidro de la Cruz de Soto (born in 165259), a resident and militia ayudante (Adjutant) in 
Aguada, declared himself cousin of the Captain brothers Francisco de Soto (de las Cuevas) and Manuel de Soto 
(de las Cuevas), and uncle of Francisco Muñiz (del Salto), all residents of Aguada.60 Isidro was a vecino61 from 
the neighboring village of San German in 1675.62 Francisco Muñiz del Salto (born in 167463) appears as 
Sergeant Major in Aguada in 1724 and 1730.64 We were able to identify the parents of Sergeant Major 
Francisco Muñiz del Salto, don Francisco Muñiz and Leonor de Figueroa who married in San Juan on April 11, 
1672.65 He was from Ayamonte and legitimate son of don Rodrigo Muniz Correa and doña Ysabel de Mendoza, 
and she was the legitimate daughter of Diego de Agarin (soldier of El Morro fortress in San Juan) and Ana 
Camila. Although the surname of Ana Camila is not mentioned, we can infer that she would have inherited the 
maternal surname, Figueroa, given the surname of her daughter Leonor and the common practice at the time. 
The date of the marriage is in accordance with the date of birth of Sergeant Major Francisco, 1674. 

Fortunately, we have valuable information of the last name “Muñiz del Santo” that reinforces the 
relationship set out in the previous paragraph. In 1607, Bartolome del Salto, from Ayamonte, proved 
his limpieza de sangre (purity of blood or whiteness), being legitimate son of Captain Pedro del Salto, from 
Ayamonte, and Ysabel Gutierrez Pacheco, also from Ayamonte. His paternal grandparents were Bartholome 
[sic] del Salto, from Ayamonte, and Catalina Muñiz, and his maternal grandparents were Enrique Fernández, 
from Germany, and María López Pacheco, from Ayamonte. His ancestors were all noble military men.66 These 
Muñiz, del Salto also appear as “Muñoz del Salto” in Spain67 and Puerto Rico.68 The onomastic pattern 

 
59 Andrés R. Méndez Muñoz. “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII.” Hereditas: 
Revista de Genealogía Puertorriqueña, Vol. 8, No. 1 (2003): 59. 
60 Luis Rafael Burset Flores. “El Portal de Archivos Españoles (PARES) como fuente de datos genealógicos para Puerto Rico.” 
Hereditas: Revista de Genealogía Puertorriqueña, Vol. 11, No. 2 (2010): 14. 
61 Resident that owns house in that town and enjoys a respected stature. 
62 AGI, Escribanía de Cámara, legajo 135C, Comisiones. 
63 According to his own declaration before Juan López de Segura in 1709 when he was a sergeant. Andrés R. Méndez Muñoz. 
“Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII.” Hereditas: Revista de Genealogía 
Puertorriqueña, Vol. 8, No. 1(2003): 61. 
64 Andrés Méndez Muñoz. "Pobladores del Partido de San Francisco de la Aguada en los juicios de residencia para principios del siglo 
XVIII." Hereditas: Revista de Genealogía Puertorriqueña, Vol. 8, No. 1 (2007): 12. 
65 Nuestra Señora de los Remedios Parish, Marriages, Book 1, folio 119, No. 247. Witnesses Esteban de Pila, alférez Juan de Juara 
and Miguel de Ochoa. 
66 Adolfo de Salazar Mir. Los expedientes de limpieza de sangre de la Catedral de Sevilla (Genealogías). Tomo I (Expedientes 1 al 
541). Madrid: Hidalguía, 1995, 71-72. 
67 Lutgardo García Fuentes. Los peruleros y el comercio de Sevilla con las Indias, 1580-1630. Sevilla: Universidad de Sevilla, 1997, 
51, note 87, and in Ángel Aterido Fernández, editor. Corpus Alonso Cano: Documentos y textos. Madrid: Ministerio de Educación y 
Cultura y Deporte, Dirección General de Bellas Artes y Bienes Culturales; 2002, 209. 
68 “Pedro Muñoz del Salto”, vecino from Arecibo he contributed a tocino for the ships of His Majesty in 1691. Andrés Méndez 
Muñoz. “Listas de vecinos y milicias para estudio sobre historia local en los siglos XVII y XVIII.” Hereditas: Revista de Genealogía 
Puertorriqueña, Vol. 6, No. 2 (2005): 53. 
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“Francisco” is present and the noble position with the treatment of “doña” fits the rank of Sergeant Major of 
Francisco Muñiz del Salto. 

 The connection of the Muñiz del Salto with the Soto de las Cuevas is simple.  Francisco Muñiz del Salto 
was the legitimate son of Leonor de Figueroa and grandson of Ana Camila de Figueroa. This means that Isidro 
de la Cruz Soto was the brother of Leonor de Figueroa because he declares himself the uncle of Francisco 
Muñiz del Salto. As we know, the Lugo Figueroa were cousins to the Lugo Sotomayor all descendants of 
captain Pedro Mexía [de Figueroa] de Lugo and Isabel de Sotomayor. Therefore, the surname of Ana Camila 
should have been “Figueroa Soto” and her son Isidro de la Cruz de Soto Figueroa. If we date the birth of Ana 
Camila to no later than 1632, she could be another daughter of Captain Guillermo de Lugo Figueroa and his 
wife Leonor Ruiz Garcia de Vargas, following a clear onomastic pattern. That said, we are certain that the 
militia officers in Aguada with the surname “Soto de las Cuevas” were “Lugo Sotomayor de las Cuevas,” 
because they were cousins of Isidro de la Cruz Soto Figueroa. This kinship is even more evident when we 
consider that the agnatic descendants Juan de Soto de las Cuevas Hernández are agnatic cousins of the 
descendants of Guillermo de Lugo Figueroa through the Colón de Santiago, per the 2019 findings. Moreover, 
all these male cousins, in fact, all the men involved in this analysis—Soto/Sotomayor, Muñiz del Salto, Cruz y 
Colón de Santiago69 of Moca—were militia officers in the seventeenth, eighteenth, and nineteenth centuries, 
clearly exemplifying how military ranks and honorary positions were passed through the centuries, aided by the 
strategic marriages with other families (already related) of the insular military officers.  

Indeed, their military ranks and social stature came from a longer line, as Pedro Mexía de Lugo was an 
agnatic descendent of the conquistadors of the Canary Islands in the fifteenth century, in turn agnatic 
descendants of the powerful and historic Pereira lineage from Portugal, and earlier agnatic descendants of the 
powerful Froilaz/Trava family from Galicia in the eleventh century.70 Returning to genetics, in regards to SNPs, 
all the men involved in this study belong to the DF41 haplogroup (with a final haplogroup of R-BY33880). 
Another tester, a Mexican of Spanish agnatic ancestry, is also a member of the DF41 haplogroup and is an 
agnatic descendant of the same Froilaz/Trava family in the eleventh century, confirming this deep genealogy 
with SNPs. This haplogroup is overwhelmingly composed of men whose ancestry belong to Celtic nations or 
territories with strong Celtic identities including Ireland, Scotland, Isle of Man, Wales, Cornwall/Devon, 
Cumbria, and Galicia. A deeper ancestry of the Froilaz/Trava family still places them in Galicia in the ninth 
century,71 possible descendants of Celts escaping Anglo-Saxon invasions in Britain in the fifth and sixth 
centuries. 

Having already established that Manuel de Soto de las Cuevas was the grandson of Juan de Lugo 
Sotomayor I, we need to identify the generation between these two men. Several pieces of information probably 
reveal this man’s identity. Captain Juan de Lugo Sotomayor I, well known hidalgo nobleman72 and protagonist 

 
69 The documented ancestor in the genetic genealogy analysis from 2019, Antonio Colón de Santiago, was a Corporal in Moca’s 
militias in 1817.  
70 Sotomayor. “Genetic genealogy for the study of Puerto Rican, Spanish, and Portuguese family history,” 13-14. 
71 Ibid, see Figure 8, page 15. 
72 Declaration of services of Captain Diego Menéndez de Valdés from 1659 when it is said that Juan de Lugo Sotomayor, grandson of 
Hernán Pérez, and his wife Doña Luisa de Velázquez were “hijosdalgo nobles and commonly reputed as such in this city.” AGI, 
Indiferente General de Indias 118, No. 118.  
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in the defense of San Juan during the Dutch invasion of 1625,73 had at least two sons, his namesake Captain 
Juan de Lugo Sotomayor II and Captain Francisco de Lugo Sotomayor. Juan II and Francisco married in San 
Juan in 1665 and 1668 respectively.74 Given that Manuel was born in 1645, he could not be the son of the 
marriage of Juan II of 1665 or of Francisco of 1668. The marriage certificates do not indicate that Juan II and 
Francisco were widowers (of any woman with the surname Cuevas), but that marital status was often omitted in 
the first book of marriages from San Juan. 

 However, in 2004 Andrés Méndez Muñoz published the information about the separation of the town of 
Añasco from Aguada during the years 1726 and 1729. Méndez Muñoz found in the documentation of that 
process of 1728 a man by the name of Juan Thomas Franqui de las Cuevas, one of 23 individuals who 
supported the foundation of Añasco under the command of Sergeant Major Joseph de Santiago.75 Until now, all 
the Cuevas that have been found in Aguada in the seventeenth and eighteenth centuries have been exclusively 
tied to the Sotos, therefore his ties to the Franqui (rare surname in Aguada, which appears more often in San 
Juan as Fránquez) called our attention. What is revealing is that in San Juan we find a Juan de Lugo Sotomayor 
in 1643 together with a doña Ana Franques (sic),76 as godparents in a baptism record. We think this couple is 
the root of the Soto de las Cuevas officers of Aguada. In fact, in the list of militiamen in Aguada of June 19, 
1699 prepared by Lieutenant Captain at War Sebastián González de Mirabal,77 we find in the company of 
Francisco de Soto (de las Cuevas) two “Juan de Soto de las Cuevas,” in the same way that there are two Nicolás 
de Soto de las Cuevas (one alférez born in 1665 and the other Sergeant born in 1676) and another Francisco de 
Soto de las Cuevas (different from the Captain). We think that the brothers Manuel and Francisco gave their 
sons the same names, inheriting their fathers' officer positions in Aguada. Therefore, this second Juan de Soto 
de las Cuevas was the same Juan Thomas Franqui de las Cuevas of 1728, in other words, “Juan Thomas Franqui 
de Soto de las Cuevas.”  

We do not make this assertion lightly, but the fact that the Soto de las Cuevas from Aguada descended 
from the Lugo Sotomayor and that in Aguada we have a “Francisco de Soto de las Cuevas” during the same 
years, makes us deduce that it was the same family. In other words, and taking into consideration what has been 
discussed up to now in this essay, descendants of the marriage between this Juan de Lugo Sotomayor II and Ana 
Franques in 1643 could have used the last name Lugo, Soto/Sotomayor, Cuevas and Franques/is at the end of 
the seventeenth century and at the beginning of the eighteenth century, and that is exactly what we see in the 
documentation in Aguada. Therefore, Ana Franques had a Cuevas ancestor.78  

 
73 Andrés Méndez Muñoz. “Participación de los pobladores de la Villa de San Germán en la defensa de la isla durante la primera 
mitad del siglo XVII.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 8, No. 2 (2007): 34. 
74 Don Juan married Doña Ana de Avendaño on 16 November 1665 in San Juan’s Cathedral, she was a daughter of Don Andrés 
Montañez Mercal and Doña Bárbara de Villela, Nuestra Señora de los Remedios Parrish, Marriages, Book 1, folio 90; Don Francisco 
married Doña Gerónima Muxica Negrete also at San Juan’s Cathedral on 18 July 1668, daughter of Captain Cristóbal Muxica and 
Doña Gerónima Negrete, Nuestra Señora de los Remedios Parish, Marriages, Book 1, folio 101. 
75 As transcribed in Méndez Muñoz, “Pobladores del Partido de San Francisco de la Aguada para comienzos del siglo XVIII,” 66-67. 
76 14 April 1644, Ana, legitimate daughter of D. Juan Gaitán y Da. Luisa de Lugo, witnesses Juan de Lugo Sotomayor and Da. Ana 
Franques, signes Cristóbal Bautista López, folio 42v-43, as transcribed and publihsed by Lorraine de Castro, “Bautismos de la 
Catedral de San Juan: Siglo XVII,” Boletín de la Sociedad Puertorriqueña de Genealogía, Vol. 3, No. 3 (1991): 63. 
77 Andrés Méndez Muñoz, “Pobladores en los procesos de fundación de pueblos en el Partido de San Francisco de la Aguada durante 
el siglo XVIII.” Hereditas: Revista de Genealogía Puertorriqueña, Vol. 5, No. 1 (2004): 7. 
78 We should remember that the Franques(is) from Puerto Rico arrived in the sixteenth century and, according to the research by Dr. 
Elsa Gelpí Baiz, they were powerful merchants from Seville. These Franquez from Puerto Rico descend from the marriage between 
Diego Fránquez (1525-1582) and Juana Velázquez (¿?-1580) and their descendants used the surnames Franques, Franquis or 
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 In 1643 Juan de Lugo Sotomayor II and Ana Franques were probably engaged and participating in the 
practice of godparenting necessary to demonstrate their maturity and aptitude to establish their own family.79 
According to the analysis of historian David M. Stark, young godmothers would marry immediately after their 
first baptism,80 and given that Manuel was born in 1645, Juan II and Ana must have married around 1644. This 
first marriage of Juan de Lugo Sotomayor II makes sense when we observe that his marriage in 1665 was late 
for his age. Given that his father, Juan de Lugo Sotomayor I, was born around 1575,81 a birthdate of 1625 was 
given to Juan II, in other words, when his father was 50 years old.82 Juan II and his brother Francisco were 
therefore the youngest sons of Juan I and Luisa Velázquez. We doubt that the marriage of Juan II and Ana de 
Avendaño from 1665 produced children before 1673 because their household included no children in the 
Census of 1673.83 Therefore, Manuel and Francisco and other possible children must have left their home in 
1673. Below is a table illustrating the relatives of the Sotomayor, Soto de las Cuevas, Franqui/ez, González de 
la Cruz, Cruz Soto Figueroa y Muñiz del Salto as discussed above.  

 
Velázquez (thank you to Dr. Gelpí Báiz for sharing this Fránquez Genealogy). We should not dismiss that the Cuevas surname came 
from the Franquis/Velázquez, because we know of two marriages from two noble families Velázquez Cuevas. A member of one of 
these families was Avila Bishop Juan Velázquez de las Cuevas, born in 1528 and son of Esteban Velázquez and Juana de las Cuevas, 
vecinos of Coca, Segovia; and also in Coca, Fernando Velázquez de Portillo and Francisca de las Cuevas, which founded a mayorazgo 
in 1534, (Archivo General de Simancas, ES.47161.AGS//CME,40,23). The connection between these Velázquez de las Cuevas from 
Segovia and the Franquis/es is through Juan de Franquis o Franques, Genoese, who had a strong presence in Segovia at the end of the 
fifteenth and start of the sixteenth centuries. We have him suing Diego de Llerena before the Corregidor on 18 August 1498 (Archivo 
General de Simancas, ES.47161.AGS//RGS,LEG,149808,232). This same Juan de Franquis shows up on November 1499 as vecino in 
Seville, suing Bartolomé de Peñalver, vecino from Segovia, regarding debts over weave trade (Archivo de la Real Chancillería de 
Valladolid, ES.47186.ARCHV//REGISTRO DE EJECUTORIAS,CAJA 140,8). He also sued Diego de Llerena in Segovia in the 
village of Medina del Campo, in 1501 (ES.47161.AGS//RGS,LEG,150105,390). The same Juan de Franques also sued García de 
Cuéllar, vecino of Segovia, regarding some debts over pastry trade in 1507 (ES.47186.ARCHV//REGISTRO DE 
EJECUTORIAS,CAJA 212,16); against Diego de Herne, of Segovia, in 1501 (ES.47161.AGS//RGS,LEG,150105,182); against Diego 
de Lorena, dyer in Segovia, in 1508 (ES.47186.ARCHV//REGISTRO DE EJECUTORIAS,CAJA 221,3); and against Juan de Cuéllar 
and Antonio de Aranda, vecinos of Segovia, in 1509 (ES.47186.ARCHV//REGISTRO DE EJECUTORIAS,CAJA 231,25). Clearly, 
this Juan de Franquis/es, vecino of Sevilla, had strong presence and commercial interests in Segovia, the place that where we find the 
Velázquez de las Cuevas family. 
79 Regarding this godparenting as evidence of adulthood process, see David M. Stark, “Crossing the Threshold from Adolescence to 
Adulthood in Eighteenth-Century Puerto Rico: The Baptismal Sponsorship of Enslaved Infants in Arecibo, 1735-1772,” Hispanic 
American Historical Review, Vol. 100, No. 4 (2020): 623-654. Although Stark analyzes godparenting of slave infants in Arecibo, the 
practice on the White population can be generalized for the rest of the island. 
80 Ibíd, 638-639. 
81 His parents, Pedro Mexía de Lugo and Isabel de Sotomayor, got married in 1573 in San Juan’s Cathedral. Thank you to Teresa de 
Castro Sedgwick for this information.  
82 Juan I declared to be 60 years old in 1625, but we think this was an overestimation, given the marriage date of his parents and the 
date of his marriage to doña Luisa Velázquez in 1606. Thank you to Teresa de Castro Sedgwick for this information.  
83 But they could have had children afterwards, given that at least Juan II and Ana de Avendaño were still alive in 1673. David Stark 
and Teresa de Castro Sedgwick. “Padrón del año 1673 de las personas que hay en la ciudad de San Juan de Puerto Rico: Una 
transcripción con introducción y notas genealógicas.” Boletín de la Sociedad Puertorriqueña de Genealogía, Vol. 9, No. 3-4 (1997): 
43.  
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Image 15. Genealogical table showing relationships between the Sotomayor, González de la Cruz, Cruz Soto, and Muñiz del Salto. 

 

Conclusion 

 This essay discussed the surprising agnatic kinship of two families that did not appear to be related 
given their different surnames, Sotomayor and González de la Cruz. Y-DNA genetics once again provided 
invaluable results that helped link scattered documents and genealogical-historical information to trace 
genealogies beyond the eighteenth century in Puerto Rican towns with scarce parish archives.  Advanced 
genetic results of the Y chromosome showed that these branches of the Sotomayor and González de la Cruz 
from Aguada/Moca/San Sebastián shared an agnatic ancestor in the seventeenth century.   
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Once the existing documentation was explored, the dispensations in the first book of marriages of San 
Sebastián and Moca, with the data of the Soto de las Cuevas de la Cruz, the genealogical-genealogy picture 
came to life. Genealogy explained the genetic data and the genetic data explained the genealogy. The fact that 
the Soto de las Cuevas were related to the Soto Figueroa and Muñiz del Salto was another important revelation 
because it tied the Soto de las Cuevas with the Lugo Sotomayor and Lugo Figueroa just two generations before. 
Thus, what was discussed in 2019 was reconfirmed, but in this occasion the genealogy from Juan de Soto 
Hernández up to Juan de Lugo Sotomayor I was clarified. Although the ancestor of the surnames González de 
Acevedo is yet to be identified, at least there is enough information to conclude that the González de la Cruz 
also descended from the González de Acevedo family. The prosopographic method used for identifying the 
continuity of the military ranks, political positions, strategic endogamous marriages, dates, anthroponymy, and 
localities in the northwest corridor that goes from Aguada, Moca and San Sebastián, also bore fruit.  

 It is worth observing how these Sotomayor men moved from San Juan, where they had exercised clear 
leadership—being the Lugo Sotomayor Captains and Mayors of the capital city in the seventeenth century—to 
Aguada.  Once in Aguada, a growing town during the seventeenth century, they continued exercising their 
leadership in the militia, holding ranks such as Sergeants Major, Captains, alféreces, ayudantes, and Sergeants. 
The military-political position of Lieutenant Captain at War in the establishment of the town of Aguada in 1692 
fell upon the López de Segura family, but Manuel de Soto de las Cuevas indeed served as Lieutenant Captain at 
War of Aguada in 1704. For reasons unknown to us, one branch of the family used the combination of the 
surnames González de la Cruz to start a “new” political dynasty in the region, being Cristóbal González de la 
Cruz founding Captain of the new town of San Sebastián in 1752 and his son Cristóbal González de la Cruz also 
Lieutenant at War in multiple occasions. Nonetheless, these different surnames did not hide the fact that people 
undoubtedly knew who was whom and how they were related. Three hundred years later, we know it as well. 
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GRAPHS FOR GENEALOGISTS 
 
By David A Stumpf, MD, PhD 

 
Abstract 
 

Graphs for Genealogists (GFG) is an open-source software package with an application front-end, a Neo4j 
database and a plugin designed and optimized for genealogy data management and analytics. It loads family 
tree data in GEDCOM format, a set of consumer DNA test results, and genealogist curated files providing links 
between graphs. The primary purpose of the analytics is to discover new insights and provide actionable 
recommendations for further genealogy research. GFG traversals collect concatenated strings to create 
Ahnentafel numbers and enable filtering on X-linked inheritance and other patterns. Traversals from the family 
tree through DNA matches to chromosome segment data discover triangulation groups and monophyletic 
segments aligned with specific family tree branches. Graph algorithms from the Neo4j Graph Data Science plugin 
discover communities (clusters) aligned with family tree branches. Hierarchical trees include patrilineal and 
matrilineal trees, DNA haplotrees, ORDPATH enhanced renderings, and hybrids linking these together. 
Chromosome painting and 3D renderings help users interpret the results. Recommendations include 
manageable sets of persons from a pool of over 250,000 DNA matches. There are many opportunities for further 
development of graph analytics including a paradigm shift to using stable elements aligned with a specific family 
tree branch. 
 

Background 
 
Genealogists use graphs to chart connections of their relatives and the facts related to them. There are many 
excellent and well documented tools available.  Most are based on relational algebra or matrix mathematics. A 
few utilize graph analytic and visualization methods with data stored in structured files (e.g., csv, json, etc.) 
assembled by the user or other tools. The flexibility and scalability of these methods is constrained by the 
computational challenges, exemplified by the large sparse matrices in clustering tools.  
 
Graph theory evolved from the mathematical contributions of Leonhard Euler in the 18th century. Modern 
connected systems, most notably the internet, stimulated the dramatic proliferation of graph data management 
systems and methods. “Thinking is graphs” is a theme in this paper suggesting the need for a new world view 
that is intuitive but not yet prevalent in genealogy. Graph thinking is transformative, encouraging the emergence 
of novel insights and methods. This article seeks to facilitate that transformation for genetic genealogists. 
 
Neo4j is an industry leader in native graph databases[1]. Neo4j developed and uses the Cypher query language[2] 
which is more intuitive and easier to use but based on the underlying Graph Query Language (GQL) standard[3]. 
Neo4j and Cypher are written in Java®. Several plugin packages are used to extend its capabilities. These include 
plugins available from Neo4j: Awesome Procedures for Cypher (APOC)[4] and Graph Data Science (GDS)[5]. Data 
types include familiar types (string, integer, date, etc.) and graph specific types such as nodes, relationships, and 
paths. Nodes and relationships may have properties which can be indexed. A query usually searches, using an 
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index, to find starting node(s) and then traverses the graph along relationships specified in the cypher query. 
This is much more computationally efficient that SQL queries and their joins.  
 
Genealogists use many types of graphs. Linking different graphs is accomplished by adding relationships from a 
user curated file that links a node in one graph to a specific node in the other graph. For example, a person node 
from a GEDCOM file can be linked to a DNA kit and it, in turn, to a set of shared matches or DNA segments. Once 
these enhancements are in place, queries can rapidly traverse across several graphs. This strategy also creates 
flexibility because adding a new graph is easily done. The find and traverse query strategy is not only efficient[6, 

p. 222], but scalable[7]. A notable distinguishing feature of graph databases is the very minimal deterioration in 
performance as more data is added[6, pp. 11–13].  
 

Methods 
 
A Neo4j® v 4.x Enterprise database[8], installed on a local computer, is used in these studies. A new “Graphs for 
Genealogists” (GFG) plugin was created to further extend Neo4j capabilities and facilitate genealogy data 
management and analytics. The GFG PlugIn (GFG-PI) is an open-source set of user defined functions (UDF) coded 
in java v 11 to seamlessly interface with the Neo4j API-driver (Appendix 1). A UDF is called, sometimes with user 
entered parameters, from the Neo4j browser or an optional GFG software package (GFGS)[9] developed to 
facilitate the transition of genealogists from current to graph methods. The software prompts, instructions and  
this article guide the user through the steps of data preparation, loading the data and enhancing it. The GFGS 
uses two files to manage project data (Appendix 2); these must be in a specific Windows directory: 
c://Genealogy/Neo4j/. The most recent version of the GFG-PI java jar file is downloaded from GitHub[10].  
Implementation requires minor additions to the Neo4j configuration file[11]. The GFG-PI was developed in 
Maven.[12] Developers can find the *.pom[13] and java class files[14] at GitHub. Once installed the functions are 
listed in the Neo4j browser with this cypher command which uses the “gen” prefix defining the GFG-PI:i 
 
//genealogy user defined functions 
Show Functions yield name, signature, description, returnDescription 
where name STARTS WITH 'gen' 
return name, signature, description, returnDescription 
 
The GFGS assists users with prompts and instructions in the next several implementation steps. The user creates 
a project and enters or selects the parameters required for navigating to their files and authenticating access to 
the Neo4j local server. The Load Data menu has submenu items that are used in sequence. The first loads the 
GEDCOM and Family Tree DNA (FTDNA) data. Both must be loaded to continue. The second enhances the 
database and requires entry of the common ancestor (see below). The third loads the FTDNA mt- and Y-
haplotree reference data.   
 
The GFGS also facilitates the initial reporting. The Reports menu has submenus. The reports are Excel files with 
the report output and, at the bottom of the worksheets, the query(ies) statements, database used and other 

 
i Cypher commands will use this distinctive formatting. Comment lines start with //. 
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explanations. The user can copy the query statement to the Neo4j browser and run it there, adjusting the 
parameters to explore the effects. For example, some queries use the range of centimorgans to filter the results. 
If the research concerns distance relatives the centimorgan values used would be less. 
 
Individual GFG-PI functions are called from the Neo4j browser or GFGS. The UDF available for preparing this 
article are in Appendix 3. If run in GFGS, the user is prompted for parameters, if required by the UDF. In the 
Neo4j browser the command format begins with “return” and may include parameters, such as the three in this 
command for finding all matches mapping to chromosome 15 between positions 15,000,000 and 100,000,000ii: 
 
gen.dna.matches_at_chr_region('15',15000000,100000000) 
 
Neo4j schema requirements are specific for each project. There are several examples of schema for genealogy 
data but they are not optimized for genetic genealogy analytics[15],[16],[17]. Optimizing the schema was a major 
focus of the current research. The GFG-PI has functions to automate the extraction, transformation and loading 
(ETL) of files. The GEDCOM import creates Person, Union and Place nodes and relationships between them. The 
import of FTDNA csv files produces Kit, DNA_Match and Segment nodes and relationships between them. The 
GEDCOM, Kit and DNA_Match nodes are then connected using a curation file (Appendix 4) which is required to 
have the exact spelling of FTDNA match names and, when known, the GEDCOM record number and the FTDNA 
kit number. New matches of interest may not yet be in the family tree and therefore lack a GEDCOM record 
number. Kit numbers are not available for many matches. The ETL creates unique, single nodes for each Person, 
Union, Kit, DNA_Match, Segment and triangulation group (tg) nodes. Granular kit specific details are pushed to 
the match_segment and match_tg relationships, including properties for the source kit (propositus) and the 
match reported in the FTDNA chromosome browser csv file. Specifically, the properties are p for propositus and 
m for the match. Each row in the FTDNA chromosome browser results in a match_segment relationship. The 
ETL uses the curated triangulation group file to create the tg nodes and tg_seg, match_tg and person_tg 
relationships linking tg to Segment, DNA_Match, and Person nodes respectively (Appendix 5). The tg_seg 
relationship is set first and then used to add match_tg relationships when the DNA_Match node maps to a 
segment within the triangulation group. The match_tg relationships have granular property data similar to the 
match_segment relationship (see Appendix 6).   
 
One-time enhancements to the graph, using existing data, reduce the length of traversal paths creating query 
efficiencies. For example, without an enhancement, linking a family tree to DNA segment data requires 
traversing the path Person→Kit→DNA_Match→Segment. Adding the Person record number to the Kit and 
DNA_Match nodes enables queries starting downstream from the unenhanced query. When the curation file 
permits, the GEDCOM record number is added as a property to the Kit and DNA_Match nodes.  
 
Neo4j, beginning in version 4, supports indexes based on relationship properties. We enable filters by adding 
the GEDCOM record number to the match_segment relationships. This may include the record number for the 
propositus (p_rn) and the match (m_rn). A full text index is used for ancestor surname lists provide by some 
DNA matches[18]. 
 

 
ii User defined function call use distinctive formatting. 
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To support efficient queries focused on a specific ancestral line, the user chosen ancestor GEDCOM record 
number is added as a property to the Person and Kit nodes (ancestor_rn) and the match_segment relationship 
(p_anc_rn and m_anc_rn). Adding, deleting, or changing these properties is easy in comparison to longer 
traversals without them. Segment nodes of descendants of the ancestor has a property anc_desc, enabling 
queries to quickly find them.  
 
Genealogical relationships are computed for two individuals using the GEDCOM record numbers and the results  
are added as properties to the match_by_segment and shared_match relationships, specifically rel (1C, H2C, 
etc), cor (coefficient of relationship), pair_mrca (common ancestor of the match pair), and gen_dist (genetic 
distance). The UDF gen.rel.add_relationship_property traverses the graph from the two individual’s Person 
nodes to their common ancestor(s) Person node and uses the number of common ancestors and the path 
lengths from each Person node to look up the relationship in a set of reference fam_rel nodes using an index 
string concatenating two path lengths and the number of common ancestors. For instance, 3:4:1 is the H2C1R 
and 3:4:2 is the 2C1R. The UDF gen.rel.relationship_from_RNs returns more than one relationship if there are 
more than two common ancestor paths. For example, the author’s great-great-grandfather married two sisters, 
producing ¾ siblings. A distant “cousin” is both H4C (5:5:1) and 5C (6:6:2); the former sharing a single great-
great-grandfather and a prior generation great-great-great-grandparent couple. The fam_rel node set also 
contains, when available, centimorgan data from the Shared Centimorgan Project[19]. 
 
Shared matches are explicit in the Family Finder csv file from FTDNA and captured in the shared_match 
relationship. The match_by_segment relationship between two matches is created by aggregating the 
match_segment property data. This produces the match_by_segment properties described in Appendix 6. The 
x_gen_dist property is added to the match_by_segment relationship using the UDF 
gen.dna.x_chr_min_genetic_distance. FTDNA reports X-matches without any knowledge of the family tree. The 
x-inheritance genetic distance (x_gen_dist) property is 0 (zero) if there is no genealogical X-chromosome path 
between the matches; this property enables queries limited to relevant X-matches.  
 
The UDF gen.tgs.setup_tg_environment is used to associate data to a user-designated ancestor of interest, such 
as a remote common ancestor of the project participants. It can be re-run to reset the ancestor association to a 
different ancestor. The ancestor_rn is added as a property to the Person, DNA_Match and Kit and subsequently 
used in associating segments with the ancestor. When re-run, the prior ancestor_rn properties are removed 
and replaced by the new ancestor_rn. The segment ancestor association is accomplished by 1) adding the 
ancestor_rn property to the Segments nodes, 2) a p_anc_rn and/or m_anc_rn property to the match_segment 
relationships, 3) by creating sorted and ancestor linked segments, linking them with a new relationship 
(seg_seq) and 4) adding an anc_desc property to these Segment nodes. The enhanced properties enable queries 
limited to ancestor associated elements. 
 
The Segments linked to the descendants of a common ancestor are identified by the UDF 
gen.dna.matches_by_segments_anc_desc. The UDF adds the property anc_desc to the identified Segment nodes and 

match_segment relationship. The UDF gen.tgs.setup_tg_environment calls upon another UDF, 
gen.tgs.create_seg_seq_edges, to create the seg_seq relationships. The Segment nodes from a descendent kit 
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and within a triangulation group are sorted by their chr and strt_pos properties and then linking by a seg-seq 
relationship with a tgid property, associating it with the triangulation group.  
 
Data for the ETL includes a GEDCOM, several sets of Family Tree DNA (FTDNA) csv files, a curated triangulation 
group file and a curated file linking the GEDCOM and DNA results. The GFGS requires a specific directory 
structure for these files [20]. GFG-PI loads data using two methods. The LOAD CSV method[21] is efficient for 
small csv files and supports batch processing. For larger or slower loading datasets, the APOC LOAD CSV[22] 
function enables batch processing and recovery from server interrupts or locks. During the ETL the database 
should not be otherwise used to avoid locks which block the ETL processes. Neo4j cypher queries are most 
efficient when repurposing data already loaded. For example, after loading the Person and Union nodes you can 
use a cypher query to create the family relationships (father, mother, spouse)  between two Person nodesiii and 
the child relationship between Person and Union nodes. 
 
Indices are created to enable quick searches for start nodes where traversals begin. Indices are on single 
properties or compounded using multiple properties (Appendix 7). A full text index of ancestor lists enable 
Lucene searches[18].  
 
GFG-PI includes separate ETL functions for downloading the FTDNA mt- and Y-haplotrees [23] and the HapMap1 
and loading them into Neo4j. The HapMap is loaded to a separate database named hapmap. It is used to 
compute the centimorgan in a chromosome region that is newly produced by analytics. During the ETL for a 
project, a set of chr_cm nodes is created with a node for each chromosome and its minimum start and maximum 
end position for the segments in the project. The HapMap is then used to compute the total chromosome 
centimorgan included in the project, adding the cm property with this value. The UDF 
gen.dna.chr_portion_of_segment  is then able to compute the portion of the chromosome subsumed by a 

match_segment relationship. This is used to filter out segments larger that a specified portion (generally 0.5) 
which may otherwise confound chromosome analytics and painting visualizations. While the coefficient of 
relationship or cm can be used for this filtering, the former is not available for persons not in the GEDCOM and 
the portion of cm on a chromosome varies with the size of the chromosome.   
 
The Neo4j browser display formatting is controlled by the grass file, analogous to a css file in HTML5.  Grass files 
help standardize displays between users and expose properties appropriate for a specific visualization 
(Appendix 8). The :style command lists the current grass file content. External grass files are dragged and 
dropped in the Neo4j browser window, changing the visualization. Grass files enable displays of multiple 
properties, and custom colors and sizes for nodes and edges that are appropriate for the specific analysis.  
 
The GFG-PI uses Ahnentafel numbers for ascending family trees. A base-2 Ahnentafel is created by assigning 1 
to the propositus and then concatenating a 0 for fathers and 1 for mothers during tree traversals. The 
concatenated bitstring is used directly or converted to base-10, in either case enabling sorting in pedigree order. 
Descending family trees are more complex because there are often multiple children from a union. Publications 
typically use the NGS Quarterly System or Register system[25], but neither is optimal for computer sorting. The 

 
iii match (p:Person) with p match (u:Union) where u.uid=p.uid with p,u match (f:Person) where f.RN=u.U1 with p,f,u merge (p)-

[r:father]->(f) 
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GFG-PI uses ORDPATH to sort family lines in hierarchical order[26].  Creating the position within the generation 
is a UDF with two parameters,  a cypher query and an integer for the position of the generation field in the query 
result. This is a generic solution which allows any cypher query to add the generational position. 
 
Visualizations are important in graph analytics. The Neo4j browser renders graph images when queries returns 
only nodes and relationships. But the Neo4j browser rendering may require manual processing to create a useful 
image. Once finalized, a SVG file can be exported. Neo4j Bloom can be used to visualize and explore large graphs. 
Other tools are required to automate visualizations optimally formatted. Many segment reports produce files 
ready for bulk import into DNA Painter[27]. Some queries are included in reports which run in GraphXR[28] to 
produce 3-D visualizations. Neo4j APOC can export data formatted for Gephi[29]. Improved visualizations are a 
priority for future development of GFG. 
 

Results 
 
Data load times vary depending on the size of the GEDCOM and FTDNA files data files (which are differ between 
projects), the computer CPU speed, and available RAM and disk space. On a Window 10 64-bit PC with Intel(R) 
Core(TM) i9-10900KF CPU @ 3.70GHz , 64gB of RAM and a 1 TB internal drive the load times vary from a few 
minutes for 15 FTDNA kits with few matches up to 20 min for a large Stinnett surname project with 66 kits and 
their many matches. The Neo4j database for the Stinnett project was 812 mb in size and contained 1,332,118 
nodes, 2,612,397 relationships, and 24,658,889 properties (Supplement 1, Appendix 9). These statistics can be 
used to compute the database size[30], but for GFG it is underestimatediv because of the size of the content of 
some GFG properties, most notably the list of ancestors submitted by matches. GFG-PI does not currently 
support updates to the GEDCOM or FTDNA files on the Neo4j server. With these load times the best practice is 
to re-load the data if there are updates to the GEDCOM or DNA files. 
 
Supplement 1 shows the schema and data summary after all steps in the load sequence and enhancements. The 
data are from the Stinnett Surname Project at FTDNA. The 66 kits produced 247,437 DNA_Match and 356,721 
Segment nodes. The latter two create 371,653 match_segment relationships. The other worksheets in 
Supplement 1 allow users to inspect the data and assess the quality of the ETL process.  
 
The optimized Neo4j schema is illustrated in Figure 1. The data dictionary includes the element type (node or 
relationship), its name, properties, datatypes, whether it is required (e.g., always present) and a description 
explaining its use (Appendix 6). The schema indices are shown in Appendix 7.  
 
A single GFG-UDF loads the GEDCOM, DNA and curated data: gen.load.load_everything(). The user can observe 
the process by inspecting the Neo4j import directory to which the csv files are sequentially added and then 
loaded. The import directory tracking.txt file, best viewed in Notepad++[31], shows the progress with kit, kit 
name and, if available, the GEDCOM record number. This GFG-UDF sequentially calls upon other functions to 
load these data.  
 

 
iv Estimate was 1gB for 3 clusters or ~333mB per cluster. GFG uses only one cluster. 
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The UDF gen.workflow.initial_discovery()  runs a series of other UDFs to provide the user with a set of initial 
reports using default settings. An example “Know your data report” is Supplement 1. The in-common-with (icw ) 
report has a row for every pair of DNA testers who are in the family tree and a list of all their icw matches and 
the shared centimorgans with each tester-match pair.  The match_by_segment relationship links DNA_Match 
nodes using the raw segment data and recapitulates the shared match results reported by FTDNA. The cypher 

Figure 1. The Neo4j Schema. The loops back to nodes form hierarchies such as family trees (father, mother) or haplotrees 
(block_child) The query creating this image is CALL db.schema.visualization() 
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query producing this reportv illustrates a common graph strategy to identify shared entities: (node1)->[rel1]-
>(shared entity)<-[rel2]-(node2). Neo4j traverses from both node1 and node2 to the shared entity, in this case 
a shared match or segment. Enhancements to the graph always use filters for centimorgans ≥ 7 and snp counts 
≥ 500 to minimize confounding by small segments[32].  
  
The UDF for the cluster match report requires 3 parameters. For example, 3 as the minimum cluster size and 7 
and 250 the centimorgan range. The query finds sets of testers whose number is 3 or more (a cluster) and then 
finds all other matches who match each and every member of the clustervi. The query itself does not verify that 
all the newly identified matches match each other, but independent research does. Because the cluster 
members all share a designated ancestor, the odds are much greater that the identified matches are in the same 
family branch. Output files contain the UDF and all one-step UDF contain the cypher query. The user can re-run 
the UDF or cypher query with different parameters. Ranges with larger centimorgans will find more closely 
related matches. Ranges with small centimorgan ranges will identify more distant relatives or some matches 
that are identity by state or chance. The cluster match UDF also produces a field with a query which, when run, 
will produce a file suitable for uploading segment data to DNA Painter. 
 
The Neo4j Graph Data Science PlugIn[5] is used in the GFG UDF gen.algo.community_detection_icw., accepting 
three parameters. The first parameter specifies the algorithm to run and the other two the centimorgan range. 
The UDF has four-steps. The first step creates a weighted virtual graph using the match_by_segment 
relationship and centimorgan rangesvii and the second step runs the specified algorithm: 1 = Louvainviii, 2= 

 
v match (m1:DNA_Match)-[r1:match_by_segment]->(icw:DNA_Match)<-[r2:match_by_segment]-(m2:DNA_Match) where 

m1.fullname<m2.fullname and m1<>icw and m2<>icw and r1.cm>=7 and r2.cm>=7 and m1.ancestor_rn is not null and 
m2.ancestor_rn is not null with m1,m2,case when icw.RN is null then icw.fullname else '*' + icw.fullname + ' [' + icw.RN + ']' end + ' 
{' + toInteger(r1.cm) + ', ' + toInteger(r2.cm) + '}' as fn with m1,m2,fn order by fn with m1,m2,collect(fn) as cicw with m1,m2,cicw 
where size(cicw)<=50 return m1.fullname + ' [' + m1.RN + ']' as match1,m2.fullname + ' [' + m2.RN + ']' as match2,size(cicw) as 
ct,cicw as in_common_with_matches 

 
vi match (k:Kit) where k.ancestor_rn is not null with collect(k.RN) as krns MATCH (k1:Kit)-[r1:KitMatch]->(f:DNA_Match)<-

[r2:KitMatch]-(k2:Kit) where k1.RN in krns and k2.RN in krns and 250>=r1.sharedCM>=7 and 250>=r2.sharedCM>=7 and k1<>k2 
with f,apoc.coll.dropDuplicateNeighbors (apoc.coll.sort(collect(k1.fullname) + collect(k2.fullname))) as 
ck,apoc.coll.dropDuplicateNeighbors (apoc.coll.sort(collect(k1.RN) + collect(k2.RN))) as crn with f.fullname as fullname,size(crn) as 
ct,ck,crn with fullname,ct,ck,crn where ct>3 -1 with fullname,ct,ck,crn order by fullname with collect(fullname) as fn,ct,ck,crn  with 
ct,ck,crn,fn with ct as Kit_ct,size(fn) as Match_ct,ck as Kits,crn as Kit_RNs,fn as Matches with Kit_ct,Kit_ct+Match_ct as 
Total,Kits,Kit_RNs,Matches where Total<50 with Kit_ct, Total,Kits,Kit_RNs,Matches return Kit_ct, Total,Kits,Kit_RNs,Matches  order 
by Total desc 

 
vii CALL gds.graph.create.cypher('icw','MATCH (m:DNA_Match) where m.RN is not null RETURN id(m) AS id', 'MATCH (m)-

[r:match_by_segment]->(m2:DNA_Match) where 150>r.cm>25 RETURN id(m) AS source, id(m2) AS target, r.cm as 
weight',{readConcurrency: 4,validateRelationships:FALSE} ) YIELD graphName AS graph, nodeQuery, nodeCount AS nodes, 
relationshipQuery, relationshipCount AS rels return nodes, rels 

 
viii CALL gds.louvain.stream('icw', {relationshipWeightProperty: 'weight', includeIntermediateCommunities:true , 

tolerance:0.0000001,maxIterations:10,maxLevels:10 }) YIELD nodeId, communityId, intermediateCommunityIds with case when 
gds.util.asNode(nodeId).RN is not null then '*' + gds.util.asNode(nodeId).fullname else gds.util.asNode(nodeId).fullname end AS 
name, communityId as cid, intermediateCommunityIds as ici with cid,ici,name order by name with cid,ici,collect(name) as names 
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modularity optimization and 3=page propagation. The results are displayed in an Excel workbook (Table 1). The 
communities identified conform to branches in the family tree.  There is a similar set of algorithms in 
gen.algo.community_detection_shared_matches in which the shared_match relationship is used. The third 
step extends the analysis using two other UDF and appends other information to the report. Using UDF 
gen.rel.mrca_from_cypher_list it finds the most distant common ancestor (MDCA), if there is one, for the set 
of DNA matches in the community. The UDF gen.mss.mss_data extracts the segments of the DNA matches in 
the community, the associated monophyletic segments (discussed below) and appends their counts, overlap 
counts and a list of the MSS segments in the community to the Excel file report. Finally, the fourth step creates 
a network visualization query suitable for GraphXR (Figure 2) and a separate csv file suitable for loading to DNA 
Painter, which visualizes the segments with different colors for each community. An additional query is 
produced for each specific community identified by the graph algorithm; it renders a GraphXR visualization of a 
DNA Circle (Figure 3) and its connection to segments (Figure 4). However, there is overlap between communities, 
as seen in Figure 2, and therefore the full topology of matches and segments in not seen in Figure 3 and Figure 
4 This is particularly important because robust triangulation may depend on segments shared by two 
communities. To accommodate this conundrum, GFG uses a more complex query which re-samples community 
DNA_Match nodes for any other nodes (in a different community) which triangulate on the community’s 
segments. This query also incorporates the apoc.node.degree function to limit the results to segments with at least 

three match_segment relationships (e.g., 3 DNA_Match node connections) and DNA_Match nodes with at least 
three match_by_segment relationships. While this this removes extraneous segments, it does not assure that 
the three segments all overlap.  
 
Using a wide range for centimorgans will create communities with a broader range of relatedness. This may 
then produce intermediary communities that can be used to create a dendrogram reflecting the family tree 
branches.  
 
 

 
  

 
with cid as community,ici,size(names) as ct, names as matches order by ct desc with community,ici,ct,matches where ct>2 return 
community,ici as intermediary_communities,ct, matches 

 

Table 1.. Teves project Louvain community detection algorithms identifies 6 communities. The 
community_id has no intrinsic meaning. The output is limited to DNA_Match nodes where the individual 
is also in the GEDCOM. Some of the individuals in the GEDCOM are not yet positioned in the family tree 
and are subjects of traditional genealogy research. 
 

community ct matches
15 14 [1,216,349,2009,4528,23516,26359,31579,32044,33914,34221,34337,34350,34351]
5 7 [34083,34140,34145,34151,34273,34280,34289]

17 3 [209,210,4519]
18 3 [27288,33928,33983]
21 3 [27290,34139,34142]
8 2 [31342,34148]  
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 The double cousin report uses a cypher query ix  to find family tree members who share 4 grandparents, 
aggregating all the double cousins by the grandparents. The query traverses to common ancestors two hops up 
the tree, aggregates the grandparents and then filters to select only those individuals sharing 4 grandparents. 
Then, it aggregates the sets of grandparents to get all their grandchildren who are double cousins. This query 
runs efficiently in Neo4j to discover, in the author’s family tree database, 22 sets of four grandparents who 
collectively have 188 double cousins.  Another queryx returns all the combinations of pairs of double cousins; in 
the author’s family this is 934 pairings.  

 
ix Match (p:Person), (q:Person) match path=(p:Person)-[:father|mother*..2]->(CA)<-[:father|mother*..2]-(q:Person) with p, q,CA 

where p.fullname=replace(p.fullname,'MRCA','') and q.fullname=replace(q.fullname,'MRCA','') with p.fullname + ' [' + p.RN + '] (' + 
left(p.BD,4) + '-' + left(p.DD,4) + ')' as Name1, q.fullname + ' [' + q.RN + '] (' + left(q.BD,4) + '-' + left(q.DD,4) + ')' as Name2, 
CA.fullname + ' [' + CA.RN + '] (' + left(CA.BD,4) + '-' + left(CA.DD,4) + ')' as MRCAs with Name1,Name2,MRCAs order by MRCAs with 
Name1,Name2,collect(MRCAs) as mrcas, count(*) as MRCA_Ct where MRCA_Ct>3 with 
apoc.coll.dropDuplicateNeighbors(apoc.coll.sort(apoc.coll.flatten(collect(Name1) + collect(Name2)))) as double_cousins, mrcas 
return distinct mrcas as grandparents,size(double_cousins) as ct,double_cousins order by grandparents 

 
x Match (p:Person), (q:Person) 

match path=(p:Person)-[:father|mother*..2]->(CA)<-[:father|mother*..2]-(q:Person) 
with p.RN as RN1,p.fullname as Name1,q.RN as RN2,q.fullname as Name2, count(*) as MRCA_Ct 

 

Figure 2. Teves family Louvain communities are created algorithmically using the graph toplology and 
visualized in GraphXR. The communities (clusters) each have a distinct color.  

 

Journal Issue Page 46 of 131

https://www.jogg.info/
https://creativecommons.org/licenses/by-nc-sa/4.0/


                

  
https://www.jogg.info                                                              Page 11 of 40                                         © 2022.  This work is licensed under a 

 CC BY-NC-SA 4.0 license 

 
The project surname query finds all matches with the project surname specified by the name of the project in 
GFGS. The report names the matches and includes their matches by segment and the common ancestor of the 
matches who are in the family tree. The report includes previously identified triangulation groups if the segment 
falls within them. This report not only identifies new matches of interest but also may suggest new triangulation 
groups or updated ranges to add to the curated file.  
 
 The ancestor descendant report produces an Excel workbook with three worksheets. The queries start at the 
ancestor specified as a UDF parameter. The first worksheet, analogous to ancestry.com ThruLines®[33], simply 
lists the ancestor, the descendant DNA tester, the number of generations to the ancestor and the path with 
names of ancestors at each generationxi. The second worksheet lists the segments with the descendants of the 

 
where MRCA_Ct>3 and p.fullname=replace(p.fullname,'MRCA','') and q.fullname=replace(q.fullname,'MRCA','') 
return distinct RN1,Name1,RN2,Name2,MRCA_Ct order by RN1  

 
xi match (n:Person)-[z:Gedcom_DNA]->(m) with collect(m.RN) + collect(n.RN) as DM optional match path=(p:Person{RN:33454})<-

[:father|mother*0..15]-(q:Person) where q.RN in DM with p,path,collect(last(nodes(path))) as cEnds optional match (q:Person)-
[r:Gedcom_DNA]->(s:Person) where q in cEnds with r,p,[m in cEnds|m.fullname + gen.neo4jlib.RNwithBrackets(m.RN)] as E,[n in 
nodes(path)|n.fullname +  gen.neo4jlib.RNwithBrackets(n.RN) + ' (' + left(n.BD,4) + '-' +  left(n.DD,4) + ')  ' ] as N return distinct 
p.fullname + gen.neo4jlib.RNwithBrackets(p.RN) as MRCA, E as Descendant_DNA_Tester,size(N) as generations, N as 
Path_to_Descendant_Tester 

 

Figure 3. GraphXR visualization of a Louvain community 
showing DNA_Match nodes arranged in a circle. The 
match_by_segment (ICW) relationships link many 
together. .  
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ancestor and matches at the segments. The final worksheet lists the known triangulation groups, the ancestor 
descendants who have DNA test results and a list of their most recent common ancestorsxii. 

 
 ORDPATH is a concatenated bitstring produced from “Dewey order strings” by the UDF gen.graph.get_ordpath. 
The Dewey order string is a list of GEDCOM record numbers collected during the tree traversal (Table 2). 
ORDPATH was developed using base-2 at Microsoft and a hexadecimal version is the hierarchyId datatype in 
SQL Server and is also used by GFG-PI. ORDPATH is useful in sorting patrilineal, matrilineal and descendancy 
trees, such as an X-chromosome descendancy tree in which the generation count determined the indentation 
(Supplement 2). Renderings of mt- and Y-haplotrees also use this strategy and a Dewey string from a sequential 
list of the haplotree branch mutations. Another UDF, gen.graph.add_descenant_order, processes a query 
sorting results by family tree generation and then by ORDPATH (putting siblings in order within a generation) 

 
xii match (n:Person)-[z:Gedcom_DNA]->(m) with collect(m.RN) + collect(n.RN) as DM optional match path=(p:Person{RN:33454})<-

[:father|mother*0..15]-(q:Person) where q.RN in DM with p,path,collect(last(nodes(path))) as cEnds optional match (q:Person)-
[r:Gedcom_DNA]->(s:Person) where q in cEnds with r,p,[m in cEnds|m.fullname] as E with 
apoc.coll.dropDuplicateNeighbors(apoc.coll.sort(apoc.coll.flatten(collect (distinct E)))) as desc_tester match (m1:DNA_Match)-
[rs:match_tg]->(t:tg) where rs.p in desc_tester and rs.m_anc_rn=33454 with 
t,apoc.coll.dropDuplicateNeighbors(apoc.coll.sort(apoc.coll.flatten(collect(distinct m1.fullname) + collect(distinct rs.m)))) as 
matches, apoc.coll.dropDuplicateNeighbors(apoc.coll.sort(apoc.coll.flatten(collect(distinct m1.RN) + collect(distinct rs.m_rn)))) as 
rns return t.tgid as tgid,t.chr as chr,t.strt_pos as strt_pos,t.end_pos as end_pos ,count(matches) as ct, matches, rns order by 
t.chr,t.strt_pos,t.end_pos 

 

Figure 4. GraphXR visualization of a Louvain community DNA circle with its match_by_segment 
relationships (blue) connected by match_segment relations  hips (gray) to associated segments 
(red).  
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after which  the person’s count within their generation is computable (Table 3). This creates coordinates for 
graph visualizations: x=position in the generation and y=generation which would position a child under their 
parent and avoiding crossing descendancy lines. To this, we can then add a z-axis parameter such as a 
chromosome location.  
 
The match_segment relationship is important in analytics and its subtleties merit further explanation. The 
relationship worksheet in Supplement 1 shows there are 371,653 match_segment relationships. Granular detail 
on tester and match links to segments is maintained by properties in the match_segment relationship. When 
querying using this relationship, it is important to recognize what is returned by cypher queries. These three 
queries look at this from the perspective of the author with record number of 1: 
 
Query 1. 
MATCH p=(m:DNA_Match{RN:1})-[r:match_segment]-()  RETURN count(*)  
Returns 133 Segments. A DNA tester will only show up in a DNA_Match node when they are a match in another 
tester’s kit. While a tester may have many matches in their results, this query returns segments identified in 
other tester’s results. The value of r.m_rn is the same as that of m.RN, so the query could be written differently 
with the same result:  MATCH p=(m:DNA_Match)-[r:match_segment{m_rn:1}]-()  RETURN count(*).  
 
Query 2 
MATCH p=(m:DNA_Match)-[r:match_segment{p_rn:1}]-()  RETURN count(*)   
Returns 6,490 match_segment relationships identified in the DNA tester’s results. In this query there are 
multiple DNA_Matches. The match_segment relationship has a property p, for propositus (tester), which is the 
same as the DNA_Match node fullname. Thus, both the DNA_Match and match_segment returns are 
constrained. This query result represents the number of rows in the original FTDNA chromosome browser file. 
 
Query 3 
MATCH p=(m:DNA_Match)-[r:match_segment{p_rn:1}]-
(s:Segment) with collect(distinct s.Indx) as sc RETURN size(sc)  
Returns 6,056 segments. The distinct in the collect function aggregates duplicates which, in this case, are 6490-
6056 or 434, which is the number of times segments are shared by more than one match. It also illustrates how 
many segments are connected to only one match. This is illustrated further by assessing the degree of nodes. 
 
Degree centrality is a central concept in graph theory. Degree is the number of relationships linking a node to 
others. Table 4 shows that less than 10% of DNA_Match nodes are linked to more than one segment. We can 
look at degree from the DNA match perspective. There are 340,784 matches with at least one Segment ≥ 7 cm 
and ≥500 snps. Of these 192,541 or 56% have a degree of 2 or more. The segment degree distribution is linear 
in a log-log plot (Figure 5) thereby conforming to the power law: Pr(k) ∝ k-γ  where k = degree and Pr(k) is the 
probability of k. The slope of the line is γ, in this case -3.3, which is expected with a scale free network[34].  
 
FTDNA and GFG use different methods in computing matches. The GFG shared_match relationship is derived 
directly from the matches in a kit and retains FTDNA data as properties (see Appendix 6). The 
match_by_segment relationship is computed by aggregating match_segment data using its p and m properties 
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to assure fidelity to the original data and filters of cm ≥ 7 and snp_ct ≥ 500. The concordance of these two 
methods is computed by the UDF gen.quality.match_method_concordance (Table 5). The concordant set (86%) 
shows complete fidelity of the cm and snp data computed in the Stinnett project as shown by no rows returned 
in the second worksheet of the UDF report. This fidelity will not likely occur in endogamous scenarios where 
small segments are more prevalent and applied selection logic may differ with the two methods. Table 5 shows 
that the GFG match_by_segment methods produces a trivial number of matches not found by FTDNA; that is, 
very few false positives. In contrast, the shared_match produces more matches than match_by_segment. This 
discrepancy can be attributed to the confounded identities of matches which GFG does not presently manage 
because there are not unique identifiers for persons in the downloaded source files. 
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Table 2.. A deidentified example of 36 descendancy paths from a common ancestor [2] 
sorted in hierarchical order using an ORDPATH concatenated bitstring. The family tree 
record number (RN List) is a Dewey string which does not alphabetically sort in the 
hierarchical order of the family tree. UDF: return gen.tree.descendancy_tree(2) 
 

ORDPATH generation RN List

12 1 [2]

12011 2 [2,1]

12011110078 3 [2,1,208]

0120111100781110049c0 4 [2,1,208,23320]

012011110078111004a65 4 [2,1,208,23485]

12011110079 3 [2,1,209]

012011110079111004ab3 4 [2,1,209,23563]

012011110079111004ab7 4 [2,1,209,23567]

01201111007911100534f 4 [2,1,209,25767]

01211007a 2 [2,210]

01211007a1101fd 3 [2,210,597]

01211007a1101fd11100541e 4 [2,210,597,25974]

01211007a1101fd11100541f 4 [2,210,597,25975]

01211007a1101fe 3 [2,210,598]

01211007c 2 [2,212]

01211007c11011d6 3 [2,212,814]

01211007c11013ec 3 [2,212,1348]

01211007c11013ec1101f5d 4 [2,212,1348,4277]

01211007c11013ec11100428a 4 [2,212,1348,21474]

01211007c11013ec11100428a1110054bb 5 [2,212,1348,21474,26131]

01211007c11013ec1110053f5 4 [2,212,1348,25933]

01211007c11013ec1110053f6 4 [2,212,1348,25934]

01211007c11013ed 3 [2,212,1349]

01211007c11013ed1110052d4 4 [2,212,1349,25644]

01211007c11013ed1110052e7 4 [2,212,1349,25663]

01211007c1101515 3 [2,212,1645]

01211007d 2 [2,213]

01211007d11011d1 3 [2,213,809]

01211007d11011d111100569a 4 [2,213,809,26610]

01211007d11011d1111005f5b 4 [2,213,809,28851]

01211007d1101a44 3 [2,213,2972]

01211007d1101a4411100541c 4 [2,213,2972,25972]

01211007d1101a4411100541d 4 [2,213,2972,25973]

01211007d1101a441110059e6 4 [2,213,2972,27454]

01211007d1101da5 3 [2,213,3837]

01211007d1101fbc 3 [2,213,4372]  
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Table 3. An example of 40 descendancy paths from a common ancestor [33454] sorted 
by generation and hierarchical order using ORDPATH so that the position within the 
generation is properly sorted. 
Ancestor gen pos path

Margaret Stinnett [33454] (1667-1727) 0 1  "33454>"

James Stinnett [27374] (1706-1777) 1 1  "33454>27374>"

Margaret Stinnett [33688] (1686-1729) 1 2  "33454>33688>"

Benjamin Hughes Stinnett [5427] (1710-1773) 1 3  "33454>5427>"

James Stinnett [29522] (1740-1831) 2 1  "33454>27374>29522>"

William Stinnett [29524] (1730-1795) 2 2  "33454>27374>29524>"

John Stinnett [29525] (1735-1795) 2 3  "33454>27374>29525>"

Rachel Elizabeth Stinnett [29526] (1740-1822) 2 4  "33454>27374>29526>"

William Benjamin Stinnett [5467] (1746-1831) 2 5  "33454>5427>5467>"

Priscilla Stinnett [5537] (1740-) 2 6  "33454>5427>5537>"

Susannah Stinnett [5541] (1750-) 2 7  "33454>5427>5541>"

Benjamin Mason Stinnett [5425] (1736-1799) 2 8  "33454>5427>5425>"

Dorcas Stinnett [5429] (1733-) 2 9  "33454>5427>5429>"

Jesse Stinnett [28870] (1774-1854) 3 1  "33454>27374>29522>28870>"

Riley Stinnett [29531] (-) 3 2  "33454>27374>29522>29531>"

John R Stinnett [5424] (1760-1831) 3 3  "33454>27374>29522>5424>"

Charles Stinnett [33506] (-) 3 4  "33454>27374>29525>33506>"

Elizbeth Flowers [33423] (1770-1846) 3 5  "33454>27374>29526>33423>"

Nancy Stinnett [5469] (1790-) 3 6  "33454>5427>5467>5469>"

Benjamin Stinnett [5470] (1783-) 3 7  "33454>5427>5467>5470>"

Reuben Stinnett [5471] (1774-) 3 8  "33454>5427>5467>5471>"

Lucy Stinnett [5513] (1772-) 3 9  "33454>5427>5467>5513>"

Joel Stinnett [5514] (1770-1847) 3 10  "33454>5427>5467>5514>"

Lindsey Stinnett [5516] (1783-1870) 3 11  "33454>5427>5467>5516>"

Richard Dewey Stennett [18251] (1790-) 3 12  "33454>5427>5467>18251>"

William Hightower Stennett [18706] (1788-) 3 13  "33454>5427>5467>18706>"

Elizabeth Stinnett [33413] (1776-) 3 14  "33454>5427>5467>33413>"

Benjamin Marion Stennett [19015] (1792-1876) 3 15  "33454>5427>5467>19015>"

William Stinnett [33657] (1771-1840) 3 16  "33454>5427>5467>33657>"

Charles A. Stinnett [5443] (1775-1853) 3 17  "33454>5427>5467>5443>"

Isham Stinnett [5543] (1769-1857) 3 18  "33454>5427>5425>5543>"

William S Stinnett [5557] (1761-1838) 3 19  "33454>5427>5425>5557>"

Benjamin Stennett [18833] (1761-) 3 20  "33454>5427>5425>18833>"

James Stinnett [33512] (1765-1850) 3 21  "33454>5427>5425>33512>"

John Stinnett [33513] (1771-1831) 3 22  "33454>5427>5425>33513>"

Bailey Stinnett [28868] (1828-1859) 4 1  "33454>27374>29522>28870>28868>"

Reuben Stinnett [29512] (1828-1912) 4 2  "33454>27374>29522>28870>29512>"

Thomas Stinnett [29516] (1805-1845) 4 3  "33454>27374>29522>28870>29516>"

James E Stinnett [29517] (1810-1860) 4 4  "33454>27374>29522>28870>29517>"  
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Table 4. The degree of the DNA_Match nodes is skewed. Over 90% 
of DNA_Match nodes only connect to one segment. 

Degree grp_ct group total %

1               335,791       335,791       90.35%

2               13,256          26,512          7.13%

3               1,662            4,986            1.34%

4               484                1,936            0.52%

5               165                825                0.22%

6               74                  444                0.12%

7               44                  308                0.08%

8               27                  216                0.06%

9               19                  171                0.05%

10             11                  110                0.03%

11             17                  187                0.05%

12             3                    36                  0.01%

13             3                    39                  0.01%

14             3                    42                  0.01%

15             2                    30                  0.01%

20             1                    20                  0.01%

371,653        

Figure 5. The degree distribution is linear in a log-log plot. The linear regression r2=0.98; F-
value=820; df = 14 and 1; p= 0.0000167; y = -3.29227X + 5.34895.  
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Table 5. Concordance between matching methods for the Stinnett project as shown in the first worksheet of 
the UDF outputxiii. 
shared_match match_by_segmentboth ct
Y Y Y 306,021 86.27%
Y N N 48,679 13.72%
N Y N 21 0.01%

354,721 100.00%  
 
The anc_desc property added to Segment nodes and the match_segment relationship enables queries limited 
to a very small subset of nodes and relationships associated with the common ancestor’s descendants (Table 6). 
The seg_seq relationship spans a chromosome region defined by the triangulation group and closes the triangle 
between DNA_Match pairs who map to the region subsumed by a triangulation group. This strategy allows 
visualizing  graph traversals from Kit and DNA_Match nodes without computing overlaps of the ordered 
segments. The triangulation group boundaries were not discrete enough to fully differentiate family branch 
members from others. We therefore explored the detail of the segments within the triangulation groups. 
 

 
xiii UDF: gen.quality.match_method_concordance()   
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On initial inspection, triangulation groups are considerably more complex because in a multi-kit environment 
there are numerous continuously overlapping segments. Remarkably, with numerous kits graph traversals 
discover a very small subset of specifically discernible segments associated with descendants sharing  a common 
ancestor. The distinctive feature of these segments is their boundaries, which represent crossover points. 
Table 6 summarizes some triangulation groups associated with common ancestors. Triangulation groups contain 
numerous segments, but on average only 2.6% are attributable to the common ancestor’s descendants.  
 
Graph traversal queries on the Stinnett project graph discovered 1618 segments with two known testers who 
shared a common ancestor at various positions in the Stinnett family tree. To distinguish them, they are called 
ancestor-associated segments (AAS). These AAS segments overlap with other segments that are not linked to 
the common ancestors in these initial discovery queries. When these AAS segments were used to query for 
matches from the total population, which has over 350,000 segments in the Stinnett project, only 1696 new 
match pairs were found. That is, 78 new match pairs, who did not yet have a known common ancestor were 
found. This indicated that AAS segments were relatively specific for the common ancestor.  
  
Next, monophyletic segment set (MSS) supernodes were created to subsume the small subset of AAS segments 
associated with a common ancestor[35]. MSS node properties were the ancestor’s record number (mrca) and 
fullname. A MSS-seg relationship connects the MSS node to the subsumed AAS segments, enabling an efficient 

Table 6.  Triangulation group segments associated with descendants of a common ancestor. A small subset of 
all segments in a triangulation group actually map from the descendants.  
name cm chr strt_pos end_pos seg_ct seg_in_seq %
01-001-011 19.6 1. 1,941,929 11,375,944 469 16 3.41%
01-054-067 18.8 1. 54,689,461 67,560,097 753 22 2.92%
01-234-239 10.5 1. 234,636,595 239,164,627 245 18 7.35%
02-079-101 12.1 2. 79,855,622 101,612,039 1,347 16 1.19%
02-120-135 16.5 2. 120,986,872 135,211,667 629 10 1.59%
02-187-200 9.2 2. 187,621,516 200,647,533 1,481 16 1.08%
04-054-108 46.9 4. 54,762,082 108,528,923 1,523 38 2.50%
04-118-131 9.7 4. 118,330,973 131,468,686 567 18 3.17%
05-038-064 14.1 5. 38,780,436 64,423,143 294 40 13.61%
05-148-169 27.1 5. 148,824,841 169,862,468 544 20 3.68%
06-023-033 8.4 6. 23,437,273 33,945,921 3,551 14 0.39%
06-094-134 35.4 6. 94,222,638 134,090,307 794 20 2.52%
07-012-021 15.3 7. 12,081,336 21,563,636 250 12 4.80%
07-110-139 26.4 7. 110,088,623 139,939,855 294 18 6.12%
09-000-012 26.1 9. 46,587 12,316,830 395 36 9.11%
09-038-088 24.2 9. 38,736,897 88,104,161 2,074 36 1.74%
10-055-076 20.7 10. 55,168,137 76,814,527 562 30 5.34%
12-118-129 21.8 12. 118,274,349 129,178,435 316 38 12.03%
15-047-068 23.0 15. 47,994,703 68,117,156 705 14 1.99%
15-089-102 34.4 15. 89,595,883 102,428,887 337 30 8.90%
19-035-059 46.9 19. 35,843,545 59,097,160 405 34 8.40%
20-039-062 49.9 20. 39,968,188 62,948,788 673 26 3.86%
22-047-051 12.9 22. 47,005,952 51,150,473 195

18,403 522 2.84%  

Journal Issue Page 55 of 131

https://www.jogg.info/
https://creativecommons.org/licenses/by-nc-sa/4.0/


                

  
https://www.jogg.info                                                              Page 20 of 40                                         © 2022.  This work is licensed under a 

 CC BY-NC-SA 4.0 license 

query returning their ancestor specific segments (UDF: gen.report.monophylytic_segment_set_report). To 
facilitate queries, a new property was added to these AAS Segment nodes to identify them as associated with 
the most distant common ancestor. These segments represented, on average, only 0.53% of all chromosome 
segments (Table 7)xiv. MSS nodes associated with common ancestors may have DNA matches from another 
branch of the family tree who might be identified by a distinct segment (Figure 6)xv.   

 
In some scenarios you can determine where in the family tree the crossovers occur. DNA Painter rendering 
visualize the MSS segments (Supplement 3). The intermediary MRCA (iMRCA) share the most distant common 
ancestor (MDCA). Recognizing this in reports requires sorting the MSS by the position of their monophyletic 
ancestor in the family tree using ORDPATH (Table 8). 

 
xiv MATCH (m:MSS)-[r:ms_seg]->(s:Segment) with m,left(s.Indx,2) as chr with chr,count(*) as ct optional match 
(s2:Segment) where s2.chr=chr with chr,ct,collect(distinct s2.Indx) as sc with chr,size(sc) as chr_total_segs,ct as 
mss_seg_ct return chr,chr_total_segs,mss_seg_ct,apoc.math.round((toFloat(mss_seg_ct)/chr_total_segs)*100,2) as 
percent order by chr 
xv MATCH p=(mss:MSS{mrca:63})-[r:ms_seg]->(s:Segment)-[rm:match_segment]-(m:DNA_Match) return p  

Table 7.  Monophyletic segments associated with descendants 
of a common ancestor.   

chr chr_total_segs mss_seg_ct percent
1 31,580 140 0.44
2 30,242 109 0.36
3 20,488 93 0.45
4 22,830 77 0.34
5 19,586 105 0.54
6 21,853 105 0.48
7 18,122 69 0.38
8 15,358 93 0.61
9 17,873 99 0.55

0X 22,391 65 0.29
10 17,331 108 0.62
11 13,969 102 0.73
12 18,089 90 0.5
13 10,286 57 0.55
14 9,791 61 0.62
15 11,888 51 0.43
16 11,617 87 0.75
17 10,649 76 0.71
18 8,510 69 0.81
19 5,572 57 1.02
20 8,602 81 0.94
21 4,891 53 1.08
22 5,259 43 0.82

356,777 1,890 0.53  
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GFG uploads Y-DNA data from the FTDNA Family Finder and Y-DNA csv files and from the FTDNA haplotree. This 
allows a visualization of matches aligned with their position on the Y-haplotree (Figure 7).The UDF 
gen.tree.patrilineal_lineage creates both a patrilineal tree (Table 9) and an ordered list of all patrilineal men in 
the family tree (Table 10). The UDFs gen.tree.matrilineal_lineage and gen.tree.x_chr_lineage create similar 
matrilineal and X-chromosome inheritance trees.  

Figure 6. The MSS of Samuel Lewis Stinnett, Jr, born in 1822 in Tennessee, has 10 AAS segments linked 
to 8 putative descendants, 6 of whom are positioned in the family tree and show a record number. 
Two other matches have circumstantial evidence they are descendants and their sharing on a segment 
with two others known to be in the family tree supports this hypothesis. 

 

      
     

        

   
                    

             
             

             
                                                                 

                          

Table 8. Selected segments showing its MSS mapping to 3 different monophyletic ancestors 
who are descendants of a single more distant common ancestor [5467].  
mrca seg gen descendant path rns

5443 01:000752566:004913940 4 [33454,5427,5467,5443]

29008 01:000752566:004913940 7 [33454,5427,5467,5443,5436,5609,29008]

29008 01:000752566:004913940 7 [33454,5427,5467,5443,29011,5608,29008]

5467 01:159700039:193826947 3 [33454,5427,5467]

18256 01:159700039:193826947 6 [33454,5427,5467,5516,5529,18256]  
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Figure 7. Y-haplotree (75 red nodes) with Y-DNA testers (38 green nodes) positioned on the tree. 
They are connected by 38 match_block and 74 block_child relationships. Men who have the 
same haplogroup may appear on nearby nodes if their testing involved an incomplete set of 
SNPs. This typically results from newly discovered blocks and the lack of that knowledge when 
earlier tests were performed. The visualization can be viewed using the svg file in Supplement 4. 
The testers are anonymized by showing only their node id. 
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The GFG-PI UDF gen.algo.triangle_count returns a list of DNA matches with the count of triangles each match 
forms with their matches xvi . The sum of these numbers is not the number of triangles because of the 
permutations possible. Triangles are composed of three matches and the combination observed is the number 
of triangles. In the Stinnett project, 14 of the 65 kits form 24 shared_match triangles with matches who are in 
the GEDCOM  (Table 11). When all matches are considered, there are 5377 shared match triangles involving 
2736 matches. The match_by_segment triangles involve fewer matches. There are three reasons for this: 1) 
some matches in GEDCOM section are attributable to the confounded matches with are excluded from 
match_by_segment (see Table 5); 2) match_by_segment is computed using only matches in the GEDCOM 
whereas the shared matches reported by FTDNA do not have this constraint; and  3) the project kits were 
selected because they had a Stinnett ancestor, making matches with other branches of the family tree much 
less likely. Triangles are a starting point for segment triangulation. 
 
The criteria for robust segment triangulations[36] are: 

1. A triad of matches: A, B, C, as just discussed 
2. Shared matches for each possibility: A-B, A-C and B-C (requires 3 DNA testers) 
3. The match pairs share overlapping segments 
4. The match pairs share a common ancestor. Optional while discovering potential new descendants.  

 
The UDF gen.discovery.triangulated_segment_matches  discovers all possible triangulations meeting these criteria. The 

report returns a list of triads with their common ancestors and triangulated segments. It also reports each 
segment and all the matches triangulating to it. The visualization query in the report can run in either GraphXR 
(Figure 8), the Neo4j browser (Figure 9) or with DNA Painter (Figure 10). 

 
xvi UDF example is  gen.algo.triangle_count(2,7,3500,false) where the parameters are match type (1=shared_match; 

2=match_by_segment), minumum cm, maximum cm, and whether to limit query to known matches or all matches. 
 

Table 9. Patrilineal ascendancy tree which includes a fictitious 
MRCA to assist in linking lines hypothesized to share a common 
ancestor. 
  

Name gen Ahnentafel
Stinnett Male MRCA [27085] (-) 11 2048
William Richard Stinnett [25813] (1645-1699) 10 1024
William Stinnett [25815] (1682-1735) 9 512
James Stinnett [27374] (1706-1777) 8 256
James Stinnett [29522] (1740-1831) 7 128
John R Stinnett [5424] (1760-1831) 6 64
Samuel Stinnett [100] (1784-1850) 5 32
Samuel Lewis Stinnett [63] (1822-1864) 4 16
Samuel Henry Stinnett [679] (1854-1928) 3 8
         anonymized 2 4
         anonymized 1 2
         anonymized 1  
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Table 10. Patrilineal relatives shown in a descendancy tree from the most 
distant patrilineal ancestor. The report sorts by ORDPATH and generation 
using the latter to indent the names for easier interpretation of the 
descendancy. When available, the Y-haplogroup is displayed. More recent 
men are anonymized. Only the top 41 rows (of 706) are shown. 
  
Fullname gen YHG
Stinnett Male MRCA 27085(-)
William Richard Stinnett 25813(1645-1699) 1
...William Stinnett 25815(1682-1735) 2
......James Stinnett 27374(1706-1777) 3
.........James Stinnett 29522(1740-1831) 4
............John R Stinnett 5424(1760-1831) 5
...............Samuel Stinnett 100(1784-1850) 6
..................Samuel Lewis Stinnett 63(1822-1864) 7
.....................James Samuel Stinnett 675(1842-1915) 8
........................William Stinnett 1777(1873-) 9
........................James Monroe Stinnett 1778(1875-1963) 9
........................George Wesley Stinnett 1779(1877-) 9
........................John Calvin Stinnett 1781(1881-1949) 9
........................Albert Nathaniel Stinnett 1782(1887-1920) 9
.....................Rufus Calvin Stinnett 676(1845-1890) 8
........................William Calvin Stinnett 1783(1872-1956) 9
...........................William Clyde Stinnett 1785(1900-1973) 10

11
12
11

...........................Marvin Urriah Stinnett 1790(1906-) 10

..............................William Franklin Stinnett 1792(1932-1932) 11
11

........................Samuel Lewis Stinnett 1797(1880-1918) 9

........................Rufus Jessie Stinnett 1800(1886-1887) 9

.....................Thomas Nathaniel Stinnett 678(1850-1928) 8

........................Sam M. Stinnett 1810(1879-1879) 9

........................John Nathaniel Stinnett 1811(1881-1942) 9

...........................John Mryle Stinnett 27319(1903-1981) 10
11
12

........................George Uriah Stinnett 1812(1883-1955) 9

........................Charlie E. Stinnett 1813(1885-) 9

...........................Sidney Stinnett 27023(-) 10

..............................Dale Stinnett 27025(-) 11

...........................Thomas Nathaniel Stinnett 29560(1906-1976) 10

........................Rufus Calvin Stinnett 1820(1898-1921) 9

.....................Samuel Henry Stinnett 679(1854-1928) 8

........................Marion Marshall Stinnett 1081(1897-) 9
10
11 I-BY64293  
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Table 11. Triangle algorithm results using four different variations of parameters. The percent row is that of the 
match_by_segment row compared to the shared_match row.  

matches triangles matches triangles

shared matches 11 24 2736 5377

match by segment 9 20 1023 5300

percent 82% 83% 37% 99%

matches in GEDCOM all matches

 
 

 
Degree is the number of relationships for a node. A DNA match with a degree of one offers no direct useful 
genealogical information because it does not link other matches together. It participates in no triangles. The 
UDF gen.algo.degree_centrality computes the degree for each node. The UDF gen.algo. 
prune_uninformative_matches  re-labels DNA_Match nodes. For the Stinnett project with its original 250,520 
DNA_Match nodes, the UDF labels 74,707 nodes with degree > 1.   

Figure 8. GraphXR rendering on DNA_Match nodes (blue) mapped to triangulated 
segments. Individual segments may not map to three DNA_Match nodes because 
the triangulation is based on overlapping segments. 
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The GFG-PI supports some updates of the existing database. To update the triangulation group curated file use 
load_tgs_from_template. load_tgs_from_csv. Users can re-run the enhancements from GSGS but will then 
need to re-run gen.tgs.setup_tg_environment because the data it creates is erased to accommodate the new 
triangulation groups.    
 
The UDFs gen.algo.community_detection_icw and gen.algo.community_detection_shared_matches 
respectively use match_by_segment and shared_match relationship to create communities. Each has three 
options for clustering algorithms from the Neo4j GDS plugin: Louvain, modularity optimization and page  
 
There are some analytical challenges. Identity of matches is sometimes confounded because of ambiguous 
names in the original data. These confounded matches are identified using the UDF 
gen.quality.confounded_matches. Their distinct identity is evident because they have multiple rows in the 
FTDNA Family Finder csv files and the rows have distinguishing shared DNA values. When this UDF is executed, 
a new property confounded=’Y’ is added to the identified DNA_Match nodes. Caution is needed when these 
matches emerge in analytics.  
 

Figure 9. Neo4j Browser rendering of DNA_Match nodes (green) mapped to triangulated segments (red). 
Individual segments may not map to three DNA_Match nodes because the triangulation is based on 
overlapping segments. 
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Figure 10. Sample of triangulated segments shown in DNA Painter. The matches share a 
common ancestor, the authors great great grandfather. 
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Individual triangulation groups can be visualized in GraphXR (). 
 

 
 
 

Discussion 
 
Graph methods are well suited for genealogy data management and analytics. Presently there are very few 
graph tools in use today by genealogists. The GFG-PI and GFGS can encourage adoption of graph methods prior 
to mastering the underlying methods. Genealogists should see immediate benefit in their research using GFG 
UDF functions. The queries in reports expose can be further refined by adjusting parameters using logic familiar 
to experienced genealogists.   

Figure 11. Individual triangulation group in the Stinnett project shown person (purple), DNA 
matches (green and segments (red).  
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The metrics for assessing the benefits of graph methods in genealogy are important. Adoption of these methods 
will require demonstrated and measurable improvements over extant methods. The CODASYL Data Model, 
initially developed in 1959, laid out optimal requirements for data management and resulted in development 
of relational databases. Basic requirements were keys, scans and links. With the emergence of big data in the 
1990’s, No-SQL databases emerged, eliminating tables and using scanning methods to find relevant key:value 
data. No-SQL also uses scale up systems deploying multiple servers. These earlier systems exceled in their use 
of keys and scanning. Graph databases were motivated by the shift in thinking from optimizing data 
management to optimizing data retrieval. Graph databases accomplish this using traversals rather than joins 
(relational systems) or scans (No_SQL). Traversals along graph edges (called relationships in Neo4j) transformed 
the ability to link different sets of data needed to solve complex questions. The Neo4j architecture links several 
discrete graphs (Table 12), enabling traversals from an ancestor through his or her descendants (Person nodes) 
to the associated DNA tester (DNA_Match nodes) to their chromosome segments (Segment nodes) and then to 
other matches.  
 
“Graph thinking” plays a key role in realizing the value of graph methods[37]. Genealogists see many individual 
component graphs that are related, interact, and influence each other. Rather than considering them separately, 
graph methods integrate them into a usable commodity. Specifically, we can use four main patterns to 
advantage: neighborhoods, hierarchies, paths, and recommendations. GFG is designed to make 
recommendations for further research. Thus, the ultimate measure of success will be the value genealogists 
attach to the insights GFG provides.  
 
 
Table 12. GFG incorporates multiple graphs highlighted in green and orange. Orange contains definitions for 
columns and rows with the same name. Green indicates graphs linked in the GFG graph schema. 
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GFG recommendations consider genealogy workflows by identifying the most relevant matches for future 
research and providing context such as their membership in triangulation groups, communities (family tree 
branch), their ancestral surnames, or the sources where more details may emerge. The GFG-PI uses several 
community detection algorithms to group individuals and align them with branches of the family tree. Reports 
include DNA matches, putative common ancestors, and  chromosome segments which can be seamlessly 
uploaded to DNA Painter. Hierarchical clustering uses similarity matrices and iteratively identifies communities 
of similar nodes. There are two strategies. Agglomerative clustering merges nodes with similarity into clusters. 
Divisive clustering separates low similarity nodes from communities[34]. GFG-PI uses the latter, specifically 
degree-centrality, to identify and tag less relevant nodes. The Louvain algorithm agglomerative clustering 
produces intermediary clusters, forming a dendrogram, that conforms to family tree branches. To implement 
these community detection methods, GFG-PI  uses Neo4j’s Graph Data Science plugin[38]. GraphXR provides its 
own community detection algorithms. 
 
GFG-PI uses several strategies to optimize the Neo4j graph schema and thereby increase query efficiency 
(Table 13). Indices of node properties speed the trip to the starting node(s) of traversals. Indices also accelerate 
loading the database, so they are created before the loading begins. You do not need the properties in the 
database to create an index. Query tuning involves limiting the number of nodes at the start of traversals. 

 
 
 
Constraining traversals will greatly decrease execution time. For instance, adding a simple constraint (Query 4)  
to a typical common ancestor query (Query 5) reduces the query time from about 2 seconds to ~10 milliseconds. 
This efficiency allows GFG to generously use common ancestors in reports which were previously avoided 
because of long computation times. 
 
Query 4. match (p1:Person{RN:1})-[r1:father|mother*0..15]->(mrca:Person)<-[r2:father|mother*0..15] -
(p2:Person{RN:600}) where p1.RN<p2.RN return collect(mrca.fullname) as mrca 
 

Table 13. Strategies used to enhance GFG-PI performance. 

Enhancement benefit

indicies fast finds where traversals start

specific query start points limits the nodes initiating traversals

query constraints limit paths traversed

redunant properties reduce traversal lenghts 

tag confounders exclude elements from queries

close triangles with new relationships one-time vs recurrent computations

standoff properties reduce overstap computations

user defined function operate closer to Neo4j server

pruning removes non-informative elements
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Query 5. match (p1:Person{RN:1})-[r1:father|mother*0..15]->(mrca:Person)<-[r2:father|mother*0..15]-
(p2:Person{RN:600}) return collect(mrca.fullname) as mrca 
 
A redundant property allows a query to bypass a node during a traversal. For instance, the DNA_Match nodes 
initially only have data provided by FTDNA. By adding the GEDCOM record number to these nodes allows queries 
to start at the DNA_Match node rather than the Person node from which the record number was obtained. 
Similarly, by adding the GEDCOM fullname to the DNA_Match node, you can include it in the report without 
looking it up repeatedly in the Lookup or Person node. 
 
Some nodes are not relevant to genealogy analytics. They are loaded because their limited value is only revealed 
when multiple testers are available. Analytics reveals, for instance, that their degree=1 means they are not 
informative because they do not link to multiple matches or form triangles. These nodes can either be “tagged,” 
pruned or a hybrid solution. The DNA_Match nodes with a degree=1 can be relabeled, which makes them 
unrecognizable to queries. But they can be restored by reverting to the original label. However, seemingly 
uninformative nodes may be subsumed by supernodes (see below), making them useful. 
 
Closing triangles enables graph algorithms. The shared_match and match_by_segment are examples. A special 
type of triangular closure is a so-called “standoff” property[39]. GFG-PI adds the p, m, cm and other properties 
to the match_by_segment relationship. These properties are derived from the two nodes linked by the 
relationship. Because Neo4j relationships are now indexable, they can be the start search target rather than 
looking at each node. These relationships are sometimes also described as “shortcut edges” because they 
bypass unnecessary steps. 
 
Longer running queries can slow down processing, in part because Java garbage collection can be problematic. 
Neo4j has addressed this through batching in LOAD CVS and APOC periodic commit. APOC also provides UDF 
with recovery options that manage server interrupts during query execution. Nonetheless, one of the issues 
with Neo4j is that it was built with Java, which is not as efficient in  managing garbage collection as other coding 
languages. User defined functions (UDF) were specifically developed by Neo4j to extend its capabilities and 
flexibility. They are written in java, the language behind Neo4j. They thus interact directly with the Neo4j server 
rather than through other internal interfaces. The same query runs many times faster in a UDF than through the 
Neo4j Desktop.  
 
Degree is a simple and safe way to prune a genealogy graph. If a node has a degree of 1 it connects to only one 
other node and is not directly informative in genealogy analytics. Triangles have specific roles in graph thinking 
and analytics. Over 90% of segments and 40% of matches have a degree of one and would be useless without 
the creation of virtual graphs or supernodes such as triangulation groups and monophyletic segment sets. 
Figure 11 illustrates triangulation from a graph thinking perspective. 
 
The term triangulation group is ambiguous. GFG uses several types of triangulation grouping, which need 
specific definition and distinguishing names (see Figure 11). DNA matches are a pair of individuals sharing DNA 
segments. If we have three match pairs that contain 3 nodes whose combinations (A-B, A-C and B-C) form a 
triangle, we can call these match triangulation groups (mTG). The mTG match pairs may not share a common 
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segment or ancestor. Genealogy triangulation groups (gTG) are three or more DNA matches with a known 
common ancestor who map to the same chromosome region.[40] Algorithmic triangulation groups (aTG) are 
formed by a match pair who share a segment (A->segment<-B). Graph algorithms use aTG to assemble triangles 
and create communities. Triangles have a central role in graph theory and analytics. If two triangles with 
4 distinct individuals share a common edge then there are two individuals not on the shared edge who are 
nearest neighbors. In genealogy we may have an individual with 10 triangles, some with and some without 
common edges with other triangles. The structure or topology of such graphs form communities or clusters.  
 
Different relatives whose test results are in the match list have overlapping segments mapping to the region 
defining the genealogy triangulation group (gTG). The borders of the gTG are fuzzy because one boundary can 
be outside those used to define the gTG. There is no precise way to resolve this fuzziness. Another ancestor on 
the same side of the family may have an adjacent gTG. GFGS uses DNA Painter[27] to produce chromosome 
maps with identified regions associated with ancestors.  
 
The complexity increases dramatically when multiple kits are used. Graph thinking leads to discovery of  
remarkably simple and useful insights. Graph traversals from ancestors on different branches of the family tree 
via DNA matches terminate at very few segments. This graph is like a phylogeny tree with a common ancestor 
suggesting the name monophyletic segment sets (MSS). MSS nodes were created with properties of mrca 
(ancestor record number) and fullname (of the ancestor). When there is more than one MRCA a MSS node is 
created for each. A monophyletic ancestral couple can be constrained, selecting one person in the couple, if 
there is a more distant monophyletic ancestor sharing MSS segments with only one of the couple’s MSS.  
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Graph thinking was revolutionized by Barabási who promoted the concept that networks self-organize because 
some nodes were preferred and form scale free networks featuring supernodes. Misteili, commenting on recent 
epigenetic research observes: “An important realization from these studies has been that the organization of 
genomes is characterized by a high degree of order and non-randomness.” [41] Self-organization is truly 
remarkable in early embryos who unwrap and reconfigure chromosomes independent of parental DNA. 
Supernodes and hierarchical organization are also now identified for epigenetic elements which might represent 
Goldilocks segments for genealogists.  

Figure 12. Triangulation group types. Match A, B, and C form a triangle when there are shared 
matches for A-B, A-C and B-C, as shown (mTG). Neo4j Graph Data Science creates a virtual 
graph using only Match D and E and the centimorgan-weighed match_segment relationship to 
algorithmically create triangles (aTG) and communities. Graph thinking views a robust 
triangulation group (gTG) as a supernode for mutually in common with (icw) Match F, G and H 
with properties for the chromosome region and MRCA shared by Match F, G, and H.  
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Scale free networks do not behave as random systems following normal distribution statistics. The 
Barabási-Albert model[34] based on preferred attachments conforms to the power law, characterized by a long 
tail. It is notable that such a pattern is observed in the shared centimorgan data at more distant relationships[19]. 
Figure 5 shows GFG segment degree distribution consistent with the power law. However, caution is necessary 
because there are alternative explanations for conformance or pseudo-conformance to the power law[42],[43]. 
The long tail represents high degree nodes, whereas the rare MSS nodes are low degree and buried within a 
large group of other low degree nodes where we expect nodes attributable to distant ancestors. The 
computational challenge is finding MSS segments. Graph methods provide a robust solution to this problem 
when there is enough data. The paradox of this “big data” solution is that we are seeking the small data pointing 
to one ancestor. Graph methods are particularly adept at such discovery. 
 
There are important limitations to monophyletic segments. The start and end positions of segments are imputed, 
and the algorithms vary between vendors[44]. For this reason, this study was limited to FTDNA test results. 
FTDNA does not utilize family tree data in its matching algorithms[45]. Yet with graph methods, monophyletic 
segments were identifiable. Prior work by Bartlett[46],[40] shows examples of specific segment boundaries 
repeated within triangulation groups. Other genetic genealogists have reported finding segments attributable 
to distant ancestors. The present study incorporates numerous DNA matches; up to 250,000 in one project. This 
is important because the odds of finding matches sharing a distant ancestor are increased[47]. This opportunity 
is further augmented when, as in the present work, the matches are to a group of testers selected because they 
share a common ancestor.  
 
Comparing and contrasting features of triangulation groups (gTG) and MSS is informative. Overlaps are 
irrelevant in identifying MSS segments and challenging for gTG. The boundaries in MSS are discrete and fuzzy 
for gTG. Some MSS precisely align with a few population specific segments used by FTDNA in population 
grouping. MSS segments could be used to create new population markers if the monophyletic ancestor’s 
demographics are known. 
 
MSS form an autosomal haplotree. While individual MSS segments are a rarity, the pattern of sets of segments 
is also rare. MSS supernodes connect to multiple segments on different chromosomes. These patterns can 
identify matches associated with the family tree branch and rare unknown matches who are candidates for 
further research. Boundaries of specific segments in both gTGs and MSS represent crossover points. Because 
these will vary on different descendancy branches they may prove useful in delineating the branch. This could 
be particularly helpful in endogamous families by enabling separate tracking of segments through different 
paths in the family tree. Goldilocks markers would have utility in forming more robust haplotrees akin to Y- and 
mt-haplotrees. 
 
There are multiple overlapping segments in genetic genealogy datasets, particularly notable when using 
numerous kits. A triangulation group contains many overlapping segments because of variance in different 
match-pairs segments. It appears self-evident that the specific defining boundaries of MSS may be obscured  
within the triangulation group region. However, graph traversals from the ancestor to the segment enables their 
discovery. What distinguishes monophyletic segments from others is their boundaries which represent pseudo 
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crossover points (PCOP); pseudo because the boundaries are approximated using imputation. PCOP are points 
rather than regions. If we are to develop methods specific for more distant ancestors, we need at least two 
things: 1) good methods to distinguish small elements and 2) small elements that are stable across generations. 
We have some clues about the opportunity in the current work and in recent science. At present the opportunity 
is aspirational. But a roadmap is emerging. 
 
Based on the experiences in the current work, a few suggestions for future efforts are offered. GFG can be 
augmented by further additions of UDFs and additional graphs. In personal work, the author uses graph methods 
to link coordinates in an image (photograph, historical document, etc.) to family tree members and others, 
which add value by 1) forming family/friends, associates, and neighbor (FAN) groups, 2) linking source 
documents as evidence, 3) adding  temporal data, and 4) in many cases adding geographic graphs . There are 
extant genealogy timeline tools[48] which might be augmented by graph methods. Genealogists might emulate 
personal trajectories developed in healthcare[49]. Geographic data is tessellated into graphs which can be linked 
to genealogy events and thereby incorporated into analytics. Neo4j has a set of spatial functions[50],[51] that 
have more recently been expanded in a spatial plugin[52] to support geo-analytics and use of shape files such as 
the Newberry Library Atlas of Historical County Boundaries[53]. While GFG-PI support importing the FTDNA 
Y-haplotree and raw Y-DNA csv files, Y- and mt-DNA management and analytics are not well developed yet in 
GFG. Collaboration between research teams can be well managed in a graph ecosystem. GFG can be refined to 
recommend best opportunities for candidates to join projects or doing DNA testing. Forensic genealogy could 
incorporate law enforcement graphs to connect families, police, victims, perpetrators, and DNA enabling 
traversals to discover actionable insights.  
 
Testing the monophyletic segment hypothesis is required. Current vendor data is not harmonized, producing 
aligned but slightly different segment boundaries from the same raw SNP data. Large datasets are required to 
identify MSS but the precise threshold numbers for success are not known. While the specificity of MSS was 
demonstrated using up to 250,000 DNA matches, this specificity could deteriorate in larger studies. More work 
is required to explore the biological basis for monophyletic segments.  
 
One of the challenges for graph aficionados in the paucity of graph thinking  in our genealogy community. There 
are, of course, notable exceptions. But native graph databases (not no-SQL) are not deployed widely by 
genealogy service providers. Unfortunately, hierarchical data standards (XML, JSON, OWL, etc.) aligned with 
interoperability of graph data were pushed aside in developing an updated GEDCOM 7 standard. Previous work 
on graphs in genealogy by citizen scientists was focused on visualizations which are interesting but difficult to 
translate into actionable recommendations. GFG is collaborating with GraphXR[28] on developing 3D renderings, 
including virtual and augmented reality outputs[54].  
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Appendices 
 

Appendix 1  

 

GFG PlugIn jar file 

wai.neo4j.gen-1.0.3.jar
 

10 

Appendix 2 Unzip in 

c:/genealogy/neo4j/ wai_files.zip

 

20 

Appendix 3 List of UDF in GFG-

PI 

See Supplement 1. Tab 

Functions 

22 

Appendix 4  

 

GEDCOM-Kit 

curation file 

template 

GEDCOM-DNA_cura

tion.csv
 

30 

Appendix 5 

 

Triangulation group 

template TG_Template.csv

 

40 

Appendix 6 

 

Data Dictionary 

(Neo4j Schema) data_dict_20220508

_112934.csv
 

60 

Appendix 7 

 

Database indices 

Neo4j indices.csv

 

70 

Appendix 8 

 

Grass files: unzip 

and place in a 

convenient folder 

gfg_grass.zip

 

80 

Appendix 9 Database properties 

properties.xlsx

 

90 
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Supplemental Data 
 

Supplement 1 Know your data 

Know_your_data_20

220311_070316-anonymized.xlsx
 

10 

Supplement 2 X-chr descendancy tree 

x-chr descendancy 

tree.xlsx
 

20 

Supplement 3 DNA Painter MSS segments 

DNA Painter 

Stinnett MSS anonymized.pdf
 

39 

Supplement 4 Y-haplotree 

Y-haplotree.svg

 

50 

 
 

1 “HapMap HG37 Tab-Delimited Files,” GitHub, accessed January 3, 2022, https://github.com/waigitdas/Neo4j-Genealogy-PlugIns. 

Journal Issue Page 76 of 131

https://www.jogg.info/
https://creativecommons.org/licenses/by-nc-sa/4.0/


Calculating Autosomal DNA Match 

Coverage: A generalized additive recursive 

method 
By Wesley Johnston, June-July 2022 

Overview 
An autosomal DNA-tested descendant of a person matches some people who an ancestor would have 

matched if the ancestor had tested. We can calculate a precise theoreticali percent of the ancestor’s 

matches who would match the descendant. For example, a child matches about 50% of the people her 

father would have matched if her father had tested.ii 

If multiple descendants of an ancestor had autosomal DNA-tested, they together match a higher 

percentage of the ancestor’s potential matches. We can calculate this percentage. For example, five 

children of she same parent would match about 96.875% of the people who would match that parent if 

the parent had tested. 

Paul Woodbury coined the term “coverage” for this calculated percent and developed formulae for 

doing the calculation in parent-child scenarios.iii His formulae do not easily extend to a generalized 

additive way of recursively calculating coverage that allows for automation of coverage calculation for 

any given combination of descendants. 

This paper presents a generalized additive recursive method that allows for automated calculation of 

autosomal DNA match coverage of an ancestor. This paper then provides a visionary glimpse of a related 

tool to automatically calculate the coverage of a specific relative from the DNA of other family members 

towards identification of the remains of a family member lost in a prior conflict. 

I intend this presentation of the method to allow anyone to implement the pseudo code in actual code. 

Developers can implement this conceptual version in a great many different ways. The first developer to 

implement it is David Stumpf who has implemented it as a feature in his Graphs for Genealogists 

software (https://www.wai.md/gfg). 

Basis of Calculation 
The calculation rests on the generalized extension of basic coverage. One child covers 50% of a parent’s 

autosomal DNA matches. Two children (other than identical twins) combine to cover 75% of the parent’s 

matches. (See Figure 1.) 
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Figure 1-Two Children 

Each child inherited 50% of the parent’s autosomal DNA. Each child shares about half their DNA 

inherited from that parent (thus 25% of the parent’s DNA) with the other child. But each child has a 

unique half (25%) that the other child did not inherit. 

For example, Amy and Ben both inherited about the same 25% of their mother Mary’s DNA, but Ben 

does not share about 25% of Amy’s DNA that she inherited from Mary in locations where Ben inherited 

his DNA from their father Frank. And Amy also does not share 25% of Ben’s DNA that he inherited from 

Mary because in those locations Amy inherited her DNA from Frank. 

Thus, the two children Amy and Ben would match about 75% of the people who Mary would have 

matched if Mary had tested. The 75% comes from the shared 25% plus the two unique 25% regions of 

DNA each child inherited: 25% shared + Amy’s unique 25% + Ben’s unique 25% = 75%. 

This generalizes as more children’s tests add to the coverage of a parent’s autosomal DNA matches. (See 

Figure 2.) 

 

Figure 2-3 or more Children 

The sizes of the shared and unshared regions of DNA reduce by half with each new child. And the 

number of shared regions increases as the number of children increases. 

In general, N children cover the matches of about 1 – (1/2^N) of the parent (expressed as a percent, 

which is 100 times the number from the formula). So, three children cover 87.5% of the parent’s 

matches. 

Journal Issue Page 78 of 131



And we have (2^N)-1 separate pieces of the parent’s DNA that exist for N children, either as unique to 

each child or as some combination of 2 or more of the children. So, three children combine in 7 (=8-1) 

different pieces. 

And each of those pieces contains 1/(2^N) of the parent’s DNA. So, each piece for 3 children holds 12.5% 

(1/8 expressed as a percentage) of the parent’s DNA. 

The question then is how to extend this to a generalized recursive method that allows for automation of 

any combination of descendants – not just children but grandchildren or even more distant 

descendants. 

Two-generation Calculation 
Instead of two children testing, what is the coverage of a target person if the two tests are a child and a 

grandchild? The grandchild must be the child of a second child since the child of the first child adds 

nothing to the coverage of the parent since that child would have inherited all their target person’s DNA 

from their parent. (See Figure 3.) 

 

Figure 3-Uncle and Niece Tested 

Another way to view the same situation is that the testers are an aunt/uncle and a niece/nephew. The 

niece/nephew only inherited 25% (half of 50%) of the grandparent’s DNA. So, we have a child who 

inherited 50% of the target person’s DNA and a grandchild who inherited 25% of the target person’s 

DNA. 

So, we go back to figure 1. The tested child provides their own unique 25% plus 25% that the child would 

have shared with the grandchild’s parent. But the grandchild provides only 12.5% in each case and not 

25%. In the case of the shared DNA, the tested child has provided a full 25%, so that there is no loss 

from the sharing with the grandchild. 
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The result is that we have the child’s unique 25%, the grandchild’s unique 12.5% and the 25% that the 

child and the parent of the grandchild shared. So, the child and grandchild would match 62.5% of the 

people who the target person would match if the target person had tested: 62.5% = 25% + 12.5% + 25%. 

This is the first extension of the method. 

The Goal: A Recursive Additive Algorithm 
The extension above differs from the formulae that Paul Woodbury developed. His formula had negative 

terms that subtracted some amount in the calculation.  That formulation made it very difficult to extend 

to all situations so that a computer algorithm could receive any configuration of descendants and 

generate the precise percentage of coverage of the target ancestor. The method in the previous section 

adds components together to calculate the coverage. It has no negative terms. 

The ultimate tool would accept as input the specification of the relationships of all tested descendants 

and then provide the percentage of coverage of the target ancestor by the tests of those descendants. 

The DNA Painter website’s WATO (What Are The Odds?) tool graphical user interface (GUI) is very close 

to what is needed, although it does not yet permit specification of descendants of the target person who 

married each other. 

For example, here is the same configuration used in the previous section but specified with the WATO 

GUI. 

 

Figure 4-Uncle and Niece Tested - WATO GUI Specification as Input to Coverage Calculation Algorithm 

This would be the input. The output would then tell you that the coverage of the target person. This 

would not only be a wonderful tool for knowing how much coverage your existing kits provide for an 

ancestor. It would also allow you to evaluate which of several candidate testers would contribute most 

to increasing the coverage. 

But how does the computer do the calculation? What exactly do we tell the computer to do? 

What I propose is a recursive method where each generation is another iteration that uses the same 

algorithm. Using an additive method allows for recursion. 

Conceptual View of the Recursive Additive Algorithm (Pseudo Code) 
Essentially, the algorithm generates an N dimensional Venn diagram in tabular form, with a row of he 

table for every distinct piece of the Venn diagram. The algorithm then calculates the coverage of the 

target person contributed by each piece and then sums the value of the pieces to arrive at the coverage 

of the target person by that configuration of DNA-tested descendants. 
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The algorithm would implement the following pseudo code, using the tables and variables indicated. 

The reference person would change with each call of the module. It would begin with the overall target 

person as the reference person, but the reference person in lower level calls would be a child or 

grandchild or other descendant of the target person as the recursive calls of the module handle each 

generation. 

 

The module implementing the algorithm uses two tables to keep track of (1) the pieces of the Venn 

diagram and (2) the reconstructed DNA percentage of each child of the parent and then combine these 

into a coverage value for each piece of the Venn diagram which add up to a sum that is the autosomal 

DNA match coverage of the reference person by the tests of his/her descendants. 

Appendix 1 steps through the calls of the module for an example application. Appendix 2 shows how the 

algorithm outputs the same result from different orders in which the children are presented to the 

algorithm. 

The Five Variables 
The module assigns the value of the first variable N by counting the number of children of the reference 

person. It then calculates variables P and M from the N. Variables W and R are indexed sub-arrays of 

Table 1, calculated by the module. 

N = count of the number of children of the reference person (input is the tree specification) 

P = number of pieces of the Venn diagram for N children = (2^N) – 1 (lower case “p” then becomes the 

index for Table 1, starting at 1, and lower case “n” becomes the index for the child columns) 

M = maximum theoretical coverage of each piece = 1/(2^N) as either a percentage or number 

W(p) = weight of the actual reconstructed coverage of each piece (see the pseudo code for details) 

R(p) = result for each piece = M * W(p) 

N, P and M are all fixed for the duration of a call of the module. W is the key variable that applies the 

calculated weight to each piece. 

N and P determine the dimensions of the tables. M, W and R are specific to the calculation of coverage. 

The Two Tables 
It is important to note that these two tables exist for not only the top-level call for the target person. 

Every recursive call for every parent-child scenario has its own Table 1 and Table 2. The size of the tables 

at any particular call to the algorithm is determined by the number of children in that particular parent-

child scenario. There will be many Table 1s and many Table 2s generated in fulfilling all the recursive 

calls in order to calculate the final Table 1 and Table 2 at the top-level call of the module. 

Table 1 – People and Pieces (N+3 columns x P rows)  

The People and Pieces table has a column for each child and a row for each piece. Table 1 is simply the 

tabular representation of a Venn diagram for N children, extended to include the calculation of the 

contribution of each piece. 
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The code initializes the table and never changes the columns for the children (1 to N) and M.  The 

module changes only the cells for W and R. Each child-column cell has a binary 0 or 1 to indicate the 

inclusion or absence of that child in that piece.  So, the values of the child-cells in a row are simply the 

binary equivalent of the index (starting at 1) for that row. 

Here is an example of the completed (just prior to calculation of the coverage for the reference person 

and exiting the module) Table 1 for the first call level (the level at which the target person is the current 

reference person for that call of the module) of the two-generation scenario shown in Figure 4, with 

child 1 as the tested child and child 2 as the untested child. Since there are two children, N=2. Then P = 

(2^N) – 1 = 3. And M = 1/(2^N) = ¼ = 25% = 0.25. 

Table 1 - People and Pieces 

With Completed W and R Values in Call Level 1 with input from Figure 4 

Piece\Child 1 2 M W R 

1 0 1 25% 50% 12.5% 

2 1 0 25% 100% 25% 

3 1 1 25% 100% 25% 

 

The table certainly can be modified or even broken into separate tables, as someone prefers for their 

implementation. For example, since the value of M is the same for every row, the table really does ` 

need a column for M. I include M for clarity, but since the variable M already has this value, the column 

for M can be omitted. In fact, a hyper-simplified version could simply use the two arrays W(p) and R(p) 

since the child binary combinations can be computed from the index value (e.g. p=3 is binary 11.) 

Table 2 – Tested/Reconstructed DNA of Children (1 Row x N columns) 

The table of Tested/Reconstructed DNA of Children has a column for each child. The cell value is the 

calculated percentage of coverage of that child’s own DNA exists in the DNA tests of him/herself or 

his/her descendants. 

Table 2 – Tested/Reconstructed DNA of Children 

Final Result for Call Level 1 with input from Figure 4 

1 2 

100% 50% 

 

 

Pseudo Code: Recursive Module 

1. Count the number of children of the reference person (in the first call, this is the target person). 

Set this as N. If N=0, return the coverage percentage as 100% and exit the module. 

2. Calculate the number of pieces P of DNA (as in Figure 3) and the maximum coverage percentage 

M that each piece holds of the reference person’s DNA. 

3. Generate the module-internal tables, setting values to be calculated initially at zero. 

4. For each child, determine the coverage of the child by calling this same module. 

5. For each piece/row of Table 1, calculate W and R for that piece/row. (details in next section) 
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6. Add the percentages for the pieces together to calculate the coverage percentage of the 

reference person and return that number and exit the module. 

Pseudo Code: Step 5 calculations 
W(p) = Max of all products of [cell (p, n) * M] for row p 

R(p) = M * W(p) for row p 

Each weight W is calculated for its row by using the combination of children specified in the binary 

columns for that row and multiplying that 0 or 1 value by the Table 2 value of the tested/reconstructed 

coverage of the DNA of that child. The maximum value of each of these products then becomes the 

value of W(p) for that row p. See the example in the appendix for details of how this is applied. 

How to Understand the Tables and the Implicit Venn Diagram 
Remember that the target person and every one of their descendants on a descendant line that has a 

DNA tested descendant will generate a call of the module. There will be a Table 1 and a Table 2 for every 

call of the module. 

In cases where at least one child of the target person has tested, a single number can represent 

coverage, and the algorithm in this paper uses that number. 

In cases where no child of the target person has tested, only a range of coverage from a lower bound to 

an upper bound can fully represent the reality of the coverage. The algorithm in this paper calculates the 

lower bound. 

Other methods (such as Paul Woodbury’s formula) calculate an average value. But using that average 

from one generation to calculate the coverage in the prior generation (recursive use of the formula) 

skews the final result away from the actual average of the final upper and lower bounds. Only the lower 

and upper bounds work in a recursive application of a method to accurately calculate the coverage of 

the prior generation when it is a range and not a single value. 

See Appendix 4 for a full discussion of the handling of combinations of DNA results when those results 

are in fact ranges and not single values. 

Table 1 is a tabular form of the Venn diagram. Each row of the table corresponds to a piece of the Venn 

Diagram. So, it is crucial to the understanding of what the algorithm is doing to understand what the 

tables are showing and how they reach their final total. 

Figure 4 Scenario 

To recapitulate, the input in Figure 4 is a person who has one child who has tested and one grandchild 

who has tested. 
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And the final results for Tables 1 and 2 are as follows. 

Table 1 - People and Pieces 

With Completed W and R Values in Call Level 1 with input from Figure 4 

Piece\Child 1 2 M W R 

1 0 1 25% 50% 12.5% 

2 1 0 25% 100% 25% 

3 1 1 25% 100% 25% 

 

Table 2 – Tested/Reconstructed DNA of Children 

Final Result for Call Level 1 with input from Figure 4 

1 2 

100% 50% 

 

So, precisely what are the tables telling us? 

Table 2 tells us that Child 1, the child who tested, has 100% of their DNA results for coverage of the 

parent. And Child 2, the child whose child tested, has 50% of their results available. Table 2 tells us how 

much of each child’s DNA they can contribute to the parent’s coverage. 

Table 1 is the Venn diagram for the 2-child scenario, with the calculations completed for each piece of 

the Venn diagram. Let’s look at what this chart spells out. 

 

Thus the target person’s coverage is the sum of the R values: 12.5% + 25% + 25% = 62.5%. 

The green numbers are the pieces of the Venn diagram. They are the same as the three rows in the 

table. 
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• Child 1 (in brown) is the only child in piece 2. This is reflected in the table by a “1” in row 2 for 

Child 1 and a “0” in row 2 for Child 2. 

• Child 2 (in red) is the only child in piece 1. This is reflected in the table by a “1” in row 1 for Child 

2 and a “0” in row 1 for Child 1. 

• Both children are in the center piece 3. This is reflected in the table by a “1” in row 3 for both 

Child 1 and Child 2. 

So, each piece of the Venn diagram is duplicated in tabular form as a row in Table 1. Every part of the 

Venn diagram is in the table. Nothing is left out. The diagram and the table are the same by definition. 

Table 2 is placed below Table 1. 

• Child 1 tested so that 100% of that child’s DNA is available to cover the parent. 

• Child 2 did not test but has a child who did test. So, that tested grandchild covers 50% of Child 2. 

This is what the target person’s Table 2 has calculated by the time the algorithm’s recursive calls returns 

to the top level just prior to the final calculations. 

The final calculations take place row by row. 

Row 1 is piece 1 of the Venn diagram – the piece unique to Child 2. (We see this with the 01 entries in 

the child columns for the row.) 

• M is the maximum possible coverage of each piece of the Venn diagram. In this case of 2 

children, M=25%. We see M both in the Venn diagram and in the table. 

• W in row 1 (piece 1) can only be calculated from Child 2 since Child 1 is not in piece 1 (Child 1 

has “0” in row 1.) If Child 2 had tested, then 100% of their DNA would be available for coverage 

of the target person. But Child 2 did not test. So, only 50% (half) of the DNA of Child 2 is 

available – through the test of the child of Child 2.  

• So, instead of piece 1 supplying the full 25% maximum coverage, it provides only half of that 

25%. So, R = 25% x 50% = 12.5% for row/piece 1. 

Row 2 is piece 2 of the Venn diagram – the piece unique to Child 1. (In this case, it is Child 2 has a “0” in 

the row.) 

• M is the same 25% as it is for every piece of the Venn diagram. 

• W is now 100% since Child 1 did a DNA test. 

• So, Child 1 can cover the entire 100% of piece 2. But piece 2 can only provide 25% of the 

coverage of the target person. So, R = 25% x 100% = 25%. 

Row 3 is piece 3 of the Venn diagram – the piece unique that includes both Child 1 and Child 2. (In this 

case, both Child 1 and Child 2 have a “1” in the row.) 

• M is the same 25% as it is for every piece of the Venn diagram. 

• W is now 100% since Child 1’s DNA test provides 100% of his/her possible coverage of the 

parent. Thus the 50% available from Child 2 is already part of what Child 1 can provide and 

effectively provides no added value. The algorithm uses the maximum value of all the children in 

the combination of multiple children, effectively providing a lower bound for the coverage that 

the children could provide for the parent. (In the scenario of Figure 4, the lower bound is the 
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same as the upper bound.) See Appendix 4 for a full discussion of combining the results of 

multiple children and how these really are parts of a range of values and not a single value when 

no child of the target person has tested. 

• So, Child 1 can cover the entire 100% of piece 2. But piece 2 can only provide 25% of the 

coverage of the target person. So, R = 25% x 100% = 25%. 

Writing the Actual Computer Code 
The pseudo code is relatively simple – six steps with a two-step subroutine. The actual management of 

the tables and variable requires care but is well within the repertoire of any good programmer. 

I do not specify the data structure of the input family tree. Different ways of handling the input already 

exist. Jonny Perl’s DNA Painter WATO GUI front end for the specification of the input is a near-perfect fit 

for the envisioned tool. Similarly, David Stumpf’s Graphs for Genealogists graph database fits very well 

as a front-end specification. 

I intend this presentation of the method to allow anyone to implement the pseudo code in actual code. 

Autosomal DNA Coverage of Past-Conflict Dead 
It is a sad reality that the remains of many soldiers lost in World War II have never been recovered and 

identified. The U. S. military cemeteries have thousands of graves marked “Unknown”, and the U. S. 

Defense POW-MIA Accounting Agency (DPAA) still recovers newly discovered World War II even this 

many years later. 

DPAA obtains family DNA reference samples from members of the family of those men still 

unaccounted. Sometimes, the few surviving family members relate more distantly to the missing soldier 

than desired but are the only members of the family who can provide DNA. 

I believe that a tool to calculate the percentage of coverage of the autosomal DNA of a still unaccounted 

service member could be useful for identifying currently unknown remains. This tool would be similar to 

the one described in this paper but would have the missing service member as the target person. 

I have not yet attempted to create a detailed vision of this tool. 
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APPENDIX 1: Example with 3 Children 
Here is an example of the relevant tables for a target person T with 3 children. This is the input 

specification. 

 

Figure 5-Example: 3 Children of Target Person 

Call Level 1 – Reference Person = Target Person 
The scope of each call is the reference person and his or her children. So, this level of the call looks only 

at these people. Each child then becomes the reference person in 2nd level calls which look at that child 

and his or her children. So, the scope of this first level call is only these people. 

 

Figure 6-Call Level 1 Input Scope 

1. Count the number of children of the reference person (in the first call, this is the target person). 

Set this as N. If N=0, return the coverage percentage as 100% and exit the module. 

2. Calculate the number of pieces P of DNA (as in Figure 3) and the maximum coverage percentage 

M that each piece holds of the reference person’s DNA. 

3. Generate the module-internal tables, setting values to be calculated initially at zero. 

Step 1 determines that N=3. So, it continues to step 2 which determines that P = (2^N)-1 = 7 and that M 

= 1/(2^N) = 1/8 = 0.125 = 12.5%. 

Step 3 generates the initial state of Tables 1 and 2. 
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Table 1 - People and Pieces 

Initialized for call level 1 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 0% 0% 

2 0 1 0 12.5% 0% 0% 

3 0 1 1 12.5% 0% 0% 

4 1 0 0 12.5% 0% 0% 

5 1 0 1 12.5% 0% 0% 

6 1 1 0 12.5% 0% 0% 

7 1 1 1 12.5% 0% 0% 

 

Table 2 – Tested/Reconstructed DNA of Children 

Initialized for call level 1 

1 2 3 

0% 0% 0% 

 

4. For each child, determine the coverage of the child by calling this same module. 

This level of the module will now issue a separate call for each of the three children. 

Call Level 2 – Reference Person = Child 1 of Target Person 
Since child 1 has no children, the scope of this call is only child 1 (the teste child) of the target person. 

1. Count the number of children of the reference person (in the first call, this is the target person). 

Set this as N. If N=0, return the coverage percentage as 100% and exit the module. 

Since child 1 has no children, N = 0, and this call returns a value of 100% coverage and exits. 

Resume Call Level 1 – Reference Person = Target Person 
The call for child 1 returned 100%. So, Table 2 now has these values. 

Table 2 – Tested/Reconstructed DNA of Children 

Call level 1 after level 2 call for child 1 

1 2 3 

100% 0% 0% 

 

4. For each child, determine the coverage of the child by calling this same module. 

The iteration through step 4 continues with a call of the module for child 2. 

Call Level 2 – Reference Person = Child 1 of Target Person 
Since child 1 has no children, the scope of this call is only child 1 (the teste child) of the target person. 
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Figure 7-Call Level 2 for Child 2 as the Reference Person 

1. Count the number of children of the reference person (in the first call, this is the target person). 

Set this as N. If N=0, return the coverage percentage as 100% and exit the module. 

2. Calculate the number of pieces P of DNA (as in Figure 3) and the maximum coverage percentage 

M that each piece holds of the reference person’s DNA. 

3. Generate the module-internal tables, setting values to be calculated initially at zero. 

Step 1 determines that N=1. So, it continues to step 2 which determines that P = (2^N)-1 = 1 and that M 

= 1/(2^N) = 1/2 = 0.5 = 50%. 

Step 3 generates the initial state of Tables 1 and 2. 

Table 1 - People and Pieces 

Initialized for call level 2 for child 2 of the target person 

Piece\Child 1 M W R 

1 1 50% 0% 0% 

 

Table 2 – Tested/Reconstructed DNA of Children 

Initialized for call level 2 for child 2 of the target person 

1 

0% 

 

4. For each child, determine the coverage of the child by calling this same module. 

This level of the module will now issue a separate call for the lone child of child 2 of the target person. 

The iteration through step 4 continues with a call of the module for child 2. 

Call Level 3 – Reference Person = Child of Child 1 of Target Person 
Since child 1 has no children, the scope of this call is only child 1 (the teste child) of the target person. 

 

Figure 8-Call Level 3 for Child of Child 2 as the Reference Person 

1. Count the number of children of the reference person (in the first call, this is the target person). 

Set this as N. If N=0, return the coverage percentage as 100% and exit the module. 

Since the tested child has no children, N = 0, and this call returns a value of 100% coverage and exits. 
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Resume Call Level 2 – Reference Person = Child 2 of Target Person 
The call for the child returned 100%. So, Table 2 now has these values. 

Table 2 – Tested/Reconstructed DNA of Children 

Call level 2 for child 2 of the target person after level 3 call of that person’s child 

1 

100% 

 

5. For each piece/row of Table 1, calculate W and R for that piece/row. 

Here is the initial state of Table 1 for this call. 

Table 1 - People and Pieces 

Initialized for call level 2 for child 2 of the target person 

Piece\Child 1 M W R 

1 1 50% 0% 0% 

 

Step 5 enters the returned value (100%) as the value of W(1) since cell(1,1) =1 so that W = 1 * 100%. 

Table 1 - People and Pieces 

Weight calculated for call level 2 for child 2 of the target person 

Piece\Child 1 M W R 

1 1 50% 100% 0% 

 

Step 5 then computes R = M * W(1) = 50% * 100% = 50% 

Table 1 - People and Pieces 

Weight calculated for call level 2 for child 2 of the target person 

Piece\Child 1 M W R 

1 1 50% 100% 50% 

 

6. Add the percentages for the pieces together to calculate the coverage percentage of the 

reference person and return that number and exit the module. 

Since there is only one piece/row, the sum is 50%. This call returns 50% and exits. 

Resume Call Level 1 – Reference Person = Target Person 
Table 1 remains the same. Table 2 now has the value for child 2. 
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Table 1 - People and Pieces 

Initialized for call level 1 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 0% 0% 

2 0 1 0 12.5% 0% 0% 

3 0 1 1 12.5% 0% 0% 

4 1 0 0 12.5% 0% 0% 

5 1 0 1 12.5% 0% 0% 

6 1 1 0 12.5% 0% 0% 

7 1 1 1 12.5% 0% 0% 

 

Table 2 – Tested/Reconstructed DNA of Children 

Call level 1 after level 2 call for child 2 

1 2 3 

100% 50% 0% 

 

4. For each child, determine the coverage of the child by calling this same module. 

This level of the module will now issue a separate call child 3 of the target person. 

The iteration through step 4 continues with a call of the module for child 3. 

Call Level 2 – Reference Person = Child 3 of Target Person 
I omit the detail of this calculation since it is now clear from the call for child 2 how the nested calls will 

work for child 3 to ultimately return the value 25% from this call for the third child. 

Resume Call Level 1 – Reference Person = Target Person 
Table 1 remains the same. Table 2 now has the value for child 3. 

Table 1 - People and Pieces 

Initialized for call level 1 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 0% 0% 

2 0 1 0 12.5% 0% 0% 

3 0 1 1 12.5% 0% 0% 

4 1 0 0 12.5% 0% 0% 

5 1 0 1 12.5% 0% 0% 

6 1 1 0 12.5% 0% 0% 

7 1 1 1 12.5% 0% 0% 
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Table 2 – Tested/Reconstructed DNA of Children 

Call level 1 after level 2 call for child 2 

1 2 3 

100% 50% 25% 

 

5. For each piece/row of Table 1, calculate W and R for that piece/row. 

Row 1 Calculation 

W(1) is the maximal value of these three (0 * 100%, 0 * 50%, 1 * 25%) = (0, 0, 25%). The zeros and ones 

are from the child columns of row 1 of Table 1. The percent values are from the corresponding cells of 

Table 2. So, W(1) = 25%, since that is the maximum value of the three products. 

Then R(1) = M * W(1) = 12.5% * 25% = 3.125%. So, Table 1 now has these values. 

Table 1 - People and Pieces 

Call level 1 after calculation of W(1) and R(1) 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 25% 3.125% 

2 0 1 0 12.5% 0% 0% 

3 0 1 1 12.5% 0% 0% 

4 1 0 0 12.5% 0% 0% 

5 1 0 1 12.5% 0% 0% 

6 1 1 0 12.5%   0% 0% 

7 1 1 1 12.5% 0% 0% 

 

Row 3 Calculation 

Row 2 is a single-child piece so that its calculation follows a similar path as row 1, with the only 

difference that child 2 and not child 3 determines the values of W(2) and R(2). Row 3 differs in that it is 

the first row (the first piece of the Venn diagram) with a combination of children. 

W(3) is the maximal value of these three (0 * 100%, 1 * 50%, 1 * 25%) = (0, 50%, 25%). The zeros and 

ones are from the child columns of row 3 of Table 1. The percent values are from the corresponding cells 

of Table 2. So, W(3) = 50%, since that is the maximum value of the three products. 

Then R(3) = M * W(3) = 12.5% * 50% = 6.25%. So, Table 1 now has these values. 
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Table 1 - People and Pieces 

Call level 1 after calculation of W(3) and R(3) 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 25% 3.125% 

2 0 1 0 12.5% 50% 6.25% 

3 0 1 1 12.5% 50% 6.25% 

4 1 0 0 12.5% 0% 0% 

5 1 0 1 12.5% 0% 0% 

6 1 1 0 12.5% 0% 0% 

7 1 1 1 12.5% 0% 0% 

 

Row 7 Calculation 

The calculation of rows 4-6 follows a similar path as rows 1-3. Row 73 differs in that it is the first row 

(the first piece of the Venn diagram) with a combination of all three children. 

W(7) is the maximal value of these three (1 * 100%, 1 * 50%, 1 * 25%) = (100%, 50%, 25%). The zeros 

and ones are from the child columns of row 7 of Table 1. The percent values are from the corresponding 

cells of Table 2. So, W(7) = 100%, since that is the maximum value of the three products. 

Then R(7) = M * W(7) = 12.5% * 100% = 12.5%. So, the final state of Table 1 now has these values. 

Table 1 - People and Pieces 

Call level 1 after full calculation 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 25% 3.125% 

2 0 1 0 12.5% 50% 6.25% 

3 0 1 1 12.5% 50% 6.25% 

4 1 0 0 12.5% 100% 12.5% 

5 1 0 1 12.5% 100% 12.5% 

6 1 1 0 12.5% 100% 12.5% 

7 1 1 1 12.5% 100% 12.5% 

 

6. Add the percentages for the pieces together to calculate the coverage percentage of the 

reference person and return that number and exit the module. 

The module ends by summing up the values of the pieces and returning that sum and exiting. 

The sum is 3.125% + 6.25% + 6.25% + 12.5% + 12.5% + 12.5% + 12.5% = 65.625%. 
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APPENDIX 2: Differing Input Order 
The order in which the input tree presents the children does not alter the output. Here are three 

examples of the final state of Table 1 and Table 2 in the top-level call of the module just before it sums 

up the pieces of the Venn diagram, outputs that sum and exits. In all cases, the output is the same. 

In each case, the children are numbered from 1 at the top to 3 at the bottom. 

Order of the Example in Appendix 1 

 
 

Table 2 – Tested/Reconstructed DNA of Children 

Final Call level 1 in example in Appendix 1 

1 2 3 

100% 50% 25% 

 

Table 1 - People and Pieces 

Final Call level 1 in example in Appendix 1 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 25% 3.125% 

2 0 1 0 12.5% 50% 6.25% 

3 0 1 1 12.5% 50% 6.25% 

4 1 0 0 12.5% 100% 12.5% 

5 1 0 1 12.5% 100% 12.5% 

6 1 1 0 12.5% 100% 12.5% 

7 1 1 1 12.5% 100% 12.5% 

 

The module returns the sum of column R values = 65.625%. 
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Alternate Input Order 1 

 

Table 2 – Tested/Reconstructed DNA of Children 

Final Call level 1 in Alternate Input Order 1 

1 2 3 

50% 100% 25% 

 

Table 1 - People and Pieces 

Final Call level 1 in Alternate Input Order 1 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 25% 3.125% 

2 0 1 0 12.5% 100% 12.5% 

3 0 1 1 12.5% 100% 12.5% 

4 1 0 0 12.5% 50% 6.25% 

5 1 0 1 12.5% 50% 6.25% 

6 1 1 0 12.5% 100% 12.5% 

7 1 1 1 12.5% 100% 12.5% 

 

The module returns the sum of column R values = 65.625%. 
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Alternate Input Order 2 

 

Table 2 – Tested/Reconstructed DNA of Children 

Final Call level 1 in Alternate Input Order 2 

1 2 3 

100% 25% 50% 

 

Table 1 - People and Pieces 

Final Call level 1 in Alternate Input Order 2 

Piece\Child 1 2 3 M W R 

1 0 0 1 12.5% 50% 6.25% 

2 0 1 0 12.5% 25% 3.125% 

3 0 1 1 12.5% 50% 6.25% 

4 1 0 0 12.5% 100% 12.5% 

5 1 0 1 12.5% 100% 12.5% 

6 1 1 0 12.5% 100% 12.5% 

7 1 1 1 12.5% 100% 12.5% 

 

The module returns the sum of column R values = 65.625%. 
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APPENDIX 3: Pedigree Collapse 
While the DNA Painter WATO graphical user interface does not allow specification of pedigree collapse 

scenarios, they did happen, and they do impact how the DNA tests of the descendants cover the 

ancestor. The method described in the main part of this paper handles such cases. 

Take the relatively simple case of two first cousins who married. The target person is one of their 

parents. The test taker is one of their children. If WATO could handle the specification of this scenario, it 

might look like this. 

 

Figure 9-Pedigree Collapse - Simple Example Input Specification 

Because the recursive calls work down from the target person for each child, the tested descendant 

provides the DNA for two different children in this scenario. Here are the two separate paths. 

Target Person – Child 1 – Parent 1 – Tested Grandchild 

Target Person – Child 2 – Parent 2 – Tested Grandchild 

The tested grandchild provides 50% coverage for Parent 1 and 25% coverage for Child 1. The same 

tested grandchild provides 50% coverage for Parent 2 and 25% coverage for Child 2. So, we have the 

final table values for the target person as follows. 

Table 2 – Tested/Reconstructed DNA of Children 

1 2 

25% 25% 

 

Table 1 - People and Pieces 

Piece\Child 1 2 3 M W R 

1 0 0 1 25% 25% 6.25% 

2 0 1 0 25% 25% 6.25% 

3 0 1 1 25% 25% 6.25% 

 

The module returns the sum of column R values = 18.75%. 
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Appendix 4: Calculating the Shared DNA 

Component: Dealing with Ranges 
 

The calculation of a parent’s DNA coverage from the DNA of tested descendants requires dealing with 

the DNA unique to each child and also to the combination of DNA from multiple children. A single 

number represents the amount of DNA a child can contribute to a parent in some cases. But when the 

coverage comes from the combination of testers who are grandchildren or more distant descendants of 

the ancestor, it is impossible in a theoretical estimate of coverage to know precisely which regions of 

DNA those children’s descendants provide in their coverage. The reality is that a range of possible values 

results from the combination. There is no way in a theoretical model to tell just which case represents 

the DNA that each child contributes in a specific actual family. 

This appendix explains in detail how this reality impacts any attempt to calculate theoretical coverage 

estimates. 

The algorithm deals with this reality by calculating the lower bound of each range. The resulting 

coverage value is very likely less than what the actual coverage of the target person would be if the 

precise DNA being used in an actual case was known. But as the lower bound, it assures that the 

estimated coverage is at least that high.iv 

The Two-Child Scenario 
Two children who have both autosomal DNA tested provide coverage for their designated parent as 

shown in this diagram. 

 

The left circle indicates the DNA of Child 1. The overlapping right circle indicates the DNA of Child 2. The 

arc (with the brown 25%) on the left side is DNA of the parent that is unique to Child 1. The arc (with the 

red 25%) on the right side is DNA of the parent that is unique to Child 2. The center area (with the brown 

and red 25%=25%) is DNA of the parent that both children share identically. 

Each child inherited half of their DNA from each parent. Thus, each child has half of their DNA from the 

designated parent. Roughly half of each child’s DNA inherited from the designated parent (thus 25% of 

the designated parent’s DNA) is unique to that child, and the other half (thus also 25% of the parent’s 

DNA) is identical to DNA inherited by the other child. 
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The diagram shows the unique 25% for Child 1 as the Brown 25% on the left, outside the center area. 

And it shows the unique 25% for Child 2 as the red 25% on the right, outside the center area. 

The center area shows the identical 25% of the parent’s DNA inherited by both children. 

This diagram represents the scenario of the parent and two children in Jonny Perl’s DNA Painter WATO 

graphical user interface format. 

 

The two children combine to cover 75% of the parent: 25% unique from each child plus the identical 

25% that they share = 25% + 25% + 25% just as the top diagram shows. 

The One-Child One-Grandchild Scenario 
The first extension of the 2-child scenario is when one child tests along with a child of the other child. 

This diagram represents the scenario in WATO graphical user interface format. 

 

The Venn diagram represents the scenario as follows. 

 

The three pieces each contribute to the overall total as follows. 

Child 1 Unique Piece (left arc) = 25% 

Child 2 Unique Piece (left arc) = 12.5% 

Center Shared Piece = 25% 
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The crucial aspect of this calculation is how the center shared piece value is calculated when the two 

children do not have identical amounts of shared DNA. 

Only half of Child 2’s DNA was also inherited by Child 1. That reality does not change. Child 1 has 

inherited 25% of the parent’s DNA that would have been identical to Child 2’s DNA if Child 2 had tested. 

That reality has not changed from the first scenario. What has changed is that Child 2’s DNA is only 

12.5% in this scenario. 

Child 1 has already provided the full 25% that would have been identical if Child 2 had tested. So, it 

really does not matter what percent Child 2 provides in the center shared area. We already have as 

much from child 1 as we can possibly have. Child 2 cannot add any more to the 25% since that is the 

maximum possible amount that they share. 

The result is that the maximum value in the center area is in fact the amount of coverage that this 

shared piece of DNA can provide to the parent. In no case can it be more than 25%. 

So, the center shared piece value is simply the larger (the maximum) of the two values available for 

coverage of the parent. In this case of 25% and 12.5%, the larger (maximum) value is 25%. 

The total coverage is the sum of the three pieces: 25% + 12.5% + 25% = 62.5%. 

The Two-Grandchildren Scenario: All children < 100% (Range) 
The next extension of the 2-child scenario is when neither child tests but a child of each child tests. This 

diagram represents the scenario in WATO graphical user interface format. 

 

This Venn diagram represents one case (where the shared DNA is identical). 

 

This Venn diagram represents another case (where the shared DNA from each child does not match any 

of the shared DNA from the other child). 
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The three pieces each contribute to the overall total as follows. 

Child 1 Unique Piece (left arc) = 12.5% 

Child 2 Unique Piece (left arc) = 12.5% 

Center Shared Piece = 12.5% to 25% -- a range and not a single number 

Having no children of the target person who have tested represents the actual situation for most parent-

child scenarios as a distant relative’s coverage is calculated. And it presents a radically different reality 

than was the case for the two previous scenarios. The radical change results from the fact that none of 

the children provide full coverage (25%) of this piece of the Venn diagram. The result is that the 

coverage is really a range of values and not a single number. 

In this scenario, one case may be as in the first Venn diagram above: the 12.5% provided by Child 1 is 

identical to the 12.5% provided by Child 2. In this case, the value of the center shared area is 12.5% so 

that the total of the three pieces is 37.5% (12.5% + 12.5% + 12.5%), as shown in the first Venn diagram 

above. 

But it is more likely that some or all of the DNA that Child 1 received from the parent did not pass down 

to their own child. And the same is true for Child 2. It could be that the 12.5% provided by the 

reconstructed DNA of Child 1 does not match any of the 12.5% reconstructed DNA of Child 2. In that 

case, the center shared area has a value of the full 25% possible (12.5% + 12.5%) so that the total of the 

three pieces is 50% (12.5% + 25% + 12.5%), as shown in the second Venn diagram above. 

In fact, the actual situation is that the center shared area can have any value from 12.5% to 25%, 

depending on how much of the reconstructed DNA of Child 1 is identical (or not) to the reconstructed 

DNA of Child 2. I have not done the calculations on this, but I believe that the possible combinations 

form a normal distribution with 12.5% at the low end and 25% at the high end and the most frequent 

cluster of possible combinations at the midpoint of 18.75% which would result in a total coverage of the 

parent as 43.75% (which is the same as the total coverage for this scenario using Paul Woodbury’s 

formula).v  

The reality is that there is no single number that represents the center shared area because any 

combination of the two children’s reconstructed DNA contribution to the center shared area can 

happen. The center shaded area is a range from 12.5% to 25% so that the total coverage is a range from 

37.5% to 50%. So, any theoretical model resulting in a single number has to choose one number from 

within the range. But to most accurately reflect the situation, a range and not a single number is the 

actual result. 
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For this scenario, here are the calculations for three key numbers that can be used to represent the 

situation in a single number instead of as a range. 

Lower Bound = 37.5% 

Choosing the maximum of the two percentages available results in the total coverage estimate being a 

lower bound: the kits of the descendants will cover at least this much of the target person’s DNA. 

Choosing the maximum percentage effectively chooses the case in which the two children’s 

reconstructed DNA is identical. This choice easily fits within the generalized recursive algorithm. 

Upper Bound = 50% 

The upper bound is the sum of the percentages from each child within this piece of the Venn diagram. In 

no case can it be larger than the size of the piece of the diagram (the value of M in the algorithm’s Table 

1). So, the value is the minimum of the piece size (25% in the case of 2 children in this scenario) or the 

sum of the children’s percentages for the center shared area. 

Most Frequent Combination (Mean or Average) = 43.75% 

This is simply the mean of the low end (the maximum single percentage) and the high end (the sum of 

the percentages of the children). Since the mean cannot be greater than the size of the piece of the 

Venn diagram, the actual value used must be the minimum of the piece size (25% in this scenario) and 

the calculated mean. 

 

The One-Grandchild One-Great Grandchild Scenario 
The next extension of the 2-child scenario is when neither child tests but a child of one child tests and a 

grandchild of the other child tests. This diagram represents the scenario in WATO graphical user 

interface format. 

 

The Venn diagram for this scenario looks like this, showing both the lower (bottom) and upper (top) 

bounds. 
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The algorithm returns 31.25%, which is the lower bound. 

The average of the total coverage based on the upper and lower bounds is 34.375. (This is the same as 

the value calculated by Paul Woodbury’s formula.) 

The One-Grandchild Two-Great Grandchildren Scenario (2 Ranges) 
The next extension of the 2-child scenario is when neither child tests but a child of one child tests and a 

grandchild of the other child tests. This diagram represents the scenario in WATO graphical user 

interface format. 

 

This is the first scenario in which we have had to deal with a range being passed up to a target person. If 

Child 1 had tested, the range would not matter since Child 1 could provide the full center shared area. 

But Child 1 has not tested. So, the range does require inclusion in the final calculation of the target 

person’s coverage – a calculation which as we saw in the prior scenarios also results in a range and not a 

single number. 

The Venn diagram for the target person in this scenario looks like this. 

 

The diagram shows the lower bound of the target ancestor’s coverage at the bottom and the upper 

bound at the top. So, the actual result is the range 34.375% (which is what the algorithm will return) to 

50%. 

The algorithm reconstructs the coverage for Child 2 using the two grandchildren’s 50%. Thus, the 

algorithm calculates Child 2 as 37.5%. So, the final coverage by the algorithm sees Child 1 (50%) and 

Child 2 (37.5%) and calculates the parent as 34.375% which is the same as the lower bound for the 

range. 

The average of the upper and lower bounds for the target person’s coverage range is 42.1875%. 

Woodbury’s formula calculates to 41.40625%. The difference is due to the formula passing forward only 
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a single number for Child 2 and not the range. The upper bound for both the target person and Child 2 

remains at 50%, but the lower bound drops from 37.5% for Child 2 to 34.375% for the target person. 

Thus, the average for Child 2 within the range is the same as for the formula. But because only the lower 

bound changed between Child 2 and the target person, the formula’s use of the average from Child 2 in 

the calculation of the total coverage of the target person diverges from the average of the range for the 

target person. This is because of the negative term in this paradigm, subtracting the product of half of 

the two children’s available DNA, results in a subtraction in the coverage of the target person of more 

than the amount that reaches the true halfway point of the range and thus results in a calculated value 

below the true midpoint/average of the range. 

In other words, on the normal distribution curve of the possible combinations of cases for the target 

person’s range, the average of that range is the most probable case, but the formula results in a value 

that is a slightly less probable case. This divergence of the formula from the true average of the range 

(the most probable combination of cases within the range) increases as more ranges are combined as 

steps in the calculation of the coverage of the target person. 

This skewing is not the case if the lower bound or the upper bound or the average of the lower and 

upper bounds is used as the single number for the coverage of each person. The real issue is that the 

true coverage is a range and not a single number. So, if the average (no matter how it is calculated) is 

used as the single number, then it will diverge from the true average. If the average is used, then the full 

calculation of the bounds and thus the range has to be used at every step where reconstructed DNA is 

less than 100% from at least one child. 

Correctly carrying forward (from child to parent in the calculation) the full range requires a different 

formula and a different algorithm. The algorithm in this paper does provide a stable and consistent 

single number (the lower bound) for each step so that it does not skew due to repeated steps passing 

forward a single number instead of the full range. Even if the full range was passed forward, the lower 

bound would be the same. The algorithm would be more accurate if it could deal with the combinations 

of the ranges and not just the lower bounds. Nevertheless, the algorithm is accurate in its calculation of 

a lower bound for the target person while the use of the average as the single number for a person 

skews lower than the true average as more ranges are combined. 

The Three Child Scenario 
The 3-child scenario adds complexity. The scenario and Venn diagram for three tested children look like 
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The Venn diagram now has 7 pieces, each with a maximum of 12.5% that it can contribute to the total 

coverage of the parent. Instead of one paired combination, the diagram has three paired combinations 

(Children 1 and 2, 1 and 3, 2 and 3). And the center shared area now combines the contributions of all 

three children. 

In this scenario, all three children tested. So, the coverage of the parent is the sum of all seven parts, 

each of which contributes its full 12.5% to the parent’s coverage. 

The One-Child Plus Two-Grandchildren Scenario (Range) 
This scenario provides a full contribution (12.5%) in the shared center area and for two of the paired 

combinations since one child did test. So, these pieces of the Venn diagram provide a single number 

(12.5%). But one of the three paired combinations has only reconstructed DNA for the children. 
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The Venn diagram shows the upper (75%) and lower bound (68.75%) calculations above the overlapping 

circles. The intersection of Child 2 (red) and Child 3 (blue) results in a range and not a single number in 

the same way that we have seen in the 2-child scenarios. 

The average of the upper and lower bounds is 71.875%, which is the value calculated by Paul 

Woodbury’s formula. 

The Three-Grandchildren Scenario: All children < 100% (Range) 
This scenario has no full contribution (12.5%) in the shared areas. So, all of the shared areas result in 

ranges. 

 

The Venn diagram shows the upper (68.75%) and lower bound (43.75%) calculations above the 

overlapping circles. The inclusion of more and more ranges results in a wide total coverage range. The 

upper bound exceeds the lower bound by 25%. 

The average of the upper and lower bounds is 56.25%. Paul Woodbury’s formula calculates total 

coverage of the target person as 57.8125%. As with the multi-step range cases of the 2-child scenarios, 

the formula is close to the average but not quite the same. In this case, the formula results in a value 

greater than the actual average. 

Note that the calculation of the contribution of the center shaded area runs into the upper limit of 

12.5% for any one piece of the Venn diagram. Adding the two 6.25% partial coverage values together for 

2 children worked because in the 2-child case the center shaded area contributes up to 25% so that the 

12.5% sum did not exceed the maximum. But in this scenario, adding the three children together gives 
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18.75% which is greater than the 12.5% this piece of the Venn diagram can contribute to the total 

coverage of the target person. Once Child 1 and Child 2 have covered the full 12.5% for the piece, the 

value for Child 3 does not alter the result. The three children can combine to supply at most 12.5% in the 

center shared piece, and they have done so in the upper bound case. 

Since the algorithm calculates the lower bound (by using the maximum function), it returns 6.25% for 

each combination piece and thus a total coverage of 43.75% for the target person. 

Complex Three-Grandchildren Scenario: All children < 100% (Range) 
This scenario represents an input configuration that may well appear in a family. The scenario results in 

multiple range results to combine as they pass up from the test takers to the target person. 

 

 

The average of the upper (59.375%) and lower (37.5%) bounds is 48.4375%. Paul Woodbury’s formula 

calculates to 48.7305%. 

The algorithm calculates Child 2 as 37.5%. For the final calculation for the target person’s coverage, the 

algorithm sees Child 1 (50%), Child 2 (37.5%) and Child 3 (25%). It then returns the result 37.5% for the 

target person since all four combination pieces have a maximum weight of 50% (from Child 1). 
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Implications 
The reality is calculations of the coverage of a person who has no children who have tested result in a 

range and not a single number. 

The algorithm addresses this by always returning the lower bound of the range which does accurately 

pass forward from one generation to the next. 

Paul Woodbury’s formula addresses this by returning the average. This is accurate for cases in which at 

least one child has tested but diverges from the average of the range when the testers are more distant 

than children of the target person. Nevertheless, it is close to the average even in cases where multiple 

ranges of coverage combine. 

Perhaps the ideal algorithm would generate the accurate upper and lower bounds of the ranges and 

their average in the final range so that all three numbers could be returned. For now, the algorithm 

returns only the lower bound. 

 

 

 
i The key word here is “theoretical”. The coverage is an estimate, based on the assumption that roughly 50% of a 

person’s DNA comes from each parent. When none of the children of the target person (the person whose 

coverage is being calculated) have DNA-tested, the coverage estimate is not a single percentage but a range of 

possible  percentages. This is due to the grandchildren and more distant descendants inheriting only part of the 

target person’s DNA. In a theoretical model, we cannot know the exact percent and thus must either show it as a 

range or choose either the upper bound, the lower bound or the average of the two to represent a range as a 

single number (very much as ethnicity results shown as single percentages really represent a range). 

There are further complications, such as noted in the work of Briton Nicholson  creating relationship 

predictors that “take into account differences between maternal and paternal relationships”. (See his 27 Jun 2018 

“How Much of an Ancestor’s DNA Do You Have?” https://beanmclellan.medium.com/how-much-of-an-ancestors-

dna-do-you-have-b6959178471f “It happens that recombination from mothers to children is greater than that 

from fathers, resulting in more variability in lines that are majority male and less variability in lines that are 

majority female.”) 

Also, as cited in Appendix 4, Kevin Borland in 2019 explained why actual reconstruction of a DNA kit of an 

ancestor will not result in as much DNA as the theoretical coverage calculations. 

So, while coverage calculation is not at all an exact science and can provide only theoretical estimates, 

nevertheless within the assumptions used for the theoretical model, it can be precisely calculated. Actual specific 

cases most likely will not match any single number prediction but will probably fall within the range from the lower 

bound to the upper bound. 

The algorithm uses the lower bound of the range. It is accurately calculated in all scenarios and closer to what 

Kevin Borland indicates is likely to be possible in actual reconstruction of a fabricated DNA kit of an ancestor. 

Paul Woodbury’s formula calculates the average. Although the formula is difficult to scale and generalize and 

although it does not calculate the actual average once ranges and not single values of coverage are the reality, it 

does calculate the average in single-valued cases accurately and comes very close to the average in cases where 

ranges and not single values are required. 

ii As coined by Paul Woodbury, coverage means the percentage of an ancestor’s DNA that theoretically could be 

reconstructed from the test results of his or her descendants. I use it here in the sense of the percentage of the 

matches of an untested ancestor who his or her combined descendants’ tests would match. Just as in the case of 

ranges of DNA coverage where an actual case will probably not match the theoretical upper or lower bound nor 

the average of the two, there are cases – such as excess IBD pileup regions among other reasons – where a kit may 
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actually have far more or fewer matches than the theoretical model predicts. But in the aggregate, the model is 

usable as a predictor of matches just as in the aggregate it is accurate as a predictor of theoretical DNA 

reconstruction. 

iii Paul Woodbury, Briton Nicholson and Amy Williams all began independently working on this about the same 

time in 2016-2018. Briton Nicholson and Amy Williams have online tools and papers well worth reading. But it was 

Paul Woodbury who coined the term “coverage” and gave several presentations with a very good visual image of 

what coverage means. He first published on coverage in February 2017 as part of the blog: 

https://www.legacytree.com/blog/dna-testing-older-relatives-now  

iv Kevin Borland whose Borland Genetics software reconstructs a fabricated DNA kit from those of descendants 

cautioned in 2019 posts on the Borland Genetics Facebook page that the actual reconstruction – especially in cases 

with unphased test results – will most likely reconstruct less than a theoretical estimate. So, the lower bound also 

has the effect of being more realistic about what can actually be reconstructed. (See 

https://www.facebook.com/groups/borlandgenetics/posts/404094730131696 ) 

v Note that Paul Woodbury’s formula operates with a paradigm applied to the Venn diagram that differs from the 

paradigm used here. Here, the paradigm is that the three separate pieces of the Venn diagram are calculated and 

then added together. This enables the generalization and scaling of the simple algorithm. Paul Woodbury’s formula 

operates from a different paradigm in which the combined areas (the areas in which DNA is shared among the 

children) are subtracted from or added to the sum of the DNA available from all of the children. 

The two paradigms work the same. The only difference is in which number to choose within the range of 

possibilities. The algorithm uses the largest (maximum) DNA percentage available from one of the children. In the 

scenario being examined here, this results in the minimum total coverage (37,5%) within the range so that it is 

effectively a lower  bound. As noted in the text, the most frequent combination within the range (the average of 

the two ends) is what Paul Woodbury’s formula uses. 
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Are X-DNA matches usually more distant than autosomal matches? 

By Brit Nicholson


Abstract 

Our intuition might lead us to believe that an X-DNA match of a given number of 
centiMorgans would be from a more distant ancestor than an autosomal match 
of the same size. After all, the X Chromosome is recombined less and passed 
fully intact more often than the autosomes. This study shows that it would be 
reasonable to apply this logic to one particular chromosome, but not when 
comparing the X Chromosome to all autosomes combined.


Introduction 

The X Chromosome has different properties than the autosomal chromosomes, 
which are named named Chromosomes 1-22. As of September of 2021, 
averages and ranges of shared X Chromosome DNA (X-DNA) have been 
available online here: https://dna-sci.com/2021/09/07/shared-x-dna-between-
relatives/.


One will notice that, unlike with autosomal DNA (atDNA), average shared X-DNA 
is different depending on the sexes of intermediate ancestors even for a given 
relationship type. For example, of the four different types of 1st cousins, there 
are three different sets of averages and ranges of X-DNA. The reason that X-
DNA has different averages within the same relationship type is that it has 
different rules for recombination than atDNA.


X-DNA, which is not passed from fathers to sons and is passed wholly intact 
from fathers to daughters, has only half of the opportunities for recombination 
compared to atDNA. This effect of fewer opportunities for recombination might 
lead some to believe that X-DNA shared between relatives usually comes from a 
more distant ancestor than atDNA.


This hypothesis seems to have never been tested. It is important to understand 
the limits of what that hypothesis proposes. The X Chromosome is much smaller 
than all atDNA combined. And only Chromosomes 1-6 are larger than the X 
Chromosome.1


If someone asked you whether a cousin with whom you share DNA only on the X 
Chromosome was from a more distant ancestor than one with whom you share 
the same amount on Chromosome 7, you would likely say “yes,” and with good 
reason. Based on parent/child matches compared in the chromosome browser 
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at 23andMe, Chromosome 7 and the X Chromosome are of similar size1, but we 
know that the X Chromosome experiences fewer recombination events than the 
autosomes.


While this line of reasoning is intuitive, it must have a limit. What if we asked the 
same question about Chromosome 6? What if we asked it about Chromosome 
1? What if we compared the X Chromosome against all atDNA combined? What 
if the amount of atDNA in the human genome was so large that X-DNA could not 
possibly “outlast” it over the course of many generations? Previously, there has 
been no attempt to evaluate those questions.


The X Chromosome has different recombination rules than the autosomes. 
Females typically have two copies of the X Chromosome while males usually 
only have one copy. Interesting results of this are that calico cats are always 
female and that women are less likely to be color blind than men. In genetic 
genealogy, we must keep in mind that X Chromosomes only recombine when 
passed from mothers to their children. Fathers transmit no X Chromosome to 
their sons and, since they only have one X Chromosome, will pass it un-
recombined to their daughters.


Since X-DNA cannot be passed from a father to a son, a male will have fewer 
potential X-DNA ancestors than a female. With further generations back the 
number of a woman’s potential X-DNA ancestors in a given generation 
approaches the inverse of the golden ratio, or ~0.618. A male has half as many 
potential X-DNA ancestors in a given generation.


As discussed above, that X Chromosome DNA (X-DNA) has fewer opportunities 
for recombination than autosomal DNA (atDNA) may lead us to believe that a X-
DNA match will typically come from a more distant common ancestor than an 
atDNA match. But this question is meaningless unless we rephrase it to be more 
specific. A meaningful question would compare matches of the same 
centiMorgan (cM) size. I will call this Question 1: Will a match who shares a given 
amount of X-DNA usually share a more distant common ancestor than an atDNA 
match of the same amount?


We would need a tool that calculates probabilities in order to answer Question 1. 
But a similar question will give us the same results. Question 2: Are we likely to 
share more X-DNA with distant cousins than atDNA? Question 2 is easier to 
evaluate but harder to understand. How are Question 1 and Question 2 related? 

If we are likely to share more X-DNA with distant cousins than atDNA, then the 
answer to Question 1 is yes: an X-DNA match would typically be more distant 
for a given cM amount. If we are likely to share more atDNA with distant cousins 
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than X-DNA, then the answer to Question 1 is no: an atDNA match would 
typically be more distant for a given cM amount.


The answers to Questions 1 and 2 must be the same. To help visualize why that 
is true, consider Table 1 below.




Table 1. Hypothetical average shared X-DNA vs. atDNA for distant cousins. Chr., chromosome; cMs, 
centiMorgans; 15C, 15th cousin, etc. The only purpose of this table is to show that, if X-DNA typically 
comes from a more distant shared ancestor for a given cM value, then the amount of X-DNA for a given 
distant relationship type will also be greater, on average, than the amount of shared atDNA for that 
relationship type.


The numbers in Table 1 are completely made up. The only purpose of this table 
is to show that Questions 1 and 2 must have the same answer. In Table 1 we 
imagine that a 15th cousin will share the same number of cMs of X-DNA, on 
average, as the number of cMs of atDNA that a 14th cousin will share, on 
average. We imagine that this trend continues to slightly less distant cousins 
until we get to 11th cousins sharing atDNA and possibly even more recent.


If the values in Table 1 were true averages, then it would show that X-DNA is 
typically more distant than atDNA for a given cM amount. So the answer to 
Question 1 would be yes. It would also show that we are likely to share more X-
DNA than atDNA for a given distant relationship. So the answer to Question 2 
would also be yes. Table 1 shows the trends that we would see if the answers to 
both questions were yes. If the column labels in Table 1 were reversed, then the 
answer to both questions would be no.
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Before we get started, we already know the answer to Question 1 in cases of 
close relatives. An X-DNA match who shares a full copy of the X Chromosome 
will share about 182 cMs of X-DNA with you. More often than not, relatives who 
share a full copy of the X Chromosome are very close family members, such as 
a sibling, parent/child, or grandparent/grandchild. On the other hand, according 
to Orogen relationship predictions2 an atDNA match of 182 cMs is more likely to 
be a 2nd cousin once removed. If X-DNA really is typically more distant than 
atDNA for a given cM value, that is certainly not the case for close relatives and 
at some degree of cousinship X-DNA will overtake atDNA as the source of more 
shared cMs.


This study will use a published simulation tool called Ped-sim3,4,5

to generate a dataset of distant cousins, who may or may not share atDNA or X-
DNA. Because very distant cousins rarely share DNA, the dataset for this study 
must be very large.

It would not be possible to do this analysis with empirical data. Any empirical 
dataset would be orders of magnitude smaller than the dataset that will be 
available from simulations. Additionally, empirical data are very messy in genetic 
genealogy. The nature of this study requires a clean dataset without endogamy 
or double relationships. The question of whether or not X-DNA is typically from a 
more distant common ancestor cannot be answered if there are multiple 
relationships, especially if some of them are unknown, because we would not 
know which ancestor(s) the atDNA and X-DNA came from.


Ped-sim runs based on the genetic map of Bhérer et al. (2017)5. While this is a 
refined map comprised of over 800,000 atDNA single nucleotide polymorphisms 
(SNPs) and over 18,000 X-DNA SNPs, the genetic map is not comprehensive5. 
For example, this map does not include information about the small pseudo-
autosomal regions that exist between the X and Y Chromosomes in human 
DNA. The accuracy of the results from Ped-sim will be limited by the data that 
are included in the genetic map of Bhérer et al. As the human genome is studied 
further, we may want to revisit studies such as this one. However, the important 
factors that will drive these results are the number of recombinations per 
chromosome and the size of each chromosome. These factors have not 
changed substantially as our knowledge of the human genetic map has 
improved.


For the same reason that empirical data would fall far short as the primary 
dataset for this study, empirical data would also be of no use to supplement or 
validate this study. A small dataset of empirical data used to conduct such a 
study would surely show different results than the large dataset of data from 
Ped-sim, but it would be the empirical data that were incomplete and less 
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accurate. Because Ped-sim has been validated with empirical data3, no further 
validation will need to be done here.


In addition to introducing Ped-sim as a new tool, Caballero et al. (2019)3 
performed an analysis on close relatives, including showing the importance of 
crossover interference and sex-specific genetic maps. Sex-specific genetic 
maps are important up to sixth cousins (6C) and less important for more distant 
cousins3. Caballero et al. stressed the importance of close relative research in 
genetic genealogy. However, the tool is built to simulate any distant 
relationships, so long as the constraints of the computer are not exceeded.


Being an advanced peer-reviewed model that uses the refined genetic map of 
Bhérer et al., Ped-sim is the ideal choice for a comparison of atDNA to X-DNA 
for distant relatives.


Methodology 

This study will compare the shared atDNA and X-DNA between distant cousin 
pairs from 6th cousins (6C) to 15th cousins (15C). For simplicity, only cases in 
which both DNA testers are female or both are male will be analyzed. Using 
Ped-sim, I will simulate 500,000 pairs for each degree of cousin. Half cousins 
and cousins from different generations than each other (removed) will not be 
considered in this analysis.


Ped-sim will generate an output file that contains any matching segments 
between the 500,000 cousin pairs for a particular degree. Matching segments 
will be measured in cMs. All cM values in this study will be reported based on 
the genetic map of 23andMe. Output files will contain some small segments that 
are not above the matching thresholds of 23andMe. Although all of the output 
segments from Ped-sim are identical-by-descent (IBD), segments below the 
thresholds will be removed in order to provide a more accurate comparison to 
DNA matching databases.


For each segment in the output files, an approximate conversion will be made 
from the Bhérer et al. genetic map5 to the 23andMe genetic map1. This 
conversion will be based on the proportionate differences in total autosomal 
cMs for reported atDNA segments and the proportionate differences in total X 
Chromosome cMs for X-DNA segments.


The low-cM thresholds at 23andMe are as follows: 7 cMs for the first autosomal 
segment and 5 cMs for any additional autosomal segments for the same match; 
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6 cMs for X-DNA segments when one or more testers is female, and 1 cM for X-
DNA segments when both testers are male6.


Then I will test Question 2, the easier to test of the two questions in the 
Introduction. After that, I will build the tool that can answer Question 1, which 
means that anyone else will be able to answer Question 1 from then on.


Question 2: Do distant cousins share more X-DNA or more atDNA?


After applying the autosomal and X-DNA cutoff values used at 23andMe, I will 
sum the cMs from all remaining segments between any cousin pairs who share 
DNA.


I will then compare the total amount of atDNA to the total X-DNA for each 
degree of cousins. If X-DNA turns out to not be typically more distant than 
atDNA, I will investigate whether or not X-DNA is typically from a more distant 
common ancestor than any autosomes. If X-DNA turns out to be typically more 
distant than Chromosome 1 DNA, then that would likely be true when compared 
to other autosomes.


Question 1: Is the most probable shared ancestor or ancestor pair for a given 
amount of shared X-DNA farther back than an atDNA match who shares the 
same amount?


Specifically to answer this question, I will build a relationship prediction tool that 
only considers X-DNA shared between two matches. Autosomal-only 
relationship predictors already exist7. Neither of the two relationship predictors 
in this study will employ population weights, although those typically make 
relationship predictions more accurate. Since the purpose of this study is only to 
compare the two relationship predictors by using the same methodology, the 
methodology should be kept as simple as possible.


For the X-DNA-only predictor, there will be no requirement that two DNA testers 
share no atDNA. Instead, any shared atDNA will be ignored and the predictor will 
be built based on the amount of shared X-DNA, if any.


Results 

Question 2: Do distant cousins share more X-DNA or more atDNA? 

Distant cousin pairs rarely share DNA. Fewer than 0.3% of 8th cousin pairs 
shared any IBD segment above the matching thresholds at 23andMe. No 15th 
cousins shared DNA and only four 14th cousin pairs shared DNA above the 
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matching thresholds at 23andMe. Table 2 shows that the ratio of atDNA to X-
DNA decreases with genetic distance, as expected. While 500,000 trials per 
relationship type is not enough to always show a monotonically decreasing 
relationship, that correlation is still clear. Thus, atDNA on the whole is typically 
more distant than X-DNA. This is even true in cases with two female DNA 
testers, as shown in Table 2.




Table 2. X-DNA vs. atDNA for distant female cousins summed across a population. A comparison of total 
X-DNA vs. total atDNA amounts for 500,000 female cousin pairs of each degree is shown. All reported 
values are for cM sums after applying 23andMe low cM cutoff values with one exception: The number of 
matching cousin pairs in parentheses indicates the number of matching cousins before applying the low 
cM thresholds. Chr., chromosome; cMs, centiMorgans; 6C, 6th cousin, etc. *Statistics are added for one 
mother/child pair to show the trend of atDNA / X-DNA with varying degree of relationship.


This study treats atDNA and X-DNA separately. While some cousin pairs might 
have shared both atDNA and X-DNA, the counts in table columns only include 
the respective amounts for either. The trend of decreasing atDNA to X-DNA 
could eventually result in more X-DNA than atDNA at a certain distance. 
However, the tendency to share no DNA whatsoever appears to come before the 
point that X-DNA can become more prevalent. There was no degree of cousins 
for which 500,000 simulated DNA testers shared more X-DNA than atDNA in this 
study.


If two female testers can be expected to share more atDNA than X-DNA, it may 
be possible that they will not typically share more X-DNA than DNA from 
Chromosome 1. We know that X-DNA would usually outlast the DNA from 
Chromosome 7, which has a similar size, because X-DNA has fewer 
opportunities for recombination. The interesting question is if any of the 
autosomes can outlast X-DNA on their own. If there is an autosome that can do 
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so, it would be the largest one. Table 3 provides a comparison of Chromosome 1 
to X-DNA.




Table 3. X-DNA vs. Chromosome 1 DNA for distant female cousins summed across a population. A 
comparison of total X-DNA vs. total Chromosome 1 amounts for 500,000 female cousin pairs of each 
degree is shown. All reported values are for cM sums after applying 23andMe low cM cutoff values with 
one exception: The number of matching cousin pairs in parentheses indicates the number of matching 
cousins before applying the low cM thresholds. Chr., chromosome; cMs, centiMorgans; 6C, 6th cousin, 
etc. *Statistics are added for one mother and daughter pair to show the trend of Chr. 1 DNA / X-DNA 
with varying degree of relationship.


For all relationships in Table 3 except 13th cousins, more X-DNA was shared 
than Chromosome 1 DNA between two female DNA testers. Like with combined 
atDNA in Table 3, 500,000 trials is not enough for the ratio of Chromosome 1 
DNA to X-DNA to always be monotonically decreasing with increasing 
generational distance. But again there is a clear correlation. These results show 
that X-DNA is usually passed down in greater quantities than DNA from 
Chromosome 1 for two females who are 6th cousins or more distant. This 
means that X-DNA will usually outlast any one autosomal chromosome for two 
female relatives who share DNA.
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This effect might be diminished if using empirical data. Since Chromosome 1 
contains a known pile-up region (region with excess IBD sharing)8, DNA 
matches from the same founding populations might share more Chromosome 1 
DNA, on average, than X-DNA. But the important point is that X-DNA has the 
potential to outlast individual autosomes, while not outlasting atDNA as a whole.


If two female DNA testers can be expected to share more atDNA than X-DNA, 
then that will also be true for two male DNA testers, who have half of the X-DNA 
and half of the potential X-DNA ancestors. Table 4 shows that, for every 
relationship type tested and where some DNA was shared, the population of 
male cousins shared more atDNA than X-DNA.


Table 4. X-DNA vs. atDNA for distant male cousins summed across a population. A comparison of total 
X-DNA vs. total atDNA amounts for 500,000 male cousin pairs of each degree is shown. All reported 
values are for cM sums after applying 23andMe low cM cutoff values with one exception: The number of 
matching cousin pairs in parentheses indicates the number of matching cousins before applying the low 
cM thresholds. Chr., chromosome; cMs, centiMorgans; 6C, 6th cousin, etc.*Statistics are added for pair 
of maternal half-brothers to show the trend of atDNA / X-DNA with varying degree of relationship.


This raises another question. If two DNA testers are males, will matches on the X 
Chromosome typically be more distant than matches on Chromosome 1, as was 
true for two female testers?


Table 5 shows what may be inconclusive results. There are only two degrees of 
cousinship for which the population shared more X-DNA than Chromosome 1 
DNA: 11th and 12th cousins. The trend of Chromosome 1 DNA divided by X-
DNA appears to decrease to unity and below with increasing genetic distance, 
however for 13th cousins the total for Chromosome 1 DNA is higher than the X-
DNA total. This may be because of one or more anomalous data points 

Copyright 2022.  This work is licensed under a CC BY-NC-SA 4.0 license.Journal Issue Page 118 of 131



anywhere in the range 11th to 13th cousins, but we will not know for exactly 
which degree.





Table 5. X-DNA vs. Chromosome 1 DNA for distant female cousins summed across a population. A 
comparison of total X-DNA vs. total Chromosome 1 amounts for 500,000 female cousin pairs of each 
degree is shown. All reported values are for cM sums after applying 23andMe low cM cutoff values with 
one exception: The number of matching cousin pairs in parentheses indicates the number of matching 
cousins before applying the low cM thresholds. Chr., chromosome; cMs, centiMorgans; 6C, 6th cousin, 
etc. *Statistics are added for a pair of maternal half-brothers to show the trend of Chr. 1 DNA / X-DNA 
with varying degree of relationship.


If the anomalies are in the data for 11th and 12th cousins, then it may be that 
Chromosome 1 DNA outlasts X-DNA for two distant male cousins, in contrast to 
that for two female cousins. It seems more likely, though, that the anomaly is for 
13th cousins because the ratio of Chromosome 1 DNA to X-DNA is higher for 
13th cousins than even that of 6th cousins. In that case, the table would appear 
to show that X-DNA does outlast Chromosome 1 DNA for two distant male 
cousins as it did for two female cousins. But the only way to get a clearer picture 
would be to simulate more than 500,000 cousin pairs for each relationship type. 
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One idea to keep in mind is that X-DNA has an advantage over atDNA for two 
male testers at 23andMe because the low-cM cutoff in that case is only 1 cM. If 
the cutoffs were equal, it is very likely that Chromosome 1 could show a clear 
tendency to outlast X-DNA for two male cousins, in contrast to that for two 
female cousins. 


Total atDNA was higher than X-DNA whether DNA testers were male or female. 
For two female testers, X-DNA was more prevalent than Chromosome 1 DNA for 
all degrees of relationship from 6th cousins to 15th cousins. While this would not 
be the case for a mother/child match, the transition would occur somewhere 
between close family members and 6th cousins. The results of X-DNA versus 
Chromosome 1 DNA for two male testers were inconclusive, but probably show 
that Chromosome 1 DNA outlasts X-DNA given the advantage that X-DNA has 
from the lower cutoff value at 23andMe.


Question 1: Is the most probable shared ancestor or ancestor pair for a given 
amount of shared X-DNA farther back than an atDNA match who shares the 
same amount? 

A new tool (located here: https://dna-sci.com/tools/orogen-x-unw/) calculates 
probabilities for relationships based on only the X-DNA that two matches share, 
including close family to 8th cousins once removed. A relationship predictor 
(located here: https://dna-sci.com/tools/orogen-unw/) that is traditional but 
without population weights allows for atDNA-only predictions based on cM 
inputs. Using an X-DNA predictor without population weights and an atDNA 
predictor that also excludes population weights allows for an unbiased 
comparison.


The methodology for the two relationship predictors is described in Nicholson 
(2022)7. This article provided validation with empirical data. Additional, anyone 
can enter theoretical averages or reasonable cM values for a given relationship 
into either predictor in order to verify that that relationship is given a high 
probability.


One does not need to have access to empirical data to enter data into these 
predictors; the result will be the same whether a person enters 100 cMs as a 
randomly chosen value or whether they enter it because they have a DNA match 
with that value. The important test is whether or not any integer cM value 
entered into both predictors will show more distant common ancestors for the 
X-DNA predictor. The results show that entering any cM input into these tools 
ranging from 8 cMs to over 364 cMs, the latter of which is the highest possible 
value for full-sisters at 23andMe, an X-DNA match of a given cM value is likely 
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more recent than an atDNA match of the same cM value. This defies our 
intuition that X-DNA matches share a farther-back ancestor.


Discussion 

Whether comparing atDNA and X-DNA matches for a given cM value or whether 
analyzing the amounts of both types of DNA that would be found in a population 
of matches at a given degree of cousinship, the results are clear. The evidence is 
to the contrary of the idea that large segments of X-DNA will be shared between 
distant relatives as compared to atDNA.


From close family members to 15th cousins, DNA matches can expect to share 
more atDNA than X-DNA. A 15th cousin is a very distant relative, sharing 
ancestors far outside of the timeframe in which we could reasonably identify a 
genealogical connection with a DNA match. If X-DNA cannot overtake atDNA 
before that distant of a relationship, at which point it is extremely unlikely for 
cousins to share any DNA, then it would be of no use to say that X-DNA is 
usually farther back than atDNA. If 20th cousins are likely to share more X-DNA 
than atDNA, we will likely not ever be able to prove it. Genetic genealogists need 
information that can actually help them with their X-DNA matches rather than 
theories that would be true if DNA could be shared over more distant 
relationships.


There is one more conclusion that we can draw from these results. Since the 
vast majority of distant cousin matches only share one segment of DNA, the 
results also apply to single segments for distant cousin matches. That is, a 
segment of shared X-DNA between distant cousin matches is likely to come 
from a more recent ancestor or ancestor pair than a single segment of atDNA.


Our intuition told us that X-DNA should typically be more distant than atDNA 
from a particular chromosome. But it failed us when it told us that that should 
apply to atDNA on the whole. It is true that X-DNA is typically more distant than 
DNA from an autosome of a similar size because of fewer opportunities for the X 
Chromosome to recombine. But we could not expect that property to carry on 
indefinitely. Ped-sim, along with the refined genetic map of Bhérer et al., suggest 
that our intuition will have to be revised. According to the findings of this study, 
an X-DNA match of a given number of cMs will usually come from a more recent 
common ancestor than an atDNA match of the same number of cMs.
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BOOK REVIEW:  DNA FOR NATIVE AMERICAN GENEALOGY, BY 
ROBERTA ESTES 

 
Review by J. David Vance 

 

 
Amazon Link 

 
Perhaps it’s not that surprising that since genetic genealogy was made possible by new advances in genetic 
testing, that therefore many books and guides about genetic genealogy have focused on explaining the 
underlying science and biology that makes deep genetic testing of our DNA useful for genealogy.  For me though 
a book needs to focus mostly on solving genealogical questions to keep my interest; deep dives into genetics 
tend to put me to sleep.  If that’s the case for you as well and you have an interest in indigenous American 
ancestry then DNA for Native American Genealogy is exactly what you need.   
 
Don’t get me wrong, the science is still there; but those familiar with Roberta Estes’ blog (www.dna-
explained.com) will find the same well-written, well-organized and easy to follow walks through complex 
subjects in just enough detail to clarify them for new readers without getting lost in the science.  Readers already 
familiar with the genetic underpinnings of DNA testing for genealogy will appreciate her focus on the 
applications of DNA test results to solving the genealogical challenges of indigenous Americans, while those new 
to DNA testing will get just enough of an introduction to understand how the DNA test results are useful.   The 
author is also thorough in her treatment of the different types of DNA testing (autosomal, Y, and mitochondrial 
DNA testing), the results you get from each type of test and the companies which provide them.   But that’s all 
just the starter course; the main course here is about using it all to explore your indigenous American ancestry.   
 
Those new to genetic genealogy often hope that DNA testing will “reveal their tribe”, and the author does a 
good job of dispelling this myth while explaining what DNA really can tell you about your indigenous American 
ancestry and providing practical suggestions covering the various scenarios that you might encounter; these are 
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sprinkled throughout the book and also consolidated into a useful roadmap as an appendix which even includes 
the use of tools like DNAPainter and Genetic Affairs.  The use of GEDmatch is not explicitly covered but readers 
who follow the roadmap would naturally come across this and other extensions on their own.  The cross-
references of major tribes to major Y-DNA and mtDNA haplogroups are invaluable (DNA cannot prove a 
connection to a specific tribe, but the varying frequencies of individual haplogroups occurring among different 
tribes may offer clues).    
 
While a few reference sections are specific to North American indigenous ancestry (requirements for joining 
tribes, as an example) the majority of the book is applicable to those exploring either North, Central, or South 
American indigenous ancestry.  What you can learn about the specific people in your ancestry of course depends 
on available records which will vary significantly across locations and time periods, but the recommended step-
by-step approaches for exploring these ancestries with DNA are still broadly the same. 
 
Personally I have no indigenous American ancestry that I’m aware of (or that DNA has revealed) and I still found 
this book useful to challenge my usual approaches to my own ancestry research.  While obviously the resources 
and details in the book are specific to indigenous American genealogy research, I found parallels with 
researching other backgrounds.  There is obviously no single best roadmap for researching different ethnicities, 
but in a field dominated by advice mostly about researching Western European genetic ancestry a book devoted 
to a wholly different genetic ancestry is a welcome example of how and where our genetic genealogy methods 
may need to adapt to different scenarios.   
 
My daughter however is adopted from Central America and comes up as 44-45% indigenous American (Mayan, 
for that region) on both Ancestry.com and 23andMe’s ethnicity reports.  Her mtDNA haplogroup and known 
heritage are consistent with the cross-references in the book and she and I have taken some but not all of the 
recommended steps; so we now have a roadmap for further exploration.   
 
So whether you have a family story of an “Indian princess” ancestor or already know your ancestry back to one 
or more specific tribes, DNA for Native American Genealogy is a valuable resource for organizing and exploring 
the DNA clues to your ancestry!  
 
Note:  A copy of Roberta’s book was provided to the Journal of Genetic Genealogy for this review.  
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WORD TO THE Ys:  THE TREZISE FAMILY AND ITS ORIGINS IN 
CORNWALL 

By David Trezise 

Abstract 
The Trezise DNA Project started in 2008 with sixteen (16) subjects who underwent cheek swabbing as well as a 
family tree analysis. All persons had surname spellings Trezise, Tresise, Tresize, Trezies and had family trees with 
data springing from the 1600s that had been compiled using Parish records, wills, the census and latterly 
certificates.  

A 67-marker Y-STR BATWING test1 indicated they were possibly all related so basic Y-SNP testing of the Y 
chromosome was undertaken. All samples were part of the R1b-Z16943 branch of the world-wide Y DNA 
haplogroup tree and remarkably it appeared that more than half of the STR profiles could be mapped to an area 
within Cornwall. It was hypothesised that deeper SNP profiles would be an even better way to map back to 
Cornwall. 

The advent of the Big Y-700 from Family Tree DNA in 2019 gave an opportunity to test the hypothesis so twenty 
five (25) subjects with the Trezise surname or one of its variants was chosen for the study. This testing revealed 
that the Trezise family derived from a single male who moved into Cornwall probably from Devon and that SNPs 
can be used to document family lines for males living outside Cornwall. 

History of the Trezise Surname 
The surname Trezise derives from a Cornish byname (TRE meaning place, farm or dwelling – SIES meaning 
English or Englishman2).  
The first documented instance found is a Robert de Treseis living in Roche, Cornwall in 13023. 
Migration since the 1600’s has dispersed the name throughout the United States, Canada, Australia, South 
Africa, and New Zealand. Trezises have also moved to other counties in the United Kingdom including in 
England, Wales and Scotland. 

Introduction 

In 1905 Nettie Stevens, while working at Carnegie 

Institution in Washington, published a paper on the 

mammalian sex chromosomes X and Y4. 

The Y chromosome is the smallest of the human 

chromosomes and is only present in male 

individuals4. It is inherited by male children from 

their father. Male children get a Y chromosome from 

their father and an X chromosome from their 

mother5. 

It is the Y chromosome that has been followed in this 

study. It has a long arm and a short arm (see figure 

1) and has around 57,000000 base pairs with around

40% useful for testing6.
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Figure 1: A diagrammatic representation of the Y 

chromosome. 

Family Tree DNA in Houston, Texas does Y 

chromosome sequencing (Big Y-700 test) and has 

found over 500,000 unique mutations6. The 

GeneticHomeland database has over 1,600,000 SNP 

marker labels on the Y chromosome7 including 

those found by Family Tree. 

 

On the long arm (see figure 1) most of the DNA is 

non-combining so around 95% of the Y chromosome 

is passed from father to son8. Males will share that 

same non-combining region of that chromosome 

with their father, grandfather, great grandfather 

etc. In the case of the “Trezise family” it will be the 

same part of the chromosome as the R-P312 one 

formed approximately 2600 years ago in the Bronze 

Age. However, every now and again the DNA is not 

copied exactly and that leads to a new single 

nucleotide polymorphism (SNP) which is then 

passed down to the next generation of males. It is 

DNA in non-combining regions on the long arm 

where these SNPs are located. These are stable 

mutations and result in new “twigs” in the family 

genetic tree. These changes happen about every 80-

100 years on average9. Each mutation that gets 

passed to the next generation is given a marker 

name6,7. This study traces these stable mutations in 

the Trezise family and enables the construction of a 

phylogenetic tree. 

 

Results 

 
Figure 2: The 9 Cornish regions to which subjects mapped 
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Newlyn East/Perranzabuloe: R-Z16943 > FGC59265 > FGC59277 > FGC59272.  

Manaccan: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270. 

St Erth: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270 > FTA56888. 

Kea: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270 > FTA56888> FTA80680. 

Ludgvan: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270 > FGC59292. 

Penzance/Paul: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270 > FGC59292 > 
A30146. 

Germoe: R-Z16943 > FGC59265 > FGC59277 > FGC59272 > FGC59270 > FGC59292 > A30146 > 
FTB8522.  

St Just in Penwith: R-Z16943 > FGC59277 > FGC59272 > FGC59270 > FGC59292 > FTB23357.  

Carnyorth: R-Z16943 > FGC59277 > FGC59272 > FGC59270 > FGC59292 > FGC59264. 

Table 1: The SNP mutations corresponding to each Cornish region 

 

 

 

 
Figure 3: A summary of the SNP twigs from the Trezise family trees and the nine regions to which they map. 

Red represents a deletion SNP and the others are substitutions. 

 

Discussion 

Subclade R-FGC59277 developed during the Iron 
Age (767 BC to 262 AD10). There are a number of 
Devon families11 with this mutation and that may 
indicate that a male with this subclade moved across 

the county border into Cornwall and perhaps settled 
in Roche. The earliest documented instance of the 
Trezise family found is a Robert de Treseis living in 
Roche, Cornwall 13022. There were two tinners 
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named John Treseys living at Roche in the Great 
subsidy of 152412 and in the 14th century Richard, 
lord of Tremodret, had gifted one acre of land in 
Roche to Martin de Treseis13. There is an area in 
Roche called Tresayes14 along with some street 
names so the surname Tresise probably derives 
from this area2. 
 
At some stage (around 948 BC to 36 AD10) there had 
been a new mutation and all subsequent males in 
the Trezise family living in Cornwall carry the 
FGC59272 marker. Those in Devon do not have this 
marker11.  
 
The Trezise family no longer lives in the Roche 
region so cannot be tested but we have evidence of 
them living there for many centuries12,13. After 
Roche the trail leads to Newlyn East and later 
Perranzabuloe. (Newlyn East is around 11 miles (16 
km) from Roche).  
 
Using MacDonald’s method10 for dating terminal 
SNPs those for this Newlyn family have the earliest 
uniquely “Trezise” markers found and certainly the 
spelling of the surname as Tresies is the same as that 
in Roche as well. The inference is that this Newlyn 
East family was started from a branch of the Treseis 
family from Roche, Cornwall first documented in the 
14th century2,3. 
 
One (or more) males from that Newlyn 
East/Perranzabuloe family must have moved to St 
Martin/Manaccan/St Keverne for that is where we 
find the next twig, R-FGC59270. It formed about 
1420 AD (The 95% confidence interval dates it 
between 1395 and 1455)10. The earliest known 
mention of a paper record for Trezise in St Martin 
parish (1447 AD15) matches the DNA data nicely. 
There is an area in St Martin-in-Menage called 
Trezise2.  
 

In the 1641 Protestation Returns Manaccan and 
surrounds are well represented with around 13 
male Trezises documented16. 
 
All of the subsequent twigs in the Trezise family tree 

derive from the St Martin-in-Meneage branch (R-

FGC59270). They were certainly prolific.  

 

The R-FTA56888 marker at St Erth came first (see 

figure 3). Anthony Tresise married Alce Jenkin 8 Jan 

1631 at St Erth17 and started a large dynasty. Results 

of this study and family trees show his descendants 

are stretched far and wide across the Globe 

including the USA, New Zealand, South Africa and 

Australia. 

 

The R-FTA80680 SNP came next (see figure 3).  

Nicholas Trezise went to Kea, Cornwall probably 

from St Erth and married Catren Burly in April 1664 

at Kea18. He started an even bigger dynasty. Results 

of this study show his successors are found 

extensively in the USA and in Australia. Trezises 

from Kenwyn, Cornwall are also on this twig. 

 

R-A30146 is an interesting marker (see figure 3). It is 

a deletion at position 22738764 on the Y 

chromosome. A guanine thymine pair has been 

replaced by a single guanine. It makes it very easy to 

recognise males in this branch and there were seven 

(7) of these studied out of the twenty five (25). 

Results show families with this marker were 

concentrated around Penzance (Madron, Paul, and 

Gulval). One family with this A30146 marker has 

kept the surname spelling Trezies and has 

established a large group of families in London19. 

One twig from the A30146 line is the FTB8522 

mutation (see figure 3).  It has spread widely 

throughout the World especially in Australia when 

miners came out for the Victorian goldrush and 

settled as farmers20.  
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Marker FTB23357 is found in Trezises around St Just 

in Penwith as is the FGC59264 marker. The 

FGC59264 SNP is also found in the hamlet of 

Carnyorth just north of St Just in Penwith. Two of the 

FGC59264 subjects in this study descend from 

copper miners who came to Little Cornwall, the 

copper centre in South Australia21. 

 

Conclusion  
Normally a surname might have a number of origins 
but not so Trezise and all its variants. It traces back 
to one man in Cornwall and has spread to many 
regions of the World. The limitation of this study is 
that we are using DNA of males living in this era and 
can only rely on Parish records, the census and wills 
to establish recent history. Some families may fall 
through the cracks as a result.  

 
New tests have become available and we are now 

able to map most of the Y chromosome. It is possible 

to submit a DNA sample for a Big Y-700 analysis to 

pinpoint just where in Cornwall a Trezise family 

originated. Using deep SNP analysis each Trezise 

family plots to one of nine possible regions in 

Cornwall. All Trezise males are related and belong 

with the R-Z16943 branch of the world-wide Y DNA 

haplogroup tree.  
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Supplementary tables 
 

1 Brazil, Cornwall, Queensland - Newlyn East/Perranzabuloe 

2 Ireland, New Zealand, Queensland -Manaccan 

3 Arizona, South Carolina, Zimbabwe - St Erth 

4 District of Columbia, New South Wales, Ontario, Victoria - Kea/Kenwyn 

5 Cornwall, Northhamptonshire - Ludgvan 

6 Australian Capital Territory, Victoria - Germoe  

7 Middlesex, South Africa, Victoria, Wales - Penzance/Sancreed/Paul  

8 Victoria - St Just in Penwith  

9 Queensland, South Australia - Carnyorth  

Table 2: Current residences of the 25 subjects 

 
Table2 shows the current residences of the subjects used in the study and gives an idea of the diaspora from 
Cornwall that has occurred 
 

Devon/Cornwall: R-FGC59277. Mutation at position 8935997 (hg387) on the Y chromosome and is 
a thymine substituting for a cytosine. 

Manaccan: R-FGC59270. Mutation at position 6607304 (hg387) on the Y chromosome and is an 
adenine substituting for a cytosine. 

St Erth: R-FTA56888. Mutation at position 12068949 (hg387) on the Y chromosome and is a 
thymine substituting for a guanine. 

Kea: R-FTA80680. Mutation at position 12211996 (hg387) on the Y chromosome and is a guanine 
substituting for a thymine. 

Ludgvan: R-FGC59292. Mutation at position 19337558 (hg387) on the Y chromosome and is a 
guanine substituting for a thymine. 

Penzance/Paul: R-A30146. Mutation at position 22738764 (hg387) on the Y chromosome and is a 
deletion where a guanine was substituted for a guanine-thymine pair. 
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Germoe: R-FTB8522. Mutation at position 3824470 (hg387) on the Y chromosome and is a 
cytosine substituting for a thymine.  

St Just in Penwith: R-FTB23357. Mutation at position 19305023 (hg387) on the Y 
chromosome and is a thymine substituting for a cytosine. 
Carnyorth: R-FGC59264. Mutation at position 2962567 (hg387) on the Y chromosome and is a 
guanine substituting for an adenosine. 

Table 3: The Y chromosome change for each critical SNP  
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